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Figure 1: Merged maps and trajectories. Top row shows the top-down view, bottom row shows the side view. From left to right: site 1, site
2, site 3. Trajectory is coloured in sequence from red, green, blue, magenta. Note that automatic map merging fails for site! _handheld_3

and site2_robot_3 due to insufficient overlap.
Abstract

This report describes our entry for the Hilti SLAM Chal-
lenge 2023, the vision and IMU only track. Our SLAM
system is named as TXR-SLAM, which is an optimisation-
based Visual-Inertial SLAM system designed for multi-
camera systems. Our system uses both sliding-window Bun-
dle Adjustment to optimise the trajectory and support for
multi-camera loop-closure, as well as full visual-inertial
Bundle Adjustment for improved performance. Our system
can be applied to XR (VR/AR) virtual and augmented real-
ity, as well as robot navigation and autonomous driving.

1. Our responses to the competition’s require-
ments (Q&A)

This section presents our responses to the specific re-
quirements as follows:

¢ Q: Filter or optimization-based (or else)
A: Optimisation based SLAM method.
¢ Q: Is the method causal? (i.e. does not use informa-

tion from the future to predict the pose at a given
time).

A: Non-Causal. We have employed a full-scale bun-
dle adjustment as the final refinement, as well as loop
closures.

* Q: Is Bundle Adjustment (BA) used? What type of
BA, e.g. full BA or sliding window BA?

A: Yes, we use both window-BA and a full BA.

* Q: Is loop closing used?
A: Yes.

¢ Q: Exact sensor modalities used (IMU, stereo or
mono, LIDAR data?)



A: Only cameras and IMU are used throughout the ex-
periments. No Lidar data is ever used. We use a com-
bination of stereo and monocular cameras set up.

¢ Q: Total processing time for each sequence and the
used hardware

A: See the report.

* Q: Whether the same set of parameters is used
throughout all the sequences

A: For all hand-held sequences we used the same set
of parameters. For robot sequences, we use a different
set of parameters, as the sensors are different.

* Q: Whether manual alignment was performed for
maps/trajectories in the multi-session submission.

A: No. Only automatic map merging is used.

2. Single Session SLAM

Existing open-source VI-SLAM / VIO methods|[1}
8l 19, [10] are typically designed to support only the
monocular/dual-camera hardware configuration along with
an IMU. However, some market products and self-
developed engineering prototypes, such as the Alphasense
Core Development Kit utilized in the competition, are
equipped with multiple partially overlapped cameras, in-
cluding forward-facing dual-camera, left/right/upward cam-
eras, etc. Our TXR-SLAM system operates with the pro-
vided IMU and multiple cameras without incorporating any
Lidar measurements. The main system components of our
solution can be summarized as follows.

2.1. Sensor Calibration

The accuracy and reliability of the SLAM algorithm are
directly impacted by the calibration of both the intrinsics
and extrinsics parameters of the sensors. To ensure pre-
cise calibration, we use the widely-adopted Kalibr[J3]] tool
for calibrating the handheld sensor suite and the Multi-
cal tool[L1] for the robot sensor suite. We also calibrate
for IMU intrinsics such as scale, misalignment and skew
for handheld sequences and compensate them in our TXR-
SLAM.

2.2. Data preprocessing

We apply histogram equalisation to compensate for
dark frame (especially useful for sitel_handheld_1 and
site2_robot_3). In the newly released site3 dataset, there are
numerous image frame and IMU drops. In particular, the
second half of site3_handheld_2 and site3_handheld_3, do
not have all the five cameras image. We still make use of
the remaining images in feature tracking to avoid integrat-
ing IMU (dead reckoning) for a long duration. For dropped

IMU, we use cubic spline to interpolate gyroscope and ac-
celerometer data. This way, we obtained visible improve-
ments to the SLAM performance.

2.3. Camera-IMU initialization

We follow the standard procedure to perform IMU ini-
tialization in a VIO system [3]], which estimates the biases
of accelerometer and gyroscope measurements, as well as
the initial velocity and gravity direction. More advanced al-
gorithms such as [7] can also be employed though we have
not tried yet.

2.4. Front-end tracking

Both the handheld and robot-based sensor suites come
with multiple cameras, with the forward-facing stereo cam-
eras usually offering a more extensive co-visibility area
compared to the left, right, and upwards cameras, which
have only limited overlap with the forward-facing stereo
pair. We employ a localization strategy based on a local
map, which matches 2D extracted features and local 3D
map points for pose estimation. This is done by first pro-
jecting all local map points onto the multi-camera image
at the current time, and feature matching are done for both
intra-cameras and inter-cameras to enhance the co-visibility
relationships. These relationships are then used in the back-
end optimization of TXR-SLAM to augment co-visibility
edges and improve the positioning accuracy.

2.5. IMU Pre-integration

We derived a novel, exact IMU pre-integration formu-
lation based on the SE2(3) exponential. This resulted in
more accurate integration of IMU for fast rotational motion
and for long integration time compared to existing meth-
ods [4, 2]. The corresponding covariance propagation is
also derived for improved SLAM consistency. This im-
provement directly contributes the improved tracking per-
formance of our SLAM system.

