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A DN B30 D) T R — 20 E AR A PR U3 S5 e, 38
b B AR RRAE 1R 1m0 R HE A b S e AR, R
B B H #5457k 32 22H CNN (convolutional neural
networks)”, R-CNN (regions with convolutional neural
networks) 1 Faster R-CNN (faster region-based convolu-
tional neural networks)”, Majid 2" #£H 7 —Fh HE T 1
FALEIR) CNNRBERY 58 2 i A 38 8 2 (]
P, SRR JCIAAETFM SIS ST, FgE G 2R
FERFOERS TR 450, AR 1 KA A B
Barmpoutis 25 #8217 —Fh4E4 Faster R-CNN H brAd i
HESR TN 2 A SORRHE /3 T B KRRl s, BEfEm A
FeSyst TR COR RTINS BE o BRI T %0 T K S R
F RIS BEAT T — @ 4T, HJRE 42 N 4 251
FOR N A0S, X LA A XTSI AP SR A v ) R A
W75 o W B H A ke DU 530k L LR Y 32 YOLO
(you only look once) ' & ¥l 57k o RAEAH A" i 1K
YOLOVS H %42 K5 R 2% (PAN) B X i) 58 SR
RlG R, IF B HAS I Sk AT P R R L
(coordinate attention), A %LHET T /1N B br A4l 42 B
IR 47 S AR — TR ) A AT R O M 25 A
YOLOV8s B A . Beit T e G fE R Ui i 2
R BT CRbGREde, ARt TRAIUIRE ) BdE
fdiFH Inner-SloU #0125 pREL, AR 1 I FAHEA VLT 1Y)
[, ik /N 4 S 7 YOLOvSs 4% it A% ik
SR )y 7 N [ e e 5 e = B G T B R
=1 (ECA, efficient channel attention), F1:4%% Inner-
SloU il 2k R, DASETHAG MRS 2 5 & etk . YOLO 57
LERAEITENER . SRR, 5 THESmA,
AR L SRR R 855, JFH YOLO F%0
THEREW, FE AR BERGE AR, i DETR
(detection Transformer)"'” J&3£F Transformer'"" 4244 £ %
%, HAFEENVHRES LI e R L SO, TR
R EG I B Z R, EHTE &5
W E SR  [RIRF DETR #5571 A G0 F T HAHE S
JEM K AE M H] (non-maximum suppression, NMS)""*! i &,
Ja B AL AL HARET 5 BRI, 1 DETR 38 i v
|35 (1) VT AL AT SOMaEE TR, 9% DETR 78 His
ez Sx ek A — e LB, (HAL PRI Transformer b2
W, WEBHERNE, YELAAE T IRZ R L aEf B
JF HHBFE G735, X REbE B Eae AR, &
FHOo/IN BRI A N, e LR m)E, AHC

WF 5% & 1T 7E I i Bl b A 4k 3 T — 26 0 9 iRAS
Conditional DETR"" il 3 5 A %8 [ S5 e pLl . =
e P LY i (S L VA= & G ) NG NN B S a2 TR
(28 SUTE T 70 RS sl A8 SR AR T UG RRAIE 1) SRy s A DG DXk,
AT 2 35 i T AG A 32 S5 I 2Rl SR 2, T RT-DETR
(real-time detection Transformer)!"" I 5] A 7 B 72 &5 4 45
ik 2 %5 7 2URT Query Selection 5, AR o H A Bl ik 1Y
DETR BAUII T, L6 LA b FE A D 16 g ] s B o
Ak, AR SCBR N o B

RT-DETR 1 Sy — Ffr i 2] 3y (1) S 055 H A A6 1000 AE 42
W T GRINARAR H A7 4 () e A i 5 A B AR
e KM TR H R 5 RGN RE Sy, JERIE Tk
PEX T BRGNS . AR i R s Bk AE
FIAE, AATHEIGRE A R, X /0N H ARG A B2 441K
55 IR R A A1, R T e Rk R ok
TNHIRIH . RIAS SCHE ) RT-DETR KA KHSS K6
TSR, FENFUT

