
Optimization of intra-vehicle architecture
using a multi-objective genetic algorithm
Master’s thesis in Complex Adaptive Systems

ALBIN LORENTZSON
VIKTOR TENGNÄS

Department of Applied Mechanics
CHALMERS UNIVERSITY OF TECHNOLOGY
Gothenburg, Sweden 2017





Master’s thesis 2017:50

Optimization of intra-vehicle architecture using a multi-objective
genetic algorithm

ALBIN LORENTZSON & VIKTOR TENGNÄS

Department of Applied Mechanics
Division of Vehicle Engineering and Autonomous Systems

Adaptive Systems Group
Chalmers University of Technology

Gothenburg, Sweden 2017



Optimization of intra-vehicle architecture using a multi-objective genetic algorithm
ALBIN LORENTZSON & VIKTOR TENGNÄS

© ALBIN LORENTZSON & VIKTOR TENGNÄS, 2017.

Supervisor & examiner: Mattias Wahde, Department of Applied Mechanics

Master’s Thesis 2017:50
ISSN: 1652-8557
Department of Applied Mechanics
Division of Vehicle Engineering and Autonomous Systems
Adaptive Systems Group
Chalmers University of Technology
SE-412 96 Gothenburg
Telephone +46 31 772 1000

Cover: Small-scale automotive architecture generated by developed framework.

Typeset in LATEX
Gothenburg, Sweden 2017

iv



Optimization of intra-vehicle architecture using a multi-objective genetic algorithm
ALBIN LORENTZSON & VIKTOR TENGNÄS
Department of Applied Mechanics
Chalmers University of Technology

Abstract
Using problem-specific genetic operators, the multi-objective genetic algorithm Non-dominated sorting genetic
algorithm II (NSGA-II) is adapted to the allocation of software components (SWCs) to electric control units
(ECUs) within an automotive architecture. A simulation environment is developed in order to assess the
performance of the allocation within an architecture, and thereby provide the genetic algorithm with objective
and constraint values. The validity of the optimization method is evaluated by generating artificial software
and hardware architectures, and allowing the genetic algorithm to optimize the software allocation. A novel
algorithm for routing signals within the software architecture, based on forming and connecting vehicle
features, is presented.

The optimized Pareto-fronts of small-scale (17 SWCs and 4 ECUs) automotive architectures are compared
to the ground truth through exhaustive search. The average hypervolume ratio is 98.9%, computed over 10
architectures and 100 optimizations, and 48% of the performed optimizations successfully found the entire
true Pareto-front. For the large-scale (250 SWCs and 25 ECUs) architectures, no ground truth can obtained,
and the optimizations are instead evaluated with regard to consistency. In general, the optimization method
quickly finds feasible solutions. However, discrepancies between the approximated Pareto-fronts suggest that
premature convergence sometimes occurs.

Even though the results indicate that the optimization method works as intended and yields satisfactory
results with respect to formulated aims, it is not evident that this method is applicable to the optimization
of real automotive architectures. The true nature of these architectures may be too complicated to be able
to be compressed into a feasibly low number of objectives, which the developed optimization method requires
to perform well.

Keywords: Automotive architecture, software component, electronic control unit, software allocation, multi-
objective optimization, NSGA-II, busload, memory utilization, signal delivery time, feature generation
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1
Introduction

In this chapter, a brief background to software allocation, together with some of its challenges, are presented.
Thereafter, the description of the problem treated in this report is summarized, including some of the main
aspects needed to be taken into consideration when allocating software. The chapter continues with the aim
and scope of the thesis, and ends with an overview of the remaining chapters.

1.1 Background

The automotive industry of today differs a great deal from what it looked like a few decades ago [1]. With
increased demands for safety, comfort, and infotainment, as well as requirements for reduced environmental
impact, a major part of today’s innovation is made in regard to electronics and software [2]. These de-
velopments have resulted in extensive hardware networks of electronic control units (ECUs), sensors, and
actuators. ECUs are embedded systems of microcontrollers and memories, which contain the software, per-
form computations, and control actuators [3].

In order to enable software within different hardware components to exchange signals, the ECUs, sensors,
and actuators must be connected. Previously, these connections were established by drawing a cable between
two hardware components that needed to communicate [4]. As the amount of hardware and software in a
vehicle increased, this approach was deemed insufficient. Specialized communication protocols called buses,
capable of transmitting multiple signals between several different ECUs, were thus developed. The use of
communication buses provides both a better overview and a cost reduction, and also facilitates the assurance
of for example message delivery.

Which signals are transmitted over a certain bus depend on the topology of the hardware network, as well as
on how the software is distributed over the set of ECUs. During the past decade, middleware concepts, such
as AUTOSAR [5], has enabled freedom in the allocation of software to ECUs, by abstracting the hardware
and software. This is made possible through the definition of a software component (SWC), which is a unit
of software that performs an application or a part of an application. By including each SWC with basic
software for memory management, diagnostics services, bus communication, etc., an SWC may be assigned
to a wider range of ECUs.

With the increased freedom in the allocation of software to hardware, the problem of making an efficient
allocation arises. A simple approach to software allocation is to place all the software used for a certain vehicle
functionality on the same ECU, and then connecting that ECU to a bus close to the corresponding sensors
and actuators [6]. Such allocations are able to reduce the amount of wiring in the hardware network, but
result in a costly proliferation of ECUs. A more cost-efficient approach is to optimize the software allocation
with respect to the existing hardware network.

1.2 Problem description
The problem of optimizing the allocation of SWCs to ECUs can be regarded as an extension of the classic bin-
packing problem [7], i.e. the problem of allocating a set of objects with certain sizes to a set of containers in a
way that minimizes the number of containers used. This NP-complete problem [7] considers object sizes and
container capacities, which correspond to the sizes or processing demands of SWCs and the corresponding
capacities of ECUs. The problem extension is due to restrictions on the signal exchange between SWCs,
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1. Introduction

limitations on the communication capabilities between ECUs, etc. These additional aspects of the automotive
architecture, a term denoting both the hardware and the software, need to be considered when allocating
software. Some of them are summarized in the following list:

• ECU memory. An ECU has a limited amount of available memory, which restricts the amount of
software that may be allocated to it [8].

• ECU processing power. The processing power of an ECU must be greater than the processing power
demands of the allocated SWCs [9].

• Busload. A communication bus has limitations in regard to the data transmission rate, which limits
the number of signals it can transmit per time unit [4].

• Manufacturing cost. ECUs without any allocated SWCs may be removed from the hardware network,
which lowers the production cost [4].

• Hardware demand. An SWCs may require the presence of certain hardware. This could mean that
some ECUs are not suitable for allocation of that SWC [3].

• Co-location. Two SWCs may require that both are allocated to the same ECU, or that they must be
allocated to different ECUs [3].

• Signal delivery time. Signals may be time-critical and require that they are received before a certain
amount of time has passed [4].

Performing the allocation becomes even harder with many of these parameters conflicting with each other,
making trade-offs necessary when optimizing. For example, SWCs that communicate frequently should ideally
be placed within the same ECU, in order to decrease the busload of the network [10]. However, at the same
time the maximum amount of available memory of the ECU cannot be exceeded. Since neither memory
utilization nor busload may be regarded as more important than the other, one approach is to handle the
allocation of software as a multi-objective optimization problem. This type of optimization problem is defined
in greater detail in Section 4.1, where also the concept of Pareto-optimality is discussed, as it is required for
comparing the relative merits of different potential solutions to multi-objective optimization problems.

1.3 Aim
The main aim of the work presented here is to develop and implement a multi-objective genetic algorithm
for optimization of the software allocation in an automotive architecture. In order to fulfill this purpose, this
thesis focuses on the following three tasks:

• Development of a simulation environment for representation of automotive hardware and software, as
well as evaluation of a software allocation used in that architecture.

• Implementation of a multi-objective genetic algorithm for optimization of the software allocation used
in an automotive architecture.

• Development of a framework for generation of realistic automotive architectures, used to evaluate the
validity of the implemented algorithm.

The mentioned simulation environment and optimization method could facilitate the software allocation at
Volvo Cars, thus improving the safety and efficiency of the company’s vehicles.

1.4 Scope and limitations
In order to assess the performance of a software allocation, the parameters and dynamics of relevant entities
within automotive architectures were modeled in a simulation environment using C# .NET. The evaluation
was made in regard to a collection of predefined fitness measures and constraints. Of the parameters described
in Section 1.2, busload and memory utilization were used as both objectives and constraints, while signal
delivery time, hardware demand, and co-location were solely implemented as constraints.

For the optimization task, the performance of the automotive architecture could only be influenced through
modification of the allocation of software, i.e. the functional descriptions and hardware networks were assumed
to be set. Explicitly, this implies that that no changes could be made in regard to the communications between
SWCs during the optimization. Additionally, buses could not be rerouted and the set of ECUs could not be
altered.
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1. Introduction

The implementation of the optimization algorithm was made in C# .NET and started from already existing
metaheuristics for multi-objective genetic algorithms. Certain aspects of the algorithm, such as the allocation
encoding and the genetic operators, were adapted to the problem of software allocation.

In order to assess the potential and limitations of the implemented multi-objective genetic algorithm, it
was applied to a wide range of automotive architectures. These architectures were generated through a
developed framework, which produces software descriptions and virtual hardware networks that resemble the
architectures used by Volvo Cars. The framework is capable of generating architectures of varying sizes and
complexities through a stochastic procedure. The stochastic nature makes it difficult to guarantee that, for
a generated architecture, there exists a software allocation which satisfies all constraints. Precautions, such
as dynamically assigning certain generation parameters, have been taken in order to prevent some causes of
infeasibility.

Validating the algorithm through the developed framework, rather than through an industrial case study,
allows for a more comprehensive assessment of its validity. On the other hand, an industrial case study has
an inherent allocation that an optimized allocation may be compared to. The developed framework provides
no such counterpart.

1.5 Outline of report
To further acquaint the reader with the concept of automotive architecture, Chapter 2 gives a more detailed
description of the hardware and software relevant for this thesis, with particular emphasis on the communi-
cation protocols used in vehicles. Familiarity with these protocols is essential for understanding the models
for busload and signal delivery time. Chapters 3 to 5 follow with presentations of the methods used to solve
the three tasks presented in Section 1.3. This includes in-depth descriptions of the models for each objective
and constraint, the Non-dominated Sorting Genetic Algorithm II, and the developed algorithm for generating
realistic software architectures.

The results of this thesis, which consists of studies of the optimization of both small-scale and large-scale
automotive architectures, generated by the developed framework, are presented in Chapter 6. These results
are discussed in Chapter 7, together with some thoughts regarding the validity of applying this work for
industrial usage. Chapter 8 concludes the thesis by stating the main results and discussion topics.
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2
Automotive architecture

This chapter covers some basics of automotive architecture. The content has deliberately been simplified to
only include the information needed to understand the models described in Chapters 3 and 5. Subjects outside
the scope of this thesis, such as the dynamics inside ECUs, have been left out. The first section provides
a introduction to AUTOSAR, and is followed by high-level information about the hardware and software
architecture of vehicles. How software and hardware are combined, in order to create functionalities in the
vehicle, is thereafter presented. Lastly, more in-depth explanations of three commonly used bus protocols,
CAN, LIN, and FlexRay, are given.

2.1 The middleware concept of AUTOSAR
As mentioned in Section 1.1, the hardware and software of a modern vehicle may to some extent be regarded
as separate architectures [10]. Standardization through the development of middleware concepts has been
essential in achieving this abstraction. One widely used middleware concept is AUTomotive Open System
ARchitecture (AUTOSAR) [5], which is the result of a major cooperation between car manufacturers, suppli-
ers, and software companies within the automotive industry. Notable partners include BMW, Toyota, IBM,
and Volvo Cars [11].

AUTOSAR’s most important features include increased scalability and modularity for automotive architec-
tures, partly through allowing SWCs to be transferred between different hardware platforms [4, 8]. This is
accomplished through the definitions of common interfaces that enable the SWCs to exchange signals using
the middleware and hardware abstraction layers, omitting direct contact with the hardware and its underly-
ing operating systems [8], something that is illustrated in Figure 2.1. The signal between SWC 1 and SWC
3 is an example of inter-ECU communication, since the two SWCs are allocated to different ECUs and the
signal thus must traverse the bus that connects the two ECU. In this case, ECU 1 is said to transmit this
signal to ECU 2, even though the actual sender and receiver are the two mentioned SWCs.

