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Abstract (English)

The rapid growth of large-scale PV plants is increasing the need for energy storage, being

batteries the most promising technology in the short-term. Research focused on improv-

ing the feasibility of PV-battery systems could help to encourage their development. This

study contributes to this process, studying how optimising the operation could make these

systems more cost-effective. The optimal operation can be obtained with an optimisa-

tion algorithm, that minimises the daily cost of electricity. Conventional methods use this

approach, but need to forecast PV generation, electricity price and demand in real-time,

with the problems that it entails. A novel method based on Machine Learning (ML) is pro-

posed in this thesis. Past data is used to train the model, that learns to predict the optimal

operation. This method is assessed for the case of Cranfield University, where a new PV-

battery plant has been proposed. Conventional and ML methods are compared, analysing

their performance and calculating their potential savings. After this analysis, ML outper-

formed the conventional operation, obtaining 13% more accuracy and 5% more savings.

For Cranfield University, the cost-benefit analysis showed that including a PV-battery sys-

tem would be beneficial, saving more than 300 k£ per year. The benefits from using ML

operation are high, particularly when increasing PV or battery capacity. Therefore, this

methodology could have a great impact on large-scale PV-battery applications.

Keywords

Renewable Energy; PV Plant; Batteries; Energy Storage; Dispatching Strategy; Machine

Learning; Neural Networks.
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Abstract (Spanish)

El rápido crecimiento que ha experimentado la energı́a solar fotovoltaica está aumentando

la necesidad de implementar sistemas de almacenamiento de energı́a. Las baterı́as son la

tecnologı́a más prometedora a corto plazo, y aunque su coste se está reduciendo, todavı́a

no es lo suficientemente bajo. Por ello, los avances centrados en mejorar la viabilidad

de los sistemas hı́bridos con fotovoltaica pueden incentivar su desarrollo. Este estudio

contribuye a ello, analizando cómo optimizar la operación de las baterı́as puede hacer

que estos sistemas sean económicamente más rentables. Los métodos convencionales

de operación utilizan algoritmos de optimización, pero necesitan hacer predicciones de

generación, precio de la electricidad y demanda en tiempo real, con los problemas que

ello conlleva. En esta tesis se propone un nuevo método basado en machine learning

(ML). Este método se desarrolla y aplica para el caso de Cranfield University, donde se

ha propuesto instalar una nueva planta fotovoltaica con baterı́as. Para ello, se comparan

los métodos convencionales de operación y los de ML, analizando su rendimiento y cal-

culando los ahorros potenciales. Tras este análisis, el método de ML obtuvo los mejores

resultados, con un 13% más de precisión y un 5% más de ahorro. Además, se demostró

que el sistema hı́brido serı́a beneficioso para Cranfield, ahorrando más de 300 k£ al año.

Los beneficios que se obtienen al usar ML son altos, particularmente cuando se aumenta

la capacidad de la baterı́a o el tamaño de la planta. Por lo tanto, se concluye que este

método puede tener un gran impacto en aplicaciones de plantas hı́bridas a gran escala.

Palabras Clave

Energı́as Renovables; Planta Fotovoltaica; Sistemas Hı́bridos; Baterı́as; Almacenamiento

de Energı́a; Machine Learning; Redes Neuronales.
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Resumen Ejecutivo (Spanish)

El gran crecimiento de las energı́as renovables está transformando la industria energéti-

ca, que se enfrenta a un importante cambio de paradigma. Diferentes tecnologı́as están

compitiendo por sustituir a las fuentes de energı́a convencionales, siendo la energı́a solar

fotovoltaica (FV) una de las más rentables hasta el momento. Las plantas fotovoltaicas

a gran escala han demostrado su creciente importancia en el mix energético, debido a la

mejora de la tecnologı́a de los paneles y a su reducción de costes. Sin embargo, sigue

siendo difı́cil controlar o regular la generación de estas plantas, por lo que el desarrollo

de tecnologı́as de almacenamiento es de suma importancia.

Las baterı́as están empezando a mostrar una reducción de precios. IRENA declaró que

sus costes disminuyeron en un 80% de 2010 a 2017, y se espera una reducción adicional

de al menos un 40% hasta 2025 [4] [5]. Por ello, la idea de sistemas hı́bridos de baterı́as

y FV está convirtiéndose en una opción factible para producir energı́a despachable. De

hecho, la situación actual de las baterı́as es similar a lo que ocurrió con la FV a principios

de esta década. Aunque su coste sigue siendo alto, más desarrolladores están empezando a

incluirlas en sus plantas, anticipando la reducción de costes de los próximos años. Avances

centrados en mejorar la viabilidad de los sistemas hı́bridos podrı́an ayudar a fomentar su

desarrollo. Esta tesis contribuye a este proceso, estudiando cómo la optimización de su

operación podrı́a hacer que estos sistemas sean más rentables.

Con este fin, este trabajo analiza un caso de estudio real con datos de Cranfield Uni-

versity. La viabilidad de la instalación de un sistema hı́brido de baterı́as con FV es estu-

diada, analizando diferentes métodos de operación y calculando sus ahorros potenciales.

Además de la operación convencional, se propone una nuevo método basado en machine

learning (ML). Los resultados de la aplicación de ambos métodos son expuestos, compa-

rando su precisión y dimensionando el tamaño óptimo de la baterı́a y la planta FV.
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Por tanto, el objetivo principal de esta tesis es aplicar técnicas de machine learning a la

operación de las baterı́as en sistemas hı́bridos con FV, estudiando los posibles beneficios

en comparación con los métodos convencionales de operación. Para ello, se establecen

los siguientes objetivos:

• Investigar métodos de operación de baterı́as en sistemas hı́bridos con FV más rele-

vantes, discutiendo sus caracterı́sticas y analizando nuevas estrategias de operación.

• Presentar una metodologı́a general para implementar una operación con técnicas

convencionales y con ML. Explicar el método utilizado para obtener la estrategia

de operación óptima (EMPC), aplicándolo al caso de Cranfield University.

• Utilizando datos reales y los resultados óptimos del modelo EMPC, entrenar dife-

rentes modelos de ML para predecir los mejores modos de operación. Comparar su

precisión y seleccionar el mejor algoritmo para ser implementado en detalle.

• Comparar los resultados de la operación convencional y con ML en Cranfield Uni-

versity. Seleccionar la mejor estrategia de operación y llevar a cabo un análisis de

coste-beneficio para seleccionar el tamaño óptimo de la baterı́a y la planta FV.

Revisión bibliográfica

Se ha realizado un estudio detallado de la bibliografı́a existente relacionada con la opera-

ción de baterı́as en sistemas hı́bridos con FV. Entre los distintos métodos convencionales,

los algoritmos de optimización que utilizan control por modos son los que obtienen los

resultados más precisos [19] [22] [25], siempre que realicen a partir de datos del pasado.

Sin embargo, al implementar una operación en tiempo real, necesitan hacer una predic-

ción de la demanda eléctrica, generación de la planta y precios de la red, con el coste

computacional y errores de predicción que ello conlleva. Para solucionar este proble-

ma, H. Gonzague et al. [26] [29] propusieron un nuevo enfoque basado en técnicas de

ML, aplicado a instalaciones FV residenciales. A partir de los resultados de un algoritmo

EMPC (Economic Model-Predictive Control) utilizado para entrenar el modelo, se obtu-

vieron mejores resultados que con el método convencional con predicción en tiempo real.
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En esta tesis se aplica esta metodologı́a a plantas FV con baterı́as a gran escala, tratando

de cubrir las necesidades de investigación actuales relacionadas la gestión de la energı́a

en grandes aplicaciones de autoconsumo. Además, a diferencia del trabajo inicial realiza-

do por H. Gonzague, el enfoque convencional se implementará con mejores técnicas de

predicción, comparando luego los resultados del modelo de ML y sacando conclusiones

más objetivas sobre su rendimiento.

El caso de estudio que se realiza se basa en Cranfield University, donde se ha pro-

puesto construir una nueva planta FV con la posibilidad de incluir almacenamiento con

baterı́as. Diferentes autores han investigado recientemente temas similares (véase el re-

sumen en la tabla 2.3). Los resultados de estos proyectos serán el punto de partida de

esta tesis. En particular, se ampliará el estudio realizado por F. Ahishakiye [38], en el que

se evaluó la viabilidad de una planta FV con baterı́as en términos económicos. Por ello,

esta tesis continuará este estudio considerando las estrategias reales de operación de las

baterı́as, analizando el rendimiento de técnicas convencionales y de ML; dimensionando

en base a ello el sistema hı́brido más rentable.

Metodologı́a

La metodologı́a ha sido planteada de la forma más general posible, con el objetivo de

poder ser aplicada a otros casos de estudio diferentes del aquı́ tratado. Para ello se exponen

el método convencional y el de ML en detalle, definiendo sus datos de entrada, estructura

de funcionamiento y datos de salida.

En concreto, la operación de la baterı́a se realiza mediante un control por modos. 5

modos distintos son definidos, 2 de carga, 2 de descarga y 1 inactivo. El método conven-

cional utiliza un control predictivo (EMPC) que realiza una optimización no lineal para

obtener el modo de carga óptimo en cada hora, minimizando el coste de la energı́a. Por

otra parte, en la operación con ML se entrena un modelo para predecir los modos óptimos

de operación de la baterı́a en tiempo real. El problema tratado forma parte de la categorı́a

Supervised Multi-Class Classification. Distintos modelos de este tipo han sido implemen-

tados en python: redes neuronales (utilizando keras y tensorflow) y otros modelos de ML

con la librerı́a pycaret.
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El diagrama de la metodologı́a seguida se presenta en la Figura 1. Como puede obser-

varse, tres actividades son realizadas en paralelo, cada una con objetivos distintos:

• Cálculo de la operación óptima: Los modos óptimos se calculan usando el algo-

ritmo EMPC en base a datos del pasado. Esto define la estrategia de carga óptima,

siendo la referencia para la operación convencional y de ML.

• Operación convencional: El método convencional utiliza el mismo algoritmo EMPC,

pero necesita hacer una predicción de los datos de entrada: demanda y generación

de la planta FV.

• Operación con machine learning: El método de ML utiliza caracterı́sticas simples

del sistema para entrenar los algoritmos, sin necesidad de realizar predicciones, para

luego escoger los modos de carga en tiempo real.

Los modos óptimos se utilizan como referencia para validar la operación convencio-

nal y con ML. Para ello se utilizan datos horarios de 24 meses en Cranfield University.

Tras entrenar los modelos, los resultados de la operación en tiempo real durante 2 meses

se comparan con la operación óptima. Utilizando el modelo que obtenga los mejores re-

sultados, se realiza un análisis de coste-beneficio para seleccionar el tamaño óptimo en

términos económicos del sistema hı́brido de baterı́as y FV.

Figura 1: Procedimiento general de la metodologı́a.
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Figura 2: Cranfield University: Situación actual y estrategia de generación propuesta.

El caso de estudio desarrollado en este trabajo es resumido en la Figura 2. Como pue-

de observarse, actualmente la energı́a consumida en Cranfield proviene de un mix de la

red, una planta de CHP y una FV de 1 MW. La propuesta por parte de la universidad

es ampliar la planta FV, de forma que se reduzca el consumo de la red. Al aumentar la

producción de la planta, se produce un exceso de energı́a que no es consumida, sobre todo

durante los fines de semana y en los meses de verano. Por ello, el sistema de baterı́as pro-

puesto almacenarı́a esta energı́a, realizando un time-shift de la producción y un arbitraje

de energı́a para reducir el coste de la electricidad importada de la red.

Resultados

En primer lugar se realizaron simulaciones de la operación de la baterı́a con datos reales de

la universidad en el periodo Agosto 2017 - Julio 2019. A partir de la demanda horaria, el

precio de la electricidad importada y la generación de la planta fotovoltaica, se obtuvieron

los modos óptimos de operación con el algoritmo EMPC. De esta forma, la baterı́a se

carga y descarga cada hora, minimizando el coste final de la energı́a, teniendo en cuenta

los datos del pasado y haciendo una predicción de los del futuro de forma “perfecta”.

Los distintos modos de carga obtenidos para la operación óptima son recogidos en la

Figura 3. Para cada hora de un dı́a representativo, se presenta la distribución de modos

óptimos seleccionados durante la simulación. El modo inactivo es siempre mayoritario,

siendo más importante identificar cuándo debe cargarse y descargarse.
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Frequency of mode selected per hour

Charge

Idle

Discharge

(%) 1 3 20 50 90

Mondays 0 1 2 3 4 5 6 7 8 9 10 11 12 13 14 15 16 17 18 19 20 21 22 23 Hours

Charge
m=1 1 5 1 11 0 66 4 9 10 9 10 8 10 7 63 1 0 0 0 0 0 0 0 0

m=2 0 0 0 0 0 0 93 4 4 6 8 6 2 3 19 89 0 0 0 0 0 0 0 0

Idle m=0 99 95 99 89 100 34 3 88 87 86 83 0 1 64 17 10 0 1 91 100 100 100 100 100

Discharge
m=3 0 0 0 0 0 0 0 0 0 0 0 72 21 14 0 0 100 6 1 0 0 0 0 0

m=4 0 0 0 0 0 0 0 0 0 0 0 14 66 12 0 0 0 93 8 0 0 0 0 0

Sundays 0 1 2 3 4 5 6 7 8 9 10 11 12 13 14 15 16 17 18 19 20 21 22 23 Hours

Charge
m=1 0 0 0 0 0 7 9 14 16 18 28 27 31 26 19 8 3 0 0 0 0 0 0 0

m=2 0 0 0 0 0 0 1 3 9 12 12 13 9 9 5 1 0 0 0 0 0 0 0 0

Idle m=0 100 100 100 100 100 93 88 82 75 68 61 53 54 55 61 63 68 74 84 90 94 97 99 100

Discharge
m=3 0 0 0 0 0 0 0 0 0 0 0 1 0 2 2 4 5 3 0 0 0 0 0 0

m=4 0 0 0 0 0 0 3 1 0 2 0 6 7 9 13 24 24 23 16 10 6 3 1 0

Winter 0 1 2 3 4 5 6 7 8 9 10 11 12 13 14 15 16 17 18 19 20 21 22 23 Hours

Charge
m=1 1 1 0 1 1 68 0 0 1 4 9 7 8 7 61 2 0 0 0 0 0 0 0 0

m=2 0 0 0 0 0 0 71 0 0 0 1 4 1 0 7 71 0 0 0 0 0 0 0 0

Idle m=0 99 99 100 99 99 32 29 100 99 96 91 17 18 79 28 21 23 25 93 99 99 100 100 100

Discharge
m=3 0 0 0 0 0 0 0 0 0 0 0 65 7 6 0 0 71 4 1 0 0 0 0 0

m=4 0 0 0 0 0 0 0 0 0 0 0 7 66 8 4 7 6 71 6 1 1 0 0 0

Summer 0 1 2 3 4 5 6 7 8 9 10 11 12 13 14 15 16 17 18 19 20 21 22 23 Hours

Charge
m=1 1 4 2 16 1 38 9 16 17 18 16 10 14 10 53 4 1 0 0 0 0 0 0 0

m=2 0 0 0 0 0 0 64 6 8 7 9 10 5 5 12 63 0 0 0 0 0 0 0 0

Idle m=0 99 96 98 83 99 62 26 78 74 74 74 16 17 60 32 26 20 22 82 95 97 99 100 100

Discharge
m=3 0 1 1 1 1 0 0 0 0 0 0 59 16 10 1 2 73 4 0 0 0 0 0 0

m=4 0 0 0 0 0 0 1 0 0 1 1 5 48 15 3 5 7 74 18 5 3 1 0 0

Figura 3: Distribución óptima de modos de carga seleccionados para cada hora del dı́a.
Resultados agrupados por lunes, domingos, dı́as de invierno y de verano. Los colores más
oscuros representan mayores frecuencias, siendo azul los modos de carga, verde descarga
y gris estado inactivo.

