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Abstract: To address the challenges of complex models, slow detection speed, and high false detection rate during
fire detection, a lightweight fire detection algorithm is proposed based on cascading sparse query mechanism,
called LFNet. In the study, firstly, a lightweight feature extraction module ECDNet is established to extract more fine-
grained features in different levels of feature layers by embedding the lightweight attention module ECA (efficient
channel attention) in YOLOv5s backbone network, which is used to solve the multi-scale of flame and smoke in fire
detection. Secondly, deep feature extraction module FPN+PAN is adopted to improve multi-scale fusion of feature
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maps at different levels. Finally, the Cascade Sparse Query embedded lightweight cascade sparse query module is

applied to improve the detection accuracy of small flames and thin smoke in early fires. Experimental results show

that the comprehensive performance of the proposed method in objective indicators such as mAP and Precision is

the best on SF-dataset, D-fire and FIRESENSE. Furthermore, the proposed model achieves lower parameters and

higher detection accuracy, which can meet the fire detection requirements of challenge scenes.

Keywords: object detection; fire detection; lightweight; cascade sparse query; Slimming

1 35l

KKIEAFEHFE AT P EREREZ—, K,
YR 3 A BLICHT LICATHB KK N BBt A5 5 5%
ITE], AR BN A A ™ 2 4 B IR AL 1A
T RETT AR, KIS 727 42 Ji A i B R
DN S DAL BRAY A S P

I KA AN S S B TR, K A I =
TP PZE AL AR R A JCTAG I AL T3
BURLSE 04 TGN o o T2 Ry I HL 14 IR AGINY 32 2L
RIS AL | AL AR ol IR s AT R
ol B MRS AU AR AR I K R, A
KB 55 R B R A R — i B RV L N LA Bk
JE BIEA REM A AE, P ICIE AR R A T R
g, AEEHTERS S ESE XIS 2. (5
W, ST RS B0 IR AN T vk DA R B g, TESE B
L A E—E R

AR, R B RE K, A K R AGHN
G SETH RS A ] 73 R e T AL AR~ FIEE T
RIE S ] PRGN T i o BT HLAR =7 2T 9 KCIAG I
AR A IR S A T A RAE S IR 55
RIS, HEMTSEBLICIAGIN o K A I ) S B X
KRAFAERI RIS, AT B > BRI 7k K
2 e FE AT 25 I E SRR AN SIS RAAIE S8 B
Rl Horb, FRSRHIE SR AR B ERRE | EAREEAE |
CUPRFIE A GASIEAS s SRR T ZALRIZ BIRL |
TEARAZAEASE . B0, Demirel 45 A" 2 H —Fhxt sk
MAIR AL YCrCh B2 M AT 70 e Fik, i ad x)
JIGHEEJHGBRFRHATINGR, M T KRR 2L
{EIRZIT R RS, Ok RIS, Qiu
A NP R — R AN B T4 B KM S, (L
FEEEHTHRF AN KRG R, fEERF 5 PR
IERfr BN KA HREAE N 4 H JE T Bl A SRR
IIHTA K GGG, XSRS TR A K A I R
{ELYE LA X 2355 B R X RN (5 KO I AL A AR K o

T

i, R T FEMRIRAER, Surit 25 A5 i BB AERY
A S BRI, RHZE KOG R S R 1Y X T
SIHT IR H—FPURAS R BN SR AR, A L
KA BT HLER S 2 1 JCIAI Ty i B X R g
—Yscdtty, PSR RN fRRE ) 2%, RS
KRR FEAE R, Rl RAER R,
LA N 52 2 S PRy s i KRG I 5 K

FETIURBE 7 2 1 KR AN Ty A el JLAR S 1
YRR, BAERME S . AR, BB AR,
CUERA AT N T 2 Fh I S 5 R R 55
W, Zhang % N $2H T —FhECA AR IE B R4 K
KAPHES, A TR B X KRR TR,
SR G PRI K I DX Sl A FH AR 2 18T R o3-S a2k
G HAS A & . Dunnings %5 A7 ZEI LA ) A AR
RV N B (-0 | R (RS S5 CE AR LS
Inceptionv 1 #4752 if k% X I A . Sharma %5 A"
TR R B R BAE S BT VGG16 il ResNet50
FUNZRA A R 28 I 2304 T IR B L m N 25, T
Y I TIROR DARG SR BN 4% ek, b T i
— 3B P KR KM fE, Akhloufi %5 A B H — Fil
Deep-Fire &I 22 M 48 553, TR Y kK & T
S 7 5 m K RS B AT o 8 2 N1 3 Tl ok Y
YOLOV3 [# £ 48t K GAG M 7 vk, HoAH %) YOLOv3
/NEFRRBIPEREAS 2 B B ek, Bk R R
TN 55 4 22 43 2SR AT AR BR (BT UH TR) R, T2
A A 8 T B YOLOVA W 48 I 5 HS S8 e A
KA LT BRMICRAGI, AT T RARA R K
RIS PER 2% . XL H SRR AL
N T S W R G B K R AT A KA A Bk
W, AHREE AN BRI A . o T IS AT e
PRI, R85 N1 BT YOLOVSs [z ik
MK, #0717 028558, R Shufflenetv2
BT M4, AREEINT S50, Akl B
Afrfem. U EEETIREE S TR CORRIN , 725

230216-2



kN, A5 G TR, 2023, 50(10): 230216

https://doi.org/10.12086/0ee.2023.230216

YIZRAE A7) 5 T HR AT 1T ARG 2 0 A 0 25
{EATFAAE— SN . 1) BBz AR A s
MELAH R A 4 5 22 RUBE KR FARIARSINN SR ;- 2) %
/N EBRI KR AIPRE FEAIG, IR B B /N KR
HbRZH et ; 3) AR BE 4G BEXE LA B4
TEIL S 5 0 Y FP AT AR R

