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Introduction
India’s energy demand could rise to over 3% annually until 2030 due to urbanization and 

industrialization in the country as per International Energy Agency [1-3]. To meet the rising 
energy demand as well as to combat pollution, the most easily available and inexhaustible 
source of energy is solar. However, it is intermittent and diurnal nature. The power output 
of the solar power plant mainly depends on the incident solar radiation. So, forecasting 
of power output from solar plants is necessary to maintain the stability of the grid which 
needs to be balanced for frequency disturbances. The need for solar radiation forecasting is 
important as the main challenge is to integrate a large number of renewable resources into 
the conventional energy structure. Accuracy of the forecast of resource data remains essential 
to a power plant’s efficient operation during its service life. Better forecasting may position 
renewable energy technologies toward continuous growth and deeper penetration into the 
global energy mix. The main problem arises due to the intermittent nature of renewable 
resources, making it difficult to predict its output in advance.

Crimson Publishers
Wings to the Research

Research Article

*Corresponding author: Ravi Kumar 
K, Department of Energy Science 
and Engineering, Indian Institute of 
Technology Delhi, India

Submission:  December 06, 2022
Published:  January 26, 2023

Volume 2 - Issue 2

How to cite this article: Suraj Chand, 
Naveen Krishnan and Ravi Kumar K*. 
Medium-Term Forecasting of Solar 
Radiation Using Hybrid Modelling.  Peer 
Rev J Sol Photoen Sys. 2(2). PRSP. 000534. 
2023.

Copyright@ Ravi Kumar K*, This article is 
distributed under the terms of the Creative 
Commons Attribution 4.0 International 
License, which permits unrestricted use 
and redistribution provided that the 
original author and source are credited.

1Peer Review Journal of Solar & Photoenergy Systems

Abstract
The demand of energy is continuously increasing as a consequence of industrial growth and advancements 
in both developed and developing countries. Among other renewable energy resources, solar energy is 
one of the cleanest and abundantly available energy resources. However, it is sporadic and diurnal in 
nature. The accurate forecasting of solar radiation becomes essential for the effective utilization of solar 
energy. In this study, efforts are made to predict solar radiation on daily basis 24-hours ahead of time 
for the location of New Delhi (28.54 °N, 77.19 °E) which can be beneficial for day-ahead energy trading 
and grid operation. Statistical models such as random forest regression tree, recurrent neural network 
based Long Short-Term Memory Model (LSTM) and a hybrid model are used for the prediction of Global 
Horizontal Irradiance (GHI). The hourly dataset used for the prediction of GHI is obtained from NREL 
(National Renewable Energy Laboratory) from 2015 to 2020. It includes input features such as year, 
month, day, hour, temperature, pressure, relative humidity, wind speed and sky clearness index. 

The input features are used to construct models for forecasting the global horizontal irradiance of New 
Delhi, India (28.54 °N, 77.19 °E). The performance of the models is evaluated by metrics such as Mean 
Absolute Error (MAE), Mean Square Error (MSE), Root Mean Square Error (RMSE) and coefficient of 
determination (R2). The results of the hybrid model are obtained as MAE of 26.22W/m2, MSE of 1304.45W/
m2, RMSE of 36.11W/m2 and R2 of 0.98 W/m2. The results indicate that the hybrid model outperforms 
the standalone models as it utilizes the features of both the random forest model and LSTM model to give 
improved R2 by 0.40% and 1.02% with respect to the random forest and LSTM model respectively. MAE is 
decreased by 2.42W/m2 and 5.97W/m2, MSE is decreased by 256.10W/m2 and 917.85W/m2 and RMSE is 
decreased by 3.38W/m2 and 11.02W/m2 with respect to the random forest and LSTM model respectively.

