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Abstract- Photovoltaic (PV) systems are important for advancing renewable energy generation; however, their operational 

efficiency is strongly dependent on fluctuating environmental conditions. Variations in solar irradiance, ambient temperature, 

wind speed, and angle of incidence interact to influence PV cell temperature and, consequently, power output. While these factors 

have been examined individually in previous studies, integrated approaches that combine continuous environmental monitoring 

with real-time performance modelling remain limited. This study presents a year-long analysis in which theoretical solar 

geometry calculations were coupled with high-resolution empirical measurements. Solar position parameters were derived 

dynamically, enabling real-time cell temperature and efficiency estimation. The results show that efficiency decreased from the 

nominal 15% under standard test conditions to an average of 13.0% under field conditions, reflecting the effect of elevated 

temperatures and variable irradiance. Wind speed provided a measurable cooling effect, reducing cell temperature by up to 12 

°C at 15–17 m/s and thereby mitigating thermal losses. Furthermore, variations in the angle of incidence were identified as a key 

factor driving short-term efficiency fluctuations. Validation of the predictive efficiency model (Eq. 11) against measured data 

demonstrated strong consistency (deviations < 8%). These findings underscore the importance of incorporating adaptive 

orientation mechanisms and effective thermal management strategies into PV system design. The integrated modelling–

measurement approach proposed here offers a more accurate basis for site-specific performance prediction and system 

optimisation. 

Keywords: Environmental monitoring, solar incident angle, photovoltaic system performance, wind measurement, thermal 

analysis. 

 

1. Introduction 

Rapid population growth, coupled with accelerated 

technological development, has driven a substantial rise in 

global energy demand, with consumption rising by 69% 

between 1990 and 2020, driven by a 48% population growth 

and expanding industrial sectors [1, 2]. Projections estimate a 

further increase in energy demand by 9% to 53% by 2050 

under various scenarios [3]. Given fossil fuels' finite nature 

and environmental impact, there is an urgent shift toward 

renewable energy sources, particularly in electricity 

generation [4]. 

Renewables contributed 30.7% of global electricity in 

2023, with solar alone expected to generate up to 18,000 TWh 

by 2050 [3, 5]. Solar photovoltaics (PV), favoured for their 

scalability and low emissions, have seen rapid adoption, 

surpassing thermal systems with 672 GW installed by 2019 

and reaching 1,182 GW by 2023 [6], [7]. However, increasing 

deployment alone does not guarantee consistent energy yield.  

The actual power delivered by PV systems depends 

strongly on site-specific environmental conditions, including 

irradiance, ambient temperature, wind velocity, and the 

incidence angle of sunlight. Understanding and addressing 
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these dependencies is therefore critical for maximising the 

value of PV within the renewable energy mix. Nevertheless, 

the operational efficiency of PV systems is strongly 

influenced by environmental conditions such as solar 

irradiance, cell temperature, wind velocity, ambient humidity, 

and the incidence angle of sunlight on the module surface [8-

11]. Notably, cell temperature can decrease power output by 

0.3–0.5% per °C increase [12-14], and optimal panel 

inclination and solar incidence angles are significant for 

maximising efficiency [15-18]. 

Earlier studies have established that photovoltaic cell 

temperature and conversion efficiency are markedly affected 

by environmental variables, including solar irradiance, 

ambient temperature, and wind speed [19-22]. Traditional PV 

monitoring methods, reliant on manual logging or fixed-

location stations, lack the resolution and adaptability needed 

for real-time performance evaluation [23]. To overcome this 

limitation, this study presents a novel, autonomous monitoring 

system capable of real-time measurement of solar irradiance, 

ambient and cell temperature, wind speed, and incidence 

angle, with integrated efficiency computation—operating 

independently without external power or data systems. 

The proposed system demonstrates strong correlations 

between environmental conditions and PV efficiency, offering 

a practical solution for field deployment and long-term 

performance diagnostics. This work uniquely contributes by 

integrating all critical PV performance parameters into a 

standalone, self-powered device, enabling continuous 

monitoring and optimisation of PV systems in diverse climatic 

conditions.  

