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Abstract 

Plant health plays a critical role in agriculture, climate balance, and economic stability. However, plant diseases caused by 

bacteria, fungi, and viruses can significantly reduce crop productivity if not detected early. Traditional manual inspection 

methods are time-consuming, labor-intensive, and prone to human error, especially in large-scale farming. To address 

these challenges, this study proposes an automated and accurate plant disease detection system using deep learning-based 

object detection models for early disease diagnosis in agriculture. A publicly available dataset containing 38 different plant 

leaf diseases annotated in You Only Look Once (YOLO) format is used, along with a standardized preprocessing pipeline 

to ensure data quality and consistency. Three modern architectures: YOLOv8, YOLOv11, and YOLOv26 were trained and 

evaluated under identical conditions using the Ultralytics framework on Google Colab. Experimental results show that 

YOLOv11 achieves the highest accuracy in terms of precision, recall, and mean Average Precision (mAP), while YOLOv8 

provides the fastest inference speed with lower computational complexity. Based on the results, the study concludes that 

YOLO-based models show great potential for plant disease detection, with YOLOv11 offering superior detection accuracy 

among the evaluated models. The practical implications of these findings lie in the potential for precision agriculture to 

monitor diseases in real-time, minimize crop losses, and aid in timely decision-making for farmers and agricultural 

stakeholders. 
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1. Introduction 

Agriculture plays a vital role in maintaining global food security and supporting economic growth. Healthy crops are 

necessary for the production of enough food to meet the needs of the growing population. However, plant diseases have 

always remained a major challenge for farmers because they significantly reduce both crop yield and quality. If diseases 

are not identified and managed in the early stages, they can spread quickly and cause serious damage to crops [1].  
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Traditionally, plant diseases have been identified through manual inspection by farmers or agricultural experts. However, 

manual disease detection has several limitations. This process is time-consuming and may lead to inaccurate results due to 

human error or misinterpretation of symptoms. In addition, the inspection of large agricultural fields manually is difficult 

and inefficient, especially when quick disease detection is required to prevent crop loss. With recent advancements in 

artificial intelligence and computer vision, automated plant disease detection systems have gained significant attention. 

Machine learning and deep learning techniques are increasingly used to analyze plant leaf images and identify diseases 

automatically [2, 3].  

Convolutional Neural Network (CNN) based classification models have achieved high accuracy in identifying plant 

diseases from leaf images. However, these models usually classify the entire image and cannot determine the exact 

location of disease symptoms. In many cases, plant diseases appear as small spots or lesions on leaves, which require 

accurate localization.  For this reason, object detection techniques are more suitable for plant disease detection.  Several 

object detection algorithms, including Faster Region-based Convolutional Neural Network (R-CNN), Single Shot Detector 

(SSD), and You Only Look Once (YOLO), are widely used in computer vision applications. Among them, the YOLO 

architecture is particularly popular because of its high detection speed and strong accuracy. YOLO performs detection in a 

single stage, which enables real-time image processing [4].  

This study ensures a comparative analysis of multiple YOLO-based architectures for plant disease detection. The 

research aims to identify plant diseases by analyzing leaf images using advanced object detection models. The study 

focuses on the detection of 38 different plant leaf diseases using modern YOLO models, including YOLOv8, YOLOv11, 

and YOLOv26. These models are selected because of their strong performance in object detection tasks and their ability to 

identify small disease symptoms in images. To determine the most effective model, the performance of each architecture is 

evaluated using standard evaluation metrics such as precision, recall, F1-score, and mean Average Precision (mAP). This 

study makes several important contributions to the field of plant disease detection.  

• First, it provides a comparative evaluation of three recent YOLO-based models, helping to understand their relative 

strengths and limitations.  

• Second, it develops a multi-class detection framework capable of identifying diseases across different crop types, 

making it more suitable for real-world agricultural applications.  

• Third, it highlights the advantage of object detection over traditional classification by enabling precise localization 

of infected regions in leaf images.  

• Fourth, the study ensures a comprehensive evaluation by using multiple performance metrics, including accuracy, 

precision, recall, and mAP.  

• Finally, it contributes to the advancement of smart agriculture by integrating deep learning techniques for efficient 

and automated plant disease diagnosis. 

The rest of this article is structured as follows: Section 2 presents the literature review, Section 3 describes the 

methodology, Section 4 provides the results and their analysis, Section 5 discusses the findings, and the final section 

concludes the study along with directions for future work. 

 

2. Literature Review 
Plant diseases greatly affect crop production and global food security. Detecting diseases at an early stage is important 

to reduce crop damage and improve agricultural sustainability. Plant diseases were identified through manual inspection by 

agricultural experts. However, this method is slow, dependent on human experience, and its application is difficult in large 

farming areas. 

 

2.1. Traditional Approaches 

Recent progress in computer technology and artificial intelligence has made it possible to detect plant diseases 

automatically with the help of machine learning and deep learning methods. In early stages of research, plant disease 

detection mainly depended on traditional image processing and machine learning algorithms such as Support Vector 

Machines (SVM), K-Nearest Neighbor (KNN), Decision Trees, and Random Forest [5-9]. These methods usually require 

researchers to manually extract features from images, including color, texture, and shape characteristics. Although these 

techniques produced reasonably good results in some cases, they had several drawbacks. Their performance often 

depended heavily on lighting conditions and image quality, and background noise could easily manipulate the results. In 

addition, the need for manual feature extraction made the process time-consuming and dependent on expert knowledge. 

