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Fig. 1: THUD robotic dataset, first column: real and synthetic data acquisition platforms; second column: scene classes and
annotation types; third column: applications supported by THUD.

Abstract—Most existing robotic datasets capture static scene
data and thus are limited in evaluating robots’ dynamic
performance. To address this, we present a mobile robot
oriented large-scale indoor dataset, denoted as THUD (Tsinghua
University Dynamic) robotic dataset, for training and evaluating
their dynamic scene understanding algorithms. Specifically,
the THUD dataset construction is first detailed, including
organization, acquisition, and annotation methods. It comprises
both real-world and synthetic data, collected with a real robot
platform and a physical simulation platform, respectively. Our
current dataset includes 13 larges-scale dynamic scenarios,
90K image frames, 20M 2D/3D bounding boxes of static and
dynamic objects, camera poses, and IMU. The dataset is still
continuously expanding. Then, the performance of mainstream
indoor scene understanding tasks, e.g. 3D object detection,
semantic segmentation, and robot relocalization, is evaluated on
our THUD dataset. These experiments reveal serious challenges
for some robot scene understanding tasks in dynamic scenes.
By sharing this dataset, we aim to foster and iterate new mobile
robot algorithms quickly for robot actual working dynamic
environment, i.e. complex crowded dynamic scenes.

Index Terms—mobile robot, RGB-D dataset, dynamic indoor
scenes

I. INTRODUCTION

Mobile robots are widely used in various scenarios, e.g.
restaurant and supermarket, which are typical dynamic envi-
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ronments with many moving objects. However, most existing
mobile robotic datasets mainly capture data of static scenes,
which cannot support well in training and evaluating mobile
robots for their practical working status, particularly for
large-scale indoor scenes. To overcome this limitation, we
have constructed a dataset specifically designed for training
mobile robot to perform various tasks in large-scale dynamic
indoor scenes.

The overview of our mobile robot oriented large-scale in-
door dataset, named THUD (Tsinghua University Dynamic),
is shown in Fig. 1. First, the dataset is acquired in 13
dynamic scenarios, i.e. 8 real-world and 5 synthetic scenes,
with moving pedestrians, mobile robots, shopping cart, and
other dynamic objects. The data are collected via a real robot
platform and a physical simulation platform, both containing
different levels of dynamic complexity. This is useful in
evaluating real mobile robots’ performance in restaurant-like
scenarios, which have vary dynamic complexity in different
time period. Then, to provide rich information, the collected
data is annotated with dense ground-truth labels, including
over 90K frames (each with a RGB image and a depth map),
over 20M 2D/3D object detection bounding boxes, semantic
segmentation annotations, and camera poses. This makes our
dataset applicable to both static and dynamic mobile robot
indoor tasks.
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TABLE I: RGB-D Datasets Comparison

Type Dataset Data
type Year # Labels # Annotations

per frame
# Object
classes

Dynamic
objectsa

Tasksb

2D 3D SS RC

2D

B3DO [1] Real 2011 849 frames 2∼5 50+ × ✓ × × ×
NYU-Depth v2 [2] Real 2012 1,449 frames 30∼40 894 × × × ✓ ×
SUN3D [3] Real 2013 8 scans 10∼15 - × × × ✓ ✓
Stanford 2D-3D-S [4] Real 2017 70,496 frames 10∼15 13 × × × ✓ ×
SceneNet RGB-D [5] Synthetic 2017 5M frames 20∼30 255 × × × ✓ ✓

3D

SUN RGB-D [6] Real 2015 10k frames 20∼30 800 × × ✓ ✓ ✓
ScanNet [7] Real 2017 2.5M frames 10∼15 21 × × ✓ ✓ ✓
SUN-CG [8] Synthetic 2017 500k frames 5∼15 84 × × × ✓ ✓
Matterport 3D [9] Real 2017 194,400 frames 5∼15 40 × × × ✓ ✓
InteriorNet [10] Synthetic 2018 20M frames 20∼30 158 × × × ✓ ✓
ARKitScenes [11] Real 2022 5,047 scans 5∼10 17 × × ✓ × ×
ScanNet++ [12] Real 2023 1,858 scans 20∼30 1,000+ × × × ✓ ✓

THUD(Ours) Synthetic&Real 2023 90k frames 150∼200 91 ✓ ✓ ✓ ✓ ✓
aDynamic objects: Includes moving robots, walking people, and people moving with shopping carts.
b2D: 2D Object Detection; 3D: 3D Object Detection; SS: Semantic Segmentation; RC: 3D Reconstruction.

