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Double-pooling residual classification network based on

feature reordering attention mechanism

Yuan Heng, Liu Jie', Jiang Wentao, Liu Wanjun
College of Software , Liaoning Technical University , Huludao 125105, China

Abstract: Objective A residual classification network is a deep convolutional neural network architecture that plays an
important role and has a considerable influence in the field of deep learning. It has become one of the commonly used net-
work structures in various image classification tasks in the field of computer vision. To solve the problem of network degra-
dation in deep networks, unlike the traditional method of simply stacking convolutional layers, residual networks innova-
tively introduce residual connections, which directly add input features to output features through skip connections, and

pass the original features directly to subsequent network layers. It forms a shortcut path, thereby preserving and utilizing
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feature information better. Although residual classification network effectively solves the problems of gradient explosion and
vanishing during deep network training, when the output dimension of the residual block does not match the input dimen-
sion, convolution maps are needed to ensure the same dimensions, which causes a large number of pixels on the channel
matrix in the residual module to be skipped, resulting in the problem of feature information loss. In addition, correlation
exists between image channels, and a fixed order of channels may lead to feature bias, making it difficult to fully utilize
information from other channels and limiting the model’ s ability to express key features. In response to the above issues,
this article proposes a double pooling residual classification network of feature reordering attention mechanism (FDPRNet).
Method FDPRNet is based on the ResNet-34 residual network. First, the kernel size of the first convolutional layer is
changed from 7 X 7 to 3 X 3. This change is made because, for relatively small images, larger convolutional kernels can
cause the receptive field to become larger, capturing too much useless contextual information. Time, the maximum pooling
layer is removed to prevent the feature map from shrinking further, retaining more image information, avoiding information
loss caused by pooling operations, and making it easier for subsequent network layers to extract features better. Then, a
feature reordering attention module (FRAM) is proposed to group the feature map channels and perform inter-group and
intra-group reordering so that adjacent channels are no longer connected, and the intra-group channels are grouped in a
sequence of equal differences with a step size of 1. This operation can not only disrupt the order of some original channels
before and after but also preserve the relationship between some channels before and after, introducing a certain degree of
randomness, allowing the model to comprehensively consider the interaction between different channels, and avoiding
excessive dependence on specific channels. The features of each channel combination are extracted and spliced by one-
dimensional convolution, and then the sigmoid activation function is used to obtain the weights of the rearranged features,
which are multiplied element by element with the input features to obtain the feature map of the feature rearranged attention
mechanism. Finally, a double pooling residual (DPR) module is proposed, which uses both maximum pooling and average
pooling to perform parallel operations on feature maps. This module obtains both salient and typical features of the input
images, enhancing the expressive power of features and helping the network capture important information better in the
images, thereby improving model performance. Element-by-element summation and convolutional mapping on the after-
pooling feature maps are performed to extract key features, reduce the size of the feature maps, and ensure that the channel
matrices are capable of element-level summation operations in residual concatenation. Result In the CIFAR-100, CIFAR-
10, SVHN, Flowers-102, and NWPU-RESISC45 datasets, compared with the original model ResNet-34, the accuracy of
ResNet-34 with the addition of FRAM is improved by 1. 66%, 0.19%, 0. 13%, 4.28%, and 2. 00%, respectively. The
accuracy of ResNet-34 with the addition of DPR is improved by 1. 7%, 0.26%, 0.12%, 3. 18%, and 1.31%, respec-
tively. The accuracy of FDPRNet, which is the combination of the FRAM and DPR modules, is improved by 2. 07%,
0.3%, 0.17%, 8.31%, and 2. 47%, respectively. Compared with four attention mechanisms—squeeze and excitation,
efficient channel attention, coordinate attention, and convolutional block attention module, the accuracy of FRAM is
improved by an average of 0. 72%, 1.28%, and 1.46% in the CIFAR-100, Flowers-102, and STL-10 datasets. In sum-
mary, whether on small or large, less categorized, or more categorized datasets, both the FRAM and DPR modules contrib-
ute to the improvement of recognition accuracy in the ResNet-34 network. The combination of the two modules—FDPR—
has the best effect on improving the recognition rate of the network and achieves a significant improvement in accuracy com-
pared with other image classification networks. Conclusion The proposed FDPRNet can enhance the information exchange
within the image channel and reduce feature loss. It not only shows high classification accuracy but also effectively
enhances the network’ s feature learning ability and model generalization ability. The main contributions of this article are
as follows: 1) FRAM is proposed, which breaks the connections between the original channels and groups them according
to certain rules. Learning the weights of channel combinations in different orders ensures that the channels between differ-
ent groups interact without losing the front and back connections between all channels, achieving information exchange and
channel crossing within the feature map, enhancing the interaction between features, better capturing the correlation
between contextual information and features, and improving the accuracy of model classification. 2) DPR is proposed,
which replaces the skip connections in the original residual block with a DPR module, solving the problem of feature infor-