1) £ RT-DETR (1) &+ W 2% P 7 78 2B BURIBR 22
PR RSN, FERKEITEINA, SRS HE R
K, HHACE R T ETMY, 5IATHEREERP
KR EfficientNetv1!',

2) B TR Y RepC3 45 4 M i) 45 FH HE & 412 1
FHE, ez B E REL TS, 7ERESEEAE ) b
FERE—E MR R, PR AR SCH VoVGSCSP! ™ 454 1t
BT R RepC3 4514, dF— ARG AR AL

3) B RRAE 4 38 M 4% (BiIFPN)', I HAEAL
FIH—fLAF 5] A BLU™ 34076 pR Ak, 395 5 RO 28 1B
FIH TR R A B R R M, SRR T A IR S ARG
FEEE

2 HHEE

2.1 RT-DETR #&#!

RT-DETR T %4t % DETR W Sl 18 . 35 % 8
TR E AR EEAT Tk, I B T2 AR A
RIS 4N ResNet18"” . ResNet50 25, LAIE W ZREALIY
N, Rl S T AL A B RE S AN g IR AL
R, RIIG LT W SRR &M, P RT-
DETR-r18 {E A AR,

RT-DETR #8445 1 ffi7R . RT-DETR BRI B
HiFlA T CNN Al Transformer ZEF ARG #, £ H
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Fig. 1 RT-DETR model
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fEFEHL, RT-DETR [ gl & —Fh S 2 TR & g4,
A A R AR A T (ATFT) S AL ] 2 GO AE 138
SCOCIEFNES R RRIEBA (CCEM) RSB [A) 43 W R 4
TEMA B o PR T T REAE AR DR 45458 e A DA 2 174 [+
1 N (iR g = N = A A e | PRV A it
i, 3 S AR A g AR R GO RRIE S A [
EAER, BB,

2.2 Ky RT-DETR 1%E!
ik B JE BB R TR R ) B3 Efficient -

NetV1 RSB T4, I HAERIZRH VoVGs-
CSP fEH e T RepC3 25H, E— 25y im AR R (1) R EAIE il
G, [FIRTREAR TR S 25, Fa M HmA
T ELU 303 bR E A WL Im) R AiE @l 42 38 45 44 BiFPN,
WG AR B e o N IS N, B TR AR
etk J5 Y RT-DETR WA 2 s .
2.2.1 BGHEMETM%

Bl IS TREERE N, BRI SHRERREIIRER, A
A 3N TG A E SRR, HIE TR
B KRG Iz AeRe T, BRI AR L5 5] AR ik
EfficientNetV 1 5 RIF AR B ResNet-18 T /%%, i i H:

> Decoder

L;

| —— |
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Fig. 2 Improved RT-DETR model
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R A AR LRI R BE ] 20 BB R, FEORFFRAIE SR
BBE IR, AR A S B CR AT AT R R, 1R
AR ORILEY E-3

EfficientNet & H1 Google Research 1 BA & H 1Y 25 iy
PERHEE LG SRAE) S T 50 1 P 28 D) 24 S 3 5 >R FH B
MERETRIE | SRR R A AT AR, B
— Y JE AT BRI I 28V RE 114 [R]IF 3 1 I 2 5 4tk
it , 1 EfficientNet 81 87 ¥ Ho ok H “42 & 46 "
(compound scaling) J7¥2%, I PHFEPETT LAY IX =A%
A ROk ST AR SRR RR AT, R SR
T NAS (neural architecture search) 3 ARk B 233 X =
B, RS R E G AR EL. EfficientNetV1
MR EER AN 1 s o

MBConv (Mobile inverted bottleneck convolution) &
PUE EfficientNetV1 B #% 0 # @500, RS2 K A
MobileNetV2"™"! fr i {EI sk 2e i . 558, AR RN T
WS ANFEELEE R, SRE R SR T
[ERFAEALBE, (Rl RE A BRI ST AR, e A A
R TRGY 35 RE . 7Eitid# g, MBConv R
FIT Swish #G EEL, B45A T ReLU™ i tEstt s
Sigmoid M-V PE, HAAPIEMILFEM A, Mmidert 1
et RIRGET . WAL, T RGEE AR L ARRIESR

