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Recognition of Pre-farrowing Behavior in Sows Based on SPR — Net
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(1. National Engineering Research Center for Breeding Swine Industry, Guangzhou 510642, China
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Abstract: Accurate recognition of prepartum behaviors in sows is of great significance for farrowing
prediction. An SPR — Net network was proposed for sow posture recognition. The network employed
HRNet as the backbone and integrated a feature pyramid network with a token-based two-stage cross-
attention module in the neck. Meanwhile, a keypoint head loss was introduced into the loss function as an
inductive bias, and asymmetric weighting was applied to constrain the classification head. On the test
set, SPR — Net achieved a Top — 1 accuracy of 95. 6% for the classification of four sow postures. After
performance validation, the network was further used to investigate prepartum behavioral patterns of sows
with different parities. The results showed that the posture transition frequency of both low-parity and
high-parity sows exhibited a staged increasing trend before farrowing. Moreover, the posture transition
frequency of low-parity sows was significantly higher than that of high-parity sows during the early and late
prepartum stages, whereas no significant difference was observed between the two groups during the
middle stage. In addition, low-parity and high-parity sows showed different ranges of posture frequency
variation before farrowing. These behavioral characteristics can serve as indicators of impending
parturition, helping farms take timely management measures. Overall, SPR — Net demonstrated excellent
performance in prepartum behavior recognition of sows, and video-based analysis revealed parity-related
prepartum behavioral patterns. The research result can provide strong technical support and theoretical
evidence for achieving accurate farrowing prediction in lactating sows.
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Fig. 1 Schematics of pig postures
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Fig.9 Differences in posture transition frequency of sows

with different parities during three prepartum stages
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