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CSP Concentrating solar power (energía solar por concentración).

DNI Direct normal irradiance (irradiancia solar directa).

HTF Heat transfer fluid (fluido caloportador).

LCOE Levelized cost of electricity (coste medio de generación eléctrica).

LFR Lineal Fresnel reflector (concentrador solar de tipo Fresnel lineal).

MILP Mixed-integer lineal programming (programación lineal entera mixta).

MPC Model-based predictive control (control predictivo basado en modelo).

PCM Production cost model (modelo de coste de producción).

PT Price taker (enfoque de tomador de precios).

PTC Parabolic trough collector (concentrador solar de tipo cilindro parabólico).

PV PhotoVoltaic (tecnología fotovoltaica).

SPD Solar power dish (concentrador solar de tipo disco parabólico).

SPT Solar power tower (tecnología solar de tipo torre).

TES Thermal energy storage (almacenamiento de energía térmica).
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1.1. Introducción

Esta Tesis está vinculada al Proyecto de Investigación PI2016-76493-C3-2-R, de título
Data-driven inference and applications, perteneciente al Programa Estatal de Investigación,
Desarrollo e Innovación Orientada a los Retos de la Sociedad. Se presenta como un
compendio de tres artículos publicados en revistas del Journal Citation Reports.

Los objetivos principales de la Tesis son el diseño de nuevas estrategias de planificación
óptima de la producción para una planta termosolar con almacenamiento térmico, y el
estudio mediante simulación del rendimiento económico de cada estrategia cuando se
considera la participación de la planta en el mercado diario de la electricidad. En este
sentido, en cada articulo se desarrolla y estudia cada una de las estrategias propuestas.

En respuesta a problemas como el cambio climático, la dependencia energética exterior
de los países y el agotamiento de los combustibles fósiles, la generación eléctrica basada
en fuentes de energía renovable intermitente, como la energía solar y eólica, ha crecido
significativamente durante los últimos años gracias a la disminución de costes. Este tipo
de generación presenta un carácter intermitente, variable y de difícil predicción, lo que
dificulta su integración en la red eléctrica. Sin embargo, la energía solar por concentración
(también llamada energía termosolar, solar termoeléctrica o solar térmica) presenta ciertas
características que pueden compensar en parte las desventajas anteriores. Esta tecnología
captura la radiación solar en forma de energía térmica por medio del calentamiento de un
fluido y la convierte en energía eléctrica mediante un ciclo termodinámico, una turbina y
un generador. Por el hecho de emplear energía térmica como forma de energía intermedia,
se complementa muy bien con sistemas de almacenamiento térmico. Gracias a este
almacenamiento energético, este tipo de plantas presenta cierto grado de gestionabilidad,
existiendo la posibilidad de adaptar la producción al perfil de demanda eléctrica. Esta
propiedad favorece su participación en el mercado eléctrico.

El objetivo de un productor de electricidad cuando participa en el mercado eléctrico
es maximizar los beneficios económicos derivados de la venta de electricidad. Este
objetivo puede lograrse cuando se planifica la generación de potencia en función del
perfil de precios de venta de la electricidad. Puede plantearse, por tanto, un problema de
optimización dinámica conocido en la literatura como problema de planificación óptima de
la generación (optimal generation scheduling problem). Considerando sólo el mercado diario de
la electricidad, la resolución del problema de planificación óptima permite obtener el plan
diario de generación, que debe enviarse al mercado normalmente el día anterior. Se deduce
de lo anterior que en el caso de plantas renovables, además de la necesidad de disponer
de una predicción de los precios de la electricidad, se requiere una predicción del recurso
natural para poder abordar el problema.

La herramienta matemática más usada para resolver este tipo de problemas es la
programación lineal entera mixta (mixed integer lineal programming, MILP). Un problema
lineal entero mixto es un problema de optimización en el que se combinan variables de
decisión reales con variables de decisión binarias (enteras en su formato más general). Este
método permite formular de manera sencilla la toma de decisiones sobre qué generador
y qué modo de operación se aplican en la producción. También se facilita el modelado
de restricciones operativas asociadas a arranques, paradas, gradientes de la producción
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eléctrica y otros factores. Una ventaja final es la existencia de resolvedores (solvers en inglés)
con capacidad para encontrar la solución óptima global del problema en tiempos de
cómputo relativamente cortos. En este sentido, las estrategias de planificación propuestas
en esta Tesis se han basado en la programación lineal entera mixta. La función objetivo se ha
adaptado al criterio establecido en cada estrategia. Las restricciones incluidas en el problema
de optimización modelan las conversiones energéticas y las restricciones operativas de la
planta.

Un aspecto que dificulta el problema de planificación óptima es la existencia de
incertidumbre en las predicciones de precios de la electricidad y del recurso solar. Una
predicción imprecisa de los precios trae consigo una planificación subóptima, que no
lograría alcanzar el máximo de los beneficios. Lo mismo ocurre con una predicción inexacta
del recurso natural. Además, cuando el recurso natural se ha sobrestimado, se pueden
producir desvíos de la generación respeto al plan comprometido con el mercado, lo que
puede suponer costes de penalización.

En este contexto, esta Tesis abarca los siguientes trabajos:

Desarrollo de una estrategia de planificación inspirada en el control predictivo basado
en modelo (estrategia de replanificación horaria). Este tipo de control es una estrategia
de horizonte deslizante, que se caracteriza por la resolución periódica del problema de
optimización en el horizonte considerado, que va desplazándose hacia el futuro, y por
la actualización del estado de la planta mediante mediciones en cada desplazamiento.
Estas propiedades generan un esquema de control en bucle cerrado. La estrategia de
replanificación horaria empleada tiene como particularidad la división del horizonte
en dos intervalos. El primero, intervalo de seguimiento, comprende todas las horas
desde la hora actual hasta la finalización del día actual y, por tanto, presenta un
compromiso de cumplimiento del plan de generación de dicho día. El segundo
intervalo abarca el día siguiente. Cada hora, la solución del problema establece qué
nivel de generación se debe aplicar en la hora actual y, según la información conocida
hasta ese momento, cómo seguir el plan comprometido y qué plan se debe ejecutar el
día siguiente. La función objetivo es de tipo económico, contabilizando los ingresos
por ventas de electricidad y estimando los costes de penalización por desvío de
la generación respecto al plan comprometido. El criterio para la optimización es la
maximización de los beneficios económicos. El mercado define una hora límite para
el envío del plan de generación. A esa hora se envía la solución del problema para
el segundo intervalo. La ventaja de la replanificación es que permite introducir en
el problema de manera periódica, horaria en este caso, el estado actual de la planta,
las mejoras en la predicción del recurso solar y el conocimiento exacto de los precios
de la electricidad para el día actual. Es por tanto un mecanismo para abordar la
incertidumbre presente en las predicciones y en el propio modelado del problema.
Esta estrategia es presentada en el artículo Calculating the profits of an economic MPC
applied to CSP plants with thermal storage system.

Diseño de una estrategia de planificación orientada a la disminución de las variaciones
en la producción (estrategia anti-cycling). El termino inglés cycling se usa para
referirse a dichas variaciones. Esta reducción de la variabilidad en la generación tiene
como ventajas una extensión en la vida útil de los elementos del bloque de potencia
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de la planta, una reducción de sus costes de mantenimiento y una simplificación de la
operación de la planta. Si bien la posibilidad de variar la producción en este tipo de
plantas es el factor que añade valor, es interesante limitar esta variación de manera que
no comprometa los beneficios económicos y produzca las ventajas antes mencionadas.
Esta estrategia es presentada en el artículo Optimal scheduling in concentrating solar
power plants oriented to low generation cycling.

Desarrollo de una estrategia de planificación que combine la replanificación horaria y
la reducción de la variabilidad de la producción (estrategia de replanificación horaria
con anti-cycling). Esta estrategia sumará las ventajas de las dos estrategias anteriores.
Esta estrategia es presentada en el artículo A binary-regularization-based model predictive
control applied to generation scheduling in concentrating solar power plants.

Se ha desarrollada una plataforma de pruebas para la simulación a escala horaria de
las tres estrategias propuestas sobre una planta termosolar de 50 MW de tipo cilindro
parabólico localizada en la provincia de Granada (España). Concretamente, la planta
empleada como referencia es Andasol 2, propiedad del Grupo ACS. El objetivo de las
simulaciones es estudiar el impacto económico de las estrategias propuestas. Se considera
el mercado diario de electricidad español y la hipótesis de que la producción de la planta
no altera los precios. Las simulaciones tienen una resolución horaria y abarcan un periodo
de 6 ó 12 meses, según el caso, lo que permite testear diversas condiciones meteorológicas
y de mercado. La plataforma incluye el planificador de la producción que implementa las
tres estrategias, un simulador del campo solar de la planta, e información realista sobre el
recurso solar, los precios de la electricidad, los costes de penalización y las predicciones de
todos estos datos. Esta información está asociada al año 2013.
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1.2. Rendimiento científico de la Tesis

Los trabajos llevados a cabo en esta Tesis están vinculados al Proyecto de Investigación
PI2016-76493-C3-2-R, de título Data-driven inference and applications, perteneciente al Progra-
ma Estatal de Investigación, Desarrollo e Innovación Orientada a los Retos de la Sociedad.
Los datos de este proyecto son los siguientes:

Título: Data-driven inference and applications.

Entidad financiadora: Ministerio de Economía, Industria y Competitividad.

Cantidad financiada: 116160 euros.

Referencia: DPI2016-76493-C3-2-R.

Entidad participante: Universidad de Huelva.

Duración: desde 30/12/2016 hasta 31/12/2019.

Investigador principal: José Manuel Bravo Caro.

Número de investigadores participantes: 5.

A continuación se enumeran los trabajos publicados por el doctorando en el periodo
de realización de la Tesis. La relación se muestra en orden cronológico inverso, estando
los artículos además ordenados según el tipo de publicación. Los tres trabajos publicados
en revistas internacionales son los que componen esta Tesis, presentada como compendio
de artículos. Las revistas en los que fueron publicados pertenecen al primer cuartil (Solar
Energy y Renewable Energy) y segundo cuartil (Optimal Control Applications and Methods) de
sus respectivas categorías del Journal Citation Reports.

Los trabajos (1), (2) y (3) de la lista de publicaciones en congresos internacionales y los
trabajos (4) y (5) de la relación de publicaciones en congresos nacionales son trabajos previos
a los artículos publicados en revistas.

Los trabajos (4) de la lista de publicaciones en congresos internacionales y (3) de la
relación de publicaciones en congresos nacionales son trabajos relacionados con el desarrollo
de un simulador de planta termosolar orientado a la docencia, que finalmente no se incluyó
en la Tesis.

Los trabajos (1) y (2) de la relación de publicaciones en congresos nacionales son trabajos
relacionados con una de las lineas futuras de investigación indicadas en la Sección 2.4 del
Capítulo 2.

Finalmente, en la categoría Otras publicaciones se indica un trabajo que está fuera del
contexto de la Tesis.
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Publicaciones en revistas internacionales:

1. Emilian Gelu Cojocaru, José Manuel Bravo, Manuel Jesús Vasallo and Diego Marín.
A binary-regularization-based model predictive control applied to generation schedu-
ling in concentrating solar power plants. Optimal Control Applications and Methods,1-24,
2019 (in press). Índice de Impacto (JCR, 2018) = 1.452, Cuartil: Q2 (81/254) en la cate-
goría Mathematics, Applied.

2. Emilian Gelu Cojocaru, José Manuel Bravo, Manuel Jesús Vasallo and Diego Marín.
Optimal scheduling in concentrating solar power plants oriented to low generation
cycling. Renewable energy, 135:789-799, 2019. Índice de Impacto (JCR, 2018) = 5.439.
Cuartil: Q1 (17/103) en la categoría Energy & Fuels.

3. Manuel Jesús Vasallo, José Manuel Bravo, Emilian Gelu Cojocaru and Manuel Emilio
Gegúndez. Calculating the profits of an economic MPC applied to CSP plants with
thermal storage system. Solar Energy, 155 (Supplement C): 1165 - 1177, 2017. Índice de
Impacto (JCR, 2017) = 4.374 , Cuartil: Q1 (23/97) en la categoría Energy & Fuels.

Publicaciones en congresos internacionales:

1. E. G. Cojocaru, J. M. Bravo, M. J. Vasallo and D. Marín. Scheduling in concentrating
solar power plants based on mixed-integer optimization and binary-regularization. In
2018 IEEE Conference on Decision and Control (CDC), pages 1632-1637, Dec 2018.

2. E. G. Cojocaru, M. J. Vasallo, J. M. Bravo and D. Marin. Scheduling in concentrating
solar power plants based on model predictive control and binary-regularization
methods. In 2018 IEEE Conference on Control Technology and Applications (CCTA), pages
1008-1013, Aug 2018.

3. E. G. Cojocaru, M. J. Vasallo, J. M. Bravo and D. Marín. A lifetime-extending model-
based predictive control for scheduling in concentrating solar power plants. In 2018
IEEE International Conference on Industrial Technology (ICIT), pages 1732-1737, Feb 2018.

4. E. G. Cojocaru, M. J. Vasallo, J. M. Bravo and D. Marín. Concentrated solar power plant
simulator for education purpose. In 2018 IEEE International Conference on Industrial
Technology (ICIT), pages 1829-1834, Feb 2018.

Publicaciones en congresos nacionales:

1. Emilian Cojocaru, José Manuel Bravo Caro, Manuel Vasallo, and Manuel Emilio
Gegúndez-Arias. Modelos empíricos del campo solar en plantas termosolares de
concentración. Aplicación a la planificación. In XL Jornadas de Automática, pages 1829-
1834, Feb 2018.

2. Emilian Gelu Cojocaru, José Manuel Bravo, Manuel Jesús Vasallo and Manuel Emilio
Gegúndez-Arias. Planificación de la producción en plantas termosolares. Modelado
del campo solar orientado a datos. In XXXIX Jornadas de Automática, pages 664-671,
Sep 2018.
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3. Emilian Gelu Cojocaru, Manuel Jesús Vasallo, José Manuel Bravo and Diego Marín.
Simulador de planta termosolar con fines educativos. In IV Simposio CEA de Modelado,
Simulación y Optimización, pages 53-58. Valladolid, España, Jan 2018.

4. Emilian Gelu Cojocaru, Manuel Jesús Vasallo, José Manuel Bravo and Diego Marín.
Planificación de la producción en plantas térmicas de concentración solar, una
perspectiva para el mercado eléctrico. In IV Simposio CEA de Modelado, Simulación y
Optimización, pages 72-77. Valladolid, España, Jan 2018.

5. M. J. Vasallo, J. M. Bravo, E. Cojocaru and M. E. Gegúndez. Planificación de la
producción basada en control predictivo para plantas termosolares. In XXXVIII
Jornadas de Automática pages 641-648, Sep 2017.

Otras publicaciones:

José Manuel Bravo, Emilian Cojocaru, Manuel Vasallo, and Teodoro Alamo. Interval
predictor based on supporting hyperplanes. In 2018 European Control Conference (ECC),
pages 2830-2835. IEEE, 2018.
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1.3. Estructura de la Tesis

La memoria de esta Tesis está organizada en cuatro capítulos según la distribución que
se describe a continuación.

En el Capitulo 1, Planteamiento general de la Tesis, se realiza una introducción a la temática
de la misma, se señalan las principales aportaciones y se indica la producción científica
generada mediante los trabajos realizados en el ámbito de esta Tesis. Finalmente, se describe
la estructura del documento de Tesis.

En el Capitulo 2, Resumen, se exponen los objetivos propuestos, la metodología seguida
para alcanzarlos, los resultados obtenidos y las conclusiones derivadas a partir de dichos
resultados. Finalmente, se exponen las conclusiones generales de la Tesis y algunos posibles
trabajos futuros.

En el Capitulo 3, Antecedentes, se realiza una introducción a los sistemas y tecnologías
que tienen relación con los desarrollos realizados en esta Tesis, junto con una descripción
del problema abordado. Los elementos tratados son los sistemas y mercados eléctricos,
las tecnologías de energía renovable, las tecnologías termosolares, la programación lineal
entera mixta, el control predictivo basado en modelo y el problema de planificación de la
producción en sistemas eléctricos en general, y en plantas termosolares en particular.

El Capitulo 4, Copia de trabajos publicados, contiene los artículos publicados en su orden
de aparición.

Finalmente, se indica la bibliografía referenciada en el documento de Tesis.



Capítulo 2

Resumen
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En este capítulo se realiza un resumen de la Tesis. Se exponen los objetivos propuestos,
la metodología seguida para alcanzarlos, los resultados obtenidos y sus conclusiones, las
conclusiones generales y algunos posibles trabajos futuros.

2.1. Objetivos y metodología

Los objetivos de esta Tesis son el desarrollo de tres nuevas estrategias para la
planificación de la producción en plantas termosolares, descritas brevemente en la Sección
1.1 del capítulo 1, y el estudio del impacto económico de cada estrategia en un contexto
de simulación. Se indican a continuación los recursos iniciales que el doctorando tuvo a su
disposición al inicio de los trabajos de esta Tesis, que fueron desarrollados por los directores
de la Tesis para las publicaciones [1] y [2]:

1. Un modelo MILP (mixed-integer linear programming) que resuelve el problema de
planificación para el día siguiente, cuya función objetivo incluye sólo los ingresos
económicos derivados de la venta de electricidad. Este modelo de optimización fue
implementado en MATLAB con ayuda de una herramienta de acceso libre para el
modelado y resolución de problemas de optimización llamada YALMIP [3].

2. Un modelo MILP que resuelve el problema de planificación para una posición
de la ventana deslizante de la estrategia de control predictivo basado en modelo
(model-based predictive control, MPC). A diferencia de la estrategia de replanificación
horaria propuesta en esta Tesis, en este modelo la función objetivo contabiliza en el
primer intervalo del horizonte los desvíos respecto al plan comprometido y calcula
en el segundo intervalo los ingresos derivados de la venta de electricidad. Las
herramientas MATLAB y YALMIP también se emplearon para implementar este
modelo de optimización.

3. Un modelo detallado del campo solar de la planta objeto de estudio, implementado
en MATLAB, que permite calcular la potencia térmica disponible a partir de la
irradiancia solar directa (direct normal irradiance, DNI), que es el tipo de radiación solar
aprovechable en la tecnología termosolar.

Empleando estos elementos como recursos iniciales, los trabajos que se han llevado a
cabo son los siguientes:

1. Desarrollo de la estrategia de replanificación horaria. La nueva función objetivo
contabiliza los ingresos derivados de la venta de electricidad en todo el horizonte y
estima las penalizaciones provocadas por los desvíos en el intervalo de seguimiento.
Se trata, por tanto, de una función objetivo con un enfoque totalmente económico. El
nivel de penalización del desvío se emplea como parámetro de ajuste de la estrategia.
Se supone la existencia de un predictor a corto plazo de la radiación solar con una
precisión regulable.
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2. Diseño de la estrategia anti-cycling. La nueva función objetivo incluye un mecanismo
que penaliza los cambios en la producción. Además, este mecanismo penaliza de
manera diferente, mediante el uso de variables binarias, las variaciones según el estado
del bloque de potencia: operación normal, arranque y parada. De esta manera se
consigue aumentar el número de grados de libertad del problema en busca de mejores
soluciones. Los grados de penalización de las variaciones en operación normal,
arranque y parada son los parámetros de ajuste de esta estrategia.

3. Desarrollo de la estrategia de replanificación horaria con anti-cycling. Se combinan las
dos estrategias anteriores.

4. Desarrollo e implementación en MATLAB de una plataforma de pruebas para realizar
las simulaciones a escala horaria que permitan evaluar el impacto económico de las
estrategias. Las simulaciones abarcan un periodo de seis meses para las estrategias
de replanificación horaria con y sin mecanismo anti-cycling, y de 12 meses para la
estrategia anti-cycling. Se eligieron estos tamaños de los periodos de simulación con
base en el tiempo de computación requerido por cada estrategia. La plataforma consta
de los siguientes bloques:

Planificador de la producción. En este bloque están implementadas las tres
estrategias de planificación. Cada estrategia lleva asociada una función de
MATLAB que contiene el problema de optimización correspondiente, donde se
definen la función objetivo y las restricciones operativas y de balance energético
de la planta. De nuevo se emplea la herramienta YALMIP para el modelado del
problema y su resolución.

Simulador de la planta para el análisis económico. La planta se representa
mediante un problema de optimización basado en MILP que se ejecuta cada
paso de simulación (una hora). Este problema recibe como datos de entrada
la potencia térmica disponible en el campo solar y la consigna de producción
establecida por el planificador. Presenta las mismas restricciones que los modelos
MILP de las tres estrategias. El objetivo de mayor prioridad del problema es la
reducción del error de generación, seguido de la maximización de la energía que
se puede guardar en el almacenamiento térmico (thermal energy storage, TES). La
herramienta YALMIP también se emplea para el modelado y resolución de este
problema. El modelo detallado del campo solar se empleó para convertir valores
reales de DNI en potencia térmica disponible, que es un dato de entrada para el
modelo MILP de la planta, como se comentó anteriormente.

Predictor de la potencia térmica disponible en el campo solar. Este bloque tiene
por objeto crear un escenario de predicciones realistas de la potencia térmica
disponible en el campo solar. Se apoya en un conjunto de predicciones sintéticas
de DNI, que se han generado buscando un valor anual del error cuadrático medio
normalizado del 32 % para la predicción a un día, que es una valor encontrado
en la literatura para una localización como el sur de España [4]. Finalmente, se
empleó el modelo detallado del campo solar para convertir las predicciones de
DNI en predicciones de potencia térmica disponible en el campo solar. Existe
también la posibilidad de generar un escenario de predicción perfecta de la
potencia térmica disponible.
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Predictor de precios de la electricidad. Este bloque genera un escenario realista
de predicciones para el precio de la electricidad. También se basa en conjunto
de predicciones sintéticas, que se han generado para obtener un valor medio
anual del error cuadrático medio de 2.7 e/MW h para la predicción a un día,
valor orientativo encontrado en la literatura [5]. También es posible generar un
escenario de predicción perfecta de pecios.

Proveedor de valores reales de DNI, precios de la electricidad y costes de
penalización por desvío de la producción. Los valores reales de DNI se han
obtenido a partir de un conjunto de medidas de radiación solar procedentes
de una planta fotovoltaica cercana a la localización en cuestión. Los datos
económicos fueron tomados de las paginas web del Operador del Mercado
Eléctrico [6] y del Operador del Sistema Eléctrico en España [7] para el año 2013.

5. Análisis del impacto económico de las tres estrategias. Se realizaron varias simulacio-
nes por cada estrategia, haciendo un barrido de los valores de los parámetros de ajuste
de cada una de ellas. Como referencia para la comparación se empleó una estrategia
básica de planificación, esto es, sin replanificación ni mecanismo anti-cycling.

2.2. Resultados y discusión

A continuación se indican los principales resultados obtenidos tras la realización de
las simulaciones. Una estrategia básica de planificación, esto es, sin replanificación ni
mecanismo anti-cycling, se empleó como referencia para realizar las comparaciones.

La estrategia de replanificación horaria se aplicó en el periodo 01/01/2013 a 30/06/2013.
Para este análisis se supuso una predicción perfecta de precios. De los resultados se pueden
extraer las siguientes conclusiones:

1. La estrategia de replanificación horaria mejora los resultados económicos de la
estrategia de referencia, incluso cuando no se utiliza ninguna predicción a corto plazo
de la radiación solar.

2. La precisión y el alcance de la predicción a corto plazo de la radiación solar mejoran
los resultados económicos de la estrategia de replanificación horaria.

3. La mejora económica es más significativa en periodos de baja precisión en la
predicción de radiación solar. Concretamente, la mejora de los beneficios económicos
respecto a la estrategia de referencia se sitúa en torno a un 7 % el mes de Marzo.

4. En relación a la máxima mejora posible, obtenida si se considerasen predicciones
perfectas del recurso solar y los precios, se observan mejoras económicas que oscilan
entre un 13.9 % y un 33.3 %, según la precisión de la predicción a corto plazo.

5. El nivel de penalización aplicado a los desvíos en la estrategia (parámetro de ajuste)
puede basarse en los valores de los costes de penalización del año anterior. Se
comprobó que esta estimación ofrece buenos resultados.
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La estrategia anti-cycling se aplicó en el periodo 01/01/2013 a 31/12/2013, considerando
predicciones imperfectas de precios de la electricidad y radiación solar. Analizando los
resultados se pueden extraer las siguientes conclusiones:

1. La solución óptima presenta poca sensibilidad a variaciones de alta frecuencia en el
perfil de generación, lo que favorece la aplicación de esta estrategia.

2. Se observan importantes reducciones de las variaciones de la generación (hasta cerca
de un 70 % en la media del incremento horario en valor absoluto de la generación
eléctrica en operación normal), sin afectar los beneficios económicos.

3. El comportamiento de la estrategia es similar cuando se emplean predicciones
perfectas del recurso solar, indicando cierta independencia frente a la precisión de las
predicciones.

4. Se propone un método basado en datos históricos para estimar el nivel de penalización
que permita minimizar las variaciones de la generación sin influir en los beneficios
económicos

5. Otro beneficio observado es la reducción de los desvíos respecto al plan comprometi-
do, un aspecto positivo que simplificaría la tarea del Operador del Sistema Eléctrico

La estrategia de replanificación horaria con anti-cycling se aplicó en el periodo 1/01/2013
a 30/06/2013, considerando predicciones imperfectas de precios de la electricidad y
radiación solar. Esta estrategia aplica el mecanismo de penalización de las variaciones tanto
en la síntesis del plan de generación para el día siguiente como en el seguimiento del plan
actual.

De los resultados se pueden extraer las siguientes conclusiones:

1. La inclusión de un término de penalización de las variaciones en la estrategia
de replanicación horaria proporciona buenos resultados al reducir el porcentaje de
variaciones (hasta cerca de un 60 % en la media del incremento horario en valor
absoluto de la generación eléctrica en operación normal) sin empeorar los resultados
económicos obtenidos, empleando esta vez la estrategia de replanificación horaria sin
anti-cycling como referencia.

2. El rendimiento económico de la estrategia de replanificación horaria con anti-cycling
es superior al de la estrategia simple con anti-cycling, como era de esperar.

3. Al igual que lo deducido tras los resultados de la estrategia anti-cycling, el comporta-
miento con predicción perfecta del recurso solar es similar al observado con predicción
imprecisa, y el nivel de penalización que minimiza las variaciones y mantiene los be-
neficios económicos puede estimarse con datos históricos.
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2.3. Conclusiones generales

En esta Tesis se han propuesto varias estrategias de planificación óptima de la produc-
ción para plantas termosolares con almacenamiento térmico. Además se han realizado va-
rios estudios del rendimiento económico resultante tras aplicar dichas estrategias. Los estu-
dios se han basado en simulaciones realistas de distintos escenarios climáticos y de mercado.

Se ha diseñado una plataforma de simulación que permite estudiar el impacto
económico de los sistemas de planificación propuestos. La plataforma incluye el planificador
de la producción, un simulador de la planta termosolar e información realista sobre el
recurso solar, los precios de la electricidad, las penalizaciones económicas por desvío y las
predicciones de todos estos datos. La plataforma permite la simulación de las estrategias de
planificación a lo largo de todo un año de producción con el fin de estudiar el impacto de
condiciones climáticas y de mercado diferentes.

Se ha empleado una formulación del problema de planificación óptima basada en la
programación lineal entera mixta. La formulación de dicho problema utiliza predictores
de recursos solares y precios de venta de electricidad para obtener los datos necesarios
en la optimización. La función de coste refleja el objetivo buscado por la estrategia de
planificación correspondiente. Un conjunto de restricciones de igualdad y desigualdad se
utilizan para modelar las conversiones energéticas y la operativa realizada en el proceso de
producción de la planta.

Con el fin de atenuar la incertidumbre presente en el modelo de optimización y en
las predicciones de radiación solar y precios de venta de la electricidad, se ha formulado
una estrategia de replanificación horaria basada en ventana deslizante (inspirada en la
estrategia usada por el control pedictivo basado en modelo). La replanificación horaria tiene
como objetivo repartir los desvíos respecto a la producción comprometida de la forma más
beneficiosa económicamente, considerando la nueva información disponible cada hora.

Se han diseñado dos estrategias de planificación de la producción orientadas a aumentar
la vida útil de los elementos del bloque de potencia, a reducir los costes de mantenimiento
y a facilitar la operabilidad de la planta, pero sin disminuir los beneficios por venta de
electricidad. Estas estrategias incluyen un método de penalización de las variaciones no
necesarias en la producción. La diferencia entre estas dos estrategias propuestas es la
inclusión o no de la replanificación horaria.

Se han realizado varios estudios del impacto económico de las diferentes estrategia de
planificación propuestas usando la plataforma de pruebas diseñada. Se ha usado como
referencia para la comparación una estrategia básica de planificación (sin replanificación
y sin penalización de variaciones). Los estudios confirman las mejoras esperadas en cada
una de las estrategias de planificación desarrolladas.
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2.4. Trabajos futuros

A continuación se enumeran algunas líneas de investigación que podrían dar continui-
dad a la investigación iniciada con esta Tesis. Algunas de estas líneas ya se han iniciado,
como se puede apreciar en la lista de publicaciones en congresos nacionales (Sección 1.2 del
Capítulo 1).

