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ABSTRACT
Modern vehicles possess an increasing number of software
and hardware components that are integrated in electronic
control units (ECUs). Finding an optimal allocation for
all components is a multi-objective optimisation problem,
since every valid allocation can be rated according to mul-
tiple objectives like costs, busload, weight, etc. Addition-
ally, several constraints mainly regarding the availability
of resources have to be considered. This paper introduces
a new extension to the well-known ant colony optimisa-
tion, which has been applied to the real-world problem de-
scribed above. Since it concerns a multi-objective opti-
misation problem, multiple ant colonies are employed. In
the course of this work, pheromone-updating strategies spe-
cialised on constraint-handling are developed. To reduce
the effort needed to adapt the algorithm to the optimisation
problem by tuning strategic parameters, self-adaptive mech-
anisms are established for most of them. Additionally, this
step also improves the algorithm’s convergence behaviour.

1. INTRODUCTION
Modern vehicles are provided with a great number of func-

tions. For the implementation of these functions both soft-
ware and hardware components are needed. During the de-
velopment of the vehicle these components have to be as-
signed to electronic control units (ECU ). Every valid as-
signment can be rated according to several quality criteria
like costs, weight, busload, and supplier complexity. Find-
ing an optimal assignment with respect to these criteria is
a very complex task and due to an increasing number of
functions almost impossible to handle manually. Therefore,
it is a great facilitation of the development process, if an
optimal mapping is computed automatically. As an impor-
tant part of this automation, the effort of adapting the opti-
misation algorithm to specific problem instances by tuning
strategy parameters ought to be reduced as far as possible.
To achieve this, several proposals from literature were taken
into consideration. After all, self-adaptation seemed to be
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the most promising option. This paper proposes a strategy
by which an optimal assignment of all used functions can be
found by the application of Self-Adaptive Ant Colony Opti-

misation (SAACO).
The article is organised as follows: Section 2 explains in

detail the multi-objective optimisation problem, on which
ACO is applied. Section 3 provides a brief overview of Ant
Colony Optimisation in general. The application of ACO
on the special problem at hand is described in Section 4.
All necessary adaptions and extensions to this optimisation
technique are introduced. Section 5 shows the results that
were obtained by the application of the new ACO strategy.
In section 6 the achieved results are discussed and a moti-
vation for further research is given.

2. ALLOCATION OF FUNCTIONS
IN VEHICLE NETWORKS

Every modern vehicle has a complex network of interact-
ing functions, composed of so-called software and hardware
components. These functions have to be assigned to ECUs.
On an ECU, hardware components like network interfaces,
power electronics, and pins are located, that allow the at-
tachment of sensors and actuators1. Microcontrollers pro-
vide resources like ROM/RAM and timers, on which the
assignment of software components is possible. The follow-
ing two sections take a closer look on the assignment of these
hardware and software components.

2.1 Allocation of Components
In the following we refer to components as an aggregation

of software and hardware components. This aggregation al-
lows to model the components, which depend on each other,
as single components. It is a common case that actuators
need power electronics directly connected on an ECU and
that driver software must be on the same ECU as well, due to
timing and/or safety requirements. In an early stage of the
development process, these components have to be mapped
to ECUs. For this purpose, several solutions are assessed
and compared. More formal, every solution s can be de-
fined as a set of q assignments a = {c → e}, since any of the
q components c has to be assigned to an ECU e. Therefore,
every solution is defined by s = {a1, a2, ..., aq}

T. Multiple

1We call all electronic components that are not inside the
ECU sensors and actuators. Sensors normally provide infor-
mation to the ECU (e. g. switches) and actuators normally
execute commands from the ECU (e. g. motors or bulbs),
see also [10].



objectives and constraints influence this decision, as will be
described in the following section.
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Figure 1: Schematic assembly of a solution

2.2 Objectives and Constraints
Several objectives have to be considered during the allo-

cation of functions. In this section a short overview of the
ones mostly used is given:

• The busload depends on the allocation of functions.
To reduce the overall busload, functions with a high
communication-rate can be located on the same net-
works or even on the same ECUs.

• Also the electrical consumption has to be considered.
In the state ignition off, several networked functions
are offered to the user, for example radio or hazard
lights. Mapping those components that have to be ac-
tive always, like e.g. theft protection, on a preferably
small number of ECUs can reduce the electrical con-
sumption.

• The next very important factor is costs. Costs can for
example be decreased by reducing the length of cables
in the wiring harness.

