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Abstract 

Objective 

Agriculture stays a central driver of economic growth and food security in many developing 

countries, with soybean serving as one of the most important cash crops worldwide. Owing to its 

rich nutritional value, soybean is broadly consumed in human diets and livestock feed, and its use 

as a milk alternative is increasing because of its developed shelf life after processing. 

Nevertheless, soybean production is often threatened by a broad range of foliar diseases that vary 

based on soil conditions, climatic factors, and cropping patterns. These diseases create substantial 

losses in both yield and quality, underscoring the need for effective, automated, and accurate 

diagnosis techniques. This investigation aims to design and evaluate a soybean leaf disease 

diagnosis framework by comparing traditional machine learning methods with deep learning 

approaches. 

 

Materials and methods 

A curated dataset of 1,500 soybean leaf images covering multiple disease categories was utilized, 

divided into an 80:20 ratio for training and testing. Prior to model training, the images underwent 

preprocessing steps like resizing, grayscale conversion, histogram equalization, and segmentation 

to improve feature extraction. Two approaches were implemented: a support vector machine 

(SVM) with handcrafted features representing traditional machine learning, and a custom 

convolutional neural network (CNN) representing deep learning. The CNN was designed with 
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three convolutional layers, max-pooling, and fully connected layers, incorporating data 

augmentation, dropout regularization, and adaptive learning rate tuning. Hyperparameter 

optimization was carried out to further raise efficiency. 

 

Results 

The proposed CNN achieved a validation accuracy of 100%, meaningfully outperforming the 

SVM classifier, which reached only 44.44%. Although minor indications of overfitting were 

observed, the CNN maintained robust generalization capability across varied leaf samples, 

demonstrating its reliability in practical applications. 

 

Conclusions 

The outcomes clearly establish the superiority of deep learning over conventional machine 

learning methods for plant disease recognition. Future study will centralize on employing transfer 

learning with pre-trained networks, as well as developing real-time diagnosis systems applying 

mobile applications integrated with IoT sensors. The proposed framework supplies a scalable and 

reliable pathway toward precision agriculture, proposing substantial benefits for sustainable crop 

management and improved productivity. 

Keywords: convolutional neural network (CNN), image preprocessing, machine learning, 

precision agriculture, soybean leaf disease 
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Introduction 

Soybean is one of the most important crops worldwide, serving as a major source of protein 

and oil. However, different diseases, containing bacterial pustule, downy mildew, and frogeye 

leaf spot, meaningfully reduce both yield and quality. Traditional disease diagnosis methods rely 
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on manual inspection, which is subjective, time-consuming, and impractical for large-scale 

monitoring (Singh & Shukla, 2021; Yu et al., 2022). The rapid development of high-throughput 

and high-efficiency technologies has greatly expanded data generation in biology and 

biotechnology (Mohammadabadi et al., 2024a). Such data, derived from molecules containing 

metabolites, proteins, RNA, and DNA, supply critical discernments into the structure, task, and 

dynamics of living systems (Mohammadabadi et al., 2024b). Functional genomics, for example, 

aims to describe the task and interactions of these biomolecules to explain phenotypic variation. 

Similarly, in breeding programs, genetic improvement can be accelerated by accurate 

identification of superior animals as parents of the next generation (Mohammadabadi et al., 2024). 

Artificial neural networks have been proposed as powerful alternatives to traditional regression 

methods, capable of handling nonlinear, complex, and noisy biological data (Mohammadabadi et 

al., 2024b). Given that “omics” datasets are often too large and complex for visual or purely 

statistical analysis, machine intelligence and artificial intelligence have emerged as indispensable 

tools (Ghotbaldini et al., 2019). In agriculture, deep learning has demonstrated remarkable success 

in automated plant disease diagnosis, enabling rapid and precise classification of infected leaves 

(Singh & Shukla, 2021; Yu et al., 2022; Mohammadabadi et al., 2024). Numerous investigations 

have employed convolutional neural networks (CNNs) for soybean disease classification, with 

architectures like VGG16, ResNet50, and MobileNetV2 achieving high accuracy (Ma et al., 2017; 

