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Abstract: Aiming at the problems in video image fire detection under low light conditions, such as the difficulty in
distinguishing background from smoke, the variable shape of flame and smoke, and complex background interfere-
ence, a fire detection method based on cross-scale feature enhancement and multi-layer attention mechanism was pro-
posed to improve the accuracy and robustness of fire detection. Firstly, a cross-scale feature enhancement module
(CSFE) was proposed to make the model focus more on the key feature extraction and improve the discrimination of
features. Secondly, a down-sampling module (CG-Adown) was proposed to enhance the model’s ability to capture global
context information through dilated convolution and global context guidance, and the residual connection was used to
prevent gradient disappearance and information loss in the deep network. In addition, a multi-layer attention module

(MLA) was designed to adaptively adjust the weights of channels and spatial dimensions to improve the feature represen-
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tation ability of the model when dealing with complex visual tasks. Finally, a scaling factor was introduced on the basis

of the EloU loss function to improve the optimization effect of the model. The experimental results show that compared

with the baseline model, the proposed fire detection model has the detection accuracy (mAP0.5) increased by 6.5% and

1.3%, respectively, and the number of parameters decreased by 2.3% and 1.7%, respectively, on FAS-CVP dataset

and FSD-CVP dataset.
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XS TR S, AT BN [R] /N AR AR
PR f R LR RSP Yt AR JS (A R P DR 42 1 —
AVRFIEIE X » T LA RICHE Rl S (]9 A G M 2
A5 B, A5 2S M RRAE Rk B8 7. B35 X BT RRE ]
Jof FHAS [R] RUBE (R 45 FRAGATE , DA AN [ ]RUBE 114 25 1]
2 g

H.o .
AL = Conv,y (X, o) (©
145(2) = COnV3><3 (Xc,concal ) <7)
AP = Convy (X, onea) (®)

i S PR G 22 RO A s (B D P A 8
BIFHERITEE I 4,

A=E3A ©)

XA B2 [ T W - Sigmoid 30T bR
B, A5 B B &0 23 [ R LR RS R AE
X, 5725 [ 8 B DL RO YA Ja iR AE A T
PRl 1 x 1 BB INABUS FRAE E E— 2 1
fFR M EESEA, R &SRB R E E
Xoul :
X, = Conv(X, ©0(4,)) (10)
MLA B i 25 & 3 FARHE AR il B )
22 ROBE2S [A) A8 )7, S8 T 76 20 18 A 2 [a) 42 i

R B INA, ORISR T 28 %) B AR A DGV
CIEWAR
1.4 Inner-EloU 5k 5 £

FE HARKHIN S35, , /5451 CloU 5 EloU 2R
B GH TESE ToU, (H i 2 RFRYE. CloU ST Hijll
HE I ECSAE (1) o s B 2 K98 L S 22 XA A [
A, SR AN 2R 5 RO 25 5 K i 7 5, JeJLHE
[ JLICE S i, B AR BB =, SRR S
EloU 5 AT f/MuFEPIA SRS LA CloU ZA
2, g 52 BRI R A2t b i Mg T30, 580
SO, HLe= HEDUHC [ 35 1 s AE 1P

BT, ANSCFR A Inner-EloU ZAUE4: 1) CloU.
Inner-EloU i Bl 22 RO Bliif S Jin s [m] )15 4, )
FH 4575 DR -0 P R 3 4 LR TG s g 20, A A
e/ IV BB P A ST 3RS 1 B 8 B F AR Il T T e il
I F A Y AE DCRCSE R S SR A RN K 2k
56, A BARRIRCR.

Inner-EloU 5 2% pREE SCUNTT P -

| U_|bmbgt|
Y _|bUbgl| 11)
Ly, =1-IoU (12)

b b F0 b, 43500 FOMME RN FLSEAE , L, T 5 13

g

THE 55 FLSHE 1 S5 HE 22 5%

p’(b,by)
Ly = C\i & (13)
2(w,w, 2 h,h,,
Lasp=,0(2gl)+P(2g) (14)
Cw Ch
Ly = Ligy + Ly +Lasp (15)

