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Abstract

We present uLayout, a unified model for estimating room
layout geometries from both perspective and panoramic im-
ages, whereas traditional solutions require different model
designs for each image type. The key idea of our solution is
to unify both domains into the equirectangular projection,
particularly, allocating perspective images into the most
suitable latitude coordinate to effectively exploit both do-
mains seamlessly. To address the Field-of-View (FoV) dif-
ference between the input domains, we design uLayout with
a shared feature extractor with an extra 1D-Convolution
layer to condition each domain input differently. This con-
ditioning allows us to efficiently formulate a column-wise
feature regression problem regardless of the FoV input. This
simple yet effective approach achieves competitive perfor-
mance with current state-of-the-art solutions and shows for
the first time a single end-to-end model for both domains.
Extensive experiments in the real-world datasets, LSUN,
Matterport3D, PanoContext, and Stanford 2D-3D evidence
the contribution of our approach. Code is available at
https://github.com/JonathanLee112/uLayout.

1. Introduction

The most simple geometry representation of an indoor
scene is its room layout geometry, which plays a crucial role
in many downstream tasks such as scene understanding,
robot navigation, and 3D-reconstruction [3,15,19]. For this
task, the most practical and stable solutions have been those
based on perspective and panorama images [10, 13, 21, 28].
However, these approaches present significant differences
in design, resulting in a limitation to exploit both data do-
mains with a unique model.

Solutions for room layout estimation using perspective
images typically define the problem as a semantic seg-
mentation task, aiming to classify image segments into

walls, floor, and ceiling [8, 13, 28]. In contrast, panorama-
based solutions leverage the equirectangular image projec-
tion to define the layout estimation as column-wise feature
regression thus avoiding the semantic classification prob-
lem [10, 20, 21, 23, 25, 26]. To the best of our knowl-
edge, a layout estimation model that handles perspective
and panorama image domains has not been proposed.

In this paper, we propose uLayout, a unified solution for
room layout estimation that handles both perspective and
panoramic images. Our solution projects both input data
into equirectangular coordinates, to define a column-wise
feature regression for both domains. Particularly, we project
perspective images into a specific latitude coordinate by as-
suming that a pitch angle orientation is given.

Additionally, to efficiently address the FoV differences
between the domain inputs, we use a shared feature extrac-
tor for both domains, with each domain being conditioned
differently using extra 1D convolution layers. These con-
ditioning layers allow us to adapt the difference in the se-
quence length of column-wise features due to differences in
the FoV inputs. This simple yet effective approach enables
us to learn from both domains effectively and efficiently.

We corroborate the benefits of uLayout in extensive
experiments with different setting evaluations on publicly
available real-world datasets [1, 27, 30, 33]. We com-
pared with the current state-of-the-art solutions LSUN-
ROOM [13] and FUSING [28] for perspective images.
We also compare with the current state-of-the-art solutions
LGT-Net [10] and DOP-Net [18] for panoramic images.
Our results show for the first time competitive performance
in both domains simultaneously. The details of our contri-
bution can be listed as follows:

• We present uLayout, a novel formulation for room
layout estimation that handles both perspective and
panoramic images as input.

• We efficiently use the equirectangular projection for
both input domains, particularly addressing the differ-
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Figure 1. Method Overview. uLayout is a unified layout estimation model jointly trained with panoramic and perspective images for
predicting ceiling and floor boundaries. uLayout is designed to efficiently handle images with different Field-of-Views (FoV) (See com-
parison in equirectangular coordinate in the middle) in both training and inference. uLayout achieves highly competitive performance on
LSUN [27] and Matterport3D [2] datasets.

ence in the FoV and the allocation of perspective im-
ages in the equirectangular coordinates.

• Through extensive experiments in real-world datasets,
we show for the first time state-of-art performance in
both domains simultaneously.

2. Related Work
2.1. Perspective Layout Estimation

The one of the early perspective layout estimation work
was introduced by [8]. After deep learning approaches ap-
peared, methods utilizing Convolutional Neural Networks
(CNN) and Fully Convolutional Networks (FCN) have been
proposed for layout estimation. [14] was the first to in-
troduce FCN as a segmentation network to layout estima-
tion by predicting informative edge maps. [5] proposed the
promising two-stage network for segmenting the planes and
walls by deep learning method and optimizing the output of
the vanishing points. To further improve the performance
in LSUN dataset [27], LSUN-ROOM [13] noted that room
types with fewer images in LSUN training datasets result in
higher pixel errors, particularly when surfaces are few. To
address this issue, they propose layout structure degenera-
tion, which transforms room types with more surfaces into
those with fewer surfaces. After obtaining sufficient train-
ing data in each type, the pixel error can be significantly
reduced, rendering this model one of the best 2D layout es-
timation models. For this reason, we have selected LSUN-
ROOM [13] as one of our baseline models.