Zhang, Wu, & Chen, 2021; Jain & Sharma, 2024). Transfer learning has further increased 

efficiency, exclusively for small, labeled datasets (Wu, Zhang, & Meng, 2019; He et al., 2016; 

Lin, Chen, & Yan, 2013). Hybrid models combining CNN feature extraction with support vector 

machine (SVM) classifiers have also been developed to improve robustness (Jain & Sharma, 

2020; Mahobiya, Iyer, & Kolhe, 2023; Ray & Ray, 2021). In addition, hyperspectral imaging and 

UAV-based remote sensing have been investigated for large-scale field-level disease monitoring 

(Tetila et al., 2019; Zhang, Shao, & Shen, 2020; Thapliyal et al., 2024). In spite of these 

advancements, persistent challenges include dataset imbalance, environmental variability, and 

computational efficiency (Ji, Liu, & Wu, 2021). Earlier investigations demonstrated that 

traditional machine learning approaches like SVMs and Random Forest classifiers achieve only 

moderate efficiency because they rely heavily on handcrafted features like Histogram of Oriented 

Gradients (HOG) and Scale-Invariant Feature Transform (SIFT). For instance, SVM classifiers 

achieved accuracies as low as 44.44%, underscoring the need for more robust approaches (Singh 

& Shukla, 2021). By contrast, CNNs automate feature extraction directly from raw image data, 

substantially improving classification accuracy (Wu, Zhang, & Meng, 2019). Recent 

investigations further highlight the benefits of transfer learning, progressive CNN architectures, 

and hybrid models in overcoming the limitations of handcrafted feature engineering (Jain & 



  Agricultural Biotechnology Journal, 2025, 17(4)   

154 

 

Sharma, 2024; Mahobiya et al., 2023). Data augmentation, dropout regularization, and adaptive 

learning rate tuning have also been applied to mitigate overfitting and raise generalization across 

diverse leaf images (Ma et al., 2017; Wu et al., 2019). Remote sensing technologies like UAV-

based hyperspectral imaging expand the scope to large-scale monitoring (Tetila et al., 2019), 

while emerging approaches like federated learning supply chances for collaborative model 

training without data sharing (Thapliyal et al., 2024). This investigation shows an optimized 

CNN-based soybean disease classification model that integrates data augmentation, dropout 

regularization, adaptive learning rate adjustment, and hyperparameter tuning. The proposed 

framework is systematically compared with traditional machine learning and other deep learning 

approaches to validate its effectiveness. By addressing key challenges like overfitting, data 

scarcity, and classification of visually similar diseases, this study contributes to developing a 

practical, scalable, and reliable solution for real-world deployment in precision agriculture. 

 

Materials and methods 

Dataset details: The dataset applied in this investigation consists of 1,500 processed images 

of soybean leaves gathered applying mobile devices. It includes both healthy and diseased leaf 

samples across multiple classes. The dataset is publicly available and can be applied to train 

machine learning models without additional preprocessing. It also serves as a benchmark for 

evaluating predictive models for plant disease diagnosis. Two prior investigations are exclusively 

relevant, as they supply detailed descriptions of datasets for soybean leaf disease identification 

and classification, with emphasis on conformation, acquisition methods, preprocessing steps, and 

applicability. 

Dataset from the hypergraph cell membrane computing network study (Huang et al., 

2024): This investigation employed a curated dataset containing 1,010 soybean leaf images, 

evenly divided between healthy (505 images) and diseased (505 images) samples. The images 

were captured in real agricultural environments near Huainan, China, applying a high-resolution 

Fuji X-A5 camera, ensuring that the dataset reflected natural variations in disease symptoms and 

environmental situations. Prior to model input, the images were preprocessed by resizing them to 

227 × 227 pixels and applying normalization for uniformity. Feature extraction was carried out 

through three parallel modules: pyramid convolution (to capture multi-scale details), standard 

convolution (to extract local features like edges and textures), and a U-shaped network (to 

combine shallow and deep features). A dynamic attention mechanism was further integrated to 

emphasize the most informative features, effectively merging outputs from the three extraction 

pathways. The dataset was divided into training, validation, and testing subsets to enable robust 

model evaluation. Given the relatively modest dataset size, the model architecture was 
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specifically designed to maximize feature learning and improve generalization. Outcomes 

demonstrated that the model achieved an accuracy of 98%, outperforming different established 

deep learning architectures and showing strong potential for real-world application in soybean 

disease diagnosis. 