KAES, WTEZ SRR T SE R AMLHl . i 3
FiR, KxK R BB, s1/s2 AP E,
2.2.2 EH RepC3 45

RepC3 2443 1 9 42 i S 4 BB HLR THRFIE 225K
EXI TR R E, BB ARG RRESZRE
ala, BRI TRERE . AL, ASCHIA VoVGSCSP
B, BRSSP IR 2 ROERERL G, 7E
B2 8 RO BT T TGN (A 5 e

GSConv J&H4 i, VoVGSCSP Rl % ogi i, Bl
TG BB EIR A R /N ER Ay (B, s T
TR, FIRARE T RAFMERE, & —FRERE
BURAE. Bk, MARHER S2E — R ES BT T
RFEALER, $E 3 N IR E B L (DWConv) ™, 7E 1L it
R, RN AGEIE AR ST S U T B B
Tk, RHEEBSIRESBNS R SEPHEE —R; &
Zlad shuffle™ FAESATI ARG LI . XARARIES
UM Bie e IR ARE ] o B B AU 1, 2R
(IR TE 13 5) A Jr B I AR IEAR S, AT LA A BT 47
M2 > B 20 2 ROEEAS B . GSConv BEHZ5H4 4n [4] 4
FiR o

VoVGSCSP f&—Fl = sk iU i i i e, oA &
i GSConv FIH5 i % FL24H L A4 GS bottleneck F& 48 HLoT ,

% 1 EfficientNetV1 4% 2 R 4 254
Table 1 EfficientNetV1 neural network structure
Stage Operate Resolution Channels Layers
1 Conv 3x3 224x224 32 1
2 MBConv 1, K 3x3 112x112 16 1
3 MBConv 6, K 3x3 112x112 24 2
4 MBConv 6, K 3x3 56x56 40 2
5 MBConv 6, K 3x3 28x28 80 3
6 MBConv 6, K 3x3 14x14 112 3
7 MBConv 6, K 3x3 14x14 192 4
8 MBConv 6, K 3x3 7x7 320 1
9 Conv 1x1 & Pooling & FC 7x7 1280 1

Depwise Conv BN
KxK, s1/s2

Swish

Conv BN
DLsT T swish

Conv BN
SE 1x1, s1

Dropout -—>T—> II

B 3 MBConv # 3 £ 4
Fig. 3 Structure of MBConv module

250152 (Page 4 of 12)


https://doi.org/10.12086/oee.2026.250152

IR, 4SBT, 2026, 53(1): 250152

https://doi.org/10.12086/0ee.2026.250152

m{ |h

DWConv —)Concat —>

Input

—Shuffle —>

Output
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Fig. 4 Structure of GSConv module

K — MR A R WS SE IS Y BURRIE AL o ik T
i GS bottleneck b () i & B s R AE FEHCRE 1, 7R
TR 2% B i R OR ke T B s R DORG B2, Sl T
Ha b MHaER R4 . GS bottleneck 5 B 25 #4 F1l
VoVGSCSP B &5 14 43 5l 4n %] 5 FEl 6 B .
2.2.3 BiFPN-E %5ty

£ RT-DETR 8 rfr, ly T = £ 1 2 RE

FROERLG R, BOATEALBE/NEBR . AIDRLEE {5 SN 2R B
AR, R EA AR S T KB i —, WESWZ

FRIEZ I B TR, BRI T RefiE 5 Re 1 iR Tt
R, R T db— 24 SR 4~y B AN s R (5 B s L
feJ), B RRESCHHERR AL, ASCTIA T B hnEak
FTGHBURIRHE LG 4735 45 (BiFPN).

