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[Abstract]

In this paper, we propose a Label Reassignment Strategy to improve the performance of an object
detection algorithm. Our approach involves two stages: an inference stage and an assignment stage. In
the inference stage, we perform multi-scale inference with predefined scale sizes on a trained model
and re-infer masked images to obtain robust classification results. In the assignment stage, we calculate
the IoU between bounding boxes to remove duplicates. We also check box and class occurrence
between the detection result and annotation label to re-assign the dominant class type. We trained the
YOLOX-L model with the re-annotated dataset to validate our strategy. The model achieved a 3.9%
improvement in mAP and 3x better performance on AP S compared to the model trained with the
original dataset. Our results demonstrate that the proposed Label Reassignment Strategy can effectively
improve the performance of an object detection model.
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I. Introduction
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Fig. 1. Trend Of Occupational Injuries By Year
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II. Related Works
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III. The Proposed Method
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Fig. 2. Proposed Label Reassignment Strategy
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3.2 Label Reassignment Strategy
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Dataset Reassignment
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Fig. 3. Proposed Reassignment And Evaluation Pipeline
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4.2 Model
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Table 1. Applied Hyperparameters

Training Parameter Value
Pretrained model COCO
Input size 640
Multiscale train range 640~1120
Augmentation Mosaic

Learning rate 0.001
Learning rate scheduler yoloxwarmcos
Epoch count 10

Inference Parameter Value
Inference scale 640~1120
NMS IoU Threshold 0.3
Confidence Threshold 0.23
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V. Results
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Table 2. Model Evaluation Result

Model AP50 .05 AP50 APsmall APmedium APlarge AP50 (class) (%)
(%) (%) (%) (%) (%) helmet_on | helmet_off | belt_on | belt_off
Baseline M 47.15 77.59 471 42.88 61.34 73.74 58.39 89.11 89.13
Proposed M’ 51.07 86.28 14.53 45.05 64.47 88.31 80.81 87.39 88.61
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