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Abstract

Aiming at the fire detection task, this paper proposes an improved fire detection algorithm named
FSConv-YOLOv11 based on Frequency-Spatial Convolution (FSConv). The FSConv module is embedded
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to restructure the backbone and neck feature extraction networks of YOLOv11, realizing dual optimi-
zation of detection accuracy and computational efficiency. Specifically, the FSConv module adopts the
discrete Haar Wavelet Transform (Haar DWT) to losslessly decouple feature maps into high-frequency
detail features and low-frequency background features, and high-frequency features are used to guide
the spatial attention mechanism to achieve deep fusion of frequency-domain and spatial-domain fea-
tures. Meanwhile, the module combines parameter-free wavelet transform with depthwise separable
convolution to greatly eliminate computational redundancy caused by traditional standard convo-
lution. Experimental results verify that the improved FSConv-YOLOv11 obtains an mAP@0.5 of 0.632,
which is 1.2% higher than the original YOLOv11. Besides, the proposed algorithm achieves obvious
reduction in model complexity: the number of model parameters is reduced by 15.4%, the amount of
gradient computation drops by 15.4%, and GFLOPs is decreased by 9.2%. The proposed algorithm pro-
vides efficient and reliable technical support for intelligent fire early warning and edge-end deploy-
ment in complex scenarios.
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R G R as (] v, AR AEEAE DL L I i A R A, FRBEH IOk B AR LRSI R R 2032
AL 7 T Bf g 7 AL R AR B AR 1]

AR, TN SIRIE 7 I BRI R RN KIS T A o B . ST E R4
P25 (CNN) Y H Al 53, RS ELER MM MU AHUTHH S h B ShFE R L, SR SRR S5 1)
PO EN 55 28[2]. 1EAZ HFREIIEEF, YOLO (You Only Look Once) 5 71 B2 75 £ JH v 313 (1) 5K il
MZHG S RS EERIIR A BE T LA B AR AR E SR 1 SEI B ARSI USRI PR AT (3]0 SCHR[4138 H 17— b
STt YOLOvSs B/ HARIHZ SO 505, ARERTT 7 IR R R o SCHRTS X B IE SR RE L
JEIREE, SINERINIHE0E YOLOVS, M5 1R R 5~ K RRHIERI RIS /1. SCHRI6 T3 K
BN & AB N R A, B2 TR0 YOLO-MSA FLRY,  7ELRIERE FE I RTHE N R T THE P4

ARG FTR ) YOLOVIL FEZEBA KR T Ultralytics B 7 FIRSEEL, TEUWMZ, 400
“YOLOvI1” 252 TRSEHL S TFIRARCA it 4 7730, 4% 5 HBUBORIE £ ZAPLE Ultralytics
BOTARS B 1 R AR SR, AR O AL R IR S 7], Rk, ASCRIEARA LRI, 4t
— VA Ultralytics B 77 TRERRAS A HE, FHAEZ25 TR 45 B0 B A 5 B 05 SORS R, DLORIE SR8 A
AP, YOLOVI L did 51 N4 H71 C3k2 Mk, C2PSA 7% [H)yd: & Ay ML DA R ARAL 1) 2 ROBERFAE R & 5K
Mg, CEARGINNS 5 -5 HE B P IR B TR R L (8] AR, AESERR A KA IR ], B
YOLOVI1 i K ghise: — & KR I FOUH A ARIRET KB A0 177 50) A2 KR AP A, Ik
B B /INHT B K PR 5 5 T SR s e iR IR, BV S IR & YOLOVIL % CoAsEon 1
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IESRIRERAESR IR /7, S T REMIMEGIR SR ZELSHN, SRR SHE R K. RS R ER S,
XA 152 BRI TE NV 2R % B0 2t 501 s ok T MR 38 R 71 (9]

