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Abstract

Image classification and recognition are of significant importance in modern so-
ciety. Numerous excellent convolutional neural network works have been devel-
oped to optimize the accuracy of image classification, among which a prominent
representative is ResNet 1, which substantially increases the depth of neural
networks, thereby greatly enhancing their performance. Meanwhile, there are
also pluggable performance optimization submodules that can help improve all
networks, with one outstanding representative being SeNet 3. However, they
do not always perform well when faced with complex real-world scenarios. The
main work of this paper is to study how to effectively improve the recognition
performance of convolutional neural networks (ResNet) in some special scenarios
(small images, high-noise images), and to attempt to analyze some underlying
mechanisms of neural networks.
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Abstract

Image classification and recognition are of great significance in modern society.
Numerous excellent convolutional neural network architectures have been de-
veloped to optimize classification accuracy, among which ResNet[1] stands out
as a prominent representative that substantially increases network depth and
thereby greatly improves performance. Meanwhile, various pluggable perfor-
mance optimization sub-modules can enhance any network architecture, with
SeNet[3] being another outstanding representative. However, these models do
not always perform well when faced with complex real-world scenarios. The
main contribution of this paper is to investigate how to effectively improve the
recognition performance of convolutional neural networks (specifically ResNet)
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in special scenarios such as small images and high-noise images, and to analyze
the underlying mechanisms of these networks.

Keywords: Image classification, convolutional neural networks

1. Introduction

Convolutional Neural Networks (CNNs) are among the most commonly used
models in deep learning and have achieved tremendous success in computer
vision, speech recognition, and other domains. This paper briefly reviews both
classic and state-of-the-art CNN models, from AlexNet to ResNet and SeNet.

AlexNet[5] represents a milestone in CNN development, winning first place in
the 2012 ImageNet Large Scale Visual Recognition Challenge. Subsequent im-
provements based on AlexNet include VGG[6], GoogLeNet|[7], and particularly
ResNet[1]. ResNet is a deeper CNN architecture that addresses the vanishing
gradient problem through residual connections, achieving exceptional results in
ImageNet competitions. ResNet has become a fundamental building block for
many state-of-the-art CNN models, demonstrating the power of deep learning
in computer vision. SENet[3], or Squeeze-and-Excitation Network, is a more
recent convolutional neural network architecture that has achieved outstanding
results on ImageNet classification tasks. SENet introduces a novel module called
the Squeeze-and-Excitation block, which explicitly models interdependencies be-
tween channels to adaptively recalibrate channel-wise feature responses. This
technique allows the network to assign greater weight to informative channels
while suppressing less useful ones, thereby improving both accuracy and effi-
ciency. SENet has become another important building block for modern CNNs,
showcasing the continuous evolution of deep learning techniques.

Beyond these models, numerous other CNN architectures such as DenseNet[4],
MobileNet[2], and EfficientNet[8] have demonstrated excellent performance in
various application scenarios. However, for complex and variable real-world
situations, these outstanding algorithms still cannot excel in all scenarios. The
primary objective of this paper is to investigate network adjustments for specific
scenarios (small images and high noise), attempting to analyze general methods
for these scenarios and the underlying mechanisms of the relevant networks.

2. Related Work
2.1 ResNet

ResNet is a deep neural network architecture proposed in 2015. Its full name is
“Residual Network,” designed to solve the vanishing gradient problem in deep
neural networks by introducing residual blocks. In traditional neural networks,
each layer transforms the input and outputs a new feature representation. When
networks become very deep, these transformations cause the input signal to grad-
ually disappear, resulting in the vanishing gradient problem. To address this,
ResNet introduces residual blocks, each containing two branches: a main branch
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and a skip connection branch. The main branch performs a series of transfor-
mations on the input and adds the result to the output of the skip connection
branch to obtain the final output of the residual block. This design makes it
easier for the network to learn identity mappings where input equals output. If
no transformation occurs in a residual block, the input can be directly passed
to the output through the skip connection, thereby avoiding information loss
and vanishing gradients. This design enables ResNet to train very deep neural
networks and achieve excellent performance on several computer vision tasks,
including image classification, object detection, and semantic segmentation.

