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Abstract: Wind–solar towers are a relatively new method of capturing renewable energy from solar
and wind power. Solar radiation is collected and heated air is forced to move through the tower. The
thermal updraft propels a wind turbine to generate electricity. Furthermore, the top of the tower’s
vortex generators produces a pressure differential, which intensifies the updraft. Data were gathered
from a wind–solar tower system prototype developed and established at Kyushu University in Japan.
Aiming to predict the power output of the system, while knowing a set of features, the data were
evaluated and utilized to build a regression model. Sensitivity analysis guided the feature selection
process. Several machine learning models were utilized in this study, and the most appropriate
model was chosen based on prediction quality and temporal criteria. We started with a simple linear
regression model but it was inaccurate. By adding some non-linearity through using polynomial
regression of the second order, the accuracy increased considerably sufficiently. Moreover, deep
neural networks were trained and tested to enhance the power prediction performance. These
networks performed very well, having the most powerful prediction capabilities, with a coefficient
of determination R2 = 0.99734 after hyper-parameter tuning. A 1-D convolutional neural network
achieved less accuracy with R2 = 0.99647, but is still considered a competitive model. A reduced
model was introduced trading off some accuracy (R2 = 0.9916) for significantly reduced data
collection requirements and effort.

Keywords: hybrid renewable energy systems; wind–solar tower; regression; power prediction; deep
learning; artificial neural networks; convolutional neural networks

1. Introduction

Modern humans have a high-consumption lifestyle that is not sustainable [1], and it is
is destroying intergenerational equity, depleting natural resources, failing to maintain an
ecological balance, and violating the rights of subsequent generations to inherit a livable
world [2]. The world is leaning towards reducing emissions and the greenhouse gas (GHG)
effect to control the global warming crisis. The climate change conference held by the
United Nations in Paris, 2015, aimed to reduce the global temperature by 2 ◦C compared to
the pre-industrial level [3].

The key to achieving this goal is replacing fossil fuels for energy production with re-
newable energy sources [4]. Sources of renewable energy are sustainable (naturally replen-
ished, so it is not anticipated that they will run out on a human timescale), environmentally
friendly, and can meet the needs of global energy production. These resources include
sunlight [5], wind [6], waterfalls [7], ocean energy [8], and geothermal heat [9]. Also,
enhancing the performance of energy harvesting techniques is important, and it requires a
deep understanding of the physical phenomena. For example, in the case of wind turbines,
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the performance could be enhanced by relying on nonlinear analysis and state-of-the-art
experimental and numerical investigations [10–12].

Solar energy can provide up to 93% of the renewable energy production [13]. There
are so many ways to harvest solar energy, either directly through photovoltaic (PV) solar
cells [14,15], or indirectly through solar collectors of different types. Examples of solar
collectors are flat plate solar collector [16,17], parabolic trough, which focuses the heat
from the sun on a line [18,19], and parabolic dish, with a single point focus [20,21]. Solar
Chimney Power Plant (SCPP) is being used mainly for energy production [22] and its
thermal updraft towers were reportedly used for natural ventilation in buildings [23,24],
and for water desalination [25,26].

Tremendous research efforts have been directed toward establishing novel renewable
energy systems with high performance and efficiency as we strive for a sustainable energy
future. For the grid operator to make informed decisions regarding energy dispatch
and storage, or to perform feasibility studies of renewable energy system installment,
accurate power prediction has become crucial [27,28]. Recently, hybrid systems with
multiple renewable energy sources have been devised [29]. Emerging renewable energy
schemes exploit combinations of solar and wind energy sources [30]. There are various
designs that can be used to implement such schemes, with wind–solar towers being a
popular option [31,32]. Accurate prediction of wind–solar towers’ power using a set of
features in an artificial intelligence-based model has the potential to significantly improve
power forecasting.

1.1. Wind–Solar Towers

The physical basis of the operation of wind–solar towers (WSTs) is the phenomena
of hot air rising to generate airflow streams (greenhouse effect), and the fact that air flows
from high to low pressures (buoyancy effect), as shown in Figure 1. The generated airflow
streams are of two types, namely thermal updraft and suction updraft. These streams rotate
a wind turbine to generate electricity. A WST structure consists mainly of three components:
a collector for heating the air, a chimney in the middle of the collector for the heated air to
escape, and a wind turbine at the entrance of the chimney to produce electricity through
the pressure difference across the turbine.

(a) Utilizing solar energy (b) Utilizing wind energy

Figure 1. A schematic illustration of the power generation process in the wind–solar towers [33].

Solar and wind energy-based hybrid renewable energy systems are relatively new.
Solar chimneys which generate power solely from solar energy are outperformed by such
systems [22]. Solar chimneys were first designed by Leonardo Da Vinci, who envisioned
the chimney tower as a smoke jack 500 years ago [34]. Solar towers, on the other hand,
were not proposed for power generation until the nineteenth century. Since then, solar
towers have undergone various modifications and improvements [22].