PANet B He 5 ¥ Qi [%] 7 T 7n . BiFPN 455 e 25 #4) 41
<] 8 JJT7R . BiFPN J&— = 8801 22 ROBERFIE Rl I 2%
AL G EF 4 F B 4% (PANet)™ 1 5LRl 1 347 T 1
o AUEFFHERLA AR BIFPN 3800 2 —FLH, & s
FEIE R 26 22 b A B ZE A o) R A IS ) P~ ) b
i) il e e N )= Tk R T S s Ay QAT E
%Tnmﬁﬁﬁﬁ%wﬁ LS A T, T
FE/D KGRI BB . BIFPN i i %o AN [ RO
fEMEG G, SR Em G R, AR RE M RHERER

e ok e S A, X RO R E B R R
FTLATE DL, NG TR R A Rk, Rl 27

KGR AT 55 b R PR
H8R BiFPN 7ERRERL A BHA AR, (BFEET AL
I — R SRR B I35 — Ak, SRRy
MELURE SRR A B 22 AR R R, RERA 1Y
FIEEIARE T RIS RS E M58, FRAE e
ERME T, SIS Bt PRI AR S50
f&@NﬁﬁﬂEE*%ﬁ%%Tﬂﬂﬁﬁuﬁ,&
717 BiFPN-E #&3t, X FRR R EE AR, B REM sy
AIE B e 7 5 R A T R 0 A R, DTG SR A R 0 — 1B Y

Fikne ). HEEREA N
5= @) 1)
D ELU ()

X oFRRHE—AFEREE | DMERAE ; w3RR
S ARG Sr SRR S S A, T R e AR ) B
B jRARAE R TR R S, s A o DR
fIE s ELU() S8R T s ek 8, THEsRes
JEFARIARL b . ELU 06 s B Al

x>0

ELUM) = {a(exp(x) 1), x<0’ @

Input T GSConv. —»  GSConv —>T—> Output

B 5 GS bottleneck ## 3k 4
Fig. 5 Structure of GS bottleneck module

GS
Input T Conv —» bottleck —" Concat —» Conv — Output

I

E 6 VOVGSCSP #3254 B
Fig. 6 Structure of VoVGSCSP module
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B 7 PANet #3224 B
Fig. 7 Structure of PANet module

P7

P6
P5

P4

PBQ

A 8 BiFPN #3454 B
Fig. 8 Structure of BiFPN module

AP oFORIEN 1 S EL, R ] f DR R
AR, AU B BLU XA (e AT RE™ A AE AR
ARG T AT, VO ARE AR R, B
S PR AR s R I BRILZ AL, xR EL
TRIS TARGFAOARZR IR, AMLREREAU S R 2R AR
i ER AR A IR BE ST

3 SKWSHERNI

3.1 KWIFTZNE

Yt B il FHAEAL RNy 8, B R RS2 640
pixelx640 pixel, %>R E N 0.0001, fLIb#FEELEM
& AdamW, EACIRECH 200 5. SZKGAE pytorch HEZE T
AT, SERPRERRCEANSE 2 R

k2 FHRFRFRE

Table 2 Experimental environment configurations

Configuration Environmental parameter

cPU Intel(R) Core(TM) i7-12700F 2.10 GHz
GPU NVIDIA GeForce RTX 3090 24 G
Memory 32G
Python 3.9.19
CUDA 11.8
Pytorch 2.0.0
3.2 HIEE

AR R FH &K H Roboflow M35 /A FFEUIG4E

Rl NEWFire £l 48 . 2500 4R 00 & 5 PSR 75 F 1Y)
REE, B ERRI N 5923 sk IR | 1681 FKEIE
N 839 TR IIKAE (FH FITAh AR M AR ). [RIRS, b T i
— AR A S, MR A T A S KA R 25 5]
&, LI —LeBmEHRNHCH LR, SRIE XA FRiE R
FA R A T HUEATARTE, S T 6000 5k Kk JF
B BHRE, e Bduss (B-fire) #2143 4000 7K 1125
£ . 1000 FRIGUEEEF 1000 TR

3.3 ik
B4 H br b U F B30 48 s 32 A 2 5o
(parameters) . 15 & (GFLOPs). ¥ (precision, P).
BR (recall, R). FHIKEE (average precision, AP), “F
Y HE FE YI{E. (mean average precision, mAP). A& HER M H
RS RN il
TP