 

Table 1. Comparison of numerous investigations on soybean leaf disease diagnosis, 

emphasizing methodology, algorithms, and outcomes 

Title Year Methodology Algorithm Achievement 

Classification and 

Recognition of Soybean Leaf 

Diseases in Madhya Pradesh 

2023 

Image Processing 

and Deep 

Learning 

CNN 

Developed a system to 

identify Angular Leaf Spot, 

Bacterial Blight, and 

Soybean Rust with high 

accuracy. 

Classification System for 

Soybean Leaf Disease Based 

on Deep Learning 

2020 
Deep Learning on 

Real Crop Images 
CNN 

Proposed a classification 

system that achieved 

meaningful accuracy on 

multi-leaf real crop images. 

Federated Learning with 

CNNs for Soybean Leaf 

Disease Classification 

2024 

Federated 

Learning with 

CNNs 

CNN 

Developed a federated 

learning-based 

classification model with 

strong accuracy on real 

crop images. 

Automatic Recognition of 

Soybean Leaf Diseases 

Using UAV Images and 

Deep Convolutional Neural 

Networks 

2019 

UAV Imaging 

and Deep 

Learning 

Deep CNN 

Successfully recognized 

diseases from UAV-

captured images with high 

precision. 

Soybean Leaf Disease 

Classification Using 

Machine Learning 

Techniques 

2020 

Machine Learning 

with Feature 

Extraction 

Random 

Forest, 

SVM 

Compared numerous 

classifiers, with Random 

Forest achieving the highest 

accuracy. 

Deep Learning-Based 

Soybean Leaf Disease 

Classification Using Image 

Augmentation 

2020 

Deep Learning 

with Augmented 

Data 

CNN 

Improved model efficiency 

by applying image 

augmentation techniques. 

 

Dataset from the India soybean leaf study (Kotwal et al., 2024): This study introduced a 

larger dataset of 3,363 soybean leaf images gathered primarily in Maharashtra, India. Images were 

acquired over different crop cycles applying smartphone cameras in natural outdoor situations, 

capturing a broad range of health and disease variations representative of real field environments. 

The dataset is organized into six categories: healthy leaves, vein necrosis, dry leaf, Septoria brown 

spot, root images, and bacterial leaf blight. Class distributions varied from relatively small (root 

images) to different hundred (leaf disease categories), reflecting the natural prevalence of these 
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situations. All images were resized to 300 × 300 pixels, and data augmentation techniques, like 

rotation, zoom, and brightness adjustment, were applied to raise dataset diversity and reduce 

overfitting through training. The dataset was split into training and testing subsets applying an 

80:20 ratio to ensure fair efficiency evaluation. Importantly, it is openly accessible to researchers 

and supplies a practical benchmark for developing and validating machine learning and deep 

learning models for soybean leaf disease classification. 

Preprocessing steps: Preprocessing is essential for improving the quality of input data and 

enhancing classification accuracy. The subsequent steps were applied: 

- Image resizing: All images were resized to 224 × 224 pixels to ensure uniformity for deep 

learning models. 

- Grayscale conversion: Applied only for classical feature extraction methods to reduce 

computational complexity. 

- Image enhancement: Histogram equalization was applied to improve contrast, and edge 

diagnosis techniques were applied to highlight diseased regions. 

- Thresholding and segmentation: Methods like Otsu’s thresholding and K-means 

clustering were employed to segment affected areas of the leaf. 

