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A Classroom Student Behavior Object Detection Algorithm Based on
Enhanced Block Dataset and Reasoning Method
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Abstract : Inthe classroom scenario of "large field of view small target", fine—grained actions such as millisecond
level perception of "sitting upright raising hands" need to simultaneously solve the triple problems of
high missed detection, floating positioning, and large delay. The paper proposes a new collaborative
paradigm of "data inference": @ On the data side, an ACD-7K enhanced block dataset is established
to automatically overlap and block 7392 4K classroom images, resample action anchor points, and
transfer multiple style domains. Zero new acquisition expands the slices to 36640, and the proportion
of small target pixels increases from 0.78% to 4.6%; @ On the inference side, design an SFI-YOLO
two—stage strategy, first using a 320 px sliding window for local block detection, and then using
confidence fusion to suppress duplicate boxes. The overlap rate adaptive formula reduces duplicate
boxes by 42%. Under the 30 FPS hard real-time constraint, YOLOV7 tiny and YOLOv7x mAP@0.5
Raise by 11.4 and 9.7 percentage points respectively; @ On the system side, a lightweight TensorRT-
INT8 link with a weight of only 27.6 MB is provided. A single card GTX-1650 can handle 4 concurrent
4K/25 FPS or 9 concurrent 1080p/30 FPS, with an end—to—end delay of less than 30 ms. On the self
built Classroom-TinyV2 benchmark, the average AP of the three types of behaviors reaches 74.8%,
which is 18.3% higher than mainstream frameworks.
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