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A A ISP SMERII T AL
BEAZR N R R = SRl

WHEEE, RRA

B
MK BT SEH2EGE, fm 350108

8 ZE: FIBARICRATIN JE T LR R IR T S B TR B SO ], AR R T A LR AR RS
5 % [ 43 % S T PR M) o7 i ) A F 30 P A 9 A v JRe R o N P AR, ARSI H AR U N L R
THE IR R A OGP AR . BT XX S ), A SCH T — A RlA AT DG S I A U A G SR R ) S AR AR K
KWL E 2] R AR EFFNet (Early Forest Fire Net) o BB XS BB NG AR PE 5 SR BFRFFIESETT T 4 TCHER
it (D) SRAFIRAG K% EF (Early Fusion) SCIUAT ULV 5 METAME BA SR G, HRBOAE S 2 E N Y
PUILE R M (2) BT 54 4 5 I il AR $2 B 2% HGRNet (Heterogeneous Global Routing Network ) F4im 2 K
e 1A H S RRIE B, BRIRINER; (3) SIAFHER A ML FAN (Feature Aggregation Network), SR
T N Al A AR e N AR S IE5E BARIERREEE s (4) RITESCER A KISk ESCHead (Efficient Semi-
Coupled detection Head) FRARAR R340 57 2R i 5448 . £ RGBT-3M  (RGB-thermal multi-scene, multi—target, and
multimodal forest fire aerial photography) %U#E 42 I A SCE6 45 F 22 W, EFFNet /) mAPS0 3k £ 97.2%, % i R ik
94.9%, AR 94.1%, BRS R 1.84 M, THF N 5.6 GFLOPs. M T 47 ot F ARk A Y
EFFNet 75 S EL T S A UG B2 09 R, 6 HLA e AL A SE i PR e 38, REAE T JE T AMLIE IR & X L AR AR ¢ 52
FIF 00 g 7 P 75 5K

KR AL, BIREG, WE, A, RO, Bbsilnte, B, YEReriEs
HESFES: S762.3+2/TP751.1/P2
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1 5 7

ARMICRAE T —Fh = EH W AR K E, MRS
ARG, NS AU S B B IR E
M (Mohapatra Fl Trinh, 2022). & AU EHZH 5
KM . IR S RGERILEHFITIEE (Dos
Santos 5%, 2021), BT R A A AR AR A
R, IR EERAR R 5253055 (Coogan 5, 2019),
BENS bR X B ) A= i 0 7 2 4 4 1™ S U (Bu
#1 Gharajeh, 2019).

AR K Sl I . Sk R
HIRADHIBL, WIERIBORTE JORNIFIRE . MAIE
SR FRIABE R B B, HARAE A 45 K FE AN - F4

rFE HEA: 2025-06-26; FAENZR: 2026-03-31

SRR . MH 2 A HX BE WL ST B (Honary
8, 2025) . IR BUR BRI B R SR H
W, S K S ATE B A R, DR S HL
IARAR o K A I KRB Be iy KK, fE
A RB)s 1b Kk ik A SE | R B, DA 3R AR
LV AR Bl R B8 K PE Y K (Sudhakar 55, 20205
Bouguettaya 5, 2022). KU, FHIBRM K I A
T R IR G I E B A = ¢ B 1 B O s w il L OR L
FOR SIS B Be I ) PR PR 1| FAER 7 £

HET, B X5 AR AR g i 3= 28 W I ) 2 A 4
(1) MREEA RGN TR A Tk, (HHC W DU A
MR EAERT R (2) RIS | R FNZL MG s
AT H S, BHES 2 . BOCE A A SRR

BEE&WB . FEAREEF BT H (4% . 25FGLB019) ; fi #4 [ ARk # 3 4 (45 :2025J01451,2025J011137)
FE—EEE N MEE U o ek 55 A Ak . E-mail: jgxy_ydq@fzu.edu.cn
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DLAGTIE, BRARCREGS; (3) I TR R AR
FIRFEFEIEI , (EILE e, XA AR AR R
IR (4) T T ] 54 Sk AT 2
W, AR BRS B E T RA FR, IR R AR
BERE KR, ARG Ak, BEESG. W)
RIS BOR BT, FE TN 2 il A5 o
AR TR AR R TT % (Yang Il Wang,
2025) . W 1Rz, JC AL ST WO AL Sk
1R IRAS AT IR A T A, AT S SR AR R 70 P R

185 BLEGh Gt B8 45 6 TR B 2 > B AL RN
AT AT, BUNHBZR K RGEE K AE AT L AR AR K
KPR, —HRMKNE, KRG AEAEEE Fg
ARG, DAEREIERIE I E., 5T
B EAR G, o AL B A B R 9 2 ] S PR A
PR R SHb AR, JE AMLE 5
T FR T LR ARG, PR 7 R Rk I T
R EE Y RTR (Titn 5%, 2024).

TN
A A IR &ML ME I AR

=

© LK A30—120m

HLERD Zit5
(BRPEZ: IR

O ) rEN

A
116.40°E, 39.15°N

1 JEAHLRRAK S M I 2R e 5 A

Fig.1 The architecture of the UAV—-based forest fire monitoring system

IR, R T IC AL AR AR K R A
A3 s 2 P (1) /N H AR A PR —
(IR Pe WA CU IV N = SR I B
EARNIR R X, TR Z RS AT RRAE, 25
DY S TR s (2) HARFAEE I
RRMRKCI Gy 52 P AP, AT 2R R B RS B
b, UNMERESRS s (3) H AR B HE 25
#r——HIREBIO S 2O KIa SRR R
SN, PRGN SORFRIEER, SN
W BEOh, 5515 KO BAT IS N SRR RIS A
AP, BITEAR R B R R BT, K
VERSPRE AP RN PEE o W N T e [ D& e
TEARUIYE U NG B RS (A5 40 25 1) (B R (0L T
JIEARG . IMZAREA A S B R At LAK

B BRI T, SR DR TS AR
P, SRR AR K GRS TN Ja T 45 B Bk A 9 52 2%
s B B/ H AR RINAE 55
FEXFLLEMERD, A ST 8N 2 R R RS
SR RS R AL 5 2 R 5 S5 T 1] R T
R /NS HGI 5T, LidE (2024) R Z
T I AL I EZ B I ) AR A AR
AFRRIETCAY, T 1 R BLR/INEL H A 4 A6 0
KGRE, (RIZ0r SRR, TR 3, XMELL
RTNHLF-6 IR . SR 2 5
R, T (2024) RAMPZEBEAR, Kie
f£ YOLOv8n (You Only Look Once version 8 nano)
BARE T RAMA G R &, SIS kR
R, AE BT T ERCHE A 00 55 A L Tl kR
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GEMYE, RMICRIFEA LA L, BRE T8
RUTEARAR TG g 51 %P 5 A %M . Wang 55
(2025) &45ieZn S EikERS & RGBT,
$ETH TR /N H AR S 2 BE s, HA
T PRI ME LA VRS 52 0 LS AR AR PR 58 Th ) S 2O I
T POEH A SO, SEECRNZRE T Z R .
X E I 45 (2025) 38 3 BUE YOLOvSs (You Look
Only Once V5) & T RZE I PRAFIESEBGA B2, 523
B AL, AHAE R WO P Z5 T AT M LA 504
PN IR HARRAAE . E1%F B AR RS )T, Rui
SE(2023) RS Al LGS IR AN A B iR
SOy FEIRRY T s NS A RIS R T T e
BCEF K B ARG BE Fy, SR T 52 B T Hh s 4 ALAR
BUN, YR, BBITEE ZR MR iz 1L RE
TR . Zhang %5 (2025) o it =027 2 R g 4%
P AT 00O 5 LD ARG A B AN AR, BRE TR A
BRI T R ICR , HREG R R ER T
TFRTRES, XL R S R

