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Abstract:With the rapid development of edge computing and mobile intelligent devices, traditional
deep convolutional neural networks (CNNs) suffer from excessive parameter volume, high
computational complexity, and poor deployment adaptability on resource-constrained devices. To
solve this problem, this paper proposes an improved lightweight neural network model based on
MobileNetV2, which optimizes the inverted residual structure and introduces a dynamic channel
attention mechanism. The model reduces redundant feature extraction operations while retaining
effective image feature information, and balances classification accuracy and computational
efficiency. A series of comparative experiments are conducted on the public CIFAR-10 dataset.
The experimental results show that the improved model achieves a classification accuracy of
94.21%, with only 2.13M parameters and 0.58G floating-point operations (FLOPs). Compared
with the original MobileNetV2, ResNetl8 and other classic models, the proposed model has
significant advantages in parameter quantity, computational consumption and inference speed, and
is more suitable for real-time image classification tasks on edge devices. This study provides an
effective technical reference for the lightweight deployment of computer vision algorithms.
Keywords: Lightweight Neural Network; MobileNetV2; Channel Attention; Image Classification;
Edge Computing; Computational Optimization

1. Introduction

In recent years, deep learning technology has achieved remarkable breakthroughs in the
field of computer vision, and convolutional neural networks have become the core algorithm for
image classification, target detection, semantic segmentation and other tasks[1]. Classic deep
network models such as ResNet, VGG, and AlexNet have excellent feature extraction capabilities
and high classification accuracy[2], but their complex network structures bring a large number of
parameters and huge computational overhead[3], which makes it difficult to deploy on embedded
devices, mobile terminals and other edge devices with limited computing power, memory and
power consumption[4-7].

To adapt to the application requirements of edge intelligent scenarios, lightweight neural
network design has become a hot research direction in computer science. Mainstream lightweight
models such as MobileNet, ShuffleNet, and SqueezeNet reduce network complexity through



depthwise separable convolution[8], channel shuffling, and feature compression respectively.
However, most existing lightweight models have obvious defects: shallow network structure leads
to insufficient feature extraction capability, and fixed convolution kernel settings cannot adapt to
different image feature distributions, resulting in reduced classification accuracy under extreme
lightweight conditions[9].

MobileNetV2, as a classic lightweight network, improves the feature utilization efficiency
through the inverted residual structure and linear bottleneck layer[10], but it still has redundant
channel features and insufficient attention to key feature regions in the feature extraction process.
To address the above problems[11], this paper optimizes the MobileNetV2 network structure[12]:
firstly, a dynamic channel attention module is embedded into the inverted residual unit to enhance
the weight of effective feature channels and suppress invalid noise channels[13]; secondly, the
convolution kernel combination mode is adjusted to reduce repeated feature extraction
calculations| 14-16]; finally, the network regularization strategy is optimized to improve the model
generalization ability. Through theoretical derivation and experimental verification, this paper
analyzes the performance advantages of the improved model in terms of accuracy, parameters and
computational complexity, and verifies its feasibility for edge deployment[17-20].

2. Related Work

Lightweight neural network optimization technologies are mainly divided into three
categories: network structure redesign[21-24], model compression, and algorithm optimization. In
terms of network structure redesign, Howard et al. proposed MobileNetV1 based on depthwise
separable convolution, which splits standard convolution into depthwise convolution and
pointwise convolution, effectively reducing model parameters and FLOPs[25-27]. MobileNetV2
further proposes an inverted residual structure, which solves the problem of feature information
loss in shallow lightweight networks and improves the network feature expression ability.
ShuffleNet realizes channel information interaction through channel shuffling operation, which
greatly reduces the computational cost of pointwise convolution, but its feature fusion ability is
weak for complex image datasets[28-30].

In terms of model compression, common methods include pruning, quantization and
knowledge distillation. Network pruning removes redundant neurons and channels to simplify the
network structure, but excessive pruning will lead to model performance degradation[31].
Quantization compresses model parameters by reducing data precision, which will cause certain
feature information loss. Knowledge distillation transfers the knowledge of large pre-trained
models to small lightweight models, which improves the accuracy of small models, but increases
the pre-training cost of the algorithm[32].

In terms of algorithm optimization, attention mechanism is widely used in lightweight
network improvement. SENet realizes channel feature weighting through squeeze-and-excitation
module, but its fixed weighting mode cannot adapt to dynamic feature changes of images[33].
ECANet optimizes the channel attention structure and reduces the number of attention parameters,
but it lacks adaptive adjustment for different feature layers. Based on the above research, this
paper designs a dynamic channel attention module suitable for lightweight networks, which
realizes adaptive weighting of feature channels with low computational cost, and completes the



lightweight optimization while ensuring classification accuracy[34].

