&) CHALMERS

UNIVERSITY OF TECHNOLOGY

Learning-Enhanced Nonlinear

Model Predictive Control for
Battery Thermal Management Systems

Master’s thesis in Systems Control and Mechatronics

Lech Kazimierz Kula, Daniel Joseph McCauley

DEPARTMENT OF ELECTRICAL ENGINEERING

CHALMERS UNIVERSITY OF TECHNOLOGY
Gothenburg, Sweden 2026
www.chalmers.se



www.chalmers.se




MASTER’S THESIS 2026

Learning-Enhanced Nonlinear

Model Predictive Control for
Battery Thermal Management Systems

DANIEL JOSEPH MCCAULEY & LECH KAZIMIERZ KULA

CHALMERS

UNIVERSITY OF TECHNOLOGY

Department of Electrical Engineering
CHALMERS UNIVERSITY OF TECHNOLOGY
Gothenburg, Sweden 2026



Learning-Enhanced Nonlinear Model Predictive Control for Battery Thermal Man-
agement Systems

DANIEL JOSEPH MCCAULEY & LECH KAZIMIERZ KULA

© DANIEL JOSEPH MCCAULEY & LECH KAZIMIERZ KULA, 2026.

Supervisor: Prashant Lokur, Geely Technology Europe
Examiner: Nikolce Murgovski, Department of Electrical Engineering Chalmers Uni-
versity of Technology

Master’s Thesis 2026

Department of Electrical Engineering
Systems and Control

Chalmers University of Technology
SE-412 96 Gothenburg

Telephone +46 31 772 1000

Typeset in BKTEX
Printed by Chalmers Reproservice

Gothenburg, Sweden 2026

v



Learning-Enhanced Nonlinear Model Predictive Control for Battery Thermal Man-
agement Systems

Daniel Joseph McCauley & Lech Kazimierz Kula

Department of Electrical Engineering

Chalmers University of Technology

Abstract

Battery thermal management (BTM) systems in electric vehicles are required to reg-
ulate the temperature of the battery powering the vehicle. Model predictive control
(MPC) is an optimization-based control strategy that has proven useful in nonlinear
control tasks across many different domains, and is therefore a promising candidate
for BTM. However, battery thermal management systems are difficult to model due
to nonlinearities, and simplified control models that do not fully capture the true
dynamics are often employed, which can result in reduced control performance.

In this thesis, an adaptive control framework is proposed for learning model residu-
als using a neural network. The learned residuals are used within the control model
of the controller, resulting in a control model that adapts to the system. Specif-
ically, the neural network is trained using two distinct loss functions, resulting in
two distinct adaptive controllers. Both adaptive controllers are compared against
a nominal controller relying solely on a physics-based model, on both matched and
mismatched systems. The framework is initially tested on a benchmark reference
tracking cascaded tank system, where it successfully learns the mismatch in dy-
namics and achieves improved closed-loop control performance. The framework is
subsequently evaluated for both reference tracking and economic MPC formulations
in BTM systems.

For reference tracking, the adaptive controllers yielded mixed results, in some sce-
narios decreasing cost by up to 44 %, whereas in other scenarios increasing cost by
up to 409 %. Similarly the root-mean-squared tracking error was reduced in some
cases, and substantially increased in others. In economic MPC, the adaptive con-
troller achieved cost reductions of 23 % to 35 % for all mismatched models, while
incurring up to 11 % higher cost in a scenario with a matched model.

Model adaptation via neural network residuals is therefore not automatically benefi-
cial, as the approach is sensitive to the loss design, hyperparameters, and the training
data. The proposed framework does improve performance in some scenarios, and
enhancing its robustness and generalizability warrants further investigation.

Keywords: Battery Thermal Management, Model Predictive Control, Adaptive Con-
trol, Neural Networks, Residual Dynamics, Electric Vehicles
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1

Introduction

Electric vehicles (EVs) are experiencing rapid growth in deployment, with the Eu-
ropean Commission highlighting the role of EVs in reducing transport-related emis-
sions [1]. However, widespread adoption is hampered by several factors, notably
range anxiety [2]. The performance and range of lithium-ion batteries are highly
dependent on the temperature at which the battery operates. Low temperatures
affect performance negatively [3], making operation within an appropriate temper-
ature range important. In [4], the preferred operating range is identified as between
20 — 40 °C. Moreover, it is necessary to regulate the battery temperature to en-
sure compliance with safety standards, with the temperature kept below 50 °C to
avoid thermal runaway and above 10 °C to avoid battery degradation. Maintaining
these boundaries ensures optimal performance, safety, and maximum lifetime. Con-
sequently, thermal energy management is integral to the performance of batteries in
electric vehicles, with [5] highlighting the need for advanced control methods.

Model predictive control (MPC) is an optimization-based control strategy that com-
putes control inputs by minimizing a cost function subject to system dynamics and
operational constraints [6]. It achieves this by approximating an infinite-horizon
problem with a finite-horizon problem supplemented by a cost-to-go that accounts
for future behavior. This makes MPC suitable for battery thermal management,
where the controller must balance temperature regulation, energy consumption, ac-
tuator constraints, and safety limits. MPC has previously been applied to battery
thermal management in [7], [8] and [9]. A common challenge in implementing MPC
for EV applications is the requirement of accurate modeling of dynamics. Models for
EV battery systems are complex, consisting of nonlinear coupled partial differential
equations [10]. Consequently, the dynamics of an EV battery system are subject to
nonlinearities, uncertainties in model parameters, measurement errors, and unmod-
eled dynamics.

A model can be obtained using system identification [11], where data from the
system is collected and a model is constructed using methods such as least-squares
parameter identification and empirical transfer function estimates. More recent ap-
proaches to system identification have proposed using neural networks, particularly
to model nonlinear dynamics [12]. System identification and modeling are tradi-
tionally performed offline. However, a model developed offline will typically only
be valid for the conditions under which the data was collected, and if the system
changes there will be a mismatch between the model and the system.
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To capture system changes, parameter identification and modeling can be performed
online, a topic studied in the field of adaptive control [13] and, for MPC applica-
tions, in learning-based model predictive control [14]. In [14], three main areas of
learning-based model predictive control are highlighted. These areas are learning
the system dynamics, learning the controller design, e.g. terminal components, tun-
ing of cost and constraints, and MPC for safety learning. Furthermore, the need
to ensure that learning-based MPC can be used in real-time through effective ap-
proximations and computational speed-ups is mentioned as an important area for
future research. The first area is especially relevant in this context, as the system
dynamics are complex. The general setting for learning system dynamics presented
in [14] is to express the model as a nominal system model plus an additive learned
term. The additive learned term, or learned residual, is then identified online based
on collected data.

In [15], the approach of expressing the model with a known model and an addi-
tive learned residual term was used. The additive term represented unknown model
dynamics. The known dynamics were obtained by physical modeling, whereas a
neural network was used to represent the unknown dynamics. This forms the basis
of an adaptive MPC scheme in which residual dynamics are computed online. The
results demonstrated an improvement over nominal MPC methods, both in compu-
tational time and error reduction. The pipeline for adaptive training and solving
the optimal control problem was based on the Learning for CasADi Framework
(L4CasADi) developed in [16], [17]. This framework allows neural network models
to be used efficiently in numerical optimization.

In [18], a nonlinear model predictive control policy applied to the cascaded two-tank
system is presented where the system dynamics are considered unknown. Instead,
the model was derived by a recurrent neural network (RNN) learning framework that
used measurement data to approximate the system dynamics. Further, the model,
constraints, stage cost, and terminal costs were parametrized. The parametrized
model predictive control problem was then used in a model predictive controller to
calculate optimal inputs, and the parameters updated online.

In [19], a physics-informed neural network was used for the problem of electric
water heating. A physics-informed neural network was defined there as a neural
network that was trained on both past data and physical laws. The physical laws
were added into the loss function, for instance through boundary conditions and
state evolutions, to ensure that the network follows physical laws. Furthermore,
this approach allows training of accurate neural networks even when the amount of
training data is comparatively low.

Model mismatch can not only be addressed by adapting the model. In [20], it was
demonstrated that using data-driven economic nonlinear MPC (ENMPC) can obtain
optimal control laws even when the model is wrong [20], by modifying parameters
in the stage and terminal cost. The parameters were modified using reinforcement
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learning. This approach was applied for trajectory tracking of autonomous surface
vehicles in [21], together with updating model parameters, and was found to increase
performance compared to a mismatched model.

In [22], a method for safety-driven battery charging utilizing adaptive MPC with
real time parameter identification is proposed. This paper introduces the concept of
the Fisher Information Matrix (FIM) as a method for parameter identification. FIM
is defined as the expected value of the Hessian matrix of the log-likelihood function
with respect to the unknown parameters. Maximizing this quantity improves pa-
rameter identification. This concept is utilized in the online parameter updating of
the controller. However, a limitation of this method is that if there are uncertain-
ties in the nominal model parameters, then the offline design phase will introduce
suboptimal trajectories, since the FIM is maximized based on these nominal model
parameters. This highlights the need for more robust parameter estimation.

Another method that does not use reinforcement learning or neural networks is
presented in [23]. An economic MPC formulation is used for a nonlinear system,
together with least-mean squares adaptation of parameters and tube-based MPC to
ensure constraint satisfaction. Constraint satisfaction is ensured both with respect
to varying parameters and to external disturbances. Performance guarantees are
given under the assumption of finite-energy disturbances and finite parameter vari-
ations.

In [24], a method for representing the dynamics of unstable systems is presented by
utilizing recurrent neural networks (RNNs) where a neural adaptive MPC method is
introduced. Essentially, a neural network provides state estimates that are used for
the observer as well as parameter estimations. This is achieved by using a joint Un-
scented Kalman Filter (UKF) which updates the model by updating the last linear
layer. The updated parameters and states are then input into the MPC formulation.

In [25], a data-driven control scheme is presented that integrates sparse identification
of nonlinear systems (SINDy) with feedback linearization. SINDy determines the
prominent contributing terms in the model, and these are used for state feedback
realization. The state-observation problem is resolved by using a neural network to
estimate unmodeled dynamics. This scheme is used for an inverted pendulum and a
single-link robot manipulator. The results show improved tracking and convergence
with only minimal additional computational overhead.

For applications in thermal systems, neural networks have been used in [26] to con-
struct an adaptive control scheme for refrigeration units. Not only model parameters
and control were updated, but also the characteristics of the neural network itself.
The neural network characteristics that were adaptive were the network’s weights,
and the center points and widths of the basis functions. The results were promising,
showing an improvement over traditional neural networks in both simulation and
experimental trials.
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Another application of neural networks in modeling thermal systems was presented
in [27], where a neural network is used to adapt a parameter-varying MPC frame-
work used to control the temperature and energy consumption of a building via
its heating, ventilation, and air conditioning system. The framework improves
parameter-varying linear control by using a physics-inspired Bayesian neural net-
work to estimate the parameter-varying linear control model. This is achieved by
the neural network providing uncertainty estimates that are used in online train-
ing to update parameters. The results demonstrate 28.39 % higher accuracy than
typical linear MPC frameworks and result in 36.23 % better control performance
without increasing complexity.

Overall, the literature shows that learning-based MPC can improve control per-
formance under model mismatch, either by learning system dynamics, adapting
model parameters, modifying cost functions, or incorporating safety-oriented uncer-
tainty handling. Using learning-based residual models for adaptive control appears
promising due to their ability to adaptively update models and to accurately cap-
ture nonlinear dynamics. Expressing the dynamics with a physically derived nominal
model allows physical knowledge to be incorporated, while an adaptive residual term
captures the unmodeled dynamics and varying parameters. Motivated by these de-
velopments, online learning of residual dynamics is employed in this thesis. The
residual dynamics are modeled using lightweight neural networks. A learning-based
model predictive control framework is developed and tested on a cascaded tanks
benchmark for reference tracking. The learning-based framework is then applied to
both reference tracking and economic model predictive control in a battery thermal
management system.

1.1 Objectives

The objective of this thesis is to investigate whether a neural-network residual model
can improve the performance of MPC controllers under model mismatch. More
specifically, the following research questions are addressed:

1. How well does an adaptive MPC scheme perform for reference tracking using
controller cost and root mean squared tracking error as a metric?

2. How well does an adaptive MPC scheme perform with an economic cost func-
tion as a metric?

Evaluating whether neural network-learned system dynamics and can be used effec-
tively on a real-world problem is particularly interesting, as these neural network
methods are relatively new and unexplored in practical MPC implementation. The
focus in this work is on evaluating the method rather than developing a full vehicle
thermal management controller. The cascaded-tank system is used as a benchmark
nonlinear system, to which a reference tracking model predictive controller is ap-
plied. The battery thermal management case is used to study the method in a more
application-oriented setting, where both reference-tracking MPC and economic MPC
are considered to evaluate the adaptive framework under different control objectives.

4
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1.2 Limitations

A primary limitation for both cascaded tank and battery thermal management is
that the data will be generated by simulation and not provided by hardware mea-
surements. This means that computational metrics will only be estimates and are
not necessarily indicative of hardware performance. Additionally battery thermal
management refers to only the battery coolant loop subsystem in [28].

Another limitation is due to the limited size of the neural network. Since the neural
network is updated online, it is impossible to create a deep neural network (i.e. many
layers) and thus due to computational times the network will be limited to only a
few layers. Hence there is a limitation imposed upon the learned residual dynamics.
Only one drive cycle, the Federal Test Procedure 1975, will be used. Performance
under other drive cycles will therefore not be tested. Perfect state observation is
assumed, together with the controller knowing the drive cycle beforehand and thus
knowing the current drawn by the battery over the prediction horizon, to limit
sources of errors.

1.3 Policy Regarding Use of Large-language Mod-
els (LLMs)

During the course of this thesis, the use of large-language models (LLMs) has only
been employed for the purposes of language, formatting, and debugging code. All
output from LLMs has been checked. The usage of LLMs has been performed with
the approval of our supervisor and was conducted in accordance with Chalmers’
master’s thesis policy regarding Al use. The authors take full responsibility for the
employment of LLMs.
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Theory

This chapter presents the theoretical background required for the thesis. First, opti-
mal control and its implementation through model predictive control are introduced.
Second, neural networks, with a focus on multilayer perceptron (MLP) networks, are
reviewed. Finally, the use of neural networks in adaptive model predictive control
frameworks is discussed.

2.1 Model Predictive Control

A nonlinear system can be described in terms of state trajectories x, control input
trajectories u and disturbance trajectories d. The state evolves according to the
associated dynamics. For a nonlinear system at time ¢ this can be described by a
nonlinear function

#(t) = f((t), u(t), d(t)). (2.1)

An optimal control problem consists of finding inputs and corresponding state tra-
jectories, subject to the state dynamics, state constraints x € X', an initial condition
zo and input constraints u € U to minimize a cost function Vy(x,u) [6]. The form of
the cost function determines what type of problem is solved. For reference tracking,
the cost is of the form

= [T -FE) 8 R (- FT) « e

with 7, (t) being the reference for the state, r,(t) the reference for the input with
@ and R being positive definite weighting matrices. The state reference determines
which states should be tracked, and references on the input are usually set as the
inputs required to keep this state. A higher () relative to R means that tracking
the state is considered more important than tracking the input. The requirement
that the matrices are positive definite implies that the cost penalizes deviations from
x(t) = ry(t) and u(t) — 74(t) and that the cost is minimized when the state and
input converge to their references. The optimization formulation of the reference
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tracking problem becomes

min Voo (z,u)

s.t. z(t) = f(x(t),u(t),d(t)) (2.3)
reX
uel.
z(0) = .

The system is generally assumed to continue for infinite time and therefore the op-
timization problem (2.3) has infinite state trajectories and input trajectories. For
systems where the state dynamics are linear, that have no additional constraints
and for which the Algebraic Riccati equation converges the solution to (2.3) can be
calculated analytically. However, for systems with constraints or nonlinear dynam-
ics the problem (2.3) needs to be solved using an optimizer. In infinite-horizon form,
this will result in infinite optimization variables, which is computationally infeasible.

