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Tomicus is a globally significant forestry pest, with Yunnan Province in southwestern China 
experiencing particularly severe infestations. The morphological differences among Tomicus species 
are minimal, making accurate identification challenging. While traditional molecular identification and 
morphological recognition methods are reliable, they require specialized personnel and equipment 
and are time-consuming. For individuals with limited expertise, accurate identification becomes 
particularly difficult. This highlights the challenge of developing a rapid, efficient, and accurate 
classification model for Tomicus. This study investigates four major Tomicus species in Yunnan Province: 
Tomicus yunnanensis, Tomicus minor, Tomicus brevipilosus, and Tomicus armandii. We collected samples 
from infested pine trees and constructed a dataset comprising 6,371 high-resolution images captured 
using a handheld microscope. A novel Tomicus classification model, DEMNet, was proposed based on 
an improved ResNet50 architecture. Experimental results demonstrate that DEMNet outperforms 
ResNet50 across key metrics, achieving a classification accuracy of 92.8%, a parameter count of 1.6 M, 
and an inference speed of 0.1193 s per image. Specifically, DEMNet reduces the parameter count by 
90% while improving classification accuracy by 9.5%. Its lightweight and high-precision design makes 
DEMNet highly suitable for deployment on embedded devices, offering significant potential for real-
time Tomicus identification and pest management applications.

Keywords  Tomicus, ResNet50, Picture classification, Deep learning, Embedded device

Tomicus (Latreille) (Coleoptera: Curculionidae: Scolytinae) is one of the most significant forestry pest species 
globally, widely distributed across much of the Eurasian continent, where it primarily infests coniferous trees, 
especially those in the Pinaceae family1. The spread of Tomicus worldwide has led to extensive forest die-offs, 
intensifying issues related to forest health, in southwestern China, Tomicus is especially prevalent in pine 
forests, triggering regional outbreaks of forestry pests2. In recent years, the scale of infestations has expanded 
due to climatic changes and insufficient forest management practices, adversely affecting forest growth, Yunnan 
Province has been particularly impacted by Tomicus infestations3. The province’s abundant pine resources have 
contributed to the pest’s high reproductive capacity and adaptability in the region4. Although Yunnan boasts 
rich forestry resources, the widespread and recurrent outbreaks of Tomicus pose a significant threat to its forest 
ecosystems5. This study focuses on four Tomicus species that severely damage pine trees in Yunnan: Tomicus 
yunnanensis Kirkendall & Faccoli6, Tomicus minor (Hartig)7, Tomicus brevipilosus (Eggers)8, and Tomicus 
armandii Li & Zhang9. The elytral puncture patterns and setae length among these species display only slight 
differences, complicating their identification. Traditional Tomicus identification methods primarily involve 
molecular analysis and morphological observation. For example, Wu et al.10 differentiated T.yunnanensis and 
T.minor using morphological traits and molecular data, while also examining pheromone-mediated regulatory 
mechanisms influencing intra and interspecific behaviors during feeding on young shoots. Li et al.9 identified 
the newly classified T.armandii through genetic distance measurement using the D2 fragment of 28SrDNA and 
phylogenetic analysis, as well as through two morphological traits. Similarly. Kirkendall et al.6 classified species 
within the Tomicus genus using morphological features observed under transmitted light alongside molecular 
sequences. While these methods are precise and reliable, they require expertise and equipment and are often 
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time-intensive. For those with limited experience, accurately identifying Tomicus species can be challenging 
in both field and laboratory settings. Therefore, a rapid, efficient, and highly accurate classification method is 
needed to overcome these identification difficulties.

Species-level identification of Tomicus species is of significant ecological and economic importance. First, 
Tomicus is a genus of major forest pests, particularly pathogenic to pine trees, causing severe damage to forest 
ecosystems. Different Tomicus species exhibit distinct biological characteristics and dispersal patterns, and 
precise species identification is essential for understanding their population dynamics, distribution patterns, and 
impact on forest health. Second, species identification provides a scientific foundation for developing targeted 
pest management strategies. Different species may respond differently to various pesticides or control measures, 
and accurate species identification enables the optimization of pest control efforts, reducing environmental 
impact and economic losses. Additionally, with the influence of climate change, the distribution range of 
certain Tomicus species may shift, making species-level identification crucial for monitoring and predicting 
such changes. Therefore, precise identification of Tomicus species is a fundamental and necessary step for forest 
protection, pest management, and ecological monitoring.