Thus, we evaluated and tested THUD on some repre-
sentative algorithms from static and dynamic mobile robot
indoor tasks, i.e. 3D object detection, semantic segmentation,
and robot relocalization tasks. The results demonstrate that
algorithms designed for different tasks exhibit varying de-
grees of performance degradation in scenes include dynamic
objects, especially in robot relocalization. We can expect our
dataset or its expanding version will support other static
and dynamic indoor mobile robot tasks well, e.g. scene
reconstruction, semantic map construction, robot navigation,
object tracking, semantic segmentation, trajectory prediction,
domain adaption, etc.

By utilizing the THUD dataset, we hope to provide a
valuable resource for researchers and developers in the field
of mobile robotics, fostering the development and perfor-
mance improvement of mobile robot systems. By sharing this
dataset, we aim to encourage more researchers to participate,
facilitating continuous innovation and progress in mobile
robot studies.

II. RELATED WORK

Scene understanding is one of the most fundamental topics
in robot environment perception and includes many common
tasks in computer vision, such as: 3D object detection, object
classification, semantic segmentation, pose estimation, spatial
layout estimation, CAD model retrieval and alignment, etc.
With the development of more lightweight and low-cost
RGB-D sensors, personal users can get convenient access
to images and depth data of indoor scenes. Therefore, many
related works on RGB-D datasets have emerged to meet the
evolving needs of robot perception algorithms.

Some popular datasets are summarized in Table I. Based
on their annotation types, those RBG-D datasets are coarsely
divided into two categories: annotated in 2D domain and
annotated in 3D domain.

Since effective and intensive 3D annotations is hard to ac-
quire, some works label RGB-D images with 2D annotations,
which indirectly serve as ground truth for 3D tasks. Berkeley
3D Object Dataset [1] has 2D bounding box annotations on
RGB-D images, NYU Depth v2 [2] includes 2D semantic

segmentation from short RGB-D videos with 1449 selected
frames tagged, SUN3D [3] dataset is composed of 415 RGB-
D video sequences in 254 scenes. Stanford 2D-3D-Semantics
dataset [4] utilizes the iGibson simulation environment to
provide large scale virtual scenes with 2D texture, geometric
as well as semantic information. SceneNet RGB-D dataset [5]
contains 5000k images and different kinds of 2D annotations.

3D annotation is challenging, yet some works have still
made significant contributions. SUN RGB-D [6] contains
10,335 RGB-D images with dense 2D/3D annotations, in-
cluding 2D polygons, 3D bounding boxes with accurate
object orientation and 3D room layout. ScanNet [7] contains
a total of 1,513 video sequences with annotations of 3D cam-
era poses, surface reconstruction and semantic segmentation,
and partially aligned CAD models. SUN-CG [8] provides
45k virtual scene layouts and 500k ren- dered images with
single-view RGB, depth maps and semantic segmentation
maps. Matterport 3D [9] contains 194,400 RGB- D images
to generate panoramas with surface reconstruction, camera
position and 2D/3D semantic segmentation annota- tions.
InteriorNet [10] is rendered entirely in virtual home scenes
and contains 15k sequences. ARKitScenes [11] improves
the resolution of ground truth geometry from laser scans.
ScanNet++ [12] is a new dataset that contains 460 high-
resolution 3D reconstructions of indoor scenes with dense
semantic and instance annotations.

Drawing references from both 2D and 3D annotation
works, current datasets lack dynamic objects and pedestrians,
which are highly common in real-world scenes [13]–[20]
and pose sufficient challenges for robot-related research.
These datasets commonly exhibit issues such as poor data
quality, small annotation volumes, limited label types, noisy
annotations, and unreasonable virtual scene layouts. Current
research often requires testing, training, and deployment on
real hardware in virtual scenarios, which the current datasets
cannot fully satisfy.

A. Contributions and Advantages of THUD

• Our dataset provides data annotated with dynamic in-
stances for large-scale indoor scenes, which is closer
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to mobile robots’ real working environment, posing
significant challenges to dynamic robot tasks.

