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Abstract—Precise floor plans are the foundation for ensuring
safety, accessibility, and efficiency within critical infrastructures.
To meet this need, we introduce a method that seamlessly merges
the accurate depth measurements from a 2D LiDAR with the nu-
anced data interpretation capabilities of artificial neural networks
applied to RGB images. This allows our approach to capture fully
furnished rooms with remarkable spatial accuracy and reliability
from a single measurement. Central to our methodology is a
novel two-stage filtering process. First, we harness geometric
analysis to exclude extraneous LiDAR points, then refine this
data using semantic segmentation, ensuring only measurements
congruent with walls are retained. Walls are inferred through
a systematic Hough transform and further validated using an
innovative confidence metric. Using RGB data, we augment the
wall estimation for room edge detection, allowing us to determine
the azimuth position of room corners from the image, even when
obscured by furniture. Subsequent data fusion yields layouts
with an average 2D IoU of 90.47 % without relying on camera
height assumption. By carefully leveraging the unique strengths
of each data type, our approach significantly advances the field
of room layout reconstruction (RLR). The achieved results hint
at a considerable potential for real-world applications.

Index Terms—critical infrastructure, sensor fusion, 360-degree
camera, 2D LiDAR, room layout reconstruction

I. INTRODUCTION

Floor plans have long served as indispensable tools in the
architectural domain, visualizing the spatial layout of build-
ings in a top-down projection [1]. Historically, the creation
and updating of these plans involved manual measurements
and sketches, a labor-intensive and often error-prone process.
Over time, with buildings frequently undergoing restructuring,
expansions, or other alterations, many original floor plans
inevitably lose their accuracy. This poses challenges, since
maintaining a clear overview of a building’s shape, dimen-
sions, and the arrangement and location of its rooms is crucial.
Clarity is particularly paramount for facilities critical to society
such as schools, hospitals and detention centers [2].

An accurate floor plan plays a vital role in ensuring and
enhancing the safety of people within the facility, as it clearly
illustrates the locations of exits, fire safety equipment, and
other safety features. In emergency scenarios, these plans
enable first responders to rapidly pinpoint and access specific
areas within the facility, helping to save lives and minimize
damage. Technological advancements have propelled the re-
search in accurate indoor room layout reconstruction (RLR),
emphasizing both technical and societal importance.

II. RELATED WORK

Generating layouts from established 3D spatial structures
is central to contemporary architectural and spatial studies
[3]. Different sensor modalities, notably LiDAR and cameras,
have been at the forefront of this exploration [4]. While the
precision and depth perception of LiDAR-based techniques
are well-recognized, camera-based methods may offer higher
resolution of data, but may cause spatial accuracy to degrade
[5]. This section delves into the contemporary methodologies,
examining the strengths and shortcomings associated with
each sensor modality.

A. LiDAR Scanner-based Methods

Light Detection and Ranging (LiDAR) is a remote sensing
method that uses light in the form of a pulsed laser to
measure distances to a target. Generally, LiDAR point clouds
provide high spatial accuracy and reliability, making them
ideal for scenarios where precise spatial relationships and
structural integrity are vital. For this reason, LiDAR-based
techniques excel in applications requiring detailed spatial map-
ping and precise measurement, such as topographic mapping
[6], forestry [7], urban planning [8], and, as detailed here, RLR
[9]. The typical approach to LiDAR-based RLR starts out with
a single scan, subdividing the point cloud into clusters [10].
Each cluster represents normally contains candidate walls but
may include ceiling and floor when a 3D-LiDAR is used [11].
Then, corner points and line segments are deduced, indicating
the potential structure of the room. However, transparent or
moving surfaces and sensor tilting present unique challenges
for accurate LiDAR-based RLR. Further, LiDAR scanners’
difficulty in differentiating between clutter and walls can
compromise RLR results, especially in furnished rooms where
walls might be obscured by various objects [12], [13].

B. Perspective Camera-based Methods

Perspective cameras typically have a fixed field of view
(FOV) of less than 120 degrees and can scan large areas of a
room at a high resolution. A challenge arises when reducing
a 3D scene to a 2D RGB image, as it entails a loss of depth
information. While depth information is directly applicable to
RLR, RGB data must be placed in a larger context to be used.
As a result, two primary strategies have evolved to address
the RLR: geometry-based and learning-based methods [14].



