AL 2 ) e
20254 3H

ok ok R o R

Journal of Huazhong Agricultural University

Vol.44 No.2
Mar. 2025,17~28

WAL, PR 21, 22 [ 5, 46 FE T XMem-SimAM F2 B 3 R o #1052k [T ] e el K524t , 2025,44(2) : 17-28.

DOI:10.13300/j.cnki.hnlkxb.2025.02.003

& T XMem-SimAM iy i B 38 R85 5 81 77 7%

BRE R Rl B E R L ANE AR E S, BE

1 4P R K F 45 B2, KX 4300705 2. RALRATIRE EARAR AR T E LT, XX 4300705
3.4 d R K% T, KX 4300705 4. 314k 285 | KX 430070

WE MBS E 2205 R EhAE K AR A 3R S 800 ORI 20 BIME R, LUR R M el
FE SRR B AR R AE R R A ORI RS G A — A 234 AN UUT S (9 ORI 4R L 4R L T
XMem-SimAM A2 W B 3% RS> %105 5. it 51 A SimAM I & 147 22 ROEHHE RIS, 42 THERAE AR [H]
R TR AE B AR RE ) A4 X B2 A8 S W i PR AR AiE ; ) FH 22 () -3 T 1 5 0 A e, e AR A A 0] o) T 3
SCRAE BALEEHR IR Ak 22 RUBE RRIE Al SREBE RN TSR AR, 7843 A 3] v BB DRI B, , DAARL B 22
TR 5 B % B SRS . 2o %, XMem -SimAM B8 7554 BRSO 2 F 4 X ISR B Jaccard |
0B ME B B F V38 B i J&F RN Dice & 804y 5135 #) 96.9.95.8.,98.0 A1 98.0, i F MiVOS,STCN.DEVA |
XMem-+ -+ SF WA G2 7380 053, 7w b i) 43 F0 M Rl 5 74 BRI B, A B 3K B 58.5 i/s, N THAE N
795 MB, S B0 T Ab BEACR 55 0 R I R A T4 . 25 R iz0rik v N T R 24 085 F el AR R R

>

SEETR RIES ArE; HEH SImMAMER S
XEHS 1000-2421(2025)02-0017-12

mESES TP3914  XEKERIRED A

FIRTHEHL S BLES 2 2] SR B AL S AR
6 % P BTk SRS A0 Ak 2 IR AR A 7l v o
S SR SRAA B AR SR TR B 2 ST T
3 EN R SR RO AR AR T A A
1 R ANMRAT 45 v A5 AT 12 B A o Bk ) 2 o)
FH PointNet P % 25 & VE B B f 8 18 Holl =
8 X EIRE R ST T R FA R s Wang 25104
T —Fh 3T RANSAC MBJLE S REWN S oif
SCAEVEE T A Sh USRI R ST 5 Xie %)
T2 /MAE A (infrared thermography, ITG) [
5 FUIR A S I 7 3 5 AT e i Y OLOvSs-
BiF PN A5 7 512 BB 8 X 3 (region of interest, ROT)
S, WO SE IS FUAY 1 i B R 5 Zhang %7 4R
HI R T R A o PR T Bl A SR A A A T i, AET AR A
G 43 R LRI X8, AT AR TR £ 5 WA s He
218038 57 Swin Transformer M\ RGB FIE B K15 #i Hit
5 B HEATHT 500, P45 5 AP IR RG22 X0 4 HAR BT

Wk H 8. 2024-12-16

AT T 5 Kwon 256105 T Pl i 7 2t AR A A8 3
b T SCAR R T TR KT A, S B AR T
flitt. ohmm, AL IR B b RAF s &%
Bl LA R, bR T SCoH 5 AR E T (5]
8, Tk 7 A O 5 0 B R AE R . ik
Jry BRAPEBR ] 1 1 SCor BIHORTER R IR0 52 I b vh
R0 H
PTG 5 1 308 3 ) AL e 71 e it 5 it 22 [1]
(A B K, R A% B 47 b BRI N 20 1) Bl A g P i
BB E R fE J1 . Cho 25 ORI T —Fliz
Bl 3% Wi W 2% (treating motion-as-option network,
TMO) , fEAD & AL A= i S s % 3 i1 DAVIS™
AR B, 51 A UMES 2 R iR S A H
PR ARAE > FIRE B A 1 85.7; Lee RN T
— P 5 A 2 12 B 4% (prototype memory network,
PMN) , Rl A5 3R S vk 4 i iy 4] 1) 32 3 1 L 7E
6 IR AR 1L % 9 3 5 19 YouTube-Objects 4 % 48