2.2 SeNet

A common issue in most CNN-based image processing research is the neglect
of inter-channel relationships. To address this problem, SeNet proposes the
Squeeze-and-Excitation (SE) module, which strengthens channel interdependen-
cies by learning weights for each channel, thereby improving model expressive-
ness. The SE module comprises two operations: squeeze and excitation. The
squeeze operation compresses each channel’s feature map into a single value
through global average pooling to obtain channel weights. The excitation oper-
ation uses a Multi-Layer Perceptron (MLP) to combine each channel’s feature
map and weight them according to their importance. Specifically, the squeeze
operation first applies global average pooling to each channel of the input fea-
ture map, then processes each channel’s resulting value through a fully connected
layer and ReLU activation function to obtain channel weights. The excitation
operation uses an MLP to weight and combine each channel’s feature map, pro-
ducing an output feature map with enhanced channel interdependencies. The
MLP’s input consists of the channel weights obtained from the squeeze step,
and its output is a weight vector of the same size as the input feature map.
The SE module can be embedded into other network structures by inserting it
into each module of the convolutional neural network, enabling the model to
adaptively learn channel relationships while learning feature representations.

Figure 1 [Figure 1: see original paper] illustrates the typical SeNet structure
with embedded SE modules. The SE module has demonstrated strong perfor-
mance across various computer vision tasks, including image classification, ob-
ject detection, and semantic segmentation. In the ImageNet image classification
challenge, the SE module improved top-1 and top-5 accuracy by approximately
2.5% and 1.0%, respectively. Furthermore, the SE module can be applied to
various deep learning models such as MobileNet and DenseNet.

3. Dataset

The CIFAR-10 dataset is a collection of images commonly used for training ma-

chine learning and computer vision algorithms, and represents one of the most

widely utilized datasets in machine learning research[1][2]. CIFAR-10 contains

60,000 color images of 328 x 32pixelsdividedintol0distinctcategories[3].T hesecategoriesrepresentairplanes, at
10servesasanimagecollection forteachingcomputersobjectrecognition. Duetoitslowresolution(32x $32),
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CIFAR-10 enables researchers to quickly experiment with different algorithms
to determine which works best. CIFAR-10 is a labeled subset of the 80 Million
Tiny Images dataset, annotated by students during its creation[5]. Various
types of convolutional neural networks generally perform best at recognizing
images in CIFAR-10. The dataset is divided into five training batches and
one test batch, each containing 10,000 images. The test batch contains 1,000
randomly selected images per class. The training batches contain the remaining
images in random order, though some batches may contain more images from
certain classes than others. Across all training batches, each class contains
exactly 5,000 images. Figure 2 [Figure 2: see original paper| shows the dataset
classes with 10 random images from each class.

4. ResNet Performance Analysis
4.1 ResNet Architecture

ResNet architectures consist of two block types: Basic Block based on two
convolutional layers, and Bottleneck Block based on three convolutional layers.
Basic Blocks are suitable for shallow networks such as ResNet18 and ResNet34,
while Bottleneck Blocks are appropriate for deeper networks like ResNet50 and
ResNet101.

The structures of Basic Block and Bottleneck Block are shown in Figure

3 [Figure 3: see original paper], with Basic Block on the left and Bot-

tleneck Block on the right. Basic Block comprises residual modules of two

3% x 3convolutionallayers, withidenticalinputandoutputchannelnumbers. W heninputandoutputdimensionsdi
convolutional layer should be added to the input to match dimensions.

Unlike Basic Block, Bottleneck Block adds a 1$x 1convolutionallayertoeachresidualconnection fordimensionn
3x3+1x1structuretoreplacethetwo3 x 3convolutionallayers, therebyreducingcomputationalcomplexityandpa
convolutional layers in shallow networks may lose some feature information

and cause performance degradation.

