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ABSTRACT This paper focuses on developing a vehicle tracking algorithm for vehicle inspection systems.
Tracking small vehicle movements in small enclosed systems can be challenging, but offers tremendous
benefits to optimize the camera capture moment. Therefore, we focus on locating the vehicle position to
ensure that pictures can be taken with equal spacing, limiting the likelihood of missed damages and making
it easier to compare different inspections. We propose the usage of sensor fusion between Magnetic Field
sensors and Time-of-Flight Lidar sensors and develop a fingerprinting method that accurately tracks vehicle
movement through the system. Unlike previous research, we developed a unique approach that does not
require offline data collection, prior knowledge of the vehicle, or any sensors to be attached to the vehicles.
Using sensor fusion, we establish the fingerprint in real-time to ensure that the system does not require
storing and collecting fingerprints in a database.We benchmark the proposed solution against varying vehicle
brands, models, and driving behavior. The findings highlight the algorithm’s exceptional performance, which
tracks vehicles with less than 0.32 sensor distances in accuracy, or almost 3 centimeters when 64 sensors are
used. We show that the algorithm can scale in the number of sensors to improve tracking granularity, with
almost no compromise on the algorithm’s accuracy. By evaluating different driving scenarios, we show that
the proposed algorithm is robust against different driving speeds, speed changes, and complete stops of the
vehicle during the drive-through process. Even when vehicles change driving direction, the proposed system
demonstrates the capability to track them effectively.

INDEX TERMS Damage inspection, fingerprinting, times-series matching, vehicle tracking.

I. INTRODUCTION
The automation of vehicle inspections has garnered signifi-
cant attention in recent years, focusing predominantly on the
development of computer vision models to enhance detection
capabilities [1], [2], [3], [4], [5], [6], [7]. Despite extensive
research on image quality and its impact on vehicle inspection
quality, less emphasis has been placed on optimizing the
specific segment of the vehicle to be captured in each image.

Researchers have highlighted the importance of camera
angle and viewpoint in visual inspection systems, suggesting
a shift towards multi-view damage inspection to address
these challenges. However, existing multi-view systems, such
as the one proposed by Stent et al. [8] Tang et al. [9]
Ruitenbeek and Bhulai [10], capture images from different
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angles based on a time trigger mechanism. A time-based
capturing system limits the control to ensure image overlap
consistently between each consecutive picture. With this, the
overlap between the images depends on a constant driving
speed, which needs to be known upfront and held constant
during the inspection. With this strong dependency on the
driver, complete automation of vehicle inspections remains
challenging. Moreover, we highlight in previous research that
knowing the vehicle’s precise location facilitates matching
damages across different views and eliminating duplicate
detections [10].

This study aims to improve vehicle position estimation
within a drive-through visual inspection system. By lever-
aging position estimation, images can be captured based
on the vehicle’s location rather than a fixed time interval,
enhancing consistency and ensuring that variations in driving
behavior do not affect the number or quality of images. This
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FIGURE 1. Drive-through vehicle inspection system which is completely
enclosed to reduce influence from its surroundings.

consistency between images is particularly interesting when
comparing multiple inspections to identify if damages are
new or already known. Furthermore, a time-based system
cannot accommodate vehicles that stop or change driving
speed within the inspection area, necessitating a consistent
speed during the inspection.

The objective of this chapter is to develop a precise vehicle
tracking system for use within a vehicle inspection setup.
A key challenge we face involves limitations on sensor usage
due to environmental conditions. Previous studies, such as
those conducted by Nassar et al. [11], De Deijn [3], and
Ruitenbeek and Bhulai [7], have demonstrated that consistent
lighting conditions significantly enhance image quality.
To accommodate for this, we build upon our previously
proposed multi-view inspection system [10] and use a fully
enclosed inspection environment with a light diffuser to
maintain uniform lighting on the vehicle. This setup is
visualized in Figure 1.

Position estimation has been widely studied in fields such
as automated driving, the railroad industry, and logistics.
Techniques range from data-intensive methods like camera-
based systems to the use of LIDARs, pressure sensors, and
magnetic sensors. This study aims to track vehicles within
a controlled, enclosed environment without prior knowledge
of the vehicle or the option to attach additional sensors
to it.

Although this research is centered around automated
vehicle inspections, its implications extend beyond this
domain. The global market for indoor positioning and
navigation, valued at 6.1 billion in 2020, is projected to reach
17 billion by 2025 [12].
This research extends previous studies in three key

ways. First, we introduce a hardware setup combined with
an algorithm that leverages sensor fusion from Time-of-
Flight (ToF) sensors and Magnetic Field (MF) sensors to
estimate vehicle position using a fingerprinting approach.
This technique maintains high inspection quality by adhering

to restrictions on sensor placement within the system.
Second, we demonstrate that our approach can accurately
track vehicles throughout the system, regardless of their
brand, model, or driving behavior. We show robustness
against changes in driving speed, halting the vehicle during
the inspection, and reversing the vehicle during the inspec-
tion. Third, unlike previous studies, our method does not
require any prior information about the vehicle, nor does it
necessitate attaching sensors to the vehicle itself. This is a
significant improvement over previous approaches, such as
those proposed by Farrell and Barth [13], Byun and Kim
[14], Byun and Jeong [15], which suggested or implemented
sensors attached to vehicles.Moreover, our proposed tracking
algorithm constructs the fingerprint in real-time when the
vehicle enters the tracking area. With this, we avoid the need
to construct, store, and maintain fingerprints for all types
of vehicles in a database, overcoming a large drawback of
previous research [16], [17], [18], [19]. These considerations
are crucial in addressing practical constraints, especially
when the inspecting company does not own the vehicle
fleet, making it impractical to install sensors on each
vehicle.

II. RELATED WORK
The task of accurately determining object positions and
tracking objects is a multifaceted problem that has obtained
significant research interest. As technology has advanced,
various methodologies have emerged, each with unique
strengths and limitations. This chapter provides a review
of the related work on object tracking, focusing on key
approaches such as geometric localization, LIDAR-based
systems, fingerprinting techniques, magnetic sensors, and
visual-based methods.

Geometric approaches are frequently employed to locate
objects in 3D space, with mobile phone localization being a
notable application. Triangulation is a widely used geometric
method for detecting mobile phone locations, utilizing
Time of Arrival (ToA) or Received Signal Strength (RSS)
measurements to perform the triangulation process [12]. The
RSS combines the signal strength from three base stations to
interpolate the approximate position. On the contrary, ToA
focuses on the travel time of the signal instead of the signal
strength itself.

