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RESUMEN

La necesidad de lograr una economía descarbonizada para evitar los efectos del
cambio climático ha derivado en una serie de compromisos internacionales que obli-
gan a España y Europa a reducir paulatinamente sus emisiones de gases de efecto
invernadero hasta alcanzar la neutralidad climática en 2050.

Este objetivo solo se puede alcanzar con un nuevo modelo energético basado en
una integración masiva de energías renovables. Entre las tecnologías llamadas a con-
vertirse en uno de los pilares de esta descarbonización de la economía se encuentra
la energía solar fotovoltaica como consecuencia de su propia madurez tecnológica y
la significativa reducción de costes que ha experimentado en los últimos años. Dentro
de las instalaciones fotovoltaicas, una de las tipologías que ha recibido un mayor im-
pulso son las instalaciones de autoconsumoubicadas cerca de los puntos de demanda
eléctrica gestionadas por los consumidores que pasan a ser también proveedores de
energía y servicios a la red convirtiéndose en los denominados “prosumers“.

Esta integración masiva de nuevas plantas de generación distribuida supone un
desafío para la gestión de la red eléctrica que, tradicionalmente, ha respondido a un
modelo de flujo de potencias unidireccional donde la potencia fluye desde grandes
unidades de generación hacia los puntos de consumo, ajustando en todo momento
la generación a la demanda y consiguiendo un balance de potencias que permitiese
regular y controlar de manera efectiva los valores de tensión y frecuencia dentro de
rangos admisibles. El nuevo modelo de generación distribuida basada en renovables
requiere de nuevas herramientas y estrategias de gestión para hacer frente a la va-
riabilidad que presentan estas energías renovables por su propia naturaleza y el gran
número y dispersión geográfica de instalaciones que requieren unamayor flexibilidad
ante nuevos retos en forma de flujo bidireccional de energía.

Estas nuevas estrategias de gestión están apoyadas por los grandes avances reali-
zados por las tecnologías de la información y la comunicación (TICs), que se han ido
incorporando de forma paulatina de la mano de los operadores de red de cara a reco-
ger diversas variables relacionadas con los estados de las unidades de generación y de
los usuarios con objeto de optimizar la distribución y el consumo.

En el caso de la fotovoltaica, hasta hace unos años, el coste y la complejidad de
los sistemas de monitorización de las instalaciones fotovoltaicas limitaban su uso a
las plantas fotovoltaicas de gran capacidad (a partir de 1 MW, tanto por motivos eco-
nómicos como normativos), pero la aparición y la rápida evolución en el mercado del
denominado Internet de las Cosas, IoT por sus siglas en inglés (Internet of Things), ha
causado una explosión en la cantidad y variedad de soluciones de bajo costo que po-
drían permitir la implementación a gran escala de los sistemas de monitorización de
manera rentable.

Durante el desarrollo de esta tesis, de carácter eminentemente práctico, se ha tra-
bajado en las tres capas que componen un sistema de IoT (percepción, comunicación
y aplicación) para proponer un nuevo prototipo de gestión y comunicación de insta-
laciones fotovoltaicas de autoconsumo basado en estándares abiertos y soluciones de
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bajo coste.

En la capa de percepción se han desarrollado y evaluado varios prototipos de siste-
mas de monitorización de acuerdo con los requisitos de la norma EC–61724, que des-
cribe las pautas generales para monitorizar y analizar el rendimiento de las plantas de
energía fotovoltaica.

Dentro de la capa de comunicaciones se ha trabajado en integración y evaluación
de nuevos sistemas de comunicaciones de bajo coste, gran cobertura y baja demanda
de energía (LPWAN) comomedio para el intercambio datos en un entorno de Internet
de las cosas (IoT).

Por último, en la capa de aplicaciones se ha abordado el análisis de modelos de
predicción de la generación de energía a corto plazo de estas instalaciones para pro-
porcionar fiabilidad y estabilidad a la red, estudiándose tanto diferentes fuentes de
datos de irradiancia para la aplicación de estos modelos como la influencia de los pa-
rámetros fundamentales de la red de comunicaciones en sus resultados.



ABSTRACT

The need to achieve a decarbonized economy to fight climate change has promp-
ted several international commitments that oblige Spain and Europe to progressively
reduce their greenhouse gas emissions until reaching climate neutrality in 2050. This
goal can only be reached with a new energy model based on a massive integration of
renewable energies. Among these technologies, photovoltaic solar energy is called to
become one of the pillars to decarbonize the economy decarbonization thanks to its
own technological maturity and the significant cost reduction, it has experienced in
recent years.

Within the different types of photovoltaic installations, one of the fastest growing
is that of self-consumption, which are installations located near the points of electri-
city demand managed by the consumers themselves who also become providers of
energy and services to the network, becoming the so-called prosumers.

Thismassive integration of new distributed generation plants poses a challenge for
the management of the electricity grid, which has traditionally responded to a uni-
directional power flow model. In this unidirectional model, the power flows from the
large generation units to the consumption points, adjusting the generation to achieve
a power balance that allows effective regulation and control of the voltage and fre-
quency values within the admissible ranges.

Thenewdecentralizeddistributedmodel requiresnew tools andmanagement stra-
tegies to deal with the variability that renewable energies present due to their very
nature and the large number and the geographical dispersion of installations that re-
quire greater flexibility to ensure a constant supply to cover demand and meet new
challenges in the form of bidirectional flow of power

These newmanagement strategies are supported by the great advances made by
information and communication technologies (ICTs) that have been gradually incor-
porated by the network operators in order to collect various variables related to gene-
ration units and consumer´s behavior in order to optimize distribution and consum-
ption.

In the case of photovoltaics, until a fewyears ago, the cost and complexity ofmonito-
ring systems for photovoltaic installations limited their use to large-capacity photovol-
taic plants (from 1MW, both for economic and regulatory reasons), but the appearance
and rapid evolution in the market of the so-called Internet of Things, IoT,

In this thesis, which has a practical approach, new contributions have been do-
ne to the three layers that make up an IoT system (perception, communication, and
application) to propose a new management and communication prototype for self-
consumption photovoltaic installations based on open standards and low-cost IoT so-
lutions.

In the perception layer, several prototypes of monitoring systems have been deve-
loped and evaluated in accordance with the requirements of the EC–61724 standard,
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which describes the general guidelines formonitoring and analyzing the performance
of photovoltaic power plants.

Within the communications layer, work has been done on the integration and eva-
luation of new low-cost, high coverage, and low energy demand communications sys-
tems (LPWAN) to exchange data.

Finally, in the applications layer, the analysis of short-term power generation pre-
dictionmodels for these facilities has been addressed to provide reliability and stability
to the network, studying both different sources of irradiance data for the application
of these models such as the influence of the fundamental parameters of the commu-
nications network in their results. .
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CAPÍTULO 1

MOTIVACIÓN Y OBJETIVOS

El Acuerdo del Clima de París de 2015 [1], ratificado por España, obliga a reducir
las emisiones de gases de efecto invernadero un 40% en 2030 sobre el nivel de 1990.
En esta línea, la Unión Europea acordó en abril de 2021 su Ley del Clima que eleva el
objetivo hasta el 55% en 2030.

Por esta razón se han revisado las directivas de renovables, eficiencia energética
y de edificios para adaptarlas al nuevo objetivo [2]. El gobierno de España publicó el
pasado 31 demarzo en el BOE la versión final del Plan Nacional Integrado de Energía y
Clima 2021-2030 (PNIEC) [3], y en abril el Congreso aprobó la Ley de Cambio Climático,
confirmando el objetivo de reducción del 23% de las emisiones en 2030 sobre el nivel
de 1990.

Este plan prevé para el año 2030 una potencia total instalada en el sector eléctrico
de 161 GW, de los que 50 GW serán energía eólica; 39 GW solar fotovoltaica; 27 GW
ciclos combinados de gas; 15 GW hidráulica; 9 GWbombeo; 7 GW solar termoeléctrica;
y 3 GW nuclear, así como cantidades menores de otras tecnologías.

En línea con esta estrategia de descarbonización de la economía, España ha desa-
rrollado en los últimos años, una nueva legislación[4],[5],[6] quebrinda apoyo y unbuen
escenario para el desarrollo de Fuentes de Energía Renovable (RES) especialmente la
energía eólica y solar fotovoltaica (PV). De hecho, éstas han experimentado un enorme
crecimiento como consecuencia de su propia madurez tecnológica. Específicamente,
las instalaciones fotovoltaicas se han extendido ampliamente a diferentes niveles de
voltaje gracias a la madurez de la tecnología y a una reducción significativa en el cos-
te.

Dentro de las instalaciones fotovoltaicas, una de las tipologías que ha recibido un
mayor impulso son las instalaciones de autoconsumo debido a un nuevomarco regu-
latorio que eliminaba trabas presentes en la legislación anterior junto que se ha exten-
dido la aplicación de incentivos fiscales al autoconsumo en los impuestos locales y se
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CAPÍTULO 1. MOTIVACIÓN Y OBJETIVOS

han introducidomedidas específicas de promoción a nivel estatal y regional. Entre es-
tas medidas especificas se puede destacar la reciente publicación de la Hoja de Ruta
del Autoconsumo [7] o las medidas específicas dentro de las diferentes componentes
del Plan de Recuperación y Resilencia [8].

Este impulso ha provocado un fuerte crecimiento de este tipo de instalaciones. Se-
gún los datos registrados por la Unión Española Fotovoltaica (UNEF) en 2021 en España
se instalaron 1.203 MW de nueva potencia fotovoltaica en instalaciones de autoconsu-
mo [9].

Figura 1.1: Evolución del autoconsumo. Fuente: Ministerio para la Transición Ecológica
y el Reto Demográfico.[7]

Se prevé que este crecimiento seguirá constante en el periodo 2021 a 2030 alcan-
zando los 9 GW. Esta potencia podría aumentar hasta los 14 GW instalados de auto-
consumo en 2030 en el caso de darse un escenario muy favorable de alta penetración
como son los altos precios de la energía alcanzados en estos últimosmeses debidos al
incremento de los costes del gas natural por la guerra en Ucrania.

La integración masiva de este nuevo tipo de plantas de generación distribuida su-
pone un desafío para la gestión de la red eléctrica que, tradicionalmente, ha respon-
dido a un modelo de flujo de potencias unidireccional donde la potencia fluye desde
grandes unidades de generación hacia los puntos de consumo, ajustando en todomo-
mento la generación a la demanda y consiguiendo un balance de potencias que per-
mite regular y controlar de manera efectiva los valores de tensión y frecuencia dentro
de rangos admisibles. El nuevo modelo de generación distribuida basada en renova-
bles requiere de nuevas herramientas y estrategias de gestión para hacer frente a la
variabilidad quepresentan estas energías renovables por su propia naturaleza y el gran
número y dispersión geográfica de instalaciones que requieren unamayor flexibilidad
ante nuevos retos en forma de flujo bidireccional de energía Estas instalaciones de au-
toconsumo están ubicadas cerca de los puntos de demanda eléctrica y son gestiona-
das por los consumidores que están adoptandounpapel cada vezmás activo, pasando
demeros elementos pasivos y demandantes de recursos a agentes implicados en ser-
vicios a la red eléctrica, como el control de frecuencia o tensión, o la modificación de
sus perfiles de demanda a través de las unidades de generación conectadas a red los
denominados ’prosumers’ [10].

Este cambio de rol de los consumidores está apoyado por los grandes avances rea-
lizados por las tecnologías de la información y la comunicación (TICs) que se han ido
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CAPÍTULO 1. MOTIVACIÓN Y OBJETIVOS

incorporando de forma paulatina de la mano de los operadores de red de cara a reco-
ger diversas variables relacionadas con los estados de las unidades de generación y de
los usuarios con objeto de optimizar la distribución y el consumo.

La incorporación de este estas nuevas herramientas se ha ido realizando comen-
zando desde las grandes plantas de generación implementándose en plantas de me-
nor potencia amedida que se iban desarrollando nuevas tecnologías que reducían los
costes.

En el caso de la fotovoltaica, hasta hace unos años, el coste y la complejidad de
los sistemas de monitorización de las instalaciones fotovoltaicas limitaban su uso a
las plantas fotovoltaicas de gran capacidad (a partir de 1 MW, tanto por motivos eco-
nómicos como normativos), pero la aparición y la rápida evolución en el mercado del
denominado Internet de las Cosas, IoT por sus siglas en inglés (Internet of Things) [11]
ha causado una explosión en la cantidad y variedad de soluciones de bajo costo que
podrían permitir la implementación a gran escala de los sistemas de monitorización
de manera rentable.

El concepto de internet de las cosas [12] se refiere a la interconexión digital de ob-
jetos cotidianos, como electrodomésticos, sistemas de salud, sistemas de seguridad
y vigilancia, sistemas industriales, sistemas de transporte…empleando como soporte
de comunicaciones internet. Su objetivo es automatizar el funcionamiento de éstos
sin necesidad de intervención humana, favoreciendo un intercambio de información
y una toma de decisiones en base a los datos intercambiados a los algoritmos imple-
mentados. Este tipo de soluciones implican una serie de requerimientos hardware so-
bre los que basar las comunicaciones, por lo que los dispositivos deben estar equipa-
dos conmicrocontroladores, transceptores y protocolos que faciliten y estandaricen la
comunicación entre ellos y con entidades externas.

De acuerdo con la arquitectura recogida de estándares internacionales (IEEEP2413)
un sistema de IoT se compone de tres capas: capa de percepción, capa de red y capa
de aplicación IEEE P2413 [13].

La capa de percepción incluye un conjunto de dispositivos habilitados para su co-
nexión a Internet que tienen capacidadpara la percepción y detección de objetos.
Además, incluye sistemas de recogida de información así como el intercambio de
información con otros dispositivos a través de la comunicación por Internet. Con-
tadores, Sensores, sistemas de posicionamiento global (GPS), cámaras y dispositi-
vos de identificación de radiofrecuencia (RFID) son ejemplos de dispositivos que
existen en la capa de percepción.
La capa de red es responsable del envío de los datos de la capa de percepción a
la capa de aplicaciones, por tanto actúa como intermediaria entre ambas capas
y facilita el envío y recepción de información. Habitualmente, y dependiendo de
las aplicaciones y los equipos involucrados, los sistemas de IoT suelen utilizar una
combinación de Internet y redes de corto alcance para el envío de la información
desde dispositivos de percepción. Para ello hacen uso de pasarelas y otras tecno-
logías que permiten este tipo de interconexiones para largas distancias y donde
los equipos pueden no tener una conexión directa o física a Internet.
La capa superior es la capa de aplicación, donde la información entrante se proce-
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sa para crear las estrategias de gestión. Las aplicaciones tienen un amplio rango
de objetivos, entre los que podemos destacar la promoción y gestión de hogares
inteligentes, ciudades inteligentes, lamonitorización del sistema de energía, ges-
tión de la demanda de energía, o la integración de recursos renovables que es el
caso que aborda esta tesis.

Debido al carácter eminentemente práctico de esta tesis, en este trabajo se han reali-
zado contribuciones en las tres capas de la arquitectura para proponer un nuevo pro-
totipo de gestión y comunicación de instalaciones fotovoltaicas de autoconsumo (en
la franja 15-100 kW) basado en estándares abiertos y soluciones de IoT de bajo coste.

En el capítulo siguiente se presenta un breve estado del arte de las diferentes tec-
nologías con el fin de explicar el contexto en el que se enmarca esta tesis, así como
facilitar la comprensión de sus objetivos y contribuciones.
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CAPÍTULO 2

ESTADO DEL ARTE

El objetivo de este capítulo es resumir brevemente el estado del arte de las tecno-
logías involucradas en cada una de las capas de la solución de IoT propuesta para la
monitorización de instalaciones de autoconsumo para su operación ymantenimiento
(O&M) a costes razonables para asegurar su rendimiento, su disponibilidad y su renta-
bilidad.
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2.1. Capa de percepción

La capa de percepción o capa física es la encargada de recopilar y procesar la in-
formación y los datos procedentes de las instalaciones fotovoltaicas siendo uno de los
objetivos de este trabajo hacerlo con soluciones basadas en estándares abiertos y de
bajo coste para minimizar la inversión en este sistema y adecuarlo al coste de la insta-
lación facilitando su implantación.

Este esfuerzo ha sido una prioridad en la última década pudiendo encontrarse di-
ferentes soluciones en la literatura específica para monitorizar plantas de energía fo-
tovoltaica. Más específicamente, algunas de estas contribuciones se centran en lamo-
nitorización local de datos PV.

De esta manera, Fuentes et al. describen un registrador de datos portátil basado
en instrumentos independientes [14]. En otros trabajos se usa LabVIEW para monito-
rizar y comunicar varios dispositivos simultáneamente []. Bayrak et al. usan una tarjeta
de adquisición de datos Labview (DAQ) para monitorizar la medición eléctrica de un
sistema FV [15]. Chouder et al. también presentan una caracterización detallada del
rendimiento y el comportamiento dinámico de las instalaciones fotovoltaicas a través
del sistema de interfaz en tiempo real de LabVIEW [16]. Otros autores han propuesto
soluciones inalámbricas para monitorizar instalaciones fotovoltaicas a nivel de panel.
Como ejemplo, Ando et al. describen una conexión inalámbrica completa a nivel de
panel para estimar las pérdidas de eficiencia y el envejecimiento anómalo de las ins-
talaciones fotovoltaicas [17].

Contribuciones similares para la monitorización individual de paneles basados en
tecnología inalámbrica se pueden encontrar en Prieto et al. [18], y Papageorgas et al.
propusieron y evaluaron soluciones de monitorización in situ para paneles fotovoltai-
cos [19]. Moreno-García et al. presentan una arquitectura de dispositivos de adquisi-
ción, incluidos sensores inalámbricos distribuidos, para monitorizar y supervisar todos
los dispositivos distribuidos en la planta [20]. Fanourakis et al. presentan un sistema de
adquisición de bajo costo para registrar datos en una tarjetamicro SD [21]. Con respec-
to a las propuestas demonitorización remota de instalaciones fotovoltaicas se pueden
encontrar varios trabajos relacionados en la literatura. La tabla 2.1 presenta una com-
paración de algunas de las características técnicas de los sistemas disponibles en la
literatura y el sistema propuesto en este trabajo. En el resto de esta sección, discutire-
mos las similitudes y diferencias entre el sistema propuesto y los relacionados.

El sistema demonitorización propuesto por Caruso et al. consta de dos tipos de dis-
positivos: medidor inteligente y unidad principal [22]. Los medidores inteligentes son
los dispositivos responsables demonitorizar el voltaje y los datos de corriente del siste-
ma fotovoltaico en tiempo real, mientras que la unidad principal es el centro donde se
almacenarán los datos recopilados por los dispositivos delmedidor inteligente. Ambos
se basan en el MCU ATmega328P-PU y se comunican a través de una red inalámbrica
de radiofrecuencia (RF) que funciona a 315MHz. Se puede acceder a los datosmedian-
te una aplicaciónmóvil que se comunica con el centro principal a través de Bluetooth.

En el trabajo de Su et al. se desarrolló una red de sensores de dos niveles para mo-
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Tabla 2.1: Resumen de sistemas similares al propuesto encontrados en la literatura

Referencia Parámetros
registra-
dos

SW libre Transmisión
de datos

Conexión
a internet

AlmacenamientoSensores
dedica-
dos

Caruso et
al. [22]

Idc,Vdc SI 315 MHz
RF

Sin cone-
xón

Tarjeta SD SI

Su et al.
[23]

Ta, Tm, G,
h, Idc, Vdc

No RF and
ZigBee

Sin cone-
xón

Local compu-
ter

SI

Al-Naima
and Ha-
mad [24]

Ta, h, Idc,
Vdc

SI - Wi-Fi ThingSpeak
cloud data-
base

SI

Pereira et
al. [25]

Ta, Tm, G,
h, Ws, Idc,
Vdc, Pdc

SI - Wi-Fi Local flash
memory and
cloud data-
base

No

Aghenta
and Iqbal
[26]

Idc, Vdc,
Vb

SI Serial Ethernet EmonCMS lo-
cal server

SI

Zago and
Fruett [27]

Idc,Vdc SI ZigBee Wi-Fi Local Rasp-
berry Pi

SI

Erraissi et al. [28]
Ta, Tm, G,
Ws, Wd,
Idc, Vdc

SI Bluetooth Ethernet Local SD card No

Pdc, Iac,
Vac, Pac

Melo et
al.32

Ta, Tm, G,
h, rf, Ws,
Wd, Idc,
Vdc, Pac

SI LoRa Wi-Fi Local SD card
and cloudda-
tabase

Si

nitorizar sistemas fotovoltaicos [23].

El primer nivel de la red consta de nodos sensores que controlan el voltaje y la tem-
peratura de cada módulo fotovoltaico. El segundo nivel consta de nodos de sensores
quemonitorizan la irradiación, la temperatura ambiente, el voltaje y la corriente de ca-
da string. Además, los nodos de segundo nivel fusionan sus datos monitorizados con
los datos obtenidos por el primer nivel y los envían a un centro de datos.

La comunicación entre los niveles se realiza a través de una red inalámbrica de ra-
diofrecuencia, y el segundo nivel utiliza ZigBee para enviar todos los datos recopilados
al nodo central. En estos estudios, los datos solo están disponibles localmente, lo que
dificultaría la integración futura de estos sistemas en una red inteligente.

La conexión a Internet es crucial para proporcionar monitorización en tiempo real
de los datos y permitir el acceso remoto al sistema. Esta necesidad nos enlaza con la
siguiente capa de la arquitectura propuesta.
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2.2. Capa de comunicaciones

Entre los estudios consultados, los sistemas de monitorización conectados a Inter-
net se pueden configurar en dos topologías diferentes: los dispositivos de registro de
datos se conectan directamente a Internet o dispositivos intermedios entre Internet y
los registradores de datos.

Al-Naima y Hamad desarrollaron una red de sensores inalámbricos basada en el
MCU ESP8266 para monitorizar la energía fotovoltaica del sistema [24]. Cada nodo de
la red monitoriza los datos de corriente y voltaje de un conjunto de módulos fotovol-
taicos y se conecta a Internet a través de Wi-Fi para enviar los datos recopilados a una
plataforma en la nube de IoT. El sistema también es capaz demonitorizar la humedad
y temperatura de la planta solar.

Aghenta e Iqbal presentan un enfoque similar pero sin realizar la adquisición de
datos meteorológicos [26]. Un Arduino realiza la adquisición de sensores para medir
la generación fotovoltaica y se comunica con una Raspberry Py a través de un bus
serie. La Raspberry Pi se conecta a Internet mediante un cable Ethernet a través del
cual los datos recopilados se envían a una plataforma IoT basada en un servidor local,
donde se almacenan y se puede acceder a ellos. En el estudio desarrollado por Pe-
reira et al. [25], el sistema propuesto se basa en ESP32 y ESP8266, que se comunican
con un sistema de nube no especificada a través de Wi-Fi. Los datos de temperatura,
irradiancia, humedad, velocidad del viento y generación de DC se recopilan cada 47 s
y están disponibles a través de una aplicación web. Inicialmente, los registradores de
datos de la propuesta se configuraron para comunicarse con Internet a través deWi-Fi.
Sin embargo, este enfoque presentó una limitación en la ubicación de los dispositivos
registradores de datos debido al rango de Wi-Fi, adoptando en la versión actual una
segunda topología que combina LoRa y Wi-Fi.

El sistema propuesto en Zedak et al. monitoriza voltaje, corriente, temperatura e
irradiancia [29]. Este sistema se basa en un Arduino y utiliza una Raspberry Py como
puerta de enlace. Los dos dispositivos se comunican mediante el protocolo I2C, mien-
tras que Raspberry Py se comunica con un servicio en la nube mediante el protocolo
MQTT. Además de almacenar y hacer que los datos estén disponibles, el servicio en la
nube también puede enviar comandos de configuración a los dispositivos. Al igual que
el estudio anterior, la comunicación por cable de corta distancia limita la disposición
de los dispositivos y hace más compleja la instalación.

El sistemapresentado en Zago et al. tiene una estructura basada en redes de senso-
res inalámbricos (WSN), en la que cada nodo sensormonitoriza la corriente y la tensión
generada por un módulo fotovoltaico individual [27]. Los nodos envían datos a través
de ZigBee a una Raspberry Py que aloja una página web, lo que permite el acceso a
los datos de forma local y a través de Internet a través de Wi-Fi.

En el estudio desarrollado por Xia et al. [30], los módulos ZigBee se utilizan para re-
copilar y transmitir datos obtenidos de los inversores de la planta fotovoltaica, creando
una red de sensores local. Se utiliza una puerta de enlace 4G para conectar la red lo-
cal a Internet, lo que permite el acceso remoto a datos. La verificación de la suma de
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Tabla 2.2: Network schemes and communication technologies properties

Network schemes Technologies
Data

transfer rate
Typical

coverage range Latency

HAN
Ethernet, PLC, Zigbee,

WLAN, Z–Wave 10 – 100 kbps up to 500 m 10 ms – 1 s

BAN/IAN
Ethernet, PLC, Wimax,

WLAN 100 kbps – 1 Mbps up to 1 km 10 ms – 2 s

NAN
Ethernet, PLC, DSL,

Fiber–Optics, WiMax, NB–IoT, LoRa 100 kbps – 10 Mbps 0.1 – 10 km 10 – 50 ms

WAN
PLC, Ethernet, Fiber–Optics,

LoRa, WiMax 10 Mbps – 1 Gbps 10 – 100 km 10 µs – 20 ms

comprobación se utiliza para garantizar la estabilidad de la transmisión de datos y para
verificar su integridad. La tecnología ZigBee ha sido propuesta por diferentes autores
[31, 32, 33, 34] en los últimos años como solución para el desarrollo de soluciones de
monitorización dentro del ámbito del internet de las cosas [35] debido a su bajo con-
sumo de energía. Como inconveniente y como se expone en [36], la tecnología Zigbee
se ha probado ineficiente para cubrir grandes distancias ya que su alcance abarca de
e 10 a 100 metros. Como solución para estos casos, un sistema de bajo coste basado
en sistemas embebidos de IoT es presentado por Kekre et al. [37]. Esta solución utiliza
unmódulo GPRS y unmicrocontrolador de bajo costo para enviar la energía generada
por una planta de energía fotovoltaica. También se ha propuesto el canal de voz GSM
para la comunicación de datos, ya que la red GSM está fácilmente disponible en áreas
rurales [38]. Como inconvenientes, Pereira et al. afirmanque esta solución requiere una
tarjeta SIM con carga de transferencia de datos y puede instalarse solo en lugares con
cobertura telefónica [39].

Una de las alternativas empleadas para aumentar este alcance es el empleo de re-
des tipo LPWAN (Low-PowerWide-Area Network). LPWA es un término genérico re-
ciente que involucra diferentes tecnologías enfocadas en permitir comunicaciones de
área amplia minimizando el consumo de energía y el coste del sistema y tasa de datos
para para cumplir con este objetivo [40, 12]. El objetivo de estas tecnologías es adap-
tarse al nicho de productos que requieren una larga vida útil de la batería, tienen ciclos
de trabajo bajos y requieren demedio a largo rango. Lamayoría de las tecnologías LP-
WA desarrolladas han surgido tanto enmercados con licencia como sin licencia, como
SigFox, LTE-M, NB-IoT y de largo alcance (LoRa). Entre ellos, Shina et al. [41] afirmaron
que las soluciones NB-IoT y LoRa son las dos tecnologías emergentes líderes, a pesar
de las importantes diferencias técnicas en términos de arquitectura de red, caracterís-
ticas físicas y protocolo MAC entre ellas [41]. La tabla 2.2 compara diferentes esquemas
de red y tecnologías de comunicación.

Como se mencionará posteriormente, ambas alternativas han sido evaluadas den-
tro de los trabajos incluidos en esta tesis [42, 43].
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2.3. Capa de aplicaciones

La capa de aplicaciones es en la que los datos se usan para dar servicios al usuario,
desde las aplicacionesdomésticas sobreusode recursos (agua, gas, electricidad), hasta
las aplicaciones logísticas para las empresas, que optimicen los recursos y el tiempo de
procesado. Cualquier aplicación, doméstica o industrial, que haga uso de dispositivos
conectados (IoT) se incluye en esta “capa“ (por ejemplo, las que hacen posible la smart
home, smart cities, eHealth,...).

Dentro del sector de la generación de energía por fuentes renovables, uno de los
serviciosmás demandados es la predicción ymedición con alta precisión de la produc-
ción de los sistemas fotovoltaicos individuales que se ve afectada por muchos factores
desatancado, como era de esperar, la radiación solar recibida por el campo solar. En la
bibliografía podemos encontrar un número relevante de metodologías para medir y
predecir la irradiación solar global, considerándose esencial para el diseño, la evalua-
ción económica y el análisis del rendimiento de las plantas de energía fotovoltaica (PV)
y su integración en los sistemas eléctricos [44, 45].

En [46] podemos encontrar una revisión reciente de los modelos de predicción de
energía para energías renovables. Al considerar los diferentes métodos y propuestas,
sus validaciones se llevaron a cabo a través de una variedad de medidas de errores
basadas en el criterio del autor y enfocadas principalmente en resultados de pruebas
estadísticas promediadas. Notton et al. propusieron la aplicación de redes neuronales
artificiales —evaluadas por el error cuadrático medio relativo (rRMSE) y el error abso-
luto medio relativo (rMAE)— para estimar la irradiancia solar en planos inclinados [47].

De manera similar, se usaron el error de sesgo medio relativo (rMBE), rRMSE, el co-
eficiente de determinación (R2) y el índice de Willmott d para evaluar tanto las redes
neuronales artificiales como las aplicaciones demáquinas de vectores de soporte [48].
Bouchouicha et al. usaron el error cuadrático medio (RMSE) y rRMSE para validar un
modelo reajustado sobre el Gran Sur de Argelia [49]. Noorian et al. evaluaron docemo-
delos para estimar la radiación difusa horaria en superficies inclinadas mediante la
determinación del rRMSE [50].

Teke et al. realizaron una comparación extensa —más de 90 contribuciones— de
modelos estimados de radiación solar, para sugerir los modelos más precisos [51]. En
esta revisión, y de acuerdo con los resultados de las pruebas estadísticas utilizadas con
mayor frecuencia, se compararon el modelado lineal, el modelado no lineal, el mode-
lado de inteligencia artificial y los enfoques borrosos.

De acuerdo con la literatura específica, se puede afirmar que lamayoría de las con-
tribuciones se evalúan aplicando el rRMSE y el rMAE.

Durante los últimos años, se han propuesto diferentes aplicaciones para la irradian-
cia horizontal global (GHI) basadas en satélites geoestacionarios de nueva generación;
muy apropiado para monitorizar áreas remotas y territorios a gran escala con una mí-
nima inversión y costos operativos.
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Posteriormente, un número creciente de soluciones y bases de datos están dispo-
nibles en línea para aprovechar la información generada, por ejemplo, PVWatts [52],
PVGIS [53], Global Atlas [54] y SolarGIS [55]. Sin embargo, Piasecki et al. afirman en [56]
que, según el conocimiento de los autores, los datos de satélite hasta el momento no
se han comparado con lasmediciones proporcionadas por el National Instituto deMe-
teorología y Gestión del Agua (Polonia) desde la perspectiva de las fuentes de energía
renovables. Otras contribuciones se centran enel análisis de estos datos de los satélites.

Por ejemplo, Bodis et al. combinaron fuentes de datos estadísticos y basados en sa-
télites con aprendizaje automático para proporcionar una evaluación fiable del poten-
cial técnico para la producción de electricidad fotovoltaica en tejados con una resolu-
ción espacial de 100men toda laUniónEuropea (UE) [57]. Psiloglou et al. hanpublicado
recientemente una comparación entre conjuntos de datos procedentes de satélites y
los analizaron frente a mediciones terrestres al considerar solo un área rural aislada
[58]. Boca et al. evaluaron unmodelo de enfoque de regresiónmúltiple para la estima-
ción rápida de potenciales fotovoltaicos en Europa y África basado en la base de datos
PVGIS y a través del error porcentual absoluto medio (MAPE) [59].

Los datos basados en el espectrorradiómetro de imágenes de resolución modera-
da (MODIS), junto con los datosmeteorológicos convencionales, se utilizan en [60] para
estimar la radiación solar globalmedia diariamensual. Se aplican dos estadísticos: des-
viación de sesgo medio general (gMBD) y desviación de sesgo medio general relativo
(rgMBD) en [61] para validar el GHI estimado mediante el uso de datos de irradiancia
espectral basados en satélites.