Because of these limitations, researchers later started exploring more advanced deep learning approaches that can 

automatically learn features from images. 

 

2.2. Deep Learning Approaches 

Deep learning methods have significantly improved the performance of plant disease detection systems. Among these 

methods, CNNs are widely used because they can automatically learn important features from images without manual 

feature extraction. One of the earliest studies in this area was conducted by Mohanty, et al. [3] who applied CNN 

architectures such as AlexNet and GoogleNet to the PlantVillage dataset containing more than 54,000 leaf images from 14 

crop species and 26 diseases. The study reported classification accuracy above 99% under controlled conditions, 

highlighting the strong potential of deep learning for automated plant disease identification.  Sladojevic, et al. [10] 

proposed a deep neural network model for automatic plant disease recognition using leaf images. Their system was able to 
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identify 13 different plant diseases and achieved high accuracy on controlled datasets.  However, the approach required 

preprocessed images and did not identify the specific infected regions on the leaf surface.  Fuentes, et al. [11] developed a 

deep learning–based system for detecting tomato diseases and pests using object detection models such as Faster R-CNN 

and SSD. Unlike earlier research that relied on laboratory images, this study used images collected from real agricultural 

environments. The proposed model successfully detected multiple diseases simultaneously with high accuracy. However, 

the computational complexity of Faster R-CNN limited its ability to operate efficiently in real-time applications.  

Ferentinos [12] applied deep convolutional neural networks to detect plant diseases across several crop species. Different 

CNN architectures were trained using the PlantVillage dataset, and the proposed system achieved an overall accuracy of 

99.53%. Although the results were promising, the research mainly focused on classification and did not provide 

localization of disease symptoms on plant leaves. Too, et al. [13] conducted a comparative study of several deep learning 

architectures, including VGG16, ResNet50, DenseNet121, and Inception models. Their results showed that DenseNet-

based models achieved better performance due to improved feature propagation and reduced overfitting. The study also 

confirmed that deep CNN models generally outperform traditional machine learning methods in plant disease detection 

tasks. 

 

2.3. Object Detection Approaches 

In recent years, object detection models such as the YOLO family have become popular for plant disease detection. 

Unlike traditional CNN classification models, YOLO models can detect and localize multiple disease regions in real time. 

This makes them suitable for practical agricultural applications where both speed and accuracy are important Aldakheel, et 

al. [14]. Ali, et al. [15] introduced YOLOv4, which improved detection accuracy while maintaining high inference speed. 

Although initially designed for general object detection, YOLOv4 has been widely applied in agriculture, including plant 

disease detection, due to its improved mean average precision (mAP) and efficiency compared to previous YOLO versions. 

Shill and Rahman [16] applied YOLOv3 to detect multiple disease symptoms in tomato leaves. Their system 

outperformed traditional CNN classifiers and demonstrated the advantages of object detection for localizing disease 

regions. Ahmed and Abd-Elkawy [17] developed a YOLOv4-based framework for tomato disease detection, achieving an 

accuracy of approximately 96%, further confirming the suitability of YOLO models for real-time plant disease detection. 

YOLOv5, developed by Jocher, et al. [18] introduced improvements in both training efficiency and inference speed, 

making it widely used in agricultural research. Following this, Zayani, et al. [19] applied YOLO-based models to detect 

paddy leaf diseases, demonstrating effective identification of multiple disease spots in a single image. More recent studies 

have explored YOLOv5, YOLOv7, and YOLOv8 for various crops. Wang and Liu [20] developed a YOLOv5-based 

system for real-time field monitoring of plant diseases, achieving both high accuracy and fast inference. YOLOv8 was 

introduced later, offering higher accuracy and better computational efficiency, and has been applied to plant disease 

detection and crop monitoring. YOLOv8 further improved disease detection performance Önler and Köycü [21]. Abid, et 

al. [22] applied YOLOv8 to detect wheat leaf diseases, achieving faster inference and higher accuracy than earlier YOLO 

models. Ghafar, et al. [23] adapted YOLOv8 for corn disease detection, adding feature enhancement modules to improve 

detection of small disease spots. Yang, et al. [24]  evaluated multiple YOLO models for citrus leaf diseases and found that 

YOLOv8 achieved the highest detection accuracy. Na, et al. [25] introduced an enhanced YOLOv8 model with attention 

mechanisms to detect small lesions more effectively. Lightweight and specialized YOLO models have also been developed 

for practical deployment. Abulizi, et al. [26] created YOLOv8-tiny for rice disease detection, optimized for edge devices 

like smartphones and drones. Chen, et al. [27] proposed a multi-crop disease detection system that emphasizes real-world 

applicability across several crop species. Most recently, Wang, et al. [28] and Zhu, et al. [29] developed YOLOv8-CMS 

and multi-scale feature extraction models for citrus and general crops, achieving higher accuracy and robust detection 

under varying environmental conditions. Table 1 represents previous approaches used for plant disease detection.  