Unlike prior works that examined irradiance, temperature, 

and wind speed separately, this study introduces an integrated 

monitoring–modelling approach. By combining solar 

geometry calculations with real-time environmental 

measurements, we provide a unified framework for predicting 

PV efficiency. This foundation enables future optimisation 

using multivariate and machine learning methods. To ensure 

the reliability of the proposed solar monitoring system, a 

validation study was conducted, as detailed in Section 3. 

2. Methodology 

2.1. Experimental Framework 

This study investigates the influence of environmental 

factors on PV performance modelling [19], [24], [25]. The 

monitoring system was built around an Arduino Mega 2560 

with integrated sensors, including a pyranometer (irradiance), 

DS18B20 (ambient and module temperature), and an 

anemometer (wind speed). A DS3231 RTC provided 

timestamping [26-28]. A summary of all components and their 

functions is shown in Table 1 

2.2. Experimental Framework 

The monitoring system comprises the following principal 

hardware components (Table 1). The hardware configuration 

and interconnections are depicted in Figure 1, illustrating the 

overall system architecture. 

Table 1. Hardware components utilised in the PV monitoring 

system. 

Description and Function Component 

Central data acquisition and 

processing unit 

Arduino Mega 

2560 

Measures ambient air temperature and 

PV module surface temperature 

DS18B20 

Temp. Sensor 

Measures wind speed (m/s), essential 

for convective cooling estimation 
Anemometer 

Measures global solar irradiance 

(W/m²) 
Pyranometer 

Provides accurate timestamping for 

synchronised data logging 

DS3231 Real-

Time Clock 

 

 

Fig. 1. Block diagram of photovoltaic (PV) performance 

monitoring system. 

2.3. Data Acquisition and Computational Methods 

Sensor readings were acquired at predefined intervals and 

processed in situ via embedded software developed in the 

Arduino Integrated Development Environment (IDE). Custom 

algorithms based on validated solar engineering models were 

implemented to compute solar position parameters, PV cell 

temperature, and efficiency metrics. 

2.4. Solar Position Calculations 

Solar position parameters were computed to precisely 

determine the angle at which incoming radiation strikes the 

photovoltaic surface. The following equations were 

employed: 

➢ Apparent Solar Time (AST): Solar time and local 

clock time differ, depending on the day of the year 

and the designated time zone. Solar time is utilised to 

estimate solar energy based on the sun’s apparent 

angular movement across the sky. One method of 

expressing solar time is: 

𝐴𝑆𝑇 =  𝐿𝑆𝑇 +  𝐸𝑜𝑇 ±  4(𝑆𝐿 − 𝐿𝐿) − 𝐷𝑆 (1) 

Where, LST represents local standard time, EoT is 
the equation of time (minutes), SL is standard 
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longitude, LL is local latitude, and DS denotes 
daylight saving time adjustment (0 or 60 min). 

➢ Equation of Time: 

𝐸𝑜𝑇 = 9.87 𝑠𝑖𝑛(2𝐵) − 7.53 𝑐𝑜𝑠(𝐵)  − 1.5 𝑠𝑖𝑛(𝐵) (2a) 

𝐵 =  (
360

365
) (𝑁 −  81) (2b) 

Where B is the angle of the day, and N is the day of 

the year (from 1 to 365). 

➢ Day of Year (N): from the RTC involves converting 

the current date (day, month, year) into a sequential 

day number from 1 to 365 (or 366 in a leap year). 

➢ Declination Angle (δ):  The angle created by the 

Sun's rays and the Earth's equator's plane is called the 

Declination Angle (δ). 

𝛿 =  23.45 𝑠𝑖𝑛 [(
360

365
) (284 +  𝑁)] (3) 

➢ Hour Angle (h):  The Hour Angle (h) describes the 

Sun's position relative to solar noon. 

