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Resumen
Antecedentes
La tasa de crecimiento de la población mundial ha aumentado considerablemente en
la última década, y según datos publicados por la Organización de las Naciones Unidas
para la Agricultura y la Alimentación (FAO, del inglés Food and Agriculture Organization
of the United Nations), la población mundial alcanzó aproximadamente los 7,7 millones
de habitantes en el año 2017. En este contexto, el sector agrı́cola se ha enfrentado al
desafı́o constante del aumento de la producción de cultivos, especialmente de alimentos
básicos como la papa, el maı́z, el arroz y el tomate, entre otros. El sector agrı́cola es
también un tema importante para el Ecuador, ya que representa un aporte significativo a
la economı́a del paı́s, y constituye la base de la polı́tica de soberanı́a alimentaria promovida
por la Constitución Ecuatoriana. Sin embargo, la productividad agrı́cola mundial se ha
visto seriamente afectada por el cambio climático en los últimos años, ya que ha generado
condiciones ambientales impredecibles y adversas, tales como aumentos y disminuciones
pronunciadas de la temperatura, altas emisiones de CO2 , alteraciones en las precipitaciones,
sequı́as prolongadas y heladas severas, entre otras. Por estas razones, un buen número de
proyectos de investigación se centran actualmente en el estudio y desarrollo de técnicas de
optimización y análisis para el sector agrı́cola.
Objetivos
La presente Tesis Doctoral propone la monitorización multiparamétrica de invernaderos de
tomate ecuatoriano en tiempo real mediante tres Redes de Sensores Inalámbricos (WSN, del
inglés Wireless Sensor Networks), una de ellas con tecnologı́a ZigBee (topologı́a estrella),
otra red Zigbbe con topologı́a malla (llamada DigiMesh), y otra red con tecnologı́a WiFi
(topologı́a punto de acceso). En este escenario, los objetivos generales propuestos en este
trabajo son los siguientes: (1) analizar el rendimiento de las WSN en términos de la
complejidad de adición de nuevos nodos, ası́ como de la pérdida de datos con respecto
a la ubicación de los nodos y la altura de corte del cultivo; (2) estudiar la dinámica del
consumo energético de los nodos de las WSN, en relación con la infraestructura de telecomunicaciones y de la velocidad de transmisión; y por último (3) estudiar la ritmometrı́a,
la modelización ergódica, y la Información Mutua (MI, del inglés Mutual Information) de
las variables ambientales adquiridas en cada nodo de las WSN de referencia.
Metodologı́a
Para la consecución del Objetivo (1), se diseñaron y desplegaron tres WSN en dos invernaderos de tomate ecuatoriano ubicados en el cantón Salcedo de la provincia de Cotopaxi.
Los criterios de evaluación del desempeño de las WSN de referencia se analizaron desde
dos puntos de vista. En primer lugar, la escalabilidad de la red respecto a la complejidad
de la instalación y configuración de los nodos sensores actuales, los nuevos nodos y los
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nodos coordinadores. En segundo lugar, la comparación cuantitativa del rendimiento de
las infraestructuras de comunicación en relación con la Velocidad de Transferencia Binaria
(BTR, del inglés Bit Transfer Rate) y de la Tasa de Error Binario (BER, del inglés Binary
Error Rate), cuyas variaciones se discutieron en relación a aspectos como el número de
nodos activos e inactivos, el protocolo de comunicación, la topologı́a de la red y la altura
de los nodos en comparación con la fase fenológica del cultivo, para lo cual el tomate se
encontraba en la fase de floración en un invernadero y en la fase de cosecha en el otro
invernadero.
Para alcanzar el Objetivo (2), se adquirieron las mediciones de corriente eléctrica para
cada nodo de las WSN de referencia durante diez ensayos consecutivos en un ambiente
controlado y a diferentes tasas de transmisión. La naturaleza estadı́stica y estacionaria de
estos datos se estudió a través de varios métodos de representación y análisis de procesos
estocásticos, tales como teorı́a de series temporales, Función Densidad de Probabilidad
(PDF, del inglés Probability Density Function), Función de Autocorrelación Simple (SAF,
del inglés Simple Autocorrelation Function), y estimaciones estadı́sticas mediante el uso
de técnicas de remuestreo. Además, se usó la llamada representación en modo-M (método
gráfico bidominio de señales temporales o de sus descriptores estadı́sticos estimados) para
proporcionar una caracterización conjunta de las señales de PDF y SAF resultantes de los
ensayos cruzados.
Finalmente, para cumplir con el Objetivo (3), se aplicaron el análisis ritmométrico
y las pruebas de hipótesis generadas por la técnica de remuestreo bootstrap para extraer automáticamente las componentes estacionales significativas de las series temporales
derivadas de las mediciones ambientales adquiridas en cada nodo sensor de las WSN de
referencia. Los modelos ritmométricos de las señales ambientales se generaron a partir de
la técnica de regresión en el tiempo de Cosinor, y se ajustaron mediante el análisis de los
residuos (diferencia entre las muestras observadas y estimadas), que fueron representados
como distribuciones temporales, diagramas de Bland-Altman e histogramas. Además, se
examinó la dependencia entre las mediciones (ya sea de la misma variable en diferentes
nodos sensores o redes, o de diferentes variables) mediante una descripción estadı́stica
sencilla en términos de diagramas de dispersión, y diagramas de Bland-Altman y se incluyó
un análisis más avanzado con las representaciones de la MI entre variables.
Resultados
Los resultados relevantes del Objetivo (1) demostraron que la escalabilidad de la red
DigiMesh fue más compleja que la de otras dos redes, ya que la adición de un nuevo nodo
sensor requirió modificaciones en la programación tanto de los elementos existentes en la red
como de los nuevos nodos. El BTR de la red Digimesh fue disminuyendo progresivamente
con el aumento de enlaces inactivos, ya que en este escenario, los enlaces redundantes
configurados proporcionaron otra vı́a de acceso al nodo coordinador para garantizar la
transmisión ininterrumpida de los datos, mientras que en las otras dos redes, el BTR fue
casi constante, pero se perdieron los datos que provenı́an de los enlaces inactivos. La
ubicación de los nodos sensores y la altura del cultivo influyeron fuertemente en el BTR
de las redes ZigBee y WiFi, especialmente cuando se perdió la lı́nea de visión con el nodo
coordinador, mientras que por el contrario, el BTR permaneció casi constante en la red
DigiMesh independientemente de la densidad de cultivo.
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Los resultados de la consecución del Objetivo (2) revelaron que los consumos medios de
energı́a de las WSN de referencia estuvieron condicionados por aspectos tales como el tipo
de sensores instalados en los nodos, la topologı́a de la red y la velocidad de transmisión.
En todas las WSN de referencia, el consumo de energı́a fue mayor en los nodos sensores
que midieron la variable CO2 . Para todas las velocidades de transmisión de prueba, el
consumo medio y la duración aproximada de la transmisión de datos fueron menores en la
red ZigBee, ya que su topologı́a no incluı́a enlaces redundantes, y fueron mayores para
la red WiFi, debido al elevado consumo del router que actúa como nodo coordinador.
Además, la red ZigBee con sus velocidades de prueba media y alta fueron las opciones más
adecuadas para la modelización del consumo energético de las redes de monitorización
de invernaderos, ya que los procesos de consumo energético en estos escenarios fueron
estacionales para todos los nodos.
Finalmente, los resultados de la ejecución del Objetivo (3) revelaron que la alta variabilidad de la amplitud de las muestras entre dı́as, combinada con la presencia de falsos
picos y ruidos en las señales fueron las causas más comunes de desajuste de los modelos
de señales ambientales, siendo más perceptibles en las variables volátiles y en varios nodos
de la red DigiMesh. El uso de filtros en las señales originales mejoró significativamente la
calidad de ajuste de la mayorı́a de los modelos desarrollados. En términos generales, los
modelos fueron más precisos para las señales adquiridas por los nodos de la red ZigBee.
Los resultados del estudio de información cruzada de las variables ambientales mostraron
que las correlaciones fueron fuertes para los nodos cercanos y débiles para los nodos
distantes, es decir, que la ubicación del nodo sensor dentro del invernadero influyó en la
homogeneidad de las mediciones. Los resultados de MI evidenciaron que en la mayorı́a
de las comparaciones, la adición de filtros a las señales ambientales también mejora las
asociaciones entre variables.
Conclusiones
El campo agrı́cola representa un pilar esencial de la economı́a ecuatoriana, y es también
una importante fuente de ingresos para muchas familias de las zonas rurales de la Región
Andina. Estos aspectos motivaron el desarrollo de esta Tesis que abordó tres ejes de
investigación, y en conjunto constituyen un valioso marco de desarrollo y experimentación
para la agricultura. Los resultados de la investigación proporcionaron un conjunto de
directrices que pueden considerarse para el diseño y despliegue de redes de monitorización
de invernaderos, para seleccionar la tecnologı́a y topologı́a más adecuadas, ası́ como la
velocidad de transmisión ideal en términos de consumo de energı́a, sin que ello afecte a la
calidad de los datos monitorizados. Además, el estudio de la dinámica de las variables
ambientales a medio y corto plazo permitió examinar en detalle el impacto de la tasa de
muestreo, y el filtrado de señales sobre la calidad de los modelos generados, ası́ como la
correlación entre las variables que influyen en el crecimiento eficiente del tomate. Este
estudio proporciona una base cientı́fica importante antes de la aplicación de técnicas
de predicción más sofisticadas. La extensión del análisis de las variables ambientales a
perı́odos más largos, y a diferentes condiciones climáticas es altamente recomendable,
especialmente en términos de condiciones de heladas, ya que ésta representa una de las
mayores amenazas para la producción agrı́cola en el Ecuador.
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Abstract
Background
World population growth rate has increased considerably in the last decade, and according to data published by the Food and Agriculture Organization (FAO), the world
population reached approximately 7, 7 million inhabitants in the year 2017. In this context, the agricultural sector has been confronted with the constant challenge of increased
crops production, especially the food staples such as potatoes, maize, rice, and tomatoes,
among others. The agricultural sector is also an important issue for Ecuador, since it
represents a significant contribution to the economy, and it stands for the basis of the
food sovereignty policy promoted by the Equatorian Constitution. However, the global
agricultural productivity has been seriously affected by climate change during the last few
years, given that it has generated unpredictable and adverse environmental conditions,
such as pronounced increases and decreases in temperature, high CO2 emissions, altered
rainfall, prolonged droughts, and severe frosts, among others. For these reasons, a number
of research projects are currently focused on the study and development of optimization
and analysis techniques for the agricultural sector.
Objectives
The present Doctoral Thesis proposes the multiparametric monitoring of Equatorian
tomato greenhouses in real time by using three Wireless Sensor Networks (WSN), one of
them with ZigBee technology (star topology), other ZigBee with mesh topology (so-called
here DigiMesh), and one with WiFi technology (access point topology). In this scenario,
the general objectives proposed in this work are as follows: (1) To analyze the WSN
performance in terms of the complexity of adding new nodes, as well as of the data loss with
respect to the node location and crop cutting height; (2) To study the energy consumption
dynamics of the WSN nodes, as related to the telecommunication infrastructure and to
the transmission speed; And finally (3) to study the rhythmometry, the ergodic modeling,
and the Mutual Information (MI) of the environmental variables acquired in each node of
the reference WSN.
Methodology
In order to achieve Objective (1), three WSN were designed and deployed in two Equatorian
tomato greenhouses located in the Salcedo canton of the Cotopaxi province. The performance evaluation criteria of the reference WSN were analyzed from two aspects. First,
the network scalability with respect to the complexity of installing and configuring the
current sensor nodes, the new nodes, and the coordinator nodes. Second, the quantitative
comparison of the communication infrastructures performance in relation to Bit Transfer
Rate (BTR) and Binary Error Rate (BER), whose variations were discussed with respect
to aspects such as the number of active and inactive nodes, the communication protocol,
the network topology, and the node height compared to the crop phenological phase, for
which the tomato was in the flowering phase in one greenhouse, and in the harvest phase
in the other.
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In order to reach Objective (2), the electrical current measurements for each node of
the reference WSN were acquired during ten consecutive tests in a controlled environment,
and at different transmission rates. The statistical and stationary nature of these data were
studied through several methods of representation and analysis of stochastic processes,
such as time series theory, Probability Density Function (PDF), Simple Autocorrelation
Function (SAF), and statistical estimates by using resampling techniques. Furthermore,
the so-called M-mode representation (graphical bidomain method of time signals or their
estimated statistical descriptors) was used for a joint characterization of the resultant
PDF and SAF signals from the cross tests.
Finally, to fulfill Objective (3), the rhythmometric analysis and the hypothesis tests
generated by the bootstrap resampling technique were applied to automatically extract
the significant seasonal components of the time series derived from the environmental
measurements acquired at each sensor node of the reference WSN. The signals models were
generated using the Cosinor time regression technique, and they were adjusted through
the analysis of the residuals (difference between observed and estimated samples), which
were represented as temporal distributions, Bland-Altman diagrams, and histograms. In
addition, the dependence among measurements (either the same variable in different sensor
nodes or networks, or different variables) was scrutinized by simple statistical descriptions
in terms of scatter diagrams and Bland-Altman diagrams, and more advanced analysis
was included with MI representations.
Results
The relevant results of Objective (1) demonstrated that DigiMesh network scalability
was more complex than for the two other networks, since the addition of a new sensor
node required modifications of the programming on both the existing elements in the
network and the new nodes. The BTR of the DigiMesh network decreased progressively
with the increase of inactive links, because in this scenario, the configured redundant links
provided another access way to the coordinator node to guarantee the uninterrupted data
transmission, while in the other two networks, the BTR was almost constant, but the
data from inactive links were lost. The sensor node location and the crop height strongly
influenced on the BTR of the ZigBee and WiFi networks, especially when the line-of-sight
was lost with the coordinator node. On the contrary, the BTR remained almost constant
in the DigiMesh network regardless of the crop density.
The results from the achievement of Objective (2) revealed that the average energy
consumptions of the reference WSN were conditioned by aspects such as the type of
sensors installed in the nodes, the network topology, and the transmission speed. In all
the reference WSN, the energy consumption was higher in the sensor nodes that measured
the CO2 variable. For all the test transmission speeds, the average consumption and
the approximate duration of the data transmission were lower in the ZigBee network,
since its topology does not include redundant links, and they were higher for the WiFi
network, due to the elevated consumption of the router which acts as a coordinator node.
In addition, the ZigBee network at medium and high transmission test speeds were the
most appropriate options for the energy consumption modeling of greenhouse monitoring
networks, since the energy consumption processes in these scenarios were seasonal for all
nodes.
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Finally, the execution results of Objective (3) disclosed that the high amplitude variability of the samples between days, combined with the presence of false peaks and noise in the
signals, were the most common causes of dis-adjustment of the environmental signal models,
being more noticeable in the volatile variables and in several nodes the DigiMesh network.
The use of filters on the original signals significantly improved the adjustment quality of
most of the developed models. In general terms, the models were more precise for the
signals acquired by the nodes of the ZigBee network. The results of the cross-information
study of environmental variables showed that correlations were strong for nearby nodes
and weak for distant nodes, i.e., the sensor node location inside the greenhouse influenced
the measurement homogeneity. The MI results evidenced that, in most comparisons, the
filters use on the environmental signals also improved the associations among variables.
Conclusions
The agriculture field represents an essential pillar of the Equatorian economy, and it
is also an important income source for many families in the rural areas of the Andean
Region. These aspects motivated the development of this Thesis, which addressed three
research axes, and together constitute a valuable development and experimentation framework for the agriculture. The research results provided a guideline set that can be taken
into account for the design and deployment of greenhouse monitoring networks, to select the most appropriate technology and topology, as well as to keep in mind the ideal
transmission speed in terms of energy consumption without affecting the monitored data
quality. Furthermore, the study of the environmental variable dynamics at middle and
short term allowed to examine in detail the impact of the sampling rate and signal filtering
on the quality of the generated models, as well as the correlation between variables that
influence the efficient tomato growth. This study provides a relevant scientific basis
before the application of more sophisticated prediction techniques. The extension of the
environmental variable analysis to longer periods and to different climatic conditions is
highly advisable, especially in terms of frost conditions, given that it represents one of the
major threats to agricultural production in Ecuador.
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nephews Marı́a José and Juan David for teaching me the meaning of patience and
especially of unconditional love. To my brothers-in-law Paty and Santy for his valuable
friendship. Finally, but no less important to my uncles and cousins for being an example
of family unity and unconditional support.

viii

Acknowledgments
First, I want to infinitely thank to God for being my spiritual light and my hope to
continue even in difficult personal moments.
Thanks to my lovely mother Narcisa Rodas, because she has taught me with actions
the meaning of courage and perseverance, she never surrendered in her medical treatments,
and always confronted them with a smile on her lips, her lifestyle was the most inspiring
motor in this challenge, and she continues to be an example to pursue.
My special grateful to my father Mario Erazo, to my brothers Lore and Marito, to
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I also thank to Dr. Sergio Muñoz Romero for his great capacity of interpretation
and development of the software, who contributed notably in the implementation of the
algorithms necessary for this research.
I would like to thank my co-tutor Dra. Mónica Huerta for her friendship, and valuable
research contributions during the execution of the dissertation.
Many thanks to my dear friends Fabricio Pérez, David Rivas, and Sergio Montes for
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Chapter 1
Introduction
The principal objective of this Doctoral Thesis is the multiparametric monitoring in
Equatorian tomato greenhouses, by using WSN Wireless Sensor Networks with different
technologies and communication topologies, in order to perform an experimental and
comparative study of these networks. We addressed aspects including the advantages
and limitations of their use in agricultural environments and at different phenological
stages of the crop, the characterization of the energy consumption of the nodes at different
transmission speeds, the short-term modeling of the monitored environmental signals,
and the cross-information testing among variables from nodes in the same network and
from different networks. These integrated parameters constitute a valuable development
and experimentation framework for both research and agriculture. In this first chapter,
the background and problematic that motivated the realization of this dissertation are
presented, together with the proposed objectives. Next, the elements that conform the
methodological basis of this study are described. Finally, the formal structure of the
document is presented.

1.1

Motivation and Scenario

The growth rate of the world population has increased considerably in the last decade,
so that in 2017 the population reached to approximately 7, 7 billions of inhabitants,
and it is estimated that by 2050 the global population will have increased to 11 billion
people [1, 2]. In this context, the agricultural sector has been constantly faced to the
challenge of increasing crop production, especially of those products that are the basis
of daily consumption. This has resulted in unequal access to food especially in less
developed countries, where their crop yields have not increased in accordance with their
population growth. The Food and Agriculture Organization (FAO) of the United Nations
has proposed as one of the Millennium Development Objectives “Eradicating extreme
poverty and hunger” by promoting the implementation of sustainable agricultural and
food systems [3].
Agriculture is also an important topic for Ecuador, since the farming sector represents
a significant contribution to the econonomy of the country. According to official data
from the Central Bank, in the last decade, the sector share of Gross Domestic Product
(GDP) has been about 8%, and it currently contributes the most after manufacturing, oil,
mining, and construction, in addition to the fact that agriculture is the basis of the food
1
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Motivation and Scenario

sovereignty policy promoted by the National Constitution. According to the statistical
reports of Survey of Surface Area and Continuous Agricultural Production (ESPAC)
performed by the Institute of Statistics and Census of Ecuador (INEC), the total national
agricultural labor force area in 2017 was 12, 35 billions hectareas, where 1, 43 billions were
used to cultivate permanent crops, and 0, 904 billion were dedicated to the crop of varieties
harvested at specific times of the year, known as transitional products [4].
With this background, the importance of the agricultural sector at the world and
regional scale is evident. However, in recent years, farm productivity has been under
threat from unpredictable and adverse environmental conditions, such as sharp increases
and decreases of temperature, high CO2 levels, rainfall alterations, long-term droughts,
or frost, most of them caused by the greenhouse effect and by the climate change [5, 6].
Research on this direction points out that the impact of these events on agricultural
production will be diverse, severe and specific over time, and dependent on geographical
location [7, 8, 9]. The average seasonal environmental scenarios, as well as the weather
conditions at particular phenological stages of the crops, condition their yield and quality.
This means that the natural agents as winds, extreme temperatures, and lack or excess
of light or humidity (called in the scientific literature abiotic pathogen factors), are
significant contributors to the disease and pest proliferation in plants [10]. Therefore,
many research centers are currently focused on the study of optimization techniques and
analysis of the agricultural sector [11, 12, 13], particularly in crops with higher demand,
like potatoes, corn, rice, or tomatoes, among others [14, 15, 16]. A further topic that
represents an interesting research target in relation with the adverse effects of the climate
change is the temporal characterization of environmental variables, i.e., the development
of meteorological prediction models using stochastic processes. The scientific literature in
this field is scarce, and the prediction effectiveness differs considerably in relation to the
geographic location and year season where these models are applied [17]. In the case of
Ecuador, the information about climate characterization studies is limited, presumably
due to the fact that the weather varies considerably with altitude and regions (coast, sierra,
orient), and also because the year seasons are not clearly defined as in other countries.
The protected agriculture is currently a widely used strategy to mitigate the negative
effects of climate change on crops [18]. It is defined as a system that promotes the use
of materials, tools, and closed structures (greenhouses) in order to create an internal
microclimate to safeguard crops and to reduce external environmental restrictions. The
greenhouses are agricultural constructions equipped with a translucent cover and the
necessary resources in order to provide the inside with the suitable climatic conditions
for the optimal growth of the crops, with some independence as regards the outside
environment [19]. However, crops grown under greenhouses can also be affected by indoor
climatic factors, such as high solar radiation, high indoor temperature, low relative humidity
during the day, high relative humidity at dawn and dusk, poor ventilation, and limited
CO2 concentration. These ones are usually caused by aspects related to the hour of the
day, the kind of greenhouse material and structure, or the geographical weather conditions,
amongst the most relevant ones. Therefore, real-time knowledge of the climate inside and
outside our greenhouses is essential in order to take the right decisions in the management
of agricultural processes. For this purpose, it is necessary to design and implement reliable
monitoring systems, accounting for temperature and relative humidity as two of the most
commonly monitored variables in these systems [20].
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Years ago, monitoring networks were based on wired technologies with bus architectures
like Controller Area Network (CAN) [21, 22, 23] and RS485 [24], whose main disadvantages
are cumbersome installation, cut-off risk of the bus that connects all sensors, costly
maintenance, difficult mobility, and access to information limited to a single fixed site and
nearby to the greenhouse [25]. The vertiginous advance of Information and Communication
Technologies (ICT) represents the cornerstone of the design and deployment of efficient
greenhouse monitoring systems. At present, Wireless Sensor Networks (WSN) have
become the most widely used telecommunication systems in applications such as precision
agriculture, home automation, or medicine, among many others. These networks consist
of autonomous and intelligent devices (sensor nodes), specifically distributed and used for
sensing the physical variables in real-time and for remote transmission of these data to a
coordinator node. The main advantages of WSN are flexibility in the installation of sensors,
robustness, adaptive network topology, reduced maintenance costs, easy incorporation
of new network elements, power, flexibility, distributed intelligence, reduced size, and
operating capacity even in hostile environments [26, 27].
Our literature review revealed that the wireless technologies that are most commonly
used for greenhouses monitoring applications are ZigBee [28, 29, 30, 31], WiFi [32, 33, 34],
and Bluetooth [35]. The use of ZigBee prevails over other technologies because of its low
cost, followed by WiFi due to the the ease of integration of new nodes into the network [36].
The most recent development in this field is LoRa technology, which offers advantages such
as long range, high energy efficiency, low cost, and easy implementation, all of which are
essential requirements for Internet of Things (IoT) applications [37, 38, 39]. The typical
drawbacks of WSN are their limited security and the electromagnetic interference, although
these problems do not significantly affect the greenhouses monitoring applications, since
the transmitted information does not require a strong encryption and the network can be
configured in a low saturation channel. However, the fact that sensor nodes depend on
external energy sources, such as batteries, is one of the major limitations that condition
the operation of these networks, so that there is a great interest in finding techniques for
the efficient use of energy [40].
Other relevant aspect is the fact that the crops are generally located in rural sectors,
and the farmers require technological solutions for managing the monitoring systems of
protected crops from any geographical location, as well as real-time for visualizing the
measured variable data, and even to plot their evolution over time, with the purpose of
taking informed and timely decisions. This is now possible through the advent of mobile
communications and the powerful capabilities of intelligent devices such as tablets and
telephones, which have allowed the creation of IoT applications for real-time accessing data
and information, and from anywhere over the world [41, 42]. These mobile applications
were created to use all these functionalities, and they are defined as open-access or paidinformatic applications that provide the users with the opportunity to do tasks such as
business, leisure, education, sports, localization, or tourism, among many others, all of
them offering a very interactive and intuitive environment [43]. Besides, the studies that
have included mobile applications for the system management are increasingly focused on
health [44], education [45], and domotic [46]. The mobile applications in agriculture are
commonly used to map the monitoring data with Geographic Information Systems (GIS),
and to get generalized information about the weather conditions in a given region [47].
There are scarce studies focusing on remote multiparametric monitoring of greenhouse
variables with mobile applications [48]. The background presented throughout this section
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shows that agriculture is a global issue of special interest, and that the open challenges for
researchers in this field are still many and diverse.

1.2

Research Objectives

The sustentation approached in the previous section motivated the development of this
dissertation, which proposes the multiparametric monitoring of greenhouses in real-time
from any geographic location. For this purpose three types of WSN are scrutinized, one of
them with ZigBee technology (star topology), other ZigBee with mesh topology (called
DigiMesh), and another with WiFi technology (access point topology). The crop selected
as our application case study was the tomato, whose scientific name is Lycopersicon
esculentum Mill, since it is one of the most consumed and appreciated vegetables in
the world, its nutritional and carotene (natural antioxidant) content is high, and it also
constitutes one of the basic foods of the daily diet. In addition, the tomato is a native
plant of the Andean Region of South America, and in Ecuador it is one of the transitory
products of greater production in the provinces of Azuay, Carchi, Chimborazo, Loja, and
Tungurahua. This product reached an annual production of 47 837 metric tons according
to the ESPAC 2015 report [49]. In this scenario, the general objectives of this work are
the following:
• To analyze the WSN performance in terms both of the complexity of adding new
nodes and of data loss with respect to nodes location and crop cutting height.
• To study the energy consumption dynamics in the nodes of three WSN, as a function
of the telecommunications infrastructure and of the transmission speed.
• To study the rhythmometry, the ergodic modeling, and the mutual information of
the adquired environmental variables in every node of the three benchmarked WSN.
Accordingly, the specific objectives proposed for the development of this research are
listed below:
• To design the hardware and software for the nodes of three WSN, in order to monitor
the variables of temperature, relative humidity, CO2 , luminosity, wind direction,
wind speed, solar radiation, and ultraviolet radiation.
• To deploy and to start up the three WSN analysis in two tomato greenhouses located
in the canton of Salcedo, province of Cotopaxi, Ecuador.
• To develop a Human Machine Interface (HMI) for local and real-time access to the
acquired environmental measurements.
• To develop a mobile application for intelligent devices, with Android operating
system, a yielding the user remote access and from any geographical point to the
user environmental measurements.
• To analyze the advantages and limitations of the three WSN, and to identify the
most appropriated network configuration for agricultural environment monitoring
applications.
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• To acquire reliable energy consumption measurements, through repetitive laboratory
tests in the nodes of three WSN at different transmission rates.
• To develop a tool for processing, validation, and statistical analysis of energy consumption measurements.
• To provide an accurate statistical characterization of the three WSN behavior,
in terms of their energy consumption, their transmission speed, and the network
topology.
• To develop a processing, validation, and statistical analysis tool for the environmental
measurements acquired in the greenhouses.
• To analyze the intrinsic variability together with the short-term rhythmometric
behavior of the acquired environmental signals.
• To identify the incidence of the communication technology, the nodes location
inside the greenhouses, and the crops phenological stage, by scrutinizing the data
reproducibility in each node, by using cross information methods for this purpose.

1.3

Research Methodology

The general purpose of this dissertation was to develop a multiparametric monitoring
system in Equatorian tomato greenhouses using three WSN, as shown in Figure 1.1. The
WSN were named as ZiBbee (ZB), DigiMesh (DM), and WiFi (WF) networks, according
to their communication technology. The ZB and DM networks were designed with the
802.15.4 communication standard in star and mesh topology, respectively, and the WF
network with the 802.11 standard in access point topology.

Figure 1.1: Schematic diagram of the greenhouse monitoring system.
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The sensors of each node were chosen from a previous study of the most influential
environmental conditions in the tomato growth. The climatic variables identified as
prioritaries were temperature, relative humidity, solar radiation, ultraviolet radiation,
luminosity, and CO2 level [50]. In addition, and given that the greenhouses object of the
study were geographically located in an area with frequent and strong winds, the variables
wind speed and wind direction were included, as they are related with the greenhouse
ventilation. The relevant technical features that motivated the selection of the sensors
were the measurement ranges, the low energy consumption, the compatibility with the
processing cards, and the linear response curve when it was possible. The sensor nodes
were categorized as Gas Node or Agriculture Node, in function of the data acquisition
card type (Gases PRO 2.0 or Agriculture PRO 2.0 of LibeliumT M , respectively), and the
sensors installed as well as the variables assigned to each sensor node are shown in Table
1.1. For data visualization purposes, a HMI of local access with LabVIEWT M , and a
mobile application of remote access for the Android operating system by using Eclipse
IDE were developed.
ZB Network
Sensor Node
Variables
Relative humidity
Luminosity
Agriculture Node
Temperature
ZB1
Wind speed
Wind direction
Relative humidity
Agriculture Node
Luminosity
ZB2
Temperature
Solar radiation
Relative humidity
Agriculture Node
Luminosity
Air temperature
ZB3
Ultraviolet radiation

DM Network
Sensor Node
Variables
Relative humidity
Agriculture Node
Luminosity
Temperature
DM1
Solar radiation
Relative humidity
Agriculture Node
Luminosity
DM2
Temperature
Relative humidity
Agriculture Node
Luminosity
DM3
Temperature
Ultraviolet radiation
Gas Node
CO2
DM4

WF Network
Sensor Node
Variables
Relative humidity
Agriculture Node
Luminosity
WF1
Temperature
Relative humidity
Agriculture Node
Luminosity
Temperature
WF2
Solar radiation
Relative humidity
Agriculture Node
Luminosity
WF3
Temperature
Ultraviolet radiation
Gas Node
CO2
WF4

Table 1.1: Environmental variables distribution per node.
Given that the general objectives proposed in this work are of diverse nature, the
individualized methodology for solving each of them efficiently is explained below.
The first objective is to identify the relevant parameters that influence the WSN
performance in order to determine the advantages and limitations of each network for
optimal monitoring of the tomato crop. There are several works about tomato greenhouse
monitoring systems, however, all of them focus on hardware and software development
methods by using ZigBee technology in star topology [51, 52], and very few studies are
oriented to the network design with mesh topology [53]. The existing benchmarking studies
are focused on a particular WSN, and they are often analyzed in simulated scenarios [54].
The experimentation proposed in this Thesis was developed in a real scenario. The
relevant considerations for the start-up of the three WSN were as follows. The DM network
was installed in a greenhouse of 400 square-meters surface with the crop in flowering state,
and the ZB and WF networks in a greenhouse of 350 square-meters surface with the crop
in harvest state in order to analyze the incidence of crop height on the measurements and
network performance. The Gas Nodes W F4 and DM4 were placed in the center of each
greenhouse to capture the highest possible CO2 concentration insde, while the Agriculture
Nodes were distributed to the sides and near the doors, so as to analyze a priori the
incidence of their location in the acquired measurements. The sensors of solar radiation,
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ultraviolet radiation, wind speed, and wind direction, were installed outside, specifically in
the center of the roof because they are external variables of the greenhouses.
The benchmarking criteria were defined from the experiences acquired in the design,
implementation, start-up, and operational tests process of the WSN, and they were
addressed to aspects, such as network scalability complexity, and quantitative comparison
of the communication infrastructure performance in terms of Bit Transfer Rate (BTR), and
Binary Error Rate (BER). The network expansion impacts were defined on the basis of the
topology incidence (point-to-point links or redundant links) on the complexity to install,
configure, and program the available sensor nodes, the new nodes, the coordinator node, and
the visualization interfaces. The BTR and BER were calculated with LabVIEWT M , and
included in the HMI. The variations of these parameters were analyzed according to aspects
such as the number of active and inactive nodes, the type of communication protocol, the
network topology, and height of the nodes with respect to the crop phenological phase.
The second objective was to give a detailed statistical characterization of the WSN
behaviour, related with the energy consumption of each node, with the transmission speed,
and with the network topology, in order to provide the researchers with the selection
criteria of the adequate network design in terms of energy savings, and applied to the
monitorization of environmental variables. The energy consumption of WSN is a strongly
relevant parameter for their correct operation, so the scientific literature includes significant
work on energy saving techniques. The methods commonly used are ultra-low power
hardware design [55, 56], evaluation of operating system performance and operating
modes of radio communication [57], or efficient routing algorithms [58, 59], among the
most relevant ones, where it is usual to apply ZigBee communication modules with star
topology. However, there are very limited contributions to detailed study methods of energy
consumption dynamics, its ergodic properties, as well as estimation of their stationarity for
the network nodes [60], and to our best knowledge, none of them considers the simultaneous
comparison of technologies and topologies of communication proposed in this Thesis.
The methods applied in this work to scrutinize in detail the energy consumption
behaviour of three WSN are described below.
The electrical current measurements of each node were acquired in a controlled laboratory environment, where the WSN were deployed while all the nodes weren operating, in
line of sight, and located at the same distance. The battery of each node was connected to a
high-precision multimeter (AgilentT M 3441) to acquire the electrical current measurements,
and to transmit them to a computer through a Local Area Network (LAN). The integration
time of the multimeters, typically expressed in Power Line Cycle Number (PCLN), was
a relevant parameter in the acquired signal quality, since it conditioned the instrument
resolution, the signal to noise ratio, and the acquisition speed of the measurements [61].
The PCLNs were different in each network, and they were selected after several experiments
in order to minimize the noise in the acquired signals. The measurements were stored in a
Microsoft ExcelT M database with Agilent IntuiLinkT M software, to be further processed
and analyzed with MatlabT M custom functions. The experiment was repeated ten times
on each network, and at different transmission rates. The test scenario was the same in
all cases, and fifty thousand samples were acquired every ten milliseconds, in order to
statistically verify the similarities among signals, and to validate the test.
The statistical nature and seasonality of the electrical current signals recorded from
each node were studied using stochastic process analysis methods, such as time series and
M-mode representations, Probability Density Function (PDF), Simple Autocorrelation
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Function (SAF), and statistical estimates using resampling techniques [62, 63]. The trend,
mean, and standard deviation of the consumption signals from each test were defined by
using time series theory. Besides, the detailed review of these representations allowed the
detection of the approximate transmission patterns (in terms of repeated consumption
peaks after some time intervals), and based on this, the approximate duration of the
communication between the sensor node and the coordinator node was determined [64].
The PDF depicted the relative frequency distribution of energy consumption data in a
specific region of the probability space, which allowed the identification of multimodalities,
and dispersed data from the central distribution (erroneous or noisy tails) [65]. The SAF
represented the correlation or similarity between the electric current signal and its out-ofphase replica as a function of a certain delay time, and based on its study, the persistence
and stationary profiles of the energy consumption processes of each node were determined
[66]. The so-called M-mode representation is a bidomain graphical method of time signals
(or their estimated statistical descriptors), and it provided a joint characterization of the
signals resulting from either the PDF or the SAF of the ten realizations, which allowed
the identification of similarities and differences in the results of the cross realizations [67].
The non-parametric estimation method known as Bootstrap resampling was used for the
calculation of PDF and SAF estimates, as well as for the construction and estimation of
their Confidence Interval (CI). This is a versatile and robust technique, applicable to any
estimator that can be computationally obtained from a wide variety of statistical processes
[68].
The third objective was to provide a systematic and detailed dynamic analysis of
environmental measurement from multiparametric monitoring of Equatorian tomato
greenhouses. The proposed study was specifically oriented to the modeling and the analysis
of the intrinsic variability and the short-term rhythmometric behavior of environmental
variables acquired by the three WSN, as well as the cross-information research between
simultaneously measured variables in the greenhouses. The data analysis methods in the
agricultural field identified in the scientific literature focus on aspects such as effective water
use through genetic algorithms [69, 70, 71], crop condition analysis by image-processing
[72, 73, 74], greenhouse indoor air quality optimization [75, 76], or pest impact mitigation
on crops [77, 78]. However, little preceding work is available on dynamic analysis of all the
data obtained from environmental variables in greenhouse scenarios and their applications
[79], and these ones do not include any informative sampling rate analysis to adequately
examine these dynamics, or on information that is specific or shared in a certain sense for
each environmental variable compared to others.
The methods applied in this Thesis to analyze the dynamics of a broad variety of
simultaneously recorded environmental variables are described below.
The data used in this study correspond to the environmental variables (such as temperature, relative humidity, CO2 , luminosity, wind speed, wind direction, solar radiation,
and ultraviolet radiation) which were acquired during four consecutive days by the three
WSNs in the tomato greenhouses.
The rhythmometric analysis was used to extract the significant circadian, infradian,
and ultradian seasonal components of the environmental temporal series of each sensor
node, whose selection was automatic and based on a hypothesis test generated by the
Bootstrap resampling technique [80]. The signal models were generated by using the
Cosinor time regression technique, which allows the estimation of cosenoidal models and
is widely used in the characterization of the chronobiological oscillation of variables with

Research Methodology

9

rhythmometric behavior [81], as it is the case of the analyzed signals in this work. The
fundamental period for this model was 24 hours, and the significant ultradian spectral
components were include. Several infradian components associated with trends were also
included in the analysis, even though their periocity is more frequent in signals where
the observed samples correspond to periods of occurrence of several days or weeks. In
addition, possible fluctuations in each ultradian frequency component were considered.
The ad-hoc software developed in MatlabT M included two parameters to improve the
model accuracy whose values were specified by the user. The first parameter is called the
Regulation Factor, and it compensated the possible ill conditioning of the inverted matrix
used in the model adjustment. The second parameter was the Averaging Filter Order used
to the attenuate noise, especially in those volatile signals.
The precision between the samples acquired in each variable and the estimated model
was analyzed by using Bland-Altman diagrams. For this purpose, concordance limits,
characteristic of this method, were established, and the dispersion of the compared samples
(difference between observed and estimated samples) was represented in this plot. The
models were considered adequate when the majority of the compared samples were situated
inside the concordance limits, their amplitudes were close to zero, and they showed no
heteroscedasticity pattern. The statistical mismatch of the models were examined by means
of the relative frequency distribution of the systematic error represented in histograms. The
distributions with Gaussian tendency, and standard deviation narrow enough compared
with the order of magnitude of the environmental signal fluctuation, were characteristics
in the models categorized as successful.
A further aspect analyzed was the joint distribution between variable pairs by using
scatter plots, Bland-Altman diagrams, and Mutual Information (MI) calculations. The
scatter diagrams are representations that allow to visualize the mathematical relations and
the trends that are followed by two signals. In this work, the scatter diagrams were used
for two systematic comparisons. In the first one, pairs of different variables considered
relevant in the crop phenological stages were compared in order to determine how one
influences the other. The second one compares two signals of the same variable, both
acquired in the same environment but with nodes of different communication technology
in order to identify the degree of similarity between measurements. For this purpose, it
was verified whether the distribution of the points represented tends to be in a straight
diagonal line, as it would be expected in this case. The accuracy of the measurement
instruments included in each sensor node was studied by using Bland-Altman diagrams,
for which two series of the same variable measured by near and far nodes of the same
network and other networks were compared, and the dispersion of samples around the
concordance intervals was analyzed.
All the comparisons were complemented with calculations and representations of
MI, since it was offered an overview of the dependence between environmental signal
pairs related with aspects, such as sensor nodes spatial location in the greenhouses,
communication technology, and incidence of filtering the original signals. This technique
was chosen because it is closely related to the concept of entropy, and it offers a more
general description in terms of measuring the similarity between the joint distribution of
two general random variables and the product of their factored marginal distributions,
which cannot be analyzed using just the correlation coefficient, as far as it is limited to
the analysis of the linear relationship between two real-valued variables [82].
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1.4

Thesis Organization and Contributions

This document summarizes the work carried out and the obtained results for the Thesis
entitled “Wireless Sensor Networks to Multiparametric Monitoring in Equatorian Tomato
Greenhouses”, registered in the Doctorate Program in Information and Communication
Technologies of the International Doctorate School at Rey Juan Carlos University. Since
the obtained results from this research were previously published in three articles at
indexed journals, this dissertation is presented acording to the format of compendium of
papers, and it is structured in 6 chapters:
• Chapter 2 summarizes general concepts, technological aspects, mathematical bases,
and previous studies of diverse topics that were relevant in the development of this
Thesis. Firstly, the main characteristics of tomatoes, and their cultivation under
greenhouses are described. Next, a brief review of the generalities of the WSN is
presented. Then, a systematic review of studies oriented to the development of WSN
in greenhouses is developed. Finally, the theoretical concepts and mathematical
foundations on the characterization of ergodic processes, rhythmometric analysis,
and MI are described.
• Chapter 3 conveys the the first manuscript published in an indexed journal:
Erazo-Rodas, Mayra; Sandoval-Moreno, Mary; Muñoz-Romero, Sergio; Huerta,
Mónica; Rivas-Lalaleo, David; Naranjo, César; Rojo-Álvarez, José Luis. Multiparametric Monitoring in Equatorian Tomato Greenhouse (I): Wireless Sensor Network
Benchmarking. Sensors, 18(8): 2555, 2018.
This paper describes in detail the methodology of hardware design of the hardware
and the software of the nodes of the three WSN proposed for this Thesis, as well
as the development of the HMI, and the mobile application for visualization in real
time and remotely the data measured by each WSN. In addition, a comparative
study of the performance and limitations of the WSN in terms of its communication
technology and topology is carried out.
• Chapter 4 conveys the the second manuscript published in an indexed journal:
Erazo-Rodas, Mayra; Sandoval-Moreno, Mary; Muñoz-Romero, Sergio; Huerta,
Mónica; Rivas-Lalaleo, David; Rojo-Álvarez, José Luis. Multiparametric Monitoring
in Equatorian Tomato Greenhouse (II): Energy Consumption Dynamics. Sensors,
18(8): 2556, 2018.
This article describes the methodology for acquiring energy consumption data from
the nodes of the three WSN, as well as the theoretical principles of the tools used to
examine the statistical nature of the recorded signals. Finally, the detailed statistical
characterization of the behaviour of the three WSN is presented, by relating the
energy consumption of each node, the transmission speed, and the network topology.
• Chapter 5 conveys the third manuscript published in an indexed journal:
Erazo-Rodas, Mayra; Sandoval-Moreno, Mary; Muñoz-Romero, Sergio; Huerta,
Mónica; Rivas-Lalaleo, David; Rojo- Álvarez, José Luis. Multiparametric Monitoring
in Equatorian Tomato Greenhouse (III): Environmental Measurements Dynamics.
Sensors, 18(8): 2557, 2018.
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This article presents the theoretical principles of the statistical tools used to examine
and study the dynamics of the environmental signals acquired by the three WSN
in terms of their stationary cycle, i.e., rhythmometric and residuals analysis. In
addition, the results of the cross information diagnosis between the simultaneously
measured variables are presented, both in terms of simple representations, and in
the use of MI descriptions.
• Chapter 6 includes the conclusions of the Thesis research, and it envision the future
research lines to continue with this investigation.
The research activity developed within this Thesis also contributed to the manuscripts
detailed below:
• Erazo, M.; Rivas, D.; Pérez, M.; Galarza, O.; Bautista, V.; Huerta, M.; Rojo, J. L.;
Design and implementation of a Wireless Sensor Network for rose greenhouses monitoring. In 6th International Conference on Automation, Robotics and Applications
(ICARA), 2015 (pp. 256-261). IEEE.
• Ceballos, M.; R., Gorricho, J. L.; Palma Gamboa, O.; Huerta, M.; Rivas, D.;
Erazo-Rodas, M.; Fuzzy system of irrigation applied to the growth of Habanero
Pepper (Capsicum chinense Jacq.) under protected conditions in Yucatan, México.
International Journal of Distributed Sensor Networks, 11(6): 123543, 2015.