With the rapid advancement of computer technology, deep learning has found increasingly widespread 
applications in fields such as the classification and identification of forestry and agricultural pests11. Peng et 
al.12 introduced modifications based on MobileNetV2 to address the common challenges in pest classification 
research, namely the high model complexity and low classification accuracy. He et al.13 was the first to propose 
the ResNet architecture, which successfully addressed the vanishing gradient problem in deep networks through 
the introduction of residual units. Li et al.14 employed a transfer learning-based ResNet50 in the classification 
of rice pests, achieving a classification accuracy of 83.2%. Depthwise Separable (DS) convolution is an efficient 
convolutional operation that is divided into depthwise convolution and pointwise convolution15, and it has 
been widely adopted in numerous convolutional neural network architectures. Howard et al.16 were the first to 
introduce depthwise separable convolution in the MobileNet model, significantly reducing both the number of 
parameters and computational cost, although the accuracy on the ImageNet dataset was only 71.7%. Kamal et 
al.17 employed this convolutional architecture in a plant disease detection model for leaf images, significantly 
accelerating the model’s convergence speed while reducing the number of parameters by a factor of 29 compared 
to the VGG model. The attention mechanism is also one of the commonly used techniques in deep learning. 
Wang et al.18 proposed an Efficient Channel Attention (ECA) mechanism and integrated it into ResNet50, 
achieving an improvement of over 2.0% in top-1 accuracy on the ImageNet dataset. Ni et al.19 incorporated 
ECA into the RepVGG model to classify six categories: five rice pests and diseases, and healthy rice, resulting 
in a 1.1% increase in classification accuracy. The ECA mechanism enhances the representation capability of 
channel information by adaptively selecting convolutional kernel sizes for cross-channel information fusion20. 
MobileNetV3 integrates depthwise separable convolutions with Neural Architecture Search (NAS) techniques, 
optimizing the design of activation functions and fully connected layers, and is widely used in edge computing 
and real-time detection scenarios21. In deep learning research, achieving high classification accuracy, rapid 
inference speed, and lightweight network models has consistently been a primary goal for many researchers22–24. 
For instance, Zheng et al.25 designed the PCNet model based on EfficientNetV2, enabling precise and efficient 
operation on mobile devices. He et al.26 constructed a lightweight network called LiteNet, which requires less 
inter-communication between processing units during distributed training, making it suitable for deployment 
on resource-constrained mobile devices. Although deep learning is widely applied across various fields, we have 
not yet identified its use in existing Tomicus classification methods. This study fills a technological gap in this 
area.

Building on previous research, accurately classifying Tomicus species using deep learning remains a significant 
challenge due to the high degree of similarity among their features. Consequently, the ResNet series has become 
a primary approach for insect image classification. While ResNet meets the basic classification requirements, its 
capacity to capture fine-grained local features is limited, and it faces ongoing challenges in terms of parameter 
efficiency and lightweight model design. In response to these challenges, this study improves the ResNet50 
model using a high-resolution image dataset of the Tomicus, aiming for a lightweight structure and improved 
classification accuracy. Accordingly, we propose a new classification network model named DEMNet, specifically 
tailored for Tomicus classification. The main contributions and innovations of this study are as follows:

	1.	� By integrating DS convolution instead of standard convolutions and adjusting the output channels for each 
residual module, this study achieves a lightweight model design that significantly reduces computational 
complexity.

	2.	� The modified residual structure incorporates the ECA mechanism, enhancing the model’s ability to cap-
ture fine-grained features and markedly improving classification accuracy. Additionally, the original fully 
connected layer has been replaced with a MobileNetV3 classifier, which further boosts both classification 
precision and generalization capability.

	3.	� This study applies the Parametric Rectified Linear Unit (PReLU) activation function globally in place of 
the original model’s Rectified Linear Unit (ReLU), providing the model with greater adaptability in data 
processing. This adjustment strengthens the model’s learning capacity and accelerates convergence, thereby 
effectively increasing classification accuracy.

The lightweight network model we propose delivers reliable technical support for deployment on embedded 
devices. This model not only meets the research objectives of rapid inference and high classification accuracy 
but also provides an effective alternative to traditional methods of molecular identification and morphological 
recognition, which are often excessively time-consuming. Furthermore, the enhanced accuracy of the model, 
particularly when utilized by individuals with limited classification experience, underscores its practicality 
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in real-world applications, especially in fieldwork or resource-constrained environments where it holds 
considerable value.

Materials and methods
Data acquisition and preprocessing
Data source and acquisition
This study focuses on four species of Tomicus, forestry pests that infest the treetops and trunks of various pine 
trees. Due to the complexity of field environments and the subtlety of target features, we collected infested 
pine samples from locations in Yuxi, Qujing, Dali, and other areas within Yunnan Province, China. Under 
laboratory conditions, Tomicus specimens were briefly anesthetized by immersion in anhydrous ethanol and 
subsequently placed under shadowless lighting for imaging. Given their body lengths of no more than 5 mm, we 
utilized a 100-megapixel handheld IPS high-definition microscope to capture high-resolution images, thereby 
constructing a high-quality color dataset. Sample images of the four Tomicus species are presented in Fig. 1, 
and their features are detailed in Table 1, with all images in the table magnified by the handheld high-definition 
microscope.

