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Abstract - Partial shading is one of the dominant causes of energy 

performance degradation in static photovoltaic (PV) systems, 

especially in tropical environments where dust accumulation and 

vegetation growth frequently occur. Conventional shading analysis 

in photovoltaic energy studies is commonly conducted using 

geometric simulation or irradiance‑based modelling without 

explicitly identifying physical shading objects on the PV surface. 

This paper proposes a computer vision‑based approach to 

quantitatively detect shading objects and statistically evaluate their 

impact on PV energy performance. A Python–OpenCV framework 

was developed to calculate pixel‑based shading area on a 10 Wp 

static PV module. Electrical parameters including voltage, current, 

and output power were experimentally measured under shading 

levels ranging from 10% to 100%. Statistical analyses consisting of 

Pearson correlation, linear regression, significance testing, and 

one‑way Analysis of Variance (ANOVA) were applied. The results 

show a very strong negative correlation between shading area and 

both current and power output (r = −0.98, p < 0.001). Linear 

regression indicates that shading area explains 96.1% of current 

variation (R² = 0.961), while ANOVA confirms statistically 

significant differences in energy output across shading levels (p < 

0.01). These findings demonstrate that computer vision‑based 

shading quantification provides a statistically robust and 

energy‑oriented framework for analysing performance degradation 

in static photovoltaic systems. 

Keywords — Photovoltaic Energy, Partial Shading, Computer 

Vision, Energy Loss, Statistical Analysis 

I. Introduction 

Photovoltaic (PV) systems have become one of the fastest-

growing renewable energy technologies due to their scalability, 

low maintenance requirements, and decreasing installation 

costs, making them an important component of sustainable 

electricity generation [1], [2]. However, the electrical 

performance of PV systems is highly dependent on operating 

conditions, and their actual power output often deviates from 

the rated capacity because of environmental factors such as 

temperature variations, dust accumulation, cloud cover, module 

aging, and partial shading. Among these factors, partial shading 

is particularly critical because it not only reduces the incident 

solar irradiance but also introduces electrical mismatch in 

series-connected PV cells, leading to significant output power 

degradation. Therefore, accurate identification and 

quantification of shading effects are essential for improving 

photovoltaic performance evaluation and maintenance 

strategies. Among various renewable energy technologies, 

photovoltaic (PV) systems have gained significant attention 

because of their modularity, scalability, low maintenance 

requirements, and continuously declining installation costs [3], 

[4]. Over the past decade, substantial improvements in PV 

conversion efficiency, manufacturing processes, and power 

electronics have further enhanced the economic viability of 

solar energy systems. Countries located in tropical regions, 

including Indonesia, possess substantial solar energy potential 

due to their relatively stable solar irradiance throughout the year 

[5]. Consequently, photovoltaic deployment has become an 

attractive strategy for increasing renewable energy penetration 

while improving energy security and reducing dependence on 

conventional fossil-fuel-based power generation. Nevertheless, 

the actual performance of PV installations frequently differs 

from expected theoretical outputs because PV systems operate 

under dynamic environmental conditions that are difficult to 

predict accurately [6], [7]. Factors such as temperature 

variation, dust accumulation, cloud cover, module aging, and 

shading conditions significantly influence system efficiency 

and energy yield. Therefore, understanding and mitigating 

performance degradation mechanisms remains essential for 

maximizing the effectiveness and reliability of photovoltaic 

energy systems. 

Among the various environmental disturbances affecting 

photovoltaic systems, partial shading is widely recognized as 

one of the most significant factors contributing to energy loss 

and efficiency reduction [8], [9]. Partial shading occurs when 

only a portion of the PV module surface receives reduced solar 

irradiance due to obstructions such as nearby buildings, 

vegetation, utility poles, accumulated debris, or temporary 

objects that block sunlight reaching the module surface [10]. 

Unlike uniform irradiance reduction, partial shading creates 

electrical mismatch conditions among interconnected solar 

cells because PV modules are typically composed of series-

connected cells [11]. Under such circumstances, shaded cells 

limit the current flow of the entire string, resulting in 

disproportionate reductions in output power relative to the 

shaded area [12]. Furthermore, severe shading conditions may 

trigger reverse bias operation in affected cells, leading to 

hotspot formation and accelerated material degradation that can 

shorten module lifespan [8], [13]. These technical 

consequences not only reduce energy production but also 

increase operational and maintenance costs over the long term. 