LI H AR IR T R AR & Ko i Ah e B (HBZY 2023B006-03) 3 i Ui AE 9 & Fv e K4 301 (2022021302024853 ) 5 HE el K2 -
[ B2 B TR I M 3 R AL 5 T A AR 3 2 100 H (SZYJTY 2022031)

MR L, E-mail : 1334233852@qq.com
WAGMEH 2245 , E-mail : Ix@mail.hzau.edu.cn



18 LRI I NI <3 4

944 %

£ Ay EIS 1A 3] 85.9; Cho Z P 1 T —Fh Fake-
Flow J5 i, 76435 s Wi 88 Il i 3238 55 2 2415 5L
YouTube-VOS Bl 4 134 1 i, 8 3 45 B 6
Uit AR B - 0T LA 42 3 A8 I R R AT, 43 RS
JEIKH186.1. IR, A I REAE Xt Sl Xt
ZA B A FE R

2 W B AR 43 1) 7 AN A — iR 3R b
T JE SR WiE A 2 ) B B IR RRIE A Bl 52 a4 E  3E
1 78 3 AR AL 31 v B OGRS R, A X &
A=Y 5 s A 3l B AR = ORI R HE 73 F A
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A: RAEREF E Acquisition device diagram; B: #HLHEF & Camera de-

ployment diagram.
1 BIERERE
Fig. 1 Data acquisition device
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P B AR A 55 bR 3 S Y 30 A SC A
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A: 3 HFF Pig sequence frames; B: fR R AR1E Pixel level annota-

tion.
B2 BERRHREER
Fig. 2 Pixel level annotation style
F1 BEARWSHEREALAES

Table I Organizational form of pig video dataset

ANTRARBLAL A
N HARIGH Different camera perspectives .
BtE E'lr/Tlabel 0 A 0 it
Dataset ° ZERL L Ak Total
range Left Top Right
perspective perspective  perspective

Y25

. &% 204~514 65 19 64 148
Train set

IFEE

RIER )5 530 0 30 0 30
Valid set

3 L

TR 35 0 56
Test set

1.3 HiEiEiE

Sy Bt v B TR X RS AN ) 22 A )3 1 M Rz Ak e
T3 AR5 0 it A 6 BEAG E A 7 BH0 B i 4 A
E— 25 B SR A Y 1) B e A XA B TR A T
VA — A5 A W B30 1 13 B T 0 s e AR T o
TIVERASE Y (8 e S B 5 T RICHE 19 5 B % L AR
JE AT BEAILEL B 5 01T B AL S A8 e, AL F5TE
e PR AR AT 5 AT MR A K B R 5 iR AT B AL
KNI BT, 3BT R SF hy 384 14 & X384 18 KT A
(patches) . Fdaasm & 3 iR
1.4 FWEEMINXT & o8 02515 1+ & H e
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T AT B i 4 31 e W B AT 2 R 4 I, A A
XMem-SimAM M 26 47 5256 50 B o 1% 2% 4 45 3
AR 3 A il 1 3 FR e 28 0 28 A e 0 1A 22 RS 34
AEARLEE PR B - A ) SR s (B R AB 45 | A A 25 FE
1R . 25 1) 2t A i A A1 37 ot rp 4 B 2

