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Abstract

To further advance the development of Advanced Driver Assistance Systems (ADAS),
ensuring a robust learning-based perception system is essential. One approach to
achieving this is the collection of diverse and informative data for training perception
models. Active learning is based on the principle that exposing models to previously
unseen or challenging data improves their performance.

To facilitate this, this thesis evaluates several motion-based methods for detecting
inconsistencies in the behavior of perception systems. These methods aim to iden-
tify scenarios in which the system performs poorly, enabling targeted data collection.
The results show that, for a learning-based perception system, more complex meth-
ods generally yield better performance. In particular, Factor Graph Optimization
with a Coordinated Turn motion model demonstrates the greatest potential, which
may be attributed to the complex and dynamic behavior of objects in traffic envi-
ronments.

Furthermore, the findings suggest that future work exploring more advanced motion
models, as well as combinations of multiple models, is a promising direction for
improving perception system performance.

Keywords: Advanced Driver Assistance Systems (ADAS), Factor Graph Optimiza-
tion, Inconsistency Detection, Kalman Filter
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Nomenclature

Below is the nomenclature of indices, sets, parameters, and variables that have been
used throughout this thesis.
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Parameters

Index for dynamic objects

Index for time-sample of dynamic object
Index for time step

Index over selected state components, j € J,
Index for motion model, m € M

Index over noise types, 7 € T

Index indicating if the values correspond to ego vehicle or other
dynamic objects, | € L

Index of frame of view, f € F

Index of sigma-points

Set of states where noise covariance 7 is directly applied for motion
model m

Set of frames of view, F = {W, E'}
Set of motion models, M = {CV,CT}

Set of labels, indicating if a variable corresponds to the ego vehicle,
or an object it has observed, £ = {ego, obj}

Set of noise types, T = {meas, proc}
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Standard deviation of velocity in x, receptively y, for objects stand-
ing still

Amount of standard deviation used for IoU

Bias term applied to simulate artificial errors

Position and velocity offset applied to simulate artificial errors
Position and velocity drift term for artificial error modeling
Scaling factor applied to d, and d, to model drift

Threshold of inconsistency measure

The p-th percentile value of ¥

Degrees of freedom of Student’s ¢ distribution for position- respec-
tively velocity-measurements

Position-, respectively velocity-part of measurement noise covari-
ance

Continuous process matrix

Discrete process matrix at index k.
Process noise covariance at index k
Process noise covariance

Measurement noise covariance at index k
Measurement noise covariance
Measurement matrix at index k

Process model and its Jacobian
Measurement model and its Jacobian

Normalized Innovation Squared-value at index k



U
el e
Zg,i) 2k

exk,i

1 fil
2yl

St Sl
x, k> Uy,k

1
o

Tk, Yk

Vg ky Uy k

qe(t), 2 (1)

Xplk—1, Xk|k
Prpr—1, Pu
K

Sk

Zj

Vi

Azt, Ayt
Ax~, Ay~

O+, Oyt

Inconsistency measure
State-translation matrix from ego-view to world-view

Difference between measurements and estimates for position, re-
spectively velocity, at time-sample k for object ¢

Difference between state k and its predicted state given state k — 1
for object 1

Position along the x-, respectively y-axis, at index k. Expressed in
frame f for [.

Velocity along the x-, respectively y-axis, at index k. Expressed in
frame f for [.

Yaw expressed in frame f for [, at index k

Yaw-rate at index k, for [

State position along the x-axis, respectively y, at index &
State velocity along the x- respectively y-axis, at index k
State yaw-rate, at index k

State vector at index k

Process noise at index k

Measurement noise at index k

State vector and its derivative at time ¢

State position along the x- respectively y-axis, at time ¢
State velocity along the x- respectively y-axis, at time ¢
State yaw-rate, at time ¢

Process noise on velocity and yaw-rate at time ¢

State estimate at index k given observation at index k — 1, predic-
tion, respectively k, update

Covariance at index k, given observation at index k£ — 1, prediction,
respectively k, update

Kalman gain matrix at index k
Innovation covariance at index k
Measurement vector at index k
Innovation vector at index k

Displacement in the x- and y-directions, respectively, with added
standard deviation.

Displacement in the x- and y-directions, respectively, with sub-
tracted standard deviation.

Overlap in the z and y directions with added standard deviation.

xiil



O, O,
I I _
I, I,
Upr U__
U, U,

IoU, ., IoU__

IoU.,_,ToU_,

IoU

Xiv

Overlap in the z and y directions with subtracted standard devia-
tion.

Predicted intersection with added and subtracted standard devia-
tion based on velocity.

Predicted intersection under mixed standard deviation adjustments
based on velocity.

Predicted union with added and subtracted standard deviation
based on velocity.

Predicted union under mixed standard deviation adjustments based
on velocity.

Predicted IoU with added and subtracted standard deviation based
on velocity.

Predicted ToU under mixed standard deviation adjustments based
on velocity.

Intersection computed from observed positions
Union computed from observed positions

IoU computed from observed positions



Contents

List of Acronyms ix
Nomenclature xi
List of Figures xix
List of Tables xxi
1 Introduction 1
1.1 Background and Methodology . . . . . . .. ... .. ... ... ... 2

1.2 Research Questions . . . . . . . . . ... ... 3
1.3 Contributions . . . . . . . .. ... 3
1.4 Limitations . . . . . . . . .. 3

2 Theory 5
2.1 Fleet Data and Active Learning Overview . . . . . ... .. ... .. 5
2.1.1 Fleetdata . . . . . . . . . . ... ... 6

2.1.2 Active Learning . . . . . . .. ... o 6

2.2 Temporal Coherence . . . . . . .. ... ... ... ... ... ... 7
2.3 Kalman Filters . . . . . . . . . . . ... . 8
2.3.1 Simple Kalman Filter . . . . . . ... .. .. ... ... .... 8

2.3.2 Extended Kalman Filter . . . . . ... ... ... ... .... 9

2.3.3 Cubature Kalman Filter . . . . . ... .. ... ... ... . 9

2.4 Smoothers . . . . . . . 11
2.4.1 Extended RTS-smoother . . . . .. ... .. ... ....... 11

2.4.2  Cubature RTS Smoothing . . . . ... .. .. ... ... ... 11

2.5 Motion Models . . . . . . .. ... 12
2.5.1 Constant Velocity . . . . . . .. .. ... .. 12

2.5.2 Coordinated Turn . . . . . . . ... ... .. ... ... .... 13

2.6 Factor Graph Optimization (FGO) . ... ... ... ... ... ... 13
2.7 Bayesian Optimization . . . . . . . .. ... ... ... ... .. ... 15

3 Methods 17
3.1 World Frame Definition. . . . . . . ... ... .. .. ... ...... 17
3.1.1 Estimation of ego vehicle in world frame . . . . .. .. .. .. 18

3.1.2  Estimation of dynamical objects in world frame . . . . .. .. 19

3.2 Datasets . . . . . . . 19

XV



Contents

Xvi

3.3 Simple Filter . . . . . . ... 24
3.3.1 Basic Anomaly Detection . . . .. ... ... ... ...... 24
3.3.2 IoU between bounding boxes . . . . . . . .. ... .. .. ... 27

3.4 Kalman Filtering & Factor Graph Optimization . . . . . .. ... .. 30
3.4.1 Measurement models . . . . . . ... 31
342 Tuning . . . . . .o 31
3.4.3 Outlier detection . . . . . ... ... ... ... .. ..., 34

3.5 Ewvaluation . . . . . . . ... 36
3.5.1 Simulation Setup . . . . .. ..o 36
3.5.2 Artificial Errors . . . .. ... 38

Results 41

4.1 Basic Anomaly Detection . . . . . . . .. .. ... ... 41

4.2 Object type: Pedestrians . . . . . . . .. .. ... L. 41
4.2.1 Recall, Precision and Fj Score for Pedestrians . . . . . . . .. 42
4.2.2  Separation of Consistent and Inconsistent Data for Pedestrians 44

4.3 Object type: Cars . . . . . . . . . . 47
4.3.1 Recall, Precision and Fi; Score for Cars . . . . . .. .. .. .. 48
4.3.2 Separation of Consistent and Inconsistent Data for Cars . . . 50

4.4 Object type: Trucks . . . . . . . .. ... 53
4.4.1 Recall, Precision and Fj Score for Trucks . . . . . . ... ... 54
4.4.2 Separation of Consistent and Inconsistent Data for Trucks . . 56

4.5 Computational Time . . . . . . . .. ... ... ... .. ....... 60

Discussion 63

5.1 Simple Filter . . . .. . . ..o 63

5.2 Pedestrians . . . . . . ... 63

5.3 Cars . .. .. e 64

5.4 Trucks . . . . . 65

5.5  Computational Time . . . . . . .. ... .. ... .. ... ...... 65

5.6 Overall . . . . . . . . 66

5.7 Other potential methods . . . . . . . .. .. ... ... .. ...... 67
5.7.1 Only Filter . . . . . .. ... 67
5.7.2 Innovation Saturation & Normalized Innovation Squared . . . 67
5.7.3 Other Estimation Methods . . . . . . . .. ... ... .. ... 68
5.7.4 Learning-based Anomaly Detection . . . . . . ... ... ... 69

5.8 Applicability Across System Types . . . . .. ... ... ... .... 69

5.9 Societal, ethical and ecological aspects . . . . . . . . ... ... ... 70

Conclusion 71

6.1 Future Works . . . . . . . ... 73
6.1.1 World Frame Reset . . . . . . . .. ... .. ... ... .... 73
6.1.2 Extensionofdata . . . . . ... ... ... ... ... ..., 73
6.1.3 Evaluate Other Motion and Measurement Models . . . . . . . 73
6.1.4 Inspect Other Parts of World Model . . . . .. ... .. ... 74
6.1.5 Additional Outlier Detection Methods . . . . . .. .. .. .. 74
6.1.6 Buffer Prioritization . . . ... ... .. ... ... ... ... 74



Contents

6.1.7 Duplicate Object Detection . . . . . ... ... .. ... ... 75
Bibliography 77
A Derivation of objective function I
B Extended Results Vv

B.1 Pedestrian . . . . . . . ... \Y

B.1.1 Temporal Coherence . . . . .. ... ... ... ... ..... \%

B.1.2 Simple Kalman Filters . . . . . .. ... ... ... ... ... VI

B.1.3 Non-linear Kalman Filters . . . . . .. ... ... ... .... VI

B.1.4 Factor Graph Optimization . . . .. .. .. ... ... .... VII

B.1.5 Evaluation Metrics . . . . . .. .. ... ... VIII

B.2 Cars . . . . . . e IX

B.2.1 Temporal Coherence . . . . .. .. ... ... ... ... ... IX

B.2.2 Simple Kalman Filter . . . . . . . ... .. ... ... ... . X

B.2.3 Non-linear Kalman Filters . . . . . . . ... ... ... .... X

B.2.4 Factor Graph Optimization . . . .. ... ... ... .. ... XI

B.2.5 Evaluation Metrics . . . . . .. ... ... ... ... XII

B.3 Trucks . . . . . .. XIIT

B.3.1 Temporal Coherence . . . . .. ... ... ... ... .. ... X1V

B.3.2 Simple Kalman Filter . . . . . . . ... .. ... ... ..... X1V

B.3.3 Non-linear Kalman Filters . . . . .. ... ... .. ... ... XV

B.3.4 Factor Graph Optimization . . .. . ... ... ... ..... XVI

B.3.5 Ewvaluation Metrics . . . . . .. ... ... ... ... ... .. XVII

Xvil



Contents

xviii



1.1

2.1
2.2
2.3
2.4
2.5
2.6

3.1
3.2
3.3
3.4
3.5
3.6
3.7
3.8

4.1
4.2
4.3
4.4
4.5
4.6
4.7
4.8
4.9
4.10
4.11
4.12
4.13
4.14
4.15
4.16
4.17
4.18
4.19

List of Figures

Mlustration of AV Pipeline . . . . ... ... ... ... ... ..... 2
Pipeline for data collection . . . . . . . . .. ... ... ... ... 5
Active learning pipeline. . . . . . . ... ... L. 7
Comparison of a Bayesian network and a Factor graph. . . . . . . .. 14
Sliding window on factor graph . . . . . . .. .. ... ... 15
Tumbling window on factor graph . . . . . . .. ... ... ... ... 15
[Mlustration of Bayesian optimization . . .. .. ... ... ... ... 16
Coordinate Frame, front view. . . . . . . .. .. .. ... ... .... 17
Coordinate Frame, side view. . . . . . . ... ... ... ... .... 18
Map of the different routes . . . . . . . ... ... L. 24
[lustration of Bounding Box in 2D . . . . . ... ... ... ..... 27
[Mlustration of rotated bounding box . . . . . . . ... ... ... ... 28
[lustration of displacement in xandy . . ... ... ... ... ... 29
Student’s ¢ distribution . . . . . .. .00 33
Chi-squared distribution and percentiles . . . . . . .. ... ... .. 35
Recall Pedestrians Moderate . . . . . . .. . .. .. ... ... .... 42
Recall Pedestrians Severe . . . . . . . . . . ... ... .. 42
Precision Pedestrians . . . . . . .. ... ... . 0oL 43
F| Pedestrians Moderate . . . . . . . . .. ... ... ... .. .... 43
F| Pedestrians Severe . . . . . . . . ... oL 44
Consistent vs. inconsistent data distribution for TC (Pedestrians) . . 44
Consistent vs. inconsistent data distribution for KF (Pedestrians) . . 45
Consistent vs. inconsistent data distribution for EKF (Pedestrians) . 45
Consistent vs. inconsistent data distribution for CKF (Pedestrians) . 46

Consistent vs. inconsistent data distribution for FGO CV (Pedestrian) 46

Consistent vs. inconsistent data distribution for FGO CT (Pedestrian) 47
Recall Cars Moderate . . . . . . . ... ... ... ... ... ... 48
Recall Cars Severe . . . . . . ... ... ... 00 48
Precision Cars . . . . . . . . . . . 49
Fy Cars Moderate . . . . . . . . . . . ... 49
Fy Cars Severe . . . . . .. 50
Consistent vs. inconsistent data distribution for TC (Cars) . . . . . . 50
Consistent vs. inconsistent data distribution for KF (Cars) . . . . . . 51
Consistent vs. inconsistent data distribution for EKF (Cars) . . . . . 51

Xix



List of Figures

XX

4.20
4.21
4.22
4.23
4.24
4.25
4.26
4.27
4.28
4.29
4.30
4.31
4.32
4.33
4.34
4.35
4.36

Consistent vs. inconsistent data distribution for CKF (Cars) . . . . .
Consistent vs. inconsistent data distribution for FGO CV (Cars) . . .
Consistent vs. inconsistent data distribution for FGO CT (Cars) . . .
Recall Trucks Moderate . . . . . . ... ... ... ... .......
Recall Trucks Severe . . . . . . . ... ... ... .. ...
Precision Trucks . . . . . .. ... .. .o oo
Fy Trucks Moderate . . . . . . . . . . . . ...
Fy Trucks Severe . . . . . . . . ...
Consistent vs. inconsistent data distribution for TC (Trucks) . . . . .
Consistent vs. inconsistent data distribution for KF (Trucks) . . . . .
Consistent vs. inconsistent data distribution for EKF (Trucks) . . . .
Consistent vs. inconsistent data distribution for CKF (Trucks) . . . .
Consistent vs. inconsistent data distribution for FGO CV (Trucks) .
Consistent vs. inconsistent data distribution for FGO CT (Trucks) . .
Computational Time . . . . . . . . ... ... ... ...
Average Computational Time per batches . . . . . . . . . . ... ...
Max Computational Time per batches . . . . . .. .. ... ... ..