• Another objective to be considered is called supplier

complexity. For every component, a set of suppliers,
that is able to develop and produce it, is defined. For
a given allocation and a given ECU, the supplier com-
plexity is the minimum number of suppliers involved
in the development of the ECU. The problem of calcu-
lating this minimum number can be transformed into a
so-called set covering problem. Algorithms for solving
it are shown in [2]. As a global value for the objective
supplier complexity, we calculated the average of all
ECUs.

Furthermore, many pure constraints are involved in the
search for optimal mappings, for example the consumption
of memory, pins, timer, and space of the circuit on the ECU.

In addition, constraints that are objectives also have to
be considered. An example is busload, which is limited to
100 % or less. Often, the boundary is much lower, since
free capacity has to be reserved for additional functions that
are introduced in a later phase of the product life cycle of
the new car. Still busload is an objective, even if below
the boundary, since a lower busload gives more degrees of
freedom for the development of new functions in the future.

Not every new vehicle series demands a total redevelop-
ment of the whole system architecture. The addition of some

new functions is already a very demanding task. Considering
ten new functions for a new vehicle series and five possible
locations for each, already 510 = 9765625 possibilities for
the allocation exist, although constraints reduce this num-
ber significantly.

3. ANT COLONY OPTIMISATION
Ant Colony Optimisation is a modern optimisation tech-

nique based on the principle that real ants are able to find
the shortest paths between their nest and a food source [9].
This works on the basis of pheromones, some kind of bio-
chemical scent, which is left behind by the ants. Other ants
are attracted by these pheromones and always walk in the
direction with the highest pheromone concentration. This
natural behaviour was first adopted as an optimisation tech-
nique by Dorigo, Colorni and Maniezzo [3, 7]. Their Ant

System provides the foundation of the optimisation method
presented here.

3.1 General Approach
Virtual ants communicate with each other through

pheromones, just as real ants. The typical task of virtual
ants is finding the shortest path in a given graph. To each
edge of the graph a certain initial pheromone value is as-
signed representing the preference for choosing this edge.
One single ant builds a complete path by choosing one edge
after another according to the rule

pij =
τij

α ηij
β

∑
j∈N

τij
α ηij

β
. (1)

Here, τij refers to the pheromone value, ηij to the so-called
heuristic information, which is specific for the particular
problem, and N to the neighbourhood of node i. This
equation describes the probability for choosing edge ij when
starting from node i. The higher the values for pheromone
and heuristic information the higher is the probability for
choosing this edge. The weighting-parameters α and β ad-
just the influence of pheromone and heuristic information.

After having built a complete path, the pheromone values
are updated. First, all values are decreased by a certain per-
centage subject to the evaporation of natural pheromones.
This mechanism prevents the ants from settling on a cer-
tain path too fast. After evaporation has been taken into
account, the ants increase the pheromones according to spe-
cific rules. Either all ants update the edges of their paths
with an amount according to the length of their path or
only the ant(s) having found the shortest path(s) are al-
lowed to refresh the pheromone values. The intention there
is that the edges of good paths with lower lengths get higher
pheromone values so that they will be chosen again with a
high probability by following ants.

The new pheromone value at the time t +1 is determined
with

τij(t + 1) = ρτij(t) + ∆τij(t, t + 1), (2)

where ρ is a measure for the persistence of the pheromones.
The increment ∆τij(t, t + 1) is either a constant or depends
on the distance between the cities i and j.

When the pheromone updating has taken place, all ants
of the current generation die and new ants are created, that
will again look for the shortest paths but now referring to
new pheromone values. The idea of ACO lies in passing one



generation’s information to the next solely by means of the
pheromone values. After many generations have computed
paths, the solutions found ideally converge to the optimum
of the given problem.

So far, there has only been a global pheromone-update
after all paths have been computed. But there is also the
possibility to use a local pheromone-udpate each time an ant
moves from one node to another [6]. Thereby the pheromone
value of an edge is decreased when it has been chosen by an
ant. The idea of that strategy is similar to the evaporation:
ants of the following generations should not be affected too
strongly by paths that were already discovered. Instead,
they should be motivated to enter new, unexplored regions
of the search space.

3.2 ACO for Multi-Objectives
To be able to address multi-objective optimisation prob-

lems several extensions to ACO have been developed. The
most important one for this work uses multiple ant colonies
[11], one for each objective. All colonies possess their own
pheromone information, independent from each other. While
the ants search their paths in the graph, they only use the
pheromone information of their own colony. For achieving
an indirect communication between the colonies, all solu-
tions found are collected in a global set. Starting from this
superior set the current Pareto-front is determined. The
Pareto-front covers all solutions that aren’t dominated by
other solutions [5]. Since a multi-objective optimisation
problem doesn’t have one single optimal solution, the Pareto-
front is taken as the set of optimal solutions. The current
Pareto-front is then used for updating the pheromones of
the single colonies. Here the approach “update-by-origin” is
applied, which means that every solution in the Pareto-front
updates the pheromone values of its own colony.