A 55 TR J2 B S0 R AP IS v £ g — ROME
Ho MTEIEEZZE . BRI H S5 =511,
CHCRG 00 T B R P AN A P R AG XU o B X X
—[a)@, Hu%§ (2022) FHZJ7 16 5 {8 5 46
RIS, 455 RE AWM H NMS (Non-
Maximum Suppression) J7 5, AR/ T H Y
PRURAG, $-TH T RN 5 AR IR, EXT 5
BB L R AR Y i O 55 A M DA o it LA .
Sheng % (2021) RJHEMGRIR R /3 #1456 REW
TR ERMEM IR RERNRMA, 5T
M55 B AR I A dE a5, HIRACR W R . Zhan
S5 (2022) T8 A IFAT PN AH ) 45 4 7 Bk 22 P 28 T
2% ResNet (residual neural network ) A5 U 384 5if 4 25
FRAE AR IRAE 1, EIFAT45 M S BO TR & R b
PP AE AR IETUAY, ROMTANR 1 iR MG
o WAL, A BRI G 20 RO DL R
R AR KR A B AT S . Phan % (2020) i i
23 B A MUR R UG I 5 T B SR R RO 5
DL R JOE L, AHIZ 5 100 4 K RN R
HELL AL R BT R o Bhamra 55 (2023) 3@ i
fila TR SRADEERRER, dr 28R
ARG LURALL K T B I e sl A AR AE L (HAZ 5 AR
ROP SR Y vl ISR €T et O = RS Vi
WiE, TR, RRE MR,

SR, A A WA RRAR IR A 7

RS T —E SRR, ENFELUTAR: (1) B
SRR, TER A BRITEANLT- & FELL S5
IR s (2) /N EAR U RE A, MELL 2R
WK R B RESRIESE S5 (3) ZALREAIR,
R Z A5 R RRAR IR R LB 520 I k5 5
iE; (4) IR ESAZ )RR T RSN R—HiR
B, RASFHEZEEERRE S G-1H% 2
I B3 [ G0 ) £ F

R AR ARSI R R, RS T LG S A
LLOME IR AR A EAME B o PR A% I a8 A0 A5 i B
KX AT .

Al WAL A TAEAE 380—760 nm % B, il
YA SR T IO HEAT R, BERSER AR T
YIRS TR AR TEAE E, (HAER R Bk
JHIBE PGNP RESZ PR . IVELAME B TAEAE 8—14 pm
W B, R A ARG R LLAMRE R R, AT
L S W) AR SR T L B o3 A, R R | R 1 e il
SEE RO HUR, JFREE— R B P AT
BXSRIIA KT A R 25 AN PR, Rl
PP A5 B U RE 6% A 45 ELAMIC B[] IR 4R
S ) T BE AR AE 55 00 55 A S BRARAE LSBT K Y
P RIAG I

TEMT ST, AR T —FhRES e ABLAT I
5 AL AP B BB R K GG AR A EFFNet
(Early Forest Fire Net), SZEUXT KO 5 00 55 B
R o 2R X JE A AL RIS R 1 B AR
KB FRRE R AT T A XS PR BT LR T A I RS B
[ i R i AL BT R AR 3 S 20, (s
T AR Z R T AT G . 7£ RGBT-3M
(RGB-thermal
multimodal forest fire aerial photography) %% #i4E [+
ASEIRAE SRR, B BA AR .

2 B
2.1 HIE&E

RGBT-3M ##i4E (Zhang %, 2025) 4% 7k
AR T AT 5540 2 11 7T ' 5 AT AP U2 TS
BT BRI 4 o I BE A 1 R AR TARAE &
WA . =AM B X 24 B X
17, R T K8 L 45 M300RTK JC A LI 4% H20T
= B AIHLLL B K5 Mavie 2 47k G AHLES 3% — 14
CARHLPT RIS o RAE G S AL AR FL IR K T I

multi-scene,  multi—target, and
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Y. PUANETI SR AR TG KO B S, [ i B
ac H IR MR, ORIE T s 52 5 5 09 2 0 At
=k FERRRELET, Al WERIRL A EG R
FAAR R R R 3R, DA IERF ][R 45 o BT 3 AS
)£ i [ Y 25 AU 5 25 5, SR M=RIFT Jy i 4F
RS MG TR E, S TR R H ARG X 55

RGBT-3M 4 45 45 1 411 & 22440 5Kk K% (BP
11220 X} ] WOE—3LTANEMG) , e IR R/
1 64014 F <4808 K . HAmAEF IR T = 31 LA
0 I gREE (7854 %F) FIEELE (3366 X)), %X
Y5 AR 1 FH Labellmg T EL58 A, FriEZE B4 HE
KA HERMAR 3 H R, XN bR GRS 5 R
113154, 135744, F15888 1. T K IGHIIHZE
JERRMCKCIAG I 2 H AR, PSS B R
XK H bR I

P4 T BRSO TR 26 B 1B R B 1 4y
A O, b R B A B kO R 55 i AR R
5433 %F, PRI T ARG b 2 HAR A 5 A4
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S o6t -
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iz 05k i
S0
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o 04} -
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03 F B
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(a) Distribution of instance heights and widths
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Mo B2 (a) X5 BTA K FIAR 55 S 051 Y 320 SUAE w55
Yo EAT TAREALGETT, 45 2R W R 2 B BiAE Y
0 BE RN AR AE 0—0.1 22 ], 2 (b) #ETE AL
RN AT N AR 25 S5 40 ) 300 e e A i AT T
giit, MRIEREGH AR XN B AR Y
Pl HArwor /MY ER (BT <1%) . h
RER (1%<H G H<5%) FERAIHAR (TR
F>5%) 325 (Rui®, 2023). #53R%EH, MH
b o B A ) 2B Y, AT B T L 2y o) LA
AR A BRFFAE .
®1 FRXINERHBENSHER
Table 1 Distribution of image counts across

different categories
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Fig.2 Instance distributions

