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PolyGraph: A Graph-Based Method for FHoorplan
Reconstruction From 3D Scans

Qian Sun™, Member, |EEE, Chenrong Fang

Abstract—The task of reconstructing indoor floorplans has be-
come an increasingly popular subject, offering substantial benefits
across various applications such as interior design, virtual reality,
and robotics. Despite the growing interest, existing approaches
frequently encounter challenges due to high computational costs
and sensitivity to errors in primitive detection. In this article,
we introduce PolyGraph, a new computational framework that
combines a deep-learning based primitive detection network with
an optimization-based reconstruction algorithm to facilitate high-
quality reconstruction results. Specifically, we develop a novel
guided wall point primitive estimation network capable of gen-
erating dense samples along wall boundaries. This network not
only retains structural detail but also shows improved robustness
in the detection phase. Then, PolyGraph utilizes wall points to es-
tablish a graph-based representation, formulating indoor floorplan
reconstruction as a subgraph optimization problem. This approach
significantly reduces the search space comparing to existing pixel-
level optimization approaches. By utilizing “structural weight”, we
seamlessly integrate the structural information of walls and rooms
into graph representations, ensuring high-quality reconstruction
results. Experimental results demonstrate PolyGraph’s effective-
ness and its advantages compared to other optimization-based ap-
proaches, showcasing its computational efficiency, and its ability to
preserve structural integrity and capture fine details, as quantified
by the structure metrics.

Index Terms—Floorplan reconstruction, structured reconst-
ruction, deep learning, graph optimization.

|. INTRODUCTION

UMAN eyes have a remarkable capacity for holistic
H structural reasoning. We can effortlessly identify struc-
tural primitives (e.g., corners and edges of buildings) and their
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Fig. 1. Given an aigned panoramic RGBD scan, our task is to reconstruct it
into a compact, closed and accurate CAD-like floorplan.

relationships. A fundamental challenge in computer vision re-
searchistoachievethislevel of human perceptionand ultimately
reconstruct global geometry from images. This would have
profound implications for wider fields including visual effects,
architecture, manufacturing, and robotics. I nferring the structure
of indoor building floorplansisarepresentative task in structural
reasoning, with the automatic reconstruction of floorplans from
raw sensor data being one of the research hotspots. Floorplan
reconstruction can improve the efficiency of virtual reality pro-
duction [1], enabling visual preview and virtual evaluation of
architectural design. Users can interact with the virtua reality
environment, such as observing different perspectives of the
building and entering the interior of the building. This enhanced
interactivity can provide aricher virtual reality experience [2],
allowing users to more deeply understand and experience vari-
ous aspects of the building. Meanwhile, indoor plan reconstruc-
tion provides accurate spatial information, including the size,
shape, direction, and layout of the rooms, which can provide a
precise foundation for urban reconstruction tasks [3].

The central challenge in floorplan inference lies in the rea-
soning of wall structures, as their topology is unknown and
differs from one example to another. The goa of floorplan
reconstructionisto transform indoor scenesinto bird’s-eye view
2D vector graphs, i.e., extracting CAD-like interior floorplans
from RGBD scans as shown in Fig. 1. A floorplan consists of
corner points and edges, with the areas bounded by these edges
representing rooms and the overall structure provides a concise
depiction of theinterior from abird’s-eye perspective. Thereare
currently two mainstream methods for floorplan reconstruction:
thefirst uses abottom-up primitive detection method, extracting
the corner position directly from the input, and predicting the
edgerelationship through the combination of corner points. Such
methods often use an end-to-end network with fast inference
speed, and the results are highly affected by the accuracy of
primitive detection at thefirst stage. The second method whichis
top-down often adopts heuristic room optimization approaches.
They get rough room masks based on image segmentation and
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The overall framework of PolyGraph consists of two processes. (1) Graph initialization and (2) Graph optimization. Given the 2D point density/normal

map of the input point cloud, (a) the cross-guided neural network successively generates heatmaps for boundary (B), region (R), crucia points (CP), and wall
points (WP). The wall points are obtained by max-pooling to determine the node positions and form the initial graph structure through (b) triangulation. After (c)
triangle pruning, the (d) subgraph-solving process yields the optimal subgraph, and the point filtration produces the ultimate reconstruction result.

use heuristic functions to optimize room contours and combine
them as an overall structure. However, this heuristic approach
requires a high computing time cost. The recent study Room-
Former [4] implements an end-to-end approach based on the
Transformer architecture, which regards the overall structure as
a combination of contour loops of individual rooms. However,
it has weak constraints on the shared edges between adjacent
rooms, resulting in reconstruction resultsthat lack overall struc-
tural compactness and consistency.

This study combines two mainstream approaches and pro-
poses a new reconstruction pipeline, PolyGraph. It begins with
a 2D density/normal map derived from raw 3D point data as
the initial input, first detects structural wall points, and then
proceeds to optimize the overall floorplan structure. Our main
contributions are;

e For the first time, we model the problem of indoor holis-
tic floorplan reconstruction as an optimal subgraph opti-
mization task. To achieve this, we propose PolyGraph, to
construct agraph-based representation of the overall floor-
plan, and then devel op an efficient subsequent optimization
procedure. The entire framework not only could achieve
the highest computational efficiency among optimization-
based approaches but also could generate high-quality
reconstruction results.

e Unlike existing pixel-level optimization methods, our
graph representations could largely reduce the search
space, by building up upon a novel primitive (i.e., wall
points). We propose aguided primitive estimation network
to generate points that could capture more comprehensive
structura information about the walls and possess higher
error tolerance compared to sole corner points. After pro-
cessing triangulation, the initial graph is generated with
rich structural information.

