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Abstract—Tracking multiple objects in dynamic environments
is a crucial task in various applications, including automated
driving, military surveillance, and robotics. While significant
efforts have been made to develop open-source libraries, such
as the Stone-Soup framework, these primarily focus on offline
evaluation and benchmarking. However, there remains a gap
in the availability of a high-performance, scalable, and generic
tracking solution suitable for real-world deployment. In this work,
we present a multi-sensor multi-object tracking toolbox, referred
to as ADUULM-TTB, designed for real-world applications. Our
framework combines scalability and generality with an efficient,
high-performance implementation, making it suitable for real-
time usage. To enhance usability, we integrate a direct interface
with the Stone-Soup framework, allowing for seamless evaluation
and integration. The ADUULM-TTB is open-source and available
at https://github.com/uulm-mrm/aduulm ttb.

I. INTRODUCTION

Multi-sensor multi-object tracking is a key component in
various applications, including automated driving, military
surveillance, and robotics. In autonomous driving, for instance,
accurately perceiving and tracking dynamic objects in the
environment is essential for safe motion planning and decision-
making. However, when multiple sensors and numerous objects
are involved, the tracking process becomes highly complex
and computationally demanding, especially for real-time appli-
cations [1], [2].

The research in tracking algorithms has been actively pro-
gressing, with many recent efforts focused on developing novel,
theoretically complex methods. However, real-time applicability
often does not receive the same attention. Additionally, unlike
in the deep-learning field, it remains uncommon for researchers
in the tracking community to publish the code for their
novel algorithms, which hinders reproducibility and limits
the ability to compare different approaches. To address this,
the open-source Stone Soup framework [3], [4] has emerged
as a valuable resource within the target tracking and state
estimation community, providing a platform for easy-to-deploy
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new algorithms and the evaluation and comparison of different
trackers. However, Stone Soup is designed primarily for offline
evaluations and lacks support for real-time online applications.

In this work, we address the research gap for an efficient
and real-time tracking toolbox that is both scalable and generic,
suitable for real-world applications as well as offline evaluations
and comparisons of different tracking approaches. We call our
proposed framework ADUULM-TTB. The multi-sensor multi-
object tracking toolbox presented here is also the framework
used for real-time autonomous driving on public roads in
Ulm [5], [6], demonstrating its efficiency and real-world
applicability over the past few years. A special focus of the
toolbox is on implementing Random Finite Set (RFS)-based
filters [7], particularly the Labeled Multi-Bernoulli (LMB)
filter [8], which is provided in multiple variants. The toolbox
is designed to be scalable, which means it can handle various
sensor setups, support different tracker configurations, and
easily integrate new tracking algorithms. Additionally, it is
generic in that it can automatically manage different object
state densities and dynamically process incoming measurements
of varying types, i.e., heterogeneous measurement spaces.
The implementation is high-performance, based on C++ and
parallelization through a thread pool for efficient execution.

The main contributions of this paper are:
• an open-source toolbox for multi-sensor multi-object

tracking called ADUULM-TTB,
• efficient implementation in C++ for real-world applications

such as automated driving,
• real-time capable RFS-based implementations,
• an interface to Python and the Stone Soup tracking

framework,
• a scalable and generic implementation for easy-to-

configure your own setup and easy-to-implement new
tracking algorithms.

II. RELATED WORK

In the field of tracking and state estimation, several open-
source frameworks exist. However, unlike deep learning, it is
not yet widely practiced for researchers to openly publish their
implementations.

One of the most well-known open-source frameworks devel-
oped in recent years is Stone Soup [3], [4], [9], designed for
tracking and state estimation, primarily in Python. Stone Soup
features a modular architecture, allowing users to seamlessly
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combine components as needed. The framework is particularly
suited for algorithm developers, enabling them to integrate and
test new methods with ease. To ensure rigorous evaluation,
Stone Soup includes well-established performance metrics such
as the Optimal Sub-pattern Assignment (OSPA) metric [10]
and the Generalized OSPA (GOSPA) metric [11]. Recognized
as a valuable resource in the target tracking and state estimation
community, Stone Soup provides a standardized platform
for developing, evaluating, and comparing different tracking
algorithms. Its design facilitates easy deployment of new
methods, making it a useful tool for research and development.
However, the framework is primarily intended for offline
evaluations and does not natively support real-time online
applications.