- Data augmentation: Random rotations, flips, and brightness adjustments were applied to 

improve dataset diversity and reduce overfitting through model training. 

Feature extraction: Extracting meaningful features is crucial for distinguishing between 

healthy and diseased leaves. Figures 1–3 show the key stages of image processing and feature 

extraction for soybean leaf disease diagnosis. 

 

 

Figure 1. Diseased soybean leaf exhibiting vein necrosis symptoms 
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The three stages of image processing are described below: 

- Original image: The original image (left in Figure 2) displays the soybean leaf in its natural 

color. Yellow and brown discolorations characteristic of vein necrosis are clearly visible, serving 

as a reference for disease identification. 

- Grayscale image: The grayscale image (center in Figure 2) converts the original color 

image to shades of gray. This simplifies the image by removing color information while 

preserving shape, texture, and vein patterns. Grayscale images are commonly applied in computer 

vision tasks to reduce computational complexity while retaining essential structural details. 

 

 

Figure 2. Soybean leaf image processing stages: Original, Grayscale, and Increased views 

 

 

Figure 3. Feature extraction techniques for soybean leaf image analysis, containing color, 

edge, and texture features 

 

- Enhanced image: The increased image (right in Figure 2) applies techniques like 

histogram equalization or contrast adjustment to improve feature visibility. This step accentuates 

the contrast between healthy and affected areas, making disease symptoms, containing vein 

patterns and lesions, more distinguishable for both human observers and machine learning 
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algorithms. These preprocessing and feature extraction steps ensure that the dataset is well-

prepared for training machine learning and deep learning models for accurate soybean leaf disease 

classification. 

Color histogram, edge detection, and texture analysis:  

- Color histogram: The color histogram (left in Figure 3) represents the distribution of color 

intensities within the leaf image. Peaks in the histogram illustrate often occurring color values. 

This supplies worth information about dominant hues and color variations in the leaf, which can 

be related to different disease symptoms, like yellowing created by vein necrosis. 

- Edge detection (Canny): The edge detection image (center in Figure 3) highlights 

boundaries and edges of the leaf, containing the outline, veins, and lesion areas. Canny edge 

detection is an effective method for revealing structural details, which assists algorithms in 

recognizing lesion boundaries, vein patterns, and other features critical for differentiating healthy 

from diseased tissue. 

- Texture Analysis: The texture image (right in Figure 3) displays the leaf after processing 

for texture features, with quantitative metrics like contrast (56.84) and energy (0.05). Texture 

analysis captures subtle variations in the leaf surface, like roughness, smoothness, or regular 

patterns, applying statistical methods. These properties are highly informative for classifying 

plant diseases that manifest as alters in leaf texture. Together, these feature extraction techniques 

supply a wide characterization of leaf images, enabling machine learning models to accurately 

identify and classify soybean diseases based on color, shape, and texture cues. These 

preprocessing and feature extraction stages are essential for improving the accuracy of automated 

soybean disease diagnosis. 

Feature extraction methods: This investigation employed a combination of handcrafted 

and deep learning-based feature extraction techniques: 

- Texture features: Extracted applying Gray Level Co-occurrence Matrix (GLCM) and 

Local Binary Patterns (LBP) to capture leaf surface patterns. 

- Color features: Histogram-based analysis was applied to quantify variations in leaf color. 

- Edge detection: Canny and Sobel operators were applied to highlight affected regions. 

- Deep CNN features: Pre-trained models, like VGG16, were utilized for automatic feature 

learning and extraction from leaf images. 

Classification Approaches: Two primary classification strategies were evaluated: Machine 

Learning (ML) and Deep Learning (DL): 

- Machine Learning: Handcrafted features were applied to train traditional classifiers, 

containing Support Vector Machine (SVM) and Random Forest. The ML approach achieved a 
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maximum accuracy of 44.44%, restricted by feature dependencies and the inherent constraints of 

handcrafted feature extraction. 

