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Abstract. Solar energy forecasting is essential to maintain PV system’s performance in uncertain 
environmental conditions. Factors such as module temperature, ambient temperature, solar 
irradiance, and wind speed contribute to the DC current generated by PV systems. In this study, 
an adaptive neuro-fuzzy inference system (ANFIS) is developed on MATLAB to study a 2.88 kW 
grid-connected PV system in the harsh weather conditions of Sharjah. Solar irradiance, ambient 
temperature, module temperature, and wind speed are considered as the input membership 
functions in the developed ANFIS model. The output parameter considered in this study is the 
current DC generation, which critically depends on the defined membership functions. The 
accuracy of the model was determined based on the comparison with the experimental dataset. The 
R2 value has shown that the proposed model can forecast the DC current with minimal error, with 
a value of 99.12% and 99.13% for training and testing, respectively. Moreover, the spatial 3-D 
surface has shown that the optimum DC current generation is achieved at the highest solar 
irradiance and ambient temperature while minimizing the module temperature for enhanced 
electrical efficiency.   
Introduction 
Conventional energy resources have been the main contributors to global warming and climate 
change, leading to the integration of clean energy sources [1]. Solar emissions received yearly 
present a huge portion of clean energy resources, making solar energy a remarkable source of 
alternate energy [2]. Photovoltaic (PV) systems have been designed to utilize solar emissions for 
clean electricity generation, therefore reducing carbon emissions and maintaining a clean economy 
[3].  

Renewable Energy Sources (RES) have been increasingly integrated into the energy mix, 
specifically in oil-dependent countries such as the United Arab Emirates [4]. Moreover, solar 
irradiance exposure globally counts to 1367 W/m2, which is sufficient to meet the electrical energy 
demand requirements worldwide [5,6].  

However, to successfully integrate solar energy within the energy mix and attain electricity 
demands, its accurate prediction is necessary to ensure stability in power generation and injection 
into the energy grid [7,8]. Power generation from PV plants is known to be dynamic due to weather 
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conditions dependency, presenting potential effects in its coupling with electrical networks [9]. In 
this notion, it’s essential to forecast PV power plant generation to boost solar energy use and 
maintain electrical network stability. In principle, forecasting based on time-series data is extracted 
based on numerous amounts of sensors, guaranteeing precise data production and interval-based 
data measurement [10].  

The accurate prediction of PV plants’ performance is a critical task since weather conditions 
drive the operating conditions of PV plants. The dynamic change in solar irradiance causes 
fluctuation in PV power generation, leading to inconsistent electricity production. Multiple 
forecasting models are proposed to accurately predict PV plant generation [11]. Precise prediction 
of DC power generation requires the employment of machine learning (ML) techniques to enable 
learning complex pattern recognition and regression analysis [12]. Multiple forecasting models 
have been developed in the scientific literature such as ARIMA [13], support vector regression 
(SVR) [14], artificial neural network (ANN) and ANN-based hybrid models [15], hybrid 
intelligent system (HIS), Convolutional Neural Networks (CNN) [16], Long Short-Term Memory 
(LSTM) [17],  and numerous other forecasting models.  

The amalgamation of more than one forecasting offers an efficient compromise between 
prediction accuracy, computation time, and direct forecasting of PV plant power generation. 
Recently, ANN has been designed and modeled using a Fuzzy Inference System to develop an 
Adaptive Neuro Fuzzy Inference System (ANFIS) [18]. ANFIS and Support Vector Machine 
(SVM) have been popular tools for forecasting techniques and applications. However, ANFIS has 
proven to be precise as compared to SVM. Several studies discussed the employment of ANFIS 
in many fields of sciences [19,20], and as a model for accurate PV plant generation forecasting, 
proving its feasibility [21].   

