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Identification of marine fish using multi-scale mixed attention cap-
sule network
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Abstract ; A multi-scale hybrid attention capsule network (CapsNet) model is proposed to solve the prob-
lem of insufficient feature extraction due to single feature extraction structure in CapsNet and excessive
amount of parameters in data processing. First, convolution kernels of different scales are added at the in-
itial end of the network to extract features at multiple angles,and channel attention (CA) mechanism
and spatial attention (SA) mechanism are introduced to reduce complex background interference by fo-
cusing on features of more resolved regions. Second,a local pruning algorithm is adopted to optimize the
dynamic routing algorithm, which reduces calculation parameters and training time. Finally, validation on
open marine fish data set F4K (Fish 4 Knowledge) shows that the model recognition accuracy in this pa-
per is 98.65% compared with traditional residual network50 (ResNet-50) , bilinear convolutional neural
network (B-CNN), spatial transformation network and hierarchical compact bilinear pooling (STN-H-
CBP) and CapsNet models,5. 92% higher than ResNet-50 model; The training time is 2. 2 h, which is
nearly 40 min shorter than that of CapsNet,which verifies the feasibility of the proposed algorithm.

Key words: capsule network (CapsNet) ; image recognition; dynamic routing algorithm; attention mech-

anism; multi-convolution kernel
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Fig. 1 Basic structure of capsule network
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Fig. 2 Basic structure of vector neuron
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Fig. 3 Structure of fish identification algorithm of optimized CapsNet
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Fig. 4 Channel attention mechanism
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Tab.1 Comparison of accuracy between

CapsNet and proposed model

Model Model  Learning Training Test
number name rate accuracy/ % accuracy/%
1 CapsNet 0.01 89. 54 82.35
2 CapsNet 0.001 97.63 92.73
3 CapsNet  0.0001 88.67 81.43
4 Our 0.01 98. 43 97.65
5 Our 0.001 99. 68 98.12
6 Our 0.000 1 93.32 91.22
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Tab.3 Comparison of ablation results

Data set Model Recognition accuracy/ %
CapsNet 92.73
a-CapsNet 94. 83
F4K b-CapsNet 97.47
c-CapsNet 97. 29
d-CapsNet 98.61
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Tab.2 Selection of local pruning threshold
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Tab.4 Improving dynamic routing algorithms

R iti - .
Model acecilorircl;/l%/r: Training time/h
CapsNet 92.73 2.6
d-CapsNet 98.61 2.5
Algorithm 98. 65 9 9

in this paper

Local pruning Improve the test accuracy Training time/h

threshold of the model/ %

0 98. 36 2.5
0.01 98. 64 2.4
0.02 98. 65 2.2
0.03 98. 18 2.1
0. 04 98. 21 2.1
0. 05 98.19 2.0
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Tab.5 Comparison of experimental results
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Data set Model accuracy/ %
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