A JFF)MRIHERS E$% Sequence frames and mask images; B : BEHLE 3T
Random cropping: C: K#/L#} 8 Random jitter; D : AL 5125 # Random

affine transformation.
B3 #iEigERel
Fig. 3 Data augmentation example
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FIEREIN e (selection) BT L B2 BUBLHR , LA #E1 T4
FORRRLEE T 5 (B 2 A 2% DA S50 43 51 4% 17 52 oty 31
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ik, XMem-SimAM % T 4 2 5% 22 4 (layer 1. layer 2.,
layer 3. layer 4) Z5 ¥ AT 1 LA IR % , AL T 3 ZH 1Y
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P HH T, E5 T e —4 (layer 4) (58228 |
SEEb A (average pooling) Fl 4 7% 4% )2 (fully-connec-

tion layer) .
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Fig. 4 Overall framework diagram of network mode

SImAM 5 7 AR H 38 2 % REAS 2 O R AE 1A
HEAT 25 (6] FE AL, (o 4 B 48 B OC 6 HUF 5 iR =
[ Py 2 S P, SEORS A4l 0 RAE DG RS AL S A R
B R U A KRR T AR O o AR T 2
A SImAM #5821 25 19 58 52 J% BR5 H RRAE 1Y) $2 B R
I3, FFBUE T B AR A R . BT,
A 5T FE A 5% 2 2H (layer 1. layer 2. layer 3) J54E %,
SimAM 2B I HLH (K 5) , B 7EIL s Rk
() 25 1] 43 A - 338 5i A5 R0 X6 B OGS IX e (o L B
TR . 38 ARSI 8 AR H 2R S i
AT DA A 28 B2 A 2800 6 B 30030 s S5 DG B R

WS Ve P UL 5 . SImAM EE iR AR T
Bl :
(fi_/l)Z
= +0.5
Y 1o N (1)

4 72(1‘,—;1)2—0—/1

Za=2Oa(y;) (2)
KD~z n e A5 R R i AFRAEE
FEAE R 2R B0 R AR R (8 R 3 — 1k i 8 4,
Vi T TN FEAE B — Ak B IS 1 % R
TEE, O.,0() 435l 78 1% J6 2 Fe 7 | Sigmoid 3 1E
PRIER
RiT 3 45k 2= B i 22 ROBE I P i SCRFAE (1/4.1/
8.1/16) %t 2 i i 2% FH T4 T 41 i s i [R5 i
W55 = 2l A% 25 B PR HUAY 1/16 ROBERRAIE 36 A 2IME g
i 2% , AT R 2 YRR 45 30, A 1) 2 i 25 38 3 — >
3X 3R A FFE ML (key projection ) B, PRIIEHEHL
(94 R B ARRAE 43 A AN AR i BR3P 5] it %) 5 4
Tl s PRI e FOEHRAEL £, R it 5 AT T 5] i 55 g sl

REAE A U AR LR B P (5 8, AR R F

k=W, X+ b, (3)
s=(WX+0b,+1 (4)
e=o(W,-X+6b,) (5)

A (3) ~ (5) H, X BSR4 ) 7 R AL
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HHRHE(1/16) o FRAERS B AT RS, LLF
B R P RHE R RRIA . BES ) 2 9 1R AR
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R G, 35 N H B S i A b BT K
1.5 EKERE

A 5T K H Dice 2 2% PR LA Bootstrapped 28 X
TG40 pRBCRA 45 5 1 7 1%, LA AR R AE o H A S
BAEEE i FIVERE

1) Dice 1 2 pR%L. Dice Loss FH T i 2 A FE A
AHALEE o FEAATON 273 BT 55, Dice #5128 97 4b T
1R ZR AR pREL (AN 38 SRR ) 72 A 3/ A 5 5503
NSRRI R THEALT

2> (yey)+1

PSSR E

Dice(y,y)=1—

(D, y, WE SRS 5 i ME R W EIAA 5y,
SR BRES 56 i MG A T .

