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Non-Linear Model Identification for Thermal Control in BEV
A Data-Driven Approach Using Sparse Identification of Nonlinear Dynamics
Asija Boracic
Department of Electrical Engineering
Chalmers University of Technology

Abstract
This thesis investigates the use of data-driven system identification method to sup-
port control development for the thermal management system of a battery electric
vehicle. The identification process is carried out using the Sparse Identification of
Nonlinear Dynamics (SINDy) method combined with sequential thresholding as an
optimizer. The goal is to obtain a control model suitable to use for the develop-
ment of a nonlinear model predictive controller(NMPC). Several models of different
complexity and accuracy are identified from recorded data and evaluated offline. To
assess their ability to reach a set-point, each model is tested in a single-run optimal
control problem using a direct multiple shooting approach.
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system identification, sparse identification of nonlinear dynamics, optimal control
problem, direct multiple shooting, thermal management
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Below is the list of acronyms that have been used throughout this thesis listed in
alphabetical order:

BEV Battery Electric Vehicle
DMS Direct Multiple Shooting
ED Electric Drive
EU European Union
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HVAC Heating, Ventilation and Air Conditioning
ICEV Internal Combustion Engine Vehicle
IPOTP Interior Point Optimizer
LASSO Least Absolute Shrinkage and Selection Operator
LS Least Squares
MA Moving Average
MIMO Multiple Input Multiple Output
MPC Model Predictive Control
NLP Nonlinear programming
NMPC Nonlinear Model Predictive Control
OCP Optimal Control Problem
ODE Ordinary Differential Equation
RK4 Fourth-order Runge-Kutta Integration Method
RMSE Root Mean Square Error
SINDy Sparse Identification of Nonlinear Dynamics
SISO Single Input Single Output
SMAPE Symmetric Mean Absolute Percentage Error
STLSQ Sequential Thresholded Least Squares
SysID System Identification
TEM Thermal Energy Management
TMS Thermal Management System
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Nomenclature

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

Indices

t Index for time step
n Number of observations
i Variable index
m Number of time samples

Sets

X Constraint set for the states of the system
U Constraint set for the inputs of the system

Functions

J(·) Cost function
g(·) Vector of equality constraints
h(·) Vector of inequality constraints

Parameters

λ Regularization parameter for controlling sparsity
N Number of control intervals
T Time horizon length
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k1, ..., k4 Runge-Kutta steps
µ Mean of data
σ Standard deviation of data

Variables

x State vector
u Control input vector
w Vector of optimization variables
Ti Coolant temperature measured at the i-th place in the system [◦C]
Tamb Ambient temperature [◦C]
ṁi Coolant mass flow measured at the i-th place in the system [l/min]
Tref Reference temperature
Vi Valve i

PED Speed of the pump in the electric drive circuit
PBat Speed of the pump in the battery circuit
ξi Sparse vector of coefficients
X Measurements of the state matrix
Ẋ Measurements/numerical approximation of their state derivatives
Ξ Sparse coefficient matrix
Θ(X) Library of a candidate functions matrix
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1
Introduction

1.1 Background and motivation

The development of electric vehicles(EVs) has accelerated in the past decade. The
main reason is that EVs produce zero tailpipe emissions compared to internal com-
bustion engine vehicles(ICEVs). Their widespread use in personal and public trans-
portation contributes to reduced greenhouse gas emissions, better air quality and
helps reduce dependence on fossil fuels.

The European Union(EU) has set ambitious climate goals with the objective of
reaching full climate neutrality by the middle of this century. The biggest part of
this strategy is the transition to electric vehicles. Besides the regulations, other
factors that are contributing to the shift to EVs are concerns about energy supply
and the change in customer preferences[1].

In order to meet the set targets, estimates suggest that sales of EVs in the EU need
to make up about 65% of new car sales by 2030, approaching 100% by 2035. Recent
data shows the progress in this transition. Electric vehicles accounted for 22.7% of
new car registrations. In total, 2.4 million new electric cars were registered in 2023,
up from 2 million in 2022. Registrations of new battery electric cars grew by 37%[2].
The numbers reflect an acceleration in the shift toward electrification.

Electrification is reshaping the automotive industry and simultaneously accelerating
the advancement of battery technologies. As of now, lithium-ion (Li-ion) batteries
are the most suitable power source for electric vehicles. Compared to alternative
technologies, they are superior due to their high energy density, fast-charging capa-
bilities and durability. On the other hand, the automotive industry is working to
overcome performance barriers like battery lifetime and range, as well as technolog-
ical challenges such as high cost and reliability[3].

Battery is the most expensive component in a battery electric vehicle(BEV), mak-
ing up as much as 40% of the total cost. Therefore, maintaining optimal battery
performance is of critical importance for ensuring both driving range and vehicle
efficiency. When the battery starts to degrade, it loses capacity and reduces the
lifespan of the vehicle. In this context, thermal management system(TMS) plays a
crucial role as it is responsible for managing the heat generated by different com-
ponents, including the battery but also power electronics, electric motor and the
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1. Introduction

passenger cabin[5]. One of the biggest challenges in the automotive industry is
developing highly efficient thermal management strategies that maintain a cabin
environment comfortable while keeping the battery and motor systems within their
optimal temperature ranges. Such TMS not only improves the energy efficiency, but
also ensures safety and extends the vehicle’s driving range.

1.2 Related work
One paper that was analyzed is "Modeling of the Thermal Energy Management
System for Battery Electric Vehicles"[6]. It presents a control-oriented model for
system-level thermal energy management of the battery, heat pump system, pas-
sengers’ cabin and HVAC(heating, ventilation and air conditioning). The focus
was put on a cooling-down scenario for the ambient temperature > 45◦C. The sys-
tem is divided into four subcomponents: the battery thermal model, cabin thermal
model, refrigerant circuit, and coolant circuit; then each component is modeled us-
ing physics-based equations. Unknown model parameters are obtained by solving an
optimization problem using the least-squares method to minimize the error between
GT-SUITE model outputs and the proposed model outputs. Results show high ac-
curacy at steady-state and computational efficiency of the model. This method can
be applied to similar TEM systems but there is a possibility that some re-tuning
is needed to accommodate different architectures and operating conditions, so it
presents a good foundation for the thesis work.

The second paper, titled "Distributed Model Predictive Controller For Thermal En-
ergy Management System of Battery Electric Vehicles"[7] focuses on the integration
of a distributed model predictive controller (DMPC) into the TEM system of BEVs.
Using the ADMM algorithm, the optimization problem is solved separately for each
subsystem (battery and HVAC), with local information exchanged between the sub-
systems to ensure optimal operation. The TEM system consists of three intercon-
nected circuits: a battery coolant circuit, an electric drive (ED) coolant circuit, and
a refrigeration circuit. The goal is to minimize energy costs related to the battery
and HVAC subsystems. The results show a 2.21% reduction in energy consumption,
while maintaining battery and cabin temperatures within specified bounds and min-
imal deviations from the desired limits.

For base knowledge in system identification, [16] and [9] offer overviews on the theory
and methods, emphasizing the differences between them. For the specific method
implemented in this thesis, SINDy, the key publications [18] and [19] provide detailed
explanations of the algorithm, including solved examples and code implementations.

When it comes to Thermal Management, [5] gives an overview of TMS utilized in
EVs, describing challenges in maintaining optimal operating temperatures for crit-
ical components in EVs: batteries, electric motors and power electronics. The pa-
per discusses advantages and limitations of multiple cooling and heating strategies,
including liquid cooling and heat pumps. Paper titled "Octovalve Thermal Man-
agement Control for Electric Vehicle"[8] presents a detailed study of the TMS of a
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1. Introduction

BEV, Tesla. Their TMS called Octovalve integrates a waste heat recovery (WHR)
mechanism that can perform air conditioning and heating tasks at the same time,
allowing more efficient temperature regulation. Octovalve is modeled and simulated
using Simulink Simscape. The results showed reduced energy consumption with a
trade-off of longer warm-up time. The paper provides an extensive analysis of the
system, describing the structural setup of the valve system, heat exchange elements
and fluid loops. It also addresses the operational modes of the TMS and outlines
how it manages heat exchange between the cabin, battery and drive units. This is
particularly valuable as such descriptions of TMS are hard to come across due to
proprietary constraints.

1.3 Scope and limitations
This thesis aimed to develop a non-linear predictive controller for TMS with a cost
function to optimize actuator energy use. The goal of the system is to quickly reach
and sustain the required temperature(s) with minimal energy expenditure. Previous
approaches have included both physics-based modeling in control design and the use
of reinforcement learning control. The control model was needed in order to develop
the controller and the idea was to build it by system identification. That turned
out to be a very demanding task and it did not result in a model good enough for
the control problem to be addressed within the time constraints of the thesis work,
so instead of using the model for control purposes, offline assessment of models of
different complexities was done and the results compared.