Keywords: Solar radiation forecasting; Global horizontal irradiance; Random Forest; Long Short-Term 
Memory (LSTM); Hybrid model; Coefficient of determination

Abbreviations: AR: Auto Regressive; ANN: Artificial Neural Network; ADAM: Adaptive Moment 
Estimation; ARMA: Autoregressive Moving Average; ARIMA: Auto Regressive Integrated Moving Average; 
DHI: Direct Horizontal Irradiance; DNI: Direct Normal Irradiance; GHI: Global Horizontal Irradiance; 
LSTM: Long Short Term Memory; ML: Machine Learning; MAE: Mean Absolute Error; MSE: Mean Square 
Error; RMSE: Root Mean Square Error; RELU: Rectified Linear Unit
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The benefits of renewable energy forecasting are the reduction 
in the imbalance penalties and charges due to the carrier’s inability 
of scheduling requirements, savings on cost, the advantage of 
real-time and day-ahead energy market trading and efficiency in 
project construction and its operations and maintenance during 
its service life. The choice of solar forecasting method depends on 

the timescales involved, which can be classified as given in Table 1. 
There are several models available for solar radiation forecasting. 
The model to employ depends on the time horizon of the forecast 
as well as the use of solar radiation forecasting. The solar radiation 
forecasting models can be divided into four categories as given in 
Table 2.

Table 1: Forecast time frames and their applications.

Forecast Time Frame Applications

Short term Needed by grid operators for better real-time dispatch of power

Medium-term (< 48 hours) Scheduling, resource planning, load following, pre-dispatch, and frequency regulation in real-time

Long-term Profitability calculation of long-term financial agreements

Table 2: Models and features.

Models Feature

Persistent model Simplest forecasting model which considers the future values the same as previous values.

Statistical models Historical data of solar radiation for forecasting. The accuracy of the model depends on the stretch and persistence of 
the past data.

Hybrid models Use two or more weak models as an ensemble.

Physics models Use atmospheric physics to forecast solar radiation for a short term time horizon.

For efficient prediction of solar radiation for a shorter duration 
of intra-day and intra-hour, methods such as time series based 
models like ARIMA are used. ARIMA model use predictions based 
on purely past values of solar radiation, but solar irradiance is 
dependent on various different meteorological factors such as 
relative humidity, temperature, cloud cover, wind direction, and 
wind speed. To overcome this shortcoming, nonlinear prediction 
methods based on Machine Learning (ML) models can be used. 
ML based models use statistical analysis of past data. They tend 
to find a relation between a dependent or target variable and one 
or more independent or predictor variables by training the model. 
This work focuses on determining the least number of independent 
variables and using them for the most accurate GHI forecast. 

There are plenty of machine learning models available to 
forecast solar radiation. However, for solar radiation forecasting, 
time series algorithms such as Autoregressive Moving Average 
(ARMA) and Auto Regressive (AR) are having low forecasting 
accuracy because of the non-linear characteristics of solar 
radiation. Solar radiation depends on various meteorological 
factors such as temperature, wind direction, cloud cover, humidity, 
and wind speed. Hence, it becomes difficult to find purely temporal 
correlations and patterns. Artificial Neural Network gives better 
accuracy than support vector machine and random forest but has 
challenges such as low robustness to unimportant inputs, complex 
architecture optimization, enormous training time and need of 
large dataset. Support vector machine works well for reasonably 
clean and outlier free datasets. Hence, it is less robust. Also, its 
accuracy decreases when there is a large amount of dataset.