In Manzanares, Spain, the first solar tower prototype has been implemented by a team
led by Jörg Schlaich [35,36]. The Manzanares prototype’s main specs were a high chimney
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of 200 m and a collector diameter of 244 m, and it successfully generated a power of 50 kW.
Subsequently, Haaf et al. [37,38] investigated mechanisms for electricity generation using
solar chimney power plants (SCPPs). More solar power systems were thus set up in other
countries [39] and further studies sought improved power generation methods [40,41].
SCPPs use a large area and have large requirements for construction [42]. They are best
suited to countries with vast land, which is cheap and rich in solar flux, like deserts [43–45].
However, improvements to the efficiency of SCPP can be achieved by using hybrid systems
which utilize more than only thermal updraft for power production, e.g., utilizing wind
energy, as in WST systems [33], shown in Figure 1b. Later on, new WST variants were
introduced [46,47], with different methods for wind power utilization.

Improvements to the efficiency of WST can also be achieved by tuning the design
parameters. Changing the dimensions, configurations, and inclination angles of the col-
lector and/or the chimney can result in a significant improvement in the efficiency. Many
analytical, numerical, and experimental studies have been performed for that reason. Inno-
vations for design parameters like divergent tower [48–50], sloped collector entrance [51],
and chimney-base fillet [52,53] were investigated and reported an efficiency improvement.

Many other parameters can affect the performance of WST, for instance, the heat flux,
thermal boundary conditions, heat storage systems, and materials used for the collector
roof and for the chimney. Numerical and experimental approaches have been used to
study such effects and optimize the overall WST performance [48,54–56]. One of the very
effective techniques for the prediction of different parameters’ effects on the performance
of energy systems is the artificial intelligence technique [57,58].

1.2. Learning Methods

Machine learning (ML) and deep learning (DL) methods represent key artificial intel-
ligence (AI) subfields, and they have gained significant research momentum within the
past few years because of their outstanding potential in modeling nonlinear input–output
relationships for regression and classification problems. These powerful methods extend to
be applied to multivariate problems where the numbers of features or input variables are
considerably large. The ML and DL methods proved a huge success in natural language
processing (NLP), pattern recognition, computer vision, medical diagnosis, bioinformatics,
hurricane assessment [59], as well as the management of the novel coronavirus (COVID-19),
and even in student performance prediction [60], and many other applications.

In the renewable energy field, ML/DL have been utilized for many applications,
mainly for prediction of the renewable power [61] or the power output of renewable energy
systems like wind energy systems [62,63], solar systems [64,65], and other systems, like
biomass- and hydrogen-based systems [66]. We should highlight that, recently, there have
been several studies utilizing ML/DL for thermal towers only [67,68] or systems that utilize
wind only [69]. The studies of hybrid systems using ML/DL [70] are unrelated to WST.

The ML/DL methods are currently available in user-friendly software libraries [71]
such as Scikit Learn, TensorFlow, Keras, Pytorch, and CNTK. ML has a wide range of
methods/models used for many tasks such as prediction and classification. Among those
methods are network-based models like NN and CNN, which are considered as a category
of ML called DL.

The ML/DL methods or tasks can be categorized into four categories [72] based on
the pattern of learning supervision (whether data are labeled or not). According to these
categories, supervised learning is the suitable formulation for our problem/task. As the
data are collected from certain sensors, the data are labeled. Also, we need to predict the
power output based on certain input feature values, so it is a regression task. The collected
dataset is considered tabular data [73].

Notice that NN and CNN are suitable for our physical application with dataset entities
collected using sensors as numerical values since the results could be justified with solid
mathematical equations. The new boom of large language models (LLMs) [74] will not
be suitable in our case since we do not have textual data. Also, LLMs are not preferred
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with tabular data, as they need high computational power and have many parameters to
be tuned. Even with large tabular datasets, there are some suggestions to use some lighter
ML models, like gradient boosting [75], instead of DL models like NN and CNN [76].

There have been a few proposed approaches for the modeling of WST systems; how-
ever, the performance of such approaches could decline with scale variations [77]. With the
collection of adequate data, ML models could have better generalization capabilities, toler-
ate weather variations, and lead to better modeling and prediction of problems in renewable
energy systems. In this paper, the data collected from a wind–solar tower prototype de-
veloped and established at Kyushu University [33,78] will be used for predicting the WST
power output using a deep learning approach. The authors have previously employed
simple ML techniques for WST thermal updraft modeling and prediction [79]. However,
predicting the power output for wind-turbine-equipped WST systems is more complicated,
and necessitates the use of deep learning methods. Hence, since the WST is considered
a new hybrid renewable energy system, there is no data-based power prediction using
ML/DL for this system.

1.3. Contribution and Organization

This paper extends our earlier work [79] in which we described in detail the wind–
solar tower prototype developed at Kyushu University, and modeled a wind-turbine-free
WST system to predict thermal updraft using linear regression. Accurate power prediction
could be used for feasibility studies at proposed deployment locations. In our current work,
we aim to construct a more elaborate regression model for WST power output prediction
when a wind turbine is incorporated into the WST system. With a wind turbine installed,
classical ML methods were insufficient for predicting accurate power output. In this work,
a deep learning approach is introduced for a more accurate WST power output prediction
model. To achieve our goal, we evaluated multiple machine learning models based on
quality metrics and selected the best model that balances accuracy and speed. By knowing
a set of features like temperature, solar radiation, and wind speed, we could predict the
power output using our NN model.

