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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

0 2 KEE, X -TRT RENEO TR A
F189 KM fe R T 5

KR AN T T A A B A G R e BR A R A Wi A R B2 = ] PHAE BY BIF 5 AR 1 P BE A 3 R

b ST AL LK A AR B IR A B i TR PR . MRS AR TR R 2 I A T S LA S A N R AR 2 T

KB T AN W R S AT R | e filt B ) 5 T L rh R R W B A S i U A B S AR

BEAE R S Az B W0 B BEEAT KGRI R 9 H BT A B2 IR BE S 2 9 H b I 7 ik A 0 G HL 4 T 5 1) R AiE 32 0

[l

W H ) :2025-07-24
* B4 FEARR R4S (62473096) . ETH LS RFE 4 (2023MD744179) A HARFHE 4 (623MS071D) VBB ITE HRFI %4
(LH2023H001) 3 H % B

211 »



949 B 2 F o

T # K

R BEJT 8 F T BOR B 2R 1 B SR BRI b, BT I KR
Kl se i ka3 . FERXAD T YOLO 5k &2 K
YOLO J2& — R 20 3 R i) B 4w a6 0 303 LA 52 i P 0
iR R AT .

SR, B RIF % A4 S B Y0 A% 52 5 A 0 2 A Ty 1T AT
FETEAR . B IWFT % 78 YOLOVSs 4% 5] A P6 $51E
JZ5 C3RepGhost #8355 71 1 K IR B I 0 b 1315
LA 2 RUBERHE Al G4 SR T 3 & 09 R AE B A B S S 1%
W SEOIAFE L A M T, XA E S E
LA YOLOv7-tiny 54 TF 1 08 KR IR BE L I £ — S
JE 1 BARS BRI S (R R AE Al & R 2 )2 B
HeB BBIR RN, BT R 2R B8 T YOLOv8n 4§
B — R BA . XPRAE T 1E YOLOvSn ZE 4l B T 5
AR YOLOv8n- AEM., 75 £ TH A& 0RS JEE # [m] i [ AR 1
R B T 4 25 v [R) I & 0 22 RS e L RRAE G
BT F N AV ) B %, S SO B 9 3+ B G B, i
STHREE S IGHE L5 G B EREARIE M. &
A YOLOvI0n 5] A 3h 25 4 BB SR 4% Bk i
JIREH B TR RURT S R i AL PR RE AR RS R T R A
R, B T80 RN Gz AR DA TR SR, BT
SFUFE YOLO11n 266 F Al FasterNet = T M %%, Jm#6
IR 43 2 1 7 0 WL B R e) 42 Jay— Jay B RFAIE il 254
ARG TR T R R S S 2 OB Rl G BE ) Ok R Y
VIR AR Ay 56 1T 40K B2 24 (B 43 il 35 81 91. 6 06 1 94. 304 (K B
R G R T OCR 5 02 AL RE 7, (H R X AR B LR 5 % A
PEREFEAT R G A AN AFAE AT i Ab =S 8]

25 bR TE DR AR A RS 2 114 [ i 52 BB B 42 Ak L AT
SR T I AT R A SR A R A O MERE, X — G T R
ALHOR W IR LRI R, Y HTAT Y B S M 4 25 M Ak —
SR I — R R 4573 KTy [ I LT T R R i
BT VB HTE BT A b G A 5 N TR SR U S S R 1 58
BEAREFR, Hrb BB E4 2K )7 RS A RIS =
HitH s BT RGBT 5 2 BORIEZ 3 B s, OC i
5 SR EURE T G A i 1Y R A X L A R R R B
Z MBS A2 BT 4 45 40 A8 5 Bk ik
O3 IR 523 Y 2 A B I L T R 45 R AU R 3 B8 T (14 ) I 42
TR T WA 3 47 SR B 50 14 32 3 v Tl

ET ERagm AWRBL -METREL
YOLOvSn By K 0 40 55 kW 7 . 1% 07 ¥ 8 i fil & PP-
LCNet #2 & fb M %% ( paddlepaddle-lightweight cpu
network, PP-LCNet). CARAFE I ¥ £t & + (content-
aware reassembly of features, CARAFE) fl EMA & 11
HLH Cefficient multi-scale attention, EMA) , 7£ & FH48 0 K
JE 1 TR A 2 R T R ) SRR R S R RS D
Xof KA A 55 R A T — P T R R R A, Ol
IO I L B YR R A 2 e 4 IR T R AR

e 212 »

1 [R3B R e

1.1 PP-LCNet P4

TR L I R 25 G ) R 285 i T ST e ARG ) S R 5 8
B, WHBET M, i ResNet101™ Fl DarkNet53 3% |
Z 2 A5 TR 22 4510, BE A A ZCER U ACRHAE  (HX i o T
RS 2 BRI T SR

ST B TR I A I W R M1 G A X SE R PR I B K
AT O 5 A T 4% 65 R 35 T B R A R ARl 7R R R A
DA 32 1% 5] B o A 280 B BB PG R AT I 0 8 I A1 e B 0 A7
BTGB . it AR SCHE R R B A ) 45 PP-
LCNet 1 A HRAE 42 BURE B, DU PRoAst 79 $ 0 o 51 438 o H
TE TR 37 IR PR35 T 10 2 e

