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Abstract— Bird’s-Eye-View (BEV) segmentation is a essential
technology for safe and efficient navigation. This is even more
necessary in indoor driving, where there are dynamic and
unstructured objects such as people and robot. However, since
there is no way to generate training data, most of the researches
have been conducted mainly in outdoor environments. In
this paper, we propose an innovative approach to address
this challenge. We automatically generate BEV training data
for indoor environments based on the physics engine of a
simulator. This eliminates the needs for tons of real data and
virtual environments. We also propose a lightweight network
architecture capable of BEV panoptic segmentation in real-
time. Based on this network and simple image processing, our
framework shows fast but also robust performance in real-
world environments with no gap between simulation and reality.
The network can inference at a speed of about 61 FPS on
AGX Orin in FP16 mode. Furthermore, it outperforms existing
algorithms in the semantic segmentation task, achieving 14%
higher mIoU.

I. INTRODUCTION

The driving environment of a mobile robot or car is
usually complex, as it is surrounded by a large number of
obstacles. To ensure safe and efficient navigation, acquiring
precise information about the spatial location and volume
of these obstacles is imperative. A conservative approach
prioritizing safety can prevent accidents but may suffer
from accuracy degradation. On the other hand, approach
focusing on accuracy rather than safety can be expensive
due to the needs of more sensors and high computational
power. Therefore, dealing with the trade-off between safety
and efficiency is an essential part of autonomous driving
perception.

LiDAR-based navigation is a representative example of fo-
cusing on safety. LiDAR can accurately measure the distance
to obstacles based on physical signals. As this is important
for recognizing the driving environment, many perception-
related studies have used LiDAR-based approaches and
shown good performance in tasks such as 3D object de-
tection [1]–[7]. However, LiDAR requires high initial cost,
and may provide less accurate measurements depending on
the material of the object. It also demands higher power
consumption compared to other sensors.

Meanwhile, vision-based navigation is being actively stud-
ied as a cost-effective alternative to LiDAR. In particular,
3D object detection [8]–[10] and occupancy prediction [11],
[12] can be good substitutes of LiDAR because they include

*These two authors contributed equally.
1NAVER LABS, Seongnam-si, Gyeonggi-do, 13561, South

Korea. email: {dawit.kim, jungmo.koo, jseob.y,
soonyong.park}@naverlabs.com

prediction of physical distance information. These stud-
ies showed promising performance using large-scale open
datasets such as nuScene [13] and KITTI [14]. However,
3D object detection only predict instances and does not en-
compass regions such as drivable area. Although occupancy
prediction densely represents the environment, it requires a
lot of computational power and is too slow for real-time
applications.

Bird’s-Eye-View (BEV) segmentation [15]–[18] can be
a way to overcome the problems mentioned above. By
predicting a top-view image of the scene, it effectively
represents the surroundings. This method can also predict
areas occluded by obstacles, providing assistance for efficient
navigation. However, in the view of train data, BEV images
must be paired with front-view images, which is challenging
to achieve in real-world. To solve this problem, satellite or
aerial images must be used, but it is unrealistic to completely
match them due to pair them with corresponding front-view
images due to unsynchronized time stamps. Even this can
only be used in outdoor environments. There is no way to
obtain data for indoor environments blocked by a ceiling.

In this paper, we present significant contributions that
advance the field of indoor BEV segmentation. Our work
focuses on addressing key challenges related to data genera-
tion and real-world applicability. Our main contributions are
as follows:

• We present an automatic method to generate indoor
BEV data and a pipeline that bridges the sim-to-real
gap (the gap between simulation and real world) for
real-world inference.

• We propose a lightweight BEV panoptic segmenta-
tion network called PeneBEV (Penetrating Bird’s-Eye-
View). This network provides a map like a bird sees
through a indoor space from the air. It achieved 61fps
when running in FP16 mode on AGX Orin.

• Our model achieved 77.25% mIoU performance and
about 6.6 cm distance error on our test set when trained
solely on automatically generated data.