FEXFLL B[], A SCHET YOLOVSs [0 24 S Al HE
28, BRI T —Fh T YU B AL R A K R
K 2% LFNet, 56, *{&48 YOLOvSs 19 £ T
% CSPDarkNet #1700, TEMZE R A T —Fiz i
Ak i 7 2 1 B ECA! (efficient channel attention),
ST TR 32 T M 2% Kk ECDNet (efficient channel
attention darkNet), ECDNet REWETEAS [F] 2 5l ) RRAIE 12
PR ERCARL RS T RS R, il T 2 RUEE KOy
TE B ARG B2 AR A5 Rl Wikt T —Fopr 52
i b g B AT TR A CSQH (cascade sparse query head,
CSQH) I T Fitilll Jk M e A8 M &, REWE 7E A3
W 2% Z: B0 a9 IS B0 T 32 R BN KO/ B R RS DU

PR
2 MBI EERRIE
FERF IS, AT T — R

2% LFNet, 2589 1 F240 8. ET ™% ECDNet,
TR R I 2 BB FPNH+PAN LA K ki T ) A5 ke
CSQH. il 1 frs, JORKMEREY, Bk, A
FAG R AE £ R4 ECDNet FP A TARESR I, 375
ANV GRS R AR B RS R s SR, TN
PRI RFIE B 36 A TR EE FRAF SR U FPN+PAN 17
RBERFEBEURIBI A, AT X H 25 AR AE 1A TR B A B
AEREG e, RIS CSQH 5|
AGIRATAHLE], THE AR R KO H AR 28 3
RANLE

2.1 BRI E T 4% %Rk ECDNet

A KR 2R 48 22 3T YOLOVS 3T R 4% it
FPRFIESRERL, SR KRS8 & B, YOLOvVS FT
o 245 v PR B 2 2 ) 5 1 S A R BE R R, (A
— BRI H ARSI R KM, T B IR 3R
SRR R R = o I, ARG YOLOVS &
T2 a2 LS AT, 1 PR, ETH
% ECDNet £ U §% Focus 55t | CBL)Z. ECSP1 3
FiHe | ECSP1 9tk . SPP (spatial pyramid pooling)
B K BCSP2_3 #1564 A 640 x 640 X 3%
& &2 3] T 4% ECDNet H', Focus B3tk A I

ECDNet

FPN+PAN

'

l Classification
Qgery keys spconv x4 HxWx2
CBL M R )
s . Regression
ECSP1_3 1'I§i l [} x4 u HxWx4
= i [ spconv i
CBL 4 5
ECSP1 9 Input feature uery value g s )
= g Small object query
c1 feature spconv x4 4 o
CBL g
ECSP1_9
l—' c2 ©=ChanneIW|se concat CBL :l Conv | BN | Leaky ReLU‘
SPP [ECSP1_3/9- CBL
e . X e 1O~ BN Leaiy Rell] CBL
N [ECSP2_3 l=~|—+ CBL HJEGAL{ CBL
_— 9O ey —Cr GBI BN | Leaky el U] CBL

B 1 LFNet M%&) E
Fig. 1 Network architecture of LFNet

230216-3



kN, A5 G TR, 2023, 50(10): 230216

https://doi.org/10.12086/0ee.2023.230216

T2 1 1 R AT U0 R b BRAS E1]320 x 320 x 641 HFAIE
K, IR H I EUGR REEh B{5 B R R I8,
#3813 CBL JZfl ECSP MR UE AT 4R L, Horp
FR 2245 ECSP1 3, ECSP1 9 LA & ECSP2 3 hifk A
TR AT I ECA, A B T3 i A W) 40 ks
FHER SRR E , SPP AEHUA &4 e o2 T XA (5 2
MR R N T AR RSO A [ 48R B B AFAE
B, SCHRSRHIER N 2 Y 3x3 BRBRZRBURE, B
A E 53 5 R 256 . 512, 1024, #EH£ Cl1: 80x80x
256, C2: 40x40x512, C3: 20x20x1024 =FpA[E L
SHRFFIE L% AR EE RS USRI TREAE R A
ECSP i E—Fhiix A T ECA EE IRk
AR, RRRETER I/ SIS OL T, A Ak e
LR BRZEEE AR EERFAE I 0, DI SE B 25 R AIE
FECRE ST 4R T o ECA T3 J B A Ji 2 — P AR R
YEf I Ag AR, o, NREYEA R T AR R
TEROPRER , 55300 18 22 T RE S R AU Y &2 2R DT ke
DPKEFE . ECA BB ss e 2 s, H, WK
v, CFoRNEBEAEE £ L K UREHEACH R
AHAEIE R, WIS AR A x RSB
W S5EIE R C I H . 7F ECA Bl FIFHELZ
PERREL, UFEEIE AR CJF, K (EREAT L
i (1) T
K=¥(C)=

+_

log,(C) o
m m

(M

Ho s | 2 BUR SR AT 808 AE , m Al o R H 4K,
ARSCHECR 2 F 1. 5346, FERRAEFRIGH 431 38 i
BOCEVE N 32, 64, 128, 256, W@t /A&
A, ARSCHIEM KAES 0N 3. 3, 4. 4. FIHR
(1) HIER A K, AES 0 3% MEARARAE S BGS FE 1Y
B

ECA 72 7 M b 1o X6 R 1] 18 47 3 308 4k 5 110
TERE ST, AT LA 2073 18] _EAS [l 8 2 ) () G Hk

H2 ECAEZEAERRETER

Fig. 2 Efficient channel attention module

PEo Nl 3 R, #A ECA TE R UG v #5 Bl
ECDNet HU4F Hfili 2 JCRCHFAE . BE4h BCA T 7 1A
PAEHSRAFIE SR RIS, 0] LIS BEIR AT AE
AT i e R TR A A RE AN SR