e Then, wedesignanew structural weight, which playsakey
rolein solving the optimal subgraph problem. The weight
considers both the confidence degree as a real wall and

theimpact of the length of thewall. By introducing it into
our devel oped queue-based greedy agorithm, our method
results in less deformation and successfully incorporate
more details in the reconstructed results.

e Extensive experiments demonstrate that our method ef-
fectively captures fine details and maintains the overall
integrity of thefloor plan, resultinginamorevisually pleas-
ing and accurate representation of the floorplan structure.
In addition, unlike metrics that solely measure the qual-
ity of individual primitive reconstructions, we introduce
three metrics to evaluate the overall structural quality, for
more comprehensive and overall comparison, in which we
achieve the best performance.

Il. RELATED WORKS

We classify structured reconstruction algorithms into three
categories. classical techniques, Top-down methods and
Bottom-up methods.

A. Classical Techniques

Structured reconstructionisatask of structureinference, same
as human pose estimation [5] and image semantic relation-
shipsinference [6]. It focuses on extracting the vector structure
from the input. Different reconstruction tasks require different
transformed vectorized geometries, such as wireframes [7],
planes [8], [9], [10], room layouts [11], [12], and polygonal
loops [13]. Early methods relied on basic image processing
methods such as histograms [14], Hough transform [15], [16],
superpixel segmentation [17], and plane fitting [18]. For ex-
ample, [14] reconstructs floorplan by detecting vertical planes
in a 3D point cloud by building a histogram of the vertica
positionsof all measured points. [8], [9] perform planar structure
reconstruction based on the graph-cut model. [19] inferences
the floorplan by dynamic programming. And [20] use Bayesian
networks for room layout estimation. However, these methods
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rely heavily on heuristics, which are prone to failure on noisy
data and have low robustness.

B. Bottom-Up Methods

Bottom-up reconstruction methods are usually divided into
two stages, detecting low-level primitives such as corners, and
then selecting these primitivesto form high-level primitivessuch
as edges or regions. In the wireframe parsing task, L-CNN [21]
uses a likelihood prediction convolutional network (ConvNet)
for node detection followed by an edge verification network.
PPGNet [22] and HAWP [23] further refined the method for
better performance. Therecent successof the Transformer-based
object detector DETR [24] isal so extended to wireframe parsing
in LETR [7]. DETR/LETR utilizes " pseudo-nodes’ as place-
holders to store detection primitives. These techniques detect
edge candidates independently, resulting in weak spatia cor-
relation between rooms. While indoor structure reconstruction
needs to pay more attention to the integrity and closure of the
overall structure.

Floornet [25] proposes a benchmark for reconstructing floor-
plan from sensor data for the problem of indoor structural
reconstruction. The corner primitives detected by the hybrid
network are divided into thirteen categories according to the
direction and the number of connections. The combined optimal
solution of the wall is obtained based on integer optimization.
However, Floornet has alimited number of primitive categories
and cannot handle non-Manhattan scenes. HEAT [26] proposes
an end-to-end model following a typical bottom-up pipeline.
It detects the corners and then classifies the edge proposals
between the corners. However, there are two drawbacks to
this type of reconstruction pipeline. The absence of low-level
primitives in the detection phase automatically leads to the loss
of higher-level primitives (walls and rooms). Second, spurious
candidate primitives may cause redundant walls and rooms
to be reconstructed. Our method performs primitive detection
based on heatmap regression instead of position regression for
new types of primitives (wall points), reducing the impact of
the above defects. Through overall structure optimization, our
results achieve optimal structural integrity and consistency.

C. Top-Down Methods

Typical top-down methods usually view the floorplan as a
collection of polygons representing individual rooms. The key
liesin extracting the outline structures of each room.

For example, one approach is to extract the room outlines
by tracing pixel chains in the point density image and then
simplify them to form polygons. Contours can be extracted for
instance by popular object saliency detection methods[27], [28]
or interactive techniques such as Grabcut [29]. Chains of these
pixels form the dense polygons then are simplified to concise
polygons by the popular Douglas-Peucker algorithm [30] or
edge contractions on Delaunay triangulation [31]. However,
these vectorization pipelines cannot guarantee good topological
accuracy because polygons are processed sequentially without
global consistency.

More sophisticated solvers are then proposed. For
example, [32] starts from room segmentation via instance
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semantic segmentation technique (Mask-RCNN  [33]),
transforming the extraction of room contours into a novel
optimization problem, where room-wise coordinate descent
sequentially solves shortest path problems to optimize the
floorplan graph structure. After this, most top-down methods
follow a similar detection pipeline. [34] uses the Monte Carlo
tree search algorithm to reconstruct the floorplan and achieves
better performance. The success of these techniques depends
on the hand-optimized mastery of the domain of room shape
and layout, however is a few orders of magnitude slower at
test time. Recent work such as RoomFormer [4], based on
the Transformer architecture, achieves state-of-the-art results
by paralelly generating polygons for multiple rooms in a
holistic manner. In contrast, our method converts the floorplan
into a graph structure and optimizes the solution, leading to
better performance in terms of structural compactness and
consistency.