2.2 HiEWALE

AR THUI SRR ) 22 R S R R A A B 05
ME RN, ARUTSETERI R ZRB BOR ] T 2 M e
AR 1 0 SR 5 R RS A s A R AT L
SEMBRERL A, A By A AR R A AT R
TR AL, RSN ZREE U SRR A B
2N AR VI GRAE 0 44, BRI P B A 2 37 5%

iz fk g

(1) Mosaic $# 34 0% . 3 B ENE h 15 e
AR, FBABAESWE AT TR
¥R AL /NE B bR K B A s eE e g,
YR B LA 100% HE2R I H Mosaic i385, BRI
GRAE Th BEALR A 4 5K BMGOT 4% 2x2 A& BF%, X
¥ it i BEATL 48 5 P A% J5 e — R BT 640 15 i x
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640 15 2%, JF Xob o I A 3 AE 7 ] — By 477 S A8 48
ORI R P S U s, A REA |
AZ RSB ST, INIMTEARR A S
HAHHR TR B AR 51 SRS A, ST
RIYE S st R St 5z fLhg

(2) i, WA, S HSV (Hue, Saturation,
Value) FEHLZEH, REEBURZOEIR, KA L
PSS R, IR TR RS B AR AN R
I IR] B N AR FEROR 22 57, N S8 s AR AR AN ] B 58
M T RE R, LA 100% 48255 I 2k S A HSV
RIS, fRa . S V'

H =(H +ry x 180)mod 180 (1)
S" = clip(S x (1 + ry),0,255) (2)
V' = clip(V x (1 +r,),0,255) (3)

Ao, mod M HUBLIZE T, clip hy #R T pR AL, B EL
B RRE AR E X N, Hod ry~U(=0.015, 0.015),
re~U(=0.7, 0.7). r,~U(-0.4, 0.4) JAHH ph7 1728
CERE, 3R £2.7° ) RS . 0.3—1.7 /511
0 R E 40 00 LA B 0.6— 1.4 475 R 58 BE 4 L

(3) CLAHE (contrast limited adaptive histogram
equalization) o 7EFR MK K TCANLIE LA, LR
ZERS . IS5 R R AR R, 33 E bR i
YT X R Rk fE B R . G g 55 X ek 4
IR AR, L 1% RHER 0 ] CLAHE 39%
(Pizer 55, 1990), RIRr % MR 5 42 8x8 M A% 43 B,
XA Y AT BT B4k, IF R L EEBR
ClipLimit~U (1, 4), VIBEFHREERAET 5 Rt LLBE

(4) BEMLZS ARG . TTAMURES 1B 2 KR
[ E RSP S A (IS Ei = R E R (N N N
BIREIEE ST, LA 19% MR I 2R UG A7 25 A A4
(Buslaev 4, 2020) . i1 76 BUE H BEHLA Bl T
ZHOF AT E T, R R TS EUR T (%, y)
e oA s BUR T, (%, y):

I, (x,y)=(0-B)I(x,y) +,3a((20i(x,y))*l(gh)

Gi(x,y)=e><p( (v - x) +(y_y")) (5)

207:
A, a=0.08, HBIHEZRE; B~U0.3, 1.0)N
FORIE B N NBENUAE S BEEE (x, y) N
BIANERA PO E, BEIRAET EURVE I

o,=Bxr, r~U(0.02xmin(H, W), 0.08xmin(H,
W)), AZEBERNYEhrEE; G (v, y) A 4EEHT
R, H. WA ARG R = B SE R s K, bn
WX o, =005 % min(H, W)NEITERZ; «Fn
GBRUEHE . %7 BRI B L SE 5 R T 1 R DL
BIERCR, IR FH RS | R 5 SR AE I
BEY e N R

3  EFFNet 254514

Shy i D TC AL S AR U AR bR K e A ) v T
G EAR R/ IN . T2 2% RS AN J 5 ) A
ASCEE T — RS B PRI R 2% EFFNet,  H:
SEINE 3R . 1Z M4 L YOLOT1 (You Only Look
Once 11) AIEREAESL, 454 T0 AMLIE S FR MO
PRMAE S5 R, XSRS L BT % S
RSk 4 BB AT T AR Rk, X 2,
EFFNet fig i b 2 FEARARAR K R iR A R 5 Tk %
A TR N KU 5 AR5 E AR AR TIARS B, TR
i HL A AR R SE PR R DL 3, A S50 2 TE AL
- 55 0 VA G N 5 S s T ) 5 K
3.1 YOLO11

YOLO (You Only Look Once) (Redmon %5, 2016)
SR HAE A — B B B AR AR, T
AT ENIEES . YOLO11 & YOLO 251 1
HORAS , A T R4 . SRS Sk 335 4 4L AT
Sy T SRR IE AR AR . 22 ROBERRAE Al A LA B FR Y
SERE S, ASCRYOLO 1 250/l . i i
Py R AL B B A YOLO T In /E R BEERE Y, %
B ) 38 FH T J6 B3 SRR S B W ) A b ok e
VAR 75 e

32 BHRAREEEF

%45 YOLO 1 AU S 4 A — RIS I USSR
ok K 2 A MR BAME S . Bl
AL i R R AR BE AR R I SCH AT E S
H i FiE G BERRSHRN, 52 KR WL |
FHZE PRI 475 S S R T, AR ME LA
BIX A BbR 51, FEUMKG ARG il
LT A SRR MG ER RN K ¢ 5 | B4R B 2 5 T M A
B, BERSTE R A4 SRR o R X sk, (R
H ARl AR AN S T T, EL7E AR ARk o 40 300 7 B
AU I, R IURE BEAT SR T A B .
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Fig.3  Network structure of EFFNet

BEXF BRR A, A SCR R LG SR g EF
(early fusion) : 7E X250 A 26 FL v 5 10T WG
GG RLIN MR BIE L FE DR %, I Rk A
TG o BT AR Y 7R R AR R RO i [ B B )
TSRS FFIESCHR , RG22 W] DG BE
SIRLLAMO TR RAAE, DT 3RA BB BBty 24
BRAE, LIRS R IR AT E . AT SR,
3.3 RHEFH A FEIREUN 4 HGRNet

BT WS R BRI RO RAIE %0,
A 42 FBF A 2550 e L Wi S5 MRS 0 Sk F P B
YOLOL1 iy M 23 it i 22 i/ MZ B TR S B R4
BURRFE, WA 18 G h S i ROEERHE T
A R o SR, AR IR AR A I S 55 v
B AEEP T TR R BRYE . — 5T, KB 5%
HA BEN RS 2R AIES24E, JFRM WAy
YRR, B XK R . SO, R IX

BOE R SO, REA R IEAE A A,
BELER/IME TR T RS2 BPA R, LA R
H AR B SR WO SRR s 5 —TJ5H, B
BN RAE BN BEEAR TR R, (HdE R
R T HARRYZS )3 B, (A /N H AR B 45 AR
BT SR SRR, DT s G XU