Pierro et al. proporcionaron una puntación RMSE para evaluar la estimación y las
predicciones de generación de energía fotovoltaica a través de datos de satélite y de
modelos numéricos de predicciónmeteorológica [62]. Además, Tang et al. utilizaron el
error de sesgomedio (MBE), RMSE y rRMSE para evaluar si las estimaciones del GHI se
pueden mejorar aumentando la frecuencia de las observaciones de los satélites. Re-
cientemente, la desviación absolutamedia (MAD) fue lamétrica empleada en [63] para
comparar la irradiación global de un modelo de estimación satelital y las mediciones
terrestres.

Buffat et al. también utilizaron datos de radiación solar de satélites para estimar el
potencial de irradiación solar en los techos en grandes regiones. Se aplicaron el coefi-
ciente de correlación y un error relativomensual mediano para estimar la precisión de
dichas estimaciones [64].

Otros autores han propuesto métodos para estimar la irradiación normal directa a
partir de imágenes del satélite geoestacionario GOESpara sistemas solares de concen-
tración. En este caso, se utilizan los valores promedio de MBE y RMSE para validar los
métodos [65].

Pfenninger et al. usaron los resultados de RMSE para validar los patrones a largo
plazo de la producción fotovoltaica europea por medio de análisis por hora de 30 años
y datos de satélites [66]. Ernst et al. compararon los datos de irradiación terrestres y
satélites mediante el uso de resultados de intervalos de confianza [67]. En este marco,
esta revisión de la literatura demuestra que existe una falta de acuerdo en las estrate-
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gias de validación para los datos de irradiancia solar derivado de satélites [68]. Por lo
tanto, y debido a esta falta de acuerdo en lasmetodologías de validación de conjuntos
de datos de irradiancia solar, el objetivo del trabajo presentado en [69] se centra en eva-
luarmétricas para comparar los datos de de irradiancia obtenidos por satélites frente a
datosmedidos en tierra y analizarlasmediante la técnica de componentes principales.

Profundizando en los modelos de predicción de generación de aplicación en plan-
tas fotovoltaicas, se pueden encontrar diferentes soluciones de predicción en la lite-
ratura específica [70]. El marco de tiempo de predicción, también llamado horizonte,
se define de acuerdo con la operación de la red y bajo resoluciones tanto espaciales
como temporales. Se pueden definir diferentes horizontes de predicción, que varían
desde segundos hasta días o semanas de anticipación. Con respecto a los horizontes
espaciales, también se pueden abarcar desde una única ubicación hasta predicciones
a nivel regional.

En [71] se propone y evalúa un nuevo modelo basado en mediciones horarias. En
[72], Oudjana et al. exploraron la aplicación de redes neuronales para desarrollar mo-
delos de predicción de generación de energía fotovoltaica. Se pueden encontrar otras
soluciones basadas en redes neuronales en la literatura específica [73, 74, 75, 76, 77].

Naveed Akhter et al. [78] presentan una revisión crítica y sistemática de los méto-
dos de predicción de energía fotovoltaica (PV), principalmente centrados en el apren-
dizaje automático y en soluciones metaheurísticas. Se utiliza una técnica de machine
learning para la previsión de energía fotovoltaica de unmodelo en tiempo real [79]. En
[80] se analiza una revisión de la irradiación solar y la previsión de energía fotovoltaica.

Barbieri et al. concluyen que la temperatura y la irradiancia de la celda/módulo pue-
den considerarse como losmejores enfoques para unapredicción precisa de la energía
fotovoltaica; principalmenteencondicionesnubladas confluctuacionesdegeneración
de energía difícilmente predecibles [81]. En [82], se analiza y cuantifica una revisión de
predicción probabilístico centrada en los errores inherentes de diferentes estrategias
de predicción.

La previsión de generación de energía fotovoltaica a corto plazo también es una
tarea importante en la planificación y operación de sistemas de energía renovable. De
hecho, Kaur et al afirman que el mercado de electricidad a corto plazo para equilibrar
la demanda y la generación ofrece una oportunidad económica notable para integrar
mayores proporciones de vRES en futuras redes eléctricas [83].

Yang et al. proponen un novedoso modelo de predicción basado en datos a esca-
la multitemporal para mejorar la precisión de la producción de energía fotovoltaica a
corto plazo [84]. Dambreville et al. proponen un nuevo enfoque de predicción de la
irradiancia horizontal global (GHI) a muy corto plazo mediante el uso de un modelo
autorregresivo espacio-temporal [85].

En cuanto a las métricas utilizadas en la literatura específica para la evaluación del
rendimiento de estos modelos, se realiza cuantificando las discrepancias entre dichas
predicciones y las mediciones meteorológicas mediante el uso de métricas de errores
estadísticos tradicionales, como el error de sesgo medio o el error cuadrático medio
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(RMSE) [86]. Por ejemplo, los indicadores de error porcentual absolutomedio (MAPE) y
error absolutomedio (MAE) se utilizan en [87] para evaluar el rendimiento de losmode-
los depredicciónde energía fotovoltaica del día siguiente basados en redes neuronales
de aprendizaje profundo.

El error cuadráticomedio normalizado (nRMSE) se usa en [88] para evaluar los erro-
res de predicción. De manera similar, Huang et al. describen un estudio comparativo
de métodos de predicción de energía solar fotovoltaica basados en nRMSE [89]. Gigo-
ni et al. realizan una comparación exhaustiva de metodologías de predicción simples
con solucionesmás sofisticadas en 32 plantas fotovoltaicas (PV) de diferentes tamaños
y tecnologías durante todo un año [90].

Considerando las contribuciones discutidas previamente, y respecto a las métricas
apropiadas, lamayoría de los autoresproponenyutilizan las siguientes estrategias: RM-
SE, MBE, y las versiones relativas de cada uno (rRMSE y rMBE), el error absoluto medio
(MAE), el coeficiente de correlación de Pearson (r), y la desviación estándar del residual
(SD). Sin embargo, en este análisis bibliográfico se identifica la falta de contribuciones
enfocadas a evaluar posibles errores de predicción y la menor precisión de los resul-
tados derivados de las fallos inherentes a la red de comunicación como pueden ser
pérdidas de paquetes, posibles colisiones de paquetes, etc.; así como la influencia de
dicha precisión de predicción a corto plazo del GHI. De hecho, una posible falla en la
comunicación puede afectar significativamente tanto la recopilación de datos como
los resultados de los modelos de predicción [91].

Por ello y partiendo de la experiencia del empleo de la tecnología de Lora en tra-
bajos previos de los autores [42], en otro de los trabajos de esta tesis [69] se analiza la
influencia de la solución LoRa sobre el predicción a corto plazo de la GHI.
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CONTRIBUCIONES

El objetivo de este capítulo es presentar las principales contribuciones de los tra-
bajos realizados en el marco de esta tesis para alcanzar los objetivos definidos en el
capítulo 1.
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3.1. Sistema inalámbrico de monitorización de módulos
fotovoltaicos de bajo costo basado en soluciones de
código abierto

Como se ha descrito en el apartado anterior existenmultitud de enfoques y diseños
para realizar lamonitorización de instalaciones de fotovoltaicas Se describe y evalúa un
sistema de monitorización alternativo para instalaciones fotovoltaicas. La solución se
basa en un sistema de código abierto y de bajo costo de acuerdo con los requisitos de
IEC–61724 [92].

Esta IEC describe las pautas generales paramonitorizar y analizar el rendimiento de
las plantas de energía fotovoltaica. Los parámetros a ser monitorizados con respecto a
las plantas de energía fotovoltaica conectadas a la red se resumen en la Tabla

Tabla 3.1: IEC–61724 Standard Parameters

Symbol Units
Meteorological Total irradiance (on the array) GI W/m2

Ambient temperature Tam
oC

Wind speed and direction (optional) V A
Photovoltaic array Output voltage V A V

Output Current IA A
Output power PA W

Module temperture Tm
oC

Utility grid Utility voltage Vu V
Current to/from utility grid ITU A
Power to/from utiliy grid PTU W

El sistema de monitorización propuesto recopila datos meteorológicos y eléctricos
a nivel demódulo fotovoltaico, proporcionando una arquitectura flexible e inalámbrica
que se puede implementar en la mayoría de las instalaciones fotovoltaicas.

La arquitectura del sistemapropuesto también sedirige a cumplir con la flexibilidad
y escalabilidad para diferentes tipos de instalaciones fotovoltaicas. De hecho, se pue-
de implementar en módulos fotovoltaicos independientemente de su configuración.
Además, la arquitectura distribuida inalámbrica seleccionada nos permite modificar
los nodos de acuerdo con el diseño de los módulos fotovoltaicos sin ningún cableado
adicional.
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Figura 3.1: Arquitectura del sistema propuesto

Bajo esta topología inalámbrica flexible, el hardware seleccionado se basa en las
plataformas Arduino y Raspberry Pi. Actualmente son conocidas soluciones de crea-
ción de prototipos extensibles, de código abierto y de bajo costo, lo que nos permite
proporcionar un sistema de monitorización detallado a nivel de módulo fotovoltaico.

Los sensores han sido calibrados en un entorno de laboratorio y los resultados cum-
plen con los valores mínimos de precisión IEC-61724 en términos de corriente, voltaje
y potencia. módulo fotovoltaico. La temperatura también está disponible a partir de la
solución propuesta, con un error medio inferior al 4%.

Se han realizado diferentes campañas de ensayos de campo en instalaciones foto-
voltaicas españolas conectadas a red. Para evaluar la solución propuesta se han com-
parado los datos monitorizados con los datos recogidos de un equipo registrador de
datos comercial, obteniendo errores inferiores al 2% para variables meteorológicas y
eléctricas. Los resultados extensos también se incluyen en el documento. Finalmente,
también se ha incluido una interfaz de servidor web para proporcionar una conexión
de cliente externo y un monitor. Se basa en emoncms, una aplicación web de código
abierto para procesar, registrar y visualizar energía y otros datos ambientales
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3.2. Solución alternativa de internet de las cosas basada
enen LoRapara lamonitorización ygestióndedatos
de plantas fotovoltaicas

El artículo 2 propone la utilización de una tecnología de código abierto de bajo cos-
te y una red inalámbrica de baja potencia (LPWAN)[93] que combina las ventajas de
cobertura de largo alcance y baja demanda de energía para ofrecer un sistema demo-
nitorización para intercambio datos en un entorno de Internet de las cosas (IoT).

La arquitectura de red propuesta integra la infraestructura típica de una red LoRa-
IoT[12] de manera similar a la 3.2

Figura 3.2: Arquitectura habitual de una red Lorawan (LoRa wireless area network)

Por lo tanto, para la evaluación de la solución propuesta se considera una topolo-
gía en estrella que incluye dispositivos finales, puertas de enlace y un servidor de red
central.

En la capa de percepción , todos los sensores seleccionados a cargo demonitorizar
instalaciones fotovoltaicas se seleccionan para cumplir con los requisitos de IEC-61724.
Los datos eléctricos de PV y los parámetros meteorológicos se recopilan para estimar
las condiciones de funcionamiento de PV e intercambiar información de datos me-
teorológicos y eléctricos. Estos paquetes de datos se envían a un gateway desde las
plantas de energía fotovoltaica correspondientes. Posteriormente, los datos recibidos
por el gateway se reenvían a la capa de aplicación para su análisis y validación.

El diseño del sistema propuesto incluyó

la selección de hardware del nodo final,
desarrollo y configuración del software del nodo,
el servidor de red LoRa

Según el mejor conocimiento de los autores, otras contribuciones en esta linea co-
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mo [94, 95, 96] utilizan la tecnología LoRa como la forma de transmitir datos recopila-
dos por sensores en una planta de energía fotovoltaica. En estas contribuciones, los au-
tores instalaron unmódulo de comunicación Lora para enviar paquetes a un gateway
que incluye parámetros físicos como corriente o temperatura, sin entrar en detalles
sobre problemas de comunicación.

A diferencia de estos trabajos, en nuestro trabajo se contribuye con una solución
que aborda estas preocupaciones de manera más intensiva que utilizan la tecnología
LoRa, asegurando el mejor rendimiento para transmitir información desde la instala-
ción fotovoltaica al gateway y, en consecuencia, aumentando la fiabilidad del sistema.
En este sentido, la velocidad de transmisión (bits por segundo) se ha ajustado a fon-
do para lograr un RSSI (Indicador de intensidad de la señal recibida) y unas cifras de
Relación de señal y ruido (SNR) adecuados y aceptables para la solución propuesta.
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3.3. Caracterización demétricas para la comparación de
datos de satélite y terrestres basada en un análisis
de componentes principales (PCA)

Entrando ya en la capa de aplicación de la solución propuesta, una de las aplicacio-
nes más demandadas es la predicción y medición con alta precisión del rendimiento
de las plantas de energía fotovoltaica (PV) de cara a una integración segura en los sis-
temas eléctricos[97].

Con este objetivo, recientemente tal y como se ha comentado en la sección corres-
pondientedel estadodel arte 2.3 se hanpropuestodiferentes estimaciones de irradian-
cia horizontal global (GHI) basadas en la información registrada por satélites geoesta-
cionarios de nueva generación, proporcionando un número creciente de soluciones y
bases de datos, en su mayoría disponibles en línea, además de las muchas instalacio-
nes con datos de irradiancia medidos en tierra disponibles actualmente.

De acuerdo con la literatura específica, existe una falta de acuerdo en las estrategias
de validación para un conjunto de datos de irradiancia derivados de satélites. Además,
en contribuciones recientes se comparan diferentes fuentes de datos de irradiancia
basadas en una diversidad de métricas arbitrarias.

Bajo este marco, el trabajo realizado para el artículo 3 describe una caracterización
de métricas basada en una aplicación del análisis de componentes principales (PCA)
para clasificar dichas métricas, con el objetivo de proporcionar información no redun-
dante y complementaria. De esta forma, se identifican diferentes grupos de métricas
aplicando el proceso PCA, lo que nos permite comparar diferentes fuentes de datos de
irradiancia y explorar e identificar sus diferencias.

La metodología se ha evaluado utilizando datos de GHI medidos en tierra y por sa-
télite recopilados durante un año en siete ubicaciones diferentes de España, con un
tiempo de muestreo de una hora. La caracterización de los datos, los resultados y una
discusión sobre la idoneidad de lametodología propuesta también se incluyen en este
trabajo. documento.
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3.4. Metodología para evaluar diferentes arquitecturas
de monitorización de sistemas fotovoltaicos basa-
das en LoRaWan

Como se ha comentado en la sección anterior, una previsión precisa de generación
de energía de estas instalaciones es crucial para proporcionar fiabilidad y estabilidad a
las redes actuales. Al mismo tiempo, los requisitos de monitorización fotovoltaica son
cada vez más demandados por diferentes agentes para proporcionar información fia-
ble sobre rendimientos, eficiencias y posibles tareas de mantenimiento predictivo.

Bajo estemarco, una de las contribuciones de este trabajo es la introducción de una
metodología para evaluar diferentes arquitecturas demonitorización de instalaciones
fotovoltaicas basadas en LoRa como las propuestas en términos de predicción de la
generación de energía solar a corto plazo.

Se considera un análisis de ubicación de los nodos basado en la posible pérdida de
datos, intervalos de tiempo a corto plazo y rangos de spreading factor para analizar su
influencia en dichos propósitos de predicción de GHI a corto plazo.

Se propone comométodo de predicción unmodelo de Random Forest lo que sim-
plifica el problema de predicción, especialmente cuando la serie de tiempo presenta
heterocedasticidad, no estacionariedad y múltiples ciclos estacionales.

Con este enfoque se proporciona un análisis de sensibilidad de los parámetros de
las comunicaciones LoRa en términos de diseño de nodos, pérdida de datos, factor de
dispersión e intervalos de tiempo cortos para evaluar su influencia en la precisión de
la previsión de generación.

Las principales contribuciones de este documento se pueden resumir como

una metodología para evaluar la precisión de la predicción a corto plazo de GHI
para diferentes diseños de nodos y parámetros LoRa basados en un modelo de
predicción Random Forest,
un análisis de sensibilidad de los parámetros LoRa y los intervalos a corto plazo
de los valores de predicción del GHI basados en una variedad de métricas,
un estudio de caso a partir demediciones de GHI en 2019 (tiempo demuestro de
unminuto), área de 400 km2, 289 nodos potenciales bajo consideración y un total
de 13140 simulaciones.

Por lo tanto, esta metodología proporciona un análisis preliminar extenso de las
posibles características de la red LoRa y el diseño de nodos en términos de precisión
de datos, paquetes y posibilidades de predicción de GHI antes de que se complete la
instalación.
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3.5. Solución de monitorización aplicable para autocon-
sumo basada en NB-IoT

Tras la evaluación de la tecnología LoRA comobase para la capa de comunicaciones
del sistema demonitorización introducido se propone una solución alternativa basada
en otra de las tecnologías de LPWAN, la tecnología NB-IoT para abordar las principales
limitaciones de la tecnología de LoRA.

Además de la necesidad del despliegue de una red de gateways para la recogida
de la información de las plantas fotovoltaicas, hay que tener en cuenta la influencia
de la localización de estos en cuanto a distancia, obstáculos en linea visual, así como
otros parámetros de influencia en la propagación de la señal como la limitación en
el número de transmisiones permitidas siendo esta probablemente la mayor de las
limitaciones.

Como se muestra en los trabajos realizados con la tecnología LoRa, esta solución
solo permitía un número limitado de transmisiones, debido al tiempo en el aire de las
transmisiones al trabajar conaltos valores del factor dedispersión (SF11 y SF12) para ase-
gurar una recepción precisa de paquetes de datos con un ciclo de trabajo restringido
(1%).

Como alternativa, en este trabajo, se propone el empleo de la tecnología NB-IoT
para las comunicaciones. Esta tecnología, al presentar licencia, puede soportar comu-
nicaciones masivas ya que no comparte espectro ni tiene restricciones en su ciclo de
trabajo. Para su análisis y evaluación se desarrolla el hardware y el software deunnuevo
sistema de monitorización basado en la plataforma desarrollo PyCom.

Toos los elementos que componen la solución propuesta, tanto los componentes
de hardware como los sensores, fueron probados en un entorno de laboratorio, con el
objetivo de evaluar su desempeño en diferentes condiciones. La solución se conectó
y montó en condiciones exteriores en una instalación de autoconsumo fotovoltaico
para evaluar la viabilidad de la solución para ser implementada en una variedad de
situaciones y condiciones reales.

En cuantoa la calidaddecomunicaciónde la soluciónpropuesta, sehancomparado
los resultados usando las métricas adicionales utilizadas en trabajos anteriores de los
autores [42].

Estasmétricas son Tasa de entrega de paquetes, definida como la proporción entre
los paquetes recibidos con éxito y el total de paquetes de datos enviados por los nodos
finales, y los intervalos de tiempo entre diferentes paquetes de datos (tiempo entre
llegadas) que está determinado por el valor del intervalo de tiempo correspondiente a
cada paquete recibido. Los resultados obtenidos muestran que con tamaños demen-
saje similares el sistema propuesto proporciona una conectividad fiable con un error
de entrega de paquetes de alrededor del 4.6% y un intervalo de tiempo estable entre
paquetes de 60 segundos.
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Estos resultados validan la viabilidad y fiabilidad de nuestra propuesta mejorando
los resultados obtenidos en trabajos anteriores superando las limitaciones relaciona-
das con la falta de paquetes de datos y la frecuencia de los datos recibidos.
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ponen esta tesis.
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Abstract: The integration of renewables into power systems has led to multiple studies and analysis in
terms of grid-power quality, reliability, and/or feasibility. Among different resources to be considered
as alternative energy systems, wind and solar emerge as the most mature technologies. With regard to
photovoltaic (PV) installations, monitoring problems requires detailed analysis, since solar-radiation
fluctuations, soiling on solar panels, or deficiency of PV-panel performance can involve unexpected
power-output oscillations and, subsequently, undesirable power-generation oscillations. Under this
framework, this paper describes and assesses a wireless low-cost PV-module monitoring system
based on open-source solutions. Our proposal allows us to monitor installations at the PV-module
level, giving detailed information regarding PV power-plant performance. The proposed monitoring
system is based on the IEC-61724 standard requirements, as a flexible and ad hoc solution with
relevant connectivity options. Meteorological and electrical data are collected from the developed
nodes and available for subsequent analysis. Detailed information of the solution, as well as extensive
results collected in Spanish PV power plants connected to the grid, are also included in the paper.

Keywords: PV monitoring; low-cost solutions; renewable energy source integration

1. Introduction

Most developed countries have promoted policies and initiatives to achieve sustainability by
reducing energy dependence and emissions. These initiatives aim to limit climate change and lead
to a decarbonized energy system [1]. Indeed, the deployment of renewables and energy efficiency
are considered key agents to fulfilling emission reductions and conforming to the Paris Agreement
objectives [2]. In addition, this general situation, combined with the rapid cost decrease of renewable
technologies (mainly photovoltaic (PV) installations—the price of solar PV modules was reduced by
around 85% from 2010 to 2015 [3]), has promoted the rise of renewable-solution deployment and
investment. As an example, the renewable sector globally added 167 GW of new generation capacity
in 2017. This accounts for a growth of 8.3% over the previous year, maintaining similar rates since
2010, with 8–9% on average per year. This target has been mainly achieved as a result of new PV solar
installations and wind power plants connected to the grid. In 2017, 94 GW were added from PV power
plants and 47 GW from wind power plants, including 4 GW from offshore wind power plants [4].
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Best et al. [5] affirms that solar and wind resources are on the upper rungs of the energy ladder, their
integration being predominant in higher-income countries. Recent contributions, focused on future
electricity systems, also assume that renewable assets can be considered a mix between wind- and
solar-power generation [6]. In [7], and apart from wind and PV solar deployment, a slight increase has
been estimated during the past few years for other renewable energy sources for electricity. In addition,
Ellabban et al. [8] establishes a direct connection between technological maturity and economic barriers,
mainly when the cost of a technology is above the cost of other competing alternatives. Therefore,
wind and PV solar resources are currently the most integrated renewable energy sources into power
systems, excluding hydropower-generation units. Nevertheless, there are no large-area power systems
in the world where wind and solar power generate more than 50% of electricity [9].

The integration of wind and PV power plants into power systems involves certain technical
problems, mainly focused on reliability, power quality, and stability [10]. The intermittent nature
of such sources may increase grid stress, mainly due to undesirable oscillations on the supply
side [11] that may affect voltage regulation of transmission systems [12]. At a low/medium-voltage
level, different reactive power control strategies have also been proposed to facilitate renewables
integration [13], including active power curtailment [14]. As an additional solution to guarantee a
balance between generation and demand, with reduced capacity and costs of operating reserves [15],
short-term forecasting of PV production emerges as a relevant topic of interest. In fact, several methods
for forecasting PV power over a short-term horizon can be found in the specific literature [16–18].
These methods depend on weather conditions and previous PV power-production data. Therefore,
updated weather and electric values would allow us to more accurately forecast short-term PV power
production. Moreover, real-time monitoring technologies can provide relevant local and accurate
information to ensure the control and reliability of the grid [19]. To achieve these goals, and according
to Colak et al. [20], current power systems should be modernized in terms of sensing, communication,
measurement, and automation technologies.

With regard to PV monitoring systems, prior efforts can be found in the specific literature.
Low-cost solutions have been considered as a priority during the last decade, proposing different
monitoring and communication systems. In [21], a low-cost microcontroller-based data-acquisition
system (DAQS) for remote PV water-pumping systems is proposed. Communications are based on
the GSM network and, in particular, on the Short text-Message Service (SMS). Contributions that
focused on power-line communication (PLC) modules can be also found in the specific literature.
In [22], a PLC compliant with HomePlug is proposed to monitor each PV module. Another example
based on a PLC module is evaluated in [23], where four PV panels are simultaneously monitored.
Nevertheless, recent contributions affirm that the level of noise in a power-line network is considered
much higher than any other type of communication network [24]. A semiautomated solution for
testing and monitoring PV-module performances is described in [25]. A modified rheostat is used
to estimate the I-V characteristics of a PV module. Communication between nodes is carried out
through a wired RS485 communication protocol, and a solution is built around wired/wireless devices
and the Internet of Things (IoT), a concept that is described in [26]. PV installation is monitored
at the inverter level. An extensive comparison of monitoring and transmission systems is also
included in this contribution. Another solution based on wired/wireless sensor-network technologies
for in situ solar-panel monitoring is discussed in [27]. The proposed architecture used low-cost
open-source tools based on an Arduino platform, including wireless ZigBee connectivity. ZigBee-based
wireless technology is also proposed in [28] to provide online monitoring systems for PV power plants
connected to the grid. An overview of ZigBee devices and modules is described in [29], including a PV
energy system belonging to a water treatment and distribution company. Evaluation of measurement
accuracy is discussed in [30]. A recent review of PV monitoring systems can be found in [31], mainly
focused on low-cost monitoring proposals. A detailed overview of PV monitoring-system components,
such as sensors, controllers, data transmission, and storage solutions, is also included in this work.
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According to previous works and contributions of the authors in PV monitoring [32], this paper
proposes a flexible, low-cost, and user-friendly monitoring system based on open-source prototyping
boards for PV power plants according to the IEC-61724 standard requirements. The main contributions
of this paper are summarized as follows:

• PV installations are monitored at the PV-module level according to the current IEC-61724 standard,
estimating PV-module performances and providing predictive maintenance.

• Low-cost and open-source wireless solutions are used to facilitate the integration of the proposed
system in PV power plants.

• The wireless solution is flexible and can be adapted according to the layout and configuration of
the PV modules.

The rest of the paper is structured as follows: Section 2 gives a detailed description about the
proposed low-cost monitoring solution. Section 3 describes experimental field tests carried out in
a Spanish PV installation connected to the grid. Extensive results and assessment of the proposed
solution are also included in this section. Finally, the conclusion is given in Section 4.

2. Proposed Low-Cost Solution

2.1. Preliminaries

This monitoring system aims to collect electrical and environmental data at the PV-module
level. In addition, it allows us to evaluate PV-module performance and identify abnormal behaviors.
The proposed solution is in line with one of the most relevant references for PV system monitoring,
standard IEC 61724: ’Photovoltaic system performance monitoring. Guidelines for measurement
data exchange and analysis’. Recent contributions based on this IEC standard can be found in [33],
where a battery monitoring system based on the IoT is proposed. This IEC describes the general
guidelines for monitoring and analysis of PV power-plant performance. Parameters to be monitored
concerning grid-connected PV power plants are summarized in Table 1. According to this standard,
the proposed system architecture is also addressed to meet flexibility and scalability requirements
for different types of PV installations. Indeed, it can be implemented on PV modules independent of
their configuration. Additionally, the selected wireless-distributed architecture allows us to modify
nodes according to the layout of the PV modules without any additional wiring. Under this flexible
wireless topology, the selected hardware is based on the Arduino and Raspberry Pi platforms. They
are well-known low-cost, open-source, and extensible-prototyping solutions, allowing us to provide a
detailed monitoring system at PV-module level.

Table 1. IEC-61724 standard parameters.

Symbol Units

Meteorological
Total irradiance (on the array) GI W/m2

Ambient temperature Tam
◦C

Wind speed (optional) WS m/s
Wind direction (optional) WD degrees

Photovoltaic array
Output voltage VA V
Output Current IA A
Output power PA W

Module temperature Tm
◦C

Utility grid
Utility voltage Vu V

Current to/from utility grid ITU A
Power to/from utility grid PTU W
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Arduino was initially proposed for educational development and subsequently extended for
commercial purposes. Arduino boards usually involve an onboard power supply, USB ports,
and an ATMEL microcontroller chip. It provides communication and control support, avoiding
sophisticated PCB design and implementation. A large variety of sensors and additional components
can be integrated through custom library and drive support by the manufacturers. Arduino
platforms have recently been proposed in other data-collection efforts, including embedding wireless
sensor networks [34,35]. On the other hand, Raspberry Pi [36] is a credit card-sized ARM-based
single-board computer (SBC). It was initially proposed by the Raspberry Pi Foundation [37] to support
computer-programming learning. This initial objective was extended toward a great number of
applications, mainly due to the advantages in terms of low cost, full customization, and excellent
scalability. Nowadays, a relevant number of solutions can be found in the specific literature. Recent
projects based on Raspberry Pi equipment and focused on real-time data-monitoring purposes are
proposed in [38–40]. A recent review of energy-management systems for homes based on the current
IoT era can be found in [41]. In addition, low cost, high accuracy, and great flexibility solutions for
wireless industrial-energy monitoring platforms are presented in [42].

2.2. General Architecture

Figure 1 shows an example of the general architecture, where electrical and environmental nodes
are schematically depicted. These nodes are based on Arduino UNO technology, including wireless
communication. It is a flexible solution, adaptable under different PV module configurations and
arrays. Both environmental and DC electrical data at the PV-module level are then collected and sent
to the sink node, based on Raspberry Pi technology. This sink node allows us to collect parameters at
the inverter level, depending on different PV power-plant configurations. These collected data are sent
to a gateway, providing subsequent analysis and monitoring applications.

Figure 1. Proposed wireless architecture.

To offer an open-source and low-cost solution, the prototype was based on OpenEnergyMonitor
equipment [43]. OpenEnergyMonitor is a recent open-source project with different solutions,
mainly focused on home energy-monitoring applications. Designs and codes are available online,
and they are supported by a relevant community of developers. This solution includes Arduino
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technology for sensors and the data-collecting process, and Raspberry Pi equipment as a server for
wireless communications (433 MHz RF). For RF data transmission, a HopeRF RFM69CW module is
included [44]. This RF module offers low power demand and low transmission costs, and it is suitable
for the proposed system where data exchanges between sensor nodes and the gateway are frequently
required. Figure 2 shows examples of the assembled node and the corresponding gateway based on
Raspberry-Pi solutions.

(a) (b)

(c) (d)

Figure 2. Examples of the prototype nodes and connections: (a) assembled node 1; (b) gateway
Raspberry Pi; (c) external connections; and (d) detail of external connections.

2.3. Hardware Solution: Sensors

Nowadays, and under low-cost requirements, a wide range of sensors are currently available for
electrical and environmental parameter monitoring [45]. Moreover, most of them provide additional
characteristics based on the IoT [46,47] or they allow extensive connection with Arduino-based
solutions [48,49]. Based on the IEC-61724 requirements [50], a set of low-cost sensors to measure
and collect meteorological and electrical parameters is selected by the authors. With regard to
environmental variables, recent contributions propose to monitor temperature and humidity by
a wireless low-cost solution with PV microcells [51]. In our case, temperature is measured near
PV modules as an attempt to more accurately estimate real-environmental PV-module conditions.
A DHT-22 temperature/humidity sensor with digital output is selected for this application. The DHT
sensor is directly supported by Arduino IDE technology and, according to Priya et el. [52], it provides
very accurate results and refreshes very quickly. Other recent DTH22 applications can be found
in [53,54]. Assuming that the short-circuit current (ISC) is nearly proportional to irradiance [55],
solar irradiance (W/m2) is measured by a 5 Wp short-circuit encapsulated polycrystalline silicon
module. Shunt resistance is selected and implemented to give a voltage range suitable for Arduino
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analog inputs. Calibration of this module was carried out by the authors through the CETENMA
Solar TestBed, based on the global sunlight method available in [56]. This silicon module is installed
outdoors, along with a CMP21 ISO secondary-standard pyranometer manufactured by Kipp and
Zonen. Recent CMP21 applications to estimate diffuse and global horizontal irradiation can be found
in [57]. Both signals, the encapsulated polycrystalline silicon module monitored by the Arduino
and the pyranometer voltage outputs measured using an Agilent 34401A digital multimeter, were
simultaneously and accordingly collected. The Agilent 34401A Digital multimeter has been widely
used in PV and PV/thermal solar studies [58]. Figure 3 shows an example of a real PV installation and
the reference pyranometer (CMP21). Calibration results are also included in this figure.

(a) (b)

Figure 3. Pyranometer module calibration: (a) real PV installation; and (b) pyranometer calibration.

In general, commonly used standard approaches to model cell temperature do not include
the influence of wind on cell temperature [59], limited only to ambient air and inplane irradiance
measurements [60]. Moreover, according to Copper et al. [61], wind speed should be measured
if the array is subjected to extreme weather conditions. Wind speed thus has less impact on
PV-module performance than temperature. Nevertheless, it affects PV-system performance by
increasing convective heat loss and reducing PV-module temperature [62]. For the proposed system
and this case study, we monitored wind-speed data by using a hemispherical cup anemometer with a
linear-frequency output variable. In line with IEC-61724, uncertainty including instrumentation should
be lower than 0.5 m/s for wind speeds <5 m/s, and lower than 10% for monitored wind speeds >5 m/s.