Geometry-based methods focus on identifying distinct image
clues that correspond to geometric features such as corners,
walls, floors or ceilings [15]. As a simplifying framework, nu-
merous studies employ the Manhattan World assumption [16]-
[19], which is suggesting that indoor scenes predominantly
align with a Cartesian coordinate system. This is evident in
the way most walls, ceilings, and floors are oriented along
orthogonal planes and helps to relate clues to corresponding
geometric features. Building on this idea, Hoiem et al. [20]
categorized geometric classes by learning appearance-based
models. Extending this model to indoor layouts, Lee [21] and
Zhang [22] used Geometric Context (GC) to include prior
knowledge and Orientation Maps (OM), depicting local beliefs
in plane orientation. Beyond GC and OM, Del Pero et al. [15]
further consider the room edges. Still, in most of the state-of-
the-art, progress on beyond-Manhattan layouts is dismissed as
hardly obtainable [19].

While geometry-based methods focus on salient room fea-
tures, more recent techniques adopt machine learning to un-
cover clues concealed from human understanding. Learning-
based methods typically utilize artificial neural networks
(ANNs) for supervised [16], [23] and semi-supervised [24],
[25] learning. ANNSs allow both local and global features to
be analyzed for more robust reconstructions even with local
occlusions or faint room edges [26]. Contextual information
can be encoded using classifiers or probabilistic graphical
models for automatic classification [27], [28]. While being
powerful in practice, learning-based methods have unpre-
dictable applicability to new environments due to their heavy
dependence on training data.

C. Panoramic Camera-based Methods

Panoramic cameras with 360° horizontal and 180° vertical
FOV can capture entire scenes in an equirectangular projection
(ERP) format. Some methods [18], [29], [30] have bridged
the gap to panoramic images by projecting multiple perspec-
tive images onto a sphere and applying existing techniques.
More recent approaches introduced the assessment of object
positions [31] and generalization beyond cuboid layouts [32].
Concurrently, powerful ANNs have improved the recognition
of both low- and high-level features, enhancing the interpreta-
tion of detailed features and global scene understanding [33].

Self-contained solutions, so-called end-to-end approaches,
have seen significant progress within the past five years.
LayoutNet [18] pioneered the end-to-end approach by ap-
plying a convolutional neural network to perform RLR di-
rectly on the ERP, improving both accuracy and robustness
through redundant information. This approach also introduces
a pre-alignment procedure, standardizing the orientation of
the input image to simplify the learning task. DuLa-Net [33]
extended this idea by including a projected ceiling view with
aligned ERP, thereby enhancing estimation accuracy. Mean-
while, HorizonNet [34] introduced a faster solution, encoding
room edges into one-dimensional vectors, thus minimizing
the parameters to be learned and reducing computation time
significantly. AtlantaNet [35] presented a unique innovation

by being the first end-to-end approach to reconstruct room
layouts beyond the Manhattan World. Finally, HoHoNet [36]
and PanelNet [37] propose holistic approaches to RLR, inte-
grating semantic segmentation and depth estimation. While the
first encodes input data in the frequency domain to increase
processing speed, the latter employs a consecutive vertical
panel projection to analyze local and global context.

D. Sensor Fusion Methods

Despite the limitations of 2D-LiDAR and RGB data, the fu-
sion of both remains an underexplored yet promising approach
for RLR. Weiss and Zell’s [38] work utilized a 2D-LiDAR and
a panning perspective camera to create a 3D corridor model,
albeit with significant LIDAR-based inaccuracies. Li et al. [39]
mounted both devices on a panning device for detailed recon-
structions but faced calibration issues. An alternative method
by [40] prioritized RGB data analysis before LiDAR, aiding
boundary extraction [41]. Remarkably, all methods integrating
cameras and 2D-LiDAR scanners fail to capitalize on the
potential of sensor fusion, thus being significantly inferior to
RLR approaches based exclusively on panorama data. While
the diverse nature of the sensor modalities impedes a direct
comparison and risks overshadowing individual contributions
[42], Table I collates the performance of all methods across
various room layouts. LiDAR measurements remain crucial
for scale retrieval, whereas panorama-based methods excel in
shape identification.