The introduction of AUTOSAR has greatly facilitated faster progress within the automotive industry. Man-
ufacturers are able to choose more freely which functions to develop within their company and which to order
from suppliers. Furthermore, suppliers do not need to completely alter their products to accommodate new
customers’ existing architectures, and may instead focus on further function development. This increases the
competition among suppliers and widens the range of alternatives that manufacturers can choose from.

2.2 Software architecture
The software architecture is embodied by SWCs and the signals that they exchange. An SWC’s size depends
on which task it performs and ultimately the amount of program code written to implement the task. Each
SWC receives input signals, processes these according to its implemented task, and then transmits its output
to one or several receiving SWCs. Its output can be either a single signal, e.g. the engine temperature, or a
signal group, e.g. the wheel speeds [5]. In the latter case, a receiver of the signal group does not necessarily
use every constituent signal. Instead, the receiver only uses the signals required as input for its task.

In the context of automotive architecture, the term domain is used for grouping hardware and software
components that fall under the same category of functionality. The task performed by an SWC determines
the domain to which it belongs. AUTOSAR recognizes six different domains: safety, chassis, powertrain,
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2. Automotive architecture

ECU 1 ECU 2

Network

Middleware

Hardware Abstraction Layer

SWC 1 SWC 2

Middleware

Hardware Abstraction Layer

SWC 3 Application

AUTOSAR

Sensor Actuator

Figure 2.1: Intra- and inter-ECU communication enabled by AUTOSAR. SWCs allocated to the same ECU
may exchange signals directly via the middleware. However, inter-ECU signals and signals sent from sensors or to
actuators must also be transmitted through the hardware abstraction layer. The figure is based on [4].

body and comfort, multimedia and telematics, and man-machine-interface [11]. As an example, SWCs in the
powertrain domain manage engine and transmission.

The task of an SWC also affects the properties of its output signal, for example in regard to time-criticality.
Signals may have specific end-to-end (E2E) times, which are the longest acceptable delivery times for those
signals. The delivery time is computed as the time between the signal being initiated by the sender and
acquired by the receiver, and is mainly affected by the signal’s size and transmission through the hardware
network. Two different types of signals exist, periodic and sporadic. The value of a periodic signal is updated
repeatedly with a static updating time, while the initiation of a sporadic signal is triggered by an event, for
example the deployment of the airbags. Consecutive initiations of a sporadic signal are though limited by a
minimum time separation [12].

2.3 Hardware architecture
Three important categories of hardware components are the ECUs, sensors, and actuators. These are con-
nected via buses and gateways, which govern their communication [13]. An example of such connections, in
the form of a small-scale hardware network, can be seen in Figure 2.2. The main computing components in
the network are the ECUs, marked as rectangles in the figure. These units are often developed to suit certain
needs and will therefore differ with respect to properties such as processing speed, memory capacity, physical
size, cost, and safety level [3, 4, 9].

The sensors connected to the hardware network, which comprise everything from switches to cameras, are the
main sources of input to the software architecture [4]. Some sensor signals can be initiated by a user of the
vehicle, such as pressing the gas pedal, while others provide data without manual interaction, e.g. measuring
the engine temperature or wheel speeds. Actuators are used in order to execute the mechanical or electrical
commands in a vehicle, such as rolling down a window or emergency braking.

There are physical limitations when choosing the positions of the sensors and actuators in a vehicle. Many
of these hardware components need to be placed in proximity of what should be measured or executed, but
factors such as vibration must also be taken into consideration [15]. These restrictions have consequences
for the rest of the hardware network, since the physical placement of ECUs relative to sensors and actuators
affect aspects such as the number of buses that needs to be used as well as their wiring. Because of this,
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2. Automotive architecture

CAN

FlexRay

LIN Sensor

Actuator

GatewayECU

Figure 2.2: A small-scaled hardware architecture. Each ECU is connected to one of the three subnetworks, which
consist of two CAN buses and one FlexRay bus. These three subnetworks are in turn joined by a gateway. Sensors
and actuators connect either directly to one of the subnetworks, or to an ECU via a LIN or CAN bus. The figure is
made with inspiration from [9, 14].

some sensors and actuators are directly connected to several ECUs and others are only directly connected to
a single ECU, see Figure 2.2.

2.4 Combining hardware and software into vehicle features
Together with sensors and actuators, SWCs are used to implement functionalities, or features, into a vehicle
[9]. An example of such a feature is the key-less entry function, which allows the user to unlock the vehicle
without bringing out the key. A schematic of this feature, inspired by [9], can be seen in Figure 2.3. If any
antenna detects the key in proximity of the vehicle, a signal is transmitted to the key entry control, which in
turn sends a signal to the central door locking control. This SWC unlocks the door and transmits a signal
to the SWC for direction indication, in order to show that the doors have been unlocked.

Figure 2.4 shows a possible allocation of the key-less entry feature. In this example, the hardware configuration
consists of two ECUs connected by a bus, as well as the sensors and actuators used within the feature. Two
of the SWCs are allocated to the same ECU and therefore the signal between these does not affect the
busload of the bus. The last SWC is allocated to the second ECU and since the signal received by this SWC
is transmitted over the bus, the busload is increased. Even this small example, with only one feature and
two ECUs, illustrates the complexity of allocation, since there are already 23 = 8 ways to allocate the three
SWCs. An increase in the number of SWCs would cause the search space to expand exponentially.

2.5 Bus protocols
There does not exist a single all-purpose bus protocol within the automotive industry, but rather many differ-
ent protocols that all have specific strengths and weaknesses. Three of these protocols are Local Interconnect
Network (LIN) [16], Controller Area Network (CAN) [17], and FlexRay [18]. Characteristics and common
applications of these bus protocols are presented in Table 2.1, and Subsections 2.5.1 to 2.5.3 describe each
protocol in more detail.

Despite differing in several regards, LIN, CAN, and FlexRay share some properties. Each bus protocol has
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2. Automotive architecture

Antenna
Sensor 1

Antenna
Sensor 2

Key entry 
control

SWC 1

Central door
locking control

SWC 2

Door lock
Actuator 1

Door lock
Actuator 2

SWC 3

Light unit
Actuator 3

Light unit
Actuator 4Direction indication

master control

100 ms
2 bytes

80 ms
4 bytes

100 ms
2 byte

100 ms
1 byte

20 ms
1 byte

Figure 2.3: The hardware and software included in the key-less entry functionality. The transmitted signals,
together with their respective end-to-end times and data sizes, are illustrated as arrows between the actuators, SWCs,
and sensors. The shown example is a simplification of the one used in [9].

SWC 1 SWC 2

ECU 1 ECU 2

SWC 3

CAN

Door lock
Actuator 1

Door lock
Actuator 2

Light unit
Actuator 3

Light unit
Actuator 4

Antenna
Sensor 1

Antenna
Sensor 2

Figure 2.4: A possible allocation of the SWCs in the key-less entry functionality. The hardware consists
of two ECUs connected by one CAN bus, together with the sensors and actuators involved in the functionality. Note
that the signal sent from SWC 2 to SWC 3 needs to be transmitted over the CAN bus, in contrast to the signal from
SWC 1 to SWC 2. Since the signals transmitted between SWCs are the focus of this figure, whereas the locations of
the sensors and actuators are not of importance, the signals sent from sensors or to actuators are illustrated by dashed
lines.
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2. Automotive architecture

Table 2.1: Properties of the bus protocols LIN, CAN, and FlexRay.

Bus LIN CAN FlexRay

Bandwidth [4] 19.2 kb/s 500 kb/s 10 Mb/s

Cost [19] Low Medium High

Messaging [19] Deterministic, static
scheduling Event-triggered Event- and

time-triggered

Node control [19] Master-Slave Autonomous Master-Slave,
Autonomous

Typical applications
[20]

Body electronics, e.g.
mirrors and seats

Mainstream powertrain,
e.g. engine and
transmission

Safety and
high-performance
powertrain, e.g.

adaptive cruise control

a certain bandwidth, or bit rate, with which it may transmit data [4]. From this general bus property, one
can compute the busload, i.e. the bandwidth consumed by the transmitted signals divided by the available
bandwidth. Additionally, every bus protocol uses the concept of frames for the transmission of signals. A
frame is a sequence of bit values that together encode the data of signals transmitted over the bus. In order
for the signal receivers to be able to correctly interpret the incoming information, each frame also contains
so called overhead information. This includes a unique identification sequence that is associated with the
specific signal composition and a data sequence that functions as error-detecting code. The data sequence
containing the signal values is denoted the payload of the frame. In order to compute the transmission time
of a frame, the number of bits in the frame is divided by the bandwidth of the bus.

2.5.1 Controller Area Network (CAN)
Out of the three bus protocols treated in this thesis, CAN was the first to be developed [21]. Its purpose
was to replace the previous standard of point-to-point wiring between the hardware nodes of the vehicle,
where hardware nodes denote the combined sets of ECUs, sensors, and actuators [21]. Figure 2.5 illustrates
the format of a CAN frame as well as the effect of bit stuffing, i.e. the insertion of a bit of opposite value
directly after five consecutive bits of the same value have been transmitted [22]. Bit stuffing is included in the
CAN protocol both to maintain time synchronization between the connected nodes and as an error-detecting
measure. The possibility of bit stuffing means that the delivery time for an arbitrary CAN frame is not
constant, since it depends on the content of the transmitted signal.

CAN uses event-triggered scheduling, which means that there is no predetermined order in which the signals
are transmitted. Instead, each signal has a unique priority, defined by its identifier segment. The next signal
to be broadcast is determined through the process of arbitration, with respect to the signal priorities [17, 18].
Once the previous transmission has ended and the bus is free, any node connected to the bus may start
the process of transmitting a signal, while simultaneously monitoring whether any other signals are being
broadcast over the bus. If a node detects the transmission of a signal with higher priority than the one
broadcast by itself, the node in question will terminate its transmission and reattempt to broadcast once the
bus is free.

Through the event-triggered scheduling of signals, the CAN protocol ensures that outdated signal values are
never retransmitted, which may occur for LIN and FlexRay. CAN buses thus have more efficient bandwidth
utilization. However, the latency of a signal, i.e. the delay between the instruction to transmit the signal
and its actual transmission, is indeterminate due to the arbitration [23]. The signal latencies increase with a
higher busload, especially for the lower priority signals, since the bus is occupied more frequently.

During the first years after the introduction of CAN, low busloads (30% − 40%) and extensive testing were
required in order to establish confidence that signals experienced acceptable delivery times over CAN [14,
23, 24]. When Tindell et al. [12] published a worst-case analysis, based on fixed priority non-preemptive
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2. Automotive architecture

Figure 2.5: A simplified view of the format of a CAN frame, and the effect of bit stuffing. The arbitration
field contains the identifier sequence and the control indicates the length of the following data segment, which may be
{1, . . . , 8}byte. The cyclic redundancy check (CRC) is used for error detection. The dark grey rectangles represent the
bit value 1 and the white rectangles represent the bit value 0. The red rectangles in the bottom row represent stuffed
bits. A bit is stuffed into the frame after each occurrence of five consecutive bits with the same value. Note that bit
stuffing does not apply to the end of frame segment. The figure is a remake of [25], used under the CC BY-SA 3.0
licence.

scheduling, manufacturers such as Volvo Cars were able to increase the busload to 80% while still ensuring
acceptable delivery times [14]. This analysis has since been revisited by Davis et al. [14], to include the
possibility of having signals with E2E times longer than their updating times.

2.5.2 Local Interconnect Network (LIN)
The LIN protocol was introduced as a cheaper alternative to the CAN bus. The reason behind its introduction
was the fact that many applications within a vehicle, such as connecting simple sensors and actuators, do
not require the high bandwidth and versatility that the CAN protocol offers [26]. The scheduling of signals
on LIN is mainly time-triggered and a master-slave approach, involving one master node and several slave
nodes, is used to enforce the broadcasting schedule. The master has one or several so called schedule tables,
which specify when each slave is supposed to transmit. A slave may continuously update its respective signal
values, but will only transmit once prompted by the master. By adhering to the schedule tables, a busload
below 100% can be guaranteed, as can the periodicity for signal transmissions. The latter implies that the
time between two consecutive transmissions of a signal is constant.

Each slave node in a LIN network is equipped with a simple oscillator that functions as an internal clock [16].
These do however not have high requirements for accuracy, which impairs the synchronization between the
nodes [4]. In order to deal with this, each frame transmitted over LIN is dedicated a time budget 40% larger
than what the amount of data would require with perfect synchronization, which implies longer transmission
times for signals and a higher busload on the LIN bus.