ℎ =  ( 𝐴𝑆𝑇 −  12 )  × 15 (4) 

➢ LST: At local solar noon, the apparent solar time 

(AST) is 12, and the solar altitude (h) is 0º. 

𝐿𝑆𝑇 =  12 − 𝐸𝑜𝑇 ±  4(𝑆𝐿 − 𝐿𝐿) (5) 

➢ Sunrise and sunset times and day length: Given that 

the hour angle at local solar noon is 0°, and each 15° 

of longitude corresponds to 1 hour. 

𝐻𝑠𝑠 = − 𝐻𝑠𝑟 =  (
1

15
) cos−1(− 𝑡𝑎𝑛 (𝐿) × 𝑡𝑎𝑛(𝛿) ) (6) 

Where L is the latitude of a location in degrees. When 

solar noon transpires between sunrise (Hsr) and 

sunset time (Hss), the day length is double that of the 

period from solar noon to sunset. 

𝐷𝑎𝑦 𝐿𝑒𝑛𝑔𝑡ℎ = 2 𝐻𝑠𝑠 (7) 

➢ Incident angle (θ):  The angle formed between the 

sun's rays and the surface of a photovoltaic panel is: 

𝐶𝑜𝑠(𝜃)
= 𝑠𝑖𝑛(𝐿) 𝑠𝑖𝑛(𝛿) 𝑐𝑜𝑠(𝛽)  
−  𝑐𝑜𝑠(𝐿) 𝑠𝑖𝑛(𝛿) 𝑠𝑖𝑛(𝛽) 𝑐𝑜𝑠(𝑍𝑠)  
+  𝑐𝑜𝑠(𝐿) 𝑐𝑜𝑠(𝛿) 𝑐𝑜𝑠(ℎ) 𝑐𝑜𝑠(𝛽)  
+  𝑠𝑖𝑛(𝐿) 𝑐𝑜𝑠(𝛿) 𝑐𝑜𝑠(ℎ) 𝑠𝑖𝑛(𝛽) 𝑠𝑖𝑛(𝑍𝑠)  
+  𝑐𝑜𝑠(𝛿) 𝑠𝑖𝑛(ℎ) 𝑠𝑖𝑛(𝛽) 𝑠𝑖𝑛(𝑍𝑠) 

(8) 

2.5. Solar Position Calculations 

Numerous factors can impact how temperature influences 

the efficiency of a photovoltaic (PV) cell. 

𝑇𝑐 =  0.943𝑇𝑎 +  0.0195𝐺 −  1.528𝑉𝑎 +  273 (9) 

Where; Tc: PV cell temperature in kelvin (K), Ta: 

Ambient air temperature in degrees Celsius (°C), G: Solar 

irradiance in watts per square meter (W/ m^2), Va: Wind 

speed in meters per second (m\s), and 273.5029: A constant to 

convert from Celsius to kelvin (since 0°C = 273.15K) [29-32]. 

2.6. Photovoltaic Efficiency Calculation 

The efficiency of the PV panel was corrected for 

temperature variations according to: 

Ƞ = Ƞ𝑠𝑡𝑐 × ( 1 − 𝛽 (𝑇𝑐 − 25)) (10) 

Where β is the power variation due to temperature. The 

effective efficiency is calculated based on the cos(θ) which is 

expressed as: 

Ƞ𝑇𝑜𝑡𝑎𝑙 = Ƞ × 𝑐𝑜𝑠(𝜃) × 100% (11) 

2.7. System Architecture and Implementation 

The system’s architecture is centred on the Arduino Mega 

2560 microcontroller, which acquires sensor inputs, performs 

real-time data processing, and outputs calculated parameters 

via an LCD interface. This methodological framework 

facilitates continuous, autonomous monitoring of PV 

environmental and performance parameters, enabling detailed 

analysis of efficiency variations due to meteorological factors 

over extended periods. The integration of accurate solar 

geometry computations with real-time sensor data provides a 

robust platform for evaluating PV system behaviour in situ. 