The work is subject to the following limitations:
• The cabin circuit (refrigerant loop) variables are not considered.
• Identification approach does not incorporate any physics-based modeling/prior

domain knowledge.
• Valve actuation is idealised, assuming instant transition between positions.
• Ambient temperature Tamb is treated as a constant over the simulation time.

1.4 Ethical aspects
Ethical aspects of this thesis include making sure the solution is developed in a
responsible and transparent way. Any data used to improve the thermal control
must be handled properly and not misused. The solution should aim to benefit a
wide range of BEV users, not just owners of high-end models. If the system becomes
too complex or hard to repair, it could go against the idea of sustainable and user-
friendly design. Keeping these factors in mind is important to ensure the project
has a positive and ethical impact.
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2
Theory

2.1 Thermal Management System in BEV

TMS in a BEV is primarily responsible for temperature regulation of various com-
ponents, ensuring optimal performance, efficiency and to some extent, safety of the
vehicle. Power-dense components(battery, electric motor, power electronics) need to
be maintained within their optimal operating temperature range. TMS is responsible
for distributing, transferring and dissipating heat across components under various
load and environment conditions. The TMS systems of EVs manage the heat gen-
erated by different components either independently or in an integrated manner.
Stand-alone TMSs operate independently, which helps identify and improve heat
transfer within a particular system, but doesn’t account for energy flows between
different subsystems[5]. As batteries and motors become more powerful, these sepa-
rate systems can struggle to meet cooling and heating needs. In contrast, integrated
thermal management systems combine multiple subsystems, allowing heat to be dis-
tributed properly. This makes them a growing trend in EVs’ TMS design since they
improve overall energy efficiency and system performance.

Vehicle manufacturers are protective of the internal design of their systems to pro-
tect their research and development from competitors. Detailed information on
TMS architecture is deficient, with most knowledge available coming from academic
research or supplier information. Therefore, the exact layout of the system used in
the thesis work cannot be shared. Instead, a modified version is presented in figure
2.1 to reflect key principles.

This TMS is divided into two different temperature circuits: the low and medium
temperature circuit. The separation helps manage different components within the
thermal system better, improving efficiency and ensuring each part operates within
its ideal temperature range.
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2. Theory

Figure 2.1: Block diagram of the TMS illustrating the main components and
their interconnections

The low temperature (highlighted in blue in figure 2.1) is responsible for the ther-
mal management of the battery. This circuit’s temperature is maintained between
30− 40◦C, matching the optimal operating range. The medium temperature circuit
(highlighted in yellow in figure 2.1) contains the electric motor, inverter, charger,
radiator and other low-voltage electronics. This circuit operates around 40− 70◦C.

The coolant is a glycol-water mixture that circulates through the TMS, absorbing
heat from the components and releasing it through radiators. The glycol helps pre-
vent it from freezing or evaporating too easily, which keeps the viscosity more stable
and makes heat exchange more effective across a range of temperatures.

TMS includes multiple components that help control the temperatures across the
vehicle. Some of the key ones will be briefly described below, without going into too
much detail.

Valves are used to direct and manage coolant flow through the TMS. Several types
are used in thermal systems, but the one-way check valve and the three-way propor-
tional valve are among the most common. The one-way check valve allows flow only
in one direction and prevents backflow, acting as a safety feature in the TMS. The
three-way proportional valve can redirect coolant flow to connect parts of the circuit
or bypass components. Unlike on/off valves that can only be fully opened/closed, it
can split the flow between two paths based on an electronic control signal, allowing
precise regulation[11]. There are two common types of three-way valves: L-port and
T-port. L-port valves direct flow between two of the three ports and are used for
switching between two outputs. T-port valves can connect all three ports and are
useful for combining flow paths. Figure 2.2 illustrates various configurations of the
T-port valve.
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2. Theory

Figure 2.2: Possible configurations of the T-port and L-port valves[12]

A pump is a device that uses energy to transport fluids through the system. In a
TMS, they are very important, as they help circulate coolant to keep the battery,
motor and electronics within their operating temperature(s). There are different
types of pumps, but centrifugal pumps are the most common because they are effi-
cient, reliable and simple[13].

The electric drive includes the motor, inverter, charger and other electronics, all
of which generate heat and need cooling. Electric motors convert electrical energy
into mechanical based on electromagnetic principles. As current flows through the
windings, heat is generated due to electrical resistance and cooling is needed to pre-
vent damage and maintain performance. The inverter converts the DC power from
the battery into AC power required for the electric motor [14]. It contains sensitive
power electronics that must be kept within safe operating temperatures to ensure
proper function and avoid damage.

The radiator is a heat exchanger that transfers heat from the coolant to the air, typ-
ically through fins on its surface. When the vehicle is moving, airflow is provided,
but when it’s stationary, a fan helps maintain airflow the keep the system cool [15].

The battery pack stores electrical energy in the EV and supplies direct current to
the motor and other systems. Typically, it’s made up of lithium-ion cells, which are
sensitive to temperature. Therefore, keeping them within their optimal temperature
range is crucial to ensure the safety and long lifespan of the vehicle.

2.2 System Identification
System identification is the process of developing mathematical models of dynami-
cal systems based on observed input-output data. The process of the derivation of
mathematical models of dynamic systems typically differentiates between theoreti-
cal and experimental modeling. Theoretical modeling involves obtaining the model
by deriving equations from physics (such as balance or interconnection equations).
This approach often results in too complex/complicated models that need to be sim-
plified. On the contrary, experimental modeling relies purely on measurements of
the inputs and outputs of the system. This is a flexible approach that can be applied
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to diverse systems; however, these models do not describe the internal structure of
the system. These input-output models are approximations and are still sufficient
for many areas of application[9].

In practice, the identification is rarely completely theoretical or completely experi-
mental. The choice of modeling approach depends on the availability of prior knowl-
edge, the required model accuracy, and the desired level of interpretability.
Generally, there exist three types of models to choose from:

1. White-box models are entirely based on well-established principles and physi-
cal laws. They assume that relations within the system are known and can be
described analytically. They can be difficult to construct when not all relations
are fully measurable or understood.

2. Gray-box models are a hybrid approach that combines physical knowledge with
measurement data. They use known relationships (where available) and esti-
mate unknown parameters, making them an effective choice when incomplete
knowledge is available.

3. Black-box models rely purely on data with no knowledge assumptions on the
system structure. Usually, these models are obtained with the use of machine
learning or statistical methods(neural networks and regression, for example).
They can model highly complex dynamics but are more prone to noise and
overfitting and often lack interpretability[17].

Figure 2.3: Diagram presenting classification of mathematical models

Figure 2.3 presents a diagram of comparison of the different modeling approaches
discussed. Even though the white-box approach can deliver more information about
the system, experimental analysis has found ever-increasing attention over the past
50 years. Some of the main reasons are the reduced complexity, greater precision
and the effort/time ratio that is in favor of the experimental analysis. As more in-
dustries move to cloud-based systems, data-driven methods provide a scalable and
efficient way to build models that are accurate, simple, and yet interpretable[17].
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2. Theory

System identification procedure involves three basic entities:
1. Data. The data is usually recorded during an identification experiment that is

user-designed. The user determines what signals will be measured and when.
The quality of data significantly influences the outcome of the modeling.

2. A set of candidate models. The set is obtained by specifying within which
collection of models one will be looking for a suitable one. Choosing a suitable
model structure is the most challenging part that requires a combination of a
priori knowledge and engineering insight.

3. A rule by which candidate models can be assessed using the data. The as-
sessment is usually based on how the models perform when they attempt to
reproduce the measured data[16].

Besides the modeling approach, defining the process structure is another important
step. The process structure specifies how many inputs and outputs the system has,
whether it is a single input single output(SISO) or multiple input multiple out-
put(MIMO) process. The relationship between the input and the output in SISO
systems is direct, making the modeling process simpler. On the other side, in-
puts and outputs of MIMO systems interact with each other, which increases their
complexity[9]. The interactions require more advanced modeling techniques and
proper handling of these variable interrelations to create consistent and trustworthy
models.

The definition of process behavior involves determining whether the process can
be represented by a linear or nonlinear model. Linear system identification is ap-
plicable when the superposition principle is satisfied. With this assumption and
when using a gray-box model, some of the established model structures with an
input-output representation are: ARX (autoregressive with exogenous input), AR-
MAX (autoregressive moving average with exogenous input) and OE (output error)
models. Parameter estimation for these models is most often performed using least
squares (LS) or maximum likelihood estimation (MLE). Furthermore, some struc-
tures represent models using a linear state-space representation, but they will not be
discussed here. Black-box models that use an input-output representation are usu-
ally obtained via neural networks and Gaussian processes[17]. While linear models
are easier to implement and analyze, and they often provide reasonable approxi-
mations around a specific operating point, the limitation lies in their inability to
capture complex dynamics properly.