This paper is divided into five main sections. Section 2 describes the data collection
process, and provides preliminary data analysis. In Section 3, predictive models and
performance evaluation metrics are briefly reviewed. In Section 4, power prediction
results are presented for methods of linear regression and nonlinear polynomial regression.
In Section 5, we further present detailed results for the deep learning approach. Finally,
Section 6 concludes the paper and points out future research directions.

2. Data Collection and Analysis

In this section, we will show the process of data collection and the correlation analysis
of all the data for the sake of the feature selection process.

2.1. Experimental Setup and Data Description

Data were gathered using sensors mounted on an established WST prototype for
2 setups:

• WST with no wind turbine: WST system’s output for this setup is the thermal updraft
(CH2-7). This case was analyzed in the authors’ previous paper [79].

• WST with a wind turbine: WST system’s output in this setup is the power generated
from the wind turbine (CH3-2).

For data collection, the employed sensors are described in [79] and their locations
are shown in Figure 2. Table 1 summarizes the data types collected from all channels and
Table 2 shows the basic statistical values of the collected dataset of 358,751 samples. In this
paper, we will focus on the WST configuration equipped with a wind turbine. This wind
turbine has a rotor diameter of 1380 mm, like the wind lens turbine [80]. The wind blade
is of the MEL type developed at the National Institute of Advanced Industrial Science
and Technology (AIST) [81]. The blade was designed in Furukawa’s Laboratory of the
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Department of Mechanical Engineering at Kyushu University [82]. The data were collected
over a 10-month period, leading to 358,751 samples after averaging and data cleaning.

Table 1. Channel description and units of the collected WST measurements [79].

Channels Description Unit

CH1-1 : CH1-10 Temperature (at the base/collector) ◦C
CH1-11 Wind speed [Not Used—replaced by CH2-4] m/s
CH1-12 Temperature of the outside air ◦C
CH1-13 Temperature inside the tower ◦C
CH1-14 [ - ] -
CH1-15 Wind direction (outside the tower) ◦

CH1-16 Wind turbine speed [Not Used—replaced by CH3-1] rpm

CH2-1 Solar radiation (by a pyranometer) kW/m2

CH2-2 Electricity generation capacity (inside the collector) kW
CH2-3 Electricity generation capacity (outside the collector) kW
CH2-4 Wind speed of the outside air, u m/s
CH2-5 Wind turbine output [Not Used—replaced by CH3-2] kW
CH2-6 Wind turbine rotation speed [Not Used—replaced by CH3-1] rpm
CH2-7 Internal ascending wind speed, w (at the rotor) m/s
CH2-8 Wind direction (at the rotor) ◦

CH3-1 Wind turbine speed rpm
CH3-2 Wind turbine power output mW
CH3-3 Voltage after rectification V

Table 2. Statistical data of the collected dataset.

Mean Std Median Min Max

CH1-1 15.883930 10.182027 17.005128 −4.886447 46.015385
CH1-2 22.838014 11.073108 23.926740 1.476190 55.380220
CH1-3 −23.146420 40.460299 −58.956777 −59.947253 49.633824
CH1-4 9.604102 28.064369 18.502514 −59.873260 57.870330
CH1-5 23.455295 12.954458 23.926007 −0.119414 65.056410
CH1-6 22.208231 13.394067 22.536785 −1.655678 64.850549
CH1-7 21.797247 11.382459 22.837363 0.054212 58.169963
CH1-8 23.435457 12.596312 23.887179 0.715018 65.205861
CH1-9 23.764470 12.989383 24.152381 0.258521 61.990476

CH1-10 24.392065 11.179543 24.721612 1.219048 55.293187
CH1-11 0.770427 0.843193 0.493407 0.371913 12.127253
CH1-12 18.590188 9.094985 19.993407 −0.939927 42.008059
CH1-13 21.766755 10.837656 22.880957 1.054350 53.625416
CH1-14 0.006526 0.002010 0.006418 0.000974 0.016168
CH1-15 162.373576 80.910417 165.445252 1.146113 358.577127
CH1-16 35.300166 50.193472 21.460317 −12.000000 546.046398
CH2-1 0.158096 0.266467 0.005613 −0.037444 1.510260
CH2-2 0.000317 0.000454 0.000122 0.000000 0.003373
CH2-3 0.002149 0.001351 0.002015 0.000020 0.008262
CH2-4 1.452632 1.196944 1.154133 0.255487 12.407637
CH2-5 0.259529 0.222899 0.225967 0.032336 1.948046
CH2-6 0.033535 0.063375 0.008568 0.000000 0.652137
CH2-7 1.295922 0.681615 1.274382 −0.086350 5.324969
CH2-8 52.918118 49.960923 31.695513 4.703755 4177.547495
CH3-1 49.347027 77.631788 0.000000 0.000000 343.550833
CH3-2 980.748950 2093.888824 2.266667 0.000000 30,242.133333
CH3-3 4.375860 6.432452 0.252700 0.034283 24.647483
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Figure 2. Sensor locations within the WST system [79].