Another approach, frequently used in indoor settings,
is the use of Time-of-Flight (ToF) sensors. ToF sensors
emit light and measure the time taken for the light to be
transmitted, reflected off the object, and returned to the
sensor. A localization method solely focused on ToF sensors
has been proposed by [20]. The primary benefits of ToF
sensors are their relatively low latency and rapid update
rates [12]. However, a potential downside is the influence
of the object’s color and shape. Sharp angles on the target
object can reflect the light away from the sensor, resulting
in insufficient light being returned. Consequently, accurate
distance estimation can be compromised.
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A. FINGERPRINTING
Fingerprinting approaches to estimate object location gained
popularity [12]. Fingerprinting involves creating an RSS
pattern that stores the object’s location along with the
measurement output. These measurements are collected
upfront in an offline environment, and the sensor outputs
are then compared with new sensor measurements when
localization needs to take place.

Despite their widespread use, Zafari et al. [21] argue
that obtaining accurate locations is challenging due to
sensor noise. The RSS pattern often degrades over time as
environmental changes between the offline RSS creation and
actual (online) tracking can affect accuracy [18]. Examples
of such changes include moved objects, opened or closed
doors, and variations in the number of people in the
environment [12]. To mitigate some of this noise, Yang et al.
[22] and Hellmers et al. [23] applied a Kalman Filter (KF) to
the sensor data.

A successful example of fingerprinting is the imple-
mentation by Gansemer et al. [19], which used WLAN
fingerprinting in combination with Euclidean Distance Algo-
rithms to track people through buildings with an accuracy of
0.5 meters. Similarly, Koike-Akino et al. [16] implemented
WLAN based tracking with 3 access points to obtain an
RMSE below 12cm. Compared to most indoor localization
systems, MF tracking systems are relatively cost- and
energy-efficient [12]. Hellmers et al. [23] implemented MF
tracking and achieved positioning accuracy in the range of
0.5 - 1.5 meters.

To date, most research on indoor localization systems has
not utilized sensor fusion [12]. Employing complementary
sensors often leads to improved positioning accuracy [24].
Du et al. [18] introduced a visual-based camera tracking
system in combination withMF sensors, using the fingerprint
approach. They compared new images of individuals with
images in the database and used a similarity score to
determine the most similar picture in terms of location. They
demonstrated that this approach can enhance the MF method
by more than 50%.

B. MAGNETIC SENSORS
Farrell and Barth [13] proposed a vehicle positioning method
that combines GPS data with magnetic sensors mounted on
the front and rear of the vehicle. This method estimates the
absolute position using magnetic markers placed within
the road. A similar approach, without GPS integration,
is frequently used for guiding autonomous vehicles or robots
in warehouses. Magnetic sensors combined with gyroscope
and steering angle sensors are often used to achieve accurate
localization [15]. The use of magnetic sensors, in conjunction
with markers in the surrounding area, is a proven solution that
requires low maintenance and no physical contact between
the sensor and the object [25], [26], [27]. A significant
advantage of this method is that glitter on the floor does
not affect localization, unlike optical sensors. However,

limitations of these systems include the sensor’s sampling
rate and the vehicle position calculation time, resulting in
lower driving speeds tomeasure location accurately [15]. One
major benefit of placing markers in the immediate vicinity
is the clear Gaussian-shaped function that appears when the
magnetic sensor moves over the magnetic marker.

Both Byun and Kim [14] and Byun and Jeong [15]
mounted a series of magnetic sensors across the entire width
of test vehicles with a spacing of 1 - 2 centimeters to obtain
the Gaussian profile from multiple sensors. Detection, when
the object is directly above the marker, is straightforwardly
obtained by analyzing the differential of the Gaussian.
Similarly, Trinh et al. [28] tracked objects in a relatively
small square area of 400cm2 by consulting the gradients of
a single-dimension magnetic field. In a different approach,
Caruso and Withanawasam [29] implemented a single three-
axis AnisotropicMagneto Resistance (AMR) sensor to obtain
the vehicle silhouette and use it to distinguish between cars,
vans, trucks, buses, and trailers.

To track multiple moving targets, Wang et al. [30] imple-
mented a magnetic force tracking algorithm designed for
objects such as submarines. They utilized magnetic gradient
tensors, a special type of magnetic sensor that suppresses
time-domain interference [30]. Their study examined the
effect of a moving detector on tracking multiple moving
targets.

C. IMAGE-BASED OBJECT LOCALIZATION
Position estimation and movement tracking through com-
puter vision have garnered significant interest over the past
decade. However, these systems face challenges, particularly
in handling occlusion, which can degrade the quality of
localization and tracking efforts [31], [32], [33].

Visual methods are commonly employed to determine
the spatial coordinates of objects. This typically involves
using markers or landmarks visible to the camera as
reference points for estimating the object’s position within
a 3D environment. For instance, the precise localization of
soccer players within a playing field has been extensively
studied [34], [35], [36].

Another approach for localizing objects in 3D space is the
use of distance estimations. Stereo vision is often used to
estimate the distance towards an object of interest, which can
be used to estimate the actual object location [37], [38].

Despite these advancements, visual trackingmethods often
suffer from computational complexity compared to methods
involving MF or ToF sensors [39]. Techniques typically
involve object detection followed by tracking algorithms
or homography transformations. In contrast, MF and ToF
sensors operate at higher refresh rates, potentially enhancing
localization accuracy.

III. METHODOLOGY
Several strategies can be employed to estimate a vehi-
cle’s position along the driving direction within the setup
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FIGURE 2. Three possible placements for ToF sensors. In the driving lane
(situation 1), two sensors on the sides of the lane (situation 2),
or multiple sensors on the side (situation 3).

illustrated in Figure 1. Figure 2 illustrates three potential
configurations for ToF sensor placements. In situation 1, the
sensor maintains an unobstructed view of the vehicle in all
scenarios, but it requires positioning the ToF sensor above
or below the vehicle to avoid obstructing the vehicle’s path.
This configuration provides consistent detection but demands
careful sensor positioning.

Situation 2, eliminates the need for high or low sensor
placement but requires the sensor to be positioned at a greater
distance from the system and at a slight angle to achieve
optimal estimation. In this situation, the vehicle is visible
when entering the system, but it requires the sensor to be
far away from the system to estimate the vehicle’s position
when exiting the system. Additionally, the performance of
this setup is influenced by the shape of the vehicle’s front
bumper. As discussed in section II, sharp angles and rounded
contours on the bumper can impair measurement accuracy
with ToF sensors.

