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Instance segmentation of group-housed pigs based on
recurrent residual attention
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(1 College of Information Science and Engineering, Shanxi Agricultural University, Taigu 030801, China; 2 Urban and
Rural Planning of Architecture Department, Liiliang University, Liiliang 033001, China)

Abstract: [Objective] To realize high-precision segmentation of individual pigs under different conditions
such as pig adhesion and debris shielding in a group breeding environment. [Method] A total of 45 group-
housed pigs of 20 to 105 days from eight sheds in real farming scenes were studied. Mobile camera images were
used as data sources, and data enhancement operations such as changing brightness and adding Gaussian noise
were performed to obtain 3 834 annotated pictures. We explored multiple models with the cross-combinations of
two backbone networks ResNet50, ResNet101 and two mission networks Mask R-CNN, Cascade mask R-CNN.
We also introduced the idea of recurrent residual attention (RRA) into the two major task network models to
improve the feature extraction ability and segmentation accuracy of the model without significantly increasing

the amount of calculation. [Result] Compared with Cascade mask R-CNN-ResNet50, Mask R-CNN-ResNet50
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improved APgs, APg7s, APjs.g9s and APgs o5 jaree by 4.3%, 3.5%, 2.2% and 2.2% respectively. Different

numbers of RRA modules were added to explore the impact on the prediction performance of each task model.

The experiment showed that adding two RRA modules had the most obvious improvement effect on each task

model. [ Conclusion] The Mask R-CNN-ResNet50 model with two RRA modules can more accurately and

effectively segment group-housed pigs under different scenes. The results can provide a model support for

subsequent identification and behavior analysis of live pigs.
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I represents the input image, Backbone represents the backbone network, Align represents the ROIAlign, H represents the network header, C represents the

classification result, M represents the segmentation result, ©O@)®) represent the head networks with IOU thresholds of 0.5, 0.6 and 0.7 respectively
2 Mask R-CNN 5 Cascade mask R-CNN %83 LE 5]
Fig.2 Mask R-CNN and Cascade mask R-CNN model comparison chart
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2t B3 4E N Mask R-CNN 5 Cascade mask R-CNN
RS MmN, Ik B AR MR AR By & A )
AP FEFRE (K 1),

WA S5 SRR, M A B T P 2% X% Mask R-
CNN 5 Cascade Mask R-CNN 1T- 55 W 45 B 7 4= 4%
BNV RA— . PL ResNet50 1 NE T M 4%, % H
Mask R-CNN Lt Cascade mask R-CNN 1F 4T 4%
ZRAE AP 50n APg 757 APq 500,95 F1 APg 50.0.95-1arge TH IR
Eor BT 4.3%3.5%2.2% A1 2.2%. 1 #f
ResNet101 1E A8 TP 564 T, i H Cascade mask
R-CNN Lk Mask R-CNN 7 AP son APy 75 APp 50,005
AP 50.0.95-1arge TH IR LT AR TE 17.4%. 29.4%.
17.3% F1 18.0%. 7] Jil, 7E1% HIAN A P 45 15 L
~, Mask R-CNN 4 Cascade mask R-CNN 1T 5% [% 2%
)1 REAR L R ILA A& #, EAMZE B & 2450 1
Cascade mask R-CNN it 2 Bk £ F IOU [RI{E %
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®1 TRETRE TAEESME BRI FINEE (AP)"
Table 1 Average precision(AP) for different task networks under different backbone networks

4 Model ‘BT 4% Backbone network AP 5 AP, 5 APos0.005 APy 50.0.95-large
Mask R-CNN ResNet50 0.885 0.714 0.582 0.605
ResNet101 0.660 0.348 0.368 0.384
Cascade mask R-CNN ResNet50 0.842 0.679 0.560 0.583
ResNet101 0.834 0.642 0.541 0.564

AP & 7 vAxPE H IOU BME T 55 2 6 AP 4§ ARAEL

1)AP, represents the AP index value using x as the IOU threshold

S8R PLG bAT RS B A AR, (R T BRI
THOLT, HACRE 55T Mask R-CNN.

TEM FT 55 25 2 4F 5 3 FH ResNet50 7EH
BT M2, A AP FE AR E AL T ResNet101.
Pl Cascade mask R-CNN A, % ResNet50 1A
BT M4 ResNet101 7E &4 AP # 45 LT
0.8%~3.7%, ResNet50 & T M5 fH#EL T ResNet101
JLURPE T vk, BIe R ILRRIESR A D5 TR, H
TR WX 268 0] e 27 SR FEE Y % ), 3 BUR W) A% 1
IR OV B A A ], HAEASCRESR AR I
BEF, BB A AR AR AR R AR 005 B DL R g
R, 2S5 T 45 I, 1 0K 1) ResNet50 4% 7
—EFEE L RES SRR A B R RRAE, LRt &
P 1) ResNet50, HARERAFIE /N, YIZRHTE
B o