N iR LA TR, AR SCHR HY S R 4 SR e R
HEHEHL M 4% HGRNet (Heterogeneous Global Routing
Network) M HAZ OB HGRBlock (Heterogeneous
Global Routing Block), 41 4 /7x. HGRBlock it
2 R IFAT TR EE n] 7> B B AL DWConv  (depthwise
separable convolution) , SZ BT AN [A] )R RR1E 1) 5
BRI, (RN R ] 22 J2 04 )R il e R AR ML),
TR JZ RS RN A A 18 BIRZ M 45

HAKIT T, HRGBlock B 53R 1x1 H Y
i AT PR ) R B, AR i e T 1) o
IPHNAG S



e MRRA : Bl e T WO S IRLLAME R B9 TE AL ZRbR IR TR E 2 ] A6l

1653

HGRBlock
B1/2

Conv (k=3, s=2)

Conv (k=3, s=2)

B2/4

HGRBlock

B3/8

Conv (k=3, 5=2)
HGRBlock
Conv (k=3, s=2)

KL (k=2)

B4/16

[ Conv (k=1) ] [

HGRBlock

B5/32

Conv (k=3, s=2)
HGRBlock

kit (k=8)

1
: .
H /1 FGlo !
1 ! :
Conv (k=1) ] : II: I
[ [ l !
¥ v T ¥ R i
Co e s ) J ) v :
v L/ H LA |
[pwcony ¢=3)) [DWConv =s)) - [DWCanv (=7)  f ! v '
h v , ! ReLU '
Concat ,’ : + :
I’ 1 RN :
FGlo | v !
v X ' Sigmoid '
Conv (=1) ] N ! '
| |
1 1
1 1
1 1
\J 1

e ,%

) PR R

it

a3

K14 HGRNet 2% 4544
Fig.4 Network structure of HGRNet

[F,F,, -, F,]=Split(Conv,,,(F,)) (6)
Kep, FoOME AR, FOREE iAo 30 4 Ay
fiEE, N R oSO8

55— AL I IR AR, At 4 S
K AR I AU R SH 9 DW Conv HE B R HEAE «

F, i=1

F.= DWConv, ., (F,).i = 2,3, N
A, EFRE i KBRS .

B, RAWuZE (2021) #2HE94 R T 3C
%m*ﬁﬂ&ﬁh (%) (global context extractor), XfZ2 R
FERFAE AT FE BAL, LA AR OCHE 53 SRR AR T
TR A

z= L(R(L(GAP(Concat(F,,FZ, e, F\))))) (8)

F, =0(z)® Concat(F F,, -, F) (9)
Krh, CAPHLRFHMiAL, LWL, R A
ReLU (Rectified Linear Unit) 7GR, zFneR
R CrREl S, o b Sigmoid B R, QFIRE
JCEAMRE, F FRERR LT SONAUS BFIERE
5, W2 R MAURE 5 1% )2 5 i Kt
AEERAE AR B OGR4 7 R 5 o o
Fyw = Conv, . (F,)+ Conv,, (F,,,) (10)
K, Fo, WRIZMACRE, F,o 7 HGRBlock 1)
S8 TH S

FHIER G M4 FAN

BT M4 BRZ R AR e B . ENLRE T
S, EEARERIE R AT ORREEL, WA
AR SRR TS TGN PEREAY S HE . YOLOT1

(7)

34

R SRR ] A T e] R FF AR AR R AR E
4 T M 4% PAFPN  (path aggregation feature pyramid
network) 5, XM AR ] H A AT 55
BLRGF. SR, FEIC AL I P AR AR R Y
e o T, 32 PR I8 I 8 e S A R R ki
MR, HARRCHEAER /N . I, BERL A
N B SE AR T v )2 1 SO R IR 2 TalE B
&5, M H N EAR R STEA XS A R (Jing 45,
2024). WEAh, YOLOLI (ARG BT MI4E FRFE 84
1645 . 3245 =25 i, S e BT 2 AL
XA 5 S B ROERHES (Deng 5, 2022),
RAS ) ROSF B AR I AR [ — R PR G, ff/)
T AR RRIE 2 5y 52 31 v A8 BOR Y H AR AR B
U 7S

K, ARSI ARHIER G M4 FAN (dual top—
down Feature Aggregation Network ) (Jing%, 2024) £
R ETRH R RS M2, A S s . FAN SRR
O WA T AR RS A, TR E R — R IAT e
Rl 5 ALk A, T R 2 TR UM B RE AR R E M
RS2 AL 1 I 2 A0 B SRR IR R Gk . HAh, FANIE
FIAT R BB T MR AR5 T RERZRE, FIAE
15 FERR S AT 5 R SCRYXS 5, DN 280 2% i
5 RERHERE S [, $2TH/ N B AR 0 E (L g

AR, ASCH BT T RAE 445 845,
16 4% . 324%# B2, B3, B4, B5 2 H1E R FAN
A . FAN B it 1x1 3RO 4 2560 b A 1%
4k, IfFg—miE%

P, = Conv,,(C,),i=23,4,5 (11)
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K, COME T ML 25 RREE, PR P {P[ + UpSample(P,, )i =2,3,4 (12)
A5 B RRIE A lp, =5
B f5 FAN R H B T B 7 08 2 il 2 ] P. = C3k2(P)) (13)
FERFAE, IEFIH C3k2 Bt — 2L BEUCRHIE «
— : o— i —— U
/ ! ’ \? ? o 160x160x32
B2/4 . .
1 : i ,l\ ,1\ i ESCHead
-G
B3/8 ! |
i 4\ ‘Glr\ i ESCHead
B4/16 —l_/—:' ’ \TJ ‘f i @
‘ . L & i z
B5/32 V4 ! A Y : [m
| Conv (D) }gﬁ}giﬁ Ok ﬁ}g%% g 2

______________________________________________

K5 FAN RZ45H
Fig.5 Network structure of FAN

3.5 BFEBAKN L ESCHead

RISk 6T S0 1 22 ROBEAFAE R T B ARRY
ENLS 2. YOLOLT fRAS I Sk o1 F it #i =X 45 4
W BT SR 58, Mar ks A S35
SR, X PR B 3 BOP AT 55 2 ) e = FRAiE 58
o, a5 BT 55 AN 55 A0 ) R, 39000 A 4 4
FKEGE S HEEMRE MRS (Feng%, 2021), 7£
IR TAGIN SRR 5 23 R4 ) X
W, SR SE R T S Ak, 7E3.47 s

J»

BTG 3 A 2 R AR BE 08 41l K B AAE BE 9
fik, AEG 20 B AL PR 1 28 B S R e T
BRI AY . AT i SE PR RE

BEXE LR R, AR SCHR H i A A A A 0 Sk
ESCHead (Efficient Semi—Coupled detection Head ) ,
H L5 NP 6 7R o ESCHead SR 2 i fB %11,
i3 e T AL AN AR 55 S S AT 5 Z E Y AL
B, FRAES SO GIA Ix1 B BB T I
45, VAR TCRIF RIS S A0 i

