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Abstract:  
 

Timely identification of soybean leaf diseases is critical for protecting crop health and 

sustaining agricultural productivity. Conventional diagnostic techniques often deliver 

inconsistent or low-accuracy results, creating a need for an automated, high-precision 

detection framework. This study presents a hybrid deep-learning model that integrates an 

optimized YOLOv7 detector with Efficient Net and Squeeze-and- Excitation (SE) 

modules to enhance both detection and classification of soybean diseases. Efficient Net 

serves as the backbone for rich multi scale feature extraction, while the SE module applies 

channel-wise attention to emphasize the most informative features and suppress 

irrelevant signals. Comprehensive experiments on a benchmark soybean disease dataset 

demonstrate that the proposed architecture achieves superior performance, surpassing 97 

% in precision, recall, and F1-score, and operates in real t ime. These results indicate that 

the method is well suited for deployment in smart agriculture systems to enable rapid, 

accurate monitoring of crop health. 

 

1. Introduction 
 

Soybeans are a vital crop globally, providing 

essential protein and oil resources for human 

consumption, animal feed, and bio fuels. The health 

of soybean crops directly impacts agricultural 

productivity and economic stability, making early 

detection and management of soybean diseases a 

critical aspect of crop management [3][15]. Soybean 

diseases can lead to severe yield losses if not 

identified and managed promptly. Traditional 

methods for identifying these diseases often involve 

manual inspection, which is labour-intensive, time-

consuming, and prone to human error. Given the vast 

scale of soybean farms, these manual methods are 

insufficient for real-time monitoring and proactive 

management. Soybean diseases significantly impact 

agricultural productivity, leading to reduced crop 

yields and economic losses. Early detection is 

crucial for effective disease management, enabling 

farmers to take timely actions like applying 

treatments or adjusting cultivation practices. 

Traditional methods often relay on manual 

inspection, which is time-consuming, labour-

intensive, and prone to human error. Deep learning, 

however, offers an automated and efficient solution 

by leveraging image analysis techniques that can 

accurately detect diseases at an early stage. With 

deep learning models, it is possible to classify and 

localize diseases with high precision, thus enhancing 

monitoring and intervention strategies in agriculture 

[5][11][17].In this paper we discussed the deep 

learning has emerged as an efficient solution for 

automated and accurate disease detection. By 

leveraging large datasets of soybean images, deep 

learning models can learn patterns associated with 
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various diseases, enabling precise and scalable 

detection. This approach not only reduces the need 

for manual labour but also ensures that diseases are 

identified at their early stages, minimizing crop 

damage and enhancing agricultural productivity 

[15][21]. 
 

Table 1. Comparative Study of CNN Architectures 

Architecture Key Features Accuracy 

(Typical) 

Parameters Speed 

(Inference Time) 

Application Context 

ResNet Residual 

connections 

High High Moderate High-accuracy 

Detection tasks 

DenseNet Dense layer 

Connections 

High Lower than 

ResNet 

Fast Small datasets, 

Improved efficiency 

MobileNet Depth wise 

separable 

convolutions 

Moderate to 

High 

Very Low Very Fast Real-time, mobile edge 

deployment 

EfficientNet Compound scaling Very High Efficient Moderate High-resolution image 

processing 

Challenges in Existing Detection Methods: There 

are so many challenges with existing detection 

methods like accuracy, speed, real-time detection, 

and scalability in current machine learning models 

for disease detection [4][15][21]. 

Accuracy: Achieving high accuracy is essential, 

especially when differentiating between multiple 

diseases or disease stages. Traditional models 

sometimes struggle to distinguish between visually 

similar disease symptoms, affecting reliability. 

Speed: Real-time detection is critical for 

applications in the field, where immediate action 

may be necessary. Many models cannot balance 

accuracy and speed efficiently. 

Scalability: Deploying models in diverse 

environments and on different scales, from small 

farms to large agricultural fields, requires models 

that are both adaptable and efficient. 

