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Abstract
Experimentation is essential in most research domains, serving as a good way to explore, test, and validate
a system’s behaviors. However, real-world experiments typically involve physical testing, observation, or
interaction with the systems, which can be dangerous, unethical, very costly, or even impossible in some cases.
Therefore, in-silicon experimentation (known as computer simulations) becomes beneficial and, in most cases,
cost-effective, allowing the simulation of even impossible scenarios. However, the exploration of the whole
environment and all possible scenarios often becomes computationally costly and trade-offs between accuracy
and computational run time has to be made. This paper proposes a systematic exploration tool that approximates
the system’s behavior with the aim of significantly improving the efficiency of simulation runs in simulation
studies. This tool holds the potential to revolutionize the way we approach simulation studies, making them
more efficient and productive. The approximation is done using partial functions, which have been approximated
based on obtained data points, i.e. results of simulation runs. We have presented an approach that allows for
obtaining sufficiently good enough functional approximations while keeping the overall number of simulation
runs as low as possible.
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1. Introduction

Experimentation is a cornerstone in most research domains. It serves as a robust approach to exploring,
testing, and validating environments, systems, and overall dynamics. However, real-world experiments
typically involve physical testing, observation, and interaction, which can be impractical, dangerous, un-
ethical, prohibitively expensive, or even impossible in some cases. Examples include meteorological [1],
nuclear [2], pandemic modeling [3], drugs development [4], energy production and negotiation [5], and
disaster scenarios [6]. Therefore, in-silicon experimentation (known as computer simulations) becomes
beneficial and, in most cases, cost-effective. These simulations provide valuable insights into the
simulated system within a controlled environment, allowing for the exploration of different parameters,
combinations, search spaces, etc. Nonetheless, (i) simulation outcomes are highly dependent on the
accuracy of the models [7], (ii) achieving the best possible accuracy and overall outcome quality can
still entail humongous waiting time and costs. Thus, it is often necessary to make trade-offs between
the computational time cost and what is considered sufficiently good. For example, in environmental
studies, climate change scenarios can be simulated to understand the impacts of changing environmental
conditions on ecosystems [8]. When building complex machines such as planes or cars, simulations are
used to create initial ideas about aerodynamics and physical properties, leading to reduced costs and
risks even before the manufacturing process starts. In intelligent transport systems, dynamic traffic
management is studied using simulations to optimize traffic flow (e.g., on motorways [9]). These are
just a few examples of use cases requiring numerous simulation runs. The identification of the needed
trade-off, the meaning of sufficient, and what is good are, of course, highly context-specific. This also
implies that an approach aiming at controlling the process of approximating the system’s behavior has
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to work on the assumption of the simulation as a black box system. However, common to all types
of simulation systems is the desire to perform them efficiently, which is addressed within the paper.
To the best of our knowledge, the modelization of the needed procedures/components to reduce the
computational burden is still unmet.
Therefore, we have developed a configurable framework named SimEx (Simulation Explorative),

enabling researchers to steer the space of investigation through systematic explorations, simulations,
and validations. This paper presents its underlying vision, rationale, and architecture and refers to its
earliest adoption to test and evaluate the performance of a traffic controller [10].
The remainder of the paper is structured as follows. Section 2 describes the state of the art in