3.3 Dynamic Parameter Adaptation
Convenient heuristic optimisation algorithms are sensitive

to the settings of their specific strategy parameters. The al-
gorithms’ convergence behaviour is mainly determined by
the setting of those parameters. The main purpose of pa-
rameter tuning for multi-objective optimisation would be
the gain of a trade-off between the algorithm’s convergence
rate and the diversity of the solutions it ends up with. Usu-
ally, multi-objective optimisation requires to have a choice
between a variety of single solutions. But, a high conver-
gence rate usually has a negative impact on the variety of
solutions, and vice versa. Heuristic algorithms that aim at
a high convergence rate tend to end up in local optima quite
early in the optimisation process, which is obviously not in-
tended. Therefore, tuning the parameters can be considered
as a very important part of applying an optimisation algo-
rithm to a problem instance. Unfortunately, the optimisa-
tion of the parameters itself can be as complex as the original
optimisation problem. Changing parameter values can cause
unintended side-effects to the optimisation process. Usually,
experienced users set those parameters in time-consuming
trial-and-error sessions. The main goal of dynamic param-
eter optimisation for the algorithm described in this paper
was reducing the effort needed for applying the algorithm
to the optimisation problem described above. According to
Eiben (see for example [1]), the following different methods
of parameter adaptation are available:

• Deterministic parameter control: Parameter values are

changed during the optimisation process, according to
predetermined rules.

• Adaptive parameter control: The way in which the pa-
rameter values are changed depends on feedback from
the optimisation process, the adaptation takes place
outside of the optimisation algorithm

• Self-adaptive parameter control: The optimisation of
the parameter values happens inside the optimisation
algorithm, the same mechanisms that are used to op-
timise the original problem are applied to the problem
of optimising the paramter values.

The main advantage of the adaptive and self-adaptive ver-
sions compared to the deterministic one is the ability to
dynamically react to changes in the problem instance’s re-
quirements to the parameter values. After all, self-adaptive
parameter control seemed the most promising option, as it
enables to reduce the effort of parameter tuning, as well as
it makes the algorithm more robust because of the ability to
react to changes in the optimisation process. Literature pro-
vides sparse information on parameter tuning for ant colony
optimisation. Pilat and White [12] suggest a hybrid imple-
mentation, combining a genetic algorithm with ant colony
optimisation, where the genetic algorithm optimises the pa-
rameter values of the underlying ant colony optimisation.
The main disadvantage of this option would be the addi-
tional burden that the genetic algorithm generates, so this
method was not taken into consideration. Gaertner et al. [8]
propose a comparable hybrid of genetic algorithm and ant
colony optimisation, which also was rejected for the same
reason as above. Randall [13] presents a promising proposal
regarding self-adaptive ant colony optimisation. However,
it has to be adapted to handle multi-objective optimisation
problems properly. Mainly, the self-adaptive extension de-
scribed in this paper is based on the concepts described in
[13]. For the enhancements of SAACO regarding the pa-
rameter optimization, see section 4.4.
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Figure 2: Hierarchy of self-adaptive ACO

4. ACO FOR ALLOCATION OF
FUNCTIONS IN VEHICLE NETWORKS

The Ant Colony Optimisation Technique was applied on
the problem of allocating functions in vehicle networks. The
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Figure 3: Example for pheromone matrix (left) and
correlation matrix (right) for three components and
four ECUs

following sections describe, which adaptions and extensions
had to be made in order to optimise multiple objectives and
handle constraints.

4.1 Correlation Matrix
The first and most important step is finding a suitable rep-

resentation for the pheromone information. A straightfor-
ward approach is using a two-dimensional pheromone matrix
with columns representing components and rows represent-
ing ECUs. The values in the matrix show the desirability for
mapping one component to a special ECU. But the draw-
back of this design is that dependencies between components
cannot be displayed. The two-dimensional matrix can only
store the preferences for mapping single components onto
certain ECUs, whereas relations between components can-
not be taken into account. For this reason an additional
correlation matrix is introduced. The correlation matrix is
also a two-dimensional matrix, but with columns and rows
representing components. The values indicate the desirabil-
ity of mapping two components together on one ECU.

Figure 3 shows an example of the pheromone and the
correlation matrices for three components and four ECUs.