2.2. Correlation Analysis

We investigated the pairwise correlation for all pairs of WST input features according
to the Pearson correlation coefficient (PCC), and the best uncorrelated features were selected
based on that. The correlation results are visualized as a heatmap as shown in Figure 3.
As a subset of this, the correlation of the WST output power with each WST input feature is
computed as a sensitivity measure of the power output with respect to the input features.
For all WST input–output pairs, the absolute PCC values are shown in Figure 4.

Figure 3. Heatmap visualization of the pairwise correlation for all pairs of WST input features based
on the PCC.

According to Figure 4, all correlation values are fairly significant. So, no features
can be confidently discarded. Instead, all features shall be examined in the subsequent
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regression analysis. However, the features of solar radiation [CH2-1] and wind turbine
speed [CH3-1] are probably the most important ones based on their high correlation with
the output power. For the regression model, the output is the power output [CH3-2] which
will be modeled/predicted, and the inputs are all other features stated in Figure 4.

Figure 4. Bar chart of the absolute values of the PCCs between the output power [CH3-2] and each of
the WST input features.

3. Predictive Models

In this section, we will show how the regression models are assessed and how to avoid
the overfitting problem. Then we will give a quick overview of the deep learning technique.

3.1. Performance Assessment

For constructing and evaluating predictive models of the WST output power, the col-
lected experimental data samples were split into training, testing, and validation sets.
The training set was assigned 70% of the samples for model training. The test set had 20%
of the samples for model testing based on specified quality metrics. About 10% of the
data was allocated to the validation set whose elements have never been used in model
training. The validation samples will be used to evaluate the generalization performance
of the trained model. The validation set could be chosen based on certain criteria. In our
work, the validation set contains exactly the largest amount of measurements collected in
the first day of experiments.

For output power prediction, multiple models were trained. The derived models were
largely complex and difficult to grasp, except for the linear regression model. The model
performance is evaluated for the testing data by comparing the model prediction to the
ground-truth power output measurements.

During the training of the model, quality metrics were utilized as cost functions that
needed to be minimized. The cost functions can be minimized by different optimization
algorithms such as the gradient descent one. For the test data, the quality metrics were
used for performance evaluation. The quality metrics used in this work are explained in
detail in the authors’ previous paper [79]. In the machine learning topic, the quality metrics
are considered the performance measure that judges the accuracy/capabilities of the model.
Usually, the coefficient of determination (R2 ∈ [0, 1]) is used, as it shows a normalized
accuracy representation.

3.2. Model Representation

In this work, we will choose the mean-square error as the performance measure or
the cost function from the set of quality metrics. Our goal is to identify the feature weight
values that minimize the mean-square error. The following is a mathematical representation
of the minimization problem [83]:

minimize
θ

1
2m

m

∑
i=1

(

Predicted value︷ ︸︸ ︷
hθ(x(i)) −

True value︷︸︸︷
y(i) )2

︸ ︷︷ ︸
cost function J(θ)

(1)
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To numerically solve this minimization problem, a gradient descent algorithm will be
used [84] with the following update rule:

repeat until convergence {θj := θj − α
∂

∂θ
J(θj)︸ ︷︷ ︸

Derivative term

} (2)

where α is the learning rate which represents the steps. θj is the j-th feature and j is from 0
to the number of features m. The symbol := denotes an iterative update process, which has
two cases:

• Derivative term has a negative sign: θj will decrease approaching the local mini-
mum point.

• Derivative term has a positive sign: θj will increase approaching the local mini-
mum point.

We do not need to worry about getting stuck in local minima because the cost function is
convex and has one global minimum point.

3.3. Over-Fitting Problem

Over-fitting is a common explanation for the poor generalization performance (ex-
pressed by high generalization error) of a predictive model on new test data.

When the available data are divided into three sets, the number of samples used for
model training is reduced. As a result, the results can depend on the random selection
pattern of the training and validation samples. This dependence can be reduced through
a cross-validation (CV) scheme. In this scheme, a test set is held out for final evaluation,
but a validation set is no longer needed. Specifically, for the k-fold CV scheme, the training
set is equally split into k subsets. Each of the k folds undergoes the following procedure:

• The model is trained based on (k−1) data folds.
• The trained model is tested according to the remaining data fold. This fold being treated

is used as a test set to compute the mode’s performance according to quality metrics.

The output performance measure of the k-fold cross-validation scheme is the average
of all values computed through the loop. While this scheme has a high computational cost,
it effectively exploits datasets with small numbers of samples.

3.4. Deep Learning Overview

In this subsection, a quick overview of the NN representation and the tuning strategy
for the NN architecture is given.

3.4.1. NN Representation

Artificial neural network (ANN) models have been gaining increasing research focus
because of their remarkable potential in modeling nonlinear input–output relations. Gener-
ally, the artificial neural networks mimic the behavior of the biological neural networks of
the human brain. A “neuron” in an ANN is a biological-neuron-like mathematical function
that collects and classifies information according to some predetermined architecture. Re-
cently, in the DL era, it has become more common to shorten ANN to NN and still refer to
the mathematical neural network, not the biological one.