In most instances, large vehicle inspection systems
impose spatial constraints when employed in operational
settings. Introducing additional sensors, at extended dis-
tances outside the initial system, further limits feasible
placements of the system on parking lots or other oper-
ational settings. To address this, we aim to confine sen-
sor placement within the existing setup to reduce spatial
footprint.

Situation 3 considers an alternative where multiple ToF
sensors are positioned at regular intervals (s), so that cameras
are triggered as each sensor detects the vehicle. While
this setup allows for precise tracking, placing sensors at
the system’s center would interfere with the coherent light
sources on the sides and roof. Alternatively, floor-mounted
sensors could point upwards. However, this introduces
two challenges: sensors may accumulate dirt or debris,
obstructing detection, and vehicle length is restricted to the
setup’s dimension.

Each configuration has unique advantages and limitations,
and choosing the optimal setup will depend on balancing
measurement accuracy, spatial constraints, and maintenance
considerations.

A. PROPOSED SOLUTION
To address the limitations identified in previous setups,
we propose a multi-sensor fusion approach using Magnetic
Field (MF) sensors and Time-of-Flight (ToF) sensors to

FIGURE 3. Inspection system with ToF sensor locations (red) and
magnetic sensor locations (Mk ). The horizontal ToF sensor measures the
ground truth vehicle location.

estimate the vehicle location more accurately. As outlined
in section II, each sensor type offers distinct advantages and
limitations. By combining multiple ToF and MF sensors,
we aim to enhance the accuracy and reliability of the final
location estimation. The specifications of the ToF sensors and
the MF sensors are specified in Appendix VI.

Our proposed system configuration, shown in Figure 3,
utilizes a total of 16 MF sensors (Mk ), evenly spaced at
S = 38 centimeters. This spacing, validated experimentally,
ensures sufficient overlap between the pictures to ensure that
no parts of the car are left without pictures. Additionally,
two ToF sensors are positioned at the entry and exit
points of the inspection area. Lastly, a horizontal ToF
sensor further measures the vehicle’s ground truth position,
solely providing a benchmark for evaluating the algorithm’s
performance.

The system leverages a fingerprinting method for real-time
location tracking. Traditional fingerprinting methods collect
data in a static offline setting for later use. However, this
approach requires unique fingerprints for each vehicle model
and is sensitive to environmental changes. As noted by
Zafari et al. [21] and Du et al. [18], factors like nearby
parked vehicles or shifts in surrounding magnetic objects
may alter the fingerprint. Furthermore, variations in vehicle
cargo between inspections can also affect magnetic readings,
making a static fingerprint with a database impractical. Our
solution needs to be adaptable across various deployment
locations without requiring extensive reconfiguration or new
fingerprint data collection at every location where the system
will be employed.

To address these challenges, we propose an online, real-
time fingerprinting approach. At the beginning of each
inspection, the system dynamically generates a unique fin-
gerprint, thereby adapting to environmental changes without
requiring stored fingerprints. The ToF sensor acts as a trigger
to generate the fingerprint from the MF sensors. Details of
this real-time fingerprint construction process are discussed
in subsection III-E.

Supporting this dynamic fingerprinting process, we intro-
duce an algorithm featuring an interconnected state machine
and tracking module. An overview of this algorithm is
illustrated in Figure 4. The state machine determines if a
vehicle is currently within the tracking area, using signals
from the front (l1) and rear (l2) ToF sensors. The state
machine is further detailed in subsection III-D. The tracking
module, which processes inputs from the MF sensors, begins
by constructing the vehicle-specific fingerprint (VSF ) when
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FIGURE 4. Overview of the proposed vehicle tracking, using real-time fingerprinting.

the inspection starts.We refer toVSF as theVehicle Signature,
obtained from theMF sensor data, which serves as the unique
vehicle fingerprint.

The algorithm’s core lies in comparing this fingerprint
against the real-time sensor measurements around the vehi-
cle’s current estimated position, ṽ. By comparing VSF to
subsequent MF sensor readings, the algorithm can accurately
determine movement, identifying if the vehicle is moving
forward or backward. Further details on the trackingmodule’s
functionality are provided in subsection III-E.

B. DATA COLLECTION
We conducted an empirical study where data is collected
from vehicles passing through the proposed setup. It is not
required to stop the vehicle, which accounts for a constant
flow of inspections. This is of particular importance for
high-volume locations, where stopping the vehicle within
the system would slow down the operational process.
Therefore, we collect sensor data from the proposed setup
of Figure 3, for vehicles driving through the inspection
system.

To ensure diversity in our dataset, reflecting unique
magnetic sensor profiles for each vehicle, we included 5
drive-through scenarios for 10 different combinations of
vehicle brands and models. This approach allows us to assess
the robustness of our proposed system thoroughly, as different
brands and models emit different magnetic signals.

The proposed system is developed for a driving speed of
5 km/h. However, it cannot be guaranteed that drivers hold
themselves to the desired driving speed. As such, we include
scenario A and B to validate the proposed solution against
driving with 5 km/h and with 10 km/h. When the system
is employed at a high volume location, such as delivery
companies, large volumes of vehicles need to be inspected at
the start and end of shifts. Therefore, queues of vehicles can
arise in front of the system and behind the system. Scenario C
details this scenario where the speed of the vehicle is brought
two times shortly to 0 km/h. This situation simulates that the
vehicle has to wait twice within the system to ensure that the
path out of the system is cleared from other vehicles.

Lastly, Lensor B.V. operates this inspection system with
speedbumps. From this, it is known that vehicles sometimes
do not have enough speed to clear the speedbump, causing
them to shortly reverse during the inspection. This situation
is simulated by scenario D. Scenario E simulates a vehicle
reversing out of the system from the same way it entered.
This situation occurs when the system is placed on a location
where a drive-through is not possible. Variations in driving
speed are taken into account by employing varying people
for the data collection. Furthermore, changes in driving speed
during the inspection is taken into account by the varying
reverse or stop actions which employ changes in driving
speed.We include these 5 scenarios to evaluate the robustness
of the vehicle tracking system against varying types of driving

VOLUME 13, 2025 159937



R. E. van Ruitenbeek, S. Bhulai: Real-Time Vehicle Tracking Using Magnetic Field Fingerprinting

behavior. The scenarios included in the collected dataset are
summarized below:

A Drive-through at 10 km/h.
B Drive-through at 5 km/h.
C Scenario B and reducing vehicle speed to 0 km/h at least

twice during the drive-through.
D Scenario B and briefly reversing the vehicle midway

through the inspection.
E Scenario B and reverse by exiting on the same side after

entering halfway.

