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Abstract 
This study presents a forecasting approach to predict ambient air temperatures for the predictive 
maintenance of solar photovoltaic (PV) panels in Kuala Kangsar, Perak, Malaysia. Accurate temperature 
forecasting is critical as ambient air temperature significantly influences solar panel efficiency, 
performance, and maintenance requirements. A comprehensive dataset spanning 19 years (2005–2023) 
of hourly solar and weather variables, obtained from the Photovoltaic Geographical Information System 
(PVGIS), was analysed using advanced smoothing techniques, including exponential smoothing models. 
The study identified the Damped-Trend Linear Exponential Smoothing model as the most effective 
method based on Akaike and Bayesian Information Criteria. Forecast results for 2024 demonstrated 
good predictive accuracy, aiding the optimisation of maintenance schedules and the performance of solar 
PV systems. The findings underscore the importance of integrating advanced predictive techniques to 
enhance the sustainability and reliability of renewable energy projects. 
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1. Introduction  
In Malaysia, efforts to address the issue of global climate change are undertaken across various 
ministries, one of which is the Ministry of Energy and Natural Resources, which is the main driver for 
this effort. Through the ministry, one of the ways is to increase the capacity to generate electricity 
through renewable sources, such as solar energy. The ministry also gazetted the Sustainable Energy 
Development Authority Act in 2011 to establish the Malaysian Sustainable Energy Development 
Authority (SEDA). Through establishing SEDA, all functions and jurisdictions related to renewable 
energy development could be managed well and efficiently to ensure that the National Renewable 
Energy Policy can realise its vision to achieve a 20% Renewable Energy (RE) capacity mix by 2025. 
According to the 2022 SEDA Annual Report [1], which is shown in Figure 1, by the end of 2022, a total 
of 615.51 Mega Watts of installed capacity had been produced under the Feed-in Tariff (FiT) 
mechanism from various renewable energy resources, which is the most significant contribution of about 
52% is from solar PV projects. 
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Figure 1: Yearly RE Installed Capacity 2012 - 2022 

 
 
Perak is the second-largest state on the Malaysian Peninsula. It is known for its natural tropical beauty 
and rich cultural histories, such as during the British colonial era for tin mining and rubber wood. Under 
the Perak State Government, the state is divided into sixteen districts, of which Ipoh is the capital city 
and Kuala Kangsar is the Royal Town of Perak. Location-wise, the Chenderoh Community College, 
which resides in Kuala Kangsar, has a geo-location of 4.79° N and 101.898° E on the global map. Thus, 
having a high potential for sunlight intensity throughout the year, Perak, in which the solar panel rooftop 
installation, as shown in Figure 2, has vast prospects for solar energy harvesting into electricity. 
However, only 8% of solar projects have been operational and monitored in real-time by PV Monitoring 
System (PVMS), a national initiative to monitor the performance and reliability of selected grid-
connected solar PV systems nationwide. 
 

Figure 2: Solar Panel Rooftop Installation at Chenderoh Community College 
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2. Literature Review  
Climate change significantly affects wind speed, primarily due to the rising ambient air temperature and 
shifting atmospheric patterns. A trend line considering these factors would generally show a change in 
average global wind speeds, though the trend is not universally consistent across regions. 
2.1 Rising Ambient Air Temperature on Wind Speed 
Following climate change, the rising ambient air temperature on wind speed imposes several effects: 
thermal gradient changes due to polar regions warming faster than the equator, thus reducing the 
gradient; changing ocean-atmosphere interaction due to warmer air temperatures affect ocean currents 
and surface temperatures, which disrupts natural cycles and influence wind speed patterns globally; 
increased incidence of extreme weather events in regions with more intense and frequent storms that 
increases the average wind speeds; and local influences in urban areas may experience altered wind 
speeds due to heat-driven convective currents, while deforestation potentially raising wind speeds at the 
surface level. 
Although studies show mixed trends, the decrease in global wind speed has shown a “global stilling” 
phenomenon where global land wind speeds have decreased, particularly in mid-latitude regions [2]. 
This trend may be partly due to increased surface roughness from vegetation and urban expansion. 
However, a trend line considering climate change impacts on wind speed would likely show regional 
variation rather than a universal increase or decrease. Coastal areas and regions affected by extreme 
weather may experience an increase in wind speed, while inland and urban areas could observe a 
decrease due to surface roughness and atmospheric changes. Understanding these regional variations is 
crucial for effective solar panel maintenance and energy generation. 
 
