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Abstract 

This thesis explores the possibility of using an optimal control scheme called Model Predictive 

Control (MPC), to control climatization systems for electric vehicles. Some components of 

electric vehicles, for example the batteries and power electronics, are sensitive to temperature 

and for this reason it is important that their temperature is well regulated. Furthermore, like all 

vehicles, the cab also needs to be heated and cooled. One of the weaknesses of electric 

vehicles is their range, for this reason it is important that the temperature control is energy 

efficient. Once the range of electric vehicles is increased the down sides compared to traditional 

combustion engine vehicles decrease, which could lead to an increase in the usage of electric 

vehicles. This could in turn lead to a decrease of greenhouse gas emission in the transportation 

sector. With the help of MPC it is possible for the controller to take more factors into 

consideration when controlling the system than just temperature and in this thesis the power 

consumption and noise are also taken into consideration.  

A simple model where parts of the climate system’s circuits were seen as point masses was 

developed, with nonlinear heat transfers occurring between them, which in turn were controlled 

by actuators such as fans, pumps and valves. The model was created using Simulink and 

MATLAB, and the MPC toolbox was used to develop nonlinear MPC controllers to control the 

climate system. A standard nonlinear MPC, a nonlinear MPC with custom cost functions and a 

PI controller where all developed and compared in simulations of a cooling scenario. The 

controllers were designed to control the temperatures of the battery, power electronics and the 

cab of an electric vehicle. 

The results of the thesis indicate that MPC could reduce power consumption for the climate 

control system, it was however not possible to draw any final conclusions as the PI controller 

that the MPC controllers were compared to was not well optimized for the system. The MPC 

controllers could benefit from further work, most importantly by applying a more sophisticated 

tuning method to the controller weights. What was certain was that it is possible to apply this 

type of centralized controller to very complex systems and achieve robustness without external 

logic. Even with the controller keeping track of six different temperatures and controlling 15 

actuators, the control loop runs much faster than real time on a modern computer which shows 

promise with regard to implementing it on an embedded system. 
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Populärvetenskaplig sammanfattning 

Detta arbete undersöker möjligheten att använda en metod för reglering, Model Predictive Control 

(MPC), för att styra klimatsystem i elfordon. Vissa av komponenterna i elfordon, till exempel 

batterier och kraftelektronik, är känsliga för höga eller låga temperaturer vilket gör det viktigt att de 

hålls runt rätt temperatur, samtidigt som själva hytten till fordonet också måste kylas och värmas. En 

av svagheterna hos elfordon är räckvidden och på grund av detta är det även viktigt att 

temperaturregleringen är energieffektiv. När elfordons räckvidd ökar kommer nackdelarna jämfört 

med förbränningsfordon att minska och användandet av elfordon kan då också öka. Detta kan leda 

till minskade utsläpp av växthusgaser från transportsektorn och på så sätt kan fordons inverkan på 

klimatet minskas. Med hjälp av MPC finns det möjlighet att ta hänsyn till fler faktorer än bara 

temperaturen och detta arbete tar även hänsyn till strömförbrukning och komponenters ljudnivå när 

reglering utförs. 

I det här arbetet har MPC regulatorer skapats för att styra komponenter så som fläktar, pumpar och 

ventiler, med målet att i möjligaste mån uppnå önskade temperaturer för ett elfordons batteri, 

kraftelektronik och hytt. Resultatet från detta arbete tyder på att det finns potential för minskad 

energiförbrukning för klimatsystem i elfordon om MPC används. Det går dock inte att dra några 

slutgiltiga slutsatser eftersom den enkla regulatorn som MPC jämförs med i arbetet inte är fullt ut 

anpassad för systemet. Det som har säkerställts är att det går att applicera denna typ av regulator på 

väldigt komplicerade system. 
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1 Introduction 
This chapter gives an introductory overview of the thesis and it also includes the literature study, 

work distribution and goals of the thesis.  

1.1 Background 
Scania and the rest of the world are currently trying to shift away from fossil fuels and towards 

electrification in their vehicles. While there are many options for energy storage like hydrogen and 

biogas the one getting the most attention and shows the most promise is battery storage. The most 

common is lithium ion batteries as they have the greatest energy density among rechargeable 

batteries. The challenge with batteries is temperature: too high of a temperature and the battery 

degrades quickly or can even catch fire, too low on the other hand and the battery degrades and 

does not reach its full potential in terms of energy storage. Aside from the batteries, other 

components that need climatization are the power electronics (PE) and the cab. If we compare this 

to a traditional combustion engine where the climate system does nothing until it reaches its 

preferred operating temperature, then starts a cooling pump and fan to stay at the temperature. This 

process is unchanged by outside temperature and is thus very simple. Batteries on the other hand 

require more complex climate systems and controllers for those systems, which is where this thesis 

has its focus. The primary focus of the thesis is model predictive control (MPC) of climate systems for 

battery electric vehicles (BEVs). One climate system is based on a real system that is currently in 

development and therefore it is not possible to present in this public report. Instead, this thesis 

report focuses on another, hypothetical, climate system shown in Figure 1.1 that does not resemble 

the alternative system but is of similar complexity. Therefore the systems are referred to as the 

hypothetical climate system and the alternative climate system. 

 

 

Figure 1.1 Overview of the hypothetical climate system. 
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1.2 Literature study 
A few relevant reports on previous work controlling climate systems for electric vehicles using MPC 

have been published. Although temperature is an important factor when considering battery 

performance, one of the most important factors in general for a BEV is the power consumption. 

Power consumption defines the limits in the range of a BEV, and it is therefore even more important 

to minimize unnecessary energy usage. It is mentioned in [1] that heating, ventilation and air 

conditioning (HVAC) systems account for 20% to 40% of the total power consumption in electric 

vehicles and also impacts battery lifetime significantly. With these numbers in mind, it would seem 

important to lower the energy consumption of thermal management systems as much as possible, 

both for the sake of vehicle range and battery degradation. The goal of [1] was to devise a method to 

minimize power variations and peaks of the battery and to keep the cabin temperature within a 

comfortable range using a nonlinear MPC on a nonlinear HVAC model from an electric vehicle. The 

MPC controller was then compared to an on-off controller. The nonlinear MPC showed promise, as 

the control scheme managed to lower the battery life degradation between 7% and 19% depending 

on the drive cycle and ambient temperature. Although the cabin temperature fluctuated with a 

higher amplitude during the MPC than the on-off controller, it was still within an acceptable range of 

±0.5℃ from the setpoint.  

In [2], Grimm conducts a study of designing and analysing a linear MPC controller for use in a battery 

electric vehicle with the goal of controlling the thermal management system. A nonlinear model of 

the thermal management system created in GT-SUITE was used together with the MATLAB System 

Identification toolbox to determine a linear state space model. The state space model was then 

utilized as the prediction model in linear MPC which was implemented in Simulink using the MPC 

toolbox. An interface between Simulink and GT-SUITE was created to verify the controller during a 

realistic, modified WLTP drive cycle. The results were compared to a classic controller based on 

on/off controllers and it was found that the MPC controller reduced the power consumption either 

40% or 60% depending on which drive cycle was compared. However, it was stated that this seemed 

like an implausible reduction and might have been caused by the classic controller not being worked 

on as much as the MPC. Even so, the report concluded that the method and results indicated a high 

potential.  

J. Lopez-Sanz et al. propose a nonlinear MPC for control of a thermal management system for plug-in 

hybrid electric vehicles (PHEV) [3]. The paper mentions that the complexity of the plant model, which 

is nonlinear and controlled by several variables, differentiates the proposed method from previous 

nonlinear MPCs reported in the automotive sector. It is also stated that the disadvantages of more 

accurate thermal management is the increase in power consumption, mostly due to the need to 

increase the amount of actuators compared to non-electric vehicles, and therefore proposes that 

nonlinear MPC could be a prevailing method when looking to minimize both thermal stress and 

energy use. The internal plant model was validated against real vehicle drive cycles and the model 

proved to be accurate with a maximum error of 2℃ compared to the real temperatures. A nonlinear 

MPC was presented with the goal of keeping the battery temperature in an optimal range while also 

minimizing power consumption. The MPC controller was then compared to a finite-state machine 

controller and the results showed that the MPC reduced power consumption by around 5% while 

keeping the battery temperature in the optimal region better. It is also proposed that software in the 

loop (SIL) testing with the MPC could lead to interesting findings on improving the performance of 

the cooling system, such as changing solenoid valves for proportional valves having a small 
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improvement of 5.56% lower power consumption compared to 5.23%. Finally, the SIL showed that 

MPC is fast enough for a real time implementation. 

With a focus on controlling the cab temperature using an air conditioning (AC) system in a BEV or 

HEV, [4] formulates a nonlinear MPC problem to minimize energy consumption. The method 

proposed lets the cab temperature vary within a range depending on the current vehicle speed by 

using time varying MPC constraints. This approach, compared to a more traditional static setpoint, 

proved to reduce the power consumption by up to 9%.  

The consensus between previous work in the area indicate that model predictive control has great 

potential for control of climate systems in electric vehicles compared to more traditional control 

schemes. 

1.3 Purpose, goals and delimitations 
The purpose of this thesis was to explore the potential benefits and problems of applying model 

predictive control to complex climatization systems that are found in electric vehicles. The goal was 

to define optimal control of a climate system, with respect to four different cost factors: 

1. Temperature, 

2. Power consumption, 

3. Actuator wear, 

4. Noise level. 

The different cost factors were to be implemented as custom cost functions in the MPC, enabling the 

MPC to take the different factors into account during optimization. The method was to be evaluated 

for two climate systems, the hypothetical climate system and the other climate system, and to 

achieve this two models had to be created. To keep the scope of the thesis within reasonable levels, 

the climate systems were to be modelled as simple interactions between point masses and without 

taking pump head pressure into account in the system circuits.  

1.4 Work distribution 
Because of the scale of this thesis, the work was conducted by two people. Both authors have 

contributed to all parts of the thesis in terms of analysis and discussion, but the main responsibilities 

were divided as follows in the table below. The work for both systems has been essentially the same, 
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which means that even if the main responsibilities often were split between the systems, both 

authors know the work behind both systems. 

Work 

Alternative climate system 

Data collection Erik + Olof 

System model Erik 

Simulink model Erik 

Matlab code Erik 

Simulation Erik 

Hypothetical climate system 

Data creation (system) Olof 

System model Olof 

Simulink model Olof 

Matlab code Olof 

Simulation Olof 

Report writing 

Alternative climate system 

Introduction Erik 

Thermodynamics Olof 

Model Predictive Control Erik 

Climate system model Erik 

Custom cost functions Erik + Olof 

Method Erik + Olof 

Results and discussion Erik + Olof 

Conclusions Erik 

Further work Olof 

Hypothetical climate system 

Introduction Erik 

Thermodynamics Olof 

Model Predictive Control Erik 

Climate system model Erik 

Custom cost functions Erik + Olof 

Method Erik + Olof 

Results and discussion Erik + Olof 

Conclusions Erik 

Further work Olof 

 

1.5 Outline 
Chapter 2 dives into the underlying physics of the project, explaining how energy is moved around in 

the system and how these heat transfers effects the temperature of the affected systems. This is 

followed by a brief introduction to Model Predictive Control in chapter 3. After, the climate system is 

described in detail in chapter 4: all heat transfers and systems are defined as well as covering how 

the system was modelled. One of the central concepts of the thesis is custom cost functions and the 

chosen cost functions are described in chapter 5. In chapter 6, the workflow of how the model was 

created is described, as well as an overview of the tools used. Chapter 7 presents and discusses the 

results. The last two chapters (chapter 8 and 9) explore both what further work is required and which 

conclusions can be drawn from the thesis.
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2 Thermodynamics 
In this chapter the underlying physics of the model is described in detail. 

2.1 Point mass 
The hypothetical climate system consists of six different subsystems and to easily model these they 
are seen as point masses. By calling it a point mass the system is assumed to have one singular 
temperature (𝑇). In reality, there is a temperature gradient across the entire system, if the battery 
for example is cooled from the bottom this means that the closer to the bottom the temperature is 
measured the cooler it is. By using point masses the temperature is one singular temperature for the 
whole subsystem. Each subsystem has a mass and a specific heat capacity, these parameters 
determine how the system temperature changes when heat transfers occur to and from the 
subsystem. This temperature change is described in  

𝑑𝑇

𝑑𝑡
=
∑𝑃

𝑚𝑐
 

( 2.1 ) 

where 
𝑑𝑇

𝑑𝑡
 is the change in temperature, 𝑚 is the mass, 𝑐 is the specific heat capacity and 𝑃 is the heat 

transfers in and out of the subsystem. 

2.2 Heat transfers 
To accurately model the system, the heat transfers between the different subsystems need to be 
calculated. There are four different types of heat transfers in the system that must be calculated in 
different ways. 

2.2.1 Conduction transfers 
Heat conduction is the most common transfer in the system, it is what governs how the radiators 
work for example. Heat conduction is what occurs when two masses of different temperature come 
into contact with each other. The transfer from the hot to the cold mass is governed by the following 
equation, 

𝑃𝑐𝑜𝑛𝑑𝑢𝑐𝑡𝑖𝑜𝑛 = 𝑘(𝑇ℎ𝑜𝑡 − 𝑇𝑐𝑜𝑙𝑑), 

( 2.2 ) 

where 𝑇ℎ𝑜𝑡 and 𝑇𝑐𝑜𝑙𝑑 are the temperatures of the different masses and 𝑘 is the heat conduction 
coefficient. The conduction coefficient is indirectly controlled by the controller, the 𝑘 can depend on 
many different parameters but in the scope of this thesis it is usually dependent on the flow of a 
liquid. For example, inner and outer flow decides the conduction through the radiators. The flow of 
the liquid or gas in turn can depend on both fans and valves, meaning that the 𝑘 in the end can 
depend on more than three components. 

2.2.2 AC 
Heat pumps and AC systems can transfer heat in a different way than conduction, and can transfer 
heat from a cold side to a hotter side. The heat transfer is different between the two sides, meaning 
more energy comes out the hot side than is removed from the cold side. The heat transfer to the hot 
side can be described by the following equation, 

𝑃ℎ𝑒𝑎𝑡 = 𝐶𝑂𝑃ℎ𝑒𝑎𝑡𝑖𝑛𝑔𝑊𝑖𝑛 

( 2.3 ) 

The transfer from the cold side can similarly be described by, 
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𝑃𝑐𝑜𝑜𝑙 = 𝐶𝑂𝑃𝑐𝑜𝑜𝑙𝑖𝑛𝑔𝑊𝑖𝑛 

( 2.4 ) 

where 𝐶𝑂𝑃ℎ𝑒𝑎𝑡𝑖𝑛𝑔 and 𝐶𝑂𝑃𝑐𝑜𝑜𝑙𝑖𝑛𝑔 are the coefficients of performance and 𝑊𝑖𝑛 is the work done by 

the compressor. A simple Carnot heat engine operating between a cold (𝑇𝑐𝑜𝑙𝑑) and a hot (𝑇ℎ𝑜𝑡) 
reservoir has  

𝐶𝑂𝑃𝑐𝑜𝑜𝑙𝑖𝑛𝑔 = 
𝑇𝑐𝑜𝑙𝑑

𝑇ℎ𝑜𝑡 − 𝑇𝑐𝑜𝑙𝑑
, 

𝐶𝑂𝑃ℎ𝑒𝑎𝑡𝑖𝑛𝑔 = 
𝑇ℎ𝑜𝑡

𝑇ℎ𝑜𝑡 − 𝑇𝑐𝑜𝑙𝑑
. 