On the other hand, nonlinear system identification is crucial as most real-world sys-
tems have inherently nonlinear dynamics where linear assumptions are not sufficient
to represent them. When developing nonlinear models it is necessary to select nonlin-
ear function(s) that accurately describe the dynamics. For grey-box approaches with
input-output representations, widely used methods include nonlinear variants of the
PEM (prediction error model), Kolmogorov-Gabor polynomials, and block-oriented
models. For parameter estimation in this case, various methods, including nonlin-
ear least squares (NLS), gradient-based or Bayesian optimization techniques, can be
used. They will not be further discussed in this thesis either. Black-box methods use
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2. Theory

model structures that work with both state-space and input-output representations.
These include neural networks, fuzzy models, machine learning techniques, Gaus-
sian processes, and Koopman-based methods[17]. Although the machine learning
and fuzzy models and neural networks are effective in capturing complex nonlinear
process dynamics, they do not provide explicit mathematical equations describing
the process. Instead, they inherently operate as state-space or input-output repre-
sentations, which limits their use in applications such as control design. Since the
aim of the identification for this thesis is to get the control model, these methods are
not suitable. However, alternative approaches to derive mathematical models in the
form of explicit equations can be Koopman-based approaches and a method called
SINDy (Sparse Identification of Nonlinear Dynamics). SINDy is one of the most
recent contributions with a lot of potential due to its ability to identify sparse and
interpretable model structures. It chooses the most relevant functions from a large
library of functions and provides a model that accurately captures the underlying
process dynamics.

Nevertheless, a key challenge in all system identification methods remains the choice
of suitable function structures. So far the approaches relied heavily on prior knowl-
edge or trail and error procedure, which is a highly iterative process. No general
method that delivers appropriate function structures based on data exists currently.
This issues demonstrate the necessity for a systematic approach to address the lim-
itations and ensuring computational efficiency.

2.3 SINDy

Sparse Identification of Nonlinear Dynamics (SINDy) represents a framework used
to identify governing equations of a dynamical system directly from time-series data.
Unlike black-box models, SINDy generates explicit and interpretable mathematical
models, suitable for further control and analysis purposes. Furthermore, it can
capture nonlinear dynamics efficiently without requiring a predefined model struc-
ture and it facilitates the discovery of governing equations in various domains, from
biomedical engineering to control applications.

The key idea is to assume that most physical systems have only a few relevant
terms that define dynamics[18]. This means that those equations are sparse in a
high-dimensional nonlinear function space. Under the assumption, it is possible to
identify interpretable models from high-dimensional and complex datasets. Figure
2.4 visualizes this.

In general, a nonlinear dynamical system is in the following form:

d

dt
x(t) = f(x(t)) (2.1)

where x(t) ∈ Rn denotes the state vector at time t, and f(x(t)) represents the dy-
namic constraints that define the equations of motion of the system. The function
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f is sparse in the space of possible functions, having only a few terms.

In order to determine/approximate function f, two matrices are needed: one repre-
senting measurements of the state X and one with either measurements or numerical
approximation of their derivatives Ẋ. This data is sampled at several times t1, ..., tm

and should be arranged as:

X =


xT(t1)

...
xT(tm)

 =


x1(t1) · · · xn(t1)
x1(t2) · · · xn(t2)

... . . . ...
x1(tm) · · · xn(tm)

 (2.2)

Ẋ =


ẋT(t1)

...
ẋT(tm)

 =


ẋ1(t1) · · · ẋn(t1)
ẋ1(t2) · · · ẋn(t2)

... . . . ...
ẋ1(tm) · · · ẋn(tm)

 (2.3)

After this, a library of candidate functions Θ(X) is constructed. It may include
polynomials, constants, trigonometric or inverse terms and there is huge freedom in
choosing the members. With the assumption that only a few nonlinearities are active
in each row, a sparse coefficient matrix Ξ = [ξ1, ξ2, . . . , ξn] needs to be computed so
that it holds:

Ẋ = Θ(X)Ξ (2.4)

Each column ξi of Ξ represents a sparse vector of coefficients that determines which
terms are active for the corresponding component xi of the state. When Ξ is
determined, a model of each row of the system equations can be constructed as
ẋi = fk(x) = Θ(xT )ξi. Here Θ(xT ) represents a vector of symbolic functions of
elements of x.

Figure 2.4: Illustration of the SINDy formulation
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The SINDy framework formulates the task of identifying governing equations as a
sparse regression problem in order to isolate only the most essential terms required
to accurately represent the data. The two most common methods for solving this
problem are Least Absolute Shrinkage and Selection Operator (LASSO) and Se-
quential Thresholded Least Squares (STLSQ).

LASSO is a regression technique that minimizes the prediction error while enforcing
sparsity in the model by introducing an ℓ1-norm penalty to the loss function. This
penalty term pushes many coefficients to exactly zero, effectively selecting only the
most important features. The sparse regression problem in SINDy can be formulated
as an optimization task:

Ξ∗ = arg min
Ξ

∥∥∥Ẋ−Θ(X)Ξ
∥∥∥2

2
+ λ∥Ξ∥1 (2.5)

where
• ∥ · ∥2

2 minimizes the reconstruction error of the dynamics,
• ∥Ξ∥1 promotes sparsity in the coefficient matrix by penalizing the number and

magnitude of active terms,
• λ is a regularization parameter that controls the trade-off between sparsity

and accuracy.

STLSQ is an iterative sparsification technique that first uses the least squares (LS)
solution to obtain an approximate solution of Ξ. Afterwards, a predefined threshold
is applied, setting coefficients with magnitudes below this threshold to zero. The
process is repeated, recalculating the remaining nonzero coefficients and updating
the model structure until convergence is achieved. This approach is well-suited for
deriving interpretable models that still describe the essential complex dynamics of
a nonlinear system.

The optimization problem for STLSQ at each iteration is:

min
Ξ

∥∥∥Ẋ−Θ(X)Ξ
∥∥∥2

2
(2.6)

where

Ξij ← 0 if |Ξij| < λ (2.7)

SINDy with control[19] is a slightly modified version of SINDy that takes into consid-
eration measurements of the input signals u when creating the library of candidate
nonlinear functions Θ :

Θ(X, U) =
[
1 X U (X⊗X) (X⊗U) (U⊗U) · · ·

]
(2.8)

where X⊗U defines the vector of all product combinations of the components in x
and u. Once again, the recommended strategy is to start with low-order polynomials
and then increase the complexity and order of the library until an accurate model
is obtained. Equation (2.4) then becomes:

Ẋ = Θ(X, U)Ξ (2.9)
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The candidate library is the only thing that changes in the optimization problem
formulation (see Eq. (2.5)). Figure 2.5 below visualizes this formulation.

Figure 2.5: Illustration of the formulation for SINDy with control

2.4 Model Predictive Control
Model Predictive Control (MPC) is a control technique in which the control action
is obtained by solving an optimal control problem(OCP) at each sampling instant.
The core of MPC is the receding horizon idea that works as follows: at each sam-
pling time, the controller uses current input/output measurements and state values
to predict, over a finite horizon, how the system will evolve. Then it picks the con-
trol sequence that performs best in terms of the specified objective or cost function.
Only the first element in the control sequence is applied to the process while the rest
is discarded. This process is repeated at the next sampling time with updated mea-
surements and the horizon moves one step forward[21]. MPC is applicable to MIMO
processes and is able to handle constraints and actuator limitations[22]. However,
one drawback is that the computational complexity increases rapidly with the size
of the system model and the length of the prediction horizon, making the problem
very computationally heavy.

An MPC problem can be formulated as:

min
u

J(xk, uk) (2.10)

subject to xk+1 = f(xk, uk) (2.11)
xk ∈ X (2.12)
uk ∈ U (2.13)

where
• x are the states of the system,
• u are control inputs,
• J is the cost function,
• f(xk, uk) is a function that captures the dynamics of the system,
• X is constraint set for the states of the system,
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• U is constraint set for the inputs to the system.
The cost function usually penalizes deviations from the desired reference trajectory
and the use of control effort. It serves as a metric for the optimization algorithm to
minimize.

Figure 2.6: Visualization of MPC, showing past and future trajectories[23]

The dynamics of the system are typically described by continuous-time equations.
Since the controllers are almost exclusively implemented through a computer by sam-
pling variables and applying control inputs at discrete time intervals, the continuous
model needs to be discretized. Runge-Kutta 4(RK4) is one of the most widespread
integration methods as it presents a good trade-off between computational complex-
ity and accuracy. The RK4 method has four stages and the integration order of the
scheme is four[25]. The method is formulated as:

xk+1 = xk + 1
6(k1 + 2k2 + 2k3 + k4) (2.14)

where the intermediate steps are calculated as:

k1 = f(xk, uk) (2.15)

k2 = f

(
xk + ∆t

2 k1, uk

)

k3 = f

(
xk + ∆t

2 k2, uk

)
k4 = f(xk + ∆t · k3, uk)
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2.5 Nonlinear Model Predictive Control
Nonlinear model predictive control(NMPC) works by repeatedly solving finite-horizon
optimal control problems at each sampling instant based on a nonlinear model of
the plant. As already stated, the goal of the OCP is to determine what is the best
sequence of control action based on the objective function and some constraints.
However, NMPC is harder to apply in industry due to the challenges of guarantee-
ing a global(or sufficiently good) solution to the optimization problem within the
real-time requirements. The nonlinear programming problem(NLP) problem can
have multiple local minima and demands a greater number of computations at each
sample, with no guarantees on the solution[24].