2.2 Rising Ambient Air Temperature on Solar Panel Performance 
On the other hand, rising ambient air temperatures can significantly impact the performance of solar 
panels. Although solar panels are designed to convert sunlight into electricity, excessive heat can reduce 
efficiency. Several effects have been detailed below. 
2.2.1 Decrease in Efficiency  
Solar panels typically have a temperature coefficient, which indicates the efficiency drop per degree 
Celsius increase above a specific baseline (usually 25°C). Most standard silicon-based solar panels lose 
about 0.4-0.5% efficiency for every degree above this baseline. As a result, solar cells’ resistance 
increases with temperatures rise, reducing their ability to convert sunlight into electricity efficiently. 
This increase in thermal resistance causes power losses and limits current flow. Contrary to the issue, 
predictive analyses are recommended to enhance PV systems' efficiency, hence preventing PV arrays' 
failures [3]. 
2.2.2 Increased Heat Dissipation Needs   
With higher ambient temperatures, solar panels absorb more heat from the surrounding environment, 
leading to excessive thermal load on the panel surfaces. Hence, enhanced cooling is required to maintain 
output performance. Solar installations in warmer regions may require additional cooling solutions, such 
as forced air or liquid cooling, which can add to installation and maintenance costs. However, the 
benefits of these solutions far outweigh the costs, as they can significantly improve the efficiency and 
lifespan of solar panels, making them a worthwhile investment in the long run. 
2.2.3 Potential for Thermal Degradation   
Continuous exposure to high temperatures exerts material stress, which can degrade the materials of the  



 

International Journal for Multidisciplinary Research (IJFMR) 
 

E-ISSN: 2582-2160   ●   Website: www.ijfmr.com       ●   Email: editor@ijfmr.com 
 

IJFMR240631667 Volume 6, Issue 6, November-December 2024 4 
 

solar panel, especially the encapsulants, adhesives, and back sheets, potentially reducing the lifespan. 
This potential for thermal degradation is a significant challenge in solar panel maintenance, as it can lead 
to decreased efficiency and increased maintenance costs. Although cooling solutions address heat 
dissipation needs, they could also lead to high thermal cycling due to repeated heating and cooling, 
leading to micro-cracking of cells that potentially affects electrical connectivity and further decreases 
efficiency over time. 
2.2.4 Shift in Peak Power Generation Times   
Higher temperatures with poor ventilation may shift peak power generation from the sunniest period to 
slightly cooler when panels operate closer to optimal temperatures. Paradoxically, solar panels may 
generate less power during peak sunlight if temperatures are too high, as they lose efficiency when 
approaching their thermal limits. Contrary to the general belief that the warmer the panel becomes, the 
higher the electricity produced, it is indicative that the value of maximum power shifts in inverse 
proportion with the temperature change [4]. 
2.2.5 Impact on Power Electronics and Batteries 
Rising temperatures also affect inverters, leading to possible efficiency drops and additional cooling 
needs for the inverter units. In particular, off-grid solar energy systems are paired with battery storage. 
Higher ambient temperatures can accelerate battery ageing/degradation and decrease storage capacity. 
Considering Malaysia’s ideal geo-location for renewable energy integration, where the government 
focuses on penetrating more solar photovoltaics into the utility market, ambient air temperature, cell 
temperature, and solar irradiance are crucial parameters in formulating predictive maintenance models 
[5]. These parameters represent the input variables to the model and define its efficiency to a great 
extent. The surface meteorological observation station (SMOS) provides the most accurate 
meteorological data; however, it is impossible to establish them at every location. The trade-off to 
SMOS data is that satellite-based data could provide a much greater continuity of data in space [6]. 
On that account, an optimised forecasting estimation for solar panel predictive maintenance at the 
location of the study was obtained through the observed-satellite data approach due to its long temporal, 
historical collection for better forecasting analysis. It also provides meteorological parameters such as 
the ambient air temperature and wind speed. However, it is essential to mention that other optical 
properties of the panel’s components, such as the cell’s material, glazing, encapsulant, back-sheets, the 
electrical efficiency of the cells and the heat transfer to the ambient (Koehl, et al., 2011), are also 
influential on the panel maintenance frequency. 
 