I1l. METHOD

We propose PolyGraph, a graph-based method for floorplan
reconstruction. The overall architecture is shown in Fig. 2. It
converts aligned panoramic RGBD images into a planar layout
map in two stages: A) Graph initialization. In this step, the
aligned panoramic RGBD scan is first transformed into a 2D
point density/normal map, which servesastheinput to aheatmap
regression network. The network predicts dense wall points as
the initial vertices of the graph, which are then triangulated to
form theinitial graph. B) Graph optimization. Subsequently, the
floorplan reconstruction problem is formulated as a problem of
finding the optimal subgraph, on the initial graph, we applied
subtle pruning techniques and designed a novel algorithm with
proposed structural weight for edges, which efficiently solves
the subgraph problem.

A. Graph Initialization

1) Wall Point Detection: Thefirst step of thegraphinitializa-
tion stageisto detect the nodesfrom theinput raw imagefor con-
structing agraph. We propose a cross-attention sequence-guided
heatmap regression network to obtain wall points in the 3D
scan. These wall points are uniformly and discretely distributed
along the boundaries of thewalls. Unlike previous corner-based
primitive structuresfor planereconstruction (such asHEAT [26]
and Floornet [32]), our proposed wall point primitive captures
richer structural information. Thereasonisthat corner primitives
are sparser compared to wall point primitives, making methods
based on corner primitiveslesstolerant of errors. Inspired by the
beneficial effect of guided boundary maps on keypoint heatmap
regression [35], we designed a sequence-guided network archi-
tecture that utilizes the structural correlation among multiple
heatmaps to guide the generation process and improve the accu-
racy of keypoint heatmap detection. During the sequence-guided
process, we utilize hyper-perceptual cross-attention (HPCA) for
information feature extraction.

The cross-attention sequence-guided network consists of a
backbone network and three layers of heatmap regression mod-
ules, as shown in the first-row block of Fig. 2. It takes 2D
density/normal maps as input, extracts initial features through
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Point heatmap Module. (a) Hyper Perception Cross-Attention (HPCA) module. (b) Hourglass (HG) module. (c) ConvBlock module.

CNN, and then sequentially generates three types of heatmaps.
wall (B), room (R), and point (P) masks. Each mask guides the
generation of subsequent masksinasequential manner. Our final
point masksinclude not only general wall pointsbut also crucial
points(i.e.,, WPand CPinFig. 2). HourGlass (HG) module[35]
isutilized to capture featureinformation at different scales. Due
to the diverse dimension of features and masks, the fusion of
them should consider thelossof semanticinformation, therefore,
weemploy the Hyper-Perceptual Cross-Attention (HPCA) mod-
uletofusetheir semantic features. HPCA employsadual-branch
neural network similar to HPB [36] for information fusion. We
utilize cross-attentioninitsattention branch to performweighted
computation, enabling usto better capturethe correl ated features
among different structures.

Specifically, as shown in Fig. 3, theinput 2D density/normal
map F € R7*W>3 goes through severa convolution blocks
(i.e., Fig. 3(c)) and convolution layers (e.g., Conv3x3) to obtain
preliminary features G € R <= <. After undergoing three
similar heatmap regression modules (i.e., Fig. 3(1), (2) and (3)),
final wall point heatmaps which include rich wall boundary
information are generated. In the following description, the
variable m is used to identify the module index refers to dash
blocks, where we highlight Pre,,, Fea,,, and Out,, since
they are important intermediate features with diverse effects
in the corresponding the m — ¢th heatmap regression module.
For instance, when m = 1, G serves as the preceding feature
Prey, Pre; isfed into the hourglass (HG) module stack with
a single convolution block (CB) as well as several convolution
layers to generate two intermediate latent embeddings: Fea
and B, where F'ea; areextracted asimplicit representation from
the input image, while B represent wall information explicitly.
The detailed structure of HG module is shown in Fig. 3(b),
with ConvBlocks, upsampling and downsampling steps, it has
been proven to be capable to extract information at different

scales[36]. Then, B is further processed by a conv3x3 layer to
generate Out; for HPCA fusion.

The HPCA isutilized for fusing aforementioned three feature
maps attentively. As shown in the left bottom block in Fig. 3,
the Pre,,, Fea,,, and Out,, aretreated astheinputs, i.e., value
(V), key (K) and query (Q) of attention layer, then inputs are
transferred into g, k and v, whose dimension are RN*¢ | N =

4 x W The formulafor high-contribution scores of tokensis
asfollows:
N-1%-1 I
Score, = iz:; 2 qikgL . TE {O...2 — 1} , (@D
—1 %71
Score. = ; 2 qik;chy cc {O g - 1} . (2

Sparse attention reduces computational costs [36] by retaining
highly contributing rows and columns. In (1)<2), ¢; € R, is
the i-th row of g, k' € RZ*%*C, &/ . is the slice based on
the first and second dimension. Then, N's rows and columns are
selected based on the following:

Index, = ArgMaxScore (Score,.) [: Ns], (3)
Index. = ArgMaxScore (Score.) [: Ng]. (4

N, is set to 16 in our experiments. Tokens K, and V
are selected from k' (reshaped k) and v' (reshaped v) based
on Index, and Index., which are used for sparse attention
weighted computation in HPCA:

SparseAttention(q, k,v) = Softmax (qKST) Vs (5)

Our network possesses more accurate reconstruction capabil-
ities through cross-information fusion by using HPCA. Thisis
validated in the ablation experiments discussed in Section I V-D.
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The output of HPCA will be added with Pre; and Fea; to
formthe Pre, € R *%*C whichisalso theinput of the next
heatmap regression module (i.e., Fig. 3(2)). In this way, the
previously learned featuresand marks coul d guide the sequential
module to capture the wall message. After same process of
generating wall mask B, the room mask matrix R, Feas and
Outy are aso learned. Finally, Pres will go through the final
heatmap regression modules (i.e., Fig. 3(3)) for generating WP
and CP including wall points and corner points, respectively.
Benefiting from the guidance of the previous two modules,
the third one could possess simpler architecture, i.e., one HG
component stack with a CB and two convolution layers, which
guarantee the performance while lightening the neural network
complexity.

