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Directores:

Dr. Enrique V. Carrera

Dr. Luis H. Cumbal Flores

Tutor:
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Resumen

Antecedentes

El crecimiento de la población urbana en todo el mundo está en expansión, más del
54% de la población vive actualmente en áreas urbanas. Las ciudades consumen grandes
cantidades de agua para consumo humano e industrial y los residuos generalmente vuelven
a las fuentes naturales sin ningún tratamiento y las contaminan. Se requieren por tanto,
acciones de monitoreo, control y remediación de las fuentes de agua contaminadas donde
deben evaluarse algunas caracteŕısticas f́ısicas, qúımicas, biológicas e hidro-morfológicas. El
tratamiento matemático de estas caracteŕısticas permitirá comprender su comportamiento
espacio-temporal y facilitar las gestiones de remediación del agua.

Objetivos

Los objetivos planteados en esta tesis fueron: primero, analizar las áreas más pobladas
de Quito con mayores descargas de aguas residuales que fluyen a los tributarios del ŕıo
Guayllabamba; segundo, seleccionar las estaciones de monitoreo de calidad del agua de
un tributario del ŕıo Guayllabamba y establecer una base de datos; tercero, analizar y
comparar los métodos de interpolación determińısticos y los que utilizan aprendizaje
estad́ıstico; cuarto, construir las superficies de interpolación e interpretar las tendencias
espacio-temporales para una zona de estudio.

Metodoloǵıa

El área de estudio se encuentra en Quito, Ecuador, situado a una altura de 2815 metros
sobre el nivel del mar. La empresa Municipal de agua Potable de Quito (EPMAPS) realizó
64 campañas de monitoreo de calidad del agua del ŕıo Machángara (tributario del ŕıo
Guayllabamba que recibe el 75% de aguas residuales), entre 2002 a 2007 a través de 25
estaciones de monitoreo mediante métodos tradicionales. Se escogieron algunas estaciones
de monitoreo ubicadas en zonas agŕıcolas, poblacionales e industriales, obteniéndose bases
de datos sobre los que se aplicaron los métodos de interpolación. También se escogió al ŕıo
San Pedro (otro tributario del ŕıo Guayllabamba que recibe el 5% de aguas residuales)
y se obtuvieron otras mediciones de calidad del agua a través de un prototipo basado
en sondas electroqúımicas y dispositivos electrónicos microcontrolados, a los cuales se
aplicaron también los métodos de interpolación. El desempeño de cada algoritmo ha sido
realizado en base al MAE (Mean Absolute Error), y la técnica de validación cruzada LOO
(Leave One Out) que ha servido para la búsqueda de los parámetros óptimos. La búsqueda
de valores MAE más bajos en las superficies de error fueron realizadas mediante el método
de regilla de búsqueda (grid search). Los valores MAE de cada variable de calidad de
agua analizada no necesariamente tuvieron las mismas unidades de medida, por tanto, en
algunos casos fue necesario utilizar el MAE normalizado tomando como referencia el valor
medio MAE de cada variable, de esta manera se obtuvieron valores MAE relativos que
servieron luego para el análisis comparativo correspondiente.
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Resultados

Se obtuvieron superficies de interpolación para cada variable y por cada método uti-
lizado. Los modelos matemáticos permitieron inferir datos entre medidas realizadas y
obtener superficies de interpolación suavizadas. Las superficies de interpolación menos
suavizadas fueron aquellas obtenidas con interpolación Delaunay, luego con mejor suavizado
están kNN (k Nearest Neighbors) y SVM (Support Vector Machine) con distancia de
Mahalanobis y núcleo de autocorrelación. El error relativo de interpolación de MAE
en 15 variables analizadas estuvo entre 0.11 y 0.70 con un promedio de 0.32. En las
superficies de interpolación se observaron tendencias espacio-temporales de cada variable
y la variabilidad estacional y espacial que será de mucha utilidad para los investigadores
de calidad del agua. El prototipo de medición de calidad del agua constrúıdo permitió
obtener mediciones con resoluciones temporales de 35 segundos y de resoluciones espaciales
ajustables al equipo de apoyo. Con las muestras obtenidas con el prototipo fue posible
aplicar los algoritmos de interpolación y obtener superficies de interpolación y tendencias
espacio-temporales de cada región analizada.

Conclusiones

Los registros hidrológicos de Quito junto con las mediciones de calidad del agua rea-
lizadas entre 2002 a 2007 provéıdas por EPMAPS permitieron identificar las zonas más
contaminadas de los tributarios del ŕıo Guayllabamba. La selección de las estaciones de
monitoreo de las zonas de interés permitieron formar bases de datos de calidad del agua
con muestras espacio-temporales no uniformes y estas muestras fueron utilizadas por los
algoritmos de interpolación. Por otro lado, el aprendizaje basado en ajuste de parámetros
libres conlleva costos computacionales que son susceptibles al modo de búsqueda de los
errores MAE mı́nimos. La búsqueda de parámetros óptimos basado en regillas ha permitido
obtener los parámetros que generalicen de mejor forma a las mediciones de calidad del
agua e inferir valores para aquellos momentos y lugares donde no fue posible realizar
mediciones. Los métodos tradicionales de obtención de variables de calidad del agua
pueden ser costosos y tard́ıos hasta disponer de muestras de contaminantes de una zona
determinada, mientras que el uso de prototipos que utilizan sondas electroqúımicas y
dispositivos electrónicos tienen la ventaja de entregar datos inmediatos en las zonas de
estudio. La contribución de este trabajo constituye el prototipo constrúıdo con cuyas
muestras de variables de calidad del agua fue posible construir superficies de interpolación
y determinar tendencias espacio-temporales útiles para los investigadores del agua.
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Abstract

Background

The growth of the urban population throughout the world is expanding, more than 54%
of the population currently lives in urban areas. Cities consume large amounts of water for
human and industrial consumption and wastewater usually goes back to natural sources
without any treatment and pollutes them. Therefore, actions of monitoring, control, and
remediation of contaminated water sources are required where some physical, chemical,
biological and hydro-morphological characteristics must be evaluated. The mathematical
treatment of these characteristics will make it possible to understand their spatio-temporal
behavior and facilitate water remediation efforts.

Objectives

The objectives proposed in this thesis were: first, to analyze the most populated areas
of Quito with greater discharges of wastewater flowing to the tributaries of the Guayl-
labamba River; second, to select the water quality monitoring stations of a tributary of the
Guayllabamba River and establish a database; third, to analyze and compare deterministic
interpolation methods and those that use statistical learning; fourth, to construct the
interpolation surfaces and interpret spatio-temporal trends for a study area.

Methodology

The study area is located in Quito, Ecuador, located at a height of 2815 meters above
sea level. The Municipal Drinking Water Company of Quito (EPMAPS) conducted 64
water quality monitoring campaigns for the Machángara River (a tributary of the Guayl-
labamba River that receives 75% of wastewater), from 2002 to 2007 through 25 monitoring
stations by traditional methods. Some monitoring stations located in agricultural, popu-
lation and industrial areas were chosen, obtaining databases on which the interpolation
methods were applied. The San Pedro River (another tributary of the Guayllabamba River
that receives 5% of wastewater) was also chosen and other water quality measurements
were obtained through a prototype based on electrochemical probes and microcontrolled
electronic devices, to which they also applied the interpolation methods. The performance
of each algorithm has been made based on the MAE (Mean Absolute Error), and the
technique of cross-validation LOO (Leave One Out) that has served to find the optimal
parameters. The search for the lowest MAE values in the error surfaces was made using
the grid search method. The MAE values of each water quality variable analyzed did not
necessarily have the same units of measurement, therefore, in some cases it was necessary
to use the standardized MAE taking as a reference the average MAE value of each variable,
in this way MAE values were obtained relative percentages that would later serve for the
corresponding comparative analysis.
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Results

Interpolation surfaces were obtained for each variable and for each method used. The
less smoothed interpolation surfaces were those obtained with Delaunay interpolation,
then with better smoothing are kNN (k Nearest Neighbors) and SVM (Support Vector
Machine) with Mahalanobis distance and autocorrelation core. The relative error of MAE
interpolation in 15 analyzed variables was between 0.11 and 0.70 with an average of 0.32.
Interpolation surfaces showed spatio-temporal trends of each variable and seasonal and
spatial variability that will be very useful for water quality researchers. The constructed
water quality measurement prototype allowed obtaining measurements with temporary
resolutions of 35 seconds and of spatial resolutions adjustable to the support team. With
the samples obtained with the prototype it was possible to apply the interpolation algo-
rithms and obtain interpolation surfaces and spatio-temporal trends of each region analyzed.

Conclusions

The hydrological records of Quito together with the water quality measurements carried
out between 2002 to 2007 provided by EPMAPS allowed identifying the most polluted
areas of the tributaries of the Guayllabamba River. The selection of the monitoring
stations of the zones of interest allowed the formation of water quality databases with
non-uniform spatio-temporal samples and these samples were used by the interpolation
algorithms. On the other hand, learning based on the adjustment of free parameters
involves computational costs that are susceptible to the search mode of minimum MAE
errors. The search for optimal parameters based on grids has allowed us to obtain the
parameters that better generalize water quality measurements and infer values for those
moments and places where measurements were not possible. Traditional methods of
obtaining water quality variables can be expensive and late to have samples of pollutants
in a certain area, while the use of prototypes that use electrochemical probes and electronic
devices have the advantage of providing immediate data in the study zones. A contribution
of this work is the constructed prototype with whose samples of water quality variables it
was possible to build interpolation surfaces and determine spatio-temporal trends useful
for water researchers.
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Chapter 1

Introduction

1.1 Document Organization

This document summarizes the work carried out and the results obtained for the dissertation
entitled “Analysis of water quality measurements in the tributaries of the Guayllabamba
River with nonuniform interpolation methods”, registered in the Doctoral Program in
Technologies of Information and Communications of the International Doctorate School
from the Rey Juan Carlos University. Given that the results obtained have already been
previously published in scientific journals indexed by JCR (Journal Citations Report)
[1, 2, 3], this dissertation is presented as a compendium of articles and it is structured in
5 chapters.

• Chapter 1, Introduction.

• Chapter 2, Spatio-Temporal Analysis of Water Quality Parameters in Machángara
River with Nonuniform Interpolation Methods [1].

• Chapter 3, Water Quality Sensing and Spatio-Temporal Monitoring Structure with
Autocorrelation Kernel Methods [2].

• Chapter 4, Spatio-temporal River Contamination Measurements with Electrochemical
Probes and Mobile Sensor Networks [3].

• Chapter 5, Discussion and Conclusions.

1.2 Justification and Importance

The pollution caused by human activities have degraded the quality of natural water
sources and their ecosystem. Industrial growth is one of these activities that contributes
to a large amount of waste that pollutes the environment, this has also led to population
growth in urban and rural areas that also contribute with large amounts of waste that
daily contaminating lakes, rivers, and seas [4, 5]. It is estimated that 2 million tons of
wastewater are discharged into navigable waterways worldwide, further damaging the water
quality [6]. The pollution of these waters brings serious consequences for the ecosystem
and especially for human life. According to the World Health Organization, up to 844

1
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million people lacked sources of drinking water in 2015, this includes 159 million people
who depend on non-treated water sources such as lakes, rivers or streams [7]. Faced with
the pollution problems of water sources and their inevitable consequences for our planet,
it is urgent that governments and all inhabitants worry about improving the quality of
water through the proper use of water in all human activities, preserving the purity of
current sources, monitoring the state of the waters through periodic sampling actions,
among other activities.

With the aim of preventing damage to the ecosystem, and above all the human health,
nowadays it is urgent to enhance management issues of water resources, and in this
way ensure the quality of natural water sources for the future, especially waters of lakes
and rivers that are usually used as raw sources for water purification. One of the most
important tasks of water management is the periodic monitoring of physical and chemical
properties of water such as color or turbidity, temperature, taste and smell, organic and
inorganic contents. Therefore, depending on the objectives of the study of water quality for
a particular area, the corresponding planning must be carried out. Generally, the collection
of pollutant data are carried-out through monitoring campaigns in which important aspects
should be taken into account, i.e. selection of the monitoring site, water quality guidelines,
methods for storage of the samples, and analysis methods of the water quality data. In
general, variables can be classified into three categories:

• biological: i.e., benthic invertebrates, benthic algae, fish, phytoplankton;

• physiochemical: i.e., thermal conditions, oxygenation rate, salinity, acidification
status, nutrients, toxics;

• hydro-morphological: i.e., dynamics of water flow, residence time, connection to the
groundwater body, lake depth/water depth variation, quantity, structure of the lake
bed, the structure of the lake shore [8].

Although it is true that all the above variables are very important when assessing the
water quality of a river or a lake, physiochemical properties are of great interest to us since
some of them such as flow rate, temperature, dissolved oxygen, pH, electrical conductivity,
and total suspended solids can be measured in situ allowing water assessments of the river.
Currently, there are multi-parameter electrochemical probes that allow these measurements
of water quality without the use of chemical reagents in the laboratory. The use of these
electrochemical probes provides a great help when recording water measurements at the
same time and place where they were made. If these probes are combined with other
electronic devices that allow the transmission of the information in a wired or remote way,
then very versatile water quality monitoring nodes are obtained with which it is possible
to carry out monitoring sessions at any time and place due to the storage capacity of
information and transfer to sites of massive data collection.

The knowledge obtained about the spatial and temporal dynamics of water quality
variables in certain sections of rivers, in specific areas of a basin, or at certain times of
the year, can help researchers to better understand pollution processes or purification
of the waters. Therefore, obtaining spatio-temporal trends of these variables through
efficient mathematical models in terms of computational cost, process time, procedural
errors among other characteristics, becomes a challenge for researchers today.
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1.3 Objectives

In this dissertation, I have pointed out some important aspects of the research such
as the spatio-temporal analysis of various water quality parameters of the Machángara
and San Pedro River, which are the main tributary of the Guayllabamba River. The
conformation of the database of the pollutants of the rivers and their later analysis by
means of interpolation algorithms take special interest in this investigation. The objectives
proposed in this research were the following:

• To analyze the most populated areas of Quito with greater discharges of domestic
and industrial wastewater flowing into tributaries of the Guayllabamba River.

• To select water quality monitoring stations of a tributary of the Guayllabamba River
and to establish the pollutant database.

• To make a comparative analysis of deterministic interpolation methods and those
that use statistical learning.

• To construct some interpolation surfaces and to interpret the spatio-temporal trends
for a study.

1.4 Previous Works

Water quality observations began approximately 100 years ago, and regular observations
were performed as a result of research projects aimed to collect samples as needed and
where needed. Some of them were observed in certain sites, but with very low temporal
frequencies such as four samples per site per year. But the need to have more data led
to increase the sampling frequency on a monthly basis and finally to daily observations.
Parallel to these changes, technological advances were also developed in the techniques of
laboratory analysis and the inclusion of other variables such as discharge flow measurements
[9]. In the last decades, due to industrial growth and the increase of the world population,
the objectives of water quality research have also evolved, however, some common guidelines
are observed, such as why it is monitored, what should be monitored, when and how to
monitor.

One of the industries that has invested the most in water quality monitoring systems
has been the fishing company. These industries commonly measure concentration of
dissolved oxygen in the water, nutrients such as nitrates and phosphorus, temperature
and presence of salts, which could affect the growth of fish and food production [10].
Prototypes have also been developed based on GSM-SMS technology for the acquisition
of environmental field measurements such as temperature, humidity, wind speed and the
number of insects captured [11]. With the information obtained, the monitoring system
seeks to improve agricultural production and pest control. The appereance of low-cost,
small-scale solid-state environmental sensors, in the recent years, has triggered their use
in soil moisture and temperature monitoring applications for irrigation control in cotton
plantations [12]. Likewise, with the use of dissolved oxygen sensors combined with the
artificial neurons technique has been possible to develop a mathematical model of the
hydrological behavior of the Liming River in the Daqing city, (China) [13]. Water quality
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systems are also used in large areas like Oregon to help restore watersheds that support
agriculture, forestry, recreation, industry and fishing since its economy focuses heavily on
salmon [14].

Generally, water quality monitoring tasks focus on scheduled sampling, storage and
analysis of samples in situ or in the laboratory. But some additional questions arise in
regard to the frequency of sampling or the variability of the measurements because of
different seasons, the influence of population and industries that the river passes through.
In addition, monitoring campaigns are not regular in time and space, because monitoring
stations are not necessarily equidistant to each other. For these reasons, it is very important
to collect the largest number of samples for all seasons of the year to study the spatio-
temporal variability of the most important parameters at a specific area. In the Han River
(China), 41 monitoring sites were analyzed during 2005 and 2006 with the objective of
exploring the spatio-temporal variability of water quality parameters in the river basin [15].
Statistical tools were used to group the 41 stations into 5 statistically significant groups.
Specific studies have also been conducted on the dynamics of phosphate along the Raritan
River (New Jersey, USA) between 1990 and 2002 in 55 monitoring stations [16]. Techniques
of multivariate statistical analysis, including cluster analysis, discriminant analysis, and
principal components, have also been used to distinguish the spatio-temporal variability
of some pollutants from Eastern Poyang Lake Basin, Jiangxi Province of China between
January 2012 to April 2015. In previous works, SVM has been applied to build prediction
models of structures of freshwater biological communities. They have considered databases
that include physic-chemical parameters such as DO, EC, NH3N, COD, BOD, pH, TP,
TN, and hydro-morphological parameters (water quantity, channel change, morphology
diversity). Some free parameters (from the SVM algorithm) such as C, σ and ε have
been tuned in order to determine functions that better generalize the dynamics of the
physical-chemical and hydro-morphological parameters [17].

Developing countries have experienced the same changes mentioned above and they are
developing water quality monitoring networks in recent decades. Due to the fact that the
problem of monitoring has not been efficiently fixed yet, they are still carrying out research
to experiment new forms and technologies that make possible less expensive monitoring
campaigns, with multi-parametric water quality sensors, with a lower level of risk, among
other advantages.

1.5 Research Methodology

The study area is located in Quito, Ecuador, at a height of 2815 meters above sea level,
where domestic and industrial wastewater is mostly deposited in the Machángara River
(approximately 75% of the total discharges) which causes a serious contamination of this
river for several decades. Another part of the city that is in the rural area approximately
2500 meters above sea level discharges its wastewater (approximately 5% of the total
discharges) into the San Pedro River. These rivers are part of the main tributaries of the
Guayllabamba River that runs through the upper basin of the same name and carries
its waters to the coastal region of Ecuador crossing agricultural, livestock and sparsely
populated areas.

The basic information about the positions of the 25 monitoring stations, the water
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quality measurements made through 64 monitoring campaigns (between 2002 to 2007) by
traditional methods (sample collection, transport and analysis in the laboratory) were
provided by the Municipal Drinking Water and Sanitation Company (EPMAPS) of Quito,
Ecuador. This information was fundamental for a software tool that I built in Matlab that
allowed me to select one or more of the 25 monitoring stations for a specific area of study
and thus have a database of water quality variables.

In the first article in [1], we addressed the study of 6 monitoring stations that cross
Quito at about 10 km and 15 variables of water quality. The measurements were made in
non-uniform sampling frequencies and in non-equidistant places, therefore, due to the lack
of measures in inaccessible places and in times between monitoring campaigns already
carried out, it was necessary to consider the construction of mathematical models that
allow us to infer new measurements where previously they did not exist based on the
information of known measurements. I used two interpolation lagorithms, Delaunay (de-
terministic interpolation) that is very used in digital terrain modeling and kNN (statistical
interpolation) that uses the same data to adjust a free parameter. The performance of
these algorithms was evaluated with MAE (Mean Absolute Error) metric and a cross
validation thecnique called Leave One Out.

In the second paper in [2], we have performed an analysis of water quality measures
in four important areas of Quito. These zones are divided into agricultural, industrial,
population and urban (it is a younger area that is in rapid growth with respect to the
historic center of Quito). Six variables considered as more representative were analyzed,
equally obtained in monitoring campaigns whose spatio-temporal characteristic is not
uniform. These variables were flow rate (Q, m3/s), water temperature (◦C), dissolved
oxygen (DO, mg/L), chemical oxygen demand (COD, mg/L), biochemical oxygen demand
(BOD, mg/L), and COD/BOD ratio. As in [1], these variables were analyzed for the
period from 2002 to 2007. The algorithms used for the interpolation were kNN (k Nearest
Neighbors), SVM (Support Vector Machines) with RBF (Radial Basis Function) kernel,
SVM with Mahalanobis distance, and SVM with autocorrelation kernel. For the selection
of the algorithm that best generalizes the measurements made and allows an efficient filling
of data, a process was performed to adjust free parameters such as ν, ε, C, and step in
terms of the MAE. Once the optimal model of generalization of the measurements was
found, interpolations were made with spatial resolutions of 400m and temporal resolutions
of 1 day. With this model we build the spatio-temporal interpolation surfaces where the
trends of each variable can be appreciated.

