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Abstract
In the last three decades, the human population has rapidly increased and 

continues to do so leading to a severe impact on the requirement of energy 
needs. Nanotechnology is a technology of opportunity that offers a wide variety 
of resources to address the issues associated with energy as smaller than 100 
nm components and appliances present new opportunities for energy capture, 
storage, and exchange. The high energy demand has started a quest for alternative 
renewable sources of energy, especially solar energy can satisfy the growing 
power demands without exhausting conventional resources. Different types of 
nanomaterial are used to harness solar energy to meet the required needs and 
solar irradiance (SIR) is a crucial component of solar applications. The precise 
forecasting of SIR helps in the efficient management of solar energy systems and 
is of prime importance task. In this study, different technology that harnesses SIR 
with the help of nanomaterials has been discussed and further, a deep learning 
(DL) based model is designed to forecast the amount of solar energy that will be 
produced at a given site. This study uses NASA’s solar irradiation historical data 
(from the date 1/1/2010 to 31/12/2021) of India’s North Central Region (NCR). 
The experiment results depict the higher performance of the proposed hybrid 
model as compared to the ML (machine learning), LSTM and GRU individually 
on different parameters such as MSE (mean squared error), RMSE (root mean 
squared error), MAE (mean absolute error) and R2.
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Introduction
SIR performs a vital role in maintaining the ecology of the earth. The alteration 

in ecology will trigger a chain of amendments in atmospheric and external 
temperature, hydrological life cycle, and carbon sequestration. These variations in 
the atmosphere will impact the overall socio-economic development of society. 
SIR is the principal source of the sun’s energy on our planet, and it is a clean, 
renewable source of energy like solar power which has tremendous potential for 
reducing our dependence on fossil fuels as well as our role in climate change. Solar 
power was predicted to increase the global renewable energy capacity by 133 GW 
(+19%) in 2021 [1], a total of 849 GW, this represents 28% of the sustainable 
energy portfolio and as per international energy global photovoltaic (PV) of 
1370 TWh in 2022 with an increase of 270 TWh (26%). The non-dispatch 
ability or unreliable nature of PV generation, which is reliant on meteorological 
factors, most notably cloud dynamics, poses several challenges to the operation 
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energy to improve power consumption and reduce wastage.

Use of nanotechnology in designing solar cells

Nanotechnology is widely used in various phases of solar 
systems such as active and passive solar systems and storage 
systems. Active solar systems convert the energy from the sun 
into the different forms of energy for which they use electrical 
or mechanical equipment. Solar collectors are active solar 
cells that are based on nanofluids such as carbon nanotubes, 
Al2O3 and water-TiO2 for the effective transmission of heat. 
It has been observed that there is an improvement of 28.3% in 
efficacy as of water. 

Fuel cells (type of active solar cell) have low emission and 
high efficacy and are based on electro-catalyst or membrane 
materials such as proton exchange membrane fuel cells, meth-
anol fuel cells, and Nafion membrane. Solar PV is one of the 
most popular active solar cell types which directly converts 
solar energy into either heat or electricity at the same time. 
The solar PVs are designed using semiconductor materials 
and nanofluids for cooling systems. A hybrid PV system is 
designed using P3HT/Cds/CSDE/TiO2 nanorod cell array.

Forecast of solar energy for solar cells using SIR

The output of PV can be forecasted using SIR using 
various predictive modeling techniques described in figure 1. 
The forecasted output can be utilized to enhance power grid 
management and planning for supporting various applications 
[6]. To effectively manage energy reserves and follow loads, 
forecasts of solar irradiation over the next several hours are 
required. 

The SIR time series data can be used for quantitative fore-
casting, and we can utilize historical information to anticipate 
future samples. On average, SIR is believed to be consistent 
for instance, in any given year, summer has the highest month-
ly average solar irradiation while winter has the lowest. Yet 
the time series data is inherently unpredictable and strongly 
influenced by the passing of clouds [7] and other atmospheric 
factors. The expansion of renewable resources and the necessi-
ty of upgrading the current electric system are both prompted 
by the uncertainty of the price and availability of fossil fuels 
and the public’s increasing awareness of the dangers of climate 
change. The use of renewable energy sources has the potential 
to provide numerous monetary and societal gains. However, 
problems, such as intermittent, sometimes arise when trying 
to incorporate these sources into the electric power grid. As 
a result, forecasting methodologies can help reduce the inter-
mittent nature of the services by providing consumers with in-
sight into future trends and enabling them to take precautions 
accordingly [8].