• Our dataset supports training and testing for various
robotic scene understanding tasks (object detection, se-
mantic segmentation, robot relocalization, scene recon-
struction, etc.)

• Our dataset contains both real and synthetic annotated
data, which can satisfy the testing of mobile robot
algorithms in different scenes.

III. DATASET CONSTRUCTION

A. Data Acquisition

1) Real Data Acquisition:
Acquisition platform: Data collection relies on the

PUDUbot2 & Kinect V2 joint collection platform, as de-
picted in Fig. 2 PUDUbot2 is an advanced mobile service
robot that, when in developer mode, can record real-time
robot poses (translation distance and Euler angles). The depth
and RGB images of real data are collected through the Kinect
V2.

Fig. 2: PUDUbot2 & Kinect V2 joint collection platform

Acquisition scenarios: The data collection for this dataset
is primarily focused on the field of mobile robotics. In order
to better serve this domain, the real-world data was collected
in common service robot environments on the campus of
Tsinghua University. As shown in Fig.1 colum 2nd. These
include eight scenes: a corridor of laboratory, the lobby of
teaching building, department meeting rooms, departmental
visiting laboratories, a cafeteria, a campus dining hall, ele-
vator area, and shops.

One of the unique features of THUD is its dynamic
nature. To showcase different levels of dynamic complexity
in the real-world scenarios, data collection was conducted
at various time intervals. For example, Fig. 3 illustrates the
data collection process in the canteen scene at different time
periods. Within different data sequences in the same scene,
there are sequences with low, moderate and high density of
pedestrians. These sequences with varying levels of dynamic
complexity in the same environment will help users evaluate
the algorithm’s capabilities and better align with the real-
world situations that service robots encounter at different

times. Another notable feature of this dataset is the inclusion
of various challenging labels, such as elevators, glass objects,
and other item categories. These items have a significant
impact on robot perception during actual testing.

Fig. 3: Scenes with varying levels of dynamic complexity

Acquisition method: The real data collection system con-
sists of two independent systems: pose acquisition and image
acquisition. The acquisition of robot pose data primarily
relies on the v-SLAM localization at the top of PUDUbot2,
supplemented by the odometry of the steering wheel. The
data is computed at a frame rate of 40fps.

The image data includes depth and RGB images. We have
developed ROS scripts for synchronous acquisition of RGB
and depth images. The depth images in the released version
have been denoised using the Self-Supervised Deep Depth
Denoising method [21]. Due to the inherent instability of
Kinect V2, the actual frame rate for capturing RGB and depth
images fluctuates between 15-30fps.

2) Synthetic Data Acquisition:
Acquisition platform: The platform is designed to simulate

the realistic working environment for mobile robots, allowing
for the collection of virtual sensor data such as RGB images,
depth maps, robot pose, and IMU data. The platform has
been developed using open source tools from Unity3D and
has undergone secondary development to meet the specific
requirements of the synthetic data acquisition for mobile
robots. The Unity3D physics engine is utilized to simulate the
physical movements of the mobile robot, and simultaneously
publish the collected synthetic data and labels through ROS2.
The platform architecture is shown in Fig. 4. The ultimate
aim is to provide a comprehensive synthetic data acquisition
platform that can be used to train and test mobile robot indoor
scenes understanding algorithms.

Acquisition scenarios: To acquire more realistic and ef-
fective data, the scenes were designed based on the actual
working environment of mobile robots, taking into account
two main aspects: dynamic scenarios with moving obstacles
and special scenarios that pose potential hazards for robots in
the reality. As illustrated in Fig. 5. Dynamic scenarios were
created by setting up pedestrians in the scenes, some special
cases were also considered, such as running children, people
pushing shopping carts, other moving robots in the scene.
The scenes also take into account pedestrians of different
ages and clothing styles for men, women, and children. For
special scenarios, the scene settings focus on realistic objects
that tend to pose difficulties for robotic tasks, such as stairs,
windows, glass doors, etc.

Acquisition method: The synthetic data is generated by
creating virtual sensors in Unity3D scenes. Based on the type
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Fig. 4: Mobile robot synthetic data acquisition platform.