3. Methodology 
A collection of hourly satellite-based datasets on several solar resource parameters and weather varia-
bles, such as air temperature and total wind speed, from the Photovoltaic Geographical Information Sys-
tem (PVGIS) database was retrieved for a significant 19-year period from 1 January 2005 to 31 Decem-
ber 2023. This extensive data collection period was chosen to provide a comprehensive understanding of 
the long-term trends and patterns in solar resource parameters and weather variables, crucial for accurate 
forecasting and predictive maintenance of solar panels.  
Further, the statistical analysis tool, JMP version 18.1.0 software, was used to save the dataset into a 
JMP data table file, which contains 166,536 entries of observations. The data set has eight series: date-
time, system-rated power produced by 1000 Watt of installed PV crystalline panel measured in Watt, 
direct irradiance on the inclined plane of the panel array measured in Watt per square meter, diffuse irra-
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diance on the inclined plane of the panel array measured in Watt per square meter, reflected irradiance 
on the inclined plane of the panel array measured in Watt per square meter, sun elevation angle, air tem-
perature measured in degree Celsius and total wind speed measured in meter per second. Ambient air 
temperature, the focus parameter in this study, is a continuous time series variable, whereas date is a 
time variable. 
As Malaysia lies in a temperate region, ambient air temperature is one of the critical factors affecting 
solar panel electrical performance. Four categories were outlined as the most common causes related to 
solar system malfunctioning: design, installation, operation, and maintenance-related problems [8]. Cor-
rect ambient temperature estimation can improve the efficiency of the predictive maintenance models, as 
Mohamed Bin Shams, et al. (2016) explain. Thus, ambient air temperature was extensively studied for 
forecasting purposes for 2024. 
The forecasting work presented in this paper is divided systematically into the following sections: col-
lection of hourly solar resources for nineteen years from 2005 through 2023, variation analysis of the 
distribution pattern of ambient air temperature, application of various advanced smoothing techniques 
such as moving average and exponential smoothing, and selection of the most suitable model based on 
information criteria, all of which were extensively described in the result and analysis part. 
 
4. Result and Analysis  
The dataset retrieved from the PVGIS database was about to forecast a univariate time series of the 
hourly ambient air temperatures. Observing the data's patterns and trends is crucial before performing a 
forecasting model by smoothing out the data before forecasting. 
Smoothing is essential for accurate forecasting in time-series analysis, especially when trends or 
seasonality are present in the data. Exponential smoothing methods are instrumental because they apply 
decreasing weights to past observations, which helps capture the underlying pattern more effectively. 
4.1 Summary Statistics of the Data Series 
Summary statistics are crucial for understanding the essential characteristics of time series data. They 
provide insights into the data's central tendency, variability, and distribution, which can help decide the 
choice of smoothing and forecasting methods. 
 

Figure 3: Variation of Air Temperatures from 2005 until 2023 
 

 
 

Air Temperature over Hourly Hours (UTC+8)

Year
20

04
20

05
20

06
20

07
20

08
20

09
20

10
20

11
20

12
20

13
20

14
20

15
20

16
20

17
20

18
20

19
20

20
20

21
20

22
20

23
20

24

Ai
r T

em
pe

ra
tu

re
 a

t 2
 m

et
re

s (
de

gr
ee

 C
els

ius
)

15

20

25

30

35
Hourly Air Temperature
Smooth



 

International Journal for Multidisciplinary Research (IJFMR) 
 

E-ISSN: 2582-2160   ●   Website: www.ijfmr.com       ●   Email: editor@ijfmr.com 
 

IJFMR240631667 Volume 6, Issue 6, November-December 2024 6 
 

Figure 3 shows the variation of air temperatures retrieved from the hourly solar resource data for a 19-
year period. It can be observed that, due to having a considerably low standard deviation value, which 
indicates a uniform spread of data points, the temperatures were moderately volatile during the period. 
The generated smoothed curve showed that temperatures remained considerably stable, although some 
slight downward and upward movements were observed. 
 
4.2 Visual Representation of the Data 
The data distributions were analysed to identify trends, seasonality, or irregular ambient air temperature 
variation patterns. 
 