NN is essentially composed of layers of interconnected nodes. Figure 5 shows the
adopted NN model (with two hidden layers) for WST power output prediction. Each
node in the network model is a perceptron that is basically used to perform multiple linear
regression. The perceptron feeds the input signals into an activation function. The activa-
tion function will determine the output of the learning model, its accuracy, and also its
computational efficiency. An activation function can be made linear or nonlinear according
to the complexity of the prediction. Figure 6 shows a schematic representation of a single
perceptron that involves linear summation and nonlinear activation operations.
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As mentioned above, in a neural network or multi-layered perceptron (MLP), per-
ceptrons/neurons are arranged in interconnected layers. The input network layer collects
input patterns, while the output layer returns predicted classification or regression outputs.
In our work, the adopted network is used to predict the WST power output. The weights
and biases within the hidden layers are fine-tuned, and the margin of error of the network
is minimized. The hidden layers essentially extrapolate the salient features of the input
data that have high potential for predicting the WST output power.

x1

x2

...

xn

Predicted output power ŷ

Hidden
layer

Hidden
layer

Input
layer

Output
layer

Figure 5. An artificial neural network for single output prediction with 2 hidden layers.

a[l−1]
3

a[l−1]
1

a[l−1]
k

a[l−1]
2

...

Σ

b[l]j

Bias

g
Activation
function

a[l]j = y

Output

w[l]
j,3

w [l]
j,1

w
[l]

j,k

w [l]
j,2

Inputs weights

Z[l]
j

a[l]j

Figure 6. The representation of a single neuron for the jth node in the lth layer of a neural network
architecture.

3.4.2. Hyper-Parameter Tuning

A neural network has many parameters to be tuned. In this subsection, we will present
the tuning strategy that we followed.

• # hidden layers: We usually chose three to five for the scale of our problem. We tried
three, four, and five hidden layers. Increasing the number of layers could increase the
accuracy slightly but with a huge increase in training and evaluation time. Sometimes,
the complexity that comes from increasing the number of layers could lead to a small
reduction in accuracy, as it will be shown later in Figure 15.

• # neurons in each hidden layer: We follow the strategy of choosing powers of 2 in a
descending way while going deeper within the hidden layers [85] (for four hidden
layers: 512-256-128-64).

• # input neurons: One per input feature.
• # output neuron: One per prediction dimension.
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• Hidden activation functions: We used exponential linear unit (ElU). However, there
are many other activation functions that could be used based on the type of prediction
task [86].

• Output layer activation functions: Could be linear, RelU (for positive outputs),
and Tanh (bounded outputs).

• Optimizer: We chose “Adam”, as it combines the RMSprop and momentum techniques.
• Learning rate: It could affect the performance dramatically. Choosing smaller values

will lead to better accuracy, but with higher computational cost. We used a value of 0.001.
• Batch size: Like learning rate, smaller values will lead to better accuracy, but with

higher computational cost. However, it is better not to use a batch size less than 32.
• # epoch: We used a high number then used a callback to scan the whole domain and

return the epoch that leads to the best accuracy. However, this is used only when we
have enough computational power and time. If we lack these two factors, we could
use early stopping techniques, which stop once the error starts to increase.

• Drop-out and Regularization: Used to solve the overfitting problem. These two pa-
rameters will be tuned by trial, as it will be shown later in Figure 15.

Notice that no normalization is needed before feeding the data to the NN [72].

3.4.3. CNN Representation

Convolutional neural networks (CNNs or ConvNets) are a class of artificial neural
networks which are widely used in image processing applications for classification tasks.
However, it could be used for regression tasks, such as 1-D ConvNet. CNN has superior
performance with image, speech, or audio signal inputs. The ConvNets are constructed of
a Conv part, a pooling part, and a fully connected feed-forward NN. The Conv part is the
core building block of a ConvNet and it has three hyper-parameters:

• Number of filters: Affects the depth of the output.
• Stride: The distance that the filter/kernel moves over the input matrix.
• Zero-Padding: Used when the filters do not fit the input matrix.

Following each convolution operation, a ReLU transformation is applied introducing non-
linearity to the model. Then, there is a pooling part to reduce the volume size. In the end,
the volume is flattened and will be an input for a feed-forward NN, as shown in Figure 7.
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Figure 7. Illustration of main components of ConvNets (numbers are just for example to show conve
and pooling operations). Note that the * symbol represents the convolutional operation.

4. ML Results

This section represents the results of different ML algorithms for WST power prediction
and we compare these algorithms according to several quality metrics as well as the training
and evaluation times, as shown in Table 3. The best model is thus presented in detail.
Standard Scikit learn implementations were used for all machine learning algorithms [87].
Detailed descriptions of the quality metrics can be found in [79].
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Table 3. Power prediction quality metrics (performance measure) for multiple models. Red boxes
highlight the models that we will focus on.