Chapter 2
Background
This chapter summarizes general concepts, technological aspects, mathematical bases,
and previous studies of diverse topics that were relevant in the development of this
Thesis. The general tomato characteristics, its cultivation in greenhouses, and the climatic
conditions with more relevant impact on its optimal growth are initially described. Next,
a brief review of the main characteristics, configurations, communication technologies,
and applications of the WSN is presented. In addition, the chapter also describes the
most significant contributions of the scientific literature regarding the implementation
of greenhouse monitoring systems by using WSN, with a particular emphasis on aspects
such as the design and implementation of WSN hardware and software, the development
of Graphical User Interface (GUI) methods to visualized the measurements acquired by
WSN, the strategies to solve the heterogeneity of the climate inside the greenhouse, the
energy saving techniques at the WSN nodes, the microclimate control methods of the
greenhouse, the modelling techniques of the environmental measures acquired inside the
greenhouse, and the performance benchmarking of WSN in different technologies and
communication topologies. Another section includes the relevant theoretical, mathematical,
and statistical background in the characterization of ergodic processes. Finally, the concepts
and methodology of rhythmic analysis to the randomic signals modeling, as well as to the
MI for random- variable dependence study, are presented.

2.1

Tomato Cultivation in Greenhouses

The tomato (Lycopersicon esculentum Mill ) is a horticultural plant native from the western
coastal plain of South America. The varieties according to the growth pattern can be
determinated (shrub type plant), whose growing is limited in the year, or indeterminated
(creeping type plant), whose growing is unlimited. The tomato plantations of type shrub
varieties are the most common in Ecuador, so the climate is a determining factor in
the phenological stages of cultivation, and therefore in the productive activity of crops
during the year. The most relevant limitations for the production of this vegetable are the
following: lack of solar radiation, insufficient or excessive temperature, lack or excess of
humidity, nutrient deficiency, high geographical altitude, excess of wind, and inadequate
CO2 content [83].
Many of these constraints are directly or indirectly related to climate, and for this
reason, the horticulture farmers have opted to apply protected crop techniques, which
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correspond to agricultural mechanisms to alter in a certain way the conditions of the soil,
temperature, solar radiation, wind, humidity, or atmospheric composition, among others.
The objective of these protected crops is to modify the natural environment of plants to
achieve high value-added production, i.e., to prolong the harvest period, to convenientlly
alter the phenological cycles, to reduce pests and diseases, to make products available
when environmental conditions are limited, to increase yields, and to improve the quality
of the crops [84]. The protection techniques applied in these systems are tunnels, drawers,
seedbeds, floating roofs, and greenhouses, the latter being the most used worldwide.
A greenhouse is a wooden or iron construction with walls and ceilings, covered mainly
with transparent material, such as polyethylene, polycarbonate, or acrylic glass. A microenvironment is created inside the greenhouse for optimal and efficient growth throughout
the year of products such as early vegetables, flowers, or green plants, among others [85].
Smart greenhouses are used widely today, and they are defined as systems equipped with
sensors and actuators for monitoring the physical variables into the greenhouse, without the
human intervention, and in some cases they provide us with heating, cooling, and lighting
systems to optimize the growing conditions of crops [86]. The greenhouse structures
can be artisanal, made with local materials and accordign to the empirical knowledge of
the farmers, or industrial, in which case they are mechanized and highly equipped. The
material type conditions the geometry and height of the greenhouse, because it must be
resistant to loads caused by the wind and by the weight of its own structure. The most
common greenhouses according to the roof shape are the two-way symmetrical planes,
the asymmetrical planes, the rounded arch, and the pointed arch (also called sawtooth,
because they are the most resistant ones). The recommended height in greenhouses is 5
meters to facilitate ventilation and entry of solar radiation [87].
Tomatoes can be cultivated under greenhouses during all the seasons of the year, as
long as they are geographically located at altitudes lower than 3200 Meters Above Mean
Sea Level (MAMSL), and the indoor micro-climate has characteristics such as temperature
between 18°C and 25°C, and relative humidity between 50% and 70%, which are closely
related to solar radiation and wind speed [88]. The WSN implemented in this research
were deployed in two artisanal plastic greenhouses, one of sawtooth type, and an other of
curved type, of approximately 400 squared-meters area, and 5 meters height for both of
them, located in the Salcedo city, at −1, 018373, −78, 583888 coordinates in Ecuador, and
at 2700 MAMSL. Figure 2.1 shows the appearance of these used greenhouses, as well as
the phenological states of the crops that were distinct for purposes of a comparative study,
namely, in one greenhouse the tomato was in flowering state, and in the other in harvest.

2.2

WSN Overview

The WSN are defined as telecommunication infrastructures integrated by spatially distributed devices called nodes or motes, which communicate with each other through radio
signals, and which have received great attention in recent years in academic and industrial
areas. The sensor nodes are the autonomous units of the network that are integrated by
one or several sensor elements, a microcontroller or embedded system, a radio transceiver,
and an energy source (almost always a battery). Their function is to monitor remotely
from different locations various environment physical magnitudes such as temperature,
pressure, light, relative humidity, sound, vibration, flow, motion, position, electrochemical
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(a)

(c)

(b)

(d)

Figure 2.1: Tomato cultivation scenario. (a) Panoramic view of a sawtooth greenhouse.
(b) Roof appearance of a curved greenhouse. (c) Tomato flowering stage. (d) Tomato
harvest stage.
components, PH, or gases, among others. The coordinator node, also called sink node,
collects data from the sensor nodes in a remote, constant, and real-time mode in order
to sends it to the base station. The router nodes can be used in wide extension WSN
to collect data from a cluster of sensor nodes, and later sending them to the coordinator
node. The WSN represent an important communication link between virtuality and the
real physical world, and their versatility of applications is extensive since they successfully
contribute in areas such as security and defense, environment, home automation, disaster
recovery operations, biodiversity mapping, medicine and health, industrial automation,
precision agriculture, or monitoring in areas of difficult access such as volcanoes, oceanic
chasms, and polluting zones, among others [89, 90, 91]. The WSN used to monitor a
particular physical environment provide significant advantages, as described below [92, 93]:
• The network is capable of automatically reorganizing itself, because it can stay
operational even if some nodes are out of service due to failures or battery depletion.
• The nodes can be easily deployed even in places that are difficult to access, or even
within disaster-affected areas.
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• The sensor nodes may access to information that before was practically inaccessible,
with fine resolution and through a large time-space scale.
• The data supplied by the network are redundant, since the high density of sensor
nodes allows that the data collected in one of them are redundant with respect to
other nodes in its environment.
• The network can incorporate cooperation mechanisms among nodes, by means of
the functions distribution (for example, each node carrying out complementary work
for its neighbours), or through redundant processes where each node supervises the
neighbour behaviour.
The hardware and software limitations of the network nodes in terms of size and
resources such as energy consumption, computing power, memory, and bandwidth, are
the main WSN disadvantages [93]. However, more and more scientific works is directed
towards the design of robust nodes, efficient routing algorithms, and energy storage
techniques, among others, whose purpose is to minimize the impact of these restrictions
[94, 95, 96, 97, 98].
The maximum number of jumps between any two nodes depends both on the WSN size
and on its configured topology or architecture. The topology is a parameter that directly
influences the connectivity and organization of the network, and hence to diverse performance metrics such as communications reliability, network scalability, self-organization
capacity, energy efficiency, network useful life, data latency, or routing capacity and data
processing, among the most relevant ones [99]. The WSN topologies are very diverse,
and there is no universal rule for their selection, because each one has its own operating
conditions. The typical and currently used topologies are star, mesh, hierarchical tree, and
hierarchical cluster, whose distributions are shown in Figure 2.2 [100].
The star networks (Figure 2.2a) are one of the most simple and common forms of
topology, and they are suitable in applications that involve networks of reduced extension.
In this topology, all the sensor nodes are organized through direct links around the
coordinator node, which is logically (and/or physically) placed in the network center. The
central hub can be the base station itself, or a gateway node that is connected to the base
station. A natural and logical extension of the star topology is the hierarchical tree (Figure
2.2b), where the coordinator node is the root, and the other nodes are connected through
direct links at different hierarchical levels. This architecture is used in applications with
fairly wide extension networks. The sensor nodes (hierarchy 0) are grouped by regions
(A, B. C), and they communicate with the intermediate nodes or routers (hierarchy 1),
which in turn are linked to the coordinator node (hierarchy 2), where the information of
all the nodes is centralized and the coordinator is the only network element that links to
the base station. The advantage of both topologies is the configuration simplicity and
reduced energy use, where as the most significant disadvantage is the data loss in case of
a network node being out of service, because the links are not redundant.
The mesh networks (Figure 2.2c) have multi-hop links so that each sensor node not
only sends and receives its own messages, but also it operates as a router to transmit
messages to its neighbors across the network. The most common meshed configuration
is the grid type, which facilitates multiple communication paths (redundant links) from
the sensor nodes to the base station, significantly reducing the risk of data loss due to
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communication link failure. The disadvantage of this topology is the likely increase in
power consumption, which depends on the hardware and routing protocols used.
The hierarchically cluster topology (Figure 2.2d) unites the all sensor nodes at the
lowest level. The nodes use their local neighborhood information to create a cluster, and
they choose a Cluster Head (CH) node for each group. The CH selection process can be
based on various parameters such as available energy resources, proximity to the base
station, and number of neighbours. The CH nodes in the lowest level are organized into
other clusters, and they set up a new CH node with a high hierarchical status, and the
process is repetitive for each hierarchical level. The number of levels depends on several
criteria, such as the need for coverage, the WSN deployment region, the nodes density,
and the detection range of the transceiver. The hierarchical cluster topology provides
a tree rooted in the coordinator node, with a CH hierarchy as internal nodes, and the
sensor nodes as tree leafs. The difference with the hierarchical tree topology is the mesh
and multi-hop routing that it uses, which reduces almost completely the data loss due to
failure of communication links.

(a)

(b)

(c)

(d)

Figure 2.2: WSN topologies. (a) Start. (b) Hierarchical tree. (c) Mesh. (d) Hierarchical
cluster.
The WSN can also be implemented with dynamic topology and in this case they are
known as Ad-Hoc networks, where the network infrastructure is not fixed, the administration is decentralized, and therefore the topology changes are unpredictable. The nodes
in this scenario are not working hierarchically, and each of them is able to make its own
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decisions to perform the dynamic routing of multiple hops between network elements. The
connectivity among the nodes depends on the devices behaviour, their mobility patterns,
and the distances between them. This network allows the adhesion of new nodes with
the simple fact of being within the range of a network member node, so that the network
scalability does not depend on a central node, therefore the set-up of a new node is very
fast. These characteristics are suitable for applications in emergency situations such as
armed conflicts or natural disasters. The number of jumps that sometimes is a needed
information to traverse before reaching its destination is one of the drawbacks of Ad-Hoc
networks, which increases the risk of errors or data loss [101, 102, 103] .
The WSN are categorized as Low Power Wide Area Networks (LP-WAN), being
the IEEE 802.15.4 standard the most used in the communication infrastructure of this
networks class. However, given that one of the aspects with the greatest impact on WSN
performance is the protocol set used at each level of the Open Systems Interconnection
(OSI) model, the study of new communication technologies applied at WSN is still an
open research field. The scientific literature reveals that the communication technologies
applied so far in WSN applications are ZigBee, WiFi, Bluetooth, and the most recent
LoRa [92, 93, 104, 105]. In this Thesis, three WSN were implemented by using ZigBee
and WiFi technologies. For this reason, a summary of the theoretical foundations and
relevant characteristics of both technologies is next included.
ZigBee is a wireless communications protocol created in 1998 by an enterprises group
that conformed the ZigBee Alliance. The protocol is based on the IEEE 802.14.5 standard
that defines the hardware and software of the Physical (PHY) and Media Access (MAC)
layers of the OSI model. The IEEE 802.15.4 standard defines that the MAC has 4 basic
frames. The beacon frame is used by the coordinator node to transmit beacons, whereas
the data frame is used to store all sent data. The confirmation frame is used to confirm that
the data has been successfully received. The MAC command frame is used to configure
the client. The PHY consists of a preamble of 32 bits that are used to synchronize the
system. ZigBee adds communication layers to the IEEE 802.15.4 standard from levels 3,
and above of the OSI model, with the purpose of creating a hierarchical network topology
and allows multiple devices to communicate with each other, and to provide mechanisms
such as authentication, encryption, association, and application services at the top layer.
The creation of Zigbee was motivated by the need to develop wireless communications
among sensors and control devices that do not require wide bandwidth, but rather features
such as low latency, low implementation cost, low power consumption for it operation,
and many interconnected devices. The main features of Zigbee technology are listed below
[106, 107, 108]:
• The transceivers operate in the bands reserved internationally for non-commercial
use of electromagnetic radio frequency called Industrial, Scientific, and Medical
(ISM), specifically in the 2, 4GHz band (16 channels) worldwide, in the 915MHz
band (10 channels) for the United States, and in the 868MHz band (10 channels) for
Europe.
• The bit rate is low, and it depends on the operating band, being 250Kbps in the
2, 4 − 2, 48GHz band, 40/250 Kbps in the 902 − 928MHz band, and 20/100/250 Kbps
in the 868 − 868, 6MHz band.
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• The interoperability with the wireless solutions of other providers is ensured, since it
uses an asynchronous, half duplex, and standardized protocol, so that products from
different manufacturers can work at the same time.
• The network performance is not affected, despite coexisting in the same frequency
with other wireless technologies such as WiFi or Bluetooth, due to its low transmission
rate, and to own characteristics of the standard IEEE 802.15.4.
• The channel coding techniques used are Direct Sequence Spread Spectrum (DSSS), or
Parallel Sequence Spread Spectrum (PSSS), as they improve the receiver performance
in a multipath environment.
• The typical modulations are Binary Phase Shift Modulation (BPSK), Amplitude
Shift Modulation (ASK), and Offset Quadrature Phase Shift Modulation (O-QPSK).
In BPSK and O-QPSK the digital data is in the signal phase, while in ASK, the
digital data is in the signal amplitude.
• The network can include a high density of nodes, which increases the communication
reliability, because the more nodes exist within a network, the more alternate routes
to ensure that a packet reaches its destination. Theoretically, they can incorporate
up to 65535 nodes distributed in subnets of 255 nodes.
• The authentication and encryption is performed by using the Advanced Encryption
Standard (AES) algorithm of 128 bits, which is a very secure, and widely used block
encryption technique.
• The transceivers can operate at low duty cycles, i.e., the device can be slept most of
the time (up to 99% on average), and the reception and transmission tasks can be
programmed to consume only a small part of its energy.
• The typical coverage range is 10 to 75 meters, however, they can reach larger areas
depending on the application environment, on the transceivers power, as well as on
the type and gain of the antenna.

WiFi (Wireless Fidelity) is a technology developed in 1999 by the Wireless Ethernet
Compatibility Alliance (WECA), currently called Wi-Fi Alliance, as a result of the need
to provide a wireless connection mechanism that was compatible between different devices.
This technology is based on the IEEE 802.11 standards that define the hardware and
software of the PHY and MAC layers of the OSI model, over a wireless channel to
implementation of Wireless Local Area Networks (WLAN). The IEEE 802.11 standard
was created to replace the IEEE 802.3 (Ethernet), but today both are widely applied
and compatible because the only difference between both is the transmission mode of the
frames. The PHY layer of the IEEE 802.11 standard is divided into two sublayers. The
first layer is the Physical Medium Dependent (PMD) responsible of the modulation and
the signal spread spectrum techniques. The second layer is the Physical Layer Convergence
Procedure (PLCP), which prepares the frames from the MAC layer for their transmission
by radio waves, for which it includes a preamble and a header [109, 110]. The structure
and send of WiFi data packets is based on the Transmission Control Protocol/Internet
Protocol (TCP/IP) model, which is composed of 4 layers. The network access layer is
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responsible for the installation of the network frames on the transmission media, it contains
data transmission specifications, and it focuses on aspects such as the routing type, the
synchronization, the data format, the signal conversion, or the error detection on arrival,
among others. The Internet layer is responsible for routing, and encapsulating network data
packets into IP datagrams by using Internet Protocol (IP), Address Resolution Protocol
(ARP), Internet Control Message Protocol (ICMP), and Internet Group Management
Protocol (IGMP). The transport layer sends data from one workstation to another by
using the Transmission Control Protocol (TCP), and the User Datagram Protocol (UDP).
The application layer provides access to TCP/IP services, and it includes Dynamic Host
Configuration Protocol (DHCP), Domain Name System (DNS), and Hypertext Transfer
Protocol (HTTP) [111].
The first standard was 802.11 legacy (now obsolete) published in 1997, which specified
two theoretical transmission rates of 1 and 2 Mbps, by using three alternative physical
layer technologies, namely, diffuse infrared (IR), Frequency Hopping Spread Spectrum
(FSHH), and DSSS. The last two technologies were using radio wave transmission in
the 2, 4GHz frequency band. This first version also specified the Carrier Sense Multiple
Access/Collision Avoidancen (CSMA/CA) protocol as a controlling access method to
the medium by detecting carriers to avoid transmission collisions. However, this version
was not implemented, since an important part of the theoretical transmission speed
was used in the coding requirements to improve the transmission quality under different
environmental conditions, which resulted in interoperability difficulties between equipments
from different manufacturers. The 802.11 standard has been evolving since its conception,
and it is now conceived as a standards family that includes a series of half-duplex wireless
modulation techniques with the same basic protocol as the original standard. The 802.11b
standard was the first widely accepted version, followed by 802.11a, 802.11g, 802.11n,
802.11ac and 802.11ad, the relevant features of which are summarized in Table 2.1. The
improvements to the standars versions of 802.11 are obvious and have made it possible to
achieve very high transmission speeds and bandwidths. There are other versions of 802.11
that are amendments to the current standards, and they have been developed over time
to improve the WiFi networks performance. We can mention for example the versions
802.11e/h/k/j to support Quality of Service (QoS) and prioritization, 802.11s to create
meshed networks, and 802.11i/x to enhance security strategies, among the most relevant
ones [112, 113, 114, 115, 116, 117].
These precedents show that WiFi is a widely developed technology, whose advantages
are attributable to aspects such as the low cost, the ease implementation, the rapid
proliferation of mobile devices and applications, and the users mobility, among others, and
for these reasons WiFi is currently the most used wireless technology worldwide. Although
this technology is vulnerable to interferences, because it operates in the unlicensed frequency
bands, it coexists well with other technologies that share the same bands, like ZigBee.
However, a weak point is the high occurrence probability of security level attacks for being
a wireless communication technology, and for this reason, encryption techniques such as
Wired Equivalent Privacy (WEP), WiFi Protected Access (WPA), and WPA2 have been
developed. The WPA supports encryption through the Temporary Key Integrity Protocol
(TKPI), while the WPA2 supports encryption over the Advanced Encryption Standard
(AES). The Rivest Cipher 4 (RC4) algorithm is used by both WPA and WEP, however,
WPA is better than WEP because its encryption key changes dynamically, which increases
the network security level [118, 119].
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Parameter
Year adopted

802.11b
1999

802.11n
2009

802.11ac
2014

Frequency
(GHz)

2,4

5

2,4

2,4
5

5

11

54

54

600

1000

20

20

20

20 (2,4 GHz)
40 (5 GHz)

Antenna technology

SISO

SISO

SISO

MIMO

20, 40
80, 160
MIMO
MU-MIMO

Modulation

DSSS

Interference probability
Approximate range indoors
(meters)
Approximate range oudoors
(meters)

High

DSSS
OFDM
Low

DSSS
OFDM
High

30

30

140

120

Expected maximun througtput
(Mbps)
Bandwidth
(MHz)

802.11a 802.11g
1999
2003

802.11 ad
2016
2,4
5
60
7000
2160
MU-MIMO

OFDM

OFDM

OFDM

Low

High

Very low (60 GHz)

40

70

30

<5

140

250

300

20

802.11 a (5GHz)
802.11a/n/ac (5GHz)
802.11a/n
802.11b/g (2,4GHz)
802.11b/g/n (2,4GHz)
SISO, Single Input-Single Output; MIMO, Multiple Input-Multiple Output; MU-MIMO, Multi User-Multiple Input- Multiple
Output; DSSS, Direct Sequence Spread Spectrum; OFDM, Orthogonal Frequency Division Multiplexing
Compatibility

None

None

802.11b

Table 2.1: Main features of 802.11 standards.
Both technologies discussed in this section have strengths and limitations. WiFi
technology has features such as wide bandwidth, high transmission speed, large-scale data
collection, and high profitability, and it also has the ability to monitor video, which can
not be done with ZigBee. In turn, ZigBee technology has the advantage that it uses less
energy, but resulting in low data rate, and distances are short-range. The use of one
technology or another depends on the implementation of the WSN and on the network
features that are required to priorize.

2.3

Systematic Review of Greenhouse WSN

In the previous section, the different WSN application areas were explained, being agriculture one of them. In this context, greenhouses environment monitoring with WSN
is a field that is being paid special attention by researches, since this kind of network
provides efficient monitoring mechanisms that are essential to improve crop productivity
and quality, as well as it allows to use less input resources like energy, water, fertilizers,
and pesticides [120, 121]. Besides, and in contrast to the traditional wired monitoring
systems, the WSN allow to collect information on environmental variables from several
strategic points inside the greenhouse, without a need to deploy cables over the crop
area, and thus we can have a real conception of the indoor climate of the greenhouse.
Another difference is that the WSN configuration does not require any modification when
it is necessary to relocate one or more nodes in the greenhouse, we just need to make
sure that the new node location is within the network coverage area. These networks
also offer the advantage of being relatively simple and economical to install [122]. The
first WSN applications in greenhouses were reported in 2003, and since then there have
been several works developed in this field. Most of them use ZigBee technology and
focus on the monitoring of temperature and relative humidity variables [25]. This section
presents a summary of systematic review performed about the greenhouse monitoring
systems with WSN, emphasized in aspects such as hardware and software designs, applied
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communication technologies, data visualization methods, WSN deployment scenarios,
conducted experiments, and relevant results, among others.
Network Design and Measurements Homogeneity
In our review we identified several works aimed exclusively at the WSN hardware and
software development, such as the research carried out by Wang et al., where they proposed
the design of a sensor node to monitor temperature and relative humidity variables by
using an Advanced RISC Machines (ARM) processor and a WiFi wireless module. The
coordinator node also incorporated these devices, and it included a General Packet Radio
Service (GPRS) module to transmit the measurements remotely to a web server in order to
display on a web page. The tests were performed in a controlled laboratory environment,
and they were limited to verify the communication success between both nodes [33].
Rathore and Jaikaran also designed sensor nodes similar to this work, but they included
as variables the illumination and the soil moisture. The communication was configured
by ZigBee wireless technology, and the data visualization was performed locally using an
Liquid Crystal Display (LCD) [123].
On the other hand, Cao et al. developed a remote microclimate monitoring system by
using three WSN with ZigBee technology, which were deployed in three greenhouses (called
A, B, and C ) located in Washington State near Seattle. In Greenhouse A flowers were
planted on an area of 4, 46 square metres, in Greenhouse B watermelons were cultivated
on an area of 0, 27 hectares, and in Greenhouse C tomatoes and other vegetables were
produced on an area of 2 hectares. The WSN of Greenhouses A and B were designed
with star topology, and these included 2 and 3 sensor nodes, respectively, whereas the
WSN of Greenhouse C was configured with mesh topology and it included 4 sensor nodes
and 3 router nodes. All nodes were equipped with an ATMEGA 1281 microcontroller, a
ZigBee transceiver, and sensors to measure temperature, relative humidity, and lighting.
In addition, the nodes of Greenhouse B included an acoustic maturity sensor, and a sugar
percentage sensor that were designed by the authors to analyze the watermelon status.
The data from the three WSN were collected by a gateway node located in Greenhouse
A, which was provided with a PIC32MX family microprocessor to transform the ZigBee
data into IP datagrams. These data were stored in a local database server on the base
station, also located in Greenhouse A. The GUI showed the data acquired by the three
WSN through tables, graphs, and histograms from a single sensor, or simultaneously from
multiple sensors, for comparison purposes. The users were also able to check the network
status (operational links), the battery status, and the RF signal strength, as well as to
configure the warning threshold of the measured variables and to generate an emergency
signal on the GUI display and/or user mail when the acquired values have exceeded this
threshold. A relevant contribution of this study was the incidence analysis regarding the
type of network topology on the data delivery reliability, for which several tests were
developed blocking wireless links of the three WSN. For WSN with star topology, the
breakdown of a link caused the total data loss of the sensor node that was out of service,
whereas the WSN with mesh topology automatically re-established the new links that
were necessary between the sensor nodes in the event of a link breaking, thus ensuring
that all the nodes had a connection with at least one of their neighbors, and the WSN
was completely restored in an interval of approximately 0, 5 to 2 seconds. The authors
concluded that the reliability and performance of the WSN with mesh topology was
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significantly better since the data loss probability was almost zero, despite the fact that
this network was the most distant (about 213 meters) from the base station [124].
Also, Anire et al. developed the hardware and software of four sensor nodes by using
the Raspberry Pi 3 processing card, and they deployed the WSN with WiFi wireless
technology in a prototype greenhouse of unspecified dimensions. The variables monitored
were temperature, relative humidity, and soil moisture, and they were visualized in a
local access HMI. The tests were oriented to validate the network connectivity, and to
analyze the data variability according to the nodes location through the visual analysis
of the temporal signals generated by each variable during a day and with a one hour
sampling time [125]. Lamprinos et al. also analyzed the incidence of the nodes location on
the heterogeneity of the measurements acquired in a greenhouse of 160 square meters of
tomato cultivation with hydroponic systems. However, the WSN used ZigBee technology
with tree topology, and the temporal series were one week test with a 10 minutes update
time between data packages [52].
Another similar work was proposed by Ahonen et al. where the local differences
of the climate inside the greenhouse caused by the network elements location, and by
disturbances such as direct sunlight near the greenhouse walls, were analyzed, and also
the incidence of crop density on communication reliability was studied. For this purpose,
they designed four sensor nodes by integrating the sensor and microcontroller platform
Sensinode Ltd. to acquire the variables temperature, relative humidity, light radiation,
and CO2 concentration. The WSN was implemented with ZigBee technology with star
topology, and it used the 6LoWPAN protocol to send compressed IPv6 packets to the base
station. The experiments were performed in a tomato greenhouse with 98 square metres,
situated in the Martens Greenhouse Research Centre in Narpio city, in Western Finland.
The tests carried out in this work revealed that several climatic layers were formed at
different greenhouse heights, which caused the differences among the measurements of
the different nodes. In addition, it was verified that the high crop density reduced the
nodes communication range by about one third with respect to the results obtained in
open space essays [126].
Overall, the representations and analysis of temporal signals in these studies [52, 125,
126] showed that the sensor node location influences the homogeneity of data acquired
throughout the greenhouse, and that the variability depends on factors such as hour of
the day, crop density, as well as dimensions and material of the greenhouse.
Mobile Sensor Node Design
The differences among registered environmental measurements can represent a disadvantage when implementing control actions, especially in large-scale greenhouses. The
study realized by Martinović and Simon suggests a solution to this inconvenience, since
they proposed the design of a WSN prototype with ZigBee technology and star topology,
which included a mobile sensor node and a fixed sensor node for the monitoring and
control of the microclimatic environment in a tomato greenhouse of 16 square meters. The
fixed sensor node was located in the central part of the greenhouse for the acquisition of
measurements of humidity and temperature of both soil and environment, while the mobile
sensor node acquired measurements of humidity, temperature and environmental pressure,
as well as CO2 , solar radiation and ultraviolet radiation from different greenhouse locations.
It also was incorporated an outdoor weather station to acquire the variables mentioned
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in the mobile node, and they included measurements of rain density as well as wind
speed and direction. The mobile node could be operated manually through an integrated
camera, or automatically by using a BUG obstacle detection algorithm. All nodes included
SUNSPOTT M modules for wireless communication, and the acquired measurements were
stored in a LabVIEWT M database. The control actions were managed through the HMI
developed in LabVIEWT M , and by using the NI-UBS-6008 data acquisition card of National Instruments. The proposed model allowed to have an adequate knowledge of the
microclimatic conditions of the greenhouse by zones, and its relation with the external
conditions of the greenhouse facilitated the generation of precise and opportune control
actions by means of fuzzy logic control strategies [127].
Also, Jiang et al. proposed the design and implementation of a monitoring system
based on WSN with fixed and mobile sensor nodes, whose path was dynamically adjusted
by means of a Dynamic Converged Predictive Tree Algorithm (DCTA). The topology of
this algorithm was similar to a hierarchical tree, and it was based on the information of
the signal intensity received from the nodes, as well as as the estimated jumps number
required to linked at the base station. The DCTA included a flexible design based on the
MAC protocol programming to guarantee a more reliable data transmission, and thus it
improved the QoS of the network, and the homogeneity of the acquired measurements.
The WSN was made up of 52 fixed nodes, 68 mobile nodes which were transported by
bands, and 4 gateway nodes. Each one of them incorporated an Octopus II Mote with an
MSP430F1611 microcontroller and, a ZigBee CC2420 communication chip manufactured
by Texas Instruments, Inc. The gateway nodes also incorporated a kit for developers
of intelligent services M2M of KONTRON Inc., which provided the middleware and
the cloud services to guarantee the compilation of data in real time. The OctopusT M
II software enabled the control sending commands to the sensor nodes, as well as the
development of a local GUI for the representation of the variables given by temperature,
relative humidity, lighting, chlorophyll concentration, battery capacity, and mobile nodes
location. The WSN was tested in an orchid greenhouse of 2592 square meters, situated at
I-HSIN Biotechnology Inc. in Taiwan. The mobile nodes detected not only environmental
parameters but also information related to crop growth. The fixed nodes measured the
environmental parameters, and transmitted them to the gateway nodes together with the
data detected by the mobile nodes. The experimental results showed that the proposed
algorithm reliably collected data with mean success rates greater than 88 % in package
delivery. Unlike traditional monitoring systems with fixed nodes, this solution provided
an improved spatial resolution of surveillance capability, as the sensor nodes used in the
WSN deployment were approximately equivalent to 0, 77 detection points per 100 square
meters [128].
The authors of [127, 128] mentioned that surveillance systems with mobile sensor nodes
are ideal for large-scale greenhouses, where ventilation is difficult to control because the
distribution of internal temperature and humidity is extremely uneven.
Energy Saving Strategies
The study of energy saving strategies in the WSN nodes is another of the aspects in
which the researchers have paid special attention to, since the energy consumption of the
nodes constitutes one of the main limitations for the adequate operation of the greenhouse
monitoring systems through WSN. The reviewed scientific literature reports energy saving
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strategies based on the development of hardware, network infrastructures, and routing
protocols.
The work carried out by Hou and Gao presented the design of a WSN based on
solar energy for the monitoring typical greenhouse variables such as temperature, relative
humidity, CO2 content, and lighting. The network included a sensor node and a coordinator node, both designed with ultra-low power demand devices such as the MSP430
microprocessor and the ZigBee transceiver. The power supply system was made up of a
master storage unit that included a super capacitor where the solar battery power was
stored, and an emergency storage unit that consisted of two rechargeable lithium batteries.
The system self-management unit monitored the status of these two storage units and
supplied the power to the WSN nodes based on unit status. The WSN tested in controlled
environments, and the coverage range was determined to be 40 to 70 meters indoors, and
100 meters in open spaces. The self-powered system was successful in all tests, and the
nodes were supplied with permanent power, therefore, the WSN could be used without
limitations [129].
Likewise, Yu et al. proposed an environmental monitoring system based on WSN with
ZigBee technology in star topology, which was deployed in an intelligent tomato greenhouse
of 160 square meters, located in the Genetic Modification Laboratory of Horticultural
Crops of the Cold Regions of Northern China. The WSN acquired data of air temperature
and humidity, soil temperature and humidity, lighting, and CO2 concentration, through
24 sensor nodes and a gateway node. In order to reduce the network energy demand, the
nodes were designed with ultra low power MSP430F5438 microprocessors, and CC2520
transceivers whose average consumption in hibernation state was only 0, 12uA, besides the
communication modules were configured with mechanisms of inactivity and transmission
by single jump. The gateway node transmitted the received data by different sensor
nodes to a remote database by using Time Division Synchronous Code Division Multiple
Access (TD-SCDMA) technology that corresponds to the 3G wireless standard proposed
by China independently, thus the user accessed via Internet to the crop environmental
information. The experiments were oriented to define the maximum distance between two
nodes, as well as the recommended height to place the nodes, both test at 2, 2V that is
the minimum operating voltaje of the nodes. Based on this, they defined the appropriate
transmission power to minimize energy consumption, and achieve stable system operation.
The maximum transmission distance required per single jump was 28, 3 meters, considering
the crop density, the monitoring area, and the gateway node location. The recommended
height of the nodes was 1, meter given that it corresponds to the maximum height that
the tomato crop can reach, and after this value the signal reception threshold did not
increase significantly, furthermore because it is an appropriate height to facilitate the
nodes maintenance tasks. The results revealed that the communication distance reached
32 meters with the minimum operating voltage and at 0-dBm of transmission power.
This value was appropriate since it exceeded the maximum permitted communication
distance for a single hop transmission. Another experiment carried out in this work was
the calculation of the theoretical network life-time, which is defined as the time when
the first network node is out of service. For this purpose, the authors used parameter
information such as the theoretical hardware consumption of the nodes, the sampling
frequency, the transmission duration, and the recommended transmission power. The
results showed that the network can theoretically operate approximately 400 days, and in
practice the network was in operation for 314 days with all active nodes [130].
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A similar study was proposed by Demirbas et al., which exposes the design, development,
and deployment of a WSN with ZigBee technology in star topology, and accessible over the
Internet for monitoring the temperature, humidity, and lighting in a tobacco greenhouse
located at the University of Buffalo in New-York. The sensor nodes were named as
Internet-Sensor Integration for Habitat Monitoring (INSIGHT), and these were designed
in order to extend the WSN lifetime, to enable remote queries and configurations, and to
provide real-time data with high fidelity. The node hardware was designed with low power
Tmote-Sky devices manufactured by MoteIVT M , and these were configured by using the
TinyOS operating system in a version that includes support for Hardware Presentation
Layer (HPL) that manages the power of the CC2420 wireless communication module.
The star and single-hop topology of the network also contributed to the energy efficiency
of the nodes, since if a node has no data to report it can remain asleep without having
to wake up to forward messages from other nodes. A further energy saving technique
implemented in this work was called Delta Reporting, where the sensor node operated in
1-minute cycles. The changes between the current sample, and the cumulative average
were calculated in each cycle, if the change was within the acceptable delta range, the
node went back to sleep without informing at the base station, otherwise, the node sent
the sample reading in real-time. The average cumulative lectures are reported to the base
station, only after 20 consecutive working rounds without any significant changes in the
acquired measurements.The base station hosted a web server, and a database where the
measurements were stored, the users were able to access the data through the website
address of the base station. The user interface was provided with functionalities such
as the data visualization through individual graphs or comparisons between variables,
the subscription to receive alerts when a measurement exceeded the previously defined
threshold values, as well as the modification both of the sampling frequency and of the
threshold values of each variable. The tests developed in this study determined that the
average consumption of the nodes with the transceiver turned off (sleeping node), and
configured with both HPL and Delta Reporting technique was 0, 27mA compared to 22mA
of a conventional system, which meant a savings factor of approximately 100. The average
voltage drop of the node batteries was 0, 13V in a period of 20 days, the authors indicated
that the nodes could be operational for approximately 184 days, taking into account that
the nodes can operate properly until the battery drops below 1.8V [131].
Regarding the application of efficient routing methods, we can mention the work done by
Chi et al. that proposes the WSN design based on ZigBee technology and hierarchical tree
topology to monitoring the variables PH, temperature, and soil humidity in a greenhouse
whose dimensions and location are not specified in the article. The WSN was formed by
48 sensor nodes, 8 CH nodes, and a coordinator node. The sensor nodes incorporated a
MSP430F149 microprocessor and a CC100 communication module, both of low power,
the function were sensing the soil condition of the greenhouse, and timely sending the
current measurements acquired values to the CH node, whenever a condition has occurred
outside the previously set ranges. Since the study was focused on enhancing the energy
efficiency of the WSN, a slot management protocol was applied in its design, by using
a slots programming algorithm to resolve the beacon conflict. Therefore, when a sensor
node needed to send data packets, it automatically selected the nearest CH node, thereby
minimizing the total energy and time consumption. The CH nodes received the data
from all the neighboring nodes, so they required a meeting complex algorithms to avoid
collisions, and it used an ARM LPC2131 microprocessor with high performance and ultra
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low power. The GUI was designed as a web application by using the ASP.NET web
development model, and MicrosoftT M SQL. The platform was programmed to receive the
environmental data packets through the serial interface of the coordinator node, and to
issue alerts at users when the system detects abnormal environmental conditions [132].
Another similar study was proposed by Nikolidakis et al., where an energy-efficient
WSN system was designed for the automated management of the irrigation system in five
non-uniform area parcels. The WSN used ZigBee wireless technology with hierarchical
cluster topology, and the energy savings of the nodes was achieved through the routing and
energy conservation protocol for WSN, called Equalized Cluster Head Election Routing
Protocol (ECHERP). This protocol developed a dynamic routing based on the proper
selection of the CH network nodes by modeling the network and the energy consumed by
the sensor nodes to transmit data at the base station. This protocol developed a dynamic
routing based on a Gaussian elimination algorithm, which selected the proper CH nodes
based on the information about the energy level, and the location sent by the nodes to
the base station. Another contribution of this research was the water saving, and the
authors calculated the water quantity needed for cultivation on the basis of historical data
of sunshine hours per day, temperature, relative humidity, and air velocity, as well as the
current changes of soil temperature and humidity values. The data collection frequency was
higher when the current measurements exceeded a previously established threshold, and
the water quantity was reduced to a minimum. On the contrary, the sampling frequency
decreased when the acquired measurements were below the threshold level, thus saving
the sensor energy, and prolonging the WSN lifetime. The routing technique was validated
in a simulated environment where a 10 hectarea greenhouse was considered, and 100
homogeneous sensor nodes were deployed. The coordinator node was located at 100 meters,
and each node was considered to generate one data package per test round. The results
showed that the network lifetime by using ECHERP reached 1825 minutes [133].
Microclimate Control Strategies
The WSN development may also require the inclusion of control elements (actuator
nodes) for improving the climate management inside the greenhouse, and in this in which
case the communication infrastructures are known as the Wireless Sensor and Actuator
Networks (WSAN). The scientific literature also reports research developed in this field,
such as the study carried out by Baviskar et al., where they presented a WSAN design
based on ZigBee technology in star topology with four sensor nodes and two actuator nodes.
All nodes incorporated an ATMEGA 328 microcontroller, and an XBee S2 communication
module. The actuator nodes also included the relay control circuits for ON/OFF control of
the fan, pump, lights, and sprinklers. The communication module of the coordinator node
was connected to a computer through the Universal Asynchronous Receiver-Transmitter
(UART) port, and the data could be visualized in an LCD incorporated in each sensor
node, or through a local access HMI developed in Java. The article does not specify the
network test scenario, and the results are limited to the visual analysis of the behavior
over time of the variables at temperature, relative humidity, illumination, soil humidity,
and total system consumption, as well as to validated the remote operation of the control
systems [134].
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The research developed by Yoo et al. also deployed a WSAN for monitoring the variables
of illumination, temperature, and relative humidity by using ZigBee technology, and it was
made up of 25 sensor nodes, 1 actuator node, and 3 sink nodes, which were distributed
with tree topology. The experimentation scenario consisted of three greenhouses located in
the Dongbu Handong Seed Research Center in Korea. In one of the greenhouses the melon
was grown and also included the actuator sensor for ON/OFF control of the illumination
system, whereas in the other two greenhouses the cabbage was cultivated. All nodes were
based on microcontrollers and transceivers compatible with ZigBee, which were configured
under the ANTS-EOS operating system that supports multiple WSAN platform,s and is
based on C programming language. The data from the sink nodes were sent via RS232
to a base station, and they were transformed into TCP/IP datagrams, which in turn
were transmitted via WiFi to a management subsystem located at 500 meters of the
greenhouses. This subsystem consisted of a database and a web server used to develop a
farmer-friendly mobile application. The experimentation of this work was oriented to the
study of the real scope of the nodes with respect to the theoretical coverage range, and to
the analysis of the impact of the configuration of the microcontrollers in standby mode by
means of an external timer with respect to the energy consumption in the nodes. The
results showed that the maximum separation distance between nodes was reduced to 20
meters compared to the theoretical 70 meters, due to electromagnetic interference and
the dense crop foliage. The authors also verified that the use of the external timer in the
microcontrollers was not the most appropriate energy saving technique, since it caused
a lack of synchronization between the activation of the sensor node and the sink nodes.
Besides, the energy consumption increased considerably, which caused data loss due to
the batteries of some nodes being exhausted much earlier than expected [135].
Other study focused on WSAN design was proposed by Al-Aubidy et al., but in this
case they applied WiFi wireless technology and fuzzy logic algorithms to control the
environmental parameters on five greenhouses of 60 square meters each, and located in
Philadelphia University-Jordan. The variables lighting, soil moisture, temperature, and
relative humidity were monitored in each greenhouse by using a sensor/actuator node
equipped with an ATMEGA 2560 microprocessor, an Ethernet Shield for connection to a
WiFi router, as well as with control elements such as motors and valves. The WiFi routers
of each greenhouse were connected to the Internet, and the data were displayed on a web
page that also included the option to remotely control ON/OFF for the ventilation and
irrigation systems. The study included tests of website functionality for monitoring, and
control tasks, as well as simulations of fuzzy control algorithms by using MatlabT M , a both
tests were successful [136]. Another method of controlling the greenhouse microclimate is
the WSAN combined with event based control systems that have been proposed in the
works of Chaudhary et al. [137], and Pawlowski et al. [138], whose purpose was to reduce
the network node energy consumption through timely control actions, and in the strictly
necessary times. Both studies controlled the greenhouse ventilation system based on the
analysis of disturbances such as outside temperature and wind speed. The algorithm was
designed to send a control signal only when the difference between the current and the
previous measurements (δ) of the variables temperature and relative humidity exceed 3%
or 5%. The δ values were calculated based on the authors’ experience, and after three
years of data analysis in [138]. The WSAN in [137] was made up of 50 sensor/actuator
nodes that were deployed in a chilli pepper greenhouse of approximately one hectarea. One
the other hand, the WSAN experimentation scenario of [138] was a simulated environment
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based on the greenhouse climate model in a temperate winter season, and it was developed
by Rodrı́guez in [139]. The original data used for the model and for the simulations
described in this paper were measured from a Parral greenhouse, located at Fundación
Cajamar (El Ejido, Almerı́a, Southeast Spain). The experimental tests carried out in [138]
showed that the control signal switching of the proposed system was reduced by more than
80% compared to traditional time control systems, which significantly saved the nodes
consumption.
Microclimate Prediction Methods
A further field of WSN research for greenhouses is the development of prediction
and modeling methods for the environmental signals. In this field, Rodrı́guez, S. et al.
implemented a WSN with ZigBee wireless technology in tree topology with two sensor
nodes and two router nodes. The sensor nodes incorporated in their design an Arduino
Mega processing card and an XBEE S2 communication module, and they were linked to a
coordinator node equipped with a Raspberry PI card for sending data to a central big-data
repository. The mobile application developed to visualize environmental information in
real time and in a format easily understood by the farmer was compatible with any web
browser or mobile platform, and the data update time was less than 10 milliseconds.
The capability to parameterize the optimal conditions for the different roses varieties
was also included in this application. The WSN was installed in a roses greenhouse of
unspecified dimensions located in the central region of Ecuador, and the variables lighting,
temperature, relative humidity and soil humidity were monitored. The relevant tests
of this work were oriented to the analysis of the measurements reliability of each node
according to the number of installed sensors, and the latency between the information sent
and the one received. The study also included the development of a prediction system
of the environmental conditions applying the tool under General Public License (GPL)
license called Waikato Environment for Knowledge Analysis (WEKA) for data mining.
The prediction model was developed by three methods, namely linear regression, neural
networks, and Support Vector Machines (SVM). The effectiveness of the machine learning
methods was evaluated using the correlation coefficient, the absolute mean error, and
the relative error. The results revealed that the SVM tool provided the best model of
environmental scenarios. The modeling was based on historical data of the same variable
and did not included the multivariable analysis. At the publication date of this article,
the learning tool was still in the data collection phase in order to improve the accuracy of
the resulting models for each variable [140].
Ting et al. also developed a WSN with ZigBee technology in star topology, and they
applied neural networks as machine learning tools, though the objective of this work was
focused on the CO2 concentration management to contribute to a suitable process of
tomato photosynthesis in the flowering phase. The WSN was installed in a 50 square meter
greenhouse, and with respect to the previous research, it included the C02 concentration,
soil temperature, and soil humidity variables. The sensor nodes were designed by using
JENNIC microprocessors and XBEE communication modules, and the coordinator node
also included a GPRS module to access to a web server. The remote management system
was presented in a web page, and it included the data visualization functions in real
time through figures or tables, as well as the access to the CO2 concentration suggestions
required according to the environmental conditions. The correlation coefficient and the
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mean quadratic deviation were used in the evaluation of the modelling performance. The
results revealed that the model is appropriate for a quantitative evaluation of CO2 in
tomato crops, thus improving the photosynthesis process [141].
This review reveals that the WSN in greenhouses are widely used, and that the
investigations are oriented to diverse aspects such as hardware and software development,
appropriate nodes location, energy saving, control strategies, and modeling of environmental
conditions, among others. The topics proposed in this Doctoral Thesis strengthen in a
transversal way the analysis of several of the topics addressed in this section.