Model predictive control (MPC) is a control method for solving optimal control
problems that uses a finite horizon 7' together with a stage cost ¢(x,u) and a cost-
to-go V() to approximate an infinite-horizon cost while remaining computationally
feasible [6]. Defining the cost from time ¢t = 0 to t = T as Vi = [y £(x(t), u(t)) dt
then the sum

Vi + Vf (2.4)

is intended to approximate the infinite-horizon cost. Since the integral from 0 to T’
is finite this cost Vr can be calculated exactly as

Vi = /0 U (), u(t)) dt (2.5)

where the stage cost £(z(t), u(t)) is defined as

x(t re(t r Q@ 0 x(t re(t
o= ()~ () [0 &) (Ge] - ) e
for tracking. The cost-to-go needs to be defined correctly to ensure a good approxi-
mation of the infinite-horizon cost. For reference tracking and under linear dynamics
this can be done with the solution to the algebraic Riccati equation P, as a weight-
ing matrix. For nonlinear problems this is approximated using the linearized system
[6]. Note that the cost-to-go is positive definite if the algebraic Riccati equation

has a solution. At the final time 7', only the state is a decision variable and the
cost-to-go becomes

Vi(@(T)) = (2(T) = r<(T))" Pu(a(T) — rx(T)). (2.7)

Since the problem will be computed only until time 7" there also needs to be a
requirement on the state at 7', namely that the state ends in a feasible region for
the optimization problem. Denote the set of feasible states as Xy, where X is called

8
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the terminal set. With the stage cost, cost-to-go and the terminal set defined the
model predictive control problem can be defined as

min | 0 (®), u(t)) dt + Vi (x(T))
f(x(t),u(t))

s.t. @(t

8
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which is a nonlinear programming (NLP) problem and can be solved using sequen-
tial quadratic programming (SQP). In SQP the NLP is approximated by a quadratic
program (QP) [29]. These in turn can be solved using a quadratic solver such as
the High-Performance Interior Point Method (HPIPM) [30]. To make computations
quicker a real-time iteration (RTT) formulation of the SQP method can be used,
known as SQP-RTT [31].

The problem (2.8) is defined in continuous time. For it to be computationally solv-
able it needs to be discretized into time steps of size At = T'/N with N being the
number of stages. The discretization involves splitting the problem into discrete
stages 0, 1,..., N with each stage corresponding to a sample time 0, At, ..., NAt.
In each stage the input and state are assumed constant. The dynamics are dis-
cretized by integrating them using a suitable integration method, for instance a
Runge-Kutta integration

z(n+1) = xz(n) + RK(z(n), u(n)). (2.9)

The cost will be replaced by a sum. The discretized problem is then a computation-
ally feasible implementation of (2.3). When solving the problem the state and input
trajectory for N steps will be obtained (z*,u*). Only the first control will be applied
u*(0). Then at the next time step the problem is solved again starting from the new
state obtained after applying the input. This manner of applying control, called
the receding horizon principle, is more expensive than solving the optimization once
and applying all N inputs. However, it implements feedback into the control, since
the initial state at each optimization will be read from the plant.

The formulation for reference tracking was presented above. However, there are
other possible cost functions which will yield other behavior. Tracking is not always
the desired behavior. In some systems the goal is to minimize a cost that has some
economic meaning. In these cases the cost functions can be defined in such a way
as to minimize the economic cost instead of the target error. Define the economic
stage cost as lecon(-) and the economic cost-to-go as Viecon(:). The cost functions
need to be defined to have a lower bound, otherwise there will be no solution to the
optimization problem. However, the economic costs do not have the requirement
that they are positive definite. This means that the cost is not necessarily decreasing
when the state or input approaches the equilibrium. Instead the optimal state and
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input might consist of cyclical trajectories. In turn, the cost-to-go is not necessarily
decreasing which removes guarantees on recursive feasibility and stability.

2.2 Neural Networks and Multilayer Perceptron
Networks

Neural networks are machine learning models that map inputs to outputs. The
mapping is accomplished by stacking computational units called neurons into layers.
Neurons perform a linear transformation of inputs in the form of a weighted sum,
and then pass these through a transformation called an activation function.

z = Zwixi +b (2.10)

i=1

a=o0(z) (2.11)

where subscript ¢ denotes the i-th input, x; denotes a neuron’s input, w; denotes the
weight, b denotes the bias, z denotes the weighted sum, o(z) denotes the activation
function as a function of the weighted sum, and a denotes the output of the neuron.
The neuron computes the sum over a span of n inputs.

A neural network is composed of stacks of neurons organized into layers. The first
layer is the input layer and is composed of the input data that we wish to map to
the output. The final layer is the output layer which is composed of the network’s
prediction. In between these layers are intermediate layers called hidden layers and
this is where neurons perform the weighted sum and activation calculations. An
arbitrary number of hidden layers can be placed in between the input and output
layers. Figure 2.1 is a visual representation of a generic neural network.
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First k:th
Inputs hidden hidden Outputs
layer layer

Figure 2.1: Architecture of a generic neural network with n inputs, m outputs and
k hidden layers.

The activation function of a neural network calculates the neuron output via a trans-
formation of the weighted sum of inputs. This essentially translates the weighted
sum into some kind of prediction of the network. Typically neural networks em-
ploy step, ReLU, sigmoid, or hyperbolic tangent functions as activation functions,
depending upon the application.

Neural networks learn the weights and biases from data by comparing the network’s
prediction of output with the true output data. This is done by means of a loss
function, shown in equation (2.12).

m

J(0) = L(f(z":0),y") (2.12)

1
mi
0 denotes the parameters to be optimized, J(#) denotes the empirical risk and
L(f(2%8),y") denotes the loss function for data at sample 7. The loss function es-
sentially gauges how closely the neural network’s prediction matches the true data.
The goal is for the neural network to minimize this loss, which is equivalent to
minimizing the difference between predictions and true data. To minimize this loss
the neural network uses a backpropagation algorithm. This algorithm works in four
distinct steps.
1. Forward pass: inputs go through the network and an output prediction is
computed.
2. Loss calculation: The loss function computes the difference between prediction
and true data.
3. Backward pass: the error is propagated backwards through the network. Each
neuron adjusts weight and bias to account for the error.
4. Parameter update: the weights and biases are updated to reduce error.

11
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The key to the optimization process is the backwards pass. The backwards pass is
performed by gradient descent. Gradient descent uses the chain rule from calculus to
determine how inputs change outputs, by computing derivatives backwards through
the network. To perform gradient descent it is necessary to compute:

Vo J(0 Z VoL( y') (2.13)

where Vg denotes the gradient with respect to the parameters 6. This is done
through the chain rule. Suppose there is a three layer network composed of one
neuron each where x denotes the input layer neuron, 2z the hidden layer neuron, and
y the output layer neuron. Then to determine the derivative of y with respect to x

it is necessary to compute:

dy dy dz

In a more generic case, this is performed for all neurons within a neural network.
Generally speaking, the updated weights are obtained via the following equation:

Wl = wll — . qull (2.15)
bl = pll — . apl! (2.16)

Where W and bl denote the weight and bias in layer I, dW and db! denote the
updates to the weigh and bias in the layer, and n denotes the learning rate of the
parameters. The learning rate is an extremely important hyperparameter in the
neural network as it determines the rate of convergence to a solution and compu-
tational time required to train a neural network. Typically this gradient descent
is performed not for the totality of the dataset, but instead for small samples of
data called batches are selected to pass through the neural network for a given cycle
called an epoch. Batching increases computational efficiency. It is another impor-
tant hyperparameter for a neural network that requires tuning.

An important concept in neural networks is regularization. Regularization is a set
of methods used to reduce overfitting. A particularly useful method is L2 regular-
ization, also known as weight decay. Weight decay penalizes large weights by adding
the square of the magnitude of coefficients to the loss function.

L(f — 2.1
> LU 0),57) + 5 W (217)

1
m =1

Where A is a hyperparameter that is tuned. The additional cost on the weight
matrix W is determined by the following formula.

Wi =S w?=w"-w (2.18)
=1

Here w; denotes an element of the weight matrix W. This norm is known as the
Frobenius norm and is used to determine the magnitude of a signal. By adding this

12
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quantity to the cost function, large weights are penalized via the minimization of the
cost function. Subsequently the gradient descent needs to account for this quantity.

Wl — Wl — g @ Aty (2.19)
m

Regularization helps to generalize the network by punishing large weights and there-
fore reducing overfitting. The result is a more robust architecture.

The choice of an optimizer for the neural network is important for the overall net-
work training. A commonly used optimizer is Adaptive Moment Estimation with
Weight Decay (AdamW). AdamW is a robust method for performing gradient de-
scent because it combines the concept of root mean square (RMS) propagation,
gradient descent with momentum, and weight decay. The pseudocode for AdamW
is available at [32].

Multilayer perceptron (MLP) networks are a type of feedforward neural networks
that consist of neurons that are connected via nonlinear activation functions. These
activation functions are typically chosen to be continuous. Multilayer perceptrons
are often employed in deep machine learning and can be used for a diverse set of
applications. An MLP consists of three or more layers where the neurons have non-
linear activation functions. MLPs are powerful because they can approximate any
continuous function. A requirement is that input features be numeric.

A diverse set of activation functions can be used. A commonly used activation
function is the hyperbolic tangent, This function maps inputs between -1 and 1
while being centered on 0. This provides fast training, but because the function
levels off past -1 and 1 the activation can saturate for very high or low values. This
means the gradient becomes quite small, which translates to the vanishing gradient
problem for deep networks. However, for networks with few layers this is less of a
problem.

2.3 Neural Networks for Adaptive Model Predic-
tive Control

An overview of the adaptive model predictive control framework used here can be
seen in Figure 2.2.
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Neural network
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Update control
model with
residual network
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of plant state, signals
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disturbances Plant

Figure 2.2: Framework for adaptive model predictive control. The feedback nature
of the controller can be seen as well.

The controller has feedback with the plant where measurements from the plant
are used in the controller. On top of this feedback architecture, a neural network
is used to learn the residual of the controller model and then update the control
model. Keeping the neural network training parallel to the controller ensures that,
even if the neural network training takes longer than sampling time of the con-
troller, the controller will still produce an output. Denote the true dynamics for
a system, corresponding to the plant, as f(Xy, ©g) where X, are all regressors of
the dynamics and ©( are the true parameters of the dynamics. A model should
correspond as well as possible to the true dynamics, but obtaining such a model
can be time-consuming or even impossible. The model used in model predictive
control is therefore a simplified model where not all regressors and parameters are
included. Denote this model as the nominal model fom(Xnom, Onom) With nominal
regressor X,om and nominal parameters ©,,,,. Note that the nominal regressor does
not necessarily include all true regressors, similarly the nominal parameters do not
include all parameters. The nominal model therefore has a mismatch that can be
modeled using the residual dynamics fres(Xyes, Ores) With the residual regressors X
and residual parameters ©,.5. The residual regressor and parameters do not have to
be the same as for the nominal dynamics. The goal with the residual model is to
try to accurately approximate the true dynamics as

f(XOa @O) ~ fnom(Xnoma @nom) + fres(Xresa 6)res)' (220)

where X = {Xnom Xres} and © = [@nom @res}. Denote the nominal control model
together with the learned residual as

f(X7 (—)) = fnom(Xnonn @nom) + fres(Xres; @res) (2-21)
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which is called the adaptive control model.

Residual dynamics can be modeled in different ways. One possibility is to use a
neural network. In a neural network the input features will be X, and the model
parameters O,.. The neural network should be trained to approximate the residual.
There are different ways of doing this. One method is using derivative loss, used in
[15] and [16]. The derivative loss is calculated

Laer(X, 0, X0,00) = (f(Xo. 00) — F(X,0))2 (2.22)

By finding the neural network fies(Xies, Ores) that minimizes (2.22) the residual dy-
namics will be modeled.

Another method is using trajectory loss, which is obtained by integrating the esti-
mated dynamics for the state &

#(t) = o + /OT f(x,0)dt (2.23)

where 1z is the initial state and whose true value is assumed to be known and T the
final time, to obtain the trajectory Z(¢). Denote the true trajectory for the state as
x(t). The squared trajectory loss can be written as

Loraj (1), (1)) = (x(t) — 2(1))*. (2.24)

This is essentially a prediction error method, well studied in system identification
[11]. Trajectory loss has been used extensively in adaptive model predictive control
[33] and in the field of system identification [34]. Applications include identifying
models for cascaded tanks [18], unmanned surface vehicles [35] and vehicle-dynamics
models [36]. Minimizing (2.24) corresponds to

min Loy (2(£), 2(£) = min <a:(t) - <m0 + /0 " ix. o) dt>>2 —  (2.25)
— min <x(t) - <l’0 + /OT from (Xnoms Onom) + fres(Xres, Ores) dt>>2 : (2.26)

Minimizing (2.25) is not necessarily the same as finding the underlying residual
dynamics, since

min <x(t) - (mo + /OT f(x,0) dt>>2 #min (f(Xo,00) - f(X,0))"  (2.27)

which comes from how integration is not injective. This can easily be seen in a proof
by counterexample. Assume that trajectory loss is to be minimized on the interval
[0,1]. Assume that the true dynamics are given by

cost

foex(w(t) = 1+ 5=~ (2.28)
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with initial condition zgex = O this gives the trajectory

cost 1
dt =1+ —. 2.29
3-sinl + 3 ( )

1
xex(t) = Z0,ex +/0 I+
Let the nominal dynamics be

fnom,ex(x(t)) =1 (230)

The trajectory loss (2.24) is obviously minimized by finding the true residual ;:isntl.
However, for the residual

fres,ex(x(t)) - t2 (231)

the trajectory loss will also be minimized since

1 L 2 1 I
Lirajex = (1 + = — (o ex +/ 1 +t2dt)) = (1 + - - (1 + )) =0 (2.32)
’ 3 ’ 0 3 3

and since the loss (2.24) is greater or equal to zero for a convex problem this is also a
minimizer. Therefore, minimizing (2.24) is not guaranteed to give the true residual.
This has the consequence that outside of the minimization interval the trajectories
will diverge. This is a limitation of the trajectory loss. To combat this, either the
horizon for the trajectory loss 7' must be increased or the training has to be updated
often.
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Methods

In this chapter the modeling of a battery thermal management (BTM) system is
presented, together with model predictive control formulations for reference track-
ing and minimizing economic costs in this thermal management system. Further,
the theory in Section 2.3 is applied to the problem of finding the residual dynamics
in the model of the BTM. The cascaded tank benchmark is also introduced, in-
cluding modeling, reference tracking model predictive control and learning residual
dynamics.

3.1 Modeling of a Battery Thermal Management
System

The battery thermal management (BTM) system under consideration here consists
of a battery pack, a heating-cooling unit, a pump and a controller, for an electric
vehicle driving according to a drive cycle. Additionally, heat losses to the envi-
ronment are included. The model is based on [28]. The controller sends inputs to
the pump and heating-cooling unit to control the temperature of the battery pack
That- The inputs are the pump angular velocity, w, and the power supplied by the
heating-cooling unit (). The heating-cooling unit heats or cools the coolant that
flows through the system and resulting in heating or cooling of the battery through
convection in a cooling plate that sits above the battery. The battery pack consists
of four battery cells. During driving current is drawn from the battery to power the
electric vehicle and this heats the battery from resistive losses due to the batteries
internal resistance Ry.;. The current drawn is taken from a drive cycle. For an
overview of the battery thermal management system see Figure 3.1.
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Figure 3.1: Overview of battery thermal management system. The heating-cooling
unit, pump and battery pack in turn consist of subsystems.

The pump is driven by a shaft whose angular velocity is the input, and this input
is affected by a one-second input delay. The heating-cooling unit is modeled with
a heat flow rate source. The heat flow rate source heats a thermal mass while
transferring energy to the coolant through convective heat transfer. The heat input
can both be positive, modeling heating, and negative, modeling cooling and is also
affected by a one second delay. For simulating driving, the Federal Test Procedure
1975 (FTP-75) drive cycle is used [37]. This drive cycle is meant to model city
driving. The FTP-75 was originally defined for combustion engines, but the dataset
available in the model also includes the corresponding current. The cycle includes
data for 2474 s. To allow for longer simulations, the data is repeated 10 times, which
gives a data set that can be used for a maximum of roughly 6 hours and 52 minutes.
The current profile is presented in Figure 3.2
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Figure 3.2: Current drawn from the FTP-75 drive cycle.