In addition to focusing on 2D layout estimation, some re-
searchers have begun addressing the task of estimating 3D
layouts. [12] proposed the “Indoor World” model, based on
the Manhattan world assumption and symmetric floor and
ceiling principles. This 2D model effectively represents

scene layouts and can be converted into a 3D representa-
tion using geometric analysis of edge configurations. [29]
extract the pixel-level surface parameters of the dominant
planes, e.g., ceiling, floor, and walls, from the depth map
and utilize the deep neural network to learn the surface pa-
rameters and estimate layout by intersecting the depth maps
generated from surface parameters. To further improve
the performance, FUSING [28] employs the depth learning
module to generate a depth map, augmenting it with virtual
planar obstacles to mask specific regions. Incorporating a
depth learning module not only addresses the absence of 3D
data in 2D images but also effectively captures the relation-
ship between indoor objects and spatial structures. Follow-
ing this, feature maps are extracted using a structural feature
extraction module and then fused with those obtained from
the encoder of the depth learning module. This integrated
approach, leveraging both color and depth information, en-
ables the model to predict surface parameters at the pixel
level with higher quality compared to [29], establishing it
as one of the top-performing 3D layout estimation models.

Moreover, FUSING is primarily trained on both Matter-
port3D dataset [2] and the LSUN dataset [27], aligning with
our dataset configuration. The only distinction is that our
Matterport3D data is panoramic, while theirs is perspective.
Considering these factors, we select FUSING as one of the
baseline models for our study. In summary, our baselines
include LSUN-ROOM and FUSING, representing 2D and
3D-based perspective state-of-the-art methods, respectively.

2.2. Panoramic Layout Estimation

In the realm of panoramic layout estimation, previous
methodologies have adhered to the Manhattan World as-
sumption [4]. For example, LayoutNet [32] directly pre-
dicts corner and boundary probability maps from panora-
mas. Dula-Net [26] predicts semantic masks for 2D floor



planes using equirectangular and perspective views of ceil-
ings. EquiConvs [6] employed equirectangular convolu-
tions to generate corner and edge probability maps. Hori-
zonNet [21] and HoHoNet [22] simplify layout estimation
by utilizing 1D representations and employing Bi-LSTM
and multi-head self-attention mechanisms [24] to establish
long-range dependencies. LED2-Net [25] reframes layout
estimation by predicting the depth of walls horizontally. At-
lantaNet [17] predicts room layouts by amalgamating pro-
jections of floor and ceiling planes. DMH-Net [31] trans-
forms panoramas into cubemaps and predicts the position of
intersection lines with a learnable Hough Transform Block.
LGT-Net [10] utilizes self-attention transformers to learn
geometric relationships and capture long-range dependen-
cies. DOP-Net [18] disentangles 1D features by segment-
ing them into orthogonal plane representations and refines
the features using Graph Convolutional Network(GCN) and
transformer mechanisms.

3. Method

In this section, we present the details of our uLayout ap-
proach for unifying room layout estimation for perspective
and panorama images. In Sec. 3.1, we present details of our
preprocessing stage that allows us to align both perspective
and panoramic images into equirectangular coordinates for
a unified image projection. In Sec. 3.2, we introduce an
image allocation process, which aims to allocate perspec-
tive images onto an equirectangular projection by adjust-
ing the vertical position based on pitch angle orientation.
In Sec. 3.3, we detail our uLayout model architecture and
the loss function employed to constrain both image domains
successfully. An overview of our formulation is depicted
in Fig. 3.

3.1. Image Preprocessing

In the panorama realm, a common preprocessing tech-
nique is the vertical image alignment which ensures that all
vertical structures are aligned to the Y-axis in the equirect-
angular coordinates, ensuring that the layout estimation
problem can be defined as a column-wise feature regres-
sion [21]. In this work, we vertically align both perspective
and panorama images following the procedure described
in [30].

