ISPRS Annals of the Photogrammetry, Remote Sensing and Spatial Information Sciences, Volume XI-1-2026
XXV ISPRS Congress 2026 “From Imagery to Understanding”, Commission I, 4—11 July 2026, Toronto, Canada

Melbourne multi-sensor urban positioning and mapping dataset

Junjie Zhangl’z, Marko Radanovic?, Yuan Zhao?, Amir Khodabandeh?, Kourosh Khoshelham?

!'School of Science, Engineering and Digital Technologies, University of Southern Queensland, Springfield, Queensland, Australia -

Desmond.Zhang @unisq.edu.au
2 Department of Infrastructure Engineering, The University of Melbourne, Parkville, Victoria, Australia -
(junjzhang @, m.radanovic @, k.khoshelham @, yuan.zhaol @student., akhodabandeh @ )unimelb.edu.au

Keywords: Global Navigation Satellite System, Inertial Navigation System, Lidar, Mapping, Multi-Sensor Dataset, Positioning

and Navigation.

Abstract

Reliable positioning and mapping in dense urban environments remain challenging due to signal blockage, multipath, and dynamic
scenes. Progress on multi-sensor integrated positioning and visual/lidar SLAM has been driven by open datasets, yet most exist-
ing resources are either perception-centric with limited raw navigation data, focused on controlled environments, or built around
outdated software platforms and/or data formats. In this paper, we present the Melbourne Multi-Sensor Urban Positioning and
Mapping Dataset, a new resource targeting urban vehicle navigation and mapping tasks. The dataset was collected using a custom
mobile mapping platform equipped with a tactical-grade INS, a survey-grade Leica GNSS receiver, a low-cost UBLOX GNSS
receiver, a high-resolution Ouster OS1 128 lidar, and four industrial FLIR cameras providing 360° coverage. Seven data collec-
tion trips were recorded on dynamic streets in several inner suburbs of Melbourne, including multiple closed loops and a repeated
route with day—night variation. For better compatibility and future-proofing, all raw data are provided as standard ROS2 message
streams in MCAP format, complemented by commonly used individual formats and GNSS products for multi-sensor integrations.
We benchmark three GNSS-based positioning packages (RTKLib, Net_Diff and Ginan) and four state-of-the-art lidar(-inertial)
odometry/SLAM methods (FAST-LIO2, KISS-ICP, KISS-SLAM and PIN-SLAM), demonstrating the applicability and compat-
ibility of our dataset for modern positioning and mapping software pipelines. The dataset is designed as a robust, ROS2-native
testbed for research on GNSS/IMU/lidar/camera fusion for the testing and validation of vehicle positioning and mapping in urban
environments, which is available open-source at https://github.com/zjjdes/melbourne_dataset.

1. Introduction

Worldwide efforts on the innovation of autonomous driving in
recent years are pushing it to become a reality (Zhao et al.,
2024). Among the core components of autonomous driving sys-
tems, positioning and mapping remain fundamental elements
to facilitate vehicle navigation, control and safety. It has been
well established that accurate and reliable vehicle positioning
requires the integration of multiple sensors, including but not
limited to Global Navigation Satellite System (GNSS), Inertial
Measurement Unit (IMU), various types of cameras and Lidar
to combat environmental dynamics and constraints (Zhang et
al., 2023b, Schaper and Schoén, 2024, Hsu et al., 2025). Sev-
eral branches of multi-sensor vehicle positioning and mapping
methods have been studied and developed, such as GNSS—
inertial integration (Budiyono, 2012), GNSS—camera/lidar in-
tegration (Cao et al., 2022, Zhang et al., 2023a), visual/lidar(—
inertial) odometry (Ramezani and Khoshelham, 2018, Shan and
Englot, 2018, Xu et al., 2022), visual/lidar Simultaneous Loc-
alisation and Mapping (SLAM) (Wang et al., 2024, Pan et al.,
2024), etc., while new advances are constantly being made to
their accuracy, reliability and continuity.