The numerical solution of the OCP in NMPC is carried out by solving an NLP,
which is the discretized and parameterized form of the optimization problem. The
OCP is typically rewritten into the standard form of NLP:

min
w∈Rn

f(w)

subject to
g(w) = 0, (2.16)
h(w) ≤ 0

where:
• f is objective/cost function,
• g is the vector of equality constraints,
• h is the vector of inequality constraints,
• w is the vector of optimization variables.

Even though numerical solutions can be found using the indirect methods, focus is
placed to direct methods that are more promising[24]. Performing long integrations
of nonlinear system dynamics, usually needed to discretize continuous OCPs and
solve them as NLPs, can introduce large numerical instabilities. Direct multiple-
shooting method solves this by discretizing control input u(t) in shorter time inter-
vals, and for each interval the ODE is solved separately. Additional constraints are
added to ensure the continuity between the intervals and the problem of piecing the
trajectories together is left to the NLP solver[25].

2.6 CasADi
CasADi is an open-source software tool designed for numerical optimization and
optimal control, particularly involving differential equations. It provides a sym-
bolic framework that allows formulation and manipulation of mathematical expres-
sions, efficient generation of derivatives through algorithmic differentiation, setting
up and solving systems of ordinary differential equations (ODEs) or differential-
algebraic equations (DAEs). Furthermore, CasADi presents a powerful tool for
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formulating and solving both nonlinear programming (NLP) and optimal control
problems (OCP). It is accessible across multiple programming languages, including
C++, Python, and MATLAB/Octave. There are several NLP solvers interfaced
with CasADi. The most popular one is IPOPT, an open-source primal-dual in-
terior point method. Others, that require the installation of third-party software,
include SNOPT, WORHP and KNITRO. IPOPT is especially effective for solving
general nonlinear programming problems(NLP) and it implements an interior point
line search filter method that aims to find a local solution of NLP[20].
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3
Methods

3.1 Building the control model
This section outlines how the process of system identification was carried out in the
thesis, covering methodology and steps taken to develop a model from recorded data.

Data used to develop a model for the TMS was obtained in a simulation environment
using GT-SUITE by VCC’s team. There were almost 700 cases with approximately
50 variables describing the system. Each case simulated the response of the TMS
for different actuator speeds and valve positions. In the simulations, the ambi-
ent temperature was constant during one case and there were two scenarios: hot
climate(35◦) and cold climate(−15◦). The drive cycle used in the simulations is the
Worldwide Harmonized Light Vehicles Test Cycle (WLTC). WLTC is a standardized
drive cycle that simulates realistic vehicle operating conditions and includes urban,
suburban, and highway driving segments.

3.1.1 Data preparation
First step before the identification procedure is data analysis and determining what
variables will be used for model development. Using the majority of them would
result in a highly complex model and very long equations. After careful consider-
ation, the decision has been made to use the temperatures and the mass flows as
system states. The choice is motivated by the fact that temperatures are inevitable
as states in a thermal system, while the mass flows of the coolant describe the heat
transport through the system. Furthermore, by controlling the mass flows in the
system, the temperature can be regulated as well.

One observation made from the system layout and behaviour is that there is a fixed
relationship between three of the flows, which can be represented as:

ṁ1 = ṁ2 + ṁ3 ṁ2 = a · ṁ1 ṁ3 = b · ṁ1

ṁ1 = (a + b) · ṁ1 (3.1)

Additional analysis confirmed that throughout all the cases, the assumption a+b = 1
holds. This allows the use of only one of the flows instead of three of them and
reduces the number of variables. Value of a is determined to be a ≈ 0.48.

16



3. Methods

No other simplifications were identified, so the initial approach was to use eight
temperatures and eight mass flows as state variables describing the system. Due to
the initial goal of the identification being to obtain the control model, to be used
for implementation of NMPC that will minimize energy use by the actuators, the
electrical powers of pumps were also added as states. The intention behind it is the
simplification of formulating and choosing an appropriate cost function.

Selection of inputs of the model was pretty straightforward: the inputs are valves
V1, V2, V3 and two pumps PED and PBat. One additional variable that was needed is
Tamb, which was treated as a measurable and known external variable, assumed to
be constant over time.

In addition, the data was plotted and checked for noise. Some jitter that could af-
fect both model fitting and future control application negatively was noticed. After
further inquiry, it was confirmed that jitter was caused by numerical issues within
the simulation and it can safely be filtered out using a moving average filter.

Moving average(MA) filter is a very common filter because it is very easy to un-
derstand and use. Furthermore, it is optimal for a common task: reducing random
noise while retaining a sharp step response. The moving average filter operates by
averaging several points from the input signal to produce each point in the output
signal[27]. In equation form, this is written as:

y[i] = 1
M

M−1∑
j=0

x[i + j] (3.2)

where x is the input signal, y is the output signal, and M is the number of points in
the average. Figure 3.1 illustrates the application of the MA filter to one temperature
signal and one mass flow signal.
The original data cannot be shown in the report due to proprietary restrictions from
VCC. Therefore, all data shown is normalized using Z-score normalization. Z-score
normalization is the process of normalizing every value in a dataset such that the
mean of all of the values is 0 and the standard deviation is 1[28]. The following
formula is used to perform normalization on the data:

xnorm = x− µ

σ
(3.3)

where µ is mean of data and σ is standard deviation of data. Another commonly
used normalization method is min-max normalization, but it wasn’t chosen here
because there was an offset between the original and filtered data, caused by the
fact that each dataset is scaled relative to its minimum and maximum.
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Figure 3.1: Input signal before and after applying the MA filter.

Data has been split into training and test sets in an 80/20 ratio. This is done
randomly, but paying attention that each case, with all its samples, is kept together
as one unit. The chosen tool for the identification process is MATLAB, as it is very
convenient for working with matrices. The base was code published as part of the
[18], but it was later modified as needed.

3.1.2 Numerical differentiation
As previously mentioned in 2.3, a matrix of state derivatives X is necessary. That
information was not included in the simulation data, so a numerical derivative ap-
proximation was needed. The simplest method is the central finite difference, which
is computed as:

dx

dt

∣∣∣∣∣
i

≈ xi+1 − xi−1

2∆t
(3.4)
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Unfortunately, this method did not provide derivative estimates accurate enough,
resulting in SINDy returning trivial dynamics such as straight lines or zero func-
tions and failing to identify a meaningful model. Fortunately, there is an open-source
Python library called pysindy, designed specifically for SINDy implementation that
includes a range of derivative approximation techniques. Some of the methods in-
cluded and tested are Smoothed Finite Difference, Spline Derivative and Spectral
Derivative. Among them, the Spline Derivative proved to be the only method that
produced viable results for this dataset. The Spline Derivative approach fits the data
with smooth polynomial curves and then performs differentiation on the spline[30].

3.1.3 Identification using SINDy
As previously discussed, several methods exist for solving the SINDy problem. In
this work, the Sequential Thresholded Least Squares (STLSQ) method was used.
STLSQ begins by solving a standard least squares problem to estimate all coeffi-
cients, then applies a threshold to eliminate those below a certain magnitude. The
process is repeated with the reduced set of terms until convergence, as shown in
Algorithm 1. A detailed implementation of the algorithm can be found in Appendix
A.1.

Algorithm 1 Sparse Identification of Nonlinear Dynamics
1: Input: Candidate function matrix Θ, derivative data Ẋ, sparsity threshold λ,

state dimension n
2: Initialize coefficient matrix Ξ← Θ\Ẋ ▷ Initial least squares solution
3: for k = 1 to 10 do
4: Identify small coefficients: smallIndices← {(i, j) | |Ξij| < λ}
5: Set small coefficients to zero: ΞsmallIndices ← 0
6: for j = 1 to n do
7: Identify large coefficients: bigIndices← {i | |Ξij| ≥ λ}
8: Update coefficients by regression:

ΞbigIndices,j ← Θ:,bigIndices\Ẋ:,j

9: end for
10: end for
11: return sparse coefficient matrix Ξ

The candidate function library for the TMS model consisted of polynomial terms up
to degree two, along with an inverse function. Parameter λ is the sparsity threshold
used to determine which coefficients are considered significant, since any coefficient
with absolute value smaller than λ is set to zero. A larger λ leads to fewer retained
terms (more aggressive sparsification), while a smaller λ allows more terms to be
included. Values of λ in the range 0.001–1 were tested initially.