In the third paper in [3], we presented an electronic prototype based on a modern
Arduino-Mega 2560 microcontroller and electrochemical probes that allowed us to measure
the dissolved oxygen, the electrical conductivity of water and its temperature. It also has
other solid-state sensors that allowed to measure the air temperature and the percentage
relative humidity. This prototype has a wireless module ESP8266 to remotely transmit
water quality variables and their respective location based on a portable GPS with
low power consumption. The complete system has rechargeable batteries that allow
consecutive measurements for a period of 10 hours a day, this gives the measurement
prototype autonomy, portability, and mobility among other capabilities. With this mobile
prototype, 23 monitoring campaigns were carried out between November 15 to December
4, 2017. We chose 9 measurement stations along 18 km of the San Pedro River, these
stations were located in areas considered as agricultural, population and industrial. To
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obtain the interpolation surfaces, we used the kNN, SVM algorithms with distance from
Mahalanobis and SVM with an autocorrelation kernel.
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Abstract: Water quality measurements in rivers are usually performed at intervals of days or months
in monitoring campaigns, but little attention has been paid to the spatial and temporal dynamics of
those measurements. In this work, we propose scrutinizing the scope and limitations of state-of-the-art
interpolation methods aiming to estimate the spatio-temporal dynamics (in terms of trends and
structures) of relevant variables for water quality analysis usually taken in rivers. We used a database
with several water quality measurements from the Machángara River between 2002 and 2007 provided
by the Metropolitan Water Company of Quito, Ecuador. This database included flow rate, temperature,
dissolved oxygen, and chemical oxygen demand, among other variables. For visualization purposes,
the absence of measurements at intermediate points in an irregular spatio-temporal sampling grid was
fixed by using deterministic and stochastic interpolation methods, namely, Delaunay and k-Nearest
Neighbors (kNN). For data-driven model diagnosis, a study on model residuals was performed
comparing the quality of both kinds of approaches. For most variables, a value of k = 15 yielded
a reasonable fitting when Mahalanobis distance was used, and water quality variables were better
estimated when using the kNN method. The use of kNN provided the best estimation capabilities in
the presence of atypical samples in the spatio-temporal dynamics in terms of leave-one-out absolute
error, and it was better for variables with slow-changing dynamics, though its performance degraded
for variables with fast-changing dynamics. The proposed spatio-temporal analysis of water quality
measurements provides relevant and useful information, hence complementing and extending the
classical statistical analysis in this field, and our results encourage the search for new methods
overcoming the limitations of the analyzed traditional interpolators.

Keywords: water quality; interpolation; smoothing; Delaunay; kNN

1. Introduction

Pollution is related to the introduction into the environment of substances, from anthropogenic
or natural origin, which are harmful or toxic to humans and ecosystems. Pollution usually alters the
chemical, physical, biological, or radiological integrity of soil, water, and living species, resulting
in alterations of the food chain, with effects on human health [1,2]. In particular, water pollution is
mainly due to the increment in urban and industrial density. Growing population waste poses a threat
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to public health and jeopardizes the continuous use of water reserves [3]. For example, contamination
of watercourses is a consequence of wastewater discharge, from municipal, industrial, or farming
runoffs [4]. Typically, urban wastewater is a complex mixture containing water (usually over 99%)
mixed with organic and inorganic compounds, both in suspension and dissolved with very small
concentrations (mg/L) [5]. Globally, two million tons of wastewater are discharged into the world
waterways [6]. Wastewater Treatment Plants (WWTPs) are used to combat water pollution of rivers in
communities (municipalities) reducing suspended solids and the organic load to accelerate the natural
process of water purification [3,7].

On the other hand, several properties and factors are usually considered in the water quality
analysis and in the monitoring of pollution water sources in order to assess the impact of water pollution
on flora, fauna, and humans. Water appearance, color or turbidity, temperature, taste, and smell often
describe the physical properties of drinking water, whereas the water chemical characterization includes
the analysis of organic and inorganic substance concentrations. Microbiological features are related to
pathogenic agents (bacteria, viruses, and protozoa), which are relevant to public health and usually
modify the water chemistry. In addition, radiological factors could be also considered in areas where
water comes into contact with radioactive substances [8]. Other specifications such as water hardness,
pH, acidity, oils, and fats can also be taken into account in the water quality analysis.

Water quality monitoring focuses on programmed sampling, measurement, and recording of
regulated water quality parameters. The water quality management in rivers can be more efficient
when: (1) monitoring of rivers is continuous, hence its seasonal behavior can be characterized; (2) the
sampling period is based on the spatio-temporal dynamics (trends or patterns) of the measured
variables; (3) the choice of the sampling sites takes into account the basin irregularities; and
(4) other factors at the study area are taken into consideration, such as population and industrial
growth. Measurements are not usually taken uniformly at determined locations and times during the
monitoring campaigns, and the pollutant concentrations in river waters do not follow linear variations.
Therefore, the use of mathematical models with basic physics (that govern the transport process of
pollution) and linear models can be complemented with data-driven models for modeling the river
contaminants dynamics, in the sense of trends and spatio-temporal structures [9].

For these reasons, several scientific works have scrutinized different spatio-temporal analysis
of water quality from a statistical point of view, in order to understand their behavior and help to
generate water decontamination designs in a more efficient way. Siyue et al. analyzed up to 41 sites at
the Han River (China) during 2005 and 2006 in order to explore the spatio-temporal variations in the
basin [10]. Cluster methods and analysis of variance (ANOVA) grouped the 41 sampling sites into
five statistically significant clusters. Results showed that dissolved inorganic nitrogen and nitrates had
large spatial variability, while nitrogen had a relatively higher concentration in wet seasons compared
with dry seasons, and phosphorous had the opposite trend. On the other hand, Serre et al. used
the Bayesian maximum entropy to analyze spatio-temporal variability of water quality parameters
in the case of phosphate estimation along the Raritan River basin (New Jersey, USA) between 1990
and 2002 [11]. The database consisted of 1305 phosphate measurements at 55 monitoring stations.
Their results showed that the spatio-temporal analysis improves the purely spatial analysis when the
water samples are noisy and scarce. In addition, Duan et al. proposed a statistical multivariate analysis
including cluster analysis, discriminant analysis and principal component analysis/factor analysis to
distinguish spatio-temporal variation of water quality and contaminants [12]. Fourteen parameters
were studied in 28 sites of Eastern Poyang Lake Basin, Jiangxi Province of China from January 2012 to
April 2015. This work also pointed out the spatio-temporal analysis as a tool to help in the optimization
of the water quality monitoring programs. The impact of wastewater was also scrutinized in a detailed
anthropogenic study of the Henares River (Spain) [13]. The Henares River runs through residential,
industrial, and farming areas. Thus, strategic points were chosen along the river, with five stations
upstream of a WWTP, and five stations downstream. Six monitoring campaigns were carried out
between April and June 2010, assembling 36 water samples altogether. Descriptive statistics, such as
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frequency or mean of pollutant concentration and uni-dimensional graphical representations were used
to analyze their spatial and temporal evolution, showing the influence of the wastewater discharge and
of the farm areas’ proximity. For example, high concentrations of polycyclic aromatic hydrocarbons,
which are usually adsorbed on the river sediments, still continued along the Henares River regardless
of season. Note that all these results point out the relevance of the observable dynamics of these
pollutants with respect to time and space. This work pointed out the importance of the spatio-temporal
analysis in order to visualize the trends of some compounds in the rivers, which could determine
a possible relationship between river water contamination and wastewater effluent discharges.

However, and to the best of our knowledge, the variability of measurements jointly expressed in
space and time has not been explored for analyzing the spatio-temporal distributions of water quality
variables. In the present work, we propose scrutinizing the scope and limitations of state-of-the-art
interpolation methods aiming to estimate the spatio-temporal dynamics (in terms of trends and
structures) of relevant variables for water quality analysis usually taken in rivers. For visualization
purposes, the absence of measurements at intermediate points in an irregular spatio-temporal sampling
grid is fixed by using deterministic and stochastic interpolation methods, namely, Delaunay and
k-Nearest Neighbors (kNN). For data-driven model diagnosis, a study on model residuals is performed,
allowing for comparison of the model quality for both kinds of approaches.

These methods are here applied to pollution measurements at the Machángara River and its
tributaries in Quito, Ecuador. Whereas several previous studies of Machángara River pollution have
been made since 1977 [14], they have conducted statistical analysis on specific variables such as
phosphates, pesticides, nitrates, and hydrocarbons, but a more detailed and complete view of the
wastewater dynamics can still be addressed.

The rest of this paper is as follows. In Section 2, the materials and methods are explained,
including the mathematical description of the interpolation algorithms and details of the database
used for this analysis. In Section 3, results are presented for a number of measured variables, the
algorithmic performance is benchmarked, a comparative analysis is made on the data-driven residuals
of the models with both methods, and the analysis on several environmental variables and their
spatio-temporal dynamics is described. In Section 4, the results are discussed, and in Section 5,
the main conclusions are presented.

2. Materials and Methods

2.1. Study Area

Quito, the capital of Ecuador, is located at approximately 2815 m above sea level, at UTMWGS84
coordinates with latitude 9973588.50 [00°13′47′′ S] and longitude 776529.41 [78°31′30′′ W], as depicted
in Figure 1, and it had an average temperature of 14 °C between 2002 and 2007. The Machángara
River was chosen for this study because it is the main wastewater collector of Quito. This river runs
through the city from south to north, collecting wastewater at a distance of approximately 22 km, and
it receives about 75% of the city waste. Along the river pathway, 25 water quality monitoring stations
are installed [14,15]. For our work, six stations were chosen in the upstream section of the River, within
a reach of about 10 km, in order to monitor large amounts of wastewater. The identification of the
monitoring stations is shown in Table 1, and the water quality parameters to be analyzed are described
in Table 2.

Sixty-four monitoring campaigns were carried out to measure 15 water quality parameters
between 2002 and 2007. Note that a value of each parameter is usually collected in each campaign.
However, some water quality parameters are sometimes not collected, and also more than one value
can be registered in several campaigns. The number of water quality measurements available for each
variable is shown in Table 3. In the same time period, rainfall measurements were conducted at one
weather station near the study area, and these measurements were assembled to compare rainfall with
water quality variables at the Machángara River.
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Figure 1. Monitoring station location at the Machángara River. The station name and numeric codes
were provided by the Metropolitan Water Company of Quito, Ecuador.

The preprocessing of the water quality database required the design of the following modules in
Matlab™ (R2014b, TheMathWorks Inc., Natick, MA, USA): (1) station selection, which allowed the
graphical selection of water quality monitoring stations from a map of Quito and those measurements;
and (2) model estimation with smoothing interpolation methods and its representations, which
allows us to work with the database of the selected monitoring stations in specific sections along the
Machángara River. The latter module also helped to calculate the Mean Absolute Error (MAE) for the
two studied interpolation algorithms, namely, Delaunay and kNN algorithms.

Table 1. Monitoring Stations of Machángara River. ST1 is the first station and d is the distance from
each station with respect to the first one. Each monitoring station name is followed by the original code
provided by the Metropolitan Water Company of Quito, Ecuador.

Station Name Code d (km)

R. Mch. El Recreo (2.07) ST1 0.00
R. Mch. Villaflora (2.08) ST2 1.75
R. Mch. El Sena (2.09) ST3 2.75

R. Mch. El Trébol (2.10) ST4 4.91
R. Mch. Las Orquídeas (2.11) ST5 6.31

Q. El Batán (1.09) ST6 9.49
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Table 2. Studied water quality parameters for the case study of the Machángara River.

Variable Acronym Units

Flow rate Q m3/s
Temperature T ◦C

Dissolved Oxygen DO mg/L
Biochemical Oxygen Demand BOD mg/L

Chemical Oxygen Demand COD mg/L
BOD/COD ratio BOD/COD

Total Dissolved Solids TDS mg/L
Total Suspended Solids TSS mg/L

Ammonia NH3 mg/L
Total Nitrogen TNK mg/L

Nitrate NO3 mg/L
Phosphates PO4 mg/L
Detergents DET mg/L

Oils and Fats O&F mg/L
Total Escherichia coli ColiT mg/L

Table 3. Interpolation errors for each variable with nonuniform interpolation methods.

Variable No. MAE MAEr MAE MAEr MAE MAEr
Measur. (Dela_lin) (Dela_lin) (Dela_nea) (Dela_nea) (k = 15) (k = 15)

Q 306 0.60 0.23 0.71 0.27 0.58 0.22
T 393 1.88 0.11 2.00 0.12 1.88 0.11

DO 329 1.16 0.47 1.28 0.52 1.03 0.42
BOD 396 47.24 0.31 52.14 0.34 49.14 0.32
COD 396 106.99 0.30 122.36 0.34 114.96 0.32

BOD/COD 396 0.66 0.25 0.65 0.25 0.79 0.30
TSS 136 122.54 0.47 142.42 0.55 123.94 0.47
TDS 392 51.18 0.17 54.34 0.18 50.93 0.16
NH3 377 3.09 0.15 3.08 0.15 4.66 0.22
TNK 82 2.90 0.08 2.70 0.08 4.25 0.12
NO3 286 0.59 0.33 0.63 0.35 0.65 0.36
PO4 382 0.90 0.32 0.91 0.32 1.08 0.38
DET 381 0.27 0.26 0.27 0.27 0.22 0.22
O&F 270 10.71 0.72 10.64 0.72 10.37 0.70
ColiT 345 1.53 0.46 1.54 0.47 1.54 0.46

Average 324 0.31 0.33 0.32

Note: Mean Absolute Error (MAE) and relative error of MAE (MAEr) for Delaunay linear (Dela_lin),
Delaunay nearest (Dela_nea) and k-Nearest Neighbors (kNN) methods.

2.2. Interpolation Algorithms

Our aim in the present work is to show that statistical interpolation can yield relevant information
on the underlying dynamics of the analyzed variables, which can complement the current knowledge
and analysis of measurements themselves. The proposed interpolation techniques not only improve
data visualization, but they also allow the identification of trends and structures that are consistently
supported by measurements being close in time or space. The result of such an interpolation process
can provide an enhanced information view for assisting water analysts. Note that we are actually
working here with two conventional and well-known approaches, namely, deterministic interpolation
(given by Delaunay) and statistical interpolation (given by kNN). The first one does not provide more
than just a grid visualization of time-spatial data, and the second one is well known in the machine
learning literature for being able to provide us with the dynamics or trends in the underlying evolution
of the measured variables. As a result, these trends are more easily and consistently observed in
statistical interpolation approaches, especially when noise and perturbations are clearly present in the
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measurements. Note that, in this case, the interpolation process can be seen as a smoothing estimation
process, which identifies the consistent trends and separates them from the system perturbations, as
estimated by the model residuals.

In studies about multi-dimensional variables, it can be useful to search for dependencies among
them; therefore, the construction of mathematical models should be able to describe those existing
relationships. Regression models can explain the dependency relationship between a response variable
and one or more independent or explanatory variables in such a way that these models can estimate
new values from a new unobserved set of measurements from the explanatory variables.

The use of nonparametric regression is sometimes suitable when a response is difficult to obtain
in terms of physical models or when the measuring methods are expensive. The main objective of
the interpolation is to estimate one or more unknown independent variables from a given set of
simultaneously measured samples from the independent variables and the response variable.

An intermediate goal in this work is to fill up the regular grid in the quantitative representation
of water quality measurements at those times when no monitoring campaigns were conducted, and in
those spaces of rivers where there are no monitoring stations. The interpolation methods used in this
work were Delaunay Triangulation and kNN.

2.2.1. Interpolation with Delaunay Triangulation

The interpolation with Delaunay triangulation has been used in digital cartography for
the generation of digital terrain models [16]. The starting point of this method is a cloud of
three-dimensional (3D) points, usually irregularly spatial distributed, which allows us to represent
surfaces digitally. This triangulation approximates surfaces by irregular and planar triangles that
connect the 3D points. In this work, we do not use the 3D spatial coordinates of the points as input
space, but instead we pursue a representation for two-dimensional input spaces given by the time and
location (in terms of the distance along the river path), where a measurement was taken.

The Delaunay interpolation method is based on Voronoi diagrams and Delaunay triangulation,
which uses the Euclidean distance as interpolation criterion [17]. Given two points in the spatio-temporal
plane (x, t), denoted as p1 = (x1, t1) and p2 = (x2, t2), the Euclidean distance among them is

dist(p1, p2) :=
√
(x1 − x2)2 + (t1 − t2)2. (1)

Let P = {p1, p2, ..., pn} be a set of n distinct points (or sites) in the spatio-temporal plane.
The Voronoi diagram of P is the subdivision of the plane in n cells (Figure 2a), one for each site
in P. The condition is that a point pe lies in the cell corresponding to a site pi if and only if
dist(pe, pi) < dist(pe, pj) for each pj ∈ P with j 6= i. The Voronoi diagram of P is denoted by
Vor(P), and it indicates only the edges and vertices of the subdivision pi [17]. Graph G has a node
for every Voronoi cell equivalent for every site, and the union of external edges for each G conforms
a polygon Pol.

Figure 2b shows the measurements (m axe) of a variable which forms a polyhedron of irregular
triangles where the measurements are the vertices. Note that bold uppercases are used to represent
points (vertices of irregular triangles which form a polyhedron) defined in the coordinates (x, t, m),
while the projections of these vertices in the plane (x, t) are represented by bold lowercases.
For example, samples represented by points A, B, and C form a triangle polyhedron, and when
it is projected in the plane (x, t), a new triangle with p1, p2, and p3 vertices is formed. The estimated
value, m̂E, at a new point E = (xE, tE), is obtained two-fold: (1) a Delaunay triangle, which encloses
the point E, is found; and (2) m̂E is computed as the results of applying the values xE and tE in the
plane equation defined by the points A, B and C in the linear interpolation, and as the mE value of the
nearest neighbor vertex in the nearest interpolation.
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Figure 2. Representation and nomenclature of the elements in our Delaunay interpolation: (a) Delaunay
triangulation and Voronoi diagram; and (b) obtaining a polyhedral from a set of sample points.

2.2.2. kNN Interpolation

The kNN rule is among the simplest statistical learning tools in density estimation, classification,
and regression. Trivial to train and easy to code, the nonparametric algorithm is surprisingly
competitive and fairly robust to errors when using cross-validation procedures [18]. The fitting
is made by using only those measurements close to the target point pe. A function of weights assigned
to each pi is based on the distance from pe.

The usual calculation methods of known distances are Euclidean, Manhattan, Minkowski,
weighted Euclidean, Mahalanobis, and Cosine, among others. The Mahalanobis distance between two
points p1 and p2 is defined as

distM(p1, p2) =

√
(p1 − p2)

′∑−1
(p1 − p2), (2)

where ∑ is the covariance matrix. Mahalanobis distance has advantageous properties compared to
the use of Euclidean distance, namely, it is invariant to changes in scale, and it does not depend on
measurements units. By using matrix ∑−1, we consider correlations between variables and redundancy
effect. The estimation function of pe is represented by f̂ (pe), and it is estimated according to Distance
Weighted Nearest Neighbor algorithm as

f̂ (pe) =
∑k

i=1 wi f (pi)

∑k
i=1 wi

, (3)

where f (pi) represents the samples near pe, and wi is the weights function that is defined in terms of
Mahalanobis distance as

wi =
1

distM(pe, pi)2 . (4)

2.3. Performance Measures

The goal of any data-driven methodology is to estimate (learn) a useful model of the unknown
system from available data. A criteria related to usefulness is the prediction accuracy (generalization),
related to the capability of the model to provide accurate estimates for future data. In the learning
problem, the goal is to estimate a function by using a finite number of training samples. The availability
of a finite number of training samples implies that any estimate of an unknown function is often
inaccurate. In regression learning problems, we can obtain a measurement of the performance in
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terms of the generalization capabilities of the model, with the goal of minimizing the empirical risk as
described below [19].