B3 (a)RA; (b)EEANAHE

Fig. 3 (a) Original; (b) Attention mechanism heat map

2.2 REFHERIUER FPN+PAN

TR JZFRFIE SR BB 32 206 3 T 2t AN R J2
RWVFHERI ST 2 )UZRG , IR RR R i 25
MR, o 51 FR, RZFRESRIBCR T FPN+
PAN 25 & B9 W 4 F ¥ 454 ., FPN (Feature pyramid
network, FREAFREML) AT T, K EZE0HE X
FRAEAE A&, 1520 B0 A REAE ", 1 PAN (path
aggregation network, /2R A ML) REASET X FPN f&
B SRR (5 Bl — s Al &1 TRZRRIEAR
WU HGE I 7R RRAE 4 55 4% FPN (1) f5 T3 in—4~
PAN HJiEIn FRYEEAR, FHIREHRG 0 09 & A0 15 BRI
SRAEANREIE 2GS R, NI R I 2R 5 5 2R E
ZIAfE B B, T M SR HUA 2 R,
it FPN+PAN it — 4R UG, 15 BI4FE BT T
BTE G B AUENF ., 1CKA I T 52 A
XF /N HAR IR RS I BE

2.3 TR CSQH

h T BN BRSSO R IIRE B, AR SCHE T
43 Head T A T HF4 &5/ HARKIORS B2 i 2 1k
RFR B A ALEY, A7 T H A AT CSQH.
A B IEHE B /N A AR R PR, i HL
K R DR 7 BRI TR AL S B, RERS R M
RUHRE

CSQH W (A i E A R A i . A2
e, BAARSCBE R | R, B ET
FRIZ RSO . 2858 FPN+PAN Jin T AR T —
ZYNAE D BER B P, (1 0 ERE R B9 90 P,
[vi] BNy O ASE R CSQH. Hh i A 1) 2 Gl it S5
ASCEFEN P, EIF IR A, B—E N Rl

230216-4



kN, A5 G TR, 2023, 50(10): 230216

https://doi.org/10.12086/0ee.2023.230216

/N BbriAifs, B/NEPRPHBSALE, T A
VAR A O B ARRAE IR o SR I i s s S R 1 2 10
SEA A v s O X 8 B AR A (e, B R X
H bR B RSIHE (o7 B RN MESS , AT 15 2] G
ANTRIIRUEE 1 G 2 AR 5 RN B

mE 4 fos, AL S PR UK A TR
. Large->Medium Il Medium->Small, F:H' Large,
Medium, Small $5 A2 R )2 R fES& BUSTH BT X R )
fEFE P B Aw 09 AN W] RBE S 90 . DA Large->
Medium K], B9, #HEAE Large 2% 52 K 1 K14
XF/N BARHEATRRIC CRARAL /N T Fili (A s BYXS R
SCR/NERR, B s ARE)ZE P b /N RE R
B Hk, FEFINAEAE A o AR, B R 43
BUNTEIE s O EAE A, IFRE K07 3
Medium Y 57 1E B A, B AG Be ag e 2 n = (2)
Ji

kL =1{2x) +1,2y7 + ), Vi, j € {0, 1}} ()

Horr, (ko)A Large J2 xR B RERE )2 P, 1
BEHN RN BRI OGN BAE G o A5 Medium X}
N iR AT S (A SCSEER I Py Py P RERLIR)
= Head) # I AR B A1, K HALFRTE Large 2
)2 R JE A I B 4 /)y B AR X H AT A
FEATHR T R 2 A Rk AR Yy 15 4 o
[F#, Medium->Small 38 32 A [m] A% S 34 7 ¥

KR A I B bR 28 0 A R 5EE CSQH i
Classification #EAT T, WA 5 frow, 5k EGGHE T
PEWCRREAS 21— RFVFHEE], Classification 24322 H

g

Detection

Sparse

computation|

KA R AT B2 IBERIT 5, & softmax
PR, R R RN ERIE . softimax BREUE
s

X;

S(x)= — | 3)
Yo

=1
Hp, x, FoRmiE x P i IR,
H bR A9 B {5 Bl Regression #E47 N, Hr
EOEERY N VAR TIBURA N 72w & v N8 /(1

b,=20(t,)-05+c,
b,=20(,)-05+c¢,

by = pu(20(t,))’

by = p(2o(t,))?
Hrb: b by by by 5304E BARETHER 0 AR R 5
Fim N, p B p AR TR EAE R 9 5 &, ot
sigmoid VUG PREL; 4.0 4,0 £, 8, S3AE BARHEHCAH
X FIBCAE PO R FS & 5, Fl o, AR HARITTERY)
MRS EE UG EAREE RS . feJm A bR A% 5 TS A HE
AT, i HARERLE . 14] 5 B T —Fhok R A
M AR EIR, R gl 5 b DAL FRAE IR U i o

2.4 k-Means++B 4 MR H#1E

YOLOVS H i AE 1 2 iR H k-means 28771,
TEAL LMY k-means S35, WIGR RO AR EEEA
BEAILVE, 25 FEOEREGIRATEE M S 1 i )
k-means++J7 {L7E k-means RISHEAE b, oo T RE
S RNNERE IR A E O N N L9 3 6 e Sk iR e ok
HERST AR, PR hy 1 AR s AN TR RUEE ki

(4)