Data preprocessing and allocation
To enhance the quality of the dataset and address the issue of class imbalance, this study implemented 
preprocessing techniques. The preprocessing primarily involved data augmentation and balancing the number 
of samples across categories to improve the model’s generalization performance and ensure the scientific rigor of 
model training, validation, and testing. In terms of data augmentation, we initially enhanced the dataset using a 
combination of methods such as random cropping, horizontal flipping, rotation, and denoising. In the process 
of random cropping, the size range of the cropping area is determined in accordance with the distribution of the 
key regions of the Tomicus within the selected images. A cropping window is then randomly selected within this 
predefined range. This approach enables the model to learn diverse local features of the target. For horizontal 
flipping, each image is subjected to this transformation with a 50% probability. This is done to assist the model 
in adapting to variations in the orientation of the target. When it comes to rotation, angles such as -45° and 
90° are set. This allows the model to become acquainted with the appearance of the Tomicus from different 
angular perspectives. Finally, the non-local means denoising algorithm is utilized. This algorithm effectively 
removes the noise introduced during image acquisition, optimizes the image quality, provides higher-quality 
data for model training, and comprehensively enhances the richness and effectiveness of the dataset. To tackle 
the class imbalance issue, we selected images from the original data at a specified ratio for augmentation based 
on different categories. For example, for T.yunnanensis, T.minor, and T.brevipilosus, we randomly selected 30% 
of the images from each category for data augmentation. In contrast, for T.armandii, which had a relatively 
smaller amount of original data, we selected 50% of the images for augmentation. After data augmentation and 
balancing, the number of samples in each category is presented in Table 2. The total size of the dataset increased 
from the original 4,934 images to 6,371 images, while ensuring that the number of images in each category 
remained at approximately 1,590. Finally, the dataset was divided into training, validation, and test sets in a ratio 
of 8:1:1, ensuring balance across categories in each set. This approach provided the model with ample learning 
and evaluation samples, thereby enhancing its reliability and accuracy.

Building the model
ResNet50
He et al.13 introduced the pivotal concept of residual networks in their research. Unlike traditional neural 
networks, which primarily focus on learning the direct mapping from input x to output y. residual networks 
compute this residual f (x) and add it to the original input x (i.e., f (x) + x)27 to produce the final output. 
This design employs the Skip Connection mechanism, allowing the original input x to participate directly in 
the output computation. This significantly reduces information loss during propagation through deep networks, 
thereby decreasing the learning difficulty and complexity of the model. ResNet50 offers advantages over other 
ResNet architectures in terms of performance, parameter efficiency, and training stability, making it particularly 
suitable for tasks that require high accuracy and rapid training speed. Consequently, ResNet50 has emerged as 
the ideal model for the classification of Tomicus. This method is not only innovative in theory but has also been 
empirically validated to substantially enhance the training efficiency and performance of deep neural networks, 
particularly when handling large-scale datasets and complex tasks.

Fig. 1.  Four types of Tomicus magnified sample images by 100x.
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Improved residual block
In this study, to achieve a lightweight model, we integrated DS convolution into the residual modules of 
the Tomicus classification model, replacing the standard convolution employed in the original model. DS 
convolution is composed of two parts: depthwise convolution and pointwise convolution, as shown in Fig. 2(a). 
For a three-channel color image input, assume the input image is I ∈ RH× W × 3, where H  is the image height, 
W  is the image width, and 3 represents the number of channels. Depthwise convolution applies independent 
convolutional kernels to each channel separately. Specifically, let the depthwise convolutional kernel be 
Kd ∈ Rk× k× 1 ( k is the size of the convolutional kernel). For each channel i = 1,2, 3, the calculation process 
of depthwise convolution is as shown in Eq. (1).

	 F i
d (m, n) =

∑
k−1
u=0

∑
k−1
v=0I (m + u, n + v, i) × Kd (u, v, 1) � (1)

Where F i
d represents the feature map of the i channel after depthwise convolution, and (m, n) are the 

coordinates on the feature map. After a depthwise convolution, feature maps Fd ∈ RH′ × W ′ × 3 with the same 
number of channels as the input are generated ( H ′  and W ′  are the height and width of the feature maps after 
convolution). Subsequently, pointwise convolution comes into play, which uses 1 × 1 convolutional kernels to 
process the output of depthwise convolution. Let the pointwise convolutional kernel be Kp ∈ R1× 1× C  ( C
is the number of pointwise convolutional kernels). The calculation process of pointwise convolution is as shown 
in Eq. (2).

	 Fp (m, n) =
∑

C−1
c=0

∑ 3
i=0Fd (m, n, i) × Kp (0,0, C) � (2)

Where Fp represents the feature map after pointwise convolution. As can be seen in the figure, the three feature 
maps after depthwise convolution are processed by multiple 1 × 1 convolutional kernels (the case of four 
1 × 1 convolutional kernels is shown in Fig. 2(a). The core objective of pointwise convolution is to integrate 

information across channels. It combines these feature maps into new feature maps through operations such 
as weighted summation of feature maps from different channels, effectively achieving information fusion. This 
design not only significantly reduces the computational load but also maintains the feature-extraction ability of 
the model to a certain extent, contributing to the realization of the model lightweight goal.

The attention mechanism plays a crucial role in deep learning, enabling the efficient and precise extraction 
of useful information from large volumes of data28. In this study, the ECA was introduced into the newly 
constructed residual blocks. By adaptively adjusting the weights of channel features, the network can focus 
on key features, enhancing feature discrimination while effectively suppressing interference from less relevant 
features. The ECA module enhances the model’s ability to capture important features, thereby facilitating the 
precise identification of Tomicus information. Without significantly increasing the computational burden, the 
ECA module improved the model’s classification performance, thereby effectively enhancing classification 
accuracy. The network architecture is illustrated in Fig. 2 (b).

The principle of the ECA module is as follows: First, global average pooling is applied to the input feature 
map of size H × W × C . This operation compresses the spatial information of the feature map into a channel 
descriptor vector. The dimension of this vector is 1 × 1 × C , representing the global features of each channel. 