This drive cycle presents a challenging setting for the controller, since the current
varies strongly.

For parameters of the battery thermal management system see Table 3.1.

Table 3.1: Parameters for battery thermal management system.

Parameter Symbol Value
Battery cell mass Mpat 10 kg
Battery cell specific heat capacity Chat 795 J/kgK
Battery cell resistance Ryt 0.0109 Q
Heat transfer between battery and coolant hAp. 2500 W/Ce°
Coolant specific heat capacity Ceool 3.5 kJ/kgK
Coolant density p 1060 kg/m?
Pump displacement D 40 cm?/rev

Next, the mathematical modeling of the battery thermal management system is
presented. The heat generation comes from three different terms. Heat is generated
by the current according to

Rbat[ﬁat’ (31)

which is Joule’s law of heating. The coolant supplies heat to the battery through
convective heat transfer in the cooling plate

Qcool = mcoolccool (Tcool,out - Tcool,in) (32)

where oo is the mass flow rate of the coolant, Tiooin is the temperature of the
coolant flowing into the battery and Ttqo1 out is the temperature of the coolant flowing
out of the battery. The mass flow rate of the coolant is determined by the pump,
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which in turn depends on the angular velocity signal sent by
Meool = pDw. (3.3)
The battery also has losses to the environment, modeled as

'.Y(Tenv - Tbat)a (34)

where 7 is a fitting parameter and T, is the environment temperature. Together,
(3.1), (3.2), and (3.4) contribute to the change in battery temperature by

dThat o’y

dt = Mot - Cont (Rbat : [gat - Qcool + ’Y(Tenv - Tbat)) ) (35)

where o is a fitting parameter. The coolant in and out temperatures in (3.2)
are modeled using the number of transfer units (NTU) method [38]. The coolant
temperatures are then modeled as depending on the mass flow rate and the power
supplied by the heater. The coolant in temperature is modeled as

1 . Qheat )
1 - eXp{(_NTUbat>} Mool Ceool ’

Tcool,in = <Tbat + (36)

where o is a fitting parameter and exp{—NT U, } is the heat exchange effectiveness
and NTU is the number of thermal units

hAp,
NTUpy = az—20, (3.7)

McoolCeool

with ag as another fitting parameter The coolant out temperature is modeled as
Tcool,out - (Tcool,in - Tbat) c Qg - exp{(_NTUbat>} + Tbata (38)

where as is an additional fitting parameter. The coolant temperature is bounded
between the freezing point Ttoo min and the boiling point 7¢oo1max-

In total, there are five fitting parameters, ag, oy, @, asz and v that model heat
exchange effectiveness in different parts of the battery thermal management system.
These fitting parameters are obtained by running a heating cycle of the system and
collecting battery temperature, angular velocity, heating power and current data.
The data is collected for T.,,; with a sampling period of AT. This data is used to
simulate the heating of the battery using the dynamics (3.5). Denote the dynamics
as a function f (cv,7y) depending on the parameters o = [, a1, ag, ag], and

(%]

f(Oé, v, t) - (Rbat : Ibat<t>2 - Qcool(t) + V(Tenv - Tbat(t))) . (39)

Mpat * Chat

Values for w and @) are taken from the collected data. The optimal fit of these
parameters is obtained by solving the optimization problem (3.10)
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Tend
min Y (Toa(RAT) — Ty (kAT))?
T kAT
A A kAT
.t.TakT:/ 1) di
S bat ( ) (h—1)AT fla,v,t)
Tbat,min S Tbat<kAT) S Tbat,max (31())

Tcool,in,min S Tcool,in S Tcool,in,max

Tcool,out,min S Tcool,out S Tcool,out,max

0.0<a<15
0 <~ <1000

Tbat (0) - Tbat (O)

where Ty, (KAT) is the true temperature at sampling point k. The parameters «
and vy are constrained to limit the search space. « is constrained around 1 since
this should model efficiency, while v must be positive, and the upper bound is to
avoid exploding values. The integral is evaluated using fourth-order Runge-Kutta
integration. The fitting parameters were found to be

0.635039
0.915692
a= | 010681 | 7 = 7-38325. (3.11)

1.47275

A simulation of the trajectory using the nominal model, with the fitting parameters
(3.11) is presented below
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Figure 3.3: Nominal simulation using the model derived here for heating from
12.5 °C for 1000 s.
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From the figure, it is clear that the model derived here follows the shape of the true
temperature trajectory. Some mismatch can be seen between the nominal simulation
and the true temperatures, especially when the battery temperature starts nearing
20.5 °C. The temperature mismatch is at most 0.33 °C, and the root mean squared
error of the simulation is 0.19 °C. In closed loop, the controller will be supplied with
new temperature measurements after 5 s, meaning that this error will not compound.

The model fitting is performed on the model presented above. The fitting would
be done during the controller design stage. With time, the battery thermal man-
agement system will change, e.g. due to wear and tear of components. The fitting
would also differ depending on which vehicle is used to generate data. Different
vehicles, even from within the same vehicle model, could have different parameters
due to equipment having some design tolerances. To model this, mismatches can
be implemented. Mismatches could be changing parameters either in the control
model or in the simulator. For modeling mismatch in the heater, two functions are
applied to the heating power signal sent by the controller. Firstly the heater power
@ is multiplied by the exponential of the heater power with a negative coefficient,

CQtrue = Qexp{_kle} (312)

with ky = Wlow where Qe is the true heating power applied to the system. This
models a heater that has a nonlinear saturation in the heating regime while being
more sensitive and outputting more power in the cooling regime. This is later called
the product-exponential mismatch. Additionally a nonlinear saturation function is
also applied

in = QGXP{—knl‘Q’} (313)

which models a heater with decreasing efficiency when the power approaches its
maximum absolute value, i.e., in both cooling and heating. Note that this function
is the same as (3.12) for positive heater power.

3.2 Model Predictive Control Formulation of Ref-
erence Tracking for Battery Thermal Man-
agement

The model developed in Section 3.1 is used in a model predictive control formulation
for reference tracking in a battery thermal management system. The state to be
controlled is battery temperature T}, the inputs are pump angular velocity w and
the heater power (). The current [, is a disturbance. To improve numerical
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accuracy, these variables are scaled to the same order of magnitude

= Tbat
That = 3.14
bat Tbat,scale ( )
_ T o
Toat = 7 bat (3.15)
bat,scale
w
0 = 3.16
“ Wscale ( )
- Q
= , 3.17
Q Qscale ( )

with Tbat,scale = 100, Ibat,scale = 25, What,scale = 100, Qbat,scale = 1000. For breVitYa the
inputs are denoted as a row vector

w
u=|x|. 3.18
4 (3.8
The dynamics are also scaled
dTbat = — T
= aom (Toue (1), 0(8), T (3.19)

which constitutes the nominal control model. Note that the coolant in and out dy-
namics are implicitly part of the dynamics fom (Tbat(t), u(t), fbat>. The current I
is a disturbance. It is assumed that the root mean square value of the current over
the controller sampling time is given as a parameter for the entire planning horizon.
In practice, this would be done by a predictor that predicts the drive cycle.

The stage cost £(Tpa(t), w(t)) for tracking is defined as

S Toae(0)] _ [r2, 0]} [@ O] ([Tow®)] _ [ra,, ()
((Thae(t),u(t)) = ([ ﬂ(t() 1 - [ T;(t) ]) [O R] <[ u(t) 1 - [ TZ(t) ])
(3.20
with references r4, (t) and r4(t) and weighting matrices @ and R. The weighting
matrices are defined as the following

Q=10 T2 carc] (3.21)
(3.22)
R— [é 100] , (3.23)

The terminal cost is defined as

Vi(Toatr(T7)) = (Toat(Tf) — 1, (TF)) " Poo(Toat (Ty) — 77, (T)) (3.24)

with terminal cost matrix P, where T} is the time at the end of the planning
horizon.

The model predictive control problem is solved from the initial time ¢, to T} with
initial condition Ti.(0) = T bat,0- T is the constraint set, and 7; is the terminal
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constraint set for battery temperature, 7., is the constraint on the coolant in and
out temperatures. To ease computation, these constraints are formulated with slack
variables. Slack variables for battery temperatures are denoted as sg, | for the
lower constraint and sg, , for the upper constraint. Similarly the slack variables
for coolant are denoted as sr_,; for the lower constraint and st for the upper
constraint. There is also slack on the terminal constraint for temperature and these

are denoted as s& and s& These are constrained such that
Tbahl Tbatvu

coolL,U

0 S STbat,h STbat,lU STcoohl’ STcool:u S o0 (325>
The constraint sets for the battery temperature are thereafter formulated as
T = [Tbat,min = STyl Tbat,max + STbamu] (326)
and the terminal constraints are
7; = {Tbat,min - s%baml’ Tbat,max + S%bat’u} . (327)
For coolant in and out temperatures, the constraints are defined as
7Zool = [Tcool,min — STeool,ly Tcool,max + STcool,u] . (328)
To ensure that the constraints are still followed, the slack variables have to be

penalized heavily. They are penalized using the weighting matrices Z; for lower
slack, and Z, for upper slack, with the cost

L] 6 2] bl o

T
where s; is the concatenation of the lower slack variables s (t) = |:8Tbat:1 STcool,l}

T
and s,(t) the concatenation of the upper slack variables s)(t) = [STbatau STcool,u] :
Similarly, the terminal slack variables have cost

T
List| (ZF 0] |st
) [0 2l 0

u

where sy = ST, and s = SeTb o The slack weighting matrices are chosen such

that 7y, Zy, Z¢, Z° >>> Q, R, Ps,. The constraint set on inputs ¢ is formulated as
- Wini w

U= “min ’ Ymax ) 3.31

[ [szn] [Qmax] ‘| ( )

Finally, the model predictive control problem is formulated as
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s o) 30T 2 2] 2]

T (3.32)

Tcool,im Tcool,out € 72001
Tbat(o) - Tbat,O'

where t( is the time at which (3.32) is solved and T} is the time at the end of the
planning horizon. The problem is formulated in acados and internally discretized.
The final time T} is therefore changed to the number of shooting nodes N where

Ty = N-AT (3.33)

and AT is the sampling time. To integrate the dynamics and cost, explicit Euler
integration is used. The current [,,,4(¢) changes with time. To provide the controller
with the current during planning, it is treated as a parameter and set for the planning
horizon. The current values are taken from future values in the drive cycle, and it
is assumed that these are provided by a perfect estimator. The references r4, and
ry are also treated as parameters and are set for the entire prediction horizon. The
reference for the battery temperature is set constant to

T — Tbat,ref- (334)

For input references, the steady-state inputs are calculated. In steady state, the
temperature should ideally have the value Tiat ss = Thatref- 10 keep it at this value,
the steady state inputs ug should be such that the following holds

_ _ AT L
Tbat,ss = Tbat,ref + 0 f (Tbat,ref; Usgs, Ibat,ss) (335>

where fbat,ss is the current at the end of the planning horizon. To solve for the steady
state inputs ug, the following optimization problem is solved

ﬂssnilfii,ssRSSﬂss + (That.ss — Toatret)Qss(Thatss — That.ret) (3.36)
_ _ AT _ _
st. Thatss = Thatrer + /o f (Tbat,ref,ﬂsstat,ss) (3.37)
Toatss € T (3.38)
Tbat,ss €T
Uss €U

Tcool,ina Tcool,out S 7:7001
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where Tbat’ss is also an optimization variable to account for cases where the reference
cannot be reached, e.g. because the current is too high. With the steady-state
inputs and state, it is also possible to find the cost-to-go matrix P,,. This is done
by linearizing the dynamics (3.19) around the steady state

df (Toae (1), w(t), Tpas (t
L f (Toact), (1), T (1)) (3.30)
dTbat That,ssUss: Ibat
df (Toae (1), u(t), Tpas (t
. f (Tous () () bt (1)) (3.40)
du _ o
Tbat,ssvuss,Ibat,ss

and calculating the cost-to-go using the continuous algebraic Riccati equation

P, = CARE(A, B, Q, R). (3.41)

3.3 Model Predictive Control Formulation of Eco-
nomic Energy for Battery Thermal Manage-
ment

In the economic formulation for battery thermal management, the battery tem-
perature is to be kept within an operating region defined by the normalized bounds
Tsteadymin and T, steady, max- HeTe, Tsteadymin and T, steady, max denote the normalized tem-
perature limits, respectively. The goal is to keep the battery temperature between
these two limits while minimizing the pump power and heater power.

The formulation of economic MPC for battery thermal management follows a sim-
ilar MPC framework as in Section 3.2. The normalization of variables, the input
vector 4, and the normalized dynamics (3.19) still hold. The primary difference is
in stage cost and cost-to-go. Instead of having the cost determined by tracking a
reference state, the cost is determined by minimizing energy consumption within
the constraints. The stage cost is defined by the heater power and the pump power.
Heater power is already one of the inputs, whereas the pump power is not readily
available but is obtained via a third-order polynomial fit of the normalized pump
angular velocity w

Prump(@0) = o + 10 + c@” + c30° (3.42)
which is obtained by sampling data of the pump power Poump true(KAT) and the
pump angular velocity w(kAT) for k = 0, ..., Ndatapump With sampling time AT,
and solving the following optimization problem

Ndata,pump
. - 2
WD (Pumpine(FAT) = Py (G(RAT))) (3.43)
st. 0 < Poump (@(KAT)) (3.44)

0 < C1, C2, C3
1000 Z Cp,C1,C2,C3.
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Pump power must be non-negative to preserve its physical meaning, while the con-
stants ¢y, cg, c3 are bounded below by 0 to keep the pump power monotonic in w.
The constants are upper bounded to limit the search space. The following expression
is obtained

P

v (@) (—0.21574 + 10.05012 + 6.84987c°) (3.45)

~ 1000

for the pump power in kilowatt. For validation, the pump power expression is plotted
alongside the true data
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Figure 3.4: Fitted pump power compared to the true data. The fit follows the
underlying data closely and is positive in the operating range of the pump.

Furthermore, the heater power should be included in the cost function. The eco-
nomic stage cost function Lecon(That, #) is defined, depending on normalized battery
temperature Ty, and normalized inputs @ = [0, Q]”, as the weighted norm

2

gecon (Tbah ﬂ) = W

Yecon (Tbat> a) — Tref econ

where Yecon(That, @) is the expression for the power and battery temperature

Ppump (@)

—0.21574 + 10.05010% + 6.84987°)

Q
Tbat

Yecon (Tbat> ﬂ) = 11000 ( (346)

With 7ret.econ = [0, 0, That target) - s Where That targer 1S the normalized target tempera-
ture. The economic cost-to-go Vi econ is defined as

Vf,econ = (Tbat - rfef,econ)z (347)
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and 7. ccon = [That,target)- The cost matrices W and W, are defined as
15 0 0
w=10 15 0| ,W.=0.
0 0 O

The purpose of including the battery temperature in the cost function is to poten-
tially alleviate issues with automatic generation of Jacobians and Hessians.

To keep the battery within the operating region, constraints are imposed to keep the
battery temperature between Tsteady,min and Tsteady,max. The battery might be initial-
ized outside of this range; therefore the normalized slacks s 1 and St . are
added to the constraints. The constraint formulation for the battery temperature is
then

steady

7;teady = [Tsteady,min - gTsteadyJ’ T‘steady,max + §Tsteady7u . (348)

The slack variables might take large values if the battery is initialized far from the
operating range. A high quadratic penalty on the slack was found to lead to solver
errors because of exploding costs. Therefore, the slack penalty includes a smaller
weight on the square of the slacks and, as opposed to the formulation in Section 3.2,
also includes a linear slack penalty. The slack penalty for the state in the economic
case is therefore

_ T _

1 fTsteady )1 ZECOH,Tbat )1 O Zecoanbat )1 fTsteady B
STsteady:u 0 Zecoanbat >0 Zecoanbahu STsteadyvu (349)
1 Zecon, Thay,]  “econ,Thag,u 0 1

With Zecon, Tp,p1 a0d Zecon 1y,,,u being costs on the quadratic slack and zecon,T,,,,1 With
Zecon, Tpap,u P€INE the cost on the linear slack.