In total, we captured 50 drive-through actions. The
collected data comprises three types of variables: the ground
truth distance sensor (Gt ), ToF sensors (denoted as l t1 and
l t2), and 16 MF sensors measuring in 3 dimensions (mt

k =

(x tk , y
t
k , z

t
k )).With this,mt

k represents themeasurement at time
t for sensor k with k ∈ {0, 1, 2, . . . , 15}.
The total length of the system is 600 centimeters. The MF

sensors are equally spaced with spacing s = 38 centimeters.
As such, the first sensor is placed 15 centimeters into the
system. The same holds for the last sensors, being placed at
485 centimeters (600 − 15).

C. SENSOR DATA EXPLORATION
This section details the data collected from the ToF sensors
and MF sensors during various vehicle inspections. Figure 5
illustrates the ground truth location for the five distinct

FIGURE 5. Measurements from the front reference ToF sensor, holding
the ground truth location, for the 5 different scenarios.

FIGURE 6. Measurements from a single sensor for all three axes during
the full inspection.

drive-through scenarios, to visually show how the vehicle
moves through the system.

The magnetic sensors measure intensity in three dimen-
sions. Figure 6 shows the intensity for sensor 0 during
inspections B and C. It is important to highlight that
different brands and models exhibit different magnetic
signals. As such, the sensor measurements from Figure 6
display different patterns as inspection B involves a Seat
Ibiza, while inspection C involves an Audi A3. Additionally,
the brief stops of the vehicle in inspection C are visible as
constant sensor readings from measurements 70 to 104 and
from 127 to 173.

Given the system’s construction from approximately 2000
kilograms of metal, unevenly distributed, some fluctuations
in sensor readings across sensors in the front or rear are
expected. Furthermore, other environmental influences, such
as objects placed in the near surroundings, can affect the
sensor baseline. These fluctuations are depicted in Figure 7,
where the baseline is different across the sensors. To account
for environmental influence, the first 10 measurements of
each sensor are used as an environmental benchmark. All
sensor readings are adjusted accordingly, shifting them
towards zero. The normalized measurements are shown in
Figure 8.

FIGURE 7. Sensor measurements for sensors 0, 2, 4, 14, and 15 for the
z-axis during the full inspection.

FIGURE 8. Normalized sensor measurements for sensors 0, 2, 4, 14, and
15 for the z-axis during the full inspection.
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FIGURE 9. Measurements from the entry and exit ToF sensors.

From l1 and l2, it is determined whether a vehicle is present
in the inspection area. Figure 9 shows the measurements
for an inspection of scenario C. When no vehicle obstructs
the sensor, the ToF sensors measure a distance of 360
centimeters. When a vehicle passes in front of the ToF
sensor, the measured distance decreases depending on the
vehicle’s width and horizontal (y) position within the system.
A significant drop below 360 centimeters indicates a vehicle
is blocking the ToF sensor. Some noise is observed around
measurements 46 and 177, primarily due to the curved shapes
at the front and rear of the vehicle reflecting the light signal
away from the sensor. This is previously pointed out as a
drawback in section II.

D. STATE MACHINE
We employ a state machine to determine whether the system
is idle or if an inspection is in progress. As shown in Figure 4,
the state machine interacts directly with the tracking module,
enabling or disabling the tracking module. The tracking
module provides the vehicle’s current location (ṽ), which
informs state transitions within the state machine. The five
distinct states and their transitions are illustrated in Figure 10.

The system is designed to accommodate vehicles entering
from both directions, ideal for deployment at parking lot

FIGURE 10. State machine, describing the five potential states and their
corresponding state transitions.

entrances that function as both entry and exit points.
This dual-use minimizes the number of inspection systems
requiredwhile ensuring vehicles are inspected at both the start
and end of a shift or rental action. As vehicles pass through,
they enable either l1 followed by l2, or in reversed order,
depending on the driving direction. If a vehicle exceeds 396
centimeters (the distance between the two ToF sensors), both
ToF sensors activate simultaneously, causing the vehicle to
proceed clockwise or counterclockwise along the inspection
path.

Multiple preprocessing steps are applied to the raw ToF
sensor data to make it robust against sensor noise and against
the outliers that occur due to the round-shaped vehicles which
direct the light away from the sensor, causing large spikes in
the distance value as shown in Figure 9. The preprocessing
steps are presented in Figure 4. In the first step, outliers
are removed by clipping each measurement to the allowed
ranges: l1 ∈ [0, 360] and l2 ∈ [0, 360], representing the width
of the inspection system. Using a moving average, the sensor
noise is further reduced. To determine if the ToF sensors are
interrupted and thus activated, a binary step function is used
over a moving average with n = 2. A relatively low n = 2 is
empirically obtained from the dataset, where n = 1 resulted
in 12 false alarms on the full dataset. n = 2 is the minimal
value of n without any false alarms. A higher value of n
will further reduce the probability of a false alarm. However,
it will also delay the detection, causing the inspection to
potentially start too late. The ToF sensor activation for sensor
i at time t is defined by ft (l ti ) in Equation (1).

ft (l ti ) =


1 50 ≤

1
n

t∑
j=t−n

l ji ≤ 150,

0 else.

(1)

For vehicles longer than 396 centimeters, the activation
function (gt (l t1, l

t
2)), indicating whether a vehicle is within

the system, is expressed by Equation (2). For vehicles
shorter than 396 centimeters, the first ToF sensor will be
disabled before the second ToF sensor is activated. Figure 10
presents this state in the center of the state machine.
To overcome this, we incorporate the output of the Tracking
Module (ṽ). The tracking module is further detailed in
subsection III-E.We extend gt (l t1, l

t
2) by incorporating vehicle

location estimate ṽ and state that there is no vehicle if both
ToF sensors are disabled and the sensors tracking does not
indicate a vehicle in the range [2, 13]. With this, the tracking
module improves the state machine by drawing a connection
between the MF sensors and the ToF sensors. The resulting
gt (l t1, l

t
2, ṽ) is presented in Equation (3). The resulting values

from ft (l ti ) and gt (l
t
1, l

t
2, ṽ) are presented in Figure 11.We omit

t in the equations for readability.

g(l1, l2) =

 1 max
i∈{1,2}

f (li) = 1,

0 else.
(2)
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FIGURE 11. Resulting ToF activation (f (l1) and f (l2)) in dashed lines and
the thick grey line representing a vehicle in the inspection system
(g(l1, l2, ṽ )).

g(l1, l2, ṽ) =

 1 max
i∈{1,2}

f (li) = 1 or 2 ≤ ṽ ≤ 13,

0 else.
(3)

E. TRACKING MODULE
We propose integrating a tracking module in conjunction
with the previously defined state machine (subsection III-D).
The tracking module is designed to determine, at any given
time t , whether the vehicle has moved forward to the
next sensor (ṽ + 1), remained at its current sensor (ṽ),
or moved backward to the previous sensor (ṽ − 1). This
allows the module to determine whether the vehicle has
remained in place or shifted by S = 38 centimeters in either
direction.