Even with the different numerical approximation approach, flows remained identified
as straight lines in SINDy. Further investigation came to a conclusion that flows had
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smaller magnitudes, up to 5000 compared to other variables. Solution for that was
rescaling the flow to [l/min] instead of [l/s]. After the rescaling and recomputation
of numerical differentiation, mass flow identification in SINDy yielded significantly
better results.

To numerically assess the model’s accuracy, Root Mean Square Error (RMSE) and
Symmetric Mean Absolute Percentage Error (SMAPE) were used. The RMSE is
defined as the measure of the differences between values that are predicted by a
model and values that are actually observed:

RMSE =
√√√√ 1

n

n∑
i=1

(ŷi − yi)2 (3.5)

where n is the number of observations[31].

SMAPE is a common metric for evaluating prediction accuracy that measures the
relative difference between predicted and actual values, treating over- and under-
estimates equally. SMAPE values range from 0% (perfect prediction) to 100% (no
similarity)[32]:

SMAPE = 100%
n

n∑
i=1

|ŷi − yi|
(|ŷi|+ |yi|)/2 (3.6)

However, with this library of candidate functions, it was not possible to obtain a
model that fully captured the behaviour of the TMS with satisfactory accuracy.
Here, accuracy refers not only to the numerical closeness but also to the ability of
the model to follow the system’s trend(i.e., increasing when the measured signal in-
creases and vice versa). Figure 3.2 illustrates examples of both successful and poor
trend capturing by the fitted models.

This outcome is not surprising when taking into account the complexity of the
system. An alternative approach was to try and identify models of different physical
configurations of the TMS, based on the assumption that these would exhibit more
consistent behaviour. It should be feasible to implement a switching mechanism
between these models at a later stage.
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Figure 3.2: Example showing the model’s ability to capture system behaviour

Among four different configurations tested, SINDy managed to provide reasonably
accurate models for only two. The better performing one, describing the heat pump-
ing scenarios, was selected as the primary focus for the rest of this thesis. All further
attempts on controller development and improvement were done on this configura-
tion.

Model assessment repeatedly failed for this configuration, unfortunately. To address
this and obtain a control model that can be used for developing a controller, the
state variables were carefully reviewed and analyzed for similarity, in order to re-
duce the number of states in the model. With fewer states, the model equations are
simpler and less computationally heavy, possibly yielding a more practical control
model.

21



3. Methods

3.1.4 Simplification of the model
A correlation analysis was performed on both temperature and mass flow mea-
surements for the previously selected TMS configuration. The resulting correlation
matrices, shown in figure 3.3, illustrate the pairwise correlation coefficients between
the eight measurements for each variable. Dark blue indicates strong negative, while
yellow represents strong positive correlation. The diagonal values represent perfect
correlation of each variable with itself.
The matrices show that several measurements are highly correlated and can be ac-
curately represented as linear or piecewise combinations of others. In consequence,
the redundant variables were excluded, reducing the number of states from eighteen
to nine (four temperatures and five mass flows). This reduction is valid only for the
chosen TMS configuration and does not generalize to other setups.

Additionally, the pump speed data was scaled prior to analysis. Without scaling,
its large magnitude caused it to appear less frequently in the model equations,
underrepresenting its influence in the system dynamics.
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Figure 3.3: Correlation matrices for system variables

Regrettably, even with this simplification, the model assessment results indicated
that the obtained equations did not represent the system dynamics with sufficient
accuracy. The resulting model structure can’t be considered suitable for controller
design.
To address this, the next step was generating alternative models with different levels
of complexity and accuracy: starting from linear models, including nonlinear models
of orders 1 and 2. The performance of these models would then be evaluated and
compared. This way, it could be investigated if simpler models that will be less
accurate may be more suitable for control purposes. The investigation was carried
out using data from the same TMS configuration and reduced model with 9 states.
During the analysis, the parameter λ was systematically varied and the resulting
model was evaluated both visually through variable plots and quantitatively using
the RMSE and SMAPE metrics.
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3.2 Model assessment
To assess the model, it was used in an NLP framework implemented via direct
multiple shooting(DMS). The implementation was in MATLAB using the CasADi
framework with the IPOPT solver. This setup forms the basis for an NMPC im-
plementation, but in this case it was executed offline and solved only once, for
assessment purposes.
The modified version of the code is attached in the Appendix A.2. The equations
are replaced with placeholders due to confidentiality restrictions, but the structure
allows easy modifications to tailor the code to a specific application.

Besides inserting the system equations, other key elements required for the setup
were: time horizon length T , number of control intervals N , the cost function L and
vectors for the initial states and for the constraints.

The cost function L in the initial test was defined for setpoint tracking since the
primary control objective of the TMS is maintaining key temperature states within
desired values while respecting operational constraints. This was implemented by
penalizing the squared tracking error of the battery temperature, as the battery is
the most critical component to be maintained within its operational range:

L = (Tbat − Tref )2 (3.7)

Tref was chosen as a constant. Initial temperatures in simulation data were always
set equal to Tamb and this assumption was retained during model assessment. Initial
values for mass flows were also taken directly from simulation data, using values
from the chosen configuration.

Optimization variables in this scenario are states x, temperatures and mass flows,
and inputs u, valve positions and pump speeds, which are stacked in the optimization
variables vector w in the following way:

w =
[
x0 u0 x1 u1 ... xN−1 uN−1 xN

]T
(3.8)

Next to be defined are the equality and inequality constraints. The equality con-
straints are introduced to ensure consistency of the discretized system dynamics:
the state obtained from integrating the system over one interval must match with
the value of the subsequent state optimization variable. This guarantees that the
continuity of the trajectories is preserved across all shooting intervals and is math-
ematically expressed as:

x(i + 1) = f̃(x(i), u(i))→ x(i + 1)− f̃(x(i), u(i)) = 0 (3.9)

Inequality constraints were formulated as simple box constraints, specifying lower
and upper bounds on both the system states and control inputs:

xmin ≤ xi ≤ xmax umin ≤ ui ≤ umax (3.10)
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Input constraints were formed right away, as clear minimum and maximum values
exist for both valve positions and pump speeds, reflecting their physical actuation
limits. On the other hand, defining bounds for the states was less straightforward,
as these depend on operational requirements and safety considerations rather than
strict physical limits.

Primary goal of the TMS is to maintain the battery temperature within a suit-
able range, since the battery is the most critical component operating under the
strictest constraints. According to [4], the theoretical operational temperature win-
dow of Li-ion batteries is -10◦C to 50◦C, but performance degradation occurs at low
temperatures, while aging and safety risks accelerate above 50◦C. Therefore, it is
recommended that the TMS maintains the battery temperatures between 15◦C and
35◦C. Other compontents in the TMS are of a secondary priority and can withstand
higher temperature ranges.

The final decision on the applied temperature limits was made based on additional
analysis and consideration of the conditions under which the simulation data had
been obtained. The overall aim was to relax the constraints as much as possible
without compromising safe and reliable operation. Based on these considerations,
the battery temperature states were constrained between −15◦C and 50◦C. Upper
bound on other temperature states was set 70◦C. All mass flows were bounded
between 0 l/min and 30 l/min.
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4.1 Model identification using SINDy
The first model identified consists of 18 states, which makes presenting both signal
plots and evaluation metrics (RMSE and SMAPE) for each state individually im-
practical. Therefore, the performance assessment was carried out in the following
way: first, the predictions obtained from models identified with different λ values
were plotted with the actual system data and visually inspected. The plots helped
analyze the model’s ability to capture the system’s dynamics. In case the model
demonstrated good performance (good trend capturing), quantitative evaluation
was carried out by computing RMSE and SMAPE for each state. The detailed
results for are provided in Appendix B.1. Since the goal is to select the best per-
forming model, for further assessment, the average RMSE and SMAPE across all
temperature and all mass flow states were calculated for each λ value. These metrics
are visualized as bar charts shown in the figures below. The evaluation is performed
this way on both the training and test data to confirm generalization capability.

