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Research on tunnel fire detection based on improved YOLOv8s model
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(School of Mechanical and Automotive Engineering, Qingdao University of

Technology, Qingdao Shandong 266520, China)

Abstract;  To accurately and efficiently detect fires in complex tunnel environments, an enhanced
YOLOv8s-based tunnel fire detection algorithm was proposed. Firstly, the Cross-Stage Partial Transformer
Block (CSP-PTB) module was introduced to reconstruct the backbone network structure, thereby reducing
computational complexity while preserving feature extraction capabilities. Secondly, CBAM was integrated
to enhance the perception of the model of key areas and improve the discriminative power of feature
representation. Finally, the Normalized Wasserstein Distance ( NWD) loss function was employed to
optimize the training process, effectively addressing the issue of insufficient detection accuracy for small
targets. Experimental results demonstrate that the improved YOLOv8s model achieves a mean average

precision (mAP) of 0. 848, representing a 2% improvement over the original YOLOv8s model. The recall
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rate reachs 0. 812, marking a significant increase of 9. 3% compared to the original model. Additionally,

the computational cost (GFLOPS) of the improved model is reduced by 6. 7%, achieving dual objectives

of performance enhancement and efficiency optimization. Compared with mainstream object detection
models such as Faster R-CNN ( Faster Region-based Convolutional Neural Network ), SSD ( Single Shot
MultiBox Detector ), and YOLOvSs, the improved model exhibits superior performance, with mAP

improvements of 7.3%, 10.1%, and 4.2%, respectively, thus meeting the siringent requirements for

tunnel fire detection.

Keywords: YOLOv8 model;

convolutional block attention module (CBAM) ;
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tunnel fire detection;

convolutional neural network ( CNN ) ;

loss function
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Fig.5 Training set original image
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Fig. 6 Training set image after data enhancement
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Table 1 Ablation experiment results

R AP, AP, mAP R, R R GFLOPS | FPS/(fi-s™")
YOLOv8s 0.899 | 0.765 | 0.832 | 0.838 | 0.648 | 0.743 | 28.4 58.33
YOLOv8s+CSP-PTB 0.903 | 0.781 | 0.842 | 0.833 | 0.626 | 0.730 | 26.5 59. 47
YOLOv8s+CSP-PTB+CBAM 0.895 | 0.798 | 0.846 | 0.844 | 0.648 | 0.746 | 26.5 58.52
YOLOv8s+CSP-PTB+CBAM+NWD | 0.890 | 0.807 | 0.848 | 0.866 | 0.758 | 0.812 | 26.5 58.39
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Fig.7 Comparison of training results between improved YOLOvV8s and original YOLOV8s

£ . ?
(a) EFMERE (b) 80x8OAZH Sk (c) 40x40K U 3% (d) 20<20%6 33k

E 8 it YOLOVSs 1% 8 5% 57 BF
Fig. 8 Modified YOLOVSs receptive field

(a) FTMEKRE (b) 80x80K I3k (c) 40x404830 Sk (d) 20x20# &

B9 [RAR YOLOv8s 8] 8 Z8F
Fig.9 Original YOLOVSs receptive field



3 4]

EAFURAE I T G YOLOV8s A7 (Y [k 18 5 o il * 75

TE BRI AL b, 407 B T3R8 B s
FERUG T A7 B RN B AR B B IR FR A%
X5 R T B A 0 A R, X LT 2 B R
YOLOv8s #4J7 11 ([ 10) FIsci 5 A J7 B (L 11)
AT O BT B R DX I i 7 5 Y R B R
T HLRE 57 IR A O DB B A, B R DAl 4 3] B
ZVTE ) JCR X BT B ARG B 09 JOIRAL &, A B T
FRLIAGH I AN 0 By KR B 2 S [N ek fE R
KITEZ 0 50 A BNy A5 JCR X s
REAE T PR AR R 67 K T RO, AT,
S R YOLOvV8s #5875 I 2545 b A1 REAE 7T A0 4k
D7 R TR YOLOVSs

10 JFAR YOLOVSs #EI# 5 &
Fig. 10 Original YOLOvV8s model heat map
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Fig. 11 Improved YOLOv8s model heat map
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Table 2 Performance comparison of different

models on test set

. AP@ | mAP@

1 m

A mAP 0 75 10050005 | B

SSD 0.762 | 0.563 | 0.476 | 0.551
YOLOVSs 0.805| 0.601 | 0.520 |0.618
FR-CNN 0.782 | 0.534 | 0.478 | 0.548
YOLOv8s+CSP—
IR CEAManWD | 0-839 | 0.605 | 0.530 | 0.619
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