( 2.5 ) 

2.2.3 Electric heating 
Electrical heating is the simplest form of transfer as it is not actually a transfer between two 
subsystems, but a simple heat addition to a system from an electric heater element. This heat 
addition can be described with the following equation,  

𝑃𝑖𝑛 = 𝑊𝑖𝑛 

( 2.6 ) 

where 𝑊𝑖𝑛 is the power fed to the electric heater. 

2.3 Affinity laws 
The affinity laws are generally accepted approximate expressions of the relationships between 
different fan and pump variables, such as pressure, flow and power. For a pump or fan with a 
constant impeller diameter, the following relationships are stated in the affinity laws: 

𝑄1
𝑄2

=
𝑁1
𝑁2

 

𝐻1
𝐻2

= (
𝑁1
𝑁2
)
2

 

𝑃1
𝑃2
= (

𝑁1
𝑁2
)
3

 

( 2.7 ) 

where 𝑁 is the rotational speed, 𝑄 is the volumetric flow rate, 𝐻 is the pressure or head and 𝑃 is the 
shaft power. The subscripts connect the two properties, for example at rotational speed 𝑁1 the flow 
rate 𝑄1 is achieved. 
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3 Model Predictive Control 
This chapter covers some of the more important features of MPC and briefly goes through the 

theory. A more in depth look into model predictive control is given in [5]. For a shorter brief of the 

general idea of model predictive control, see [6].  

3.1 Introduction to Model Predictive Control 
Model predictive control, or MPC, is a control method that can be explained in three parts: the 

model, the predictive and the control parts. 

• Model 

o An internal model of the plant is required 

• Predictive 

o The internal model is used to predict the system behaviour 

• Control 

o Optimization is done based on the predictions from the internal model to achieve 

optimal control 

The internal model is essential in the MPC and it is important that it is as close to the plant as 

possible to ensure good control performance. A simple block diagram of the principle of MPC is 

shown in Figure 3.1. 

Figure 3.1 Simple block diagram of MPC controller and plant. 

A linear model in state space form 

{
𝑥[𝑘 + 1] = 𝐴𝑥[𝑘] + 𝐵𝑢[𝑘] + 𝑤[𝑘]

𝑦[𝑘]  =  𝐶𝑥[𝑘]
 

( 3.1 ) 

where 𝑥 are the system states, 𝑦 are the system outputs, 𝑢 the system inputs, 𝑤 the process 

disturbances and finally 𝐴, 𝐵 and 𝐶 are system matrices. This type of linear system can easily be used 

for predictions using state evolution, for example 

𝑦[𝑘 + 1]  =  𝐶𝑥[𝑘 + 1] = 𝐶(𝐴𝑥[𝑘] + 𝐵𝑢[𝑘] + 𝑤[𝑘]), 
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𝑦[𝑘 + 2] = 𝐶𝑥[𝑘 + 2] 

= 𝐶(𝐴𝑥[𝑘 + 1] + 𝐵𝑢[𝑘 + 1] + 𝑤[𝑘 + 1]) 

= 𝐶(𝐴(𝐴𝑥[𝑘] + 𝐵𝑢[𝑘] + 𝑤[𝑘]) + 𝐵𝑢[𝑘 + 1] + 𝑤[𝑘 + 1]), 

( 3.2 ) 

and repeating this for 𝑁 timesteps into the future yields 𝑦[𝑘 + 1] to 𝑦[𝑘 + 𝑁] only dependent on the 

original states 𝑥[𝑘], the control inputs 𝑢[𝑘] to 𝑢[𝑘 + 𝑁 − 1] and the measured disturbances 𝑤[𝑘] to 

𝑤[𝑘 + 1]. The disturbances are measured, meaning 𝑤[𝑘] is known and are often assumed to be 

constant over the whole prediction. The control signals 𝑢 however are often only assumed to be 

changing for the first 𝑀 prediction steps, after which they are held constant for the rest of the 

prediction. 𝑁 is called the prediction horizon and it denotes for how many timesteps the prediction 

should be made. The prediction horizon also decides together with the sampling time 𝑇𝑠 how long 

the absolute prediction horizon should be (how far into the future the prediction should be made): 

the absolute prediction horizon is the prediction horizon times the sampling time. 𝑀 is called the 

control horizon and it is usually kept much smaller than the prediction horizon to reduce the 

computational complexity. The prediction is repeated for the whole prediction horizon and the 

system trajectories are saved to be put in the optimization function. The MPC uses closed loop 

feedback in its optimization, which means that the output of the plant is measured or estimated 

using an observer and then fed back into the MPC controller. The outputs can be used together with 

output references to calculate the output-reference error, which then is minimized in the 

optimization. One common objective function 𝐽 is quadratic and is defined as 

𝐽[𝑘] = 𝐽𝑦[𝑘] + 𝐽𝑢[𝑘] + 𝐽Δ𝑢[𝑘] + 𝐽𝜖[𝑘] 

( 3.3 ) 

using the functions 

𝐽𝑦[𝑘] =∑∑𝑤𝑦𝑗
2 (𝑦𝑗[𝑘 + 𝑖] − 𝑟𝑦𝑗[𝑘 + 𝑖])

2
𝑁

𝑖=1

𝑛𝑦

𝑗=1

 

𝐽𝑢[𝑘] =∑∑𝑤𝑢𝑗
2 (𝑢𝑗[𝑘 + 𝑖] − 𝑟𝑢𝑗[𝑘 + 𝑖])

2
𝑁−1

𝑖=0

𝑛𝑢

𝑗=1

 

𝐽Δ𝑢[𝑘] =∑∑𝑤Δ 𝑢𝑗
2 (𝑢𝑗[𝑘 + 𝑖] − 𝑢𝑗[𝑘 + 𝑖 − 1])

2
𝑁−1

𝑖=0

𝑛𝑢

𝑗=1

 

𝐽𝜖[𝑘] = 𝜌𝜖
2[𝑘] 

( 3.4 ) 

where 𝑤𝑦𝑗, 𝑤𝑢𝑗 and 𝑤Δ 𝑢𝑗 are optimization weights, 𝑦𝑗  are the j-th of 𝑛𝑦 outputs with reference 𝑟𝑦𝑗, 

𝑢𝑗 are the j-th of 𝑛𝑢 inputs with reference 𝑟𝑢𝑗 and finally 𝜖 is the constraint slack variable with weight 

𝜌. The slack variable is a nonnegative measure of the deviation of soft constraints, such that for 

example 

𝑦𝑚𝑖𝑛 − 𝜖[𝑘]𝑉𝑦_𝑚𝑖𝑛 ≤ 𝑦[𝑘 + 1] ≤ 𝑦𝑚𝑎𝑥 + 𝜖[𝑘]𝑉𝑦_𝑚𝑎𝑥, 

( 3.5 ) 
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where 𝑦𝑚𝑖𝑛, 𝑦𝑚𝑎𝑥 are lower and upper bounds for an output 𝑦. 𝑉𝑦_𝑚𝑖𝑛 and 𝑉𝑦_𝑚𝑎𝑥 are the equal 

concern for relaxation (ECR) values for the lower and upper bounds. These constants set how soft the 

constraints should be and if 𝑦[𝑘 + 1] was to deviate below the lower bound 𝑦𝑚𝑖𝑛, the 𝜖[𝑘] slack 

variable would be the value that makes sure that the inequality is still satisfied. The actual value of 

𝜖[𝑘] that is used in the cost function is for the worst case constraint violation [7]. The objective 

function is minimized with the goal of finding the optimal control inputs 

min
𝑢
𝐽[𝑘]. 

( 3.6 ) 

The optimal control inputs of the first (current) timestep 𝑢[𝑘] are the only ones that are applied to 
the plant. 

3.2 Constraints 
One of the clear benefits of MPC compared to LQ control is the possibility of implementing system 
constraints directly in the controller. The constraints are taken into considerations in the 
optimization and results in a controller that knows the exact limitations of inputs or outputs and 
therefore it benefits the optimality of the control method. There are three types of constraints used 
in this thesis. First off are output constraints, such as  

𝑇𝑐𝑎𝑏_𝑐𝑖𝑟𝑐𝑢𝑖𝑡 ≤ 99 ℃ 

( 3.7 ) 

can be used to prevent the water in the circuit from boiling. The MPC will then do everything in its 
power during optimization to prevent the temperature to rise above the constraint. The second type 
of constraints are the input constraints. These constraints are very important as they limit the range 
of the control signals. Knowing these limits is essential for the internal prediction model to make 
accurate prediction. Take for example the constraint 

0 kW ≤ 𝑢ℎ𝑒𝑎𝑡𝑒𝑟_𝑏𝑎𝑡 ≤ 5 kW 

( 3.8 ) 

which makes sure that the MPC knows that the electric heater only can heat up to 5 kW and that it of 
course cannot cool. The final type of constraint is the input rate constraint. This constraint limits the 
change in the control signals, which is useful for keeping the control signal changes realistic in terms 
of actuator speed changes for example. One such constraint could be  

−15 ≤ ∆𝑢𝑝𝑢𝑚𝑝_𝑏𝑎𝑡 ≤ 15 

( 3.9 ) 

which keeps the change in pump speed at a maximum of 15 % for the duration of the sampling time 
(in this example 𝑇𝑠 = 10 s). 

However, when it comes to constraints, if there are too many hard constraints the solver might have 
issues finding a feasible solution. If there is a true need of constraints but the amount of the 
constraints hinders the feasibility of the solver, something called constraint softness can be used. 
This essentially softens a specified constraint to allow small deviations that violate the constraint. In 
this thesis, soft constraints are used for the actuator rate constraints, to minimize the risk of 
infeasibility while still not jeopardizing the realism of the rates of change too much. The slack 
variable 𝜖 is included in the objective function, to penalize too large deviations from the constraints. 
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3.3 Optimization 
The constraints are included in the MPC objective functions such that 

{
 

 
min
𝑢
𝐽[𝑘]

𝑦𝑚𝑖𝑛 ≤ 𝑦 ≤ 𝑦𝑚𝑎𝑥
𝑢𝑚𝑖𝑛 ≤ 𝑢 ≤ 𝑢𝑚𝑎𝑥

Δ𝑢𝑚𝑖𝑛 ≤ Δ𝑢 ≤ Δ𝑢𝑚𝑎𝑥

. 

( 3.10 ) 

One common approach to optimizing the objective function for a linear MPC is to rewrite the 

problem as a quadratic programming (QP) problem [8]: 

{
 
 

 
 min

𝑧

1

2
𝑧𝑇𝐻𝑧 + 𝑓𝑇𝑧

𝐴𝑧 <= 𝑏
𝐴𝑒𝑞𝑧 = 𝑏𝑒𝑞

𝑧𝑚𝑖𝑛 ≤ 𝑧 ≤ 𝑧𝑚𝑎𝑥

 

( 3.11 ) 

which has a variety of known solution methods. This method does not hold for a nonlinear system 

however, as the rewriting to a QP problem is based on linear algebra. For a nonlinear system  

𝑥[𝑘 + 1] = 𝑔(𝑥[𝑘], 𝑢[𝑘], 𝑤[𝑘])

𝑦[𝑘] = ℎ(𝑥[𝑘])
 

( 3.12 ) 

another approach must be used. One possibility is the sequential quadratic programming (SQP) 

algorithm, which reformulates the constrained nonlinear optimization problem into a QP subproblem 

and solves it [9]. This algorithm is the default and recommended method when utilizing the nonlinear 

MPC functions from the MATLAB MPC toolbox [10]. The SQP algorithm also enables the use of 

nonlinear constraints and non-quadratic objective functions, something that is not possible for a 

regular linear MPC solved using quadratic programming. 
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4 Climate system model 
This chapter gives an overview of the system and how the thermodynamics theory given in chapter 2 

was applied to model it. Definitions of system parameters, such as the mass of the battery, are also 

found here. 

4.1 Overview 
An overview of the proposed hypothetical system is found in Figure 4.1. The system actuators consist 

of three fans, six three-way valves, three pumps, two electric heaters and a compressor. The top left 

circuit is known as the PE circuit, bottom left is the cab circuit, top right is the battery circuit: all filled 

with coolant (water) that is pumped by the pumps. The AC circuit is not modelled as a point mass as 

the other circuits and therefore the medium is unknown. Modelled heat transfers occur at the 

chillers, radiators, electric heaters, heater core, PE and battery. The actuators are numbered and 

named according to the Figure 4.1 and Table 4.1. 

 

Figure 4.1 Overview of the hypothetical system. Actuator numbers and their signal symbols are defined in Table 4.1. 
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Table 4.1 Actuator numbers and their respective control signal symbol. 

Actuator number Actuator control signal symbol 
1 𝑢𝑝𝑢𝑚𝑝_𝑏𝑎𝑡 
2 𝑢𝑓𝑎𝑛_𝑏𝑎𝑡 
3 𝑢𝑣𝑎𝑙𝑣𝑒_𝑏𝑎𝑡_𝑐𝑜𝑜𝑙𝑖𝑛𝑔_𝑏𝑦𝑝𝑎𝑠𝑠 

4 𝑢𝑣𝑎𝑙𝑣𝑒_𝑏𝑎𝑡_𝑐𝑜𝑜𝑙𝑖𝑛𝑔_𝑠𝑒𝑙𝑒𝑐𝑡 
5 𝑢ℎ𝑒𝑎𝑡𝑒𝑟_𝑏𝑎𝑡 
6 𝑢𝑝𝑢𝑚𝑝_𝑐𝑎𝑏 

7 𝑢𝑓𝑎𝑛_𝑐𝑎𝑏 

8 𝑢𝑣𝑎𝑙𝑣𝑒_𝑐𝑎𝑏_ℎ𝑒𝑎𝑡𝑖𝑛𝑔_𝑏𝑦𝑝𝑎𝑠𝑠 

9 𝑢𝑣𝑎𝑙𝑣𝑒_𝑐𝑎𝑏_𝑐𝑜𝑜𝑙𝑖𝑛𝑔_𝑏𝑦𝑝𝑎𝑠𝑠 

10 𝑢ℎ𝑒𝑎𝑡𝑒𝑟_𝑐𝑎𝑏 
11 𝑢𝑝𝑢𝑚𝑝_𝑃𝐸 
12 𝑢𝑓𝑎𝑛_𝑃𝐸 
13 𝑢𝑣𝑎𝑙𝑣𝑒_𝑃𝐸_𝑐𝑜𝑜𝑙𝑖𝑛𝑔_𝑏𝑦𝑝𝑎𝑠𝑠 
14 𝑢𝐴𝐶_𝑐𝑜𝑚𝑝𝑟𝑒𝑠𝑠𝑜𝑟 
15 𝑢𝑣𝑎𝑙𝑣𝑒_𝐴𝐶_𝑠𝑒𝑙𝑒𝑐𝑡 

 

4.2 Inputs & outputs 
System inputs are the following actuator control signals 

 

𝑢 =  

[
 
 
 
 
 
 
 
 
 
 
 
 
 
 

𝑢𝑝𝑢𝑚𝑝_𝑏𝑎𝑡
𝑢𝑓𝑎𝑛_𝑏𝑎𝑡

𝑢𝑣𝑎𝑙𝑣𝑒_𝑏𝑎𝑡_𝑐𝑜𝑜𝑙𝑖𝑛𝑔_𝑏𝑦𝑝𝑎𝑠𝑠
𝑢𝑣𝑎𝑙𝑣𝑒_𝑏𝑎𝑡_𝑐𝑜𝑜𝑙𝑖𝑛𝑔_𝑠𝑒𝑙𝑒𝑐𝑡

𝑢ℎ𝑒𝑎𝑡𝑒𝑟_𝑏𝑎𝑡
𝑢𝑝𝑢𝑚𝑝_𝑐𝑎𝑏
𝑢𝑓𝑎𝑛_𝑐𝑎𝑏

𝑢𝑣𝑎𝑙𝑣𝑒_𝑐𝑎𝑏_ℎ𝑒𝑎𝑡𝑖𝑛𝑔_𝑏𝑦𝑝𝑎𝑠𝑠
𝑢𝑣𝑎𝑙𝑣𝑒_𝑐𝑎𝑏_𝑐𝑜𝑜𝑙𝑖𝑛𝑔_𝑏𝑦𝑝𝑎𝑠𝑠

𝑢ℎ𝑒𝑎𝑡𝑒𝑟_𝑐𝑎𝑏
𝑢𝑝𝑢𝑚𝑝_𝑃𝐸
𝑢𝑓𝑎𝑛_𝑃𝐸

𝑢𝑣𝑎𝑙𝑣𝑒_𝑃𝐸_𝑐𝑜𝑜𝑙𝑖𝑛𝑔_𝑏𝑦𝑝𝑎𝑠𝑠
𝑢𝐴𝐶_𝑐𝑜𝑚𝑝𝑟𝑒𝑠𝑠𝑜𝑟
𝑢𝑣𝑎𝑙𝑣𝑒_𝐴𝐶_𝑠𝑒𝑙𝑒𝑐𝑡 ]

 
 
 
 
 
 
 
 
 
 
 
 
 
 

. 