List of Tables

3.1 Dataset Description, Test log Cars and Trucks . . . . ... ... ... 20
3.2 Dataset Description, Test log Pedestrians . . . . . . . ... ... ... 20
3.3 Dataset Description, Tuninglog 1 . . . . . . . .. ... .. ... ... 20
3.4 Dataset Description, Tuninglog 2 . . . . . . . .. .. ... ... ... 21
3.5 Dataset Description, Tuning log 3 . . . . . . ... ... .. ... ... 21
3.6 Dataset Description, Tuning log 4 . . . . . . ... ... .. ... ... 21
3.7 Dataset Description, Tuninglog 5 . . . . . . . .. ... .. ... ... 22
3.8 Dataset Description, Tuning log 6 . . . . . . . .. .. ... ... ... 22
3.9 Dataset Description, Tuning log 7 . . . . . . .. ... ... ... ... 22
3.10 Dataset Description, Tuning log 8 . . . . . . . .. ... .. ... ... 23
3.11 Dataset Description, Tuninglog 9 . . . . . . . .. .. ... ... ... 23
4.1 Recall for basic anomaly detection . . . . . . .. ... ... ... ... 41
B.1 Recall Temporal Coherence (Pedestrians), Moderate . . . . . . . . .. \Y
B.2 Recall Temporal Coherence (Pedestrians), Severe . . . . .. ... .. \Y
B.3 Recall KF (Pedestrians), Moderate . . . . .. ... ... ....... VI
B.4 Recall KF (Pedestrians), Severe . . . . . ... ... ... ....... VI
B.5 Recall EKF (Pedestrians), Moderate . . . ... ... ......... VI
B.6 Recall EKF (Pedestrians), Severe . . . . . ... ... ... ...... VI
B.7 Recall CKF (Pedestrians), Moderate . . . . ... ... ........ VII
B.8 Recall CKF (Pedestrians), Severe . . . . . . ... .. ... ...... VII
B.9 Recall FGO CV (Pedestrians), Moderate . . . . . .. ... ... ... VII
B.10 Recall FGO CV (Pedestrians), Severe . . . . . .. .. ... ... ... VII
B.11 Recall FGO CT (Pedestrians), Moderate . . . . . .. ... ... ... VIII
B.12 Recall FGO CT (Pedestrians), Severe . . . . . . . .. ... ... ... VIII
B.13 Comparison Recall (Pedestrians), Moderate . . . .. ... ... ... VIII
B.14 Comparison Recall (Pedestrians), Severe . . . . . .. ... ... ... VIII
B.15 Comparison Precision (Pedestrian) . . . . ... ... ... ... ... IX
B.16 Comparison Fj-score (Pedestrian), Moderate . . . . . . . ... .. .. IX
B.17 Comparison Fij-score (Pedestrian), Severe . . . . . .. .. ... .. .. IX
B.18 Recall Temporal Coherence (Cars), Moderate . . . . ... ... ... IX
B.19 Recall Temporal Coherence (Cars), Severe . . . . . ... ... .... X
B.20 Recall KF (Cars), Moderate . . . . .. ... ... ... ........ X
B.21 Recall KF (Cars), Severe . . . . . .. .. .. ... ... .. ..., X
B.22 Recall EKF (Cars), Moderate . . . . ... ... ... ......... X
B.23 Recall EKF (Cars), Severe . . . . . ... ... ... . ... ... .. XI

xxi



List of Tables

B.24 Recall CKF (Cars), Moderate . . . . ... ... ... ... ...... XI
B.25 Recall CKF (Cars), Severe . . . . . . .. . ... XTI
B.26 Recall FGO CV (Cars), Moderate . . . . . .. ... ... ... .... XI
B.27 Recall FGO CV (Cars), Severe . . . . . . ... .. ... ... ..... XI1
B.28 Recall FGO CT (Cars), Moderate . . . . . ... ... ... ... ... XII
B.29 Recall FGO CT (Cars), Severe . . . . . . . .. ... ... XII
B.30 Comparison Recall (Cars), Moderate . . . . ... ... ........ XIIT
B.31 Comparison Recall (Cars), Severe . . . . . . ... ... ... ..... XIII
B.32 Comparison Precision (Cars) . . . . . .. ... ... ... ... ... XIIT
B.33 Comparison Fj-score (Cars), Moderate . . . . ... ... ... .... XII1
B.34 Comparison Fj-score (Cars), Severe . . . . . . .. .. ... .. .... XIIT
B.35 Recall Temporal Coherence (Trucks), Moderate . . . ... ... ... X1V
B.36 Recall Temporal Coherence (Trucks), Severe . . . . . .. ... .. .. XIV
B.37 Recall KF (Trucks), Moderate . . . . ... ... ... ... ...... X1V
B.38 Recall KF (Trucks), Severe . . . . . . .. .. ... ... ... ... .. X1V
B.39 Recall EKF (Trucks), Moderate . . . . . ... ... ... ....... XV
B.40 Recall EKF (Trucks), Severe . . . . . . . . .. .. ... ... ..... XV
B.41 Recall CKF (Trucks), Moderate . . . . ... ... ... ... ..... XV
B.42 Recall CKF (Trucks), Severe . . . . . ... ... ... ... .. .... XV
B.43 Recall FGO CV (Trucks), Moderate . . . . . . .. .. ... .. .... XVI
B.44 Recall FGO CV (Trucks), Severe . . . . . .. .. .. ... .. .... XVI
B.45 Recall FGO CT (Trucks), Moderate . . . . ... ... ... ... ... XVI
B.46 Recall FGO CT (Trucks), Severe . . . ... ... ... ... ..... XVI
B.47 Comparison Recall (Trucks), Moderate . . . . . .. ... ... ... .. XVII
B.48 Comparison Recall (Trucks), Severe . . . . . . .. .. ... ... ... XVII
B.49 Comparison Precision (Trucks) . . . .. .. ... ... ... ... .. XVII
B.50 Comparison Fij-score (Trucks), Moderate . . . . . .. ... ... ... XVII
B.51 Comparison Fj-score (Trucks), Severe . . . . . . ... ... ... ... XVIII

xxii



1

Introduction

The evolution of Advanced Driver-Assistance Systems (ADAS) toward fully auto-
mated driving relies heavily on robust learning-based perception systems [1]. Im-
provement of the performance and safety of these systems can be significantly sup-
ported by training perception models on larger and more diverse datasets [2]. Fleet
data collected from customer vehicles operating in real-world environments offers
the potential for a substantially richer and more diverse data source. However, in-
discriminate collection and processing of this data is impractical, as uploading data
streams without a principled selection strategy can lead to excessive communication
and storage costs, while providing no guarantee that the collected data is informa-
tive. Furthermore, this approach risks over-representing common or already well-
understood scenarios, resulting in redundant training data. While data collection
can be guided by triggers that capture events of interest, a more principled selection
strategy can further improve efficiency by prioritizing the most informative samples.

There are several approaches to developing such selection strategies. For instance,
data may be prioritized based on risk-related factors, such as the potential severity
of a collision affecting the ego vehicle or surrounding road users, as these are crit-
ical for identifying hazardous situations [3]. Alternatively, selection can focus on
identifying out-of-distribution (OOD) scenarios, which pose a significant challenge
to perception systems and can increase the risk of inaccurate predictions [4].

This thesis, however, focuses on developing and evaluating a method for detect-
ing perception errors and utilizing them for selective data collection. The goal is
to identify informative data points that can improve the perception system, partic-
ularly by capturing challenging or underrepresented scenarios where the system is
more likely to fail, as rare and long-tail events are known to be critical for ensuring
robustness in autonomous driving [5].

The proposed approach treats data collection as a selective process in which vehi-
cles continuously buffer both input sensor data and model outputs, while an online
monitoring mechanism analyzes the behavior of the perception model to detect in-
consistencies, potential errors, or scenarios deemed interesting. When such events
are identified, a trigger initiates the selective storage of the corresponding data,
ensuring that only relevant and informative samples are collected.



1. Introduction

1.1 Background and Methodology

A typical pipeline for automated vehicle systems is structured as illustrated in Fig-
ure 1.1, following the approach of [6].

Perception |— | Prediction Planning |———>» Control

Figure 1.1: Pipeline for general Automated Vehicle System.

Perception: The perception module processes raw data from sensors such as cam-
eras, LIDAR, and radar to estimate the state of the environment. This includes
detecting and tracking objects (e.g., cars and pedestrians), estimating their posi-
tions and velocities, and understanding scene elements such as lanes and traffic signs.

Prediction: The prediction module estimates the future behavior of dynamic ob-
jects in the environment based on the perceived state. For example, it predicts tra-
jectories of surrounding vehicles and pedestrians to anticipate potential interactions.

Planning: The planning module determines the optimal driving strategy and gen-
erates a safe and feasible trajectory for the ego vehicle. This includes both high-level
decisions (e.g., lane changes, stopping) and low-level motion planning.

Control: The control module executes the planned trajectory by generating ac-
tuation commands such as steering, acceleration, and braking.

This thesis focuses specifically on the perception layer, extending existing systems
by introducing an online monitoring method that actively analyzes the perception
system’s outputs in real time. Rather than relying on out-of-distribution (OOD)
detection or predefined risk factors, the proposed approach directly examines the
system’s predictions to identify inconsistencies and potential errors. To this end,
multiple methods for detecting anomalous or high-error events are evaluated, with
particular emphasis on their ability to capture the rare and long-tail scenarios high-
lighted in the introduction.

This approach is motivated by two main considerations. First, different types of dy-
namic objects exhibit distinct behavioral patterns, suggesting that different methods
may be more suitable for different object classes. Second, from a practical perspec-
tive, simpler methods are often preferable due to their lower computational cost and
ease of implementation, especially when more complex methods offer only marginal
performance improvements.

Motivated by these considerations, this work adopts a progressive evaluation strat-
egy. It begins with simpler methods as baselines and incrementally introduces more
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complex approaches, allowing for a systematic assessment of the trade-offs between
performance, complexity, and applicability across different object categories.

1.2 Research Questions

Based on the background presented above, it is necessary to systematically evaluate
and compare the effectiveness of different methods for detecting inconsistencies in
learning-based perception systems.

To this end, the following research questions are formulated:
1. What methods can be used to identify, filter, and select informative data from
large vehicle fleets?
2. Could the proposed methods be implemented in real-time for a given vehicle?
3. How do the different methods compare with respect to detection performance
and computational complexity, and what trade-offs can be identified between
them?

1.3 Contributions

To address the research questions, this thesis makes the following contributions:

o Implementation of anomaly detection methods for identifying informative data,
including approaches based on Temporal Coherence, Kalman Filters and Fac-
tor Graph Optimization.

o Evaluation of the computational complexity of the proposed methods and
assessment of their suitability for real-time implementation in a vehicle.

o Comparative analysis of the different methods with respect to detection per-
formance, using metrics such as recall, precision, and F} score.

o Investigation of method performance across different dynamic object classes,
including pedestrians, cars, and trucks.

1.4 Limitations

There are some limitations assumed and placed upon this project, which will affect
the result somewhat. First, the datasets collected were limited to areas in and around
Gothenburg, as it was most convenient for this thesis. Second, only position and
velocity measurements will be evaluated as this ensures a fair comparison between
all methods chosen to be evaluated. Third, when dealing with object disappearance
and reappearance, all objects exhibiting this behavior will be flagged as interesting.
This is done consciously of the fact that some of these instances will be due to object
occlusion, and not perception system failure. Separating the two mentioned causes
for this occurrence is out of scope for this thesis. Fourth, there are many ways to
collect and analyze data from vehicles, this thesis deals mainly with sensor outputs
and will not examine direct video frames. Fifth, this thesis focuses on identifying
anomalous behavior in dynamic objects and does not consider static elements such as
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traffic signs or road infrastructure. Finally, since the data collection was conducted
primarily on highways, certain dynamic object types (e.g., cars) are significantly
more prevalent than others, such as pedestrians. To account for this imbalance,
each dynamic object category is evaluated separately. This thesis focuses on three
types of dynamic objects: cars, trucks, and pedestrians.



2

Theory

This chapter provides the theoretical foundation for the thesis. It begins with a brief
overview of the use of fleet data and the principles of active learning. Subsequently,
it introduces the key concepts and methodologies necessary for understanding and
evaluating the approaches proposed in this work.

2.1 Fleet Data and Active Learning Overview

Label the
selected data

Find data with Train the

inconsistencies network

Send the
updated
network to the
cars

Figure 2.1: Pipeline of how the data collection could be used in a finished product.
This project focuses on the purple circle, the detection of inconsistencies.

The development of autonomous driving relies on a closed-loop pipeline similar to
the one depicted in Figure 2.1, that encompasses data collection, labeling, model
training, simulation, real-world testing, and final deployment [1]. As this thesis
focuses on optimizing data collection, it is essential to first examine the mecha-
nisms and advantages of fleet-scale data acquisition. In addition, active learning is
introduced to highlight the importance of well-formed data selection strategies.
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2.1.1 Fleet data

Datasets derived from vehicle fleets, hereafter referred to as fleet data, can sig-
nificantly contribute to the training and validation of 3D object detection models.
While individual customer vehicles often lack advanced data logging capabilities and
high-quality sensor configurations, for example, specialized cameras and perception
systems, fleet-based data collection provides access to a substantially larger volume
of data. This increased scale may help improve model robustness and generaliza-
tion [2].

Fleet-scale datasets vary in structure and sensor composition. Many consist primar-
ily of video sequences [1], while others adopt a multimodal approach by combining
camera and LiDAR data [2]. Although such datasets can support a wide range of
autonomous driving tasks, including prediction and planning, this work focuses ex-
clusively on perception data.

A primary challenge in real-world data acquisition is the inherent redundancy of
collected data: the majority of recordings represent routine driving scenarios, while
so-called corner cases or out-of-distribution (OOD) events remain rare [1]. The
importance of large and well-balanced datasets is highlighted in [7], which shows
that 3D detection models trained on limited or biased data experience significant
performance degradation when evaluated on more balanced and diverse test sets.
Additionally, a large-scale analysis of 103 datasets reveals a systematic lack of ge-
ographical diversity [8], further emphasizing limitations in current data collection
practices.

Taken together, these challenges underscore the need for large-scale and diverse
datasets for training learning-based perception systems, particularly those enriched
with rare and atypical events. Such diversity is more readily achieved through fleet-
based data collection, where the aggregation of data across many vehicles, locations,
and driving conditions increases the likelihood of capturing rare scenarios and re-
ducing dataset bias.

2.1.2 Active Learning

Active learning is a method used in machine learning, where only a subset of the
training data is required to be labeled. In general, the purpose of using this method
is to obtain a good result, while not being required to label all of the data, which
could save a lot of time and computational power. The active learning algorithm
follows the pipeline shown in Figure 2.2. The general idea is that a subset of the
training data is selected, which is then labeled and used by the model to train
on. From the result of running the data through the model, additional samples are
selected based on an acquisition function and then labeled. This is then performed
multiple times until a desired performance is reached. The acquisition function is a
metric to select data that may provide additional information to the classifier and
can be defined in multiple ways [9].

6
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Select Label the
random selected
samples data

Select Build
possibly model
important from data

data and model

Run the
data
through
the model

Figure 2.2: Active learning pipeline.

The methods developed and evaluated in this thesis fall within the purple circle in
the pipeline depicted in Figure 2.2. These methods focus on determining when to
trigger data collection, similar to how acquisition functions in active learning decide
which data points are most beneficial to annotate.

In this sense, the active learning pipeline closely aligns with the objective of this
thesis: identifying the most informative data for training perception models in order
to improve their performance.

2.2 Temporal Coherence

Temporal Coherence in this context generally refers to the coherence between video
frames, that is, for two frames next to each other in time, the expectation is that
they contain essentially the same objects [10]. This is useful to determine when ob-
jects, people, or the general surroundings are acting in a way that is highly unlikely,
based on the previous frame. By identifying object frames, or bounding boxes, and
mapping boxes between video frames, the overlap between them can be calculated
[10].

Intersection over Union (IoU) is a widely used metric in object detection for quan-
tifying the overlap between two regions. It is defined as the ratio between the area
of intersection and the area of union of two shapes A and B, as described in [11]:

|AN B
|AuB|
In the context of object detection, IoU is commonly used to compare a predicted

bounding box B with the corresponding ground truth bounding box BY%. As de-
scribed by Hao Zhang et al. [12], this can be expressed as:

ToU =

(2.1)
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|B N B9

|B U B9t|’
The resulting IoU value lies in the range [0, 1], where a value of 0 indicates no overlap
between the bounding boxes, and a value of 1 corresponds to a perfect match.

Consequently, IoU provides an intuitive and standardized measure for evaluating
the accuracy of object localization.

IoU = (2.2)

2.3 Kalman Filters

Described by Riberio in [13], "the Kalman filter is a linear, discrete time, finite-
dimensional time-varying system that evaluates the state estimate that minimizes
the mean-square error". In other words, the Kalman filter takes as input previously
estimated states, for instance, position and velocity, and compares them to mea-
surement data to accurately estimate the next states. Often the method is divided
into a prediction and an update step, in [13] the update step is referred to as a
filtering step. Furthermore, the Kalman filter is often described as a Bayesian filter
[14], since it estimates the state of the system in a probabilistic framework.

2.3.1 Simple Kalman Filter

The prediction equations use solely previous data, or priors [15], to estimate the
next state at time k, without a current observation.

Kifk—1 = Ap 1 X161 (2.3)
Ppr_1 = Ak—IPk71|k71Ac]€_1 +Qy_1,

where
- Xpk—1 is the predicted next state and X;_1x—; is the previously estimated state.
- Py—1 is the expected error covariance, and Pj_;,_; is the prior expected
error covariance.
- Aj_1 is the state transition matrix, describing the relationship between states
at time k and k + 1.
- Qj_; describes the uncertainty in the state transitions over time.
The update equations combine the currently predicted state and covariance from
the prediction step, with the observed measurements at time k,

Xplk = Xijp—1 + Kpvy (2.5)
Pip = Pt — KiSi K],
where
K, = Py HL S, (2.7)
Sk = HkPk\k—le + Ry,
Vi = 2z, — HyXpp—1 (2.9
Here
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- Xy Updated estimated next state [15].

- Py updated error covariance.

- K}, is the Kalman Gain matrix and describes how the observed measurements
affect the system state estimations [15].

-V}, is the innovation residual [15], which calculates the difference between the
estimated state and the actual measured data.

- Sy, is the innovation covariance [15].

- 7z is the measurement.

2.3.2 Extended Kalman Filter

As mentioned above, the Kalman filter is a linear system. However, there are many
instances where the state dynamics are non-linear. In those cases, the Extended
Kalman Filter, EKF, can be used instead [13]. Here, both the system dynamics and
the observation dynamics need to be linearized around X;_;,_1, respectively Xjx—1
[13], to be able to apply the linear Kalman filter.

Then the prediction step becomes

Rih—1 = f(Re—1jp-1) (2.10)

P = f,(&k71|k71)Pk71|k71f,<§ck71|k71)T + Qy_1, (2.11)

where f'(Xg_1jx—1) is the Jacobian of f(%Xj_1;_1), the motion model. Furthermore,
the update step becomes

Kl = Xgjp—1 + Kpvy (2.12)
Pur = Prjpo1 — KiSi K (2.13)
K. = Py’ (Rpp—1)"S; " (2.14)
Sk = h,(fimkq)Pk\kqh/(f{mkq)T + Ry, ( )
(2.16)

Vi, = 2z, — h(Xpe-1),

where h'(Xy;,_1) is the Jacobian of h(X;_1), the measurement model.