Another open-source framework, specifically designed for
and known in the field of RFS theory [7], is the RFS tracking
toolbox [12] based on MATLAB. This toolbox implements a
variety of RFS-based filters, with an emphasis on algorithm
and filter development rather than real-time performance.
Consequently, the choice of MATLAB as the programming
language is suitable, as it allows for easy prototyping and testing
of new methods. The toolbox also includes implementations of
several metrics, such as the OSPA metric [10] and the OSPA(2)

metric [13], as well as an implementation of Yen’s k shortest
path algorithm [14].

In addition, MATLAB itself provides built-in support for
multi-object tracking algorithms, such as the Sensor Fusion and
Tracking Toolbox, including trackers like the Global Nearest
Neighbor (GNN) tracker [15] and many more, and also supports
metrics like OSPA and GOSPA. A key limitation of MATLAB
is that it requires a commercial license, which can be a barrier
for some users.

In the field of automated driving, Autoware [16] is a widely
recognized open-source framework, designed with a strong
emphasis on real-time usability. Implemented in C++ and
built on the Robot Operating System (ROS) [17], Autoware
leverages ROS as its middleware, facilitating communication
between various components such as tracking and planning. For
tracking moving objects, Autoware utilizes Kalman filters [18]
and particle filters [19], depending on the specific scenario at
hand [16]. The framework prioritizes real-time performance
for automated driving, which leads to a simplified tracking
approach to minimize computational overhead. However, RFS-
based trackers, which have shown success in real-time auto-
mated driving applications [5], [6], are not implemented within
Autoware.

In summary, while there are several open-source frame-
works available for tracking and state estimation, each has
its limitations. These include issues such as the lack of
online applicability and computational complexity, the absence
of specific filter implementations like RFS-based filters, or
reliance on commercial software as MATLAB. In response
to these challenges, we present a new open-source tracking
framework that addresses these gaps. Our ADUULM-TTB
is efficiently implemented in C++ for real-time applicability,
with an interface to Python and the Stone Soup framework. It
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Fig. 1: Conceptual overview of the ADUULM-TTB. The core elements of the
framework are typed in monospace, and the arrows show the key methods
they provide.

includes a variety of RFS-based filter implementations while
maintaining a modular and flexible design that allows for easy
development of new methods.

III. FRAMEWORK OVERVIEW

In this section, we introduce and describe our ADUULM-
TTB. Figure 1 provides a conceptual overview, illustrating
the connection from the Single-Object State, which
represents the state of one object, to the Manager, which
serves as the user interface and oversees all components of the
tracking framework.

In the following, we introduce the tracking framework,
starting from the foundational level of the Single-Object
State and progressing upwards to the higher-level Manager
responsible for coordinating the entire tracking process.

A. Single-Object State

A Single-Object State describes the state of a single
object. All information about an object is collected here.
These include kinematic information encoded by a stochastic
Distribution, but also non-kinematic information like
classification, label, existence probability, and track score
as well as metadata like the time of first appearance, num-
ber of updates, and the duration since the last association.
Note that in Fig. 1, only the kinematic part is shown.
The Single-Object State manages the instances of
the assumed and used Distribution, State Model,
and Measurement Model. These components are closely
interconnected, meaning that changes in one often require
adjustments in the others. For example, as Distribution
instance, replacing a Gaussian distribution, which is charac-
terized by its mean and covariance, with a non-parametric
particle-based representation necessitates modifications in
both the prediction and update of the State Model and
Measurement Model.



1) Distribution: The kinematic information of a
Single-Object State is encoded by a specific
stochastic Distribution. Note that a Distribution
on itself has no connection to physical quantities and only
provides methods like mean or variance. Currently, Gaussian
distributions and Gaussian mixture distributions are fully
supported in the framework.