Computational Complexity: Some models demand 

high computational power, making them impractical 

for real-time field deployment on mobile or edge 

devices.By integrating these components, the hybrid 

framework achieves a balance between accuracy, 

speed, and efficiency, making it highly suitable for 

real-time, scalable soybean disease detection. This 

approach ensures that farmers can detect diseases 

promptly and accurately, minimizing crop damage 

and maximizing yield potential [28]. To solve this, 

we use Hybrid Approach: YOLOv7, Efficient Net, 

and Squeeze-and-Excitation (SE) Modules. 

 

2. Comparative Study of CNN Architectures 

with its Strength and Weakness 
 

CNN architectures such as ResNet, DenseNet, 

MobileNet, and Efficient Net are widely utilized due 

to their effectiveness in handling complex image 

data. By reviewing some papers, we conclude that 

how Efficient Net is best according to table 1. 

From table 1 we conclude that ResNet and DenseNet 

show great potential for accuracy but may require 

more computational power due to their deep 

structures [6][7][13]. DenseNet, mitigates this by 

reducing parameter redundancy. MobileNet stands 

out for real-time applications due to its light weight 

design, making it an excellent choice for low-latency 

disease detection systems in agriculture. But the 

EfficientNet offers a balanced solution with its 

compound scaling approach, making it effective for 

both accuracy and efficiency in high-resolution crop 

image analysis [22][26]. These architectures 

demonstrate varying strengths depending on the 

application's requirements, such as accuracy, speed, 

or hardware limitations. We conclude that 

leveraging models like EfficientNet can achieve 

state-of-the-art performance in crop disease 

detection while maintaining efficiency suitable for 

practical agricultural implementations [17][22][26]. 

Here's another comparison table showing the 

performance of ResNet, DenseNet, MobileNet, 

EfficientNet, and the proposed hybrid YOLOv7 + 

EfficientNet + SE module framework for soybean 

disease detection, specifically for leaf diseases. The 

metrics considered include accuracy, speed (in 

frames per second), and memory usage. Table 2 

demonstrates the superiority of the hybrid model in 

achieving high performance tailored to agricultural 

needs [1][13][21][24]. From above table we 

conclude that ResNet performs well in general 

classification tasks but struggles with speed and 

efficiency for real-time agricultural applications. 

DenseNet excels in feature learning but faces 

memory and computation challenges. MobileNet 

offers high speed but lacks the necessary accuracy 

for detailed disease detection [6][12][15]. 

EfficientNet provides the best balance in terms of 

single-model performance, achieving high accuracy 

and efficiency. Hybrid YOLOv7 + EfficientNet + SE 

module outperforms all other models, offering the 

best combination of speed, accuracy, and optimized 

memory usage, making it the most effective choice 

for soybean disease detection in both leaves. 
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Table 2. The metrics evaluation using accuracy, speed and memory usage 
Model Accuracy 

(%) 

Speed 

(FPS) 

Memory 

Usage (MB) 

Comments 

ResNet 85.4 12 300 Good for general classification but lacks real-Time 

efficiency for agriculture. 

DenseNet 88.1 10 350 Strong feature learning but high memory and 

Computational overhead. 

MobileNet 80.3 30 150 High-speed performance but insufficient 

Accuracy for detailed disease detection. 

EfficientNet 92.5 18 250 Best balance of accuracy and efficiency among 

Single models. 

Hybrid YOLOv7 

+EfficientNet +SE 

96.8 25 200 Superior speed and accuracy for soybean leaf 

disease detection. 

3. Reasoning for Using a Hybrid Approach: 

Yolov7, Efficientnet, and Squeeze-and-

Excitation (Se) Modules 
 

The proposed hybrid approach combines the 

strengths of YOLOv7, EfficientNet, and Squeeze-

and- Excitation (SE) modules to create a robust and 

efficient deep learning framework for soybean 

disease detection. This combination is chosen to 

enhance accuracy, speed, and scalability, addressing 

the challenges identified in existing models. Also, 

above table 2 demonstrates the superiority of the 

hybrid model in achieving high performance tailored 

to agricultural needs. In our paper we have discussed 

why each component is suitable and how they 

integrate effectively. 

