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ABSTRACT

The implementation of a digital twin presents a challenging environment for simulation. One challenge is
the need for fast execution speed to maintain synchronization with the real system. When providing
predictive outcomes, the complementary use of simulation with machine learning and optimization software
may be employed to achieve this aim. The article investigates the use of simulation, machine learning and
optimization in terms of providing a digital twin capability. The article presents a case on Formulal or F1
competition, where a decision support system (DSS) framework is presented to explore a digital twin
capability.

1 INTRODUCTION

The relationship between simulation and digital twins is close, with the first reference to the use of
simulation as a digital twin (DT) published in 1993 (Katz and Manivannan, 1993). Since then, various terms
have been used to describe the connection of simulation models with real systems and processes to support
operational decisions. These include Near Real Time, Real Time, Cyber-Physical Systems, Semi-Physical
Simulation and Symbiotic Simulation (dos Santos et al., 2021). This article provides a distinction between
a simulation and a digital twin in terms of the level of data integration and organizational scope. This leads
a review of the challenges from a simulation perspective of implementing a digital twin capability. One of
these challenges is the need for synchronization of the simulation with real world data which highlights the
need for fast execution of the simulation. Here the use of machine learning and optimization software is
evaluated in their role as complementary components to simulation in providing capabilities such as fast
execution required for a real time digital twin implementation. In this paper, we propose a decision support
system (DSS) framework for a case of Formula 1 or F1. This framework integrates machine learning,
optimization and agent-based simulation together with a digital twin.
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2 BACKGROUND

2.1 Defining a Digital Twin

Negri et al. (2019) define a digital twin as an integrated simulation of a complex product/system that,
through physical models and sensor updates, mirrors the life of its corresponding twin. Tao et al. (2018)
state that a digital twin consists of three parts: physical product, virtual product, and connected data that tie
the physical and virtual product. Based on Tao et al. (2018) the following are characteristics of a digital
twin:
o Real-time reflection. Two spaces exist in a digital twin, the physical space and the virtual space. The
virtual space is the real reflection of the physical space, and it can keep ultra-high synchronization and
fidelity with the physical space.
¢ Interaction and convergence. This characteristic can be explained from three aspects.
o Interaction and convergence in the physical space. A digital twin is fully integrated so the data
generated in various phases in the physical space can connect with each other.
o Interaction and convergence between historical data and real-time data. Digital twin data not only
depends on expert knowledge but also collects data from all deployed systems in real-time.
o Interaction and convergence between physical space and virtual space. The physical space and virtual
space are not isolated in the digital twin with connection channels between the two spaces.
o Self-evolution. A digital twin can update data in real time by comparing virtual space with physical
space in parallel.
By combining the classification of digital twins by level of data integration and organizational scope
we can see that the concept covers a wide range of applications (Figure 1)
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Figure 1: Level of data integration and organizational scope of a digital twin.

In the context of the organization, the scope of a digital twin can be at the product, process and
enterprise level. At the product level this type of digital twins relates to the emulation of physical objects
such as machines, vehicles, people, and energy. They can be considered as an extension of computer-aided
design (CAD) and computer-aided engineering systems, which capture data that can then be used to detect
issues and generate information that can be used to improve performance. They often have a focus on
improving the efficiency of product life-cycle management, which is important for successful product-as-
a-service or Servitization (Baines et al., 2017) business models. Digital twins allow monitoring of multiple
products and resources in different operating conditions and different geographic locations.
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At the process level this type of digital twin emulates processes over time and so require a dynamic
simulation engine based on methods such as discrete-event simulation (DES). One application area is smart
maintenance scheduling. An example is for predictive maintenance for a welding machine. Here a
simulation provides a virtual representation in real time of the manufacturing process through data
connections over the 1oT. The current status of the welding machine is known by the digital twin. A
machine-learning algorithm is used to provide a prediction of the remaining useful life of the manufacturing
equipment based on its current usage and historical data of the process. The digital twin can be run into the
future and predict machine failure based on its current status and scheduled future usage. The digital twin
can then communicate back to the equipment to instigate a maintenance operation at the appropriate time.
The digital twin thus provides an intelligent and automated predictive maintenance capability.