2.5.3 FlexRay
While the LIN protocol provided a cheaper alternative to CAN, the aim when designing FlexRay was to
develop a faster and more reliable bus protocol than CAN [20]. The FlexRay protocol is able to provide
guarantees for signal delivery times and has a significantly increased bandwidth compared to CAN. These
features make FlexRay suitable for safety-critical applications and operations with hard real-time require-
ments [19, 20].

Figure 2.6 illustrates the format of a FlexRay communication cycle, which is typically between 1 ms and
5 ms [20]. The static and dynamic segments are used for broadcasting signals, using time-triggered and
event-triggered messaging respectively, the symbol windows is generally used for network maintenance, and
the network idle time is used for synchronization [20]. Both the broadcasting segments are composed of
slots, which essentially correspond to frames. Each slot in the static segment is dedicated to a specific ECU,
and provides that ECU with an opportunity to broadcast signals each cycle. This means that the shortest
possible period time for a signal, meaning how often it is broadcast on the FlexRay bus, is equal to the time
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Cycle  i Cycle  i + 1 Cycle  i + 2Cycle  i  - 1Cycle  i  - 2

Slot 1 ...

SW

Idle IdleFlexRay frame

Static segment Dynamic segment NIT

...Slot 2 Slot m - 1 Slot m Slot m+1Slot m+2 Slot m+n

Figure 2.6: A schematic of the format of a FlexRay communication cycle. Each cycle consists of a static
segment, a dynamic segment, a symbol window (SW) and a network idle time (NIT). The slots contained within the
static and dynamic segments are used for broadcasting signals over the bus. Note that the number of slots in each
segment, n and m, depends on the configuration of the FlexRay bus. The FlexRay frame within a slot generally contain
several different signal values.

length of a communication cycle. However, a signal does not have to be transmitted every cycle, but may for
example be assigned to every second or third cycle [27]. This is useful for signals with longer updating times,
since their busload consumption may be decreased. The FlexRay protocol limits the number of different
configurations to 64, which means that the same cycle configuration is repeated at least every 64th cycle [27].
However, some vehicle manufacturers use fewer configurations.
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3
Simulation Environment

This chapter describes the models used for evaluating an automotive architecture. Many of these models are
taken from previous work [3, 4, 8, 14] and have been combined to form the simulation environment. Some
preparation steps are required before the evaluation is possible, and these are therefore presented before the
models are explained. For this work, the objectives considered are computed from the busloads and the memory
utilization of the ECUs. These two aspects are also used to formulate constraints, together with the delivery
times of signals, hardware demands for SWCs and co-location of SWCs. Each objective and constraint model
yields a single value, representative of the model’s assessment of the automotive architecture. These values
are the ones used within the optimization procedure, described in Chapter 4.

3.1 Pre-evaluation procedure
As mentioned in Section 1.4, the simulation environment was created in order to evaluate the performance of
an automotive architecture, or more specifically the software allocation applied to that architecture. Figure 3.1
illustrates the procedure that leads up to the evaluation of the the automotive architecture. As shown, the
simulation environment requires complete descriptions of the hardware and software architectures, as well
as the allocation of the SWCs to the ECUs. This means that both the connections between hardware
components and the signal exchange between SWCs are known. These descriptions do however not contain
information about how the inter-ECU signals should be transmitted over the hardware architecture. The
routing of signals through buses, gateways, and ECUs is an optimization problem in itself [28], and the
simulation environment uses a greedy approach to deal with this. A path between the sender and receiver
of a signal is decided using the breadth first search algorithm (BFS) [29, 30], which finds a shortest path, in
terms of the number of components the signal has to traverse.

Once a path has been assigned to each inter-ECU signal, the simulation environment determines how often
each signal will be transmitted. As described in Section 2.2, each signal has an updating time Us that specifies
how often its value may be updated. For sporadic signals, the updating time corresponds to the minimum
time separation between consecutive initiations, see Section 2.2, which means that these signals are treated
in the same manner as periodic signals. The traversed hardware components might however not be able to
broadcast a signal exactly when it is updated. The period time T b

s describes how often signal s is broadcast
on bus b, and its value depends on the dynamics of the bus protocol. The computations of T b

s for CAN, LIN,
and FlexRay are described in the three paragraphs below. For gateways and ECUs, the dynamics have been
simplified by allowing for these hardware components to initiate the transmission of a signal exactly when
the signal value has been updated.

CAN Since the CAN protocol is event-triggered, there is no period time associated with the bus itself [17].
The period time for transmission of a signal is thus equal to the updating time of that signal, i.e. T b

s = Us

[4].

LIN The period time T b
s for signal s transmitted over LIN b can, with the help of the schedule tables

described in Subsection 2.5.2, be adapted to the requirements on the signal. The model for period time
calculation, developed in this work, considers the delivery time of a signal’s transmission over the hardware
network, Rs, and its E2E time Ds. The aim of the model is to ensure that all signals are received before
their E2E times. How the delivery time is computed is described in Section 3.4.
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Map signals
with breadth
first search

Compute all
signal delivery
contributions

except for LINs

Compute period
times on traversed

buses for all
inter-ECU signals

Continue evaluation
of objectives and

constraints

Hardware,
software, and

allocation input

Figure 3.1: The simulation environment procedure. Steps 2, 3, and 4 constitute the pre-evaluation procedure.

Table 3.1: Overhead factors for CAN, LIN and FlexRay. Each factor ρoh
b is obtained by dividing the size of

the entire frame with the size of the payload, which contains the signal values. Note that ρoh
b for LIN is multiplied with

1.4 in order to account for the 40% increased time budget for each frame, described in Subsection 2.5.2. After [4].

Bus CAN LIN FlexRay
Overhead size 97 bit 44 bit 86 bit
Payload size 64 bit 64 bit 240 bit
Overhead factor ρoh

b 2.52 2.35 1.36

The delivery time contributions of all other hardware components, except for the LIN bus, are summed to
R−b

s , and the remaining available delivery time over the LIN bus is thereafter computed by subtracting R−b
s

from Ds. This difference is further reduced by subtracting τ b
s , the transmission time over LIN for signal s.

The reason for this is that the signal value, in the worst case, is updated just after the previous transmission
has occurred, and the new signal value thus has to wait τ b

s before transmission. The transmission time also
imposes a lower boundary for the period time, since a new instance of the signal cannot be transmitted while
the previous instance is still being broadcast. An upper bound for the period time is set by the updating
time Us of the signal, since longer period times may result in unsent signal values being overwritten and lost.
In summary, the period time for LIN is given by

T b
s =


τ b

s , if Ds −R−b
s − τ b

s ≤ τ b
s

Ds −R−b
s − τ b

s , if τ b
s < Ds −R−b

s − τ b
s ≤ Us

Us, if Us < Ds −R−b
s − τ b

s .

(3.1)

FlexRay The period time for a signal transmitted over FlexRay is determined according to the time length
of a communication cycle for the FlexRay bus, TFR. Signals with long updating times could be transmitted
less frequently in order to decrease their busload contributions. This is however not considered for this model.
The period time for signal s is set to T b

s = TFR = 5 ms.

3.2 Busload
One extensive study which models the busload of different protocols was made by Hardung [4]. In his doctoral
thesis, he suggests a model for estimating the busload of a single bus. The busload lb of bus b is estimated
by

lb =
∑
s∈Sb

ρoh
b Ls

rbT b
s

, (3.2)

where rb is the bit rate of the bus, Sb is the set of signals that are transmitted over the bus, Ls is the size of
signal s in bits, T b

s is the signal’s period time on bus b, and ρoh
b is the overhead factor, i.e. the ratio between

the size of a whole frame and the size of the payload [4]. The overhead factors used for LIN, CAN, and
FlexRay are presented in Table 3.1. These values are used assuming that signals can be packed optimally
into each bus frame, meaning that no bits in the payload are unused [4].

The value lb gives an unbiased measurement of how much of the bus’ bandwidth is utilized. Hardung [4]
argues that the model should disfavor very high busload, and has therefore introduced a weight function.
The function can be written as
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Figure 3.2: Weight functions used for busload and memory utilization. Reproduced with permission [4, 8].

lωb =
{

ωlb−1
ω−1 if lb < 1
lb otherwise,

(3.3)

where ω is the weight and lωb is the busload after it has been weighted. A plot with the function for different
values of ω is shown in Figure 3.2a. The weight ω = 100 will be used throughout this work.

The objective value fbusload for an allocation x is calculated as the sum of lωb for all buses

fbusload(x) =
∑
b∈B

lωb , (3.4)

where B is the set of buses [4]. In this work, the busload is also implemented as a constraint, since lb > 1 is
not feasible. The total constraint violation gbusload(x) of x is calculated as

gbusload(x) =
∑
b∈B

max(lωb − 1, 0). (3.5)

3.3 Memory utilization
The second objective considered in this work is the utilization of the ECU memories. How much of an ECU’s
memory that is currently occupied is determined by the sizes of the SWCs currently allocated to it, and is
calculated as

eutil =
∑

c∈Ce

csize

ecap
, (3.6)

where eutil is the memory utilization of ECU e, csize is the size of SWC c, ecap is the space available on ECU
e, and Ce is the set of SWCs allocated to ECU e.

In [8], Dohr & Eichberger argue that optimal memory utilization is somewhere in the interval of [60%, 90%]
of the available space of the ECU. Their weight function, presented in Figure 3.2b, is therefore used in this
work. If the utilized memory of the ECU is in the mentioned interval, that ECU’s memory utilization is
weighted as eω

util = 1. Otherwise, eω
util increases linearly with the distance from the interval. A special case
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is made for empty ECUs. Since unused ECUs may be removed, resulting in a reduced cost for the hardware
architecture, empty ECUs are weighted as eω

util = 0. Evaluating all ECUs in the architecture this way enables
the calculation of the objective value through

fmemory(x) =
∑
e∈E

eω
util, (3.7)

where E is the set of ECUs in the hardware architecture.

It is worth noting that the weight function makes no distinction between allocations that are feasible, i.e.
under 100% memory utilization, and infeasible ones, i.e. over 100%. This work thus also models memory
utilization as a constraint, with the constraint violation being calculated as

gmemory(x) =
∑
e∈E

max(eutil − 1, 0) (3.8)

3.4 Signal delivery times
As described in Section 2.2, many signals within the software architecture of a vehicle have requirements in
regard to the delivery time from sender SWC to receiver SWC. In order to evaluate whether these constraints
are satisfied, the simulation environment uses worst-case analysis. While this approach may overestimate the
actual delivery times for signals, the ability to provide guarantees for safety-critical functionalities outweights
this drawback [12].

In the case where the sender and receiver SWCs of a certain signal are allocated to the same ECU, the
simulation environment approximates that this signal always experiences an acceptable delivery time. In the
opposite case, the delivery time is compared to the E2E time of the signal. The constraint violation of an
allocation x is given by

gdelivery(x) = 1
|S|

∑
s∈S

1{Rs > Ds}, (3.9)

where S is the set of signals in the software architecuture, |S| is the number of signals in that set, Rs is the
worst-case delivery time of signal s, Ds is the signal’s end-to-end time, and 1{P} denotes the function that
returns 1 if P is true and 0 otherwise.

Each of the hardware components that an inter-ECU signal traverses during transmission contributes to the
total delivery time Rs. Similarly to previous work [4, 9], this work simplifies the delivery time contributions
from ECUs and gateways, by modeling these as 3 ms delays. The estimation of delivery times over buses are
based on previously developed models [4, 12, 14]. All of these compute the worst-case delivery time Rb

s of a
signal s on bus b as

Rb
s = τ b

s + wb
s, (3.10)

where τ b
s denotes the transmission time on the bus, and wb

s is the time that the signal may be required to
wait before being transmitted over the bus [4]. The models used for CAN, LIN and FlexRay are presented
in paragraphs below.

CAN As mentioned in Subsection 2.5.1, there exists a well-tested approach to estimate the worst-case
delivery times on CAN [12, 14]. This analysis takes bandwidth, signal size and bit stuffing into account when
computing the transmission time τ b

s for a signal. In order to provide an upper bound for τ b
s , it is assumed

the maximum amount of stuffed bits are included in the frame and, as opposed to the busload computation,
each CAN-frame only contains one signal.