( 4.1 ) 

The system outputs and states are the temperatures of each system subcircuit and the battery, PE 
and cab temperatures: 
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𝑥 =  𝑦 =  

[
 
 
 
 
 
 

𝑇𝑏𝑎𝑡
𝑇𝑏𝑎𝑡_𝑐𝑖𝑟𝑐𝑢𝑖𝑡
𝑇𝑐𝑎𝑏

𝑇𝑐𝑎𝑏_𝑐𝑖𝑟𝑐𝑢𝑖𝑡
𝑇𝑃𝐸

𝑇𝑃𝐸_𝑐𝑖𝑟𝑐𝑢𝑖𝑡 ]
 
 
 
 
 
 

. 

( 4.2 ) 

There are three disturbances modelled for the system; the thermal losses in the battery, the thermal 
losses in the power electronics and the ambient temperature, as follows: 

𝑤 =  [

𝑃𝑏𝑎𝑡_𝑙𝑜𝑠𝑠
𝑃𝑃𝐸_𝑙𝑜𝑠𝑠
𝑇𝑎𝑚𝑏𝑖𝑒𝑛𝑡

]. 

( 4.3 ) 

4.3 System differential equations 
In the most general form, the climate system can be described by the following equation 

�̇�(𝑡) = 𝑓(𝑥(𝑡), 𝑢(𝑡), 𝑤(𝑡)), 

( 4.4 ) 

where 𝑓 is a nonlinear function of the system states, inputs and disturbances. The following 
equations in this section use the heat capacity 𝐶, which for example is defined by 

𝐶𝑏𝑎𝑡 = 𝑐𝑏𝑎𝑡𝑚𝑏𝑎𝑡, 

( 4.5 ) 

for the battery, where 𝑐𝑏𝑎𝑡 is the specific heat capacity and 𝑚𝑏𝑎𝑡 is the mass of the battery. As 
described in section 2.1 the rate of change of the temperature in a point mass is dependent on the 
sum of the heat transfers to and from the mass, shown in equation ( 2.1 ). The following equations 
are true for the system model 

�̇�𝑏𝑎𝑡 =
1

C𝑏𝑎𝑡
(𝑃𝑏𝑎𝑡_𝑙𝑜𝑠𝑠 − 𝑃𝑏𝑎𝑡_𝑡𝑜_𝑏𝑎𝑡_𝑐𝑖𝑟𝑐𝑢𝑖𝑡  −  𝑃𝑏𝑎𝑡_𝑎𝑚𝑏𝑖𝑒𝑛𝑡_𝑙𝑒𝑎𝑘), 

�̇�𝑏𝑎𝑡_𝑐𝑖𝑟𝑐𝑢𝑖𝑡 =
1

C𝑏𝑎𝑡_𝑐𝑖𝑟𝑐𝑢𝑖𝑡
(𝑃𝑏𝑎𝑡_𝑡𝑜_𝑏𝑎𝑡_𝑐𝑖𝑟𝑐𝑢𝑖𝑡   +  𝑃𝑏𝑎𝑡_ℎ𝑒𝑎𝑡𝑒𝑟 − 𝑃𝑏𝑎𝑡_𝑐𝑖𝑟𝑐𝑢𝑖𝑡_𝑡𝑜_𝑎𝑚𝑏𝑖𝑒𝑛𝑡 − 𝑃𝑏𝑎𝑡_𝑐ℎ𝑖𝑙𝑙𝑒𝑟),  

�̇�𝑐𝑎𝑏 =
1

C𝑐𝑎𝑏
(− 𝑃𝑐𝑎𝑏_𝑡𝑜_𝑐𝑎𝑏_𝑐𝑖𝑟𝑐𝑢𝑖𝑡 − 𝑃𝑐𝑎𝑏_𝑎𝑚𝑏𝑖𝑒𝑛𝑡_𝑙𝑒𝑎𝑘), 

�̇�𝑐𝑎𝑏_𝑐𝑖𝑟𝑐𝑢𝑖𝑡 =
1

C𝑐𝑎𝑏_𝑐𝑖𝑟𝑐𝑢𝑖𝑡
(𝑃𝑐𝑎𝑏_𝑡𝑜_𝑐𝑎𝑏_𝑐𝑖𝑟𝑐𝑢𝑖𝑡 + 𝑃𝑃𝐸_𝑐𝑖𝑟𝑐𝑢𝑖𝑡_𝑡𝑜_𝑐𝑎𝑏_𝑐𝑖𝑟𝑐𝑢𝑖𝑡 + 𝑃𝑐𝑎𝑏_ℎ𝑒𝑎𝑡𝑒𝑟 − 𝑃𝑐𝑎𝑏_𝑐ℎ𝑖𝑙𝑙𝑒𝑟), 

�̇�𝑃𝐸 =
1

C𝑃𝐸
(𝑃𝑃𝐸_𝑙𝑜𝑠𝑠  −  𝑃𝑃𝐸_𝑡𝑜_𝑃𝐸_𝑐𝑖𝑟𝑐𝑢𝑖𝑡), 

�̇�𝑃𝐸_𝑐𝑖𝑟𝑐𝑢𝑖𝑡 =
1

C𝑃𝐸_𝑐𝑖𝑟𝑐𝑢𝑖𝑡
(𝑃𝑃𝐸_𝑡𝑜_𝑃𝐸_𝑐𝑖𝑟𝑐𝑢𝑖𝑡 − 𝑃𝑃𝐸_𝑐𝑖𝑟𝑐𝑢𝑖𝑡_𝑡𝑜_𝑎𝑚𝑏𝑖𝑒𝑛𝑡 − 𝑃𝑃𝐸_𝑐𝑖𝑟𝑐𝑢𝑖𝑡_𝑡𝑜_𝑐𝑎𝑏_𝑐𝑖𝑟𝑐𝑢𝑖𝑡). 

( 4.6 ) 
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4.4 System parameters 
As the hypothetical system is not based on real components their properties are made up to fit the 
system requirements, which was withstanding 1 kW disturbances in both the PE and battery. The 
following tables contain made up model parameters for the hypothetical system that are held 
constant. 

Table 4.2. Made up masses of model point masses. 

Symbol Mass [kg] 

𝒎𝒃𝒂𝒕 500 

𝒎𝒃𝒂𝒕_𝒄𝒊𝒓𝒄𝒖𝒊𝒕 5 

𝒎𝒄𝒂𝒃 10 

𝒎𝒄𝒂𝒃_𝒄𝒊𝒓𝒄𝒖𝒊𝒕 5 

𝒎𝑷𝑬 10 

𝒎𝑷𝑬_𝒄𝒊𝒓𝒄𝒖𝒊𝒕 5 

 

Table 4.3 Made up specific heat capacities of model point masses. 

Symbol Specific heat capacity [kJ/(kg-K)] 

𝒄𝒃𝒂𝒕 1.1 

𝒄𝒃𝒂𝒕_𝒄𝒊𝒓𝒄𝒖𝒊𝒕 4.2 

𝒄𝒄𝒂𝒃 0.012 
𝒄𝒄𝒂𝒃_𝒄𝒊𝒓𝒄𝒖𝒊𝒕 4.2 

𝒄𝑷𝑬 0.9 
𝒄𝑷𝑬_𝒄𝒊𝒓𝒄𝒖𝒊𝒕 4.2 

 

Table 4.4 Made up heat capacities of model point masses. 

Symbol Heat capacity [kJ/K] 

𝑪𝒃𝒂𝒕 550 

𝑪𝒃𝒂𝒕_𝒄𝒊𝒓𝒄𝒖𝒊𝒕 21 

𝑪𝒄𝒂𝒃 0.12 

𝑪𝒄𝒂𝒃_𝒄𝒊𝒓𝒄𝒖𝒊𝒕 21 

𝑪𝑷𝑬 9 

𝑪𝑷𝑬_𝒄𝒊𝒓𝒄𝒖𝒊𝒕 21 
 

Table 4.5  Made up ambient leak heat transfer coefficients. 

Symbol Heat transfer coefficient 
[kW/K] 

𝒌𝒃𝒂𝒕_𝒂𝒎𝒃𝒊𝒆𝒏𝒕_𝒍𝒆𝒂𝒌 0.015 

𝒌𝒄𝒂𝒃_𝒂𝒎𝒃𝒊𝒆𝒏𝒕_𝒍𝒆𝒂𝒌 0.015 

 

Table 4.6 Made up maximum mass flow rates. 

Symbol Maximum mass flow rate [kg/s] 

𝒒𝒑𝒖𝒎𝒑_𝒃𝒂𝒕_𝒎𝒂𝒙 0.1 

𝒒𝒑𝒖𝒎𝒑_𝒄𝒂𝒃_𝒎𝒂𝒙 0.1 

𝒒𝒑𝒖𝒎𝒑_𝑷𝑬_𝒎𝒂𝒙 0.1 
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4.5 Modelling actuators 
The climate system contains a variety of actuators which must be modelled, and the actuators each 
have a simple 0-100% (values between 0 and 1) control signal. 

4.5.1 RPM controlled actuators 
The fans, pumps and compressors are all RPM controlled, which means that the control signal is the 
percentage of the maximum RPM, such that 

𝑁 = 𝑁𝑚𝑎𝑥𝑢𝑓𝑎𝑛,𝑝𝑢𝑚𝑝,𝑐𝑜𝑚𝑝. 

𝑢𝑓𝑎𝑛,𝑝𝑢𝑚𝑝,𝑐𝑜𝑚𝑝. ∈ [0, 1] 

( 4.7 ) 

where 𝑁𝑚𝑎𝑥 is the maximum RPM, 𝑁 is the current RPM and 𝑢𝑓𝑎𝑛,𝑝𝑢𝑚𝑝,𝑐𝑜𝑚𝑝. is the control signal. 

The pumps have been modelled according to the first affinity law such that 

𝑄 = 𝑄𝑚𝑎𝑥
𝑁

𝑁𝑚𝑎𝑥
. 

( 4.8 ) 

In this thesis however mass flow rates are used instead of volumetric flow rates because the density 
is assumed constant: 

�̇� = 𝑞𝑚𝑎𝑥
𝑁

𝑁𝑚𝑎𝑥
, 

𝑞𝑚𝑎𝑥  =  
𝑄𝑚𝑎𝑥
𝜌

 , 

( 4.9 ) 

where 𝑞𝑚𝑎𝑥 is the maximum mass flow rate, 𝜌 the density and �̇� the current mass flow rate. 

4.5.2 Valves 
The three-way valves are simply controlled by setting the opening position in percent, where 0% 
corresponds to all flow to one outlet and 100% corresponds to all flow to the other outlet: 

𝑢𝑣𝑎𝑙𝑣𝑒 ∈ [0, 1]. 

( 4.10 ) 

4.5.3 Heater 
Finally, the electric heater inputs are requested heating percentage of the maximum heating 

𝑢ℎ𝑒𝑎𝑡𝑒𝑟 ∈ [0, 1], 

𝑃ℎ𝑒𝑎𝑡𝑒𝑟 = 𝑢ℎ𝑒𝑎𝑡𝑒𝑟𝑃ℎ𝑒𝑎𝑡𝑒𝑟_𝑚𝑎𝑥, 

( 4.11 ) 

where 𝑃ℎ𝑒𝑎𝑡𝑒𝑟 and 𝑃ℎ𝑒𝑎𝑡𝑒𝑟_𝑚𝑎𝑥 are the current and maximum heat transfer rates from the heater. 

4.6 Mass flow rates 
The mass flow rates of the system pumps are modelled after the first affinity law, so that 

�̇�𝑏𝑎𝑡 = 𝑞𝑝𝑢𝑚𝑝_𝑏𝑎𝑡_𝑚𝑎𝑥𝑢𝑝𝑢𝑚𝑝_𝑏𝑎𝑡, 

�̇�𝑐𝑎𝑏 = 𝑞𝑝𝑢𝑚𝑝_𝑐𝑎𝑏_𝑚𝑎𝑥𝑢𝑝𝑢𝑚𝑝_𝑐𝑎𝑏, 
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�̇�𝑃𝐸 = 𝑞𝑝𝑢𝑚𝑝_𝑃𝐸_𝑚𝑎𝑥𝑢𝑝𝑢𝑚𝑝_𝑃𝐸 . 