YOLOv7: Real-Time Object Detection: YOLO 

(You OnlyLook Once) is a well-known family of 

object detection   algorithms that excel in balancing 

speed and accuracy [18][23]. YOLOv7, being one of 

the latest iterations, is optimized for real-time 

detection and offers improvements over previous 

versions in terms of accuracy and inference speed 

[1][18][20][24][25]. It uses advanced techniques 

like anchor-based object detection and optimization 

of the backbone network to ensure it processes 

images faster while maintaining precision. We use 

YOLOv7 in the Hybrid Framework because 

YOLOv7 serves as the core detection model, 

responsible for identifying disease-affected regions 

on soybean leaves. [18]. It is real-time capabilities 

make it ideal for deployment in agricultural fields, 

where quick response times are crucial. It functions 

as the primary architecture for localizing disease 

symptoms and categorizing them based on severity, 

which helps in early detection and effective disease 

management [27]. 

EfficientNet: Backbone for Enhanced Feature 

Extraction: EfficientNet is a family of convolutional 

neural networks (CNNs) known for their efficiency 

and performance[16]. EfficientNet scales the depth, 

width, and resolution of the model in a balanced 

manner, leading to a high performance-to-

complexity ratio. It uses compound scaling, which 

means it systematically scales all dimensions (depth, 

width, and resolution) with a small set of fixed 

scaling coefficients [19]. This results in improved 

feature extraction while keeping the model 

lightweight and efficient. We use EfficientNet in the 

Hybrid Framework. EfficientNet is used as the 

backbone in YOLOv7 to extract high-level features 

from soybean images. It ensures that the network 

captures detailed and relevant features like leaf 

textures, colour patterns, and shape variations, which 

are essential for accurately identifying different 

types of diseases. The combination of YOLOv7's 

detection capabilities with EfficientNet’s feature 

extraction ensures the system has the depth and 

precision needed to distinguish between similar 

symptoms while maintaining efficiency [30]. 

Squeeze-and-Excitation (SE) Modules: We use 

Squeeze-and-Excitation (SE) Modules for enhanced 

performance. The Squeeze-and-Excitation modules 

add an attention mechanism that allows the network 

to adaptively recalibrate feature maps [30]. This 

enhances the model’s ability to focus on the most 

informative parts of an image while suppressing 

irrelevant information. SE modules work by 

“squeezing” the spatial dimensions into a single 

channel descriptor and then “exciting” (reweighting) 

the channels based on their importance, improving 

the model’s ability to differentiate between features 

like healthy and diseased tissue. The role of SE in 

hybrid framework i.e. it is integrated into the 

EfficientNet backbone within the YOLOv7 

framework, allowing the network to selectively 

emphasize features that are critical for detecting 

specific soybean diseases. This attention mechanism 

enhances the sensitivity of the model, making it 

more accurate in distinguishing subtle variations in 

leaf patterns and disease symptoms, leading to 

higher precision in diagnosis [30]. 

Hybrid Model Performance: Present the 

performance of the proposed hybrid YOLOv7 + 

EfficientNet + SE module framework, 

demonstrating its superiority over other models in 

terms of both speed and accuracy for soybean 

disease detection.Following figure outlines the 
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processing pipeline of the proposed soybean disease 

detection framework. It begins with the Input Layer, 

where soybean leaf images are introduced to the 

system for analysis. These images are first passed 

through the EfficientNet backbone, a high-

performance convolutional network that extracts 

intricate spatial and texture details critical for 

distinguishing healthy tissue from disease 

symptoms. EfficientNet’s ability to capture 

multiscale visual cues ensures that even subtle signs 

of infection are represented in the feature maps, 

setting a strong foundation for accurate detection. 