Most correlations found in the specific literature for PV electrical power as a function of the
cell/module operating temperature and basic environmental variables are linear [63]. Indeed, Dubey
and Skoplaki et al. [64,65] affirm that the PV-module power output practically depends linearly but
rather strongly on operating temperature. Module temperature should be collected at the center of
the back surface of the PV module and in the center of the array field (location on module given in
IEC 61829 method A) [66]. Nevertheless, where to measure the temperature of a PV is still debated by
researchers [67]. In the proposed system, a low-cost solution based on analog sensors, such as probe
LM35, is used with this aim. The LM35 series are precision integrated-circuit temperature sensors
made by National Semiconductor [68]. The output voltage is linearly proportional to temperature
(in Celsius), and this output does not require any external calibration [69]. For this specific application,
output-voltage measurement was previously checked assuming that 0 V was proportional to 0 ◦C.
In addition, several field-test campaign measurements were carried out by the authors to verify
these temperature values. Estimated LM35 temperature values were compared to a calibrated RTD
sensor, monitored by an Agilent Datalogger. Figure 4 shows the extensive results obtained in these
field-test campaigns.

An STC-013-000 hall-effect sensor was used for the current measurements [70]. The inductive
current sensor gives low-voltage output suitable to be collected by the Arduino. In line with [71], this
sensor was chosen due to the extended work made available by the OpenEnergyMonitor Project [72],
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and its accuracy and ease of use. Other STC-013 applications for residential smart-power management
systems can be also found in the specific literature [73]. The same configuration was used at nodes 2
and 3 to measure grid parameters. Finally, voltage and current-sensor calibration was carried out by
the authors at an electrical calibration laboratory. With this aim, a Transmille 3000A Series precision
multiproduct calibrator was used (see Figure 5). Results are summarized in Table 2.

Figure 4. LM35 temperature validation. Example of field-test measurements.

(a) (b)

(c) (d)

Figure 5. Voltage and current-sensor calibration: (a) calibration laboratory details; (b) multi-product
calibrator equipment; (c) voltage calibration results; and (d) current calibration results.



Energies 2018, 11, 3051 8 of 20

Table 2. Calibration results.

Parameter IEC-61724 Minimum Accuracy Results

Current 1% 0.11%
Voltage 1% 0.04%
Power 2% 0.22%

2.4. Software Design

Layered architecture for IoT applications has usually been used to provide suitable frameworks for
devices, data storage, and processing management. Under these requirements, several IoT architectures
can be deployed at the device, gateway, and cloud layers [74]. Although there is no single consensus
of IoT architecture, different contributions propose a three-layer architecture: perception, network,
and application layers [75]. In our case, the first layer includes data-acquisition sensors according to
IEC-61724 requirements. Access to the sensors and devices is coordinated by the device manager, which
is responsible for maintaining a map of devices/sensors. Nodes collect electrical and environmental
data with a 30 s sample-time interval. All data are then managed on a database, i.e., the network layer
responsible for connecting to other servers or network devices. The connection from end units to the
Internet or the Cloud is established at an edge system serving as communication gateway to bridge
local networks with cloud systems [76]. Figure 6 summarizes the proposed global solution based on
three-layer architecture.

Figure 6. Three layers of Internet of Things architecture.

With regard to the application layer, OpenEnergyMonitor Project provides a popular low-cost
energy and environmental monitoring solution based on emonPi. It has been recently used for the
cost-saving potential of dynamic electricity rates [77], and for the management and administration of
consumption records as well [78]. Under this framework, emoncms is an open-source web application
for processing, logging, and visualizing energy and other environmental data [79]. A web-server
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interface is included to provide external client connection and monitoring. Data management and
visualization can also be suitable through smartphones, tablets, or devices supporting an Internet
connection. This web application has thus been adapted and customized by the authors to process and
visualize data collected from the nodes. Figure 7 gives some examples of the front-end web-application
panel developed by the authors and available to users.

1 

(a)

(b)

Figure 7. Customized Emoncs web application. Front-end example: (a) dashboard panel; and (b) PV data front-end.

2.5. Economic Evaluation: Cost-Effectiveness

According to the main objectives and characteristics discussed in Section 1, the proposed
monitoring system is a flexible and low-cost solution. The flexibility is included through a distributed
architecture, where the information is exchanged among nodes by means of a wireless protocol solution.
To guarantee a low cost system, the selected hardware components are based on open-source projects
with a relevant cost effectiveness threshold.

Table 3 summarizes the monitoring node cost. This node is in charge of collecting electrical and
meteorological data. All hardware components are included according to the prototype node described
in Sections 2.2 and 2.3. Table 4 gives the costs corresponding to the utility grid monitoring node.
Finally, the costs of the gateway node are depicted in Table 5. The global costs of the proposed system
is less than 100 Euro. Nevertheless, this cost can be reduced depending on the number of nodes to be
produced and/or purchased. This cost is lower than other commercial solutions that usually provide
less information and a reduced number of parameters, such as Efergy Pro [80], Victron Energy [81] or
Solar Monitor [82]. Moreover, these commercial solutions usually need some additional components
to store and manage data for subsequent analysis.
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Table 3. PV module and meteorological data: monitoring node cost.

Description Number Unit Price (Euro) Total Price (Euro)

emonTx Arduino Shield SMT 1 3.14 3.14
RFM69HW 433 Mhz Wireless Transceiver 1 1.85 1.85

PV module (5 Wp, 22 V, 30 W) 1 8.75 8.75
Cement resistance 5 W 10 Ω 10R 5% 1 0.13 0.13

AC-AC Power Supply Adapter 1 4.95 4.95
Non-invasive AC Sensor 1 4.31 4.31

30 A DC Hall Current Sensor 1 1.58 1.58
5 V DC USB Power Adapter 1 2.40 2.40

Digital Temperature and Humidity Sensor 1 0.71 0.71
LM35 TO-220 temperature 1 1.13 1.13

2.54 mm PCB Screw Connector 6 0.17 1.02
Aluminum Electrolytic Capacitor 400 V 2 0.02 0.04

Metal film resistance 1 M 1.2 M 1.5 M 2 M 2.2 M Ω 6 0.05 0.30
Prototype PCB Universal Board 1 0.35 0.35
Outdoor enclosure and wiring 1 3.50 3.50

Total 34.16

Table 4. Utility grid monitoring node cost.

Description Number Unit Price (Euro) Total Price (Euro)

emonTx Arduino Shield SMT 1 3.14 3.14
RFM69HW 433Mhz Wireless Transceiver 1 1.94 1.94

AC-AC Power Supply Adapter 1 4.95 4.95
Non-invasive AC Sensor 1 4.31 4.31

5 V DC USB Power Adapter 1 2.06 2.06
2.54 mm PCB Screw Connector 6 0.17 1.02

Aluminum Electrolytic Capacitor 400 V 2 0.02 0.04
Metal Film Resistors 1% 8 0.03 0.24

Prototype PCB Universal Board 1 0.35 0.35
Outdoor enclosure and wiring 1 3.50 3.50

Total 21.55

Table 5. Gategaway node cost.

Description Number Unit Price (Euro) Total Price (Euro)

Raspberry Pi 3 Model B Board 1 32.33 32.33
Sd card 32 Gb 1 3.27 3.27

5 V DC USB Power Adapter 1 2.06 2.06
Raspberry ABS Case Black Transparent 1 2.05 2.05

RFM69HW 433 Mhz Wireless Transceiver 1 1.85 1.85
RFM69 Breakout Board 1 1.00 1.00

Total 42.56

3. Results and Solution Assessment

From the calibrated hardware low-cost solution (Section 2.3) and the web-application described
in Section 2.4, the proposed system has been tested and assessed in a Spanish PV power plant
under real conditions. With this aim, PV Soltec Solar-trakers 250 Wp modules connected to the
grid were monitored in the CETENMA SOLAR installations for several months [83]. To assess
the proposed solution, all variables were also measured with standard equipment. Both sets of
data were then compared to evaluate the suitability of the proposed low-cost solution. Indeed, solar
irradiance was monitored by the Kipp and Zonen CM21 standard pyranometer, also used for calibration
purposes in the specific literature [84]. Meteorogical data, including temperature, relative humidity,
and wind speed, were collected using data-acquisition system NI PCI 6221. This data-acquisition
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card has recently been used for monitoring PV electrical-power generation [85] and for relative
humidity measurement [86]. Finally, electrical parameters were collected through a HAMEG HM8115-2
wattmeter and Fluke 434 Power grid analyzer. All variables were monitored and managed under an
application developed by the authors under a LabView environment. Figure 8 depicts the monitored
PV installation and the equipment used to assess the proposed low-cost solution.

As was previously mentioned, the proposed low-cost system was assessed for several months
to provide the suitability of this solution under real PV-installation conditions. From the monitored
variables, the proposed low-cost system was also able to detect possible PV solar-panel abnormalities
in line with other contributions [87]. Figure 9 compares temperature and solar-irradiance data
collected by the proposed low-cost solution and standard equipment. In addition, Figure 10 shows the
PV-generated power data from the low-cost solution and the commercial data-logger system, as well as
the AC grid voltage. Differences between both collected results have been determined and compared
under IEC-61724 requirements. Table 6 summarizes these differences, including limits of IEC-61724
permissible errors and providing the suitability of the present solution.

Table 6. Results.

Parameter IEC61724 Required Accuracy Results

Current 1% 0.81%
Voltage 1% 0.74%
Power 2% 0.55%

Figure 8. Photovoltaic (PV) module installation: monitoring and assessment.
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Figure 9. Temperature and solar-irradiance data comparison: low-cost proposed system vs. standard
equipment.

Figure 10. PV-generated power comparison: low-cost proposed system vs. data-logger comparison.

The proposed system was also implemented in a real PV solar installation (5 kWp) to monitor
and collect electrical and meteorological data during different weeks. This PV power plant is an
over-roof installation connected to the grid and located in the Universidad Politécnica de Cartagena,
southeast Spain. It involves 18 PV modules Saclima AMS 310 Wp comprising two strings connected in
parallel. The selected inverter was Ingeteam 4.6 TL 5 kW. The power demand of this building is always
considerably higher than the maximum active power supplied by this PV power plant. Therefore, the
generated active power is totally used to reduce the active power demanded by the building.

By considering meteorological and electrical collected data, Figure 11 summarizes some details of
the proposed solution implementation in this real PV installation connected to the grid. Nodes for
electric and meteorological monitored data are included in the figure according to the isolation levels
required by the nodes under outdoor conditions. PV-module variables are also monitored. As an
example of the PV module collected data, Figure 12 shows electrical data corresponding to both DC and
AC variables. PV-module DC current and global DC current provided by the PV installation are also
shown. Figure 13 compares irradiance levels and the active power generated by the PV installations,
which are also monitored by the proposed solution. The collected PV-module and ambient-temperature
data are also included in the figure. According to these results, the suitability and flexibility of this
solution is shown to be able to be applied not only in new installations, but also in PV power plants
currently in force.
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(a) (b)

(c) (d)

Figure 11. Low-cost proposed system: implementation and details: (a) meteorological data monitor;
(b) DC electrical data (outdoor node); (c) AC electrical data (indoor node); and (d) DC electrical data
(outdoor node).
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Figure 12. PV installation connected to the grid: AC and DC electrical variables: (a) PV module DC
current; (b) PV installation DC current; (c) PV installation AC voltage (rms); and (d) PV installation AC
current (rms).



Energies 2018, 11, 3051 15 of 20

05/09 06/09 07/09 08/09
16

18

20

22

24

26

28

30

32

Time (Days)

A
m

bi
en

tt
em

pe
ra

tu
re

(o C
)

(a)

05/09 06/09 07/09

20

25

30

35

40

45

50

55

60

Time (Days)

PV
m

od
ul

e
te

m
pe

ra
tu

re
(o C

)

(b)

05/09 06/09 07/09

0

1,000

2,000

3,000

4,000

5,000

Time (Days)

PV
po

w
er

(W
)

(c)

05/09 06/09 07/09

0

200

400

600

800

1,000

1,200

Time (Days)

So
la

r
ir

ra
di

an
ce

(W
/

m
2 )

(d)

Figure 13. PV installation connected to the grid: monitored power and meteorological data: (a) ambient
temperature; (b) PV module temperature; (c) PV installation: power; and (d) solar irradiance.

4. Conclusions

An alternative monitoring system for PV installations is described and assessed. The solution
is based on a low-cost and open-source system according to IEC-61724 requirements. The proposed
monitoring system collects both meteorological and electrical data at the PV-module level, providing a
flexible and wireless architecture capable of being implemented in most PV installations. Sensors have
been calibrated in a laboratory environment and the results fulfill the IEC-61724 minimum-accuracy
values in terms of current, voltage, and power. PV-module temperature is also available from
the proposed solution, with an average error lower than 4%. With regard to economic impact,
the proposed monitoring solution cost is lower than current commercial solutions. Indeed, detailed
cost information is given in the paper, including sensors and hardware requirements for the gateway
and the corresponding nodes.

Different field-test campaigns have been carried out in Spanish PV installations connected to the
grid. To assess the proposed solution, monitored data have been compared to data collected from
commercial data-logger equipment, obtaining errors lower than 2% for meteorological and electrical
variables. Extensive results are also included in the paper. Finally, a web-server interface has also been
included to provide external client connection and monitoring. It is based on emoncms, an open-source
web application for processing, logging, and visualizing energy and other environmental data.



Energies 2018, 11, 3051 16 of 20

Author Contributions: Data curation, J.M.P.-P., G.S.-N. and M.C.B.; Formal analysis, A.M.-A.; Funding acquisition,
A.M.-A.; Investigation, G.S.-N.; Resources, J.M.P.-P.; Software, G.S.-N.; Supervision, A.M.-A.; Visualization, M.C.B;
Writing–original draft, A.M.-A.; Writing–review and editing, A.M.-A.

Funding: This work was partially supported by the Spanish agreement (2017) between the Institute for
Development of the Region of Murcia (INFO) and the Technological Center for Energy and Environment
(CETENMA). The paper includes results of the activity conducted under the “Research Program for Groups of
Scientific Excellence at Region of Murcia (Spain)”, the Seneca Foundation, and the Agency for Science and Technology
of the Region of Murcia (Spain).

Acknowledgments: The authors thank the staff of the Universidad Politécnica de Cartagena (Spain) for services
and facilities provided.

Conflicts of Interest: The authors declare no conflict of interest.

References

1. International Energy Agency. Perspectives for the Energy Transition: Investment Needs for a Low-Carbon
Energy System; Technical Report, OECD/IEA and IRENA 2017; IEA Publications, Printed by German
Federal Ministry for Economic Affairs and Energy, March 2017. Available online: http://www.irena.
org/DocumentDownloads/Publications/Perspectives_for_the_Energy_Transition_2017.pdf (accessed on
27 October 2018).

2. Nieto, J.; Carpintero, O.; Miguel, L. Less than 2C? An Economic-Environmental Evaluation of the Paris
Agreement. Ecol. Econ. 2018, 146, 69–84. [CrossRef]

3. IRENA. Solar PV Costs 2010–2015. Available online: http://www.irena.org/costs/ (accessed on
27 October 2018).

4. IRENA. Renewable Capacity Statistics 2018; International Renewable Energy Agency (IRENA): Abu Dhabi,
UAE, 2018. Available online: http://irena.org/-/media/Files/IRENA/Agency/Publication/2018/Mar/
IRENA_RE_Capacity_Statistics_2018.pdf (accessed on 27 October 2018). ISBN: 978-92-9260-057-0.

5. Best, R.; Burke, P.J. Adoption of solar and wind energy: The roles of carbon pricing and aggregate policy
support. Energy Policy 2018, 118, 404–417. [CrossRef]

6. Kraan, O.; Kramer, G.; Nikolic, I. Investment in the future electricity system—An agent-based modelling
approach. Energy 2018, 151, 569–580. [CrossRef]

7. Trujillo-Baute, E.; del Rio, P.; Mir-Artigues, P. Analysing the impact of renewable energy regulation on retail
electricity prices. Energy Policy 2018, 114, 153–164. [CrossRef]

8. Ellabban, O.; Abu-Rub, H.; Blaabjerg, F. Renewable energy resources: Current status, future prospects and
their enabling technology. Renew. Sustain. Energy Rev. 2014, 39, 748–764. [CrossRef]

9. Pietzcker, R.C.; Ueckerdt, F.; Carrara, S.; de Boer, H.S.; Després, J.; Fujimori, S.; Johnson, N.; Kitous, A.;
Scholz, Y.; Sullivan, P.; et al. System integration of wind and solar power in integrated assessment models:
A cross-model evaluation of new approaches. Energy Econ. 2017, 64, 583–599. [CrossRef]

10. Kamaruzzaman, Z. Effect of grid–connected photovoltaic systems on static and dynamic voltage stability
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Abstract: This paper proposes a wireless low-cost solution based on long-range (LoRa) technology
able to communicate with remote PV power plants, covering long distances with minimum power
consumption and maintenance. This solution includes a low-cost open-source technology at
the sensor layer and a low-power wireless area network (LPWAN) at the communication layer,
combining the advantages of long-range coverage and low power demand. Moreover, it offers an
extensive monitoring system to exchange data in an Internet-of-Things (IoT) environment. A detailed
description of the proposed system at the PV module level of integration is also included in the paper,
as well as detailed information regarding LPWAN application to the PV power plant monitoring
problem. In order to assess the suitability of the proposed solution, results collected in real PV
installations connected to the grid are also included and discussed.

Keywords: PV monitoring; low-cost solutions; LoRa technology

1. Introduction

In most countries, fossil fuel consumption has been drastically increasing along with
enhancements in the quality of life and industrialization, and a growing world population [1].
This relevant fossil fuel consumption not only leads to an increase in the rate of diminishing fossil
fuel reserves, but also has a significant adverse influence on the environment and the threat of global
climate change. Actually, renewable integration issues have drawn attention in the scientific literature
lately, and recent contributions have been focused on the institutional challenges [2]. Within the
electricity sector, renewable and clean power generation alternatives will play a relevant role in future
power supply (i) to attain global public awareness and sensibility of the need for environmental
protection, and (ii) to achieve less dependence on fossil fuels for energy production [3]. Indeed,
Mancarella et al. affirm that power systems are among the most critical infrastructures of modern
societies, being crucially important to boost their resilience under severe weather conditions and
any future challenges focused on climate change concerns [4]. As a result, most road maps and
scenarios forecast a relevant resurgence of low-carbon generator units in the electricity supply side
mix [5]. From the different renewable resources, wind and PV solar solutions are considered as
relatively mature technologies, with a significant impact on current power systems [6]. However,
certain technical problems have been discussed in the literature about high penetration of renewables,
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mainly focused on reliability, power quality, and stability [7]. In this way, the intermittent nature of
such sources may increase the stress of the grid, mainly due to undesirable oscillations on the supply
side [8], which may negatively affect the transmission system regulation [9]. Regarding PV power
plants, their power generation is highly dependent on solar irradiance, ambient temperature, and other
atmospheric parameters [10]. Consequently, fluctuations from grid-connected PV installations might
lead to decreased grid reliability, compromising the demand–supply balance control [11]. Indeed,
PV systems extensively integrated into low-voltage (LV) distribution grids may cause significant
changes in feeder voltage profiles [12]. Consequently, it is very important to determine and monitor
such weather parameters that can provide a more precise prediction of the PV power generated [13].
Therefore, the PV power plant integration into power systems must imply monitoring solutions.
Moreover, Beránek et al. affirms that monitoring of PV system plants is an urgent and imperative
activity for practical implementation of new ecologically clean solar plants [14].

Different solutions can be found in the specific literature to monitor PV power plants.
Ramakrishna et al. affirm that the PV monitoring systems can be broadly classified as ground-based
or space-based monitoring systems [15]. More specifically, some of these contributions are focused
on monitoring locally PV data. In this way, Fuentes et al. describes a portable data logger based
on standalone instruments [16]. LabVIEW has shown relevant characteristics for monitoring and
communicating several devices simultaneously [17]. Bayrak et al. use a Labview data acquisition
(DAQ) card for monitoring electrical measurement of a PV system [18]. Chouder et al. also present
a detailed characterization of the performance and dynamic behavior of PV installations through
LabVIEW real-time interface system [19]. Recently, a novel power line communication (PLC) method
for a DC–DC power optimizer solution is proposed by Zhu et al. [20]. The data are modulated and
then transmitted through the series-connected DC-power line to other DC–DC power optimizers.
The parallel resonant coupling unit is used in [21] to monitor PV data into a high-frequency form to
carry out the carrier communication. Wireless solutions to monitor PV installations at panel level
have been also proposed by other authors. As an example, Ando et al. describes a complete wireless
solution at panel level to estimate efficiency losses and anomalous aging of PV installations [22].
Similar contributions for individual monitoring of panels based on wireless technology can be found
in [23]. An in–situ monitoring solutions for PV panels is proposed and evaluated by Papageorgas
et al. in [24]. Moreno-García et al. presents an architecture of acquisition devices, including distributed
wireless sensors, to monitor and supervise all the distributed devices in the plant [25]. An extension of
this solution by detecting any failures or deviations in PV production can be found in [26]. A low-cost
acquisition system to record data in micro SD card is presented by Fanourakis et al. in [27]. Regarding
remote PV monitoring proposals, different contributions can be found in the specific literature.
In this way, Zigbee technology has been proposed by different authors during recent years [28–31].
Li et al. also propose an on-line monitoring system based on Zigbee technology for Internet of Things
purposes [32]. However, and according to [33], Zigbee technology is proven inefficient in large scale
since it is not able to face up huge distances. A low cost IOT-based embedded system is described
in [34]. This solution uses a GPRS module and a low cost microcontroller to send the power generated
by a PV power plant. GSM voice channel for the communication of data has been also proposed, since
the GSM network is readily available in rural areas [35]. As drawbacks, Pereira et al. affirm that this
solution requires a SIM card with data transfer charging and can be installed only in places under
phone coverage [36]. At residential level, an IoT solution based on Arduino with 3G connectivity
technology is described and assessed in [37]. A comparison of different technologies—Ethernet, WiFi
and ZigBee—for smart-house applications including RES is proposed in [38]. A user-friendly PV
monitoring system based on a low-cost PLC is proposed by Han et al in [39]. A review focused on
solutions for PV performance monitoring is discussed in [40].

From the Transmission and Distribution Network Operator point of view, a mass energy
production coming from PV systems without the corresponding energy storage units and/or sufficient
innovative electricity network architectures—such as micro-grids, smart-grids and web of cells—can
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cause severe disturbances [41]. In Europe, Mateo et al. contribute to overcome the barriers that hamper
a large-scale integration of PV installations in the electricity distribution grids, being necessary the
integration of advanced monitoring and operation systems [42]. As an additional example, in Germany,
90% of renewable system capacity is connected to distribution grids, and smart grid investments should
be promoted by German DSOs [43]. Current power systems thus require modernization in terms of
sensing, communication technologies, measurements, and automation technologies, and subsequently,
smart power grids arise as a suitable solution [44,45].

Considering previous approaches, this work provides a step forward: a wireless low-cost
open-source monitoring solution based on long-range (LoRa) technology able to communicate
with remote PV power plants. The aim is thus to monitor in real time wide zones under study,
covering long distances with minimum power consumption and maintenance. This study is in
line with previous works of the authors focused on PV monitoring [46,47]; as well as in line with
recent contributions where PLC and wireless are considered the best candidates for communication
purposes [48], and wireless is poised to play a significant role in shaping the capabilities of future
measurement systems [49]. Besides, the cost of open-source solutions is usually considerably lower
than commercially available devices, with little loss of accuracy and precision [16]. Moreover,
commercial solutions present some drawbacks, as can be found in recent PV monitoring system
reviews [50]. The main contributions are summarized as follows:

• Wide areas, referred to remote PV installations, are controlled via and communicated through a
low-cost open-source solution based on LoRa technology.

• Data are gathered from the PV installations in accordance with the current IEC-61724 standards
and industrial, scientific, and medical (ISM) band use regulations.

• The proposed solution is flexible to exchange data in real time among PV power plants in terms
of power generation and weather parameters.

The rest of the paper is structured as follows: Section 2 describes wireless sensor network
technology and particularly the LoRa approach. Section 3 gives detailed information regarding our
proposed solution. Section 4 offers extensive results, evaluating the performance of our solution.
To this end, different testing processes are conducted by the authors. Finally, conclusions are discussed
in Section 5.

2. Wireless Sensor Network: LoRa Solution

Wireless sensor network (WSN) is a mature field in technology to sense physical parameters and
transmit them wirelessly out of the coverage range of the measurement in situ. This is a potential area
of interest for the scientific community, reinforcing some beliefs about the necessity for further research
initiatives in a new wireless-network paradigm. In this context, the low-power wide-area network
(LPWAN) is a recent WSN-based technology that emerged as an alternative wireless monitoring
solution [51]. Different applications and contributions can be found, mainly focused on the industrial
environment. In particular, this technology is currently drawing much attention for managing assets
over wide areas, such as the monitoring and control of PV power plants and the operation of distributed
energy systems. The main characteristics are its excellent long-range, low-power consumption
and reduced computation capacity (like a long-range WSN). In fact, the operation of a distributed
energy system usually requires flexible and reliable communication systems. However, cable-based
communications are, in many cases, an infeasible solution due to their complex installation and
maintenance. In distributed energy systems with high penetration of renewables and small generation
units connected at different voltage levels, this wireless technology can help to overcome the lack of
information in the performance and generation of these installations [52].

LPWAN is a generic term that encompasses a group of technologies, allowing wide area
communications at lower cost points and reduced power consumption. LPWAN technologies have
arisen in both licensed and unlicensed markets, such as LTE-M, Sigfox, long range (LoRa), and narrow
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band (NB)-IoT. Among them, LoRa and NB-IoT are the most prominent, though they clearly present
technical differences [53]. Presently, LoRa is an LPWAN approach receiving relevant consideration in
the literature, because it can operate efficiently in unlicensed bands. Unlike LoRa, an NB-IoT network
must be set up within an existing cellular network. This makes LoRa a more flexible solution than
NB-IoT to meet the requirements of outlying districts [54]. It is worth noting that LoRa is inarguably
the main actor in the current LPWAN scene, used in an unlicensed spectrum below 1 GHz and
supported by many worldwide technology leaders (Cisco, Microchip, IBM, HP, etc.) [55]. From a
technological point of view, LoRa provides a proprietary chirp spread spectrum (CSS) modulation
to achieve communication distances greater than 700 km [56]. What makes LoRa stand out from
other modulation methods is its unique spread spectrum technique, which provides robustness
against interference and a very low minimum signal-to-noise ratio (SNR) for the receiver to be able
to demodulate the signal. LoRa is thus a suitable solution for applications that require a very long
battery lifetime and reduced cost. Moreover, as it strengthens, LoRa allows tuning of several physical
transmission properties: the bandwidth and central frequency of the communication, the coding
rate (CR, the ratio between the length of the packet and the length of the error-correction code),
the transmission power, and the spreading factor (SF, defined as the ratio between the symbol rate and
chip rate). Higher SF values enhance the sensitivity and range of communication at the expense of
increasing the over-the-air time of the packets, thus consuming more transmission duty cycles (TDCs).

In the past few years, the interest of monitoring smart industries has increasingly become
LoRa [57] as one technology solution demanded by many researchers [58,59]. Most of the contributions
have been focused on analyzing the advantages, disadvantages, capabilities, and limits of current
developments/deployments in several scenarios: industrial environments [60], civil infrastructures
such as bridges [61] and public transport [62], line-of-sight and obstructed communications [63],
and surveillance tasks to combat poachers in wildlife reserves in Africa [64]. In addition, LoRa
performance has been compared to other LPWAN solutions such as Sigfox [65] and Weightless [66],
as well as licensed options such as NB-IoT [67]. Other studies have dealt with the real scalability of
current LoRa networks [68,69], the performance of their different configurations [70] or the download
traffic analysis of these types of networks [71]. LoRa defines the physical level and LoRaWAN
encompasses the link layer of the protocol stack and the system architecture [72]. LoRaWAN uses
long-range star architecture in which gateways are used to relay messages between the end nodes
and a central core network (see Figure 1). In a LoRaWAN scenario, nodes are not associated with a
specific gateway. Instead, data transmitted by a node are typically received by multiple gateways.
Furthermore, LoRaWAN uses the adaptive data rate (ADR) algorithm to estimate the CR and SF
parameters under specific channel conditions. Subsequently, each gateway forwards the received
packet from the end node to the cloud-based network server via standard IP connections. Different
disadvantages can be identified when LoRaWAN solutions are implemented, intrinsic to operating in
any ISM band. In particular, current international laws require a stringent duty cycle of 1%. This means
the radio channel cannot be occupied more than 36 s per hour. In fact, this value is denoted as the
maximum TDC allowed by the nodes to operate in ISM channels. This is an important concern
for nodes managing critical assets (such as those found in the proposed solution), where LoRa and
LoRaWAN must be able to report critical events within seconds. Therefore, node duty cycles should
be set with the goal of reporting critical events under the entire conditions. It is precisely this type
of situation that drew our attention and a question arose: ’Is it possible to obtain communications
using LoRa technology, considering its stringent duty cycle under critical conditions (i.e., given the
criticality of the reported event)?’ Moreover, the end-node configuration is a crucial aspect for packet
transmission purposes, since LoRa networks allow us to adjust not only frequency and power values,
but also other parameters such as SF and CR, promoting robustness in the communications at the
expense of increasing the packet over-the-air time.
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Figure 1. General overview of long-range (LoRa)/LoRa wireless area network (WAN) architecture.

To the best of the authors knowledge, contributions such as [73–75] use LoRa technology as
the way of transmitting data collected by sensors in a PV Power Plant. In these contributions,
authors installed a Lora communication module to dispatch packets to a Gateway including physical
parameters such as current or temperature, without going into details about communication concerns.
Unlike these works, we contribute with a solution which tackles these concerns more intensively
than [73–75], ensuring the best performance for transmitting information from the PV installation to
the Gateway and, consequently, increasing the system reliability. In this sense, and as will be discussed
in Section 4, the transmission rate—bits per second—has been thoroughly tuned to achieve a suitable
and acceptable RSSI (Received Signal Strength Indicator) and SNR figures in the proposed solution.
For testing purposes, it has been considered the maximum SF allowed by the LoRa technology (SF12),
with a CR value of 4/5 and below the maximum TDC.

3. Proposed Solution

3.1. General Overview: Topology

The proposed network architecture integrates LoRa–IoT infrastructure in a similar way to Figure 1.
Therefore, by allowing for typical LoRa network topologies [76], a star topology including end devices,
gateways, and a central network server is considered in the proposed solution. All selected sensors in
charge of monitoring PV installations have to fulfill the IEC-61724 requirements. PV electrical data and
weather parameters are gathered to estimate PV operating conditions and exchange meteorological and
electrical data information. These data packets are sent to the LoRa gateway from the corresponding
PV power plants. Subsequently, the received data are then forwarded to the network application
via LAN connection. The design of the proposed system involves (i) end-node hardware selection,
(ii) software-node configuration, and (iii) LoRa network server. These items are discussed in detail in
the following.

3.2. End-Node Hardware: Sensors and Communication

The end node is in charge of gathering PV electrical data and weather conditions. Data packets
are subsequently sent to the gateway. The main requirements accomplished by the end node are
the following:

• Information from the PV module installed in the PV power plant is collected according to the
current IEC-61724 standard requirements. These data provide relevant information for predictive
maintenance purposes.

• Flexible, low-cost, and open-source solutions are required to carry out a suitable integration of
the proposed system into real PV power plants.
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• Nodes are able to run software, including a complete LoRa Class A. As mentioned, the end nodes
operate under the license-exempt industrial, scientific, and medical (ISM) bands (EU 868 MHz/US
915 MHz) [77].

First, a hardware development platform was selected under the parameters of low cost and
open-source software solutions. To this end, and taking into account previous experience, the Arduino
platform [78], which offers a free development software environment to develop a prominent number
of applications [79], was chosen. Other studies affirm the efficient reconfigurable security approach
for WSN with Arduino-based systems [80]. Following these parameters, the Arduino One and
Arduino Nano were considered as printed board platforms [81]. Both hardware solutions are based on
ATmega328P with similar performance. As its main features, Arduino Uno comprises a 32 kB flash
memory, 2 kB SRAM and 1 kB EEPROM, with 5 V operating voltage level and 14 digital I/O pins.
The Arduino Nano is considered as a bridge between sensors and, for instance, a Raspberry Pi, which
becomes it in a base station [82]. LoRa transceiver is also integrated in the device under the Arduino
requirements [83].