2.3.3 Cubature Kalman Filter

While the Extended Kalman Filter performs better than the standard Kalman filter
for nonlinear systems, it requires linearization, which may result in a poor approxi-
mation of the system for highly nonlinear systems. To better handle the nonlinear
systems, sigma-point methods have been introduced, such as the Unscented Kalman
Filter (UKF) [16] and the Cubature Kalman Filter (CKF) [17]. These types of filters
do not use linearization to calculate estimated measurements or predict the move-
ment, but select multiple points close to the estimate and propagate them through
the motion, respectively, the measurement model, and calculates the estimate and
its covariance based on the distribution of the propagated points.
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The two mentioned sigma-point methods differ slightly, with the UKF using one
sigma-point more and also having design parameters, which control how the sigma-
points are spread [16]. The UKF can, however, get negative weights, which can
result in a covariance matrix that is not positive definite, leading to instability of
the filter [17]. Due to the instability of the UKF, only the CKF is evaluated in this
project.

For the prediction step, the sigma-points for CKF are calculated accordingly

8 ~ 1/2
Xk(—)l =Xp_1)k—1 T \/E(Pk/—uk—l)ﬂ

n A 1/2
Xk(fir ) = Xk—1]k—1 — \/ﬁ<Pk/fl\k71>5, (217)
1
WB - %

where (Pklﬁ\k—ﬁﬁ corresponds to column [ of PI:£21|19—1 and n is the number of states.

The predicted state and covariance are estimated to be the following

Xk\k 1~Zf

(2.18)
Prp—1~ Qr1 + Z Xk 1) — Repe—1) (1) W,
p=1
For the update step, the sigma-points are calculated as
. pL/2
X7 =Ry + V(P k;\/k )8
X = %y — V(PR )s (2.19)
1
Wi =—.
P~ o
The update is performed
Kk = K1 + PaySy (2 — Zij—1) P (2.20)
Pk|k = Pk:\k:fl - nys 1P:—cry7 ‘
where
2n
2k|k—1 ~ Z h(Xk(B)
p=1
o (8 8
Poy~ D (47 = Kejpr) (WA = 2yg1) W (2.21)
B=1
SYNPC
Sr ~ Ry + Z(h(‘)(k ) — ik\k—l)('>TW5'
p=1

10
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2.4 Smoothers

As previously described, the Kalman filters perform their calculations as a forward
pass, only using the past measurements to estimate the states, and not the future
ones. For real-time applications, it is only possible to use the past measurements,
but for cases where it is allowed to have some delay, a smoother, which also uses the
future data, could be used. One of the most common smoothers for Kalman Filters
is the Rauch-Tung-Striebel (RTS) Smoother [18], which is performed as a backward
pass.

The regular RTS smoother is defined as

G =P AL P,
Xk = Xk + Gr(Reg1x — Xes1)k) (2.22)

Pur = Pup — Ge(Prpap — Prorx) Gy

where Xk and Pk are the smoothed state estimate, respectively, the smoothed
covariance at sample k£ given measurements to timestep K. The backward pass is
started from the last time step K, with the smoothed state, Xk, being equal to
the last filtered state [14].

2.4.1 Extended RTS-smoother
For the EKF, the RTS smoother is defined similarly to the regular RTS [14]

Xk = Xk + Gre(Xi1 g — F(Xij)) (2.23)
Pk = P — Ge(Prsip — Proyx) Gy

2.4.2 Cubature RTS Smoothing

The RTS smoother for CKF follows a similar structure as the above defined smoothers,
but uses sigma-points similarly to how they were used in the filter [14]

X = gy, + \/E(Plld/lf)ﬁ

X = gy — V(P s (2.24)
1
Wg=—.
5= on

The smoothing is performed accordingly

_ -1
Gy = Pk,k+llkPk+1|k

Xp ik = Xije — Gr(Xpg1)x — Rit1jk)) (2.25)
Puk = Pupp — Gr(Priap — Pux) Gy,

11
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where

2n
Repe & S £ Wy
B=1

2n
P~ Qr + Z(f(X;iﬁ)) — Rpe1p) (1) W (2.26)
B=1
2n 8 5
Prrie = Z(Xk( )~ fik|k>(f(Xk( )) - ﬁkﬂlk)TWﬁ-
B=1

2.5 Motion Models

The Kalman filter requires, as mentioned above, a state transition matrix, an ob-
servation matrix, and the covariance matrices for the state transition error and the
measurement error [15]. To acquire these, motion models describing the trajectory
of the states are used. For this master’s thesis, the constant velocity and the coor-
dinated turn model were both relevant. Measurements are also limited to position
and velocity to ensure a fair comparison between methods later on.

2.5.1 Constant Velocity

The constant velocity model assumes that the only states changing with time are
the position, with velocity as a constant. The continuous time model is described
as

(1) 001 01[z(t)] [0 0
%(t) = i@) —Ax =) 00 ) ﬂt)) | 0. (2.27)
b, () 000 0]l 01

To use the Kalman filter, the motion model needs to be discretized, here, the Euler
method is used

X = Ap1Xp-1 + Qg (2.28)

where the transition matrix A, _; calculated using a first-order Taylor expansion.
The calculation is performed accordingly

A =1+TA = (2.29)
1000 0010 10T 0
0100 0001 010 T
“loo1o ™ loooo"]oo 1 ol (2.30)
0001 0000 00 0 1
Together
T 1 07T 0 Th—1
ye | {01 0 T | yp—1
Xk = 'UZ'JC - 00 1 0 Vg ko1 + 9di—1, (231)
Uy k 0 0 0 1 Uy k—1

12
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where q;,_; ~ N(0,Q,_;) and the process noise covariance matrix [19]

2 T3/3'12><2 T2/2'12><2

Qi1 =0, T2 Ty Ty | (2.32)

2.5.2 Coordinated Turn

The coordinated turn model is generally used to model a vehicle in a curve, which is
very useful when estimating a vehicle’s trajectory on different roads over time. The
continuous time model, using Cartesian coordinates, is written as

x(t) vz (t) 00
y(t) vy(t) 0 °(t)
U, ()| = |—v,(H)w(t)| + |1 0 l ‘c"(t)] : (2.33)
b, (t) v (H)w(t) 1 o] %
w(t) w(t) 0 1
Discretized using the Euler method:
Xp = F(Xp-1) + Q1 & X1 + TA(Xp-1) + Gy (2.34)
Ty, g1+ T Vg1
Yk Y1+ T vy
= |Vak| = |Vago1 — T - WOy 1| + D1, (2.35)
Uy k Uyk—1 + 1 - Wog 1

Wi WEk—1

where q;,_; ~ N(0,Q,_;). From the above definition, the Jacobian is calculated as

1 0 T 0 0
01 0 T 0
f/(Xk_l): 0 0 1 —ka,1 —T’l)y7k,1 s (236)
0 0 ka—l 1 Tva:,k—l
0 0 0 0 1

and the process noise covariance matrix [14] as

T2 T2
Q.= dz’ag(bag, ?03, To? To?, TUEUD. (2.37)

2.6 Factor Graph Optimization (FGO)

Factor Graphs are based on Bayesian networks, with some modifications. Figure 2.3
illustrates the difference between a Bayesian network and the corresponding factor
graph. The Bayesian network is constructed with nodes for both states and mea-
surements, and has directed edges symbolizing the dependencies between states, for
example, with a motion model. The factor graph, however, is constructed with
variable nodes for each variable, the states, and factor nodes, which are functions
describing how the states are connected or constrain them in other ways [20]. The

13
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connection between the states could be a motion model, and other constraints can
be a prior on a state or measurements and their accuracy. Since the factors are
distinctly defined, the only unknowns for the graph are the variables, the states.

11e:

(a) Bayesian network.

PR

(b) Factor graph, where the black, green, and pink squares
symbolize measurement-, process-, respectively prior fac-
tors.

2 4

Figure 2.3: Comparison of a Bayesian network and a Factor graph.

Factor Graph Optimization is a method that, similarly to Kalman filters, is based
on Bayesian networks, with the major difference being that the optimization is
performed on all states simultaneously, while the Kalman filter and its smoothing
are performed as a forward-, respectively backward pass [21]. The FGO can be
constructed similarly to the Kalman filter, using different motion models such as
constant velocity and coordinated turn.

Previous studies that compared EKF, both with [22] and without smoothing [23],
and FGO, have shown that the FGO in general performs better in terms of accuracy,
while it requires larger computational time. The large computational time is a result
of performing an optimization over all the historical data, but can be lowered if a
sliding window is used [23]. In addition, [24] has shown that a larger window for
FGO, in general, provides improvement of accuracy, although the gain becomes
negligible above a certain size. When using the sliding window approach, it could
be performed by using only the measurements inside the window. Another approach
is to marginalize the old data and use it as a prior for the next window [21], as shown
in Figure 2.4. The latter approach has in a previous study [25], resulted in a smaller
error, especially for smaller window-sizes, in addition to slightly lower computational
time, probably due to the prior bringing the optimizer closer to the optimum, which
results in fewer optimization-iterations required. In addition, a tumbling window
version is provided in Figure 2.5, where samples are only optimized over once, and
then kept for the next window only as a prior through marginalization.

14
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R
T

Figure 2.4: Illustration of sliding window on a factor graph, with window size 2,
where marginalization is performed between each figure and is included as a prior
in the next graph. The black, green, and pink squares symbolize measurement,

process, and prior factors.

R

Figure 2.5: Illustration of tumbling window on a factor graph, with window size
2, where marginalization is performed between each figure and is included as a prior
in the next graph. The black, green, and pink squares symbolize measurement,
process, and prior factors.

2.7 Bayesian Optimization

Bayesian Optimization is a derivative-free global optimization algorithm that is par-
ticularly useful for black-box objectives. The algorithm has been used for a long
time, but has in modern times been used as a tool for hyperparameter tuning for
machine learning. The algorithm is constructed such that it builds a surrogate func-
tion of the cost function, based on the parameter values it has already tested. It
also constructs an acquisition function based on the surrogate function and its es-
timated uncertainty, such that it has larger values where the surrogate function is
less certain about the behavior of the objective and where it has a larger probability
of improvement. The acquisition function can be constructed in multiple different
ways, with different amounts of focus on exploration and exploitation [26]

15



2. Theory

An example of the algorithm is illustrated in Figure 2.6, where each row of sub-
figures shows the true and surrogate function, and the acquisition function given the
surrogate function. The parameters corresponding to the largest acquisition function
value are selected for the next iteration, as depicted. The figure illustrates that the
acquisition function sometimes selects hyperparameters where the surrogate function
has the largest uncertainty and sometimes where it expects more improvement.

1 7~ 0.1-

N ’
0 - —‘———N-\—\—_—’—,‘, \. - —__\
_1 i 1 1 1 1 1 0'0 - 1 1 1 1 1
-2 -1 0 1 2 -2 -1 0 1 2
1 75N 0.05 -
v ) \
O 4= ‘\\~’/, \.‘__.p
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-2 -1 0 1 2 -2 -1 0 1 2
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P IICS 3 .
04 #== =S e
~14 : , , — 0.004, . . —/
-2 -1 0 1 2 -2 -1 0 1 2
N PN 0.05 A
07 ‘:“‘\-k-::z, o
-11 : , , — 0.004 . . —
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P— N 0.05 -
01 === e a\/\
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Figure 2.6: Example of Bayesian optimization, to the left, true function (red)
and estimated function (green), to the right, the acquisition function. The red dots
represent the selected parameters that have been tested, and the blue the parameter
that should be tested next. The acquisition function GP-hedge [27] was used. The
Bayesian optimization was performed with the scikit-optimize function gp_minimize
[28].
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Methods

The Methods chapter describes the processing of raw data and the application of
multiple evaluation methods. It begins with simple approaches for detecting in-
consistencies in class labels, disappearance and reappearance events, and motion.
Furthermore, more advanced motion inconsistency methods based on Kalman filters
and Factor Graph Optimization are introduced. Finally, the chapter outlines how
the different methods are evaluated.

3.1 World Frame Definition

The International Organization for Standardization (ISO), in its standard for road
vehicle dynamics (ISO 8855), defines a reference frame as a "geometric environment
in which all points remain fixed with respect to each other at all times" [29]. This
definition is adopted in this work, as it is specifically intended for automotive appli-
cations. According to this standard, the reference frame consists of three orthogonal
axes, X, Y, and Z, defined using the right-hand rule such that

Z=XxY. (3.1)

The vehicle coordinate system is defined with the x-axis pointing forward in the
direction of travel at standstill, the y-axis oriented horizontally and pointing to the
left in relation to the direction of the vehicle, and the z-axis pointing upward [29].

Figure 3.1: Coordinate Frame, front view.
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/TN
Co—0)

Figure 3.2: Coordinate Frame, side view.

To properly estimate not only the dynamic objects’ position and rotation in relation
to a world frame, but also the vehicle’s position and rotation, the coordinate frame
is "frozen". By dictating that the current coordinate frame is the world frame as

z=0 (3.2)
y=0 (3.3)
¢ =0. (3.4)

The homogeneous transformation matrix is computed at each timestep and can be
reset, although this was not done in this thesis, to avoid accumulated drift. The
transformation matrix is subsequently used within a state-space model to estimate
the vehicle’s trajectory from the recorded data. Dynamic objects observed during
data logging are then transformed into the world reference frame in a consistent
manner. The associated calculations are presented below.

3.1.1 Estimation of ego vehicle in world frame

With the initial position of the ego vehicle set to the origin in the world frame, and
with the yaw set to 0, the following positions can be expressed using Euler

W,ego W,ego W,ego
Ly, Lp—1 Vg k—1
Wego| — W,ego + T W,ego (35)
Yr Y1 Uy k-1
Wiego __ ,Wiego ego
ko= Oty T Twl (3.6)

The velocity of the ego vehicle is equal in magnitude in the coordinate systems,
but not in rotation. To account for the rotation, the velocity in the world frame is

defined as

S T .

U;Iy/f,/lf—gi) - ( k—1 ) Ufkegc{ ( . )
_|cos(¢) —sin(o)

() = lsin(gb) cos(o) ] ' (3.8)

18



3. Methods

Resulting in the following state-space

w, w, E,
A e o [R5
;€GO _ ,€go k—l ;€go
Y =Iz3 |y, 7| +T 0 =1k (3.9)
W,ego W,ego ego
Pk k—1 Wi—1

3.1.2 Estimation of dynamical objects in world frame

The positioning of the dynamic objects in the world frame is described with both
rotation and translation, while velocity only requires rotation

w[l:/,obj Weao xkE,obj xZV,ego
[ W,obj‘| = R(¢k 9 ) [ E,Obj] + [ W,ego] (31())
Yk Yk Yk
UE/I;:Ob] _ R W,ego 'Uf}cob] 3 11
obj | = (™) Eobj| - (3.11)
Uy,k Uy,k

The yaw of the object in the world frame
O = o0 4 (3.12)

The state-space for the dynamical objects is thus

r W,objT r E,obj]

W,obj E,obj W.,ego

Vs | g % o o ol ok

v =@ [P 10 0 0f |y, (3.13)
UW/];Obj UE;:bj 000 ’I;V,ego

%i/,obj yE7,obj 00 1

K [Pk ]

where ® = diag(R(¢; ), R(¢y **°),1) and the states and inputs corresponds to
time k.

3.2 Datasets

The datasets used for tuning and testing the proposed methods are described in
Tables 3.1-3.11. The number of cars and trucks is limited to objects observed for
more than two seconds, while pedestrians are limited to those observed for more
than one second. This distinction was made to enable a more meaningful analysis
across all object types, as the number of pedestrian instances is significantly lower.
For the tuning of cars and trucks, only the logs from April were considered, and for
pedestrians, all logs in which pedestrians had been observed were considered. As
for the routes, they are depicted in Figure 3.3.
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Test log Cars and Trucks
Metric Value
Amount of Cars 579
Amount of Trucks 116
Total amount of time 26:18 minutes
Time of Collection April
Route Lindholmen - Varberg - Lindholmen

Table 3.1: Description of test dataset for Cars and Trucks

Test log Pedestrians
Metric Value
Amount of Pedestrians 52
Total amount of time 08:35 minutes
Time of Collection February
Route Around Lindholmen

Table 3.2: Description of test dataset for Pedestrians

Tuning log 1
Metric Value
Amount of Cars 1310
Amount of Trucks 57
Amount of Pedestrians 19
Total amount of time 50:56 minutes
Time of Collection April

Route

Lindholmen - Mélndal - Alvsborgsbron - Lindholmen

Table 3.3: Description of Tuning dataset 1.
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Tuning log 2
Metric Value
Amount of Cars 882
Amount of Trucks 187
Amount of Pedestrians 2
Total amount of time 50:48 minutes
Time of Collection April
Route Lindholmen - Varberg - Lindholmen

Table 3.4: Description of Tuning dataset 2.

Tuning log 3
Metric Value
Amount of Cars 369
Amount of Trucks 64
Amount of Pedestrians 17
Total amount of time 15:21 minutes
Time of Collection April
Route Lindholmen - Kungalv

Table 3.5: Description of Tuning dataset 3.

