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Abstract 
 

This Solar cell power generation has been employed widely. Battery storage becomes an important part of ensuring output 
availability. However, battery prices and technologies are costly. Hybrid generation for daylight supply becomes one of the 
solutions. This paper proposed hybrid solar cell-diesel power generation. Diesel power generation should maintain overall 
power requirements to fulfill demand. Since irradiation changes relative to the sun's position on the earth, solar cell power 
output varies overtime. As the solar cell output changes overtime, the diesel power generation should be determined. The 
differences between the predicted solar power and the energy demand determine the energy amount that the diesel 
generator should provide. In order to provide prediction, convolutional neural networks utilizing multilayer perceptron with 
hyper-parameter optimizations and statistics transformation, as well as data transformation, are employed. However, solar 
cell data is highly overfitted. The folded and time-shifted gramian angular field and recursive plot are then proposed. As a 
result, the proposed methods can reduce overfitting on solar cell datasets to increase the prediction performances. 
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1. Introduction 

The popular world issues include environmental pollution, 

energy crisis, and global warming. As those matters are getting 

more attention, renewable energy is considered one of the 

solutions to the energy crisis.[1] Even dough solar sunlight 

reaching the earth's surface is thousands of times higher than 

what humans need now,[2] the conversion efficiency and the 

usage are still limited. The use of solar energy is not 

independent of forecasting methods as the availability changes 

overtime and the resources should adjust themselves 

accordingly. As proposed in this paper, the use of deep 

learning algorithms has also been popular research for some 

time. Recurrent neural network (RNN) and long short-term  

 

 

 

 

 

 

 

memory network (LSTM) have been widely used in Ref. [3,4]. 

Solar cell power can be predicted periodically hourly as in Ref. 

[5], daily,[6] or for some viewpoints.[7] This paper sought the 

implementation of solar power prediction to predict the 

backup power required so that hybrid solar cell–diesel power 

generation can continuously provide sufficient energy for 

daylight energy requirements.  

As mentioned previously, even though solar power is 

abundantly available in nature,[8] short-term solar cell output 

prediction helps energy providers avoid energy shortages by 

predicting energy injection from other sources.[9] The hybrid 

solutions may also employ other renewable energy sources 

such as biomass, micro-hydro, and wind turbines.[8] However, 

these may generate additional issues. There will be more than 

one probabilistic-dependent energy source existing. Therefore, 

this paper chose diesel-generation as the main injector in 

hybrid power generation as the fuel component determines the 

output. 

Since the availability of solar energy is greatly dependent 

on solar irradiation and weather,[8] data on irradiation intensity, 
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ambient temperature and module temperature becomes the 

primarily important parameter in prediction.[10] Data recording 

depends on the locations where the system is implemented. 

The recorded data is prone to be intermittent, stochastic, and 

variable.[11] The cloud movement results in stochastic 

fluctuations. This also led to utilization efficiency, energy 

balance, and power stability problems. High-accuracy 

forecasting requires historical meteorological data and 

recorded electrical properties as training and testing datasets 

for deep learning models. However, dataset availability is so 

limited. Furthermore, weather forecasting data is also 

complicated. So that weather characteristics are limited only 

to solar cell environments to minimize complications.[12] To 

manage the prediction of solar cell–diesel hybrid capacity 

requirement, a solar cell output power pattern is processed 

using statistical approaches and image transformations before 

a deep learning algorithm is processed. 

Deep learning can be used to predict solar cell output in 

various time horizons: weekly, daily, hourly, and minutely. 

Short prediction requires the real-time irradiance mapping 

model,[13] while long-term forecasts require recorded data.[14] 

Nelega et al. classify time horizon predictions as intra-hour 

(less than 1 hour), intra-day forecast (1 hour - 6 hours), six 

hours today ahead (6 hours - 48 hours) and long-term forecasts. 