Theloss function of the heatmap regression network consists
of three components: the wall heatmap 10SS L4, the room
heatmap 10SS L, .cgion, and the point heatmap 10ss Ly yines. IN
the wall heatmap regression layer, to ensure the coherence
of heat values in the wall heatmap, we utilize the Adaptive
WingLoss [37] asshown in (6)—(8) for calculating the loss of B.
y is the groundtruth of the wall heatmap and  is the predicted
wall heatmap. The values of w, ¢, o, and 6§ are set to 14, 1, 2.1,
and 0.5 respectively.

walls (yv
_ Jwm (14|22 _) it [(y—7) <0 ©
Aly—gy|-C otherwise

N

(7)

C= <9A — win (1 + (f) my))) : ®)

In the room heatmap regression layer, as the number of
positiveand negative samplesintheroom areaheatmap R differs
only slightly, we usethe mean squared error (M SE) lossasshown
in (9). v, isthe groundtruth of the region heatmap and g, isthe
predicted region heatmap.

no(d_ i)2
Eregion (yTv:gT) = Zl (yr yr) s (9)
n

Furthermore, for the final output point heatmap, where the

number of negative samples is much larger than the positive

samples, we utilize the L1 loss as shown in (10). y, is the

groundtruth of the points heatmap and g, isthe predicted points
heatmap.

D
Epoints (yp> yp) = ’ :; (10)

The total loss function for the final heatmap regression net-
work is defined as (11):

L= )\wcwalls + )Vrﬁregion + )\pﬁpoints- (11)
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Fig.4. Visuaization of thetriangle pruning process. Red cross marksindicate
deleted edges.

2) Triangulation: Based on the results of wall point detec-
tion, we construct the initial graph structure using Delaunay
triangulation [38]. The graph node positions are extracted by
maximum pooling, and nodes that are within 6 pixels of each
other are merged to reduce redundancy. We utilize the Bowyer-
Waston [39] algorithm for triangulation to ensure the connectiv-
ity of the graph structure and prevent edge intersections. The
initial graph structure formed by dense wall points and cor-
ner points effectively maintains the corresponding rel ationships
with the real walls.

B. Graph Optimization

In this step, we propose pruning techniques and structural
weight terms. Also, we design an optimization pipeline for
subgraph generation in theinitial graph of wall points, as shown
in the second row of Fig. 2. Thanks to vector representation,
pruning techniques, and structural weight terms, the search space
of the optimal subgraph-solving problem is reduced effectively.
The computational speed of PolyGraph is improved by three
orders of magnitude compared to other optimization methods
for floorplan structure reconstruction, such as MonteFl [34] and
FloorSP [32].

1) EdgePruning: Our pruning strategy is designed based on
the fact that “In most buildings, primary functional spaces are
designed to have high occupancy rates and to avoid wasting
space, resulting in fewer instances of acute angle spaces being
utilized” [41]. Therefore, thelongest edge of atrianglegenerated
through triangul ation isguaranteed not to lieonawall. Asshown
in Fig. 4, by removing the cross-marked edges and retaining the
check-marked edges, we can obtain asimplified graph structure.
Specifically, as shown in (12)—(14), for the set of triangles T
generated from thewall point set V, we remove thelongest edge
of each triangle to obtain the set of edges E, resulting in the
graph G. Also, we remove the verticeswith a degree lessthan 2.

T = DelaunayTriangulation(V), (12)
E={elec{e} —{e™} teT}, (13)
G=A{E,V}, (14)

where e; and e*** represent the edges and the longest edge of
trianglet, respectively.

2) Structral Weight: The structural weight of an edge is the
key component in solving the optima subgraph problem. It
consists of two terms: the confidence term and the length term.

Confidence term(E.,,¢): This weight term is designed to
reflect the probability that an edge corresponds to a real wall
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and is calculated using a combination of the wall (B) and room
(R) masks. The higher the value B(e) in the wall mask for an
edge, the higher the probability that it corresponds to a wall.
Conversely, the lower the value R(e) in the room mask, the
higher the probability that the edge corresponds to awall. The
confidence term is calculated using (15)—(17), where v; and v
are the two endpoints of the edge e, T, is athreshold:

e(u) =uvy + (1 —u)ve, (15)

H(e) = /0 1= min (1,1 + R (e(w)) — B (e(u)))
dy,u € 10,1], (16)
Eoons(e) = 2 © 1 17)

le]

Lengthterm(E.,, ): Itisused to refine the confidence of short
edges in the structural weight. Due to the slight misalignment
between wall points and edge heatmap, short edges are more
sensitivetothismisalignment, resulting inlow confidencevalues
and potential abandonment. Therefore, we use Ej.,, to refine
the weights of short edgesin E.,,, s. Specifically, when dealing
with edges that have lower confidence, we set athreshold 7, as
shownin (18). For edgeswith E.,,,  lessthan zero, if thelength
issmaller than Ty, Ei.,, isset to 1, ensuring that the final edge
weight is greater than 0. For edges with higher confidence, no
adjustment is made, resulting in Ej.,, = 0. The reason is that
edges with higher confidence values do not need to be refined.