Conv (k=1) Conv2d (k=1) R
—>{[DWConv (k=3)>{DWConv (k=3)}—|: ifﬂ%%
{ convi=1) }>{ conv (k=3 Conv2d (k=1) ESIEN
R !
U e | e LLrAS s SR bR = :
bORE | - --to--R WHXSFE R bR - - - - - R EFNTIY ==t i
! : | L 093, i | —
L | el | : WRBHEE W EREAR | = :
| AHE :
i FLSARIEAE 1530k 121 AR A Atk i FHE/ SRR AR FAE i

K6 ESCHead £5#4
Fig.6  Structure of ESCHead
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LR, ESCHead R EZE K DW Conv $EHL
LRHE, R SRS RSB RHER R
Q. = DWConv,,,(DWConv,,,(P,)),i =2,3,4,5 (14)
A, PFANf AL, Q WAL=kl

BE S, REAV 3 Sl ad 11 5 R 4 10 18 55 DA PR
RS0 5 432080 SO ik 3x3 AR o 1) g
71, A IV ERURSTEIER, R PHEM I 3L
FEAE LAY S AT 55 DI ) -

D, = Conca’[(ConVl « ](Qi), Conv, , ,(Conv3 « 3(0,-) ) ),
i=2,3,4,5
(15)
Kb, DPHES R IAFE &
=R b N R VA IO B e A S L U
AE [ Y= 1 53 2 T 235
B, = Conv,, (D,),i=2,3,4,5 (16)
S, = Conv,,(D,),i=2,3,4,5 (17)
Krf, BFIRDFHERTFOM G, SR oI
HUER R

AN, FERAII R B, A Sk 58 il J
W PATIRE 5B S TR, DASEIRE A 0]
et Hob, BRA o3 Be 2 R 40 FUNAE 5 ELSEAE Ay L
BCRREE, R FUMAE S 23 9 i E AR i . YOLO
R LRG3 28 8 A5 B FE AL 380 e iy I Aok 5
TINAE 5 BLSEHE AL RS, BRI A,

align_metric=predict_score’xoverlap”  (18)
o, predict_score A I HE X A LS 2 A ) B AR
FEFS453, overlap A FUMAE 5 HALHER) ZEIF L, a=
1, B=6,

SR, 7ETC AL I S W ) B30 AR AR R 3
s, OB S IS I RO RN, /N AR
SE I HeRAE i 22 A R SRR, AR ) A A Bl A% D
ARESTF IR TR, (5N H Ao LA o
NAEREAS, RS M AR B R ARIE A 27 T o

PRI, AR SCH S ek iy DE e B33 =X

align_metric = scale_factor X predict_score® X (19)
overlap_trans®
overlap’, overlap < 0.3

overlap_trans = (20)
overlap"?, overlap = 0.3

K1, scale_factor Ay HLACH) FAE AL 64x64 1) 1L
(B, JEREIREN 1—5,

ZOR gL 5 A RS B 1 W F T scale_factor 3
PR/ HAR A VTR, 1G58 X 2% X/ H bR

FEASBOMANL 5 (RN, 38 o B AR AR i iy o
st BONAE BB, i R 5Tt B A9 520, AL
A7 2002 fife /I L s DC C R AL, 428 P A5 2 X . 380
FRMR IR 952 > g 1 S5 N ZRAIR
4 REGR I

AT SR KIE T EFFNet 75 SRR bR K IAG
WAL 55 h g PR, ARSI 4 . P
Mrasbr vt Wl SR . PR R PEREST T S
HoAthy H ARG 534 A0 H B T RG22 LU o
4.1 IWHENA

AR SCHITAT {1l S5 36 35 6 A ) 4 468 2 3 5 A AR
PERSE P AT, BASHESHINE 2 BoR.
F2 EHABESREXERE

Table 2 Hardware environment and software

environment configuration

781 JeAl [N
CPU Intel Xeon Gold 6148
[DUESIN: S
GPU NVIDIA GeForce RTX 3090
Pytorch 2.3.0
Python 3.10.14
BRI
0s Ubuntu 22.04.3
CUDA 12.1

H:: CPU R H LA FRER (central processing unit) \GPU R EJEALFH IR
JG(graphics processing unit) \0S H#AE R 4t (operating system) .CUDA
WITBG— IR R G5 ( compute unified device architecture )s

2 SC A T A T i S 6 ) A () £ A R 2 s

BTy, HASEOE MR 3 PR,

*3 HESHIRE
Table 3 Model parameter settings

28 o {H
Image size SEEINm 640
Training epochs PIEERIERER e 200
Batch size LKA 32
Close mosaic e B FE e RN ZRAE % 20
Initial learning rate [Ul CETES 0.01
Final learning rate I 2] R 0.01
Optimizer Ak SGD
Momentum Ak i sl A 7 0.937
Weight decay ES T 0.0005
Seed REAILF T 0
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4.2 TEMIERRIERA
2207 2 (] TR R R 2 R PEA FE AR 1 T
BILRY, BENE UL RS2 PR FREE, DL
TR R A, HIE R 4 s .
R4 AN LRBER

Table 4 Confusion matrix for binary classification

- 1
I : :
E2 i
F2 TP(true positive ) FN(false negative )
ik FP(false positive) TN(true negative )

BUEZE P (Precision) . &2 %X R (Recall). F1
PEUF1 (F1-Score) s 1T PEAf A AU 200U R 1 5C
febr, Hatsorgmst 2, X (22), & (23) F
7~ (Padillags, 2020). Hr, PFRRFTA BN IE
KBS AT Z2 /0 S BLIE YIRS, PR B RS Fi )
25 LA AT SR P B Y R RFR I HLOE
R IEZE A S R A Z2 /0 Bl I A T Ok, R B
T 1E 2 REAS T (1% 7 55 78 ) sl R 1 T K 7K F 5
F1J& PFIR WA AMH, RIUBARL A i 1Y
R G kng:

TP

P=psrp (2D
TP
R_TP+FN (22)
P xR
= X
F1=2 PR (23)

SRS FES(E mAP (mean Average Precision) &
PEAR RS R UR G 55 — TGk H8 b, H T Li G
BERITE Z2 25 5] H bR A AT 45 v A 3 R e 80, it
Bt (24) s (Padilla%, 2020). H5E,
HR A8 A [ {5 B AN B PS5 R, 430 PR
Mgk, FEITRINE T 0w AR AR A — 2 B -
FHE AP (Average Precision), HITE = (25)
Jiizr (Padilla®, 2020). #RJ5, XFArAT 28500 APEL
Sy, BEImAP. H A mAPFEFR LG mAPSO 5
mAP50—95, H, mAP50%&RAIE HLIIE M 0.5 0
B mAP, AR LE 30 SE A 14 5 0K BE SRR
BB ; 1 mAP50—95 W F&/R 22 I L M 0.5 £ 0.95,
PL0.05 N K Z A AT B mAP B F34{H, 17
Yrbm S 4

1 N
mAP :NZAP’ (24)

AP = flP(R)dR (25)