- Deep Learning: A custom Convolutional Neural Network (CNN) was designed for 

automatic feature learning. The dataset was split into 80% training and 20% validation subsets. 

The CNN architecture consisted of convolutional layers with ReLU activation, max-pooling 

layers, fully connected layers, and dropout regularization. The model achieved 100% validation 

accuracy after 10 epochs, meaningfully outperforming the traditional ML approach. 

Hyperparameter optimization: To raise model efficiency, different hyperparameters were 

tuned: 

- Learning rate: An adaptive learning rate plan was employed to optimize convergence. 

- Batch size: Experiments were managed with batch sizes of 16, 32, and 64 to identify the 

optimal value. 

- Dropout regularization: Dropout layers were applied to prevent overfitting. 

- Loss function: The cross-entropy loss task was applied and optimized applying the Adam 

optimizer. These optimization strategies contributed to improved model generalization and high 

classification accuracy for soybean leaf disease diagnosis. 

 

Results and discussion 

The deep learning model meaningfully outperformed traditional machine learning models. 

The proposed CNN-based classifier achieved the highest accuracy of 100% with minimal training 

loss and robust generalization. Properly tuned hyperparameters and an augmented dataset 

contributed to this efficiency. The training loss was reduced nearly to zero, and validation loss 

approached an optimal threshold. The model demonstrated strong robustness against variations 

in leaf images due to data augmentation. 

Classification efficiency: Table 2 shows the precision, recall, F1-score, and support for each 

class. In contrast, traditional machine learning approaches achieved a maximum accuracy of 

44.4%, emphasizing the limitations of handcrafted feature-based methods. The feature extraction 

process applied to soybean leaf images, showed in the previous figures, contributed to the superior 

efficiency of the CNN model. 

Comparison of Deep Learning Models: Different CNN architectures exhibit unique 

characteristics in terms of accuracy, precision, recall, fault tolerance, and computational 

requirements. Error handling was addressed by applying appropriate class weights. Table 3 

summarizes the efficiency comparison between the proposed CNN model and other commonly 

applied architectures, containing MobileNetV2, ResNet50, and EfficientNetB0. 
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Table 2. Classification efficiency metrics for soybean disease detection model 

Class Precision Recall F1-Score Support 

0 0.61 0.34 0.43 59 

1 0.50 0.04 0.07 27 

2 0.69 0.18 0.29 49 

3 0.42 0.73 0.53 55 

4 0.38 0.77 0.51 44 

Macro Avg 0.52 0.41 0.37 234 

Weighted Avg 0.52 0.44 0.40 234 

 

 

Table 3. Comparison of Deep Learning Models for soybean disease classification 

Model Accuracy Precision Recall Training Time Inference Time Model Size 

Proposed CNN 100% 1.0 1.0 41 s/epoch 0.005 s 11 M params 

MobileNetV2 ~95% High High 10 s/epoch 0.002 s 2 M params 

ResNet50 98% High High 35 s/epoch 0.008 s 25 M params 

EfficientNetB0 99% Very High Very High 30 s/epoch 0.003 s 5 M params 

 

Model efficiency analysis: Figure 4 shows the training and validation accuracy of the 

proposed CNN model across epochs. The model achieved 100% training accuracy, denoting 

strong learning capability. However, such high accuracy may sometimes illustrate potential 

overfitting, and care should be taken to ensure generalization to unseen data. 

Overall, the proposed CNN model demonstrates superior efficiency in soybean disease 

diagnosis compared to both traditional machine learning approaches and other popular CNN 

architectures. High accuracy, precision, and recall, combined with effective training and inference 

times, make this model highly suitable for practical agricultural applications. The outcomes 

demonstrate that the proposed CNN model achieves superior classification accuracy (100%) 

compared to traditional machine learning methods and other deep learning architectures, 

containing MobileNetV2, ResNet50, and EfficientNetB0. These outcomes are in line with prior 

investigations reporting CNNs’ effectiveness in automatically capturing complex features in plant 

disease images, outperforming classical approaches that rely on handcrafted features. In contrast, 

models like MobileNetV2 propose faster training and inference times with lower computational 

requirements but at a slight cost in accuracy, making them suitable for resource-constrained 

deployment scenarios. EfficientNetB0 and ResNet50 supply strong classification efficiency; 
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however, they request greater computational resources, emphasizing the trade-off between 

accuracy and efficiency. 

