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(a) IMU-B is kept xed whereas, IMU-A is

rotated clockwise at 30 ;45 and 90 con- )
gurations. (b) 45 con guration example.

Figure 7.5: lllustration of the test IMU board.

Performance comparison at di erent con gurations: IMU test board dataset

Con guration \ xim] 'y [m] z[m] roll [] pitchf ] vyaw []

30 -0.0500 -0.0461 0.0015 -0.3268 -2.3129 -0.8808
45 -0.0950 0.1018 0.0018 -0.4305 -2.2219 -1.2211
90 -0.0003 0.0146 -0.0065 -0.3174 -2.3144 -0.0562

Table 7.1: Dataset details from test IMU board

Lidar extrinsic calibration using IMU-based initialization on
Scania datasets

After verifying the basic MIMU calibration approach on the test rig, we used the
same method to pre-initialize our lidar extrinsic calibration algorithm. The GT

for the extrinsic calibration parameters was pre-computed o ine. We analyzed

our lidar calibration results on 4 di erent test sequences which are described in
Table 7.2, covering di erent motion scenarios. We consider the feature richness
level to be low if there are very few ( 3) geometric features detected per frame on
average. In Seqg-1, we performed aggressive maneuvers to excite all possible degrees
of freedom in a parking lot. Seg-2 consists of very slow driving (0kmh * )in a
feature rich environment.

Seg-3 and Seg-4 contain data from an urban driving scenario40kmh ! )
in normal tra ¢ conditions. We also computed the lidar odometry using FAST-
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LIO2 [72], for all the sequences and computed the RMSE of the APE between the
lidars using GT extrinsics. This helped us to create the baseline for the extrinsics
computation using Kabsch alignment. The high APE supports our claim that
because the pose alignment technique has inherent drift and computationally
heavy, it does not bring any additional value to the target-less extrinsics estimation
process other than just a rough initialization.

Scania dataset collection details for the experiments

Data | Scenario Length (Km) Duration (secs) Feature richness APE
Seq-1 | 8-pattern in parking 0.325 72.5 Low 2.390
Seq-2 Slow turning 0.333 128.7 Medium 2.152
Seq-3 Urban driving 0.439 78.1 High 1.886
Seq-4 Urban driving 2.209 281.4 High 5.793

Table 7.2: Dataset details for online multi-lidar calibration without state estimation

Bias estimation results

To improve our calibration performance, which relies on the signal-to-signal
matching policy, we compensate for the biases in both the accelerometer and
angular velocity signals. When a period of rest is identified, the accelerometer
biases are recomputed and held constant for the following period. The angular
velocity biases are updated based on the estimated orientation using the Madgwick
filter that uses the bias-compensated accelerometer signals for gravity alignment.
Whenever a period of rest is detected the covariances of the angular velocity biases
converge.

In Seqg-1, we didn’t have any periods of rest. Because of this, the angular
velocity bias covariances did not converge as seen in Fig. Whereas, in Fig. (7.9
we see that the angular velocity bias covariances converge after the detection of
the rest period for a few seconds at the beginning of Seq-4.

Observability analysis

To study observability analysis, we extracted the information matrix by comparing
the angular velocity signals between the IMU, I(*)| and the B frame by dividing
the data into equal segments of 10 sec each. We analyze the SVD of the Fisher
information matrix from Eq. and select the IMU data in the segment for
calibration if the minimum singular value is greater than a threshold. For our
experimental dataset, we set the threshold as 519.

As seen in Fig. we selected all segments (highlighted in green) as there
was enough excitation in the angular velocity during all the time in Seq-1 as the
vehicle was driving in a figure-of-8 pattern. The corresponding selected trajectory
segments are shown in Fig. Similarly, for Seq-4, we can see that in Fig.
relevant trajectories for calibration are selected only when there are strong turns
maneuvers are observed in Fig. as this is when there is enough excitation
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of the different degrees of freedom. This analysis helped us to understand that
the best possible maneuvers for IMU-based initialization must contain aggressive
turns like 8-patterns. The results for Seq-2 and Seq-3 can be seen in Fig. [7.11] and
Fig. respectively.
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Figure 7.10: Seq-1: The observability criteria selects all the motion primitives
as there were enough excitation in the angular velocity signals in all the motion
segments.

Online calibration experiments

GT calibration of the lidars is obtained by refining the vehicle CAD parameters.
The refinement process analyzes known static feature positions around the vehicle
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Figure 7.11: Seq-2: The observability criteria selects all the motion primitives

as there were enough excitation in the angular velocity signals in all the motion
segments.

in the world frame, W, and matches the corresponding detected features from the



7.5. EXPERIMENTAL RESULTS 113

T
160 —— selected )
= Rejected

140+ / y
120+ / }
100 +

80~

40+ i

_/. \

0 50 100 150 200 250
X (m)

(a) Selected trajectory segments with observability criteria fulfilled for Seq-3 shown in
green color.