2) State Model: To connect the dimensions of a
Distribution to physical quantities like the x-position
or angular velocity around the z-axis, a State Model is
needed. The main functional task of a State Model is
to provide the prediction method that allows the prediction
of the kinematic information of a state, represented by a
Distribution, to a certain time. Linear State Models
like nearly constant position (CP), constant velocity (CV), or
constant acceleration (CA), and non-linear State Models
like constant turn-rate and velocity (CTRV) and constant turn-
rate and acceleration (CTRA) are implemented [20], [21].
Independent extent information can extend all models, e.g., by
length, width, and height or diameter.

3) Measurement Model: To update the kinematic informa-
tion of a Single-Object State with a Measurement,
the Measurement Model is used. Currently, a Generic
Gaussian Mixture Measurement Model is implemented.
It can handle heterogeneous measurements with different
components in a generic way. Based on the components of the
State Model and the components of the Measurement,
either a linear Kalman update or a nonlinear update based on an
unscented transformation [22], [23] as in the unscented Kalman
filter is performed. Additionally, the handling of reference
points [24] is also supported. Naturally, this only applies when
the State Model includes the extent of an object.

4) Key Abstraction: As a general principle for a generic and
scalable implementation, methods should be implemented at the
lowest possible level. This means that the Single-Object
State should be the only level that needs to know details
about the Distribution, the State Model, and the
Measurement Model used. Higher-level components like a
Multi-Object State or even a Tracker should never
depend on these lower-level details, e.g., whether a particle or
Gaussian mixture distribution is used. Instead, they should only
rely on the prediction and update provided by this level. Often,
information that is computed during the prediction or update,
e.g., the measurement likelihood, is also needed at higher levels.
These values are saved within the Single-Object State
for later usage.

B. Multi-Object State

A Multi-Object State represents a collection of
Single-Object States and includes methods for pre-
diction, update, and estimation. However, unlike in a
Single-Object States, these methods operate on the
entire collection as a whole.

In this context, the prediction step not only models the
evolution of existing objects but also accounts for object
birth (appearance of new Single-Object States) and

death (disappearance of old objects). The update step pro-
cesses a Measurement Set, which consists of multiple
Measurements from the same data source at a given time, to
update the Multi-Object State. Finally, the estimation
method extracts and returns individual Single-Object
States.

1) Multi-Object Distributions: There are multiple possible
ways to represent a Multi-Object State. Historically, the
framework was developed to realize RFS-based trackers [7],
which are based on set-valued random variables. Within this
category, we have implemented the LMBdistribution [25] and
the Generalized LMB (GLMB) distribution [7]. Additionally,
the Probability Hypothesis Density (PHD) is also implemented.

2) Track Management: Another approach is to man-
age the Multi-Object State as a collection of
Single-Object States, using history-based or score-
based management logic [26] to handle object birth, object
death, as well as the estimation of the Multi-Object
State. Our framework includes an implementation of history-
based track management [26], which is primarily used by the
GNN tracker.

C. Tracker

A Tracker can perform a tracking cycle and provide
an estimation. The tracking cycle uses a Multi-Sensor
Measurement Set as input. There are multiple ways to
deal with the multi-sensor aspect in the update step. One
solution is the Iterator-Corrector (IC) scheme, in which the
posterior of one sensor update is used as the prior for the next
sensor update. Another solution is based on the Bayes Parallel
Combination Rule. Here, the sensor updates use a common
prior, and the individual updates are fused afterwards [27],
[28]. Our framework includes implementations of both multi-
sensor update strategies, providing flexibility in sensor fusion
techniques.

D. Manager

The Manager serves as the top-level entity and the primary
interface for users of the ADUULM-TTB. It provides methods
for adding sensor data to the framework and for initiating a
tracking cycle.

1) Data Management: The main functional task of the
Manager is the data management of the measurements from
all sensors. A major challenge for this task is that data from
different sensors can arrive out-of-sequence, meaning not in
the order of acquisition. This is a problem for most tracking
approaches as they do not solve this problem internally. Possible
solutions in this case are data buffering and reprocessing [29].