The random forest model showed the highest accuracy in 
modelling the daily variability index of solar irradiance due to 

its ability to capture non-linear relationships between the target 
variable and the predictor variables [4]. The random forest features 
cross-validation along with its immunity to irrelevant inputs, 
and ability of ‘importance capture’. The ‘importance capture’ 
feature utilizes profile analysis and correlation to select the most 
appropriate input variables among the predictor variables. For a 
week ahead forecast, the random forest outperforms the persistent 
model [5]. The random forest method gives the best accuracy due 
to the use of randomization of the decision trees. Random forest 
utilization becomes more critical when the model yields less 
normalized root mean square error with decreasing time horizon 
[6]. Random forest is best for its robustness of a large dataset 
and easy use. It performs well even when some values or data are 
missing. Due to randomization and averaging of many decision 
trees, it reduces the effect of any outlier to avoid overfitting and thus 
increasing the accuracy. Machine learning based models are unable 
to handle complex non-linear correlations and predicting the solar 
radiation with low accuracy whereas deep neural networks can 
handle large amounts of dataset of complex non-linear correlations 
and also provide better accuracy due to the presence of the neural 
network.

LSTM based deep neural networks has good feature extraction 
ability compared to the other conventional machine-learning 
techniques [7]. The deep neural network models have the ability 
to endure high noise data from irrelevant data points, the ability to 
clarify non-linear connections in data, better handling of sequential 
data, and a memory to store long-term information as well. The 
LSTM based model was able to outperform support vector machine 
based model in prediction of short-term hourly solar irradiance 
for the location of a farm in Canada [8]. LSTM based models can 
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capture 1-D time series data easily and able to generalize the 
process to fit the model better. It can solve the problems of gradient 
disappearance and the explosion of the gradient. LSTM model 
is a deep neural network has feature extraction ability that can 
endure irrelevant data points and better capture irregularities in 
the dataset. Forecasting accuracy is the excellent due to presence of 
memory to store long-term information.

Single models are often insufficient to predict solar radiation 
with high accuracy due to the non-linear characteristics of solar 
radiation [2,3]. To improve forecasting performance a hybrid 
method is better as compared to a single forecasting algorithm [9]. 
A hybrid model is better at capturing the non-linear characteristic 
of solar radiation. To develop a hybrid model, the present ensemble 
models can improve the performance of individual predictors such 
as decision trees and neural networks. The hybrid model is better 
than the ensemble model since the hybrid model has the inherent 
habit of utilizing the unique features from the individual models to 
provide better results but incase of ensemble model, goes by the 
method of majority voting selection that yields the less accuracy 
as compared with hybrid models. Hybrid model is developed 
using random forest and multilayer perceptron neural network 
for load forecasting and the results interpret that it outperforms 
the standalone models such as support vector regression, random 
forest and multilayer perceptron. The developed hybrid model 
used the ability of the random forest to segregate major important 
features and then applied it to the LSTM model to make it simpler, 
and faster with increased accuracy [10]. 

The hybrid model was decomposed into linear and non-
linear components. Linear models such as ARIMA (autoregressive 
integrated moving average) is used to predict the linear component 
and non-linear component along with the linear residual 
component is performed by a seasonal multilayer perceptron. 
This hybridization has been very effective in achieving significant 
accuracy improvement as compared to the other single models 
[11]. Using an ensemble of these random forest regression models 
and LSTM models, a hybrid model can be used to capture both the 
regression based prediction and time series based prediction of 
solar radiation. Improved removal of noise and better capture of 
the series of solar radiation can be ensured by the hybrid model. 
India is becoming a major hub for solar energy industries as the 
government is pushing towards renewable energy options to tackle 
the problem as well as to meet the rising energy demand. The 
Indian government is making large solar parks such as Bhadla in 
Rajasthan and looking over floating solar parks as well to meet the 
requirements. Also, for supporting local industries, the government 
has launched initiatives for local manufacturing of solar power 
equipment in the country. 

All the government policies and initiatives are launched 
towards the aim of exploiting the solar energy resources to a greater 
extent.  The effective utilization of solar potential is possible only if 

there is accurate forecasting of solar radiation. The hybrid model 
is developed by using random forest and LSTM. The proposed 
hybrid model has not been explored in India for forecasting solar 
radiation. There is limited research has been performed on residual 
prediction based on deep neural network. Feature importance for 
selecting the most influential parameter has not been utilized in all 
research for the development of a random forest model. Considering 
the viewpoints, this work contributes to the development of a 
random forest regression tree model and then the development of 
long short term memory. Finally, the hybrid model is constructed 
with the random forest regression tree and LSTM to forecast the 
solar radiation in New Delhi, India. The hybrid model uses the least 
number of features for giving the best accuracy and uses a LSTM 
model for the residual predictions. This gives the hybrid model an 
edge over the other individual models giving lower error and better 
accuracy at prediction.