In this study, we recognize the lack of development of sen-
sor fusion based methods and contribute a pioneering method
of sensor fusion, combining 2D LiDAR and panoramic RGB
data. Unlike prior work, our approach leverages the strengths
and mitigates the limitations of each sensor to enhance spatial
accuracy in room layout reconstruction. This method, to our
understanding, is the first attempt to systematically integrate
these two sensor modalities for RLR.

TABLE I
CHARACTERISTICS OF ROOM LAYOUTS ACHIEVABLE BY THE COMBINED
METHODS FROM THE STATE-OF-THE-ART WITH REGARDS TO DIFFERENT
SENSOR MODALITIES, COMPARED TO OUR PROPOSED APPROACH.

. Perspec. Panor. Sensor Proposed
LiDAR Camera Camera Fusion Method
Layouts:
(Half) Cuboids + (0] + + +
L-shaped rooms + + (0] +
Manhattan conform o - + + +
Angled walls (0] - (0] - +
Rounded walls - - (0] - -
Special Cases:
Clutter-resistant - (0] + +
Occlusion-handling (0] + - -
Context-awareness - 0O + - +
Distortion-resistant + + (0] + +
Dimensions:
To scale + ¥ K + +
+ : Good results obtainable, O : Mediocre results, - : Not possible.

* Requires the assumption of a known camera height.
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Fig. 1. Schematic representation of the data preprocessing and sensor fusion
process. The RGB data, abstract in nature, are processed via an artificial
neural network (ANN) to decode spatial information, indicated by the color
orange. The LiDAR data, which are blue, undergo a two-stage filtering process
to eliminate unreliable or irrelevant measurements. The fusion of the data,
marked by green, combines the processed RGB and filtered LiDAR data,
taking geometric considerations into account, producing the final layout.

III. METHOD DESIGN

Following our previous discussion, the next section explores
the conceptual underpinnings of our sensor fusion strategy. We
outline our approach, highlighting the crucial role of prepro-
cessing sensor data to maximize the potential of each sensor
type. This deep dive into the preparatory phase underscores
the need to tailor the process to the distinct characteristics of
RGB and LiDAR data, ensuring a precise, resilient, and true-
to-scale RLR. Rooted in maximizing each sensor’s strengths,
our method begins with the strategic preprocessing of sensor
data, as illustrated in Fig. 1. This strategy allows for a more
targeted basis for our sensor fusion than a direct fusion
approach. Recognizing that the spatial information encoded
in RGB data is largely abstract and requires decoding, we
apply an artificial neural network (ANN) to extract quantitative
information representing the room’s physical features.

By leveraging the parameterized ANN from [36], the corner
directions and a semantic segmentation of the room are
acquired. A critical component of our method involves a two-
stage filtering of the LiDAR data. Starting with a geometric
assessment and a subsequent semantic evaluation based on
the RGB’s semantic segmentation, unreliable or non-relevant
measurements are eliminated. Building on the remaining mea-
surements, we deduce candidate walls and assess their validity
with a novel metric. Our key contribution lies in the subsequent
fusion of candidate walls, validated LiDAR measurments and
revised azimuth position of the room corners. By combining
data from the panoramic camera with that of the LiDAR
scanner and carefully analyzing spatial geometry, our method
aims to provide a precise estimation of the room layout of any
polygonal shape.

A. RGB Data Abstraction

Recognizing the proficiency of current end-to-end methods
in detecting ambiguous clues directly within the image plane,
our approach incorporates the ANN from [36] only for room
corner position, dropping its layout estimation. Still, HoHoNet
establishes a strong baseline to compare against. The method’s
selection was influenced by its demonstrated efficiency in
layout estimation and its provision of semantic segmentation,
which is integral for our subsequent verification and filtration
of LiDAR data. The implementation of [36] determines the
layout corner positions, the wall-wall boundary probabili-
ties for each image column, and wall-ceiling and wall-floor
boundaries within the RGB image. Our method uses only
the horizontal positions of the wall-wall boundaries, as these
directly indicate the azimuth directions of the room corners.
Specifically, we chose to sidestep the depth information due
to its inherent ambiguity.

