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A B S T R A C T   

To predict the thermal performance of a solar air heater (SAH) with a C-shape finned absorber panel, Machine 
Learning (ML) models, namely Random Forest (RF), Linear Regression (LR) and K-Nearest Neighbors (KNN) are 
used. Experiments are carried out with air velocity ranging from 0.57 to 4.4 m/s and by varying the geometric 
parameters such as relative pitch-to-gap ratios, relative height ratios, and relative perforated ratios to study the 
effects on maximum heat transfer enhancement. The experiments produced 64 data sets, out of which 54 samples 
are used for training and 10 samples for testing the ML models. Eight input parameters (mass flow rate, wind 
speed, ambient air temperature, intake air temperature, mean exit air temperature, average plate temperature, 
test zone pressure differential, and solar intensity) are used as independent variables in the LR, RF, and KNN 
models. Three parameters (Nusselt number, friction factor, and thermal efficiency) are used as dependent var-
iables. The RF model performed better than the KNN and LR models because of its lowest error and highest R2 

value. The RF model’s MAE, RMSE, and R2 values are 2.202757, 3.382498, and 0.9783, respectively, with the 
model efficiency of 98 % being the most significant among the other models. This suggests that the RF model is a 
good fit for predicting the thermal performance of SAHs.   

1. Introduction 

Fossil fuels are being used to meet ever-increasing global energy 
demand. However, since the earth’s accumulated fossil resources are 
finite, we must turn to other energy sources to meet our demands. As 
fossil fuels run out, clean, renewable energy will play an increasingly 
important role. Solar energy is one of the most plentiful, good for the 
environment and a clean energy source. The utilisation of active and 
passive solar energy is a viable option. There is no need for mechanical 
equipment in passive solar energy utilisation. However, external 
equipment is required for the utilisation of solar energy actively to 
transform solar energy into other forms of energy. A SAH falls within 
active solar energy usage devices. The low heating capacity, low thermal 
conductivity, and low convective heat transfer coefficient between the 
absorber plate and the air that passes through the duct contribute to the 
poor performance of SAHs. It is necessary to improve the surface area 
and the heat transfer coefficient to resolve these issues. Artificial 

roughness in the absorber plate, packed or porous bed absorbers, and 
extended surfaces like fins are employed to improve the SAH’s overall 
performance. 

A novel SAH with a semicircular absorber plate and a rectangular 
longitudinal fin was studied by Satyender Singh and Prashant Dhiman. 
[1]. Using a double-glass cover and recycling air at a velocity of 0.025 
m/s, the SAH thermal performance was 82 % better than the conven-
tional SAH. Using a thermal model, Sureandhar et al. [2] looked into the 
impact of the length of the absorber plate and the layout of the arc rib 
fins on the heat transfer parameters of a SAH. They discovered that the 
mean absorber plate temperature and the SAH exit air temperature are 
both impacted by the variable arc rib fin arrangement. Saravanan et al. 
[3] investigated the thermal performance of a SAH with various C-shape 
perforated and non-perforated finned absorber plates. They observed 
that the perforated fin outperformed the smooth absorber plate. When 
the relative ratios are the same, SAH outperforms SAH in thermal per-
formance and friction factor by 2.67 and 5.34 times, respectively. 
Experimental studies of turbulent pulsating flow and heat transmission 
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since the regression model is an effective tool for modelling solar air 
heaters, this study suggests that modelling using a regression model may 
save time, money, and effort. 
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Fig. 20. Predicted and experimental residual error of efficiency (Training).  

Fig. 21. Predicted and experimental residual error of efficiency (Testing).  
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