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Video Human-object Interaction Detection Model with
Gaze Guidance for Complex Environments
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(1.Huadian New Energy Group Co., Ltd., Fujian Branch, Fuzhou 350000, China
2.Nanjing Nanzi Information Technology Co., Ltd., Nanjing 210032, China)

Abstract: To address the robustness issues in video-based human-object interaction detection, a gaze-guided video human-
object interaction detection model for complex environments is proposed. This model utilizes a head-body matching algorithm based
on feature similarity to improve the accuracy of head-body matching. A feature fusion module is designed to effectively integrate
image, text, and gaze heatmap features. On the VidHOI dataset, the proposed model achieved an improvement of 0.84 in mAP across
all classes compared to the best-performing baseline model, HOIGF. On the Action Genome dataset, the proposed model achieved an
improvement of 0.7 in Rec@10 across all classes compared to the best-performing baseline model, HOIGF. The model enhances the
accuracy of video HOI detection in complex environments and demonstrates good robustness.

Keywords: human-object interaction recognition; gaze guidance; feature fusion; feature similarity matching
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