Fig. 2.  (a) Structure of the depthwise separable convolution. (b) Structure of the efficient channel attention 
module.

 

Class Class_Name Before data preprocessing After data preprocessing

1 T.yunnanensis 1232 1598

2 T.minor 1225 1593

3 T.brevipilosus 1217 1589

4 T.armandii 1060 1591

Table 2.  Number of pictures of Tomicus.

 

Scientific Reports |         (2025) 15:9665 5| https://doi.org/10.1038/s41598-025-93407-5

www.nature.com/scientificreports/

http://www.nature.com/scientificreports


Next, a one-dimensional convolution of size k is applied, followed by a sigmoid activation function to generate 
new weights w, facilitating information interaction among channels, as shown in Eq. (3).

	 w = σ (Conv1D (F, k)) � (3)

Here, Conv1D(F, k) denotes the one-dimensional convolution operation applied to the input feature F  with 
a kernel size of k, and σ represents the sigmoid activation function. It is widely recognized that the number of 
channels C  is typically set as a power of two and is proportional to the kernel size k in the one-dimensional 
convolution, as indicated in Eq. (4).

	 C = 2(γ ∗k−b) � (4)

Therefore, given the number of channels C , the final kernel size k can be obtained, as shown in Eq. (5).

	
k =

∣∣∣ log2(c)
γ

+ b
γ

∣∣∣
odd

� (5)

Where |t|odd denotes the nearest odd number to t, γ  is 2, b is 1.
ResNet50 (where “50” denotes the total number of layers in the network architecture (including various types 

of layers, such as convolutional and pooling layers)) is a deep neural network architecture. The basic structure 
of its residual block is shown in Fig. 3 (a), where a skip connection directly adds the input to the output. This 
structure allows the network to learn the residuals between the input and output, simplifying the optimization 
of the learning objective. Specifically, in the case of layer2, the input data first passes through a convolutional 
layer with a stride of 1, a 1 × 1 kernel, and 128 output channels, followed by batch normalization (BN) and ReLU 

Fig. 3.  The residual structure of ResNet50, taking layer2 as an example: (a) ResNet50 residual block. (b) New 
residual block.
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layers. Next, it passes through a convolutional layer with a stride of 2, a 3 × 3 kernel, and 128 output channels, 
followed by BN and ReLU layers. Then, it goes through a convolutional layer with a stride of 1, a 1 × 1 kernel, 
and 512 output channels, followed by a BN layer. Finally, a skip connection adds the input to the output, and the 
result is processed by a ReLU function. This structure enables the network to learn residuals, thereby simplifying 
the optimization process of the learning objective.

In this study, we improved the residual blocks of ResNet50, and the specific network structure is shown 
in Fig. 3(b). The improved structure first applies depthwise separable convolutions to the input feature map, 
including a depthwise convolution with a stride of 2, a 3 × 3 kernel, and 64 output channels, followed by a 
pointwise convolution with a stride of 1, a 1 × 1 kernel, and 128 output channels. The output then passes through 
BN and PReLU layers, and the resulting feature information is fed into the ECA attention mechanism module to 
enhance feature selection. The improved structure still utilizes skip connections, where the input passes through 
a convolutional layer with a stride of 2, a 1 × 1 kernel, and BN before being added to the output, which is then 
optimized by PReLU for improved learning.

Modification of the fully connected layer
Compared to the fully connected layer of ResNet50, the MobileNetV3 classifier offers substantial advantages 
for enhancing classification accuracy due to its lightweight design, effective regularization techniques, adaptive 
activation functions, and flexible training strategies. Therefore, this study replaces the fully connected layer of 
ResNet50 with the MobileNetV3 classifier. The classifier effectively mitigates overfitting through components 
such as fully connected layers, PReLU activation functions, and dropout layers, while using the SoftMax function 
for probability distribution calculations. This approach maintains model performance while enhancing inference 
speed, and further reduces the risk of overfitting. This improved method contributes to better classification 
accuracy for Tomicus.

Global application of prelu activation function
An activation function is a nonlinear function that strengthens the nonlinear relationship between the outputs of 
upper-layer nodes and the inputs of lower-layer nodes in multilayer neural networks29. Selecting an appropriate 
activation function is essential for a specific training model, as it can significantly improve neural network 
performance30.

ReLU is the most used activation function, known for effectively mitigating the vanishing gradient problem 
in deep neural networks. Its introduction has driven substantial advancements in the field of deep learning31. 
The expression is defined as shown in Eq. (6).

	
ReLU (x) =

{ 0, x ≤ 0
x, x > 0 � (6)

Here, x is the input. When the input is less than or equal to 0, the gradient of ReLU is 0, indicating that the 
neuron is ‘dead’ and cannot update its weights, resulting in information loss. To mitigate this issue, an improved 
ReLU function known as the PReLU activation function has been proposed. The expression for PReLU is defined 
in Eq. (7).

	
P ReLU (x) =

{ 0, x ≤ 0
α x, x > 0 � (7)

Here, x is the input, and α is a learnable parameter. The PReLU function represents an enhancement over 
ReLU, allowing for adaptive learning of parameters from the data, and providing benefits such as accelerated 
convergence and reduced error rates. To maximize the model’s expressiveness, enhance its predictive capability 
for Tomicus, and improve classification accuracy, this study globally replaces the original ReLU function with 
the PReLU activation function.

