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Abstract— Diseases affecting the soybean crop are widespread and have an impact on both the
amount and quality of yield. Farmers will profit from early illness identification utilising a
quick, dependable, nondestructive approach to combat the issue. In this work, two deep
learning-based architectures, EfficientNetV2 and MobileNetV2, are fed pictures of soybean
leaves—six diseased and one healthy class—obtained from the NCSRP (North Central Soybean
Research Programme) dataset.

Analysis has been done on how the quantity of pictures and the importance of the
hyperparameters—minibatch size, weight, and bias learning rate—affect the execution time
and accuracy of the classification. Additional research used Mobilenetv2 and EfficientNetV2 to
examine the efficacy of different feature extraction methods for the categorization of soybean
diseases. K stands for clustering for segmentation it also refers to a combination of techniques
that combines colour, texture, and form features, contour detection, Canny edge detection;
colour thresholding for background removal, and Grey Level Co-occurrence Matrix (GLCM)
for grayscale analysis.

The last layer was substituted with an output layer, a softmax layer, and a fully linked layer in
order to categorise seven classes—six sick and one healthy. Based on preliminary classification
findings, EfficientNetV2 achieves 97.49% accuracy, while MobileNetV2 achieves 97.23%
accuracy. 17,938 photos were used to get these findings. Additionally, MobileNetV2 yields
96.19% accuracy and Efficient NetV2 yields 95.81% accuracy after assigning the same number
of photos to each class, 373. Minibatch size research reveals that MobileNetV2 achieves 96.51%
with ( minibatch size = 12), while EfficientNetV2 achieves the greatest accuracy of 99.24% with
a (minibatch size= 2).Greater minibatch sizes result in faster EfficientNetV2 and slower
MobileNetV2 execution times. When the batch size exceeded 32, EfficientNetV2 failed because
of out-of-memory problems. Additional learning rate investigation reveals that when learning
rate is increased, EfficientNetV2's accuracy decreases from 97.33% to 96.19%. MobileNetV2
accuracy declines until a learning rate of 30, it reaches 96.38% at a rate of 40. On keeping
minibatch size =2, and a learning rate ten times lower than the global learning rate,
EfficientNetV2 outperformed. The feature that was retrieved and utilized to train and assess
two models’ performance.
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The outcome shows that EfficientNetV2 consistently performs better than MobileNetV2 when it
comes to various feature extraction techniques, with segmented features yielding the best
accuracy. According to the data, EfficentNetV2 constantly performs better than MobileNetV2
when it comes to various feature extraction techniques. With segmented features, it achieved
the greatest accuracy of 99.24%, while MobileNetV2 only managed 96.51%.

Index Terms— Soybean disease classification, MobileNetV2, EfficientNetV2, Feature
Extraction.