Figure 4.1 presents average RMSE and SMAPE for temperature predictions across
three models obtained by using different regularization parameters. Blue bars corre-
spond to results on training, while red ones correspond to results on test datasets. It
is clear that the model for λ = 0.01 performs significantly worse than the other two.
Models for λ = 0.5 and λ = 0.07 achieve comparable performance for temperature
states. Figure 4.2 illustrates the same metrics for mass flow states. Once again, the
errors are largest for λ = 0.01, but λ = 0.07 shows lower error across both metrics.
Based on this, the model with λ = 0.07 was selected for further use.
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(a) Average RMSE

(b) Average SMAPE

Figure 4.1: Evaluation metrics for temperature predictions in training and test
datasets for three λ values, model with 18 states
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(a) Average RMSE

(b) Average SMAPE

Figure 4.2: Evaluation metrics for mass flow predictions in training and test
datasets for three λ values, model with 18 states

The same evaluation steps were taken for the reduced model with 9 states. RMSE
and SMAPE were computed for both temperature and mass flow states, and the
results were compared across different λ values. Bar charts for temperatures, shown
in figure 4.3, confirm that λ = 0.001 proved to yield the smallest errors. The same
trend was observed for mass flows, figure 4.4. However, the difference between
λ = 0.01 and λ = 0.001 is relatively minor(around 1% or less on SMAPE plots).
A larger λ value results in a simpler and less computationally heavy model, so the
model obtained for λ = 0.01 was selected as the final choice.
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(a) Average RMSE

(b) Average SMAPE

Figure 4.3: Evaluation metrics for temperature predictions in training and test
datasets for three λ values, model with 9 states
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(a) Average RMSE

(b) Average SMAPE

Figure 4.4: Evaluation metrics for mass flow predictions in training and test
datasets for three λ values, model with 9 states

4.2 Model comparison
After the unsuccessful assessment of the 18- and 9-state models, alternative models
of varying complexity were assessed and the results are shown below. While these
models are expected to deviate from the true dynamics of the system, the aim is
to try and evaluate if a simpler model would be adequate for controller development.

Initially, the models were identified using the raw dataset, but an issue with the sim-
ple linear models arose. The control inputs(pumps speed) appeared only in a couple
of equations, which is problematic because a model that lacks influence from control
inputs cannot be effectively used for controller development. The assumption was
that this behavior may be a result from the larger magnitude of pump speeds, so
these variables were scaled to bring their range closer to that of other inputs.
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Figures 4.5 and 4.6 show evaluation metrics bar charts for linear model (both tem-
perature and mass flow states, same as for identification results), while figures 4.7
and 4.8 represent the same metrics, just for polynomial model of order 2. The ver-
tical line in all plots is dividing models with unscaled (left of the line) from those
with scaled pump inputs (right of the line). For all unscaled cases, the metrics are
relatively close across λ variations. There are some differences between scaled and
unscaled metrics, but they are not drastic. The linear models required a very small
λ value to prevent all the coefficients from being equal to zero. On average, the
temperature errors are slightly higher for the linear models, while for the mass flow
signals, the polynomial models give larger errors. Larger λ values have been chosen
for polynomial models to enforce simpler, short equations, so it is not surprising
that those models show higher errors. Exact prediction accuracy is not a concern
here since the models are intended for control design comparison.
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Figure 4.5: Evaluation metrics for temperature predictions in training and test
datasets for five λ values, linear model
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Figure 4.6: Evaluation metrics for mass flow predictions in training and test
datasets for five λ values, linear model
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Figure 4.7: Evaluation metrics for temperature predictions in training and test
datasets for five λ values, polynomial model
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Figure 4.8: Evaluation metrics for mass flow predictions in training and test
datasets for five λ values, polynomial model

Model assessment was done on models with scaled pump inputs: linear models for
λ = 0.001 and λ = 1e−4, polynomial models of order 2 for λ = 1 and λ = 0.1. Figure
4.9 illustrates an example comparison for one randomly selected temperature and
one mass flow state, showing the actual signal and four approximations obtained
from the models of different complexity and λ values. From figure 4.9 (a) it can
be observed that both linear models (1 and 2) can not capture the nonlinear signal
behavior (rapid changes and curvatures), as expected. The polynomial models follow
the shape more closely, but they do show slight deviations. In figure 4.9 (b), linear
models were not too far off from the actual trends.

33



4. Results and discussion

0 1000 2000 3000 4000 5000 6000

Time steps

-0.2

0

0.2

0.4

0.6

0.8

1

1.2

Z
-s

co
re

 n
or

m
al

iz
at

io
n

Temperature

actual

lin m1

lin m2

pol m1

pol m2

(a) Temperature signal

500 1000 1500 2000 2500 3000 3500 4000 4500 5000

Time steps

0

0.2

0.4

0.6

0.8

1

Z
-s

co
re

 n
or

m
al

iz
at

io
n

Mass flow

actual

lin m1

lin m2

pol m1

pol m2

(b) Mass flow signal

Figure 4.9: Example of model performance for one temperature and one mass
flow state under different complexity levels and λ values
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4.3 Model assessment
The 18- and 9-states models were assessed using the NLP framework. During the
assessment process, three common termination messages from IPOPT appeared:

• Maximum_Iterations_Exceeded: indicates that IPOPT has exceeded the max-
imum number of iterations specified before finding the optimal solution;

• Restoration_Failed: means that IPOPT tried to recover from an infeasi-
ble/problematic step but was not able to find a feasible point that satisfies
the constraints;

• Infeasible_Problem_Detected: occurs when it’s determined that the problem
can’t satisfy all constraints and indicates actual infeasibility (or the algorithm
is stuck at a locally infeasible point)[34].

All of these termination messages point to solver failure. Several strategies were
attempted to overcome this, including loosening constraints, changing initial state
guesses and adjusting the horizon parameters T and N . Unfortunately, none of them
lead to finding optimal solution. The solver likely got stuck in a local minimum,
which is common risk when solving NLP problems.

When assessing models of different complexities, the simpler linear model (λ = 1e−4)
and polynomial model (λ = 1) were able to yield optimal solutions. However, the
solutions were obtained for only a limited set of T and N . For T > 50 seconds,
achieving an optimal solution was impossible and one of the previously described
IPOPT termination messages appeared. If T was set to be larger, N had to be at
least 2 · T to avoid the Restoration_Failed error. This adjustment increased the
number of solver steps significantly, causing the algorithm to keep exceeding the
maximum iteration limit, even when it was raised to 10000 iterations (the default is
3000, typically sufficient for most NLP problems). This is problematic behavior, as
the overall goal of the thesis is to apply the controller to drive cycles that last ≈ 30
minutes. Solutions valid for horizons this short only provide little value.

Figures below are provided to illustrate the results for both the linear and polynomial
models under cold climate conditions (−15◦C) using T = 30 and N = 50. For longer
T/different N , the behavior stays the same, the only difference being a stretched
time axis(remains under two minutes). These plots serve to display the outputs and
highlight why further controller development was not feasible. As shown in figures
4.10 and 4.11, the signals are constants, meaning no actual control takes place.
Under such a short horizon, a TMS is not expected to meaningfully influence the
system dynamics.

35



4. Results and discussion

0 5 10 15 20 25 30

Time (t)

0

0.1

0.2

0.3

0.4

0.5

0.6

0.7

0.8

0.9

1

Z
-s

co
re

 n
o

rm
a

liz
e

d

Valve Inputs

V1

V2

V3

(a) Valves signals

0 5 10 15 20 25 30

Time (t)

0

0.1

0.2

0.3

0.4

0.5

0.6

0.7

0.8

0.9

1

Z
-s

co
re

 n
o

rm
a

liz
a

tio
n

Pump Speeds

ED

Bat

(b) Pumps signals

Figure 4.10: Actuator input signals under cold climate conditions for a linear
model
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Figure 4.11: Actuator input signals under cold climate conditions for a
polynomial model

4.4 Future work
The grey box modeling approach taken in this work can be considered a dark grey
box approach, since it relies more on empirical data than use of physical knowledge.
Unfortunately, the performance of these models was not satisfactory for intended
application. A better direction for future research would be moving toward more
theoretical, physics-based modeling strategies such as white or light-grey box model-
ing approaches. Potential directions include component-based modeling of key TMS
subsystems (battery, electric circuit, pumps) as well as developing thermodynamic
and fluid dynamic equations that capture system behavior. The combination of
physics-based modeling and data-driven parameter tuning may provide models that
are computationally efficient and also more reliable for controller design.
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5
Conclusion

Unfortunately, the goal of the thesis was not achieved, as the chosen identification
approach did not result in an accurate control model of the TMS that can be used
for the controller design. While the simple linear and polynomial models yielded
optimal solutions for short prediction horizons, these results were not meaningful
given the intended application on drive cycles of 30+ minutes. Larger horizons
consistently resulted in solver failures despite attempts to overcome the issue by
adjusting constraints and initial conditions. This indicates that meaningful control
can not be achieved with this model. Developing a more accurate, physics-based
model that better captures the nonlinear thermal dynamics is a promising direction
for future research. After improving the model, it will be possible to perform a
detailed controller analysis and draw definitive conclusions on the suitability of this
approach for the control of a TMS in a BEV.
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A
Appendix - Code

A.1 SINDy, STLSQ implementation[29]

function Xi = spars i fyDynamics ( Theta , dXdt , lambda , n)
% Copyright 2015 , A l l Righ t s Reserved
% Code by Steven L . Brunton
% For Paper , " Discover ing Governing Equat ions from Data :
% Sparse I d e n t i f i c a t i o n o f Nonl inear Dynamical Systems "
% by S . L . Brunton , J . L . Proctor , and J . N. Kutz