However, due to the horizontal offset of the corner estima-
tion via Principal Component Analysis (PCA), we advocate
for a corner revision based on the probability of wall-wall
boundaries and the wall-ceiling and wall-floor boundaries.
This recalibration enhances the accuracy of corner direction
identification. Sometimes this may cause an overestimation in
corner counts, which will be rectified in later stages of our
process, while missing corners cannot be retrieved.

B. LiDAR Data Filtering

In fully observable, unobstructed environments, 2D LiDAR
data suffice for RLR as measurements typically align with
room boundaries. However, this approach fails when con-
fronted with open scenes or reflective surfaces, resulting in
inaccurate spatial enlargements. To mitigate these mispercep-
tions, our method involves a two-stage filtering process to
remove misleading data points prior to layout inference as
detailed in Fig. 1.

Utilizing geometric analysis, we initially filter out data
points that lie outside the target room, often a consequence of
openings like doors and windows which manifest as sudden
depth increments (see Fig.2).

Recognizing the difference between these sudden changes
and the gradual depth increments typical of larger rooms is
essential for preserving pertinent measurements.
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:

Fig. 2. First stage of filtering LiIDAR measurements to exclude data from
outside the evaluated room. For the red measurements a sudden increase and
decrease in depth is detected, while only one of which is found for the orange
measurements. Consequently, only the red measurements are filtered.



Our algorithm detects abrupt depth changes, viewing them
as hints of areas extending beyond the intended evaluation
space. As detailed in Fig. 2, the algorithm pinpoints outward
LiDAR distance spikes and removes intermediate data points
if another jump is located within a predetermined angular
threshold. The chosen thresholds are adhering to architectural
standards [44] with angular and depth limits set at 40 degrees
and 1 m, respectively.

Subsequently, the retained LiDAR data undergoes a re-
finement process via semantic segmentation. This step aims
to preserve only wall-related measurements, discarding those
associated with unwanted clutter. The RGB-based semantic
segmentation (see A.2) is used to produce a binary mask,
differentiating between wall and non-wall regions. Maintaining
the angular resolution, any clutter-induced measurements are
excluded. Notably, this refinement, even in the face of training
data variations, consistently delivers commendable outcomes.

While the semantic evaluation proofs efficient, it alone may
not adequately differentiate between the desired walls and
those from adjacent rooms, thus emphasizing the importance
of the initial filtration stage. The resulting validated depth
measurements, with clutter and extraneous walls filtered out,
are crucial for robust room size determination.

C. Candidate Wall Estimation

By mapping the validated LiDAR data in a top-down
projection, prominent lines coinciding with the LiDAR data
are identified, indicating potential walls. This involves the
Hough transform technique, renowned for its robustness to
measurement dropouts, rendering it optimal for detecting lines
in the filtered data. This transform is applied to the binary
map of validated depth data, shown in 3, resulting in lines
with an attributed confidence value. However, as these lines
are infinite, segmentation is required. Multiple segmentation
options are evaluated; however, issues such as misalignment
due to noise or furniture lead to fragmented wall segments.
Thus, the preferred approach postpones segmentation, leaving
straight lines intact for a later stage, despite the risk of
redundant wall detection.

Fig. 3. Candidate wall estimation process: The Hough transform is applied
to the filtered depth data for wall estimation. It presents a binary map of
the LiDAR data with a red marker signifying the scanner’s location (left).
The Hough Transform identifies potential walls encoded as lines in the
Hough space (middle), which can be transfered into the original projection,
outlining candidate walls marked in cyan (right). Subsequently, redundant
reconstructions are filtered out (white line), and existing walls are used to
perform an improved determination of further walls (blue line).

To resolve this, a novel metric is introduced, identifying the
most suitable lines by considering a probability score based
on Hough transform confidence and weighted line consensus
based on the Manhattan assumption. Nevertheless, due to a
conservative detection process some potential wall candidates
may remain undetected. A second systematic line detection is
proposed, factoring in the assumption of at least four walls per
room and focusing on data points not used in the initial wall
reconstruction. A second Hough transform is then applied,
significantly enhancing the identification of candidate walls.
However, in cases of extensive prior data filtration or high
amounts of clutter, supplementing RGB data becomes crucial
for identifying missing walls.