|. INTRODUCTION

The prevalence of disease in soybean crops significantly impact both production quality and quantity, posing a
major challenge for farmers .Early and accurate diagnosis of these disease using fast, reliable ,and nondestructive
method can greatly benefit agriculture practice .This study focuses on employing deep learning architecture
,specifically EfficientNetVV2 and MobileNetV2 ,to classify soybean leaf images into six disease categories and
healthy class using the north central soybean research program data set B .Analyzing the influence of the number
of image and key hyperparameters on classification accuracy and execution time the research further delves into
the effectiveness of various feature extraction technique .The finding reveals that EfficientNetV2 consistently
outperforms MobileNetV2.Research demonstrates how deep learning may boost economic development and
increase agricultural output. Convolutional neural networks (CNN), recurrent neural networks (RNN), AlexNet,
and ResNet are examples of supervised learning networks that are primarily employed in agriculture to boost
economic growth, according to the research. For real-world applications, new DL methods that shorten inference
times and enhance model performance are yet required [1]. The goal of the study is to develop a model for the
diagnosis of cassava leaf disease by combining elements of many cutting-edge models in object recognition and
classification. The Cassava leaf disease dataset from Makerere University shows that the suggested ensemble
model achieves a classification accuracy value of 90.75%.[2]. The Soybean Research and Information Network
(SRIN) highlight results, provides resources, and promotes the importance of soybean research. SRIN is
administered by NCSRP and is supported by United Soybean Board and other state and regional soybean
boards[3]. This project aims to identify illnesses that damage leaves using the mobilenetv2 architecture. The
foundation of this architecture is an inverted residual structure, with extended representations acting as the inputs
and narrow bottleneck layers acting as the output and input of the residual block. In this design, the intermediate
expansion stage leaf characteristics are selected using lightweight depth-wise convolutions. There are 53 layers
in this network upon startup. The first fully convolutional layer has 32 filters, and there are 19 additional
bottleneck layers after that [4]. We present a disease risk prediction model for nursing homes called Diplin,
which is built on a lightweight neural network. On the validation set, this model performed with 98% accuracy,
97% precision, 96% recall, 95% specificity, 97% F1 score, and 1.0 AUC (area under the ROC curve) value. The
experimental findings demonstrate that the Diplin model, which can be run directly on a tablet, can offer useful
assistance for projecting the health risks of the elderly in the context of nursing homes [5]. We provide a
comprehensive classification of these hyperparameter optimisation (HPO) techniques and explore CNN's core
ideas, elucidating the function of hyperparameters and their variations. Additionally, a thorough literature
analysis of CNN's HPO methods using the aforementioned techniques is conducted. To evaluate the
effectiveness of these methodologies, a comparison study is carried out based on their HPO tactics, error
evaluation procedures, and accuracy findings across many datasets. Apart from tackling present-day difficulties
in HPO, our study sheds light on outstanding problems within the domain. Our goal is to help researchers choose
an appropriate approach for a given issue and dataset by offering incisive assessments of the benefits and
drawbacks of different HPO methods [6]. The research started by removing features from several pre-trained
models, and EfficientNetB3 was finally chosen as the baseline model with an astounding 99% accuracy. The
federated learning (FL) technique was then used to undertake experimental findings using both 11D and non-11D
datasets. The dense neural network trained and assessed on the 1D dataset, in conjunction with the FL technique,
produced exceptional training and evaluation accuracies of 99% with negligible losses of 0.006 and 0.03 in each
case. In a similar vein, the FL technique preserved a high assessment accuracy of 95% with a loss of 0.08 and a
high training accuracy of 99% with a loss of 0.04 on a non-lIID dataset. These findings show that the FL
technique works almost as well as EfficientNetB3, the basis model, demonstrating how effectively it can handle
both 1ID[7]. Paper utilized the tomato leaves dataset to train and assess the suggested Xception-CNN model.
Next, we experimented by converting the Xception-CNN model into an end-to-end scratch-CNN model,
eliminating the feature extraction phase. This stage aims to reveal the effect of fine-tuned pre-trained model
feature maps on CNN model performance, as well as to confirm the effectiveness of our technique. The results
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showed that the suggested Xception-CNN model outperformed the Scratch-CNN model in every assessment
criteria. Interestingly, the Xception-CNN model attained an astounding accuracy of 99.40%, whereas the
Scratch-CNN model's classification accuracy peaked at 76.70%[8]. Beans Leaf image dataset, including 1295
pictures with three distinct classes, was subjected to transfer learning using three deep learning-based pre-trained
models: MobileNetV2, EfficientNetB6, and NasNet. Additionally, several optimisation strategies were employed
to emphasise the differences in Convolutional Neural Network (CNN) model performance. Based on the
examination of the experiment findings, EfficientNetB6 outperforms the other models with an accuracy of
91.74%. To better understand the function of various optimizers on CNN models, this study might be beneficial.
Moreover, farmers in disease-prone areas might implement preventive measures by using a real-time application

of the most appropriate model, according to agricultural specialists [9].