Del análisis de estos resultados puede observarse que existe un patrón especı́fico de

carga óptima de la baterı́a, dependiendo de la hora, dı́a de la semana y estación del año. Por

ejemplo, los lunes la baterı́a se carga y descarga dos veces. Primero se realiza una carga de

la red antes del amanecer, cuando los precios son mı́nimos, para descargar luego entre las

11-12 de la mañana. A medio dı́a se realiza otra carga, esta vez con energı́a de la planta FV,

para descargar en el tramo de la tarde de precios pico. Sin embargo, el comportamiento

de carga es muy distinto durante los fines de semana, con menos actividad y sin haber

unas horas tan marcadas de carga y descarga. Esto se debe a la menor demanda en la

universidad y a precios de la red más bajos.

Este mismo análisis puede realizarse en base a múltiples variables que afectan de

distinta forma a la estrategia de carga. Es por ello que, al ser un problema en el que existe
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un patrón óptimo subyacente de operación de la baterı́a, y en el que intervienen muchas

variables, un control mediante machine learning tiene gran potencial. Además, el hecho

de contar con datos suficientes para entrenar los modelos facilita este proceso.

Para comparar el comportamiento del método convencional y de ML, se realizó una

simulación de la operación en tiempo real con duración de 2 meses. Para cada hora, el

método convencional utiliza datos de las 48 horas previas para predecir la demanda y ge-

neración durante los siguientes periodos. Luego, el algoritmo EMPC escoge el modo de

carga más apropiado en base a las predicciones. Por otra parte, el método de ML utiliza

un enfoque distinto. Utilizando datos del pasado, en este caso 22 meses, los modelos son

entrenados para predecir los modos de carga óptimos obtenidos previamente con el algo-

ritmo EMPC. Es decir, en base a variables conocidas del sistema, el modelo aprende a

identificar el patrón de carga y escoger el modo óptimo para cada hora. Tras entrenar dis-

tintos modelos de ML, las redes neuronales profundas obtuvieron los mejores resultados,

superando a los algoritmos de pycaret.

Para comparar la precisión del método convencional y de ML durante los meses es-

tudiados, sus resultados fueron comparados con los que hubieran sido los óptimos con el

algoritmo EMPC y una predicción perfecta. Distintos parámetros son usados para ello,

como se recoge en la Figura 4. Como puede observarse, tanto los valores de accuracy,

precision, recall y PMSA (Porcentaje Máximo de Ahorro Alcanzado) son superiores para

el modelo de ML. Estos parámetros miden cómo de bien se ajustó la operación de los

modelos con respecto a la operación óptima.
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Figura 4: Comparación de las distintas métricas para los resultados de la operación con-
vencional y con ML, medidas para todo el set de datos.
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Figura 5: Matrices de confusión para la operación convencional y con ML.

Para analizar la razón por la que el modelo de ML obtiene mejores resultados se utili-

zan las Matrices de Confusión, diagramas ampliamente utilizados en ML. Estas matrices

reflejan cómo es la distribución de errores de cada modelo, comparando el modo de car-

ga escogido y el que hubiese sido el óptimo (ver Figura 5). Como puede observarse, la

distribución de errores es mucho más simétrica para el modelo de ML, confundiendo más

entre modos de carga 1-2 o descarga 3-4. En cambio, el modelo convencional presenta

una distribución no uniforme y con mayor número de modos mal escogidos. Además, los

errores entre inactivo (0) y modos de carga o descarga son mayoritarios, teniendo un gran

impacto en la operación.

Finalmente, se realiza un análisis de coste-beneficio para calcular el tamaño óptimo

de planta FV y baterı́as para Cranfield University. Para ello se utilizó tanto el método

convencional como el de ML, comparando los resultados de la operación y el ahorro

potencial de cada uno. En la Figura 6 se presentan los resultados de PMSA y coste anual

de la electricidad obtenido para cada caso, variando el tamaño de la baterı́a y de la planta.

Como se observa, los ahorros obtenidos con ML son siempre mayores que con el método
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convencional. La diferencia entre ambos modelos es mayor al aumentar el tamaño de la

planta FV. Por ello puede concluirse que el método de ML obtiene mejores resultados que

la operación convencional para distintos tamaños del sistema de FV con baterı́as.

Por otra parte, de cara a seleccionar el tamaño óptimo del sistema, se analizan distintos

parámetros financieros de la inversión necesaria para el proyecto. En cuanto al coste de

la electricidad, puede observarse cómo este se reduce con tamaños mayores de la planta

FV, hasta llegar a un lı́mite de 2.5 MW, por encima del cual el coste aumenta (ver Figura

6-abajo). El resto de parámetros resultantes del análisis de la inversión para los distintos

sistemas son recogidos en la Tabla 1. El ahorro anual en comparación con el coste sin FV

ni baterı́as, VAN, TIR y payback son calculados para todos los sistemas analizados, tanto

con operación convencional como con ML. De nuevo, ML obtiene mejores resultados

económicos para todos los casos considerados.
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Tabla 1: Ahorro anual, VAN, TIR y payback para la operación convencional y con ML
para distintas combinaciones de sistemas de FV y baterı́as.

CONVENTIONAL MACHINE LEARNING

Annual Savings (k£) Annual Savings (k£)

PV (MW) 0.5 1 1.5 2 2.5 3 0.5 1 1.5 2 2.5 3

B
at

te
ry

(M
W

h)

0.25 170 327 471 577 626 613 171 330 480 601 656 638
0.5 203 358 497 595 638 618 204 365 513 627 663 635

0.75 200 355 493 590 631 622 202 363 510 628 669 640
1 202 358 495 592 630 614 202 360 511 626 676 643

1.5 198 355 491 589 629 614 198 358 506 625 666 664
2 193 349 486 582 629 611 193 353 501 620 675 663

2.5 204 358 491 582 616 599 206 367 513 624 676 658
3 198 352 484 574 608 589 200 360 506 612 654 643

NPV (M£) NPV (M£)

PV (MW) 0.5 1 1.5 2 2.5 3 0.5 1 1.5 2 2.5 3

B
at

te
ry

(M
W

h)

0.25 0.132 1.136 1.996 2.479 2.366 0.965 0.149 1.163 2.088 2.721 2.577 1.215
0.5 0.404 1.382 2.194 2.597 2.423 0.286 0.416 1.456 2.364 2.921 2.715 0.459

0.75 0.312 1.291 2.086 2.479 2.287 -0.415 0.327 1.366 2.262 2.839 2.676 -0.231
1 0.257 1.252 2.040 2.386 2.174 -1.227 0.267 1.273 2.208 2.761 2.644 -0.925

1.5 0.083 1.024 1.811 2.203 1.956 -2.696 0.087 1.118 1.968 2.471 2.383 -2.177
2 -0.210 0.789 1.573 1.952 1.752 -4.187 -0.215 0.830 1.722 2.322 2.284 -3.653

2.5 -0.307 0.677 1.431 1.756 1.490 -5.782 -0.282 0.738 1.631 2.097 2.097 -5.174
3 -0.540 0.429 1.191 1.507 1.241 -7.344 -0.536 0.429 1.379 1.860 1.791 -6.799

IRR (%) IRR (%)

PV (MW) 0.5 1 1.5 2 2.5 3 0.5 1 1.5 2 2.5 3

B
at

te
ry

(M
W

h)

0.25 15.59 22.77 23.53 22.05 18.81 11.95 16.18 23.05 24.14 23.24 20.06 12.90
0.5 21.08 24.25 24.17 22.20 18.77 9.21 21.35 24.94 25.23 23.73 19.80 9.91

0.75 17.62 22.49 22.89 21.24 17.99 6.17 17.93 23.17 23.96 23.02 19.49 7.00
1 15.36 21.36 22.07 20.58 17.44 2.00 15.55 21.55 23.06 22.16 19.22 3.73

1.5 10.25 18.56 20.08 19.18 16.25 0.00 10.34 18.96 20.96 20.80 17.84 0.00
2 0.00 15.86 18.16 17.65 15.23 0.00 0.00 16.20 18.99 19.24 17.16 0.00

2.5 0.00 14.39 16.88 16.43 14.03 0.00 0.00 14.85 17.93 16.20 16.20 0.00
3 0.00 11.96 15.18 15.06 12.93 0.00 0.00 11.96 16.14 16.50 14.56 0.00

Payback (years) Payback (years)

PV (MW) 0.5 1 1.5 2 2.5 3 0.5 1 1.5 2 2.5 3

B
at

te
ry

(M
W

h)

0.25 4.3 3.9 4.0 4.3 5.0 7.3 4.2 3.9 3.9 4.1 4.7 6.9
0.5 3.8 3.8 3.9 4.3 5.0 8.8 3.8 3.7 3.7 4.0 4.8 8.4

0.75 4.3 4.0 4.1 4.4 5.2 11.1 4.3 3.9 3.9 4.1 4.8 10.4
1 4.7 4.2 4.2 4.6 5.3 16.9 4.7 4.2 4.1 4.3 4.9 13.9

1.5 5.9 4.7 4.6 4.9 5.7 >25 5.9 4.7 4.4 4.5 5.3 >25
2 7.5 5.3 5.0 5.2 6.0 >25 7.4 5.3 4.8 4.8 5.4 >25

2.5 8.0 5.7 5.3 5.5 6.3 >25 7.8 5.5 5.0 5.6 5.6 >25
3 10.1 6.3 5.7 5.9 6.7 >25 9.8 6.3 5.4 5.5 6.1 >25

Analizando los resultados obtenidos para cada sistema, puede concluirse que las com-

binaciones de 1.5-2 MW de FV y 500 MWh de baterı́as son las más rentables, obteniendo

los mayores valores de VAN con un mayor retorno de la inversión y menor periodo de

payback. En concreto, se identifican dos sistemas como aquellos con mejores resultados

(ver Tabla 2), siendo ambos las opciones más recomendadas.
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Ambos sistemas tienen el mismo tamaño de baterı́a, pero uno tiene más potencia ins-

talada de FV. Por ello, el sistema de 2 MW de FV necesita de mayor inversión, teniendo

menor TIR pero obteniendo mayores ahorros anuales y generando un mayor VAN. Por el

contrario, la opción de 1.5 MW necesita menos inversión, recuperándola antes con una

mejor TIR; pero con menos ahorros anuales y menor VAN. Por tanto, aunque ambos pro-

yectos sean rentables para Cranfield, la decisión entre uno de ellos debe basarse en los

lı́mites de presupuesto y objetivos económicos que plantee la universidad

Tabla 2: Resultados de los dos sistemas hı́bridos de FV con baterı́as más rentables para
Cranfield University. Parámetros financieros calculados para 25 años de proyecto y tasa
de descuento del 8%.

PV
(MW)

Battery
(MWh)

NPV
(M£)

IRR
(%)

Payback
(Years)

Annual Savings
(k£)

Initial Investment
(M£)

2 0.5 2.921 23.73 4.0 513 1.755

1.5 0.5 2.364 25.23 3.7 365 1.215

Conclusiones

Esta tesis ha tenido por objeto evaluar la aplicación de técnicas de machine learning a

la operación de baterı́as en sistemas hı́bridos con plantas fotovoltaicas. En torno a esta

lı́nea de investigación, se ha confirmado que los programas de software comerciales no

ofrecen aún soluciones suficientemente precisas, siendo necesario el desarrollo de nuevos

modelos de que mejoren la operación de estos sistemas. En concreto, la aplicación a

plantas FV de gran escala es de suma importancia, ya que son una tecnologı́a de rápido

crecimiento en la que ML puede tener un gran impacto. Con este fin, se han implementado

tanto modelos convencionales como de machine learning aplicados a sistemas hı́bridos

a gran escala. Se propusieron distintos algoritmos, seleccionando aquellos que tuvieran

el mejor rendimiento en comparación con el funcionamiento óptimo. Los modelos se

probaron y compararon para el caso de estudio de Cranfield University. Se consideraron

distintos sistemas, evaluando sus resultados en términos económicos y dimensionando

el tamaño óptimo de la baterı́a y de la planta fotovoltaica. A partir del estudio realizado,

puede concluirse que los objetivos iniciales han sido cumplidos satisfactoriamente. De los
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distintos resultados obtenidos y el análisis llevado a cabo pueden extraerse las siguientes

conclusiones:

• El método de ML logró mejores resultados que las técnicas convencionales de ope-

ración, siendo más próximo al funcionamiento óptimo del modelo EMPC. En par-

ticular, las redes neuronales profundas fueron el algoritmo que obtuvo los mejores

resultados. Para el escenario base de sistema hı́brido, ML obtuvo un 13% más de

precisión, un 27% más de exactitud y un 10% más de ahorros potenciales en com-

paración con la operación convencional.

• En el análisis de coste-beneficio, ML superó a los métodos convencionales para to-

dos los casos considerados. En promedio, ML obtuvo 30 k£ más de ahorro anual, un

5% más. Esta diferencia fue mayor con los sistemas más grandes, tanto al aumentar

la capacidad de las baterı́as o la potencia de la planta FV. Por ello, se ha demostrado

que el potencial beneficio de aplicar ML es mayor con sistemas más complejos.

• Los sistemas hı́bridos de más de 2,5 MW de potencia instalada FV no son rentables

para la Universidad de Cranfield. Esto se debe al exceso de producción en compara-

ción con la demanda, que es mayor sobre todo durante los dı́as de verano. La baterı́a

necesaria para almacenar este exceso de energı́a no serı́a rentable para Cranfield.

• Se recomiendan dos opciones diferentes de sistemas hı́bridos para Cranfield, obte-

niendo ambas los mejores resultados de ahorro e inversión. Ambas opciones inclu-

yen 500 kWh de baterı́as, una con 1 MW de FV y la otra con 1,5 MW. El primer

sistema obtuvo el mayor VAN y más ahorro anual, mientras que el segundo obtuvo

mejor TIR y un mayor retorno de la inversión. Aunque ambos sistemas son facti-

bles, la decisión entre ellos debe basarse en los objetivos especı́ficos y limitaciones

de presupuesto de la Universidad.