 
Table 1. 

Previous Studies on Plant Disease Detection. 

Author & References Year Model Dataset Diseases Accuracy 

Mohanty, et al. [3] 2016 CNN PlantVillage 26 99.35% 

Singh, et al. [6] 2022 Hybrid CNN + 

Bayesian SVM + 

Random Forest 

Plant leaf images Multiple High accuracy 

Sahu and Pandey [7] 2023 Hybrid multiclass 

SVM + Fuzzy C-means 

Plant leaf images Multiple High accuracy 

Alhwaiti, et al. [8] 2023 Histogram of Oriented 

Gradients (HOG) + 

SVM 

Tomato leaves Late blight High accuracy 

Sai, et al. [9] 2019 SVM Leaf images Unhealthy 

leaf 

High accuracy 

Sladojevic, et al. [10] 2016 CNN Leaf images 13 96% 

Fuentes, et al. [11] 2017 Faster R-CNN Tomato dataset 9 87% 

Ferentinos [12] 2018 Deep CNN Multi-crop 58 classes 99.53% 

Too, et al. [13] 2019 DenseNet PlantVillage 38 99% 

Aldakheel, et al. [14] 2024 YOLOv4 Plant leaves Multiple High accuracy 
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Ali, et al. [15] 2024 YOLOv8 Citrus dataset 3 96.1% mAP 

Shill and Rahman [16] 2021 YOLOv3 / YOLOv4 Plant leaf images Multiple High accuracy 

Ahmed and Abd-Elkawy 

[17] 

2024 YOLOv5 / YOLOv8 Tomato leaves Multiple High accuracy 

Zayani, et al. [19] 2024 YOLOv8 Tomato leaves Multiple High accuracy 

Wang and Liu [20] 2024 YOLOv8 Greenhouse 

vegetables 

Multiple High accuracy 

Önler and Köycü [21] 2024 YOLOv8 Wheat leaves Powdery 

mildew 

High accuracy 

Abid, et al. [22] 2024 YOLOv8 Paddy leaves Multiple High accuracy 

Ghafar, et al. [23] 2024 YOLOv8 Crop leaves Multiple High accuracy 

Yang, et al. [24] 2024 YOLOv8 Corn leaves Spot 

disease 

High accuracy 

Na, et al. [25] 2023 YOLOv8 Wheat leaves Multiple High accuracy 

Abulizi, et al. [26] 2025 YOLOv9 Tomato leaves Multiple High accuracy 

Chen, et al. [27] 2024 YOLOv8-ACCW Grape leaves Multiple High accuracy 

Wang, et al. [28] 2025 YOLOv8 Rice leaves Multi-

scale 

diseases 

High accuracy 

Zhu, et al. [29] 2025 YOLOv8-CMS Citrus leaves 4 High accuracy 

 

Although deep learning has enhanced plant disease detection, some challenges remain. Many studies use datasets with 

only a few diseases and often test only one model instead of comparing different YOLO versions. Detection of small 

disease spots on leaves is difficult because they occupy very small areas in images. Therefore, this study compares multiple 

YOLO models to detect 38 different leaf diseases and improve detection performance in disease diagnosis. 

  

3. Methodology 
In this section, the methodology of the development of an automated plant disease detection system based on deep 

learning is outlined and detailed. It explains the study’s dataset, the general research process, and the preprocessing steps 

used to prepare data to be used in training. Additionally, a detailed discussion is given on the architecture and selection of 

YOLO-based object detection models such as YOLOv8, YOLOv11, and YOLOv26. The overall proposed methodology is 

represented in Figure 1.  
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Figure 1. 

Proposed Research Methodology. 
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Figure 2. 

Sample images from the dataset. 

 

3.1. Dataset Description 

For this study, we obtained a publicly accessible dataset (plant disease detection dataset) from Kaggle [30]. The 

dataset comprises 2569 images of 13 different plant species, as shown in Figure 2. Each image is labeled as either healthy 

or diseased and is assigned to one of thirty-eight  distinct classes. The dataset includes multiple crop types with both 

healthy and diseased leaf categories. It includes apple (scab and rust), bell pepper (leaf spot), corn (gray leaf spot, leaf 

blight, and rust), potato (early and late blight), and grape (black rot). Additionally, several healthy leaf classes, such as 

blueberry, cherry, peach, raspberry, soybean, squash, and strawberry, are included. The tomato category is the most 

diverse, covering multiple diseases, including early blight, septoria leaf spot, bacterial spot, late blight, mosaic virus, 

yellow leaf virus, mold, and two-spotted spider mites. Table 2 represents overall description of dataset. 

 
Table 2. 

Crop Dataset Description. 