As photovoltaic installations continue to expand in urban, 

residential, and industrial environments where shading sources 
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are unavoidable, accurate assessment of shading impacts has 

become increasingly important. Consequently, reliable 

methods for quantifying shading-induced energy losses are 

necessary to support performance monitoring, maintenance 

planning, and optimization of photovoltaic system operation. 

To evaluate the influence of shading on photovoltaic 

performance, numerous researchers have developed 

simulation-based approaches that estimate energy losses using 

geometric and electrical models. Software platforms such as 

PVsyst, System Advisor Model (SAM), and Helioscope have 

become widely adopted tools for predicting photovoltaic energy 

yield under various environmental and operational conditions 

[14], [15]. These tools integrate solar irradiation data, module 

specifications, array configurations, and shading geometries to 

estimate annual energy production and performance ratios [16]. 

Their application has proven highly beneficial during the 

planning and design stages of photovoltaic projects because 

they enable engineers to assess alternative system 

configurations and optimize installation layouts before 

deployment [17]. However, despite their effectiveness, these 

simulation platforms generally rely on predefined shading 

assumptions and simplified geometric representations of 

shading objects, where the size, shape, position, and orientation 

of obstructions are specified manually based on idealized 

models rather than actual field observations [18]. Consequently, 

complex and irregular shading patterns caused by vegetation, 

surrounding buildings, utility poles, or other real-world 

obstacles are often difficult to represent accurately, potentially 

leading to discrepancies between simulated and actual 

photovoltaic performance. In many practical situations, shading 

conditions are highly dynamic and involve irregularly shaped 

obstructions whose characteristics are difficult to represent 

accurately within conventional simulation environments [19]. 

Consequently, discrepancies may arise between simulated 

energy loss estimates and actual field conditions. Moreover, 

most simulation-based studies focus on long-term energy yield 

assessment rather than direct quantification of physical shading 

observed on module surfaces. These limitations highlight the 

need for complementary approaches capable of capturing real-

world shading conditions and translating them into meaningful 

indicators of photovoltaic performance degradation. 

Experimental investigations have also been conducted to 

understand the electrical behaviour of photovoltaic modules 

subjected to partial shading conditions. Previous studies 

commonly analyze the variations in voltage, current, power 

output, fill factor, and efficiency under controlled shading 

scenarios [20], [21]. Their findings consistently indicate that 

current is significantly more sensitive to shading than voltage 

because current generation in series-connected photovoltaic 

cells depends directly on the least illuminated section of the 

module [22]. As a result, even relatively small shaded areas may 

cause substantial reductions in power output, revealing the 

nonlinear relationship between shading coverage and electrical 

performance degradation [23]. Although these studies have 

contributed valuable insights into photovoltaic behaviour under 

shading conditions, most experiments rely on predefined 

shading patterns generated using artificial obstacles with known 

dimensions [24], [25]. While such approaches facilitate 

controlled laboratory investigations, they do not adequately 

represent the complexity of shading conditions encountered in 

actual photovoltaic installations. In real operating 

environments, shading patterns frequently exhibit irregular 

shapes, varying intensities, and continuously changing 

positions due to environmental dynamics. Consequently, 

existing experimental methods often lack a quantitative 

mechanism for accurately measuring the actual shaded area and 

correlating it directly with electrical energy losses. This 

limitation creates uncertainty in evaluating the true impact of 

shading on photovoltaic system performance. To address this 

limitation, an image-based spatial shading analysis approach is 

proposed in this study. By combining computer vision 

techniques with pixel-based shading area quantification and 

statistical analysis of photovoltaic electrical parameters, the 

proposed method enables direct measurement of physical 

shading coverage and its relationship with output power 

degradation under controlled experimental conditions. 