e w F A3 AR BOAE 1 58 BE R BE 5w, N
hy, o R ILSEAE A SERE T BE 5 p(b, b, ) A2 THINAE
FELSHE G S Z 8] Y O L A B RS 5 p(w, wy,) I
p(h,hy) 53 50 FR7R FHUINAE R SIEAE 14 58 2 5 A e 2
25585 €, 1 C, A3 IR PN AE A B SICHE A fre /NI MR
e TERE R BE. Ly & RE Bk , dlad 145 ol o5
2Z [E) A R TL FEL A5 B 8 R A 3] ot A 5 T S ATE r o a5
ZIE PR, L, A TE AR, T SR AE A
TS 1) B B R B 2 IR 25 55, P Akl BAE R TE
K. EloU $ii2k 1 ToU 2k | BRI LKA T8 Hofi
ER S

L e WeXo WX

by = x4 — g2 , bg—xgt+gT (16)
h, Xo h Xo

by =va== 5 ba=yat (17)
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b=x ~ X% =y + 22E (18)
2 2
hxa hxo

b=y, - 5 b, = 5 (19)
inter = (min (b} ,b, ) —max (b},,b, )

(min(b;,bb)—max(b;‘,bt)) (20)
um‘on=(wg1th)xa2+(w><h)><ot2—inter (21)
IOUinncr = lnt.er (22)

union

Llnncr—EloU = LE[OU + ]OU - [O Uinncr (23)

ST HERMBKE R 3 b, F1 b | FUSTHE P 0
SERRE DS 4 BIE (x,) FBUIRER o0 7 FE
HERAL (x,.p) 3. o e RE T, FTIATA
B R R

2 ZWERSHMH

A SCRE R Y 25 B4 0 B ALERAE R 5
Windows 10, 31 3 #L 4 #E #8 & 16 vCPU In-
tel (R) Xeon (R) Platinum 8474C CPU @ 2.50GHz. .
R4 RTX 4090D, 47 N7 24GB, SETRE 2% I HE
8y Pytorchl.11, CUDA JRAN 11.3, ifiE 5 >
Python3.8. ZRSCHHIIAE GPU EillZk 200 42; ik
KANA 165 WIER=E 2T 20 0.01 5 YRR BR IR A K
B RS RN 640% 640.

2.1 HIEESENIERR

AT BRI S T L R SE A A
R[] £ B2 B KR 5516 0, B0 4 AL & A~ 26
B, 535k “Fire” . “Smoke” , 3 H KR K/ K
640 x 640. ., FAS-CVP $dnsMuss 9815 ik k
FEUE , Xt FAS-CVP Bl 4L b1 T AL BE, B 5t 4
Fa A txt A OTRIEBAE A 7m0l o il 22
IUEEE, HflH 8 ¢ 2. FSD-CVP 3P0 ss 7468
sk ok R G, Rl B s 4 FSD-CVP i 47 fiikb
R OR B A% 0ol ot WX, ARG R S 4R
70201 EB A BI04 A N ZRAE | 3 uE AR Al
e

®1 LHREIEEMM

Tab.1 Composition of the experimental dataset
Btk FAS-CVP FSD-CVP

IR Vi 9815 7 468

GIFONIN 640 x 640 640 x 640
Fo%K 2 2

XFF KR FARKINAL 55, A SCS a8 R H AR
AL e FRI S 2 B DR FR AR R PP R B B,
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TR PO A EE R CFIKEHEE (mean average
precision, Pp,) , 53 (params) , HHFE S5 6 R
FH Piaos Pmaos-09s PRI, Praos R BIEA 0.5
ISP BIRE B E L Prnaos-005 2 HLBI{EM 0.5 LB
0.05 2 EFH 0.95 BFAFIRIPRERE. 115307
=X (24) ~ 27) Fis:

BTP
i — (24)
BTP + BFP
BTP
=l (25)
BTP + BFN
1
P, = [ P(R)R (26)
R o 27)
ma N p= Al

U Brp RN EIEH, 55 I A 0K B 52 H AR IR
SR B 5 Bre R IEG] , T B EE 1% b0k B S
HEREINN BAR; Ben 001, FEARVES SR MR T
SEHARRBINAE R Py BB P,
JEFRSE i DIONREIRE R s N FOR BZEAIEE .