2) Bootstrapped #5125 PR EL . 7E 5 HAAXT 5 4
FE S5, K H Bootstrapped 58 SR 451 2 R, B A5
Ab FEAE LA E) R REAS | DT 44 v A5 78 A AT 2 TR AR )7
G b U 43 B R SR RE SR 5 2k i Boot
strapped 28 U 5 K 11582 24 il an =X (10) ~ (11)
iR«

1 N
CE(y E ylog(3,)+(1—y,)
i=1
log(l*y ) (10)
BootstrappedCE( y, y )= E(E Vi i) (11)

K10~ y, N EFRE i MERIE
SAE 5y, A PIARAS , 5 i MR R W TIIE ; N AR
SVB R E URE AR
1.6 #RIERE

A5 AE Windows11 #2:4E 245 T , ffi FH Pytorch
FEZRVEAT , O 44 Ay 2 Bk 24 GB & 47 1) GeForce
GTX3090Ti 2.+ ,CUDA A A 11.5, Python A4S A
3.10.12, Pytorch fii A% Ay 1.11.0, JF & 355 Ay Pycharm
2022.3.35
1.7 BHIEE

S gk A AR AL I 2R AR ECH 10 000 48, 9] 1R 2
21 1X107, 75 8 000 F U, 7 ~J F gL Il by J5R 1Y
1/10; S A A% R H AdamW , AL H 22080 R #h 0.05, %
2 i (reference-frames ) 4 3, Y| ZE 4 ¥R (batch-size ) A
8, LAY ZRAt A4 7 51 it Ry 8.

1.8 FfhiEHR

AR5 A FH IX 8RR R J (region similarity Jacca-
rd) FEEEUERGE F(contour accuracy, F) \Dice REVA
K4 P Al T F KBS RIS IR T PEA

XA AU J A Dice R2EGTHE AR N
MOM
MUM
MNM

J= X100 (12)

2X X100

Dice = (13)

2 (12)~(13) /7, M T (g e A% A%, M Hy 2L
SR
WERHERRE R AN,
2P.R.
P.+R.

K4, PSR BRI , RN A R

F=

X100 (14)
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A DA RLBE T (e % R 32 9 L, intersection
over union, ToU ) F T PFAk 500 43 F1 X 35 5 1052 X85
BOARALE o J(RDBRFE T 100, Jiz M A% 10 X 5 3 s
REBR LT 3 %6 B A B F 2 35 TR 1 B (precision) F1H
135 (recall) {98 FISF- 35, T DPA% 0000 20056 38 5
BRIV AR . FE#ER T 100, FRIABIAILE
AR H 02 a0 Oy i R o Y R el S F
S S F W8 (BT 100, 2R B 7 82 A 53
VRN SR Ay 1 F I R AT Dice R BUNITAL 52
P28 5 T HE 65 UG S R, SR HE 4 L e
B WE E 535 o (EBEIT 100, 22 IR A4 23 E0KE 1
JE B

2 FR5HMH

2.1 XMem W %& 43 2 R IR bE 53 47

XMem [ £ Fl XMem-SimAM R 24 75 5% H A0 4
AR BB 25 A 2 iR, XMem-SimAM ¥
EAELTEAGFEAR I T XMem M2, 56IF4E F Y
JF FJF Al #E R 43 535 2 1 97.0.96.1 F197.8,
Dice ZEH 98.0; M4 I, J F FlJ&.F ¥PAL 845 43
35 #] T 96.9. 95.8 1 98.0, Dice £ % &4 98.0.
XMem-SimAM 7£ 5 ik 5 b 09 geF 8T T 0.3,
0.2,0.3F10.1, ZEMA4E _E 435042 7+ 17 0.6.0.6.0.7
F10.5, 784 B B (frames per second, FPS) J5 1 ,
XMem-SimAM M £ 75 56 1F 42 F 4 b Ad i 5 43
SEAE T 54.85 Mii/s F158.50 Wi/s, #i 2 F , XMem
IR 28 B R Ay 51.4.3 6T/ F156.59 M6i/s, T H P
AbFEBE R X BEEE BAFH T XMem-SimAM M 44 7F
Ab B AT S N 18 e AP AN S ) A3 B IBOR

F2 METMLIEIRITEE

Table 2 Comparison of evaluation indicators

(15)

for validation set networks

AL e bR XMem XMem-SimAM
Evaluation| R4 iR Wil RS
index Valid set Test set Valid set Test set
J&F 96.7 96.3 97.0 96.9
J(Jaccard) 95.9 95.2 96.1 95.8
F 97.5 97.3 97.8 98.0
Dice 97.9 97.5 98.0 98.0
ﬁ;%i%é 51.43 56.59 54.85 58.50