The tracking module is activated when the state machine
transitions from theNo Inspection state to either theFront ToF
Enabled or Rear ToF Enabled states, i.e., when g(l1, l2, ṽ) =

1. Figure 12 illustrates a schematic of a vehicle, shorter
than 396 centimeters, passing through the tracking system.
This schematic presents how the vehicle moves past the ToF
sensors and theMF sensors while driving through the system.
Figure 8 demonstrates a consistent pattern in the data from
each sensor, where the signal from each subsequent sensor
(k + 1) lags behind the previous one (k) by t time steps. This
lag represents the time taken for the vehicle to travel between
consecutive sensors, with longer lags corresponding to slower
speeds.

To detect these patterns, we propose employing time-series
matching with a fingerprinting technique. This approach
aims to identify when the signal observed at sensor k
reappears at sensor k + 1, thereby enabling precise tracking
of the vehicle’s movement across sensors. The subsequent
subsections of Figure 12 present the start of the tracking with
the real-time fingerprint construction (1), the matching (2
and 4), the proposed reverse tracking (3), and the end of the
inspection (5).

1) FINGERPRINT CONSTRUCTION
Figure 12 (1)marks the activation of the trackingmodule. The
ToF sensors and MF sensors work together to generate the
Vehicle Signature (VS) which is used as the fingerprint.
The process begins when the front of the vehicle interrupts the
first ToF sensor, triggering the construction of the VSF . This

FIGURE 12. Schematics of the ToF sensor placement and the MF sensor
placement with respect to the vehicle. The different stages of the
proposed tracking algorithm are presented with the sensors for the
fingerprint, signature of sensors ṽ , and the ToF sensors.

signature incorporates the previous pmeasurements from the
MF sensors, where p represents the length of the VS. The
graphical representation of Figure 12 illustrates a fingerprint
being derived from the three green MF sensors on and before
the ToF sensor.

Figure 8 reveals that the sensors are not perfectly uniform,
with some noise observed in the data. In addition, multiple
sensors can simultaneously interact with the vehicle due to
the small distance between each sensor. To address this,
we propose a VS design that spans the temporal dimension,
multiple sensors, and the three dimensions of the MF
sensor.

The final vehicle signature is depicted in Figure 13 as a
3D matrix of dimensions p× r × 3, where p is the signature
length, r is the number of sensors included in the pattern, and
3 represents the dimensions of the MF sensors. Extending the
pattern across a longer history, multiple sensors, and their
respective dimensions can improve the stability of vehicle
tracking.

This real-time collaboration between the ToF and MF
sensors enables dynamic construction of the vehicle signa-
ture, eliminating the need to pre-store signatures for specific
vehicle brands or models, as commonly required in previous
research. Furthermore, this approach ensures that tracking
remains unaffected by changes in the vehicle’s cargo, which
could otherwise alter its fingerprint.

2) REVERSE TRACKING
The vehicle’s front is typically used to construct the finger-
print. However, as the vehicle exits the system (Figure 12 (4)),
front sensors can no longer detect the vehicle, while the rear
remains within the system and requires tracking to determine
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FIGURE 13. Matrix representation of the Vehicle Signature for signature
length p, r sensors, and 3 MF sensor dimensions.

if a camera capture is necessary. To avoid placing additional
sensors outside the system, we switch the tracking focus from
the front to the rear of the vehicle during the inspection.

Figure 12 illustrates the proposed reverse tracking method.
Initially, the fingerprint is constructed based on the front of
the vehicle when it interrupts the first ToF sensor (position 1).
Upon reaching position (3), the front ToF sensor is no longer
interrupted, and a new fingerprint is generated using the rear
of the vehicle. From this point onward, the rear fingerprint
is used to track the vehicle until it fully exits the system
(position 5).

For optimal signal strength, sensors located beneath the
vehicle are used to construct the fingerprint. During front
tracking (positions 1 and 2), MF sensors positioned before
the ToF sensor are utilized. In rear tracking (positions 3, 4,
and 5),MF sensors located after the ToF sensor are employed.
The sensors contributing to the fingerprint are highlighted in
green for clarity.

3) VEHICLE SIGNATURE MATCHING
Figure 14 provides a graphical overview of the proposed
tracking and matching algorithm. The algorithm begins with
the vehicle’s current position (ṽ) as input. The possible states
(ṽ+ z) are defined as the allowed vehicle movements relative
to sensor ṽ, where z ∈ Z and Z := {−zb, . . . , 0, . . . , zf }.
Here, zb represents the maximum number of steps backward,
and zf represents the maximum number of steps forward.
For illustration, Figure 14 visualizes the algorithm under the
conditions zb = 1 and zf = 1.
To determine whether the vehicle moves out of its current

position, the algorithm performs a time-series comparison
between the fingerprint (VSF ) and the signatures of the
candidate states (VSk+z). Notably, the fingerprint is not
updated at every time step. Instead, it is established and
locked at specific positions, such as positions (1) and (3) in
Figure 12. The similarity between VSF and VSk+z is defined
by:

sim
(
VSF,VSkCz

)
; ∀z ∈ Z . (4)

To illustrate the evaluated comparisons, we highlight
situation (2) of Figure 12. The vehicle signature is constructed

FIGURE 14. Overview of the vehicle matching algorithm.

when l1 is interrupted at time t̃ , making VSF equivalent to
VS2 of t̃ . The comparison at time t is made between VSF
and moving backward VS7, staying in the current state VS8,
or moving forward VS9.
Various similarity functions are available to evaluate this

matching. We approach the task as a time-series similarity
problem, commonly implemented using the Minkowski
distance [40], [41], [42]. However, vehicle motion introduces
non-stationary variances, and sensor amplitudes can vary
significantly, as highlighted in Figure 8. To address this,
alternative measures like the Mahalanobis distance, which
accounts for non-stationary variances, may improvematching
accuracy [43], [44].