Recent developments in computer vision, digital image 

processing, and artificial intelligence have opened new 

opportunities for non-contact monitoring and assessment of 

energy systems. Advances in imaging technologies, 

computational power, and machine learning algorithms have 

enabled automatic extraction of useful information from visual 

data across various engineering applications [26], [27]. Within 

the photovoltaic sector, image-based techniques have been 

widely employed for defect detection, crack identification, dust 

accumulation monitoring, and thermal anomaly analysis using 

RGB, multispectral, and infrared imagery [28], [29]. These 

approaches provide rapid, cost-effective, and scalable 

alternatives to conventional inspection methods, particularly 

for large-scale solar installations [30]. Furthermore, image 

processing techniques enable detailed characterization of 

module surface conditions without interrupting normal system 

operation [31].Specifically, previous studies have demonstrated 

that computer vision methods are effective for identifying 

surface defects, detecting cracks, monitoring soiling conditions, 

and recognizing thermal anomalies with high accuracy. 

However, these studies primarily utilize image analysis as a 

diagnostic or classification tool, where the outputs are limited 

to identifying the presence, location, or type of anomaly rather 

than quantifying its electrical consequences [28]–[31]. Other 

studies have incorporated artificial intelligence algorithms to 

improve the automation and reliability of photovoltaic 

inspection, yet their performance evaluation remains focused 

on detection accuracy instead of establishing quantitative 

relationships between visual features and electrical output 

parameters [32], [33]. Despite the growing adoption of vision-

based monitoring approaches, the majority of existing studies 

focus primarily on classification, fault detection, or condition 

assessment tasks rather than direct energy performance 

evaluation [32]. Most image-based methods are designed to 
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identify the presence or location of defects and shading without 

quantitatively measuring the actual shading area on the 

photovoltaic surface. Furthermore, pixel-based shading 

measurements are rarely integrated with statistical analyses to 

establish quantitative relationships between image-derived 

shading coverage and electrical output parameters such as 

voltage, current, and output power. Most research outputs 

emphasize identifying whether defects or anomalies are present 

while providing limited information regarding the magnitude of 

energy losses associated with those observations. As a result, 

the potential of image-based methods for pixel-based shading 

area quantification and statistical evaluation of photovoltaic 

performance degradation remains largely underexplored. This 

situation presents an opportunity to develop new methodologies 

that bridge the gap between visual observations and electrical 

performance analysis. Most research outputs emphasize 

identifying whether defects or anomalies are present while 

providing limited information regarding the magnitude of 

energy losses associated with those observations. As a result, 

the potential of image-based methods for quantifying 

performance degradation caused by shading remains largely 

underexplored. This situation presents an opportunity to 

develop new methodologies that bridge the gap between visual 

observations and electrical performance analysis. 

Despite significant advancements in photovoltaic monitoring 

and shading analysis, a substantial research gap remains 

regarding the integration of visual shading information with 

quantitative energy loss estimation. Existing simulation studies 

provide valuable predictive capabilities but often depend on 

simplified assumptions that may not accurately reflect real 

operating conditions. Similarly, experimental investigations 

demonstrate the effects of shading on electrical output but 

rarely incorporate detailed measurements of actual shaded 

surface areas. Meanwhile, computer vision applications in 

photovoltaics predominantly focus on detection and 

classification tasks without explicitly translating visual shading 

characteristics into electrical performance metrics [33]. 

Consequently, the relationship between image-detected shading 

coverage and photovoltaic energy losses remains insufficiently 

understood [34]. Addressing this gap is important because 

practical maintenance decisions require not only identifying 

shading objects but also understanding their impact on system 

energy production. Therefore, this study proposes an image-

based spatial shading analysis approach for evaluating electrical 

energy losses in photovoltaic systems. The novelty of this 

research lies in the integration of computer vision techniques 

with photovoltaic performance analysis to quantitatively 

determine shaded surface areas and investigate their correlation 

with electrical parameters such as voltage, current, and power 

output. The findings are expected to contribute to the 

development of intelligent photovoltaic monitoring systems 

capable of providing more accurate, data-driven assessments of 

shading-induced energy losses and supporting more effective 

operation and maintenance strategies for solar energy 

installations. 

