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sinc(i)
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Mención Recursos Hı́dricos

de la

UNIVERSIDAD NACIONAL DEL LITORAL

2025

Comisión de Posgrado, Facultad de Ingenierı́a y Ciencias Hı́dricas, Ciudad Universitaria, Paraje El Pozo,

S3000, Santa Fe, Argentina.



UNIVERSIDAD NACIONAL DEL LITORAL
Facultad de Ingenierı́a y Ciencias Hı́dricas

Instituto de Desarrollo Tecnológico para la Industria Quı́mica

Centro de Investigación de Métodos Computacionales
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MB7092 acoustic sensor in the Setúbal Lagoon (see Figure A.6(a)); (c):

Acoustic sensor measurements vs. FCS readings (R²=0.9949). . . . . . 43

iv



A.6 (a) Santa Fe City (Argentina) map with the location of several references

used in this work; (b) aerial view of the west urban natural reserve; (c)

the FWS network in the lower basin of the Salado River (SFe Prov,

Argentina). . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . 45

A.7 (a): Instrumentation of the WUNR (see aerial view in Figure A.6(b))

at various points along the urban catchment. The outlet of the main

drainage channel is also shown. (b): from top to bottom, the temporal

evolution of the water level at the reservoir, at the drainage outlet, the

precipitation and the groundwater level in the urban catchment and at

the entrance to the reservoir. The incept shows the water level predicted

by the random forest model. . . . . . . . . . . . . . . . . . . . . . . . 46

A.8 (a): colocation of sensors in the field; (b) Predictions from machine-

learning models superimposed on reference soil-moisture sensor records;

(c) agro-IoT station recording alfalfa height; (d): raw data on alfalfa

height. . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . 46

B.1 Sequential steps that make up a FEWS (see, e.g. Plate (2007); Henonin

et al. (2013)). . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . 50

B.2 The Salado River, Santa Fe, Argentina. (a) The network and limits of the

lower watershed; (b) the Santa Fe-Rosario Highway (satellite imagery

source: Google Earth). . . . . . . . . . . . . . . . . . . . . . . . . . . 53

B.3 Bridges of the Santa Fe-Rosario Highway over the Salado River during

and after the 2003 flood. (a) Collapse of the westward abutment; (b)

Reconstruction after the flood. . . . . . . . . . . . . . . . . . . . . . . 54

B.4 Histogram of river stages at the Santo Tomé station and the State Road
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RESUMEN

Esta tesis pretende mitigar, en parte, la creciente necesidad que existe por mejorar la efi-
ciencia en la gestión de recursos hı́dricos y agrı́colas en un contexto de cambio climático
y escasez de agua. El tratamiento de datos es el proceso que ocurre entre la recolección
y su posterior traducción en información utilizable. La problemática central radica en
la carencia de sistemas de monitoreo precisos y asequibles que puedan proporcionar
datos confiables sobre las condiciones hidrológicas y su vinculación a procesos ı́ntima-
mente relacionados como el crecimiento y rendimiento de cultivos. Para abordar esta
problemática, se desarrollaron dispositivos IoT (del inglés, Internet of Things) de bajo
costo para la medición automática de variables hidrológicas, ambientales y biológicas.
Los dispositivos, basados en plataformas de hardware libre / open-source, permitieron
la recopilación de información precisa sobre la dinámica hidrológica y la medición de
la evolución del crecimiento de cultivos en la región centro de la Provincia de Santa
Fe. Por tanto, la tesis propone una transformación en la forma en que se adquiere y
se agrega valor a los datos agro-hidrológicos. El estudio incluye el diseño y desarrollo
de hardware y software, la calibración y validación de sensores utilizando técnicas de
aprendizaje automático, y la implementación de sistemas de monitoreo agro-hidrológi-
cos. Además, se emplearon modelos de crecimiento y rendimiento de cultivos basados
en datos recolectados por estos dispositivos, demostrando su eficacia en la mejora de
la gestión de recursos hı́dricos y su impacto en la producción agrı́cola. El desarrollo ha
mostrado resultados alentadores para su uso como herramienta de soporte en la toma
de decisiones. La investigación concluye con recomendaciones para la implementación
y mejora continua de estos sistemas, subrayando su potencial impacto positivo en la
agricultura y la gestión del agua.

x



ABSTRACT

This thesis seeks to partially mitigate the growing need to enhance efficiency in ma-
naging water and agricultural resources amid climate change and water scarcity. Data
processing is a key activity that bridges the gap between data collection and its trans-
formation into actionable information. The central challenge stems from the absence of
precise, affordable monitoring systems capable of delivering reliable data on hydrolo-
gical conditions and their connections to closely related processes, such as crop growth
and yield. To address this issue, low-cost IoT (Internet of Things) devices were deve-
loped for the automated measurement of hydrological, environmental, and biological
variables. Based on open-source hardware platforms, these devices facilitated the ac-
curate collection of data on hydrological dynamics and tracked crop growth trends in
the central region of Santa Fe Province. Consequently, this thesis proposes a paradigm
shift in how agro-hydrological data is gathered and adds value. The study encompasses
the design and development of hardware and software, sensor calibration and valida-
tion using machine learning techniques, and the instrumentation of agro-hydrological
monitoring systems. Furthermore, crop growth and yield models, driven by data from
these devices, were utilized, proving their effectiveness in optimizing water resource
management and boosting agricultural productivity. The development has yielded en-
couraging results, establishing it as a valuable decision-support tool. The research con-
cludes with recommendations for the implementation and continuous improvement of
these systems, emphasizing their potential to positively impact agriculture and water
management.
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Sobre la modalidad de la tesis

Esta tesis doctoral fue presentada bajo la modalidad denominada tesis por compilación,
conformada por artı́culos cientı́ficos que constituyen el núcleo de la investigación y que
fueron enviados y publicados en revistas internacionales. A continuación se presenta una
descripción técnica general donde se resume el trabajo realizado a fin de proporcionar
al lector un hilo conductor que vincule la problemática general con las investigaciones
presentadas en cada artı́culo.

1 Introducción

1.1 La importancia de los datos hidro-ambientales en la gestión

hı́drica

En el campo de las ciencias ambientales y en particular en el estudio de los procesos
hidrológicos y sus aplicaciones en la agronomı́a, contar con mediciones precisas resulta
fundamental. Las observaciones de largo plazo son la base de la hidrologı́a como cien-
cia; permiten establecer referencias, observar tendencias y ciclos naturales; son insumos
básicos para evaluar modelos predictivos y dan soporte en la toma de decisiones para la
gestión del agua y el medio ambiente (Tetzlaff et al., 2017).

La disponibilidad de datos continuos con una adecuada resolución espacial es esen-
cial para comprender y modelar de manera precisa la dinámica hı́drica de una región. Por
tanto, para gestionar adecuadamente los recursos hı́dricos es un requisito indispensable
conocer qué y dónde medir, la cantidad y calidad de la información, con qué frecuencia
y por cuánto tiempo. El verdadero valor de los datos se reconoce cuando se destinan a
producir servicios y productos que puedan generar beneficios socioeconómicos y am-
bientales. Más aún, el acceso sin restricciones a la información facilita la innovación y
el descubrimiento de nuevos usos (Stewart, 2015) (Figura 1.1).

Algunas de las series de datos más antiguas a nivel mundial se encuentran en el
Central England Temperature Data Series1, sus mediciones de temperatura ambiente se
remontan a 1659 convirtiéndolo en uno de los registros meteorológicos más extensos del
mundo (Manley, 1953). Registros de este tipo son utilizados, por ejemplo, para validar
modelos que reconstruyen la temperatura del planeta en los últimos milenios mediante
indicadores indirectos (Mann & Jones, 2003).

Otro caso excepcional es el vinculado a la fecha de floración de los cerezos, un
fenómeno de gran importancia en la cultura japonesa que ha sido documentado durante
más de 1200 años. En los últimos años se produjo la fecha de floración más temprana
desde que existen registros. Christidis et al. (2022) atribuyen este adelanto al avance del
cambio climático inducido por el ser humano. Estos ejemplos son una muestra sobre
la importancia que tiene mantener series a lo largo del tiempo y su utilidad en otros
campos de la ciencia para el que originalmente no fueron contemplados.

En las últimas décadas, la gestión de los recursos hı́dricos se ha convertido en un
desafı́o para la humanidad. A medida que la población mundial continúa su crecimien-
to, el suelo cultivable disponible por habitante disminuye constantemente. Al mismo

1HadCET: www.metoffice.gov.uk/hadobs/hadcet, accedida 28-08-2024
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1.4 El papel del hardware libre y los dispositivos IoT en la medición

de variables agro-hidrológicas

El registro automático in situ de variables hidro-ambientales o agro-hidrológicas suele
realizarse mediante tecnologı́a propietaria, en general, poco flexible y costosa, lo que
dificulta contar con series continuas y a una adecuada resolución espacial.

La irrupción de las plataformas de hardware libre, también conocidas como hardwa-
re open-source (FOSH, del inglés Free Open Source Hardware), surgen como una alter-
nativa atractiva para instrumentación cientı́fica e investigación, debido a su flexibilidad,
a la gran cantidad de documentación técnica disponible y a la filosofı́a subyacente de
sus licencias (GPL para el software, Creative Commons para la documentación, CERN
Open Hardware License para diseños de hardware, entre otras) que permiten la libre
distribución de los aportes y avances realizados por terceros (Fisher & Gould, 2012a;
Pearce, 2012).

De acuerdo con Pearce (2020) las tecnologı́as FOSH proporcionan ahorros económi-
cos en torno al 87 % en comparación con herramientas propietarias equivalentes, y llega
al 94 % para aquellas plataformas que utilizaron microcontroladores de tecnologı́a Ar-
duino e impresiones 3D en sus desarrollos.

Como explica Chagas (2018) los esfuerzos para que la ciencia sea más abierta y
accesible se concentran en aspectos que surgen antes y después de realizar experimen-
tos (artı́culos, bases de datos y herramientas). Sin embargo, el acceso al instrumental
cientı́fico necesario se encuentra fuertemente limitado por las restricciones económicas,
lo que ha generado una disponibilidad desigual en todo el mundo, afectando predomi-
nantemente a paı́ses e instituciones de recursos limitados. El bajo costo de las tecno-
logı́as FOSH, combinado con la capacidad de modificarse las convierten en una valiosa
herramienta para su uso en ciencias.

En este contexto, cabe destacar que el desarrollo de dispositivos IoT (del inglés, In-
ternet of Things) basados en plataformas FOSH para medir parámetros agro-hidrológi-
cos ha sido una parte esencial y preponderante de la tesis actual. El uso de este tipo
de tecnologı́as se encuentra en ascenso continuo desde hace años. Por ejemplo, se han
creado sistemas diversos para monitorear calidad de aire, crecimiento de cultivos, ca-
lidad de agua, entre muchos otros (Mesas-Carrascosa et al., 2015; Ripoll et al., 2019;
Rabault et al., 2020; Gore et al., 2020). El uso de plataformas FOSH para el monito-
reo hidro-ambiental aplicado al sector del agro implica un paradigma novedoso para un
sector pujante de la economı́a de la República Argentina (RA) como es la producción
de alimentos.

2 Contribución de la tesis

En el contexto descrito, donde se ha subrayado la crı́tica importancia de la medición
de variables hidro-ambientales esta tesis doctoral propone un aporte novedoso en
el avance de este campo multidisciplinario. El presente trabajo se ha enfocado en el
desarrollo de dispositivos de medición innovadores, flexibles, de bajo costo y su apli-
cación para cuantificar y caracterizar variables hidrológicas, ambientales y biológicas
(agro-hidrológicas) relevantes con el fin de comprender su interrelación (Figura 1.7).

A través de un enfoque integral, esta investigación ha buscado contribuir al cono-
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3.2 Objetivos especı́ficos

• Diseñar dispositivos de medición flexibles y de bajo costo basados en plataformas
de hardware libre / open source, destinados tanto a la medición de parámetros
agro-hidrológicos (para su eventual uso en la gestión del recurso hı́drico), como
para su aplicación al sector agropecuario.

• Investigar y aplicar algoritmos de aprendizaje automático para la calibración de
sensores de bajo costo, con el propósito de mejorar la precisión de las mediciones
y su adaptabilidad a diversas condiciones ambientales, ası́ como su integración
efectiva en los dispositivos de medición desarrollados.

• Monitorear el crecimiento de los cultivos integrando sensores y tecnologı́as ade-
cuadas para la medición continua y automática del proceso biológico de creci-
miento.

• Desarrollar modelos de crecimiento y rendimiento de cultivos basados en la in-
formación recopilada, permitiendo la creación de curvas predictivas que faciliten,
eventualmente, la implementación de mejores prácticas agronómicas.

• Validar la efectividad del paradigma propuesto comparando los resultados obte-
nidos con métodos tradicionales.

4 Contenido de la tesis

El Apéndice A ofrece una visión integral de la investigación realizada en esta tesis a
través del artı́culo de revisión “Artificial Intelligence of Things for Smart Water Sys-
tems” (Ferrer-Cid et al., 2024a), actualmente aceptado aunque en proceso de correc-
ción para su publicación en IAHR Water Monograph Series. Este trabajo de revisión
establece las bases teóricas y el estado del arte de los sistemas IoT aplicados a fenóme-
nos hı́dricos y la integración de técnicas de inteligencia artificial, ejemplificando con
casos de Santa Fe (hidrológicos y agro-hidrológicos) el potencial de las tecnologı́as
AIoT para la monitorización y validación de datos.

El Apéndice B presenta la investigación aplicada “A cost-effective redundant com-
munication system for improving the reliability of a flood early warning system” (López

et al., 2020), publicada en Journal of Hydroinformatics. El estudio aborda las deficien-
cias del Sistema de Alerta Hidrológico del rı́o Salado en Santa Fe, documentando sus
fallas recurrentes e implementando un sistema de transmisión redundante que mejo-
ra significativamente la confiabilidad de las estaciones propietarias, proporcionandole
mayor flexibilidad operativa y robustez.

El Apéndice C incluye una contribución publicada en la revista Sensors bajo el
tı́tulo “A low-power IoT device for measuring water table levels and soil moisture to ease
increased crop yields” (López et al., 2022). El trabajo desarrolla dispositivos IoT de bajo
costo basados en hardware libre para medir parámetros hidro-ambientales agrı́colas,
optimizando su consumo energético e implementando algoritmos de machine learning
para la calibración de sensores de nivel freático y humedad del suelo.

Finalmente, en el Apéndice D, se presenta el estudio sobre la medición de paráme-
tros agro-hidrológicos y su impacto en el crecimiento y rendimiento de alfalfa. Este
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5.2 Desarrollo de dispositivos basados en hardware libre

El acceso a las estaciones del SAH del rı́o Salado permitió una evaluación en forma
simultánea de dispositivos basados en plataformas FOSH en su etapa embrionaria para
registrar niveles hidrométricos (ver Apéndice A). Las dificultades e inconvenientes aso-
ciados a la escasa flexibilidad de las estaciones del SAH resultaron una motivación que
llevó al desarrollo de dispositivos de medición automáticos utilizando como base plata-
formas FOSH. La descripción detallada sobre el diseño del datalogger, sus componentes
y los sensores utilizados se encuentra en el artı́culo del Apéndice C. A continuación se
presenta un resumen de las caracterı́sticas de los dispositivos.

Diseño del equipo

Un aspecto clave en el desarrollo de dispositivos FOSH es la elección de una platafor-
ma de uso masivo, que cuente con presencia en el mercado local, con documentación
profusa y con un consumo energético reducido considerando que estará funcionando en
forma ininterrumpida en campo. El dispositivo fue diseñado para funcionar bajo cuatro
estados:

• Medición: obtiene las lecturas de los sensores.

• Almacenamiento: registra los datos en memorias persistentes.

• Transmisión: envı́a los datos en forma inalámbrica (en caso que corresponda).

• Suspensión: duerme, ingresa en un modo de bajo consumo hasta que nuevamente
sea el momento de medir.

Bajo este esquema de trabajo se programó el firmware de un datalogger con funcio-
nalidades básicas, teniendo en cuenta que la transmisión es una opción de la que se pue-
de prescindir ya que en la mayorı́a de los sitios de campo la conectividad es deficiente
o nula. En base a esto el datalogger base fue conformado por un módulo de almace-
namiento de datos persistentes (memoria micro SD), un reloj de tiempo real (módulo
RTC), el microcontrolador principal (Arduino Pro Mini), un sistema de alimentación
con baterı́as recargables mediante energı́a solar y una serie de componentes electróni-
cos necesarios para la adaptación del voltaje y la optimización del consumo energético.
En la Figura 1.11 se muestra la evolución de las placas prototipo que conforman el
datalogger base.

El análisis de consumo energético fue realizado en laboratorio individualizando la
carga de cada componente para el sistema completo. Se estableció que con un consumo
en torno a 1 mA se alcanzaba la suficiente autonomı́a para 3 meses de funcionamiento
con dos baterı́as en serie de 18650 Li-ion de 3.7 V, 2600 mAh. Este perı́odo es lo sufi-
cientemente amplio teniendo en cuenta que las baterı́as se cargan diariamente mediante
paneles solares. Para alcanzar estos niveles de consumo se utilizó un circuito electrónico
basado en transistores que desconectan los módulos RTC y SD cuando no están siendo
utilizados y los conecta para el almacenamiento y la consulta de la fecha y hora. A su
vez, se incorporaron conexiones extras para la alimentación de sensores con este mis-
mo esquema de corte, en caso que presenten un consumo elevado. Se agregaron lı́neas
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3D para finalmente encapsularlo con resina epoxi. De este modo se conformó una sonda
de 12 metros de longitud que permite medir hasta 10 metros de columna de agua. Para
establecer el diálogo con este sensor se programó el firmware especı́fico5, no ası́ para el
resto de los sensores que contaban con sus propias bibliotecas. Estos sensores pueden
utilizarse para registrar altura de rı́os y arroyos aunque requieren una instalación de
mayor complejidad, por tal razón se optó por distanciómetros ultrasónicos para estos
casos.