At the enterprise level, enterprise simulations aim to evaluate decisions made anywhere in the company
on the performance of the whole business (Barton et al., 2001). Enterprise digital twins can be implemented
by using multiple digital twins that are in use at the process level. Applications include connection of the
digital twin to an enterprise resource-planning system in order to improve factory scheduling to reduce
waste and management of inventory.

In terms of the level of data integration there are three possible levels of integration between the
simulation and its real-world object counterpart (Table 1). When there is no automated data exchange
between the simulation and the real-world object, when there is an automated one-way data flow from the
real-world object which leads to a change in state of the simulation and when data flows fully integrated in
both directions. These one-way digital twins may be referred to as Digital Shadows (Marquardt et al., 2021).
Digital twins require a two-way data flow to provide a control capability to take action in response to
predicted behavior. Corrective actions are often implemented using analytics methods based on machine-
learning algorithms that provide appropriate methods of process control actuation.

Table 1: Level of integration of a digital twin.

ONGGO (2018) KRITZINGER (2018) DESCRIPTION
Type 1 (DSS) No Way A copy but not updated in real-time.
Type 2 (Control) 1 Way Physical system sends data to the

simulation. For type 1 a decision maker
controls the physical system.

Type 3 (OpenLoop) 2 Way Data flow in both directions. The
simulation controls the physical
system with an actuator.

In general, the level of complexity required of the simulation increases for a wider level of scope and for
level of integration. The development of digital twins with fully integrated data flows in both directions is
complex and is still in its infancy.

2.2 Simulation and Digital Twins

Before one looks at how do simulation and digital twins work in integration, it is important to understand
them separately. Simulation can help understand what may happen in the real world. Digital twins not only
help understand what may happen, but also what is happening in the real world (Taylor et al., 2021). Thus,
simulation as digital twins are of most use when an object is changing over time, thus making the initial
model of the object invalid, and when measurement data that can be correlated with this change can be
captured (Wright and Davidson, 2020). In the guise of a digital twin this implies that simulation requires
an ongoing capability in areas such as model updates, verification, validation and experimentation
activities. Data flows between the simulation and real system may be in the following areas:
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o Model realization data is required when the simulation model is defined and updated as a consequence of
data from the real system. This is often referred to as a data-driven simulation. However, a purely data-
driven model within a digital twin of a physical system is often not advisable as the data driven model is
only reliable within the region of input parameter space from which the data used to construct the model
was taken. Using data-driven models for extrapolation without imposing any constraints based on physical
knowledge is a dangerous approach (Wright and Davidson, 2020).
o Model validation data is needed to ensure that changes in the real system are reflected in the simulation
model. Checks for validity can be undertake at periodic intervals over time.
o Model experimentation data is needed in a sufficient quantity in order to update the simulation model
parameters but if there are high levels of data processing then data reduction methods may be used in order
to ensure timely processing is feasible.

Table 2 summarizes some of the challenges from a simulation perspective of implementing a digital
twin capability and possible solutions.

Table 2: Simulation requirements for a digital twin application.
Simulation requirement Simulation solution
Reactiveness (Fast prediction capability) Distributed Simulation — Parallel or multiple
simulation on a grid (network) and/or a cloud
platform (Taylor et al., 2019)
Multi-fidelity modelling (Cao et al., 2021)
Combine with analytic methods (Li et al., 2021)

Real-Time Model Adaption DDDAS - Adaptable Simulation Model
(Fujimoto, 2019)

Interaction between the Physical and Simulated Symbiotic Simulation — Acquisition analysis of

System high volumes of data in real-time. Interface to
physical system by decision maker or actuator.
(Onggo, 2018).

In terms of fast prediction capability, three possible solutions are to implement a distributed simulation,
undertake multi-fidelity modelling with different levels of granularity (Maier et al., 2017) or to combine
simulation with analytic techniques such as machine learning and optimization. In terms of implementation
of distributed simulation, Jain et al. (2017) state that the High-Level Architecture (HLA) (Kuhl et al., 1999)
standard for distributed simulation, updated for web services support (IEEE, 2010) and the standard for
COTS (commercial-off-the-shelf) Simulation Package Interoperability (SISO, 2010) are developments that
have significantly facilitated the use of distributed simulation arrangements. Examples of cloud platforms
that can facilitate rapid simulation execution include simulation packages such as Simio
(https://www.simio.com/software/simio-portal.php) which uses the Microsoft Azure platform and
Anylogic (https://www.anylogic.com/features/cloud/) which uses the Amazon Web Services platform.
Taylor et al. (2019) discuss interoperability between models using identical simulation packages and
between models using different simulation packages.

