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Research on Human-Hand-Face Detection Algorithm Based on YOLOv7-HHF
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Abstract: This paper proposes an improved hand and face detection algorithm based on YOLOv7-tiny, named YOLOv7-HHF.
The algorithm achieves a notable 2.8% improvement in mean Average Precision (mAP) for the human—hand—face detection
dataset, realizing a better—performing model for hand and face detection. Existing public datasets primarily focus on detecting
human bodies, faces, or hands separately, which necessitates independent step — by — step predictions, resulting in high
fluctuation in joint accuracy, low inference efficiency, and long processing time. Moreover, the hand and face detection task
involves the "large—small" multi—scale object detection problem, and mainstream detection algorithms often fail when facing
such complex multi-scale object detection tasks. To overcome these challenges, this study introduces several key innovations. A
unified dataset is constructed, encompassing human bodies, hands, and faces, to preserve the relative relationships among them.
The YOLOv7-tiny architecture is enhanced by incorporating a small object detection layer tailored for detecting smaller targets,
thereby improving the accuracy of detecting hands and faces. Based on the YOLOv7—tiny network, a small object detection layer
is added to improve the detection accuracy of small objects (hands and faces). The integration of CA attention and recursive
gated convolution augments the model’s capability to capture inter—class relationships among human, hand, and face features,
leading to improved detection performance, especially in scenarios where targets are partially occluded. The Focal-EloU Loss is
adopted to mitigate the optimization oscillations caused by “large—small” multi-scale object detection.

Keywords : human — hand - face object detection; YOLOv7 — tiny network; small object detection; CA attention; recursive

gated convolution
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