5 R A 501 HAm g RS 51 4 731

X E &5 SR A E 7 B s , XMem-SimAM R 28 78 5 H AR
X G o0 FIAT 55 v B TR B 12 AL R T R
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Table 3 Comparison of evaluation indicators
—— XMem-SimAM STCNEY DEVA® MivVOSH! XMem-++ 24
Evaluation index LiSanEES P S a1k SO SO 47155 7w’ SO 4116 S 7.k SO 471 S 7197 3
Valid set  Testset Validset  Testset  Valid set  Testset  Validset  Testset Validset  Test set
J&F 97.0 96.9 95.5 95.6 95.9 96.0 95.3 95.4 95.0 94.3
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AL B /(i/s) FPS 54.85 58.50 51.83 57.90 47.39 53.81 34.67 35.90 67.71 67.31
54 “rlid /MB
BN/ 836 795 1251 1153 724 671 1240 1160 839 799
Max allocated memory
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Table 4 Comparison of complexity
BRI . rngl21] 7 A [22] v 23) 24]
. . XMem-SimAM STCN DEVA MiVOS XMem -+
Complexity
R Z4Y

53.71X10° 54.43X10°

Model parameters
355.74x10°

FLOPs 348.42 <107

53.6810° 40.13X10° 62.19X10°

349.57 X 10° 260.73 < 10° 430.42>10°
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Table 5 Comparison of small target

segmentation performance

Fo sl RRCEEIN I+
Model Average index Improvement
XMem-SimAM 97.18 /
XMem 96.58 +0.60
DEVA 96.30 +0.88
STCN 95.95 +1.23
MiVOS 95.80 +1.38
XMem-++ 94.78 +2.40
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Table 6 Ablation study results comparison
fo IEIEEE Valid set ML Test set RS
Model Model FLOPs
ode RE F  Dicc RFE J F  Dice parameters
XMem 96.7 959 975 979 963 952 97.3 97.5 50.10X10° 320.00X10°
+ J5lf SimAM A5 .
E.tn H.n Pk . . 6.8 960 97.6 979 965 954 97.5 97.7 50.10X10° 320.02X 10’
Original SImAM parameter-free attention mechanism
+ FAERL A
§R§$$f mfﬂ,j?i‘;i:'ﬁ% 96.9 96.1 97.7 98.0 96.7 956 97.6 97.8 53.71X10° 340.20x10°
Multi-scale feature fusion module
XMem-SimAM 97.0 96.1 97.8 980 969 958 98.0 98.0 53.71X10° 348.42x10’

1 & 10 AT T, XMem-SimAM 7854 H 5 B i i1
S DX o5 Jr B0+ T T B A A 9 DX, 0 R o
IR B DX 3k, B €0 R T TR AT, 3R 12 IX 3l el A 7R it
TN BT kAR K , R BB U BB 8 AT S L $2 s B A8 1k
B A0 1 R o 3 1 — 25 0 AT B BG4 T, Si
250
200

150

C
A:XMem X 44 £ 1) A5 25 B: XMem-SimAM [ 46 £ 1) 5 5 C: XMem 9 45 (5 4 5 27 D: XMem-SimAM {5 45 . A:XMem network que-
ry_encoder;B:XMem-SimAM network query _ encoder;C:XMem network value _encoder;D:XMem-SimAM network value _encoder
10 Grad-CAM4SERT#L4K
Fig. 10 Grad-CAM feature visualization

