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Abstract

Early and precise detection of fire is a core technology for reducing life and property losses and
achieving the goal of disaster prevention and mitigation. As the most prominent visual manifes-
tation of fire in its early stage, smoke, with its dynamic characteristics such as concentration diffusion
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and shape evolution, can effectively reflect the trend of fire spread. This study conducts system-
atic optimization based on the Faster R-CNN object detection framework. Firstly, the ResNet-50
backbone network in the original framework is replaced with the ResNeXt-50 network to enhance
the model’s feature expression ability. Secondly, the FPN in the original framework is replaced
with PAFPN, significantly improving the model’s detection ability for small smoke targets while
maintaining efficient inference speed. Experimental results show that the overall detection accu-
racy of the improved model is 2.6 percentage points higher than that of the original model, and
the processing time remains at 0.22 ms per frame. Notably, the detection performance of the im-
proved model for smoke targets of different scales has been enhanced, with the detection accu-
racy for small targets increasing by 1.2 percentage points and that for large targets by 3.8 per-
centage points. This study provides an efficient and reliable solution for real-time monitoring of
fire smoke.
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Figure 1. Faster R-CNN architecture
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Figure 2. FPN architecture
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Figure 3. Fire smoke detection model
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Figure 4. Comparison of module structures between ResNet and ResNeXt
[&] 4. ResNet 1 ResNeXt HIEHREE M3t EE B
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BIZ, DGR RHIE R A AR S RIE . FESEPR KRR FZ KRS 1, PAFPN AHECT FPN, RERS{H Faster
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Figure 5. Schematic diagram of PAFPN framework
5. PAFPN {E4e/REE

3.2. RPN

LA ResNeXt50 + PAFPN $2HUHIRHIE DM, SeaZeid —4> 3 < 3 B, XM N RRIEEIBE T 420 4k
M, ZJEaWEsmaid 1x1 B, —B4 3T Reshape. Softmax 258/, H T4 KB BEESD,
FIWTRFAE B b X8 5 o B bRy o5 — BR85S ER AR 28 i B AR B I%E X 35, Proposal, BRI i€ v] BEAF1E
F b (4 X 3807 B RPN RS 4 e DR AR 1 — R 471 B A 5ade DX 38, el ) 8253 28 (B A A e prg A 3R 9 TR
E AR ORI B &

3.3. SrREYFRIR

H RPN B A i) fige i DX Rol Pool (JEMHR IX IS A B, K ANRIR /I i e DX SRR A Pl e it
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4.1. SEER

4.1.1. EWFFERE
AHFFER A AutoDL z=-F G VENSEIRIAES, M B v 5 IR K O MR S5 A AR Y R R B it 7 ]
SECRFE . R} TH, BCE T NVIDIA vGPU (32 GB A7) A1 12 GB RAM W AF, XFhH A BHA RURR T
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Table 1. Software and hardware environment configuration

=1 BREARRE

SLIRIN BER
GPU vGPU-32 GB (32 GB)
CPU 16 vCPU AMD EPYC 9654 96-Core Processor
RAM 12 GB
BIERG Windows11, 64 f#{E RS, A+ x64 MALELE
Python 3.8
PyTorch 1.10.0
CUDA 11.3

4.1.2. Smoke BE¥IBE

TERRM T, AT IR B B S SE 15 4539 7K smoke &M, SRAATL 2 R COCO #%
AT B BB AETER L R, 7 H R T EhR kK IR kM, SE S 7 A 1R
M. EEFREMMARLE L, /NEZS EUE G2 25%, FHFRZ) 42%, KHPRZ) 33%. Smoke
BEEEER o UG 1] 6 FioR . FEABEFEAF, Ik WA AR R e 2 8:1:1, HAIZER S 3631
sk R, BRIEARALE 453 sk, MK E 455 skIE .