& Small/

B4 BEREAIHIERRETEHE

Fig. 4 Cascade sparse query module

230216-5



TN, S OGHL TR, 2023, 50(10): 230216

https://doi.org/10.12086/0ee.2023.230216

l Query keys

/

Query value
feature

Input feature

spconv x4 HxWx2
———
s , Regression
spconv x4 o HxWx4
’

l——— g

L NP7
=

spconv x4
L e

Classification

s 4 Small object query
’ HxWx1
]

B5 XIMNEETER

Fig. 5 Cascade sparse query head module

(O4EHE , FIAT k-means+HER T TRIRE T30, AL
PRGN -

a) IEIHRAE X rhBEHLIESE AN U SEAE A FE R4
IR ).

b) A RE AR 5 B 0 BN RS T H B
D(x), RIEEZITER (5) P F — A EZFErhl, oL
(5) H:

D(x)’
> D)

xeX

o) EEAE D), HBIEL K NREDL,

d) HRAE T E R R PG, TR X B KA ERED
OIS IF LEIEES A R AS 23 E B e O Y SR
SRR

o) IHEA DRI L, HREPLRAZN,
BRI

MHi=— Xi s (6)

P(x) =

&)

Horb BRI, RIERZE R A REA P2

) TR d) AEER o), B2 T A FHHEN T8
A SRR REAR D, BV R 4

R R AE R 573 ToU ik, 1] 6 i, 5E

B i 3% 9 i F T KRB R B AE R, 43 0)
“} SF-dataset 3048 : (26, 33). (47, 68). (93, 69).
(91, 128). (64, 241), (185, 126). (159, 259).
(320, 247). (453, 459); D-fire 544 . (10, 13),
(18, 25), (23, 54), (42, 36), (46, 94), (81, 59),
(88, 145), (158, 83), (221, 205); FIRESENSE %{
4. (15, 20), (31, 33), (36, 64), (67, 76), (42,
158), (141, 87), (90, 156), (158, 183), (305,
267)0 “AVEIRAR RGN L 7 PR,

0.75

0.70

o
@
o

I
o2}
=}

Avg I0U/%
o
o
(3]

o
14
S

/|

2 3 4 5 6 7 8 9 10
Number of anchor boxes

0.45

0.40

B 6 SF-dataset##% % ERERIELER
Fig. 6 Clustering experiment results on SF-dataset
UE A k-means+HERISIF L, W UAERERIHE
22 R ATRER, DA KRG A SRR, A

H 600 ° n 600 | 600 | Ty et DCRHO

500 | 500 | 500 | A

400 400 | 400 |

300 | 300 | 300 |

200 | § 200 200 |

100 | S 100 100 F 5

O | SRIRTNE e ol - 0 | SRR
0 100 200 300 400 500 600 0 100 200 300 400 500 600 0 100 200 300 400 500 600

W7 %A%, (a) SF-dataset; (b) D-fire;(c) FIRESENSE

Fig. 7 Clustering results. (a) SF-dataset; (b) D-fire; (c) FIRESENSE

230216-6



NG, 45 S TR, 2023, 50(10): 230216

https://doi.org/10.12086/0ee.2023.230216

TR AR 1 2o i S [ U A5k 2 S

2.5 WMKEIH

AR G R BR T R e AR P AR - A R
JE o SERRETH A0 R TAS I 10K R EAR ARG, 2R
SRR, R SRR =R AT A A A T

Loss = aLossScy +bL0OSSq, +CLOSS e @)

H s Losse, IWREFERK BRI, 4 BCE {HAZ
ST PREL, Lossg, 1CRISH K k%L, A Quality
Focal 51 25 PR, Loss,, 10320 FUAE [11 9 451 5% pR %L
4y CIOU #i 2k pR% . a, b, cACER=A A=Ak
PRAAY . BCE 4t 2% pRAIUH T BN AR JEHE A PT B FR EE
HUEM R 0~1, [ABKULIHIEHE B mT REAA7E B R,
HF .

1
Lue=~ > Ding+(-phd-p].  ®

Hrr: x FoRHEAR, y FRIRE,
n FRFEA I EEC
Quality Focal fii 2k R BUH T i 00 h iE AR AR
AT S A B IR) 8, AR B P
Lgn = —ay(1-y") logy’ — (1 -a)(1-y)y” log(l -y
{—Ml—yybgyy=1

—(1-a)y”log(1-y),y=0

QAN T A A

)
Hep: y AbR%, y RHTINZER, FBHET b T
Gy REARIN ST, FRIESTICR N T o FH TR XS
G 57 2 FIREA I RFE AN BTk
CIOU #6514k pREIH F H0 s SEAE A [l 3 4 e, 3
BFEEANEL (10):

pz(B,Bgl)
CIOU(B,By) = —nv— y +10U(B,By), (10)
4 w w)’
V= E(arctanﬁ —arctan Z) , (11)
v
n (12)

~1-10UB.By)+v’

Horb: B #I B, W BUMHEFIFLSHE , p Sy FINHE 5 L5
RE LS BIREES , o D FRL T AE A ELSIEAE ) fie /ML
FELHE 4 0T 71 B B8 0w R B Ay T80 60 TR AT 1) 5 R
w R RS 3 D AR R 58 5% . 0 RIA—1E T
PROOMAE AN FCSHERY L2216, JIAS K 58 L3 g~
WP T o SEBRIEAE SRS 5 1 AAE [l U9 e A