To compute the waiting time wb
s, the analysis assumes that signals are queued repeatedly with their respective

updating times Us. One signal is removed from the queue each time the bus is free, and the removal is
performed according to the priority-based arbitration that CAN uses. The resulting delivery time is computed
for each signal that is placed in the queue, which allows this approach to determine the worst-case delivery
time for every signal on the CAN.
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LIN The transmission time τ b
s of a signal transmitted over LIN is computed using the model presented by

Hardung [4]. This model considers the 40% increase in transmission time, mentioned in Subsection 2.5.2,
in order to compute τ b

s . As described in Section 3.1, the period time T b
s for a signal transmitted over LIN

is determined after all other delivery time contributions have been computed. Note that the first case in
Equation (3.1) implies that the signal will not be received before its E2E time. Since a signal updated just
after the previous transmission will have to wait an entire period before transmission, this means that the
waiting time wb

s = T b
s . The worst-case delivery time over LIN is thus given by Rb

s = τ b
s + T b

s .

FlexRay As noted in Subsection 2.5.3, a FlexRay cycle contains both static and dynamic slots. However,
only the former is considered in the model. Every signal transmitted over FlexRay is thus assumed to have
a constant period time T b

s = 5 ms between consecutive transmissions, as described in Section 3.1. In order
for a node to broadcast a signal during its slot, the signal value must be written to the bus before the start
of the slot. This means that the worst-case waiting time wb

s is equal to T b
s , and it occurs in the case when a

new signal value is received just after the node has initiated its broadcast.

To compute the transmission time τ b
s over FlexRay, the model presented by Hardung [4] is used. This model

provides a worst-case estimation by computing the time between the sender node transmitting the first bit
in the slot and the receiver nodes obtaining the last bit in the slot.

3.5 Hardware demand
The simulation environment models the hardware demands mentioned in Section 1.2 by allowing an SWC
to have a subset of the available ECUs as legal allocations [3]. Ec denotes the set of ECUs that constitutes
legal allocations for SWC c. Thus, Ec = E if an SWC does not have any specific hardware demands. The
value of the constraint violation in regard to hardware demand is evaluated through

ghardware(x) = 1
|C|

∑
c∈C

1{ec /∈ Ec} (3.11)

where C is the entire set of SWCs, |C| is the number of SWCs in that set, ec is the ECU that SWC c is
allocated to, and 1{P} is the same function as in Equation (3.9).

3.6 Co-location requirement
The final constraint implemented in the simulation environment is the co-location requirements of SWCs.
An SWC c that belongs to a co-location group has a set of SWCs, Ccoloc

c , that must be allocated to the same
ECU as SWC c [3]. SWCs that do not belong to any co-location group have Ccoloc

c = ∅. The violation of the
co-location constraint is evaluated through

gcolocation(x) = 1
|C|

∑
c∈C

1{Ccoloc
c * Cec

}, (3.12)

where C is the entire set of SWCs, |C| is the number of SWCs in that set, Cec
is the set of SWCs allocated to

ECU ec, ec is the ECU that SWC c is allocated to, and 1{P} is the same function as in Equation (3.9).
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Optimization

This chapter presents the multi-objective genetic algorithm NSGA-II and the problem-specific genetic opera-
tors, together used for optimization of the software allocations in automotive architectures. Additionally, the
first section gives brief introductions to multi-objective optimization, Pareto-dominance, and the concept of
hypervolume.

4.1 Multi-objective optimization

A multi-objective optimization problem (MOOP) is, as the name indicates, a problem with more than one
objective. Compared to single objective optimization problems, which often only have one global optimum,
MOOPs can have multiple different optima that favor different objectives. A formal definition of an MOOP
is

minimize f(x) = (f1(x), f2(x), . . . , fm(x))T (4.1)

subject to g(x) = (g1(x), g2(x), . . . , gn(x))T ≤ (0, 0, . . . , 0)T, (4.2)

where x = (x1, x2, . . . , xq)T is a solution, f(x) is the set of m objectives and g(x) is the set of n constraints
[4]. A solution x is referred to as feasible if it does not violate any of the n constraints. In the context of
software allocation, a solution describes how the set of SWCs are allocated. Software allocation problems
generally include tight constraints, which cause a high percentage of the solutions within the search space to
be infeasible [4]. The following section describes Pareto-dominance and Pareto-optimality, two key concepts
within MOOPs.

4.1.1 Pareto-optimality
With multiple objectives to optimize, it can be hard to determine which solution solves the optimization
problem best. In order to compare solutions, one approach is to utilize Pareto-dominance [31]. For solution
x1 to dominate solution x2, x1 cannot be worse than x2 in any objective and must be better than x2 in at
least one objective. Assuming minimization, x1 dominates x2 if

∃ i ∈ {1, 2, . . . ,m} : fi(x1) < fi(x2), (4.3)

and

fj(x1) ≤ fj(x2) ∀ j = 1, . . . ,m. (4.4)

A Pareto-optimal solution x of an MOOP is defined as a solution which is not Pareto-dominated by any
other solution. The set of Pareto-optimal solutions for an MOOP is called the Pareto-front. By definition,
all solutions not included in the Pareto-front are objectively worse than at least one of the solutions in the
Pareto-front. The goal of multi-objective optimization is thus to find the Pareto-front of the problem, or
approximate it as well as possible. Once the Pareto-front has been obtained, the selection of one single
solution could be made by weighting the different objectives against each other.
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Figure 4.1: The hypervolume for the Pareto-front of a minimization problem with two objectives. The
value of the hypervolume is given by the area of the union of all rectangles, each formed by the reference point and
one of the solutions within the Pareto-front.
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Figure 4.2: Flowchart of a standard genetic algorithm. A new population is created each iteration by applying
genetic operators on the previous generation. The algorithm is terminated if predefined criteria are met. This can for
example be if a satisfactory fitness value has been achieved or a certain number of generations has passed.

4.1.2 Hypervolume
One approach for evaluating a Pareto-front is to compute its hypervolume H [32]. The hypervolume of a
front F is computed by first using each solution xi ∈ F and a reference point r to form hyperrectangles, by
placing the two points in opposite diagonal corners. The value is then given by the hypervolume of the union
of all such hyperrectangles. If the maximum possible value for each objective is known, r = (fmax

1 , . . . , fmax
m )

is a useful reference point [33]. The hypervolume for the Pareto-front of a minimization problem with two
objectives is illustrated in Figure 4.1.

If the true Pareto-front of a problem is known, its hypervolume can be compared to the hypervolume of an
approximated Pareto-front. The hypervolume ratio Hratio = Happrox

Htrue
is a useful metric for this comparison

[34], and yields a value close to Hratio = 1 if the approximated Pareto-front corresponds well to the true
Pareto-front.

4.2 Genetic algorithms

Genetic algorithms (GAs) are one of the most common methods for solving the problem of allocating software
components [35]. Inspired by biology, and more specifically by genetics and the theory of evolution, Holland
introduced this metaheuristic optimization method in 1975 [36]. The basic approach of a GA is to simulate
natural selection and evolution in order to explore the search space of a problem and find high-quality solutions
[37]. This is achieved by generating a set of candidate solutions, called individuals, to the optimization or
search problem, and then subjecting these to operations that resemble evolutionary processes. The result is
the that favorable genetic material is propagated to the individuals of future generations.

A flowchart of a general genetic algorithm is presented in Figure 4.2. Within the initialization step, the
individuals are created by encoding the possible solutions of the optimization problem into strings (chromo-
somes) of values that, in turn, are referred to as genes [38]. Together, the created individuals form the initial
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population, which is also the first generation. During each generation, the chromosome of every individual in
the population is decoded back into its corresponding solution to the problem, a process that may require
complex interactions between several genes [38]. The individual is then evaluated with regard to the ob-
jectives of the problem. The individual is assigned a fitness value according to its performance, as given by
the fitness measure. By convention, a higher fitness should correspond to a better solution to the problem.
The next step in the algorithm is to modify the population in order to create new solutions in the following
generation. This procedure consists of a combination of genetic operators. The three main operators are
selection, crossover, and mutation, but some versions also use elitism [38]. These four operators are briefly
described in the following paragraphs.

Selection In the selection phase, individuals are chosen for procreation. In order to find better solutions, it
is essential to choose individuals with high fitness values. However, always picking the best solutions creates
a high selection pressure, which decreases the possibility for exploration of the search space and may result
in premature convergence, i.e. the population converging towards a local optimum rather than a global one
[37]. Selection is therefore generally performed stochastically [38], which allows individuals with low fitness
values to breed as well.

Crossover Like selection, crossover is a convergence operator. By imitating nature’s way of mixing the
genetic material of two individuals, crossover allows a genetic algorithm to search for the most favorable
combinations of the genetic material in the population [38].

Mutation In order to increase the diversity of genetic material in the population, a mutation operator is
included that randomly changes the values of genes [38]. A mutation often leads to divergence from local
optima. Despite this effect, the inclusion of mutation is often essential in the process of localization of global
optima. The mutation operator decreases the risk of premature convergence.

Elitism The elitism operator is used to ensure that the current best combination of genetic material stays
in the population. Since the use of the other operators can deform high fitness individuals, a number of
copies of the hitherto best individual is kept in storage. When the generation of a new set of individuals is
finished, the stored individuals replace a corresponding number of individuals in the new population.

This chain of processes results in a new set of individuals, which replace the previous generation. These
individuals are ready to be decoded, evaluated and eventually modified by repeating the procedure [38].
The generational replacement continues until a satisfactory result has been reached, or a certain number of
generations has passed.

4.2.1 Non-dominated sorting genetic algorithm II
A successful approach to optimization of software allocation has been to treat the problem as an MOOP and
use a sub-category of GAs called multi-objective genetic algorithms (MOGAs) for the optimization [3, 4, 8].
MOGAs are specifically adapted to handling the problem of comparing solutions when there are more than
one objective to take into account. Furthermore, the algorithms are designed to keep the population diverse
and maintain a wide and evenly distributed set of non-dominated solutions [39].

A well-known MOGA, and the one used for this thesis, is the Non-dominated sorting genetic algorithm II
(NSGA-II), developed by Deb et al. [31]. This is an improvement of the previous algorithm, NSGA [40], even
though the algorithms bear little resemblance to each other except for the name. The purpose of improving
the algorithm was to speed up the computation time, introduce elitism, and remove unnecessary parameters
for increasing diversity by instead adding a parameterless diversity mechanism. Comparisons with another
popular MOGA called Strength pareto evolutionary algorithm 2 (SPEA2) [41], show that NSGA-II works
better for two objectives, but is outperformed by SPEA2 when the number of objectives is increased [4].
Moreover, NSGA-II seems to often present a wider spectrum of non-dominated solutions, while SPEA2 has
less clustering within the set of non-dominated solutions and therefore a more even distribution [39]. The
complete NSGA-II algorithm can be seen in Algorithm 4.1.

The most important aspect of NSGA-II is the introduction of an archive. This is an extension of the elitism
concept, used in order to increase the performance of the algorithm and to prevent the loss of good solutions
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Algorithm 4.1: NSGA-II
1: Set g = 1 Initialize generation counter
2: initialize(Pg) and set Og = ∅ Initialize parent and child populations
3: while Repeat if stop criteria not met
4: Rg = Pg ∪Og Combine parent and child population
5: F = fast-non-dominated-sort(Rg) Sort Rg into non-dominated fronts F = (F1,F2, . . . )
6: Set Pg+1 = ∅ and i = 1
7: while |Pg+1|+ |Fi| ≤ |Pg| do Add as many complete fronts as possible to the parent pop-

ulation
8: crowding-distance-assignment(Fi) Calculate crowding distances within Fi

9: Pg+1 = Pg+1 ∪ Fi Include ith non-dominated front in the parent population
10: i = i+ 1 Check the next front for inclusion

11: Sort Fi according to D Sort in descending order of crowding distance
12: Pg+1 = Pg+1 ∪ Fi[1 : (|Pg| − |Pg+1|)] Fill up the parent population
13: Og+1 = make-new-pop(Pg+1) Use genetic operators to generate child population Og+1

14: g = g + 1 Increment the generation counter

Algorithm 4.1: The steps of the algorithm are explained further in Subsection 4.2.1.

[31]. The archive, or parent population, is denoted by P in Algorithm 4.1, and is used when creating the
new child population O. Lines 4 through 12 of Algorithm 4.1 describe the process of updating the parent
population during each generation.