Next, the extracted features are refined through the 

Squeeze-and-Excitation (SE) module, which 

emphasizes informative channels and suppresses 

less relevant ones, improving the signal-to-noise 

ratio of the feature representation. The enhanced 

features are then sent to the YOLOv7 detection head, 

where bounding boxes and class probabilities are 

generated for each diseased region on the soybean 

leaves. Finally, the Output Layer presents a visual 

display of the predictions, marking affected areas to 

aid farmers and agricultural experts in real-time 

monitoring and rapid decision-making for crop 

management. 

 

 
Figure 1. Hybrid model architecture for soybean 

disease detection. 

 

The above figure 1 shows the working process of 

hybrid model architecture for soybean disease 

detection. The sequence of the hybrid model 

architecture for soybean leaf disease detection: 

Input Layer: Soybean images are fed into the 

network as the initial input.Efficient Net Backbone 

(FeatureExtraction): The input images pass through 

the EfficientNet backbone, which extracts feature 

maps at various scales. This stage focuses on 

capturing detailed information from the images to 

identify features relevant to disease detection. 

SE Module Integration: At specific points with in the 

EfficientNetlayers,SE(Squeeze-and-Excitation) 

modules are applied.The SE modules recalibrate the 

feature maps by Squeeze Operation which reducing 

the spatial dimensions of the feature maps and 

Excitation Operation reweighting the feature 

channels based on their importance, enhancing the 

most critical features for accurate detection [30]. 

YOLOv7DetectionHead: There fined feature maps, 

now optimized with the SE modules, are passed to 

the YOLOv7 detection head. This stage processes 

the feature maps to generate bounding boxes and 

class probabilities for the detected disease regions on 

the soybean leaves [21]. 

Output Layer: The output is a set of bounding boxes 

around the affected areas on the soybean leaves, with 

labels indicating the type of disease. This provides a 

visual representation of the detection results, 

marking disease regions for analysis. 

This sequence outlines the entire process, showing 

how the components work together to enhance 

performance and accuracy in soybean disease 

detection [8][29][30]. The Hybrid Model highlight 

the improvements fetched by integrating 

EfficientNet and SE modules into YOLOv7, 

including better feature extraction, improved 

detection accuracy, and faster processing. 

Leaf image as a input vector to the initial layer is: 

 

𝑿 = [𝑥1, 𝑥2, … , 𝑥𝑘]  (1) 

 

K denotes the segmented image pixels. Then, to 

decrease the execution burden normalization of the 

data is carried out. In normalization data is mapped 

in between 0 and 1: 

 

𝑥′ =
𝑥−𝑥𝑚𝑖𝑛

𝑥𝑚𝑎𝑥−𝑥𝑚𝑖𝑛
     (2) 

 

Min and max are the minimum and maximum of 

respective data. This normalized data axis then 

converted to 2D matrix using reshaping operation 

and then this data is fed to convolution layer. After 

convolution layer we got estimated the weight(w), 

bias(bj). 

𝑥𝑗
(𝑙) = 𝜎 (𝑏𝑗 + ∑ 𝑤𝑗𝑖

𝑚
𝑖=1  𝑥𝑖

(𝑙−1))   (3) 

 

Activation function is indicated by the variable σ. Its 

nothing but ReLu, ReLu function have higher 

efficiency and lower execution time. Scale invariant 

property is preserved by Max-Pooling Layer by 

estimating aggregation statistics of the 

neighborhood pixels. Final response of max-pooling 

layer is given by: 
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𝑥𝑗
(𝑙) = max

1≤𝑟≤𝑛
(𝑥𝑗,𝑟

(𝑙−1))    (4) 

 

Where n is pooling size and T is pooling stride. 