et 8 A e AR O T AR 5 SR ) R, 49 [l
iy AR BRI B A LS HARIRE ST, P34
1 B2 255 PPAR BT AN [A] 3 (8] 387 9 SR 0 LA s g
U RARRUR. S8R Ts BRI Zad b i 2
oo, WAERGE | B, R IR Y & 4%
FEREE AR, AR S Hm Fon$2 7 T BRI R ik
REJIRIORG B, (AT 2 Z A =S AR E R, B/
S W R R b B3R, S A R
ZBRAIREE.
2.2 XTLbILIE

R T 20 WA SO AR A I KK AR A
A DA Bz A, AR SR FHAS [ R 43 53 7 PR A B
£ L T T HEREXT H, BiA AU HE Faster R-CNN |
Tood . Atss . RT-DETR . YOLOv8 . YOLOV9 .
YOLOV10, YOLOV11 DI R AR, i A5 A
]38 | Prao.s « Pmao.s-0.0s 15 B0 5548 b ok PEAL P
AE, XFHLZE RN 2 Ak 3 Fiw, Hid, Ours JEARSC
(A RS

ButE FAS-CVP LIRZ Rk 2 s, 4555
TN AR SCRT R A R M B F YOLO &R A & B 1
YOLOvIL, P 1 R 4y5EFT 3.1% 1 2.2% , Paos
H Prnao.s-0.0s 2T BRI T 4.0% F1 3.9% , F2 B itz
FEMERRYE RN T AT TSR s 5 YOLOV10 AH
e, P AT R 23 BIHRTF 3.9% F11 1.2% , Prao.s 1 Prao.s-0.95
A3 HIERTE 3.29% F1 3.8% , 3K 15 HH AR SCAR ARSI R4 F B
Jn4siai BERf; 5 RT-DETR AL, P FL R 43537
8.6% Al 8.7% , Pmaos A Pmaos.0.05 23 HIHETE 11.8% Fil
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13.8% , RIAA S RIZE R ToU BI(E N HA M, H
TE 200K FEAS M PR RE B i s S P B BOAL A Faster R-
CNN L, P #1 R 23532 F 9.8% F1 16.5% , Pinaos Fl
Praos-09s JFBIEETE 9.9% Fl1 18.6% , FEHA SCHERIfE
% B E S A ERE , JF HAE R ToU BIE T A4 T
JURgEH, SR T HAERE AN H ARAG I b i) 235 et ;
ERSERRIALE, P AT R S35 T 6.5% F1 2.9% ,
Pinaos A1 Prgo 5005 73 MEETE 5.0% Fl 3.6% , REIASC
YA A A 55 v HL AT B vy 18 M 2k RN R A 32 b
REJT. DL, A SO RLTE B R TR RE i Rl s, B
BT ARG BE AR, BdiedE FSD-CVP Ly
ERANFE 3 s, AT RT-DETR, AS SCRRIZE RS A
EPHET 7.9% , AR R R T 4.7% , FARASL

BERUSE SR T AR HAR R RE J1. R, Praos
Pinaos-09s SRR T 9.3% A1 7.9% , ARG B A SC
L 38 58 T AR I B o A R RN A TEPE . A AR T
YOLO ZA4IHHrf) YOLOvIL, P Fl R 35T+ T
1.2% F1 0.7% , Pmao.s Tl Pimaos-09s 23 M3EFH T 1.7% il
2.8% , FEWIASCRIZE RS ToU BIE T EA DL, #6:i
SR in4TE HLAERS ; 5 YOLOv10 ik, P #l R 43
BEETE 3.1% A1 1.3% , Praos 1 Praoso0s 735 $& T+
3.2% 1 3.5% , RAARSOTETE P R Z[AIIA AN, 148
h AP, e 2 AN 3 S5 IRAT IR, A3
BEAIN KCGE BRI RCRAAAI T A Y | i HAHAR
T At T by B R T R I R B
2

52 ET FAS-CVPHURERXTEL 5216

Tab.2 Comparative experiments basing on FAS-CVP dataset

Jrik P/% R/% Prnao.s/% Prnao.s5-0.95/%
Tood® 0.617 0.457 0.557 0.226
Atss? 0.613 0.448 0.551 0.225