The short term is mostly for load prediction, while the long-

term is for bigger scenarios such as transmission management, 

trading, and asset optimizations.[15] 

Solar cell prediction may use physical, statistical, and 

machine learning approaches before using deep learning 

methods. The physical model uses mathematical equations to 

derive relationships between the physical state and solar 

irradiance.[16] The method depends on the climate and the 

dynamic solar irradiance, which results in a less accurate 

prediction. Statistical models observe the trend of historical 

time series and search for the mathematical relationship 

between historical data and the targeted parameter. Some 

statistical methods have been used for solar power prediction, 

such as the autoregressive model,[17]  autoregressive moving 

average (ARMA), autoregressive integrated moving average 

(ARIMA),[18] seasonal autoregressive integrated moving 

average (SARIMA),[19] and SARIMA with exogenous factor 

(SARIMAX).[20] Lastly, machine learning prediction in various 

applications, including solar cells, depends on the dataset 

performances and the observed parameters.[21] Some machine 

learning models, such as extreme learning machines (ELM), 

are employed.[22] Quantum-based machine learning algorithms 

have also been involved in many applications, including solar 

cell prediction.[23] 

Artificial neural networks (ANN) are often compared to 

machine learning and statistical methods in their application 

in predicting solar cell output. However, the deep neural 

network has replaced ANN to achieve higher accuracy.[24] 

Deep learning models such as convolutional neural network 

(CNN), recurrent neural network (RNN), long-short term 

memory (LSTM) have been widely used in solar cells.[25] RNN 

has a feedback connection to the stored information, making 

it frequently used for periodic data. However, RNN faces 

problems in long-term time dependencies as the gradient may 

vanish.[26] LSTM as the extended version of RNN is considered 

better in handling solar cell data.[27,28] The grid search 

algorithm for hyperparameter optimization increases 

prediction performances. Other optimization strategies also 

help deep learning achieve higher precision, such as multi-

input multi-output (MIMO) based optimization strategy.[29] 

Hyper-parameter optimization based on a tree-structured 

Parzen Estimator has also been introduced in Ref. [30], which 

iteratively uses historical parameters to create models. Other 

advancements in deep learning are also achieved by using 

hybrid models between machine learning and deep learning, 

such as GASVM and CNN-LSTM models.[31] Quantum 

computing was also introduced in deep learning, such as using 

a hybrid quantum long short-term memory (QLSTM) model, 

which combined variational quantum computing and LSTM.[32] 

The study shows that the predicted solar cell output tends to 

experience overfitting since the power generation pattern is 

repeated and almost in the same order. As a result, the 

prediction accuracy on new datasets is worsened. Various 

techniques have been suggested to reduce overfitting, such as 

early-stopping, network-reduction, expansion of the training 

data, and regularization.[33] Those techniques have been 

evaluated, but they generated similar patterns and did not 

successfully reduce the overfitting on solar cell datasets. This 

paper proposes an architecture for hybrid solar cell and diesel 

power generations and predicts the solar cell output by using 

folded time-shifted gramian angular field GAF-CNN and 

recursive plot RP-CNN. Some techniques were also assessed, 

including multilayer perceptron (MLP), GAF-CNN, RP-CNN 

with per row data labeling, high-low labeling, and per-day 

labeling. 

 

2. Experimental and theoretical section 

2.1 Hybrid architecture 

This paper uses the power generation model, as shown in Fig. 

1. The direct (DC) output of the solar cell is stored in the 

battery through a charger controller converted to alternating 

(AC) through an inverter. DC voltage ranges from 12 to 48 

volts depending on the 12 V battery arrangement and solar 

panel serial-parallel configurations. The charger controller has  
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Fig. 1 Hybrid power generation model. 

 

an upper and lower threshold for charging and discharging the 

battery to expand the battery lifetime. The inverter converts 12 

V to 48 V DC voltage to 220 V AC voltage.   

The electrical energy demand is fulfilled by combining 

solar cells and diesel generators. Diesel power generation 

requires fuel that should be predicted daily. Therefore, 

predicting the next day's power requirement is important to 

provide continuous services. 

Weather forecasting data, especially temperature, is easily 

obtained from the weather forecasting department, which is 

useful for predicting the output power of the solar cell. This is 

mainly used for energy planning related to hybrid power 

generation. In the case of the proposed architecture, fuel can 

be reflected from the predicted solar cell output. If the power 

demand is denoted as 𝐷𝑒𝑚𝑎𝑛𝑑𝑝𝑟𝑒𝑑  and the predicted solar 

cell output as 𝐶𝑒𝑙𝑙𝑝𝑟𝑒𝑑 Then, the required diesel power 

generation is determined using Equation 1. Diesel power 

prediction and fuel requirement depend on the generator type. 