To mitigate amplitude differences, Chen et al. [45]
proposed a correlation matrix combined with the Pearson
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correlation coefficient, while Nakamura et al. [46] utilized
cosine similarity, which is less sensitive to outliers than
standard correlation methods. Equation (5) demonstrates the
application of cosine similarity for VS matching.

sim
(
VSk,VSkCz

)
=

⟨VSk,VSk+z⟩

∥VSk∥
∥∥VSkCz∥∥ . (5)

Alternatively, we recommend normalizing signatures using
the Euclidean Norm (L2). This approach emphasizes the
shape of the signature over its amplitude, potentially enhanc-
ing robustness to environmental and sensor noise. From this,
Minkowski distances can be used to compare the signatures.
We employ this combination in the normalization step of
Figure 14.

As it can be expected that not every sensor and every sensor
dimension within the VS will be equally important, we weigh
the measurements from the sensor by the sensor dimension
importance α. Similarly, we apply a weighted average across
sensors in the signature (r) to account for varying sensor
importance. The weights for sensors are represented by the
sensor importance vector, β.
The final matching function, presented in Equation (6),

computes the weighted similarity by integrating both sensor
and dimension importance, outputting a comprehensive sim-
ilarity score over all sensors (r) and their three dimensions.
Equation (6) presents the matching using the MAE. In our
research, we evaluate the performance of the cosine similarity
for the signature matching and compare this performance
with applying the Euclidean Norm normalization in combi-
nation with the MAE.

sim
(
VSF,VSkCz

)
=

r∑
i=1

βi

3∑
j=1

αj
1
p

p∑
t=1

∣∣∣VS t,i,jF − VS t,i,jk+z

∣∣∣
(6)

4) PENALTY FUNCTION
Based on practical observations, it is assumed that vehicles
typically move either one step forward or backward per
time unit, with a smaller likelihood of moving two steps.
Additionally, vehicles are more inclined to progress forward
through the inspection area than to reverse during the
inspection.

To minimize unnecessary oscillation between sensors,
we aim to prevent forward and backward jumps when the
difference in similarity is negligible. Such situations often
occur when a vehicle is positioned (stationary) between two
sensors.

As such, we introduce two penalty functions. The first
penalty function penalizes a movement from sensor k to
any sensor k + z where z is positive. The second empowers
a penalty when z is negative. In addition, we increase the
penalty with a magnitude of the number of moved steps,

resulting in the following penalty function:

g(k, z) =


z · pb z < 0,
0 z = 0,
z · pf z > 0.

(7)

5) DYNAMIC VEHICLE SIGNATURE (DVS)
Variations in sensor patterns at different locations within the
system are detailed in subsection III-C and illustrated in
Figure 8. When using the proposed methodology, high
similarity is observed between adjacent sensors, while
sensors located farther apart within the system exhibit
lower similarity by default. Based on this observation,
we recommend adopting a Dynamic Vehicle Signature (DVS)
instead of a Fixed Vehicle Signature (FVS).

In the previously described Fixed Vehicle Signature (FVS),
the fingerprint is updated only at the start of the inspection
(Figure 12 (1)) and at the beginning of reverse tracking
(Figure 12 (3)). By contrast, the DVS dynamically adjusts
the fingerprint, updating the signature whenever the vehicle
transitions to a new sensor location. The initial pattern is
created similarly to the process outlined in Figure 12 (1).
Subsequently, each sensor change prompts the generation of
a new fingerprint.

The primary advantage of the DVS is its ability to adapt
dynamically to environmental changes, accounting for both
internal system variations and external factors such as nearby
vehicles or metallic objects in the vicinity of the system.

6) DYNAMIC VEHICLE SIGNATURE LENGTH (DVS-L)
Determining an appropriate value for the Vehicle Signature
length (p) is challenging due to significant variations in
driving speed during inspections. The number of measure-
ments captured between sensor movements fluctuates with
the vehicle speed. Higher speeds yield fewer measurements
per sensor movement.

The optimal value of p can also depend on changes in
vehicle speed during inspection or brief stops. A smaller
p enables the pattern to adapt quickly to changes, while a
larger p adapts more gradually but provides greater tracking
stability.

To address this, we propose using a Dynamic Vehicle
Signature Length (DVS-L). Initially, a default p value is
selected, with subsequent adjustments determined by the
number of measurements recorded between each sensor
movement. More formally, p is defined by the number of
measurements (mk) recorded between sensor k and sensor
k − 1. To avoid large fluctuations, we constrain p within the
range p ∈ [2, 2p̃], where p̃ is the initial value of p. This
approach is summarized in Equation (8), which defines the
value of p at sensor k .

p(mk ) =


2 mk < 2,
p 2 ≤ mk ≤ 2p̃,
2p̃ mk > 2p̃.

(8)
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7) SUPPORTING ARBITRARY VEHICLE LENGTH
Our proposed solution indicates the start and end of the
vehicle within the system, precisely identifying the area
occupied by the vehicle. This allows for the precise triggering
of each camera based on the vehicle’s exact location.
However, tracking only the front or rear of the vehicle
imposes a limit on the maximum vehicle length that can
be tracked within the system, which is 496 centimeters
(600−104 centimeters). To accommodate vehicles exceeding
this length or to support smaller hardware setups, a slight
modification can be implemented.

In this approach, we avoid continuouslymoving the pattern
across the sensors. The vehicle signature is established when
the vehicle first activates the ToF sensor. As the vehicle
signature aligns with the next MF sensor, it indicates that the
vehicle has moved past one sensor. Similar to the previous
implementation, a vehicle signature is generated; however,
now an additional signature is created from the same MF
sensor aligned with the ToF sensor. This process continues
until either the front of the vehicle reaches the second ToF
sensor or the rear reaches the first ToF sensor. At this point,
the ground truth pattern shifts to the relevant sensor. This
method allows the system to track vehicles of any length
while accurately maintaining information about the vehicle’s
front and rear positions.

We compare the results of this tracking solution against the
earlier proposed solution in section IV.

F. EVALUATION FUNCTION
To evaluate the robustness of the tracking algorithm, we com-
pare the ground truth location (dt ) against the predicted
location (d̂t ) using the Mean Absolute Error (MAE) as
presented in Equation (9). We omit the usage of a scaled error
metric as the system is a closed environment with an equal
amount of MF sensors in every data sample.

