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Abstract 

Rice leaf diseases significantly reduce crop productivity, making accurate and reliable automatic 

detection essential for precision agriculture. Although recent YOLO-based approaches have 

achieved high detection accuracy under controlled conditions, the robustness of YOLOv11n 

against diverse lighting conditions in rice leaf disease detection remains insufficiently 

investigated, particularly under real-world field environments. This study evaluates the 

robustness of YOLOv11n using synthetic photometric transformations (S0-S11) and real field 

lighting conditions (L1-L4). Model performance was assessed using Precision, Recall, F1-Score, 

and mAP@0.5. Under baseline conditions, YOLOv11n achieved a Precision of 0,955, Recall of 

0,936, F1-Score of 0,945, and mAP@0.5 of 0,949. The model remained highly robust to mild 

overexposure, mild underexposure, and saturation variations, while severe underexposure, 

extreme overexposure, and exposure scaling caused moderate to substantial degradation. Partial 

shadow produced the most severe performance decline, reducing mAP@0.5 by 90,20%. 

Furthermore, all real-world lighting scenarios exhibited performance drops exceeding 87%, 

revealing a pronounced domain gap between synthetic simulations and field conditions. These 

findings demonstrate that global photometric transformations alone are insufficient to represent 

complex real-world illumination, providing practical evidence for developing more robust 

lighting-aware object detection models for agricultural applications and emphasizing the 

importance of realistic robustness evaluation. 

 

Keywords: YOLOv11n, rice leaf disease, lighting robustness, object detection, photometric 

transformation 

1. INTRODUCTION  

Rice (Oryza sativa L.) is a strategic food commodity that sustains the food security of 

more than half of the world's population, particularly in the Asian region. In Indonesia, rice serves 

as the staple food for the majority of the population, making rice productivity a crucial factor in 

national food availability [1], [2]. Nevertheless, Indonesia continues to face structural challenges 

in meeting domestic rice demand, one of which stems from leaf disease outbreaks that can cause 

yield losses of up to 37% per year if not detected early [3]. 

Rice leaf diseases frequently present distinctive visual symptoms, such as discoloration, 

lesion spots, and even necrosis on the leaf surface. Commonly encountered disease types include 

Blast, Brown Spot, Leaf Blight, Leaf Scald, and Narrow Brown Spot [4]. The visual similarity 

among these diseases is one of the factors that increases the risk of misdiagnosis in conventional 

inspection methods, which rely heavily on individual experience. Therefore, a more systematic, 

objective, and technology-based approach is needed to support faster, more consistent, and more 

accurate disease detection [5]. 

The advancement of Deep Learning, particularly Convolutional Neural Network (CNN) 

architectures and You Only Look Once (YOLO)-based object detection frameworks, has opened 

substantial opportunities for automating visual recognition in the agricultural sector [6]. 
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Numerous prior studies have implemented various YOLO model variants to detect and classify 

plant diseases with continuously improving accuracy. YOLOv5 was reported to achieve an mAP 

of 75,1% in chili leaf disease detection [7], YOLOv7 combined with data augmentation achieved 

an mAP@0.5 of 95% for coffee leaf disease [8], and YOLOv8 recorded an exceptionally high 

performance with an mAP50 of 0,990 in durian leaf disease detection [9]. 

Although these models demonstrate excellent performance under controlled dataset 

conditions, their robustness to dynamic real-world lighting variations has not yet been 

comprehensively explored. Variations in light intensity during image acquisition can affect image 

quality and the stability of features extracted by the model, potentially causing a significant 

decline in system performance when deployed directly in the field [10]. A bibliometric review by 

Frontiers in AI (2025) explicitly identifies lighting variation, leaf occlusion, and environmental 

noise as major challenges that lead to accuracy degradation when models are applied in real-world 

field settings, characterizing this as an open research gap within the domain of deep learning-

based plant monitoring [11]. Furthermore, models that achieve high performance under synthetic 

validation do not always maintain equivalent performance under real-world conditions, owing to 

the optical complexity of field environments that cannot be adequately represented through a 

single global manipulation [12]. 