However, this will be an easy task once diesel power is 

predicted.  

𝐷𝑖𝑒𝑠𝑒𝑙𝑝𝑟𝑒𝑑 = 𝐷𝑒𝑚𝑎𝑛𝑑𝑝𝑟𝑒𝑑 − 𝐶𝑒𝑙𝑙𝑝𝑟𝑒𝑑             (1) 

 

2.2 Folded time-shifted gramian angular field 

Since the daily solar cell power generation forms a repeated 

pattern each day, the daily pattern can be represented as a daily 

image. Therefore, images are used as input to neural networks. 

If a time series of X with n components are written as follows: 

𝑋 = {𝑥1, 𝑥2, … , 𝑥𝑛}, then it can be rescaled to the interval of 

[−1, 1] resulting in the Equation 2 expression.[34] 

𝑥̃ =
(𝑥𝑖−max(𝑋)+(𝑥𝑖−min(𝑋))

max(𝑋)−min(𝑋)
                        (2) 

Equation 2 can be converted into polar coordinates by 

converting values as angular cosine with radius r, as in 

Equation 3.[34] The value ti shows the time stamp and the value 

N is to regularize the span of the polar coordinate system.  

∅ = arccos(𝑥̃𝑖), −1 ≤ 1, 𝑥̃𝑖 ∈ 𝑋 ̃

𝑟 =
𝑡𝑖

𝑁
, 𝑡𝑖 ∈ ℕ

                 (3) 

As time increases, the corresponding ∅  and 𝑟  values are 

distributed at angular points on the spanning circles. The 

angular perspective of Equation 3 can be translated into the 

trigonometric sum as defined in Equation 4.[34] 

𝐺 = [

cos (∅1 + ∅1) ⋯ cos(∅1 + ∅𝑛)

cos(∅2 + ∅1) … cos(∅2 + ∅𝑛)
⋮

cos(∅𝑛 + ∅1)
⋱
…

⋮
cos(∅𝑛 + ∅𝑛)

]              (4) 

G is called as a Gramian matrix. By defining the inner product 

of  < 𝑥, 𝑦 >= 𝑥. 𝑦 − √1 − 𝑥2. √1 − 𝑦2 , Gramian matrix G 

can be expressed as Equation 5 [34]. 

𝐺 = [

< 𝑥̃1, 𝑥̃1 > ⋯ < 𝑥̃1, 𝑥̃𝑛 >
< 𝑥̃2, 𝑥̃1 > … < 𝑥̃2, 𝑥̃𝑛 >

⋮
< 𝑥̃𝑛, 𝑥̃1 >

⋱
…

⋮
< 𝑥̃𝑛, 𝑥̃𝑛 >

]                (5) 

The data series is transformed into matrix data as the CNN 

input maintains the raw time series data.[35] Some works have 

implemented GAF with multiscale CNN, fully convolutional 

network, GAF-MTF, recursive plot (RP)[36-38] and RPCNN. In 

GAF-MTF, MTF calculates the probability of transition using 

the Markov chain. The RP-based representation uses 2-D 

images to locate the position at which data tends to revert to a 

prior state. However, RP is sometimes imbalanced on the 

common datasets. ConvNet defined gramian angular 

summation field (GASF), gramian angular difference field 

(GADF), and MTF where images are combined by using RGB 

channels.[39] Google popularized the micro-moments GAF 

(M2GAF) and is mature enough to encapsulate energy data 

and contextual ambient conditions.Qu et al. constructed the 
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weighted voltage–current (WVI) trajectory, MTF, and current 

spectral sequence-based GAF (I-GAF) images, and CNN with 

energy-normalization and squeeze-and-excitation blocks (EN-

SE-RECNN) for electrical appliance recognition.[40] Chen et al 

used three single-channel GAF images within three channels 

RGB for load signatures.[41] Zhang et al. proposed learnable 

recurrent graph (LRG), learnable Gramian matrix (LGM), and 

generative graph (GG) for learnable process. More research 

can be found regarding GAF development.[42] 

This research proposes the folded time-shifted gramian 

angular field and recursive plot to reduce the overfitted data. 