Proponer nuevas estrategias de planificación orientadas a disminuir la energía
desenfocada. La planificación orientada a precios de venta genera un incremento de la
energía desenfocada y, por tanto, no convertida en electricidad. El objetivo de esta línea
sería plantear una nueva estrategia de planificación que sin empeorar los resultados
económicos minimice la energía no aprovechada.

Obtener modelos empíricos del campo solar e integrarlos en la estrategia de
planificación. La obtención de modelos empíricos simplifica enormemente la tarea de
modelado del comportamiento de la planta termosolar.

Estudiar técnicas de programación estocástica y optimización robusta en la estrategia
de replanificación. El objetivo es modelar la incertidumbre presente en los modelos
para obtener mejores resultados económicos y garantizar un mínimo de beneficios.
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Capítulo 3

Antecedentes
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En este capítulo se lleva a cabo una introducción a los sistemas y tecnologías que tienen
relación con los trabajos de la Tesis, junto con una descripción del problema abordado.

En primer lugar, en la Sección 3.1, se realiza una introducción al sistema eléctrico, donde
se indican las distintas entidades que lo constituyen y las funciones que desempeñan. El
mercado eléctrico y sus tipos son descritos brevemente en la Sección 3.1.1. La Sección 3.1.2
se dedica a las tecnologías de energías renovables, como partes integrantes del sistema
eléctrico. Se abordan aspectos como su desarrollo, despliegue y evolución de costes, con
el fin de dar una idea global sobre su estado actual y futuro.

En la Sección 3.2 se realiza una introducción a las plantas termosolares. Se expone
una breve descripción del funcionamiento de esta tecnología y las características más
importantes. También se describen sus tipos y los componentes fundamentales de esta clase
de plantas.

El método empleado en esta Tesis para resolver el problema de planificación de la
producción en plantas termosolares se basa en la programación lineal entera mixta, por lo
que en la Sección 3.3 se ofrece una introducción a este tipo de problema de optimización,
donde se exponen las características que se reflejan en su formulación y los enfoques de
resolución existentes.

Algunas de las estrategias de planificación propuestas en esta Tesis están inspiradas en
el control predictivo basado en modelo. En la Sección 3.4 se describe con brevedad este tipo
de control, se realiza un breve recorrido sobre su desarrollo y se indican sus principales
ventajas e inconvenientes.

En la Sección 3.5 se aborda el problema de la planificación de la producción en
sistemas eléctricos, con especial énfasis en plantas termosolares, describiéndose los dos
enfoques aplicables a este tipo de problemas. Finalmente, en la Sección 3.5.1 se exponen las
características del tipo de problema de planificación abordado en esta Tesis: la planificación
de la producción de una planta de energía solar por concentración (concentrating solar power,
CSP) en el mercado diario de la electricidad desde un punto de vista de tomador de precios.
Al final de esta sección se indica la estrategia de planificación empleada en esta Tesis como
referencia para realizar la comparación con las estrategias propuestas.

3.1. El sistema eléctrico

El sistema eléctrico español está compuesto por la infraestructura que permite la
generación, el transporte, la distribución y el consumo de la electricidad, y por un mercado
eléctrico que define su funcionamiento, determinando quién produce, cuánto, cuándo y a
qué precio.

La potencia de los sistemas de generación eléctrica puede variar desde unos pocos kW
(por ejemplo, pequeñas instalaciones fotovoltaicas) hasta varios GW (por ejemplo, plantas
nucleares o de carbón). Además, los sistemas de generación eléctrica se pueden clasificar
según su flexibilidad de operación (producción fija o ajustable) y según la fuente de energía
empleada (no renovable o renovable). También se pueden clasificar en generadores de
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capacidad firme, es decir, aquellos cuya generación no se ve alterada por factores externos, y
en generadores de capacidad variable, cuya generación depende de factores no controlables,
como el viento o el sol [8].

El sistema eléctrico es gestionado por el Operador del Sistema (Transmission System Ope-
rator, TSO), que es una entidad encargada de la planificación, operación y mantenimiento
del sistema eléctrico. En España, el TSO es Red Eléctrica de España (REE) [7]. Por otro lado,
el Operador del Mercado (Market Operator, MO) es el encargado de gestionar el mercado
eléctrico bajo criterios económicos. Su principal función es la casación entre oferta y deman-
da, para obtener precios y cantidades de energía intercambiada. En la Península Ibérica, el
operador del mercado mayorista es OMIE (Operador del Mercado Ibérico de Energía) [6].

Un aspecto importante a tener en cuenta en los sistemas eléctricos es el equilibrio entre
la oferta y la demanda. Debido a las dificultades de almacenamiento de la electricidad, la
casación entre ambas se obtiene principalmente variando la producción de las unidades
generadoras. Las unidades fijas proporcionan la denominada potencia base, mientras que
los generadores ajustables satisfacen los picos de demanda [8].

3.1.1. Mercados eléctricos

La desregularización de los sistemas eléctricos dio comienzo a finales de los años
ochenta a nivel mundial, y a mediados de los años noventa en la Unión Europea [6].
Uno de sus objetivos fue la reducción de complejidades e ineficiencias asociadas con la
toma centralizada de decisiones [9]. En estos sistemas, la electricidad se comercializa de
manera competitiva, con la gestión generalmente realizada por entidades privadas [10; 11;
12]. Los agentes del mercado eléctrico son los distintos productores, vendedores y grandes
consumidores.

Tipos de mercados

Una primera clasificación del mercado eléctrico puede hacerse en minorista y mayorista.
El mercado minorista se centra en la relación entre proveedores y consumidores. Los
proveedores compran electricidad a los productores y la venden a los consumidores. En
el mercado mayorista, los participantes son los productores, los proveedores y los grandes
consumidores. Estos mercados operan a nivel transnacional. Para la Península Ibérica, OMIE
es el operador del mercado mayorista.

Debido a que la electricidad se tiene que producir cuando se necesita, las compra-ventas
de electricidad se refieren siempre a una entrega que ocurrirá en el futuro. En función de las
características temporales de las transacciones, existen varios tipos de mercado mayorista
[11; 6]:

mercados de futuro: transacciones para horizontes de medio a largo plazo, con rangos
típicos de semanas hasta años.

mercado diario: transacciones para las 24 horas del día siguiente.
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mercado intradiario: complementa al mercado diario; la energía se tiene que entregar
dentro de un periodo de tiempo especificado, típicamente varias horas desde el fin de
la sesión.

mercado de balance o de servicios de ajuste: en este mercado la entrega se tiene que
hacer en tiempo real (el horizonte temporal de los servicios de ajuste es desde 20
segundos hasta 15 minutos [7]) .

El mercado diario

Los mercados diarios son mercados al por mayor (también llamados “al contado”, o
mercados “spot”). En estos mercados, los productores indican los precios a los que están
dispuestos a vender la electricidad que pueden generar, típicamente el día anterior. Sus
ofertas indican, para cada hora del día, cantidades de energía que pueden entregar al
mercado, y los precios asociados a cada cantidad. De igual forma, los compradores entregan
sus ofertas de compra, basadas en la misma estructura. El Operador del Mercado acepta
ofertas de compra hasta alcanzar las demandas esperadas para cada hora, en orden creciente
de precios. Los precios del mercado y volúmenes de energía para cada hora se obtienen
empleando un algoritmo de uso común en todos los mercados europeos llamado Euphemia,
obteniendo planes de producción para los distintos generadores.

De forma simplificada, el precio de compra/venta del mercado es el máximo de todas
las ofertas aceptadas, o el mínimos de las demandas aceptadas [13]. En el mercado diario
europeo, que incluye al español, los precios son fijados diariamente a las 12:00 horas, para
las 24 horas del día siguiente [6].

En un último proceso se consideran restricciones de transmisión y limitaciones de las
unidades generadoras (por ejemplo, condiciones complejas de las ofertas como gradientes
de carga o ingresos mínimos) [6], que pueden resultar en pequeños ajustes de los planes
obtenidos del mercado, tanto en potencias generadas como en precios finales de la
electricidad.

El mercado intradiario

En el mercado intradiario, los agentes del mercado pueden ajustar el programa
resultante del mercado diario mediante nuevas ofertas de compra/venta de energía. Este
mercado se estructura en varias sesiones de subastas donde se presentan ofertas adaptadas
a las necesidades del mercado observadas en tiempo real. En el mercado Ibérico, existen
seis sesiones diarias para este mercado, cada una con distintos horizontes temporales (de 12
hasta 28 horas [6]).

Al igual en el mercado diario, en el mercado intradiario las ofertas presentadas pueden
incluir condiciones complejas, como límites a los gradientes de carga y a la energía
disponible. La casación de las ofertas de compra y venta de energía se realiza mediante
un proceso iterativo, que asegura el cumplimiento de todas las condiciones de las ofertas
aceptadas, además de las restricciones del sistema eléctrico [6].
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Mercado de servicios de ajuste

El mercado de servicios de ajuste asegura el balance entre la oferta y la demanda
mediante las distintas reservas disponibles. Estos servicios se ofrecen principalmente por
los productores (también pueden ser ofrecidos por consumidores mediante reducción de
su consumo) a través de una serie de mercados organizados por el Operador del Sistema
[7]. Las actuaciones realizadas se centran en resolver congestiones en la red, control de
frecuencia y tensión, reservas de potencia y gestión de desvíos [14].

3.1.2. Energías renovables

Las tecnologías renovables están en un continuo proceso de desarrollo y despliegue.
Actualmente, a nivel mundial, las aportaciones de las fuentes renovables en el consumo
de energía siguen siendo bastante reducidas. Sin embargo, debido al rápido agotamiento
de los combustibles fósiles [15; 16], a la necesidad de reducir la dependencia energética
mejorando la producción nacional [17], y a la aceleración del calentamiento global, existe un
gran impulso a nivel mundial para el desarrollo de estas fuentes [18; 19].

Las energías renovables tienen varias ventajas. Son prácticamente inagotables, no
contaminan y están disponibles en todo el planeta. Sin embargo, suelen presentar
intermitencias importantes en la producción y elevados costes de inversión [19].

El problema de la intermitencia en la producción se puede afrontar mediante el uso de
plantas híbridas o la inclusión de sistemas de almacenamiento energético [20]. Las plantas de
generación híbrida combinan varias fuentes de generación. Pueden aprovechar los recursos
renovables cuando estén disponibles y producir energía usando otras fuentes renovables
(como biocombustibles) o no renovables, en ausencia de la fuente renovable intermitente.
Por otro lado, las distintas tecnologías de almacenamiento energético son de gran interés
en el ámbito de las energías renovables ya que permiten almacenar la energía sobrante y
desplazar la producción, mejorando la gestionabilidad del sistema de generación [21].

En cuanto al despliegue de las tecnologías renovables, en 2017, la potencia eléctrica total
instalada a nivel global alcanza 2179 GW [22]. El porcentaje del consumo global de energía
primaria que proviene de fuentes renovables alcanzó el 3.6 % en 2017 (sin contar la energía
hidráulica), un valor bastante bajo, aunque en un proceso de crecimiento importante [16].
Muchos países están planificando una producción energética con una gran parte basada en
energías renovables. Existen estudios que apuestan por una generación 100 % renovable [23;
24; 25].

Energía fotovoltaica

Las tecnologías fotovoltaicas (PhotoVoltaic, PV) se han desarrollado ampliamente en
los últimos años. La reducción de costes de producción debido a la economía de escala,
mejoras de los procesos de producción, la existencia de cadenas de suministro competitivas
a nivel global, o la existencia de proyectos internacionales experimentales han tenido como
resultado importantes reducciones de costes, haciendo que la tecnología PV sea cada vez
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más rentable. Conforme con el informe de IRENA [26], en los proyectos a escala comercial
basados en tecnología PV los costes han bajado un 73 % desde 2010. Considerando los costes
medios de generación eléctrica (levelized cost of electricity, LCOE), la tecnología PV llega a 0.10
$/kWh1 para proyectos encargados en 2017. Los costes de los módulos PV han bajado un
81 % en el mismo periodo, haciendo que esta tecnología sea cada vez más rentable. La media
global de los costes totales de instalación de sistemas fotovoltaicos ha bajado un 68 % entre
2010 y 2017.

Energía eólica

Las tecnologías eólicas han experimentado un crecimiento importante en los últimos
años. Se trata de una tecnología madura y de costes de inversión relativamente bajos, lo
que la hace atractiva para muchos lugares en el mundo. Los proyectos eólicos en tierra han
tenido una disminución de costes del 23 % en el periodo 2010-2017. Esta disminución se
debe sobre todo a la reducción de los precios de las turbinas, que han bajado entre un 39 %
y un 58 % (dependiendo del mercado). En los proyectos encargados para 2017, el coste de
la energía eléctrica eólica marítima llega a valores LCOE de 0.14 $/kWh, mientras que el
LCOE para proyectos eólicos en tierra ronda los 0.06 $/kWh, con precios de subastas para
proyectos eólicos en tierra llegando a valores de 0.03 $/kWh [26].

Energía hidroeléctrica

La hidroelectricidad, aunque continúa generando electricidad a precios muy bajos, ha
sufrido una subida de costes medios, con LCOE aumentando desde 0.036 $/kWh en 2010
a 0.046 $/kWh para proyectos a gran escala encargados en 2017. Este aumento se debe a
que la cantidad de emplazamientos idóneos para proyectos hidroeléctricos disponibles está
bajando, por lo que los nuevos proyectos se vuelven más desafiantes, con más costes de
ingeniería y de desarrollo del proyecto [26].

Energía solar por concentración

La energía solar por concentración (concentrating solar power, CSP) permite transformar
la energía solar en electricidad empleando distintas tecnologías que permiten obtener altas
temperaturas mediante elevados niveles de concentración de la radiación solar sobre un
elemento receptor. Una ventaja de esta tecnología es el almacenamiento térmico (thermal
energy storage, TES), que permite almacenar la energía procedente del campo solar de forma
eficiente y económicamente viable, haciendo que este tipo de plantas presenten cierto grado
de gestionabilidad, es decir, tienen la posibilidad de ajustar su producción de electricidad
bajo demanda [27]. Esto permite optimizar la producción de la planta, de tal forma que la
generación eléctrica se concentre en horas de precios altos. De esta forma, aunque el TES
aumenta el coste de la planta, el desacople entre la disponibilidad de energía solar y la
producción permite aumentar el rendimiento económico de la planta [28].

1$ se refiere a dólar estadounidense
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El almacenamiento térmico es una solución de bajo coste comparada con las otras
alternativas de almacenamiento (25-75 e/kWh-el, eficiencia >95 %), con costes menores
incluso que el almacenamiento hidroeléctrico por bombeo (70 e/kWh-el, eficiencia <80 %),
y bastante menores que el almacenamiento por baterías (>147 e/kWh-el) [29; 30].

El precio de la energía eléctrica para nuevos proyectos con tecnología CSP ha bajado un
33 % desde 2010, desde 0.27 $/kWh en 2016 a un LCOE estimado de 0.22 $/kWh en 2017.
Además, se esperan nuevas bajadas de precios para esta tecnología [19; 31].
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3.2. Plantas termosolares

Las tecnologías CSP emplean espejos o lentes para conseguir una alta concentración
de radiación solar sobre una pequeña superficie receptora, produciendo el calentamiento
de una sustancia, generalmente un fluido (fluido caloportador, heat transfer fluid, HTF).
Esta energía térmica se transforma en energía mecánica mediante un ciclo termodinámico.
Normalmente, una turbina de vapor se acopla a un generador eléctrico para realizar la
conversión a energía eléctrica.

La principal ventaja de la tecnología CSP es la posibilidad de almacenar temporalmente
la energía térmica, para ser usada posteriormente en la generación de electricidad. De
esta forma se consigue desacoplar la producción de la planta de las intermitencias de
la fuente solar, permitiendo la producción durante periodos nublados o por la noche
[20]. La integración del almacenamiento térmico hace que las tecnologías CSP sean semi-
gestionables (no completamente gestionables porque la capacidad de almacenamiento es
finita). El bloque de potencia es totalmente compatible con el uso de otras fuentes de energía
térmica, como biocombustibles o combustibles fósiles. De esta forma se pueden obtener
plantas híbridas totalmente gestionables, que aprovechan la energía solar. Por ejemplo,
las plantas termosolares de España obtienen entre un 12 y un 15 % de su generación de
potencia a base de gas natural [32]. Por otra parte, sólo 50 plantas - circa 40 % - incorporan
almacenamiento térmico [33]. En estos casos, se suelen usar combustibles convencionales
como fuente de energía adicional para producir electricidad cuando la radiación solar es
insuficiente o no está disponible [18; 34; 35].

La conversión de la energía térmica en energía eléctrica se realiza mediante ciclos
termodinámicos de alta eficiencia, que son bien conocidos en la industria de la generación
eléctrica al no ser específicos para la tecnología CSP [36; 37]. Algunos estudios estiman que
las plantas CSP podrían producir un 7 % de la energía eléctrica mundial para el año 2030,
y un 25 % para 2050 [38]. Con altos niveles de eficiencia energética y desarrollo industrial
avanzado, las tecnologías CSP podrían cubrir un 6 % de la demanda energética global para
2030, y un 12 % para 2050 [20]. Además de la producción de electricidad, las tecnologías CSP
tienen un gran potencial en la generación de empleo y reducción de CO2 a escala global [39].

Uno de los factores que condicionan la rentabilidad de las plantas CSP es la cantidad
de irradiación solar directa (direct normal irradiance, DNI) recibida en una ubicación
determinada a lo largo del año. Normalmente se considera que los niveles de DNI para
las plantas CSP comerciales deben estar en el rango 2000-2800 kWh/m2/año para que las
plantas sean rentables [40].

3.2.1. Tipos de plantas

Los concentradores solares se dividen, en función de la geometría de enfoque y
tecnología receptora, en cuatro tipos, que pueden verse en la Figura 3.1: las de cilindro
parabólico, de torre central, de reflectores basados en lentes de Fresnel y de disco parabólico.
Cada una de las tecnologías CSP difiere en aspectos fundamentales como sus dimensiones,
la potencia que pueden generar, sus rendimientos óptico y térmico, y su coste [41].
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Figura 3.1: Tipos de tecnologías CSP - de [42].
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Concentrador de tipo cilindro parabólico

Los concentradores de tipo cilindro parabólico (parabolic trough collector, PTC) se
presentan como una alternativa a los de tipo torre, al ser también una tecnología que
permite la generación de electricidad a escala comercial, además de ser una tecnología que
puede ser usada en otras aplicaciones como enfriamiento solar, calentamiento industrial
o desalinización [43]. Es una tecnología madura, con gran experiencia de operación y
facilidad de acoplamiento con combustibles fósiles y otras fuentes de energía renovable,
como la biomasa [42; 44; 45]. Este tipo de concentrador presenta una estructura modular,
simple de instalar, lo que ofrece flexibilidad y escalabilidad. Mediante la interconexión de
varios módulos se pueden obtener grandes potencias instaladas, aunque hay limitaciones en
cuanto al tamaño del campo solar debido a las pérdidas de presión y a las pérdidas térmicas
en el transporte del fluido caloportador en el campo solar.

Los receptores tipo PTC convencionales consisten de una sección parabólica de cilindro,
un receptor cilíndrico lineal y una estructura de soporte metálica. El seguimiento del sol
se realiza con un mecanismo de un solo eje. Normalmente, el campos solar está formado
por varios lazos de colectores conectadas en paralelo. Los lazos están constituidos por
varios módulos conectados en serie. Las longitudes típicas de los módulos son de unos
10 m, con un ancho de apertura de hasta 10 m [46; 47], y 10-15 módulos conectados
en serie para formar un bucle. El receptor se compone de un tubo (generalmente de
metal) dentro de un encapsulado de vidrio evacuado con un recubrimiento selectivo,
haciendo que tenga una elevada absorbancia y una baja emisividad [48; 43]. Con niveles
de concentración de 70-100 soles (1 sol = 1 kW/m2), las temperaturas de trabajo suelen estar
en el rango 350-550ºC, alcanzando una eficiencia anual solar-a-electricidad del 15 % [41; 32;
49].

El fluido caloportador puede ser un aceite sintético, sal fundida, o agua, que fluye por
el tubo receptor térmico para absorber la energía térmica de la radiación solar concentrada
para transferirla al generador de vapor o al sistema de almacenamiento térmico, si lo hubiera
[50]. La mayor parte de los sistemas cilindro-parabólico existentes usan aceites sintéticos
como HTF [51; 52], que son estables hasta 400ºC, limitando la eficiencia alcanzable del motor
térmico a 38 %. Sales fundidas a 540 ºC se han empleado para la transferencia de calor en el
campo solar en nuevas plantas de demostración y como medio de almacenamiento térmico
en plantas comerciales [34; 53].

Concentrador de tipo torre

La tecnología de tipo torre (solar power tower, SPT) emplea espejos planos cuya
orientación es controlada en dos ejes, permitiendo seguir el movimiento del sol para enfocar
la radiación solar en el receptor ubicado en lo alto de una torre central [54]. La tecnología
de torre permite obtener niveles muy altos de concentración solar (entre 300 y 1500 soles)
y temperaturas de trabajo elevadas (hasta 1500ºC). La eficiencia anual solar-a-electricidad
es del 20 %, con posibilidades de alcanzar el 35 % [41; 32; 49]. Como fluidos de trabajo, en
los sistemas CSP de tipo torre se suelen emplear agua/vapor, sales fundidas, sodio líquido
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o aire [41; 55]. Como todas las tecnologías CSP, permite la operación híbrida empleando
fuentes de calor renovables o no renovables [56].

El rango de potencias de las plantas CSP-SPT es de 10-150 MW [41; 57; 35]. Actualmente
a nivel mundial hay alrededor de 580 MW de tecnología SPT activos, con más de 700 MW
en construcción, y 1550 MW en proyectos en desarrollo [58]. Si bien algunas de las plantas
activas o en construcción no incluyen TES, para las plantas en desarrollo el almacenamiento
térmico está incluido en todas ellas [58].

Concentrador de tipo Fresnel

Los concentradores lineales de tipo Fresnel (linear Fresnel reflector, LFR) utilizan un
sistema que se aproxima a los colectores de tipo cilindro parabólico mediante el uso de
espejos planos o ligeramente curvados para reflejar los rayos solares hacia un receptor lineal.
Los espejos son orientados de forma individual para realizar el seguimiento del sol y reflejar
la radiación solar sobre el elemento receptor. El receptor suele ser un tubo evacuado, con un
concentrador secundario situado en la parte superior [59].

La principal ventaja de este sistema es su diseño simple, y el hecho de que los elementos
receptores son fijos. [59]. El receptor fijo facilita la generación directa de vapor, eliminando la
necesidad de fluidos de transferencia de calor y de intercambiadores de calor. Sin embargo,
esta tecnología tiene niveles de concentración bajos, de 10-70 soles, y temperaturas de
trabajo de 250-400ºC [59; 60], obteniendo eficiencias anuales solar-a-electricidad estimadas
del 8-10 % [41; 49]. Además, la incorporación de TES en este tipo de planta es más
difícil [61]. Las capacidades típicas para las plantas CSP-LFR son de 10-200 MW [41;
49].

Concentrador de tipo disco parabólico

El concentrador de tipo disco parabólico (solar power dish, SPD) consigue obtener los más
altos niveles de concentración de la radiación solar. Este tipo de concentrador se orienta
directamente hacía el sol, por lo que la orientación del reflector se tiene que hacer en dos
ejes. Los diámetros típicos de los concentradores son de 5-10 m, con superficies reflectantes
de 40-120 m2. La capacidad de generación típica de los generadores CSP de este tipo está en
el rango 5-50 kW [62; 63].

Típicamente, el rango de concentración de estos dispositivos es de 600-2000 soles,
permitiendo alcanzar temperaturas superiores a los 1500 ºC [57]. Las temperaturas del fluido
de trabajo son de unos 700-750 ºC, y presiones de 200 bar [18; 64; 65]. Las eficiencias de
conversión de energía solar a eléctrica de las tecnologías SPD son de entre 25 % y 30 % [63;
66], siendo el récord de eficiencia de 31.25 % [67].

La conversión de energía térmica a electricidad se suele realizar mediante ciclos Stirling,
con el motor normalmente ubicado en el punto focal del concentrador. Las ventajas de esta
tecnología son el enfriamiento seco, su tamaño reducido (alta modularidad) y la posibilidad
de funcionar con otra fuente de calor distinta a la solar. Sin embargo, su LCOE es el más alto
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de las tecnologías CSP, y tiene dificultad en incorporar TES [34]. Las altas temperaturas de
trabajo permiten alcanzar altas eficiencias de conversión a energía eléctrica, pero el elemento
receptor térmico sufre importantes choques térmicos. La existencia de partes móviles en
el motor térmico genera desgaste y necesidad de mantenimiento del mismo. El sistema
de movimiento en dos ejes del espejo concentrador es complejo y limita las dimensiones
máximas de este tipo de reflector. La fabricación del espejo parabólico es tecnológicamente
compleja debido a sus dimensiones, y la precisión y durabilidad requeridas.

Varios sistemas de tipo parabólico se han construido hasta la fecha, sobre todo con fines
demostrativos de la tecnología [63], pero actualmente pocas plantas están en operación [67].

3.2.2. Principales componentes de la tecnología termosolar

El campo solar

El campo solar es el elemento de la planta que recibe y concentra la radiación solar. En las
tecnologías cilindro-parabólico y tipo Fresnel, el campo solar está formado por los espejos
reflectores, los receptores solares y el fluido caloportador, mientras que para la tecnología
de tipo torre central, se considera el campo solar solamente a los helióstatos y al sistema de
bombeo, siendo la torre central y el receptor elementos distintos [68].

En las tecnologías CSP más desarrolladas, PTC y SPT, el campo solar es el bloque con
mayor coste de inversión, con porcentajes del 46 % y 42 % respecto al coste total de inversión,
respectivamente [29; 68]. El coste de los bloques de potencia es el 21 % para PTC y 20 % para
SPT. Los costes del almacenamiento térmico son del 12 % para PTC, frente al 6 % para SPT.
Otro coste importante para la tecnología SPT es la torre central, cuyos costes ascienden al
16 % de la inversión.

Los espejos deben tener una reflectividad muy alta para evitar perdidas. La calidad de
construcción de las mismas es fundamental para asegurar una concentración adecuada de la
radiación solar. Además, tienen que mantener sus características durante el tiempo de vida
de la planta.

El receptor de la energía concentrada es uno de los principales elementos de estas
tecnologías, ya que permite pasar la energía solar al fluido caloportador en forma de calor,
para su posterior uso. Las características de estos elementos tienen un impacto importante
en la eficiencia de la planta, ya que determina qué cantidad de la energía concentrada
es absorbida. El tipo de fluido caloportador (de tipo líquido, gas o de dos fases) y la
temperatura de funcionamiento considerada determinan las características generales de
la planta, y también el tamaño de los principales componentes, como el receptor o el
almacenamiento térmico. En el receptor solar, la transferencia de calor hacia el fluido
caloportador se hace de forma indirecta; la radiación solar calienta el receptor, mientras
que el HTF lo enfría, absorbiendo la energía térmica. El flujo del fluido se controla de
tal forma que este alcance la temperatura deseada, y también para que la superficie del
receptor térmico no aumente demasiado, ya que eso haría incrementar innecesariamente
las pérdidas térmicas en el mismo. Para obtener el mejor funcionamiento, se tiene que
obtener un buen coeficiente de transferencia de calor entre el fluido y la superficie del
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receptor, y también una alta conductividad térmica del material del receptor. Para las
tecnologías PTC y LFR, un tipo de receptor simple y frecuentemente empleado es un
receptor de tipo tubo, cuyo diseño está inspirado en las calderas convencionales [46;
59]. En las plantas de tipo SPT, el receptor está situado en lo alto de una torre central. Suele
estar hecho de materiales cerámicos, para resistir las altas temperaturas de funcionamiento
que puede alcanzar [54].

El fluido caloportador fluye a través del receptor térmico para absorber la energía
térmica de la radiación solar concentrada, y luego transferirla al generador de vapor o al
sistema de almacenamiento térmico. La elección de este fluido es un factor determinante
del tipo de tecnología CSP a emplear, ya que sus características indican la tecnología de
concentrador a usar y el tipo de almacenamiento térmico adecuado. Los aceites sintéticos
son un tipo de interés, al tener un buen coeficiente de transferencia de calor, siendo capaces
de soportar temperaturas de hasta 400ºC, y teniendo temperaturas congelación de unos
15ºC. Este tipo de HTF es el más empleado en las plantas de tipo cilindro parabólico [51;
52]. Para temperaturas superiores a 400ºC se pueden emplear sales fundidas, pero tienen la
desventaja de tener puntos de congelación elevados (típicamente entre 120 y 220ºC) [69; 70;
71]. Otras alternativas son el vapor de agua y el aire [41; 55].

Sistemas de almacenamiento térmico

La integración de TES en plantas de tipo CSP permite obtener un funcionamiento
semi-gestionable de la planta. Las características deseadas son una alta capacidad de
almacenamiento, un coeficiente de transferencia de temperatura elevado para facilitar una
rápida carga y descarga de energía, y una buena estabilidad para evitar la degradación del
material debido al estrés químico y mecánico [72].

