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and Joydeep Biswas , Member, IEEE

Abstract—We introduce the UT Campus Object Dataset
(CODa), a mobile robot egocentric perception dataset collected on
the University of Texas Austin Campus. Our dataset contains 8.5
h of multimodal sensor data from 3-D light detection and ranging
(LiDAR), stereo RGB and rgb and depth (RGBD) cameras, and a
9-DoF inertial measurement unit (IMU). CODa contains 58 min
of ground truth annotations containing 1.3 million 3-D bound-
ing boxes with instance identifiers (ID) for 53 semantic classes,
5000 frames of 3-D semantic annotations for urban terrain, and
pseudoground truth localization. We repeatedly traverse identical
geographic regions for diverse indoor and outdoor areas, weather
conditions, and times of the day. Using CODa, we empirically
demonstrate that: 1) 3-D object detection performance improves in
urban settings when trained using CODa compared with existing
datasets, 2) sensor-specific fine-tuning increases 3-D object detec-
tion accuracy, and 3) pretraining on CODa improves cross-dataset
3-D object detection performance in urban settings compared with
pretraining on AV datasets. We release benchmarks for 3-D object
detection and 3-D semantic segmentation, with future plans for
additional tasks. We publicly release CODa on the Texas Data
Repository (Zhang et al., 2023), pretrained models, dataset devel-
opment package, and interactive dataset viewer. We expect CODa
to be a valuable dataset for egocentric perception and planning for
navigation in urban environments.

Index Terms—Data sets for robotic ision, object detection,
performance evaluation and benchmarking, segmentation and
categorization, service robots.

I. INTRODUCTION

ACCURATE and robust perception of objects and scenes
is crucial for autonomous mobile robots performing
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Fig. 1. Three of the five modalities available in CODa. RGB image with 3-D
object labels (bottom left), 3-D point cloud (middle), and stereo depth image
(bottom right).

tasks in urban environments. To this end, the computer vision
and robotics communities have proposed datasets and bench-
marks [2], [3], [4], [5], [6], [7] to serve as training data for
the development and fair evaluation of modern data-driven
approaches. However, perception models trained on existing
datasets do not perform well in urban environments for the
following reasons:

1) they exhibit significant sensor and viewpoint differences
from urban robots;

2) they focus exclusively on RGB images;
3) they lack sufficient object or terrain annotation diversity.

These characteristics limit egocentric robot capabili-
ties [7], [8], [9], which are important for navigation and

planning tasks.
Many egocentric 3-D perception datasets are collected from

urban robots or autonomous vehicles (AVs). Existing urban
robotics datasets [5], [6], [10] in human-centric environments
possess similar sensors and viewpoints but lack semantic anno-
tation diversity. In contrast, AV datasets [4], [11], [12] contain
semantic annotations but are collected from cars on streets,
roads, or highways. They operate higher fidelity sensor suites,
encounter different geometric and semantic entities, and have
different sensor viewpoints compared with urban robots. This
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TABLE I
COMPARISON BETWEEN CODA (OURS) AND SIMILAR CAMPUS SCALE ROBOT DATASETS

3-D Bbx #3-D/2-D Seg
#3-D Ann. 3-D 3-D 2-D

TABLE II
COMPARING DATASET STATISTICS BETWEEN CODA (OURS) AND EXISTING AV DATASETS

causes perception models trained on AV datasets to perform
poorly on robots in urban settings—Section VII-B presents
quantitative analyses demonstrating this significant performance
gap.

To address this gap, we contribute the UT Campus Object
Dataset (CODa), a large-scale annotated multimodal dataset
for training and benchmarking egocentric 3-D perception for
robots in urban environments. Our dataset is comprised of 23
sequences in indoor and outdoor settings on a university cam-
pus and contains repeated traversals from different viewpoints,
weather conditions (sunny, rainy, cloudy, and low-light), and
scene densities.

The sensor data includes
1) 3-D point clouds from a 128-channel 3-D LiDAR,
2) RGB images from a stereo camera pair synchronized with

the 3-D LiDAR,
3) RGB-D images from an active depth camera,
4) RGB-D images from a passive depth camera, and

5) 9-DoF inertial measurements.
The dataset includes sensor intrinsic and extrinsic calibrations

for each sequence and pseudoground truth global poses.
CODa contains 1.3 million ground truth 3-D bounding box

annotations, instance IDs, and occlusion values for objects in
the 3-D point cloud. Furthermore, it includes 5000 frames of
3-D terrain segmentation annotations for 3-D point clouds. All
annotations are provided by human annotators, and labeled at
10 Hz for 3-D bounding boxes, and 2–10 Hz for terrain semantic
segmentation. Compared with similar 3-D perception datasets,
CODa has far more class diversity, containing 53 object classes
and 23 urban terrain types. This includes classes that are useful
to urban navigation, such as doors, railings, stairs, emergency
phones, and signs. We visualize these annotations and various
sensor modalities in Fig. 1 Using our annotations, we release
benchmarks using established metrics [4], [13] for 3-D object
detection and 3-D semantic segmentation with plans for percep-
tion and planning tasks relevant to autonomous navigation.
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The rest of this article is organized as follows. We review
existing datasets and relate CODa to them in Section II, de-
scribe the sensor setup in Section III, data collection proce-
dure in Section IV, annotation and labels in Section V, and
analysis of coda annotations and statistics in Section VI. We
characterize the semantic composition of our dataset, proposed
train/validation/test splits, and provide qualitative sensor data
visualizations. In Section VII we empirically analyze how:
using CODa improves object detection performance for robots
in urban settings, different 3-D LiDAR resolutions affect pre-
trained object detector performance, and pretraining on CODa
outperforms AV datasets in cross-dataset object detection on
jackrabbot dataset and benchmark (JRDB) [6]. Section VIII
presents the benchmarks. Finally, Section IX concludes this
article.

