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Abstract

To address the challenges of detecting small and dynamic early fire smoke targets in complex environ-
ments, a high-precision lightweight fire smoke detection algorithm based on an improved YOLOv11 is
proposed. The spatial-frequency domain aggregation Mamba is introduced into the YOLOv11 archi-
tecture, and the MixFreSBlock module is designed to replace the original C3K2 module: the MSPLCK
module constructs a multi-scale large receptive field in the spatial domain, while the MFCA module
achieves noise compression and texture enhancement in the frequency domain, and the two are
concatenated to form complementary spatial-frequency joint representations; the SS2D module
performs linear complexity global modelling of joint features along a four-dimensional scanning
path, overcoming the locality limitation of convolution; finally, a coordinate attention mechanism
is embedded to recalibrate features along horizontal and vertical directions, accurately locating
flame and slender smoke structures. Experimental results show that the model achieves an mAP50
of 94.7% on both custom and open-source datasets, an increase of 0.9% compared to the original
YOLOv11, with only 3.1 M parameters and 8.0 G computations, achieving a better balance between
accuracy and lightweight design. This study provides a high-performance, low-computation solu-
tion for real-time fire warning systems and can be widely applied in security monitoring, smart cit-
ies, and other scenarios, with significant practical value.
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Figure 1. YOLOVI11 network architecture diagram
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Figure 2. Improved YOLOv11 network architecture diagram
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Figure 11. Model training evaluation metric curves
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Table 3. Comparative experiment

%% 3. XJEbsoig

Precise Recall mAPS50 mAP95 Param GFLOPs
YOLOVS 0.931 0.894 0.937 0.614 25 7.1
YOLOv8 0.944 0.877 0.934 0.618 3.0 8.1
YOLOVY 0.949 0.907 0.941 0.625 253 102.3
YOLOvl1 0.929 0.896 0.938 0.621 2.9 7.6
RT-DETR-R18 0.914 0.902 0.931 0.602 19.8 57.0
RT-DETR-R50 0.921 0.905 0.936 0.617 41.2 134.8
it YOLOv11 0.935 0.910 0.947 0.636 3.1 8.0
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Figure 13. Fire and smoke detection diagram
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