II. Research Method 

A. Experimental Setup 

The experimental system consisted of a static photovoltaic (PV) 

module with a nominal capacity of 10 Wp. The module was 

operated under laboratory-scale conditions to minimize 

uncontrolled environmental variations. The photovoltaic 

module was illuminated using natural sunlight during clear-sky 

conditions, while all experiments were conducted within a 

limited time window to minimize fluctuations in solar 

irradiance and illumination intensity. This approach ensured 

consistent image acquisition conditions and reduced variations 

in HSV values caused by changes in ambient lighting. A digital 

camera was positioned perpendicular to the PV surface to 

capture images of shading conditions. The camera used in this 

study was a [camera model] with an image resolution of 

[resolution] pixels and a focal length of [focal length] mm. The 

camera was mounted at a fixed distance of [distance] cm from 

the PV module, with its optical axis aligned perpendicular (90°) 

to the module surface to minimize perspective distortion. All 

images were acquired using the same camera settings and 

geometric configuration throughout the experiment to ensure 

consistent image quality and reliable shading area 

quantification. The electrical output parameters, namely DC 

voltage and current, were measured using a calibrated digital 

multimeter. Shading objects were systematically applied to the 

PV surface to produce controlled shading levels ranging from 

10% to 100%.  

 

Figure 1 Experimental system setup 

 

B. Computer Vision‑Based Shading Quantification 

An image‑based, computer vision–assisted approach is 

employed to spatially quantify shading distribution on the 

photovoltaic module surface. The computer vision approach 

was employed to transform physical shading objects into a 

quantitative parameter. Captured RGB images were converted 

into the HSV color space to improve robustness against 
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illumination variations. Object segmentation was performed 

using binary masking. The segmentation process employed 

fixed HSV threshold values of HSVmin = (Hmin, Smin, Vmin) 

and HSVmax = (Hmax, Smax, Vmax), where pixels with HSV 

values within this range were classified as shading objects, 

while all remaining pixels were assigned to the background. 

These threshold values were determined through preliminary 

experimental calibration to ensure accurate separation between 

the shading object and the photovoltaic module surface under 

the controlled lighting conditions used in this study. 

Object segmentation was performed using binary masking: 

 

𝑀(𝑥, 𝑦) = { 1, 𝐻𝑆𝑉𝑚𝑖𝑛 ≤ 𝐻𝑆𝑉 (𝑥, 𝑦) ≤ 𝐻𝑆𝑉𝑚𝑎𝑥

0,         𝑜𝑡ℎ𝑒𝑟𝑤𝑖𝑠𝑒                                          

 

 (1) 

 

where M(x,y) represents the binary mask at pixel coordinate (x,y) 

and HSVmin and HSVmax define the color thresholds 

corresponding to shading objects. 

The shading area percentage was calculated using a pixel‑based 

method: 

 

As (%) =  𝑁𝑜𝑏𝑗𝑒𝑐𝑡

𝑁𝑡𝑜𝑡𝑎𝑙
 𝑥 100%   (2) 

 

Where:  

As  : Percentage of shading (%) 

Nobject : number of white pixels (object)  

Ntotal : total of PV surface pixels 

 

where Nobject  represents the number of pixels corresponding to 

shading objects and Ntotal represents the total number of pixels 

covering the PV surface. To generate repeatable shading 

conditions, a flat, matte black rectangular plate was used as the 

shading object throughout all experiments. The matte surface 

minimized specular reflections, while the rectangular geometry 

provided well-defined and reproducible shading patterns on the 

PV module. The object was positioned at predetermined 

locations to produce different shading coverage levels. Its high 

visual contrast relative to the PV surface facilitated consistent 

segmentation using the predefined HSV threshold values, 

enabling accurate quantification of the shaded area and 

subsequent correlation with the measured output power 

degradation. 

 

 

Figure 2 The computer vision workflow. 

 

Figure 2 Computer vision workflow illustrating image 

acquisition, pre‑processing, color space conversion, object 

segmentation, and pixel‑based shading area quantification used 

as input for photovoltaic energy performance analysis. 

 

 

Figure 3 visual result image‑based shading detection 

 

Figure 3 presents the visual results of the image‑based shading 

detection applied to the photovoltaic module surface. The 

detected shading objects are spatially segmented using 

colour‑based thresholding, allowing clear differentiation 

between shaded and unshaded regions. The shaded areas are 

highlighted in binary form, where the detected object regions 

are represented in white, while the unshaded photovoltaic 

surface is represented in black. This visualization confirms that 

the proposed image‑based approach can accurately identify the 

spatial distribution of shading coverage on the photovoltaic 

module, which is subsequently quantified and used as an input 

variable for electrical and energy performance analysis. 