II. RELATED WORK

In this section, we review existing egocentric 3-D LiDAR
datasets for urban and AV domains and summarize these datasets
in Tables I and II. We limit the discussion to real-world datasets,
as there still exists a significant domain gap between simulation
and real-world [35], [36].

A. Urban Datasets

Urban datasets are collected in human-centric environments,
such as college campuses, city streets, and shopping malls.
Similar to our work, these datasets are used to benchmark robot
performance in human-centric environments, often emphasiz-
ing long-term simultaneous localization and mapping (SLAM),
object detection, and semantic segmentation. While there exist
computer vision benchmarks for 3-D object detection [2] and
semantic segmentation [23], we focus on datasets collected from
mobile robots due to differences in perspective shift and sensor
suite.

Long-term SLAM datasets [10], [14], [20], [21], [24], [25]
contain globally consistent absolute ground truth poses and mul-
timodal sensor data. They are repeatedly collected over multiple
times of day to fairly evaluate long-term SLAM methods that
rely on geometric, visual, or proprioceptive sensor information.
SLAM datasets, such as BotanicGarden [26], contain 2-D se-
mantic segmentation annotations and globally consistent poses
in a static urban scene. Likewise, CODa contains 3-D semantic
annotations and globally consistent pseudoground truth poses
in dynamic scenes. This uniquely positions it for evaluating
semantic and long-term SLAM methods across traversals in
urban environments.

SCAND [5] another large-scale dataset with multimodal
sensor data collected over multiple times of day in a campus
environment. Instead of ground truth poses, it contains socially
compliant navigation demonstrations and operator commands
to support social navigation research. Similarly, CODa contains
multimodal sensor data with repeated trials over multiple times
of day, but distinguishes itself by providing object and terrain
annotations to support methods that rely on semantic informa-
tion.

Besides CODa, there does not exist a large-scale urban robot
dataset that contains 3-D object and terrain annotations. RUGD

[17] and Rellis-3D [18] are robot datasets with 2-D and 3-D
semantic segmentation annotations, respectively, but are col-
lected on off-road terrains. These environments contain distinct
semantic entities from those found in urban environments. The
closest work to ours is JRDB [6], a mobile robot dataset with
1) 1.8 million 3-D bounding box annotations, 2) indoor and
outdoor sequences, and 3) egocentric sensor data. However,
JRDB [6] is intended for pedestrian understanding research as
it only contains pedestrian semantic annotations. In contrast,
CODa contains object and terrain level annotations for a wide
range of semantic classes to support general-purpose egocentric
perception and navigation in urban environments.

B. AV Perception Datasets

Unlike urban robot datasets, AV datasets are collected from
car-mounted, high-fidelity sensor suites, and operate exclusively
on roads, parking lots, and highways. Despite these differences,
their large size and scene diversity may be leveraged to train 3-D
perception algorithms for urban settings.

Among AV datasets, the Oxford RobotCar dataset [32] con-
tains the most repeated traversals over different weather, object
density, and lighting conditions. It provides ground truth poses
for evaluating long-term SLAM methods that only rely on visual
and geometric information. For 2-D multitask learning prob-
lems, Berkeley DeepDrive [31] provides semantic annotations
at both the object and pixel level for a wide range of semantic
classes and weather conditions.

Lyft L5 [34], CityScapes3D [30], and KITTI-360 [37] con-
tain labeled 2-D images or 3-D bounding boxes with more
nonoverlapping semantic classes than other AV datasets. They
contain vehicle-centric semantic classes to support multi-class
object detection research in AV domains. Conversely, large-scale
datasets, such as Waymo Open [11] and nuScenes [12], have
fewer unique semantic classes but have more 3-D semantic
annotations per class and greater scene diversity. These char-
acteristics establish them as de facto benchmarks for 3-D object
detection and semantic segmentation tasks, while also being
valuable for pretraining 3-D object detectors to recognize similar
objects across domains.

Other works like Argoverse2 [27] and ONCE [28] support
self-supervised point cloud learning by providing more unanno-
tated 3-D point clouds than any other AV dataset. In addition,
both contain 3-D object labels, but Argoverse2’s [27] labels
are limited to 5 m within the drivable area and ONCE [28]
is limited to five object classes. For robots operating in urban
environments, it is important to identify a diverse set of objects in
nondrivable areas, reinforcing the need for a dataset like CODa.

III. SENSOR SETUP

CODa was collected using a Clearpath Husky robot [38]
equipped with a custom sensor suite with the following sensors,
illustrated in Fig. 2.

1) 1 × Ouster OS1-128 3D LIDAR, 128 beams—0.35◦ ver-
tical angular resolution, 2048 beams—0.17° horizontal
angular resolution, up to 2.6 million points/second, field
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Fig. 2. Sensor setup including mounting positions. All heights are relative to
the ground plane.

of view: 360◦ horizontal, 45◦ vertical, range: 128 m. Point
clouds captured in 128×1024 channels @ 10 Hz.

2) 2 × Teledyne FLIR Blackfly S RGB cameras (BFS-U3-
51S5C-C) up to 5 Megapixels, 75 Hz, global shutter.
Paired with KOWA F2.8/5 mm lenses. Field of view (H ×
W): 70◦×79◦. RGB images captured in 1.25 Megapixels
@ 10 Hz, hardware synchronized with 3-D LiDAR.