P= : 3
TP+FP @
TP
R= . 4)
TP+FN

KA. TP (true positive) QR E I FAEA, F A HAE
A FP (false positive) {0 R B ABEA, T b ELRR
A5 FN (false negative) fCRIELIEAEA, SR TAFEA,

AP = fol P(R)dR. )
5 F R 6] B9 A5 B B AE AT LA 3k 15 — R 30 X% N
Precision Fll Recall A&5 i, X846 55 i $52 I8 i 19 i 22 i 2

BIh P-R 4k o T AP 537~ R P-R £k -55 A A il B i
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TR, B AR B SR AR LR AN [ 49 [ 3R P R R
B, AP MK, B HE

1 N
AP = — AP;, 6
m NZ (6)

K. NERARHWBEGE R APRRSE i
AP (5. mAPS0 XM BIE ToU BEH 0.50 B, AR () -
BIFGEE s mAP50-95 R (A IoU M 0.50 F 0.95 B, LI
HAKTH 0.05 ARG

3.4 LWHERD

3.4.1 RT-DETR-r18 &7 X TFHHEARFREE
BZERAT

R TR RIS, ARSI TE 4 B
JH EfficientViT™' | GhostNetV3™' RepViT"" FIA L4
K IR EfficientNetV1, H ' EfficientViT 1 RepViT #p
e/ IMERIZE S| HSLIRAE R SR 3 FoR, T DUA R,
EfficientViT £ SR S 5URITE s BCRBARMG, (HAS MRS B T
FEAR/L; GhostNetV3 HAG 7S50 if TR, HBHET
JERE R A AT — 5 Bk, IF B EE A BT R ; RepViT
AR A BL DR A S ORI SUBCESE  R, EAH B
EfficientNetV1, %R BB H , EfficientNetV1 1R
U M e 1A B AR X P 7 TR . RSB e
EfficientNetV 1 {EAFFIESZ I 321 2%
3.4.2 BiFPN i Fi7R RG0S T

#£ RT-DETR-r18 £ 7 #1 %} BiFPN A 5 —fL A 5|

A RIS pRBGHAT S50, MRYER 4 BT LIRS, A&
ST IR AR BT
3.4.3 JHRLLH

HRAE e 5 MOTERLSEIR A5 R, T LUBA s it s A 4K
P, E5|A EfficientNetV1 J5 & B I 7E NEWFire fil E-
fire 4l 4E - mAPS0 434142 F+ T 0.5% F1 1.1%, mAP50-
95 Sl 1.3% A1 1.0%, SHWE /LT 6.5 M, T
THAE & TR T 333 G; 7E5] A BiFPN-E J5 & BUA5E A 7E
NEWFire il E-fire 44 = mAP50 20 B4 T+ T 0.5% F
0.7%, mAP50-95 5 SR Tt 1.0% Fl 1.3%, SH08 T
02 M, FriltE & FET 04 G; 7EJilIA VoVGSCSP
J& T A& BAH A T B YE NEWFire F1 E-fire £U(35 4
|- mAP50 J3 B 42 T+ 0.2% F1 0.5%, mAP50-95 43 il $2
T+ 0.3% F10.8%, SEICH B, FAITEETRET
2.7 G; 1R 51 A VoVGSCSP Fll BiFPN-E J&, #5854
FEVE ST RS EGE AR T N, HUE K B AR
mAP50 Fl mAp50-95 WAL R T, X/&H T VoVGSCSP
RIS N ERHAE, 1T BIFPN U3 2 0L ) 52 9%
BT AR 2 REERHERLS , BRI AR [R]— 4y
MESEAT T EIALIE, FAAEfE B ITARMHSE; T Had B
B R BURRAE A0 ARSI RS RS B 1Y)
TRE. MTESIA EfficientNetV1 Fl BiFPN-E J5, #iHI7E
NEWFire Fll E-fire ##}54E |- mAPS0 43 HHE T+ T 0.6% Al
1.3%, mAP50-95 43 5Tt 1.3% 1 1.7%, ZH08/> T
6.6 M, FFrHSERE T T 34.5G; 1E5] A EfficientNetV1