MAE =
1
T

T∑
t=1

|dt − d̂t |. (9)

G. PARAMETER TUNING
The effectiveness of the proposed vehicle tracking algorithm
relies heavily on the choice of parameters. Increasing the
pattern length enhances tracking stability but results in
slower adaptation to changes in vehicle speed. Similarly,
parameters like the penalty function and the weight assigned
to magnetic dimensions significantly influence tracking
performance.

To optimize the parameters, we employ a grid search
method, dividing the dataset into a train set and a test set.
The entire dataset, detailed in subsection III-B, comprises
10 vehicles across 5 distinct drive-through scenarios. Conse-
quently, we partition the dataset with 7 vehicles (35 drive-
through actions) allocated for testing, and the remaining
3 vehicles (15 drive-through actions) designated for tuning
the parameters.

The parameter ranges for the search are listed below. For
this, we define the set S0.2 as {x ∈ R | x = 0.2 · k, k ∈

Z, 0 ≤ k ≤ 5}.

p ∈ {x ∈ Z | 1 ≤ x ≤ 15}
r1 ∈ S0.2
r2 ∈ S0.2
r3 ∈ S0.2
DVS ∈ {True,False}
DVS-L ∈ {True,False}
m̃tx ∈ S0.2
m̃ty ∈ S0.2
m̃tz ∈ S0.2
pf ∈ S0.2
pb ∈ S0.2

(10)

IV. RESULTS
Applying the parameter tuning of subsection III-G, an MAE
of 0.3115 is achieved across all samples in the test set.
The best-performing sample achieves an MAE of 0.0942
and the worst-performing sample results in an MAE of
0.7631. The optimized parameters are listed in Equation (11).
Interestingly, the best settings are found without the DVS
and without the DVS-L. DVS enabled (True) results in
a 32% higher MAE, compared to DVS disabled (False).
Furthermore, the Euclidean norm normalization with the
MAE outperforms the Cosine similarity by over 14%.
As such, all following results are presented for the Euclidean
norm normalization with the MAE.

p := 5,
r1 := 1.0,
r2 := 1.0,
r3 := 1.0,
DVS := False,
DVS-L := False,
m̃tx := 0.6,
m̃ty := 1.0,
m̃tz := 1.0,
pf := 0.2,
pb := 0.2.

(11)

The algorithm performance with the optimized parameters
is evaluated on the test set. Figure 15 presents the MAE
box plot for each of the five driving scenarios (Figure 5).
Every box plot holds the seven samples from the test set.
Scenario C shows large extremes in the MAE over the
different samples, where the results for Scenario A and B
are more centered around the median. Scenarios C, D, and
E hold more changes in driving speed, including complete
stops of the vehicle (stationary). This seems to result in larger
interquartile ranges, with more variation in the algorithms’
performance on different samples.
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FIGURE 15. MAE on the test set, separated over the five different driving
scenarios.

TABLE 1. MAE, relative error concerning 16, 32, and 64 sensors, and the
error in centimeters for the varying number of sensors.

In Figure 16, we present varying samples from the tracking
algorithm. It shows the ability of the proposed algorithm to
adapt to speed changes (scenarios C, D, and E) and when
reversing the vehicle within the system (scenarios C and D).
Furthermore, the algorithm quickly adapts when the vehicle
starts driving after standing still, largely due to the low value
of p = 5.

Figure 17 presents the captured images from 2 different
vehicle inspections for 2 different camera angles, using
the same vehicle. It shows the extreme relevance of the
tracking system, as cameras with a straight angle on the
vehicle require more captures compared to cameras under an
angle. Therefore, the capture frequency can be set differently
per camera, using the tracking algorithm. Furthermore, the
images across the two inspections show that the tracking
algorithm is able to create consistency and capture the same
area of the vehicle per image. With this, we show how the
results from Figure 16 are translating to better quality vehicle
inspections.

A. PARAMETER INFLUENCE
1) TRACKING GRANULARITY
We evaluate if the tracking performance gets influenced when
the number of sensors in the tracking algorithm increases.

The benefit of additional sensors is the increased granularity,
where the vehicle can be tracked in smaller steps of sensor
distance S. Table 1 presents the relativeMAE for the proposed
algorithm on respectively 16, 32, and 64 sensors. The
results show that the tracking performance is only marginally
influenced when doubling or quadrupling the number of
sensors. However, the tracking performance in centimeters
gets improved drastically due to the reduced sensor distance
when more sensors are applied.

2) PENALTY FUNCTION
Figure 18 presents the influence of the penalty function
on the MAE. It shows the algorithm’s relative performance
concerning the optimized settings from the parameter tuning.
It can be seen that increasing the penalty function in either
of the two dimensions largely impacts the MAE negatively.
Despite this, introducing the penalty function to the algorithm
(pf = 0.2, pb = 0.2) does reduce the MAE with
approximately 4%.

3) SIGNATURE LENGTH
Figure 19 shows the impact of the signature length on
the MAE. The graph presents the best-found MAE for
the provided signature length and is split out over the
different scenarios. It shows that scenarios D, and E suffer
stronger from a larger signature length. Both scenarios
include reversing the vehicle which could explain the negative
impact of longer signatures. Scenario C does not seem to
be impacted to a large extent when the signature length is
changed. Selecting the smallest possible signature length is
of importance to reduce computational requirements from the
algorithm.

B. ARBITRARY VEHICLE LENGTH
To evaluate if the support of arbitrary vehicle length impacts
the tracking performance, we compare the average tracking
error in Table 2. It shows the average error across all samples,
as well as the error per scenario, to explore if one of the two
approaches is superior for specific types of driving behavior.
It shows the relative performance of the arbitrary vehicle
length approach, with respect to the original implementation.
Solely, scenario C and D show a significant difference, where
scenario C results in a 2.12% higher error and scenario D in
a 2.47% lower error.

TABLE 2. Error of the arbitrary vehicle length approach, concerning the
original tracking method. Bold percentages present significant changes
under p = 0.05.
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FIGURE 16. Excerpt from the test set. The solid blue line indicates the ground truth, whereas the dashed orange line indicates the prediction.
We omit an excerpt from scenario B as it is relatively comparable with scenario A.

FIGURE 17. 2 inspections under 2 different camera angles. The first inspection is presented on row 1 and 3 and the second inspection on row 2 and 4.

C. DATA VOLUME REDUCTION
Data from theMF sensors is collected at a rate of 70 Hz. With
this polling rate, a total of 1120 measurements are collected

from the MF sensors every second. We present the tracking
error (MAE) in Figure 20, as a function of the MF sensor
polling rate in (Hz) on the x-axis.
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FIGURE 18. Relative influence of the penalty function (Pf and Pb),
concerning the optimized settings of Pf = 0.2 and Pb = 0.2.