3) 1 × Microsoft Azure Kinect active RGBD camera up to
12 and 1 MP (RGB and Depth) @ 15 Hz, rolling shutter.
7 microphone circular array. RGB images captured in 2.0
MP @ 5Hz

4) 1 × Stereolabs ZED 2i passive stereo camera up to 4
Megapixels @ 15 Hz, rolling shutter. RGB and depth
images captured in 0.5 MP @ 5Hz

5) 1 × Vectornav VN-310 Dual GNSS/INS, up to 800 Hz
IMU Data. Inertial and GPS data captured @ 20 Hz.

An onboard computer with an Intel I7-8700 3.2 GHz CPU and
32 GB RAM is securely mounted inside the robot and records all
sensor streams to a high-speed Intel 760P SSDPEKKW512G8
512 GB SSD. A GPU-equipped laptop is mounted on the robot
to process the Azure Kinect and ZED 2i camera data before
transmitting both RGBD streams to the computer via 10 Gig
Ethernet. The coordinate system definitions are described in the
CODa documentation [1].

The Ouster LiDAR and teledyne forward-looking infrared
(FLIR) cameras are synchronized by hardware using the Ouster
LiDAR 10 Hz sync pulse to trigger the FLIR cameras. This
ensures that the start of the LIDAR scan is synchronized with
the start of the exposure of the FLIR cameras. All other sensors
have timestamps, but their capture times are not synchronized.

IV. DATA COLLECTION PROCEDURE

In this section, we describe the sensor calibration procedure
and data collection routes for CODa.

A. Per Sequence Calibration Procedure

Each sequence in CODa includes a pre- or postrun calibration
log file containing the raw sensor data for each modality and
calibration targets in the field of view. Fig. 3 shows a sample
frame from the calibration log file. We calibrate the camera and

Fig. 3. Sample frame from calibration file. Calibration half-cube and checker-
board are simultaneously visible in all RGB, depth, and 3-D LiDAR frames.

IMU intrinsics once and use the same intrinsics for all sequences.
We recalibrate the camera, LiDAR, and IMU extrinsics for each
sequence to account for any changes in the sensor setup. We
describe the calibration procedure for each sensor modality
below.

We calibrate the stereo RGB cameras with a checkerboard cal-
ibration pattern [40] using multiple images of the checkerboard
at different positions. We obtain the LiDAR camera extrinsics
using checkerboard images and an approach [41] that optimizes
the sensor pose with respect to the checkerboard target and
the entire scene. To obtain the LiDAR-IMU extrinsic, we use
a target-free extrinsic calibration algorithm [42] that exploits
vehicle motion. A calibration half-cube is used to ensure that
the LiDAR depth camera extrinsic is accurate.

B. Operator Roles and Data Privacy

After calibration, pairs of operators drove the robot along
one of four predetermined routes on UT campus. The primary
operator drove the robot along predefined routes, including
stopping at waypoints defined in Fig. 4, which are used to
ensure global pose consistency between sequences. The second
operator addressed questions from the crowd about CODa and
handed out research information sheets containing a data privacy
disclaimer and contact information. This operator logged all
individuals’ requests to opt-out from participating in CODa.
We increase transparency by mounting a sign on the robot to
indicate when it is recording data. While no individuals opted
out from our experiments, we protect the privacy of those who do
with our user data removal procedure. We describe the user data
removal procedure and release the research information sheet
on TDR [39]. In the next section, we explain the routes in detail.

C. Data Collection Routes

The four navigation routes along UT campus are: GATES-
DELL, WCPOWERS, GUAD24, and UNION. Fig. 5 shows the re-
constructed map for the first three routes in red, blue, and green.
We summarize the characteristics for each route in Table III,
including the total distance traversed, total duration, number of
traversals, and geographic regions visited for each route. These
geographic regions are shown in Fig. 4 as speedway (SWY),
gates dell complex (GDC), william c. powers (WCP), guadalupe
(GUAD), and union building (UNB). We choose each region
for the following attributes: SWY has a large open area shared
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Fig. 4. Spatial map of the five geographic regions in CODa. Each region
spans the area surrounding its respective colored line. Operators pause the robot
at each waypoint denoted on the map to correct global pseudoground truth pose
estimates. We refer to the regions surrounding the blue, green, brown, red, and
purple lines as SWY, GDC, WCP, Guad, and UNB in Fig. 6.

TABLE III
SUMMARY OF THE FOUR ROUTES IN CODA

by vehicles and pedestrians, GDC has large open areas with
classrooms, WCP has scenes from a cafeteria, GUAD has scenes
from sidewalks and vehicle-only roads, and UNB has scenes
from a library and study area.

Each region is observed multiple times from various view-
points, weather, and lighting conditions. Each route is traversed
from two directions to provide opposing views of all regions.
Additional information on the waypoint traversal order for each
route can be found in the data report.1 We quantify the obser-
vation diversity in Fig. 6 by counting the number of observed
frames in CODa for each region under four weather/lighting
conditions (cloudy, dark, sunny, and rainy) during three times
of day (morning, afternoon, and evening). While we are unable
to deploy the robot when it is actively raining, we collect data
immediately after rainfall and label frames that satisfy these
conditions as rainy. Across all sequences, CODa contains three
rainy, seven cloudy, four dark, and nine sunny sequences. Fig. 17

1The official CODa data report is available at https://doi.org/10.18738/T8/
BBOQMV, Texas Data Repository, V2; baa_DATA_REPORT.pdf [fileName].

Fig. 5. Satellite image of UT campus with the transformed point clouds and
waypoints overlaid. The blue, green, and blue points correspond to the WCP,
GDC, and Guad routes respectively. Operators pause the robot at each waypoint
to establish global correspondences for pseudo-ground truth pose estimates.
Most sequences exhibit poor GPS reception, thus requiring poses to be estimated
from LiDAR, inertial, and waypoint data.