One requirement for a Digital Twin is the ability for real-time model adaption which is considered
under the term Dynamic-Data-Driven Application Systems (DDDAS). An example of a DDDAS
implemented using the Arena DES is provided in Celik et al. (2010). The implementation of adaptable data-
driven models can be achieved through the use of a data-driven simulation approach (Goodall et al, 2019).
This is primarily achieved by the definition of generic model objects with key data passed into the
simulation from external files (Smith et al., 2018). Interaction between the physical and simulated system
is considered under the term Symbiotic Simulation System (SSS) (Onggo et al., 2018). An SSS architecture
proposes the use of simulation with big data analytics and data streaming technology.
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This article will investigate the simulation requirements for a fast prediction capability. Here fast
execution speed of the digital twin components is required because of the need for synchronization between
the digital twin and the real system. Synchronization is important because when a relevant value changes
in the real-world system but there is no (immediate) update in the simulation, the two systems drift apart.
In such cases, automated updates to real-world systems based on digital twins may be systemically flawed
(Marquardt et al., 2021). To enable a fast prediction capability, simulation can be combined with the
analytic methods of machine learning and mathematical optimization algorithms to meet this challenge (Li
et al., 2021). The following sections detail the Machine Learning and optimization approaches before we
present the complementarities between the three approaches.

2.3 Machine Learning (ML)

Machine learning uses an iterative approach for the analysis of data in order to produce an analytical model.
This model may be in the form of a mathematical equation, a rule set or an algorithm. Thus, machine
learning does not refer to actual learning by a machine (computer) but the use of algorithms that through
iteration provide an ability to predict outcomes from a data set. The main steps involved in machine learning
are pre-processing of the data set, creation of a training set (usually 80% of the data) and a test set (usually
20% of the data) and selection of a learning algorithm to process the data. When compared to machine
learning, simulation can be seen as the construction of a model that predicts outputs from inputs. Supervised
learning looks at several input values with associated output values (termed labels), then through learning
generates a model to predict outputs from inputs. Unsupervised learning looks at several input values of a
random input value, then through learning generates a model in the form of a probability distribution that
predicts outputs from inputs (Figure 2).

—— INPUT —M SIMULATION OUTPUT —

INPUT —b

SUPERVISED LEARNING MODEL >

— outpur — ™

INPUT »l UNSUPERVISED LEARNING MODEL >

Figure 2: Simulation modelling, supervised learning, and unsupervised learning.

2.4  Optimization

Optimization involves finding the value of the input factors (levels) that provide the best outcome for a

chosen output measure (response). Thus, optimization differs from ordering in that when ordering

scenarios, we provide a number of given scenarios to compare against (usually no more than 20). In

optimization we simply search through the possible alternative input levels to find the best scenario.
There are three main approaches to optimization.

2.4.1 Heuristics

In this ‘manual’ approach we use the domain knowledge of system experts to reduce the solution space and
produce what we hope are optimum results. This approach involves running multiple experiments, with
different experimental factor settings, to find the ‘best’ option. However, the approach may not find the
optimal results, is only feasible for relatively simple optimization problems and is difficult to scale to
complex issues.
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2.4.2 Optimization Software

Many simulation software packages incorporate optimization software such as OptQuest
(www.opttek.com) that use what can be termed a ‘meta-heuristic’ approach using; for example, the
machine-learning technique of genetic algorithms. When optimizing using software the following four
elements should be defined by the simulation user. Controls are the input parameters such as the capacities
of resources that you define. Responses are the output parameters such as queuing statistics that you define.
Constraints are the limitations imposed on the variables (controls and responses) such a minimum and
maximum values. Objectives, sometimes referred to as the criterion function, is a statement of the goals of
the system and how they are to be measured. (This may be expressed as the maximization of a variable such
as profit level or minimization of a variable such as cost).