Additionally, to address the difference between both do-
main inputs due to different camera models, we project both
perspective and panorama images into the equirectangular
projection. For panorama images, we follow the standard
procedure presented in [10, 18, 21, 22, 25]. To project per-
spective images, we assume that each image view represents
the front face of a cubemap projection [9]. This assumption
allows us to directly map the view into equirectangular co-
ordinates.

3.2. Allocation Process for Perspective Images

(a) (b) (c)
Figure 2. Vertical shift. Starting with a perspective image (a), we
project the image into panoramic coordinates (b) where the yellow
line represents the current horizon of the perspective image. We
then adjust the pitch orientation by shifting the image downwards
to align the yellow line (horizon in perspective) with the red line
(desired horizon in the panorama) as shown in (c).

Despite unifying perspective and panorama images into
a common equirectangular projection, a substantial gap re-
mains between both domains. For instance, panoramic im-
ages can visualize the entire room context capturing the
ceiling and floor geometries regardless of the camera po-
sition. In contrast, perspective images, constrained by a
narrower FoV, capture only a portion of the room, which
may exclude the ceiling or floor geometries, leading to an
ill-posed layout problem.

To address this issue, we use the pitch angle orientation
of a perspective image, as a given extrinsic parameter, al-
lowing us to align the horizon lines of both the equirect-
angular and perspective views. This alignment process, re-
ferred to as “Vertical Shift” allocates the perspective im-
age into a specific latitude coordinate, asserting that nega-
tive and positive pitch orientations place images below and
above the equatorial line in the equirectangular view. The
examples are illustrated in Fig. 2.

Note that for practical applications, a ubiquitous inertial
measurement unit (IMU) can be used to acquire pitch an-
gle orientations for perspective images, making this image
allocation process both practical and feasible.

3.3. uLayout Model

For our uLayout model, we introduce details of our pro-
posed feature extractor that effectively exploits both do-
mains with a shared model architecture in Sec. 3.3.1 and
describe the architecture we used in Sec. 3.3.2, as well as
our model prediction and loss settings for panoramic and
perspective images in Sec. 3.3.3.

3.3.1 Efficient Feature Extractor

After projecting, aligning, and applying vertical shift to
the perspective image, we successfully unify both domains.
Due to the limited FoV of the perspective image, projecting
perspective coordinates into equirectangular ones produces
large non-informative columns, depicted as black regions
in Fig. 2-(b), which are irrelevant for our purposes. These



Figure 3. Architecture of uLayout. Firstly, a perspective image is mapped into the same equirectangular coordinate as a panoramic
image and applied the reduction method proposed in Sec. 3.3.1. Therefore, the image width of the perspective image is much smaller
than the width of the panoramic image (wpano

image > wpp
image). As a result, the feature maps after CNN and 1D convolution layers have

different sizes in the horizontal dimension (wpano
feature > wpp

feature). Hence, the FLOPs and memory usage of perspective images for
CNN and 1D convolution computation are much smaller than panoramic images. Additionally, a dual-branch design allows for seamless
feature extraction regardless of the different Fields-of-View (FoV) in perspective and panoramic domains. Finally, We utilize the SWG-
Transformer as our framework and estimate the boundary for both domains, as described in Sec. 3.3.2 and Sec. 3.3.3.

regions cause the model to learn non-essential information,
wasting time during both training and inference.

To address the issue, we propose a new mechanism to
minimize the non-informative sections and efficiently ex-
tract meaningful information. Specifically, we crop out all
non-informative columns in the perspective data similar to
the image annotated with (wpp

image in Fig. 3), while keeping
the whole vertical FoV. This allows us to retain the vertical
information while mimicking the cropped panorama data,
albeit without the top and bottom information. By employ-
ing this reduction method, we can decrease the perspective
input image width by 75%, reducing it from 1024 to 256
columns.

To further optimize data processing, we introduce a dual-
branch architecture that incorporates a shared ResNet-50 [7]
along with separate convolution layers for each branch.
The shared feature extractor allows the model to seamlessly
learn features from both domains, while the separate convo-
lutions adapt these features to handle the different sequence
lengths that result from cropping perspective images. For
the separate 1D convolution layers, we adopt the design
from [21], employing three convolution layers with kernel
sizes and strides of 4×1, 2×1, 2×1, applied independently
to each branch. These layers capture both low-level and
high-level features, compressing the height of the 2D fea-
ture maps, which are generated by ResNet-50 [7] at four
different scales. Additionally, for panoramic feature maps,
we maintain circular consistency by appending the last col-
umn before and the first column after each feature map, as
proposed in [21]. Finally, the feature maps are upsampled
to a width of 256 for panoramic maps and 64 for perspective
maps and merged into one 2D feature map, each forming a
distinct 2D feature map for their respective domains.