La energía térmica puede ser almacenada mediante tres mecanismos: almacenamiento
por calor sensible (mediante aumento/disminución de la temperatura), almacenamiento
por calor latente (cambio de fase) y almacenamiento químico [72]. La cantidad de calor
almacenada mediante calor sensible es una función del producto entre la masa, la capacidad
calorífica y la variación de temperatura del material de almacenamiento [70]. Este tipo suele
emplear sólidos y líquidos como material de almacenamiento, siendo el estado líquido el
más utilizado [73; 70; 74]. Las sales fundidas son la solución más empleada en plantas
comerciales [70; 71]. Si bien el almacenamiento mediante calor latente o el almacenamiento
químico permiten densidades energéticas mucho mayores que el almacenamiento mediante
calor latente, entre otras ventajas, también presentan inconvenientes importantes, por lo que
su uso se centra actualmente en la investigación [70; 72].

Los sistema TES pueden ser activos o pasivos [75] (ver Fig. 3.2). En los sistemas activos
el medio de almacenamiento fluye para realizar la carga o descarga de energía térmica,
mientras que en los sistemas pasivos el medio de almacenamiento es inmóvil y el calor le
es transferido haciendo circular otro fluido que hace la función de fluido caloportador (Fig.
3.2, (d)). El calor se transfiere mediante convección forzada.

Los sistemas activos a su vez pueden ser directos - cuando el medio de almacenamiento
también sirve de fluido caloportador en el campo solar (Fig. 3.2, (a)), o indirectos - cuando
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Figura 3.2: Tipos de sistemas TES. (a) - Sistema activo directo; (b) - Sistema activo
indirecto; (c) Sistema activo indirecto de un solo tanque; (d) Sistema pasivo.

el fluido caloportador y el medio de almacenamiento son distintos (Fig. 3.2, (b) y (c)).
En los sistemas directos, el fluido caloportador es almacenado directamente en un tanque
caliente al salir del campo solar (carga del TES). Cuando el calor almacenado se emplea en la
generación de la planta, se extrae el fluido caloportador del tanque caliente, se dirige hacia
el ciclo de potencia y finalmente se almacena en el tanque frío [76]. La ventaja de este tipo
de sistema es que no requiere de intercambiador de calor, pero el fluido caloportador tiene
que ser adecuado para el almacenamiento. Los costes de este tipo de TES son bastante altos
[70].

En los sistemas activos indirectos, el fluido caloportador es distinto del medio de
almacenamiento, por lo que se necesita de un intercambiador de calor para la transferencia
térmica entre fluidos. En un sistema de doble tanque (Fig. 3.2, (b)), para la carga del TES
el material de almacenamiento es bombeado del tanque frío hacía el caliente, y en sentido
inverso en la descarga. Una alternativa al sistema de doble tanque es el uso de un tanque
único (Fig. 3.2, (c)), donde el material caliente y el frío se mantienen separados debido
a la estratificación causada por la diferencia de temperatura (termoclina) [75]. La ventaja
principal de este sistema es el coste, siendo hasta un 35 % más económico que el sistema de
dos tanques [70].
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3.3. Programación lineal entera-mixta

Una gran cantidad de problemas reales pueden ser modelados como problemas de
optimización, cuyo objetivo es maximizar o minimizar una función. El propósito de la teoría
de optimización es ofrecer un método sistemático para buscar una solución óptima en un
espacio de alternativas. Es decir, la optimización se puede utilizar como herramienta para la
toma de decisiones. Para la resolución de un problema mediante optimización, se formula
un problema de programación matemática, que refleja de forma conceptual el problema real
[77].

Entre las distintas formas que puede presentar el modelo de un problema de op-
timización, se encuentra la programación lineal entera mixta (mixed integer linear pro-
gramming, MILP). Este tipo de problemas contienen variables reales y enteras, tanto en
la función objetivo como en las restricciones. Además, las relaciones entre las variables
son de tipo lineal [78]. Varios tipos de problema en el ámbito de los sistemas de po-
tencia pueden formularse usando la MILP, por ejemplo problemas de planificación de
la producción eléctrica y problemas de dimensionado de fuentes de potencia [79; 80; 1;
81].

Un problema de programación lineal entera mixta puede escribirse de la siguiente forma:

min cTx+ dT y

s.t. Ax+By ≤ b

x ≥ 0, x ∈ X ⊆ Rn

y ∈ {0, 1}q

(3.1)

En la formulación anterior, el vector x contiene las n variables reales del problema,
mientras que el vector y contiene q variables binarias; c y d son vectores de parámetros,
con dimensiones n× 1 y q × 1, respectivamente; A y B son matrices de dimensiones m× n
y m × q, respectivamente; b es un vector de p elementos que representan los limites para
las restricciones del problema. Los vectores anteriores son vectores columna. La función
objetivo es de tipo lineal, al igual que las restricciones. Las variables del problema son tanto
de tipo real - las variables x, como de tipo binario - las variables y. Si los vectores d y B
son 0, el problema se convierte en un problema de programación lineal (linear problem, LP),
mientras que si los vectores c y A son 0, se trata de un problema de programación entera
(integer problem, IP). Cualquier problema entero mixto con variables enteras en lugar de
binarias puede formularse con variables binarias remplazando a las enteras, con lo cual
la estructura (3.1) es general.

La existencia de las variables binarias y otorga una naturaleza combinatoria a los
problemas de tipo MILP, ya que cada combinación de valores 0 ó 1 del vector y dan lugar
a un problema LP a resolver, lo que dificulta su resolución. Existen varios métodos para
resolver problemas de tipo MILP. Los más importantes son los métodos branch and bound,
cutting plane, de descomposición y basados en lógica [78; 82].
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Un concepto clave en la resolución de problemas MILP es la relajación del problema.
Considerando un problema de optimización como el de las expresiones (3.1) llamado P , y su
conjunto de soluciones factibles SF (P ), una relajación RP es un problema cuyas soluciones
factibles incluyen al conjunto SF (P ), es decir, SF (P ) ⊆ SF (RP ). Esta definición tiene
algunas implicaciones importantes, que facilitan la resolución de los problemas MILP:

El problema original P solamente tiene solución si el problema relajado RP la tiene.

La solución del problema relajado es siempre mejor o igual que la solución del
problema original (si existen), por lo que la solución del problema relajado ofrece un
valor límite inferior a la función objetivo a minimizar.

Como consecuencia del ítem anterior, si la solución óptima del problema relajado
es una solución factible del problema original, entonces es la solución óptima del
problema original.

Entre los métodos más comunes para obtener una relajación de un problema MILP se
puede señalar los siguientes: 1) omitir alguna restricción; 2) fijar el valor de alguna variable
binaria; y 3) convertir las variables binarias a continuas, resultando en un problema de
programación lineal.

Otro concepto clave para la resolución de problemas MILP es la división del problema
original en varios subproblemas de complejidad menor. Las soluciones de estos subproble-
mas son soluciones factibles del problema original P , de manera que la solución de uno
de los subproblemas es la solución del problema original. Un método frecuente de división
de un problema (P ) en varios subproblemas (Pn) es considerar distintas combinaciones de
valores de las variables binarias. Los algoritmos basados en la estrategia de la división del
problema original disponen de mecanismos para averiguar si un determinado subproblema
puede contener a la solución óptima del problema original, reduciendo de esta manera el
espacio de búsqueda.
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3.4. Control predictivo basado en modelo

Algunas de las estrategias de planificación de la producción propuestas en esta Tesis (las
que utilizan replanificación horaria) están inspiradas en el denominado control predictivo
basado en modelo (model-based predictive control, MPC). Esta sección muestra una pequeña
introducción al mismo. El MPC es una estrategia de control avanzado, con aplicación en
muchas áreas [83; 84; 85; 86; 87]. En la industria de procesos, el MPC tiene una gran
aceptación [88], por estar formulado en el dominio del tiempo y ser capaz de incorporar
fácilmente criterios de funcionamiento específicos.

La principal característica del MPC es la utilización de un modelo dinámico explícito
del proceso a controlar para predecir la evolución del mismo al aplicarle una secuencia
de señales de control. Esto permite la utilización de la optimización para determinar
una secuencia óptima de entradas que permitan seguir una determinada trayectoria o
comportamiento, minimizando la diferencia entre el comportamiento predicho por el
modelo disponible y el comportamiento deseado. Este problema de optimización dinámica
se resuelve en línea para cada paso de control. La formulación del MPC permite incorporar
las restricciones del sistema en el modelo empleado de forma explícita. Además, también
permite asociar incertidumbre al modelo, de tal forma que se incluya en el controlador.

Uno de los antecesores al MPC más interesantes fue el controlador linear cuadrático
gaussiano (linear quadratic Gaussian, LQG), desarrollado a comienzos de los años sesenta
del siglo pasado [89; 90]. Aunque el controlador LQG se haya vuelto un estándar para la
resolución de problemas de control en un amplio rango de aplicaciones, su impacto en la
industria de procesos fue bastante reducido, debido a la dificultad de incluir restricciones,
no-linealidades o incertidumbres en el controlador [91].

El MPC aparece en la industria a finales de los años setenta del siglo pasado [92;
93]. La mayoría de las aplicaciones en las que el MPC emerge como enfoque de control son
sistemas multivariable que incluyen restricciones. Paralelamente al desarrollo del control
predictivo, se crean nuevas tecnologías de identificación de procesos basadas en datos, que
permiten obtener estimaciones de los modelos dinámicos de los procesos de forma más
rápida y menos costosa.

En el mundo académico, el control predictivo aparece en torno a las ideas del
control adaptativo [94]. El enfoque se centra en el control de procesos monovariables con
modelos de entrada/salida. El controlador de mínima varianza [95] y el control predictivo
generalizado [96] se desarrollaron en este contexto.

El control predictivo basado en modelo engloba múltiples estrategias de control que
comparten ciertas características. Aunque las formulaciones empleadas difieran entre sí, las
siguientes ideas suelen aparecer en todas ellas [97]:

Predicción del comportamiento futuro de la planta o proceso mediante el uso de un
modelo explícito del mismo. La predicción se realiza para un periodo finito, llamado
horizonte de predicción.
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Obtención de secuencias de señales de control mediante optimización de una
función objetivo. El problema de optimización se resuelve mediante un algoritmo
implementado en un ordenador.

Uso de la llamada “estrategia de horizonte deslizante”: en cada paso de control el
horizonte considerado para la evolución del sistema es desplazado hacia el futuro.
Esto implica que, aunque en cada paso se calcula una secuencia de señales de control
a aplicar, solamente la primera señal se aplica al sistema. Por otra parte, la medición
en cada paso de las variables de salida permite actualizar el estado del sistema. Por
tanto, esta estructura genera una estrategia de control en bucle cerrado que permite
compensar errores en el modelo y presencia de perturbaciones, añadiendo robustez al
mecanismo de control.

Entre las ventajas más destacadas del MPC frente a otros métodos de control están las
siguientes:

Presenta una formulación en el dominio del tiempo, empleando conceptos intuitivos
y una sintonización relativamente simple, por lo que es atractivo para el personal sin
un conocimiento profundo de control.

Se puede aplicar en el control de sistemas de distintos niveles de complejidad,
incluyendo sistemas lineales o no lineales, multivariables, con grandes retardos, de
fase no mínima o inestables.

La ley de control responde a un criterio óptimo.

Las restricciones del sistema se pueden incluir de manera sencilla al diseñar el
controlador.

Por otra parte, el MPC no carece de inconvenientes, siendo los más importantes los
siguientes:

La necesidad de obtener un modelo preciso del sistema o proceso a controlar, al
ser este un elemento clave del controlador predictivo. El desempeño del sistema de
control depende, en consecuencia, de las diferencia entre el proceso real y el modelo
empleado.

La carga computacional necesaria para calcular la secuencia de señales de control
puede ser bastante elevada, aunque es posible obtener soluciones explícitas [98;
99].
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3.5. Planificación de la producción eléctrica

En un sistema eléctrico, un problema importante es obtener un equilibrio entre la
demanda de potencia energética procedente de los usuario y la potencia ofrecida por las
entidades generadoras. El reparto óptimo de la producción entre las distintas unidades
generadoras es un aspecto de gran interés para el Operador del Sistema. Históricamente,
el reparto de la producción se realizaba considerando los costes asociados a los incrementos
de potencia solicitados por la demanda eléctrica [100; 101]. De esta manera, se asignaba
un incremento de potencia a la unidad de menor coste incremental [102]. Este enfoque de
asignación económica sólo ofrecía costes mínimos para las unidades en operación, por lo que
el mínimo coste podría ser otro para un conjunto de unidades distintas [100]. Posteriormente
se añadieron otras consideraciones a los estudios, como los efectos de las perdidas por
transmisión, o los costes de los arranques y las paradas [100; 101].

Con la aparición de la programación entera [101] y más adelante de la programación
entera mixta [103], el problema de la planificación de la producción de un sistema
eléctrico se consiguió abordar de forma más completa, teniendo en cuenta aspectos
como discontinuidades de la producción debido a la existencia de puntos mínimos de
funcionamiento, costes de puesta en marcha y de parada, o costes de aumento de la
producción incremental [102].

Las plantas termosolares con almacenamiento son capaces de operar en los mercados
eléctricos debido a su naturaleza semi-gestionable. Para evaluar el empleo de plantas
termosolares en el sistema eléctrico y las distintas estrategias de planificación de la
producción en este tipo de plantas, pueden encontrase en la literatura científica dos enfoques
[104]. En el primero se considera que la planta es una entidad dentro de un conjunto de
generadores interconectados a una red eléctrica. En este enfoque, la optimización de la
generación se hace considerando la interacción entre todos los generadores del sistema. A
este enfoque se le conoce como modelo de coste de producción (production cost model, PCM)
[105]. En el segundo enfoque se optimiza sólo la operación de la planta que es propiedad de
un productor eléctrico (o conjunto de plantas para un sistema multiplanta), considerando
un conjunto de precios de venta de la electricidad, y se le conoce como enfoque de tomador
de precios (price taker, PT) [106]. Este segundo enfoque es el que se aborda en esta Tesis.

En el enfoque PCM tienen como objetivo minimizar los costes totales para satisfacer la
demanda energética, considerando las restricciones inherentes del sistema, como capacidad
de transmisión o limitaciones de los distintos generadores [105; 107; 108]. En este enfoque, la
generación de la planta CSP es óptima en cuanto al valor ofrecido al sistema eléctrico, pero
puede no serlo en cuanto a los beneficios obtenidos por el propietario de la planta.

En el enfoque PT, el criterio de optimalidad se centra en la maximización de los
beneficios obtenidos por el propietario de la planta. Se busca el perfil de producción que,
considerando el perfil de precios predichos de venta de la electricidad, consiga los máximos
beneficios. Se suelen emplear formulaciones MILP para representar las plantas CSP y
sus componentes. Los valores predichos de radiación solar directa y de precios de venta
suelen considerarse o bien deterministas [109; 1; 110], o pueden incluir algún modelo de
incertidumbre [111; 112; 113]. Otra alternativa al problema de la incertidumbre se encuentra
en [2], donde se desarrolló un mecanismo de replanificación de la generación basado en un
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enfoque MPC, que es el que inspira a dos de las estrategias de planificación propuestas en
esta Tesis. Los resultados de estos estudios demuestran mejoras en los beneficios obtenidos
por los propietarios de la planta. Sin embargo, este enfoque no tienen en cuenta como la
operación de la planta CSP afecta al sistema eléctrico, o la influencia de un determinado
plan de generación sobre los precios de la electricidad.

3.5.1. Planificación de la producción de una planta termosolar en el mercado
diario de la electricidad desde un punto de vista de tomador de precios

Esta sección resume el problema de planificación de la producción abordado en esta
Tesis. La principal aportación de la Tesis es proponer varias estrategias para resolver dicho
problema y estudiar la viabilidad económica de dichas estrategias en un escenario realista.
El problema se centra en la participación de una planta CSP en el mercado diario de la
electricidad en España. El problema de generación se basa en los siguientes puntos:

El problema se centra en el alto nivel, con una escala temporal horaria. Se asume
resuelto el problema de bajo nivel gracias a la presencia de sistemas de control
automático.

Se considera un modelo PT, asumiendo que las decisiones sobre la producción de la
planta CSP no afectan de forma significativa al resto del mercado.

Cada día D, a cierta hora predefinida por el mercado eléctrico (tsubm), los propietarios
de la planta CSP deben proporcionar al mercado un perfil horario de producción para
el siguiente día (D+1). Este perfil, que representa los valores horarios de la energía
suministrada a la red, es un compromiso para el día siguiente y se puede considerar
como la referencia de generación que debe alcanzar la planta CSP.

Cada hora del día D, la energía suministrada a la red por la planta CSP debería
coincidir con la energía comprometida con el mercado el día anterior (D− 1). Cuando
existe una diferencia entre los valores comprometidos y alcanzados, el mercado aplica
penalizaciones económicas asociadas a esta diferencia.

Es importante tener en cuenta las siguientes consideraciones:

El recurso solar disponible para el próximo día no es conocido de antemano. Sin
embargo, sí es posible disponer de una predicción de la disponibilidad de dicho
recurso con la que tomar decisiones.

El precio de venta horario de la energía generada no está tampoco disponible. De
nuevo es posible utilizar predicciones de precios para tomar decisiones.

El TES es el mecanismo que permite a la planta trasladar producciones desde horas
con precios bajos a horas con precios altos, haciéndola semi-gestionable. Las decisiones
que se deben tomar son cuándo y cuánto almacenar, y cuándo y cuánta energía extraer
del TES.
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La generación de energía eléctrica requiere de varias fases de conversión energética
que hay que modelar. La energía incidente de la radiación solar se convierte en
energía térmica almacenada en el fluido caloportador y en las sales fundidas. Mediante
intercambiadores de calor, esta energía térmica se traspasa a energía térmica en
forma de vapor de agua. Finalmente, mediante una turbina, esta energía térmica
se transforma en energía eléctrica. El modelado adecuado de todas estas fases es
necesario para tomar las decisiones correctas. Además, las restricciones operativas de
la planta también deben considerarse.

Se puede dar una solución al problema descrito anteriormente con diversas estrategias.
A continuación se describe la estrategia básica de planificación a un día que se utiliza como
referencia, que debe ser superada económicamente por las estrategias propuestas en esta
Tesis. La estrategia se basa en los siguientes pasos:

Cada día D y cada hora se proporciona a la planta el objetivo de generación que se
comprometió el día anterior (D − 1). Los controladores de bajo nivel de la planta son
los responsables de alcanzar dicho objetivo si los recursos energéticos (radiación solar
y energía almacenada en TES) son suficientes.

Cada día D, a la hora prefijada por el mercado tsubm, la estrategia debe resolver un
problema de optimización cuya solución es la planificación óptima de la generación
para el día siguiente D+1. El problema de optimización tiene como información
disponible las predicciones, realizadas a la hora tsubm del día D, de la irradiancia
solar directa y los precios de la electricidad, y el estado de la planta en ese instante
de tiempo. Se utiliza un modelo detallado del campo solar para la conversión de
irradiancia directa solar a potencia térmica disponible en el campo solar, que es la
entrada de energía que se considera en el problema de optimización. La función
objetivo del problema es la suma de los ingresos por venta de energía. El modelo MILP
que resuelve este problema puede consultarse en [1].
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a b s t r a c t

Electricity producers participating in a day-ahead energy market aim to maximize profits derived from
electricity sales. The daily generation schedule has to be offered in advance, usually the previous day
before a certain moment in time. The development of an economically-optimal generation schedule is
the core of the generation scheduling problem. To solve this problem, renewable energy plant owners
need, besides energy prices forecast, weather prediction. Among renewable energy sources, concentrated
solar power (CSP) plants with thermal energy storage (TES) may find it easier to participate in electricity
markets due to their semi-dispatchable generation. In any case, the limited accuracy of forecasting solar
resource brings about the risk of penalties that may be imposed to CSP plants for deviation from the sub-
mitted schedule. This paper proposes a model-based predictive control (MPC) approach with an eco-
nomic objective function to tackle the scheduling problem in CSP plants with TES. By this approach,
the most recent forecast and the current status of plant can be used by the proposed economic MPC
approach to reschedule the generation conveniently at regular time intervals. On the other hand, a more
feasible generation schedule for the next day is performed at the appropriate time thanks to the use of
short-term forecast. The proposed approach is applied, in a simulation context, to a 50 MW parabolic
trough collector-based CSP plant with TES under the assumptions of perfect price forecasts and partici-
pation in the Spanish day-ahead energy market. A case study based on a half-year period to test several
meteorological conditions is performed. In this study, an economic analysis is carried out using actual
values of energy price, penalty cost, solar resource data and its day-ahead forecast. Results show an eco-
nomic improvement in comparison with a traditional day-ahead scheduling strategy, especially in peri-
ods with a bad weather forecast. To overcome the lack of short-term weather forecast data for this study,
a synthetic short-term predictor, whose accuracy level can be tuned by means of a parameter, is used.
Sweeping this accuracy level between the situation with no forecast improvement and perfect short-
term forecast, the MPC strategy reaches an improvement in total profits during the six months period
between 13.9% and 33.3% of the maximum room for improvement. This maximum ideal improvement
is defined as the difference in profits between the MPC strategy with perfect forecasts and the day-
ahead scheduling strategy.

� 2017 Elsevier Ltd. All rights reserved.

1. Introduction

Concentrating solar power (CSP) is a promising technology that
has drawn much attention in countries such as Spain and the USA,
where subsidy policies have promoted its development. The most
commercially-attractive (Purohit et al., 2013) and widely installed
CSP technology (Zhang et al., 2013) is found in plants based on

parabolic trough collector (PTC), which use synthetic or organic
oil as the heat transfer fluid (HTF). CSP has arisen interest, primar-
ily because of the semi-dispatchable nature of CSP plants with
thermal energy storage (TES) and/or backup systems based on
fossil-fuels. The benefits yielded by these systems are as follows:
(1) a cutback in real-time net power variability in the event of poor
solar energy, (2) an extension of the whole production period, and
(3) a possible rearrangement of production towards high-price
periods. More specifically, the advantages of CSP with TES have
been proven on an experimental basis in Dinter and Gonzalez
(2014), achieving an operability similar to that of mainstream
fossil-fired power plants. Additionally, an evaluation of the
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economic performance of CSP plants using TES can be found in
Madaeni et al. (2012) demonstrating that it could be a reliable
option. Nowadays, the most commercially mature technology for
TES is an indirect two-tank molten salt storage system (Kuravi
et al., 2013).

As mentioned above, CSP systems become semi-dispatchable
power sources thanks to TES (it cannot be total dispatchable due
to the limited amount of stored energy). This aspect encourages
CSP plants to participate in electricity markets due to, among other
things, being able to rearrange production from lower to higher
price periods. Therefore, it is interesting to approach the optimal
generation scheduling problem (also called self-scheduling). In
deregulated markets, the purpose of electricity producers is to
maximize profits from the sale of energy. Furthermore, power
plant owners also have to offer a daily schedule in electricity mar-
kets ahead of time. As a consequence, forecast for the price of the
electricity and the weather must be considered in the optimization
problem.

The paper (Sioshansi and Denholm, 2010) was one of the first
works on the optimal operation of a CSP plant, and it analyses
the profits obtained by a CSP plant using TES in electricity markets
in several different areas of the USA. The optimization problemwas
overcome with two models: the widely-used SAM tool (SAM,
2017), which provides the thermal power produced in solar fields
(SF), and a model for optimization based on mixed-integer linear
programming (MILP). More examples of the use of the MILP

approach can be found in Usaola (2012), Kost et al. (2013),
Vasallo and Bravo (2016b). Pousinho et al. (2014, 2016) study
scheduling for energy and spinning reserve of wind/CSP plants
again from an MILP approach. Different approaches to MILP can
be found in Lizarraga-Garcia et al. (2013), Powell et al. (2014)
where Nonlinear Programming is used, and in Wittmann et al.
(2011) and Channon and Eames (2014), where Dynamic Program-
ming is used.

One of the disadvantages of CSP plants is the predictability of its
electricity production since it is limited by the accuracy of forecast-
ing direct normal irradiance (DNI). As a result, operations carried
out in electricity markets run the risk of being penalized for devi-
ating from the generation schedule. Such penalties depend to a
large extent on the actual deviation, so the accuracy of DNI fore-
casts is no doubt a relevant aspect (Law et al., 2014). There are
papers that analyze the financial value of CSP plants based on
DNI forecasts, namely (Kraas et al., 2013; Law et al., 2016a). Robust
and stochastic approaches are also used to solve optimal schedul-
ing problems due to the uncertainty of CSP production forecasts
and the difficulty of forecasting market prices accurately
(Domínguez et al., 2012; Pousinho et al., 2015; He et al., 2016).
These papers analyze optimal operation in an MILP framework
and suggest offering strategies to electricity markets.

According to the literature review, we find that the most
widely-used method for modeling optimal scheduling problems
in CSP plants is MILP. MILP is generally a powerful mechanism

Nomenclature

Power variables refer to average values in the step Time indices, time
steps and numbers of steps

i; j; k time indices for the current time, the MPC model and
the synthetic short-term predictor

Dtw;Dto time steps for control update and the MPC model
N;NTI;NSTF numbers of steps in the MPC sliding window, the TI

interval and the ST forecast

Parameters
Dw length of the MPC sliding window
tschedule del deadline hour in day D for the delivery of the genera-

tion schedule for the day D + 1
tschedule end

end time of the committed generation schedule
x accuracy parameter of the synthetic short-term predic-

tor
/ constant estimation for the penalty costs per MW h of

deviation
�/ mean value for the penalty costs per MW h during the

studied time period
c relative importance of the penalty term in the economic

MPC
K constant in the terminal value term of the MPC objec-

tive function
g efficiency factor for the conversion of stored energy to

net electric energy
pv low value much lower than the minimum electricity price in

the studied period

Variables
tðiÞ current time
xcðtðiÞÞ current continuous state of the CSP plant
xdðtðiÞÞ current discrete state of the CSP plant
pðj=iÞ electricity price forecast made at time tðiÞ
PSFmaxðj=iÞ predictions for the maximum thermal power available

from the SF

PSFmax DAðk=iÞ day-ahead forecasted maximum thermal power
available from the SF

PSFmax STFðk=iÞ short-term forecasted maximum thermal power
available from the SF

PSFmax actualðk=iÞ actual maximum thermal power available from
the SF

Peref ðj=iÞ committed generation schedule still to be met (gross va-
lue)

Perefnetðj=iÞ committed generation schedule still to be met (net va-
lue)

Peðj=iÞ turbine-generated gross electric power
Penetðj=iÞ turbine-generated net electric power
Pe SPð1=iÞ setpoint for electricity generation calculated by the MPC

(gross value)
Eðj=iÞ TES energy level at the beginning of the step j
uðj=iÞ general decision variables in the MPC approach
/ðj=iÞ estimation of the penalty cost per kWh of deviation
f costð:Þ undefined function for generation costs
sð:Þ undefined function for the terminal value term of the

MPC objective function

Acronyms
CSP concentrated solar power
DAS day-ahead scheduling
DNI direct normal irradiance
HTF heat transfer fluid
MILP mixed-integer linear programming
MIP mixed-integer programming
MPC model-based predictive control
NSI next schedule interval
PTC parabolic trough collector
SF solar field
TES thermal energy storage
TI tracking interval
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used for optimal scheduling problems in power systems (Simoglou
et al., 2012). MILP is useful for these problems given that it is cap-
able of formulating unit, startup, shutdown and ramp-rate con-
straints, as well as piecewise linear functions. In addition, some
efficient MILP solvers nowadays find global optimal solutions in
short computation times.

As mentioned above, CSP plants operating in electricity markets
run the risk of being penalized for deviating from the scheduled
generation as a result of inaccurate DNI forecasts. To reduce this
risk, the authors of this paper suggested using a model-based pre-
dictive control (MPC) approach for generation scheduling in CSP
plants based on a mixed-integer programming (MIP) model
(Vasallo and Bravo, 2016a). MPC is a control strategy amply used
in the industry and in academia alike. The power systems commu-
nity has recently become interested in MPC due to its ability to
deal with forecasts and complex constraints. Applications to
scheduling and control problems arising in power systems can be
seen in the literature (Petrollese et al., 2016; Sokoler et al., 2016).
MPC exercises control based on a sliding-window strategy where
a cost function is optimized over a moving time-horizon. It, there-
fore, allows for real-time optimization. Thus, information on the
status of the plant and the most recent forecast becomes useful
to regularly improve its operation. Categorically speaking, the pur-
pose of the MPC approach contained in Vasallo and Bravo (2016a)
is twofold: (1) the appropriate, regular tracking of the generation
schedule that the plant has committed until that moment, (2)
the development, at the appropriate time, of the optimal genera-
tion schedule for the following day. The information on how to
track the generation schedule committed by CSP plants allows
for a better estimation of their status at the beginning of the fol-
lowing day, permitting the development of a more achievable gen-
eration schedule. It is worth noting that the proposed MPC
approach is applied only to the generation scheduling and not to
the control problem, as the later issue is supposed to be efficiently
resolved. This approximation is common in works about CSP
scheduling found in literature (see previous references).

This paper has been inspired by the following question: what is
the impact on profits of using a MPC approach for generation
scheduling in CSP plants? In this regard, an economic version of
the general MPC approach presented in Vasallo and Bravo
(2016a) is proposed and tested. It is based on the fact that the cost
function used to track the committed generation schedule is
defined such that pricing and penalty information is added, unlike
the application example in Vasallo and Bravo (2016a) where the
even distribution of the generation error was the objective for
the tracking. This way, penalties could be partially balanced by
increasing revenues thanks to the use of economic information.
Since all terms of the cost function now have an economic nature,
this MPC approach belongs to the class of MPC strategies called
economic MPC in literature (Dieulot et al., 2015; Touretzky and
Baldea, 2014).

