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Abstract: Most attention mechanisms, while enhancing image features, do not consider the impact of local feature
interaction on overall feature representation. To address this issue, this paper proposes a global pooling residual
classification network guided by local attention (MSLENet). The baseline network for MSLENet was ResNet34.
First, the initial layer structure was modified to retain important image information. Second, a multiple segmentation
local enhancement attention mechanism (MSLE) module was introduced. The MSLE module first segmented the
image into multiple small images, then enhanced the local features of each small image, and finally integrated
these important local features into the global features through feature group interaction. Lastly, a pooling residual
(PR) module was proposed to address the information loss problem in the ResNet residual structure and improve
the information utilization between layers. The experimental results show that by enhancing the interaction of local
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features, MSLENet achieves good performance on multiple datasets and effectively improves the expressive ability

of the network.

Keywords: image classification; attention mechanism; residual structure; local features; global features; interaction
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Table 8 Setting values of hyperparameters during training process

AL BEE
Input size 32x32
RandomCrop 4
RandomHorizontalFlip 0.5
RandomErasing 0.2
epochs 300
Rt SGD
Ir 0.1
Ir decay 0.2
batch size 128
Momentum 0.9
Weight decay 5e-4
Mixup 0.2
EMA 0.9
Label Smoothing 0.1
k [4,2,0,0]

i 16

k9 LSMBEZFHBETHILEHRE

Table 9 Classification accuracy of each network under three

datasets
2% CIFAR-10/% CIFAR-100/% SVHN/%
VGG-16 91.79 67.84
SENet 95.22 73.22 87.06
DenseNet-121 94.55 77.01 95.83
CAPR-DenseNet 94.24 78.84 94.95
MobileNetV2 93.37 68.08
ShuffleNet 89.40 70.06
ResNet34 87.89 69.41 91.51
Multi-ResNet 94.65 78.68 -
EfficientNet 94.01 75.96 93.32
SSE-GAN 85.14 - 92.92
Couplformer 93.54 73.92 94.26
ResNet50+SPAM - 80.53 -
FAVOR+ 91.42 72.56 93.21
ResNet-CE 94.27 76.15
MMA-CCT-7/3x2 94.74 775 94.26
CaiT 94.91 79.89
Swin-T 94.46 78.07 -
MSLENet 96.93 82.28 97.22

MR WAEL R, FrU e e 2R B A P T, (H2
[ 2 R S AR TR A, T2 B HERR A%
B, SEEMNMAEEBMERER, BlEEIIAR,
TR D 28 AN BE A 25 TR AR A T A R R o
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TESEUE RS TR 3 2, X Ryl it 13 2 7Pl
HiliZ 5, MEFUN S EHRRE TP A FIE S, B
FEHSRERAFIE R, T m 2 R HERf 3. (B2
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TR S, 0B S B i 1 i 4 Jey P vt A 2 i
T A SO {E S A, S B A i A A
P ARBICHREEAN AT, P RESS BT R 12 B .
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SR AR BT, AR B RE R BRI
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B, WERITR BME B RAAHSCHERC, 2% i 1 e
Al RE SR PR

N T HETHRZEVERE, A R A Ry R AE A SR 7
FHEARSS 6, o MR Z R OC R, il
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PR 3 (1Y) MSLENet 119 P 4514 e e dd: o [RIES Sk 1 300
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R, R 96.93% 1 97.39%., X T 443 F K 4R
CIFAR-100, & 5t [8,4,2,0] i 35 3] f5 5 4 o i %,
e RN 82.51%. X F 1= 70 B F B 55 NWPU-
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Table 10 FLOPs and params of various networks

EES Params/M FLOPs/G

Wide-ResNet 37.16 5.96

ConvNext 27.80 1.45

EfficientNet 52.98 1.49

Swim-T 86.78 4.25

Multi-ResNet 51.23 3.13

MSLENet 22.35 1.20

AN BARSLERER
Table 11  Experimental results of various networks
2% CIFAR-10/% CIFAR-100/% GTSRB/% NWPU-RESISC45/%

Net_ 2 2 0.0 96.81 79.65 97.26 95.17
Net 4.2 0.0 96.93 82.28 97.39 95.40
Net 4 2 2 0 96.80 82.23 97.13 95.44
Net 8.4 2 0 96.90 82.51 97.27 95.15
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Global pooling residual classification network
guided by local attention

Jian Wentao', Dong Rui'*, Zhang Shen chong2
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Overview: In image classification tasks, it has been demonstrated through various experiments that attention
mechanisms can significantly enhance a model’s generalization ability. However, most attention mechanisms only focus
on enhancing the importance of local or global features, without considering that the interrelationships between local
features can also affect the overall image features. To address this issue and improve the model’s generalization ability,
this paper proposes a global pooling residual classification network guided by local attention (MSLENet). MSLENet uses
ResNet34 as its baseline network. It first modifies the initial convolution structure by replacing the convolution method
and removing the pooling layer, allowing the network to retain the basic information of the image and enhance the
utilization of detailed information. Secondly, this paper introduces a multiple segmentation local enhancement attention
mechanism (MSLE) module, which enhances the information relationship between local and global features and
amplifies local key information. The MSLE module consists of three sequential components: the multiple segmentation
(MS) module, the local enhancement (LE) module, and the guide module. The MS module uniformly segments the
image to fully utilize local information. The LE module enhances the local features of each segmented image and
amplifies the local important information of the enhanced segments, thereby improving the interaction among local
features and increasing the utilization of local key information. The guide module directs important local features into
global features through the interaction between feature layers and different feature groups, thus enhancing the global
important features and the network’s expressiveness. Finally, to address the issue of information loss in the residual
structure of ResNet, the pooling residual (PR) module is proposed. The PR module modifies the residual structure of
ResNet34 by replacing the convolution method in the residual structure with pooling operations, thereby improving the
information utilization between layers and reducing the network’s overfitting. Experimental results show that MSLENet
achieves accuracy rates of 96.93%, 82.51%, 97.22%, 72.82%, 97.39%, 89.70%, and 95.44% on the CIFAR-10, CIFAR-100,
SVHN, STL-10, GTSRB, Imagenette, and NWPU-RESISC45 datasets, respectively. Compared to other networks or
modules, MSLENet demonstrates improved performance, proving that the interaction between local and global features,
the comprehensive utilization of both local and global information, and the guidance of important local features to
global features effectively enhance the network’s accuracy.
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