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Visual Floorplan Localization Based on BEV Perception

CHEN Jiwei, CHEN Zebin and TAN Guang

School of Intelligent Systems Engineering,Sun Yat-sen University,Shenzhen,Guangdong 510275, China

Abstract Visual floorplan localization task achieves pose estimation by matching visual observation with scene floorplan repre-
sentation. In practical applications, how to effectively integrate geometric and semantic correlations between observation and
floorplan in matching is particularly important for improving localization accuracy. However. existing methods have two main li-
mitations. Firstly,they fail to fully utilize the semantic information within the camera’s field of view. Secondly, they lack a joint
matching mechanism for geometric and semantic clues. To address these issues.this study proposes a visual floorplan localization
framework based on BEV perception, which includes three core components. Firstly, the BEV semantic mapping module con-
structs the BEV semantic representation of local scenes through multimodal image projection transformation,achieving structured
representation of observation data. Secondly,the expected observation generation module generates an expected observation data-
base within the floorplan space,and achieves rapid generation of observation data through differentiable rendering method. Final-
ly,the multi-level matching and localizing module proposes a geometric-semantic joint matching mechanism, which integrates the
geometric layout and semantic category information from BEV observations through a hierarchical matching strategy to achieve
accurate matching with the floorplan. The experimental results show that the framework achieves an improvement in localization
recall from 0.32% and 4. 82% to 3.12% and 58. 77 % on the publicly available dataset Structured3D and the self built simulation
environment dataset IndoorEnv,respectively, which is significantly better than the existing baseline methods Laser and F3Loc.
This validates the effectiveness and robustness of the proposed method in complex indoor scenes.

Keywords BEV perception, Floorplan localization, Visual localization, Geometric-semantic joint matching
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Fig. 1 BEV perception based floorplan localization framework

3.2 BEV E#ithiE#ME

5 SLAM Jrik NS — AFRA A (1 RGB UL A 42 B4R
AE R IR N = 4E 2 H] 8 B R W) AR SCETE R BEV 3 X
R 4 R i L3000 45 5 fWﬁMMﬁﬁ}H’JE 2D 5 FI R A%
ik 20 AR BIL UL 35 B BEV 5 H A% m, E#/MFMM
M XM BIEERE 5 F A% B A 550 % W B 58 %S i) 25 em?
(5 em X 5 cm) A TH AR, W % 1 55T 1 BUME {0, -+, C} 43 Sl R
AN T8 SO A B TT 3R R R I 1 7S TR X 7S 1/ o &
a7 A E SO0 . BEV RAS 1 i 45 8 2 e = 2k =[] A5 B AL
30 BN R YL A ML B RO X S BEV R R AR AR K
(M/2,0) /9 K& BT

H T S — A FRAH DL A 25 A 1 A B BEV M
A 1) s . i R E R R S = WER PS4 %
X2 ] = B =S (D R,

(u—c.)d (v—cy)d,.
= ey = T 2=d,, (D
Y fs

E RGB EUR A5 XA B 45 vh o B MR 2 5 0 R 7 &
B 08 5 HEAT ORI AR B S = i SO, e 1 LS = AR
ML A 35 SRR £ /9 2D F 1 . 1346 1k . 15 2118 L BEV
R 46, S5 30 % 00 S SO S g LA A SR ARE
3.3 THR W A B

AHI ML 4 £ 35 L BEV R4 5 o T 22 G i S i P& 79030
AAMLA 28, VC L AR b, 5 2 — b S e SF 1 JB] b AN T A2 8 0
TS B R TR % . 24 B R L AT 28 RS 1 P 5 Hi BT L R BL
ORI 1 P RT LA R 67 35 i 7 A0 i R #8052 B 2D T b
BEHG T 0 R IE X 3, AR SO ST T 0 A Sk A7
Rl 1 B N e N W S| R VA7~ 3 =11 = B AN s RS AN S R s
S AHALFEIZ AL 2T 1 03 L0, HE & SR AH AL AL T X B 7 5
A OLIAE B . 25 i B S R 3 5 A7 76 55 ORI P4, L7 25 o i
S TR KT A B 0 BT P S AT G 2 AR A DU I 9 e i B Y 11
PIZE . DA T T 2 26047 245 Vi o TOUSDI U0 4 Bk vk 1 R
Bk 1 2D Y- RO v g v
AT My AIBLET 4 P=
A B my
L. AR AR LA 28 568 i 1 Mo JEAT 5 S0 A8 46, A8 B T B M Lo s