The most recent development within the YOLO ecosystem is marked by the release of 

YOLOv11 by Ultralytics in September 2024. Compared to previous generations, YOLOv11 

introduces improvements in network architecture, computational efficiency, and the ability to 

detect small objects such as disease lesions on leaves, making it well-suited for real-time plant 

monitoring on devices with limited computational resources [13], [14]. Unlike prior robustness 

studies that typically evaluate object detectors under a single lighting-manipulation pathway 

either synthetic photometric augmentation or naturally varying field conditions in isolation the 

present study explicitly combines both pathways within a unified evaluation framework, applying 

a quantified drop-percentage robustness taxonomy to directly measure and compare the domain 

gap between synthetic and real-world illumination for the same trained model. Based on this 

potential, the present study selects the YOLOv11n (nano) variant as the model whose robustness 

against lighting variation will be analyzed in the context of rice leaf disease detection. 

 

2. METHODS 

2.1 Research Flow 

This study follows a systematic workflow consisting of five main stages as shown in 

Figure 1, Dataset Collection, Data Preprocessing, YOLOv11n Model Training, Simulation and 

Testing of Synthetic Lighting Scenarios (S0-S11) conducted in parallel with Field Image 

Collection and Testing under Real-World Conditions (L1-L4), and finally, Evaluation Metrics 

and Robustness Measurement as the concluding stage prior to drawing conclusions. 
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Figure 1. Research Stages 

2.2 Dataset Collection 

This study utilizes the Plant Detection Rice Leaf Disease dataset from the Roboflow 

platform [15], consisting of 1,551 rice leaf images across six classes Healthy, Brown Spot, Leaf 

Blast, Leaf Blight, Leaf Scald, and Narrow Brown Spot. The dataset was split at a 70:20:10 ratio 

for training, validation, and testing data, respectively. This proportion follows common practice 

in deep learning-based object detection research a study published in Statistical Analysis and Data 

Mining mathematically demonstrates that allocating a larger proportion of data to training relative 

to testing is an optimal practice for maximizing a model's ability to learn representative features 

prior to evaluation on an independent subset [16]. This split ensures that the model receives 

sufficiently representative training data while also maintaining independent validation and testing 

subsets for objectively measuring model generalization. 

2.3 Data Preprocessing 

All images were resized to 640×640 pixels to conform to the input dimensions required 

by the YOLOv11n architecture. Pixel values were normalized to the [0, 1] range to accelerate 

model convergence. Object annotations contained in .txt files were retained in YOLO format 

without modification, including class information and bounding box coordinates normalized 

relative to image dimensions. 

2.4 YOLOv11n Model Training 

This study employed the nano variant of the YOLOv11 architecture (YOLOv11n) due to 

its computational efficiency and suitability for real-time plant monitoring on resource-constrained 

devices [17]. The model was initialized using COCO pretrained weights as a foundation for 

transfer learning prior to fine-tuning on the rice leaf disease dataset. This approach has been 

shown to accelerate convergence, improve accuracy, and enhance generalization on agricultural 

datasets through the utilization of universal visual representations and the reduced need for large-

scale domain-specific data annotation [18], [19], [20]. The complete training configuration is 

presented in Table 1. 

Table 1. Training Hyperparameter Configuration 

Parameter Value 

Epochs 100 

Batch size 16 

Input size 640 x 640 

Optimizer AdamW 

Learning rate 0,001 

Random Seed 42 
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Weight decay 0,0005 

Training Augmentation Flip, Mosaic 

Pretrained Weights COCO Dataset 

Deterministic True 

 Model training was performed using Ultralytics 8.4.37 with Python 3.12.13, PyTorch 

2.10.0, and CUDA 12.8, on Google Colab leveraging an NVIDIA Tesla T4 GPU (15 GB VRAM). 

Robustness evaluation and inference were subsequently conducted using Ultralytics 8.4.60, 

Python 3.12.3, and PyTorch 2.12.0, running on an AMD Ryzen 5 5500U CPU to reflect a 

resource-constrained deployment scenario relevant to field applications. 