II. RELATED WORK
A. BEV segmentation based on RGB image

Pioneering researches [10], [15]–[21] predict a BEV map
directly from front-facing camera RGB image in an end-
to-end manner. The algorithm requires a BEV segmentation
ground truth that accurately corresponds to the frontal im-
age. For outdoor environments, BEV data can be obtained
by various methods, including satellite imagery, maps, Li-
DAR, and GPS. However, collecting BEV images in indoor
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Fig. 1. Overall architecture of PeneBEV. During training, we use the semantic color map from a simulated ideal pinhole camera, and during inference,
we convert a real image into an image with the same geometric characteristics as the simulation. PeneBEV extracts features from this map, converting
them into BEV features for efficient localization and segmentation.

robot driving environments poses challenging issues and
even direct capturing is limited by ceiling constraints. Sky-
Eye [22] employs a self-supervised approach to overcome
the challenges of generating accurate ground truth data.
This approach is highly valuable as it enables learning
of BEV estimation based solely on semantic ground truth
from frontal views. This technique mandates the recording
of the camera’s pose information and and utilize state-of-
the-art monodepth to generate pseudolabels. Nevertheless,
owing to scale ambiguity and inconsistency, the outcome of
pseudolabel generation could fluctuate contingently on post-
processing methodologies.

B. BEV segmentation based on semantic map

Some methods [23], [24] do not utilize the camera image
as an input, but instead employs a segmentation mask as
the input source. Firstly, this approach enables the use of a
small network as the semantic information does not need to
be processed by the network. Secondly, It simplifies the BEV
segmentation process as the network only needs to perform
the perspective conversion using the semantic information
already known from the input mask. Finally, the greatest
advantage is that there is no sim-to-real gap. BEV can be
performed without visual aid and thus can be simulated. Our
research was inspired by this approach.

III. METHODOLOGY

Since BEV data cannot be collected in real indoor en-
vironments, the only way to train a BEV segmentation
network is to use data generated by simulation. However,
creating a virtual environment for all indoor settings with
diverse objects and layouts is impossible. In addition, there
will always be a gap between simulation and reality due
to various factors such as data characteristics and camera
image distortion. We propose methods to minimize this
gap by processing the real and simulated images to have

the same geometric characteristics (Sec. III-B) and fully
automatically generate data that can cover a wide range of
indoor environments (Sec. III-C). In addition, we introduce
a network architecture that enables real-time BEV panoptic
segmentation at edge devices (Sec. III-D).

A. Overall architecture

Fig. 1 illustrates the overall architecture of our proposed
method. During the training phase, we directly use the
semantic color map obtained from ideal pinhole camera
in the simulation. Meanwhile, in the inference phase, we
convert distorted images captured by a real camera into
images that have exactly same geometric attributes as the
simulation.

PeneBEV extracts features from a semantic color map and
converts them into BEV features through spatial transformer.
The fused features are used by the object detection, instance
segmentation and semantic segmentation heads to derive
bounding boxes, instance masks and semantic maps in the
BEV, respectively.

B. Real-to-Sim camera setup

The frontal images of NLST dataset in Section III-C are
captured by a simulated camera without distortion. As a
result, there exists a discrepancy when using disorted images
from real world as input. To accomplish this issue, we
synchronize cameras of simulation and real world. Firstly, we
do intrinsic calibration of real world camera with patterned
board. In our setting, we use basalt [25] with Double sphere
model [26] because our camera has large field of view
over 150 degrees. After intrinsic calibration, all images are
undistorted and cropped into dense image. Specifically we
precompute the valid angle of view preventing empty image
region for cropping. Secondly we precisely solve 6DOF
camera pose based on AprilTag [27] and PnP. We regards
the result as camera pose compared to the ground assuming
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AprilTag plane is identical to the ground. Finally we set
simulated camera as same as precisely calibrated real camera.
Synchronized virtual camera insures that pixel rays from a
real image can one-to-one match with those from a simulated
image. This synchronization eliminates any discrepancies
between images from the simulation and real world. This
process is represented in Fig. 2.
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Fig. 2. The process of generating perfectly identical images between the
real-world and the simulated camera. Since the camera used in the real-world
uses a wide-angle lens, it was calibrated using double sphere camera model.
To find the valid angle of view and resolution, crop from the undistorted
image and use it in the simulation environment for NLST dataset.

C. BEV data auto-generation

Outdoor driving environments are relatively less dynamic
than indoor ones. This is because they are subject to the traf-
fic system and there are a limited number of things that can
appear on the road, such as cars, traffic lights and pedestrians.
Furthermore, outdoor driving simulation environments such
as NVIDIA Drive Sim [28], CARLA [29] and LGSVL [30]
are actively used. This enables the acquisition of a significant
amount of high-quality simulation data. On the other hand,
indoor driving simulation is quite irregular and the shape of
objects is inconsistent. This makes it challenging to create a
realistic scene.