( 4.12 ) 

The rest of the mass flow rates of the system are determined by the pump flow rates and valves 

�̇�𝑏𝑎𝑡_𝑏𝑦𝑝𝑎𝑠𝑠 = �̇�𝑏𝑎𝑡𝑢𝑣𝑎𝑙𝑣𝑒_𝑏𝑎𝑡_𝑐𝑜𝑜𝑙𝑖𝑛𝑔_𝑏𝑦𝑝𝑎𝑠𝑠, 

�̇�𝑏𝑎𝑡_𝑐𝑜𝑜𝑙𝑖𝑛𝑔 = �̇�𝑏𝑎𝑡 − �̇�𝑏𝑎𝑡_𝑏𝑦𝑝𝑎𝑠𝑠, 

�̇�𝑏𝑎𝑡_𝑟𝑎𝑑 = �̇�𝑏𝑎𝑡_𝑐𝑜𝑜𝑙𝑖𝑛𝑔𝑢𝑣𝑎𝑙𝑣𝑒_𝑏𝑎𝑡_𝑐𝑜𝑜𝑙𝑖𝑛𝑔_𝑠𝑒𝑙𝑒𝑐𝑡 , 

�̇�𝑏𝑎𝑡_𝑐ℎ𝑖𝑙𝑙𝑒𝑟 = �̇�𝑏𝑎𝑡_𝑐𝑜𝑜𝑙𝑖𝑛𝑔 − �̇�𝑏𝑎𝑡_𝑟𝑎𝑑 , 

�̇�𝑐𝑎𝑏_ℎ𝑒𝑎𝑡𝑒𝑟 = �̇�𝑐𝑎𝑏(1 − 𝑢𝑣𝑎𝑙𝑣𝑒_𝑐𝑎𝑏_ℎ𝑒𝑎𝑡𝑖𝑛𝑔_𝑏𝑦𝑝𝑎𝑠𝑠), 

�̇�𝑐𝑎𝑏_𝑐𝑜𝑜𝑙𝑖𝑛𝑔 = �̇�𝑐𝑎𝑏(1 − 𝑢𝑣𝑎𝑙𝑣𝑒_𝑐𝑎𝑏_𝑐𝑜𝑜𝑙𝑖𝑛𝑔_𝑏𝑦𝑝𝑎𝑠𝑠), 

�̇�𝑃𝐸_𝑟𝑎𝑑 = �̇�𝑃𝐸(1 − 𝑢𝑣𝑎𝑙𝑣𝑒_𝑃𝐸_𝑐𝑜𝑜𝑙𝑖𝑛𝑔_𝑏𝑦𝑝𝑎𝑠𝑠). 

( 4.13 ) 

The definitions of the mass flow rates are also found in Figure 4.2. 

 

Figure 4.2 Mass flow definitions in the system. 

4.7 Heat transfers 
The following sections of equations describe the heat transfers used in the state differential 
equations. An overview of the heat transfers of the system are found in Figure 4.3. 
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Figure 4.3 Overview of all heat transfers modelled in the hypothetical climate system. Orange blocks represent masses to be 
climatized, while blue blocks represent coolant masses. 

4.7.1 Component cooling/heating 
The cooling/heating of the battery and the power electronics are defined  

𝑃𝑏𝑎𝑡_𝑡𝑜_𝑏𝑎𝑡_𝑐𝑖𝑟𝑐𝑢𝑖𝑡 = 𝑘𝑏𝑎𝑡(𝑇𝑏𝑎𝑡 − 𝑇𝑏𝑎𝑡_𝑐𝑖𝑟𝑐𝑢𝑖𝑡), 

𝑃𝑃𝐸_𝑡𝑜_𝑃𝐸_𝑐𝑖𝑟𝑐𝑢𝑖𝑡 = 𝑘𝑃𝐸(𝑇𝑃𝐸 − 𝑇𝑃𝐸_𝑐𝑖𝑟𝑐𝑢𝑖𝑡), 

( 4.14 ) 

where the function in equation ( 4.22 ) is used, such that   

𝑘𝑏𝑎𝑡 = 𝑘𝑏𝑎𝑡_𝑠𝑐𝑎𝑙𝑒𝒈(
�̇�𝑏𝑎𝑡

𝑞𝑝𝑢𝑚𝑝_𝑏𝑎𝑡_𝑚𝑎𝑥
) 

𝑘𝑃𝐸 = 𝑘𝑃𝐸_𝑠𝑐𝑎𝑙𝑒𝒈(
�̇�𝑃𝐸

𝑞𝑝𝑢𝑚𝑝_𝑃𝐸_𝑚𝑎𝑥
). 

( 4.15 ) 

4.7.2 Heat exchangers 
The heat exchanger (radiators and heat exchanger between cab and PE circuits) transfers were 

modelled as  

𝑃𝑏𝑎𝑡_𝑐𝑖𝑟𝑐𝑢𝑖𝑡_𝑡𝑜_𝑎𝑚𝑏𝑖𝑒𝑛𝑡 = 𝑘𝑏𝑎𝑡_𝑟𝑎𝑑(𝑇𝑏𝑎𝑡_𝑐𝑖𝑟𝑐𝑢𝑖𝑡 − 𝑇𝑎𝑚𝑏𝑖𝑒𝑛𝑡), 

𝑃𝑃𝐸_𝑐𝑖𝑟𝑐𝑢𝑖𝑡_𝑡𝑜_𝑎𝑚𝑏𝑖𝑒𝑛𝑡  =  𝑘𝑃𝐸_𝑟𝑎𝑑(𝑇𝑃𝐸_𝑐𝑖𝑟𝑐𝑢𝑖𝑡 − 𝑇𝑎𝑚𝑏𝑖𝑒𝑛𝑡), 

𝑃𝑃𝐸_𝑐𝑖𝑟𝑐𝑢𝑖𝑡_𝑡𝑜_𝑐𝑎𝑏_𝑐𝑖𝑟𝑐𝑢𝑖𝑡 = 𝑘ℎ𝑒𝑎𝑡𝑒𝑥𝑐ℎ𝑎𝑛𝑔𝑒𝑟(𝑇𝑃𝐸_𝑐𝑖𝑟𝑐𝑢𝑖𝑡 − 𝑇𝑐𝑎𝑏_𝑐𝑖𝑟𝑐𝑢𝑖𝑡), 

𝑃𝑐𝑎𝑏_𝑡𝑜_𝑐𝑎𝑏_𝑐𝑖𝑟𝑐𝑢𝑖𝑡 = 𝑘𝑐𝑎𝑏(𝑇𝑐𝑎𝑏 − 𝑇𝑐𝑎𝑏_𝑐𝑖𝑟𝑐𝑢𝑖𝑡), 

( 4.16 ) 
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where the functions in equations  and  are used, such that 

𝑘𝑏𝑎𝑡_𝑟𝑎𝑑 = 𝑘𝑏𝑎𝑡_𝑟𝑎𝑑_𝑠𝑐𝑎𝑙𝑒𝒈(
�̇�𝑏𝑎𝑡_𝑟𝑎𝑑

𝑞𝑝𝑢𝑚𝑝_𝑏𝑎𝑡_𝑚𝑎𝑥
)𝒈(𝑢𝑓𝑎𝑛_𝑏𝑎𝑡), 

𝑘𝑐𝑎𝑏 = 𝑘𝑐𝑎𝑏_𝑠𝑐𝑎𝑙𝑒𝒈(
�̇�𝑐𝑎𝑏

𝑞𝑝𝑢𝑚𝑝_𝑐𝑎𝑏_𝑚𝑎𝑥
)𝒈(𝑢𝑓𝑎𝑛_𝑐𝑎𝑏), 

𝑘𝑃𝐸_𝑟𝑎𝑑 = 𝑘𝑃𝐸_𝑟𝑎𝑑_𝑠𝑐𝑎𝑙𝑒𝒈(
�̇�𝑃𝐸_𝑟𝑎𝑑

𝑞𝑝𝑢𝑚𝑝_𝑃𝐸_𝑚𝑎𝑥
)𝒈(𝑢𝑓𝑎𝑛_𝑃𝐸), 

𝑘ℎ𝑒𝑎𝑡𝑒𝑥𝑐ℎ𝑎𝑛𝑔𝑒𝑟 = 𝑘ℎ𝑒𝑎𝑡𝑒𝑥𝑐ℎ𝑎𝑛𝑔𝑒𝑟_𝑠𝑐𝑎𝑙𝑒𝒈(
�̇�𝑃𝐸

𝑞𝑝𝑢𝑚𝑝_𝑃𝐸_𝑚𝑎𝑥
)𝒈(

�̇�𝑐𝑎𝑏_ℎ𝑒𝑎𝑡𝑒𝑟

𝑞𝑝𝑢𝑚𝑝_𝑐𝑎𝑏_𝑚𝑎𝑥
). 

( 4.17 ) 

4.7.3 Heaters 
The electric heater transfers are defined as  

𝑃𝑏𝑎𝑡_ℎ𝑒𝑎𝑡𝑒𝑟 = 𝑢ℎ𝑒𝑎𝑡𝑒𝑟_𝑏𝑎𝑡𝑃𝑏𝑎𝑡_ℎ𝑒𝑎𝑡𝑒𝑟_𝑚𝑎𝑥 , 

𝑃𝑐𝑎𝑏_ℎ𝑒𝑎𝑡𝑒𝑟 = 𝑢ℎ𝑒𝑎𝑡𝑒𝑟_𝑐𝑎𝑏𝑃𝑐𝑎𝑏_ℎ𝑒𝑎𝑡𝑒𝑟_𝑚𝑎𝑥 , 

( 4.18 ) 

with 

𝑃𝑏𝑎𝑡_ℎ𝑒𝑎𝑡𝑒𝑟_𝑚𝑎𝑥 = 𝑃𝑐𝑎𝑏_ℎ𝑒𝑎𝑡𝑒𝑟_𝑚𝑎𝑥 =  5 kW. 

( 4.19 ) 

4.7.4 AC 
The AC transfers from the battery and cab circuits are modelled as 

𝑃𝑏𝑎𝑡_𝑐ℎ𝑖𝑙𝑙𝑒𝑟   =  COP ∙ PAC_max𝑢𝐴𝐶_𝑐𝑜𝑚𝑝𝑟𝑒𝑠𝑠𝑜𝑟𝑢𝑣𝑎𝑙𝑣𝑒_𝐴𝐶_𝑠𝑒𝑙𝑒𝑐𝑡(1 − 𝑢𝑣𝑎𝑙𝑣𝑒_𝑏𝑎𝑡_𝑐𝑜𝑜𝑙𝑖𝑛𝑔_𝑠𝑒𝑙𝑒𝑐𝑡), 

𝑃𝑐𝑎𝑏_𝑐ℎ𝑖𝑙𝑙𝑒𝑟   =  COP ∙ PAC_max𝑢𝐴𝐶_𝑐𝑜𝑚𝑝𝑟𝑒𝑠𝑠𝑜𝑟(1 − 𝑢𝑣𝑎𝑙𝑣𝑒_𝐴𝐶_𝑠𝑒𝑙𝑒𝑐𝑡)(1 − 𝑢𝑣𝑎𝑙𝑣𝑒_𝑐𝑎𝑏_𝑐𝑜𝑜𝑙𝑖𝑛𝑔_𝑏𝑦𝑝𝑎𝑠𝑠), 

( 4.20 ) 

with 

𝑃𝐴𝐶_𝑚𝑎𝑥 = 1 kW 

COP = COP𝑠𝑐𝑎𝑙𝑒
𝑇𝑐

|𝑇ℎ − 𝑇𝑐| + 0.01
, 

𝑇ℎ = 𝑇𝑎𝑚𝑏𝑖𝑒𝑛𝑡 + 273 + Δ𝑇, 

𝑇𝑐 = 273 + 𝑇𝑏𝑎𝑡_𝑐𝑖𝑟𝑐𝑢𝑖𝑡𝑢𝑣𝑎𝑙𝑣𝑒_𝐴𝐶_𝑠𝑒𝑙𝑒𝑐𝑡 + 𝑇𝑐𝑎𝑏_𝑐𝑖𝑟𝑐𝑢𝑖𝑡(1 − 𝑢𝑣𝑎𝑙𝑣𝑒_𝐴𝐶_𝑠𝑒𝑙𝑒𝑐𝑡) − Δ𝑇, 

( 4.21 ) 

where COP𝑠𝑐𝑎𝑙𝑒 = 0.6 is a scaling factor and Δ𝑇 = 30 ℃ is added or subtracted to the hot and cold 
side respectively, the reason for this is to approximate the actual temperature in the AC circuit 
without adding more states to the system. The COP is calculated using an ideal Carnot cycle and is 
hence too large to be realistic, this is the reason for the 𝐶𝑂𝑃𝑠𝑐𝑎𝑙𝑒 factor. 
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4.8 Heat transfer coefficients 
The heat transfer coefficient functions were created to rapidly increase the heat transfer coefficient 
when the flow rates are small and increasing and then the increase slows down and create 
diminishing returns when the flow rates are higher. The following function was chosen for the one-
dimensional heat transfer coefficient functions 

𝒈(𝑥) = 100 −
5000

100𝑥 + 50
 

( 4.22 ) 

where 𝑥 is the input. The equation ( 4.15 ) uses this one-dimensional function and an example is 
shown in Figure 4.4. For the two-dimensional case where the coefficient depends on an outer and 
inner flow, the function was two 𝒈(𝑥) functions multiplied together, as shown in equation ( 4.17 ). 
An example of this is shown in Figure 4.5. 

 

Figure 4.4 Battery heat transfer coefficient depending on coolant flow rate. 
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Figure 4.5 Battery radiator heat transfer coefficient at different fan control signals and flow rates. 

The scaling factors of all the heat transfer coefficients and their resulting maximum heat transfer 
coefficients are presented in the table below. The factors were chosen to have the climate system be 
able to withstand the 1 kW disturbances in the battery and power electronics. 

Table 4.7 Heat transfer coefficient scaling factors and the maximum heat transfer coefficients. 

Heat transfer 
coefficient symbol 

Scaling factor symbol Scaling factor Maximum heat 
transfer coefficient 
[kW/K] 

𝒌𝒃𝒂𝒕 𝑘𝑏𝑎𝑡_𝑠𝑐𝑎𝑙𝑒 0.01 0.67 

𝒌𝒃𝒂𝒕_𝒓𝒂𝒅 𝑘𝑏𝑎𝑡_𝑟𝑎𝑑_𝑠𝑐𝑎𝑙𝑒 0.0001 0.44 

𝒌𝒄𝒂𝒃 𝑘𝑐𝑎𝑏_𝑠𝑐𝑎𝑙𝑒 0.00001 0.044 

𝒌𝑷𝑬 𝑘𝑃𝐸_𝑠𝑐𝑎𝑙𝑒 0.005 0.33 

𝒌𝑷𝑬_𝒓𝒂𝒅 𝑘𝑃𝐸_𝑟𝑎𝑑_𝑠𝑐𝑎𝑙𝑒 0.0001 0.44 

𝒌𝒉𝒆𝒂𝒕𝒆𝒙𝒄𝒉𝒂𝒏𝒈𝒆𝒓 𝑘ℎ𝑒𝑎𝑡𝑒𝑥𝑐ℎ𝑎𝑛𝑔𝑒𝑟_𝑠𝑐𝑎𝑙𝑒 0.0001 0.44 
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5 Custom cost functions 
This chapter covers the use of custom cost functions, which in line with the goals of the thesis was 

used to minimize four different factors: 

• the temperature degradation of the battery and power electronics, 

• the power consumption of the whole climate system, 

• the noise level of the actuators, 

• the actuator wear. 

5.1 Temperature degradation 

5.1.1 Battery degradation 
While high battery temperatures increase the batteries capacity it decreases the battery lifetime 

meaning the number of charge cycles decreases. The same is true for lower temperatures, so usually 

the optimal temperature is in the mid-20s. For the alternative climate system the custom cost 

function for battery degradation was based on an empirical approximation. When it comes to the 

hypothetical climate system however another function was used:  

𝑑𝑏𝑎𝑡(𝑇𝑏𝑎𝑡) =   {

5𝑇𝑏𝑎𝑡_𝑒𝑟𝑟𝑜𝑟
2  −  8𝑇𝑏𝑎𝑡_𝑒𝑟𝑟𝑜𝑟 + 4, 𝑇𝑏𝑎𝑡_𝑒𝑟𝑟𝑜𝑟 > 1

5𝑇𝑏𝑎𝑡_𝑒𝑟𝑟𝑜𝑟
2  +  8𝑇𝑏𝑎𝑡_𝑒𝑟𝑟𝑜𝑟 + 4, 𝑇𝑏𝑎𝑡_𝑒𝑟𝑟𝑜𝑟 < −1

𝑇𝑏𝑎𝑡_𝑒𝑟𝑟𝑜𝑟
2 , |𝑇𝑏𝑎𝑡_𝑒𝑟𝑟𝑜𝑟|  ≤ 1

, 

𝑇𝑏𝑎𝑡_𝑒𝑟𝑟𝑜𝑟 = 𝑇𝑏𝑎𝑡 − 𝑇𝑏𝑎𝑡_𝑟𝑒𝑓 . 