Methodology
Data collection

The dataset used in this study is obtained from the National 
Renewable Energy Laboratory (NREL) [9] which is an open-source 
dataset easily available. The target of this study is to predict global 
horizontal irradiance for the location of New Delhi (28.54 °N, 77.19 
°E). The data was obtained from NREL for the year 2015 to 2020 on 
an hourly basis. The dataset obtained included years from 2015 to 
2020, months from January to December, days from 1 to 31, hours 
from 00 i.e., midnight to 23.00 i.e., 11 p.m., minutes from 00 to 59, 
DHI (Direct Horizontal Irradiance), DNI (Direct Normal Irradiance), 
GHI (Global Horizontal Irradiance), clearsky DHI (Direct Horizontal 
Irradiance), clearsky DNI (Direct Normal Irradiance), clearsky GHI 
(Global Horizontal Irradiance), temperature, pressure, relative 
humidity and wind speed. The above-mentioned parameters are 
obtained for New Delhi, India (28.54 °N, 77.19 °E). GHI is the desired 
output parameter whereas the other parameters year, month, day, 
hour, temperature, pressure, relative humidity and wind speed are 
input parameters as predictors.

Random forest: A random forest consists of multiple decision 
trees which are randomized and averaged over the time period 
to reduce the error and giving better results compared to a single 
decision tree.

Decision tree: A Decision tree that resembles an inverted 
tree like structure. It is a visual representation of consequences 
and choices that mimics the human level of thinking. It uses top-
down strategy such that the root is at the top and it splits further 
till the end of data. It can be used in both classifications as well as 
for regression. Here, each internal node of the tree denotes a test 
on an attribute and every branch represents the outcome of the 
test. Each leaf or terminal node represents a class label used for 
classification. A sample decision tree with different terminologies 
is shown in Figure 1.
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Figure 1: Decision tree terminology.

Figure 2: Representation of random forest decision tree.

Figure 3: Working of the random forest algorithm.

The various terminologies associated with a decision tree are 
root node which is the top node from where the population starts, 
and all the data is fed here. It gets further split based on various 

features. A decision node is a node that can be further split based 
on attribute criteria. Leaf nodes are the end nodes that cannot 
be further split. These are also called pure nodes. A sub-tree is a 
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small portion of the decision tree. The decision tree algorithm has 
a major issue of overfitting. In overfitting, the models tend to learn 
from each training dataset point that leads to model learning from 
less important data points as well. Therefore, the model accuracy 
gets decreased. To overcome the above-mentioned challenge, 
several decision trees are created at the time of training of the 
dataset. The output is obtained by averaging the output of all these 
decision trees. This method is called ensemble learning, where 
these multiple decision trees give better results than a single tree. 
This makes it more robust to errors as it uses averaging of all the 
decision trees and not depending on a single decision tree only. 
Due to averaging multiple decision trees, the effect of any outlier 
is minimized a large extent thus avoiding any issue of overfitting in 
the regressor. A schematic and algorithm of random forest decision 
tree is shown in Figure 2 & 3 respectively.