Fig. 5: Dynamic and special scenarios

and position of sensors on the real mobile robot, the camera
for the physical simulation robot is configured accordingly,
with a height of 1.2m and a pitch angle of 0 degrees. As the
robot moves through the scenes, RGB images, depth maps,
robot poses, and IMU data are captured. The resolution of
the RGB images and depth maps is 730*530, and the robot
pose is represented by its xyz coordinates in the scene and
its rotation angle around the z-axis.

B. Ground Truth Annotation

1) Synthetic Data Annotation: The annotation of the sim-
ulated data was automatically generated through our custom-
built data acquisition platform. We integrated the robot model
of Bella into the virtual scenes for data collection, enabling
the robot to navigate and capture data from its own perspec-
tive. During the data collection process, we simultaneously
extracted vital information, including 2D and 3D bounding
boxes, semantic and instance segmentation images, robot’s
pose and IMU information. These annotations were then
synchronized with the captured RGB images and depth maps,
ensuring a one-to-one correspondence.

Importantly, the annotation information extracted within
our data acquisition platform represents ground truth within
the virtual scenes. This ensures a high level of precision
and accuracy in the generated annotations, allowing us to

rapidly generate large quantities of meticulously annotated
data within a short time.

2) Real Data Annotation: To annotate the real-world data
with 2D and 3D object information, we first preprocessed
RGB images and depth maps by applying automated al-
gorithms to predict the 2D&3D positions and bounding
boxes of objects, such as Faster-RCNN [22] and Votenet
[23]. However, the algorithms for 3D objects detection are
not very effective. Subsequently, we performed manual re-
view and verification to correct and refine the annotated
bounding boxes, ensuring the accuracy and completeness
of the detected objects. For the 2D semantic and instance
segmentation task, we similarly employed a semi-automated
annotation method, manual review and correction were also
conducted by annotators to ensure accurate pixel-wise clas-
sification and semantic labeling.

In summary, our dataset construction process leveraged
a combination of automated and semi-automated annotation
methods to enhance efficiency and accuracy in data annota-
tion.For providing high-quality training and evaluation data
for robots indoor scene understanding tasks.

C. Data Statistics

Our dataset comprises a total of 90,175 annotated frames,
consisting of 84,984 frames from synthetic data collection
and 5,191 frames from real-world data collection. Each frame
has undergone intensive annotation, resulting in a total of
over 20M labels, with over 1.2M labels for dynamic objects
such as pedestrians, robots, and shopping carts. On average,
each frame contains 176 data labels.

These labels encompass four annotation types: 2D bound-
ing boxes, 3D bounding boxes, semantic segmentation, and
instance segmentation, with their respective proportions as
shown in Fig. 6(b). The dataset encompasses 8 real and
5 synthetic large-scale indoor scenes, with average area
exceeding 300m2. There are 91 different object categories
within these scenes, and their distribution, along with the
counts of each annotation type, is illustrated in Fig. 6(a)(c).
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Fig. 6: Statistics of annotations in our dataset.

IV. EVALUATION ON THUD ROBOTIC DATASET

To verify whether our dynamic dataset is necessary and
useful for mobile robots, three tasks, i.e. 3D object detection,
semantic segmentation, and robot relocalization, are tested
and analyzed. Important results and conclusion are given here
and their analysis are elaborated in project website.

A. 3D Object Detection

3D object detection methods estimate a 3D bounding box
and a pose of each object presented in a scene [26]–[28].
To compare the performance difference, three representative
indoor 3D object detection algorithms which have good per-
formance on both dynamic and static objects, i.e. F-PointNet
[24], ImVoteNet [23] and DeMF [25], are selected. These
algorithms were evaluated on the real-world canteen scene
and the synthetic supermarket scene to assess their mean
Average Precision (mAP) for static and dynamic objects.
The experimental results are depicted in Table II. In the
supermarket scene, the selected 5 static objects include Chair,
Table, Shelf, Cabinet, Fridge. While the 3 dynamic objects
encompass Shopping cart, Robot, People. In the canteen
scene, the 7 static objects are Chair, Table, Shelf, Bench,
Door, Stairs, Stool, and the dynamic object is only People.
Moreover, we used the average number of dynamic objects
per frame as a metric to assess the level of scene dynamic
complexity, the supermarket and canteen scene dynamic
complexity is 0.94 and 3.34, respectively.