The solution implemented in the framework is based on
an adaptive minimal latency buffer, which delays the data
as minimally as possible while still ensuring the in-sequence
ordering [30]. Now, if a cycle is triggered, the buffer decides
which data can safely be used. The data management can
also be bypassed. This can be useful in situations where the
data always arrives in sequence, e.g., in simulations, or when
out-of-sequence data can be handled explicitly in lower levels.



2) Parameter Management: Another task of the Manager
is the parameter handling. It stores all parameters of all levels,
and the lower-level abstractions are granted only read access.
This enables the possibility of the dynamical configuration of
the whole framework.

E. Implementation

The ADUULM-TTB is implemented with C++. It uses
Eigen3 [31] for handling vectors, matrices, and, more generally,
linear algebra. Parallelization is supported through the thread
pool [32]. Parameterization is supported through YAML and
with the help of the great library figcone [33]. Profiling is
supported through the frame profiler tracy [34]. The GUI
is implemented with imgui. Different parts of the code use
boost. Python bindings are implemented for some of the most
important data structures and methods. For this, the library
nanobind [35] is used.

IV. HIGHLIGHTED FEATURES

In this section, we present selected features of our proposed
tracking framework, highlighting its key strengths and innova-
tions.

A. Interface to Stone Soup

Our ADUULM-TTB can be used through Python bindings.
To enhance usability, we have developed a bridge from Stone
Soup to our tracking framework. This bridge enables users
to define and simulate a scenario in Stone Soup, perform the
tracking task using the ADUULM-TTB, and then analyze the
results back in Stone Soup. By leveraging this integration,
users can take advantage of Stone Soup’s powerful scripting
and data visualization capabilities in Python while benefiting
from the high-performance tracking computations in C++. The
structure of this bridge and its connection to the Stone Soup
framework is illustrated in Fig. 2.

B. Time Profiling with Tracy

Another important aspect of developing runtime-efficient
code is time profiling during development. To analyze the
runtime performance of the framework and its individual
components, we use the Tracy frame profiler [34]. Tracy
measures the runtime of annotated methods with nanosecond
precision and includes a visualization tool for displaying this
information. It is easy to use and provides valuable insights,
particularly during algorithm development, where identifying
performance-critical areas is essential.

C. GUI for Visualization and Configuration

The ADUULM-TTB features a GUI for visualizing key as-
pects of the tracking process. This includes current estimations,
tracks, detections, and debug information, such as the delay of
different data sources. Additionally, the GUI allows users to
view and adjust certain parameters, providing greater flexibility
and control over the tracking process.

Readers

Feeders

Stone Soup
Algorithms

Metrics Generator

Writers

ADUULM-TTB
BridgeTracking

Algorithms

Simulators Detection DataGround Truth

Track Data

ADUULM-TTB
Algorithms

Metric Data

Fig. 2: The conceptual integration of the ADUULM-TTB in the Stone Soup
framework. The bridge translates from Stone Soup data types into our data
types and back.

D. Dynamic Reconfiguration

Since all parameters are stored in a single location, the
framework’s configuration can be easily modified at runtime.
This includes parameters such as the process noise of a
State Model, as well as settings related to post-processing
or the update characteristics of a Multi-Object State.
This flexibility allows the framework to dynamically adapt to
external requirements, e.g., maintaining a constant runtime per
cycle by adjusting post-processing parameters or even switching
the filtering algorithm as needed.

E. Generic Measurement Handling

Another key feature of our framework is its generic mea-
surement handling. Since each Measurement is fully self-
contained, the framework can seamlessly process heterogeneous
Measurements, even from the same sensor at the same time.
In this context, ’heterogeneous’ refers to Measurements
that capture different physical properties. Our generic Gaussian
measurement model dynamically chooses the right transfor-
mation from the state space to the measurement space. If this
transformation is not possible, e.g., when the measurement
space contains more information than the state space (e.g.,
a Measurement includes object height, but the state does
not), our generic measurement handling simply ignores the
unsupported components for that object.