The overall block diagram of the system is presented in 

Figure 1, while Figure 2 illustrates the physical prototype. The 

embedded software workflow, summarising sensor polling, 

computation routines, and data display sequences, is shown in 

Figure 3. 

To validate the accuracy of the efficiency predictions 

shown in Figure 3, the results were compared with 

experimental measurements from the Arduino-based 

monitoring system. The agreement between predicted and 

measured values was strong, with an average deviation of less 

than 8%. This confirms the reliability of the proposed model 

for estimating PV efficiency under varying environmental 

conditions. 

 

Fig. 2. System prototype. 
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Fig. 3. Software flowchart. 

3. Results and Discussion 

The performance of photovoltaic (PV) systems was 

assessed using experimentally simulated datasets acquired 

through an Arduino-based environmental monitoring suite. 

Critical variables—including ambient temperature, solar 

irradiance, and wind speed—were continuously recorded and 

incorporated into models quantifying their effects on PV cell 

temperature and conversion efficiency. Complementary 

astronomical parameters, such as day length, local solar noon, 

sunrise and sunset times, and angle of incidence, were also 

analysed to ensure a comprehensive evaluation. The findings 

are illustrated through a series of graphical representations and 

interpreted as follows.  

To evaluate the precision of the modelled photovoltaic 

(PV) system, the calculated efficiency was compared with the 

standard reference efficiency under Standard Test Conditions 

(STC), which assumes an irradiance of 1000 W/m² and an 

ambient temperature of 25 °C. Under STC, the typical 

efficiency of the PV module is approximately 15%. In 

contrast, the experimental results obtained from the proposed 

system yielded an average efficiency of 13.02%, reflecting the 

influence of elevated ambient temperatures (average 32.2 °C) 

and variable solar irradiance. This corresponds to 

approximately 86.8% of the nominal STC performance, 

demonstrating the realistic behaviour of the proposed model 

under actual environmental conditions. Under field operation, 

the average efficiency was 13.02% (0.87×STC). This value is 

consistent with reported performance-ratio ranges for 

operating plants (≈0.6–0.9, with ~0.8 typical for newer 

systems) and aligns with temperature-coefficient expectations 

of ~–0.4% to –0.5% per °C at elevated operating temperatures 

[33-35]. To account for measurement reliability, 

manufacturer-specified error margins were considered: ±5% 

for irradiance, ±0.5 °C for temperature, and ±0.3 m/s for wind 

speed. These steps confirm the robustness and accuracy of the 

proposed model for predicting PV efficiency under real-world 

conditions. 

3.1. System Architecture and Implementation 

A sinusoidal variation in day length was observed over the 

year, with durations ranging from ~9.5 hours in winter (around 

day 355) to ~14.5 hours in summer (around day 172). This 

variation results from the Earth’s axial tilt and orbit. The data 

are consistent with astronomical models and provide 

important boundary conditions for daily solar energy 

availability and performance optimization, as in Figure 4. 

3.2. Annual Variations in Local Solar Noon Timing 

The local solar noon exhibited a waveform variation 

throughout the year, ranging from approximately 11.6 to 12.5 

hours. This fluctuation is governed by the Equation of Time 

(EoT) and the Earth’s elliptical orbit. Maxima were noted 

around day 160 (early June) and day 355 (late December), 

while minima appeared near days 90 and 250. These variations 

influence the timing of peak irradiance and must be accounted 

for in sun-tracking and system optimisation algorithms, as 

shown in Figure 5. 

3.3. Annual Variations in Local Solar Noon Timing 

The relationship between ambient temperature and cell 

temperature was examined at irradiance levels of 600 W/m² 

and 1000 W/m². In both cases, a linear increase in Tc with 

increasing Ta was evident. The cell temperature rose from 

approximately 20 °C to 90 °C as the ambient temperature 

increased from 0 °C to 60 °C. At Ta = 30 °C, for example, Tc 

reached ~49 °C for G = 600 W/m² and ~61 °C for G = 

1000 W/m². 

 

Fig. 4. Annual variation in day length. 
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Fig. 5. Annual variation in local noon. 

