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Fire and smoke detection method based on lightweight YOLOv8n
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Abstract: Fire and smoke detection is a critical component of intelligent surveillance and disaster early warning
systems, with wide applications in forest fire prevention, industrial safety and other fields. However. existing
algorithms often suffer from low detection precision, slow speed. and large model size under natural environments. To
address these issues., this paper proposes a fire and smoke detection method based on the lightweight YOLOv8n. The
proposed model replaces the original backbone with PP-LCNet to reduce model size, introduces the CARAFE
upsampling operator to enhance feature reconstruction, and integrates the EMA attention mechanism to improve target
perception capability. Experimental results show that, compared with the original YOLOv8n, the improved model
reduces parameters by 1. 01 M and computational cost by 2. 2 G, while achieving a detection precision of 94. 8% and an
mAP50 of 93.6%. It outperforms other mainstream lightweight detection models, achieving an excellent balance
between precision and real-time performance., and demonstrates strong practical value.

Keywords: flame smoke;deep learning;object detection; YOLOv8n;lightweight
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Fig. 1 The difference between ordinary convolution and

depth separable convolution
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Table 1 Comparison of results for different

attention mechanisms
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Fig. 6 Feature fusion pathway diagram
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Fig. 7 Improved YOLOv8n network structure
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Fig. 8 Part of the image after data enhancement
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Fig. 9 Comparison of model detection results
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Table 4 Comparative experiments
gl - Precision/ % mAP50/ % Parameters/M FLOPs/G
Fire Smoke All
YOLOv3-tiny 57.5 66. 2 61.8 67.9 8.67 12.9
YOLOv5s 82.3 96. 7 89.5 91.2 7.02 15. 8
YOLOv7-tiny 77.3 96. 3 86. 8 88.1 6.01 13.0
YOLOvV9-t 92.7 96. 4 94.5 93.1 2.62 10.7
YOLOv10n 89.3 97.0 93.1 92.2 2.27 6.5
YOLOvlln 88.7 95.8 92.3 92.6 2.58 6.3
YOLOv12n 89.9 96. 6 93.2 92.6 2.51 5.8
YOLOv8n 89.0 95.5 92.2 93.4 3.01 8.1
YOLOv8n-Improve 90.5 99.1 94.8 93.6 2.00 5.9
. 6 B bR I 59 [ ). W 00 kR L 2022, 45 (16)
4 % %

A SC L5800 A 8 M ) B R S B Y A%
AR )50, 42— 3k F R Bk YOLOvSn # JK M I 25 46
MhEdk, A THESHREMITA R, RS AT PP-
LCNet F M4 5 CARAFE ¥ #5 ¥, PP-LCNet B
£ TR 1 JCERRAE R ILRE ) 5 AR A% A R R [T 55 5 U
i 0 TR S Z2 B A RE ) . CARAFE 2R
HEFESY REZH WO EEER - LWE T H
BRI A B RE BE . b Ah, TE T HIR B A EMA &
TIHLH 5 AN S50 5 B RS AT T, A R R
T JRyEB E BT B SR HURE L (R Y A 2 RUE RRAE R 3k b
TR A T oG H AR X
TSR R W, 5 20 R R L B bR R A
LU o AR SO R AR TR LA DUDORG R AR R A A Ty TP SR B
AL Rk I 5 RS E bR Y ORI B 8 T SRR
FUE P JE A R AR A B S SR O T U T e
Fh AR — E SR BR M. Bl n, B AE /N H AR 5 K H Ar
G 0 T 1% A S SERG A0 A RUBE R 4y . TR B, 24 i A A
Mo AS TR R B A L T 72 A B4 KM 5 00 55 2 R T S A AN g 4
M. FEIREEEY LR AR TR T PR EE,
R AT X AR ) 288 TR s 0 O 35 A i R S R L T IR AU
FEARTR R H AR (9 FRAE 2R 35 AL DT 3 — 25 38 T A8 8 A
0 A S bR T i i S5 72 L AR
S % Lk
(17 BBk, B0, Sk , 45, L T R AL B 0 &2 2 37 5 K
FAYPUIN 5 KI5 LT, B AN R, 2024,
43(5) :144-153.
CHEN Q Y, HE M., ZHANG X Y, et al.

recognition and fire determination for complex scenes

Flame
based on image processing [ J]. Foreign Electronic
Measurement Technology, 2024, 43(5): 144-153.

(2] R, B, LH, % T YOLOvL %R

* 218 -

(3]

[4]

[6]

[7]

142-152.
SONG ZH SH, XIAO B W, Al'Y, et al. Improved
lightweight YOLOv4 target detection algorithm []].
Electronic Measurement Technology, 2022, 45(16):
142-152.

B AR VAR AEL 2E T YOLOV9e B B%H kK
R 3 ek B S LT ). 16 Ah o 0 4k R L 2025, 44 (2)
25-32.

GEM Y, CHEN G H, ZOU X, et al.

tunnel fire detection algorithm based on YOLOv9c[J].

Research on

Foreign Electronic Measurement Technology, 2025,
44(2) . 25-32.