Fig. 6. Number of frames in CODa by geographic region and weather con-
dition. Regions with temporally diverse observations contain frames during
multiple times of the day. The coverage areas for regions SWY, GDC, WCP,
Guad, and UNB are marked by blue, green, brown, red, and purple lines
respectively in Fig. 4.

qualitatively showcases the data diversity in CODa using sam-
pled images from each sequence.

V. ANNOTATION AND LABELS

We utilized Deepen AI,2 a third party annotation company,
to annotate point clouds from our 3-D LiDAR with 3-D bound-
ing box and semantic segmentation annotations. We instructed

2Company Website (Deepen): https://www.deepen.ai/
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Deepen annotators using our annotation guide, which we provide
in the data report [1]. The annotation guide contains visual
examples for each object and terrain class described in Figs. 15
and 13, quantitative occlusion level definitions, and operating
procedures to determine object instance IDs. Following these
instructions, Deepen annotators manually labeled 58 min of
frames, followed by manual quality assurance checks to ensure
that at least 95% of the bounding boxes and 90% of the terrain
segmentation annotations were valid on the 3-D point clouds.
Our internal team then inspected each frame for additional
issues. We now describe each annotation type in CODa in detail.

A. 3-D Bounding Boxes

Each 3-D bounding box has 9-DoF, instance ID, object class,
and occlusion level attributes. We maintain the same instance
ID for each object as long as it is observable from the LiDAR
or camera sensor or if it does not leave view for longer than 3 s.
There are six occlusion types, ranging from none, light, medium,
heavy, full, and unknown occlusion. The first five occlusion
types are used if the object is observable by the cameras or
can be identified fully in the 3-D point cloud. Objects that
never enter the camera view or are geometrically ambiguous
are given the unknown occlusion status. This label definition
makes CODa useful for evaluating the 3-D object tracking task
under occlusion. Fig. 15 defines the object ontology for CODa.
Because the full list of object classes is large, we refer the reader
to the data report [1] for visual examples of each class.

B. 3-D Semantic Segmentation

We annotate each point on the surrounding terrain with a
semantic class label. We differentiate terrain classes by their
visual appearance and geometric shape. For instance, red and
yellow bricks are similar geometrically but are treated as differ-
ent terrains because they are visually distinct. This makes 3-D
semantic segmentation challenging with just a single 3-D Li-
DAR and encourages multimodal methods that fuse 2-D images
and 3-D LiDAR to infer terrain-level semantic labels. We label
ambiguous points as unknown and points not associated with
terrain as unlabeled. The full terrain ontology and examples for
each class can be found in Figs. 13 and 14, respectively.

C. Pseudoground Truth Poses

Due to the unreliability of GPS in urban environments, we use
lightweight and ground-optimized lidar odometry and mapping
(LeGO-LOAM) [43] to obtain initial robot poses and auto-
matic SLAM tools [44], [45] to refine these pose estimates
globally. We manually impose constraints using known global
map correspondences to minimize the relative trajectory error
across sequences. Prior work [44] using similarly sized campus
SLAM datasets demonstrate that pose optimization using these
constraints can reduce the relative trajectory error to less than
1 m. While it is difficult to provide a bound on the absolute lo-
calization error due to the lack of GPS information, we estimate
the relative localization error across traversals to be less than

1 m based on this prior work. This makes CODa well-suited
for evaluating relative localization drift across traversals for
long-term SLAM algorithms. In Fig. 4, we qualitatively assess
our method’s accuracy by visualizing the global pose estimate
on a satellite image of UT campus and 3-D map reconstruction.

VI. ANALYSIS OF CODA ANNOTATIONS AND STATISTICS

In this section, we analyze the distribution of data in CODa
by geographic region, weather, and lighting conditions.

Fig. 6 shows that all geographic regions in CODa (besides
WCP) contain data in the morning, afternoon, and evening. All
routes with outdoor observations contain at least one sequence
captured under rainy conditions. While the full dataset is bi-
ased toward sunny and cloudy weather, Fig. 9 shows that the
annotated dataset contains 20 object classes that have at least
100 labels under all conditions. With this number going up
to 36 classes if we only consider 3 of the 4 conditions. Aside
from automated teller machine (ATM), most classes contain 100
to 1000 labels each, with Fig. 9 showing the top five classes:
pedestrian, tree, pole, railing, and chair. This class and weather
imbalance is common in real-world datasets [12], [28] and is a
challenging aspect that perception algorithms deployed in urban
environments need to be resilient to.

Fig. 10 shows the proportion of each terrain class among the
annotated points in CODa, organized by the parent class defined
in the terrain ontology in Fig. 13. Among the 23 terrain classes,
21 have more than 200 000 annotated points each, with outdoor
classes dominating the majority of the annotations. The two
classes that do not satisfy this are dome mat and metal floor.
This is because these terrains are small in size and uncommon
in environments where they are found. This class imbalance is
present in other real-world semantic segmentation datasets [13],
[30] as well.

We propose train, validation, and test splits for our 3-D
object detection and 3-D terrain segmentation benchmarks, with
each split containing 70%, 15%, and 15% of each annotated
sequence, respectively. We visualize the spatial distribution of
objects around the robot in Fig. 7 for static, dynamic, and all
objects for each proposed split in a Kernel density estimate plot.
This demonstrates that both the density and relative position of
objects around the robot are similar between our proposed splits.

VII. EXPERIMENTS AND ANALYSIS

We leveraged the unique characteristics of CODa to conduct
experiments that answer the following questions.

1) Question 1: How well do 3-D object detectors trained on
large-scale AV datasets perform on CODa?