Tuning log 4
Metric Value
Amount of Cars 341
Amount of Trucks 55
Amount of Pedestrians 0
Total amount of time 10:52 minutes
Time of Collection April
Route Part of Lindholmen - Kungalv

Table 3.6: Description of Tuning dataset 4.
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Tuning log 5
Metric Value
Amount of Cars 571
Amount of Trucks 7
Amount of Pedestrians 4
Total amount of time 29:28 minutes
Time of Collection April

Route

Torslanda - Kungalv

Table 3.7: Description of Tuning dataset 5.

Tuning log 6
Metric Value
Amount of Cars 24
Amount of Trucks 7
Amount of Pedestrians 1

Total amount of time

02:23 minutes

Table 3.8: Description of Tuning dataset 6.

Time of Collection April

Route Test Track
Tuning log 7

Metric Value

Amount of Cars 3

Amount of Trucks 0

Amount of Pedestrians 1

Total amount of time

01:42 minute

Time of Collection

April

Route

Test Track

Table 3.9: Description of Tuning dataset 7.
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Tuning log 8
Metric Value
Amount of Cars 52
Amount of Trucks 6
Amount of Pedestrians 1
Total amount of time 05:50 minutes
Time of Collection January

Route

Part of Lindholmen - Mélndal - Alvsborgsbron - Lindholmen

Table 3.10: Description of Tuning dataset 8.

Tuning log 9
Metric Value
Amount of Cars 704
Amount of Trucks 210
Amount of Pedestrians 1
Total amount of time 41:32 minutes
Time of Collection April
Route Torslanda - Varberg - Torslanda

Table 3.11: Description of Tuning dataset 9.
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Lindholmen - Varberg

Lindholmen - MéIndal - Alvsborgsbron - Lindholmen
Torslanda - Kungalv

Lindholmen - Kungalv
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Figure 3.3: Map of the different routes

3.3 Simple Filter

First, two methods that are relatively straightforward to implement were investi-
gated. The first is a basic anomaly detection approach, which identifies instances
where object classifications change between consecutive time samples, as well as
cases where objects disappear and later reappear. The second method is based on
temporal coherence, specifically by evaluating the Intersection-over-Union (IoU) be-
tween bounding boxes. This approach derives bounding boxes at time steps k — 1
and k using both position and velocity, and subsequently evaluates whether the pre-
dicted (velocity) and observed (position) bounding boxes are consistent with each
other.

3.3.1 Basic Anomaly Detection

Since changes in object classification provide a clear indication of potential errors,
a method for detecting such changes is required.
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By evaluating the probability that a detected object belongs to each considered
class, such as cars, pedestrians, or trucks, and applying a predefined threshold, the
class with the highest probability is selected as the final classification, as shown
in Algorithm 1.

Algorithm 1 Class Assignment

Initialize: threshold, p., pt, pp
for each object o; in dynamic objects do
Pmax = maX(pc,pt,pp)
if prax > threshold then
if prax = pe then
cls,, < car
else if pL.. = p: then
cls,, < truck
else if pp.« = p, then
cls,; < pedestrian
end if
else
cls,, < no object
end if
end for

Then, if for a time sample an object that was previously detected as a car is now
detected as a truck, an error is raised as shown in Algorithm 2.

Algorithm 2 Class Change Detection

Initialize: previous class cls*~! for each tracked object
for each object o; at time step k do
if clsk~! exists then
if clsk # clsk~' then
flag error for object o; at time k
end if
end if
Update clsi~! < clsk.
end for

Another common perception error involves objects disappearing and subsequently
reappearing. Determining whether an object has truly disappeared or has simply
moved outside the sensing range of the ego vehicle requires a temporal delay. It
is only when the same object is detected again that it can be concluded that it
temporarily disappeared from the perception system. Algorithm 3 gives pseudo-
code for this method.
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Algorithm 3 Disappearance and Reappearance Detection

Initialize: tracked objects with IDs
for each time step k£ do
for each tracked object o; do
if o, was present at time £ — 1 and not detected at time k then
mark o; as temporarily missing
end if
if o; was previously marked as missing and is detected again at time k£ then
flag error for object o; at time k
remove missing status for o;
end if
end for
end for

If an object is classified as a disappearing object, this instance is flagged as an error.
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3.3.2 IoU between bounding boxes

Another method to detect unreasonable movement is temporal coherence, described
in Section 2.2, which outlines how video frames can be compared from time sample
to time sample to find unrealistic behavior between them. This thesis did something
similar, but instead looks for matching behavior between bounding boxes calculated
from position and from velocity. Essentially determining if they match.

In order to place the bounding boxes in proper relation to the world frame, which is
derived as described Section 3.1.2, the length and width of each object’s bounding
box are used to recreate a 2D box as shown in Figure 3.4.

/2, -wi/2 /2, wi/2
; 3

. s
-I/2, -w,/2 -I/2, wi/2

Figure 3.4: Bounding box for an object ¢, where [, and w,, represents length and
width respectively at time step k.

As shown in Figure 3.4, the bounding box corners are first defined relative to the
object dimensions and then rotated and translated using the object pose

b zw
) )
b —w cos(¢r) —sin(¢y)
corners= | 2 21|, R = g 314
Lodl RO ) cosy) O
b,ot = corners - R(¢p)" + [cx ¢, (3.15)

By multiplying with R(¢y), where ¢y is calculated from the world frame at time step
k and adding the center coordinates for x and y (¢;, ¢,), the bounding box b, is
placed correctly and rotated to accurately represent the objects rotation according
to the world frame, which can be seen in Figure 3.5.
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5\2
J + Cy

Figure 3.5: Where ¢, and ¢, shift the center of the box in space and ¢° represents
the angle of the rotation.

Since each sampled frame contains detected objects along with their corresponding
bounding boxes, the overlap between consecutive boxes, b,y r—1 and byg g, is ex-
pected to be relatively high when the sampling rate is sufficiently frequent. This
overlap should be consistent with the measured velocity of the object, as a smaller
displacement between frames results in a greater overlap. Consequently, the degree
of overlap between consecutive bounding boxes can be used as an indicator of the
object’s movement, providing a way to estimate displacement based on how much
the bounding boxes shift over time. Below are the calculations of displacement in the
x- and y-directions based on the velocity. The velocities are rotated into the global
frame using the rotation matrix at time step k — 1, R(¢x_1). The object length and
width are averaged between two consecutive time instances, and the corresponding
area A is calculated as the mean of the areas at those time steps.

At =t(k) —t(k—1) (3.16)
m = R(gr1)" - [valk = 1) v, (k—1)] (3.17)
y
- Iy + lk—l) w— Wy + wk—1’ A (e - wg) + (k=1 - wi—1) (3.18)
2 2 2
Ao, = o, - At (3.19)
Ax =v, - At, Ay =, At, (3.20)

where Az and Ay is the expected displacement based on the velocity at time k as
shown in Figure 3.6.
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Figure 3.6: Depiction of displacement in x and y for two different scenarios.

Then, to find the overlap, IoU is calculated as described in Section 2.2.

Azt = |Az|+p- Ao, +p-0, Ayt =|Ay|l+p Ao, +p- 0, (3.21)
Ax” =|Ax|—p-Ao, —p-0,, Ay =|Ay|—p- Ao, —p- 0, (3.22)
O+ = max(0,1 — |[Az™]), O,+ =max(0,w — [Ay™T]) (3.23)
O,- =max(0,l — |[Az"]), O, =max(0,w —|Ay~|) (3.24)
Ity =04 Oy, I._=0, -0, (3.25)
I, =0, -0y, I.,=0, O, (3.26)
U =24—1,,, U._=24—-1_ (3.27)
U_=2A—1,., U, =24—1_ (3.28)
IoU,, = {i, I , ToU,_ = {L, IoU_, = = . (3.29)
O, 0 . 0.

where 7 represents the upper bound obtained by adding a scaled standard devi-
ation o0,, from the maximum value, and z~ represents the lower bound obtained
by subtracting the same scaled standard deviation from the minimum value. The
scaling factor p is chosen to match the confidence interval of the other methods
evaluated in this thesis, as described in Section 3.4.3.

The standard deviation o, is estimated by separating the desired object from other
object classes and identifying instances in which objects remain stationary. By fo-
cusing on stationary samples, the influence of motion-induced noise is minimized,
allowing the remaining variance to primarily reflect measurement noise. Because
bounding boxes for dynamic objects are allowed to rotate independently, their local
coordinate axes (%, y%) are not necessarily aligned with the world reference frame.
As a result, the individual components z%, y°, vg?, and vy* do not consistently rep-
resent motion or position along fixed global directions.

To obtain orientation-invariant measures, the position and velocity were therefore
expressed in terms of their magnitudes, computed from the stationary object sam-
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ples, as

v = /v + V2 (3.30)
p=/22 + > (3.31)

This ensures that the computed quantities are independent of the object’s rotation
and reflect the true speed and distance regardless of the coordinate alignment. Con-
sequently, the standard deviations of position and velocity were calculated using
these scalar magnitudes rather than their individual components. The resulting
class-dependent standard deviations are then applied according to the classification
of the current track.

To compare against the bounding box overlap derived from velocity, the overlap
based on position must also be computed. Since the overlap between two bounding
boxes is generally not rectangular, polygon-based geometric operations are required.
Therefore, the Shapely library is used to compute the intersection and union of the
polygons [30].

Here Py denotes the polygon corresponding to the current time step and Pj,_; the
polygon from the previous time step. The intersection and union areas are defined
as

I = Area(Py_1 N Fy) (3.32)
U = Area(Py_1 U Py). (3.33)

The Intersection over Union (IoU) is then given by

I
IoU = —. 3.34
oU = (334

Time samples are deemed to contain errors when the measured [oU falls outside the
predicted bounds from IoU, indicating that the observed overlap is either greater
or smaller than expected based on the object’s velocity.

3.4 Kalman Filtering & Factor Graph Optimiza-
tion

As indicated earlier, the Kalman filter only utilizes the past and not the future data,
while the RTS smoother is performed as a backward pass and uses all the data. As a
result of the smoother also using the future data, it has better accuracy and provides
a more realistic movement of the states [14]. Due to that improvement and since
some lag is allowed in this application, smoothing will always be performed and will
be included in the Kalman filters in the report. The states referred to will therefore
not be the filtered ones, but the smoothed ones.
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In this thesis, the Kalman filters were constructed manually, while the FGO was
implemented in Python with the GTSAM (Georgia Tech Smoothing and Map-
ping) toolbox [31] (version 4.2), and solved with the Levenberg-Marquardt opti-
mizer. The tuning was performed with the scikit-optimize (version 0.10.2) function
gp_minimize [28].

Since the Kalman filter, and its smoothing, and Factor Graph Optimization both
build on the same principle, a Bayesian network based on measurements and motion
models, it is reasonable to perform the tuning and outlier detection in the same
manner. While the evaluation is performed on fixed windows, the tuning and the
selection of outlier-threshold were performed such that all data was available for
the Kalman filters and FGO. In addition, it was performed on a set of data logs to
get a variety of data, but the data log on which the testing was performed was not
included in the aforementioned set.

3.4.1 Measurement models

As previously stated, the measurements have been limited, for this project, to only
include position and velocity. The measurement model, for both the CV and CT
models, is therefore

Tk
2 = h(x) + 1 = ykk + 1y, (3.35)
o
where r; ~ N(0,Ry) and
Ry = ding((0" 2 (o). (752" 2. (072 (3.36)

The noise is assumed to be identical for the Cartesian components, with one covari-
ance assigned for position and another for velocity. While it is expected to have a
slightly smaller measurement noise for objects observed in front of the ego vehicle,
the rotations performed, as detailed in Section 3.1, justify the selection of equal
noise covariance in the Cartesian components.

The corresponding Jacobian for the CV model is

W (xi) = Lixa, (3.37)
and for the CT model
10000
, 101000
h'(xy) = 00100 (3.38)
00010

3.4.2 Tuning

The system being evaluated changes continuously in terms of accuracy since it is
a system in development and will continue to change and improve as more data is
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collected. As a result, it is not reasonable to tune the filters by hand, therefore
auto-tuning is needed. One alternative for this is the Adaptive Kalman filter [32],
respectively Adaptive Factor Graph Optimization [22]. With the adaptive methods,
the filter /smoother will adapt the noise covariance to each object, which may result
in a very noisy measurement not being flagged, as it would be considered normal.
Therefore, the Adaptive Kalman filter, respectively, the Adaptive Factor Graph
Optimization, was not considered for this project. Consequently, under the assump-
tion of constant sampling time and stationary noise characteristics, the process and
measurement noise covariance matrices were assumed to be constant

Q. =Q

Vk. (3.39)
R, =R

It should also be noted that the noise covariance matrices are not necessarily identi-
cal in terms of magnitude, since they exhibit slightly different motion characteristics.
Each object within a category, for example, all pedestrians, will, however, share a
noise covariance matrix.

Another method is to construct an optimization problem by using either Normal-
ized Innovation Squared [33] or Maximum Likelihood [34] as the objective function.
The problem with Normalized Innovation Squared is that it expects the data to be
of normal distribution, which is often not the case for real-life data, thus it would
probably result in selecting a too large measurement covariance. For maximum like-
lihood, any probability distribution can be used, such as normal, Student’s t, or
exponential, resulting in it being the selected choice for the auto-tuning.

The objective function defined for the optimization problem, with the full derivation
provided in Appendix A, is

1 M1 Yoy wrg2 1
L L . ~(aP YT (RPY—1aP
arg max MZ<N§1( 2 log(1+up(e%) (R) e>
v 2 1
v+ log<1 + W(e:k’i)T(Rv)leZk’J
1

— 2elkﬂ_Qlex,“)) (3.40)

1 1
- ilog |Q| - §log ’R‘

Yy (_ log(o7) — (log(a7) _NSJ)2>’

reT jedn 2(063‘)2

where 7 € T = {meas,proc} defines if it is process or measurement noise and
m € M = {CV,CT}, defines which motion model it is for. The sets J, are defined

as
meas __ meas .__
jcv = jC’T = {pﬂf}

Jov =A{v}, Jor” = {v,w},

and represents what types of variables the corresponding noise is directly applied to.

(3.41)
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The problem is formulated using the maximum average log likelihood, computed as
the mean of per-object averages. This formulation ensures consistency across varying
numbers of dynamic objects and prevents objects observed over long durations from
having a disproportionate influence. The variables €. . and €, s are defined as the
difference between a state estimate and its corresponding measurement, for position,
respectively, velocity. ey, , refers to the difference observed between a state estimate
and its predicted value given the previous state estimate. The following separation
has been used

R? O
o) ot

which is possible since the measurement noise covariance matrix has been con-
structed as a diagonal matrix, as provided in Equation (3.36).

It has been observed that the measurement noise has a slightly heavier tail than
the normal distribution, therefore it has been modeled as a Student’s ¢ distribution.
The heaviness of the tail of the distribution is dependent on its degrees of freedom
(vP, 1Y), where more degrees of freedom are closer to Gaussian. The degree of free-
dom can be selected to be different for position and velocity, but for this work, both
are set to 4, giving v = v¥ = 4. A comparison of the student’s ¢ distribution and
the normal distribution is provided in Figure 3.7.

0.40 1 —— Student'st,v=4
Normal

0.10 A
0.05 A

0.00 A

Figure 3.7: Student’s ¢ distribution with 4 degrees of freedom and Normal distri-
bution, both with mean 0 and standard deviation 1.

In addition to utilizing the dynamic objects’ behavior given different measurement
noise and process noise, the parameters were regularized using the log-normal dis-
tribution and an approximate span of what the parameters probably are, given the
behavior observed. The regularization is needed to avoid degenerate solutions, where
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the optimizer may push noise covariances to unrealistic extreme values.

The regularization parameters were calculated accordingly, from the definition of
random variables of a log-normal distribution

T log(o—;max) - lOg(U}:mzn)

N 2 (3.43)
T 10g(0-]7',max) + log(o-;'—,min> '
03 — 2 )

where o7, and o], represent the approximate span of what it should be, al-

though the optimizer is allowed to select parameters outside of the span if the
dynamic objects’ behavior supports it. The parameters of; and pg; correspond to
the approximated standard deviation and mean value of the distribution from which
the parameter o} can be selected.

The following spans were selected for the measurement covariance for all objects

meas _ () | meas _ () 4
p,min ] p,max : ( )
meas __ meas __ O 344
v,min ~— YD v,maxr ~ .

For the process noise covariance, the following spans were selected for all objects

5T7fr)ﬁm = 057 O-grn?fax =12
'I’”OC : (3'45)
ol min = 0.05, ol =0.1.

The process noise on w only applies to the CT model. For this project, the data was
limited to mostly highways, meaning that for city driving, the process noise span
may need to be increased slightly for vehicles.

Multiple optimization methods can be used for solving the optimization problem.
For this scenario, only the cost will be available with no exact gradients, while it
will also consist of multiple local optimums. As a result, the local optimizers and
the gradient-based methods can not be used. Therefore, a derivative-free global op-
timizer has to be used, and for this project, a Bayesian Optimizer has been selected,
with the acquisition function set to GP-hedge [27]. GP-hedge is constructed such
that it, based on a probability, selects an acquisition method at every iteration. As
a result, it is able to perform well during both exploration and exploitation, but as
a consequence, it also requires more computational cost.