The validation and benchmarking of these methods are cru-
cial for evaluating and comparing their performance in challen-
ging urban environments, for which open-source datasets have
played a key role historically. The KITTI dataset published in
2013 is one of the earliest of such works, which consists mainly
of imagery and lidar point cloud data and has been widely used
to study, e.g., environmental perception and visual/lidar odo-
metry (Geiger et al., 2013). More datasets have since been

created to incorporate more types of sensors and more mod-
ern hardware and software standards. For instance, nuScenes
and Waymo datasets focus on computer vision tasks with im-
ages and point clouds (Caesar et al., 2020, Sun et al., 2020),
but do not provide the raw sensor data needed for positioning.
M2DGR and The University of Michigan North Campus Long-
Term Vision and LIDAR (NCLT) dataset are widely used for
lidar mapping as they are collected in controlled environments
rather than urban roads (Yin et al., 2022, Carlevaris-Bianco et
al., 2016). The Perth dataset is one of the first collected in Aus-
tralia in the southern hemisphere, focusing on lidar mapping of
the central city of Perth (Ibrahim et al., 2021). Novel sensor
types are being explored as well such as event cameras found
in the ECMD dataset (Chen et al., 2023). Finally, UrbanNav
and NavINST represent the breed of datasets with an emphasis
on positioning, by providing high-frequency raw observations
from IMU and GNSS devices to allow deep integration of mul-
tiple sensors (Hsu et al., 2023, Araujo et al., 2025). In addition,
some of these datasets adopt Robot Operating System (ROS)
to enable data synchronization and standardisation. However,
their data formats are associated with ROS version 1, which
has been deprecated in favour of version 2 (Macenski et al.,
2022), which supports more modern message types and soft-
ware pipelines.

In this paper, we present the Melbourne Multi-Sensor Urban
Positioning and Mapping Dataset. We aim to provide a com-
plete, standardised, robust and future-proof platform for posi-
tioning and mapping research, which will require minimal ef-
fort to be deployed on the software implementations of modern
multi-sensor integrations. The main contributions of this data-
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set include:

e Multi-sensor data were collected using redundant GNSS,
IMU, cameras and lidar devices on the urban streets of
Melbourne, Australia.

e We utilise 360° of camera view, very high lidar point cloud
density, very high IMU frequency and triple-frequency
GNSS observations to maximise the flexibility of using
this dataset for various objectives.

e Raw data have been retained from all sensors to enable
tight coupling, including multi-system multi-frequency
GNSS observations.

e Data collection included closed loops and repeated traject-
ories to facilitate global optimisation.

e In addition to conventional file formats, all data are
provided in the latest MCAP format to be compatible with
modern ROS2 workflows.

The remainder of this paper proceeds as follows: Section 2 re-
views representative existing datasets used for positioning and
mapping. Section 3 describes the hardware platform used for
data collection. The structure and formats of the dataset are out-
lined in Section 4, while positioning benchmarks using state-
of-the-art methods on our dataset are provided in Section 5.
Finally, Section 6 and Section 7 discuss the limitations of the
dataset and concluding remarks.

2. Related work

The development of positioning and mapping methods for
autonomous driving has been historically enabled by open-
source multi-sensor datasets. Early efforts such as the KITTI
dataset combine stereo cameras and a Velodyne lidar with
GNSS/IMU information and have been widely used for bench-
marking visual/lidar odometry and perception tasks including
object detection and tracking (Geiger et al., 2013). Oxford
RobotCar extended this paradigm to repeated traversals of the
same routes over more than a year, enabling long-term loc-
alisation studies under changing weather and lighting (Mad-
dern et al., 2017). Most autonomous driving datasets place a
stronger emphasis on 3D perception with high-definition lidar
and rich camera configurations. nuScenes and the Waymo Open
Dataset, for example, provide large-scale, accurately annotated
point clouds and images for 3D detection, tracking and pre-
diction tasks (Caesar et al., 2020, Sun et al., 2020). While
these datasets have been extremely influential, their naviga-
tion components are typically limited to processed poses or
reference trajectories without raw multi-frequency GNSS or
high-rate IMU observations needed to study tightly coupled
or deeply integrated navigation algorithms, and they pre-date
modern software frameworks such as ROS2. Other datasets
have focused specifically on SLAM in ground-robot scenarios.
The M2DGR dataset targets multi-sensor and multi-scenario
SLAM for ground robots with cameras, IMU and lidar in a vari-
ety of indoor and outdoor scenes (Yin et al., 2022). The Uni-
versity of Michigan NCLT dataset further emphasises long-term
operation using lidar, camera and IMU measurements, while it
is constrained in a campus environment rather than dense urban
street canyons (Carlevaris-Bianco et al., 2016).