Model MSE R2 Max Error Exp. Var. MAE Train Time Evaluation Time

Neural Networks 19,857.778221 0.995460 5685.913585 0.995462 51.245220 5632.759634 2.616292 × 10−5

Decision Tree Regressor 33,498.168299 0.992341 5836.616667 0.992342 56.810956 8.828785 1.371223 × 10−7

Gradient Boosting 34,502.391054 0.992112 7462.057059 0.992112 61.865121 219.236386 9.038692 × 10−7

Non-linear Regression 34,526.695194 0.992106 6904.443909 0.992106 88.490677 4.647073 6.831196 × 10−6

linear Regression 717,393.478707 0.835984 16,571.690531 0.835984 506.781286 0.392245 3.883074 × 10−7

Ridge Regression 720,205.905602 0.835341 16,545.019265 0.835341 507.364975 0.400614 1.285000 × 10−7

Lasso Regression 729,781.443313 0.833152 16,995.194940 0.833152 506.802259 28.659264 1.387964 × 10−7

Adaptive Boosting 792,388.384346 0.818838 7101.254203 0.956526 785.552367 63.345530 4.403798 × 10−6

Elastic Net Regression 860,393.191587 0.803290 21,024.517318 0.803290 526.140660 28.262666 1.390596 × 10−7

SVM Regressor 1,022,548.0001 0.766216 22,071.330 0.766919 436.70750 100.11386 7.860384 × 10−8

The results in Table 3 show that power prediction performance based on linear re-
gression is not accurately sufficient (contrary to its good performance in predicting the
thermal updraft [79]). The non-linear polynomial regression shows acceptable performance
outcomes. Gradient boosting is an ensemble model which depends mainly on the used
models and needs intensive hyper-parameter tuning. The decision tree model has a lot of
hyper-parameters to be tuned and has a tendency to overfit. The neural networks seem to
be the most promising models. Table 3 is considered a quick guide to help decide which
model will be suitable for our dataset.

To understand how powerful the neural network is, we evaluate
√

MSE = 140.92,
which represents the error value within the power output range. Knowing that the power
output varies from 0 to 30,242.1333, this means the error percentage is 0.466%. Later,
we will present more deep learning results based on Keras/TensorFlow 2.16.2 libraries,
which gives us more control over the hyper-parameter tuning process, resulting in a more
accurate model.

Other parameters to be considered while choosing a suitable model are the training
time and evaluation time. The training time is the time that the model takes to be trained.
After the model is trained, new input data could be used to predict the output; the required
time for the process of one sample is the evaluation time. In practice, it is possible to take
time building the model, but in real applications, the evaluation time is crucial.

We will show the linear regression model and visualize its results in the two fol-
lowing subsections. Its performance is thus enhanced through hyper-parameter tuning.
Afterwards, the results of the non-linear polynomial regression model shall be explored.

4.1. Linear Regression Model

Here, the linear regression (LR) model results of WST power prediction will be pre-
sented. The LR model is represented mathematically as follows:

ŷ = hθ(x) = θT · x =
[
θ0 θ1 . . . θn

]


x0
x1
...

xn

 (3)

where θ is a column vector of model parameters, including the bias term θ0 and the feature
weights θ1 to θn, where n is the number of features (n = 26 in our work). Also, x is a column
vector of the features x0 to xn, with x0 always equal to 1. Finally, hθ is the prediction or
hypothesis function, and ŷ is the predicted value.

Figure 8 indicates the accuracy level of the linear regression model. The green line
with the 45◦ slope represents a perfect model. The LR model (in red) clearly deviates
from the perfect model (in green). The prediction error is very high, as shown in Figure 9.
In Figure 10, the temporal patterns of the true and predicted power values are shown with
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the blue and orange lines, respectively, for the LR model on the validation set. The two
lines representing the true and predicted values do not fully overlap.

(a) Validation set (b) Test set (c) Train set

Figure 8. True values vs. predicted values of the LR model.

(a) Validation set (b) Test set (c) Train set

Figure 9. Histogram of the prediction error of the LR model.

Figure 10. Temporal patterns of the true power output [CH3-2] values (blue line) and the correspond-
ing predicted values (orange line) for the linear regression model on the validation set.

4.2. Tuning Ridge Model

In this subsection, we seek to enhance the performance of the linear regression model
by tuning its hyper-parameters. For this, we will use the ridge regression model, built in sci-
kit learn [87], which is a variant of the linear regression model with more hyper-parameters.
The best hyper-parameter values are found through a random search approach followed
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by a grid search within reduced search regions [88]. The best hyper-parameter settings
were found to be ’alpha’ of 0.1 with normalization, no fit intercept, and a Cholesky solver.
Figure 11 shows that this fine-tuning resulted in little enhancement where the accuracy is
still largely the same. So, we explored a non-linear regression modeling approach to try to
achieve better power prediction performance.

Figure 11 shows that the enhancement due to tuning is not huge and the accuracy still
not acceptable. So, we have to go for non-linear regression.

Figure 11. Power prediction performance comparison between the linear regression and fine-tuned
ridge regression models based on several quality metrics.