3.4.3 Outlier detection

For inconsistency detection, multiple methods have been proposed, such as Innova-
tion Saturation [35] and Normalized Innovation Squared [36]. Innovation Saturation
is a method where innovations above a threshold are saturated to not influence the
filter too much, where the innovation can be both constant and adaptive [35]. The
adaptive one does, however, require a lot of tuning parameters, for which the tun-
ing will be too tedious and unreasonable for this problem, where the system tested
might change in accuracy. The Normalized Innovation Squared is a method used
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most commonly for evaluating if the covariances of the Kalman filter are consistent
[36], where each value is calculated

NIS;; = V;I,iS;;Zle,z‘, (3.46)

where vy ; is the innovation and S ; is the innovation covariance for timesample £ for
dynamic object 7. Given Gaussian noise, it should follow a Chi-squared distribution,
X2, of the same degrees of freedom as the number of measurements. The method
can also be used as a measure of inconsistencies of singular measurements, where the
larger NIS values are flagged. The threshold is generally selected such that values
above a certain percentage are flagged [36]. The illustration of an expected distri-
bution, with 4 measurements and multiple percentage-based thresholds, is provided
in Figure 3.8.

— Xx%(4)
90 %
95 %
-—- 97%
-=- 99 %

0.175
0.150 1
0.125
0.100
0.075 1
0.050 1
0.025 \\\‘\
0.000 1

0.0 2.5 5.0 7.5 10.0 125 15.0 17,5 20.0

Figure 3.8: Chi-squared distribution with 4 degrees of freedom, X?(4), and thresh-
old for Normalized Innovation Squared given different percentages.

By using the innovation covariance matrix, Sy ;, it is ensured that something is only
flagged as an inconsistency if the filter is certain. As a result of that, if the mea-
surements are extremely inconsistent, the filter will be highly uncertain, resulting
in some major errors not being flagged or getting flagged too late. In addition, the
innovation covariance matrix is only present in the regular Kalman filter and not in
the smoothing or FGO. Thus, using the standard Normalized Innovation Squared
might not be ideal.

The metric used for the outlier detection for the Kalman filters and FGO was selected
based on NIS, but modified to account for the previously described problems

Uy = e, Rle, (3.47)

where R is the measurement covariance matrix and e,, , is the difference between the
state and corresponding measurement of timesample k for object 7. Given a Gaussian
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distribution of the measurements and correct states, the distribution of the above
measure, Wy, should be a Chi-squared distribution, X2, and should therefore be
possible to use in the same manner as NIS for outlier detection.

As previously stated, the measurement noise has a too heavy tail to be considered
Gaussian, which, as a consequence, gives an outlier metric with a heavy tail. To
select based on the Chi-squared distribution, X2, would therefore not be represen-
tative, as a much larger percentage would be selected compared to what is expected
from the X2-distribution. Therefore, the threshold is calculated after the tuning is
performed, based on the desired percentage and the percentile value of the tuning
data. Then

Wii > Yinreshold (3.48)

indicates that a data point should be flagged, where Wip,esnoq = Vp is selected such
that the most inconsistent (1 — p) % of observations are flagged.

3.5 Evaluation

In order to determine how well each method performs, three different evaluation
metrics should be calculated. Recall, Precision, and an Fj score [37], where True
Positives, False Positives, and False Negatives are referred to as TP, FP, and FN,
respectively.

TP TP
Recall TP FN recision = s (3.49)

Precision - Recall

F =2 (3.50)

" Precision + Recall

To compute these metrics, the evaluation is conducted in two steps: first, on simu-
lated data where objects have been modified to emulate errors, and second, on the
original, unaltered dataset.

3.5.1 Simulation Setup

The simulation uses tumbling windows, which were briefly mentioned in Section 2.6,
to partition the data stream into fixed-size, non-overlapping batches. Unlike sliding
windows, which allow overlapping intervals, each data point in a tumbling window
belongs to exactly one window.

These experiments are conducted using different window sizes (1 s, 3 s, and 5 s).
For each window size, a method, for example, the Kalman filter, is evaluated across
all error types described in Section 3.5.2. This enables a comparison of how window
size affects performance. In particular, smaller window sizes may reduce computa-
tional cost and latency, while larger window sizes can improve estimation accuracy.
Thus, the evaluation reflects the well-known trade-off between accuracy and compu-
tational time [38]. It should also be noted, as discussed in Section 3.1, that no reset
is performed to account for drift. However, this should not affect the comparison
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between the methods, as all were evaluated using the same logs.

A total of five primary error types were generated, as described in Section 3.5.2,
with one simulation run performed for each type. As a result, each method was
evaluated for each object class using three different window sizes across all five error
scenarios. For these simulations, an infinite buffer was assumed. While this does
not reflect the constraints of an actual vehicle fleet, it is useful for evaluating the
methods.

Each object class is evaluated using different values of ¥ and the corresponding
p, defined as

Car: ¥ = \1199_25 P = 2.680 (351)
Trucks: ¥ = Wo9 p = 2.576 (3.52)
Pedestrian: W = Wyq p = 1.645. (3.53)

These values are chosen to account for variations in the behavior of the perception
system across different object types, as reflected in the data logs used in this thesis.
The specified thresholds were determined empirically through extensive testing.

To calculate precision, the evaluation is performed on unaltered data. For each
object identified as inconsistent by a given method, a manual annotation is carried
out to classify it as either a True Positive (TP) or a False Positive (FP). Violin plots
are generated for each method and window size to illustrate how effectively the meth-
ods separate True Positives (TP) from False Positives (FP). These plots are based
on the extent to which each object lies beyond the corresponding decision thresh-
old. For the temporal coherence method, the threshold definition differs slightly. As
described in Section 3.3.2, the Intersection-over-Union (IoU) for bounding boxes is
defined by both an upper and a lower bound. Consequently, the deviation is com-
puted as the distance from the nearest violated bound, regardless of whether the
object exceeds the upper limit or falls below the lower limit. For methods based on
W, objects are instead characterized by how far their values exceed the predefined
threshold. In all cases, the maximum deviation per object is used for visualiza-
tion. It should also be noted that temporal coherence is evaluated using a single
window size, as the method operates in real time and does not require any delay.
As the threshold for temporal coherence is dynamic, it’s not displayed in the figures.

Errors were also introduced at varying levels of severity, categorized as moderate and
severe. Moderate errors reflect more commonly occurring discrepancies, whereas se-
vere errors represent more extreme deviations that, while less frequent, still occur
naturally in the data. Accordingly, recall and Fi-score are evaluated under both
conditions.

The artificial errors were created and included in the data as mentioned below in
3.5.2
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3.5.2 Artificial Errors

By studying behavior that might show up naturally in the reference system, five
typical errors were determined to be a good representation of errors that could show
up during a drive.

Bias: By adding a bias term b to the velocity in both x and y as

v =0, +b (3.54)
v, = vy + b. (3.55)

This type of error is induced during the entire duration that an object was seen, so
as not to trigger identification of an error when the velocity suddenly either jumps
up or down.

Spike in Velocity: As with bias, here a spike term s, is added to the velocity
in both x and y as

This, however, is only applied to a single timestamp.

Spike in Position: Exactly as above but s, is applied to x and y as

r=z+s, (3.58)
Y =y+ s, (3.59)

again to a single timestamp.

Drift in Velocity: Similar to bias in that it’s an error applied over a period
of time, the drift error aims to emulate the slow change of velocity or position over
time. It was done as

v tad, (3:60)
y = Uy o dy, (3.61)

where d,, is multiplied by «, which will increase for each sample the error is being
induced. After half the time, the drift will instead start to go down again by allow-
ing o to decrease.

Drift in Position: As above

¥=x+a-d, (3.62)
Yy =y+a-d, (3.63)

where d,, is multiplied by a.
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Two additional error types were introduced: one related to class assignment and one
related to object disappearance and reappearance.

For the class-related error, let ¢; denote the originally most probable class and
co another class. The probability mass of ¢; is reassigned to ¢, and increased by an
offset 0., such that c; becomes the new most probable class

p(c1) < 0 (3.64)
p(ca) < pler) + o. (3.65)
Some objects in the dataset naturally contained instances where they disappeared
and reappeared. As such, this error type was not artificially introduced but instead

directly included from the data. These objects were absent for no more than a single
time step.
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Results

This chapter presents the results obtained from the different evaluated methods. The
results of the basic anomaly detection are presented first, followed by the motion
anomaly detection algorithms. The results are further organized by object class,
namely pedestrians, cars, and trucks.

4.1 Basic Anomaly Detection

Pedestrians Cars
Error | Class | Rediscovery Error | Class | Rediscovery
Recall | 91.43% 100.0% Recall | 99.0% 100.0%
(a) Pedestrians. (b) Cars.
Trucks

Error | Class | Rediscovery
Recall | 97.0% 100.0%

(c) Trucks.

Table 4.1: Recall for basic anomaly detection across object types.

4.2 Object type: Pedestrians

For pedestrians, tests were done on a dataset of objects where 35 of them contained
artificial errors. Tests were done as described in Section 3.5, with W csnoid = Yoo
and p = 1.645. Below follow figures depicting recall for moderate errors Figure 4.1
and recall for severe errors Figure 4.2. As well as precision Figure 4.3 and Fj-
score Figure 4.4, Figure 4.5 for moderate and severe errors respectively. Tables with
data from the simulation can be found in Appendix B.1.
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4.2.1 Recall, Precision and F; Score for Pedestrians
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Figure 4.1: Recall for moderate induced errors for pedestrians.
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Figure 4.2: Recall for severe induced errors for pedestrians.
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Precision Pedestrians
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Figure 4.3: Precision for pedestrians.
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Figure 4.4: F) for moderate induced errors for pedestrians.
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F, Pedestrians (severe)
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Figure 4.5: Fj for severe induced errors for pedestrians.

4.2.2 Separation of Consistent and Inconsistent Data for
Pedestrians

As described in Section 3.5, the following figures illustrate each method’s ability to
distinguish between consistent and inconsistent data.
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Figure 4.6: Violin plot for Temporal Coherence showing overlap between consistent
and inconsistent data.
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Figure 4.7: Violin plots for the Kalman Filter showing overlap between consistent
and inconsistent data, comparing batch sizes of 1 second (left), 3 seconds (middle),
and 5 seconds (right).
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Figure 4.8: Violin plots for the Extended Kalman Filter showing overlap between
consistent and inconsistent data, comparing batch sizes of 1 second (left), 3 seconds
(middle), and 5 seconds (right).
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Figure 4.9: Violin plots for the Cubature Kalman Filter showing overlap between
consistent and inconsistent data, comparing batch sizes of 1 second (left), 3 seconds
(middle), and 5 seconds (right).
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Figure 4.10: Violin plots for Factor Graph Optimization with CV showing overlap
between consistent and inconsistent data, comparing batch sizes of 1 second (left),
3 seconds (middle), and 5 seconds (right).
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Figure 4.11: Violin plots for Factor Graph Optimization with CT showing overlap
between consistent and inconsistent data, comparing batch sizes of 1 second (left),
3 seconds (middle), and 5 seconds (right).

4.3 Object type: Cars

For cars, tests were done on a dataset of objects where 100 of them contained
artificial errors. Tests were done as described in Section 3.5, with Wp,csnoid = Yo9.25
and p = 2.68. Below follow figures depicting recall for moderate errors Figure 4.12
and recall for severe errors Figure 4.13. As well as precision Figure 4.14 and Fj-
score Figure 4.15, Figure 4.16 for moderate and severe errors respectively. Tables
with data from the simulation can be found in Appendix B.2.
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4.3.1 Recall, Precision and F; Score for Cars
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Figure 4.12: Recall for moderate induced errors for cars.
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Figure 4.13: Recall for severe induced errors for cars.
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Precision Cars
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Figure 4.14: Precision for cars.
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Figure 4.15: F) for moderate induced errors for cars.
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F, Cars (severe)
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Figure 4.16: [ for severe induced errors for cars.

4.3.2 Separation of Consistent and Inconsistent Data for
Cars

The following depicts each method’s ability to differentiate between consistent and
inconsistent data, as described in Section 3.5.

TC All Points

Figure 4.17: Violin plot for Temporal Coherence showing overlap between consis-
tent and inconsistent data.
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Figure 4.18: Violin plots showing overlap between consistent and inconsistent data
for Kalman Filter, comparing batch sizes of 1 second (left), 3 seconds (middle), and

5 seconds (right).
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Figure 4.19: Violin plots showing overlap between consistent and inconsistent data
for EKF, comparing batch sizes of 1 second (left), 3 seconds (middle), and 5 seconds

(right).
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Figure 4.20: Violin plots showing overlap between consistent and inconsistent data
for CKF, comparing batch sizes of 1 second (left), 3 seconds (middle), and 5 seconds

(right).
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Figure 4.21: Violin plots showing overlap between consistent and inconsistent data
for FGO CV, comparing batch sizes of 1 second (left), 3 seconds (middle), and 5

seconds (right).
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Figure 4.22: Violin plots showing overlap between consistent and inconsistent data
for FGO CT, comparing batch sizes of 1 second (left), 3 seconds (middle), and 5
seconds (right).

4.4 Object type: Trucks

For trucks, tests were done on a dataset of objects where 100 of them contained
artificial errors. Tests were done as described in Section 3.5, with Wy, csnoiq = Yoo
and p = 2.68. Below follow figures depicting recall for moderate errors Figure 4.23
and recall for severe errors Figure 4.24. As well as precision Figure 4.25 and Fj-
score Figure 4.26, Figure 4.27 for moderate and severe errors respectively. Tables
with data from the simulation can be found in Appendix B.3.
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4.4.1 Recall, Precision and F; Score for Trucks
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Figure 4.23: Recall for moderate induced errors for trucks.
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Figure 4.24: Recall for severe induced errors for trucks.
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Precision Trucks
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Figure 4.25: Precision for trucks.
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Figure 4.26: F for moderate induced errors for trucks.
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F, Trucks (severe)
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Figure 4.27: F) for severe induced errors for trucks.

4.4.2 Separation of Consistent and Inconsistent Data for
Trucks

The following depicts each method’s ability to differentiate between consistent and
inconsistent data, as described in Section 3.5.
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Figure 4.28: Violin plot for Temporal Coherence showing overlap between consis-
tent and inconsistent data.
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Figure 4.29: Violin plots showing overlap between consistent and inconsistent data
for Kalman Filter, comparing batch sizes of 1 second (left), 3 seconds (middle), and
5 seconds (right).
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Figure 4.30: Violin plots showing overlap between consistent and inconsistent data
for EKF, comparing batch sizes of 1 second (left), 3 seconds (middle), and 5 seconds
(right).
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Figure 4.31: Violin plots showing overlap between consistent and inconsistent data
for CKF, comparing batch sizes of 1 second (left), 3 seconds (middle), and 5 seconds
(right).
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Figure 4.32: Violin plots showing overlap between consistent and inconsistent data
for FGO CV, comparing batch sizes of 1 second (left), 3 seconds (middle), and 5
seconds (right).
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Figure 4.33: Violin plots showing overlap between consistent and inconsistent data
for FGO CT, comparing batch sizes of 1 second (left), 3 seconds (middle), and 5
seconds (right).
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4.5 Computational Time

To evaluate the computational cost of each method, calculations related to trans-
forming data into the world frame and extracting dynamic objects were excluded.
These steps are not representative of the processing time within a vehicle system and
would therefore provide limited insight into real-world performance. Additionally,
the reported computation times were aggregated across all object classes to provide
a more comprehensive view of overall system performance.

The total processing time for complete logs is shown in Figure 4.34. The aver-
age computation time per batch is presented in Figure 4.35. It should be noted
that some batches may contain no detectable objects, resulting in a computation
time of 0, while others may include a larger number of objects and therefore require
more processing time. As these results are averaged, such variations are not directly
visible in the figure. To evaluate the maximum processing time per batch for each
method, Figure 4.36 presents the maximum time required by each method.
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Figure 4.34: Computational Time for each method for all classes.

60



4. Results

Computation Time (ms)

Average Computational Time per Batch

0.35 1 ,.
e
-,
-,
rd
0.30 1 R
-,
-,
b
-,
-,
0.25 R
7
.
-,
V 2
0.20 Re
-,
-,
-,
JRe
0.15 A Pid
e —9
-, -
7’ —_—
0.10 RS o
Re " -0
T — "z
=T T e--zIZ e
0.05 - .— — e
_/"_,——‘___-.-""
guTEEEEEEET
0.00 L, , ,
1 3 5

Window Size (s)

Figure 4.35: Average Computational time per batch.
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Figure 4.36: Max Computational time per batch.
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Discussion

This chapter presents a discussion of the results of this thesis, alternative evaluation
methods, and the societal, ethical, and environmental aspects.

5.1 Simple Filter

The recall of the simple filter is presented in Table 4.1. The rediscovery performs
well with 100 % recall for all classes tested here. The class inconsistencies show that
the simple filter performs well for all three classes, but better for cars, and slightly
worse for pedestrians. As expected, the simple filter fails to flag the induced motion
errors, such as bias, spikes, and drift. Since the recall values of both rediscovery and
class inconsistency are quite large, the simple filter appears to be successful.

It should be noted that no class inconsistency was flagged on the data when no
inconsistency was induced. Therefore, neither precision nor the Fj-score has been
calculated for those inconsistencies. In the simulation and induction of errors, it has
not been accounted for that class inconsistencies likely occur simultaneously with
motion inconsistencies due to, for example, occlusion. Therefore, it is likely that
class-inconsistencies in real data would also capture motion inconsistencies.