Several works explicitly address challenging urban naviga-
tion and high-precision positioning. The Perth CBD dataset

provides high-definition lidar mapping of an Australian cent-
ral business district, focusing on large-scale 3D mapping using
a high-end lidar on a vehicle platform (Ibrahim et al., 2021).
Hong Kong UrbanNav offers a multi-sensor dataset collected
in various depths of urban canyons, integrating different grades
of GNSS receivers, IMU, lidar and cameras with an emphasis
on benchmarking urban GNSS and multi-sensor navigation al-
gorithms (Hsu et al., 2023). More recently, the NavINST data-
set has been introduced as a multi-sensor autonomous naviga-
tion dataset with multiple lidars, radars, cameras and high-end
GNSS/IMU, fully integrated in ROS, to support research on
high-precision positioning and multi-sensor fusion (Araujo et
al., 2025). The ECMD dataset explores the use of event cam-
eras alongside standard cameras, lidar and GNSS/IMU in chal-
lenging driving scenarios, pushing the envelope of sensor mod-
alities used for urban navigation (Chen et al., 2023).

As summarised in Table 1, these datasets differ in their sensor
configurations, environments, and software implementations.
Some provide raw GNSS and IMU data but focus on campus
or controlled settings, while others target dense urban scenes
but are perception-centric and lack full access to raw navigation
measurements. Moreover, most existing datasets rely on ROS1
and its associated data formats that are now retired (Macenski et
al., 2022). In contrast, the Melbourne Multi-Sensor Urban Po-
sitioning and Mapping Dataset is designed to combine redund-
ant GNSS receivers, a tactical-grade INS, a high-resolution
3D lidar and 360° camera coverage in GNSS-challenged urban
environments, while natively recording all streams as stand-
ard ROS2 messages in the MCAP format. By retaining raw
GNSS observations, high-rate inertial data and dense lidar and
camera outputs, our dataset complements existing resources
and provides a modern, future-proof platform for research on
tightly integrated positioning, GNSS augmentations, and urban
SLAM.

3. Multi-sensor mobile mapping platform
3.1 Hardware configuration

The mobile mapping platform used in this work is custom-
made with aluminium extrusions to provide stable housing
for the sensors, which are positioned to optimise visibility.
Table 2 provides the details of the sensors and their data out-
put. A tactical-grade Inertial Navigation System (INS), Vec-
torNav VN300, is used to record IMU observations at 400 Hz
and ground truth WGS84 coordinates, thanks to its centimetre-
level accuracy leveraging GNSS—inertial positioning with two
GNSS antennas. Two other GNSS receivers, namely a survey-
grade Leica GS18 and a commercial unit UBLOX F9P with an
ANN-MB patch on antenna, are used to collect raw GNSS ob-
servations from GPS, GLONASS, Galileo, Beidou and QZSS,
at triple frequencies (L1, L2, L5) and dual frequencies (L1, L2),
respectively. A 3D lidar scanner Ouster OS1 128 with a built-
in IMU is installed in the centre of the platform and elevated
to avoid obstruction from the vehicle underneath. The point
clouds are collected with the resolution of 2048 x 128 at 10 Hz,
higher than that found in any existing dataset. Four industrial
cameras are installed on each side of the platform to complete
a 360° view. The front and back cameras are FLIR RGB cam-
eras of 3.2 megapixels (MP), with the former being extended
towards the front of the vehicle. The two side cameras are FLIR
mono colour of 5 MP. The side and back cameras are slightly
pivoted downward to capture more road environments than sky.
All cameras output images at the highest available resolutions
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Table 1. Positioning and mapping dataset feature comparison.

Raw data Urban ROS
Dataset IMU | GNSS | Lidar | Camera | roads | version
Oxford RobotCar (Maddern et al., 2017) v v v
M2DGR (Yin et al., 2022) v v v v 1
Perth (Tbrahim et al., 2021) v
NCLT (Carlevaris-Bianco et al., 2016) v v 1
nuScenes (Caesar et al., 2020) v v v
Waymo (Sun et al., 2020) v v v
KITTT (Geiger et al., 2013) v v v
UrbanNav (Hsu et al., 2023) v v v v v I
NavINST (Araujo et al., 2025) v v v v v 1
Ours v v v v v 2

and the same frequency as lidar. Figure 1 presents the com-
plete mobile mapping platform installed on a Toyota Hilux util-
ity vehicle with a roof rack.