By applying the reduction and dual-branch architecture,

we can adapt extracted features for both domains regardless
of the FoV and save approximately 75% memory usage, and
Floating-Point Operations (FLOPs) during the feature ex-
traction process shown in Sec. 4.5. The final concatenated
feature map sizes are 1×1024×256 for panoramic images
and 1×1024×64 for perspective images. Before feeding the
data into the transformer, we zero-pad the perspective fea-
ture map to match the dimensions of the panoramic feature
map, and then concatenate all the feature maps from both
domains.

3.3.2 SWG-Transformer

We employ the SWG-Transformer framework as proposed
by LGT-Net [10]. This framework consists of four sequen-
tial blocks: Window Block, Global Block, Shifted Window
Block, and Global Block. By default, this sequence is re-
peated twice, resulting in a total of eight blocks. The Win-
dow Block enhances local geometric relationships by divid-
ing the feature maps into several regions. The Shifted Win-
dow Block serves a similar purpose but shifts the feature
maps before partitioning to capture different regions’ local
geometric relationships. The Global Block, on the other
hand, captures global geometric relationships without any
partitioning. By applying this framework, we can seam-
lessly extract both global and local contextual information
and relationships.

3.3.3 Prediction and Loss

In the LGT-Net [10] setting, the horizon depth from the
floor boundary and room height are selected as model pre-
dictions. However, due to the limitations of the FoV in
perspective images, which often capture only a portion of
the room and frequently exclude significant contextual el-
ements like the ceiling or floor, obtaining accurate room



height information based on a single ceiling or floor bound-
ary is challenging. Therefore, we directly choose the
boundaries in the image domain as our model output, avoid-
ing the difficulties associated with calculating room height
and dealing with the unsymmetric boundary problem in
perspective images. After extracting both global and lo-
cal contextual information and relationships with the SWG-
Transformer, we apply a linear layer to refine these features,
generating the final 1D boundary predictions for the ceiling
and floor.

In the panorama loss setting, we apply L1 loss to the
boundaries Lb in the image domain and the horizon depths
Ld after projecting the boundaries into a bird’s-eye view
plane. Additionally, we utilize the normal loss Ln and gra-
dient loss Lg functions as proposed in LGT-Net [10]. The
panoramic domain loss function Lpano is:

Lpano = λLb + µLd + γ(Ln + Lg) , (1)

where λ, µ, and γ are hyper-parameters. In the perspective
loss setting, we only apply L1 loss to the boundaries Lb in
the image domain. The perspective domain loss function
Lpp is:

Lpp = δLb , (2)

where δ is a hyper-parameter. The total loss Ltotal applied
in the whole model is:

Ltotal = Lpano + Lpp . (3)

4. Experiment
In this section, we will delve into our experimental setup.

In Sec. 4.1, we outline the specifics of our experiment con-
figuration. In Sec. 4.2, we introduce the datasets utilized for
joint training of our uLayout model. In Sec. 4.3, we explain
the evaluation metrics employed for both panoramic and
perspective analyses. In Sec. 4.4, we present our model’s
performance, examining its generalization with various
dataset combinations. Additionally, we conduct a compara-
tive analysis against two state-of-the-art panoramic models
LGT-Net [10], DOP-Net [18] and two baseline models for
perspective layout estimation: LSUN-ROOM [13], trained
on LSUN dataset [27], and FUSING [28], trained on per-
spective data in Matterport3D [2] and LSUN dataset [27].

In Sec. 4.5, we will present the results of joint training
on both panoramic and perspective datasets and compare
them to the results of training on each dataset individually.
Additionally, We will explore the impact of our two model
designs: vertical shift (Sec. 3.2) and efficient feature ex-
traction (Sec. 3.3.1) on the overall model performance and
efficacy.