0.1
w
3 0% L]
= MRARY
-0.05 ]
0 10 20 30 40 50 60 70 80
Time (seconds)
Wy
. 0:05 A » o
? 0 O “’("‘L v "v‘pﬁ\""‘."‘(‘*\,{v««,“‘y" "‘V\"«\\““v/‘"v”“/‘i“w"/w"*" M\ iy ’“‘v‘\"v\/mﬁw’w"l h V‘M{‘r Wﬂ\b/‘\fb""” w‘»‘u ‘“\v ,rw’“&”“N’
e
-0.05 ]
10 20 30 40 50 60 70 80
Time (seconds)
w
0.2 -
3 o (2> I — I T T L——
© Y- "
.04 = \
0 10 20 30 40 50 60 70 80

Time (seconds)

(b) The angular velocity signals in different motion segments in a 10 sec window.

Figure 7.12: Seq-3: The observability criteria selects all the motion primitives
as there were enough excitation in the angular velocity signals in all the motion
segments.

lidar perspective, using Typ from GNSS. After that, we obtain the extrinsics of
the lidars to the base frame, B and compute the transformation matrix, Tqer =
T ! Tpora-mp, between the 2 lidars. Ideally, GT calibration should be

BL (FL —Top)
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(b) We observe that in straight motion segments, there is not enough excitation in the
angular velocity for Seq-4. Hence, the straight motion segments are not used from an
observability perspective and are thus ignored for calibration.

Figure 7.13: Seq-4: The observability criteria selects motion segments when there is
enough excitation in the angular velocity signals, particularly during the turns.
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recomputed regularly. However, for our sequences, even though they were collected
on different days we used the same GT parameters.

Performance comparison of calibration routines: Scania dataset

Sequence ‘ Method | Az[m] Ay[m] Az[m] Aroll[°] Apitch[°] Ayawl[°)
Kabsch 0.367 0.099 -0.309 -1.533 -2.647 -5.744
Seq-1 CROONT | -0.844 -0.959 -0.340 -1.707 -2.783 1.918
Ours* -0.164 -0.184 -0.153 -1.415 -2.759 -0.592
Kabsch 0.734 -0.822 -0.342 -1.654 -2.860 -1.019
Seq-2 CROONT | -0.134 -0.099 -0.178 -1.761 -2.722 0.265
Ours* 0.187 0.043 -0.183 -2.105 -2.562 -1.889
Kabsch 0.675 -0.392 0.440 -2.474 -1.940 0.083
Seq-3 CROONT 0.310 -0.030 0.081 -3.387 -1.762 -1.710
Ours* 0.261 0.095 -0.072 0.057 -1.561 -0.159
Kabsch 1.260 -0.339 0.870 1.784 -4.947 0.304
Seq-4 CROONT | 0.494 0403 0.054 -1.036 -1.447 -4.654
Ours* 0.118 -0.112 -0.059 0.438 -1.267 0.138

* Only translation initialization needed, I Both translation and rotation initialization needed.

Table 7.3: Performance comparison of online calibration routines

Figure 7.14: Line and plane features: All (left) and closest (right) features after
calibration refinement from Seq-4.

We compare the results after evaluating Ter — Tgstimated for all the sequences
using Kabsch alignment, CROON and our method. In the refinement step, we
match a set of N = 100 lines before applying the optimization discussed in
Sec. Kabsch alignment requires lidar odometry and CROON requires ICP
matching with normal estimation. Hence for both methods, the computation time
is significantly higher. Also, our method does not need any rotation initialization
and we can also verify the quality of the extrinsic parameters online which is
not considered in these works. As seen in Table our method performs better
in feature rich environments present in Seq-3 and Seq-4 and under aggressive
maneuvers in Seqg-1, where rich motion sequences are available. In Fig. once
can see the closest features from the two point clouds after refinement. The
features extracted from Fp — Top and Fy — Top lidar are colored red and green
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Figure 7.15: A closer look at the line and plane (square) features from Seq-4. The
red and green color represent the features from different point cloud which are
matched for calibration refinement.

respectively. A more closer lookup at the features from the different point clouds
can be seen in In Fig. It can been seen the the closest line features align with
each other after calibration refinement. The plane features extracted from the
road surface have similarity correspondence in terms of normal matching, which
helps in the verification of the refinement process.

