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Abstract

Real-time detection of campus safety hazards is an important task for ensuring the safety of teachers
and students’ lives and property. The existing monitoring systems rely on manual operation and
have delayed warnings. Moreover, the general deep learning models have large parameters and high
computational complexity, making it difficult to run them in edge devices with limited computing
power. To address these issues, this paper proposes a lightweight YOLOv8n campus safety hazard
detection scheme based on a collaborative optimization strategy. This scheme does not simply stack
existing technologies but follows a stepwise design concept of “priority for accuracy, gradual reduc-
tion of redundancy”, and builds a progressive collaborative system of CBAM attention mechanism,
Ghost lightweight module, structured pruning and FP16 quantization: CBAM provides feature sali-
ency priors for subsequent compression, Ghost reduces redundancy from the structural source,
pruning precisely eliminates unimportant channels under the guidance of attention, and quantiza-
tion sacrifices a small precision cost for acceleration on the edge. The four elements form a comple-
mentary chain of “accuracy enhancement — structure lightness — channel pruning -» numerical com-
pression”, with each step’s accuracy loss compensated by the preceding or subsequent operations.
On the self-built three-category campus safety hazard dataset, the improved model’s mAP@0.5
reaches 87.4%, only decreasing by 1.8 percentage points compared to the baseline, and the parame-
ter size is reduced from 3.01 M to 1.72 M (a 42.9% reduction), and the floating-point operation vol-
ume is reduced by approximately 45%. After optimization with TensorRT on Jetson Nano and
RK3588 edge platforms, the real-time inference speeds reach 31 FPS and 48 FPS respectively. The
multi-category unified lightweight detection framework constructed in this paper provides a feasi-
ble technical solution for low-cost intelligent safety monitoring in private colleges.
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Figure 1. D-Fire Dataset examples
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Figure 2. Self-built dataset
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Table 2. Combined effect of lightweight strategies
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Table 3. Performance comparison of different models
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