Crop Leaf Condition / Disease Type 

Apple Healthy, Scab, Rust 

Bell Pepper Healthy, Leaf Spot 

Blueberry Healthy 

Cherry Healthy 

Corn Gray Leaf Spot, Leaf Blight, Rust 

Peach Healthy 

Potato Healthy, Early Blight, Late Blight 

Raspberry Healthy 

Soybean Healthy 

Squash Powdery Mildew 

Strawberry Healthy 

Tomato Healthy, Early Blight, Septoria Leaf Spot, Bacterial Spot, Late Blight, Mosaic Virus, Yellow Leaf Virus, 

Mold, Two-Spotted Spider Mites 

Grape Healthy, Black Rot 

 

The dataset is divided into a training set and a validation set. Out of 2569 images, the training data consisted of 2328 

images, while 239 images were used for validation. This division ensures that the model is evaluated on unseen data, 
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improving generalization capability. This dataset is a useful tool for object recognition and image classification tasks 

because it contains 8,851 labelled objects in total. Each image is associated with a corresponding annotation file in YOLO 

format, which contains class labels and bounding box coordinates.  

 

3.2. Data Preprocessing and Verification 

Data preprocessing was performed to ensure dataset consistency and improve model performance. All images were 

resized to 416 × 416 pixels to match YOLO input requirements. Data cleaning was conducted to remove duplicate images, 

incorrect annotations, and missing labels. Bounding box coordinates were normalized to a range of 0 to 1, as required by 

the YOLO format. Finally, data verification was carried out by visually inspecting sample images with bounding boxes to 

ensure annotation accuracy. These steps resulted in a clean and reliable dataset for training. 

 

3.3. Data Annotation Format 

The dataset is in the YOLO annotation format where the objects are described by a single line in a text file. The format 

is defined as; 

<class_id> <x_center> <y_center> <width> <height> 

Where: 

• class_id represents the category of the object.  

• x_center and y_center are the center of the bounding box.  

• width and height are the size of the bounding box. 

Every value is normalized in relation to the dimensions of the image. This format makes it possible to process and 

train object detection models effectively. 

 

3.4. Object Detection Models 

In this research, the three object detection models were selected based on the YOLO method, which are YOLOv8, 

YOLOv11, and YOLOv26, to detect plant diseases. These models are selected based on their architectural design, 

detection, and precision for real-time image analysis processes.  

YOLO was introduced by Redmon, et al. [4]. It was the first prototype to introduce a real-time end-to-end object 

detection method. The name YOLO means You Only Look Once because it could handle the detection task in a single pass 

of the network compared to earlier methods which would either use sliding windows and then a classifier that had to be 

applied to hundreds or thousands of times to each image or where the task was divided into two steps, with the first step 

detecting possible regions with objects and the second step to run a classifier on the proposals [31]. The backbone, neck, 

and detection head are the three primary components of the Yolo overall architecture. The backbone is responsible for 

finding featured maps of the input image at different scales. It has convolutional layers and special blocks that identify 

significant visual information like edges, textures and shapes. The neck then aggregates the feature maps obtained from the 

different stages of the backbone. It boosts feature representation by grouping the information of various scales with 

operations like up sampling and concatenation. This enables the model to effectively identify objects of various sizes. The 

detecting head generates the final predictions which include confidence scores, class names and bounding box coordinates. 

Large, medium and small objects are normally detected with multiple heads [32]. 

1. YOLOv8 [33] was published by Ultralytics, the firm behind YOLOv5, in January 2023. Five scaled variants were 

offered by YOLOv8: YOLOv8n (nano), YOLOv8s (small), YOLOv8m (medium), YOLOv8l (large), and YOLOv8x 

(extra-large). Numerous vision tasks, including object identification, segmentation, pose estimation, tracking, and 

classification, are supported by YOLOv8.  

YOLOv8 consists of three detection head components, which are used to detect objects of various sizes: Small, 

medium, and large objects as shown in Figure 3. The multi-scale detection feature makes YOLOv8 useful in detection of 

plant diseases of different sizes [32].  
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Figure 3. 

Yolov8 Architecture. 
Source:  Hidayatullah, et al. [32]. 

 

2. The YOLOv11 [34] network is based on the previous versions of YOLO but adds new developments in terms of 

feature representation and extraction. It uses a superior block called C3k2, an improvement of the C2f block used in 

YOLOv8 as represented in Figure 4. The block will enhance efficiency, as it will not use a lot of parameters, while 

maintaining strong feature learning capability [35].  
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Figure 4. 

Yolov11 Architecture  

Source: Hidayatullah, et al. [32]. 

 

3. YOLOv26 is a more complex and deeper object detector model that has better features representation and detection 

accuracy. The architecture has more layers and parameters as shown in Figure 5 making the model able to compensate the 

small-scale visual details. This is especially useful in identifying plant diseases whose differences in texture and color are 

subtle [36]. 
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Figure 5. 

Yolov26 Architecture. 
Source:  Sapkota and Karkee [37]. 

 

4. Result Analysis 
The experimental assessment of the proposed plant disease detection models is presented in this section. Standard 

object detection criteria, training behavior, and computational efficiency are used to evaluate the performance of various 

YOLO variations. 

 

4.1. Experimental Setup   

The plant disease object detection experiments were performed using Google Colab [38]․ The training and evaluation 

of the model were conducted in an environment with an AMD Ryzen 5 processor with Radeon Graphics card‚ 8GB RAM 

and 64 bits Windows 10 operating system. Model development and evaluation were performed using the Ultralytics [37] 

deep learning framework in Python.  