( 5.1 ) 

The goal with using this function was to penalize the battery temperature more heavily in the cost 

function compared to a regular quadratic cost function when it was outside of a specified operating 

range (±1℃ from the reference) and then reducing the penalty within the operating range, as shown 

in Figure 5.1. The idea was that this could make it possible to reduce power consumption, as the 

difference in keeping a battery 1℃ from the reference might not be as important as reducing the 

power consumption.  
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Figure 5.1 Comparison between custom and regular battery cost functions. 

5.1.2 Power electronics degradation 
There are many factors that need to be considered when cooling the electronics but with just regard 

for the degradation Arrhenius law was used for the custom cost function. When using Arrhenius law 

it is often regarding chemical processes, however it also applies to the degradation of semiconductor 

electronics [11]. The following equation shows Arrhenius law in general form 

𝐾 = 𝐴𝑒
𝐸𝑎
𝑅𝑇 , 

( 5.2 ) 

where 𝐾 refers to the speed of a chemical process, 𝐴 is a constant, 𝐸𝑎 is the activation energy, 𝑅 is 

the gas constant and 𝑇 is the temperature in Kelvin. Some changes were made to the equation to 

apply it to this thesis: 

𝑑𝑃𝐸(𝑇𝑃𝐸) = 𝑒
−𝑎

𝑇𝑃𝐸−𝑇𝑚𝑖𝑛 . 

( 5.3 ) 

First of all, the 𝐸𝑎 and 𝑅 are combined into 𝑎 = 2(𝑇𝑚𝑎𝑥 − 𝑇𝑚𝑖𝑛), this ensures that the function 

remains convex throughout the whole temperature interval. The temperature is also shifted by 𝑇𝑚𝑖𝑛 

to ensure that the denominator in the exponent is never negative as this changes the shape of the 

function drastically. 𝑇𝑚𝑎𝑥 is chosen to be 130 degrees as this is around the temperature where silicon 

semiconductors for automotive applications tend to have their maximum rating [12] so the goal is to 

never reach this temperature. 𝑇𝑚𝑖𝑛 is set to -50 as this is a temperature a vehicle is unlikely to work 

in. The function is shown relative to a quadratic cost function in Figure 5.2. 
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Figure 5.2 Comparison between custom PE and regular cost functions. 

5.2 Power consumption 
The affinity laws state that the relationship between the power consumption and RPM for fans and 

pumps is cubic as described by the following equation, 

𝑃𝑝𝑢𝑚𝑝𝑠,𝑓𝑎𝑛𝑠 = 𝑃𝑚𝑎𝑥𝑢
3, 

( 5.4 ) 

where 𝑃𝑚𝑎𝑥 is the max power consumption and 𝑢 the control signal (percentage of maximum RPM). 

The power consumption of the compressor is calculated using the same method, under the 

assumption that a compressor is just a pressure optimized pump. The power consumption of the 

valves are assumed to be negligible, but for the electric heater all the power used is assumed to be 

transferred to the coolant, it is however likely that the transferred heat is slightly less due to losses in 

control electronics and cabling: 

𝑃ℎ𝑒𝑎𝑡𝑒𝑟_𝑐𝑜𝑛𝑠𝑢𝑚𝑝𝑡𝑖𝑜𝑛 = 𝑃ℎ𝑒𝑎𝑡𝑒𝑟_𝑚𝑎𝑥𝑢ℎ𝑒𝑎𝑡𝑒𝑟 . 

( 5.5 ) 

The maximum power consumptions of the pumps, fans and the compressor that are used in the 

model and their respective functions are found below 

𝑃𝑝𝑢𝑚𝑝_𝑏𝑎𝑡(𝑢𝑝𝑢𝑚𝑝_𝑏𝑎𝑡) = 𝑃𝑝𝑢𝑚𝑝_𝑚𝑎𝑥𝑢𝑝𝑢𝑚𝑝_𝑏𝑎𝑡
3 

𝑃𝑓𝑎𝑛_𝑏𝑎𝑡(𝑢𝑓𝑎𝑛_𝑏𝑎𝑡) = 𝑃𝑓𝑎𝑛_𝑚𝑎𝑥𝑢𝑓𝑎𝑛_𝑏𝑎𝑡
3 

𝑃𝑝𝑢𝑚𝑝_𝑐𝑎𝑏(𝑢𝑝𝑢𝑚𝑝_𝑐𝑎𝑏) = 𝑃𝑝𝑢𝑚𝑝_𝑚𝑎𝑥𝑢𝑝𝑢𝑚𝑝_𝑐𝑎𝑏
3 

𝑃𝑓𝑎𝑛_𝑐𝑎𝑏(𝑢𝑓𝑎𝑛_𝑐𝑎𝑏) = 𝑃𝑓𝑎𝑛_𝑚𝑎𝑥𝑢𝑓𝑎𝑛_𝑐𝑎𝑏
3 

𝑃𝑝𝑢𝑚𝑝_𝑃𝐸(𝑢𝑝𝑢𝑚𝑝_𝑃𝐸) = 𝑃𝑝𝑢𝑚𝑝_𝑚𝑎𝑥𝑢𝑝𝑢𝑚𝑝_𝑃𝐸
3 
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𝑃𝑓𝑎𝑛_𝑃𝐸(𝑢𝑓𝑎𝑛_𝑃𝐸) = 𝑃𝑓𝑎𝑛_𝑚𝑎𝑥𝑢𝑓𝑎𝑛_𝑃𝐸
3 

𝑃𝐴𝐶_𝑐𝑜𝑚𝑝𝑟𝑒𝑠𝑠𝑜𝑟(𝑢𝐴𝐶_𝑐𝑜𝑚𝑝𝑟𝑒𝑠𝑠𝑜𝑟) = 𝑃𝑐𝑜𝑚𝑝𝑟𝑒𝑠𝑠𝑜𝑟_𝑚𝑎𝑥𝑢𝐴𝐶_𝑐𝑜𝑚𝑝𝑟𝑒𝑠𝑠𝑜𝑟
3 

( 5.6 ) 

 

Table 5.1 Made up maximum power consumptions of actuators and their symbols. 

Actuator Maximum power 
consumption [kW] 

Maximum power 
consumption symbol 

Fans 0.1 𝑃𝑓𝑎𝑛_𝑚𝑎𝑥 

Pumps 0.1 𝑃𝑝𝑢𝑚𝑝_𝑚𝑎𝑥 

Compressor 1 𝑃𝑐𝑜𝑚𝑝𝑟𝑒𝑠𝑠𝑜𝑟_𝑚𝑎𝑥 

 

5.3 Noise 
The difference in the acoustic noise generated by a fan by a change in the logarithm of the fan RPM 

can be approximated with the fan laws by the following relation  

Δ𝐿𝑊 ∼ 50Δ log10(𝑁), 
( 5.7 ) 

where Δ𝐿𝑤is the difference in acoustic power level and Δ log10(𝑁) is the difference in the logarithm 

of the fan RPM [13]. This relation is used for the noise cost functions using a reference point in the 

following way 

𝐿𝑊1
= 𝐿𝑊0

+ 50(log10(𝑁1) − log10(𝑁0)), 
( 5.8 ) 

where 𝐿𝑊0
is the acoustic power level at the maximum RPM 𝑁0. The logarithmic function however is 

not convex and therefore unsuited for optimization. The expression is rewritten by converting it to 

acoustic power 

𝑊1 = 10
𝐿𝑊0
10 𝑢5, 

( 5.9 ) 

where 

10
50(log10(𝑁1)−log10(𝑁0))

10 = 10
log10(

𝑁1
5

𝑁0
5)
= 𝑢5, 

( 5.10 ) 

has been used as the control signal 𝑢 is the percentage of maximum RPM. Hence it is the acoustic 

power 𝑊1 that is minimized in the cost function, but it is converted to acoustic power level when 

plotting. For simplicity, even though the approximation is made for fans, it is used for the pumps and 

compressors as well. The maximum acoustic power levels of the pumps, fans and compressors that 

are used in the model and their respective functions are found below 

𝑊𝑝𝑢𝑚𝑝_𝑏𝑎𝑡(𝑢𝑝𝑢𝑚𝑝_𝑏𝑎𝑡) = 10
𝐿𝑊𝑝𝑢𝑚𝑝_𝑚𝑎𝑥

10 𝑢𝑝𝑢𝑚𝑝_𝑏𝑎𝑡
5 
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𝑊𝑓𝑎𝑛_𝑏𝑎𝑡(𝑢𝑓𝑎𝑛_𝑏𝑎𝑡) = 10
𝐿𝑊𝑓𝑎𝑛_𝑚𝑎𝑥

10 𝑢𝑓𝑎𝑛_𝑏𝑎𝑡
5 

𝑊𝑝𝑢𝑚𝑝_𝑐𝑎𝑏(𝑢𝑝𝑢𝑚𝑝_𝑐𝑎𝑏) = 10
𝐿𝑊𝑝𝑢𝑚𝑝_𝑚𝑎𝑥

10 𝑢𝑝𝑢𝑚𝑝_𝑐𝑎𝑏
5 

𝑊𝑓𝑎𝑛_𝑐𝑎𝑏(𝑢𝑓𝑎𝑛_𝑐𝑎𝑏) = 10
𝐿𝑊𝑓𝑎𝑛_𝑚𝑎𝑥

10 𝑢𝑓𝑎𝑛_𝑐𝑎𝑏
5 

𝑊𝑝𝑢𝑚𝑝_𝑃𝐸(𝑢𝑝𝑢𝑚𝑝_𝑃𝐸) = 10
𝐿𝑊𝑝𝑢𝑚𝑝_𝑚𝑎𝑥

10 𝑢𝑝𝑢𝑚𝑝_𝑃𝐸
5 

𝑊𝑓𝑎𝑛_𝑃𝐸(𝑢𝑓𝑎𝑛_𝑃𝐸) = 10
𝐿𝑊𝑓𝑎𝑛_𝑚𝑎𝑥

10 𝑢𝑓𝑎𝑛_𝑃𝐸
5 

𝑊𝐴𝐶_𝑐𝑜𝑚𝑝𝑟𝑒𝑠𝑠𝑜𝑟(𝑢𝐴𝐶_𝑐𝑜𝑚𝑝𝑟𝑒𝑠𝑠𝑜𝑟) = 10
𝐿𝑊𝑐𝑜𝑚𝑝𝑟𝑒𝑠𝑠𝑜𝑟_𝑚𝑎𝑥

10 𝑢𝐴𝐶_𝑐𝑜𝑚𝑝𝑟𝑒𝑠𝑠𝑜𝑟
5 

( 5.11 ) 

Table 5.2 Made up maximum noise levels of actuators and their symbols. 

Actuator Maximum acoustic power 
level [dB] 

Maximum acoustic power 
level symbol 

Fans 60 𝐿𝑊𝑓𝑎𝑛_𝑚𝑎𝑥
 

Pumps 70 𝐿𝑊𝑝𝑢𝑚𝑝_𝑚𝑎𝑥
 

Compressor 75 𝐿𝑊𝑐𝑜𝑚𝑝𝑟𝑒𝑠𝑠𝑜𝑟_𝑚𝑎𝑥
 

 

5.4 Actuator wear 
One aspect of material wear of actuators is induced when the actuator is turned on and off 

repeatedly. A fan, for example, could suffer from this wear if the control signal of the fan is near the 

point of the fan starting to spin and oscillates around this point. The original plan was to include a 

custom cost function in the MPC objective function to prevent this on/off switching wear from 

happening. This plan had to be revised, as it was realized that the problem either required a discrete 

or convex function and neither of these options work well in the optimization. For the sake of 

investigating this aspect, instead of a custom cost function, the actuator wear is indicated by 

measuring the price of using the actuators. For the valves this measure is based on the expected 

lifetime actuations and for the other actuators it is based on the lifetime in hours. The resulting 

measures for the valves are calculated by the equation 

𝑤𝑣𝑎𝑙𝑣𝑒 =
Price of valve

Life actuations
, 

( 5.12 ) 

and added to the total at each timestep if 

∆𝑢𝑣𝑎𝑙𝑣𝑒 > 0, 

( 5.13 ) 

indicating that a valve actuation has occurred and for the actuators the price per lifetime is 

calculated by 
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𝑤𝑎𝑐𝑡𝑢𝑎𝑡𝑜𝑟 =
Price of actuator

Lifetime
, 

( 5.14 ) 

and it is integrated over the sampling time and added to the total at each timestep if 

𝑢𝑎𝑐𝑡𝑢𝑎𝑡𝑜𝑟 > 0, 

( 5.15 ) 

indicating that the actuator is on. Below are two tables of these constants, entirely made up for the 

hypothetical system.  

Table 5.3 Made up valve price, life actuations and cost per actuation. 

Type of valve Price [€] Life actuations Cost per actuation [€] 

Three-way valve 1 1000000 0.000001 

 

Table 5.4 Made up actuator price, expected lifetime and cost per hour. 

Type of actuator Price [€] Expected lifetime [h] Cost per hour [€/h] 

Fan 6 15000 0.0004 

Pump 8 10000 0.0008 

Compressor 30 16000 0.001875 

Heater 10 40000 0.00025 

 

5.5 Implementation 
The custom cost functions were augmented to a regular quadratic cost function in the following way 

𝐽𝑡𝑜𝑡𝑎𝑙[𝑘] = 𝐽[𝑘] + 𝐽𝑐𝑢𝑠𝑡𝑜𝑚[𝑘], 

( 5.16 ) 

where 𝐽 is the regular quadratic objective function and 𝐽𝑐𝑢𝑠𝑡𝑜𝑚 is the sum of the custom cost 

functions. The total custom cost function was defined as 

𝐽𝑐𝑢𝑠𝑡𝑜𝑚[𝑘] = 𝐽𝑏𝑎𝑡_𝑑𝑒𝑔[𝑘] + 𝐽𝑃𝐸_𝑑𝑒𝑔[𝑘] + 𝐽𝑝𝑜𝑤𝑒𝑟[𝑘] + 𝐽𝑛𝑜𝑖𝑠𝑒[𝑘] 

( 5.17 ) 

with the subfunctions 

𝐽𝑏𝑎𝑡_𝑑𝑒𝑔 = 𝑤𝑑𝑏𝑎𝑡𝑑𝑏𝑎𝑡(𝑇𝑏𝑎𝑡), 

𝐽𝑃𝐸_𝑑𝑒𝑔 = 𝑤𝑑𝑃𝐸𝑑𝑃𝐸(𝑇𝑃𝐸), 

𝐽𝑝𝑜𝑤𝑒𝑟 = 𝑤𝑝𝑜𝑤𝑒𝑟 (Pbat_pump(ubat_pump) + Pcab_pump(ucab_pump) + PPE_pump(uPE_pump)

+ Pbat_fan(ubat_fan) + Pcab_fan(ucab_fan) + PPE_fan(uPE_fan)

+ Pbat_heater(ubat_heater) + Pcab_heater(ucab_heater)

+ PAC_compressor(uAC_compressor)) 
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𝐽𝑛𝑜𝑖𝑠𝑒 = 𝑤𝑛𝑜𝑖𝑠𝑒 (Wbat_pump(ubat_pump) +Wcab_pump(ucab_pump) +WPE_pump(uPE_pump)

+Wbat_fan(ubat_fan) +Wcab_fan(ucab_fan) +WPE_fan(uPE_fan)

+WAC_compressor(uAC_compressor)) 

( 5.18 ) 

where 𝑤𝑑𝑏𝑎𝑡, 𝑤𝑑𝑃𝐸, 𝑤𝑝𝑜𝑤𝑒𝑟 and 𝑤𝑛𝑜𝑖𝑠𝑒 are optimization weights. 
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6 Method 
This chapter not only covers how the project evolved in complexity but also how it was tested and 

how the performance was evaluated. The tools used in the thesis are also described in this chapter. 

