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Consistency Weight—-Based Annotation Fusion Algorithm for Object Detection

LIU Yang"?*, LI Guoliang'-?

(1. Key Laboratory of Intelligent Breeding Technology of the Ministry of Agriculture and Rural Affairs , Agricultural Intelligent
Technology Engineering Research Center of the Ministry of Education ; 2. College of Informatics, Huazhong Agricultural Universi-
ty, Wuhan 430070, China)

Abstract: With the advancement and application of object detection technology, there is a surge in the demand for high—quality labeled data.
However, traditional data annotation suffers from issues such as high costs and low accuracy, severely constraining model training and devel-
opment. To address this, a consistency—weighted object detection annotation fusion algorithm (CWF) is proposed, offering a novel approach
for efficiently integrating multiple annotations in object detection. First, a dataset of 4 000 cattle images was constructed and annotated by
multiple annotators. Second, the consistency—weighted mechanism (CWF algorithm) was introduced to enhance annotation fusion perfor-
mance. Finally, by fusing varying numbers of annotations, the performance differences and optimal fusion scale of different annotation fusion
algorithms were tested. Experiments demonstrate that the proposed method significantly outperforms intersection—based, WBF, and EM fu-
sion algorithms, achieving a Macro—F1 score of 91.49% (the highest). Additionally, the inference speed is 4.54 times faster than the EM fu-
sion algorithm with comparable accuracy, effectively balancing high precision and inference speed.
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Fig.1 Target detection annotation fusion process
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Fig.2 Overall framework of the proposed CWF algorithm
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Table 2 Source and quantity of cow images
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Table 3 Performance of CWF algorithms under different
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Table 4 Performance of different fusion algorithms
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Fig. 8 Changes in packages and global Macro/Micro—F1 in different models
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Table 5 Computational cost of different fusion algorithms
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Table 6 Performance of different fusion algorithms in fusing the results of six object detection models

F6 AERMESEE 6 BIRENRE M RAITREHMEEE (%)

iR Macro—P Macro—R Macro-F1 Micro—P Micro—R Micro-F1
Yolov5su 74.84 56.95 60.88 82.77 39.52 53.50
Yolov8s 71.32 54.56 58.13 80.99 39.14 5278
Yolov9s 72.27 56.13 59.38 83.04 40.81 54.73
Yolov10s 74.06 61.11 63.63 84.07 45.19 58.79
Retinanet 69.19 64.76 62.30 57.50 47.02 51.73
Maskrenn 63.43 70.93 62.08 52.68 53.54 53.10
¥ifE 70.85 60.74 61.07 73.51 44.20 54.11
S 55.80 75.31 59.31 42.60 62.87 50.79
WBF 60.34 76.26 62.73 48.37 63.84 55.04
EM 64.26 73.01 64.21 53.86 58.85 56.24
CWF 64.44 73.17 64.36 53.82 58.80 56.20
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Fig. 9 Visual comparison of fusion results obtained by different meth-
ods (red ellipses indicate regions with noticeable differences)
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Fig. 10 Macro/Micro—F1 of different fusion algorithms at different

fusion scales (multiple models)
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