All sensors are connected to a single central computer via high-
speed Thunderbolt, USB and/or Ethernet connections. ROS2 is
used for recording raw data in standard sensor message types,
timestamping and producing a single MCAP file per data col-
lection trip.

3.2 Synchronisation and calibration

The four cameras on the mobile mapping platform are syn-
chronised using physical GPIO connections, ensuring that im-
ages collected using different cameras simultaneously have
identical timestamps. All the sensor messages are given POSIX
timestamps and synchronised to the central computer’s system
time thanks to ROS2, while the INS also records the Global Po-
sitioning System (GPS) timestamps in case a time offset exists.

The intrinsic calibration of the four cameras and the IMU within
VectorNav VN300 is performed prior to data collection activ-
ities. The distortion parameters of each camera are obtained
using the calibration tool built into ROS with a checker board
target ! while the Allan variances of the aforementioned IMU
are analysed using an open-source tool 2 by recording 4 hours
of stationary gyroscope and accelerometer observations.

In order to integrate data obtained from different sensors, the
extrinsic transformations between every two of them must be
accurately known, which are estimated using state-of-the-art
open-source tools in this work. LI-Init is utilised for estimat-
ing the transformation between the lidar and the INS, which
is a real-time lidar—inertial initialisation method that can cal-
ibrate temporal offsets and extrinsic parameters by building a
point cloud map (Zhu et al., 2022), therefore can be used with
collected data without using dedicated targets. The transform-
ations between lidar and the four cameras are estimated using
the targetless direct_visual_lidar_calibration method (Koide et
al., 2023), which performs the calibration using manually iden-
tified correspondences between the 3D point clouds and 2D im-
ages. The translations from the INS to the two GNSS devices
are provided based on the mechanical drawings of the plat-
form. Figure 2 demonstrates the relationships among the ex-
trinsic transformations and their identifiers in the ROS config-
uration, while Figure 3 presents a simplified visualisation of
these transformations as seen from a bird-eye view above the
vehicle.

! https://wiki.ros.org/camera_calibration
2 https://github.com/rpng/kalibr_allan

4. Data description
4.1 Data collection trips

Using the mobile mapping platform as described in Section 3, 7
data collection trips were conducted in suburbs close to central
Melbourne, Australia, including North Melbourne, Richmond,
Fitzroy, Clifton Hill and Northcote, where GNSS satellite visib-
ility was challenged by dense buildings near the roads. Each trip
lasted between 10 and 20 minutes with the vehicle travelling at
an average speed of 40 km/h. Figure 4 visualises the traject-
ories traversed by these trips generated using the INS output,
of which 4 have closed loops, i.e., the vehicle returned to the
starting locations, to support loop closures in globally optim-
ised positioning and mapping methods such as visual or lidar
SLAM. The first route, namely 20241020, was recorded twice
with the second trip performed in the evening, thus allowing
repeatable validations and providing varied lighting conditions
for environmental perception studies.

4.2 Data formats

In this work, we record all raw data in standard ROS message
types, which are then saved in the latest MCAP format so that
modern software pipelines developed using ROS2 can seam-
lessly use this dataset without any data preprocessing. Table 3
lists the message types and topic names of all the usable data in-
cluded in the MCAP data bags. Note that the raw GNSS obser-
vations collected by Leica GS18 are not included in the MCAP
files but are kept as separate RINEX 3 files due to its lack of a
ROS2 driver.

For better compatibility in software that does not utilise ROS2,
we provide all the above data in common individual formats as
well. For instance, point clouds are saved in PCD files with in-
tensity values, images are offered as uncompressed BMP files,
raw GNSS observations are exported as RINEX 3 files, while
all the INS data are provided as CSV files. Every data entry
uses the POSIX timestamps as their filenames for convenient
synchronisation. Figure 5 demonstrates the visual data output
from lidar and the four cameras, highlighting the full field of
view of these two types of sensors.