Para el registro de precipitación se utilizó el método convencional por cangilones.
Inicialmente se programó el firmware del datalogger utilizando el mecanizado de un
pluviómetro comercial. En etapas posteriores se realizaron diseños propios mediante
impresiones 3D. La validación se realizó utilizando en simultáneo equipos de referencia.
El ciclo de funcionamiento del datalogger (medición - almacenamiento - transmisión -

suspensión) cambia levemente para el caso del pluviómetro por cangilones ya que cada
volcado del cangilón se debe contabilizar aunque el equipo se encuentra en modo bajo
consumo (suspensión). En este caso se utilizó el esquema de llamadas a interrupciones
(IRQ, del inglés interrupt request) que provee el microcontrolador Atmel368p (presente
en la placa Arduino Pro Mini), de modo que ante cada vuelco del cangilón se emite
un pulso que “despierta” al microcontrolador, se contabiliza y luego retorna a su estado
previo. De este modo, cuando el programa retoma su ciclo de trabajo, almacena las
variables actualizadas.

Para el caso de los sensores de humedad del suelo de bajo costo, se utilizó resina
epoxi en el encapsulado para proteger el circuito electrónico y como elemento de trac-
ción. Esta resina es comúnmente utilizada en sensores comerciales (por ej. Hydraprobe,
Decagon 10HS, etc.), aun ası́ se verificó que el material no afecta sus lecturas mediante
pruebas de laboratorio asegurando ası́ la inocuidad en las mediciones. En la Tabla 1.1 se
listan los sensores utilizados, su tecnologı́a de medición y protocolo de comunicación
con el datalogger para los diferentes sistemas de medición desarrollados.

Tabla 1.1: Variables registradas por el dispositivo desarrollado

Parámetro Modelo/Marca Tecnologı́a Protocolo

Nf HSC / Honeywell Presión diferencial SPI

Hs
HydraProbe II / Stevens TDR SDI-12

SKU: SEN0193 / DFRobot Capacitivo Analógico

Hd y Ac MB7092 /Maxbotix Ultrasónico Serie/Analógico

HTa AM2302 / Aosong Electronics Capacitor / termistor DHT

Ts DS18b20 /Maxim Integrated Semiconductor 1-Wire

An Adafruit Efecto Hall Analógico

Pr Propio Cangilón IRQ

Calibración y validación de sensores

La calibración se refiere al proceso de corrección de errores sistemáticos en las lecturas
de los sensores, generalmente comparando un primer instrumento de referencia con un
segundo sensor no calibrado. Con este procedimiento se busca ajustar sus parámetros

5Aporte a github.com/vwls/Honeywell pressure sensors, accedida 28-08-2024
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y proporcionar una estimación precisa. Más especı́ficamente, definimos como yi la me-
dición de referencia, y como xi=[xi1, . . . , xiM] el vector que inclye las mediciones por
calibrar y las mediciones externas, el proceso de calibración consiste en hallar la función
f:RM

→ R que mejor aproxima estas mediciones a la de referencia:

yi = f (θ, xi) + ǫi , (1.1)

con i = 1 · · ·N mediciones, f (·) es la función utilizada para calibrar el sensor y ǫi es rui-
do aleatorio distribuido siguiendo la distribución normal de media cero y varianza σ2, es
decir, N(0, σ2) y θ son los parámetros del modelo de calibración para ser optimizados.
Entre los diferentes algoritmos para estimar la función f (·) se utilizó Regresión Li-
neal Múltiple (MLR) para aquellos casos donde se considera que las mediciones tienen
un comportamiento lineal y K-Nearest Neighbors (KNN), Support Vector Regression
(SVR) y Random Forest (RFO) para los casos donde el comportamiento considerado es
no lineal (ver Apéndice C).

Los sensores pasaron tres etapas de ensayos para su validación: una primera en la-
boratorio, donde se contrasta con mediciones manuales o pruebas rudimentarias, luego
una a la intemperie junto a otros instrumentos considerados confiables y finalmente su
instalación en campo. En general, las dos últimas instancias son utilizadas para obte-
ner datos para la posterior calibración. A continuación se describen en forma resumida
aquellas variables que han requerido un proceso de calibración más elaborado.

Freatı́metro / limnı́metro

El sensor de presión diferencial, utilizado para diseñar el freatı́metro / limnı́metro, fue
validado en laboratorio mediante el registro de descargas por gravedad de columnas
de agua de cuatro metros y comparando al inicio con mediciones manuales y modelos
teóricos como balance de cantidad de movimiento y balance de energı́a simplificado
(Bernoulli). En una segunda instancia, la sonda fue evaluada en situaciones reales, en
conjunto de otras dos sondas comerciales. En este ensayo se deprimió la napa mediante
bombas de extracción y luego se recargó el pozo con seis metros de columna de agua,
registrando hasta su descarga natural. Se utilizaron regresiones lineales para evaluar la
relación existente entre dos instrumentos considerados de referencia y el desarrollado.
En la Figura 1.12 se muestra la evolución de la sonda desde el primer prototipo a su
versión final6.
Humedad del suelo

Los sensores de humedad del suelo fueron primeramente validados en laboratorio rea-
lizando análisis gravimétrico con muestras de diferentes tipos de suelo. Estos primeros
ensayos dan una idea del rango de medición de los sensores, sensibilidad y estabilidad
a fin de constatar su viabilidad para instalar en campo. Para el análisis gravimétrico fue
integrado un sistema de cámara fotográfica automática para tomar las lecturas de las
balanzas y en simultáneo las mediciones de los sensores. Se desarrolló un sistema OCR
(del inglés, optical character recognition) para identificar los valores de las balanzas,
vinculando las lecturas de los sensores. Con este ensayo se verificaron las curvas de
secado obtenidas por los sensores de bajo costo (Figura 1.13).

Para la calibración se utilizó como instrumento de referencia el sensor HydraProbe
II de Stevens y para la temperatura del suelo, otra de las variables predictoras, el sensor

6La empresa CCG Ingenierı́a SA escaló la fabricación del equipo para su comercialización mediante

un acuerdo de vinculación tecnológica con la Universidad Nacional del Litoral
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máxima probabilidad (maximun likelihood), es decir, minimizando el valor de la varia-
ble chi-square χ2. La formulación matemática completa, ası́ como también los detalles
del procedimiento para calcular el GDD se encuentra descrito en el Apéndice D.

La dispersión de la señal debido a la penetración dispar del eco acústico en el cul-
tivo es producto de su “porosidad” y densidad de cobertura por lo que se requiere un
procesamiento previo con el fin de obtener una curva suave que describa el crecimiento
de la planta a lo largo del tiempo y que será en última instancia utilizada para ajustar
los modelos teóricos. El procedimiento para obtener datos suavizados consistió en la
limpieza de valores anómalos y seguidamente:

• A) Obtención de las envolventes superiores (esup) para los datos de cada sensor.
Se calculó la media (µw) y desviación estándar móvil (σw) con una ventana (w)
de 30 datos, con un intervalo de confianza (z) del 95 %: esup = µw + z · σw

• B) Suavizado de las envolventes mediante filtrado. La envolvente de cada sensor
fue suavizada mediante el procedimiento estándar de filtrado LOWESS (del inglés
locally weighted scatterplot smoothing). En forma simplificada, el algoritmo esti-
ma el valor suavizado con los N puntos más cercanos usando una regresión lineal
ponderada (Cleveland, 1979). Otros procedimientos (filtro de Wiener por ejem-
plo) fueron evaluados y descartados por un desempeño inferior al seleccionado.

• C) Promediado. Se obtuvo el promedio entre las curvas suavizadas del paso pre-
vio. Esta curva fue utilizada como el crecimiento evolutivo del cultivo para los
análisis posteriores.

En la Figura 1.17 se muestra el tratamiento de datos para un ciclo de crecimiento
de alfalfa correspondiente a marzo de 2023, en el que se pueden observar las salidas
de cada una de estas instancias; que luego son utilizadas como insumo para la siguiente
fase. Estas tareas previas a la modelación son fundamentales para preparar o mejorar los
datos antes de aplicarlos a modelos (ya sea analı́ticos o de IA ). En el Apéndice A.3.1
se detallan esta serie de tareas comunes previas a su uso en el que también suelen asistir
herramientas de IA. A su vez, en el Apéndice D se detalla el enfoque utilizado para los
datos de cultivos que aquı́ se presentan en forma resumida.

Rendimiento de alfalfa

Al finalizar cada ciclo de crecimiento se realizaron cortes del cultivo a 12 ± 2 cm para
calcular el rendimiento de su biomasa (DMY) (Figura 1.18). Los muestreos se realizaron
en tres sitios, ya que la estación de cultivos fue desplazada entre diferentes potreros
dependiendo del estado de la alfalfa (Figura 1.15). El rendimiento de la alfalfa es un
fenómeno complejo que involucra la contribución de parámetros climáticos, del cultivo
y del suelo. Una de los parámetros relevantes es la altura del cultivo (R), por lo que
es razonable indagar sobre su correlación con la biomasa producida. Para los 46 pares
de datos (R, DMY) se realizó una regresión lineal simple y, para un subconjunto de 25
cortes, donde además se registraron los otros parámetros agro-hidrológicos, se realizó
una regresión lineal múltiple seleccionando los predictores (dependientes del tiempo
e independientes entre sı́) de acuerdo a la calidad, cantidad y disponibilidad de datos,
entre ellos, la profundidad de la capa freática, la lluvia caı́da, la altura de la planta,
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Figura 1.18: Muestreo destructivo para determinar el rendimiento de materia seca.

precisión, eficiencia energética y robustez; tercero, los hallazgos de la estación de moni-
toreo de alfalfa, demostrando la capacidad de generar modelos precisos de crecimiento y
rendimiento; y cuarto, los desafı́os y perspectivas de implementación, donde se analizan
los aspectos necesarios para la adopción de estas tecnologı́as a gran escala. Los resul-
tados confirman que las tecnologı́as de hardware libre han sido efectivas para obtener
datos valiosos sobre procesos hidrológicos y biológicos.

6.1 Mejoras en el sistema de alerta y desarrollo del sistema de mo-

nitoreo hidrológico

El aporte inicial de esta tesis radica en el diseño de una interfaz común de comunica-
ción que permitió dialogar con sistemas originalmente cerrados y poco flexibles, brin-
dando la posibilidad de gestionar la estación, manipular y enviar los datos medidos por
el Sistema de Alerta Hidrológico (SAH) del rı́o Salado a través de enlaces inalámbri-
cos alternativos. En particular, los datos de altura hidrométrica para tres estaciones del
SAH (instrumentada por el Gob. de la Provincia de Santa Fe) fueron enviados por el
sistema redundante diseñado con una pérdida de datos del 0.7 % comparado con el sis-
tema satelital ORBCOMM con pérdidas de un 20.3 %. Este desarrollo permitió dotar de
cierta flexibilidad a equipos variados de tecnologı́a propietaria como estaciones meteo-
rológicas, eddy covariance, entre otros, de diferentes fabricantes (Pegasus, Spectrum,
Campbell, Stevens, Genica, etc.).

Durante el perı́odo que transcurrió la investigación en el SAH del rı́o Salado se eva-
luaron los primeros prototipos, principalmente el datalogger y los sensores ultrasónicos
para el registro de altura hidrométrica. Los resultados demostraron completa fiabilidad
(R2 = 0.99) en las lecturas en comparación con datos oficiales (ver Figura A.5). En esta
primera instancia se observó un elevado consumo energético identificando ası́ el pun-
to débil de estas plataformas, sin embargo demostraron ser una alternativa viable y en
muchos casos superadora respecto a las estaciones comerciales.

El sistema de monitoreo hidrológico desplegado en una cuenca de la ciudad de San-
ta Fe se realizó utilizando los dispositivos FOSH desarrollados para tal fin. Los datos
registrados desde diciembre de 2022 a la actualidad demostraron una excelente calidad
y permitieron observar la dinámica de la cuenca con un gran nivel de detalle, obtenien-
do información hidrológica desconocida por la gestión municipal. La red de monitoreo
permite analizar el impacto que tiene la precipitación en la fluctuación de las variables
relevantes como el nivel hidrométrico en la salida de la subcuenca (alcantarilla troncal),
el nivel del agua del reservorio de almacenamiento y las napas freáticas.
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significativas en los sistemas de protección, factores como la presencia de insectos y la
acumulación de tierra pueden interferir considerablemente en la precisión de las medi-
ciones, comprometiendo la integridad de los datos obtenidos.

En cuanto a la aceptación institucional, tanto en el Sistema de Alerta Hidrológico
como el la red de monitoreo urbana, aunque inicialmente hubo interés y compromisos
para continuar el trabajo, los cambios de gestión dificultaron su continuidad. La falta de
financiamiento y la discontinuidad de polı́ticas impidieron consolidar las redes de alerta
y monitoreo propuestas, evidenciando la dificultad de sostener estos desarrollos en el
ámbito estatal.

7 Conclusiones y recomendaciones

El objetivo principal de esta tesis fue investigar fenómenos naturales vinculados con
el ciclo hidrológico mediante el uso de sistemas de medición IoT desarrollados sobre
plataformas de hardware libre / open source (FOSH). A lo largo de este estudio se desa-
rrollaron sistemas de monitoreo flexibles que permitieron registrar diferentes variables
hidro-ambientales tanto para estudiar su dinámica como para evaluar el impacto e inter-
relación en el crecimiento y rendimiento de cultivos de alfalfa.

Los resultados obtenidos pueden ser juzgados bajo dos aspectos. Primeramente, re-
ferido al desempeño demostrado por los dispositivos de medición y sus sensores aso-
ciados. Luego de exhaustivos ensayos, validaciones, calibraciones y más de 3 años de
funcionamiento en campo se puede considerar que alcanzaron un elevado nivel de con-
fiabilidad. Sumado a esto, probaron ser lo suficientemente flexibles para adaptarse a
diferentes escenarios para la medición de procesos hidrológicos y problemas vincula-
dos. El segundo aspecto está relacionado a la calidad de las mediciones obtenidas y el
agregado de valor a los datos como insumo principal en modelaciones.

Los hallazgos de este trabajo dan cuenta del gran potencial en la integración de
variables hidro-ambientales como la precipitación, profundidad de la napa freática y
temperatura, entre otras, que junto a datos de crecimiento de cultivos permitieron mejo-
rar estimaciones del rendimiento. Por tanto, el producto combinado de esta tesis, junto
a desarrollos ulteriores (como la estimación de la morfologı́a de la planta en base a la
penetración del eco acústico) puede consituir una adecuada herramienta de soporte para
la toma de decisiones del productor agropecuario.

Se ha presentado un enfoque innovador y de bajo costo para estimar el rendimiento
de cultivos de alfalfa utilizando un dispositivo de escaneo ultrasónico. A través de este
dispositivo, se obtuvieron mediciones precisas de la altura de las plantas de alfalfa a lo
largo del tiempo. Los resultados mostraron la factibilidad de crear sistemas de medición
flexibles que permiten obtener información novedosa y relevante tanto para el monitoreo
hidrológico como para el sector agrı́cola.

A pesar de los aportes de este estudio, es importante reconocer algunas limitaciones.
Desde el punto de vista del instrumental, corresponde evaluar en forma permanente el
surgimiento de nuevas tecnologı́as, ya sea para incorporar funcionalidades o bien para
facilitar el procesamiento de los datos in situ ya que el margen de recursos compu-
tacionales disponibles es mı́nimo. En lo referido a los cultivos, tanto en los modelos de
crecimiento como en los de rendimiento, se debe tener en cuenta que la mayorı́a de los
datos fueron recolectados en una situación anormal de sequı́a. Por tanto, una limitante
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Apéndice A

Artificial Intelligence of Things for Smart

Water Systems

Resumen Tradicionalmente las cuencas se caracterizaban estadı́sticamente basadas en
registros a largo plazo, aunque esta metodologı́a ya no es válida debido al cambio
climático y otros efectos. La aparición de dispositivos IoT (del inglés, Internet of Things)
y la Inteligencia Artificial (IA) han permitido el desarrollo de sistemas inteligentes de
gestión de los recursos hı́dricos capaces de medir, monitorear, controlar y tomar decisio-
nes automatizadas o semi-automatizadas en tiempo real. Estos sistemas inteligentes se
conforman con la combinación de múltiples sensores, big data y tecnologı́as de IA para
proporcionar una inestimable ayuda a tomadores de decisiones. Los componentes de las
plataformas basadas en IoT incluyen sensores, dataloggers, módulos de comunicación,
diferentes paradigmas de computación, estrategias de privacidad y seguridad a un bajo
costo. Para la medición se utilizan diversos sensores como por ejemplo de temperatura,
precipitación y niveles freáticos, mientras que el diseño de nodos y los métodos de co-
municación permiten la transmisión de datos a largas distancias. Las tareas de mejora
de la calidad de los datos registrados por las plataformas IoT mediante técnicas de IA
incluyen la eliminación de ruido, la calibración de sensores, imputación de datos faltan-
tes, fusión de datos y detección de anomalı́as, entre otros. Por otro lado, el uso de los
datos abarca la modelación y predicción de fenómenos, detección de eventos y control
automático de sistemas inteligentes. Dos casos de uso ejemplifican estas aplicaciones:
en primer lugar, sistemas de monitoreo y alerta hidrológico en una cuenca urbana y en
otra regional, y el segundo sobre aplicaciones agro-hidrológicas en campos de alfalfa
utilizando sensores ultrasónicos. Se mencionan técnicas de aprendizaje automático para
calibrar sensores, frecuentemente utilizadas para mejorar su desempeño. En conclusión,
la combinación de tecnologı́as IoT e IA permite crear plataformas confiables y redu-
cir los costos de implementación de redes de monitoreo, creando nuevas aplicaciones e
innovaciones en la gestión inteligente del agua1.

1Este capı́tulo fue enviado a IAHR Water Monographs, Artificial intelligence in hydroinformatics
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issues. Recently, IoT-based smart water systems have become an important component
in the development of digital twins, which provide measures to particularise the mod-
elling of a particular phenomenon (Manocha et al., 2024). The incorporation of AI has
improved predictive capabilities for the early detection of natural disasters. As a result,
the decision-making processes and AI models responsible for obtaining information and
deciding on actions are fed by the data collected by IoT platforms. The merging of AI
and IoT has given rise to the so-called Artificial Intelligence of Things (AIoT), where
AI is embedded in IoT platforms, processing the data collected and even guiding the
design of smart devices.

