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  Abstract 
Smart agriculture is the development direction of future agriculture. The most cru-
cial issue in managing crop diseases is to accurately determine the type of disease. 
In order to further improve the accuracy of crop disease recognition, an improved 
ConvNeXt method for crop disease recognition is proposed. To enhance the feature 
extraction ability of the network, a parameter free attention module SimAM is 
added to the network structure of ConvNeXt; In order to enhance the characteristics 
of channels, an ECA attention module is added to the basic module of the model; 
Conduct experiments on the publicly available dataset PlantVillage. The results 
show that compared with the original ConvNeXt model, the improved recognition 
method achieves a recognition accuracy of 99.36% without increasing the number 
of parameters, which is 2.02 percentage points higher than the original model, 
providing a reference for automated crop recognition. 
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1. Introduction 

In recent years, China's agricultural modernization has developed in an all-round way, and smart agriculture is an 
important direction for the development of agricultural modernization. Using computer vision to transmit crop leaf 
diseases has good application prospects. Krishnamoorthy et al. (2021) used the InceptionResNetV2 model and com-
bined it with the transfer learning method to identify diseases of rice leaves and obtained an accuracy of 95.67%. Yao 
Jianbin et al. (2022) used VGGNet16 as the basic network and used the transfer learning method, and the average 
recognition accuracy reached 95%. The above studies have made some progress, but there are still many problems. 
Different categories of crop diseases have high visual similarity, making classification difficult. 

This paper proposes an improved ConvNeXt- based image recognition method for crop diseases. The aim is to 
improve model accuracy without increasing the number of model parameters. Experiments show that the improved 
model achieves an accuracy of 99.36%, making it suitable for identifying leaf diseases in crops. This method helps 
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improve the efficiency of crop disease identification, increase crop yield, and lays the foundation for the development 
of smart agriculture. 

2. Datasets and Preprocessing 

This paper uses the public dataset PlantVillage (Hughes & Salathé, 2015) to identify 25 types of diseases and pests 
in 5 types of crops. Some images are shown in Figure 1. 
 

 
a. Apple healthy leaf scab, black rot, rust 

Figure 1. Leaf display of diseases in apples, corn, grapes, tomatoes, and potatoes. 

Analysis revealed that crop leaf images exhibited uneven sample distribution and low contrast. This study utilized 
Python scripting to process these images, employing random horizontal/vertical flipping and exposure adjustments 
to enhance the sample data. An example of the enhancement effect is shown in Figure 2. The training set consisted 
of 37,572 images, and the test set consisted of 10,334 images. 

 

 
a. Original image b. Enhanced image 1 c. Enhanced image 2 

Figure 2. Example of enhanced effect. 

3. Methods 

Figure 3 shows the improved ConvNext network structure. The input is a 224 × 224 × 3 image. The image first 
undergoes a simple convolution with a kernel size of 4 and a stride of 4 for detail feature extraction. Then, it undergoes 
normalization, reducing the image's height and width to one-quarter of their original values. The ConvNeXt Block is 
the basic module of the ConvNeXt network, and DownSample is its downsampling module. The basic module is 
repeated 3, 3, 9, and 3 times, respectively, and the image is processed by the downsampling module before the 2nd, 
3rd, and 4th stages. After the output in the 4th stage, it undergoes global average pooling and normalization, finally 
reaching the final output in a fully connected layer. In this study, a parameter-free attention module with 3D weights 
and a channel attention mechanism (ECA Block) are added to the basic module. The SimAM and ECA attention 
modules are further elaborated below. 
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Figure 3. Improved ConvNeXt network structure. 

3.1 SimAM 

The existing attention modules have two problems: first, they can only refine features in one dimension of channel 
or space, and lack flexibility in space where both space and channel change simultaneously; second, the structure of 
attention modules often requires a series of complex operations, such as pooling. Based on this problem, Yang et al. 
(2021) proposed a simple and efficient attention module, SimAM, for convolutional neural networks. Compared with 
the existing channel attention modules and spatial attention modules, the SimAM module has no additional parame-
ters, and adding it to the network will not increase the complexity of the network. It is a 3D attention mechanism 
derived from feature maps (Zhu et al., 2023). 

Figure 4 shows the SimAM attention module, which can be regarded as a computational unit designed to enhance 
the feature representation ability in convolutional neural networks. It can take any intermediate feature tensor as input 
and transform it into a feature tensor of the same size with enhanced representation, where X is the input feature 
tensor. 

 
Figure 4. SimAM model structure. 
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3.2 ECA Block 

Channel attention mechanisms can effectively improve the performance of convolutional neural networks. Most at-
tention mechanisms can improve the accuracy of the network, but they will increase the computational burden. The 
ECA attention module proposed by Wang et al. (2020) is a channel attention module. Compared with other channel 
attention mechanisms, the ECA attention module can improve the performance of convolutional neural networks 
without increasing the computational burden. The structure of the ECA module is shown in Figure 5. Introducing the 
efficient channel attention ECA module into the improved ConvNeXt network structure can enhance the channel 
features and improve the network performance without increasing the number of model parameters. 
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Figure 5. Structure diagram of ECA module. 

