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Abstract: Solar power forecasting is of high interest in managing any power system based on solar
energy. In the case of photovoltaic (PV) systems, and building integrated PV (BIPV) in particular,
it may help to better operate the power grid and to manage the power load and storage. Power
forecasting directly based on PV time series has some advantages over solar irradiance forecasting
first and PV power modeling afterwards. In this paper, the power forecasting for BIPV systems
in a vertical façade is studied using machine learning algorithms based on decision trees. The
forecasting scheme employs the skforecast library from the Python environment, which facilitates the
implementation of different schemes for both deterministic and probabilistic forecasting applications.
Firstly, deterministic forecasting of hourly BIPV power was performed with XGBoost and Random
Forest algorithms for different cases, showing an improvement in forecasting accuracy when some
exogenous variables were used. Secondly, probabilistic forecasting was performed with XGBoost
combined with the Bootstrap method. The results of this paper show the capabilities of Random Forest
and gradient boosting algorithms, such as XGBoost, to work as regressors in time series forecasting of
BIPV power. Mean absolute error in the deterministic forecast, using the most influencing exogenous
variables, were around 40% and close below 30% for the south and east array, respectively.

Keywords: BIPV; PV power forecasting; machine learning; gradient boosting algorithms

1. Introduction

The large expansion and growth of photovoltaic (PV) systems and the foreseen future
increase are driving a strong impulse for distributed power generation. PV operation in
urban environments and building integrated photovoltaics (BIPV) are good examples of
topics that are significantly drawing the attention of the PV community and industry [1].
BIPV comprises those modules and systems that can serve as conventional building compo-
nents and produce energy at the same time. Architectural, power and aesthetic aspects are
all important in designing BIPV systems, and thus a wide variety of designs are emerging
in the industry [2–4]. The specific features of BIPV systems have an impact on the thermal
and electrical performance so adapted or new testing procedures, standards and modeling
methodologies are being developed [5,6]. Modeling BIPV systems is challenging since the
modules work under frequent partial shading conditions and also their thermal boundary
conditions can be different from conventional PV plants [7–9]. Parametric 3D tools and
models are being used to better approach the complex geometries and shading patterns
produced by neighboring buildings [10]. In addition, the usual PV cell temperature models
may be less accurate in the case of PV in façades affecting, consequently, the power predic-
tion accuracy [11]. Challenges in modeling PV façades performance have been remarked
on in several previous works of the authors at Ciemat using different approaches [12,13].

Solar forecasting is an important part of the management of solar power generation.
In particular, PV solar power forecasting is helpful in electric grid management, load man-
agement and battery storage operation. A comprehensive overview of solar forecasting,
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including basic concepts, models and selected examples can be found in the reports deliv-
ered by IEA-PVPS Task 16 [14]. Most developments in solar forecasting have been made in
the prediction of solar irradiance as a previous step to solar power forecasting, and many
important contributions have been reported in recent years [15,16]. Thus, PV power forecast
is performed by forecasting solar irradiance as a first step and deriving afterwards the PV
power with a simulation model [17]. An alternative way consists of forecasting directly
the AC PV power from historical time series, which requires no detailed knowledge of the
PV system and the involved meteorological variables (module temperature and irradiance
forecasts) and relying on the quality of the historical data [18,19].

Time series PV power forecasting is usually performed by autoregressive models or
by machine learning methods. The latter are being recently used preferably due to the
availability of advanced and powerful machine learning algorithms [20–23]. Artificial
Neural Networks (ANNs) and Support Vector Machines (SVMs) are two of the most
popular methods for forecasting time series of solar irradiance [24,25]. However, gradient
boosting decision trees (GBDT) methods are gaining popularity in the most recent years due
to their accuracy and computation speed proven in many Kaggle data science competitions.
XGBoost (extreme gradient boosting) and CatBoost (categorical boosting) algorithms are
two of the most successful GBDT methods for regression and classification [26,27].