search-based systematic exploration. Section 3 presents the methodology and general idea behind
SimEx. Section 4 provides an overview of the architecture and implementation. Section 5 presents
the use case on which we tested our tool. Finally, Section 6 discusses the findings, and Section 7
concludes the paper and outlines future work.Experimentation is a cornerstone in most research
domains. It serves as a robust approach to exploring, testing, and validating environments, systems,
and overall dynamics. However, real-world experiments typically involve physical testing, observation,
and interaction, which can be impractical, dangerous, unethical, prohibitively expensive, or even
impossible in some cases. Examples include meteorological [1], nuclear [2], pandemic modeling [3],
drugs development [4], energy production and negotiation [5], and disaster scenarios [6]. Therefore,
in-silicon experimentation (known as computer simulations) becomes beneficial and, in most cases,
cost-effective. These simulations provide valuable insights into the simulated system within a controlled
environment, allowing for the exploration of different parameters, combinations, search spaces, etc.
Nonetheless, (i) simulation outcomes are highly dependent on the accuracy of the models [7], (ii)
achieving the best possible accuracy and overall outcome quality can still entail humongous waiting time
and costs. Thus, it is often necessary to make trade-offs between the computational time cost and what
is considered sufficiently good. For example, in environmental studies, climate change scenarios can be
simulated to understand the impacts of changing environmental conditions on ecosystems [8]. When
building complex machines such as planes or cars, simulations are used to create initial ideas about
aerodynamics and physical properties, leading to reduced costs and risks even before the manufacturing
process starts. In intelligent transport systems, dynamic traffic management is studied using simulations
to optimize traffic flow (e.g., on motorways [9]). These are just a few examples of use cases requiring
numerous simulation runs. The identification of the needed trade-off, the meaning of sufficient, and what
is good are, of course, highly context-specific. This also implies that an approach aiming at controlling
the process of approximating the system’s behavior has to work on the assumption of the simulation as
a black box system. However, common to all types of simulation systems is the desire to perform them
efficiently, which is addressed within the paper. To the best of our knowledge, the modelization of the
needed procedures/components to reduce the computational burden is still unmet.
Therefore, we have developed a configurable framework named SimEx (Simulation Explorative),

enabling researchers to steer the space of investigation through systematic explorations, simulations,
and validations. This paper presents its underlying vision, rationale, and architecture and refers to its
earliest adoption to test and evaluate the performance of a traffic controller [10].
The remainder of the paper is structured as follows. Section 2 describes the state of the art in

search-based systematic exploration. Section 3 presents the methodology and general idea behind
SimEx. Section 4 provides an overview of the architecture and implementation. Section 5 presents the
use case on which we tested our tool. Finally, Section 6 discusses the findings, and Section 7 concludes
the paper and outlines future work.

2. State of the Art

To the best of our knowledge, in the search-based systematic exploration, the Monte-Carlo-like simula-
tion techniques have been commonly used for data point generation aiming to explore the behavior
of the systems. However, due to the complexity and dynamic nature of the underlying processes, it



is hard and very costly to examine all the possible data point input-output pairs. These constraints
lead to the investigation of alternative methods for these systems. As an example in the paper [11],
the entropy-driven Monte Carlo simulation method has been proposed for approximating the survival
signature of complex infrastructures. In this case, the entropy steers the sampling of Monte-Carlo
simulation in the direction of the complex configurations in order to save computational costs. This
is similar to our idea of systematic exploration, which proposes an alternative approach to fighting
the computational costs of the simulation runs. The aim is to gather insights into the overall system
behavior while minimizing the total number of data points, in this case, simulation runs. Thus, creating
the meta-heuristic approach similar to [12], where the systematic search of space is performed to
achieve the given objective.

In essence, this meta-heuristic approach is trying to find a sufficient surrogate model of the system,
similar to [13], where the system behavior is explored with a Random forest meta-model and sequential
sampling. However, these types of Machine Learning methods usually require extensive retraining of
the model. Our approach aims to provide something effective and rather simple. Hence, the surrogate
model of SimEx only consists of a function approximator attempting to fit the curve through the output
points and estimating the overall behavior within the given domain.

