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Abstract

With the continuous expansion of e-commerce logistics scale, the security prevention and control
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of warehousing environment is facing severe challenges. Traditional fire detection methods have
defects such as high false alarm rate and insufficient real-time performance in complex scenarios.
This article proposes a real-time monitoring algorithm for e-commerce logistics warehouse fires
based on improved YOLOv10 (Fire-YOLOv10), which achieves high-precision detection of flames and
smoke through neural energy driven attention mechanism and multimodal feature fusion. Firstly,
a multi-scale feature enhancement network is designed to address the small targets and dynamic
diffusion characteristics of flames and smoke in storage environments, integrating shallow detail
information with deep semantic features to enhance detection sensitivity; Secondly, a parameter
free SIMAM attention module is introduced to dynamically suppress background interference such
as shelf texture based on neural energy theory, enhancing the feature saliency of fire areas. At the
same time, by combining data augmentation strategies with transfer learning to optimize the
model’s generalization ability, it can adapt to complex scenarios such as storage shelf occlusion and
lighting changes. To meet real-time requirements, the zero parameter feature of SIMAM and depth-
wise separable convolution are utilized to achieve low latency deployment of edge devices (such as
Jetson Nano) through collaborative compression of computational overhead. Experiments have
shown that based on the self built e-commerce warehouse fire dataset (EC Fire Dataset, covering 10
scenarios and over 100,000 annotated images), Fire-YOLOv10 achieves high detection accuracy
(mAP@0.5 up to 95.6%). It significantly outperforms baseline models such as YOLOv7 and Faster R-
CNN in terms of inference speed and inference speed (68 FPS under 1080p video streaming). The
ablation experiment further validated the effectiveness of the SIMAM module in suppressing com-
plex backgrounds (reducing false positives by 19.7%). In actual deployment, the system can be
linked with fire sprinkler devices and sound and light alarm modules to achieve early warning and
rapid response to fires, providing reliable guarantee for the safety of e-commerce logistics.
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Figure 1. Fire-YOLOV10 network architecture diagram
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Figure 2. mAP@0.5 values of different algorithms on the dataset
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Figure 3. mMAP@0.5:0.95 values of different algorithms on the dataset
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Figure 4. FPS values of different algorithms on the dataset
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Figure 5. Param values of different algorithms on the dataset
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Table 2. Comparison chart of ablation experiment results
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