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Abstract: Artificial Neural Networks (ANNs) are widely used for modelling nonlinear systems due to their
adaptive learning capabilities. In this work, different combinations of ANN functions such as transfer functions,
learning rules, and training algorithms are examined to determine their impact on prediction accuracy for solar
photovoltaic (PV) modules. A dataset comprising input parameters including maximum power (Pm), open-
circuit voltage (Voc), short-circuit current (Isc), irradiance (Ir), temperature (T), and fill factor (FF) from 34
different PV modules is used to predict output parameters: current (Im) and voltage (Vm) at peak power. We've
developed a total of 84 ANN models by bringing together a variety of functions. Each model is trained using
mean squared error (MSE), along with a set number of epochs and performance indicators. To compare the
models effectively, we use a weighted ranking system. This approach helps to pinpoint the best ANN setup for
accurately modeling how photovoltaic output behaves.
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INTRODUCTION:

There is various research associated with the solar PV system in almost every sector like
replacing conventional generation [1], improving renewable energy utilization [2], utilizing
recycled grey water with rooftop solar PV [3-4], or in the transportation sector with the eco-
friendly solutions [5-6]. Similarly, to make them more robust and predictable solar system
artificial intelligence techniques are used in this field in the existing literature, for forecasting
[7-16], power output estimation, energy forecasting, power quality improvement, for
monitoring [17-21] The neuron model made up of complicated structure in which the output
and the input data are connected through neurons to continue training the data to match the
output and error is adjusted with the weights of the neuron layer.

In the structure the input scalar p is multiplied by the corresponding weight w then the
product wp is added with the bias which is a weight with the constant input 1. Figure 1 shows
that this sum is the argument of the transfer function chosen for the network. The training is
done to achieve the desired behavior of the network by adjusting the weight and the bias. The
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number of transfer functions used for this purpose is shown in figure 2 which are used to
generate the output.

Transfer Function: It is an activation function, a monotonically increasing differentiable
function. The weightage sum of the input is applied to the transfer function for the final
output. The three transfer functions shown in figure 2 are utilized for this study.

Figl. Neural Network Structure

Input General Neuron
N N

a = logsig(n) a = tansig(n) a = purelin(n)

Fig2. Transfer Function and their graphs

Training Function: The training process can begin once the network's weights and biases
have been established. During training, the weight and bias are changed over and over to
make the network performance function as small as possible. In MATLAB's nntool, there are
different training functions and their algorithms.

Batch Gradient Descent (traingd): Among training functions, traingd is the steepest decent
batch. For the purpose of this function, the weight and bias are modified to counteract the
negative gradient of the performance function.

Batch Gradient Descent with Momentum (traingdm): Momentum allows a network to
respond by ignoring the small feature in the error surface and providing faster convergence.
Resilient Backpropagation (trainrp): The sign of the derivative, not its size, determines
which way the weights will change.

Conjugate Gradient Algorithm (traincgf ): In this algorithm weight is adjusted in the
steepest descent direction in which performance function decreases most rapidly.

Powell Beale conjugate gradient (traincgb): The amount of space needed by this algorithm
is slightly higher than that of traincgp. Quicker convergence is the norm.

Scaled conjugate gradient (trainscg): This algorithm combines the model trust region
approach instead of a time-consuming line search algorithm.
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BFGS Algorithm(trainbgf): It's very close to Newton's approach. Although it typically
converges in fewer iterations than conjugate gradient algorithms, it does require approximate
storage of Hessian matrices and more computation per iteration.

Levenberg-Marquardt (trainlm): This algorithm approaches the second-order training
speed without additional computation of the hessian matrix.

One-step secant method (trainoss): It represents a compromise between conjugate gradient
and quasi-Newton methods.

Scaled conjugate gradient (trainscg): This is the only method that eliminates the need for
line search. Its general-purpose training algorithm is exceptional.