In addition, we include in the dataset GNSS RINEX 3 observa-
tions and navigation messages from nearby Continuously Oper-
ating Reference Stations (CORS) and State-Space Representa-
tion (SSR) products obtained from International GNSS Service
(IGS) and Center for Orbit Determination in Europe (CODE),
thus enabling the implementations of GNSS-based positioning
such as Real-time Kinematic (RTK), Precise Point Positioning
(PPP) and PPP-RTK.

This contribution has been peer-reviewed. The double-blind peer-review was conducted on the basis of the full paper.
https://doi.org/10.5194/isprs-annals-XI-1-2026-35-2026 | © Author(s) 2026. CC BY 4.0 License. 37



ISPRS Annals of the Photogrammetry, Remote Sensing and Spatial Information Sciences, Volume XI-1-2026
XXV ISPRS Congress 2026 “From Imagery to Understanding”, Commission I, 4—11 July 2026, Toronto, Canada

Table 2. Sensor specifications of the custom mobile mapping platform.

Sensor type | Model Quantity | Frequency [Hz] | Output

INS VectorNav VN300 1 400 {)I;%tslglé‘nggzsrléfre;gts
NS5 beica G518 ! ! (GREIC: triple-frequency)
GNSS UBLOX F9P (with ANN-MB antenna) | 1 1 %‘EVE?g;Sguﬁfgselafemni%s
Lidar Ouster OS1 128 1 10 2% point %c))uds

Camera FLIR Blackfly S BFS-U3 3.2 MP colour | 2 10 ggfgﬂffsggg)

Camera FLIR Blackfly S BFS-U3 5 MP mono 2 10 1(\322;;’ ;nzlgigﬁ

Figure 1. Multi-sensor mobile mapping platform.

5. Positioning and mapping benchmark results

In order to demonstrate the applicability and compatibility
of the dataset, we implemented 7 state-of-the-art positioning
methods, loosely categorised as GNSS—based and lidar—based,
using data from the 20241021_1 trip collected in Richmond
as shown in Figure 4. All implementations were based on
their open-source software using default or recommended con-
figurations at the time of writing, as algorithmic optimisation
and improvement are not within the scope of this contribu-
tion. To evaluate the positioning performance, we computed
horizontal, vertical and rotational errors in the East-North-Up
(ENU) directions against the ground truth coordinates yielded
by the tactical-grade INS using Equation 1, where AE, AN,
AU are the ENU errors, respectively. Res: and Ry, denote
the estimated and ground truth rotational matrices representing
the attitudes of the vehicle, while ¢race(-) is the trace operator
of a matrix. These individual positioning errors are then sum-
marised as Root Mean Squared Errors (RMSE) to represent the
overall positioning performance.

Horizontal error = VAE? + AN?
Vertical error = vV AU?

Rotational error = cos™

&)

1 ( trace(RZstht )—1 )
2

We first present the positioning results based on GNSS only

using 3 widely adopted GNSS positioning software pack-
ages, namely RTKLib (Takasu and Yasuda, 2009) — the most
renowned GNSS processing software, Net_Diff (Zhang et al.,
2020, Zhang et al., 2019) — a GNSS positioning and analysis
package supporting multiple algorithms, and Ginan (McClusky
et al., 2024) — feature-rich GNSS Analysis Centre software de-
veloped by Geoscience Australia. Where feasible, raw observa-
tions from both the survey-grade Leica GS18 and the commer-
cial UBLOX F9P are used for RTK and PPP processing using
observations from nearby CORS and final precise satellite or-
bit and clock corrections produced by IGS. Figure 6 plots the
number of observed satellites throughout data collection, which
shows that the low-cost UBLOX F9P was able to track more
satellites than Leica GS18, partially due to GLONASS being
completely unavailable to the latter in this particular collection.
However, as a result of the multipath effect and the low signal
quality, most of the UBLOX observations were rejected by the
outlier filters in the tested software and failed the positioning
tasks. Therefore, we only provide the results using UBLOX
FOP in the RTK processing in RTKLib, while Leica GS18 data
was successfully processed in all three software packages.

Table 4 presents the positioning performance of all tested po-
sitioning methods in terms of RMSE, in which the first 5 are
GNSS-based. Note that these results do not include rotational
errors as standalone GNSS cannot estimate vehicle attitudes. It
can be seen that Leica GS18 can achieve metre-level position-
ing accuracy in both RTK and PPP modes, which is typical for
urban kinematic positioning (Zhang et al., 2023b). In contrast,
UBLOX F9P performs poorly in dual-frequency RTK in RTK-
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Figure 2. Illustration of extrinsic transformations and hardware-level time synchronisations between sensors.