6.1 Workflow 

6.1.1 Data collection 
The thesis started with collection of data on the alternative climate system. Actuator datasheets 
were used to determine parameters such as power consumption, maximum RPM, expected lifetime 
etc. Some parameters such as noise levels were not found in datasheets and were then instead 
sometimes chosen from the requirement specification of the component. Climate system parameters 
such as masses of the different subsystems, their estimated specific heat capacities and maximum 
pump flow rates were found or estimated. Data on passive components such as radiators and heat 
exchangers were found or estimated. 

The hypothetical climate system did not use real components and therefore the component data was 
chosen entirely based on the values needed for the system to withstand a maximum 1 kW heat loss 
disturbances in both the power electronics and the battery, regardless of factors like ambient 
temperature. 

6.1.2 Iterative modelling 
During the data collection period and throughout the rest of the thesis an iterative modelling process 
has been used to model the alternative climate system. The first iteration was a purely linear model 
of two point masses (battery and battery coolant) where the heat transfers from and to the masses 
were directly controllable, without being impacted by the temperature differences between the 
point masses and the ambient temperature. The inputs of this model were the heat transfers and the 
outputs were the point mass temperatures. The model was then extended to include the whole 
climate system. This model was deemed too unrealistic because of the directly controllable heat 
transfers and therefore the iterative modelling continued. First the smaller model with two point 
masses was improved to include heat transfers that were modelled more accurately, depending on 
the temperature differences and a heat transfer coefficient. The heat transfer coefficients 
themselves were modelled to be dependent on the mass flow rates, which in turn were controlled by 
pumps and valves. The inputs of this model were the pump control signals and the outputs were the 
point mass temperatures. This improvement resulted in the model going from being a linear model 
to a more realistic nonlinear model. When the small model with two point masses worked as 
expected, the model of the whole climate system was extended using the same logic. This resulted in 
the final model, a large nonlinear model where the inputs and outputs were the actuator control 
signals and the point mass temperatures, respectively. Another reason for extending the model to be 
nonlinear was that it was needed to take actuators into account, making it easier to set realistic input 
constraints. 

For the hypothetical climate system the process was a little different. As it was started a few months 
into the project a lot of the early steps were skipped but a few new ones were required. Everything 
to do with a linear system was skipped as this was deemed to be too unrealistic. Instead, the system 
modelling started with some nonlinear tests of all the subsystems, which were eventually combined 
into a full system. One of the more time consuming parts of creating this system was the fact that 
there were no values available for any of the components used meaning reasonable values for these 
had to be made up. This means that heat transfer coefficients, masses, noise and many other factors 
values, several values are based on information about the Tesla Model 3 system, but trustworthy 
sources are limited. All these values needed to be changed throughout the project for the system to 
make sense, this in conjunction with all the tuneable parameters made the system extremely hard to 
tune. 
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6.1.3 MPC controller 
The MPC controller has evolved with the climate system models during the thesis. The linear models 
were tested using a linear MPC controller and the performance was deemed unrealistically good. 
After the model was extended however there were four options when it came to the MPC controller. 
The first option was to linearize the whole nonlinear system and use the linearization as the 
prediction model in a linear MPC controller to control the nonlinear system. The second option was 
to use an adaptive MPC controller, that linearized the whole system at every timestep and then 
controlled the nonlinear system according to the linearized model. The third option was to use the 
linear MPC controller that was created for the linear model and then simply translating the heat 
transfers signals of the controller to the actuator inputs of the nonlinear model. The final option was 
to create a purely nonlinear MPC controller to control the nonlinear model. All these options were 
tested briefly and the nonlinear MPC controller was chosen for its tracking capabilities and 
robustness. One major benefit of choosing to go forward with the nonlinear MPC controller was the 
ability to implement the custom cost functions, which was critical for the goals of the thesis.  

6.1.4 Simulation 
Simulations of the climate systems have been conducted throughout the thesis. The primary 
simulations have been scenarios where the whole systems start from the ambient temperature and 
then either with or without disturbances the systems were controlled towards setpoints. A typically 
scenario for the hypothetical climate system was a start from an ambient temperature of 30 ℃ with 
disturbances in the form of heat losses in the battery and in the power electronics, which meant that 
active cooling had to be used. Another option was using the same disturbances but starting from 5 
degrees, which included both heating at the start of the simulation and then passive cooling to 
hinder the disturbances. It was decided that a comparison between a nonlinear MPC controller, a 
nonlinear MPC controller with custom cost functions and a PI controller was necessary to evaluate 
performance. The simulation duration was chosen to be 9000 seconds, to be able to capture the 
system dynamics coming to a steady state.  

6.2 Tools 

6.2.1 Model 
The primary tools of this thesis have been Simulink and MATLAB. All modelling has been done in 
Simulink using simple blocks (no Simscape blocks have been utilized) to be able to understand the 
exact model configuration without any “black box” blocks. This means that the model consists of 
integrators, sum, gain, product and division blocks. For passive components in the alternative climate 
system, where no theoretical equation was known, data was compiled from an existing model and 
used together with Simulink lookup table blocks. The models were divided into two subsystems; the 
point mass subsystem that contains all the point masses and calculates their temperature and the 
heat transfer subsystem, which calculates the heat transfers depending on actuator inputs. Some 
MATLAB function blocks have been used, for example to calculate the heat transfers depending on 
actuator inputs for the hypothetical climate system and to calculate different properties such as the 
total energy consumption, battery temperature degradation, noise level etc.   

6.2.2 Model Predictive Control toolbox 
One benefit of using MATLAB and Simulink is the existing Model Predictive Control toolbox [10]. The 

toolbox contains a variety of different MPC implementations, both as Simulink blocks and MATLAB 

functions, and for the linear MPC a GUI exists, which helps with controller tuning. For the nonlinear 

MPC however there is no GUI, resulting in the controller parameters having to be constructed using 

MATLAB code. It is recommended to include an analytical Jacobian of the model state function and 

any custom cost functions or constraints, as this speeds up the controller computations. This 

approach with Jacobians was tested for the alternative climate system but not for the hypothetical 

system. The parameters specified for the nonlinear MPC controller in this thesis are the following: 
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• The prediction horizon, control horizon and sampling time. 

• The input, output and input rate constraints and their constraint softness. 

• Scaling factors for the inputs and outputs. 

• A function representing the MPC internal plant model, dxdt = modelState(x,u), 
which calculates the states rate of change using the state differential equations, where x is 
a state vector and u is an input vector with the disturbances concatenated at the end.  

• A function representing the Jacobian of the internal plant model[A,Bmv] = 
modelJacobianNew(x,u), simply constructed using the MATLAB Symbolic Toolbox, 
jacobian function and the modelState function. 

• If custom costs are used, a function J = customCostFcn(X,U,e,data)that calculates 
the custom costs must be specified. A jacobian of the custom cost function can also be 
specified as [G,Gmv,Ge] = customCostJacobian(X,U,e,data). 

The nonlinear MPC controller from the MATLAB MPC toolbox uses the SQP algorithm for the 
optimization and it is possible to implement both custom nonlinear equality and inequality 
constraints for the controller. In this thesis however no custom nonlinear equality and inequality 
constraints were implemented. It is also possible to specify a custom solver for the optimization. It is 
important to note that the internal plant model found in modelState is defined in continuous time 
as it has been defined in section 4. In this case the toolbox automatically discretizes the model, but it 
is also possible to define a discrete time prediction model directly. The nonlinear MPC block, shown 
in Figure 6.1, was utilized in Simulink.  

 

Figure 6.1. Nonlinear MPC block in Simulink, from the MATLAB MPC toolbox. 

6.3 Parameter choices 
The nonlinear MPC controller provided in the Model Predictive Control toolbox can be customized 

with a wide variety of parameters. The parameters for the nonlinear MPC controllers used to control 

the hypothetical climate system in this thesis and their motivations are listed below.  

6.3.1 Weights 
The MPC controller weights were chosen based on recommendations in the Model Predictive Control 

toolbox [14]. The following list was used to choose tracking weights for the outputs and the 

manipulated variables for the quadratic cost function. However, this approach did not work for 

custom costs when the scale and shape of the function differed considerably. In that case the 

controller was tuned by eye. 

• 0.05 — Low priority: Large tracking error acceptable 

• 0.2 — Below-average priority 

• 1 — Average priority – the default. 

• 5 — Above average priority 

• 20 — High priority: Small tracking error desired 
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6.3.1.1 Nonlinear MPC 

For the nonlinear MPC controller the output tracking weights were chosen to be 10 for the battery 

and 3 for cab and PE, while the input tracking weights were chosen to be 3 for the fans and pumps 

and, 6 for heaters and the AC compressor. The reasoning was that the heaters and AC consume more 

power than the other actuators. The valves were assumed to consume no power so their position did 

not matter. The rate weights were chosen to be higher to increase robustness of the controller, 

however their relative size was the same. Valves also received a small amount of rate weight to 

reduce oscillation behaviour. The final weights are listed in Table 6.1. 

Table 6.1. Weights chosen for nonlinear MPC controller. 

Weight type Value 

Outputs (𝑻𝒃𝒂𝒕) 10 

Outputs (𝑻𝑷𝑬 and 𝑻𝒄𝒂𝒃) 3 

Outputs (rest) 0 

Inputs (𝒖, fans and pumps) 3 

Inputs (𝒖, heaters and 
compressor) 

6 

Inputs (𝒖, valves) 0 

Input rates (∆𝒖, valves) 0.5 

Input rates (∆𝒖, pumps and 
fans) 

5 

Inputs rates (∆𝒖, heaters and 
compressor) 

10 

 

6.3.1.2 Nonlinear MPC with custom cost functions 

The reasoning for the nonlinear MPC controller with custom cost functions was different in many 

ways compared to the standard cost function. There are two factors to consider when thinking about 

weights, first the relative difference to cost of the same type and also relative difference to other 

types of costs. It can be very difficult to compare different cost and weights when the functions 

themselves are vastly different. The only costs that can easily be compared are cab and battery 

because they are both quadratic although the cost become five times larger for the battery when the 

error is larger than one degree. The reason why the power and noise costs look so small is that they 

are to the power of three and five respectively meaning they need to be reduced to ensure their 

costs do not dominate the total cost function. The rate weights were kept at the same value as for 

quadratic costs, they might seem smaller in comparison. However, in the standard cost function all 

weights are raised to the power of two, this is not true for the custom costs meaning their relative 

values are similar for this controller as well. 
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Table 6.2. Weights chosen for nonlinear MPC controller with custom cost functions. 

Weight type Value 

Outputs (𝑻𝒄𝒂𝒃) 20 

Outputs (rest) 0 

Battery degradation factor 30 

Power electronics degradation 
factor 

35 

Power consumption (𝑷𝒕𝒐𝒕𝒂𝒍) 4 

Noise level 0.0000001 

Input rates (∆𝒖,valves) 0.5 

Input rates (∆𝒖, pumps and 
fans) 

5 

Inputs rates (∆𝒖, heaters and 
compressor) 

10 

 

6.3.2 Horizons and sampling time 
The sampling time, prediction and control horizons were held constant for both MPC controllers 

𝑇𝑠 = 10 s, 

Prediction horizon =  20, 

Control horizon =  2, 

( 6.1 ) 

giving the controllers an absolute prediction horizon of 200 seconds. The sampling time was chosen 

to be ten seconds because of the complexity of the optimization, which proved to be too time 

consuming for a faster sampling time. The reasoning was that the MPC optimization needs to be 

faster than the sampling time for the controller to work properly in real implementation. This would 

have to be true for an embedded system meaning quite large margins were needed as all simulations 

were run on a modern desktop computer and an embedded system likely has less processing power. 

Another factor to consider was the absolute prediction horizon, which needed to be as long as 

possible for the quite slow climate system. The length of the prediction horizon impacts the 

optimization time and therefore, to keep the optimization time below the sampling time, the 

prediction horizon was chosen to be 20 samples. The control horizon was kept at the default two 

samples, because the length of the control horizon greatly impacts the computational time. The 

trade-off between sampling rate and prediction horizon made it difficult to use a longer absolute 

prediction horizon. 

6.3.3 Constraints 

6.3.3.1 Input constraints 

There are two types of input constraints used, rate constraints and min-max constraints. All actuators 

apart from the valves use a maximum rate constraint of 10 percent meaning that the input is allowed 

to change a maximum of 10 percent per sample time of 10 seconds. As a result of all inputs being a 

percentage of actuation, all inputs are constrained to be between 0 and 1. Some actuators had 

constraint between 0.002 and 1, this was to mitigate some infeasibility issues. 
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6.3.3.2 Output constraints 

No output constraints have been used for the hypothetical system, but some options were to limit 

the circuits between 0 and 100 degrees, to make sure that the water coolant doesn’t boil or freeze. It 

was decided that these constraints were not needed during these simulations. 

 

6.4 Performance indicators 
A few performance indicators based on the custom cost functions were used to be able to compare 

different controllers and scenarios: 

• Accumulated battery error factor, 

• Accumulated PE error factor, 

• Total energy consumption [kWh], 

• Mean and peak noise level [dB], 

• Total actuation cost [€]. 

As no degradation function for the battery was available for the system the battery degradation is 

defined as the error with regard to the reference summed up over the simulation period. The PE 

degradation factor was calculated using Arrhenius law. The energy consumption is the sum of all the 

actuators power consumption over the whole simulation. The cost of the actuators was calculated in 

two different ways, for the valves, any change between two time steps was counted as an actuation 

and cost was add according to Table 5.3. For the rest of the actuators the cost was calculated as the 

on time multiplied by the cost per hour found in Table 5.4. 

6.5 Output references 
The references for the battery and cab temperatures were both chosen to be 20 ℃. The motivation 

for the battery references was that it is around the optimal temperature of lithium ion batteries, the 

cab reference was from individual preference. The power electronics setpoint was set for 50 ℃. By 

only weighting the battery, PE and cab temperatures, the MPC controller is free to choose and hold 

the optimal steady state for the other subcircuits in the system and is not held back by setpoints on 

the circuits which do not need it. 

6.6 Test scenarios 
The controller was tested in three different scenarios, these were chosen to represent three different 

seasons. The first one is summer where a starting and ambient temperature of 30 degrees is used. 

