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Classification Model of Fish Feeding Intensity Based on
MobileViT - CBAM — BiLSTM

XU Lihong'? HUANG Zhizun' LONG Wei' JIANG Linhua' TONG Xin'
(1. School of Information Engineering, Huzhou University, Huzhou 313000, China
2. College of Electronics and Information Engineeriing, Tongji University, Shanghai 201804, China)

Abstract; Precise feeding technology for fish ingestion is a key technology to achieve intelligent
aquaculture. However, most of the precise feeding model is based on indoor aquaculture ponds with clear
water quality, which are not suitable for outdoor open farming environments. In view of the actual
situation, a set of detailed open pond dataset through water perspective acquisition was constructed, and
the dataset was augmented to increase its diversity, and then the BiLSTM bidirectional recurrent neural
network was embeded on the basis of the lightweight neural network MobileViT, so as to improve the
memory ability of the model for video sequence data in a long period of time, and the CBAM attention
module was combined with the MV2 module to design the CBAM — MV2 module, and then the CBAM —
MV2 module was added to different layers of the model for experiments to obtain the most reasonable
improvement scheme. Finally, an improved MobileViT — CBAM — BiLSTM fish feeding behavior
classification model was proposed, which improved the prediction ability, robustness and generalization
performance of the model, and realized the three classification of fish feeding behavior. The
experimental results showed that the improved MobileViT was significantly better than previous in the
collected video frame dataset, with an accuracy of 98. 61% , 98. 79% for Macro-F1, which was 6. 33
percentage points for accuracy, 6.75 percentage points for Macro-F1 compared with the original
MobileViT.
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Tab.1 Video capture duration
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Fig.2 Video frame data set
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Tab.3 Performance of models under different

cyclic network structures %
R4 £ A 7 WL R % F1{H MFLE A F1{E
RNN 93.06 92.83 93. 06 93.32
GRU 96. 53 96. 38 96. 53 96. 55
LSTM 93.75 93.27 93.75 93. 82
BiLSTM 97.92 98. 03 97.92 97.90
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Tab.4 Effect of CBAM on model at different layers
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Hi 4 [, B2 CBAM £E505 2 22 3 3 2 V5
4 2 555 2P e R R 4 B0 97.50% (96.25% |
95.63% 94.37% ;7 )2 CBAM i [a] i 7645 2 J2 1

555 JRUS N MERR Rk B B R, O 98.61% s 7E 4 2
HVR I A1 0T AR DR AR A5 5 2% I A2 B HUA R
Y e T ST O O v T e - e 1 R |
KSR BCR ARV PR AESE 2 RS 5 E W
BB AT T — 2Pk,

SE B HT CBAM A5 B #1528 i 2% > vh % FH I
TER M SE 2 B A 8 GE 4 B 7R 1, CBAM J2
LA 38 T8 R 73S (0] 03 38 2 I R AT, R 5 UE X A
RS AR S 50 (1 5% i B2 R 58 2 JR AN AR 5 )2 ) i 4
BIA N SE B He Fl CBAM #E B gE A7 5256, 45 R 5
Jlim. WS F i, CBAM R SE FEHL T 5245 A
S TR A R ELF , AT SE BiH, IR
T CBAM A5 (1 X 28 W R 3 v 1. 73 AN o i, %
FI A 174 A E 50 8, AL FLEH S 176 4>
A8

RS FREBNEREREEE

Tab.5 Performance of models with different

attention module structures %
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CBAM 98. 61 98.79 98. 61 98.61
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Tab.6 Experimental results of each model %
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Fig. 10  Diagrams of classification results of test samples
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