In addition, the rediscovery inconsistencies may be justified in cases where an object
temporarily obstructs the view. Here, all rediscoveries have been defined as true
inconsistencies, which may not be completely accurate. It may be possible to include
some evaluation to conclude if an object is blocked. It should, however, be noted
that, while that would remove some justified inconsistencies, it could also remove
some actual inconsistencies, such as hallucinations of objects, which often occur in
front of, or behind other objects.

5.2 Pedestrians

For pedestrians, it is observed in Figures 4.1 and 4.2 that the temporal coherence
method has a good recall for both moderate and severe inconsistencies. In addition,
it can be seen that the CT model outperforms the CV model in terms of recall for
both moderate and severe inconsistencies. Furthermore, while the Kalman Filters
and their corresponding FGOs perform fairly equally, it is observed that the Kalman
Filters have a slightly better recall.
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Figure 4.3 reveals that most of the Kalman Filters and FGOs have a fairly equal
precision, while the temporal coherence is divergent and inferior to the rest of the
methods. The poor precision of the temporal coherence suggests that the method
seems to flag too much as inconsistent.

The poor performance of the temporal coherence method is also observed for the Fj-
score of severe inconsistencies, as presented in Figure 4.5. Furthermore, for moderate
inconsistencies, as illustrated in Figure 4.4, the F}j-score reveals that the temporal
coherence may be somewhat equal to the CV model, and that the CT model is
superior.

Figure 4.6 reveals the temporal coherence method’s inability to separate data as in-
consistent and consistent, where the overlap is almost complete. Thus, the method
appears to be inadequate for this purpose. The corresponding violin plots for the
Kalman Filters and FGOs, as presented in Figures 4.7 to 4.11, reveal a much better
ability to separate into inconsistent and consistent data, although not perfect. Fur-
thermore, the C'T model shows a slightly better ability to separate the data than
the CV model.

5.3 Cars

As presented in Figure 4.12, for moderate errors, the temporal coherence exhibits a
better recall than all other methods. In addition, the FGO with CT outperforms the
FGO with CV and all of the Kalman Filters. For more severe errors, as visualized
in Figure 4.13, the methods are fairly equal in terms of recall, although it should be
noted that while the Kalman Filters and FGOs have an enormous increase in recall
for more severe inconsistencies, the temporal coherence has a decrease.

From Figure 4.14, it is revealed that while the Kalman Filters and FGOs have a pre-
cision of approximately 80 %, the temporal coherence exhibits a significantly lower
precision, indicating that it may flag too much.

For moderate errors, it is apparent from the Fj-score presented in Figure 4.15 that
the FGO with CT is preferable as it balances precision and recall the best. In terms
of severe errors, it is again visible that the temporal coherence seems to be imbal-
anced, where it flags to an excessive extent, as presented in Figure 4.16.

The violin plots in Figure 4.17 show what has already been indicated by precision,
that the temporal coherence method is unable to separate what is consistent and
not. Therefore, the temporal coherence method is inadequate for cars as well. The
corresponding plots for the different Kalman Filters and FGOs are illustrated in
Figures 4.18 to 4.22, which shows that all of those methods are able to separate
the data of inconsistencies and consistencies in an adequate manner, although not
perfectly, as an overlap is apparent.
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5.4 Trucks

The recall plots for trucks, in Figures 4.23 and 4.24, show superior recall of the
temporal coherence methods, with the CT models providing a better recall than
the CV, and the Kalman Filters a better one than their corresponding FGOs. In
addition, the EKF and CKF methods have the same recall for all window sizes.

While the temporal coherence method was superior in recall, it is inferior in terms
of precision, with approximately 15 % as presented in Figure 4.25. In addition, it is
observed that for all methods, the precision is best for a smaller window size.

Due to the inferior precision of temporal coherence, the balances Fi-score as illus-
trated in Figures 4.26 and 4.27 also imply that the temporal coherence is unbalanced
and flags too much data as inconsistent.

As for the other two classes, the violin plot of trucks, Figure 4.28, shows that the
temporal coherence method is unable to separate the data. The corresponding plots
for the Kalman Filters and FGOs, as presented in Figures 4.29 to 4.33, show that
they are able to somewhat separate the data but that the CT models are slightly
better.

5.5 Computational Time

As observed in Section 4.5, the CKF (Cubature Kalman Filter) generally exhibits the
highest computational cost among all methods. However, as shown in Figure 4.36,
temporal coherence yields a higher maximum processing time per batch for most
window sizes, with the exception of the five-second window. When processing com-
plete data logs, the maximum runtime was approximately 60 ms (see Figure 4.34),
with CKF once again demonstrating the highest computational cost. This is pri-
marily due to the additional computations required to generate the sigma points,
resulting in increased algorithmic complexity.

Interestingly, the EKF (Extended Kalman Filter) ranks second in terms of com-
putational efficiency, while the standard Kalman Filter achieves the lowest average
computational cost (see Figure 4.35, Figure 4.34). For window sizes of 3 and 5, the
EKF demonstrates the most favorable worst-case processing time Figure 4.36.

FGO-CV and FGO-CT (Factor Graph Optimization using Constant Velocity and
Coordinated Turn models, respectively) occupy an upper-middle position among
the evaluated methods in terms of computational cost. Although they are the
most computationally complex methods implemented in this thesis, the use of the
Georgia Tech Smoothing and Mapping toolbox (GTSAM) [31], which relies on opti-
mized C++ implementations, results in comparatively efficient performance. Conse-
quently, these methods exhibit faster execution than several of the other approaches
that were implemented manually. This likely explains why these methods exhibit
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the observed computational times, despite their higher theoretical complexity.

The Kalman filter is, in most cases, the least computationally demanding method
(see Figure 4.36), with the exception of the maximum batch time. This is expected,
as it assumes a linear system model and therefore avoids the additional computa-
tions required to handle nonlinearities. Furthermore, the Kalman filter demonstrates
greater efficiency than simpler methods such as temporal coherence, which, despite
its conceptual simplicity, exhibits a higher computational cost. Although all meth-
ods perform computations at each time step, temporal coherence does not retain
historical state information or reuse previous computations. Instead, it repeatedly
computes bounding boxes for both position and velocity at each step. For objects
observed over long durations, this leads to increased computational demand. As a
result, its worst-case complexity grows significantly, as illustrated in Figure 4.36.

Nevertheless, all methods are capable of operating within the time constraints of
a vehicle system, as even in the worst-case scenario (CKF), the processing of 5
seconds of data does not exceed approximately 1 millisecond.

5.6 Overall

For all three classes, it has been observed that the CT-model performs slightly bet-
ter than the CV-model, especially in terms of separating the true and false errors,
although it is still not performed perfectly. While the difference between the two
models was observable, it was marginal, especially for cars and trucks. This is likely
as a result of the data mostly being from highways, which means that less abrupt
maneuvers will occur, and that the CT model, therefore, will give fairly similar es-
timates as the CV model. It is therefore expected to see a larger difference between
them in data from city-driving, where sharp turns are observed frequently. Addi-
tionally, the Temporal Coherence method was deemed inadequate as it was unable
to separate the true and false errors.

Furthermore, it was apparent that different threshold percentiles would be reason-
able for the different object types, where pedestrians require a smaller one, and cars
and trucks a larger one. This is a result of pedestrians being more challenging for
perception systems than compact vehicles, such as cars and trucks. Therefore, it is
expected that more inconsistencies occur for pedestrians than for cars and trucks.

In terms of window size, the effect is, for most errors, minimal, with some minor
loss of performance for the 1-second window for some of the methods. Therefore,
the choice of window-size, between these sizes, is almost insignificant, although a
choice of 1 second would probably result in a slightly worse performance.

It is also worth highlighting that for most of the sampled false positives, a common
denominator has been observed to be a filter/smoother which appear to be overly
stiff. For those scenarios, the measurement in position and velocity appear to agree,
and also appear reasonable, but the motion model seems to be a bit too restricted
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to follow the motion accurately.

Furthermore, visual inspection suggested that the estimates of the Kalman Filters
and their corresponding FGOs differ slightly. A major difference is observed in how
they handle bias in the velocity, where the Kalman Filters are forced to place the
last smoothed estimate at the same position as the last filtered estimate, whereas
the FGOs are not limited in the same sense. Additionally, from previous studies [23,
22], it appears that the FGOs are mostly superior for nonlinear motions, and it is
therefore possible that the FGO will be better when more abrupt turns are observed
than the ones observed on highways.

Overall, the computational complexity of these methods is relatively low. The
Kalman filter consistently exhibits the lowest computational cost, which is expected
given its linear model assumptions. In contrast, temporal coherence performs poorly
in separating true positives from false positives, and its high maximum batch pro-
cessing time further limits its suitability.

The EKF, CKF, and FGO-based methods demonstrate a strong balance between
computational efficiency and detection performance. Consequently, further devel-
opment of these approaches, such as incorporating more advanced motion models,
for example, including acceleration, could prove highly beneficial.

5.7 Other potential methods

While the methods tested have an adequate performance, other potential methods
should also be considered.

5.7.1 Only Filter

For the Kalman filters, one method could potentially be to only use the filtering, as
opposed to what was performed in this thesis, where smoothing was also used. Then,
it would be possible to run it in somewhat real-time, instead of with a lag as a result
of the smoothing requiring it. It would, however, likely result in estimates closer
to the measurements, including the outliers, which could result in some undetected
outliers. Therefore, solely using the filtered estimates would only be relevant if the
smoothers are deemed to be too computationally heavy.

5.7.2 Innovation Saturation & Normalized Innovation
Squared

Within outlier detection for Kalman, other methods could be used, for example, the
ones introduced in Section 3.4.3, Innovation Saturation, and Normalized Innovation
Squared. The Innovation Saturation was discarded here as it required a lot of tun-
ing, but could potentially be of interest. It is, however, relevant to point out that
an improvement, if obtained, would probably be quite small, and as it is relatively
time-consuming to perform the tuning, its practical benefit may be limited. This
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limitation is especially important to consider as the perception system may improve
and require additional tuning continuously, costing even more resources. It may,
however, be possible to perform the tuning by constructing it as an optimization
problem similarly to the one used for the tuning of the Kalman filters and FGOs as
described in Section 3.4.2.

The Normalized Innovation Squared was also discarded earlier, due to its depen-
dency on the innovation covariance matrix, Sg, which is only part of the filtering
stage and not the smoothing. It would therefore not be applicable for FGOs or RTS
smoothers. It is therefore not relevant for the methods tested in this report, but if
only filtering was used, it could be.

5.7.3 Other Estimation Methods

In addition to the Kalman Filters and FGO, other methods could be used to perform
estimations of the states. As aforementioned, the data is not fully Gaussian, and has
for the objective function of the tuning been approximated as a Student’s ¢ distribu-
tion. The filters used have, however, assumed a Gaussian distribution, which may
not be fully optimal. A filter which assumes Student’s t distribution may therefore
be worth exploring in the future, for example, the Robust Student’s t-Based Kalman
Filter presented in [39]. Another alternative to handle the non-Gaussian behavior
observed may be the Particle filter [40]. The Particle filter handles non-Gaussian
behavior through Monte Carlo sampling, instead of directly modeling it as a distri-
bution. Again, here the data was limited to highways, and an increase in variation of
data may result in an even less Gaussian distribution. As a result of that, Particle fil-
ters could be highly relevant, more so than a filter based on Student’s t-distribution.

Furthermore, the non-Gaussianity could also be managed for FGO, for example,
with robust loss functions [41]. The robust loss functions penalize deviation from
probable outliers less, resulting in the outliers not corrupting the estimations as
much. This could potentially be useful to get even more accurate estimations to
compare measurements with, possibly resulting in better performance. It is, how-
ever, to be considered that the use of robust loss functions also introduces a higher
computational cost, resulting in an increased time for tuning and testing, which may
be too costly to perform in real-time with a lag.

Beyond different types of motion-based methods, multiple other filters and smoothers
could be used for the estimation of states based on motion models, for example,
Weighted Moving Average and Exponential Smoothing [42]. The advantages of
these methods are that they are easy and fast to perform and provide a smoothed
estimate, which could be used to detect spikes in the data. They do, however, only
perform smoothing and would therefore not be able to detect inconsistencies between
position and velocity measurements. Those methods could therefore be relevant if
the other methods are deemed to be too computationally heavy and if it would be
considered enough to only flag spikes or other fast changes in trajectory.
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5.7.4 Learning-based Anomaly Detection

Alternatives to the filters and smoothers aforementioned are learning-based meth-
ods. A comprehensive survey on anomaly detection [43] in Deep Learning has sum-
marized multiple methods for different data types, for example, for Multivariate time
series data and Vehicle trajectory data. While most of the methods perform well,
they also have some disadvantages and limitations, with common ones being that it
is expensive to tune hyperparameters, train the networks, and run in real-time, as
well as that they require a lot of data. In terms of advantages, compared to filters
and smoothers, learning-based methods could generally handle complex behaviors
better, whereas the filters and smoothers require a correctly defined motion model.
In contrast, the learning-based methods are often not as based on realistic behaviors,
which may cause them to overlook some inconsistencies.

5.8 Applicability Across System Types

Here, the system, on which the methods are evaluated, is a learning-based percep-
tion system, which could result in slightly different behaviors and errors compared
to systems based on, for example, Kalman filters. Learning-based systems are not
constrained by motion models, which may allow for adaptiveness to different situ-
ations, but may also result in less predictable behavior, for example, with sudden
spikes. It may also result in errors where inconsistencies occur between velocity and
position. Kalman filters are generally more predictable, but when errors occur, it
is as a result of suboptimal construction, with too large or too small measurement
or process noise, incorrect motion model, or incorrect noise assumption, where the
noise is non-Gaussian. In addition, if the EKF is used, linearization may also intro-
duce errors. While those errors could include some spikes, they will likely not be
as extreme as the ones produced by learning-based perception systems. The most
apparent errors of the Kalman filter will likely be drift, due to incorrect model and
noise assumptions.

While the Kalman Filter is not a learning-based filter and would not use the flagged
data as training, it could still be useful to identify failures to evaluate how to improve
it in the future. The use of an additional Kalman Filter, which may or may not
perform better than one already in use, would be redundant. It could, however, be
reasonable to include a filter that performs smoothing afterwards, assuming that is
not already done in the one in use, and flag it if the filtered and smoothed estimates
have a large disagreement. While this would result in some spikes getting flagged, it
would likely fail to detect most of the drift. It could potentially be better to run an
FGO on the Kalman estimates instead, as it is not restricted by the last estimate
of the Kalman filter, as the RTS smoother is.

A learning-based perception system would presumably have the most benefit of this
type of outlier detection, compared to Kalman filters. This is a result of Kalman
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filters already being restricted by motion models, which are used for the detection,
while learning-based systems are not, and are solely dependent on previous experi-
ence.

5.9 Societal, ethical and ecological aspects

The United Nations Sustainable Development Goals most relevant to this thesis are
Goal 11 and Goal 12. Goal 11, Sustainable Cities and Communities, aims to “make
cities and human settlements inclusive, safe, resilient and sustainable” [44]. This
objective aligns closely with the focus of this thesis, as enhancing the robustness of
automated driving systems through the identification of informative training data
directly contributes to improved road safety. By enabling perception models to bet-
ter detect and handle uncertain or unfamiliar situations, such systems can make
more reliable decisions, ultimately reducing the risk of accidents.

Goal 12, Responsible Consumption and Production, aims to “ensure sustainable
consumption and production patterns” [44]. This goal is relevant in the context of
autonomous driving, as such systems depend on large volumes of sensor data and
computational resources. Improving the efficiency of data selection by prioritizing
informative or high-value data for training can help reduce unnecessary data pro-
cessing and storage. In turn, this contributes to more resource-efficient model devel-
opment. At the same time, it highlights the importance of designing energy-efficient
data handling and training pipelines to support sustainable system development.

Beyond the UN sustainability goals, several ethical aspects must be considered. The
use of customer data introduces significant GDPR and privacy concerns, especially
when sensor modalities such as cameras inadvertently capture pedestrians or other
road users who may be unaware that data collection is taking place. Furthermore,
autonomous systems inherently raise questions regarding safety trade-offs, such as
how decisions balance the protection of the vehicle occupants versus pedestrians or
other drivers. Although this project does not directly address decision-making poli-
cies, the methods it developed may indirectly influence the reliability of perception
systems used during such critical moments.

Overall, the ethical and sustainability considerations emphasize both the societal
benefits, such as safer mobility and reduced environmental impact, and the poten-
tial risks-privacy violations, systemic biases, and dependence on Al-driven decisions.
A responsible approach requires careful handling of data, transparency, and consid-
eration of long-term societal consequences.
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Conclusion

This thesis aimed to investigate different methods to detect inconsistencies in a
learning-based perception system. The methods evaluated were different Kalman
Filters, Factor Graph Optimization (FGO), and Temporal Coherence. The Kalman
Filters used were a regular Kalman Filter with a CV model, an EKF with a CT
model, and a CKF with a CT model. All the Kalman Filters used RTS smoothing
to give a more feasible estimation compared to the estimation of solely filtering the
data. The Factor Graph Optimization was performed both with a CV and a CT
model, and Temporal Coherence was defined to compare the Intersection over Union
(IoU), calculated from position to the IoU calculated from velocity. Furthermore,
the Kalman Filters and the FGOs were not tuned manually, but with an optimiza-
tion algorithm to accommodate potential improvements of the perception system.
The thesis was limited to data collected in the vicinity of Gothenburg, with most of
it collected on highways, and the testing was only performed on pedestrians, cars,
and trucks.

