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Research on automated sheep posture detection based on
RDS-Mask R—CNN

GAN Linhui, DU Jialei, MA Xiaoli, YU Youxin, ZHU Wenbo, LIU Yu, WANG Buyu’

(School of Computer and Information Engineering, Inner Mongolia Agricultural University, Hohhot 010011, China)

Abstract The posture of sheep is closely linked to their health and welfare. With the growing demand for smart
livestock farming, automatic and accurate detection of sheep posture has become increasingly important. This
study proposes a novel RDS-Mask R-CNN algorithm for sheep posture detection based on the Mask R-CNN
baseline. Res2Net101 is employed as the feature extraction network, and the deformable convolution network
(DCN) is introduced to more accurately capture posture features of sheep in different positions, while the soft
non-maximum suppression (Soft NMS) algorithm is used to achieve accurate segmentation of overlapping
instances. The results show that: 1) Comparison of object detection framework algorithms: Compared with the

classic YOLOv3 and Faster R-CNN in this field, the proposed algorithm has improved mean average precision
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(mAP) by 16.68% and 8. 64%, respectively. 2) Comparison of algorithms with different improvement strategies:

The proposed algorithm increases the bounding box mean average precision (Bbox mAP) by 6.21% and

segmentation mean average precision (Segm mAP) by 6.61% compared to the baseline, reaching 87. 34% and

81.50%, respectively. 3) Compared with Mask R-CNN, the proposed model improved bounding box average

precision (Bbox AP) by 6.84% and 5. 58% ,respectively, and segmentation average precision (Segm AP) by

7.25% and 5.17%, respectively, in recognizing the standing and lying postures of sheep. 4) Model

interpretability visualization: This indicates that RDS-Mask R-CNN can accurately capture the deep features of

key body parts in sheep’s standing and lying postures, demonstrating the feasibility and interpretability of

automatic detection by the model. In conclusion, the proposed RDS-Mask R-CNN algorithm effectively improves

the accuracy of sheep posture detection, providing technical support for smart livestock farming.

Keywords sheep posture recognition; RDS-Mask R-CNN; deformable convolution network
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Fig. 1 Flowchart of sheep video data acquisition
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Fig. 2 Sample diagram of sheep postures annotation
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Table 1 Performance evaluation of different object detection models
F 71 - H5 K B B AE /%% ka2 % AW/ % F143 %0/ %
Model mAP Precision Recall F1-Score
YOLOvV3 70. 66 95.67 96. 83 96. 25
Faster R-CNN 78.70 97.51 98.68 98.09
Mask R-CNN 81.13 97.87 98.92 98.39
RDS-Mask R-CNN 87.34 98.21 99.27 98.74
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Note: The bold numbers indicate the optimal values in the corresponding column indicators. The same as belows.
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Table 2 Performance evaluation of algorithms with different improvement strategies for postures recognition
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Algorithm Bbox mAP Segm mAP Precision Recall F1-Score
Mask R-CNN 81.13 74.89 97.87 98.92 98.39
R-Mask R-CNN 83.93 77.02 98.10 98.83 98. 46
RD-Mask R-CNN 86.75 81.36 98. 21 98. 98 98.59
RDS-Mask R-CNN 87.34 81.50 98. 21 99. 27 98.74
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Table 3 Performance evaluation of sheep postures recognition based on different object detection algorithms
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Fig. 7 Precision-recall curves for bounding box detection (a) and segmentation (b)
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Fig. 8 Example images of detection results for varying illumination (a) and varying occlusion (b)
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Fig. 9 Visualization results of the standing and lying postures of sheep
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