F. k Shortest Path Problem

Many sub-problems in RFS-based tracking can be formulated
as k-shortest path problem. This includes, e.g., the prediction
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Fig. 3: Our k-shortest path implementation can solve the k-shortest problem
for the weighted graph with this special structure. The algorithm finds the
k-shortest paths from node A to node C.

of a GLMB distribution [25], the generation of new GLMB
hypotheses for new objects, and the transformation from
an LMB to GLMB distribution [36]. The ADUULM-TTB
includes a k-shortest path solver, the GeneralizedKBestSelection
algorithm, for graphs of the specific structure introduced in
[36] and shown in Fig. 3.

V. TRACKER IMPLEMENTATIONS AND SELECTED
APPLICATIONS

In this section, we provide an overview of the trackers
implemented within the ADUULM-TTB, along with selected
applications to demonstrate the wide range of work that
is possible with this framework. Our framework integrates
various concepts from recent research, as proposed in different
publications. Instead of implementing each concept in a
separate tracker, they are typically integrated at the lowest
possible level (cf. Fig. 1). Many of these concepts are embedded
within the Multi-Object State level or even below,
ensuring efficient and seamless integration into the overall
tracking framework.

A. Implemented Trackers

Various trackers have been implemented within the frame-
work. These include RFS based trackers [7], such as the GLMB
filter [25] and the LMB filter [8]. The joint prediction and
update implementations [37]–[39] are also available in our
framework for the LMB and GLMB filters. In addition, a
multi-instances Kalman filter with a Global Nearest Neighbor
(GNN) association [15] is implemented, referred to as the
GNN tracker in the following. For all trackers, there is an IC
implementation [27], [28] for multi-sensor cases. While this
method may result in sensor-order dependence, the FPM-LMB
filter [27], [36] addresses this issue by calculating single-sensor
updates in parallel and then fusing the results. As the framework
is designed to be easily extendable due to its generic nature,
additional trackers will be incorporated in the future.

In general, the trackers leverage the algorithms implemented
at the Multi-Object State level and below. This means
the tracker inherits the parameters and various methods of all
the underlying levels.

Grouping
Yes | No

Update with
LBP

Update with
GLMB

Joint Prediction and
Update
Yes | No

Solve Assignment
with Gibbs sampling

Solve Assignment
with Murty's

algorithm

Fig. 4: The different methods to update an LMB distribution with a single
Measurement Set. In total, ten different update methods are available.

As an example, the LMB filter, naturally, uses an LMB
distribution to represent its Multi-Object State. An
LMB distribution represents independent objects where each
object has an existence probability and a unique label. See,
e.g., [7] for more details. There are different methods to update
an LMB distribution, e.g.,

• method A: by loopy belief propagation [39], or
• method B: by transforming it to a GLMB distribution and

updating the GLMB [8], [25].
Additionally, grouping can be used or not. If method B is
used, naturally, all methods for updating a GLMB distribution
are available. This includes, e.g., the choice of whether joint-
prediction and update should be used or the method for solving
the measurement assignment problem [40]. For the assignment
problem, we implemented two solutions: one based on Gibbs-
sampling [40], and one based on Murty’s algorithm [41]. As
illustrated in Fig. 4, this results in ten different update methods
for the LMB distribution, not counting different post-processing
methods.

B. Applications of the GeneralizedKBestSelection Algorithm

The GeneralizedKBestSelection algorithm [36] is used for
different subtasks of the LMB and GLMB filter [25]. This
includes the transformation from LMB to GLMB distribution
as proposed in [36]. Here, only the k best GLMB hypotheses
are calculated, which simplifies the computationally complex
problem in the case of many tracks. Another application area
is the truncation of the prediction of a GLMB distribution
as proposed in [25]. Finally, the GeneralizedKBestSelection
algorithm is applied to the fusion of spatial densities in the
FPM-LMB filter [36]. Then, only the k best fused Gaussian
mixture components per track are calculated. For more details,
see [36].