4.3. Non-Linear Regression Model

In this subsection, we present the WST power prediction results for a simple second-
order polynomial regression model. This model can be represented mathematically as:

ŷ = hθ(x) = θ0 + θT
1 · x + θT

2 · x2 (4)

Figure 12 shows that the curve of the non-linear polynomial model (red) closely
matches that of the perfect model (green). A visual comparison of Figures 8 and 12 shows
that the non-linear polynomial model is superior to the linear regression one. Figure 13
shows histograms of the prediction errors made by the non-linear regression model on the
validation, test, and training sets, respectively. Figure 14 shows the temporal variations of
the true power output values (blue line) and the associated predicted values (orange line)
for the non-linear regression model on the validation set. Indeed, a good agreement can be
observed between the true values (blue line) and the predicted values (orange line).

(a) Validation set (b) Test set (c) Train set

Figure 12. True values vs. predicted values of the non-linear regression model.
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(a) Validation set (b) Test set (c) Train set

Figure 13. Histogram of the prediction error of the non-linear regression model.

Figure 14. Temporal patterns of the true power output [CH3-2] values (blue) and the corresponding
predicted values (orange) for the non-linear polynomial regression model on the validation set.

5. DL Results

In this section, we will present the deep learning results, using feed-forward NN and
convolutional neural network, in the following two subsections.

5.1. NN Results

For neural network implementation, we created a regression-based deep neural net-
work with exponential linear unit (ElU) activation functions [86] using TensorFlow and
Keras [89] libraries. We experimented with three hidden layers of 256, 128, and 64 neurons,
respectively. Also, we used an Adam optimizer [90] for over 500 iterations, and we used call-
back to return the best number of epochs instead of using an early-stopping criterion [91].
For regularization [92], we used a dropout technique to avoid overfitting [93].

Table 4 shows a summary of the deep learning architectural features including the
dimensions of the dense layers, the number of trainable parameters in each layer, and the
total number of trainable parameters. Note that there is no transfer learning method that
has been used which makes the non-trainable params equal to zero. Also, the batch size is
variable, which makes the output shape include “None”.

Table 4. Keras model summary for a network of 3 hidden layers.

Layer (Type) Output Shape No. Param

dense-1 (Dense) (None, 256) 6912
dropout-1 (Dropout) (None, 256) 0
dense-2 (Dense) (None, 128) 32,896
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Table 4. Cont.

Layer (Type) Output Shape No. Param

dropout-2 (Dropout) (None, 128) 0
dense-3 (Dense) (None, 64) 8256
dropout-3 (Dropout) (None, 64) 0
dense-out (Dense) (None, 1) 65

Total params: 48,129
Trainable params: 48,129
Non-trainable params: 0

Following the tuning strategy presented in Section 3.4.2, we performed 36 trials,
according to the dropout and regularization parameters, per each three- and four-hidden-
layer architectures, as shown in Figure 15.

(a) 3 hidden layers (b) 4 hidden layers

Figure 15. Heatmap visualization of the tuning of dropout and regularization, based on R2 qual-
ity metric.

Then, the best-tuned model is selected. According to Figure 15, using three hidden
layers with dropout = 0.5% and no L2 regularization leads to R2 = 0.99734.

Figure 16 highlights the evolution of the training and test losses with training epochs.
After the model has been trained to an acceptable error threshold, it can be utilized to
forecast WST output power values for unfamiliar/new input features. It could be noticed
that the error dropped dramatically within the first hundred epochs then become steady.

Figure 16. Evolution of the MSE-based training and test losses (learning curve) of the proposed deep
learning model for WST output power prediction.
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Figure 17 shows the true values vs. predicted values of the NN model. If we visually
compare Figures 12a and 17a, it is obvious that the neural network is better than the
non-linear regression, as the red and green lines are almost identical. Figure 18 shows
the true and predicted values of the validation set. By comparing Figures 14 and 18,
the superiority of NN over non-linear regression could be noticed, especially at the high
power output values.

(a) Validation set (b) Test set (c) Train set

Figure 17. True values vs. predicted values of the NN model.

Figure 18. Temporal patterns of the true power output [CH3-2] values (blue line) and the correspond-
ing predicted values (orange line) for the deep learning model on the validation set.

5.2. CNN Results

For network implementation, we created a regression-based 1-D convolutional neural
network with four convolutional layers using TensorFlow and Keras [89] libraries. These
layers are constructed of two parts: conv part and pooling part. The conv part consists of
filter size = 3, Padding = “same” to make the output size of each conv part equal to the
input size, and strides = 2. Also, the number of filters was chosen in an ascending way
(8-16-32-64). Each conv part was followed by an “average pooling” part with pool size = 2.
The output of the four convolutional layers was passed to a fully connected feed-forward
neural network of two layers with 64-32 neurons and ELU activation function. The Adam
optimizer with learning rate = 0.001 was used for the learning process.

Even though CNN has high prediction capabilities, it did not enhance the accuracy,
as shown in Figure 19. Also, it needs more computational cost, as the training time and
evaluation time are almost doubled compared to NN results of the previous subsection.
Consequently, we will stick with the NN model with three hidden layers.
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Figure 19. Power prediction performance comparison between a neural network with 3 hidden layers
and 1-D convolutional neural network models based on several quality metrics.