 

Figure 4. Training and validation accuracy of the proposed CNN model across epochs 

 

The proposed model’s innovative multi-branch feature extraction and dynamic attention 

mechanisms contribute to improved robustness and generalization, exclusively on restricted 

datasets, a common challenge noted in related study. These architectural features position our 

method favorably compared to similar approaches, which have announced classification 

accuracies ranging from 90% to 99%. In spite of the excellent efficiency, indications of overfitting 

propose that additional strategies, like increased data augmentation or transfer learning, could 

further strengthen model generalization. Future work should also attend optimizing model size 

and inference speed to facilitate practical, real-time deployment in field situations. Overall, these 

outcomes reinforce and develop the growing body of evidence supporting the effectiveness of 

deep learning for plant disease diagnosis, exclusively in identifying complex and subtle symptom 

patterns in soybean leaves. Figure 5 shows the training and validation loss over the course of 

model training. The loss curves supply discernment into how well the model fits the training data 

and generalizes to the validation set, with convergence denoting effective learning and minimal 

overfitting. 
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Figure 5. Training and validation loss of the proposed CNN model across epochs 

The accuracy plot (top) shows that both training and validation accuracy rapidly improve, 

reaching near-perfect scores within a few epochs, and then stay stable. This illustrates that the 

model quickly and effectively learns the underlying patterns in the data. 

The loss plot (bottom) shows a steep decrease in both training and validation loss, approaching 

zero after different epochs. This behavior proposes that the model fits the data well, with minimal 

classification errors. The close alignment of the training and validation curves further illustrates 

that there is no meaningful overfitting, demonstrating strong generalization efficiency. 

Conclusions: The diagnosis and classification of soybean leaf diseases is a critical task in 

precision agriculture, as it directly affects crop yield and food security. Conventional manual 

inspection methods are time-consuming, prone to errors, and need expert intervention. Recent 

advancements in machine learning (ML) and deep learning (DL) have enabled automated 

solutions that improve disease identification with higher accuracy and efficiency. Soybean is a 

major agricultural crop, and timely disease diagnosis is essential to minimize yield loss. 

Traditional methods, however, fail to supply scalable, rapid, and reliable solutions. Although 

previous study has investigated numerous ML and DL techniques, challenges like insufficient 

datasets, poor generalization, and restricted real-time implementation stay. Addressing these 

limitations needs robust models capable of high accuracy and computational efficiency. In this 

investigation, a dataset of 1,500 processed soybean leaf images was utilized. Image preprocessing 

included resizing, grayscale conversion, histogram equalization, and segmentation. Feature 
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extraction techniques, like Haralick texture, color histograms, and edge detection, were applied. 

Traditional classifiers, containing Support Vector Machine (SVM) and Random Forest, were 

trained on these extracted features, achieving a maximum accuracy of 44.44%, emphasizing the 

limitations of classical ML approaches. A Convolutional Neural Network (CNN) was 

implemented for automatic feature learning. After hyperparameter tuning and data augmentation, 

the CNN model achieved 100% classification accuracy with minimal validation loss (0.0001). 