Rate of adaptive learning (traingdx): It allows for faster training than traingd, but only in
batch mode.

Bayesian regularization (trainbr): Adaptation of the Levenberg-Marquardt training
algorithm in order to generate networks that are capable of good generalization. It makes
things easier in that regard.

Output evaluation parameter:

Mean Square Error (MSE): Mean square error is the sum of the square error between
output of the neural network and the target value.

Q
1
MSE = = ) (t(k) — a(k))?
2.

Functions of Learning:

Learngd: Weight and bias gradient descent learning function.

Learngdm: Use of a bias-learning function based on a combination of gradient descent and
momentum weighting. The nntool of MATLAB is used for the network training of the input
and output data. With the training function, learning function and the output parameter of the
mean square error as mentioned above.

Methodology:

Table 1 represents the different functions to train the ANN network. The different
combinations of functions out of the four categories from table 1 are chosen for the neural
network structure. The total combination made from the function is 84. Thus the 84 different
ANN network is trained for performance comparison. For performance evaluation, all these
networks are examined depending on three performance parameters (time, epoch and error).
But due to the fact that when more than one performance parameter gets involved, it gets
difficult to compare the overall network performance as different performance parameters
show different trends.
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Table 1: Different functions to train the ANN Network

Transfer Function

Learning Function

Training Function

Mean

Square

Error (MSE)

Tansig
Logsig
Purelin

LEARNGD
LEARNGDM

TRAINBR
TRAINCGB
TRAINGDM

MSE

TRAINRP
TRAINGDA
TRAINSCG
TRAINBFG
TRAINCGF
TRAINCGP
TRAINGD
TRAINOSS
TRAINR
TRAINGDX
TRAINLM

To analyze the different network combinations, the rank method has been utilized to
generalize the results for all performance parameters. In this method the weightage is
assigned to all the performance factors depending upon the performance requirement, the
corresponding weightage is given according to each performance factor. Like for time factor
the network taking less time get a high weightage than the network taking more time and
accordingly for the epoch and error. Wiime, Wepoch, Werror respectively for time, epochs and the
error corresponding to the network function chosen. The weight assignment for the three
parameters is shown in figure 3 for all the 84 networks formed.

Corresponding to this numbering the overall weightage Wiotal of each network is assigned by
the addition of all the performance parameter weights as shown in the equation.

W7 = (W + Wi + W

epoach time error )

w,' = Total weightage of the nth network
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Fig3. Weight assignment for all the three performance parameters

All the 84 networks are trained with the six data input of Pm, Vo, Is, I, T, FF the data
consist of the 34 different panel rating with the output of Vi, and I, parameters. The ANN
networks are trained with these input and output readings for best performance. The
performance of the 7 randomly chosen network has been shown in figure 4 and figure 5
respectively.
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Fig4. Performance graph of the 7 randomly chosen ANN network respectively a). ADFT b).
d). BEJT e). CDLT f). CEOT g). CEQT

AEGT c¢). BDIT

Result and Discussion: Each network is assigned with the weightage number depending
upon the three performance parameters. Now the summation of all these weightages
corresponding to each network represents the total weightage of the network. Now depending
upon this total weightage all the networks can be compared as the weightage represents the
performance corresponding to the three-performance factor. The network weightage from
higher to low value can be identified as the best to worse network. In this case the ranking is
done from the lower weight to the high weight. The total weightage obtained for all the 84
networks is shown in figure 6. The ranking determines the overall network performance
depending upon the three performance parameters. From the ranks obtained the frequency

591



Eksplorium
Volume 46 No. 1, May 2025: 586-595

p-ISSN 0854-1418
e-ISSN 2503-426X

distribution curve has been plotted as shown in figure 7 for the total weightage of the

different networks.
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Fig5. Simulated results and error of seven randomly chosen ANN network respectively a)
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Fig6. Total weightage and ranking of all the networks based on three performance parameters
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Fig7. Frequency distribution of the network weight
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