AR A AH B AL T A b s EL 4 1) %3 5 ARy b

{x,y.0}

2. RN 5 G 7 i B9 P TR my

3. BUR AR 4 FEAKOF TS TR Y & 4 2D 348, 1 5 9 4 s T Ak
Fripit =1{[d,0,]]6€ (—40°,40° .d, € (0,D]}

4. 7 AT JR 45 R A 8 %ok S T ) 1) B b1 VR AT B HORR 43 A
SR 5 A R 5 1 A R O T R T B R T A R A
ASaf U,

5. ML SR £ 5T LR R R LSRR VO O]

6. WM my =V Xm

FH O8I0 4 09 1 L BEV A% 138 i3 A B AL 2 3 H Y T
UYL B AL TR R AR A, AT SO I 0 LT 3 SUE B RE S
A3 UG e - TR B A TR A 25

W 1(b) PR , 22 K1 U8 I &% 1Y 90 4R A i #2727

PE] 1 4 B — s T R0 o TR 2 0 it SR A A6 38, %) AN [) 4 457

e Y L TRUIT SO0 0 A S o R UL I TN AN (] 57 2% )

UYL 47 UG C , 6 4536 R0 BE i v8 8 X B 57 3 Sy T 45

3.4 ZERMLEEMER

Z )2 R ICBEE PR A Z5 /) I E] 2 pis . B8y H A

SRR O A ) 1 L BEV I A% - THT ] 350 HH 0 0 e S 3 [+

—FHE S (] PEAT VG BE . P T B SR PR AE A0 A A R T

AN o R B B I 4 A% L A 7 T e - T DR DG L

ﬁtﬁq‘aﬁ%%%f%Fﬁﬁﬂ‘lﬂ”’“%ﬂﬁﬁﬁ%a*’]mﬁ,lﬁt”%'?%z‘ﬁ]

A B A R A5 X%%ﬁ:ﬁmuﬁﬁﬂ’ﬁ%%thﬁ
= »5 nE
EXAH :1;;«;% %_’ @ |

S o
im;fg% T_%}E:
' © ## | b
®

TR 5 R AR E
&l 2 Z 2R IC L E {5 B
Fig. 2 Multi-level matching and localizing module
ST ABLE L BEV PR AR [ 5 80 R AL R W 2 2%
YEF A SCHE A B T AlexNet™! 25 # 14 15 4 15 75 42 B
BEV FEAE A9 BEAl 1, 53t T 2 P B0 A B S XA [ 24 031 1y
AR IE AT S % LB 0 2 . B HfE % T Squeeze-and-



WREEAR 45 JE T BEV B4 AL 5 F 1 P 2 1oL

219

Excitation(SE) %000 1) 38 18 7 3 1 BAR, B Rk an gl 2
7R o K5 X BEV [0 % 1 T ) 301 00 0 452 B R (R i X2
R A J 225 K RV SC0 ) S 43 AR ()3 3 ol P40 2 ) 2 47
VIR AEAR B, A5 3] BEV R 4E Fe R P H bR W] 358
R S OV SR JR R E T LA S TR B B B

BT R G SRR A AR P 452 B X (2) 4 3 3
MR <€ RC By A B VEBII RIS

zﬁzﬁéémi,p e

R HEAT O R A 3 1 2 J2 RHL X R 9 AT IR 4
R ES R EEAE WE RC,IFK I Wi, B5.
2% 7 AT e B X (3) o JB A R AE TR 3 A A L 75 5] Ak
LA X BEV RS AT MR 4 T 2 T U R I A
FH T 13 -k 250 S5 0 000 AR [ 500 O30 =2 1 6 A DL

F=WOF (3)