2) Question 2: How well does unsupervised domain adapta-
tion from AV datasets perform on CODa?

3) Question 3: Can we improve object detection performance
for low-resolution single 3-D LiDAR setups on robots by
fine-tuning (FT) on downsampled LiDAR point clouds?

4) Question 4: Does pretraining on CODa improve cross-
dataset object detection on existing urban robotics
datasets?
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Fig. 7. Spatial distribution of static (top), dynamic (middle), and all (bottom)
objects around the robot for the train (left), validation (center), and test (right)
splits. Angles (in degrees) are with respect to the forward heading of the robot,
range values in meters.

A. Experimental Setup—Selecting a 3-D Object Detection
Algorithm

We choose a 3-D object detector by evaluating the perfor-
mance of three 3-D object detectors: PointPillars [46], Cen-
terPoint [47]. pointvoxel RCNN (PVRCNN) [48] on KITTI,
Waymo, nuScenes, and CODa. These datasets are among the
most widely used in 3-D object detection benchmarks and for
cross-dataset domain adaptation analysis [28], [49]. We evaluate
the preceding models because they are LiDAR-only approaches,
easy to reproduce, and achieve state-of-the-art detection perfor-
mance on AV datasets. Both Centerpoint and PointPillars are
top-performing open-source methods on Waymo and nuScenes
leaderboards, and the OpenPCDet [50] implementation of
PVRCNN unofficially outperforms the former models on
Waymo. We use the OpenPCDet implementation of each model
because it provides the model configuration files, making results
more reproducible.

We use the default model configurations provided in Open-
PCDet and train each model for 30 epochs or until the perfor-
mance saturates. For models that OpenPCDet does not provide
configurations for, we benchmark various model architectures
in Table IV and select the most favorable one.

All experiments involving CODa in Tables IV–VI are con-
ducted using the medium train, validation, and test split for
computational reasons. We use the full CODa split for Table VII
experiments to better match the scene diversity in AV datasets.
For all metrics, we use the 3-D object detection and bird’s eye
view evaluation metric proposed in the KITTI Vision Bench-
mark Suite [5] with an intersection over union (IOU) of 0.7, 0.5,
and 0.5 for the car, pedestrian, and cyclist classes, respectively.

TABLE IV
EVALUATION OF SEVERAL 3-D OBJECT DETECTORS ON AV DATASETS AND

CODA, WE REPORT MEAN AVERAGE PRECISION FOR THE CAR, PEDESTRIAN,
AND CYCLIST CATEGORIES IN BIRD’S EYE VIEW (APBEV) AND 3D (AP3D)

WITH IOU 0.7, 0.5, AND 0.5 RESPECTIVELY

TABLE V
EVALUATION OF PV-RCNN PRETRAINED (PT) ON AV DATASETS AND

EVALUATED ON THE CODA TEST SPLIT AFTER UNDERGOING DIFFERENT

DOMAIN ADAPTATION (DA) METHODS.

TABLE VI
EVALUATING THE IMPACT OF POINT CLOUD RESOLUTION DIFFERENCES

BETWEEN THE SOURCE AND TARGET DOMAIN ON 3D OBJECT DETECTOR

PERFORMANCE

TABLE VII
CROSS-DATASET 3D OBJECT DETECTION PERFORMANCE COMPARISON ON

JRDB [6] AFTER TRAINING ON CODA, NUSCENES [12], AND WAYMO [11]
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Fig. 8. Number of object labels per class organized by topological category. Objects in each topological category are sorted in order of most to least common.

Fig. 9. Histogram of the number of annotations per object class under four weather conditions (sunny, rainy, cloudy, and dark). Object classes are organized by
most to least frequent from left to right. Bars with stars are cloudy, diagonal lines are dark, circles are sunny, and horizontal lines are rainy. We consider labels for
objects in rainy conditions to count toward cloudy as well.

This class list is consistent across CODa and AV datasets. For
completeness, we report model performance on the full list of
object classes for multiple LiDAR resolutions in the Appendix.

We observe in Table IV that PVRCNN generally performs
the best for 3-D bounding box detection on large-scale AV
datasets and CODa. As such, we select this model architecture
to use in all of our later experiments. For a full summary of all
models evaluated for this experiment, please refer to Table X in
Appendix A-D.

B. AV Dataset to CODa Adaptation

We apply several domain adaptation strategies to evaluate
3-D object detector performance on CODa with and without

domain-specific labels. In our experiment setup, we chose the
object class list to be car, pedestrian, and cyclist so that it is
consistent with the standard class list evaluated for nuScenes
and Waymo. We perform the standard 3-D data augmentation
techniques (scaling, rotation, and flipping) and align the point
cloud ground plane heights for our experiments.

Direct transfer (Direct): In this experiment, the campus
dataset is not accessible and the pretrained model is evaluated
directly on the test split. This is our baseline for the expected
performance when deploying on a campus scale without CODa.

ST3D++ (ST): In this scenario, the campus dataset is ac-
cessible but the ground truth labels are not available. This is
typical for robot deployments as domain-specific raw sensor
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Fig. 10. Histogram of 3-D semantic segmentation annotations labels for
outdoor, indoor, and both environments in CODa. Vertical numbers above each
bar indicate the total number of points annotated for that semantic class. The
semantic classes in the legend map to the bars from left to right.

data are readily available. We used ST3D++ [51] to adapt to
the campus domain as the authors demonstrated state-of-the-
art unsupervised domain adaptation performance improvement
between different AV datasets when using their method.