Small

Large

Figure 6. Display of selected images from the smoke dataset categorized by small, medium, and large scales
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4.1.3. FBER
SRIRAIE K 5 R K WA FY f 7 3tk , AR SC 8 R P 30K FE (mAP) RN Fa b, S s 8 AT 1P A
(1) 22IFLEol): TMHES HSHER BEERE, WHAXMKRQMxR, Hh B, WTIE, B, NE
SEHE . S L IoU > 0.5 /F N IEFEA BI{H .
Bpred N Bgt (2)
B, Y By,

p

(2) HERfAR (Precision, & LA TN I 451 4 S A> 280 b P A 45 F9000 2 1451 6 Sz 1) A B g L ) 5 44 [l

IoU =
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H(Recall, FEAF LA T S 510580 b5 i A IE AR S A B e ) iRl Kol sl (3) s K@) s

TP

= 3
TP+ FP

R=—1F )
TP+ FN

Hort TP N BAME: EARR EREA TN BN IEREAR N, FPONERFATE : 384 FORE A T o IEAE AR 1)
AN FN AR : K SOREAR T o S A AR A2
(3) PR Hh4k: P RANUERIZR, R FRN Recall (HIEIZ), 75BN, #EHZR P AIH FZ R 1%L
ERRO, AT 1 14 R B
(4) “VI4KEFE (Average Precision, AP): FRILMZE AP BIEEE . THE ARG S PR 2R Bt )
i, WRnE I A VR R, IR gk, A ¢ KPP AP, . W LRI (O FTR

P
c,i = (5)
TP+ FP
AP, = lZPc,i (6)
nig

(5) “FYJHE B $51E (mean Average Precision, mAP: FALIZRANECN m, W COCO Fr#fE mAP ik an
KDFTR . mAP LR BRI T HE FE R FECTFME . mAP_50 F/E TERARMEoU>0.5) T, TRIMAE
SPIIRERE, [FIRE mAP_75 WL E AL SR (ToU > 0.75)i TP RAKE B . mAP S5 WU 52 107 5 43 2 fg
71, mAPAHMCK, FEEIER I RERLT, HAR K RATIE S B IR 485

mAP = iiAPC 9

4.2. TWERLEBRSAKL

4.2.1. EWHERLEE

FE KGR BRI FATIR, N7 BENE R P74 I IE A SO T 2 I 7 7 ik ek, M vT 58 AL
BAURAIRE ISR REREE, KT, ABRAESRREN LT E, RATZESEHE. BRE
NI SR o B 5, RIS AT SR B Faster R-CNN [3], BLIAE K 5 2525 %t b () .« Faster R-CNN
TENSG S B AR IIAELS, 7R3 2T 55 RO RIFERE, BB NEELRBEAL, Re0s NP4l otk oy
A SR AR A AR 2 B AR

Table 2. Comparison of network structures between ResNet-50 and ResNeXt-50
%% 2. ResNet-50 5 ResNeXt-50 B4R L5+ 3T EE

Stage Output ResNet-50 ResNeXt-50 (32 x 4d)
Convl 112 x 112 7 %7, 64, stride2 7 %7, 64, stride2
3 x 3 max pool, stride2 3 x 3 max pool, stride2
Conv2 56 % 56 1x1,64 1x1,128
3x3,64 |x3 3x3,128,C=32|x3
1x1,256 | 1x1,256
1x1,128 ] 1x1,256
Conv3 28 x 28 3x3,128 |x4 3x3,256,C =32 |x4
1x1,512 | 1x1,512

DOI: 10.12677/5€a.2026.152023 248 B TR


https://doi.org/10.12677/sea.2026.152023

X 5%

B3k
[1x1,256 ] 1x1,512
Conv4 14 x 14 3x3,256 |x6 3x3,512,C=32|x6
[ 1x1,1024 | 1x1,1024
[ 1x1,512 1x1,1024
Conv5 7x7 3x3,512 |x3 3x3,1024,C=32|x3
| 1x1,2048 | 1x1,2048
%1 global average pool global average pool
1000-d fc, softmax 1000-d fc, softmax
#params 25.5 x 10° 25.0 x 106
FLOPs 4.1x10° 4.2 x10°