To solve this problem, we propose NLST (NAVER
LABS Sliding Things), a highly effective method for indoor
scene generation. NLST works in a similar way to Falling
Things [31], using the simulator’s physics engine to collect
data across various scenarios. Fig. 3 describes how NLST
generates a scene. It generates multiple data from a single
scene as follows. First, a random combination of people,
furniture, a robot and obstacles are generated at different
distances from the front camera and allowed to slide towards
the front camera. At each simulation step, training data is
collected by simultaneously collecting images and semantic
maps from the front camera and the BEV camera. During
the sliding process, the distance to the objects varies and
the objects bounce off each other due to collisions between
them. Because of these phenomena, a large variety of data is
generated from a single scene. We also imposed a constraint
on the physics engine: the objects are fixed for all rotations
and translations in all directions except the sliding direction.
The reason for this is to prevent objects from being thrown
into the air by collisions.

In a real indoor environment, objects are not always close
together. When the scene is generated using the method
described above, the objects are initially separated, but
are brought closer together with each simulation step. To
simulate the space between the objects, we create space
cubes. These cubes are randomly sized and have no visual
model but only a collision model. This is intended to act as
a support between objects, creating gaps even though it is
not visible in the camera’s image.

Sliding Things is based on Isaac Sim [32], which offers a
reasonable physics engine and a high level of development
comfort. There are other physics-based simulators such as
Unreal Engine [33] and Unity [34], but Isaac Sim provides a
wide range of tools for AI research, making it easy to obtain
the desired labels. For data generation, we used 10 human
models, 1 custom robot model, 87 furniture models extracted
from Amazon-Berkeley-objects [35]. We then trained a BEV
segmentation network using about 80,000 pieces of synthetic
data. The occluded area is post-processed after generating the
BEV mask and is added as a class for training. This occluded
class is different from the obstacle class and is categorized
as an area that cannot be traversed during navigation.
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Front-view camera

BEV camera
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ing
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Fig. 3. Conceptual diagram of NLST. It randomly selects various types of
obstacles and forces them to slide towards the front-view camera. For each
simulation step, RGB image and semantic map for Front-view / BEV are
collected.

D. PeneBEV
In this section, we describe the architecture of PeneBEV.

It is based on RTMDet-ins [36], a real-time instance segmen-
tation network. We added a Spatial transformer [23] and a
segmentation head to this structure. Spatial transformer trans-
forms the front-view features extracted by the backbone into
BEV features, and the head performs semantic segmentation
with very small features.

PeneBEV takes a monocular semantic color map Is ∈
R3×H×W as input. For feature extraction, it uses CSPNeXt
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B [36] as a backbone and derives the front-view features
Ff

i ∈ RCi×Hi×Wi at level i. For efficient inference, we
only use features of the last three levels. Given that there
are N levels of CSPNeXt, this can be expressed as follows.

Ff = {Ff
i}Ni=N−2 = B(Is) (1)

The extracted front-view features Ff are passed through
Spatial transformer S and converted to BEV features
Fb

i ∈ RCi×Hi×Wi at level i. Spatial transformer takes
as input the features Ff , intrinsic Kf ∈ R3×3, rotation
extrinsic Rf ∈ R3×3 and translation extrinsic tf ∈ R3 for
the front view and the intrinsic Kb ∈ R3×3, rotation extrinsic
Rb ∈ R3×3 and translation extrinsic tb ∈ R3 for the BEV.
this can be expressed as follows.

Fb
i = S(Ff

i,Kf , [Rf | tf ],Kb, [Rb | tb]) (2)

Like front-view features Ff , BEV features Fb are composed
of three levels of features, and a fused features F are
obtained by PAFPN P [37]. In this process, multi-level BEV
features are fused to produce features that are very small in
size but contains rich information. This can be represented
as follows.

F = P({Fb
i}Ni=N−2) (3)

The fused features F provide effective clues to perform
various tasks. Finally, the object detection head Hd, instance
segmentation head Hi, and semantic segmentation head Hs

are used to perform each task.
We used multi-task loss to ensure that the backbone and

all task heads were well trained. For the object detection loss,
we used a combination of QFL [38] and GIoU loss [39]. The
expressions below represent each loss.