TABLE II: Experiments on 3D Object Detection

Scene Method Dynamic Objs Static Objs
(mAP) (mAP)

Supermarket
F-PointNet [24] 7.89 8.92
ImVoteNet [23] 17.49 17.29

DeMF [25] 34.51 38.24

Canteen
F-PointNet [24] 18.16 36.67
ImVoteNet [23] 26.72 43.37

DeMF [25] 28.56 45.43

We can see two important conclusion from the test results
in Table II. First, the results indicate that different algorithms
have varying degrees of decrease in accuracy when detecting
dynamic objects as compared to static objects. Second, it can
be observed that having a larger density of dynamic objects
lead to more significant accuracy difference between static
and dynamic objects. But this could also be influenced by
the object categories.

B. Semantic Segmentation

Semantic segmentation methods assign each pixel in an
image to its corresponding semantic category, focusing on
the geometric structure and differentiation of different ob-
jects [33]–[35]. However, robot indoor semantic segmenta-
tion faces several challenges, e.g. complex indoor scenes,
occlusions, lighting variations, as well as the diversity of
object shapes and sizes. Four RGB-D semantic segmentation
algorithms, i.e. ACNet [29], RedNet [30], ESANet [31], and
SA-Gate [32], are selected and tested on the aforementioned
synthetic supermarket scene and real-world canteen scene.
31 and 19 static and dynamic objects with semantic labels
are added to the supermarket and canteen scene, respectively.
Objects without labels are set to the void value with corre-
sponding pixels (0, 0, 0).

The accuracy of different semantic segmentation methods
is measured by calculating the MIoU (Mean Intersection over

TABLE III: Experiments on Semantic Segmentation

Scene Method Backbone MIoU(%)

Supermarket

ACNet [29] 3×R50 74.83
RedNet [30] 2×R34 76.92
ESANet [31] 2×R34 78.42
SA-Gate [32] 2×R101 83.19

Canteen

ACNett [29] 3×R50 51.85
RedNet [30] 2×R34 59.83
ESANet [31] 2×R34 65.97
SA-Gate [32] 2×R101 58.34
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Fig. 7: Test result visualization for robot relocalization

Union) during testing and the results are shown in Table
III. We can obtain three conclusions. First, the accuracy
on real-world canteen scene is much lower than synthetic
supermarket scene. Second, the MIoU results are compa-
rable to their original published results, though tested on
different datasets. Third, to obtain a quantitative comparison
on dynamic objects, we also train and test the ESANet
[31] algorithm in the supermarket scene with and without
dynamic objects, the MIoU of the test is 78.42% and 79.63%
respectively. There is no significant difference, which is
coincident with our intuition. In addition, as shown in Fig. 8,
different methods still have varying segmentation ability on
dynamic object, such as the people and shopping carts.

C. Robot Relocalization

Robot relocalization refers to the process of accurately
determines and adjusts its position based on the environ-
mental perception information and its own localization ca-
pabilities, during its movement [36]–[38]. Existing methods
can be coarsely classified into global- and local-feature based
methods.

We conducted extensive experiments on THUD using a
representative global- and local-feature based methods, i.e.
NetVlad [39] and FeatLoc [40], respectively. We randomly
selected two sequences as testing and the results on both
synthetic and real-world scene are visualized in Fig. 7.

In addition, to analyze the effect of the number of dynamic
objects (primarily pedestrians) in various scene images, we
define a metric to represent a scene’s dynamic complexity,
computed as the average number of dynamic pedestrians per
frame across the entire dataset. As shown in Fig. 9, with

Fig. 8: Comparison of semantic segmentation methods

the scene’s dynamic complexity increasing, the methods’
accuracy decreases and FeatLoc [40] has a higher drop in
accuracy compared to NetVlad [39], attributed to dynamic
objects introducing disturbances and noise in the extraction
of scene image features.
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Fig. 9: Trans.& rot. error with different dynamic complexity

V. CONCLUSIONS

In this paper, we introduced a mobile robot oriented large-
scale indoor dataset for dynamic scene understand tasks.
It consists of both real and synthetic data to support both
static and dynamic robotic task. In the near future, we are
continuously expanding and iterating this dataset, to cover
more robot dynamic tasks, e.g. robot navigation, object
tracking, trajectory prediction, etc. The dataset initial ver-
sion is shared at: https://jackyzengl.github.io/THUD-Robotic-
Dataset.github.io/.
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