In this study, ANFIS has been employed to predict the performance of a 2.88 kW on-grid PV 
system installed in the terrestrial conditions of Sharjah, UAE. The forecasting of DC current is 
considered the main factor affecting PV power generation and therefore is considered in this study. 
Moreover, the relationship between the DC current and environmental factors such as solar 
irradiance, ambient temperature, module temperature, and wind speed is established. Therefore, 
the forecasting results are compared with the experimental results measured by the system to 
demonstrate the accuracy of the proposed model.  
Experimental Setup 
As seen in Fig. 1, a 2.88 kW on-grid photovoltaic system is installed on the rooftop of the W-12 
central laboratories building at the University of Sharjah's main campus (Lat. 25.34° N; Long. 
55.42° E) [22,23]. For immediate access to system data, the system is powered by a real-time data 
capture system [24]. The system's potential to function over short and long-time spans, together 
with its comprehensive infrastructure and improved data recording capabilities, were previously 
highlighted [25,26]. Furthermore, the system functions as a comprehensive grid-connected 
photovoltaic system, contributing AC electrical energy to the three-phase local utility grid. In 
addition, the on-grid photovoltaic system logs environmental and electrical characteristics every 
five minutes [27]. Table 1 represents the technical specifications of the on-grid PV system state-
of-the-art.  
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Table 1. Technical Specifications of the 2.88 kW on-grid PV system 
Equipment Specifications 

On-grid PV system 
State-of-the-Art 

- 9 PV modules of 320 W electrical capacity. 
- Single Axis azimuth tracking.  
- 3.7 kWac Grid Inverter for Electrical Network Coupling and Synchronization.  
- Data manager for centralization system measurements on a common online 

interface.  

Sensor Box 

Responsible for coupling environmental sensors such as: 
- PT1000 thermocouples for module and ambient temperature measurement. 
- Irradiation sensor for solar insolation measurement.  
- Anemometer for wind speed measurement. 

 

 
(a) 

 
(b) 

Fig 1. Illustration of 2.88 kW on-grid PV system (a) experimental setup (b) system visualization. 
Adaptive network-based fuzzy inference system (ANFIS) 
Deployment of fuzzy logic (FL) in control research has grown daily since the 1960s. The FL's 
foundation is expanding the well-known Boolean logic operations. The Fl employs binary systems 
(0 and 1) during the modeling procedure. Moreover, FL deals with multi-valued interpretation, 
which ranges from 0 to 1, just like in human perception. In the 1990s of this centuries, Jang created 
an Adaptive Network-based Fuzzy Inference System (ANFIS) based on the artificial neural 
network (ANN) and the fuzzy inference system (FIS) [28]. ANFIS can demonstrate a complicated 
system with extreme nonlinearity. The FL structure consists of three primary components: 
defuzzification, inference, and fuzzification. 

In ANFIS, two different kinds of structures are combined to produce a fuzzy rule. The first kind 
is called Mamdani, and it was established in 1975 for the controller layout of heat transfer 
techniques where the Center of Gravity (COG) is the best defuzzifier. The second type, Sugeno 
(TSK), uses Weighted Average (Wtaver) as a defuzzifier. Eqs. (1) and (2) illustrate how these two 
types differ for fuzzy systems with two inputs and one output. 
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Should A be MFA and B be MFB, then C is the MFC Mamdani form. (1) 
In the event when A is MFA and B is MFB, C= F (A, B) Form of Sugeno (2) 

MFA and MFB represent fuzzy membership functions (MFs) for A and B, respectively. A and 
B are the two input (antecedent) fuzzy systems. The membership functions for the Mamdani form 
are MFC, the membership functions for the Sugeno form are F (A, B), and the output 
(consequence) fuzzy system is C. For A and B as input factors, F (A, B) can be either a linear or 
nonlinear function [29]. 

In this study, since DC current generated from PV systems is critically dependent on several 
environmental factors such as solar irradiance, ambient temperature, and module temperature, the 
compound Sugeno form (TSK) model is considered to represent a nonlinear function and is 
studied. The phases of fuzzification and defuzzification were translated using the membership 
functions, respectively. To carry out this translation, the input and output values were converted 
from crisp to fuzzy during the fuzzification stage and from fuzzy to crisp during the defuzzification 
step. 

The study's data was used to extract the rules. As indicated by Eq. 3, the total output value was 
computed using the number of input variables and the quantification of rules implemented. 

n w y (x)i=1 i iy(x) = n wi=1 i

∑

∑
 (3) 

where the ith fuzzy rule's weight, input, and output are represented by the variables yi, x, and wi, 
respectively. The weight of the ith fired rule has a range of [0 1]. 