Lq = −|yq − σ|β((1− yq)log(1− σ) + yqlog(σ)) (4)

Lg = 1− (
|A ∩B|
|A ∪B| −

|C \ (A ∪B)|
|C| ) (5)

In Eq. 4, yq is the quality score, which is a joint repre-
sentation of the classification score and the IoU score, σ
is σ(Hd(F) taking the sigmoid of the prediction result,
and β is a parameter for the scale factor. In Eq. 5, A,
B and C are the ground truth box, the predicted box and
the smallest box containing them, respectively. For semantic
segmentation loss Ls, we used cross-entropy loss, and for
instance segmentation loss Li, we used Dice loss [40].
Finally, the loss used for training is as follows.

L = λqLq + λgLg + λsLs + λiLi (6)

where λq , λg , λs, and λi are weights to adjust how much
each task loss counts towards the total loss. We used all
values as 1.

IV. EXPERIMENT

In this section, we quantitatively and qualitatively compare
the performance of our method and other algorithms. In
addition, we present the experimental results using a robot in
a real environment to demonstrate that indoor robot driving

based on a monocular camera is possible using our proposed
method. For the quantitative evaluation, since there is no way
to obtain BEV ground truth for the indoor environment, there
is no open dataset. So we used data collected in a simulated
environment. Meanwhile, for the qualitative evaluation, we
used data from both real and simulated environments.

A. Quantitative Evaluation

To quantitatively evaluate the generalization performance
of the algorithms, we collected 1,000 data from an office
scene released as open source by NVIDIA. All the furniture
in this environment has never been used for training, and all
networks were trained only on automatically generated data.
Therefore, we can perform quantitative evaluation without
worrying about cheating. The distances were derived by
comparing the 2D LiDAR obtained by ray-casting the ground
truth BEV mask and the predicted BEV mask. We also
measured the inference speed on NVIDIA Orin AGX 32GB
to verify that real-time inference is possible.

Table I shows the evaluation results of each algorithm. We
did not create a large model because real-time computation is
required at the edge. In semantic segmentation, PeneBEV has
the highest mIoU, which is about 162% higher than IPM (In-
verse Perspective Mapping) [41] and about 14% higher than
Cam2BEV for a medium-sized model. In Table II, which
shows the IoU for each class, Cam2BEV showed low per-
formance for Person and Robot belonging to instance-level
classes, but our method has much higher performance. This
means that Cam2BEV is not well trained about instance-level
classes because it only performs semantic segmentation. In
Table I, the semantic segmentation performance of RTMDet
decreases as the size of the model increases. It means that the
generalization performance is not good due to the overfitting
problem occurs as the capacity of the model increases. In par-
ticular, this trend is more pronounced in object detection and
instance segmentation. The performance of tiny and medium
models dropped from 89.42 to 84.57 and 82.84 to 74.44,
respectively. The performance degradation is relatively small
with the semantic head, but still shows the same trend. On
the other hand, PeneBEV outperformed all other algorithms
with a tiny model, and its performance tended to improve
as the model size increased. This suggests that our proposed
network architecture has good generalization performance.
Finally, in distance estimation, Cam2BEV showed an error
of about 6.93 cm, while PeneBEV-m performed better with
an error of about 6.65 cm.

In addition, We evaluated the inference time of the al-
gorithms on AGX Orin. Cam2BEV exhibited an inference
time of 19.66 ms, while the PeneBEV-s model achieved
16.32 ms. Our model is faster than the baseline by 3.21
ms, and the mIoU is higher by about 9.0%p. This means
that PeneBEV has an efficient architecture that is superior to
existing algorithms in both performance and speed.

B. Qualitative Evaluation

Fig. 5 shows the results of qualitative comparison between
Cam2BEV and PeneBEV. The results located at the top are
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TABLE I
EXPERIMENTAL RESULTS. PENEBEV-TINY IS THE SMALLEST MODEL, PENEBEV-S IS THE SMALL MODEL, AND PENEBEV-M IS THE MEDIUM MODEL.