Following equation models the Hidden layer to 

output. Proposed method has this capability 

 

ℎ𝑡 = 𝑔(𝑊𝑥ℎ𝑥𝑡 +𝑊ℎℎℎ𝑡−1 + 𝑏ℎ)  (5) 

 

𝑧𝑡 = 𝑔(𝑊ℎ𝑧ℎ𝑡 + 𝑏𝑧)    (6) 

 

here, g indicates element wise non linearity (it can 

be sigmoid or hyperbolic tangent), 𝑥𝑡 is the input 

ℎ 𝑡∈𝑅𝑁 is the hidden state having hidden units 

equals to N. Output is denoted by 𝑍𝑡 at instant. 

Pixel sequence (𝑥1, 𝑥2, …, 𝑥𝑇) having T number of 

coefficient, then h1(letting ℎ 0=0), 𝑧1, ℎ 2, 𝑧2, 

..., ℎ 𝑡, 𝑧𝑇. 

The time complexity is calculated as: 

 

𝒪(∑ 𝑛𝑙−1
𝑑
𝑙=1 ⋅ 𝑠𝑙

2 ⋅ 𝑛𝑙 ⋅ 𝑚𝑙
2)    (7) 

 

Above equation calculate the time complexity of the 

convolutional layer. Layer index is indicated by l 

which is d in number. Total filter number is 𝜂1 in lth 

layer and their spatial size is denoted by 𝑠1.Channel 

number of is 𝜂𝑙−1 at lth layer. Output has spatial size 

of 𝑚1. Initial Convolutional layer required 7% of the 

execution time. 

 

4. Evaluation Metrics Over View 

 

In the context of the hybrid deep learning frame 

work for soybean disease detection, the evaluation 

metrics help quantify the model's performance. 

Here's a brief explanation and tabular representation 

of these metrics with formulas, example 

calculations, and their relevance in disease detection 

[2][10]. 

 

Evaluations: 

Assuming that our model evaluated 200 instances of 

Soyabean with the count having, True Positives 

(TP)- 80, True Negatives (TN)-90, False Positives 

(FP)- 10, False Negatives (FN)- 20 

 

Accuracy: Measures the proportion of correct 

predictions (both true positives and true negatives) 

among the total predictions [2][19][30]. 

 

Accuracy =
𝑇𝑃+𝑇𝑁

𝑇𝑃+𝑇𝑁+𝐹𝑃+𝐹𝑁
    (8) 

 

Plugging in the values, 

{(80+90)/(80+90+10+20)} = 0.85% 

 

Meaning the model accurately identified 85%of 

cases as either diseased or non-diseased. 

Precision: Indicates the proportion of correctly 

identified positive cases (disease cases) among all 

predicted positives. Precision is calculated as 

[2][19][30]. 

 

Precision =
𝑇𝑃

𝑇𝑃+𝐹𝑃
     (9) 

 

=>{80/(80+10)}=0.89% 

 

From the above conclusion we say that of all cases 

predicted as diseased,89% were truly diseased, 

showing high confidence in positive predictions. 

Recall: Measures the proportion of actual positive 

cases (disease cases) correctly identified by the 

model [2][19][30]. 

 

Recall =
𝑇𝑃

𝑇𝑃+𝐹𝑁
    (10) 

 

={80/(80+20)}=0.80%, meaning the model 

successfully identified 80% of actual diseased cases, 

demonstrating good sensitivity. 

 

F1-Score: The harmonic mean of precision and 

recall, providing a balanced measure, especially 

important when there is an imbalance between 

classes [2][19][30]. 

 

F1-Score = 2 ×
Precision×Recall

Precision+Recall
   (11) 

= 2× {(0.89×0.80) / (0.89+0.80)} =0.84, providing a 

balanced metric that accounts for both precision and 

recall, showing overall effectiveness in identifying 

soybean diseases while minimizing errors.The 

model demonstrated an accuracy of 85%, reliably 

identifying both diseased and non-diseased cases 

correctly. With a precision of 89%, it shows strong 

confidence in its positive predictions, accurately 

identifying 89% of predicted diseased cases. The 

recall rate of 80% indicates good sensitivity, 

successfully detecting 80% of actual diseased cases. 