2.4.3 Reinforcement Learning (RL)

An alternative to optimization software is to use a Reinforcement Learning algorithm. This approach can
handle a large solution space and multiple contradictory objectives. Traditional optimizers are static in that
they optimize over a simulation run. A key advantage of the RL approach is that it can be triggered to
dynamically optimize during the simulation run. The simulation can be used to train the algorithm and the
optimized policy can then be adopted by the model (Greasley, 2020).

3 CONCEPTUAL FRAMEWORK

Figure 3 summarizes the complementary use of simulation, machine learning and optimization in the
context of use in a digital twin.

Machine Learning has the advantage of fast execution of the ML algorithm and the ability to define
outputs for decision making without knowing the real-world system mechanism. Bergmann et al. (2017)
address the issue of how the decision rules derived by machine learning techniques can be used during the
simulation run. The approaches suggested are to either call an external machine learning tool from the
simulation system, or transfer or (re-)implement the decision model into the simulation system using its
modelling and programming facilities. Bergmann et al. (2014) implement the first approach using an
interface between the simulation and the Matlab Neural-Network Toolbox. The second approach is used by
Bergmann et al. (2017) who translate a decision tree into nested “if- statements” that can be coded into the
model. However, ML cannot easily predict out of its historical data set and requires high quality data and
high-volume data for training and testing the ML algorithm. There are however, a number of challenges for
the use of ML for prediction in an organizational context including the challenge of devising a learning
algorithm and suitable training method. Another issue with ML models is the concept of interpretability.
In the context of ML models, the term interpretability refers to how we can explain the predictions from
these models. ML models are often associated with a lack of interpretability with the term ‘black box’ being
used to indicate models that lack transparency and cannot be understood by humans. Not all ML models
are ‘black box’ however and different ML model types have different level of interpretability (Morocho-
Cayamcela et al., 2019). Generally neural networks have a low level of interpretability and represent non-
linear and non-smooth relationships. Classifications rules have a high level of interpretability and represent
linear and smooth relationships and are relatively easy to compute. Because the issue of the lack of
transparency of black-box algorithms a discipline termed explainable artificial intelligence (XAl) has
recently become popular that aims to make Al derived decisions reconstruct able and comprehensible
((Adadi and Berrada, 2018). (Feldkamp (2021) provides an overview of XAl methods and shows how these
methods can be used for the output analysis of simulation data farming projects.
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Figure 3: The complementary use of machine learning, simulation, and optimization.

Optimization methods provide fast execution and will find the ‘best’ option from the solution space.
There are however challenges when using optimization for prediction in an organizational. Although
optimization approaches can be useful, in practice decision makers are concerned with providing what they
consider to be a satisfactory answer to a problem. This ensures analysis is not overly extended in search of
the “perfect” answer, but they are also aware that the model does not take into account all aspects of the
real system. The limitations of the model mean that the optimum solution provided is only optimal in
comparison with the other solutions tried and there are likely to be other solutions that exist that have not
been considered by the optimization. Also, the decision maker is unlikely to make a decision solely on the
basis of the model solution but is likely to consider other factors outside of the model scope to find a feasible
and implementable solution. For example, an analysis to find an optimum work schedule by formulating a
number of scenarios based on premises regarding ethical and moral concerns in terms of staff working
conditions would be difficult to codify as parameters in an optimization algorithm.

Simulation models are constructed by simulation modelers and so with appropriate documentation
including a statement of assumptions and simplifications, results from a simulation study should be
understood derived from an understanding of how the simulation model works. We may find though that
this causality is difficult to define for large and complex models. However, simulation has a relatively slow
execution speed particularly for large complex models with complex experimentation needs. It also requires
an exploratory model to be defined by the modeler and cannot find the optimum ‘best’ decision directly
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4 EXAMPLE CASE STUDY- FORMULA 1 DSS

We use Formulal or F1 competition case to demonstrate the usefulness of integrated framework of
optimization with machine learning and simulation. This case is particularly suitable as it has a very
complex decision-making process with a layer of performance under pressure. It demands a Decision
Support System (DSS)-aided decision making under pressure. The F1 competition epitomizes business
situations where time is critical and information systems cannot be separated from their context of use,
neither in space nor in time (Heilmeier et al, 2018). As this racing competition is so complex with the
incredible time pressure, there a whole team of experts who are feeding their analysis for winning strategies
before and during the race as well. Each race demands about 5% of team’s yearly budget in developing a
high-performance DSS, which plays a key role in winning or losing a race. It also offers a very promising
research area in strategic decision-making under pressure with a use of modern technologies.