4.1. Experiment Setting

We utilize PyTorch [16] for implementation. We employ
the Adam optimizer with a setting of β1 = 0.9 and β2 =

0.999 to train the network on a single RTX 4090 GPU for
1000 epochs using a batch size of 16 and a learning rate of
0.0001. For data augmentation in panorama, we adopt the
same approaches as used in [21]. These include standard
left-right flipping, panoramic horizontal rotation, luminance
change, and pano-stretch during training. In perspective,
we incorporate luminance change and left-right flipping for
data augmentation as well. Additionally, we set hyperpa-
rameters in the loss function as λ = 1, µ = 0.1, γ = 0.01, and
δ = 1.

4.2. Datasets

We used four datasets for our experimental evaluation:
PanoContext [30], Stanford 2D-3D [1], and MatterportLay-
out [33] for the panoramic domain, as well as LSUN [27]
for the perspective domain.

PanoContext and Stanford 2D-3D

The PanoContext [30] and Stanford 2D-3D [1] datasets con-
tain 514 and 552 annotated cuboid room layouts, respec-
tively, labeled by [32]. We follow the same data splits as
LayoutNet [32], for PanoContext [30], 413 images for train-
ing, 46 for validation, and 53 for testing; and for Stanford
2D-3D [1], 404 images for training, 33 for validation, and
113 for testing.

MatterportLayout

The MatterportLayout [33] dataset, is a subset of the larger
Matterport3D dataset as described in [2]. It comprises more
than 10,800 panorama images. Within this dataset, there
are 2,295 real-world room layouts which have been labeled
by [33]. The data splits of training, validation, and test sets
are as follows: 1,647 images are for training, 190 for vali-
dation, and 458 for testing.

LSUN

The LSUN [27] datasets, comprising a wide range of FoV
and resolution images, consist of 4000 training images, 394
validation images, and 1000 test images. As the ground
truth labels for the test set are unavailable, we evaluated
our model’s performance on the validation set, as has been
customary in prior research. Our model specifically targets
the prediction of ceiling and floor boundaries, leading us
to exclude images that only contain wall boundaries. As a
result, our training set was reduced to 3880 images, and the
validation set to 389 images.

As the LSUN [27] dataset does not provide horizon lines
and pitch angles, we validated our vertical shift concept, de-
tailed in Sec. 3.2, by utilizing the following approach. For
images with both ceiling and floor boundaries, we calcu-
lated the horizon line by averaging the y-axis values of the
lowest ceiling boundary and the highest floor boundary in
ground truth boundaries. For images with only one bound-
ary, we used perspective fields from [11] to determine the



Table 1. Experiments with the PanoContext [30] + whole Stanford
2D-3D [1] and LSUN [27] datasets.

Pano. [30] +
Whole St2D-3D. [1] LSUN [27]

Ceiling Floor
Method 2D IoU 3D IoU 2D IoU 2D IoU

LGT-Net [10] 87.88 85.16 23.49 42.69
DOP-Net [18] 88.02 85.46 33.02 41.10

LSUN-ROOM [13] - - 76.59 73.62
FUSING [28] - - 80.68 80.03

Ours 88.70 86.04 83.12 80.12

horizon line and pitch angle, as a single boundary is insuf-
ficient. With these values, we utilized our vertical shift ap-
proach to align the panoramic and perspective images. This
method was applied to both the training and validation sets
to ensure a fair comparison.

4.3. Evaluation Metrics

In the field of panoramic imaging, we utilize the estab-
lished evaluation metrics outlined in [32]. This involves
computing the horizon depth, which indicates the distance
from the camera to the horizon, for both the ground truth
and predicted boundaries. We then project these boundaries
onto a bird’s-eye view plane using a fixed camera height of
1.6 meters. Subsequently, we evaluate the intersection over
the union (IoU) of floor shapes (2D IoU) as well as the en-
tire room volume (3D IoU).

In the context of perspective domains, we compute the
2D IoU for both the ceiling and the floor. This approach is
crucial because even minor discrepancies in boundary pix-
els within the image can lead to significant deviations in the
2D IoU when projected onto a bird’s-eye view plane. Due
to the limited FoV in perspective, the images often capture
only a portion of the room, such as the ceiling or floor, con-
taining one boundary. In those instances, we evaluate the
2D IoU for the ceiling and floor separately.