En resumen, se ha evaluado la instalación de un sistema hı́brido de planta FV con

baterı́as, concluyendo que serı́an rentable y beneficioso para Cranfield, ahorrando más de

300 k£ al año. No obstante, dependiendo del método que se aplique para llevar a cabo

la operación, el coste final de la electricidad puede ser optimizado. Se demostró que la
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operación con ML tiene como resultado un mayor ahorro anual (5% más) y un mejor

LCOE que el método convencional.

Los beneficios que se pueden obtener al utilizar ML son elevados, en particular cuando

se aumenta el tamaño planta FV o la capacidad de la baterı́a. Por lo tanto, esta metodologı́a

tiene un mayor impacto en aplicaciones de sistemas hı́bridos a gran escala. Al ser estos

sistemas una fuente de energı́a renovable de rápido crecimiento y sostenible, la mejora de

su operación con ML podrı́a incentivar su desarrollo, haciéndola más rentable.
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Chapter 1

Introduction

The energy industry is facing an important paradigm shift, moving from fossil fuels to

an economy based on renewable energy. Different technologies are competing to replace

conventional energy sources, being solar PV, biomass, onshore and offshore wind the

most cost-effective thus far.

In particular, large-scale PV plants have shown their increasing importance in the

energy mix, due to the improvement of PV panels technology and their costs reduction.

In Europe, the total PV capacity has grown from 15 GWh in 2010 to 130 GWh in 2020 [1].

However, it is still difficult to control and dispatch PV generation, and so the development

of storage is of utmost importance.

Batteries are also beginning to show a reduction in price. In large-scale applications,

IRENA stated that costs decreased by 80% from 2010 to 2017 [2], and at least an addi-

tional 40% reduction is expected until 2025 [3] (see projections in Figure 1.1). Therefore,

the idea of PV-battery systems is becoming a feasible option to produce clean and dis-

patchable energy. Across Europe, incentives are given to promote their development [6],

but more experience in utility projects is still necessary.

In fact, the current situation of batteries is similar to what happened with PV techno-

logy at the beginning of this decade [7]. Although the price is still high, more developers

are including batteries in their plants, anticipating the cost reduction in the following

years. Therefore, research focused on improving the feasibility of PV-battery systems

could help to encourage their development. This thesis contributes to this process, study-

ing how optimising the operation could make these systems more cost-effective.
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Figure 1.1: Projected price for utility-scale Battery Systems and EV Batteries (2020-
2050). Price compared to 2018 US$. Data obtained from NREL [4] for utility batteries
and Bloomberg [5] for EV batteries.

As a result of the Climate Change Act 2008 [8], universities and colleges in the UK

were required to develop plans to reduce, measure and report their carbon emissions,

contributing to achieve the national targets. Different strategies have been taken among

these institutions, following the government’s guidance.

In the case of Cranfield University, they have been directly committed to reduce car-

bon emissions on campus since 2009, when their “Carbon Management Plan” [9] was

approved. Since then, the Board for Energy and Environment has coordinated different

actions to achieve the 50% target emissions reduction by 2020, compared to the 2005

baseline [10]. The situation improved with the installation of a 1 MW PV plant in 2018,

achieving a 32% reduction [11]. Now, the facilities team is studying to extend the PV ca-

pacity with 1-2 MW more, what could exceed the total demand at certain periods. There-

fore, including storage to control and optimise the production has been proposed.

This thesis will address this challenge, using real data from Cranfield to carry out a

case study. The economic feasibility of installing a PV-battery system is assessed, calcu-

lating the potential savings. To this aim, different operation methods are analysed, stating

their advantages and disadvantages. Apart from conventional operation, a novel methodo-

logy based on machine learning is studied. Then, the results from applying both methods

are analysed, comparing their performance and calculating the optimal PV-battery size.
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Machine Learning Approach for Smart Operation of PV-Battery Systems

1.1 Aims and objectives

The main aim of this thesis is to apply Machine Learning techniques to utility-scale PV-

battery operation in Cranfield University, studying the potential benefits compared to con-

ventional operation methods. To this end, the following objectives are established:

• Research the most relevant PV-battery operation methods, discussing their charac-

teristics and analysing novel strategies.

• Present a general methodology to implement the conventional and ML operation.

Explain the method to calculate the optimal operation of PV-battery systems.

• Establish the optimal operation in Cranfield based on past data with the EMPC

algorithm. Then, implement the conventional operation using load and PV forecast.

• Using past data and the optimal EMPC results, train different machine learning

models to predict the best operation modes. Compare their performance and select

the best algorithm.

• Compare the results of applying conventional and machine learning operation in

Cranfield University. Select the best operation strategy and carry out a cost-benefit

analysis to select the optimal PV-battery size.

1.2 Thesis structure

The structure of this report is established as follows. In Chapter 2, a detailed literature

review is carried out, analysing the different topics covered and stating the research gaps

related to them. The Chapter 3 presents the general methodology proposed in the thesis,

both for conventional and machine learning operation. Also, the Cranfield case study

data is presented. Then, the most relevant results from applying the different methods are

exposed in Chapter 4. Here, the best models are implemented for Cranfield, carrying out

a cost benefit analysis to select the optimal PV-battery system. In Chapter 5 the results are

analysed, discussing the most relevant aspects. Finally, the main findings from this thesis

are summarised in the conclusion, stating the most relevant issues and benefits of the ML

operation.
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Chapter 2

Literature Review

This section presents a concise review of the most relevant literature related to the research

topics covered in this thesis. A comprehensive analysis of the current PV-Battery system

operation methods is carried out. Also, previous work about PV projects in Cranfield

University is reviewed, discussing the most relevant findings and establishing the starting

point for this thesis.

2.1 Operation of PV-Battery systems

In order to promote the development of batteries whilst the costs are reduced, research

focused on the improvement of PV-battery technologies is necessary. A fundamental

part of this improvement is related to the energy management and optimisation of the

operation, what directly affects the initial sizing. In particular, the operation has a greater

impact on large-scale applications, that could potentially make them more cost-effective.

Hereafter, a review of conventional techniques for PV-battery operation is carried out.

Later, a novel approach based on machine learning is presented.

2.1.1 Conventional approach

To set the operation strategy of PV-battery systems, the first stage is to determine the real

objective of the application. Grid connected PV plants integrated with storage may have

different aims, depending on the type of system [12]:
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• Minimise the consumption from the grid, without considering its price.

• Optimise the cost of electricity, considering generation and changes in price.

• Grid management: peak shaving, grid stabilisation and ancillary services

• Ensure the availability of electricity, as a back-up for facing intermittency and

power failures. Main source for off-grid systems.

Given these objectives, different energy management strategies are defined. Mainly,

the options for commercial and large-scale applications (similar to the discussed in this

thesis), are divided in 3 categories: self-consumption, peak-shaving and grid recovery or

backup [12]. For this project, as the energy produced will not be sold or injected into the

grid, only the self-consumption approach is analysed.

The most relevant strategies used for PV with storage come from commercial software

and specific algorithms. PVsyst [13] and SAM (System Advisor Model) [14] are the most

used software for PV design, including modules to size and study the energy manage-

ment with batteries. On the other hand, Mixed Integer Programming (MIP), mode-based

algorithms and Model-Predictive Control (MPC) are the most common algorithms to op-

timise scheduling and dispatching strategies.

a) PV-Battery operation with PVsyst

PVsyst is the most popular commercial software among PV developers [15], including a

specific module for sizing PV-battery systems. However, as stated in its user’s handbook,

it only provides “rough sizing rules until some experience has been accumulated” [12].

This is caused by the fact that utility scale PV-battery systems are still in a development

stage, and commercial solutions will be implemented after gaining more experience.

The method that PVsyst follows is minimising the energy consumed from the grid,

not considering the price [12]. It evaluates the daily load profile, calculating the amount

of energy produced and proposing then a battery size depending on the amount of hours

the user wants to store energy. Then, when the load exceeds the generation, the battery is

charged. This would size the battery, but to study the real operation a further study should

include a demand forecaster with control algorithms.

6
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b) PV-Battery operation with SAM

In the case of SAM, the battery storage module includes more detailed than PVsyst. The

reason is that SAM has also a specific design module for CSP technology, where storage

is an essential element and they have extended it to PV-battery systems. This software is

used both for industry and research purposes.

For battery storage, techno-economic models are used, considering power perform-

ance and replacement periods for sizing the battery [16]. Then, different dispatching

strategies are available, 3 automatic and 1 manual. The manual dispatch allows the user

to pre-define modes of charging for then assign one specific mode for each hour through

the year [16]. However, it requires to define a fixed year schedule, forecasting the energy

demand and generation in a long-term basis. Therefore, the success of this model depends

on the manual assignment of the modes and the forecasting accuracy.

On the other hand, the automatic dispatch option in SAM calculates the optimal char-

ging modes in a 1-day ahead period, being more precise [17]. However, it is designed

only for peak shaving objectives. The energy stored when exceeding a target power is

calculated, selling then that energy according to the future demand [18]; not considering

self-consumption purposes or dynamic prices, as required for this project. Moreover, an

accurate load and PV forecast is needed, with the problems that it entails.

c) PV-Battery operation with optimisation and mode-based algorithms

Optimisation algorithms are a widely used method in energy management. For self-

consumption with PV-battery systems, minimising the electricity bill is one of the ob-

jectives of these algorithms, being more common for residential applications [19]. A

variety of approaches have been proposed, such as Dynamic Programming [20] and MIP

[21], calculating the optimal power output of the battery for each dispatch interval. How-

ever, their performance is very sensitive to demand, PV and price forecasting errors, so

accurate estimations are needed. For residential PV, the real day-ahead forecast error is

around 20% [22], exceeding a 50% on cloudy days [23].

A different approach based on multi-stage algorithms [24] evaluates the optimal sched-

ule, calculating a 24-hours forecast and then verifying each hour the selected charging

power, adjusting the following decision to the updated forecast values. In this way, the

7
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prediction errors are reduced, adapting each hour to the new conditions. This approach

could be developed using a two-stage economic model-predictive control (EMPC), that

initially sets a day-ahead schedule of the charging mode and then introduces an objective

function to optimise the selected mode in a real-time basis.

The EMPC objective function introduced by J. Rawlings et al. [25] optimised the

mode selection in economic terms, considering the electricity price and the savings from

charging and discharging the battery. This function was integrated into a multi-stage

algorithm to systematically select the optimal charging mode, what is called a mode-

based operation [26].

The mode-based approach runs first a 24-hours EMPC to determine the optimal bat-

tery output in a day-ahead basis. Then, for each interval the suitable charging modes are

defined. Based on these modes (see Table 2.1), the EMPC runs again calculating the total

day-ahead cost and selects the mode with the lowest cost [27]. Thus, each hour the al-

gorithm selects the best mode comparing the updated day-ahead cost, optimising hour by

hour but considering the new day-ahead conditions. The main advantage of this method

is that although it optimises globally the daily operation, the algorithm has to select only

between few modes, simplifying the procedure. H. Gonzague et al. [27] compared the

performance of this approach to MIP methods, stating that mode-based showed less sens-

itivity to forecasting errors and changes in load profiles. Nevertheless, this method still

needs to forecast and update each hour the estimations of PV output, demand profiles and

electricity prices, being this the main area for improvement.

Table 2.1: Possible operation modes for the battery system [26]

Idle 0 Idle

Charge

1 Charge following the PV generation
2 Charge following the PV generation with a charging limit
3 Charge at the rated power
4 Charge at the rated power with a charging limit

Discharge

5 Discharge following the net load profile
6 Discharge following the net load profile with a charging limit
7 Discharge at rated power
8 Discharge at rated power with a discharge limit

8
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2.1.2 Machine learning approach

As exposed, the performance of conventional operation methods are highly dependent on

forecasting errors, being necessary to predict PV output, demand and electricity prices.

Although the mode-based achieves better results, it remains having the same problem.

However, this approach is simpler than MIP, being possible to improve the algorithm.

As the final stage decides only between few charging modes, a better technique than

forecasting could make this decision.

In fact, if a perfect forecasting is obtained, the mode-based approach would achieve

the theoretical best performance [27]. Using data from the past, it is possible to determine

what would have been the best operation strategy of those periods. This idea was further

developed by H. Gonzague et al. [28], using past data to find the relation between oper-

ational conditions and the best modes. The way to find that relation was using Machine

Learning (ML). ML algorithms are a suitable technique, because they learn and adapt

from previous data, trying to predict the best operation modes for future conditions.

Therefore, the mode-based approach can be modified if the last decision is made us-

ing ML, training the model with previous real data. The accuracy of this new model is

measured comparing the ML decision with the optimal mode of each hour. Real residen-

tial PV-battery data has been used to test this method, using Neural Networks (NNs) and

comparing the results with MIP models and mode-based with a perfect forecast [28]. H.

Gonzague et al. stated that the ML method could increase the potential savings compared

to the conventional EMPC approach, avoiding the need of forecasting and reducing the

computational cost [28] [29]. Others authors have applied different types of optimisation

algorithms and ML to PV-battery systems, achieving also better results than conventional

methods [30] [31].

This ML mode-based approach was developed with more detail by H. Gonzague et al.

using different NN architectures and other ML techniques [29]. The results showed that

larger NNs with 1-2 layers and 10-20 neurons in their hidden layers outperformed the rest

of methods, achieving more than 0% accuracy levels.

Having exposed the different operation approaches and the advantages of the ML

method, this thesis will apply this idea to a real case study. The main difference with pre-

vious work is the aim of the model. All the mentioned authors applied it to residential PV
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panels, and here a large-scale commercial PV-battery plant will be studied. This involves

more complexity, considering self-consumption for utility-scale demand, generation and

changes in electricity price.

To this aim, conventional mode-based and ML approach will be implemented and

its results compared with the optimal operation strategy. To compare them objectively,

the mode-based must be developed with a good forecasting method. The annual average

demand was used as the forecast by H. Gonzague et al., and thus their results can be im-

proved. Also, not only NNs but other algorithms will be implemented for the ML method,

selecting the most suitable model and drawing conclusions about their performance.

2.2 Review of PV projects in Cranfield University

Since 2009, Cranfield University has proposed and developed different energy saving

initiatives, contributing to their carbon emissions reduction. However, more measures

on energy consumption and generation were needed to achieve the 50% CO2 reduction

by 2020, compared to the 2005 baseline (see Table 2.2). Therefore, different renewable

energy options have been studied in the last years. In 2018, Cranfield decided to install a

1 MW solar PV plant next to the airfield. The generation of this plant represented a 5%

of the annual demand on campus, saving 400 tonnes of CO2 per year [11] and reducing

the reliance on the power grid.

After the successful installation of this plant, a new PV plant has now been proposed

by the facilities team. The combined generation of both would support to achieve the

2020 target emissions. For this new project, energy storage with batteries is going to

be considered, and thus this thesis will study the feasibility and future operation of this

PV-battery system.