We perform a coarse hyperparameter tuning sweep across the
positive and negative thresholds for each object class and use
the same model weights for each class. After performing the
self-training process for 25 epochs, we evaluate the highest-
performing epoch directly on CODa. We present the highest
performing models in Table X and include the full experiment
list in Appendix A-D, Table XI. This is the best performance we
can achieve without labels when deploying on a campus scale
with raw sensor data available.

Domain Specific FT: We assume that domain-specific ground
truth labels are available. We pretrain the model backbone on
nuScenes or Waymo before FT on the train split of CODa,
hypothesizing that learning features on other datasets benefit
domain-specific performance.

We pretrain PVRCNN from scratch on each AV dataset for
30 epochs and evaluate the model on the CODa test split. After
pretraining, we freeze the encoder and backbone weights and
randomly initialize the detection, classification, and dense heads.
We finetune the heads for 25 epochs, unfreeze the encoder and
backbone weights, and train the entire model for another 25
epochs. Our experiments Table X show that a learning rate
of 0.01 and the Adam 1cycle optimizer [52] provide the best
empirical performance.

ST3D++ with domain specific FT (ST + FT): THis experiment
combines the ST and FT methods described earlier. We follow
the same procedure for self-training using the ST method with

the same hyperparameters. After self-training, we apply the
training procedure in FT. For this approach, we find that a
learning rate of 0.01 and the Adam 1cycle optimizer provides
the best empirical performance.

Domain adaptation discussion: Table V demonstrates a sig-
nificant performance gap between unsupervised domain adapta-
tion and fully supervised methods. The highest-performing pre-
trained model is about 40% lower than the same model trained
from scratch on CODa. This is expected due to the large domain
and sensor-specific differences between nuScenes, Waymo, and
CODa in Table II, such as the number of LiDAR points per frame.
For ST, the model pretrained on AV datasets decreases in perfor-
mance after self-training on CODa. These results are consistent
with findings from the ONCE [29] AV dataset. They show that
performing unsupervised domain adaptation with ST3D from
nuScenes to ONCE decreases performance and hypothesize that
this is due to differences in LiDAR beam resolution. We believe
that differences in sensor viewpoint and resolution cause ST3D
to produce poor quality pseudolabels on CODa and support this
hypothesis in Section VII-C.

Our experiments show that pretraining on Waymo improves
performance on 3-D bounding box and BEV tasks by about
1%–2% compared with the training from scratch. However,
performance does not consistently improve between FT and
ST+FT adaptation techniques. We speculate that when trained
to performance saturation, FT improvements dominate the ef-
fects of ST pretraining. We conclude from these studies that
downstream tasks like 3-D object detection benefit from better
initial 3-D representations. In addition, we hope that our empir-
ical analysis of methods like ST3D spurs future work on how
to continue improving self-training methods between domains
with significant changes in sensor resolution, viewpoint, and
geometric features.

C. Impact of Sensor Resolution Differences on Object
Detection Performance

While most robots benefit from having high-quality object
detections, their wide range of sensor setups presents a challenge
for object detectors. Therefore, it is important to understand how
object detection performance is affected by sensor resolution
differences between the train and test domains.

For our experiments, we train PVRCNN from scratch on 20%
of the Waymo train dataset and fine-tune the model on the CODa
medium train split at four LiDAR resolutions (16, 32, 64, 128)
on the car, pedestrian, and cyclist classes for 30 epochs or until
performance saturates. Our LiDAR is originally 128 channels,
so we subsample the original point cloud to obtain the lower
resolutions. For FT, we follow the same two-stage process used
in the prior experiments: train a randomly initialized detection
head for 15 epochs while keeping the model backbone frozen and
then train the full model for another 30 epochs. After training,
we evaluate the model directly on the CODa medium test split
at all four LiDAR resolutions.

Sensor resolution discussion: Table VI shows that 3-D object
detectors trained on a specific sensor resolution perform best
on the same sensor resolution during test time. Furthermore,
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TABLE VIII
EVALUATION OF TWO 3-D SEMANTIC SEGMENTATION MODELS ON THE FULL CODA TEST SPLIT

the larger the resolution difference between the train and test
domains, the more performance is affected. This vindicates our
hypothesis that large differences in LiDAR resolutions nega-
tively affect object detection performance. Thus, we release
pretrained models on all classes in CODa for the (16, 32, 64, and
128) channel LiDAR resolutions and encourage users to select
the pretrained model that is most similar to the target dataset’s
resolution. Table IX in Appendix A reproduces this experiment
for all classes in CODa.

D. JRDB Adaptation

Aside from sensor variations, viewpoint and scene differences
between train and test domains also present a challenge for
LiDAR-based object detectors. To understand the impact of
these differences, we evaluate the performance of 3-D object
detectors trained on CODa and AV datasets on JRDB, a large-
scale urban robot dataset with LiDAR point clouds and 3-D
bounding box annotations.

For our experiments, we train three PV-RCNN models from
scratch on 20% of the Waymo train split, full nuScenes train split,
full CODa train split, and full JRDB train split for 30 epochs
or until performance saturates. For consistency, all models are
only trained on pedestrians and evaluated on the proposed JRDB
validation split using their 3-D detection benchmark metrics (av-
erage precision, recall, and F1 score). We repeat our evaluation
on two variations of the validation split: one containing ground
truth annotations exclusively within 15 m of the ego vehicle and
the other within 25 m of the ego vehicle.

JRDB performance discussion: Table VII tabulates that CODa
models consistently outperform AV models in all metrics for
both the 15 and 25 m range. Furthermore, pretraining on CODa
offers similar performance to training with labels on JRDB, cor-
roborating our claim that pretrained CODa models generalize to
other urban settings. We believe this can be explained by CODa’s
similarity to JRDB in terms of sensor resolution, viewpoint,
and scene diversity. By utilizing prior knowledge of similar
environments in JRDB, CODa models are more robust to point
cloud sparsity than Waymo models. Fig. 16 in Section VII-D
vindicates our claim with several examples where CODa models
detect sparse pedestrians that the highest performing AV model
misses.

