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Dead Duck Recognition Method Based on Improved Mask R — CNN

BAI Zongchun'? LU Yinchun'® ZHU Yixing' MA Yiheng' DUAN Enze'”’

(1. Institute of Agricultural Facilities and Equipment, Jiangsu Academy of Agricultural Sciences, Nanjing 210014, China
2. Key Laboratory of Protected Agriculture Engineering in the Middle and Lower Reaches of Yangize River,
Ministry of Agriculture and Rural Affairs, Nanjing 210014, China
3. College of Agricultural Engineering, Jiangsu University, Zhenjiang 212013, China)

Abstract. Traditional manual methods for identifying dead ducks within large-scale stacked cage poultry
houses have proven to be inefficient, labor-intensive, and costly. Focusing on stacked cage housing for
meat ducks, a deep learning-based method was proposed for dead duck recognition. To collect the
necessary dataset, a specialized autonomous inspection system tailored for meat duck housing within
three-dimensional stacked environments was initially designed. To address the issue of severe wire mesh
obstruction within the cage housing, machine vision techniques were employed to repair the cage mesh
and enhance images by using OpenCV. A dead duck recognition model was constructed based on Mask
R — CNN, and further optimized with the Swin Transformer to overcome the limitation of Mask R — CNN’s
global information integration. The accuracy of dead duck recognition among the SOLO v2, Mask R —
CNN, and Mask R — CNN + Swin Transformer models was compared and analyzed. Experimental results
demonstrated that under the condition of mAP value of 90% , the Mask R — CNN + Swin Transformer
model achieved an overall dead duck recognition rate of 95. 8% within the duck cages, outperforming
other mainstream object detection algorithms on the autonomous inspection equipment.

Key words: machine vision; caged ducks; dead duck recognition; Mask R — CNN
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Model training stage bbox_mAP curves and

segm_mAP curves
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Tab.2 Dead duck recognition accuracy with different

confidence levels

SERGPU] FERS B ST G

A mAP/% . . . . ‘
A EL Tmt g WesiF/ %
30 5 1 93.3
Mask R — CNN 60 2 1 97.5
90 1 2 97.5
30 8 6 88.3
SOLO 60 4 7 90. 8
90 0 20 83.3
30 2 0 98.3
SOLO v2 60 2 1 97.5
90 1 5 95.0
30 2 2 96.7
Querylnst 60 2 4 95.0
90 0 10 91.7
30 1 1 98.3
Mask R — CNN +
60 1 2 97.5
Swin Transformer
90 1 4 95.8
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Tab.3 Dead duck identification accuracy before

and after cage net removal
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Tab.4 Identification accuracy of dead ducks aged

0 ~7 days and 8 ~ 15 days %
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1
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