The proposed method to reduce overfitting in solar cell power 

prediction is performed by applying two techniques. At the 

initial stage, a folded image for one day of data is performed. 

Assume that an image is converted from the series in Equation 

6.  

𝑌𝑡 = 𝑎𝑜𝑥𝑜 + 𝑎1𝑥1 + … + 𝑎𝑡−1𝑥𝑡−1                (6) 

This data is then folded into Equation 7 and Equation 8. 

𝑌𝑡
0 = 𝑎𝑜𝑥𝑜 + 𝑎1𝑥1 + … + 𝑎𝑡−1𝑥𝑡/2−1               (7) 

𝑌𝑡
1 = 𝑎𝑡−1𝑥𝑡−1 + 𝑎𝑡−2𝑥𝑡−2 + … + 𝑎𝑡/2𝑥𝑡/2          (8) 

The next step is shifting the time of neighboring 

components with differences less than a certain threshold. If 

the difference is less than the threshold, this value will be 

omitted and converted to zero. Otherwise, the value remains 

similar. This shifting will add variations to the dataset. The 

process is modeled by Equation 9.  

𝑎𝑖𝑥𝑖 =

{
0 𝑖𝑓 𝑎𝑏𝑠{𝑎𝑖𝑥𝑖 − 𝑎𝑖+1𝑥𝑖+1} < 𝑡ℎ𝑟𝑒𝑠ℎ𝑜𝑙𝑑, 𝑓𝑜𝑟 𝑖 = 1, 3, 5 …

𝑎𝑖𝑥𝑖  𝑖𝑓 𝑎𝑏𝑠{𝑎𝑖𝑥𝑖 − 𝑎𝑖+1𝑥𝑖+1} > 𝑡ℎ𝑟𝑒𝑠ℎ𝑜𝑙𝑑, 𝑓𝑜𝑟 𝑖 = 1, 3, 5 …
     

(9) 

The illustration is shown in Fig. 2. 

 

2.3 The experimental setup 

Research steps are illustrated in a flowchart, as shown in Fig. 

3. The initial step is choosing and cleaning the datasets. The 

statistical parameter is then assessed. The possible 

transformation dataset to get a better distribution may be 

applied afterward. The dataset is then modified to satisfy 

training and test requirements. The next step is to analyze the 

prediction performance, which involves deep learning 

execution, variations, modification, repeated experiments and 

performance plotting. The plotted electricity demand was 

assumed to be known, so the analysis focuses on solar power 

prediction. If these two parameters are known, the required 

power for a diesel generator can be calculated, and fuel 

prediction can be performed. Solar cell data should provide 

enough number of evaluated days so that patterns are 

sufficient. 

Data was taken and cleaned from GitHub repositories.[42] 

Samples are presented in Table 1. Data comprises 578 days of 

recordings from Nov 11, 2015, to Oct 31, 2017, 54 slot time 

every day, recorded every 10 minutes from 8.30 AM to 5.20 

PM. The dataset period has no impact on analysis as data is 

compared to its label. The expected data is often non-normally 

distributed, which makes prediction more difficult. Therefore, 

statistical data analysis is performed to obtain a better 

distribution. First, difference and fractional difference are 

applied to get a better distribution. Table 2 shows the 

properties of the original dataset. There are 30839 rows with a 

mean of 431.566, with skewness of 1.0195 and kurtosis of -

0.13. Data is not symmetric and is not normally distributed. 

The obtained datasets have distribution, correlation, and solar 

power samples, as shown in Fig. 4. It is clearly demonstrated 

that dataset distribution is not normally distributed. 

Neighboring data is too close as autocorrelation smoothly 

decreases, and the pattern is repeated daily. This is the biggest 

challenge, as the data is potentially overfitted. Data 

transformation is performed to enhance predictivity. 

 
Fig. 2 Folded time-shifted method. 
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Fig. 3 Research steps. 

Table 1. Solar cell power generation. 