3. Model Principle and Optimization
Method

3.1 Basic Principle of MobileNetV2

The core components of MobileNetV2 are depthwise separable convolution and inverted
residual structure. Standard convolution integrates spatial feature extraction and channel feature
fusion in one step, with high computational complexity[35]. Depthwise separable convolution
decomposes the standard convolution operation into two independent steps: depthwise
convolution completes spatial feature extraction for each single channel, and pointwise
convolution completes channel feature fusion, which greatly reduces computational consumption.

The computational complexity of standard convolution is shown in Formula (1):

Caa = HXW XK?XCyy X Cope (1)

Where H and W represent the height and width of the feature map, K represents the
convolution kernel size, C;, represents the number of input channels, and C,, represents the
number of output channels. The computational complexity of depthwise separable convolution is
shown in Formula (2):

Coop = HXWXK> X Ciy + HXW X Cpy X Coe (2)

The complexity reduction ratio of depthwise separable convolution relative to standard

convolution is derived as Formula (3):
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It can be seen from the formula that depthwise separable convolution can significantly

reduce the computational complexity of the network, especially when the number of output
channels is large. The inverted residual structure of MobileNetV2 adopts the design of "expand
first and then compress", which expands the channel dimension through pointwise convolution,
extracts rich features in high-dimensional space, and then compresses the channel dimension to
retain core features, avoiding the feature loss problem of traditional residual networks in

low-dimensional space.

3.2 Improved Dynamic Channel Attention Module

Aiming at the problem that MobileNetV2 cannot distinguish the importance of different
feature channels, this paper designs a dynamic channel attention (DCA) module. Different from
the fixed weighting mode of traditional channel attention, the DCA module can adaptively
calculate the channel weight according to the feature distribution of the input image, enhance the
response of effective feature channels such as image edges and textures, and suppress the

interference of invalid noise channels.



The DCA module first performs global average pooling on the input feature map F €
RHXWXC 15 obtain the global channel feature vector V € R1XC_ as shown in Formula (4):
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Where V, represents the feature value of the c-th channel, and F,(i,j) represents the
pixel value of the c-th channel at position (i,j). Then, the adaptive weight coefficient is
calculated through the lightweight fully connected layer and Sigmoid activation function, and the
channel weight vector W € R1*1%C is obtained, as shown in Formula (5):

W, =a(FC(V.)) (5)

Where o represents the Sigmoid activation function, and FC represents the lightweight
fully connected layer with few parameters. Finally, the original feature map is weighted and fused
with the channel weight vector to obtain the optimized feature map F’, as shown in Formula (6):

Fle=W,xF (6)

3.3 Network Structure Optimization

The improved network takes MobileNetV2 as the basic framework, embeds the DCA
module after each inverted residual unit, and optimizes the convolution kernel configuration of the
shallow network. The shallow network is responsible for extracting low-level features such as
image edges and colors, and uses 3x3 convolution kernels to ensure fine-grained feature extraction;
the deep network extracts high-level semantic features, and appropriately reduces the convolution
kernel density to reduce redundant calculation. At the same time, the L2 regularization strategy is
optimized, and the regularization coefficient is dynamically adjusted according to the network

layer depth to suppress overfitting and improve the model generalization performance.

4. Experimental Design and Result Analysis

4.1 Experimental Environment and Dataset

The experiment is based on the PyTorch deep learning framework, the hardware
environment is Intel i7-12700H CPU, NVIDIA RTX 3060 GPU, 16G memory, and the software
environment is Python 3.9, CUDA 11.6. The dataset adopts the classic CIFAR-10 image
classification dataset, which contains 60,000 32x32 color images, divided into 10 categories such
as airplanes, cars, and birds, including 50,000 training images and 10,000 test images. The dataset
covers rich scene features and is widely used in the performance verification of lightweight image
classification models.

In the experiment, the batch size is set to 32, the initial learning rate is 0.01, the learning



rate decays by 0.1 every 20 epochs, the total training epochs are 100, and the Adam optimizer is
used for network parameter optimization. To ensure the fairness of the experiment, all comparison
models adopt the same training hyperparameters and data preprocessing methods.