 

4.2. Evaluation Parameters 

All models were trained and tested against the same dataset with the same parameters to ease a fair comparison․ A 

commonly used object detection metric was used to assess the proposed models’ performance such as Precision, Recall, 
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Mean Average Precision and Mean Average Precision at different Intersection over Union (IoU) thresholds, Inference 

Time, and Model Size. 

 

4.2.1. Precision (P) 

This metric calculate “out of all the objects the model claimed to detect, what fraction were actually correct?” 

According to the equation below high precision indicates that the model produces very few false positives. 

𝑃 =
𝑇𝑃

𝑇𝑃 + 𝐹𝑃
 

4.2.2. Recall (R) 

“Out of all the objects that actually exist in the image, what fraction did the model find?” can be answered by using 

this metric. High recall of model indicates that it rarely misses an object and avoids false negatives. The following equation 

can be used to compute it.  

𝑅 =  
𝑇𝑃

𝑇𝑃 + 𝐹𝑁
 

 

4.2.3. Mean Average Precision (mAP) 

To measure the performance of computer vision models, especially for a task like object detection and instance 

segmentation mAP is the most widely used metric. mAP assesses how well a model finds objects and how accurately it 

positions the bounding box around them as compare to the simplest accuracy, which only checks if an image is classified 

correctly or not. Because of this, it serves as the main standard for contrasting cutting-edge systems like YOLO26 with 

earlier iterations.  

The calculation of mAP is based on Intersection over Union (IoU) which measures the spatial overlap between the 

predicted box and the ground truth annotation have been measured by IoU.  

𝐼𝑜𝑈 =  
𝐴𝑟𝑒𝑎(𝑃𝑟𝑒𝑑𝑖𝑐𝑡𝑒𝑑 𝐵𝑜𝑥 Ո 𝐺𝑟𝑜𝑢𝑛𝑑 𝑇𝑟𝑢𝑡ℎ)

𝐴𝑟𝑒𝑎(𝑃𝑟𝑒𝑑𝑖𝑐𝑡𝑒𝑑 𝐵𝑜𝑥 Ս 𝐺𝑟𝑜𝑢𝑛𝑑 𝑇𝑟𝑢𝑡ℎ)
 

Where the numerator represents the overlap area between the predicted and ground truth bounding boxes, while the 

denominator represents the total area covered by both boxes .IoU values vary from 0 to 1, with higher values denoting 

more accurate localization. A prediction is often considered a “True Positive” only if the IoU exceeds a specific threshold, 

such as 0.5 or 0.75. 

The Average Precision (AP) is computed from the area under the Precision-Recall curve for each class. The Mean 

Average Precision (mAP) is then calculated as the mean of AP values across all classes and can be expressed as: 

𝑚𝐴𝑃 =  
1

𝑁
 ∑ 𝐴𝑃

𝑁

𝑖=1

𝑖 

Where N denotes the total number of classes and APᵢ represents the Average Precision of the i-th class. 

The two mAPs that we employ in our study are mAP@0.5 and mAP@0.5:0.95.  

• mAP@50: The detection is considered correct if the IoU value is at least 0.50.  

• mAP@50-95: This is the average of mAP computed in steps of 0.05 at IoU thresholds ranging from 0.50 to 0.95. 

This rigorous metric rewards models that achieve high localization accuracy [39]. 

 

4.2.4. Inference Time  

The amount of computational needed by a trained model to process an input image and generate detection results is 

referred to as inference time. It is critical for real-time applications like field-level disease monitoring and precision 

agriculture, and is affected by model complexity and hardware [40]. We use this metric to compare the inference time of 

the models. 

 

4.2.5. Model Size  

Model size [41] refers to the memory usage and complexity of the trained network and is usually measured in 

megabytes (MB). Smaller models are better suited for mobile platforms and edge devices. 

 

4.3. Loss Functions 

Loss functions play a crucial role in training deep learning models by measuring the difference between predicted 

outputs and ground-truth annotations. During training, the model minimizes these losses to improve both classification and 

localization performance. YOLO employs three main loss functions: Box Loss, Classification Loss, and Distribution Focal 

Loss (DFL). These losses collectively optimize object localization, class prediction, and bounding box regression accuracy. 

 

4.3.1. Box Loss 

Box Loss evaluates the localization accuracy of predicted bounding boxes with respect to the ground-truth boxes. 

YOLOv8 utilizes Complete Intersection over Union (CIoU) loss, which considers overlap area, center point distance, and 

aspect ratio consistency between the predicted and ground-truth boxes. 

𝐿𝐶𝐼𝑜𝑈 = 1 − 𝐼𝑜𝑈 + (
𝑝2(𝑏, 𝑏𝑔𝑡)

𝑐2
) + ∝ 𝑣 
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where IoU is the Intersection over Union, ρ(b, bgt) is the distance between center points of predicted and ground truth box, 

c represents the diagonal length of smallest enclosing box, α denotes the positive trade-off parameter and v is the aspect 

ratio consistency term [42].  