3. Methodology: Searching for the missing

The general idea behind the SimEx is to provide a customizable systematic exploration tool as a part of
the Structured simulation framework (SSF). The Structured simulation framework presented in [14]
tries to tackle systematic testing of the complex systems by providing structured ways to explore the
state space or output space. The SimEx concentrates on the exploration of the output space using a
systematic search algorithm. This involves an iterative process of initial simulations, data collection,
and focused exploration. The focused exploration technique identifies the problematic regions in the
previous iteration run e.g. regions not meeting the criteria of sufficiency in terms of their approximation.
Consequently, these regions require a more thorough investigation with a finer search granularity,
which also leads to a larger number of simulation runs. This avoids unnecessary simulation and aims
to approximate the system’s behavior with minimal computational efforts, which are in large solely
depending on the number of simulation runs.
The tool is designed for general-purpose studies and execution of distinct scenarios with fully

customizable parameters and the possibility of third-party module integration. A general overview can
be seen in Figure 1. The pipeline starts with the configuration and definition of the input data for the
experiment, which is passed to the control loop. The control loop takes care of the operation of the
whole application. It consists of the point generation, simulation, and validation components, which
are steered by the main cycle loop based on the given configuration.

The point generation component is responsible for input data point generation for the simulation
model based on the defined criteria. Thus, it will define for which points in the input space of the
simulation a simulation run will be executed. In essence, it resamples and modifies the input domain,
providing the input data points to the simulation component.
The simulation component takes the input data points and returns input and output pairs. Thus,

each input has to initiate a corresponding simulation run and extract the required outputs of the run.
Within the validation component, the obtained outputs are evaluated in terms of a resulting approxi-
mation based on all obtained outputs, which is of sufficient approximation quality. The default validation
is based on the threshold method describing how far a point can be from the baseline approximation to
be considered good enough. These threshold parameters are configured in the configuration stage at
the start of the tool. These parameters have to be evaluated and chosen carefully. When defining the
threshold for the given system, the experiment designers must consider the trade-off between accuracy
and computational cost.
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Figure 2: General SimEx scheme for modifying the granularity of the input space

4. Architecture and Implementation

The overall architecture of SimEx consists of four main blocks called Modifier controller in the
following, also referred to as Point generator controller, Simulator controller, Validator
controller and Main cycle controller,. The control flow and the interaction of the components
are illustrated in Figure 2. Each of these components can be configured and adjusted for the specific
use cases.
The purpose of the Point generator controller is to generate the input data points for the

simulation using the predefined configurable functions or plugging an external one. The user defines
the input domain with domain_min_interval and domain_max_interval values in the configurations,
and these values are used for the point generation. In the first iteration, the whole input domain is
sampled by the Modifier function with the configured initial step size modifier_data_point. This
data point value is adjusted during the run till it reaches the minimal configured value by the user. The
Modifier function in our case simple quadratic function as shown in Equation 1 is applied on each
input value, and these modified values are then resampled within the given input domain defined by
maximal and minimal interval value. These generated data points are then passed to the next stage.

𝑚𝑜𝑑𝑖𝑓 𝑖𝑒𝑑_𝑣𝑎𝑙𝑢𝑒 = 𝑖𝑛𝑝𝑢𝑡2 (1)

The Simulator controllermain goal is to input the generated data points into the simulationmodel
and run the resulting simulation to measure the reaction of the system for which wewant to approximate
the performance. Thus, it must not only modify the relevant files for the actual simulation model
but also execute the simulator and extract the needed performance information from the simulator’s
outputs. As this part clearly depends on the underlying simulator, we will not give a particular insight
into the implementation of the component. In essence, the Simulator controller can execute pre-
implemented simulator functions or external components configured in the configurations to perform
these actions. We provide a common wrapper implemented in the simulator controller. This wrapper
takes the previously generated points as input and feeds them one by one to the defined custom function,
which transforms them into the simulated y output as in 2. The obtained couples of input space value
(x-value and the resulting y-values from the output space, obtained from executing the simulation, are



passed to the next validator stage.