Each new generation starts by combining the parent and child populations from the previous generation,
creating a combined population R. This is then used to form the new parent population by taking the
most beneficial genetic material. The process of determining which genetic material is most beneficial is
incorporated in NSGA-II. The individuals are ranked using a method which starts by sorting the individuals
of the combined population into fronts. This is done with fast non-dominated sort, also developed by Deb
et al. [31]. A front Fi is a set of solutions that are not dominated by any of the other solutions in that
front. Front F1 is therefore the current set of non-dominated solutions in the combined population. In order
to obtain F2, the solutions in F1 are temporarily removed and the new set of non-dominated solutions is
selected.

The NSGA-II algorithm uses an extension of the definition of Pareto-domination, presented in Subsec-
tion 4.1.1, which includes the possibility of infeasible solutions. The purpose of this extension is to never
weight objective values against constraint violations. If two feasible solution are compared, the original domi-
nation definition is used. With one feasible and one infeasible solution, the feasible solution always dominates
the infeasible one, regardless of their objective values. In the case that both solutions are infeasible, their
dominance relation is established only through their overall constraint violations G(x) [42]. Given the set of
constraints g(x) for a solution x, the overall constraint violation is computed as

G(x) =
∑n

i=1 ωigi(x)∑n
i=1 ωi

(4.5)

where ω = 1/gmax
i is a weight parameter for constraint i, gmax

i is the maximum constraint violation so far for
constraint i and n is the number of constraints [42]. This means that the weight parameters ω = {ω1, . . . , ωn}
may vary between generations. The reason behind including weight parameters is to balance the contribution
from each constraint to the overall constraint violation, and their respective values are updated during the
evolution since the maximum constraint violation might not be known beforehand.

The last step before forming the new parent population is to rank the individuals within each front. This
ranking is made with regard to objective density, in order to promote diversity in the population. The
measurement for density is called crowding distance D and its computation is presented in Algorithm 4.2.
The individuals that have the edge values for each objective are given D =∞, which means that they receive
the highest ranks within the front. The remaining individuals are given crowding distances according to
their nearest neighbor distances for each objective. This is scaled by the highest and lowest objective values
obtained so far, fmax

j and fmin
j . A visualization of this computation is provided in Figure 4.3, where the
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Algorithm 4.2: Crowding distance assignment
Input: Front F
Output: Crowding distance Di for each individual in F

1: for i = 1 : |F| do Loop over all individuals in F
2: Di = 0 Initialize crowding distances

3: for all objective fj do
4: Sort F according to fj Sort in ascending order of current objective
5: Sort D in same order as F Di should correspond to individual i in F
6: D1 = D|F| =∞ Make sure that edge points get selected
7: for k = 2 : |F| − 1 do For all other individuals

8: Dk += fj(k+1)−fj(k−1)
fmax

j
−fmin

j
Compute nearest neighbor distances for current objective
and normalize with current range for the objective

k

k-1

k+1

f
1

Front 1

Front 2

Front 3

f 2

Figure 4.3: Crowding distance calculation with two objectives. The crowding distance of individuals k is the
average side length of the dashed rectangle, which is obtained by computing the distances to the objective values of two
nearest neighbours within the same front. Note that the normalization factor for each objective is neglected in this
figure.

individuals of the current front are marked by black dots and the crowding distance of individual k is the
average side length of the dashed rectangle.

By sorting each front in order of descending crowding distance, every individual in the population may
essentially be given a distinct rank R ∈ {1, . . . , |R|}, where |R| is the number of individuals in the combined
population. All individuals with rank R ≤ |P | are used to form then the new parent population. A generation
in NSGA-II ends by creating a new child population O from the updated parent population. The following
section describes the details of the genetic operators used within make-new-pop(), specified on line 10 in
Algorithm 4.1, as well the schemes used for encoding and initialization. These aspects are not determined by
NSGA-II and thus have to be chosen according to the problem specification.

4.2.2 Problem-specific encoding, initialization, and genetic operators
Encoding the allocation of SWCs onto ECUs can be made in several different ways. The most common
method is an SWC-based encoding scheme, where each gene of the chromosome represents one SWC and
the value of each gene represents an ECU on which the SWC is allocated [3, 4, 8]. Other encoding schemes
have been tested, such as ECU-based encoding, where each gene represents an ECU and contains a list of
SWCs which are allocated to it [3]. For the implementation described in this report, the first alternative
will be used since it is more tested in previous work and the following genetic operators have more intuitive
implementations.

A schematic overview of the allocation encoding can be seen in Figure 4.4. In a solution x = (x1, x2, . . . , xq)T,
each index i corresponds to one SWC and the value of the variable xi corresponds to the ECU that SWC i is
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1 3 2 3 4 5 2 3 1 4 5

c1 c2 c3 c4 c5 c6 c7 c8 c9 c10 c11 c12 c13

ECU 1 ECU 2 ECU 3 ECU 4 ECU 5

Chromosome genes

SWCs

ECUs

Figure 4.4: Encoding scheme used for the allocation of SWCs to ECUs. A chromosome’s gene corresponds
to either an SWC or a co-location group of SWCs, and the value of the gene corresponds to the ECU allocation.

allocated to. As seen in the figure, the possible values of xi are integers, and each integer uniquely represents
one ECU. In order to decrease the search space, groups of SWCs that demand co-location are encoded by a
single gene in the chromosome. Apart from these special cases, each variable xi in a solution is represented
by one gene in the chromosome.

The initial parent population is generated by randomly assigning a value to each gene in every individ-
ual’s chromosome. The random values are chosen from the set 1, 2, . . . , |E|, where |E| is the number of
ECUs.

For the selection process, each individual is given a fitness value F equal to its rank R, described in Sub-
section 4.2.1. However, since this fitness assignment yields fitness values that are not proportional to the
individuals’ objective values, a fitness proportionate selection operator is unsuitable. Tournament selection
on the other hand, which ignores the difference in fitness value between the compared individuals, is well
adapted to the used fitness assignment [38]. The complete algorithm of this selection operator is presented
in Algorithm 4.3. By randomly picking ntour contestants from the parent population, sorting these accord-
ing to fitness and performing a round-based tournament, one single individual gets selected for procreation.
The selection pressure can be adjusted by varying the tournament selection parameter ptour. Selection with
replacement is used within the described implementation, which means that an individual may be selected
for procreation multiple times.

Algorithm 4.3: Tournament selection
Input: Population P

Number of contestants ntour
Tournament selection parameter ptour

Output: One selected individual
1: Pick ntour contestants randomly from P
2: Sort contestants according to fitness F Sort in descending order
3: for i = 1 : (ntour − 1) do Loop through individuals
4: r = random ∈ [0, 1)
5: if r < ptour then
6: Return individual i
7: else if i = ntour − 1 then Only individual i + 1 left in the tournament
8: Return individual i+ 1

Based on the chosen encoding scheme, there are a number of possible crossover operators. For this work, the
two-point crossover is used. The full algorithm is presented in Algorithm 4.4 together with a clarifying image
in Figure 4.5. By choosing two random points in the interval [1,m], where m is the length of the chromosome,
and then cutting the two chromosomes at these points, subparts of chromosomes are created. By combining
these subparts according to the figure, two new individuals are created. An important note is that even
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Algorithm 4.4: Two-point crossover

Input: Parent chromosomes Cp
1 , C

p
2 with length m

Output: Child chromosomes Co
1 , Co

2
1: Set Co

1 = Co
2 = ∅

2: r1 = random integer ∈ [1,m]
3: r2 = random integer ∈ [1,m]
4: icut

1 = min(r1,r2)
5: icut

2 = max(r1,r2)
6: for j = 1 : m do
7: if j < icut

1 then
8: Add gene j from Cp

1 to Co
1

9: Add gene j from Cp
2 to Co

2
10: else if icut

1 ≤ j < icut
2 then

11: Add gene j from Cp
2 to Co

1
12: Add gene j from Cp

1 to Co
2

13: else
14: Add gene j from Cp

1 to Co
1

15: Add gene j from Cp
2 to Co

2

Parent 1

Parent 2

Child 1

Child 2

i
cut
1 i

cut
2

Figure 4.5: Two-point crossover. Each parent chro-
mosome is split at two random points and the subparts are
then combined to form the child chromosomes.

Algorithm 4.5: Swap mutation

Input: Chromosome C with length m,
Swap mutation probability pswap

Output: Mutated chromosome
1: for i = 1 : m do
2: r1 = random ∈ [0, 1)
3: if r1 < pswap then
4: r2 = random integer ∈ [1,m]
5: Swap value of gene i in chromosome C

with value of gene r2 in chromosome C

Algorithm 4.6: Point mutation

Input: Chromosome C with length m,
Point mutation probability ppoint
Set of possible values V

Output: Mutated chromosome
1: for i = 1 : m do
2: r1 = random ∈ [0, 1)
3: if r1 < ppoint then
4: r2 = random value ∈ V
5: Change value of gene i in chromosome

C to r2

though a crossover is performed with chromosomes that encode feasible solutions, there is no guarantee that
the resulting, mixed chromosomes will encode feasible solutions. However, two-point crossover ensures that
a generated chromosome allocates each SWC to exactly one ECU. This can be guaranteed because of the
used encoding scheme and the fact that the swapped subparts represent the same SWCs.

Two mutation operators are used to increase the diversity of the genome. These are called point and swap
mutation and, similarly to the two-point crossover operator, they are adapted to the chromosome encoding
in order to ensure that each SWC only allocates to one ECU [3]. The swap mutation algorithm is presented
in Algorithm 4.5, and Algorithm 4.6 shows the point mutation algorithm. Both mutation operators check
each gene in the chromosome and mutate it with the probabilities pswap and ppoint respectively. If a gene is
subjected to swap mutation, the operator randomly chooses another gene in the chromosome and swaps the
values of the two genes. A point mutated gene is assigned a random value from a set of possible values. The
mutation operators were implemented in such a way that each gene in a chromosome is first checked for point
mutation, and thereafter every gene is checked for swap mutation. This implementation of the mutation
operator may result in an infeasible solution being generated, but the exploration of infeasible regions of the
search space may be of importance within multi-objective optimization [43].

The optimization of software allocation does not have any inherent target objective values, i.e. busload and
memory utilization, that the genetic algorithm should strive to obtain. For this reason, the termination
criterion for the algorithm is set to a certain number of generations G. This concludes the description of the
optimization and the following chapter presents the process of evaluating the validity of the method.
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This chapter provides a description of the developed framework for evaluation of the optimization method.
The framework produces data resembling real automotive architectures, and the first section provides the
details of the generation. This includes how parameter values are set and how signals and buses are routed
in the software and hardware architectures respectively. Two different scenarios, each containing a certain
parameter setup for the generation framework, are presented in the second section. This section also describes
how optimizations were evaluated using the architectures generated according to these scenarios.

5.1 Framework for generation of scenarios

The amount of detailed automotive architecture data provided by car manufacturers may be limited [44],
as in the case of this work. Therefore, a common approach, used by previous studies [3, 8, 9], has been to
evaluate optimization methods using artificial data that resembles real automotive architectures. Generating
data this way has both advantages and disadvantages. Compared to an industrial case study, which contains
a limited amount of hardware and software to base the evaluation on, there are only practical restrictions to
the amount of data that may be generated [44]. Generation of automotive architectures thus allows for a more
thorough investigation of the capabilities and limitations of an optimization method. On the other hand,
it can be difficult to generate automotive architectures that fully capture the essence of real architectures,
making the validity of the model for real-world applications hard to confirm. Additionally, it is hard to
generate automotive architectures where the optimization of software allocation is tightly constrained, while
at the same time ensuring that feasible solutions do in fact exist. Inspired by the previous studies, a method
for generating automotive architecture data has been developed.

5.1.1 Component parameters
The generation of an automotive architecture begins by creating all of its components, and setting parameter
values for each of these. A parameter value is chosen in one of four different ways. It can either be set by
the user, set relatively to other parameters, selected randomly from a predefined range, or be static, i.e. fixed
and independent of other parameters. A full parameter description, except for the input parameters, can be
seen in Table 5.1. The input parameters are the number of SWCs |C|, the number of CAN buses |BCAN|,
the number of FlexRay |BFlex|, the number of ECUs |E|, and the number of domains |D|. See Section 2.2
for a description of domains.