 

4.3.2. Classification Loss 

Classification Loss measures the discrepancy between the predicted class probabilities and the ground-truth class 

labels. YOLOv8 employs Binary Cross-Entropy (BCE) loss for multi-class classification tasks. 

𝐿𝑐𝑙𝑠 =  −[ 𝑦 log(𝑝) + (1 − 𝑦) log(1 − 𝑝)] 
where y is the ground-truth label and p is the predicted probability [43]. 

 

4.3.3. Distribution Focal Loss (DFL) 

Distribution Focal Loss (DFL) enhances bounding box regression by modeling object boundary locations as 

probability distributions rather than direct coordinate values. This improves localization precision and detection 

performance. 

𝐿𝑑𝑓𝑙 =  −(𝑦𝑙 log(𝑝𝑙) + 𝑦𝑟 log(𝑝𝑟)) 

where 𝑝𝑙  and 𝑝𝑟 represent the predicted probabilities of neighboring discrete locations, while 𝑦𝑙  and 𝑦𝑟 denote their 

corresponding target weights [44]. 

 

4․4. Training Hyperparameters 

Table 3 represents the hyperparameters utilized during the training of the Yolo models for plant disease object 

detection. All models were trained and evaluated on the same plant disease dataset using identical hyperparameters to 

ensure consistency and fairness in comparative analysis. 

 
Table 3. 

Hyperparameters for proposed models training. 

S. No Parameter Value 

1 Image size 416 x 416 

2 Batch size 16 

3 Number of Epochs 50 

4 Training Sample 80% 

5 Validation Sample 20% 

6 Test Images 10 

7 Learning rate 0.001 

8 Optimizer adamW 

 

4.5. Yolov8 Results 

YOLOv8 was evaluated as the baseline architecture for the plant disease detection models in this study․ As presented 

in the Figure 6 the trained YOLOv8 model consists of 129 layers with approximately 11.15 million parameters and 

requires 28.7 Giga Floating Point Operations (GFLOPs), making it a lightweight yet efficient detector. After an 

optimization process and weight fusion, the resulting model has a size of about 22.5MB, which makes it suitable to be 

deployed in resource-constrained environments, such as mobile and edge devices used in precision agriculture. 

 

 
Figure 6. 

YOLOv8 model architecture’s specifications. 

 

The learning efficiency of YOLOv8 model is depicted in Figure 7. From the box loss‚ classification loss‚ and 

Distribution Focal Losses (DFLs)‚ we can see that they are all monotonically decreasing․ The classification loss reduced 

considerably at the beginning of the training‚ suggesting that the model learned the features from pretrained weights 

efficiently and converged quickly․ 
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Figure 7. 

Training loss curves of YOLOv8 model. 

 

The training and validation performance across the first and last five epochs as presented in the Figures 8 and 9 

indicate that the model converged without overfitting. 

  

 
Figure 8. 

Top five epochs performance during yolov8 model training. 
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Figure 9. 

Last five epochs representing the final stage of the yolov8 model training process. 

 

Figure 10 shows the confusion matrix for 38 plant disease classifications performed by the YOLOv8 model․ There is a 

strong dark blue diagonal of the matrix and it indicates high accuracy of correctly identifying true positives. The classes 

Strawberry leaf and Tomato leaf yellow virus are the best classified (darker blue)․ Some misclassified light-colored 

clusters appear on the off-diagonal․ The most meaningful misclassification factors are Tomato and Potato leaf disease‚ due 

to the high similarity between the lesions in the two classes․  

The large number of samples misclassified as “Background” indicates that YOLOv8 sometimes confuses very small 

disease spots on the leaf․ Whilst YOLOv8 provides a strong baseline for object detection, the variation present in the 

predictions shows that fine-grained classification is still a difficult problem for this dataset. 

In terms of performance, YOLOv8 achieved a Precision of 0.558, Recall of 0.622, mAP@0.5 of 0.643, and 

mAP@0.5:0.95 of 0.513. These findings show that for plant disease object recognition, YOLOv8 strikes a good balance 

between localization precision and detection accuracy. 
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Figure 10. 

Confusion Matrix of the YOLOv8 model. 

 

The YOLOv8 model performed exceptionally well in real-time as shown in Figure 11. The results show that for each 

image the model needed approximately 0.1 ms for preprocessing, 1.9 ms for inference, 0.0 ms for loss computation, and 

2.1 ms for post-processing. This high speed of inference of YOLOv8 makes it extremely applicable in real-time 

applications of agricultural monitoring systems and field level disease detection in agriculture where quick response time is 

essential. 

 

 
Figure 11. 

Inference speed of YOLOv8 model. 

 

4.6. Yolov11 Results 

The YOLOv11 model is considerably more complex‚ it has 358 layers with around 25.33 million parameters and 87.4 

GFLOPs which is a very expressive model to detect complex patterns in plant leaves as presented in Figure 12. The final 

model, which is about 51MB in size after optimization and weight fusion, can be deployed in situations with moderate 

resource constraints, such as field-level monitoring systems and edge devices. 

 

 
Figure 12. 