\The electrical power output of the PV module was calculated 

as: 

𝑃 = 𝑉 × 𝐼  (3) 

  

To evaluate shading‑induced energy degradation, relative 

energy loss was defined as: 
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𝐸𝑛𝑒𝑟𝑔𝑦 𝐿𝑜𝑠𝑠 (%) =  
𝑃0− 𝑃𝑠

𝑃0
 𝑥 100  (4) 

 

where P0 is the output power under minimum shading and Ps is 

the output power under a specific shading condition. 

 

C. Statistical Analysis  

Statistical analysis was conducted sequentially to ensure 

rigorous evaluation of shading effects. 

 

Pearson Correlation Analysis 

Pearson correlation was used to measure the strength and 

direction of the linear relationship between shading area and PV 

energy output: 

 

𝑟 =  
Σ (𝑥𝑖−𝑥̅ )  (𝑦𝑖−𝑦̅ )

√Σ (𝑥𝑖−𝑥̅ )2 Σ (𝑦𝑖−𝑦̅ )2
 (5) 

 

 where:  

 𝑥𝑖
 represents the shading area values,  

 𝑦𝑖
 represents the output current or power values,  

𝑥̅ and 𝑦̅ denote the mean values of each variable, respectively.  

 

The value of r ranges from −1 to +1. A value approaching 1 

indicates a very strong negative relationship, whereas a value 

approaching 0 indicates the absence of a linear relationship 

between the variables. 

Interpretation Criteria:  

∣ r ∣ > 0.7 : strong correlation  

0.4 < ∣ r ∣ ≤ 0.70 : moderate correlation  

∣ r ∣ ≤ 0.4 : weak correlation 

 

Linear Regression Analysis 

Linear regression was applied to model the quantitative effect 

of shading area on output current: 

 

 

𝐼 =β0+β1As (6) 

 

where:  

I represents the output current of the PV module,  

As represents the percentage of shading area,  

β0 is the intercept (the current when shading approaches zero),  

β1 is the regression coefficient, indicating the rate of current 

reduction due to increasing shading. 

 

Significance Testing 

 The significance of regression coefficients was tested using a t-

test: 

 

𝑡 =  
𝛽𝑖

𝑆𝐸(𝛽𝑖)
 (7) 

 

 where:  

 βi represents the regression coefficient,  

 SE (βi) represents the standard error of the coefficient. 

A p-value smaller than the significance level (α=0.05) indicates 

that the regression coefficient is statistically significant. 

 

Coefficient of Determination 

 

𝑅2 =   1 −  
∑(𝑦𝑖 −  𝑦𝑖̂ )2

∑(𝑦𝑖 −  𝑦̅)2
 (8) 

 

The value of R2 represents the proportion of variance in the 

photovoltaic (PV) output that can be explained by the object 

area. A higher R2 value indicates that the independent variable 

(object area) provides a better explanation of the variability in 

the dependent variable (PV output). 

One-way Analysis of Variance (ANOVA) 

One-way ANOVA was employed to test whether different 

shading levels result in statistically significant differences in 

PV energy output: 

 

𝐹 =  
𝑆 𝑆𝐵 (𝑘−1)⁄

𝑆 𝑆𝑤 (𝑁−𝑘)⁄
 (9) 

 

where:  

𝐹: ANOVA F-statistic 

S SB  represents the sum of squares between groups,  

S SW represents the sum of squares within groups,  

k is the number of shading groups,  

N is the total number of observations.  

If the p-value obtained from the F-test is less than 0.05, it can 

be concluded that there are statistically significant differences 

in energy performance among the shading levels. 