Economic model predictive control for battery thermal management can be char-
acterized as reference tracking with high penalties on overshoots (in the case of
cooling) and undershoots (in the case of heating), together with a cost on inputs
that better corresponds to the actual power usage. It is assumed that the cost on
inputs and the costs on slack formulated here balance this trade-off properly. For
a proper thermal management formulation it would be necessary to evaluate the
degraded performance of the battery when it is outside the target region.

3.4 Neural Network Formulation for Learning Model
Residuals in Battery Thermal Management

The model developed in Section 3.1 and used in the model predictive control for-
mulation in Section 3.2 is assumed to have a mismatch with respect to the true
dynamics of the system. The mismatch might arise from parameter errors or hidden
dynamics. To improve controller performance, the nominal model is extended with a
neural network trained to model the residual dynamics. Denote the neural network
for the residual dynamics as

fres(Xres(k)a @res) (350)
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where X,es(k) is the vector of inputs to the neural network at sample k& and O,
is the vector of parameters consisting of weights and biases. The vector of inputs
comes from data collected in batches of size Npaian With a sample time of AT that
is the same as the discretization time for the model predictive controller. Denote
the batches of data as X which include scaled samples of the battery temperature,
current, angular velocity, and heating power

X (k) = [Toa(k) Toue(k) @(k) Q)] . (3.51)

In the battery thermal management case, the batches of data (3.51) are used both
as the inputs to the neural network X,.s and inputs used in the nominal model
Xnom, hence inputs to both neural network and nominal model will be denoted
as X hereafter. After a batch has been collected, the neural network is trained.
Training then continues every time a new batch is collected. The neural networks
are initially trained offline on data collected from a simulation without additionally
added mismatch in heating power or parameters. This initializes the neural network
with reasonable parameters in the online learning. The network is a Multilayer
Perceptron (MLP) network. Denote the adaptive control model as consisting of the
nominal dynamics (3.5) and the neural network (3.50), as

f(X(k‘), @res> = fnom(X(k» ts- fres(X(k)a @reS) (352)

where s € {0, 1} is an integer switch that turns on the neural network. The switch
is given as a parameter. Note that the nominal dynamics could also be described
using a parameter vector O,.,; however, the parameters in the nominal dynamics
do not change, and therefore ©,,,, is dropped from the arguments for notational
convenience. For the adaptive controller, the model (3.52) is used within the model
predictive control formulation in place of the nominal dynamics. The adaptive model
is not used in the steady-state selection problem or when calculating the cost-to-go,
since these problems are sensitive to small perturbations, and the neural network
cannot be assumed to have converged at any given time step.

For training the neural network two different loss functions are used, derivative loss
and trajectory loss. In both cases, the output of the final layer, res(X, Oes) is
passed through a hyperbolic tangent function, resulting in the residual of the neural
network being

fres(X(k)a @res> = ctanh rres(X(k)a @res>‘ (353)

where c¢ is a confidence parameter. By applying a hyperbolic tangent to the last
layer, the residual dynamics become bounded, where the bound should maximally
correspond to the bound of the mismatch. Due to the true dynamics not being
available, the value of the confidence parameter ¢ is empirically obtained by tuning.
The confidence parameter additionally limits how much the neural network impacts
the nominal model, meaning that it can be set low if the neural network should
only make minor adaptations to the model. Although using a hyperbolic tangent
saturates the residual, prior work using HardTanh, a piecewise-linear approximation
of the hyperbolic tangent, has been shown to still be able to have explanatory power

[39].
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3.4.1 Formulation For Derivative Loss

It is necessary to obtain the dynamics of the plant such that the loss function de-
scribed in Section 2.3 can be utilized by the neural network. The dynamics can be
calculated directly from temperature data, using e.g., an Euler derivative; however
this operation amplifies quick changes and results in a non-smooth and poorly condi-
tioned derivative. To learn the underlying physics of the dynamics, a Savitzky-Golay
filter is used to smooth the collected temperature data. The Savitzky-Golay filter
fits this data to a polynomial and then calculates the derivative [40]. This filter func-
tions as a low-pass filter but with small attenuation in the pass-band and therefore
results in less information loss compared to using a standard low-pass filter. This is

how the true plant dynamics f(Xy, ©g) are approximated, and the approximation
is denoted by fsa(Xo, ©o).

A neural network that uses derivative loss, described in Section 2.3, is trained for
the adaptive updates of the battery thermal model.

Nbaten—1 ~
Lier = Nl Z (fSG(XO(k)v 60) - f(X(k)v 6res)>2 (354)
batch  [—q

where L, is the loss function defined as the mean squared error (MSE), and Npaen
is the batch size of the collected data. By minimizing (3.54), the adaptive model
J(X(K), Ores) approximates the filtered dynamics, and hence the residual learns the
mismatch. The loss (3.54) is minimized by the AdamW optimizer. To avoid rapid
changes in the neural network parameters, the gradient norm VgLge is clipped if
it exceeds a threshold 7j,c. The optimizer runs for Nepoens epochs per update. The
network settings are presented in Table 3.2.

Table 3.2: Hyperparameters for neural network for tracking battery temperature
using derivative loss.

Parameter Value
Number of hidden layers 2
Hidden dimension 16
Learning rate (n) 1073
Batch size (Npaten) 200
Epochs (Nepochs) 200
Weight decay (Awa) 0.1
Confidence ¢ 0.001

Gradient max norm y,. 0.01

A pseudocode algorithm of the derivative loss formulation is shown in Algorithm 1.
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Algorithm 1 Neural Network Training with Derivative Loss for the BTM system

Require: Collected batch of temperature and input data {Tha(k), X (k)}abaeh =t
where X (k) is the regressor vector used in the adaptive model.

Require: Savitzky-Golay filter parameters (window length, polynomial order).

Require: Neural network parameters O, (initialized offline), optimizer AdamW
with learning rate ), weight decay Aq, gradient norm threshold ~j.., and number
of epochs Nepochs-

Ensure: Updated residual network parameters © ..

1: Step 1: Estimate plant dynamics using Savitzky—Golay filter
2: for £k =0 to Npaen — 1 do
3: Apply Savitzky-Golay filter to {T1,.:(j)} to obtain smoothed derivative

4: That,sc (k) .

5: Set fs(;(Xo(k), @0) < Tbat,SG(k)

6: end for

7: Step 2: Train residual network using derivative loss
8: for e =1 to Nepochs do > Epoch loop
9: Initialize accumulated loss: Lger < 0

10: for Kk =0 to Npaten — 1 do

11: Compute adaptive model output

12: J(X(k), Ores) = from(X (K)) + fres(X(K), Ores)
13: Compute sample loss ,

14; b (fsa(Xo(k), ©0) — F(X(k), Oes))

15: Accumulate loss

16: ﬁder — Acder + gk

17: end for

18: Normalize loss:

19: Laer <= Lder/Nbaten

20: Compute gradient w.r.t. O,:

21: g < V@resﬁder

22: Clip gradient norm if necessary:

23: if ||g|l2 > 7Vjac then

24: g<—’7Jac'g/||g||2

25: end if

26: Update parameters with AdamW:

27: Ores  AdamW (O, 9,1, Awa)

28: end for

29: return O,

After running Algorithm 1, the residual neural network fes(X (k), Ores) is then tested
on data that were not part of its training to see if it outperforms the null hypothesis.
The null hypothesis is here considered to be the nominal controller, i.e. a residual
that is zero. If the residual neural network outperforms the null hypothesis, the
switch parameter in the model f(X (k), ©,e), equation (3.52), is turned on by s = 1,
otherwise the switch is turned off by s = 0.
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3.4.2 Formulation for Trajectory Loss

A neural network using trajectory loss, described in Section 2.3, is trained to provide
adaptive updates to the battery thermal model. Compared to the theoretical frame-
work in Section 2.3, the hyper trajectory loss formulation is discretized, data on
battery temperatures and currents filtered through a Savitzky-Golay filter, and ad-
ditional steps are introduced to improve training as described below. The predicted
temperature is calculated by Euler integration using step size AT as

Tbat,traj(k + 1) = Tbat,traj(k> + AT (fnom(X(k)) + freS(X(k)’ @res)) + UTbat(k) =
== Tbat,traj (k> + AT : f(X(k), @res) + O'Tbat<k) (355>

which gives a trajectory That traj to be used in the loss formulation, and where o, , (k)
is a small Gaussian disturbance added to the prediction to teach the neural network
not to overreact to small changes and to instead learn the underlying physics. For
k = 0, the true battery temperature Ty, at this sample is given. The temperature
is then simulated forward. The simulation can be performed for the entire batch
size Npaten. However, to prevent the model from learning to minimize its own drift,
after Nyoning steps the trajectory is reinitialized with the true battery temperature
Tbat

Tbat(k + 1) if (/{3 -+ 1) mod Nrolling =0

R 3.56
T ons(k) - AT - X (k). Ou) + o (F) otherwise 0

Tbat,traj<k + 1) = {

which is an application of teacher forcing. The prediction error ¢ is calculated as

e(k) = {(Tbat(k) — Thatiraj (k) if [Thas(k) — Thattraj(K)| > Ethresn

) (3.57)
0 otherwise

where €presn is the threshold above which the neural network should identify an
error. The threshold parameter is set to limit the neural network from overcompen-
sating for small errors and thereby increase robustness. The trajectory loss is then

calculated as
Nbatch -1

Loaj= Y. whe(k)? (3.58)
k=0
where w is a weighting factor that is greater than 1. This weighting reduces the
dominance of early errors in the loss, since early errors compound over the trajectory.
In addition to the trajectory loss, a loss on the norm of the Jacobian with respect
to the battery temperature is employed. Denote the Jacobian loss as

Nyatcn—1

Lic=" D Nacl Vi Sres (X (R))13 (3.59)
k=0

where A, is the weight on this loss. The Jacobian loss is introduced to steer
the network away from large gradients, since these could lead to aggressive control
actions and numerical instability. The total loss function thus becomes

*Ctotal,traj = 'Ctraj + ‘Cjac- (360)
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The AdamW optimizer then takes steps to reduce this loss. The norm of the gradient
of the neural network parameters is clipped above 7j,. to avoid rapid changes and
to improve generalization. This idea is inspired by [41], where a neural network was
developed that had a limit on the spectral norm of each layer to constrain their
Lipschitz constant. The loss is then recalculated using the updated neural network,
and this process repeated for Nepochs €pochs. In contrast to the derivative loss
training, the switch in the adaptive control model (3.52), is always turned on s = 1
after initial training. For an overview of the hyperparameters in the neural network
for reference tracking of battery temperature using trajectory loss, see Table 3.3.

Table 3.3: Hyperparameters for neural network for reference tracking of battery
temperature using trajectory loss.

Parameter Value
Number of hidden layers 2
Hidden dimension 32
Learning rate (n) 1072
Batch size (Npaten) 200
Epochs (Nepochs) 200
Weight decay (Aya) 0.1
Confidence (c) 0.001
Jacobian weight (Ajac) 0.1
Prediction noise (o, ) 0.005
Error threshold (&¢nresh) 0.1
Teacher forcing interval (Nyolling) 20
Gradient max norm (Yyac) 0.1

The hyperparameters vary slightly for the thermal management implementation,
since the nature of the problem is different, and can be seen in Table 3.4.

Table 3.4: Hyperparameters for neural network for thermal management using
trajectory loss.

Parameter Value
Number of hidden layers 2
Hidden dimension 32
Learning rate (n) 1073
Batch size (Npaten) 200
Epochs (Nepochs) 200
Weight decay (Aya) 0.01
Confidence (c) 0.001
Jacobian weight (Ajac) 0.1
Prediction noise (o7, ) 0.001
Error threshold (&gpresn) 0.2
Teacher forcing interval (Nyoning) 20
Gradient max norm (Yyac) 0.1
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In the thermal management problem, after the battery enters the target region,
the control inputs are naturally smaller since the battery temperature is allowed to
vary more; therefore, the corrections should be more careful. A pseudocode for the
trajectory training algorithm is shown in Algorithm 2.
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Algorithm 2 Neural Network Training with trajectory Loss for BTM

Require: Batch of measured data {Tpa(k), X (k)}obuen !
Require: Nominal model fuom, residual NN fio(-,Os), adaptive model

f(X7 ®res) = fnom(X) + freS(X7 ®res)
Require: Hyperparameters: AT, w > 1, Nac, Ethreshs Nroliing, prediction noise std.
o1, gradient norm threshold vy,., AdamW settings (7, Awa), number of epochs

Nepochs
Ensure: Updated NN parameters O,
1: for e = 1 to Nepochs do > Epoch loop
2: Initialize trajectory loss: Liaj <= 0

3: Initialize Jacobian loss: Lisc < 0
4: Set initial predicted temperature That traj(0) = That(0)
5: for £ =0 to Npgten, — 1 do
6: if (k+1) mod Nyling = 0 then
7: That traj(k + 1) <= That(k+ 1) > Teacher forcing
8: else
9: Sample prediction noise v ~ N (0, J%bat)
10: Tbat,traj<k + 1) A Tbat,traj(k) + AT - f(X<k)7 ®res) + Vg
11: end if
12: Compute prediction error
13: O That(k) — That,traj (k)
14: if ’5k| > Ethresh then
15: e(k) « oy
16: else
17: e(k) <0
18: end if
19: Accumulate trajectory loss
20: Liraj + Liraj + wFe(k)?
21: Compute Jacobian penalty term
292: Ji =V, fres(X(k), Ores)
23: Liac + Liae + Njac || Jkll3
24: end for
25: Compute total loss:
26: £t0ta1,traj — £traj + £jac

27: Compute gradient g <= Vg, Liotal traj
28: if ||g||2 > YJac then

29: g < Yiac - 9/l9ll2 > Gradient clipping
30: end if

31: Update parameters with AdamW:

32: Ores  AdamW (O, 9,1, Awa)

33: end for

34: return O,
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3.4.3 Integration of Neural Networks for Residual Dynam-
ics into a Model Predictive Control Framework

The neural networks in this section are formulated using PyTorch. The formulations
of the model predictive control problems in Section 3.2 and Section 3.3 are imple-
mented in acados, which is built on top of CasADi. CasADi has support for symbolic
representations of variables and functions, as well as the algorithmic differentiation
of these. Algorithmic differentiation is required to compute the Jacobians and the
Hessians used within the optimization problem. A multilayer perceptron consists of
layers, where each layer performs an affine transformation (which in turn consists of
matrix multiplications and summations) that is then passed through an activation
function. If the output is fed into another hidden layer, the same operations are
applied. All of these operations can be represented symbolically. Therefore, the
network can also be represented symbolically by constructing it using symbolic vari-
ables for the inputs and parameters. From this symbolic representation, it is then
possible to obtain Jacobians and Hessians by differentiating the network. Parame-
ters of the network can then be supplied as parameters to the optimization problem.

However, rebuilding the network symbolically in CasADi introduces overhead, for
example, copying parameters from the neural network. Therefore, the L4CasADi
framework is used to more efficiently perform these operations. L4CasADi [17]
provides functionality to convert a neural network formulated in PyTorch into the
CasADi framework. L4CasADi constructs the symbolic representation of the net-
work and calculates the Jacobian and the Hessian of the network. These are then
stored as a shared library. From the shared library, the framework then loads these
symbolic representations into CasADi functions, which can then be used as standard
CasADi functions. The exported functions are used in the dynamics model of the
MPC problem. L4CasADi supports efficient online updates of the MLLP parameters.
Further, the L4CasADi-generated functions can be supplied to acados through the
shared libraries. The precursor to the L4CasADi framework has been used by its
creators in adaptive model predictive control of quadrotors and agile robotic plat-
forms [16]. The code developed here was based on [15] and example files from the
GitHub repository for L4CasADi [42].