3 it #

ABIF 5 B 00 i N sl A AR K O, 4
T AR TR A AR T Rl W
22 5 [ AR 43 E A XMem-SimAM , %45 158
W51 ATCS R I AL A 22 RO RHE a5 7 ik itk
) 25 - A i 25 SR8 A RO O H AT 5 (]
FRAE . 45920 . XMem-SimAM ¥ 7R T F J&.F
Fl Dice 2% I3 9355 96.9.95.8.98.0 F198.0, i !
B B Ah #3821 58.5 Wi/s, PIAETH #EH 795 MB,
JRIL T FLAE AL B Bl A5 Bl RN A K 0 A ECHRE 1)
SUBRPERE . UL AN, BT EUREAE T A0 A0 R Rl S 5 i

mAM JE 577 HIL i 76 H- e AR T DX I8 5% 1 A
TR, S T Sim AM E 4R 1 A0 PR E Y 5 PR T 6
BUE T e SR A AU R A RIE 55 R A L
P, H W] Sim AM R 7 L e A 3 3 A8 RS AR
2R Ak PR B AR

— L RE T BT A Hh A A SR T B TS L 23
55 PR RE D7 T A L 3 AR o 28 B FTiA , XMem-Si-
mAM BERS A TR A H AR R AL , I 52 IR 5
A DX 3o R A R ) A R R TR AT i
55 B T T H .
RMAWFFAIAFAE— 2N . B, B
2% BE MNP i as S AR O v, Rl o R B AR AR
i A A 2 i Ay S — A, KLY R T
G BRI 2 st o HR, AT B £ 2Ok A
N5 0l AR SZ A PR J5 ST 50K ) R o0 B LB
SEINASTR] i Rl IR N BOREA SRR R A5
W IR RN T A 2 I S PR R B S s i —

MR

A

~

N



o5 2 1A

BRBAT 5. T XMem-SimAM f42f W88 HUs 45 ) )5 27

B HAE AR A I |

1 B LR IR A AR IE T IR RE

£ % 3k References

(1]

[2]

[3]

[4]

L6l

[7]

(8]

[9]

[10]

[11]

WANG Z Y,SHADPOUR S,CHAN E, et al. ASAS-NANP
SYMPOSIUM: Applications of machine learning for livestock
body weight prediction from digital images [J/OL ].Journal of
animal science, 2021, 99 (2) : skab022[ 2024-12-16 ] https://
doi.org/10.1093/jas/skab022.

FAER o ok, AR AR IR BN TR HOR T
ARG K e g B [T]. Ak BLAE 2 4l , 2018, 49 (11) : 1-14.
WANG D F,HUANG H N, ZHANG H J, et al. Analysis of
research status and development on engineering technology of
swine farming facilities [ J]. Transactions of the CSAM, 2018,
49(11):1-14 (in Chinese with English abstract).
NASIRAHMADI A, EDWARDS S A, STURM B. Imple-
mentation of machine vision for detecting behaviour of cattle
and pigs[J ].Livestock science, 2017,202: 25-38.

RHa ), L, R IEAR A BT R i U I R
DA 7 PR 5 [T]. AR M MUBK 2 41, 2023, 54 (7) + 332-338.
GENG Y L,J1Y K, YUE X D, et al.Pigs body size measure-
ment based on point cloud semantic segmentation[J]. Transac-
tions of the CSAM, 2023, 54 (7) : 332-338 (in Chinese with
English abstract).

WANG K, GUO H, MA Q, et al. A portable and automatic
Xtion-based measurement system for pig body size [J]. Com-
puters and electronics in agriculture, 2018, 148:291-298.

XIE QJ,WU M R,BAO J,et al.A deep learning-based detec-
tion method for pig body temperature using infrared thermogra-
phy [J]. Computers and electronics in agriculture, 2023, 213:
108200 [2024-12-16]. https://doi. org/10.1016/j. com-
pag.2023.108200.

ZHANG Z Q,ZHANG H,LIU T H.Study on body tempera-
ture detection of pig based on infrared technology: a review|[J].
Artificial intelligence in agriculture,2019,1:14-26.

HE W, MI Y, DING X D, et al. Two-stream cross-attention
vision Transformer based on RGB-D images for pig weight es-
timation [J/OL]. Computers and electronics in agriculture,
2023, 212: 107986 [ 2024-12-16]. https: //doi. org/10.1016/].
compag.2023.107986.

