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Abstract; In smart livestock farming research, deep learning-based method for pig image instance
segmentation is crucial for downstream tasks such as individual pig recognition, weight estimation, and
behavior recognition. However, the model often requires a large number of pixel-wise annotated images
for training, which imposes significant manpower and time costs. To address this issue, a weakly
supervised pig segmentation strategy was proposed, creating a weakly supervised dataset, and introducing
afeature extraction backbone network called RdsiNet. Firstly, the second-generation deformable
convolution was incorporated into the ResNet — 50 residual module to expand the network’s receptive
field. Secondly, spatial attention mechanisms were used to strengthen the network’s weight values for
important features. Finally, the involution operator was introduced to enhance deep spatial information
and connect feature maps with semantic information by using its spatial specificity and channel sharing
mechanism. The efficacy of RdsiNet for weakly supervised datasets was demonstrated through ablation

experiments and comparative experiments. The experiments showed that the mean value of mask AP
under the Mask R — CNN reached 88. 6% , which was higher than a series of backbone networks such as
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ResNet — 50 and GCNet. Meanwhile, the mean value of mask AP under the BoxInst reached 95.2% ,
which was also higher than that of ResNet —50 which reached only 76. 7% . Furthermore, the display of

image segmentation results of the test set showd RdsiNet also had better segmentation effect than ResNet —

50. In the case of pig stacking, RdsiNet can better distinguish each pig. When using the BoxInst for

training, RdsiNet can perfectly segment the outline of pigs, which was more conducive to downstream

analysis.

Key words: pig; weakly supervised instance segmentation; spatial attention mechanisms; involution
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Tab.1 Comparison of different backbone network

training results

F T W% Ei8 mAPpy,, /% mAP,../ %
ResNet — 50 3. 490 x 107 88.8 83. 1
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RegNet 3.417 x 107 88. 4 82.6
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RdsiNet 3.805 x 107 93. 4 88.6
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Tab.2 Comparison of results by using two backbone

networks
CRNCES SRR mAPy, /% mAPsg,, /%
ResNet — 50 3.490 x 107 87.4 76.7
RdsiNet 3.805 x 107 89.6 95.2
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Fig.9 Comparison of segmentation effects of two backbone networks of Boxlnst
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Tab.3 Comparison of backbone performance in

ablation experiments

% SHE mAPy, /% mAP, /%
ResNet —50 3.490 x 107 88. 8 83. 1
ResNet —50 + SPA + DCN 4. 469 x 10 92.8 87.3
RdsiNet 3.805 x 107 93.4 88.6

3.5.2 BHIERE

H T i 2 0 245 HL A AN T g R, DR AR HE A GE
T -5 19 75 3026 4 A R R S O Xy R T, 3
R P2 A A AT AN Sy S s AR i i T R P 1Y

ARUE B AR, 3R B R AR O R0, X R 45 T
SRR KT, AR SO Grad — CAM'™ X4y
A AR R BTG 19 P B, & 10 i 7, 24 B
TRELA 7 3% 78 (BB, (BB R, 36 W AR AIE B A
R, 227 A PEAGORT IOE DX SmO0T 1o 265 11 wieg 7 B vy o ik
N W S 2 A o S O A L M e
3AE TR R B0E K, nT LUE B 15 2 R
A ARG A U 3 ) 3 3 LR, 0 2% 08 32 B B
S8R EL TG 12 A 30 o 4 A 8 L) i JBORS JE 5 T g
JlT involution %7 A% RdsiNet 45 ANV B KK
JAZ B T LT (0 0 I v A, 0 — 2D ] TR

(a) ResNet=50

(b) ResNet-50+SPA+DCN

(¢) RdsiNet
10 3 B T 9 4 28 0 15
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