Direct measurement of SIR is the oldest and most accu-
rate method for SIR acquisition, but its uses are limited by 
the cost of instruments and large landscape area [9]. Along 
with these instruments, different types of computing methods 
are also used for determining SIR namely, physical, statistical, 
empirical, ML and DL based models as shown in figure 3. The 
physical models are based on representing local physical char-
acteristics by correlation equations and achieve high accuracy 
but require many parameters that are hard to obtain [10, 11]. 

of electricity networks with substantial penetrations of PV 
generation. Given that variable PV generation can result in 
power flow inversion, which results in voltage and frequency 
changes as well as an imbalance among both energy supplies. 
The rising cost of fossil fuels and the declining cost of PV 
system integration has been accelerated by increased PV panel 
production [2].

The phrase “nanotechnology” is the partition, amalgama-
tion, and distortion of material by one molecule/atom and in 
terms of size particles having features as large as 100 nm are 
considered nanoscales as shown in figure 1. Nanotechnology 
provides ways to develop new industries that are cost-effective 
and lead to sustainable growth. In the energy sector, nanotech-
nology has the potential to contribute significantly to utilizing 
the energy generated from the sun in storing and generating 
efficiently. Solar cells are considered mainstream renewable 
energy resources as they are available at less cost as compared 
to other resources. Solar cell technology can be used to harness 
solar radiation with greater efficacy and satisfy the global clean 
energy requirements. The nanoparticles have played a greater 
role in harnessing solar energy and this development is shown 
in figure 2.

One of the most important sources of renewable energy is 
PV systems which are simply solar-powered frames that gen-
erate electricity from sunlight [4].

Role of nanotechnology in harvesting solar energy

Nanotechnology can play a significant role in hosting 
the solar system to fulfill the sustainable energy requirements 
with respect to preservation, storage, etc. Nanotechnology 
can be used to achieve the following objectives. Modifying 
the interface of light with materials and assisting the uses of 
low-cost semiconductors in devices such as PVs. Designing 
effective photocatalysts for the transformation of the sun’s 
energy into chemical fuels. Conversion of various forms of 

Figure 1: Length of real material and nanomaterial [3].

Figure 2: Development in solar cell technology [5].
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ularity as these networks have excellent feature extraction ca-
pabilities as compared to ML-based techniques. Furthermore, 
the DL can handle the noise from irrelevant data and establish 
non-linear connections. A deep neural networks-based model 
named SIPNet is proposed for the prediction of SIR, it uses 
features of the LSTM model to handle the unsteadiness of PV 
output [21]. A hybrid model of CNN and LSTM model is 
designed to predict SIR of different time stamps and the mod-
el performs better than ML-based techniques [22, 23]. DL 
and adaptive portfolio theory-based technique is used to pre-
dict the SIR from 12-year hourly interval data [24]. Similarly, 
a hybrid framework consisting of CNN and GRU is designed 
to predict SIR [25]. A CNN model is used to delineate cloud 
features which in turn are used to predict SIR and results are 
more promising than direct methods [26].

By extensive literature survey, it has been observed that 
DL-based method has promising results as compared to ML 
and other traditional methods. But the DL-based model also 
suffers from the issues of (i) Handling 1-D data directly as 
data is collected from different geographical sites and features. 
(ii) Difficulty in generalization of the model to fit the data. In 
this work, to resolve these challenges a novel framework based 
on stacking of LSTM and GRU is proposed to predict the 
levels of radiation. The major objectives of the proposed work 
are as follows: (i) Highlight the importance of nanotechnol-
ogy in the development of sustainable development of energy 
resources (ii) Development of a hybrid model based on DL 
technologies to forecast the SIR of the NCR region of India 
using historical data of 10 years. (iii) The hybrid model used 
data from multiple cities of NCR regions across the span of 
~250 km (iv) The performance of the model is accessed on 
different evaluation metrics. The remainder of the paper is 
structured as follows, the material and methodology used for 
the study are described in Section 2. The experimental results 
are described and discussed in Section 3 and finally, the work 
is concluded in Section 4.