Il. MATERIALS AND METHODS

TABLE |: PROPOSED ALGORITHM FOR CLASSIFICATION OF CROP DISEASE

BEGIN
# Step 1: Define Input Layers
Efficientnet_input <- Input(shape=(300, 300, 3))
Mobilenet_input <- Input(shape=(224, 224, 3))

# Step 2: Load Pre-trained Models
efficientnet_model <- Load EfficientNetBO(pretrained=True, include_top=False, input_shape=(300, 300, 3), pooling="avg’)

mobilenet_model <- Load MobhileNetV2(pretrained=True, include_top=False, input_shape=(224, 224, 3), pooling="avg’)
# Step 3: Extract Features
efficientnet_features <- efficientnet_model(efficientnet_input)
mobilenet_features <- mobilenet_model(mabilenet_input)
# Step 4: Concatenate Features
combined_features <- Concatenate([efficientnet_features, mobilenet_features])
# Step 5: Add Dense Layer
the_feature_layer <- Dense(units=1024, activation="relu’)(combined_features)
# Step 6: Create Model
model <- Model(inputs=[efficientnet_input, mobilenet_input], outputs=the_feature_layer)
# Step 7: Compile Model (optional)
model.compile(optimizer="adam’, loss="'categorical_crossentropy', metrics=['accuracy’])
# Step 8: Return or Summarize Model
model. Summary ()
END

I11. SYSTEM CONFIGURATIONS
Google Colab was used for training EfficientNetV2 and MaobileNetV2 for classification.

IV. PRETRAINED MODEL NETWORK
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Figure 1: Architecture of EfficientV2 model [5]
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V. PROPOSED ALGORITHMS FOR FEATURE EXTRACTION AND CLASSIFICATION

TABLE Il: FEATURE EXTRACTION AND CLASSIFICATION ALGORITHM

1. Import necessary libraries:
- TensorFlow/Keras for EfficientNetV2 and MobileNetV2
- OpenCYV for image processing
- NumPy for numerical operations
- Scikit-learn for clustering and GLCM
- Matplotlib for plotting
2. Define paths to image datasets.
3. Initialize lists to store features and labels.
4. For each image in the dataset:
a. Load the image.
b. Apply different feature extraction methods:
i. Segmented:
- Perform K-means Clustering:
- Reshape image data and convert to float32.
- Apply K-means to segment the image into K clusters.
- Calculate mean and standard deviation for R, G, B channels.
- Store features: [mean_r, mean_g, mean_b, std_r, std_g, std_b].
ii. Grayscale:
- Convert image to grayscale.
- Calculate Gray Level Co-occurrence Matrix (GLCM):
- Compute GLCM and extract properties: contrast, dissimilarity, homogeneity, energy, correlation.
- Store features: [contrast, dissimilarity, homogeneity, energy, correlation].
iii. Contour:
- Convert image to grayscale.
- Apply binary thresholding to get a binary image.
- Detect contours using cv2.findContours.
- Assume the largest contour is the object and calculate area and perimeter.
- Store features: [area, perimeter].
iv. Edge Detection:
- Convert image to grayscale.
- Apply Canny edge detection.
- Flatten edge detection output to use as features.
- Store edge features.
v. Background Removed:
- Apply color thresholding to create a mask.
- Remove background using the mask.
- Calculate mean, S.D for R, G, B channels of the background-removed image.
- Store features: [mean_r, mean_g, mean_b, std_r, std_g, std_h].
vi. Original:
- Combine features from segmented, grayscale, and contour methods.
- Store combined features.
c. Store corresponding labels in the label list.
. Convert feature and label lists to NumPy arrays.
. Split data.
. Initialize EfficientNetV2 and MobileNetV2 models.
. Define training parameters (e.g., minibatch size).
. Train and evaluate models:
a. For EfficientNetV2:
- Train model on training data.
- Evaluate model on testing data.
- Store accuracy.
b. For MobileNetV2:
- Train model on training data.
- Evaluate model on testing data.
- Store accuracy.
10. Plot accuracy comparison:
- Create a bar chart to compare accuracies of EfficientNetVV2 and MobileNetV2 for each class.
- Add legend and labels to the plot.
11. Display the plot.
End
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Six different diseases images and samples of healthy images of soybean crop considered taken from the North
Central Soybean Research Programme (NCSRP) dataset [3]. Value of background pixel set to 0. There are
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17,938 images in the dataset. 80:20 ratio of total images were used for training and testing purpose. For the

EfficientNetV2 and MobileNetV2, the original input picture, which was 256 x 256, was enlarged to 300 x 300
and 224 x 224, respectively.

