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MLC-YOLO based key object detection method for origami action
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Abstract: To address the inter-rater and intra-rater variability, as well as the time-consuming nature of
manual scoring for the “three-step command” in the Mini-Mental State Examination(MMSE) , an object
detection method based on MLC-YOLO is proposed to achieve automatic and precise detection of this
action. First, multi-level classification object detection is performed on key human body parts and paper,
and a same-class maximum confidence selection strategy is adopted to simplify post-processing and ensure
the uniqueness of targets of the same class. Second, an adaptive spatial-channel decoupling module is
designed to achieve efficient downsampling. Then, Ghost convolution and wavelet transform are introduced
into the C3 module to enhance the efficiency and capability of multi-scale feature extraction. Finally, for

the small object detection layer, spatial and channel collaborative attention is introduced to improve
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precision and recall in complex scenes. Experimental results indicate that the mAP95 of the proposed

method reaches 61.8%, an increase of 5. 6% compared to the original model, while the parameter count

is reduced by 51.52%. It proves the effectiveness of the method, offering a new approach for object

detection problems involving unique targets and multi-level classification, and providing an effective object

detection method for the automatic scoring of the “three-step command” in MMSE.

Key words: deep learning; object detection; multilevel classification; lightweight network
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Tab.1 Experimental environment configuration

SR [LFhs
BAERG Ubuntu 20. 04
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Tab.4 Ablation experiment results
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Fig.7 Mean average precision fitting curves
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Tab.5 Comparison of experimental results of mainstream model
T2 4 ik Params/M GFLOPs P/% R/ % mAP50/ % mAP95/ %
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MLC-YOLO 0.862 2.6 90.9 92.3 94.9 61.8
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Fig.8 Visualization of detection results
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Fig.9 P-R curves of the model before (a) and after (b) improvement
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