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Abstract; With the development of intelligence and automation technology, people pay more attention to
use it to monitor pig welfare and health in modern pig industry. Since the behaviors of group pigs present
their healthy status, it is necessary to detect and monitor behaviors of group pigs. At present, machine
vision technology with advantages of low price, easy installation, non-invasion and mature algorithm has
been preferentially utilized to monitor pigs’ behaviors, such as drinking, eating, farrowing behavior of
sow, and detect some of pigs’ physiological indices, such as lean yield rate. Feeding pigs at group level
was used the most in intensive pig farms. Owing to normally happened huddled pigs showing in group-pig
images, it was challenging to utilize traditional machine vision technique to monitor the behaviors of group
pigs through separating adhesive pig areas. Thus a new segmentation method was introduced based on
deep convolution neural network to separate adhesive pig areas in group-pig images. A PigNet network
was built to solute the problem of separating adhesive pig areas in group-pig images. Main part of the
PigNet network was established on the structure of the Mask R — CNN network. The Mask R — CNN
network was a deep convolution neural network, which had a backbone network with a branch of FCN
from classification layer and regression layer to mask the region of interest. The PigNet network used 44

convolutional layers of backbone network of Mask R — CNN network as its main network. After the main
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network, the output feature image was fed to the next four convolutional layers with different convolution
kernels, which was the resting part of the main network and produced binary mask for each pig area. As
well, the output feature image was fed into two branches, one was the region proposal networks (RPN) ,
the other was region of interest align ( ROIAlign) processing. The first branch outputted the regions of
interest, and then the second one aligned each pig area and produced class of the whole pig area and the
background area and bounding boxes of each pig regions. A binary cross entropy loss function was utilized
to calculate the loss of each mask to correct the class layer and the location of ROIs. Here, the ROIAlign
was used to align the candidate region and convolution characteristics through the bilinear difference, and
which would not lose information by quantization, making the segmentation more accurate, and FCN of
the mask branch used average binary cross entropy as the loss function to process each mask, which
avoided the competition among pig masks. After all, the ROI was labeled with different colors. Totally
2000 images captured from previous five days of a 28-day experiments were taken as the training set, and
500 images from the next 6th to 7th day were validation set. The results showed that the accuracy of the
PigNet on training set was 86. 15% and on validation set was 85.40% . The accuracies on each data set
were very close, which showed that the model had effective generalization performance and high
precision. The cooperation between the PigNet, Mask R — CNN (ResNetl01 — FPN) and its improvement
showed the PigNet surpassed the other two algorithms in accuracy. Meanwhile, the PigNet run faster than
the Mask R — CNN. However, the times of three algorithms spent on 500 samples of the validation set
were similar. The algorithm can be used to separate individual pig from group-pig images with different
behaviors and severe adhesion situation. The PigNet network model adopted the GPU operation mode,
and used the three branches of class, regression box and mask to compute parallel processing time , which
made the processing time of single image quick, only 2. 12 s. To a certain degree, the PigNet could
reduce convolution parameters and simplify the network structure. The research provided a new
segmentation method for adhesive group-pig images, which would increase the possibility of group-pig
tracing and monitoring.

Key words: group pig; image segmentation; instance segmentation; convolution neural network; deep

learning; adherent pig body
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JiR o o YIZREE 4 FAT N R 4 500 i, 3k 4R
4 FhAT R B A 125 M. f3 1 AT, PigNet BRI 7E
YIZREE AR IEAR b 3 A B 1 BI85 31, B )
TER 2 K T 85.00% , I 45 45 Hy 86. 15% , B iiF 4
H 85.40% ., TEAAT HAEA T, PigNet B A X 7 £ |
oK 38 B AT R R o B PR BE AT, U 2R A R IR
W R IR NT 86.40% , B iiF £ %138 17 K B
1555 B K 253K 92.00% . 5 BMRE A % fg 4
R 0 e ol 7 BT A R RE AR RS R R A T Y

WOREBLG BT A K 1% B AR AS ) 72
JEHH BE, QNP 6 B s o B Ik B0 A M B R I A Rl
17 0 0 B e A v R S I ZR AR T o), B 2R IR
# W] PigNet #1137 L PERERLLF o

F& 1 PigNet 5> EITEM ISR

Tab.1 Analysis of PigNet segmentation evaluation index

MU URE {%i%zﬁ/ ﬁ%ﬂmiﬁ 43 M HEH
7} B/ i /%
W fr 500 439 87. 80
ok 500 436 87.20
Ve S iz g 500 465 93. 00
Y kb 500 383 76. 60
Mt 2000 1723 86.15
e 125 111 88. 80
ok 125 108 86. 40
IRE4E b5 125 115 92.00
G Fip 125 93 74. 40
Mt 500 427 85. 40
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PigNet A5 7% 73 1A [R] B 25 9 Rt 3% 1 97 0 B A
By RIPERE . AN 6 TR AT R HEIRA
REFELER 5 220 R i S5 1 O, I R 52 23 51 e
B i T RUECK IR AR AN A X R o A
AT BSOS (AR M P FL, S 3 XA A 58 B 1 0 A
Iy E B R, A& 6a.6¢.6d i, & 6d /95>
R E 5K, BT AT R AR R B A — 2, 3 I L8 4
0 o0 B PR B B U B, 5 EOTC A AR B o
HUOE B 48 B, B3k ] B 6 20 OF, W] PigNet
X 245 A58 TR X0 R 32 A R R

v !