The proposed approach is applied, in a simulation context, to a
50 MW PTC-based CSP plant with molten-salt-based TES under the
assumptions of perfect price forecast and participation in the Span-
ish day-ahead energy market. Unlike the work in Vasallo and Bravo
(2016a), an economic analysis is performed, taking into account a
half-year period to test several weather scenarios. Actual values
for energy price, penalty cost, solar resource data and its day-
ahead forecast are used. Moreover, several configurations of the
MPC approach are studied. An economic improvement over the
traditional day-ahead scheduling is shown in results. A related
approach has been presented in Law et al. (2016b) but it is applied
to the Australian electricity market, i.e., with different electricity
market regulations.

A general description of the economic MPC approach is given in
Section 2. The case study is described in Section 3, where Sections

3.1 and 3.2 depict the models used and Section 3.3 describes the
characteristics of certain input data. Section 4 draws the results
and discussion. Finally, conclusions are put forward in Section 5.

2. Description of the economic MPC approach

The economic MPC approach proposed in this paper is a specific
version of the general approach presented in Vasallo and Bravo
(2016a). The new cost function includes the pricing and penalty
information. Therefore, all the terms of the cost function are eco-
nomic, and the proposed MPC approach can be classified as an eco-
nomic MPC. This section includes a complete description of the
economic MPC approach to provide a better understanding of the
rest of the paper (the variables and parameters defined are cited
in the following sections). Readers are referred to (Vasallo and
Bravo, 2016a) for more details.

The proposed approach assumes the participation in a day-
ahead energy market and the producer’s price-taking property
(i.e. its production schedules do not influence market prices). As
mentioned in Section 1, the dual purpose of the proposed MPC
approach is: (1) the appropriate, regular tracking of the generation
schedule that has been committed and (2) the development of the
optimal generation schedule for the next trading day at the appro-
priate time. It is worth noting that the two purposes of the MPC
approach are based on the following statements: (1) information
on the status of the plant and the most recent forecast (e.g.
short-term DNI forecast or perfect knowledge of electricity prices)
would be useful to regularly improve the operation of the plant;
and (2) the status of the plant at the beginning of the following
day is better estimated thanks to the latter statement, and, conse-
quently, a more feasible generation schedule can be developed.

The two objectives of the MPC approach require its sliding win-
dow to be divided into two intervals (see Fig. 1): the tracking inter-
val (TI) and the next schedule interval (NSI). The generation
schedule must then be updated to track the schedule that has been
committed to within the TI interval, while the NSI interval is used
to maximize future profits and generate the schedule for the fol-
lowing day at the appropriate time. Several variables and parame-
ters related to the sliding window are defined next:

� tðiÞ ¼ iDtw, where i ¼ 0;1; . . .are the time instants when MPC
control output is generated. The beginning time of the sliding
window when in position i is set to instant tðiÞ. Case i ¼ 0 refers
to instant 0.0 h of the current day D. Dtw is the time step for
control update.

� tschedule del is defined as the deadline hour in day D for the deliv-
ery of the generation schedule for the following day D + 1. This
deadline hour depends on each country’s market.

� tschedule end is the end time of the committed generation schedule.
If the current time has not reached the time tschedule del; tschedule end

shall usually be 24.0 h of day D. On the contrary, tschedule end shall
be 24.0 h of day D + 1 because the generation schedule for this
day has already been delivered.

� Dw is the length of the constant sliding window.

According to the above definitions, the endpoints of the TI and
NSI intervals are shown in Fig. 1. It is also worth noting that the
sliding window length is constant, but the lengths of both intervals
are time-variant.

When tðiÞ ¼ tschedule del, the generation schedule solved by the
MPC control for the NSI interval until 24.0 h of day D + 1 can be
regarded as the generation schedule for this day. As the typical
optimal scheduling problem has an optimization horizon based
on the following one or two trading days (Wittmann et al., 2011)
and an assumed constant sliding window length, the value of this
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length (Dw) can be between 24� tschedule del+24 h (one-day strat-
egy) and 24� tschedule del+48 h (two-day strategy).

Fig. 2 shows the block diagram of the MPC approach. MPC con-
trol receives the following information at each sliding window
position i:

1. Current continuous state of the CSP plant (xcðtðiÞÞ), e.g., the TES
energy level and thermal state in the SF.

2. Current discrete state of the plant (xdðtðiÞÞ), e.g., active operating
phases in the SF, TES or turbine.

3. Electricity price forecast made at time tðiÞ (pðj=iÞ, for
j ¼ 1; . . . ;N), where j indicates each step in the MPC model,
N ¼ Dw=Dto is the number of steps in the sliding window, and
Dto is the time step of the MPC model expressed in hours.

4. Predictions of the average value of the maximum thermal
power available from the SF (PSFmaxðj=iÞ, for j ¼ 1; . . . ;N) made
at time tðiÞ. The qualifying term ‘maximum’ is introduced to
indicate that a partial defocus in the SF can result in a decrease
in the available thermal power. A CSP plant model, DNI and
other meteorological variables forecasts and initial conditions
for xcðtðiÞÞ and xdðtðiÞÞ are used to generate these predictions.

5. Committed generation schedule still to be met (Peref ðj=iÞ, for
j ¼ 1; . . . ;NTI), expressed in average gross electric power, where
NTI ¼ ðtschedule end � tðiÞÞ=Dto is the number of steps in the TI
interval.

The outputs indicated below are generated as a result of the
optimization at the sliding window position i:

1. Decision variables at time tðiÞ (uðj=iÞ, for j ¼ 1; . . . ;N). Only the
decision variables uð1=iÞ are applied to the plant as common
in MPC approaches.

2. Average values of turbine-generated gross electric power calcu-
lated at time tðiÞ (Peðj=iÞ, for j ¼ 1; . . . ;N). When tðiÞ ¼ tschedule del,
values inside the NSI interval until 24.0 h of the next day are
given as the new generation schedule for this day
(Peref ðj=iÞ ¼ Peðj=iÞ, for j ¼ NTI þ 1; . . . ;N0

TI, where N0
TI ¼ NTIþ

24=Dto is the new number of steps in the TI interval).

The objective function to minimize is expressed by Eq. (1)

JðiÞ¼�Dto
XNTI

j¼1

pðj=iÞPenetðj=iÞ�/ðj=iÞðPerefnetðj=iÞ�Penetðj=iÞÞ�f costð�Þ
� �

�Dto
XN

j¼NTIþ1

ðpðj=iÞPenetðj=iÞ�f costð�ÞÞ�sðEðNþ1=iÞÞ

ð1Þ

where /ðj=iÞ is an estimation of the penalty cost per kW h of devi-
ation at hour j; Penetðj=iÞ is the turbine-generated net electric power,
Perefnetðj=iÞ is the committed net electric power, f costð:Þ represents
generation costs, and sðEðN þ 1=iÞÞ is a terminal value term applied
to the final TES energy level. It is worth noting that function �JðiÞ
represents the profits along the sliding window. In this paper, it is
assumed that the electricity production does not exceed the com-
mitted schedule and therefore, the term /ðj=iÞ refers to falling
penalty.

According to the general proposal seen in Vasallo and Bravo
(2016a), the MPC optimization model is an MIP model which
includes technical and physical constraints and the dynamic model
of the plant. Given that a generation scheduling problem is being
addressed and that control is assumed to be efficiently resolved,
fast dynamics must be removed. The MPC optimization model
(hereinafter referred to as the MIP-MPC model) is proposed to

Fig. 1. Sliding window of the economic MPC.

Fig. 2. Block diagram of the economic MPC.
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adjust to the features of the CSP plant model (much more detailed)
as much as possible yet preserving enough simplicity to avoid
increasing the computational burden in a prohibitive way. Futher-
more, the time step in the MIP-MPC model should be higher than
that in the detailed CSP plant model to avoid high computation
times.

3. Description of the case study

The economic MPC approach proposed by this paper is applied,
in a simulation context, to a 50 MW PTC-based CSP plant with
molten-salt-based TES. The CSP plant is based on the model pre-
sented in García et al. (2011) and also used in Vasallo and Bravo
(2016a), which describes the plant Andasol 2 in Granada, Spain.
Some characteristics of this model (adapted to this case study)
are shown in Table 1.

The simulation scenario developed for this case study has the
following features:

1. A sufficient time period is considered (from 01/01/2013 to
30/06/2013) with the purpose of testing several meteorological
conditions.

2. The Spanish day-ahead energy market and the producer’s price-
taking property are considered. Price forecasts are assumed to
be perfect and obtained from data of the Iberian market opera-
tor (OMIE, 2017). No premium per MW h is considered. Penalty
costs per MW h are also obtained from OMIE. In order to keep
things simple, generation costs are not taken into consideration.

3. The generation schedule and MIP-MPC model resolutions are
hourly. The frequency of the rescheduling is also hourly. There-
fore, Dto ¼ Dtw ¼ 1:0 h (see Fig. 1). Parameter tschedule del is set to
10:0 h (Spanish market in 2013). Parameter Dw is set to 48 h to
reach a compromise between computation time of the MIP-
MPC model and the possibility of conserving energy for its sale
after the end of the following day. Therefore, the length of the
NSI interval at 10.0 h is 34 h, and the scheduling problem for
the following day is based on the next 1 + 5/12 days (i.e., an
intermediate scheme between the one-day and two-day
strategies).

4. The detailed CSP plant model from Vasallo and Bravo (2016a) is
used to generate predictions PSFmaxðj=iÞ (see Fig. 2). DNI and
ambient temperature are the only meteorological variables con-
sidered, and ambient temperature forecasts are assumed to be
perfect and created from TMY2 data (TMY, 2017).

5. The CSP plant is represented by a one-hour-resolution model to
avoid very high simulation times, as is common in literature,
e.g. (Kraas et al., 2013; Law et al., 2016a). Specifically, a MIP
model derived from the MIP-MPC model itself is employed
and, therefore, performance differences between the optimiza-
tion model and the plant are only due to DNI forecast errors.
This model is referred to in this work as the MIP-plant model.

6. In order to address a realistic scenario, authors have used day-
ahead global solar radiation forecasts, obtained from the Inte-
grated Forecast System model (IFS) of the European Centre for
Medium-range Weather Forecasts (ECMWF) and a set of solar
radiation measures provided from a photovoltaic solar plant.
These data sets are used to obtain forecasted and measured
DNI profiles by means of statistical processing. This processing
aims to develop a measured DNI profile coherent with the stud-
ied location and a realistic forecasted DNI profile (similar fore-
casting metrics to those found in (Marquez and Coimbra,
2011)). Finally, both sets are converted to maximum thermal
power available from the SF by simulation with the detailed
CSP plant model (see point 4).

7. Short-term DNI forecasts are also taken into account in this
study. Several methods can be consulted in Law et al. (2014).
A parameterized model is used to emulate the short-term pre-
dictor and to overcome the lack of short-term DNI forecast data
for this study. One of its parameters,x, is a value between 0 and
1, and represents the accuracy of the forecasts (from ideally
perfect short-term DNI forecast to day-ahead DNI forecast,
respectively). This range allows analyzing the influence of
short-term DNI forecasts. Moreover, the developed predictor
model works directly with the variable PSFmaxðj=iÞ to avoid con-
version from DNI values.

The economic MPC strategy proposed in this paper is tested
against the traditional day-ahead scheduling strategy (DAS strat-
egy). This strategy is characterized by the following features:

1. The schedule for day D + 1 is generated at tschedule del of day D. At
this moment, initial conditions for day D + 1 are estimated
using the current status of the plant, the day-ahead forecast
and the schedule still to be met.

2. Its time horizon is 34 h, i.e., the length of the NSI interval at
tschedule del in the MPC approach. This election is made for a fair
comparison between strategies.

3. The generation schedule is tracked without any rescheduling.
Then, the hourly generation is the maximum that can be
reached according to the committed value.

The optimization model used to generate the schedule in the
DAS strategy is also derived from the MIP-MPC model. This opti-
mization model is referred to as the MIP-DAS model in this paper.
Tables 2 and 3 summarizes all information about the scheduling
strategies and the models used.

Section 3.1 describes the synthetic short-term predictor. MIP-
MPC, MIP-DAS and MIP-plant models are explained in Section 3.2.
Section 3.3 describes the characteristics of the following input
data: solar resource, its day-ahead forecast, electricity prices and
the penalty costs per MW h of deviation. Finally, the results and
discussion are shown in Section 4.

3.1. Synthetic short-term predictor

A synthetic short-term predictor is used to analyze the influ-
ence of short-term DNI forecasts. It is assumed that short-term
forecasts are never worse than day-ahead forecasts. Eq. (2)
describes the predictor:

PSFmax STFðk=iÞ ¼ PSFmax actualðk=iÞþ rðkÞxðPSFmax DAðk=iÞ � PSFmax actualðk=iÞÞ
ð2Þ

for k = 1 to NSTF þ 1; where NSTF is the horizon (hours) of the short-
term forecast; rðkÞ is a linear function of index
k; rð1Þ ¼ 1; rðNSTF þ 1Þ ¼ 1=ðxþ �Þ; � is a very small amount to avoid
division by zero; PSFmax STFðk=iÞ; PSFmax actualðk=iÞ and PSFmax DAðk=iÞ are

Table 1
Characteristics of the CSP plant.

Turbine capacity (gross) 52.5 MW-e
Solar field capacity 250 MW-t
Thermal capacity of the powerblock in solar-only

mode
140 MW-t

Thermal capacity of the powerblock in TES-only
mode

119 MW-t

Solar multiple 1.8
TES capacity (TES-only mode) 8 h
Turbine efficiency (full load) 38%
Fossil backup only to prevent HTF

freezing
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the short-term forecasted, actual and day-ahead forecasted maxi-
mum thermal powers available from SF; and x is a parameter
between 0 and 1, which represents the accuracy of the short-term
forecast (from ideally perfect short-term DNI forecast to day-
ahead DNI forecast, respectively). It is also worth noting that x is
the percentage of day-ahead forecast error to be added to the actual
value to generate the short-term forecast of the first hour. This per-
centage grows linearly over time (with a non-null value of x) and
reaches 100% when k ¼ NSTF þ 1 (i.e., out of the horizon of the
short-term forecast). Typical values for NSTF are 5 or 6 h (Law
et al., 2014, 2016a). The objective of the synthetic predictor is to
enable the approximate analysis of short-term DNI forecasts influ-
ence, overcoming the lack of such data for this case study. There-
fore, it is not the focus of this paper to develop a more realistic
short-term predictor. With the variation of parameter x, the two
extreme cases (ideally perfect short-term DNI forecast and lack of
short-term forecast) and other intermediate cases are simulated.
In this regard, the variable PSFmax STFðk=iÞ could represent the math-
ematical expectation of the short-term forecast.

3.2. MIP models

This subsection describes briefly the three one-hour-resolution
MIP models. The MIP-DAS and MIP-plant models are derived from
the MIP-MPC model. The formulation of the three MIP models for
this case study was carried out without any non-linear element,
except for binary variables. Thus, they are MILP models.

At this stage, it is important to clarify the following: The plant
operator and control systems of the plant under study are sup-
posed to take decisions based on two goals albeit with different
priorities (Vasallo and Bravo, 2016a). The high-priority goal is to
minimize the generation error. Once this objective is met, the
low-priority goal can be applied, which consists of minimizing
the defocused thermal power in the SF (thus maximizing the TES
energy level). Therefore, the plant under study only has one inde-
pendent decision variable in relation to power sharing, e.g., the set-
point for electricity generation. Then, the MPC action
uð1=iÞ ¼ Pe SPð1=iÞ. Equation Pe SPð1=iÞ ¼ Peð1=iÞ is used to obtain
the setpoint, where Peð1=iÞ is a value generated by the MPC control.

3.2.1. MIP-MPC model
Most MIP-MPC model constraints are derived from a linear one-

hour-resolution simplification of the detailed CSP plant model
(excluding the SF). The set of equations and inequalities compris-
ing the MIP-MPC model and the values for its parameters are
described in Vasallo and Bravo (2016a). Moreover, the synthetic
predictor is added in order to generate the short-term predictions
of PSFmaxðj=iÞ. The objective function to minimize is expressed in Eq.
(3), which is a specific case of the objective function in Section 2.

JðiÞ ¼ �Dto
XNTI

j¼1

pðj=iÞPenetðj=iÞ � /ðj=iÞðPerefnetðj=iÞ � Penetðj=iÞÞ
� �

� Dto
XN

j¼NTIþ1

ðpðj=iÞPenetðj=iÞÞ � KEðN þ 1=iÞ ð3Þ

In this objective function, generation costs are not taken into
consideration and KEðN þ 1=iÞ is the terminal value term formed
by a value proportional to the final TES energy level, with constant
K defined by equation K ¼ gpv low, where g is an efficiency factor for
the conversion of stored energy to net electric energy, and pv low is a
value much lower than the minimum electricity price in the simu-
lation period. This way, the terminal value term of the objective
function makes the defocused thermal energy be as low as possible
once the maximum economic profits (without terminal value
term) have been obtained.

In the Spanish market, deviation from the scheduled generation
produces penalty costs if it requires the intervention of the trans-
mission system operator. These penalties are associated with the
costs incurred to stabilize the system, and do not follow any pre-
given function. Therefore, these costs are difficult to estimate. An
average value for /ðj=iÞ is assumed in Section 3.3. An analysis is
conducted on the performance of the MPC strategy when this aver-
age value varies in Section 4.

3.2.2. MIP-DAS model
The MIP-DAS model is an optimization model which generates

the generation schedule for day D + 1 when tðiÞ ¼ tschedule del at day
D in case of the DAS strategy. The MIP-DAS model is derived from
the MIP-MPC model in the following manner: the TI interval is
removed and the NSI interval begins the hour 0 of day D + 1. Initial
values for the moment before hour 0 of day D + 1 are estimated at
tschedule del of day D using the current status of the plant, the day-
ahead forecast and the schedule still to be met.

3.2.3. MIP-plant model
The MIP-plant model is a one-hour-resolution model used to

represent the plant in the several-month-long simulation, and it
prevents high simulation times. It is composed of two consecutive
optimization models derived from the MIP-MPC model. The two
goals with different priorities that guide the decisions of the plant
operator and control systems (see the beginning of Section 3.2)
explain this scheme. The MIP-plant model incorporates the con-
straints included in the MIP-MPC model but, unlike the latter, its
time horizon is a one-hour step in order to represent the plant in
the evolution of the simulation.

3.3. Input data description

The characteristics of the solar resource, its day-ahead forecast,
electricity prices and the penalty costs per MW h of deviation for
the studied time period are described in this subsection. Fig. 3
shows the hourly average values of the maximum thermal power
available from the SF, PSFmax actualðjÞ, which have been obtained
using solar radiation data and the detailed CSP plant model. As
can be seen in the figure, as the days advance, the PSFmax actualðjÞ pro-
file increases in intensity and length. Furthermore, approximately

Table 2
Information about the scheduling strategies used.

Model Strategy Rescheduling Short-term forecast Feedback of the status of the plant

MIP-MPC MPC Hourly Hourly Hourly
MIP-DAS DAS No No Daily

Table 3
Information about the models used.

Model Function

MIP-MPC MPC strategy
MIP-DAS DAS strategy
MIP-plant To represent the plant

detailed model To convert DNI to PSFmaxðjÞ
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the first one hundred days present a high meteorological variabil-
ity, while the stability increases in the last eighty days.

An important variable that can influence the performance of
scheduling strategies is, obviously, the day-ahead forecast error
of the maximum thermal power available from the SF. In general,
the forecast error increases with the meteorology variability, that
is, winter days present higher prediction errors than clear summer
days. In order to characterize the day-ahead forecast error on a
monthly basis, some metrics are shown in Table 4. It is worth not-
ing that only daylight hours are used to obtain the metrics, as the
prediction error is absent during night hours. The mean of the
maximum thermal power available from SF is denoted by
PSFmax actual. The Relative Root Mean Squared Error and the Relative
Mean Bias Error are denoted by rRMSE and rMBE respectively, (see
Kraas et al., 2013 for expressions of these metrics). Some observa-
tions may be useful. The mean of the maximum thermal power
available from the SF increases by 237% from January to June.
The relative error is higher in winter months. In fact, March has
been particularly bad in the studied period. Finally, the monthly
bias error can vary widely.

Fig. 4 shows the difference between daily maximum thermal
energy available from the SF and its day-ahead forecast. Red1 is
used if the predicted value is higher and black if it is lower. The
width of the line is proportional to the forecast error. The figure
shows days with little error and days with a very high forecast error.
Roughly, the relative prediction error is higher in the first one hun-
dred days and decreases in the last eighty days. Fig. 5 shows three
example days for day-ahead forecast of PSFmax actual: May 26, 27 and
28. The three days present examples of underestimated, overesti-
mated and accurate forecasts, respectively.

The electricity prices are shown in Fig. 6. Prices reach higher
values during the first two months of the year (winter). Smaller
values are found in the second two months of the year (moderate
temperatures of the spring).

Fig. 7 shows an hourly boxplot of the penalty costs per MW h of
deviation from the scheduled generation (falling penalties in this
case study). Fig. 8 shows the autocorrelation of the penalty costs
time series. There is no significant 24-h autocorrelation, so, it is
no easy task to use autoregressive models to predict the penalty

costs per MW h of deviation. For this reason, the proposed eco-
nomic MPC approach uses an estimation /ðj; iÞ for this value. This
estimation /ðj; iÞ ¼ / ¼ c�/, where �/ ¼ 7:69 Euros/MW h is the
mean value for the penalty costs per MW h during the simulation
period and c P 0 is a parameter to be defined by the user. It is
worth noting that c defines the relative importance of the penaliza-
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Table 4
Metrics of day-ahead forecast error for maximum thermal power from the SF.

Month PSFmax actual (MW) rRMSE (%) rMBE (%)

1 52.6 51.6 17.5
2 82.5 45.4 3.8
3 87.6 70.0 8.4
4 152.4 40.8 �5.3
5 164.4 28.2 10.6
6 177.5 13.4 �7.8
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Fig. 4. Daily maximum thermal energy available from the SF and its day-ahead
forecast.

0 10 20 30 40 50 60 70 80
0

0.5

1

1.5

2

2.5
x 105

Hours

M
ax

im
um

 p
ow

er
 fr

om
 th

e 
S

F 
an

d 
its

 D
A

 fo
re

ca
st

 (k
W

)

Fig. 5. Three example days for day-ahead forecast. Actual value: solid, red line;
forecasted value: dotted, blue line. (For interpretation of the references to color in
this figure legend, the reader is referred to the web version of this article.)

1 For interpretation of color in Fig. 4, the reader is referred to the web version of
this article.
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tion term in the economic MPC approach. Since �/ is an unknown
value a priori, several simulations with different values of c have
been conducted in this paper. This allows studying the economic
impact of constant c and analyzing the importance of an accurate
estimation of �/.

4. Results and discussion

Simulation results are shown and discussed in this section. It is
important to stress that there are many factors that affect the eco-
nomic results of scheduling strategies, e.g., electricity market reg-
ulations, the local climate of the plant site, forecast quality, plant
design, simplification hypothesis and models used (Law et al.,
2016a). Therefore, the conclusions drawn from this case study
could be different in other scenarios. Several configurations of
the MPC strategy are compared to the reference strategy, that is,
the day-ahead scheduling strategy. The configuration of the MPC

strategy is set by two parameters. In this regard, MPCxðcÞ denotes
a configuration where the penalty cost per MW h is c�/ (see Sec-
tion 3.3) and the accuracy of the synthetic short-term predictor
is x (see Section 3.1). It is worth noting that while parameter c
is a tuning parameter of the MPC strategy, parameter x character-
izes the accuracy of the synthetic short-term predictor considered.
c ¼ 0:1;0:5;1;2;2:5;3 and x ¼ 0;0:001;0:5;1 values are used, so,
24 simulations have been carried out to study the different scenar-
ios. Moreover, the horizon of the synthetic short-term predictor,
NSTF , is set to 5 h in all scenarios, and the initial conditions for
the simulation are turbine shut-down and zero TES energy level.
Next, the following analysis are described: (1) economic compar-
ison between MPC and DAS strategies varying c and x; (2) calcu-
lation of the percentage of improvement in profits of the MPC
strategy with respect to the DAS strategy on a monthly basis; (3)
study of the influence of the horizon of the short-term predictor
on the profits; (4) economic comparison between MPC and DAS
strategies considering the maximum room for improvement; and
(5) energy analysis of both strategies. Finally, the conclusions
drawn from the results are exposed.

4.1. Economic comparison between MPC and DAS strategies varying c
and x

Total results in the six-month period are studied in this subsec-
tion. Figs. 9–11 show, respectively, the gross revenues, the penalty
costs and the final profits obtained by several configurations of the
MPC strategy and by the DAS strategy. Revenues decrease as the
value of parameter x increases, that is, as the short-term predic-
tion worsens (see Fig. 9). Moreover, as the value of parameter c
increases, the obtained gross revenues decrease. This is coherent
because an increase of the penalty cost makes the scheduler sacri-
fice revenues in order to meet the committed schedule. The higher
revenues of the MPC strategy over the DAS strategy are explained
by its rescheduling capacity. The penalty costs decrease as param-
eter c increases (see Fig. 10). At first, a decrease of costs is conve-
nient. However, as revenues decrease too, it is necessary to study
the profits in order to evaluate the results. The higher penalty costs
of the MPC strategy over the DAS strategy are justified in
Section 4.5.

In relation to total profits (see Fig. 11), three conclusions are
worth mentioning. Firstly, it should be underlined that the results
obtained by the MPC scheduler outperform the profits obtained by
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the reference scheduler in all cases. In fact, the MPC strategy with-
out short-term forecast (x ¼ 1) also overcomes the reference strat-
egy. Secondly, it is also noted that improvements in the parameter
x increase the profits. This point confirms the importance of hav-
ing a good short-term predictor. Finally, a value for the tuning
parameter c is proposed. It can be observed that when c is within
the interval (0.5–2) total profits are higher and they do not vary
significantly. Then, a c ¼ 1 value can be a good option, that is, to
use the mean �/ as an estimation for the penalty cost per MW h
of deviation. Moreover, the existence of this interval causes the
accuracy of this estimation not to be critical. In this regard, the fol-
lowing values represent the ratio between mean values (during the
first six months) for penalty cost per MW h in consecutive years
from 2012 to 2015: 2.06, 1.32, 0.85 and 1.09. It can be observed

that these values are within the identified interval (except value
2.06 by very little). Therefore, the mean value from the previous
year is proposed as an estimation of the penalty cost per MW h
for the current year, assuming that the validity of the identified
interval is maintained over the years.

4.2. Calculation of the percentage of improvement in profits of the MPC
strategy with respect to the DAS strategy on a monthly basis

Fig. 12 shows the percentage of improvement for each month in
profits of the MPCxð1Þ strategy with x ¼ 1;0:5;0:001 and 0 with
respect to the reference strategy. As can be seen, the MPC strategy
obtains substantial improvements in the first four months, when
the meteorological instability is present. In fact, the best result is
obtained in March, that is, the month with the worse forecast for
the maximum thermal power available from the SF. Therefore,
the MPC strategy can compensate bad forecast situations.
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4.3. Study of the influence of the horizon of the short-term predictor on
the profits

As mentioned above, the horizon of the synthetic short-term
predictor, NSTF , is set to 5 h. However, it may be interesting to study
the evolution of the profits when a higher time horizon is used.
Fig. 13 shows the profits obtained using NSTF ¼ 5;6;7;8;10 and
12 applying a MPC0:001ð2Þ scheduler. A slight increase in profits
can be observed as the value of NSTF increases. In fact, the profits
for NSTF ¼ 12 almost reaches the profits of the MPC0ð2Þ scheduler
with NSTF ¼ 5, that is, using perfect short-term forecast (see
Fig. 11). The test was also performed with the MPC0:001ð1Þ strategy
and the resulting overall trend of profits was also incremental to
the NSTF value. Nevertheless, some fluctuations arose. Theses fluc-
tuations are possibly due to the higher penalty risk level with
c ¼ 1 (see Section 4.5 for clarification of this point).

4.4. Economic comparison between MPC and DAS strategies
considering the maximum room for improvement

A final economic analysis of the MPCxð1Þ strategy is carried out
in comparison with the reference strategy. To partially overcome
the dependence of results with the studied scenario, the maximum
ideal profits (using perfect solar resource forecast) for the specifi-
cations of this case study are taken into account. Fig. 14 shows total
profits in the six-month period of the following strategies: (1) MPC
strategy with perfect day-ahead forecast; (2) DAS strategy with
perfect day-ahead forecast; (3) MPCxð1Þ strategy with
x ¼ 0;0:001;0:5 and 1; and (4) DAS strategy. It is worth noting
that perfect day-ahead forecast means perfect short-term forecast
in this case study. The profits of these strategies decrease according
to the order in which they are cited. With perfect day-ahead fore-
casts, the MPC strategy outperforms the DAS strategy thanks to the
hourly rescheduling, which allows having information about the
energy prices for the hours immediately after the end of the time
horizon of the DAS strategy. Then, the MPC strategy could reserve
energy for future high-price hours and, consequently, accept some
deviation at the moment of the decision. Considering the profits of
the MPC strategy with the perfect day-ahead forecast as the max-
imum ideal profits, the percentage difference in profits between
MPC and DAS strategies in relation to the maximum ideal gain is
33.3%, 25,7%, 25.0% and 13.9% for x ¼ 0;0:001;0:5 and 1. Since a

perfect forecast is an idealized situation, it could be said that prof-
its obtained by the MPC strategy are remarkable.