Given D = (xi, ti, mi)
n
i=1 as the training set, the pairs (xi, ti) are identified as inputs and (mi) as

outputs, where x represents the distance, t is time, and m is any water quality measurement. The basic
goal of supervised learning is to use the training set D to learn a function f̂ (in the hypothesis space H)
that evaluates at a new pair (x, t) and estimates its associated value (m).

In order to measure the quality of f̂ function, we use a loss function denoted by l( f̂ , D).
The estimation for a given (x, t) is f̂ (x, t), and the true value is (m). One of the loss functions
used in this paper is the absolute error loss, which can be written as

l( f̂ , D) = | f̂ (x, t)−m|. (5)

Given a function f̂ , a loss function l, and a probability distribution g over (x, t), the generalization
error (also called actual error) of f̂ is defined as

Rgen[ f̂ ] = EDl( f̂ , D), (6)

which is also the expected loss on a new example which has been randomly drawn from the distribution.
In general, we do not know g and cannot compute Rgen[ f̂ ]. Therefore, we use the empirical error

(or risk) of f̂ as

Remp[ f̂ ] =
1
n

n

∑
i=1

l( f̂ , Di), (7)

and when the loss function is the absolute error loss, the empirical error is

Remp[ f̂ ] =
1
n

n

∑
i=1
| f̂ (xi, ti)−mi|, (8)

which is the risk function used in this work, but from now on, we will use for it MAE, [20,21],

MAE = Remp[ f̂ ]. (9)

Therefore, predictive performance of regression models can be estimated by using standard
metrics such as the regression MAE.

The loss function can be calculated using the validation data, which are sensitive to the choice of
the validation set. This is a problem when the data set is small, and, in these cases, the cross validation
technique allows more efficient use of available data [22]. For statistical result evaluation, the k-fold
cross-validation method was used here, where data are partitioned into k subsets or folds, D1, D2, ..., Dk
that are generally of the same size. A Di partition serves for testing and the remaining ones for training.
On the first iteration, D1 is used for the test and the remaining D2, D3, ..., Dk for training. Therefore,
k iterations are carried out until Dk are tested, and the others are used for training. Each data set
sample is used once for training and after that just for testing. Leave-one-out is a special case of k-fold
cross-validation where k is set to number of initial tuples. That is, only one sample is “left out” at a time
for the test set. Therefore, in this work, we have used Leave-One-Out for the estimation of the MAE
in the two interpolation algorithms used here, called Delaunay (either with linear or with nearest
criterion) and kNN (with Mahalanobis distance).

2.4. Behavior of Interpolation Errors

Given that the interpolation error depends on the analyzed variable, the number of measurements,
and the interpolation method, it is advisable to use a relative error of the MAE value. Following [23],
in this work, we use

MAEr =
MAE

u
, (10)
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where MAEr is the relative error of MAE, and u is the average value of each variable of water quality.
On the other hand, the MAE obtained by the kNN algorithm for different variables of water

quality depends on the k parameter, which takes different values due to the nature of each variable.

3. Results

In this section, the performance of the interpolation algorithms is analyzed, based on data from
monitoring campaigns conducted in irregular time periods and non-uniform distances between
stations. This is a usual situation, which can be due to logistical problems or bad weather conditions,
among other factors.

3.1. Free Parameter k and Algorithm Comparisons

In order to establish a comparison between deterministic and statistical interpolation, we started
by scrutinizing the value of k to be used as a free parameter in the kNN algorithm. Figure 3 shows the
changes of MAEr with respect to k. It can be observed that we almost always need few neighbors for
yielding a value close to the minimum MAE. As errors decrease very slowly after some point, and for
computational simplicity, we decided to use k = 15 for all the kNN variable models. On the other hand,
Figure 4 shows the variability of MAEr with respect to the normalized number of measurements. It can
be observed that MAEr is reduced by increasing the number of available samples, though a extremely
reduced number of available samples sometimes can yield an apparently reduced error, probably due
to the poor representation of the dynamics in these cases.

Figure 3. Behavior of MAEr for different k values.

Figure 4. MAEr for different normalized numbers of measurements. DL-MAEr is for Delaunay linear,
DN-MAEr is for Delaunay nearest, and kNN-MAEr is for kNN method.
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Table 3 presents the MAE of each variable obtained with each interpolation algorithm (with
k = 15 for kNN). Note that MAE values are significantly different among water quality variables, and
because of that, we also included the relative MAE (MAEr). The average value of MAEr was 0.31 for
Delaunay-linear, 0.33 for Delaunay-nearest, and 0.32 for kNN, which, roughly speaking, shows that
about two thirds of the variations are jointly explained by the underlying dynamics.

We also analyzed which interpolation method provides with the best estimation of the dynamics
(i.e., trends or patterns) for the observed variables. Figure 5a shows the interpolation of NH3 with
Delaunay-linear, which also resembles the one obtained by applying Delaunay-nearest shown in
Figure 5b. Both interpolation techniques present a typical step-like view of the interpolated variable.
On the other hand, Figure 5c shows the interpolation results of NH3 with the kNN method. In this
later case, data dynamics are better observed because of the improved smoothing, allowing us to
easily see spatial and temporal trends. As another example, Figure 5d shows PO4 interpolation with
Delaunay-linear, while Figure 5e shows a noticeable smoothing when the kNN method is used. Again,
the kNN technique shows more clearly some spatial trends for the PO4 variable. Figure 5f shows
another example of the ColiT interpolation when using the kNN method, displaying the dynamics
of some trends and consistent peaks on it. Interpolation errors of each method on each variable are
detailed in Table 3.

Figure 6a shows the rainfall in the study area during the period 2002–2007 recorded by a nearby
weather station. This information is included for comparison of some of the water quality variables in
the same figure. The variables in Figure 6 are Q, T, DO, BOD/COD, and TNK, whose representations
are drawn in elevation view for better visual observation of their spatio-temporal dynamics. As far as
Figures 5 and 6 show eight variables of a total of 15 water quality parameters of Machángara River,
the seven remaining variables that are not represented are BOD, COD, TDS, TSS, NO3, DET, and
O&F. It should be noted that those representations exhibit a similar smoothing compared to the eight
variables previously represented when using the kNN method.

(a) (b)

(c) (d)

Figure 5. Cont.

17



Water 2016, 8, 507 11 of 17

(e) (f)

Figure 5. Results of Delaunay and kNN Interpolation methods: (a) NH3 with Delaunay linear; (b) NH3

with Delaunay nearest; (c) NH3 with kNN; (d) PO4 with Delaunay linear; (e) PO4 with kNN; and
(f) ColiT with kNN.
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Figure 6. Spatio-temporal variation: (a) rainfall level in Quito from 2002 to 2007 at ‘La Tola’ monitoring
station; (b) Q; (c) DO; (d) T; (e) BOD/COD; (f) TNK.
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3.2. Analysis of the Spatio-Temporal Model Residuals

In the previous section, it was not clear which interpolation method performed better just
in terms of averaged error. For a fair benchmarking, we proposed making an analysis on the
spatio-temporal distribution of the model residuals. Taking into account that the leave-one-out residual
was obtained for each method in each sample, Figure 7 displays the difference in terms of Absolute
Error (AE) between kNN and Delaunay methods for six different variables. Blue markers represent
the difference of AE (∆AE = AEDelaun − AEkNN) when Delaunay obtains worse performances than
kNN (i.e., for the case AEDelaun − AEkNN > 0) and red markers are shown otherwise (i.e., for the case
∆AE = AEkNN − AEDelaun).

(a) (b)

(c) (d)

(e) (f)

Figure 7. Spatio-temporal distributions for |∆AE| = |AEkNN − AEDelaun|: (a) O&F; (b) DET;
(c) BOD/COD; (d) DO; (e) NO3; and (f) PO4.
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From Figure 7, several ideas can be summarized. Although the largest differences (due to outliers
or atypical measurements) can be obtained for both methods in some cases, as seen in (e,f), outliers are
better treated by kNN in most of the cases, as seen in (a–d). In addition, kNN works better for some
given variables, which are (a,b), and (d), whereas its performance can degrade compared to Delaunay
in cases such as (e), or it can be similar in cases such as (f).

If we compare these results with the observations and estimation in Figure 5, it can be concluded
that kNN works better for outliers and for slow-dynamics variables with smooth changes, whereas
fast-dynamics variables can be over-smoothed by this method, and, then its model residuals are not
capable of improving the trivial interpolation made by Delaunay.

3.3. Evolution of Water Quality Measurements

Flow rate (Q). Figure 6b shows the Machángara River flow rate, and it depends on several factors,
namely, the tributaries formed by streams coming from the Pichincha volcano (Quito is a city located
between the slopes of a volcano and the Machángara River), the runoffs due to rainfall in the upper
basin of Quito, and the wastewater from domestic and industrial discharges in the central and the
southern parts of the city. Additionally, Quito does not have independent pipes for domestic, industrial,
or runoff water, but rather this wastewater is a composition of all them. Figure 8 represents the average
of the maximum values of flow rates for each year from 2002 to 2007 of a total of 19 major tributaries
upstream of the Machángara River. Figure 8 shows two peaks (m3/s) that are present at about 500 days
(2003) and 1250 days (2005), whereas we can see a decrease of the flow rate at 800 days (2004), likely
due to the scarcity of rains. Although this represents an annually averaged measurements of flow
rates, this plot and the rainfall one (Figure 6a) could better explain the evolution of water discharges
into the river as shown in Figure 6b. In this last figure, two flow rate peak at about 500 and 1500 days
are displayed, which could be due to rainfall and flow rate of the Machángara River’s tributaries.
The changes in the total flow could affect the behavior of other water quality characteristics.

Figure 8. Average of the maximum values of flow rates for each year (from 2002 to 2007) depicted
when time is shown in days.

Dissolved Oxygen (DO). Figure 6c shows that DO increases in space after about 2 km, and in time
especially after January 2006 (1460 days). Figure 6d shows a temperature increase in the river´s water at
the last station (9.49 km). As temperature increases, oxygen solubility decreases. Therefore, dissolved
oxygen should be lower (see Figure 6c). In addition, it can be observed that DO increases during the
last 600 days between ST3 and ST5. In this section, the Machángara River has a lot of stones and debris.
This condition may cause an intensive crush of water against these materials, hence producing a large
amount of small water bubbles. It is well known that as water bubbles get smaller, the liquid–gas
interface area increases, and thus oxygen can be dissolved at a higher rate. As a result, DO should be
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also higher. In addition, temperatures in the last 600 days in those stations showed a slight decrease
which could also contribute to the increase of DO.

Temperature (T). Water temperature, shown in Figure 6d, is another relevant parameter in the study
of the river water quality. It mainly depends on temperature of domestic and industrial discharges,
rainfall, and environmental temperature. The spatio-temporal distribution shows two main effects,
namely, an increase in the space after 8 km, and an increase after 6 km only present after 1750 days
(October 2006). This temperature change in the last 300 days could be two-fold: (1) in general, the
ambient temperature has increased in the last years due to the global warming effect, and the water of
the Machángara River (shallow river) has also received the global impact increasing its temperature;
and (2) population close to the river has also increased in that period of time. In fact, Quito’s population
was 1,842,202 inhabitants in 2001, while it was 2,239,191 in 2010, a growth rate of 2.41% per year [24].
Thus, hot water for personal care, washing kitchen utensils, and cleaning activities in hospitals and
industries are discharged in the river.

Biodegradability index (BOD/COD). Organic matter biodegradability can be estimated by the ratio
between BOD and COD [25]. According to [26], the organic matter biodegradability is classified
as follows:

• If BOD/COD ≥ 0.4, then organic matter is very degradable.
• If BOD/COD ∈ (0.2, 0.4), then organic matter is moderately degradable.
• If BOD/COD ≤ 0.2, then organic matter is little degradable.

Figure 6e shows the BOD/COD ratio where there is a relatively stable value with distance. In the
time period between 800 and 1200 days, there were several industries in the study area, which used
to discharge a high amount of non-biodegradable liquid compounds. To investigate the pollution
impact caused by their water discharges directly into the Machángara River in the time period of 2002
to 2007, there were taken into account a total of 54 representative industries of all cities upstream
of the river, and there were two important industrial zones that had 15 industries (27.78%), mainly
textiles (dyes) and food and beverage (dyes). The municipal authorities of Quito assessed industries
that met wastewater treatment regulations before discharging them into river. Results showed that
industries meeting water quality standards were 75% in 2005, 63% in 2006 and 69% in 2007. It is
most likely that industries that did not meet environmental regulations contributed to a high load of
non-biodegradable compounds discharged into the river. Unfortunately, there is no more information
from the other years.

Total Nitrogen Kjeldahl (TNK). This variable is the sum of ammonia (NH3) and ammonium (NH+
4 ),

and the maximum allowed value in Ecuador is 40 mg/L according to [27]. Figure 6f shows the TKN
variation, which is in this case constrained to about the last 400 days of measurements. In general, there
is a sustained level near the limit, both below and above it, for most of the available monitored periods.

4. Discussion

Since topography is stable with time, it can be treated with deterministic interpolation (such as the
Delaunay algorithm). However, water dynamics can not be determined accurately by just deterministic
interpolation, except for simple visualization purposes. Our work shows that statistical interpolation
is capable of estimating the water dynamics with moderate model orders and distinguishing between
dynamics, given by the spatio-temporal trends present in the model, and perturbations of a very
different nature, given by the model residuals (including system perturbations, measurement errors,
outliers and atypical values, and other uncertainty sources). Despite the main relevance of system
knowledge to improve the water quality, our motivation for this work has been given by the idea that
current system knowledge is partly guided by measurements. In addition, spatio-temporal statistical
interpolation of measurements can enhance the information that can be extracted from the data for
helping to improve the knowledge on the sources of pollution.

In many previous works, (i.e, [10,13]) databases built in no longer than two years were used.
Alternatively, in this work, we used a five-year monitoring database, which allowed for a significant
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amount of records of water quality parameters similar to the work described in [11,28]. Our database
consisted of 64 monitoring campaigns and 4867 water quality records. This allowed us to build
interpolation grids with a spatial resolution of 400 m and a temporal resolution of one day. We obtained
a simple to adjust k value by using the kNN algorithm where a stable and close to minimum MAE
was achieved. This simplicity allowed us to construct a spatio-temporal grid with the measured water
quality parameters and the data processed by nonuniform interpolation methods.

When analyzing the model residuals for comparison between kNN and Delaunay interpolation,
we found that kNN estimation provides acceptable estimation of the variable dynamics in the presence
of atypical samples, and in slow-dynamics variables, whereas it can present some over-smoothing
effects on fast-changing variables. This suggests that, whereas conventional interpolation algorithms
can provide acceptable estimation capabilities, further interpolation algorithms should be designed for
overcoming their current limitations.

The MAE obtained for phosphates in [11] was 0.466 by using Bayesian methods, while, in this
work, it is 1.08 when using kNN. This difference could be due to different water quality datasets, and,
therefore, it does not stand for a straight comparison. However, we consider this previous work as
comparable to ours in terms of estimation techniques. While [29] presents only the nitrate dynamics
of the Turia River (Valencia Spain), in this paper we show nitrogen and other variables with good
spatio-temporal resolution.

5. Conclusions

The proposed spatio-temporal analysis of water quality measurements using interpolation
algorithms for measurements from campaigns can provide useful and relevant information on their
dynamics, in the sense of trends and structure. This can complement the current knowledge from the
experience and from physical models and help extend it. New methods of interpolation are encouraged
to overcome the limitations of conventional interpolation methods in this scenario. While a secondary
target, visualization of these trends provides a way of visually inspecting the data models, and
residual visualization can provide data quality measurement of the estimation model under use and
its uncertainty.

Water quality values resulting from the application of the smoothing interpolation algorithms,
especially for those places that are difficult to reach and for irregular time periods, can also provide
relevant information for designers of wastewater treatment plants. For example, it can be used for
other sections of the Machángara River and make studies about inter-dependence between water
quality variables, (e.g., nitrates and phosphates).

The database used in this work corresponds to a period between 2002 and 2007, a time period
when few hydrology monitoring stations existed for capturing the rainfall in the city or near the study
zone. Even today, there are no more water quality monitoring stations than those ones constructed in
2002–2007. The major contributors of wastewater in the Machángara River are domestic and industrial
discharge, and furthermore, in our city, there were no separate pipes for rainfall and wastewater
(and still today there are not yet any). For these reasons, in our study, we especially missed having
denser spatial sampling rates (stations), as well as the always desirable increase in time sampling rates
(measurement campaigns).

A limitation of this study is the lack of time records (the hour of the day) in which the water
samples were collected and analyzed. Variables such as water temperature, concentrations of detergents,
phosphates, oils and fats are not constant during the 24 h, since they depend on discharge of domestic
and industrial wastewater and meteorological conditions. Therefore, conducting an extended study
considering smaller time periods between samples for 24 h each day could provide us with useful
information for studies on the uses of water than could be characterized by time and population type.
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Quality Sensing and Spatio-Temporal Monitoring Structure with Autocorrelation Kernel
Methods, 2017.

Article content

The following pages show the content of the second article published in the ”Sensors”
Journal on October 16, 2017.

25



sensors

Article

Water Quality Sensing and Spatio-Temporal
Monitoring Structure with Autocorrelation
Kernel Methods

Iván P. Vizcaíno 1,*, Enrique V. Carrera 1 ID , Sergio Muñoz-Romero 2,3, Luis H. Cumbal 4

and José Luis Rojo-Álvarez 2,3 ID

1 Departamento de Eléctrica y Electrónica, Universidad de las Fuerzas Armadas ESPE,
Av. General Rumiñahui s/n, Sangolquí 171-5-231B, Ecuador; evcarrera@espe.edu.ec

2 Departamento de Teoría de la Señal y Comunicaciones y Sistemas Telemáticos y de Computación,
Universidad Rey Juan Carlos, Camino del Molino s/n, 28943 Fuenlabrada, Spain;
sergio.munoz@urjc.es (S.M.-R.); joseluis.rojo@urjc.es (J.L.R.-Á.)

3 Center for Computational Simulation, Universidad Politécnica de Madrid, 28223 Pozuelo de Alarcón, Spain;
4 Centro de Nanociencia y Nanotecnología, Universidad de las Fuerzas Armadas ESPE,

Av. General Rumiñahui s/n, Sangolquí 171-5-231B, Ecuador; lhcumbal@espe.edu.ec
* Correspondence: ipvizcaino@espe.edu.ec; Tel. +593-23989400 (ext. 1873)

Received: 19 July 2017; Accepted: 12 October 2017; Published: 16 October 2017

Abstract: Pollution on water resources is usually analyzed with monitoring campaigns, which consist
of programmed sampling, measurement, and recording of the most representative water quality
parameters. These campaign measurements yields a non-uniform spatio-temporal sampled data
structure to characterize complex dynamics phenomena. In this work, we propose an enhanced
statistical interpolation method to provide water quality managers with statistically interpolated
representations of spatial-temporal dynamics. Specifically, our proposal makes efficient use of
the a priori available information of the quality parameter measurements through Support Vector
Regression (SVR) based on Mercer’s kernels. The methods are benchmarked against previously
proposed methods in three segments of the Machángara River and one segment of the San Pedro River
in Ecuador, and their different dynamics are shown by statistically interpolated spatial-temporal
maps. The best interpolation performance in terms of mean absolute error was the SVR with
Mercer’s kernel given by either the Mahalanobis spatial-temporal covariance matrix or by the
bivariate estimated autocorrelation function. In particular, the autocorrelation kernel provides with
significant improvement of the estimation quality, consistently for all the six water quality variables,
which points out the relevance of including a priori knowledge of the problem.