To assess how variations in sensor resolution affect model
performance across datasets, we evaluated models trained on
different resolutions of CODa on JRDB in Table XII in

Appendix D. Our findings indicate that detection performance
decreases as the sensor resolution difference increases between
the train and test datasets. This aligns with the insights we pre-
sented in Section VII-C, demonstrating that cross-dataset perfor-
mance is maximized when the train and test resolutions closely
match. Thus, we recommend that users select the pre-trained
model that is most similar to their target dataset’s resolution for
optimal performance. Our findings should motivate future work
to leverage scene context and develop density invariant models
to improve 3-D object detection performance.

VIII. BENCHMARKS

In this section, we define the 3-D object detection and
3-D semantic segmentation for this dataset. We plan on adding
additional tasks in the future for robot perception and planning,
such as long-term SLAM, cross-domain information retrieval,
and preference-aware navigation.

A. 3-D Object Detection

The 3-D object detection task involves predicting 7-DoF
boxes for all object classes. We use the 3-D object detection
metric proposed in the KITTI Vision Benchmark Suite. For
the car, pedestrian, and cyclist classes, we require a minimum
bounding box overlap of 70%, 50%, and 50% to determine
if detection is correct. For all other object classes, we use a
minimum overlap of 50% with the ground truth bounding box.
All methods are limited to using up to ten prior LiDAR frames
for predictions. All sensor modalities and pseudoground truth
poses can be used, and we will evaluate all predictions on the
3-D point cloud annotations.

B. 3-D Semantic Segmentation

For the 3-D semantic segmentation benchmark, we use the
same evaluation metric proposed in SemanticKITTI [13]. This
is the mean intersection-over-union (mIoU) metric [2] over
all classes. All sensor modalities can be used, but we will
evaluate all predictions using the 3-D point cloud annotations.
Table VIII benchmarks Cylinder3D [53] and 2DPass [54], two
state-of-the-art LiDAR only and LiDAR camera approaches
respectively. For our benchmarks, we train both models from
scratch for 30 epochs or until performance saturates and take
the highest-performing model.
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TABLE IX
EVALUATING THE IMPACT OF POINT CLOUD RESOLUTION DIFFERENCES

BETWEEN THE SOURCE AND TARGET DOMAIN ON 3-D OBJECT DETECTOR

PERFORMANCE

IX. CONCLUSION AND FUTURE WORK

In this work, we presented the UT CODa, a multimodal dataset
that contains greater object and scene-level annotation diversity
than any other similar existing dataset. CODa contains 1.3 mil-
lion human-annotated 3-D bounding boxes and 5000 semantic
segmentation annotations over 8.5 h of data collected from the
perspective of a mobile robot across UT campus. We publicly
release CODa on the Texas Data Repository [39], pretrained
models for various LiDAR resolutions (16, 32, 64, and 128
channels), and dataset development package. We refer readers
to the abstract for accessing these resources.

We conducted extensive experiments to select a high-
performing model architecture for urban environments. We
demonstrated a performance gap for 3-D object detectors in
urban environments by comparing the performance on CODa’s
test split after training on CODa versus AV datasets. We em-
pirically demonstrated that 3-D object detection performance is
significantly affected by differences in LiDAR sensor resolution
during test time. Finally, we conducted various ablation studies
to show that pretraining on CODa instead of AV datasets im-
proves cross-dataset object detection performance on existing
urban robotics datasets. This constitutes motivation for future
work to improve 3-D object detector invariance to point cloud
density and highlights the importance of selecting a pretrained
model that closely resembles the target domain during robot
deployments. We expect that this work will spur future research
toward learning sensor-invariant 3-D feature representations,
object-centric localization approaches, and terrain-aware nav-
igation planners. In the future, we plan on releasing additional
benchmarks on CODa to facilitate fair comparison for methods
in these research areas.

APPENDIX

We organize the appendix into the following sections: ex-
tended model analysis (Appendix A), CODa organization struc-
ture (Appendix B), CODa Dataset Development Kit (Ap-
pendix C) model training experiments (Appendix D), annota-
tion ontology (Appendix E), qualitative 3-D object detection
results (Appendix F), and ground truth annotation visualizations
(Appendix G).

Fig. 11. Full 3-D bounding box object list. Bolding represents the topological
category for the semantic classes below.

Fig. 12. Directory structure of CODa. All sensor and annotation directories
use the subdirectory structure found in Fig. 11. The full dataset contains point
cloud, image, inertial, sensor calibrations, timestamps, and annotations. More
details can be found on the data report [1].

A. Extended Model Analysis

Table IX repeats the analysis in Table VI for all annotated
classes in CODa. We conduct these experiments using the
same experimental setup and conclude that our findings in
Section VII-C hold for all classes. As such, users should select
the pretrained model with the closest LiDAR resolution to their
target domain for optimal performance.
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TABLE X
FULL MODEL TRAINING SUMMARY FOR TABLE IV

Fig. 13. Full 3-D semantic segmentation class list. Bold represents the topo-
logical category for the semantic classes below.

B. CODa Organization Structure

We describe the organization structure of CODa at a high
level in Fig. 12 and refer the reader to the data report [1] for a

detailed breakdown of the file contents. The primary nonsensor
subdirectories in CODa contain sensor calibrations, metadata,
timestamps, and poses. We provide these files for each sequence.
The remaining directories contain 2-D/3-D sensor data and an-
notations. Each of these directories has an identical subdirectory
structure to Fig. 11. The metadata files contain information on
each sequence, such as the list of semantic objects present and
the dataset splits by task.

