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Abstract: To address the issue of high entangling and insufficient discriminative ability of the features extracted by
image classification networks, which limits the expressive power of key features, this paper proposes an image classification
network with attenuation disentangling mechanism (ADMNet). Firstly, based on the differential response characteristics of
biological neurons to signal intensity, an attenuation disentangling mechanism is proposed: the spatial attenuation disentan-
gling (SAD) module is designed to decompose the feature map into independent subspaces and perform attenuation transfor-
mation with different thresholds, effectively disentangling and purifying key features and filtering redundant information;
the channel disentangling (CD) module is designed to use multi-scale one-dimensional convolution to model the channel en-
tangling relationships within different ranges, dynamically enhancing feature channels related to classifications and sup-
pressing irrelevant channels; then, by integrating the SAD and CD modules, the feature attenuation disentangling (FAD)
module is formed, which achieves effective disentangling of image features through the joint operation of dual-branches, en-
hancing the discriminability of key features, and thereby improving the nonlinear expression ability of image features. Then,
a feature aggregation pooling (FAP) module is constructed. It aggregates multi-scale features extracted by different convolu-
tions, enriches feature representations, improves spatial information utilization, and reduces the size of feature maps. Final-
ly, the FAD and FAP modules are embedded into the main path and residual branches of the residual block, respectively, al-
lowing the network to learn features with lower coupling and stronger discriminability, as well as rich contextual informa-

tion. This reduces information loss during network transmission and enhances the network’s generalization ability. The
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method proposed in this paper achieves classification accuracies of 96.6%, 80.6%, 97.5%, 89.6%, and 83.1% on CIFAR-10,
CIFAR-100, SVHN, Imagenette, and Imagewoof datasets, respectively. Experimental results show that ADMNet can effec-

tively decouple image features, enhance feature discriminability, reduce the risk of information loss, and improve image

classification ability.
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Figure 1  Structure diagram of SAD module
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Table 2 Ablation experiment results of ADMNet unit: %

W& | CIFAR-10 | CIFAR-100 | SVHN | Imagenette | Imagewoof
ADMNet | 96.6 80.6 97.5 89.6 83.1
Netl 95.5 79.7 97.1 88.4 80.9
Net2 95.2 78.6 96.8 88.1 82.7
Net3 96.1 80.1 97.3 — —
BaseNet |  89.7 62.9 95.4 87.2 78.3
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Figure 18 Classification accuracy of each network on five datasets
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Table 3 Classification accuracy of various networks on five datasets unit: %
o 45 RIFAEAR CIFAR-10 CIFAR-100 SVHN Imagenette Imagewoof
ResNet-34 20154F 95.54 77.86 96.43 86.75 78.30
EfficientNets 20194F 94.01 75.96 93.32 88.01 77.93
GhostNet 2020 4F 94.92 77.15 93.86 87.83 78.22
DenseNet 2017 4F 94.24 78.84 94.95 87.72 77.91
QKFormer 20244 96.18 80.26 97.13 88.32 81.65
WideResnet-28-10 20164 95.83 79.50 95.21 88.34 78.71
Couplformer 2023 4F 93.54 73.92 94.26 87.91 77.89
SimpleNetv2 20184 95.97 80.29 96.49 — —
GAC-SNN 20244 96.00 80.23 96.17 — —
MMA-CCT-7/3%2 20234 94.74 77.50 — — —
TA-DFKD 2024 4F 95.46 78.42 96.83 87.62 80.57
AugLocal 2024 4F 95.51 79.23 96.91 87.93 80.89
FAVOR+ 20204 91.42 72.56 93.21 88.16 77.57
ATONet 2024 4 94.51 78.54 95.21 86.67 80.19
FDPRNet 2025 4F 95.70 80.01 96.96 — —
ADMNet 20254F 96.60 80.60 97.50 89.60 83.10
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Figure 19  Classification confusion matrix
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Figure 20 Heatmaps generated by each network
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Table 4  AUC scores under each network MoRF perturbation test

EES S0 | S | S50 | S | S | RN

ResNet-34 | 0.7252|0.5735(0.524 3| 0.2203 | 0.705 8 | 0.363 1
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MobileNet_V2|0.8904 | 0.6589 | 0.6179 | 0.2957 | 0.763 0 | 0.479 9

VGGNet 0.740510.5506 | 0.338 7| 0.2204 | 0.649 8 | 0.382 2
GoogleNet | 0.6408|0.4464|0.158 8 |0.166 8 | 0.5927|0.2229
ADMNet 0.6132]0.4432{0.1022 [ 0.1567 | 0.4727 | 0.209 8
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