T TR e 0% 30 25 Ve R A R 4 AN S kA D
T 5 37 3 R 0 2 5 H 491 o S5 3 5P T PR b T R LS O S 4
£ A R U A
3.5 EEZI%

AR S JE A 2 5T U gy I A R 2 ) R S 1 R AE
2], AF 1225 1 346 A7 00 900 040 15 S (7] 437 346 T50 340 00 900 f) DC
W R (45 AN A B AR < ARL I 2 S0 o, 20 3 48 280 2
JE HREAE R Fo S T ] b AT 3030 4% 3 Y 75 0 B 150 300 00300
s 1o A8 A F 25 B 2 15 B R R E S 33K 9 201 R AOE 22 1] 9
UBE S SCE,  Fy) 3 58 {30 B DT fi AR BIL 2L 52 300 90 0 57 1 Pl R
7003 4 £ 5 390 SR 56 0 3 0 15 501 500 00 &:arg”m
SCF; s F) X I 0 7 BV hy o 25 1004 5 76 HL AR AR RS s i s
i FH} cosine HILLBE 1 A 45 iF A BLEE F 5 ek 07 5K

A SO PR LA S A R 4 % R B AR AR S ) 1 2% 2
FiE 2 50 v i = 02 BV AL TE RE AR FORE AR L 4 1y 8
LI g 2 1935 S BEV IO S T 1 {37 345 20 Al 5300 00 30
R L 37 4 b B T30 0000 A . 91 5 B s BEV 0 4 4t
5 H A 25 D60 o o TE R A RG0S 5, 9 05 0F LA 8 3 R L T 972
REAS FIVR 24 B0 RRAT 22 ) B AT R ML . % 3% 45 H 45
BEVH A (40 B 77 9 36 AR 2k

Loss=min(a—S(F;,F"),0.0)+

min(S(F; . F~)—,0.0) <))

o T 16 P £ S A7 7 — 5 5 2 o DRIl A0 O B A A )
(AR 52 AT AR AL BE 3230 T 1. 58 () o 4 0 0 (1 o 3 249 0
33— P () B, il 50 600 R AR R AIE £ BB B T 0, B T
—ANHEE O B BIE B R LT

4 KBWRSH

4.1 XWRE
411 HEE

ARSI R T A TE R Structured3D(S3D) AL
TERE LAY Unity {5 B 358 77 2R 48 /9 5048 4 IndoorEnv, S3D
BHRSE R — MRS T 3296 M RA & AR A R
AN IR 69 A Jey G54 IR B35 T LA AT ALOLIN L 3647 78453 41
KV ) WLEF g 80 BB WL . % B SR B A6 T A [ L

BEACH) RGB [EIG AR A SCor %0 LA K AR J7 25 49 19 -7
AT P 0 4 20 00 D00 84 7 T ST R 2 25, S i TR AW
= N BRI B4 N PR T 2 02 B i A 0 WL T A L A R 4
PS8 A e B AR SO Unity 3 #F E 3RS, RE T — 4
KD ) AR Sy 80° BT ) 41 1 AH HL I 18 B 4 4 IndoorEnv,
IARIE T BN HEFIE B . IndoorEnv Y3 5 4i 5 45 /4 &
% LS A 1 B SR YA R P B A 3 R A 4 o
BT GERR VAT VB b BT L BRh S AR OR [R) 2R AL B A 3
T8 DX, AN TR X4 s W) A B B 07 G R Rl AE 2 2 EO S
APRETENREE, FE A XEERET 5 U S
DX 2 AU A — 5 AR SR PR T 20 ) R B, A T
B e AR TUAT L L AR T RO 5 RV o D28 O R TR Sk A 5
I A5 4 R R B8 45 DA K SF O i #L B Dy 80° 2 U 1) AR T
h 64°H RGBD B8 3k ; 3 5% - T 18] B9 b T 30 A2 O 35 LA /=)
LER RN BRI o Ry RS RO T IR R X R
0.05m/pixel B HLFI4E R B A L. BHEEQE T 2015
S Hop 16 A3 5 Bos AT I 4L 4 A4 3 5 i Bols AT T
BU. AHLLE D7 B PRI v 482 I8 — 5 09 0328 1) 10 % 3 L JF SR A iy
T A 7 4 A B8 L . IndoorEnv 46 4 149358 43 B 57 0 5t
S €1 NS IR N

% 3 IndoorEnv % # 7 1]

Fig. 3 Example data in IndoorEnv dataset

4.1.2 R&ZF &

WA SO E 5 LR R R AT LB

D) Laser-® . ffi i #2659 46 A RGB X300 1] 15 2 1 e =X 4
A L FH T T B A Jrg SR R BB 2D s P TR A AR SR v e N
[ 437 25 ) B AR AE o 3 o DG A Pl % 0D A T 4% A9 A [) 467 28 1) e
ZC AR AR FAR LWL B 9 B AR ke 0 AR LA 25

