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Identification Method of Dead Broilers in Stacked Cages
Based on YOLO v8 — ST

Wang Hongying'>  Yang Huilin' Hao Hongyun' Song Daoyi' Wang Liangju'® Sun Xianfa’
(1. College of Engineering, China Agricultural University, Beijing 100083, China
2. State Key Laboratory of Agricultural Equipment Technology, Beijing 100083, China
3. Shandong Minhe Animal Husbandry Co. , Ltd. , Yantai 264000, China)

Abstract; A detection model based on the improved YOLO v8 was constructed to address the issue of
automatic dead chicken detection in large-scale commercial broiler farms. Based on a self-built dataset,
the YOLO v8 — ST model was proposed. In the C2f module, the shift-wise convolution was introduced to
simulate large kernel receptive fields through small kernel convolutions, thereby enhancing the feature
extraction capability in complex scenarios. Meanwhile, the Power Transform ( PT) function was
introduced to optimize the overlap calculation in the alignment metric, improving the learning ability of
high-quality prediction boxes. Experimental results showed that the precision, recall, and average
precision of the YOLO v8 — ST model reached 94.7% , 92. 8% , and 97. 6% , respectively, which were
4.2, 4.1, 4.0 percentage points higher than the baseline. To address the issue of high model
complexity, the LAMP pruning method was introduced for lightweight optimization. When the global
pruning rate was 33% , the average precision of the model was decreased by only 2. 0 percentage points,
while the floating-point operation count was reduced by approximately 33.0% , and the number of
parameters and model size (9.1 MB) were reduced by 60.0% and 57.0% , respectively. The results of
multi-camera experiments indicated that the single-camera model performed optimally on homologous
data; multi-camera data fusion could significantly improve detection performance; and low-illumination
cameras had the potential to replace expensive industrial cameras in low-illumination environments. The
methods and conclusions proposed for dead chicken detection can provide theoretical references for the
automatic inspection of dead chickens in broiler farms.

Key words: stacked cage rearing broiler; dead broiler; YOLO v8; model pruning; low-light camera
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Fig. 1 Broiler chicken house cages and collection site
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Tab.2 Results of ablation experiment

FL TR K%/ % H [/ % KT B/ % E2i6 FORTHER O MEEEE/ (s
YOLO v8 90.5 88.7 93.6 1.11 x 107 2.86 x10" 139.2
YOLO v8 + C2f_shift 91.8 87. 1 94.9 1.10 x 107 3.27 x10" 124.2
YOLO v8 + PTO. 5 92.7 89.7 95.7 1.11 x 107 2.86 x10" 139.3
YOLO v8 + C2f_shift + PTO. 5 94.7 92.8 97.6 1.10 x 107 3.27 x 10" 124.7
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dead 94.7 92.8 97.6
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Fig.7 Comparison of network detection performance before and after improvement
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Fig.8 Receptive fields of different layers
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Tab.4 Performance comparison of different network models
RLTY %/ % AR/ % KT B/ % E2i6 Tt HEHHE/ (fs71)
YOLO v8 90. 5 88.7 93.6 1.11 x107 2.86 x 10" 139.2
YOLO v8 — ST 94.7 92.8 97.6 1.10 x 107 3.27 x 10" 124.7
YOLO v9!'®) 91. 4 90. 7 94.9 7.2 x10° 2.67 x 10" 143.2
YOLO v10!*) 93.2 85.4 93.7 7.2 x10° 2.14 x10" 165.3
YOLO 1120 95.3 87.1 94. 4 9.4 x10° 2.13 x10" 154.0
YOLO 12021 91.4 88. 1 93.6 9.2 x10° 2.12x10" 143.3
YOLO 262! 92.9 88. 1 94.0 9.5 x10° 2.05x10" 161.0

0 B RO H AT iR A AL

ST ET LAMP 37 ki 52 56 45 2R (3T AL
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A EE A o 4 J B ASE S o TR e i A 4 R K 1Y
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lamp 73 %0{H B AT A o fE 25 BRI T,
YA ARy 33 % AR TP BE fre 110 , G AF B8 R 288 51 14
REB R A [l 3R 2085 2 20 531 O 93. 1% ,90. 7%

H195. 6% , V- S48 FE B A AU T FE2 2.0 > H 41
R R ST S R B AR 2N 33% , S ER > 60%
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Tab.5 Comparison of model pruning effects

P HE 2/ % A/ % SR L/ % ZH T REBI Y £F 5 JH B/ MB
JE IR 94.7 92.8 97.6 1.10 x 107 3.27 x 10" 21.2
lamp — 33% — True 93. 1 90. 7 95.6 4.4 x10° 2.16 x 10" 9.1
lamp — 50% — True 90.9 82.0 90. 6 3.0 x10° 1.62 x10" 6.3
lamp — 60% — True 94.0 85. 1 91.7 2.4 x10° 1.31 x10" 5.0
lamp — 66% — True 88.7 80. 6 87.3 2.0 x10° 1.08 x 10" 4.2
lamp — 33% — False 92.5 88.5 92.7 6.6 x10° 2.17 x 10" 13.5
lamp — 50% — False 91.6 88. 1 93.5 4.4 x10° 1.63 x10" 9.1
lamp — 60% — False 91.7 85. 1 92.2 3.1 x10° 1.30 x 10" 6.4
lamp — 66% — False 91.0 83. 1 91.2 2.3 x10° 1.09 x 10" 4.8
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Tab.6 Test results of single camera image mode 1

B 3ExE B

5 R B Tk R
LR GL 13 4 17 94
HK MV — CA023 - 10UC 28 2 30 90
Sony XCG —240C 11 1 12 103
RealSense L515 14 3 17 93
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Fig.9  Cross-test results of multiple models
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Tab.7 Comparison of results of mixed multiple

. .
e HK

camera image models =

B R B A s Az 55 IRAE AR
A Gl 6 7 13
HK MV - CA023 —10UC 12 0 12
Sony XCG —240C 3 5 8
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