D. Layout Reconstruction

The final stage of our approach involves reconstructing the
floor plan from candidate walls, validated depth data, and
revised corner estimation. The image-based corner estimation
is instrumental in estimating the directions of room corners
in the LiDAR data. The method involves projecting candidate
walls and corner directions in a top-down view, connecting
corners and indicating corner position relative to the camera.
Before finalizing the layout, data alignment with the HoHoNet
reconstruction is necessary for comparative analysis, using
candidate walls as spatial reference and orientation adjustment.
Intersections of candidate walls within the LIDAR’s detectable
range are infered directly. However, excess corners may occur
due to multiple walls exhibiting similar orientations, and must
be removed, retaining only the innermost corners. Subse-
quently, a verification procedure is proposed, in which the
found corners are matched with those identified from the RGB
data.

However, this approach does not guarantee corner estima-
tion for all walls, especially in cluttered or open spaces where
walls may not have been detected. To circumvent this issue, the
remaining corners are identified using the corner directions and
the filtered LiDAR data directly. If a candidate wall already
suggests a wall’s presence, it can guide corner finding as
shown in Fig. 4. This corner can be located by discovering
the intersection point between the candidate wall and the
corner direction from the RGB estimation or the validated
LiDAR point that corresponds with the corner direction. The
point selection is guided by choosing a point further from the
camera, as it tends to accurately represent the actual layout.
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Fig. 4. [Illustration of corner selection process. Conclusive corners (red)
are determined by the intersection of candidate walls (cyan). Otherwise, the
corner is deduced by finding the candidate wall’s intersection with the corner
direction (orange). However, if the candidate wall is closer to the camera
than the LiDAR data (grey circles) suggest, or not present at all, the corner
is determined by the LiDAR data point closest to the corner direction.
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Fig. 5. Exemplary layout inference from candidate walls (blue), filtered
LiDAR data (blue points) and corner directions (dashed in red). In the first
step, the intersections of the candidate walls are marked (red). Then, the
intersections between exactly one candidate wall and the predicted corner
direction are found (orange). In the third step, ambiguous corner locations are
found by directly matching the respective corner direction to the closest valid
LiDAR point (yellow). If one of the orange or yellow corners is redundant
and does not contribute to the layout (orange or yellow circles), they will
be filtered out. Similarly, intersections that are either too far from the camera
(arrows) or do not match the corner directions (red circles) will be filtered out.
All the detected candidate corners, together with the original LiDAR points,
are depicted in b). In c) the remaining corners are used to reconstruct the
layout of the room.

This consideration is essential given that proximate LiDAR
data can be skewed by furniture. However, if a LiDAR point
exists behind the wall under evaluation, it is favored for a more
precise approximation. Care must be taken in considering only
feasible LiDAR points in the detected corner direction to avoid
potential interference from points in the negative direction.

While this way of finding ambiguous corners might not
always produce the optimal result, as LiDAR data points
directly adjacent to the corner direction line might have already
been filtered out, practical tests corroborate its efficiency in
most cases. Redundant corners, which typically originating
from the revised corner estimation, are removed for layout
reconstruction. The procedure is detailed in Fig. 5 and accom-
modates diverse room shapes, not limited to Manhattan World
assumptions. However, given that most real-world rooms align
with these assumptions, retrospective probability adjustments
can be applied to remaining corners.

E. Data Processing and Format Conversion

The method converts Matterport3D depthmaps or LiDAR
readings into a consistent format for large-scale room eval-
uations, avoiding manual labeling. Depth maps from Matter-
port3D are recorded at half the room’s height to minimize
distortion and reformatted into a single vector, matching the
2D-LiDAR data format. For realistic representation, the data
are noise-corrupted before usage.

IV. EVALUATION

The proposed method’s performance is evaluated through a
systematic scheme involving both qualitative and quantitative
analyses, comparing it against the state-of-the-art method,
HoHoNet. This comparative analysis gives insights into the
advantages and limitations of the sensor fusion procedure.