Ta—|el

Ejen(e) = { TTael if Beons(e) <0
0 otherwise

, (19

The overall representation of the structural weight is as fol-
lows:

_ [Econg(€)+Epen(e) DT., >1and DT, >1
Wstruet (€)= —100 otherwise '
19

To ensurethe connectivity inthereconstructed graph structure
and include all edges in the graph cycle, we assign a weight of
—100 to edges with node degrees (DT') less than 2.

3) Optimal Subgraph Solution: We further optimize the
graph using optimal subgraph optimization, based on the struc-
tural weights we proposed and using a greedy agorithm for
the solution, which improves the accuracy and efficiency of
structural reconstruction. Based on the definition of structural
weights, the objective of this step isto find a subgraph with the
maximum summation of weightsover it, and our greedy strategy
could guarantee maximization in each step. It further ensuresthe
sum of al structural weightsin thefinal subgraph is maximized,
indicating a state of local optimality. It is worth noting that we
traversed al negative edgesin turn, and deleted all of the edges
that can be deleted step by step according to the optimization
strategy. While for the negative edges that are retained in the
final subgraph, any attempt to remove them would inevitably
lead to anincreasein the sum of the structural weights. Although
it cannot be guaranteed that the resulting subgraph is globally
optimal, adopting a local optimal strategy can significantly
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enhance the computational efficiency, whilethe use of structural
weight ensures the reliability of the algorithm. Furthermore, to
improve the computational efficiency of the greedy algorithm,
our algorithm is carried out on an increasing sequence queue
Q that only contains edges with structural weights less than O.
Specifically, as shown in Fig. 5, on the queue @), we traverse the
edges in the queue according to the following steps:

a. Compute the sum of structural weight values, denoted as
W, for al edgesin the current graph.

b. Compute the sum of structural weight values, denoted as
W, for al edges in the current graph after removing the
edge with the minimum structural weight of the queue.

c. Comparethevaluesof W and W'. If the structural weight
increases (W' > W), remove the edge with the minimum
structural weight. Otherwise, keep the edge. Pop the first
element from the queue.

d. Repeat steps a-c until the queue is empty.

Tomakethefinal reconstructed result morecompact, wesel ect

a set of connected edges composed of nodes with a degree of 2
for Douglas-Peucker line simplification and then delete nodes
with a degree of 2 that form an angle greater than 150 degrees
to obtain the final result.

IV. EXPERIMENT
A. Experiment Settings

1) Sample Processing: Given a set of panoramic RGBD
scans, we first convert them into a point cloud. We then project
the 3D points onto the XY image plane to generate a 256 x 256
density image and a 256x 256 normal image. In the density
image, the density at any point is positively correlated with the
number of 3D pointsat that coordinate. Itislinearly scaled tothe
range [0.0, 1.0]. The pixel valuesin the normal image represent
the average normal vector of the 3D points at that coordinate.
The heatmaps for wall points and corner points are generated
by applying Gaussian filtering (o = 2 ) to each labeled point.
Thewall points are uniformly generated at intervals of 10pixels
along the labeled edges. The enclosed areaformed by the edges
hasavalue of 1, while other areas have avalue of O, resulting in
the room heatmap.

2) Datasets. We conducted comparative experiments with
other state-of-the-art methods on both the medium-scal e dataset
Structure3D and the small-scale dataset Lianjia-s.
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Structure3D [40]: It contains a total of 3500 scenes
(3000/250/250 for training/validation/test) with a diverse set of
house floorplans covering both Manhattan and non-Manhattan
layouts. The average/maximum numbers of corners and edges
acrossall floorplan graphsare 22.0/52 and 27.6/74, respectively.

Lianjia-s [32]: It contains a total of 100 scenes (70/30 for
training/test) released by Lianjia. The average/maximum num-
bersof cornersand edges across all floorplan graphs are 27.8/60
and 34.1/71, respectively.

3) Baselines: We compared our method against five ap-
proaches: HEAT [26], Floor-SP [32], MonteFloor [34], SLIBO-
Net [43], and RoomFormer [4]. HEAT [26] first detects corners
and then uses a neural network to determine the connectivity
between them. Both Floor-SP[32] and MonteFloor [34] initially
employ Mask-RCNN [33] for room segmentation, followed by
non-learning optimization techniques for room vectorization.
SLIBO-Net [43] uses a transformer architecture to generate
slicing boxes and room centroids, which are then aggregated
and refined through post-processing to reconstruct the floor-
plan. RoomFormer [4] leverages a transformer architecture to
simultaneously output multiple corner sequences for floorplan
reconstruction.

4) Evaluation Metrics. To evaluatethe performance of Poly-
Graph, quantitative experiments were conducted using preci-
sion/recall/F1 metrics for room/corner/angle (same as Room-
former [4]). When calculating the metrics for corner points and
angles of a room, T-junction points on room edges resulting
from adjacent rooms are not considered. For calculating the
accuracy of wall points, wall points within 10 pixels of the
GT points and edges are considered successful reconstructions.
Additionally, duetothelimitationsof existing eval uation metrics
in fully capturing the quality issues of generated floorplans and
rooms (i.g., room overlap and angular deviation), we propose
three new metrics (Scons, M AnE and Scom,) to evaluate the
reconstruction results.