KWON K, PARK A, LEE H, et al. Deep learning-based
weight estimation using a fast-reconstructed mesh model from
the point cloud of a pig[J/OL].Computers and electronics in
agriculture, 2023, 210: 107903 [ 2024-12-16 |.https://doi.org/
10.1016/j.compag.2023.107903.

CHO S,LEE M, LEE S, et al. Treating motion as option to re-
duce motion dependency in unsupervised video object segmen-
tation[ C]//2023 IEEE/CVF Winter Conference on Applica-
tions of Computer Vision (WACV). January 2-7, 2023,
Waikoloa, HI, USA.Waikoloa: IEEE, 2023 :5129-5138.
PERAZZ1 F,PONT-TUSET J, MCWILLIAMS B, et al. A

benchmark dataset and evaluation methodology for video ob-

[12]

[13]

[14]

[15]

[16]

[171

[18]

[19]

[20]

[21]

[22]

[23]

ject segmentation [C]//2016 IEEE Conference on Computer
Vision and Pattern Recognition (CVPR). June 27-30, 2016,
Las Vegas,NV,USA Las Vegas:IEEE, 2016:724-732.

LEE M, CHO S, LEE S, et al.Unsupervised video object seg-
mentation via prototype memory network [C]//2023 TEEE/
CVF Winter Conference on Applications of Computer Vision
(WACV).January 2-7, 2023, Waikoloa, HI, USA. Waikoloa:
1IEEE, 2023:5913-5923.

JAIN S D, GRAUMAN K. Supervoxel-consistent foreground
propagation in video [C]//Computer Vision-ECCV 2014.
Cham: Springer International Publishing, 2014 :656-671.
PREST A, LEISTNER C, CIVERA 17, et al.Learning object
class detectors from weakly annotated video[C]//2012 IEEE
Conference on Computer Vision and Pattern Recognition.June
16-21, 2012, Providence, RI, USA. Providence: IEEE, 2012
3282-3289.

CHO S, LEE M, LEE J, et al. Improving unsupervised video
object segmentation via fake flow generation[ DB/OL ].arXiv,
2024 2407.11714 [ 2024-12-16]. https: //doi. org/10.48550/
arXiv.2407.11714.

XU N, YANG L J, FAN Y C, et al. YouTube-VOS: se-
quence-to-sequence video object segmentation[ C]// Comput-
er Vision-ECCV 2018.Cham: Springer International Publish-
ing,2018:603-619.

YANG Z X, WEL'Y C, YANG Y, et al. Associating objects
with transformers for video object segmentation [ DB/OL].
arXiv, 2021: 2106.02638 [2024-12-16]. https://doi. org/
10.48550/arXiv.2106.02638.

YANG Z X,MIAO J X, WEIL Y C, et al.Scalable video object
segmentation with identification mechanism [J].IEEE transac-
tions on pattern analysis and machine intelligence, 2024, 46
(9):6247-6262.

CHENG H K, SCHWING A G.XMem: long-term video ob-
ject segmentation with an Atkinson-Shiffrin memory model
[C]//Computer Vision-ECCV 2022. Cham: Springer Nature
Switzerland , 2022 : 640-658.

YANG L, ZHANG R Y, LIL, etal. SmAM: a simple, pa-
rameter-free attention module for convolutional neural net-
works [ C]//Proceedings of the 38th International Conference
on Machine Learning.[S.1. | : PMLR,2021:11863-11874.
CHENG HK, TAT'Y W, TANG C K, et al.Rethinking space-
time networks with improved memory coverage for efficient
video object segmentation[ DB/OL ].arXiv, 2021: 2106.05210
[2024-12-16 ].https://doi.org/10.48550/arXiv.2106.05210.
CHENG H K, OH S W, PRICE B, et al. Tracking anything
with decoupled video segmentation[ C]//2023 IEEE/CVF In-
ternational Conference on Computer Vision (ICCV).October
1-6,2023, Paris, France.Paris: IEEE, 2023 :1316-1326.
CHENG H K, TATY W, TANG C K.Modular interactive
video object segmentation: interaction-to-mask, propagation

and difference-aware fusion [C]//2021 IEEE/CVF Confer-



28 LRI I NI <3 4 544 3

ence on Computer Vision and Pattern Recognition (CVPR). classification of tea diseases based on SimAM-ConvNeXt-FL
June 20-25, 2021, Nashville, TN, USA. Nashville: IEEE, [J].Transactions of the CSAM, 2024 ,55(3):275-281 (in Chi-
2021:5555-5564. nese with English abstract).