Concerning the selected group of sensors, they have to be in line with the following requirements:
they must (i) gather electrical PV parameters and weather conditions, and (ii) fulfill the IEC-61724
requirements. Moreover, the sensors are in accordance with previous works by the authors, where the
same requirements were considered [16,84]. Local data collected by our proposed solution are thus
able to estimate the PV module behavior and, in general, the PV installation performance. In terms
of electrical data, AC and DC voltage and current variables are considered as parameters to be
measured and collected for monitoring purposes. AC voltage measurement (VAC) is implemented by
an AC–AC power adaptor. An isolation transformer gives a physical separation and a quasi-sinusoidal
waveform as an output signal. This signal is adapted by a voltage divider and sent to the Arduino
board as an analog input. In a similar way, DC voltage (VDC) is collected and adapted as an Arduino
board analog input as well. For AC data (IAC ), a noninvasive Hall-effect sensor is provided for
the proposed solution [85]. An accurate, low-offset, linear Hall sensor is selected and implemented
by the authors to measure the DC current (IDC) [86]. Both AC and DC sensors offer low-voltage
output signals compatible with the Arduino input voltage range. With regard to weather parameters,
the following variables are considered for monitoring purposes: solar irradiance, ambient temperature,
and PV module temperature. To measure and gather solar irradiance, and assuming that the
short-circuit current (ISC) is nearly proportional to the irradiance [87], it is measured in W/m2

by a 5 Wp short-circuit encapsulated polycrystalline silicon module. A shunt resistance is chosen and
implemented to adapt the voltage output within a suitable voltage range according to the Arduino
analog input requirements. Calibration of this module was carried out by the authors through the
CETENMA Solar TestBed, based on the global sunlight method available in [88]. Ambient temperature
was measured near PV modules as an attempt to more accurately estimate the real environment of
PV module conditions. A DHT22 temperature/humidity sensor with digital output was selected
with this objective. The DHT22 sensor is directly supported by the Arduino IDE technology and,
according to [89], it furnishes very accurate results with a fast refresh time. Other applications using
the DHT22 sensor can be found in [90,91]. Most correlations in the scientific literature for PV electrical
power as a function of the cell/module operating temperature and basic environmental variables are
based on linear approaches [92]. Indeed, [93,94] affirm that PV module power output values depend
linearly, but rather strongly, on the operating temperature. The authors note that the PV module
temperature should be collected at the center of the back surface of the module and in the center of
the array field location on the module, as pointed out by IEC-61829 method A [95]. In our proposed
system, a low-cost solution employing the DS18S20 digital sensor is used with this goal. This digital
thermometer achieves 9-bit Celsius temperature measurements, transferring them on a 1-wire bus [96].
A general diagram of the sensors and their connections with the Arduino board is depicted in Figure 2.
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Figure 2. General diagram of sensors and Arduino connections.

The communication system is in charge of dispatching data packets thanks to a transceiver
integrated into the Arduino board and operating in the EU-868 band [72]. The selected transceiver
is the RFM95W module, fabricated by HOPE RF and configured as a LoRa TM modem [97]. In fact,
the RFM95W configured for LoRa communication via 4-wire SPI bus was successfully tested in [98].
The main characteristics of this LoRa TM module are high efficiency and significant sensitivity (around
−148 dBm). To achieve these advantages, this module is composed of a 6-GPIO interface configurable
by software and with different interruptions usually linked to the operation of the RFM95W [99],
and is able to support different modulations such as FSK/OOK, GFSK, MSK, or GMSK. Due to the
small size of the RFM95W module, an adapter is required to provide breakout pins and the antenna
plug-ins (Figure 3). Finally, the RFM95W works at 3.3 V and thus it cannot be directly connected to the
Arduino Uno or Nano (both operating at 5 V). A voltage adapter is thus required to give the operating
voltage range.

(a) (b)

Figure 3. Dispatching data packets: implemented transceivers. (a) RFM95 with an ESP8266 module
adapter. (b) HOPE RFM95W transceiver with breakout board and 868 MHz antenna.

3.3. End-Node Software Configuration

The end-node software configuration was subsequently conducted after selecting the end-node
hardware solution along with the sensors. First, Arduino firmware was implemented and
tested in order to obtain the PV power plant parameters and values under the IEC-61724
standard [100] and the ISM band-use regulations. The selected firmware was the nano-lmic-v1.51-F.ino,
which was downloaded from the LoRa LMIC library [101]. The Arduino code follows
activation-by-personalization (ABP) rules, available in the LMIC library [83]. SScripts to read the data
format were also developed and the payload adjusted to contain full information gathered by the
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different sensors, following the format recommended by the IEC standard resolution. Please note that
the payload has a length of 38 bytes, which has a relevant impact on the over-air time of the packets, as
will be discussed in Section 4. The sampling period is another aspect to be considered in detail. In this
sense, the IEC standard establishes that the sampling period of the different parameters under study
varies proportionally to the solar irradiance. Under our operating conditions, parameters had to be
sampled in intervals of 1 minute or less. On the other hand, in Europe, the duty cycle is regulated by
the ETSI EN300.220 standard—Section 7.2.3—[102], which, as noted in Section 2, sets a duty cycle of 1%.
Furthermore, from the spreadsheet developed and proposed by Matthijs Kooijman [103], the over-air
time of the packets can be determined for different SFs. The over-air time corresponding to the worst
case was then used to define our sampling rate. By considering our scenario, the duty cycle, and
the over-air-time issue, data packets were sampled every 30 s. The parameters were then averaged
and sent in time periods of 3 min. These values will be modified in a subsequent version to enforce
the so-called ’Fair Access Policy’, which limits the uplink airtime to 30 s per day and per node [104].
The downlink messages were set to 10 messages per day and per node.

3.4. LoRa Gateway/LoRa Network Server

A single-channel LoRa gateway was designed and implemented with a Raspberry Pi board.
The LoRa radio communication module we selected is the Dragino Arduino shield from a Semtech
SX1276 chip [105]. The Dragino shield can be directly connected to the Raspberry Pi. SPI connectors
belonging to Dragino (MISO, MOSI, CLK, and NSSEL), VCC and GND are attached to the
corresponding pins on the Raspberry Pi (CE0 on the RPI for SPI, _nSSEL and 3v3 for VCC).
The operating system (OS) installed on the Raspberry Pi was Raspbian [106]. This single channel
gateway software as well as its OS are supported by Thomas Telkamp at GitHub, and further
information can be found in [107]. The single-channel LoRa gateway assembly and the coverage
range are depicted in Figure 4. As described in Section 3.1, a LoRa network server is required to test
the proposed application. With this aim, The Things Network (TTN) backend is used [108]. TTN is
a community-driven project offering a free server to users; our proposed solution must connect the
gateway to this free server. To this end, we created an account and registered the developed gateway.
The gateway is located in Europe, selecting the European ISM band (868 MHz). After this setting
process, the gateway is ready to be plugged in to the server. At this point, users can visualize the data
packet transmission from the end nodes associated with this gateway, with a status of ‘connected at
web’. In our case, two applications were developed: monitoring system testing and coverage range
testing. Furthermore, the Arduino firmware implemented a different device address, ‘DEVADDR’,
the network session key ‘NWSKEY’, and the application session key ‘APPSKEY’, which were developed
and implemented before carrying out the corresponding validation tests discussed in detail in the
following section.

(a) (b)

Figure 4. Single-channel gateway. (a) Gateway assembly. (b) Gateway coverage range.
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3.5. Economic Evaluation: Cost-Effectiveness

Finally, and in terms of cost-effectiveness, the proposed monitoring system is in line with other
contributions discussed in Sections 1 and 2 based on non-commercial solutions. Our system is flexible
to be configured in different locations and PV installations. With the aim of offering a low cost system,
the different hardware components are based on open-source projects with a high cost effectiveness
threshold. Table 1 gives the monitoring node cost, which is lower than other commercial solutions as
was previously discussed. Moreover, these commercial solutions usually provide less information and
a reduced number of parameters.

Table 1. PV monitoring node cost.

Description Number Unit Price (Euro) Total Price (Euro)

PV module (5 Wp, 22 V, 30 W) 1 8.75 8.75
Cement resistance 5 W 10 Ω 10 R 5% 1 0.13 0.13

AC-AC power supply adapter 1 4.95 4.95
Non-invasive AC–sensor 1 4.31 4.31

5 V DC-USB power adapter 1 2.40 2.40
2.54 mm PCB screw connector 6 0.17 1.02

Aluminium electrolytic capacitor 400 V 2 0.02 0.04
Metal film resistance 1 M 1.2 M 1.5 M 2 M 2.2 M Ω 6 0.05 0.30

Prototype PCB universal board 1 0.35 0.35
Outdoor enclosure and wiring 1 3.50 3.50

RFM95 LoRa Breakout + SMA connector antenna 1 5.95 5.95
HOPE RFM95 1 4.05 4.05

DS12820 temperature sensor 1 0.99 0.99
DHT temperature and humidity sensor 1 2.52 2.52

Total cost 39.26

4. Results

This section summarizes the test bed conducted to evaluate the proposed system. System assembly,
coverage range, and performance evaluation of the PV power plant are described with the goal of
adding value to our proposal in terms of a sensing, monitoring, and data packet transmission solution
in an IoT scenario.

4.1. System Assembly

First, the selected hardware components and sensors (end nodes) were tested in a laboratory
environment to evaluate their performance under controlled conditions. After this initial testing,
components and sensors were connected and assembled to provide a feasible solution able to operate
under real conditions. To facilitate the integration of the proposed monitoring system into real
PV power plants, components and sensors corresponding to the end nodes were divided into two
subnodes, including most connectors commonly used in real PV installations connected to the grid:
(i) a principal subnode involving a main controller, a transceiver with the corresponding voltage
level converter, and a set of batteries for power supply requirements (see Figure 5); (ii) a secondary
subnode in charge of measuring and collecting PV module variables. To test the appropriateness of
the global solution, these nodes were first deployed in the solar laboratory of CETENMA, located in
the Industrial Park of Cartagena (southeast Spain). This facility includes measurement equipment
to check the performance of PV power plants and modules. For testing purposes, a single 250 Wp
monocrystalline PV module connected to an SF 250 W Soltec SolarFighter microinverter was used (see
Figure 6).
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Figure 5. Detail of the system assembly. Principal subnode.

(a) (b)

Figure 6. Testing system located at the CETENMA SolarLab (Spain). (a) SolarLab outdoor test site
details. (b) Secondary box details.

4.2. Coverage Range Characterization

A relevant objective of this work was to evaluate the suitability of the proposed solution to
measure, collect, and send data from PV installations to a remote gateway. The coverage range of
the initial gateway, discussed in Section 3.3, was not enough to achieve the objectives searched in
the test bed. Indeed, the location and low performance of the antenna used for this gateway were
likely the biggest drawbacks of the initial poor coverage range. To overcome this limitation, another
gateway was implemented and installed at the Universidad Politecnica de Cartagena (Cartagena,
Spain). This additional Gateway is called the TM RG186 Series LoRa-enabled gateway [109]. It is
located on the roof of a researching building on the university campus (see Figure 7). The gateway
was registered with TTN as well.

To ensure the communication of the proposed system, we conducted a test of the signal power
and coverage range. To this end, a Global Positioning System (GPS) module was integrated into the
end node to transmit the location coordinates. To visualize the position of each end node, the TTN
Mapper software tool [110] was installed in the network server. This additional tool provides further
information, such as RSSI and SNR. Furthermore, each end node was configured with a transmission
power of 14 dBm and SF12 to carry out the set of tests. During these tests, a new gateway was identified
15 km from our installation in the solar laboratory of CETENMA. Figure 8 illustrates these results
corresponding to the coverage testing process.
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Figure 7. TM RG186 series LoRa-enabled gateway (Universidad Politecnica de Cartagena, Spain).

(a) (b)

Figure 8. Coverage testing analysis. (a) Gateway identification map. (b) Coverage testing results on
The Things Network (TTN) Mapper website.

4.3. PV Power Plant Performance Evaluation

Considering the different coverage testing processes we previously carried out, discussed in
Section 4.2, a 5 kW PV installation connected to the grid and located on the university campus was
deployed to assess the PV monitoring properties of the proposed solution (see Figure 9). Electrical and
environmental data were gathered from the PV power plant and sent to the gateway to be evaluated
and discussed in subsequent analysis. Additional parameters such as encrypted payload, received
signal strength indicator (RSSI), air time, signal-to-noise ratio (SNR), number of packets, and channel
included in the LoRa packet are also available and can be downloaded from the TTN website.
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Figure 9. End nodes of 5 kWp PV installation monitoring.

A packet size of 38 bytes is considered enough to cover all the parameters for PV power plant
monitoring purposes. The transmission power is 14 dBm and the SF metric is tuned from 10 to 12,
which influences the data packet over-air time. Figure 10 shows the theoretical time on-air (ms) for each
SF configuration depending on the payload length. These results allowed us to configure the sampling
period for each SF: 60, 120, and 180 s for SF10, SF11, and SF12, respectively. Our test bed was conducted
for 24 h. This time interval was enough to evaluate each SF configuration. It is relevant to point out
that SF10 involves no reception of packets in the gateway, as a consequence of different concerns,
such as (i) the limited over-air time due to the distance between the device and the gateway, around 4
km; (ii) the locations of end nodes; and (iii) the conditions of the signal propagation.

Figure 10. Theoretical time-on-air (ms) for different tested SF configurations.

Figure 11 illustrates the RSSI and SNR results obtained in November 2018 for SF11 and SF12.
Table 2 shows additional metrics also discussed in this work: packet delivery ratio and time intervals
between different data packets (inter-arrival time). The packet delivery ratio is defined as the
ratio between the packets successfully received and the total data packets sent by the end nodes.
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The inter-arrival time is determined by the time interval value corresponding to each packet received
by the TTN web application. For SF11, our study reveals low RSSI and SNR values. As an example,
the minimum signal strength in WiFi technology provides basic connectivity with reliable packet
delivery around −80/−90 dBm. Concerning SF12, the RSSI and SNR metrics improved around 10%.
However, the time interval between packets increased to 115 s, which is reasonable due to greater
over-air time of the packets. In terms of the packet delivery ratio, SF11 showed poor performance,
with most of the packets corrupted or completely lost. To overcome this drawback, it is necessary to
increase the spreading factor (SF), which allows us to improve the metric sharply. It is remarkable
that these outcomes are in line with recent contributions [111–113], which corroborates one of main
advantages of using LoRa: its sensibility. In this respect, weak signals can stimulate the electronic
communication of the LoRa device, resulting in successful packet delivery to the gateway. Finally,
to verify that the payload is being decrypted correctly, data received by the TTN application are
compared to the same data collected by a data logger of the test stand (see Figure 12). These results
validate the feasibility and reliability of our proposal, as well as the accuracy of the implemented
monitoring and communication solution.

(a) (b)

(c) (d)

Figure 11. Coverage range tests. (a) Received signal strength indicator (RSSI) data (SF11). (b)
Signal-to-noise ratio (SNR) results (SF11). (c) RSSI data (SF12). (d) SNR results (SF12).

Table 2. Packet delivery rate and inter-arrival time metrics. SF, spreading factor.

SF Packet Data Packet Data Packet Delivery Average Time Inter-Arrival Time (s)Sent Received Rate between Packets (s)

11 559 307 55% 190.85 131.00
12 402 364 91% 273.13 246.00
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(a) (b)

(c) (d)

Figure 12. PV example of collected data (12 November 2018). (a) DC current data. (b) DC voltage data.
(c) Solar irradiance data. (d) Generated active power.

5. Conclusions

A low-cost, open-source solution to monitor PV power plants was designed and evaluated.
Our alternative system provides a powerful and straightforward solution, facilitating the integration
of this renewable energy source into current power systems. As a novelty, long-range communication
technology denoted as LoRa enables data transmission to a remote gateway, which allows us to evaluate
the PV installation performance in real time. Extensive electrical and meteorological information is
also available from the monitoring system. These data can be applied for predictive maintenance
purposes. Moreover, these data have a remarkable impact on grid reliability and PV forecast accuracy.

A PV power plant connected to the grid (5 kW rate power) and located on the university campus
(southeast Spain) was used to evaluate the monitoring system. Different field-test campaigns were
conducted by the authors. From the results, it can be affirmed that aspects such as the distance between
source and destination, the line-of-sight between source and destination, and propagation issues have a
clear influence on the appropriate data reception process. Our study demonstrates that scenarios with
a high spreading factor value (SF11 and SF12) satisfy an accurate reception of data packets. However,
the corresponding over-air time considerably limits the number of transmissions. To overcome this
drawback, the sampling time was adjusted in line with the packet air-time and according to the SF
value. One of the main limitations of the LoRa solution is its restricted duty cycle (1%), which was
taken into account for the testing process. Received data were also compared to data-logger equipment
connected in situ in the PV installation. This comparison validates the electrical and meteorological
variables gathered by different sensors, resulting in errors lower than 0.5%. Our proposed solution thus
offers an alternative system to be implemented in remote PV power plants with the goal of monitoring
and dispatching electrical and meteorological data.
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Abbreviations

The following abbreviations are used in this manuscript:

ABP Activation-by-personalisation
ADR Adaptive data rate
CR Coding rate
CSS Chirp spread spectrum
ISC Short-circuit current
LPWAN Low-power wide-area networks
RSSI Received signal strength indicator
SARIMA Seasonal autoregressive integrated moving average
SF Spreading factor
SNR Signal-to-noise ratio
TDC Transmission duty cycle
TTN The Things Networ
WSN Wireless sensor network
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Abstract: The increasing integration of photovoltaic (PV) power plants into power systems demands
a high accuracy of yield prediction and measurement. With this aim, different global horizontal
irradiance (GHI) estimations based on new-generation geostationary satellites have been recently
proposed, providing a growing number of solutions and databases, mostly available online, in
addition to the many ground-based irradiance data installations currently available. According
to the specific literature, there is a lack of agreement in validation strategies for a bankable,
satellite-derived irradiance dataset. Moreover, different irradiance data sources are compared in
recent contributions based on a diversity of arbitrary metrics. Under this framework, this paper
describes a characterization of metrics based on a principal component analysis (PCA) application to
classify such metrics, aiming to provide non-redundant and complementary information. Therefore,
different groups of metrics are identified by applying the PCA process, allowing us to compare, in a
more extensive way, different irradiance data sources and exploring and identifying their differences.
The methodology has been evaluated using satellite-based and ground-measured GHI data collected
for one year in seven different Spanish locations, with a one-hour sample time. Data characterization,
results, and a discussion about the suitability of the proposed methodology are also included in
the paper.

Keywords: correlation; global horizontal irradiance data; metrics; principal component analysis

1. Introduction

The integration of renewables into current power systems is attracting much attention. Indeed,
sustainability of energy policies and their mid-term outlooks are currently a topic of interest for major
agencies. Ellabban et al. affirm that the renewable energy resource potential is enormous, as such
resources can, in principle, exponentially exceed the world’s energy demand [1]. However, due
to the intermittent nature of such renewable energy resources, it is necessary to address different
challenging issues, as they are significantly different from the conventional resources [2]. Moreover,
in terms of solar resources, the inherent variability of large-scale solar generation requires an accurate
power/irradiance forecasting, which is critical to secure the economic operation of power systems and
future smart grids [3].
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A relevant number of methodologies have been proposed to measure and forecast global solar
irradiation, being considered essential for the design, economic evaluation, and performance analysis
of photovoltaic (PV) power plants and their integration into power systems [4,5]. A recent review of
power forecasting models for renewables can be found in [6]. By considering the different methods
and proposals, their validations were carried out through a variety of measures of errors based on the
author’s criteria and mainly focused on averaged statistical test results. Notton et al. proposed the
application of artificial neural networks—assessed by relative root mean square error (rRMSE) and
relative mean absolute error (rMAE)—to estimate solar irradiance on tilted planes [7]. In a similar
way, relative mean bias error (rMBE), rRMSE, determination coefficient (R2), and ’d’ Willmott index
were used to evaluate both artificial neural networks and support vector machine applications [8].
Bouchouicha et al. used root mean square error (RMSE) and rRMSE to validate a readjusted model
over the Algerian Big South [9]. Noorian et al. evaluated 12 models to estimate hourly diffuse
radiation on inclined surfaces by determining the rRMSE [10]. An extensive comparison—over 90
contributions—of estimated solar radiation models was performed by Teke et al., to suggest the most
accurate models [11]. In this revision, and according to the most commonly used statistical test results,
linear modeling, non-linear modeling, artificial intelligence modeling, and fuzzy approaches were
compared accordingly.

According to the specific literature, it can be affirmed that most contributions are evaluated by
applying the rRMSE and rMAE. During the last years, different applications have been proposed
for global horizontal irradiance (GHI) based on new-generation geostationary satellites; highly
appropriate to monitor remote areas and large-scale territories with minimum capital and operating
costs. Subsequently, a growing number of solutions and databases are then available online to provide
such potential, for instance PVWatts [12], PVGIS [13], Global Atlas [14] and SolarGIS [15]. Nevertheless,
Piasecki et al. affirm in [16] that, to the best of the authors’ knowledge, the satellite/reanalysis data have
so far not been compared with the measurements provided by the National Institute of Meteorology
and Water Management (Poland) from the renewable energy sources perspective. Other contributions
are focused on analyzing these satellite data. For example, Bódis et al. combined satellite-based and
statistical data sources with machine learning to provide a reliable assessment of the technical potential
for rooftop PV electricity production with a spatial resolution of 100 m across the European Union
(EU) [17]. Psiloglou et al. recently published a comparison between satellite-based data sets and
reanalysis against ground measurements by considering only an isolated rural area [18]. Boca et al.
evaluated a multiple–regression approach model for fast estimation of PV potentials over Europe and
Africa based on the PVGIS database and through the mean absolute percent error (MAPE) [19].

Data based on moderate resolution imaging spectroradiometer (MODIS), along with conventional
meteorological data, are used in [20] to estimate monthly-mean daily global solar radiation. Two
statistics: general mean bias deviation (gMBD) and relative general mean bias deviation (rgMBD) are
applied in [21] to validate the estimated GHI by using satellite-based spectral irradiance data. Pierro
et al. provided RMSE scores to evaluate PV power estimation and forecasts through satellite and
numerical weather prediction data [22]. In addition, Tang et al. used mean bias error (MBE), RMSE,
and rRMSE to evaluate whether GHI estimations can be improved by increasing the frequency of
satellite observations. Recently, the mean absolute difference (MAD) was determined in [23] to compare
global irradiation from a satellite estimate model and on-ground measurements. Satellite-based solar
radiation data were also used by Buffat et al. to estimate the rooftop solar irradiation potential over
large regions. The correlation coefficient and a median monthly relative error were applied to estimate
the accuracy of such estimations [24]. Other authors have proposed methods for estimating the direct
normal irradiation from GOES geostationary satellite imagery for concentrating solar systems. In this
case, MBE and RMSE averaged values are used to validate the methods [25]. Pfenninger et al. used
RMSE results to validate long-term patterns of European PV output by means of 30 year hourly
reanalysis and satellite data [26]. Ernst et al. compared ground-based and satellite-based irradiance
data by using confidence interval results [27].
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By considering the contributions previously discussed, and regarding the appropriate metrics,
most of the authors propose and use the following strategies: RMSE, MBE, and the relative versions of
each (rRMSE and rMBE), the mean absolute error (MAE), Pearson correlation coefficient (r), and the
standard deviation of the residual (SD). Moreno et al. is a recent example of the metric application
from Meteosat Second Generation (MSG) images [28]. Gueymard reviews validation methodologies
and statistical performance indicators for modeled solar radiation data, dividing possible statistical
indicators into four categories, directly proposed by the author [29]. In this framework, a review of
the literature demonstrates that there is a lack of agreement in validation strategies for a bankable,
satellite-derived solar irradiance dataset [30]. Therefore, and due to the lack of agreement in validation
methodologies of solar irradiance datasets, the aim of this paper is focused on the following objectives:

• An extended estimations of metrics to compare GHI satellite data to on-ground data.
• A correlation analysis to identify similarities by considering homogeneous behaviors of

such metrics.
• A principal component analysis (PCA) application to divide the metrics into different categories

and propose independent indicator groups to be considered for comparison data purposes.

The rest of the paper is structured as follows. Section 2 describes the proposed methodology;
Section 3 gives a description of the case study; Section 4 provides results and discusses the suitability
of the proposed characterization; and finally, conclusions are given in Section 5.

2. Methodology

According to the literature review, different metrics have been defined and used to validate
the GHI data from ground measures or satellite–derived data. Table 1 summarizes such definitions
by including expressions and mathematical references, where GHIsat

i and GHIgrn
i represent the ith

satellite-based GHI and the ground-measured GHI values, respectively. GHI0 is the normalized
value and n is the number of data samples. By considering previous contributions, a diversity of
averaged GHI values have been suggested as the normalizing value in order to determine the relative
magnitude of error metrics. For example, Paoli et al. compute the normalized error metrics from
the mean global radiation obtained on the season [31]; Nik et al. calculate monthly mean hourly
global solar radiation values [32]; and Lu et al. estimate daily global solar radiation [33]. A detailed
review of accuracy tests used in the specific literature was reviewed by Teke et al. in [11]. Therefore,
and taking into account the proposed characterization of metrics, the daily average GHI values are
considered by the authors to normalize and determine the relative magnitude of error metrics. From
the expressions and approaches proposed in previous contributions to characterize the metrics, it
is desirable to determine the similarities among them and propose different groups of metrics in
order to estimate the complementary information in a data comparison process. A characterization
and classification methodology to identify similarities among metrics applied on the GHI data is
thus proposed and described. This approach classifies the metric differences for a large amount of
irradiance data determined through a variety of sources: satellite–derived, on-ground installations,
and/or estimated irradiation values. Therefore, an autonomous and flexible solution to compare
different irradiation data sources is proposed in this work; allowing us to select complementary
metrics, which offer non-redundant information to evaluate differences among those irradiation data.
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Table 1. Definition of the error metrics.

Definition Abbreviation Expression References

Mean Square Error MSE MSE =
1
n

n

∑
i=1

(
GHIsat

i − GHIgrn
i

)2
[3,11]

Root Mean Square Error RMSE RMSE =
√

MSE [3,9–11,18,20,25,26,
28–30,34]

Normalized RMSE nRMSE nRMSE =
RMSE
GHI0

[7–11,18,19,22,23,
25,28,30,34]

Mean Bias Error MBE MBE =
1
n

n

∑
i=1

(
GHIsat

i − GHIgrn
i

)
[3,9–11,18,20,25,28–
30,34]

Normalized MBE nMBE nMBE =
MBE
GHI0

[7,8,10,11,18,21,23,
25,30,34]

Mean Absolute Error MAE MAE =
1
n

n

∑
i=1

∣∣∣GHIsat
i − GHIgrn

i

∣∣∣ [3,11,21,28–30,34]

Normalized MAE nMAE nMAE =
MAE
GHI0

[7,21,23,28,34]

Mean Absolute Percentage Error MAPE MAPE =
1
n

n

∑
i=1

∣∣∣GHIsat
i − GHIgrn

i

∣∣∣
GHIsat

i
[11,19]

Shape Based Distance SBD SBD = 1−max
w

NCCw(GHIsat, GHIgrn),

where NCCw is a normalized cross
correlation sequence between the series
GHIsat and GHIgrd.

[35,36]

Dynamic Time Warping DTW DTW = min
W

K

∑
k=1

d(wk),

where W = {w1, w2, . . . , wk, . . . , wK}
represent a warping path between the
series GHIsat and GHIgrd subjected
to several constraints and d(wk) =
dist(GHIsat

ik
, GHIgrn

ik
).

[36,37]

The proposed methodology is first based on an estimation of metrics for the different irradiation
data sources. Subsequently, a matrix of differences for the different metrics is then determined for each
station, according to the selected sample time—a one-hour sample time for the case study discussed
in Section 4. After this initial metric estimation, a multiple correlation analysis is carried out on each
station, to identify metrics with a relevant (or not) dependence. This correlation analysis is then used as
the input for a clustering process, grouping by each location, those metrics with similar behaviors and
thus, metrics that provide similar information. A graphical representation is proposed by the authors to
visualize in a more convenient way these multiple correlation results as well as the clustering process.

From these results, we can then compare the clustering results for all locations, estimating the
homogeneity of the different groups according to the specific locations. In a complementary way,
a statistical analysis—the mean and standard deviation—is then applied to each metric correlation
coefficient corresponding to all considered locations. This statistical analysis gives an additional
estimation of the homogeneity of such correlations, as well as their independence (or not) from the
specific locations. Subsequently, from the clustering process and the additional statistical analysis, we
can then estimate the metric correlation dependence from the locations, as well as the similarity of the
metric grouping according to a visual comparison of the clustering process.

Figure 1 schematically shows the proposed methodology by considering m different metrics
determined from p-locations and corresponding to n-days hourly data. The correlation and metric
clustering are then carried out by each specific location. Subsequently, a metric clustering estimation for
all locations is proposed to determine the homogeneity of such metric clustering processes, including
an additional statistical analysis for each group of metrics.
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Figure 1. The correlation analysis and clustering process. General scheme.

From the previous clustering and statistical analysis, we then propose to apply PCA for all metrics
and locations. In fact, PCA is helpful in this context, when the group of variables—the metrics depicted
in Table 1—are highly correlated and a dimensionality reduction is convenient. Moreover, PCA is also
an appropriate solution to identify the ’principal components’, which account for most of the variance in
the observed/measured variables [38]. In our case, an m–dimensional vector [x1, x2, . . . , xm] is initially
identified corresponding to the different metrics determined. A (p× n)×m data matrix X corresponds
to the xij observations of the jth variable. We then estimate a linear combination of each m–dimensional
vector [x1, x2, . . . , xm] of matrix X with maximum variance. Such linear combinations are given by

r=m

∑
r=1

λr · xr = Xλ, (1)

where λ is a m-dimensional vector of constants [λ1, λ2, . . . , λm], and the variance of any such linear
combination is given by var(Xλ) = λ′ · S · λ, with S being the sample covariance–variance matrix
associated with the data and ′ denoting the transpose. Identifying the linear combination with
maximum variance is equivalent to determining an m-dimensional vector maximizing λ′ · S · λ and
requiring λ′ · λ = 1. A Lagrange multiplier approach with constraints can be then used to show that
the full set of eigenvectors of S is the solution to the linear combination with a maximum variance
problem, obtaining up to m new linear combinations,

Xλy =
r=m

∑
r=1

λr,y · xr, (2)

which successively maximize variance, uncorrelated with other linear combinations [39]. PCA is thus a
statistical technique for reducing the dimension of the initial data, increasing their interpretability, but at
the same time, minimizing any information loss. A recent PCA review and developments can be found
in [40]. Therefore, and by determining these principal components and their corresponding metric
relations, different groups of differences—errors—are then identified and graphically represented.
Moreover, they can be selected independently to provide a complementary information about the
irradiance data source discrepancies. Figure 2 shows graphically the PCA application on the irradiance
data metrics. As can be seen, different principal components are then estimated according to the
metric dependence, decreasing the initial m-dimension of the metrics, allowing for a low-dimensional
graphical representation and providing a reduced number of components independent among them.
It is relevant to point out that this metric characterization has not been discussed previously in the



Sustainability 2020, 12, 2454 6 of 18

specific literature; previous authors proposed a variety of different metrics without analyzing their
dependence and subsequently neglecting the possible redundancies of such metrics.

Figure 2. Principal component analysis (PCA). Graphical scheme.

The proposed methodology is implemented in the well-known R environment [41]. The following
contribution packages are used for methodology implementation purposes: ggplot2 to create
graphics [42], corrplot to visualize correlation matrices [43], FactoMineR for the PCA application [44],
and dtw and dtwclust for the dynamic time warping (DTW) and shape based distance (SBD) metrics
estimation [45,46].

3. Case Study

Different ground-based meteorological stations were considered, comparing their GHI data to the
satellite-based values for one year (2018). For the present analysis, the Network of the Agricultural
Information System of Murcia (SIAM) was selected to provide ground-based irradiance data. SIAM
consists of 49 automatic stations, ground-based installations that are geographically distributed along
the Region of Murcia (11,300 km2); 32 stations are from the Murcian Institute of Agricultural and
Food Research and Development (IMIDA) Regional Government of Murcia, 15 are from the Spanish
Ministry of Agriculture, Food and Environment, one is from the Universidad Politécnica de Cartagena
(Murcia, Spain), and one is from the City Council of Mazarrón (Murcia, Spain). The IMIDA and
Ministry stations were financially supported by European fund projects [47].