TheS..ns (Structural consistency) metric measuresthequality
of reconstruction from two aspects: the consistency of adjacent
room structures (no overlap with neighboring roomsisexpected)
andtheconsistency between pointsand room structures (existing
points belong to the existing rooms is expected). Theformulais
asfollows:

Rm)erlap + th +1
TPr+TPy+1°

where Ryeriap represents the number of rooms that have over-
laps with other rooms, V},. denotes the number of hanging
points and cut pointsin the structure, T'Pg and T' Py, represent
the number of correctly reconstructed rooms and corner points
respectively, A isascaling coefficient. In practice, weuse A = 10.

We propose MANE (Mean Angle Error) metric to mea-
sure the overall deformation of the structure. Unlike angle
recall/precision/F1, which only calculate the quantity of correct
angles, MANE also takesinto account the deviation between the
reconstructed angles and the ground truth values. It isdefined as
in(21):

Secons = A X (20)

Z?:O Az + 0 x FNangle

MAnE = ,
TPangle + FNangle

(21)
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where A; represents the i-th angle deviation among al angles
deviationswithin 5 degrees, F' Ny, 4. isthe number of fal seneg-
ative angles, T'P,,,4; is the number of correctly reconstructed
angles. For angles that have not been correctly reconstructed,
we assign an angle deviation § = 10°.

We use the Scomp Metric to measure the compactness of
reconstructed structures. A higher Se,,, indicates that fewer
pointsare used to correctly reconstruct more rooms. It isdefined
asfollows:

TP
Scomp = TR

v

where T'Pr, represents the number of correctly reconstructed
rooms and N, is the total number of corner points in the
reconstruction results.

5) Implementations: We have implemented our method in
Python 3.8 and PyTorch 1.9.0, using a workstation with a
2.6 GHz CPU and NVIDIA RTX 3090 GPU. We trained the
model using the Adam optimizer, with aninitial learning rate of
le-4 and a weight decay factor of 1e-5. In the last 20% of the
epochs, the learning rate was decayed by afactor of 0.1. We set
the coefficientsfor lossesin (11) to A, = 1, A, = 1, A, = 1 and
hyperparametersin (17) and (18) asT,. = 0.6, T, = 12, which are
recommended for optimal performance, based on experimental
results. Depending on the size of the dataset, we trained the
model for 700 epochs on the Structured3D dataset and 500
epochs on the Lianjia-s dataset. The specific hyperparameter
settings are shown in the Tablelll.

(22)

B. Quantitative Evaluation

Tables | and |1 report the quantitative results of PolyGraph
and SOTA methods for plane structure reconstruction on the
Structure3D and Lianjia-s datasets. It is worth noting that we
focus on proposing an alternative method that combines the
stability of optimization-based approaches and the efficiency of
end-to-end methods. Specifically, PolyGraph outperforms other
methods in terms of structural consistency (S.ons), mean angle
error (M AnE), and structural compactness (S¢om, ), indicating
that our reconstruction method achieves better integrity, com-
pactness, and lower deformation. We also achieve the highest
computational efficiency among optimization-based methods,
with a computational time difference of 0.033s compared to
end-to-end SOTA methods. The time cost of the graph initial-
ization and optimization steps is shown in parentheses. Our
method outperforms opti mi zation-based methods (Floor-SP and
MonteFl) across all metrics. On the Structure3D dataset, our
corner recall islower than the end-to-end method RoomFormer
but higher than SLIBO-Net. We observe that RoomFormer
performs poorly in structural compactness, and we speculate
that its higher corner recall is due to predicting more corner
points, which isalso reflected in the visualization resultsin Sec-
tion IV-C. Our anglerecall islower than SLIBO-Net but higher
than other methods. We observe that the Structure3D dataset
contains a high frequency of right angles, and SLIBO-Net's
approach, which uses box-based sliding and stitching, is highly
effective at detecting 90- and 180-degree angles. In addition,
we noticed that PolyGraph has the highest room recall rate
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TABLE
QUANTITATIVE EVALUATION OF METRICS ON STRUCTURE3D DATASET

Method | Time | Seome | | MARE | | Seomp 1 | Room Angle Corner
| t(s) | | | | Rec.  Prec. Fl1 | Rec.  Prec. F1 | Rec. Prec. F1

Floor-SP 785 0.625 4.35° 0.207 88.0 89.0 88.5 72.0 80.0 75.8 73.0 81.0 76.8
MonteFl 71 - - - 94.4 95.6 95.0 75.4 86.3 80.5 77.2 88.5 82.5
HEAT 0.11 0.234 2.75° 0.273 94.3 96.6 95.4 79.1 88.9 83.7 81.8 91.8 86.5
RoomFormer 0.01 0.034 2.74° 0.178 96.3 97.8 97.0 77.9 82.1 79.9 84.2 88.8 86.4
SLIBO-Net 0.17 - - - 97.8 99.1 98.4 81.2 87.8 84.4 82.1 88.9 85.4
Ours | 0.043 (0.004+0.039) | 0.019 | 2.422° | 0.285 | 97.9 95.7 96.7 | 794 89.2 854 | 82.2 924 88.3

Time: time required to reconstruct a floorplan. The results of MonteFl and SLIBO-Net are from their respective papers. Bold numbers indicate the top results. Underlined numbers indicate the second-best

results.

TABLE I
QUANTITATIVE EVALUATION OF METRICS ON LIANJA-S DATASET

Method | Time | Suoma | | MARE | | Seomp | Room Angle Corner
| t(s) | | Rec.  Prec. F1 | Rec Prec. Fl | Rec Prec. Fl1
Floor-SP 785 0.921 8.31° 0.114 39.7 36.3 37.9 18.5 18.9 18.7 46.1 49.5 47.7
HEAT 0.11 2334 7.53° 0156 | 561 615 587 | 30. 434 355 | 842 88.1  86.1
Ours 0.043 (0.006+0.037) 0.012 5.76° 0.209 82.2 74.9 78.4 49.2 45.4 47.2 84.8 80.7 82.7

Bold numbers indicate the top results. Underlined numbers indicate the second-best results.