4.2 fIAA[E] RRA $RERFGE S5 MLE 5 892200
4.2.1 RF) RRA B3 s 4L 5 M % 5-3) AP 1849 %
N T REXT IR IR ORGSR R AR B A A
S A 2 S M R AT A, DR AT B T
oy B GREFE, 1 8Ok R A0 N0 5, 8 ok
R % 2515 B o BRI R, AR SCRI T 6
& A[F RRB He50f) RRA TEFR G 2203 2 ki Ee, %
H Ak N Mask R-CNN 5 Cascade mask R-CNN 7k
RS Mg H, HiH S A M4 B4 %) AP FE AR
fH. % 2 BARAFAE T MBS AN FEEEIHE
FEVE & SRR AT 5 2% 12> ) AP FRARE, H
PRI IR P B 2 2 KN N 0,02

I 25 R, FEAHFEE T KT, I
RRA 5K ININAEAT RRA BB 4R 55 2% HH L, 2L
— AR TH BT AP {8, EDEZEINA 1 > RRA

R 2 SINTEMEIFZRETES RRA) RRIESZWE S BB FIHEE (AP)"

Table 2 Average precision (AP) of task network segmentation with different recurrent residual attention (RRA) modules

ieit] B4 RRAME YA & AP AP AP AP
Model Backbone network No. of RRA modules 030 073 030-095 0.30-0.95-targe

Mask R-CNN ResNet50 0 0.885 0.714 0.582 0.605
1 0.860 0.706 0.585 0.611

2 0.892 0.769 0.636 0.660

3 0.890 0.764 0.628 0.651

4 0.887 0.752 0.618 0.642

ResNet101 0 0.660 0.348 0.368 0.384

1 0.646 0.364 0.350 0.365

2 0.686 0.474 0.400 0416

3 0.684 0.461 0.396 0.409

4 0.684 0.469 0.396 0.410

Cascade mask ResNet50 0 0.842 0.679 0.560 0.583
R-CNN 1 0.835 0.700 0.579 0.603
2 0.874 0.767 0.631 0.654

3 0.873 0.749 0.623 0.647

4 0.864 0.745 0.614 0.639

ResNet101 0 0.834 0.642 0.541 0.564

1 0.836 0.687 0.568 0.591

2 0.885 0.772 0.634 0.660

3 0.883 0.770 0.630 0.654

4 0.873 0.756 0.617 0.641

1) AP & = VAxAE ATOU BT 3 &2 44 AP35 AR 18

1) AP, represents the AP index value using x as the IOU threshold
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¥ 41 %

B 130 4 B0 B2 H IR T AP (A PRI
% (N Mask R-CNN-ResNet50 7E 1A 1 > RRA #
Hujg, HAE APy 5o AP 55 888 E 5 KA RRA #5
HUAR LE R 2.5% 1 0.8%), (H AR REF = A 7 4+ /1
1B H . M 2~4 > RRA BT S5 I 45,
TE A0 [F B F W 4% 26 N 5 R N RRARE 4
% W 25 K L, 38 RE AT K ORI BE (0 AP E 32 FF, DA
ResNet101 A& TR 4%, Cascade mask R-CNN A{F
W4 A1, FEMN 2~4 A~ RRA B JE, 5ARIMA
RRA LML, 75 AP, 5o F1 AP 55 TEA5 L7 A1 42
T+ 3.9%~5.1% F1 11.4%~13.0%, iF ] RRA A
FIFHEFRIAEE T A0 B AR #1, 1K 2N RRA
REHLAE FPN H (1 S KM Rt & 5T N R IS
B XFHREAE B o (10— Uit DA E DUGARRAE S R
HEAT B AE, A ROHE T W S R BRI T
(B AL AE B, S0 QR 3% A SR S R, B
T HERE oy BT HER M S oy EIA S e R

TEAH B T 45 26 F T, IS A RRA BEER
AT 5 M 48 o RE R BLA K 27 . BEE BN

RRA & RRC #&H RRB A0, #4681
W28 251 T AR 55 X 4% AP Fabrfd 25 B 5 0 s
BN, HAEE T M E 2R, A 2 4~ RRA
TP AT 55 9 28 2 B A e £ AP {H . LA ResNet50
PERE T2 B, K 2 4~ RRA BEEIN Cascade
mask R-CNN {L55 R 1, 3L AP o0 AP 75+ APy 500,95
AP 75 TEARE 7 715 F] 0.874.0.767. 0.631 Fl
0.654, LA 4 4> RRA BEEALE & A Fabr ol 4
Tt 1.0% 2.2%- 1.7% 1 1.5%, 15683 BRI )
RRA U A5 (1 43 BB 240 IMNELE R RRA
B (1 AMEDY) KRk 20 8 B IR 58
24 3R A A RO AR RS B T N IR
RRA BEH R 5 7Y B i 81 &, TR e A2 S B i
4 RRA R DL 2~3 2N H

422 7 F) RRA B AL G- MBI R TAL N
I IMAANEJZ 2 RRA #EHH) Cascade mask R-
CNN 5 Mask R-CNN #5878 il X 82 b (1) 0 4%
i, 1% H ResNet50 1E & T M4 73 AIHE 2 MESS
PR 28 b8 o oy 4 SR AT R AL (B 4).