2.4

Random Signals and Stochastic Processes

This section deals with the conceptual basis of statistical analysis tools for stochastic
signals of energy consumption and environmental measurements, both acquired on the
nodes of the three WSN proposed in this Thesis. First, the generalities and moments
of the random variables, as well as the most common probability distributions, are
described. After this, the basic concepts of stochastic processes, as well as their temporal
properties and the typical parametric models, are explained. Afterwards, aspects related to
rhythmometric analysis and cosinor adjustment method are described, both of them used
here as characterization tools for stationary cycle processes. The bootstrap resampling
technique as a mechanism for nonparametric statistical analysis is also exposed. Finally,
topics related to descriptions based on information theory, entropy, and MI as methods of
dependency analysis among random variables are summarized.

2.4.1

Random Variables

A random variable, also called stochastic variable, is one whose possible values are the
result of a random phenomenon. The random variable, symbolized by X, is formally
defined as a measurable function that associates a numerical value x to each elementary
event or possible result of a sample space S resulting from an unpredictable process, and
it is represented as:
X : x  S → X(x)  R

(2.1)

A random variable by itself is only a description of the states that are possible, so it
must be accompanied by a probability distribution to describe the probability that the
variable or a set of variables take one of the possible states, or that its value falls in a given
interval. The description process of the probability distribution depends on the random
variable type, which can be discrete or continuous [142].
A random variable is discrete if the possible states are finite or accounting finite. These
states are not necessarily integers, buy they can also be named simply as states that
are not considered to have any numerical value. Discrete random variables generally
represent count data, such as the child number in a family, the patient number in a medical
consultation, the defect number in a sample of n articles, and the errors in a transmitted
message, among others. Discrete random variables are described through the Probability
Mass Function (PMF) denoted by p(x) = P (X = x). The ordered pair [x, p(x)] is a PMF
of the random variable X, if the following properties are satisfied [143].
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• The p(x) domain corresponds to the set of all possible states of X.
• An x impossible event has a probability of 0, and no state can be less likely than
this value. In the same way, an x event that is guaranteed to occur has probability
of 1, and no state can have a greater probability of it occurring, that is:
∀ x  X, 0 ≤ p (x) ≤ 1

(2.2)

• The sum of the occurrence probabilities of the different states of X is 1, which is
known as the normalization property.
X
p (x) = 1
(2.3)
X

In general, the PMF of the X discrete random variable of a set of possible values x  [a, b]
of the sample space S is defined as:
P (a ≤ X ≤ b) =

b
X

p (x)

(2.4)

x=a

Several studies need to know the probability that an observed value or state of the discrete
random variable is less than or equal to a given value xi , in which case the Cumulative
Distribution Function (CDF) denoted by F (x) is applied, and it is calculated through the
following expression [143]:
F (x) = P (X ≤ x) =

xi
X

p (x)

(2.5)

x=−∞

Conversely, a random variable is continuous when it adopts an infinite number of possible
values on a continuous scale. Most practical processes are given by have continuous random
variables that represent measured data, such as the PH of a rain sample, the greenhouse
environmental temperatures, a telephone call duration, or the energy consumption of the
WSN nodes, among others. The probability that a continuous random variable reaches
exactly one value is null, so unlike discrete random variables its probability distribution
cannot be presented in tabular form. However, the probability distribution can be presented
as a function of the numerical values of the continuous random variable, known as the
PDF expressed as f (x) = P (X = x). A function f (x) is categorized as a PDF of the
continuous random variable X when it satisfies the following properties [144]:
• The f (x) domain corresponds to the set of all possible states of X.
• The occurrence probability of a x value is greater than or equal to 0, that is:
∀ x  X, f (x) ≥ 0

(2.6)

• The area below the f (x) curve limited by the abscissa axis is always the unit, i.e.:
Z +∞
f (x) dx = 1
(2.7)
−∞
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In general, the PDF of X continuous random variable of a set of possible values x  [a, b]
of the sample space S is defined as:
P (a ≤ X ≤ b) =

Z

b

f (x) dx

(2.8)

a

The CDF of the X, whose PDF is f (x), is determined by:
Z x
F (x) =
f (t)dt

(2.9)

−∞

The variables analyzed in this Thesis have a continuous nature, therefore, the topics
addressed below only correspond to continuous random variables.
Moments
The localization measures called mode and median provides a summary for the PDF
characterization. The mode is the x value of the random variable with the highest repetition
probability, though a random variable can have two or more relative maximums, in which
case the PDF is categorized as a multimodal distribution. The median instead represents
the x value of the random variable whose position is central with respect to the total data
set of the sample space S, which means that it corresponds to x point where F (x) = 0, 5
[145]. Both metrics provide an overview of the data distribution, however, they are not
sufficient for the detailed characterization of the PDF, hence it is necessary to include the
study of other location measures known as moments of the random variable.
The moments of a random variable are defined as the the expected values of certain
functions of this variable, which constitute a collection of descriptive measures that can be
used to characterize and specify the PDF. Formally, the k-order moment of the X random
variable is denoted as E(X k ), as long as the statistical expectation symbolizes as E exists.
[62].
The first order moment is related to the PDF position, and is known as mathematical
expectation E(X) or mean µx . The mean is defined as a central trend measure, since it
is a numerical quantity around which the random variable values tend to bundle. The
first order moment of the PDF of a continuous random variable X is formally defined as
[146, 147]:
E(X) = µx =

Z

+∞

xf (x)dx

(2.10)

−∞

The mean of a random variable is a metric of particular statistical relevance because
it describes the location of the PDF. However, this measure alone does not provide an
adequate description of the distribution shape, therefore, it is also necessary to analyze
the PDF variability.
The second order moment, called variance, is often symbolized as VAR(X) and it
quantifies the dispersion of the PDF around its mean. The variance corresponds to the
mean of the square deviations of the random variable values with respect to their mean.
Formally, the second order moment of the PDF of a X continuous random variable is
given as [62]:
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VAR(X) = E[(X − µX ) ] =

Z

+∞

−∞

(x − µx )2 f (x)dx

(2.11)

The expression x − µX is known as the deviation of an observation relative to its
mean. The variance will be much smaller for a set of x values that are close to the mean,
compared to those that are considerably distant. The standard deviation, symbolized as
σx , is commonly used instead of the variance, since its units are the same as the random
variable, and it is determined by [146, 147]:
p
σx = VAR(X)
(2.12)
Besides the first and second order moments, called mean and variance, respectively, it
is possible to define superior order mathematical expectations. The third-order moment
denoted by E(X)3 is a measure of the PDF asymmetry or bias, and the fourth-order
momentum identified as E(X)4 is a quantification of the PDF pointing or kurtosis. These
moments determine more precisely how data are distributed along the PDF curve, so they
are also known as first- and second-degree form factors, and they are determined by the
following expressions [62]:
Z +∞

1 
1
3
3
E(X ) = 3 E (X − µX ) = 3
(x − µx )3 f (x)dx
(2.13)
σx
σx −∞
Z +∞

1 
1
4
4
E(X ) = 4 E (X − µX ) = 4
(x − µx )4 f (x)dx
(2.14)
σx
σx −∞
The moments are not always easy to calculate analytically, therefore, the use of a
moment generator function denoted by MX (u) is appropriate in many cases, which is
determined by the expression:
Z +∞
uX
ux
MX (u) = E(e ) =
e f (x)dx
(2.15)
−∞

uX

as long as the integral is convergent, and when the expected value E(e ) exists for u > 0
(necessary condition for MX (u) is to be differentiable for u = 0). The MX (u) function is
called moment generator because the E(X k ) moments can be defined when this function
is derived and evaluated in an environment of u = 0 , that is to say [148]:
∂k
MX (u) | u = 0
(2.16)
∂uk
The characteristic function of the random variable is denoted by ϕX (u), and it should
be used when the MX (u) is not convergent. This function is based on the MX (u) integral,
but it includes a complex exponential function, and it is calculated by:
E(X k ) =

juX

ϕX (u) = E(e ) = E[cos(uX)] + jE[sin(uX)]
Z +∞
Z +∞
ϕX (u) =
cos(ux)f (x)dx + j
sin(ux)f (x)dx
−∞
k

(2.17)
(2.18)

−∞

In this instance, the E(X ) moments would be determined by the following expression
[149]:
j k E(X k ) =

∂k
ϕX (u) | u = 0
∂uk

(2.19)
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Typical Probability Distributions
This section describes some standard PDF for continuous random variables, which are
widely used in scientific experimental scenarios.
The Normal Distribution, also called Gaussian Distribution, is the most used PDF
in the statistical field because it provides an approximate description of many natural
phenomena in the scientific and technological field, such as physical measurements in areas
like meteorological experiments, precipitation studies, noise level in telecommunications,
individual morphological characters as height and weight, and errors in scientific measurements, among others. The Normal Distribution of the continuous random variable X with
values x  R is determined by moments µx and σx , and it is given by following [150]:
1
2
1
e− 2σ2 (x−µx )
N (x, µx , σx ) = √
2πσx

(2.20)

Figure 2.3 illustrates several standard distributions, where µx corresponds to the
abscissa of the central peak (mode), as well as the distribution midpoint, the inflection
points correspond to the (x ± µx ) abscissas, and the PDF curves approaches the horizontal
axis asymptotically as the data deviate to the mean. The bell proportions of the PDF
are inversely related to σx , i.e., the data dispersion around the mean is more pronounced
as σx increases, and therefore the bell tends to flatten. Overall, about 68% of the area
under a normal distribution curve is within µx ± σx , and about 95% of the data are within
µx ± 2σx . When µx = 0 and σx = 1, the distribution is known as normal standard, and it
is commonly used for probability estimation [151].

Figure 2.3: Normal probability distributions.
The Normal Distribution is a reasonable option for many applications where previous
knowledge of the data probability distribution is not known, which is generally justified
by two reasons. First, the Central Limit Theorem states that the addition of independent
random variables with finite variances converges into a normal distribution, as long as the
observations number for each random variable is large enough. This means that many
complicated systems can be successfully modeled as normally distributed. Second, the
normal distribution is the PDF that introduces the least amount of prior knowledge in
a modeling study, and many results and methods such as uncertainty propagation, and

34

Random Signals and Stochastic Processes

Figure 2.4: Gamma probability distributions.
least-squares parameter adjustment can be derived analytically and explicitly when the
relevant variables are normally distributed [146, 152].
The Normal Distribution is practically null at a several deviations from the mean, so
it is an unsuitable option for experiments where a significant amount of data are deviatet
considerably from the mean, and statistical inference methods such as least squares become
unreliable. The Gamma Distributions is one of the most appropriate options in these
instances, since their queues are more heavy. Against this background, the Gamma
Distributions performs an important role in both queues theory and reliability problems,
and it is widely used to model continuous positive variables that have biased distributions.
This distribution derives its name from the so-called Gamma function Γ(α) which is studied
in many mathematical areas, and it is determined by the following expression [147]:
Z +∞
Γ(α) =
xα−1 e−x dx, α > 0
(2.21)
0

The Gamma Distribution of the continuous random variable X with values x > 0 is
influenced by the form parameter α and by the speed or scale parameter β, both greater
than zero, and it is determined by [147]:
f (x, α, β) =

1
β α Γ(α)

x

xα−1 e− β

(2.22)

Figure 2.4 shows several Gamma Distributions graphs, where parameter β has the
effect of stretching or compressing the distribution range, while parameter α allows to
control the shape of the distributions family. The distribution is exponentially formed and
asymptotic to both the vertical and horizontal axis when α < 1, while the distribution
assumes a biased mound (unimodal) shape when α > 1, and the asymmetry decreases as
the shape parameter α value increases [153].
The Exponential Distribution is a special case of the Gamma Distribution for α = 1,
and it constitutes a relevant instrument of the Reliability Theory. This distribution is
a suitable model for random phenomena measuring the time that elapses between the
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occurrence of two events. The Exponential Distribution is widely used in the estimation
of the failure time of components and electrical systems, as long as this failure is not
the consequence of the gradual wearing down in time (for example the mechanical wear),
which is possible thanks to the memory- lack property that characterizes this distribution
[147, 154].
The Chi-square Distribution is another special case of the Gamma Distribution, and it
is an important component of hypothesis testing and nonparametric statistical estimation.
The parameters for this function are defined by α = k/2 and β = 2 , where k is a positive
integer that represents the freedom degrees. The Chi-square Distribution of the continuous
random variable X with x > 0 values corresponds to the distribution of the squares
sum of the independent random variables of k, and it is calculated through the following
expression [147, 155]:
x
1
k
f (x, k) = k k x 2 −1 e− 2
(2.23)
2 2 Γ( 2 )
Figure 2.5 shows some Chi-square Distributions graphs. Note that the functions are
positively biased in all cases, and the bias inclination is reduced as the freedom degrees k
are increased, which means that the functions with high k values tends to approximate to
the Normal Distribution. This distribution is not often applied in the direct modeling of
natural phenomena as occurs with the more familiar distributions such as Normal and
Exponential, but rather it is used as a tool in the common Chi-square Tests to determine
the fit goodness of an observed distribution with respect to a theoretical one, when the
sample number is considerable [156].

Figure 2.5: Chi-square probability distributions.

2.4.2

Stochastic Processes

The study of random variables carried out so far has explored the characteristics of a
random phenomenon on the assumption that the stadistical properties of those variables
remain constant over time. However, many random experiments in the scientific field
involve the study of phenomena that evolve over time in a non-deterministic manner,
as in the case of the climate behavior in a given geographical region, the noise in a
communication system, the stock exchange index, and the seismic signals, among others.
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In this context, time series and stochastic processes are essential in the creation of models
to characterize and predict the time evolution of a set of random variables.
A time series is a sequence of data or observations of a variable, which are acquired
in several time moments and chronologically ordered. The time series can be stationary,
non-stationary, and/or seasonal according to the data evolution over time. The time series
are stationary when the data variability and the mean remain constant over time, in
contrast to non-stationary time series where data show a trend, i.e. the mean increases
or decreases (or both) throughout time, whereas seasonal time series are characterized
because the behavior of the observations is similar in certain time intervals. The analysis
of the time series combined with the stochastic processes theory allows to predict the
random phenomena behavior through time [157].

A stochastic process X(t) is a collection or family of random variables xjt analyzed
in j t h realizations of a sample space S, and parameterized by a set T , which is usually
the time. All variables in the process have their own probability distribution that may be
related or unrelated both to other variables. Formally, a stochastic process is denoted as
[158]:

X(t) = xjt , t  T ⊂ R , j  S ⊂ N

(2.24)

The stochastic processes are classified as a function of the index dimension t as processes
in discrete time, and processes in continuous time. Figure 2.6 shows several time series
examples of these processes. The stochastic processes in discrete time,also called random
sequences, are characterized because T is numerable, and it usually corresponds to the
positive integer set or a subset of them. In these processes it is usual to use the index n
instead of t, so the process is denoted by [159]:

X[n] = xjn , n  N ⊂ Z , j  S ⊂ N

(2.25)

The stochastic processes in discrete time may involve the study of discrete random
variables such as Bernoulli processes (Figure 2.6a) to analyze the success or failure
probability of an event, or the analysis of continuous random variables like a Poisson
process (Figure 2.6b) to determine the duration of a telephone call [159].
The stochastic processes in continuous time are characterized because T is not numerable, and it normally corresponds to the positive real set or a subset of them, whose
notation is the one indicated in Equation 2.24. These processes can study discrete random
variables, such as Poisson processes, to analyze the occurrences of an event in a given time
interval (Figure 2.6c), or the analysis of continuous random variables such as the Gaussian
processes to analyze the noise in a communications system (Figure 2.6d) [159]. Based
on the nature of the processes studied in this Thesis, the concepts described below are
oriented to stochastic processes in continuous time and continuous random variables.
A stochastic process in continuous time is fully described if the Joint Density Function
(JDF), or also called finite-dimensional distribution of the group of random variables
that constitute the process is known. Formally, the JDF of a subset of random variables
obtained from the j th realizations of a process X(t) is given by [146, 159]:
P



xjt

j

S ⊂ R



=

Z

x1t

...

Z

xjt

f (x1t , . . . , xjt )(x1t , . . . , xjt )dx1t . . . dxjt

(2.26)
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(a)

(b)

(c)

(d)

Figure 2.6: Time series of typical stochastic processes. (a) Bernoulli process in discrete
time. (b) Poisson process in discreet time. (c) Poisson process in continuous time. (d)
Gaussian process in continuous time.
The finite-dimensional distribution provides the probability of any event involved in
the stochastic process, however, in most studies it is not possible to know the JDF in
detail. In these cases, the moment functions obtained through the statistical moments of
the random variables involved in the process are necessary. The most relevant moment
functions are the mean, the autocorrelation, and the autocovariance, which correspond to
partial description metrics of a stochastic process [62, 146, 159].
The mean function of the random process X(t) is defined as:
Z +∞
µxj (t) = E [xj (t)] =
xt f (xt ) dxt , t  T
(2.27)
−∞

The autocovariance function of the stochastic process X(t) is defined from the joint
central moment of two random variables distant in time τ , and it is calculated by the
equation:
Cxj (t, t + τ ) = E [(xt − µx (t)) (xt+τ − µx (t + τ ))]

(2.28)

The developed expression is given by:

Cxj (t, t + τ ) =

Z

+∞

−∞

Z

+∞

−∞

(xt − µx (t)) (xt+τ − µx (t + τ )) f (xt , xt+τ ) (xt , xt+τ ) dxt+τ dxt
(2.29)
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The autocorrelation function of the stochastic process X(t) is defined from the joint
moment of two random variables distant in a time τ , and it is calculated by the expression:

Rxj (t, t + τ ) = E [xj (t) · xj (t + τ )] =

Z

+∞

−∞

Z

+∞

xt xt+τ f (xt , xt+τ ) (xt , xt+τ ) dxt+τ dxt

−∞

(2.30)
The difference between Equations 2.29 and 2.30 is the product of the means, which
means that for centered processes with zero mean, the autocovariance function coincides
with the autocorrelation function.
The covariance and autocorrelation functions associated to a stochastic process are
very relevant because they provide information about the linear interdependence between
two random variables far away in time τ , the linear correlation coefficient is a parameter
that quantifies this variable relation, and it is calculated with the following equation:
ρxj (t, t + τ ) =

Cxj (t, t + τ )
σxj (t) σxj (t+τ )

(2.31)

The plot of the autocorrelation coefficient over delay is commonly called as Simple
Autocorrelation Function (SAF), and it is used to estimate the change rate of the values
of process observations collected for two close time instants. The SAF is high when the
values are similar, and it is low when the difference between values is strong [66, 160].
Stationary Stochastic Processes
Stationary stochastic processes satisfy the seasonality property, and they are widely
used in the field of random signal analysis. This property specifies that the probabilistic
behavior of a process depends only on the time difference, and not on the position, that is
to say that the statistical properties of the process do not change in time. These processes
can be either Wide-Sense Stationary (WSS) or Strictly Stationary (SS). The stochastic
process X(t) is WSS when the mean and the autocovariance are stable over time, therefore
the correlation between random process variables depends only on the distance in time τ
that separates the variables, so that these conditions are represented as [159, 161]:
µxj (t) = µxj (t+τ ) ,

∀τ R

Cxj (t1 , t2 ) = Cxj (t1 + τ, t2 + τ ) ,

(2.32)
∀τ R

(2.33)

On the other hand, the stochastic process X(t) is SS when besides satisfying Equations
2.32and 2.33, the PDF are identical for all process variables, and the JDF for any variable
set xjt depends only on the delays τ , that is to say [62]:
P



xjt



=P



xjt+τ



,

∀τ R

(2.34)

The strict sense seasonality is a very strong condition, and it is difficult to verify in
practice. For this reason, the SS processes are commonly conceived as WSS processes,
since their characterization depends on the moment functions of first and second order,
and this facilitates the development of signal processing algorithms.
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The SAF presents several characteristics that facilitate the identification of the stationary processes, the most relevant of which are the following [62, 162]:
• The SAF is an even function, this is: ρxj (t, t + τ ) = ρxj (t, t − τ ).
• The SAF variation interval is [−1, +1], and its reaches the maximum value in zero,
so that: ρxj (t, t + τ ) < ρ (0) .
• The SAF includes a component with non-zero mean, and it can include periodic
components that correspond to the periodicity components of the process.
• The SAF of stationary processes decreases rapidly and it is persistence along τ , while
for trend processes, the SAF decreases very slowly along τ .
Power Spectral Density of WSS Stochastic Processes
The previous topics characterized the stationary stochastic processes in the time
domain, however, the study of the process in the frequency domain is necessary for many
applications of the research field, which is known as spectral analysis. The Power Spectral
Density (PSD) is the function of the frequency that characterizes the power distribution of
the stochastic process over the different frequencies ω that conform this process. The PSD
is represented by a positive and real mathematical function, whose area is not necessarily
equal to one as occurs with PDF, and it is widely used to identify hidden periodicities of
random phenomena signals as well as to estimate the entropy of a stochastic process. The
PSD of deterministic processes is calculated through the Fourier Transform, whereas the
PSD of WSS stochastic processes is determined by using the estimation techniques that
can be nonparametric or parametric [159, 163].
The nonparametric PSD estimation applies the Fourier Transform, but it incorporates
to the analysis the autocorrelation function that measures the process change rate in terms
of probability. Hence, the PSD of a WSS stochastic process X(t) is defined as the Fourier
Transform of the autocorrelation function, and it is determined through [164, 165]:
Z +∞


Sxj (ω) = F Rxj (t, t + τ ) =
Rxj (t, t + τ ) e−iωτ dτ
(2.35)
−∞

The Einstein- Wiener- Khintchine Theorem argues that reciprocally the autocorrelation
function can be determined from the PSD of process X(t) by:
Z +∞


1
−1
Rxj (t, t + τ ) = F
Sxj (ω) =
Sxj (ω) eiωτ dω
(2.36)
2π −∞

Equation 2.35 is valid as long as the integral of the Fourier Transform converges, but in
most practical applications it is not feasible. For these cases, the PSD is initially analyzed
for a time window A  [−a, a], i.e., the sub-process of X(t) is defined by [62, 163, 166]:

x (t) , −a ≤ t ≤ a
XA (t) =
(2.37)
0
otherwise
The sub-process XA (t) is absolutely integrable due to the compact support of the time
window, and the Fourier integral for one realization is defined as:
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Z a
1
GA (t) = √
x (t) e−iωt dt
2π −a
Therefore, the partial PSD of one realization is calculated by:

(2.38)

|Ga (ω)|2
(2.39)
Se (ω) = lim
a→∞
2a
Equation 2.39 employs the notion of power as energy by time in order to provide
a finite spectral density. However, the purpose is to characterize the total PSD of the
stochastic process, and not just a single realization. Hence, the Se (ω) average from the j th
realizations is calculated, this is:
"
#
|Ga (ω)|2
S (ω) = lim E
(2.40)
a→∞
2a
This method is appropriate for ergodic processes that are characterized because the
functions that involve their expected values along the j th realizations, such as integral or
statistical averages, can be obtained from one representative realization of the stochastic
process. The non-parametric estimation techniques are appropriate options for other
processes. The non-parametric estimation techniques are appropriate options for other
processes, such as the Auto-Regressive (AR) model or the Moving Average (MA) model,
whose parameterization is based on linear prediction techniques [62, 158, 167].
The AR and MA Models
A process is AR if the current value of the random variable can be explained based on
observations of itself in previous time periods. On this basis, a WSS stochastic process
can sometimes be expressed as a linear combination of past values, plus an error term, as
long as the process is ergodic, not anticipatory (the values of the variable in an instant
of time do not depend on future values), and invertible (the past values effect decreases
over time). The order p of an AR model is a parameter that determines the delayed
observations number used in predicting the current value of the process variable, therefore,
the complexity of the process formulation depends directly on this parameter. The AR
model of order p, symbolized as AR(p) for one realization of the stochastic process X(t),
is given by [161, 167, 168]:
xt = φ0 + φ1 xt−1 + φ2 xt−2 + . . . + φp xt−p + εt

(2.41)

where φ0 , . . . , φp are the model parameters that can be estimated for instance by Linear
Least Squares (LLS) adjustment or by the moments method. The term εt is the model
error and it is usually referred to as white noise or as the innovation, because it represents
the new information acquired from the process at each analysis instant. The error signal
is characterized because the mean is null, the variance is constant, and the covariance
between errors from different observations is null. Equation 2.41 is normally depicted in
abbreviated form as:
φp (L) xt = φ0 + t
(2.42)
where φp (L) is known as the delay polynomial operator of order p, which corresponds to
the model parameters, and it is defined by:
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(2.43)

The term L is known as the delays operator, and it is given by :
Lp xt = xt−p

(2.44)

The AR models of low orders, like AR(1) and AR(2), are the most used ones [168].
The AR model is suitable for processes with relatively long memory, since the current
value of a time series is correlated with all the previous ones, although with decreasing
coefficients when delays increase. However, the AR model is not appropriate for very
short memory time series, where the current value is correlated with a limited number
of previous observations, and therefore the autocorrelation coefficients other than zero
are scarce. The MA models have the short memory property and are described below
[161, 169].
The MA model explains the value of a certain variable in a time instant as a function of
an independent term, and an error succession from previous periods, conveniently weighted.
The WSS stochastic process can be specified through an MA model, as long as they meet
the conditions previously cited for AR models. The MA model of order p, symbolized by
MA(p), of one realization of the stochastic process X(t) is described as [168, 167]:
xt = µx + εt + θ1 εt−1 + θ2 εt−2 + . . . + θp εt−p

(2.45)

where θ0 , . . . , θp are the model parameters, εt , . . . , εt−p are the white noise error terms;
and µx is the mean of the temporal series. The adjustment methods of these parameters
are more complicated than in AR models because the delay times of εt are not observable,
therefore, linear adjustment processes such as least squares are not effective. Equation
2.45 is normally represented in abbreviated form as:
xt = θp (L) εt + µx

(2.46)

where L is the delay operator shown in Equation 2.44, and φp (L) is the delay polynomial
operator of order p, which corresponds to the model parameters, and it is given by:
φp (L) = 1 − θ1 L − θ2L2 − . . . − θp Lp

2.4.3

(2.47)

Cycle-Stationary Processes and Rhythmic Analysis

Many processes found in nature are the result of the periodic repetition of a random experiment or phenomenon. These processes, although not time-periodic functions, generate
random data whose statistical characteristics vary periodically over time, and they are
called cycle-stationary stochastic processes. The first and second order moment functions,
such as the mean and the autocorrelation of these processes cyclically change over time,
so a cycle-stationary process can be considered as multiple stationary processes. There
are several areas where cycle-stationary processes are identified, for example, cardiac
indices in medicine, signals produced by rotating and reciprocal machines in mechanics,
the financial market behavior in economics, the queues theory in telecommunications, and
the environmental variables in climate prediction, among others [170, 171, 172].
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The cycle-stationary processes can be categorized as Wide-Sense Cycle-Stationary
(WSCS) and Strictly Cycle-Stationary (SCS), both analogous to the stationary processes
that were previously analyzed [159]. The stochastic process X(t) is WSCS in the first and
second order if the mean and the autocorrelation function are invariant by translation
using integer multiples of a certain period T , namely:
µxj (t) = µxj (t+kT ) ,

∀kZ ∧ T R

Rxj (t1 , t2 ) = Rxj (t1 + kT, t2 + kT ) ,

∀kZ ∧ T R

(2.48)
(2.49)

where the stochastic process X(t) is SCS when besides satisfying Equations 2.48 and 2.49,
the PDF is invariant by translation through entire multiples of a certain period T , that is:
P



xjt



=P



xjt+kT



,

∀T R

(2.50)

The cyclo-seasonality in the strict sense is a fairly strong condition, and difficult to
verify in practice, therefore it is common to assume that processes are WSCS in the second
order, whose autocorrelation function can be expanded in Fourier series, as shown in the
following expression:
X
Rxj (t1 + kT, t2 + kT ) =
Rxαj (t1 , t2 )e−i2παt
(2.51)
α

where α is the fundamental cyclic frequency, and Rxαj (t1 , t2 ) are the Fourier coefficients
that define the cyclic autocorrelation function, and they are calculated by the expression:
Rxαj (t1 , t2 )

1
= lim
T →∞ T

Z

T /2

Rxj (t1 + kT, t2 + kT ) e−i2παt dt

(2.52)

−T /2

The Einstein- Wiener- Khintchine Theorem declares that the Fourier transform of
with respect to lags τ = t2 − t1 provides the Spectral Cyclic Function (SCF)
that quantifies the correlation between frequency lines centered on ω, and separated by a
displacement α, and it is calculated with the following equation [171]:
Z +∞
α
Sxj (ω) =
Rxαj (t1 , t2 )e−iωτ dτ
(2.53)
Rxαj (t1 , t2 )

−∞

The methodology described is appropriate as long as the processes are ergodic and
the integral of Fourier analysis converges, which is not always feasible in many practical
applications. In these cases, the parametric techniques are appropriate to model the time
series of the process.
Cosinor-Based Rhythmometry

The generation of rhythmic models through periodic regression techniques to treat
long-term cyclic series has become an active research area, especially in fields such as
medicine and biology [173, 174]. These techniques are also applicable to the environmental
signals studied in this Thesis, due to their cyclic nature. The parametric modeling tools
in terms of their cycle-seasonality are presented below.
The rhythmometric analysis is a statistical framework that can be applied to the
extraction of circadian, infradian, and ultradian seasonal components from cyclo-seasonality,
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short, and noisy time series, which is based on LLS adjustment methods [80]. The circadian
rhythm corresponds to the central frequency (usually 24-hours), while the ultradian rhythms
are repetitive cycles that occur during and within a day, and the infradians correspond to
events whose period is greater than one day, which can be interpreted as occurring less
than once a day [175]. The rhythms detection on a cyclic signal is based on the adjustment
of the observed data to a sinusoidal signal set, by using the Cosinor model.
The Simple Cosinor model was developed to characterize short and scattered data
series, where the nonparametric techniques, such as periodograms and classical spectra
are not appropriate, because they require of equidistant data over more than one cycle.
The Simple Cosinor time regression model is defined as a statistical technique to estimate
sinusoidal models fitted to different types of time data, whose sampling can be unevenly
distributed. This method is widely applied in the representation of the chronobiological
oscillation of a variable with rhythmic behavior. The Simple Cosinor model signal is
mathematically defined as [81, 173, 176]:
yn (t) = M + Ao cos(2πfo tn + φ0 ) + en (t)

(2.54)

where the data samples are defined for n = 1, . . . , N , with N the signal length; M is the
Midline Estimating Statistic of Rhythm (MESOR) that represents the rhythm estimated
average; Ao is the adjusted cosine amplitude, and indicates the half of the extent of the
predictable variation in a cycle; fo is the fundamental frequency, often chosen to be the
circadian component; φ0 (also called acrophase) is the time interval from the starting point
to the maximum of the cosine curve adjusted to the data; and en (t) is a random variable
that represents the error calculated for each time instant. The model error is usually
determined by assuming that the residuals are independent and normally distributed. The
residuals in every time instant are the difference between the observed sample, and the
value provided by an estimated regression model [173, 176].
The model can be rewritten using the identity of the sum of trigonometric angles as
[81, 176]:
yn (t) = M + βv(t) + γz(t) + en (t)
(2.55)
where β = A0 cos (φ0 ), γ = −A0 sin (φ0 ), v(t) = cos (2πt/T ), and z(t) = sin (2πt/T ) are
the regression parameters of the rhythmic model. These parameters are determined by
using the LLS method, whose basic principle is the minimization of the Residual Square
Sum (RSS), i.e., the sum of the square differences between the observed sample, and the
value provided by the estimated regression model, denoted by [81, 176]
RSS =

N
X
n=1

[yn (t) − (M + βvn (t) + γzn (t))]2

(2.56)

This approach is valid when all individual the standard deviations are the same, as
is usually the case. The estimates for M , β, and γ are obtained by solving the normal
equations, where the RSS is minimal when the first-order derivatives for each parameter
are zero, therefore the normal equations expressed in matrix format are:
 
 P
 
P
P
yn
N
vn
zn
M

 
 
P
 P
 
P
P
2
 yn vn  =  vn
 β 
(v
)
v
z
(2.57)
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The abbreviated version of the equation system is represented B = A · U , where U is
the vector of the estimated values, and it is calculated as:
 
M
 
 
−1

U =
(2.58)
β=A ·B
 
γ

The model fit goodness is achieved by minimizing the RSS, i.e., the differences between
the actual measurements and the best fit curve. Hence, the model is statistically significant
when the Fit Model Squares Sum (FMSS) is greater than RSS. The Fisher test is applied
for this analysis, since the residues around the adjusted curve are normally distributed,
therefore the β and γ estimates follow a bivariate normal distribution characterized by
the statistical distribution F , and is given by [176, 177]:
F (p, q) =

F M SS/p
RSS/q

(2.59)

where p and q are the freedom degrees attributed to the model and error respectively,
and these are determined by p = m − 1, and q = N − m, being m the number of model
parameters. The null hypothesis (H0 ) that there is no rhythm (amplitude is zero) is
refused when:
F (p, q) > F1−δ (p, q)

(2.60)

Here, δ is the significance level chosen for the H0 test, which generally corresponds to
0.01 (1%) or 0.05(5%).
A more complete study of cyclo-stationary processes is possible by a model with
fluctuations, which is characterized because in addition to consider circadian components
fo , it extends to model both ultradian fu and infradian fi rhythms, as well as the moderate
fluctuations around the main rhythms. Therefore, the total rhythmic model is given by
the following expression [173]:

yn (t) = M + A0 cos(2πf0 tn + φ0 ) + Un (t) + In (t) +

X
(Fnk− + Fnk+ ) + en (t)

(2.61)

fk

The infradian rhythms is symbolized by In (t), whose frequencies fi are lower than the
circadian rhythm fo . These components are included in the model by sinusoidal functions
with similar parameters to the Simple Cosinor model (Equation 2.54), and are determined
as:
X
In =
Ai cos(2πfi tn + φi )
(2.62)
i

where fi = i∆f , i = 1, 2, . . . , imax , and ∆f is the maximum spectral resolution given by
∆f = fs /N , being fs the sampling frequency. In order to distinguish between moderate
fo fluctuations (low-frequency trends) and the infradian rhythms, the last component is
limited to the highest integer multiple of the spectral resolution that is less or equal to
fo − 2∆f , therefore imax = (fo − 2/∆f )/∆f .
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The ultradian rhythms represented as Un (t) are components frequencies are higher
than the circadian rhythm fo . These components are included in the model as sinusoidal
functions with similar parameters to the Simple Cosinor model (Equation 2.54), and are
defined as:
X
Un =
Au cos(2πfu tn + φu )
(2.63)
u

where fu = uf0 that corresponds to the harmonics of the fundamental frequency, being u
a integer number, whose maximum value is conditioned by the total observations number
of the signal.
Finally, Fnk− , and Fnk+ are the possible narrow-band fluctuations of circadian and
ultradian rhythms, and it is included on the model by additional cosine terms are included,
whose frequencies differ from those associated with each component in a magnitude
according to the maximum spectral resolution, so that these fluctuations are determined
as:
−
Fnk− = A−
k cos(2π(fk − ∆f )tn + φk )
+
Fnk+ = A+
k cos(2π(fk + ∆f )tn + φk )

(2.64)
(2.65)

Being, k = 1, 2, . . . , umax , fk is the fundamental component when k = 1, for the rest of
values fk corresponds to the ultradian components. The estimation and adjustment of the
model parameters of Equation 2.61 is performed on the same methodology described for
the Simple Cosinor model.