2)F3Loc!"™ Al ] 2D -TE b A AH BIL & 5T 0 5 2 R B 1E
Sy & B A B A0 Jm 1 22 5 LT T BB S [ 25 1) S 4 0 1
FAS TR LR ERAE . 8 N RGB WL & 4% 15000 A L 2% A RE
2R T Ak K - 1T B9 2D SRR DU BC S 1 R A %89 2D
I 2 2 T AR AL AL 22

MRS H %S, 5256 7E IndoorEnv $UHE 4 I, #% Laser
I F3Loc 75 B 10 I & i A #E4T T h5 1, 0 Laser 32 46 F 1
P& A7 5 1 B B WS =, 4 F3Loc 48 A 1 & A 8] 43 45 9 5
4.1.3 MHaeIgiF

et FH 43 1] 240 S B AG A A HE R B A L HE XA ()
Ji7



220

Computer Science THHEHLEZ  Vol. 53.No. 1.]Jan. 2026

Reca[[:Nums(Err<Threshold) 5)

Total

HR A S, A T 32 H 1 v 25 5 1) 1% 25 70 — & B0 {8 v Bl
BRI, BN, Tm A RS AR = A BT 8 AL 45 R P 8 IR
22/ F 1m WY L,
4.1.4 EmF

A3 7 ¥ 4 1 Python 3. 7. 11 1 PyTorch 1. 10. 0 7£
CUDA 11. 1 LS8, F 2% 5 F & 2B & NVIDIA
Quadro RTX 8000 By 55 #% . #AE R 4 K CentOS 8. 2,
4.2 EEBEIL

IME2 BT 2 M EIEE B Jr sk m & WA bl
R, WF 1 PG AR RIS T B AR, AR SCIR B E
AL 7 E R A - T BT 09 5 AR i B 1 LT, 7R S3D B R 4R
A W T AT 3% 7E IndoorEny ¥R 4E LA
i RO SCRR T B8 0L F R T % O vk, B2 0 SRR 1 B E
#*/H‘me{Eﬁﬁ o 2 LB LI AF AE B SR 3% 5 R T LA

T SCER R U S5 YA BT P IR 4 A R L 3% 0T TR g
%%IJ)EHF“F*EHL%M B9 = 4k 23 ) B 2 05 B AT Lb A fd A
RGB MG X #3319 F 7 vk BOAS: 5 4 1) 4 g

# 1 S3D E¥E 4 e O A BR AT

Table 1 Comparison of recall rate on S3D dataset
[€79)
method 0.1m 0.5m 1m 1m30°
Laser 0.7 6.4 10. 4 8.7
F3Loc 1.5 14.6 22.4 21.3
Ours w/ Semantic 3.00 17.72 23.55 21.62

% 2 IndoorEnv #4841 5@ 07 4 [0 2 (14 % L

Table 2 Comparison of recall rate on IndoorEnv dataset

%)

method 0.1m 0.5m 1m 1m30°
Laser 0. 83 1.32 5.87 3.72
F3Loc 1.42 4.28 11.43 8.57

Ours w/o0 Semantic 2.42 34.68 55.65 55.40
Ours w/ Semantic 5.65 43.55 67.74 67. 34
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Table 3 Comparison of transition and rotation error on IndoorEnv

dataset
Metric Laser  Fglo oo WO Qun v/
Success rate @ 1m( %) 3.72 8.57 55.40 67.34
<“1m med terr(cm) 72.4 46. 11 41.23 35.46
<1 m med rerr(deg) 9.99 7.50 2.76 2.60
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Fig. 4 Example of localization result
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Fig.5 Example of localization failure result
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Table 4 Effectiveness of adaptive weighting Recall
%)

L A 0.1m 0.5m 1m 1m30°
LH A 2.42 34.68 55. 65 55.4
LI B 0.81 5.65 18.55 18.55
LI C 2. 82 26.61 52. 82 52,42
L D 2.02 30. 65 46. 37 46. 37
L E 5.65 43.55 67.74 67. 34
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Fig. 6 Recalls under different reductions
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