4.5. Energy analysis of both strategies

Next, some energy results of DAS and MPC0:001ð1Þ strategies are
shown in Table 5. The amount of thermal energy available from the
SF which is not transferred to the turbine and/or TES must be elim-
inated by means of a partial/total solar collector defocusing. This
amount of energy is referred to as defocused energy (see Table 5).
We can see that generation is slightly lower with the MPC0:001ð1Þ
strategy. Moreover, values for deviation and defocused energy with
MPC strategy are also worse. The economic improvement of MPC
strategy is shown in parameter equivalent sale price. This parameter
is defined as the ratio between total profits and total generation.
The worse energy results of the MPC strategy are explained by
its capability to admit deviation in order to reserve energy to
potentially attain higher future revenues, as its higher mean TES
energy level confirms. As mentioned above, this capability is based
on the hourly slide of the MPC window, which incorporates new
information (precise or not). The parameter c allows reducing this
capability and can be used to regulate the risk level. In any case,
while total deviation can be higher with the MPC strategy, this
approach distributes it by taking advantage of the most favorable
hours (see Figs. 6, 15(a) and (b)). The DAS deviations are concen-
trated around some concrete hours. However, MPC deviations are
expanded along the day as a result of the search for high prices
(see the example in Fig. 16 for better clarity). Finally, Fig. 17 shows
the distribution of electric generation with price intervals for both
strategies. The displacement of the generation to higher prices in
the MPC strategy compared to the DAS strategy can be observed.
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Table 5
Energy results of DAS and MPC0:001ð1Þ strategies during the six-month period.

Hourly mean value DAS MPC0:001ð1Þ Inc. (MPC0:001ð1Þ over
DAS)

Generation (MW h-e) 18.87 18.84 �0.18%
Deviation (MW h-e) 1.73 2.16 25.18%

Defocused energy (MW h-t) 4.83 4.96 2.75%
TES energy level (%) 33.4 39.6 18.71 %

Equivalent sale price (Euros/
MW h-e)

42.13 43 2.07%
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4.6. Conclusions drawn from the results

In summary, the following conclusions can be drawn after ana-
lyzing the results:

1. The MPC strategy obtains higher total profits than the DAS
strategy during the period of six months, including the case
without short-term forecasts. Moreover, improvements in
short-term forecasts increase the profits. These results are
expected because of the capabilities of MPC approaches.

2. To estimate the penalty cost per MW h of deviation, its mean
value (during the studied period) from the previous year is pro-
posed (see the last paragraph of Section 4.1)

3. The improvement in profits of the MPC strategy in relation to
the reference strategy is higher in periods with a bad forecast.
For example, the percentage of improvement during March is
higher than 7% in cases with short-term forecasts (x < 1).

4. A higher horizon of the short-term forecast achieves slightly
better results (assuming that the behavior of the short-term
forecast is described by the developed synthetic predictor).

5. The MPC strategy reaches an improvement in total profits dur-
ing the six months period between 13.9% and 33.3% of the max-
imum room for improvement in this case study. This maximum
ideal improvement is defined as the difference in profits
between the MPC strategy with perfect day-ahead forecasts
and the DAS strategy.

6. The c parameter allows regulating the risk level of the tracking
in the MPC strategy. This strategy tends to admit certain devia-
tion in order to store more energy. The stored energy is then
used to potentially achieve higher future revenues, although
this performance increases the penalties. This behavior leads
to, in addition to a higher deviation, a higher mean TES energy
level and, consequently, higher defocused energy. A high
enough value of c can reduce this performance, but it could
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adversely affect profits. The ideal value of c compensates the
penalties and the worse energy behavior with higher profits.

In the opinion of the authors, the proposed economic MPC could
reach better results in the following situations:

1. In the real case of an imperfect forecast of energy price (a per-
fect price forecast is supposed in this case study), the economic
MPC could outperform the DAS strategy more clearly due to the
perfect knowledge of the prices of the current day. Notice that
the DAS strategy always uses forecasted prices. Nevertheless,
the MPC strategy can utilize exact prices of the current day
for its tracking function once the prices were cleared on the
market the day before.

2. In scenarios with a higher level of penalty costs per MW h of
deviation, the economic MPC could also overcome the DAS
strategy more clearly because this high level of penalties could
be reduced significantly.

Some improvements for the method are indicated next:

1. More complex models to form the penalization term in the opti-
mization function can be evaluated. For example, the estima-
tion of the penalty cost per MW h of deviation could be
supposed to be time-varying. This value could be calculated
using a weighted mean of a sliding window along previous
values.

2. It is interesting to explore other aspects, such as analyzing the
effect of the sliding window length on the results, or including
robust terms in the optimization problem. The purpose of these
robust terms is to achieve a more conservative generation
schedule for the next day, thus avoiding hight deviation due
to poor DNI forecast.

5. Conclusion

An economic MPC approach is proposed to address the optimal
generation scheduling in CSP plants with TES. One of the main
obstacles tackled in this type of problems is the penalty cost
charged by the electricity market when deviation from the com-
mitted generation schedule arises due to the limited accuracy of
the solar resource forecast. The proposed approach addresses this
pitfall with two actions: (1) the economically advantageous, regu-
lar update of the generation schedule to track the committed
schedule using the most recent forecast and the current status of
the plant and (2) the generation, at the appropriative time, of a
more feasible schedule for the following day thanks to the use of
a better estimation for the initial conditions based on short-term
forecasts. In order to achieve the proposed aims, the objective
function of the MPC consists of economic terms, that uses fore-
casted electricity prices and estimations of penalty costs. The pro-
posed approach is applied, in a simulation context, to a 50 MW
parabolic trough collector based CSP plant with TES under the
assumptions of a participation in the Spanish day-ahead energy
market and perfect price forecasts. A time period of six months is
taken into account in this case study to test several meteorological
conditions. The proposed approach is then compared with a refer-
ence strategy based on a traditional day-ahead scheduling. The
comparative analysis covers economic and energy results. A signif-
icant economic improvement is observed, especially in periods
with bad forecast of solar resource. Several future research lines
are indicated: (1) the analysis of scenarios with imperfect forecast
of electricity prices or higher level of penalty costs, (2) the develop-
ment of more complex methods to estimate the penalty cost per
MW h of deviation, and (3) the provision of robustness for the pro-

posed approach. It is also important to highlight that the proposed
approach can be translated to another renewable energy source
with energy storage system.
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a b s t r a c t

In a one-day ahead energy market, power plant owners have to provide a generation schedule in
advance. A scheduling strategy for concentrating solar power plants with thermal energy storage is
studied in this paper. The strategy is based on a mixed-integer linear programming model which ap-
proximates the plant operation. The main novelty of the method is the inclusion in the optimization
model of a penalty term for generation variation (cycling) with different intensities depending on the
power block situation, i.e., normal operation, startup or shutdown. This distinction increases the search
space for schedules with reduced cycling and high energy sale profits. Cycling reduction leads to higher
lifetimes of the power block elements, lower maintenance costs, and easier plant operability. A simu-
lation case study, based on a 50MW plant participating in the Spanish market, is included. The main
conclusion of this study is that an important reduction of the generation cycling can be achieved without
reducing profits. Other advantages of the method are also shown. By means of historical data, it is
possible to estimate the lowest level of generation cycling which maintains profits. Moreover, lower
generation deviations are obtained, facilitating the tasks of the electric system operator.

© 2018 Elsevier Ltd. All rights reserved.

1. Introduction

Concentrating solar power (CSP) can be considered an emerging
technology that has attracted great interest in countries such as
Spain and the USA thanks to the support of local governments. In
CSP plants, the incoming sunlight is concentrated on a relatively
small target area by mirrors or lenses, and thus produces medium
to high temperatures. This thermal power is converted to electrical
power using heat exchangers and a steam turbine connected to an
electric power generator. The most commercially-attractive [1] and
widely installed CSP technology [2] is based on parabolic trough
collector (PTC) which uses synthetic or organic oil as the heat
transfer fluid (HTF). Energy storage has proven to be a useful
element to address the problem of the variability of renewable
energy generation [3e5]. Specifically, the addition of thermal en-
ergy storage (TES) to CSP plants allows them to generate electricity
at times of little or no solar irradiance, and to rearrange production

from lower to higher price periods. The possibility of scheduling the
electricity production (also called self-scheduling) encourages CSP
plants to participate in electricity markets, where the aim of elec-
tricity producers is to maximize profits from the sale of energy.
Moreover, forecasts of weather and electricity price must be
considered because in electricity markets power plant owners have
to offer a daily schedule ahead of time [6].

As detailed in the seminal work [7], mixed-integer linear pro-
gramming (MILP) is a modeling method that can be used to
schedule the generation plan of several types of power plants.
Furthermore, it is possibly the most widely-used modeling method
to obtain an optimal scheduling in CSP plants [8e14]. In this regard,
the scheduling method used in this paper is based on MILP. How-
ever, different approaches to MILP can be found in literature, e.g.
Refs. [15e17], where Nonlinear Programming is used to optimize
the operation, and [6,18], where Dynamic Programming is
employed.

It is important to remark that MILP approaches use approxi-
mated models to solve the scheduling problem. The simplifications
commonly applied are: 1) hourly resolution, 2) linear relations
between variables, and 3) simple operating constraints. In this
context [13], proposes the use of a detailedmodel and aMILPmodel
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to combine accuracy and MILP capabilities.
The accuracy of direct normal irradiance (DNI) forecasts limits

the predictability of the electricity production in CSP plants. This
point can be a problemwhen participating in day-ahead electricity
markets due to the risk of being penalized for deviating from the
committed generation schedule. Such penalties depend on the size
of the deviation, so the accuracy of DNI forecasts is undoubtedly an
important aspect [19]. In this regard [20,21], analyze the financial
value of CSP plants based on DNI forecasts. Moreover, robust and
stochastic approaches are applied to deal with the uncertainty of
CSP production and energy price forecasts in the CSP scheduling
problem [22e25]. Another alternative to face the problem of un-
certainty is found in Refs. [26,27], where a generation rescheduling
mechanism based on a model-based predictive control (MPC)
approach was suggested and studied. All the above papers also use
mixed-integer programming.

Because of energy prices and DNI variability, a scheduling
method based solely on maximizing profits can result in numerous
high intensity cycling operations. Cycling refers to changing the
power output of plants by means of switching (starting up and
shutting down) and load variation. The excessive thermal stress
during cycling harms the lifetime of the elements of the power
block, such as the steam generator and the turbine [28]. In this
regard, the penalization for generation changes can result in an
increase in power block lifetime and a reduction of maintenance
costs, as well as an easier plant operability [14]. Several works have
tackled the problem of the power block lifetime of CSP plants from
the standpoint of design and low-level operation [29e33]. In the
context of the generation scheduling problem, few studies have
carried out a deep analysis about the impact of penalization for
generation changes to the plant performance. It is common to find
in literature hard operation constraints, such as ramp limits for
charging/discharging power from TES [22,25] and for electricity
generation [34,35]. Penalties for generation changes included in the
objective function can be found in Refs. [9,14]. This last paper
studies the economic impact when these penalties vary. The study
is based on annual simulations and perfect forecast, and concluded
that a significant reduction of generation variability is possible with
little impact on economic results.

This paper proposes a MILP-based scheduling scheme for CSP
plants with TES, oriented towards reducing the generation cycling,
in the context of a day-ahead strategy. In this regard, the main
novelty is the inclusion of a binary-regularization term that pe-
nalizes for generation cycling and encompasses some of the pre-
viously mentioned penalization terms, such as the one in Ref. [36].
This binary-regularization term is inspired in trimmed lasso [37],
and combines binary variables with fussed lasso [38]. Binary vari-
ables are used to modulate the penalization intensity applied to
generation cycling in different situations of the power block:
normal operation, startup, and shutdown. This distinction increases
the degree of freedom when searching for better economic solu-
tions, and could allow for a more efficient use of the information
about the power block damage under different situations. A
simulation case study that carries out a sensibility analysis over the
penalization parameters is included in this paper, studying the
impact on the economic profits derived from energy sales. Unlike
the work in Ref. [14], the economic study considers imperfect
forecast for energy prices and solar resource, and therefore pen-
alties for deviation from the committed generation schedule. So-
lutions with significantly reduced cycling and which maintain the
energy sale profits were found. In summary, themain contributions
of this work are: (1) a binary-regularization term is proposed to
penalize generation changes in a day-ahead scheduling strategy for
a CSP plant in order to increase the power block lifetime, to reduce
maintenance costs, and to simplify the plant operability; and (2) its

economical impact has been studied, in a simulation context,
considering imperfect forecast for energy prices and solar resource,
and penalties for deviation from the committed generation
schedule. Other benefits of the method have been studied in this
work: (1) the possibility of tuning the suitable level of cycling
penalization based on historical data; and (2) a gain in robustness
in relation to the DNI forecast uncertainty, which leads to lower
generation deviations. Fig. 1 outlines the idea of cycling reduction
that is studied in this paper.

The problem formulation is given in Section 2. The generation
scheduling strategy and its optimization model are described in
Sections 3 and 4, respectively. A case study is explained in Section 5.
Finally, some conclusions are drawn in Section 6.

2. Problem formulation

This section starts with a description of the CSP plant. Next, the
generation problem to be solved is described.

2.1. Concentrating solar power plant description

The type of plant considered in this work is a PTC-based CSP
plant with TES. Fig. 2 shows a simplified diagram of this plant,
which consist of three main blocks: the Solar Field (SF), the TES
system, and the Power Block (PB). A fossil fuel backup is also
common in this type of plants, but in this work it is not considered
for electricity generation. The liquids circulating in the SF, TES and
PB are HTF; HTF and molten salt; and HTF, water and steam,
respectively. A heat-exchanger system allows for a bidirectional
exchange of energy between the HTF and the molten salt, and
another exchanger system allows for an energy transfer from the SF
and/or TES to the PB.

The SF is composed of a number of PTC loops connected in
parallel to each other. The collectors are formed by reflective
parabolic mirrors and receiver tubes installed at the focal line of the
parabolic surface. The circulating HTF runs through the receiver
tubes. Insulated pipes distribute the HTF to the loops. A single-axis
tracking mechanism enables the collectors to follow the sun. A
large portion of the incident solar power is consequently concen-
trated onto the receiver tubes and transferred to the HTF, increasing
its temperature.

Power flows between the different elements are also shown in

Fig. 1. Reduction in generation cycling.
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Fig. 2. The maximum thermal power available from the SF on the
HTF side at daily time t is denoted as PtSFmaxðtÞ. With PtSFdef ðtÞ we

denote the part of this power that can be lost due to a partial or
total defocus of the parabolic mirrors, which is sometimes neces-
sary to avoid excessive HTF heating due to a low power demand. As
such, the difference between the previous two variables is the
thermal power actually transferred from the SF on the HTF side,
denoted as PtSFðtÞ.

The TES system is an indirect two-tank molten salt system [39].
Molten salt circulates from the hot (cold) tank to the cold (hot) tank
in energy discharging (charging) modes. As described above, a
bidirectional heat exchanger system allows for energy transfer
between the HTF and the molten salt. The discharging and charging
thermal power on the HTF side in instant t are denoted PtdðtÞ and
PtcðtÞ, respectively.

The PB is made up of a heat exchanger train, a steam turbine that
is coupled to an electricity generator, a condenser, a cooling system
and other auxiliary elements. PtHTF ðtÞ is the thermal power in the PB
inlet used to generate electricity. Note that PtHTF ðtÞ is equal to
PtSFðtÞþ PtdðtÞ� PtcðtÞ� PtstartupðtÞ, where PtstartupðtÞ is the fraction of
thermal power used to increase the PB thermal state during startup.
Finally PtenetðtÞ is the electrical power transferred to the grid, which
is a fraction of the generated electric power PteðtÞ in order to ac-
count for the parasitic electricity consumption by the plant.

Several power operating modes can be run at CSP plants (e.g., SF
/ PB, SF / TES, SF / PB þ TES, SF þ TES / PB, TES / PB).
Moreover, the plant is operated by following a sequence of phases.
Typical operating phases in the SF include nocturnal recirculation,
freezing protection, HTF warm-up period, and sunlight period,
among others.

2.2. The power generation problem

In this paper, the participation in a day-ahead energy market
and the producer's price-taking property (i.e. its production
schedules do not influence market prices) are assumed. The power
generation problem is based on the following points:

� The problem is focused on high-level power sharing, with an
hourly time scale, disregarding the low level control.

� The day D at instant t ¼ tsubm the CSP plant's owners must
provide to the market an hourly generation profile for the next
day (Dþ 1). This profile, which represents the hourly mean
values of the net power generation, is a commitment for the
next day and therefore has to be considered as generation set-
points by the CSP plant.

� Moreover, each hour j of the current day (D), the mean net
power generated by the CSP plant should be equal to the mean
net power committed to the market the previous day (the
generation setpoint). If this equality is not accomplished, the

market applies some economic penalties associated to the
difference.

For the sake of clarity, hereafter the name of the hourly mean-
values power variables matches the names of the instantaneous
variables except for the superscript t.

3. Power generation scheduling strategy

This section describes the scheduling strategy used to solve the
power generation problem formulated in Subsection 2.2 and the
building blocks of a potential implementation.

3.1. The day-ahead scheduling strategy

In order to solve the power generation problem, a MILP-based
model is considered. A general description of this optimization
model is presented in Section 4. The solution of this MILP problem
is the hourly generation profile for the next day (Dþ 1).

Fig. 3 shows the flowchart followed by the day-ahead sched-
uling (DAS) strategy used in this paper. At hour t of day D, the DAS
scheduler provides the committed generation setpoint to the CSP
plant. We assume that the CSP plant hourly generation is the
maximum that can be reached while limited by the committed
generation setpoint and the energy really available. If hour t is equal
to tsubm, the generation schedule setpoints for day Dþ 1 are ob-
tained solving the MILP model with a time horizon length Dw (see
Fig. 4). At this moment, the initial conditions for day Dþ 1 are
estimated using the current status of the plant, the day-ahead DNI
forecast and the schedule still to be met. The time horizon Dw is set
to a value higher than 24 h in order to consider the day Dþ 2
(partially or totally) in the optimization problem.

Fig. 2. Simplified diagram of a CSP plant with TES.

Fig. 3. Flowchart of the DAS strategy at hour t of day D.
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3.2. The day-ahead scheduling strategy implementation

In order to implement the DAS strategy, a set of blocks is pro-
posed (see Fig. 5):

� MILP-based scheduler. Considering that t denotes the daily time,
as mentioned above, this block provides a day-ahead generation
profile at time t ¼ tsubm. This set of generation setpoints is ob-
tained solving the MILP model.

� Setpoint provider. This block stores the day-ahead generation
profile and provides the current setpoint for electricity
generation.

� Initial condition estimator. At daily time t ¼ tsubm, this block
provides to the scheduler an estimation of the next day initial
state of the CSP plant.

� Detailed SF model. This block is used to obtain predictions of the
hourly mean value of the maximum thermal power available
from the SF. DNI and other meteorological variables forecasts,
and the state of CSP plant, are used to make these predictions.

� Electricity price predictor. Provides energy price forecasts.

Summarizing, at instant tsubm of day D theMILP-based scheduler
block receives the following information:

1. An estimation of the initial state of the CSP plant at the begin-
ning of day Dþ 1.

2. Energy price forecasts made at time tsubm for days Dþ 1 and Dþ
2.

3. Predictions for the hourly mean value of the maximum thermal
power available from the SF for days Dþ 1 and Dþ 2.

With this information the scheduler block solves the MILP problem
and obtains the generation schedule profile. This profile is stored, as
it will be applied during the next day (see block Setpoint provider in
Fig. 5).

4. MILP model for generation scheduling

The optimization model presented in this paper is a one-hour-
resolution extension of the one developed in Ref. [13]. The MILP
model is composed of energy variables, binary variables, input data
and parameters. The model parameters reflect the structural
characteristics of the plant, or are mechanisms for adjustments in
the optimization process. Input data are known variables (forecasts
for maximum thermal power from the SF and electricity price) and
initial conditions estimations. The energy variables represent the
thermal energy in the TES, and hourly mean values for thermal or
electrical energy flows among the distinct elements of the plant.
The binary variables are necessary to formulate operating
constraints.

Next, only the novel elements with respect to the original model
are explained in detail. The set of constraints are described briefly.
The reader is invited to consult [13] and the references included in
it for a more detailed explanation.

4.1. Objective function

The objective function (expression 1) is a sum of economic
revenues, costs, and a terminal value term. It combines several
goals and therefore K, CD, CDb

and CDl
can be considered trade-off

parameters.

Maximize KEðDwþ 1Þ þ
X

j¼1

Dw

pðjÞPenetðjÞ

�CD
X

j¼1

Dw
������
DPeðjÞ

������
ð1� bðjÞ � lðjÞÞ

�CDb

X

j¼1

Dw
������
DPeðjÞ

������
bðjÞ

�CDl

X

j¼1

Dw
������
DPeðjÞ

������
lðjÞ

(1)

Fig. 4. Scheduling window of the DAS strategy.

Fig. 5. Block diagram of the DAS strategy.
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In the above expression, index j indicates the hour in the opti-
mization window (the value j ¼ 0 is associated to the last hour of
day D, and j ¼ 1 to the first hour of day Dþ 1); PeðjÞ and PenetðjÞ are
turbine-generated gross and net electric power; jDPeðjÞj is the ab-
solute value of the gradient of PeðjÞ, with DPeðjÞ ¼ PeðjÞ� Peðj� 1Þ;
KEðDwþ 1Þ is the terminal value term formed by a value propor-
tional to the final TES energy level; bðjÞ and lðjÞ are binary variables
with value equal to 1 if during hour j the turbine is in a startup or
shutdown operation, respectively; and pðjÞ are electricity price
forecasts. Constant K is set to a small enough value to make the
defocused thermal energy be as low as possible once the maximum
economic profits (achievedwithout terminal value term) have been
obtained. Note that minimizing the defocused thermal energy leads
to the increase of the final TES energy. Lastly, the cycling penali-
zation term includes parameters CDb

, CDl
and CD. They are the unit

cost of the power gradient when the turbine is in startup, in
shutdown, or is working in normal operation, respectively.

Although the objective function is nonlinear, jDPeðjÞj can be
linearized by means of slack variables [40] and the products of
binary and continuous variables using the method described in
Appendix A of [13]. Since all constraints are also linear, or can be
replaced by equivalent linear expressions, a MILP problem is
formulated. In summary, expression (1) provides a tradeoff be-
tween the economic profit and the cycling level of the power block,
being the maximization of the final TES energy level a secondary
goal because of the small value selected for parameter K. Therefore,
the only tuning parameters are CDb

, CDl
and CD (see Subsection 4.3

for a detailed explanation).

4.2. Constraints

A brief description of the set of constraints included in the MILP
model is commented below.

� Energy balance constraints. These constraints express how
thermal and electrical power is distributed and transformed
among the elements of the plant, and also illustrate the dynamic
behavior of the plant.

� Initial conditions constraints. These constraints indicate the TES
energy and the turbine state at the initial instant of day D þ 1.

� Operational constraints. Most of the operational constraints
reflect the various physical characteristics of the plant, such as
bounds for power values in the different elements of the plant,
or limitations depending on the current operation in the plant
(eg., stronger limitations during startup).

� Binary variables constraints. These constraints establish the
logical relations between the binary variables.

4.3. Cycling penalization mechanism

The main contribution of this work is to study the impact of a
cycling penalization mechanism included in the day-ahead
scheduling strategy. This subsection explains the idea. Constraint
(2) is included in order to force a generation schedule with a
maximum of one power block start per day. Notice that this
constraint is removed when CD ¼ 0.

CD
X24

j¼1

bðjÞ � CD: (2)

The objective function defined in expression (1) includes a
cycling penalization term. The assumptionmade in this work about
the power block damage is that lower values for jDPeðjÞj mean

lower degradation. The tuning parameters CDb
;CDl

;CD � 0 define
the intensities of the cycling penalization. Parameter CDb

is asso-
ciated with the power gradient in the turbine startup, CDl

with the
power gradient in the turbine shutdown, and CD with the power
gradient during the rest of the time when the turbine is working.
Hereafter, in order to take into consideration the tuning parame-
ters, the notation DAS(CDb

, CDl
, CD) indicates the values given to the

parameters in the DAS strategy. Some interesting cases are
enumerated below.

� Notice that DAS(0,0,0) implies a case without cycling
penalization.

� In the DAS(CD, CD, CD) strategy, with CD >0, the cycling penali-
zation term is reduced to

CD
XDw

j¼1

������
DPeðjÞ

������
:

The same level of penalization is applied to the generation variation
during startup, shutdown or normal operation of the turbine.
Similar penalization terms have been used in Refs. [9,14,36].

� On the other hand, with DAS(0,0, CD) and CD >0, the cycling
penalization term is

CD
XDw

j¼1

������
DPeðjÞ

������
ð1� bðjÞ � lðjÞÞ:

In order to generate electrical power we need to startup and
shutdown the turbine. Therefore, in this case the penalization is not
applied to startup and shutdown processes, considering they are
necessary steps and the damage due to the intensity of both pro-
cesses is not taken into account.

� Intermediate values of CDb
and CDl

, i.e. DAS(12CD,
1
2CD, CD), provide

a combination between the two above cases.
� Other options can be considered with different values of CDb

, CDl

and CD, providing a wide range of cycling penalization
strategies.

5. Case study

In this section, the DAS(CDb
, CDl

, CD) strategy is applied, in a
simulation context, to a 50MW PTC-based CSP plant with molten-
salt-based TES. The CSP plant is based on the model presented in
Ref. [41] and also used in Ref. [13], which describes the plant
Andasol 2 in Granada, Spain. Table 1 shows some characteristics of
this model (adapted to this case study). The main objective of this
study is to assess the economical impact on the energy sale profits
of the cycling penalization method. With this purpose, a sensitivity
study for the penalization parameters is carried out. Other advan-
tages of the method are also found. Subsection 5.1 describes the

Table 1
Characteristics of the CSP plant.

Turbine capacity (gross) 52.5MW-e
Solar field capacity 250MW-t
Thermal capacity in solar-only mode 140MW-t
Thermal capacity in TES-only mode 119MW-t
Solar multiple 1.8
TES capacity (TES-only mode) 8 h
Power block efficiency (full load) 38%
Fossil backup only for preventing HTF freezing
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main features of the simulation scenario developed for this case
study. Results and discussion are presented in Subsection 5.2.

5.1. Features of the simulation scenario

A time period of one year is considered (from 01/01/2013 to 31/
12/2013). The Spanish day-ahead energymarket and the producer's
price-taking property are considered. Parameter tsubm is set to
10.0 h (Spanish market in 2013). Parameter Dw is set to 34 h. The
values for the rest of parameters can be consulted in Ref. [13]. The
hourly electricity price is obtained from the Iberian market oper-
ator OMIE [42] and can be seen in Fig. 6. A synthetic scenario for
energy price forecast is generated using the persistent method and
actual values of prices, with the goal of obtaining an annual mean
for the metric RMSE (root mean square error) of 2.7 V/MW h [43]
for the day-ahead forecast. Annual mean values for the metric
RMSE are 3.3 V/MW h and 3.5 V/MW h for the two day-ahead and
three-day ahead price forecasts, respectively. Penalty costs per
MWh of deviation are obtained from the Spanish electric system
operator [44]. No premium per MWh is considered. To generate
predictions of the maximum thermal power available from the SF
(see Fig. 5), the detailed SF submodel from Ref. [13] is used. DNI and
ambient temperature are the only meteorological variables
considered, and ambient temperature forecasts are assumed to be
perfect and created from TMY2 data [45]. A set of solar radiation
measures is available. In the same way as for prices, a synthetic
scenario for DNI forecast is created using the persistent method and
the actual values, with the purpose of achieving an annual mean for
the metric nRMSE (normalized root mean square error) of 32% [19]
for the day-ahead forecast. The DNI forecasts are supposed to be
provided at 0.0 h every day. The persistent method is considered for
the two-day-ahead and three-day-ahead DNI forecasts (see Fig. 4),
obtaining annual values for nRMSE of 43% and 45%, respectively.

In the proposed simulation context, the CSP plant (see Fig. 5) is
represented by the combination of two models. On the one hand,
the detailed SF submodel characterizes the evolution of tempera-
tures and operating phases in the SF, and generates the hourly
mean values of the maximum thermal power available from the SF
using the actual DNI data (see Fig. 7). On the other hand, a one-
hour-resolution model is used to represent the energy balances in
the rest of the plant's blocks. This structure avoids very high
simulation times, as in Refs. [20,21]. Specifically, a second MILP
model derived from theMILPmodel used for generation scheduling

is applied. This model receives each hour the generation power
setpoint and the maximum available thermal power, and resolves
the energy balance considering all the operating constraints.
Among its outputs are the generated electric power and the plant's
state (TES energy level and turbine ON/OFF state). It is composed of
two consecutive optimization models. The first optimization goal is
to minimize the generation error. Once this objective is met, the
second optimization goal is to minimize the defocused thermal
power in the SF. It is supposed that control systems and operator
decisions comply with these operating rules. Fig. 8 shows the
scheme for simulation.