Long Short-Term Memory (LSTM): LSTM is a deep neural 
network model that could store sequential data such as time series. 
This uses multiple memory cells connected in series which use data 
from the past to predict future data. It is a special recurrent neural 
network that could solve the major problems of the disappearance 
of gradients and the explosion of gradients. This happens due to the 
presence of the gates which use a sigmoid function that generates 
numbers in the range of 0 and 1 to control the state of the gates. 
These gates operate based on the information at the time of 
essential or not necessary. The gates can be adjusted and truncated 
as per requirement. The schematic of LSTM is shown in Figure 4. 
There are three types of gates in the cell structure-input gate, forget 
gate and output gate. The input gate controls new information to 
be added from current input to selectively replace information 
removed by forget gate. Memory update aggregates old memory 
through forget gate and new memory through the input gate. 

Figure 4: Schematic of long short-term memory cell.

Forget gate selects information to be removed away from 
memory and output gate decides the required output from the 
memory. There are three key variables in the cell structure input 
(ht-1) which is the hidden layer at the time (t-1) and xt which is 
the feature vector at the time t. The input controls the three gates. 
The ht is the input of the next cell and is separated from the real 
output by softmax which is the direct source of output. Mainline 
or memory namely Ct-1 and Ct are isolated from outside as memory 
which is attenuated by forget gate and activated based on enter 
gate control supply size. Output (ht) which is a hidden layer or plus 
softmax as the real output.

Data preprocessing
Using raw data in the random forest regression tree, 

preliminary preprocessing steps are essential to increase accuracy. 
These steps help to avoid any overfitting and underfitting of the 
model. One of the preliminary steps is ‘Sample’ which returns 
a random sample of items from an axis of an object to extract 

random instances and records from the dataset. Here a sampling 
of data is from 5AM to 7PM only as there is no sunshine beyond 
this time period. Feature correlation is used to find correlation of 
target feature with other features to get their inter-dependence 
upon on each other. Here the target feature being GHI as given in 
Table 3. Another preliminary step is featuring importance which 
assigns a score to all the input features. The scoring is based on the 
usefulness of predicting the target variable. There are many ways to 
calculate feature importance scores such as statistical correlation 
scores, permutation importance scores, etc. It is an important 
aspect of feature selection and dimensionality reduction. Feature 
importance for the given input features is shown in the Table 4. At 
maximum R2 score of 0.9345 the least number of features required 
are Year, Month, Day, Hour, Temperature and Relative Humidity. This 
is preferred for the working of the regressor. The available dataset 
is separated into training data and validation or testing data. It is 
usually around 70% for training data and 30% for testing purpose.
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Table 3: Features correlating with global horizontal 
irradiance.

Features Correlating with GHI Correlation

GHI 1

Temperature 0.61

Wind Speed 0.42

Hour 0.1

Year 0.0019

Day -0.0018

Month -0.79

Pressure -0.19

Relative Humidity -0.42

Table 4: Feature importance.

S. No. Input Features R2 score

1 Year, Month, Day, Hour, Temperature, 
Relative Humidity, Wind Speed 0.936

2 Year, Month, Day, Hour, Temperature, 
Relative Humidity 0.934

3 Year, Day, Hour, Temperature, Relative 
Humidity 0.923

4 Day, Hour, Temperature, Relative 
Humidity 0.904

5 Hour, Temperature, Relative Humidity 0.89

6 Hour, Temperature 0.905

7 Hour 0.841

Construction of random forest regression tree

Figure 5: Random forest decision tree with a depth of 2.

Random forest regression tree requires these major input 
parameters for its construction as ‘n_estimators’ which is the 
number of trees in the forest, by default it is 100. ‘Criterion’ 
measures the quality of tree split which is “squared_error” here 
using variance reduction as feature selection criteria. ‘max_depth’ 
is maximum depth of the tree, which by default is “None” meaning 
that nodes are expanded until all leaves contain less than min_
samples_split or all leaves are pure. For the best split, the number 
of features used is ‘max_features’. By default, it is “auto” which 
means that max_features=n_features. ‘min_weight_fraction_leaf ’ 
is the minimum weighted fraction of the sum total of weights (of 
all the input samples) which is essential to be at a leaf node. By 
default, it is “0.0” which indicates that samples have equal weight 
and ‘random state’ controls the randomness of the bootstrapping 
of the samples when used to build trees. The schematic of random 
forest decision tree is depicted in Figure 5.