C. Self-Assessment with Parameter Estimation

An issue with model-based tracking lies in its heavy
dependency on the correctness and accuracy of the used process
and measurement models. If the models do not fit the current
situation, the performance of the tracking result can rapidly
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Fig. 5: Exemplary ground-truth paths of the first scenario. Note that only
the initial states marked by the circles are fixed. The following states evolve
according to a CV state model.

deteriorate. In the ADUULM-TTB, recent work [42], [43] is
implemented, which proposes various approaches for estimating
distinct parameters of the measurement model. With this
estimation, one can compare and check the model parameters
against the current situation and detect misconfigurations.
Additionally, we plan to integrate and publish more recent
research in the field of self-assessment, such as [44], [45],
within the framework in the near future.

D. Track Classification

One example of non-kinematic information of a Single-
Object State is the object class. The ADUULM-TTB im-
plements the track classification methods described in [46].
These are based on class measurements, e.g., from a machine-
learning detector, and provide additional information about a
single object. This non-kinematic information is generally kept
independent of the kinematic part but can also be used during
prediction and update.

VI. PERFORMANCE EVALUATION

To provide some insights and as proof of work, we evaluate
some of the implemented trackers with Monte Carlo (MC)
simulations. We use the introduced Stone Soup interface to
generate scenarios and to evaluate the results. Additionally,
the isolated runtime of the prediction and update of a single
Single-Object State are evaluated separately.

A. Tracker Evaluation

In this section, we compare different trackers implemented
within our ADUULM-TTB with respect to their tracking
performance, measured by the generalized optimal sub-pattern
assignment (GOSPA) metric [47], and their runtime per tracking
cycle. For comparison, the Stone Soup multi-sensor multi-
object tracker, as described in tutorial 10 [48], which is
conceptually close to our GNN tracker, is also evaluated.

1) Simulation Setup: We use two different scenarios for
evaluation. Figure 5 shows the ground truth paths of the first
scenario. Note that only the initial states marked by the circles
are fixed. The subsequent states evolve according to a CV
state model with velocity noise diffusion coefficient qx =
qy = 2 [48]. We use a single sensor that measures the x
and y position of an object with a measurement variance of
vx = vy = 2m2 and a detection probability pd = 0.9. In
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Fig. 6: Exemplary ground-truth paths of the second scenario. Note that only
the initial states marked by the circles are fixed. The following states evolve
according to a CV state model.

addition, clutter measurements are uniformly distributed over
the simulation area. The number of clutter is Poisson distributed
with rate λ = 1.

The second scenario, shown in Fig. 6, is generally more
difficult. The density of objects is higher, leading to a more
difficult measurement association situation. Two sensors with
identical parameters are used. They have a measurement
variance of vx = vy = 2m2, a clutter rate of λ = 25, and a
detection probability of pd = 0.7.

Both scenarios are evaluated with 50 MC runs. The runtime
is calculated per tracking cycle and divided into sequential and
parallel execution. For parallel execution, 20 threads are used.

2) Results: The results are summarized in Table I. For
the simple scenario, all trackers show a similar tracking
performance. The GLMB tracker, while theoretically optimal,
is the exception and has the worst performance. Note, however,
that with optimal pre- and post-processing parameters that are
fine-tuned for that specific scenario, the GLMB filter shows
the best result. We decided intentionally not to do that to show
that the most complex and theoretically best trackers do not
necessarily perform best for different scenarios.

In the second scenario, the differences between the trackers
are more prominent. Generally, all our trackers show a better
performance than the Stone Soup tracker. However, the Stone
Soup tracker’s poor performance could possibly be due to a bad
configuration, although we followed the Stone Soup tutorials
closely. With the exception of the GLMB tracker, the runtime
of our trackers is mostly determined by the prediction and
update of Single-Object State. This explains why a
conceptually more complex tracker like the LMB filter can
have a smaller runtime than the simpler GNN tracker because
it has to maintain fewer internal, i.e., non-estimated, tracks.

B. Single-Object State Evaluation

For a more fine-graded runtime evaluation, we evaluate
the prediction and update of a Single-Object State
separately.