% compute Sparse r e g r e s s i o n : s e q u e n t i a l l e a s t squares
Xi = Theta\dXdt ; % i n i t i a l guess : Least−squares

% lambda i s our s p a r s i f i c a t i o n knob .
for k=1:10

sma l l i nds = ( abs ( Xi)<lambda ) ; % f ind sma l l c o e f f i c i e n t s
Xi ( sma l l i nds )=0; % and t h r e s h o l d
for ind = 1 : n % n i s s t a t e dimension

b ig ind s = ~ sma l l i nd s ( : , ind ) ;
% Regress dynamics onto remaining terms
%to f i nd sparse Xi
Xi ( b ig inds , ind ) = Theta ( : , b i g ind s )\dXdt ( : , ind ) ;

end
end
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A. Appendix - Code

A.2 DMS code, modified from [33]

% Copyright (C) 2010−2023 Joe l Andersson , Jo r i s G i l l i s ,
% Moritz Diehl , KU Leuven .
% An implementat ion o f d i r e c t m u l t i p l e shoo t ing

import ca sad i . ∗

T = 10 ; % Time hor i zon
N = 20 ; % number o f c o n t r o l i n t e r v a l s

n = 0 ; % number o f s t a t e s
m = 0 ; % number o f inpu t s

% Declare model v a r i a b l e s
% In t h i s case , n s t a t e s and m inpu t s
x1 = SX. sym( ’ x1 ’ ) ;
. . .
x = [ x1 ; . . . ; xn ] ;
u1 = SX. sym( ’ u1 ’ ) ;
. . .
u = [ x1 ; . . . ; um ] ;

% Model equa t i ons
xdot = zeros (n , 1 ) ;
xdot (1 ) = . . . ;
. . .
xdot (n) = . . . ;

% Obj e c t i v e term
L = 0 ;

% Continuous time dynamics
f = Function ( ’ f ’ , {x , u} , {xdot , L} ) ;

% Formulate d i s c r e t e time dynamics
% Fixed s t ep Runge−Kutta 4 i n t e g r a t o r
M = 1; % RK4 s t e p s per i n t e r v a l
DT = T/N/M;
f = Function ( ’ f ’ , {x , u} , {xdot , L} ) ;
X0 = MX. sym( ’X0 ’ , n ) ;
U = MX. sym( ’U ’ ,m) ;
X = X0 ;
Q = 0 ;

for j =1:M
[ k1 , k1_q ] = f (X, U) ;
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[ k2 , k2_q ] = f (X + DT/2 ∗ k1 , U) ;
[ k3 , k3_q ] = f (X + DT/2 ∗ k2 , U) ;
[ k4 , k4_q ] = f (X + DT ∗ k3 , U) ;
X=X+DT/6∗( k1 +2∗k2 +2∗k3 +k4 ) ;
Q = Q + DT/6∗(k1_q + 2∗k2_q + 2∗k3_q + k4_q ) ;

end
F = Function ( ’F ’ , {X0 , U} , {X, Q} , { ’ x0 ’ , ’ p ’ } , { ’ x f ’ , ’ q f ’ } ) ;

% Sta r t wi th an empty NLP
w={};
w0 = [ ] ;
lbw = [ ] ;
ubw = [ ] ;
J = 0 ;
g={};
lbg = [ ] ;
ubg = [ ] ;

% " L i f t " i n i t i a l c ond i t i on s
Xk = MX. sym( ’X0 ’ , n ) ;
w = {w{ :} , Xk} ;

%Define v e c t o r s f o r lower and upper bounds on w
lb_w = [ ] ;
ub_w = [ ] ;

%Define vec to r f o r i n i t i a l cond i t i on
i n i t = [ ] ;

lbw = [ lbw ; lb_w ] ;
ubw = [ ubw ; ub_w ] ;
w0 = [ w0 ; i n i t ] ;

% Formulate the NLP
for k=0:N−1

% New NLP v a r i a b l e f o r the co n t r o l
Uk = MX. sym ( [ ’U_’ num2str( k ) ] ) ;
w = {w{ :} , Uk} ;
% Define vec t o r f o r bounds on input
lb_u = [ ] ;
ub_u = [ ] ;
% Define vec t o r f o r i n i t i a l input guess
in i t_u = [ ] ;
lbw = [ lbw ; lb_u ] ;
ubw = [ ubw ; ub_u ] ;
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w0 = [ w0 ; in i t_u ] ;

% I n t e g r a t e t i l l t he end o f the i n t e r v a l
Fk = F( ’ x0 ’ , Xk, ’p ’ , Uk ) ;
Xk_end = Fk . x f ;
J=J+Fk . q f ;

% New NLP v a r i a b l e f o r s t a t e at end o f i n t e r v a l
Xk = MX. sym ( [ ’X_’ num2str( k +1)] , n ) ;
w = [w, {Xk } ] ;
lbw = [ lbw ; lb_w ] ;
ubw = [ ubw ; ub_w ] ;
w0 = [ w0 ; i n i t ] ;

% Add e q u a l i t y c o n s t r a i n t
g = [ g , {Xk_end−Xk } ] ;
lbg = [ lbg ; 0 ; 0 ] ;
ubg = [ ubg ; 0 ; 0 ] ;

end

% Create an NLP s o l v e r
prob = s t r u c t ( ’ f ’ , J , ’ x ’ , v e r t c a t (w{ : } ) , ’ g ’ , v e r t c a t ( g { : } ) ) ;
s o l v e r = n l p s o l ( ’ s o l v e r ’ , ’ ipopt ’ , prob ) ;

% Solve the NLP
s o l = s o l v e r ( ’ x0 ’ , w0 , ’ lbx ’ , lbw , ’ ubx ’ , ubw , . . .

’ lbg ’ , lbg , ’ ubg ’ , ubg ) ;
w_opt = f u l l ( s o l . x ) ;

IV
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B.1 Model Performance Evaluation

Table B.1: Evaluation metrics for model with 18 states on training data

Variable
Case 1
RMSE

λ = 0.01

Case 1
SMAPE[%]

λ = 0.01

Case 2
RMSE
λ = 0.5

Case 2
SMAPE[%]

λ = 0.5

Case 3
RMSE

λ = 0.07

Case 3
SMAPE[%]

λ = 0.07
T1 2,99 19,83 0,32 2,39 0,17 1,19
T2 0,95 13,17 0,50 5,31 0,42 5,17
T3 1,02 12,16 0,42 4,58 0,24 2,81
T4 5,69 32,75 2,90 14,67 3,08 16,18
T5 0,46 2,51 0,13 0,75 0,10 0,57
T6 2,46 16,83 0,29 1,68 0,21 1,22
T7 0,64 4,90 0,26 2,15 0,26 2,17
T8 0,43 2,66 0,36 2,55 0,16 1,11
m1 0,42 4,41 0,07 0,66 0,05 0,51
m2 0 74,42 0,01 199,72 0,02 199,74
m3 0,42 6,90 0,07 1,13 0,04 0,71
m4 0,13 3,80 0,33 13,85 0,45 16,52
m5 59 198,93 38,48 198,79 19,08 196,68
m6 58,98 181,27 38,47 173,02 19,03 139,12
m7 0,38 3,86 0,04 0,68 0,04 1,03
m8 0 174,86 0,05 199,32 0,01 194,76
Pbat 707,98 184,75 478,65 170,38 427,76 168,92
PED 1,08 1,08 0,31 0,50 0,28 0,34
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Table B.2: Evaluation metrics for model with 18 states on test data

Variable
Case 1
RMSE

λ = 0.01

Case 1
SMAPE[%]

λ = 0.01

Case 2
RMSE
λ = 0.5

Case 2
SMAPE[%]

λ = 0.5

Case 3
RMSE

λ = 0.07

Case 3
SMAPE[%]

λ = 0.07
T1 2,51 15,85 0,35 2,59 0,10 0,71
T2 1,34 16,80 0,46 5,60 0,50 5,91
T3 1,33 16,28 0,42 4,22 0,25 3,73
T4 9,53 44,75 3,43 17,28 3,56 17,64
T5 0,41 2,29 0,15 0,90 0,11 0,57
T6 6,07 73,51 0,32 1,87 0,24 1,48
T7 0,637 5,49 0,40 3,46 0,33 2,89
T8 0,53 3,01 0,36 2,20 0,19 1,26
m1 0,39 6,90 0,07 1,02 0,05 0,84
m2 0 88,01 0,02 199,73 0,02 199,74
m3 0,34 9,87 0,07 2,18 0,05 1,79
m4 0,17 5,12 0,48 19,60 0,48 22,42
m5 103,37 199,31 66,10 198,40 23,99 195,95
m6 103,08 189,93 66,56 175,45 24,24 147,54
m7 0,45 15,39 0,04 1,49 0,05 1,80
m8 0 185,91 0,08 199,56 0,01 195,09
Pbat 971,24 184,25 697,17 172,63 644,05 180,76
PED 1,04 2,14 0,28 0,71 0,29 0,90