This chapter delves into the development of AIoT for smart water systems. Firstly,
it describes the IoT components of a smart water system, along with current trends and
challenges. Then, it introduces the utilisation of AIoT, highlighting the role of AI in en-
hancing the quality of IoT data in what is referred to as the upstream pipeline. Addition-
ally, it introduces some AI-powered downstream applications. The chapter concludes by
examining two use cases: case A) the installation of IoT sensors at monitoring stations
to enhance the capabilities of a flood warning system (FWS) in two distinct subwater-
sheds - one in a rural area and the other in an urban setting. These sensors contribute to
an overarching FWS; case B) the monitoring of agro-hydrological parameters, includ-
ing rainfall, soil moisture, water tables, temperature, and crop growth, in an alfalfa field
using the same IoT system.

2 IoT enabling technologies

Next, the IoT-based platform components are explored: i) sensing, ii) node design, iii)
communication, iv) computing paradigms, v) privacy and security, and vi) deployment
and operational costs (Figure A.2).

2.1 Sensing

Miller et al. (2023) identified temperature, hydrogen potential (pH), dissolved oxygen,
total dissolved solids (TDS), turbidity, electrical conductivity (EC), oxidation-reduction
potential (ORP), chlorophylla, chemical oxygen demand (COD), and ammonia nitro-
gen, among others, as water quality parameters that can be measured using IoT tech-
nologies. According to de Camargo et al. (2023) the most commonly used water qual-
ity monitoring sensors are those from DFRobot (48%), followed by Atlas Scientific
(8%) and Vernier (2%). Among the sensors mentioned in the literature, the following
DFRobot models are the most commonly used: DO SEN0237, EC DFR0300, ORP
SEN0165, pH SEN0161 and SEN0169, TDS SEN0244, temperature sensor DS18B20,
turbidity sensor SEN0189 and level/depth sensor SEN0205. On the other hand, Atlas
Scientific manufactures environmental and electrochemical sensors for environmental
monitoring.

The most commonly used models are the env-20, env-40 and env-50 for measuring
DO, pH, temperature, EC and ORP. Examples of Vernier sensor models are PH-BTA,
ORP-BTA, SALT-BTA, DO-BTA, FLO-BTA and LJ-A, which are used to measure pa-
rameters such as pH, ORP, DO, salinity and flow velocity. Other sensors commonly
found in the literature include temperature sensors from the DHT11, DHT12, DHT22,
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with greater processing capabilities. They typically have clock speeds and RAM in
the range of hundreds of megahertz and kilobytes, respectively, and can support mul-
tiple communication technologies. Examples of middle-end IoT devices include the
ESP8266, ESP32, and Arduino Yun boards. High-end IoT devices are typically single-
board computers (SBCs) with a powerful processing unit, plenty of RAM, significant
storage capacity, and possibly a graphical processing unit (GPU) to run traditional op-
erating systems such as Linux or Windows 10 IoT Core. These devices can handle the
execution of heavy machine learning algorithms. A notable example of a high-end IoT
device is the Raspberry Pi.

Currently, the most widely used platforms are Arduino and ESP32, which can be
seamlessly integrated with others with greater computing resources, such as Raspberry
Pi, as required. However, for prototyping and experimental designs, other more spe-
cialised microcontroller units (MCUs) are used, such as the PIC16F877A, STM32L476RG
or LPC2148 or CC2430 MCUs (Silva et al., 2022).

2.3 Communication

Communication is one of the main tasks of an IoT node, where the collected data is
transmitted to a central server or cloud for different purposes. This communication
must not cause any losses, or delays in the case of a real-time application. In addition,
the location of the nodes and restrictions in terms of power consumption can hinder or
define the transmission mechanism and the use of communication protocols. Although
there is a wide variety of technologies and communication protocols, the characteristics
of IoT deployments for smart water systems (López-Ramı́rez & Aragón-Zavala, 2023),
which tend to be highly energy-constrained, make those that offer reduced overhead
and low power consumption the most relevant. These include long-range technolo-
gies with a coverage of several kilometres, such as cellular IoT technologies (M2M,
NB-IoT, LTE-M), and low power WANs (LoRaWAN, Sigfox), and short-range tech-
nologies, with a coverage up to 100 metres, such as Bluetooth Low Energy (BLE),
Wi-Fi HaLow (IEEE 802.11.ah), ZigBee, and WirelessHART (IEEE 802.15.4); (Singh

& Ahmed, 2021). Moreover, these communication technologies impose hard restric-
tions in terms of data packet length, protocol overhead, etc, which implies the use of
adaptation layers (e.g., 6LowPAN, 6TiSCH and 6Lo), header compression protocols
(e.g., SCHC), and modifications of the standard data transfer protocols used in the In-
ternet (e.g., CoAP and MQTT) (Gomez et al., 2017; Minaburo et al., 2021; Shelby et al.,
2014)

2.4 Cloud/fog/edge computing

The increase in the use of AI applications powered by data measured by IoT platforms
and the need to process large amounts of data is a challenge. Computing paradigms
need to adapt to IoT requirements and data volumes. The main approaches are the cen-
tralised and distributed paradigms (Kalyani & Collier, 2021). In the case of centralised
paradigms, cloud computing is the most relevant, where all nodes send measurements
to the cloud or a central server where data is stored and processed. Among the most
used commercial technologies, there is Amazon Web Service (AWS) and Azure, which
allow data processing through AI techniques. As for the distributed paradigms, there is
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supplies, dust and waterproof enclosures, among others, make up the initial cost. Low-
cost sensors and technologies are now a good alternative, although the trade-off for their
low price is potential data quality issues. Then, there are the assembly costs, as well as
the costs of setting up the cloud infrastructure, servers or fog, and the software required
at IoT nodes for data collection, storage, and transmission. Secondly, there are the costs
associated with the deployment phase, where nodes need to be placed in locations of
interest that may be difficult to access. Finally, there are the operational or maintenance
costs, which can be the most important part of a long-lasting smart system. These
include replacing components when they fail, and relocating and maintaining nodes.
Recently, AI techniques have been used to reduce operational costs by enhancing the
data quality and performing predictive maintenance, e.g., identifying which nodes and
sensors may have reliability problems and their cause (see section 3.1 for data quality-
related AI tasks).

For example, high transmission rates in battery-powered nodes can require more
power, more recharging, more wear and tear, or more frequent replacement, increasing
operating costs. These costs are typically high because maintenance is critical to pro-
viding quality data. Another example is smart FWSs, which have evolved from fully
integrated short-term hydrological forecasting to stand-alone in-situ measurement sys-
tems that warn their clients via SMS or other means (Federico Vilaseca & Gorgoglione,
2023; Zakaria et al., 2023). The importance of an intelligent FWS becomes clear when
the potential flood damage avoided is calculated, with a benefit of around€400 for every
€1 invested. López et al. (2020) document a detailed five-year study that explains the
main factor that caused the failure of the FWS of the lower Salado River basin (Santa Fe,
Argentina). Failures were mainly due to sensor and data logger malfunctions, as well
as power outages and transmission losses, or environmental factors such as lightning
strikes or the presence of insects, and acts of vandalism. Finally, they estimated that a
cost-effective open hardware alternative was on average eight times cheaper to maintain
than the proprietary hardware-software system.

3 AIoT for smart water systems

AI in conjunction with IoT technologies have provided the necessary tools for the de-
velopment of smart water systems (section 1). In particular, data obtained from IoT
platforms can be used to perform different applications through AI techniques, e.g.,
event forecasting, early warning, or anomaly detection. AIoT is devoted to the devel-
opment and use of AI techniques for processing data from IoT platforms, e.g., a smart
meter network. Specifically, the AIoT tasks can be classified according to their purpose
(Ferrer-Cid et al., 2024b); a) the use of AI for improving the quality of the data col-
lected by the IoT platform, in what is called the upstream pipeline, and b) the use of
AI to carry out applications with the processed data in what is called the downstream

applications.

3.1 Upstream tasks

The data collected must be of good quality if it is to be used for regulatory purposes
and to provide reliable information. Data quality in this context refers to data accuracy
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and completeness. However, the heterogeneous nature of IoT platforms implies that
data quality issues can arise, either due to the faulty sensors and meters used or in
transmitting the data. It is therefore important to introduce a series of AI-driven tasks to
improve data quality as much as possible, known as upstream pipeline tasks.

Figure A.4 shows how data quality can be improved in two steps by using the up-
stream pipeline; i) AI1, improving the quality of each node's data streams to obtain
enriched data, and ii) AI2, using data streams from different nodes to improve data
quality, taking into account the consistency of the data with respect to the rest of the
data measured by the platform. Therefore, data quality can be improved either by using
data from each node individually or at the network level by using data from different
nodes. The use of these blocks (AI1 and AI2) is complementary, i.e., both or only one
of them can be used, depending on the application and the tasks to be performed at
different levels. Regarding the improvement of raw data, phase AI1, the tasks to be per-
formed are focused on the improvement of the data using the data streams available in
each of the nodes. For instance, a node can measure temperature, relative humidity, and
rainfall at the same time, where the information from each of the phenomena can help
to detect or correct the data from the others. Among the different tasks for improving
the quality of the raw data some examples include (González-Vidal et al., 2019; López

et al., 2022):

• Denoising: signal denoising can be introduced to reduce signal-to-noise ratios
and to smooth out the data to feed the tasks that follow with more accurate data.
Examples include signal processing filters, e.g., low-pass filters, and multivariate
methods such as principal components analysis (PCA).

• Sensor calibration: might be a necessary task when IoT nodes include low-cost
sensors. In this situation, it is common practice to collocate the low-cost sen-
sors with a high-precision instrument that provides ground-truth measurements to
perform an in-situ calibration using supervised machine learning techniques.

• Missing value imputation: may be required when data losses occur, e.g., due to
communication or computational failures. At this stage, univariate time series
methods can be used to interpolate the data gaps as well as multivariate methods
that make use of all streams available in an IoT node, e.g., matrix completion,
multiple imputation by chained equations (MICE).

• Data fusion and proxy creation: can be used to combine data streams measur-
ing a specific phenomenon to produce a more accurate estimate. For instance,
one can combine the measurements of different low-cost sensors to obtain a more
accurate estimation. Techniques include the use of supervised machine learning
models and ensemble and consensus algorithms among others. In the case of
proxy creation, an unmonitored phenomenon can be modeled from a set of indi-
rect measurements, e.g., using a supervised machine learning model.

• Outlier detection: the detection of outlying and anomalous data can be critical to
avoid feeding applications with erroneous data and to avoid retrieving misleading
information. To this end, outlier methods such as z-score or empirical-cumulative-
distribution-based outlier detection (ECOD) can be used.
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The tasks and techniques to be implemented are not limited to the listed ones. The
implementation and design of an upstream pipeline for an IoT platform is completely
modular and dependent on the downstream applications to be performed with the data
and their requirements. This means that the two different levels can be implemented
with different tasks, a single level, or even replicate the same task at two levels, e.g.,
detecting anomalous data first using only node data and then network data. Moreover,
since most techniques are data-driven, i.e., they may require training prior to their ap-
plication, there are different computational paradigms to train and apply the different
techniques (see section 2.4). Finally, it is important to mention that in applications
where reliability is critical, apart from enriching the data, it is also possible to annotate
it, i.e., to add metadata indicating which actions have been performed, with which meth-
ods and the confidence in the actions. In this way, properties such as data traceability
and interpretability are maintained.

3.2 Downstream applications

AI has revolutionised many sectors, providing tools for obtaining relevant information
and for the automatic assessment and control of infrastructures. Modeling and predic-
tion of phenomena, event detection, and automatic control are among the many other
applications of AI in the field of smart water systems (Doorn, 2021). In the case of
modeling, there is the monitoring of phenomena. This can involve direct or indirect
measurements using proxies and virtual sensors. The development of proxies is part of
the upstream pipeline. An example of modeling is the monitoring of water quality from
other parameters such as salinity and temperature. Forecasting can follow monitoring
phenomena, where time series techniques and deep learning technologies are used to
predict different phenomena over time. For example, recurrent neural networks can be
used to predict water demand (Kavya et al., 2023).

Event detection applications include automatic irrigation or early warning systems
to mitigate the effects of natural disasters (floods, earthquakes, volcanic eruptions, forest
fires, extreme pollution, etc.). Supervised classification techniques as well as supervised
and unsupervised anomaly detection algorithms can be applied. Finally, in the case of
the automatic control of intelligent systems, all the above applications and prescriptive
tools can be used to support an automatic decision-making process (Jenny et al., 2020).
For example, computer vision techniques can be used to monitor crop yields in preci-
sion farming applications. Another application that is emerging and will be critical in
the coming years is the creation of digital twins, where an IoT network provides mea-
surements of a physical phenomenon that are fed to its virtual counterpart for character-
isation. Many applications can be realised from digital twins, such as smart irrigation
systems (Manocha et al., 2024). In short, although a comprehensive review of IoT-
derived applications is beyond the scope of this chapter, the goal of applications and the
use of AI is to obtain valuable information, optimise decision-making processes, reduce
operating costs, increase energy savings, and provide an optimised service to users.
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Example 1: flood early warning in the lower Salado River catchment (Santa Fe,

Argentina)

Following a major flood of the Paraná River in 1992, the Santa Fe Province invested
more than €65 million in flood control works throughout the state. The city of Santa
Fe is wedged between the confluence of the Salado River to the west and the alluvial
system of the Paraná River to the east (see Figure A.6(a)) and is located at 31 degrees
south latitude. The city's defences covered not only the eastern part along the Paraná
River, but also the Salado River on the western side. The main defence against flooding
from the Salado River was the western dike, which stretched along the city boundary for
about 7 km and was built 5.2 meters above the floodplain (see Figure A.6(b)). Although
the western levee was built in two stages, the third stage was never completed, leaving a
small unfinished gap formed by piles of bare earth reinforced with sandbags. In the first
quarter of 2003, unusually high rainfall in the province of Santa Fe saturated the lower
Salado River basin. Between 21 and 29 April, more than 400 mm of rain fell in some
areas, causing the river to burst its narrow and meandering channel, destroying bridges
and roads, isolating small towns on the way to its outlet, and flooding a third of the city
of Santa Fe (Vionnet et al., 2006a).

The lower Salado River FWS was established after the 2003 flood in the city of
Santa Fe (Figure A.6(c)). Frequent loss of information due to communication problems
with the storage site increased the operational vulnerability of the network. To address
this problem, a low-cost alternative solution using affordable equipment was proposed
(López et al., 2020). The upgrade included an interface that simultaneously transmitted
network data via an electronic bypass without interfering with the FWS satellite com-
munication system. Tests carried out at three stations showed that the low-cost interface
was efficient in transmitting data via WiFi or cellular in real time. The results estab-
lished a one-to-one data correspondence between the official system and the redundant
system. As a result of this learning process, a low-cost data logger was designed and
manufactured to measure hydrometric levels using a low-cost acoustic sensor. Labora-
tory experiments were carried out and the device was then installed at a yacht club in
the city of Santa Fe, where the periodic fluctuations of the Paraná River are observed
daily.

Example 2: hydro-environmental monitoring of the west urban natural reserve

(Salado River, Santa Fe, Argentina)

The city of Santa Fe faced challenges not only from river flooding on the Salado and
Paraná Rivers sides, but also from waterlogging during high-intensity storms. The city
began building an extensive network of drainage channels and reservoirs to collect rain-
water. Pumping stations regulate water levels in these peripheral reservoirs and release
excess water into surrounding rivers. Two of these reservoirs together form the West
Urban Nature Reserve (WUNR), which covers 142 hectares (see Figure A.6(b)). An
interconnected network of channels drains the urban catchment area, of approximately
1,700 hectares in size, that discharges into the WUNR.

The quantity and quality of water entering and remaining in the reservoirs posed a
risk to the local population and the integrity of the receiving water bodies. To address
this challenge, a system for continuous, open-access monitoring of hydrological and

44







trasonic distance meter was used to record alfalfa growth. By applying anomaly detec-
tion and smoothing algorithms, a logistic type experimental growth curve was obtained,
which is consistent with the accumulated experience in this regard (Figure A.8(d)). To
assess crop yield, the forage is periodically cut to estimate biomass production (dry
weight/area).

5 Concluding remarks

The main elements that make up an IoT system for measuring water-related phenomena
have been summarised. Then, the use of AI in the data coming from IoT-based smart
water systems has been described, emphasising the use of AI techniques to improve
data quality in the so-called upstream pipeline. This is crucial to provide reliable data
to the applications that feed on this data, called downstream applications. From this, the
main tasks and AI techniques that can be used have been reviewed, as well as possible
downstream applications that have an increasing impact today. Finally, in order to put
all the elements described into context, two examples of use cases in which AIoT plays
a key role have been shown. Overall, IoT and AI technologies can be combined to
create a reliable platform with optimised maintenance, enabling new applications and
providing a cost-effective alternative for smart water systems.
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Apéndice B

A cost-effective redundant communica-

tion system for improving the reliability

of a flood early warning system

Resumen: Los sistemas de alerta temprana de inundaciones funcionan con estaciones
de medición y comunicación para registrar y transmitir los datos hidrometeorológicas
colectados en tiempo real. El objetivo es permitir que los tomadores de decisión y
autoridades lleven a cabo acciones antes que una crecida llegue a lugares crı́ticos. El
sistema de alerta hidrológico (SAH) de la cuenca inferior del rı́o Salado, Argentina,
se conformó después de la inundación de la ciudad de Santa Fe en 2003. La pérdida
frecuente de información debido a problemas de comunicación satelital aumenta la vul-
nerabilidad operativa de la red. Primero, se analiza la frecuencia de inundaciones de la
región utilizando distribuciones estadı́sticas conocidas. Luego, se ofrece una solución
de bajo costo al problema de la pérdida de información basada en una interfaz de soft-
ware que transmite en paralelo los datos de la red a través de un bypass electrónico sin
interferir con el sistema de comunicación satelital del SAH. Las pruebas realizadas en
tres estaciones muestran que la interfaz resultó eficiente en la transmisión de datos vı́a
WiFi o comunicaciones móviles en tiempo real. Los resultados establecen una corre-
spondencia uno a uno de los datos cuando el sistema satelital y el sistema redundante
están activos. La interfaz está basada en computadoras de placa única y routers de bajo
costo. La variedad de sensores comerciales probados hace que la interfaz desarrollada
sea portable a situaciones similares, y los ahorros logrados en costos de mantenimiento
son significativos1.