Figure 3 shows some examples of such meteorological stations and Figure 4 depicts some examples
of data available online from these ground-based stations. As an attempt to cover a relevant area of
study, seven ground-based stations geographically distributed along this south-east Spanish Region
have been selected for the present analysis. In this way, Figure 5 shows the selected ground-based
station locations in universal transverse Mercator (UTM) coordinates. The different colors in Figure 5
are related to the altitude of each ground-based meteorological station (depicted in UTM coordinates).
Regarding satellite-based irradiance data, and among the different satellite-based irradiance data
currently available online, the authors selected Copernicus, which is the European Union’s Earth
Observation Programme. This online platform provides a variety of information services based on
satellite earth observation and in situ (non-space) data. The programme is currently coordinated and
managed by the European Commission and it is implemented in partnership with the member states,
the European Space Agency (ESA), the European Organisation for the Exploitation of Meteorological
Satellites (EUMETSAT), the European Centre for Medium-Range Weather Forecasts (ECMWF), EU
Agencies, and Mercator Océan. A relevant amount of global data is then available to provide
information and help service providers, public authorities and other international organizations.
The information services provided are freely and are openly accessible to its users [48].
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Figure 3. Example of the ground-based meteorological stations (Source: SIAM-IMIDA [47]).

Figure 4. Ground-based data available online: graphical example of data (Source: SIAM-IMIDA [49]).
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Figure 5. Ground-based meteorological station locations (universal transverse Mercator (UTM)
coordinates).

According to the information available in the Network of the SIAM, irradiance values
were collected by such ground-based meteorological stations, providing hourly average GHI
data. Ten-minute sampling time is available for the Copernicus satellite-based data. Therefore,
the corresponding hourly average satellite GHI values were then determined from the Copernicus
satellite-based data to compare to the ground-based data. Nevertheless, and in line with the study
presented by Kim et al. in [50], hourly average values can smooth the error metric bias. Moreover,
if the instantaneous snapshot values are used in the error metric evaluation, the results would be
worse. In this case, a total amount of 429,240 data points were initially analyzed, which correspond
to the ground-based and satellite-based values accordingly. By considering this initial group of GHI
values, a preliminary comparison of data was required to visualize some possible discrepancies among
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the sources and data. With this aim, Figure 6 summarizes some consecutive days along 2018 and
compares both the irradiance database values by considering hourly average values. The time series
of bias, as satellite-based as ground-measured GHI values, are also included in such figure. These
days correspond to weeks covering all seasons of the year, where the irradiance levels are considerably
different and where several cloudy days and oscillating irradiance values can be also identified.

As a preliminary analysis, the irradiance data from both sources are significantly similar. Moreover,
both irradiance curves are practically overlapping and, as was expected, a detailed metric analysis
was required to compare the different sources in a more extended way. Subsequently, an estimation
of metrics is then determined according to Table 1, where a variety of metrics used and proposed
by previous contributions is summarized. With this aim, Figure 7 shows the daily evolution of
such metrics, depending on each location and with a one hour sample time. Table 2 summarizes
some descriptive statistics of the error metrics (including average values, minimum, maximum, and
quartiles). These metrics were determined from both irradiation data sources and they provide a variety
of alternatives to estimate the differences between the data. From these metrics, a characterization and
classification by considering the proposed methodology, as described in Section 2, was carried out by
the authors. The results are presented and discussed in Section 4. In addition, PCA was also applied
to identify the main relationships among the metrics, reduce the number of variables and allow us a
graphical representation of such metrics in a low-dimensional environment.

Table 2. Descriptive statistics of the error metrics.

MSE RMSE nRMSE MBE nMBE MAE nMAE MAPE SBD DTW

Minimum 29 5.37 0.0118 −128.35 −0.6236 4.62 0.0087 2.7 0.00001 98.2
1st Quartile 1036 32.19 0.0861 −23.94 −0.0698 25.02 0.0677 16.5 0.00092 479.3

Median 2700 51.96 0.1589 −6.96 −0.0186 38.80 0.1187 25.8 0.00510 702.8
Mean 4979 59.38 0.1894 −2.85 −0.0068 43.36 0.1388 57.1 0.01174 754.4

3rd Quartile 5821 76.29 0.2542 13.66 0.0383 55.73 0.1859 43.6 0.01546 975.4
Maximum 92,278 303.77 0.9690 178.53 0.5054 188.80 0.6904 2976.4 0.21422 2525.8
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Figure 6. Cont.
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Figure 6. Examples of satellite-based hourly global horizontal irradiance (GHI), locally
ground-measured GHI, and irradiance bias (One week of March, July, September, and December 2018).
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Figure 7. Daily evolution of the difference metrics at each location.

4. Results

As was previously discussed, by considering the different metrics summarized in Table 1 and
according to the database described in Section 3, a total of ten metrics are determined by each location,
with a one hour sample time and using the 2018 GHI data. Consequently, 17,520 values are then
available by each location. An example of such different metrics can be found in Figure 7. From these
preliminary results, an initial correlation analysis for the different locations is first carried out by
the authors, in line with the proposed methodology depicted in Figure 1. These correlations are
summarized in Figure 8, where all of the locations are individually analyzed and depicted. As can
be seen, some groups of metrics can be identified, which correspond to a more relevant correlation.
Therefore, these preliminary results provide an initial identification of groups of metrics that are highly
correlated and, consequently, they offer a similar metric information. As an attempt to characterize the
variability of these correlations in terms of the diversity introduced by the geographical dispersion,
an additional statistical analysis was proposed and carried out as well. With this aim, Figure 8 also
shows the mean and standard deviation values of the correlation coefficients by considering the
metrics results of each location. As can be seen, and in this specific case study, the statistical results
provide a low variability of metric correlations and, consequently, it is then proposed to analyze all
of the metrics simultaneously and independently of the location. Therefore, the rest of the proposed
methodology can be applied simultaneously to all metric estimations and without any dependence
on the geographical location. Nevertheless, the proposed methodology can also be applied to other
situations where the location dependence is more relevant and it cannot be neglected. In that case,
the rest of methodology will be repeated by each location. As an additional result, and following with
the present case study, Figure 9 shows the correlation matrices of the error metrics by considering all
locations simultaneously. A similar group of relevant correlations is also identified in line with the
previous correlation results depicted in Figure 8.
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Figure 8. (a–g) The correlation matrices of the error metrics for each separate location. (h,i) The means
and standard deviations of the correlation coefficients of the error metrics, obtained at each location.
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Figure 9. (a) Boxplots of the scaled error metrics for all locations. (b) Correlation matrix of error
metrics for all locations.
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In order to explore patterns of similarities and gain an understanding of the structure of variability
between metrics, the PCA approach was then applied to the metrics. A reduction of dimension was
also achieved by using such analysis. Moreover, by considering only the most relevant components,
it should be informative enough to allow for pattern detection in similar metric studies. With this
aim, and considering the proposed methodology by including the PCA approach from all metrics and
locations as discussed in Section 2—and graphically given in Figure 2 for the current case study—the
’principal components’ are subsequently estimated for all metric results. By applying the PCA technique,
Figure 10 shows the scree plot of the components (eigenvalues and percentage of variance accounted
for by the principal components). As can be seen, when considering only the four most representative
principal components, about 94% of the metric variability can be identified, which significantly
reduces the metric dimension from 10-dimensions—see Table 1 and preliminary results in Figure 7—to
four-dimensions. Therefore, and by considering these results, the first component explains 58.2%
of the total variability, while the second component explains 16.1%, leaving the remaining third
and fourth component with the explanation of around 10% of the variability for each one. As a
consequence, an effective and convenient dimension reduction is achieved by considering the first
four components of the PCA algorithm. For a more extensive analysis, the Appendix summarizes both
eigenvalue and eigenvector results—see Tables A1 and A2, respectively.
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Figure 10. Scree plot of the components extracted by PCA.

With regard to the relevance of each metric on the selected ’principal components’, Table 3 provides
the relative weight of each metric for the corresponding relevant principal components. The bold
marked values in Table 3 correspond to the most influent metrics for each principal component.
In line with these results, Figure 11 gives the contributions, as a percentage, for each metric variable
to the most relevant dimension corresponding to the PCA application. In addition, a dashed-line
has been included to point out such relevant metrics corresponding to each dimension. Moreover,
the dimensions clearly depend on different metrics, which enhances the preliminary correlations given
in Figures 8 and 9. Consequently, and in line with a main objective of this work, it is then possible to
identify different groups of metrics that provide complementary information and, thus, they can be
combined to characterize convenient differences among different database sources.

Table 3. Relative weight of each metric for the most relevant principal components.

MSE RMSE nRMSE MBE nMBE MAE nMAE MAPE SBD DTW

PC1 0.37 0.39 0.37 0.24 0.20 0.39 0.35 0.03 0.35 0.29
PC2 −0.02 −0.13 −0.12 0.62 0.66 −0.18 −0.15 −0.01 0.08 −0.28
PC3 0.07 0.06 −0.14 0.05 0.02 0.04 −0.16 0.95 −0.14 0.16
PC4 −0.23 −0.21 0.40 −0.15 −0.05 −0.22 0.42 0.31 0.40 −0.48
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Figure 11. Contributions (%) of each variable to each dimension of the PCA.

Finally, Figure 12 summarizes the metric correlation with the four selected ’principal components’,
which represent about 94% of the global metric variability. In this graphical representation, circles
correspond to r2 = 50% and 100% variability explained by the components respectively. Therefore,
the area within both circles contains the most representative metrics depending on each principal
component. These results are thus a complementary characterization of the metrics, considering their
correlation with the selected principal components.
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Figure 12. Correlation plots of the first four components of the PCA applied to the metrics.
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5. Conclusions

A characterization of metrics based on GHI data from different sources is described and assessed
in order to identify different groups of similar metrics. From the specific literature, a group of ten
different metrics is initially selected, which have been proposed by other contributions to compare
different irradiation data. A location dependence analysis and a PCA application process is proposed
to characterize such metrics and identify the similarities and explore the differences among them.
The proposed methodology has been evaluated from satellite-based and ground-measured GHI
data collected for one year in seven different Spanish locations, using average hourly estimations.
We analyzed an initial database of 429,240 data points, which corresponds to the satellite-based and
ground-measured values accordingly. The selected metrics are determined by each pair of irradiance
data and the correlation matrices for each location are estimated.

PCA application allows us to explore similarities among metrics and identify the most relevant
’principal components’. Moreover, a reduction of dimension is also addressed by this technique. In this
case, a group of four-’principal components’ is selected, which accounts for 94% of the metric variability.
Therefore, a dimension reduction and an identification of metric groups with similar information
are provided, which outlines the suitability of the process. Moreover, the initial variety metrics are
representative of different principal components and, thus, it is possible to identify and select such
groups of metrics that offer complementary information. Non-redundant information metric groups
are then available to determine the differences among irradiation database sources. This work provides
a solution to compare metrics, despite the lack of agreement in validation strategies for irradiance
databases that has been currently detected by the authors.
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Symbols in metrics:
DTW Dynamic Time Warping
GHIgrd Ground-measured GHI
GHIsat Satellite-based GHI
gMBD General Mean Bias Deviation
MAD Mean Absolute Difference
MAE Mean Absolute Error
MAPE Mean Absolute Percentage Error
MBE Mean Bias Error
MSE Mean Square Error
NCC Normalized Cross-Correlation
nMAE Normalized Mean Absolute Error
nMBE Normalized Mean Bias Error
nRMSE Normalized Root Mean Square Error
r Pearson Correlation Coefficient
rgMBD Relative General Mean Bias Deviation
rMAE Relative Mean Absolute Error
rMBE Relative Mean Bias Error
RMSE Root Mean Square Error
rRMSE Relative Root Mean Square Error
R2 Determination Coefficient
SBD Shape Based Distance
SD Standard Deviation

Appendix A

Table A1. Eigenvalues and percentage of variance explained associated with each component in
the PCA.

Component Eigenvalue Percentage Cumulative Percentage
of Variance (%) of Variance (%)

1 5.8202 58.2016 58.2016
2 1.6084 16.0838 74.2854
3 0.9991 9.9911 84.2765
4 0.9697 9.6970 93.9735
5 0.2866 2.8663 96.8397
6 0.1923 1.9229 98.7627
7 0.0543 0.5432 99.3059
8 0.0394 0.3937 99.6996
9 0.0287 0.2871 99.9868
10 0.0013 0.0132 100.0000

Table A2. Principal components (eigenvectors) in the PCA.

Dim 1 Dim 2 Dim 3 Dim 4 Dim 5 Dim 6 Dim 7 Dim 8 Dim 9 Dim 10

MSE 0.3721 −0.0239 0.0700 −0.2333 −0.6377 0.1253 0.2759 0.5481 0.0517 0.0002
RMSE 0.3917 −0.1266 0.0590 −0.2147 −0.2114 −0.1170 −0.1351 −0.4730 −0.5169 0.4620

nRMSE 0.3662 −0.1214 −0.1379 0.3984 0.0682 −0.2498 −0.1452 0.1887 −0.4829 −0.5626
MBE 0.2357 0.6217 0.0505 −0.1512 −0.0338 −0.1281 −0.6789 0.1086 0.2052 −0.0119

nMBE 0.2043 0.6629 0.0181 −0.0467 0.2937 −0.0698 0.6199 −0.0684 −0.1904 −0.0005
MAE 0.3862 −0.1836 0.0420 −0.2206 −0.0372 −0.2242 0.1497 −0.4859 0.5214 −0.4297

nMAE 0.3517 −0.1495 −0.1590 0.4231 0.2162 −0.3663 0.0723 0.2198 0.3608 0.5340
MAPE 0.0291 −0.0131 0.9487 0.3139 −0.0019 −0.0100 0.0033 −0.0107 0.0142 −0.0009

SBD 0.3456 0.0776 −0.1362 0.3963 −0.0097 0.7963 −0.0584 −0.2198 0.1132 0.0117
DTW 0.2893 −0.2835 0.1553 −0.4820 0.6390 0.2613 −0.0913 0.3016 −0.0595 0.0073
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Abstract: Due to the relevant penetration of solar PV power plants, an accurate power generation
forecasting of these installations is crucial to provide both reliability and stability of current grids. At
the same time, PV monitoring requirements are more and more demanded by different agents to pro-
vide reliable information regarding performances, efficiencies, and possible predictive maintenance
tasks. Under this framework, this paper proposes a methodology to evaluate different LoRa-based PV
monitoring architectures and node layouts in terms of short-term solar power generation forecasting.
A random forest model is proposed as forecasting method, simplifying the forecasting problem
especially when the time series exhibits heteroscedasticity, nonstationarity, and multiple seasonal
cycles. This approach provides a sensitive analysis of LoRa parameters in terms of node layout,
loss of data, spreading factor and short time intervals to evaluate their influence on PV forecasting
accuracy. A case example located in the southeast of Spain is included in the paper to evaluate the
proposed analysis. This methodology is applicable to other locations, as well as different LoRa config-
urations, parameters, and networks structures; providing detailed analysis regarding PV monitoring
performances and short-term PV generation forecasting discrepancies.

Keywords: LoRa technology; PV monitoring; sensitive parameter analysis

1. Introduction

The high integration of variable renewable energy sources (vRES) into current power
systems, mainly wind and solar photovoltaic (PV) power plants, can be a key component
of the resulting low-carbon power systems. However, their intermittency requires more
flexibility from the rest of the power system to maintain certain grid stability and reliability
levels [1]. Consequently, the increase in demand variability created by such intermittent
sources presents new challenges to provide relevant system flexibility [2]. In addition to
these challenges, accurate forecasting of renewable generation is also required by both
transmission and distribution system operators in order to mitigate the negative impact
on the grids of such variable and noncontrollable resources. According to Daliento et
al., similar models are usually adopted for power forecasting for PV fields, which is
important for both monitoring purposes and the management of the utility grid [3]. With
this aim, different solar PV power generation forecasting solutions can be found in the
specific literature [4]. The forecasting timeframe, also called horizon, is firstly defined
according to the grid operation and under both spatial and temporal resolutions. Different
forecast horizons can be then defined, varying from seconds to days or weeks ahead.
Regarding spatial horizons, they can also be spanned from single site to regional forecasts
[5]. In [6], a new model based on hourly measurements is proposed and evaluated. In
[7], the application of neural networks for photovoltaic power generation forecasting
purposes is explored by Oudjana et al. Other forecasting neural network-based solutions

Sensors 2022, 1, 0. https://doi.org/10.3390/s1010000 https://www.mdpi.com/journal/sensors



Sensors 2022, 1, 0 2 of 25

can be found in the specific literature [8–12]. Naveed Akhter et al. [13] present a critical
and systematic review of photovoltaic (PV) power forecasting methods, mostly focused
on machine learning and metaheuristic based-solutions. An extreme learning machine
technique is used for PV power forecasting of a real time model [14]. A revision of solar
irradiance and PV power forecasting, both topics combined as “solar forecasting”, using text
mining is discussed in [15]. Barbieri et al. [16] conclude that cell/module temperature and
irradiance can be considered as the best approaches for an accurate PV power forecasting;
mainly under cloudy conditions with hardly predictable power generation fluctuations.
A probabilistic forecast review focused on inherently erroneous of different forecasting
strategies is discussed and quantified in [17]. Short-term photovoltaic power generation
forecasting is also an important task in renewable energy power system planning and
operating. In fact, Kaur et al. [18] affirm that short-term electricity trading to balance
demand and generation offers a remarkable economic opportunity to integrate larger
shares of vRES into future power grids. A novel multi-timescale data-driven forecast model
to improve the accuracy of short-term PV power production is proposed by Yang et al.
[19]. Dambreville et al. [20] propose a new approach of global horizontal irradiance (GHI)
forecasting for very short-term by using a spatio–temporal autoregressive model.

From the specific literature, observed weather data are commonly applied on the
solar PV generation forecasting model [21]. Subsequently, the solar PV forecasting model
performance is then evaluated by quantifying discrepancies between such forecasts and
the weather measurements through the use of traditional statistical error metrics, such
as the mean bias error or the root mean square error (RMSE) [22]. For example, the
mean absolute percentage error (MAPE), and mean absolute error (MAE) indicators are
used in [23] to evaluate the performance of day-ahead photovoltaic power forecasting
models based on deep learning neural network. Normalized root mean square error
(nRMSE) is used in [24] to evaluate the forecasting errors. In a similar way, Huang et al.
describe a comparative study of solar PV power forecasting methods based on nRMSE [25].
An extensive comparison of simple forecasting methodologies with more sophisticated
solutions over 32 photovoltaic (PV) plants of different sizes and technology over a whole
year is carried out by Gigoni et al. [26]. However, there is a lack of contributions focused
on evaluating possible forecasting errors and minor accurate results derived from the
inherent communication network failures: packet losses, possible packet collisions, etc.,
as well as the short time period influence of such GHI forecasting accuracy. Indeed,
possible communication failure can significantly affect both gathering data and forecasting
results [27]. Subsequently, and by considering such missed contributions in the specific
literature about this issue, the present paper analyzes the influence of the LoRa solution—
identified by the literature as a promise and suitable technology—on the GHI short-term
forecasting accuracy, by considering real communication architecture/layout and specific
LoRa performance characteristics. In addition, current datasets available from satellite-
based installations, ground-based installations, and solar PV power plants connected to the
grid are also considered for evaluation. In this way, a case example located in the southeast
of Spain is included in the paper to assess the suitability of the proposed methodology.
The main contributions of this paper can be summarized as (i) a methodology to evaluate
GHI short-term forecasting accuracy for different node layouts and LoRa parameters based
on a random forest prediction model; (ii) a sensitive analysis of LoRa parameters and
short-term intervals on the GHI forecasting values based on a variety of metrics; and (iii) a
case study from 2019 GHI data (one-minute sample time), 400 km2 area, 289 potential nodes
under consideration, and a total of 13,140 simulations. This methodology thus provides a
preliminary extensive analysis of potential LoRa network characteristics and node layout
in terms of data accuracy, packets, and GHI forecasting possibilities before the installation
was completed.

The rest of the paper is structured as follows. Section 2 discusses PV power plant
monitoring and the use of LoRa technology as a solution to be implemented in such
installations. Section 3 describes the proposed methodology. A case example is presented



Sensors 2022, 1, 0 3 of 25

in Section 4. Results and discussion are provided in Section 5. Finally, conclusions are given
in Section 6.

2. Pv Monitoring: LoRa Communication Technology
2.1. General Overview

A variety of PV monitoring strategies based on the output PV power plants and
their nature have been proposed in the literature; being performed remotely or locally on
site. New advanced monitoring techniques are continuously under investigation; mainly
due to the evolution and relevant integration of PV installations into power systems. A
recent PV monitoring review is analyzed by Triki-Lahiani et al. [28]; discussing their
differences, advantages, and limits. An impedance-based monitoring method for detection
of distribution system current behavior is presented in [29]. This monitoring technique can
be used for small variation of PV penetration level, and for some fast transient detection,
such as the effect of cloud movement on a PV system.

2.2. Lora-Based Communication System

Although different wireless technologies—such as Bluetooth, Zigbee, Wi-Fi, GSM,
Sigfox, or LoRa—have been evaluated for PV solar monitoring through wireless sensors
networks, LoRa technology has been chosen as the wireless technology due to its long
range and low power consumption [30]. Moreover, this technology has received significant
attention in recent years from network operators and solution providers [31–34]. An
impartial and fair overview regarding the capabilities and the limitations of LoRaWAN
is discussed by Adelantado et al. [35] to clarify its comprehension and avoid inflated
expectations. LoRa uses six spreading factors (SF07 to SF12) to adapt the data rate and
range trade-off. It can be affirmed that a higher spreading factor (SF) allows longer range at
the expense of lower data rate [36]. The LoRa data rate depends on the channel bandwidth
and the SF, ranging from 0.3 kbps to 27 kbps [37]. According to Mikhaylov et al. [38],
messages transmitted with different SFs can be received simultaneously by LoRa base
stations, 243 bytes being the maximum payload length for each message.

A collision behavior model, C(x, y), for LoRa network between node x and node y
is proposed by Bor et al. [39]. A collision rate analysis with a single LoRa gateway was
reported by Alenezi et al. [40]—depending on the number of nodes and the SF for one
(20 byte) packet each hour for 24 h (125 kHz bandwidth). In [41], Zhang et al. propose an
alternative low-power wide area network information monitoring approach based on LoRa
and NB-IoT. In this case, the communication distance in a complex environment was up to
1.6 km, with a system communication packet loss rate of around 3%. Silva et al. [42] test
LoRa (long range) technology and LoRaWAN protocol in a precision viticulture scenario
using low-power data acquisition devices, distanced 400 m away from the nearest gateway.
With regard to the communication area parameter, Liu et al. [43] present a low-power,
real-time air quality monitoring system also based on the LoRa technology being able
to reach to approximately 2 km. A range of 9.27 km was achieved with SF12 and a
bandwidth of 125 kHz in [44], for module-level monitoring of solar PV plants. The LoRa
communication usefulness for monitoring the climate information of PV power plants was
tested by Jeong et al. [45]. From the test results, it can be affirmed that the communication
range for the PV climate information transmission reaches 1.3 km. In general, it can be
assumed that LoRa radio chipsets use a maximum of 100 mW when transmitting, with a
range of 10 to 30 km in suburban areas. In [46], it is affirmed that LoRa performs much
better in comparison to FSK in most scenarios. It also highlights the successful transmission
ranges within suburban scenarios up to 10 km.

3. Methodology
3.1. Lora Parameter Modeling

In the specific literature, a review of LoRa simulation environments can be found
in [47], where aspects such as the selection of LoRa parameters or the device energy
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consumption were revised and compared. For example, LoRaSim was described as a
well-known custom-built discrete-event simulator implemented with SimPy [39]. It allows
us to place a group of N LoRa-nodes and M LoRa-stations in a bidimensional space. A
directional antennae is also considered for simulation purposes and identification of LoRa
parameters. In this way, a comparison between the use of directional antennae facing
multiple base stations as methods of dealing with LoRa internetwork interference is carried
out in [48]. However, these solutions do not analyze the influence and sensitive of LoRa
nodes on the PV forecasting accuracy, under different communication errors/discrepancies
and a diversity of LoRa node layouts.

The transmission parameters define the LoRa node communication characteristics.
As discussed in Section 2.1, LoRa provides three bandwidth (BW) settings—125, 250, or
500 kHz, and six different spreading factor (SF) values. According to Croce et al. [49], a
larger bandwidth translates to a data rate increase and a receiver sensitivity deterioration.
Conversely, higher SFs can be used to improve the link robustness at the cost of lower
data rates. LoRa modulation is derived from chirp spread spectrum (CSS). LoRa CSS
modulations with BW of 125 kHz are assumed in this work, 1% duty cycle, and a default
radiated transmit power of 14 dBm. Croce et al. [50] identified six different SFs: from SF07
to SF12. In Europe, both 868 MHz and 433 MHz bands are allowed to be used. Transmitted
power is limited to 14 dBm effective isotropic radiated power (EIRP), with a 1% duty
cycle limit of on-air time, and the transmitted power limited to 14 dBm effective isotropic
radiated power (EIRP). Table 1 summarizes the LoRa/LoRaWAN main characteristics [51].
According to the specific literature, there is pseudo orthogonality among SFs, having the
advantage that multiple signal reception is possible [52]. Table 2 shows the estimated range
for different SFs (from SF07 to SF10) that can be used for uplink messages on a 125 kHz
channel depending on the terrain: longer distances can be achieved in a rural environment
than in an urban environment [53].

Table 1. LoRa/LoRaWAN main characteristics based on the EU 863–870 MHz data rates.

0 SF12/125 kHz 250
1 SF11/125 kHz 440
2 SF10/125 kHz 980
3 SF09/125 kHz 1760
4 SF08/125 kHz 3125
5 SF07/125 kHz 5470
6 SF06/250 kHz 11,000
7 FSK: 50 kbps 440 50,000

Table 2. LoRa spreading factor (SF).

Spreading Factor (SF) Range (Depending on the Terrain)

SF10 8 km
SF09 6 km
SF08 4 km
SF07 4 km

For a specific SF, the narrower the bandwidth, the higher the receiver sensitivity [54].
Consequently, the data rate selection is then considered as a trade-off between message
duration and communication range. Different tools allow us to estimate time on air and
optimum bandwidth. For the present proposal, the time interval on air for a 51-byte payload
for each specific SF is considered. The payload size is defined as the maximum payload
length. For each transmission, the payload can range from 2 to 255 octets, reaching the
data rate up to 50 kbps when channel aggregation is used [55] under the assumption that
any packet arrivals follow a Poisson law—thus, considering a uniform distribution of the
payloads, their lengths are between 1 and 51 bytes [56]. According to Centenaro et al. [57],
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it can be assumed that the data transmission in a LoRaWAN presents a typical 1% duty-
cycle constraint; from the nodes to their corresponding gateways in a single hop allocated
on different sub-bands. Indeed, the European regulations currently ask for adherence to
1% duty cycle per sub-band or applying any mechanism based on “listen-before-talk and
adaptive frequency agility” [58]. Table 3 summarizes the corresponding time intervals
between subsequent starting packets (s) for a 1% duty-cycle.

Table 3. Time interval between subsequent packets (1% duty-cycle).

Spreading Factor (SF)

SF12 SF11 SF10 SF09 SF08 SF07 SF06

Time Interval between Subsequent Packets (s)

214 115 62 33 18.5 10 6

As previously described, LoRaWAN is built as a star-of-stars topology, where the
devices located in the defined grid are able to send packets to a gateway which is then
responsible for forwarding those packages to a network server [59]. It is assumed that each
end-device selects a specific SF based on the data rate and the distance to the gateway. A
radial equidistant distribution with homogeneous end-device density is thus considered,
being the energy consumption of j-radial annulus proportional to the airtime. In order to
give a more realistic simulation, the study of LPWAN modeling proposed by Georgiou
and Raza [60] is used to analyze the capability of this technology to scale. This study
also includes an outage probability model which occurs at the gateway, called outage
condition [61]. Table 4 gives the outage of a desired signal in the uplink that can occur at
the gateway, if the received signal to noise ratio (SNR) is below the SF specific threshold.

Table 4. Signal to noise ratio (SNR) limits.

Spreading Factor (SF) Signal to Noise Ratio (SNR) Limit q(j)

SF07 −7.5 dB
SF08 −10.0 dB
SF09 −12.5 dB
SF10 −15.0 dB
SF 11 −17.5 dB
SF 12 −20.0 dB

It can be then determined the packet delivery ratio, defined as the ratio between
the client of packages originated by the “application layer” and the number of packages
received by the sink at the final destination [62]. From this parameter, we obtain the
probability function that any packet should be lost. We consider a Rayleigh channel, in
line with Duda and Heusse [63]. The received signal power is affected by a multiplicative
random variable with an exponential distribution of unit mean (and standard deviation).
Consequently, the signal power depends on the Rayleigh fading gain and the distance,
keeping the noise power constant for a 125 kHz wide band (N = −123 dBm). A maxi-
mum transmission power of P = 14 dBm is considered for simulations; the successful
transmission probability being with data rate DRj and at distance lj:

H(lj) = exp

(
N · qj

P · g(lj)

)
, (1)

where g(lj) is the average channel gain at distance lj, P is the transmission power (in dBm),
qj is the signal to noise ratio (SNR) threshold for DRj, and N is the wide band (in dBm).
The path loss attenuation is estimated by using the Radio Mobile software package [64].
It uses the terrain information and the mathematical model to calculate the coverage area
from the fixed radiation point taken as mobile reference point [65]. The irregular terrain



Sensors 2022, 1, 0 6 of 25

model (ITM) is used as a propagation model. It estimates radio propagation losses over
irregular terrain in the range 0.020 to 20 GHz frequencies as a function of space and distance
and the variability of signal in time [66]. The Okumura–Hata model [67] has also been
recently proposed and assessed for path loss attenuation, mostly focused on comparing the
performance LoRaWAN analysis in urban scenarios.

In the simulations, it is assumed that all transmitters (i) send packets with the same
payload length; (ii) do not switch the SF from one packet to another during the same
simulation test—despite that the adaptive data rate is one of the main strengths of LoRa
[68]; (iii) do not change the transmit power from one packet to another during the same
simulation test; and (iv) all of the transmitters have the same number of packets to send.
An example of maximum communication ranges on ground (15 km) and on water (30 km)
can be found in [69], including packet loss ratio, depending on the distance and assuming
maximum signal SF—868 MHz ISM band using 14 dBm transmit power.

3.2. Spatio–temporal PV Forecasting

As discussed in Section 1, different probabilistic models for spatio–temporal PV fore-
casting can be found in the specific literature. However, only a few spatio–temporal models
for short-term probabilistic forecasting can be identified [70], which are based on regres-
sion trees [71], the vectorial autoregressive model and gradient boosting combination [72],
the kNN method [73], multivariate predictive distributions [74], and Gaussian random
fields [75]. A least absolute shrinkage and selection operator (LASSO) regression method
was also presented by Yang et al. [76] for sub–5–min solar irradiance forecasting. A flexible
spatio–temporal model to estimate PV production forecasts was recently proposed by
Agoua et al. [77] for horizons up to 6 h ahead, evaluating the effect of different spatial and
temporal data sources on the accuracy of the forecasts. According to Muhammad et al. [78],
the ARX model is the simplest black box linear model, based on a structure that is known as
the most common input–output model. In this work, the author selected the random forest
(RF) approach, mainly due to its simplicity to deploy, low computational cost, and ease
in interpreting the input interactions. The RF algorithm is then used to find an adequate
predictor function f . The RF algorithm is an ensemble learner, proposing a set of decision
trees that vote on a final result. Dudek [79] affirmed that this model operates on patterns of
the time series seasonal cycles, considerably simplifying the forecasting problem—mainly
when a time series exhibits heteroscedasticity, trend, non–stationarity, and multiple sea-
sonal cycles. To train and test the RF algorithm, different partitions of the data are used
accordingly. Firstly, the parameter-tuning process of the RF learning is carried out through
the training set. Subsequently, the test set is used to estimated the final metrics. An R
package ranger to be used as a fast RF implementation for high-dimensional data is used
in this work [80].