Faster R-CNN 0.589 0.363 0.501 0.179
RT-DETRP* 0.601 0.441 0.482 0.277
YOLOvI1 0.656 0.506 0.560 0.326
YOLOVS 0.655 0.492 0.548 0314
YOLOVI10 0.648 0.516 0.568 0.327
Baseline 0.622 0.499 0.550 0.329
ASCAY 0.687 0.528 0.600 0.365

R 3 (EHEIEE FSD-CVP #1THIXT tL SLI6
Tab.3 Comparative experiments using the FSD-CVP dataset

ViRiS P/% R/% Prao.5/% Pia0.5:0.05/%

Tood 0.652 0.528 0.661 0.397

Atss 0.676 0.539 0.649 0.384

Faster R-CNN 0.589 0.535 0.642 0.375
RT-DETR 0.605 0.526 0.558 0.327
YOLOvI11 0.672 0.566 0.634 0.378
YOLOVS 0.669 0.556 0.632 0.377
YOLOvV10 0.653 0.560 0.619 0.371

Baseline 0.678 0.561 0.638 0.395
AR 0.684 0.573 0.651 0.406

HRLSEI8 B TR T 1.5%, RUBEREHESE PO G 1 B i

R T 2 i SR AR SCRRE A SR, AR S
AT — FR I Bl 52 3 0 25 AN B0 T SR T . D
YOLOVY JEEEARAY | 7552 B PG A S 40 B R —
BAEOLT , 43 AR A S R R AR R
fitk CSFE. ZZ1E= J1HLH MLA . CG-Adown 2k
FERTH L K elilt EloU 2k pRER. THmhSEgn g L ank
4 I,

MR 4 BE5RATHL, INAAR S B CSFE FF
TEPE USRS HE R 2 5 T 6.1%, A R4 5
1.0%, Praos P& T 4.2%, Prgos-09s Tefm 3.2%J1HS

o7 14368 T A R T AL S AR o 3R £ T O BHEARRAE
FEFR T B bk i 4l B2 i R s> 7 2480 . A
CG-Adown FHUJSHEHHELPER T 6.0%, 4 [R50
T 1.9%, Praos P51 T 4.2%, Praos-0os Tt 3.4%,
BOEin T 7.4%, BAERVIIMA CG-ADown Bl
Y IRERM AR E T UE RS S, AR Kz
X3k, OOk T AR 25 H AR A1 b s i i g
3, WA BT AE 3G 0D 4 A TR B R R T T A
FEEEAN AR R, MLA R AL 8 in A (AR 0
PEET 1.4%, BEEEMT 0.3%, Puaos M T
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Tab.4 Influence of each module on the results

Ik CSFE CG-Adown MLA Inner-EloU P1% RI% Pino.s/% Prna0.5-095/% ZH /M
62.2 49.9 55.0 329 57.98
Vv 68.3 50.9 59.2 36.1 57.10
. Vv 68.2 51.8 59.2 36.3 62.27

Baseline+

Vv 63.6 50.2 55.8 329 57.96
Vv 63.8 50.8 56.7 33.2 57.70
Vv Vv Vv vV 68.7 52.8 60.0 36.5 56.72

0.8% , Prmao.5-095 PRIFANA , SHGEIEILT 0.2%, #£H
MLA B HHLHPLAL T 2 RERHE RS RE ST,
PR AT R B A 1 o X AS [R) RUBE 0 H b, 3 H., 382 s
RN SRR, BRAR TR 2 24 B, TR
AR A AEFEFLITHS. A Inner-EloU #5125 18
BUGHET SR T 1.6%, BIEERMEINT 0.9%, Praos
BET 1.7%, Praosoos Fm 0.3%, 7 HSEEHD T
0.5%, Jii/b T LRI 2% |, Inner-EloU 612 pR R T+
T FHE R RE , DAl T AS IS5 R i ad el A
BB RARAL TRERL. (BRI 5, A SO R AE I
AEabrh R, HHE R 68.7%, A I E N
52.8%, Pmaos H 60.0%, Puaos-005 N 36.5%, 5 HEUERLE
BUMEL , AR SCRTYFE PR Praos 1 Pros-0.905 $6 05
IYRHRTET 6.5%.2.9%. 5.0%F1 3.6%, I HZHH T
BET 2.3%, %45 R AR SC T $R B 7R 48 R RS B A
AR, B T IR SCR M R, 52
BT R AL, AR RRT I RE - HAT B
2.4 HEHW