3.4.4 Tuning for Neural Networks in Adaptive Model Pre-
dictive Control

The neural networks presented in this section have architectural design choices and
hyperparameters that require tuning. For the architecture, the key considerations
are the size of the network (including the number of layers and the hidden dimension)
and the activation functions. The design of the architecture hinged on the following
ideas:

1. Lightweight architecture for real-time MPC

2. Differentiable output for reliable differentiation and optimization
which were considered constraints on the design choices. Making the network ar-
chitecture as lightweight as possible is necessary both to make the model predictive

36



3. Methods

control optimization feasible with the given sampling time and to avoid overfitting.
The choice of the hyperbolic tangent as an activation function hinged on the ne-
cessity of having a differentiable neural network output. Other common activation
functions, such as rectified linear units (ReL.Us), are non-differentiable at zero and
produce non-smooth mappings, which may be problematic for MPC solvers. The
hyperbolic tangent, by contrast, is smooth and differentiable everywhere.

Since the goal of adaptive model predictive control is generalizability, the hyperpa-
rameters were kept constant for different scenarios, e.g. heating or cooling. However,
differences were allowed between reference tracking and economic model predictive
control, since these controllers have different performance objectives. Available hy-
perparameters to tune can be seen in Table 3.5. Starred hyperparameters (*) cor-
respond to hyperparameters that exist only in the trajectory loss formulation.

Table 3.5: Description of tunable hyperparameters for neural networks. Starred *
hyperparameters are only used in trajectory loss.

Hyperparameter Description

Number of hidden layers Determines the expressivity of the neural network
Hidden dimension Determines the expressivity of the neural network
Learning rate (n) Sizes of gradient descent steps

Epochs (Nepochs) Number of times learning is performed

Batch size (Npaten) Number of data points on which to train the network
Weight decay (Ayq) Decay on neural network weights

Confidence (c) Scaling of the residual output

Gradient max norm (7jac) Clipping threshold for the gradient of parameters
* Jacobian weight (Ajac) Weight of the Jacobian loss

* Prediction noise (o, ) Noise added during training

* Error threshold (€presn) Size of errors to be included in training

* Teacher forcing interval (Nyoning) Simulation steps before re-initialization

The number of hidden layers, together with the hidden dimension, determines the
function space of the neural network. Larger values allow the neural network to out-
put functions with a larger range and thus more complex behavior. Consequently,
using such a neural network in an MPC optimization will increase the solver’s com-
putational time. Additionally, large values for the number of hidden layers and the
hidden dimension risk overfitting the network. However, a neural network with few
layers and a small hidden dimension becomes a low-order nonlinear mapping, which
may not justify the use of neural networks. Since the goal of the thesis is to evaluate
neural networks in model predictive control, the minimal architecture considered
uses two hidden layers with a minimum hidden dimension of 16.

The number of epochs determines how many steps are taken in the AdamW opti-
mizer. More epochs should result in better-trained neural networks but also increase
the training time. Ultimately, the model update should be performed as close as pos-
sible to the time when the data were collected; therefore, the number of epochs was
small compared to traditional deep learning. The learning rate was kept as high as
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possible to ensure that the neural network optimizer takes meaningful steps towards
the minimum while not overshooting any minima. The learning rate is relatively
large compared to traditional deep learning, partly because the number of epochs
was relatively small. The tuning approach treated the batch size as something that
should be as large as possible while still allowing the neural network to update often
enough to incorporate new information. For the drive cycle under consideration
here, and with the controllers used here, roughly the first 1000 s will involve a pure
heating or cooling scenario, where a high power and a high coolant flow rate are
used. After the first 1000 s, the battery will enter a region where the pump power
and coolant flow are decreased, since the controller wants to maintain its purported
steady state. The weight decay was kept relatively large to ensure that the network
is regularized.

Confidence in the nominal model is high, since it performs well in simulations for
matched models. Thus, the confidence ¢ was set low to bound the maximum cor-
rection made by the neural network. Clipping the maximum gradient norm of the
parameters (7jac) restricts the magnitude of the gradients the neural network pro-
duces, which limits rapid changes in the learned residual and helps maintain stability
and smoothness.

The Jacobian weight is a penalty on the Jacobian of the residual neural network
with respect to the battery temperature, and it should be set such that the residual
network becomes smooth to facilitate its use in the MPC optimization. The pre-
diction noise or,,, determines how much noise is added to the predictions generated
by the neural network. This should teach the neural network not to overreact to
slight deviations but instead to learn the underlying physics. The error threshold
Etnresh determines which errors the neural network should attempt to remedy. If this
is set too low, the neural network will try to explain every variance between the
nominal and true values. Trying to remedy small errors is meaningless because of
the closed-loop approach used. Therefore, this was set towards higher values. The
teacher forcing interval determines how many steps the trajectory loss formulation
takes before being reinitialized with the true temperature. The residual network
should learn to perform simulations that are accurate over the entire MPC horizon.
However, during training, errors are partially due to the neural network residual. If
this is too high, then the neural network will contribute too much of the error itself
and will only learn to counteract its own bias, instead of learning to remedy the
error in the physics.

Tuning of these values was initially performed offline. The neural network was
trained on a batch of data, and its performance was then evaluated on a test dataset
outside the training data. Because of the neural network’s ability to model complex
relationships, it was found that very low errors on both the training and test data
could be obtained. However, this does not guarantee good closed-loop performance.
It is possible that relations that might explain residuals on the training and test
data are learned but that then degrade control performance. An example would
be that the neural network, instead of learning that the current contributes much

38



3. Methods

heating, instead believes that the heating power is stronger than it actually is.

Such behavior was found when testing the adaptive controller. Hyperparameters
that fit the data perfectly on the test set were then applied in an online context and
were found to decrease performance. Therefore, the system identification cycle was
employed by first tuning hyperparameters offline and then testing them online, using
closed-loop performance to iteratively adjust them. In the online setting for refer-
ence tracking, the tracking error together with the cost was used as a performance
indicator. For economic model predictive control, the cost, together with potential
violations of the temperature constraints, was used as a performance indicator.

3.5 Formulation of Cascaded Tank Benchmark

Cascaded tanks are used as a benchmark problem to evaluate the adaptive model
predictive control method developed. Cascaded tanks are a common benchmark in
nonlinear system identification, being part of three proposed benchmarks in [43].
Instead of using a dataset, a model of the cascaded tanks will be used and then used
in a model predictive control framework. The residual neural networks for adaptive
control of cascaded tanks will also be defined.

3.5.1 Modeling of a Cascaded Tanks System

The benchmark is a cascaded tank system. It consists of two tanks aligned vertically,
where the outlet of one tank feeds into the inlet of another. The governing dynamics
are determined through Torricelli’s law and conservation of mass. The first tank is
filled with water through the inlet pipe. The cross sectional area of this tank is A;.
At the bottom of this tank is a connecting pipe with cross section a; that connects
the first tank to the second tank. Water flows out from the second tank through a
pipe with cross section as. The cross section of tank 2 is A;. The water level in each
tank, with regards to the bottom of the respective tank, is hy and hy respectively.
The flow of water into the first tank can be controlled using the input uc. The
cascaded tanks are illustrated in Figure 3.5.

39



3. Methods
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Figure 3.5: Diagram of Cascaded Water Tanks.

Torricelli’s law relates the speed of a liquid flowing out of an orifice to the height
from the liquid surface to the center of the hole as the following:

v =/2gh (3.61)

where v is the speed of the liquid through the orifice, g is the gravitational constant,
and h is the height from the liquid surface to the center of the hole. The change in
volume with respect to time of a tank constant surface area is defined as

V = Ah (3.62)

where A is the cross sectional area of the tank and & is the change in water level
with respect to time. The change in volume with respect to time of a pipe with
constant surface area is defined as

V=a-v=a-/2gh (3.63)

where a denotes the cross sectional area of the pipe. Mass flow rate is related to
volume flow through the following relation

m=p-V (3.64)

with p is the density of the liquid. Using this the mass flow rate through the
inlet /outlet pipe can be described as the following

Mank = p - A - I (3.65)

Mpipe = P - G- \/2gh. (3.66)
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Additionally, water flows into the first tank by a pump. This term is defined as

minput - kconv,cct * Uect, (367)

with u being the voltage applied to the pump, Econvcet being a unit conversion
constant. The law of conservation of mass dictates that

mtank + mpipe + minput =0 (368)

This is the mass balance equation. Note that a mass balance applies to each tank.
Rearranging the mass balance and solving for h the following dynamics are obtained

;ll Mucct - = 2gh1
CC h ) h 9 uCC = . = pAl Al 369
Jeet (P, ha, Ucct) [hj [3‘11,/29}“ — 2V2ghs ( )

where the mass balance has been performed for each tank. Note that the input is
applied upon the first tank. For the equation to hold it is important that a; << A;
and ay << Ay. Equation (3.69) is a nonlinear state equation due to the square root.

3.5.2 Model Predictive Control Formulation of Tracking Prob-
lem for Cascaded Tanks

The model developed in Section 3.5.1 is used in a model predictive control formu-
lation for reference tracking of water level in the cascaded tanks. The states are
defined as the water level of each tank and are denoted as @ee; = [h1 ho]T and e
being the control input. The dynamics are denoted as

-j?cct = fcct(hla h2> ucct) = fCCt(xCCta ucct) (370)

The stage cost Leet(Tect (1), Ueet (1)) is defined as
gcct(xcct (t), Ucct (t)) =
o Lect (t) rx,cct(t) g Qcct 0 Lect (t) Tx,cct (t)
N ([Ucct(t)] B [ru,cct(t)‘|> [ O Rcct] ([Ucct(t)] B |fu,cct(ﬂ]> (371)

with references ry cct(t), Tucet (t) and weighting matrices Qect and Rect. The weighting
matrices are defined as

10
Qect = 10 lO 1] (3.72)
3.73)
Ret = 0.1 (3.74)

The terminal cost is defined to be the same as the stage cost, i.e. the Riccati based
terminal cost is not computed here. The model predictive control problem is solved
from an initial time ¢, to a final time 7 with the initial condition 2. (0) = zg cct-
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Xt is the state constraint set and U, is the input constraint set. The constraints
are formulated as the following

cht = [hmin7 hmax] (375)
z/{cct - [umim umax] (376>
Where Amin = [Pmin1, Pminz)” denotes the minimum liquid level for both states,
Pimax = [Pmax.1, Pmax,2]’ denotes the maximum liquid level for both states, min cct

denotes the minimum pump voltage, and Umax ot denotes the maximum pump volt-
age. The model predictive control problem is then formulated as the following

Ty
min / Lect (fEcct (t)7 Uect (t)) dt

Tect,Ucct to

s.t. ftcct(t) = fcct (xcct(t)a ucct<t))
'rcct(t) S cht (377)
Uect, (t) S ucct
xcct(()) = Z0,cct
where t( is the time at which (3.77) is solved and T} is the time at the end of the

planning horizon. The problem is formulated in acados and internally discretized.
The final time T is there changed to the number of shooting nodes N where

Ty = N-AT (3.78)

where AT is the sampling time. The integration of dynamics and cost the classic
Runge-Kutta 4 scheme is used. The state and input references are set as the following

. hl,ref
Tx,cct - [hQ,ref] (379)
Tu,cct = Uref,cct (380)

Note that model mismatch is introduced meaning that there is a difference between
the control model dynamics and the true dynamics. The true model parameters are
presented in table 3.6.

Table 3.6: True parameter values.

Parameter Value Units
g 9.81 =

a 0.1 m?

as 0.1 m?
Al 1 m2
AQ 1 m2

k 1000 kgm
p 1000 ¢

Mismatch is introduced by setting the cross-section are of the connecting pipe to
a1 = 0.7 - a; and the cross section area of the outflow pipe as ay, = 0.7 - a in the
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control model, and additionally introducing a nonlinear saturation on the output in
the plant model

Teet = Uect, - exp{ _‘;L(;Ct‘ } (3.81)

Relevant simulation parameters are presented in table 3.7.

Table 3.7: Simulation parameters.

Parameter Value Units

AT 0.5 s
N 50  N/A
hl,init 0.5 m
h'2,init 0.5 m
hlyref 1.0 m
h27ref 1.0 m
Uref cct 0.0 \Y
hl,min 0 m
hl,max 2.0 m
h2,min 0.0 m
ha max 2.0 m
Umin 0.0 Vv
Unax 0.8 A%

3.5.3 Neural Network Architecture for Cascaded Tanks

For the cascaded tanks the neural network has inputs X .. = [h1, ho, u|, parameters
6res,cct and two OUtPUtS fres,h1 (cht7 @res,cct) and fres,hg (chta 6)I"es,cct> COrTeSponding
to the residual on the water level in tank 1 and in tank 2. The control model in the
adaptive controller thus becomes

fcct (chta @res,cct) = fnom,cct (cht) + fres,cct (cht> @res,cct) (382)

where fres cct (Xects Orescet) 18 the concatenation of the two neural network outputs
and fuom,cct(Xeet) 1 the nominal model with mismatched parameters a; and a,.
Training and implementation is done analogous to Section 3.4, except that no fil-
tering is done since true dynamics can be queried, no clipping of the gradient of the
parameters is performed and no noise is added in the training of the trajectory loss.
Since this is a benchmark the architecture of the neural network was not restricted
to be larger than necessary. For hyperparameters of the derivative loss formulation
consult table 3.8.
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Table 3.8: Hyperparameters for neural network for cascaded tanks using derivative

loss.
Parameter Value
Number of hidden layers 2
Hidden dimension 8
Learning rate (7cct) 1072
Batch size (Npatch,cct) 50
EpOChS (Nepochs,cct) 100
Weight decay (Awd,cet) 0.3
Confidence ¢ 2

For hyperparameters of the trajectory loss formulation consult table 3.9.

Table 3.9: Hyperparameters for neural network for cascaded tanks using trajectory

loss.
Parameter Value
Number of hidden layers 2
Hidden dimension 8
Learning rate (7)) 102
Batch size (Npateh,cet) 50
EpOChS (Nepochs,cct) 100
Weight decay (Awd,cet) 0.01
Confidence (cect) 0.2
Jacobian weight (Ajac,cet) 0.01

Teacher forcing interval (Nyoliing,cet) 10

Note that for this benchmark the confidence parameter could be chosen to match the
maximum magnitude of the known model mismatch. In practice, due to the simple
nature of this problem this was not deemed necessary and an arbitrary confidence
was assigned that performed well in simulation.
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Results

This chapter presents results for the cascaded tank benchmark, the reference track-
ing for the battery thermal management system and economic cost formulations for
battery thermal management.

4.1 Benchmark: Cascaded Tanks Using Deriva-
tive Loss and Trajectory Loss

The cascaded tanks benchmark is used to evaluate the methods for adaptive model
predictive control described in section 3.4.1 and 3.4.2. The trajectories are simulated
using Runge-Kutta 4 integration of the true plant function. Since the plant is
simulated using an explicit model, the instantaneous derivative and trajectories can
be evaluated directly, which removes the need for filtering. The inputs to the neural
network are the water level in the two tanks h; and hy together with the input w.
Both tanks are initialized at heights of 0.05 m and the reference for both tanks is 1
m. In Figure 4.1 the water level for tank 1 is presented controlled by the adaptive
controller using derivative loss, blue line, and the nominal controller, red line.

1.15

== Derivative loss
1.1 = Nominal
= Reference
1.05 - ol

Water level tank 1 (m)

Neural network on

0 10 20 30 40 50 60
Time (s)

Figure 4.1: Reference tracking for cascaded tanks on a matched model for water
level in the first tank. Adaptive controller uses derivative as loss function.

After an initial overshoot, both controllers start tracking the reference closely. Sim-
ilarly, for the water level in the second tank, Figure 4.2 shows that both controllers
follow the reference closely.
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== Derivative loss
1.1 == Nominal
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Water level tank 2 (m)
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Time (s)
Figure 4.2: Reference tracking for cascaded tanks on a matched model for water
level in the second tank. Adaptive controller uses derivative as loss function.

That the adaptive controller operates similarly to the nominal controller, on a
matched model, indicates that the neural network correctly learns that the resid-
ual dynamics should be zero. This is, however, not a guarantee that, with limited
training, a neural network converges to the true solution. Nevertheless, the case
presented here is simple and indicates that neural networks can be used on matched
models without necessarily degrading control performance. For a mismatched model,
presented in Figure 4.3, the mismatch between plant and control model leads to de-
graded performance of the nominal controller. The nominal controller overestimates
the water level, both because it assumes that the water outflow is lower and because
it assumes that the input is more effective. In turn this leads to a steady state error
of roughly 0.05 m.