Training time was optimized applying GPU acceleration, reducing processing delays. The model 

demonstrated robustness across multiple test cases, affirming its applicability in real-world 

scenarios. Future study will centralize on deploying the trained model in real-time field situations 

via mobile applications. Expanding the dataset to include diverse environmental conditions and 

integrating Internet of Things (IoT) sensors for real-time disease monitoring will further raise 

applicability and scalability. Additionally, comparative investigations involving hybrid models 

that combine ML, DL, and transformer-based architectures will be investigated to push 

classification accuracy beyond current benchmarks. Overall, this investigation demonstrates the 

meaningful potential of deep learning for high-accuracy, automated soybean leaf disease 

detection and supplies a foundation for practical precision agriculture applications. 
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   چکیده

رود کشاورزی همچنان یکی از عوامل اصلی رشد اقتصادی و امنیت غذایی در بسیاری از کشورهای در حال توسعه به شمار می هدف:  

شود. به دلیل ارزش غذایی بالای آن، سویا به طور گسترده در  ترین محصولات نقدی در جهان محسوب می و سویا یکی از مهم

شود و استفاده از آن به عنوان جایگزین شیر نیز به دلیل ماندگاری بیشتر پس از های غذایی انسانی و خوراک دام مصرف میرژیم

های برگی قرار دارد که بسته به شرایط  فرآوری رو به افزایش است. با این حال، تولید سویا اغلب در معرض طیف وسیعی از بیماری

شوند  عث کاهش چشمگیر در عملکرد و کیفیت محصول می ها باخاک، عوامل اقلیمی و الگوهای کشت متفاوت هستند. این بیماری

از روش  استفاده  برجسته میو ضرورت  را  و دقیق  ارزیابی یک  های تشخیص کارآمد، خودکار  و  این مطالعه طراحی  سازند. هدف 

 .های سنتی یادگیری ماشین با رویکردهای یادگیری عمیق استچارچوب تشخیص بیماری برگ سویا از طریق مقایسه روش 

های مختلف بیماری به کار گرفته شد که تصویر برگ سویا در دسته  1۵00شده شامل  داده انتخابیک مجموعهها:  مواد و روش

های اولیه نظیر تغییر اندازه،  ها، تصاویر تحت پردازشبرای آموزش و آزمون تقسیم گردید. پیش از آموزش مدل  80:20به نسبت  

سازی بندی قرار گرفتند تا استخراج ویژگی بهبود یابد. دو رویکرد پیادهسازی هیستوگرام و بخش تبدیل به طیف خاکستری، همسان
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شده به صورت دستی که نمایانگر یادگیری ماشین سنتی است، و یک  های استخراجبا ویژگی (SVM) شد: ماشین بردار پشتیبان

کانولوشنی  عصبی  شبکه (CNN) شبکه  است.  عمیق  یادگیری  نمایانگر  که  لایه  CNN سفارشی  کانولوشنی،  لایه  سه  های با 

از تکنیک و لایه (max-pooling) برداریبیشینه افزایش داده، منظمهای کاملاً متصل طراحی شد و  و   Dropout سازیهای 

 .سازی ابرپارامترها برای ارتقای عملکرد انجام شدتنظیم تطبیقی نرخ یادگیری استفاده گردید. همچنین بهینه

با دقت   SVM بنددست یافت که به طور قابل توجهی بهتر از طبقه   ٪100پیشنهادی به دقت اعتبارسنجی   CNN شبکهنتایج:  

های  توانست قابلیت تعمیم قوی خود را در میان نمونه  CNN برازش مشاهده شد، اماهای جزئی بیش بود. اگرچه نشانه   44/44%

 .متنوع برگ حفظ کند و قابلیت اطمینان آن در کاربردهای عملی را نشان دهد

های گیاهی را های متداول یادگیری ماشین در شناسایی بیماریها برتری آشکار یادگیری عمیق نسبت به روشیافتهگیری: نتیجه

پژوهشتأیید می  با شبکه کنند.  انتقالی  یادگیری  از  استفاده  بر  آینده  آموزش های  از پیش  توسعه سامانههای  و  های تشخیص  دیده 

پذیر  های تلفن همراه همراه با حسگرهای اینترنت اشیا متمرکز خواهد بود. چارچوب پیشنهادی مسیری مقیاسبلادرنگ مبتنی بر برنامه 

وری در پی کند و مزایای قابل توجهی برای مدیریت پایدار محصولات و بهبود بهرهو قابل اعتماد برای کشاورزی دقیق فراهم می

 .خواهد داشت
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