Construction of long short-term memory
For the formation of the LSTM model, the input parameters to 

be set are epoch which is a number of times the model trains over 
the entire dataset which is 500 here. Learning rate which decides 
the change in model with respect to error after model weights are 
updated which is kept as 0.001 here. Neurons which are units within 
the LSTM cell. It should be kept higher to occupy the non-linearity 

of the dataset better. The value of neurons is 12. Output neurons 
are the number of output units which is 1 here for global horizontal 
irradiance only. The optimizer is the solver for the algorithm which 
uses the back propagation method. The optimizer used here is 
ADAM (adaptive moment estimation). It computes learning rates 
for all the parameters as well as stores the mean and variance of 
the gradient values.

Construction of hybrid model
The hybrid model is formed by firstly passing the dataset 

through the random forest regression model where the regression-
based model uses the input features as year, month, day, hour, 
temperature, relative humidity and sky clearness index. This model 
is used to estimate the non-linear dependence of global horizontal 
irradiance. After the prediction of global horizontal irradiance from 
the model, the residual is calculated as the difference between 
the predicted and the actual values. The residual is then passed 
through the LSTM based model to determine the time based linear 
dependence of GHI. Finally, the prediction of residual from the 
long short-term model and the GHI prediction from random forest 
regression model are added up to obtain the final predicted global 
horizontal irradiance. The workflow of the developed hybrid model 
is shown in Figure 6.
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Figure 6: Flow chart of hybrid model.

The LSTM model was formed with the parameters as given in 
the Table 5. The model has input layer as LSTM layer with 32 nodes 
as larger nodes are better able to capture non-linearity as shown 
by solar radiation. The second layer is hidden layer with 8 nodes 
and the output layer has one node only for the single output of GHI. 
All the layers use ReLU (rectified linear unit) as activation function 
since here solar radiation shows only positive values. The number 
of parameters come out to be 4,625. The following measurement 
metrics are used to monitor and measure the performance and 
accuracy of a model during training as well as during testing. 
Table 5: Parameters of LSTM with two hidden layers.

Model: “Sequential_1”

Layer ( type ) Output Shape Param #

lstm (LSTM ) ( None, 32 ) 4352

dense (Dense ) ( None, 8 ) 264

dense_1 (Dense ) (None, 1 ) 9

Total params: 4,625

Trainable params: 4,625

Non-trainable params: 0

A. Mean Absolute Error (MAE): It is defined as the average of the 
sum of the absolute difference between the actual values and 
the predicted values.

, ,
1

i predicated i actualMAE y y
N

= −∑
 (1)

yi, predicted - predicted value of ith data point

yi, actual - actual value of ith data point

N - total number of data points in the data set

B. Mean Square Error (MSE): It is defined as the average of 
the sum of the squares of the difference between actual and 
predicted output values.

( )2

, ,
1

i predicated i actualMSE y y
N

= −∑
 (2)

C. Root Mean Square Error (RMSE): It is defined as the square 
root of the mean square error.

( )2

, ,
1

i predicated i actualRMSE y y
N

= −∑
 (3)

D. Coefficient of determination (R2): It gives an idea about the 
variance of the data explained by the model. Its value varies 
between 0 and 1. It is given by the equation: 

( )
( )

2

, ,2
2

,

1 i predicated i actual

i actual

y y
R

yy

−
= −

−

∑
∑  (4)

ȳ- mean of actual values

yi, predicted - predicted value of ith data point

yi, actual - actual value of ith data point

Results and Discussion
The random forest regression model (model 1), LSTM model 

(model 2) and hybrid model (model 3) were trained and tested for 
the location of New Delhi (28.54 °N, 77.19 °E). For the final model 
i.e., hybrid model, the dataset is first passed through a random forest 
regression model. The residual obtained from the random forest 
regression model is passed through the LSTM. This is used due to 
the linearity of the residual with time. The predicted residual from 
the LSTM model and random forest regression model predictions 
are combined to obtain the final prediction of GHI.