1Este artı́culo fue publicado en el Journal of Hydroinformatics (2020) 22 (4): 856–875.
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Abstract: All early flood warning systems (FEWS) work with gauges and commu-
nications systems to collect and distribute hydro-meteorological measurements in real-
time. The objective is to allow the authorities to take action before the flood reaches
critical places. The FEWS of the lower Salado River basin, Argentina, were established
after the flood of Santa Fe city in 2003. Frequent loss of information due to commu-
nication problems with the repository site increases the operational vulnerability of the
network. First, the document analyses the flood frequency of the region using known
statistical distributions. Then, it offers a low-cost solution to the loss of information
problem based on an interface that transmits in parallel the network data through an
electronic bypass without interfering with the FEWS satellite communication system.
The tests carried out along three stations show the interface proved efficient in trans-
mitting data via WiFi or mobile communications in real-time. The results establish a
one-to-one data correspondence when the satellite system and the redundant system are
active. The interface is based on low-cost single-board computers and routers. The
variety of commercial sensors tested makes the developed interface portable to similar
situations, and the savings achieved – maintenance cost – are significant.

1 Introduction

Nowadays it is common to find a wide variety of early warning systems, ranging from
assessing the financial risk of bank conglomerates (Faranda et al., 2015) and famine
spreading by drought (Senay et al., 2015) to volcanoes eruptions (Gregg et al., 2015)
and the mitigation of natural disasters effects (Balis et al., 2013; Calvello et al., 2015).
Nevertheless, it is the management of flood hazards one of the most frequent and critical
components of public safety due to its usually disruptive impacts on public health and
infrastructure. (Plate, 2007; Chen et al., 2014). Therefore, the establishment of Flood
Early Warning Systems (FEWS) has been very active in the last decades to help decision
makers deal with hazardous floods (Garrote & Bras, 1995; Asante et al., 2007; Henonin

et al., 2013; Verdin et al., 2016).
As defined by Plate (2007), a FEWS is a set of actions oriented to protect lives and

properties whenever the river free surface elevation attains a pre-established threshold
value. Almost all flood warning networks work with gauges and communications sys-
tem to collect and distribute hydro-meteorological measurements. The information is
used in real time to predict whether a flood is about to happen, when it is going to arrive
at some critical points within the watershed, and how severe it is going to be.

Floods triggered by heavy rainfalls are of considerable interest in urban regions
bounded or crossed by large or medium size rivers (Plate, 2007; Fakhruddin et al.,
2015). As such, a FEWS is irreplaceable for local authorities since it allows them to
take proper actions before the flood arrives (Asante et al., 2007; Henonin et al., 2013).

Consequently, an early flood warning embraces few detailed sequential steps (Plate,
2007): capturing, transmitting, retrieving, forecasting, warning, and transforming. The
last two stages comprise warnings to local decision makers and the population in gen-
eral and then transforming the warnings into remedial actions. Figure B.1 depicts the
subsequent phases that make up a FEWS.

Flood warning systems that integrate rainfall monitoring with flood forecasting are
now operational in many countries all over the world (Henonin et al., 2013). Indeed,
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involving the direct action of some of its co-authors, who visited the Salado River Flood
Warning Network several times, documenting the occasional and specific failures of
each monitoring station. The survey is summarized in this paper, providing a clear
picture about which item of the network fails most frequently. To the best of the authors
knowledge, there are few detailed statistics spanning seven years that document the
failures of a flood warning system.

The survey triggered the need to find a technical solution, once it was detected that
communication blockage was the most frequent failure. Therefore, the way to solve the
problem of an operational Flood Warning Network, using pieces of hardware of com-
mon use combined with free software, is also a novel aspect if one takes into account
that it was addressed from the academic, and not from the professional field. However,
it is well-known that equipment developed by private industry for environmental appli-
cations is usually based on patented technology that manufacturers lock away from the
public reach. As a result, the user is soon in a somewhat uncomfortable situation due
to the impossibility of introducing changes in the hardware or software that controls the
equipment.

In tune with the problems mentioned, one of the main contributions of the present
work was the developed software to automatically emulate the manual process that op-
erators generally perform in front of the station when they download data, without inter-
fering with the normal operation of the network. The operator interacts with a Graphical
User Interface (GUI) using images rather than commands executed line by line. The se-
lected library (PyAutoGUI) allowed controlling, through a Python script, the mouse and
keyboard to automate the interaction with the proprietary GUI software and thus emu-
lating any desired manual operation. Such methodology was previously tested against
several commercial devices such as a Campbell® station, Steven® and Spectrum®
soil moisture sensors, and a Genica® phreatic level sensor and a Pegasus® station (the
earlier three made in the USA, and the former two made in Argentina). The variety
of commercial sensors and the scenarios tested make the proposed development easily
transferable to other situations with restrictions of similar characteristics (closed soft-
ware, lack of backup communication system). In this aspect, the solution proposed here
is in tune with the work of Sadler et al. (2016a).

In summary, the novelty of this work relies on three well-separated aspects; first, a
detailed field survey of more than seven years detected that communication blockage
of the flood warning system was the most frequent failure of the network. Second, the
automatic manipulation of a GUI is a technical contribution that emerged due to the im-
possibility of accessing the manufacturer's application of each data unit of the network,
with an end product that sends the data with incredible fidelity. Last but not least, the
testing of the methodology with different devices and environments ensures a trouble-
free and transferable product, making it attractive to similar systems or situations.

The remainder of the paper describes the main floods of the Salado River throughout
the 20th century to present days, including a brief description of the damage suffered
by the two bridges that cross the river since their construction in 1972. Then, the doc-
ument continues with the method developed to solve the problem mentioned above. It
includes a description of the FEWS of the Salado River, and the architecture of the
proposed alternative to transmitting the data of the network without using the satellite
communication system. The following section presents the results, which are mainly
based on the comparison between several data packets sent simultaneously through the

51



satellite and redundant communication systems. The paper ends by discussing the re-
sults and the far-reaching implication of the proposed solution. Finally, and to keep text
to a minimum, the previous research conducted on commercial devices is summarized
in Appendix 7. There, it is possible to find out how the developed interface interacts
automatically with the proprietary GUI software of some devices. All developments are
freely available to the reader in a Web repository.

2 Material and methods

2.1 The major floods of the Salado River, Santa Fe, Argentina

The design of a FEWS requires the estimation of maximum water levels attained for
floods corresponding to given return periods. This information is crucial for the city
authorities and people located on the floodplain, along the riverbanks. Nonetheless, it is
not the purpose of this work to carry out an exhaustive statistical analysis of the extreme
floods of the Salado River. This section offers a brief account of the historical floods
of the river, with an overview of the frequency distribution of the water heights. The
flood of 2003 caused, for the first time, loss of human life besides severe damage to the
public and private infrastructure. The official death toll was 23 (Vionnet et al., 2006b).
The serious consequences of the flood were the reasons behind the decision that pushed
forward the local authorities to establish an early warning system.

The Salado River crosses several provinces of Argentina. It flows for about 1150
km from the northwest of the country to its central part, near Santa Fe City (Figure
B.2a. The city borders on the west with that river, and to the east with the Paraná
alluvial system (Figure B.2b). Table 1 shows the great floods of the Salado River that
affected the city in the last 100 years. The listed floods were generated in the lower
watershed of the Salado River (Figure B.2a. The region comprises a relatively flat area
of approximately 30,000 km2. This region is located in the mid-west of the Province.
In the last fifty years, the basin has undergone modifications in land use, as well as the
development of a wide network of drainage channels. Areas with frequent flood risk
have been occupied by the population over the years, increasing the vulnerability of the
region. Despite these periodic setbacks, the lower river watershed supports a healthy
economy that is vital for the region and the country.

The Santa Fe-Rosario Highway (Province of Santa Fe) was inaugurated at the end
of 1972. It was necessary to construct two bridges to cross the Salado river, stretching
157 m each in a place where the alluvial valley was 2000 m wide (Figure B.2b). At
that time, the wetted cross-section was about 500 m2 under the bridges. Both structures
were destroyed during the 1973 flood. Surveys carried out after the flood revealed that
the cross-section had tripled its size, with erosions deeper than 5 m from the initial bed
level. The bridges were rebuilt with a pile foundation placed at a much greater depth but
still with the same span, 157 m. The flood of 2003 again affected the bridges, collapsing
one of the abutments (Figure B.3a). The bridges were rebuilt once again, this time
stretching a total of 578 m (Figure B.3b).

It is possible to infer the statistics of extremes floods of the Salado River by looking
at the 1953–2019 daily water level data. The records correspond to the Santo Tomé
station by the Salado River outlet at the Paraná alluvial system, and the cross-section
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2.2 The FEWS at the lower watershed of the Salado River, Ar-

gentina

After the catastrophic flood suffered by the area and the Santa Fe City in 2003 (Vionnet

et al., 2006b), the Government of the Santa Fe Province called for the implementation
of a FEWS, a bid awarded to a joint venture between a Buenos Aires-based company
and a firm in charge of the hydro-meteorological measurements nationwide (Tecmes &

Evarsa, 2020).
The network initially consisted of 41 stations, with only 36 fully operational until

now (Figure 2(a)). Among them, 24 measure river stages, nine rainfall and soil moisture,
and five rainfall, soil moisture, relative humidity, atmospheric pressure, phreatic levels,
solar radiation, evaporation, and wind speed (Contini G. F. et al., 2014).

Each station has an outer enclosure which protects an inner cabinet that complies
with the IP65 standard (water-dust resistant) and hosts the datalogger with the Remote
Transmission Unit (RTU), the wiring of the terminal blocks, the satellite module trans-
mitter and the power system (battery, charger, and voltage regulator). In turn, each unit
also has a service port allowing in-situ manual management, so providing access to data
already stored in the datalogger with the aid of the proprietary software.

All stations, either fed with solar energy or from the power grid, measure the state-
of-charge of their batteries, log the information internally, and whenever there is storage
capacity available, upload and transmit the collected data to the final government repos-
itory site through the Orbcomm satellites (LEO – low Earth orbit satellites operated by
the company Orbcomm, www.orbcomm.com).

Failures in any FEWS are mostly due to flaws in the functioning of sensors and data-
loggers, as well as a power outage and transmission losses or environmental factors (e.g.
lightning strikes). Vandalism is another source of partial or total failure. However, the
incidence of any factor does not always end in complete data loss.

In other to analyze the occurrence of those factors, the FICH at the UNL and the
Ministry of Public Works of the Government of Santa Fe Province signed an agreement
for surveying the network performance for the period 2008–2013 (Macor et al., 2016). It
was possible to totalize 2573 visits, with an average of 11.9 per station per year (Table
2, Contini G. F. et al. (2014)). The lower number of visits in 2011–2012 was due to
insufficient funds to afford the field trips.

Table B.2: Number of visits to the Salado River FEWS network (2008–2013)

Year 08 09 10 11 12 13

Visits 538 502 449 309 303 472

During the field campaigns, the FEWS' companies supplier (Tecmes & Evarsa,
2020) and the labor inspectors (Macor et al., 2016) agreed to fill out several surveys
throughout the elapsed time of the consulting contract, and so they obtained a database
organized according to the detected fault of each station:

• sensors: when observing unstable readings or losses of the parametrization set-
tings,

• dataloggers: due to flaws in the proprietary software or connection problems
which nullify the data reception,
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• power outage: related to missing or broken panels, or to a faulty voltage controller
of a battery close to its useful life,

• transmission losses: triggered by missing or broken antennas, a coaxial cable
deterioration, or with the Orbcomm system,

• bugs: due to the presence of bees, wasps, ants and nests that could damage the
electronic components,

• weather: produced as a result of some extreme weather events (hail, lightning, or
high winds), and

• vandalism: damages provoked by antisocial behavior (e.g. gunfire, robbery, or
fire).

Table B.3 shows the number of failures observed in the years 2008–2013. Figure
B.5 depicts a stacked frequency histogram, which makes it easier for the quantitative
comparison among the contributing factors to failure. The most frequent failure was
the transmission losses, with an annual average of 22.6% occurrences. This flaw mani-
fests itself as a delayed reception of the information or the eventual absence of the data
package in the final repository site. The frequent repetition of this failure determines
the operational vulnerability of the FEWS network, a critical aspect when the water-
shed is under extreme weather conditions or heavy rainfall (when certain thresholds are
exceeded, and the network must activate warning alerts to local authorities).

The second factor affecting the FEWS was the presence of bugs, with an average
frequency of 20% followed by the failure of sensors with a mean of 16%. The losses
attributed to vandalism were steady and around 10% yearly.

Despite the significant drop in transmission losses observed in 2013 (only 6% of
the total, Figure B.5), an extension of the consulting study with the Ministry of Public
Works allowed the testing of this issue once again for the whole network during 2015.
Figure B.6 depicts, in solid lines, the continuous transmission of the referenced station,
whereas the blanks indicate periods of silence with no link between the station and the
Orbcomm satellites. The Orbcomm system is in charge of uploading and forwarding
the information to the final repository site. The loss of information due to transmission
problems was still there.

Table B.3: Factors affecting the Salado’s River FEWS (2008–2013)

Failure 08 09 10 11 12 13 Total

Sensors 13 16 7 4 12 18 70

Datalogger 11 7 5 3 7 4 37

Power 5 7 14 16 10 22 74

Bugs 10 16 11 14 8 29 88

Atmosphere 2 8 2 0 0 2 14

Vandalism 8 8 7 8 6 9 46

Transmission 36 17 14 11 13 5 96

Total 85 79 60 56 56 89 425
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Functioning of the FEWS’network

Each station of the network acquires the hydro-meteorological data through a current
loop working in the range 4–20 mA or 0–4000 mV of voltage. The readings go in
through a channel datalogger and convert to digital within the RTU according to a pre-
viously stipulated agenda. Then, a fixed and removable internal memory stores the data.
If the measured value is above a preset risk threshold value; it broadcasts an immediate
alarm. Otherwise, it is put on hold until the time for its transmission is attained.

The feeding of the Tecmes® acquisition and recording unit (RTU) depends on the
installation site. The two options are: 1) a 12 Vdc battery to 220 Vac with automatic
charger; or 2) a 12 Vdc battery with charge controller and solar panel. This unit is
responsible for managing the data acquired by sensors, and transferring them to a com-
munication module satellite of the Orbcomm network.The module continues to receive
data until it has communication with the satellite.

The data uploaded to the satellite transponder is stored until there is communication
with the Earth station in charge of managing the Orbcomm network. At that moment,
the information is sent to the servers, and from there, to the data recipients through a
directory with the clients' email addresses. Then, an email enters the central station of
the FEWS through a specific software that decodes the information, which deploys the
value of each remote station on a watershed map.

A low-cost interface to solve the transmission lost shortcomings

An interface software which runs on some added hardware was installed on three se-
lected stations of the network to upload the measured data to an Internet server without
affecting the pre-established link between the nodes and the repository site.

The expected operations to be executed by the interface were: (i) to set up or modify
the working parameters for each installed sensor device, and (ii) to upload the recorded
data to an Internet server which stores the measurements of the monitoring station.

Towards that aim, the work was broken down into successive stages: 1) condition-
ing the added hardware, 2) interacting with the proprietary software, 3) automating the
download of historical or real-time data and reconfiguring sensors, 4) submitting data to
the web through a VPN (virtual private network), and 5) viewing the data on a website.

This interface was used before to drive remotely commercial equipment purchased
without the wireless communication module supplied by the manufacturer (López, 2012).

Conditioning the added hardware

The interface works as a multi-platform Common Datalogger Interface (CDI) with min-
imal software dependencies. Figure B.7a depicts the interface architecture layout.

The system has two critical constituents: 1) a host program used for uploading and
transferring the data from the station dataloggers; and 2) a server, which receives, stores
and finally re-transmits the data originated at each site belonging to the FEWS’ network.

The interface requires two small devices to run, a SOHO (Small Office/Home Of-
fice) router and a general-purpose minicomputer (called MiniPC hereafter), the latter
connected by USB or serial wire to the datalogger (Figure B.7a. Consequently, a bundle
of devices was ensemble first with the following features (Figure B.7b): 1) one MiniPC
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(a) (b)

Figure B.7: (a) System architecture (in red): isolated stations (in black), stations within

reach of an access point of the existing network. (b) The RTU with the MiniPC.

equipped with a processor INTEL 2.41GHZ J1800 DC, a motherboard AsRock, Mem-
ory RAM 4 GB DDR3 1600 MHz, a solid state disk (SSD) with a capacity of 128 GB,
and a Mini-ITX cabinet with a power source of 60 W; 2) one SOHO router with an
average power consumption of 0.6 W, equipped with a processor Atheros 400 MHz,
Memory RAM 32 MB, 100 Mbps WAN/LAN Port, Wireless standard IEEE 802.11 ngb,
and USB 2.0 Port.

It was essential to count with motherboards equipped with: i) Real time clock alarm
which allows the MiniPC to turn on automatically at any preset date and time, and
ii) Wake on LAN (WoL), which allows the MiniPC to be turned on remotely. The
configuration of the former functionality is carried out in the power management section
of each motherboard BIOS. For that reason, the network cards of the motherboards must
support this protocol (this feature must be enabled from the BIOS). Also, it was vital to
link the MiniPC to the Internet; a critical step since the proprietary software only works
under Microsoft Operating System (OS), previously installed in each MiniPC. The task
scheduler was duly programmed to run the developed interface automatically.

Depending on the FEWS’ station locations, two options were considered as a func-
tion of the available power supply: one for those that have access to the grid power and
are close to an Internet connection, and the other for the remote ones which are fed by
a photovoltaic system. For the first alternative, an 802.11 wireless network was imple-
mented that connects to the Internet access point existing at the location (Figure B.7a, in
black). For the second option, the Internet access was achieved through a mobile phone
(3G/GPRS/GSM, Figure B.7a, in red).

The MiniPC was installed at each station, always off albeit with a self-start according
to a preset schedule. The router, of low consumption, has dual functionality. On the one
hand it provided access to the Internet (WiFi or 3G/GPRS/GSM) while at the same
time it offered an environment for a general purpose embedded GNU/Linux for remote
access.