Table 2.2: Annual CO2 total emissions and reduction in Cranfield University Campus
(2011-2018) [10]

05/06 - 11/12 12/13 13/14 14/15 15/16 16/17 17/18

Carbon
[ t CO2e

year ] 18569 - 15254 16031 14421 14850 13273 12759 12544Emissions

Reduction
[%] 0% - -18% -14% -22% -20% -29% -31% -32%(2005 baseline)
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In the process of studying renewable alternatives and designing the current PV plant,

different agents have contributed researching in Cranfield University. Various students

and professors have participated with Master Theses. Hereafter, the main contribution

of these theses is summarised, highlighting the most relevant findings and drawing the

research gap concerning PV-battery operation. Also, in order to create continuity in this

research line, the relevant results and conclusions have been introduced in this thesis as a

starting point to develop the PV-battery proposal.

A technical and economic assessment of solar resources on campus was first carried

out by K. Sofikitis in 2010 [32], studying roofs and lands to install PV panels on campus.

Wider analysis of the Cranfield’s energy management strategy were carried out the years

before installing the final PV plant by different authors [33] [34] [35] [36]. Renewable

energy technologies were considered to replace the CHP plant and support the future

PV generation, trying to achieve the 2020 target emissions. All agreed that biomass or

wind energy were not as cost-effective as PV, because of the natural resources available in

Cranfield. However, the total replacement of the CHP with renewable generation would

involve a high level of energy storage [34], such as batteries. Also, precise technologies

for demand forecasting and optimise the operation of the whole energy generation systems

would be needed [36]

Apart from studying the general energy strategy in Cranfield, more specific work re-

lated to PV was first done by S. Dordal Vila [37] in 2017. He designed a 700 kWp PV

plant located next to the Martell House building, dimensioning the solar array and calcu-

lating the annual production, including a 1050 kWh storage with batteries. However, the

capacity and performance of the plant was analysed using the average consumption of a

middle size office, not for the whole campus. Thus, the battery was sized for producing

all the energy demand during summer, fixing a charging condition but without optimising

the operation. Although solar data and the performance of the plant can be compared to

the proposed in this thesis, the overall results of battery size and operation are not scal-

able. Here, the chosen methodology will try to optimise production and storage of the

whole system for the total consumption on campus, much higher than what S. Dordal

considered. Nevertheless, in terms of design and performance of the plant, the results

from this study will be considered
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The research carried out by F. Ahishakiye 2019 [38] was more related to the topic

discussed here. After the installation of the 1 MW PV plant, he studied the possibility

of including energy storage with batteries, selecting a suitable technology and sizing the

optimal capacity. It was concluded that a total 2 MW of PV installed on campus was the

minimum in order to obtain a profit from storing energy. Having the theoretical production

of 2 MW and studying the demand profile of the university, he compared two different

energy management strategies and then sized the optimal battery.

The methodology followed was to simulate one year with past data, calculating the

energy stored through both dispatching strategies and comparing then different battery

sizes in economic terms. The dispatching strategies were selected and simulated using

the SAM manual mode, previously exposed. The first strategy followed a conventional

approach, where there are fixed hours and conditions for each day and when the PV

output exceeds the demand, the energy is stored. The second strategy included the option

of charging from the grid when the electricity price is low. Comparing the performance

of both strategies with past data, although the second resulted in higher NPV, the first

showed a shorter payback period, less initial investment and lower LCOE. This thesis

will consider these conclusions as a starting point, establishing a minimum of 2 MW of

PV production and similar battery technologies. Also, the dispatching strategies results

will be compared with the “smart” machine learning approach.

However, the underlying aim, and thus the methodology of this thesis, differs from

the followed by F. Ahishakiye. For a real operation strategy, the decision of charging

and discharging must be done in a real-time basis, because the real demand of the system

is difficult to predict. In fact, the results from F. Ahishakiye could be considered as a

possible optimal operation, after knowing the real demand (or with a perfect prediction).

Moreover, as SAM requires pre-settled dispatch options per hours and day, an optimised

version could select the best strategy for each period.

Therefore, this thesis will first compare these results with an improved optimal al-

gorithm. Then, different ML techniques will be implemented and trained in order to

achieve a real operation, without knowing the future demand and trying to achieve the

optimal strategy.
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2.3 Summary

This chapter presented a detailed review of the literature related to the operation of PV-

battery systems. As exposed, optimisation algorithms obtained the most accurate results

from past data. However, when using them for real-time operation, they need to fore-

cast demand, generation and grid prices; with the computational costs and forecasting

errors that this entails. To solve this problem, H. Gonzague et al. [26] [29] proposed a

mode-based ML approach for residential PV applications. Using results from an EMPC

algorithm to train the model, better results are obtained than forecasting with the con-

ventional approach. This thesis will apply this methodology to utility-scale PV-battery

plants, covering the research gap found for energy management in large self-consumption

applications. Also, differently than in H. Gonzague work, the conventional approach will

be implemented with better forecasting parameters, comparing then the ML method and

drawing more objective conclusions about their performance.

The case study is based on Cranfield University Campus, where a new PV plant

including batteries has been proposed. As exposed, different authors have recently re-

searched similar topics (see summary in Table 2.3). The results of these projects will be

the starting point of this thesis. In particular, the study of F. Ahishakiye [38], where the

feasibility of a PV-battery plant was assessed in economic terms, will be further extended.

Here, real operation strategies are considered, analysing the performance of conventional

and ML approaches and proposing the most cost-effective PV-battery system.
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Chapter 3

Methodology

This chapter presents the general methods, the specific control algorithms and the case

study where the methodology is assessed. The mode-based control, EMPC optimisation

and real-time mode selection algorithms are explained in detail. Both conventional and

ML approaches are presented, defining the input data and their structure. Finally, the case

study data is presented, defining the base case PV-battery system parameters.

The general methodology diagram is presented in Figure 3.1. Three activities are

carried out in parallel, each one with different objectives:

• Optimal Modes: The optimal modes are calculated using the EMPC algorithm

from past data. This defines the optimal charging schedule, being the reference for

the conventional and ML operation.

• Conventional Operation: The conventional approach is based on the same EMPC

algorithm, but needs to forecast the input data: load and PV generation.

• Machine Learning Operation: The ML approach uses simple features from the

system to train the different algorithms, without any forecast, for then predict the

optimal modes in real-time.

The optimal modes are used to test the performance of conventional and ML opera-

tion. To this aim, hourly data from 24 months in Cranfield University is used. After train-

ing the models, the results from real-time operation in 2 months are compared with the

optimal operation. The best conventional and ML models are selected and a cost-benefit

analysis is carried out, selecting the optimal PV-battery system in economic terms.
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Figure 3.1: General methodology process.
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3.1 Mode-based control

The selected operation method for the batteries is a mode-based control, developing a

multi-stage algorithm. Different charging and discharging modes are established, select-

ing then the most suitable for each period. The final objective is to minimise the total cost

of operation with the EMPC algorithm, as proposed by H. Gonzague et al. [27]. This ap-

proach simplifies the optimisation of the operation strategy, either using the EMPC with

forecast or the ML approach.

3.1.1 Real-time operation modes

The mode-based approach divides the charging and discharging power into different modes.

Apart from simplifying the operation, this could also allow manufacturers to design spe-

cific batteries with pre-settle charging modes. 9 different modes were exposed in the

Chapter 2. However, as stated by H. Gonzague et al. [26] [27], some of them are rarely

used and can be excluded to simplify the operation. Thus, the reduced version of 5 modes

(1 idle, 2 charging and 2 discharging) will be used (see Table 3.1).

Table 3.1: Reduced operation modes for the battery system [27]

Idle 0 Idle

Charge
1 Charge following the net load (i.e. excess PV generation), |Pnet| if Pnet < 0
2 Charge at the rated power, Prated

Discharge
3 Discharge following the net load (i.e. fulfil the load demand), |Pnet| if Pnet > 0
4 Discharge at the rated power, Prated

For each time step, i = 1, ...,24, the battery power output of each mode, (PB) is ob-

tained. First, the net load Pnet is calculated:

Pnet(i) = Pload(i)−Psolar(i) (3.1)

where Pload is the total power to supply and Psolar the PV production at the time step i.

Then, the battery charging power capacity PCCap and the discharging capacity PCCap

are calculated. They represent the maximum charging and discharging capacity of the
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battery at the interval i, based on remaining energy capacity of the battery.

PCCap(i) = Emax−EB(i)
∆t (3.2)

PDCap(i) = EB(i)−Emin

∆t (3.3)

where Emax and Emin are the capacity limits, EB the current energy and ∆t the time step.

The mode-based strategy adapts the charging modes to different situations. When

charging, this could be by storing the excess PV production or charging at low grid tariff

periods. These situations are possible for modes 1 and 2. Then, at high grid tariff periods

or when the load is higher than the PV production, the battery is discharged in modes

3 and 4. Finally, if neither charging or discharging is necessary, the idling mode 0 is

activated. The battery power for each mode (m) is defined as follows [27]:

PB(i)|m=0 = 0 (3.4)

PB(i)|m=1 = max(0,min(−Pnet(i),PCCap(i),Prated)) (3.5)

PB(i)|m=2 = max(0,min(PCCap(i),Prated)) (3.6)

PB(i)|m=3 =−max(0,min(Pnet(i),PDCap(i),Prated)) (3.7)

PB(i)|m=4 =−max(0,min(PDCap(i),Prated)) (3.8)

3.1.2 EMPC algorithm for optimal modes

After defining the operation modes, the next step is to determine which is the most suitable

for each period. For this purpose, a multi-stage algorithm is used, calculating first the

optimal charging power (PB) to minimise the cost and selecting then the associated mode.

The algorithm used is the EMPC, adapted for energy management by H. Gonzague et al.

[27] from the generic version proposed by J. Rawlings et al. [25].

In a day-ahead basis, the objective function is the daily cost obtained from the PV-

battery operation. This function considers the cost associated to the battery degradation

and the energy imported and exported to the grid. Hereafter, the EMPC problem is presen-

ted, being i= 1, ...,24 each hour of the considered day-ahead schedule [29]:
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C∗
tot = min

24∑
i=1

(
Cimp(i)Pimp(i)∆t+Cexp(i)Pexp(i)∆t+Ncyc(i))Ccyc(i)

)
(3.9)

s.t.

Pimp(i) +Psolar(i) +Pdis(i) = Pexp(i) +Pload(i) +Pchar(i) (3.10)

EB(i) = EB(i−1) +Echar(i)−Edis(i) (3.11)

Ncyc(i) = |EB(i)−EB(i−1)|
2Erated

(3.12)

Echar(i) = ηPchar(i)∆t (3.13)

Edis(i) = Pdis(i)∆t/η (3.14)

Emin ≤ EB(i)≤ Emax (3.15)

0≤ Pchar(i)≤ Pmax
char (3.16)

0≤ Pdis(i)≤ Pmax
dis (3.17)

0≤ Pimp(i)≤ Pmax
imp (3.18)

0≤ Pexp(i)≤ Pmax
exp (3.19)

The objective function 3.9 subjected to the constraints 3.10 - 3.19 define the EMPC

optimisation problem. The equation 3.9 represents the total cost of operation and 3.10

the energy balance of the whole system, which combined with 3.11 - 3.14 are used to

calculate the rest of variables. The equations 3.15 - 3.19 define the specific constraints of

each variable. From solving these equations, the optimal battery power output for each

period of the day is finally calculated as:

P ∗
B(i) = Pchar(i)−Pdis(i) (3.20)

To simplify the optimisation problem, ∆t is established as 1 hour, having 24 time steps

throughout the day. Also, the number of cycles per step is calculated with the equation

3.12, although more complex forms including degradation could have been studied.

Considering these assumptions, the optimisation problem counts with one objective

function and 10 constraints for each of the 24 time steps. As it is optimised for the whole

day at once, there are 144 variables and 360 constraints per day. Moreover, the absolute

value in 3.12 makes it a non-linear optimisation. To solve this problem in a simple and
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efficient manner, the Mixed Integer Programming library “Python-mip” will be used [39].

From solving the EMPC algorithm for each day, the optimum charging power (P ∗
B),

the associated minimum cost and the rest of variables are obtained for all the dataset.

Finally, following the mode-based approach, the next stage of the algorithm calculates

the mode (m∗) with the lowest associated cost for the next 24 hours (C24(i)|m∗):

C(i) = Cimp(i)Pimp(i)∆t+Cexp(i)Pexp(i)∆t+Ncyc(i))Ccyc(i) (3.21)

C24(i) =
i+23∑

i

C(i) (3.22)

C24(i)|m∗ = min(C24(i)|m=0,C24(i)|m=1,C24(i)|m=2,C24(i)|m=3,C24(i)|m=4) (3.23)

The final output of the EMPC two-stages algorithm (see summary in Figure 3.2) are

the optimal charging modes m∗ of each period. These can be obtained from the “present”

and “future” optimised variables, using either past data or a perfect forecasting. However,

this is not possible in a real-time operation. Therefore, the optimal modes obtained from

the EMPC with past data will be used to train the ML model.

Figure 3.2: EMPC two-stages algorithm for optimal modes. 24-h ahead EMPC daily
optimisation (top) and hourly optimal modes selection (bottom).
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3.2 Real-time mode selection

The previous section explained the method for calculating the optimal charging modes.

However, as the EMPC algorithm optimises the cost considering a 24-h ahead period, to

use this for a real-time operation it is necessary to forecast some variables. From past

data, the algorithm obtains the optimal operation with a “perfect” forecasting. Therefore,

this section presents two different methods to carry out the real-time operation: the con-

ventional and the ML approach. These will be compared and validated with the optimal

results from the EMPC operation.

3.2.1 Conventional approach: forecasting

The mode-based control in the conventional approach follows the same methodology as

the exposed in the previous section: a two-stages EMPC algorithm (see Figure 3.2). How-

ever, in a real-time operation this method cannot obtain the optimal modes. This is caused

by the fact that the variables Pload(i) and Psolar(i) are not known for the 24-h ahead period

of the EMPC.

Therefore, the conventional approach will use the EMPC method but forecasting load

and PV generation. For the first stage of the EMPC algorithm, it is necessary to forecast at

the beginning of each day P̂load(i) and P̂solar(i) for 24 hours. The second stage uses data

from the following 23 hours to select the final mode of the hour i, so it is also necessary

to forecast the following 24 hours to select all the modes of 1 day.

The EMPC optimisation resulted in a problem with 144 variables and 360 constrains

in total per day. Thus, to simplify the real-time operation and reduce the computational

cost, the forecasting method cannot add complexity to the algorithm. The simplest and

most efficient method is using load and PV generation from previous days to predict the

future values. At the beginning of a day, the algorithm needs data for the following 48

hours. Therefore, using past load and generation, the best option is using data from the

last 2 days to predict the 2 following. Although it remains being a complex algorithm to

solve in real-time, this solution is more efficient than using other forecasting techniques.

Compared to the constant yearly-average forecaster used by H. Gonzague [26] [29], this

approach would obtain more accurate results.