4.4. Experiment Results

In this section, we will present the experimental re-
sults of uLayout using three different panoramic datasets:
PanoContext [30], Stanford 2D-3D [1] and Matterport-
Layout [33], , which were jointly trained with the LSUN
dataset [27]. We will compare these results with two state-
of-the-art panoramic baselines, LGT-Net [10] and DOP-
Net [18], as well as with two state-of-the-art perspective
baselines, LSUN-ROOM [13] and FUSING [28].

For the PanoContext [30] and Stanford 2D-3D [1]
datasets, we follow LGT-Net [10] and DOP-Net [18] to
adopt the combined panoramic datasets setting mentioned
in [32]. The “PanoContext + whole Stanford 2D-3D” con-

Table 2. Experiments with the Stanford 2D-3D [1] + whole
PanoContext [30] and LSUN [27] datasets.

St2D-3D. [1] +
Whole Pano. [30] LSUN [27]

Ceiling Floor
Method 2D IoU 3D IoU 2D IoU 2D IoU

LGT-Net [10] 88.09 86.03 16.91 30.94
DOP-Net [18] 87.73 85.58 19.88 30.81

LSUN-ROOM [13] - - 76.59 73.62
FUSING [28] - - 80.68 80.03

Ours 88.64 86.90 83.30 80.11

figuration includes the training split of PanoContext [30]
and all split of Stanford 2D-3D [1] dataset. Similarly, the
“Stanford 2D-3D + whole PanoContext”configuration fol-
lows the same definition.

In Tab. 1 and Tab. 2, When comparing ulayout model
with two panoramic baselines, it becomes evident that joint
training with the whole LSUN dataset [27] yields a perfor-
mance boost of over 0.5% on both 2D IoU and 3D IoU met-
rics. Moreover, there’s a remarkable increase of over 40%
in 2D IoU for ceiling and floor predictions in perspective.
This enhancement underscores the effectiveness of incorpo-
rating perspective data during training, enabling the model
to glean richer insights and address the limitations observed
in the current state-of-the-art models in the panoramic do-
main regarding perspective prediction. Compared to the
two perspective baselines, our model also demonstrates su-
perior performance in ceiling and floor 2D IoU. This im-
provement is particularly significant as it highlights the
model’s capability to effectively integrate and leverage both
panoramic and perspective data. Such integration enables
the model to perform robustly across diverse scenarios, of-
fering a comprehensive solution that bridges the gap be-
tween different data modalities.

In Tab. 3, while comparing with two panoramic base-
lines, uLayout’s 2D IoU performance is slightly lower than
that of DOP-Net [18], but its 3D IoU performance sur-
passes both panoramic baselines. Consistent with the find-
ings in Tab. 1 and Tab. 2, our model shows over a 40% per-
formance increase compared to two panoramic baselines in
perspective. Regarding the two perspective baselines, uLay-
out outperforms them in ceiling and floor 2D IoU, partic-
ularly excelling in ceiling 2D IoU. These results suggest
that joint training on panoramic and perspective data can
enhance performance across both domains.

Overall, the uLayout model demonstrates strong gener-
alization capabilities across different datasets. By training
on the LSUN dataset and evaluating multiple benchmarks,
the model consistently shows enhanced performance in both
panoramic and perspective domains. This ability to general-



Table 3. Experiments with the MatterportLayout [33] and
LSUN [27] datasets.

MatterportLayout [33] LSUN [27]

Ceiling Floor
Method 2DIoU 3DIoU 2DIoU 2DIoU

LGT-Net [10] 83.52 81.11 6.86 26.06
DOP-Net [18] 84.11 81.70 8.78 31.17

LSUN-ROOM [13] - - 76.59 73.62
FUSING [28] - - 80.68 80.03

Ours 84.05 81.84 83.61 80.25

Table 4. Ablation study with the MatterportLayout [33] and
LSUN [27] datasets.

MatterportLayout [33] LSUN [27]

Ceiling Floor
Method 2D IoU 3D IoU 2D IoU 2D IoU

only panorama 83.08 80.83 3.96 0.57
only perspective 31.71 29.46 74.84 75.09
w/o Vertical Shift 83.35 81.32 78.22 72.20

Ours 84.05 81.84 83.61 80.25

ize indicates that the model is not only effective in a specific
dataset but also adaptable to various data distributions and
environments.