MATLAB [46]; 0000) and a desktop computer was used as
simulation platform. The MILP models were generated in YALMIP
[47], a free toolbox for MATLAB, and solved by SCIP (v3.0.2) [48], a
free solver for mixed integer problems. The size of the optimization
problem for generation scheduling is 511 continuous variables, 272
binary variables and 1293 constraints. The approximate required
computation times are: 1) generation and resolution of the MILP
model for generation scheduling: 2 s, 2) one-day simulation of the
detailed SF model: 12 s, and 3) annual simulation of the whole
system: 2 h 50min.

5.2. Results and discussion

The economic impact on energy sale profits when the level of

Fig. 6. Electricity prices during 2013 in the Spanish energy market (V/MW h).

Fig. 7. Hourly average values for maximum thermal power available from the SF
(PSFmax , kW) for the case study.

Fig. 8. CSP plant simulation by the combination of two models.
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cycling penalty increases is studied first. The cycling reduction
preserves the power block lifetime and reduces the maintenance
costs, therefore it involves an economic benefit in the long term,
although this aspect has not been studied quantitatively. Moreover,
other benefits provided by the method are analyzed, such as the
possibility of tuning the suitable level of cycling penalization based
on historical data, and the reduction of generation deviation due to
DNI forecast uncertainty.

5.2.1. Economic impact on energy sale profits
When the DAS(0,0,0) strategy (without cycling penalization) is

applied to the considered time period, the total results are:
profits¼ 7.854 millions V; revenues¼ 7.995 millions V; deviation
penalties¼ 141 thousands V; the mean of the absolute value of the
hourly gradient in the power block output jDPej ¼ 4.87MW; and
the mean of the absolute value of the hourly gradient in the power
block output when calculated removing gradients in startups and

shutdowns
���DPBe

��� ¼ 2.35MW. This is the reference case on which

the bellow comparisons are based. Note that these two metrics aim
to reflect the power block damage according to the assumption that
lower values for jDPejmean lower damage. The second metric does
not include damage during startups and shutdowns.

The strategies DAS(0,0, CD), DAS(12CD,
1
2CD, CD), and DAS(CD, CD,

CD) with CD 2 f5;30; 50;100;200;1000g V/MW h were simulated.
Notice that the DAS(12CD,

1
2CD, CD) strategy is an intermediate case

between the other two. In order to illustrate the influence of the
considered cycling penalization method on generation scheduling,
Figs. 9 and 10 are included. Some generation profiles for the next
day, obtained in the 14th week of the simulated time period, have
been represented. Fig. 9 shows the electricity prices and the gen-
eration profiles for the next day obtained by the reference case
(without cycling penalization). It is important to remark the high
variability observed in the scheduled profiles in order to follow the
electricity prices and, therefore, to maximize economic profits. A
next day profile with high variability is converted into a generation
profile with high gradients, reducing the power block lifetime, and
increasing the maintenance cost and the difficulty of the plant
operation. The main goal of this work is to obtain generation pro-
files with an important reduction of this variability, but with a low
economic impact. Fig. 10 shows the scheduled profiles obtained by
the DAS(0,0, CD), DAS(12CD,

1
2CD, CD), and DAS(CD, CD, CD) strategies

with CD ¼ 50. In all cases, the high variability of the scheduled
profiles is reduced in comparison to the reference case. As can be
seen, the DAS(CD, CD, CD) strategy reduces the number of startups
and shutdowns due to the penalization in these processes but, as a
consequence, it sometimes bounds the maximum electricity pro-
duction in order to generate in an uninterrupted mode during a
higher time period. Alternatively, the DAS(0,0, CD) strategy presents
startups and shutdowns every day of the example, therefore
generally reaching higher generation levels than the DAS(CD, CD,
CD). On the other hand, DAS(12CD,

1
2CD, CD) provides a compromise

between the previous generation profiles.
Figs. 11 and 12 provide a study of the cycling penalization

method in terms of obtained economic profits and generation
variability. Simulations with cycling penalty parameter CD >0 are
compared with the reference case (CD ¼ 0, i.e., without cycling
penalization). For example, in Fig. 11, considering only the cases

Fig. 9. Generation scheduling profile obtained in the 14th week of the simulated time
period.

Fig. 10. Generation scheduling profiles obtained in the 14th week of the simulated
time period.

Fig. 11. Percentage increment of profits compared with the reference case (without
cycling penalization) against percentage increment of

���DPBe
��� also compared with the

reference case.
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with CD ¼ 100 V/MW h, the DAS(CD, CD, CD) strategy (dotted line)

obtains more than 50% reduction of
���DPBe

���, with a decrease of profits

close to 8% compared to the reference case. The DAS(0,0, CD) (solid
line) and DAS(12CD,

1
2CD, CD) (dashed line) strategies obtain a next to

70% decrease of
���DPBe

���. However, the DAS(0,0, CD) strategy obtains a

slight reduction of profits close to 0.5%, while DAS(12CD,
1
2CD, CD)

obtains a decrease of profits next to 3%.
The conclusions drawn from Figs. 11 and 12 are the following:

� The studied method obtains a significant reduction of jDPej and���DPBe
��� as CD increases.

� The method improves the results obtained by the reference case
(CD ¼ 0) in the considered scenario. That is, there is a set of
values of CD where the strategies obtain the same or a slight
increment of profits with respect to the reference case, and a

significant reduction of gradients jDPej and
���DPBe

���.
� As expected, the DAS(0,0, CD) strategy improves the results

obtained by the DAS(CD, CD, CD) strategy if metric
���DPBe

��� is

considered (see Fig. 11). In this case, the DAS(0,0, CD) strategy

obtains a next to 70% decrease of
���DPBe

���, while maintaining the

profits at the same level as the reference case (see CD ¼ 100

V/MW h). However, reaching a decrease of 70% of
���DPBe

���with the

DAS(CD, CD, CD) strategy implies a severe decrease of profits
(more than 10%).

� On the other hand, the DAS(CD, CD, CD) strategy improves the
results obtained by the DAS(0,0, CD) strategy if metric jDPej is
considered (see Fig. 12), as would be expected.

� A compromise between the previous cases can be obtained if
intermediate values of CDb

and CDl
, that is, 0<CDb

<CD and
0<CDl

<CD, are considered.

As a conclusion we can say that the economically optimal so-
lution is not very sensitive to the shape of the generation profile.
More rigid generation profiles do not significantly worsen the

economic profits, in fact, a slight improvement of profits is
observed. This is an aspect in favor of using the cycling penalization
mechanism studied in this work. An explanation of this slight
improvement of profits could be found in the regular profiles ob-
tained by the strategy with CD >0, and its apparent ability to
compensate the uncertainty present in the DNI and prices forecasts.

In order to study the influence of the uncertainty present in the
DNI forecast, Figs. 13 and 14 are included. Simulations with perfect
DNI forecast of the extreme cases DAS(0,0, CD) and DAS(CD, CD, CD),
with CD � 0, are compared with the reference case (CD ¼ 0 and
imperfect DNI forecast). As can be seen, an expected increase in the
obtained profits is observed due to the perfect DNI forecast. Except
for this point, Figs. 13 and 14 are quite similar to Figs. 11 and 12,
respectively. Therefore, the general conclusions drawn before are
not altered by the uncertainty present in the DNI forecast, and thus
they could be maintained for other forecasted DNI data.

Fig. 12. Percentage increment of profits compared with the reference case (without
cycling penalization) against percentage increment of jDPej also compared with the
reference case.

Fig. 13. Percentage increment of profits compared with the reference case (without
cycling penalization) against percentage increment of

���DPBe
��� also compared with the

reference case. Perfect DNI forecast case.

Fig. 14. Percentage increment of profits compared with the reference case (without
cycling penalization) against percentage increment of jDPej also compared with the
reference case. Perfect DNI forecast case.
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5.2.2. Tuning of penalization intensity
An interesting issue is the estimation of a suitable CD value. Of

course, an obvious choice is the maximumvalue of CD such that the
obtained profits are similar to the profits obtained by the reference
case (CD ¼ 0). However, this value is not known in advance. A
method to obtain an estimation of a suitable CD value is bymeans of
simulation using data from previous months. In this sense, Fig. 15
shows percentage increment of profits compared with the refer-
ence case for the DAS(0,0, CD), DAS(12CD,

1
2CD, CD), and DAS(CD, CD,

CD) strategies. These results are restricted to the first fourmonths of
the simulated time period. As can be seen, the level of profits is
quite stable if CD � 30 is considered. This stability can be extended
to values of CD � 100 in the DAS(0,0, CD) strategy. Fig.16, focused on
the following two months, shows results similar to Fig. 15. There-
fore, the results from the first four months of the simulated sce-
nario could be used to infer a suitable CD to be used in the two
following months. Fig. 17 shows the overall percentage increment

of profits compared with the reference case for the six-month
period. This example illustrates the possibility of tuning the suit-
able level of penalization by means of simulations, using historical
data (real and forecasted DNI and energy prices, and penalty costs).
As a future line of research it is mentioned that more precise
damage models could allow for the improvement of the penaliza-
tion term, while the intensity of this penalization could be obtained
by using historical data, as illustrated in the previous example.

5.2.3. Reduction of generation deviation
Another important issue to study is the deviation from the

committed generation schedule obtained by the cycling penaliza-
tion method. A minimal deviation is desired in order to avoid
economic penalties, and to facilitate the solution to the imbalance
problem of the grid with high renewable penetration [19]. Fig. 18
shows the percentage increment of profits compared with the
reference case (without cycling penalization) against percentage

Fig. 15. Percentage increment of profits compared with the reference case (without
cycling penalization) against CD during the first four months.

Fig. 16. Percentage increment of profits compared with the reference case (without
cycling penalization) against CD during the fifth and sixth months.

Fig. 17. Percentage increment of profits compared with the reference case (without
cycling penalization) against CD during the first six-month period.

Fig. 18. Percentage increment of profits compared with the reference case (without
cycling penalization) against percentage increment of generation deviation also
compared with the reference case.
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increment of deviation also compared with the reference case. As
can be seen, as CD increases the deviation in all strategies tends to
decrease. In fact, the DAS(0,0, CD) strategy obtains next to 6%
reduction (see CD ¼ 100) in the resulting deviation compared to
the reference case, with the same level of profits. However the
reduction obtained by the strategies DAS(12CD,

1
2CD, CD) and DAS(CD,

CD, CD) is considerably lower in the case with the same level of
profits. In this respect, the DAS(0,0, CD) strategy obtains better re-
sults in the simulated scenario.

Fig. 19 compares the percentage increment of mean TES energy
level with the reference case (without cycling penalization) against
CD. In all strategies, the mean TES energy level increases as
parameter CD increases. This relation can explain the reduction of
deviations commented before since, on average, more stored en-
ergy is available to avoid deviations. In this regard, CD could be
considered a robustness parameter from the deviation point of
view.

6. Conclusions

A binary-regularization term is proposed to penalize generation
changes in a day-ahead scheduling strategy for CSP plants. The
search space for generation schedules with reduced cycling and
high energy sale profits is increased in this method thanks to the
application of different penalization intensities to the generation
variation under distinct power block situations: normal operation,
startup and shutdown. The method is applied, in a simulation
context, to a 50MW parabolic-trough-collector-based CSP plant
with TES, under the assumption of participation in the Spanish day-
ahead energy market, and of imperfect forecast of solar resource
and energy prices. It could be observed in this study that the
optimal solution is not very sensitive to the shape of the generation
profile. Moreover, an important reduction of the generation cycling
can be obtained without diminishing energy sale profits. The best
result presents a next to 70% decrease in the mean of the absolute
value of the hourly gradient in the turbine output when calculated
only in normal operation. A significant cycling reduction is also
achieved when the solar resource forecast is assumed perfect,
which indicates a certain independence from the forecast accuracy.
The advantages of a reduced cycling are higher lifetime for the

power block elements, lower maintenance costs and easier plant
operability. The possibility of adjusting the generation scheduling
method in order to maintain energy profits while minimizing
generation cycling is also analyzed in the case study. Historical data
is used for this purpose. Another benefit of the reduced cycling is
the decrease of deviation from the generation schedule submitted
to the market, which facilities the functions of the electric system
operator. A next to 6% reduction in deviation is obtained using the
cycling penalization method. Finally, it is interesting to remark that
the proposed approach could be applied to other renewable energy
sources with energy storage systems.

Acknowledgements

This research has been supported by DPI2016-76493-C3-2-R
Project of Ministerio de Economía y Competitividad (Spain). The
authors would like to thank Acciona Energía S.A. for expressing
interest in the project.

References

[1] I. Purohit, P. Purohit, S. Shekhar, Evaluating the potential of concentrating
solar power generation in Northwestern India, Energy Pol. 62 (0) (2013)
157e175.

[2] H. Zhang, J. Baeyens, J. Degr�eve, G. Cac�eres, Concentrated solar power plants:
review and design methodology, Renew. Sustain. Energy Rev. 22 (0) (2013)
466e481.

[3] Y. Li, W. Gao, Y. Ruan, Performance investigation of grid-connected residential
pv-battery system focusing on enhancing self-consumption and peak shaving
in kyushu, Japan, Renew. Energy 127 (2018) 514e523.

[4] S.S. Reddy, Optimal scheduling of thermal-wind-solar power system with
storage, Renew. Energy 101 (2017) 1357e1368.

[5] O. Talent, H. Du, Optimal sizing and energy scheduling of photovoltaic-battery
systems under different tariff structures, Renew. Energy 129 (2018) 513e526.

[6] M. Wittmann, M. Eck, R. Pitz-Paal, H. Müller-Steinhagen, Methodology for
optimized operation strategies of solar thermal power plants with integrated
heat storage, Sol. Energy 85 (4) (2011) 653e659. SolarPACES 2009.

[7] A. Turgeon, Optimal scheduling of thermal generating units, IEEE Trans.
Automat. Contr. 23 (6) (1978) 1000e1005.

[8] R. Sioshansi, P. Denholm, The value of concentrating solar power and thermal
energy storage, Sustain. Energy, IEEE Trans. 1 (3) (2010) 173e183.

[9] J. Usaola, Operation of concentrating solar power plants with storage in spot
electricity markets, Renew. Power Generat., IET 6 (1) (2012) 59e66.

[10] C. Kost, C.M. Flath, D. Most, Concentrating solar power plant investment and
operation decisions under different price and support mechanisms, Energy
Pol. 61 (0) (2013) 238e248.

[11] H. Pousinho, J. Esteves, V. Mendes, M. Collares-Pereira, C.P. Cabrita, Bilevel
approach to wind-CSP day-ahead scheduling with spinning reserve under
controllable degree of trust, Renew. Energy 85 (2016) 917e927.

[12] H. Pousinho, H. Silva, V. Mendes, M. Collares-Pereira, C.P. Cabrita, Self-
scheduling for energy and spinning reserve of wind/CSP plants by a MILP
approach, Energy 78 (2014) 524e534.

[13] M.J. Vasallo, J.M. Bravo, A novel two-model based approach for optimal
scheduling in CSP plants, Sol. Energy 126 (2016b) 73e92.

[14] M.J. Wagner, A.M. Newman, W.T. Hamilton, R.J. Braun, Optimized dispatch in a
first-principles concentrating solar power production model, Appl. Energy
203 (2017) 959e971.

[15] A. Ghobeity, C.J. Noone, C.N. Papanicolas, A. Mitsos, Optimal time-invariant
operation of a power and water cogeneration solar-thermal plant, Sol. En-
ergy 85 (9) (2011) 2295e2320.

[16] E. Lizarraga-Garcia, A. Ghobeity, M. Totten, A. Mitsos, Optimal operation of a
solar-thermal power plant with energy storage and electricity buy-back from
grid, Energy 51 (0) (2013) 61e70.

[17] K.M. Powell, J.D. Hedengren, T.F. Edgar, Dynamic optimization of a hybrid
solar thermal and fossil fuel system, Sol. Energy 108 (0) (2014) 210e218.

[18] S. Channon, P. Eames, The cost of balancing a parabolic trough concentrated
solar power plant in the Spanish electricity spot markets, Sol. Energy 110 (0)
(2014) 83e95.

[19] E.W. Law, A.A. Prasad, M. Kay, R.A. Taylor, Direct normal irradiance forecasting
and its application to concentrated solar thermal output forecasting d a re-
view, Sol. Energy 108 (0) (2014) 287e307.

[20] B. Kraas, M. Schroedter-Homscheidt, R. Madlener, Economic merits of a state-
of-the-art concentrating solar power forecasting system for participation in
the Spanish electricity market, Sol. Energy 93 (0) (2013) 244e255.

[21] E.W. Law, M. Kay, R.A. Taylor, Calculating the financial value of a concentrated
solar thermal plant operated using direct normal irradiance forecasts, Sol.
Energy 125 (2016) 267e281.

[22] R. Domínguez, L. Baringo, A. Conejo, Optimal offering strategy for a

Fig. 19. Percentage increment of mean TES energy level compared with the reference
case (without cycling penalization) against CD .

E.G. Cojocaru et al. / Renewable Energy 135 (2019) 789e799798

64 CAPÍTULO 4. COPIA DE LOS TRABAJOS PUBLICADOS



concentrating solar power plant, Appl. Energy 98 (0) (2012) 316e325.
[23] G. He, Q. Chen, C. Kang, Q. Xia, Optimal offering strategy for concentrating

solar power plants in joint energy, reserve and regulation markets, IEEE Trans.
Sustain. Energy 7 (3) (2016) 1245e1254, https://doi.org/10.1109/
TSTE.2016.2533637.

[24] M. Petrollese, D. Cocco, G. Cau, E. Cogliani, Comparison of three different
approaches for the optimization of the csp plant scheduling, Sol. Energy 150
(2017) 463e476.

[25] H. Pousinho, J. Contreras, P. Pinson, V. Mendes, Robust optimisation for self-
scheduling and bidding strategies of hybrid csp-fossil power plants, Int. J.
Electr. Power Energy Syst. 67 (0) (2015) 639e650.

[26] M.J. Vasallo, J.M. Bravo, A MPC approach for optimal generation scheduling in
CSP plants, Appl. Energy 165 (2016a) 357e370.

[27] M.J. Vasallo, J.M. Bravo, E.G. Cojocaru, M.E. Gegúndez, Calculating the profits of
an economic MPC applied to CSP plants with thermal storage system, Sol.
Energy 155 (Supplement C) (2017) 1165e1177.

[28] P. Gonz�alez-G�omez, J. G�omez-Hern�andez, J. Briongos, D. Santana, Transient
thermo-mechanical analysis of steam generators for solar tower plants, Appl.
Energy 212 (2018) 1051e1068.

[29] S. Dettori, V. Iannino, V. Colla, A. Signorini, An adaptive fuzzy logic-based
approach to PID control of steam turbines in solar applications, Appl. En-
ergy 227 (2018) 655e664.

[30] D. Ferruzza, M. Topel, B. Laumert, F. Haglind, Impact of steam generator start-
up limitations on the performance of a parabolic trough solar power plant, Sol.
Energy 169 (2018) 255e263.

[31] M. Topel, B. Laumert, Improving concentrating solar power plant performance
by increasing steam turbine flexibility at start-up, Sol. Energy 165 (2018)
10e18.

[32] M. Topel, M. Genrup, M. Jocker, J. Spelling, B. Laumert, Operational im-
provements for startup time reduction in solar steam turbines, ASME J. Eng.
Gas Turbines Power 137 (4) (2015).

[33] J. Spelling, M. Jcker, A. Martin, Annual performance improvement for solar
steam turbines through the use of temperature-maintaining modifications,
Sol. Energy 86 (1) (2012) 496e504.

[34] T. Xu, N. Zhang, Coordinated operation of concentrated solar power and wind

resources for the provision of energy and reserve services, IEEE Trans. Power
Syst. 32 (2) (2017) 1260e1271.

[35] Y. Yang, S. Guo, D. Liu, R. Li, Y. Chu, Operation optimization strategy for wind-
concentrated solar power hybrid power generation system, Energy Convers.
Manag. 160 (2018) 243e250.

[36] E.G. Cojocaru, M.J. Vasallo, J.M. Bravo, D. Marn, A lifetime-extending model-
based predictive control for scheduling in concentrating solar power plants,
in: 2018 IEEE International Conference on Industrial Technology (ICIT), 2018,
pp. 1732e1737.

[37] D. Bertsimas, M.S. Copenhaver, R. Mazumder, The Trimmed Lasso: Sparsity
and Robustness, 2017.

[38] R. Tibshirani, M. Saunders, S. Rosset, J. Zhu, K. Knight, Sparsity and smoothness
via the fused lasso, J. R. Stat. Soc. B (2005) 91e108.

[39] G. Peir, C. Prieto, J. Gasia, A. Jov, L. Mir, L.F. Cabeza, Two-tank molten salts
thermal energy storage system for solar power plants at pilot plant scale:
lessons learnt and recommendations for its design, start-up and operation,
Renew. Energy 121 (2018) 236e248.

[40] S. Boyd, L. Vandenberghe, Convex Optimization, Cambridge University Press,
United Kingdom, 2004.

[41] I.L. García, J.L. �Alvarez, D. Blanco, Performance model for parabolic trough
solar thermal power plants with thermal storage: comparison to operating
plant data, Sol. Energy 85 (10) (2011) 2443e2460.

[42] OMIE. Last access: 25.05.18. http://www.omie.es/; 2018.
[43] Z. Yang, L. Ce, L. Lian, Electricity price forecasting by a hybrid model,

combining wavelet transform, ARMA and kernel-based extreme learning
machine methods, Appl. Energy 190 (Supplement C) (2017) 291e305.

[44] Red El�ectrica de Espa~na. Last access: 16.05.18. http://www.esios.ree.es/; 2018.
[45] User’s manual for TMY2s. Last access: 25.05.18. http://rredc.nrel.gov/solar/

pubs/tmy2/; 2018.
[46] MATLAB . Natick, Massachusetts: The MathWorks Inc., .
[47] J. L€ofberg, YALMIP : a toolbox for modeling and optimization in MATLAB, in:

Proceedings of the CACSD Conference. Taipei, Taiwan, 2004. http://users.isy.
liu.se/johanl/yalmip.

[48] T. Achterberg, SCIP: solving constraint integer programs, Math. Program.
Comput. 1 (1) (2009) 1e41.

E.G. Cojocaru et al. / Renewable Energy 135 (2019) 789e799 799

65



Received: 13 September 2018 Revised: 7 February 2019 Accepted: 3 March 2019

DOI: 10.1002/oca.2498

S P E C I A L I S S U E A R T I C L E

A binary-regularization-based model predictive control
applied to generation scheduling in concentrating
solar power plants

Emilian G. Cojocaru José M. Bravo Manuel J. Vasallo Diego Marín

Departamento de Ingeniería Electrónica,
de Sistemas Informáticos y Automática,
Universidad de Huelva, Huelva, Spain

Correspondence
José M. Bravo, Departamento de
Ingeniería Electrónica, de Sistemas
Informáticos y Automática, Universidad
de Huelva, Huelva 21819, Spain.
Email: caro@uhu.es

Funding information
Ministerio de Economía y Competitividad
(Spain), Grant/Award Number:
DPI2016-76493-C3-2-R

Summary
This paper proposes the use of model predictive control (MPC) with
binary-regularization to manage the electric power generation problem in con-
centrating solar power plants with thermal energy storage. The main advantage
of the of MPC with binary-regularization formulation is the inclusion of a power
block protection method based on a binary-regularization term that penalizes
power generation variation (also called generation cycling) differently according
to the power block situation, ie, normal operation, startup, or shutdown. This
distinction simplifies the choice of schedules with reduced variation and high
energy sale profits. The interest in this reduction is the achievement of a higher
lifetime of the power block elements, lower maintenance costs, and easier plant
operability. A benefit of the generation scheduling based on MPC is the capacity
of rescheduling the power generation at regular periods, taking advantage of the
most recent energy prices and weather forecast, and of the plant's current state.
An interesting question is if the proposed protection mechanism affects the eco-
nomic results of the MPC black strategy. In this regard, an economic study based
on a realistic simulation of a 50 MW parabolic trough collector-based concen-
trating solar power plant with thermal energy storage, under the assumption
of participation in the Spanish day-ahead energy market scenario, is included.
Realistic values for actual and forecasted solar resource and for energy price are
used, and for penalties for deviation from the committed generation schedule.
The economic study shows that the proposed scheduling method provides an
important reduction of the generation cycling without decreasing energy sales
profits. Another advantage of the proposed method is the possibility of estimat-
ing the highest level of power block protection, which maintains the profits by
means of historical data, which favors its practical implementation.
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2 COJOCARU ET AL.

1 INTRODUCTION

As an emerging technology, the expansion of concentrating solar power (CSP) plants has been possible in countries
such as Spain and the USA thanks to the support of local goverments. The most commercially attractive1 and widely
installed CSP technology2 is based on parabolic trough collectors (PTCs), and uses synthetic or organic oil as the heat
transfer fluid (HTF). The addition of thermal energy storage (TES) allows CPS plants to generate electricity during peri-
ods with little or no solar irradiance, and also to rearrange production and displace it from lower to higher price periods.
The ability to schedule the plant's electricity production (also called self-scheduling) encourages the participation of
CSP plants in electricity markets, where the aim of electricity producers is the maximization of profits from the sale of
energy.

Model predictive control (MPC) is a well-known control technique3 that uses a model to represent the plant in order
to predict its future behavior, and has been used as a low-level control strategy in CSP plants.4,5 This control approach is
based on a sliding-window strategy where a cost function is optimized over a moving time horizon, allowing real-time
optimization. Vasallo and Bravo6 suggested to use a generation rescheduling mechanism based on an MPC approach in
CSP plants with TES. Mixed-integer programming (MIP) was used as modeling tool. Mixed-integer programming allows
to obtain the generation plan for several types of electrical plants, or to integrate scheduling and control.7,8 Furthermore,
it is possibly the most widely used modeling method in optimal scheduling for CSP plants.9-11 The MIP approach allows
for the implementation of practical hybrid MPC.12 Taking into consideration the aforementioned, the formulation of the
MPC with binary-regularization (MPCBR) optimization problem proposed in this paper has been carried out using MIP.
Basically, MPCBR takes direct energy prices, direct normal irradiance (DNI), and other meteorological variables forecasts,
and provides a generation scheduling profile solving a MIP.

In order to maximize profits from the sale of energy (tracking volatile energy prices), the MPC scheme proposed in
the work of Vasallo and Bravo6 can suggest an overactuated generation scheduling, ie, a schedule with numerous cycling
operations of high intensity. The concept of cycling refers to the modification of the power output of a plant by means of
switching (plant start-up and shutdown), and load variation. Cycling has a detrimental effect on the plant, as the exces-
sive thermal stress from these actions reduces the lifetime of the elements of the power block, such as the steam generator
and the turbine.13 In this regard, the penalization for generation changes can result in an increase in power block lifetime
and a reduction of maintenance costs, and an easier plant operability.14 Considering an energy generation context with
mixed energy sources, reducing the power generation variability from renewable sources has another indirect benefit
worth mentioning, ie, a reduction in cycling of the fossil power plants in charge of meeting the challenge of ramping and
providing reserve requirements,15 resulting in a twofold effect. The problem of the power block lifetime of CSP plants has
been tackled in several works, from the standpoint of design and low-level operation.16-20 From the perspective of the gen-
eration scheduling problem, few studies have carried out a deep analysis concerning how the penalization of generation
changes affects the plant performance. A common approach that is found in literature is the use of operation constraints,
such as ramp limits for the TES charge and discharge power,21,22 and for the electricity generation.23,24 The penalization of
generation changes included in the objective function can be found in the works of Usaola10 and Wagner et al.14 This last
paper studies the economic impact resulting from the variation of these penalties. The study used annual simulations and
a perfect forecast scenario, and concluded that the generation variability can be significantly reduced with little impact
on economic results. Cojocaru et al25 proposed to include in the MPC formulation an operational constraint to limit the
number of turbine startups, and an 𝓁1-norm term, based on fused lasso,26 to penalize the changes in the electricity gen-
eration. The 𝓁1-norm is an approximation of the sparsity-inducing 𝓁0-norm and can be used to reduce the variability
of the operating point.27 However, it has the negative effect of reducing the economic profits derived from the sale of
energy.

This paper proposes a new extension of previous MPC approaches oriented to increase the lifetime of the power block.
A power block protection method based on a new binary-regularization term that penalizes the generation variation is
included. This new binary-regularization term is inspired in trimmed lasso,28 and combines binary variables with fussed
lasso.26 The key idea is to reduce the changes in the electricity generation while improving the economic results obtained
in the work of Cojocaru et al.25 As a means of evaluating the penalization intensity applied to the generation cycling
under different power block situations, ie, normal operation, startup, and shutdown, binary variables are used. In order to
evaluate the impact of these parameters over the economic profits from energy sales, a simulation case study based on the
Spanish day-ahead market, which carries out a sensibility analysis over the penalization parameters, is included in
this paper.
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The proposed MPCBR approach is described in Section 3. A case study that verifies the economic improvement is
included in Section 4. Finally, the conclusions are presented in Section 5, and a summary of the nomenclature in
Appendix.