The second scenario is winter where a starting and ambient temperature of 5 degrees is used and a 

lot of heating is required. The last is a Spring/Fall scenario where the starting and ambient 

temperature was chosen to be 15 degrees. All of the scenarios are under constant disturbances of 

0.5 kW for the battery and 1 kW for the power electronics.  

6.7 Sensitivity 
A simple test of sensitivity was performed, where the heat capacities of all the point masses were 

made 40% larger in the prediction model. The controller performance during a mismatch between 

the prediction model and the plant was evaluated using the 30 ℃ ambient temperature, 1 kW PE and 

0.5 kW battery disturbances scenario. The heat capacities where chosen such that 

𝐶𝑏𝑎𝑡,𝑝𝑟𝑒𝑑𝑖𝑐𝑡𝑖𝑜𝑛  = 1.4𝐶𝑏𝑎𝑡,  

𝐶𝑏𝑎𝑡_𝑐𝑖𝑟𝑐𝑢𝑖𝑡,𝑝𝑟𝑒𝑑𝑖𝑐𝑡𝑖𝑜𝑛 = 1.4𝐶𝑏𝑎𝑡_𝑐𝑖𝑟𝑐𝑢𝑖𝑡 , 
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𝐶𝑐𝑎𝑏,𝑝𝑟𝑒𝑑𝑖𝑐𝑡𝑖𝑜𝑛 =  1.4𝐶𝑐𝑎𝑏, 

𝐶𝑐𝑎𝑏_𝑐𝑖𝑟𝑐𝑢𝑖𝑡,𝑝𝑟𝑒𝑑𝑖𝑐𝑡𝑖𝑜𝑛 =  1.4𝐶𝑐𝑎𝑏_𝑐𝑖𝑟𝑐𝑢𝑖𝑡 , 

𝐶𝑃𝐸,𝑝𝑟𝑒𝑑𝑖𝑐𝑡𝑖𝑜𝑛  =  1.4𝐶𝑃𝐸 , 

𝐶𝑃𝐸_𝑐𝑖𝑟𝑐𝑢𝑖𝑡,𝑝𝑟𝑒𝑑𝑖𝑐𝑡𝑖𝑜𝑛  =  1.4𝐶𝑃𝐸_𝑐𝑖𝑟𝑐𝑢𝑖𝑡 . 

( 6.2 ) 

6.8 Computational time 
A quick test was conducted at the end of the thesis, which investigated the computational time of 

the regular nonlinear MPC controller. The time to complete a 1000 second simulation with 30 ℃ 

ambient temperature and 1 kW PE and 0.5 kW battery disturbances was measured using MATLAB’s 

tic toc functionality as well as the MATLAB profiler. 
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7 Results and discussion 
This chapter primarily includes results and discussion for the hypothetical climate system in section 

7.1, but also some relative performance measures for the alternative climate system in section 7.2. 

7.1 Hypothetical climate system 

7.1.1 Nonlinear MPC with quadratic cost functions 
This section presents the results from the three test scenarios for the regular nonlinear MPC 

controller with quadratic cost functions.  

7.1.1.1 Summer scenario 

This scenario shows how the system reacts to very high temperatures when large amounts of cooling 

is required, as shown in Figure 7.1 and Figure 7.2. This scenario represents start up on a hot 

summer’s day. The system immediately begins cooling the cab and battery. The cab reaches its 

reference within the first 300 seconds of the run while battery takes longer 5000 seconds to reach its 

steady state. The battery never reaches its reference at 20 degrees, instead it settles at 21 degrees, 

due to it not being weighted very high. The power electronics quickly rises to its reference before 

cooling starts at around 300 seconds, it stays very close to its desired value for the rest of the run 

time. One interesting observation is that the 𝑃𝐸𝑓𝑎𝑛 starts before the pump, this however does not 

have any effect on cooling but instead just consumes power.  
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Figure 7.1 Shows the temperatures of the circuits when controlled by nonlinear MPC with standard costs, the scenario starts 
all temperatures at 30 degrees and applies a constant disturbance of 𝑃𝑏𝑎𝑡_𝑙𝑜𝑠𝑠 = 0.5 𝑘𝑊 and 𝑃𝑃𝐸_𝑙𝑜𝑠𝑠 = 1 𝑘𝑊. 
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Figure 7.2 Shows the control signals of the actuators when controlled by nonlinear MPC with standard costs, the scenario 
starts all temperatures at 30 degrees and applies a constant disturbance of 𝑃𝑏𝑎𝑡_𝑙𝑜𝑠𝑠 = 0.5 𝑘𝑊 and 𝑃𝑃𝐸_𝑙𝑜𝑠𝑠 = 1 𝑘𝑊. 

7.1.1.2 Spring/fall scenario 

This scenario is presented in Figure 7.3 and Figure 7.4. The PE systems perform very similarly to the 

scenario starting at 30 degrees with the only difference being the inputs are lower as the lower 

ambient temperature makes it easier to maintain the reference temperature. The battery coolant 

shoots up in temperature to heat the battery, however, at around 3000 seconds the coolant 

temperature drops below the battery temperatures and instead starts to cool to maintain the 

reference temperature. The cab is continuously heated to counteract the ambient heat leakage. One 

strange inefficiency that occurs when battery cooling starts is that the AC starts even though it is not 

necessary. This can most likely be solved by changing weights. It could be caused by the sudden spike 

in cooling need once the battery temperature passes the reference, if the rate weights are too large 

the controller might find it better to stay in the inefficient configuration rather than changing. This 
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results in the controller sticking with a solution that is not optimal. Finally something interesting 

happens at around 1000 seconds, this is the point where the 𝑃𝐸𝑐𝑖𝑟𝑐𝑢𝑖𝑡 temperature surpasses the 

𝐶𝐴𝐵𝑐𝑖𝑟𝑐𝑢𝑖𝑡 temperature. At this point the cab heater is no longer required and all the cabs heating 

needs are handled by the power electronics waste heat. 

 

Figure 7.3 Shows the temperatures of the circuits when controlled by nonlinear MPC with standard costs, the scenario starts 
all temperatures at 15 degrees and applies a constant disturbance of 𝑃𝑏𝑎𝑡_𝑙𝑜𝑠𝑠 = 0.5 𝑘𝑊 and 𝑃𝑃𝐸_𝑙𝑜𝑠𝑠 = 1 𝑘𝑊. 
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Figure 7.4 Shows the control signals of the actuators when controlled by nonlinear MPC with standard costs, the scenario 
starts all temperatures at 15 degrees and applies a constant disturbance of 𝑃𝑏𝑎𝑡_𝑙𝑜𝑠𝑠 = 0.5 𝑘𝑊 and 𝑃𝑃𝐸_𝑙𝑜𝑠𝑠 = 1 𝑘𝑊. 

7.1.1.3 Winter scenario 

In this scenario (shown in Figure 7.5 and Figure 7.6) the starting point of all temperatures is 5 

degrees and shows how the system reacts to an extreme heating need. It looks very similar in many 

ways to the previous scenario at 15 degrees. There are however some interesting aspects to look at. 

Firstly, the losses form the power electronics are no longer able to heat the cab resulting in the cab 

heater running at low power for the entire run. One strange behaviour to notice however, is that the 

𝑃𝐸𝑓𝑎𝑛 is still running even though power electronics is not providing enough heat to the cab circuit. 
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Figure 7.5 Shows the temperatures of the circuits when controlled by nonlinear MPC with standard costs, the scenario starts 
all temperatures at 5 degrees and applies a constant disturbance of 𝑃𝑏𝑎𝑡_𝑙𝑜𝑠𝑠 = 0.5 𝑘𝑊 and 𝑃𝑃𝐸_𝑙𝑜𝑠𝑠 = 1 𝑘𝑊. 
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Figure 7.6 Shows the control signals of the actuators when controlled by nonlinear MPC with standard costs, the scenario 
starts all temperatures at 5 degrees and applies a constant disturbance of 𝑃𝑏𝑎𝑡_𝑙𝑜𝑠𝑠 = 0.5 𝑘𝑊 and 𝑃𝑃𝐸_𝑙𝑜𝑠𝑠 = 1 𝑘𝑊. 

7.1.2 Nonlinear MPC with custom cost functions 
This section presents the results from the three test scenarios for the nonlinear MPC controller with 

custom cost functions. 

7.1.2.1 Summer scenario 

In this scenario (shown in Figure 7.7 and Figure 7.8) the starting point of all temperatures is 30 

degrees and shows how the system reacts to an extreme cooling need. One big difference compared 

to quadratic costs is how the power electronics are cooled. Because Arrhenius law is used as the cost 

function it is continuously cooled instead of cooling being applied only when it reaches its reference 

as seen earlier. Another note on the power electronics is that it does adhere to the reference, this is 

also due to the cost function that does not depend on the reference. 
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The battery and cab cooling perform similarly to the quadratic cost function. This is to be expected 

because the custom cost for both cab and battery are quadratic functions. Even though the battery 

custom cost consists of two different quadratic functions it has minimal effect when the heat load is 

constant. 

 

Figure 7.7 Shows the temperatures of the circuits when controlled by nonlinear MPC with custom costs, the scenario starts 
all temperatures at 30 degrees and applies a constant disturbance of 𝑃𝑏𝑎𝑡_𝑙𝑜𝑠𝑠 = 0.5 𝑘𝑊 and 𝑃𝑃𝐸_𝑙𝑜𝑠𝑠 = 1 𝑘𝑊. 
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Figure 7.8 Shows the control signals of the actuators when controlled by nonlinear MPC with custom costs, the scenario 
starts all temperatures at 30 degrees and applies a constant disturbance of 𝑃𝑏𝑎𝑡_𝑙𝑜𝑠𝑠 = 0.5 𝑘𝑊 and 𝑃𝑃𝐸_𝑙𝑜𝑠𝑠 = 1 𝑘𝑊. 

7.1.2.2 Spring/fall scenario 

In this scenario (shown in Figure 7.9 and Figure 7.10) the starting point of all temperatures is 15 

degrees and shows how the system reacts to Spring/Fall scenario. One notable difference with this 

scenario compared to the previous is that the power electronics finds a lower steady state 

temperature, this is to be expected as it has no reference and cooling is easier with lower ambient 

temperatures. AC cooling has the same strange behaviour as the standard MPC, in that it starts for a 

while and then shuts of even though it is never required. This rules out the shape of the cost function 

being the issue and is more likely due to how the weights are chosen. 
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Figure 7.9 Shows the temperatures of the circuits when controlled by nonlinear MPC with custom costs, the scenario starts 
all temperatures at 15 degrees and applies a constant disturbance of 𝑃𝑏𝑎𝑡_𝑙𝑜𝑠𝑠 = 0.5 𝑘𝑊 and 𝑃𝑃𝐸_𝑙𝑜𝑠𝑠 = 1 𝑘𝑊. 
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Figure 7.10 Shows the control signals of the actuators when controlled by nonlinear MPC with custom costs, the scenario 
starts all temperatures at 15 degrees and applies a constant disturbance of 𝑃𝑏𝑎𝑡_𝑙𝑜𝑠𝑠 = 0.5 𝑘𝑊 and 𝑃𝑃𝐸_𝑙𝑜𝑠𝑠 = 1 𝑘𝑊. 

7.1.2.3 Winter scenario 

In this scenario (shown in Figure 7.11 and Figure 7.12) the starting point of all temperatures is 5 

degrees and shows how the system reacts to an extreme heating need. The performance is very 

similar to quadratic costs. The major difference is the steady state temperature of the power 

electronics which is much lower, probably leading to high power consumption. As a result of the 

temperature of the PE circuit being lower than the cab circuit, the power electronics are no longer 

heating the cab which leads to further energy inefficiencies as more electric heating is needed in the 

cab. 
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Figure 7.11 Shows the temperatures of the circuits when controlled by nonlinear MPC with custom costs, the scenario starts 
all temperatures at 5 degrees and applies a constant disturbance of 𝑃𝑏𝑎𝑡_𝑙𝑜𝑠𝑠 = 0.5 𝑘𝑊 and 𝑃𝑃𝐸_𝑙𝑜𝑠𝑠 = 1 𝑘𝑊. 
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Figure 7.12 Shows the control signals of the actuators when controlled by nonlinear MPC with custom costs, the scenario 
starts all temperatures at 5 degrees and applies a constant disturbance of 𝑃𝑏𝑎𝑡_𝑙𝑜𝑠𝑠 = 0.5 𝑘𝑊 and 𝑃𝑃𝐸_𝑙𝑜𝑠𝑠 = 1 𝑘𝑊. 

7.1.3 PI controller 
This section presents the results from the test scenario for the PI controller. 

7.1.3.1 Summer scenario 

In this scenario (shown in Figure 7.13 and Figure 7.14) the starting point of all temperatures is 30 

degrees and shows how the system reacts to an extreme cooling need. The PI controller performs 

well in this scenario as it is quite simple as only cooling is required. None of the valves are actively 

controlled except for the 𝐴𝐶𝑣𝑎𝑙𝑣𝑒_𝑠𝑒𝑙𝑒𝑐𝑡 which is required for the controller to work. It reaches the 

reference for cab and battery very quickly and is able to maintain the temperature without any 

oscillation.  
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Figure 7.13 Shows the temperatures of the circuits when controlled by simple PI controller, the scenario starts all 
temperatures at 30 degrees and applies a constant disturbance of 𝑃𝑏𝑎𝑡_𝑙𝑜𝑠𝑠 = 0.5 𝑘𝑊 and 𝑃𝑃𝐸_𝑙𝑜𝑠𝑠 = 1 𝑘𝑊. 



55 
 

 

Figure 7.14 Shows the control signals of the actuators when controlled by simple PI controller, the scenario starts all 
temperatures at 30 degrees and applies a constant disturbance of 𝑃𝑏𝑎𝑡_𝑙𝑜𝑠𝑠 = 0.5 𝑘𝑊 and 𝑃𝑃𝐸_𝑙𝑜𝑠𝑠 = 1 𝑘𝑊. 

7.1.4 Performance evaluation 
The performance measures of the controller simulations are summarized in Table 7.1 and Table 7.2. 

When comparing the controllers, it seems that in terms of energy consumption and noise level, the 

regular nonlinear MPC seems to outperform both the custom MPC and the PI controller. Compared 

to the PI controller the nonlinear MPC performs with 41% less energy consumption and 53.2% 

smaller mean noise level. The trade-off however is that the MPC has 86% larger battery degradation 

error, though as can be seen in Figure 7.1 this is likely because of the steady state error induced, 

which is only a couple of degrees from the setpoint and could still be considered a healthy battery 

temperature. The power electronics degradation is extremely similar between the MPC and the PI 

controller, probably caused by the controllers both having the same setpoint and rise time. The 

overall actuation cost between the controllers seem to be higher for both the MPC controllers 
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compared to the PI controller. This should be expected considering that the MPC controllers keeps 

changing input signals even when the temperatures have reached their setpoints, contrary to the PI 

controller for which the control signals are kept steady as the temperatures reach their steady state. 

This could be a trade off when implementing an MPC controller: better overall performance but the 

risk of higher actuator wear increases. The MPC with custom cost functions performs worse than the 

PI controller on all but the energy consumption. The reason for this is likely that the controller was 

not tuned optimally, which is quite difficult to do by hand with the number of different parameters 

involved. 