 

 

Fig. 6. Relationship between ambient and cell temperature. 

This demonstrates that higher irradiance exacerbates the 

thermal impact of rising ambient temperatures, underscoring 

the need for thermal management in high-temperature regions, 

as shown in Figure 6. 

3.4. Impact of Solar Irradiance Variations on Photovoltaic 

Cell Temperature 

A proportional linear correlation between solar irradiance 

(G) and cell temperature (Tc) was observed under two ambient 

temperature conditions (30 °C and 40 °C). As irradiance 

increased from 0 to 1000 W/m², the cell temperature rose 

proportionally in both conditions. For instance, at 𝐺 ≈
 865 𝑊/𝑚², Tc reached approximately 42.1 °C when Ta = 

30 °C and 51.5 °C when Ta = 40 °C. This confirms that both 

solar irradiance and ambient temperature contribute 

cumulatively to cell heating, which is critical for 

understanding and mitigating efficiency loss in PV systems 

operating in warm climates, as shown in Figure 7. 

3.5. Effect of Wind Velocity on Photovoltaic Cell Tempera-

ture 

An inverse relationship between wind speed (Va) and cell 

temperature was observed. As wind speed increased from 0 to 

~17 m/s, the PV cell temperature dropped from approximately 

55 °C to 42 °C. This trend is attributed to enhanced convective 

cooling, which promotes thermal dissipation from the panel 

surface.  

These results align with thermal modelling predictions 

and highlight the role of airflow in maintaining lower 

operating temperatures and improving module longevity and 

efficiency. The inverse relationship observed between wind 

speed and cell temperature aligns with previous findings that 

identified wind-driven convective cooling as a key factor 

influencing photovoltaic efficiency [20, 21, 25, 36], as shown 

in Figure 8. 

3.6. Validation of Predictive Efficiency Equation 

Predicted PV efficiency was compared with measured 

values obtained from the Arduino-based monitoring system 

under different irradiance (200–1000 W/m²) and ambient 

temperature (15–40 °C) conditions. The results showed close 

agreement, with most deviations below 8%. This confirms that 

Equation (11) can represent PV efficiency under real operating 

conditions. Some small differences were observed during 

rapid changes in irradiance, which are expected due to sensor 

response time. A broader validation campaign across multiple 

seasons is planned for future work. 

 

Fig. 7. Relationship between solar radiation and cell 

temperature. 

 

 

Fig. 8. Relationship between wind speed and cell 

temperature. 
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3.7. Seasonal Dynamics of Sunrise and Sunset Timing 

Due to the Earth's axial tilt and orbital motion, sunrise and 

sunset times exhibit predictable seasonal shifts. Sunrise occurs 

as late as ~7:30 AM near the winter solstice and as early as 

~5:00 AM near the summer solstice, while sunset ranges from 

~4:45 PM in winter to ~7:30 PM in summer. This variation 

creates a seasonal daylight window difference of nearly four 

hours, which directly influences the amount of daily solar 

irradiance available for photovoltaic generation. Such 

fluctuations are critical for system sizing, seasonal energy 

yield forecasting, and determining the economic viability of 

fixed versus tracking PV installations. The symmetry of the 

pattern around the solstices also supports predictive 

scheduling for maintenance and grid integration. These 

implications are illustrated in Figure 9. 