KB, P (R) ARMRIP, NREHAE, AP K
SR AP

LRI S & Params (model parameter quantity)
515 s BB FLOPs (floating—point operations) J&
AR A % JE Y AR R o Params 17 A2 A5 1Y
TSRS, R TR RLEL ;T FLOPs
) 22 7 A8 T S il — UK I T 4 I 75 1) 9 A 5K
B, R TR RE AR

43 HERSRIG

TEFR 6 FR BT Al S5 b, A SCEA YOLO11n
Sy FEAERLTY 3 A LA R RS i AR A e
IMAAR TR Lk 2 GEPEAG BT 48 7 A A 50k, 5
UE T BRI 2 B X R ARG U HE 42 9 BT AR

X1, 20 3LHSEIRAE IRV UL, AT LGRS
(RGB) EMHZE NG ERIE, W%t K IE I RAL
H85.1%; LTANYAEZ (IR) BARNT JMERYIRE 5
HAUE, HXTRZ R RN 83.6%; K EF KIS,
KAGEFVIRZS 1) R 73 i $2 T+ 22 89.6% F193.5% . 5 W
Fh BRI FL M L, EF RIS B4R mAPS0 23 5142
T+ T 2.5% F14.2%, mAP50—95 /34Tt T 4.7% il
5.6%. X FH] EF FmsRE NS A 20Uk U ASAF B
HAMILE, SR T SO U 25 P 2 H AR A
PERE

X3, 4 WA Al W, 51 A HGRNet )7,
BAKRIETF 1.1%, mAPS0—95 27} 1.4%., Ho,
KA SS 1 R 3 BT+ 1.4% F10.7% . X FW,
HGRNet fig 054 25 384 5 AR R0 X AS ) RO H s B4 S8
BEJ1, MM AR %

X3, 5. THSREIR AW, gl AFAN
Jo, MRS IR A . Hr, KA R
89.6% $E T+ 92.2%, $EE T 2.6%; mAPS0 H 94.4%
BT E96.1%, BT 1.7%. SR, MWEL R M
93.5% FFEE92.2%, AT 1.3%, XIEHA, HIR
M 25 A /N B s, (B R A RUEE 3 A ek
SRR, FANGI AR &5 B RHEZE 6D HGRNet
PR T R AZ B R, R A S ME LA A
S BAr. MAEFRES5] A HGRNet MIFAN 5, 45
TAE bR S0 B — B4R T, SR A B[R] A
REAEAT 0 AN [ R H AR A 753K

XFHE 3. 6 IR s R v UL, 5| A ESCHead 5,
BARPIE T 1.0%, F£W ESCHead RE A 23 il
FME 24 SN E A TR &2 Bir it
IR MRS
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®6 WIFEFNBHEERLSBRVEENHBLEER

Table 6 The ablation experiment results of the detection accuracy of flame, smoke and overall on the verification set

Jrik:

Hii 5 [ A Pl% RI%  Fl1/%  mAP50/% mAP50—95/%
EF HRGNet FAN ESCHead

ol 91.6 89.2 90.4 93.2 61.4

1 x X X X RGB kA 90.4 85.1 87.7 89.7 489
{UIRZE 92.8 93.2 93.0 96.8 73.9

g 91.4 84.5 87.8 91.5 60.5

2 X X X X IR O] 91.7 85.3 88.4 91.4 55.1
e 91.1 83.6 87.2 91.6 65.8

el 93.0 91.5 923 95.7 66.1

3 N x X X RGB+IR oI 92.3 89.6 90.9 94.4 57.7
e 93.8 93.5 93.6 97.1 74.5

gt 93.5 92.6 93.0 96.1 67.5

4 J N x x RGB+IR kS 93.1 91.0  92.1 94.9 59.9
INE G 93.8 94.2 94.0 97.2 75.2

Bl 93.7 92.2 93.0 96.4 66.6

5 N x N x RGB+IR LA 93.1 922 9026 96.1 59.1
LIRS 94.4 92.2 93.3 96.8 74.0

el 94.0 91.6 92.8 95.7 66.2

6 N x x v RGB+IR kA 93.7 894 915 942 58.1
LM% 94.3 93.7 94.0 97.2 743

2% 94.3 93.1 93.7 96.7 68.0

7 N N N x RGB+IR kA 94.2 924 933 96.1 60.9
e 94.4 93.8 94.1 97.3 75.2

el 94.9 94.1 94.5 97.2 68.3

8 J N v v RGB+IR o= 947 943 945 96.7 61.3
{UIRZE 95.1 93.9 94.5 97.7 753

VT FIR I AGREESR X FR A AR R 2R BT TE S AR R DR

Ja, X1, 2. SHIEE R WL, A
JT A SR S, EFFNet 194 W45 AR S0 0 T 1
FRT . BT, AR A WA AT S
A FME, EFFNet (84K P4 5T 3.3% . 3.5%),
ROTIETF4.9% . 9.6%, F15r91327+4.1%. 6.7%,
mAP50 7> 42T+ 4.0% . 5.7%, mAP50—95 43 5|2
T6.9% . 7.8%. iXLeg5 R555rK W], EFFNetifi i
LSRG . ZRUERHIESEE . 54 HER R AE Al
G UL B AR D Sk B IRI Ak, REAS 2 R T
FRAR KT PR RG A TG 235 SR Ay ] e

4.4 FiERN ARSI

TER T PR BIH L, AL YOLOL1n
S FEAERIRY 58 I % A0 B I AR R Bk 3R
GEVPA T D % 00 SR R I BE

XF b 1—4 2 SE B 25 R T UL, AR ARG RS B i
PR DA — 2 19 2 B0 AT B AR Y
X FEYE TP : HGRNet il 2 RN B 2
JEAZ W IE A SR RRAE AN BE TT 5 FAN BN 43 %

i 2 LABE T/ N B AR e T o (EASE R,
JUEFANGIA T &SRk z, (HHGES 1x1 45
BURATREE 45, 75— @R FyH T 240y
K, IEA R T BN = 4 PR A )2 ity
e ) AT

X6, THLIEE R AL, 5] A ESCHead J7,
Params 18/ 0.33 M, FLOPs[&%5.3 G, ARG T
R R T IR RS, B01E T ESCHead 5% 5
BT R . 2, BT RIS SRR T
EFFNet [) Params J# /> 0.74 M, FLOPs [%1% 0.7 G,
FERI R/ NG I8, 1.2 MB.,

TESEPREBEMEBE 5 1, EFFNet 4 3 B 5 FF ik
£ 362.72 X EG /s, FLXT EG AT IMFERTY 2.757 ms,
BB 0 401 2 T AL 5 SE it Rl i 22K o 276
KE, EFFNetiliid Z B py B R4k, 76 &
P& TG IS B2 B TRl S B T R R L, B
TE5E I 32 BRI TC AHLF- & b s 28088 2 1y Al 474
RE A% 2 L T AR T ARG I X o 1t M 5 S sk A
2R,
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Table 7 The ablation experiment results of the detection efficiency of flame and smoke

i ik Params/M FLOPs/G IR /IVMB
EF HRGNet FAN ESCHead
1 X X X X 2.58 6.3 5.2
2 N x x 2.58 6.4 5.2
3 N x x 2.81 7.1 5.7
4 N x N x 1.95 102 42
5 N x x N 2.47 5.3 5.0
6 N N N x 2.17 10.9 4.6
7 N N N N 1.84 5.6 4.0