21



Chapter 3. Methodology

3.2.2 Machine learning mode-based selection

The problem to solve consists in selecting each hour the battery mode to minimise the

global energy cost. Having a changing demand to supply with energy from the grid at

different tariffs through the day, PV generation and storage with batteries, there are many

possible strategies. However, the decision must be done in a reasoned manner. Therefore,

considering all the variables of the system, the optimal mode selection strategy should

follow a certain pattern.

From past data, it was possible to obtain the optimal modes of certain periods using

the EMPC algorithm. Hence, having a large dataset of past data with their optimal modes,

a ML algorithm could be used to find the underlying pattern. If the model is trained with

this data, it can be used in real-time to select the future operation modes without the

need to forecast. Hereafter, the ML process is detailed, presenting the data used and the

different ML techniques (see Figure 3.3).

The first step of the process is to collect and process all the data to prepare the inputs

of the ML model. For this purpose, the scikit-learn library [40] in python is used. An

exploratory data analysis is carried out, processing the raw data to improve the dataset

quality. 13 different features are used, being the 0 the target label (see Table 3.2). The

categorical features are encoded and the rest of the data is normalised. Then, the data is

splitted into the training, validation and test sets, with a 75%, 15% and 10% of the total

data, respectively (see process in Figure 3.3).

Table 3.2: Features of the ML model (Number 0 the target label and 1-13 the inputs)

Number Feature Unit Type

0 Optimal mode (m∗) [-] Categorical
1 Electricity price £/kWh Numeric
2 Previous PV kW Numeric
3 Previous load kW Numeric
4 Temperature ◦C Numeric
5 Charging capacity kWh Numeric
6 Discharging capacity kWh Numeric
7 State of charge [-] Numeric
8 Hour [-] Categorical
9 Day of the week [-] Categorical
10 Day of the month [-] Categorical
11 Weekday or weekend [-] Categorical
12 Month [-] Categorical
13 Year [-] Categorical
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Figure 3.3: Methodology of the machine learning process

The type of ML algorithm used to predict the modes is a Supervised Multi-Class

Classification. From the input variables of each period (Table 3.2), the model is trained

to predict the optimal modes (0-4), previously calculated using the EMPC with past data.

The model will be trained only for certain months of operation, for then predict in real-

time the unseen months and validate it.

Regarding the ML model, two different types are implemented. First, deep neural

networks are designed using Keras [41] and Tensorflow [42] in python. To train them,

the features are organised in a Xtrain vector per each hour. This vector is introduced into

the input layer, activating the NN and obtaining the optimal mode in the output layer,

using a softmax function. The predicted modes (ŷtrain = mpred) are compared with the

EMPC optimal modes (ytrain = m∗), computing the loss and updating the NN with the

backpropagation algorithm. Different NN layouts are evaluated, changing the number

of hidden layers, neurons per layer and other hyperparameters. The NN performance
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is validated using different metrics, optimising the training cost and analysing the most

relevant features.

Other ML techniques are also evaluated using the python library pycaret [43]. This

tool allows to create, compare, tune and deploy different ML models fast and easily.

The possibilities are Random Forests (RF), Decision Trees (DT), k-nearest neighbours

(KNN), support vector machines (SVM) and other gradient boosting algorithms. Because

it is difficult to know which algorithm is better for a certain problem, the advantage of

this library is that it evaluates a wide range of models, rather than only NN. Those models

achieving the best preliminary results will be further trained and tuned, following a similar

process as exposed for NNs (see training process in Figure 3.3).

After evaluating and validating both NNs and other ML algorithms with the training

datasets, the best models will be tested on the unseen data. This process will follow an

on-line testing, similar as the real operation. For each hour of 2 complete months, the

algorithms will predict in real-time the operation modes, using only past and present data

to take the decision. The predicted modes will be compared with the optimal decisions,

evaluating their performance and comparing the results with the conventional approach.

3.3 Case Study: Cranfield University Campus

The presented methodology will be applied to the real case study of Cranfield University

Campus. As exposed in the previous chapter, a new PV plant project has been proposed

and including storage is going to be analysed.

The facilities team has provided all the data used for this thesis, in particular the annual

energy demand, on-site generation data and electricity price. The total energy mix and

general data of the system is summarised in Figure 3.4. As shown, currently a 45% of the

energy comes from the 3MW CHP plant, 5% from the PV plant and the rest is imported

from the grid.

The situation to analyse is extending the current PV plant and including batteries to

store the surplus energy. To optimise the cost of electricity, the batteries will also charge

and discharge from the grid. Therefore, the final aim is to reduce the imported electricity

and minimise the annual cost of energy while consuming less CO2.
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Figure 3.4: Cranfield University: Current situation and proposed generation strategy

To simplify the analysis PV-battery system, the total energy to supply is the current

energy imported from the grid and generated from the PV plant, without considering the

CHP generation. A further analysis should consider the cost of decommissioning the CHP

plant, but currently this is not an option. Therefore, 10950 MWh per year will be supplied

with a mix of PV-battery and the grid, being considered hereafter as the total demand.

3.3.1 Demand, generation and electricity price

Real demand and generation data from August 2017 to July 2019 is provided by the

facilities team, and will be used to study the different operation strategies. To analyse the

demand profile, the total energy demand in 2018 (without CHP) is presented (see Figure

3.5). Also, the potential production of 2 MW PV is shown, based on the available data

from the current 1 MW plant.

Between seasons, the demand profile is smooth, being slightly higher in Autumn and

lower in Summer. The daily profile shows an important difference between weekdays

and weekends. For example, the demand is much higher during Mondays, with a peak

demand at the afternoon. On the other hand, on Sundays the demand is smoother and

lower all the day (Figure 3.5). This pattern is repeated for the rest of the days of the week

during the year.

Regarding the PV generation, the potential production of 2 MW PV plant is analysed

using the current 1 MW data. Between seasons there is a remarkable difference, being
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much higher in Summer and Spring; and lower in Autumn and Winter. The detailed PV

generation distribution for 2018 is presented in Figure 3.6, showing that the 50% of the

energy is produced between May and August.
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Figure 3.5: Summary of demand and generation data, for 2018 and 2 MW PV plant. Top:
Annual demand and generation. Middle: Daily average between seasons. Bottom: Daily
average for Mondays and Sundays in Summer.

26



Machine Learning Approach for Smart Operation of PV-Battery Systems

Months

Daily
Hours0 1 2 3 4 5 6 7 8 9 10 11 12 13 14 15 16 17 18 19 20 21 22 23

January 0 0 0 0 0 0 0 0.01 1.04 5.66 11.04 13.77 12.90 9.47 6.17 2.31 0.12 0 0 0 0 0 0 0

February 0 0 0 0 0 0 0 0.85 6.65 14.27 19.59 21.43 23.05 21.97 16.27 9.96 3.57 0.14 0 0 0 0 0 0

March 0 0 0 0 0 0.01 0.71 5.24 14.29 20.99 25.04 24.19 23.47 21.55 20.82 14.59 7.99 1.84 0.07 0 0 0 0 0

April 0 0 0 0.01 0.79 5.02 11.63 19.23 25.04 28.22 30.36 31.18 30.07 24.80 19.88 12.25 4.91 0.91 0.02 0 0 0 0 0

May 0 0 0 0.51 2.73 8.39 16.60 24.96 30.34 32.94 36.12 35.89 33.38 31.60 25.60 16.15 8.01 2.38 0.54 0 0 0 0 0

June 0 0 0.03 0.79 3.01 7.76 14.70 22.65 29.64 34.82 35.50 36.01 34.60 31.95 26.55 19.82 11.16 4.27 1.30 0.14 0 0 0 0

July 0 0 0.01 0.56 2.68 8.41 17.77 26.34 32.79 35.88 38.22 39.02 36.42 34.44 27.01 19.62 11.49 4.18 1.23 0.12 0 0 0 0

August 0 0 0 0.07 1.15 5.53 12.53 19.48 25.06 26.76 29.49 29.49 27.59 25.99 19.71 13.61 6.66 1.89 0.20 0 0 0 0 0

September 0 0 0 0 0 0.50 4.34 12.43 18.81 24.58 28.83 29.30 29.72 25.99 20.18 14.61 7.02 1.84 0.15 0 0 0 0 0

October 0 0 0 0 0 0.39 3.76 11.13 17.83 23.42 24.41 23.55 19.40 16.29 8.85 2.37 0.14 0 0 0 0 0 0 0

November 0 0 0 0 0 0 0 0.30 3.33 8.61 13.61 14.19 14.77 11.30 6.60 1.68 0.06 0 0 0 0 0 0 0

December 0 0 0 0 0 0 0 0.01 0.86 4.39 8.37 10.98 9.89 6.40 3.63 0.51 0 0 0 0 0 0 0 0

Distribution of annual PV production (MWh)

Figure 3.6: Hourly distribution of PV production through the year. Data from 2018 and
potential generation of 2 MW PV plant in Cranfield University.

Finally, the electricity price in Cranfield University is established by tariff periods.

These are distributed in three time bands: red, amber and green. Depending on the hour,

day of the week and season, different tariffs are applied (see Figure 3.6). The red time

band is considerably higher, coinciding with the peak demand hours. The amber is inter-

mediate and the green band is the lowest, being at nights and during all the weekend. This

makes a great different of price during the week, constant and lower during weekends.

Therefore, comparing demand, generation and electricity price, two initial conclusions

are outlined. First, given that demand is lower in Summer and the PV production the

highest, these months will have surplus energy, and thus more charging activity. On

the other hand, the combination of lower demand and electricity price during weekends

differs greatly from weekdays. This would involve a different charging activity during the

week.

Price (£/kWh)

Week Time Period
Time
Band

Oct-Mar Apr-Sep

Weekdays 11:00 14:00 Red 0.260 0.204

Weekdays 16:00 19:00 Red 0.260 0.204

Weekdays 7:00 11:00 Amber 0.125 0.127

Weekdays 14:00 16:00 Amber 0.125 0.127

Weekdays 19:00 23:00 Amber 0.125 0.127

Weekdays 0:00 7:00 Green 0.116 0.121

Weekdays 23:00 23:59 Green 0.116 0.121

Weekend 0:00 23:59 Green 0.116 0.121
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Figure 3.7: Electricity price tariff periods for Cranfield University.
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3.3.2 PV-Battery parameters and base case definition

The technical parameters of both PV and battery system are established before carrying

out the simulations. Initially, a base case PV-battery system is defined. This specific

system is used to compare the different conventional and ML operation algorithms. After

selecting the most suitable operation models, different PV and battery sizes are analysed

in the cost-benefit analysis.

The base case is selected based on the results obtained by F. Ahishakiye using the

SAM software [38]. For 2 MW PV plant, the optimal battery size was found to be 1900

kWh. Therefore, the initial simulations will be carried out using this combination (de-

tailed parameters shown in Table 3.3). The PV data was obtained directly from the current

PV production in Cranfield, and the specific battery parameters from the PVsyst database

for a LG Chem JH4 SR19 4P module.

Finally, general costs (OPEX and CAPEX) are defined for the PV-battery system.

Standard price references are established comparing different sources (Table 3.4). These

values are used in the EMPC model and then in the cost-benefit analysis.

Table 3.3: Base case PV-Battery parameters. PV data from Cranfield University. Battery
data from PVsyst database (LG Chem JH4 SR19 4P model) [44].

Base case PV parameters Base case battery parameters

System size 2 MW Total capacity 1900 / 889 kWh - Ah

Production 2316 MWh/year SOC limits (max.-min.) 80-20 %

Module degradation 0.4 %/year Max. Cycles 9800 -

Lifetime 25 years Nominal power 465 kW

Max. char./dischar. power 1000 kW

Efficiency 95 %

Voltage 2159 V

Table 3.4: Reference PV-Battery CAPEX and OPEX used in the cost-benefit analysis.

General PV-Battery Costs

Battery CAPEX 270 £/kWh [4] [45]

PV CAPEX 1080 £/kW [46] [47] [48]

PV-Battery OPEX 24 £/kW [4] [46] [47]
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Results

The proposed methodology has been applied to the Cranfield University case study, com-

paring different operation methods and sizing the PV-battery system. This chapter presents

the main results obtained from this analysis.

First, simulations for the optimal modes and real-time operation with conventional

and ML approaches are presented for the base case. The results are compared based on

their performance metrics and the best models are selected. Finally, these models are used

to carry out a cost-benefit analysis and select the most suitable PV-battery system size.

4.1 EMPC optimal modes

The optimal modes for each hour have been calculated following the EMPC two-stages

optimisation. From available data for the 2 years period (August 2017-July 2019), the

modes are calculated in python using the mip optimisation function [39]. Real data from

the base case (Pload, Psolar and Cimp) and the rest of parameters are introduced in the

model, calculating the optimal power output at each hour and selecting then the mode.

The optimal modes selected (m∗) result in an imbalanced distribution, where the idle

mode is predominant. Considering the entire dataset, 70% are idle, 16.2% charging and

14.2% discharging modes (see Figure 4.1). Different distribution of modes are obtained

depending on the season and day of the week. Among seasons, the greatest difference is

found between summer and winter, where more and least charging activity is developed.

This is caused by the different irradiation between seasons, and thus PV production.
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Figure 4.1: Relative frequency and distribution of optimal modes (m∗) obtained from the
EMPC algorithm. Total modes distribution (top) and specific charging and discharging
modes (bottom) for all dataset, seasons of the year and days of the week.

There is also a major difference in charging behaviour throughout the days of the

week, having less charging activity on weekends than weekdays (see Figure 4.1). This

is due to the type of electricity price tariff in Cranfield (Figure 3.7), that has low and

constant prices during weekends, deterring the charging activity.

The optimal results for daily charging follow specific patterns depending on the day.

The Figure 4.2 represents the relative frequency of the selected mode at each hour during

a day. The differences previously outlined are verified here in the daily charging schedule.