2 PROBLEM FORMULATION

This section begins with a description of the CSP plant, followed by an explanation of the generation problem. Lastly, the
proposed scheduling strategy and its optimization model are presented.

2.1 Description of the CSP plant
The type of plant under consideration in this work is a PTC-based CSP plant with TES. A simplified diagram of the plant
is given in Figure 1, showing three main blocks, ie, the solar field (SF), the power block (PB), and the TES system. In
addition, common in this type of plant is a fossil fuel backup; yet, in this work, it is not considered for electricity generation.
The liquid circulating in the SF is the HTF; with HTF, water, and steam circulating in the PB; and HTF and molten salt
in the TES system. The bidirectional exchange of energy between the HTF and the molted salts of the TES is allowed for
by a heat exchanger, with a second exchanger system providing the transfer from the SF and/or TES to the PB.

The SF is composed of a number of PTC loops connected in parallel to each other, with the collectors formed by reflective
parabolic mirrors, and receiver tubes installed at the focal line of the parabolic surface. A single-axis tracking mechanism
enables the collectors to follow the sun. A large portion of the incident solar power is consequently concentrated onto
the receiver tubes and transferred to the HTF circulating through the receiver tubes, increasing its temperature. The
distribution of HTF to the loops is made through insulated pipes.

The thermal power distribution between the various plant elements, and the electrical power generation, are also shown
in Figure 1. The maximum thermal power available from the SF on the HTF side at daily time t is denoted as Pt

SF max(t).
With Pt

SF_def(t), we denote the part of this power that can be discarded due to a partial or total defocus of the parabolic
mirrors, which is sometimes necessary to avoid HTF overheating due to a low power demand. As such, the difference
between the previous two energy fluxes is the thermal power actually transferred from the SF on the HTF side, which is
denoted as Pt

SF(t).
The TES system is an indirect type, using two tanks of molten salt. TES energy charging involves molten salt circulation

from the cold tank to the hot one, with a reversed flow in the discharge mode. As described above, a bidirectional heat
exchanger system allows for the energy transfer between the HTF and the molten salt. The charging and discharging
thermal power on the HTF side in instant t are denoted Pt

c(t) and Pt
d(t), respectively.

As for the PB, it is made up of a heat exchanger train, a steam turbine coupled to an electricity generator, a condenser,
a cooling system, and other auxiliary elements. Pt

HTF(t) is the thermal power in the PB inlet used to generate electricity.
Note that Pt

HTF(t) is equal to Pt
SF(t)+Pt

d(t)−Pt
c(t)−Pt

startup(t), where Pt
startup(t) represents the fraction of thermal power used

to increase the PB thermal state during startup. Finally, Pt
enet(t) is the net electrical power transferred to the electricity

grid, which, in order to account for the parasitic electricity consumption by the plant, is a fraction of the generated electric
power Pt

e(t).

FIGURE 1 Simplified diagram of a concentrating solar power plant with thermal energy storage [Colour figure can be viewed at
wileyonlinelibrary.com]
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The CSP plants can be run in several power operating modes (eg, SF → PB, SF → TES, SF → PB + TES, SF + TES →
PB, and TES → PB). Moreover, the plant is operated by following a sequence of phases. Concerning the SF, its specific
operating phases include nocturnal recirculation, freezing protection, HTF warm-up period, and sunlight period, among
others.

2.2 The power generation problem
Concerning the power generation problem, it is assumed the participation in a day-ahead energy market, and the produc-
er's price-taking property (ie, the generation schedule of a given producer does not influence market prices). The proposed
problem is based on the following points.

• The focus is made on the high-level power sharing, with an hourly time scale, disregarding the low-level control.
• During day D at instant t = tsubm, the generation profile for the following day must be provided to the market by the

CSP plant's owner. This profile, which consists of the hourly mean values of the net power generation, is denoted as
PD

ere𝑓 (𝑗|D + 1), with j = 1, … , 24. The generation schedule seeks to maximize economic benefits.
• Each hour j of the current day (D), the mean net power produced, denoted Penet( j|D), with j = 1, … , 24, should be

equal to the mean net power committed the previous day, which is PD
ere𝑓 (𝑗|D) with j = 1, … , 24. Deviations from

the scheduled generation result in some form of economic penalty applied by the market, which is asociated with the
difference PD

ere𝑓 (𝑗|D) − PD
enet(𝑗|D), with j = 1, … , 24.

In summary, the power generation problem is two-fold, ie, to obtain a generation profile for the next day (D + 1), and
to track the committed generation profile of the current day D. The CSP plant owners must solve the power generation
problem in order to maximize the profits obtained from the electricity sales. For better clarity, hereafter, the name of
the hourly mean value power variables will match the names of the instantaneous variables, except for the superscript t,
which accompanies the instantaneous terms.

3 MODEL PREDICTIVE CONTROL WITH BINARY-REGULARIZATION
APPROACH

The MPC approach described in the works of Vasallo and Bravo6 and Vasallo et al29 is adopted for this work as starting
point. Section 3.1 describes the sliding window on which the approach is based. The key ideas of the strategy are explained
in Section 3.2. Section 3.3 makes a description of the functional blocks, which implement the strategy. A detailed descrip-
tion of the input and output data of the scheduler block is given in Section 3.4. The optimization model is described in
Section 3.5. The PB protection mechanism included in the optimization model is explained in Section 3.6.

3.1 Model predictive control sliding window
To address the power generation problem, the two goals of the MPC approach are as follows: (1) the economically optimal,
regular tracking of the generation schedule that has been committed to and (2) the development of the optimal generation
schedule for the next trading day at the appropriate time. These goals require the MPC sliding window to be divided into
two intervals (see Figure 2), ie, the tracking interval (TI) and the next schedule interval (NSI). The generation schedule
must then be updated to track the schedule that has been committed to within the TI interval, while the NSI interval is
used to maximize future profits and generate the schedule for the following day at the appropriate time. Several variables
and parameters related to the sliding window are defined as follows:

• t(i) = iΔtw, where i = 0, 1, … are the time instants when the MPC control generates its output. The beginning time
of the sliding window when in position i is t(i). Case i = 0 refers to instant 0.0 hours of the current day D. Δtw is the
time step for control update.

• tsubm, previously defined in Section 2.2, is the deadline hour in day D for the submission of the generation schedule for
the next day D + 1. This deadline hour depends on each country's market.
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FIGURE 2 Sliding window of the model predictive control [Colour figure can be viewed at wileyonlinelibrary.com]

• tschedule_end is the end time of the committed generation schedule. If the current time has not reached the time tsubm,
tschedule_end shall usually be 24.0 hour of day D. On the contrary, tschedule_end shall be 24.0 hour of day D + 1 because the
generation schedule for this day has already been delivered (see Figure 2).

• Δw is the constant length of the sliding window.

3.2 Model predictive control with binary-regularization strategy
The MPCBR strategy, which is proposed as the way to solve the power generation problem formulated in Section 2.2, is
characterized by the following features.

• The optimization problem is modeled with mixed-integer linear programming (MILP), given that certain operational
constraints have to be modeled with binary variables. A detailed description of this optimization model is presented in
Section 3.5.

• The hourly generation along the sliding window is obtained at each time instant t(i) by solving the MILP model. From
this generation, only the first value is executed, as common in MPC approaches. This mechanism provides rescheduling
capacity in order to take advantage of the most recent forecast information and the plant's state. The rescheduling aims
to increase the economic profits, therefore compensating the penalty costs due to generation deviation.

• The schedule for day D + 1, PD
ere𝑓 (𝑗|D + 1), with j = 1, … , 24, is generated using the solution returned by the MILP

model at tsubm, specifically collecting the values into the time interval associated to day D+1. In Figure 2, the schedule
for day D + 1 is shown by a shadowed interval.

• Parameter Δw is set to a value that will make the length of the NSI interval at tsubm of day D higher than 24 hours to
partially or totally include day D + 2 in the optimization problem.

3.3 Model predictive control with binary-regularization block diagram
In order to implement the MPCBR strategy, a set of functional blocks is proposed (see Figure 3).

• MILP-MPCBR–based scheduler. This block resolves the MILP model at each instant t(i).
• Detailed SF model. The predictions of the hourly mean value of the maximum thermal power available from the SF

are obtained using a detailed model of the SF, which is represented by this block. These predictions are made using
DNI and other meteorological variables forecasts, and a set of continuous and binary variables obtained from the CSP
plant, which characterize its current state, and depend on the model used to represent it. A description of the detailed
CSP plant model and its distinct state variables is out of the scope of this work, but can be consulted in the work of
Vasallo and Bravo.11

• Predictor blocks for DNI and other meteorological variables, and for electricity price. These blocks provide the input
data for the scheduler block and the detailed SF model.

• Generation schedule builder. This block stores the generation schedule for day D + 1, when calculated at tsubm of day
D, and sends the schedule still to be met to the MILP-MPCBR–based scheduler.

• CSP plant. It is assumed that an integrated low-level control system is used to reach the generation set-point Pe_SP,
while also minimizing the defocused thermal power in the SF through the use of TES.
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FIGURE 3 Block diagram of the model predictive control. CSP, concentrating solar power; DNI, direct normal irradiance;
MILP, mixed-integer linear programming; MPCBR, model predictive control with binary-regularization; SF, solar field [Colour figure can be
viewed at wileyonlinelibrary.com]

3.4 Mixed-integer linear programming–model predictive control with
binary-regularization scheduler block
The MILP-MPCBR–based scheduler block receives the following information at each sliding window position i (see
Figure 3).

1. Updated continuous state of the CSP plant. The initial TES energy level (E0/i) and the initial generated gross electric
power (Pe0/i) are the only continuous variables considered in the MILP model developed in Section 3.5.

2. Updated discrete state of the plant. A set 𝛼𝕊(i) = {𝛼0∕i, 𝛼−1∕i, … , 𝛼−max(Tmin _u,Tmin _d)∕i} of past values for the binary vari-
able, which indicates if the turbine is in operation, is the only information of this type required by the MILP model
developed in Section 3.5. Parameters Tmin_u and Tmin_d are the minimum up time and minimum down time for the
turbine. Several examples are shown to clarify the notation. 𝛼0/i indicates the turbine ON/OFF state during the hour
prior to the beginning of the sliding window, when the current position is i; 𝛼−1/i refers to the penultimate hour prior
to the beginning of the sliding window, and so on.

3. Energy price forecast made at time t(i) ( p̃(𝑗∕i), for j = 1, … ,N), where j indicates each step in the MPC model,
N = Δw∕Δto is the number of steps in the sliding window, and Δto is the time step of the MILP model expressed in
hours. As the power generation problem has been defined with an hourly scale, parameterΔto is set to 1 hour. However,
the general formulation for Δto will remain in the rest of this paper.

4. Predictions of the mean value of the maximum thermal power available from the SF (P̃𝜔
SF max(𝑗∕i), for j = 1, ..,N) made

at time t(i).
5. Committed generation schedule still to be met (Peref ( j∕i), for j = 1, ..,NTI), expressed in average net electric power,

where NTI = (tschedule_end − t(i))∕Δto is the number of steps in the TI interval.

Next, the outputs generated as a result of the optimization at position i of the sliding window are indicated.

1. Mean values of turbine-generated net electric power calculated at time t(i) (Penet( j∕i), for j = 1, ..,N). At instant t(i) =
tsubm, the values inside the NSI interval until 24.0 hours of the following day are given as the new generation schedule
for this day (Pere𝑓 (𝑗∕i) = PD

ere𝑓 (𝑗 − NTI|D + 1) = Penet(𝑗∕i), for 𝑗 = NTI + 1, ..,N′
TI , where N′

TI = NTI + 24∕Δto is the new
number of steps in the TI interval).

2. The generation setpoint Pe_SP(1, i) = Penet(1∕i). Note that only the first value is applied to the plant, as common in MPC
approaches.

The MILP model, which resolves the optimization problem along the sliding window, is referred to in this paper as
MILP-MPCBR model in this paper. It must include technical and physical constraints, and the dynamic model of the plant.
Section 3.5 describes this model.

3.5 Mixed-integer linear programming–model predictive control with
binary-regularization model
The optimization model presented in this paper is an extension of the one developed in the work of Vasallo and Bravo,6

with the model presented there being a one-hour-resolution simplification of the detailed model also developed in that
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paper. The detailed model is based on energy balances, except for the SF submodel, which makes use of a more detailed
description of the temperature evolution. In the aforementioned paper, the MILP model excludes the SF submodel, con-
sidering the thermal power from the SF as input data. For the extended MILP model developed in this paper, the same
structure is used, in coherence with what has already been mentioned in the previous sections.

For the set of equations and inequalities that compose the optimization model of the scheduler, the index j indicates
the position in the optimization window (the value j = 1 is associated to the first interval). Negative and zero values of
j refer to time intervals preceding the first one in the optimization window. The elements that compose the MILP model
are energy variables, binary variables, input data, and parameters. The parameters in the model reflect the structural
characteristics of the plant, or are mechanisms for adjustments in the optimization process. As input data, there are known
variables (forecasts for maximum thermal power from the SF and for electricity prices, and generation schedule still to
be met) and initial conditions. Energy variables are used to represent the thermal energy in the TES, and hourly mean
values for thermal or electrical energy flows among the distinct elements of the plant. The operational constraints of the
plant are formulated using binary variables. As an example, the binary variables 𝛼, 𝛽, and 𝜆 are equal to 1 if the turbine
is in normal operation, in startup, or in shutdown, respectively. Note that the decision variables of the MILP-MPCBR

optimization problem are the energy and binary variables.
Next, a structured enumeration of the equations that form the MILP model is presented. A careful explanation of most

of the constraints can be found in the work of Vasallo and Bravo.6

3.5.1 Objective function
The objective function includes a set of terms that define economic revenues, costs, and a terminal value term. The distinct
terms in this equation correspond to several goals, with the trade-off between them being modulated by means of various
parameters accompanying the corresponding terms

Maximize J(i) =
N∑
𝑗=1

p̃(𝑗∕i)Penet(𝑗∕i) −
NTI∑
𝑗=1

𝜙(𝑗∕i)(Pere𝑓 (𝑗∕i) − Penet(𝑗∕i)) − CΔ𝛽

N∑
𝑗=1

|ΔPe(𝑗∕i)|𝛽(𝑗∕i)

− CΔ𝜆

N∑
𝑗=1

|ΔPe(𝑗∕i)|𝜆(𝑗∕i) − CΔ

N∑
𝑗=1

|ΔPe(𝑗∕i)| (1 − 𝛽(𝑗∕i) − 𝜆(𝑗∕i)) + KE(N + 1∕i).

(1)

In the aforementioned expression,𝜙( j∕i) is an estimation of the penalty cost per MW h of deviation at hour j; KE(N+ 1∕i)
is the terminal value term, taking a value proportional to the final TES energy level, with constant K set to a small enough
value as to obtain a minimum thermal energy defocus once the maximum economic profits (equal to the ones achieved
without terminal value term) have been obtained (note that the effect of minimizing the defocused thermal energy results
in the increase of the final TES energy); |ΔPe( j∕i)| is the absolute value of the increment of gross electric power generated
in the PB, with ΔPe( j∕i) = Pe( j∕i) − Pe( j − 1∕i); and lastly, CΔ𝛽 ,CΔ𝜆 and CΔ are the unit cost of the power increment
(see Section 3.6 for a detailed explanation of these terms). In this context, CΔ𝛽 ,CΔ𝜆 and CΔ are tunable design parameters
that penalize the generation variation.

Notice that the expression J(i) represents the profits along the sliding window, and provides a tradeoff between the
economic profit and the structural durability. In this paper, it is assumed that the electricity production does not exceed
the committed schedule and, therefore, the term 𝜙( j∕i) refers to falling penalty. This point is assured by constraints (23).

In order to maintain a linear objective function, the nonlinear term |ΔPe( j∕i)| can be linearized by means of slack
variables30 and the products of binary and continuous variables, using the method described in appendix A of the work
of Vasallo and Bravo.11 Given that all the model constraints (shown as follows) are also linear, or allow their replacement
by equivalent linear expressions, the problem is formulated as an MILP model. In summary, the terms in expression (1)
correspond to the maximization of economic profits, of the PB protection, and of the final TES energy level, yet these are
conflicting objectives. As such, expression (1) provides a trade-off between the economic profit and the protection level of
the PB, with the maximization of the final TES energy level being a secondary goal, which is imposed by having a small
value selected for parameter K. Therefore, the tuning parameters are reduced to 𝜙( j∕i), CΔ𝛽 ,CΔ𝜆 , and CΔ.

3.5.2 Energy balance constraints
These constraints model the distribution and transformation of thermal and electrical power among the elements of the
plant, and illustrating the dynamic behavior of the plant (the only continuous state variable is the TES energy level).
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For j = 1, … ,N
P̃𝜔

SF max(𝑗∕i) = PSF(𝑗∕i) + PSF_de𝑓 (𝑗∕i) (2)

PSF(𝑗∕i) + Pd(𝑗∕i) = PHTF(𝑗∕i) + Pc(𝑗∕i) + Pstartup(𝑗∕i) (3)

Pe(𝑗∕i) = 𝛼(𝑗∕i)
[
aPHTF(𝑗∕i) + b

]
(4)

Penet(𝑗∕i) = 𝜂gross2netPe(𝑗∕i) (5)

E(𝑗 + 1∕i) = E(𝑗∕i) + Pc(𝑗∕i)𝜂exch_TES − Pd(𝑗∕i)∕𝜂exch_TES. (6)

The power balance on the HTF side is given by constraints (2) and (3). Constraints (4) and (5) reflect the conversion
of thermal power PHTF( j∕i) to electricity power Penet( j∕i), where 𝜂gross2net is the ratio for the considered parasitic electric
consumption, and a and b are two constants. The energy balance in the TES is reflected in expression (6) where E( j∕i) is
the TES energy level at the beginning of the step j, and 𝜂exch_TES is a constant related to the efficiency of the HTF-TES heat
exchangers.

3.5.3 Initial conditions constraints
These constraints impose the TES energy and the PB state at the initial instant of the sliding window, where E0/i, Pe0/i and
𝛼0/i are the initial conditions previously defined in Section 3.4

E(1∕i) = E0∕i (7)

Pe(0∕i) = Pe0∕i (8)

𝛼(0∕i) = 𝛼0∕i. (9)

3.5.4 Operational constraints
Most of the operational constraints define the various physical characteristics of the plant, such as bounds for power
values in the different elements of the plant, or limitations specific to certain plant operations (eg, stronger limitations
during startup). It is also possible to include constraints that strictly refer to a desired behavior, eg, to limit the number of
daily turbine startups, as is the case of Equation (22). For j = 1, … ,N

PSF_de𝑓 (𝑗∕i) ≥ 0 (10)

PSF(𝑗∕i) ≥ 0 (11)

Emin ≤ E(𝑗 + 1∕i) ≤ Emax (12)

𝛼(𝑗∕i)PHTF min ≤ PHTF(𝑗∕i) ≤ 𝛼(𝑗∕i)PHTF max (13)

𝜇(𝑗∕i)Pc min ≤ Pc(𝑗∕i) ≤ 𝜇(𝑗∕i)Pc max _exch (14)

𝛿(𝑗∕i)Pd min ≤ Pd(𝑗∕i) ≤ 𝛿(𝑗∕i)Pd max _exch (15)

Pd max _mixed(𝑗∕i) = 𝛿(𝑗∕i)
(

1 −
PSF(𝑗∕i)
PHTF max

)
Pd max _onl𝑦TES (16)

Pd(𝑗∕i) ≤ Pd max _mixed(𝑗∕i) (17)

Pstartup(𝑗∕i) = 𝛽(𝑗∕i)Pstart_up (18)

PHTF(𝑗∕i) ≤ 𝛽(𝑗∕i)ΔPHTF_stu_ max + (1 − 𝛽(𝑗∕i))M (19)

PHTF(𝑗∕i) ≥ 𝛽(𝑗∕i)pcΔPHTF_stu_ max (20)

S
(

Tmin _u,Tmin _d, 𝛼𝕊(i)
)

(21)
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CΔ

min(NTI+24,Δw)∑
l=NTI+1

𝛽(l∕i) ≤ CΔ. (22)

For j = 1, … ,NTI,
Penet(𝑗∕i) ≤ Pere𝑓 (𝑗∕i). (23)

Parameters Emin,Emax,PHTF min,PHTF max,Pc min,Pc max _exch,Pd min, and Pd max _exch define the lower and upper bounds of
the energy in TES, and of the thermal power entering, charging, and discharging thermal power on the HTF side, respec-
tively. These parameters are used in constraints (10) to (15) and reflect operational limits of the related variables. The
binary variables 𝜇( j∕i) and 𝛿( j∕i) are equal to 1 if during hour j the TES is charging or discharging, respectively. Param-
eter Pd max _onl𝑦TES is the maximum value for discharging thermal power on the HTF side in the TES-only mode (TES →
PB), and the variable Pd max _mixed(𝑗∕i) is the maximum value for discharging thermal power in mixed mode (SF + TES
→ PB) on the HTF side. Constraints (16) to (17) reflect an upper limit of discharging thermal power Pd( j∕i) in TES-only
mode and mixed mode.

Energy constraints associated to the startup process are reflected in expressions (18) to (20), with only one type of
startup curve being taken into account. From this curve, parameter Pstart_up (approximated value for the fraction of thermal
energy in the PB inlet used to increase the thermal state in the PB during an hour with startup) of expression (18) is
obtained (see the work of Vasallo and Bravo11), with this energy being provided from either the SF, the TES, or as a mix
from the two. It is assumed that the durations of the startup and shutdown processes are less than one hour. Expressions
(19) and (20) set lower and upper bounds to PHTF( j∕i) (see the work of Vasallo and Bravo11) during hours with startup.
A ramp behavior is supposed for the startup process, so the upper bound for this process (parameter ΔPHTF_stu_ max) has
a lower value than PHTF max. Parameter pc is the percentage to establish a minimum operating point when the turbine
starts. The minimum time between consecutive turbine startups and shutdowns is established using the constraints (21),
with the set of values 𝛼𝕊(i) previously defined in Section 3.4. This set of constraints (21) can be consulted in the work of
Domíngez et al.21 Constraint (23) sets an upper bound for Penet( j∕i) in the TI interval, equal to Peref ( j∕i). Constraint (22)
is explained in Section 3.6.

3.5.5 Binary variables constraints
These constraints establish the logical relations between the binary variables

𝜇(𝑗∕i) + 𝛿(𝑗∕i) ≤ 1 (24)

𝛽(𝑗∕i) − 𝜆(𝑗∕i) = 𝛼(𝑗∕i) − 𝛼(𝑗 − 1∕i) (25)

𝛽(𝑗∕i) + 𝜆(𝑗∕i) ≤ 1. (26)

Constraint (24) ensures that simultaneous TES charge and discharge is not allowed. The binary variables 𝛼( j∕i), 𝛽( j∕i),
and 𝜆( j∕i) define turbine normal, startup, or shutdown operation by means of constraints (25) and (26). In turbine normal
operation, the binary variables are defined by 𝛽( j∕i) = 0, 𝜆( j∕i) = 0, and 𝛼( j∕i) = 𝛼( j − 1∕i) = 1; in startup by
𝛽( j∕i) = 1, 𝜆( j∕i) = 0, 𝛼( j∕i) = 1, and 𝛼( j − 1∕i) = 0; and in shutdown by 𝛽( j∕i) = 0, 𝜆( j∕i) = 1, 𝛼( j∕i) = 0, and
𝛼( j − 1∕i) = 1. Note that when the turbine is stopped the values of the three binary variables are equal to 0. Constraint
(26) ensures that simultaneous startup and shutdown is not allowed.

3.6 Power block protection mechanism
The main contribution of this work is to study the impact of the double PB protection mechanism included in the MPCBR

scheduling strategy, whose goal is to reduce the generation cycling. The assumption made in this work about the PB
damage is that lower values of |ΔPe( j∕i)| mean higher protection. The first protection mechanism is the term

−CΔ𝛽

N∑
𝑗=1

|ΔPe(𝑗∕i)|𝛽(𝑗∕i) − CΔ𝜆

N∑
𝑗=1

|ΔPe(𝑗∕i)|𝜆(𝑗∕i) − CΔ

N∑
𝑗=1

|ΔPe(𝑗∕i)| (1 − 𝛽(𝑗∕i) − 𝜆(𝑗∕i)) ,

of the objective function defined in expression (1). This penalization term is based on fused lasso,26 which penalizes
by 𝓁1-norm the differences of the decision variables. The penalization term tries to shrink to exactly zero the different
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ΔPe( j∕i), providing high protection. However, the generation of electric power requires startup and shutdown operations
of the PB. In order to take into account this point, the difference |ΔPe( j∕i)| is combined with the binary variables 𝛽( j∕i)
and 𝜆( j∕i), and expression (1 − 𝛽( j∕i) − 𝜆( j∕i)). This point is inspired in trimmed lasso,28 an extension of lasso that
uses binary variables to control the shrinkage to towards sparse models. The tuning parameters CΔ𝛽 ,CΔ𝜆 ,CΔ ≥ 0 define
the intensity of the PB protection. Parameter CΔ𝛽 is associated to the power increment during turbine startup, CΔ𝜆 to the
power increment during turbine shutdown, and CΔ to the power increment during the rest of the time when the turbine
is working.

Some cases of interest are enumerated as follows.

• Having values of CΔ𝛽 = 0, CΔ𝜆 = 0, and CΔ = 0 corresponds to a case with no PB protection.
• Considering a strategy with CΔ𝛽 = CΔ𝜆 and CΔ𝜆 = CΔ > 0, the PB protection term is reduced to

−CΔ

N∑
𝑗=1

|ΔPe(𝑗∕i)|.

This translates to having the same level of penalization applied to the generation variation during startup, shutdown,
or normal operation of the turbine. Similar penalization terms have been used in other works.10,14,25

• For a different case of interest, with CΔ𝛽 = 0, CΔ𝜆 = 0, and CΔ > 0, the PB protection term is

−CΔ

N∑
𝑗=1

|ΔPe(𝑗∕i)| (1 − 𝛽(𝑗∕i) − 𝜆(𝑗∕i)) .

In this case, the penalization is not applied during startup and shutdown, considering that they are necessary processes,
and the damage due to the intensity of both process is not taken into account.

• Intermediate values of CΔ𝛽 and CΔ𝜆 , ie, CΔ𝛽 =
1
2 CΔ, CΔ𝜆 =

1
2 CΔ, and CΔ > 0, provide a combination between the two

aforementioned cases.
• Other options can be considered with different values of CΔ𝛽 , CΔ𝜆 , and CΔ, providing a wide range of PB protection

strategies.

An additional protection mechanism is given by the inclusion of the constraint (22), which forces a generation schedule
where only one PB start per day is allowed, as a maximum. It can be noticed that a value of CΔ = 0 removes this constraint.

4 CASE STUDY

This section presents the application of the MPCBR approach proposed by this paper, in a simulation context, to a 50 MW
PTC-based CSP plant with molten-salt-based TES. The CSP plant is based on the model presented in the work of
Llorente et al31 and also used in the work of Vasallo and Bravo,6 which describes the plant Andasol 2 in Granada, Spain.
Some characteristics of this model (adapted to this case study) are shown in Table 1. Note that the solar multiple is the ratio
between the SF thermal capacity and the PB thermal capacity. The main features of the simulation scenario developed
for this case study are described in Section 4.1. Results and discussion are presented in Section 4.2.

TABLE 1 Characteristics of the concentrating solar power plant

Description Value
Turbine capacity (gross) 52.5 MWe
Solar field thermal capacity 250 MWt
Thermal capacity in solar-only mode 140 MWt
Thermal capacity in TES-only mode 119 MWt
Solar multiple (SF thermal capacity/PB thermal capacity) 1.8
TES capacity (TES-only mode) 8 hours
Power block efficiency (full load) 38%
Fossil backup only for preventing HTF freezing

Abbreviations: HTF, heat transfer fluid; PB, power block; SF, solar field;
TES, thermal energy storage.
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4.1 Features of the simulation scenario
The simulations are performed considering a time period of six months (from January 1, 2013 to June 30, 2013). The con-
text under consideration is the Spanish day-ahead energy market, with the producer's price-taking property. The penalty
costs per MW h of deviation are obtained from the Spanish electric system operator.32 No premium per MW h is considered
in this study.

4.1.1 Input data of the MILP-MPCBR model
At instant tsubm + 1 of day D, it is supposed that the prices are cleared on the market; therefore, prices for the day D + 1 are
known from this moment. Energy price forecasts are generated using a synthetic method based on the persistent method
and actual values of prices (obtained from the Iberian market operator OMIE,33 see Figure 4). At day D before tsubm, the
last known energy prices are the prices of day D. A persisten predictor uses these prices to make the prediction of day D+1
(one-day-ahead forecast) and day D+2 (two-day-ahead forecast). Of course, this is a naive forecast method that can not
compete with other forecast methods. In order to make the energy prices forecast more realistic, we have consulted in the
literature the level of forecast error obtained by other methods, ie, based on regression methods with exogenous variables.
In this paper, we use a synthetic scenario for energy prices forecast using a mix of the persistent method and the actual
value of energy prices in order to obtain a root mean square error (RMSE) of 2.7 euros∕MWh34 for the day-ahead forecast
and 3.3 euros∕MWh for the two-day-ahead price forecast. The RMSE is the error between the used energy prices forecast
and the actual energy prices. A carefully explanation of the synthetic method used can be consulted in the Appendix.