TABLE I
THE IMPLEMENTATION DETAILS OF OUR POLY GRAPH

Hyperparameter Value
N of Res-Al Modules 3
G of attention groups 8
r of information bottleneck 16
hidden dimension d 64
kernel size 3
batch size 8
optimizer Adam
learning rate 104
learning scheduler 1000
weight decay 107°
momentum 0.99
Tec 0.6
Td 12
S3D_epoch 700
Lianjia-s_epoch 500
The Threshold of the Douglas-Peucker Algorithmpx 3
Aw 1
Ar 1
Ar 1

and angel precision, but a lower room precision. This will be
discussed in Section 1V-E. Notably, because of the small scale
and complexity of the Lianjia-s dataset, all methods experience
a significant performance decline across all metrics, while our
method demonstrates relatively better performance under these
challenging conditions. Moreover, dueto the Transformer-based
architecture, RoomFormer performs poorly on the small-scale
Lianjia-s dataset, and therefore, we have not included it in the
comparison for this dataset. Given the constraints on paper
length, additional comparative experiments on other dataset
(e.g., SceneCA D) have been made publicly available on GitHub.

C. Qualitative Evaluations

Fig. 6 presents the visual results of our method com-
pared to SOTA methods on the Structure3D test dataset.

compactness compared to other methods. Wall point informa
tion in PolyGraph enables more accurate reconstruction of wall
details, as demonstrated in the highlighted examples within the
black rectangles. The graph optimization module we designed
improves the integrity and compactness of the reconstructed
structure. Compared to RoomFormer, our reconstructed struc-
ture is more concise, while RoomFormer exhibits noticeable
redundant edges and corner points, as shown with the balck
dashed rectangles in the fourth row of Fig. 6. HEAT exhibits
incomplete structura representations, as shown with the balck
dashed rectangles in the second row.

Fig. 7 shows the visualization results on the Lianjia-s test
dataset. PolyGraph maintains good structural integrity on this
small-scale dataset, with no obvious room missing issues, as
shown with the balck dashed rectanglesin the second and fourth
columns. From the results in the first column, as shown with
the balck rectangles, PolyGraph and HEAT outperform FloorSP
in capturing slanted wall structures. This is because FloorSP
employs discrete angle constraints to reduce the search space.
Similar observations can be made on the S3D dataset, as shown
in the fifth column of Fig. 6. We observe that all methods ex-
perience a decrease in accuracy on Lianjia-s dataset, indicating
the challenges of reconstructing small-scale datasets.

The qualitative results demonstrate that PolyGraph exhibits
more completeand compact structural representationscompared
to the state-of-the-art methods, reducing the gap between auto-
mated and manual approaches in floorplan reconstruction. To
visually evaluate the reconstruction effect, we assigned acertain
height to thewallsin thereconstructed plan for 3D visualization,
as shown in Fig. 8. Compared to the initiadl RGBD scans, our
reconstruction result accurately reproduces the overall building
space.

D. Ablation Studies

In order to examine the performance of different modulesin

We demonstrate superior structural details, completeness, and  PolyGraph, we conducted experiments with six combinations
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Fig. 6. Qualitative comparison with SOTA methods on Structure3D dataset.

TABLE IV
ABLATION STUDY FOR THE TECHNICAL COMPONENTS OF POLY GRAPH

setting name | SubGraph Pointyar Masky, Mask, HPCA | Room Angle Corner

| | Rec.  Prec. Fl | Rec.  Prec. Fl | Rec. Prec. Fl1

setting 1 / v / / / 54.8 18.3 24.4 | 332 15.3 209 | 353 16.3 22.3
setting 2 v / / / / 57.5 77.3 65.9 | 39.0 58.0  46.6 | 43.0 64.0 51.4
setting 3 v v / / / 89.0 87.9 88.4 | 68.6 73.5 71.1 73.1 78.3 75.6
setting 4 v v v / / 94.6 91.1 92.8 | 76.8 82.6 79.6 80.0 86.0 82.9
setting 5 v v v v / 94.9 91.5 932 | 778 83.3 80.5 80.8 86.6 83.6
setting 6 v v v v v 97.9 957  96.7 | 794 89.2 854 | 822 92.4 88.3

For each row of settings, ‘v means the column component is set, and /> means not. Bold numbers indicate the top results.

of modules and evaluated the results using visualization results heatmap is not generated, and the corresponding weight
and recall/precision/F1 metrics for rooms/angles/corner points value R(e) inthe E.,, s weight termis set to O.
on Structure3D datasets. Columns 2-6 of Table |V represent the e Mask;,: One of the guided heatmaps in the graph initial-
following configurations: ization network. Without this component, the edge mask
e SubGraph: The subgraph solution module in graph op- heatmap is not generated, and the corresponding weight
timization. Without this module, structure-weight-based value B(e) inthe E.,,,; weight termis set to 1.
graph optimization is not performed. e HPCA: It is the feature fusion module in the heatmap
e Pointyan: The primitivesfor constructing the graph struc- generation network. Without this component, the multiple
ture. Without this item, only crucial points are used as preceding inputs are directly added together.
nodes. Fig. 9 and Table IV present the comparison results of dif-

e Mask,: One of the guided heatmaps in the graph initial-  ferent settings. Compared to Setting 1 and Setting 2, Setting
ization network. Without this component, the room mask 3 shows significant improvement in recall, precision and F1,
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Fig. 7. Qualitative comparison with SOTA methods on Lianjia-s dataset.

