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Fish feeding behavior analysis based on global graph reasoning and im-
proved three-dimensional dynamic convolution
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Abstract: In this study, a lightweight video classification network based on temporal action detection was proposed
to solve the problems of uneven feeding of bait and water pollution in intelligent aquaculture, and improve the accuracy and
efficiency of feeding. Based on ResNet 3D, a deep separable convolution module and a three-dimensional dynamic convolu-
tion module were introduced into the network to reduce the model size and parameter quantity. The graph convolution global
inference module and DenseBlock module were used to construct the regional and global relationships, which could enhance
the expression of deep features of the network and improve the classification accuracy of network. Experimental results
showed that the detection accuracy of the model could reach 96.70% , which was 7.7 percentage points and 4.4 percentage
points higher than that of the variational autoencoder convolutional network and 3D ResNet-GloRe network, respectively.

The number of parameters and calculation amount of the model were also significantly reduced, which were 1.10 M and

3.87 G, respectively. Therefore, the lightweight video
%% H #7:2023-09-07

EEWA ) A4 B SURIF 55 H (2021B0202070001)
EERA T T (1998-) i VLI, Bl LA e A, 2N FE

Al A% B Ak, HL & M58 5 W84 X F 58, ((E-mail)
2794873588@ qq.com ven feeding of bait and water pollution, and had high ap-

classification network based on time motion detection could
effectively improve the accuracy and efficiency of intelli-

gent feeding in aquaculture, reduce the problems of une-

BIEE . B, (E-mail) mchen@ shou.edu.cn plication value.



1864 AN N (A R

2024 4E 55 40 & 10 M

Key words:

Pt FLR AR 4L SU G811, 2022 4F K 7= i 77 ik
1.191 8x10° t, Hoit A T 328 B9 /K 7= ffh 7= a1t o b
52%"" ., B N T3RBH =L A ERE AR 3 24
TS 409% 3 ] PEARLRS 14 AT BT AR
FRRHNA . AR, THRHE AR 2 S B0 2 A K
G%  FRBE A IS 4R MR 1 2 R BOK AR5 G, 3
Tt R R R TR f0 2 AT N SR v
A OCHE, TP B R 2 IR BN T
Wi, ELEE  ER D

A X0 247 R A5 32 R K A I | 7
SRS BOT BN SE S H RS o TR ML 3
BRI EA XU ) To A2 3 s A TR0 45 R A
Wz Y BT AL AR 1 A TR
SYMT TRy R AR A T O RS AT E R
R 3 7K TR AR R B R R AT (RN

RN 08 PR . BB SCAED R K
2 P AR R SO R T 2 B o i i i
TrRELE , SEUN A B B AR R BRI 5 R
GOV S U o 1 A R BRI R AR, OR 4
Relief 5550 25 #E AT ARl & R 4G D #0288 48 BIR A
AR A 2 R P O 3 3 R AT B A2 B I A
FEAE A £0 B iz B PR, DT R AT 4 B IR AR
90 5 R it 28 2 R R T [0 Y R R A s U A 22
DR824 S G U £ B IR A5 5 Zhou 515 SR IR B 2
)75 Gk LeNetS #58 | Xf i1 24 455 60 3 B 4740
J& K S H ERAS AR AR R R
2% MobileNetV3-Small SRR 5 80~ 110 s B A
Xof i €0 4% B RS A TASI

W B A I £ 2R AT S A A, R DRSS A T ARG
RN A B R S T = 4 E R T B U - B2
U AR 28 22 (A Xt S HR o B kA7 Ak, 2
S Fpe/ N3 SRR ) s AL R A I AR LB, DA T[] 422
R £0 JEFFEOIRAS  Li 2511 JE T UG A Jmy 30 i
L RIS A 1 3 R A A I K T B B R R
5, M )R ARG 0 A8 BIRAS s Lin 4517 5l A 16
O TR ] {1 R P s T o 4 ok SR A e 4%

