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Abstract

Classroom attentiveness evaluation has long been a relatively weak part of teaching quality moni-
toring in universities, and this problem is more noticeable at universities in the ethnic areas of
Guangxi. Manual patrols can cover only a limited number of classes, and the evaluation mainly de-
pends on the personal experience of supervisors, with no quantitative standard; surveillance cam-
eras in classrooms record videos every day, but these video data have not been effectively used for
a long time; even when behavior detection algorithms are applied, their output mostly stays at the
level of behavior counting, which still falls short of the teaching diagnosis that teachers need. In
view of the above situation, this paper designs an intelligent classroom attentiveness analysis sys-
tem, in which YOLOv11 is used for behavior detection and the DeepSeek large language model is
integrated for diagnosis. The system is organized into three layers, namely visual perception, quan-
titative evaluation, and semantic diagnosis. The perception layer takes YOLOv11n as the baseline
model; a channel-spatial attention module is added after the C3K2 feature output, and a fusion
branch from shallow features to the detection layer is added in the neck network, so as to reduce
missed detections caused by dense occlusion and small targets in back rows. The evaluation layer
uses the Engagement Participation Index (EPI) to quantify attentiveness; the behavior weights are
calibrated through the analytic hierarchy process based on the actual conditions of classrooms in
Guangxi ethnic universities, and time-series scores from 0 to 100 are produced. The diagnosis layer
invokes the DeepSeek model through three-layer prompts, and converts time-series behavior sta-
tistics into teaching improvement reports. The experimental results show that the baseline model
has 2.62M parameters, an mAP@0.5 of 0.842, and a single-frame inference time of about 18.3 ms;
among the five behavior categories, the head-down category achieves the best detection result, with
an mAP@0.5 of 0.952. The system has been tried in several classes on campus, and the correlation
coefficient between EPI scores and teachers’ subjective evaluation is 0.87. The system can run on
ordinary office computers and directly use the existing surveillance equipment in classrooms; the
inference is completed locally, and no additional hardware purchase is required, which makes it
relatively suitable for ethnic-area universities with limited budgets.
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Figure 1. Structure of the improved YOLOv11n network (red modules indicate newly added components)
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Figure 2. Loss and accuracy curves during model training
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Table 1. Comparison of ablation experiment results
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