MobileNet V1 £ 2l fiff F R BE 7T 43 g B A R 5
BB NI B TE T A28 % 8 DUk 3, Ol DT B A . TR
Al 4y 8 5 FUR IR B B L (depthwise, DW) Fl % 5 % 1
(pointwise, PW)EAAL G4 T, DT B 3 982D T BI R 1) 2
Bk A FA fh A,

E 1) FR  EEG A RERAE D RARST 8 D, X
D, XM [ N A~ BUZ X 5 A RRAE B ) M AN 8 38 517 % 1
BELERNST D, XD, XN #E B, RS,
EEERBEMITE R C. MBHE C,,. TE A5
A

Cur =D, XD, XMXN XD, XD, ¢h)

C,mn =D, XD, XMXN 2

WE 1) s, ZEFFAT B BE T 43 8 B AR, B e IR
A Dy XDy X1 M AT EE M 15 A RHE &
1T DW bR 3575 ok, % i 4R 15 19 REAE 181 3247 PW AL 3L, 3F
HREFFNITE R C.. MIZ8E C,,. TR A58 .

Cur = (D, XD, XM+M X N) XD 3

Cpp =D, XD, XM—+MXN D)

BB o B BRI Co. BRUAEH B RNIT
B C.L, TR

Cue _ (D, XDy XM+ M X N) XDy, :L+L

Con D, XD, XMXN XD,XD, N  D;

(5)

K. D, ABREARST; M AR AREIER; N R h
W IES D, i AR AR R R E

3 3 R A A3 AT A R TR BE T 43 B S BRI AR S Y
HRUr R A PR AR AL (TS S B0 . ik, PP-
LCNet 5] AZEL T MobileNetV1 ¥ B A] 43 55 %5 PR B
DepthSepConv YE R HAZ .0 4. AP HEE DW.PW Fl
SE M #% ( squeeze-and-excitation network, SENet)!', DW
57 3 B A R AE B BN E R 2S B AR 2. PW R T
Iy A R AF R A9 38 38 {5 L, T SENet W] 28 H i AR AIE 1]
PEEEE ., T &R, PP-LCNet ¥ DepthSepConv
P PR relut™ P4IE BB BUEF e  MobileNetV3 1 i




AR £ A F2E4 YOLOvSn 89 X M 4 ml 5 ik

D,
<« N
(a) fE GBI

(a) Traditional convolution

V00 &L«

&P LT

1
9
D,

k <« M—> 1 <« N >
(b) TWEHBH (c) BREMR
(b) Depthwise convolution (c) Pointwise convolution

1
Fig. 1

A& P R BE W] 43 B 45 AR X
The difference between ordinary convolution and

depth separable convolution

h-swish JE BREC G TR BRI BUE T . LB IR S N
&2 R .

Inputs

B1 Stem Conv/h-swish| x1

| DWrh-swish

B2~B3 [3x3 DepthSepCony| x2 .- I
B4~B5 [3x3 DepthSepCony. x2 PW/h-swish GAP

I

B6~B7 3x3 DepthSepConv| x2 . é FClrelu

: -

B8~B14 5x5 DepthSepConv  x7

“...| FCIh-sigmoid
l .
GAP
l BIERMEKET, HirdEERE
_ B2-B14 d1 ¥R BE AT 43 B B A B
1280 FC/h-swish GAPERAR FEHMALE
l FCRREERER

prepm DWHREREER, PWHEFEHBEH

[#l 2 PP-LCNet M 45 45 #
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Fig. 3 Visualization results of the model
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Table 1 Comparison of results for different

attention mechanisms

” Precision
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Fig. 8 Part of the image after data enhancement

+ 216 -

Improved YOLOv8n network structure
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Fig. 9 Comparison of model detection results

JE A AR A D B RURS i P 34 15 B4 T L BB RS B Ay
HoiE ) F SE bR 3 5 R 2 2 B R W KO0 R 55 e
f£% .
3.2 HELSCI

FEAS [RI BB (9 3 Fl 52 36 v, 43 03 51N PP-LCNet 38 &t
M4  EMA 3 77 0LH Al CARAFE [ REEE TG . 445
RUTERE ST B0 O R B B3 25 5 I3k 3 Tom,

51 A PP-LCNet A] A3 MR T S 80 5 FLOPs, {H
1 Fire S IAE L0 T %, 52 et 2 A X R AE BE H
PIPEER . MHLELZ T EMA Bk 5| A 2 RO d = 0L, 8
boN e NV i g I N SG R E R i
5550 1K 38K, G ok TR A A L i AR T 5 B AR
%, SCI % W, 51 A EMA J5, Smoke 2 ¥ I K5 B
95. 5% 4R T & 97. 2%, B iE T HXHIE X EL B H AR B g AL
. M Fire ZEHEFHAR A B, 1T A8 8 HG 00 % 085 Wi L 2 B
32T M 4% L RE AU, TR T HLHI R PG 2R AN

R3 TREERERLE
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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
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