REDMON J., DIVVALA S, GIRSHICK R, et al.
You only look Unified,
detection[ C]. 2016 IEEE Conference on Computer
Vision and Pattern Recognition, 2016: 779-788.

B FT, AN L e AF e YOLOVSs (9 08 G
T LI w7 WS A 2 i, 2025, 39 (10):
134-141.

LUO Q L, WANG J X, KAN W, et al. The refined
YOLOv5s fire and smoke detection method [ ] J.
Journal of Electronic Measurement and Instrumentation,
2025,39(10) :134-141.

X FEL L ok Lo, I PR L AF. B YOLOVT 1 i 2 B
W0 e Bk [T ], THE L TR 5 03t , 2025, 46 (6)
1832-1840.

LIU CH X, ZHANG K Q, PAN L H, et al

Enhanced YOLOV7 algorithm for efficient coal mine

once: real-time object

fire and smoke detection[J]. Computer Engineering
and Design, 2025, 46(6): 1832-1840.

XN, AL, B R Iu, & & T W H Wk Moo
YOLOv8n Y & 5 I B i) 85 77 25 [T ). B v B ¢ K 2%
£ ,2025,43(1) :152-160.



B £ A F2E4 YOLOvSn 89 X I8 ke ml 5 i

%6 1

[8]

[9]

[10]

[11]

[12]

[13]

[14]

[15]

LIU ZH, DONG SH J, LUO J Y, Fire
detection and ranging method based on binocular vision
and improved YOLOv8n [ ] ].
University of Science &. Technology, 2025, 43(1);
152-160.

B B 4 A M YOLOVIO iy 4k K G
R I vk [T, % 4 5 3 58 4% 4. 2026, 26 (3);
875-883.

QIAN W, LUO H, LIUQY, et al. Enhanced YOLOv10-
based lightweight flame detection method[J]. Journal of
Safety and Environment, 2026, 26(3) . 875-883.
T B2 5. T B YOLOIn (7 Bl HLAS A K
Skl 77 i [ i ML R 5 & L 2026, 36 (3):
109-117.

WANG H Y., JU Q Y. Fire detection method for
firefighting robots based on improved YOLO11n[]].

et al.

Journal of Shaanxi

Computer Technology and Development, 2026,36(3) :
109-117.

HE K M, ZHANG X Y, REN SH Q, et al.
residual learning for image recognition[ CJ. 2016 IEEE

Deep

Conference on Computer Vision and Pattern
Recognition, 2016 770-778.

HU J, SHEN L,
networks [ C .
Vision and Pattern Recognition, 2018. 7132-7141.
SCHNEIDER C, VYBIRAL J. A multivariate Riesz
basis of ReLLU neural networks [J]. Applied and
Computational Harmonic Analysis, 2024, 68: 101605.
YAO Y Q, ZOU J H, WANG H Y. Optimal poisson
subsampling for softmax regression[J]. Journal of Systems
Science and Complexity, 2023, 36(4): 1609-1625.

WOO S, PARK J, LEE ] Y, CBAM.:

Convolutional block attention module[ CJ]. European

SUN G. Squeeze-and-excitation
2018 TEEE Conference on Computer

et al.

Conference on Computer Vision, 2018 3-19.
WANG Q L, WU B G, ZHU P F, et al. ECA-Net:

Efficient channel attention for deep convolutional

neural networks[ CJ. 2020 IEEE/CVF Conference on
Computer Vision and Pattern Recognition, 2020:

11531-11539.

[16] HOU Q B, ZHOU D Q. FENG J SH. Coordinate
attention for efficient mobile network design[ CJ. 2021
IEEE/CVF Conference on Computer Vision and
Pattern Recognition, 2021: 13708-13717.

[17] kTG 5K 3Kk E A . 5. —FhJH Sigmoid pRECHEST

meCEL & e EER EER DT A LR SR %,
2023,45(9) :1621-1628.
HUO Y L, ZHANG Q S, ZHANG ] SH, et al. An
image dehazing algorithm using weighted fusion with
the Sigmoid function[ J]. Computer Engineering &.
Sciences 2023, 45(9): 1621-1628.

[18] LIU Q. HUANG W. DUAN X Q. et al. DSW-
YOLOv8n: A new underwater target detection
algorithm based on improved YOLOv8n [ ] J.
Electronics, 2023, 12(18):3892.

[19] YU AN F. ZHANG J D, DANG W Y, et al
Learning to upsample smoke images via a deep
convolutional network [J]. IEEE Access, 2019, 7:
138932-138940.

[20] DEFEWE, & &8, W4, 55, JL T M 3 MobileNetV3

PR g W T A BRI [T, B I & R, 2023,
46(14):182-187.
LIANG X M. AN J M, CAO X H, et al. Flame
image recognition of sintering section based on
improved MobileNetV3[]]. Electronic Measurement
Technology, 2023, 46(14): 182-187.

EEE N

BB BB W L W L A R W, B BRSO 1 iR

CEAEE SRR ERS P OB Y NI < KR
E-mail: ljywdm@126. com

B GRAR AR & 0L W0 A B 05T 05 1) R L

A AL H K,
E-mail:238002060381. nepu@yvip. 163. com

+ 219 -