Keywords: water quality; pollution measurements; spatio-temporal interpolation; support vector
regression; Mahalanobis kernel; autocorrelation kernel

1. Introduction

Environmental pollution is related to the voluntary or involuntary inclusion of natural or artificial
materials and substances that damage the ecosystem. Pollution of water resources is mainly due to the
increment in population and industrial density [1]. Growing population waste poses a threat to public
health and put in danger the continuous use of water reserves [2]. Typically, urban wastewater is a
complex mixture containing water (usually over 99%) mixed with organic and inorganic compounds,
both in suspension and dissolved with small concentrations [3]. In order to prevent public health
problems and manage water resources, it is highly relevant to know the physical and chemical
characteristics of such water resources.
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Monitoring water quality of hydraulic resources through monitoring campaigns is one of the most
important tasks in order to responsibly manage the use of water. Water quality monitoring focuses
on programmed sampling, measurement, and recording of the most representative water quality
parameters. Measurements are not usually taken uniformly at determined locations and times during
the monitoring campaigns, and usually the pollutant concentrations in river waters do not follow
linear variations [4]. It has been pointed out in previous works [5] that the representation of sensed
data in different locations and different campaigns can provide useful information. In our previous
work [6], we showed that it was possible to extract such information using conventional interpolation
methods. However, those reconstruction methods based just on measures are extremely general and
they do not consider the higher order statistical information of the available data in order to construct
these representations.

In this work, we propose to use machine learning techniques based on advanced kernel methods
to maximize the extracted information from the expensive and costly water quality measurement
campaigns. The proposed methods allow to include statistical information of higher order in
the models, especially the spatio-temporal covariance, through the Mahalanobis distance, and the
spatio-temporal correlation, through the autocorrelation function of different consecutive sensors and
over time. Both metrics are naturally included for their use as Mercer’s kernel for Support Vector
methods, and they have been proposed and successfully used in other areas [7,8].

The rest of this paper is organized as follows. In Section 2, the materials and methods are
explained, including a short mathematical description of the spatio-temporal interpolation algorithms
and details of the database used for this analysis. In Section 3, results are presented for a number
of measured variables, the algorithmic performance is benchmarked, and the analysis in several
environmental variables and their spatio-temporal dynamics are visualized. The result discussion and
the main conclusions are presented in Section 4.

2. Materials and Methods

2.1. Experimental Data

The dataset used in this work was provided by EPMAPS (Metropolitan Water Company of Quito,
capital of Ecuador) and includes 15 water quality parameters of Machángara and San Pedro Rivers that
were measured between 2002 and 2007 through 64 monitoring campaigns [9]. Located at about 2815 m
above sea level, Machángara River is the main collector of wastewater of Quito, as far as it receives
about 75% of the industrial and human waste [9,10]. Machángara River crosses the southern area of
Quito with an approximate length of 22 km, where 25 water quality monitoring stations are located
(see Figure 1). On the other hand, San Pedro River crosses the East of Quito through a population zone
at about 2000 m above sea label, being the principal waste collector of that zone.

In this work, we have chosen three sections of the Machángara River which pass through
three different population areas. The first and second areas are to the south of Quito and they
are characterized by having a high population density and sharing their space with the industrial
sector, whereas the third one is at the center of Quito, and it exclusively represents a commercial and
touristic area. The fourth stretch corresponds to a section of the San Pedro River that crosses the East
of Quito, which is mostly a housing and commercial area.

The monitoring stations used in this work are shown in Figure 1 and the description of the stations
is presented in Table 1.
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Figure 1. Location of monitoring stations at Machángara (Stretches 1, 2, and 3) and San Pedro (Stretch 4)
Rivers. The station names and numeric codes were provided by the Metropolitan Water Company.

Table 1. Monitoring stations used in this work. Stretch 1 is Shanshayacu Ravine, Stretch 2 is Machángara
River, Stretch 3 is El Trébol, and Stretch 4 is San Pedro River. Parameter d corresponds to the distance
from each other station with respect to the first one in every studied stretch.

Studied Stretch Station Number Station Name Code d (km)

Stretch 1

ST1 Q. Shanshayacu 1.02 0.00
ST2 Q. Ortega 1.04 1.30
ST3 R. Mch. Quimiag 1.07 4.27
ST4 R. Mch. Quito Sur 2.05 5.54

Stretch 2

ST5 R. Mch. Caupichu 2.01 0.00
ST6 R. Mch. Oleoducto 2.02 1.89
ST7 R. Mch. La Lucha 2.03 3.15
ST8 R. Mch. Fosforera 2.04 4.27
ST9 R. Mch. Quito Sur 2.05 5.25

Stretch 3

ST10 R. Mch. El Recreo 2.07 0.00
ST11 R. Mch. Villaflora 2.08 1.75
ST12 R. Mch. El Sena 2.09 2.75
ST13 R. Mch. El Trébol 2.10 4.91
ST14 R. Mch. Las Orquídeas 2.11 6.31
ST15 Q. El Batán 1.09 9.49

Stretch 4

ST16 R. SP. Trópico 4.02 0.00
ST17 R. SP Amaguaña 4.03 2.98
ST18 R. SP Capelo 4.04 11.12
ST19 R. SP Triángulo 4.06 12.55
ST20 R. SP Guangopolo 4.07 16.09
ST21 R. SP Guangopolo canal 4.09 17.23
ST22 R. SP Cumbaya Cerv. 4.10 24.34
ST23 R. SP AJ Machángara 4.13 28.42

2.2. Sensors Description and Measurement Process

The procedures for water quality measurement used by the Metropolitan Water Company are
intended for domestic, industrial and farming wastewater. Therefore, these procedures can be diverse
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when considering different sources of water pollution, and different water quality variables to be
evaluated. Technicians of EPMAPS used measurement methods that can generally be applied to the
three types of sources of pollution described above. The procedures used are given in the American
Public Health Association Standard Methods [11], for temperature (2550 method), for dissolved oxygen
(4500-O method), for chemical oxygen demand (5220-A method), and for biochemical oxygen demand
(5210 method). The equipments used for measurements were: for flow rate (Q), a portable sampler
ISCO 6712 which uses ultrasonic sensors; for DO, a portable YSI 58 Dissolved Oxygen Instrument
with 5740 cable and 5739 probe; and for COD, a Hanna HI839800 COD Test Tube Heater. For water
sampling, a YSI WS705 single-bottle composite/discrete water sampler was used. It was released into
the river and recovered it every 24 h [12] and a 3.7 L plastic container for Biochemical Oxygen Demand
and Chemical Oxygen Demand was taken. Water samples were preserved on ice and transported in a
cooled box to the EPMAPS quality control laboratory.

The six water quality parameters selected as more relevant to be analyzed in this work are
described and summarized in Table 2. The measurements of these parameters were obtained in
campaigns separated by different time periods, and in not-equally-separated places along the river.
Therefore, the measurements corresponded to a non-uniform spatio-temporal sampling grid that
requires subsequent and careful digital processing.

Table 2. Studied water quality parameters for Stretches 1, 2, 3, and 4, in the case studies of Machángara
and San Pedro Rivers.

Parameter Acronym Units

Flow rate Q m3/s
Temperature T ◦C

Dissolved Oxygen DO mg/L
Chemical Oxygen Demand COD mg/L

Biochemical Oxygen Demand BOD mg/L
COD/BOD ratio COD/BOD –

2.3. Conventional Algorithms and Spatio-Temporal Interpolation

The EPMAPS database can entail some measurement errors caused by the inherent processes
of capturing river water samples, transportation from field to laboratory, conservation of
samples, response time for used chemical reagents, procedural and human errors, among others.
These measurement errors of water quality parameters can be evidenced as non-intuitive
spatio-temporal variations or as inherent noise of the measurement process. Even altered by noise,
data convey valuable information that can be extracted with mathematical procedures of digital
smoothing over the obtained spatio-temporal series. Two different kinds of interpolation algorithms
had been previously proposed for this type of problems [6], namely, parametric algorithms (Delaunay
linear and nearest), which do not require tuning parameters, and non-parametric algorithms (such as
k Nearest Neighbors or k-NN), which require tuning some few free parameters. Algorithm k-NN had
allowed to obtain the lowest absolute interpolation error (MAE) in comparison with other methods like
Delaunay linear and nearest [6]. Therefore, we use k-NN again in this work as our reference algorithm.

The k-NN algorithm is a powerful statistical learning tool, widely and commonly used in
data classification and regression. In addition, it is easy to implement in software, providing with
robustness in the estimation, specially when used it in conjunction with cross-validation techniques [13].
The estimation process is accomplished by using only those few data closer to the target variable or test
point xe. For this purpose, a weighted function is used for each close neighbor xi and their respective
distances to xe. The most widely used distances in this setting are the Euclidean, the Manhattan,
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the Minkowski, the weighted Euclidean, the Mahalanobis, and the Cosine distances. The Mahalanobis
distance between two points x1 and x2 is defined as

distM(x1, x2) =
√
(x1 − x2)T Σ−1

x (x1 − x2) (1)

where Σx is the estimated covariance matrix of the available dataset. The Mahalanobis distance has
advantageous properties when compared to the Euclidean distance, namely, it is invariant to changes
in scale, it does not require previous normalization, and it does not depend on the measurements units.
By using the matrix Σ−1

x , we consider the covariance between variables and possibly the redundancy
effect. The estimation function of xe is represented by f̂ (xe), and it is estimated according to the
Distance Weighted Nearest Neighbor algorithm [14] as follows:

f̂ (xe) =
∑k

i=1 wi f (xi)

∑k
i=1 wi

(2)

where f (xi) represents the value of f at that sample near to xe, and wi are the weights that are defined
in terms of the Mahalanobis distance as

wi =
1

distM(xe, xi)2 (3)

Therefore, the interpolation algorithm is refined by weighing the contribution of each of the
k neighbors according to their distance to point xe, giving larger weights to the nearest neighbors.
Whenever xe exactly matches one of xi, the denominator becomes zero, and in that case we assign f̂ (xe)

to be just f (xi).

2.4. Support Vector Regression and Autocorrelation Kernel

One of the main contributions of the present work is the usage of kernel methods for interpolating,
building, and visualizing the spatial-temporal dynamics of the measured variables. In this setting,
kernel methods can be advantageous applied by taking into account the statistical structure of the
variables [15,16].

Probably the most known Support Vector Machine (SVM) algorithm is the classification algorithm.
However, increasing advantages have been obtained from the SVM algorithm for the nonlinear
regression paradigm. The main differences between SVM classification and support vector regression
(SVR) are the noise models and the loss functions. Vapnik proposed to use the ε-insensitive loss
function for yielding sparse solutions in the SVR algorithm [8,17]. Let ε > 0, we can define

`(u) = |u|ε =

{
0, |u| < ε

|u| − ε, otherwise
(4)

This loss function assigns zero loss to any error smaller than ε, and it also provides some
robustness against outliers. The regression function estimates the true function by constructing
a tube around it, which defines a margin outside that function, treating the deviation as noise.
Accordingly, the SVR model used here for spatial-temporal water quality maps uses the following
nonlinear regression model:

ŷ = f (x) = 〈w, ϕ(x)〉+ b (5)

where ϕ(x) denotes a nonlinear transformation to a usually higher dimensional feature space, and b
is the bias term. Now we consider a dataset D={x1, y1}, . . . , {xN, yN}, with x ∈ Rd, y ∈ R, where d
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is the dimension of the input data, and N is the number of observed samples or measurements.
Then, the ν-SVR algorithm states that the function to be minimized [18] is

1
2
‖w‖2 + C

(
νε +

1
N

N

∑
i=1

(ξi + ξ∗i )

)
(6)

where the first term is a L2 regularization and the second term is the ε-insensitive loss function.
Note that again ε is the insensitiveness parameter, C is another previously established parameter that
allows us to adjust the trade-off between the error tolerance and the softness of the regression, ξi and
ξ∗i are the slack variables representing the excess of error for each sample (xi, yi), and ν is an operative
parameter used to control the parameter ε in terms of the maximum deviation from the real value
allowed at each measurement. Taking into account the following constraints,

ξi, ξ∗i ≥ 0, ∀i = 1, ..., N (7)

yi − (〈w, ϕ(x)〉+ b) ≤ ξi + ε (8)

(〈w, ϕ(x)〉+ b)− yi ≤ ξ∗i + ε (9)

and using the Lagrangian function, the solution to the nonlinear SVR is

w =
N

∑
i=1

ηi ϕ(xi) (10)

where ηi, i = 1, 2, 3, ..., N are scalars, and samples xi for which ηi 6= 0 are the support vectors. Thus,

ŷ = f (x) = 〈w, ϕ(x)〉+ b =
N

∑
i=1

ηi〈ϕ(xi, ϕ(x))〉+ b (11)

which is the same as:

ŷ = f (x) =
N

∑
i=1

ηiK(xi, x) + b (12)

where K(·, ·) denotes a Mercer’s kernel, and it stands for the dot product in a high-dimensional space,
without needing to explicitly know either the nonlinear transformation or the space.

In this work, we use the ν-SVR to provide the estimation of the support vectors and their number
(nSV) to be maintained in the solution with respect to the total number of samples in the dataset.
Then, the solution can be linearly expressed in terms of the kernel function and the available samples.
Among the most usual Mercer’s kernels, we find the linear and the Gaussian ones. Here, we follow
an approach of increasing statistical knowledge about the data structure to be incorporated to the
algorithm in order to provide with improved performance, as follows.

First, we use a SVR with the conventional Gaussian radial basis function kernel (RBF-SVR). In this
case, the kernel is a bivariate function given by

K(xi, xj) = exp
(
− 1

2σ2 ‖xi − xj‖2
)

(13)

where σ allows to control the neighborhood of samples on which each sample influences and
contributes to create the solution. These models can approximate the underlying function of a wide
variety of data as long as σ is tuned, usually by cross-validation. Note that in this case, we have radial
symmetry and we assume that changes in both dimensions of our data (time and space) follow similar
dynamics. However, temporal and spatial variations will probably be different, both physically and
in terms of their units. Whereas normalization of input variables can alleviate this problem to some
extent, other advanced kernels can be used instead, which do not need normalization.
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Second, we propose to use a non-radially symmetric kernel, by using for this purpose the
covariance matrix of the data, given by Σx. Hence, a SVR with a Mahalanobis distance kernel (Ma-SVR)
is built, and in this case, the kernel equation is given by

K(xi, xj) = exp
(
−1

2
xi

T Σ−1
x xj

)
(14)

where the exponent considers the covariance-weighted distance between samples xi and xj. Note that
different spatial and temporal scales do not distort these distances, and neither does the use of different
measurement units.

Third, we use a SVR with an Autocorrelation kernel (Au-SVR), as follows,

K(xi, xj) = R̂(xi − xj) (15)

This is a recently proposed new type of admissible SVR kernel, which uses the advantages of
estimating the autocorrelation among samples. The autocorrelation function is highly relevant in
signal processing, and it is a basic feature of random processes. One of the characteristics of the
autocorrelation function is its symmetry in terms of the elements of the kernel matrix elements,
K(xi, xj) = R(−(xi − xj)) = R(xi − xj). Recall that the autocorrelation is a solid measurement of the
dependence of successive samples on previous ones [19], and for stationary processes, it depends only
on the relative argument difference, and not on the absolute value of the argument.

We look for the optimum relationship between the amount of data, the approximation quality
of the data by the chosen function of a set of functions, and the parameters that characterize that
function set [20]. We use the SRM (Structural Risk Minimization) induction principle, which controls
the approximation capabilities of a set of hypothesis functions in many different ways. The simplest
interpretation of this approach is that: (1) it has the smallest number of features (free parameters);
(2) it has the smallest algorithmic complexity; and (3) it has the largest margin. The problem is to
find the best SVR structure that allows us to obtain algorithms which can generalize the data and
measurements structure in the presence of noise for our data.

The interpolation methods were evaluated using cross-validation trough LOO (Leave One Out)
to obtain the MAE. Figure 2 shows a summary scheme of smoothing and interpolation processes used
in this work.

KNN with

Mahalanobis

distance; select the

neighbors with LOO

nu-SVM with RBF

kernel; select C, nu,

epsilon, gamma

parameters with LOO

nu-SVM with

Mahalanobis kernel;

select C, nu, epsilon,

gamma parameters

with LOO

nu-SVM with

Autocorrelation

kernel; select C, nu,

epsilon, gamma

parameters with LOO

River Water Quality

database from

2002-2007 with

nonuniform sampling

Select the

algorithm

with smallest MAE

River Water Quality

Smoothed and

interpolated database

between 2002-2007

Figure 2. Flowchart of smoothing/interpolation for river water quality parameters.
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3. Results

The next subsection summarizes results mostly on the performance of each benchmarked
algorithm, which allows us to identify the best algorithms to be subsequently used. After this, a detailed
analysis is made on the dynamics of the selected water quality variables according to the two best
algorithms, in order to trust not only a single algorithm when drawing conclusions on the dynamics,
and to check that we are analyzing actual spatio-temporal dynamics, rather than possibly-occurring
interpolation artifacts due to the algorithm at hand. We used MatlabTM to implement our own software
for most of the methods, which provides us with better control on the free parameter tuning and many
other technical details.

3.1. Spatio-Temporal Interpolation Performance

According to Table 1, Stretch 1 contains the lowest number of observations during the 2002 to
2007 sampling period. This is due to its smaller number of monitoring stations when compared to
the other analyzed areas; in addition, the length between the first and last stations is the smallest one.
However, the number of stations does not necessarily increase with the travel distance of the stretch,
as it can seen between Stretches 3 and 4, because of the different priority of water quality monitoring
given by EPMAPS to different spatial locations. For instance, Stretch 3 contains the largest number
of monitoring stations, although its travel distance is not the longest one, because this river section
collects the last human and industrial waste from Quito before these waters take a different course
from the city and flow to less populated areas.

Figure 3 shows the dynamics of 6 water quality variables of Stretch 3 whose analysis will be
discussed in more detail in Section 3.2. Table 3 shows the MAE interpolation errors obtained when
k-NN, RBF-SVR, Ma-SVR, and Au-SVR algorithms are used on the dataset. The free parameters
of these algorithms were adjusted by using a leave-one-out cross-validation procedure. That table
shows that k-NN presents the largest MAE with an average of 32.1, followed by 28.0 for RBF-SVR
and Ma-SVR. The lowest value is obtained by the Au-SVR algorithm, with an average MAE of 25.6.
Note that RBF-SVR and Ma-SVR often exhibit similar MAE values in most of the variables, though the
computational cost for optimizing the free parameters of the RBF-SVR algorithm is much lower than
in the Ma-SVR algorithm. The lowest value of MAE in Q corresponds to the Stretch 1, this is possibly
due to the fact that at the sites of flow measurement there has been no transient storage of water and
the measurements lack considerable temporal variations of water flow. MAEs in T are similar (about
1.2) for all the analyzed stretches, and a similar behavior can also be observed with the MAE of the DO
(about 0.7).

In contrast, there are large differences in the MAE of BOD, which is minimum (7.63) for Stretch 4
and it reaches its maximum (105.36) for Stretch 1. Similar behavior can also be observed in the MAE of
COD, since it is minimum (24.3) for Stretch 4 and maximum (238.65) for Stretch 1. Since BOD and COD
are related through the biodegradability index (COD/BOD), its MAE is approximately constant (0.55)
for the the Machángara River stretches, but that is not true for the San Pedro River stretch, whose value
is practically doubled. It is reasonable to find this difference since they are two different rivers.

Whereas the performance of the spatio-temporal interpolation methods can be benchmarked in
terms of MAE, this represents a global performance measurements. However, it is highly desirable to
have more detailed performance measurements for each interpolated segment, in order to complement
the global ones. We further scrutinized the interpolated models in terms of Bland-Altman residual
plots [21]. In this representation, the residuals of a given model are represented as a function of the
measured magnitude, which provides us with a statistical representation of the residual distribution
and allows to identify variance distribution and presence of model bias. For these plots being
representative of the actual model quality, residuals were obtained on an out-of-sample approach,
this is, the model is built for every sample except one, and then, the prediction of the excluded sample
is obtained, and its residual is calculated. Repeating this process for all the samples gives a solid
estimation of the model residuals.
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(u) (v) (w) (x)

Figure 3. Dynamics of water quality variables for Stretch 3. From left to right (columns), results with
k-NN, RBF-SVR, Ma-SVR, and Au-SVR algorithms, for the selected variables: (a–d) Q in m3/s;
(e–h) T in ◦C; (i–l) DO in mg/L; (m–p) BOD in mg/L; (q–t) COD in mg/L; and (u–x) COD/BOD
ratio (dimensionless).

On the other hand, given that the interpolation algorithms work on a spatio-temporal domain,
the distribution of the residuals in this domain is also relevant when benchmarking different methods,
as proposed in previous works [6]. Taking into account that the leave-one-out residual is obtained
for each method in each sample, spatio-temporal residual plots show the difference in terms of
Absolute Error (AE) between method A and method B, for two example variables. Blue markers
represent the difference of AE (∆AE = AEA − AEB) when method A obtains worst performances than
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method B (i.e., for the case AEA − AEB > 0), and red markers are shown otherwise (i.e., for the case
∆AE = AEA − AEB < 0).