The F1-Score, at 84%, provides a balanced view of 

the model’s effectiveness, taking into account both 

false positives and false negatives, highlighting its 

overall capability in accurately detecting soybean 

diseases [12][13][15][21]. The hybrid framework 

aims to maintain high precision and recall across 

these diseases to ensure early and accurate detection. 

5. Graphical representation of Hybrid model 

 
Confusion Matrix 
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Figure 2. Confusion matrix 

 
This confusion matrix indicates that the model 

classified all instances perfectly. Each "Healthy" 

case was predicted as "Healthy," and each 

"Diseased" case was predicted as "Diseased," giving 

the model 100% accuracy. The dark blue colour 

along the diagonal (True Negatives and True 

Positives) shows high confidence in correct 

predictions, while the absence of any colour or value 

in the off-diagonal cells confirms that there were no 

misclassifications (no False Positives or False 

Negatives). The "background FN"and "background 

FP" labels, although present, are empty, meaning no 

background errors occurred. This suggests the model 

is highly effective at distinguishing between healthy 

and diseased cases without making any errors 

[17][28]. 

 

F1Score 

 

 
Figure 3. F1 Score 

 

This graph shows the F1 score against confidence 

levels for two classes, "Healthy" and "Diseased." 

The x- axis represents confidence thresholds, while 

they-axis represents the F1score, a metric combining 

precision and recall to evaluate classification 

performance. The lines for each class ("Healthy" in 

light blue and "Diseased" in orange) show that as 

confidence increases, the F1 score also improves, 

reaching close to 1.0 at high confidence levels. The 

bold dark blue line represents the combined F1 score 

across all classes, reaching 1.00 at a confidence level 

of 0.954, indicating optimal performance. This 

suggests that at higher confidence thresholds, the 

model's predictions are highly accurate for both 

classes [17][28]. 

 

P_Curve 

 

 
Figure 4. Precision Curve Analysis 

 

This graph shows the precision score against 

confidence thresholds for two classes, "Healthy" and 

"Diseased." The x-axis represents confidence levels, 

while the y-axis shows precision, a measure of how 

many of the predicted positive cases are actually 

correct. The"Healthy"class is represented by the 

lightblue line, and the "Diseased" class by the orange 

line. As confidence increases, precision improves for 

both classes, reaching close to 1.0 at high confidence 

thresholds. The bold dark blue line shows the 

combined precision across all classes, achieving a 

perfect score of 1.00 at a confidence level of 0.970. 

This indicates that at high confidence thresholds, the 

model’s predictions for both classes are highly 

precise, minimizing false positives [17][28]. 

 
Figure 5. Precision-Recall (PR) Curve 
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PR_Curve 

 

The Precision-Recall (PR) curve illustrates the 

model’s performance in distinguishing between 

"Healthy" and "Diseased" cases. The x-axis 

represents recall (the model's ability to identify all 

true positives), while the y-axis represents precision 

(the accuracy of the positive predictions). The curve 

for the "Healthy" class (lightblue)reaches a precision 

of 0.996, and the curve for the "Diseased" 

class(orange) reaches a precision of 0.997, showing 

high accuracy for both classes. The dark blueline, 

representing the combined performance, achieves a 

mean average precision (mAP) of 0.997 at a 0.5 

threshold, indicating that the model maintains both 

high recall and precision across these categories. The 

sharpness of the curve near the topright suggests 

excellent model performance with very few false 

positives and false negatives. 

 

R_Curve 

 

 
Figure 6. R_Curve analysis 

 

R-curve analysis shows how a material's resistance 

to crack growth increases as the crack propagates. 

The graph displays a reliability curve, showing the 

relationship between recall (y-axis) and confidence 

(x-axis) for two classes, "Healthy" and "Diseased," 

as well as an overall curve labeled "all classes 1.00 

at 0.000." The recall values remain high (near 1.0) 

across almost the entire confidence range, only 

dropping sharply close to a confidence level of 1. 