Table 3. ROS message types and topic names of provided raw data.

Sensor Data type Message type ROS topic
C Camera parameters sensor_msgs/msg/Cameralnfo /cam_sync/cam0/camera_info
amerd i ma nsor_msgs/msg/Image /cam_sync/cam0O/image _raw
ge Sensor_msgs/msg g y g

Lidar Inertial sensor_msgs/msg/Imu /ouster/imu
Point cloud sensor_msgs/msg/PointCloud2 Jouster/points

UBLOX Position sensor_msgs/msg/NavSatFix /fix

GNSS Velocity geometry_msgs/msg/TwistWithCovarianceStamped | /fix_velocity
Raw GNSS ublox_msgs/msg/RXxmRAWX frxmraw
Position sensor_msgs/msg/NavSatFix [vectornav/gnss
Pose geometry_msgs/msg/PoseWithCovarianceStamped | /vectornav/pose
Inertial sensor_msgs/msg/Imu /vectornav/imu

INS Inertial (uncompensated) | sensor_msgs/msg/Imu /vectornav/imu_uncompensated
Velocity geometry_msgs/msg/TwistWithCovarianceStamped | /vectornav/velocity _body
Magnetic sensor_msgs/msg/MagneticField /vectornav/magnetic
Temperature sensor_msgs/msg/Temperature /vectornav/temperature

Lib, yielding decimetre-level positioning accuracy due to its
lower-performing patch antenna being more severely affected
by the challenging environment. Figure 7 shows the time series
of the absolute positioning errors, which further demonstrates
the environmental influences in the form of sudden increases.
The same behaviour can be observed in Figure 8 and Figure 9
as well, which present the 2D and 3D trajectories estimated by
the tested positioning methods.

The 4 lidar—based positioning and mapping methods listed be-
low are evaluated. These methods are state-of-the-art contribu-
tions in this field which use ROS2 as the implementation plat-
form and have shown competitive accuracy and reliability.

e FAST-LIO2 (Xu et al., 2022): lidar—inertial odometry
e KISS-ICP (Vizzo et al., 2023): lidar odometry

e KISS-SLAM (Guadagnino et al., 2025): lidar SLAM
e PIN-SLAM (Pan et al., 2024): lidar SLAM

It is evident from Figures 8 and 9 that lidar—based methods
can generate smoother trajectories comparing with those based

on GNSS, due to the core step of them being consecutive
point cloud registrations. However, this inevitably leads to es-
timated poses drifting over time. Figure 7 demonstrates that
lidar-based methods tend to have significantly larger transla-
tional errors after the vehicle has been travelling for only a few
minutes. It also causes the RMSE values in Table 4 to imply
that lidar-based positioning methods are much more inaccurate
than GNSS-based ones, while Figure 7 shows it is the increased
errors over time hiding the fact that their accuracy is high at the
beginning or upon loop closures.

Despite being one of the best-performing lidar odometry meth-
ods, KISS-ICP shows the worst overall positioning perform-
ance among all the tested methods because of the lack of in-
ertial measurements or global optimisation such as loop clos-
ures. With the additional input of an IMU, FAST-LIO2 sees
a 26% improvement in horizontal RMSE. However, Figure 8
shows that both methods suffer heavily from drifting over time
and would be unsuitable for large-scale mapping tasks. In com-
parison, KISS-SLAM and PIN-SLAM further improve accur-
acy by leveraging factor graph optimisation with loop closures,
correctly leading the trajectories back to the starting locations.
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Table 4. RMSE of horizontal, vertical and rotational positioning errors.

Method Horizontal [m] | Vertical [m] | Rotational [°]
Leica GS18 (RTKLib RTK) 2.416 5.003 N/A

Leica GS18 (Net_Diff RTK) 1.709 4.805 N/A

Leica GS18 (Ginan PPP) 2.385 5.720 N/A

Leica GS18 (Ginan RTK) 2.975 5.956 N/A

UBLOX F9P (RTKLib RTK) | 16.840 23717 N/A
FAST-LIO2 58.162 40.730 6.210
KISS-ICP 78.300 48.566 6.606
KISS-SLAM 32.582 55.129 4.200
PIN-SLAM 32.075 49.432 4.156

However, the large errors near the middle of the data collec-
tion in Figure 7 suggest that the drifts are still profound when
there is no nearby loop closure. It is therefore recommended
for mapping tasks to distribute multiple loop closure locations
throughout the trajectory for improved accuracy, as done in trip
202411143 (Figure 4).