A dataset of experimental measurements is used for the training and testing phases of 601 data 
points. With four input parameters, training and testing data were done for every fuzzy model 
output. Table 2 demonstrates every detail of the fuzzy model that was used in this investigation. 

Table 2. Specifications of the developed fuzzy model 

Fuzzy component  Type Details  
Inputs Variables 4 
Epochs  Number of Training Data 410 

Number of Testing Data 191 
Rule Number 4 

Base builder  SC 
ANDing Operation Product 
ORing Operation Probabilistic OR 
Implication Min 
Aggregation Max 
Defuzzification  Wtaver 

Output Function Linear 

Results and Discussion 
A large data set of experimental data was employed for the developed ANFIS model. The 
prediction of DC current by the ANFIS model under the terrestrial conditions of Sharjah during 
harsh weather conditions is demonstrated in Fig 3. Moreover, the accuracy and precision of the 
proposed model according to the R2 value, as presented in Fig 3, represent 99.1% accuracy.  The 
ANFIS model can sufficiently forecast the DC current with respect to the experimental data that 
is measured from the system, as presented in Fig 2 and Fig 3.  
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Fig 2. ANFIS model predictions for training and testing datasets for the experimental data. 

 
Fig 3. Forecasting accuracy for training data (above) and testing data (below). 
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The input parameter membership functions that are employed in this investigation are presented 
in Fig 4. These functions are typically used as rules to convert between the fuzzification and 
defuzzification procedures. The different colors represent the various membership functions that 
are utilized to connect the fuzzification and defuzzification procedures within the fuzzy inference 
system architecture.  

 
Fig 4. Membership Functions for input parameters for the developed ANFIS model.  

Figs. 5 (a)-(e) represent the spatial 3-D surface for the DC Current (A) for the given PV system 
for each combination of the input parameters of the developed fuzzy model. The effect of ambient 
temperature, module temperature, and solar irradiance on the DC current generation is 
demonstrated in Fig. 5 (a) and (b), respectively. A direct relationship is observed with respect to 
ambient temperature and solar irradiance on the DC current generation. However, as module 
temperature increases significantly, the DC current is observed to reduce due to the reduction in 
the overall electrical efficiency of the system. 

Moreover, Fig. 5 (c) depicts the impact of wind speed and ambient temperature on DC current 
generation. The spatial 3-D surface further demonstrates the direct relation of ambient temperature 
with DC current generation, while wind speed does not influence the DC current generation much.  

Moreover, Figs. 5 (d) and (e) demonstrate the adverse impact of module temperature on the DC 
current generation as it increases significantly. The relative decrement in module temperature and 
maximizing the ambient temperature demonstrates an increase in the DC current generation as 
observed in Fig 5 (d). Furthermore, the minimal effect of wind speed on the DC current generation 
further confirms the findings presented in Fig 5 (c).  

Therefore, the developed ANFIS model has demonstrated the performance of the demonstrated 
PV system based on four input variables. The DC current generation yield is at its highest when 
ambient temperature and solar irradiance are maintained at peak, while module temperature is 
minimized to attain maximum yield. This demonstrates the importance of incorporating cooling 
techniques to improve the PV system's electrical yield, sustaining its performance under harsh 
weather conditions.  
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Fig 5. Spatial 3-D surface representation of DC current with respect to membership functions 

Summary 
PV System’s DC current generation is affected by several environmental factors such as module 
temperature, ambient temperature, solar irradiance, and wind speed. In this study, the Adaptive 
Neuro-Fuzzy Inference System (ANFIS) model was developed to forecast the performance of a 
2.88 kW on-grid PV system in the terrestrial conditions of Sharjah, UAE. The model adopted four 
input membership functions that relate to the DC current output power generation. DC current 
generation has observed a direct proportional relationship with respect to solar irradiance and 
ambient temperature, while module temperature presents an indirect relationship. This presents 
that DC current is improved at lower module temperatures while maintaining high solar irradiance 
exposure to enhance the electrical efficiency of the PV system. Moreover, the model presented a 
notable prediction accuracy and a significant correlation based on the least error, as the R2 value 
corresponded to 99.12% and 99.13% for training and testing, respectively. Optimization 
techniques will be incorporated and tested in future work to improve the forecasting accuracy for 
larger datasets.  
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