As previously indicated, some stations are powered by solar panels. For this reason,
a battery of 12 V was attached to connect the MiniPC and the router, and a timer, with a
voltage regulator to cut the battery power for the added router, with a window of 30 min
for downloading and transmitting the data as a preset scheduled task.
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Interaction with the proprietary software

Due to the impossibility of establishing direct communication with the RTU of each
station without using the proprietary application, a software was developed to simulate
the manual process performed by the network operators. It was crucial to avoid any in-
terference with the proper functioning of the FEWS. The procedure yields an alternative
dual route for wireless transmission, either for sending the records to the Internet or for
receiving instructions remotely to modify the sensors parameters.

The software acts as an interface between the proprietary application provided by
the manufacturer and the actions executed from a configuration file that is updated and
modified from the Internet. The different functions that drive the interface resemble
a layered architecture where each establishes some degree of communication with the
underlying layer, known as a Common Datalogger Interface (CDI) (Figure B.8).

The organization of the CDI relied on a single configuration file consisting of sub-
sections, each containing the necessary specifications for each equipment to which the
station is connected. For the present situation, the configuration file was adapted to
work with a FEWS station. There are several subsections for managing commercial
devices of different brands when more than one sensor is connected at the same time.
In the current implementation, the interface software runs in Python. Consequently, and
depending on the ASCII configuration file, the adopted design invokes one by one the
Python module corresponding to each sensor.

Several languages allow manipulating GUI applications, such as PyAutoGUI2 which
was finally adopted, and whose purpose is to provide cross-platform Python modules
for their automatization. PyAutoGUI offered the best possible interaction with the RTU
software. One of the main advantages is that it provides a Python library with an au-
tomation environment which, in turn, allows the use of the language's benefits, such as
object orientation, easy reading, and writing of configuration files. It simulates move-
ments and mouse clicks, keystrokes combinations and also a search of images on the
screen (Figure B.8).

Figure B.8: Common data-logger interface (CDI).

Automating the data download

The design of the monitoring station posed a difficulty from the start. Whenever an
operator connects a laptop to the service port of any station of the network (e.g. in

2http://pyautogui.readthedocs.io

60







Preliminary testing

The proposed alternative communication system sought to link a station of the FEWS
network to a nearby stakeholder, or to a rural school having Internet access, otherwise
through mobile technology. Consequently, some performance and stability checks were
first run at laboratory scale to continue then at the field before moving the equipment to
the selected monitoring sites.

An internal test brought by Ubiquiti equipment reaches speeds of about 180.39 Mbps
in mixed transfer mode and 148.76 Mbps in one direction, so in the transmission to the
terminal devices, the 100 Mbps RJ-45 interface reaches the limit before the maximum
WiFi speed. The result showed a state of a permanent link, with no fall or reconnection
and with a constant speed over time. Therefore the connection results were satisfactory
against a certified WiFi access point 820.11n. Also, since for WiFi dish antennas the
communication path must be a line of sight, to prove its duplex capacity a test was
made in the laboratory by connecting a satellite dish directly to the rear connector of the
router.

The second test consisted of placing the antenna on the first floor of the FICH De-
partment, connected in turn to its Internet network, and putting the TP-Link MR3420
router with an antenna at two distant points (Figure B.11). This device was configured
to connect automatically at a different point to the signal emitted by the antenna. To
verify the connection; the TP-Link MR3420 router was connected to a laptop computer,
to which a few sample files were downloaded from a PC linked to the department's local
network. Once the communication between the antennas was verified, both were taken
to the field to establish the distance of reach between them. With that objective, one of
them was held fixed to one side of the road while the other was carried in a vehicle until
the signal faded (Figure B.11).

In the field, the group also tested other types of WiFi antennas depending on the type
of power supply available. Thirteen visits were made to the selected stations along the
project, seven to Santa Fe, two to Santo Tomé and four to Flesia (see Figure B.2a for
locations).

The Santa Fe station (Figure B.12) feeds from the power grid with AC. On the
contrary, the Flesia station, which is on an isolated field site by the Flesia Creek, and
the Santo Tomé station located by the Salado River (Figure B.13), are fed by batteries
powered, in turn, by solar panels without access to the Internet. In these cases, a 3G
modem was used instead for the remote connection.

The Santa Fe station is located in the northwest part of the city, on premises owned
by the Ministry of Public Works, and has free access to the Internet. There, an 802.11
wireless link between two Ubiquiti antennas was installed, one of them adjacent to the
administrative office and connected via Ethernet to the available network.

The TP-Link MR3020 was configured with OpenWRT (Holt et al., 2014), which
allowed remote access and to power on the MiniPC. Then, the remaining antenna was
installed together with the MiniPC in the FEWS station. The Santa Fe station was
frequently visited, given its convenient location, to verify the operation of the redundant
communication system during the tests.
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Figure B.11: Preliminary tests in lab and field.

Figure B.12: Setting up the redundant transmission system on the Santa Fe station.
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Figure B.13: The Santo Tomé station.

3 Results

Both raw and verified data are uploaded and archived within the public server system as
comma-separated, ASCII text files. Superusers or administrators can set the configura-
tion parameters for each datalogger, to enable/disable sensors, and to increase/decrease
the sampling and the data uploading frequency. The website allows users to access and
send their customized queries. Then, users can choose different observation points and
types of hydro-environmental variables between dates to download the information, or
plot the temporal evolution of the records.

Although the system can preview filtered comma separated values from any for-
matted file, the relevance of the proposed solution is better appreciated whenever the
transmitted data through the Orbcomm and the redundant channel are contrasted one
against the other.

All sensors at the Santa Fe station were malfunctioning, except for the temperature
sensor (Figure B.14). The parity between both registers is visible, with five different
and lasting gaps throughout the official record filled correctly by the backup system.

Figure B.15 depicts the river stage evolution on the Flesia station over approximately
7 weeks. The data transmitted by the redundant system was one by one with the official
record when both channels were on and correctly filled in the gaps left by the Orbcomm
system in the three field experiments conducted.

Similarly, Figure B.16 displays the outcome of one month of recording of the river
stage at the Santo Tomé station; in coincidence with the peak of an ENSO (El Niño-
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Southern Oscillation) anomaly in the region. In this opportunity, in addition to failures
in the Orbcomm system for periods that vary between 1 and 6 days, the RTU failed
for about 3 days. The redundant system interrupted its transmission only once during a
short period, less than a day on January 4, 2016. The developed interface could recover
the data; but just the previous recorded day. Once again, a one-to-one correspondence
is appreciated when both communication systems are active, as well as the achievement
of the interface to fill in the missing information gaps.

Figure B.14: Orbcomm vs redundant transmission system on the Santa Fe station.

Figure B.15: Orbcomm vs redundant transmission system on the Flesia station.

Figure B.16: Orbcomm vs redundant transmission system on the Santo Tomé station.
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4 Discussion

Table B.4 summarizes the total number of test days when both systems were working si-
multaneously, and their failure rates. Surprisingly, the official system exhibits a similar
average failure rate (here weighted by observation days) to that detected in the con-
sulting work carried out by FICH (Table B.3 and Figure B.5), while for the developed
interface, the failure rate was lower than 1%.

Table B.4: Failure rate of both systems

Station Number of days Official FEWS % Redundant System %

Santa Fe 13 18.0 0.0

Santo Tomé 29 38.0 1.7

Flesia 47 10.0 0.0

Weighted average 89 20.3 0.7

Without discussing the fact that, in the end, what matters most is the cost of mainte-
nance, it is relevant to emphasize here that the proposed interface is based on affordable
hardware parts in some cases and open source components in others. This is in sharp
contrast to the costly monthly service imposed by the Orbcomm satellite system, neces-
sary to make data available in real-time.

Each station would require one MiniPC (cabinet, motherboard, and processor), with
one solid state disk of 120 Gb, 4 Gb of RAM DDR3, an electronic switch, a waterproof
resistance cabinet, a Tp-Link MR3020 router, and a voltage regulator, all totaling €295
approximately (Table B.5). The WiFi option will require two Ubiquiti NanoStation M5
antennas, two Ubiquiti Loco M5 antennas, and several meters of outdoor UTP cable
CatE (about 15 m), all adding up to approximately €186 (Table B.6). On the contrary,
the 3G alternative will demand a 3G Modem Huawei, one timer, USB cable (around 5 m
or so), and a 12 V battery, totaling €53 more or less. The latter will add up to €168 of
the annual mobile or cellular service charge, totaling €220 approximately (Table B.7).

In summary, in round figures, the alternatives successfully tested in the current con-
figuration correspond to an initial investment that could add, per station, up to €480
for the WiFi alternative, or up to €516 for the 3G option. In the latter case, the annual
cost of the cellular telephone service provider was included. These figures should be
compared with the annual expenditure of €13,000 for having the Orbcomm system in
operation, a system that fails, on average, 20% of the time.

The redundant communication system could be located in four or five key stations
to have a reliable backup system whenever necessary.

4.1 Maintenance of the redundant system

The test period of the three stations together does not span more than three months. It
is a very short period to obtain conclusions or reliable data on inherent system failures
that would require the replacement of some or all of its components. However, based
on previous and ongoing work carried out by the research group, which was the basis
for the software development later transferred to the FEWS of the Salado River, it was
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Table B.5: Required hardware components for each station

Common components Cost (€)

MiniPC (Cabinet +Motherboard + Processor) 143

Solid state disk SSD 120 GB 67

Memory RAM 4 GB DDR3 28

Key 14

Waterproof cabinet 19

Router Tp-Link MR3020 17

Voltage regulator 7

Subtotal 295

Table B.6: WiFi components

WiFi Cost (€)

Antenna Ubiquiti NanoStation M5 111

Antenna Ubiquiti Loco M5 70

Outdoor cable UTP CatE S7 (15 meters used) 5

Total WiFi alternative 186

Table B.7: Mobile components

3G Communications Cost (€)

Modem release 3G Huawei 13

Annual Mobile provider service 168

Timer 12

USB cable (5 m) 5

12 V Battery 23

Total 3G Alternative 221
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possible to extract the following failure frequency of low-cost devices used in outdoor
environments:

i. Ten months of data collection in the agro-technical school of Santo Domingo
(Figure 2(a)), operating phreatic level, soil moisture and temperature sensors6;

ii. Seventeen months of observation with heat, water vapor, and carbon-dioxide flux
sensors (Campbell eddy covariance7);

iii. Three years of water level collection (acoustic sensor device8),

iv. Five years of observation of hydro-meteorological data with a Pegasus station9.

Table B.8: Observed failures during GUI-testing, sensors, and other alternatives

Sensor Reason of failure Component lost Cost (€)

i. Santo Domingo Power outage MiniPC 143

ii. Eddy covariance Lightning Antenna Ubiquiti 70

iii. Water level Power outage Voltage regulator 7

iv. Pegasus station Power outage MiniPC 143

Overall, the operation of the experiments detailed in (i)–(iv) just served to provide a
glimpse of the occasional failure of the low-cost components used in different outdoor
settings, either by natural causes or by inherent faults (Table B.8). The weighted average
of the values shown in Table B.8 yields a yearly maintenance cost for the low-cost
system on the order of €104 (Table B.9). The observed failures were always attributed
to an electrical fault, which constitutes the chilles' heel of low-cost systems.

Before applying the interface to the FEWS problem, all field experiments detailed
in Table B.8 served to test the development of the software with different devices and
environments to ensure a portable and trouble-free product. In Appendix 7, the reader
will find a block diagram explaining how the interface works, and a repository address
with the Python scripts where all the examples are readily available.

With the weighted average cost to replace damaged components for the low-cost
system, plus the cost of communication (Table B.7), it is possible to set up the following
comparison between both systems on an annual basis (Table B.9).

These numbers should be taken with caution since there are always hidden costs,
expenses not contemplated, or changes in technology that can push the figures 20–25%
above or below the initial estimate. Nevertheless, the low-cost system is, on average,
eight times cheaper to maintain than the equipment of the official network.

Finally, the backup system was transferred to the local authorities of the Province
of Santa Fe at the end of 2015. A technical talk was given to the technicians and the
authorities in charge of the alternative network10. The system was easy to operate since,

6www.specmeters.com, www.genica.com.ar
7www.campbellsci.com
8www.maxbotix.com
9www.tecmes.com, fich.unl.edu.ar/cim/

10https://www.santafe.gov.ar/noticias/noticia/220436/
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Table B.9: Maintenance costs between the official and the alternative network, on a unit

basis

Item Official FEWS Redundant system

Communication €1405 (Orbcomm) €168 (3G)

Replace of components €712 €104

Total annual cost €2117 €272

among other things, it relied on a dynamic website to visualize the data downloaded and
transmitted through the redundant system. Unfortunately, immediately after transferring
the product, there was election time in the Province, and new authorities took over the
State, freezing the collaborative effort for a while. Nowadays, there is a renewed interest
by the state authorities after the devaluation of the Argentinian currency, given the high
cost to replace damaged components and the obsolescence of the official network.

5 Conclusions

The Flood Early Warning System (FEWS) of the lower-catchment of the Salado River,
Argentina, was set after the catastrophic flood suffered by the Santa Fe City, in 2003.
A quick flood frequency analysis estimated the return period of the flood as around 130
years. However, the often loss of information due to communication problems in the
final repository site of the FEWS has affected the network operational vulnerability ever
since.

This paper proposes a solution based on a developed interface to transmit the data
in parallel, previously captured by the monitoring network, through a dual channel that
uses an electronic bypass without interfering with the original satellite communication
system employed by the FEWS.

Several laboratory-scale trials were performed first to test the feasibility of the in-
terface to transmit the data stored by the proposed redundant communication system.
Three field experiments later complemented these tests carried out at lab scale. During
the testing phase, the official communication system exhibited an average failure rate
of the order of 20% compared to the developed interface, which was less than 1%. In
all cases, the results had shown not only the consistency of the information transmitted
by satellite and the proposed alternative, when both were active, but also the achieve-
ment of the latter to fill in the information gaps when the official system experienced a
“blackout” for some reason.

The automatic manipulation of a GUI was a technical contribution that emerged due
to the impossibility of accessing the manufacturer's application of each data unit of the
network, with an end product that sends the data with incredible fidelity. Moreover,
the testing of the methodology with different commercial devices and environments
ensures a trouble-free, portable product, making it attractive to any FEWS with similar
characteristics. The software was designed to add support to other commercial devices.
All software of the developed interface was uploaded to a public site, where the readers
can study the source code, modify it, and use it the way they want.

The interface relies on low-cost, single open source board computers and routers
that eventually reduce the maintenance cost of the satellite-based FEWS system signif-
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icantly. This aspect of the proposed solution, in turn, can increase the reliability of any
FEWS with similar characteristics.
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Appendix B.1

Python software to automate open or closed monitoring environmen-

tal stations

The Common Data-logger Interface (CDI, Figure 8) is part of a Python Software to
Automate Monitoring Stations (namely PyAMS). It was published in a public software
repository11, where the source codes can be freely downloaded, used, studied, modified,
or simply to suggest new features or to report or fix bugs. The software was designed
to easily add support for other devices. When the GUI application is the only option
to deal with the proprietary (closed) device, the CDI can interact with it adding the
instructions to execute the mouse movements and keystrokes to automate the GUI. On
the other hand, if the devices are not tied to any particular driving software (open),
they are readily accessible with customized software using the hardware manufacturer
information to communicate with the equipment (Figure B.17).

The methodology was previously tested with several commercial monitoring sta-
tions, or data-loggers, such as Campbell Eddy Covariance, Pegasus and Stevens (Figure
B.18). The examples to drive these devices, including the software to drive the FEWS
of the Salado River were published in a public repository. There, the reader can find
simple instructions on how to give support to its own device.

11http://gitlab.com/emilopez/PyAMS
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Figure B.17: PyAMS structure to interact with closed or open devices.

Figure B.18: Eddy covariance station, Pegasus station and Stevens data-logger.

72



Appendix B.2

Fitting Maximum Daily Annual River Discharges

The Gumbel and the Weibull models are two limiting cases of the generalized extreme
value (GEV) distribution of maxima used to describe extreme phenomena in hydrology
and risk assessment. The exponential and log-normal distributions have also been used
to analyze the annual maximum values of daily river discharges.

For the Gumbel, Weibull and the Exponential distributions, a series of logarithmic
transformations simplify the calculation of their parameters. For the lognormal distribu-
tion, it is necessary to use asymptotic expansions (or Tables). The analysis of frequency
in maximum annual daily flows is carried out using probabilities of exceedance, which
are related to the return period, Tr, through the expression,

P(q ≥ Q) = 1 − F(q) = 1/Tr,

where F(q) = P(Q 6 q) is the non-exceedance probability and q is the annual
maximum of daily river discharges. The fitting of the theoretical distributions to data is
most conveniently done by least squares. The data are first sorted in ascending order,
and “ranked'' by using the Weibull plotting position (Makkonen, 2006)

Fi = i/(n + 1),

where i is the ascending rank of the river discharge and n is the total number of
observed values in the data set. The bimodal distribution of the river height observed on
the SR70 station (Figure 4) suggests the existence of two well-separated hydrological
responses in the lower Salado River basin. Field observations suggest qb f ≃ 320m3/s

for the bank-full discharge value. Consequently, only those annual maxima that satisfy
q ≥ qb f are kept for the statistical analysis, so the original 62 years-long series shortens
to 43 values.

For the Gumbel and Exponential distributions, the unknown parameters are easily
estimated by a direct application of the least-squares method. However, a Newton-
Raphson iterative scheme is required to solve for the unknown parameters for the Weibull
distribution. The linear Taylor expansion in the unknown coefficients is approximated
with ordinary least squares fitting to obtain new values at each step until convergence
is achieved. For the lognormal distribution, it is required to compute the inverse of the
cumulative density function, which leads to a straightforward application of the least-
squares fit.

All models overestimate Tr, that is, underestimate the risk when compared with the
return period of the 2003 flood, with a peak of 3980 m3/s. Gumbel is mostly off the
observed range of q except for medium values. The Weibull fitting is remarkable for
the lowest values of the river discharge and then runs almost parallel to the lognormal
distribution for large values of q (Figure B.19). The predicted values for several Tr-years
flood events are summarized in Table B.10. The average of the values predicted by the
Exponential and Weibull distributions for Tr=130 years is very close to the peak value
recorded in the 2003 flood. This estimate is in line with public records (Table 1) since
an event like the 2003 flood was seen only once in more than 105 years.
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Figure B.19: Observed and theoretical distributions of maximum daily annual river

discharges (Salado River, Santa Fe, Argentina.