2.4.4

Bootstrap Resampling Techniques

The bootstrap resampling is a computer simulation method that was initially proposed
by Efron, as a non-parametric procedure to assign precision measurements to statistical
sample estimates. The main idea that motivated its conception was the substitution of
the normality tests and of the distribution tests in the statistical analysis by using instead
computational burden. The conceptual simplicity and great effectiveness of the bootstrap
method have allowed its application in Probability Theory and in statistical inference,
specifically, in problems such as the decomposition in main components of the covariance
matrix, the linear and nonlinear regression, the variance analysis, the logistic regression,
and the construction and the estimation of Confidence Interval (CI) of the behavior of
a particular process, among others. Once a descriptive statistic has been estimated or
adjusted to a complex model, the bootstrap resampling provides a good approximation of
the statistical distribution of estimator [68, 178].
The bootstrap resampling is a versatile technique widely used in non-parametric
statistics, because it does not require theoretical formulations, and it can be applied to
the estimation of virtually any statistical parameter. The bootstrap method uses the data
collected from a stochastic process, and from them it randomly generates new simulated
samples, called resamples, of the same size as the original sample. A bootstrap resample
x∗ = {x∗1 , x∗2 , . . . , x∗n } is therefore a subset of n elements derived by random sampling
with replacement of the original data points x = {x1 , x2 , . . . , xn }. The super-index (∗) is
the notation commonly used in bootstrap literature to represent bootstrap versions of
statistics and elements obtained from the empirical resampling process. The bootstrap
algorithm generates independent b resamples, indexed by b = {1, 2, . . . , B}, and denoted
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by x∗b = x∗1 , x∗2 , . . . , x∗B , each them with size n. The reliability of the estimator is
proportional to the total resamples B, whose common values are 100, 500, and 10000
[68, 179].
The sample estimation of a certain statistic simbolized by s is possible to determine
for each bootstrap resample, which is known as the bootstrap replication of the statistic,
and it is represented as θ̂∗b = s(x∗b ), where s(x∗b ) is the result of applying the resample
x∗ to the same function s(.), where the sample x was applied to estimate the statistic.
For example, if s(x) is the median of the original sample, then its replication s(x∗ ) is the
median of the bootstrap resample.
The bootstrap estimation of the standard error ê∗x is the simplest measure of statistical
estimation, and it corresponds to the standard deviation of the bootstrap replications,
given by [68]:
v
u B
uX [s(x∗b ) − s(.)]2
∗
(2.66)
êx = t
B
−
1
b=1
The CI construction for the statistic s(x∗ ) is commonly based on the assumption that
its distribution approximates to the standardized normal curve N (0, 1), and it is defined
by [180] :
σs(x∗ )
CI = E [s(x∗ )] ± Z α2 √
n

(2.67)

The terminology Z α2 denotes the critical points of the N (0, 1), inside which the statistic
s(x ) is significant, and whose typical values are 2, 58; 1, 96; and 1, 645 for the significance
levels α of 0, 01; 0, 05; and 0, 1, respectively.
This background evidences that he resamples x∗b can be generated from bootstrap
replications of any statistical parameter. In this dissertation, the bootstrap resampling
was applied for the estimations of the PDF and of the SAF of the energy consumption
signals. In addition, a bootstrap hypothesis test was used to eliminate the non-significant
spectral components from the models estimated for environmental signals (See Chapter 5).
The bootstrap methods applied specifically to these statistics is described below.
∗

Bootstrap for Estimation of PDF and SAF
The PDF and SAF estimation of the stochastic process X(t) of the energy consumption
is not-parametric, since the statistics are not completely defined, and only the samples
observed in the j th realizations of the experimentation phase are available. Therefore, the
bootstrap resampling provides a non-parametric estimate of a variety of CI for different
estimates with non-trivial analytical estimation equations. The original samples of the
process X(t) are represented as xjt , therefore, the empirical PDF and SAF are fj (x) and
Rxj (t, t + τ ), respectively. Based on this, the bootstrap method generates b bootstrap
∗
∗
resamples symbolized by x∗j
t (b), and thus fj (x, b) and Rxj [(t, t + τ ) , b] are the bootstrap
replicas to PDF and SAF, respectively. The estimated statistical of these functions
corresponds to the expected value of the bootstrap replicas set, and it is given by:
f¯j∗ (x, b) = Ej [fj ∗ (x)]

(2.68)
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(2.69)

The CI construction is based on the assumption that the distributions of the PDF and
SAF parameters of interest are near the normal curve, and the confidence level selected
corresponds to 95% ( α = 0.05).
Paired Bootstrap Hypothesis Test
The most suitable regression model for the time series of the environmental variables
is defined as a function of the elimination of the spectral components of Equation 2.54
with low statistical significance. The models pairs symbolized by XA (t) and XA−1 (t)
are compared consecutively for this purpose. The regression model XA (t) is computed
by iteratively adding the sinusoidal component of Equation 2.54 with the highest mean
power (calculated from Fourier Transform of the time series), and it is compared with
the previous regression model XA−1 (t). The comparison process is based on a paired
bootstrap hypothesis test by using the Mean Square Error (MSE) between the signals
provided by Models XA (t) and XA−1 (t), and the original signal, which are depicted as
eA (t) and eA−1 (t), respectively. The relevance of the addition of each sinusoidal component
is verified by a set of B bootstrap resamples with replacement of the differences between
the errors, hence, the estimated error is determined by ∆ e∗ (t, b) = e∗A (t, b) − e∗A−1 (t, b) for
each resample b.
An appropriate statistical hypothesis test is to contrast the null hypothesis that models
XA (t) and XA−1 (t) have the same unexplained variance, i.e. H0 : ∆e(t) = 0, versus the
alternative hypothesis that both models have an unexplained variance different from zero,
i.e. H1 : ∆e(t) 6= 0. The CI estimate for ∆e(t) is easily obtained from the bootstrap
replicas ∆e∗ (t, b), and therefore, the hypothesis H0 is satisfied when the CI contains the
zero point, otherwise, the hypothesis H1 is accepted, and it is stated that model XA (t)
exceeds the model XA−1 (t) in terms of MSE. In other words, the hypothesis test determines
that the addition of a new sinusoidal component to the model XA (t) is relevant when at
least 95% of the ∆e∗ (t, b) are on the right side of the zero value. The sinusoidal components
addition stops when the hypothesis test reveals that model XA (t) does not provide any
statistical improvement over model XA−1 (t) [68, 181].

2.4.5

Descriptions Based on Information Theory

Information Theory, also known as Communication Mathematical Theory, is a theoretical
proposal presented by Claude E. Shannon and Warren Weaver in the late 1940s. This
theory is a field of applied mathematics whose objective is to quantify and to represent
the information present in a random signal or stochastic process. Information Theory was
originally developed to investigate the transmission of messages from discrete alphabets
through a noisy channel, such as radio communications. In this context, this theory
constitutes a fundamental tool in the optimal-code design and in the calculation of the
expected messages length sampled, from the study of specific probability distributions,
and by using several coding schemes. At present, Information Theory is widely used in
diverse areas such as physics, cybernetics, linguistics, psychology, telecommunications,
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statistics, image processing, pattern recognition problems, and machine learning, among
others [182, 183].
The basic idea of the Information Theory assumes that in a certain random experiment
the following properties are fulfilled: First, the events with low occurrence probability
provide more information than those events whose occurrence probability is quite high;
And second, the independent events contribute with additional information. The term
self-information is used to represent these properties, and for this purpose a certain event
is considered in which there are x possible states, all of them with equal occurrence
probability (P = 1/x), therefore the self-information is equivalent to [184]:
 
1
I (x) = loga (x) = loga
= − loga (P )
P

(2.70)

The self-information I(x) is given in NAT units when a = e (Neperian logarithm), and
in this case, a NAT represents the information amount retrieved by observing an event
with probability P = 1/e. It is more common to apply a = 2, because it is considered
that the information is represented by a binary code, and then the information quantity is
specified in bit units, also called shannons in this case. The information measured in bits
is only a scaling of the information measured in NATS.
When the state x is continuous, the definition of self-information is analogous, however
some of the properties of the discrete case are lost, since an event with probability density
equal to the unit still has zero information, even though it is not a guaranteed event. The
term self-information is used to describe a single result or event, in order to quantify
the uncertainty amount in a complete probability distribution, and then the concept of
entropy is introduced.
The entropy is conceptualized in general terms as a natural tendency measure of the
order loss or peculiarity of certain combinations, and it is a widely used concept in fields
such as thermodynamics, statistical mechanics, astrophysics, and Information Theory,
among others. In the Information Theory field, the entropy, also called information
entropy or Shannon entropy, is a measure of the uncertainty degree that exists on a data
set generated from a random experiment, as well as, the necessary information to limit,
reduce, or eliminate this uncertainty in any stochastic process. The Shannon entropy is
also defined as the average rate at which the information is produced by a stochastic data
source. The term entropy as part of the Information Theory was presented by Shannon in
the article entitled “A Mathematical Theory of Communication” [185, 186].
The Shannon entropy H(x) of a temporal series x(t) is mathematically defined as the
weighted mean value of the self-information quantity of the k states observed in the series,
which are indexed as i = {1, 2, . . . , k}, that is [187]:
H (x) = −

k
X

P (xi ) loga [P (xi )]

(2.71)

i

The following characteristics are deduced from Equation 2.71. The entropy is always
positive, since 0 < P (xi ) ≤ 1, so the term -loga [P (xi )] > 0. The entropy is maximum
when the occurrence probability of all the possible process states are equal, given that the
outcomes uncertainty is the maximum under these conditions. Conversely, the entropy is
significantly reduced when one of the possible process states has a fairly high occurrence
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probability (approximately 1), because the uncertainty of the possible process outcomes is
minimized in these circumstances [188].
The entropy can also be analyzed in a stochastic process X(t) formed by an indexed
sequence of j th random variables denoted by xjt , subset of the sample space S, in which
case it is known as j-gram entropy, and it is determined as [184]:
X




H (X) = H xjt = −
P xjt loga P xjt
(2.72)
js

The entropy ratio of a random variables sequence xjt is a parameter that quantifies the
raise rate of the entropy H (X) with respect to the increase of j th process realizations, and
it is calculated as:

1
H xjt
j→∞ j

Hrat (X) = lim

(2.73)

Concept of MI
The entropy can be viewed as a special case of MI. In Probability Theory, and in
Information Theory, the MI of two random variables, denoted by MI(y1 , y2 ), is a parameter
that measures the mutual dependence of the two random variables, that can be discrete or
continuous, i.e., the MI measures the reduction of the uncertainty (entropy) of a random
variable y1 , due to the knowledge of the value of the another random variable y2 . Based
on this definition, one concludes that MI(y1 , y2 ) = H(y) when the random variables y1
and y2 are equal [189].
The MI concept is therefore closely related to the entropy concept defined in Information
Theory for a single random variable, which defines the amount of information explained
by that variable. Whereas the correlation coefficient ρ (y1 , y2 ) (Equation 2.31) is limited
to the linear relationships between two real-value variables, the MI is a more complete
tool, since it provides a more general description in measurement terms of the similarity
between the combined distribution of two general random variables, and the product of
their factored marginal distributions. The MI has been used in a variety of practical
applications, for example, to assess how environmental variables independently influence
the interaction between ecosystem services [190], or to investigate the relation between
earth surface temperatures. and the spatial pattern of green space effects [191].
In this Thesis, the MI was applied in the analysis of similar interaction between the
environmental variables acquired in the different sensor nodes, and the three wireless
communication technologies, regarding different situations and conditions, for example,
sensors in similar locations but in different networks, different locations of sensors in the
same greenhouse, or different variables. Each environmental signal was discretized in a
certain number of states, since the MI function used, and described later was more efficient
with discrete random variables. Therefore, y1 and y2 denote two random variables for two
environment signals measured yn1 (t) and yn2 (t), which are divided into the states N and M ,
called yn1 (i) and yn 2(j), respectively, and the MI of this random variables expressed in bits
is determined as:


N X
M
X

p (yn1 (i), yn2 (j))
1
2
MI(y1 , y2 ) =
p yn (i), yn (j) log2
(2.74)
p (yn1 (i)) p (yn2 (j))
i
j
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where y1 = {yn1 (i), i = 1, 2, . . . , N } and y2 = {yn2 (j), j = 1, 2, . . . , M } are the said states
of the observed time signals. The MI(y1 , y2 ) is null when the events of y1 and y2 are
independents. If y1 is a deterministic function of y2 , then all information transmitted by
y1 is provided by y2 , and visceversa, in this case, the MI corresponds to the entropy of y1 ,
therefore equal to the entropy of y2 .
The algorithm to determine the dependence between the signals studied in this Thesis
was based on the MI-toolbox for Matlab version v3.0.0, whose first version was developed
by Adam Pocock as part of his doctoral studies at the Manchester University. This toolbox
provides implementations of the functions of the Shannon Information Theory, the MI,
and the Renyi Alpha divergence, and they are based on the work of S. Guiasu entitled
“Information Theory with Applications” [186]. MI-toolbox works with discrete inputs, so all
the environmental variables researched in the Thesis were discretized, prior to their use in
the algorithm, for which the function f loor(x) was applied to ensure compatibility with this
tool. This process is essential, as MI-toolbox produces unreliable results, operates slowly,
and uses much more memory than usual when continuous random variables are entered
directly. All the functions included in MI-Toolbox are calculated in base 2 logarithm, i.e.
the results are expressed in bits units. The library of this tool was developed in ANSI-C
to be compatible with the Matlab Mex compiler. MI-toolbox includes functions such as
entropy H(x), mutual information M I(x, y), conditional entropy H (x | y), joint entropy
H(x, y), and conditional mutual information MI (x, y | z), among others. The use of some
relevant functions is described in the following example. If x=[1 1 1 0 0] and y=[1 0 1 1 0]
are two random vectors, then the entropy is calculated by using the function h(x), which
results is 0, 9170 bits. The MI is calculated by the function mi(x, y), whose result is 0, 2
bits, and the conditional entropy is determined by the function h([x, y]), whose value is
1, 9219 bits [192].
The scatter plots commonly used in comparative studies of variables provide a simple
statistical description of the ratio between variable pairs, which is comparable to an
empirical estimate of the joint distribution of two environmental variables, while the MI
provides a quantification based on Information Theory of the possible nonlinear ratios
between them, keeping a similar theoretical basis for their comparison. However, the
MI is informative significant since it allows the same environment variables measured by
different sensors to be examined in depth, as well as the different and related environment
variables, hence the justification use and its relevant contribution in this dissertation.
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Abstract: In recent years, attention has been paid to wireless sensor networks (WSNs) applied
to precision agriculture. However, few studies have compared the technologies of different
communication standards in terms of topology and energy efficiency. This paper presents the
design and implementation of the hardware and software of three WSNs with different technologies
and topologies of wireless communication for tomato greenhouses in the Andean region of Ecuador,
as well as the comparative study of the performance of each of them. Two companion papers describe
the study of the dynamics of the energy consumption and of the monitored variables. Three WSNs
were deployed, two of them with the IEEE 802.15.4 standard with star and mesh topologies (ZigBee
and DigiMesh, respectively), and a third with the IEEE 802.11 standard with access point topology
(WiFi). The measured variables were selected after investigation of the climatic conditions required
for efficient tomato growth. The measurements for each variable could be displayed in real time
using either a laboratory virtual instrument engineering workbench (LabVIEWTM ) interface or an
Android mobile application. The comparative study of the three networks made evident that the
configuration of the DigiMesh network is the most complex for adding new nodes, due to its mesh
topology. However, DigiMesh maintains the bit rate and prevents data loss by the location of the
nodes as a function of crop height. It has been also shown that the WiFi network has better stability
with larger precision in its measurements.
Keywords: wireless sensor networks; tomato; greenhouse; ZigBee; WiFi; DigiMesh; LibeliumTM

1. Introduction
The agricultural zone in Ecuador is one of the leading sectors of the country economy. According
to the Survey of Surface and Agricultural Continuous Production (ESPAC 2015) [1], the total national
agricultural labor was 5.67 million hectares, of which 0.95 million were dedicated to the cultivation
of varieties that are harvested at specific times of the year, known as transient products. The species
Solanum lycopersicun, popularly known as tomato, is a plant native to the Andean region of South
Sensors 2018, 18, 2555; doi:10.3390/s18082555
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America, and it is one of the high production transient products in the provinces of Azuay, Carchi,
Chimborazo, Loja, and Tungurahua. In 2015, the survey reported an annual production of 47,837 metric
tons. This vegetable is one of the most cultivated worldwide due to its high nutritional content,
which makes it a food consumed daily [2]. The most outstanding tomato varieties are Graciela,
Daniela, Dominique, Bright, Katherine, and Electra, and all of them are grown in greenhouses [3].
It can be grown in open fields in tropical areas and valleys, and also in Andean regions under
greenhouse conditions.
The greenhouses for growing tomatoes can be located from sea level up to 3200 m, and the
crop requires an air temperature of 18–30 ◦ C, which can be controlled with proper management
of greenhouse climate control systems. The climatic conditions of the crop significantly influence
its efficient growth, and, in the case of the tomato, the most relevant variables are air temperature,
air humidity, wind direction, solar radiation, soil moisture, and CO2 . Their inadequate management
can cause diseases and pests, and it can reduce the product size [4]. Greenhouses are used to minimize
the influence of adverse factors limiting production and crop quality. They can support environmental
variables and make efficient use of water [5], hence achieving better optimization in agricultural
production. Although not all geographic areas meet the conditions required to grow tomato, there is
a need for technological help to provide viable conditions for it. Research and development in science
have introduced management systems for agricultural greenhouse which keep the indoor climate
controlled for suitable crops growth [6,7]. The crops grown under greenhouses can be affected by
adverse environmental conditions, such as high solar radiation, high air temperature, low air relative
humidity during the day, high air relative humidity at dawn and dusk, poor ventilation, and limited
CO2 concentration, which generally occur by aspects related to the timing day, the geographical area
climate, or the greenhouse material type. Therefore, it is essential to include high-precision systems
for the environmental monitoring both inside and outside of the greenhouses, in order to avoid the
occurrence of the above-mentioned adverse climatic conditions. The implementation of this systems
will minimize the producer’s economic losses due to the plants deterioration or death [8]. In recent
years, the agricultural sector has benefited from the use of monitoring networks, which are used to
increase the production efficiency [9,10]. Data corresponding to environmental conditions, such as
air temperature, wind speed, wind direction, soil moisture, and chemical and physical soil properties
(e.g., pH), are usually acquired [11].
Today, wireless technologies are a relevant complement to the implementation of monitoring
systems, because they have advantages such as low power consumption, adaptable network topology,
economic maintenance, capacity of expansion with new nodes, or ability to operate in harsh
environments [12–15]. The usual disadvantages in these networks are security and electromagnetic
interference, which in the case of monitoring systems of greenhouses can be considered as secondary
aspects. This is due to the fact that the type of information that is transmitted does not require a high
level of encryption, and the network can be configured in a channel of low saturation. The main
wireless technologies currently used for monitoring greenhouses are Radio Frequency combined with
GSM [16–19], WiFi [20–22], and ZigBee [23–28]. At present, the latter two technologies are widely
used in WSNs, both have strengths and weaknesses, and their applicability depends or the type
of information to be transmitted [29,30]. Few works have been developed in the field of WSNs for
monitoring tomato greenhouses, and most of them focus on the analysis of air temperature and air
humidity by using networks with star [31] and mesh [32] topology. In these studies, the objective is
the design of the network nodes, as well as the design of human–machine interface (HMI) for the
visualization of each variable. However, those studies do not analyze all the climatic variables that
influence the tomato growth. There are very few comparative studies of the performance of ZigBee
and WiFi technologies applied in WSNs for agriculture, and they do not always analyze in detail
which of them is the most efficient in terms of configuration complexity, of transmission speed, or of
energy consumption.
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The objective of this work is to design and implement the hardware and software of the nodes of
three WSNs, with different communication technologies, for the wireless monitoring of environmental
variables in tomato greenhousesr to analyze and compare the benefits and limitations of each network,
and to identify which of them yields the best performance for the optimal monitoring of agricultural
environments. For this purpose, the following methodology was addressed. Three WSNs were
designed and implemented: (1) ZigBee technology in star topology; (2) ZigBee with mesh topology
(referred to here as DigiMesh); and (3) WiFi technology (access point topology). The environmental
variables air temperature, air relative humidity, CO2 concentration, luminosity, wind direction, wind
speed, solar radiation, and ultraviolet radiation (UV) were monitored in real time. The networks were
in test mode for three months, and time data transmission rates were studied in different scenarios
during this time. Processing, storage, and visualization of data were engineered in LabVIEWTM
software, and a mobile application was implemented for smartphones with Android operating system.
Our case study was a tomato greenhouse located in the town of Rumipamba of Navas, Canton of
Salcedo, and Province of Cotopaxi, Ecuador. In the companion papers to this work, we also analyzed
the dynamics of the energy consumption signals in each node and network, as well as the time-varying
signals of the monitored environment variables [33,34].
The rest of this first article is organized as follows. Section 2 summarizes the state of the art,
focused on communication technologies applied to greenhouse monitoring. Section 3 presents
the software and hardware designed for the deployment of the three WSNs, as well as the HMI
development and the mobile application, as tools for the visualization of monitored variables. Section 4
describes the results of the analysis of the prescriptions of each network. Finally, Section 5 presents the
discussion and conclusions of this first part.
2. Related Work
Monitoring networks in greenhouses can be implemented through wired or wireless technologies.
Wired networks communicate through wires, which connect them to computers and to other devices
that form networks, whereas wireless networks consists of the interconnection of devices through
radio-wave propagation technologies, without the need for structured wiring. Both technologies
have strengths and weaknesses, and their use depends on the type of application. From the scientific
literature review, not many studies can be found about the implementation of monitoring networks for
greenhouses, and sometimes they use wired communication technologies such as CAN bus [35,36],
MODBUS [37], and RS-485 bus [38]. The positive aspects of wired networks are larger bandwidth,
maximum possible performance, and higher transmission speed, whereas the negative aspects are
complex wiring structure, fixed network topology, high cost of installation and maintaining, high power
consumption, and limitations to increase nodes. Wired technology is rarely used for greenhouse
monitoring because of the indicated limitations. In the field of the monitoring of agricultural
environments, wireless communication networks are increasingly used because their implementation
does not require the installation of wiring over the crop. The most applied communication technologies
for this purpose are ZigBee and WiFi, since their performance is high, in terms of reach, scalability and
energy efficiency, and in addition they can be readily coupled to the user needs.
As the cost trend for sensors and wireless communication infrastructure goes down,
more producers are implementing these systems. Monitoring of environmental variables through
WSN allows the farmer to know the real-time weather status, its use is practical and effective, and they
are an easily scalable option when adding new communication nodes [39]. The geographical location
and type of crop determine the appropriate climatic conditions for greenhouses, hence contributing
to rapid growth and without the presence of pests that cause disease. For example, farmers in the
Andean region of Ecuador face the problem of frost, which occurs on nights when the air temperature
near the surface of the ground decreases to 0 ◦ C or lower, for a time greater than four hours, causing
partial or total destruction of the crops [40]. Recent research in the field of precision agriculture has
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shown that the use of information and communication technologies optimizes the crop monitoring
and its automation.
During the last years, WSNs have represented one of the most suitable and widely used options
for this purpose. The remarkable evolution of WSNs has allowed the implementation of new systems
for sensing, processing, and data communication from remote locations, in real-time variables such as
air temperature, air relative humidity, luminosity, or wind speed. A significant amount of scientific
literature has focused on greenhouse monitoring systems, and Table 1 summarizes some studies in
this area, showing that ZigBee is the technology used in most research cases, while WiFi and LORA
are sparsely applied. Most jobs use ZigBee wireless technology in the 2.4 GHz band, and focus on the
hardware and software development of network nodes, but there are few networks configured in mesh
topology. In addition, all the reported works consider air temperature and air relative humidity as
environmental conditions for the productivity of crops in greenhouses. The literature review concludes
that there is little basic research analyzing the behavior of WSN networks in different topologies,
and that WiFi and LORA technologies are scarcely applied.
Table 1. Summary of related work for WSNs in agriculture.
Geographical Location,
Case Study, and
Cultivation Area

Monitored
Variables

Communication
Technology

Network Topology

Iwata-Center Japan
Tomato greenhouse
(not specified area) [13]

Air temperature
Luminosity
Air relative humidity

Wireless
ZigBee 2.4 GHz
and 400 MHz

Cotopaxi-Ecuador
Rose greenhouse
(50 m2 ) [27]

Air temperature
Air relative humidity
CO2
Soil moisture
Luminosity

Southern Italy
Tomato greenhouse
(100 m2 ) [41]

Store and
Visualization Data

Objective

Star
(3 sensor nodes)

Not specified

Comparative study of
quality wireless
communication in
400 MHZ and
2.4 GHz bands

Wireless
ZigBee 2.4 GHz

Star
(3 sensor nodes)

LabVIEWTM

Hardware and software
development
Data analysis of variables

Air temperature
Air relative humidity

Wireless
ZigBee 2.4 GHz

Mesh
(6 sensor nodes)

LabVIEWTM

Hardware and software
development
Data analysis of variables

Chongqing-Center China
Vegetables greenhouse
(424.4 m2 ) [37]

Air temperature
Luminosity
Air relative humidity
CO2

Wired
Modbus

Bus
(1 master—1 slave)

C&S System

Hardware and software
development
Data analysis of variables

Hubei-North China
Vegetables greenhouse
(100 m2 ) [42]

Air temperature
Luminosity
Air relative humidity

Wireless
ZigBee 2.4 GHz

Star
(20 sensor nodes)

Mobile app

Hardware and software
development
Data analysis of variables

Narpio-Western Finland
Vegetables greenhouse
(1440 m2 ) [43]

Air temperature
Luminosity
Air relative humidity
CO2
Solar irradiance

Wireless
ZigBee 2.4 GHz

Star
(4 sensor nodes)

Not specified

Hardware and software
development
Data analysis of variables

Perlis-Nortwets Malasia
Mango garden
(520 m2 ) [44]

Air temperature
Air relative humidity
CO2

Wireless
ZigBee 2.4 GHz

Star
(3 sensor nodes)

LabVIEWTM

Hardware and software
development
Data analysis of variables

Mauritius-Africa
Potato field
(5000 m2 ) [45]

Air temperature
Air relative humidity
Luminosity
Soil pH
Soil moisture

Wireless
WiFi

Tree
(6 sensor nodes)

Java

Hardware and software
development
Data analysis of variables

Yingde-North China
Tea plantation
(not specified area) [46]

Air temperature
Soil water content
Air relative humidity

Wired / Wireless
Ethernet and GPRS

Mesh
(20 sensor nodes)

Not specified

Hardware and software
development
Data analysis of variables

Yucatán-Southeast Mexico
Habanero pepper garden
(482.4 m2 ) [47]

Air temperature
Air relative humidity
Soil moisture

Wireless
ZigBee 2.4 GHz

Star
(6 sensor nodes)

Arduino

Fuzzy logic control of
the irrigation system

Colima-Mexico
Not specified
(Not specified area ) [48]

Air temperature
Air relative humidity
Soil moisture

Wireless
LORA-CBF

Star
(5 sensor nodes)

Not specified

Evaluate a new WSN
applied in agriculture
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3. Proposed System for Tomato Greenhouse Monitoring with WSNs
To identify the performance of the ZigBee and WiFi standards for monitoring greenhouses,
three WSNs were implemented. The number of network nodes, the type of installed sensors, and the
configured topology are shown in the block diagrams of Figure 1. In this section, we provide the system
design and implementation to monitor environmental variables inside the greenhouse. We describe
next the methods and elements used for the analyzed WSNs. First, the suitable ranges of the
variables that influence tomato growth are described, as well as the sensing, packaging, and processing
techniques that were used. Second, the relevant hardware features and configuration parameters of the
ZigBee, DigiMesh, and WiFi networks are described. Third, the design of the HMI and web application
for variables visualization are explained. Finally, the physical characteristics of the greenhouses,
the location of the elements of the networks, and the startup of the monitoring system are presented.

(a)

(b)

(c)
Figure 1. Schemes of the sensors and network topology of the studied WSNs: (a) ZigBee; (b) DigiMesh;
and (c) WiFi.
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3.1. Data Acquisition and Processing
The environmental variables to be monitored were identified in the early phase of data acquisition,
through the review of the available scientific literature, and also according to the information supplied
by local farmers to define the suitable climatic conditions for efficient tomato growth. As a result
of this survey, we concluded that the variables shown in Table 2 are the most influential in the crop
evolution [4,49–51]. The appropriate ranges were defined for each variable, as well as the possible
negative effects that affect the crop when the actual values differ considerably from the suggested.
Since the greenhouses under study are geographically located in an area with frequent and considerable
winds (altitude about 2700 m), we included the wind speed and direction, because they are related to
the air relative humidity, and hence to the greenhouse ventilation [52].
The sensors were selected based on the variables and measuring ranges presented in Table 2,
and relevant technical criteria such as low power consumption, compatibility with processing cards,
and linear response curve where achieved. Table 3 summarizes the main technical specifications of the
sensors used for each variable.
Table 2. Compilation of the required climatic conditions for growing tomatoes.
Variable
Air temperature

Normal Ranges
Day (20–25 ◦ C)
Night (15–18 ◦ C)

Level
Higher
Less
Higher

Air relative humidity

Soil moisture

50 y 60 %

50%
0.85 MJ/m2

Luminosity

8–16 h

CO2

500–2000 ppm

Short blade syndrome and fertilization problems (<10 ◦ C)
Fruit cracking, difficulty fertilization, reduces the
absorption of nutrients, and poor fruit set

Less

Securing the pollen to the stigma of the flower, water stress,
stomatal closure, and reductions photosynthesis

High

Accelerated growth in plants, slows ripening of fruits,
and increases the relative humidity

Low

Solar radiation

Effect
It affects fruiting (fall flowers, limitation on the mincemeat) (>30 ◦ C),
and bad fertilization of fruit and therefore evil fruit filling

Excess
Decrease
Higher

Fruit cracking, and water stress
Burnt fruit and plants
Lost productivity
Higher crop biomass, and increased density of plants

Less

Fall Flower, insufficient pollination, and fruit size smaller

High

Best plant development, and increased productivity

Low

Photorespiration

Table 3. Technical features of the used sensors.
Variable

Sensor

Model

Range of measuring

Output signal

Power consumption

Carbon dioxide
Wind direction
Air relative humidity
Luminosity
Solar radiation
UV radiation
Air temperature
Wind speed

Solid electrolyte
Wind vane
Capacitor polymer
Photoresist
Apogee quantum
Photodiode
Thermistor
Anemometer

TGS4161
WS-3000
808H5V5
LDR
SQ-110
SU-100
MCP9700A
WS-3000

350–10,000 ppm
16 positions
0–100% RH
0–130,000 lux
410–655 nm
250–400 nm
−40 ◦ C to +125 ◦ C
0–240 Km/h

Linear
Discrete
Linear
Exponential
Pulses
Sinusoidal
Linear
Digital

5 mA
<300 µA
0.38 mA
0 µA
0 µA
0 µA
6 µA
<400 mA

The acquired measurements were processed through sensor nodes, whose structure is shown
in Figure 2. They consisted of an agricultural or gas data acquisition card depending on the type of
connected sensors, a data processing card (known as Waspmote), an omnidirectional antenna, a battery
of 10 amperes per hour of load capacity, and a (ZigBee, DigiMesh, or WiFi) wireless communication
module, according to the network type.
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Figure 2. Structure and view of the sensor nodes.

Data acquisition was performed using the agriculture PRO 2.0 card for measuring with sensors
of air temperature, solar radiation, luminosity, air relative humidity, wind speed, wind direction,
and UV radiation. Gases PRO 2.0 card was also used for the CO2 sensor. The energy consumption
was approximately 106 micro amps. These cards were mounted on the processing card for recognition
and configuration.
The Waspmote processing card was selected for the low power consumption, which is below seven
micro amps, and also the modular architecture facilitated the integration of sensors and communication
modules of different technologies and manufacturers. The data acquired by the sensors were stored in
the internal memory of the Waspmote card in floating point format. The data acquired in the ZigBee
and DigiMesh networks were multiplied by a constant to transform them into integer values of five
positions, because this is a valid format for the communication modules. In the case of WiFi networks,
this procedure was not required, since the transmitted frames accept both data types.
The structure of the packages transferred from the Waspmote card to the communication modules
of each network is shown in Figure 3. In the ZigBee and DigiMesh networks, the transfer was via
UART serial controller, and it was necessary to create packages with the ID field using string format
representing the node identifier. The next field is integer type and it corresponds to the measurements
of each sensor. The last field is string type and it contains the name of each variable. For the WiFi
network, the transfer was in frame format using the HTTP protocol. In each frame, it was specified the
send start identifier, the destination IP address, the node identifier, the data of each sensor, and the
send-end identifier. Both packaging techniques facilitated the reception and display of data processes.

Figure 3. Structure of data transfer packages: (a) ZigBee and DigiMesh networks; and (b) WiFi Network.

3.2. Transmission and Reception of Packages for ZigBee and DigiMesh Networks
The XBEE communication modules were chosen to send and receive packages, since their cost
and energy consumption are low. The ZigBee network was implemented with XBEE ZB S2 PRO
modules, whose firmware allows creating networks with tree topology. In the case of the DigiMesh
network, the XBEE ZB S1 PRO modules were used, because the firmware facilitates the configuration
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of networks with mesh topology. The XBEE modules were configured with the X-CTU software,
which provides a friendly graphical user interface. For the communication between nodes to be
successful, the XBEE modules were configured with the consideration that all modules operate in the
same network group PAN ID, channel CH, and transmission BD. The parameters that were configured
in each module are shown in Table 4. The source and destination addresses were assigned based on the
serial number printed on the modules. Since the type of communication was broadcast, the destination
address was the same on all nodes and corresponded to DH = 13A200 and DL = FFFF. The transmission
speeds BD were configured to different values for analysis of energy consumption and according to
the operating rates of the Waspmote modules. Each network was configured in a different channel CH
to avoid electromagnetic interference affecting the signals.
Table 4. Configuration parameters for the communication modules.
Module

Node

MAC

XBee ZB Pro S2

Node 1
Node 2
Node 3
Coordinator

0013A20040B5B798
0013A20040B5B7C2
0013A20040B5B794
0013A20040B5B339

DigiMesh Xbee Zb Pro S1

Node 1
Node 2
Node 3
Node 4
Coordinator

0013A20040BDA364
0013A20040BDA365
0013A20040BBB3D7
0013A20040BDA364
0013A20040BBB3FA

Destination

PAN ID

Channel

4321

18

Baud Rate

9600
19,200
57,600

DL: 13A200
DH: FFFF
1234

C

The programming code of the sensor nodes was developed in the ID PRO software of LibeliumTM .
The logic that was used in the sensor nodes of both networks was similar, except for the routing process
for sending data. Appendix A shows some technical details of the flowcharts of the programming of the
sensor and coordinator nodes for the ZigBee and DigiMesh networks. The programming flowchart that
was created for the sensor nodes of the ZigBee network is shown in Figure A1 (Appendix A). The flow
diagram that was implemented for the DigiMesh network is shown in Figure A2 (Appendix A).
The coordinating node structure shown in Figure 4 was implemented for the ZigBee and DigiMesh
networks, and they differed only in the type of XBEE wireless communication module that they
incorporated. This modules were also configured with the X-CTU software and they used the same
parameters as in Table 3. The programming of the coordinating nodes of the ZigBee and DigiMesh
networks were the same, and the flow diagram is shown in Figure A3 (Appendix A).

Figure 4. Structure of the coordinator nodes of the ZigBee and DigiMesh networks.

3.3. Transmission and Reception of Packages for WiFi Network
The transmission and reception of WiFi network packages was designed using a client–server
architecture, where the sensor nodes are the clients and the coordinating node is the server.
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The packages of the sensor nodes of the WiFi network were transmitted to the coordinator through the
RN-XV wireless communication module. The module was selected for its low power consumption,
and it is also ideal for migrating from an 802.15.4 architecture network to TCP/IP. If a specific
application is configured with XBee modules, and if it needs to be adapted to a WiFi network, then we
simply need to configure the communication module and replace it on the Waspmote card, without
changing the hardware architecture. The coordinator node corresponds to the Libelium MeshliumTM
router, which is compatible with wireless technologies such as ZigBee and Bluetooth. It has several
programming environments that are based on Linux, and it stores the data directly in a MySQL
database. The relevant parameters configured in the sensor and the coordinator nodes are identifier
network (SSID), protocol, password, IP address, communication port, and type of security. For the
configuration of the RN-XV modules, we used Arduino Mega 2560 and Xbee Shield. In this process,
the microprocessor of the Arduino card was disabled by placing a bridge between GND and the board
reset. The MeshliumTM router was configured in the Manager System software. The access to the
router is via the RJ 45 network port and is accessed with the IP address designated by default 10.10.10.1.
The received data are automatically stored in a database with the start up time, and node identifier.
This device also allows identifying all the clients (sensor nodes) that are connected, which facilitates
the network management. Sending and receiving packages on the WiFi network is simple compared
to the other two networks, since its configuration is similar to that of a WiFi network for domestic use.
The potential offered by the router facilitates the data reception and storage.
3.4. HMI Design
Graphical interface was developed in LabVIEWTM , which is a well known platform and
development environment of virtual instruments (VI). The programming language was type G
(Graphic/visual) for monitoring and control applications. LabVIEWTM enables a convenient connection
to the Internet, which provides an ideal resource for real-time data acquisition and monitoring [53].
The developed graphical interface was similar for the three networks, with back-end differences in the
communication link, its coordinator nodes, and in the software, as well as the data acquisition method.
DigiMesh and ZigBee networks transfer data to LabVIEWTM via COM (USB); hence, they were
stored in byte format in a software created table. The table was initialized for stored data, and the
transmission speed was set at different values for the analysis of energy consumption. WiFi network
was wirelessly linked to the computer, and the information was stored in the database that is
automatically created in the MeshliumTM router. The access to data was done by creating a link
between MeshliumTM and LabVIEWTM . The MYSQL ODBC driver allowed the access to the database
from any Windows application. The database was read and stored in LabVIEWTM through toolkits
for creating, opening, and closing the communication channel, as well as for calling and storing data
tables. Once data were available in LabVIEWTM , the stages of design of the interface considered for
the three networks corresponded to data separation, error detection, alarm generation, and variables
monitoring. The data were separated by identifiers A, B, C, and D, for nodes 1, 2, 3, and 4, respectively,
with LabVIEWTM case structures. The data were subsequently converted into floating numbers
dividing them by a constant of 10,100 or 1000. Finally, data were entered and stored in a table with
date, sensor node, and magnitude. The letters indicated that data were not received from the sensor
node that produced the error. The design of alarms was done with normal ranges for tomato growing
described in Table 2. The data variables displayed in the HMI were designed for each network.
The program was able to indicate the HMI of the three networks according to user manipulation.
Figure 5 shows some parts of the monitoring screen, such as greenhouse variables, battery condition,
alarms, data rate, and table. The developed interface was user-friendly and allowed the user to know
in real time and with accuracy the values of each variable, and to apply timely corrective actions in
the greenhouse.
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Figure 5. Monitoring of greenhouse variables, battery condition, alarms, data rate, and table for the
WiFi network.

3.5. Mobile Application Development
The objective of the mobile application was that the environmental measures acquired by the
three WSNs could be accessible from any geographical location by means of smartphones or tablets.
The variables may be viewed in real time (trend), and through tables or graphs of a determined time
interval (historical). In recent years, the most popular platforms in the mobile devices market are
Android, Windows Phone and iOS, whose features were evaluated to select the most suitable for this
application [54]. The comparative analysis of these platforms was oriented to aspects such as software
architecture, accessibility to Web application programming environments, platform capabilities, and
limitations. According to [55], Android is the platform with the best features to develop apps for
mobile devices. On this basis, our Mobile Application was designed to be accessible from a device
with Android Version 4 or higher operating system.
Figure 6 shows the main phases of the mobile application. The data acquired by the three networks
were previously stored in LabVIEWTM , and subsequently transferred to the Apache Web Server
through the MySQL Connector/ODBC driver [56]. The data in the web server were distributed in
tables using the multi-platform XAMPP software [57]. For each node of the three WSNs, we configured
a table with floating data type for the environmental measurements and string for the dates. If a client
(smartphone or tablet) requests the server, a PHP file is immediately executed, which contains the
script code to manage the connection and to access to the MYSQL databases [58]. Every query type
(trend or historical) was associated to a PHP script.
The web application was designed in the Eclipse Integrated Development Environment (IDE),
currently considered the most popular framework among programmers. In addition, we used the
software development kit (SDK) for the Android environment. The development of the application
was divided into two parts. The first one was the design of the user interface through the configuration
of graphical layouts in an XML script. The name, color, size, location and functionality of the interface
buttons were assigned in this file. The second part was the programming of the buttons using JAVA to
establish the communication between them, as well as the data visualization in real time or historical
reports. Figure A4 (Appendix A) shows the flowchart of the programming logic developed for the
mobile application.
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Figure 6. Mobile application development.

3.6. Startup
The experiments took place in Salcedo town, located at coordinates −1.018373, −78.583888 in
Ecuador. The agrarian area that corresponds to this study was 100 × 150 m and it is usually dedicated
to the tomato cultivation. Our WSNs were implemented in two greenhouses, here denoted as A
and B, with slightly different characteristics shown in Table 5. DigiMesh network was implemented
in greenhouse A, and ZigBee and WiFi networks in greenhouse B. Sensor Nodes 1, 2, and 3 were
installed at the ends of the greenhouses for variables air temperature, air relative humidity, luminosity,
and radiation. The gas sensor in Node 4 was installed in the center to register the highest concentration
of CO2 overnight, and the coordinator node was located at 30 m from the greenhouse. Figure 7
depicts the distribution networks and the location of the sensors and coordinator nodes, and Figure 8
shows the scenario where the networks were deployed and the location of some sensor nodes in the
two greenhouses.
Table 5. Characteristics of tomato greenhouses.
Feature

Greenhouse A

Greenhouse B

Type
Dimensions
Phenological state [59]
Crop

Sawtooth
Height: 5 m, length 80 m, width 50 m.
Flowering
Bulky

Curve
Height 5 m, length 70 m, width 50 m.
Harvest
Less bulky

Once the networks were implemented, the startup of the LabVIEWTM graphical application was
executed. Data were collected during three consecutive months, and the user was able to consult the
real-time graphs of the variables of each node individually when needed. These databases were also
used to analyze the power consumption of the three networks (in terms of different data transmission
rates), the operation mode of wireless communication modules, and the distances among sensors
and nodes of each network coordinators. Note that the designed system can be readily scaled to
larger areas.
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Figure 7. Map of WSNs distribution and node locations.