Despite there being many works in the literature dealing with solar irradiance fore-
casting, PV power forecasting based on time series is much less studied and, in particular,
BIPV power forecasting is practically not covered by the solar forecasting community.
The present work is thus aimed at contributing to filling the gap of studies focused on
BIPV power forecasting. BIPV power forecast applying the usual developments in solar
irradiance forecasting involves deriving the Plane of Array (POA) irradiance from the
forecasted global irradiance using a transposition model and then modeling the power
with a PV model, which also requires the forecasting of the module temperature. Therefore,
the forecasting uncertainty of the strategy based on solar irradiance forecasting has to
include the combined uncertainty of the intermediate steps (transposition, power modeling,
temperature and so on). In comparison, BIPV power forecasting using time series and
machine learning only requires the measuring values of the power in the past, and it might
be a more suitable approach. There are many works dealing with machine learning in
solar forecasting, and most of them are based on solar irradiance forecasting. Support
vector machines, neural networks and Long Short-Term Memory (LSTM) networks are very
popular [28–30]. However, for large datasets, parameter tuning can be complicated [31].
Decision trees are versatile, fast and very efficient machine learning algorithms due to their
simplicity. In this work, we are exploring the performance of the XGBoost and Random
Forest models in forecasting hourly time series of BIPV power in a building at Ciemat
headquarters using different exogenous variables. In addition to deterministic forecast-
ing with machine learning, this work explores the capability of the XGBoost algorithm
in probabilistic forecasting. Both Random Forest and XGBoost can be implemented in a
straightforward way into forecasting schemes; in particular, they were implemented in the
skforecast scheme (a very powerful library for addressing time series forecasting problems
in python). In this work, the forecasting of BIPV power for two small arrays (south- and
east-oriented) has been analyzed with these two algorithms. General good performance
is observed in both methods for the case of deterministic forecasting, where the mean
absolute error was placed at around 30% in the case of the east-oriented array and around
40% in the case of the south-oriented.

2. Materials and Methods
2.1. Test Facility and Experimental Data

In this work, we are using two years of monitored data corresponding to two PV
arrays integrated into the south and east façades of Building 42 at Ciemat headquarters
in Madrid (Spain). The geographic coordinates of the site are 40.45◦ N, −3.73◦ E, and the
altitude is 695 m; the climatology according to the Koeppen climate classification is Csa
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(i.e., dry-summer subtropical, often referred to as Mediterranean climate). The PV modules
are situated at the top of each façade (Figure 1). The arrays consist of monocrystalline
silicon modules with seven series by two parallel (7sx2p) configurations for the east array
and 7sx4p configuration for the south array. The south array, with a power of 8 kW, contains
SunPower E18-325 modules (305 W each one) and a Fronius IG Plus 100 V-3 inverter. The
east array, with a nominal power of 4 kW, consists of SunPower E20-327 modules (327 W
each one) and a Fronius IG Plus 50 V-1 inverter.
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The experimental database contains hourly mean values of power, current and voltage
at maximum power for each array, as well as hourly values of the module temperature and
ambient temperature. Global horizontal irradiance and POA irradiance at south and east
azimuths are measured with calibrated PV cells and are also available on an hourly basis.

2.2. Methodology

Gradient boosting decision trees (GBDT) are a machine learning technique that com-
bines the prediction from multiple models (weak learners) to obtain a better predictive
performance in an iterative and sequential way, where each predictor fixes its predecessor’s
error. XGBoost is a powerful and very popular open-source algorithm due to its speed
and accuracy. XGBoost is a parallelized and optimized version of the gradient boosting
algorithm [32]. It has been successfully used in many different disciplines involving big
data science during the last recent years [26]. On the other hand, Random Forest is another
popular effective ensemble machine learning algorithm, also based on decision trees, which
has been used recently in solar irradiance forecasting [33,34]. Both algorithms can be imple-
mented in a time series forecasting scheme. In this work, we have used the skforecast library
in python, which contains the necessary classes and functions to adapt any Scikit-learn
regression model, such as XGBoost and Random Forest, to forecasting problems [35].

The data used in this work consist of two years (2017–2018) of monitored PV power
on an hourly basis of two BIPV arrays corresponding to the façade south and east of a
building. The data are divided into three sets, namely the training, validation and test
datasets. The model is first trained with the training set, and secondly, it is evaluated with
the validation set using back-testing in order to select the combination of hyper-parameters
and lags leading to the lowest error. Finally, the model is trained again with the best
combination using both training and validation data. Figure 2 shows the different data sets
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selected for this work. Using the skforecast scheme, we have trained two different models to
forecast hourly values of the power of each array using 72 lags. Explorative work, using
back-testing, has been addressed by trying a different number of lags and has shown that
72 lags yield better results than larger or shorter ones. The hyper-parameters are certain
values or weights that control the learning process. In this work, the hyper-parameters
selected were: maximum depth per tree which took 3, 5 and 10 as possible values; the
learning rate (0.01 and 0.1) for controlling the step size at each iteration; the number of trees
in the ensemble, which was selected in 100 and 500.
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In addition to the predictors (i.e., the array power), it is possible to add exogenous
variables that may explain the regression model. Exogenous variables are those parameters
that can be known or derived in the future. Clear sky irradiance, solar geometry-related
variables and shadowing fraction are plausible examples of exogenous variables. In this
work, we have explored the role of several exogenous variables: POA irradiance under
clear sky (POA_cs), cosine of the incidence angle (cosAOI), shaded fraction of array surface
(FS), sun azimuth (SunAz) and month number (m). The solar geometry and the POA
irradiance under clear sky are calculated with the pvlib library [36], which contains the most
updated information and models for solar resource computation. POA_cs is computed by
calculating first the three solar irradiance components (global, direct and diffuse irradiance)
for a horizontal surface using Ineichen’s model [37]; then, Perez’s model is used to transpose
the horizontal components to the vertically tilted surfaces [38]. The shaded fraction of array
surface was calculated in previous works where LIDAR data were used for computing
a digital surface model (DSM) of the building and surroundings that allows shadow
computation throughout the year [13]. In order to explore which exogenous variables work
better in the forecasting scheme, the case matrix in Table 1 has been tested for each array
and each algorithm.