1.15
== Derivative loss
1.1 == Nominal

= Reference

Water level tank 1 (m)
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Time (s)

Figure 4.3: Reference tracking for cascaded tanks on a mismatched model for
water level in the first tank. Adaptive controller uses derivative as loss function.

The adaptive controller instead identifies this mismatch, updates the model, and
after several training instances starts tracking the reference. The same behavior can
be observed for the water level in tank 2.
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Figure 4.4: Reference tracking for cascaded tanks on a mismatched model for
water level in the second tank. Adaptive controller uses derivative as loss function.

These results indicate that the derivative loss based adaptive MPC can successfully
identify and compensate for model mismatch in this benchmark. suggesting that
the method is promising for more complex control tasks. Next the performance of
trajectory loss is evaluated. The water level of tank 1 for both adaptive controller
using trajectory loss and the nominal controller is presented in Figure 4.5 on a
mismatched plant.
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Figure 4.5: Reference tracking for cascaded tanks on a mismatched model for
water level in the first tank. Adaptive controller uses trajectory as loss function.

In the same way as when using derivative loss the adaptive controller identifies the
mismatch and starts tracking the reference. It is interesting to note however that
the trajectory for the adaptive controller using trajectory loss is not the same as for
the adaptive controller using derivative loss, with there being slight differences. The
same behavior is seen for the water level in tank 2.
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Figure 4.6: Reference tracking for cascaded tanks on a mismatched model for
water level in the second tank. Adaptive controller uses trajectory as loss function.

The water level reaches the reference for both tanks, even with this being a mis-
matched system. As for the derivative loss, the trajectory loss formulation shows
promise for more complex control tasks.

The benchmark adaptive control problem presented here is a simple case of mis-
match being introduced. The mismatch in the model is based purely on mismatches
in the dynamics, i.e. in the derivatives. Additionally the mismatch is time-invariant,
meaning it is the same for all steps in the prediction horizon. The similar perfor-
mance of the derivative loss and trajectory loss controllers here should not be seen
as a general result. As discussed in section 2.3, the minimization of the two different
loss functions is not equivalent and care should be taken when deciding between the
two formulations. Additionally, that both controllers performed well on matched
models, cannot be seen as a general result. Since the models are matched, and the
loss calculation has access to function descriptions of the dynamics, the loss will be
zero. Even if it could take time to converge to a network with zero weights in each
layer, there will at least not be additional errors introduced from trying to estimate
the dynamics.

4.2 Reference Tracking for Battery Thermal Man-
agement Using Nominal and Adaptive Model
Predictive Control

This section presents results for reference tracking using nominal and adaptive model
predictive control (MPC). The reference is set to Thatrer = 20.5 °C. Both heating
and cooling performance are compared, heating corresponds to an environment tem-
perature of 5 °C, and cooling corresponds to an environment temperature of 36 °C.
These temperatures are chosen to both be the same distance to the reference. The
initial battery temperature is set equal to the environment temperature. Model
mismatch is introduced in some scenarios as described in Section 3.1, by increasing
the environmental losses and modifying the effective heater power. Two nonlinear
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heater characteristics are considered. In the first, the heater power is multiplied by
an exponential term, denoted as P-E. In the second, a nonlinear saturation func-
tion is applied to the heater power, denoted as N-S. For positive heater power, the
P-E and N-S functions coincide. Therefore N-S is only used in cooling cases, even
though it would still have a minor effect in heating since the controller might still
send negative heater input. The simulation scenarios are presented in Table 4.1.

Table 4.1: Simulation parameters for reference tracking.

Scenario Initial temperature Heater function Environmental losses
Heating 5°C None 20 W/(m’K)
Heating, P-E 5 °C P-E 600 W/(m’K)
Cooling 36 °C None 20 W/(m’K)
Cooling, P-E 36 °C P-E 600 W/(m’K)
Cooling, N-S 36 °C N-S 600 W/(m’K)

Note that, although the scenarios are named according to the heater function, the
the environmental losses are the dominant source of model mismatch.

All simulations are run for 7422 s which corresponds to three full drive cycles. To
collect sufficient data for training, the neural network is turned off for the first 1000
s, i.e. the controller is run on a purely nominal model. Costs are compared by
evaluating the cost functions defined in Section 3.2. To avoid being overly reliant on
the steady state inputs, which are calculated based on the control model, the input
references are set to 0. Additionally the root-mean squared error (RMSE) of the
tracking error is presented. Since the battery temperature might still be far away
from the steady state at 1000 s the RMSE is calculated on data from the time step
after the first controller reaches the reference, so that the steady-state tracking is
not overshadowed by behavior far away from the steady state. Denote the time that
the first controller reaches the reference as tgcady, then the sample this happens at
iS Nsteady = tsteady/AT. Denote the ending time of the simulation as Tymulena and
the sample of this is Ngmutend = Tsimutend/AT. The RMSE is then calculated as

1 Nsimul,end

RMSE - Z (Tbat,ref - Tbat(k>>2 (41>
Nsimul,end - Nsteady k=N,

teady

where Ti. (k) is the battery temperature at sample k. In the following subsections,
the performance of the nominal and adaptive MPC schemes for the heating and
cooling scenarios listed in Table 4.1 is compared using these metrics.
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4.2.1 Reference Tracking in Battery Thermal Management
Systems with Trajectory Loss Adaptive Model Pre-
dictive Control

This section presents the reference tracking behavior of both nominal and trajectory
loss adaptive controllers in the battery thermal management system. The adaptive
controller employs a neural network pretrained on a matched heating scenario. In
Figure 4.7 the results for the matched heating scenario are presented. The adaptive
controller is shown in blue, the nominal controller in red, and the temperature
reference is indicated as a dashed line.
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Figure 4.7: Adaptive and nominal controller tracking behavior for a matched
model in a heating scenario. The nominal controller tracks the reference closely
while letting the temperature drop between current spikes. The adaptive controller
undershoots the reference generally and also has a large spike around 3500 s.

The figure shows that both controllers converge to a neighborhood of the reference,
with both controllers intersecting the reference after roughly 2200 s. The RMSE for
the nominal is 0.13 °C while for the adaptive it is 0.33 °C. Thus, neither controller
follows the reference perfectly. The nominal controller exhibits dips followed by
small overshoots at roughly 3000 s, 5000 s and at 7000 s. These are instances prior
to spikes in current where the temperature dips. These deviations signify that the
controller lets the temperature decrease and then use the current heating to reach
the target again. For perfect reference tracking it would be desirable to follow the
reference with no such deviations. However, the MPC cost penalizes input usage,
so that the high cooling required to stay at the reference might not be worthwhile.
In tracking battery temperature, small deviations are acceptable, since the actual
battery performance under slight deviations is not heavily impacted. The adaptive
controller follows a similar pattern, but exhibits a strong overshoot at 3500 s and
otherwise generally undershoots the reference, particularly between 4000 s and 6000
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s. Computing the online costs for both controller shows that the adaptive has a
roughly 160 % higher cost. Together with the higher RMSE, this indicates that,
in the matched model case considered here, the online adaptation of the model de-
grades closed-loop performance.

The heating P-E scenario is presented in Figure 4.8. Because of the exponential satu-
ration on the heater, and due to the increased environmental losses, both controllers
take longer to regulate the temperature towards the reference, with the nominal
controller never intersecting the reference. The adaptive controller intersects the
reference at roughly 5000 s, while being in the neighborhood of the reference af-
ter 3000 s. Similar to the matched case, both controllers exhibit the same dipping
behavior between current spikes. The effect of model mismatch on the nominal
controller becomes apparent. It has a RMSE of 1.22 °C and exhibits a persistent
undershoot of the reference. The control model predicts that with the current input
it should be able to heat up the battery, but instead it is only enough to not lose
temperature. If the controllers were not operating in feedback, this error would thus
have been much larger. The adaptive controller instead maintains the temperature
much closer to the reference, with an RMSE of only 0.21 °C.
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Figure 4.8: Adaptive and nominal controller tracking behavior for heating P-E
scenario. The nominal controller has a clear undershoot of 1 °C to 1.5 °C. The
adaptive controller instead tracks the reference closely.

Comparing costs gives that the adaptive achieves a roughly 44 % cost decrease com-
pared to the nominal controller. Moreover, it does not appear to undershoot the
reference in the same way it did for the matched case. Under high model mismatch,
which this scenario simulates, the neural networks is exposed to more informative
data because the residuals are larger. This behavior may be explained by the in-
creased informativeness of the data under mismatch.
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Cooling on a matched model is presented next. The nominal model parameters
were fitted for a heating scenario, meaning that some degradation in performance
for cooling should be expected. This is corroborated by the RMSE which is 0.25 °C
compared to 0.13 °C for the matched heating case. However, as can be seen in
Figure 4.9, the nominal controller still performs reasonably well. It does not track
the reference as well as it did in the heating case, generally maintaining a slight
undershoot relative to the reference. Additionally, the adaptive controller reaches
the reference quicker at 1500 s compared to the nominal reaching it roughly 300 s
later. However, the adaptive then drifts below the reference, undershooting down
to a temperature of about 19 °C.
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Figure 4.9: Adaptive and nominal controller tracking behavior for a matched model
in a cooling scenario. The nominal controller has a general undershoot of 0.25 °C.
The adaptive shows a stronger undershoot, except for times 3000 s to 4000 s where
it tracks the reference closely.

The undershooting behavior for the adaptive controller may be the result of the
neural network overfitting to the previous time steps. In the batch before the 1000
s mark the heater is close to the maximum cooling. Similarly the pump flow rate
is at its highest to ensure high coolant flow and that the heat flow is distributed to
the battery. When the battery temperature gets closer to the reference the residual
network enters an input combination, low cooling and reduced flow, that were not
present in the training data. By 2000 s the adaptive appears to correct this behav-
ior and maintains the temperature closer to the reference, though it undershoots
between 4000 s and 6000 s. In total, the nominal controller again outperforms the
adaptive controller in the matched cooling case. The adaptive controller incurs a
cost that is approximately 20 % higher than that of the nominal controller, mainly
attributable to the undershooting of the reference.

Next a case of cooling P-E model mismatch is shown in Figure 4.10. Similar behavior
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to as in the case of mismatch for heating is observed. The nominal controller has
an RMSE error of roughly 1.26 °C, whereas the adaptive controller maintains the
temperature close to the reference, with only slight deviations.
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Figure 4.10: Adaptive and nominal controller tracking behavior for cooling P-E
mismatch. The nominal controller has an offset of approximately 1.26 °C. The
adaptive controller follows the reference closely.

Comparing costs gives that the adaptive controller has a cost that is 26 % lower
than the nominal. Comparing RMSE values shows that the nominal has an RMSE
of 1.26 °C while the adaptive controller has a smaller of 0.18 °C.

Nonlinear saturation is presented in Figure 4.11. Similar to other cases of the
mismatch the nominal controller has a steady state offset. It is larger than the
cooling P-E scenario presented above, since here the heater is less rather than more
powerful. The adaptive controller reaches the reference but at around 5000 s the
battery temperature starts increasing and drifts away from the reference.
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Figure 4.11: Battery temperature when controlled by adaptive and nominal con-
trollers under nonlinear output saturation.

To better understand this behavior, the heater power inputs generated by the con-
trollers are shown in Figure 4.12.
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Figure 4.12: Heating power signal generated by the controllers. During much
of the period between 3000 s and 4000 s the battery temperature for the adaptive
controller was below the reference, but cooling inputs are supplied. Between 5000 s
and 6000 s the controller sometimes sends heating inputs even when in this region
the battery temperature is above the reference.

Noticeably the adaptive controller supplies positive power between 5000 s and 6000
s, even when in this region the battery temperature is above the reference. In this
scenario, the controller has mainly sent signals to cool the system. Even during
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3000 s to 4000 s, when the battery was below the reference, it supplied negative
power. Consequently the neural network has little training data on the effect of
positive heater power. The heating between 3000 s and 4000 s was mainly due to
current. It is therefore plausible that the neural network associated the observed
heating with negative heating power, effectively learning a sign error on the effects of
heating power. At the next training for the neural network, at 6000 s, the adaptive
controller starts cooling rapidly again, perhaps indicating that this error in learning
was partially corrected. In comparison the nominal controller keeps a negative input
that varies slightly in the entire interval of 3000 s and 6000 s. Even if the nominal
controller uses a much simpler strategy it achieves an RMSE of 1.41 °C, compared
to an RMSE of 1.51 °C for the adaptive controller. The cost on the adaptive con-
troller is additionally 31 % higher. An important takeaway is that learning a more
complex model might degrade control performance. The nominal model ultimately
results in a quite simple control strategy. Neglecting current for intuition, if the
battery temperature is below the reference, the controller will supply positive heat-
ing power, and if it is above the reference it supplies negative heating power. The
residual neural network can instead learn incorrect dependencies when the training
data are not sufficiently informative, producing counter-intuitive control actions.

Table 4.2 summarizes the reference tracking results for the nominal controller and the
adaptive trajectory loss controller. Recall that Heating and Cooling correspond to
matched models, whereas Heating, P-E, Cooling, P-E correspond to increased tem-
perature losses together with a product-exponential function applied to the heater
power, and Cooling, N-S corresponds to a model with increased temperature losses
and a nonlinear saturation of the heater power.

Table 4.2: Results for battery temperature tracking using trajectory loss.

Scenario RMSE!™  COSTI  RMSE! COSTM  COST3 /coses,
Heating 0.13°C 1860 0.33°C 4860 2.61
Heating, P-E  1.22°C 36100 0.21 °C 20300 0.56
Cooling 0.25°C 17800 0.36 °C 21300 1.20

Cooling P-E 1.26 °C 92400 0.18 °C 68700 0.74
Cooling, N-S  1.41 °C 118000 1.51 °C 154000 1.31

The nominal controller outperforms the adaptive controller in all matched cases.
For the mismatched cases the adaptive controller outperforms on the P-E scenarios
while having worse performance with nonlinear saturation. In its current form, the
adaptive scheme therefore does not have the generalizability required for deployment
in a real battery thermal management system.

The results above focused on improving performance via model adaptation and were

obtained under a specific weighting on state and inputs. However, reference tracking
performance can also improved by increasing weighting on state relative to inputs.
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Intuitively, decreasing weighting on the inputs delays the point when the controller
starts reducing inputs. As a result the steady state tracking error will be lower.
To explore this behavior a run where the costs on inputs were decreased by 10 is
presented in Figure 4.13 under the mismatched heating scenario.
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Figure 4.13: Adaptive and nominal controller tracking behavior for a mismatched
model in a heating scenario using with reduced input weighting. Due to the de-
creased weighting on inputs, the controller uses more control effort and thus the
nominal exhibits a lower steady-state error. The adaptive controller has worse per-
formance than when using lower weightings on inputs.

Compared to the original weighting in Figure 4.8, the nominal controller now shows a
smaller deviation from the reference. The battery temperature hovers around 20.0 °C
for the nominal controller, instead of around 19.3 °C as in the case with higher
input costs. While the nominal controller’s performance improves, the adaptive
controller’s performance deteriorates. Instead of staying close to the reference it dips
to approximately 19.5 °C around 4500 s and again shortly after 5000 s. The degraded
performance of the adaptive controller can be explained by the increased input
sensitivity when input weights are reduced. Lowering the cost on inputs increases
the threshold at which the controller starts applying smaller inputs. This, in turn,
causes more frequent switching between operating regimes, which is detrimental
to the adaptive controller. Higher input costs, by contrast, dampens the inputs
naturally letting the controller work in the regime it was trained on. Reducing input
costs too much makes the control actions more bang-bang like, which reduces the
advantage of MPC and raises the question of whether MPC should be used. These
results indicate that tuning cost weights can result in increased closed-loop control
performance and may be more reliable than the model adaptation investigated here.
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4.2.1.1 Investigation into the Impact of the Residual Neural Network
Trained on Trajectory Loss

The neural network affects the controller, as can be seen in the different trajectories
between the nominal controller and adaptive controller. In this section the impact
of the neural network is analyzed in more detail. The scenario under consideration
is the product-exponential (P-E) mismatched heating case presented above. The
neural network is trained on the first 1000 s. Three cases are considered:

1. Simulation using the nominal control model. This case is referred to as "Nom-
inal simulation".

2. Simulation using an adaptive control model with the confidence parameter
increased to 0.1. This case is referred to as "Adaptive simulation".