2541 Quality Focal-CIOU 512k pR%L, MM SZE AP
A I ZRUAT SR T AE 5 15

2.6 #EEEHSE Slimming
IR 4 S R 1T DR i 2 Rk S
B, BIaniAl T, SRR, (HR S SR
RUSEIME, AU S8 5itR e R A gn, 0%
FFBRIEAL 2 Ja B R, AL i R AR
W/ T SRR SR, (ESRY ) S R A
WK, K-SRI SER R AR 22 . RIILSEIS AR X L
T 2R Ay Z 5 BT Slimming B A% FE" Xt
RIS T R4
Slimming 59 4% %% F1| F§ BN (batch normalization)
J2 y ZHORA YR A N EE AR, IR L1
PR RFFHAL y 5. BN JZAE R —Fh g fin s 9 2% st
R AR S PERERARE T s, B I N TR )
h, HAR AN
—~_ Zin—HB

z=
2

0'B+€

Horr, 2z, Moz, 2032 BN B ARG, wFs
AHKIZZR ARG, opFmARHKIZZ 5 AR 7
7. BN ZSXERUG i R 1y 7, B4
Sl PRI A, AR y AR/, IR A A8
T p R E W SRS, AR 2 X T A 2k
X2 B DTRR AR /N, 7E BYASE S 5 2 ) ol ik AN J L 1Y
WAE, (REBCONEZEEE, M SE IR ) R
Slimming BY AL 2 LA AN
L=) (W )+A) g, (14)
(x,y) yell

Hrb: (x,p) AR BAR, AL EmTl
GSH, IR RGN I 20k R %L,
g() SRR AT, A SR PIPA R F

R RWEFE T, L1 IER (g(s)=Is)), #%) iz H
T, ZBIRR IR S =P8R MsiiENfk,
A, G, b, Hs AR 2R R I 2R A
L1 5okpn gl iE i B 2R, By AR AR He i
EEERE B, MBI AEZENEIE S
T RBIR T PE BERREAIR, TR AE BT A R A e A T
AT AT o AR SCHE A TR TR A 7 L U A s SR F i
SN XTI TR B Y25, T A6 S B BB A |
ARG SR 5 IR TR s I 25, SEP R A i
AR

;Zout =7?+,3 (13)
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3 EXWE5HM

3.1 XWigE

ARSI SRt B, FESLI S E
4R : Batchsize i 64, #3504 0.001, JEHERF
A 300, SR H Pytorch 42, 55 GPU 4 NVIDIA
GTX 3090,

3.2 HiiE&k

SRR e T = A kB, 730 D-fire 5X
itk . FIRESENSE %44 A & SF-dataset £#fi% . D-
fire ATFRIBAHRAE, 1 21527 SRS [A] RO () KR A
FE N, AR B KRS, RSN
[Fi] U B4 KM 55 LA e RS B 5 /N KR A
B4 4E B B b 4k OF ¢ hitps:/github.com/gaiasd/
DFireDatase; FIRESENSE A T8RS, h 49 4
PSR, A4 H A 1628 KRS 5T B K RS
DA He S S5 T B K R 25, K S B ik Oy
https://www kaggle.com/datasets/chrisfilo/firesense, %
JE3 D-fire 544 Al FIRESENSE 45 45 37 3 g
B, RS E NAMESR R 2R K R 5, A
SCEEST T SF-dataset 0B 4 . SF-dataset S0 B 45 &
ZRPRIR M R s, 18218 SR ACKAAZS I R 4 AR,
(REVIY @ LAYV EA PO S
B4 8:1:1 HeflRl 7 Il ghee . Bakde . il
A, BARRCanGe 1 s, g b, s oextk
FEHR B A TE A3, 3 5 e ORI A ) XML
SCAAAAFIN R PG B A2 LA R b PR AOAR
ICIRFARARATEARZE S . Ah, b Tl R 2 REAS BT 4
H2E > BN I B FRERAE, T B S A T R 1
5o ASSONIGRIEECR T BIES | e . BENLEI
O X PURESE R | S R i SRR R 5 T B

3.3 iFMIEHR
AT FHUIZRAY LFNet R 28 %0 LA Gtk A 7 17—
FHNIH, DIRUERTR Tk AR . SR I

A1 EABEENIGE,

O B (Precision) . A [0l 3 (Recall), 1 #f %
(Accuracy). ZEHIHEE (AP) . KBRS (mAP),
TR SEL (Parameter) . #6010 3 B (FPS) & 48R 1 T1F
B, #TFEbRE S

Precisi _Ir (15)
VA =
ecision = m——r »
TP
Recall = , (16)
TP+FN
TP+FN
Accuracy = > (17)
TP+FP+FN+TN
1
AP = fo Precision(f)dt , (18)
T AP,
mAP = ==-—, (19)

Hirdr: TP (true positives) i IEAEABE R 1E 6 A% 5
FP (false positives) iy £ FE A A il by IEREAS (1 5505
FN (false negatives) “h ¥ 5o 4 15 K I Ay IEAEAS 1 48
it C RRFINEL

3.4 XtbbsEIe

TSR UEHE A LFNet M4 A0A Rk, SEga i
KRS BE (Precision), # [F1 % (Recall) Z£ 48 bR 1E — 1>
KRR 52 BRI AT TR S X
Fey B tudh 3 25 3 FiEGemy KCa R I ik 3
FEAT 1) 5T IR B2 > B K IEAG I35 Fire-YOLO™! |
EFDNet™ | Pruned+KD™ )\ K& 3 Ff 3 i 19 8 FH &L H
FRA I 77 YOLOX-Tiny"™ . PicoDet™, YOLOv7™
PHATHES . EAN, N T IRIE AR R AR, R
FETI S (Parameter) . Kl (Speed) S5 48HRTE SF-
dataset ZUHEAE 5 F 3 (0 2 ARSI Bk A T T X L
S, XFHOTEALIE IS 5 FELA IR T IR )
A K IKG I T s . M-YOLOY” | Fire-YOLO"" |
EFDNet™ . Y-Edge™. Pruned+KD"" LA & 5 #h i
() 2 B4k H AR A 7 3 PPYOLO-Tiny™ ., YOLOX-
Tiny"". PicoDet™. PP-YOLOE"', YOLOv7"",