ECUs have one parameter, the memory capacity ecap. The value is generated randomly, with a uniform
probability distribution, in the range of [256 byte, 1024 byte] for each ECU. The sum of ecap for all ECUs,
denoted Ecap, is then used as reference for assigning the memory consumption of the SWCs, csize. This is
done by choosing an integer from the interval

[Ecap
2|C| ,

Ecap
|C|
]
[3]. These assignments imply that approximately

75% of the total available ECU memory will be occupied by the SWCs and therefore yield relatively tight
constraints on the allocation. Furthermore, the set of SWCs are uniformly distributed over the set of domains
D. 40% of the SWCs belong to a co-location group, and each such group consists of |Ccoloc

c | = 3 SWCs.
The SWCs within a co-location group must belong to the same domain. Hardware demands are assigned
to 10% of the set of SWCs, though an SWC cannot both belong to a co-location group and have hardware
constraints. For each SWC with hardware demands, a third of the available ECUs are randomly chosen to
be acceptable allocations.
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Table 5.1: The parameters used for the generation of automotive architectures. randi(min,max) generates
a random integer between min and max and rand(S) chooses a random value from the set S.

Parameter Value Comment
ECU

Memory capacity ecap [kB] randi(256,1024) The total available ECU memory
Ecap =

∑
e∈E

ecap

SWC

Memory consumption csize [kB] randi( Ecap
2|C| ,

Ecap
|C| ) The sum of all SWC sizes is thus close

to 75% of the total ECU memory.

Domain d d ∈ {1, . . . , |D|} SWCs are distributed uniformly over
the set of domains.

Co-location group size |Ccoloc
c | 3

Number of co-location groups 0.4 · |C|
|Ccoloc

c |
40% of all SWCs have co-location
requirements.

Number of legal ECU allocations |Ec| |E|
3

Only applicable if SWC has hardware
demands

Number of SWCs with hardware
demands 0.1 · |C| 10% of all SWCs have hardware

demands.
Vehicle feature

Features per SWC factor rc
1.5
|C|min

F
See Subsection 5.1.1.

Number of SWCs in a feature |C|F randi(|C|min
F , |C|max

F ) |C|min
F = 4, |C|max

F = 6.
Number of sensors in a feature |K|F randi(|K|min

F , |K|max
F ) |K|min

F = 2, |K|max
F = 3.

Number of actuators in a feature |A|F randi(|A|min
F , |A|max

F ) |A|min
F = 2, |A|max

F = 3.
Number of features |F | rc · |C| See Subsection 5.1.1.

Domain d d ∈ {1, . . . , |D|} Features are distributed uniformly over
the set of domains.

Sensor
Number of sensors |K| |F | See Subsection 5.1.1.

Domain d d ∈ {1, . . . , |D|} Sensors are distributed uniformly over
the set of domains.

Actuator
Number of actuators |A| |F | See Subsection 5.1.1.

Domain d d ∈ {1, . . . , |D|} Actuators are distributed uniformly
over the set of domains.

Signal

Number of signal senders |Ssend| |C|+ |K| One transmitted signal may have
several receivers.

Size Ls [byte] randi(1,4)
E2E time Ds [s] rand({ 0.02, . . . , 0.2 }) In steps of 5 ms.
Updating time Us [s] Ds Set to same value as E2E time.

Jitter time Js [s] 0.001 Release jitter for scheduling on CAN
[12, 14].

Priority Ps Ps ∈ {1, . . . , |Ssend|}
Assigned in order of decreasing E2E
time.

Gateway
Number of gateways 1 See Subsection 5.1.1.

LIN
Number of sensors or actuators
connected to LIN HLIN

2 Connected hardware components must
belong to the same domain.

Number of LIN buses |BLIN| 1
2 ·
|K|+|A|

HLIN
See Subsection 5.1.1.
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The connections, or signal routing, between SWCs, sensors, and actuators are made by forming features,
similar to the one shown in Figure 2.3. This method is an extension of the one presented by [9], with the
addition of each feature belonging to a specific domain. The number of features |F | generated depends on |C|
and the static parameter rc, which is called the features per SWC factor and affects how many features an
SWC belong to on average. rc in turn depends on another static parameter, namely the minimum number of
SWCs in a feature |C|min

F , through the relationship rc = 1.5
|C|min

F

. Setting |F | = rc · |C| results in the average
number of features that each SWC belongs to, to be above 1.5. To yield some variety in the generated
features, the number of SWCs per feature, |C|F , is chosen randomly from the range

[
|C|min

F , |C|max
F

]
, where

the limits are static parameters.

The number of sensors and the number of actuators that are included in a feature, |K|F and |A|F , are selected
randomly in the ranges of [|K|min

F , |K|max
F ] and [|A|min

F , |A|max
F ]. The numbers of sensors and actuators in

the entire architecture, |K| and |A|, are both set to be the same as |F |. Compared to SWCs, sensors and
actuators are more frequently reused in different features [9], and the used values imply that each sensor and
actuator is used in 2.5 features on average.

The generated software architecture contains |Ssend| = |C|+ |K| unique transmitted signals, or signal groups,
with each signal originating from a sensor or an SWC. The number of receivers per signal is determined
through the feature generation described above, and is thus not known during this stage of the process. The
size of a signal, Ls, is a randomly chosen integer within the range [1 byte, 4 byte] and its E2E time Ds is
randomly chosen from {0.02 s, 0.025 s, . . . , 0.2 s}. As done in [9], a simplification has been made by setting
the updating time of a signal, Us, equal to its E2E time. The jitter time of a signal, which represents the
longest time it may take between the initiation of a signal transmission and the signal being queued on a
CAN bus [12, 14], is set to 0.001 s for all signals. Signal priorities, used for arbitration when transmitting on
CAN, are assigned in order of decreasing E2E time, i.e. the signal with the lowest E2E time has the highest
priority.

The hardware architecture consists of subnetworks, with the number of subnetworks being equal to |BCAN|+
|BFlex|. ECUs, sensors, and actuators are connected to each subnetwork, resembling the connections il-
lustrated in Figure 2.2. The set of subnetworks are joined using a gateway. Half of the sensors and half
of the actuators within the architecture are connected to the subnetworks via ECUs, using either LIN or
CAN. These connections are always made with groups of two sensors or two actuators, and the connected
components must belong to the same domain. The presented framework makes these connections using LIN
buses, provided that the requirements on the transmitted signals allow for it, see Subsection 5.1.3. For
this reason, the number of LIN buses, |BLIN| = 1

2 ·
|K|+|A|

HLIN
, and the total number of CAN buses are only

preliminary.

With all components generated, the next step is to form connections between these. The following sections
describe how to connect the SWCs with sensors and actuators to form functionalities, and how to connect
the hardware components to form the hardware network.

5.1.2 Signal routing in vehicle features
Each feature is generated by first choosing a number of SWCs, sensors, and actuators according to the
parameters |C|F , |K|F , and |A|F . These components are generally taken from the pool of currently unused
components belonging to the same domain as the feature, in order to ensure that all components are used in
at least one feature. However, to model that some features include components from another domain, there
is a probability p = 0.01 that such a component is chosen instead. If all SWCs, sensors, or actuators in a
domain have been used in at least one feature and the corresponding pool of unused components is empty,
already used components are reused.

The signal routing within a feature is made by connecting the chosen sensors with the actuators via the
SWCs. This process is presented in Algorithm 5.1 and starts with placing the sensors in a queue called
Qconnected. The next step is to place a subset of the SWCs in another queue called Qwaiting, which contains
the components currently waiting to be connected to. How many SWCs to put in Qwaiting is decided by
the layer size Nsize parameter, and is set to 3 in this work. When this is done, the sensors in Qconnected
may connect to the components in Qwaiting, with a probability pconnect = 1

3 for each possible connection. All
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sensors in Qconnected that were connected to at least one of the SWCs in Qwaiting are removed from the queue,
and the SWCs in Qwaiting that were connected to are moved to Qconnected. The process is then repeated, by
first filling up Qwaiting with SWCs until it contains Nsize components again. If all SWCs already have been
added to the Qwaiting, actuators are added instead. Actuators are however not moved from the Qwaiting if
they have been connected to. When connecting the components in Qconnected and Qwaiting, exceptions are
made for connections that creates cycles. These are avoided by checking whether a path of signals from the
SWC in the Qwaiting to the component in the Qconnected has not already been created during the generation
of a previous feature.

Algorithm 5.1: Connecting components in feature
Input: List of SWCs chosen for feature C

List of sensors chosen for feature K
List of actuators chosen for feature A
Layer size Nsize
Connection Probability pconnect

Output: Feature
1: Create empty lists Qconnected,Qwaiting
2: Move all sensors from K to Qconnected
3: while Qconnected not empty do
4: while |Qwaiting| < Nsize do
5: if |C| > 0 then
6: Move SWC from C to Qwaiting
7: else
8: Move actuator from A to Qwaiting

9: for all qconnected ∈ Qconnected do
10: for all qwaiting ∈ Qwaiting do
11: if qwaiting does not have previous signal path to qconnected & rand(0, 1) < pconnect then
12: Connect qconnected to qwaiting
13: if qwaiting is an SWC then
14: Mark qwaiting to be moved to Qconnected

15: if qconnected was connected to any qwaiting ∈ Qwaiting then
16: Remove qconnected from Qconnected

17: Move all marked qwaiting ∈ Qwaiting to Qconnected

Even though the algorithm effectively generates features similar to real ones used in automotive architectures,
it does not work every time. Due to the probabilistic choice of components and avoidance of cycles, the
algorithm may not find a valid way of connecting components. Some precautions have been taken to avoid
this, but the simplest and most effective method have been to redo the feature altogether.

5.1.3 Connecting hardware components to subnetworks
The framework limits the amount of ECUs connected to a CAN bus to five, in order to lower the busloads in
these subnetworks. This promotes the generation of automotive architectures that contain feasible allocations.
The distribution of ECUs over the set of subnetworks can therefore only be made uniformly if the number
of ECUs is less than or equal to fives times the number of subnetworks. If this is not the case, each CAN
bus is connected to five randomly chosen ECUs, and the remaining set of ECUs is distributed over the set of
FlexRay subnetworks.

The connections between LIN buses and ECUs are randomly chosen, with every ECU having the same
probability of being connected to. This means one ECU may be connected to several LIN buses. Each LIN is
in turn connected to two sensors or two actuators from the same domain, unless the chosen domain only has
one unconnected sensor or actuator left. Depending on required delivery times Rs of the signals transmitted
by sensors or received by the actuators, the relatively low bit rate of LIN might not suffice. Since these signals
must be transmitted over the bus, no matter how the software is allocated, the framework switches the LIN
to a CAN if the bandwidth utilization of the signals are too high for the LIN. This check is done according to
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Table 5.2: The setup for the two evaluated scenarios. The parameters for optimization are the same for both
scenarios, with the exception that the chromosome length m depends on the number of SWCs.

Optimization parameters

Archive size |P | 100

Number of generations G 1000

Tournament size ntour 2
Tournament selection
parameter ptour

0.8

Swap mutation rate pswap
1
m

Point mutation rate ppoint
1
m

Generation parameters

Scenario 1 Scenario 2

Number of SWCs |C| 17 250

Number of domains |D| 2 6

Number of ECUs |E| 4 25

Number of CAN |BCAN| 1 3

Number of FlexRay |BFlex| 1 2

Equation (3.2), where the period times T b
s on LIN depend on the delivery time requirements, see Section 3.1.

However, since the assignment of period times depend on the software allocation, the required values for T b
s

are not known during the generation procedure. For each signal transmitted over the LIN, the period time
is estimated with T b

s = 20 ms − τ b
s , where τ b

s is the transmission time over the LIN bus for signal s. If the
resulting busload lb in Equation (3.2) exceeds 100% of the capacity of LIN, a CAN replaces the LIN.

The remaining sensors and actuators are connected directly to the subnetworks. These connections are made
probabilistically, with the probability of connecting to a certain subnetwork being proportional to the number
of ECUs already connected to that subnetwork.

5.2 Evaluated scenarios
Given the framework presented in Section 5.1, the optimization was evaluated using two different scenarios,
presented in Table 5.2 together with the parameters used for the optimizations. Ten automotive architectures
were generated using each scenario, and every architecture was optimized ten times, in order to perform a
more thorough performance assessment of the optimization method.

The first scenario describes small-scale automotive architectures that have approximately 6.7 · 107 different
possible allocations. Despite their rather extensive search spaces, it was possible to perform exhaustive
searches in reasonable amount of time, and thus find the true Pareto-front for each architecture. This meant
that the optimization method could be evaluated with regard to the ground truth. The hypervolume ratio
presented in Subsection 4.1.2 was used for evaluating all optimizations and if the true Pareto-front was
found during the optimization, the performance evaluation was also performed in regard to the number of
generations until it was found. The exhaustive search is also able to find the total number of feasible solutions
as well as the worst feasible objective values. Respectively, these measurements give an indication of how
constrained the optimization problem is and a suitable reference point for hypervolume computations.