mation loss caused by a large number of pixel points being skipped in the channel matrix during the skip connections in the
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residual module. Using dual pooling to obtain salient and typical features of input images can not only enhance the expres-

sion ability of features but also help the network better capture important information in images and improve model classifi-

cation performance. 3) The proposed FDPRNet inserts two modules—FRAM and DPR—into the residual network to

enhance network channel interaction and feature expression capabilities, enabling the network model to capture complex

relationships and strong generalization ability. It achieved high classification accuracy on some mainstream image classifi-

cation datasets.

Key words: image classification; feature rearrangement; attention mechanism; residual network ; deep learning
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((a) ResNet-34 first layer convolution; (b) FDPRNet first layer convolution )
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Fig. 5 Schematic diagram of original residual convolution
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Fig. 6 Dual branch residual structure
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Fig. 7 Schematic diagram of dual pooling

((a) average pooling; (b) maximum pooling)
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Fig. 8 Three types of residual blocks ((a) residual block; (h) upgraded residual block; (¢) fusion of DPR and FRAM )
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Table 1 Experimental dataset
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CIFAR-10 32 x 32 10 50000 10000
CIFAR-100 32 x 32 100 50000 10000
SVHN 32 X 32 10 73257 26032
Flowers-102 96 X 96 102 14740 15153
NWPU-RESISC45 256 x 256 45 27 000 4 500
STL-10 96 X 96 10 5000 8 000
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Fig. 9 The impact of modifying the first layer convolution of

the network on classification accuracy

((a) test set accuracy; (b) test set loss)
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Table 2 The impact of accuracy at different positions
1%

L CIFAR-100  CIFAR-10 SVHN
1 77.98 95.30 96.79
2 77.94 95.43 96.71
3 79.60 95.59 96.92
4 77.63 95.37 96.71
5 78.98 95.55 96.59
6 78.37 95.46 96.79
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Fig. 11  Comparison of classification accuracy of attention

mechanism at different positions
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Table 3 Experimental results of different
grouping parameters ( classification accuracy)
/%

UES CIFAR-100  CIFAR-10 SVHN
1 78.63 95.45 96.80
2 79.24 95.55 96.70
3 79.60 95.59 96.92
4 79.23 95.30 96.56
5 79.34 95.59 96.70
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Fig. 12 The impact of different grouping parameters on

classification accuracy
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Table 4 Introduction to attention mechanisms
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Table 5 Experimental results of introducing different
attention mechanisms ( classification accuracy)
1%

) 2% CIFAR-100  Flowers-102 STL-10
ResNet-34 77.94 82.88 69.97
+SE 79.26 86.43 70.62
+ECA 78.87 85.08 73.62
+CA 78.65 86.55 71.55
+CBAM 78.73 85.45 73.75
+FRAM 79.60 87.16 73.85
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Fig. 13 The impact of different attention mechanisms on

classification accuracy
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Fig. 14  Test results of dual branch residual (DPR) module
((a) CIFAR-100 test results; (b) CIFAR-10 test results;
(¢) SVHN test results)
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Table 6 Experimental results of introducing different modules ( classification accuracy)

1%

FRETR CIFAR-100 CIFAR-10 SVHN Flowers-102 NWPU-RESISC45
ResNet-34 77.94 95.40 96.79 82.88 90.04
ResNet-34+FRAM 79.60 95.59 96.92 87.16 92.04
ResNet-34+DPR 79.64 95.66 96.91 86.06 91.35
ResNet34+FRAM+DPR 80.01 96.96 91.19 92.51
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Table 7 Experimental results of introducing different
data augmentations ( classification accuracy)
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x8 ARMKZTEIMEIRE LR L ERE
Table 8 Classification accuracy of different network on
three datasets
1%

BES CIFAR-100  CIFAR-10 SVHN
ResNet-34 77.94 95.4 96.79
EfficientNets 75.96 94.01 93.32
CAPR-DenseNet 78.84 94.24 94.95
GhostNet 77.15 94.92 93.86
RTSA Net-101 81.60 96.12 96.67
GLS-GAN - 91.70 94.02
NNCLR 79.00 93.70 -
CCT-6/3x1 77.31 95.29 -
Couplformer 73.92 93.54 94.26
MMA-CCT-7/3x2 77.50 94.74 -
DAMSNet 80.50 96.51 97.60
FDPRNet 82.76 97.13 97.65
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((a) original images; (b) MobileNet_V2;(c) ShuffleNet; (d) ResNet-34; (e) FDPRNet)
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