22 2 AT B vk TR S ) ok Bt 4 1 L
mAP . Precision, Recall UL 5 Accuracy A% WLHE 5 A9

BiEdk, MKE e Emsit g

Table 1 Numbers of training set, validation set and testing set for the three datasets

. QRS LT = i 4 .
Hpnte L4
Fire Smoke None Fire Smoke None Fire Smoke None
SF-dataset 4859 4859 4859 607 607 607 607 607 607 18219
D-Fire 4658 4693 7870 582 587 984 582 587 984 21527
FIRESENSE(video) 9 11 21 1 1 2 1 1 2 49

230216-8


https://github.com/gaiasd/DFireDatase
https://github.com/gaiasd/DFireDatase
https://www.kaggle.com/datasets/chrisfilo/firesense

/N S e TR, 2023, 50(10): 230216

https://doi.org/10.12086/0ee.2023.230216

A2 FRHAEEETRR F ke AT Rl R

Table 2 Experimental precision results of different comparative methods on different datasets

it
TS ik

Recall/% Precision/% Accuracy/% mAP/%

Celik %" 38.45 69.54 7212 4158

Demirel 2 42.28 73.65 78.54 47.15

Zhang %% 40.12 72.77 73.15 454

Fire-YOLO"" 49.93 87.05 90.09 69.38

EFDNet™ 4427 80.45 82.28 59.89

SF-dataset

Pruned+KD?” 47.25 83.16 85.64 63.1

YOLOX-Tiny"" 49.95 86.89 89.24 69.08

PicoDet””! 50.1 87.1 90.13 69.42

YOLOv7* 54.12 88.64 94.88 71.69

LFNet 54.98 89.12 98.5 71.76

Celik 2 35.90 65.78 68.42 39.65

Demirel 2 40.68 73.12 78.27 45.85

Zhang %% 38.67 70.45 70.86 43.94

Fire-YOLO"" 51.18 84.12 88.21 68.88

EFDNet™ 43.68 76.57 77.94 58.77

D-fire

Pruned+KD?” 46.02 79.85 82.4 62.71

YOLOX-Tiny"" 51.06 83.94 86.14 68.14

PicoDet””! 51.27 84.32 88.26 68.95

YOLOv7* 53.12 86.44 93.85 70.65

LFNet 53.35 87.68 97.92 71.15

Celik 2 337 56.07 60.21 36.48

Demirel 4+ 38.55 64.28 69.44 4266

Zhang %% 36.96 61.58 62.38 40.36

Fire-YOLO"" 52.47 79.88 85.19 68.12

EFDNet™ 42.74 68.25 70.22 56.97

FIRESENSE

Pruned+KD?” 46.80 72.94 75.1 61.35

YOLOX-Tiny"" 53.94 80.44 84.12 68.02

PicoDet””! 52.96 80.92 85.91 68.89

YOLOv7* 54.53 89.76 96.28 70.15

LFNet 53.19 92.44 98.42 70.61

TE: MR el sh

SEYREEAR W SRR, FTLAKE, X AR
15, JCIBTE mAP. Recall. Precision UM Accuracy $§
Fr b, SF-dataset ZC4f 48 Y| ZR AR A4 BB 21U T D-
fire il FIRESENSE ¥4 4, X T 22 i Tk 7
ZHA PRI 5, A BT U A B b

H2# > e 71 . 7F SF-dataset ZU#i4E [, LFNet [ 455K
BT H £ mAP, Recall, Precision DA} Accuracy,
IXHIH 71.76% . 54.98% . 89.12% LA N 98.5%. TifE
AR B, MTHABR O, AR A
PEREFEAR AL T AR, 3X IR B TR G IR T
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BETEI, B3SO TARMERRIN KT
ARETE AR IBUK R BYRAAE DA TS 0K T K B8 A1
HHZT, ARSCER LA RO IBCK KARHE, 52
PR AR A M BE -

7 3 AR 7E SF-dataset Z(454E |- L) mAP .,
Speed. Flops. Parameter LA} Infer time “h 48 b (19 5%
WA Wk 3R, ARSI T 71.76% 1)
mAP, TEFTA Tk BT BAE MR IR RE . TE
Flops. Speed Pk X Infer time J7 i, PicoDet iK% T fiz
DL R, B mAP 2y 69.42%, LA 37 i A%
2.34%, HIKIEJTE YOLOVT MK 2.27%. il id S50 4%
RATLVE G, AR SO AR LU SRR S8
TS SRR, (B RZHO ARG, S
TS AR R GG o PR LA A P RE R £ R
AT AR RN B de L, (R IR SO
B, AFEE R, R A, AREE I AR R
JERY JCRIGINGEE o oAb, Ry 13— DY IEA SO vk
AR, ASCH LFNet 7755 LA BA R Ir
BAEAT T Al MAR B X LA I S5y o 5] 8 S LFNet
EFDNet, Y- Edge. M-YOLO. Fire-YOLO. YOLOX-
Tiny. PicoDet, PP-YOLOE Ll & YOLOv7 J5 ¥ 43
1E = KRR EASRZ50 T nl AR A8 K IAG 5
o H A 8 AL S HEINY IR ) I A TE Y
Ry s LA S 23 7 2 A AN [ R B2 1) A TRl I AEAE 1Y)
K, 14 9 F A0S AR P R B AN ] RUBE ) 2k
R[]I A AR ARG I 37 55 A R BB T i R B KN Al R
BN XA R I AEAE AR I 55 [ 10 B H

B A KR ZE R TR N AEE B ARG 37 5 DL K 25
585 JOR FAFAE ORI 5 . AT RRAL ARG 45 2R
KA, ASCOTIETCI IR T L /N KIS AN ]
RO KK AEAC ) 5, #BAE 58 B — A d A (9 A6 0