It was concluded that the CT-model performs slightly better than the CV-model,
with the most apparent difference being observed for moderate inconsistencies. Al-
though the difference was observable, it is possible that data with more city-driving
would result in a larger difference between the models, as that would result in more
turns, which is where the CT-model is expected to outperform the CV-model. In
the comparison between Kalman Filters and FGOs, they appeared to be somewhat
equal in the capability of separating the inconsistencies, although the FGOs seemed
better at estimating the true states. The Temporal Coherence method showed poor
capability at identifying inconsistencies and was therefore deemed insufficient for
this purpose.

The research questions posed in this thesis can be answered as follows:

1. What methods can be used to identify, filter, and select informative data from
large vehicle fleets?

The Kalman Filters and Factor Graph Optimization methods were shown to
be efficient, with both of them acquiring a precision of approximately 80 %.
The temporal coherence method was deemed insufficient since it was unable
to accurately separate inconsistent and consistent data.

2. Could the proposed methods be implemented in real-time for a given vehicle?
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All of the methods show a significantly shorter computational time than the
corresponding windows. Therefore, all of the methods show potential for being
implemented in real-time.

3. How do the different methods compare with respect to detection performance
and computational complexity, and what trade-offs can be identified between
them?

The Kalman Filters and Factor Graph Optimization methods constructed with
the same motion model have a similar detection performance, although the
Factor Graph Optimization, in general, performs slightly better. The largest
difference was observed for different motion models, where the Coordinated
Turn model had a better performance than the Constant Velocity model, likely
due to its ability to better model the behaviors.

With respect to the computational complexity, most methods show similar
performance. The primary exception is the Cubature Kalman Filter, which
exhibits the highest overall computational cost.

Considering both detection performance and computational cost, the Factor
Graph Optimization method with the Coordinated Turn model is the most
favorable method, as it provides the best detection performance without a sig-
nificant increase in computational cost.

The Kalman Filters and FGOs have been proven to work adequately in separating
consistent and inconsistent data, especially the CT-model, although not perfectly.
Therefore, it has the potential to be used as an online model evaluator. It should
also be considered that, with current construction, it will sometimes flag data that is
consistent and fail to flag some data that is inconsistent. As a result, some consistent
data would be provided as training data for the perception system, which might be
acceptable, but if not, additional filtering would be required after the collection of
data. While this is a problem to consider, it could potentially be mitigated through
improved modeling of the different objects.

Finally, this thesis contributes a framework for identifying informative data in
learning-based perception systems through the application of anomaly detection
techniques. By implementing and systematically evaluating methods based on Tem-
poral Coherence, Kalman Filters, and Factor Graph Optimization, the work pro-
vides insight into their practical applicability for large-scale vehicle data collection
and online model evaluation. The results demonstrate that motion-model-based ap-
proaches are effective for detecting inconsistencies, with Factor Graph Optimization
using a coordinated turn model emerging as the most promising approach among
the methods studied.
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6.1 Future Works

6.1.1 World Frame Reset

In this thesis, the world frame was fixed, given the initial position of the ego-vehicle.
As described in Section 3.1, this could result in an accumulated drift, especially for
longer drives and for objects observed over a long duration. This could potentially
be resolved by performing a reset on the world frame regularly. This reset will need
to be performed at a high enough frequency to minimize drift. It is, however, to be
noted that the Kalman Filters and FGOs also will need a reset, potentially causing
less accurate estimates. It should therefore be explored how much a reset affects the
performance and what reset frequency is preferable.

6.1.2 Extension of data

For this project, the data was limited to mostly highways, meaning that the filters
are not fully applicable to other datasets, where the process noise may need to be
larger, or requires more complex motion models. Therefore, an extension of the data
with a larger environmental and dynamical diversity would be of interest.

In addition to being limited to highways, the number of objects of some classes
was inadequate to be able to perform both tuning and testing. For learning-based
perception systems, it is expected to have a better performance on frequently seen
objects, which also behave predictably, such as cars, and a worse performance on
objects observed less frequently or with less predictable motion, such as pedestrians
and animals. Therefore, an extension of different object classes would be of interest.

Furthermore, additional data increases the likelihood of class-inconsistencies, which
could be of interest to explore the simple filter and whether it is able to catch motion
inconsistencies consequently.

6.1.3 Evaluate Other Motion and Measurement Models

As aforementioned, it was observed that the estimated motions were a bit too con-
servative, where some reasonable acceleration was observed in the measurements,
but was not included in the estimates. Those scenarios could potentially result in
false positives, which could potentially be avoided with another motion model that
better models that behavior. It is therefore reasonable to further evaluate differ-
ent motion models, for example, models with higher derivative order, such as the
Constant Acceleration model [45]. In addition, since the movement of the dynamic
objects can behave differently, a smoother that can change between different models
instead of only one, as presented in [46] for Kalman Filters and in [47] for Factor
Graph Optimization, would be desirable. These models could include both different
types of motion models, such as CV and CT, but also different noise levels to be
able to handle both smooth motions, such as the one observed on highways, and
more dynamic motions, as seen in city-driving, with frequent stops and turns.
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In addition, it is possible that different velocities and driving patterns result in
different measurement noise. Therefore, it may be relevant to evaluate if interactive
models [46, 47] could increase performance. For this report, only measurements of
position and velocity have been used and evaluated. It could also be of interest to
include other measurements, which would require other measurement models.

6.1.4 Inspect Other Parts of World Model

As mentioned above, additional measurements of the dynamic objects could be in-
cluded in the evaluation. Furthermore, for this project, the evaluation has been
focused on detecting inconsistencies in dynamic objects, such as vehicles and pedes-
trians, but the world model does not solely consist of dynamic objects. Therefore,
inconsistencies of other parts of the world model, for example, static objects, could
be of interest to detect. Inconsistencies that could be of interest in static objects
could be both in terms of change of position, but also in terms of interpretation, for
example, if a sign has been interpreted differently at different time instances.

6.1.5 Additional Outlier Detection Methods

As described in Section 5.7, other motion-based methods could be interesting to eval-
uate, especially those that perform well on non-Gaussian noise, such as the Particle
Filter and FGO with robust loss. This is particularly of interest with an extension
of data, since that likely will introduce even more non-Gaussian noise.

Furthermore, it may be reasonable to compare the proposed methods with some
learning-based methods to fully compare the different methods. It could also be of
interest to explore if a combination of these methods could increase the performance.

6.1.6 Buffer Prioritization

While in reality not possible, here an infinite buffer has been assumed. If a finite
buffer were used, some selection would be required as to which flagged error to save.
This could be conducted with a simple method, for example, by selecting at random
or the first error observed. If the method were used in fleet vehicles, a high volume
of data would be collected, meaning that even with a simple method, as proposed
above, the data would be diverse and include some of the more critical errors. This
type of collection method may therefore be sufficient.

It could, however, be of interest to select data with a more sophisticated approach,
such that data of higher importance is selected, which reduces the risk of missing
important information. This could be performed in multiple different ways, for ex-
ample, the measurement used here, U, as defined earlier in Equation (3.47), or time
to collision (TTC) or its extensions [48]. As previously discussed, some classes may
be of more interest, such as the ones with less predictable motion or those classes
that are observed less frequently. In addition, some classes may have a higher risk
of getting hurt by the ego vehicle, for example, pedestrians, and some have a higher
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risk of hurting the ego vehicle, such as trucks. Therefore, the classes may be used
as a prioritization criterion as well.

While all aforementioned criteria could be useful separately, a combination of them
would probably be most successful, for example, by using:

Priority-score = > wee (6.1)
ee&

where w, is a weight to scale and let some measures in £ have higher importance.
& could include TTC or its extensions, our measure V¥, predictability of the mo-
tion of a class, frequency of class observation, and risk of accident. The latter one
could possibly be both in terms of what the impact would be with the specific class,
where pedestrians are less protected and more at risk from the ego, while trucks are
a greater danger for the ego, and in how large the impact would be based on velocity.

It should be noted that the W-values will be slightly different for different classes,
with different thresholds, denoted as Wypyeshoia and defined in Equation (3.48), there-

fore it might be relevant to normalize it such that, T 18 used instead of .

6.1.7 Duplicate Object Detection

Here, only dynamic objects with one constant identifier have been evaluated. It is,
however, possible that an object has duplicate identifiers, which should be considered
an inconsistency, but will be undetected for the current methods. This could be
observed as an object first having one identifier and then switching to another,
possibly due to it being occluded for some time, or if two identifiers are observed
almost entirely at the same position. The first one could potentially be identified by
performing predictions from the last detection of an identifier and finding potential
matches of other identifiers. The latter could probably be evaluated by investigating
the overlap between objects, with a threshold probably decided by the class types.
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Derivation of objective function

With the objective function being a maximum likelihood, factorization can be per-
formed accordingly:

argmax L(Q,R[x,z) = argmax p(x,z|Q,R)

=argmax p(z[x,Q,R) - p(x|Q,R)
p(zlx, R) - p(x|Q)
ples|R) - pex|Q)

— arg max
& 4

— arg max
8 o
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= arg IH;%X H (H p(ezk,i |R) : p(exk,i

=1 “k=1

Q)

where M is the number of dynamic objects and N; is the number of time samples
dynamic object ¢ was observed for. The array o is the defined as:

o= (U]T‘)TET,]EJJL

where 7 € T = {meas, proc} defines if it is process or measurement noise and
m € M = {CV,CT}, defines which motion model it is for. The sets J;, are defined

as:
jmeas meas — {p’ U}

pTOC — {U} jpTOC — {/U’w}
and represents what types of variables the corresponding noise is directly applied

to.
Using log-likelihood and the average of all per-object averages:

arg max log(MH( Zkl_[lp e, .| R (ekaQ)>)

=1

(A.2)

LM N (A.3)
—argmax z(N 5 (log(p(eu, | R)) +log(p(ex,, | ))
The motion noise is assumed to be of normal distribution, resulting in:
1
Plewe, | Q) = (21) Q2 exp (—5er, Q ex,,
n 1 ’ ’1 (A4)
log(p(exk,i Q)) - _5 10g(271') - 5 IOg(’Ql) - ge;crkyiQ_lexk,i

where n is the dimension of Q and the number of states.



A. Derivation of objective function

The measurement noise has been observed to have a heavier tail than the normal
distribution exhibits, and is therefore modeled as a Student-t distribution and here

separated for position and velocity:

p(es, | R)=ple;, . [R”)-ple;, , [RY)
R’ 0
-7 ]
C[(VP + Nmeas) /2] [ 1 Tyl p | Hmeas)/2
P | RP) = 14+ —(e? )T (RP P
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ple,, | R = A 14 fer, )T (R) ey,
) F(yv/2)(1/v) ea 7Tn/2|Rv‘1/2 ’ )
(A.5)

where 005 18 the dimension of RP, respectively R”. Both position and velocity
have two dimensions, in x and y, such that n,,..s = 2, which simplifies to:

P P 1 1 P \T(RP) LlaP R
pe;,, | R") = 2 [RP[12 {1 + E(ezlm) (R”) e}, .
v v 1 1 v T n\—1 v —(rr2)/2
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The logarithmic distribution is thus:
P P 1 P
log(p(ey, , | R")) = — log(2m) — 7 log(|R”|)
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A. Derivation of objective function

This results in the following objective function:

1 1 &
wgmx 3 ( 5" (log(ole | R)) + log(pless, | Q)
i=1 MV =1
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To avoid degenerate solutions, a regularizer can be used, such that undesired behav-
iors are penalized. For the Kalman Filters and FGOs, these degenerate solutions
push either the process- or measurement-noise close to 0, resulting in either too much
trust in the model or too much trust in the measurements. To avoid this, a penalizer
is added, which penalizes covariances too far from what has been observed by the
user. The tuning of Kalman Filters and FGOs is generally primarily performed on a
logarithmic scale, as the largest difference is observed on a multiplicative scale and
not on an additive one. Therefore, the penalization utilizes a log-normal distribution
and observed approximate value of the noise to avoid degenerate solutions:

p(O') = H H p(aj)
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A. Derivation of objective function

Thus, the updated optimization problem is:
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The following tables provide the complete numerical results that form the basis for
all figures presented in Chapter 4.

B.1 Pedestrian

B

Extended Results

The following is the numerical results for Figure 4.1- Figure 4.5 for pedestrians.

B.1.1 Temporal Coherence

Temporal Coherence Pedestrians Moderate

Bias | Spikes v | Spikes p | Drift v | Drift p | Summary
Recall | 100.0% | 94.29% 94.29% 100.0% | 100.0% 97.72%
Table B.1: Recall of Temporal Coherence under moderate induced errors for pedes-
trians.
Temporal Coherence Pedestrians Severe
Bias | Spikes v | Spikes p | Drift v | Drift p | Summary
Recall | 100.0% | 94.29% 94.29% | 97.14% | 100.0% 97.14%

Table B.2: Recall of Temporal Coherence under severe induced errors for pedes-

trians.




Table B.3: Recall of Kalman Filter, with CV model, under moderate induced

B. Extended Results

B.1.2 Simple Kalman Filters

Kalman Filter (CV-Pedestrian) Moderate

Bias | Spikes v | Spikes p | Drift v | Drift p | Summary
1s|65.71% | 25.71% 40.0% 37.14% | 57.14% 45.14%
3s| 60.0% 28.57% 54.29% | 45.71% | 62.86% 50.29%
5s|62.86% | 28.57% 54.29% | 45.711% | 62.86% 50.86%

errors for pedestrians.

Table B.4: Recall of Kalman Filter, with CV model, under severe induced errors

Kalman Filter (CV-Pedestrian) Severe

Bias

Spikes v | Spikes p | Drift v | Drift p | Summary
1s|83.57% | 28.57% 80.0% 94.29% | 85.71% 75.43%
3s|88.57% | 34.29% 80.0% 94.29% | 88.57% 77.14%
5s | 88.57% | 31.34% 82.86% | 94.29% | 88.57% 77.13%

for pedestrians.

B.1.3 Non-linear Kalman Filters

Table B.5: Recall of Extended Kalman Filter, with CT model, under moderate

EKF (CT-Pedestrians) Moderate

Bias | Spikes v | Spikes p | Drift v | Drift p | Summary
1s| 80.0% 82.86% 85.71% 77.14% | 71.43% 79.43%
3s | 74.29% | 82.86% 82.86% 77.14% | 88.57% 81.14%
5s | 77.14% | 82.86% 80.0% 77.14% | 80.0% 79.43%

induced errors for pedestrians.

Table B.6: Recall of Extended Kalman Filter, with CT model, under severe in-

EKF (CT-Pedestrians) Severe
Bias | Spikes v | Spikes p | Drift v | Drift p | Summary
1s|91.43% | 94.29% 97.14% | 97.14% | 94.29% 94.86%
3s|94.29% | 91.43% 97.14% | 97.14% | 94.29% 94.86%
5s|97.14% | 97.14% 97.14% | 97.14% | 94.29% 96.57%

duced errors for pedestrians.
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B. Extended Results

CKF (CT-Pedestrians) Moderate
Bias | Spikes v | Spikes p | Drift v | Drift p | Summary
1s| 80.0% | 82.86% 85.71% | 77.14% | 71.43% 79.43%
3s | 7429% | 82.86% 82.86% | 77.14% | 88.57% 81.14%
5s | 77.14% | 82.86% 80.0% 77.14% | 80.0% 79.43%

Table B.7: Recall of Cubature Kalman Filter, with CT model, under moderate
induced errors for pedestrians.

CKF (CT-Pedestrians) Severe

Bias | Spikes v | Spikes p | Drift v | Drift p | Summary
1s|91.43% | 94.29% 97.14% | 97.14% | 94.29% 94.86%
3s|94.29% | 91.43% 97.14% | 97.14% | 94.29% 94.86%
5s|97.14% | 97.14% 97.14% | 97.14% | 94.29% 96.57%

Table B.8: Recall of Cubature Kalman Filter, with CT model, under severe induced
errors for pedestrians.

B.1.4 Factor Graph Optimization

FGO (CV-Pedestrians) Moderate

Bias | Spikes v | Spikes p | Drift v | Drift p | Summary
1s|6857% | 25.71% 40.0% 40.0% | 54.29% 45.71%
3s|62.86% | 28.57% 54.29% | 45.71% | 57.14% 49.71%
5s|65.71% | 28.57% 54.29% | 45.71% | 57.14% 50.29%
Table B.9: Recall of FGO, with CV model, under moderate induced errors for
pedestrians.
FGO (CV-Pedestrians) Severe
Bias | Spikes v | Spikes p | Drift v | Drift p | Summary
1s|83.57% | 28.57% 74.29% | 94.29% | 82.86% 73.72%
3s|8.57% | 34.29% 82.86% | 94.29% | 85.71% 77.14%
5s|91.43% | 31.34% 80.0% 94.29% | 85.71% 76.55%
Table B.10: Recall of FGO, with CV model, under severe induced errors for
pedestrians.
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B. Extended Results

Bias | Spikes v | Spikes p | Drift v | Drift p | Summary
1s| 80.0% 74.29% 74.29% | 71.43% | 65.71% 73.14%
3s | 74.29% | T7.14% 77.14% | 68.57% | 82.86% 76.0%
5s | 77.14% | 74.29% 77.14% | 68.57% | 77.14% 74.86%
Table B.11: Recall of FGO, with CT model, under moderate induced errors for
pedestrians.
FGO (CT-Pedestrians) Severe
Bias | Spikes v | Spikes p | Drift v | Drift p | Summary
1s|91.43% | 94.29% 94.29% | 97.14% | 94.29% 94.29%
3s|94.29% | 91.43% 94.29% | 97.14% | 94.29% 94.29%
5s|97.14% | 91.43% 97.14% | 97.14% | 94.29% 95.43%

Table B.12: Recall of FGO, with CT model, under severe induced errors for

FGO (CT-Pedestrians) Moderate

pedestrians.