Architectures described by the second scenario have enormous search spaces, which means that exhaustive
searches and ground truth comparisons were not an option. Instead, the consistency of the approximated
Pareto-front, with regard to multiple optimizations of the same architecture, was measured and used to
evaluate the optimization method. This was done using hypervolume computations, with reference point as
the worst feasible objective values found during the optimizations of that particular architecture. In order
to yield a value for the hypervolume ratio without knowledge of the true Pareto-front, the set approximated
Pareto-fronts from all optimizations were combined and the set of Pareto-dominant solutions in that set were
selected. Since the total number of feasible solutions could not be computed, the ratio of feasible solutions
was estimated by evaluating the feasibility of 105 randomly selected allocations.

The results from the described evaluations are presented in the following chapter. This chapter also features
an investigation of a single optimization of a small-scale architecture, as well as brief presentations of two
different solutions within the Pareto-front.
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Results

This chapter presents the results from using the multi-objective genetic algorithm to optimize the allocation of
software in automotive architectures. In order to acquaint the reader with the produced results, the first section
provides a description of a small-scale automotive architecture, generated using the developed framework,
as well as two of its Pareto-optimal software allocations. The second section compares the results from
optimizations and exhaustive searches performed on ten small-scale automotive architectures. Lastly, the
consistency of the optimization method is assessed through the results from optimizations of ten large-scale
automotive architectures.

6.1 Investigation of an optimized automotive architecture

This section provides an example of the optimization of a small-scale architecture, generated according to sce-
nario 1. How the signals are routed between sensors, SWCs, and actuators within the software architecture is
visualized in Figure 6.1a. This architecture successfully mimics the desired transmission patterns, described
in Subsection 5.1.1. A few inter-domain communications were generated, but most signals are transmitted
within their respective domains. From this figure, it is hard to distinguish the separate features, but indica-
tions of signal chains can still be seen. Figure 6.1b illustrates the hardware architecture, which includes the
sensors and actuators used within the software architecture, and adequately resembles the example shown in
Figure 2.2.

An optimization of the SWC allocations was performed using the parameters presented in Table 5.2. Addi-
tionally, an exhaustive search of the solution space was carried out, and revealed that the ratio of feasible
solutions for this architecture is 1.4% of all possible allocations. This means that with a initial population
of 100 randomly generated individuals, one individual is likely to encode a feasible allocation. In Figure 6.2,
the approximated Pareto-front after 1000 generations of the optimization is shown. This figure also presents
the true Pareto-front and the reference point, given by the worst feasible value for each objective, both of
which were acquired through the exhaustive search. Not all Pareto-dominant solutions were found during
the optimization. Most of the solutions promoting busload were found, while the Pareto-optimal solutions
which favored memory utilization seemed more difficult to obtain.

Table 6.1 presents the allocations corresponding to the lowest feasible value for each objective, together with
the respective busloads and memory utilizations for each bus and ECU in the hardware architecture. To
obtain the lowest fbusload for this architecture, the SWCs seem to be allocated according to domain. The
largest ECU, e2, has eight SWCs allocated to it, seven of which belong to domain 1. This enables a high ratio
of the signals within domain 1 to avoid transmission over buses. On the other hand, with this allocation, only
two of the four ECUs have memory utilizations within the optimal range of eutil ∈ [0.6, 0.9]. The allocation
that yields the lowest memory utilization is presented in the right column of Table 6.1. This allocation leaves
ECU e1 empty, which results in high memory utilizations eutil for the remaining three ECU. The memory
utilizations for e3 and e4 are still within the optimal range, but e2 exceeds the optimal range by 6%.

Comparisons between the busloads of the two allocations, also presented in Table 6.1, reveal that while the
allocation with the lowest fmemory has 22% and 31% more signals transmitted over the CAN and FlexRay
buses respectively, the busloads lb are increased by 59% and 45%. This implies that the allocation correspond-
ing to the lowest fbusload favors intra-ECU transmission of the large-sized signals, rather than transmission
over buses.
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Figure 6.1: Software and hardware architectures generated according to scenario 1. The sensors and
actuators shown in the two figures are the same.
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Figure 6.2: The Pareto-front obtained after single optimization of an architecture generated according
to scenario 1. The true Pareto-front, marked by crosses, was obtained through an exhaustive search of the solutions
space. The Pareto-front approximated by the optimization, marked by circles, does not agree perfectly with the true
Pareto-front. However, most of the Pareto-dominant solutions that favor busload were found during the optimizations.
The reference point is set to the worst feasible value for each objective, which also was determined through the exhaustive
search.
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Table 6.1: The allocation of SWCs for the solutions with the lowest value for the busload and memory
utilization objectives respectively. Ce denotes the set of SWCs alllocated to ECU e, eutil is computed according to
Equation (3.6), |Sb| is the number of signals transmitted over bus b, and lb is computed according to Equation (3.2).

Allocation with lowest fbusload Allocation with lowest fmemory

ECU Ce eutil Ce eutil

e1 (322 kB) c7 (74 kB), c10 (99 kB) 0.54 0

e2 (789 kB)

c2 (70 kB), c3 (114 kB),
c4 (88 kB), c5 (90 kB),
c6 (75 kB), c8 (105 kB),
c9 (110 kB), c15 (115 kB)

0.97

c1 (64 kB), c10 (99 kB),
c2 (70 kB), c7 (74 kB),
c8 (105 kB), c11 (75 kB),
c12 (82 kB), c15 (115 kB),
c17 (76 kB)

0.96

e3 (407 kB) c1 (64 kB), c14 (93 kB),
c16 (110 kB) 0.65 c3 (114 kB), c4 (88 kB),

c5 (90 kB), c6 (75 kB) 0.90

e4 (473 kB) c11 (75 kB), c12 (82 kB),
c13 (113 kB), c17 (76 kB) 0.73 c9 (110 kB), c13 (113 kB),

c14 (93 kB), c16 (110 kB) 0.90

Bus |Sb| lb |Sb| lb

CAN 18 0.0148 22 0.0235

FlexRay 16 0.00672 21 0.00976

6.2 Scenario 1
As described in Section 5.2, the performance of the optimization method was, in part, evaluated by performing
ten independent optimizations, each running for 1000 generations, of the software allocation within a single
architecture generated according to scenario 1. This procedure was thereafter repeated for, in total, ten such
automotive architectures. The results from this evaluation are presented in Table 6.2, which also contains the
true Pareto-front and ratio of feasible solutions, both obtained from exhaustive searches of each architecture’s
solutions space. The ratios of feasible solutions indicate that scenario 1 generates adequately constrained
optimizations problems, with roughly 8.3·105 of the 6.4·107 possible solutions being feasible allocations.

Similarly to the results described in Section 6.1, several of the performed optimizations did not find the
entire true Pareto-front. Averaged over all architectures, 48% of the optimizations were able to obtain every
solution in the true Pareto-front within the 1000 generations. Only the optimizations of architectures 3 and
4 were able to consistently find every solution within the Pareto-front. This might be due to the fact that
those Pareto-fronts contained the fewest number of solutions, namely 1 and 6 respectively. The Pareto-fronts
corresponding to the remaining architectures contained between 7 and 22 solutions each, with overall mean
being 9.8. As seen in Table 6.2, a higher number of solutions in the Pareto-front was generally related to a
low ratio of optimizations that obtained the entire Pareto-front.

Out of the optimizations that were able to find the entire set of Pareto-dominant solutions, the average number
of generations until this occurred was 360. The standard deviation was however significantly high, and for
some individual optimizations, the entire Pareto-front was located after 900 generations had passed. For the
optimizations that did not obtain the entire Pareto-front, 57% of the Pareto-dominant solutions were found
on average. The standard deviation is however high for this measurement as well, with the ten optimizations
of architecture 5 on average finding 22% of the Pareto-dominant solutions. These measurements indicate
that the structure of the generated architecture effects the optimization method’s ability to find the entire
true Pareto-front.

Through the exhaustive searches, the true hypervolume Htrue could be computed for each of the ten archi-
tectures, with the worst feasible value for each objective and architecture being used as reference point. This
allowed the hypervolumes of the approximated Pareto-fronts to be evaluated through use of the hypervolume
ratio Hratio. By computing the mean of Hratio over all optimizations of the same architecture, and then
averaging the resulting ratios over all architecture, the value of 98.9% was obtained. This means that even
though less than half of the optimizations yielded the true Pareto-front, the quality of the approximated
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Table 6.2: Results from ten optimizations and one exhaustive search of each of the ten architectures
generated according to scenario 1. Each optimization continued for 1000 generations. ∗ denotes that the values
were obtained through the exhaustive search, ∗∗ indicates that the average was taken over the optimizations that did
obtain the true Pareto-front, and ∗∗∗ means that the average was taken over the optimizations that did not manage to
find every Pareto-dominant solution.

Architecture 1 2 3 4 5 6 7 8 9 10 µ± σ

Ratio of feasible
solutions∗

0.056 0.013 0.002 0.003 0.033 0.002 0.021 0.014 0.019 0.014 0.013± 0.010

Number of
Pareto-dominant
solutions∗

18 8 1 6 9 7 8 10 9 22 9.8± 6.0

Ratio of optimizations
that obtained the true
Pareto-front

0.2 0.6 1 1 0.5 0.7 0.8 0 0 0 0.48± 0.40

Mean number of
generations until the
true Pareto-front was
obtained∗∗

593 519 39 110 554 343 364 n/a n/a n/a 360± 217

Mean ratio of
Pareto-dominant
solutions found∗∗∗

0.76 0.86 n/a n/a 0.22 0.62 0.56 0.61 0.34 0.57 0.57± 0.21

True hypervolume
Htrue

∗ 0.105 0.163 0.285 0.320 0.178 0.313 0.130 0.119 0.088 0.078 0.178± 0.094

Mean hypervolume
ratio Hratio

0.989 0.998 1 1 0.993 0.999 0.999 0.998 0.933 0.980 0.989± 0.021

Pareto-fronts were overall high.

6.3 Scenario 2
The optimization procedure described in Section 6.2 was applied to ten architectures generated according to
scenario 2, and the results from these optimizations are presented in Table 6.3. An important note is that
the ten architectures included in this table are the ones for which the optimization procedure was able to find
feasible solutions. In total, 15 architectures had to be generated in order to obtain ten architectures that the
optimization successfully found feasible solutions for. Since there was no possibility of performing exhaustive
searches for the five discarded architectures, it cannot be concluded whether there in fact exist feasible
solutions or not. The estimation of the feasibility ratio, performed by evaluating 105 random allocations,
yielded no feasible solutions for any of the 15 architectures. This result indicates that architectures from
scenario 2 have tighter constraints compared to architectures from scenario 1.

For every architecture included in Table 6.3, feasible solutions were found during each of the ten optimizations.
The mean number of generations until feasible solutions were found, averaged over all ten architectures, was
45. This means that, provided that feasible solutions were obtained during an optimization, they were found
during the initial phase of the optimization. The approximated Pareto-fronts of the first architecture is
illustrated in Figure 6.3. The lack of agreement between these fronts seems to indicates that the optimization
method is less consistent for large-scale architectures than for small-scale architectures. This is emphasized
by the mean hypervolume ratio Hratio = 0.825, averaged over all architectures and optimizations, which can
be compared to Hratio = 0.989 for the small-scale architectures. The reason for less consistency could be that
the number of generations was too low, since some optimizations were still improving their approximated
Pareto-fronts. As described in Section 6.2, there was a high deviation in the number of generations passed
before the true Pareto-front was found for the small-scale architectures. However, to provide a fair comparison
between the optimizations, the same number of generations had to be used. In order to experience reasonable
evaluation times, the number of generations was limited to 1000.
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Table 6.3: Results from ten optimizations of each of the ten architectures generated according to scenario
2. Each optimization continued for 1000 generations. The Pareto-front used to compute the true hypervolume Htrue
was determined by choosing the set of Pareto-dominant solutions from the combined set of approximated Pareto-fronts,
see Figure 6.3.

