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FireLight-YOLO: a lightweight model for real-time forest fire detection

Li Minxue Zhang Xiaoyu Cheng Yingjie Huo Guangyu Xu Fu
(School of Information Science and Technology, Beijing Forestry University, Beijing 100083, China)

Abstract: [Objective] In response to the increasingly frequent forest fires that threaten ecological security,
developing a lightweight real-time intelligent monitoring system is of crucial importance for enhancing
ecological risk prevention and control. However, existing fire-detection methods tend to be easily affected
by environmental disturbances, and it remains difficult to balance model complexity with real-time
performance. Therefore, this study aims to develop an efficient lightweight detection model that can be
trained from scratch without relying on external pre-trained weights. [Method] We first constructed and
publicly released a high-quality forest wildfire monitoring dataset containing more than 10 000 images. On
this basis, we proposed FireLight-YOLO, a lightweight architecture based on YOLOv8. The model
incorporates Ghost Convolution to compress redundant computation and introduces the FasterC2{Block,

which integrates partial convolution and point-wise convolution to form a T-shaped receptive field, thereby
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strengthening key region perception. Additionally, we optimized the SPPF module and proposed a Feature

Pyramid Shared Convolution (FPSC) mechanism to achieve efficient cross-scale feature fusion.

Comprehensive evaluations, including cross-validation, independent testing, ablation studies, and multi-

noise robustness experiments, were conducted to assess performance. [Result] Without using any pre-
trained weights, FireLight-YOLO achieves an mAP@0.5 of 0.491 with only 2.26 x 10° parameters and 5.9

GFLOPs. The model effectively balances accuracy, lightweight design, and real-time performance.

Compared with the original YOLOvVS8, computational cost is reduced by 2.2 GFLOPs, parameter quantity

decreases by 25%, inference speed improves by 15%, and the model demonstrates strong robustness in

complex interference scenes. [Conclusion] FireLight-YOLO achieves accurate wildfire detection under

lightweight constraints. This work provides a low-cost and efficient solution for intelligent wildfire

monitoring, and its lightweight design significantly enhances deployment adaptability on mobile edge

devices. The proposed approach offers promising support for forest ecosystem protection and restoration.

Key words: YOLOVS8; Ghost Convolution; wildfire detection; real-time object detection; lightweight model;

Feature Pyramid Shared Convolution (FPSC); edge deployment; ecological security
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Tab. 1 Experimental image data grouping
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Fig. 4 Self-built dataset
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Tab.2 Comparison of model performance under different data augmentation strategies
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Fig. 6 Fire images with added noise
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Tab.3 Comparison of different model networks

R A4 R mAP@0.5 MR S 4 I 12 5 #/GFLOPs Box(P) REREIES
YOLOvVS 0.485 2.50 x 10° 7.1 0.569 0.476
YOLOvS 0.483 3.01 x 10° 8.1 0.559 0.489
YOLOv10 0.472 227 x 10° 6.5 0.551 0.46
YOLOv12 0.492 2.51 x10° 6.0 0.553 0.486
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YOLOvVS-SPPF-LSKA 0.483 329 % 10° 8.3 0.558 0.482
YOLOvVS8-FocalModulation 0.482 3.11 % 10° 8.2 0.569 0.467
YOLOvS-C2{f-EMSCP 0.476 2.87 x 10° 7.9 0.558 0.472
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Fig. 7 Performance of FireLight-YOLO model under different
environmental conditions
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Fig. 9 Convergence trends of precision and recall of FireLight-YOLO model in the training phase

— Pz o BURSER

mAP@0.51th £k

75 100 125 150 175 200
Epoch

50

mAP@0.5 ~ 0.95

mAP@0.5 ~ 0.95[1 2%
0.200 [

0.175 | LN
0.150 |
0.125 |
0.100 |
0.075
0.050 |
0.025 |

0 25 50 75 100 125 150 175 200
Epoch

B 10 FireLight-YOLO #AI7E I ZRH Bt mAP i £k
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