Materials and Methods
In this section, the dataset, methodology, and parameters 

used to evaluate the performance are described. The proposed 
method is divided into three stages namely data-collection, 
pre-processing of the data, designing of a hybrid deep learning 
model to produce reliable predictions or forecasts of SIR, and 
finally performance evaluation. The flow chart of the proposed 
approach is described in figure 4.

Data collection and description

The dataset used in this work is obtained from website 
(https://power.larc.nasa.gov/data-access-viewer/) [27] for 
the seven cities (Faridabad, Ghaziabad, Gurgaon, New 
Delhi, Panipat, Rohtak, and Sonipat) of NCR of India. The 
data is comprised of 30681 rows and 20 columns as features, 
and every feasible criterion is computed after the data is 
collected. For the prediction of SIR precisely, the proposed 
hybrid model is trained on time series data collected for the 
period of 01/01/2010 to 31/12/2021. The dataset consists 
of various features such as WS2M, PS, Prectotcorr, QV2M, 

The empirical methods utilize geographical meteorological 
parameters individually or in combination [12] to model the 
SIR data. The various researchers are motivated to combine 
internal and external inputs to improve the prediction perfor-
mance for SIR by the significant correlation between SIR and 
some meteorological indicators. Most of them, however, make 
their decisions regarding exogenous input data intuitively, ei-
ther by experimenting with different input variable combina-
tions and selecting the one that results in the lowest amount 
of forecasting error or by using constrained methodologies 
like Pearson’s coefficient of correlation, that essentially only 
recognizes linear relationships among variables. The main pa-
rameters used by researchers to establish the empirical relation 
include temperature [13], sunshine [14], and cloudiness [15]. 
The performance of empirical models hampers due to region-
al factors which degrade their performance. The information 
about SIR can also be forecasted using high-resolution re-
mote sensing images [16, 17]. The major advantage of remote 
sensing image-based SIR forecasting is their coverage of large 
areas and cloud information, but the image-based method 
suffers from issues such as the availability of high-resolution 
remote sensing images and computational overhead in image 
processing tasks.

In recent years due to enhancements in computation fa-
cilities ML techniques have gained popularity and surpassed 
the model discussed above over time because of their superi-
or capacity to identify nonlinear associations. ML-based SIR 
forecasting studies have been designed by various researchers 
which include support vector machine (SVM), artificial neu-
ral network, Random Forest, etc. The SVM-based regression 
(SVR) model is built to predict the daily SIR furthermore the 
performance of different kernel functions of SVR is analyzed 
in the prediction of SIR [18]. However, this method suffers 
from the issue of overfitting which is resolved by a hybrid ap-
proach using fuzzy regression functions along with SVR [19]. 
The artificial neural network-based framework is designed 
to predict an hourly solar radiation-based prediction system 
in Trabzon province it is based on a cause-effect relationship 
[20]. 

In the last 5 years, deep neural networks have gained pop-

Figure 3: Models used for prediction of SIR [2].

https://power.larc.nasa.gov/data-access-viewer/
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RH2M, T2MWET, T2M, ALLSKY_KT, ALLSKY_SFC_
SW_DWN, CLRSKY_SFC_SW_DWN, TS, T2MDEW, 
ALLSKY_SFC_UVB, ALLSKY_SFC_UV_INDEX, 
ALLSKY_SFC_UVA, and WS10M, the description of these 
features along with their unit of measurement is presented in 
table 1 and correlation between various features in shown in 
figure 5.

Data pre-processing
Data preprocessing involves filtering of data, detection, 

and elimination of null, nan values, and missing values [28]. 
This method uses a statistical technique to calculate the 
average value (the middle point) in a set of data. The data will 
be first sorted ascendingly, and then the median is found from 
there [29].

( )n 1
Median th value

2
+

= 			   (1)

The number of observations, denoted by n. To find the 

middle number, one must first arrange the data from least to 
greatest. 

Furthermore, the dataset also suffers from outliers which 
is a data point that is noticeably higher than or lower than its 
neighbours and the rest of the data points in the dataset. This 
can be eliminated by using a quartile which can be obtained by 
dividing the total number of pieces of data into four approxi-
mately equivalent halves, the third quartile statistical method 
can be used to exclude outliers from the data.

Proposed hybrid framework

In this work, we employ a stacked framework consisting 
of (LSTM and GRU-based neural networks trained on time 
series data for SIR prediction, drawing inspiration from both 
recurrent neural networks and simple dense networks. Our 
proposed model makes use of a hybrid approach, incorporating 
LSTM shown in figure 6 and GRU shown in figure 7 into a 
structure comprised of dense layers and Activation functions. 