Table B.10: Estimation of the Tr-year flood event, in m3/s

Tr (years) Log normal Exponential Weibull

100 3556 3826 3550

130 3811 4040 3789

200 4248 4390 4189

74



Apéndice C

A low-power IoT device for measuring

water table levels and soil moisture to

ease increased crop yields

Resumen: La medición simultánea del contenido de agua en el suelo y los niveles de
la napa freática es de gran interés agronómico e hidrológico. No solo la humedad del
suelo representa el agua disponible para el crecimiento de las plantas, sino que también
la profundidad a la que se encuentra la napa freática pueden afectar la productividad
de los cultivos. Además, monitorear estos parámetros hidrológicos es esencial para una
alerta temprana de situaciones de lluvias extremas. Sin embargo, la medición utilizando
instrumentos propietarios tiene ciertas desventajas, como el alto costo de adquisición
y mantenimiento. Sumado a esto, el manejo de dispositivos comerciales dificulta su
adaptación a los requisitos especı́ficos de los agricultores o tomadores de decisiones.
Las plataformas IoT (Internet de las cosas) basadas en hardware open-source están
surgiendo como una alternativa atractiva para desarrollar dispositivos flexibles y de bajo
costo. Este artı́culo describe el diseño de un dispositivo de medición en plataformas
de hardware de open-source para registrar niveles de la napa freática y de humedad
del suelo para aplicaciones agronómicas. Se detallan las técnicas de ahorro de energı́a
implementadas, siendo uno de los puntos débiles de estas plataformas y la transmisión
inalámbrica. Se realizó la calibración y validación del sensor de freátimetro con datos
de laboratorio y de campo. Finalmente, se muestra como las técnicas no lineales de
aprendizaje automático mejoran las calibraciones para sensores de humedad de suelo de
bajo costo por sobre las herramientas clásicas1.

1Este artı́culo fue publicado en Sensors 2022, 22(18), 6840; https://doi.org/10.3390/s22186840
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Abstract: The simultaneous measurement of soil water content and water table
levels is of great agronomic and hydrological interest. Not only does soil moisture rep-
resent the water available for plant growth but also water table levels can affect crop
productivity. Furthermore, monitoring soil saturation and water table levels is essential
for an early warning of extreme rainfall situations. However, the measurement of these
parameters employing commercial instruments has certain disadvantages, with a high
cost of purchase and maintenance. In addition, the handling of commercial devices
makes it difficult to adapt them to the specific requirements of farmers or decision-
makers. Open-source IoT hardware platforms are emerging as an attractive alternative
to developing flexible and low-cost devices. This paper describes the design of a data-
logger device based on open-source hardware platforms to register water table levels and
soil moisture data for agronomic applications. The paper begins by describing energy-
saving and wireless transmission techniques. Then, it summarizes the linear calibration
of the phreatimeter sensor obtained with laboratory and field data. Finally, it shows how
non-linear machine-learning techniques improve predictions over classical tools for the
moisture sensor (SKU: SEN0193).

1 Introduction

The upper soil layers constitute the unsaturated or vadose zone that undergoes periodic
fluctuations in water content and solute concentrations. Those changing conditions are
consequences of the acting evaporation, infiltration, deep percolation and water uptake
by plant roots (Hopmans, 2011). Consequently, during periods with precipitation above
evapotranspiration, some of the remaining water increases the soil moisture storage and
raises the water table. Monitoring soil saturation and water table levels are essential
for an early warning of extreme rainfall occurrences (López et al., 2020). Such a situa-
tion eventually leads to episodes of waterlogging and flooding in rural and urban areas
(Vionnet et al., 2006a; Kuppel et al., 2015). However, not all scenarios of high water
table levels appear to have negative impacts. Water storage in unsaturated and saturated
zones is critical to meet crop water requirements in arid areas with shallow water table
depth (Zhao et al., 2020). Indeed, groundwater could exert both a positive and a neg-
ative influence on crop production. Depending on its depth, shallow groundwater can
represent a valuable source of water supply to crops in drought periods or a stress agent
causing waterlogging in rainfed crops (Mercau et al., 2016).

Figure C.1 sketches the variation in crop yields depending on the groundwater depth.
There appears to be a range of water table depths in which crop productivity is optimal
(Nosetto et al., 2009). When groundwater is close enough to the surface, crop yields
decline sharply, suggesting the effects of waterlogging, root anoxia or salinity. Finally,
if the groundwater depth falls beyond the optimum band, crop yields seem to decrease
at an approximately exponential rate (Nosetto et al., 2009). Therefore, soil moisture
and water table levels directly affect crop productivity and food security (Kopittke et al.,
2019).

Monitoring these hydrological cycle components in any agricultural activity is the
first step toward efficient water resource management. For example, if the producer
knows in advance the water content of the soil profile, the timing and height of the
irrigation lamina required by crops can be optimized (Rodriguez et al., 2006; Babaeian
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et al., 2019; Vereecken et al., 2014). In rainfed (non-irrigated) agriculture situations,
the knowledge of both parameters is equally relevant to quantifying water availability
during the crop cycle (or at some key moment in the crop cycle) and to supporting
decision making. By knowing the water reserves stored in the soil, farmers can decide
whether or not to intensify their crop rotations, delay the sowing date to favour soil
profile moisture recharge and decide which summer and winter crop sequences are best.
The information may allow the producer to bring forward sowing to avoid waterlogging
or loss of support in their plots (if the water table is very high). The producer can also
define, based on field data, the dose and timing of fertilizer to be applied (Mercau &

Otegui, 2014). Unlike rainfall, whose precipitable volume cannot be predicted at the
beginning of the season or during the crop cycle (Barros et al., 2000), the height of the
water table and soil moisture are measurable components that reduce the uncertainty of
water availability.

There are a variety of simple procedures and devices to survey water table levels.
Manual measurement of the groundwater depth includes electronic indicators made of
a conductor wire, a probe attached to the end and an indicator that emits a characteristic
sound when it touches the water surface (EPA, 2020). For example, the HOBO U20L2

is a popular logger used for monitoring changing water levels in a wide range of appli-
cations. The logger consists of a ceramic pressure sensor inside a durable housing for
deployment in existing wells.

The determination of soil moisture is much more difficult and subtle. Existing ap-
proaches to soil moisture estimation differ in their accuracy, the spatial area covered,
the depth of soil measured, the frequency of measurements and the cost of acquisition
(Dorigo et al., 2011; Babaeian et al., 2019). At one extreme, there are estimates de-
rived from satellite missions specifically designed to measure soil moisture (Kerr et al.,
2001; Entekhabi et al., 2010; Lozza, 2019). These remote-sensing methods provide soil
moisture estimates over large areas on a global scale, with a coarse spatial and temporal
resolution. Another shortcoming is the limited soil depth measured, from a few centime-
tres for optical products to ≃ 50 cm for longer wavelength radars in dry and bare soils.
At the other extreme, proximal electromagnetic sensors such as time domain reflectom-
etry (TDR) or capacitive sensors produce accurate in situ estimates of soil moisture at
user-defined depths, locations and times. Their major limitation is the point value of
the measurement since it represents the moisture of a small volume of soil at a fixed
position (Babaeian et al., 2019).

A feasible alternative to recording data with a high spatio-temporal resolution of soil
moisture and water table levels at plot scale is by several proximal sensors integrated
into a wireless monitoring network connected to a central station (Bogena et al., 2007;
Babaeian et al., 2019). This technical solution requires affordable, robust and reliable
sensors that are easy to install and have low power consumption (Barcelo-Ordinas et al.,
2013). Several commercial sensors meet most of these conditions (Bogena et al., 2007;
Vereecken et al., 2014). Unfortunately, most commercial devices are beyond the reach
of users in countries with emerging economies.

In recent years, Arduino, an open-source programmable microcontroller, proved
to be a competitive player in driving the development of sensors and electronic com-
ponents based on free software and hardware aimed at recording, storing and trans-

2https://www.onsetcomp.com/HOBO
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The first objective does not exhaust the comprehensive treatment that numerous re-
searchers have given to the open-source programmable microcontroller platforms (see,
e.g., Fisher& Gould (2012a); Sadler et al. (2016b); Beddows&Mallon (2018); Thomp-

son et al. (2021)). While Sadler et al. (2016b) employ Arduino UNO, which is energy-
inefficient, Beddows & Mallon (2018) use power-optimization techniques based on
small form-factor 3.3 V Arduino to achieve long-term data storability in submerged
environments. Thompson et al. (2021) also employ a low-cost system based on an Ar-
duino microcontroller. This is an approach that, despite its similarities with ours, has
its disparities. The difference lies in the electronic components used and in the inter-
operability of the IoT with low-cost sensors, whose firmware was developed here from
scratch. For example, Thompson et al. (2021) not only do not measure the water table,
which according to Nosetto et al. (2009) can lead to optimal crop production, but they
also use commercial soil moisture sensors to measure volumetric water content. Here,
part of the focus is on the inexpensive SKU: SEN0193 sensor. This aspect is in line with
the second objective. The difficulty in obtaining a reliable calibration curve or a unique
response is well known Nagahage et al. (2019); Placidi et al. (2020). There will be
as many readings as there are SKU: SEN0193 sensors deployed in the field. We resort
to machine-learning techniques, in particular the Random Forest (RFO) algorithm, to
circumvent this shortcoming, obtaining remarkable results when compared to the refer-
ence data (provided by a known commercial sensor). An interesting application of the
RFO algorithm can be seen in the work of Carranza et al. (2021), although in a com-
pletely different context. They applied it to interpolate/extrapolate spatial–temporal soil
moisture data from information collected at 15 stations distributed in an experimental
watershed.

2 Materials and Methods

2.1 Hardware and Firmware in Context

Figure C.2 shows the architecture of the designed system. The remaining sections de-
scribe the methods employed to implement the low-cost IoT logging and data trans-
mission device configured to automatically input data collected with two probes, one
for soil moisture and one for the water table. The test methods implemented to vali-
date the inter-connectivity between the open hardware/software and the readings from
the probes are also described—first, against soil moisture determinations obtained by
gravimetry. Then, data were produced with commercial sensors for soil water content4

and water table levels5. Finally, the reader can also find supplementary material in the
Appendices.

2.2 Low-Power IoT Device

The IoT device was developed at Universidad Nacional del Litoral, Argentina, by re-
searchers from the Engineering and Water Sciences Department. Figure C.3a shows the

4https://stevenswater.com/products/hydraprobe/
5http://www.genica.com.ar
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2.4 Sensors

The value of the dielectric constant of air is 1, while that of water is 80 (Domı́nguez-

Niño et al., 2019). The presence of water in the soil generates a variation in the electrical
permittivity, thus modifying its capacitance. The SKU: SEN0193 (DFRobot) is a very
low-cost capacitive soil moisture sensor that operates in the range of 3.3 to 5 volts as
supply voltage. Its output is an analogue value inversely proportional to soil moisture.
The coplanar sensor is made of corrosion-resistant material, which increases its durabil-
ity. A pulling element has been added to the sensors SKU: SEN0193 for easy handling.
In addition, they were protected with an electrically insulating film plus a crystal epoxy
resin to prevent soil moisture from damaging the electronic circuits, protecting the sen-
sor readings from any influence of soil moisture. This type of resin is commonly used in
commercial soil moisture sensors (6) and has been used for the same purpose in similar
works González-Teruel et al. (2019).

For the SKU: SEN0193 calibration, the Stevens HydraProbe II (Stevens Water Mon-
itoring Systems, Inc., Portland, OR) sensor was used as a reliable reading for the soil
moisture value. The HydraProbe II sensors determine electrical permittivity using a
variant of the time domain reflectometry (TDR) technique, i.e., based on the time de-
lay between the emission and reception of an electromagnetic pulse (Domı́nguez-Niño

et al., 2019). Unlike the capacitive sensor, the output is digital (SDI-12 protocol) and
directly represents the volumetric water content (VWC). It is an impedance sensor with
three tines surrounding one centre tine that measures the real and the imaginary dielec-
tric permittivity separately from the response of a reflected standing EM wave at a radio
frequency of 50 MHz. The device works with a 12 V power supply. The temperature
has a great influence on soil moisture Bogena et al. (2017); Chen et al. (2019). There-
fore, its value was recorded with the DS18B20 digital sensor manufactured by Maxim
Integrated Products, Inc., San Jose, CA. Simultaneously, the ambient temperature and
relative humidity were measured with the DHT22 sensor (Aosong Electronics Co Ltd.,
Guangzhou, China) to evaluate their impact on soil moisture determination. Both sen-
sors are digital and operate with a 5 V power supply.

The firmware for the Honeywell digital differential sensor (HSCDAND015PDSA3)
was designed from scratch to record changes in water table levels. The sensor operates
on 3.3 V with a 12 bit resolution that records up to 15 PSI of the water column. This
sensor has two ports, one to measure water pressure and the other to compensate for
atmospheric pressure. A pediatric nasogastric tube was used for the first port and a
glass tube for the second. Crystal epoxy resin was used to protect the electronics of the
sensor. The exploded view of the housing for the water table probe and the SKU sensor
is presented in Figures C.17 and C.18.

2.5 Communication with the Sensors

The firmware communicates with the sensors through specifically developed libraries7.
For the HydraProbe II soil moisture sensors and the capacitive sensors, the SDI-12 dig-
ital protocol was programmed and an analog measurement communication system was

6https://www.stevenswater.com/resources/documentation/hydraprobe/HydraProbe Manual Jan 2018.pdf,

https://www.campbellsci.com/cs655
7https://gitlab.com/emilopez/monito
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established, respectively. For the water table reading with the differential pressure sen-
sor, the SPI digital protocol was used. The digital protocols require specific parameters
from both sensors. In the case of SDI-12, characters are sent to establish communica-
tion with the sensor (see sensor datasheet) to request the measured values. In the case
of the pressure sensor, two bytes are read from a specific memory location 0x00; with
this data a transfer function is applied that converts it to PSI,

PressurePS I = Pressuremin + (Output − Outputmin) · ∆P/∆O (C.1)

where Pressuremin is the minimum value of pressure range (PSI), Output is the digital
pressure reading (counts), Outputmin is the output at minimum pressure (counts), ∆P

is the difference between maximum and minimum pressure range (PSI) and ∆O is the
difference between the output at maximum and minimum pressure (counts). Finally, the
PressurePS I obtained is converted to centimetres of water column.

2.6 Data Wireless Transmission

A wireless transmission module was added to the IoT device for data communication.
The same power gating circuit was used in the RTC and SD modules. Nordic’s 2.4
GHz technology (nRF24L01 + PA + LNA SMA) was used to establish the links. This
is a half-duplex wireless communication module with a maximum peak receive/trans-
mit transmission rate of up to 2 Mbps, average power consumption of 14 mA and a
maximum range of 1100 meters.

The nRF24L01+ operates in the worldwide ISM frequency band of 2.400-2.4835
GHz. It is a single-chip 2.4 GHz transceiver with an integrated baseband protocol en-
gine (Enhanced Shock BurstTM), suitable for very low-power wireless applications. It
is possible to operate and configure the nRF24L01+ through a serial peripheral inter-
face (SPI). From its datasheet, the user can find the following additional information;
the built-in baseband protocol engine (Enhanced ShockBurstTM) is based on packet
communication and supports various modes from manual operation to the advanced
autonomous protocol operation. The radio front end uses GFSK modulation. It has
user-configurable parameters such as frequency channel, output power, and on-air data
rate. The nRF24L01+ supports 250 kbps, 1 Mbps and 2 Mbps over-the-air data rates.
The high data rate over the air, combined with two power-saving modes, make the
nRF24L01+ well suited for very low-power designs.

2.7 Three Standard Tests for the Pressure Sensor

Three deployments of the equipment were conducted at the Water Resources and En-
gineering premises at the Universidad Nacional del Litoral (FICH-UNL, Santa Fe, Ar-
gentina) to demonstrate the proof-of-concept of the low-cost datalogger connected to
the Honeywell pressure sensor in real-time situations. In the first deployment, data
were recorded at a rate of one sample per second. In the second and third trials, data
were recorded at a rate of 10 samples per second and one every 7 s, respectively.

Although it was not necessary to calibrate the Honeywell pressure sensor, the firmware
required development from scratch. The first test aimed to validate the readings of the
sensor and its coupling with the low-power IoT device. Figure C.4a shows the best fit to
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where N(x) is the set of points belonging to the neighbourhood of xi, and this neigh-
bourhood is defined using the Minkowski distance as a metric. The hyper-parameters
defining this model are the number of neighbours k and the power p of the Minkowski
distance.

Support Vector Regression (SVR)

Support Vector Regression is a kernel, non-linear method that uses a convex optimiza-
tion method to estimate the dependent variable. As the data in the data space need
not be linear, SVR maps the data into a higher dimensional space called feature space,
where a function can be found that is a linear combination of the mapped (feature) data.
However, SVR uses the kernel trick, which consists of performing the calculations in
the data space instead of the feature space by means of the kernel function k(x,x’). The
estimation function is as follows:

ŷ(x) =

N
∑

i=1

(αi − α
∗

i )k(x, xi) + b (C.6)

where xi with i=1, · · · , N are the training data points. The values for the parameters
αi, α

∗

i are found by solving a quadratic optimization problem. The RBF (radial basis
function) kernel was selected as the kernel function. The hyper-parameters of the model
are the variance of the kernel, the margin in the loss function and a penalty term.

Random Forest (RFO)

Random Forest is a non-linear ensemble method, which constructs several uncorrelated
decision trees from the training data and averages the response of all trees to produce
the prediction; thus, the variance of the response is reduced. The prediction for a new
observation is given by:

ŷ(x) =
1

T

T
∑

i

treei(x) (C.7)

In this model, the required hyper-parameters are the number of trees T , the number
of predictors F and the maximum depth D of the tree.