𝑦 = 𝑓 𝑢𝑛𝑐(𝑚𝑜𝑑𝑖𝑓 𝑖𝑒𝑑_𝑣𝑎𝑙𝑢𝑒) (2)

The Validator controller purpose is to approximate the performance of the system based on the
obtained simulated data points from the previous stage. These points are injected into the validator
controller, and the validator method attempts to fit polynomial curves along these points. This is done
by a polyfit function from numpy library, while increasing the degree of the polynomial function
until the curve is well-fitted, a maximum configured degree is reached, or no improvement is observed.
This approximation is constrained by the performance parameters, which are use-case specific and
should be calibrated by the domain experts for the given simulation study. The regions where the
validator is not able to approximate the given interval within the constraints are marked as unfitted
regions. These unfitted regions are further sent back to the Modifier controller to generate more
data points within those intervals, and consequently, the generation-simulation-validation loop starts
again. To create validator constraints estimating if the approximations are good enough, we use twomain
performance parameters for 𝑥 and 𝑦 − 𝑎𝑥𝑖𝑠 called y_threshold_fitting and x_threshold_interval.
The y_threshold_fitting parameter estimates how far from the approximated function a data point
can be to be still considered good enough in terms of the objective function. The x_threshold_interval
defines the percentage of how far we expand the unfitted interval on each side of the unfitted points.
The improvement is observed by calculating weighted mean square error (weighted_mse) 3 during
the polynomial fit to estimate improvement between polynomial coefficients. The penalty weight
parameter is introduced in this error measurement to prevent overfitting for the higher polynomial
dimensions. For each polynomial fit iteration, we then compare the weighted mse of the previous
and new coefficients with the improvement_threshold parameter shown in Condition 4. The penalty
weight, degree, max degree, and improvement threshold parameters can be set in the configuration file.

𝑤𝑒𝑖𝑔ℎ𝑡𝑒𝑑_𝑚𝑠𝑒 = 1
𝑁

𝑛
∑
𝑖=1

(𝑦_𝑜𝑙𝑑𝑖 − 𝑦_𝑐𝑢𝑟𝑟𝑒𝑛𝑡𝑖)2 + 𝑝𝑒𝑛𝑎𝑙𝑡𝑦𝑤𝑒𝑖𝑔ℎ𝑡 ⋅
𝑑𝑒𝑔𝑟𝑒𝑒
∑

𝑥=𝑚𝑎𝑥_𝑑𝑒𝑔𝑟𝑒𝑒
𝑥2 (3)

where:

• N = number of simulated output points
• 𝑦_𝑜𝑙𝑑𝑖 = previous simulated
• 𝑦_𝑐𝑢𝑟𝑟𝑒𝑛𝑡𝑖 = damage level
• 𝑝𝑒𝑛𝑎𝑙𝑡𝑦_𝑤𝑒𝑖𝑔ℎ𝑡 = penalty weight for the higher coefficients
• 𝑑𝑒𝑔𝑟𝑒𝑒 = minimal degree of the polynomial function
• 𝑚𝑎𝑥_𝑑𝑒𝑔𝑟𝑒𝑒 = maximal degree of the polynomial function

(𝑤𝑒𝑖𝑔ℎ𝑡𝑒𝑑_𝑚𝑠𝑒_𝑜𝑙𝑑 − 𝑤𝑒𝑖𝑔ℎ𝑡𝑒𝑑_𝑚𝑠𝑒_𝑛𝑒𝑤) >= 𝑖𝑚𝑝𝑟𝑜𝑣𝑒𝑚𝑒𝑛𝑡_𝑡ℎ𝑟𝑒𝑠ℎ𝑜𝑙𝑑 (4)

Lastly, Main cycle controller is responsible for the overall loop from data generation to simulation
and validation. These modules consist of all modules creating the final logic. As mentioned before, based
on the configuration parameters, the validator identifies the unfitted regions and continues the loop until
all the regions are estimated or the modifier_data_point reaches the modifier_incremental_unit
value. The validation module is customizable within configuration files and can be omitted by plugging
in a third-party component.
All building blocks are implemented in an object-oriented manner, allowing the user to customize

or omit/exchange certain components as mentioned in Section 3. All components are implemented in
Python, and the main loop can be run as a script or Jupyter Notebook. These control loops contain
the default implementation to be extended by the user. The simulator can be executed concurrently in
separate Processes. Users can choose the maximum number of cores for a given machine and spawn
the Processes accordingly. This allows to perform the simulation runs concurrently to speed up the
execution of the overall simulation study.
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Figure 3: Application of VSL to increase throughput in congested area