Table 3. Number of measurements (N. Meas.) and interpolation MAE for each variable by using k-NN,
RBF-SVR, Ma-SVR, and Au-SVR methods for River Stretches 1, 2, 3, and 4. Bold numbers indicate the
best performance among the methods.

Stretch Variable N. Meas. k-NN RBF-SV R Ma-SV R Au-SV R

Stretch 1

Q 177 0.11 0.11 0.10 0.09
T 177 1.52 1.29 1.31 1.27

DO 177 1.02 0.98 0.98 0.81
BOD 177 124.54 105.99 108.65 105.3
COD 177 283.75 244.81 246.28 238.6

COD/BOD 177 0.68 0.64 0.65 0.54

Stretch 2

Q 212 0.15 0.15 0.14 0.13
T 212 1.58 1.54 1.59 1.20

DO 212 1.18 1.17 1.15 0.75
BOD 212 38.41 37.96 37.52 30.38
COD 212 92.69 88.86 86.77 77.44

COD/BOD 212 0.90 0.80 0.82 0.73

Stretch 3

Q 306 0.58 0.48 0.49 0.48
T 393 1.88 1.50 1.51 1.38

DO 329 1.03 1.01 0.99 0.74
BOD 396 49.14 40.96 40.15 36.19
COD 396 114.96 94.82 94.24 83.56

COD/BOD 396 0.79 0.65 0.65 0.55

Stretch 4

Q 303 1.07 1.05 0.96 0.90
T 303 1.90 1.76 1.76 1.30

DO 303 0.93 0.85 0.85 0.71
BOD 303 12.02 10.89 10.89 7.63
COD 303 38.34 32.48 32.23 24.30

COD/BOD 303 2.01 1.74 1.74 1.12

Average 32.13 28.02 28.02 25.67

Figures 4 and 5 depict all these diagnostic plots for DO and T measurements, respectively,
together with the scatter plots of the measured and estimated variables with the different methods.
Bland-Altman plots show a strong model bias with k-NN and RBF-SVR, and this is seen in the
scatterplots as stiffness in the model to follow the variations in the measurements. However, this trend
is smoothed both for Ma-SVR and for Au-SVR, being the last one the best in terms of lower model
bias and improved scatter. Spatio-temporal plots of ∆AE also reveal the predominance of increased
performance of Au-SVM compared with the other methods, which can be seen on the predominant
presence of blue markers for the absolute residuals in all cases. This explanation is valid both for DO
and T data models.
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Figure 4. Residual analysis for DO in Stretch 2: (a–d) Bland-Altman plots; (e–h) Scatter plots;
(i–k) |∆AE| of Au− SVM compared with the other methods.
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Figure 5. Residual analysis for T in Stretch 2: (a–d) Bland-Altman plots; (e–h) Scatter plots;
(i–k) |∆AE| of Au− SVM compared with the other methods.

36 CHAPTER 3. SPATIO-TEMPORAL MONITORING WITH KERNELS



Sensors 2017, 17, 2357 12 of 18

3.2. Dynamics Analysis of Water Quality Measurements

In this section, we first scrutinize in detail the dynamics of Stretch 3 according to all the algorithms
(Figure 3), and then we study all the stretches with the two best algorithms according to the previous
section, namely Au-SVR (Figure 6) and Ma-SVR (Figure 7).

Figure 3 shows the spatio-temporal dynamics of the six water quality variables of Stretch 3 for
all the algorithms. We have chosen the representation of this stretch because it belongs to the final
section of the most important river (i.e., Machángara) in Quito. Then, after monitoring station ST15,
the river leaves the city and moves to less populated areas. In Figure 3a–d, Q dynamics is represented
as estimated by each interpolation algorithm, showing in all of them a trend to increase the flow rate,
with a maximum value of about 5 m3/s at about 7 km (ST14) and at day 600 (July 2002). This trend
is maintained for the entire sampling period (2002–2007) and it can be more clearly seen in the last
3 algorithms. Figure 3e–h shows the dynamics of T at Stretch 3, revealing that changes in T are not
smooth with the k-NN algorithm compared to Ma-SVR and Au-SVR algorithms, indicating that this
algorithm intends to follow the atypical measurements without fully catching the dynamics. On the
other hand, RBF-SVR softens too much the estimated dynamics, while Ma-SVR and Au-SVR show
similar and better smoothness of spatio-temporal trends. As observed, T trends to rise at the last
monitoring stations, possibly because they collect more human and industrial wastewater than the
other ones. Also, every about 500 days (15 months) T rises up to its maximum value (between 19 ◦C
and 21 ◦C), which could indicate periodicity or near-seasonal change affecting to the Quito temperature.
Figure 3i–l shows the dynamics of DO. A similar trend was observed for all the algorithms in the
DO concentration between days 1500 and 2025 (August 2004 to January 2007), where DO reaches
near 6.5 mg/L and there is an increase of DO up to this maximum value from 3 km and downstream.
This can be interpreted taking into account that the last 6.49 km of this section (total distance of 9.49 km)
include topographical changes in the river course, which cause strong tapping of water over the rocks,
and this effect could help to increase the DO concentration.

Figure 3m–p shows the interpolation results for BOD, revealing very well-defined spatial and
temporal trends for the three SVR algorithms, whereas k-NN turns to be extremely sensitive to atypical
observations. During the time span of 800 to 1300 days (December 2003 to February 2005), the BOD
concentration decreased to about 70 mg/L, and there was an increment of BOD in the last two
monitoring stations (at 7 and 9 km). Figure 3q–t shows the COD estimated dynamics, with similar
accuracy shown by the algorithms to the BOD case. Also, COD concentration at 9 km (ST15) is kept
at approximately 540 mg/L for the entire sampling period. Figure 3u–x shows the dynamics of the
biodegradability index (COD/BOD). It is clearly observed that, from 900 to 1300 days (March 2004
and February 2005), this parameter increased to 4.3 and it remains almost constant on the monitoring
stations from ST10 to ST15. Recall that this index can describe the organic matter biodegradability
according to the following ranges [22,23]:

• If COD/BOD ≤ 2.5, then the organic matter is very degradable.
• If COD/BOD ∈ (2.5, 5), then the organic matter is moderately degradable.
• If COD/BOD ≥ 5, then the organic matter is little degradable.

Therefore, this river section can be classified as moderately degradable, while for the other time
spans beyond this range, the COD/BOD index is averaged to 2.1, meaning that organic matter is then
highly degradable.
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Figure 6. Dynamics of water quality variables for Stretches 1, 2, 3, and 4 (from left to right), when they
are smoothed with the Au-SVR algorithm in terms of the estimated autocorrelation of the available
data: (a–d) Q in m3/s; (e–h) T in ◦C; (i–l) DO in mg/L; (m–p) BOD in mg/L; (q–t) COD in mg/L;
and (u–x) COD/BOD ratio (dimensionless).
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Figure 7. Dynamics of water quality variables for Stretches 1, 2, 3, and 4 (from left to right), when they
are smoothed with the Ma-SVR algorithm in terms of the Mahalanobis distance from data covariance:
(a–d) Q in m3/s; (e–h) T in ◦C; (i–l) DO in mg/L; (m–p) BOD in mg/L; (q–t) COD in mg/L;
and (u–x) COD/BOD ratio (dimensionless).

Now, we study the dynamics of all the variables in all the stretches, by looking at the two best
algorithms so far, namely Au-SVR and Ma-SVR. In Figure 6, panels (a,b) exhibit an increase in Q at the
last monitoring stations of each section during the 5-year observation, pointing at the gradual increase
of human and industrial waste. In contrast, panel (c) shows an increasing Q to about 5 m3/s between
4 and 7 km (ST13 and ST14). Panel (d) shows a different behavior, as Q is maximum (up to 8 m3/s)
for the first 8 km, and then it decreases near to 1.5 m3/s, which may be associated to the use of some
water to irrigate crops in this spatial section of San Pedro River. Figure 6e–h shows the T dynamics
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in the four studied sections. In general, a trend to increased T is observed at the last station of each
river section for the 5 years of monitoring. In panels (a,b,c), some periodicity of increasing T can be
detected for all stations and for each year. Figure 6i–l shows the variations in DO. Panels (a,b,c) exhibit
an increase in DO during the last two years (2006–2007), while panel (d) presents a different behavior
with greater DO at the beginning of each river section and year, due to the abrupt topography.

Figure 6u–x shows the variations of the biodegradability index (COD/BOD) in the four river
sections. The first panel shows an index increment up to 6 for the time period between 800 and
1000 days (December 2003 to June 2004), and from 0.5 to 2.5 km. The second panel shows an index
increment up to 3.4 between 820 and 1400 days (January 2004 to May 2006) for all the monitoring
stations. The time period in which this increment occurred was after the increase of the previous period
and section. The third panel shows the index dynamics of Stretch 3, where an increment is observed
between 820 and 1400 days (January 2004 to May 2006) for all monitoring stations. This time period in
which the COD/BOD rises is similar to the time period of Stretch 2, which could be expected since
Section 3 is its continuation in the same river. The fourth panel shows a different behavior regarding
to the temporal trends in the different sections. From 200 to 600 days (June 2002 to May 2003),
the biodegradability index rise to an alarming level, up to 9, showing a non-degradable water-type.
These increments reappear up to an 8 value, from days 1000 to 1100 (June 2004 to September 2004),
however, the index decreases to 1 (i.e., very degradable) after 1580 days (November 2005). Then,
it remains near constant until the end of the sampling period in 2007.

We can contrast the previous results with the ones obtained with the Ma-SVR algorithm.
For instance, in Figure 7a–d, the Q dynamics of the four stretches shows the same spatio-temporal
trends as those in Figure 6. The behavior of T in Figure 7e–h seems more smoothed when compared to
Figure 6, and some peaks turn to be smoother, as seen in Stretch 1 results. The variations of DO, BOD,
COD, and COD/BOD, exhibit a similar smoothing behavior when using this kernel.

4. Discussion and Conclusions

A set of spatio-temporal interpolation methods have been benchmarked in order to determine their
performance to estimate the measurement dynamics in water quality control campaigns. Emphasis
has been made in including a priori information into the interpolation schemes.

Algorithmic considerations. From an algorithmic performance point of view, we can conclude
that the changes in MAE are consistent for each stretch and for each variable when the same algorithm
is used. The quality provided by k-NN and SVR-RBF is similar, just slightly better for the second one
in some few variables. However, there is a consistent improvement when using Ma-SVR and Au-SVR
algorithms when compared to the two previous ones, and there is also a consistent improvement
when using Au-SVR even in comparison with Ma-SVR. These results imply that the use of kernel
methods improves the existing interpolation techniques in these environments, and more, that the
use of increasingly advanced statistical description of the spatio-temporal properties dramatically
improves the dynamics estimation for all the variables. The use as Mercer’s kernels of the estimated
autocorrelation of the data turns to be much more effective than the use of the Mahalanobis distance
from the estimated covariance.

Estimation and visualization of spatio-temporal dynamics. The dynamics of water quality
variables can be often hard to predict due to its very changing nature [24,25]. The spatio-temporal
interpolation of measurements in different stations and in different campaigns has been previously
shown not to be limited to a mere visualization, but instead it represents the estimation of the
variable dynamics, which allows the researcher to get deep further knowledge into the relevant
information conveyed in the already available data, such as temporal space trends or physical and
chemical characteristics of pollutants that are closely related to environmental conditions and the
geographical areas though which the stretches of the river circulate. In this work, 5-year databases
were used, going further than previous works in the literature [26,27] which are constrained to data
from 2 years. This represents an advantage in terms of the amount of data used for the study of
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spatio-temporal dynamics of the water quality variables. Therefore, graphical representations showed
more reliable and consistent spatial and temporal trends in the dynamics. The quality of our database
is affected by technological limitations, as previously pointed in the literature for this kind of data [25],
thus, water quality databases contains both the dynamics and its own different types of noise of the
measurement process.

Kernel methods advantages. The use of machine learning algorithms has been previously shown
to be a key point in retrieving the dynamics from the measurements in campaigns [6], where classic
interpolation algorithms were shown to extract the spatio-temporal dynamics from the available
observations. The best classic interpolation algorithm was used in this work, namely k-NN, but it
was shown to exhibit some estimation limitations. Whereas k-NN has been proven to be an excellent
multidimensional interpolation algorithm in a number of applications [28–30], it is limited if we want
to include a priori information available from our problem. This has motivated the proposal of kernel
methods, and particularly, the proposal of SVR. The extremely good generalization capabilities of SVR
brings improvement when using a general Mercer’s kernel like the RBF one [31,32]. But this work has
gone further, and two ways of including the higher order statistical description of the observations
have been scrutinized, namely, the estimated covariance matrix and the estimated autocorrelation
matrix. The average MAE obtained in previous work [6] with respect to these six variables for Stretch 3
when using the k-NN algorithm was 28.1, whereas the use of SVR with estimated autocorrelation kernel
yielded 20.5. The inclusion of this statistical data structure has proven to be significantly advantageous,
any of them definitely improves the estimation quality, and the autocorrelation kernel yields always
the best model in our data.

Limitations of the study. Our approach to the analysis of spatio-temporal dynamics in water
quality measurements was necessarily constrained to the availability of measurements in conventional
campaigns. Other richer data sources, as satellite monitoring images, could improve the data quality,
but this is not possible for a good number of the measured variables. Sampling density clearly resulted
in limited expression of spatio-temporal models, hence, increased sampling density would be desirable,
both in time and space, and some technological possibilities for this purpose could include the use of
wireless sensor networks. These data sources have not been covered in the present approach, though
our findings could be readily applied when they become technologically more available.

The analysis of the water quality of three sections of the Machángara River and a section of
the San Pedro River by means of non-parametric interpolation methods in a non-uniform sampling
scenario has allowed us to obtain relevant information about the spatio-temporal dynamics of these
stretches. The best interpolation method evaluated in terms of the MAE was the SVR with the
estimated autocorrelation kernel, which points out the relevance of including a priori knowledge of the
problem. The interpolation results partially solve the practical problem of the absence of water quality
measurements in difficult-to-access places and for municipalities with a tight budget for carrying out
more sampling campaigns. In addition, these results can provide with complementary information
to public enterprises managing water for cities and fields, and better exploitation of the currently
available measurements from campaigns.
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Abstract: The pollution of the rivers running through the cities or near to them is a current world-wide
problem and requires actions and new technologically available approaches to control and restore
those waters. In this work, we hypothesized that last-generation mobile sensor networks can be
combined with emergent electrochemical probes and with recently proposed spatio-temporal analysis
of the measurement dynamics using machine learning tools. With this purpose, we designed a mobile
system to measure five variables: two environmental and three water quality variables in rivers:
dissolved oxygen with an electrochemical probe, water temperature, electrical conductivity, air
temperature and percentage of relative humidity using solid-state sensors, in each monitoring station.
Our main contribution is a first mobile-sensor system that allows mobile campaigns for acquiring
measurements with increased temporal and spatial resolution, which in turn allows for better
capturing the spatio-temporal behavior of water quality parameters than conventional campaign
measurements. Up to 23 monitoring campaigns were carried out, and the resulting measurements
allowed the generation of spatio-temporal maps of first and second order statistics for the dynamics
of the variables measured in the San Pedro River (Ecuador), by using previously proposed suitable
machine learning algorithms. Significantly lower mean absolute interpolation errors were obtained
for the set of mean values of the measurements interpolated with Support Vector Regression and
Mahalanobis kernel distance, specifically 0.8 for water temperature, 0.4 for dissolved oxygen, 3.0 for
air temperature, 11.6 for the percentage relative humidity, and 33.4 for the electrical conductivity
of the water. The proposed system paves the way towards a new generation of contamination
measurement systems, taking profit of information and communication technologies in several fields.

Keywords: electrochemical probes; mobile sensor networks; support vector machines; dissolved oxygen

1. Introduction

The continuous increase in population, urbanization, industrialization, and energy demand
have generated global climatic changes that have affected the quality of water from natural sources,
especially the rivers. Large emissions of CO2 (carbon dioxide) to the atmosphere (currently the
concentration is about 500 ppm) affect rainwater because it can form carbonic acid inside the raindrop
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and decrease the pH to 5.8–6.2. Once rain falls into the river’s water, its pH can reach values below
neutral, thus impacting the aquatic life [1,2]. In recent decades, there has also been a decrease in
the water level of streams, rivers, and lakes, while watersheds and surface water deposits have been
contaminated. According to data from the World Health Organization, up to 844 million people lacked
a basic service of drinking water supply in 2015, a figure that includes 159 million people who depend
on the untreated surface waters of lakes, ponds, rivers, or streams. The consumption of contaminated
water is related to the transmission of diseases such as cholera, diarrheas, dysentery, hepatitis A,
typhoid fever, and poliomyelitis [3]. Therefore, health prevention and environmental care require
an efficient intervention of the authorities to manage water resources in a responsible manner. In this
setting, water quality monitoring becomes a permanent activity within water management actions,
especially in modern times where there are new technologies available that could help to improve the
water vigilance.

Water quality monitoring methods range from traditional techniques such as taking samples
from natural sources and their subsequent laboratory analysis, to modern methods through in situ
monitoring networks for small, medium, and large areas [4,5]. For example, wireless technologies
and solid-state sensors were used in China to monitor the water quality of fish hatcheries, in order to
optimally maintain several environmental parameters and to reduce the long-term mortality rate [6].
Drinking water and wastewater monitoring systems have also been designed in industrial plants in
Europe, North America, and Japan [7,8]. Other monitoring systems were also designed to detect the
bacterial concentration in drinking water by means of portable electronic sensors with disposable
measurement cells [9].

Current water quality monitoring systems use the traditional method of sample collection and
subsequent analysis in the laboratory, and an improved method that uses wireless communication
techniques and solid-state sensors. However, there are still limitations regarding the versatility of
the referred sensors, for instance: cost, restrictions of the maximum number of samples per sensor,
and energy consumption. On the other hand, the cost per monitoring campaign is considerable, due to
the difficulty of accessing to the stations. Therefore, the lack of samples in those inaccessible points can
limit the knowledge of the spatio-temporal behavior of the pollution in rivers.

On-site water quality monitoring is also performed with electrochemical probes. Among the
advantages of these devices, we can mention the following: (1) versatility, since they can interact with
solid, liquid, or gaseous contaminants, and even for the electrolysis products; (2) energy efficiency,
owing to the electrochemical processes require low temperatures and pressures compared with their
non-electrochemical counterparts; (3) safety, due to the harmless nature of the involved chemicals;
(4) selectivity, because the operator can control the applied potential to selectively attack specific links,
thus avoiding the production of byproducts; and (5) docile to automation, since the electrical variables
used are relatively cheap if the monitoring programs are properly designed [10].

For a continuous measurement of water quality, there are several systems [11] with components
such as remote stations, sensors with one or more suitable parameters, measurement recorders and
GSM/GPRS (Global System for Mobile communications, GPS; General Packet Radio Service, GPRS)
communication systems, land and satellite radio links, and via Internet. These systems have been
developed for hydrological and water quality applications, in general. Quality parameters such as
conductivity, temperature, pH, dissolved oxygen, chlorine, turbidity, among others are monitored [12].
The sensor devices of these variables have been evolved from the traditional ones based on the
laboratory setups, such as, potentiometric, conductometric, mass spectrometry, ion-sensitive electrodes
and amperometric sensors. Second generation are in situ sensors with the ability to measure in
real time water quality parameters at the site of interest, such as biosensors, fiber optic sensors,
lab-on-chip-sensors, electromagnetic wave sensors, fluorescent detection, and infra-red (IR) sensors [13].
Currently, there are multi-parameter sensor systems that not only record the measurements, but also
have the capacity to process and transmit the data locally or remotely.
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The preceding framework and the contributions to the present work can be summarized as
follows: in [14], our group started to scrutinize usefulness of state-of-the-art non-uniform interpolation
methods to estimate the spatio-temporal dynamics of relevant variables for water quality analysis
usually taken in rivers. We restricted ourselves to benchmark well-known conventional interpolation
algorithms with a machine learning algorithm known as k-Nearest Neighbors (k-NN), and it was shown
therein that the use of basic machine learning based algorithm provided us with the best estimation
of spatio-temporal dynamics. These conclusions were obtained by working with measurement
campaigns at Machángara River. After this [15], we proposed the use of several enhanced statistical
interpolation methods, specifically, we included a priori available information of the quality parameter
measurements through the use of Support Vector Regression (SVR) algorithms. Two specific kernels
showed relevant advantage when they were used for SVR in this application, namely, the Mahalanobis
spatial-temporal covariance matrix and the bivariate estimated autocorrelation function. Given that it
was possible to analyze with appropriate algorithms the spatio-temporal dynamics of the water quality
measurements from limited resolution measurements, our main contribution here is to create a physical
system allowing for increasing the temporal and spatial resolution of these measurements, which can
represent a strong support to the conventional campaigns and yield a more detailed description of the
signals, in terms of temporal sampling distribution and spatial sampling distribution.