The evaluation uses the Matterport3D dataset, which is ideal
due to its multimodality and compatibility with HoHoNet’s
training. Consistent with the training of [36], we employed
the Matterport3D dataset [43] due to its rich RGB, depth, and
semantic data, as well as its diverse collection of furnished
spaces. To ensure a fair evaluation, ground truth annotations
(GTAs) from Zou et al. [42] are used. However, given that
these GTAs have been scaled to match the camera height
assumption of 1.6 m, the resized “original GTAs” are used for
the proposed method. Additional ”optimized GTAs” are man-
ually collected from 3D point clouds and panorama data for
the proposed method’s evaluation. The evaluation is conducted
on 24 representative rooms from the Matterport3D dataset and
then on actual premises, providing a real application scenario.

A. Qualitative Evaluation

The qualitative evaluation centers around subjective criteria
to compare the performance of the presented method with the
baseline and optimized GTAs. The analysis of six represen-
tative results reveals a consistent superiority of the proposed
method in identifying and approximating room shapes, com-
pared to the baseline. Exemplary, Fig. 6.1 and 6.2 demonstrate
accurate room shape identification, even with complex geome-
tries, by the proposed method while the baseline struggles with
room shape reconstruction. While the quantitative metrics are
elaborated later, they are displayed for reference.
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Fig. 6. Qualitative evaluation of the proposed method (cyan), HoHoNet
(orange) and optimized ground truth (red). For reference, the quantitative
evaluation metrics are also shown, if the corner count was estimated correctly.
The proposed method outperforms the baseline on both Manhattan-conform
and arbitrarily shaped layouts.



TABLE 11
COMPARATIVE NUMERIC RESULTS ON THE MATTERPORT3D DATASET, INDICATING THAT THE PROPOSED METHOD SIGNIFICANTLY OUTPERFORMS
HOHONET ACROSS ALL METRICS. ARROWS DENOTE OPTIMAL DIRECTION FOR EACH METRIC; MEANS AND STANDARD DEVIATIONS ARE REPORTED.

‘ 2D IoU [%] T Corner RMSE [m] | Layout RMSE [m] | MRE [%] |
Proposed Method (optimized GTA) 90.47 £ 7.46 0.160 + 0.121 0.358 + 0.240 0.057 £ 0.067
Proposed Method (original GTA) 80.38 £ 17.41 0.361 £ 0.411 0.439 + 0.286 0.133 £ 0.142
HoHoNet (optimized GTA) 60.35 +17.83 0.682 + 0.581 1.110 + 0.897 0.169 + 0.142
HoHoNet (original GTA) 67.75 £ 22.66 0.404 £ 0.192 0.893 £+ 0.756 0.104 £ 0.088
HoHoNet (as reported by [36]) 82.32 — 0.394 0.104
Corner RMSE | Layout RMSE |, MRE |
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Fig. 7. Box plot evaluation of the four evaluation metrics. The arrow behind each metric indicates the desired optimum. Small arrows above the plots indicate
outliers. Each distribution is depicting the spread of the results of the proposed method as well as HoHoNet for each the original and the optimised ground
truth. The 2D IoU and the Layout RMSE were calculated for all of the 24 layouts, while the Corner RMSE and the MRE were calculated for 14 layouts by
the proposed method and 10 by HoHoNet, as these represent the layouts for which the number of corners was predicted correctly. Green and yellow plots
are HoHoNet with original ground truth and optimized ground truth, respectively, orange and blue represent the proposed method with original and optimized

ground truth, respectively.

In non-Manhattan room layouts, as shown in Figures 6.3 to
6.6, the proposed method generally predicts the room shape
better. Specifically, the proposed method correctly identifies
non-Manhattan aligned room shapes (Fig. 6.3), captures di-
mensions more accurately despite overestimating certain areas
(Fig. 6.4), accurately approximates room corners (Fig. 6.5),
and recognizes complex room shapes such as convex polygons
(Fig. 6.6) - refer to A.1 for 3D results. Meanwhile, the
baseline method shows substantial limitations, often falling
back to Manhattan shape predictions and struggling with
accurate room dimension estimation. The research indicates
that the proposed method surpasses the baseline method in
accurately detecting wall positions, consistently identifying
corners or walls, and reliably determining the underlying room
shape, including angled walls and room contours. In contrast,
the baseline method struggles with accurate room dimension
identification and often misestimates wall placement. The key
weakness of HoHoNet becomes apparent when evaluating
non-Manhattan-shaped rooms, where significant model devia-
tions are likely to occur.