R T B A SO R R | A SRR AR
W Fy BN, P-R I SE LA TR KIS IE. P-R
M2 —F T PEAG /0SB PR RE A B L9645 , F
S H ARSI AR TE A RIS BIAS- T A o, R
FH i A R AS TR) 19 ORS00 [ % 2 i)
(AL OC R, P-R MR TEAR BT LUAB /R AR () AN [
fIE, YRETRAE ERG B S A (] (R T, ik
BanAT B W S PR, ARSCERLE P-R 4R HL3E
HERIRIGY) P-R MR EINAE L KA B, x s 3k
BHAEAR ) IR AT BT, AR SOBERY A B AR A T 0k
AR TR

Fy 50 BCh B RDRS 1 260 3 a0 23 (4 8 AP 394
CEAHG IR T XA AU , S R e JS RN
WRAGE BB bR, IRZR R0 BT Y i) B, Ut
BRI AE ZAN B T 1 Fy 2 5080s , R, g
RS Fy B4 SAC ORI Fy oy iothZedn
Kl 6 Frn. ATLLBE A ARSI Fy 53 i 2
IRAESLMERAL Py o384 0y, R A SR
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TEZAEAGERE T RIERE. 45K 6 RIZER,
A AAS A SO 1 R AV REOL TS A L.
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Fig.5 Comparison of P-R curves between ours and base-
line models
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Fig.6 Comparison of F; curves between ours and base-
line models
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DN E H A3 B e MR DX, e (o DU A e Aei 21 H
P PR ARABE S5 DX I, A B T 45 20 B AR 1 {5 Ay B X
S, WD IEEAT ST B 7 JROR TAR SO SRR
RS (T OGS E. H AT DU Y, AR SO

JEin 1R

SRR

TE K A P R SCR W] S G T R AT « 5 S AGH
a8 B BB, e FAR K8, £507 B L B
R €0 ELBEE ot IR RRUASER, RARRERUNGS JCR FRARGIIA SR
by, EREIREGUE T A ORI AR JCIAR I AP
SR, RN WRER T HAER AT 5 REA R W
s, RAR SRR DAL

ARG

B7 #HAEXLE

Fig.7 Heat map comparison

AR ST AR R MEASE R AE KIS s T Rk
EIXT AN 8 BN, AdE T ARG RE R 15 5 5 R 25 1
PAX Ay B TS OL N i R EIR. tiiEl 8 nl 4,
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TEOLT 0 KM, A SO R R TP 21 T % LA
AL EH R, BLAh, TEmIG YRk Bems LR R =
ZRM T, SEAER I RN 2 T ARSI Sk KA LA
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BT IEBA I KIE 5002 BAR. X H A BT 25 S 17 B
S P AH A T L HERERY | AR AR A AR T
() IR BN RGN BA B 203 [FFES YOLOVII
AL, A SCRERIAE IR FARE INE 00 T 2R
=, 0 LLERA bR B R B AR I K AR, AR SO
PEIL AT DL R A A A UG o R 4= A e B
Jri 2 | SRR LT 45 55 H IS A T s 11

(R, T AR SCHTE A B T I — [n) A, 45 T kK
E BRI R

K 9 JE/R THE FSD-CVP B b5 miE 4. |
T b 58 28 4 A7 D0 ARG I 235 SR A X LT DAL T
DA 21, 78 R A (R 26 SR P AP TR R 2 1R
KR A AL, T ST R TR B AR 4k
A3AT , SRR HE DUV 2 AR IR, SO
o A HH B 22 , B4 H AR 58 4 R gk i 2. X
YOLOvI1 FEM, B SRAHES T HMERITAT T — 3 ik
L, AR SRAFAE — Se [n) L. AE H AR % 4R X
YOLOv11 BT 46 I AE 51 8 A1 43 H An 12 40 9 3
G T AR SRS TR 6 00 AE BB A% 25 hy A R 1) H A
YA, - HAE I H bR 2 4 IR L RE A Sk fe T
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JR U 2 S AR

,’ il d

| 41 |
Fire 0.5

AR

YOLOvI1

E9 #iEE FSD-CVP ERIHEMIRTLE
Fig.9 Comparison plot of detection on the FSD-CVP dataset
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