4. Experimental Results 

4.1 Experimental Environment and Setup 

The hardware for this experiment consisted of an Intel(R) Core (TM) i7-8700 CPU processor, a Windows 10 operat-
ing system, the PyTorch 1.7.1 deep learning framework, and the PyCharm development platform. During training, to 
ensure the scientific reliability of the experimental results, stochastic gradient descent optimizer was used for param-
eter updates, with the cross-entropy function as the loss function, 30 iterations, and a batch size of 64. 

4.2 Experimental Results and Analysis 

Comparing the accuracy and loss of the improved ConvNeXt model with the original model reveals that the improved 
model converges faster than the original model. As shown in Figure 6, after 30 iterations, the accuracy is higher and 
the loss is lower than the original model, further validating the effectiveness of the improved method. 
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(a) Accuracy comparison                        (b) Loss Comparison 

Figure 6. Comparison of the original model and the improved model. 

This experiment compared the improved ConvNeXt model with the classic convolutional neural network under 
the same conditions, further verifying the effectiveness of the improved ConvNeXt model in crop disease identifica-
tion. Table 1 shows the experimental results of different models. Compared with the original model, our method 
improved the accuracy by 0.60% to 5.06%, greatly improving data utilization; the precision and recall improved by 
0.62% to 5.09%, greatly improving the model's ability to handle uneven data sample distribution. This demonstrates 
that our method is superior in crop disease identification tasks. 

Table 1. Comparison of experimental results for different models 

Model Accuracy/% Accuracy/% Recall rate / % 

ConvNeXt 97.34 97.36 97.36 

VGG16 97.28 97.29 97.27 

Alex Net 96.98 96.90 97.06 

Dense Net161 95.60 95.57 94.94 

Dense Net169 95.15 95.13 95.07 

Dense Net201 95.23 95.20 95.25 

Inception-v3 95.62 95.46 96.13 

Google Net 94.30 94.62 94.31 

ResNet34 98.56 98.62 98.64 

ResNet50 97.92 97.50 97.85 

ResNet101 98.76 98.48 98.78 

Ours 99.36 99.40 99.40 

4.3 Ablation Experiment 

To investigate the effectiveness of introducing attention modules in crop disease identification, we conducted a com-
parative experiment, introducing SE, CBAM, and ECA attention modules into the original ConvNeXt model. Table 
2 shows that SE and CBAM attention modules increased the number of model parameters and model size, while the 
ECA attention module maintained the original model size and achieved higher identification accuracy. Therefore, 
our method uses the ECA attention module to improve model recognition performance. 
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Table 2. Experimental results of the ConvNeXt model after introducing different attention modules 

Models Accuracy/% Accuracy/% Recall rate / % Model size/MB Number of param-
eters/each 

ConvNeXt 97.34 97.36 97.36 106.19 27839353 

ConvNeXt + SE 97.38 97.39 97.40 130.99 34337137 

ConvNeXt + CBAM 97.73 97.74 97.76 205.05 53752783 

ConvNeXt +ECA 97.90 97.93 98.06 106.19 27839353 

 
IN the improved ConvNeXt model, this section compares these methods with the original ConvNeXt model. De-

tailed experimental data are shown in Table 3. Integrating the SimAM attention mechanism and the ECA channel 
attention mechanism into the original model both positively impacted accuracy. Specifically, adding the SimAM 
attention mechanism increased the recognition accuracy by 1.79% without increasing the number of model parame-
ters, while adding the ECA attention module improved the model's recognition accuracy by 0.56% while maintaining 
the original number of parameters. This further demonstrates that the fusion of the SimAM attention mechanism and 
the ECA channel attention mechanism did not bring any negative effects to the ConvNeXt network; on the contrary, 
it was more conducive to improving the model's recognition accuracy. 

Table 3. Comparison of Model Optimization Ablation Experiment Results 

Model Accuracy/% Accuracy/% Recall rate / % Model size/MB Number of pa-
rameters/each 

ConvNeXt 97.34 97.36 97.36 106.19 27839353 

ConvNeXt+SimAM 99.13 99.17 99.22 106.19 27839353 

ConvNeXt+ECA 97.90 97.93 98.06 106.19 27839353 

ConvNeXt+SimAM+ECA 99.36 99.40 99.40 106.19 27839353 

5. Conclusion 

To address the low accuracy of existing deep learning models in identifying crop diseases, an improved ConvNeXt 
crop disease identification method is proposed. A parameterless attention module, SimAM, is added to the basic 
ConvNeXt module to enhance the network's feature extraction capabilities. An ECA attention module is also added 
to the original network structure to strengthen channel features. This improved ConvNeXt method increases the mod-
el's identification accuracy without increasing the number of model parameters. The identification accuracy reaches 
99.36% on the PlantVillage public dataset, demonstrating promising application prospects in crop disease identifica-
tion and laying the foundation for the development of smart agriculture. Future research will focus on how to signif-
icantly reduce the number of parameters while maintaining the accuracy of crop disease and pest identification, fur-
ther comprehensively improving the model's performance. 
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