 

2.5 Synthetic Lighting Scenario Simulation and Evaluation 

Following the completion of the training process, the model's robustness was evaluated 

through simulated synthetic illumination variations on the testing set, implemented via Python-

based photometric transformations using the OpenCV and NumPy libraries. The first primary 

method applied was Gamma Correction, implemented through a power-law transformation 

expressed by the following equation, where 𝐼𝑜𝑢𝑡 denotes the output intensity, 𝐼𝑖𝑛
𝛾

denotes the 

normalized input pixel value, and γ represents the gamma correction factor governing the image 

brightness level [21]. 

 

𝐼𝑜𝑢𝑡 = 𝐼𝑖𝑛
𝛾

 

 

This approach possesses strong physical justification as a mathematical representation of 

the non-linear response of camera sensors to light. Values of γ < 1 (γ = 0,3 and γ = 0,6) were used 

to simulate underexposure conditions, whereas values of γ > 1 (γ = 1,5 and γ = 2,5) were applied 

to simulate overexposure conditions [22]. 

The second method involved manipulation of the HSV color space to simulate variations 

in color saturation and partial shadowing [23]. The advantage of this method lies in its capacity 

to independently separate brightness (value) and saturation information without introducing 

cross-channel correlation [24]. In this study, the S channel was manipulated by ±40% to simulate 

Low Saturation (S8) and High Saturation (S9), while the V channel was subjected to a masking 

technique applied to 50% of the image area to simulate Partial Shadow (S5). The trained model 

was subsequently subjected directly to inference across all simulation scenarios without any 

retraining stage. 

The third method consisted of linear additive brightness adjustment, in which a constant 

value β was added to or subtracted from the pixel intensity (β = -40 for S6 and β = +40 for S7) to 

uniformly shift the global intensity histogram without altering the relative ratio between pixels. 

This technique served as a controlled augmentation tool for enhancing model generalization 

without obscuring relevant objects [25], [26]. 

Finally, the fourth method applied multiplicative exposure scaling, expressed by the 

following equation, where 𝐼𝑜𝑢𝑡 denotes the output intensity, 𝐼𝑖𝑛 denotes the input pixel intensity, 

α represents the exposure scaling factor governing the global brightness level of the image, and γ 

represents the gamma correction factor controlling the non-linear transformation of pixel 

intensity. 

𝐼𝑜𝑢𝑡 = 𝛼 ×  𝐼𝑖𝑛
𝛾

 

 

which is mathematically equivalent to scaling the physical light power illuminating the 

object. Unlike brightness adjustment, exposure-induced degradation is proportional to the original 

pixel value, with α = 0,7 used to simulate Low Exposure (S10) and α = 1,3 used to simulate High 

Exposure (S11). The complete details of all experimental scenarios are presented in Table 2. 
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Table 2. Synthetic Lighting Scenario Configuration 

Code Scenario Method Parameter 

S0 Normal 

(Baseline) 

Without 

transformation 

- 

S1 Mild 

Overexposure  

Gamma 

correction 

γ = 1,5 

S2 Severe 

Overexposure  

Gamma 

correction 

γ = 2,5 

S3 Mild 

Underexposure 

Gamma 

correction 

γ = 0,6 

S4 Severe 

Underexposure 

Gamma 

correction 

γ = 0,3 

S5 Partial Shade Masking 

HSV-Value 

50% dark 

area 

S6 Low 

Brightness 

Brightness 

reduction 

β = -40 

S7 High 

Brightness 

Increased 

brightness 

β = +40 

S8 Low 

Saturation 

S channel drop -40% 

S9 High 

Saturation  

S channel 

enhancement 

+40% 

S10 Low Exposure Intensity 

scaling 

α = 0,7 

S11 High Exposure Intensity 

scaling 

α = 1,3 

2.6 Real-World Field Image Acquisition and Evaluation 

In parallel with the synthetic pathway, rice leaf images were collected directly in the field 

under four distinct real-world lighting conditions. Images were captured at agricultural sites using 

a consistent Samsung A05s smartphone camera operated in a handheld manner without a tripod, 

with an acquisition distance of approximately 5-10 cm from the rice leaf surface. This image 

acquisition protocol was intentionally designed to simulate realistic, unconstrained image-capture 

scenarios similar to those performed by farmers using consumer-grade smartphone devices under 

actual field conditions, rather than relying on standardized laboratory imaging equipment. The 

same trained model was then used for inference on these field images without any retraining to 

evaluate its robustness under natural illumination variations. The four field conditions tested are 

presented in Table 3. 