3.5 HBLSEIY

A YOLOvSs 7E 2k BaseNet, Ff-2k H H.Fh
FEMEAE SF-dataset il IR A 2500 KRBT IIRG B2 . Oy
TR SR I VERE AN SO VAR AN [R] ) 15 i
7 TR . 1) Btk YOLOVSs 19 3 T R 25 Bk oy
ECDNet; 2) fifi H} FPN+PAN {5 I 2 RHAE S U B ;
3) fdi F CSQH Wil i e YOLOVSs BTl kB4 ;
4) ffi 1] Quality-CIOU 1k W 45 1) 4 2% ek %55 5) F1H]
Slimming YRR X 44 HE4 T He 4 -

SCER A RN 4 i, R4E BaseNet [ mAP ik
£ 67.89%, {H AL RRATAS BETH /2 K 9 Al 1) 25K
(AR T — LA 2 RS 3 55 DA S R 5 AN [
REER KR Gyse, i HIHSR SR NEE] T 27.6 M.
5 BaseNet 1 Hb, ettt ) 3= 1 W 4% ECDNet Y mAP
KE]T 68.89%, FEAIMBLISEMEN T, 5
T 1% 455 . fEM %% ECDNet Ay JLRE RN FPN+
PAN, HERIZECR /MU 0.1 M, {HEIA mAP A
68.89% 1 il ] 70.15%, Recall A 50.96% 3% i %]
51.53%, AT WL, fdi ] FPN+PAN BYHRREflS 7 =
AR TR RE . T K X 45 1 BaseNet
(R FIN Sk 5 4 e il CSQH. B, R R ARG 3k 38 3k )
T 91 fls, mAP$2E T 0.46%, Frpilwt T i iE 5/

% 3 SF-dataset £ IF) 7 ik ey bk Loz R

Table 3 Experimental speed results of different comparative methods on SF-dataset

fahR

ke Flops/G Parameter/M Speed/(f/s) Infer time/ms mAP/%
M-YOLO®" 7.54 23.8 18 50.6 66.6
Fire-YOLO""! 4512 62 28 32.17 69.38
EFDNet™ 1.99 3.6 63 7.21 59.89
Y-Edge®” 30.47 53.8 36 27.97 65.95
Prund+KD"” 16.8 26.3 45 17.25 63.1
PPYOLO-Tiny™ 4.96 17.84 42 23.8 68.36
YOLOX-Tiny** 5.42 19.19 40 25.21 69.08
PicoDet”? 0.73 4 105 6.65 69.42
PPYOLOE® 29.42 52.20 98 25.64 70.85
YOLOv7% 18.42 36.9 88 19.85 71.69
LFNet 3.85 12.6 98 10.24 71.76
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—
)

B 8 SF-dataset #4& &b 2ia4mi4 X, (a) Images; (b) Ours; (c) EFDNet; (d) Y-Edge;
(e) M-YOLO; (f) Fire-YOLO; (g) YOLOX-Tiny; (h) PicoDet; (i) PP-YOLOE; (j) YOLOv7
Fig. 8 Comparison experiment detection results for the SF-dataset. (a) Images; (b) Ours; (c) EFDNet;
(d) Y-Edge; (e) M-YOLO; (f) Fire-YOLO; (g) YOLOX-Tiny; (h) PicoDet; (i) PP-YOLOE; (j) YOLOv7

REEJCR RmvERE, AT W R RSl 55 M47E
4y W) M FHT  Quality Focal-CIOU #ft 2k bR %0 #1
Slimming By A 56 I, AR ARG IIDRG B . AR S8
KN RGN B BE B A T — 5 88T, BRI mAP
AT 71.76%, BERISEF/NMUN 12.6M,
BEIRENT 98 f/s, DRILEZEG SR as A& 4845, Al
DL H AR FR SRS X T LENet (1947 250 FA itk

3.6 BHXW

R T IR N TR /N B I 2 8 di 4 R A B B
Batch size . AN[FRERN AR SF LR AR EL epoch XiF
F T Y LFNet 945 kGRS INRG BE 50, S50
f¥ SF-dataset $(#54E L AT T 2408000, SLI0 45
WA 11 Fis.

Pl 11(a) 7R T AR K/ NI RS SR A LA %
THORG L SE ), 7E45 % 5 L 50% 1N 280 42
FERIZMET, ARSCHER mAP $54RE 55 69.53%;
E—E LN, YW S UIZAEA 5 e, 78
80% MY LR B AR FEAS 7 LU AR F T, AR SCH AR
mAP ik E| T 71.76%.

€ 11(b) %5 1 T A [R] Batch size K/NXF T 455 Dk
JE RIS, Y ERY Batch size 73 N 8,16,32,64,128.
MEHF T IFE H, A[E Batch size 2514 F 1Y mAP 38
PRFAE—E 225, BRIEEITE 2% Z M.

