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Abnormal fish movement behavior detection based on multilayer memory
enhancement and residual spatio-temporal transformer

YUAN Hongchun, CHEN Xiangzhi

(School of Information, Shanghai Ocean University, Shanghai 201306, China)

Abstract: The manual method of extracting abstract features to capture video anomalies was no longer applicable to
large-scale aquaculture due to the problems of insufficient feature learning, difficult feature selection and poor
generalization. In this study, computer vision technology was introduced into the study of fish movement behavior
anomaly detection, and an unsupervised learning approach was used to propose a fish movement behavior anomaly
detection method that combined multilayer memory enhancement and residual spatio-temporal transformer to effectively
extract the motion correlation and appearance characteristics of fish. Firstly, based on U-Net network, its encoder and
decoder were used to implement encoding and decoding of video frames, and behavior anomaly detection was achieved
based on the difference between predicted and real frames. In order to strengthen the connection of spatio-temporal
information features between consecutive video frames, the residual temporal transformer module and the residual spatial
transformer module were proposed to enhance the network’s ability to model temporal and spatial information. Since the
convolutional neural network had certain generalization ability, the memory enhancement module was used instead of the
jump connection in the U-Net network to alleviate the ability of the encoder to represent the anomalous frames. In
addition, Generative Adversarial Networks was used to generate more realistic prediction frames, thereby improving the

IS BHA: 2023-03-26 {&E HHA. 2024-08-23
EEUH: EXRARPAESGTH@1776142)
EEBN: BaEQ71—), B, WA, W, #%, FERE AN TR M AN, hcyuan@shou.edu.cn



120 RGO K222 R (H SRBHE ) http://xb.hunau.edu.cn

2024 4 10 H

detection accuracy of the network. The results indicated that this method could effectively extract the motion and
appearance characteristics of fish. On two self-made fish datasets, the area under the curve(AUC) reached 0.916 and
0.921, respectively, achieving fish movement behavior anomaly detection.

Keywords: fish behavior anomaly detection; computer vision; unsupervised learning; U-Net; spatio-temporal transformer
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Fig.1 The structure of residual spatio-temporal transformer

1.2 igiZigsaiEsr

R SFAET ML ) Bz AR T, 51D
3 AR B O SR I A IE AT A T A
FRIE . FEVIZRadARrh, et st S X e ik
TTHHAEE s mAEmlAph B, 1012 N 9k
[, AR AR R A U B A 215
FIH KRS, A G X IE AR F AR
H LA 2 s

w W oz
-
I |
HHE P —@—® — —
i |
NN — 5

WO IAE ;W b A At B T R A
B2 JCiZHEsRiRREsH

Fig.2 The structure of memory enhancement module

1.3 ETHERXHRMERIIERILEH

FEL E RIS 1, 1o, -+, L b, RX
S S 5 T TN A SR T, ELSE AR MITCAE T,
T B ARG CAE T, o B 3 T A B M
2510 SR RIS [ S ARSI, Z2ad B 2 )
lees Ty, 2218 28 508 PR B30 R0 000 4 43 B0
TSR, FER I 22 =X, BIE
SR AR R 5 AR TR, (AR o 4y
Hosf S IR e B, A I SR psE iy
SR XA A BCE A TIR, ST R A

DL U-Net %% | 5% 2206} 25 A i fl 2 210123
SRASHLE R NG, R 4 FfR . it i A
JEOYPER N 256 14 K >R56 1R K A& 3IERIIK A,
By R RN 32 R E B2 1R % AU 512 il K
FHIEE . SHEBRESIIWORIE, 2 Ao JF
SERE TSR, Rt A AR TR B g et A R A S
B, LI TR RS A R RRIE I DAXRP

e U-Net___
HAFS | e
(T1,T2,+,Ti) ' | (i) IR l
e 1 I
R pms )y
__UNet___ . 558
A5 ! ! et 1
ToTarTo) | \— i
ST () ()
TERAT L ZR

3 REEFIER

Fig.3 The overall framework of the model
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Fig.6 Detection results of abnormal frame in red crucian carp dataset
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