SEQ Date  Time  Temp (°C) Power (W) 

1 11/11/2015 8:30:00 AM 17.9 0 

1 11/11/2015 8:40:00 AM 18.1 0 

2 11/11/2015 8:50:00 AM 18.3 0 

3 11/11/2015 9:00:00 AM 18.7 19 

4 11/11/2015 9:10:00 AM 19.2 33 

….. ….. ….. ….. ….. 

30834 10/31/2017 4:40:00 PM 23.2 31 

30835 10/31/2017 4:50:00 PM 23.0 26 

30835 10/31/2017 5:00:00 PM 22.8 15 

30835 10/31/2017 5:10:00 PM 22.4 6 

30835 10/31/2017 5:20:00 PM 22.1 2 

Table 2. Dataset statistics. 

Parameter Value 

count     30839 

mean (W)  431.566069 

std (W)  401.412382 

min (W)     0 

25% (W) 118 

50% (W) 276 

75% (W) 663 

Max (W)        1654 

Skewness:   1.019545109 

Kurtosis:   -0.13590065 

Transformation can be performed through normalization, 

regularization, and data selection on power, voltage, current, 

or other physical measure. Transformation can also be 

performed by choosing the correct labeling. This paper uses 

three approaches regarding labeling. 

 

3. Results and discussions 

Three approaches were used to define the dataset label to fit 

the requirements for predicting power. Since solar power is 

available only during days and the quantity was assumed 

insufficient to serve customer demand, diesel fuel should be 

projected to drive the generator during daylight. Dataset labels 

were designed to satisfy neural network processing as follows: 

Power prediction is used for dataset labels per row (per row 

labeling). Since datasets were taken every 10 minutes, power 

data is used as prediction labels per row as real generated 

power. This paper uses statistical approaches to dataset 

distribution and applies MLP for prediction. Power predictions 

are made as an increase or a decrease (high and low labeling). 

If the power in the current row of datasets is higher than that 

of the previous row, the label is set to high or "true". Otherwise, 

it is low or "false." This paper applies GAF-CNN and RP-

CNN for this step. Power predictions use power data as the 

sum of daily generation (per day labeling). This paper uses 

GAF-CNN, RP-CNN, and the proposed technique for this step. 

 

3.1 Per row labeling 

This article uses original data, first difference, and fractional 

difference datasets. Fig. 5a shows initial statistical data. Figs. 

5b and 5c show the first and fractional difference statistical 

data. The first difference is an ordinary least square (OLS) 

estimation obtained by taking the first differences over the 

dataset.[43] If Yt is the dataset, then the first difference is 𝑌𝑡 −

𝑌𝑡−1 . While fractional differences involve probability d and 

are modeled as: 

 𝑌𝑡 = 𝑑𝑌𝑡
1 + (1 − 𝑑)𝑌𝑡

0
.
                       (10) 

The MLP implementation uses the MLP Regressor Python 

library with a number of hidden layer sizes of 150. The 

activation method uses relu and adam as the optimizer, as 

shown in Fig. 6a. For training data, the first difference 

transformation has the highest R2 score of 0.832. In 

comparison, the test dataset is 0.35. However, overfitting is 

still an issue because test data is much lower than training data. 

On the other hand, original data and fractional difference data 

make MLP produce a negative R2 score for test data, which 

means that data is heavily overfitting. This shows that the 

method still produces bad performances. The correlation 

between predicted and real data is even worse, as shown in Fig. 

6b. 
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Fig. 4 Statistic properties of dataset: (a) The non-normally data distribution; (b) Autocorrelation with smooth changes; (c) Data 

variations. 

 

3.2 High and low labeling 

The GAF-CNN and RP-CNN are employed for power labeling 

generated into two classes: higher (true), which means that 

tomorrow's power prediction is higher than today's prediction; 

lower (false), which means that the tomorrow's power 

production is lower than of today. The temperature data as the 

feature data is converted to an image series using GAF, as 

depicted in Fig. 7. The true and false labels are contained in an 

array as data labels per row. Since data from 08.30 AM to 

105.20 PM includes 54 columns, the image is resized to 54×54 

resolution. 