(a)

(c)

(b)

(d)

Figure 8. WSNs test scenario. (a) Node 4 of WiFi network; (b) Node 2 of WiFi network; (c) Node 1 of
DigiMesh network; (d) Node 1 of ZigBee network.
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4. Results
According to preliminary experience during the configuration and implementation process of
the three WSNs, we considered that some of relevant parameters for the performance analysis of each
network are the complexity of configuration of a node to an eventual network expansion, and the
data transmission speed. In addition, the dynamics of the energy consumption of each node and
of the monitored variables were studied with detail, but their analysis is further discussed in the
companion papers [33,34].
4.1. Node Configuration Complexity in the Case of Network Scalability
Based on the structure of each network, it was determined that the design of the DigiMesh
network was the most complex, since the mesh topology was configured by redundant links between
sensor nodes, and their programming included a more lines of code. Considering that this network
does not include the option of link auto-configuration (ad-hoc), the addition of an element in the
network would require extensive programming not only in the new node, but also in the existing ones.
In the case of the ZigBee network that was configured with the star topology, redundancy does not
exist, so fewer lines of code are used and their configuration complexity is reduced. However, if the link
between the sensor node and its coordinator fails, the data would be permanently lost. The difficulty
to add nodes would be intermediate, since the programming and configuration is executed in the new
node and in the coordinator, but the rest of elements of the network are not modified.
The WiFi network was configured as Access Point (AP) topology, so that the clients (sensor nodes)
were linked only to the MeshliumTM router, and they did not communicate with each other.
The difficulty in programming the sensor nodes was lower compared to the other networks, since the
data transfer uses the IP protocol, the frame of each transmission is created automatically, and it
is not necessary to pack the data with the technique used in the ZigBee and DigiMesh networks.
The configuration of the coordinating node was simple, since being a WiFi router, and the parameters
were set as in the creation of any domestic use network. The data received in the router were
automatically stored in a database, through the software that includes the device, a feature that
facilitates data processing. In the other two networks, data acquisition is more complex because
unpacking techniques were initially required, and then the database was created with additional
software. The degree of complexity when adding a new element to the network would be relatively
low, since the configuration of the existing nodes does not change.
4.2. Data Transmission Speed
The information transfer speed of each sensor node was an important parameter in the analysis
of the performance of the three networks, since any communication system it is required to transmit as
much information in a short time, without any possibility of data loss and with minimal error rate.
The transmission rate was determined from the bit rate which is defined as the number of bits received
by the coordinating node in a time interval. The binary speed is a parameter that varies according
to the type of communication protocol, the number of nodes in the network, and the type of sensors
installed in each of them. This parameter was obtained by programming LabVIEWTM .
The number of bits received by the coordinators of the DigiMesh and ZigBee networks was
updated in an average of three seconds. However, in the test phase, we identified that this time
increased between 10 s and 20 s for the DigiMesh network when one or several sensor nodes were
inactive, and therefore the bit rate was reduced. This effect was caused by the redundant links
configured on this network. The update time between each packet received in the WiFi was around 8 s,
because as explained in the previous sections, the coordinator node is a MeshliumTM router, and the
preliminary data processing was carried out in the device software and later transferred to LabVIEWTM .
The upload time between the receipts of every data is larger in the WiFi network, because, as explained,
the coordinating node of this network is a MeshliumTM device, the same that before establishing
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communication with LabVIEWTM performs the data preprocessing, hereby generating a higher update
time between each reading.
The transmission rate ST of the three networks was calculated in LabVIEWTM through the quotient
between the total bit rate BT and the update time of each measure TM . This parameter was analyzed
with all the active nodes and with some of them out of service. The results of ST for the three networks
are shown in Table 6. These values revealed that the failure of one or more nodes of the ZigBee and
WiFi networks does not influence the transmission speed, since its topology does not include the
possibility of linking between sensor nodes. In the Digimesh network with mesh topology, the data
transmission rate decreases as the number of inactive nodes increases, due to the redundant links that
were configured in each network element.
From the tests performed at different heights of the sensor nodes, we conclude that this parameter
affects the transmission speed. The results are observed in Table 7. For heights up to one meter, the
bit rate of the WiFi and ZigBee networks decreased compared to the results shown in Table 6. This
is because the height of the tomato crop in some cases exceeded one meter, losing line of sight with
the coordination node, and in these circumstances some data were lost and the bit rate decreased.
Redundant links from the DigiMesh network decreased the probability of data loss and the bit rate
remained almost constant.
Table 6. Network transmission speed.
Network

Sensor Node

Transmission Rate (Bits)

BT (Bits)

Approximate TM (Seconds)

ST (bps)

DigiMesh

Node 1
Node 2
Node 3
Node 4

318
278
318
60

974

3 (All active nodes)
10 (1 Faulty node)
20 (2 Faulty nodes)

324.667 (All active nodes)
97.4 (Faulty node)
48.7 (2 Faulty nodes)

ZigBee

Node 1
Node 2
Node 3

334
318
318

970

3 (All cases)

323.333 (All cases)

WiFi

Node 1
Node 2
Node 3
Node 4

318
318
318
60

696

8 (All cases)

87 (All cases)

Table 7. Bit rate vs. height sensor nodes.

Height (m)
0
0.5
1
1.5
1.8

BT (Bits)
DigiMesh

ZigBee

WiFi

974
974
974
974
974

625
625
625
970
970

984
984
984
1044
1044

5. Discussion and Conclusions
This paper scrutinizes the design and implementation of three WSNs for the monitoring of
environmental variables of interest in tomato greenhouses. Two networks used ZigBee technology,
and they had different topologies (star and mesh), whereas, in the third, network WiFi technology with
access point topology was used. The sensor nodes were classified according to the acquisition card
used. Agricultural nodes were equipped with transducers of air temperature, air relative humidity,
wind direction and speed, solar and UV radiation, and luminosity, while the gas nodes included a
CO2 concentration sensor. The elements that integrated each node were configured in a low level
programming language, except for the coordinator of the WiFi network that corresponded to the
MeshliumTM router, whose network parameters were set in the device software. The coordinating
nodes collected and sent measurements of the variables to a database configured on the system
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computer. The data were visualized with HMI designed in LabVIEWTM , and with the mobile
application created for smartphones with Android operating system. The networks were installed
and put into operation in two greenhouses, and they were tested over three months. Their behavior
was studied during this time interval by considering aspects such as scalability, changes of data
transmission speed, error rate, and relation between the bit rate and the location node. In addition,
this study has been the basis for two separate works, which describe in detail the dynamics of
energy consumption measurements [33], and the dynamics of monitored environmental variables [34],
acquired in each node of the three networks.
From the experience gained during the design, implementation, and startup of each network,
we can conclude that the DigiMesh network is complex to redesign, because, to add a new sensor
node, it is necessary to modify the programming of all the network elements. In the case of ZigBee
network, the complexity is average, because it involves the configuration of the new nodes and of the
coordinator. The difficulty of scalability of WiFi network is minimal, as the addition of new clients
(sensor nodes) is performed by configuring the network identifier (SSID), and the parameters of the
coordinator node do not need to be modified.
Regarding the bit rate, we obtained that it was greater for the WiFi network due to the type
of IP communication protocol used by the coordinating node and the preliminary phase of data
processing that is executed in the MeshliumTM device software, and these factors increase the time
update between received packets. In the event that a node in the DigiMesh network is out of service,
the bit rate will decrease considerably, because redundant links will be required and the data refresh
time in the coordinator will be higher. This feature minimizes the possibility of data loss, but it also
slows down the transmission rate.
Finally, we have shown that the location of the sensor nodes and the height of the crops strongly
influence the data transmission rate, especially if the line of sight with the coordinator has been
lost. The sensor nodes of the three networks were located at a lower height than the tomato crops,
and we checked that the bit rate decreases considerably in networks with star topology. In the
network with mesh topology, redundant links avoid data loss, so that the bit rate is not significantly
affected. Our analysis of the different communication configurations allows determining the optimal
parameters for the deployment of these types of networks within greenhouses. This research can be
further extended with the development of a Machine learning system that allows to characterize and
predict the behavior of the environmental variables registered by the WSNs. Specifically, in the future,
we plan to apply our study to cooperate in research related to frost prediction in scenarios of the
Andean region dedicated to large-scale cultivation, since this is a climatic factor that is unpredictable
and it represents a major threat to crops.
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Appendix A
In this Appendix, we show the flow diagrams applied to nodes for the ZigBee and DigiMesh
networks (Figures A1, A2, A3), and the mobile application (Figure A4). The programming logic of the
WiFi network nodes is not shown, because the sensor node was programmed very similarly to the
ZigBee network, and the coordinating node (MeshliumTM router) was configured using the device
own interface.
The data from the sensor nodes were sent to the coordinating node only if the node identifier
entry corresponded to one of the letters defined in the package creation. In the case of no coincidences,
a communication error counter was implemented for the quantification of the transmission error rate.
The disadvantage of the topology of this network was that, if one of the nodes loses communication
with the coordinator, then it would be permanently out of service.
The mesh topology of this network was implemented through redundant links, where each
sensor node can communicate directly with the coordinator or through another sensor node.
The programming that was developed in the sensor nodes of this network is more complex; however,
the advantage was the low probability that some node was out of service, thus reducing the
transmission error rate.
The programming of the sensor nodes of both networks included two entries of type string as
indicators of important events in the network. The S and F indicators are characters sent from the
coordinator to the sensor nodes. The S character represented the acknowledgment of receipt of the
packet and the authorization of emptying the data bus. The F character symbolized the closing of the
communication and the deactivation of the sensor nodes.
The sensor nodes and coordinator nodes were linked by the question–response sequence.
The coordinator sends a data request to each sensor node, which in turn transfers the packet. If the data
are successfully received in the set timeout, then the coordinator sends a successful link confirmation
through the S character, and it sequentially erases the bus and makes a new data request. Otherwise,
the rate error counter is incremented. Packet transmission ends when the coordinator sends the F
character to each sensor node.

Figure A1. Flowchart of logic programming sensor nodes of the ZigBee network.
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The programming of the mobile application was conditioned by the appropriate configuration of
the PHP (request for connection to the Web server), and using XML (design and functionality of the
user interface buttons) files, as well as the proper databases routing of every network hosted on the
server. The programming sequence was executed according to the type of request, which may be either
trend (data in a single time slot) or historical (data from a time slot); in both cases, it was necessary to
convert the JSON data (typical database format) to string to later be represented as a single character
(real time data), table, or graphic, as required in each case.

Figure A2. Flowchart of logic programming sensor nodes of the DigiMesh network.
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Figure A3. Flowchart of logic programming coordinator nodes of the of ZigBee and DigiMesh networks.
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Figure A4. Flowchart of logic programming mobile application.
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Abstract: Tomato greenhouses are a crucial element in the Equadorian economy. Wireless sensor
networks (WSNs) have received much attention in recent years in specialized applications such as
precision farming. The energy consumption in WSNs is relevant nowadays for their adequate
operation, and attention is being paid to analyzing the affecting factors, energy optimization
techniques working on the network hardware or software, and characterizing the consumption
in the nodes (especially in the ZigBee standard). However, limited information exists on the analysis
of the consumption dynamics in each node, across different network technologies and communication
topologies, or on the incidence of data transmission speed. The present study aims to provide a
detailed analysis of the dynamics of the energy consumption for tomato greenhouse monitoring in
Ecuador, in three types of WSNs, namely, ZigBee with star topology, ZigBee with mesh topology
(referred to here as DigiMesh), and WiFi with access point topology. The networks were installed
and maintained in operation with a line of sight between nodes and a 2-m length, whereas the
energy consumption measurements of each node were acquired and stored in the laboratory.
Each experiment was repeated ten times, and consumption measurements were taken every ten
milliseconds at a rate of fifty thousand samples for each realization. The dynamics were scrutinized
by analyzing the recorded time series using stochastic-process analysis methods, including amplitude
probability functions and temporal autocorrelation, as well as bootstrap resampling techniques
and representations of various embodiments with the so-called M-mode plots. Our results show
that the energy consumption of each network strongly depends on the type of sensors installed
in the nodes and on the network topology. Specifically, the CO2 sensor has the highest power
consumption because its chemical composition requires preheating to start logging measurements.
The ZigBee network is more efficient in energy saving independently of the transmission rate,
since the communication modules have lower average consumption in data transmission, in contrast
to the DigiMesh network, whose consumption is high due to its topology. Results also show that the
average energy consumption in WiFi networks is the highest, given that the coordinator node is a
MeshliumTM router with larger energy demand. The transmission duration in the ZigBee network is
lower than in the other two networks. In conclusion, the ZigBee network with star topology is the
most energy-suitable one when designing wireless monitoring systems in greenhouses. The proposed
methodology for consumption dynamics analysis in tomato greenhouse WSNs can be applied to
Sensors 2018, 18, 2556; doi:10.3390/s18082556
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other scenarios where the practical choice of an energy-efficient network is necessary due to energy
constrains in the sensor and coordinator nodes.
Keywords: wireless sensor networks; stochastic process; energy consumption; tomato greenhouse;
M-mode plots.

1. Introduction
The tomato, technically known as Solanum lycopersicun, is one of the most significant products
contributing to the economy of the Ecuadorian agricultural sector [1]. For this reason, tomatoes are
usually grown under greenhouses to increase their production. This structured environment facilitates
the implementation of internal and external climate monitoring systems. On the other hand,
wireless sensor networks (WSNs) are currently the telecommunication systems with the highest
penetration in the use of the population for specialized applications such as precision agriculture.
WSNs are implemented with autonomous sensor nodes that collect data packages and transmit
them to a coordinator at the expense of an external energy source, such as batteries [2–4]. Therefore,
the energy consumption of the nodes is an especially relevant parameter for the operation quality of
these networks.
At present, the energy consumption characterization of WSNs nodes in terms of telecommunication
infrastructure is a topic of interest, because it affects about 1% of the world’s electricity consumption,
and it has been exponentially increasing [5,6]. The scientific and technical literature includes
works focused to the analysis of energy consumption in relation to the operation mode [7] and
the performance of the operating system [8] in the communication radios. In addition, energy-saving
techniques using hardware [9–12] and software [13] have been considered, and most of these studies
are applied to WSNs with ZigBee technology and star topology. To our best knowledge, few works
involve an extensive knowledge of the detailed statistical description of consumption dynamics and
its ergodic properties, as well as a rigorous analysis of the estimation of stationarity. In addition,
the contributions with respect to comparisons of the energy consumption behavior of WSNs for
different wireless technologies, network topologies, and transmission rates are scarce.
Based on this background, the present study aims to provide a detailed analysis of the dynamics
of the energy consumption in three types of WSNs, namely, ZigBee with star topology, ZigBee with
mesh topology (so-called here DigiMesh), and WiFi with access point topology for tomato greenhouse
monitoring in Ecuador. We want to provide an accurate statistical characterization of the behavior of
WSNs, relating energy consumption, transmission rate, and network topology to provide researchers
with the selection criteria of the appropriate network design in terms of energy savings, and oriented to
monitoring the climate of greenhouses. For this purpose, the the electrical current time series recorded
at each node were studied using stochastic-process analysis methods, including amplitude probability
functions and temporal autocorrelation estimation. We also used bootstrap resampling techniques
to provide with non-parametric statistical description of confidence intervals (CIs) when convenient,
as well as the so-called M-mode plots to represent and compare the statistical properties of the several
realizations. The two companion papers are devoted to the analysis of the WSN topologies and their
configuration and to the study of the dynamics of the environmental measurements, both of them in
Equadorian tomato greenhouse monitoring [14,15]. The first one has the detailed description of the
complete system and network setup, and the second one has a short summary of the proposed system
for tomato greenhouse monitoring.
This paper is organized as follows. Section 2 reviews some documents related with the energy
consumption dynamics in WSNs. Section 3 describes the statistical analysis tools that are used to
study the dynamics of the energy consumption variables. Section 4 presents the detailed results when
analyzing each WSN at different speeds. Finally, Section 5 gives the discussion and conclusions.
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2. Related Work
WSN is a modern technology that has been widely used in a variety of applications, such as
greenhouse parameter control in precision agriculture [16,17], quality water monitoring systems [18,19],
military applications [20], intelligent street lighting systems [21], air pollution monitoring systems [22],
urban traffic characterization [23], oil industry [24], or health status monitoring [25], among many
others. Today, WSNs offer some advantages over traditional wireless communication systems, such as
low cost, ease of installation, real time, reliability, and connectivity [26]. Although the choice of
WSN technology is attractive, there are still some limitations present, such as energy consumption,
low battery life, redundant data acquisition, or low duty cycle.
One of the today problems in the development of WSN systems comes from the high energy
consumption of the sensor nodes, due to its direct impact on the WSN useful life [27]. According
to the literature [28,29], the relevant factors for energy consumption are inside the sensing module
(active sensors, sampling rate, and sensor type), inside the processing module (active state, clock
frequency, and microcontroller), and inside the communication module (bandwidth, radio, distance,
duty cycle, and topology). The heaviest energy consumer is the communication module used for the
transmission and reception of data among sensor nodes, and the most energy-demanding elements
are at the radio subsystems. Batteries are usually constrained to be small and they are in trouble when
required to support long-distance communications due to transmitted power constraints [7].
Table 1 shows a compilation of research works on the evaluation of WSNs topologies, transmission
reliability, energy-consumption optimization techniques, and energy modeling of sensor nodes.
In summary, it can be seen that the research is often limited with respect to the analysis of the
energy consumption dynamics of the sensor nodes, with the simultaneous consideration of different
communication technologies and topologies, in addition to the incidence of the data transmission
speed. However, and to our best knowledge, a detailed analysis on the consumption dynamics in terms
of detailed statistical descriptions of the consumption time series evolution is missing in the literature.
Table 1. State of the art of relevant works in WSN literature related with energy aspects.
Work

Technical Contribution

Barboni et al. (2008) [30]

An electronic system to visualize node current consumption usage,
and charge extracted from the battery during node operating states.

Niewiadomska et al. (2009) [31]

A short overview of the energy conservation techniques and algorithms
for calculating energy-efficient topologies for WSNs.

Al et al. (2010) [32]

A technique for WSN with mobile sensor nodes reducting 50% in the
energy consumption.

Casilari et al. (2010) [33]

A full experimental characterization of current consumption in ZigBee
sensor nodes.

Ishmanov et al. (2011) [34]

A review of energy consumption balancing (ECB) issues in WSNs.

Lozneanu et al. (2011) [35]

Energy mathematica model for each part of the wireless sensor node,
which is adaptable to any sensor node.

Mihajlov et al. (2011) [36]

A performance evaluation of a WSN.

Soua et al. (2011) [37]

A review of different techniques to reduce the consumption of the
sensor nodes.

Kaur et al. (2012) [38]

An overview of WSNs and a scenario based comparison for energy
efficiency between different topologies.

Silva et al. (2012) [39]

A methodology to evaluate the dependability of WSNs in typical
industrial environments.
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Table 1. Cont.

Work

Technical Contribution

Distefano (2013) [40]

An evaluation of the reliability of WSN applied from a system
reliability point of view.

Deshpande et al. (2014) [41]

A study of the topology control to minimize energy consumption
for a WSN.

Luo et al. (2014) [42]

Analysis of the distributions of the energy consumption for
the communications among nodes.

Moschitta et al. (2014) [43]

A review on energy consumption measurements in WSN networks,
highlighting the node architecture and the network operation.

Rault et al. (2014) [44]

A new taxonomy of energy conservation schemes and an analysis
of how these techniques can affect the performance of their applications.

Abo et al. (2015) [45]

An energy consumption model for a WSN node based on physical
and MAC layer parameters.

Aguirre et al. (2015) [46]

A radio planning analysis for WSN deployment is proposed by
employing a deterministic 3D ray.

Zhu et al. (2016) [47]

A reliability evaluation model for network transmission.

Dâmaso et al. (2017) [48]

An integrated analysis of power consumption and reliability.

3. Statistical Analysis of the Consumption Dynamics
In this section, we briefly describe the data analysis tools that have been used to study the
dynamics of a set of energy consumption variables. From a time-process analysis viewpoint, we used
methods allowing us to scrutinize the statistical nature of the recorded signals (histograms and
autocorrelation) and their stationarity (autocorrelation and M-mode representations). To provide a
detailed statistical description, nonparametric statistics (in terms of bootstrap resampling techniques)
were used to calculate CIs when convenient [49]. We describe in Appendix A the theoretical
fundamentals for this set of statistical analysis tools, and the interested reader is encouraged to
find therein a more detailed mathematical notation and statistical description for all these elements.
In addition to the conventional time representation of signal and time processes, in this work,
we often use the representation of the observed process using a bidomain support. For this purpose,
we introduce here the so-called M-mode representation, which is just a bidomain plot of time signals
(or its estimated statistical descriptors) accounting for a second and convenient representation domain.
This M-mode representation has been recently used in cardiac signal processing to provide with
spatial-temporal representations of a set of time signals along a line of spatial sampling points [50,51].
This M-mode representation can be advantageously used not only for signals, but also for their
statistical descriptions. In our case, it is also applied to the characterization of the energy consumption
time processes in terms of their probability distributions and of their autocorrelation, as described next.
The probability density function (often denoted as pdf) describes the relative probability that the
random variable falls in a specific region of the probability space, and it is defined by the integral of
the density of this variable between the limits of said region. Note that, since the pdf representation on
a linear scale can limit the visual perception of small yet relevant values, especially in the tails, we also
considered here its representation in log-log scale when convenient. The M-mode plots were also used
to represent jointly the estimated pdf of each realization to quantitatively and visually analyze the
similarities among them. In this work, the pdf was estimated in terms of the normalized histogram,
either for a given realization, or for the complete process. The histogram is the representation in
the form of bars of the distribution of a set of data from a given variable, so that each bar has equal
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width a and the bar heights are proportional to the relative frequency of the data represented in that
interval or bin [52]. In our application, this simple technique offers a panoramic and ordered view of
the estimated pdf of the consumption in each node of the three networks to easily identify the trends,
variability, and shape of the energy consumption distributions.
In addition to the estimated averaged pdf, it is informative to define a CI for it. However,
this calculation is not simple, because the underlying distributions are not known in practice.
For this reason, a non-parametric method is required to estimate the density of the estimated
statistics, which is required to be robust with respect to the underlying distribution shape. Bootstrap
resampling is a statistical estimation method which has been widely applied in Probability Theory
and in Statistical Inference for the construction and estimation of CI of a wide variety of statistical
processes. This technique uses the data collected from a given process and the plug-in principle to
randomly generate new simulated samples (resamples) of the same size as the original sample [49].
Bootstrap resampling techniques are widely used in practical problems; they are versatile and robust
with respect to the underlying statistical distribution; and they can be applied to virtually any estimator
that can be obtained computationally [53].
The simple autocorrelation function (SAF) is a statistical tool that determines the correlation or
similarity between a signal and its out-phase replica as a function of delay time (commonly denoted
as τ) [54]. In the field of signal processing, the autocorrelation facilitates the analysis of seasonality
of functions or time series in the time domain, especially when focused on applications related with
recognition of repetitive statistical patterns, on detection of (near-)periodic signals masked by noise,
or on the study of autoregressive moving average processes, among many others [55].
4. Experiments and Results
In this section, we first describe the configuration parameters and the connections of the
measurement equipment used in the experimental stage to acquire the energy consumption of each
node of the three networks. The data collection experiments were repeated ten times, all under the
same scenario, to characterize the statistical behavior of the energy consumption of each element of
the networks. Next, we present the dynamics of the consumption signals that were analyzed with
custom-developed software in MatlabTM . Selected and representative graphs of time series, probability
distributions, and SAF, were studied in each node and at different transmission rates. The scheme of the
comparative study was the following. Initially, we defined some relevant characteristics of the different
graphical representations of the DigiMesh network, as given by its trend, mean, standard deviation,
probability distribution, and seasonality, at a fixed and low rate of 9600 bauds. Next, we compared
these signals with other transmission speeds, and we identified the significant peculiarities and got the
corresponding conclusions. The same procedure was applied to the ZigBee and WiFi networks. We end
with a global analysis of the results of the three networks to discern the incidence of communication
technology and the transmission rate with respect to the battery consumption of each kind of node.
4.1. Setup of Energy Consumption Measurements
The efficient energy consumption in the nodes of WSNs is relevant for their performance, because
it increases the operating time of the batteries and reduces the risk of data loss due to lack of energy
in a network node. In this research, the energy consumption measurements of each node were
acquired and stored in the laboratory according to the scheme in Figure 1. An experiment was
developed for each network, and in all cases the link between the nodes was with line of sight and 2-m
length. The battery of each node was connected to the AgilentTM 34410A multimeters for the current
consumption measurements, and the recordings were transmitted through a local area network to the
computer. The multimeter was configured from the computer using SCPI commands, and current data
were transferred to a Microsoft ExcelTM database with Agilent IntuiLinkTM software, where data were
subsequently processed and analyzed with custom-made MatlabTM functions.
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Figure 1. Acquisition and storage of the current consumption in each node.

The relevant aspects that were considered for the experimentation phase of the three networks
are shown in Table 2. Baud rates were selected according to the technical specifications given by the
manufacturer of the Waspmote processing card and the communication modules. The parameters
configured on multimeters were static IP address, DHCP protocol disabled, and sample count to fifty
thousand. The resolution of the device was also analyzed according to the integration time, which was
defined as the period during which the analog-to-digital converter in the multimeter sampled the input
signal measurements. This time is typically expressed in number of power line cycles (NPLC) [56].
The integration time is directly related to the resolution of the device and inversely related to the noise
and measurement speed. For the first experiment, a low NPLC was selected for the three networksto
have a moderate acquisition time of each measurement. However, we observed that the noise in the
resulting signals was considerable, especially in the DigiMesh and WiFi networks. The NPLC values
were configured differently for each network after the noise level analysis, and shown in Table 2.
For the three networks, the experiment was repeated ten times in the same scenario, and fifty thousand
samples were acquired every ten milliseconds to statistically verify the similarity of the signals and to
determine the behavior pattern of the energy consumption of each node at different speeds.
Table 2. Relevant parameters in the data collection of energy consumption.
Network

Nodes

NPLC

Noise RMS (PPM)

Baud Rate

Waspmote Card

Communication Module

Software: ID PRO LibeliumTM
Hardware: Not required

Software: X-CTU
Hardware: ZigBee Gateway

ZigBee

1 Coordinator
3 Sensor Nodes

0.006

6

9600
19,200
57,600

DigiMesh

1 Coordinator
4 Sensor Nodes

2

0.2

9600
19,200
57,600

Software: ID PRO LibeliumTM
Hardware: Not required

Software: X-CTU
Hardware: ZigBee Gateway

WiFi

1 Coordinator
4 Sensor Node

1

0.3

9600
57,600

Software: ID PRO LibeliumTM
Hardware: Not required

Software: FTDI drivers Microchip TM
Hardware: RN-XV-EK1 Module

4.2. Energy Consumption Dynamics of DigiMesh Network
In Appendix B, we present the detailed analysis with all the proposed elements for the Digimesh
Network when working at 9600 bauds. This complete description is only detailed for that case, so that
the interested reader can better follow the scope and contribution of every kind of analysis addressed
here. Based on the methodology described in detail in Appendix B, we present in this section only
the relevant results of the comparative study for the energy consumption dynamics of the DigiMesh
network at 9600, 57,600 and 19,200 baud rates.
For three transmission rates, the time signals were homoscedastic, as seen in the example in
Figure 2, and also the values of µ and σ of the sensor nodes and the peak-transmission sequences
were similar. In addition, we verified that regardless of the transmission speed, the average power
consumption was the highest for Node 4 and the lowest for Node 3. In the particular case of the
Coordinator Node, we observed that, when the velocity increased, the averaged of energy consumption
decreased. Table 3 summarizes the average consumption, its deviation, and the transmission duration
of each realization for the three analyzed baud rates. The standard deviations were low, being below
1 µA at the Sensor Nodes and below 1.2 µA at the Coordinator Nodes. The transmission duration for
the three speeds was about 0.68 s. This value was determined by first taking the mode of the samples
in each realization, and then averaging them for all the realizations.
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Table 3. Values of energy consumption and transmission duration for the DigiMesh network.
Baud Rate

9600

19,200

57,600

Network Element

Parameters

1

2

3

4

5

6

7

8

9

10

Average

Coordinator

µ (uA)
σ (uA)

20.48
1.05

19.19
0.94

14.65
1.83

14.32
0.74

13.18
0.68

12.01
1.15

11.17
0.97

10.34
1.05

9.63
1.09

7.90
1.00

13.29
1.05

Node 1

µ (uA)
σ (uA)

112.11
0.43

112.34
0.50

112.54
0.41

113.03
0.45

113.14
0.53

113.44
0.64

113.58
0.59

113.99
0.43

114.29
0.42

114.14
0.46

113.26
0.49

Node 2

µ (uA)
σ (uA)

80.28
0.57

80.13
0.43

80.16
0.48

80.24
0.46

80.18
0.58

80.53
0.78

80.37
1.00

80.44
0.96

80.44
0.98

80.38
0.95

80.32
0.72

Node 3

µ (uA)
σ (uA)

77.01
0.71

77.17
0.60

77.23
0.71

77.25
0.78

77.2
0.63

77.18
0.70

77.37
0.59

77.37
0.59

77.3
0.71

77.26
0.58

77.23
0.66

Node 4

µ (uA)
σ (uA)

156.77
0.39

157.31
0.43

157.94
0.41

159.18
0.44

159.66
0.43

161.78
0.87

161.56
0.58

161.41
0.39

161.62
0.40

161.96
0.38

159.92
0.47

Transmission Duration

T (s)

0.71

0.68

0.68

0.68

0.68

0.70

0.68

0.68

0.67

0.67

0.68

Coordinator

µ (uA)
σ (uA)

10.78
1.30

9.55
1.33

8.61
1.31

7.61
1.35

7.40
1.49

7.57
1.07

6.02
0.69

5.42
0.71

4.87
0.67

4.40
0.74

7.22
1.07

Node 1

µ (uA)
σ (uA)

111.19
0.39

111.33
0.50

111.53
0.41

111.9
0.43

112.02
0.39

112.61
0.52

112.01
0.43

112.27
0.41

112.52
0.44

112.76
0.37

112.01
0.43

Node 2

µ (uA)
σ (uA)

79.98
0.52

79.98
0.46

79.97
0.46

80.04
0.50

80.04
0.46

80.03
0.49

80.2
0.59

80.03
0.71

80.08
0.64

80.13
0.59

80.05
0.54

Node 3

ć (uA)
σ (uA)

77.35
0.83

77.39
0.96

77.37
0.81

77.43
0.83

77.36
0.65

77.38
0.85

77.37
0.62

77.39
0.55

77.45
0.63

77.5
0.64

77.40
0.74
163.58
0.53

Node 4

µ (uA)
σ (uA)

161.51
0.32

161.47
0.39

161.57
0.42

164.57
0.38

165.25
1.69

164.59
0.43

163.50
0.36

164.05
0.46

164.46
0.42

164.86
0.41

Transmission Duration

T (s)

0.68

0.68

0.68

0.67

0.67

0.67

0.68

0.68

0.68

0.68

0.68

Coordinator

µ (uA)
σ (uA)

4.03
0.69

9.55
1.19

8.32
1.12

5.63
1.00

4.74
1.03

4.28
1.00

3.87
1.02

4.47
1.39

4.02
1.69

3.26
1.42

5.22
1.16

Node 1

µ (uA)
σ (uA)

112.72
0.44

112.99
0.49

113.33
0.46

113.71
0.40

114.94
0.45

115.15
0.42

115.33
0.48

115.47
0.46

110.00
0.47

110.21
0.41

113.39
0.45

Node 2

µ (uA)
σ (uA)

80.08
0.44

80.22
0.68

80.28
0.66

80.29
0.51

80.35
0.50

80.36
0.38

80.33
0.58

80.31
0.45

80.60
0.65

80.45
0.70

80.33
0.56

Node 3

µ (uA)
σ (uA)

77.51
0.76

77.21
0.61

77.42
0.65

77.59
0.62

77.66
0.58

77.65
0.55

77.64
0.57

77.59
0.54

76.84
0.79

76.98
0.62

77.41
0.63

Node 4

µ (uA)
σ (uA)

164.97
0.43

159.83
0.41

159.97
0.47

161.03
0.57

164.01
2.18

164.21
2.12

163.64
2.73

163.66
0.59

159.77
0.55

160.43
0.43

162.15
1.05

Transmission Duration

T (s)

0.68

0.70

0.68

0.67

0.66

0.66

0.66

0.68

0.69

0.68

0.68
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Figure 2. Time signals for DigiMesh network in two example realizations: (Left) at 19,200 bauds;
(Right) at 57,600 bauds; (Top) complete time signals; and (Bottom) signal sections with closer detail.

Figure 3 shows the set of pdf, whose behavior was different from the signals analyzed in
Appendix B. The distributions of the ten realizations for the Coordinator Node at 19,200-baud rate
showed more stable behavior than those obtained at 9600 and 57,600 bauds. However, the load effect
remained present in all runs of the three speeds, which was evidenced in the progressive phase shift
of the signals. The plots of Node 1 at 9600 and 19,200 bauds were similar, while a slight offset of
the two initial runs was observed at 57,600 bauds. This was caused by the low charge in the battery.
We conclude that the load effect on the sensor nodes is hardly visible at high transmission speeds.
Based on the high likeness of the pdf of Nodes 2 and 3 for the three speeds, the modification of the
value of this parameter does not significantly influence the energy consumption. The offset that was
observed in Node 4 pdf at 9600 bauds due to impedance decoupling was imperceptible for these other
speeds. Nevertheless, in some realizations, the increase in the transmission speed caused the presence
of low consumption values which were distant from the central distribution curve, and these values
corresponded to electrical noise, which was more noticeable at 57,600 bauds.
By means of the graphs of the CI of each network element at 19,200 and 57,600 bauds, we can
identify some characteristics with respect to the 9600 bauds, and the relevant signals are shown in
Figure 4. The Coordinator Node was the element with the widest CI for the three speeds; therefore,
the variation between the realizations because of the load effect was present in all cases, regardless the
communication transmission rate. The multimodal distribution and the size of the intervals were
similar at the speeds of 9600 and 57,600 bauds, however, the variation between modes at 19,200 bauds
was visibly softer and the CI width was larger. Based on this, we deduced that the data dispersion
was more stable, but the loading effect was slightly larger. In addition, the range with the highest
concentration of data consumption for this node decreases with increasing transmission speed.
The change in the transmission rate for Nodes 2 and 3 did not influence the behavior of energy
consumption, since the pdf, the margin of highest data concentration, and the narrow width of the
CI were very similar at the three speeds. In contrast, the similarities of these parameters for Sensor
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Node 1 were evident at 9600 and 19,200 bauds, but the pdf was multimodal, and the CI increased
considerably at 57,600 bauds, due to the lag between realizations that was previously explained in the
M-mode analysis of this node. The increase in the transmission speed in Node 4 did not significantly
change the consumption range with higher data concentration, however, the number of modes of
the probability distribution was reduced from three to two, and the CIs were reduced in both speeds,
with the narrowest one being obtained at 19,200 bauds. Hence, the energy consumption behavior for
this rate was less affected by factors such as the load effect given at low battery voltages or the delay in
the CO2 sensor activation.

Figure 3. M-mode of pdf with distinctive characteristics for DigiMesh network. From left to right:
Coordinator Node, Node 1, and Node 4. (Top) At 19,200 bauds; and (Bottom) at 57,600 bauds.

Figure 5 shows the estimation of the histograms for the DigiMesh network at 9600, 19,200,
and 57,600-baud rates. The elements of the DigiMesh network for the three speeds have the same
current ranges with higher occurrence probability. In addition, the current range with lower probability
of the Coordinator Node decreases with increasing speed. Accordingly, we identify that the sensor
nodes have higher average energy consumption than the Coordinator Nodes, especially Sensor Node 4.
Figure 6 shows relevant aspects identified in the autocorrelation analysis using the M-mode and
the CI at 19,200- and 57,600-baud rates. The plots of the Coordinator Node at 57,600 and 9600 bauds
were similar, and corresponded to a non-seasonal time process, since the decrease of their SAFs was
slow and exponential-like. In contrast, the first six realizations of this node at 19,200 bauds recorded
slow and anti-persistent drops, and for increasing run number, the battery voltage was reduced and
the consumption signals tend to be uncorrelated processes, because the falls were rapid and with
slight persistence in the initial delays. The persistence and fast descend of SAFs in Nodes 1 and 3
were similar for the three speeds, hence, we conclude that the consumption signals in these nodes
is seasonal, independently of the transmission rate. The autocorrelation variations in the signals of
Nodes 2 and 4 were rapid in all the runs and the number of signals with relevance throughout the
delay was greater than 19,200 bauds, but in general terms we can classify the consumption of these
nodes as uncorrelated processes.
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Figure 4. CI of pdf with distinctive characteristics for DigiMesh network. From left to right: Coordinator
Node, Node 1, and Node 4. (Top) At 19,200 bauds; and (Bottom) at 57,600 bauds.

Figure 5. Histograms for DigiMesh network. From left to right: at 9600, 19,200, and 57,600 bauds.

Through the comparative study of the CI of the SAF for the three speeds, we identified relevant
differences, which are shown in Figure 7. In the Coordinator Node, the consumption processes were
on average seasonal for all speeds, as long as the battery was fully charged in each realization. In all
cases, the widths of the CIs were greater with respect to the Sensor Nodes, and similarly at 9600
and 57,600 bauds. However, at 19,200 bauds the width decreased with increasing delay. In addition,
the average SAF was higher at 57,600 bauds. The rapid and persistent drops, as well as the CI
dimensions in the graphs of Nodes 1 and 3, were similar at all transmission rates, meaning that the
consumption signals of these network elements are seasonal. The SAFs of Node 2 were uncorrelated
at all speeds, as far as their values showed rapid drops without persistence with narrow CIs. Finally,
the consumption signals from Node 4 were classified as non-correlated processes for all the tests.
However, the speed increase caused a slight extension of the SAF in the first delays and the falls tended
to be smoother. In addition, persistence was lost throughout the range of delays for the highest rate.
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Figure 6. SAFs with different characteristics for DigiMesh network at 19,200 bauds. From left to right:
Coordinator Node, Node 2, and Node 4.

Figure 7. CI for SAF with distinctive characteristics for DigiMesh network: (Left) at 19,200 bauds;
(Right) at 57,600 bauds; (Top) Coordinator Node; and (Bottom) Sensor Node 4.

4.3. Energy Consumption Dynamics of ZigBee Networks
The analysis of the time series in the ZigBee network at 9600, 19,200 and 57,600 bauds showed
that, for the ten realizations, consumption fluctuated around the mean, there was no defined trend,
and the variability remained stable. This also indicates that the behavior of the signals is homoscedastic.
The cyclo-stationarity of the total and partial temporal signals for the 9600-baud rate is shown in
Figure 8, together with the time signals for 19,200 and 57,600 bauds, which did not exhibit any
periodicity. The µ and σ values of the Sensor Nodes indicate that the average energy consumption
was the highest. The Coordinator Node had lower consumption, because it has the XBEE ZB S2 PRO
communication module incorporated, and it is a low-power consumption module.
Figure 9 shows at a closer scale the consumption peaks of two realizations for the speed of
9600 bauds, in which the signal periodicity can be identified. The peak pattern indicates that Node 2
initiates the communication, then Node 3, and later Node 1. The peaks of the Coordinator Node are
present in the entire transmission sequence, whose duration is approximately 0.33 s. Five additional
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experimental tests were realized with the modification of the NPLC to characterize the periodicity for
speeds of 19,200 and 57,600 bauds, however, it was not possible to visualize the presence of periodicity
in any of them. The duration of the experiment was directly proportional to the resolution of the
multimeter expressed in NPLC, for its highest value, and the acquisition of measurements lasted
approximately 4 h per realization. In Figure 10, we observe that the increase of this parameter did not
improve the perception of periodicity, on the contrary, the current in the Coordinator Node noticeably
decreased. For this reason, we decided to maintain the NPLC to perform the energy consumption
analysis for the ZigBee network.

Figure 8. Time signals for ZigBee network. From left to right: at 9600, 19,200, and 57,600 bauds.
(Top) Complete time signal; and (Bottom) time detail of the same signal.

Figure 9. Complete time signals for ZigBee network at 9600 bauds in two example realizations:
(Left) Realization 4; and (Right) Realization 7.

Table 4 summarizes the average consumption and deviation of each realization for the three
analyzed baud rates. The standard deviations were high, being above 12 µA at the Sensor Nodes
and above 22 µA at the Coordinator Nodes. The transmission duration at 9600 bauds was to 0.33 s.
This value was determined by taking the mode of the samples in each realization, and then calculating
the average for all realizations.
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Table 4. Values of energy consumption and transmission duration for the ZigBee network.
Baud Rate

9600

19,200

57,600

Network Element

Parameters

1

2

3

4

5

6

7

8

9

10

Average

Coordinator

µ(uA)
σ (uA)

30.46
23.72

30.11
23.89

28.88
22.91

28.29
22.44

27.8
23.06

27.26
22.63

26.64
22.42

26.2
22.25

25.72
22.53

25.22
22.22

27.66
22.81

Node 1

µ (uA)
σ (uA)

36.36
18.77

36.29
18.54

36.31
18.71

36.11
18.63

36.03
18.38

35.95
18.72

35.94
18.59

35.85
18.3

35.93
18.54

35.85
18.51

36.06
18.57

Node 2

µ (uA)
σ (uA)

34.8
20.85

34.84
20.7

34.97
20.76

34.88
20.59

34.82
20.58

34.71
20.56

34.76
20.55

34.7
20.5

34.71
20.38

34.66
20.5

34.79
20.60

Node 3

µ (uA)
σ (uA)

34.01
21.07

34.08
21.17

34.31
21.35

34.32
21.35

34.31
21.15

34.08
21.3

34.11
20.95

33.98
20.95

34.03
21.02

34
21.09

34.12
21.14

Transmission Duration

T (sg)

0.43

0.26

0.34

0.42

0.29

0.42

0.29

0.24

0.32

0.32

0.33

Coordinator

µ (uA)
σ (uA)

56.36
24.55

54.83
23.12

53.59
22.62

52.54
22.58

51.5
22.97

50.43
22.56

49.44
22.44

48.31
22.32

47.3
22.92

46.36
23.01

51.07
22.91

Node 1

µ(uA)
σ (uA)

40.56
13.1

40.6
13.15

40.28
12.89

40.45
12.89

40.66
12.79

40.61
12.88

40.58
12.71

40.61
12.78

40.58
12.61

40.66
12.87

40.56
12.87

Node 2

µ (uA)
σ (uA)

41.75
13.62

41.76
13.89

41.63
15.47

41.94
15.65

41.94
14.86

41.88
14.92

41.93
14.86

41.92
14.86

41.9
14.83

41.86
14.75

41.85
14.77

Node 3

µ (uA)
σ (uA)

40.76
14.46

40.7
14.26

40.51
14.67

40.87
14.45

41.28
14.49

41.13
14.44

40.98
14.43

40.98
14.22

41.1
14.42

40.99
14.43

40.93
14.43

Coordinator

µ (uA)
σ (uA)

44.63
37.98

37.42
34.72

36.57
34.1

35.53
35.54

34.26
33.94

33.28
33.92

32.17
33.64

30.97
33.02

24.75
30.87

24.28
31.14

33.39
33.89

Node 1

µ (uA)
σ (uA)

41.21
11.67

41.38
12.62

41.39
12.83

41.4
12.76

41.35
12.78

41.3
12.9

41.29
12.88

41.28
12.93

41.13
12.51

41.16
12.56

41.29
12.64

Node 2

µ (uA)
σ (uA)

41.57
13.71

41.72
13.31

41.85
13.93

41.84
13.01

41.37
13.44

41.27
13.96

41.24
13.58

41.27
13.4

41.86
13.65

41.85
13.63

41.58
13.56

Node 3

µ (uA)
σ (uA)

40.62
14.59

40.88
13.66

41.03
14.01

41.14
14.04

41.15
13.93

41.15
13.91

41.12
13.53

41.43
14.04

41.45
13.98

41.52
13.94

41.15
13.96
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Figure 10. Time signals for ZigBee network at different NPLC. From left to right: 0.2, 2, and 10 NPLC.

The similarity of the pdf signals obtained in ten realizations for the Coordinator Nodes was
high between the speeds of 9600 and 19,200 bauds, but it was different by the slight displacement in
Realization 10 at 57,600 bauds, as shown in Figure 11. In the case of the Sensor Nodes, the similarity
was greater among the three baud rates. Then, we can say that the increase in the transmission speed
does not significantly affect the behavior of the energy consumption. Figure 12 shows the estimated
pdf, with their CI for the ZigBee network nodes, at the three speeds. The widest CIs were produced in
the Coordinator Nodes, whereas the Sensor Nodes have narrow CI. The empirical pdf of the elements
in the ZigBee network was multimodal, and it was skewed to the right. The pdf of the Coordinator
Nodes were similar for the three speeds. The pdf of the Nodes 1, 2, and 3 at speeds of 19,200 and
57,600 bauds were similar, however, at 9600 bauds there were very low consumption values with very
low probability that were apparently generated by electrical noise. In addition, we observed that the
sensor nodes at low speed showed a greater number of modes, while the Coordinator Node at higher
speeds had a greater number of modes than at low speeds. The range with the highest concentration
of data consumption acquires an extension when increasing the transmission speed, which occurs only
in the Coordinator Nodes.