B. Quantitative Evaluation

Additionally, an objective evaluation was carried out to
compare the performance of the proposed method and the
baseline method using accepted metrics. These metrics include
the 2D Intersection over Union (2D IoU), Corner Root-Mean-
Squared Error (Corner RMSE), Layout Root-Mean-Squared
Error (Layout RMSE), and Mean-Relative-Error (MRE).

The 2D IoU measures overlap between two 2D shapes,
hence gauging the consensus between method results and

GTAs. A 2D IoU value closer to 1 signifies improved congru-
ence. Corner RMSE and Layout RMSE measure the difference
between predicted corners and layout, respectively, and the
actual ground truth and are measured in meters. Lower values
in these metrics indicate better performance. MRE provides
a means to account for distance variations, weighing corner
estimation errors by their distance from the camera, with lower
values indicating better corner estimations.

As can be seen from Table II, Fig. 7 and in detail in
Fig. 6, the proposed method on average outperforms the
baseline method across all four metrics, indicating superior
accuracy, especially for non-Manhattan layouts and rooms
with substantial clutter or intricate wall patterns. Predictably,
each method achieves the best performance corresponding to
the ground truth it was optimized for. Detailed results for
individual rooms are included in A.3.

C. Results on with Sensor Data

To validate the previous results, we evaluated our method
using data from our own office, captured with a consumer-
grade sensor setup: a RICOH THETA Z1 Panorama Cam-
era paired with a DTOF LiDAR LDO06. In these tests, our
method consistently and accurately identified walls, corners,
and overall room layout, aligning closely with the established
ground truth, depicted in Fig. 8. Despite the presence of
complex elements like windows and a free-standing pillar,
it correctly interpreted these as clutter, offering precision in
spatial dimensions estimation. Quantitative metrics confirm the
high fidelity of these estimations within a minimal tolerance
range.
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Fig. 8. Layout results on DLR office dataset, exemplifying the real appli-
cation scenario. The proposed method (cyan) closely matches the manually
determined ground truth (red), while the baseline (yellow) fails to identify the
underlying room shape.

In contrast, HoHoNet significantly struggled with this task
by incorrectly inferring an L-shaped room layout, which is
reflected by the relatively low 2D IoU and Layout RMSE.
The primary failure point appears to be a misinterpretation
of the free-standing pillar as an extra corner, which not only
distorted the layout estimation but also led to considerable
overestimation of room dimensions. The contrast in perfor-
mance underscores our proposed method’s superiority in terms
of accuracy and adaptability to other datasets. These results,
although drawn from a single layout, indicate the method’s
efficacy for its intended use case.

In summary, the proposed method substantially surpasses
the baseline on the Matterport3D dataset, achieving an average
2D IoU of over 90% and showing marked improvement
in GTA-alignment. The method excels in estimating non-
Manhattan spaces, resulting in the elimination of the Manhat-
tan assumption. The reduced variability in results, as evidenced
by tighter box plot ranges and decreased standard deviation
across all metrics, highlights the method’s consistency in
diverse spaces.

V. DISCUSSION

We’ve found our new method to be effective. Combining
panoramic images with 2D-LiDAR data to assess spaces
in multiple ways, it provides a comprehensive perspective.
Merging RGB and LiDAR data results in better estimations of
wall positions and room shapes compared to relying solely on
RGB, especially in spaces filled with clutter. The RGB-based
corner estimation compensates for data limitations and allows
to determine corners even when few or no candidate walls
were found. A key improvement with our method is how it can
filter out corners that line up directly with two others, boosting
our corner accuracy by 50% over the baseline. Additionally,
the ability to factor in non-Manhattan room shapes emphasizes
its practicality in RLR. The two-step LiDAR data filtration
contributes significantly to both reconstruction accuracy and
reliability. Even though the quality of the reconstruction might
vary with data density and accuracy, the method remains robust
in challenging situations and maintains a 2D IoU consistently
over 70%, even on round layouts.