Performance metrics
The performance metrics of MAE, MSE, RMSE and R2 are 

calculated for all three models at New Delhi are represented in 
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Table 6, Table 7 & Table 8 respectively. The random forest regression 
model was able to perform better as compared to LSTM model and 
on par with hybrid model as evident from the performance metrics. 
The hyperparameter ‘max_depth’ decides expansion of decision 
trees based on splitting of leaves. The proper tuning of the ‘max_
depth’ avoids unnecessary expansion till leaves are pure giving 
better accuracy. The LSTM model is time series based but solar 
radiation shows dependence on other atmospheric parameters 
like temperature, pressure, sky clearance, wind speed, humidity, 
etc. that diminishes the accuracy as compared to random forest 
regression model. The hybrid model performance metrics show 
improved accuracy and decrease in error due to combination of 
random forest and LSTM model. The combination of time and other 
atmospheric parameters gives it edge over random forest and LSTM 
models with increased accuracy. 
Table 6: Performance metrics for random forest regression 
model (Model 1).

MAE MSE RMSE R2

28.64 1560.56 39.5 0.98

Table 7: Performance metrics for long short-term memory 
model (Model 2).

MAE MSE RMSE R2

32.2 2222.3 47.14 0.97

Table 8: Performance metrics for hybrid model (Model 3).

MAE MSE RMSE R2

26.22 1304.45 36.11 0.98

Comparison of predicted GHI and actual GHI

Figure 7: GHI comparison for actual and three model 
predictions.

The random forest regression model, LSTM model and 
hybrid model are trained, tested and validated with the ground-
based measurements. Figure 7 shows that the forecasted values 
from random forest, LSTM and hybrid model validated against 
the observational values. The random forest regression model 

performed well other than the high amplitude solar radiation. This 
occurrence of underfitting of the model is due to unavailability of 
data points with regard to high value of solar radiation. LSTM model 
is able to predict very well for high solar irradiance data points but 
showed deviation for low amplitude solar radiation. The model is 
unable to capture the periodicity of low amplitude solar radiation 
but catures well for high amplitude solar radiation which generally 
happen around afternoon.

Figure 8: Residual comparison between actual and 
LSTM prediction.

In the hybrid model both the random forest and the LSTM 
models are used where the LSTM model is to get the residual 
predictions showing time based dependence of the residual. The 
predicted residual from the LSTM model and the predicted global 
horizontal irradiance from the random forest regression model 
are combined to obtain the final prediction of global horizontal 
irradiance. The residual prediction performs well at medium 
residuals but shows large deviation at peaks due to absence of 
adequate data points for the model to train. It leads to reduction in 
the accuracy of the hybrid model. 

Conclusions
The random forest regression model, long short-term memory 

model and hybrid model were developed and compared for the 
prediction of GHI for the location of New Delhi, India (28.54 °N, 
77.19 °E). The hourly dataset was from 2015 to 2020 with input 
features of year, month, day, hour, temperature, pressure, relative 
humidity, wind speed and sky clearness index. 

The hybrid model outperformed the other models as it gives 
the lowest error in all performance metrics. The hybrid model 
yields the error value of MAE, MSE, RMSE and R2 as 26.22 W/
m2, 1304.45 W/m2, 36.11 W/m2, and 0.98 respectively. The value 
of MAE, MSE and RMSE are decreased by 2.42 W/m2 & 5.97 W/
m2, 256.10 W/m2 & 917.85 W/m2, and 3.38 W/m2 & 11.02 W/m2 
respectively as compared to random forest and LSTM model. The 
future research direction of this work is to implement the developed 
models for different climatic zones in India and evaluate the models 
performance for various climatic zones.
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