RRAMEHHE No.of RRA modules

T

O~O©F7R F MR TN 45 5 22 TR B0 LR A % 4

(D—-®) indicate the serial numbers of pigs having the parts with large differences in the prediction results of various models
4 MAREERZZEEES (RRA) R Cascade mask R-CNN 5 Mask R-CNN #2251 £ 7UM 45 R AT LR R
Fig. 4 Visual display of prediction results of Cascade mask R-CNN and Mask R-CNN model test sets with different

recurrent residual attention(RRA) modules

WK 4 fioR, 54 RRA #EHHEL, Cascade
mask R-CNN 5 Mask R-CNN H R 7E fii X RRA #
BeE— M (I 14~ RRA BEEL1 51 41) 3667 K il
MR FETE, SR 2 4 RRA BiH, 54 H
SR AE T TN At B A B 1 A A L ) B A B
HEM IO . deAh, TEMAAM FRIBER AT, 5
Cascade mask R-CNN #f kb, Mask R-CNN 43114 %
FERE A o E0 S5 S RS . 0 T O B Sk M AR
FEAE, Wdw"5 OMIAMMAE, Bk Mask R-CNN-ResNet50+
2 > RRA Hilt 5 Mask R-CNN-ResNet50+3 4>
RRA HEHUX 2 PRl b, H ARS8 A G X H kAT

Gy &, IXTRERE R g 5 QOB A A MR B Sk A
370, L DX AR AE B Sk A 4R v Y, AR AR A
IRHER WS 75 R T AR AR AL TR 9 5
©RIA A, Proa R AR gext Lk AT a o &, X
& NG5 © T b Ay B D 2 id T 85, R Sk B
i LA™ B, BV IR G 1B 2 5 2 AR
AW SRR P, AR5 St 7 A
HAR PRIX AN 2 R AT T AR HE X I, a2k B
TR R AR 3 A S o BIHE TR BE SR T T ) AL
43 AEFHRTARERFMER AL

N HE— B R FCAEAE 55 W 28 OIS [ J= 2%
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RRA FEH R RILE A 50N St fe, K40
AR 73 IR 43 5 1 BERG I A0 E 14 3 Fhig
5, K R MRS S E B Mask R-CNN-
ResNet50, iJ MLAL &R FEMAAS [/] RRA BEEL 5 1)
SYESCR A S Fias .

MBS AT H, 3 Fig ST, I 2 4 RRA
B ) Mask R-CNN-ResNet50 15 fig B 75 i 432 ) 23 &
R X TIRE 2 B 5 5 ORI AR M, H
DRy B 8 B Sk I A S e IR AR R 22, HLpt oAt
AEREAR T T IS, SRR 2 > RRA BEEL[)
TR A0 L A AR 1) A B oK L MR 7R IR B 4 3
Ko AHAIN 2 A~ RRA BLH IR A5 B ATY B 350 53-8

Ry B H R, X RN A IE 2 0 RRA R GE XS
BTG T — 8 VR, FE TG RS 1 43
FIRCE, W H 5 AR AR ALE B AT X AT £
PRI T B HERE XEFInN 2 45 3 4 RRA
B (1) B B 7E 15 BE 23 B 5 AR Wi £ 3% 5 T 1)
SE IO IEIT, (HIN 2 4> RRA AR [R5 4y 1
NG NEE, AR VIERS 5T 5 N
AME, TN 2 A~ RRA B S (145 24 %A% 543 10350
P R e, ZEB FRAFZ S H A
2 /> RRA ) Mask R-CNN-ResNet50 #%4 GE %
WA 5 U 1) o BIVERE, SEBR HR R AR A R A 0
RIS H R,

RRAMEH 5 No.of RRA modules
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Deep separation

High adhesion

@ i ; :
IR
Debris barrier L
@ - e || |
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(D-® indicate the serial numbers of pigs having the parts with large differences in the prediction results of various models, GT represents the real results

marked by LabelMe

5 MARREERZEEES (RRA) R Mask R-CNN-ResNet50 8 3 REIH R HIRE S B AR KRR
Fig.5 Visualization of the segmentation of different scene data using the Mask R-CNN-ResNet50 model added with

different recurrent residual attention(RRA) modules
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