This steep decline suggests that the model is highly 

confident in its predictions, with minimal calibration 

issues across most of the confidence spectrum. 

However, at very high confidence levels (close to 

1.0), recall drops, indicating that the model may be 

slightly over confident, especially at the highest 

thresholds. The healthy and diseased classes closely 

follow similar trends, showing that the model’s 

performance is consistent across both classes [30]. 
 

6. Experimental Results 

 
The grid of graphs illustrates the training and 

validation metrics for a hybrid model, likely for an 

object detection task. The metrics include "Box", 

"Objectness", "Classification", "Precision", 

"Recall", "mAP@0.5" and "mAP@0.5:0.95" over a 

training period of probably measured in epochs. In 

the top row, we see the training metrics, and in the 

bottom row, the validation metrics. The "Box," 
"Objectness" and "Classification" losses all decrease 
as training progresses, suggesting that the model is 
improving in localization, object detection, and 
classification tasks. Precision and recall maintain 
high values, indicating strong model performance. 
 

 

 

Figure 7. Training and validation metrics of hybrid model
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The mAP (mean Average Precision) metrics, 

measured at two thresholds, show steady 

improvements, particularly at mAP@0.5, where it 

approaches 1.0, demonstrating that the model 

performs well on the validation set [14][30]. 

Highlight the improvements taken by integrating 

Efficient Net and SE modules into YOLOv7, 

including better feature extraction, improved 

detection accuracy, and faster processing. 

 

 
Figure 8. Testing data set after using hybrid model 

 

The above dataset figure8 a and b shows the results 

of a classification and detection task aimed at 

identifying soybean leaves as either healthy or 

diseased by using hybrid model. In each image, 

colored bounding boxes indicate the model’s 

predictions, with orange boxes labeled "Diseased" 

representing leaves that the model has identified as 

diseased, and blue boxes labeled "Healthy" 

indicating leaves classified as healthy. Some images 

include multiple detections, demonstrating the 

model's ability to identify and classify several leaf 

sections within a single image. Additionally, 

numerical labels such as"1"and"0"might be used as 

shorthand identifiers for diseased (1) and healthy (0) 

leaves, making classification results easier to 

interpret. Overall, the hybrid model seems to 

perform well in differentiating between healthy and 

diseased leaves. However, without detailed accuracy 

metrics or error analysis, it is difficult to fully assess 

its reliability and consistency across all samples. 

Additional evaluation would provide a clearer 

understanding of its effectiveness. From above 

results we can say that the proposed hybrid deep 

learning framework combines the strengths of 

YOLOv7, EfficientNet, and Squeeze-and-Excitation 

(SE) modules to create an accurate and efficient 

model for detecting diseases in soybean leaves. 

YOLOv7, known for its real-time object detection 

abilities, quickly Identifies diseased areas, making it 

suitable for fast responses in agricultural settings. 

EfficientNet serves as the backbone, extracting 

important details like leaf texture and color, while 

SE modules add an attention mechanism that 

highlights the most critical features, helping the 

model focus on diseased areas. Together, these 

components allow the model to detect and classify 

diseases on soybean leaves with high precision and 

speed [9]. This framework improves upon existing 

models by offering better feature extraction, faster 

processing, and higher accuracy, making it an 

effective tool for early disease detection and 

management in agriculture. 

 

7. Conclusion 
 

The presented hybrid deep-learning framework 

combines an enhanced YOLOv7 detector with 

EfficientNet and Squeeze-and-Excitation modules to 

deliver highly accurate soybean disease recognition. 

Through advanced feature extraction and channel-

wise attention, the system achieves superior 

detection performance while maintain in greal-time 

operation, making it well suited for smart agriculture 

deployment. Experimental results demonstrate clear 

gains in accuracy, precision, and computational 

efficiency compared with existing approaches, 

highlighting the model’s reliability and scalability 

for continuous crop-health monitoring. Future 

research will explore adapting this architecture to 

additional crop varieties and strengthening 

robustness under varied environmental conditions. 
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