Table 1. Case matrix for exploring the role of exogenous variables.

Case Predictor Exogenous Variables

Base Case Power None
Case 1 Power POA_cs
Case 2 Power POA_cs, cosAOI
Case 3 Power POA_cs, cosAOI, FS
Case 4 Power POA_cs, cosAOI, FS, SunAz
Case 5 Power POA_cs, cosAOI, FS, SunAz, m
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The correlation coefficients of each exogenous variable with the array power calculated
with the Pearson linear correlation (Rxy) were, in descending order, 0.75, 0.63, 0.45, 0.09
and −0.08 for POA_cs, cosAOI, FS, m and SunAz, respectively.

Rxy =
N ∑ xy−∑ x ∑ y√

N ∑ x2 − (∑ x)2
√

N ∑ y2 − (∑ y)2
(1)

where x represents the power and y refers to any exogenous variable.
Figure 3 shows the autocorrelation of the power time series for the two arrays

under study.
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3. Results
3.1. Deterministic Forecasting Using XGBoost and Random Forest

Deterministic forecasting refers to the prediction of single values (hourly values in the
case of this work) in the future. Hence, hourly values of BIPV array power are forecasted
for each array covering the different cases listed in Table 1 using XGBoost and Random
Forest as regression algorithms in the skforecast scheme. The results are validated with the
test dataset. Figures 4 and 5 show the scatter plot of the hourly power forecasted values for
the south and east arrays, respectively.

Random Forest as a regressor in the forecasting model resulted in slightly more
accurate forecasting than XGBoost. Furthermore, in both cases, the use of exogenous
variables in the forecasting scheme improves the results.

The metrics used in the evaluation of forecasting the hourly power are mean bias error
(MBE), normalized mean absolute error (nMAE) and root mean squared error (RMSE) [39].
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MBE =
1
n ∑

(
Pmeasured − Pf orecasted

)
(2)

nMAE =
1

〈Pmeasured 〉
1
n ∑ abs

(
Pmeasured − Pf orecasted

)
(3)

RMSE =

√√√√∑
(

Pmeasured − Pf orecasted

)2

n
(4)

where Pmeasured is the experimental power of the array, Pf orecasted refers to the forecasted
power values and 〈Pmeasured 〉 is the arithmetic mean value of Pmeasured .

Figure 6 compares the MBE and RMSE metrics for XGBoost and Random Forest in
both arrays. In the case of array south, the nMAE ranges from 54% to 42% with XGBoost,
and from 43% to 40% with the Random Forest algorithm used in the skforecast scheme. On
the other hand, in the case of array east, the nMAE is very high for the case base with
XGBoost; the nMAE of all the studied cases varies from 72% to 28%. For Random Forest,
the nMAE is in the range of 29–23%. The determination coefficient R2 varies in the range
of 0.60–0.69 in both methods (Random Forest and XGBoost) for the south array, and it
reaches 0.80–0.85 in the case of the east array. Therefore, in all cases, the use of exogenous
variables as additional explicative variables improves the performance of the forecasting.
Moreover, the forecasting scheme performs better for the array east than for the south. For
the south array, the use of clear sky in-plane irradiance (POA_cs) as an exogenous variable
produces power forecasting with the minimum bias compared to the other cases. In the
case of array east, the inclusion of shadowing information (FS) in addition to POA_cs as
exogenous variables resulted in a more accurate forecast since this façade is much more
influenced by shadows than the south-oriented one. Finally, Figure 7 illustrates the hourly
power forecasted in several days for south and east arrays with the best performance cases,
which are case 1 and case 3 (Table 1). The forecasting results improve significantly with the
use of those exogenous variables with higher correlation coefficients, which correspond
to case 3. Cases 4 and 5 do not add significant improvement to case 3. In terms of RMSE,
the forecasting using Random Forest performs slightly better than XGBoost for most of
the cases. However, it should be remarked that in the south array, case 3 (the best case
of exogenous variables) resulted in much lower bias. Lowering the bias is important in
forecasting when the dispersion of the forecasted data (RMSE) are very similar with both
machine learning methods.