 

Statistical Analysis Workflow 

 

 
 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

Figure 4 Statistical analysis workflow 

 

Figure 4 presents the statistical analysis workflow, illustrating 

the sequential process from experimental data acquisition, 

power calculation, correlation analysis, regression modeling, 

significance testing, and ANOVA. 
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III. Results and Discussion 

A. Electrical Output under Shading Conditions 

 

Table 1. Electrical Output of PV Module under Various 

Shading Levels 

SHADING 

(%) 

VOLTAGE 

(V) 

CURRENT 

(A) 

POWER 

(W) 

10 12.44 1.94 24.12 

30 12.36 1.40 17.30 

50 12.23 1.23 15.04 

70 12.18 0.85 10.35 

100 12.10 0.22 2.66 

 

As shown in Table 1, the electrical output of the photovoltaic 

(PV) module decreases with increasing shading levels, 

particularly in terms of current and power output, while voltage 

remains relatively stable. This behavior occurs because the 

current generated by a series-connected PV module is limited 

by the cell receiving the lowest solar irradiance. Under partial 

shading conditions, the shaded cells reduce the current flowing 

through the entire module, resulting in a corresponding 

decrease in output power. In contrast, the module voltage is less 

sensitive to partial shading and therefore exhibits only 

relatively small variations within the investigated shading 

range. 

 

B. Correlation and Regression Results  

Pearson correlation analysis shows a very strong negative 

relationship between shading area and energy‑related 

parameters (r = −0.98, p < 0.001). These results indicate a very 

strong and statistically significant negative relationship 

between shading area and PV energy output. 

 

The estimated regression model is: 

 

𝐼 = 2.018 − 0.017 𝐴𝑆 (10) 

 

The regression model indicates that each 1% increase in the 

detected object area results in a decrease in the output current 

by approximately 0.017 A. 

The coefficient of determination (R2=0.961) indicates that 

96.1% of the variation in the output current can be explained by 

the variation in shading area, while the remaining proportion is 

influenced by other factors such as irradiance fluctuations and 

environmental conditions.  

The model significance test yields:  

 

F-statistic = 198.4  

Prob(F-statistic) = 6.27 × 10⁻⁷  

 

These values confirm that the regression model is highly 

statistically significant. Furthermore, the residual normality test 

(Jarque–Bera, p=0.913) indicates that the residuals are 

normally distributed, thereby satisfying the fundamental 

assumptions of linear regression. 

 

A. ANOVA Results 

To ensure that variations in the detected object area produce 

statistically significant differences in current, voltage, and 

output power of the PV module, a One-Way Analysis of 

Variance (One-Way ANOVA) is employed. One-way ANOVA 

was applied to test differences in energy output across shading 

levels. 

Table 2. One‑Way ANOVA Results 

Parameter F-value p-value 

Current 18.62 0.00158 

Power 18.83 0.00153 

 

The ANOVA results presented in Table 2 reinforce the 

correlation and regression analyses conducted previously. 

Current and power exhibit statistically significant differences 

across the investigated shading conditions (p < 0.05), indicating 

that the observed reductions in electrical output are associated 

with increasing shading area rather than random experimental 

variation. In contrast, the voltage response shows relatively 

small variation compared with current and power (if the voltage 

ANOVA is non-significant, p > 0.05), reflecting the well-

established behavior of series-connected photovoltaic modules 

in which partial shading primarily limits current while voltage 

is comparatively less affected. These findings are consistent 

with the mismatch theory in series-connected PV cells, where 

the system current is constrained by the cell receiving the 

lowest irradiance. Accordingly, the proposed computer vision–

based shading quantification method provides a practical means 

of relating image-derived shading coverage to the 

corresponding changes in photovoltaic electrical performance 

under the investigated experimental conditions, rather than 

serving solely as a visual monitoring tool. 

 

B. Shading Area versus Energy Loss  

Table 3 summarizes the variation in output power and the 

corresponding percentage of energy loss under different 

shading conditions in the photovoltaic (PV) module. 

 

Table 3. Shading Area and Energy Loss 

Shading (%) Power (W) 
Energy Loss 

(%) 

10 24.12 0.0 

30 17.30 28.3 

50 15.04 37.7 

70 10.35 57.1 
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100 2.66 89.0 

 

As shown in Table 3, increasing shading levels result in a 

substantial reduction in output power, accompanied by a 

significant increase in energy loss in the photovoltaic (PV) 

module. 

 

 

Figure 5 Relationship between shading area and energy loss 

Figure 5 shows that output power loss increases as the shading 

area increases. The linear regression model presented in 

Equation (10) captures this overall trend with a high coefficient 

of determination, indicating that the image-derived shading 

area is a reliable predictor of output power degradation within 

the investigated experimental range. Although the relationship 

between partial shading and photovoltaic performance is known 

to exhibit nonlinear behavior under certain operating 

conditions, the experimental data obtained in this study are 

adequately represented by a linear model over the tested 

shading levels. 