4.2 Evaluation Indicators

The experiment adopts four core indicators to evaluate model performance: classification
accuracy (Accuracy), model parameter quantity (Params), floating-point operations (FLOPs), and
single-image inference time (Inference Time). Accuracy reflects the model's feature classification
ability, Params and FLOPs reflect the model's lightweight degree and computational complexity,
and inference time directly reflects the model's real-time performance on edge devices.

4.3 Comparative Experimental Results

To verify the performance advantages of the improved model, this paper compares it with
four classic network models: ResNetl8, ShuffleNetV2, original MobileNetV2, and
SENet-MobileNetV2. The experimental results are shown in Table 1.

Table 1. Performance comparison among different network models on the CIFAR-10 dataset

Model Accuracy (%) | Params (M) | FLOPs (G) | Inference Time (ms)
ResNet18 93.57 11.69 1.82 12.36

ShuffleNetV2 92.14 2.26 0.65 8.52

MobileNetV2 93.12 2.38 0.71 9.17
SENet-MobileNetV2 | 93.68 2.45 0.75 9.63

Proposed Model 94.21 2.13 0.58 7.85

4.4 Result Analysis

It can be seen from Table 1 that the improved model achieves the best comprehensive
performance among all comparison models. In terms of classification accuracy, the proposed
model reaches 94.21%, which is 1.09% higher than the original MobileNetV2, 0.53% higher than
SENet-MobileNetV2, and significantly higher than ResNet18 and ShuffleNetV2. This proves that
the dynamic channel attention module can effectively screen effective feature channels, suppress
feature noise, and improve the network's feature classification ability.

In terms of lightweight indicators, the parameter quantity of the improved model is only
2.13M, and the FLOPs are 0.58G, which are reduced by 10.5% and 18.3% respectively compared
with the original MobileNetV2. The inference time of a single image is 7.85ms, which is 14.4%
faster than the original model. This is because the optimized network structure reduces redundant
convolution operations, and the lightweight attention module brings almost no additional
computational burden, which significantly improves the network inference efficiency.

Compared with ResNet18, the improved model has a slight accuracy advantage, while the
parameters and computational complexity are only 18.2% and 31.9% of ResNetl8, which fully
reflects the lightweight advantages of the proposed model. Compared with ShuffleNetV2,



although the parameter quantity is similar, the classification accuracy is 2.07% higher, and the
inference speed is faster, which verifies the superiority of the improved algorithm in feature
extraction and fusion.

4.5 Ablation Experiment

To further verify the effectiveness of each optimization module, this paper designs ablation
experiments on the CIFAR-10 dataset, and the results are shown in Table 2. The experimental
groups include the original MobileNetV2, the model with only channel attention added, the model
with only network structure optimized, and the full improved model.

Table 2. Ablation results of DCA module and structure optimization on CIFAR-10 dataset

Experimental DCA Module Structure Accuracy (%) FLOPs (G)
Group Optimization

1 (Baseline) X X 93.12 0.71

2 v x 93.85 0.69

3 x v 93.46 0.62

4 (Proposed) \ \ 94.21 0.58

The ablation experiment results show that both the DCA module and network structure
optimization can improve the model performance. The single DCA module improves the accuracy
by 0.73% with negligible computational loss. The single structure optimization reduces FLOPs by
12.7% and improves the accuracy by 0.34%. The combination of the two optimization methods
achieves the best performance, which proves the mutual coordination and complementary
advantages of the two modules, and verifies the rationality and effectiveness of the improved

scheme.

5. Conclusion and Outlook

Aiming at the problems of low accuracy and insufficient computational efficiency of
existing lightweight neural networks in image classification tasks, this paper proposes an
improved MobileNetV2 model based on dynamic channel attention. By designing a lightweight
adaptive channel attention module, the model enhances effective feature expression and
suppresses invalid noise interference. By optimizing the network convolution structure and
regularization strategy, the redundant calculation of the network is reduced and the generalization
ability is improved. Experimental results on the CIFAR-10 dataset show that the improved model
has significant advantages in classification accuracy, parameter scale and inference speed
compared with classic lightweight and deep network models, and can better adapt to edge
deployment scenarios.

In future research, we will further optimize the attention module structure, combine model
quantization and pruning technology to achieve more extreme lightweight processing. At the same
time, we will apply the improved model to complex scenarios such as target detection and
semantic segmentation, and explore the application value of the algorithm in intelligent

monitoring, mobile terminal vision and other fields, so as to realize the wide popularization of



high-efficiency lightweight computer vision algorithms.
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