2.6. Back-end optimization / Loop-Closure

Similar to many other visual-inertial SLAM/VIO sys-
tems based on optimization scheme, our TXR-SLAM up-
dates the body poses, velocity, IMU biases, and 3D land-
marks’ position by minimizing both visual reprojection er-
rors based on observations from all cameras and error terms
from pre-integrated IMU measurement using a sliding-
window bundle adjustment scheme. Once a closed loop is
detected, a global bundle adjustment will be executed. It
optimizes the entire trajectory by utilizing all previous in-
formation, which greatly reduces drift across multiple se-
quences, especially for sitel_handheld 2, sitel _handheld 4,
sitel _handheld_5, sitel _handheld_2, site2_robot_.2, and
site3_handheld_1.



Sequence name Difficulties Sequence Pro?essing S-ingle Multi-session
length time session score score
sitel _handheld_1 | dark around stairs going 204.71s 224.59s 325
to Floor 1
sitel _handheld_2 | dark around stairs going 167.11s 211.98s 23.75
to Floor 2
site]l _handheld_3 insufficient overlap for 170.63s 204.09s 225 4.17
multi-session

site]_handheld_4 - 295.42s 364.41s 30
site1_handheld_5 - 159.29s 196.86s 26.67

site2_robot_1 unsynchronised cameras, 699.31s 531.89s 15.71

long, no loop closure
site2_robot_2 unsynchronised cameras 305.79s 194.40s 53.33 3.33
site2_robot_3 dark, insufficient overlap 359.00s 187.30s 19.0
for multi-session
site3_handheld_1 - 97.18s 124.07s 105.0
site3_handheld_2 dropped data 148.13s 182.31s 35.0 19.55
site3_handheld_3 dropped data 189.60s 243.46s 23.75 '
site3_handheld_4 - 106.88s 130.34s 65.0
Total score 452.21 27.05

Table 1: Difficulties, timing and score information for test sequences

3. Multi-Session SLAM

In order to participate in multi-session challenges, we
utilize a similar methodology to merge multiple maps us-
ing our loop-closure correction module. The bag-of-words
(BoW) model [6] is employed to retrieve potential overlap-
ping keyframes, and local maps are used to aid in aligning
the geometric maps. By fusing multiple sub-maps and con-
ducting successful verification checks, we finally generate a
globally-consistent map. In the context of the multi-session
challenge, we select one of the single-session sequences as
the foundation for the global map. Once SLAM process-
ing is completed for a given sequence, the map is saved lo-
cally, and prior to processing subsequent data sequences,
the saved map is pre-loaded in advance. By systematically
processing all sequences and performing map fusion, we
can integrate all the submaps into the global map. How-
ever, due to limited overlap between certain submaps and
the global map, as well as challenging visual conditions
such as inadequate lighting or texture-less areas, certain se-
quences like sitel _handheld_3 and site2_handheld_3 cannot
be merged into the global map.

4. Results

We use window-based BA and global BA together to ob-
tain the fully optimised IMU poses, which means our result
is non-causal. We also use loop closure whenever possible
to reduce drift. We use IMU along with one stereo cam-
eras and multiple monocular cameras setting in our TXR-

SLAM.

We used the same parameters for all handheld se-
quences in our experiments. However, in the case of
robot sequences, we encountered inter-stereo-pair time-
synchronization issues in site2_robot_I. Therefore, we only
use a pair of stereo cameras with IMU in our SLAM sys-
tem for this sequence. For the remaining two robot se-
quences, we selected the best synchronized four cameras in
each sequence. Figure |2| depicts the estimated trajectories
and sparse reconstruction results of all the sequences.

The timings and score obtained in the HILTI challenge
for all sequences are presented in Table[T] which were eval-
uated on a desktop equipped with an AMD Ryzen 9 5950X
16-Core Processor and running Ubuntu 20.04.

5. Further Remarks

We would like to thank the organiser for the HILTI Chal-
lenge, and would like to add a few remarks for future refer-
ences:

* The calibration dataset provided for the HILTI 2023
Challenge may have insufficient coverage of the cal-
ibration pattern across the whole image plane, which
resulted in some issues in calibration based on our
experiments. Thus, we choose to use the calibration
dataset from the HILTT 2022 Challenge for the hand-
held sequence. In addition, the calibration dataset for
the robot may have limited excitations for full 6DoF
motion (mainly due difficulty of moving the heavy
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Figure 2: Perspective view of reconstructed scenes. From left to right: site 1, site 2, site 3. Trajectory is coloured in sequence from red,
green, blue, magenta.

robot), which makes the extrinsics calibration more
difficult than the handheld set up.

Despite millimeter accuracy ground truth, we think
there may be insufficient control points during the
evaluation. This causes any slight deviation of the es-
timated trajectory to result in a significantly different
Umeyama alignment. The evaluation is also performed
with a heuristically chosen threshold. These causes a
significant difference in the score with any slight varia-
tion in the estimated trajectory. In particular, our TXR-
SLAM has an inherent variability between runs due to
the use of RANSAC (for outlier rejection) and multi-
threading (for shorter computational time). We ob-
served a multi-run variation of absolute translation dif-
ference of less than 3cm RMSE even when using the
same parameters. However, this may lead to a maxi-
mum difference of 30 points between runs.

The front cameras for robot sequences (site 2) has vis-
ible circular Lidar lines that interfere with the vision-
based feature tracking. Thus, we choose not to use the
front cameras for our experiment.
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