Proposed model
To address the design challenges associated with the small size of Tomicus, difficulties in enhancing classification 
accuracy, and the large number of model parameters, this study proposes a lightweight classification model for 
Tomicus based on an improved ResNet50 framework, termed DEMNet. with its structure illustrated in Fig. 4.

As shown in Fig. 4, the overall model retains the residual network framework of ResNet50. Our proposed 
DEMNet model introduces three significant improvements over ResNet50: First, the original residual block is 
replaced with the Improved Residual Block shown in (A) of Fig. 4. This module incorporates DS convolution and 
the ECA attention mechanism. The DS convolution first applies depthwise convolutions to process each input 
channel separately, extracting channel-specific features, and then performs pointwise convolutions to integrate 
information across channels. This reduces computational load while effectively facilitating feature interaction. 
The ECA attention mechanism further processes the feature information, adaptively learning the importance 
of each channel, thereby enhancing feature selection capability, improving classification accuracy, and reducing 
computational costs. Secondly, the original fully connected layer of ResNet50 is replaced with the MobileNetV3 
classifier shown in (B) of Fig. 4. The MobileNetV3 classifier, which adopts an advanced architectural design, 
outperforms traditional fully connected layers in terms of feature extraction and processing, achieving superior 
classification accuracy while reducing the number of parameters and computational cost. Finally, the ReLU 
activation function in the model is universally replaced with PReLU(C). PReLU automatically adjusts the slope 
of the negative half-axis based on the data, enhancing the model’s adaptability to different data distributions 
and improving overall predictive capability, further boosting classification accuracy. Additionally, by carefully 
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Fig. 4.  Structure of DEMNet. (A) Improved Residual Block, Including DS convolution and ECA attention 
mechanism, the features within each channel are first processed and extracted through depthwise separable 
(DS) convolution, and then further refined by the ECA attention mechanism to enhance feature selection 
capability. (B) MobileNetV3 classifier, the input features are processed for classification through a sequence of 
layers, including a linear layer, a PReLU activation function layer, a dropout layer, another linear layer, and a 
SoftMax layer. (C) The ReLU activation function is entirely replaced with the PReLU activation function.
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adjusting the number of channels in each network layer, we significantly reduced the model’s parameter count 
without compromising performance, thus achieving the lightweight goal of the model and making it more 
efficient and flexible for practical applications.

Experimental methods
The computer used for the experiment was conducted on an AMD R9-9950X processor and 192 GB of memory. 
The implementation is carried out using the PyTorch deep learning framework, and the experimental model 
is trained on an NVIDIA 4090 GPU. During the training process, the optimizer used is the Adaptive Moment 
Estimation (Adam) algorithm, with the loss function set to Cross Entropy Loss. The training was executed over 
100 epochs, with a batch size of 32.

To enhance the model’s training efficiency, this study conducted systematic tuning of the learning rate. We set 
several different learning rates and conducted comparative experiments on the ResNet50 model to determine the 
optimal learning rate parameter. The experimental results, shown in Fig. 5, indicate that when the learning rate 
is set to 8.10-4, the model achieves the highest classification accuracy, significantly outperforming the model’s 
performance under other learning rate settings.

Results
Experimental results declaration
We conducted extensive comparative experiments on different enhanced modules to evaluate the performance 
of the model proposed in this study. First, we compared the method proposed in this study with traditional 

Fig. 5.  Comparison of the effectiveness of different learning rates based on ResNet50 model.
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classification models, using standard evaluation metrics to assess whether the proposed model demonstrated 
superior performance. Then, through ablation experiments, we selectively removed or modified certain 
components of the model, by testing different combinations of improved modules, comparing alternative 
attention mechanisms, and evaluating the effects of replacing activation functions. This approach allowed us to 
observe the impact on the performance of the network model and identify the optimal improvement strategy.

Comparison experiments of different models
To thoroughly validate the advantages of the proposed network model in terms of classification accuracy and 
lightweight design, we assessed it using several key performance indicators, including model accuracy, loss 
values, the number of training parameters, and floating-point operations per second (FLOPs). These metrics 
collectively provide a comprehensive view of the model’s classification capabilities as well as its computational 
efficiency and resource usage in practical applications. To further validate the model’s performance, during 
the training process, the learning rate and number of iterations (training epochs) were kept constant across 
all models. The new model was compared with ten classic image classification models, including ResNet18, 
MobileNetV2, and AlexNet. The experimental results are presented in Table 3; Fig. 6, the new model achieves 
a substantial reduction in parameters while maintaining high accuracy, demonstrating an efficient lightweight 

Fig. 6.  Results of the accuracy comparison experiments of different models over epochs.

 

Model Accuracy Loss Params Flops

ResNet18 80.5% 0.517 11.7 M 1.8G

ResNet34 77.2% 0.562 21.8 M 3.7G

ResNet50 83.3% 0.442 25.6 M 4.1G

ResNet101 83.9% 0.426 44.6 M 7.9G

MobileNetV2 83.2% 0.441 3.5 M 0.3G

VGG16 85.4% 0.393 138.4 M 15.5G

VGG19 81.8% 0.513 143.7 M 19.6G

VIT-B/16 71.9% 0.891 86.6 M 16.9G

EffientNetV2 76.8% 0.669 21.5 M 2.9G

AlexNet 85.9% 0.357 57.0 M 0.7G

DEMNet 92.8% 0.220 1.6M 0.7G

Table 3.  Comparison experiments of different models.
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design. These results clearly indicate that the proposed model outperforms existing classic models across 
multiple evaluation metrics, underscoring its broad application potential and advantages.