4.1 Problem Definition

In F1, a pit stop is very critical where a F1 car pauses in the respective stalls (or pit) during a race for a
guick maintenance, change of tires, mechanical repairs, and many other actions deemed necessary for
winning the race in a safe manner. When to use a pit-stop and defining number of pit-stops are the most
important decisions for the F1 team. This determines a success and failure in the race. During the race, the
sensors fitted on the F1 car transmits the necessary data (i.e., race performance, activity of the subparts, and
drivers’ biophysical data etc.) for the team to analyze and meticulously plan a winning strategy almost
instantaneously. The team runs through a complex simulation and predicts their relative position to other
competing cars on the track and their best strategy under the racing conditions. The simulation models
heavily rely on the historical data and team strategists’ experience from previous race under the same racing
conditions. The chief race strategist takes a look at the portfolio of strategies based on the simulation
scenarios, consults with the race engineer, and makes a decision- such as pit stop, when to pit stop, or not
pitting at all. Everything happens in a matter of a few minutes.

Fundamentally, there are three key questions that need to be answered as a race progresses:
1. When take a pit stop during the course of a race?
2. What tires to change during that pit stop?
3. What is the predicted track position after the pit stop and before the next pit stop?
As the competition is so intense with adversaries, an additional question that is useful to consider in the
decision-making is:
1. What are the likely pit stop decisions made by the driver’s rivals?

4.2  Proposed DSS

Here we define a DSS for F1 championship races. The methodology framework is shown in Figure 4. The
methodology shows how supervised machine learning, reinforcement learning, optimization and simulation
complement each other in finding the solution to such a complex real-life problem. Below we detail out the
proposed methodology. First, we differentiate the solution based on time i.e. which steps of the solution are
to be run before the race and which ones during the race. As can be seen from the figure, most steps are
completed before the race. This helps in leaving only those steps which need live data and hence speeding
up the live strategy recommendations.

4.2.1  Supervised Machine Learning
Each race generates massive data that requires a comprehensive analysis to come-up with various predictor
models. The supervised machine learning helps unearthing various patterns from the historical data that

assist the decision-making during the race. It also helps in making better race strategies for the future race
in the similar circumstances. Although the human intelligence is important in winning the race, the machine
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learning enables a quick-thinking for the chief race strategist to execute the winning strategy. The decisions
made are well structured and thus with the help of machine learning, the race engineers develop massive
knowledge-base over the year.

There is a wealth of data which is generated from each race. The cars in F1 are among the most
technologically advanced and have inbuilt sensors to collect a number of data points. This is done because
even small changes in set-up can give significantly better lap times. Using this rich data, our first step is to
find patterns, make associations and filter out models for various predictions needed. Some of them are; 1)
Lap time predictor, 2) Tire degradation predictor, 3) Competition behaviour predictor, 4) Safety Car/Virtual
Safety Car predictor

The above predictors and more are then input to an optimizer, which finds the best possible race
strategies on pit stops and tires, but without taking the competition into account.

7/ Raceplanning

i Driven tyre Accidents Engine Full course Number of Track Historical
compounds and failures Manufacturers yellow phases planned laps lengths data

Supervised Machine Leamning

predictor predictor predictor behaviour predictor

Optimizer w/o competition (qualifier)

Policy evaluation

Agent-based simulator

Policy improvement

|
|
|
|
|
|
|
|
|
|
|
|
i
i
|
|
|
|
|
|
|
|
\

Strategy Desk

| Live race Driven tyre Race Lap Weather |
| data compounds  data data data i

Race execution

Figure 4: Formula 1 DSS framework.