A. Limitations of the Proposed Method

Although our method works well for most room shapes, it
approximates curved-wall rooms as polygons. Another issue
is that our method might perform less reliable because it was
trained on the Stanford 2D-3D-S dataset, not the Matterport3D
dataset we used. This discrepancy may lead to subpar filtration
of LiDAR data. Even slight inaccuracies in segmentation can
compromise the filtering process by rejecting valid measure-
ments or accepting invalid ones.

Additionally, there’s a considerable dependency on the
precise filtration of LIDAR measurements. Performance could
suffer if valid LiDAR points get misclassified as invalid, par-
ticularly in cluttered environments or close object proximities.
While such instances are rare and their impact can often
be minimized with thorough data collection, these remain as
considerations for potential users. It should be noted that in
the rooms evaluated, such effects were not observed.

B. Comparison to State-of-the-Art

The existing state-of-the-art can be categorized into LiDAR-
based methods, renowned for their precise room dimension
capture, and RGB-based methods, adept at reconstructing
cluttered rooms due to their ANN utilization for data interpre-
tation. The presented method effectively bridges this divide
by combining both techniques, pioneering a sensor fusion
approach to map intricate rooms with enhanced spatial accu-
racy and reliability. By capitalizing on each sensors inherent
advantages, it eliminates several assumptions needed for RGB-
based reconstruction.

Compared to the best-performing method from the state-
of-the-art, HoHoNet, the proposed method shows significant
improvements throughout all critical metrics, validating the
superiority of sensor fusion methods in layout reconstruction.

VI. CONCLUSION AND PROSPECTS

This study presents a new approach to Room Layout
Reconstruction (RLR) that uses both LiDAR and RGB data
to retrospectively map out unknown furnished rooms. Our
method demonstrated a strong improvement in layout esti-
mation, achieving a 2D IoU of over 90%, compared prevail-
ing methodologies. However, the context of specific metrics
and conditions under which this improvement was noted is
crucial for readers to understand its significance. Key to our
approach’s success is the ability to overcome sensor-specific
challenges: utilizing a two-stage point cloud filtering process
for precise LIDAR measurements and leveraging RGB data to
deduce azimuth positions of elusive corners, thereby reducing
ambiguities inherent in RGB depth perception. While our
method excels in capturing conventional Manhattan layouts,
it’s ability to accurately represent arbitrary room shapes with-
out the presumption of a known camera height underscores
its broader applicability in various architectural and design
scenarios.



Looking ahead, our priority is to enhance the semantic
segmentation by supplementing the same training data as for
the corner estimation. Such enhancements not only promise
better LiDAR data filtration but also more reliable wall iden-
tification. The technique is set to be adapted to address more
intricate room layouts, expanding its range of applicability -
from circular to semi-open spaces, and those that challenge the
camera’s line of sight. By addressing these challenges, we aim
to further establish our method as a versatile tool for various
architectural scenarios.
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APPENDIX

HoHoNet

Proposed
method

Fig. A.1. Comparative Analysis of the 3D Layout Reconstructions: Evaluating the Precision of HoHoNet and the Proposed Method in Detecting Hallway
Ends, Identifying Wall Projections, and Correctly Assigning Complex Structures in Diverse Layouts. Both methods identify the elongated hallway in Fig.
7.4, yet struggle to accurately map ridged wall shapes, resulting in wall parts being projected onto the floor. The proposed method outperforms HoHoNet by
correctly identifying hallway ends and preventing overestimations. In the second layout, taken from Fig. 7.5, it accurately assigns the furnace to an angled
wall, unlike HoHoNet’s Manhattan wall projection, and avoids unnatural room warping. For the rounded layout, which can also be seen in Fig. 7.6, the
proposed method surpasses HoHoNet’s rigid Manhattan layout, reconstructing a polygon closely mirroring the round shape of the actual layouts. Overall, it
demonstrates significant improvements over the baseline.

Fig. A.2. Illustration of the semantic segmentation from the original RGB data as proposed by HoHoNet on the Matterport3D dataset. The left side depicts
the original RGB and the shows the predicted semantic segmentation map. Lastly, both images are depicted superimposed. Effectively, the purple areas (walls)
and light red areas (boards) are used for the estimation of walls as these represent places where a reliable LIDAR measurement is detected.
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