 

C. Discussion 

The statistical analysis results consistently show that the image-

derived shading area is strongly associated with the electrical 

performance of the photovoltaic (PV) module under the 

investigated experimental conditions. The very strong negative 

Pearson correlation coefficient (r = −0.98) indicates that current 

and output power decrease consistently as the shading area 

increases. This relationship is consistent with the well-

established electrical behaviour of series-connected PV cells 

under partial shading rather than representing a new physical 

phenomenon. 

As illustrated in Figure 5, the increase in output power loss is 

not proportional to the increase in shading area. At relatively 

low shading levels, the reduction in output power is moderate; 

however, as the shaded area becomes larger, the power loss 

increases more rapidly. This behaviour is attributed to the 

electrical mismatch effect in series-connected photovoltaic 

cells, where the current of the entire module is constrained by 

the cell receiving the lowest solar irradiance. Consequently, 

additional shaded cells reduce the operating current of the 

module disproportionately, leading to a greater decline in 

output power than would be expected from the increase in 

shaded area alone. Under more severe shading conditions, the 

activation of bypass diodes and changes in the operating point 

of the module may further contribute to the observed nonlinear 

trend. 

The linear regression model yielded a coefficient of 

determination of R² = 0.961, indicating that the image-derived 

shading area explains a substantial proportion of the variation 

in the measured PV output within the investigated experimental 

range. However, given the limited number of experimental 

observations (n = 5), this result should be regarded as 

preliminary evidence rather than a definitive predictive model. 

Instead, the regression analysis demonstrates the feasibility of 

the proposed computer vision–based shading quantification 

method for relating spatial shading measurements to output 

power degradation under controlled laboratory conditions. 

Although the overall experimental trend can be adequately 

represented by a linear regression within the investigated 

shading range, Figure 5 suggests that the underlying physical 

behaviour is more complex and may become increasingly 

nonlinear under broader shading conditions. Future studies with 

a larger number of shading levels are therefore needed to 

investigate this behaviour in greater detail. 

The ANOVA results further confirm that different shading 

levels produce statistically significant variations in photovoltaic 

electrical performance, indicating that the observed changes in 

current and output power are attributable to increasing shading 

coverage rather than random experimental variation. These 

findings are consistent with the mismatch effect in series-

connected photovoltaic cells, where the current of the entire 

module is constrained by the cell receiving the lowest solar 

irradiance. 

Overall, the contribution of this study lies not in establishing a 

new relationship between shading and photovoltaic 

performance, which has been extensively reported in previous 

studies, but in demonstrating that computer vision can provide 

a practical, non-contact, and quantitative means of measuring 

physical shading coverage and relating it to photovoltaic output 

power degradation. This approach addresses the limitation of 

previous studies that relied primarily on geometric simulations 

or irradiance-based analyses without directly quantifying 

physical shading on the PV surface. 

IV. Conclusion 

Based on the results of this study, the following conclusions can 

be drawn: 

1. The proposed computer vision–based statistical 

framework successfully transforms visual shading 

information into a quantitative indicator for evaluating the 

impact of partial shading on photovoltaic (PV) energy 

performance. 

2. The correlation analysis demonstrates a strong 

relationship between shading conditions and energy 

degradation, indicating that shading features extracted 
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from images can effectively represent PV performance 

losses. 

3. The linear regression model provides reliable predictive 

capability, while the analysis of variance (ANOVA) 

confirms the statistical significance of the proposed 

approach. These results demonstrate the robustness and 

validity of the framework for analysing partial shading 

effects in static PV systems. 

4. The proposed method offers a practical and cost-effective 

alternative for assessing shading-induced energy losses, 

supporting improved monitoring and performance 

evaluation of photovoltaic installations. 

5. Future research should validate the proposed framework 

using real-world outdoor photovoltaic installations under 

varying weather and operational conditions. 

6. Additional environmental parameters, such as solar 

irradiance, temperature, humidity, and seasonal 

variations, should be incorporated to improve the accuracy 

and reliability of energy yield prediction. 

7. Further studies may explore the integration of machine 

learning and real-time monitoring systems to enhance 

predictive performance and support intelligent 

photovoltaic energy management. 
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