Table B.3: Evaluation metrics for model with 9 states on training data

Variable
Case 1
RMSE
λ = 0.1

Case 1
SMAPE[%]

λ = 0.1

Case 2
RMSE

λ = 0.01

Case 2
SMAPE[%]

λ = 0.01

Case 3
RMSE

λ = 0.001

Case 3
SMAPE[%]
λ = 0.001

T3 0,63 5,82 0,19 1,73 0,13 1,27
T4 1,07 5,62 1,08 5,29 0,82 4,43
T6 0,50 2,81 0,94 5,27 0,26 1,61
T8 0,73 5,02 0,36 2,43 0,30 2,12
m3 0,22 6,70 0,12 3,58 0,15 4,15
m5 0 9,74 0,01 11,69 0 8,21
m6 0,6 11,53 1,08 11,02 0,54 9,52
m7 0,23 4,70 0,06 0,94 0,06 0,98
m8 0 169,13 0,01 196,86 0,13 198,78
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Table B.4: Evaluation metrics for model with 9 states on test data

Variable
Case 1
RMSE
λ = 0.1

Case 1
SMAPE[%]

λ = 0.1

Case 2
RMSE

λ = 0.01

Case 2
SMAPE[%]

λ = 0.01

Case 3
RMSE

λ = 0.001

Case 3
SMAPE[%]
λ = 0.001

T3 0,66 6,51 0,19 1,64 0,13 1,11
T4 1,12 6,34 1,06 5,55 0,79 3,76
T6 0,51 2,90 0,99 5,29 0,34 1,83
T8 0,89 6,77 0,40 2,67 0,30 2,06
m3 0,23 5,53 0,14 2,85 0,25 3,87
m5 0 6,82 0,01 11,70 0 7,40
m6 0,61 11,30 0,93 10,02 0,55 9,24
m7 0,26 4,82 0,06 1,010 0,06 1,65
m8 0 163,26 0,02 196,71 0,13 195,16

B.2 Model Comparison Evaluation

Table B.5: Evaluation metrics for linear model on training data (unscaled pump
inputs)

Variable
Case 1
RMSE

λ = 1e−4

Case 1
SMAPE[%]
λ = 1e−4

Case 2
RMSE

λ = 1e−6

Case 2
SMAPE[%]
λ = 1e−6

Case 3
RMSE

λ = 1e−5

Case 3
SMAPE[%]
λ = 1e−5

T3 0,89 8,75 0,96 8,91 0,89 8,73
T4 0,48 2,22 0,44 2,29 0,48 2,22
T6 0,52 3,08 0,51 2,93 0,52 3,08
T8 0,22 1,36 0,39 2,67 0,22 1,35
m3 0,39 6,32 0,21 4,90 0,39 6,28
m5 0,07 75,70 0,09 75,24 0,07 80,52
m6 0,52 9,04 0,24 5,10 0,52 9
m7 0,07 1,07 0,39 4,24 0,07 1,05
m8 0,32 199,65 0 167,04 0,33 199,65
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Table B.6: Evaluation metrics for linear model on test data (unscaled pump
inputs)

Variable
Case 1
RMSE

λ = 1e−4

Case 1
SMAPE[%]
λ = 1e−4

Case 2
RMSE

λ = 1e−6

Case 2
SMAPE[%]
λ = 1e−6

Case 3
RMSE

λ = 1e−5

Case 3
SMAPE[%]
λ = 1e−5

T3 0,93 8,85 0,92 9,07 0,92 9,03
T4 0,47 2,32 0,44 2,05 0,44 2,05
T6 0,47 2,70 0,51 2,95 0,51 2,95
T8 0,38 2,62 0,21 1,30 0,22 1,29
m3 0,30 3,85 0,36 5,43 0,37 5,51
m5 0,09 70,94 0,08 74,26 0,09 82,42
m6 0,23 4,05 0,52 7,26 0,53 7,35
m7 0,40 4,74 0,07 1,02 0,07 0,96
m8 0 159,87 0,37 199,63 0,37 199,54

Table B.7: Evaluation metrics for polynomial model of order 2 on training data
(unscaled pump inputs)

Variable
Case 1
RMSE
λ = 1

Case 1
SMAPE[%]

λ = 1

Case 2
RMSE

λ = 0.01

Case 2
SMAPE[%]

λ = 0.01

Case 3
RMSE

λ = 1e−4

Case 3
SMAPE[%]
λ = 1e−4

T3 0,40 4,18 0,19 1,73 0,15 1,67
T4 0,64 3,53 1,09 5,30 0,97 4,64
T6 0,50 2,80 0,94 5,27 0,43 2,94
T8 0,70 4,55 0,36 2,43 0,17 1,16
m3 0,31 6,71 0,12 3,58 0,29 5,25
m5 0 9,54 0,01 11,74 0,06 76,34
m6 0,60 11,50 1,06 11,50 1,01 16,95
m7 0,36 7,18 0,06 0,94 0,06 1,837
m8 0 181,73 0,01 196,87 0,06 199,06
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Table B.8: Evaluation metrics for polynomial model of order 2 on test data
(unscaled pump inputs)

Variable
Case 1
RMSE
λ = 1

Case 1
SMAPE[%]

λ = 1

Case 2
RMSE

λ = 0.01

Case 2
SMAPE[%]

λ = 0.01

Case 3
RMSE

λ = 1e−4

Case 3
SMAPE[%]
λ = 1e−4

T3 0,37 4,28 0,19 1,64 0,14 1.82
T4 0,57 2,96 1,06 5,54 1,11 5.86
T6 0,52 2,89 0,99 5,28 0,64 4.33
T8 0,93 7,12 0,40 2,67 0,16 1.12
m3 0,36 10,18 0,14 2,86 0,34 5.50
m5 0 8,82 0,01 11,66 0,08 88.19
m6 0,60 11,32 0,94 9,81 0,86 15.54
m7 0,39 7,59 0,06 1,01 0,06 2.13
m8 0 149,75 0,02 196,71 0,08 199.18

Table B.9: Evaluation metrics for linear model on training data (scaled pump
inputs)

Variable
Case 1
RMSE

λ = 0.001

Case 1
SMAPE[%]
λ = 0.001

Case 2
RMSE

λ = 1e−4

Case 2
SMAPE[%]
λ = 1e−4

T3 5,35 40,40 5,64 38,62
T4 0,62 3,48 0,49 2,47
T6 3,16 16,63 4,22 23,27
T8 2,10 13,75 2 13,22
m3 1,13 24,80 0,82 24,41
m5 0 10,37 0,80 191,46
m6 0,19 2,55 0,94 18,56
m7 0,47 8,92 0,47 9,88
m8 0,99 199,71 0,59 199,75
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Table B.10: Evaluation metrics for linear model on test data (scaled pump
inputs)

Variable
Case 1
RMSE

λ = 0.001

Case 1
SMAPE[%]
λ = 0.001

Case 2
RMSE

λ = 1e−4

Case 2
SMAPE[%]
λ = 1e−4

T3 6,86 47,25 6,82 45,05
T4 0,62 3,67 0,46 2,30
T6 3,70 16,64 4,23 23,39
T8 2,18 13,52 2,19 13,05
m3 0,92 15,97 0,87 23,71
m5 0 5,91 0,83 191,38
m6 0,16 2 0,90 17,50
m7 0,47 9,09 0,45 11,98
m8 0,64 184,10 0,72 199,73

Table B.11: Evaluation metrics for polynomial model of order 2 on training data
(scaled pump inputs)

Variable
Case 1
RMSE
λ = 1

Case 1
SMAPE[%]

λ = 1

Case 2
RMSE
λ = 0.1

Case 2
SMAPE[%]

λ = 0.1
T3 7,68 55 10,29 90,50
T4 0,64 3,59 0,56 3,07
T6 0,58 3,42 2,62 17,13
T8 1,92 12,30 1,92 12,30
m3 0,85 28,71 0,40 24,37
m5 0,15 130,22 0,04 50,26
m6 0,47 13 0,35 9,53
m7 0,37 8,55 0,47 9,58
m8 0,01 197,59 0,15 199,47
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Table B.12: Evaluation metrics for polynomial model of order 2 on test data
(scaled pump inputs)

Variable
Case 1
RMSE
λ = 1

Case 1
SMAPE[%]

λ = 1

Case 2
RMSE
λ = 0.1

Case 2
SMAPE[%]

λ = 0.1
T3 7,51 56,55 14,02 90,09
T4 0,64 3,66 0,52 2,76
T6 0,64 3,56 2,88 18,55
T8 2,06 12,63 2,06 12,63
m3 0,95 26,62 0,43 26,66
m5 0,21 139,27 0,05 49,26
m6 0,47 12,16 0,38 9,07
m7 0,45 8,27 0,44 10,89
m8 0,01 196,62 0,17 199,43
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