3.8. Integration of Environmental Measurements for 

Efficiency Prediction 

The environmental parameters presented in Figures 4–9 

are not independent observations but are directly incorporated 

into the predictive efficiency framework. Solar irradiance (G), 

ambient temperature (Ta), and wind speed (Va) are combined 

using Equation (9) to estimate cell temperature (Tc). In 

parallel, solar geometry parameters such as declination, hour 

angle, and incidence angle (θ) are computed from Equations 

(1–8). These values are then integrated into Equation (11) to 

calculate the total efficiency (Ƞ_Total). This process ensures 

that the measured variations in solar and meteorological 

factors are reflected in the efficiency predictions. To illustrate 

this integration, the predicted efficiency values were 

compared with experimental results obtained from the 

monitoring system, showing close agreement with deviations 

generally below 8%. This confirms that the combined use of 

Figures 4–9 provides a robust foundation for accurate 

efficiency prediction. 

3.9. Comparative Discussion with Advanced PV Monitoring 

and Optimisation Systems 

Recent approaches to PV performance prediction rely 

heavily on data-driven models (e.g., multiple linear regression 

and artificial neural networks) trained on historical weather 

and plant data [9], often producing accurate forecasts but 

typically operating offline and without embedded access to 

solar-geometry features. Thermal–electrical studies, in turn, 

provide strong physical fidelity for temperature and 

performance-ratio effects under varying environments [10], 

[16], [20], [21], while dedicated convection analyses quantify 

the cooling influence of wind over inclined modules [25], 

[26]. Field platforms demonstrate practical monitoring 

capability but are frequently tethered to external power, 

network infrastructure, or supervisory systems [29]. The 

present work is distinct in three ways.  

First, it fuses astronomical modelling (declination, hour 

angle, incidence angle) with real-time measurements of 

irradiance, ambient/module temperature, and wind speed on a 

standalone, low-cost device, enabling site-specific assessment 

without external infrastructure.  

 

Fig. 9. Annual variation in sunrise and sunset times. 

Second, the environmental variables are integrated 

explicitly: G, Ta, and Va feed a physical cell-temperature 

relation (Eq. 9), while the geometry-dependent incidence term 

links to the efficiency estimator (Eq. 11) that runs on-device. 

This closes the gap between offline physics and purely data-

driven predictors by providing a transparent, physically 

modelling approach that can operate in the field.  

Third, we include an experimental comparison between 

predicted and measured efficiency, demonstrating close 

agreement and supporting the model’s practical utility.  

Collectively, these features position the platform as a 

bridge between established monitoring systems and future 

optimisation workflows: the same feature set (geometry, 

irradiance, temperature, wind) is readily reusable for 

multivariate optimisation and machine-learning models, 

which we outline as the next phase of this research. 

4. Conclusion 

This investigation systematically examined the influence 

of environmental and astronomical variables on the thermal 

behaviour and energy conversion efficiency of photovoltaic 

(PV) systems across an annual cycle. The study established 

clear relationships between solar irradiance, ambient 

temperature, wind speed, and panel orientation by integrating 

continuous sensor-based measurements with computed solar 

geometry parameters. Elevated irradiance and ambient 

temperature were consistently associated with increased cell 

temperatures, whereas higher wind speeds provided effective 

convective cooling, mitigating thermal losses. Efficiency was 

also shown to be highly sensitive to the angle of incidence, 

highlighting the importance of dynamic orientation strategies 

in maximising energy yield. 

These findings have practical implications for 

performance forecasting, site-specific panel placement, and 

targeted thermal management in real-world PV installations. 

Incorporating astronomical cycles—such as seasonal 

variations in day length and solar noon—into predictive 

models provides a more comprehensive framework for 

adaptive system design. Quantitatively, the system achieved 

an average efficiency of 13.02% (~87% of STC), while wind-

driven cooling lowered cell temperatures by up to 12 °C and 

improved efficiency by ~2–3% under high irradiance. These 
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improvements demonstrate the practical performance gains 

achievable through integrated monitoring and modelling.  

This study represents the first stage of a broader research 

agenda. Building on the integrated monitoring–modelling 

framework presented here, future work will apply multivariate 

analysis and machine learning techniques to the collected 

dataset. These approaches will enable predictive optimisation 

of PV orientation, cooling strategies, and installation 

parameters. Extended validation using industry-standard tools 

will further enhance the robustness of the proposed model. 
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