Y VIR, X BRI AR LR T R BT AE SRR A e A

4.5 SHMBREN A ERRTE B ARy R AT T b, SEER g RN 8 R,
AT EFFNet (e B T s EFFNeUTERR IR AL PR S | RGOS 12 B Uk U A
EHEE, ASCEMASRAB T, ETFRCBT-3M O THRRIANS.
K E 4, B EFFNet 5 11 Fb 32 0 BB S b 2025
%8 EFFNet 5H{th BHRriGMEE A EL B

Table 8 Comparison between EFFNet and other object detection models

Tk WAL Pl% RI% F1/%  mAP50/% mAP50—95/%  Params/M  FLOPs/G  FiEIA/N
YOLO11n RGB 91.6 892 904 93.2 61.4 2.58 6.3 52 MB
Faster R-CNN(Ren%§,2017)  RGB 926 8.6 910 94.6 62.6 4135 178 317.0 MB
Mask R-CNN(He % ,2017) RGB 93.1 898 913 94.5 62.7 47.38 235 547.6 MB
Cai ;f;‘;i;i;giom RGB 939  90.1 919 94.9 65.0 69.17 205 530.4 MB
TOOD(Feng % ,2021) RGB 93.1 903 917 94.0 62.2 32.02 168 2452 MB
RTMDet(Lyu % ,2022) RGB 932 894 912 93.0 59.8 4.87 8 96.2 MB
DDQ(Zhang % ,2023) RGB 934 903 918 93.9 57.5 48.30 235 604.0 MB
RT-DETR (Zhao % ,2024) RGB 93.1 893 911 93.6 60.0 20.09 61.2 307.3 MB
YOLO!1n IR 914 845 878 91.5 60.5 2.58 6.3 52 MB
Faster R-CNN(Ren %§,2017) IR 920 859 888 924 61.7 4135 178 317.0 MB
Mask R—CNN(He % ,2017) IR 923 8.1  89.1 92.9 62.0 47.38 235 547.6 MB
Cai ;ua:/(;i(izri;iljl\lzozl) IR 91.8 873 895 93.4 64.1 69.17 205 530.4 MB
TOOD(Feng % ,2021) IR 9.6 854 888 91.9 60.8 32.02 168 2452 MB
RTMDet(Lyu % ,2022) IR 915 842 877 90.8 59.0 4.87 8 96.2 MB
DDQ(Zhang % ,2023) IR 914 856 883 90.1 55.8 48.30 235 604.0 MB
RT-DETR (Zhao % ,2024) IR 914 853 882 91.1 59.3 20.09 61.2 307.3 MB
CALNet(He % ,2023) RGB+IR 832 807 819 86.2 414 — — 391 MB
MoE-Fusion(Cao§,2023)  RGB+IR 923 883 903 94.2 63.4 4135 178 339.27 MB
RSDet(Zhao % ,2026) RGB+IR 921 865  89.0 92.9 59.2 139 215 1.0 GB
EFFNet RGB+IR 949 941 945 97.2 68.3 1.84 5.6 4.0 MB

T BT R RTE SR bR R B L (L

(1) BeEfbii# W3 . EFFNet )2 8w (139 M, 215 GFLOPs), AT B A7 arp By
1.84 M, it & # 5.6 GFLOPs, (X T A B 1Y Faster R-CNN  (41.35 M, 178 GFLOPs) #1—
H MoE—Fusion (41.35 M, 178 GFLOPs) #HI1 RSDet B E: i RT-DETR (20.09 M, 61.2 GFLOPs). %%
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AT EFFNet JE 338 A% T3 58 A2 IR
T ANLA GG, BRREAT S50 2 SER FRp ek
PR 73K o

(2) K MPKS BE45I4% . EFFNet 1Y mAP50 35 97.2%,
mAP50—951k 68.3%, TEFTA XLk R
FH LT A S A CALNet. MoE—Fusion £l RSDet,
EFFNet ) mAP50 73 5l #2 T+ 11.0% . 3.0% 1 4.3%,
mAP50—95 73 B2 T+ 26.9% . 4.9%. 9.1%; Sa] I,
T HAR SRR R I I AR A L, EFFNet /Y mAP50
F mAP50—95 43 5 482 T+ 2.3% F13.3%., X 1525 T
EFFNet X Jo AL B8 AG ARk B ROk K B by
SRR T RS SRS . 2 REE
FIEG 03 WER 0 S4B E | EFFNet RE S 2500 % H
FRRGE/IN . FRBEIESY | 5 S 445 i,

(3) 1RKIREERME: EFFNetf Pi594.9%, Rik
94.1%., HH T 2S5 CALNet, MoE—Fusion
F1 RSDet, EFFNet 1Y P 43 5l #2 F+ 11.7% . 2.6% Fil

YOLO1 InfG il 45 5

FL H AR R CRT LG S

smoke: 0.80
“lee

smoke
Tl

(a) T35 TR /N H AR A

2.8%, RATHIEETF13.4% . 5.8% . 7.6%; St
PARTAS R LRI DDQ A L, P ARIR 43 B4R
1.5% Ff3.8%. fERWIEMICK M5, Rk
233 RO E IR IR 2%, I AR W) PT BE A K F R B AL
SR EIE . EFFNet R 546 TR 3 2 0 HAR
MZE LT Rl 5L, feie o FH RO I R 5
PRALA )RR

4.6 FILERAELE

Sk T 0 M S 7R EFFNet RS I MERE , 48 TR
RGBT-3M $iiE 48 rh e i T — 4 H A 1R Rtk E1%
AT TR A SR g, AR T BR . T TR SR TE
HEFE RS TTIN  H AR FAE, HE 159 “smoke”
I “five” FREZEF s TN B H bR 28 51 ——H0 55 1k
i, o T B R AR L G 28 0 B B . 4 SRR
EFFNet 76 B A & %15 50 1Y AR ARERBE b A 7 5 10 2k
MR AT 550, PERESR T W 3, FERBILE
DA 347 .

