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Abstract—Research in Simultaneous Localization and Map-
ping (SLAM) has made outstanding progress over the past years.
SLAM systems are nowadays transitioning from academic to
real world applications. However, this transition has posed new
demanding challenges in terms of accuracy and robustness. To de-
velop new SLAM systems that can address these challenges, new
datasets containing cutting-edge hardware and realistic scenarios
are required. We propose the Hilti SLAM Challenge Dataset.
Our dataset contains indoor sequences of offices, labs, and
construction environments and outdoor sequences of construction
sites and parking areas. All these sequences are characterized
by featureless areas and varying illumination conditions that
are typical in real-world scenarios and pose great challenges
to SLAM algorithms that have been developed in confined lab
environments. Accurate sparse ground truth, at millimeter level,
is provided for each sequence. The sensor platform used to record
the data includes a number of visual, lidar, and inertial sensors,
which are spatially and temporally calibrated. The purpose of this
dataset is to foster the research in sensor fusion to develop SLAM
algorithms that can be deployed in tasks where high accuracy
and robustness are required, e.g., in construction environments.
Many academic and industrial groups tested their SLAM systems
on the proposed dataset in the Hilti SLAM Challenge. The results
of the challenge, which are summarized in this paper, show that
the proposed dataset is an important asset in the development
of new SLAM algorithms that are ready to be deployed in the
real-world.

Index Terms—SLAM, Mapping, Localization, Sensor Fusion.

SUPPLEMENTARY MATERIAL

The dataset as well as information regarding the Hilti SLAM
Challenge is available at https://www.hilti-challenge.com. The
results of the Hilti SLAM Challenge were also presented in
a talk: https://www.youtube.com/watch?v=3oqTGrnSkrY&t=
685s

I. INTRODUCTION

RECENT years have seen outstanding progresses in
SLAM [1]. The transition from demonstrative to real-

world applications is happening at this moment. A promising
application of SLAM for autonomous robotics is in con-
struction sites. Construction robotics offers a way to remove
hazards for workers, improve task productivity, and collect
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Fig. 1. Left: The full sensor stick resting on a tripod. Right: (1) ADIS16445
IMU (2) AlphaSense 5-camera module (3) Ouster OS0-64 LiDAR (4) Livox
MID70 LiDAR (5) prism for the Total Station.

high-quality data [2]. However, these environments bring many
challenges to SLAM systems. Featureless scenes, varying
illumination conditions, and sudden motions are among the
main challenges.

The deployment of SLAM algorithms to real-world applica-
tions has shed light on the limitations of the current systems.
These limitations are being addressed by academic research
often in collaboration with industrial partners [3]. We believe
that collaborations between academia and industry have the
potential to accelerate the process of developing new SLAM
systems that are able to meet tight requirements in terms of
accuracy and robustness.

An important role in this phase is played by the availability
of datasets containing relevant scenarios and sensors. The
scenarios should portray actual real-world applications where
SLAM systems are deployed. As the robotic community has
shown in several works [4]–[6], the highest accuracy and
robustness is achieved by fusing multiple and complementary
sensors. For this reason, SLAM datasets should contain mul-
tiple sensor modalities.

Many SLAM datasets have been proposed over the past
years [7]–[18], each of them has specific contributions on
the availability of multiple sensors and the type of scenarios
and motions. Most of the datasets [7], [9], [12]–[17] focus on
visual and inertial data, while only a few [8], [10], [11] also

https://www.hilti-challenge.com
https://www.youtube.com/watch?v=3oqTGrnSkrY&t=685s
https://www.youtube.com/watch?v=3oqTGrnSkrY&t=685s
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Fig. 2. Locations where the dataset have been captured.

provide LiDAR data. Depending on the type of environment
and motion, each dataset poses different challenges to SLAM.
Visual and inertial data recorded onboard an unmanned aerial
vehicle (UAV) in [7], [17] bring dif�culties to visual-inertial
odometry (VIO) and SLAM systems because of fast motions.
Varying illumination conditions and moving objects are the
main challenges of datasets recorded in autonomous driving
scenarios [8], [9], [19]. Sudden motions and low texture,
as well as dynamic illumination conditions, are the main
challenges of datasets recorded with a handheld sensor plat-
form [10]–[12], [14], [15].