The comparative experimental results reveal that the proposed network model offers significant advantages 
in both classification accuracy and lightweight design. Firstly, in terms of classification accuracy, the new model 
achieved a final accuracy of 92.8%, which is 20.9% higher than the mainstream model VIT-B/16. For the loss 
metric, the new model reached a final loss value of 0.220, markedly lower than that of other models, indicating 
a faster and more stable convergence rate. Additionally, concerning lightweight design, the model demonstrates 
exceptional efficiency, containing only 1.6 M parameters, a 90% reduction compared to the original network. 
The model’s FLOPs measure only 0.9G, significantly reducing computational overhead while maintaining high 
accuracy, thereby achieving the study’s objective of lightweight design.

To verify that our model achieves fast and efficient image classification while maintaining high accuracy, we 
developed a Tomicus classification system on an embedded device using Python and Qt. The system deployed 
multiple pre-trained traditional models, including classic convolutional neural networks (e.g., the ResNet and 
VGG series), lightweight models (e.g., MobileNetV2), Vision Transformers (VIT-B/16), and EfficientNet, as 
well as the new model proposed in this study. By classifying the same T.minor image using different models, 
we obtained experimental results, presented in Table 4; Fig. 7. Our model not only demonstrates outstanding 
performance in classification accuracy but also achieves rapid processing with a time of only 0.1193 s.

Ablation experiment
To evaluate the influence of different attention mechanisms, the PReLU activation function, and various 
enhancement modules on the model’s classification accuracy and parameter count, we conducted ablation 
experiments based on ResNet50. First, while keeping other enhancement modules constant, we compared 
the effects of different attention mechanisms and activation functions on model performance. This approach 
confirms the effectiveness of our research method in improving classification accuracy. Subsequently, we 
integrated DS convolutions with other enhancement modules and adjusted the output channel count, as shown 
in the layer configuration of the network structure diagram in Fig. 4, to achieve a model lightweight.

The impact of different attention mechanisms on network performance
In modern computer vision tasks, the efficient extraction of image features is paramount. To enhance this 
capability further, this experiment investigated the application of various attention mechanisms within the 
proposed network model. Keeping other modules constant, including DS convolution, the PReLU activation 
function, and the MobileNetV3 classifier—we compared five different attention mechanisms: Efficient Channel 
Attention (ECA), Squeeze-and-Excitation (SE), Convolutional Block Attention Module (CBAM), Mixed Local 
Channel Attention (MLCA), and Multi-Scale Channel Attention Mechanism (MSCAM). As shown in Table 5, 
the introduction of these attention mechanisms significantly impacted classification accuracy. Among them, the 
ECA module stood out, achieving a classification accuracy of 92.8%, which underscores its strong capability to 
capture essential features and its clear advantage in enhancing classification performance. The ECA mechanism 
improved the feature extraction capability of the T.minor classification model, allowing it to identify image 
regions with distinct feature differences more accurately, thereby improving classification accuracy.

The impact of prelu activation function on network performance
During the training process, selecting an appropriate activation function is essential to optimizing model 
performance. The PReLU activation function, as an enhancement of ReLU, introduces a learnable parameter that 
adjusts the output of negative values, providing greater flexibility and expressiveness. This modification allows 
PReLU to outperform ReLU in many scenarios. As shown in Table 6, by globally replacing the ReLU activation 
function in the original model with PReLU—while keeping other modules unchanged, such as DS convolution, 
ECA, and the MobileNetV3 classifier—the classification accuracy increased by 5.0%. Furthermore, compared to 
substituting ReLU with the Swish activation function, the global implementation of PReLU improved accuracy 
by an additional 3.3%. Thus, the PReLU activation function substantially enhances the performance of the 
proposed network model in classifying Tomicus. Notably, PReLU excels at capturing subtle feature variations, 

Model Probability Times (in seconds)

ResNet18 81.3% 0.1890

ResNet34 78.1% 0.1502

ResNet50 81.7% 0.1371

ResNet101 85.0% 0.1456

MobileNetV2 82.0% 0.1095

VGG16 90.5% 0.3725

VGG19 86.2% 0.3982

VIT-B/16 68.6% 0.1749

EfficientNetV2 89.4% 0.2466

AlexNet 87.9% 0.1568

DEMNet 93.7% 0.1193

Table 4.  Performance analysis of different models for detecting an image.
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Fig. 7.  The DEMNet model developed in this study demonstrates Tomicus classification performance on 
embedded devices.
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including the distribution of notches on the Tomicus dorsum and changes in setae length, which significantly 
strengthens the model’s ability to discern fine interclass differences. Consequently, PReLU enhances both the 
model’s generalization capacity and its classification accuracy.