Method Semantic Head Input Shape Latency Object Detection Instance Segmentation Semantic Segmentation Distance Estimation

(ms) AP AP50 AP AP50 mIoU (%) MAE (cm) RMSE

IPM - 768×384 0.56 - - - - 29.49 9.093 0.2061
Cam2BEV - 768×384 19.66 - - - - 67.88 6.928 0.1692

RTMDet-tiny 768×384 14.59 44.23 89.42 36.52 82.84 - - -
✓ 768×384 15.00 44.86 90.43 35.96 82.82 74.26 6.942 0.1738

PeneBEV-tiny (Ours) ✓ 768×384 16.32 47.73 91.90 37.42 82.99 76.07 6.838 0.1676

RTMDet-s 768×384 15.45 44.83 88.09 36.74 82.47 - - -
✓ 768×384 15.84 44.04 87.06 36.26 81.34 73.90 6.951 0.1773

PeneBEV-s (Ours) ✓ 768×384 16.45 47.60 92.27 37.07 84.91 76.91 6.676 0.1638

RTMDet-m 768×384 20.07 40.39 84.57 31.62 74.44 - - -
✓ 768×384 20.45 44.79 87.24 36.14 79.88 73.55 7.067 0.1781

PeneBEV-m (Ours) ✓ 768×384 21.23 48.79 91.92 39.07 86.82 77.25 6.646 0.1646

TABLE II
IOU (%) FOR EACH CLASS ON THE EVALUATION DATASET

Method Drivable Obstacle Person Robot Occluded

IPM 63.37 50.74 7.22 15.56 10.57
Cam2BEV 90.92 84.93 32.76 69.22 61.57

RTMDet-tiny 87.27 81.55 50.60 76.64 75.22
PeneBEV-tiny (Ours) 88.16 82.60 52.73 79.54 77.31

RTMDet-s 87.18 81.27 48.19 78.13 74.75
PeneBEV-s (Ours) 88.24 82.40 55.60 78.34 79.98

RTMDet-m 87.37 81.55 46.56 78.70 73.55
PeneBEV-m (Ours) 90.88 85.01 54.44 77.72 78.19

from simulation where ground truth for the BEV semantic
map exists. The figures on the far right of each row are
maps showing the performance differences. In these maps,
the white areas are where both algorithms are correct, the
green areas are where only PeneBEV is correct, the blue
areas are where only Cam2BEV is correct, and the red
areas are where both are incorrect. Overall, PeneBEV is
more robust than Cam2BEV to objects with parts that are
not attached to the floor, such as desks and chairs. It also
predicts the area more accurately for instance-level classes
than Cam2BEV due to the positive impact of the structure
performing instance segmentation together.

The results located at the bottom of Fig. 5 compare the
results on real data. Front-view segmentation was performed
using PIDNet-s [42] model trained on a small set of anno-
tations. Since it is not possible to collect BEV images in
the real world, the predicted BEV results were warped to fit
the front-view and overlaid. The results show that when one
foot of a walking person is off the ground, Cam2BEV only
predicts the area for the other foot, while PeneBEV predicts
the area correctly. Also, as mentioned above, Cam2BEV
incorrectly predicts the area under the desk as a drivable area,
but PeneBEV correctly predicts the area occupied by the
desk. In addition, PeneBEV is more robust to noise in front-
view segmentation compared to Cam2BEV, and predicts
areas more accurately in scenes with many desks and chairs.

C. Real-world Autonomous Driving

We conducted a real-world experiment to verify that BEV
segmentation alone is sufficient for safe driving. We applied
ray-casting to the BEV segmentation to obtain a virtual 2D

LiDAR and used the DWA planner [43] to perform the
driving. The results, as shown in the figure, demonstrate
that it is possible to accurately locate obstacles in various
situations. It also shows that PeneBEV trained with data
generated by NLST is robust in real environments.

BEV Overlay BEV map DWA planner

Fig. 4. Experimental results of robot driving in real environment. The input
of DWA is the result calculated using only BEV segmentation without any
other sensor. The robot used in the experiment is a two-wheeled robot.

V. CONCLUSIONS
In this paper, we propose a method for BEV segmentation

in indoor environments, which was previously only possible
for outdoor environments. NLST solves the data challenges
of BEV segmentation by automatically collecting training
data. We also propose PeneBEV, a network capable of real-
time panoptic segmentation on edge devices. We demon-
strated its high performance compared to other algorithms
through qualitative and quantitative experiments. Finally,
through experiments with a mobile robot in a real-world
environment, we show that safe indoor driving is possible
using only a monocular camera based on PeneBEV.
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Fig. 5. Qualitative evaluation results in simulation (top) and real (bottom) environments. We compare the performance of PeneBEV with baseline. For the
simulation, the results of each algorithm were overaid on the ground truth, and for the real environment, they were warped and overaid on the front-view
RGB image. The yellow circles show where baseline incorrectly predicts. In both simulated and real-world environments, PeneBEV performs more robustly.
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