More activity is developed during Mondays, charging early in the morning and at midday

(low tariff periods), to discharge later at the red band periods. On the other hand, less

activity is developed on Sundays, only charging at central hours when there is surplus PV

production, to discharge later at red band periods. Between seasons, the differences are

mainly caused by the number of sun hours, showing a higher and more distributed activity

during Summer days than on Winter days.
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Frequency of mode selected per hour

Charge

Idle

Discharge

(%) 1 3 20 50 90

Mondays 0 1 2 3 4 5 6 7 8 9 10 11 12 13 14 15 16 17 18 19 20 21 22 23 Hours

Charge
m=1 1 5 1 11 0 66 4 9 10 9 10 8 10 7 63 1 0 0 0 0 0 0 0 0

m=2 0 0 0 0 0 0 93 4 4 6 8 6 2 3 19 89 0 0 0 0 0 0 0 0

Idle m=0 99 95 99 89 100 34 3 88 87 86 83 0 1 64 17 10 0 1 91 100 100 100 100 100

Discharge
m=3 0 0 0 0 0 0 0 0 0 0 0 72 21 14 0 0 100 6 1 0 0 0 0 0

m=4 0 0 0 0 0 0 0 0 0 0 0 14 66 12 0 0 0 93 8 0 0 0 0 0

Sundays 0 1 2 3 4 5 6 7 8 9 10 11 12 13 14 15 16 17 18 19 20 21 22 23 Hours

Charge
m=1 0 0 0 0 0 7 9 14 16 18 28 27 31 26 19 8 3 0 0 0 0 0 0 0

m=2 0 0 0 0 0 0 1 3 9 12 12 13 9 9 5 1 0 0 0 0 0 0 0 0

Idle m=0 100 100 100 100 100 93 88 82 75 68 61 53 54 55 61 63 68 74 84 90 94 97 99 100

Discharge
m=3 0 0 0 0 0 0 0 0 0 0 0 1 0 2 2 4 5 3 0 0 0 0 0 0

m=4 0 0 0 0 0 0 3 1 0 2 0 6 7 9 13 24 24 23 16 10 6 3 1 0

Winter 0 1 2 3 4 5 6 7 8 9 10 11 12 13 14 15 16 17 18 19 20 21 22 23 Hours

Charge
m=1 1 1 0 1 1 68 0 0 1 4 9 7 8 7 61 2 0 0 0 0 0 0 0 0

m=2 0 0 0 0 0 0 71 0 0 0 1 4 1 0 7 71 0 0 0 0 0 0 0 0

Idle m=0 99 99 100 99 99 32 29 100 99 96 91 17 18 79 28 21 23 25 93 99 99 100 100 100

Discharge
m=3 0 0 0 0 0 0 0 0 0 0 0 65 7 6 0 0 71 4 1 0 0 0 0 0

m=4 0 0 0 0 0 0 0 0 0 0 0 7 66 8 4 7 6 71 6 1 1 0 0 0

Summer 0 1 2 3 4 5 6 7 8 9 10 11 12 13 14 15 16 17 18 19 20 21 22 23 Hours

Charge
m=1 1 4 2 16 1 38 9 16 17 18 16 10 14 10 53 4 1 0 0 0 0 0 0 0

m=2 0 0 0 0 0 0 64 6 8 7 9 10 5 5 12 63 0 0 0 0 0 0 0 0

Idle m=0 99 96 98 83 99 62 26 78 74 74 74 16 17 60 32 26 20 22 82 95 97 99 100 100

Discharge
m=3 0 1 1 1 1 0 0 0 0 0 0 59 16 10 1 2 73 4 0 0 0 0 0 0

m=4 0 0 0 0 0 0 1 0 0 1 1 5 48 15 3 5 7 74 18 5 3 1 0 0

Figure 4.2: Distribution of optimal modes selected at each hour during a day. Relative
frequencies grouped by Mondays, Sundays, Winter and Summer. Darker colours repres-
ent higher frequencies, being blue for charging, green discharging and grey idle.

Finally, the optimal cost of electricity from the EMPC operation (C∗) is calculated

(see equation 3.9). This is compared with the base case cost of electricity without PV-

battery system (Cb) to obtain the potential savings. Two costs are presented in Table 4.1

for both cases: the total dataset cost (24 months) and the test set cost (2 last months).

Table 4.1: Final cost of electricity for the base case (without PV-battery system), for the
optimal EMPC operation and potential savings.

Base Case (Cb) Optimal EMPC (C∗) Potential savings
(k£) (k£) (k£)

Total cost (24 months) 2765.58 2145.37 620.21
Test set cost (2 months) 221.16 153.76 67.40
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4.2 PV-battery operation results

4.2.1 Performance indicators

To assess the performance of the different operation strategies, the following metrics are

considered for all methods. These metrics are based on how the models predicts the

optimal operation, obtained from the EMPC algorithm with past data. The first metric is

the accuracy, that represents the relation between the modes correctly predicted and the

total operation periods:

accuracy =

len∑
i=1

Mpred(i)

len
Mpred(i) =

1, if mpred(i) =m∗(i)

0, if mpred(i) 6=m∗(i)
(4.1)

The problem studied is a multi-class classification where the modes follow an imbal-

anced distribution (see Figure 4.1), having a majority of idle modes (m = 0) throughout

the days.

Therefore, considering the mode 0 as the negative class and the rest of charging and

discharging modes as positive, the reduced confusion matrix (Table 4.2) is used to define

two more metrics:

precision = TP

TP +FP
recall = TP

TP +FN
(4.2)

Table 4.2: Reduced confusion matrix for imbalanced multi-class classification

Positive Predicted Modes Negative Predicted Mode
mpred = (1,2,3,4) mpred = 0

Positive Optimal Modes
TP FNm∗ = (1,2,3,4)

Negative Optimal Mode
FP TNm∗ = 0

The precision quantifies the accuracy of the minority classes by the number of correct

positive predictions made. On the other hand, the recall quantifies the accuracy of the

positive predictions among all the positive modes that could have been predicted. For

large imbalanced datasets, the precision is the most appropriate parameter to measure the

real performance of the model [49], being used to minimise the false positives.
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Finally, the performance index “Percentage of Maximum Savings Achieved” (PMSA)

[29] is analysed. This ratio represents the relative savings of each operation method,

where Cbase and C∗ have been calculated, and Csim is the real cost of electricity for each

method.

PMSA = Cbase−Csim

Cbase−C∗ (4.3)

For each parameter, two different metrics are considered depending on the number

of operation steps evaluated. The total for all the data available and the test only for the

test set (last 2 months). The test set parameters indicate how the model performs with

unseen data (real operation), and the total represents what is the potential performance in

long-term.

4.2.2 Conventional operation results

As exposed, the conventional operation uses the EMPC optimisation combined with fore-

casting load and PV generation. Each hour, data from the previous 48 hours is used to

forecast the future load and PV output to run the EMPC algorithm and optimise the cost

by selecting the following battery mode (see Figure 3.2). Hence, although the selected

forecasting method is not complex, running an EMPC algorithm each time step adds com-

plexity to the real-time operation.

In this case, all the dataset is directly tested, as no training stage is needed. The

cumulative accuracy, precision and recall obtained are presented in Figure 4.3. As can be
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0,824
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Figure 4.3: Cumulative accuracy, precision and recall for the conventional operation
throughout the dataset (August 2017 - July 2019).
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seen, the metrics converge to constant values after calculating a 25% of the data. Then, all

remain within certain limits, reducing slightly the performance in middle 2018 and finally

converging in 2019.

The different performance metrics obtained are exposed in Table 4.3. For the test set,

81.4% accuracy, 59.1% precision and 83% recall are obtained. Regarding the savings,

82.9% PMSA value is achieved in the test set, being slightly minor for all the data. This

gives a reference of how much savings are achieved compared to the optimal.

Table 4.3: Performance metrics for the conventional operation, obtained from the total
data (August 2017 - July 2019) and the test set data

accuracy precision recall PMSA

Total 0.824 0.592 0.792 0.875
Test set 0.814 0.591 0.830 0.894

The final predictions are gathered in the complete and reduced confusion matrices

(Figure 4.4). These matrices are used to assess the performance of the model, classifying

the predictions by comparing all the predicted and the real modes. Although the predicted

and optimal modes coincidences are predominant, it is found that the distribution of er-

rors is not really balanced. In particular, the model tends to over-predict the idle mode,

missing most of the charging modes m = 1. Also, analysing the reduced matrix, it is

shown that half of the charging and discharging modes are predicted as idle. However, to

properly evaluate the performance of this approach, these results should not be considered

in isolation, but as a reference for the comparison with the ML operation.
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Figure 4.4: Complete and reduced confusion matrix for the Conventional Operation.
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4.2.3 Machine learning operation results

4.2.3.1 Data analysis and feature selection

The first step of every ML problem is to collect, analyse and process the data. In this pro-

cess, the raw data is organised to train the ML models efficiently. Following the proposed

methodology (Figure 3.3), all features are normalised, the categorical data is encoded and

an ANOVA analysis is carried out.

From this analysis, the initial set of features is studied, calculating the impact of each

feature on the target variable. All features are ranked from most important (electricity

price) to least important (month) (Table 4.4), according to the ANOVA test. Initially, 13

different features were considered, but the 3 least relevant are discarded after the analysis.

Also, it is found that SOC, charging and discharging capacity have the same impact,

being linearly dependant. Therefore, to simplify the model, only SOC is included. The

final input data is shown in Table 4.4, reducing the initial data to 8 features.

After defining the input features, the correlation between them and the optimal mode

m∗ is analysed. The correlation matrix of all variables is presented in Figure 4.5. From

this matrix, it is concluded that the selected features have different effects on the optimal

mode, not showing a high multicollinearity between them.

Table 4.4: Rank of features based on the ANOVA analysis and final input data for the
ML model

Raw input data Final input data

Rank Feature No. Feature Type

1 Electricity price 1 Electricity price Numeric
2 State of charge 2 State of charge Numeric
2 Charging Capacity 3 Previous PV Numeric
2 Discharging capacity 4 Previous load Numeric
5 Previous PV 5 Weekday or weekend Categorical
6 Previous load 6 Hour Categorical
7 Weekday or weekend 7 Day of the week Categorical
8 Hour 8 Temperature Numeric

9 Day of the week
10 Temperature
11 Day of the month
12 Month
13 Year
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Figure 4.5: Correlation matrix of all ML input variables

Finally, a pairwise scatter plot is created for the most relevant features, highlighting

the corresponding mode with different colours. In Figure 4.6, the distribution of idle, char-

ging or discharging modes is presented, differentiating also the specific charging modes

(bottom-left corner). It is observed that there is a certain pattern of optimal modes, de-

pending on the combination of the input variables. This underlying pattern is what each

ML model will try to detect to predict the optimal modes.

Figure 4.6: Pairwise scatter plots of most relevant features. Top-right corner: general
charging (blue), discharging (green) or idle mode (grey). Bottom-left corner: specific
charging (m=1 orange, m=2 green) and discharging modes (m=3 purple, m=4 blue).
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4.2.3.2 Neural Networks

The results of ML operation with NNs are presented for the most accurate models. After

several iterations for different network’s layout, training length and number of features,

the hyperparameters are selected. Although different configurations were analysed, only

the best 2 models are presented here.

Both NNs have been implemented in python using keras and tensorflow. The first

model (NN1) is a LSTM recurrent neural network using dropout and adam optimiser for

the backpropagation algorithm. The second model (NN2) is a sequential network with

dense hidden layers, dropout and rmsprop optimiser. Both models include relu activation

functions for hidden layers and softmax for the output layer.

To train the NNs, the input dataset has been divided into training, validation and test

set. In total, 24 months with hourly features are available. The first 22 months are assigned

to the training and validation sets, with 80% and 20% of the samples respectively. The

test set is established for the last 2 months of the dataset.

Analysing their learning curves, it is observed that both models converge, achieving

high accuracy values with low bias and variance (Figure 4.7). Therefore, the models

are able to predict the optimal modes without overfitting the training set, showing small

differences between training and validation performance.
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Figure 4.7: Loss and accuracy learning curves for NN1 and NN2. Results obtained for
the training and validation sets at each epoch.
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Figure 4.8: Test set accuracy for different number of features in NN1 and NN2 models.

Regarding the test set accuracy, the results are compared for different number of train-

ing features (Figure 4.8). From these results, it is verified that the selected set of features

achieved the best accuracy, being optimal for 7-8 features.

NN2 achieves slightly better results in the test set accuracy for all the cases considered.

Hence, the NN2 model is further analysed, gathering the results in the confusion matrices

(Figure 4.8). In the complete matrix, the effect of the imbalanced distribution of modes

is observed, having a high number of idle modes. Nevertheless, the model predicts all

modes in proportion to their relative optimal frequency, with a distributed selection of

modes. Most of the errors are made between charging (3-4) and discharging modes (1-

2). Compared to the conventional operation results, the reduced matrix shows that the

performance of ML is high, having almost a double of correct charging and discharging

modes compared to the conventional operation matrix.
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Figure 4.9: Confusion matrix of second NN model
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Finally, the performance metrics for NN1 and NN2 are calculated (Table 4.5). Com-

pared to the previous results, the ML method outperformed the conventional operation.

In particular, precision and recall are considerably higher, showing that the prediction on

modes different than idle is much better. For savings, NN2 achieves 89.1% PMSA for

the total data, higher than NN1 and the conventional method. Hence, NN2 will be con-

sidered hereafter as the best NN model, as its performance is slightly better than NN1 for

all metrics.

Table 4.5: Performance metrics for ML operation (I). Results obtained from NN1 and
NN2 for the total and test set data

NN1 NN2

accuracy precision recall PMSA accuracy precision recall PMSA

Total 0.946 0.847 0.972 0.978 0.949 0.862 0.986 0.984
Test set 0.947 0.838 0.962 0.988 0.951 0.861 0.965 0.992

4.2.3.3 Other ML algorithms

Apart from neural networks, 15 other types of ML algorithms have been analysed. This

was done using the pycaret library in python, which allows to train different ML al-

gorithms at the same time. After comparing the initial results, the best models are im-

plemented in detail, tuning their hyperparameters. The results showed that the Catboost

algorithm and a blended model using RF, DT and light gradient boosting had the best

performance. Although both showed the best recall values, their final accuracy, precision

and savings were not as high as for NNs (see Table 4.5).

Therefore, among all the models developed, it is concluded that NN2 is the most suit-

able, outperforming the operation with conventional forecasting and other ML algorithms.

Table 4.6: Performance metrics for ML operation (II). Results obtained from pycaret with
Catboost and Blended model for the total and test set data

Catboost Blended

accuracy precision recall PMSA accuracy precision recall PMSA

Total 0.873 0.758 0.990 0.958 0.866 0.733 0.994 0.950
Test set 0.858 0.705 0.991 0.984 0.852 0.689 0.995 0.979
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4.3 Cost-benefit analysis

The best models for conventional and ML operation have been selected, showing the per-

formance for the base case PV-battery system (2 MW - 1.9 MWh). Now, both operation

methods are applied to different systems, changing the installed PV and battery capacity.

The results of their operation are compared, stating the differences between their potential

savings.

A sensitivity analysis is carried out for 6 different PV plants and 8 batteries, applying

the optimal EMPC operation, the conventional with forecasting and the NN2 ML model

(144 simulations in total). The results for all cases are studied through a cost-benefit

analysis, calculating the financial ratios of each project in terms of cost, NPV (Net Present

Value), IRR (Internal Rate of Return), payback and LCOE (Levelised Cost of Energy).

The detailed CAPEX and OPEX parameters considered were exposed in the previous

chapter (see Tables 3.3 and 3.4). Each case is considered as a different project, with

25 years lifetime and where the profit is the savings obtained compared to the annual

electricity cost in Cranfield University without PV-battery system.

4.3.1 Optimal operation

The first analysis is focused on the direct effect of the operation: the annual cost of elec-

tricity in Cranfield University. By using energy from the PV-battery system, the cost is

directly reduced depending on the size of the system and the operation. The base cost

without PV or battery is 2,765,851 £ per year. This value is progressively reduced when

including PV generation, as shown in Table 4.7. However, when exceeding 2.5 MW of

PV, the cost of electricity increases. This effect is shown also in the LCOE, calculated for

all cases for 25 years lifetime of the PV plant and a discount rate of 8%.