Figure 4: Summary Statistics of Air Temperature Distributions 

 
 
Figure 4 shows the summary statistics of ambient air temperatures. Other customised settings, such as 
skewness, kurtosis, minimum, and maximum, were added besides the default settings. The mean air 
temperature was 24.69 degrees Celsius, with a maximum of 33.67 degrees Celsius and a minimum of 
15.47 degrees Celsius. Due to the mean and median values did not differ significantly, the temperatures 
were positively skewed, which shows the asymmetry of the data. However, as the data has a negative 
kurtosis, it reveals its tailedness, which means there were a few extreme values during the observed pe-
riod. Hypothetically, the graph shown in Figure 3 indicates the need to apply smoothing techniques to 
the data before forecasting can be performed. 
 
4.3 Time-series Representation of the Temperature Data 
A time-series representation is one way to visualise how the temperature changes over time, which is 
fundamental in identifying trends, seasonality, and anomalies in the series. Hence, a time-series plot was 
carried out to interpret the underlying patterns in the data before applying any forecasting models. 
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Figure 5: Time-Series Output of Air Temperatures 

 
Figure 5 shows the descriptive statistics of the time-series output, Auto Correlation Function (ACF), and 
Partial Auto Correlation Function (PACF) for air temperatures up to the 8640th lag. As per the line plot 
previously shown in Figure 3, the smoothed curve shows an upward or downward slope; therefore, the 
temperatures indicate a trend over time rather than seasonality or outlier. 
 
4.4 Estimation of Various Smoothing Models 
Estimating smoothing models is a crucial step for forecasting, mainly when the time series plot exhibits 
patterns like trends or seasonality. Various smoothing techniques were applied based on the smoothing 
models defined in Equation 1, apart from simple moving averages and state-space smoothing. 
 
𝑌𝑡 = 𝜇𝑡	 + 	𝛽𝑡	𝑡 + 𝑆(𝑡) + 𝑎𝑡     (1) 
 
Where,  
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µt = time-varying mean term 
βt = time-varying slope term 
S(t) = one of the s time-varying seasonal terms 
at = random shocks 
For any models without a trend, the βt = 0, and nonseasonal models have S(t) = 0. The estimators for 
these time-varying terms are defined as follows: 
Lt is a smoothed level that estimates µt 
Tt is a smoothed trend that estimates βt 
St - j for j = 0, 1,..., s - 1 are estimates of the s(t) 
Figure 6 below shows the result of simple exponential smoothing, which includes a model summary, 
parameter estimates, and the forecast graph. The default settings for the two parameters remained un-
changed: prediction intervals and constraints – two inputs required for exponential smoothing tech-
niques. 
 

Figure 6: Model Summary for Simple Exponential Smoothing 

 
 
4.5 Selection of the Best Smoothing Models  
In order to appropriately select the best smoothing model, the same procedure as in section 4.4 was car-
ried out for the other remaining exponential smoothing techniques, namely the Double Exponential 
Smoothing, Linear (Holt) Exponential Smoothing, Damped-Trend Linear Exponential Smoothing, Sea-
sonal Exponential Smoothing and Winter’s Model (Additive) for particularly compare on information 
criteria. 
 

Figure 7: Six Smoothing Techniques Applied to the Temperature Data 

 
 
Figure 7 shows the model comparison list for all the estimated models. The Akaike Information 
Criterion (AIC) is a model selection metric that penalises model complexity and helps compare models. 
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Schwarz's Bayesian Criterion (SBC), on the other hand, is a statistical metric used to compare the 
goodness-of-fit of different models while penalising for model complexity. 
Comparing the AIC or SBC values can help select the best smoothing model. The model that minimises 
the information criteria value is the most suitable, and the model that best fits the temperature data is the 
Damped-Trend Linear Exponential Smoothing. 
 
4.6 Forecasting using the Most Suitable Smoothing Model 
The Damped-Trend Linear Exponential Smoothing was selected as the most suitable model based on the 
information criteria. Figure 8 below shows the model summary of the lowest AIC and SBC values, 
which were 323431.01 and 323461.08, respectively. As per the forecast plot below, the forecasted data 
points indicated in red were close to the actual temperature values. 
 