Our ResNet implementation has the following structure: The input layer accepts

images of size 224$x 224 x3(3RG Bchannels). T he firstconvolutionallayerisa3 x 3layerwithstride2, using64 filt
tensor. Finally, a fully connected layer maps the 512-dimensional features to

the number of classes.

4.2 Experimental Setup and Results

Experiments were conducted using the PyTorch framework with the CIFAR-10
dataset described above, where images are 32$x$32 pixels. Two models were
trained and evaluated: (1) a baseline ResNet-18 model, and (2) our modified
ResNet-18 implementation. We used Stochastic Gradient Descent (SGD) opti-
mizer with a learning rate of 0.1, momentum of 0.9, and weight decay of 5e-4.
Two different learning rates were used for training to compare their effects. Mod-
els were trained from scratch for 200 epochs, with training images normalized
to ensure proper data standardization.
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Training Results: Figures 4 and 5 show the training set results. Training
accuracy is not particularly meaningful as both models can achieve 100% accu-
racy.

Test Results: Figures 6 [Figure 6: see original paper] and 7 [Figure 7: see
original paper| present test results for the baseline ResNet and our modified ver-
sion, respectively. Figure 8 [Figure 8: see original paper| compares the accuracy
of both trained models. Comparing classification results on the test set reveals
that our ResNet achieves a 6% accuracy improvement over the baseline while
exhibiting lower loss.

4.3 Discussion

Our ResNet implementation uses smaller convolutional kernels compared to the

baseline. Specifically, we employ 3$x 3kernelswhilethebaselineusesTx Tkernels. TheT x 7Tkernelsenabledownsan
kernels enable finer-grained feature extraction in the input layer, preserving

edge information and reducing blur and ambiguity. Our smaller kernel size may

enhance detection capability for small objects, though it may underperform the

baseline for larger object detection.

Our modified ResNet adds a global average pooling layer before the output
layer. Using pooling and fully connected layers as output enables global average
pooling of feature maps, reducing model parameters, lowering overfitting risk,
and capturing more feature information through overall feature map averaging.
Additionally, average pooling makes the model’s feature representations more
generalizable and transferable. Using a fully connected layer as output enables
direct linear transformation of feature maps for predictions but requires more
parameters and computation, potentially necessitating adjustments to output
dimensions, class numbers, or regression ranges. This may also cause inconsis-
tent gradient updates between the output and other layers, requiring residual
connections to address the issue.

5. Impact of SeNet
5.1 Integrating SeNet into ResNet

As shown in Figure 9 [Figure 9: see original paper|, SENet provides four methods
for embedding SE modules into ResNet architecture: SE, SE-Pre, SE-Post, and
SE-Identity.

In SEResNet design, the SE module is inserted into each residual block of the
ResNet architecture after the final convolutional layer and before the final addi-
tion operation. The SE module’s output is then added to the residual connection
to obtain the block’s final output.

In SE-Pre ResNet design, the SE module is inserted into each pre-activation
residual block of the pre-activation ResNet architecture after the first batch
normalization layer and before the final convolutional layer. The SE module’s
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output is then added to the residual block’s input before the first batch normal-
ization layer.

In SE-Post ResNet design, the SE module is added after the final convolu-
tional layer of each residual block in the network. The residual block’s output
is then added to the SE module’s output to obtain the block’s final output.
This approach is similar to SEResNet but places the SE module after the final
convolutional layer rather than before the final addition operation.

In SE-Identity ResNet design, the SE module is added to the identity shortcut
connection within each residual block. The SE module’s output is then added to
the identity shortcut to obtain the block’s final output. This method resembles
SEResNet except that the SE module is added to the identity shortcut rather
than the main branch of the residual block.

For our evaluation, we adopt the SEResNet design to integrate SE into ResNet-
18, which is also the standard design in the original SENet paper.