By considering the aim of this paper, a smart persistence and RF model is proposed
for spatio–temporal PV forecasting, from the general expression given for time series [81],

Ŷk(t + h) = f (Yk(t), Yk(t − 1), Yk(t − 2), . . . , Yk(t − d)), (2)

where Ŷk(t+ h) is the kth sensor forecasting and time step t+ h, h is the horizon (in minutes)
for which the prediction is being made, Yk(t − l) is the data past collected at the lth lag,
l = 0, . . . , d. This general expression can be generalized and further extended to include
other relevant information about radiation, weather, statistical measures, etc.

Ŷk(t + h) = f (Y1(t), Y1(t − 1), Y1(t − 2), . . . , Y1(t − d),

Y2(t), Y2(t − 1), Y2(t − 2), . . . , Y2(t − d),

. . . ,

Ym(t), Ym(t − 1), Ym(t − 2), . . . , Ym(t − d)),

(3)
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being Yj, for j = 1, . . . , m, the predictors to be used and Yj(t − l) a single predictor (see
Figure 1), and h the prediction horizon. This extended expression allows us to use additional
information aside from the PV production data. Different measurement scenarios are
then proposed and evaluated for GHI forecasting comparison purposes, as described in
Section 3.3. GHI estimated data are thus forecast on short time horizons from 15 to 45 min.
The time steps are set as 1 min, and d = 15 min. It means that, to forecast Ŷk(t + h), as can be
seen in Figure 1, the time interval data from t to t − 15 is considered as input for prediction.
The d parameter can be modified depending on the time step and the number of nodes
(from 1 to m) included in each case study. The parameters are estimated according to the
prediction training strategy depicted in Figure 2. The clear sky index Kt(t) is used in the
forecasting model. Assuming to be stationary enough, it is defined as follows:

Kt(t) =
GHI(t)

GHIsc(t)
, (4)

being, thus, the ratio of the measured GHI to GHI under clear sky conditions (GHIsc).
The training and forecasting processes are summarized in Figure 3, in line with recent
studies also focused on machine learning forecast model analysis applied to solar power
forecasting [82].

Yk(t-2)
(t)

Yk(t-1)
(t-1)

(t-d)

Yk(t+h)(t+h)

Y1(t)
Ym(t)

Y2(t-1)

2(t)Y

(t-d)

Y1(t-d)

2Y

Ym(t-d)

Yk(t-d)

Yk(t)

Figure 1. Smart persistence and RF model proposed for spatio–temporal forecasting.

[t ,t ]0 i

[t ,t   ]1 i+1

[t ,t   ]p i+p

Y(t +h)^
k i

Y(t  +h)^
k i+1

Y(t  +h)^
k i+p

Figure 2. Forecast training strategy for a prediction horizon (h).

Data collecting

Data filtering

    simulation

Data completeness

Training process Trained model

Forecasting process Postprocessing Forecasted data

GHI

Kt

Kt Kt GHI

Kt

Figure 3. Training and forecast processes from collected data by using the clear sky index (Kt).
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3.3. Proposed Global Methodology

This work aims to evaluate the influence of LoRa performance characteristics and
its architecture/layout on the short-term PV forecasting, by considering the RF model
described in Section 3.2. Firstly, a node selection and distribution based on LoRaWAN
technology is carried out according to a predefined forecasting point of interest and a
possible group of potential on-ground sites or satellite based-installations. From these
specifications, a one-minute sample time database is defined on each node, as well as
the forecasting point of interest. The RF algorithm is used to find a suitable predictor
function f and, then, to forecast short-term solar values on such location by considering
different forecasting time intervals—from 15 to 45 min. These predictions are estimated
under a variety of scenarios: (i) assuming SF = SF09 for all nodes and 0% loss of data;
(ii) assuming SF from SF09 to SF12 on each node and 0% loss of data; and (iii) assuming
SF from SF09 to SF12 on each node and loss of data from 0% to 50%. Subsequently,
the solar forecasting values corresponding to the different scenarios are then compared.
Discrepancies and similarities are calculated, discussing the influence of the different
realistic LoRa parameters on the solar forecasting process. As previously analyzed by
the authors in [83], different metrics can be found in the specific literature to determine
discrepancies. From this classification, normalized root mean square error (nRMSE), mean
absolute percentage error (MAPE), and dynamic time warping (DTW) are determined to
provide complementary information and characterize convenient discrepancies among
the PV short-term forecasting data by considering SF09 and 0% loss of data and the rest
of scenarios. Figure 4 summarizes the proposed methodology. In addition, a sensitive
analysis based on SF parameter and loss of data variability is also included, determining the
differences among discrepancies with respect to the forecasting PV values with SF09 and 0%
loss of data. The methodology and simulations were implemented in the R–environment
[84]. Different contribution software packages were used for methodology implementation
purposes. In this case, data.table for fast and memory efficient data manipulation [85],
ranger for a fast RF implementation [80], and dtw and dtwclust for the DTW metric
estimation [86].

4. Case Example: Datasets Used

Nonnenmacher et al. [87] affirm that satellite images based on prediction methods
are mostly used for intraday forecasts lower than four hours. Based on this assumption,
a total area of 400 km2 located in the Region of Murcia (11,300 km2, southeast of Spain)
is selected as a case example. This region is a promising area to integrate solar PV power
plants, with 5.2 kWh/m2· day as averaged annual global irradiation [88]. Figure 5 shows
a general overview of this area, covering a 17 × 17 grid portion with a total of 289 points
under consideration and a forecasting point identified in the center of this grid that is
selected for GHI estimated data—corresponding to Ŷk(t + h) according to expression (2).
The considered spacing between all pairs of grid points is assumed as 2.5 km. Day-ahead
GHI estimated data are downloaded from the Copernicus European Project servers [89]—
from January to December 2019. In addition, ground data are also available based on
the Network of the Agricultural Information System of the Region of Murcia (SIAM),
giving additional ground-based GHI data. The SIAM network consists of 49 ground-based
automatic stations geographically distributed; 32 stations are from the Regional Murcia
Institute of Agricultural and Food Research and Development (IMIDA), 15 stations are
from the Spanish Ministry of Agriculture, Food and Environment, one station is from
the Universidad Politécnica de Cartagena (Murcia, Spain), and one more is from the
City Council of Mazarrón (Murcia, Spain). These ground-based stations are financially
supported by several European fund projects [90], see Figure 6. A ground-based station
located in the center of the grid corresponds to the forecasting point considered for this
GHI forecasting analysis.
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Node selection and distribution

GHI Base-data
(1 minute sample-time)

Scenario 2.
SF from SF09 to SF12

0% loss of data

Scenario 3.
SF from SF09 to SF12

Loss of data from 0% to 50%

Scenario 1. 
SF=SF09

0% loss of data

Spatio-temporal solar forecasting 
(training and estimation)

Solar forecasting comparison
Discrepancies characterization

Forecasting-point identification

Scenario 1. 
Solar Forecasting 
Results

Scenario 2. 
Solar Forecasting 
Results

Scenario 3. 
Solar Forecasting 
Results

Figure 4. Proposed methodology: general scheme.

Figure 5. Case example: general overview and datasets (Region of Murcia, Spain).
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Sistema de Información Agraria de Murcia (SIAM)

Municipios

L. Municipales MTRM 1:5000

interior

exterior

costa

Estaciones

Horas frío (menor 7ºC) Modelo1

0 - 300

300 - 450

450 - 600

600 - 750

750 - 900

900 - 1.050

1.050 - 1.200

1.200 - 1.350

1.350 - 1.500

1.500 - 1.650

1.650 - 1.800

1.800 - 1.950

1.950 - 2.100

2.100 - 2.250

2.250 - 2.400

2.400 - 2.550

2.550 - 2.700

14/2/2022 19:12:46 0 20 4010 mi

0 30 6015 km

1:1,155,581

http://siam.imida.es

IMIDA - CARM

Figure 6. Case example: ground-based data available online (Region of Murcia, Spain) [90].

According to the proposed methodology described in Section 3.3, the LoRa node
distribution is then selected by considering the initial grid depicted in Figure 5. With this
aim, Figure 7 gives a general overview of the distribution of potential nodes, including
UTM coordinates. Duda and Heusse [63] affirm that a more realistic assumption is to
consider that the node density decreases with the inverse square of the gateway distance:
a specific intensity of physical quantity is inversely proportional to the distance square
from the source. Nevertheless, one node by each circular crown is considered and, thus,
a homogeneous and minimum density distribution is considered to be evaluated and
compared for short-term PV forecasting purposes. With regard to the LoRa parameters,
and as can be found in the specific literature, the lowest transfer rate ensures the highest
level of collisions [91]. Indeed, this configuration is the most used one, as it ensures the
largest communication range by using a high SF (e.g., SF = 12). Therefore, a trade-off is
then determined between increasing the communication range and reducing the transfer
rate. As described in Section 3.1, different SF values are also considered in the different
conditions. Therefore, different scenarios are considered for each day from the initial grid
depicted in Figure 7, with forecast horizons ranging from 15 to 45 min with one-minute
time resolution, and under a variety of SF LoRa parameters and loss of data values (see
Figure 4). A general comparison of GHI prediction results for the case study is following
discussed in Section 5.
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5. Results

From the data corresponding to 2019, with one-minute time resolution, and as de-
scribed in Section 4, different short-term PV solar forecasting periods were considered
for simulations. More specifically, three different time horizons were defined: 15, 30, and
45 min. Each day was then simulated by considering such different time horizons for
forecasting purposes. In addition, and with the aim to compare the impact of both loss of
data and the selected SF, simulations were carried out under such conditions: 0%, 25%, and
50% loss of data; as well as from SF12 to SF09. Indeed, and according to the discussion
given in Section 3.1—see Tables 2 and 3, the selected SF considerably affects the robustness
at the cost of lower data rates. These results allow us to evaluate the impact of each pa-
rameter and give a preliminary analysis of the influence of these conditions and situations
before implementing a real communication and sensoring network. Therefore, each day is
simulated through a 3 × 4 × 3 matrix of possible loss of data, foresting time intervals and
selected SF, as schematically depicted in Figure 8. Subsequently, 36 different conditions are
considered for each day, including three different losses of data percentages, four different
SF parameters, and three different forecasting time intervals. In line with the case example
shown in Figure 5 and the initial node layout based on UTM coordinates and depicted in
Figure 7, an arbitrary node site location is selected and given in Figure 9, including the
distribution of selected points for the analysis and the distance to the forecasting point.
Subsequently, and as previously discussed, one node is selected on each circular crown with
the aim of forecasting GHI data in the center of the grid, corresponding to the Ŷ(t + h)—see
expression (3). The selected nodes are labeled as 119, 170, 115, 60, and 254, respectively.

j

m

pDay

i

SF

Loss of data

Forecasting time interval

SF

Time interval

Loss of data

Simulationj,i,m

iTime interval

Simulation
j,i,m

j
SF

mLoss of data

i=i+1

j=j+1

m=m+1 m<=max(m)

j<=max(j)

i<=max(i)

Results Day
p

Inicialization
p=p+1 p<=max(p)

p>max(p)

Figure 8. Case example: simulation general scheme.
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Figure 9. Case example: distribution of points selected and the forecasting point marked in black
color (UTM coordinates).

By considering the 2019 data for the methodology evaluation, the corresponding
daily GHI curves are then forecast according to the preliminary selection of possible nodes
and the different conditions. In summary, a global of 13,140 simulations were carried
out by the authors. These estimated data allow us to analyze in detail the influence of
each variable on the short-term forecasting accuracy and the different possibilities to
implement a real sensoring network in terms of data gathering accuracy and reliability
for forecasting purposes. As an example of the forecast curves for each day, Figure 10
shows the irradiance data corresponding to two arbitrary days—labeled as day 108 and
144, respectively, including clear sky GHI data—see dashed line. As can be seen, data
corresponding to the selected nodes given in Figure 9 are plotted, as well as the forecasting
point marked in black color being the GHI observed data—corresponding to Yk(t + h).
From these initial data, Figure 11 compares the measured and forecast irradiance values for
the two previous days—labeled as day 108 and 144—and considers the selected different
conditions for each day: loss of data percentages, different SF parameters, and different
forecasting time intervals. Subsequently, 36 different forecasting GHI results are determined
for each day. In addition, as a complementary result, Figure 12 compares these curves,
including the expected clear sky GHI values. These forecasting data are thus determined for
15, 30, and 45 min time horizons, varying the SF parameter from 09 to 12 and considering
0%, 25%, and 50% loss of data scenarios.
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Figure 10. Example of irradiance data for two days: curves used for short-term forecasting purposes—
clear sky GHI data included in dashed line. Curve in the forecasting point is marked in black color.
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Figure 11. Comparison of estimated and monitored GHI data for different time horizon, SF, and loss
of data scenarios.
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Figure 12. Comparison of estimated, monitored, and clear sky GHI data for different time horizon,
SF, and loss of data scenarios.

With the aim of estimating the influence of each parameters by considering all simula-
tions along the 2019 data, a sensitive analysis was carried out determining discrepancies
between the estimated daily GHI values for the selected node and the corresponding daily
measured GHI values. Firstly, Figure 13 shows the global histograms and the truncated
histograms of such discrepancies based on normalized root mean square error (nRMSE)
among the measured GHI data and the forecasting GHI values for the selected node and by
considering the different time horizon, SF, and loss of data scenarios. Therefore, 36 global
and truncated histograms were determined from the 13,140 simulations. As can be seen,
the truncated histograms retain more than 90% of such discrepancies and are considered
suitable enough for this sensitive analysis. Secondly, and according to the variety of errors
and differences available in the specific literature, as well as the comparison conducted
by the authors in [83], the mean absolute percentage error (MAPE) and dynamic time
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warping (DTW) were also selected as metric estimations—see Section 3.3. Indeed, and as
can be found in [92], DTW is considered as an appropriate technique to estimate and find
an optimal alignment between two time-dependent sequences under a set of restrictions.
DTW was initially used to compare different speech patterns, and also successfully applied
in other fields, such as information retrieval and data mining. Additionally, DTW can be
applied to detect and cope with different speeds and time deformations associated with
time-dependent data. Recently, the R package IncDTW based on the DTW improved the
possibilities to classify time series or clusters [93]. To analyze in detail the influence of each
variable, Figure 14 shows the truncated histogram for these simulations using discrepancies
based on MAPE and DTW metrics. As can be seen from these discrepancies, a higher loss
of data range involves more relevant discrepancies, and these values present a secondary
peak from 20% to 30% values. In terms of SF parameter, the vast values of discrepancies
slightly shift from the [0, 10] interval (for SF09) to [10, 20] interval (for SF12). Therefore, a
longer time interval between subsequent packets—see Table 3—implies higher discrepancy
errors. These results are similar for the other analyzed forecasting short time intervals—30
and 45 min, respectively, as summarized in Figure 14.
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Figure 13. Summary of discrepancies for forecasting and monitoring data based on nRMSE. His-
togram (left) and truncated histogram (right).
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Figure 14. Summary of discrepancies for forecasting and monitoring data based on MAPE and DTW.
Truncated histograms.

As an alternative sensitive analysis, Figure 15 shows a boxplot diagram of the dis-
crepancies based on nRMSE, MAPE, and DTW metrics classified according to different
clear sky GHI ratio Kt: [0, 0.65], (0.65, 0.85], and (0.85, 1], respectively. All simulations
corresponding to 2019 data are considered to determine these global metrics; thus, 36
different conditions are assumed for each day depending on the defined 3 × 4 × 3 matrix
of possible loss of data, SF parameter, and short time period values selected for this case
study. From the results, larger time horizons address less-accurate GHI estimations, and
higher clear sky GHI ratio values imply more accurate GHI estimations. Moreover, high
Kt GHI ratio days should be not considered for LoRa network performance evaluation, as
they are not sensitive to loss of data nor SF parameter values. Subsequently, low Kt GHI
ratio days should be considered for estimating discrepancies and GHI forecasting accuracy,
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as well as potential errors allowed for short-term forecasting purposes depending on the
corresponding loss of data, short time periods, and SF parameters.
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Figure 15. Boxplot of the discrepancies based on nRMSE, MAPE, and DTW.

Finally, an additional metric analysis is also provided to compare the difference
evolution of SF09, 0% loss of data (corresponding to ’Scenario 1’ in Figure 4), and for each
short time interval to the rest of the other daily possible conditions and under nRMSE,
MAPE, and DTW metric estimations. With this aim, Figure 16 summarizes the boxplot
results of differences among ’Scenario 1’ (for each short-term time interval) and the other
daily conditions (SF values and loss of data). As can be seen, differences are higher with
larger loss of data for any metric—see boxplots for the same row and short time interval. In
addition, discrepancies are increasing from SF09 to SF12, when loss of data and short time
interval variables are kept constant. The results under different daily conditions are divided
by considering clear sky GHI ratio intervals Kt—[0, 0.65], (0.65, 0.85], and (0.85, 1]. The
corresponding boxplot differences for SF09 and 0% loss of data, for each short time interval
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in comparison to the rest of daily conditions and for all metrics are determined and depicted
in Figure 17. In general, differences are higher for lower Kt values and, as previously
affirmed, low Kt GHI ratio days should be considered for evaluating GHI forecasting
accuracy approaches and suitable node layouts. Consequently, and depending on the
discrepancies range allowed in each case by the specific application, this methodology
gives a preliminary analysis for the LoRa-based PV monitoring architectures and potential
node layouts. Additionally, it gives an estimation of forecasting GHI estimations and the
influence of SF and loss of data variables on the GHI value accuracy. Therefore, both
reliability and robustness of the collected data to be used for forecasting purposes are able
to be analyzed and evaluated.
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Figure 16. Boxplot of differences based on SF09 and 0% loss of data: nRMSE, MAPE, and DTW
metrics.
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Figure 17. Boxplot of differences based on SF09 and 0% loss of data: nRMSE, MAPE, and DTW
metrics for different Kt clear sky GHI ratios.

6. Conclusions

A methodology to evaluate different LoRa-based PV monitoring configurations in
terms of short-term GHI forecasting characterization of metrics is described and assessed.
A location analysis of nodes based on potential loss of data, short-term time intervals, and
SF ranges are considered to analyze their influence on such short-term GHI forecasting pur-
poses. The methodology also allows us to evaluate different node layouts and forecasting
approaches. A random forest model is proposed in this work as suitable forecasting method
under nonstationary and multiple seasonal cycle data. A case study located in the southeast
of Spain is included to evaluate the methodology. Satellite-based GHI data collected for
2019 covering a 17 × 17 grid portion with a total of 289 points under consideration are
considered, with one-minute sample time data. The short-term GHI forecasting simulations
for each day included different loss of data ranges, forecasting time intervals (15, 30, and 45
min), and SF values (from SF09 to SF12). A total of 36 different conditions for each were



Sensors 2022, 1, 0 21 of 25

considered, running 13,140 simulations for the corresponding global 2019 GHI data. The
results allow us to explore the influence of loss of data, SF values, and short-term time
intervals on the corresponding GHI forecasting accuracy. In addition, different LoRa node
layouts can be also evaluated in terms of data accuracy and GHI forecasting estimations.
In general, higher clear sky GHI ratio values imply more accurate GHI estimations, being
less sensitive to loss of data or SF parameter values. Subsequently, low Kt GHI ratio days
should be considered for estimating potential errors allowed for short-term forecasting
purposes depending on the corresponding loss of data, short time periods, and SF parame-
ters. A sensitive analysis is included in the work from complementary metrics: nRMSE,
MAPE, and DTW. These results give additional information to characterize discrepancies
among collected and forecast GHI data as a consequence of LoRa parameters and/or node
layout. This methodology thus provides a preliminary analysis of potential LoRa net-
work characteristics and sensoring in terms of data accuracy, packets, and GHI forecasting
possibilities.
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CSS Chirp spread spectrum
DTW Dynamic time warping
GHI Global horizontal irradiance
ITM Irregular terrain model
LASSO Least absolute shrinkage and selection operator
LoRa Long range
MAE Mean absolute error
MAPE Mean absolute percentage error
nRMSE Normalized root mean square error
PV Photovoltaic
RF Random forest
RMSE Root mean square error
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Democratization of PV Micro-Generation System Monitoring
Based on Narrowband-IoT
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Abstract: Power system configuration and performance are changing very quickly. Under the new
paradigm of prosumers and energy communities, grids are increasingly influenced by microgen-
eration systems connected in both low and medium voltage. In addition, these facilities provide
little or no information to distribution and/or transmission system operators, increasing power
system management problems. Actually, information is a great asset to manage this new situation.
The arrival of affordable and open Internet of Things (IoT) technologies is a remarkable opportunity
to overcome these inconveniences allowing for the exchange of information about these plants. In this
paper, we propose a monitoring solution applicable to photovoltaic self-consumption or any other
microgeneration installation, covering the installations of the so-called ’prosumers’ and aiming to
provide a tool for local self-consumption monitoring. A detailed description of the proposed system
at the hardware level is provided, and extended information on the communication characteristics
and data packets is also included. Results of different field test campaigns carried out in real PV
self-consumption installations connected to the grid are described and analyzed. It can be affirmed
that the proposed solution provides outstanding results in reliability and accuracy, being a popular
solution for those who cannot afford professional monitoring platforms.

Keywords: photovoltaic microgeneration; NB-IoT technology; monitoring network; Internet of
Things

1. Introduction

In recent years, most countries have established ambitious renewable energy targets
for their electricity generation to foster sustainable and low-emission initiatives. In line
with the European and COP21 decarbonization environmental objectives [1], Spain has
promoted new legislation providing support and an optimized framework for the Renew-
able Energy Sources (RES) integration, mainly wind power plants and solar photovoltaic
(PV) installations [2]. These new regulations, together with a significant reduction in the
cost of PV technology as a result of their own technological maturity, have addressed the
enormous growth in the integration of such solutions. Subsequently, a relevant number
of PV installations can be found at different voltage levels; mainly under the alternative
cooperatively-owned organizations giving a substantially different model of energy dis-
tribution and provision [3]. In Europe, and more specifically in Spain, PV installations
have been widely integrated by prosumers as feasible strategies to decrease power demand,
fulfill emission agreements and accelerate self-consumption growth rates [4]. These policies
can have relevant consequences on the design and operation of distribution networks to
which most prosumers are connected [5]. Under this scenario, guaranteeing a safe and
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reliable RES integration is a remarkable challenge to be solved by power systems in the
coming years [6]. Actually, high RES integration is included in the Strategic Energy Tech-
nology Plan (SET Plan) of the European Union—see Activity 4: Operation and diagnosis of
Photovoltaic Plants, highlights the digitization of the energy sector as a fundamental and
crucial element for the EU [7]. In parallel to the current developments of technology, digiti-
zation offers new opportunities for system operators and facility managers and maintainers
by optimizing the operation of their assets, reducing their operating costs and allowing
greater renewable integration. In this context, real-time medium- and low-voltage grid
monitoring and control under the new technologies will lead to significant improvement
of grid efficiency and hosting capacity [8]. Moreover, local and timely management of
distributed resources and self-consumption installations will be the key to ensure efficiency
and stability at the distribution and the operation level [9]. Among the different solutions,
PV self-consumption systems constitute a remarkable challenge for distributed generation
contributing to future smart grids [10].

With regard to solar PV monitoring technologies, various review contributions can
be found in the specific literature from different points of view [11–13]. Nevertheless, both
environmental and technical factors can significantly affect the PV power generation—partial
shading due to moving clouds, module temperature, humidity, the mounting angle, etc.
Further explorations are then required to design an effective solar PV monitoring tech-
nology [14]. In addition, the use of monitoring systems in large-scale PV systems can
be justified despite their high costs [15]. However, monitoring systems in medium and
small PV installations may address additional and high costs unacceptable to most users.
For this reason, data acquisition and monitoring solutions using low-cost platforms have
been widely proposed in recent years [16]. The advance of technologies such as IoT and
Industry 4.0 have allowed the implementation of new monitoring solutions as an alter-
native to traditional centralized systems. These solutions mainly aim to detect anomalies
of PV solar plants and for maintenance purposes. Different approaches can be found in
recent literature. Madeti et al. [11] provided a comprehensive review of PV monitoring
systems, comparing most of PV monitoring evaluation techniques in terms of their relative
performances. This contribution also examined sensors, controllers in data acquisition
systems, data transmission methods and data storage and analysis. In [17], Sunarso et al.
proposed a low-cost PV monitoring system based on an open-source Arduino platform
and demonstrated its use for the assessment of PV monitoring and supervision potential.
The system developed by Sunarso et al. can monitor solar irradiance, electric outputs
and temperature of multiple solar panels. A similar approach can be found in [18], where
the authors described a prototype for a portable data logger that integrates standalone
instruments with open-source hardware technologies for monitoring PV systems. The
proposed datalogger accomplished the accuracy requirements of the IEC standards for
PV systems. In 2019, López-Vargas et al. [19] improved the design with a new version of
this low-cost datalogger to overcome the shortcomings related to power consumption, the
limited voltage range and the user interface for stand-alone PV systems located in remote
areas deprived of telecommunications networks. Data were stored on an SD card to work
autonomously. This work continued with a new design that included allowing 3G technol-
ogy to monitor the PV systems remotely via web or via mobile application [20]. Regarding
communications, Ansari et al. [14] reviewed various monitoring technologies for PV power
plants focused on data processing modules and data transmission protocols. They showed
key issues and limitations of this technology. In terms of transmission protocol, this work
selected LoRa as a relevant data transmission solution, but it was not suitable for large
payloads. Moreover, a continuous data packet sending process should be avoided due to
some rules and constraints regarding the frequency band, which is in line with other recent
contributions [21].

From the limitations of the techniques found in the specific literature, and considering
the requirements of the application at hand, the authors previously proposed a solution
using a Raspberry Pi that served as a comprehensive solar PV monitoring following the
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IEC-61724 requirements. The solution was used at the module level [22]. It was tested
and assessed at real PV solar installations with remarkable results. The tests took some
months in CETENMA SOLAR installations facilities. A 250 Wp module connected to the
grid with a Soltec Solarfighter microinverter was monitored, as well as a 5 kWp ver-roof
installation connected to the grid and located in the Universidad PolitÃl’cnica de Cartagena
(Spain) during some weeks. All variables were collected with standard equipment at both
facilities. The results showed that the estimated error rate was lower than 2%. From this
preliminary design, a low-cost LoRa-based solar PV monitoring system to communicate
solar PV power plants located in remote locations was subsequently proposed in [23]. This
topology used an Arduino Board with an RFM95W transceiver fabricated by HOPE RF
configured as a LoRa TM modem available for the EU-868 MHz band [24]. The solution
stored data in a packet size of 38 bytes with a transmission power of 14 dBm and spreading
factor (SF) metric ranging from 10 to 12. An alternative system to be implemented in remote
PV power plants for monitoring and dispatching electrical and meteorological data was
then proposed and evaluated. This study demonstrated that the line of sight between
source and destination and propagation issues had a clear influence on the suitable data
reception process. As a main drawback, this solution only allowed a limited number of
transmissions, due to the over-air time of works with high spreading factor value (SF11 and
SF12) to ensure an accurate reception of data packets with a restricted duty cycle (1%). In
addition, a LoRa sensitive analysis was conducted by the authors in [25] for PV short-time
forecasting accuracy estimation.

By considering this preliminary background, as well as the lack of contributions
focused on monitoring self-consumption PV solar installations and providing information
to prosumers in terms of consumption/production profiles [26], the main contributions of
this paper are described below:

• A novel monitoring solution for the operation and maintenance of self-consumption
PV systems is proposed and assessed.

• The solution is based on Internet of Things (IoT) applications by using Narrowband
IoT (NB-IoT).

• The new design uses the Pycom IoT platform with NB-IoT as data transmission
technology.

The Pycom development board FiPy and sensor shield Pysense have recently been
proposed to monitor environmental variables such as humidity, temperature, altitude,
pressure, or light [27].

The rest of the paper is structured as follows: Section 2 introduces NB-IoT technology;
Section 3 discusses materials and methods; Section 4 describes the use case; Section 5
discusses both collected data and results; finally, conclusions are given in Section 6.

2. Communications: NB-IoT

Low-power, wide-area (LPWA) technologies are targeting most emerging markets
and applications. LPWA is a recent generic term involving different technologies focused
on enabling wide area communications, minimizing power consumption and cost [28].
LPWA has become a relevant growing space in IoT since in general LPWA solutions are
perfectly suitable for such IoT applications that only need to transmit low amounts of data
over a long range. Other researchers proposed a ZigBee network tested with WiFi for
smart grid applications. However, these tools have limited capability for analyzing real
scenarios and, according to Sultania et al. [29] ZigBee uses the same frequency band as WiFi,
which can lead to potential radio interference. Consequently, most of the developed LPWA
technologies have arisen in both unlicensed and licensed markets, such as SigFox, LTE-M,
NB-IoT and long range (LoRa). Among them, Shina et al. [30] affirmed that NB-IoT and
LoRa solutions are the two leading emergent technologies,despite the important technical
differences in terms of network architecture, physical features and MAC protocol between
them. Table 1 compares different network schemes and communication technologies.
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Table 1. Network schemes and communication technologies properties.

Network
Schemes Technologies Data Transfer

Rate
Typical

Coverage Range Latency

HAN
Ethernet, PLC,

Zigbee, WLAN,
Z-Wave

10–100 kbps up to 500 m 10 ms–1 s

BAN/IAN Ethernet, PLC,
Wimax, WLAN

100 kbps–1
Mbps up to 1 km 10 ms–2 s

NAN

Ethernet, PLC,
DSL,

Fiber–Optics,
WiMax, NB–IoT,

LoRa

100 kbps–10
Mbps 0.1–10 km 10–50 ms

WAN
PLC, Ethernet,
Fiber–Optics,
LoRa, WiMax

10 Mbps–1 Gbps 10–100 km 10 µs–20 ms

Recently, different comparative studies are available in the specific literature evaluat-
ing LoRa and NB-IoT technologies [31]. Examples of new network architectures combining
both technologies can be found in [32,33]. In terms of vulnerabilities, LoRaWAN and
NB-IoT give sufficient security guarantees, but according to Coman et al. [34] both tech-
nologies need to be properly enforced. The NB-IoT technology was standardized in 2016
by the Third Generation Partnership Project (3GPP), considerably increasing the NB-IoT
applications for wireless data communication purposes [35]. In addition, the presence
of NB-IoT modules in the IoT device market share by 2030 will considerably increase
too [36]. NB-IoT is compatible with LTE-M, with transmission speed of 150 kbps and a
coverage range of 15 km. It is a licensed technology deployed in 79 countries, with an
investment of $598 billion [37]. In this case, NB-IoT is selected by the authors for PV power
plant monitoring and communication network evaluation. This proposal is in line with
other recent network applications, such as Smart Water Grid (SWG) [38], water quality
monitoring [39] or sustainable farming irrigation [40]. In all cases, NB-IoT was selected as
a suitable candidate due to high scalability in comparison to other technologies, such as
LoRaWAN and SigFox. Li et al. [41] demonstrated that NB-IoT satisfied both qualitative
and quantitative requirements in terms of security, reliability and scalability. The relevant
presence of IoT–infrastructure devices, the remarkable variety of applications and the use
of various data processing solutions have recently led to the fact that traditional data center
architectures do not allow the software configuration nor the physical scaling for tasks to be
solved. Moreover, they are no longer able to provide the current required indicators focused
on stability, controllability or productivity [42]. On the other hand, and regarding industrial
applications, Ballerini et al. [43] concluded that NB-IoT offered the highest quality of service
(QoS) while also ensuring data delivery, being a potential replacement to LoRaWAN when
communication reliability was a required factor. In addition, NB-IoT was also proposed as
an alternative solution for real-time demand response, able to monitor, control and connect
electrical appliances [44].

In this paper, we propose an NB-IoT solution for PV power plant monitoring and
communication purposes focused on self-consumption installations. Our approach is in
line with recent contributions focused on PV installations [45–47]. We extend the use of
IoT technology toward prosumers, providing an alternative solution for future distribution
system scenarios in which a high renewable penetration would lead to higher peaks of
generation as a consequence of potential reverse power flows at the medium voltage/low
voltage (MV/LV) distribution transformers [48].
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3. IoT Monitoring Solution
3.1. General Architecture

The proposed system uses a FiPy development board as the main hardware. FiPy is a
low-cost ESP-32 development board produced by Pycom manufacturer, which includes
WiFi, Bluetooth, LoRa, Sigfox and dual LTE-M (CAT M1 and NBIoT) technologies. This
platform allows us to test different communication technologies excluding any hardware
modification. Table 2 summarizes the most relevant technical features of these boards [49].

Table 2. FiPy specifications.