Figure 11. M-mode of pdf with distinctive characteristics for Coordinator Node of the ZigBee network:
(Left) at 9600 bauds; and (Right) at 57,600 bauds.

The estimated histograms of the ZigBee network for the three speeds are shown in Figure 13.
Figure 13 (center, left) shows that the current ranges with higher probability of occurrence for the
sensor and coordinator nodes were the same for the speeds of 9600 and 19,200 bauds. However,
Figure 13 (right) exhibits a decrease in the current range with lower probability of occurrence for the
sensor nodes, and this range increased for the Coordinator Node. Therefore, the speed increase to
57,600 implied a characteristic increase in the consumption peaks at the Coordinator Node. From these
results, we conclude that the increase in the transmission speed to its maximum value increases,
although not in a greater proportion, the average consumption of the node that manages the network.
From the review of the SAFs plotted in time series and with the M-mode for the three speeds,
we conclude that for each node the resulting signals in each realizations were statistically similar.
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Figure 14 shows some representative SAFs. In Figure 14a–c, we observe that, for all members of
the network, the fall was rapid and persistent. In the Coordinator Node, the persistence peaks were
lower, and the correlation was nearby zero, which means that the relationship among observations
was very low even in very short delays, and the results were quite similar for all speeds. Hence,
the behavior of the SAFs in this node was independent of the transmission rate. In the sensor nodes,
we note that for 9600 baud the correlation decreases with an approximately linear trend, and for delays
larger than 180 ms, its values were negative. This is to say that the relation between a signal and its
displacement is inverse. At 19,200 and 57,600 bauds, the SAF was positive and remains stable around
the average. Figure 14d–f represents the M-mode plots of the SAF for Sensor Node 1 to corroborate
that this different behavior between speeds was generated in the ten embodiments. The rest of the
nodes were not shown because the SAF variations are very similar.
The characterization of energy consumption dynamics in terms of seasonality can be
complemented by using the average SAF and its CI shown in Figure 15. For the Coordinator Node,
the process can be described as uncorrelated for 9600 bauds, since the persistence of the function is lost
with increasing delays. At high speeds it was stationary, since the SAF fall was fast and persistence was
visible throughout the range of delays. The processes of Nodes 1–3 for 9600 bauds can be described
as stationary for the first 200 delays, since the SAF falls are fast and the persistence is pronounced.
After that, they were uncorrelated, and they invert due to the persistence, so that the correlation
turns negative. In contrast, for 19,200 and 57,600 bauds, the processes were defined as stationary,
regardless of the number of delays. Based on the small width of the CIs in all cases, we conclude that
the average SAF of each node shows the presence or absence of seasonality in the signals with low
accuracy. At the highest transmission rate, we observe a slight increase in the CIs for all the network
elements.Finally, considering the narrow CI of the coordinator node, we conclude that the load effect
does not affect the consumption signals, as happened in the DigiMesh network. In general terms,
all the nodes in the ZigBee network at medium and high speeds would be the most suitable for energy
consumption characterization over time.

Figure 12. Cont.
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Figure 12. CI of pdf for ZigBee network. From left to right: at 9600, 19,200, and 57,600 bauds. From top
to bottom: Coordinator Node and Nodes 1 to 3.

Figure 13. Histograms for ZigBee network. From left to right: at 9600, 19,200, and 57,600 bauds.

(a)

(b)
Figure 14. Cont.

(c)
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(a)

(b)

(d)

(e)

(c)

(f)

Figure 14. Representative SAFs for the ZigBee network. From left to right: 9600, 19,200,
Figure
14. bauds.
Representative
SAFs for
network.
From
left toNode
right:
19,200,
and
57,600
(a–c) Realizations
5, 1,the
and ZigBee
8; and (d–f)
M-modes
of Sensor
1 at 9600,
each speed.
and 57,600 bauds. (a–c) Realizations 5, 1, and 8; and (d–f) M-modes of Sensor Node 1 at each speed.

Figure 15. CI of SAF for ZigBee network. From left to right: 9600, 19,200, and 57,600 bauds. From top
to bottom: Coordinator Nodes, and Nodes 1–3.
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4.4. Energy Consumption Dynamics of WiFi Network
The analysis of the time series of the ten realizations in the WiFi network at 9600- and 57,600-baud
rates showed that, for all cases, consumption continued oscillating around the mean, therefore,
there was no trend and the variability was less stable. This allows us to state that the behavior of the
signals was mostly homoscedastic. Figure 16 shows the periodicity of the total and partial time signals
of the consumption, and the pattern peaks of each node. The values of µ and σ at Node 4 indicated that
its average energy consumption was higher, due to it having the CO2 sensor. The Coordinator Node
had incorporated the RN-XV wireless communication module and the MeshliumTM router, so that
its consumption was higher, because it is a device similar to a router for home wireless networks,
and power saving is not a mandatory requirement. The consumption peaks of the sensor nodes
occurred when the data sending was generated, and in the Coordinator Node at the moment of data
reception and transmission. The event sequence occurred approximately every 1.2 s.
Table 5 shows the average consumption, as well as its deviation and the transmission duration
values of each realization for two speeds. The average power consumption in Sensor Node 4 was the
highest and in Node 1 it was the lowest. The average energy consumption of the Coordinator Node
was maintained independently of the transmission rate. The standard deviation averages were high,
about 20 µA at sensor nodes and about 11 µA at coordinator nodes. The transmission duration for
both speeds was 1.28 s.
The differences in the pdf between speeds were not significant. However, the results of the
Coordinator Node (MeshliumTM WiFi router) differed considerably with respect to the DigiMesh
network, as shown in the example in Figure 17. The signals of WiFi network were very similar in the
ten realizations, since this device incorporates its own power system. In comparison to the DigiMesh
network, the average consumption was not shifted between realizations, which means that this node
was not affected by the load effect.
The estimation of the histograms represented in logarithmic scale for the 9600- and 57,600-baud
rate is shown in Figure 18. For Nodes 1–3, and Coordinator, we observe that the current ranges with
higher probability of occurrence were the same for both speeds. However, in Node 4, this range
increased for the lower speed, which reveals the presence of current peaks with amplitudes slightly
higher than those generated for 57,600 bauds. This behavior occurred for both speeds, and it was due
to the type of sensor installed in this node, but it was more visible at 9600 bauds. In general terms,
we conclude that these peaks do not significantly affect the average energy consumption, since their
occurrence probability is low.
Figure 19 shows the estimated pdf, with their respective CI for the WiFi network nodes, at 9600and 57,600-baud rates. In all cases, the CIs were very narrow, and we conclude that the behavior of the
energy consumption process in each node tends to be similar, regardless of the number of repetitions
of the data collection experiment. The pdf in the Coordinator Node and in Nodes 1–3 were very similar
for both speeds, since they maintained the multi-modal characteristic and the trend to skew to the right.
In Node 4, we observe differences for consumption values lower than 0.1 mA, presumably generated
by electrical noise. This was more perceptible at 9600-baud rate because the occurrence probability was
high there. Besides, the electric current range covered by each pdf was reduced by increasing the speed.
The pdf at 9600 bauds showed consumption values higher than 0.6 mA, whose occurrence probability
was low, and it was likely caused by random electric current spikes that are typical in the CO2 sensor
operation. Nevertheless, this particularity does not significantly affect the consumption.
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Figure 16. Time signals for WiFi network: (Left) at 9600 bauds; and (Right) at 57,600 bauds. From top
to bottom: total time signal, time detail of the signal, and signal sections with closer detail.

After a comparative study of the pdf and CIs of the three networks, we conclude that the WiFi
network exhibits relevant differences. In the Coordinator Node, the CIs were considerably narrow,
the modes of the curve were easily distinguished, they do not vary sharply, and the range of the pdf
consumption values contained was high. In Node 1, the CI widths and the probability curves were
similar, but the consumption values tend to be low. The pdf in Nodes 2 and 3 differ with respect to the
other two networks, because an additional mode was generated for consumption values lower than
0.04 mA, whose probability amplitude was considerable. This was likely produced by noise, and also
the electrical current range with major occurrence probability was high. With respect to Node 4 of the
DigiMesh network, the pdf and the CIs at 19,200 and 57,600 bauds were very similar in form, but the
average consumption was high, while at 9600 bauds the differences are noticeable in terms of the CI
width and the number of modes.
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Table 5. Values of energy consumption and transmission duration for the WiFi network.
Baud Rate

9600

57,600

Network Element

Parameters

1

2

3

4

5

6

7

8

9

10

Average

Coordinator

µ (uA)
σ (uA)

277.99
7.47

278.06
11.87

278.43
10.32

278.74
10.82

279.25
11.29

278.63
10.53

278.73
10.29

278.83
10.52

278.65
10.6

278.49
10.23

278.58
10.39

Node 1

µ (uA)
σ (uA)

45.03
10.34

43.39
10.28

44.82
10.71

45.86
10.87

46.15
11.18

45.57
10.74

46.55
10.89

45.24
10.87

44.28
11.05

42.46
10.2

44.94
10.71

Node 2

µ (uA)
σ (uA)

55.25
15.48

54.29
15.24

54.47
14.74

54.38
15.09

54.27
14.93

54.03
14.62

54.13
14.73

53.89
14.51

53.8
14.66

53.79
14.7

54.23
14.87

Node 3

µ (uA)
σ (uA)

53.35
15.28

276.18
10.42

53.43
15.04

53.78
14.97

53.58
14.9

53.44
15.13

53.46
15.13

53.3
15.43

53.35
15.37

53.48
15.16

75.74
14.68

Node 4

µ (uA)
σ (uA)

123.63
22.73

120.98
20.73

120.68
20.12

121.43
20.78

121.43
20.78

121.8
21.03

123.38
21.83

123
22.66

123.08
22.44

123.3
22.71

122.27
21.58

Transmission Duration

T (sg)

1.29

1.28

1.28

1.28

1.27

1.30

1.30

1.27

1.28

1.29

1.28

Coordinator

µ (uA)
σ (uA)

279.01
13.02

278.06
11.87

278.43
10.32

278.74
10.82

279.25
11.29

278.63
10.53

278.73
10.29

278.63
10.52

278.66
10.6

278.49
10.23

278.66
10.95

Node 1

µ (uA)
σ (uA)

41.99
10.22

42
10.22

42.41
10.42

42.18
10.37

41.5
9.74

41.28
9.71

41.52
9.93

42.07
10.12

42.15
10.22

42.46
10.2

41.96
10.12

Node 2

µ (uA)
σ (uA)

54.72
15.3

54.13
15.64

54.18
15.38

54.25
15.44

53.77
15.38

53.78
15.52

53.98
15.5

53.62
15.33

53.79
15.52

54.12
15.37

54.03
15.44

Node 3

µ (uA)
σ (uA)

53.48
15.36

53.78
15.66

53.44
15.63

53.34
15.37

53.42
15.65

53.35
15.64

53.18
14.94

53.07
15.23

53.34
15.26

53.11
15.15

53.35
15.39

Node 4

µ (uA)
σ (uA)

123.75
8.64

123.78
8.41

124.26
8.49

124.42
8.88

124.89
9.29

124.8
8.85

125.26
8.59

125.04
8.83

125.04
8.83

125.23
8.84

124.65
8.77

Transmission Duration

T (sg)

1.27

1.28

1.28

1.28

1.28

1.3

1.29

1.29

1.27

1.29

1.28
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(a)

(b)

Figure 17. M-mode plots of the pdf with particular characteristics: (a) DigiMesh Coordinator Node at
57,600 bauds; and (b) WiFi Coordinator Node at 57,600 bauds.

Figure 18. Histograms for WiFi network: (Left) at 9600 bauds; and (Right) at 57,600 bauds.

The estimation of the SAFs for the ten realizations revealed that the behavior of the functions
for the Coordinator Node and for Nodes 1–3 is the same for the two speeds. Figure 20 shows some
representative SAFs. The correlation of Node 1 falls slowly, with a slight persistence for the first
50 delays, its range was similar in all realizations and it was the highest with respect to the other nodes
of this network. The SAFs in Sensor Nodes 2 and 3 were the same for both transmission rates, the fall
was slow, and the persistence can be observed for delays less than 100. The correlation then decreases
and reaches negative values near to zero with increasing delays. In this scenario, the relation between
one observation and another was minimal and inverse. In the Coordinator Node, the SAF falls rapidly,
the correlation was positive and it varies with persistence for all delays. However, its values were very
low, therefore the relation between observations was very low even in the initial delays. In the case of
Node 4, the SAF lacks persistence for both speeds, but the drop was less pronounced at 57,600 bauds
and the increase in delays causes also a negative correlation. However, at the highest speed, we can see
a slight increase for delays higher than 400, and if the delay continues to increase, the relation between
observations tends to be high and direct.
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Figure 19. Cont.
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Figure 19. CIs of pdf for WiFi network: (Left) 9600 bauds; and (Right) 57,600 bauds. From top to
bottom: Coordinator Node and Nodes 1–4.

By studying the average SAF and the CIs shown in Figure 21, and for both speeds, we complement
the analysis of the energy consumption behavior of the elements of the network. The Coordinator
Node was a seasonal process, given the rapid and persistent fall of SAF. For all sensor nodes,
the processes were defined as non-seasonal, since the fall of the correlation coefficient was slow
and it lacks persistence. Regarding the CIs, we conclude that, for Nodes 2–4, the widths were very
small, and similar for the two transmission rates, while, in other network elements, we observe
variations. For the highest speed, the CI amplitude increases in the Coordinator Node, and decreases
in Node 1, but not in large magnitude, since the deviation does not exceed the 0.05. For Node 4,
the fall of autocorrelation coefficient was more rapid, as well as its increase to delays greater than 400,
particularities that were already explained. In general terms, the SAF average of each node defines
with enough precision the presence or absence of seasonality in the signals, since the intervals were
quite narrow.

Figure 20. Representative SAF for WiFi network: (Left) 9600 bauds; (Right) 57,600 bauds; (Top) time
series for Realizations 6 and 7; and (Bottom) M-mode of Sensor Node 4.
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Figure 21. CI of SAF for WiFi network: (Left) 9600 bauds; and (Right) 57,600 bauds. From top to
bottom: Coordinator, and Nodes 1–4.
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5. Discussion and Conclusions
In this paper, we addressed the detailed study of the dynamics of energy consumption time
processes in three types of WSNs, namely, ZigBee with star topology, ZigBee with mesh topology
(DigiMesh), and WiFi with access point topology, at different transmission rates, for the monitoring
of tomato greenhouses in Ecuador. The electrical current measurements of the nodes were acquired
at a fast sampling rate, using high resolution multimeters that were connected to the data storage
station through a local area network. The experiments were conducted with all the network elements
being active, distributed in line of sight, and at the same distance. For the three networks, the test
was repeated several times for each transmission rate, and without charging the battery between
runs to analyze the impact of battery discharge over the reliability of the acquired consumption data.
The consumption dynamics was scrutinized by using stochastic process analysis techniques, such as
time series, pdf, histograms, and autocorrelation estimation, complemented with bootstrap resampling
and CIs, and the results of all the realizations were simultaneously represented by the M-mode.
The power consumption of the WSNs nodes was evaluated considering the type of sensors,
the network topology, the transmission speed, and the data transmission duration. According to the
type of sensor, we conclude that the nodes with the CO2 , wind speed, and wind direction sensors were
the ones with the highest consumption, independently of the network communication technology.
Regarding the network topology, we verify that the consumption is associated with the role of each
node. The consumption of the sensor nodes was lower in the ZigBee and WiFi networks (star topology),
where each node only communicates with its coordinator, in contrast to the DigiMesh network (mesh
topology), where the links are redundant and the nodes communicate simultaneously with more than
one network element. In the case of the coordinator nodes, we concluded that the consumption values
were lower for the DigiMesh network, closely followed by the ZigBee network. The consumption of the
WiFi coordinator node (MeshliumTM wireless router) was considerably greater than other networks,
because the design of this device does not prioritize the issue of energy optimization. Based on
these results, we conclude that, in terms of energy saving, the ZigBee network, with star topology
and maximum transmission rate, was the most efficient option, and therefore the recommended one
for greenhouse monitoring. The WiFi network can be considered as an appropriate second option,
since the Coordinator Node is a device whose supply system is the commercial electrical network,
and not a battery. Therefore, its high consumption is not a limitation, and the average consumption of
the sensor nodes was very close to the measured ones in the ZigBee network. The DigiMesh network
would be recommendable for applications where the redundancy of communication links is prioritized
instead of energy saving.
A further objective of the present research was the characterization of energy consumption of
WSNs nodes in terms of seasonality to identify the feasibility of its behavior prediction over time.
Unlike the previous analysis, the seasonality was not significantly dependent on the type of sensors
used in each node or the network topology, as the outcomes differed between networks, even for
cases where sensor nodes measured the same variables. The results of the DigiMesh network were
quite similar for the three speeds, i.e., the energy consumption processes were seasonal for the
sensor nodes that measure solar and ultraviolet radiation, non-seasonal for the coordinating node,
and weakly correlated for the CO2 sensor node. For the WiFi network at the different transmission
rates, the consumption process of the coordinator node was seasonal, while for all the sensor nodes it
was non-seasonal. The power consumption processes of all ZigBee network nodes were seasonal for the
medium and high speeds, while for the minimum speed the seasonality was lost from approximately
200 milliseconds of delay. Based on this background, we conclude that the ZigBee network at medium
and high transmission rates was the most recommendable for purposes of energy consumption
modeling of greenhouse monitoring networks.
The relevant contributions of the energy consumption study developed for the sensor
and coordinator nodes of three WSNs with different communication technologies, topologies,
and transmission rate are described next:
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The usual patterns and duration times of each transmission were determined by locating the
periodic spikes in the time series of the electrical current measurements.
A detailed statistical description of the consumption dynamics and ergodic properties using
histograms, the estimated pdf, and their CIs was elucidated.
The nodes where consumption prediction is feasible by means of seasonality study (estimated
SAF and CIs), as well as the differentiation of the nodes affected by the type of topology or speed
change, were identified. To consider additional aspects such as the full charge of the battery
during the experimental phase, a particular case of this study was given by the sensor nodes that
measure CO2 , as well as the Coordinating Nodes of the ZigBee and DigiMesh networks.
Recommendation of the most suitable network in terms of energy saving for use in greenhouse
monitoring systems are given.

In summary, this work provides engineers and professionals in the field with a set of guidelines
that can be taken into account for the design and deployment of greenhouse monitoring networks,
to choose the most appropriate technology and topology, as well as the ideal transmission rate in terms
of energy consumption, without affecting the quality of the monitored data.
This research can be further expanded through the application of statistical learning and machine
learning techniques to predict the trend of battery discharge, depending on wireless technology,
network topology, transmission rate, link distances, and types of installed nodes.
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Appendix A
Time Series Notation and M-Mode Plots for Different Runs. The energy consumption signals in WSN
nodes are temporal random processes, since they are defined as time functions at some observation
interval, and it is not possible to describe exactly their waveform as it will be observed in the future
before performing another experiment. The recorded temporal signals are defined as continuous
stochastic processes, and we can denote each of these processes as ϕ(t) [57]. In general terms,
the mathematical notation assigned to an acquired consumption signal is x (t), and each signal
generated to jth realizations is defined as x j (t), with j = 1, 2, ..., R, where R is the total number
of realizations. All signals are observed in a time interval given by (ti , t f ) with duration T, and each of
these measured signals is denoted as
x j (t) =

(

x (t)
0

if t ∈ (ti , ti + T )
otherwise

(A1)

The temporal evolution of a stochastic process in a sample period Ts is analyzed using
discrete-time series, which are also called sampled signals. The sampling process transforms a
band-limited continuous-time signal into a series of amplitude values at discrete-time instants [58].
Sampled signals can be obtained with the classical impulse- and uniform-sampling technique,
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which multiplies the input signal by a train of unit impulses in which the intervals between consecutive
impulses are the equidistant sampling times, as described by
∆ j (t | Ts ) = x j (t) ·

∞

∑

n=−∞

δ(t − nTs )

(A2)

where the Dirac’s delta function or continuous-time unitary-impulse function is denoted as δ(t) [59].
Note that x j (t) is limited in duration, so that ∆ j (t | Ts ) has a limited set of N possibly non-zero samples.
Based on the description of process ϕ(t) in the time domain, we can obtain its estimated average
from the set of samples available for the j realizations by
¯ j (t | Ts ) = E[∆ j (t | Ts )]
∆

(A3)

In addition, for a signal x (t), we can define an M-mode by defining a convenient second dimension
d, so that Γ(t, d) denotes this representation in general terms. For instance, if the second dimension is
the index corresponding to the jth realization, we can define the M-mode of the sampled process as a
index-temporal and simultaneous representation of the realizations of the stochastic process as follows,
X ( j, t) = x j (t)

(A4)

where the convention of capital notation is used for the M-mode of the represented signal.
Probability Density Function and Bootstrap Averaging. The study of the probability density function
(pdf) of a continuous random process ϕ(t) is relevant because it quantifies the certainty and the
uncertainty of the results obtained in each realization. The value of this function is positive throughout
the domain [60]. Since x j (t) is a continuous random signal, we can define the pdf of its amplitude as
f x j ( x ), and it represents the overall distribution of its amplitudes, integrated with respect to time and
then independently from it.
M-mode plots were also used in this work to represent jointly the estimated pdf of each realization,
as denoted by:
F ( j, f x j ) = f x j ( x )
(A5)
where again the convention of capital is used for the M-mode of the pdf. If we want to obtain the
overall estimation of process ϕ(t), denoted as f x ( x ), we can average in the available realizations,
as denoted by
f¯( x ) = Ej [ f x j ( x )]
(A6)
Bootstrap resampling can provide us with nonparametric estimation of a variety of CI for
different estimations with non-trivial analytical estimation equations. By using bootstrap resampling,
we generate b = 1, ..., B resamples of the empirical pdf by sampling with replacement of the process
time-samples, which is denoted as f x∗j ( x, b). By following the usual bootstrap notation, the asterisk
(∗) is usually applied to represent the bootstrap versions of the statistical elements obtained from
the empirical process, so that x j ∗ (b) are set of the samples with replacement obtained from a given
jth time series, and B is the total number of built resamples (often B = 100, B = 500, or B = 10, 000).
Once resample b is created, a bootstrap replication can be obtained for any estimated statistical
parameter, in our case the empirical pdf, in virtue of the plug-in principle, and with this we define its
estimator as
(A7)
f¯j∗ ( x, b) = Ej [ f x j ∗ ( x )]
The CI for the estimated pdf can now be easily obtained by using ordered statistics from the
representation of the B replications. In our case, we used a significance level of 0.05.
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Simple Autocorrelation and its Bootstrap Average. If x j (t) is the energy consumption signal of jth
realization, then x j (t + τ ) represents its replica displaced by delay τ, and its SAF is calculated by
r x j x j (τ ) =

Z ∞

−∞

x j (t + τ ) x j (t)dt

(A8)

The M-mode of the autocorrelation functions of the jth realizations is then just given by
R x j ( j, τ ) = r x j x j (τ )

(A9)

The estimated average of the SAF for the jth realization is given by
r̄ x j x j (τ ) = Ej [r x j x j (τ )]

(A10)

Similar to the analysis in the previous paragraphs, we can estimate the statistical distribution
of the SAF and define its CI by using the bootstrap resampling method for nonparametric processes.
The empirical SAF that we built for resample b is denoted by
r ∗x j x j (τ, b) =

Z ∞

−∞

x ∗j (t + τ ) x ∗j (t)dt

(A11)

and using the B built resamples, we can calculate a bootstrap replication for the SAF distribution,
by means of the plug-in principle, which is finally estimated as
r̄ ∗xx (τ, b) = Ej [r ∗x j x j (τ )]

(A12)

The CI for the estimated SAF can again be obtained by using ordered statistics from the
representation of its B replications, and again we used a significance level of 0.05.
Appendix B
Here, we explain in detail the methodology of energy consumption analysis using as an example the
DigiMesh network at a transmission rate of 9600 baud. This explanation extends to the analysis of the
other case studies. Table A1 summarizes the applicability of the different statistical methods used in
this study for the acquired electrical current signals.
Table A1. Summary of statistical tools used for consumption dynamics analysis.
Statistical Plot

Applicability

Time series

To identify the approximate transmission patterns (in terms of consumption peaks repeated after
some time intervals).

To determine trends, average, and variability of the energy consumption for each experiment run.

To determine the duration time of each transmission (T).
To represent the relative frequency distribution of consumption in the network nodes.
Histograms and pdf

To identify scattered data from the central distribution (tails with errors or noise).
To identify multimodalities.

Estimated SAF
CIs
M-mode

To determine persistence and stationarity profiles of the energy consumption processess.
To provide with confidence limits on histograms and SAFs.
Simultaneous representation of the time processes, pdf and SAFs for each experiment.
To better identify similarities and differences of the results accross runs.

The revision of the time series of the ten repetitions in the DigiMesh network at 9600-baud rate
showed that, for all cases, consumption remains oscillating around the mean. Hence, there is no actual
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trend, and the variability remains stable, which allows us to say that the behavior of these signals was
mostly homoscedastic. Figure A1 depicts two example observations, in which the value of the mean
(µ) and the standard deviation (σ) of each node are also included. In addition, since the CO2 sensor
of Node 4 requires greater current for its operation compared with the sensors installed in the other
nodes, the average energy consumption of this node was notably higher. The coordinator incorporated
only the communication module XBEE ZB S1 PRO, which is manufactured with ultra-low power
technology, hence its consumption was lower.
The patterns of the spikes in each node were analyzed in detail in each series. In the absence of
interaction among the elements of the network, their consumption remains almost constant around
the average. However, when the communication is established, the consumption peaks are generated
with different amplitudes and at time spacings, although they were very similar in terms of sequence
of events. Figure A2 shows in an increased scale the consumption peaks of two realizations taken
as an example at different time instants. Note that the Coordinator Node opens the communication
channel and generates a data request to the four Sensor Nodes, then each node sends the information
of the variables, and finally the Coordinator generates a closing communication message. The average
transmission duration T obtained after visual analysis of all realizations varied approximately between
0.6 and 1.7 s.

Figure A1. Detailed time signals for DigiMesh network at 9600 bauds in two example realizations:
(Left) Realization 4; and (Right) Realization 5.

Figure A2. Closer details signal sections for DigiMesh network, and spike sequence of two realizations
at 9600 bauds: (Left) Realization 9 with T = 0.68 s; and (Right) Realization 10 with T = 1.57 s.

The dynamics of consumption signals in the time domain was studied by using three of the
methods described in Section 3. The M-mode proposed in this work provided us with simultaneous
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graphical representation of the empirical pdf for the energy consumption of the ten realizations
performed for each node. This way, the similarity of the signals obtained between one and another
realization was analyzed to validate the acquired data, discriminate the erroneous signals, and repeat
the data collection process if necessary. The regions with the highest concentration of consumption
measures for each node, as well as their variability and dispersion, were scrutinized with the
histograms, so that an approximate view of the probability distributions was obtained. Finally,
the graphs of the CI allowed analyzing the variability of the probability distributions, and, for this
purpose, bootstrap techniques for each node yielded the CI for its estimated average, with 95% of
confidence level. Each graph was studied in the linear and logarithmic scales, as shown in Figure A3,
where the histograms represented with the second option can be visualized with better detail because
transitions and tails are imperceptible in the linear coordinate axis. Then, it is more appropriate
to analyze the histograms represented in logarithmic scale, since they expand the visual scope of
the analysis.

Figure A3. Histograms of the consumption signals for DigiMesh network at 9600 bauds: (Left) linear
scale; and (Right) logarithmic scale.

Figure A4 depicts the M-mode signals for the empirical pdf of the ten realizations, and their CI
obtained in each node. It can be seen that the similarity of the signals obtained in ten realizations for
the Sensor Nodes was larger than for the Coordinator Node, since this was connected to the computer
and an impedance mismatch was generated. This load effect was evidenced also in the time signals of
the ten realizations, where the average of consumption decreased as the number of runs increased.
Namely, if the battery voltage decreases, the similarity between the signals reduces, and for this reason
it is recommended that the battery is charged to its maximum capacity in each realization.
The widest CI occurs in the Coordinator Node, followed by Node 4. Based on this, it was
established that the behavior of the consumption of these nodes was not repetitive, and that it strongly
depends on external factors. In the case of the Coordinator Node, the consumption was conditioned by
the battery voltage and the severity of the mismatch with the load, whereas at Node 4 it is a function
of the response time of the CO2 sensor. The CI of Nodes 1, 2, and 3 were narrower, which suggests
that the consumption process in each transmission is similar and independent of the battery charge
status. The empirical pdf of elements in the DigiMesh network was multimodal and biased to the
left. The Coordinator Node is the network manager that interacts with all nodes. Based on this,
and considering that the energy consumption of the transmission sequences is different for each sensor
node, we verified that the distribution was quite spaced and with a greater number of modes than the
rest of nodes. For sensor nodes, both the number and range of modes depend on the type and number
of installed sensors.
The seasonality of consumption signals was analyzed using the SAF for 500 delays of one
millisecond. By means of the representation of the SAF in time series, we can observe the correlation
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of all nodes, and for each realization. Figure A5 shows some signals on a linear scale that we selected
as representative. In general terms, the SAF of the Coordinator Node falls slowly and exponentially,
while, in the sensor nodes, the falls are fast, with persistence for Nodes 1, 3, and 4, and anti-persistence
in Node 2. With respect to the average of the correlation coefficient, in the Coordinator Node and in
Sensor Nodes 1, and 4, it varies significantly in some realization, because of the load effect already
explained. In the rest of the nodes, the average was about the same in all the realizations and its value
was nearby zero for larger delays, hence we deduce that the relation between a signal and its out-phase
is minimal.

Figure A4. Cont.
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Figure A4. Plots of pdf for DigiMesh network at 9600 bauds: (Left) M-mode; and (Right) histograms of
each realization (discontinuous), and bootstrap CI (gray shading). From top to bottom: Coordinator
Node and Nodes 1–4.

Figure A5. Time signals of SAF for DigiMesh network at 9600 bauds. From left to right: Realizations 1, 4, and 7.

The SAFs in Figure A6 show additional graphical representations of the energy consumption
dynamics for each node at a linear scale. For each realization, the behavior was studied in terms of its
falling smoothness and of his persistence with increasing delay. The M-mode was also used for this case,
allowing us to simultaneously represent the SAF of the ten runs at each node. The bootstrap replication
of the averaged autocorrelation per node was obtained with a 95% confidence level. This analysis
revealed that the Coordinator Node has slow exponential-like and anti-persistent drop, indicating
its absence of seasonality. On the other hand, Nodes 1 and 3 were fast-dropping and persistent,
i.e., they were processes that follow seasonal behavior, whereas Nodes 2 and 4 were uncorrelated
processes. Although their fall was slow and persistent in the initial delays, the repetitiveness was lost
for larger delays. Similar to what happened in the pdf analysis, the coordinator and Node 4 presented
wider CI of the FAS, for already explained reasons.

Figura A6. Cont.
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Figure A6. Plots of SAF for DigiMesh network at 9600 bauds: (Left) M-mode; and (Right) autocorrelograms
of each realization, and the bootstrap CI. From top to bottom: Coordinator and Nodes 1–4.
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Abstract: World population growth currently brings unequal access to food, whereas crop yields
are not increasing at a similar rate, so that future food demand could be unmet. Many recent
research works address the use of optimization techniques and technological resources on precision
agriculture, especially in large demand crops, including climatic variables monitoring using wireless
sensor networks (WSNs). However, few studies have focused on analyzing the dynamics of the
environmental measurement properties in greenhouses. In the two companion papers, we describe
the design and implementation of three WSNs with different technologies and topologies further
scrutinizing their comparative performance, and a detailed analysis of their energy consumption
dynamics is also presented, both considering tomato greenhouses in the Andean region of Ecuador.
The three WSNs use ZigBee with star topology, ZigBee with mesh topology (referred to here as
DigiMesh), and WiFi with access point topology. The present study provides a systematic and
detailed analysis of the environmental measurement dynamics from multiparametric monitoring
in Ecuadorian tomato greenhouses. A set of monitored variables (including CO2 , air temperature,
and wind direction, among others) are first analyzed in terms of their intrinsic variability and their
short-term (circadian) rhythmometric behavior. Then, their cross-information is scrutinized in terms
of scatter representations and mutual information analysis. Based on Bland–Altman diagrams,
good quality rhythmometric models were obtained at high-rate sampling signals during four
days when using moderate regularization and preprocessing filtering with 100-coefficient order.
Accordingly, and especially for the adjustment of fast transition variables, it is appropriate to use high
sampling rates and then to filter the signal to discriminate against false peaks and noise. In addition,
for variables with similar behavior, a longer period of data acquisition is required for the adequate
processing, which makes more precise the long-term modeling of the environmental signals.
Keywords: greenhouses; rhythmometric; parametric modeling; residuals; mutual information

Sensors 2018, 18, 2557; doi:10.3390/s18082557

www.mdpi.com/journal/sensors

Environmental Measurements Dynamics
Sensors 2018, 18, 2557

113
2 of 36

1. Introduction
In 2017, the population on Earth was 7.7 billion [1]; whereas, in the last decade, the growth rate of
the population has slowed, the trend is to continuously increase, and the least developed countries still
exhibit rapid growth. It is expected that, by 2050, the world population will reach 9 billion people [2,3].
Currently, the growth of the world population brings unequal access to food as an effect; crop yields
are not increasing as fast as population, and a result is that food demand will not be satisfied in the
future [4,5]. The challenge is to be able to focus on the use of food crops and to minimize crops oriented
to bio-fuels, hence increasing crop yields. For this reason, many research centers are focused nowadays
on applying optimization and analysis techniques to the agricultural sector [6,7], specifically in crops
with greater demand, such as potatoes, corn, rice, or tomatoes, among others [8–11].
In this study, we focus on tomato crops because it is one of the most consumed and appreciated
vegetables in the world, due to its high content in carotene, a natural antioxidant. In 2017, the world
production was approximately 177 million tons [1], which emphasizes the relevance of optimizing
tomato crops by applying precision agriculture. One of the key technological aspects in this setting
is the current possibility of monitoring climatic variables with sensor networks, which is receiving
increasing attention. In the first companion paper [12], we described the analysis of the WSN topologies
and their configuration, in terms of the design and implementation of hardware and software for the
nodes with different communication technologies. For this purposes, three WSNs were designed and
implemented: ZigBee technology with star topology, ZigBee with mesh topology (referred to here as
DigiMesh); and WiFi technology (access point topology). In the second companion paper [13], we
presented a detailed analysis of the dynamics of the energy consumption in those three WSNs for
tomato greenhouse monitoring in Ecuador. To this aim, the statistical patterns of energy consumption
were studied with detail in DigiMesh, WiFi, and ZigBee WSNs.
Surprisingly, and to our best knowledge, few studies have focused on the analysis of all
the data that are currently obtained from the environment variables in greenhouse scenarios and
applications. Some of them have applied predictive techniques for energy saving in greenhouses,
using neural networks such as the multilayer perceptron [14], or they have aimed to reduce the
large number of duplicated and redundant data transmission [15]. Systems such as the Modified
Extended Linearized Predictive Controller have been proposed, which use non-linear modeling
techniques to control the greenhouse air temperature of usual parameters, namely, heating and natural
ventilation [16]. Other approaches have developed energy-saving techniques in WSN by analyzing the
energy consumption changes with the frequency of the transmitted measurements by the sensors and
to characterize the send/receive configuration of the radio-frequency modules. Effort has also been
devoted to choosing communication protocols with lower communication rates [17] and to controlling
facilities in greenhouses by remotely using short message services [18], which could also influence
positively the sensor battery lifetime. Nevertheless, little work is available on the dynamics of a
variety of environmental variables in greenhouses, on the convenient sampling rate to adequately
scrutinize these dynamics, and on the information that is either specific or shared in some sense for
each environmental variable compared with others.
Therefore, the present study aimed to provide a detailed and basic analysis of the environmental
measurement dynamics in multiparametric monitoring performed at Ecuadorian tomato greenhouses.
We used suitable statistical analysis tools to better scrutinize and study the dynamics of a variety of
simultaneously recorded environmental variables. From a time-process analysis viewpoint, we used
tools for scrutinizing the statistical nature of the recorded signals in terms of their cyclo-stationarity,
namely, rhythmometric analysis and residual analysis (in terms of scatterplots, Bland–Altman plots,
and time evolution of the residuals) [19]. In addition, the cross-information among simultaneously
measured variables is analyzed, both in terms of simple representations, such as scatterplots and
Bland–Altman plots, as well as using mutual information descriptions. For this purpose, an
experimental setup was established considering a variety of monitored variables, all of them recorded
at high-rate sampling conditions.
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The scheme of the rest of the paper is as follows. Section 2 presents existing research works on the
environmental measurement dynamics of tomato greenhouse monitoring based on WSNs. Section 3
presents a short summary of the system proposed in the companion papers. Section 4 presents the
details on the statistical tools used to analyze these variables. Section 5 shows the detailed results
of the analysis, starting from a description of the practical methodology, and then focusing on the
rhythmometric model adjustment considerations to every variable. The cross-variable information is
also scrutinized in terms of the spacial diversity, network diversity, and other relevant factors. Finally,
in Section 6, discussion is presented and conclusions are established.
2. Related Work
Data analysis tools have been widely applied in diverse fields, such as health [20], industry [21],
or agriculture [22]. In agriculture, working with monitoring data allows optimizing water usage
using genetic algorithms [23], analyzing crops status using images [24,25], detecting weather related
risks [26], studying greenhouse indoor air quality [27], or minimizing plague impact in crops [28],
among many others.
There is not so much research on the dynamics of environmental variables in greenhouses.
Some existing studies use neural networks, genetic algorithms, and artificial intelligence
techniques [29,30]. Predictive analytics help producers to make decision for pests or lack of nutrients
in crops [31,32], to reduce energy consumption by analyzing communication protocols [33], or to
better choose the data type to be transmitted. Other studies have focused on dynamic crop models,
specifically evaluation, analysis, parameterization, and applications [34]. In [35], the impact of the
number of crop state variables and their measurement errors on the prediction skills is analyzed with
statistical models.
Table 1 shows a compilation of research work on the dynamics of environmental variables in
greenhouses. The analyzed articles focus on evaluating several relevant environmental variables
in greenhouses, such as air temperature, air relative humidity, soil temperature, soil moisture,
illumination, conductivity, water-level, pH value, or CO2 . In summary, the proposed solutions for
the analysis of the dynamics of environmental variables in greenhouses often apply neural networks,
genetic algorithms, predictive models, statistical analysis, estimation methods, Bayesian networks,
machine learning, and data mining techniques. Researchers indicate that traditional experimental and
statistical methods do not have good results when applied on agricultural big data, while machine
learning exhibit interesting options for the analysis of big data [36]. However, whereas this conclusion in
the literature is interesting, there is a lack of basic analysis of the environmental variable dynamics with
time-process analysis tools, providing basic information about the variables and their cross-relationship.
To our best understanding, this kind of analysis should be addressed with detail before moving towards
more advanced prediction techniques to have a solid description of the time-processes nature at hand.
Our work is an opportunity to analyze the trends and time-series dynamics in agricultural data
acquisition and processing from the unreported statistical description in the literature.
3. Summary of the Proposed System for Tomato Greenhouse Monitoring
In the first of the companion papers [12], a system is proposed to characterize the performance
of the ZigBee (star and mesh topology), and WiFi standards for monitoring greenhouses.
We summarize here the fundamental elements to understand the present work. Figure 1 shows
a general scheme of the system for the three WSNs, which consists of a set of sensor nodes,
a Coordinator Node, a personal computer, and a mobile device. The sensor nodes installed inside
the tomato greenhouse allow the data acquisition from the sensors of several variables, such as air
relative humidity, luminosity, air temperature, solar radiation, ultraviolet radiation (UV), wind speed,
wind direction, and CO2 .
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Table 1. State of the art of relevant works in the WSN literature related to environmental variable
data analysis.
Work

Case Study Variables

Technical Contribution

Air temperature, air relative humidity,
soil temperature, and moisture.

Development of a new platform for wireless sensor
networks, with a modified version of the routing
algorithm LORA_CBF to precision agriculture.

Keshtgary et al. (2012) [38]

Water-level, gate position, rainfall,
and soil moisture.

Performance metrics (delay, throughput and load)
of WSN for precision agriculture using grid and
random topology.

El-Kader et al. (2013) [39]

Soil moisture, air elative humidity, air
temperature, pH, and luminosity.

Precision farming solution for potato crop in Egypt
using WSN.

Mansouri et al. (2013) [40]

Soil moisture.

Comparison of estimating methods using three different
filters (Variational, Kalman and Extended Kalman)
for state variables of crops.

Kodali et al. (2016) [41]

Soil moisture.

Water stress monitoring during dry season on coffee
crops in India using WSN irrigation management.

Aquino et al. (2011) [37]

Heterogeneous and scalable platform based on
Ubiquitous Sensor Networks (USN) and Internet
of Things (IoT) paradigms for crop automation.

Ferrández et al. (2016) [42]

Luminosity, water PH level, atmospheric
humidity, and electric conductivity.

Piamonte et al. (2017) [43]

PH, humidity, air temperature
and luminosity.

Analysis of environmental variables of influence on
African palm cultivation using big data tools

Soil moisture, air relative humidity, air
temperature, luminosity level, and CO2

Greenhouse WSN data analysis using data mining.

Ponce et al. (2017) [44]
García Ruiz et al. (2018) [45]
Caicedo et al. (2018) [46]

Air temperature.

Indoor greenhouse air temperature collection using WSN

Soil moisture, and soil temperature.

Development of a prototype for monitoring of agronomic
variables in cassava crops, and modeling to determine
the location nodes.

Lee (2013) [47]

Air temperature, and humidity.

Design of an agricultural production system based on
IoT for predicting the growth and quantity of
crop production.

Chapman et al. (2018) [48]

Air relative humidity, PH, and
air temperature.

Design of Bayesian networks to predict the performance
functions of three commercial oil palm farms.

Figure 1. General description of the elements, processes, and communication protocols for the WSN
systems in this work.