4.5. Ablation Study

In this section, we conduct an ablation study to evaluate
both the performance and computational cost of our uLay-
out model. Specifically, we will assess the model’s perfor-
mance when trained solely on the MatterportLayout [33]
dataset, solely on the LSUN [27] dataset, and jointly on both
datasets to demonstrate the benefits of joint training across
domains. Additionally, we will present results without ap-
plying the vertical shift mentioned in Sec. 3.2 to evaluate
the effectiveness of this method. From the perspective of
computational cost, we will assess the time, memory usage,
and Floating-Point Operations (FLOPs) associated with ef-
ficient feature extraction (outlined in Sec. 3.3.1) and com-
pare these metrics with those of the original feature extrac-
tor proposed by [21] and also applied in LGT-Net [10].

In Tab. 4, training solely on panorama images re-
sults in high performance for panorama views but rela-
tively low performance for perspective views. Conversely,
when trained exclusively on perspective images, the model
demonstrates poor performance on panorama views but per-
forms reasonably well on perspective views. These find-
ings suggest that specialized training on a single type of im-
agery enhances performance for that type but does not gen-

Table 5. Ablation study about inference time, GPU Memory and
FLOPs on perspective image.

Resnet50 [7]

time↓ Memory↓ FLOPs↓
Method (ms) (MB) (GFLOPs)

Original Feature Extraction 1.88 75.00 107.93
Efficient Feature Extraction 1.88 19.22 26.98

1D Convolution

time↓ Memory↓ FLOPs↓
Method (ms) (MB) (GFLOPs)

Original Feature Extraction 3.48 1.25 63.86
Efficient Feature Extraction 1.17 0.31 15.97

eralize well across different image domains. Excluding the
vertical shift method results in a noticeable drop in perfor-
mance across both domains due to an ill-posed issue in per-
spective, as described in Sec. 3.2. Without proper vertical
alignment, the model struggles to seamlessly learn features
from both domains, leading to reduced overall effective-
ness. In contrast, our proposed model, which incorporates
both panorama and perspective training along with the ver-
tical shift, achieves the best results. This demonstrates the
effectiveness of our approach in leveraging multiple views
and the vertical shift technique for improved layout estima-
tion.

In the “w/o Vertical Shift” experiment, we exclude the
depth loss, normal loss, and gradient loss from the loss set-
ting mentioned in Sec. 3.3.3. The rationale is that project-
ing the image domain boundaries to the horizon depth in a
bird’s-eye view plane could result in infinite or even nega-
tive horizon depth values. Additionally, for the same rea-
son, we still apply the Vertical Shift on the validation set in
LSUN [27] when calculating the ceiling and floor 2DIoU.

In Tab. 5, we present measurements of time, memory,
and FLOPs in the perspective domain for both the original
feature extractor proposed in [21] and the efficient feature
extractor in our uLayout model. Our design adjustments
in Sec. 3.3.1 result in a remarkable reduction of approxi-
mately 75% in both memory usage and FLOPs for Resnet-
50 [7]. This reduction is achieved by minimizing the zero-
padding region by 75% on perspective data. Similarly, in
the convolution part, we’ve managed to reduce time, mem-
ory, and FLOPs by nearly 75%.

4.6. Qualitative Results

4.6.1 Qualitative Result on Panoramic Images.

In Fig. 4, we present several qualitative samples of
panoramic images from the Stanford 2D-3D [1] dataset.
Our model shows effective improvements compared to the



Figure 4. Qualitative Results for Panoramic Images. Red line denote ground truth layout. Cyan lines denote predicted layout.

Figure 5. Qualitative Results for Perspective Images. Red line denote ground truth layout. Cyan lines denote predicted layout.

two panoramic baselines, LGT-Net [10] and DOP-Net [18],
by predicting more precise boundaries when the camera is
close to the wall.

4.6.2 Qualitative Result on Perspective Images.

We present several qualitative results from our uLayout
model alongside two perspective baselines. Our model
demonstrates effective improvement in predicting scenes
where boundaries are occluded by furniture in Fig. 5.

5. Conclusion

In this paper, we employ a unified model capable of joint
training on panorama and perspective images. Addition-
ally, we propose a vertical shift approach to transform per-

spective images into a format more similar to panoramas,
facilitating easier learning for the model across both do-
mains. Moreover, we introduce efficient feature extraction
techniques to reduce computation time, memory usage, and
FLOPs in the perspective domain. Through comprehensive
evaluation, we present a state-of-the-art unified model pro-
ficient in handling data from both perspective and panorama
domains, demonstrating promising performance.
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