Healthy Soybean Cyst Nematode Frogeye Leaf Spot Sudden Death Syndrome Brown Spot Downy Mildew Phytophthora Root Rot

Saynd enoet suigusderont qrnt erct

Backyround Removed

Background Removed

Bxigort Urend

Figure 2: sample of diseased image from the dataset

V1. PARAMETER BASED RESULTS

TABLE I1I: INITIAL RESULTS WITH 17,938 IMAGES

S.no Model Accuracy (%) Images
0 EfficientNetV2 97.49 17938
1 MobileNetV2 97.23 17938

TABLE IV: RESULTS WITH (373 IMAGES PER CLASS)

S.no Model Accuracy (%) Images
0 EfficientNetV2 95.81 2611
1 MobileNetV2 96.19 2611

TABLE V: RESULTS WITH VARYING MINIBATCH SIZE

S.no Minibatch EfficientNetV2 Accuracy (%) MobileNetV2 Accuracy (%)
Size
0 2 99.24 NaN
1 12 NaN 96.51

TABLE VI: LEARNING RATE WITH DIFFERENT WEIGHT AND BIAS

S.no Learning Rate EfficientNetV2 Accuracy (%) MobileNetV2 Accuracy (%)
Multiplier
0 10 97.33 NaN
1 20 NaN NaN
2 30 NaN 96.38
3 40 96.19 96.38

Accuracy Comparison of EfficientNet V2 and MobileNet V2
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Fig.3: Classification accuracy using EfficientNetVV2 and MobileNetV2
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Accuracy of Soybean Disease Classification Over Epochs Accuracy of Soybean Disease Classification Over Epochs

100
0 /
0
0
80
80
g
i i
> >
I 3
]
$m H)
0
< ~#~ Soybean Cyst Nematode (SCN) ¢ =4 Soybean Cyst Nematode (SCN)
6 ~4- Frogeye Leaf Spot ) -4~ Frogeye Leaf Spot
~9~ Sudden Death Syndrome (SDS) =4 Sudden Death Syndrome (SDS)
¢~ Brown Spat 4~ Brown Spot
=&~ Downy Mildew 0 =4 Downy Mildew
* =4~ Phytophthora Root Rot =4 Phytophthora Root Rot
~# Healthy K] -4 Healthy
100 150 200 250 300 350 100 150 200 250 30 50
Epochs Epochs

Figure 4: classification accuracy for different classes with MobilrNet Figure 5: classification accuracy for different classes EfficientNetV2
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Fig.6: Mini batch size vs execution time

EfficientNet V2 Accuracy vs. Minibatch Size

100 - Accuracy vs. Minibatch Size
(2, 99.2 —e— MobileNetv2
%8 %8
g % g
> >
3 3
2
g w g
2,
92 2
% %
5 10 15 20 25 30 5 10 15 20 25 30
Minibatch Size Minibatch Size
Fig.7 Mini batch size for classification accuracy
0 EfficientNet V2 Accuracy vs. Learning Rate o0 MobileNet V2 Accuracy vs. Learning Rate
97.5
97.5
(10,97.3 97.0
97.0
g g
> (20,
8 9.5 8
H H
g g
< <
9.0
95.5
95.0 L— - . 93.0 v v .
10 15 20 25 30 35 40 10 15 20 25 30 35 40
Weight and Bias Learning Rate Weight and Bias Learning Rate