3. Simulation using the adaptive control model used in the reference tracking.
This case will is referred to as "Adaptive control', since this is the network
used in the controller.

Including case (2.), an adaptive control model with a higher confidence parameter,
serves to better demonstrate the explanatory power of neural networks. In all sim-
ulations, control inputs supplied by the nominal controller operating in closed-loop
are used. The simulations are run for the next 1000 s, corresponding to the planning
horizon of the controller, and are shown in Figure 4.14.
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Figure 4.14: Simulation of battery temperature for 1000 s using nominal model,
adaptive model with higher confidence and adaptive model used in control in a
mismatched system. The nominal control model has an accumulating error that
grows with each time step.

The nominal controller predicts that the temperature is much higher than the true
temperature. In the closed-loop the nominal controller measures at each time step
that it is far away from the reference and applies large inputs at each step. In the
mismatched P-E heating case, the effective heater power is reduced and the battery
loses more heat to the environment. Consequently the nominal simulation overes-
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timates the battery temperature. By contrast, the adaptive simulation, case (2),
has identified that there is less heating power supplied and more heat loss to the
environment, instead following the true temperature much closer. Simulation using
the adaptive model used in control, case (3.), lies between the nominal simulation
and the adaptive simulation with more confidence. These results might suggest that
a higher confidence would be beneficial. However, a high confidence was found to
decrease performance, especially in matched model scenarios. Therefore, the confi-
dence parameter used in the controller was set lower as a trade-off.

Good simulation performance is not enough to guarantee good control performance
for model predictive control. When the MPC optimizer tries to find the optimum
it uses Jacobians of the model with respect to states and inputs. Therefore, the
Jacobians with respect to the different neural network inputs are presented, alongside
the corresponding residual values. The neural network has four inputs. When
evaluating the Jacobian with respect to one of those inputs the other three are fixed
to the values listed in Table 4.3.

Table 4.3: Fixed values for evaluating Jacobians

Fixed value

Tbat,ﬁx 20 °C

[bat,ﬁx 40 A
Whx 200 rad/s
Qfix 2000 W

The Jacobians are computed in the scaled input space to conform with the input
scaling of the neural network.

First, the Jacobian of the neural network fies(Xes) with respect to @ is evaluated
by calculating

dfres (Xres)

0 (4.2)

That,fix-Ioat, fix,Whx

for all potential values of @, i.e. -4000 W to 4000 W or -4 to 4 in scaled units. The
residual values and Jacobian are presented in Figure 4.15.
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Figure 4.15: Residual value at different heating powers with the rest of inputs
fixed, blue line, together with the Jacobian of the residual with respect to heating
power, red line.

Both the residual and its Jacobian are smooth functions of (). This is desirable
for MPC, as it avoids discontinuities in the sensitivities used by the optimizer. The
magnitude of both is small but comparable to those of the nominal model derivatives.
The neural network correctly identifies that the heating is stronger than modelled for
@ < 0 and weaker than modeled for ) > 0, consistent with the nonlinear function
applied to the heating power. Second, the Jacobian with respect to angular velocity

w
dfres (Xres)

= (4.3)

Tbat,ﬁxvlbat,ﬁvaﬁx

was evaluated at all possible angular velocities 150 rad/s to 418 rad/s, or 0.15 to
4.18 in scaled units.
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Figure 4.16: Residual value at different angular velocities with the rest of inputs
fixed, blue line, together with the Jacobian of the residual with respect to angular
velocities, red line.

A similar level of smoothness is observed for the Jacobian with respect to w. No
explicit mismatch was introduced in the pump model. Still, the observed residual
and Jacobian could be the neural network has identified mismatch in how the pump
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was modeled. Otherwise, it is also possible that the neural network tries to explain
some variance with w even though it is not the true cause. This latter corresponds
to a potential failure mode for the neural network. Third, the Jacobian with respect
to the current is calculated

d res Xres
M (4.4)
d]ba‘t Tbat,ﬁwiﬁvaﬁX

and evaluated between 0 A and 80 A, or 0 and 3.2 in scaled units.
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Figure 4.17: Residual value at different current values with the rest of inputs fixed,
blue line, together with the Jacobian of the residual with respect to current, red line.

Again, the Jacobians are smooth. No explicit mismatch was implemented on current
either, but this part of the model surely is imperfect. The controller uses a 5 s RMS
current, whereas the true current changes every 1 s. This is enough to induce
mismatch. Last, the Jacobian with respect to the battery temperature is calculated

dfres (Xres)
7dTbat (4.5)

at temperatures between 263.15 K and 303.15 K, or 2.6315 and 3.0315 in scaled
formulation.
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Figure 4.18: Residual value at different temperature values with the rest of inputs
fixed, blue line, together with the Jacobian of the residual with respect to temper-
ature, red line.
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Both the residual and the Jacobian are smooth, nearly linear. The mismatch im-
plemented on battery was increasing losses to the environment, which should scale
linearly since the heat loss to the environment is a linear term. However, the battery
temperature also impacts the dynamics in a nonlinear manner by its coupling with
the coolant temperature. The almost linear residual therefore represents a simplifi-
cation rather than a full representation of the nonlinear mismatch.

Overall, the Jacobians of the residual model are smooth and well behaved functions.
This suggest that the MPC optimizer should be able to evaluate and use them
without numerical difficulty. However, smoothness is not enough to ensure good
control performance. Due to the absence of a ground-truth residual function, it is
not possible to fully verify if the learned residuals model accurately captures the
true model mismatch.

4.2.2 Reference Tracking in Battery Thermal Management
Systems with Derivative Loss Adaptive Model Predic-
tive Control

This section presents the results for the adaptive controller trained using derivative

loss. The nominal controller-results are repeated for convenience and to allow for

easier comparison between adaptive and nominal controllers. Figure 4.19 shows the
results for heating in a matched scenario.
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Figure 4.19: Adaptive, trained on derivative loss, and nominal controller tracking
behavior for a matched model in a heating scenario. The nominal controller tracks
the reference closely while letting the temperature drop between current spikes. The
adaptive controller undershoots the reference more than the nominal controller and
also starts driving the temperature rapidly downward after 7000 s.

The adaptive controller performs worse than the nominal controller. Only between
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4000 s and 6000 s are their performances similar. Outside of this interval, the adap-
tive controller either undershoots the reference more than the nominal controller,
or exhibits strong overshoots. Towards the end of the simulation the adaptive con-
troller also starts to cool the battery rapidly. This occurs after the spike between
6000 s and 7000 s and can be seen as an over-correction from the adaptive controller.
Overall, the adaptive controller has a cost that is approximately 409 % higher than
the nominal controller. Worse performance can also be seen in the RMSE values,
with the nominal achieving an RMSE of 0.13 °C while the adaptive has an RMSE
of 0.41 °C. For the mismatched heating P-E scenario, shown in Figure 4.20, the
adaptive controller once again behaves poorly and performs worse than the nominal
controller.
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Figure 4.20: Adaptive, trained on derivative loss, and nominal controller tracking
behavior for mismatched P-E model in a heating scenario. The nominal controller
has a steady-state offset while the adaptive controller not only has this offset but
even dips below it at 3700 s and again at 6000 s.

Neither controller reaches the reference in this scenario, so the RMSE is calculated
starting from 1000 s. The adaptive controller has a higher RMSE of 2.36 °C while
the nominal controller has an RMSE of 1.31 °C. Next the temperature trajectories
are shown for a matched cooling scenario in Figure 4.21.
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Figure 4.21: Adaptive, trained on derivative loss, and nominal controller tracking
behavior for a matched model in a cooling scenario. The adaptive controller reaches
the reference slightly faster but then undershoots it and subsequently overshoots it.
The nominal controller has a steady-state offset below the reference.

The RMSE for the nominal controller is 0.23 °C while for the adaptive it is higher
at 0.36 °C.

The case of cooling under a P-E mismatched model is shown in Figure 4.22.
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Figure 4.22: Adaptive, trained on derivative loss, and nominal controller tracking
behavior for a P-E mismatched model in a cooling scenario. The adaptive controller
reaches the reference while the nominal stays above the reference.
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Here the adaptive controller reaches the reference, while the nominal controller main-
tains a steady state offset above the reference. Although the adaptive controller both
undershoots and then again overshoots the reference its RMSE is lower at 0.52 °C
compared to the nominal controller RMSE of 1.26 °C.

The battery temperature for nonlinear saturation is shown in Figure 4.23.
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Figure 4.23: Adaptive, trained on derivative loss, and nominal controller tracking
behavior for a mismatched model in a cooling scenario with nonlinear saturation of
the heater power. The adaptive controller reaches the reference while the nominal
stays above the reference.

Here the adaptive controller does not exhibit the same heating problem as occurred
in the adaptive controller trained on trajectory loss in the nonlinear saturation sce-
nario, see Figure 4.11. The RMSE of the adaptive controller is also smaller than of
the nominal at 0.52 °C instead of 1.43 °C.

Table 4.4 summarizes the reference tracking results for the nominal controller and the
adaptive derivative loss controller. Recall that Heating and Cooling correspond to
matched models, whereas Heating, P-E, Cooling, P-E correspond to increased tem-
perature losses together with a product-exponential function applied to the heater
power, and Cooling, N-S corresponds to a model with increased temperature losses
and a nonlinear saturation of the heater power.
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Table 4.4: Results for battery temperature tracking using derivative loss.

Scenario RMSEX™  CcOSTI ™  RMSENY  COSTIY  COSTIEY /cogTderiv
Heating 0.13 °C 1860 0.41 °C 9480 5.09
Heating, P-E  1.31 °C 36100 2.36 °C 105400 2.92
Cooling 0.23 °C 17800 0.36 °C 21400 1.20
Cooling P-E 1.26 °C 92400 0.52 °C 81100 0.88

Cooling, N-S  1.43 °C 118000 0.52 °C 138000 1.18
Heating scenarios seem especially difficult for the derivative loss controller, with
costs that are 192 % to 409 % higher than for the nominal controller. In heating,
both the heater and the current will contribute to an increase in temperature. This
poor performance could be the result of the derivative loss controller not being able
to distinguish between these two sources of heating.

4.2.3 Computation Times and Solver Errors

Model predictive control (MPC) requires solving an optimization problem online.
For the control input to be applied at the correct time, the solver time must be less
than the controller sampling time. In adaptive model predictive control, training of
the neural network also takes time. However, this training can be done in parallel
to ensure that the controller can still send input signals while training is taking
place. This also increases robustness in cases where the neural network optimizer
fails or stalls. Table 4.5 summarizes the computation times for the three controllers,
nominal MPC, trajectory loss adaptive MPC, and derivative loss adaptive MPC.
The controller sampling time is 5 s. Computations were performed on a ThinkPad
T14 Gen 4 with a 13th Gen Intel i5-1335U CPU.

Table 4.5: Computation times for the nominal controller and the two adaptive
controllers using different loss functions.

Nominal Adaptive, trajectory loss Adaptive, derivative loss

Mean MPC solver time 35 ms 76 ms 87 ms
Max MPC solver time 97 ms 259 ms 236 ms
Mean training time N/A 30060 ms 1300 ms
Max training time N/A 36000 ms 1500 ms

All three controllers have mean and maximum MPC solver times below the sampling
time, meaning that they can be used online. As expected, the adaptive controllers
have longer solver times, since the learned model dynamics are more complex. How-
ever, the MPC solver times are still low enough for online use, which highlights the
usefulness of a lightweight model architecture. Mean training time for the adaptive
controller using trajectory loss is approximately 6 times the sampling time, meaning
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that the updates to the dynamics would be delayed by about 6 MPC steps. The
adaptive controller using derivative loss is much quicker, with training times that
are less than the sampling time. The longer training time for trajectory loss was
expected, since it requires simulating the trajectory multiple times using tensors to
correctly formulate the graph for the loss function. The implementation of trajec-
tory loss was not optimized for computation times, and decreases in computation
times could be achieved, e.g., by vectorization. Additionally, computations could be
performed on a GPU, which accelerates neural network training. In this thesis, the
practical implementation of the adaptive controller on embedded hardware is not
explored. The computation times reported here were obtained while simultaneously
dedicating substantial computational resources to simulating the battery thermal
management system.

Another issue with implementing model predictive control is that the optimization
solver can fail. To mitigate this, multiple methods have been implemented, such
as slack variables, small values added to divisions to avoid singularities and reg-
ularization of the neural networks so that they do not yield exploding gradients.
No solver errors occurred for any of the controllers in the simulations presented
in this thesis. If a solver error is encountered, a fail-safe mechanism switches the
controller into bang-bang control, where maximum angular velocity together with
either maximum heating or maximum cooling power depending on the battery tem-
perature is applied. This fallback strategy ensures that the battery remains within
safe temperature limits even in the event of an optimization failure.

4.3 Economic Model Predictive Control for Bat-
tery Thermal Management Using Nominal and
Adaptive Controllers

Results of using the economic model predictive control (EMPC) formulation derived
in Section 3.3 are presented in this section. First, the performance of the nominal
controller under matched models is presented to validate that the economic model
predictive control (EMPC) is performing as expected. Second, the performance of
nominal and adaptive EMPC schemes is presented.

In Figure 4.24 the nominal economic controller is tested in a heating scenario where
the environment temperature is 0 °C. To isolate potential impact from current two
cases are compared, the case where current is applied as usual, the blue line, and
the case where current is turned off in the simulator and in the controller set to zero
for all time steps, the red line. The grey shaded area is the target region for the
controllers.
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Figure 4.24: FEconomic model predictive control in a heating case for current
turned on and off.

The economic controller behaves as expected. In the case of the current being
turned off, the economic controller follows the lower limit of the target region without
leaving it, meaning that the controller supplies just enough heat to stay in the target
region. With the current turned on, a constant increase in temperature can be seen,
which is attributable to the current heating the battery. For cooling from the initial
temperature 40 °C, similar behavior is shown in Figure 4.25.
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Figure 4.25: Economic model predictive control in a cooling case for current turned
on and off.

For the case with the current off, the controller keeps the battery temperature just
below the upper limit. In the case of current being turned on, it needs to cool the
battery before large current spikes to ensure it stays in the target region. That
the temperature of the battery at 3700 s and 6200 s is close to the upper limit
indicates that the controller has chosen a strategy to keep the temperature in the
target region while minimizing power. The cooling case is more interesting since it
involves needing to cool to counteract the effect of heating from the current, whereas
in heating the controller can stay idle for much of the simulation. For this reason,
the offline training of the adaptive controller is performed for a cooling case, instead
of heating, as was done for reference tracking.

The simulation scenarios for economic MPC are similar to those used for reference
tracking. However, the environment temperatures are changed to be 12 °C away
from the lower or upper limit. Model mismatch is introduced in the same way as for
reference tracking. P-E is adopted as shorthand for multiplying the heater power
with an exponential term, and N-S is adopted as shorthand for nonlinear saturation
of the heater power. The simulation scenarios are presented in Table 4.6.
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Table 4.6: Simulation parameters for economic model predictive control.

Scenario Initial temperature Heater function Environmental losses
Heating 0°C None 20 W/(m’K)
Heating, P-E 0 °C P-E 600 W/(m’K)
Cooling 40 °C None 20 W/(m’K)
Cooling, P-E 40 °C P-E 600 W/(m’K)
Cooling, N-S 40 °C N-S 600 W/(m’K)

Note, again, that even if the name of the scenario is differentiated by what function is
applied to the heater, the environmental losses play a much bigger role in introducing
model mismatch.

