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An End-to-end Multi-objective Behavior Recognition Algorithm for
Examination Room
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Abstract; There are some problems in manual invigilation, such as invigilator fatigue, invigilator behavior lack of objective
implementation criteria, violation evidence cannot be retained. Therefore, more and more colleges and universities have built intelligent
classrooms and began to implement the task of automatic invigilation by using behavior recognition in the classrooms,so as to liberate
manual labor in the invigilation work and provide a fair and objective invigilation procedures. In the edge equipment of actual
examination room monitoring, it is difficult to realize real —time and relatively accurate monitoring tasks by using TSN dual stream,
3DCNN and other networks combined with temporal and spatial characteristics. An end—to—end multi—objective behavior recognition al-
gorithm for examination room is proposed. Compared with the behavior recognition algorithm which takes extracting spatial and temporal
features and fusing as the mainstream idea, the behavior recognition algorithm based on the combination of multi—target detection and
multi—target behavior recognition in video frames is faster and more accurate in the examination room environment. The algorithm
improves the task with the help of multi label learning, attention mechanism and feature pyramid. At the same time,the locally collected
examination room behavior video data set is retrained by transfer learning to obtain the final examination room behavior recognition
model. The results show that it has reached the upper level of the mainstream data set,and has high efficiency and accuracy in the exami-
nation room environment.
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