TESE R AR R IS S5 I0E G, AR O W IR 7 — R AL . T RhSLEE B 7R
A DR ABE TR 1) S B 2L R 3 B RS R AR, FR G0 ARG 361X S M s s A R M R P A R, AR A A
TERARRER R TR, MRS 1 8 A RS S T Y I RE AR O B3R . BRI &, AR Fi 22l 1 D
LEZLEEIE

(1) ¥ FPN #4:y PAFPN

RRAE 4 738 WX 2 2 EH PR A A I 22 ROBERFAE RS A, (HTE AR ER R X R LA B ARSI E
ALK HARES, G MO — B R R . BRI ARHIE S 7 HE 4% PAFPN [20 i 51 A XU (1 FFAE
FERRIRAR, BENE S A RO A& A F R FARAEAS 2, SRR /N B AR 35 ARG U BE 1. K JER I FPN
B4 PAFPN [20], B EPR TR P S0dh J5 1) 22 ROBE fil & SR 2 75 AR08 3 385 SR TS 2R AE R MR 55 RS AT 2%
HPERER I

(2) 7F ResNet-50 At AN SE 73 & S #Li

HE 14 SE-ResNet50, ResNet-50 1E % MG FME M4 T80, 7EEGFHERDO AR R
GFHIPERE . T U = UL R 0 I I 2 > B BRI AEEE R B AR, A B0 I b 1 5RO
BRI IEIE P L, PHIAEZLNIEE . K SE R IVLHIAL ResNet-50, 147 SE-ResNet50 1744, 1
SEL T ok 10 50 K 2 o O 5 R EAE FRDE B PR DG, SR TG I ZE E AR IR AR B, TR W 5% 0 i sl i AR AR
BARERR M REIE, AR 2 BINEUA BT A BT B0 A S

(3) #ET ML 4 ResNeXt-50

ResNeXt-50 [18]3E T 70 AR v 38, Je ik 189 o9 285 1) L B i | BR 4l 38 I N 48 VR B, TEAN B 3%
W R RN, AR T L RFIE R L RE ) MY E . ResNeXt-50 4% 254 % Lt ResNet-
50 14 2 Fi7R, ResNeXt-50 (32x4d )5 ResNet-50 763 A 280y EARFRE S —8, S5 5 4 stage 1135
FUZBE, SRR ST A 112 x 112 BB FERFER 7 x 7. ZFH %0 Z FARIAE conv2 £ convs f
Bt1 bottleneck Z5MH: ResNeXt-50 KL G 1) 3 x 3 HAE e 7 HEF (group =32),  [RINS 78 H 1] 24438
TEHON 64 $2FH2 128 (conv2 FrER), IXFHALTHIE I NI4T AR BB R R IE 2 FEPE . SRR Res-
NeXt-50 BN TR EAL K42, (HHESHE(25.0 M) 5 ResNet-50 [4] (25.5 M)FEAM Y, Hit 5 & (FLOPs)
UM 4.1 G BEFIEINE 4.2 Go SRIGIER, M5 T ResNet-50, ResNeXt-50 R 5 U M $2 00 % (10 2 &
FRAE A TS . ¥ T M B4 ResNeXt-50, B 7EIIF XM 5 S5 1 () 35 T 2R M 7E K 5 M 5546 1
RS, J& A5 BB S Y s SR B AR K IR RFAE SR RE g, T B FH A IRS R 2805

(4) FEET ML BN ResNeXt-50 JLht |, F¥ FPN ## 4 PAFPN

RS G T BRI R OB SR, BRI RESEALI ResNeXt-50 1y 329 4% DL IS s Rr fIE S L e
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71, [FIFIA] PAFPN [201H0HR 5 32T 2 REERFIERE G RCR . XA AL, W RENS 78 70 K A% DI [ By
[FIZONE, AR K RN SS H FR A I BE, U HGRAE /N F AR AN B2 2% 37 55 T A Il g
UE 2 U5 T i A R B SR TT I ER R . B Ja N T R ORSEIR A R AP PERAERRE, 8 Gu P SRR
BEAAE 2 SRS R 22, EIRETA SIR M ROE RS — I SEIR bRl SR B AR, BN
4539 5K smoke I F i) COCO R K, ZHade@ s 7 ARG SR LINZ IR, HAA
BB/ B AR A HAR AR H AR 55 R L o A, i OR 17 S50 ot 1) — SCrE A el Bk, AT A E e o
it 2% Bl B R PR RE (S B AL 1 I SE A SR

