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Abstract: With the development of human-computer interaction, virtual reality, and other related fields, human pos-
ture recognition has become a hot research topic. Since the human body belongs to a non-rigid model and has
time-varying characteristics, the accuracy and robustness of recognition are not ideal. Based on the KinectV2 so-
matosensory camera to collect skeletal information, this paper proposes a one-shot learning model matching method
based on human body angle and distance characteristics. First, feature extraction is performed on the collected bone
information, and the joint point vector angle and joint point displacement are calculated and a threshold is set. Sec-
ondly, the pose to be measured is matched with the template pose, and the recognition is successful if the threshold
limit is met. Experimental results show that the method can detect and recognize human poses within the defined
threshold in real-time, which improves the accuracy and robustness of recognition.
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A 50 0 100.00
B 50 0 100.00
c 50 1 98.00
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Overview: With the development of human-computer interaction, virtual reality, and other related fields, human pose
recognition has become a hot research topic. Since the human body belongs to a non-rigid model and has time-varying
characteristics, the accuracy and robustness of recognition are not ideal. Based on the KinectV2 somatosensory camera
to collect skeletal information, this paper proposes a one-shot learning model matching method based on human body
angle and distance characteristics. KinectV2 somatosensory camera can capture color images, depth images, and skeletal
images. This article combines color images and skeletal images to extract and recognize human poses, thereby making
the recognition more accurate, real-time, and robust. Through the feature extraction of the obtained bone information,
the feature vector is constructed using the vector in mathematical thought, that is, the endpoint of the joint point minus
the joint point of the starting point. The joint angle in this article uses the elbow joint as the fulcrum, shoulder joint, and
the hand joint is constructed as the end-point. In this way, multiple types of poses can be combined, and the attitude
sample library can be expanded. The joint point vector angle and the joint point displacement are calculated, and the
threshold is set. The angle features and distance features are selected to make the feature points more prominent. The
posture is easy to identify in complex situations. The final posture to be measured is matched with the template posture.
The idea of matching calculation is to calculate the real-time posture characteristics, and compare the calculation results
with the set type data and thresholds successfully. The significance of the model matching method using one-shot
learning small sample learning is that small sample learning does not require a large number of samples and only a small
number of samples for training. The advantages of a small number of samples are as follow: 1) The pose features can be
accurately located during training; 2) Irrelevant data is discarded; 3) The calculation amount is reduced; 4) The recogni-
tion speed and accuracy are improved in the attitude matching process; 5) The anti-interference ability is stronger. The
design of this paper is applied to option selection. Gesture recognition replaces the physical device and makes a defined
gesture to complete the selection of options. Experimental results show that the method can detect and recognize hu-
man poses within the defined threshold in real-time, which improves the accuracy and robustness of recognition.
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