6. Limitations

Melbourne Multi-Sensor Urban Positioning and Mapping Data-
set is our first attempt at creating a positioning and mapping
dataset that is modern, requires minimal data preprocessing or
adaptation and can address multiple types of research develop-
ments. We have made several compromises due to various con-
straints, which should be made aware to the users of this dataset
and improved in future work. First, the ground truth coordinates
in this dataset are generated using the internal processing of the
VectorNav VN300 INS. Although considered tactical-grade and
highly accurate, it is not as widely accepted as a ground truth
provider as more high-end systems such as the Novatel SPAN-
CPT commonly used in other similar datasets. This could have
impacted the accuracy of the ground truth information provided
in our dataset. Second, apart from the cameras on the mobile
mapping platform, the sensors are not hardware synchronised
to accurate GPS timestamps as done in, e.g., UrbanNav (Hsu et
al., 2023) and NavINST (Araujo et al., 2025). Since the GPS
timestamps are recorded by the INS and all the sensors are syn-
chronised to the system time using ROS2, this means that a

time offset needs to be considered while integrating the multi-
sensor data. However, using the Pulse-Per-Second (PPS) signal
for more accurate synchronisation should be considered in the
future. Third, due to the limited vehicle options, we employed a
utility vehicle for the data collection, which has a large physical
footprint. This mostly impacted the view of the front camera,
which suffers from the occlusion of the car roof despite hav-
ing been extended by over 0.5 m. Finally, we only collected
night data and repeated trips on the 20241020 route. Providing
more of such data can be a worthwhile addition to the dataset,
as well as image and point cloud annotations of objects such
as vehicles, pedestrians and road surface defects to extend the
scope of the dataset to computer vision tasks.

7. Conclusions

This paper introduces the Melbourne Multi-Sensor Urban Po-
sitioning and Mapping Dataset, a new resource for research
on multi-sensor integrated vehicle positioning and mapping in
challenging urban environments. The dataset is built around
a custom-made mobile mapping platform carrying a tactical-
grade INS, dual-frequency and triple-frequency GNSS receiv-
ers, a high-resolution lidar and four industrial cameras provid-
ing 360° coverage. The sensor suite was deployed on inner-
suburban streets in Melbourne, Australia, where dense build-
ings cause GNSS signal degradation, and closed loops and
repeated trajectories were included to facilitate loop-closure-
based SLAM and repeatability studies. All raw data are recor-
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Figure 4. Ground truth trajectories (WGS84) of the data collection trips in Melbourne suburbs.
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Figure 5. Samples of visual data. (a) Lidar (b) Front camera (c) Back camera (d) Left camera (e) Right camera

ded as standard ROS2 message streams in MCAP files and sup-
plemented with widely used individual formats such as PCD,
BMP, CSV and RINEX, as well as CORS observations and SSR
precise products for GNSS processing.

The utility of the proposed dataset has been demonstrated by
benchmarking three GNSS-based positioning packages and
four state-of-the-art lidar(—inertial) odometry/SLAM systems.
The results confirm that survey-grade GNSS can still provide
metre-level accuracy in dynamic urban scenarios, while low-
cost GNSS hardware remains significantly more susceptible
to multipath and poor signal quality. Meanwhile, lidar-based
methods produce smooth trajectories that are not correlated
with instantaneous satellite visibility but exhibit drifts over
time, particularly when loop closures are sparse. These comple-
mentary results highlight the continuing importance of tightly
coupled sensor fusion and of dataset designs that include both
challenging GNSS conditions and opportunities for global con-
sistency through loop closures. More importantly, these experi-
ments have shown the robustness and compatibility of the data-

set with modern positioning and mapping workflows. With this
contribution, we hope to support the development and valida-
tion of next-generation positioning and mapping algorithms by
providing a data framework with complete multi-sensor inputs
and minimal preprocessing overhead.
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