Although a variety of methods of estimating real-life cases concerning sustainability have been
used [16–18], one would have to study their suitability for non-uniform interpolation problems
because such methods could suffer from overfitting, underfitting or a high computational cost when
adjusting their free parameters, as it could be the case of artificial neural networks. To avoid these
shortcomings, in this work, we have used techniques that adjust very well problems of non-uniform
interpolation, as has already been shown in previous works [19]. We refer to the reader to [20] for
good summaries on interpolation and, more specifically, nonuniform interpolation. These methods are
k nearest neighbor (k-NN), Mahalanobis Support Vector Regression (Ma-SVR), and Autocorrelation
Support Vector Regression (Au-SVR). The assessment of these methods were made in terms of the
Mean Absolute Error (MAE) by using the Leave One Out (LOO) cross-validation technique. Among the
different methods to select the mathematical model, LOO is one of the best options for interpolation
algorithms with moderate number of samples, both to obtain a good adjustment of free parameters
that allows a solution that generalizes well all the data avoiding the over-fit, and to more accurately
estimate the performance of the models [21,22].

In this paper, we propose a new approach of spatio-temporal analysis of environmental
variables through electronic components and new and electrochemical devices with their technologies,
together with more recent mobile sensors (transceivers) using automatic learning tools. This represents
a compilation of the most convenient elements from current and different fields in Information and
Communication Technologies (ICT), working together and adequately combined. For this purpose,
we created an electronic mobile system that is designed to measure water quality and air parameters.
In particular, we use solid state sensors to measure the ambient and water temperatures, a probe
based on salinity to determine the electrical conductivity, a resistive-type probe to amount the
percentage of relative air humidity, and mainly an electrochemical probe of galvanic type that uses
a membrane and electrodes submerged into electrolyte to quantify the content of dissolved oxygen.
The novelty of this work is the use of a mobile electronic prototype and low-cost probes to quantify
some water characteristics without using chemical reagents that could impact on the environment.
On-site measurements were performed online and did not require any transportation of water samples
and other related processes of an analytical laboratory. With the measurements obtained at nine
different places and at different times (November–December, 2017) in the path of the San Pedro River
(Ecuador), the spatio-temporal dynamics of the first and second order statistics of the above referenced
environmental variables were determined. For the statistical treatment, we adapted previously
developed algorithms of machine learning interpolation [14,15]. Measurement maps were built
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even in difficult-access places and also at different times that were not routinely recorded in the
monitoring campaigns.

2. Materials and Methods

The San Pedro River is one of the four main rivers that receive wastewater discharges from
Quito. This river passes through the peripheral area of the city and collects approximately 5% of
wastewater. San Pedro River is in the southeast of Quito city (capital of Ecuador) and flows through
a hydrographic basin called Guayllabamba, which is located at 2500 m above sea level, as seen in
Figure 1. Its temperature ranges from 10 ◦C to 29 ◦C, and it goes through towns such as Tambillo,
Amaguaña, and Sangolquí (Los Chillos Valley). These towns are surrounded by extinct volcanoes
that behave as natural barriers to the cold air currents, resulting in a pleasant climate with an average
temperature of 15 ◦C. This environmental condition has transformed this area into an ideal region for
residential suburbs and industrial settlements (textile and food).

Figure 1. Location of monitoring stations at San Pedro River. Based on data from IGM (Instituto
Geográfico Militar), 2015.

Previous studies have already been conducted on the pollution of Machángara River [14,15],
which receives approximately 75% of Quito residual loads, but no research has been performed
about the San Pedro River pollution. According to the population and housing census of 2001 [23],
the population growth in Los Chillos Valley (micro basin of Guayllabamba) was 16.85% between 2010
to 2015, and it will be 15.13% between 2015 to 2020. This growth will strongly affect the water quality
of San Pedro River because it receives the liquid-waste discharges from domestic and industry sources
in this area. In addition, no previous study has been conducted on the degree of contamination of this
river. These circumstances have motivated us to carry out a detailed study of the water contamination
of the San Pedro river and to scrutinize the available data gathered in campaigns up to year 2017.

Since in the San Pedro River has not been performed recent water quality investigations, in the
areas described in Figure 1, we conducted a water quality study through 23 monitoring campaigns
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between 15 November and 4 December 2017. For the study, they were allocated nine monitoring
stations along 18 km of the river (see Table 1), these stations were localized in three differentiated zones
(agricultural, industrial and residential). The average monitoring time was 12 min and the variables
analyzed were: water temperature, dissolved oxygen, water electrical conductivity, air temperature
and percentage of relative humidity. The measuring device was previously calibrated in a laboratory
of environmental remediation using a Mettler Toledo SG9 (SevenGo pro optical dissolved oxygen)
multiparameter as the reference equipment under the environmental conditions of the laboratory.
Calibration adjustments were also carried out at each monitoring site, especially for the dissolved
oxygen probe by the double-point method using: (a) a dissolved oxygen standard solution of 0 mg/L
for the first point; and (b) ambient temperature compensation values, atmospheric pressure values,
and oxygen dissolved in the air for the second point. The measurements were collected through
a micro-controlled system and stored in a laptop. Then, the digital treatment of the information was carried
out using automatic learning algorithms to determine the spatio-temporal trends of the five variables.

Table 1. Monitoring stations used in San Pedro River. Parameter d corresponds to the distance from
each station to the first one.

Station Number Station Name d (km)

ST1 Populated area (Tambillo town) 0.00
ST2 Food factory 3.39
ST3 Textile factory 5.70
ST4 Sport fishing area 7.94
ST5 Agricultural area 11.32
ST6 South industrial zone 12.26
ST7 Center industrial zone 13.15
ST8 North industrial zone 14.80
ST9 Populated area of residential complexes 17.69

2.1. Electrochemical Probes and Mobile Sensors

A system to monitor environmental and water quality parameters becomes more efficient if it
does not require chemical reagents for the measurements [9]. Therefore, the advantages of a monitoring
system with electrochemical probes are notorious compared to other more traditional methods
(sample collection and transportation to a laboratory, pretreatment processes and use of reagents)
to obtain the final measurements [14]. In general, to monitor the environmental contamination
requires portable sensors with rapid response, robust with sufficient sensitivity, and long service
life. Among some aspects that should be taken into consideration when choosing electrochemical
sensors are: selectivity, concentration range, calibration precision, measurement response time,
and technological availability disposable, reusable, or renewable sensors [24].

The electrochemical devices that are used for environmental monitoring are: amperometric
or voltammetric, potentiometric, and conductometric. The first group is based on the application
of a potential through two electrodes in order to oxidate or reduce electroactive species. In this
case, the resultant current is measured. This measurement method is used for the dissolved oxygen
probes. For the potentiometric sensors, an electrode or membrane potential is measured when a local
equilibrium is reached at the sensor interface. In this second case, the potential difference informs us
about the composition of a sample. Typical examples of such as devices are in situ pH or pCO2 meters.
Finally, conductometric sensors are related to the measurement of conductivity at different established
frequencies [25].

In the study area, we located three unique zones through which the San Pedro River flows:
agricultural, industrial and residential (see Table 1). The factories were the first to reach the river
banks a few decades ago and began to discharge their waste directly into the river. After the arrival
of the factories to the San Pedro river basin, the population also began to grow, contributing with
its waste to a greater contamination of the river. Both sources of wasterwater have common water
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quality characteristics such as dissolved oxygen (DO), electrical conductivity, and water temperature,
dissolved oxygen being the the key parameter. If the DO concentration were in between 5 and
8 mg/L, water could be considered acceptable for most fish and other aquatic organisms while if the
concentration were less than 5 mg/L, there would be a great risk of disappearance of organisms and
sensitive species [26].

In this work, an electrochemical probe to measure the dissolved oxygen, an electrical conductivity
probe for the estimation of total water salts, and an air temperature and percent of relative humidity
sensor based on integrated circuits were used (see Figure 2). The dissolved oxygen probe includes
a polyethylene membrane, a cathode, and an anode immersed in an electrolyte. The oxygen molecules
that diffuse through the membrane at a constant rate [27] are reduced at the cathode and a voltage
is produced. If there are no oxygen molecules, the probe will measure 0 mV. As the dissolved
oxygen increases, the output measurement of the probe will also increase. The measurement of water
temperature in the river was performed by using the integrated circuit device of the LM35 series.
The LM35 device does not require any calibration or trimming to provide an accuracy around
±0.25 ◦C at room temperature and ±0.75 ◦C on the temperature range from −55 ◦C to 150 ◦C.
Humidity measurements were obtained with a DHT11 integrated circuit device, which includes
a resistive type humidity sensor, and a negative temperature coefficient for temperature measurement.
This sensor was connected to a high performance 8-bit micro-controller, hence offering good quality
measurements with a quick response, interference reduction, and low cost. Each DHT11 measuring
device was carefully calibrated in the manufacturer laboratories to obtain accurate measurements of
humidity. The calibration coefficients were stored in the OTP (One-Time-Programmable) memory,
which was used by the sensor for each measurement [28]. The technical specifications of the probe and
sensors can be seen in Table 2.

(a) (b) (c)

Figure 2. Probes and sensors used in the measurement system: (a) galvanic probe, membrane and
measurement kit for dissolved oxygen; (b) water river temperature sensor; (c) conductivity probe.

Table 2. Technical specifications of the sensors used in water and air quality measurements.

Sensor Specifications

Dissolved oxygen

Atlas Scientific Dissolved Oxygen Sensor, Range 0.01 to
35.99 mg/L, Accuracy +/− 0.05 mg/L, Data protocol UART
(Universal Asynchronous Receiver-Transmitter)
and I2C (Inter-IC bus), Calibration 1 or 2 points

Water temperature

Precision centigrade temperature sensor, LM35
(Linear Monolithic), rated for full −55 ◦C to water temperature
150 ◦C, Linear + 10-mV/ ◦C Scale Factor, 0.5 ◦C ensured,
accuracy (at 25 ◦C)

Electrical conductivity Electrical Conductivity Tester 11+ Spectrum, Range 0 to 2000 µS

Air temperature and humidity
DHT11 (Digital Temperature & Humidity sensor) basic
temperature - humidity sensor, Range 0 to 50 ◦C
temperature humidity readings +/− 2 ◦C accuracy

51



Sustainability 2018, 10, 1449 7 of 27

The monitoring campaigns were carried out following the order of geographical positions of
the stations, starting from ST1 to ST9 (see Table 3). The sampling dates were chosen according
to the climatic conditions that allowed access to the monitoring stations, and to the administrative
permissions to access the sites by the landowners of factories or housing complexes. At each monitoring
site, the following activities were performed: (1) calibration of the dissolved oxygen probes and the
conductivity meter for the actual environmental conditions, considering particularly the ambient
temperature, as this affects the second calibration point of the dissolved oxygen probe; (2) setting up
the prototype, probes and sensors in a safe place, in such a way that the probes can be extended up
to a distance of 1 m between the river border and the water; (3) starting the measurement program
at least 10 s after having inserted the probes into the water, so that the transient measurements at
the starting time periods can be released; (4) stopping the information recording program at least
10 s before removing the probes from the water; and (5) verification of the data collection, cleaning
up probes and sensors with distilled water, and cleaning up with towel paper the solid part of the
measurement system.

Table 3. Dates of monitoring sessions conducted by each station and monitored variables. Tw is the
river water temperature, DO is the dissolved oxygen, Ta is the air temperature at the station, H is the
percentage relative humidity existing in the river bank, and C is the electrical conductivity of the river
water. The total monitoring time was about 459 h through 20 days.

Station Dates and Measured Variables

15 Nov. 17 Nov. 18 Nov. 19 Nov. 22 Nov. 23 Nov. 26 Nov. 27 Nov. 1 Dec. 4 Dec.

ST1 Tw , DO, Ta , Tw , DO, Ta , Tw , DO, Ta ,

H H, C H, C

ST2 Tw , DO, Ta , Tw , DO, Ta , Tw , DO, Ta , Tw , DO, Ta ,

H H H, C H, C

ST3 Tw , DO, Ta , Tw , DO, Ta , Tw , DO, Ta , Tw , DO, Ta ,

H H H, C H, C

ST4 Tw , DO, Ta , Tw , DO, Ta ,

H H, C

ST5 Tw , DO, Ta , Tw , DO, Ta ,

H H, C

ST6 Tw , DO, Ta , Tw , DO, Ta ,

H H, C

ST7 Tw , DO, Ta , Tw , DO, Ta ,

H H, C

ST8 Tw , DO, Ta , Tw , DO, Ta ,

H H, C

ST9 Tw , DO, Ta , Tw , DO, Ta ,

H H, C

Mobile Sensor

Generally, in a water quality monitoring program, the monitoring objectives are established,
indicating the variables that are to be investigated, the monitoring sites and when these measurements
will be made. It is also necessary to know how the collection of samples will be carried out, what tools
will be necessary for the analysis, and then the interpretation of the results [29]. The provision of a
mobile prototype that allows online samples to be collected at any point in the study area and stored
for later analysis is beneficial since it facilitates monitoring tasks. Although the monitoring sessions
could be of short duration, the sum of all the sets of samples will allow forming databases with which
studies of spatio-temporal trends of the variables of interest can be carried out. In the present work,
micro-controlled devices were used, such as Arduino-Mega 2560 for the acquisition of data from the
probes, GPS NEO 6M (Global Positioning System) for capture latitude, longitude, date and time during
each monitoring session, and ESP8266-12E for the wireless transmission of information. This data
set constitutes important information that could be stored for every campaign where it could be sent
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to the cloud for remote analysis or be stored in local form through a laptop and make a database of
pollution water data. The portability of this prototype is due to some features as its battery durability,
low weight, low cost, an easy software to manipulate, and simple calibration process.

In the market, there are multiparameter probes that allow for measuring water quality variables
and datalogger to capture the information locally or remotely. These devices are very expensive
for multiparameter measurements even without the availability of procedures for data analysis.
In contrast, current-microcontrolled devices are cheap, easy to program, providing great versatility of
applications to users and can also be adjusted to specific needs once they are coupled with medium-cost
electrochemical probes. Thus, the great advantage of having electronic devices with their own software
to perform the tasks of water quality monitoring is evident, which is moreover sensitive to the needs
of researchers.

2.2. Electrochemical Probes and Mobile Networks

The prototype developed in this work is depicted in Figure 3. The measurements of the five
variables are made at each monitoring site through a microcontroller electronic system (Arduino Mega
2560, GPS NEO 6M, ESP8266-12E, 12 V battery, control software created by ourselves to capture data
and frame formation periodically) and the electrochemical probes. These five variables then adhere
to the location information of the GPS, the date and the time duration of the measurements for each
monitoring site. Therefore, the final data set (Frame) consists of the following variables:

• Sample number,
• Latitude,
• Longitude,
• Year, month, day, hour, minute, second,
• Water temperature,
• Dissolved oxygen,
• Air temperature,
• Percentage of relative humidity,
• Water electrical conductivity.

The sampling period was approximately 35 s and the average sampling time at each site was
12 min. This sampling time per session was not constant due to the difficulties of the place access,
the vegetation that impeded the reception of the GPS signals and the limitations of the dissolved
oxygen sensor whose membrane was saturated after an exposure time greater than 12 min for the
waters of the San Pedro River. The final data set can be sent wirelessly to a mobile phone and then to
the cloud for backup storage. You can also send the information through the Arduino serial port to
a laptop and thus form a local database.

We have developed a software (for Arduino) to capture data and shape the frame to transmit it
through the serial port, either to send it to the cloud through the wireless system (ESP8266-12E) thus
forming a remote monitoring network of water quality and environment variables, or to transmit it
directly via serial cable to a laptop that is a few meters from the monitoring site. It should be noted that
one of the advantages of this prototype is its portability that allows several measurements in a single
day, taking care of the corresponding calibrations in each monitoring site.

Table 3 shows the summary of the monitoring campaigns carried out and the measured variables.
It is important to point out that from 15 to 19 of November 2017, measurements of the river temperature
(Tw), concentration of dissolved oxygen in the river water (DO), ambient temperature (Ta) and
percentage of relative humidity were performed. The conductivity were not measured in this time
period because the probe was not available yet. It is also relevant to remark that weather conditions
in the study are unique. For example, in a single day, we could have a pleasant climate of 15 ◦C
without wind and rain, in the morning. In the afternoon, at about 2:00 p.m., the temperature could
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rise to 27 ◦C with dry air, and approximately at 4:00 p.m. the temperature could drop to about 10 ◦C
and experiencing heavy rain. Therefore, it was necessary to carry out the measurements in that time
span since the weather was more stable; however, on 15 and 22 of November 2017, it was raining.
Additionally, from 22 November 2017 to 4 December 2017, measurements of five variables were carried
out, including the water electrical conductivity. A field campaign description is provided in Figure 4.

Figure 3. Electronic components of the prototype used in the measurements of environmental variables
and water quality of the river. Data can be sent wirelessly to the cloud for storage and further processing,
or the data can also be obtained directly through the serial ports.

Because the field campaigns were carried out at separate monitoring stations with non-uniform
distances and non-uniform times, the measurements of the five variables were different for each
campaign and for the final sample sets. Figure 5 shows measurement values of the five variables
in a time period of less than 100 sampling hours. Panel (a) represents the behavior of the river
temperature, in which the measurement variability is noticeably larger than in the other variables.
Panel (b) represents the trend of dissolved oxygen, likewise, its variability is lower than the river
temperature, but still larger than the last three variables included in Figure 5. Panels (c)–(e) show the
dynamics of air temperature, percentage of relative humidity, and electrical conductivity. It is seen that
less spatial variability and highly regular behavior seems to be present. As expected, there could be a
direct relationship between the measurement variability and the sensor quality for each. For example,
the temperature in the water body of the river does not usually change abruptly. Thus, the variations
observed in the measurements could be partially attributed to the quality of the semiconductor device
used in this investigation.
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(a)

(b) (c) (d)

(e) (f) (g)

Figure 4. Field campaign description of the measurement sessions: (a) satellite view of the monitoring
stations that are located in agricultural, industrial, and populated areas; (b–d) three types of stations
can be distinguished, namely, slightly polluted, polluted by organic waste, and contaminated by textile
waste; (e–g) staff is calibrating the equipment, initiating the data record, and sensing the contamination
variables in the river.
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(a) (b)

(c) (d)

Figure 5. Cont.
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(e)

Figure 5. Spatio-temporal representation of the measurements for the five analyzed variables. Each time slot corresponds to a monitoring session (campaign) with
a maximum duration of 12 min: (a) water river temperature; (b) dissolved oxygen; (c) air temperature; (d) percentage humidity; (e) electrical conductivity.
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2.3. Algorithms for Spatio-Temporal Dynamic Analysis

The proposed system allows us to measure an environmental variable in each location in a short
time period and likely moving in space. In previous works [14,15], the dynamics of the variables
resulting from the monitoring campaigns were represented using machine learning and advanced
interpolation techniques. In this work, the availability of measurements sets for each location allowed
us to calculate the mean and the standard deviation, hence yielding a map representation of the first
and second order statistics of the spatio-temporal dynamics. This better exploits the information of the
resulting data and gives a more complete description of the environmental variables.