Dataset

For the field test (soil types 2 and 3, Table 1), which lasted approximately one and three
months, respectively, the HydraProbe II volumetric soil moisture sensor was used as
a reference value. Simultaneously, soil temperature, ambient temperature and relative
humidity were measured to assess their impact. These variables were used as predictors
taking into account that the reference reading or target variable is the one given by the
HydraProbe II sensor.

Data for the type 2 soil (Table C.1) calibration were recorded between August 5 and
August 31, 2021, totalling 3000 samples, using six low-cost soil moisture sensors in
the test (c1, c2, c5, c7, c8 and c9). For the type 3 soil (Table C.1) test, the record lasts
from June 17 to September 22, 2021, totalling 4200 samples, using two low-cost soil
moisture sensors in this case (c10 and c11).
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To calculate the hyper-parameters in each model, the dataset was divided into a
training dataset and a test dataset. The training dataset was used with the 10-fold cross-
validation technique to obtain the hyper-parameters, while the test dataset was used to
check the performance for model comparison. A size of 70% was chosen for training
data, i.e., with which the model is fitted, and the remaining 30% for testing, with which
the goodness of fit of the calibration is analysed. This ratio was modified from 80%/20%
to 60%/40% to assess the impact of the training and testing size. The predictions for
the validation dataset were evaluated using the root mean-squared error (RMSE) and
the coefficient of determination (R2). In the pre-fitting stage, for the selection of the
hyper-parameters, the mean bias error (MBE) was used.

3 Results

3.1 Low-Power IoT Datalogger

The IoT device was evaluated in the field for more than 12 months in stand-alone mode
recording water table levels, soil moisture, soil temperature, relative humidity and am-
bient temperature (Figure C.8). To evaluate the real energy performance of each device,
the battery voltage was also recorded through an analogue input of the microcontroller
(with a voltage divider to ensure a range less than 5 V). A separate field test measured
the power consumption of the IoT device with the wireless module for two months ap-
proximately, in conditions well above those required to evaluate its performance. The
wireless transmission is a point-to-point link between the station and a gateway node
with Internet access. The gateway node is connected to the power grid and listens per-
manently for connections from the measurement station. Once received, the gateway
node transmits the data via an Ethernet connection to an API-REST system on the In-
ternet9.

Figure C.9a (in blue) represents the battery voltage of the IoT device in stand-alone
mode, recording variables every 5 min with total solar exposure. Under this scenario,
the amplitude of the charge–discharge cycle of the battery was 50 mV. Figure C.9b, in
red, shows the voltage of the device measuring and transmitting wirelessly every 1 min
and with partial solar exposure, 3 h per day ((i) and (iii)), and without harvesting solar
energy (ii). Under situation (i), the range between the daily maximum and minimum
was 80 mV.

3.2 Water Table Levels

Figure C.10 shows rainfall events with the IoT device and the Honeywell sensor record-
ing the time variation of the water table levels. Since the rainfall was recorded manually
by a farmer located 1 km away from the sensors, it is reasonable to expect some spatial
and temporal discrepancy between the rainfall and groundwater records. Nevertheless,
a rapid response of the water table to precipitation events is observed, followed by two
slow time-scale responses. The slow groundwater response can be attributed to the
rainfall water in excess, which, once infiltrated, is transported by the regional gradient.
There is a slow albeit faster contribution due to groundwater discharge to the Flesias

9https://gitlab.com/ceneha/sentinel-iot
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remaining saturated most of the time, which explains why there is not enough data in
the training dataset, leading to overfitting and worse prediction at high values. Even
so, the predictions for soil 3 follow the general trend of the soil moisture value, with a
higher variance but without losing the average trend given by the HydraProbe II.

Last but not least, including preliminary tests and the field studies described above,
the SKU sensors exhibited failures ranging from one in three to one in five (a failure
rate between 20 and 33%).

5 Conclusions

In rainfed agriculture situations, knowledge of the water table level and the soil mois-
ture is equally relevant to quantifying the water availability during the crop cycle and
supporting decision making. Knowing the water reserves stored in the soil, farmers can
decide whether or not to intensify their crop rotations, delay the sowing date to favour
soil profile moisture recharge and decide which summer and winter crop sequences are
best. The information may allow the producer to bring forward sowing to avoid water-
logging or loss of support in their plots (if the water table is very high).

This work demonstrated, first, how easy it is to install devices connected to the
Internet, developing an ”environmental monitoring” system of agricultural impact. Fol-
lowing Beddows & Mallon (2018), complex environmental systems are easy to imple-
ment with modest research budgets with the additional advantage of offering solutions
of equivalent quality to high-cost commercial equipment, as demonstrated by López

et al. (2020). Rephrasing Fisher & Gould (2012a), open source platforms allow peo-
ple with short electronic experience to build instruments capable of collecting primary
data. Here, the use of an IoT device based on an Arduino microcontroller with its wire-
less communication modules connected to two sensors capable of measuring variables
of agro-hydrological interest was the starting point. The energy consumption was opti-
mized to achieve sufficient autonomy to ensure continuous measurements equipped with
a small solar power system. The designed probe to record water levels was the Hon-
eywell differential pressure sensor. The lab test consisted of comparison against well
known cases and with widely used commercial equipment. In all cases, the performance
was satisfactory, recording the fast-time response close to real-time with characteristics
superior to commercial alternatives with a significantly lower cost.

Another added advantage was the use of machine-learning techniques. The per-
formances of the soil moisture sensor SKU: SEN0193 were analysed under laboratory
(gravimetric test) and field conditions. To evaluate the field performance of the soil
moisture sensor, the machine-learning calibration techniques of Multiple Linear Regres-
sion, K-Nearest Neighbor, Support Vector Regression and Random Forest were used.
The models fitted the trend of soil moisture recorded by the reference sensor. Despite
the very good predictions of the models, the relevance of having a trained dataset with
a wide range of variability to improve calibrations was established. The RFO technique
demonstrates that it is not necessary to have a calibration curve. Only a good set of
reference data must be available, although this requirement and the complexity of the
method limit the widespread use of the technique.

On the other hand, despite the sensor SKU: SEN0193 having an acceptable perfor-
mance in sandy and silty soils, the recommendation is that a minimum of three sensors
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should be deployed in the field and their readings averaged. In the group’s experience,
up to one sensor out of three stopped working in a brief period after deployment in the
field. Further research includes testing the Decagon ECH20 10HS sensor10, as it is an
interesting option to pursue (it is 3 to 4 times cheaper than the HydraProbe II). In such
conditions, the IoT would be able to integrate a comprehensive monitoring station of
great utility for agronomic practices. Another issue is the current consumption since it
rises to 3mA when the nRF24L01+ module is added. Despite this value being low, it
is undesired behaviour since the wireless module is de-energizing like the SD and RTC
modules. It was identified that this current consumption comes from the SPI port data
lines (CS, MOSI, MISO, SCK). Subsequently, a way to avoid this should be analyzed
to keep the current consumption as low as possible.
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Appendix C1

Figure C.15 shows a schematic diagram of the electronic circuit with interconnection
between the components of the IoT device.

Appendix C2

The components and prices for the IoT device, the gateway node as well as the water
table and the soil moisture probes with their commercial alternatives are listed in Table
C.3.

Appendix C3

This Appendix includes a detailed view of the environmental housings for the IoT de-
vice, the water table probe and the soil moisture sensor.

10https://www.metergroup.com/en/meter-environment/products/ech20-10hs-soil-moisture-sensor
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Table C.3: Components and price list for IoT device, the water table probe and soil

moisture sensor. Prices are based on delivery to Santa Fe, Argentina. Items without a

suggested supplier are generally available at electronics retailers or hardware stores.

Component Source Cost/Unit

IoT Data-Logger

PCB Mayer S.A. $8.60

microSD module MercadoLibre $1.65

RTC DS3231 module MercadoLibre $5.85

Arduino Pro Mini 5V 16 MHz MercadoLibre $8.15

nRF24L01+ PA + LNA SMA MercadoLibre $7.30

Battery 18650 MercadoLibre $23.60

Solar panel MercadoLibre $12.85

CR2032 RTC battery MercadoLibre $0.80

Oled Display 1.3 MercadoLibre $8.60

32 GB microSD (Sandisk) MercadoLibre $7.00

Housing misc parts: Poly Vinyl Chloride (PVC)

pipe, PLA Filament, etc various $8.00

Electronic misc parts: wire, resistors, regulators, etc various $12.80

Total in US Dollars: $105.20

Gateway Node

Arduino UNO MercadoLibre $18.00

nRF24L01+ MercadoLibre $7.30

Ethernet shield MercadoLibre $30.00

Housing misc parts: PVC pipe, PLA Filament, cables, etc MercadoLibre $8.00

Total in US Dollars: $63.30

Water Table Probe

Honeywell sensor Mouser Electronics, Inc. $50.80

UTP Cable C5 15m MercadoLibre $5.10

Crystal epoxy resin MercadoLibre $3.80

Glass tube 15m various $5.80

Steel ballast various $4.00

Housing and electronic misc parts: various $2.85

Total in US Dollars: $72.35

Soil Moisture Sensor

SKU sensor MercadoLibre $3.90

Housing misc parts: various $1.50

Total in US Dollars: $5.40

Commercial Devices/Sensors

GENICA (water table station, datalogger included) Genica $1000.00

HOBO U20L (water table station, datalogger included) MeteoSur SRL. $800.00

Aroya Solus Soil moisture sensor Amazon $580.15

Stevens HydraProbe Soil Moisture Sensor Fondriest Inc. $695.00

Decagon ECH20 10HS Soil Moisture Sensor IdealSur $182.00
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Apéndice D

Estimating alfalfa growth and yield by

measuring plant height with a low-cost,

close-range scanning device

Resumen La alfalfa (Medicago sativa L.) es un cultivo forrajero que se puede cortar
varias veces en el año, exhibiendo un alto rendimiento de materia seca (DMY, por sus
siglas en inglés). Las estimaciones de DMY se basan en dos métodos: 1) correlación
de datos y modelado sigmoidal del crecimiento, o 2) recopilación de datos mediante
plataformas remotas o dispositivos de escaneo de corto alcance. Este trabajo demuestra
que es posible utilizar un sensor acústico de corto alcance y bajo costo para monitorear
el crecimiento de la alfalfa en diferentes etapas junto con otros sensores que registren
parámetros agro-hidrológicos relevantes. Se utilizaron tres modelos analı́ticos indepen-
dientes del crecimiento para evaluar la calidad de las mediciones de altura de la alfalfa.
Los datos de cada ciclo de crecimiento se unificaron en un marco de referencia uni-
versal, lo que facilitó la comparación entre ciclos de diferente duración y temperatura
acumulada. Una de los modelos surgió como una métrica novedosa para evaluar la pre-
cisión de las mediciones y los procedimientos de posprocesamiento realizados. Luego,
se analizó la variabilidad del DMY utilizando regresión lineal múltiple. Se demostró
que la altura de la planta es un factor significativo para determinar los valores finales de
DMY. El sensor acústico con su hardware open-source asociado constituyen una herra-
mienta de bajo costo para monitorear el crecimiento de la alfalfa que puede ayudar a los
agricultores a tomar mejores decisiones sobre el momento adecuado para el corte y las
expectativas de rendimiento1.

1Este capı́tulo será enviado a Field Crops Research
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Abstract: Alfalfa (Medicago sativa L.) is a forage crop with multiple annual har-
vests and high dry matter yield (DMY). DMY estimates are based on 1) correlation
or modelling with sigmoidal growth curves, or 2) estimates using remote platforms or
short range scanning devices. This work demonstrates the use of a low-cost, short-
range acoustic sensor for continuously monitoring plant height and also other agro-
hydrological parameters. Three analytical, growth-independent models were used to
assess the quality of alfalfa height measurements. One of them is a novel metric (the
Landau equation) for the evaluation of the accuracy of sensor measurements. The qual-
ity of the data collected for each growth cycle was improved through a series of AI-
driven tasks and then reduced to a single reference frame to handle cycles with different
cumulative temperatures. Forage yield was then analysed using multiple linear regres-
sion. As plant height was found to be a significant factor in determining final DMY
values, the low-cost acoustic sensor and associated open-source hardware could pro-
vide a growth monitoring tool for alfalfa that could help farmers make more informed
decisions about harvest and yield expectations.

1 Introduction

Plant height is used as a rapid indicator of plant response in phenotyping for the selec-
tion of high-yielding or stress-tolerant genotypes. It has been shown that plant height is
one of the most important traits in plant ecology and is the result of many genetic and
environmental factors (Barmeier et al., 2016; Bitella et al., 2024). It is related to yield
and is a relevant parameter for rapid determination of crop response to variability in ex-
ternal factors (rainfall, soil moisture, temperature). However, the most common method
for measuring plant height is still a ruler. Frequent visual measurements of plant height
throughout the season are time-consuming, labour-intensive, costly and prone to human
error (Tucker, 1980).

This work focuses on monitoring the growth of alfalfa (Medicago sativa L.) due
to its widely recognized importance as a forage crop for livestock production (Noland

et al., 2018; Dhakal et al., 2020; Tucak et al., 2023). Continuous measurements are
achieved using a low-cost, near-field scanning device.

This perennial legume is grown on approximately 30-32 million hectares2 world-
wide (Acharya et al., 2020; Jáuregui et al., 2022), with the USA accounting for 21%
of the total area (Fink et al., 2022). Argentina remains one of the largest alfalfa pro-
ducers in the world and the first in South America with 1.5 million ha under cultivation
(Jáuregui et al., 2022; Basigalup, 2023).

Traditional field data collection or so-called direct methods for determining dry mat-
ter yields (DMY) in alfalfa are limited to destructive sampling and plant maturity assess-
ment (Tucker, 1980; Pittman et al., 2015). Indirect methods for DMY estimation include
1) methods based on data correlation (Sanderson et al., 1994; Noland et al., 2018; Fink

et al., 2022) or the use of sigmoidal growth models combined with the concept of grow-
ing degree days (GDD) (Mattera et al., 2013; Zhou&Wang, 2018; Barriball et al., 2022),
or 2) methods based on how data are collected, either using remote platforms (Tucker,
1980; Erdle et al., 2011; Kümmerer et al., 2023) or locally using short-range scanning

2One hectare -ha- is equal to an area of 10000 square meters.
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devices (LiDAR-Light Detection and Ranging or acoustic sensors) (Fricke et al., 2011;
Pittman et al., 2015; Barker et al., 2016; Banerjee et al., 2022).

Although correlation methods are useful, they require a large field dataset of specific
agrohydrological parameters, which can be a burdensome task and locally dependent
(Fink et al., 2022; López et al., 2022). It also requires the trimming of crop samples for
further processing to determine fresh and dry matter, namely FM and DM, respectively
(Tucker, 1980; Mattera et al., 2013; Noland et al., 2018). As a result, many crop man-
agement programmes only collect yield data at the end of the growing season without
phenotypic information on yield and crop adaptation to stressful conditions (Furbank &

Tester, 2011; Barker et al., 2016).
The evolution of non-destructive techniques for the assessment of crops has resulted

in a multitude of innovations over time. In particular, the advancement of ultrasonic and
light detection technologies has been notable, with significant developments observed
over the past two decades. The advent of close-range scanning sensor technologies has
enabled the estimation of dry matter (DM) at the local level, utilising measurements
derived from canopy or plant height. This has led to the establishment of a continuous
record of parameters throughout the crop growth cycle.

Fricke et al. (2011) used an acoustic sensor mounted on a two-wheeled vehicle 1
m above ground to record grassland height measurements. To measure plant charac-
teristics rapidly, Barker et al. (2016) built a mobile platform with two infrared ther-
mometers, an ultrasonic sensor, and a multi-spectral canopy sensor. Palleja & Landers

(2017) also demonstrate the ability of ultrasonic sensors to measure canopy density in
apple orchards and vineyards. Zhou et al. (2021) propose a method to calculate canopy
thickness using echo signals from ultrasonic sensors. These technologies were further
validated by Montazeaud et al. (2021), who compared measurements from a low-cost
ultrasonic sensor with manual determinations, although the autonomy of the Arduino®

platform (Mellis et al., 2007) only lasted for a few hours (see López et al. (2022)). More
recently, Bitella et al. (2024) used a low-cost proximal platform with an ultrasonic sen-
sor to flexibly measure plant height in either static or on-the-go mode, but also suffered
from the low autonomy of the open-source hardware platform.

However, at the same time as acoustic sensor applications were being developed,
another non-invasive technology was showing great promise. Llorens et al. (2011)
demonstrated that a LiDAR sensor was an excellent choice for obtaining detailed in-
sights into plant morphology, while ultrasonic sensors were suitable for determining
average canopy characteristics in vineyards. Pittman et al. (2015) conclusively proved
that the forage biomass of alfalfa, bermudagrass and wheat can be accurately estimated
using a ground-based mobile LiDAR and an ultrasonic sensor. Their results were con-
firmed by Banerjee et al. (2022), who also found high correlations between manually
measured plant height, FM and DM with measurements from a mobile LiDAR mounted
1.8 m above the ground. Moreno & Andújar (2023) and Debnath et al. (2023) pro-
vide a definitive review of several airborne and terrestrial LiDAR systems for use in
agriculture. Despite the inherent differences between the two sensors, i.e. a LiDAR
emits light waves that estimate biomass volumes (3D information) more accurately than
1D acoustic pulses, both acoustic and light detection must be consistent with accepted
biomass estimation metrics, which implies correlation with destructive FM removal data
(Pittman et al., 2015).

The specific objectives of this work were therefore twofold. First, to demonstrate the
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feasibility of using a low-cost, short-range acoustic sensor to monitor alfalfa growth at
different stages. Three ultrasonic sensors were integrated with low power, open source
hardware and firmware. The acoustic sensors were used to determine the effective
height of the forage on a static basis. Other agro-hydrological parameters were mea-
sured simultaneously using low-cost sensors. Subsequently, three analytical growth-
independent models were used as figures of merit to assess the quality of the alfalfa
height measurements. Among the three models, a novel metric (the Landau equation)
for evaluating the accuracy of sensor measurements is introduced. Considerable effort
is devoted to the treatment of data measurement uncertainty. In addition, data collected
from alfalfa growth cycles were reduced to a single reference frame, a technique that
avoids the need to handle cycles with different cumulative GDD values. Second, the goal
was to determine the intrinsic ability of data collected by the instrument to estimate
biomass production in comparison to DMY data obtained by destructive extraction.
The variability of forage yield was analysed using multiple linear regression, which
demonstrated the importance of plant height in determining the final values of DMY.
The paper ultimately concludes that the acoustic sensor model may serve as a reliable
means of inferring plant density through the vertical.