%3 EZTHATRRZEHEA L NEWFire #48%& Loy R4 R
Table 3  Results of different lightweight backbones on NEWFire dataset

Models mAP50 mAP50-95 Params/M GFLOPs
Baseline 0.834 0.553 20.0 58.0
EfficientViT 0.820 0.540 10.9 28.2
GhostNetV3 0.830 0.550 25.8 41.5
RepViT 0.835 0.560 15.2 42.2
EfficientNetV1 0.839 0.566 13.5 24.7

4% 4 BiFPN £ &R Fl#& &8 NEWFire ## & Loy R R
Table 4 Experimental results of BiFPN combined with different activation functions on NEWFire dataset

Function mAP50 mAP50-95 Params/M GFLOPs
BiFPN 0.836 0.554 19.8 56.6
BiFPN+RelLU 0.835 0.560 19.8 56.6
BiFPN+ELU 0.839 0.563 19.8 56.6
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Ml VoVGSCSP J&i, #7E NEWFire Fll E-fire %l 4 I
mAP50 73 ST T 0.4% 1 1.4%, mAP50-95 43 548 T
0.4% M 1.7%, X0/ T 6.0 M, TFHitEEFET
36.4 G; MiAEG|I AKX =ABIELS 1) AL R E NeWFire
il B-fire %0 9% 45 L mAPS0 20 542 & T 1.1% 1 1.8%,
mAP50-95 73 IR TF 1.7% F12.2%, ZEFFET 63 M,
BT T 377 Go 45 R0 W oA R 7RG A
b A AR R I

TR VA A M vh B BRI 2R B A AT IR A,
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Table 5 Ablation results on the NEWFire and E-fire datasets

NEWTFire E-fire
EfficientNetV1 VoVGSCSP BiFPN-E Params/M GFLOPs
mAP50 mAP50-95 mAP50 mAP50-95
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v v 0.840 0.566 0.786 0.526 13.4 235
) v 0.838 0.557 0.787 0.526 14.0 21.6
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Fig. 9 Comparison of confusion matrices on the NEWFire dataset

250152 (Page 8 of 12)


https://doi.org/10.12086/oee.2026.250152

IR, 4SBT, 2026, 53(1): 250152 https://doi.org/10.12086/0ee.2026.250152

% 6 & NEWFire #= E-fire ## & Faysfibsiinss R

Table 6 Comparative results on NEWFire and E-fire datasets

NEWFire E-fire

Model Params/M GFLOPs

mAP50 mAP50-95 mAP50 mAP50-95
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YOLOV8mM 0.834 0.559 0.776 0.514 25.8 78.7
YOLOV8s 0.832 0.554 0.778 0.518 11.1 28.4
YOLOvS9c 0.830 0.552 0.776 0.512 25.3 102.3
ours 0.845 0.570 0.791 0.531 13.7 20.3
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Abstract

Objective With the advancement of modernization and the development of urbanization, fire safety issues in various public venues,
commercial buildings, and residential homes have become increasingly prominent. Fire incidents not only directly threaten lives and
property but also generate smoke that often causes irreversible pollution and damage to the ecological environment. Traditional fire
detection methods primarily rely on physical devices such as sensors, yet these approaches have limitations—including insufficient
sensitivity, frequent false alarms and missed detections, susceptibility to environmental interference, and difficulty in achieving early
warning. Consequently, there is an urgent need for more efficient fire detection algorithms. In recent years, rapid advancements in artificial
intelligence have driven breakthroughs in deep learning within computer vision, particularly demonstrating exceptional performance in
object detection. This has opened new avenues and research perspectives for fire detection studies.