According to purpose of the described system, we needed to analyze the data of our campaigns to
monitor measurements on each variable sampled at different times and spatial locations. If we denote
by ν a given environmental variable to be measured, its spatio-temporal distribution can be denoted as:

ν(d, t), (1)

where d is the distance along the river path in a downward direction, usually starting from a zero
reference point, and t is the time elapsed in a given area of consecutive sampling. We call this subset of
consecutive samples at a geographically region with moderate displacements a session, and, in each
session, we take a number of separate samples in time and space, that is:

si = {ν(dj, tj), j = 1, ....., Ni}, (2)

where Ni is the number of samples acquired during that session. The set of measures of ν(d, t) in
a session is obtained as:

{si} =
Ni

∑
j=1

ν(d, t)δ(d− dj, t− tj) =
Ni

∑
j=1

ν(dj, tj)δ(d− dj, t− tj), (3)

where δ(d, t) is the Dirac’s delta function in our two-dimensional domain. A measurement campaign
is the set of measurement sessions for the same variable and is denoted as:

Vi = {s1, s2, s3, ......, sNi}, (4)

and the sessions are numbered by i = 1, ...., Nν, where Nν is the total number of sessions for variable ν.
We can characterize each session by using a statistic p applied to that set of samples, for example,

if M(Vi) and S(Vi), with i = 1, . . . , Nν, represent the sample average operator and the sample variance
operator when applied to the samples of session Vi, we have that M̂(d, t) and Ŝ(d, t) represent the
estimated spatio-temporal dynamics for the first and second order statistics of that variable.

At this point, we need to introduce methods to provide us with this estimation from the available
samples. Following previous works, we scrutinize here three of the algorithms that showed better
performance in the analysis of Machángara River. First, the k Nearest Neighbors (k-NN) algorithm
is a simple procedure that has been successfully used to interpolate multidimensional data with low
computational burden. Second, the Support Vector Machine (SVM) algorithm has been previously
used to estimate the spatio-temporal dynamics of contamination measurement in rivers, and it was
shown that Mahalanobis and autocorrelation kernels often outperformed k-NN. Here, we scrutinize
these three algorithms, which are next summarized [14,15]. We will denote by pj = (dj, tj) the
spatio-temporal coordinate vector, and by f the measured variable or its estimated statistic, i.e., f is
here a generalized notation for ν, M, and S, according to the analysis context.

One of the advantages of k-NN algorithm is that it is easy to implement it in software,
providing robust estimates when a cross-validation technique is used [30]. The estimation of new
values for targets pt is computed from the set of k closest neighbors. In addition, each selected
neighbor pl , with l = 1, . . . , k, uses a weighted function according to its corresponding distance.
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The most common used distances are the Euclidean, Minkowski, Mahalanobis, and Cosine distances.
The Mahalanobis distance between two points p1 and p2 is defined by

distM(p1, p2) =
√
(p1 − p2)

T Σ−1
p (p1 − p2), (5)

where Σp is the covariance matrix of the available dataset. With relation to the Euclidean distance,
the Mahalanobis distance has important properties; for instance, the Mahalanobis distance is invariant
to scale changes and variable units, and it does not require any previous normalization. In addition,
the matrix Σ−1

p accounts for the covariance among variables and possibly some redundancy effect.
The estimation function f̂ (pt) is computed by the Distance Weighted Nearest Neighbor algorithm [31]
as follows:

f̂ (pt) =
∑k

l=1 wl f (pl)

∑k
l=1 wl

, (6)

where f (pl) represents the value of f at that neighbor sample, and wl are the weights defined in terms
of the Mahalanobis distance as

wl =
1

distM(pt, pl)
2 . (7)

Consequently, the interpolation algorithm is polished by weighing the contribution of each
neighbor according to their distance to target point pt. When pt matches exactly a pl neighbor,
the denominator becomes zero; in that case, we just assign f (pl) to f̂ (pt).

In this work, we additionally use kernel methods to interpolate and construct visualizations
of the spatio-temporal dynamics of the measured water quality variables. Under this approach,
kernel methods can be very useful when the statistical structure of the variables has been taken into
account [32,33]. Probably the most well-known algorithm of the SVM is the classification one, but also
good results have been obtained when addressing the solution of nonlinear regression applications.

Vapnik proposed to use the ε-insensitive loss function to obtain scattered solutions in the SVR
algorithm [34,35]. Being ε > 0, then we can define

`(u) = |u|ε =

{
0, |u| < ε,

|u| − ε, otherwise.
(8)

This loss function sets to zero any error smaller than ε providing also robustness against
outliers. The regression function construct a tube around the true function in order to estimate
it, defining a margin around the function and treating the deviation as noise. In fact, the SVR model
used in this study applies the following nonlinear regression model:

f̂ (p) = 〈w, ϕ(p)〉+ b, (9)

where ϕ(p) is a nonlinear transformation to a higher dimensional space, and b is a bias term.
Then, considering a dataset D = {(p1, f1), . . . , (pN , fN)}, where N is the number of observed samples,
the ν-SVR algorithm states that the function to minimize is [36]

1
2
‖w‖2 + C

(
νε +

1
N

N

∑
l=1

(ξl + ξ∗l )

)
, (10)

where the first term is an L2 regularization and the second one is the ε-insensitive loss function.
Note that ε is the insensitivity parameter, C is a parameter that allows for tuning the compensation
between the error tolerance and the softness of the regression. Additionally, ξl and ξ∗l are the slack
variables representing error excesses for each sample (pl , fl), and ν is the operative parameter that
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controls ε in terms of the maximum deviation from the measured value. Taking into account the
following constraints:

ξl , ξ∗l ≥ 0, ∀l = 1, ..., N, (11)

fl − (〈w, ϕ(p)〉+ b) ≤ ξl + ε, (12)

(〈w, ϕ(p)〉+ b)− fl ≤ ξ∗l + ε, (13)

and, by using the Lagrangian functional, the solution to the nonlinear SVR is

w =
N

∑
l=1

ηl ϕ(pl), (14)

where ηl, with l = 1, 2, 3, ..., N are scalars, and samples pl for which ηl 6= 0 are the support vectors. Thus,

f̂ (p) = 〈w, ϕ(p)〉+ b =
N

∑
l=1

ηl〈ϕ(pl , ϕ(p))〉+ b, (15)

which is equivalent to

f̂ (p) =
N

∑
l=1

ηlK(pl , p) + b, (16)

where K( · , · ) denotes a Mercer’s kernel, standing for the dot product independently from the
nonlinear transformation or the dimensional space. In this work, ν-SVR is used to provide the
estimation of the support vectors. Thus, the solution can be linearly expressed in terms of the kernel
function and the available support samples.

Among the most usual Mercer’s kernels, we have the linear and Gaussian ones. In order to provide
an improved performance, we have increased the statistical knowledge about the data structure within
the algorithm through the following procedure. First, a conventional Gaussian radial basis function
kernel (RBF-SVR) is used. In this case, the kernel is a bivariate function given by

K(pi, pj) = exp
(
− 1

2σ2 ‖pi − pj‖2
)

, (17)

where the parameter σ allows for controlling the neighborhood of the samples influencing the solution.
These structures can approximate the underlying function of a wide variety of data as long as σ is
adequately tuned. Note that, in our study, we assume that changes in time and space dimensions
follow similar dynamics because of radial symmetry. However, temporal and spatial variations will
probably differ. Although normalization of inputs can alleviate this problem, other advanced kernels
can be used without needing normalization.

Second, we propose to use a non-radially symmetric kernel, by using the covariance matrix of
data (i.e., Σx). Then, an SVR with a Mahalanobis distance kernel (Ma-SVR) is created. This kernel
equation is given by

K(pi, pj) = exp
(
−1

2
pi

T Σ−1
p pj

)
, (18)

where the covariance-weighted distance between samples pi and pj is considered. Note that different
spatial and temporal scales do not influence the basic distance.

Third, we use a SVR with an Autocorrelation kernel (Au-SVR), defined as

K(pi, pj) = R̂(pi − pj), (19)

where R̂(q) is the estimated two-dimensional autocorrelation function of the spatio-temporal dynamics.
This kernel is a new type of SVR kernel that takes advantage of the autocorrelation value among
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samples. The autocorrelation is highly relevant function in digital signal processing, and a basic
feature of stochastic processes. A main characteristic of the autocorrelation function is the symmetry
with relation to the kernel matrix elements, K(pi, pj) = R(pi − pj) = R(pj − pi). Note that
the autocorrelation function is a robust measurement of the dependence among samples [37],
depending only on the relative difference between elements rather than on their absolute values
in the case of stationary processes.

This study looks for an optimum relationship between the amount of data, the quality of data
approximation, and the parameters that characterize the approximation functions [38]. The problem
is to find the best SVR structure that allows us to generalize the measurement samples in the presence
of noise.

2.4. Motivation and Considerations for ICT on Sustainability

Several aspects can be considered for the use of ICT in the water monitoring environments,
in terms of their technical and applied sustainability. On the one hand, the use of interpolation
algorithms allows us to process the data to more efficiently extract the information. Specifically, the
advantage of the interpolation algorithm in working with the closest neighbor criterion weighted by
distance is that the measurements closest to the point to interpolate will be more important than those
that are farther away. This is achieved by using the inverse of the square of the distance as the weighting
criterion. This decreases the risk that all samples are taken into account for training and decrease
the response time of the process. Another advantage is the increased robustness against data noise,
especially against large data sets. As previously described, many estimation methods could be applied;
however, the kernel methods are very popular and obtain very good benefits and generalization in
non-uniform interpolation problems. Mercer kernels can be seen as bivariate functions and this type
of kernel has the advantage of being able to do nonlinear learning in quadratic cost functions with
a single minimum.

On the other hand, a ν-SVR is adopted in this study; however, other alternatives could be used,
such as ε-SVR. Although performance of both algorithms would be similar when their free parameters
are optimally selected, the free-parameter of ν-SVR is bounded above and below, ν ∈ (0, 1), and thus
its adjustment is easier and optimal selection can be easier obtained. This is the reason why we have
used ε-SVR. In addition, each dimension can present a different variation since non-radially symmetric
kernels can assign different variation to each dimension, in this case these kernels have an advantage
over symmetric kernels. One way of assigning that variation to each distance would be, for example,
by applying the Mahalanobis distance with a Gaussian distribution to calculate the kernel, like the
Mahalanobis nucleus we apply. Another option is to calculate the autocorrelation of the data in each
dimension, as is done in the autocorrelation kernel.

From the acquisition of information perspective, there are two more water quality parameters that
provide useful data when evaluating water of rivers, namely, COD and BOD5. However, there are few
COD sensors for online measurements that can be hooked up to the designed mobile device. In regard
to BOD5, it is usually measured in the laboratory after 5 days of sample collection, thus this parameter
cannot be measured every 20 or 30 seg, during time periods of 12 min that lasted every measurement
campaign. For the given reasons, we selected dissolved oxygen as the main river’s water quality
parameter, which is directly related to both COD and BOD5 and can be measured at the same time as
the other variables in situ.

San Pedro River was chosen because domestic discharges from Quito are collected through
four rivers, Machángara, Monjas, San Pedro and Guayllabamba. The Machángara River receives
approximately 75% of the total discharges of the city and passes through the urban area of Quito
and studies of the spatio-temporal trends of some water quality variables have been carried out.
However, the San Pedro River crosses a peripheral zone of Quito and receives approximately
5% of the total discharges of wastewater and is less polluted according to studies by EPMAPS
(Metropolitan Public Company of Drinking Water and Sanitation) but requires urgent actions such
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as monitoring and control the water quality before it becomes contaminated as the Machángara
River, although the San Pedro River encompasses three type of discharges: agriculture, industrial and
residential wastewater, which may end up as an ugly mixture of liquid waste to be treated.

3. Results

3.1. Analysis of Spatio-Temporal Dynamics

As previously described, in this work, we use three interpolation algorithms for scrutinizing the
dynamics of all variables. We want to stress that each algorithm could yield better performance than
the others in different conditions, so it is highly recommendable to visualize the results for the three
algorithms, in order not to trust only in a single one and also to be able to determine if the dynamics
were well captured according to the consistency across the algorithms. Therefore, Figure 6 shows the
results when using the actual measured values for all measurements, this is, for the 23 field sessions.
Figure 7 shows the interpolation results when using the average values of each session. Finally, Figure 8
shows the results considering the standard deviation in each session for each variable.

3.1.1. Raw-Measurement Dynamics

Figure 6a–c show the dynamics of water temperature during all monitoring time and for the nine
stations. The red circles show the original values, they appear closely one over another because the
time duration of samples in the same session is only some minutes, while the time axis of the complete
campaign is depicted in hours. We can observe that the results obtained with the k-NN algorithm
are less smooth when compared to those obtained with Ma-SVR and Au-SVR. Figure 6d–f shows
the spatio-temporal distribution of the raw measurements for dissolved oxygen. As in the previous
case, it can be observed that the interpolation results with the k-NN algorithm are less smooth than
those presented by the other two algorithms. In addition, it can be appreciated that, for the estimation
results using Au-SVR, there is a noticeable difference in the edges with respect to those presented by
k-NN and Ma-SVR, which can be due to loose estimation of the autocorrelation kernel. Figure 6 also
shows the results of interpolation of air temperature, percentage of relative humidity, and electrical
conductivity of water. As in the previous cases, the interpolation results with Ma-SVR and Au-SVR are
better, based on the smoothing of the resulting signal, although Au-SVR continues to present a weak
quality in the estimation at the edges.

From these representations, it can be observed that, for example, the river temperature raised
to about 16.5 ◦C in the last stations (ST7, ST8, and ST9, between 12 km to 17 km). These results
would support the hypothesis that the temperature of the river water, in these stations, could have
increased due to discharges of domestic and industrial wastewater from the nearby populated areas.
In addition, in the places where the water temperature is high, the concentration of dissolved oxygen
should decrease. In Figure 6e,f, it can be observed when the river temperature increases to 16.5 ◦C,
the oxygen drops to about 5.5 mg/L. On the contrary, when the temperature decreases to about 13 ◦C,
the dissolved oxygen concentration increases to approximately 7.5 mg/L. Panels (g), (h) and (i) show
a rise in the ambient temperature to about 27 ◦C at stations ST7, ST8, and ST9, at least in the last
three-quarters of the total sampling time. Likewise, for these intervals of time and space, in panels (j),
(k), and (l), it is observed that the percentage of relative humidity decreases to approximately 50% with
the rise of the environmental temperature. The latter results show a coherence when relating the
environmental temperature with the percentage relative humidity because they are inversely correlated.
Panels (m), (n), (p) represent the dynamics from the row data for the water electrical conductivity in the
spatio-temporal domain. The two last panels, (n) and (p), show two well-differentiated regions after
300 h (approximately 27 November 2017). The first region shows a rise in conductivity up to 630 µS
between stations ST1 to ST3 due to the presence of rain during these days (moderate concentrations of
dissolved solids). It is also observed that said conductivity value decreases with the distance of travel,
which can be attributed to the decantion of dissolved solids (sand and silt) into sediments of the river
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bottom. The second region shows a decrease in conductivity to about 480 µS, which coincides with the
decrease in rainfall in the studied zone, and, hence, the amount of dissolved solids in the river water.

(a) (b) (c)

(d) (e) (f)

(g) (h) (i)

(j) (k) (l)

(m) (n) (o)

Figure 6. Spatio-temporal dynamics of the raw measurements from the environmental variables,
by using k-NN (left column), Ma-SVR (center column), and Au-SVR (right column) algorithms:
(a–c) water river temperature; (d–f) dissolved oxygen in the river; (g–i) air temperature at monitoring
station; (j–l) air percentage humidity; (m–o) electrical water conductivity.
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3.1.2. Average-Measurement Dynamics

In view of the differences in the spatio-temporal dynamics of each of the environmental parameters
analyzed from raw measurements, we believe it is informative to also estimate and represent the
dynamics of the session-averaged values of these parameters, in order to verify more clearly the
spatio-temporal trends. Figure 7 represents the interpolations of the five environmental parameters
taking into account the average values for each monitoring session. Panels (a) and (b) represent
the averaged values of the water temperature. It shows a spatio-temporal average value of 15 ◦C,
a minimum value of 13 ◦C, and a maximum of 17 ◦C. Panel (c) shows again somewhat different
results at the boundaries, although the mean and maximum values are similar to the two previous
ones. Panels (d), (e), and (f) show the averaged dissolved oxygen with similar trends between the
maximum and the minimum values as those obtained for the raw measurements. Panels showing
the session-averaged variations of the ambient temperature and the percentage of relative humidity
display also the inversely proportional relation between these two variables. The panels that show
the dynamics of the electrical conductivity of the water also show the different zones whose values
oscillate between 480 to 620 µS. Panels (a), (b), and (c) represent the interpolated values of the river
water temperature based on the average values per each monitoring session. It should be noted that
these estimates are more smoothed compared to the original values (Figure 6). It can be appreciated
that the average temperature is 12 ◦C, while the maximum is 16.5 ◦C. The dynamics of dissolved
oxygen is shown in Figure 7d–f, where two types of trends can be observed: First, a spatial trend from
12 km (ST6) to onwards. Over here, the concentration of dissolved oxygen in the water decreases
due to the pollution with industrial and domestic wastewater. Next, a peak appears around 200 h
(23 November 2017), with a value of 7.5 mg/L, which coincides with the rainy days recorded in the
study area. This value tends to be kept at a lower constant value of 6.8 mg/L until the end of the
monitoring days. The dynamics of the ambient temperature and the percentage of relative humidity
are represented in Figure 7g–l. Similar to the results shown in Figure 6, an inverse relationship between
the ambient temperature and the relative humidity can be observed in the average distribution of these
variables. The electrical conductivity of water can be seen in Figure 7m–o. It clearly shows an increase
in the concentration of dissolved solids in water with a maximum of 620 µS between 200 and 310 h.
As earlier explained, this trend is coincident with the rainy days in the study area.

3.1.3. Standard Deviation Dynamics

One of the most relevant aspects of this work is the analysis of the variability, in terms of the
standard deviations, which is characteristic for each of the five environmental variables. In this
setting, we can identify relevant information about the reliability of the used sensors, the methodology
followed in the various measurement processes during the monitoring campaigns, the calibration
requirements of the instruments, the stability times of the measurements before obtaining real and
reliable measurements free of disturbances, or the method of data collection, among other aspects.
Figure 8 presents these spatio-temporal dynamics of the standard deviations for each monitoring
session. For instance, Panels (a), (b), and (c) represent the deviations for the measurements of the
water temperature. The results based on the three algorithms show the greatest deviations among
the other variables, that is, between 1 and 3.5 ◦C with an average of 15 ◦C as obtained in Figure 7.
These results could mean that it is necessary to choose another kind of temperature sensor for the
measurement of the temperature in the river water that is in constant circulation. Figure 8d–f represents
the spatio-temporal dynamics of the standard deviations from dissolved oxygen. The three algorithms
show that these deviations are between 0.02 and 0.18 mg/L, while the mean value obtained in Figure 7
was 6.2 mg/L. One of the reasons for a maximum of 0.18 mg/L can be seen in Figure 8, as the dissolved
oxygen sensor used a polyethylene membrane that wears after several sessions of use and it needs to be
replaced by another, or in its place a change of the whole sensor as happened in our case. Although the
dissolved oxygen sensor was placed in favor of the water flow, wear was inevitable, which required us
to change the probe in its entirety to ensure the calibration parameters according to the manufacturer
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instructions. Figure 8g–i represents the deviations of the air temperature in the monitoring zones.
This is the case where the three algorithms show the lowest deviations, which could mean that the
used sensor was the most appropriate. The average value of this variable, as shown in Figure 7, was
22.5 ◦C, with a deviation from 1× 10−5 to 5× 10−5, as shown in Figure 8. Deviations of percent relative
humidity are shown in Figure 8, whose values are between 0 and 0.6%. The mean of this variable was
63.9% as seen in Figure 7. It should be noted that the sensing devices of the ambient temperature and
the percentage relative humidity are manufactured in the same device, which is why the deviations
are very small. Deviations in the electrical conductivity of the river water are shown in Figure 8m–o,
where a minimum of 1 and a maximum of 9 µS are observed, while the mean value of this variable
was 567.7 µS in Figure 7.

(a) (b) (c)

(d) (e) (f)

(g) (h) (i)

(j) (k) (l)

Figure 7. Cont.
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(m) (n) (o)

Figure 7. Spatio-temporal dynamics of the session-averaged measurements from the environmental
variables, by using k-NN (left column), Ma-SVR (center column), and Au-SVR (right column) algorithms:
(a–c) water river temperature; (d–f) dissolved oxygen in river; (g–i) air temperature at monitoring
station; (j–l) air percentage humidity; and (m–o) water electrical conductivity.