FIGURE 19. Influence of the signature length on the MAE. The graph
presents the best-found MAE for the given signature length. Results are
separated on the DVS.

The graph shows a clear relationship between theMAE and
the polling rate in Hz. However, there is a diminishing return
when the polling frequency is increased. In that way, halving
the 70 Hz to 35 Hz adds 12.5% to the error. Therefore, if less
accuracy is accepted, the polling rate can be reduced to reduce
the processing requirements. On the other hand, it indicates
that increasing the polling rate above the 70 Hz will most
likely result in limited benefits.

D. TIME COMPLEXITY
1) THEORETICAL TIME COMPLEXITY
The proposed algorithm’s time complexity is analyzed per
timestep. Preprocessing involves thresholding ToF lidar data
over n historical readings for 2 sensors (O(n)) and applying
an activation function (O(1)). The core matching compares
the fingerprint (p× r × 3) with those of neighboring vehicle
states (v − 1 and v + 1). This involves normalizing the
fingerprint vectors with the Euclidean norm normalization
(O(p · r)) and computing their similarity using a summation
over p timesteps, r sensors, and 3 dimensions as presented in
Equation (6) (O(p · r)). A constant-time penalty function is
then applied.

Considering the dominant operations, the normalization
and similarity computation steps, each performed twice
(for preceding and succeeding states), dictate the overall

FIGURE 20. The tracking error (MAE) as a function of the MF sensor
polling rate in (Hz).

TABLE 3. Average time per iteration through the full algorithm
(preprocessing, state machine, and matching) with 2 Time-of-Flight (ToF)
sensors and 32 Magnetic Field (MF) sensors. The comparison is limited to
CPU processing only.

complexity. Therefore, the time complexity of the fingerprint
matching algorithm for each timestep is O(p · r), indicating
a linear scaling with the number of considered past timesteps
(p) and the number of sensors (r). The preprocessing step’s
complexity of O(n) is a lower-order term in the overall per-
timestep analysis.

2) EVALUATION ON DIFFERENT DEVICES
In addition to the theoretical time complexity, we evaluate the
algorithm in practice on varying systems. Table 3 presents the
number of algorithm updates that can be processed on average
per device. In other words, the maximumHz can be processed
from the algorithm side with 2 ToF sensors and 32 MF
sensors. The comparison is drawn for CPU processing only
to show the potential update rate of the proposed algorithm.

V. DISCUSSION
The proposed implementation makes use of 16 MF sensors
and 2 ToF sensors. Therefore, effective calibration and
precise parameter tuning are crucial. We have extensively
tested the system’s robustness across various vehicle brands,
models, and driving behaviors. Despite this, we suggest
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further research to collect a larger dataset to validate the
robustness of the algorithm against a larger set of vehicle
brands and models.

While adjustments have been made to compensate for
background noise, robustness tests concerning disturbances
in the magnetic field during the inspections have not been
fully incorporated. Further research could investigate the
algorithm’s resilience to such changes. We suggest extending
the dataset with samples where magnetic objects move
closely around the tracking system, while the tracking
is employed. This can highlight additional requirements
regarding background noise compensation and might result
in changes in the normalization of the algorithm.

Currently, the MF sensors are spaced 38 centimeters apart,
when 16 sensors are employed. Evaluations with 32 and
64 sensors showed the tracking capabilities for a larger
number of sensors with a smaller sensor distance. However,
the tracking remains a discrete match. Therefore, we suggest
further research to extend our proposed algorithm to a
continuous implementation. Having the ability to estimate the
vehicle position when it is positioned between two sensors
can increase its granularity and reduce the overall complexity
of the hardware setup. A continuous approachwill remove the
need to scale the number of sensors when a higher tracking
granularity is required.

The proposed algorithm is currently not focused on
tracking multiple vehicles simultaneously, as the proposed
vehicle inspection system fits solely one vehicle. However,
there might be situations, such as assembly lines, where
tracking multiple vehicles might be of relevance. As such,
we suggest further research to extend this algorithm to
accommodate tracking of multiple vehicles simultaneously.
For this, we suggest further research to extend the state
machine to accommodate multiple vehicles and multiple
vehicle locations v in the system.

VI. CONCLUSION
We propose an advanced system that integrates Magnetic
Field sensors and Time-of-Flight sensors with a sophisticated
vehicle tracking algorithm to monitor precise vehicle move-
ment within an inspection system.

Diverging from previous approaches, our proposed solu-
tion eliminates the need for offline data collection, prior
knowledge of the vehicle, or sensors attached to the vehicle.
Instead, we propose sensor fusion to establish a real-time
fingerprint. This fingerprint is created when the vehicle enters
the system, avoiding the need to store a fingerprint for every
vehicle brand, model, and year combination. Furthermore,
it removes the need to calibrate the system in different
environments and makes it robust to payload changes that can
affect the tracking when collected in an offline environment.

We compiled a dataset featuring 10 distinct vehicles from
various makes and models, subjected to testing across 5 dif-
ferent driving scenarios, totaling 50 inspections. Using this
dataset for meticulous parameter optimization, our system
achieves vehicle tracking with an average error of 0.3115

sensor lengths across all samples. We present the robustness
of the proposed algorithm against different real-world driving
scenarios. The findings highlight the algorithm’s exceptional
performance, particularly in scenarios involving complete
stops of the vehicle during the drive-through process, or when
vehicles change driving direction multiple times during the
inspection.

However, the inter-quartile range of the MAE is lower
for inspections with constant driving speed than when the
vehicle changes driving speed, stops during the inspection,
or changes driving direction.

Furthermore, we show that the proposed algorithm can
scale to more sensors without compromising the sensor-
matching performance.We evaluate theMAEwhen double or
quadruple the number of sensors, which shows that the MAE
increases respectively 1% and 2%. With this, we present
that by doubling or quadrupling the number of sensors,
the absolute error is reduced from 11.84 centimeters to
respectively 5.99 centimeters and 3.03 centimeters. This
shows the scalability of the algorithm towards more sensors
and more granularity in the tracking.

While our parameters were fine-tuned based on this
specific vehicle dataset, we are confident in the system’s
potential to generalize for tracking other magnetic objects.

APPENDIX A
SENSOR SPECIFICATIONS
See Tables 4 and 5.

TABLE 4. Specifications of the MF sensors (Bosch BMM350) [47].

TABLE 5. Specifications of the ToF sensors (Benewake TFmini Plus
LiDAR) [48].
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