4.2.2 Optimizer

Depending on the race, a number of pit stops are needed to replace worn-out tires. Assuming a race without
opponents and considering only tire degradation, the optimal race strategy can be determined by solving a
guadratic optimization problem. This is a minimisation problem where we have to minimise the total race
time of the car. The total time can have multiple components as shown below:

2206



Greasley, Panchal, and Samvedi

currentlap

trace,currentlap = Z tlap (lap)
lap=1
tlap (lap) = tpase T ttire (atire' Ctire) + tfuel(lap) + tear T tariver tgrid (lap)
+ tpit,inlap/outlap (lap)

Where, thase IS the base lap time, tire is lap time loss due to tire degradation depending on tire age (asire) and
rubber compound (Ciire), trer is time loss due to fuel mass, tcar is time loss due to car abilities, tariver is lap
time loss due to driver’s abilities, tyriq iS first lap time loss due to starting grid position, tpitinlap/outiap IS 1ap
time loss due to pit stops. This optimized solution (without competition) acts as the baseline of performance
i.e. the best lap times possible. During actual race, multiple hindrances and inefficiencies will creep up and
slow down the cars. These extra time additions can come from running in unclean exhaust air of the car
ahead, problem in overtaking the car and hence reduced speed while following, inefficient pit stops (non-
optimum pit window) etc. Hence to get a more realistic time frame we need to introduce competition and
then optimize strategies against our competitor drivers.

4.2.3 Reinforcement Learning

With reinforcement learning, the strategy engineers assess their actions (decisions) and states (outcome).
Fundamentally, the decisions are about when to pit stop by running various simulation scenarios on the
results before the race as well as during the race. It is highly likely that the planned lap strategies need
amendments based on various events, such as accidents that causes safety car (SC) or virtual safety car
(VSC) deployment. Besides this, there are many incidences that affect the race in deriving variable lap
times. Thus, it is important to understand and model these actions and states within the race simulation to
anticipate the outcome of the race and put forward portfolio of strategies to select winning strategies.
Finding the optimal strategies, in real race setting requires making many sequential optimum decisions.

Reinforcement learning is the best tool to handle this learning procedure. It requires input of action and

state spaces and it then runs various simulations while taking different actions at states and learning the best

actions to be taken at a state. For this problem:

e Action space: we consider as many pit-stop actions as the compounds available to the driver, with each
of these actions representing a pit-stop to the respective compound, plus a stay on track action.

e State space: The state space is harder to model for this problem, as many factors must be considered to
identify racing situations uniquely. The features that have been selected to describe the state of the race
in the most compact way are: 1) Remaining laps, 2) Driver ranking, 3) Current tire-set, 4) Current tire-
set age, 5) Exposed age, 6) Tire change rule already satisfied, 7) Remaining tire-sets, 8) Retired driver.

4.2.4 Agent Based Simulation

The above needs to be paired to a robust simulation model which is as close as possible to the real setting.
This must be an agent-based model because each car needs to act independently and try to get the best
strategy and win the race. There are a few agents considered in the agent-based simulator: driver, car,
engine, tire, etc.

Reinforcement learning coupled with a realistic setting of an agent-based model then runs various races
and try to find the best strategies to be used during the race.
During the race the digital twin will get the live data like location, tire condition, competitors’ position,
weather, competitors predicted strategies etc. and will connect to a simulator which quickly runs through a
fast forward simulation to next few laps. This will help us:
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e Get a quick look into the possible unfolding scenarios in next laps
e Collect statistical data and draw predictions
e Show these predictions through figures and tables

5 CONCLUSION

ML algorithms and simulation can be used in conjunction with optimization software to find best outcomes
for real time or non-real time analysis. The true potentials of machine learning, optimization, and simulation
are realized when integrated together. However, the limitations of both machine learning and optimization
algorithms should be considered when combining these approaches. Further research should provide
industrial case study evidence to quantify improvements in execution speed and provide a critical
assessment of the combined use of these techniques. Achieving these benefits requires progress on a
research agenda around the integration of data-driven and model-driven methods that ensures valid
simulation models. For example, further research is needed to evaluate the use of approaches to embed
machine learning algorithms in simulation models.
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