CPU
- Xtensa© dual–core 32–bit LX6 microprocessor(s), up to 600 DMIPS
- Hardware floating point acceleration
- Python multi–threading
- An extra ULP–coprocessor that can monitor GPIOs, the ADC channels and control most of
the internal peripherals during deep–sleep mode while only consuming 25 µA.

Networks
- WiFi (1 km range)
- BLE
- Cellular LTE-CAT M1/NB1 (Total world–wide support)
- LoRa
- Sigfox

Memory
- RAM: 520 kB + 4 MB
- External flash: 8 MB
- GPIO: Up to 22
- Hardware floating point acceleration
- Python multi–threading

Interfaces
- 2 ×UART, 2 × SPI, I2C, micro SD card
- Analog channels: 8 (12–bit ADC), 2 (8–bit DAC)
- Timers: 2 of 64 bit with PWM with up to 16 channels
- DMA on all peripherals
- GPIO: up to 22

Hash/Encryption
- SHA, MD5, DES, AES

RTC
- Running at 32 kHz

Range
- Node range: up to 50 km

Power
- Voltage Input: 3.3 V–5.5 V
- 3v3 output capable of sourcing up to 400 mA

Size
- 55 mm × 20 mm × 3.5 mm (excluding headers)

Pycom is programmed in MicroPython language [50]. For this purpose, it is necessary
to use Pymakr, which is an Integrated Development Environment (IDE) plugin for popular
code editors, such as Atom and Visual Studio Code. Pymakr thus makes the development
of IoT edge devices running microPython easier [51]. Although it is possible to program
FiPy via Pybytes, Visual Studio Code is an IDE widely used for this purpose. With regard
to the code developed by the authors, Figure 1 shows the structure and main blocks of such
code schematically. Firstly, the sensors are configured and set, the FiPy microcontroller
being able to collect data from such sensors. Secondly, a reading process of data from
the sensors is carried out, and subsequently, the corresponding message is sent via LTE
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including the gathered data. It is then necessary to verify if the device is connected to the
Pybytes platform. Indeed, eventual disconnections were detected during the testing, and a
reconnection process was included in the following terms: Once the connection is verified,
the message can be sent to the platform via LTE. This process is repeated with one-minute
sample time during the total of sunlight daily hours. FiPy is set on deep-sleep under low
sunlight conditions, in line with other contributions [52].

Figure 1. Flow diagram for the microcontroller.

Pybytes is a free cloud-based device management platform for all Pycom development
boards and modules. It provides a mobile app, allowing us to manage devices directly from
a smartphone. It is possible to change the priority of the used networks: WiFi, Bluetooth
and LPWAN networks. Pybytes also provides an easy to use dashboard to quickly create an
application that sends data to the platform and allows us to choose among different types
of data visualization. That dashboard updates automatically, and subsequently, the user
can visualize current status of the devices and received data in real time. It is also possible
to integrate Pybytes with a Cloud provider: AWS, Microsoft Azure, Webhooks and Google
Cloud. A recent infrastructure based on Pycom development board FiPy and sensor shield
Pysense to collect and send data to the remote cloud over Wi-Fi and Long Range (LoRa)
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protocols is also described in [27] for remote monitoring conditions. In this case, to provide
greater reliability and synchronicity to the data, a DS1302 RTC was incorporated. Thanks
to this module, the sending of packets to Pybytes was controlled every minute as were
the deep-sleep mode periods for suitable energy saving. This module provided us with
a temporary time stamp, helping us when drawing conclusions from the measured data.
In addition, and due to the constant disconnections of the Pycom LTE network, different
solutions were tested by the authors. The connection to the network was configured by
following the official documentation. The script was set to send packets every minute
over NB-IoT. In parallel, the firmware of the FiPy microcontroller used was developed to
perform a ping to the Pybytes platform and thus verify correct communication. If that
ping was not answered due to any connection drop, then it would wait 10 min for the
next ping. If this second ping was not answered either, then the watchdog timer was
triggered, and the system rebooted to re-establish communication. Consequently, under a
communication failure event, 10 min of information would be lost as the microcontroller
remains on hold. This operation cannot be modified in the program, but it is a matter of
firmware configuration.

3.2. Hardware

With regard to hardware components, the selected sensors as well as the calibration
process and the prototype encapsulation are now described. In fact, the selected sensors
provide an analog output necessary to calibrate them, in our case by using the Transmille
3000A Series calibrator. The sensors are in charge of monitoring PV installations under the
IEC-61724 requirements. The IEC-61724 standards were previously proposed to analyze
PV system performance under a variety of climates [53]. In our solution, PV electrical data
and weather parameters are gathered to estimate PV operating conditions and exchange
meteorological and electrical data. More specifically, the ACS758 current sensor [54] and
the YHDC HV25 voltage sensor were selected.

3.2.1. DC-Output Current: Acs758 Hall-Based Effect Sensor

A breakout board for the ACS758 Hall effect linear current sensor was selected for
measuring the DC current of the PV module string. The thickness of the copper conductor
of this sensor allows the device to survive under high current conditions. The ACS758
provides an analog voltage output signal that varies linearly with the current value. The
output voltage of the sensor varies significantly depending on the input current value.
Therefore, different currents were applied within the available measurement interval,
ranging from −50 A to 50 A DC. In this case, we used a calibration current range from 0 A
to 20 A, in steps of 1 A. Subsequently, the sensor output voltage was measured through
the FiPy microcontroller, see Figure 2. With this aim, a script was defined to convert the
measured value into an estimated current value. The sensor sensitivity provided by the
manufacturer was 40 mV/A, for a channel up to 5 V. In our case, the microcontroller channel
input was 3.3 V, and subsequently the sensitivity to be used was 26.4 mV/A. The offset
voltage was 1.65 V for 0 A, corresponding to 50% of the FiPy microcontroller analogical
offset range. The relative error was estimated by comparing the real input current to the
measured current values, with a maximum error of 4%. Different current sensors were
calibrated and compared to evaluate their performance and accuracy within the expected
current range. Figure 3 compares two current sensor calibration processes. An additional
source of potential errors in the current sensor output is the sensitivity of the FiPy analog
input channel, which is 20 mV/A.
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Figure 2. Current sensor calibration assembly: Transmille 3000A Series calibrator, ammeter, regulated
power supply and current sensor.

Figure 3. Current sensor calibration process: comparison of input current vs measured current.

3.2.2. DC-Output Voltage: Yhdc Hv25 Sensor

Regarding the DC voltage measurement, the low-cost YHDC HV25 sensor was selected.
It allows us to measure voltages up to 1000 V, scaling them to 5 V. Since the analog inputs
were used according to the Pycom FiPy microcontroller—working at 3.3 V, it was necessary
to include a voltage divider circuit between the sensor output and the analog–pin input.
This voltage divider consists of a 56 kΩ resistor and two 56 kΩ resistors in series. In this
way, an output of 3.3 V is obtained for an input of 1000 V, with a sensitivity of 3.3 mV/V.
With the aim of calibrating the sensor, a set of measurements were carried out from from
0 V to 1000 V, in steps of 50 V. For this purpose, a symmetrical voltage supply of ±12 V and
a variable voltage output signal were used together with the 3041A precision multi-product
calibrator, see Figure 4. A set of input voltage measurements were compared to the real DC
voltage to obtain a calibration curve for this voltage sensor. In a similar way to Section 3.2.1,
an additional set of measurements were also collected to estimate the relative error under
different boards. By considering that each solar panel had an open-circuit voltage (Voc) of
50 V, the determined relative error was lower than 3%.



Sensors 2022, 22, 4966 9 of 20

Figure 4. Voltage sensor calibration assembly. Transmille 3000A Series calibrator and voltage sensor.

Due to the high error obtained in the low range of measurement—lower than 50 V—the
option of recalculating the voltage divider was then proposed by the authors. The target
was to equate the maximum input of 3.3 V to 800 V to test if the sensor precision could
be improved below 50 V. After a series of testing measurements, the option was finally
discarded since they did not significantly improve the results, and there was a risk of
obtaining a voltage higher than 800 V that could damage the equipment. It was observed
that the selected sensor did not provide a suitable voltage output for inputs lower than 50 V.
Therefore, a voltage divider was included in the laboratory tests to allow collecting voltage
data below such a threshold instead of using the YHDC HV25 sensor. This voltage divider
was formed by two resistances: 10 kΩ and 1 kΩ, respectively. The output signal was then
collected from the 1 kΩ voltage value. Given the high variability of the error for each YHDC
HV25 plate, the option of calibrating each board individually, with its own calibration line,
was selected. With this aim, Figure 5 compares the calibration process for three different
voltage sensor boards. In addition, Table 3 shows the estimated relative errors for these
three different voltage sensor boards. As shown in these results, the proposed board has
minor accuracy at low voltage levels but high accuracy over the expected operating voltage
ranges in medium and small PV installations. Therefore, it is accepted for our proposals.

Table 3. Relative Error YHDC HV25.

Range (V) Board 1 Board 2 Board 3

50–950 2.93% 2.66% 2.83%
150–1000 2.51% 2.57% 1.49%

3.2.3. Solar PV Module Temperature: Ds18b20 Digital

The DS18B20 is a digital thermometer providing from 9-bit to 12-bit Celsius temper-
ature measurements up to 125 ◦C [55]. There is also a watertight package that protects
the sensor and allows it to be submerged in a liquid without damage available. Since it is
a digital sensor, the read signal does not degrade due to wiring distance. It can work in
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one-wire mode with an accuracy of ±0.5 ◦C and 12-bit resolution. Various sensors can also
be used on the same pin, as they can be internally programmed with a unique 64-bit ID to
identify and differentiate them. The operating range is 3 to 5 V, being able to be used in
virtually any system by the use of microcontrollers. Further information of temperature
sensor analysis for PV solar module temperature measurement can be found in [56]. The
DS18X20 class from the onewire.py library [57] was also included to properly use this
sensor with the FiPy. The code can be found in the Appendix A.

Figure 5. Voltage sensor calibration process: comparison of input voltage vs measured voltage.

3.2.4. Environmental Variables: Sht3x Sensor

The SHT31 is a combined humidity and temperature sensor specially designed for
outdoor applications. Recent uses can be found in the building of monitoring applica-
tions [58,59]. Its performance characteristics allow the sensor for outdoor applications.
It can work on 3.3 V and 5 V systems with very low power demand, offering fast and
accurate measurement via I2C bus. The I2C class found in the micropython machine library
was included to use this sensor, in addition to the SHT3X.py library available in [60]. The
developed script can be found in the Appendix B. The irradiance is measured by a reference
solar panel (W/m2). This small PV module of 300 mW is directly connected with a shunt
resistor for sampling the voltage generated by the sunlight—68 × 37 mm, mono-crystalline
cells; 19% efficiency, 5 V, 60 mA. The analog signal is directly dependent on the irradiance.
Further information can be found in [61]. It is calibrated using a pyranometer located close
to the plate and in the same position, being then possible to relate the current generated by
the reference plate and the available solar irradiance, see Figure 6.

Figure 6. Solar panel calibration:lLaboratory environment.
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3.3. Economic Evaluation: Cost-Effectiveness

Finally, and in terms of cost-effectiveness, the proposed monitoring system is in line
with other contributions discussed in Sections 1 and 2. The proposed system is flexible to
be configured in different locations and PV installations. With the aim of offering a low-cost
system, the different hardware components are selected from open-source projects with a
high cost effectiveness threshold. Table 4 gives the monitoring node cost, which is lower
than other commercial solutions but higher that previous developments carried out by the
authors [22,23]. Nevertheless, the global cost could be reduced by using other open-source
platforms—such as Arduino—and depending on the number of nodes to be produced
and/or purchased.

Table 4. PV monitoring node cost.

Description Unit Price (Euro)

Mainboard: FiPy 59.4
Sensor: Irradiance 2.45

Sensor: PV DS1820 temperature sensor 1.5
Sensor: DHT temperature and humidity sensor 0.18

Sensor: Voltage sensors (DC) 18.4
Sensor: Current (DC) 17.5
Supply: PV module 9.95

Supply: Battery 6.9
Supply: DC/DC converter 7.9
Supply: DC Booster (24 V) 0.18

Outdoor enclosure and wiring 12

Total cost 136.36

4. Use Case Description

With the aim of evaluating the capability of the proposed solution in terms of measur-
ing, collecting and transmitting data, a preliminary prototype with na FiPy was developed
by using a protoboard. Some additional modifications and requirements were detected dur-
ing this evaluation process. As an example, the inclusion of a potential divider to measure
the voltage sensor output, as well as the necessity of increasing an additional input voltage
for this sensor were considered, see Figure 7. After the preliminary assembly was tested,
a first printed circuit board prototype was designed and milled to minimize the number
of wires required by the system by using a computer numerical control (CNC) milling
machine. In this case, the printed circuit board (PCB) design was carried out by using
Fritzing [62]. It is an electronic design software including libraries for different elements.
Flatcam was also used to create the GCode, finally used on the CNC machine that milled
the PCB. Different versions were proposed and tested to improve different aspects of the
design, mainly reducing sizes and elements required for the solution. Figure 8 shows the
connection diagram schematically.

Electronic components need to be protected from moisture, direct sun radiation, dust
and other external effects that could affect their normal operation. Moreover, to avoid
any interference in control signals and to isolate those components under high voltage
or intensity values, two different external boxes were designed using Onshape. It is a
free-to-use CAD platform in which assemblies can be created by using different items to
make a more complex design. Different recent applications can be found in the specific
literature [63].

With the aim of providing power to the node, a PV solar module (6.5 W rate power)
with a 2000 mAh Li-Ion Polymer battery was also included. The battery was selected to
ensure system operation at night or during periods when solar radiation is not enough to
provide the required energy under operating conditions. To ensure a relevant autonomy
of the system, the micro-controller goes into deep sleep at night and under low radiation
conditions. Figure 9 shows the prototype battery and power supply scheme.
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Figure 7. Prototype voltage and current sensors.

Figure 8. General scheme of the system electronics.

Figure 9. Power supply scheme of the system and prototype example.

5. Results

The proposed solution—both including hardware components and sensors—was
tested in a laboratory environment, aiming to assess its performance under different
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conditions. The solution was connected and assembled under outdoor conditions in a PV
self-consumption installation to evaluate the solution feasibility to be implemented in a
variety of real situations and conditions. The proposed system was initially tested at the
solar laboratory of CETENMA, located in the Industrial Park of Cartagena (Spain). Such a
facility includes measurement equipment to check the performance of PV power plants
and modules. For testing purposes, a single 250 Wp monocrystalline PV module connected
to an SF 250 W Soltec SolarFighter microinverter was used—VMPP = 28.5 V, IMPP = 8.8 A,
Voc = 34.6 V, Isc = 9.4 A. Figure 10 shows some examples of field test campaigns and
Figure 11 shows results corresponding to this calibration process.

Figure 10. Case study. Example of field test campaign. Charging solar panel and reference cell
assembled to the monitored PV module panel.

Figure 11. Calibration of the reference cell: comparison of data for two days.

From the power supply scheme shown in Figure 9, Figure 12 depicts voltage evolution
and current demanded (positive) or supplied (negative) by the battery. The Pycom module
consumption is around 200 mA over WiFi and 250 mA when the LTE communication
protocol is selected. During the information sending process, up to 350 mA can be achieved.
Figure 13 shows a detail of Pycom and battery power demand comparison. Regarding the
received data through NB-Iot communications versus inverter data, voltage and current
have enough precision, 2.45% and 3.9%, respectively, to evaluate the operation of the
plant with security. A total of six packages were sent with one-minute sample time:
8 bytes/package for five packages and 10 bytes/package for the additional package. In
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terms of electrical collected data, Figures 14 and 15 show both voltage and current data
respectively. Even though the selected reference cells achieved suitable results during the
calibration process, the received data show divergences during some periods of the day.
These divergences are due to both material and design of the enclosure of the reference
cell that, after some time, does not ensure that it remains in the plane of installation with
modules of the plant, reducing the received radiation with low values of solar angles, see
Figure 16. A new design for this enclosure is currently in progress. In terms of temperature
gradients, Figure 17 compares PV module temperature to ambient temperature These data
give additional information regarding PV operating temperature, which can be useful to
estimate other parameters, such as the performance ratio. In addition, it is also possible to
analyze the effect of irradiation and ambient temperature on PV system performance, as
was suggested by other authors [64,65].

Figure 12. Example of battery charge and discharge time periods.

Figure 13. Examples of Pycom demand consumption and battery power monitoring: (a,b) discharging
battery period; (c,d) charging and discharging battery period.
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Figure 14. Example of collected voltage data: PV module monitored.

Figure 15. Example of collected current data: PV module monitored.

Figure 16. Example of collected data received in-plane irradiance.
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Figure 17. Comparison of PV module temperature vs. ambient temperature.

Regarding communication quality of the proposed solution, additional metrics used in
previous works of the authors [22] are also discussed because no data of works with similar
systems have been found to compare the results. These metrics are Packet delivery ratio,
defined as the ratio between the packets successfully received and the total data packets
sent by the end nodes and time intervals between different data packets (inter-arrival time)
that is determined by the time interval value corresponding to each packet received. In
the previous work that used Lorawan communications [22], the payload had a length of
38 bytes, almost equal size of this work, where the size of the sent string was 37 bytes,
4 × 5 floating bytes (measurements of each sensor) and 17 bytes of temporary fingerprint.
With these similar conditions, our study reveals that the proposed system provides a
reliable connectivity with a packet delivery error around 4.6% and stable time interval
between packets of 60 s. These results validate the feasibility and reliability of our proposal
improving the results obtained in previous works and overcoming limitations related to
missing data packets and frequency of received data. Figure 18 shows these results.

Figure 18. Communication relative errors: Average daily values.

6. Conclusions

The proliferation of PV installations either for self-consumption or with the aim of
alleviating dependency on the grid is moving the energy system to more decentralized
power generation. This new scenario allows users (who now are prosumers) to generate
and/or consume their own energy. The lack of information about these PV systems emerge
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as a relevant challenge for the management of micro- and medium-size grids, as the
generation is more distributed. This paper describes a monitoring solution suitable to
be applied for self-consumption or any other micro-generation installation, covering the
installations of the so-called ’prosumers’ and aiming to providing them with a tool that
informs them about their local self-consumption. The proposed system allows us to monitor
both electrical and environmental variables. A prototype was calibrated and successfully
evaluated in a real PV self-consumption installation. Both current and voltage sensors were
calibrated, determining 3% and 4% relative error, respectively, under laboratory conditions.
The system includes a 6.5 W PV solar panel and a battery for energy requirements. Charge
and discharge battery cycles were also monitored and included in the paper. Regarding the
received data through NB-IoT communications versus inverter data, voltage and current
have enough precision, 2.45% and 3.9%, respectively, to evaluate the operation of the plant
with security. In addition, the proposed system provides a reliable connectivity with a
packet delivery error around 4.6% and stable time interval between packets of 60 s. The
size of the string was 37 bytes: 17 bytes of temporary fingerprint, 4 × 5 floating bytes.
This solution is also able to be implemented in large PV power plants, as well as other
alternative renewable installations.
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Appendix A. Sensor DS18X20: Python Code

from onewire import DS18X20 , OneWire
# I n i c i a l i z a t i o n
ow = OneWire ( Pin ( ’ P11 ’ ) )
temp = DS18X20 (ow)
# Reading
Tmod = temp . read_temp_async ( )
temp . s t a r t _ c o n v e r s i o n ( )

Appendix B. Sensor SHT3X: Python Code

from machine import I2C
import SHT3X

# FiPy − I2C − Pin a s s i g n m e n t
i 2 c = I2C ( 0 , pins =( ’ P9 ’ , ’ P10 ’ ) )
i 2 c . i n i t ( I2C .MASTER, baudrate =20000)
# SHT3X
sht3x = SHT3X . SHT3X( bus_obj=i2c , address =0x44 )
# Temp and Hum r e a d i n g
measurements = sht3x . get_measurement ( )
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CAPÍTULO 5

RESUMEN DE LOS ARTÍCULOS

A continuación se presenta un breve resumen de los artículos publicados como
parte de esta tesis doctoral.
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5.1. Artículo 1. PV module monitoring system based on
low-cost solutions: a wireless Raspberry application
and assessment

5.1.1. Introducción

Este artículo propone un sistema de monitorización para plantas de energía foto-
voltaica flexible, de bajo costo basado enhardware y software de acuerdo con los requi-
sitos de la norma IEC-61724 ’Photovoltaic systemperformancemonitoring – Guidelines
for measurement data exchange and analysis’ [92].

Este sistema presenta una arquitectura en varios nodos comunicados de forma in-
alámbrica de cara a cumplir con la flexibilidad y la escalabilidad requerida para diferen-
tes tipos de instalaciones fotovoltaicas. De hecho, se puede implementar en módulos
fotovoltaicos independientemente de su configuración. La figura 5.1 muestra un es-
quema de la arquitectura propuesta.

Figura 5.1: Arquitectura del sistema propuesto

5.1.2. Metodología

En una fase inicial se realizó una búsqueda de información bibliográfica y de mer-
cado de sistemas de monitorización de instalaciones fotovoltaicas centrándonos en
sistemas de bajo coste.
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Partiendo del análisis de esta información se definió la plataforma de desarrollo, en
concreto Arduino y se seleccionaron un conjunto de sensores para medir y registrar
datos meteorológicos y eléctricos.

Estos sensores fueron testados y calibrados en laboratorio para posteriormente ser
integrados en los diferentes nodos propuestos de cara a su validación en entorno real.
En la figura 5.2 se muestra el detalle de la calibración del sensor de irradiancia.

Figura 5.2: Calibración del sensor de irradiancia

Los nodos se programaron de forma que se recopilaran los datos eléctricos y am-
bientales con un intervalo de tiempodemuestreo de 30 segundos para, posteriormen-
te, ser enviados a la nube a través deunapuerta de enlace y ser registrados enunabase
de datos.

A continuación se llevó a cabo una demostración del funcionamiento del sistema
completo en las instalaciones de CETENMAdurante variosmeses registrando también
todas las variables con equipos estándar. Ambos datos han sido luego comparados
para evaluar la idoneidad de la solución propuesta de bajo costo. Posteriormente el
sistema propuesto también se ha implementado en una instalación solar fotovoltai-
ca real (5 kWp) para monitorizar y recoger datos eléctricos y meteorológicos durante
diferentes semanas.

Figura 5.3: Banco de ensayos en CETENMA
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5.1.3. Resultados

Como se ha comentado anteriormente los sensores se testaron a nivel laboratorio.
Los resultados obtenidos cumplen con los valores mínimos de precisión de la norma
IEC-61724 en términos de corriente, voltaje y potencia y la temperatura del módulo
fotovoltaico presenta un error promedio inferior al 4%.

Tabla 5.1: Resultados

Parameter IEC61724 Required Accuracy Results
Current 1% 0,81%
Voltage 1% 0,74%
Power 2% 0,55%

Por otra parte, en los ensayos de campodonde se evaluaron los resultados en condi-
ciones reales de una instalación fotovoltaica comparando las medidas del sistema con
equipos de medida de referencia, se obtuvieron errores inferiores al 2% para variables
meteorológicas y eléctricas.

5.1.4. Conclusiones y contribución

Este artículo propone un sistema de monitorización para plantas de energía foto-
voltaica flexible, de bajo costo basado en hardware y software de acuerdo con los re-
quisitos de la norma IEC-61724 . Los sensores han sido calibrados en un entorno de
laboratorio y el sistema completo en condiciones reales validando las viabilidad de la
solución propuesta.

Las principales contribuciones de este trabajo se resumen a continuación:

Las instalaciones fotovoltaicas se monitorizan a nivel de módulo fotovoltaico de
acuerdo con el estándar IEC-61724 actual, estimando el rendimiento del módulo
fotovoltaico y brindando mantenimiento predictivo.
Se utilizan soluciones inalámbricas de código abierto y de bajo costo para facilitar
la integración del sistema propuesto en plantas de energía fotovoltaica.
La solución inalámbrica es flexible y se puede adaptar según el diseño y la confi-
guración de los módulos fotovoltaicos.
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5.2. Artículo 2. An alternative internet-of-things solution
based on LoRa for PV power plants: datamonitoring
and management

5.2.1. Breve introducción

Este artículo publicado en 2019 dentro del número especial Nanogrids, Microgrids,
and the Internet of Things (IoT): towards the Digital Energy Network de la revista Ener-
gies supone una continuación del trabajo 1 para evaluar una alternativa para comuni-
carse con plantas fotovoltaicas remotas.

Para ello, sobre la base de la monitorización descrita en [98] se incluye una tecnolo-
gía de comunicaciones LPWAN en la capa de comunicación, que combina las ventajas
de la cobertura de largo alcance y la baja demanda de energía, lo que permite inter-
cambiar datos en un entorno de Internet de las Cosas (IoT).

En el documento también se incluyen y discuten los resultados obtenidos en insta-
laciones fotovoltaicas reales conectadas a la red.

5.2.2. Metodología

La metodología seguida para el desarrollo de la solución es similar a la del traba-
jo anterior comenzando con el diseño y montaje del nodo de medida de parámetros
eléctricos y meteorológicos con hardware de bajo coste y código abierto. En la figura
5.4 se muestra una imagen del nodo desarrollado.

Figura 5.4: Nodo final desarrollado

Una vez desarrollado el nodo, se integra el nuevo sistema de comunicaciones sien-
do necesario como paso previo el desarrollo de una puerta de enlace LoRA (gateway)

149



CAPÍTULO 5. RESUMEN DE LOS ARTÍCULOS

debido a la ausencia de esta red de comunicaciones en la zona. Una vez finalizados
estos elementos, se procede al desarrollo del software de los nodos y del servidor de
red LoRA, evaluando en un primer momento su funcionamiento en un entorno de la-
boratorio para evaluar su rendimiento en condiciones controladas.

Después de esta prueba inicial, los componentes y sensores se conectaron y ensam-
blaron para proporcionar una solución factible capaz de operar en condiciones reales
siendo necesario el dividir el sistema en dos subnodos que se instalaron para su ensayo
en el laboratorio solar de CETENMA (ubicado en el Polígono Industrial de Cartagena)
empleando para esta prueba un solo módulo fotovoltaico monocristalino de 250 Wp
conectado a un microinversor Soltec SolarFighter de 250 W.

Un objetivo relevante de este trabajo fue evaluar la idoneidad de la solución pro-
puesta para medir, recopilar y enviar datos desde instalaciones fotovoltaicas remotas
por lo que hubo que implementar otrogatewaydebido al bajo rendimiento de la ante-
na utilizada para la puerta de enlace desarrollada inicialmente.Este segundo gateway
fue instalado en la Universidad Politécnica de Cartagena.

Para asegurar la comunicación del sistema propuesto, se realizó una prueba de la
potencia de la señal y el rango de cobertura integrando en unmodulo GPS en el nodo
de medida para transmitir las coordenadas de ubicación.

Una vez finalizadas estas pruebas, se comenzó a monitorizar los datos de la planta
fotovoltaica y a ser enviados al gateway para ser evaluados y discutidos en el análisis
posterior.

5.2.3. Resultados

Para las pruebas se considera suficiente para cubrir todos los parámetros un tama-
ñodepaquetede 38bytes. Conunapotencia de transmisiónde 14dBmse va ajustando
el SF de 10 a 12 evaluándose los resultados durante ensayos de 24 horas en términos
de RSSI, SNR ymétricas adicionales como tasa de entrega de paquetes e intervalos de
tiempo entre diferentes paquetes de datos (tiempo entre llegadas).

Tabla 5.2: Resultados obtenidos.

SF Packet Data Packet Data Packet Delivery Average Time Inter-Arrival Time (s)
Sent Received Rate between Packets (s)

11 559 307 55% 190.85 131.00
12 402 364 91% 273.13 246.00

El estudio revela valores bajos de RSSI y SNR para SF11. Con respecto a SF12, las mé-
tricas de RSSI y SNR mejoraron alrededor de un 10% alcanzando una tasa de éxito de
entrega cercana al 91% con el inconveniente del alto tiempo entre envíos.

Finalmente, para verificar que los datos llegan correctos se comparan los datos re-
cibidos por la aplicación con losmismos datos recopilados por un registrador de datos
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del banco de pruebas validándose la viabilidad de la solución de monitorización y co-
municación implementada.

5.2.4. Conclusiones y contribución

En este trabajo se diseñó y evaluó una solución de código abierto y de bajo costo
para monitorizar plantas fotovoltaicas con la novedad de implementar como tecnolo-
gía de comunicación LoRA, que es una tecnología de comunicaciones de largo alcance
que permite la transmisión de datos a una puerta de enlace remota. Otras de las con-
tribuciones importantes de este trabajo es analizar en mayor profundidad que otras
contribuciones [94, 95, 96] la configuración del sistema de comunicaciones aseguran-
do el mejor rendimiento para transmitir información desde la instalación fotovoltaica
al gateway y, en consecuencia, aumentando la fiabilidad del sistema.
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5.3. Artículo 3. A characterization of metrics for com-
paring satellite-based and ground-measured global
horizontal irradiance data: a principal component
analysis application

5.3.1. Breve introducción

En este artículo publicado en la revista Sustainabilty en 2020, comenzamos con los
trabajos centrados en aspectos relativos a la predicción de generación de plantas fo-
tovoltaicas. Para ello se analizaron diferentes enfoques para la predicción siendo uno
de ellos la estimación de la irradiancia horizontal global (GHI) a partir de datos disponi-
bles de satélites geoestacionarios de nueva generación, así como de otras estaciones
de medida terrestres de irradiancia.

De acuerdo con la literatura específica, existe una falta de acuerdo en las estrategias
de validación para un conjunto de datos de irradiancia derivados de satélites por lo que
el objetivo de este trabajo se centra en los siguientes objetivos:

Una estimación ampliada demétricas para comparar datos deGHI de satélite con
datos terrestres.
Un análisis de correlación para identificar similitudes considerando comporta-
mientos homogéneos de dichas métricas.
Una aplicación del análisis de componentes principales (PCA) para clasificar las
métricas endiferentes categorías yproponergruposde indicadores independien-
tes para ser considerados con fines de comparación de datos.

5.3.2. Metodología

Como punto de partida se realiza un estudio bibliográfico para identificar las mé-
tricas empleadas para validar los datos de GHI a partir de medidas terrestres o datos
derivados de satélite. Se seleccionan inicialmente un grupo de diez métricas diferen-
tes.
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Tabla 5.3: Métricas de error definidas.

Definition Abbreviation Expression References

Mean Square Error MSE MSE =
1

n

n∑
i=1

(
GHIsati −GHIgrni

)2
[100, 51]

Root Mean Square Error RMSE RMSE =
√
MSE [100, 49, 50, 51, 58,

60, 65, 66, 101, 86, 68,
102]

Normalized RMSE nRMSE nRMSE =
RMSE
GHI0

[47, 48, 49, 50, 51, 58,
59, 62, 63, 65, 101, 68,
102]

Mean Bias Error MBE MBE =
1

n

n∑
i=1

(
GHIsati −GHIgrni

)
[100, 49, 50, 51, 58,
60, 65, 101, 86, 68,
102]

Normalized MBE nMBE nMBE =
MBE
GHI0

[47, 48, 50, 51, 58, 61,
63, 65, 68, 102]

Mean Absolute Error MAE MAE =
1

n

n∑
i=1

∣∣GHIsati −GHIgrni

∣∣ [100, 51, 61, 101, 86,
68, 102]

Normalized MAE nMAE nMAE =
MAE
GHI0

[47, 61, 63, 101, 102]

Mean Absolute Percentage Error MAPE MAPE =
1

n

n∑
i=1

∣∣GHIsati −GHIgrni

∣∣
GHIsati

[51, 59]

Shape Based Distance SBD SBD = 1−máx
w

NCCw(GHIsat, GHIgrn),

where NCCw is a normalized cross co-
rrelation sequence between the series
GHIsat and GHIgrd .

[103, 104]

Dynamic TimeWarping DTW DTW = mín
W

K∑
k=1

d(wk),

where W = {w1, w2, . . . , wk, . . . , wK} re-
present a warping path between the
series GHIsat and GHIgrd subjected
to several constraints and d(wk) =
dist(GHIsatik

, GHIgrnik
).

[105, 104]

Como fuente de datos se recopila información de GHI medidos en tierra y por sa-
télite durante un año en siete ubicaciones diferentes de España, con un tiempo de
muestreo de una hora.

La metodología propuesta se basa primero en una estimación de métricas para
las diferentes fuentes de datos de irradiación para, posteriormente, determinar una
matriz de diferencias para las diferentes métricas para cada estación, de acuerdo con
el tiempo de muestro seleccionado: un tiempo de muestro de una hora.

