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Application of the guided set diffusion model algorithm to
floor plan reconstruction

Wang Jing, Xiong Haoran, Huang Hui’
Visual Computing Research Center, Shenzhen University, Shenzhen 518061, China

Abstract: Objective Indoor floor plan vectorization is a sophisticated technique that aims to extract precise structural infor-
mation from raster images and convert them into vector representations. This process is essential in fields, such as architec-
tural renovation, interior design, and scene understanding, where the accurate and efficient vectorization of floor plans can
considerably enhance the quality and usability of spatial data. The vectorization process has been traditionally performed
using a two-stage pipeline. In the first stage, deep neural networks are used to segment the raster image, producing masks
that define room regions within the floor plan. These masks serve as the foundation for the subsequent vectorization pro-

cess. In the second stage, post-processing algorithms are applied to these masks to extract vector information, with focus
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on elements, such as walls, doors, and other structural components. However, this process also poses challenges. One of
the major issues is error accumulation. Inaccuracies in initial mask generation can lead to compounded errors during vector-
ization. Moreover, post-processing algorithms frequently lack robustness, particularly when dealing with complex or
degraded input images, leading to suboptimal vectorization results. Method To address these challenges, we propose a
novel approach based on diffusion models for the vector reconstruction of indoor floor plans. Diffusion models, which were
originally developed for generative tasks, have exhibited considerable promise in producing high-quality output by itera-
tively refining input data. Our method leverages this capability to enhance the precision of floor plan vectorization. In par-
ticular, the algorithm starts with rough masks generated using object detection or instance segmentation models. Although
these masks provide a basic outline of room regions, they may lack the accuracy required for precise vectorization. The dif-
fusion model is then employed to iteratively refine the contour points of these rough masks, gradually reconstructing room
contours with higher accuracy. This process involves multiple iterations, during which the model adjusts the contour points
based on patterns learned from the training data, leading to a more accurate representation of room boundaries. A key inno-
vation of our approach is the introduction of a contour inclination loss function. This loss function is specifically designed to
guide the diffusion model in generating more reasonable and structurally sound room layouts. By penalizing unrealistic or
impractical contour inclinations, the model is encouraged to produce output that closely resembles real-world room configu-
rations. This process not only improves the visual accuracy of room contours but also enhances the overall quality of the vec-
torized floor plan. The benefits of our diffusion model-based approach are manifold. First, we can significantly reduce the
error accumulation that plagues traditional methods by refining room contours before the vectorization stage. The more accu-
rate the room contours, the more precise the subsequent wall vector extraction process. Second, the use of a diffusion
model allows for a more robust handling of complex or noisy input images. In contrast with traditional post-processing algo-
rithms, which may experience difficulty with irregularities in the input data, the diffusion model’s iterative refinement pro-
cess is better equipped to address such challenges, leading to more reliable vectorization resulis. Result We have thor-
oughly validated our method on the public CubiCase5K dataset, which is a widely used benchmark in the field of floor plan
vectorization. The results of our experiments demonstrate that our approach significantly outperforms existing methods in
terms of accuracy and robustness. Notably, we observe a marked improvement in the precision of wall vector extraction,
which is crucial for applications in architectural renovation and interior design. The diffusion model’ s ability to produce
more accurate room contours directly translates into better vectorized representations of floor plans , making our approach an
invaluable tool for professionals in these fields. Conclusion In conclusion, the vectorization of indoor floor plans is a criti-
cal task with far-reaching applications, and the limitations of traditional methods have highlighted the need for more
advanced techniques. Our diffusion model-based algorithm represents a significant step forward, offering a more accurate
and reliable solution for the vector reconstruction of indoor floor plans. By refining room contours through iterative adjust-
ments and incorporating a contour inclination loss function, our method not only addresses the issue of error accumulation
but also enhances the overall quality of the vectorized output. Furthermore, our method exhibits broad application pros-
pects in the field of interior design. Modern interior designers increasingly rely on digital tools for design and planning,
wherein accurate indoor space representation is essential. With our method, designers can quickly generate high-quality
room outlines and apply them to various design scenarios, such as furniture placement, lighting design, and space optimi-
zation. This efficient and precise vectorization technology not only saves designers significant time but also improves the
feasibility and practicality of design solutions. In the field of building renovation, our approach also offers significant advan-
tages. During the renovation of old buildings, redrawing and optimizing the original floor plan are frequently necessary.
This process is often constrained by the quality of the original drawings, particularly in older buildings, where the original
plans may have already deteriorated or been lost. Through our diffusion model vectorization method, architects can quickly
reconstruct digital versions of these old floor plans and use them as a foundation for renovation designs. This step not only
improves the efficiency of the renovation process but also helps preserve the historical character of the building. Lastly, our
method demonstrates important application potential in the field of architectural scene understanding. With the rise of
smart homes and automated building management systems, accurate interior floor plan data are critical for enabling these

intelligent features. Our vectorization method can generate highly accurate representations of indoor spaces, providing reli-
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able foundational data for intelligent systems. Overall, our approach promises to significantly improve the efficiency and

effectiveness of floor plan vectorization, paving the way for more accurate architectural designs and enhanced spatial under-

standing.