C. CODa Dataset Development Kit

We release a dataset development kit, which provides down-
load and visualization tools for the raw data and annotations. We
include sample code snippets and tutorials for getting started on
the official dataset development kit code release.

D. Model Training Experiments

In this section, we present all model experiments for the
object detector architecture selection found in Table IV, AV to
CODa domain adaptation in Table V, cross sensor resolution
experiments in Table VI, and adaptation to JRDB in Table VII.
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Fig. 14. Terrain segmentation colormap for CODa. Segmentation labels are verified on the 3-D point clouds by human annotators and projected onto 2-D images
for visualization purposes.

TABLE XI
FULL MODEL TRAINING SUMMARY FOR TABLE V

Architecture selection experiments: Object detection detec-
tion performance is highly dependent on the architecture and
preprocessing hyperparameters. We limit our evaluation to
PointPillars, CenterPoint, and PVRCNN for reasons discussed
in Section VII. Table X summarizes the model configurations

considered. Broadly speaking, we find that performance is
highly dependent on the voxel size and points per voxel. While
this is not true for all models, we find that a voxel size and
points per voxel of 0.1 and 5 often improve performance. We
do not perform a hyperparameter search over learning rates and
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TABLE XII
FULL MODEL TRAINING SUMMARY FOR TABLE VII

optimizers for AV datasets because the OpenPCDet contributors
already provide highly performant learning rates and optimizers.
For CODa, we find that using the same learning rate as AV
datasets offers good performance.

AV to CODa experiments: We conduct the following experi-
ments to optimize unsupervised and FT performance on CODa
after pretraining on AV datasets. We tuned the hyperparame-
ters for the ST3D (ST) and FT domain adaptation strategies.
Section VII describes the experimental setup in detail. Table XI
demonstrates that a high positive score threshold is beneficial for
unsupervised domain adaptation. We speculate this is because
a high positive threshold filters out more low-confidence de-
tections, reducing the amount of erroneous pseudoground truth
detections from ST3D. We perform a coarse hyperparameter
sweep over the learning rate on the medium CODa split (CODa-
md) and find that higher learning rates significantly improve FT
performance.

JRDB adaptation experiments: We conduct the following
experiments to quantitatively evaluate cross-dataset object de-
tection performance on JRDB. We use the experiment setup
and evaluation metrics described in Section VII, training a
PVRCNN detector on Waymo, multiple LiDAR resolutions of
the full CODa split, and JRDB before evaluating on JRDB.
We empirically assess data augmentation effects using two sets:
the default suite (random world flipping, rotation, and scaling)
and the complete suite from previous cross-dataset object detec-
tion research [49] (random object scaling, rotation). Table XII

Fig. 15. Full 3-D bounding box object list. Bolding represents the topological
category for the semantic classes below. Classes with an asterisk (*) do not have
annotations in CODa.

presents these results, showing that using the full suite of data
augmentation techniques benefits cross-dataset performance.
Lastly, we quantify how sensor resolution differences affect
cross-dataset detection performance in Table XII, showing that
performance is maximized when CODa’s resolution matches
JRDB’s LiDAR resolution (32 channels).

E. Annotation Ontology

CODa is annotated with object classes from Fig. 15 and terrain
classes from Fig. 13. We include RGB examples of each terrain
class in Fig. 14 by projecting the 3-D point cloud annotation to
the corresponding 2-D image. For 2-D examples of annotated
objects, we refer the reader to the annotation instruction docu-
ment in the data report [1].

F. Qualitative Object Detection Results

We supplement the quantitative cross-dataset object detection
evaluation in Table XII with qualitative results to vindicate our
claim that pretraining on CODa provides better sparse detection
performance. Fig. 16 contains examples of false negative (FN),
true positive (TP), and false positive (Fp) detections from our
pretrained models on JRDB. The first two examples demonstrate
that detecting nonground plane pedestrians and pedestrians on
bicycles is challenging. This is because our pretraining datasets
annotate pedestrians on cyclists differently than JRDB and do
not contain examples of pedestrians below the ground plane.
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Fig. 16. Qualitative 3-D object detection comparison on JRDB [7] after pretraining on CODa (left) and Waymo [12] (right). We provide examples for FN, TP,
and FP and show predictions in green and ground truth annotations in red. Areas where CODa models perform favorably are shown in green and areas where
Waymo models perform favorably are shown in red. Areas where both detectors perform similarly are shown in blue.
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Fig. 17. Scenes from all annotated sequences in CODa. Each row contains images from the same sequence. These sequences are collected from the perspective
of an urban robot in indoor and outdoor environments: cafeterias, public workspaces, sidewalks, and libraries. We quantify the dataset’s weather, lighting, and
viewpoint diversity in Figs. 6 and 9. The data diversity, large semantic class list, and real-world nature of CODa make it a comprehensive dataset and benchmark
for egocentric perception algorithms.
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Fig. 18. Scenes from all annotated sequences in CODa (cont.).

The last four examples show that CODa pretraining outperforms
Waymo at detecting pedestrians that are sparse in LiDAR point
cloud data.

G. Ground Truth Annotation Visualizations

We conclude with visualizations of the ground truth 3-D
bounding box annotations in CODa. Figs. 17 and 18 showcase
images from each annotated sequence in CODa. We characterize
the dataset and annotation diversity in Figs. 6–10. The data
diversity, large semantic class list, and real-world nature of
CODa make it a comprehensive dataset and benchmark for
egocentric perception algorithms.
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