Methods Addressing current limitations in flame and smoke detection technologies—such as insufficient accuracy in complex scenarios,
susceptibility to false negatives and positives, and high computational costs—this research innovatively applies the cutting-edge RT-DETR
model from computer vision to fire detection tasks. The aim is to thoroughly explore this model's capability to capture and recognize flame
and smoke features in complex, dynamic environments, striving to develop a fire detection algorithm with high detection accuracy, low
false alarm rates, and the ability to meet real-time early warning requirements. RT-DETR is an efficient real-time end-to-end detector based
on the Transformer architecture. It organically combines the local feature extraction advantages of convolutional neural networks (CNNs)
with the global modeling capabilities of Transformers through the introduction of a hybrid encoder. By employing an innovative loU-aware
query selection mechanism to precisely filter initial target queries, it achieves a good balance between detection accuracy and inference
speed while significantly reducing computational latency. However, when handling complex, multi-scale, and morphologically variable
targets like flames and smoke, this model still suffers from insufficient capture of local information and limited extraction of fine-grained
features. This often leads to false negatives and false positives for small targets, limiting its application in scenarios demanding high
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accuracy. To address this, this paper proposes a lightweight RT-DETR-based flame and smoke detection algorithm with multi-scale feature
fusion to enhance the model's perception and discrimination capabilities for such targets. We first adopt RT-DETR-r18 as the baseline
model, introducing the lightweight EfficientNetV1 architecture into the backbone network. Through evaluation and experimentation with
mainstream lightweight networks like GhostNet, RepViT, and EfficientViT, results demonstrate that EfficientNetV1 achieves the optimal
balance between accuracy and efficiency via its composite scaling strategy. It significantly reduces parameter count and computational
burden while maintaining robust feature extraction capabilities, providing the optimal feature foundation for subsequent detection tasks.
Second, the VoVGSCSP module is designed at the model's neck. This architecture integrates the efficient feature reuse of VoVNet with the
gradient splitting concept of CSPNet, effectively enhancing the model's expression capabilities for key features like flame-smoke texture
and color while suppressing feature redundancy. Finally, addressing the core challenge of extreme scale variations in flame-smoke targets,
this paper introduces the more efficient multi-scale feature fusion mechanism bidirectional feature pyramid network (BiFPN)-E. During the
weighted fusion process in the BiFPN, it innovatively employs the ELU activation function for weight normalization. The non-zero
saturation property of the ELU function when handling negative inputs generates smoother and more discriminative fusion weights, thereby
strengthening the interaction and complementarity between feature maps at different scales. This significantly improves the model's
perception and discrimination accuracy in complex scenarios such as large-scale flames, faint smoke, and occluded objects.

Results and Discussions The final experimental results fully validate the comprehensive effectiveness of the proposed method. On the
NEWFire dataset, the improved model achieved mAP50 and mAP50-95 scores of 84.5% and 57.0%, respectively, representing
improvements of 1.1% and 1.7% over the baseline RT-DETR model. On the self-built E-fire dataset, the accuracy metrics mAP50 and
mAP50-95 improved by 1.8% and 2.2%, respectively. More importantly, while achieving these accuracy gains, the model demonstrated
significant lightweighting: model parameters were reduced by 32%, and floating-point operations were drastically reduced by 65%. In-
depth ablation experiments further confirm that the BiFPN-E architecture is the most critical contributor to accuracy gains, while the
EfficientNetV1 backbone serves as the core for achieving efficient model compression. Visual analysis also reveals that the improved
model's feature heatmap responses are more concentrated on actual flame-smoke regions, demonstrating stronger suppression of fire-like
distractors and complex backgrounds, higher recognition accuracy, and effectively reducing both false negatives and false positives.

Conclusions Through systematic enhancements to the RT-DETR model, this research achieves a synergistic breakthrough in accuracy,
efficiency, and feature discriminative power for fire detection. The EfficientNetV1 backbone enables efficient model compression, while
the introduced VoVGSCSP module enhances the model's ability to capture irregular fire shapes and dynamic changes. The BiFPN-E
architecture significantly improves detection accuracy through optimized multi-scale feature fusion. The synergistic effect of these three
components enables the model to maintain high accuracy while reducing parameters by 32% and computational load by 65%. This
breakthrough overcomes computational resource constraints while enhancing performance, providing a practical solution for achieving
high-precision real-time fire alerts on resource-constrained edge devices.

Keywords: EfficientNetV1; VoVGSCSP; activation function; BiFPN
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