Fig.8: Variation of Weight and bias learning rate

406



VII. RESULTS FOR DIFFERENT CLASSES USING DIFFERENT FEATURE EXTRACTION TECHNIQUES

TABLE VII: FEATURE EXTRACTION AND CLASSIFICATION ACCURACY OF SOYBEAN LEAF DISEASE

Class Methods for | Features & | Model for | Accuracy Accuracy
Feature Attribute Classification | (EfficientNetV2) | (MobileNetV2)
Extraction/Learning | Values
Segmented K-means 1.Mean R: 100, | EfficientNetV2 99.24% 96.51%
clustering[10] Mean G: 120, | (minibatch size
e Mean B: 130; | 2),
Std R: 20, Std G: | MobileNetV2
22,Std B: 18 (minibatch size
i 12)
Grayscale Gray Level Co- | Contrast: 0.8, 90.5% 86.5%
e occurrence  Matrix | Dissimilarity: EfficientNetV2
(GLCM) [11] 0.2, (minibatch size
Homogeneity: 2),
0.9, Energy: 0.1, | MobhileNetV2
Correlation: 0.9 (minibatch size
— 12)
Contour Contour  Detection | Area: 1500, | EfficientNetV2 | 92.5% 88.5%
(cv2.findContours) Perimeter: 200 (minibatch size
[12] 2),
MobileNetV2
(minibatch size
12)
Edge Detection Canny Edge | Edge  features | EfficientNetvV2 | 88.5% 84.5%
— Detection (Canny edge | (minibatch size
(cv2.Canny) [13] detection output) | 2),
MobileNetV2
(minibatch size
12)
Color Thresholding | Mean R: 110, | EfficientNetV2 | 94.5% 90.5%
Background Removed and Masking [14] Mean G: 130, | (minibatch size
Background Removed Mean B: 120, 2)Y
Std R: 25, Std G: | MobileNetV2
20, Std B: 22 (minibatch size
12)
Original Combined (Color, | Combined EfficientNetV2 | 96.5% 92.5%
Orgial image Texture, Shape) | features: Mean | (minibatch size
Features[15] R: 105, Mean G: | 2),
125, Mean B: | MobileNetV2
135;  Contrast: | (minibatch size
0.75, 12)
Dissimilarity:
. 0.25, Area: 1550,
Perimeter: 210 |

VIIl. CONCLUSION

The photos from the NCSRP (North Central Soybean Research Programme) dataset were used to classify
soybean crop diseases using EficientNetV2 and MobileNetV2, two pre-trained deep learning architectures
.Using 13,262 photos, the classification accuracy for EficientNetV2 was 97.49%, while for MobileNetV2, it was
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97.29%.A range of minibatch sizes, weight and bias learning rates, and picture counts have all been used to
assess the models' performance. The quantity of photos had a big impact on how well the models worked. A
maximum of 373 photos gives the highest accuracy. While there was no discernible relationship between the
accuracy of classification and the fine-tuning of the minibatch size in MobileNetV2, there was a drop in
accuracy in EficientNetV2 with increasing minibatch size. In a similar vein, accuracy in MobileNetV2 was
dramatically boosted after learning rate of 30 by fine-tuning weight and bias learning rate. As the weight and
bias learning rates were raised in EficientNetV2, the accuracy decreased. Compared to the deep EficientNetV2,
MobileNetV2 offers a decent accuracy with less execution time in terms of computational burden More research
reveals that efficientNetV2 performs better than MobileNetV2.The maximum accuracy achieved for segmented
features, at 99.24 and 96.51, respectively. While colour features are more discriminative than grayscale features,
both MobileNetV2 and EfficientNetV2 obtained 90.5% and 86.5% accuracy, respectively. The contour-based
features perform well; EfficientNet\VV2 and MobileNetV2 both achieve 92.5% and 88.5% accuracy, respectively.
For EfficentNetV2 and MobileNetV2, the accuracy of canny edge detection was lower than the other two, at
88.5% and 84.5%, respectively. By using thresholding to eliminate background noise, the model performs better
by 94.5% and 90.5%, respectively. Excellent accuracy of 96.5 and 92.5 percent for EfficientNetV2 and
MobileNetV, respectively, is also achieved by integrating the shape and texture features.

Comparative Accuracy of EfficientNetV2 and MobileNetV2 by Class
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Figure 9: Model performance comparision per class
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