The acquired data were conditioned and used for the creation of the data packages or frames,
and then, these frames were transferred from the Waspmote card to the communication module,
where they were wirelessly transmitted to the Coordinator Node. This last one transmitted the
environmental data of each sensor to the personal computer containing the Human–Machine Interface
(HMI) designed in LabVIEWTM , and the mobile device allowed the user to visualize the data for each
variable and for each WSN node.
Sensors were selected according to the environmental variables that most affect the tomato growth.
They were low consumption and compatible with processing cards. The data acquisition used the PRO
2.0 agriculture card (air temperature, solar radiation, luminosity, air relative humidity, wind speed,
wind direction, and UV radiation) and the gas card PRO 2.0 (CO2 ). These cards have very low power
consumption. The Waspmote card with low energy consumption processed the data. The internal
memory of the Waspmote stored the data after being processed, and data packets were transferred to
the communication module by UART serial controller (for DigiMesh and ZigBee) or by HTTP protocol
(for WiFi).
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The reception and transmission of the Coordinator Node packets used the communication
modules XBEE ZB S2 PRO and XBEE ZB S1 PRO (for ZigBee and DigiMesh, respectively), with low
energy consumption. The transmission speeds (9600, 19200 and 57600 bauds) were configured
according to the operation rates of the Waspmote modules. The tree topology of the ZigBee network
has the disadvantage that, if one of the nodes loses communication with the Coordinator Node, then it
will be permanently out of service. The mesh topology of the DigiMesh network was implemented
using redundancy, where each sensor node can communicate directly with the Coordinator Node or
through another sensor node. The WiFi network receives and transmits the packets through the RN-XV
wireless communication module, which has low power consumption. The ZigBee and DigiMesh
networks transmit the data packets to the PC using the RS-232 interface, and the WiFi network uses
the TCP/IP protocol.
The packages received in the personal computer were routed to LabVIEWTM . The database was
read and stored in LabVIEWTM through toolkits for creating, opening, and closing the communication
channel, as well as for calling and storing data. The monitoring of the variables was made with
the graphic interface developed in LabView according to the design stages, such as data separation,
error detection, alarm generation, or variable monitoring. The interface was similar for the three
networks and the user was able to know the real-time and precise values of each variable of the tomato
greenhouses. The transmission of the data hosted in the MySQL acquisition station was controlled by
the interaction with the web server.
The Apache web server connected to the MySQL database to access the smartphone mobile
application by means of a webpage. This application was developed with the Eclipse Integrated
Development Environment (IDE) and it used the Android development environment software
development kit (SDK). The user had access to the interfaces for the data generated in the greenhouse
by three WSNs, from any geographical location with the availability of the mobile device.
The experimental environment consists of two tomato greenhouses, which are located in the area
of Salcedo, at coordinates −1.018373, −78.583888. The first one (Greenhouse A) had an area of 4000 m2
(80 m length, 50 m width), was sawtooth type, with plants in flowering stage, and was installed with
the DigiMesh network, while the second one (Greenhouse B) had an area of 3500 m2 (70 m length,
50 m width), was curve type, with plants in harvest stage, and was installed with the ZigBee and WiFi
networks. Figure 2a shows the distribution of the nodes in both greenhouses, Nodes 1–3 were installed
at the contour of the greenhouses, and Node 4 was installed in the center. Figure 2b shows a Sensor
Node; Figure 2c shows the laboratory configuration: the ZigBee Coordinator Node (1); the DigiMesh
Coordinator Node (2); the WiFi router (3); and the monitoring and control station (4).
4. Statistical Analysis of Environmental Measurement Dynamics
In this section, we describe the data analysis tools that we used to study the environmental
variable dynamics. From a time-process analysis viewpoint, we use dtools for parametric modeling
of every variable in terms of their cyclo-seaonality (rhythmometry analysis and bootstrap method for
its order selection) and residual analysis for these models (Bland–Altman graphs, temporal evolution
of the residuals, and residual histograms). We also scrutinized the dependence between measurement
pairs (either the same variable in different sensors or networks, or different variables), yielding a simple
statistical description in terms of scatterplots and Bland–Altman plots, and an advanced analysis in
terms of their mutual information (MI). The mathematical notation described in [13] for the bootstrap
estimation method and histograms can also be used in this study, and, in this paper, we extend it and
describe the theoretical framework for the statistical analysis tools set specific for this work.
Rhythmometric analysis is a statistical framework that can be applied to the automatic extraction
of circadian, infradian, and ultradian seasonal components of a time series, based on a hypothesis test
generated by the bootstrap resampling technique [49]. Ultradian rhythms are repetitive cycles that
occur during and within a day, while infradians correspond to events whose period is longer than 24 h,
which can be interpreted as they occur less than once a day [50]. In this study, we used this tool to adjust
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each environmental variables signal acquired during four days to a rhythmometric model. For this
purpose, we applied the Cosinor temporal regression model, which is defined as a statistical technique
for estimating cosenoidal models adjusted to different types of temporal data whose sampling may
be unequally distributed, and which is widely used in the representation of the chronobiological
oscillation of a variable with rhythmic behavior [51]. For the analysis of environmental variables,
we used this analysis tool, since its behavior is very similar to those described in the revised scientific
literature. Note that, after finishing the model adjustment process, the residual time series can be
estimated, which are extremely useful for model diagnosis. For instance, it is possible to scrutinize
their time distribution, so that time-biased structures can be observed, or their statistical distribution,
by means of the histograms to provide us with a view of the model suitability. The detailed equations
of the statistical method followed here are compiled in Appendix A.

(a)

(b)

(c)

Figure 2. Description of the experimental set-up: (a) map of the location of the sensor nodes in the
two tomato greenhouses; (b) sensor node in the greenhouse; and (c) coordinator nodes and data
storage station.

The scatterplot is a type of statistical graph designed to illustrate the relationship between two
data signals. The construction of a scatterplot consists of the graphical representation of a reference
signal (X-axis), and a dependent signal (Y-axis) [52]. In the case of sample observations given by
pairs of simultaneously observed time series, (ytr , ŷtr ) (r = 1, 2, 3, ...., R), these pairs are plotted in the
rectangular coordinate system to obtain the scatterplot, which helps the investigator to visualize the
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form of mathematical relationships, trends or structures that follow the signals jointly. For example,
if the points approximate a straight line, then there is a linear relationship between the two signals [53].
An additional comparison tool is the Bland–Altman plot, which is a graphical technique for
comparing two different sets of signals. This plot can be used in two ways. On the one hand, it allows
comparing two measurement instruments, given in this case by pairs y1n (tr ), y2n (tr ) referring to a same
magnitude as measured by two different sensors. If none of those sensors can be considered as a gold
standard, then the X-axis is given by their average, 0.5(y1n (tr ) + y2n (tr )), and the Y-axis is given by their
difference, (y1n (tr ) − y2n (tr )). The resulting transformed signals are represented as their scatterplot.
In addition, Bland–Altman plot is a visual check that the magnitudes of the differences are constant
over the entire measurement range [54,55].
On the other hand, Bland–Altman plots can also be used as a tool for model diagnosis, which are
complementary to residual distribution analysis and temporal analysis. In this case, the X-axis
represents the actually measured magnitude yn , while the Y-axis represents the associated residuals
en . The presence of model nonlinearity, model bias, heteroscedasticity, and others, can often be
readily identified in these cases. Appendix A includes an extended notation for scatterplots and
Bland–Altman plots.
The MI is a measurement of the dependence between two random variables, in the sense that it
specifies the amount of information that can be obtained from one random variable from knowing the
other [56]. This concept is closely related to the entropy concept defined in Information Theory for
a single random variable, which defines the amount of information that is explained by that variable.
Whereas the correlation coefficient is limited to linear relationships between two real-valued variables,
the MI gives a more general description in terms of the measurement of the similarity between the joint
distribution of two general random variables and the product of their factored marginal distributions.
The reader can see Appendix A for a more detailed explanation and notation on the MI methods used
in this work.
MI has been used in a number of practical applications, for instance, to evaluate how the
environmental variables independently influence the ecosystem service interaction [57], or to
investigate the relationship between land surface temperatures and the spatial pattern of green
space [58]. In our scenario, we propose to perform a similar interaction analysis between the
environmental variables of a tomato greenhouse using MI in different situations and conditions,
for instance, sensors in similar locations but different networks, different sensor locations in the same
greenhouse, or different variables. Note that the scatterplot provides us with a simple statistical
description of the relationship among pairs of variables, which is comparable to an empirical
estimation of the joint distribution of two environmental variables, whereas the MI can provide
us with an information-theory based quantification of the possibly non-linear relationships between
them, while retaining a similar theoretical basis for their comparison.
5. Experiments and Results
5.1. Methodology Description
The statistical methods described in the previous section were applied to study the acquired
environmental measures given by air temperature, air relative humidity, CO2 , luminosity, wind speed,
solar radiation, UV radiation, and wind direction. All of these variables were monitored in a tomato
greenhouse during four days using three WSNs, two with ZigBee technology (star and mesh topology),
and one with WiFi technology (access point topology). The obtained monitored signals were modeled
by using the described LS rhythmometric method with fundamental period To = 24 h. For every model
we included some ultradian spectral components, and only one infradian component (approximate
occurrence period of 40 h), because these frequencies are relevant in studies where the observed samples
correspond to occurrence periods of several days or weeks. Moreover, fluctuations were considered
as possible in each ultradian frequency component. The significant components of the model were
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automatically selected, according to the described procedure of their inclusion in decreasing amplitude
order until the bootstrap test identified them as non-significant.
Ad-hoc software was developed in MatlabTM , and the analysis tool included two parameters that
need to be set by the user to improve the accuracy of the models. The first parameter to scrutinize is
the regulation factor ( Reg) that compensates for the presence of ill-conditioning of the inverted matrix
used in the LS adjustment model. This Reg parameter was considered appropriate when the signal
provided by the rhythmometric analysis accurately followed the measured samples, making sure that it
was not an overfitted model also learning the noise, and if the general trend of the estimation compared
to the original signal was not lost. Accordingly, the model adjustment was considered acceptable when
the resulting estimated signal was generally situated in the midway of measured samples, and hence
the residuals were symmetrically distributed around zero (solutions with reduced bias). The second
parameter to scrutinize is the order of a mean filter (Ord), which was used to attenuate the noise in
those variables whose amplitude rapidly changed, as high volatility was especially observed when
working at reduced sampling rates. This was especially noticeable in variables such as wind speed,
luminosity, and CO2 . Parameter Ord was set on the basis that the filtering did not distort the visually
significant trends in the signal, and that the modeled signal did not deviate from the visually observed
sample patterns.
For the model validation, we used the Bland–Altman plots, the residual histograms, and the
residual temporal evolution. By using the Bland–Altman graphs, it was possible to determine the
noise distribution or precision between the acquired samples in each variable and the estimated model.
For this purpose, concordance limits were established as usual in this methodology, and the model was
considered as adequate if the majority of the compared samples fell inside them, they were near to zero,
and they showed no heteroscedasticity pattern. The model statistical mismatch was also scrutinized by
means of the histograms, accounting for the relative frequency distribution of the systematic error and
considering the model as successful when the residual distribution trended to be Gaussian (or at least
unimodal), and its standard deviation was narrow enough compared to the order of magnitude of
the environmental signal fluctuation, whereas the model was considered out of adjustment otherwise.
The residual time distribution complemented the validation by identifying temporal regions in those
cases where bias could be observed for some time periods in the signal and in the adjusted model.
The joint distribution between pairs of variables was scrutinized in terms of their scatter diagrams.
Specifically, we compared two signals of a particular environmental variable, acquired by nodes of the
same or different network. To complement the comparative analysis of variables, we finally included
MI calculations among all the variables to identify the dependence between pairs of environmental
signals, according to the nodes spatial location in the greenhouses, the communication technology
type of each network, and the filtering incidence.
5.2. Rhythmometric Model Adjustment
The rhythmometric model was adjusted for the environmental variables in terms of the model
order and the regularization parameter. The interested reader can find a detailed description of the
model tuning process in Appendix B for the case of CO2 time measurements.
The acquisition time of several samples of the WiFi network nodes was increased from 8 s to
approximately 8 min to analyze the incidence of the sampling rate decrease on the modeling. As an
example, we considered again the volatile CO2 signal from Node 4, and the results obtained are shown
in Figure 3. The selected filter order was considerably lower (Ord = 4) in relation to the Node 4 of
DigiMesh network, because it was observed that, for low sample rates, and significantly increases
of Ord, the original signal trend was lost. The sampling rate was lower for Sections A and C in the
figure, the model was not well adjusted therein, and less accuracy was obtained for Reg values above
13, as evidenced through the amplitude mismatch between the observed and the estimated samples.
In contrast, the adjustment was acceptable for Section B, where the sampling rate was higher, and in
this context the residual magnitude was reduced and residuals remained symmetric throughout time,
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except for the bias resulting from the two distinctive peaks depicted in the graph. Accordingly, we
conclude that, especially for the adjustment of fast transition variables, it is recommendable to use
sampling rates in the order of some minutes, and then filtering the signal to discriminate against false
peaks and noise.

Figure 3. Modeling of CO2 signal in Sensor Node 4 of WiFi network, with Reg = 15 and for different
sampling rates. From top to bottom: the original signal (left); the filtered signal with Ord = 100 (right);
the rhythmometric analysis; and the residual time evolution with Ord = 4.

Based on the model adjustment process of CO2 signal explained in Appendix B, we present
the relevant results of the rhythmometric analysis the rest of environmental variables. In all cases,
we applied filters to improve the signal quality, and Ord was defined according to the signal nature
and its sampling rate. Considering the total length of the observed samples, the tool calculated
18 rhythms including f o , where 1 corresponded to f i , and 17 were in f u . The number of significant
spectral components f u−sig , and f i−sig of the model were conditioned by the quality parameter Reg.
Table 2 summarizes for each measured variables by the Sensor Nodes of the three WSNs the selected
Ord, the recommended Reg, the number of significant frequencies, the sampling type, the histogram
particular features such as distribution mode, the significant error range, and the relative frequency
average of the two adjacent boxes to the error around ±1, as well as the matching limits defined
by the tool for the Bland–Altman diagrams. The criteria for categorizing a model as acceptable
were the following: temporal evolution of residuals with minimum and symmetric amplitude,
statistical distribution of systematic error mostly close to Gaussian shape higher data concentration
around zero, and concordance limits between observed and estimated samples symmetric and close
to zero. The rhythmometric models were analyzed for different Reg values, and we concluded that
the modeling was acceptable for a range where the results were reasonably close to the expected
adjustment quality criteria.
Figure 4 shows three significant models of air relative humidity analysis, where in all cases the
measurements tended to increase from approximately 18:00 to around 10:00 the next day. After that,
the values decreased with high persistence until close to 18:00, when the variability pattern was
repeated. The fluctuating behavior on measurements necessitated complicated model adjustment; the
systematic errors were great in these sections; and the increase of Reg did not significantly improve
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the result quality. The mismatch was more pronounced during the signal final segment of Node 2
in the DigiMesh network. For the WiFi network, the error was lower for signal sections with low f s .
The modeling was more accurate for Node 2 of the ZigBee network, as shown by the narrow histogram
error margins, and the reduced concordance limits of the scatter diagrams.

Figure 4. Representative modeled signals of air relative humidity. From top to bottom: Node 1 of
DigiMesh network with Reg = 4, Node 2 of ZigBee network with Reg = 1, and Node 2 of WiFi network
with Reg = 34.

Luminosity was a very noisy variable, therefore we applied a high order filter, except on the WiFi
network because the sampling rate therein was different. Overall, the effective daily light hours were
in the approximate range of 06:00. to 18:00 with maximum values between 10:00 and 15:00. As shown
in Figure 5, the random variability, and the high amplitude of the peaks present in the signal affected
the estimation quality, as evidenced by the pronounced biases of several time evolution sections of the
residuals, and by the values over 2000 of the concordance limits in the Bland–Altman diagrams. The
mismatch was evident, especially in the signal-end sections of Nodes 1 and 3 of the DigiMesh network,
as well as in Node 2 of the ZigBee network, whereas, for Node 2 of the DigiMesh network, this was less
noticeable. In Node 3 of the ZigBee network, the model was remarkably refined in the low luminosity
sections with Reg > 55, however this caused the mismatch of the remaining samples. In general
terms, the quality parameters were affected negatively, so that a lower value was chosen. For the WiFi
network, the negative impact of switching f s in Node 1 was noticeable, since the adjustment was not
improved in signal sections with low rates, even for high Reg values. In contrast, the adjustments
for Nodes 2 and 3 of this network were acceptable at both sample rates only for Reg ∈ (2, 12), and
outside this range the trend was lost, particularly in sections with low f s . The models were more
successful for Nodes 1 and 2 of the ZigBee and WiFi network, respectively, because most of the errors
were distributed close to zero, and the concordance limits were significantly reduced in comparison
with other nodes.
The solar radiation variations in time were similar to the luminosity, although the fluctuations
were slowed-down in some signal intervals, and for this reason we selected a lower Ord filter to
not modify the original signal trends. The adjustment features of each node are shown in Figure 6.
In the initial measurements for Node 1 of the DigiMesh network, a considerable amplitude peak was
recorded close to midday, which gradually affected the adjustment, causing a strong bias in the final
section of the residual time evolution. During the experiment, Reg was increased from 1 to 400, and the
results did not substantially improve. The progressive mismatch was lower in Node 2 of the ZigBee
network. We concluded that, although the results show significant error range and the concordance
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limits were somewhat higher compared to the DigiMesh network node, the model quality was the best
for this node, because the model adjustment was better, and the error frequency near zero increased
dramatically. The modeling was less accurate for Node 2 of the WiFi network, since the adjustment
tests were executed only for Reg = 1, due to the f s change, whereas for other values the trend was lost,
especially at low f s . To more efficiently adjust the model of this variable, we suggest that the samples
are acquired during major time intervals, considering that its behavior is similar to CO2 , and the data
trend differs greatly from one day to another.

Figure 5. Representative modeled signals of luminosity. From top to bottom: Node 1 of DigiMesh
network with Reg = 4, Node 2 of ZigBee network with Reg = 100, and Node 1 of WiFi network with
Reg = 50.

Figure 6. Representative modeled signals of solar radiation. From top to bottom: Node 1 of DigiMesh
network with Reg = 1, Node 2 of ZigBee network with Reg = 300, and Node 2 of WiFi network with
Reg = 2.
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Table 2. Relevant parameters for model adjustment. For each network, node and sensor, the filtering order (Ord), the regularization parameter (Reg), and the number
of significant infradian and ultradian components ( f i _sig and f u _sig) are indicated. Error range, average relative frequency and mode of the residual histograms are
indicated to summarize the residual analysis. The matching limits for the data and the model are also provided, as well as the qualitative description of the relevant
features of the residual histograms.
Variable
(Measuring Unit)

Sensor
Node

Ord

DigiMesh

4

100

33

1

16

CSR

WiFi

4

4

13

0

15

VSR

DigiMesh

1
2
3

50
50
50

4
5
1

1
1
1

16
16
16

CSR
CSR
CSR

ZigBee

1
2
3

50
50
50

5
1
32

1
1
1

16
16
16

CSR
CSR
CSR

WiFi

1
2
3

6
6
6

6
34
25

1
1
1

16
11
10

VSR
VSR
VSR

DigiMesh

1
2
3

120
120
120

110
100
10

1
1
1

13
15
16

CSR
CSR
CSR

ZigBee

1
2
3

120
120
120

100
420
40

1
1
1

15
14
16

CSR
CSR
CSR

WiFi

1
2
3

5
5
5

50
12
12

0
1
0

8
12
7

VSR
VSR
VSR

Solar
radiation
(nm)

DigiMesh
ZigBee
WiFi

1
2
2

60
60
4

1
300
1

1
1
0

15
15
5

CSR
CSR
VSR

UV radiation
(nm)

DigiMesh
ZigBee
WiFi

3
3
3

60
60
4

42
110
20

1
1
1

15
16
7

CSR
CSR
VSR

CO2
(ppm)

Air relative
humidity
(% RH)

Luminosity
(Lux)

Network

Reg

f i _sig

f u _sig

fs

Error
Range

Average
Relative Frequency

−6, +5

778

−10, +8.5
−7.5, +6.5
−7.5, +6.5

449
929
906

−6.2, +5.6
−6.6, +3.9
−9, +4.5

1909
2479
1426

−0.5 × 104 , +0.8 × 104
−1.05 × 104 , +104
−1.05 × 104 , +1.65 × 104

1038
800
1151

−160, +210
−240, +260
−200, +260

1082
2038
639

−15, +15

−9.5, +8.5
−5.7, +4.2
−6.6, +5.4

−1.1 × 104 , +104
−1.5 × 104 , +1.9 × 104
−1.05 × 104 , +104

884

685
752
501

1416
1345
1345

−1.5 × 104 , +1.65 × 104
−0.51 × 104 , +0.93 × 104
−0.85 × 104 , +1.15 × 104

1742
2899
826

−15, +18
−13, +18
−22, +25

1569
1753
1980

Matching
Limits

Histogram
Distribution

−2.78, +2.78

GA

−3.91, +3.91
−2.62, +2.63
−2.73, +2.73

NG, U, LB
NG, U, LB
NG, U, LB

−1.52, +1.52
−1.90, +1.89
−2.11, +2.10

NG, U, RB
GA
NG, U, LB

−8.64, +8.65

−3.12, +3.13
−1.67, +1.67
−1.94, +1.98

−4859, +4787
−4987, +4899
−3674, +3667

G

NG, U, LB
NG, U, LB
NG, U, LB

NG, U, RB
NG, M, LB
NG, M, RB

−2780, +2707
−4374, +4176
−3844, +3813

NG, M, LB
NG, M, RB
NG, U, RB

−83.65, +83.64
−84.38, +97.8
−77.45, 77.15

NG, M, RB
NG, U, LB
NG, M, LB

−4516, +4511
−2339, +2244
−3863, +3863

−5.92, +5.78
−5.58, +5.46
−10 × 10−7 , +10.06

NG, M, LB
NG, U, LB
NG, M, LB

NG, U, RB
NG, U, LB
NG, M, RB
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Table 2. Cont.
Variable
(Measuring Unit)

Network

Sensor
Node

Ord

Reg

f i _sig

f u _sig

fs

Error
Range

Average
Relative Frequency

Matching
Limits

Histogram
Distribution

DigiMesh

1
2
3

50
50
50

14
5
7

1
1
1

15
16
16

CSR
CSR
CSR

730
728
611

ZigBee

50
50
50

6
3
17

1
1
1

13
15
15

CSR
CSR
CSR

−2, +2
−1.86, +1.86
−3.68, +3.68

NG, M, RG
NG, M, RB
NG, M, LB

1
2
3

−4.2, +5.7
−4.2, +5.1
−10, +12

−1.87, +1.87
−1.34, +1.34
1.48, +1.48

NG, U, LB
NG, U, LB
NG, M, LB

WiFi

1
2
3

4
4
4

4
8
20

0
1
1

9
11
12

VSR
VSR
VSR

978
2546
3039

−2.3, +2.3
−1.5, +1.5
−1.32, +1.33

NG, M, RB
NG, U, RG
NG, U, LB

Wind speed
(km/h)

−7.8, +7.5
−4.2, +5.6
−3.2, +4.8

ZigBee

1

100

12

1

13

CSR

−2.8, +3.6

682

−1.36, +1.35

NG, M, LB

Wind direction
(Positions)

ZigBee

1

200

1700

1

16

CSR

-0.66, +0.54

989

-0.23, +0.24

NG, M, RB

Air temperature
(◦ C)

−5.4, +5.7
−4, +4.6
−4.2, +5

693
925
616

CSR, Constant Sampling Rate; VSR, Variable Sampling Rate; GA, Approximate Gaussian; NG, Non-Gaussian; G, Gaussian; M, Multi-modal; LB, Left Bias; RB, Right Bias.
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The UV radiation was measured by specific nodes in each network. Figure 7 shows the relevant
modeling results. The time behavior was very similar as explained for solar radiation, and we
used the same order in the filters. However, the differences shown in the figure were that the
progressive mismatch of the estimated samples were barely visible in the DigiMesh and ZigBee
networks, and consequently the time variation ranges of the residuals decreased significantly. In the
particular case of the WiFi network, the signal modeling at the low sampling rate was deficient,
regardless of the Reg value, and also an accentuated radiation peak occurred for acquired samples at
low f s , producing a distinct positive bias in the residuals. Although Reg did not improve the model
quality of this node, we included a shuffled value in Table 2. For this scenario, the significant error
ranges of the histogram, as well as the Bland–Altman matching intervals, increased compared to the
other two networks. It is relevant to note that the high frequency of near-zero errors on the histogram
was not strictly related to a successful adjustment, because the residuals were very low for the signal
sections with the largest samples. On this basis, we deduced that, for this variable, the model was
more precise in Node 3 of the ZigBee network.

Figure 7. Representative modeled signals of UV radiation: (Top) Node 3 ZigBee network with
Reg = 110; and (Bottom) Node 3 of WiFi network with Reg = 20.

Among all the studied environmental variables, the air temperature was one of the least volatile,
and its fluctuations between samples were slow and with reduced amplitude, so we chose the same
filter applied to the air relative humidity. The data variability trend was very similar in all nodes, and
for all test days. The amplitude increased from about 08:00, and decreased from 17:00 approximately,
and the air temperatures were the lowest in the dawn around 02:00–05:00. Figure 8 summarizes the
representative models for this variable. For the DigiMesh network, the estimated signal of Node 1
allowed the original signal trend in almost the entire range, but with a slight amplitude offset with
respect to the acquired samples. This mismatch was more noticeable in the final section. Considering
that the errors and the concordance limits did not exceed 6 ◦ C and 2 ◦ C, respectively, we considered the
model as acceptable. In Node 2, these offset particularities were also generated, although to a minor
degree, and in general the model quality improved especially in the end-of-signal segment. In the
particular case of Node 3, the initial measurements were persistent and unstable, therefore the residuals
were greater, and this affected gradually the estimation of the other samples, and the mismatch was
more evident in the last section, where the resulting modeling was inverse in comparison to the
original signal. For the ZigBee network, the results for Node 1 were similar to those described for
Node 1 of the DigiMesh network, although with a slight decrease in errors. The adjustment quality
was very satisfactory throughout the signal even with minimums Reg values, and the model was more
precise for Node 2. The measurements adjustment at the lowest sampling rate of the WiFi network
nodes was very poor, being more evident in the initial lags. After experimentation in each node, we
deduced that the regularization in several cases differed drastically even with minimal changes of
Reg. After various experiments, we selected some values that improved the model, although poorly,
and the results were as follows: Node 1 with Reg ∈ (4, 62), Node 2 with Reg ∈ (4, 8), and Node 3
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with Reg ∈ (4, 20). In all cases, the model trend was similar to the original signal; however, the time
delay between the observed and the acquired samples was noticeable, and this mismatch was more
evident for Nodes 1 and 2, as under these circumstances the resulting models were not capturing the
true behavior of this variable. According to the explanation of previous paragraphs, we clarify that the
apparently adequate quality parameters shown in Table 2 for these nodes were due to the adjustment
errors being minor—several were nearly zero—for the signal sections whose samples volume were
considerably superior, and not because the models were appropriate.

Figure 8. Representative modeled signals of air temperature. From top to bottom: Node 3 of DigiMesh
network with Reg = 1, Node 2 of ZigBee network with Reg = 3, and Node 2 of WiFi network with
Reg = 5.

Figure 9 summarizes some relevant results of wind speed signal modeling. The measurements
were acquired by Node 1 of the ZigBee network, and they were highly noisy. For this reason, we used
a filter with Ord = 100. The signal trend was unchanged over time, however the amplitudes differed
daily. Overall, the intensity increased from around 08:00, and peaked between 13:00 and 15:00, while
the lowest values were registered from 24:00 to 08:00. The estimated samples were null for Reg values
less than 5, due to the analysis tool discriminated all rhythmometric components. The modeled signal
was perceptible from Reg = 5, however the results were quite poor as the analysis included only f o .
The model quality was greatly improved for Reg values above 11, except in specific signal segments
where the mismatch was more prominent because of the daily amplitude variability of the original
signal; this drawback was not solved, even with the increment of Reg. Based on these results, we
concluded that model optimization for this variable requires more time stored data.
The wind direction sensor was mounted on Node 1 of the ZigBee network. The acquired samples
corresponded to positions in a circle, represented by integers between 1 and 16. Hence, an additional
programming routine was developed for the data visualization and processing. Each position was
transformed to cardinal points, and all of them were represented in a three-dimensional graph.
During the experiment days, the wind was oriented to the northeast at different angles. In the analysis
of this variable, two relevant particularities were presented that motivated the study both with and
without filtering. First, the data type supplied by the sensor conditioned the modeling quality to
residuals lower than one position, since a major error would mean an erroneous estimated direction.
Secondly, the highly unpredictable and volatile behavior of the signal forced the signal filtering with
an Ord value higher than the rest of the variables. Figure 10 shows the significant results of modeling
with and without filtering. The unfiltered signal adjustment was quite poor, and the residuals over
time exceeded the two positions, even with high Reg values. Even though the matching intervals of the
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Bland–Altman diagrams were less than one position, the dispersion was very strong and distant from
these limits. The filtered signal model was substantially improved for Reg values above about 1700.
The residuals were reduced to peaks lower than one position, and the Bland–Altman concordance
limits were similar to the previous case. However, the dispersion inside them was robust and points
out of the confidence intervals were considerably reduced, and not very distant from the expected
values. The strong mismatch in the final segment of the filter-modeled signal was a consequence of the
unpredictable behavior of this variable, and it was not corrected during the experimentation. To ensure
a more accurate model, the sampling period should be much longer than the selected for this work.

Figure 9. Representative modeled signals of wind speed. From top to bottom: Reg = 4, 5, and 12.

Figure 10. Cont.
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Figure 10. Representative rhythmometric analysis plots. From top to bottom: Non-filtered modeled
signal (Reg = 2000), filtered modeled signal (Reg = 1700), residual time evolution without and with
filter, and Bland–Altman diagram without and with filter.

5.3. Variable Benchmarking Among Sensor Nodes and Networks
This section describes the systematic inter-variable comparisons developed for the environmental
monitoring of two tomato greenhouses. Several representative comparisons between pairs of signals
of the same environmental time-series variable were carried out to scrutinize the dependence of the
variables with the phenological stages of the tomato plants [59]. The comparisons of two different
variables was tackled by time series representations together with scatterplots, and this was used to
determine the relationship between the variables of greatest influence on the growth of the tomato
crop. The comparisons of two series of the same variable was tackled by using Bland–Altman from
two nearby nodes and two distant nodes, and they were carried out to establish the reliability of the
measurement instruments. The comparisons between two nodes of the same network, as well as
between similar nodes of different networks, were both made by means of scatters. As a general-view
complement, the MI was scrutinized among all of them to analyze the incidence of measurements and
their similarity depending on their location as well as the communication technology.
This analysis was performed in the three WSNs implemented in two greenhouses. The first one,
Greenhouse A, consisted of the DigiMesh network, while the second one, Greenhouse B, consisted
of the ZigBee and WiFi networks. Nodes 1–3 were installed at the contour of the greenhouses, and
Node 4 was installed in the center, as shown in Figure 2. The distribution table presented in Figure 11
specifies the environmental variables of each sensor node.

Figure 11. Distribution of the environmental variables for the sensor nodes of the three WSNs.
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The first comparison was made with the application of the filter Ord recommended in Table 2,
so that this filtering eliminated the unwanted components improving the quality of the signals.
Reduced CO2 is one of the primary factors affecting the quality of greenhouse tomatoes [60], and air
temperature and air relative humidity are also considered as very important variables in the growth
of these plants [61]. The luminosity can affect the tomato content of organic acids (citric and malic
acids), sugar (glucose, fructose, and sucrose), solids that are insoluble in alcohol (proteins, celluloses,
pectin, and polysaccharides), carotenes, and lipids, among others [62]. Figure 12 shows the changes
in air temperature, air relative humidity, luminosity, and CO2 in different zones of the greenhouses.
We verified that the differences among the measures of the variables were due to the phenology state
of the tomato plants.

Figure 12. Temporal signals of the WSNs in different greenhouses.

For the analysis of the second comparison, the original signals were not filtered. This consideration
was applied to observe the behavior of environmental variables over time. Figure 13 shows the
temporal signals and the scatterplots to determine the changes and the relationship between the
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variables. Air relative humidity and air temperature are closely linked in the greenhouse [63]; a rapid
variation occurs in the afternoon and slowly in the early morning, one variable increases while the
other decreases slowly at night, and in the morning this change happens inversely. The plants grow
under the influence of radiation (diurnal conditions) by performing the photosynthesis process [64].
The air temperature and UV radiation increase in the day and decrease in the night. There is another
direct relationship between wind speed and UV radiation. In addition, Figure 14 presents the inverse
correlation of air temperature and air relative humidity as well as the direct relation of UV radiation
and air temperature. The continuous monitoring of environmental variables allows the analysis of
climatic changes and hence to determine the optimal limits to prevent unwanted effects on growing
tomatoes [12]. The analysis of the direct and inverse relationship of environmental variables allows
the farmer to understand how greenhouse conditions influence crop growth, and to react to changes
that are outside the permitted ranges to maximize productivity.
The third comparison was developed with the use of the filter to eliminate scattered values,
and, with this stage, the width of the confidence interval was slightly reduced. The Bland–Altman
plots for the air temperature data are shown in Figure 15. The X-axis shows the average of the two
signals. The red lines represent the 95% confidence limits of the differences between the two networks.
A regression line is shown that indicates that the mean differences between the networks are nearly
zero. The difference of means between the signals of air temperature of Node 2 of the WiFi and ZigBee
networks is 4.753, with agreement limits of −1.303 and 3.45. The agreement limits are narrow due to
the strong correlation and the nearby location of the sensor nodes. The difference of means between
the air temperature signals of Node 1 and 3 of the DigiMesh network is 21.44, with limits of agreement
−8.744 and 12.5. The agreement limits are wide due to the weak correlation and the distant location
of the sensor nodes. Accordingly, the reproducibility of the measurements is strongly related to the
location of the sensor nodes.

Figure 13. Cont.
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Figure 13. Temporal signals of the variables with direct and inverse relationship of the ZigBee network,
from top to bottom.

In the fourth comparison, the original signals were filtered so that scattered values were excluded.
The filter order was selected for a better correlation among the sensor nodes. Figure 16 shows the
scatter plots of relative air relative humidity and luminosity of Node 1 and 2 for the DigiMesh network,
respectively. We observed that there is a moderate positive linear correlation between Nodes 1 and 2 of
air relative humidity. In addition, Nodes 1 and 2 of luminosity had a positive linear correlation in the
initial values. However, these correlations were not strong between the variables, because the sensor
nodes were located in the right corners of Greenhouse A. Figure 17 shows the scatterplots between
two different network sensor nodes for the air relative humidity and luminosity signals. Sensor Nodes
2 in DigiMesh and 3 in ZigBee for air relative humidity exhibited a positive linear correlation in
the final values. Sensor Nodes 1 in DigiMesh and 3 in ZigBee for luminosity exhibited a positive
linear correlation in the initial values. The WSNs were implemented in two different greenhouses,
which explains the weak linear correlation between these variables.

Figure 14. Cont.
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Figure 14. Scatter diagrams of the variables with direct and inverse relationship of the ZigBee network,
from top to bottom.

Figure 15. Bland–Altman plots of air temperature: (left) nearby sensor nodes; and (right) distant
sensor nodes. This representation shows that the first case corresponds to measurements from very
similar phenomena, whereas the second one corresponds to measurements from a complex-dynamics
system which nevertheless are intrinsically related.

Figure 16. Scatterplots between two sensor nodes in the DigiMesh network: (top) air relative humidity,
showing that the moderate noise does not mask the existence of two kinds of states, one for similar
measurements, and another for different inter-node measurements; (bottom) luminosity; (left) not
filtered; and (right) filtered, showing, in this case, the strong structuring effect of filtering on both
signals, and the differences in their measurements, which are not evident in the unfiltered version.
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Figure 17. Scatterplots between two Sensor Nodes in the DigiMesh and ZigBee networks: (top)
air relative humidity, showing the strong similarity and the patent bias in both cases; (bottom)
luminosity; (left) not filtered; and (right) filtered.

The correlation analysis is strongly limited by its linear nature. Therefore, the variables can be
related in an arbitrary way, so that it is necessary to use more general techniques to analyze their
degree of dependence [65]. As a complement to the correlation, comparative analysis was made with
the scatterplots. The MI was calculated among the variables of all the sensor nodes, so that we can
easily appreciate which variables are more associated. The MI matrix shows the similarities between
variables. MI was not estimated for the variables with themselves, so that the diagonal of the matrix
was depicted as zero. The upper triangular submatrix has been preserved to facilitate its visualization.
The lower triangular and the diagonal was plotted as zero, and also the last row (Node 3 of the WiFi
network) was all zero; nevertheless, all the comparisons of the WiFi nodes were shown as an example
in Figure 18. The filter Ord caused a higher incidence in the MI values for volatile variables such as
luminosity, so with Ord of 5 it was 1.892 bits and with Ord of 120 it was 2.411 bits. Meanwhile, in slow
variables such as relative humidity, the values of MI change slightly, so with Ord of 4 it was 2.945 bits
and with Ord of 60 it was 3.088 bits. For the MI analysis, we recorded the values of MI with and
without filtering, as shown in Tables 3 and 4. The application of the filter caused a minimum change in
the MI values. A decrease occurred in the comparison between two sensor nodes of the same WSN
for the variables of air relative humidity and air temperature of the WiFi network. In addition, when
comparing the sensor nodes of different WSNs, the MI values decreased for the CO2 and UV radiation
of the pairs between DigiMesh-ZigBee and ZigBee-WiFi.
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Figure 18. MI comparison with change of Ord between all different sensor nodes of the three WSNs for
luminosity and air relative humidity. from top to bottom.