We propose theHilti SLAM Challenge Dataset. The purpose
of this dataset is to foster the research in sensor fusion to
develop SLAM algorithms that can be deployed in tasks where
high accuracy, at millimeter level, and robustness are required,
e.g., in construction environments. Our dataset contains indoor
sequences of construction sites, of�ces, and labs and outdoor
sequences of construction environments and parking areas (in
Fig. 2). All these sequences are characterized by featureless
areas and varying illumination conditions that are typical of
real-world scenarios and pose challenges to SLAM algorithms
that have been developed in con�ned lab environments. Mil-
limeter accurate ground truth by mean of a motion capture
system (MoCap) or a Total Station [20], is provided for each
sequence. To record the data, we have created a suite of sensors
including a number of visual, LiDAR, and inertial sensors,
using the latest products in commercially available sensing
technologies with particular attention made to time synchro-
nization and spatial calibration. With the use of redundant
sensors, this dataset also directly compares sensor performance
in different environments, which can be informative for the de-
sign of SLAM systems. With this dataset, we aim to stimulate
research on robust indoor positioning, mapping, and navigation
with the particular application to construction environments.

This dataset was used in theHilti SLAM Challenge, where
many academic and industrial groups submitted their SLAM

systems. The results of the challenge, which are summarized in
Section V, show that the proposed dataset can be an important
asset in the development of new SLAM algorithms that are
ready to be deployed in the real-world.

To summarize, the main contributions of theHilti SLAM
Challenge Datasetare:

� Real-world sequences recorded in indoor of�ces and
labs, indoor and outdoor construction environments, and
outdoor parking areas containing challenging featureless
areas and varying illumination conditions.

� Sensor suite containing 5 cameras (1 stereo pair), 2
lidars, and 3 IMUs with accurate spatial and temporal
calibration.

� TheHilti SLAM Challenge. Many academic and industrial
groups used this dataset to further develop their SLAM
systems and take part in theHilti SLAM Challenge
competition.

II. RELATED WORK

Among the plethora of datasets proposed to benchmark
SLAM, as well as VIO, systems, [7]–[18] are the ones that
mostly relate to theHilti SLAM Challenge Dataset. Many
datasets [7], [9], [12]–[17] focus on visual and inertial data.
The datasets [7], [17] provide hardware-synchronized visual,
from a stereo camera, and inertial data recorded on board
an UAV. They challenge SLAM algorithms because of fast
motions, with [17] containing the most aggressive maneuvers.
For both datasets, the ground truth is generated by solving a
bundle adjustment problem including visual, inertial, and laser
tracker data. In [7], some sequences provide ground truth data
for a MoCap system. The datasets [12], [14], [15] provide
visual and inertial data recorded using a handheld sensor
platform. In all these datasets, the sensor platform includes a
stereo camera and an IMU. In addition, stereo RGB cameras
are also available in [12], [15]. The ground truth in [12] is
obtained by localizing to �ducial markers, which are placed
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TABLE I
COMPARISON OFSLAM DATASETS

Dataset Num. seq, Environment Motion Sensors Synchronization Ground truth

EuRoC [7] 11 Indoor UAV
1 Stereo camera

1 IMU Hw
Laser tracker,

MoCap

KITTI [8] 22 Outdoor Car

1 Stereo camera
1 Stereo RGB camera

1 Lidar
1 IMU

Sw GNSS-INS

Malaga [9] 15 Outdoor Car
1 Stereo RGB camera

1 IMU Sw GPS

The Newer
College Dataset [11] 3 In- / Outdoor Handheld

4 Cameras
1 Lidars
2 Imus

Hw / Sw
3D imaging laser

scanner, ICP

PennCOSYVIO [12] 4 In- / Outdoor Handheld

4 RGB cameras
1 Stereo camera
1 Fisheye camera

2 IMUs

Hw / Sw
Fiducial
markers

TartanAir [13] 30 In- / Outdoor Simulation
Synthetic

1 stereo RGB camera Sim. Simulation

TUM VIO [14] 28 In- / Outdoor Handheld
1 Stereo camera

1 IMU Hw
MoCap

(start, end)