R AR ) ResNeXt-50 + PAFPN W24 5170 b5 b 3R HU Ay G5 44) (0 100 £ AR AT LA, AR S i
s 3 fiiw, Horh Time (95479 ms/Mi

Table 3. Model experimental data
3. EEINKE

W £ Y mAP mAP_50 mAP_75 mAP_s mAP_m mAP_1 Time
ResNet50 67.0% 96.8% 78.4% 72.0% 65.3% 67.7% 0.216
ResNet50-PAFPN 68.6% 95.7% 80.9% 82.8% 64.4% 70.4% 0.220
SE-ResNet50 62.9% 96.1% 73.5% 75.9% 59.7% 63.7% 0.216
ResNeXt50 68.9% 97.0% 81.3% 80.8% 66.5% 69.9% 0.218
ResNeXt50-PAFPN 69.6% 96.9% 80.9% 73.2% 64.8% 71.5% 0.221
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TR 68.9% . X — A Sy HUIGAE T 4 445 FRTE R HE 0 55 2 RO RFAE J7 TH 00 R, o 4 R il
REMI AR BT, RS SEANE0. AT AN [F) RS AR MR 55 R AE SR AT SR BIURI 3B, AN T 7 A5 20 %ot 0 25
(1R 5 B

TE2 RPERHERR AT S, B54R 5 A RRIE & 35 N 48 PAFPN [19]/) 51 N8 82 T T/ B AR
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A RLTE /N H ARSI 1 BB (mAP_s) 7 T EUG 7 4 NUE H 32T, /N BARR M RE(mAP_s) N 72.0%3& T+
£ 82.8%, 1IE 10.8 NE A, [FIREEAE mAP M 67.0%IRTHE 68.6%. R1, HEARANRTIMZ, X
PEMNHBAE ResNeXt50-PAFPN H& IR EAIREE, £ ResNeXt50-PAFPN &, /)N H ARl ¥
(mAP_s)N 73.2%, % ResNeXt50 [18] 55 fdi IRt 80.8% A FT FFF. X —BLGEKM, £ RS Hmg L2
53T W% H SR HEAUTEC . ARFIE S Ze 5 @ AR FE BT K, ResNeXtS0 a7 4145 FURIHY N
FRAE G R T N S AR A S A IR SURAERE T, EX TR ER S AR/ BART &, I SRS SR
ARES B BE B IR, MEZ N, ST E L) ResNetS0 fREH T 5 2 1 JE 415 = FF1E
FULRIAZAE R, 245 54 WaER L) PAFPN 2541, ResNet50 #2451 E R0 #F R LA H
T WS BRINAE E Ar AT ZEAR /N RBE B bR 0058 A0 AS B2 b 3R 35, eah, MAESS O 52 10RE
HIZRIL 3 H, ELIR ResNet50-PAFPN fE/NHbr BRI, (HHAEH HAR(64.4%) MK HA5(70.4%) L 13
LI F i 28457 ResNeXt50-PAFPN, X % B ResNet50-PAFPN 1] 87748 1 4156t /N R REAS () S Fh AL
FERIRHER S, 17 ResNeXt50-PAFPN EARMFME T 70 W /Iy H AR BRI ZE0TRE B2, 2040 T 754> RBEVE Rl N 5
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Faf G M RhE, IR mAP iE%] 69.6%, FF9BLT K. B AN 85 L.
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(a) ResNet50 (b) ResNeXt50-PAFPN

Figure 7. Comparison of experimental detection results
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(a) ResNet50 (b) ResNeXt50-PAFPN

Figure 8. Comparison of experimental detection results
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