DL AT NI R 2 5 T A~ B 7 Rk, It
7V I B ity 2 B — I RS AR TC 1 58 AR R A T
132 S5 8 LR IR BRIO G BERN 15 57 S A5 SR (R 2L

fish behavior; machine vision; video classification; global graph inference; dynamic convolution

KT, BEAM AR GEALAS 2 2T R AR R A
YRR, 500 280 ik 22 B AN ) S
JAL R A ZE SR T 0 a0 AR
B2 2] BRI 3 28 7 R B AT A TS

TERI S B H DL ) 0 48 B AT A R ik
A LT LRI, Malgy 25 38 153 SURAG R o 28 J 45 %if 7K
ARSI T 502 SR AR AR SR AR 5y @ 3h g
TSR X A 2 G iy PAR B TR E J5 PR T SRR
432 Feng %2 R EAY 3D ResNet-GloRe 4% %}
AR EAT NIHAT 028 O ARE AR B AT M I s 55 R
AR A TR IR Shou 52 & T —F £
BB 3D A AR | 3 o B ] S VR AG I R 15 A E bR 2
RUER S Wt SR TS BB Ak

AR —FE R S 8E D TR
ANAT R Tt A SR A T i B i G 22 I
2 WA T ML 1535, LA ResNet 3Dy 4k
fit, 5I A 6 )2 8% 4 FUZ ( DenseLayer ) 4 A% 4 1
AR (DenseBlock ) >, 1 i3 44 H 45 BUZ 7] 1Y)
A% % ke SRR A2 P 3 08 i A\ R I R B 5 T
SRR 5 il PR B T 40 28 45 AU B 20 i 47 3% 3 1
BRURNZ AR, S0 BE 18 F X355 2 s/ DB Al
FoE M SR 51 A SE T BB R & R HE A
B My a R EARECE T SCE B, SRR AR
BRAFAE DG PR X 2% 11 253 B 4t v OO 25 TE A o
fifi = 2 shAS B A ™3 i 1 B S WL AR B 4
ART A 0 30 8 4 R B K/ INFI IR, B4 b A
BURFE , A 3RS E s fi o i, DU i e
T AR AR DA T P2 1 5 2% |y f0 S S0 T R 1
PR AR 2R

1 MRS TE

1.1 REHRBIERERS

ARG QI 58 % G2 Ry R SR 216 £ | a0 £ AR
£:10~20 em, FEHE R 500 g, 35 TIHRE 1.5 m K
110~15 CHIFEFE M b, 7RI AT, DFFER R
PR RN IR M R B |, DA HGE N BT, SR A
(8] [ 22 4K 100011700, 50500 R 5 22 48 a0
1 s BRI 2 FE R SR FE M K T = 20 1 m Y
frE , REMIUTESE W AR 1 s 30 Wi, 73 HE
91 280x 720, # XN mpd, IR AL BRIE N Py-



T EAET R R S PO = 4 S S R IR AT AT 1865

thon , #1285 W 4844 22 T Bt PyTorch FE$RAL
1.2 RIe#E

AW 0 RAR AT R AR EIRES B
ERAS 2 R, HAI A 4 /N BLAR AR5 WL
2, WMERSOIEEET R EI TN, R
RSEFER BT R AR EAT RS, /- Bk IE in 3k
1, RA3~5 s PSR BEN BRANEEAS 452 N F
AT - BRI 95 AN 21 66 f A BEAE R BdiE 4
TEICELHE 45 A ) 20% FHAE R 4R | R 453843 1Y
80% FIVEVIZR4E ,20% FHITE IR IESE

BRI

E1 HERXRERGETEE
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Fig.3 Flowchart of video classification algorithm
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Fig.4 Framework diagram of global graph inference and improved three-dimensional dynamic convolution
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Fig.14 A display of the correct recognition of fish feeding behaviors
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