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Spatiotemporal Attention-based Inverse Reasoning Framework
for Pig Defecation Behavior Analysis in Long Videos

YANG Qiumei'> WU Manting'®> XIAO Deqin'> CHEN Zezhong'?> WU Jiyan'®> HONG Qiwei'”’
(1. College of Mathematics and Informatics, South China Agricultural University, Guangzhou 510642, China
2. Key Laboratory of Smart Agricultural Technology in Tropical South China,
Ministry of Agriculture and Rural Affairs, Guangzhou 510642, China)

Abstract; Defecation frequency serves as a crucial indicator for assessing pig health and environmental
hygiene. However, existing methods struggle to accurately identify and quantify individual defecation
behaviors in multi-pig housing environments and long-duration scenarios. To address these challenges, a
spatiotemporal attention-based inverse reasoning ( SAIR) framework for automated analysis of pig
defecation was proposed. The framework first designed a spatial attention-enhanced YOLO v8 model for
detecting pigs, pig hindquarters, and feces. It incorporated an improved BoT — SORT algorithm for pig
tracking. Subsequently, an adaptive weighted fusion multi-layer perceptron network was proposed for
refined recognition of suspected feces with significant background interference and low resolution. Starting
from the feces detection frame, the framework backtracks historical trajectories using K —Means clustering
to analyze spatial correlations between pigs and feces. Simultaneously, temporal correlations between
feces and pigs were computed by using a temporal attention mechanism. Finally, by integrating the
spatial and temporal correlations, the model identified the specific pig involved in defecation. In short
video tests, the proposed method achieved classification accuracy, recall, and precision of 97.7% ,
97.2% , and 98. 1% , respectively. In long video scenarios, the Fl-score, recall, and precision reached
88.5% , 90.0% , and 87.1% , respectively. The proposed approach effectively reduced recognition

errors caused by multiple fecal discharges in a single defecation event and trajectory misjudgments in
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long-term sequences, providing reliable support for pig defecation behavior recognition and health

assessment.

Key words: pig defecation; behavior analysis; computer vision; spatiotemporal attention; multi-object

tracking
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Tab.3 Experiment results of different-scale versions

within YOLO v8 series %
T mAP@0. 5 AP@O. 3

O L FEfE
YOLO v8n 92.7 99.5 99.2 79.5
YOLO v8s 93.0 99.5 99.2 80.3
YOLO v8m 93. 4 99.7 99.3 81.2
SAE - YOLO v8n 94. 1 99.5 99.2 83.6
SAE - YOLO v8s 94.3 99. 6 99.2 84.2
SAE = YOLO v8m 94.7 99.7 99.3 85.3
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Tab.4 Experiment results of different detection models

and their SAE-enhanced versions %
15 mAP@0. 5 AP@O.5
LS BB el
Faster R — CNN 80.0 99.5 98.2 42.4
YOLO v7n 91.2 99.7 99.5 74.5
YOLO v8n 92.7 99.5 99.2 79.5
YOLO vlln 90.5 99.5 99.2 73.0
SAE — Faster R — CNN 81.2 99.7 98.2 45.8
SAE = YOLO v7n 91.8 99. 8 99. 4 76.2
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SAE — YOLO v8n 94. 1 99.5 99.2 83.6
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Fig.5 Heatmaps of object detection model
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Tab.5 Performance of pig multi-object tracking

SEA-YOLO v8

before and after improvement %
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ki - - - -
LA 1 AT 2 A 1 AT 2
HOTA 87. 64 71.13 90. 61 76.59
MOTA 96. 61 82.02 96. 62 82.03
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Fig. 6  Visualization of ID changes
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Tab.6 Feces detection performance before and

after adding AWF — MLP %

i 7Y mAP@0. 5 AP@O.5
SAE — YOLO v8 94.1 83.6
SAE - YOLO v8 + AWF - MLP 95.3 87.4
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Fig.7 Recognition results across different models
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Tab.7 Accuracy and inference speed results of AWF — MLP and representative models

28 ResNetl8 ResNet34
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VGG19 ViT AWF - MLP (A )

HEwh %/ % 90.5 92.9 94.6
FEIT /s 0.24 0.29 0. 41

97.0 97.5 99.5
0.51 0.54 0.38
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Fig.8 Confusion matrix of defecation behavior

recognition results
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Fig. 9 Recognition and statistical results of defecation

behavior in long videos
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Fig. 12 Temporal statistical analysis of defecation behavior
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and ground truth defecation events /g
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