YOLOv11 model architecture’s specifications. 
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The training behavior as illustrated in Figures 13 and 14 shows a steady decrease in loss values, with all loss 

components stabilizing after approximately 40 epochs. 

 

 
Figure 13. 

Top five epochs performance during yolov11 model training. 

 

 
Figure 14. 

Last five epochs representing the final stage of the yolov11 model training process. 

 
Figure 15 illustrate the training loss curves of YOLOv11 model show a constant downward trend which suggests 

efficient learning and steady model convergence.  

The Confusion Matrix of the YOLOv11 model (Figure 16) gives a clear look at the classification accuracy of the 

model regarding the different categories of plant diseases. It successfully points to the capability of the model to 

differentiate between 38 different classes and a background class. 

There is a strong dark blue diagonal of the matrix and it indicates high accuracy of correctly identifying true positives. 

In particular the Strawberry leaf, Tomato leaf yellow virus, and Raspberry leaf are the classes with very high confidence 

scores which are represented by the strong color density on the diagonal line.  
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Figure 15. 

Training loss curves of YOLOv11 model. 

 

On the one hand the overall performance is strong and on the other hand there are also some off-diagonal patches 

which display a little confusion between the visually similar classes. As an example, one can see the overlapping in various 

types of Tomato leaf diseases (e.g., Tomato Septoria leaf spot and Tomato leaf bacterial spot). This is anticipated in fine-

grained plant pathology in which lesion textures and colors are visually comparable. 

There is a noticeable number of predictions which are given out in the Background column. This means that the model 

is at times not effective on small-scale features and does not recognize the presence of disease but rather labels the area as 

background of the healthy leaf. 

Regardless of these slight confusions, the concentration of predictions on the diagonal shows that the YOLOv11 

model is very reliable in multi-class plant disease detection. The fact that the model can retain high accuracy despite 

having 38 complex classes makes it well applicable in the real-world agricultural monitoring. 

The model outperformed YOLOv8 in every evaluation metric, with Precision of 0.657, Recall of 0.655, mAP@0.5 of 

0.713, and mAP@0.5:0.95 of 0.573.   

 



 
 

               International Journal of Innovative Research and Scientific Studies, 9(6) 2026, pages: 119-142
 

136 

 
Figure 16. 

Confusion matrix of the YOLOv11 model. 

 

YOLOv11 worked well with real time performance as shown in Figure 17. The results shows that preprocessing took 

0.1 ms, inference took 6.5 ms, loss computation took 0.0 ms, and post-processing took 2.2 ms per image. Because of its 

complicated design YOLOv11 requires more inference time than YOLOv8 yet it nevertheless retains a reasonable 

processing speed for real-world plant disease detection applications. 

 

 
Figure 17. 

Inference speed of YOLOv11 model. 

 

4.7. Yolov26 Results 

The YOLOv26 model is the most advanced among the evaluated models, consisting of 392 layers and approximately 

26.22 million parameters with 93.4 GFLOPs as shown in Figure 18. This deeper architecture enables enhanced feature 

extraction capabilities.  

 

 
Figure 18. 

YOLOv26 model architecture’s specifications. 

 

The enhanced depth and the number of parameters enable the network to extract more intricate visual features from 

plant disease images. Because of this the model is better able to capture subtle variations in leaves textures, discoloration 
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patterns, and disease spots. However, compared to lighter models the inference time may increase because of the higher 

processing needs. 

 

 
Figure 19. 

Top five epochs performance during yolov26 model training. 

 

Effective learning and convergence are demonstrated by the training process shown in Figures 19 and 20 which 

gradually reduces loss values.  

 

 
Figure 20. 

Last five epochs representing the final stage of the yolov26 model training process. 
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Figure 21. 

Training loss curves of YOLOv26 model. 

 
Figure 21 depicts the YOLOv26 model’s training loss curves which demonstrate stable optimization of classification 

and localization tasks. 

Figure 22 displays the confusion matrix of the YOLOv26 model that represent the classification performance of the 

model in the multi-class plant disease dataset. The most remarkable element of this matrix is the sharp and dark blue 

diagonal. With a complicated dataset of 38 classes the intensive density of these diagonal cells (in particular, in the classes 

such as Strawberry leaf and Tomato leaf yellow virus) shows that YOLOv26 has reached a higher degree of feature 

extraction with the correct recognition of the overwhelming majority of the diseased samples. 
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Figure 22. 

Confusion matrix of Yolov26 model. 

 

The “off-diagonal” noise is lower than in previous architectures. The confusion between unrelated species (e.g., Apple 

vs. Grape) is very minimal which proves the high potency of the model to initially recognize the type of plant and then 

diagnose the disease. 

However, in the Tomato and Potato subgroups some light-colored clusters are still discernible (e.g., Tomato Septoria 

vs. Tomato Bacterial Spot). This implies that although the YOLOv26 is very sophisticated, the very high visual similarity 

of the necrotic patterns in these particular diseases is still a slight problem. 

 

In term of the performance, YOLOv26 model achieved a Precision of 0.626, Recall of 0.640, mAP@0.5 of 0.665, and 

mAP@0.5:0.95 of 0.543. 