3.2. Probabilistic and Intervals Forecasting

The skforecast library allows the estimation of forecasting intervals based on boot-
strapped residuals. Detailed information on the bootstrap method for interval prediction
in solar power can be found in recent literature [40]. For forecasting intervals, case 3 of
Table 1 has been selected since the inclusion of such exogenous variables improves the
accuracy of the forecast. Moreover, preliminary simulations found that XGBoost was more
suitable than Rain Forest for this type of forecast. Thus, the XGBoost regressor has been
used with the bootstrap method to produce forecasting intervals. The results for forecasting
10–90% intervals with the bootstrap method for several days are illustrated for both arrays
in Figure 8.

In order to evaluate the probabilistic prediction results, several metrics are frequently
used. The Prediction Interval Coverage Probability (PICP) is defined as the proportion of
the data covered by the forecasted interval [31].

PICP =
1
n ∑ ci , ci =

{
1, lower i ≤ ci ≤ upperi

0, otherwise
(5)
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The Mean Prediction Interval Width (MPIW) is defined as,

MPIW =
1

R n ∑(upperi − loweri) (6)

where R is the range of the target values (i.e., the difference between maximum and
minimum power of the array). The higher the PICP value, the higher the reliability of the
forecast, and the lower the MPIW value, the narrower the width of the forecasted interval.
Table 2 shows the metrics for the south and east arrays. The coverage of both arrays is
below 80% in both cases, but higher reliability is achieved in forecasting intervals for the
east array. The intervals of probabilistic forecasting of the east array are narrower than in
the case of the south array, and the coverage (PICP) is also greater (nearly 80%).

Table 2. Metrics for evaluating interval forecasting.

Array PICP (%) MPIW (%)

South 69.52 11.34
East 78.01 7.05

4. Discussion

Forecasting PV power directly offers some advantages over forecasting solar irradiance
and modeling afterwards the PV power from the forecasted irradiance. In the case of BIPV,
and particularly for PV modules in façade, the intermediate steps between solar irradiance
forecasting and PV power forecasting include the use of transposition models, temperature
forecasting and PV modeling. The alternative strategy is to directly forecast the PV power
based on historical values (i.e., time series forecasting). Machine learning algorithms have
evolved and grown considerably in the recent few years, and nowadays, there are available
tools that integrate machine learning algorithms with forecasting schemes. The library
skforecast is a good example of a tool that makes it easier to use scikit-learn machine learning
regressors as forecasters.

Decision tree regressors such as XGBoost and Random Forest have been explored
in this work as forecasters for BIPV power hourly forecasting. Both deterministic and
probabilistic forecasting schemes have been applied to two BIPV arrays (south and east
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façades) monitored in a building in Madrid (Spain). Furthermore, XGBoost and Random
Forest can be effectively integrated into a deterministic forecasting scheme. In both cases,
the use of exogenous variables (i.e., those variables that can be securely known in the
future), such as clear sky irradiance, solar geometry-related variables and shading patterns
in the building, resulted in more accurate forecasted hourly values. The minimum mean
absolute errors achieved were around 40% for the south array and close to 30% in the case
of the East array. In addition, probabilistic forecasting has been explored using the XGBoost
regressor with bootstrapped residuals. Better results were found for the East array, where
the coverage of the forecasted interval was 78%. This work has shown the potential of these
new forecasting tools for both deterministic and probabilistic forecasting of BIPV power on
an hourly basis. The combination of different machine learning algorithms and different
forecasting strategies (e.g., recursive multi-steps, hyper-parameter tuning, back-testing)
could conduct more accurate results. Future work is expected in this regard to explore new
forecasting schemes.

5. Conclusions

PV power forecasting is essential in managing the electrical grid and storage systems.
In the particular case of BIPV, with the increasing growth of its deployment, it can be
even more important. This paper has explored two machine learning algorithms based of
decision trees in forecasting BIPV power from time series of power. Random Forest and
XGBoost are able to forecast directly PV power with much better performance when highly
correlated variables are used as exogenous variables. Random Forest achieved, in general,
slightly better RMSE than XGBoost for most cases in deterministic forecasting. However,
the best accuracy was observed in case 3, with XGBoost showing an RMSE of 0.89 kW and
0.21 kW for south and east arrays, respectively; moreover, very similar RMSE results of
0.9 kW and 0.20 kW for south and east arrays were found in the case of Random Forest. In
probabilistic forecasting, XGBoost was used for south and east arrays with good results
within the 10–90% interval.

XGBoost algorithm presents the advantage of a very easy and fast implementation
method in forecasting schemes (as the skforecast library), having fast execution and making
possible the use of both deterministic and probabilistic forecasting strategies based on time
series forecasting. This versatility makes it a very interesting option in machine learning
forecasting techniques for BIPV applications.
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