7.6 Conclusion

In this work, we show that it is possible to initialize the extrinsic calibration of
multiple lidars by matching the signals from IMUs co-located with the lidars.
Unlike other methods which use odometry estimates for matching poses, this is a
lightweight method that relies on raw signal matching. An observability-aware
module informs us of the maneuvers needed to produce the excitations necessary
for successful extrinsic calibration. Our method provides comparable extrinsics
to the vehicle’s CAD parameters when sufficient signal excitations are present in
normal urban driving scenarios.



Chapter 8

Discussion and conclusions

In conclusion, the advent of autonomous driving represents a transformative shift in
the landscape of transportation, promising to redefine the way we perceive, interact
with, and navigate our world. The journey toward fully autonomous vehicles has
been marked by remarkable technological advancements, from sophisticated sensor
systems to enhanced algorithms for data processing in perception, localization,
planning and control domain.

Looking ahead, the broad implementation of autonomous driving could provide
improved road safety, increased efficiency in traffic flow, and greater accessibility
for individuals with limited mobility. The ultimate success of autonomous driving
in providing a safer, more effective, and sustainable transportation ecosystem will
depend on the cooperative efforts of technology developers, legislators, and society
at large. Autonomous driving has the potential to drastically change how we move
and provide a window into a future where transportation is not only automated
but also intelligent, adaptable, and smoothly incorporated into our daily lives with
sustained innovation and a dedication to tackling obstacles. Despite tremendous
advancements, a number of obstacles still need to be overcome, such as public
confidence in technology, legal requirements, and the coexistence of human- and
autonomous-driven vehicles. Maintaining this transformative journey will require
us to strike a balance between innovation and safety. The main challenges which
needs to be addressed for autonomous navigation are:

1. Does the sensing system perceive the environment coherently?

2. Where am 17

3. What does my surrounding look like and what are the drivable areas?
4. Identifying dynamic objects and their intentions.

5. Generate feasible ego-vehicle trajectories based on vehicle kinematics.

117
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6. Follow the best possible trajectory by adhering to the traffic rules and legisla-
tions.

This thesis touches upon the first 3 questions and deals with some of the
relevant problems in deployment of autonomous vehicles in public roads. To begin
with first part of thesis deals with developing robust multi-modal SLAM system.
Later, a lot of effort was also devoted towards developing online calibration of the
sensors for coherently perceiving the environment.

SLAM represents a groundbreaking advancement in the field of robotics and
autonomous systems. The ability to concurrently map an unknown environment
while determining the robot’s pose at the same time has far-reaching implications
across various industries, from robotics and self-driving cars to augmented reality.
SLAM systems have evolved significantly over the years, moving from early
probabilistic approaches to more complex algorithms that combine sensor data,
apply machine learning strategies, and make use of cutting-edge computing power.
With these improvements, real-time processing, accuracy, and robustness issues
have been resolved, expanding the range of real-world scenarios in which SLAM can
be used. Despite these achievements, SLAM research remains an active area, with
ongoing efforts to improve scalability, robustness in challenging conditions, and
the fusion of different sensor modalities. In this thesis we specifically investigated
the following key areas:

e How to fuse multiple sensor modalities?
e How to handle sensor data dropout scenarios?
e What techniques can be used to run the system in real-time?

e How to create a semantic map of the environment with noisy sensor registra-
tions?

It was shown that, to create a robust system for real-world all of the above
challenges needs to addressed. However, one of the important areas could not be
covered in this thesis is the handling of dynamic objects to developing a robust
SLAM system.

The idea of online calibration for sensors is a big step in the right direction
toward improved precision, dependability, and flexibility for autonomy. The
dynamic and real-time capabilities provided by online calibration methods surpass
the traditional offline calibration approaches. Online calibration ensures that
sensor measurements stay accurate over long operational periods by addressing
issues with environmental changes, sensor drift, and provide long-term stability
reducing a significant manual engineering effort. Even though online calibration
has shown a lot of promise, further research is necessary to improve algorithms,
handle issues with various sensor types, tackling the issue of observability and
providing completion as well as verification criteria. In this thesis the following
questions were addressed:
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e How to provide a calibration completion criteria?

e How to verify the calibration results without any special infrastructure setup
for scalability?

e What trajectories the vehicle must follow for performing online calibration —
Observability analysis?

e And, how to perform online calibration without estimating sensor poses using
state estimation, since state estimation itself has inherent drifts?

It was concluded that an online calibration technique with observability-aware
criteria could be developed without the need for any state estimation. A calibra-
tion completion criteria was also provided where the verification of the calibration
quality could also be done in real-time without any special infrastructure re-
quirements. Although, the developed methods could handle inter-modal sensor
calibration, in this thesis, intra-modal calibration was mainly explored.
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