Recurrent Neural Network (RNN) models such as LSTM 
[30], 1D-CNN, and GRU [31] perform well on time series 
data to forecast and predict accurately over a period. LSTM 
network comprises input, output, and hidden layers and its ba-
sic cell structure is shown in figure 7. The time-variant input 
features ( ) xF XI t R∈  are processed by the hidden layer that 
has an input, output, and forget gate. The input features and 
memory blocks are updated by X time and generate the cur-
rent state vector ( ) nR t R∈ . The output vector ( ) nY t R∈  
depends on the earlier step state vector ( )1 NR t R− ∈ and 
( ) NY t R∈ . At forget layer sigmoid function is used to de-

cide to update the current cell vector which can be represented 
as follows:

Table 1: Features details.

Name Description Unit of measure

WS2M Wind speed at 2 meters (m/s)

PS Surface pressure (kPa)

PRECTOTCORR Precipitation corrected (mm/day)

QV2M Specific humidity at 2 meters (g/kg)

RH2M Relative humidity at 2 meters (%)

T2MWET Wet bulb temperature at 2 meters (C)

T2M Temperature at 2 meters (C)

ALLSKY_KT All sky insolation clearness index (dimensionless)

ALLSKY_SFC_SW_DWN All sky surface shortwave downward irradiance (kW-h/m2/day)

CLRSKY_SFC_SW_DWN Clear sky surface shortwave downward irradiance (kW-h/m2/day)

TS Earth skin temperature (C)

T2MDEW Dew/frost point at 2 meters (C)

ALLSKY_SFC_UVB All sky surface UVB irradiance (W/m2)

ALLSKY_SFC_UV_INDEX All sky surface UV index (dimensionless)

ALLSKY_SFC_UVA All sky surface UVA irradiance (W/m2)

WS10M Wind speed at 10 meters (m/s)

Figure 4: Proposed methodology.
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( ) ( ) ( )1gI t I t Y t bσ ω µ= + − +   		         (2)

The output of the intermediate cell is calculated at the thin 
layer ( )ϕ  as,

( ) ( ) ( )1s t I t Y t bϕ ω µ= + − +   		         (3)

Where, ( )1t p t t pP W Y x bσ − = +   and b is the weight metric and bias input to 
forget gate. 

LSTM eliminates the issue of a vanishing gradient, and 
the sigmoid function is multiplied by each of these gates indi-
vidually. Whenever the value of a gate is 0, it is assumed that 
the data does not contain any useful information and is thus 
discarded.

Whereas the GRU [32] is like LSTM but computation-
ally efficient as a single state vector is used instead of both and 
can store and modify information stored in two gates (update 
and reset). This reduces the matrix multiplications are makes 
it computationally efficient when we have large training data. 
The basic GRU cell is shown in figure 8. At time t, when cur-
rent state input (Rt) and previous state output (Yt-1) are used 
to calculate the update gate as:

( )1t p t t pP W Y x bσ − = +  			          (4)

and the reset gate (rt) obtained by merging of forget and input 
gate is obtained as:

( )1t r t t rr W Y x bσ −= +   			          (5)

The candidate state (ht) is computed as 
( )1tanht h t t t hh W rY x b−= − +   where σ(.) is the sigmoid func-

tion, Wj and bj  ( ), , ,j p r h y∈  are corresponding weighed ma-
trix and bias. Which (pt) Xt the reset gate uses current state 
input (Xt) to find the data stored in the previous state (ht-1) can 
be avoided to calculate candidate state (ht) and the output of 
GRU is calculated as:

( ) 11 .t t t t tY p Y p h−= − + 	  		         (6)

This work proposed a hybrid approach of LSTM and 
GRU model to address this issue. Both traditional and cut-
ting-edge deep learning methods were utilized due to the time 
series and regression components of our dataset. To enhance 
the SIR forecast accuracy and decrease prediction time, in this 
work a hybrid model based on stacking of LSTM -GRU is 
proposed. The architecture of the proposed model is shown 
in figure 8. The proposed model consists of four hidden layers 
two for each LSTM and GRU each layer has 100 neurons. 
The output of the first two LSTM layers is passed to GRU 
during training. The large number of parameters generated by 
LSTM layers are reduced by GRU layers and makes the mod-
el computationally efficient. The hyperparameters (learning 
rate, optimizer, loss function etc.) used by the proposed hybrid 
model are presented in table 2.