Architecture 1 2 3 4 5 6 7 8 9 10 µ± σ

Mean number of
generations until a
feasible solution was
found

38 55 40 39 54 66 36 32 54 35 45± 11

Hypervolume of
combined Pareto-front
Htrue

0.145 0.176 0.021 0.149 0.188 0.097 0.113 0.170 0.191 0.187 0.144± 0.054

Mean hypervolume
ratio Hratio

0.760 0.900 0.836 0.761 0.821 0.854 0.847 0.815 0.822 0.830 0.825± 0.042

0.3 0.35 0.4 0.45 0.5 0.55 0.6 0.65 0.7

Busload fbusload

23

24

25

26

27

28

29

30

31

32

M
em

o
ry

u
ti
li
za
ti
o
n
f
m
em

o
ry

Reference point

Optimization 1

Optimization 2

Optimization 3

Optimization 4

Optimization 5

Optimization 6

Optimization 7

Optimization 8

Optimization 9

Optimization 10

Combined optimizations

Figure 6.3: The Pareto-fronts approximated by ten different optimizations of an architecture generated
according to scenario 2. Since the large size of the architecture does not allow for an exhaustive search of the solution
space, the true Pareto-front of the problem is not known. Each individual optimization, marked by either circles or
triangles, could though be evaluated with regard to the performance of the other optimizations. These evaluations
were performed with respect to the crosses in the figure, which illustrate the set of Pareto-dominant solutions in the
combined set of approximated Pareto-fronts. The reference point was set to worst feasible value, found during the ten
optimizations, for each objective.

32



7
Discussion

This chapter summarizes the most important results and discusses these with respect to the developed and
used methods. The main aim of this work was to develop and implement an MOGA in order to optimize
automotive architectures. Whether this was successfully done or not is discussed in the first section, together
with some of the limitations of the optimization. The following sections discusses the simulations environment
and the generation framework, respectively. Lastly, some future improvements that can be made to extend
this work are presented.

7.1 Using an MOGA to optimize software allocation
Section 6.2 shows that the developed optimization method is very successful in obtaining approximated
Pareto-fronts of high quality for small-scale automotive architectures. Using hypervolume as measurement,
the optimizations achieve a hypervolume ratio of Hratio = 0.989 on average. The reason for not achieving
Hratio = 1, i.e. finding the true Pareto-front during every optimization, may be due to premature convergence.
More or less every performed optimization had converged before 1000 generations had passed, but the true
Pareto-front was only found in 48% of the cases. One possible way of reducing the likeliness of premature
convergence can be to investigate different sets of optimization parameters. As indicated by the results
obtained for large-scale architectures, the set of parameters used in this work seems to perform well during
the initial phase of the optimization, during which the algorithm searches for feasible solutions. However, the
subsequent optimization of the Pareto-front could benefit from altered parameters, in order to maintain a
wider range of genetic material within the population. One possible alteration is to increase the probability
of swap mutation once feasible solutions have been found. Since swap mutations do not change the number of
SWCs allocated to each ECU, thus keeping the memory utilization of ECUs more or less equal, this alteration
might result in a more efficient investigation of the feasible solution space.

The purpose of performing optimizations of large-scale architectures, for which the results are presented in
Section 6.3, was to assess the consistency of the optimization method. In contrast to the convergence that
occurred when optimizing small-scale architectures, the optimizations of large-scale architectures were still
adjusting their Pareto-fronts when 1000 generations had passed. But even considering this observation, the
fact that the approximated Pareto-fronts differed, as illustrated in Figure 6.3 and by the average hypervolume
ratio of Hratio = 0.825, implies that the optimization method is inconsistent for large architectures. Just
as for the small-scale architectures, this may be due to premature convergence. With the enormous search
space of scenario 2, the allocations encoded in the first feasible solutions may heavily affect the continuous
evolution of the population. Further clarification may come from investigating the genetic diversity in the
population and which parts of the solution space are explored during different optimizations.

Unfortunately, it is difficult to determine whether the five generated large-scale architectures, for which
the optimization method did not manage to obtain any feasible solutions, do in fact possess any feasible
allocations. As explained Section 6.3, the average number of generations until a feasible solution was found
was 45. While this result indicates that the optimization method is very capable of finding feasible solutions,
and thus implies that the five mentioned architectures do not possess any feasible solutions, these architectures
pose questions regarding the validity of the optimization method. One way of decreasing the amount of
uncertainty is to use real automotive architectures when evaluating the optimization method. By using the
already implemented software allocation as a comparison for the optimized counterparts, there is a guarantee
that feasible solutions exist. Additionally, it becomes far easier to evaluate the optimized allocations, and
thus concluding whether the optimization method has merit within the automotive industry.
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7.1.1 Application to real-world architectures and the curse of dimensionality
Even though the optimization seems to perform well for small-scale architectures, one must keep in mind
that the true Pareto-front only constitute the best allocations according to the objective measures defined
in the simulation environment, see Chapter 3. The Pareto-dominant solutions would thus not necessarily
perform the best if they were applied to a real-world vehicle, which contains several aspects that have been
neglected in this work. The flaws and possible improvements of the simulation environment are discussed in
Section 7.2, but how the complicated nature of automotive architecture affects the validity of using MOGAs
when optimizing software allocations is also worth commenting. Is it feasible to compress, for example, the
busload of every bus in the hardware architecture into a single scalar value fbusload, or will such a compression
inevitably fail to capture the interconnectivity and dependencies of the hardware network?

One approach to deal with complicated relations within and between different objectives is to introduce
additional objective functions, which allows for less compression of information. In doing this, one must
though consider the curse of dimensionality [45], which states that as the number of objectives increases,
Pareto-dominance becomes rarer and the number of Pareto-optimal solutions increases. This is one of the
biggest problems within MOGAs, as it limits their application to problems with several objectives [45].
Another problem related to an increased number of Pareto-optimal solutions is that the vehicle manufacturer
eventually must choose one of these for implementation, and the process of going through and understanding
the implications of each solution is a difficult and time-consuming task.

7.2 The design and usage of the simulation environment
As mentioned in Subsection 7.1.1, how well the simulation environment is modeled constitutes a contributing
factor to the validity of using MOGAs to optimize automotive architectures. Regarding the objective functions
used in this work, a few interesting remarks can be made based on the allocations presented in Table 6.1.
The allocation that yields the best memory utilization leaves ECU e1 empty and thereby exceeds the optimal
memory utilization range for e2. At first glance, this may not seem to be a particularly good utilization of
the available ECU memory, due to the high memory utilization of e2. However, since the weight function for
memory utilization takes the possible removal of ECUs into account, the benefit from removing e1 outweights
the drawback from exceeding 90% memory utilization for e2. This would although not have been the case if
the weight function, see Figure 3.2b, would have had a more steep slope outside of the optimal range. The
angle of the slope thus determines the relative importance of removing an ECU. Since a benefit of multi-
objective optimization is the possibility of avoiding this kind of weighting parameters, the objective function
for memory utilization could have benefited from being divided into a cost objective, which models the
possible removal of hardware components, and a pure memory utilization objective. These results illustrates
the importance of carefully formulating the models within the simulation environment and how changes to a
model may greatly affect the outcome of an optimization.

While the concept of a simulation environment, which can assess the performance of individual components
as well as entire automotive architectures, seems to be a practical tool for evaluation, constructing one is
easier said than done. Large teams of system architects and engineers are needed to ensure that performance
demands, such as signals being delivered on time, are fulfilled. The work is often done iteratively between
development and testing, and there are also requirements for flexibility since new functionalities may be
added during the development of the vehicle. It may be feasible to maintain models for each type of entity
within the architecture, but replacing the current methods for evaluating entire automotive architectures
with a simulation environment would require far more work than have been performed in this thesis.

7.3 The realism and feasibility of the generated architectures
Due to the limited amount of available data regarding real automotive architectures, it is hard to conclude
whether the hardware and software architectures generated by the developed framework, described in Chap-
ter 5, are in fact realistic. With more available data, it would be valuable to develop an evaluation method
which compares the generated architectures with real data and gives a measurement of their similarity. This
was however outside the scope of this work.
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Regardless of the uncertainties whether the produced data is realistic or not, the framework appears to
generate architectures that pose complicated optimization problems. The small-scale architecture visualized
in Figure 6.1 provides an illustrative example of this. The software allocation that yields the lowest busload,
presented in the left column of Table 6.1, has all but two of the SWCs in domain 1 allocated to ECU e2,
which has the highest memory capacity of all ECUs. As described in Section 6.1, this successfully lowers the
busloads in the hardware network, since most of the signal exchanges in domain 1 occurs inside e2. However,
by inspection of Figure 6.1a, it would seem that allocating the SWCs of domain 2 to e2 would lower the
busload even more, since more intra-domain signals are transmitted within this domain. On the other hand,
the sensors and actuators within domain 1 are more closely connected to e2 than the sensors and actuators
within domain 2 are, which makes the first mentioned allocation preferable. This demonstrates that finding
the best allocations of even a small-scale architecture is not an intuitive problem.

The current framework is rather limited by the static parameters presented in Table 5.1 and the input param-
eters used for scenarios 1 and 2. These parameters were chosen in order to generate as many architectures
with feasible allocations as possible, but even these scenarios cannot guarantee feasibility. Using different
parameters may either increase the risk of generating architectures where no feasible allocations exists, or
result in less interesting optimization problems. One future improvement of the generation framework can
be to ensure that architectures without feasible allocations cannot be generated. Some precautions, such as
switching highly loaded LIN buses to CAN buses, were taken in this work in order to remove apparent sources
of error, but these were not enough. In order to make this improvement, more thorough investigations of
the causes on infeasibility first need to be made and then solved accordingly. An alternative approach can
be to lower the amount of stochastic elements in the generation, and in that way have more control over
what is generated. However, such restrictions on the generation may lower the diversity between different
architectures, and alterations within the framework should be made with caution.

From an academic point of view, a framework for generating diverse architectures is valuable in order to
investigate and evaluate different optimization methods. The development of a universal framework, used for
both benchmarking and standardization, could greatly benefit the research field of optimization of software
allocation in vehicles.

7.4 Future work
A recurring topic in the discussions above has been the need to test and compare the implemented methods
with data from vehicle manufacturers. The inability to apply the developed optimization method to real-
world architectures makes it hard to evaluate the merit of this kind of study for industrial usage. Therefore,
future work could be to investigate possible methods for extracting data from vehicle manufactures in formats
suitable for optimization.

For the simulation environment, future work can be to develop more models of the dynamics within separate
components, similar to [14] for CAN buses and [27] for FlexRay buses. Such models can be used as assistance
when evaluating whether a software allocation is feasible, rather than serve as basis for optimization. If the
simulation environment is to be used for optimization, as a tool that evaluated entire automotive architectures,
the objective formulations have to be revised in order to assess the viability of compressing the multitude of
measurements into scalar values.

This work has mainly focused on the approximated Pareto-front obtained at the end of an optimization,
and only provided brief descriptions of the implications that these allocations have on the automotive ar-
chitecture. More extensive studies of the similarities and differences between these allocations, for example
analyzing whether some SWCs generally are allocated to certain ECUs, will alleviate the process of improving
the optimization method. To investigate the possible causes of the premature convergence, the allocations
can be studied during the course of an optimization, to understand what leads to local optima and which
countermeasures can be taken to avoid it. One solution can be to introduce a dynamic mutation rate, which
depends on the genetic diversity of the population.
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8
Conclusion

Pareto-fronts for vehicle software allocation have been approximated within both small-scale (17 SWCs and
4 ECUs) and large-scale (250 SWCs and 25 ECUs) artificial automotive architectures. By comparing the
approximated Pareto-fronts from 100 optimizations of 10 different small-scale architectures to the corre-
sponding true Pareto-fronts, an average hypervolume ratio of Hratio = 0.989 was obtained. It is shown that
the problem-adapted version of NSGA-II is able to find the true Pareto-front during 48% of these optimiza-
tions.

The 100 optimizations performed on 10 different large-scale architectures produce approximated Pareto-fronts
of varying quality, which indicate that the optimization method behaves inconsistently for larger architectures.
Furthermore, the optimization method was unable to obtain feasible allocations for five artificial architectures.
Comparisons with other optimization results indicate that these architectures do not possess any feasible
solutions, but it may instead be due to limitations of the optimization method.

Artificial automotive architectures have been generated through a developed framework, due to limited
availability of real data for automotive architectures. The difficulty in applying the optimization method
to real automotive architectures poses a problem when evaluating its industrial merit. The potential of
facilitating the software allocation at Volvo Cars, through the use of this method, thus currently appears to
be limited.
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