F50E FoM H 3 b % #H
2024 4 9 H ACTA AUTOMATICA SINICA

Vol. 50, No. 9
September, 2024

ZMECEE IR EMEZREIR 7K

N 1 1
X# EH

B E A AESNKREMS (Capsule network, CapsNet) FFAESEEUATE 4 0198, 3R — M EME S KWLM BOEE
IRHERLERTY . B o, 1EBRE IR Z R AR AN = R R AE 43 7 SR i 227 (Spatial attention, SA) AiMIEEE /) (Channel
attention, CA) SRIREUA BUFME; A5, R_EE T HEMER S (Vector attention, VA) MUHI1ERA TaI&KHZ, Xt E
B O, SR SRR RN & B R E TN AN R, EAANA RS LT -GS T R, 4R
Y, B4Rt Y CapsNet 58 BUTE 73 MG FE A S et B AR T AR JE M 48 A AL, 7F 47 S 20 46k 45 34 5 ThD B3R I R 47

KR MRS, IRFEM L, RN, 2B, SR

SR R, TH. ZMBE R IREME N EINE 3. BaMbEHk, 2024, 50(9): 1804-1817

DOI 10.16383/j.aas.c210012

Multi-stage Attention-based Capsule Networks for Image Classification

SONG Yan' WANG Yong'

Abstract Aiming to address the inadequate feature extraction problems in the traditional capsule networks
(CapsNets), a multi-stage attention-based CapsNet model is proposed in this paper for image classification. Firstly,
spatial attention (SA) and channel attention (CA) are used to extract effective features in the convolutional layer
from low-level features and high-level features, respectively. Then, attention mechanism based on vector direction is
introduced into the dynamic routing layer to enhance the focus on the important capsules, thereby improving the
prediction accuracy of the low-layer capsules to the high-layer capsules. Finally, the comparison experiments on im-
age classification are carried out on five public datasets. The experimental results show that the proposed CapsNet
outperforms other CapsNets at the classification accuracy and the robustness, and its shows a good performance on
the image reconstruction for affine images.
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Fig.2 A capsule network model of multi-stage attention
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Table 1  Classification error rates of different improvement modules on five datasets (%)
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Baseline 0.38 7.11 21.21 5.12 5.62
Baseline + (SA + CA) 0.32 5.54 11.69 4.61 5.07
Baseline + VA 0.28 5.53 14.65 4.99 5.21
Baseline + (SA + CA + VA) 0.22 4.63 9.99 4.08 4.89
2 .
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6 -
A nt
0 1 1 1 1 1 1 1 1 1 1 1 1
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(a) Iteration curves of MNIST
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(b) Iteration curves of Fashion-MNIST
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Table 2 Classification error rates of different models on five datasets (%)
i MNIST Fashion-MNIST CIFAR-10 SVHN smallNORB
Prem Nair et al.’s CapsNet”! 0.50 10.20 31.47 8.94 —
HitNet!” 0.32 7.70 26.70 5.50 —
Matrix Capsule EM-routing” 0.70 5.97 16.79 9.64 5.20
SACNM 0.50 5.98 16.65 5.01 7.79
AR-CapsNet"! 0.54 — 12.71 — —
DCNet 0.25 5.36 17.37 4.42 5.57
MS-CapsNet?! — 6.01 18.81 — —
VB-routing — 5.20 11.20 4.75 1.60
Aff-CapsNets!™ 0.46 7.47 23.72 7.85 —
A SCHETY 0.22 4.63 9.99 4.08 4.89
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Fig.11  Comparison of the real images from the CIFAR-10 dataset, the reconstructions from
a conventional capsule network, and the reconstructions from our model
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Fig.12  Comparison of the real images from the SVHN dataset, the reconstructions from
a conventional capsule network, and the reconstructions from our model
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Fig.13  Comparison of the real images from the smallNORB dataset, the reconstructions from
a conventional capsule network, and the reconstructions from our model
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