Performance evaluation metrics
The performance of the proposed hybrid model is evaluated 

on different statistical parameters such as MSE, RMSE, 
MAE, and R2 all of which are determined by comparing the 
difference between an anticipated result and an actual value 
[33]. These metrics can be calculated as follows:

1

1 z

m m
m

MAE y y
z =

= −∑  				          (7)

2

1

1 z

m m
m

MSE y y
z =

= −∑  			          (8)

2

1

1 z

m m
m

RMSE MSE y y
z =

= = −∑ 

		         (9)
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∑
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			        (10)

Figure 5: Correlation analysis of SIR and features.

Figure 7: Architecture of cell of GRU.

Figure 6: Architecture of cell of LSTM.
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Where, , ,and Zm my y  is the real SIR, predicted SIR and 
total number of samples of SIR.

Results and Discussion
The experiments are performed in Google Colob’s 

environment using Karas with TensorFlow in the backend and 
Adam as an optimizer on GPU NVIDIA 1650 GTX with 
16 GB of RAM. The experiments are performed on historical 
data collected from different cities of the NCR region. The 
proposed model first uses two LSTM layers and has a large 
number of parameters then the model superimposes two 
GRU layers which increase the performance of the proposed 
hybrid model by reflecting prediction accuracy, computational 
time and multiple factors expansively. The training data is 
divided into training and validation samples using the k-fold 
validation technique. The performance of the proposed hybrid 
model is compared with different DL models.

Comparison with DL models

	To assess the efficiency of the proposed hybrid model, 
the empirical results are matched with other RNN-based 
DL models such as LSTM and GRU and the results are 
summarized in table 3. The LSTM and GRU model with the 
dense layer having 100 neurons and hyperparameters are the 
same as used in the proposed hybrid constant as presented in 
table 2 are implemented for performing intuitive comparison. 
The proposed hybrid model has obtained the best results 
as compared to LSTM and GRU models in all evaluation 
metrics. In the MSE parameter the proposed model has 
obtained 0.0611 as compared to 0.0892, 0.0987 of LSTM and 
GRU respectively and the LSTM model has performed worst. 
The hybrid model has an RMSE of 0.2437 which is far better 
than the LSTM of 0.2987 and GRU of 0.3142. Similarly, the 
proposed model has obtained the best results in MAE and 
R2 metrics as compared to counterpart models and the GRU 
model has obtained the worst results in MAE and R2. The 
loss occurring during the training and validation phase of the 
proposed model and counterpart models is shown in figure 9.

By investigating the experimental results, it has been ob-
served the proposed hybrid model has outperformed the tra-
ditional ML and DL models. The proposed hybrid model has 
observed better performance in all evaluation metrics for SIR 
forecasting.

Conclusion
In this work, the role of nanotechnology in harnessing 

solar irradiance to meet sustainable energy needs is discussed. 
Furthermore, a hybrid deep neural network method to forecast 
near-term SIR. The performance of the hybrid models is 
compared with the existing DL models on different evaluation 
metrics. The proposed model has obtained better performance 
as compared to ML techniques such as SVM, random forest, 
and XG-boost. Furthermore, the hybrid model obtained 
better performance as compared with individual deep learning 
frameworks LSTM and GRU. In future studies focus on 
analyzing and contrasting the efficacy of a wide variety of DL 
techniques, including RNN, GAN, CNN, and Bi-LSTM, 
as well as a few optimization strategies, including genetic 
algorithms and PSO.
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Figure 8: Architecture of proposed hybrid model.

Figure 9: MSE loss during training of DL models (a) LSTM model, (b) 
GRU model, and (c) Proposed hybrid model.

Table 2: Hyper parameters used.

Name Type of parameter

Model Sequential

Type Recurrent neural network

Approach Hybrid (LSTM + GRU)

Neurons 150,100,1

Activation Relu

Learning rate 0.00001

Loss MSE

Optimizer Adam

Table 3: Comparative assessment of DL models with the proposed hybrid 
model for SIR forecasting.

Models MSE RMSE MAE R2

LSTM 0.089 0.2987 0.2415 0.9942

GRU 0.099 0.3142 0.2501 0.9937

Hybrid model 0.061 0.2437 0.1957 0.9956
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