Figure 8: Model Summary for Damped-Trend Linear Exponential Smoothing 

 
 
4.7 Generating Forecast Values  
A new data table containing the actual observations, predicted values and standard errors was generated 
after estimating the selected model. Since the dataset spans over 19 years of hourly data until 2023, the 
forecast horizon frequency was set to 8640 hours to predict the temperature in 2024. Table 1 below 
shows a couple of sets of generated values from the 8640 observations, starting at row 166537, repre-
senting the forecast of temperatures for every hour in 2024. 
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Table 1: Actual Observations, Predicted Values and Standard Errors 

 
 
Figure 9 below visualises the actual and predicted air temperature values. At 95% of the prediction in-
terval, the actual and predicted curves in blue and red, respectively, show that the green arrow line 
shows the predicted temperature values for 2024. On remark, the blue curve does not end strictly at the 
end of the year 2023 because the PVGIS dataset observes the UTC zone, whereas in Malaysia, the corre-
sponding time is leading by 8 hours apart (UTC+8).   
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Figure 9: Visualising Actual and Predicted Air Temperature Values 

 
 
5. Discussion  
Based on the findings in section 4.3, the ACF plot grew and decayed alternately, and the PACF plot 
showed stability for entire lags. The asymmetry characteristic of the data in section 4.2 makes it evident 
that the temperature series is nonstationary. Besides, a kurtosis value less than 3, that is, -0.55, indicates 
a platykurtic rather than a normal distribution due to fewer outliers [10]. 
As per the model comparison described in section 4.5, like the AIC, SBC helps prevent overfitting by 
discouraging unnecessary parameters. However, BIC applies a more substantial penalty for the number 
of parameters, making it particularly useful when selecting the best model among options with differing 
complexities. 
Output data tabulated in Table 1 from section 4.7 set the forecast horizon frequency to 8640 hours to 
represent the forecast of temperatures for every hour in 2024. Particularly interesting to utilities and in-
dependent system operators (ISOs), forecasts for longer time horizons are helpful for unit commitment, 
scheduling, and improving balance area control performance [11] because there is a causal relationship 
between forecasting horizons, forecasting models and the related activities on the forecasting error [12]. 
Overall, while solar panels perform well under sunlight, high ambient temperatures can lead to 
performance losses, material degradation, and maintenance challenges. Adapting solar technologies and 
installation practices to mitigate heat impacts can optimise solar panel performance in a warming 
climate. Several strategies could be adopted to address the problem: panel positioning and ventilation, 
which improving airflow around panels and installing them at optimised angles can help reduce 
overheating; use of heat-resistant materials that include advanced solar materials, like perovskites or 
hybrid systems, are being developed to reduce temperature sensitivity; and selective cooling systems by 
implementing passive or active cooling that can help in high-temperature regions, though it comes at 
additional cost. 
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6. Conclusion  
This study underscores the critical role of accurate forecasting of ambient air temperature in enhancing 
the predictive maintenance of solar photovoltaic (PV) panels, particularly in Kuala Kangsar, Perak, 
Malaysia. Through a thorough analysis of 19 years of satellite-based data, the application of advanced 
smoothing techniques, and the selection of the Damped-Trend Linear Exponential Smoothing model, 
this research demonstrates the importance of leveraging historical and observed data for cost-effective 
predictive maintenance in solar energy systems. 
The findings highlight the challenges posed by high ambient temperatures on solar panel efficiency and 
the corresponding need for adaptive measures, such as optimised cooling systems and advanced 
materials. These strategies are essential for mitigating performance losses and ensuring the longevity of 
solar PV systems in tropical climates. 
This work aligns with Malaysia's vision of achieving a 20% renewable energy mix by 2025. It provides 
a practical framework for integrating predictive maintenance into the country's expanding solar energy 
landscape. It offers valuable insights into addressing the challenges of climate change while advancing 
sustainable energy practices. 
Since Malaysia has the highest average number of citations for research findings, which revealed a 
relatively high level of interest in artificial intelligence for renewable energy [13], future research could 
expand on this work by incorporating additional environmental variables or exploring the application of 
more robust machine learning models to enhance predictive accuracy and maintenance protocols further. 
 
7. Appendix  
The screenshot of the 2005-2023 PVGIS data set given below shows a partial view of all 166536 hourly 
satellite observations, the number of which is indicated in the lower right corner. It is worth noting that 
the dataset has zero values for the parameter “Int,” which means no solar radiation values are being 
reconstructed. 
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