Fig. 8. 3D visudization of the reconstructed floorplan.

demonstrating the importance of subgraph optimization based
on structural weight terms and the inclusion of wall point
primitives. From rows 2-4 in Fig. 9, we observe that SubGraph
effectively reduces redundant edges in the structure, and the
use of WallPoints helps improve the completeness of rooms
as shown with the black rectangels in rows 3-4. Settings 3, 4,
and 5 exhibit steady improvement in al metrics, indicating the
effectiveness of Mask, and Mask;,. Rows 4-6in Fig. 9 also
show a gradual refinement of structural details, as marked by
the black dashed rectangles. Setting 6 demonstrates a slight
improvement of 1-2 percentage pointsinthe metrics. Comparing
Setting 5 and Setting 6in the figure, such as examples marked
by black rectangles,it can be seen that adding the HPCA module

TABLEV
ABLATION STUDY FOR EDGE WEIGHTS ITEMS IN GRAPH OPTIMIZATION

Edge Weight Room Angle Corner
Rec. Prec. Fl1 Rec. Prec. F1 Rec. Prec. F1
Winask 88.8 90.9 89.8  76.0 825 791 728 790 758
W0 Econg & Ejen 54.8 183 274 332 153 209 353 16.3 223
w/o Ejen 97.0 929 949 797 846 821 827 87.8 852
w/o Econy 95.1 940 945 780 844 818 811 87.8 843
Wstruct 979 957 967 794 892 854 822 924 883

"Mask weight" is the common method for edge assignment. The second to fourth lines are the comparison of different
combinations of the weight items in PolyGraph. Bold numbers indicate the top results.

leads to more accurate structures, validating the effect of using
cross-attention fusion.
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GT

Fig. 9. Ablation study on Structure3D dataset which demonstrats the role of each component of PolyGraph. Each setting evaluates the isolated effect of one or

more terms. Please refer to the text for details on each setting.

As shown in Table V, we examined the effectiveness of the
structural weight (as proposed in Section 111-B2) by comparing
it with different weights. Compared to the first row using the
edge weight in [42] which we denoted as w5k, PolyGraph
achieved a 3-8 percentage point improvement in all metrics
when replacing it with the structural weight wy,...; in the fifth
row. The weight w,,.s; Used in the experiments is defined as
follows:

1
Winask(€) = / 1/2 x (1 — R(e(w)) + B (e(u))) dy — Te.
' (23)
As shown in rows 2 to 5 of Table V, we conducted ablation
experiments on each component of the structural weight term.

Compared to row 4 where E.,, s is not used, all metrics show
improvements in row 5. On average, there is a 1.8 percentage
point increase in recall and a 3.7 percentage point increase in
precision, indicating the effectiveness of £, . In comparison
torow 3where E,.,, isnot used, recall showsamost no increase
(an average increase of 0.03) in row 5. This could be attributed
to the removal of a small number of correctly reconstructed
points that belong to the low-confidence edges when consid-
ering the length term. However, there is an improvement in
precision by an average of 4 percentage points, indicating the
contribution of Ej., to the accuracy of detecting structura
elements. Taking all factors into consideration, using the pro-
posed calculation of the structural weight term yields better
results.
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Fig. 10. Failure cases.

E. Discussions

We observed that furniture with a considerable height in the
input can be mistakenly scanned as walls, resulting in wide
gaps in the outer walls on the input image. This leads to the
reconstruction of blank external areasinstead of wall structures,
as indicated by the red dashed line in Fig. 10(a). Additionally,
PolyGraph cannot handl e cases where the ground truth includes
hanging points, asindicated by the red dashed linein Fig. 10(b),
which can result in false positive edges and a decrease in room
precision. This is because we model the overall indoor recon-
struction as a subgraph optimization problem, which prioritizes
maintaining the integrity of rooms. It isworth noting that not all
redundant wall points will affect the final result, as our graph
optimization process does not generate false positive edges
when they are located outside the plane of the floorplan. Thisis
different from existing top-down methods where fal se positives
or false negatives in primitives will inevitably have an impact
on the reconstruction result. Furthermore, for the room with
strongly missing 3D data (e.g., loss majority of boundaries,
Fig. 10(c)), weare unableto reconstruct those missing structures.
Addressing this limitation could be an important direction for
future work.

V. CONCLUSION

In this paper, we have presented PolyGraph, a novel recon-
struction pipelineto obtain high-quality results, which combines
a deep learning-based primitive detection network with an ef-
ficient optimization-based reconstruction algorithm. PolyGraph
perform wall point primitive detection to preserve more struc-
tural details and strengthen the error tolerance of the primitive
detection stage. We formulate the problem of holistic indoor
floorplan reconstruction as a subgraph optimization problem
by utilizing wall points to create a graph-based representation.
Our method stands out among optimization-based approaches
in terms of computational efficiency and performs exception-
ally well on the newly proposed overall structure metrics.
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Experimental results validate the superior performance of Poly-
Graph in preserving structura integrity and capturing fine
details. Extensive ablation studies further justify our design
choices. The PolyGraph pipeline is also universal. For other
reconstruction problems, only the corresponding weight items
need to be set. Our ideas play a certain role in promoting the
frontier field of structure reconstruction.
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