Table 4.7: Annual cost of electricity and LCOE for different size of PV system without
batteries.

PV (MW) 0 0.5 1 1.5 2 2.5 3

Annual cost of electricity (M£) 2.766 2.601 2.444 2.302 2.205 2.174 2.199

LCOE (£/MWh) 150.00 149.62 144.14 139.51 137.39 138.98 143.72
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Table 4.8: Annual cost of electricity and LCOE for different size of PV-battery system,
obtained from the optimal EMPC operation.

Annual cost of electricity (M£) LCOE (£/MWh)

PV (MW) 0.5 1 1.5 2 2.5 3 0.5 1 1.5 2 2.5 3

B
at

te
ry

(M
W

h)

0.25 2.592 2.433 2.281 2.154 2.091 2.099 149.52 143.89 138.69 134.88 134.69 142.13
0.5 2.561 2.399 2.248 2.125 2.074 2.086 148.15 142.36 137.28 133.61 134.08 145.45
0.75 2.564 2.401 2.249 2.124 2.068 2.073 148.64 142.83 137.63 133.94 134.29 148.72

1 2.563 2.401 2.249 2.125 2.067 2.075 148.97 143.23 138.20 134.60 134.67 152.90
1.5 2.567 2.405 2.252 2.126 2.056 2.049 149.96 144.48 139.25 135.52 135.93 159.47
2 2.572 2.410 2.259 2.133 2.066 2.056 151.49 145.76 140.67 136.95 136.47 167.95

2.5 2.558 2.399 2.248 2.126 2.065 2.064 151.93 146.30 141.16 137.75 137.64 176.50
3 2.566 2.405 2.255 2.138 2.082 2.082 153.39 147.67 142.60 139.35 139.57 185.54

The sensitivity analysis is carried out applying the different operation models de-

veloped in the previous section. To establish the initial reference, the optimal cost and

LCOE are calculated using the EMPC optimisation. Analysing the results, it is shown

that more PV production reduces the annual cost; being the optimal battery size 1.5 MWh

(Table 4.8). Increasing more the battery capacity would result in a higher cost per cycle,

and thus a more expensive activity (see cost formula 3.9). On the other hand, the LCOE

is minimum for 2-2.5 MW of PV and less than 1.5 MWh of batteries.

These results are extended to conventional and ML operation, calculating the annual

costs. To evaluate their performance, the annual savings are calculated comparing to

the optimal cost. All the results are summarised in Table 4.9, including also LCOE and

PMSA. In terms of cost and savings, the ML operation results in less cost for all the cases

considered, being the minimum cost 2.089 M£ per year. This is also observed in the direct

savings, achieving a maximum 676 k£ per year with ML but 630 k£ with the conventional

operation. Therefore, 46 k£ would be directly saved if the ML operation is applied. Re-

garding the LCOE, lower values are also achieved with ML, having a minimum 134.4

£/MWh with ML and 136.2 £/MWh with forecasting.

Similarly to the previous section, the PMSA is calculated with the reference of the

optimal operation and the base cost (see Table 4.7). A trend is found when varying PV

and battery capacity, obtaining more savings with bigger systems but reducing the savings

when exceeding 2.5 MW of PV. Also, ML achieves always more than 92.3% savings,

being lower for conventional approach in all cases. These results are confirmed in Figure

4.10, showing the decreasing savings with PV and how the ML outperforms always the

conventional approach.

41



Chapter 4. Results

Table 4.9: Annual cost of electricity, savings compared to the optimal cost, LCOE and
PMSA for different size of PV-battery system, obtained from the conventional operation
with forecasting and the machine learning approach.

CONVENTIONAL MACHINE LEARNING

Annual cost of electricity (M£) Annual cost of electricity (M£)

PV (MW) 0.5 1 1.5 2 2.5 3 0.5 1 1.5 2 2.5 3

B
at

te
ry

(M
W

h)

0.25 2.596 2.438 2.295 2.188 2.140 2.153 2.594 2.436 2.286 2.165 2.110 2.128
0.5 2.563 2.408 2.269 2.170 2.128 2.147 2.562 2.401 2.252 2.138 2.102 2.130
0.75 2.565 2.410 2.273 2.175 2.134 2.144 2.564 2.403 2.256 2.137 2.096 2.126

1 2.564 2.407 2.271 2.174 2.135 2.152 2.563 2.405 2.254 2.140 2.089 2.122
1.5 2.568 2.411 2.275 2.177 2.137 2.152 2.568 2.407 2.259 2.140 2.100 2.101
2 2.573 2.417 2.280 2.183 2.137 2.154 2.573 2.413 2.264 2.145 2.091 2.102

2.5 2.562 2.408 2.274 2.183 2.150 2.167 2.560 2.399 2.252 2.142 2.089 2.107
3 2.568 2.414 2.281 2.191 2.158 2.176 2.566 2.406 2.260 2.153 2.111 2.123

Annual Savings (k£) Annual Savings (k£)

PV (MW) 0.5 1 1.5 2 2.5 3 0.5 1 1.5 2 2.5 3

B
at

te
ry

(M
W

h)

0.25 170 327 471 577 626 613 171 330 480 601 656 638
0.5 203 358 497 595 638 618 204 365 513 627 663 635
0.75 200 355 493 590 631 622 202 363 510 628 669 640

1 202 358 495 592 630 614 202 360 511 626 676 643
1.5 198 355 491 589 629 614 198 358 506 625 666 664
2 193 349 486 582 629 611 193 353 501 620 675 663

2.5 204 358 491 582 616 599 206 367 513 624 676 658
3 198 352 484 574 608 589 200 360 506 612 654 643

LCOE (£/MWh) LCOE (£/MWh)

PV (MW) 0.5 1 1.5 2 2.5 3 0.5 1 1.5 2 2.5 3

B
at

te
ry

(M
W

h)

0.25 149.7 144.2 139.5 136.8 137.4 145.1 149.6 144.0 139.0 135.5 135.7 143.8
0.5 148.2 142.8 138.4 136.2 137.1 148.9 148.2 142.4 137.4 134.4 135.7 147.9
0.75 148.7 143.3 139.0 136.8 137.9 152.7 148.7 142.9 138.0 134.8 135.7 151.7

1 149.0 143.6 139.2 137.3 138.5 157.2 149.0 143.4 138.3 135.4 135.9 155.5
1.5 150.0 144.8 140.5 138.3 139.7 165.3 150.0 144.3 139.6 136.3 137.3 162.4
2 151.6 146.1 141.8 139.7 140.8 173.5 151.6 145.9 141.0 137.7 137.9 170.6

2.5 152.1 146.7 142.6 140.8 142.3 182.3 152.0 146.4 141.5 138.9 138.9 178.9
3 153.4 148.1 143.9 142.2 143.6 190.9 153.4 148.1 142.9 140.2 141.1 187.9

PMSA (%) PMSA (%)

PV (MW) 0.5 1 1.5 2 2.5 3 0.5 1 1.5 2 2.5 3

B
at

te
ry

(M
W

h)

0.25 97.9 98.3 97.1 94.4 92.8 92.0 98.9 99.1 99.0 98.3 97.3 95.7
0.5 99.3 97.6 95.9 92.9 92.2 91.0 99.9 99.6 99.1 97.9 95.9 93.5
0.75 99.2 97.5 95.4 92.1 90.5 89.7 99.9 99.5 98.7 98.0 95.9 92.3

1 99.4 98.4 95.8 92.4 90.3 88.9 99.9 98.9 99.0 97.7 96.8 93.2
1.5 99.7 98.4 95.6 92.0 88.7 85.6 99.9 99.4 98.6 97.7 93.9 92.7
2 99.7 98.3 95.9 92.0 89.9 86.1 99.9 99.4 98.9 98.0 96.5 93.5

2.5 98.2 97.6 94.9 91.1 87.9 85.3 99.4 99.9 99.2 97.6 96.6 93.8
3 98.9 97.4 94.8 91.5 89.0 86.1 99.9 99.7 99.1 97.5 95.8 93.9

Finally, the specific distribution of annual cost and LCOE is presented for the ML

operation in Figure 4.11. It is shown that the cost decreases almost linearly until 2 MW

of PV, having a minimum in 2.5 MW and then increasing in 3 MW. This behaviour is also

found in the LCOE, showing a more pronounced change after 2.5 MW.
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Figure 4.11: Annual cost of electricity and LCOE with ML operation, for different in-
stalled PV and battery capacity.

4.3.2 Optimal PV-battery system

It was shown that the ML operation resulted in less annual costs and LCOE for all the

cases, outperforming the conventional operation. In order to select the most suitable PV-

battery system, not only the operation but the costs associated to each system have to be

considered.

To do this, each combination of PV-battery system is studied in economic terms, as-

sessing the profitability of installing and using the energy from them. The potential sav-

ings in annual cost of electricity compared to the base case without PV-battery, are con-
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sidered hereafter as the annual profit. Then, CAPEX and OPEX are calculated for a 25

years lifetime project, considering PV panels degradation and battery replacement when

necessary. The financial ratios are calculated for all combinations, comparing NPV, IRR,

payback and initial investment.

First, the results from installing PV without batteries are analysed (see Table 4.10 -

top). The NPV is found to be optimal with 2 MW of PV, decreasing when installing more

due to higher investment costs. On the other hand, IRR and payback are optimal for 1-

1.5 MW, given that the investment is not so high and it is recovered faster. The initial

investment of all systems is also shown in Table 4.10 - bottom, and should be considered

to evaluate NPV and IRR. Within certain limits, bigger projects have higher NPV but

smaller IRR.

Table 4.10: NPV, IRR and payback of installing different size of PV plant without batter-
ies (top). Initial investment for different combinations of PV-battery system (bottom).

Results of PV without batteries

PV (MW) 0.5 1 1.5 2 2.5 3

NPV(M£) 0.151 1.147 1.988 2.374 2.085 1.223
IRR (%) 18.14 23.91 24.15 21.97 17.91 13.05
Payback (Years) 3.8 3.7 3.9 4.3 5.2 6.8

Initial PV-Battery investment (M£)

PV (MW) 0.5 1 1.5 2 2.5 3

B
at

te
ry

(M
W

h)

0 0.540 1.080 1.620 2.160 2.700 3.240
0.25 0.607 1.147 1.687 2.227 2.767 3.307
0.5 0.675 1.215 1.755 2.295 2.835 3.375

0.75 0.742 1.282 1.822 2.362 2.902 3.442
1 0.810 1.350 1.890 2.430 2.970 3.510

1.5 0.944 1.484 2.024 2.564 3.104 3.644
2 1.079 1.619 2.159 2.699 3.239 3.779

2.5 1.214 1.754 2.294 2.834 3.374 3.914
3 1.349 1.889 2.429 2.969 3.509 4.049

To assess the benefit of the batteries, the results from using both conventional and ML

operation are finally presented in Table 4.11. Comparing to the previous results without

batteries, higher NPV and IRR are obtained for the same level of PV. However, when

exceeding 1 MWh of batteries, the cost increases and the benefit is worse than without

storage. Moreover, the ML operation results in better NPV, IRR and payback for all

PV-battery combinations.

Analysing in detail the NPV, the best profit is obtained with 0.5 MWh of storage,

being maximum for 2 MW of PV (see Figure 4.12). For this case, ML shows a 12.5%

higher NPV than the conventional operation, a difference of 324 k£ more savings. This
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difference in NPV is higher with more PV, but almost the same for 0.5 and 1 MW. Also,

it is shown that installing only 0.5 MW of PV is not cost-effective with more than 1 MWh

of storage, having a negative NPV. This effect is more significant with 3 MW of PV, not

even recovering the investment when installing more storage.

To select the most cost-effective system, NPV, IRR and payback should be considered.

2 different combinations are found to the most profitable, and both options could be re-

commended to be installed. Considering the best operation (ML), the PV-battery systems

presented in Table 4.12 are the most suitable: 2MW - 0.5 MWh and 1.5 MW - 0.5 MWh of

PV and batteries respectively. Although both are cost-effective, one with the highest NPV

and the other the highest IRR, the final decision should be done depending on the real

investment objectives and limitations: more savings, lower initial investment or payback.

Table 4.11: NPV, IRR and payback with conventional and ML operation for different
PV-battery system combinations.

CONVENTIONAL MACHINE LEARNING

NPV (M£) NPV (M£)

PV (MW) 0.5 1 1.5 2 2.5 3 0.5 1 1.5 2 2.5 3

B
at

te
ry

(M
W

h)

0.25 0.132 1.136 1.996 2.479 2.366 0.965 0.149 1.163 2.088 2.721 2.577 1.215
0.5 0.404 1.382 2.194 2.597 2.423 0.286 0.416 1.456 2.364 2.921 2.715 0.459

0.75 0.312 1.291 2.086 2.479 2.287 -0.415 0.327 1.366 2.262 2.839 2.676 -0.231
1 0.257 1.252 2.040 2.386 2.174 -1.227 0.267 1.273 2.208 2.761 2.644 -0.925

1.5 0.083 1.024 1.811 2.203 1.956 -2.696 0.087 1.118 1.968 2.471 2.383 -2.177
2 -0.210 0.789 1.573 1.952 1.752 -4.187 -0.215 0.830 1.722 2.322 2.284 -3.653

2.5 -0.307 0.677 1.431 1.756 1.490 -5.782 -0.282 0.738 1.631 2.097 2.097 -5.174
3 -0.540 0.429 1.191 1.507 1.241 -7.344 -0.536 0.429 1.379 1.860 1.791 -6.799

IRR (%) IRR (%)

PV (MW) 0.5 1 1.5 2 2.5 3 0.5 1 1.5 2 2.5 3

B
at

te
ry

(M
W

h)

0.25 15.59 22.77 23.53 22.05 18.81 11.95 16.18 23.05 24.14 23.24 20.06 12.90
0.5 21.08 24.25 24.17 22.20 18.77 9.21 21.35 24.94 25.23 23.73 19.80 9.91

0.75 17.62 22.49 22.89 21.24 17.99 6.17 17.93 23.17 23.96 23.02 19.49 7.00
1 15.36 21.36 22.07 20.58 17.44 2.00 15.55 21.55 23.06 22.16 19.22 3.73

1.5 10.25 18.56 20.08 19.18 16.25 0.00 10.34 18.96 20.96 20.80 17.84 0.00
2 0.00 15.86 18.16 17.65 15.23 0.00 0.00 16.20 18.99 19.24 17.16 0.00

2.5 0.00 14.39 16.88 16.43 14.03 0.00 0.00 14.85 17.93 16.20 16.20 0.00
3 0.00 11.96 15.18 15.06 12.93 0.00 0.00 11.96 16.14 16.50 14.56 0.00

Payback (years) Payback (years)

PV (MW) 0.5 1 1.5 2 2.5 3 0.5 1 1.5 2 2.5 3

B
at

te
ry

(M
W

h)

0.25 4.3 3.9 4.0 4.3 5.0 7.3 4.2 3.9 3.9 4.1 4.7 6.9
0.5 3.8 3.8 3.9 4.3 5.0 8.8 3.8 3.7 3.7 4.0 4.8 8.4

0.75 4.3 4.0 4.1 4.4 5.2 11.1 4.3 3.9 3.9 4.1 4.8 10.4
1 4.7 4.2 4.2 4.6 5.3 16.9 4.7 4.2 4.1 4.3 4.9 13.9

1.5 5.9 4.7 4.6 4.9 5.7 >25 5.9 4.7 4.4 4.5 5.3 >25
2 7.5 5.3 5.0 5.2 6.0 >25 7.4 5.3 4.8 4.8 5.4 >25

2.5 8.0 5.7 5.3 5.5 6.3 >25 7.8 5.5 5.0 5.6 5.6 >25
3 10.1 6.3 5.7 5.9 6.7 >25 9.8 6.3 5.4 5.5 6.1 >25
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Table 4.12: Two most cost-effective PV-battery systems. Financial parameters calculated
for 25 years lifetime and 8% discount rate.