5. Use Case: Evaluation of Traffic Controller Performance

As a use-case to test our tool, we choose the evaluation of a traffic controller’s performance as described
in [10]. Operations of traffic controllers are essential for the road infrastructure to be functional.
Commonly, feedback-based controllers (e.g., variable speed limit (VSL) controllers, which require
parameter tuning for specific traffic scenarios) are used to ensure better flow on the motorways.
The variable speed limit zones are then created upstream of the motorways bottlenecks such as high
congestion points to prevent traffic jam. Such controllers can be calibrated by running offline simulations
with different types of parameters and traffic flows. These calibrations require simulation of larger
traffic scenarios which are often computationally very expensive, and hence, reducing the computational
burden with systematic exploration is highly desirable.

In our experiment, we use the mainstream traffic demand as an input variable for the variable speed
limit controller. As a part of the simulation study two settings are compared; a no-control case, which
serves as a baseline for the given scenario (referred to as the NOVSL case), and a variable speed limit
controller case regulating the traffic flow (referred to as the VSL case).

For both cases, we apply the aforementioned SimEx approach by an initial sampling of the space and
afterward systematically modify the input variable to provide higher granularity in more problematic,
i.e., not well approximated, regions.
The simulation setup of the the simulator function was done by researchers from the University of

Zagreb [10]. The simulator function consists of Motorway model 3 based on the previous work [15].
The speed limit is assigned for the chosen control time to the corresponding VSL zone, shown in green
in Figure 3. Within the experiment the bottleneck is generated on the motorway section 𝑆3, and effects
of this performance of the control strategy is measuered for the travel time along the entire motorway
segment. More details such as on-ramp traffic demands can be found in [15].

The configuration of the Static Traffic Parameters used in our experiment is synthetic, and we assume
that the model is already calibrated. Within the SUMO simulator [16], we use the Krauss car-following
model with the default parameters. The previously mentioned bottleneck in section 𝑆3 (Figure 3) is
induced due to interaction between mainstream and the traffic flow entering the motorway at the
on-ramp 𝐷3. The induced downstream congestion activates the VSL, serving as the main test for the
SimEx tool of the VSL use case. In each simulation run, we cover all relevant aspects of the simulated
rush hour scenario, resulting in a simulation lasting 90 minutes. More details can be found in the
corresponding paper [10].
We use the mainstream traffic demand as input data starting from 2500 [𝑣𝑒ℎ/ℎ] up to 4000 [𝑣𝑒ℎ/ℎ]

being the domain maximal and minimal values. For the first iteration, this domain gets sampled
according to modifier incremental unit parameter 100 [𝑣𝑒ℎ/ℎ] and further continues the loop until all
regions are estimated or the modifier data point reaches the minimum. These SimEx simulation setup
parameters can be seen in Table 1. The objective by which we measure the system performance is called
total time spent (TTS). The final approximated behavior by piece-wise functions for the motorway
service with VSL and no control (NOVSL) is shown in Figure 4. The biggest benefit for the VSL is



Parameter value Parameter value

domain min interval 2500 modifier incremental unit 25
domain max interval 4000 modifier data point 100
threshold y fitting 15 threshold x interval 0.80

degree 2 max degree 9
improvement threshold 0.1 penalty weight 1

Table 1
Use case: SimEx parameters setup

2600 2800 3000 3200 3400 3600 3800 4000
Traffic volume [veh/h]

400

500
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700
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TT
S 