Key words: deep learning; indoor floor plan; generated reconstruction; diffusion model; floorplan vector technology
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Fig. 2 The pipeline of floorplan reconstruction
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gE 1L i PolyDiffuse (Chen 25 , 2023 ) 45 HiAth 75 3 Af
VI g A 208, B B (angle ) 4 45
Fo XHEIRME R, & A0 AR
PEAC S, BE A= RS B A3 RT3 0 F 120 008 vy 1Y 52
B A5 AR I A SRR O . U A
SCEEE A T 3 0048 SAM (segment anything
model ) #  (Kirillov %5 , 2023) . H #z K  #5 5 RT-
DETR (Zhao %5 , 2024 ) 1 5Z 5] 43 ¥ £ % Boundary-
Former (Lazarow %% , 2022) B 32 36 45 5, B iF L s
R, L 6 R0 22 $0 08 B0 IR, AR SO AT T LA AT 5
FARYHOB R G HE AT A, WA TR SO R
PUMPE . e 2 rom , ik RN 0~ 4 ALK A ]
YRR AL AT S A R R, TRE0 Rk 3 Fh oy X
REATEAR AR . HEME AR H bR
G0 11, Bl 25 R R AT A i A, 4% I0UAE AR AR
5T 0 E0ORS ff B O 3 110 SAML 3 S S 110 &5 S | i
BoundaryFormer R % 35 HUE) Fi5 [0] B A 85 B 1) 52 8
PR A A0CR L SAM I TG N IR SR B RS 1Y
L Bl G450 I AT B U A R 2
JEZNICIRA — 1 ZIE 55, A SCAT v 1 RE A
5 SEY BB AL AT A E

B BB Seg i et 1 IS, LAE W (R
FERR PRI A R, IR o S g A5 R AR 3 iR
i A RT-DETR (real-time detection Transformer) [¥) £
Fil & 4 R R, 23 R B 2Kk R B I 2 L AR
TIEAGER, Dy 18158 56 SN AL | 56 R i A PR AT
AT B T THR AT i S e
3.3.2 EMEINA

A SO E RS A R AT T AT g, A
P E o A R a1 7 B, BB 7 Ca) R R D
TSP 1] B P P 7 (b) AR s T e B ) L S A 1

®1 S5EMFAENRENLERIL

Table 1 Comparison of vectorization results with other methods
‘ il e i s
Jr ik

prec./% recall/% F1/% prec./% recall/% F1/% prec./% recall/% F1/% prec./% recall/% F1/%
Chen % A\ (2022) 74.40 77.00 75.70 81.80 87.10 84.40 68.80 74.90 71.70 - - -
AL 76.10 77.10  76.60 86.00 8540 85.70 73.30 73.90  73.60 - - -
Chen 5§ A (2023) 77.07 82.50 79.33  69.70 61.78  64.85 - - - 65.26 57.83  60.74
AL 77.23 82.51 7941 72.60 61.22  65.88 - - - 69.24 58.50 62.92

T L P SRR 2 RSB P A S B LA 2R, =" R TOAR N H
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Table 2 Comparison of reconstruction effects under different inputs

iz (VA4 piili s

Jrik AU

prec./% recall/%  F1/%  prec./% recall/%  F1/%  prec./% recalll/%  F1/%
Kirillov 4¢ A (2023) 61.20 65.55 63.02 54.81 48.53 50.98 50.88 45.13 47.37
Zhao % A\ (2024) 0 58.55 62.84 60.38 9.33 29.10 14.04 0.04 0.12 0.07
Lazarow %5 A\ (2022) 74.59 80.02 76.88 62.39 61.36 60.87 56.16 54.79 54.62
Kirillov % A (2023) 76.27 81.53 78.43 71.22 59.64 64.37 67.24 56.51 60.91
Zhao % A (2024) 1 71.50 76.41 73.54 41.72 58.72 48.15 30.63 42.92 35.28
Lazarow %% A\ (2022) 77.07 82.50 79.33 69.70 61.78 64.85 65.26 57.83 60.74
Kirillov % A (2023) 76.78 82.05 78.94 72.24 59.83 64.91 68.40 56.86 61.61
Zhao % \.(2024) 2 75.14 80.30 77.28 59.04 60.76 59.19 52.13 53.61 52.26
Lazarow 3¢ A\ (2022) 77.15 82.49 79.36 71.84 61.50 65.69 68.02 58.33 62.29
Kirillov % A (2023) 77.08 82.33 79.23 72.71 59.96 65.18 68.97 57.08 61.97
Zhao % \.(2024) 3 75.77 80.86 77.87 65.17 61.09 62.47 60.55 56.84 58.09
Lazarow 3¢ A\ (2022) 76.99 82.27 79.17 72.19 61.17 65.68 68.68 58.30 62.57
Kirillov % A (2023) 77.14 82.37 79.28 72.82 59.94 65.21 69.07 57.05 61.99
Zhao 55 A\ (2024) 4 76.20 81.18 78.30 67.71 61.45 63.85 63.49 57.68 59.91
Lazarow 3¢ A\ (2022) 77.23 82.51 79.41 72.60 61.22 65.88 69.24 58.50 62.92