O ()
&6 AR AT S i A5 Y 43 4 2R
Fig.6 Segmentation results of diversity behavioral images
TEFHAS SCER 58 Lo BV REAS v B 2 A7 o 18
K AFEA B D B R, 0B SR 1) 32 B iz & 1A
BB T FR o B R AR RS SR LTS
JRE HRORG % ™ R B AT R, a A R R i A S AR
B 5 R WS 43, AT 5 | AR 73 A iR

CET RERER
Fig.7 Split error images

3.3 MSEBSHIEE

R T A BB o3RRG 1% 5 A TR I 2% 2 8K
FIRLTY A SC Ay % Mask R — CNN 32 T % 4% 1 45 1
JEECRNTE ST TR JRRE S Y I 4% A A A T 1Y
SRORE ST EIEFR IR 2 fion, WK 2 aTLLE
HE T A TR B R R XoF 43 B A 2R A W] S Y R e
WU RERY 1 B HE A 5 B e, DA e 8 TRAR 4 1 10 o
KA UGHEBLAY 4 ~ 8 a4 LR W] &, e 101
JZH1 200 R GRS 44 EHERZIRE BB AES
RE B 28 e, SHE R R A 55 1 B B
convl FHRE R A [6] 46 FURZ , 52 ) 1 1) 2% £ JC iy
FEARFRAE , foe Z AR BLAE T I 265 458 10 (1) 3 510 o 1 2%
M2 2 WA BRI 1 4.6 194 F HERf R 1 &
T[] — o 2 R JBE 1) HL A OGRS, AR AR 1 8%
OB 3 H oy FIMER R m 0.6 D 2y, A
32 BACKRTE 4 FUZ BOG W 45 4 B UE R 2R 5 I 4K
K, 4 BT I 245 4 5510 o iy 5 52 i 3 /N . AR SR A
OB RL 1 Sy 43 HDRS 7% 88 UK AR 00 18580, BB
PigNet 815 BUZEON 44,55 1 Br B convl ]
EEBE AT xT,

R2 MHEMEHSHZEMDHEHE

Tab.2 Parameter setting and segmentation accuracy of improved network

- e F M 2 45 T2 Hor A R 3/
1B E 52 Bk %3 Bk 54 B 55 Bk %

Mask R — CNN fi % 7x7 1 9 12 69 9 74. 00
1 7 %7 1 9 12 12 9 85. 40

2 9 %9 1 9 12 12 9 85.20

3 11 x11 1 9 12 12 9 84. 80

o 4 9 x9 1 9 12 69 9 73. 40
Bt 5 11 x11 1 9 12 69 9 73.20
6 7x7 1 39 75 75 9 73. 40

7 9 %9 1 39 75 75 9 72. 80

8 11 x11 1 39 75 75 9 70. 40

3.4 FRESEERITE S

WA R A ALE Mask R — CNN B A (1 43 1
ROR AT X H o R R AE 9 2 000 4> 3I 25 A A A
500 6 3F REAS, Il 2 Mask R — CNN ( ResNetl01 —
FPN) &AL P i ) 28 BRI AE 500 > B b FE A F Y
SrEIVERE LR AN SR 3 BTN

x3 AESEERMMERLILER
Tab.3 Comparison of different segmentation

networks performances

L 1R 5 )

05 ik HEHf 2/ % )
B 8] /s
Mask R — CNN( ResNet101 — FPN) 74. 00 2.15
A 85. 40 2.12
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A B ER R A Mask R — CNN ( ResNetl101 —
FPN) 58 HfER A 11,40 D a3 0, B E T
W25 5 FUR A SR IR B, A E B B2 IR ES
FIF o B RE 32 5 . AR5 Y H 2 43 FORG 7% 1Y)
BESRAE , ARAT 0 37 7 38 S 0 A A B4 ) 45 4 FR
J2 38 T HURS 2 4 R W AR IR, R F 4 D U
2% (AR B 25 5 5 8O B ME Re i o B0 R A A
H 43 DX B3 H R — A A A 3 TR — B BR A AR
(3t B AN 1B 7 R o AR SOOI R LA 8 Mask R —
CNN(ResNet101 — FPN ) 5% 51 45 4 Wy AL A 1 43 1) 7
Re ALY T JULA, — B Ll T B S50 6 A
TAGERY [ B AR TR 4y R AT B

AR08 P A H Mask R — CNN ( ResNetl01 —
FPN) 5 7 1) 50 g (145 43 50 A 3R] 45 45 7 30 ms,
AR SCEER AL JZ 450 % Mask R — CNN(ResNet101 —
FPN) MR K58 7 & B2 450, i b T 5 B %
f14) 43 1 A B 1] o

43 R PigNet [0 25 F50 7Y | A7 00 b gk DR 5 44 O L
PG Fo X LA AR TR B 885 ARG 322 [P) R, PigNeet o) 2% 462 7
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li] £ 7 $72 LAY FRAE 4 9 ROTALign Tt %%, ROIAlign
R AE N ROT 42 JURR AiE JF £7 B2 a5 A Al th =22 18] /9 1
FZAG eSS (M) AL E . M ROT 23 AN 32, — N0 32
SE I TIUIN 28 ) A [ UH A AT 55, 55 — Mask 43 3% 4
A~ ROT B H Fp 70000 4y 13— AR

(2) PigNet 45 1 75 Il 25 46 F1 56 i 4 B 1 W fs
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0y 86.15% , 5 WE 4 N 85.40% , 5 Mask R —
CNN 5 3 K H: ol i A AL R 47 4 B 88OR X 1L, PigNet
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(ResNetlO1 — FPN) #2580 &5 11. 40 A~F7 20 4, B 4
|2 B[] %2 Mask R — CNN( ResNet101 — FPN) f&
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