5.2 Evaluation

Original images in the CIFAR-10 dataset are 32$ x 32pizels, whichweresizedto224 x $224
pixels for training. Image upscaling introduces some noise into the data that

may affect model performance, but we believe this helps evaluate the ef-
fectiveness of the SENet architecture in improving ResNet-18 classification
performance.

Two models were trained and evaluated: (1) a baseline ResNet-18 model, and (2)
a ResNet-18 model with integrated SE modules. We used Stochastic Gradient
Descent (SGD) optimizer with learning rates of 0.1 and 0.001, momentum of
0.9, and weight decay of 5e-4. Two different learning rates were used to compare
their effects. Models were trained from scratch for 100 epochs, with training
images normalized to ensure proper data standardization.

Figure 10 [Figure 10: see original paper| shows training accuracy and loss on
the test set across epochs for both models trained with learning rate lr=0.1.
Due to the large learning rate and noise introduced by image upscaling, the
ResNet model exhibits significant accuracy fluctuations during training. Af-
ter integrating the SENet module, these fluctuations are notably reduced and
average accuracy improves. Figure 11 [Figure 11: see original paper| presents re-
sults using learning rate lr=0.001, where severe accuracy fluctuations disappear
and accuracy stabilizes after 50 epochs. In this case, ResSENet still achieves
higher accuracy than ResNet, showing a 1% improvement. Figure 12 [Figure 12:
see original paper]| visualizes the accuracy comparison between the two models
under different learning rates. Experimental results demonstrate that adding
SENet is effective across various scenarios, providing significant noise suppres-
sion and accuracy improvement.
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5.3 Discussion

This study evaluated the impact of adding SE blocks to ResNet on image classifi-
cation performance and examined effects under different learning rates. Our ex-
perimental results demonstrate that adding SENet significantly improves model
performance, particularly by substantially reducing accuracy fluctuations.

The primary reason for SENet’s performance improvement is the attention mech-
anism provided by SE blocks, which can selectively amplify informative features
while suppressing less useful ones. This mechanism helps the network focus on
the most important features, thereby improving feature discriminability and
making the network more robust to noise.

Furthermore, our results indicate that SENet integration is particularly effective
in high-noise scenarios where accuracy fluctuations are more pronounced. SE
blocks enhance ResNet’s overall stability by reducing the amplitude of accuracy
fluctuations during training. This suggests that SENet can help mitigate the
impact of noise on model performance, which is an important consideration for
practical deep learning applications.

In summary, our research demonstrates that adding SENet to ResNet can sig-
nificantly improve performance on image classification tasks. The attention
mechanism provided by SE blocks plays a crucial role in enhancing feature dis-
criminability and reducing noise impact on the model. These findings have
important implications for deep learning model design across various applica-
tions.

As discussed in Section 4.3, smaller images may require smaller con-
volutional kernels and minimal stride to prevent missing important
image features. To reduce computational complexity while maintain-
ing a broad receptive field and preserving original image information,
7$x Tkernelscanbeused fordownsampling.Conversely,3x$3  kernels enable
more precise feature extraction, preserving edge details and reducing blur
and ambiguity. While our implementation with smaller kernels may enhance
detection of smaller objects, it may not perform as well as the baseline for
detecting larger objects.

As mentioned in Section 5.3, the primary reason for SENet’s performance im-
provement is the attention mechanism provided by SE blocks, which selectively
amplifies informative features while suppressing less useful ones. This mecha-
nism helps the network focus on the most important features, improving fea-
ture discriminability and robustness to noise. Our results also demonstrate that
SENet integration is particularly effective in high-noise scenarios where accuracy
fluctuations are more pronounced.

Moreover, SE blocks enhance ResNet’s overall stability by reducing accuracy
fluctuations during training. This indicates that SENet can help mitigate noise
impact on model performance, which is an important consideration for practical
deep learning applications.
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In conclusion, our research shows that adding SENet to ResNet significantly
improves image classification performance. The attention mechanism provided
by SE blocks plays a key role in enhancing feature discriminability and mitigat-
ing noise effects on the model. These findings have important implications for
designing deep learning models for various applications.
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