There are other methods used with tabular data, such as TabNet [94]. It is designed for
tabular data with a large number of features, as it uses sequential attention to choose which
features to reason from at each decision step. The results showed that it is not suitable for
our dataset with 26 features only.

Table 5 summarizes the results of the models we tried in ascending order according to
accuracy. Figure 20 is a visual representation of the same information in Table 5.

100 101 102 103 104

Training time (seconds)

0.84

0.86

0.88

0.90

0.92

0.94

0.96

0.98

1.00

R
2

LR

NLR
CNNNN

TabNet

MSE

11656.6

717393.4

Figure 20. Visual performance comparison according to R2, MSA, training time.

Table 5. Summary of the results.

Model Tool R2 MSE MEA

LR Scikit Learn 1.2.2 0.835984 717,393.4 506.78
TabNet PyTorch 2.3.1 0.0.98485 66,567.3 93.04
NLR Scikit Learn 0.992106 34,526.6 88.49
NN Scikit Learn 0.995460 19,857.7 51.24
CNN TensorFlow 0.99647 15,450.28 45.87
NN TensorFlow 0.99734 11,656.59 41.75
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5.3. Reduced Model

Following the same investigation as [79], we used essential features to make predic-
tions. According to Figure 4, the essential features are the temperature of the outside air
[CH1-12], the temperature inside the tower [CH1-13], solar radiation [CH2-1], wind speed
of the outside air [CH2-4], thermal updraft [CH2-7], wind direction (at the rotor) [CH2-8].
The power production prediction was not accurate, as we were still missing a feature to
represent the wind turbine. After adding the wind turbine speed [CH3-1] as a feature,
the prediction improved dramatically, going from R2 = 0.7693 to R2 = 0.9916. Figure 21
represents a comparison between the results of the reduced feature model (six features)
and the model after adding wind turbine speed as an enhancing feature, according to the
scores of quality metrics. Both models are based on NN with three hidden layers.

Figure 21. Power prediction performance comparison between reduced feature model and model
after adding wind turbine speed feature, based on several quality metrics.

If we compare the numbers of the blue bars (NN, full features) in Figure 19 and orange
bars (NN, reduced features + WT speed feature) in Figure 21, we could notice that the
decrease in accuracy is not huge, as R2 reduced from 0.99734 to 0.9916. This means that
the reduced model has slightly lower accuracy than the full-feature model, but it saves
significant time and resources by measuring less data.

This sequence of results aims to provide a complete guide for researchers interested
in WST, to decide which model is suitable for their case. For instance, researchers who
have built a WST prototype but did not use sensors to measure all the possible features can
use the reduced model. Other researchers who have high computational power and want
more accuracy can use the ANN model, and if they care more about the time instead of the
accuracy, they could choose the NLR model, and so on.

6. Conclusions and Future Work

Effective management and feasibility of renewable energy systems as sustainable
solutions require accurate power prediction. In this work, we demonstrated machine and
deep learning approaches for output power prediction in wind–solar tower systems. We
used experimental data from a wind–solar tower prototype designed and established at
Kyushu University in Japan. We explored linear and nonlinear multivariate regression
models, and then chose suitable models according to several quality metrics as well as the
computational cost.

• A simple linear regression model has been used to predict the power output of the
WST system. However, despite parameter fine-tuning of the model, the resulting
coefficient of determination R2, with a value of 0.836, is not sufficiently accurate.
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This can be explained by the nonlinearity of the wind turbine employed with the
WST system.

• A non-linear regression model shall improve the accuracy of prediction. A second-
order polynomial regression model was in fact an improvement and the accuracy of
prediction measured by R2 has increased to an acceptable value of 0.992. The main
advantage of the NLR is the acceptable computational time compared to the predic-
tion accuracy.

• For higher accuracy of prediction, network-based DL models can outperform the
classical ML methods. Two different DL models were used in this study, namely ANN
and 1-D CNN models. ANN was found to be superior to the CNN model in terms of
computational and evaluation time cost, and the higher accuracy of prediction with
R2 of 0.997734 for ANN compared to 0.99647 for CNN.

Among the four models, ANN showed the best capabilities in predicting the power
output and can be used with confidence in the feasibility studies to choose the deployment
locations, provided that computational power is available. Otherwise, NLR is sufficient,
with a slightly lower accuracy in case the computational power is not high enough. Finally,
feature reduction has been explored, but while keeping a feature to represent the turbine.
This causes a slight reduction in accuracy but with great effort and resource savings.

For future work, we shall explore weather conditions and measurements in order to
select suitable locations for WST system deployment such that the power generation is
maximized. Also, we plan to enrich our WST power prediction model with additional
inputs, including measurements for differentiating between rainy and dry days, as well
as factors of natural precipitation inside the WST collector. These additional inputs shall
enhance the model’s accuracy for the whole year. ML/DL algorithms could also be used for
improving the design of wind–solar towers, through careful investigation of tower design
factors, such as the tower inclination angle, the tower height, the diameter of the tower
base, the turbine distance from the tower base, etc. Combinations of these factors can be
experimentally explored and used to train machine learning models in order to achieve
optimal WST design.
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