L 11(c) 45 T AN A 78 Ay A RS X F A RS
JEMZ ], ERES R ATLAIE H, A B R AR
SHERERUE R AR H, AR A RO, AR
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B 9 D-fire x4 £ b4 3ot M4 K. (a) Images; (b) Ours; (c) EFDNet; (d) Y-Edge; (e) M-YOLO;
(f) Fire-YOLO; (g) YOLOX-Tiny; (h) PicoDet; (i) PP-YOLOE; (j) YOLOV7;
Fig. 9 Comparison experiment detection results for the D-fire dataset. (a) Images; (b) Ours; (c) EFDNet;
(d) Y-Edge; (e) M-YOLO; (f) Fire-YOLO; (g) YOLOX-Tiny; (h) PicoDet; (i) PP-YOLOE; (j) YOLOV7;

WPz 4, (H A B R il o R 2 0O/ N3
X R TR A AR A RST RO, 2% REAS H
HEZ RS EEE . B, ZRA B R RIRS B 51
RIZHRIN, ARSCRZERE T 640%640 1R RN A
RoF, fES 8 s/ N Rl B P SRR B, el T
R BE AR A

FL11(d) 5 3 7 A TR] R ARIREL (epoch) Xof T 454
W, KR LIE B AR epoch XFF mAP
PRISENaA — & IS, BEBITE 2% Z N L85I8
B B SRE R, ARUGE IR EGE T 300,

4 % it

RSP T — i T ZBCA B A ML A e
JORKGMEE, ARG T 0K GG 32 1 s 14
2 RUBE R BOREINRS FEAR , /I FAR A T - v LA
LA SR REXE LAk B 45 R AR SCR R
AR T 4% ECDNet 7EA [ U0 A RHIEJZ
ARRLEE B BRI AR B, Aok T 22 RUBE KRR 5 2K
AR IIRS RE IR A IR sl id 5T AR AR CSQH ik
S mus /N HARaOAE I PERE ;. A Slimming 8747394
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10 FIRESENSE #k#% & pbik s 3mi#s £, (a) Images; (b) Ours; (c) EFDNet; (d) Y-Edge;
(e) M-YOLO; (f) Fire-YOLO; (g) YOLOX-Tiny; (h) PicoDet; (i) PP-YOLOE; (j) YOLOv7
Fig. 10 Comparison experiment detection results for the FIRESENSE dataset. (a) Images; (b) Ours; (c) EFDNet;
(d) Y-Edge; (e) M-YOLO; (f) Fire-YOLO; (g) YOLOX-Tiny; (h) PicoDet; (i) PP-YOLOE; (j) YOLOvV7

R4 HRRERGFRERER
Table 4 Experimental results of Ablation experiments

Ik Eiztan
Model
ECDNet FPN+P CSQH QFocal-ClOU Slimming mMAP(%) Recall/% Parameter/M) Speed/(f/s)

67.89 49.38 27.6 84
v 68.89 50.96 27.6 84
R \ 70.15 51.53 27.7 80

YOLOv5s

v V 70.61 52.12 27.7 91
xl v 71.15 53.35 27.7 91
v N N 71.76 52.98 12.6 98

T RN R s
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n 72.0

715}

69.5

69.0 - - - - - - -
50 55 60 65 70 75 80 85
Percentage of training samples/%

90

72.5

720+
7157+
710
70.5
70.0
69.5
69.0
60

mAP/%

420 300 540 660
Input size

300

B 11

mAP/%

mAP/%

72.0

71.76

715+

710

70.5

700

69.5

48 64 80 96 112 128
Batch size

0 16 32

7176

70.5

70.0

69.5 69,53

69.0
100

250 300 350
Epoch

150 200 400

J& SF-dataset 4438 % F i) 454038 £ 4 Kb 5] . Batch size. AE& #r AR T AR %X K 4k epoch L34 £

(a) V4438 EAE AR, (b) Batch size; (c) #A AR T; (d) #4RKk 4k epoch

Fig. 11

Parameters experiment of percentage of training samples, batch size and patch size on the Santa Barbara dataset

(a) Percentage of training dataset samples; (b) Batch size; (c) Model input size; (d) Epoch
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An improved lightweight fire detection algorithm
based on cascade sparse query

Zhang Xiaoxue', Wang Yu', Wu Siyuan’, Sun Bangyong"**
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Overview: The Visual Fire Detection task is designed to detect flames and smoke using visual algorithms from images
and videos to achieve fire alarms. In recent years, fire detection algorithms based on convolutional neural networks have
greatly improved the detection accuracy of flames and smoke. However, the following questions still exist in the current
methods: 1) The generalization ability of the model still needs to be improved; 2) Low fire detection accuracy for small
objects; 3) The tradeoff between the detection accuracy and speed fails to achieve. In order to overcome the above
problems, a lightweight fire detection algorithm is proposed based on cascading sparse query mechanism, called LFNet.
In this study, firstly, a lightweight feature extraction module ECDNet is established to extract more fine-grained features
in different levels of feature layers by embedding the lightweight attention module ECA (Efficient Channel Attention) in
YOLOV5s backbone network, which is used to solve the multi-scale of flame and smoke in fire detection. Secondly, deep
feature extraction module FPN+PAN is adopted to improve multi-scale fusion of feature maps at different levels.
Finally, the Cascade Sparse Query embedded lightweight cascade sparse query module is applied to enhance the
detection accuracy of small flames and thin smoke in early fires. Furthermore, to further decrease the parameters and
calculation of the model, the Slimming pruning algorithm is adopted to change the size of the model. The experimental
results on the three fire datasets of SF-dataset, D-fire and FIRESENSE show that the comprehensive performance of the
proposed method on objective indicators such as mAP and Recall is best. On the SF-dataset dataset, the LFNet achieves
the best mAP and Recall, which are 71.76% and 52.98%, respectively. On the D-fire dataset, the mAP of our method
reachs 71.76%, which is far superior to other fire detection methods. On the FIRESENSE dataset, our method achieves
70.61% mAP. Our method effectively alleviates the main problems of current fire detection algorithms, such as low
detection accuracy, high missed detection rate for small objects, and difficulty in balancing speed and accuracy. The
network trains and builds a fire detection model on self-built datasets and other fire datasets. The experimental results
show that on the condition that the model size is suitable and the speed is relatively fast, our method achieves an optimal
detection effect on both the self-built fire dataset and the public fire datasets, and will potentially promote the
application of deep learning-based fire detection methods in industries.
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