Table 3. Field Lighting Scenarios 

Code Condition Description Number of Images 

L1 Morning Low-medium lighting, cool color 

temperature, low light angle (± 07.00-

08.00 WIB) 

35 Images 

L2 Afternoon High lighting, minimal shadows, high 

contrast (± 11.00-13.00 WIB) 

33 Images 

L3 Evening Low-medium lighting, warm color 

temperature, low light angle (± 15.00-

17.00 WIB) 

31 Images 

L4 Plant Shade Area Uneven local lighting due to the shade of 

the surrounding plant canopy 

29 Images 
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2.7 Performance Evaluation and Robustness Assessment 

 All inference results from both the synthetic and field scenarios were evaluated in 

aggregate and on a per-class basis using four primary metrics: Precision, Recall, F1-Score, and 

mAP@0.5. The degree of performance degradation was calculated based on the difference in 

mAP@0.5 relative to the baseline (𝑆0) via the equation Δ𝑚𝐴𝑃 = 𝑚𝐴𝑃(𝑆0) − 𝑚𝐴𝑃(𝑆𝑖/𝐿𝑖), 

where a larger Δ𝑚𝐴𝑃value indicates greater performance degradation resulting from illumination 

variation. This analysis aimed to identify degradation patterns, map the underlying visual failure 

mechanisms, and quantify the magnitude of the domain gap between synthetic and real-world 

field conditions. Robustness categories were then defined based on the percentage decline values 

as follows: Highly Robust (≤ 5%), Robust (5-15%), Moderately Robust (15-30%), and Non-

Robust (> 30%). 

During inference, a confidence threshold of 0,498 and a Non-Maximum Suppression 

(NMS) IoU threshold of 0,70 were applied consistently across all validation, synthetic, and field 

evaluation scenarios. The confidence threshold was selected based on the maximum point of the 

F1-Confidence Curve obtained from the validation set Figure 2, corresponding to an overall F1-

score of approximately 0,93. This inference configuration was fixed throughout all experiments 

to ensure an optimal balance between precision and recall while maintaining consistency and 

reproducibility across different illumination conditions. 

 

 
Figure 2. F1–Confidence Curve of the YOLOv11n model on the validation dataset. 

3. RESULT AND DISCUSSION 

This section presents the results and analysis of each stage of the research workflow 

sequentially, beginning with dataset distribution, preprocessing results, model training 

performance, the results of testing across eleven synthetic lighting scenarios, the results of testing 

under four real-world field conditions, and concluding with a comprehensive robustness 

measurement. 

3.1 Dataset Preparation and Distribution 

 The dataset consists of 1,551 images, partitioned into training, validation, and testing 

subsets as detailed in Table 4. To ensure unbiased evaluation and to mitigate class imbalance 

effects, we employed a stratified sampling approach. 

Table 4. Dataset Distribution 

Subset Proportion Images  

Training Set 70% 1,086 

Validation Set 20% 310 

Testing Set 10% 155 

Total 100% 1,551 
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3.2 Preprocessing Result 

 All 1,551 images were successfully processed and converted to a resolution of 640×640 

pixels, with no data dropped. Pixel normalization to the [0, 1] range was applied consistently 

across all three subsets. An annotation integrity check confirmed that all corresponding .txt files 

were present and contained valid bounding box coordinates for every image. No images lacking 

annotations were found, nor were any annotations found to exceed the image coordinate 

boundaries. These preprocessing results ensured that the input received by the model during 

training and testing maintained consistent quality and integrity. 

3.3 YOLOv11n Model Training Results (Baseline) 

The YOLOv11n model achieved stable convergence within 100 training epochs, 

exhibiting a minimal generalization gap between the training and validation trajectories across all 

loss components Figure 3. 

 

 

 

Figure 3. Training and validation loss curves. 

As illustrated in Figure 3, the box loss exhibits a consistent decay across both data 

partitions, indicating the model's enhanced precision in spatial bounding box regression. The 

simultaneous decline in classification loss validates the network's capacity to extract highly 

discriminative features without signs of overfitting. Furthermore, the stabilization of the 

distribution focal loss (DFL) confirms that the predicted object location distributions have 

successfully converged. The absence of a significant generalization gap between the training and 

validation curves corroborates the attainment of optimal convergence. Using the inference 

configuration described in Section 2.7, the baseline model was evaluated on the independent 

testing set and achieved robust performance metrics: mAP@0.5 = 0,9491, Precision = 0,9553, 

Recall = 0,9355, and F1-Score = 0,9453. 