The impact of different improvement modules on network performance
As shown in Table 7, the impact of different improvement modules on the performance of the ResNet50 model 
is highly significant. The baseline ResNet50 model achieves an accuracy of 83.3% with 25.6  M parameters. 
With the addition of DS Convolution, parameter count is markedly reduced to 1.3 M while accuracy rises to 
85.4%, demonstrating DS Convolution’s effectiveness in reducing model complexity and boosting accuracy. 
Incorporating the ECA attention mechanism further improves accuracy to 90.2%, albeit with an increase in 
parameter count to 9.8  M. This indicates an accuracy gain but with added complexity. However, when DS 
Convolution is combined with ECA, accuracy rises slightly to 90.7% while parameters reduce to 4.9 M, achieving 
a balance between performance improvement and model efficiency. Adding the MobileNetV3 classifier yields an 
accuracy of 89.1% with a moderate parameter increase to 10.4 M, indicating a positive but incremental impact 
on performance. Integrating all modules yields the highest accuracy of 92.8% with only 1.6  M parameters, 
representing a 9.5% accuracy improvement over the baseline and a substantial reduction of 24 M parameters. 
These findings confirm that the strategic combination of modules significantly enhances classification accuracy 
while reducing parameter count and resource demands, underscoring each module’s complementary role in 
improving model performance and efficiency.

Model performance evaluation
To thoroughly assess the classification performance of the proposed model on the Tomicus dataset, it is 
crucial to evaluate not only its overall accuracy but also its effectiveness in distinguishing between different 
Tomicus species. For this purpose, we employed a confusion matrix as a key evaluation tool to measure the 
model’s performance across the four Tomicus species. The results, depicted in Fig. 8, provide a detailed visual 
representation of the model’s predictions. The “Predicted Class” reflects the model’s forecast category, while the 
“Actual Class” corresponds to the true species classification. This visualization allows for an intuitive assessment 

Num ResNet50 PReLU

Improved 
Residual 
Block

MobileNetV3Classifier Accuracy ParamsDS ECA

1 ✓ 83.3% 25.6 M

2 ✓ ✓ ✓ 85.4% 1.3 M

3 ✓ ✓ ✓ 90.2% 9.8 M

4 ✓ ✓ ✓ 89.1% 10.4 M

5 ✓ ✓ ✓ ✓ 90.7% 4.9 M

6 ✓ ✓ ✓ ✓ 91.7% 1.4 M

7 ✓ ✓ ✓ ✓ 91.5% 10.3 M

8 ✓ ✓ ✓ ✓ ✓ 92.8% 1.6M

Table 7.  The impact of different improvement modules on the performance of network models.

 

Num ResNet50 Other Modules

Activation Function

AccuracyReLU PReLU Swish

1 ✓ ✓ ✓ 87.8%

2 ✓ ✓ ✓ 92.8%

3 ✓ ✓ ✓ 89.5%

Table 6.  The impact of different activation functions on network performance.

 

Num ResNet50 Other modules

Attention mechanism

Accuracy ParamsECA SE CBAM MLCA MSCAM

1 ✓ ✓ ✓ 92.8% 1.6M

2 ✓ ✓ ✓ 91.4% 1.5 M

3 ✓ ✓ ✓ 91.4% 2.7 M

4 ✓ ✓ ✓ 90.1% 1.7 M

5 ✓ ✓ ✓ 89.7% 1.9 M

Table 5.  The impact of different attention mechanisms on network performance.
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of the model’s classification precision for each category, as well as the extent of misclassifications across different 
species. The model demonstrates a high level of accuracy in correctly identifying these four species, with each 
class exhibiting a correct classification probability of over 85% and a relatively low rate of misclassification.

Discussion
Comparison of improvement results
In this study, we introduced several innovative enhancements to the ResNet50 model by integrating DS 
convolution, the ECA attention mechanism, and the PReLU activation function, while replacing the fully 
connected layer with the classifier structure from MobileNetV3. Experimental results revealed that the improved 
model not only achieved a high classification accuracy of 92.8% but also substantially reduced the parameter 
count to 1.6 M. To comprehensively evaluate the performance of the new model, we selected a range of classic 
architectures, from lightweight to large-scale networks, including AlexNet, VGG16, and MobileNetV2, as 
benchmarks in comparative experiments. This multidimensional evaluation demonstrated that our improved 
model, compared to traditional networks, significantly reduces the computational load while enhancing 
classification accuracy. It effectively achieves an optimal balance between lightweight design and superior 
classification performance. The proposed improvement strategies proved highly effective for the classification of 
Tomicus, successfully fulfilling the dual objectives of lightweight design and improved accuracy, highlighting the 
model’s substantial potential for practical application.

Analysis of improvement modules
Optimizing and improving models often comes at the cost of increased computational complexity. However, 
the effectiveness of DS convolution in lightweight network design has been widely demonstrated. Sandler et 
al.15 first introduced DS convolution in MobileNetV2, which drastically reduced computational burden. In this 
study, we adopted a similar approach by replacing the standard convolutions in ResNet50 with DS convolution, 
achieving a substantial 90% reduction in computational load compared to the original network, a finding that 
corroborates Sandler et al.‘s results. DS convolution reduces complexity by decomposing standard convolution 
into two operations: depthwise convolution and pointwise convolution. This method effectively minimizes 
cross-channel computation, contributing to the model’s lightweight design. However, while DS convolutions 