B.1.5 Evaluation Metrics

Table B.13: Comparison between recall for different methods, under moderate

Recall Pedestrians Moderate
TC | Kalman | EKF | CKF | FGO CV | FGO CT
1s 4514% | 79.43% | 79.43% | 45.71% 73.14%
3s|972% | 50.29% | 81.14% | 81.14% | 49.71% 76.0%
5s 50.89% | 79.43% | 79.43% | 50.29% 74.86%

induced errors for pedestrians.

Table B.14: Comparison between recall for different methods, under severe induced

Recall Pedestrians Severe
TC Kalman | EKF CKF | FGO CV | FGO CT
1s 75.43% | 94.86% | 94.86% 73.72% 94.29%
3s|97.14% | 77.14% | 94.86% | 94.86% 77.14% 94.29%
5s 77.13% | 96.57% | 96.57% 76.55% 95.43%

errors for pedestrians.
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B. Extended Results

Precision Pedestrians

TC Kalman | EKF CKF | FGO CV | FGO CT
1s 80.0% | 78.26% | 78.26% 80.0% 77.27%
3s|4423% | T7.27% | 7917% | 79.17% | 78.26% 78.26%
5s 71.27% | 75.0% | 75.0% 77.27% 77.27%

Table B.15: Comparison between precision for different methods for pedestrians.

F, Pedestrians Moderate

TC | Kalman | EKF | CKF | FGO CV | FGO CT
1s 57.72% | 78.84% | 78.84% | 58.18% 75.15%
3s|60.8% | 60.93% | 80.14% | 80.14% 60.8% 77.11%
5s 61.37% | 77.15% | 77.15% | 60.93% 76.05%

Table B.16: Comparison between F} for different methods, under moderate in-

duced errors for pedestrians.

F| Pedestrians Severe

TC Kalman | EKF CKF | FGO CV | FGO CT
1s 77.65% | 85.76% | 85.76% 76.73% 84.94%
3s|60.78% | 77.21% | 86.31% | 86.31% 77.70% 85.53%
5s 77.20% | 84.43% | 84.43% 76.91% 85.40%

Table B.17: Comparison between Fj for different methods, under severe induced

errors for pedestrians.

B.2 Cars

The following is the numerical results for Figure 4.12- Figure 4.16 for cars.

B.2.1 Temporal Coherence

Temporal Coherence Cars Moderate

Drift v
99.0%

Drift p
99.0%

Summary

92.4%

Spikes p
85.0%

Spikes v
79.0%

Bias
100.0%

Recall

Table B.18: Recall of Temporal Coherence under moderate induced errors for cars.
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Temporal Coherence Cars Severe

Bias

Spikes v

Spikes p

Drift v

Drift p

Summary

Recall

91.0%

78.0%

85.0%

99.0%

99.0%

90.4%

Table B.19: Recall of Temporal Coherence under severe induced errors for cars.

B.2.2 Simple Kalman Filter

Kalman Filter (CV-Cars) Moderate
Bias | Spikes v | Spikes p | Drift v | Drift p | Summary
1s|28.0% 2.0% 8.0% 29.0% 24.0% 18.2%
3s|35.0% 4.0% 9.0% 36.0% 25.0% 21.8%
5s | 40.0% 5.0% 10.0% 38.0% 29.0% 24.4%

Table B.20: Recall of Kalman Filter, with CV model, under moderate induced

errors for cars.

Kalman Filter (CV-Cars) Severe

Bias | Spikes v | Spikes p | Drift v | Drift p | Summary
1s|100.0% | 81.0% 95.0% 77.0% 96.0% 89.8%
3s|100.0% | 84.0% 97.0% 77.0% 96.0% 90.8%
5s|100.0% | 87.0% 98.0% 77.0% 96.0% 91.6%

Table B.21: Recall of Kalman Filter, with CV model, under severe induced errors

for cars.

B.2.3 Non-linear Kalman Filters

EKF (CT-Cars) Moderate
Bias | Spikes v | Spikes p | Drift v | Drift p | Summary
1s|25.0% 9.0% 12.0% 28.0% 25.0% 19.8%
3s|32.0% 14.0% 12.0% 27.0% 23.0% 21.6%
5s | 34.0% 12.0% 12.0% 28.0% 26.0% 22.4%

Table B.22: Recall of Extended Kalman Filter, with CT model, under moderate

induced errors for cars.
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B. Extended Results

EKF (CT-Cars) Severe

Bias | Spikes v | Spikes p | Drift v | Drift p | Summary
1s|100.0% | 92.0% 96.0% 74.0% 96.0% 91.6%
3s| 99.0% 95.0% 97.0% 74.0% 96.0% 91.2%
5s| 98.0% 98.0% 99.0% 73.0% 97.0% 93.0%

Table B.23: Recall of Extended Kalman Filter, with CT model, under severe

induced errors for cars.

CKF (CT-Cars) Moderate

Bias | Spikes v | Spikes p | Drift v | Drift p | Summary
1s|26.0% 9.0% 12.0% 29.0% 27.0% 20.6%
3 s |30.0% 14.0% 13.0% 27.0% 25.0% 21.8%
5s | 33.0% 12.0% 13.0% 28.0% 27.0% 22.6%

Table B.24: Recall of Cubature Kalman Filter, with CT model, under moderate

induced errors for cars.

CKF (CT-Cars) Severe

Bias | Spikes v | Spikes p | Drift v | Drift p | Summary
1s | 100.0% 92.0% 96.0% 74.0% 96.0% 91.6%
3s| 99.0% 95.0% 98.0% 74.0% 96.0% 92.4%
5s | 98.0% 98.0% 100.0% 73.0% 97.0% 93.2%

Table B.25: Recall of Cubature Kalman Filter, with CT model, under severe

induced errors for cars.

B.2.4 Factor Graph Optimization

FGO (CV-Cars) Moderate

Bias | Spikes v | Spikes p | Drift v | Drift p | Summary
1s|29.0% 3.0% 8.0% 27.0% 22.0% 17.8%
3s|37.0% 5.0% 9.0% 34.0% 24.0% 21.8%
5s | 41.0% 5.0% 10.0% 37.0% 29.0% 24.4%

Table B.26: Recall of FGO, with CV model, under moderate induced errors for

cars.




B. Extended Results

FGO (CV-Cars) Severe
Bias | Spikes v | Spikes p | Drift v | Drift p | Summary
1s|100.0% | 86.0% 94.0% 76.0% 96.0% 90.4%
3s|100.0% | 90.0% 97.0% 76.0% 96.0% 91.8%
5s|100.0% | 90.0% 97.0% 76.0% 96.0% 91.8%

Table B.27: Recall of FGO, with CV model, under severe induced errors for cars.

FGO (CT-Cars) Moderate
Bias | Spikes v | Spikes p | Drift v | Drift p | Summary
1s|30.0% | 38.0% 29.0% 34.0% 32.0% 32.6%
3s|31.0% | 41.0% 34.0% 24.0% 28.0% 31.6%
5s|33.0% | 42.0% 35.0% 22.0% 32.0% 32.8%

Table B.28: Recall of FGO, with CT model, under moderate induced errors for

cars.

FGO (CT-Cars) Severe
Bias | Spikes v | Spikes p | Drift v | Drift p | Summary
1s|99.0% 97.0% 98.0% 74.0% 96.0% 92.8%
3s|98.0% 99.0% 98.0% 74.0% 96.0% 93.0%
5s|99.0% | 100.0% 100.0% 73.0% 96.0% 93.6%

Table B.29: Recall of FGO, with CT model, under severe induced errors for cars.

B.2.5 Evaluation Metrics

Recall Cars Moderate
TC | Kalman | EKF | CKF | FGO CV | FGO CT
1s 18.2% | 19.8% | 20.6% 17.8% 32.6%
3s|924% | 21.8% | 21.6% | 21.8% 21.8% 31.6%
5s 24.4% | 22.4% | 22.6% 24.4% 32.8%

Table B.30: Comparison between recall for different methods, under moderate

induced errors for cars.
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B. Extended Results

Recall Cars Severe
TC | Kalman | EKF | CKF | FGO CV | FGO CT
1s 89.8% | 91.6% | 91.6% 90.4% 92.8%
3s(904% | 90.8% | 91.2% | 92.4% 91.8% 93.0%
5s 91.6% | 93.0% | 93.2% 91.8% 93.6%

Table B.31: Comparison between recall for different methods, under severe induced

errors for cars.

Precision Cars

TC | Kalman | EKF | CKF | FGO CV | FGO CT
1ls 80.0% | 81.81% | 80.36% | 81.25% 82.81%
3s|2833% | 775% | 77.05% | 75.81% | 78.95% 78.87%
5s 83.34% | 81.97% | 79.03% 85.0% 79.71%

Table B.32: Comparison between precision for different methods for cars

F, Cars Moderate

TC | Kalman | EKF | CKF | FGO CV | FGO CT
1ls 29.65% | 31.88% | 32.79% 29.2% 46.78%
3s|43.36% | 34.03% | 33.74% | 33.86% | 34.17% 45.12%
5s 37.75% | 35.18% | 35.15% | 37.92% 46.48%

Table B.33: Comparison between Fj-score for different methods, under moderate

induced errors.

F, Cars Severe

TC | Kalman | EKF | CKF | FGO CV | FGO CT
1ls 84.62% | 86.43% | 85.61% | 85.58% 87.52%
3s|43.14% | 83.63% | 83.53% | 83.29% | 84.89% 85.35%
5s 87.28% | 87.14% | 85.53% | 88.27T% 86.70%

Table B.34: Comparison between Fj-score for different methods, under severe

induced errors.

B.3 Trucks

The following is the numerical results for Figure 4.23- Figure 4.27 for trucks.




B. Extended Results

B.3.1 Temporal Coherence

Temporal Coherence Trucks Moderate

Bias | Spikes v | Spikes p | Drift v | Drift p | Summary
Recall | 100.0% 99.0% 99.0% 100.0% | 100.0% 99.6%
Table B.35: Recall of Temporal Coherence under moderate induced errors for
trucks.
Temporal Coherence Trucks Severe
Bias | Spikes v | Spikes p | Drift v | Drift p | Summary
Recall | 100.0% 99.0% 99.0% 100.0% | 100.0% 99.6%

Table B.36: Recall of Temporal Coherence under severe induced errors for trucks.

B.3.2 Simple Kalman Filter

Kalman Filter (CV-Trucks) Moderate
Bias | Spikes v | Spikes p | Drift v | Drift p | Summary
1s|83.0% 7.0% 51.0% 76.0% 76.0% 58.6%
3s|82.0% 12.0% 52.0% 78.0% 82.0% 61.2%
5s | 83.0% 14.0% 54.0% 78.0% 81.0% 63.0%

Table B.37: Recall of Kalman Filter, with CV model, under moderate induced

errors for trucks.

Kalman Filter (CV-Trucks) Severe
Bias | Spikes v | Spikes p | Drift v | Drift p | Summary
1s|100.0% | 83.0% 96.0% 90.0% 94.0% 92.6%
3s| 99.0% 88.0% 98.0% 90.0% 95.0% 94.0%
5s| 99.0% 86.0% 99.0% 90.0% 95.0% 93.8%

Table B.38: Recall of Kalman Filter, with CV model, under severe induced errors

for trucks.
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B. Extended Results

B.3.3 Non-linear Kalman Filters

EKF (CT-Trucks) Moderate

Bias | Spikes v | Spikes p | Drift v | Drift p | Summary
1s|90.0% 88.0% 84.0% 79.0% 81.0% 84.4%
3s | 84.0% 95.0% 84.0% 79.0% 91.0% 86.6%
5s | 83.0% 93.0% 85.0% 79.0% 87.0% 86.4%

Table B.39: Recall of Extended Kalman Filter, with CT model, under moderate

induced errors for trucks.

EKF (CT-Trucks) Severe

Bias | Spikes v | Spikes p | Drift v | Drift p | Summary
1s | 100.0% | 100.0% 99.0% 86.0% 95.0% 96.0%
3s| 98.0% 100.0% 100.0% 86.0% 95.0% 95.8%
5s| 99.0% 100.0% 100.0% 86.0% 95.0% 96.0%

Table B.40: Recall of Extended Kalman Filter, with CT model, under severe

induced errors for trucks.

CKF (CT-Trucks) Moderate

Bias | Spikes v | Spikes p | Drift v | Drift p | Summary
1s|90.0% 88.0% 84.0% 79.0% 81.0% 84.4%
3s | 84.0% 95.0% 84.0% 79.0% 91.0% 86.6%
5s | 83.0% 93.0% 85.0% 79.0% 87.0% 86.4%

Table B.41: Recall of Cubature Kalman Filter, with CT model, under moderate

induced errors for trucks.

CKF (CT-Trucks) Severe

Bias | Spikes v | Spikes p | Drift v | Drift p | Summary
1s | 100.0% | 100.0% 99.0% 86.0% 95.0% 96.0%
3s| 98.0% 100.0% 100.0% 86.0% 95.0% 95.8%
5s| 99.0% 100.0% 100.0% 86.0% 95.0% 96.0%

Table B.42: Recall of Cubature Kalman Filter, with CT model, under severe

induced errors for trucks.




B. Extended Results

B.3.4 Factor Graph Optimization

FGO (CV-Trucks) Moderate

Bias | Spikes v | Spikes p | Drift v | Drift p | Summary
1s|46.0% 1.0% 27.0% 68.0% 43.0% 37.0%
3s|47.0% 1.0% 29.0% 73.0% 44.0% 38.8%
5s | 44.0% 1.0% 29.0% 74.0% 49.0% 39.4%
Table B.43: Recall of FGO, with CV model, under moderate induced errors for
trucks.
FGO (CV-Trucks) Severe
Bias | Spikes v | Spikes p | Drift v | Drift p | Summary
1s|87.0% 5.0% 96.0% 84.0% 91.0% 72.6%
3s|84.0% 11.0% 97.0% 84.0% 93.0% 73.8%
5 s | 90.0% 12.0% 98.0% 84.0% 93.0% 75.4%

Table B.44: Recall of FGO, with CV model, under severe induced errors for trucks.

FGO (CT-Trucks) Moderate

Bias | Spikes v | Spikes p | Drift v | Drift p | Summary
1s | 71.0% 72.0% 74.0% 74.0% 70.0% 72.2%
3s|66.0% 76.0% 74.0% 73.0% 82.0% 74.2%
5s | 64.0% 80.0% 78.0% 76.0% 77.0% 75.0%
Table B.45: Recall of FGO, with CT model, under moderate induced errors for
trucks.
FGO (CT-Trucks) Severe
Bias | Spikes v | Spikes p | Drift v | Drift p | Summary
1s|98.0% 98.0% 98.0% 83.0% 95.0% 94.4%
3s|96.0% | 100.0% 99.0% 84.0% 95.0% 94.8%
5s|98.0% | 100.0% 100.0% 84.0% 95.0% 95.4%

Table B.46: Recall of FGO, with CT model, under severe induced errors for trucks.
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B. Extended Results

B.3.5 Evaluation Metrics

Recall Trucks Moderate
TC | Kalman | EKF | CKF | FGO CV | FGO CT
1s 58.6% | 84.4% | 84.4% 37.0% 72.2%
3s|99.6% | 61.2% | 86.6% | 86.6% 38.8% 74.2%
5s 63.0% | 86.4% | 86.4% 39.4% 75.0%

Table B.47: Comparison for recall between different methods, under moderate

induced errors for trucks.

Recall Trucks Severe
TC | Kalman | EKF | CKF | FGO CV | FGO CT
1s 92.6% | 96.0% | 96.0% 72.6% 94.4%
3s]99.6% | 94.0% | 95.8% | 95.8% 73.8% 94.8%
5s 93.8% | 96.0% | 96.0% 75.4% 95.4%

Table B.48: Comparison for recall between different methods, under severe induced

errors for trucks.

Precision Trucks

TC | Kalman | EKF | CKF | FGO CV | FGO CT
1ls 73.33% | 65.22% | 65.22% 75.0% 76.47%
3s | 14.66% | 66.67% | 59.09% | 59.09% | 72.73% 72.22%
5s 58.82% | 52.0% | 52.0% 72.73% 61.11%

Table B.49: Comparison for precision between different methods for trucks.

F; Trucks Moderate

TC Kalman | EKF CKF | FGO CV | FGO CT
1s 65.14% | 73.58% | 73.58% | 49.55% 74.27%
3s|2556% | 63.82% | 70.25% | 70.25% 50.6% 73.20%
5s 60.84% | 64.93% | 64.93% 51.11% 67.35%

Table B.50: Comparison for Fi-score between different methods, under moderate

induced errors for trucks.




B. Extended Results

I} Trucks Severe

TC | Kalman | EKF | CKF | FGO CV | FGO CT
1s 81.85% | 77.67% | 77.67% | 73.78% 84.50%
3s|25.56% | 78.01% | 73.10% | 73.10% | 73.26% 81.98%
5s 72.30% | 67.46% | 67.46% | 74.04% 74.50%
Table B.51: Comparison for Fj-score between different methods, under severe

induced errors for trucks.
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