 

Table 5. Class-wise Average Precision (AP@0.5) 

Class AP@0.5 

Bacterial Leaf Blight 0,995 

Leaf Scald 0,995 

Narrow Brown Spot 0,994 

Healthy 0,973 

Leaf Blast 0,863 

Brown Spot 0,856 

Average 0,946 
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 Table 5 presents the class-specific Average Precision (AP) under the baseline 

configuration. The Bacterial Leaf Blight, Leaf Scald, Narrow Brown Spot, and Healthy classes 

achieved AP scores exceeding 0,97, demonstrating the model's superior feature discrimination 

capabilities. Conversely, a noticeable performance degradation was observed in the Leaf Blast 

(AP = 0,863) and Brown Spot (AP = 0,856) classes. This lower accuracy is primarily driven by 

morphological ambiguities, specifically the high overlap in color signatures and lesion textures 

between these two manifestations, which confounds the model's classification boundary 

3.4 Synthetic Lighting Variation Robustness Test Results 

 To evaluate the operational robustness of the trained model, stress testing was conducted 

across 12 distinct illumination scenarios (S0 to S11), leveraging the ideal lighting condition (S0) 

as the performance baseline The comprehensive performance metrics for all simulated scenarios 

are detailed in Table 6. 

Table 6. Results of Model Robustness Tests to Lighting Variations 

Code Scenario Precisio

n 

Reca

ll 

F1-

Score 

mAP@

0.5 

Drop 

(%) 

Category 

S0 Normal (Baseline) 0,955 0,936 0,945 0,949 0,00 - 

S1 Mild 

Overexposure  

0,944 0,920 0,932 0,934 1,55 Very Robust 

S2 Severe 

Overexposure  

0,845 0,615 0,712 0,757 20,24 Moderately 

Robust 

S3 Mild 

Underexposure 

0,948 0,894 0,920 0,924 2,61 Very Robust 

S4 Severe 

Underexposure 

0,778 0,597 0,676 0,661 30,38 Not Robust 

S5 Partial Shade 0,116 0,166 0,137 0,093 90,20 Not Robust 

S6 Low Brightness 0,925 0,811 0,864 0,872 8,18 Robust 

S7 High Brightness 0,872 0,711 0,783 0,813 14,35 Robust 

S8 Low Saturation 0,961 0,886 0,922 0,923 2,78 Very Robust 

S9 High Saturation  0,950 0,936 0,943 0,949 0,04 Very Robust 

S10 Low Exposure 0,925 0,612 0,737 0,776 18,29 Moderately 

Robust 

S11 High Exposure 0,871 0,646 0,742 0,775 18,32 Moderately 

Robust 

 

 Under low-illumination variations, the model exhibited asymmetric robustness 

depending on manipulation intensity. S3 (𝛾 = 0,6) was categorized as Very Robust, achieving 

mAP@0.5 = 0,924 (a 2,61% drop), as moderate dimming did not degrade morphological features, 

whereas S4 (𝛾 = 0,3) was categorized as Non-Robust, with mAP@0.5 = 0,661 ( 30,38% drop), 

resulting from extreme non-linear gamma compression that eliminated color gradation and lesion 

texture details. In contrast, the degradation observed under S6 (𝛽 = −40) was more moderate 

(mAP@0.5 = 0,872, an 8.18% drop, Robust), as linear brightness reduction did not suppress dark 

pixel values as severely as gamma compression. Under high-illumination variations, S1 (𝛾 = 1,5) 

demonstrated optimal robustness (a 1,55% drop, Very Robust), whereas S2 (𝛾 = 2,5) triggered a 

decline in mAP@0.5 to 0,757 (a 20,24% drop, Moderately Robust) due to pixel saturation and 

bleaching effects, and S7 (𝛽 = +40) yielded mAP@0.5 = 0,813 (a 14.35% drop, Robust). 