(a) (b) (c)

(d) (e) (f)

(g) (h) (i)

(j) (k) (l)

Figure 8. Cont.
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(m) (n) (o)

Figure 8. Spatio-temporal dynamics of the SD Values in 2D of five variables by using the algorithms
k-NN, Ma-SVR, and Au-SVR respectively in each column: (a–c) water river temperature; (d–f) dissolved
oxygen in river; (g–i) air temperature at monitoring station; (j–l) air percentage humidity; and
(m–o) water electrical conductivity.

3.2. Behavior of the Interpolation Error

We have used three interpolation algorithms and one metric to know the accuracy degree of the
interpolation. Although there are other metrics such as the RMSE (Root Mean Square Error), this
parameter is, in turn, a function of three characteristics, such as the variability of the distribution of the
error magnitude, the square root of the number of errors, and the magnitude of the average error MAE.
Therefore, MAE is a natural measure of the average of errors and is not as ambiguous as RMSE [39].
Table 4 summarizes the mean absolute error (MAE) obtained by using the algorithms with the three
data sets, namely, the raw measurements as a result of the 23 monitoring campaigns, the average
values of the measurements, and the standard deviations obtained in each of the monitoring sessions
for the five variables. In the set of errors obtained with the raw values of the measurements, the k-NN
algorithm shows lower errors than the other two algorithms. This is primarily because the number
of samples in the raw set (i.e., 431 for Tw, 431 for DO, 261 for Ta, 261 for H, and 122 for C) is much
lower than the number of samples used in previous works [14,15]. In this case, the MAE is minimum
for k equals 1 in most of the cases. In fact, we have noticed that Ma-SVR, and, in particular Au-SVR,
require a considerable number of samples in order to reduce the MAE obtained through one-leave-out
cross-validation.

Table 4. MAE of interpolation algorithms k-NN, Ma-SVR, and Au-SVR, by using the raw values,
the average values, and the standard deviation values.

Raw Average Standard Deviation

k-NN Ma-SV R Au-SV R k-NN Ma-SV R Au-SV R k-NN Ma-SV R Au-SV R

Water Temp. 1.34 1.34 1.29 1.03 0.81 1.26 1.10 1.04 0.98
Dissol. Oxyg. 0.04 0.16 0.15 0.41 0.38 0.66 0.14 0.13 0.13

Air Temp. 0.06 0.06 0.06 2.45 3.02 3.20 0.15 0.09 0.09
Perc. Humid. 0.19 0.41 0.42 11.25 11.55 13.16 0.79 0.70 0.71
Conductivity 4.01 5.70 5.50 37.92 33.35 73.24 4.92 4.79 5.06

On the other hand, the MAE obtained for the average values is normally greater than the MAE for
the raw values. This result is due to the extremely low number of samples used in the set of average
values (i.e., 24 for Tw, 23 for DO, 19 for Ta, 20 for H, and 12 for C). Because of this small number of
samples, the MAE is minimum for k equals 1 in most of the cases, as mentioned before. The usage
of k = 1 in the set of average values increases the error of the leave-one-out validation since nearest
neighbors were clustered in a single sample. In the raw data set, k = 1 still produces small absolute
errors due to the existence of similar neighbors. This last behavior was observed mainly in dissolved
oxygen, percentage of relative humidity, and water electrical conductivity.

In addition, the MAE values of Ma-SVR are lower in three of the five variables than the MAE values
of Au-SVR. Note also that, if we analyze the previous figures showing the interpolated spatio-temporal
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distributions, those results obtained with the Ma-SVR and Au-SVR algorithms are smoother and more
likely to capture the dynamics than the k-NN algorithm spatio-temporal distributions, which seem to
be highly influenced by bursts of outlier samples.

Comparison of the Dispersion of the Five Measures

Since the units of measurement of the temperature of the river water and of the ambient
temperatures coincide, and knowing that the three other variables have different units of measurement,
it is recommended to perform a comparative analysis of the dispersions found in the campaigns for
each variable, in terms of standard deviation and mean values, as follows:

Cv = (σv/X̄)× 100%, (20)

where Cv is the variation coefficient, σv is the standard deviation, and X̄ is the average value of the
measured variable.

Table 5 shows that the variable with the most dispersed measurements was the water temperature
(Tw), and the variable with the least dispersion in the measurements was the air temperature (Ta).
The measurements made with the prototype led to different values of dispersion quantified through
the coefficient of variation. In practice, it is customary to consider that a coefficient of variation
greater than 25% indicates a high degree of dispersion and therefore could have little representation
in the arithmetic mean [40]. It can be observed that all values of variability coefficient had values
less than 25%. Table 5 shows that the water temperature (Tw) had the greatest dispersion (11.14%)
with respect to the rest of the variables, while the variable that had the lowest dispersion (0.39%) was
the air temperature (Ta). These numerical results corroborate the graphical results shown in Figure 5
where the water temperature had the greatest dispersion. In this work, we have built a prototype for
on-site measurement of three water quality variables in rivers: dissolved oxygen, electrical conductvity
and temperature and two environmental: air temperature, percentage of relative humidity at the
study area. For dissolved oxygen measurements, the maximum standard deviation was 0.17 mg/L,
which represented 2.9%. For water temperature results, the standard deviation is higher compared to
other evaluated variables (i.e., 1.6 that represents 11.41%) evaluated in the 23 monitoring campaigns.
The water electrical conductivity sensor provides a maximum deviation of 9 µS within an average of
567.7 µS, and this is equivalent to 1.5%. Additionally, the percentage of relative humidity and ambient
temperature sensors show deviations that do not exceed 0.01%.

Table 5. Variability coefficients for the five variables analyzed in this paper: river water temperature
(Tw), dissolved oxygen in water (DO), air temperature (Ta), relative relative humidity (H), and electrical
conductivity of water (C).

Average Values

Variable X̄ σ Cv(%)

Tw 14.43 1.60 11.14
DO 6.20 0.17 2.89
Ta 22.50 0.08 0.39
H 63.96 0.85 1.34
C 567.72 8.85 1.55

4. Discussion and Conclusions

In relation to the space-temporal evaluation of the five variables analyzed, Figures 6 and 7 show
the results of the raw values and average values respectively during the sampling period between
15 November and 4 December 2017. The nine monitoring stations were located in three differentiated
areas: agriculture, industry, and residential. The water temperature between stations ST1 to ST6 was
maintained at about 14 ◦C, while the temperature rose to about 16.5 ◦C between stations ST7 and ST9.
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This is more likely because the river received water discharges from industrial and domestic sources.
The concentration of dissolved oxygen decreases to 5.5 mg/L in the area where the temperature is
higher (stations ST7 to ST9) while this value increased to 7.5 mg/L where the temperature remained
around 14 ◦C. This is in agreement with the change of oxygen solubility with temperature. In addition,
when the ambient temperature rose around 27 ◦C (between stations ST7 to ST9), it is observed that
the percentage of relative humidity decreased up to 50%, while, when the ambient temperature
decreased to approximately 16 ◦C, the percentage of relative humidity rises to approximately 90%. It is
known that, as air temperature increases, air can hold more water molecules, and its relative humidity
decreases and, when temperature decreases, relative humidity increases. On the other hand, electrical
conductivity remains around 630 µS in the first stations (ST1, ST2, and ST3) coinciding with rainfall in
the area while approaching to the last stations, the electrical conductivity decreases to around 480 µS.
Surely this phenomenon is due to the gradual deposition of dissolved solids in the bottom of the river
as the journey progresses. It seems that measurements of water quality and ambient parameters using
the portable device are quite reliable and assures that the spatio-temporal interpolations are consistent.

In a previous work [41], features of a device are reported for measuring water quality with
wireless data transmission, i.e., batteries of up to 6.8 Ah were used for a sensor node and a gateway.
In our prototype, we use batteries with a lower current capacity (1.3 Ah), in which communication
with the laptop (where the data is stored) is mostly via cable. Wireless communication, although
available, is used less frequently. As a result, a battery endures approximately 10 h without recharging.
Therefore, our prototype has less operational costs. The monitoring prototype developed in this
work allows for monitoring three variables of water quality (water temperature, dissolved oxygen
and electrical conductivity) and two variables of air quality (air temperature and relative humidity
per percentage). The sampling period is approximately 35 s, and the maximum time of continuous
measurements is 10 h, which gives the equipment the portability characteristic. This has a wireless
communications module (802.11 b/g/n), low cost and reduced weight.

4.1. Kernel-Method Advantages

The spatio-temporal interpolation of each variable analyzed using each of the k-NN, Ma-SVR
and Au-SVR algorithms was performed by adjusting its free parameters (see equations). For example,
for the water temperature, an optimum k of 5 was obtained, which allowed the lowest MAE error
of 1.34. The optimal parameters of Ma-SVR were ν = 0.86 and C = 0.19 with an MAE error of 1.33.
For the algorithm Au-SVR, we obtained ν = 1, C = 0.162, γ = 0.001 and step = 0.297 (step is another
tuning parameter) with an MAE of 1.28. The process time for the k-NN algorithm (few minutes) is
the lowest compared to the rest of the algorithms that can be hours since the search method is used.
The classic algorithm k-NN was used due to its great advantage over its low processing time; however,
the interpolation surfaces are less pleasant than those presented by Ma-SVR and Au-SVR. This last
algorithm has a longer processing time than the previous two, but, in Table 4, it is observed that, for
the raw values and for the values of standard deviation, Au-SVR, at least in three of the five variables,
has the lowest MAE error.

Regarding spatio-temporal dynamics, the use of interpolation of water quality measures
through automatic learning has been proposed in [14,15]. The first and second order statistics
allowed us to obtain graphical representations of the stochastic dynamics of the water pollution
parameters of the river. In the same way, in this work, we have used these statistics and
graphs that show the spatio-temporal dynamics of the five variables analyzed. For the set
of average values, the lowest MAE errors were obtained using Ma-SVR for three variables,
1.34 (Water Temperature), 0.38 (Dissolved Oxygen), and 33.35 (Electrical Conductivity), while the
slightly lower MAE errors for the other two variables were obtained with k-NN, 2.45 (Airt Temperature),
and 11.25 (Percentage Humidity). Although k-NN was slightly better than Ma-SVR and Au-SVR
algorithms, the best smoothness of these two algorithms compared with k-NN is notorious,
which allows a better visualization of spatio-temporal trends.
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4.2. Limitations of the Study

The limitations of the on-site measurements prototype fabricated in this work is the durability of
the dissolved oxygen sensor because it uses a polyethylene membrane. The membrane gets saturated
with colloids dissolved in water and with the time, thus the measurements are no longer stable.
In our case, we had to replace the dissolved oxygen sensor after the 14th campaign, due to the fact
that the measures marked values above 11 mg/L, and they were also unstable. Another limitation
refers to the durability of the batteries. They lasted 10 h of continuous measurement before requiring a
recharge. Another shortcoming is the loss of coverage of the GPS system in areas of medium and high
vegetation. However, all these problems can be minimized if we use more stable water temperature
sensors, electrochemical probes with longer membranes durability and higher gain antennas for the
system GPS.

Nonetheless, it was noteworthy to demonstrate that this on-site measurement prototype has
a great advantage compared to others due to its portability. It allows for short or long-term water
quality measurements (less than 10 h) and several sites in the study area. Another advantage is that
we are able to transfer the measurements in a wired or wireless way and these values can be recorded
locally or in the cloud to create a historical record of the space-time dynamics.

4.3. Main Contributions and Future Works

This work proposes a microcontroller-based mobile system to measure water quality variables
using electrochemical probes and solid-state sensors. This mobile-sensor system allows for carrying
out water monitoring campaigns with increased temporal and spatial resolutions. The monitoring
methodology for the mobile system has been evaluated through 23 monitoring campaigns in the
San Pedro River, showing reliable and stable water quality values. In addition, machine learning
algorithms have been applied for the interpolation of the monitored data, resulting in SVR with a
Mahalanobis kernel showing the lower MAE due to the relatively small number of samples.

As future works, we have planned: (i) to perform longer monitoring campaigns to generate more
representative spatio-temporal data for common water contaminants and different seasons; (ii) to
increase the number of variables using other electrochemical probes for measuring variables such
as pH, chlorine, or BOD5, among others; and (iii) to improve our microcontroller-based prototype
in order to create a robust monitoring station that can travel along rivers sending information to the
cloud. This last future work is without doubt a technological challenge that will revolutionize the way
that water monitoring campaigns are performed currently.
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Chapter 5

Discussion and Conclusions

In this section, we discuss the results of the published articles and their contribution to
the fulfillment of the objectives proposed in this thesis. Next, we discuss the conclusions
and future works.

5.1 Discussion of Results

The stretch of the river with greater discharges of residual waters corresponds to the central
zone of Quito with an extension of approximately 5 km where there are 6 monitoring
stations. The waters of this river zone are very polluted due to domestic and industrial
waste producing bad smell among other discomforts. The company EPMAPS had already
made previous water quality measurements but it was still of great interest to know the
spatio-temporal trends of some pollutants. Some research results are described in the
following paragraphs.

In [1], Delaunay deterministic interpolation method used in this research required a
little computational cost in terms of process time, however, the results had little smoothing
interpolation surfaces. While the kNN method presented some advantages with respect to
Delaunay, for example, the interpolation surfaces were more smoothed, cutting the peaks
more elegantly, the relative error MAE of each variable was lower than that obtained
with Delaunay for each variable. With an average of 324 measurements for each of the 15
variables, it was possible to obtain optimal values of k (k = 15) for the interpolation process.
The Leave One Out (LOO) cross-validation technique was successful when evaluating the
MAE. Since each variable has its own units of measure, it was necessary to use standardized
MAE (MAE/µ, where µ is the average value of the MAE) for each of the 15 variables,
this resulted in an average relative MAE for kNN less than for Delaunay.

In [2], we have focused on the use of statistical interpolation algorithms through SVR
based on Mercer’s kernels. Three important segments of the Machángara River that pass
through the urban area of Quito and an additional segment of the San Pedro River that
is in the rural area of Quito were chosen. The performance of the kernels was evaluated
with the MAE and the LOO cross-validation technique, in addition, the Mahalanobis
covariance matrix and the bivariate autocorrelation function were used. The results
showed that the autocorrelation kernel showed better performance than the other kernels.
We analyzed 6 water quality variables such as flow rate, water temperature, dissolved
oxygen, chemical oxygen demand, biochemical oxygen demand, and the biodegradability
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index. Although it is true that these variables can be very changeable due to their own
nature, the obtained interpolation surfaces provide valuable information for researchers of
the physical-chemical phenomena of water in rivers. The graphs of the spatio-temporal
dynamics of these variables provide information on seasonal trends. For example, the
increase of biodegradability index (COD/BOD) to a value of 6 between December 2003
and June 2004 (If COD/BOD ≥ 5, then the organic matter is little degradable), while for
the other periods it decreased to 2 (If COD/BOD ≤ 2.5, then the organic matter is very
degradable).

In [3], we focus our attention on the measurement of water quality variables using
another method through electrochemical probes, solid-state sensors, and microcontrolled
electronic devices. With these elements, we built a portable prototype of measurements
that were previously tested and calibrated in the laboratory for the variables of water
temperature, dissolved oxygen, the electrical conductivity of water, air temperature, and
relative humidity percentage. These variables were chosen as the most representative
for the stretch of the San Pedro River of approximately 18 km due to the fact that
it crosses agricultural, industrial and population zones. In this part we have recorded
some experiences about the construction of a prototype of measurement of environmental
variables with the capacity of portability, of making wired and wireless transmissions to
a host. We have improved the temporal resolution to 12 minutes per session while the
spatial resolution can be from a few meters to a few kilometers. The advantage of this
prototype is that it can be reprogrammed in order to change the resolution at the user’s
discretion as long as the battery’s durability allows it. Likewise, as in the previous cases,
the kNN, SVR with distance Mahalanobis and autocorrelation kernel algorithms were
used. The best results were obtained with Mahalanobis and autocorrelation since the
interpolation surface is more smoothed than with kNN.

Even today, EPMAPS continues monitoring the quality of the river’s water by collecting
samples for further analysis in the laboratories. It still does not have an autonomous
system (or wireless sensors networks) that allows in-situ measurements with sensors that
do not require chemical reagents for its operation, with self-calibration capability, with
large storage capacity for long time samplings periods, among other characteristics. In
this work, a prototype was designed to measure water quality variables based on low-
cost microcontroller, electrochemical probes that do not require chemical reagents for
their operation, with wired and wireless data transfer capacity, with a GPS system for
geolocation, and a battery with 10 hours of time autonomy. One of the limitations of
this prototype is the lack of multiparametric probes and the electrochemical probes that
become decalibrated after several sessions, especially in very polluted waters. It is possible
to continue to perfect the prototype for future jobs and uses.

5.2 Conclusions and Future Work

The raw data were generated based on non-uniform sampling in time and space through
monitoring campaigns whose cost is measurable based on the resources used in materials,
equipment and support staff. Therefore, each sample obtained in the campaigns is the
result of a lot of effort due to its operating costs. The interpolation made with Delaunay
algorithm, although it is very useful in digital terrain modeling problems, was applied in
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this work in order to obtain a reference for other algorithms based on statistical learning.
The easiest algorithm to implement was kNN compared to the SVM-based algorithms.
The interpolation results with kNN were better than those obtained with Delaunay since
the lowest MAE errors were mostly obtained with kNN. In addition, the interpolation
surfaces, with kNN, were softer than with Delaunay. However, when using SVM with
Mahalanobis distance (Ma-SVM) and SVM with autocorrelation kernel (Au-SVM), better
results were obtained than with kNN. This was observed in the study of the 15 water
quality variables as published in [1]. But if we compare the interpolation results obtained
with Ma-SVM and Au-SVM it could be said that the MAE errors of this last algorithm
on average were lower than those obtained with Ma-SVM.

The graphs representing the spatio-temporal dynamics of each of the analyzed variables
allowed to observe seasonal and spatial trends, for example, in [1], in the collector of
the Machángara river called El Trebol the flow rate of the river increased (from 2 to 5
m3/s ) for the years 2002 to 2007, but had two peaks for 2003 and 2005 where the flow
rate increased to 8 m3/s. This coincided with heavy rains suffered by the country at
that time according to the Ecuadorian hydrology institute. On the other hand, the water
temperature of the river experienced an increase of an average of 15 ◦C to 20 ◦C for this
station (El Trebol) since it collects all domestic and industrial wastewater from the center
of the city, these results show a spatial tendency. It can also be observed that the dissolved
oxygen experienced an increase (between 2006 and 2007) of an average value of 2 mg/L
up to 5 mg/L for the last 3 stations of the study.

The most important contribution of this work is the implementation of mathematical
algorithms based on statistical learning on a database generated based on water quality
data from two important rivers in Quito that are tributaries of Guayllabamba River.
Another contribution of this work is the prototype built on the basis of electrochemical
probes, solid state environmental sensors, microcontrollers, GPS system, and a wireless
communication system. With the water quality measurements obtained with this prototype,
it is possible to construct interpolation surfaces of variables with temporal resolutions
from the order of seconds to days and spatial resolutions from several meters onwards.

Regarding future work we can mention the improvement of the portable prototype
for measuring water quality variables so that it contains multiparameter probes that
do not require chemical reagents, that has a GPS system with greater sensitivity in
reception, with a wireless system greater reach, with storage capacity of thousands of
measures per campaign, among other advantages. In addition, the design of a wireless
sensor network that allows connecting several measurement nodes could be planned to
improve the spatio-temporal resolution. In this way, a database could be built with more
information that would help improve the training processes of the statistical learning
algorithms. The contaminants study could also be extended through a network of wireless
sensors to other areas of the rivers already analyzed or other rivers that are part of the
Guayllabamba basin, or from other natural sources of water so that spatio-temporal trends
can be determined for some important variables such as dissolved oxygen, COD, BOD,
COD/BOD, pH, nitrates, and water temperature. With this information, a pollution
map of the tributaries of the Guayllabamba river could be constructed and municipalities
to be helped themselves to improve the planning and execution of projects aimed at
decontaminating rivers or other natural sources of water. On the other hand, you can also
experiment with other statistical learning algorithms and other kernels that require tuning
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parameters whose search requires less processing time. For example, you would experiment
with other algorithms for the search of optimal SVR parameters, such as, evolutionary
search algorithms, genetic algorithms, particle swarm optimization and artificial bee colony
that allows finding the minimum values of the MAE.
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