Table 3 shows the MI values compared between two sensor nodes for air relative humidity,
luminosity and the air temperature of the same WSN. The value of MI was significantly high in the
DigiMesh network, when Nodes 1 and 2 were considered for air relative humidity, confirming the
highest correlation as shown in Figure 16. MI values were high in the ZigBee network between Nodes
1 and 3 for luminosity, and Nodes 2 and 3 for air temperature. The value of MI was lower in the WiFi
network, when Nodes 2 and 3 were compared for the air temperature. The MI values were low in WiFi
network between Nodes 1 and 2 for air relative humidity, and Nodes 2 and 3 for luminosity. Therefore,
the location of sensor nodes did not affect the degree of similarity of the signals for the DigiMesh and
ZigBee networks. Table 4 shows the MI values compared between two sensor nodes of different WSNs.
The MI value was high for the air relative humidity (2.807 bits), luminosity (2.550 bits), air temperature
(2.761 bits), and solar radiation (4.458 bits) between the sensor nodes of the DigiMesh and ZigBee
network. The value of MI was low for air relative humidity (2.016 bits), luminosity (1.571 bits),
air temperature (1.534 bits), and solar radiation (3.462 bits) between the sensor nodes of the DigiMesh
and WiFi network. Therefore, the type of communication technology affected the degree of similarity
for the comparison between DigiMesh and WiFi networks. There was a significantly lower MI value in
the CO2 variable, because it is a faster variable than the other ones.
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Table 3. MI results compared between two sensor nodes of the same WSN.
DigiMesh

ZigBee

WiFi

Variable

MI (bits)

Unfiltered

Filtered

Unfiltered

Filtered

Unfiltered

Filtered

Air relative humidity

Node 1 - Node 2
Node 1 - Node 3
Node 2 - Node 3

2.866
2.489
2.724

3.088
2.756
3.025

2.442
2.361
2.580

2.718
2.639
2.880

2.373
1.993
2.083

2.392
2.018
2.090

Luminosity

Node 1 - Node 2
Node 1 - Node 3
Node 2 - Node 3

1.832
1.662
1.686

2.431
2.433
2.304

1.754
1.586
1.836

2.626
2.986
2.737

1.774
1.810
1.807

1.971
2.015
1.935

Air temperature

Node 1 - Node 2
Node 1 - Node 3
Node 2 - Node 3

2.203
1.795
1.808

2.626
2.148
2.129

2.233
2.275
2.420

2.640
2.621
2.984

1.581
1.801
1.527

1.613
1.860
1.562

Table 4. MI results compared between two sensor nodes of different WSNs.
DigiMesh - WiFi

DigiMesh - ZigBee

ZigBee - WiFi

Variable

MI (bits)

Unfiltered

Filtered

Unfiltered

Filtered

Unfiltered

Filtered

Air relative humidity

Node 1 - Node 1
Node 2 - Node 2
Node 3 - Node 3
Node 1 - Node 2
Node 1 - Node 3
Node 2 - Node 3

2.011
2.347
2.185
2.136
2.077
2.360

2.016
2.373
2.245
2.133
2.142
2.420

2.234
2.357
2.385
2.150
2.352
2.486

2.642
2.558
2.720
2.428
2.702
2.807

2.112
2.342
2.167
2.354
2.560
2.180

2.112
2.373
2.196
2.384
2.5885
2.267

Luminosity

Node 1 - Node 1
Node 2 - Node 2
Node 3 - Node 3
Node 1 - Node 2
Node 1 - Node 3
Node 2 - Node 3

1.560
1.542
1.611
1.489
1.599
1.592

1.633
1.617
1.668
1.571
1.655
1.681

1.556
1.495
1.566
1.588
1.590
1.595

2.405
2.198
2.454
2.367
2.55
2.454

1.836
1.629
1.674
1.754
1.894
1.701

1.883
1.711
1.765
1.856
1.959
1.754

Air temperature

Node 1 - Node 1
Node 2 - Node 2
Node 3 - Node 3
Node 1 - Node 2
Node 1 - Node 3
Node 2 - Node 3

1.726
1.689
1.449
1.699
1.550
1.579

1.791
1.761
1.534
1.832
1.599
1.631

1.976
2.133
1.715
2.030
2.107
2.209

2.541
2.699
1.993
2.444
2.53
2.761

1.794
2.046
1.644
1.805
1.632
1.623

1.860
2.119
1.733
1.895
1.705
1.654

Solar radiation

Node 1 - Node 2

3.057

3.462

4.304

4.458

3.384

3.878

UV radiation

Node 3 - Node 3

2.412

3.138

2.033

1.844

1.918

1.912

CO2

Node 4 - Node 4

0.766

0.637

—–

—–

—–

—–

6. Discussion and Conclusions
We studied the signal dynamics of environmental variables CO2 , air relative humidity, luminosity,
solar radiation, UV radiation, air temperature, wind speed, and wind direction, in two tomato
greenhouses located in the Ecuadorian region of the Andes. The measurements were acquired during
four days through several Sensor Nodes of three WSNs; two networks used ZigBee technology
(star topology, and mesh denoted as DigiMesh), and a WiFi technology (access point topology).
The sampling rate was constant for the ZigBee and DigiMesh networks at approximately 0.333 samples
per second, and variable for the WiFi network at around 0.125 and 2.083 × 10−3 samples per second.
The data were stored in databases compatible with MatlabTM .
The dynamics were analyzed from two viewpoints. In the first one, we adjusted the parametric
model of each variable considering its cyclo-seasonality by means of rhythmometric analysis,
and supported by the bootstrap method for the selection of significant spectral components. The models
were validated by the residual time evolution and statistical representation (Bland–Altman diagrams
and histograms). In the second instance, we scrutinized the dependence between measurement
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pairs by considering three systematic comparisons. We initially analyzed the correlation between the
most influential variables in greenhouse crop growth through time series and scatterplots. Next, we
compared the measurements of the same variable in different nodes to evaluate the accuracy of the
measurement instruments by means of Bland–Altman graphs. Finally, we compared the measurements
between nodes of the same network and of different networks with MI to define the incidence of the
nodes location, and of the communication technology type with respect to the variable association.
The filtering incidence in the results was analyzed in all test scenarios. For the ZigBee and
DigiMesh networks, the Ord parameter was tuned based on the noise, speed changes of each signal,
and the permanence of the original trend. The wind direction was the most volatile signal, so we used a
filtering with larger Ord. The change rate was slightly reduced in the luminosity, CO2 , and wind speed,
therefore a filtering with slightly lower Ord was required. The air relative humidity, air temperature,
solar radiation, and UV radiation signals were less noisy and slow, and for this reason an Ord value
was assigned being considerably lower with respect to the other variables. Regardless of the nature of
the signals of the WiFi network, the variable sampling rate limited the filtering at Ord values below 6,
to prevent the distortion of the original signal trend, especially in segments with low f s .
To adjust the models of each environmental variable, we developed a selection process for the
quality parameters Reg and Ord, to ensure that the estimated samples kept the original trend, and
if possible were situated in the middle of the samples and have reduced bias. The models were
considered acceptable when the amplitudes of the temporal evolution of the residuals were low and
symmetric, if the statistical distribution of the systematic error was approximately Gaussian with a
high concentration of data around zero, and if the limits of agreement between the observed and
estimated samples were small and nearly symmetrical. We verified that the filtering inclusion in
all variables improved the model quality, this becoming more noticeable in the volatile variables,
especially in the wind direction.
Through the experimentation phase, we identified two factors that significantly affected the
accuracy of the model adjustment. The first was the instability or persistence in some signal sections,
particularly in the air relative humidity of Node 1 of the DigiMesh network. A further aspect was the
high variability of the samples amplitudes between days, combined with the presence of significant
peaks or drops in the signal, this being the most common cause of mismatch, and it was present in
the CO2 , solar radiation, UV radiation, wind speed, and wind direction measurements. Based on this
experience, we concluded that the data acquisition period for these variables should be longer than
the one used in this work, to optimize the learning of the analysis tool, and to increase the modeling
accuracy on a long-term basis. In addition, we deduced that these factors mostly affected the DigiMesh
network nodes, and that the models were more accurate for the signals acquired by the ZigBee network
nodes, particularly in Node 1 for brightness; Node 2 for air relative humidity, air temperature, and
solar radiation; and Node 3 for UV radiation. The wind speed was measured only on Node 1 of the
ZigBee network, and its modeling cannot be compared with the other technologies; however, the
estimation was acceptable, except in some specific signal sections where the mismatch was more
pronounced because of its varying behavior over days. The slowest signal was the air temperature,
and the daily measurements were very similar for the nodes of the three networks, so we concluded
that the modeling of this variable was the most accurate, regardless of the nodes location and of the
communication technology (ZigBee or DigiMesh). The adjustment of the WiFi network models was
very deficient for the signal segments with low sampling rate, especially in the noisy and fast transition
variables, therefore we recommend the measurements acquisition at high sample rates to improve the
quality of the models.
The modeling analysis and the filtering effects in the wind direction were individualized,
because, in contrast with the other variables, the data acquired were integer numbers that oscillated
between 1 and 16 that correspond to positions (cardinal points). Therefore, we considered a suitable
model only if the residuals were not above one position, otherwise the estimated samples were
completely deviated with respect to the actual direction. The signal adjustment without filter was
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very deficient, because the residuals time evolution exceeded two positions even for high values of
Reg. The model was markedly improved for the filter signal using Reg values higher than about 1700;
however, a strong mismatch occurred in the final segment of the estimated signal as a consequence of
the non-periodic behavior of this variable.
The results of the comparison between different variables revealed that air relative humidity
was inversely correlated to air temperature, solar radiation, and wind speed, whereas UV radiation
was directly associated with respect to air temperature and wind speed. Regarding the comparisons
of two temporal series of the same variable, the correlations were strong for the nearby nodes and
weak for the distant nodes, therefore, the reproducibility of the measurements was related to the
location of the sensor nodes. According to the statistical cross-references of the variables among the
sensor nodes of the same network, the air temperature data for the WiFi network nodes were the
least correlated. The bits resulting from MI also evidenced less dependence; hence, the nodes location
affected the degree of similarity of the signals for the WiFi network. Moreover, the cross-information
study of variables between nodes of different networks revealed that the luminosity, air temperature,
and CO2 measurements of the nodes of the DigiMesh and WiFi networks were scarcely correlated.
The MI values also indicated less dependence between the sensor nodes for these variables, thus we
concluded that the communication technology type affected the analogously to the acquired signals
of the DigiMesh and WiFi networks. The addition of the filter to the benchmarking development
reinforced the data correlation of the scatterplots, partially narrowed the Bland–Altman confidence
intervals, and improved the association between the variables in most comparisons as evidenced in
the values showed in the MI tables.
Much more information could be retrieved for describing the environmental variable dynamics
that have been addressed here. Nevertheless, in the present study, we constrained ourselves to analyze
their short-term and middle-term dynamics, as, in doing so, we were able, for instance, to analyze
with detail the impact of sampling rate starting from high rates. The extension of the analysis to
longer periods and to different climate conditions is strongly desirable, especially in terms of frost
conditions, which is the main problem for the tomato cultivation in Ecuador. This research can also be
complemented through the design and implementation of a frost early warning system, described as a
climatic phenomenon that causes serious crop losses, principally in the Ecuadorian Andes. The data
will be acquired at a steady sampling rate for a time span not shorter than one year, through a wireless
network of high-precision weather stations located in strategic areas. Based on the modeling and
statistical analysis tools described in this paper, we propose the development of an algorithm to predict
the behavior of the most influential variables when frost occurs. The early diffusion of possible frost
through social networks and mobile phones could contribute to the timely execution of corrective
actions to avoid crop damage and economic losses.
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Appendix A. Mathematical Notation and Detailed Equations
Here, the mathematical notation is detailed and the statistical methods are explained in more
detail for the interested reader.
Rhythmometric Analysis and Bootstrap Order Selection. The single Cosinor model signal is denoted
by yn , and it is determined by the following equation,
yn = M + Ao cos(2π f o tn + φ0 ) + en

(A1)

where the data samples are defined for n = 1, ..., N, where N is the signal length; M (for MESOR,
from Midline Statistic of Rhythm) is the rhythm estimated average; Ao is the adjusted cosine amplitude,
and indicates the half of the extent of the predictable variation in a cycle; f o is the fundamental
frequency, often chosen to be the circadian component; φ0 (also called acrophase) is the time interval
from the starting point to the maximum of the cosine curve adjusted to the data; and en is a random
variable that represents the error calculated for each time instant and measured by the model residuals.
To analyze the model error, it is often assumed that they are independently and normally distributed.
The model residuals are calculated by the difference between the observed sample yn and the value
provided by an estimated regression model, denoted by ŷn . The regression parameters are determined
by using the well-known least squares (LS) method [66].
The multiple Cosinor regression model can include the modeling of additional components to
the circadian ones. In chronobiology problems, where the seasonalities are often among the strongest
temporal driving effects, several ultradian ( f u ) and infradian ( f i ) components are often included in the
model. Considering the moderate time length of the acquired samples in this work (up to four days),
we included several infradian frequencies ( f i < f 0 ) to possibly account for slow time-changing trends.
Several ultradian components ( f u > f o ) were also included in the model for yn samples. For instance,
in the case of ultradian components, we added cosine terms denoted by Au cos(2π f u tn + φu ), being f u
the central frequency harmonics, symbolized by f u = u f 0 . The total of included infradian components
in the model is denoted by
Un = ∑ Au cos(2π f u tn + φu )
(A2)
u

Given that the model proposed in this research considers ultradian components, the analysis
j−
j+
needs to incorporate possible narrow-band fluctuations, denoted as Fn , and Fn [49]. For this
purpose, additional cosine terms are included, whose frequencies differ from those associated with
each component in a magnitude according to the maximum spectral resolution defined by ∆ f = f s /N,
where f s is the sampling frequency, so that these fluctuations are determined as
j−

(A3)

j+

(A4)

−
Fn = A−
j cos (2π ( f j − ∆ f ) tn + φ j )
+
Fn = A+
j cos (2π ( f j + ∆ f ) tn + φ j )

where j = 1, 2, ...umax , f j is the pivotal component with k = 1, f k is the ultradian component, and umax
is the maximum number of harmonics considered in the model.
For infradian components, we also incorporate cosine terms denoted by Ai cos(2π f i tn + φi ),
where f i = i∆ f , and i = 1, 2, ...imax . To distinguish between moderate f o fluctuations (low-frequency
trends) and the infradian rhythms, we limited the last component to the highest integer multiple of
the spectral resolution that is less than or equal to f o − 2∆ f , therefore imax = [ f o /∆ f ] − 2, and the
complete set of possible infradian components are described by
In =

∑ Ai cos(2π fi tn + φi )
i

(A5)
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Finally, based on all these considerations, the complete expression of the used rhythmic model is
as follows:
j−
j+
yn = M + A0 cos(2π f 0 tn + φ0 ) + Un + In + ∑( Fn + Fn ) + en
(A6)
fj

The non-significant spectral components are eliminated to reduce the uncertainty of the model,
which is possible from the consecutive comparison of pairs of models, symbolized as X A−1 and X A .
Regression model X A is obtained by adding the cosine component of Equation (A6) with its highest
mean power with some criterion (for instance, in the Fourier Transform of the time series) to model
X A−1 . A paired bootstrap hypothesis test is applied for the comparison, from the calculation of the
mean square errors (MSE) of both models, represented as e A−1 , and e A . The interested reader can
consult Goya-Esteban et al. [66] for details and references therein. In brief, the relevance of the addition
of each cosine component is determined by resampling with replacement of the differences between
the errors, calculated by
∆E∗ (b) = E∗A−1 (b) − E∗A (b)
(A7)
for each resampling, with b = 1, 2, 3, ..., B. In our experiments, we used B = 2500. The asterisk symbol
(∗ ) is commonly used in bootstrap literature to represent the quantities obtained from or referred
to the resampling process [67]. In the hypothesis test, we considered that the addition of cosine
components to the model X A was relevant if at least 95% of the ∆E∗ values were located on the right
side of zero in the estimated probability density function. Therefore, the generation of components
stopped if the hypothesis test confirmed that model X A was not statistically and significantly better
than model X A−1 .
Scatters and Bland–Altman Plots. If we have a time-sampling represented by a delta train,
m(t) =

M

∑ δ(t − tr)

(A8)

r =1

and two signals yn (t) and ŷn (t), then
y ti ( t ) = m ( t ) y n ( t ) =

ŷti (t) = m(t)ŷn (t) =

M

∑ yn (tr)δ(t − tr)

(A9)

r =1
M

∑ ŷn (tr)δ(t − tr)

(A10)

r =1

and therefore the scatterplot is the representation of the pairs
S(ytr , ŷtr ) ≡ {(yn (tr ), ŷn (tr )) , r = 1, · · · , R}

(A11)

MI Between Two Variables. Whereas MI can be defined for continuous and discrete random
variables, we work here with the discrete version, assuming that we can define discrete states by
quantifying the range of the environmental variables under our analysis. In this case, if Y1 and Y2
denote two random variables corresponding to two measured environment signals y1n (t) and y2n (t),
which can be divided into N and M states, denoted as y1n (i ) and y2n ( j), respectively, then the MI of
these random variables is given by


N M 
p y1n (i ), y2n ( j)
1
2
MI (Y1 , Y2 ) = ∑ ∑ p yn (i ), yn ( j) log
(A12)
p (y1n (i )) p (y2n ( j))
i j


where Y1 = y1n (i ), i = 1, 2, ...., N and Y2 = y2n ( j), j = 1, 2, ...., M are the said states of the observed
time signals. It can be seen that this expression is symmetric in Y1 and Y2 and always positive, and is
equal to zero if and only if Y1 and Y2 are independent [68]. Its units are Shannons, although they are
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more commonly known as bits. Note that, if Y1 and Y2 are independent, then the knowledge about Y1
does not provide any information about Y2 , and hence MI (Y1 , Y2 ) = 0. On the other hand, if Y1 is a
deterministic function of Y2 , and Y2 is a deterministic function of Y1 then all the information conveyed
by Y1 is provided by Y2 , and vice versa, in this case, the MI will equal to the entropy of Y1 , hence equal
to the entropy of Y2 .
Appendix B. Detailed Rhythmometric Model Adjustment for CO2 Measurements
For the description of the adjustment and validation procedure of the environmental signals
modeling, we present next the CO2 variable as an illustrative example, because it is a noisy signal
in which the adjustment is a complex procedure. Specifically, we selected the acquired samples for
Node 4 of the DigiMesh network, and in this case the rhythmometry analysis gave 18 significant
spectral components, 1 corresponding to the infradian rhythms ( f i ), and 17 to the ultradian ones
( f u ). The number of significant components included in the model was strongly affected by the Reg
quality factor.
In the first test, the original signal was not filtered (Ord = 0), and the regularization factor was null
(Reg = 0). With these considerations, the rhythmometric analysis assigned one significant infradian
frequency ( f i−sig ) and only two significant ultradian frequencies ( f u−sig ). Figure A1 shows the results
of the rhythmometric analysis, and the model was clearly deficient, since the adjusted signal yˆn was
often not located about the middle of the observed samples. This mismatch was mostly evident during
the final section of the signal, where it was relatively constant and without trends. In the time evolution
of the residuals, we observed a biased systematic error with positive values, most of them distant from
zero. The Bland–Altman diagram showed here a very strong residual structure, and the X-axis points
that represent the acquired measurements with respect to Y-axis that correspond to the residuals often
deviated from the coincidence limits. The systematic errors represented in the histogram confirmed the
loose adjustment, since the distribution was far from Gaussian and strongly asymmetrical, and even
the residual range was large in comparison with the signal fluctuation range.
Figure A2 shows the relevant results from the second experiment, where the filter stage was
still omitted, and we increased Reg to 10, and later to 1000. In both cases, the results were very
similar. The number of significant components increased to 15 and the model adjustment was slightly
improved, especially in the final sections of yˆn , where in the first test was observed a loose adjustment.
In addition, the residuals on the histogram were distributed in a slightly shorter interval, and the
relative frequency increased considerably for errors close to zero. The Bland–Altman structures
were similar to the ones shown in the previous scenario, since the limited concordance between
the measured and estimated samples persisted. To improve this modeling, Reg was increased to a
much higher value (Reg = 10,000), and although the number of significant components increased to
16, the results obtained were very similar to those shown in Figure A1, as the model quality again
decreased. Based on these results, we concluded that the increment of Reg by itself not necessarily
improved the adjustment in such a noisy conditions, and that an efficient modeling requires also to
include a mean filter, most notably in extremely noisy signals.
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Figure A1. Modeling the CO2 signal at Sensor Node 4 of DigiMesh network (Ord = 0, and Reg = 0).
From top to bottom: Rhythmometric analysis, frequency components in the FFT, residual time evolution,
Bland–Altman diagram, and residual histogram.

Figure A2. Modeling the CO2 signal in Sensor Node 4 of DigiMesh network (Ord = 0). From
top to bottom: Rhythmometric analysis with Reg = 10 and Reg = 10,000, and histograms for their
corresponding residuals (left and right).
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Figure A3. Modeling of CO2 signal from Sensor Node 4 of DigiMesh network. From top to bottom:
Rhythmometric analysis with Reg = 15 and Ord = 30; Reg = 15 and Ord = 100; Reg = 40 and Ord = 30;
Reg = 40 and Ord = 100; Residual time evolution with Reg = 15 and Ord = 30; Reg = 15 and Ord = 100;
Reg = 40 and Ord = 30; and Reg = 40 and Ord = 100; Histograms with Reg = 15 and Ord = 30 (left); and
Reg = 15 and Ord = 100 (right); and Histograms with Reg = 40 and Ord = 30 (left); and Reg = 40 and
Ord = 100 (right).
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Finally, we applied a digital zero-phase filter to the original signal, whose maximum order was
dependent on the sampling rate, noting that, for the DigiMesh and ZigBee networks, one sample was
acquired approximately every 3 s, whereas, in the case of the WiFi network, one sample was acquired
every 8 s. Moreover, the filter order was selected to efficiently remove undesired components without
distorting the measured data trend over time. In this experiment we analyzed two cases of filtering
(Ord = 30 and Ord = 100) to compare the results and select the most appropriate option. For both
scenarios, we modified Reg, aiming to ensure that yˆn was more persistently close to the middle of
the acquired samples. After several tries, this parameter was found to be working well with values
between 5 and 35. Figure A3 depicts the rhythmometric analysis results for three Reg values, one of
which is outside the suggested range (Reg = 40). In this case, the signal model lost the trend with
respect to the original samples in several time sections, because few significant components were
assigned, the residual range of the histogram was much greater, and the negative asymmetry was
mostly noticeable for the filter with Ord = 100. The adjustment was improved for the other two values
(Reg = 15 and Reg = 33), and the graphic representations in both cases were similar. The residual time
evolution improved considerably compared to the previous results and it was symmetrical except
from the midday of Tuesday, where the CO2 concentration greatly increased but the model was not
adjusted to follow this raise even under optimal conditions of Reg and Ord, and also the asymmetry of
statistical error distribution was pronounced herein. Nevertheless, the best option was considered to
filter with Ord = 100, as the relative frequencies of the histogram increased for errors closer to zero.
With this background, we see that, for variables with similar behavior, a longer period of data
acquisition is required for an adequate signal processing, and then the long-term modeling can
be more precise, especially if the measured signal presents spikes or decreases with considerable
amplitudes. For all trial scenarios, the Bland–Altman graphs shown in Figure A4 were very similar;
the concordance limits were substantially reduced in comparison with the first experiment (Reg and
Ord quality parameters null); and the dispersion was symmetric and very near the limits, except in the
large amplitude section, in which some few points were scattered with positive bias, due to the abrupt
CO2 increase described before. Overall, the filter inclusion was shown to remarkably improve the
modeled signal accuracy with respect to the measured data, despite the Reg factor not always was the
most suitable. Based on the Bland–Altman diagrams, we confirmed that the most accurate modeling
was obtained with Reg ∈ (15, 33) and Ord = 100 because most of the points were scattered inside the
concordance limits, the symmetry improved even in cases of major CO2 concentration, and the most
distant points of the confidence band were minimal compared to the total scatter.

Figure A4. Cont.
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Figure A4. Modeling the CO2 signal in Sensor Node 4 of DigiMesh network. From top to bottom:
Bland–Altman plots with Reg = 15 and Ord = 30; Reg = 15 and Ord = 100; Reg = 40 and Ord = 30,;
and Reg = 40 and Ord = 100.
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Chapter 6
Conclusions and Future Research
6.1

Conclusions

As stated in Chapter 1, the general objective of this Doctoral Thesis was to develop a
multiparametric monitoring system in Equatorian tomato greenhouses by using three WSN
with different communication technologies and network topologies, in order to carry out an
experimental and comparative study. The networks called here ZigBee and DigiMesh were
designed with the communication standard 802.15.4 in star and mesh topology, respectively,
and the network called here WiFi was designed with the 802.11 standard in access point
topology. The monitored environmental variables were temperature, relative humidity,
wind direction, wind speed, solar radiation, ultraviolet radiation, luminosity, and CO2
emissions, which were selected after literature review, and based on the experience of
farmers in the region. The nodes were configured in a low-level programming language,
except for the coordinator node of the WiFi network (MeshliumT M router), whose network
parameters were configured in the device-own software. The monitored data was visualized
locally through the HMI designed in LabVIEWT M , and remotely by means of the mobile
application created with the Eclipse software for smartphones with Android operating
system. In addition, the data analyzed in this research were stored in a database, to be
further processed with MatlabT M custom functions. In this scenario, the work carried
out addressed the following research focuses: (1) A comparative study of the advantages
and limitations of WSN use in agricultural environments, and in crops with different
phenological stages; (2) The characterization of the energy consumption of the WSN
nodes at different transmission speeds; (3) The short-term modeling of the monitored
environmental signals, as well as the cross-information tests between node variables of
the same network and of different networks. These cross-cutting issues provide a valuable
framework for development and experimentation for both research and agriculture. The
conclusions, and relevant contributions of each of them are summarized below.
WSN Benchmarking
The network performance was scrutinized approximately during three months, and
several tests were carried out considering aspects such as the network scalability, the BTR
changes with respect to the network type, and the node location. From the experience
acquired, we concluded that the scalability of the DigiMesh network was more complex
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than the other two networks, since to add a new sensor node, it was necessary to modify
the programming of both the existing elements in the network and the new nodes. The
complexity of ZigBee network redesign was moderate, as it involved the configuration
only of the new nodes, and of the coordinator nodes. On the other hand, the difficulty
of WiFi network scalability was minimal, since it was enough to configure the new node
(WiFi-Client) with the same Service Set Identifier (SSID) of the current network, and in
this way the coordinator node automatically detected the new node.
Furthermore, we verified that the BTR varied in function of the network topology, the
number of active nodes, and the monitored variables nature. When all nodes of the three
WSN were active, the BTR was lower for the WiFi network, as the data update time was
longer as a result of preliminary processing run on the MeshliumT M router software. The
BRT of the DigiMesh network decreased progressively with the increase in the number of
inactive nodes, due to redundant links configured on the sensor nodes, which caused a
longer data update time at the coordinator node, but the data loss was very low. However,
when one or more nodes failed the BTR did not vary significantly in the ZigBee and
WiFi networks, given that their topologies do not support links between sensor nodes,
and therefore the update time between data was not affected, nevertheless the data from
the blocked links were definitively lost. Also, the BTR was higher in the sensor nodes
that measured CO2 , regardless of the wireless network technology, because the transducer
element of these sensors required a preheating time. The sensor nodes location in relation
to the crops height also strongly influenced on the BTR of the ZigBee and WiFi networks,
especially when the sensor nodes were located at lower altitudes than the tomato crops. In
contrast, the BTR of the DigiMesh network was not significantly affected by the reduction
in sensor nodes height as redundant links prevented data loss.
Some works in the field of WSN applied to the tomato greenhouses monitoring were
identified in the scientific literature. Most of them use ZigBee communication technology,
and they are oriented to the network node design and the data visualization interfaces,
and also many of these studies generally include only the analysis of temperature and
relative humidity variables. On this basis, the relevant contributions of this first research
line are as follows; First, the proposal of a detailed methodology of wireless acquisition
and monitoring of a wide range of climatic variables that influence the efficient production
of tomato; And second, the WSN benchmarking study with ZigBee and WiFi technologies
applied to agriculture, which facilitate the identification of the most efficient network in
terms of configuration complexity according to topology, BTR, and crop density. The
process of design, implementation, and benchmarking developed in this Thesis can be
readily replicated at different crops.
Energy Consumption Dynamics
The electrical current measurements at each node of the reference WSN were acquired
by ten consecutive tests, in a controlled environment, with all network elements active,
distributed in line-of-sight, and at the same distance. From the experience acquired, it
was concluded that aspects such as the sensor installed in the nodes, the network topology,
and the transmission rate, had an impact on the energy consumption signals. According
to the installed sensor, it was verified that the nodes that measured the variables CO2 ,
wind speed, and wind direction registered the highest energy consumption, no matter
the applied communication technology. In terms of network topology, it was verified
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that the consumption was associated with the assigned role to every network node. The
energy consumption of sensor nodes was lower in ZigBee and WiFi networks, where a
sensor node only communicated with its coordinator node. Unlike the DigiMesh network,
where the links were redundant, and therefore the sensor nodes may be communicated
simultaneously with more than one network element. With respect to the coordinators
nodes, the consumption was lower for the DigiMesh network, closely followed by the ZigBee
network. The energy consumption of the WiFi coordinator node (MeshliumT M router)
was considerably higher than in other networks, as the energy optimization issue is not
prioritized in the design of this device. Overall, we concluded that the ZigBee network at
maximum transmission speed was the most efficient option, and therefore it should be
recommended for greenhouse monitoring. The WiFi network was considered the second
appropriate option, since the average consumption of the sensor nodes was very close to
those measured in the ZigBee network, and the high consumption of the coordinator node
was not strictly a limiting factor for the correct network operation, since the power system
of this node was the commercial electrical network, and not a battery.
A further relevant conclusion in this research line concerned that the ZigBee network
at medium and high transmission speeds were the most appropriate options for energy
consumption modeling of greenhouse monitoring networks, since the energy consumption
processes were seasonal in all nodes. For DigiMesh and WiFi networks, the seasonality
was not closely associated with the installed sensor type in each node, and neither with
the network topology, since the results differed considerably, even for those sensor nodes
that measured the same variables.
The energy consumption in the WSN is relevant for their suitable functionality, in
the scientific literature were identified several investigations into the factors that affect
the energy consumption of the nodes, as well as the energy optimization techniques
addressed to hardware or software improvements of the network. However, the available
information on the energy consumption dynamics analysis at each node, through different
network technologies and communication topologies, or regarding the data transmission
rate incidence, is limited. In this context, the contribution of this research is the detailed
statistical description of the energy consumption dynamics and its ergodic properties, with
the simultaneous consideration of different communication technologies and topologies,
as well as the impact of the change in the data transmission rate. In addition, this work
provides a rigorous analysis of the seasonality estimation of energy consumption processes
in every WSN nodes. This Thesis presents a framework of guidelines that can be considered
for the WSN design applied on greenhouse monitoring, in order to select the most suitable
technology and topology, as well as the most optimal transmission speed, in terms of
energy consumption, and without affecting the quality of the monitored data.
Environmental Measurements Dynamics
The measurements used for the parametric modeling and the cross information study
of the environmental variables were acquired during four consecutive days. The sampling
frequency was constant for the ZigBee and DigiMesh networks, while in the WiFi network
two sampling frequencies were assigned in order to analyze the incidence of this parameter
on the model adjustment quality. Through the experimental phase, we concluded that the
high amplitude variability of the samples between days, together with the occurrence of
significant peaks or drops in the signals were the most common causes of model mismatch,
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and they were mostly present in the measurements of CO2 , solar radiation, ultraviolet
radiation, wind speed, and wind direction. From this experience, we recommend that the
data acquisition period for these variables should be longer than the one used in this study,
in order to optimize the analysis tool learning, and to increase the modeling accuracy
in the long term. The filtering addition to all variables improved the accuracy of most
models, which was particularly noticeable in the volatile and noisy variables. The filter
order applied to the wind direction signals was superior than the rest of the variables,
given the highly unpredictable and volatile nature of these signals, and taking into account
that the data type supplied by the wind direction sensor conditioned the model quality to
residues lower than one position, to avoid erroneous estimated directions in the modeling.
Overall, the models were more accurate for the signals acquired by the ZigBee network
nodes, particularly in Agriculture Node ZB1 for luminosity, and in Agriculture Node ZB2
for relative humidity and temperature, while the mismatch was stronger in several nodes
of the DigiMesh network. The WiFi network models adjustment was very deficient for
the signal segments with low sampling rate, especially in the noisy and fast transition
variables, therefore, it was concluded that the acquisition of the measurements of these
variables should be at high sampling frequencies to enhance the model quality.
Based on the systematic comparison among different variables, we conclude that the
relative humidity was inversely correlated with the variables temperature, solar radiation,
and wind speed, while the ultraviolet radiation was directly associated with the variable
temperature, and wind speed. With respect to the comparisons between two time series
of the same variable, the correlations were strong for the nearby nodes and weak for the
distant nodes, so we concluded that the measurement homogeneity was conditioned to the
node location. The high scattering among data of the same variable was caused by the
different climatic layers formed inside of greenhouse, an effect that is more detrimental in
greenhouses of large areas. The MI results verified that the use of filters in environmental
signals improved the association between the variables in most comparisons.
The study of environmental variable dynamics is relevant to agriculture, though the
reviewed scientific literature showed that most research is oriented to the application of
prediction techniques such as neural networks, genetic algorithms, Bayesian networks, and
automatic learning. Although this conclusion in the literature is interesting, there is a
lack of basic analysis of the environmental variable dynamics with time-process analysis
tools that provide basic information about the short-term behavior of the variables and
their cross-reference. These analyses should be addressed in detail before moving towards
more advanced predictive techniques, in order to have a solid description outlining the
nature of the processes in hand. Therefore, the methodology discussed in this research
is an opportunity to analyze the trends and time series dynamics in the acquisition and
processing of agricultural data from the statistical description that are scarcely reported
in the literature.

6.2

Future Research

In this section, the possible future research lines are envisaged in order to further continue
this investigation:
• The cross comparisons between environmental variables showed that the node
location inside the greenhouses produced heterogeneous measurements, therefore, it
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can be proposed the inclusion of mobile nodes to the existing monitoring system,
so that these nodes could be operated manually with the help of an integrated
camera, or automatically through an obstacle detection algorithm. The integration
of measurements acquired by both fixed and mobile nodes would provide a better
spatial and temporal resolution of the monitoring capacity, and therefore a more
efficient perception of the climate inside the greenhouse. The suggested system
would be ideal for large-scale greenhouses, where the distribution of temperature and
internal humidity is extremely uneven throughout the greenhouse, and it becomes
difficult to control systems such as ventilation.
• The research carried out demonstrated that crop density affects the DigiMesh
network to a lesser extent, therefore, it would be an appropriate technology solution
for greenhouse monitoring. However, the average energy consumption in this network
was higher than in the other two networks. Given that, the solar radiation in Ecuador
is approximately constant throughout the year as a consequence of its geographic
location, we propose to include a hybrid energy supply subsystem to the existing
monitoring system. This subsystem would consist of a master storage unit where
solar battery power would be stored, an emergency storage unit with rechargeable
batteries, and a self-management unit to monitor the status of these two storage
units, and to supply energy to the nodes, thus ensuring the continued operation of
the DigiMesh network.
• Another energy-saving strategy would be to configure the WSN as a hierarchical
cluster topology and implementing the ECHERP. In this context, the routing would
be dynamic, and it would be based on the automatic selection of the network CH
nodes through the modeling of the network and of the energy consumed by the
sensor nodes to transmit data to the coordinator node. This will ensure that the
sensor nodes select the most appropriate route, thereby significantly reducing its
energy consumption.
• The energy consumption characterization of WSN nodes may be further extended by
using statistical and automatic learning techniques to predict the battery discharge
trend, based on wireless technology, network topology, transmission speed, link
distances, and installed node types.
• The short-term modeling of acquired environmental variables could also be expanded
with the development of a system for forecasting environmental conditions, by
using techniques such as neural networks or Support Vector Machines (SVM). The
modeling would be based not only on past data of the same variable, but it could
also include multivariate environment information. In this sphere, the Consortium of
Decentralized Autonomous Governments of Ecuador (CONGOPE) is an entity that
sponsors research programs and projects to contribute to the solution of problems
that affect the agricultural sector. They have held meetings with the research
group that supported this Doctoral Thesis to propose the financial auspice for the
development of an inter-institutional cooperation project. The objective will be to
design a frost early warning system for agricultural areas of the Cotopaxi province,
which will later be replicated throughout the Andean region. This system would
allow farmers to protect crops in a timely manner against the possible occurrence of
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frost, an event that often results in total crop loss. This project will be executed in
2019, the data being acquired at a constant sampling rate for a period of no less than
two years, by using a wireless network of high-precision weather stations located
in strategic areas. Based on the statistical analysis and modeling tools described
in this document, we propose the development of an algorithm to predict in the
short-and-long term the behavior of the most influential variables when frost occurs.
The early diffusion of a possible frost through social networks, and mobile phones
can contribute to the timely execution of corrective actions, in order to avoid crop
damage and economic losses.
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y Drenaje. Subcoordinación de Ingenierı́a de Riego, 2017.
[20] Ojha, Tamoghna; Misra, Sudip; Raghuwanshi, Narendra-Singh. Wireless sensor
networks for agriculture: The state-of-the-art in practice and future challenges.
Computers and Electronics in Agriculture, 118:66–84, Elsevier, 2015.
[21] Pengzhan, Chen; Baifen, Liu. Construction of intelligent greenhouse control system
based on CAN bus. In International Conference on Computer Application and
System Modeling (ICCASM), pages 631–634. IEEE, 2010.
[22] Xiang, Jiang-Yong; Lin, Qin-Lin; Chun, Shi; Gang, Wu. Design and implementation
of the measurement and control system based on CAN bus in modern greenhouse.
In 31st Chinese Control Conference (CCC), pages 5679–5683. IEEE, 2012.
[23] Du, Yun; Xue, Zengtao; Zhu, Quanmin; Liu, Xin; Feng, Yuanzhuo; Zhang, Suying.
Design and application of intelligent control system for greenhouse environment based
on CAN bus. In Proceedings of International Conference on Modelling, Identification
& Control (ICMIC), pages 322–327. IEEE, 2013.

156

REFERENCES

[24] Jin, Yulong; Yang, Jiaqiang. Design an intelligent environment control system for
greenhouse based on RS485 bus. In Second International Conference on Digital
Manufacturing and Automation (ICDMA), pages 361–364. IEEE, 2011.
[25] Ruiz-Garcia, Luis; Lunadei, Loredana; Barreiro, Pilar; Robla, Ignacio. A review of
wireless sensor technologies and applications in agriculture and food industry: state
of the art and current trends. Sensors, 9(6):4728–4750, 2009.
[26] Cama-Pinto, Alejandro; Montoya, Francisco; Gómez-López, Julio; Garcı́a-Cruz,
Amos; Manzano-Agugliaro, Francisco. Wireless surveillance sytem for greenhouse
crops. Dyna, 81(184):164–170, 2014.
[27] Benhaddou, Driss; Al-Fuqaha, Ala. Wireless Sensor and Mobile Ad-Hoc Networks.
Springer, 2015.
[28] Qiu, Weimin; Dong, Linxi; Wang, Fei; Yan, Haixia. Design of intelligent greenhouse
environment monitoring system based on ZigBee and embedded technology. In IEEE
International Conference on Consumer Electronics-China, pages 1–3. IEEE, 2014.
[29] Lamprinos, Ilias; Charalambides, Marios. Experimental assessment of ZigBee as the
communication cechnology of a wireless sensor network for greenhouse monitoring.
International Journal of Advanced Smart Sensor Network Systems, 5(3/4), 2015.
[30] Dan, Liu; Xin, Cao; Chongwei, Huang; Liangliang, Ji. Intelligent agriculture greenhouse environment monitoring system based on IOT technology. In International
Conference on Intelligent Transportation, Big Data and Smart City (ICITBS), pages
487–490. IEEE, 2015.
[31] Liu, Lijun; Jiang, Wei. Design of vegetable greenhouse monitoring system based on
ZigBee and GPRS. In 4th International Conference on Control, Automation and
Robotics (ICCAR), pages 336–339. IEEE, 2018.
[32] Shi, B.; Shi, P.; Xiu D.; Wang, X.; Wang, M.; Wang, R. Design of wireless sensor
system for agricultural micro environment based on WiFi. In Applied Mechanics
and Materials, pages 215–222. Trans Tech Publications, 2013.
[33] Wang, Y.; Di, W. Application of Wi-Fi wireless communication technology in
the remote monitoring of the greenhouse. In First International Conference on
Information Sciences, Machinery, Materials and Energy (ICISMME). Atlantis Press,
2015.
[34] Fei, Yang; Tao, Xie; Ying, Wu; Weijun, Su. Design of Monitoring System for Greenhouse Environment of Agricultural Internet of Things Based on Wi-Fi. Computer
Measurement & Control, 2:013, 2017.
[35] Liang, Ying; Yun-feng, Guo; Zhao, Wei. Greenhouse environment monitoring system
design based on WSN and GPRS networks. In IEEE International Conference on
Cyber Technology in Automation, Control, and Intelligent Systems (CYBER), pages
795–798. IEEE, 2015.

REFERENCES

157

[36] Rehman, Aqeel; Abbasi, Abu; Islam, Noman; Zubair-Shaikh, Ahmaed. A review of
wireless sensors and networks applications in agriculture. Computer Standards and
Interfaces, 36(2):263–270, 2014.
[37] Khutsoane, Oratile; Isong, Bassey; Abu-Mahfouz, Adnan M. IoT devices and
applications based on LoRa/LoRaWAN. In 43rd Annual Conference of the IEEE on
Industrial Electronics Society, IECON, pages 6107–6112. IEEE, 2017.
[38] Zhang, Xihai; Zhang, Mingming; Meng, Fanfeng; Qiao, Yue; Xu, Suijia; Hour, Seng
Hout. A low-power wide-area network information monitoring system by combining
NB-IoT and LoRa. IEEE Internet of things Journal, pages 1–1, 2018.
[39] Jin, Jin; Yajie, Ma; Zhang, Yingcong; Huang, Qihui. Design and implementation of
an agricultural IoT based on LoRa. In 2nd International Conference on Material
Engineering and Advanced Manufacturing Technology (MEAMT), page 04011. EDP
Sciences, 2018.
[40] Xu, H.; Zhang, H.; Shen, Y.; Ren, S. Environment monitoring system for flowers in
greenhouse using low-power transmission. Nongye Gongcheng Xuebao/Transactions
of the Chinese Society of Agricultural Engineering, 29(4):237–244, 2013.
[41] Mohanraj, I; Ashokumar, Kirthika; Naren, J. Field monitoring and automation
using IOT in agriculture domain. Procedia Computer Science, 93:931–939, Elsevier,
2016.
[42] Dlodlo, Nomusa; Kalezhi, Josephat. The internet of things in agriculture for
sustainable rural development. In International Conference on Emerging Trends in
Networks and Computer Communications (ETNCC), pages 13–18. IEEE, 2015.
[43] Kortum, Philip; Sorber, Mary. Measuring the usability of mobile applications
for phones and tablets. International Journal of Human-Computer Interaction,
31(8):518–529, 2015.
[44] Silva, Bruno MC.; Rodrigues, Joel JPC.; De la Torre Dı́az, Isabel; López-Coronado,
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Agropecuaria y Forestal, El Salvador, 2002.
[84] Castilla, Nicolás. Invernaderos de plástico: tecnologı́a y manejo. Mundi-Prensa
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sensores inalámbricos y el internet de las cosas. Inge Cuc, 8(1):163–172, 2012.
[92] Sohraby, Kazem; Minoli, Daniel; Znati, Taieb. Wireless sensor networks: technology,
protocols, and applications. John Wiley & Sons, 2007.
[93] Hernández, Capella; Vicente, Juan. Redes inalámbricas de sensores:Una nueva
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[151] Bryc, Wlodzimierz. The normal distribution: characterizations with applications.
Springer Science & Business Media, 2012.
[152] Lyon, Aidan. Why are normal distributions normal? The British Journal for the
Philosophy of Science, 65(3):621–649, 2013.
[153] Gomés, Ophélie; Combes, Catherine; Dussauchoy, Alain. Parameter estimation of
the generalized gamma distribution. Mathematics and Computers in Simulation,
79(4):955–963, 2008.

166

REFERENCES

[154] Nadarajah, Saralees; Kotz, Samuel. The beta exponential distribution. Reliability
engineering & system safety, 91(6):689–697, 2006.
[155] Balakrishnan, Narayanaswamy. Continuous multivariate distributions. Wiley Statistics Reference Online, 2014.
[156] Lancaster, Henry Oliver; Seneta, Eugene. Chi-square distribution. Encyclopedia of
biostatistics, 2, 2005.
[157] Brockwell, Peter J.; Davis, Richard A. Time series: theory and methods. Springer
Science & Business Media, 2013.
[158] Rincón, Luis. Introducción a los procesos estocásticos. Universidad Nacional
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Barquero-Pérez, Oscar; Pastor-Pérez, Francisco J.; Manzano-Fernández, Sergio;
Pascual-Figal, Domingo A.; Garcı́a-Alberola, Arcadi. Heart rate variability on 7-day
Holter monitoring using a bootstrap rhythmometric procedure. IEEE Transactions
on Biomedical Engineering, 57(6):1366, 2010.
[174] Portaluppi, Francesco; Smolensky, Michael H.; Touitou, Yvan. Ethics and methods for biological rhythm research on animals and human beings. Chronobiology
International, 27(9-10):1911–1929, 2010.
[175] Vitaterna, Martha Hotz; Takahashi, Joseph S.; Turek, Fred W. Overview of circadian
rhythms. Alcohol Research and Health, 25(2):85–93, 2001.
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1981.

168

REFERENCES

[183] Pal, Nikhil R.; Pal, Sankar K. Entropy: A new definition and its applications. IEEE
transactions on systems, man, and cybernetics, 21(5):1260–1270, 1991.
[184] Cover, Thomas M.; Thomas, Joy A. Elements of information theory. John Wiley &
Sons, 2nd edition, 2012.
[185] Shannon, Claude Elwood. A mathematical theory of communication. Bell system
technical journal, 27(3):379–423, 1948.
[186] Guiasu, Silviu. Information theory with applications. McGraw-Hill New York, 1977.
[187] Rogel-Salazar, J. Statistical Mechanics by RK Pathria and PD Beale: Scope: textbook.
Level: postgraduate or advanced undergraduate. Taylor & Francis, 3rd edition, 2011.
[188] Gray, Robert M. Entropy and information theory. Springer Science & Business
Media, 2nd edition, 2011.
[189] Marinescu, Dan C. Classical and quantum information. Academic Press, 2011.
[190] Pollino, C.A.;Woodberry, O.; Nicholson, A.; Korb, K.; Hart, B.T. Parameterisation
and evaluation of a Bayesian network for use in an ecological risk assessment.
Environmental Modelling & Software, 22(8):1140–1152, 2007.
[191] Maimaitiyiming, M.; Ghulam, A.; Tiyip, T.; Pla, F.; Latorre-Carmona, P.; Halik,
T.; Sawut, M.; Caetano, M. Effects of green space spatial pattern on land surface
temperature: Implications for sustainable urban planning and climate change adaptation. ISPRS Journal of Photogrammetry and Remote Sensing, 89:59–66, Elsevier,
2014.
[192] Brown, Gavin; Pocock, Adam; Zhao, Ming-Jie; Luján, Mikel. Conditional likelihood
maximisation: a unifying framework for information theoretic feature selection.
Journal of machine learning research, 13:27–66, 2012.