®3 AR EBRKERYHERERIE

Table 3 Effectiveness evaluation of the orientation loss function

iz (VA4 yiili 3

Jitk
prec./% recall/% F1/% prec./% recall/% F1/% prec./% recall/% F1/%
ARIMA CI 75.89 79.69 77.35 60.00 59.53 58.94 54.03 53.65 53.12
JA C1 75.77 80.86 77.87 65.17 61.09 62.47 60.55 56.84 58.09

TE ORISR & S e LA 2R

K7 ()RR AR, B 7 (DR &4
R BT ()RS BUR AT R . R 7 B
T P21 %8 3 e A AAOR P 7 () AT AR Y, AR SO 5 RE 8
il e 8 5 B g R LR, i ) B T LR B AN AR
Bo TEALBEARSZ Y b7 I, A8 ERREAE I & , Rl R 4%
PUNBURHE ET R BE T o BORTRURIZE R 5 TR AT
TE—E 2 , (L AR AL BN , Ui BH AR SCAY 2B i
A EARIA R B B A W) .

TR A SR L H AR, 7 LRI 5E 4 P I
A — AR TR RS A, LU T R
HECR K 8 o, ol LU BUEH] 5 | A2 97 B

TUHEAT B IS BOCRAE TR E A A 45 2R, AT 2 2
TIagkit B T R R ERR

ARSC RN Al IR TR R A AR A UL i A
AIES R, A 9 Bz o LB R AT LUK B, X T AN )
14 1 BUSERE , A7 A0 SRS G B (] DX S, 75 240k
IR R A REARAFE LS AL 5 TS T b 18] 11 A
5 AT 9 P R A DAL AT SEBURS B e . ikl 9
VBN  BIFE B ABUR 451 2 ok B — 2 FR
AR T Z IR R (HX TF AN R A R 4
AR B, 24 RN AR RN, AR SO vk R T LA
SCHURG R A
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(b) P lu)AEEREY ELSGhRiE

(c) ERRTAOZE R

(e) hlft R AL R
7 P BV I PR S5 A T AR
Fig. 7 The structural reconstruction of the floor plan layout ((a) original floor plan images;

(b) ground truth; (c) network output results; (d) reconstruction results; (e) wall vectorization results)

avattava parvekelastus.

7
B

[ o T
L/

R | "

(c) BoundaryFormer )4

(d) EE# BoundaryFormer #4454
K8 FRIBURL K AL
Fig. 8 The vectorized diagram of the extracted wall lines((a) the output of SAM;

(b) the SAM results of reconstrution; (¢) the output of BoundaryFormer; (d) the BoundaryFormer results of reconstrution )
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TR SSIAIH T A SR B P T 51 5
PRI i g A AR T AU B O T A A 2
PR . ek —d R, i il A S BRI
PRECRHE T RBEME ] R BRI RIS, E R
A AR A AR Y 22 T O LS O R R HE AR
BTG ITikA BERT . XA ZHIE NG
St AR BEACAR PSS E T IR SCRER, ORI i T
A PREPRT AL , (AT IR R ST RORIERA

SR 38 1 O AR BUR B R AR, PR R
M3 6] B R ARAT B . XL RER 2l B — L
FRER I OLI 1207 1k T RE 22 2 BIBRE . Bilan , anRA7
7225 B R A, A SRR B 5803 AT RE T AN
Mo FEXFELLT , Al BE 2 Hh BLER 4R 32 O T 5
TEVEAT AR B IR TR/, AT 5 W A 7 R o K
IR PRAOCR o

P, o 13— 52 T AR SO i R RCR FE H
P, S5 A A IS A ik e ATt — A, 2
— M AREAEAHRABITE R T ] o 8 i TRA DTS FIR
FRAN] B4 2 S e A I AR v R Y T A
TE X 25" g 5 A R 0 A AL, DT 68 845 3 5 o
FIATEE , Dy £ 570 4 Kk 2o 458 A OC U 42 (1 B 5 A7 )
AR A SR RS DR T5 5
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