PV
(MW)

Battery
(MWh)

NPV
(M£)

IRR
(%)

Payback
(Years)

Annual Savings
(k£)

Initial Investment
(M£)

2 0.5 2.921 23.73 4.0 513 1.755

1.5 0.5 2.364 25.23 3.7 365 1.215
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Figure 4.12: Comparison of NPV with conventional and ML operation for all PV-battery
combinations.

46



Chapter 5

Discussion

Through the Cranfield University case study, this thesis presented the economic benefits

of applying conventional and machine learning operation to PV-battery systems. Different

combinations of PV and battery size were analysed, comparing both operation methods

and selecting the most suitable system.

In this section, the results from conventional and ML operation are discussed, analys-

ing the methodology and the final performance of each method. Then, the selection of the

most cost-effective PV-battery system is reviewed, validating the results and giving final

recommendations for the case study. Finally, the limitations of the model proposed and

possible future work to improve it are exposed.

5.1 Comparison of conventional and machine learning

operation

The real objective of applying a specific operation method is to obtain the maximum

benefit from the PV-battery system. In this case, given that the system is used for self-

consumption, there are two main possibilities: charging from the grid at low grid tariff

periods or charging the surplus PV production; discharging later at higher grid tariff peri-

ods. Therefore, what the operation method should do is to find the optimal dispatching

strategy to meet the demand and minimise the cost of electricity.

Following the method proposed by H. Gonzague [27], the operation of the battery was

done using a mode-based control. This approach simplified the operation, selecting only
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one of the charging modes at each hour, instead of calculating the exact battery power

output.

Considering then the characteristics of the case study, hourly data from 24 months

was studied, including load, PV generation and electricity price. From this data and using

the two-stages EMPC algorithm, the optimal modes from this period were obtained. This

was the reference of both operation methods, and their performance was measured on

how did they predict the optimal modes. However, before comparing their performance,

it is necessary to discuss if there was a reason to use a ML model or not.

Analysing the distribution of optimal modes selected, there was an underlying char-

ging pattern through the day (see Figure 4.2). During weekdays, as the electricity price

changes more, there was a higher charging activity. In particular, the optimal strategy

was to fully charge and discharge twice: charging first before dawn (low tariff period),

discharging during the red band period (11:00 - 13:00), charging again at the midday am-

ber period (14:00 - 16:00 pm) and discharging at the evening red band period (16:00 -

18:00). On the other hand, due to the low and constant electricity price during weekends,

the charging activity was not so marked, charging only the exceed of PV during peak sun

hours. Between seasons there were also major differences in the charging pattern, with

higher and more distributed activity during summer.

Therefore, different optimal charging patterns are developed depending on the spe-

cific day, and the real objective of the operation method is to find this pattern. Hence,

regardless of the final results, ML algorithms could be a reasonable approach to this prob-

lem because they outperform other algorithms in pattern recognition when large amount

of data is available. Also, given that the battery is controlled with the mode-based ap-

proach, supervised multi-class classification algorithms are potentially suitable to select

the optimal modes.

Apart from the daily pattern, an imbalanced distribution is found when analysing all

the optimal modes (see Figure 4.2). 70% of the total modes were idle, 16.2% charging and

14.2% discharging modes. This has a direct impact on the model, being more important

to correctly predict the charging and discharging and not over-predict the idle mode. To

measure this effect, not only accuracy but recall and precision parameters are calculated,

quantifying the accuracy of the minority classes.
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Following the methodology proposed, an initial analysis was carried out for a specific

system of 2 MW and 1.9 MWh of PV and battery respectively. This reference was selected

from the results obtained by F. Ahishakiye [38], who concluded that this was the optimal

size in economic terms. The conventional and ML models were developed and trained for

this system, testing then their performance on 2 months of unseen data compared to the

optimal modes from the EMPC algorithm.

A data and feature analysis were carried out to develop the ML models. The ini-

tial number of available features for the model was reduced from 13 to 8, based on the

ANOVA analysis (Table 4.4). The correlation between features was studied, stating that

electricity price and previous hour SOC were the most relevant features. The optimal

number was later validated, studying the impact of increasing the number of features to

the test set accuracy. It is concluded that adding more than the 7 most relevant features

from the ANOVA analysis does not have an impact on the accuracy, having an optimal

and efficient behaviour for the selected number.

Using these features, different ML algorithms were trained and tested. Initially, other

algorithms different to NNs were considered to be use, as there was no specific reason

to use only NNs. The library pycaret offered a simple and low code solution to test 15

different ML algorithms. Although a first training with gradient boosting, RF and other

ML algorithms offered better results than some NNs, the accuracy of LSTM and deep

sequential NN outperformed the rest after tuning their hyperparameters. Analysing their

learning curves (Figure 4.7), it was observed that both models converged to high accuracy

levels. Also, the difference in accuracy between training and validation sets was small,

showing that the models were not overfitting the data. The selection of the best ML model

was carried out based on the performance on the test set of unseen data, being NN2 the

algorithm that achieved the best results. This was established as the final ML algorithm.

Comparing the results of conventional and ML operation for all the dataset (see Fig-

ure 5.1), ML offered the best results among all the parameters, although both achieved

high accuracy values. However, due to the imbalanced distribution of modes, precision

and recall parameters are particularly important, being a 27% and 20% higher with ML

respectively. The effect of this difference is analysed in the confusion matrices (Figures

4.4 and 4.9). As shown, the conventional approach over-predicted the idle mode, missing
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Figure 5.1: Comparison of the different metrics for the conventional and ML operation
performance in all the dataset.

most of the charging modes m = 1 with idle (0-1). On the other hand, the ML model

offered more symmetric distribution of mistaken modes, being the errors between char-

ging (3-4) or discharging modes (1-2). As missing charging modes with idle has a higher

impact, the real benefit obtained from the battery is also different. Therefore, the sav-

ings achieved with ML were higher, having a 10% more PMSA than the conventional

approach.

Finally, comparing the results with the reference work by H. Gonzague [29], this thesis

obtains in average 4% more accuracy for the ML operation. This could be caused by dif-

ferent reasons: more data available, more neurons per layer in the NN and a better feature

selection. On the other hand, the conventional method is also improved, because the PV

and load forecast selected is more accurate than the proposed by H. Gonzague. Moreover,

in terms of analysing the results, this thesis introduced precision and recall apart from the

accuracy to measure the performance, what is more appropriate for imbalanced problems.

5.2 Optimal operation and PV-battery system for Cran-

field University

After comparing the operation algorithms, these were further analysed in the case study.

The optimal, conventional and ML operation were tested with real data from Cranfield

University. The results were compared for different PV-battery system combinations,

analysing their performance and selecting the best system in economic terms.
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Analysing the results, the ML operation obtained better performance for all the para-

meters considered: more savings, NPV and IRR with less costs. A relevant finding was

that the difference between ML and conventional operation was higher when increasing

the PV or battery size. Therefore, it was shown that the benefits from using ML are higher

with bigger PV-battery systems, where the operation is more complex.

Different financial parameters were considered to assess the most suitable PV-battery

system for Cranfield. As exposed, two options offered the best results. Both included 500

kWh of batteries, one with 1.5 MW of PV and other with 2 MW. These systems obtained

the highest NPV and IRR respectively, with 513 k£ and 365 k£ savings per year. For both

the ML operation obtained 5% more savings than the conventional operation.

However, to select the best PV-battery system, NPV and IRR have to be considered

along with the initial investment (Table 4.10-bottom). Within certain limits, bigger pro-

jects involve more investment, resulting in higher annual profit and NPV. On the other

hand, medium-size projects showed better payback and IRR. Thus, the 2 MW PV-battery

system needs more investment but would generate more annual savings and NPV. The

1.5 MW system needs less investment, having a better IRR but generating less benefits.

Therefore, the final investment decision between both options is conditioned by the ob-

jectives, budgets limitations and priorities of the university.

Comparing the results with previous work carried out in Cranfield University, the op-

timal PV-battery size is different than the proposed by F. Ahishakiye [38] (2 MW PV and

1.9 MWh batteries). However, the operation was obtained directly from SAM software,

that is based on a fixed dispatching schedule through the day. If the proposed system

by F. Ahishakiye is compared to the equivalent results in this thesis, the ML operation

obtains 26 k£ more savings per year (4% more). Therefore, it is shown that for the same

PV-battery size, the ML method could also achieve a better performance than the SAM

software operation. Moreover, as more PV-battery combinations were evaluated here, the

optimal NPV obtained was 296 k£ higher (11% more) than the optimal solution from F.

Ahishakiye.

Finally, an important finding from the cost-benefit analysis is that projects with more

than 2.5 MW of PV are not cost-effective. Better results were obtained with more PV gen-

eration (see Figure 4.11 and Table 4.11), but when exceeding 2.5 MW this trend changed.
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The LCOE increased substantially with 3 MW, resulting in negative NPV and larger pay-

backs than the project’s lifetime. The underlying reason is that the energy produced is

more than the demand on campus at certain periods. In particular, the average PV gener-

ation during summer days was higher than the demand, being necessary to store 1 MWh

per day in average and more than 9 MWh some days (see Figure 5.2). Although this could

be done, the minimum size of the battery needed is too big, with the costs that it involves.

Therefore, it is concluded the PV plant is not cost-effective over 2.5 MW.
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Figure 5.2: Average demand and generation in summer days for different PV plant size.

5.3 Model limitations and future work

The main limitations of the proposed ML operation are related to how the battery system

would be controlled in real time. In terms of computational cost, the ML algorithm needed

2.3 ms per operation step in average, whereas the conventional needed 14 ms (7 times

more, computed with Intel R© CoreTM i7-3632QM CPU 2.20GHz). Although both could

be considered as time-efficient methods, the implications of a real implementation should

be analysed in more detail, studying the necessary electronic equipment to carry out the

calculations in real-time. This depends also on the functions provided by the battery

manufacturer, that sometimes include specific automatic software to control the charging.

In the case study, the limitations are related to the data availability and the different

assumptions made. Regarding the data, PV generation from the current 1 MW plant and
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demand from 24 months were provided. For PV, the main assumption was that the gener-

ation from this plant could be proportionally extended to bigger or smaller plants. Thus,

the generation from 2 MW would be directly the double of 1 MW. Although reasonable,

a real plant could present differences, considering more wiring losses, type of PV panels,

inverters or location characteristics. On the other hand, the demand considered to sup-

ply was the total demand on campus without considering the CHP generation. This was

done for some reasons: there is no intention to decommission the CHP in short-term, the

energy generation is affected by the heat demand and the operation of the plant involve

certain OPEX. Therefore, the possibility of control or replace the CHP generation was

not considered, and this would be an interesting point to analyse in the future. A more

complex model could consider the CHP OPEX and potential CO2 emissions to evaluate

if it is suitable to produce less energy and replace it with other sources.

Finally, the different cost references used in the cost-benefit analysis could be dis-

cussed, as PV and battery price projections are uncertain. However, recent reports by Laz-

ard [50] addressed that PV-battery projects are starting to be between 102-139 $/MWh,

what makes the considered costs conservative enough.

To address these limitations, improve the methodology and extend the findings, the

following propositions of further work are proposed:

• Study the specific electronic and control equipment necessary to implement the ML

operation in a real PV-battery system.

• Carry out a detail analysis of the performance and benefits of the ML operation

compared to commercial software operation (SAM and PVsyst).

• Extend the proposed methodology to systems with variable electricity tariff, where

forecasting the price has a high impact on the operation.

• For Cranfield University, study the possible combined optimisation of PV-battery

system and CHP plant, minimising energy cost and CO2 emissions with ML.
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Conclusions

This thesis aimed to assess the performance of machine learning models for PV-battery

systems operation. It was stated that there is a research gap around the optimisation of PV-

battery operation, where commercial software does not provide detail solutions yet. Also,

applications for large-scale PV plants are of utmost importance, being a fast-growing

technology where ML has a high potential impact.

For this purpose, conventional and ML operation were developed for large-scale PV-

battery systems. Different algorithms were proposed, selecting those with the best per-

formance compared to the optimal operation. The models were tested and compared for

the Cranfield University case study. Different systems were considered, evaluating the

results in economic terms and discussing the optimal PV-battery size for Cranfield.

Therefore, the initial research objectives have been successfully met. From the main

findings of this study, the following conclusions can be drawn:

• The ML method achieved a better performance than the conventional approach,

being closer to the optimal EMPC operation. In particular, deep sequential neural

networks were the algorithm that obtained the best results. For the base case PV-

battery system, ML obtained 13% more accuracy, 27% more precision and 10%

more PMSA compared to the conventional operation.

• In the cost-benefit analysis, the ML method outperformed the conventional ap-

proach for all the PV-battery systems considered. In average, ML obtained 30 k£

more savings per year, a 5% more. This difference was higher with bigger systems,
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when increasing PV or battery capacity. Therefore, it was shown that the potential

benefit of the ML operation is greater with more complex systems.

• PV-battery systems with more than 2.5 MW of PV capacity are not cost-effective

for Cranfield University. This is caused by the excess PV production compared to

the demand, being particularly higher during summer days. The battery needed to

store this energy would not be cost-effective for Cranfield.

• Two different options of PV-battery systems are recommended for Cranfield, ob-

taining the best savings and financial investment results. Both options included

500 kWh of batteries, one with 1 MW PV and the other 1.5 MW. The first system

obtained the highest NPV with more annual savings, whereas the second obtained

the best IRR and lower payback. Although both options are feasible, the decision

between them must be based on the objectives and budget limitations of the Uni-

versity.

To sum up, the installation of PV-battery systems has been assessed, concluding that it

would be cost-effective and beneficial for Cranfield University, saving more than 300 k£

per year. Nevertheless, depending on which method is applied to carry out the operation,

the final cost of electricity can be optimised. It was shown that the ML operation resulted

in more annual savings (5% more) and better LCOE than the conventional approach.

The benefits from using ML operation are high, particularly when increasing PV and

battery capacity. Therefore, this methodology could have a great potential on large-scale

PV-battery applications. Being a fast-growing and sustainable renewable energy source,

the improvement of the operation with ML could support the development of this techno-

logy, making it more cost-effective.
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