Regarding saturation variations, YOLOv11n was shown to rely more heavily on textural and 

shape pattern features than on pure color intensity, as evidenced by S8 (-40%), which yielded 

mAP@0.5 = 0,923 (a 2,78% drop, Very Robust), and S9 (+40%), which was nearly identical to 

the baseline (a 0,04% drop, Very Robust). With respect to exposure scaling, S10 and S11 
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produced symmetric declines (drops of 18,29% and 18,32%, respectively, Moderately Robust), 

demonstrating an equivalent impact from both the reduction and amplification of uniform 

intensity. Finally, S5 (Partial Shadow) emerged as the most destructive scenario, with mAP@0.5 

of only 0,093 (a 90,20% drop, Non-Robust).  

3.5 Robustness to Real Field Conditions 

 Testing under four real-world field conditions (L1-L4) revealed a markedly significant 

domain gap relative to the synthetic scenarios. The complete results are presented in Table 7. 

 

Table 7. Performance of YOLOv11n Model under Real Field Conditions 

Code Condition Precision Recall F1-

Score 

mAP@0.5 Drop 

(%) 

Category 

L1 Morning (07.00-

08.00) 

0,115 0,144 0,128 0,121 87,25 Not 

Robust 

L2 Afternoon (11.00-

13.00) 

0,304 0,181 0,227 0,117 87,69 Not 

Robust 

L3 Evening  (15.00-

17.00) 

0,082 0,167 0,110 0,101 89,39 Not 

Robust 

L4 Plant Shade Area 0,579 0,095 0,164 0,083 91,21 Not 

Robust 

 

 The test results revealed a significant performance decline between the baseline condition 

(𝑆0: mAP@0.5 = 0,949; F1-Score = 0,945) and the real-world field conditions of morning (𝐿1: 

mAP@0.5 = 0,121) and midday (𝐿2: mAP@0.5 = 0,117), with degradation exceeding 87%. This 

decline indicates that a model trained without illumination variation tends to learn illumination-

dependent features, thereby constraining its generalization capability due to domain gap and color 

domain shift arising from natural color temperature changes. In the morning, specular reflection 

from dew generated visual noise that obscured lesion texture details and increased false negatives, 

whereas at midday, high light intensity induced overexposure and a bleaching effect that reduced 

contrast, alongside sharp inter-leaf shadows that interfered with object localization. This 

performance disparity demonstrates that homogeneous synthetic transformations are unable to 

represent the complexity of real-world optical interactions, which involve the simultaneous 

combination of multiple visual degradation factors [11], [27]. These findings underscore that high 

performance under controlled conditions does not guarantee successful real-world deployment 

[12] without the integration of field data or adaptive photometric augmentation. 

 

4. CONCLUSION 

The YOLOv11n model demonstrated excellent detection performance under normal 

illumination conditions (mAP@0.5 = 0,949, F1-Score = 0,945) and exhibited varying degrees of 

robustness to synthetic illumination variations. The model was highly robust to changes in color 

saturation and mild overexposure, moderately robust to brightness and exposure variations, but 

non-robust to partial shadow and severe underexposure. Overall, illumination variation affected 

the recall metric more substantially than precision, and the pattern of performance decline was 

non-linear as the manipulation intensity increased.The most critical finding was the substantial 

domain gap between synthetic and real-world field conditions, in which all field scenarios 

exhibited a decline in mAP@0.5 exceeding 87%, far surpassing even the most severe synthetic 

scenario. This demonstrates that single, global photometric transformations are not yet capable of 

representing the complexity of real-world illumination, which involves the simultaneous 

interaction of multiple physical factors. It should be noted that the reported metrics represent 

single-run evaluations for each lighting scenario; statistical validation through repeated trials with 
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multiple random seeds and the computation of confidence intervals were beyond the scope of this 

study. To improve model robustness and statistical reliability, future research is encouraged to 

integrate more realistic illumination augmentation (spatial shadow augmentation, color 

temperature shift simulation), expand the training data with real-world field samples collected 

across various times and locations, explore adaptive preprocessing methods such as CLAHE or 

Retinex-based approaches to stabilize image intensity distribution prior to inference, and validate 

the observed robustness patterns through repeated experimental trials. 
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