BEXS FIRYE A, ARSCOARRARER AR S 2 B 4R THIM TR AN AR, R T — BB T4 5 1
(Frequency-Spatial Convolution, FSConv) i i 4% &4k K KA 575 ——FSConv-YOLOvV11. 5L
O AR AT 5 AL BT AU 3 BT I NG AR I 26 o T KA LE R b 52 0L L A0 v R 0 bl 8 R 5
AR, JBTHARKEHES, TR B RS SN RIATH PRIUE S [10]. RSB EA
YOLOVI11 )5 RFAE SR U B 462 08 FSConv BEHRL, I B 5/t 42 46 (DWT) A BRAIUIER 22 1T % K I
H bR 51 S s BT A R E, IR SR 51 S S EVE R o T IEAMUMRAS L3 1 TR 17
RIS 5SRO, BORIE ST TR 28T 5 KURAFAE R AN BUREE . A SCVRGM R 1 W 2% 45
T e R, I = E ) B SRIR IR |2 SRR A K AT 55 B v A S AT SR

2. AL BHELR
2.1. YOLOv11 M4E454 5547

YOLOV11 72 H ARl S (6 25 S, 6 X 288 ZEAL BETH7E LR AR SERH PR I AT 4R B35 1Y 5 T RFIERAE
REZI[11]. YOLOVI1 H)EARM 8 4k tn ] 1 s, FEHE T M4 (Backbone). S 4 4% (Neck) 1 Sk 5
%% (Head) = KAZ AR . 7 ET- ML 71, YOLOVI Jl{F T YOLOVS 2 f#f F ) C2f bk, 4x1fi
FINT A5 C3k2 MEHUE SR AEFR B /7. C3k2 BEHUCR A T WUOFAT R AE BT . — BB AL B4
s LLR B VR 2 (AR 23 A 2, 59 — S0 RRAE MEIS R FZ 1Y) Bottleneck (fi3)/Z84 C3k FAEHLiEAT
M SIS R, G TSR S S. Ah, ETMGARIER T SPPF (2] & 7B b ik ) Al
C2PSA (il or 23 (R R A7) R, AR BB Al X 42 /N S5 B 3RAE 71 . BRI 4% R PANet (#5425
AL, I B T AR A E R E R RUARFEAR I, S RO R I A o Sk I 4% I 1 45
T f#F Sk (Decoupled Head) W i1, #5702 510 FAE [0 A E 45 40 TR AR EE, FE5IN T 500 R 15 1 3h 24540 i 5w

| CBS | — | Conv2d | BN | SiLU |

Backbone

Figure 1. Network structure of YOLOv11
1. YOLOv11 HIRLE 4544
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Figure 2. Network structure of FSConv
2. FSConv M4&4E#

(1) IBIEY RS0

Y NFFEEEN FSConv L, B Je&eid — MR W] 2 B B F(DWConv 1 x 1), DWConv i it
REGRMZ BRI 5, ESHEWRACR ST K N R E T . BE, KBRS iy
KUy, —PRABAUE S, F RN R SIS S XTI ORIE T AR Y A B B SRR I A AR
YRR B, R TS SR

(2) k4 37 (Frequency Branch) ) = AT R4S

TEAIE 73 S rp, AR 3 N R AE B FH 25 85N A2 e (Discrete Wavelet Transform, DWT). DWT j&—Ff
TSN ECEAR R, e DU ] B (0 A AR AR R L TG4 23 i DY A1
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Y ERIRE N DWConv FEATRFEFEH .

EPAN T o (K 2 B HL VL D 23i): s 7oKL S ERD A 4 7 1) R R ZUR 3 AR A (B K
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it DWT HVIBEVEMERS, 28 BERE SIS IR KR I G IE 5 R P g AT 552 2], MR
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S5 57 ST RS, SEIL 7R R B .