Fig. 8.  Visualized result of confusion matrix.
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efficiently reduce computational overhead, their impact on improving classification accuracy is limited. In 
contrast, attention mechanisms have shown significant potential in boosting classification accuracy. Due to 
the small size and subtle morphological features of Tomicus species, traditional neural networks struggle to 
achieve precise classification. To address this, we supplemented the DS convolution in ResNet50 with the ECA 
mechanism. This approach differs from the method proposed by Du et al.32, who integrated the CBAM into 
ResNet50 for cotton seed quality detection. While their method improved detection accuracy, it also increased 
computational complexity. In comparison, our use of the ECA mechanism maintained a low parameter count 
while achieving a classification accuracy of 90.7% in identifying Tomicus species, an 8.2% improvement over the 
original ResNet50 model. The morphological similarities among the four Tomicus species, especially in terms of 
color, texture, and size, make classification challenging. The ECA mechanism enhances the model’s attention to 
subtle differences, such as the dorsal setae length that distinguishes species like T.brevipilosus and T.yunnanensis. 
By refining inter-channel interactions, the ECA module significantly improves classification performance for 
morphologically similar species. Despite surpassing 90.0% classification accuracy, some misclassification persists 
due to the extreme similarity among Tomicus species. To further address this, we integrated the PReLU activation 
function proposed by He et al.33, which has shown promise in complex image classification tasks. Additionally, 
we replaced the fully connected layer with the efficient MobileNetV3 classifier, as recommended by Howard et 
al.21 for lightweight tasks. By combining PReLU’s flexible handling of negative features with the efficiency of the 
MobileNetV3 classifier, we enhanced the model’s nonlinear expressive capabilities and improved classification 
boundaries. This led to a noticeable reduction in the misclassification rate of Tomicus species, thereby achieving 
more accurate predictions. Our experimental results validate the effectiveness of the approaches proposed by He 
et al.33 and Howard et al.21 in the context of our model.

From a theoretical perspective, this study makes notable advancements in lightweight network design, 
focusing on reducing computational complexity while simultaneously improving classification accuracy. By 
integrating DS convolution, the ECA mechanism, the PReLU activation function, and the MobileNetV3 classifier, 
we present a novel lightweight model specifically designed for resource-constrained applications, such as pest 
detection and classification tasks on mobile devices or embedded systems. The primary innovation of this study 
lies in the comprehensive optimization of the ResNet50 architecture, achieving the dual objectives of enhanced 
classification accuracy and reduced model complexity. The experimental results demonstrate that DEMNet not 
only significantly improves classification accuracy but also drastically reduces the number of model parameters, 
validating the effectiveness of the proposed approach. This research provides robust theoretical support and 
practical insights for future lightweight model designs, with implications for a wide range of applications in 
image classification, particularly in environments with limited computational resources. We believe that this 
study offers promising prospects and substantial practical value in advancing lightweight networks in resource-
constrained scenarios.

Future work
Despite its achievements, this study has certain limitations. While DEMNet shows impressive performance on 
the Tomicus classification dataset, its generalizability to other domains necessitates further validation. Future 
research could investigate the application of this model across a wider array of image classification tasks, including 
natural scene images and medical image classification, to evaluate its versatility. In our forthcoming work, we 
aim to address several challenges. First, given that the training data were captured against simple backgrounds, 
we seek to enhance the model’s classification accuracy for Tomicus in more complex environments. To this end, 
we plan to collect samples from diverse backgrounds to broaden the training dataset and improve the model’s 
performance. Second, this study concentrated solely on four Tomicus species from Yunnan Province. Future 
research should expand the range of Tomicus species and the sample dataset to bolster the model’s generalization 
capabilities. Third, some of the models employed in the comparative experiments are relatively outdated. Thus, 
we will explore the use of more recent models, such as DenseNet34, ResNeXt35, and YOLOv1036, for further 
comparative analyses.

Conclusion
This study successfully achieved a lightweight design and significantly improved classification accuracy 
through multiple optimizations to the ResNet50 architecture. Firstly, we replaced the standard convolutions 
in the residual modules with DS convolution, which greatly reduced the model’s computational burden and 
parameter count. To enhance feature extraction capabilities, we integrated the ECA attention mechanism into 
each residual module while maintaining the skip connections. Additionally, we substituted the fully connected 
layer with the MobileNetV3 classifier, improving classification performance while preserving the lightweight 
structure. We also adjusted the output channels in each residual structure, thereby reducing both the parameter 
count and computational complexity. By replacing ReLU with PReLU, we accelerated model convergence and 
reduced the error rate. These optimizations led to a classification accuracy of 92.8% on the Tomicus dataset, 
with only 1.6 M parameters. Compared to the ResNet50 model, our method has improved accuracy by 9.5% 
compared to ResNet50, a 90% reduction in parameter count, a 3.5GMac reduction in FLOPs, and an inference 
speed of 0.1193 s per image, demonstrating a balanced performance in terms of speed, efficiency, and accuracy. 
In summary, we have successfully developed a high-speed, lightweight, and highly accurate deep learning 
model that provides an effective solution for the automatic identification of forestry pests, such as Tomicus, on 
embedded edge computing devices. This model provides essential technical support for monitoring forestry 
pests and eco-logical conservation, offering significant practical application value and valuable guidance for 
future related research.
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The datasets used and/or analyzed during the current study are available from the corresponding author on 
reasonable request.
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