UMA VI [15] 32 In- / Outdoor Handheld
1 Stereo RGB camera

1 Stereo camera
1 IMU

Hw
Pose alignment

(start, end)

UMich [16] 27 In- / Outdoor UGV
6 RGB cameras

1 IMU Sw
Fusion of GPS,

IMU, laser

UZH-FPV [17] 28 In- / Outdoor UAV
1 Stereo camera
1 Event camera

2 IMUs
Hw / Sw

Fusion of vision,
IMU, laser

The Hilti SLAM
Challenge Dataset (Ours) 12 In- / Outdoor Handheld

5 Cameras
2 Lidars
3 Imus

Hw / Sw
MoCap,

Total Station

along the trajectory. The ground truth at the start and end of
the trajectory is obtained by pose alignment with respect to
�ducial markers and using a MoCap system in [15] and [14],
respectively. In [13], it was proposed a large (30 sequences)
simulated dataset containing a broad range of scenarios. The
dataset in [18] includes data from an event camera, a survey on
event vision is presented in [21], as well as a standard camera
and IMU. It was designed to incentivize researchers to inves-
tigate the use of event cameras in SLAM. The datasets [8],
[9], [16] contain data recorded in autonomous driving, and
ground robot navigation, scenarios. They all include RGB
cameras and an IMU. The dataset [8] is one of the most
used datasets for benchmarking SLAM systems in autonomous
driving. It also includes LiDAR data. The ground truth for
these datasets is provided by inertial navigation systems (INS)
aided by global navigation satellite systems (GNSS). The
dataset proposed in [11], which is an extension of [10], is
the closest to our dataset. It contains sequences recorded in
a university campus. The sensor platform includes 4 cameras,
1 LiDAR, and 2 IMUs. The ground truth is provided by an
iterative closest point [22] (ICP) algorithm that registers the
LiDAR point cloud to a prior map. Differently from [11],
our dataset provides millimeter accurate ground truth from the
Hilti PLT 300 1 automated Total Station or a MoCap system.
In fact, the focus of our dataset is to advance the state-of-
the-art in SLAM in terms of accuracy with the �nal target of

1https://www.hilti.com/c/CLSMEA TOOL INSERT 7127/CLS
CONSTRUCTION TOTAL STATIONS 7127/r4728599

developing systems that are able to achieve millimeter level
accuracy as required in construction environments.

III. H ARDWARE

Our sensor suite (the 'Phasma' stick, Fig. 1) consists of
3 categories of sensing modalities operating with different
ranges and noise levels. These include:

A. Passive Visual

Alphasense by Sevensense2

The visual data is collected from an array of rigidly
mounted 1.3 MP global shutter cameras. This module
consists of 5 wide �eld-of-view cameras mounted to give
an approximate 270 deg continuous �eld of view. Within
this con�guration, a stereo pair is present. Images are
synchronously collected at 10 Hz. While the Alphasense
can capture at a higher frame rate, doing so would have
required using a lower resolution. Since this dataset aims
for maximum accuracy, the higher resolution was chosen.

B. Active Optical

Ouster OS0-643

Long-range point cloud data is collected by the 360
deg scanning LiDAR sensor. This unit has a scan
repetition of 10 Hz, and a point data rate of 1,300,000

2https://www.sevensense.ai/product/alphasense-position
3https://ouster.com/products/os0-lidar-sensor/
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Fig. 3. Veri�cation of the time synchronization between the LiDAR and the
camera module. The gyroscope data show a difference of< 1ms.

points/second. Ranges are recorded from 0.3 to 50 m,
with typical lowest noise returns greater than 1 m. Range
accuracy is 1.5-5 cm.