2 Material and methods

2.1 Data acquisition system

A low-cost, energy-efficient, multi-sensor data logger was used for in-situ collection
of key agro-hydrological parameters (Fig. D.1A). This versatile design was adapted
into different configurations to monitor: crop height using ultrasonic distance sensors,
groundwater levels using differential pressure sensors (Honeywell HSCDAND015PDSA3)
and meteorological variables using a rain gauge and anemometer. The basic system con-
sists of a microcontroller (Arduino Pro Mini 5 V 16 MHz), a memory module (catalex
microSD) and a real-time clock (RTC DS3231). The power system consists of two
18650 3.7V batteries in series, charged by a solar panel. Additional electronics condi-
tion the power to suit the device. The crop height monitoring platform contains three
Maxbotix ultrasonic distance sensors and a DHT-22 ambient temperature and relative
humidity sensor (Aosong Electronics Co Ltd, Guangzhou, China).

The low-power device, designed to measure agro-hydrological parameters in dif-
ferent environments, was developed at the Universidad Nacional del Litoral (Santa Fe,
Argentina, López et al. (2020, 2022)). Fig. D.1B shows a snapshot of the low-cost
system used at the Don Silvano SRL farm. Although historical rainfall records were
not available at the study site, a weather station at INTA3 Rafaela (see Mattera et al.

(2013); Berhongaray et al. (2019) for more details), located 34 km to the west, provides
a sufficiently long period of data that can be used, with some limitations, as an indicator
of the prevailing hydrology in the region.

3National Institute of Agricultural Technology, Argentina
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year, temperatures generally vary between 7 ◦C and 32 ◦C, rarely falling below 0 ◦C or
rising above 36 ◦C.

Many field trials have been carried out over 3 years (Nov 2020 to Feb 2024) on three
different plots within the farm. The measurements and samples were randomly selected
from time to time within these three locations. The first version of the equipment was
installed in a field with a two-year-old alfalfa crop. A second version of the equipment
was then installed in the same field. The improved and final version of the equipment
was placed in a alfalfa field that was less than one year old. The farm soil is defined
as PIL-03 - 2w(P)-67 silt loam and the crops are rainfed. The alfalfa variety used was
Alphatec 921 (Forratec). Before sowing, the seedbed was prepared with a disc harrow.
The seeds were sown in rows at a distance of 17.5 cm and at a depth of about 1 cm.
Seed density was 13.5 kg/ha. No fertiliser was applied before sowing and pesticides
were used to control weeds, insects and other diseases that could affect the crop.

Fig. D.2 shows, from top to bottom, a historical series of rainfall recorded at INTA’s
Rafaela station and other parameters measured at the study site by the low-cost device,
including rainfall, ambient temperature, crop height (acoustic bounce before filtering),
groundwater level, and wind speed. While INTA’s Rafaela station recorded an average
annual rainfall of 1004 mm over the last 54 years (Fig. 2, top), the last four years had
annual rainfall of 682, 909, 607, and 900 mm. Immediately after a significant rain-
fall event, which occurred at the end of January 2021, a rapid response (peak) of the
groundwater level is observed. The sensitivity of the pressure sensor used was exten-
sively tested (López et al., 2022). The groundwater depth was about 5.5 m. It is likely
that a small portion of the plant’s water intake was supplied by groundwater.

Records of all variables listed above spanned fifteen complete growing cycles of
alfalfa. Destructive bulk sampling of the forage to determine FMY and DMY was per-
formed manually by mowing the alfalfa approximately every 30 days. Before each
mowing, the height of the crop was automatically measured by the acoustic sensor and
recorded by the data logger. At the same time, the height of the crop was measured
manually with a ruler. The sampling area was 2 m long, 0.56 m wide and covered 3
rows. One sample was taken at a time for each regrowth period, leaving a stem of ap-
proximately 12 ± 2 cm in height. Each sample was then preserved for weighing and
dried in an oven at 65◦C for 48 hours.

2.4 Data processing and filtering

Depending on the density of the alfalfa leaves and how the ultrasonic beam bounces off
them, the canopy can behave like a multi-layered mixture of soft, porous material with
the soil surface as the final rigid layer. Or, conversely, a hard, rough surface with good
reflective properties. Fig. D.3 shows a number of situations where the ultrasonic beam
pings on alfalfa with different textures. Most of the field experiments were carried out in
years of pronounced drought, with deep groundwater in the last three years (more than
7.5 m below surface). The groundwater levels shown in Fig. D.2 were recorded in 2021
when the annual precipitation was about 10% below its mean, whereas in 2022 it was
on the order of 40% below average. Fig. D.3 covers a data window of seven growing
cycles and, for simplicity, six snapshots, showing situations of low, medium and high
leaf density. The first two are the result of little or no rainfall. The next two are with
moderate rainfall and the last three with significant rainfall during the first week after
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called the “chi-squared”, where n is the number of observations. Finding the best set
of c-parameters that minimises the sum of χ2(c) will validate the model (maximum
likelihood estimator), while allowing some error bars to be assigned to the data points
(Press et al., 1989). If the residuals are ei = yi − ŷi, then the fractional, or normalised,
root mean square deviation (rmsd), and the coefficient of determination (r2), defined as

rmsd =
1

(ymax − ymin)

√

√

1

n

n
∑

i=1

e2
i
, (D.3)

r2 = 1 −

∑n
i=1 e2

i
∑n

i=n(yi − ȳ)2
, (D.4)

are also useful metrics for assessing the uncertainty associated with the fit of a model to
experimental data. Above, ȳ is the mean of the measured data yi = y(ti) and ŷi = ŷ(ti, c)
is the fitted model that is as close as possible to the true model.

2.6 Crop growth modelling

The growth of plants is subject to a number of environmental factors, making it impos-
sible to determine the precise route traversed by the plant from the initial stages to the
final stages of the growth cycle. It is therefore beneficial to utilise straightforward yet
autonomous phenomenological growth models to evaluate the dependability of alfalfa
height measurements obtained by the acoustic sensor. If the scatter of the data is mini-
mal or the random errors are normally distributed, the models may not diverge too much
from the true growth model. Three models are presented here for sigmoidal or S -shaped
growth.

y(τ, c) =






















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






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
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




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2
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1

2
tanh(c1τ − c2) : Fisher,

√

1

2
+

1

2
tanh(c1τ − c2) : Landau,

1 − tanh[exp(c2 − c1τ)/2]

1 + tanh[exp(c2 − c1τ)/2]
: Gompertz ,

(D.5)

where τ and y(τ, c) are dimensionless GDD and plant height respectively. The inter-
pretation of c1 and c2 varies across models; however, statistical fitting provides greater
precision. All models predict growth saturation at τ∗ = c2/c1. The inflection point is
easy to identify for Fisher and Landau. The Gompertz solution can be cast in terms of
chained exponential functions, but finding the onset of saturation requires going up to
the second derivative (Chu, 2020). See 5.

2.7 Yield model

An effective approach to identifying patterns in the data is to use linear regression (SLR)
and multiple linear regression (MLR). A linear regression consists of a standard proce-
dure, whereas a DMY can be obtained as follows

DMY = a1 ϕ1(t) + a2 ϕ2(t) + . . . + am ϕm(t) , (D.6)
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days Date pts GDDM
c1 c2 GDD∗ rmsd r2

26 Sep-Oct 21 1088 314 1.575 0.626 125 11.4 0.87

27 Oct-Nov 21 1129 420 1.755 0.722 173 10.2 0.83

25 Nov-Dic 21 964 485 3.206 1.551 235 6.6 0.96

23 Nov-Dic 21 908 405 1.849 0.838 184 8.2 0.93

21 Dic-Jan 21 954 409 2.611 0.840 132 7.6 0.93

24 Nov-Dic 22 512 462 2.569 0.820 147 5.4 0.97

32 Mar-Apr 23 1168 448 2.648 1.028 174 6.1 0.98

41 Apr-Jun 23 999 409 3.735 1.549 169 4.2 0.98

32 Oct-Dic 23 911 484 1.875 0.490 126 5.3 0.97

28 Dic-Jan 24 648 571 2.616 0.826 189 9.0 0.88

30 Jan-Feb 24 1174 603 2.864 0.834 176 4.0 0.99

29 Feb-Mar 24 755 440 3.326 1.183 157 3.2 0.99

τ∗ = c2/c1

− Fisher 41 σi , 1 2.313 0.849 0.367 2.5 0.99

− Landau 41 σi , 1 2.987 1.688 0.565 2.7 0.99

− Gompertz 41 σi , 1 3.500 0.794 0.227 4.4 0.98

Table D.1: Parameter values obtained after fitting the logistic or Fisher growth curve

to different regrowth periods. GDD∗=GDDM c2/c1 indicates the accumulated tempera-

ture at the onset of saturation. The last three rows show the fit obtained with the χ2(c)

(Eq.(D.2)) over the normalised range, and the dimensionless GDD at the onset of satura-

tion.

rmsd between 3.2% and 11.4%, with an r2 between 0.83 and 0.99. Although the for-
age growth cycles were measured at different times of the year, a climatic factor that
influences the time required to accumulate enough solar energy to reach maturity, the fit
predicts that the onset of saturation is reached on average at GDD∗ = 166 ± 30 ◦Cd. Fig.
D.7B shows the scatter plot obtained by comparing all the Fisher’s fits to the normalised
height measurements.

The three theoretical models were fitted by minimising the χ2 with respect to the
mean values of all normalised growth cycles (see 5). The fit gave a relative rmsd of
2.5, 2.7 and 4.9% for the Fisher, Landau and Gompertz models respectively (Fig. D.8A

and Fig. D.8B). Similarly, the fit gives an r2 = 0.99 for Landau and Fisher and = 0.98
for Gompertz (see Table D.1). The poor ability of the r2 coefficient as a metric for
determining which model best fits the data can be circumvented by keeping in mind that
as the number of data increases, the χ2-distribution becomes approximately Gaussian.
Thus, a good fit will have nearly 95% of the data within ±two normalised residuals of the
theoretical function (see Table D.2), and its histogram will be approximately Gaussian
(Fig. D.8C).

3.3 Crop yield

It is possible to obtain a fair and statistically significant SLR (r2 = 0.74) between crop
yield and plant height readings produced by the acoustic sensors. Fig. D.9 illustrates
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precipitation (ϕ1). An additional yield of 0.62 per additional unit of plant height is just
a numerical result. The subscript o indicates a reference value of the predictor variable.
In numerical jargon, the conditioning number means that if the plant height value is un-
certain by one unit, DMY is only uncertain by 0.62. In other words, the model reduces
the uncertainty in the data. Alfalfa cannot grow indefinitely; it either falls under its own
weight or flowers and is no longer digestible.

Most of the alfalfa cuts were made during an exceptional period of drought caused
by a rare ”triple dip” phenomenon of La Niña (Li et al., 2023). Rainfall per cycle can
affect the results as it has a different effect at the beginning and end of the cycle (when
the phreatic level is well below the root zone). Dividing the rainfall into periods would
refine the analysis, but more observations are needed for more complex methods (López

et al., 2022)).

5 Conclusions

This study presents an innovative method for estimating alfalfa crop growth and yield
using a short-range scanning device. It was established that open source hardware de-
vices can be used to integrate data to improve the prediction of plant growth and yield
for alfalfa. The acoustic device accurately measured alfalfa plant height for almost three
years. The work included two novel aspects: a unified frame of reference and a new sig-
moidal function. The Landau equation predicts a higher accumulated temperature for
alfalfa to reach maturity saturation than the logistic model.

Similarly, a set of data collected by the automatic station was used to infer the final
yield with an acceptable level of fit (r2 = 0.80). It was established that plant height is
a key predictor for DMY values. The low-cost acoustic sensor and open-source hard-
ware could help growers monitor alfalfa growth and make informed harvest and yield
decisions. This approach can also be applied to other crops.

As acoustic sensor data can infer canopy density, yield predictions can be improved
by using an independent device to contrast plant morphology. Combining low-cost 3D
imagery with satellite imagery will allow the use of machine learning algorithms with
more predictors for non-linear regressions.
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Appendix D1: Growth Models

The biochemical, physical, and hydrological interactions behind plant growth can be
summarized in a single phenomenological equation: dR/dt = f (t, c), where t is time,
R is plant height, and c is the vector of parameters that lumps all these unknown inter-
relationships. Three models are used here. The first two predict symmetric sigmoidal
curves, while the third predicts asymmetric growth curves. The time dependence is then
converted into GDD variation by the chain rule αdR/dGDD= f (GDD, c), where α ≈ 15◦C
(cf. Fig.D.5B)

α
dR

dGDD

= r
R

RM

(RM − R) : Fisher (D.8)

α
dR2

dGDD

= 2Q2R2
− 2P2R4 : Landau (D.9)

α
dR

dGDD

= r ln
(

RM

R

)

R : Gompertz (D.10)

The first equation is the logistic equation, also known as the Fisher equation (Kudryashov
and Zakharchenko, 2014), where r : [T−1] is the Malthusian parameter and RM : [L]
is the maximum plant height. The second model is due to Landau (1944), who pro-
posed it to explain the evolution of turbulence in Newtonian flows. The coefficients
Q : [T−1/2], P : [L−1T−1/2] are empirical constants required for dimensional reasons,
where L and T have the dimensions of length and time respectively. Substituting z = y2

reduces Landau’s model to Fisher’s equation. The third independent model is the gen-
eralized logistic function or Gompertz model (Chu, 2020). Introduction of normalized
variables, necessary for theoretical and numerical reasons

τ =
GDD

GDDM

, y(τ) =
R(τ)

RM

, (D.11)
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where GDDM
is the total, or maximum, cumulative GDD for each growing cycle. Then,

the above models become

dy

dτ
= c1 y(1 − y) : Fisher, (D.12)

1

2

dy2

dτ
= c1 y2(1 − y2) : Landau, (D.13)

dy

dτ
= c1 ln

(

1
y

)

y : Gompertz. (D.14)

The exact solutions are included in Eq.(D.5), with c1 and c2 given by

c1 =
r GDDM

α
, c2 = ln (1/y0 − 1) : Fisher

c1 =
Q2 GDDM

α
, c2 = ln

(√

1y2
0 − 1

)

: Landau

c1 =
r GDDM

α
, c2 = ln ((ln(1/y0)) : Gompertz

(D.15)

where y(0) = y0 is some initial condition. All models show initial exponential Malthu-
sian growth followed by linear growth. Note that fitting the Gompertz model can be
done by direct linearisation (similar to the logistic equation, see Chu (2020))

y(τ) =
1 − tanh[exp(c2 − c1τ)/2]

1 + tanh[exp(c2 − c1τ)/2]

= exp
[

−exp(c2 − c1τ)
]

ln

[

ln

(

1

y(τ)

)]

= −c1τ + c2

The models were fitted to the data in three steps. First, a nonlinear least squares
method5 was applied to Eq. (D.2) with σi = 1 using the logistic equation to check
the suitability of sigmoidal growth models. Normalized variables provide a common
frame of reference, avoiding the problem of dealing with cycles of different lengths or
cumulative GDD values. The interval [0, 1] was divided into 40 equidistant segments.
From each cycle, the GDD value closest to the equidistant GDDi value (converted from
τi) was selected along with its corresponding plant height value. This resulted in 12
data points for each τi, with a deviation σi for i = 1, . . . , 41. Third, χ2 (Eq.(D.2)) was
minimized with σi , 1. Eqs.(D.15) gives the initial seeds for each method. For the
linearized form, the Newton method performs one iteration. All computations were
performed using Python (see footnote 4 for details) and the GNU fortran 2008 (Ubuntu
11.4.0-1ubuntu1 22.04) to compile some in-house developed routines. The results were
identical.

Appendix D2: Crop yield models

All selected data used to fit the MLR model corresponded to the final or cumulative
value of the trait variable at the end of the growing cycle. Plant height was determined

5Newton’s scheme as a fixed point iteration.
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by averaging the sensor readings, except in situations where rain flattened the crop. Cu-
mulative GDD corresponds to the date of destructive sampling, as biomass continued
to increase until then. Data were standardised by subtracting from the mean and di-
viding by the standard deviation. Standardisation makes direct comparisons easier by
overcoming the problem of variables measured in different units.

Appendix D3: Crop Monitoring Station Design

This appendix presents the design of the plant growth monitoring station, including
technical diagrams and materials used. The station is supported by structural square
tubing (12 × 12 × 1.60 mm, Fig. D.11). The ultrasonic sensors have a 3/4” male thread,
screwed into a 3/4-inch polypropylene T-fitting. Wiring was routed through the interior
with matching end caps. This info supports reproducibility and further crop growth
monitoring research.

Figure D.11: Design of the crop growth monitoring station
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Acrónimos

AI Artificial Intelligence.
CDI Common Datalogger Interface.
DM Dry Matter.
DMY Dry Matter Yield.
ENSO El Niño Southern Oscillation.
FAO Food and Agriculture Organization of the United Nations.
FEWS Flood Early Warning System.
FOSH Free Open Source Hardware.
FM Fresh Matter.
GDD Growing Degree Days.
INTA Instituto Nacional de Tecnologı́a Agropecuaria.
IoT Internet of Things.
KNN K-Nearest Neighbor.
LiDAR Light Detection and Ranging.
MBE Mean Bias Error.
MLR Multiple Linear Regression.
OCR Optical Character Recognition.
PCB Printed Circuit Board.
RA República Argentina.
RFO Random Forest.
RMSD Root Mean Square Deviation.
RMSE Root Mean Square Error.
RNUO Reserva Natural Urbana del Oeste.
RTC Real Time Clock.
RTU Remote Transmission Unit
SAH Sistema de Alerta Hidrológica.
SVR Support Vector Regression.
TDR Time Domain Reflectometry.
TOF Time of Flight.
VWC Volumetric Water Content.
WUNR West Urban Natural Reserve.
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González-Teruel, J. D., R. Torres-Sánchez, P. J. Blaya-Ros, A. B. Toledo-Moreo,
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