Table II shows the runtime for the prediction for linear (CV)
and non-linear (CTRV and Constant Turn [48]) state models of
a single Gaussian distribution. Note that the Constant Turn state
model of Stone Soup is comparable to our CTRV state model.
For the non-linear prediction, an unscented transformation is
used. The results show that our ADUULM-TTB is typically



TABLE I: Runtime per tracking cycle and performance comparison of different trackers. All results are averaged over 50 MC runs.

Scenario 1 (easy) Scenario 2 (complex)

Runtime in ms Runtime in ms

Tracker GOSPA sequential parallel GOSPA sequential parallel

GNN (ADUULM-TTB) 7.20 0.61 0.29 22.79 46.39 10.71
GNN (Stone Soup) 7.97 2.95 - 44.05 58.32 -
LMB IC (ADUULM-TTB) 7.18 0.49 0.22 17.12 24.77 6.27
LMB FPM (ADUULM-TTB) 7.17 0.58 0.35 16.16 32.58 8.79
GLMB IC (ADUULM-TTB) 10.12 7.20 6.48 19.92 190.27 166.42

TABLE II: Runtime comparison of the Single-Object State prediction
for different State Models.

Runtime in µs

State Model mean standard derivation

CV (ADUULM-TTB) 6.9 0.3
CV (Stone Soup) 84.5 4.5
CV + Box (ADUULM-TTB) 13.2 0.5
CV + Box (Stone Soup) 116.6 4.7

CTRV (ADUULM-TTB) 15.5 0.7
CTRV + Box (ADUULM-TTB) 34.4 1.0
Constant Turn (Stone Soup) 799.3 841.7

Multi-Modell: CV + CTRV (ADUULM-
TTB)

22.6 0.9

TABLE III: Runtime comparison of the Single-Object State update.

Runtime in µs

Situation mean standard derivation

linear update of CV model (ADUULM-
TTB)

8.1 0.7

linear update of CV model (Stone Soup) 58.3 2.5
linear update of CTRV + Box with box
measurement (ADUULM-TTB)

12.9 2.2

non-linear update of CTRV + Box with
camera box measurement (ADUULM-
TTB)

26.7 7.9

nonlinear update of Constant Turn with
bearing range measurement (Stone Soup)

447.5 22.3

one order faster for the linear state models. In the non-linear
case, both implementations are slower because of the more
complex unscented transformation. However, the runtime of our
ADUULM-TTB is still comparable to the linear case, whereas
the runtime of Stone Soup is nearly eight times that of the linear
case. In a multi-model setup, the runtime is approximately the
sum of that of the individual models.

Table III shows the runtime for the update of a single
Gaussian distribution. In general, the runtime for the linear
updates is comparable for different state models, whereas the
ADUULM-TTB implementation is roughly 5− 10 times faster
than Stone Soup. As before, the non-linear update is done with
an unscented transformation and is generally slower than the
linear update. In our case, we update a CTRV state model with
two bearing measurements from a camera box detection. For
Stone Soup, we evaluate the comparable scenario of a Constant
Turn state model updated with a bearing measurement. In our
ADUULM-TTB, the non-linear update needs roughly two times

the runtime of the linear case, whereas the Stone-Soup is again
roughly eight times slower compared to the linear case.

In summary, our ADUULM-TTB’s runtime can be expected
to be roughly one order of magnitude smaller than Stone
Soup’s. This supports our claim of an efficient implementation.
Additionally, through the different State Models and the generic
Gaussian measurement model support, different scenarios are
supported. This shows the ADUULM-TTB’s flexibility and
scalability.

VII. CONCLUSION AND FUTURE WORK

With this paper, we introduced our ADUULM-TTB for effi-
cient, generic, and scalable multi-sensor multi-object tracking.
The toolbox integrates seamlessly into the Stone Soup frame-
work, accelerating the development process. Implementations
of trackers with the ADUULM-TTB promise a speedup of
roughly one order of magnitude compared to Stone Soup while
remaining high-level, thanks to the clear abstractions defined
by the framework. As future work, we want to extend the
ADUULM-TTB with other algorithms and increase the usability
by providing connectivity to other common frameworks like
ROS2 or Autoware.
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