In order to determine whether the YOLOv26 model is appropriate for real-time detection applications, its inference 

performance was assessed. The average processing time per image is summarized below in Figure 23. 

 

 
Figure 23. 

Inference speed of YOLOv26 model. 

 

These findings suggest that because of its larger architecture and higher computational complexity YOLOv26 has 

slightly higher inference time than YOLOv8 and YOLOv11. Nevertheless, the model retains effective processing 

capability which makes it appropriate for real-world plant disease detection systems where speed and accuracy both are 

crucial factors. 
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5. Discussion 
In this section a comparative analysis of the three YOLO-based object detection models used in this study: YOLOv8, 

YOLOv11, and YOLOv26 is presented. The training of all models was done with the same plant disease data, training 

hyperparameters, and computation environment so that a fair comparison could be made. Key performance parameters 

including as precision, recall, mAP, inference time, and model complexity are the focus of the comparison. The overall 

performance of the proposed models is shown in Table 4. 

 
Table 4. 

Performance comparison of the proposed YOLO models. 

Model Layers Precision Recall mAP@0.5 mAP@0.5:0.95 Inference Time 

Yolov8 129 0.558 0.622 0.643 0.513 1.9 ms 

Yolov11 358 0.657 0.655 0.713 0.573 6.5 ms 

Yolov26 392 0.626 0.64 0.665 0.543 6.8 ms 

  

Among the three models, YOLOv11 had the highest precision, at 0.657, indicating the fewest false-positive detections. 

YOLOv26 had a moderate level of precision of 0.626, and the lowest level of precision was 0.558 with YOLOv8. This 

implies that the YOLOv11 and YOLOv26 designs make it possible to identify plant disease patterns with better precision. 

Yolov11 achieved the highest recall value of 0.655 in this paper, which means that it could have identified a greater 

percentage of plant disease cases than the other models. YOLOv26 came at a recall of 0.64, and YOLOv8 came at a 

marginally lower recall of 0.622, implying that some disease instances were missed during detection. 

In terms of mAP@0.5, YOLOv11 has the best detection performance having the highest score of 0.713 showing better 

detection performance than other models. The score of YOLOv26 was 0.665 while YOLOv8 recorded 0.643. Similarly, for 

the more stringent metric mAP@0.5:0.95, YOLOv11 again achieved the best performance with 0.573, then YOLOv26 

(0.543) and in last YOLOv8 (0.513). These findings show that YOLOv11 offers the best-balanced detection and 

localization work on plant disease detection. 

With 1.9 ms per image, YOLOv8 showed the fastest inference speed, making it ideal for real-time applications. 

YOLOv11 took 6.5 ms and YOLOv26 took slightly more time 6.8 ms to infer, because of its deeper design and greater 

computational complexity.  

With 129 layers, YOLOv8 is the lightest model, which contribute to its lower computational cost and quicker 

inference time. Compared to it, the YOLOv11 has 358 layers, and the deepest architecture is YOLOv26, which has 392 

layers. Although deeper models typically have better feature extraction capabilities but they also demand more processing 

power. 

Overall, the comparison research shows that each model has unique advantages when it comes to identifying plant 

diseases. It can be observed from the comparison that YOLOv8 is the most efficient model in terms of both speed and 

computational cost which makes it ideal for edge-device deployment and real-time agricultural monitoring systems. 

Whereas with the highest precision, recall, and mAP values, YOLOv11 attains the best overall detection performance 

demonstrating exceptional capacity to precisely identify and localize plant disease patterns. YOLOv26, on the other hand, 

although slightly slower due to its complex architecture but still maintains competitive performance with balanced 

precision, recall, and mAP scores. According to these findings more sophisticated models like YOLOv11 and YOLOv26 

provide better detection accuracy for in-depth plant disease investigation whereas lightweight models like YOLOv8 are 

better for speed-critical applications. Thus, the model selection is dependent on the specific application requirements, 

particularly the balance between detection accuracy and processing speed.  

 

6.  Conclusion and Future Work 
This study presented a deep learning-based approach for automated plant disease detection using YOLO-based object 

detection models. This study investigated YOLO-based deep learning models for automated plant disease detection using 

YOLOv8, YOLOv11, and YOLOv26 under identical experimental settings. The results show that all models are effective 

for detecting and localizing plant diseases, with differences in accuracy, speed, and computational cost. YOLOv11 

achieved the highest overall performance in terms of precision, recall, and mAP, making it the most accurate model. 

YOLOv26 showed strong detection capability but required higher computational resources, while YOLOv8 was the fastest 

and most lightweight, making it suitable for real-time applications. Overall, the study confirms that YOLO-based object 

detection models provide an efficient and practical solution for plant disease detection in precision agriculture by enabling 

both classification and localization.  

In future work, the performance can be improved by using larger and more diverse real-world datasets to enhance 

model generalization. Deployment of the system as a mobile or web-based application would support real-time use in 

farming environments. Further optimization for low-power devices such as smartphones and drones can also enhance 

practical applicability. Additionally, integrating disease severity estimation and treatment recommendation features would 

make the system more useful for smart agricultural decision-making. 
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