[v
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Overall fitted functions for VSL and NOVSL
Interval vsl: [(2500, 2784)]
Interval vsl: [(2784, 2926)]
Interval vsl: [(2926, 3576)]
Interval vsl: [(3576, 3758)]
Interval vsl: [(3758, 4000)]
Interval novsl: [(2500, 3360)]
Interval novsl: [(3360, 3532)]
Interval novsl: [(3532, 3576)]
Interval novsl: [(3576, 3758)]
Interval novsl: [(3758, 3805)]
Interval novsl: [(3805, 3900)]
Interval novsl: [(3900, 4000)]

Figure 4: Final fitted functions for VSL and no control case

detected in the input interval [3300, 3800], where it outperforms the NOVSL baseline. This behavior
is expected since we set the 𝐾𝑣 = 4.5 to the optimal value for the VSL controller operating near the
critical point in the fundamental diagram for which traffic volume is close to its maximal rate. In other
intervals, it is evident that VSL is not performing as well as NOVSL. The final fitted function Figure 4 is
a crucial tool that provides detailed information about the behavior of the VSL controller. It underscores
the importance of understanding the VSL’s performance and the need for further evaluation in specific
regions.

6. Discussion

In the previous sections, we have outlined the ideas and mechanisms as well as a use-case application of
the SimEx approach. Although promising, the proposed approach is still in development and presents
some limitations. This section discusses them as well as the contingency plan.
Our analysis and the case study highlight that, at the moment, the input and output spaces of the

simulation (in terms of it being controlled by the SimEx approach) are one-dimensional. Thus, only one
variable affects the simulated system to be approximated (input space), and the system’s reaction is also
considered only in one value (output space). This is not restricting in general. However, it simplifies
the early stages of the SimEx development while allowing for fewer simulation runs. Indeed, more
dimensions entiles a significant growth in the number of simulation runs. However, both (input and
output space) can theoretically be scaled to a multi-dimensional one. Nevertheless, the approximation
function may not be adequate in the long run and require more profound interventions.

During the development, we experimented with the threshold_x_interval parameter tuning. The
x_threshold, as mentioned before in Section 4, defines the percentage of how far the unfitted interval



(a) Default: X threshold = 0.8 (b) X threshold = 1.20

Figure 5: Compare default unfitted intervals to x threshold 1.20

(a) Default: X threshold = 0.8 (b) X threshold = 0

Figure 6: Compare total figure default with x threshold 0

gets expanded on each side of the unfitted points. In this use-case, a value of 0.8 was used, meaning
that 80% from the interval between the points is added on each side of the unfitted point, creating the
unfitted regions. In the following, we compare outcomes on the sensitivity of this parameter. Figure 6
shows that the value has been set to 0, resulting in the unfitted point becoming the unfitted interval,
which is not enough to fit any curve illustrated by the final gray unfitted regions. Similarly, the second
extreme scenario setting the parameter to 1.20 taking 120% on each side of the unfitted point is shown
in Figure 5. The effect of the parameter can be clearly seen in the interval (3531, 3805). Compared to the
default setting, the approximate function is considerably smoother. Thus, as the approximations of the
system’s behavior shown to be sensitive towards the configuration of the aforementioned parameter,
careful judgment is required in identifying correct parameterization for the approximation process in
the simulation study design.

As it can be seen within the previous Figure 4 of the approximated functions, the fitted function often
has tails in the transitions due to the differences between them; in the following, this phenomenon
will be referred to as tails. This tailing is an actual limitation of the existing approach. So far, different
approaches have been investigated how to improve this issue with the default configuration mentioned
in Section 5.

The first approach to handle tailing is to add the bordering points, i.e., endpoints of the corresponding
interval in the list of input data, for which appropriate y-values will be created. The idea behind this
is to achieve a smoother transition between the approximated functions, as they have to include the
endpoints of the intervals. As can be seen in Figure 7, so far, the transitions are smoothed in some
regions. However, due to additional points in the intervals, the validator identifies more unfitted
regions. Thus, the overall approximation consists of more piece-wise functions and introduces more
but smaller tails.