Livox MID70 4

This unit is a LiDAR sensor with a 70 deg circular �eld
of view and a non-repeating scan pattern. Point data rate
is 100,000 points/second. Ranges are recorded from 0.02
to 200 m, with typical returns between 1 and 50 m. Range
accuracy is 2-5 cm.

C. Inertial Sensors

Analog Devices ADIS164455

This IMU is rigidly mounted to the AlphaSense module.
It is a high-performing MEMS based sensor with
relatively low noise and sensor bias drift rates. The data
from this IMU is tightly timestamped to the AlphaSense
timing system. Data is collected at 800 Hz.

Bosch BMI0856

This IMU is embedded in the AlphaSense module. It
provides a modest level of performance in terms of noise
and bias stability. The data from this IMU is tightly
timestamped to the AlphaSense timing system. Data is
collected at 200 Hz.

InvenSense ICM-209487

This IMU is embedded in the Ouster LiDAR. It provides
a more modest level of performance than the ADIS16445
in terms of noise and bias stability. The data from this
IMU is tightly timestamped to the Ouster timing system.
Data is collected at 100 Hz.

4https://www.livoxtech.com/mid-70
5https://www.analog.com/en/products/adis16445.html
6https://www.bosch-sensortec.com/products/motion-sensors/imus/bmi085/
7https://invensense.tdk.com/products/motion-tracking/9-axis/icm-20948

D. Ground Truth System

For testing and validation, 2 systems are used to capture the
ground truth:

Total Station
A survey grade prism is attached to the Phasma stick,
tracked by the Hilti PLT 300 automated Total Station.
Ground truth data is collected in a ”stop 'n go” fashion,
where the total station precisely measures the prism
during the 'stop' periods. The stick is gravity aligned,
using a mechanical system, before collecting each ground
truth measurement. The total station range and angle
measurements are processed to generate XYZ position
information. In this situation, the range measurements of
the static prism have accuracy of 3 mm.
Optical Tracking
Optical tracking targets are attached to the Phasma stick.
When operated in a motion capture space, the multiple
targets allow for the direct computation of the 6-DOF
pose. Those ground truth data-points have a position
accuracy of< 1mm and are collected at 200 Hz.

E. DATA SYNCHRONIZATION AND LOGGING

In a dynamic multi-sensor system, time synchronization
between sensors is critical to make the best use of sensors
fusion. Special care was given to synchronization of the
Phasma stick to ensure maximum performance:

AlphaSense, Bosch IMU and ADIS IMU
The AlphaSense manages time synchronization at the
hardware level via an FPGA implementation. Camera
times are computed to the mid-exposure pulse (MEP).
Imu data is time tagged on arrival to the FPGA data bus.
Overall time synchronization between the cameras and
IMUs is < 1 ms.

Ouster LiDAR and Invensense IMU
The Ouster module includes an integrated IMU. The
Ouster point data and IMU are hardware synchronized to
the Ouster internal clock. Time synchronization between
the two sensors is< 1ms.

Cross Module Synchronization
Synchronization between modules (AlphaSense, Ouster,
Livox) is provided by the supported PTP network
time protocol [23]. Each module is attached via wired
Ethernet cable to the data logging device, which hosts the
PTP master clock. With this setup, the time alignment
between the modules is observed to be< 1 ms, as shown
in Fig. 3. For veri�cation, we adopted the approach from
[24] and used optimization tools over the correlation
signal of gyroscope data.

Data logging occurs on a dedicated computer connected to the
Phasma stick. The logging computer, with the Ubuntu 18.04
OS, runs the Robotic Operating System (ROS) during the data
capture. Sensing modules are connected to the data logger, and
data streams are directly recorded in ROS bag �les.
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