Unfortunately, the result shows that the training data is 

overfitting, which causes training data to have accuracy 

reaching 91.2%, while test data accuracy decreases to less than 

40%. The plot is shown in Fig. 8. Further adjustment is 

performed by decreasing the number of nodes and layers and 

applying early stopping and regularization. However, the 

results are not far from the plotted performances. 

 

3.3 Per day labelling 

This paper then classified the generated power into five classes: 

0 ( 0-10000 power unit), 1 ( 10000-20000 power unit) , 2 

( 20000-30000 power unit), 3 ( 30000-40000 power unit), and 

5 ( 40000-50000 power unit). The data is then trained and 

tested by using both GAP-CNN and RP-CNN. Fig. 9 shows 

that the data is still overfitted.  

 

3.4 The proposed method 

The proposed methods produce additional dataset lines. The 

first line contains features from 08.30 AM to 12.00 AM, the 

second line is data from 00.10 PM to 05.20 PM as the folded 

components, and the third one is the shifted components. 

These additional lines help the model to predict various 

conditions. As a result, the overfitting phenomenon can be 

minimized by reducing losses and increasing accuracy for 

testing data. The dataset's composition is better than the 

datasets achieved by transformation. The prediction 

performance also gets better. The proposed techniques are 

applied to GAF-CNN and RP-CNN. Fig. 10 shows the 

performance improvements. 

(a)
(b)

(c)
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Fig. 5 Dataset transformations: (a) original data with non-normal distribution; (b) First difference with normal distribution; (c) 

Fractional differences plot. 

(a)

(b)

(c) Fractional difference
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Fig. 6 MLP performance: (a) R2 score; and (b) Prediction distribution. 

 
Fig. 7 Six samples of image conversions on datasets. 

 
Fig. 8 High-low labeling performance: (a) Loss and (b) Accuracy for various epochs. 

(a)
(b)

(a) (b)
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Fig. 9 Per-day labelling performance: (a) Using GAF-CNN; (b) Using RP-CNN performances. 

 
Fig. 10 The proposed folded and time-shifted performances: (a) Folded Time-shifted GAF-CNN; (b) Folded Time-shifted RP-CNN. 

 
Fig. 11 Power demand and solar cell capabilities. 

(a)

(b)

(a)

(b)
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Fig. 12 Diesel power prediction.

3.5 Diesel generator energy calculation 

When the demand for electricity and the predicted solar cell 

output have been analyzed, the expected power from the diesel 

generator can be calculated. The more accurate the solar power 

prediction, the more accurate the diesel power calculation. If 

it is assumed that energy demand achieves 80% of the 

maximum solar cell output, the sample of the power plot is 

illustrated in Fig. 11. The yellow line shows the demand. Solar  

cells can only provide requirements fully when solar cell 

output is at its peak. But diesel generators fill the gap because 

solar power is lower than its peak.  

Diesel power requirement is obtained from the demand and 

the predicted solar power differences. A sample of calculations 

is shown in Fig. 12. Generator fuel calculation depends on 

generator specification, as each generator type has a different 

fuel-energy mapping. 

 

4. Conclusions 

This paper has examined solar cell datasets, applying various 

approaches to make prediction possible for hybrid solar cell 

and diesel power generations. Dataset applications make use 

of various labeling approaches, including per-row data 

assessment, high-low power generation and per-day power 

generation. Multilayer perceptron, GAF-CNN and RP-CNN 

were employed, as well as regularization and drop-out. 

However, even though several efforts had been tried, datasets 

remained overfitted, represented by high accuracy for training 

data but low accuracy for test data. The proposed folded 

technique divided data into up and down parts, separating 

increasing and decreasing solar power during morning and 

afternoon. After that, neighboring data with almost similar 

values is then shifted, resulting in zero for one of them. 

Applying this approach to GAF-CNN and RP-CNN reduced 

the overfitting phenomenon significantly. Next-day power 

generation can be predicted more concisely using this 

proposed technique so that the required diesel power can be 

predicted. 

For future work, it is recommended that further 

modifications and combinations are performed for both data 

transformations and image analysis techniques before CNN 

processing. In addition, some periods of data samples have 

rapid changes in measured power. Others have slower 

variations. These conditions can be taken into consideration 

for further partial dataset adjustment to reduce overfittness. 
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