The economic cost for both controllers is evaluated using pump power Pyymp in
kilowatt, heating power @Q in kilowatt, and slack on battery temperature 57, , in-
curred because the battery was outside of the target region. The cost is accumulated
over the time steps for which the neural network is active, ¢,, 0, until the ending
time of the simulation Ty ena- Denote these samples as Nyy on = tonon/AT and
Ngimul,end = Tsimutend/AT respectively. The cost is then calculated as

COST*" = (4.6)
Nsimul,end - 15 0 Poum (k:)

S [p o (B) Q) PPN 4 1085, (k)2 + 100087, (k) | |
k:Nnn,on ’ ’ ) O 15 Q(k) ) )

which corresponds to the cost function in the economic controller, excluding slack
on coolants. Battery thermal management should weigh the importance of staying
in the target region against the power necessary to achieve this. The cost in (4.6) is
used here to compare the two controllers under the assumption that it adequately
captures this trade-off.

Due to the poor performance of the derivative loss adaptive controller in the tracking
case, only the trajectory loss adaptive controller will be used here. A comparison of

the adaptive and nominal economic controllers in a matched heating case is presented
in Figure 4.26.
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Figure 4.26: Closed-loop temperature trajectories obtained using nominal and
adaptive controllers for an economic formulation in a matched heating scenario.

The performance of the nominal and adaptive controllers is nearly identical. The
trajectory of the nominal controller is dashed for clarity.

The matched heating case is a simple control problem, however it is good to validate
that the adaptive controller does not degrade performance significantly. Overall, the
adaptive controller has a slightly larger cost, with an increase of 0.2 %, showcasing
that it does not discover a more efficient strategy for maintaining the battery in the

target region. For a P-E mismatched heating case results become more interesting,
as seen in Figure 4.27.
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Figure 4.27: Closed-loop temperature trajectories obtained using nominal and
adaptive controllers for an economic formulation in a P-E mismatched heating sce-
nario. The nominal controller stays outside of the target region for much of the
simulation, while also overcompensating and shooting further into the target region
than the adaptive controller.

The nominal controller undershoots the target region on multiple occasions, while
the adaptive also does this but with smaller undershooting. This reduces the vi-
olation of the target region for the adaptive controller and leads to the adaptive
controller performing roughly 23 % better measured in the cost (4.6). Next the
matched cooling case is presented in Figure 4.28. The adaptive controller reaches
the target region quicker but then maintains a lower temperature than the nominal in
the target region. This is not desirable in economic model predictive control, where
staying closer to the upper limit is the objective, thereby reducing cooling effort.
This calls into question the adaptive controller’s ability to make small corrections
to achieve lower power use.
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Figure 4.28: Closed-loop temperature trajectories obtained using nominal and
adaptive controllers for an economic formulation in a matched cooling scenario.
As opposed to heating the two controllers have noticeably different trajectories,
highlighting that this is a more involved control problem.

Because of the more aggressive cooling of the adaptive controller it incurs a cost 11 %
higher than the nominal controller. The P-E mismatched cooling case is presented
in Figure 4.29.

72



4. Results

32

(O8] (98]
o Pt
T
Neural network on

Temperature (°C)
[\®)
\O
T

[\]

o)
I
1
I

27 - == Adaptive economic
== Nominal economic
== Upper limit

26 | | | | T T

1000 2000 3000 4000 5000 6000 7000
Time (s)

Figure 4.29: Closed-loop temperature trajectories obtained using nominal and
adaptive controllers for an economic formulation in a P-E mismatched cooling sce-
nario. The nominal controller stays outside of the target region for much of the
simulation, similar to the mismatched heating case, while the adaptive controller
reaches the target region.

Once again the nominal controller stays outside of the target region and thus incurs
a much higher cost than the adaptive controller. The adaptive controller, except for
a few overshoots, stays in the target region effectively and achieves a 32 % lower cost.

The performance under nonlinear saturation for economic MPC is presented in Fig-
ure 4.30.
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Figure 4.30: Closed-loop temperature trajectories obtained using nominal and
adaptive controllers for an economic formulation in a N-S mismatched cooling sce-
nario. The nominal controller stays outside of the target region for much of the
simulation, similar to the mismatched heating case, while the adaptive controller
reaches the target region.

Here, the adaptive controller does not exhibit the same problematic behavior seen
in the reference tracking case with nonlinear saturation, where it applied heating
power inappropriately, and instead achieves a 35 % lower cost than the nominal
controller.

For an overview of the performance of the controllers in an economic model predic-
tive formulation the Table 4.7 can be consulted. Recall that Heating and Cooling
correspond to matched models, whereas Heating, P-E, Cooling, P-E correspond to
increased temperature losses together with a product-exponential function applied
to the heater power, and Cooling, N-S corresponds to a model with increased tem-
perature losses and a nonlinear saturation of the heater power.

Table 4.7: Costs for economic controllers.

Scenario COST; o COSTog  COSTILY /costeen
Heating 2890 2900 1.002

Heating, P-E 24100 18500 0.77

Cooling 24100 26100 1.11

Cooling, P-E 96500 66400 0.68

Cooling, N-S 118000 75800 0.65

It can be seen that the adaptive controller outperforms the nominal on mismatched
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models while having a decreased performance on the matched cases. This aligns with
the formulation of the economic model predictive control, where using a target region
instead of a reference gives the controller more freedom and encourages explores of
more inputs. The cost for the matched heating case is almost an order of magnitude
smaller than the matched cooling case, showcasing that this scenario is an easy
control task where the controllers can allow the current to contribute to much of
the heating. If the simulations were extended, active cooling might be necessary to
avoid the battery temperature leaving the target region, especially in the case of the
environmental loss not being large enough to counteract this heating.
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Discussion

In this chapter a summary of the adaptive controller results is presented, with anal-
ysis on why the adaptive controller often degraded performance. This analysis is
continued by evaluating the method and proposing directions for future work.

5.1 Summary of Adaptive Controller Results

Adaptive controllers were tested on both a cascaded tank benchmark and on a bat-
tery thermal management system. For the cascaded tank benchmark, both the
derivative loss and trajectory loss adaptive controllers outperformed a nominal con-
troller on a mismatched model. For matched models the adaptive controllers per-
formed similarly to the nominal controller. The benchmark is a nonlinear model
predictive control (MPC) task and thus the method was verified for such an appli-
cation.

For battery temperature reference tracking, comparisons between the nominal and
adaptive controllers yielded mixed results. Table 4.4 shows that the adaptive con-
troller with derivative loss performed worse on four out of five scenarios, in terms
of higher cost. Table 4.2 shows that the adaptive controller with trajectory loss
achieved better performance, i.e. lower RMSE and cost, for product-exponential
(P-E) mismatch, but exhibited worse performance under other conditions. The
worse performance under nonlinear saturation deserves more analysis. Nonlinear
saturation masks the effect of negative and positive heater powers. A recurring is-
sue for all cases of adaptive control is the need to sufficiently explore the input space
before training the neural network. In this work, no explicit check was performed to
verify that the input space had been sufficiently explored before initializing training.
It would be possible instead of training the neural network every 1000 s to wait until
a sufficient portion of the input space has been explored.

A comparison of solver times in Table 4.5 shows that the MPC solver times for both
nominal and adaptive controllers are of the same order of magnitude and well below
the controller sampling time. A comparison of the training times for the adaptive
controller with trajectory and derivative loss showed that the trajectory loss formu-
lation had much longer training times. This is because the trajectory loss network
simulates a trajectory multiple times to formulate the loss function. Various im-
provements, such as training on a GPU, were suggested. However, this thesis aims
to provide a proof of concept rather than a ready-to-be-deployed architecture. How
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adaptive model predictive control is deployed in practical automotive systems is left
for future work.

The results for economic MPC proved more promising. Table 4.7 illustrates that, for
matched models, the adaptive controller performs worse than the nominal, but under
model mismatch it achieves significant improvements. This was due to the adaptive
controller having significantly less constraint violations, i.e. remaining more within
the target temperature region. If the target temperature region is chosen to corre-
spond to the most efficient region for operating the battery, then this also means
that the adaptive controller can lead to increased energy efficiency.

5.2 Evaluation of Adaptive Controller Method and
Future Work

The adaptive controller was found to have good performance in the cascaded tank
benchmark. However, the type of mismatch was simple. Only the case of mis-
matched parameters and a saturation on the inputs was included, with this mis-
match being time-invariant. A strength of online adaptive control is its ability to
account for time-varying parameters and this was not investigated. Another case
that could have been tested is one where the mismatch varies along the prediction
horizon. In contrast, in battery thermal systems, the dynamics will most likely be-
have differently at the end of the prediction horizon, which is 1000 s later than the
current time. Including time-variant mismatch in the benchmark would have made
the benchmark align better with the battery thermal management case. However,
it still serves as a validation of the adaptive method.

For the battery thermal management (BTM) system the results were mixed. A
possible explanation for the poor performance in BTM, is that thermal dynamics
are slow dynamics in the states but fast in their derivatives, i.e. a stiff system. Stiff
systems exhibit complicated dynamic characteristics, as discussed in [44]. Typically
regions with steep gradients are resolved by using a larger number of samples, but
for the network proposed in this work no special treatment for this problem was
presented. This is a major complication that is worthy of future exploration. Ad-
ditionally, there is a lag between when inputs are supplied and when they manifest,
due to how heating and cooling gradually spread in the BTM. The adaptive con-
troller instead tries to explain the residual in the dynamics at the current time step
only with inputs applied in the previous time step, but by this time they might
not have had their full effect. However, this is not something that can be definitely
concluded from the results and would require further analysis.

A comparison of derivative and trajectory losses in reference tracking showed that
the trajectory loss controller scheme performed consistently better. A complication
resulting from this is that the network training times are roughly 30 times longer
compared to the derivative loss control scheme. This poses a problem for the tra-
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jectory loss scheme as this exceeds the controller’s sampling time by a factor of 6,
meaning that the model parameters would have a delay in being updated. The
present work is not concerned with computational efficiency but this would be a
topic worthy of research.

The hyperparameter tuning methodology presented in Section 3.4.4 is fairly manual
and heuristic. Doing hyperparameter tuning manually is time consuming and there
is a risk of missing the optimal hyperparameters. An automatic method that sweeps
over hyperparameters and compares the results would be more suitable. In this way
it would also be possible to explore more simulation scenarios. Currently, the adap-
tive controllers only perform better in certain scenarios. To properly evaluate their
usefulness it would be necessary to build a library of simulation scenarios, that ex-
plore all reasonable sources of mismatch together with different drive cycles. In this
thesis only a single drive cycle was used that models city driving. City driving is only
one use case for electric vehicles, and to properly evaluate the performance other
drive cycles should also be explored. It is noteworthy, however, that city driving is
uniquely challenging, because of the sharp accelerations, and it is thus possible that
if a drive cycle representing highway driving was used the results would be better.

A major improvement to the method would be to estimate the confidence parameter
¢, introduced in Section 3.4, from data. This confidence parameter determines how
much the residual network impacts the nominal model. For cases of matched models
this could be set to 0 and then nearly identical performance would be obtained be-
tween nominal and adaptive model predictive control. In cases of severe mismatch
the confidence parameter could instead be set much higher. However, this touches
upon a more major fundamental issue in the adaptation. True dynamics could not
be queried from the model and were thus required to be estimated through filtering.
Filtering however introduces artifacts into the dynamics. Consequently, determining
whether the model is matched or mismatched is difficult.

The simulation performance for the trajectory loss controller, even using an ag-
gressive neural network with high confidence, was found to be improved using the
adaptive model, as seen in Figure 4.14. Similarly, the neural network in the deriva-
tive loss controller is only turned on if it passes a check on performing better on
test data. Therefore, it would seem, that both neural networks should result in the
adaptive control model being closer to the plant model. However, the closed-loop
control performance was in many cases degraded. An interesting research direction
would be, instead of trying to increase control performance by improving the con-
trol model, to instead focus on closed-loop performance. One approach would be
to adaptively change the cost weighting used in the controller. As shown in Figure
4.13, having a relatively higher weighting on temperature led to improvements in
reference tracking for a nominal controller.

In Figure 4.11 and Figure 4.12 it was shown that the adaptive controller applies
heating even when the battery temperature is above the reference, and this in turn
yields worse tracking performance. A way of remedying this would be to incorpo-
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rate a physics-informed loss that penalizes the network if it learns dynamics that go
against physics. This could be done by penalizing cases where the residual has a dif-
ferent sign than the heating power. However, this is not without issue. It is possible
that the residual should be positive, even when the heating power is negative, e.g.
when the cooling power is small and there is a large current applied. However, it still
seems fruitful to explore ways in which this could be done. Another improvement
would be to revise how the scaling was done. Inputs, states and disturbances were
scaled in a way that they were all within the same order of magnitude. However,
for neural networks, it is often good to have scaling between -1 and 1, or between
0 and 1. This also applies to the hyperbolic tangent activation functions that were
used, which saturate for large input values.
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Conclusion

In this thesis, an adaptive control framework was developed and applied to a cas-
caded tanks system benchmark and to a battery thermal management (BTM) sys-
tem. A reference tracking model predictive controller (MPC) was tested on both sys-
tems, and additionally an economic model predictive control formulation was tested
on the battery thermal management system. Nominal control models for both sys-
tems were developed based on physical laws, and the tracking and economic model
predictive control formulations were tuned to obtain good baseline performance.
The adaptive control framework was based on using neural networks to approxi-
mate the residual between the true plant dynamics and the nominal control model
dynamics. Two different training losses were formulated, one using derivative loss
which tries to minimize the error in the dynamics directly, and one using trajectory
loss that tries to minimize error in the dynamics indirectly by comparing simulation
performance. These different training losses in turn lead to two differently trained
neural network models for the residual dynamics. The residual neural networks
were trained on data collected while running a model predictive controller. Once
trained the neural network residual became part of the control model dynamics, thus
creating an adaptive controller. By updating the dynamics the adaptive controller
started operating differently than a controller using nominal dynamics.

The adaptive MPC controller on the BTM system performed relatively poorly for
reference tracking, particularly when trained with derivative loss, as indicated by
RMSE and cost. Compared to the nominal MPC controller the adaptive scheme
exhibited consistently worse performance for matched models. For matched model
cases the nominal MPC controller exhibited 17 % to 60 % decrease in cost compared
to the best adaptive framework, as well as a lower RMSE value. The trajectory loss
adaptive controller achieved better results for some mismatched models, with a 25 %
to 50 % reduction in cost with an RMSE over 1 °C lower than that of the nominal
MPC controller. However, for another case of model mismatch, namely non-linear
output saturation, the nominal scheme still performed better.

The adaptive controller for economic MPC showed a similar trend, though the cost
for matched model was much closer to that of the nominal MPC controller than
it was for reference tracking, with only a 0.2 % to 11 % increase in cost. For mis-
matched models the adaptive controller saw a reduction of cost of 23 % to 35 %, and
decrease in cost was exhibited in all mismatch scenarios. These results demonstrate
that the adaptive controller still needs further development for the economic MPC
formulation but also indicate that the approach has potential in economic MPC
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settings.

Using neural networks trained on trajectory loss to approximate residuals was found
to improve simulation performance, suggesting that the residual neural networks
help to close part of the gap between the nominal physics model and the true dy-
namics. In this way a more accurate control model is obtained. However, the
adaptive controller did not generally improve control performance in the battery
thermal management system. This may be due to the controller starting to operate
in regions of the state-input space that were not well represented in the residual’s
training data. Additionally, adding a neural network residual to a control model
changes how the model predictive controller decides on inputs. The nominal model
in turn has a simple operating scheme, which yields control inputs with consistent
and predictable effects on the plant. With adaptive controllers the operating scheme
becomes more complicated and, as shown by the decreased performance, does not
necessarily lead to better control. Alternative methods to improve control perfor-
mance should thus be explored, not only improvements in the control model.

The adaptive control framework proposed here showed clear improvements on the
cascaded tanks benchmark, but mixed results on the battery thermal management
system. An important finding is therefore that model adaptation via neural network
residuals is not automatically beneficial. The objective was to assess whether a
learning-enhanced model predictive controller could improve control performance.
The results show that this is indeed possible in specific scenarios, but that the
approach is sensitive to loss design, hyperparameters, and the training data. The
framework does improve closed-loop controller performance in some scenarios, and
making it more generalizable warrants further investigation.
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