Secondly, the transition is smoothened by fitting the sigmoid function in the border points. At first,
we initialize final smoothened function as 𝑓𝑠𝑚𝑜𝑜𝑡ℎ𝑒𝑛𝑒𝑑(𝑥) = 𝑓1(𝑥). In turn, the 𝜎𝑡𝑟𝑎𝑛𝑠𝑖𝑡 𝑖𝑜𝑛 is calculated as
shown in Equation 5, where the 𝑤𝑖𝑑𝑡ℎ parameter controls the smoothness of the transition around



Figure 7: Tailing problem adding border points

border points, 𝑥𝑐𝑜𝑛𝑛, of the functions. After calculating the transition values for 𝑁 number of functions
and 𝑁 − 1 border points, the final approximated function is computed by Equation 6. Hence, the final
result presents cleaner/smoother transitions (see Figure 8).

𝜎transition𝑖 =
1.0

1.0 + exp ( −2
width⋅(𝑥−𝑥conn𝑖)

)
(5)

𝑓smoothened(𝑥) = (1 − 𝜎transition𝑖) ⋅ 𝑓smoothened(𝑥) + 𝜎transition𝑖 ⋅ 𝑓𝑖+1(𝑥) for 𝑖 = 1 to 𝑁 − 1 (6)

Finally, we combined the both ideas adding the bordering points and using sigmoid for the smoothen
transitions as can be seen in the Figure 9

7. Conclusions

This paper outlined the need for efficient usage of simulation runs in simulation studies, as simulations
also incur costs (typically in terms of computation time). For the approximation of the system’s behavior,
we propose an approximation in partial functions, which have been approximated based on obtained
data points (i.e., results of simulation runs). We have presented an approach that allows obtaining
sufficiently good enough functional approximations while keeping the overall number of simulation
runs as low as possible. The approach is configurable so that the required domain knowledge (e.g., about
the underlying simulation model) and the purpose of the overall simulation study can be considered,
for instance, in how good an approximation needs to be. Furthermore, we have implemented the SimEx
approach so that it can be operated independently from a specific simulator, and all functionalities
can be configured. In cooperation with the case study originated in [10], we have demonstrated its
practical applicability and potential value for research projects that rely on investigating the behavior
of designed artifacts by simulating them in their target environment.

As highlighted in the previous discussion, the current SimEX implementation is a work in progress,
with ongoing improvements planned for future work. Specifically, we are addressing the issue of tailing,
where trade-offs, such as the degree of disc-continuity between the partial approximated functions,



Figure 8: Tailing problem sigmoid fitting

Figure 9: Tailing problem combined solution

need to be considered. This adaptability and continuous improvement underscore the potential for
future use and development of the SimEx approach. As demonstrated above, the configuration of
the software significantly influences outcomes and related computational effort. This software is
designed to be used by experts in their respective domains, who may require recommendations for the
configuration, such as best practices for determining suitable parameters for the specific case at hand.
To further enhance its usability, more case studies are needed to provide appropriate recommendations
for software configuration. Further conceptual extension is to increase the dimensionality of both the
input and output space (i.e., handling various inputs for a simulation system) and potentially several
non-combinable outputs of the simulations.
Our partners will also continue using the SimEx approach by taking advantage of its functionality

to compare the performance of their traffic controllers automatically and identify traffic conditions in
which the system’s performance is insufficient. This will allow the design of tools to support designers
during the design process of traffic controllers, giving them feedback about the performance of their
ideas in a reasonable time and highlighting conditions for which their approach still needs to be
improved. In the case of controllers based on Machine Learning techniques, this approach can be



expanded by identifying weak performing traffic conditions and automatically creating corresponding
elements to expand the training set of the controller and trigger a re-training of the controller.
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