(3) #1437 (Spatial Branch) 5 HAE = /151 5

TEZI Y3, FHIEE S Jeilid — MR B BRI (DWConv 3 x ) FRHUE A R R1iE, 25 5kH
ARV RHEAS BT HRAUSE, SEHUU S 285 B RIRG - FSConv AREUAL T 1 — il B AIH 1) 5 8+
BTN PO AT RS 5y S SRR B S A R AT AR T ibA, B S 4 0d Sigmoid WU BRI
R BORTEAE P RE R IRE, IR E B e ] 45 75 3 40 S R B
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AR FTEEERNBOEE A T2, WA R I SR AE 73 (8] 485 50 9 TS 26 iy AR A1 P 18 58 27
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W, YRS 2 I E i = SR I 7 R AR AR (L B RS B R IR A B ) 5 R 40 BRI R AR AT
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EREESSEREHY. KNGS Input (b,cl,hl,wl) {55 Output (b,cz,hl/Z,wl/Z) BEATX L, 3
Wb, e, hyw 7 RN AR /N IR REAE I BN R, R A S 1 S s B A, /Y
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Figure 3. Network structure of improved algorithm
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BT FREAR AT, ASCR YOLOVLL (10 28 BER AT 1R B EAE o 25 SR 31 W0 2% e )= AR LA 4%
£ RS R UATREAE, 0 5] NI AT 25 5 5 N K )Y S5 e AT 7 (b S0 SRS ) i
W 26 R 2 I RFAE B L8 B T BRI G SCIM R R T, BT 5 N AU 43 BT e SR v b 3 9 0 1 7 U
H5EME R B, A30K YOLOVIL B T M IR N 45 1) C3k2 #idk, #4oh FSConv #idlt, iX—H
Fo SRS N AN T PR A 25 (IR I SR B SR G M S, Bk v S (AIREN - AU Rs - Bsidm & (i 8Y
. HEMJFH FSConv-YOLOV11 M4, AMURIRAIER 1 C3k2 BLHUH R TTARVHHE A LG KR, 5
TR T AR AE I R PR OGRS K B S B AR R T, U R I 2 S5 A 1 3 PR

3. TEXWSERS
3.1. LIRS

FEIRIE 2 IR IR S VPG oh, SRR RS ZREVE R TRz ARE . ik, AR
IR 6 (W0 Al Studio) BL K B BRI KSR R, W T 25, mbiRiErnsis
RAIGTMEAEEE . ZHIRE W 4 Pron, HEE 2059 KRB KRARMERE, 2B 1AL e
RAKRIERE S5, RO FHREEEE KSR Z RO, FERKERISETI). M
TTEEH K 5 (1 T & BRI Lok 5 0R A2 0) s A SRR UFAERAT « BAT S5 s e IR0
PLR s 4 TR K OB R it HAF AR ) o D 1 B R B I ZR A RO 5 X 45 SR I B LA, A SORs 2ol
DL 8101 MBI ™A% R 7 I ZRAE . SRS RIIINASE, Horb, IIZREEEE 1647 KR, I THMS 4
f s LRI, BRSNS 200 5KIEMR, 70%I A T IIZRid R vh i S HoR i 5 fe 2 p A ik
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Figure 4. Data set
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Table 1. Experimental parameters
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Figure 5. Training process
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N T RHEPAG A SCHE H ) FSConv-YOLOVI 1 Hik 4 ERE, FRATEI 7 &2 3K (mAP@O.5)
Ve N ARG RS P (A% O bR, [, S8 & (Parameters). £/ 15 & (Gradients) & FP-H121kiF fHic B
4 (GFLOPs)E A S B 5 4 FE 5 AR FE IR bR . FATH YOLOvI1 #8543 el ) FSConv-
YOLOv 11 A5 RS 7EAH [F] (1 B AR AN SO IRSE N AT 7/ 0 b, SRR g SRan il 6 fde 2 s &l 6 R
R AE FE RO, 5 YOLOV T AR EG, AR SCATHE 5021 mAP@O.5 Fa bR M 0.620 27+ 2 0.632, 27 T 1.2%.
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Figure 6. Comparison of the algorithm detection accuracy (mAP50)
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Table 2. Comparison of the algorithm complexity
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Fime WE 7 s AR 2], AR IR RS AR AN P rh A RAR B KK HAR,  RIME R — B e 24
KIS GABEORFFRGHERLIN, 73 S50 T BG A B N RST B KK FUBR SO SR L 4% A R iR g

bcws-carousel-2.jpg pic (92).jp : 5246f3e4-8%1’9d6-84f3-99741a fOa3RipE0 62-4253-950e-ew
fifire 0.7 b M = - fire 0.8

I - fire 0.4.0.4P-5 =
i j ’ .:‘; " >

L

c62b114-8421-4db2-9439-fda01d4846884pe-d9a0-4150-847a-7d8dd4fire 0.8.81k:93d-42fa-b680-72b9b1dBag4t0Bajpg
fire 0.9 e

DOI: 10.12677/csa.2026.168260 45 TFEARY 5N H


https://doi.org/10.12677/csa.2026.168260

Ficip

b6580d61-8aec-4c3b-978c-438ac4(pié mbp%

| ,fireO.S !

Figure 7. Testing situation of the proposed algorithm
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