[24] BEKUZAROV M, BERMUDEZ A,LEE J Y, et al. XMem: [27] WOO S,PARK J,LEE J Y,et al. CBAM: convolutional block
production-level video segmentation from few annotated attention module[ C]// Computer Vision-ECCV 2018. Cham:
frames [C]//2023 1IEEE/CVF International Conference on Springer International Publishing, 2018:3-19.

Computer Vision (ICCV).October 1-6, 2023, Paris, France.  [28] CHENG H K, OH S W, PRICE B, et al. Putting the object
Paris: IEEE, 2023:635-644. back into video object segmentation [C]//2024 TEEE/CVF

[25] HE K, ZHANG X, REN S, et al. Deep residual learning for Conference on Computer Vision and Pattern Recognition
image recognition [C]. 2016 IEEE Conference on Computer (CVPR). June 16-22, 2024, Seattle, WA, USA. Seattle:
Vision and Pattern Recognition (CVPR). June 27-30, 2016, IEEE, 2024 :3151-3161.

Las Vegas, Nevada, USA. Las Vegas:IEEE,2016: 770-778. [29] SELVARAJU R R, COGSWELL M, DAS A, et al. Grad-

[26] HI#, BELA, B, 5. T SimAM-ConvNeXt-FL 25 it CAM: visual explanations from deep networks via gradient-
9 BN Sy 2 5 [T ] AR HLAR 2= 42 , 2024, 55(3) based localization [J]. International journal of computer vision,
275-281. TIAN T, CHENG Z Y, JU W, et al. Small sample 2020,128(2) : 336-359.

XMem-SimAM based semi-supervised video segmentation of pigs

CHEN Mengfang'*, XU Dihong*?, LT Guoliang"*, LIU Xiaolei*, ZHOU Mingyan™*, LI Xuan**

1.College of Informatics, Huazhong Agricultural University, Wuhan 430070, China;
2.Ministry of Agriculture and Rural Affairs Key Laboratory of Smart Farming for Agricultural Animals ,
Wuhan 430070 China; 3.College of Engineering, Huazhong Agricultural University,
Wuhan 430070, China;4.Hubei Hongshan Laboratory, Wuhan 430070, China

Abstract The dynamic feeding and growth process of breeding pigs during the performance testing
was used to solve the problem of accurate segmentation of pigs caused by complex environments in pig
farms, dynamic growth of pigs, and changes in body size. A pig video dataset consisting of 234 video se-
quences was constructed. A XMem-SimAM based semi-supervised video segmentation of pigs was pro-
posed. The ability of model to extract temporal information at different scales was improved and the tempo-
ral features of pigs’ dynamic movements were captured by introducing SimAM attention for multi-scale fea-
ture fusion. The spatial-channel attention module was used to enhance the model’s extraction of temporal se-
mantic feature weights. The strategy for multi-scale feature fusion and upsampling module were optimized.
The temporal correlation information in video sequences was fully utilized to improve the segmentation ac-
curacy of pigs in videos at a fine-grained level. The results of testing and comparison showed that the Jacca-
rd index, contour accuracy F-score, average metric J&.F, and the Dice coefficient of of XMem-SimAM
model on the pig video dataset was 96.9, 95.8, 98.0, and 98.0, superior to that of video object segmenta-
tion methods including MiVOS, STCN, DEVA, and XMem-+, demonstrating its outstanding perfor-
mance of segmentation. The processing speed reached 58.5 frames per second, with a memory consump-
tion of 795 MB at the stage of reasoning, achieving a good balance between the efficiency of processing and
the utilization of resource. The proposed method can be applied to video segmentation of dynamically grow-
ing pigs in the complex environments of a pig farm.

Keywords semi supervised ; video segmentation; pigs; SimAM Attention
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