To generate the predictions P̃𝜔
SF max(𝑗∕i) (see Figure 3), the detailed SF submodel from the work of Vasallo and Bravo6 is

used. The DNI and ambient temperature are the only meteorological variables considered, with the ambient temperature
forecasts assumed to be perfect, and created from TMY2 data.35 A set of solar radiation measures is available. In the same
way as for prices, a synthetic scenario for DNI forecast is generated using the persistent method and the actual values,
with the generated forecast having an annual mean value for the metric normalised RMSE of 32%36 for the day-ahead
forecast. The DNI forecasts are supposed to be provided at 0.0 hour every day. The persistent method is considered for the
two-day-ahead and three-day-ahead DNI forecasts (see Figure 2), with these predictions obtaining annual values for nor-
malized RMSE of 43% and 45%, respectively. In order to take into account fresh data, short-term DNI forecasts with a time
horizon of 5 hours are also included in this study. Several methods to obtain this kind of forecast can be consulted in the
work of Law et al.36 A parameterized model is used to emulate the short-term predictor (see the work of Vasallo et al29) and
to overcome the lack of short-term DNI forecast data for this study. One of its parameters, 𝜔, is a value between 0 and 1,
and represents the accuracy of the forecasts (from ideally perfect short-term DNI forecast to nonexisting short-term
DNI forecast, respectively). This range allows analyzing the influence of short-term DNI forecasts in spite of the lack of
this data.

FIGURE 4 Electricity prices (€ /MW h) during the first six-month period of 2013 in the Spanish day-ahead energy market [Colour figure
can be viewed at wileyonlinelibrary.com]
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4.1.2 Parameters of the MILP-MPCBR model
Parameter Δtw is set to 1.0 hour (see Figure 2). Parameter tsubm is set to 10.0 hours (Spanish market in 2013). Parameter Δw
is set to 48 hours. As commented before, parameter K of the terminal value term in the objective function (expression (1))
is set to a small enough value so that, K = 1e − 7 €/MW h, once the maximum economic profits (without terminal value
term) have been obtained, the defocused thermal power may be as low as possible. Concerning the Spanish energy market,
deviations from the scheduled generation produce penalty costs if they require the intervention of the transmission system
operator. These penalties are associated with the costs incurred to stabilize the system, and do not follow any pregiven
function. In this work, the estimation 𝜙(𝑗∕i) = 𝛾𝜙̄ is used, where 𝜙̄ = 6 €/MW h is the mean value for the penalty costs in
2012 in the Spanish Market and 𝛾 ≥ 0 is a tuning parameter. Parameter 𝛾 defines the relative importance of the deviation
penalization term in the considered cost function of the MPCBR strategy. An economic study for different appplied values
of parameter 𝛾 is included in this paper to analyze the importance of an accurate estimation of 𝜙̄.

In summary, the tuning parameters, which determine the MPC strategy, are the deviation penalization parameter
𝛾 , the short-term DNI accuracy parameter 𝜔, and the cycling penalization parameters CΔ𝛽 , CΔ𝜆 , and CΔ. The notation
MPCBR

𝜔,𝛾 (CΔ𝛽
,CΔ𝜆

,CΔ) is used to refer to the values used for the tuning parameters.

4.1.3 Simulation plant model
For the considered simulation context, the CSP plant (see Figure 3) is represented by the combination of two models. The
first of them is the detailed SF submodel, which characterizes the evolution of temperatures and operating phases in the
SF, and generates the hourly mean values of the maximum thermal power available from the SF using the actual DNI data
(see Figure 5). A complete description of the detailed SF submodel is out of the scope of this paper but can be consulted in
the work of Vasallo and Bravo.11 The second model is a one-hour-resolution model used to represent the energy balances
in the rest of the plant's blocks. This structure is used to avoid very high simulation times, as in the works of Kraas et al37

and Law et al.38 This model, referred in this work as the MILP-plant model, is derived from the MILP-MPCBR model itself.
The model receives each hour the power generation setpoint Pe_SP and the real value of PSF max, and resolves the energy
balance considering all the operating constraints. Among its outputs are the generated electric power and the plant's state
(TES energy level and turbine ON/OFF state). Two consecutive optimization models compose this model. The first one
(see expression (27)) is used to reach the first optimization goal of minimizing the generation error

Minimize Pe_SP(1∕i) − Penet(1∕i)
s.t. PSF max(1∕i) = PSF(1∕i) + PSF_de𝑓 (1∕i)

Pe_SP(1∕i) ≥ Penet(1∕i)
(3), (4), … , (20)
(24), … , (26) for 𝑗 = 1.

(27)

Once this objective is met, the second optimization model (see expression (28)) is used to reach the goal of minimizing
the defocused thermal power in the SF. Note that P∗

enet(1∕i) is the optimal solution obtained solving (27). It is supposed
that control systems and operator decisions comply with these operating rules

Minimize PSF_de𝑓 (1∕i)
s.t. PSF max(1∕i) = PSF(1∕i) + PSF_de𝑓 (1∕i)

Penet(1|i) = P∗
enet(1|i)

(3), (4), … , (20)
(24), … , (26) for 𝑗 = 1.

(28)

Table 2 summarizes the functions of the three models used in this work. MATLAB39 was used as simulation plat-
form. The MILP models were generated in YALMIP,40 a free toolbox for MATLAB, and solved by SCIP (v3.0.2),41 a free
solver for mixed integer problems. The formulated MILP problem includes 577 continuous variables, 240 binary vari-
ables, 387 equality constraints, and 1119 inequality constraints. The obtained average execution time of a simulation step
in a standard personal computer is 18 seconds.
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FIGURE 5 Hourly mean values for maximum thermal power available from solar field (PSF max, kW) [Colour figure can be viewed at
wileyonlinelibrary.com]

TABLE 2 Information about the models used

Model Function
MILP-MPCBR MPCBR

𝜔,𝛾 (CΔ𝛽
,CΔ𝜆

,CΔ) strategy
MILP-plant + detailed SF submodel to represent the plant
Detailed SF submodel to convert DNI to P̃𝜔

SF max(𝑗∕i)

Abbreviations: DNI, direct normal irradiance; MILP, mixed-integer linear programming;
MPCBR, model predictive control with binary-regularization; SF, solar field.

4.2 Results and discussion
In order to illustrate the qualitative influence of the considered protection methods on generation scheduling, Figure 6
is included. Some normalized generation profiles for the next day (Peref), obtained in the 14th week of the simulated
time period, have been represented. Figure 6 shows the normalized real and forecasted electricity prices, the normalized
TES level, and the normalized generation profiles for the next day obtained by MPCBR

0,1(0, 0, 0) (without PB protection)
and MPCBR

0,1(0, 0, 20) strategy (with PB protection). It is important to remark the high variability observed in the sched-
uled profiles obtained by MPCBR

0,1(0, 0, 0) to follow the electricity prices and, therefore, to maximize economic profits. A
scheduled next day profile with high variability is converted into a generation profile with high cycling, reducing the PB
lifetime, and increasing the maintenance cost and the difficulty of the plant operability. The main goal of this work is to
obtain scheduled generation profiles with an important reduction of this variability, but with a low economic impact. In
the scheduled profiles obtained by the MPCBR

0,1(0, 0, 20) strategy, the high variability is reduced in comparison to the case
without PB protection, presenting only one startup and shutdown per day in the given example.

Next, a quantitative study of the proposed power protection scheme is provided. The protection of the PB preserves its
lifetime and reduces the maintenance costs; therefore, it involves an economic benefit in the long term, although this
aspect has not been studied quantitatively. The simulation case to which all the calculations are referred is described in
Section 4.2.1. Section 4.2.2 introduces some assumptions to simplify the study. The solutions of the MPCBR

𝜔,𝛾 (CΔ𝛽 ,CΔ𝜆 ,CΔ)
strategy are analyzed in Section 4.2.3. The idea to estimate the suitable level of cycling penalization is explored in
Section 4.2.4. Finally, the main conclusions derived from all the results are drawn in Section 4.2.5.

4.2.1 Definition of the reference case
The MPCBR

0,1(0, 0, 0) strategy, without PB protection and applied to the considered simulation scenario, is the reference case
to which all the calculations are referred. The total results obtained by MPCBR

0,1(0, 0, 0) strategy are profits = 3 467 133 €,
revenues = 3 575 250 €, penalties = 108 117 €, and the mean of the absolute value of the hourly increment of the generated
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FIGURE 6 Generation scheduling profiles obtained in the 14th week of the simulated time period. TES, thermal energy storage [Colour
figure can be viewed at wileyonlinelibrary.com]

electric power |ΔPB
e | = 2.54 MW and |ΔPe| = 5.26 MW (these metrics are calculated removing, and without removing,

increments in startups and shutdowns, respectively).

4.2.2 Assumptions to simplify the parameters tuning
Parameters 𝜔 and 𝛾 must be swept through a range of values in the simulations. In order to simplify the study, some
assumptions about the values of these parameters are made, as will be explained next.

The accuracy of the short-term DNI predictor is given by parameter 𝜔. The results obtained with the extreme cases
𝜔 = 0 and 𝜔 = 1 (perfect and nonexistent short-term DNI forecast, respectively) are going to be used as bounds of the
behaviour with any predictor. In order to justify this assumption, a set of simulations were carried out. Figure 7 shows the
energy sale profits of several simulations varying the values of parameters CΔ and 𝛾 , with 𝜔 = 0, 0.001, and 1, CΔ𝛽 = 0,
and CΔ𝜆 = 0. The value 𝜔 = 0.001 indicates an almost perfect short-term DNI forecast during the first hour and no
improvement over the day-ahead forecast during the sixth hour. Moreover, the forecast worsening is lineal over time (see
the work of Vasallo et al29). It can be observed in Figure 7 that profits with 𝜔 = 0 and 1 bound all results with 𝜔 = 0.001.
It is therefore assumed that the range formed by the results with 𝜔 = 0 and 𝜔 = 1 includes the behavior with any other
predictor.

Figure 8 shows the profits in simulations with 𝜔 = 0 and 𝜔 = 1, with CΔ = 0, 1, and 30 €/MW h, CΔ𝛽 = 0, CΔ𝜆 = 0, and
with several values of 𝛾 . It is observed little sensitivity with this parameter, and a value of 1 is assumed to be a reasonable
value.

4.2.3 Analysis of the solutions of the MPCBR
𝜔,𝛾(CΔ𝛽 ,CΔ𝜆 ,CΔ) strategy

The MPCBR
𝜔,1(0, 0,CΔ), MPCBR

𝜔,1(0.5CΔ, 0.5CΔ,CΔ), and MPCBR
𝜔,1(CΔ,CΔ,CΔ) strategies with parameter CΔ=1, 5, 10, and

20 €/MW h and with 𝜔 = 0 and 𝜔 = 1 were simulated and compared with the reference case. The results are showed in
Figures 9 and 10.

Black solid lines show the results obtained by the MPCBR
𝜔,1(0, 0,CΔ) strategy with 𝜔 = 0 and 𝜔 = 1. Obviously, a

perfect short-term DNI forecast (𝜔 = 0) is a much more favorable situation than non-existing short-term DNI forecast
(𝜔 = 1), and therefore, a next to 2.25% decrement of profits is obtained with 𝜔 = 1 compared the case with 𝜔 = 0.
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FIGURE 7 Justification to use the extreme cases of the short-term direct normal irradiance predictor as behaviour bounds [Colour figure
can be viewed at wileyonlinelibrary.com]

FIGURE 8 Justification to consider parameter 𝛾 = 1 as a reasonable value [Colour figure can be viewed at wileyonlinelibrary.com]

The results of the MPCBR
𝜔,1(0.5CΔ, 0.5CΔ,CΔ) and MPCBR

𝜔,1(CΔ,CΔ,CΔ) strategies are shown in red dashed and green dotted
lines, respectively.

From Figures 9 and 10, the following conclusions can be drawn.

• The proposed method obtains a significant reduction of |ΔPB
e | and |ΔPe| as CΔ, and therefore, the PB protection

increases.
• The results obtained by the proposed strategy are better than the ones of the reference case (CΔ = 0) in the considered

scenario. That is, there is a set of values of CΔ for which the proposed strategy obtains profits similar to the reference
case, and a significant reduction of the increments |ΔPe| and |ΔPB

e |. For example, considering the case with CΔ = 1
in Figures 9 and 10, the reductions obtained by all strategies are close to 30% and 15% of |ΔPB

e | and |ΔPe|, respectively,
without a significant reduction of the profits.

• As expected, the proposed MPCBR
𝜔,𝛾 (0, 0,CΔ) obtains better results than the MPCBR

𝜔,𝛾 (CΔ,CΔ,CΔ) strategy if metric |ΔPB
e |

is considered (see Figure 9). In this case, the MPCBR
𝜔,𝛾 (0, 0,CΔ) obtains a decrement of |ΔPB

e | close to 60%, while main-
taining the same level of profits as the reference case (see CΔ= 5 €/MW h). However, to reach a decrement of 60% of
|ΔPB

e | with the MPCBR
𝜔,𝛾 (CΔ,CΔ,CΔ) method results in a decrement of profits (more than 1.5%).
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FIGURE 9 Percentage increment of energy sale profits compared with the reference case (without power block protection) against
percentage increment of |ΔPB

e | also compared with the reference case [Colour figure can be viewed at wileyonlinelibrary.com]

FIGURE 10 Percentage increment of energy sale profits compared with the reference case (without power block protection) against
percentage increment of |ΔPe| also compared with the reference case [Colour figure can be viewed at wileyonlinelibrary.com]

• On the other hand, if metric |ΔPe| is considered (see Figure 10), the proposed MPCBR
𝜔,𝛾 (CΔ,CΔ,CΔ) method tends to

improve the results obtained by the MPCBR
𝜔,𝛾 (0, 0,CΔ) method, as would be expected.

• Intermediate values of CΔ𝛽 and CΔ𝜆 , ie, 0 < CΔ𝛽 < CΔ and 0 < CΔ𝜆 < CΔ, provide a compromise between the previous
cases.

A conclusion that can be drawn from the above is that the economically optimal solution is not very sensitive to the
shape of the generation profile. The use of more rigid generation profiles does not significantly worsen the economic
profits, with a slight improvement of profits being sometimes observed. This aspect favours the use of the PB protection
mechanism proposed in this work.
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FIGURE 11 Percentage increment of energy sale profits compared with the reference case (without power block protection) against
percentage increment of |ΔPB

e | also compared with the reference case, for perfect and imperfect direct normal irradiance (DNI) forecast
[Colour figure can be viewed at wileyonlinelibrary.com]

FIGURE 12 Percentage increment of energy sale profits compared with the reference case (without power block protection) against
percentage increment of |ΔPe| also compared with the reference case, for perfect and imperfect direct normal irradiance (DNI) forecast
[Colour figure can be viewed at wileyonlinelibrary.com]

The effect of the uncertainties present in the DNI forecast are also studied, with simulation results shown in Figures 11
and 12. This study compares simulations with perfect DNI forecast of the extreme strategies MPCBR

0,1(0, 0,CΔ) and
MPCBR

0,1(CΔ,CΔ,CΔ), with CΔ > 0, with the reference case (CΔ = 0), and also with imperfect DNI forecast. As can be
seen, the perfect DNI forecast results in an expected increase in the obtained profits. Except for this point, the shape of
the traces obtained using perfect DNI forecast is quite similar to the results obtained with imperfect DNI forecast. There-
fore, the general conclusions that were drawn before are not altered by the uncertainty present in the DNI forecast, so it
seems reasonable to assume that they could be maintained for other forecasted DNI data.

In order to make a comparison, an alternative day-ahead scheduling (DAS) strategy with PB protection (denoted
as DAS(CΔ𝛽 ,CΔ𝜆 ,CΔ)) is considered in this paper. This scheduling strategy has no feedback except for the moment in
which the generation schedule for day D+1 is developed at tsubm of day D, when the plant's state and the forecasts
are updated. Therefore, the associated MILP optimization problem is solved only once per day. Another feature of the
DAS(CΔ𝛽 ,CΔ𝜆 ,CΔ) strategy is that each hour it tries to generate the committed power using the energy actually available,
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FIGURE 13 Percentage increment of energy sale profits compared with the reference case (without power block protection) against
percentage increment of |ΔPB

e | also compared with the reference case [Colour figure can be viewed at wileyonlinelibrary.com]

FIGURE 14 Percentage increment of the equivalent sale price compared with the reference case (without power block protection) against
percentage increment of |ΔPB

e | also compared with the reference case [Colour figure can be viewed at wileyonlinelibrary.com]

without any rescheduling (due to the lack of new information). Figure 13 compares the results of the MPCBR
1,1(0, 0,CΔ) strat-

egy, ie, the lower bound of the range, with the alternative DAS(0,0,CΔ) strategy. It can be observed that the DAS(0,0,CΔ)
strategy does not overcome the MPCBR

1,1(0, 0,CΔ) strategy (except for one point). As a consequence, the MPCBR strat-
egy overcomes the DAS strategy, as expected, since the rescheduling with fresh information is a positive mechanism.
Moreover, Figure 13 shows that the PB protection is also a useful element for the DAS(0,0,CΔ) strategy because it reduces
the generation variation, while the profits do not decrease. In fact, a slight increase in profits is found for the first values
of parameter CΔ.

In order to analyze the superiority of the MPCBR
𝜔,1(0, 0,CΔ) strategy over the DAS strategy, the equivalent sale price is

defined. This metric is calculated dividing the energy sale profits between the whole amount of generated electric energy.
Figure 14 shows the results of this metric for several simulations. It can be observed that the equivalent sale price is higher
in the MPCBR

1,1(0, 0,CΔ) strategy. This higher value is caused by the rescheduling, which displaces the generation towards
high price periods.
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4.2.4 Tuning of cycling penalization intensity
An aspect of interest for this study is the estimation of a suitable value of CΔ. The obvious choice would be to use the
maximum value of CΔ for which the obtained profits are similar to the profits obtained by the reference case (CΔ = 0).
However, this value is not known in advance. An estimation of a suitable CΔ value could be obtained by means of
simulation using data from previous months. In this sense, Figure 15 shows percentage increment of profits compared
with the reference case for the MPCBR

0,1(0, 0,CΔ) and MPCBR
1,1(0, 0,CΔ) strategies. These results are obtained considering only

the first four months of the simulated time period. As can be seen, the variation level of profits is less than 1% if a value of
CΔ ≤ 10 €/MW h is considered. Figure 16, showing simulation results for the last 2 months of the simulated time period,
confirms the stability of the profits if CΔ ≤ 10 €/MW h is considered. Therefore, the information from the simulation
results of the first four months of the simulated scenario provides a way to infer a suitable value of CΔ to be used in the last
2 months. The overall percentage increments of profits compared with the reference case for the whole simulated scenario
are shown in Figure 17. This example shows the possibility of tuning the suitable level of penalization by means of simu-
lations, making use of historical data (real and forecasted values for DNI and energy prices, and penalty costs). As a future
line of research, it is mentioned that more precise damage models could allow for the improvement of the penalization

FIGURE 15 Percentage increment of profits compared with the reference case (without power block protection) against CΔ during the
first 4 months [Colour figure can be viewed at wileyonlinelibrary.com]

FIGURE 16 Percentage increment of profits compared with the reference case (without power block protection) against CΔ during the last
2 months [Colour figure can be viewed at wileyonlinelibrary.com]
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FIGURE 17 Percentage increment of profits compared with the reference case (without power block protection) against CΔ during the
6-month period [Colour figure can be viewed at wileyonlinelibrary.com]

term, while the intensity of the applied penalization could be obtained using historical data, as illustrated in the previous
example.

4.2.5 Main conclusions from the results
A set of simulations covering a large number of reasonable cases has been done. The main conclusions obtained from the
results are the following.

1. The proposed MPCBR scheduling strategy obtains an important reduction of the cycling, with no impact on energy sale
profits. The economically optimal solution is not very sensitive to the shape of the generation profile. Therefore, more
rigid generation profiles do not significantly worsen the economic profits; in fact, a slight improvement of profits is
observed in some cases.

2. When a perfect solar resource forecast is considered (forecast without error), the obtained results are quite similar,
which indicates a certain independence from the DNI forecast accuracy.

3. The proposed MPCBR scheduling strategy is also compared with a DAS strategy (without hourly rescheduling). In this
case, MPCBR provides a superior performance owing to the rescheduling capacity.

4. As discussed above, the proposed method obtains some results with a slight increment of economic profits with respect
to the reference case (MPC without PB protection); thus, it overcomes the previous method presented in the work of
Cojocaru et al.25

5. The possibility to estimate the highest level of cycling penalization, which maintains the economic profits, is also
studied and validated.

5 CONCLUSIONS

This work has presented a new scheduling method that can be applied in concentrated solar power plants in the context
of an energy day-ahead market. A scheme based on MPC is proposed to allow rescheduling and developing the generation
schedule for the next day at the required hour. A protection procedure for the PB is included as the main novelty. The
new formulation includes a regularization term to penalize the variability of the PB output. However, binary variables are
used to apply different penalization intensities in PB normal operation, startup, and shutdown situations. Furthermore,
constraints to limit the daily startups are included. With the purpose of illustrating the new scheduler, a realistic case
study based on the simulation of a 50 MW CSP plant with TES was included. A comparison with previous scheduling
methods shows that the new proposal including PB protection provides better economic results. In fact, an important
reduction of the generation cycling can be obtained without diminishing energy sale profits. The advantages of a reduced
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cycling are higher lifetime for the PB elements, lower maintenance costs, and easier plant operability. The possibility of
estimating the highest level of PB protection that maintains the energy sale profits is also analyzed in the case study.
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APPENDIX

A.1 Synthetic energy price forecasts
In the six months simulation included in this paper, p(s), with s = 1, … , 181·24, are the actual energy prices. Synthetic one-
day-ahead and two-day-ahead predictions can be obtained by means of the expressions p̃1D(s) = 𝜂1p(s − 24) + (1 − 𝜂1)p(s)
and p̃2D(s) = 𝜂2p(s − 48) + (1 − 𝜂2)p(s) with s = 48, … , 181 · 24. Note that, if 𝜂1 = 𝜂2 = 1, then the synthetic prediction
is a persistent prediction. On the other hand, if 𝜂1 = 𝜂2 = 0, predictions without error are considered. In this paper,
parameters 𝜂1 and 𝜂2 were supposed equal, and have been tuned to obtain the RMSE values commented in Section 4.1.1.

It is important to remark that, at day D for hours t > tsubm, the energy prices of day D + 1 are known. At day D, we have
the indexes i = 0, 1, … , 23 and j = 1, … ,N used in the sliding window of the MPC strategy. Therefore, at day D, the
equivalence p( j∕i) = p(24(D − 1) + j + i) is clear. In the MPC sliding window, forecasted energy prices p̃(𝑗∕i) equivalent
to p̃(24(D − 1) + 𝑗 + i) are used. If i ≤ tsubm, the prediction is defined by the following expression:

p̃(𝑗∕i) =
⎧⎪⎨⎪⎩

p(𝑗∕i) 𝑗 + i ≤ 24
p̃1D(𝑗∕i) 25 ≤ 𝑗 + i ≤ 48
p̃2D(𝑗∕i) 49 ≤ 𝑗 + i.

If i > tsubm, the prediction is defined by

p̃(𝑗∕i) =
{

p(𝑗∕i) 𝑗 + i ≤ 48
p̃1D(𝑗∕i) 49 ≤ 𝑗 + i.
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A.2 Nomenclature

Notation Description Simulation values
Indices, superscripts, and time parameters
Δw, Δtw, Δto Time length of the sliding window, time step for MPC Δw = 48 h, Δtw = 1 h,

control update and time step for MPC model, respectively Δto = 1 h
tsubm Deadline hour in the day D for the submission of the tsubm = 10 ∶ 00 h

generation schedule for the next day D + 1
tschedule_end End time of the committed generation schedule tschedule_end = 24 ∶ 00 h

N Number of time intervals in the sliding window N = Δw
Δto

i, j Each step when the MPC generates its output and i = 0, … , 24
Δtw

− 1,

each step within the sliding window, respectively j = 1, … ,N

t Instantaneous variable for time t(i) = iΔtw

NTI Number of time instants in the TI interval NTI =
tschedule_end−t(i)

Δto

·t, ·D Superscripts expressing instantaneous variable and
daily-scheduling-related variable, respectively

Parameters
Pc min, Pd min Minimum values for charging and discharging thermal

power on the HTF side due to minimum value in salt 20.2 MW, 15 MW
pump flow rate (MW)

Pstart_up Approximated value for the fraction of mean thermal
power in the PB inlet used to increase thermal state 14 MW
in the PB during an hour with startup (MW)

Pc max _exch,Pd max _exch Maximum values for charging and discharging
100 MW, 124 MWthermal power on the HTF side due to heat-exchanger

limitations (MW)
Pd max _onl𝑦TES Maximum value for discharging thermal power on the

119 MW
HTF side in the TES-only mode due to the input
limitations of the turbine in this mode (MW)

ΔPHTF_stu_ max Maximum value of the fraction of mean thermal power
in PB inlet used to generate electricity during an hourly 103 MW
period when a startup is performed (MW)

PHTF min, PHTF max Minimum and maximum values for thermal power
20 MW, 140 MWentering the PB (MW)

Emin,Emax Minimum and maximum values for energy in TES (MW h) 0 MW h, 1010 MW h
Tmin _u,Tmin _d Minimum up time and minimum down

2 htime for the turbine (h)
a, b Parameters of linear approximation of function relating

turbine-generated gross electric power with thermal power 0.4, −3.1 MW
entering the PB (dimensionless and MW)

𝜂gross2net Ratio for considering parasitic electric consumption 0.95
𝜂exch_TES Efficiency of the HTF-TES heat exchangers 0.95
pc Percentage to establish a minimum operating point 0.5

when the turbine starts
K Unit value of the final TES energy level (€ /MW h) 1e-07 € /MW h
𝜙̄ Reference mean value for deviation penalty cost (€/MW h) 6 €/MW h
CΔ𝛽

,CΔ𝜆
,CΔ Unit cost of the hourly power variation when the

turbine is in startup, in shutdown, or in normal
operation, respectively (€ /MW h)

𝜙( j∕i) Estimation of the deviation penalty cost at hour j (€ /MW h)
𝛾 Deviation penalty parameter (dimensionless)
𝜔 Accuracy parameter for short-term DNI forecast (dimensionless)
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Notation Description
The nomenclature explained below refers to MPC model variables, meaning that power variables are hourly mean values.
Superscripts t and D can be used in the variables below.
Energy variables
PSF( j∕i) Thermal power actually transferred from the SF on the HTF side in hour j (MW)
PSF_de𝑓 (𝑗∕i) Defocused thermal power in the SF on the HTF side in hour j (MW)
Pstartup( j∕i) Fraction of the thermal power in PB inlet used to increase the thermal state in the

PB when a startup occurs in hour j (MW)
PHTF( j∕i) Fraction of the thermal power in PB inlet used to generate electricity in hour j (MW)
Pc( j∕i), Pd( j∕i) Charging and discharging thermal power on the HTF side in hour j (MW)
Pd max _mixed(𝑗∕i) Maximum value for discharging thermal power in mixed mode on the HTF side in hour j (MW)
Pe( j∕i), Penet( j∕i) Turbine-generated gross and net electric power in hour j (MW)
E( j∕i) TES energy level at the beginning of hour j (MW h)
|ΔPe( j∕i)| Absolute value of the hourly increment of gross electric power generated by the

turbine in hour j (MW/h)

|ΔPB
e |, |ΔPe| Mean of the absolute values of the hourly increments of the generated electric power,

calculated removing (|ΔPB
e |) and without removing (|ΔPe|) increments in startups and

shutdowns, respectively (MW/h)
Binary variables
𝛼( j∕i), 𝛽( j∕i), 𝜆( j∕i) Equal to 1 if during hour j the turbine is in normal operation, in startup, or in

shutdown, respectively
𝜇( j∕i), 𝛿( j∕i) Equal to 1 if during hour j the TES is charging or discharging, respectively

Input Data
PSF max( j∕i) Maximum thermal power available from the SF on the HTF side in hour j (MW)
P̃𝜔

SF max(𝑗∕i) Forecasted maximum thermal power available from the SF on the HTF side in hour j (MW)

Peref ( j∕i) Committed generation schedule still to be met, expressed in net electric power (MW)
Pe_SP(1, i) Power generation setpoint (MW)
p̃(𝑗∕i) Forecasted electricity sale price during hour j (€/MW h)
𝛼𝕊(i) Values before the start hour of the sliding window for binary variable 𝛼( j∕i), with

𝛼𝕊(i) = {𝛼0∕i, 𝛼−1∕i, … , 𝛼−max(Tmin _u ,Tmin _d)∕i}
E0/i Initial value of the TES energy level (MW h)
Pe0/i Initial value of the turbine output (MW)

Acronyms
CSP Concentrated solar power
nRMSE normalised Root mean square error
DAS Day-ahead scheduling
PB Power block
DNI Direct normal irradiance
PTC Parabolic trough collector
HTF Heat transfer fluid
RMSE Root mean square error
MILP Mixed-integer linear programming
SF Solar field
MIP Mixed-integer programming
TES Thermal energy storage
MPC Model-based predictive control
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