Después de esta estimación inicial de métricas, se realiza un análisis de correlación
múltiple para los datos recopilados en cada estación, para identificarmétricas con una
dependencia relevante (o no). Coneste análisis de correlación sedetectan aquellasmé-
tricas con comportamientos similares y, por lo tanto,métricas quebrindan información
similar.

Para visualizar de una manera más conveniente estos resultados de correlación
múltiple, así como el proceso de agrupamiento se representan gráficamente las ma-
trices de correlaciones. A partir de estos resultados, podemos comparar los resultados
de agrupamiento para todas las ubicaciones, detectando la homogeneidad de los di-
ferentes grupos según las ubicaciones específicas.
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Demanera complementaria, se obtienen los estadísticosmedia y desviación están-
dar para cada coeficiente de correlación de cada par de métricas correspondientes a
todas las ubicaciones consideradas. De esta forma dispondremos de una estimación
adicional de la homogeneidadde tales correlaciones, así comosu independencia (ono)
de las ubicaciones específicas. Posteriormente, podemos estimar la dependencia de
la correlación entremétricas de las ubicaciones, así como la similitud de la agrupación
de métricas según una comparación visual del proceso de agrupamiento.

La figura 5.5 muestra esquemáticamente la metodología propuesta al considerar
m métricas diferentes correspondientes a datos observados cada hora durante n días
en p ubicaciones. El análisis de correlación y el agrupamiento de métricas se llevan a
cabo para cada ubicación específica.

Figura 5.5: Análisis de las correlaciones y proceso de clustering Esquema general

Posteriormente, se propone la aplicación de PCA para caracterizar dichas métricas
e identificar las similitudes y explorar las diferencias entre ellas. La metodología pro-
puesta,mostrada de forma gráfica en la figura 5.6 ha sido evaluada a partir de datos de
GHI medidos en tierra y por satélite recopilados durante un año en siete ubicaciones
diferentes de España, utilizando estimaciones horarias medias.

Figura 5.6: Análisis de Componentes Principales. Esquema general
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5.3.3. Resultados

Para evaluar la metodología propuesta se consideraron diferentes estaciones me-
teorológicas terrestres, comparando sus datos GHI con los valores provenientes de sa-
télite para un año (2018).

Para el presente análisis, se seleccionó la Red del Sistema de Información Agraria
de Murcia (SIAM) para proporcionar datos de irradiancia terrestre [106]. Con respecto a
los datos de irradiancia basados en satélite, se usaron datos de la red Copernicus, que
es el Programa de Observación de la Tierra de la Unión Europea [107].

De acuerdo con la informacióndisponible en la Reddel SIAM, los valores de irradian-
cia fueron recogidos por dichas estacionesmeteorológicas terrestres, proporcionando
datos de GHI promedio por hora. Se dispone de un tiempo de muestreo de diez mi-
nutos para los datos basados en satélites de Copernicus que, para compararlos con
los datos terrestres, se consideraron los valores promedio por hora. En la figura 5.7 se
muestran algunos días consecutivos del año 2018 comparando los datos de ambas
fuentes y las diferencias entre ellos.
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Figura 5.7: Ejemplo de datos horarios de irradiancia global horizontal a partir de datos
de satélite, medidos en tierra y sus diferencias

Lasmétricas seleccionadas se calculan para las dos fuentes de datos de irradiancia y
se estiman lasmatricesde correlaciónpara cadaubicación. En lafigura 5.8 semuestran
los resultados para una de las localizaciones consideradas en el estudio.
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Figura 5.8: Matriz de correlaciones para una localización concreta

A partir de estas métricas, los autores llevaron a cabo una caracterización y clasifi-
cación considerando la metodología propuesta, como se describe en la sección 5.3.2,
aplicando también el análisis de componentes principales (PCA) para identificar las
principales relaciones entre las métricas, reducir el número de variables y permitirnos
una representación gráfica de dichas métricas en un entorno de baja dimensión. La
figura 5.9 muestra el gráfico de sedimentación de las componentes (valores propios y
porcentaje de varianza explicada por las componentes principales).
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Figura 5.9: Gráfico de sedimentación

Comosepuedeobservar, las cuatro primeras componentes principales representan
alrededor del 94% de la variabilidad total de las métricas, lo que reduce significativa-
mente la dimensión de las métricas de 10 a dimensión cuatro.
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5.3.4. Conclusiones y contribución

Por lo tanto, se identifican diferentes grupos demétricas aplicando el proceso PCA,
lo que nos permite comparar, de unamaneramás extensa, diferentes fuentes de datos
de irradiancia y explorar e identificar sus diferencias.

Se describe y evalúa una caracterización de métricas basada en datos de GHI de
diferentes fuentes para identificar diferentes grupos de métricas similares. De la lite-
ratura específica, se selecciona inicialmente un grupo de diezmétricas diferentes, que
han sido propuestas por otras contribuciones para comparar diferentes fuentes de da-
tos de irradiación. Se propone un análisis de correlación para detectar dependencia (o
no) de la ubicación yunprocesode aplicacióndePCApara caracterizar dichasmétricas
e identificar las similitudes y explorar las diferencias entre ellas.

La aplicación de PCA nos permite explorar similitudes entre métricas e identificar
los componentes principales más relevantes. Además, esta técnica también aborda
una reducción de la dimensión. En este caso, se selecciona un grupo de cuatro “com-
ponentes principales“, que representa el 94% de la variabilidad total de las métricas.
Por tanto, se proporciona una reducción de dimensiones y una identificación de gru-
pos de métricas con información similar, que perfila la idoneidad del proceso.
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5.4. Artículo 4. Sensitive parameter analysis for solar
irradiance short-term forecasting: application to
LoRa-based monitoring technology

5.4.1. Breve introducción

En este artículo publicado en la revista Sensors en 2022 continuamos avanzando en
el objetivo de analizar ciertos aspectos relativos a la obtención de una predicción preci-
sa de generación de energía en las instalaciones fotovoltaicas. Concretamente, en este
trabajo se propone unametodología para evaluar el efecto de diferentes arquitecturas
demonitorización de instalaciones fotovoltaicas basadas en LoRa para la extracción de
datos sobre la predicción de generación de energía solar a corto plazo.

5.4.2. Metodología

La metodología propuesta se basa en un análisis de sensibilidad de los parámetros
de una red de comunicaciones LoRa en términos de diseño de nodos, pérdida de da-
tos, factor de dispersión e intervalos de tiempo cortos para evaluar su influencia en la
precisión de la previsión de la generación fotovoltaica a corto plazo.

En primer lugar, se lleva a cabo una selección y distribución de nodos basada en la
tecnología LoRaWAN de acuerdo con un punto de interés de predicción predefinido
y un posible grupo de localizaciones potenciales en tierra o instalaciones basadas en
satélite. A partir de estas especificaciones, se define una base de datos de tiempo de
muestreo de un minuto en cada nodo, así como el punto de interés de predicción.

Para ello se parte de los datos de GHI de una malla de 17×17 con un total de 289
puntos en consideración, con datos de tiempo demuestreo de unminuto construida a
partir de datos descargados del satélite Copernicus correspondientes al año 2019 [107].
Esta malla se muestra en la figura 5.10.

Se propone un modelo de predicción de tipo Random Forest lo que simplifica el
problema de predicción, especialmente cuando la serie de tiempo presenta heteroce-
dasticidad, no estacionariedad ymúltiples ciclos estacionales. Este algoritmo se utiliza
para pronosticar valores de radiación solares en la ubicación de interés considerando
diferentes horizontes de predicción, de 15 a 45 min.

Las simulaciones de predicción de GHI a corto plazo para cada día incluyeron dife-
rentes rangos de pérdida de datos (0%, 25% y 50%), intervalos de tiempode predicción
(15, 30 y45min) y valoresdeSF (deSF09aSF12). Se consideraronun total de 36 condicio-
nes diferentes para cada día, ejecutando 13,140 simulaciones para los correspondientes
valores de GHI de 2019.

El algoritmo de Random Forest se utiliza para pronosticar valores solares a corto
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Figura 5.10: Caso de ejemplo: distribución espacial de la rejilla (Región deMurcia, Spain)

plazo en la ubicación de interés considerando diferentes horizontes de predicción de
15 a 45 min. Estas predicciones se estiman bajo una variedad de escenarios:

asumiendo SF = SF09 para todos los nodos y 0% de pérdida de datos;
asumiendo SF de SF09 a SF12 en cada nodo y 0% de pérdida de datos;
asumiendo SF de SF09 a SF12 en cada nodo y pérdida de datos de 0% a 50%.

Posteriormente, se comparan los valores de previsión solar correspondientes a los dife-
rentes escenarios. Se calculan las discrepancias y similitudes, discutiendo la influencia
de los diferentes parámetros de configuración de la red LoRa en el proceso de predic-
ción solar.

Como analizaron previamente los autores, se pueden encontrar diferentesmétricas
en la literatura específica para determinar las discrepancias. A partir de esta clasifica-
ción, se determinan el error cuadrático medio normalizado (nRMSE), el error porcen-
tual absoluto medio (MAPE) y la deformación temporal dinámica (DTW) para propor-
cionar información complementaria y caracterizar discrepancias convenientes entre
los datos de predicción de generación fotovoltaica a corto plazo al considerar SF09 y
0% de pérdida de datos y resto de escenarios.

En la figura 5.11 se resume la metodología propuesta. Además, también se incluye
un análisis de sensibilidad basado en el parámetro SF y pérdida de datos, determinan-
do las diferencias respecto a los valores de predicción con SF09 y 0% de pérdida de
datos.

La metodología y las simulaciones se implementaron en el entorno R [108] utilizan-
do diferentes paquetes de software como data.table para unamanipulación de datos
rápida y eficiente en memoria [109], ranger para una implementación rápida de Ran-
dom Forest [110], dtw y dtwclust para la estimación de la métrica DTW [111].
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Figura 5.11: Metodología propuesta: Esquema general

5.4.3. Resultados

Los resultados nos permiten explorar la influencia de la pérdida de datos, los valo-
res de SF y los intervalos de tiempo a corto plazo en la precisión de la predicción de
la GHI correspondiente. A partir de los datos correspondientes a 2019, con resolución
temporal de un minuto, se consideraron para las simulaciones diferentes periodos de
predicción solar fotovoltaica a corto plazo. Más concretamente, se definieron tres hori-
zontes temporales diferentes: 15, 30 y 45 minutos. Posteriormente, se simuló cada día
considerando los diferentes horizontes de tiempo. Además, y con el fin de comparar el
impacto tanto de la pérdida de datos como del Spreading Factor seleccionado, se rea-
lizaron las simulaciones en tales condiciones: 0%, 25% y 50% de pérdida de datos; así
como de SF12 a SF09 y que el SF seleccionado afecta considerablemente la robustez a
costa de tasas de datos más bajas.

Estos resultados permiten evaluar el impacto de cada parámetro y dar un análisis
preliminar de la influencia de estas condiciones y situaciones antes de implementar
una red real de comunicación y detección.

En relación con el ejemplo de caso (presentado en la figura 5.10), el diseño inicial de
los nodos (en coordenadas UTM) está representado en la figura 5.12.

Posteriormente, se seleccionó un nodo en cada corona circular con el objetivo de
pronosticar los datos de GHI en el centro de la malla (punto de interés). La distribu-
ción de las localizaciones seleccionadas para el análisis junto con la distancia al punto
de predicción de interés está incluida en la figura 5.13; los nodos seleccionados están
etiquetados como 119, 170, 115, 60 y 254.

A continuación se comparan los valores de irradianciamedidos y pronosticados pa-
ra los todos los días del año 2019 considerando las diferentes condiciones seleccionadas
para cada día: porcentajes de pérdida de datos, diferentes parámetros SF y diferentes
horizontes de predicción. En la figura 5.14 semuestra un ejemplo de resultados para el
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Figura 5.12: Caso de ejemplo: distribución de los nodos (Coordenadas UTM )
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Figura 5.13: Caso de ejemplo: distribución de las localizaciones seleccionadas y el punto
de interés para la predicción en color negro (Coordenadas UTM)

día 108 del año.

Posteriormente, con el objetivo de conocer la influencia de cada parámetro consi-
derando todas las simulaciones realizadas, en total 13140 simulaciones, se llevó a cabo
un análisis de sensibilidad para determinar las discrepancias entre los valores de GHI
diarios estimados para el nodo seleccionado y los correspondientes valores de GHI dia-
rios medidos.

En primer lugar, la figura 5.15 muestra un ejemplo que incluye los histogramas glo-
bales y los histogramas truncados realizados (en total se realizan 36 histogramas glo-
bales y truncados) de las discrepancias en función del error cuadráticomedio normali-
zado (nRMSE) entre los datos de GHImedidos y los valores de GHI de predicción. Como
se puede observar, los histogramas truncados retienen más del 90% de tales discre-
pancias y se considera lo suficientemente adecuado para este análisis.

En segundo lugar, y de acuerdo a la variedad de errores y diferencias disponibles en
la literatura específica, así como la comparación realizada por los autores [69], el error
porcentual absoluto medio (MAPE) y el warping temporal dinámico (DTW) también
fueron seleccionados como estimaciones métricas.

Para analizar en detalle la influencia de cada variable, la figura 5.16 muestra el his-
tograma truncado para estas simulaciones usando discrepancias basadas en las mé-
tricas MAPE y DTW.

Como puede apreciarse en estas discrepancias, un mayor rango de pérdida de da-
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tos implica discrepanciasmás relevantes y estos valores presentan un pico secundario
de valores del 20%al 30%. En términos del parámetro SF, los valoresmayores de las dis-
crepancias se desplazan ligeramente del intervalo [0,10] (para SF09) al intervalo [10,20]
(para SF12). Por lo tanto, un intervalo de tiempomás largo entre paquetes subsiguien-
te, implica errores de discrepancia más altos. Estos resultados son similares para los
otros intervalos de tiempo analizados.

5.4.4. Conclusiones y contribución

En el artículo se incluye un ejemplo de caso situado en el sureste de España pa-
ra evaluar el análisis propuesto. Esta metodología es aplicable a otras ubicaciones, así
como a diferentes configuraciones, parámetros y estructuras de redes de LoRa; pro-
porciona un análisis detallado sobre el rendimiento de la monitorización fotovoltaica y
las discrepancias en la previsión de la generación fotovoltaica a corto plazo. Las princi-
pales contribuciones de este documento se pueden resumir como

una metodología para evaluar la precisión de la predicción a corto plazo de GHI
para diferentes diseños de nodos y parámetros LoRa basados en un modelo de
predicción de Random Forest,
un análisis de sensibilidad de los parámetros LoRa y los valores de predicción a
corto plazo del GHI basados en una variedad de métricas,
un estudio de caso a partir de datos de GHI de 2019 (tiempo de muestro de un
minuto), área de 400 km2, 289 nodos potenciales en consideración y un total de
13,140 simulaciones.

Por lo tanto, esta metodología proporciona un análisis preliminar extenso de las posi-
bles características de la red LoRa y el diseño de nodos en términos de precisión de
datos, paquetes y posibilidades de predicción de GHI antes de que se complete la ins-
talación.
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Figura 5.14: Comparación de la predicción de irradiancia global horizontal(GHI) y lame-
dida para diferentes escenarios de horizontes de tiempo, spreading factor y pérdida de
datos
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Figura 5.15: Resumende las diferencias entre la predicción y los datosmedidos basados
en nRMSE. Histogramas (izqda.) e histogramas truncados (dcha)
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5.5. Artículo 5. Democratization of PV micro–generation
system monitoring based on Narrowband–IoT

5.5.1. Breve introducción

En este trabajo [43], publicado recientemente en la revista Sensors, se realiza un
rediseño y evaluación del sistema de monitorización propuesto para instalaciones fo-
tovoltaicas.

Este nuevo diseño se realizó con el fin de ampliar su uso a otras instalaciones de
microgeneración y para solventar algunas de las limitaciones en la capa de comuni-
caciones que presentaba el diseño anterior en cuanto a frecuencia de envío y tamaño
del paquete. Se realiza una descripción detallada del hardware y software propuesto y
se presentan los resultados de las campañas realizadas para su validación.

5.5.2. Metodología

Lametodología seguida en este trabajo es lamisma que la realizada en los trabajos
anteriores [98, 42] tomando en este caso comopunto de partida una nueva plataforma
de Hardware FIpY de PYCOM a la que se le integrarán los sensores necesarios para la
medida de parámetros eléctricos ymeteorológicos conforme a la norma IEC61724 [92].
Los sensores necesarios son seleccionados, adquiridos y calibrados de formaprevia a la
integración. Una vez verificados en laboratorio, se desarrollan los circuitos necesarios
para adaptar las señales y se realiza el diseño y prototipo de las cajas demontaje que al
igual que en ocasiones anteriores se dividieron en varios nodos. En uno de estos nodos
se incluye un panel solar y una batería junto con el sistema de adecuación de tensio-
nes para dar total autonomía al sistema. Una vez desarrollados todos los elementos,
estos son evaluados en las instalaciones del laboratorio solar de CETENMA como en
los trabajos anteriores.

Figura 5.17: Prototipo del nodo de medida de voltaje e intensidad
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Figura 5.18: Caso de estudio. Panel solar de carga y celda de referencia ensamblados al
módulo fotovoltaico monitorizado

Figura 5.19: Caso de estudio. Comparativa de datos de irradiancia registrados

5.5.3. Resultados

La soluciónpropuesta seprobóenunentorno relevante conel objetivodeevaluar su
desempeño en diferentes condiciones. La solución se conectó ymontó en condiciones
exteriores en una instalación de autoconsumo fotovoltaico para evaluar la viabilidad de
la soluciónpara ser implementada enuna variedadde situaciones y condiciones reales.
El sistema propuesto se probó en el laboratorio solar de CETENMA, ubicado en el Po-
lígono Industrial de Cartagena (España). Esta instalación incluye equipos demedición
para comprobar el rendimiento de las plantas y módulos de energía fotovoltaica. Pa-
ra fines de prueba, se utilizó un solo módulo fotovoltaico monocristalino de 250 Wp
conectado a un microinversor Soltec SolarFighter de SF de 250 W.

La figura 5.18 muestra algunos ejemplos de campañas de pruebas de campo y la
Figura 5.19 incluye la comparación de los datos registrados por el sistema propuestos
frente a un piranómetro de referencia.

En cuanto a los datos recibidos a través de las comunicaciones NB-Iot versus los da-
tos registrados en laboratorio, la tensión y la corriente tienen una precisión suficiente,
2,45% y 3,9%, respectivamente, para evaluar el funcionamiento de la planta con segu-
ridad. Se envían un total de seis paquetes con un tiempo de muestro de un minuto: 8
bytes/paquete para cinco paquetes y 10 bytes/paquete para el paquete adicional. En
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Figura 5.20: Datos de intensidad registrados sobre el modulo con el sistema propuesto

términos de datos eléctricos recopilados, la figura 5.20 muestran datos registrados de
intensidad.

En cuanto a la calidad de comunicación de la solución propuesta, también se eva-
lúan con las métricas utilizadas en trabajos anteriores [98] debido a que no se han en-
contrado datos de trabajos con sistemas similares para poder comparar los resultados.
Estas métricas son la tasa de entrega de paquetes, definida como la proporción entre
los paquetes recibidos con éxito y el total de paquetes de datos enviados por los nodos
finales, y los intervalos de tiempo entre diferentes paquetes de datos (tiempo entre
llegadas), que está determinado por el valor del intervalo de tiempo correspondiente a
cada paquete recibido. En el trabajo anterior que usaba comunicaciones Lorawan [98],
el payload tenía una longitud de 38 bytes, casi elmismo tamaño de este trabajo, donde
el tamaño de la cadena enviada es de 37 bytes, 4×5 bytes flotantes (medidas de cada
sensor) y 17 bytes de huella digital temporal.

Con estas condiciones similares, nuestro estudio revela que el sistema propuesto
proporciona una conectividad fiable con un error de entrega de paquetes de alrede-
dor del 4,6% y un intervalo de tiempo estable entre paquetes de 60 segundos. Estos
resultados validan la viabilidad y fiabilidad de nuestra propuesta mejorando los resul-
tados obtenidos en trabajos anteriores superando las limitaciones relacionadas con la
falta de paquetes de datos y la frecuencia de los datos recibidos.

5.5.4. Conclusiones y contribución

Este artículo describe una solución demonitorización apta para ser aplicada en ins-
talaciones de autoconsumo o cualquier otra microgeneración, cubriendo las instala-
ciones de los denominados ‘prosumidores“ y con el objetivo de proporcionarles una
herramienta que les informe sobre su autoconsumo local.

El sistema propuesto nos permite monitorizar variables tanto eléctricas como am-
bientales. Se calibró y evaluó con éxito un prototipo en una instalación de autoconsu-
mo fotovoltaico real. Se calibraron los sensores de corriente y voltaje, determinando un
error relativo de 3% y 4% respectivamente en condiciones de laboratorio. El sistema
incluye un, panel solar fotovoltaico de 6,5W y una batería para los requerimientos de

169



CAPÍTULO 5. RESUMEN DE LOS ARTÍCULOS

energía. Los ciclos de carga y descarga de la batería también fueron monitorizados e
incluidos en el documento.

Respecto a los datos recibidos a través de las comunicaciones NB-IoT versus los da-
tos del inversor, la tensión y la corriente tienen una precisión suficiente, 2,45% y 3,9%
respectivamente, para evaluar el funcionamiento de la planta con seguridad.

Además, el sistema propuesto proporciona una conectividad fiable con un error de
entrega de paquetes del orden del 4,6% y un intervalo de tiempo estable entre pa-
quetes de 60 segundos por lo que esta solución también se puede implementar en
grandes plantas de energía fotovoltaica, así como en otras instalaciones renovables
alternativas.
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CONCLUSIONES Y LÍNEAS FUTURAS

Eneste capitulo se presentan las principales conclusiones obtenidas en el desarrollo
de los trabajos expuestos y las lineas futuras de investigación que se abren con este
trabajo.
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6.1. Conclusiones

En los próximos años se prevé la implantaciónmasiva de nueva generación renova-
ble en el sistema eléctrico para alcanzar los objetivos previstos de descarbonización de
la economía estando la tecnología fotovoltaica llamada a ser de las más implantadas
debido a su flexibilidadmodularidad y a la competitividad de sus coste. Este previsible
aumento de potencia fotovoltaica no gestionable supone un desafío para el sistema
eléctrico ya que debe el garantizar una integración segura de estas aportaciones pro-
venientes de las fuentes de energía renovables (RES) que por su propia naturaleza son
variables y distribuidas.

Para afrontar esta transición hacia un sistema energético en gran medida descen-
tralizado y basado en las energías renovables exigirá un sistema más inteligente y fle-
xible sustentado, entre otras, en la implicación de los consumidores, en una mayor
interconectividad y en un mejor almacenamiento de energía desplegado y una res-
puesta del lado de la demanda gracias al desarrollo de nuevas soluciones la gestión a
través de la digitalización.

En esta tesis nos hemos centrado en el desarrollo de una solución de digitalización
del sistema eléctrico en cuanto a generación fotovoltaica en un rango de potencias
que actualmente la legislación no obliga a su monitorización ni gestión, como son las
instalaciones fotovoltaicas de autoconsumo con una potencia hasta 100 kW.

Este tipo de instalaciones ha experimentado un notable crecimiento impulsado por
el nuevomarco normativo liberalizado, definido por el RD de Autoconsumo 244/2019 y
el RDL 15/2018, que, además de eliminar las barreras económicas y administrativas, ha
introducido la posibilidad de instalar autoconsumo compartido en bloques de vivien-
das y el mecanismo de compensación simplificada, a través del cual los autoconsumi-
dores pueden recibir una compensación económica para los excedentes de energía
que vierten a la red.

Hasta hace unos años, el coste y la complejidad de los sistemas de monitorización
de las instalaciones fotovoltaicas limitaban su uso a las plantas fotovoltaicas de gran
capacidad (a partir de 1 MW, tanto por motivos económicos como normativos), pero la
rápida evolución del mercado de IoT ha causado una explosión en la cantidad y varie-
dad de soluciones de IoT de bajo costo que podrían permitir la implementación a gran
escala de los sistemas de monitorización de manera rentable.

La tesis ha trabajado en las tres capas que componen una aplicación y sistema IoT:
capa de percepción, capa de red y capa de aplicaciones.

En la capa de percepción o capa física, se ha desarrollado un sistemade bajo coste
que permite monitorizará las variables de operación de la instalación fotovoltaica ba-
jo los requerimientos del estándar IEC–61724. Estos sistemas desarrollados a partir de
plataformas de desarrollo abiertas y de bajo coste han sido testeados en laboratorio y
en entornos reales presentando resultados de fiabilidad y precisión cercana a sistemas
convencionales a un coste mucho más reducido.

173



CAPÍTULO 6. CONCLUSIONES Y LÍNEAS FUTURAS

En la capa de comunicaciones, se han implementado y evaluado dos principales
nuevas tecnologías de comunicaciones LPWAN (Low Power Wide Area Network) .co-
mo son la tecnología LoRA y NB-IoT analizando sus prestaciones y limitaciones para su
empleo en la aplicación propuesta.

En relación a la tecnología LoRA, se demuestra la influencia de aspectos como la
distancia entre el origen y el destino, la línea de visión entre el origen y el destino y
los problemas de propagación en el proceso adecuado de recepción de datos lo que
obliga a trabajar con tiempos de de transmisión que limitan considerablemente el nú-
mero de transmisiones. Para superar estas limitaciones se ha evaluado el empleo de
la tecnología NB-IoT que al presentar licencia puede soportar conexiones masivas sin
restricciones del ciclo de trabajo a un coste adecuado .

Por último, en relación a la capa de aplicaciones se ha trabajado para avanzar en
algoritmos para la predicción a corto plazo de la generación fotovoltaica paramitigar el
impacto negativo en las redes de la implantaciónmasiva de este tipo de instalaciones
no controlables.

Los trabajos realizados se han orientado en un primer lugar hacia una caracteri-
zación de métricas basada en una aplicación de análisis de componentes principales
(PCA) para clasificar datos de irradiancia comoprincipal variable de influencia en la ge-
neración, medidos en tierra y por satélite y explorar e identificar sus diferencias como
base para el desarrollo de algoritmos de predicción.

Por otra parte, en previsión de la disponibilidad de datos de irradiancia medidos en
tierra gracias al despliegue de la solución de monitorizaron propuesta, se ha realizado
un análisis de la influencia en los resultados de las predicciones de GHI a corto plazo de
la localización de los nodos, el intervalo de tiempo en su recepción y la posible pérdida
de datos.

De este análisis se puede concluir que la presencia de nubes medida como índice
de cielo claro (clear sky GHI ratio) tiene más influencia que otros parámetros como la
pérdida de datos o la frecuencia de estos por lo que se deben considerar los días de
relación Kt GHI bajos para estimar los errores potenciales permitidos de cara al diseño
de la red.
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6.2. Líneas futuras

Tras las contribuciones presentadas en esta tesis, se han identificado nuevas líneas
de investigación para continuar avanzando en el desarrollo de este tipo de sistemas
de monitorización para instalaciones de autoconsumo fotovoltaico cuyo importante
despliegue es uno de los grandes retos a los que se va a enfrentar el sistema eléctrico
en los próximos años. Partiendo de los sistemas desarrollados en esta tesis, las líneas
futuras de esta investigación serían las siguientes:

Despliegue del sistema de monitorización propuesto en un mayor número de
instalaciones dispersas geográficamente y su monitorización a lo largo de varios
meses con el fin de conocer la fiabilidad y precisión del sistema en ensayos a lar-
go plazo. Durante este trabajo se han evaluado los sistemas a lo largo de varias
semanas, pero es necesario disponer más experiencias y demayor duración para
analizar la influencia de variables como el envejecimiento y/o la degradación de
algunos componentes en la fiabilidad del sistema.
Partiendo de los datos recopilados con este despliegue el desarrollo de nuevos
modelos de predicción de generación a corto plazo a partir de las series espacio
temporales disponibles y comparar los resultados obtenidos frente a los sistemas
actuales.
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CAPÍTULO 7

FACTOR DE IMPACTO DE LAS PUBLICACIONES

En este capítulo se incluyen los resultados del cuartil e índice de impacto de las
publicaciones incluidas en la tesis, del año de la publicación o último disponible.

“PVModuleMonitoring SystemBased on Low-Cost Solutions:Wireless Raspberry
Application and Assessment“. Paredes-Parra, J.M., Mateo-Aroca, A., Silvente-
Niñirola, G., Bueso, M.C., Molina-García, A. 2018. Energies 11, no. 11: 3051.
https://doi.org/10.3390/en11113051

• Factor de impacto en el momento de la publicación: 2.707
• Cuartil: Q3 in ENERGY & FUELS
• Citas: 38

“An Alternative Internet-of-Things Solution Based on LoRa for PV Power Plants:
Data Monitoring and Management“. Paredes-Parra, J.M., García-Sánchez, A.J.,
Mateo-Aroca, A., Molina-García, A. 2019. Energies 12, no. 5: 881.
https://doi.org/10.3390/en12050881

• Factor de impacto en el momento de la publicación: 2.702
• Cuartil: Q3 in ENERGY & FUELS
• Citas: 37

“ACharacterizationofMetrics forComparingSatellite-BasedandGround-Measured
Global Horizontal Irradiance Data: A Principal Component Analysis Application“.
Bueso, M.C., Paredes-Parra, J.M., Mateo-Aroca, A., Molina-García, A. 2020. Sustai-
nability 12: 2454.
https://doi.org/10.3390/su12062454

• Factor de impacto en el momento de la publicación: 3.251
• Cuartil: Q2 in ENVIRONMENTAL SCIENCES
• Citas: 5

“Sensitive Parameter Analysis for Solar Irradiance Short-TermForecasting: Appli-
cation to LoRa-Based Monitoring Technology“. Bueso, M.C., Paredes-Parra, J.M.,
Mateo-Aroca, A., Molina-García, A. 2022. Sensors (Basel) 22, no. 4:1499.
https://doi.org/10.3390/s22041499

• Factor de impacto en el momento de la publicación: 3.847
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IoT gateway based on NB–IoT‘. Paredes-Parra, J.M., Jiménez-Segura, R., Campos-
Peñalver, D.,Mateo-ArocaA., Ramallo-González, A.P.,Molina-García, A. 2022. Sen-
sors 22, no. 13: 4966.
https://doi.org/10.3390/s22134966

• Factor de impacto en el momento de la publicación: 3.847
• Cuartil: Q2 in ENGINEERING, ELECTRICAL & ELECTRONIC
• Citas: 0
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CAPÍTULO 8

GLOSARIO

Las siguientes abreviaciones se han usado en este documento:
ECMWF The European Centre for Medium-RangeWeather Forecasts
ESA The European Space Agency
EU The European Union
EUMETSAT The European Organisation for the Exploitation of Meteorological Satellites
GHI Global Horizontal Irradiance
GOES Geostationary Operational Environmental Satellite
IMIDA Murcian Institute of Agricultural and Food Research and Development
MODIS Moderate Resolution Imaging Spectroradiometer
MSG Meteosat Second Generation
PCA Principal Component Analysis
PV Photovoltaic
PVGIS Photovoltaic Geographical Information System
SIAM Agricultural Information System of Murcia
UTM Universal Transverse Mercator
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Symbols in metrics:
BW Bandwidth
CSS Chirp Spread Spectrum
DTW Dynamic TimeWarping
GHI Global Horizontal Irradiance
GHIgrd Ground-measured GHI
GHIsat Satellite-based GHI
gMBD General Mean Bias Deviation
ITM Irregular Terrain Model
LASSO Least Absolute Shrinkage and Selection Operator
LoRa Long Range
MAD Mean Absolute Difference
MAE Mean Absolute Error
MAPE Mean Absolute Percentage Error
MBE Mean Bias Error
MSE Mean Square Error
NCC Normalized Cross-Correlation
nMAE Normalized Mean Absolute Error
nMBE Normalized Mean Bias Error
nRMSE Normalized Root Mean Square Error
r Pearson Correlation Coefficient
PV Photovoltaic
RF Random Forest
rgMBD Relative General Mean Bias Deviation
rMAE Relative Mean Absolute Error
rMBE Relative Mean Bias Error
RMSE Root Mean Square Error
rRMSE Relative Root Mean Square Error
R2 Determination Coefficient
SBD Shape Based Distance
SF Spreading Factor
SD Standard Deviation
SNR Signal to noise ratio
vRES Variable Renewable Energy Sources
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