According to Table 7.2 the regular nonlinear MPC controller performs as expected. The controller has 

around the same PE degradation for all scenarios, while the accumulated temperature error is lowest 

for the 15 degree scenario, double for the 5 degree test and doubled again for the 30 degree test. 

The energy consumption and noise also follow the pattern of 30 degrees giving the largest values, 

then 5 degrees and finally 15 degrees. The reason this is to be expected is that for the heating case of 

5 degrees, the disturbances help the battery and PE temperatures reach their setpoints. This 

reasoning stands for the 15 degree scenario as well, but with better performance factors as the 

simulations starts closer to the setpoints. For the 30 degree case however, the battery disturbance 

actively counteracts the cooling, which makes the accumulated battery error large and the power 

consumption and noise levels greater. 

Table 7.1 Performance for the three controllers during 30 degree cooling test scenario on the hypothetical climate system, as 
well as their performance relative to the PI-based controller. 

Controller 

Accumulated 
battery 

temperature 
error 

Accumulated 
PE degradation 

factor 

Total energy 
consumption 

[kWh] 

Mean 
(peak) 
noise 

power level 
[dB] 

Total 
actuation 

cost 

PI-based 19400 246 1.38 67.9 (76.4) 0.0739 

Regular 
NLMPC 

36000 245 0.815 64.6 (76.3) 0.0828 

Custom 
NLMPC 

28500 299 1.141 70.0 (76.4) 0.100 

 

Relative 
accumulated 

battery 
degradation 

error [%] 

Relative 
accumulated 

PE degradation 
factor [%] 

Relative total 
energy 

consumption 
[%] 

Relative 
mean 
(peak) 
noise 

power [%] 

Relative 
total 

actuation 
cost [%] 

PI-based 100 100 100 100 (100) 100 

Regular 
NLMPC 

186 99.6 59.1 46.8 (97.7) 112 

Custom 
NLMPC 

147 122 82.7 162 (100) 135 
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Table 7.2 Performance for regular nonlinear MPC controller during the three different ambient temperature scenarios for 
hypothetical climate system. 

Ambient 
temperature 

[℃] 

Accumulated 
battery 

temperature 
error 

Accumulated 
PE degradation 

factor 

Total energy 
consumption 

[kWh] 

Mean 
(peak) 
noise 

power level 
[dB] 

Total 
actuation 

cost 

5 16000 238 0.46 46.7 (75.2) 0.0423 

15 8110 242 0.056 35.0 (73.4) 0.0569 

30 36000 245 0.815 64.6 (76.3) 0.0828 

 

7.1.5 Sensitivity 
The results from the sensitivity test with incorrect heat capacities in the prediction model are found 

in Table 7.3. Overall, the controller worked as expected. The performance is not as great as for the 

regular MPC, except for slightly lower mean noise level and a difference in battery error. The 

differences could arise because the controller predicts that the cooling that it induces on the plant 

will cool the system slower than what it does. This would lead to the battery cooling down faster 

than it usually does but compared to the cooling with the correct heat capacities in the prediction 

model, the total energy consumption is higher. More investigations with more complex mismatches 

between prediction model and plant would have to be made to draw more conclusions about 

sensitivity. 

Table 7.3 Comparison between the regular MPC and the regular MPC with incorrect heat capacities in the prediction model. 

Controller 

Accumulated 
battery 

temperature 
error 

Accumulated 
PE degradation 

factor 

Total energy 
consumption 

[kWh] 

Mean 
(peak) 
noise 

power level 
[dB] 

Total 
actuation 

cost 

Incorrect heat 
capacity 
NLMPC 

29867 338 1.9 63.3 (76.3) 0.102 

Regular 
NLMPC 

36000 245 0.815 64.6 (76.3) 0.0828 

 

7.1.6 Computational time 
The result from the small test of the computational time during a 1000 second simulation using 

MATLAB’s tic toc was  

Elapsed time is 117.593674 seconds. 

while the MATLAB profiler stated that the nonlinear MPC block functions took 116.026 seconds. Of 

these 116 seconds, the three functions that used the most time were the sqpLineSearchMex 

(MEX-file) (64 s), model_state (27 s) and znlmpc_computeJacobianState (8 s) functions. 

This means that of the whole simulation time, the nonlinear MPC block took up almost all the time. 

The actual SQP solver file sqpLineSearchMex took up more than half the time while the 

prediction model (model_state) and its Jacobian calculation 

(znlmpc_computeJacobianState) took about a third. The prediction model function might be 
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possible to optimize further for time savings, and the Jacobian calculation can be avoided entirely by 

providing the MPC block with an analytical Jacobian, but the SQP solver time will be hard to reduce 

without changing the controller parameters. The controller needs to work in real time for a real 

climate system to function and the fact that the time required to run the controller in simulation is 

almost ten times less than the simulated time indicate that this might be possible. The possibility 

depends on the computational capacity of the system running the controller. Though this simulation 

was run on a computer, the actual time needed to run the controller on an embedded system is 

difficult to predict without further testing. Furthermore, the peaks in computational time at every 

timestep would have to be investigated, as this study only drew conclusions from the total 

computational time. The controller computational time could still exceed the sampling time 

sometime during the simulation. One solution for this problem could be to limit the maximum 

amount of iterations the solver is allowed to compute. 

7.2 Alternative climate system 
Similar simulations of three different controllers, which were constructed specifically for the thesis, 

were also conducted on the alternative climate system. The total actuation cost increased rapidly 

between a not well-tuned PI, a regular MPC and a custom MPC. The custom MPC actuation cost was 

twice as high compared to the PI, while it was 67% larger for the standard MPC. In all other factors 

except the battery degradation, the mean and peak noise level the custom MPC performed better 

than both the PI controller and the regular MPC. The noise level being higher might be because of 

the controller prioritizing cooling at the start of the simulation and therefore driving many actuators 

close to their maximum. The battery degradation was a bit higher than for the regular MPC and this 

should be expected when other factors like power consumption and noise are weighted directly. The 

decrease in energy consumption was 30% for the custom MPC and 11% for the regular MPC 

compared to the PI. This could be attributed to the fact that the PI controller did not get as much 

time spent on tuning as the MPC controllers, but also could indicate the potential benefits in terms of 

lowering energy consumption when implementing MPC for climate systems. A better tuned PI 

controller could possibly perform better in this regard. The power electronics degradation was 

reduced by 50% when using the MPCs compared to the PI, which could be because the PI setpoint for 

the PE was held static. In general, the controllers for the alternative climate system seem to have 

great potential when it comes to optimal, setpoint-less control but, as with the hypothetical system, 

the tuning of the MPC parameters makes it difficult to attain a controller that performs well or as 

expected in all thinkable scenarios. To summarize, the results indicate that the method of this thesis, 

including custom MPC cost functions, could be applied to other climate systems as well. 
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8 Further work 
This chapter covers some possible points of improvement for the controllers tested but also some 

other configurations that might give better results. Ways of improving the verification process is also 

discussed. 

8.1 Parameter tuning 
One of the greatest challenges during this thesis was tuning the MPC controllers. With such complex 

interconnected climate systems, one small change in the weighting can degrade or increase 

performance considerably. The weights have been kept simple, trying to use the same values for 

most of the similar variables. Further work within this area could be tuning the weights more 

individually, either based on component performance or on a wider system perspective. As the 

number of parameters to tune (sampling time, horizons, weights, tolerances) makes it difficult to 

tune by hand, one approach proposed in [15] could be to tune the controller using machine learning. 

Finding a parameter set for the MPC controller that performs well in all scenarios would be desirable. 

One option for improving the absolute prediction horizon would be to use different control sampling 

time and prediction step length, as default they are the same. This is possible to do in the Simulink 

nonlinear MPC block and it could be interesting to investigate the performance when using the 

current control sampling time of 10 s, while increasing the prediction step length to 20 s. The result 

of doing this would in theory be that the absolute prediction horizon of the controller is twice as long 

while not changing how often predictions and control inputs are calculated, or increasing the 

computational complexity. The downside would be that the prediction is less detailed. This approach 

could also be used to reduce the computational time while keeping the same absolute prediction 

horizon by reducing the prediction horizon and increasing the prediction step length. This was briefly 

tested at the end of the thesis but not enough for any conclusions to be drawn.  

8.2 Improvements of prediction model 
Another point of improvement that needs investigating is the internal models. The current internal 

models (and plants) are quite simplified and it would be valuable to investigate how the MPC 

controllers perform if the models were more thermodynamically correct. The main point of interest 

would be the feasibility and computational speed when the complexity is increased. The controllers 

for the alternative climate system also need to be verified with hardware and for this the required 

internal model complexity could be explored. Can a simpler model like the one in this thesis be used 

to control a real climate system or does it have to be more accurate? One option is to investigate a 

system identification approach, where either a more complex model or actual hardware could be 

identified to acquire a system model that can be used in the MPC controller. 

8.3 Multistage MPC 
One issue that would need to be addressed before implementation is the fact that the controller has 

trouble changing from heat to cooling and vice versa. This problem might be caused by cooling 

circuits not having a reference. One solution could be to use a centralized and hierarchical multistage 

MPC, this means keeping the same MPC that is currently used but adding references to the cooling 

circuits and having a second MPC with much longer prediction horizon calculate the optimal 

references which are then fed into the first MPC. Another option could be to feed these references 

to several simpler controllers such as PI controllers to reduce computational complexity. By using 

MPC to generate these references they can be chosen dynamically and optimally for the current 

situation instead of just being pre-sets for heating and cooling as they are in a simpler controller. One 

further advantage to using multistage MPC is that it can infer constraints on the references to ensure 

that coolants aren’t boiled or frozen. 
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8.4 Multiple MPCs 
One reason for the controllers being so hard to tune is the fact that the systems are interconnected 

and often changing one parameter changes multiple characteristics of the control loop. A way to 

mitigate this is to split the system up into multiple controllers resulting in a decentralized control 

configuration. An example of this would be having three different controllers for the three main 

subsystems. One controller that controls the battery temperature, one for the cab and one for PE 

cooling. The connections between the systems would then have to be seen as disturbances. While 

this is likely to increase overall power consumption it could make for a more robust controller as it is 

possible it would be easier to tune. Another benefit is that the optimization of each MPC would 

include fewer variables, likely decreasing the computational complexity and therefore making it 

possible to increase the prediction horizon or decrease the sampling time.  

8.5 Verify results 
While the alternative climate system has been tested for different scenarios and conditions it has 

never been validated using a more thermodynamically accurate model or actual hardware. It is 

unclear how much the prediction model and plant can differ before issues with stability and 

reference tracking arise. There are approximation and assumptions that have been made for the 

model but not verified due to lack of data. Furthermore, the controller needs to be tested against the 

actual hardware in the vehicle to ensure performance is the comparable to simulation. This could be 

tested by generating C code for an embedded system in Simulink. 

8.6 Bumpless transfers 
Even with a well-made controller it is still possible to run into infeasibility problems at certain times. 

These instances can be hard to predict and to be confident they will not occur. To solve this, it is 

common practice to use a simpler controller as a backup that takes control if the main controller is 

unable to issue commands and gets stuck. Having a bumpless transfer means that the controllers can 

be switched without large spikes in the input to the system. For example, if you want to switch 

between two different proportional controllers with different constants and you have a large error, 

simply changing controller input will result in a large instantaneous change in the control signal. This 

type of transfer can induce oscillations. Instead, it is wise to use a smoother transfer between the 

controller too ensure no large changes occur right away. Implementing a backup controller with 

bumpless transfers would be essential if a nonlinear MPC controller is used as the primary controller. 

8.7 Disturbance estimation with extended Kalman filter 
One way to mitigate the effect prediction errors have on the controller would be to augment the 

climate system states with unmeasured disturbances, adding additional states that represent 

disturbances that affect the prediction model compared to the plant. The prediction model could 

then be utilized with an extended Kalman filter while measuring the system outputs to estimate the 

disturbances. This could make sure that the MPC knows just how different the plant is behaving 

compared to how the prediction model expects. Just like with the control-prediction sampling time, 

this approach was briefly tested for the alternative climate system at the end of the thesis, but no 

conclusions could be drawn because of time constraints. 

8.8 Test dynamic scenarios 
All tests were done using a constant disturbance, while this is usually a good tool to evaluate a 

controller it does not fully capture the advantages of using custom cost. The idea of using the custom 

cost function used was that it would allow the temperature to go up and down without the system 

having to compensate right away. This reduces power consumption, noise and actuator cost. the 
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problem with our testing method is that the disturbance is constant which just results in the 

temperature ending up at the upper bound of the flatter area of the cost function. 
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9 Conclusions 
In this thesis, two climate systems for electric vehicles have been modelled and simulated in 

Simulink, one real climate system currently in development and one hypothetical climate system 

specifically constructed for this thesis. Two different types of nonlinear MPC controllers have been 

implemented using the MATLAB Model Predictive Control toolbox for each system, one with regular 

quadratic cost functions and one with custom non-quadratic cost functions. The goal for the custom 

MPC controller was to minimize four different factors: the temperature degradation of components 

such as the battery and the power electronics, the overall power consumption of the system, the 

wear of the actuators and the noise level of the system. The goal was reached for all but one of the 

factors, the actuator wear, because of the inherent discrete and non-convex nature of the factor, 

which led to feasibility problems for the optimization solver. The two MPC controllers were tested in 

a few scenarios, most importantly one cooling scenario and two heating scenarios, and compared to 

each other as well as to a simple PI controller. 

The MPC controllers perform well in general and the results show that for the hypothetical climate 

system the regular MPC is able to perform better than the PI controller during a cooling scenario 

when it comes to everything but the actuator wear and the battery degradation, which was expected 

due to the tuning of the controller and the fact that the MPC is more prone to changing control 

signals. The total energy consumption and the mean noise level were reduced by 41% and 53%, 

respectively, indicating great potential. For the custom MPC the results were not as great. The 

controller was expected to perform better than the regular MPC with regards to power consumption 

and noise level but performed even worse than the PI controller in all regards except the energy 

consumption. 

The performance of the controllers for the alternative climate system was more in line with what was 

expected, with the custom MPC controller performing better overall than the regular MPC and the PI 

controller. Most importantly the energy consumption of both the standard MPC and the custom MPC 

controllers were 11% and 30% lower than for the PI controller, which mostly should be attributed to 

poor PI tuning, but also could indicate the potential of MPC. 

One conclusion that could be drawn about the MPC controllers for both the alternative and the 

hypothetical climate system was that the number of tuneable parameters made it difficult to achieve 

a robust and well performing controller in all scenarios when tuning by hand. The nonlinear MPC 

controllers show great promise when it comes to mode-less control in most of the tested scenarios. 

The controller finds optimal solutions for the steady state of the system outputs even when not all 

the system outputs have setpoints, but in some scenarios however the controller performance 

degrades considerably, and this varies with the weights of the controller. Therefore, the most 

important part of the proposed further work is the use of a more sophisticated tuning method. One 

approach that could be tested would be to tune the MPC using a machine learning method. Another 

point of improvement could be increasing the absolute prediction horizon of the controller and 

evaluate performance gains. Finally, the actual performance of nonlinear MPC in regard to 

computational time should be evaluated on actual hardware (an embedded system) to find if the 

current internal model and controller horizons are realistic for a real implementation. A few other 

points of further work have also been proposed. 
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