YOLO1 InfG il 45 5

(FAZLAM RS EFFNetfe I 45

smoke: 0.53

smoke: 0.94
Cole.

smoke: 0.81

(a) False detection of small-sized targets under background interference

YOLOT Inf il 45 3

FSE HRbRIESS (QIRTIP/: )

YOLOT 1nf& il 45 3

CIRELAN RS EFFNetfar il 45 1

(b) WHAHT P A AR R
(b) False detection of medium-sized targets under background interference

YOLO1 Inf&il 45 5
(Q@EF-X )

LI H AR R

YOLO!1 Inf it 5

AT AP RS EFFNet | 4

(o) BEFREE T /N H bl

(¢) Missed detection of small-sized targets in the night environment
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YOLO11n# il 45 5
CAf L FRARAS)

smoke - smoke: 0.28

(d) ZARBE S AP T 8 F AR TS

YOLO11n# il 45 5
CIRAT A B A

(d) Medium=—sized targets were missed under the obstruction of trees with multiple burning points

YOLO11n# il 45 5
Cf L FRAR )

HSH brbrEgs R

'h
" 4: - " ~ 4
o “
owoo

(e) MAZHERY T KA HAR o BEAG

YOLO1 Inf il 45 5
CIRIL AP B EFFNetha il 45 Jt

—

(e) High—precision detection of large—sized targets under smoke obstruction

K7 A INZE SR A AT Ak A

Fig.7 Visual comparison of detection results

(1) RIMRHEME: K7 (@), K7 (b) FR,
K7 (a) W d/NURSHESS H bR B SSsiom
K7 (b) Hss HARTER S FEE 5 HRAR
BRI E AL, B ARRE . BRI R
YOLO1 In FUREAS FEMERT A I 1 LR A, 1 EFFNet
HERRR TP Bbs, R TR

(2) WAREBEAE: WK (o), K7 (d) FiR,
7 (c) RIS T W AR MR 3 B b
s, HPh s IEan AR, K7 () B8
ZAMBREE A, B TR RS S B00] WX A R .
TEX PR P35, YOLO1 In (19 AT LG B dss
AL AR R PG IR RS, YOLO1 In (UL A1 3
PSR R I 55 I A, T EFFNet SE3E 1 528
R BRI, A IR A T O o

(3) ELKERE S EEERT: WET (o) PR,
Z R R A KOG RS B bR, H kO B
BRI A AR 55 T 0 JE P . TEMEA 5T, EFFNet
FHLE YOLO1 In BEERE R AE H A7 B 75 B i AU 2
FOREEE BRI BT, ZEK T (a) ZET (e)
F K I 25 SR W], EFFNet A A TE /N B bR k6 il
DRI S, FEH R KA E AR AT 55
WSEE T RS BE AR T, PRI R A A £ RO R AE 4R
HRETT

5 45 &

FUIH AR I A I 2 — 0 i H A HL PR Y
55 . EAER, HT I APLIE 2 BMG AL B8 145
BURBE S S WA ICIAGIN Ty, BREHAAIR L &%
R RSN A2 Bz Oy . R, R R H
FRRUE/IN . IR 5o 2 24 A K TE AW TR 3R
2 FRAF (), 45 I0A J7 32 0 A 4k REATS K 1 43
AR FEXfIXEen] R, ASCHH T —FhRE SR
A AR AR IR A 7 ——FEFFNet.,

AT X o N AL 18 S A5 R e B AR K
HFRFES, XA . BT 4% SRR Sk 44~
(AN E8E ST s i R DO e R A N S e
PE, SR HEF 50 5280 B2 R AR 5 SOARHIE 1Y D3 [
PEEC; BT KA TN ZS 1) 22 RUBE K3 8500 B
Wit HGRNet H T M 45 LAY R A7 BF I 08 B 2 6
FEE S FX R BARRST/INARE, 5IAFAN
FEAE RlA 45 LA TH/ NS H bR 9 2 2 /8 s & X
TN G AR IR AZ R ) @, % 11 ESCHead
FEARITT R A SRR

FE RGBT-3M it L AySsnss 3R, EFFNet
AU mAP50ik5%)97.2%, mAP50—95ik%]68.3%, Pik
94.9%, Rik94.1%, MIMBSHIRAL K 1.84 M, &
R 5.6 GFLOPs, #fERIH A5 362.72 XFEI4s,
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A deep learning—based early forest fire detection method integrating
visible light and thermal infrared images from unmanned aerial vehicles

YANG Dianqing, WU Junjie

School of Economics and Management, Fuzhou University, Fuzhou 350108, China

Abstract: Forest fires pose serious threats to ecosystems, human life, and property. Detecting fires during the incipient combustion stage is
essential for rapid suppression and for preventing escalation into catastrophic events. UAV-based remote sensing provides flexible
deployment, broad spatial coverage, and high spatial resolution, making it highly suitable for forest fire monitoring. However, early fire
detection remains challenging because (1) incipient flames and smoke are small and easily confused with complex forest backgrounds;
(2) dense vegetation can occlude targets; (3) illumination changes and environmental variability produce blurred boundaries and unstable
target morphologies; and (4) limited onboard computing resources restrict the use of complex detection models. This study develops a
lightweight and efficient detection model that integrates RGB and thermal infrared imagery to enable accurate real-time detection of early-
stage flames and smoke on resource-constrained UAV platforms.

We propose EFFNet (early forest fire net), a dual-modal deep learning model for simultaneous flame and smoke detection. The
architecture contains four components designed for UAV remote sensing and the visual characteristics of early fires. (1) An EF (early fusion)
module at the input layer combines RGB texture cues with thermal infrared temperature patterns, using their complementary information to
improve robustness under nighttime conditions, smoke interference, and occlusion. (2) A HGRNet (heterogeneous global routing network) is
used as the backbone; it applies parallel convolutions with different kernel sizes to enlarge receptive fields and capture multi-scale diffusion
patterns of flames and smoke, while local max-pooling preserves fine-grained shallow features required for small-target detection. (3) A
FAN (Feature Aggregation Network) constructs dual top-down fusion paths and adds a high-resolution detection branch to enhance feature



e MRRA : Bl e T WO S IRLLAME R B9 TE AL ZRbR IR TR E 2 ] A6l 1663

representation and improve localization accuracy for small targets. (4) An ESCHead (efficient semi-coupled detection head) adopts a semi-
decoupled design with shared feature extraction and 1x1 convolution-based dimensionality reduction, reducing computational cost while
improving alignment between classification and localization branches and thereby decreasing false alarms.

Comprehensive experiments on the RGBT-3M dataset validate the effectiveness of EFFNet. The model achieves mAP50 of 97.2%,
mAP50—95 of 68.3%, precision of 94.9%, and recall of 94.1%. It contains only 1.84 M parameters and requires 5.6 GFLOPs of
computation. Real-time evaluation yields an inference speed of 362.72 frame pairs per second and a single-pair processing time of 2.757 ms.
Visualization results demonstrate that EFFNet accurately detects small-scale flame and smoke targets in complex scenarios, including
vegetation occlusion, nighttime imaging, and blurred object boundaries, while maintaining low false-positive and false-negative rates.

Overall, EFFNet achieves a favorable balance among detection accuracy, computational efficiency, and real-time performance,
satisfying the operational requirements of UAV platforms for early forest fire monitoring. Its lightweight architecture supports practical
deployment on resource-limited edge computing devices, and its high precision and reliability provide technical support for early warning
and rapid response in forest fire management systems.

Key words: UAV, remote sensing image, deep learning, object detection, early forest fire, object detection process, dataset, performance
evaluation metrics
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