The probability pc,e for chosing a certain ECU e as allo-
cation target for a component c, can be determined by

pc,e =

τc,e

∏

∀γ∈γ̄′

γ

∑

∀c

τc,e

∏

∀γ∈γ̄′

γ
, (3)

where γ̄′ contains all γc1,c2 where c1 = c and c2 is already
allocated on e.

4.2 Applying Multiple Colonies
The function allocation problem is a multi-objective opti-

misation problem. As shown in section 3.2, there are meth-
ods for handling multiple objectives in ACO. The algorithm
shown here is based on the work published in [11]. Sev-
eral colonies are created, but not necessarily one for each
objective. The number of colonies is parametrisable.

Figure 2 shows the hierarchy of different groups of ants.
The different groups of ants form a hierarchy. The low-
est rank is taken by the ant itself. Its task is to generate
a complete solution. Using the pheromone and correlation
matrices of its colony it allocates all components to a specific
ECU. The ant colony is the superior group of ants. It con-
trols the individual ants and administrates the pheromone
and correlation values. At the highest level, the ant popula-

tion is found. It collects the generated solutions, evaluates
and compares them and controls the update of the matri-

ces. The ant population stores the best solutions in a global

solution set. The definition of what the best solutions are,
is given below.

4.3 Strategies for Pheromone Updating
and Constraint-Handling

It has already been described above that the pheromone
values are updated everytime a generation of ants has com-
puted their solutions. The first step that has to be per-
formed is called evaporation. The evaporation reduces the
pheromone and correlation values by a certain configurable
percentage.

This approach realises the strategy that only the best ants
are allowed to map their information onto the pheromone
values. It has already been said that a multi-objective prob-
lem doesn’t have one single best solution but rather a set of
optimal solutions which can be referred to as Pareto-front.
Since the problem at hand also has several constraints that
have to be fulfilled, it doesn’t suffice to use the Pareto-
solutions for updating. It turned out to provide good results,
if solutions were taken into account, that do not violate any
constraints.

Besides the best solutions of all generations so far are
collected in a global set, which is used for refreshing the
pheromone values too. So it is assured that good informa-
tion cannot get lost again. In fact, there are three solution
sets which are used for updating: the Pareto-solutions of the
current generation, the feasible solutions of the current gen-
eration and the solutions contained in the global set. The
amount by which the pheromones are increased can be con-
figured by the user.
This update process can be rewritten as

τc,e(t + 1) = (1 − pPER)τc,e(t)

+ ∆τc,e(t, t + 1) (4)

and

γc1,c2(t + 1) = (1 − pCER)γc1,c2(t)

+ ∆γc1,c2(t, t + 1), (5)

where τc,e(t) denotes the ”old” pheromone value at the time
t. The parameter pPER describes the amount of evaporation
and ∆τc,e(t, t + 1) refers to the increment of the pheromone
value. The correlation values are updated analogously (see
equation 5).

The values ∆τc,e and ∆γc1,c2 in equation 4 and equation
5 are determined at any time by

∆τc,e = pUGSp(c → e, s̄g)

+ pULFp(c → e, s̄f )

+ pULNp(c → e, s̄n) (6)

and

∆γc1,c2 = pUGSp(c1, c2, s̄g)

+ pULFp(c1, c2, s̄f )

+ pULNp(c1, c2, s̄n), (7)

where p(c → e, s̄) denotes the probability that c is allocated
to e in a solution set s̄ and p(c1, c2, s̄) the probability that
c1 and c2 are allocated to the same ECU. The parameters
pUGS, pULF, pULN are adjustable by the user and determine
the influence of the three solution sets (g - global, f - feasible,



n - non-dominated). The same holds for the parameters in
equation 7 concerning the correlation.

The last important decision is the usage of the update-

by-step algorithm. The update-by-step algorithm decreases
the value in the matrices every time an ant has mapped a
component to an ECU. This way, the following ants will less
likely follow the same path and the probability for exploring
new regions of the search space is higher.

The global solution set also has to be updated in every
generation. For this purpose, all the solutions of the cur-
rent generation are added to the ”old” global set. Then the
size of the set is reduced again with a special truncation
operator. This operator is based on a dominance relation
developed especially for constraint-handling [4]. If there are
only invalid solutions in the ”new” global set, the trunca-
tion operator removes the solutions that have the strongest
constraint violations. If there are valid solutions, but their
number is smaller than the configured size of the global set,
the set is filled with ”good” invalid solutions. If there are
more valid solutions than needed, the best solutions accord-
ing to the second criterion are kept. With this strategy the
solutions that do not violate any constraints have a great
influence on the udpate process of the matrices and thus
the search of the ants is forced towards valid regions of the
search space.

4.4 Self-Adaptive Parameters
The implementation of ant colony optimisation described

above relies on the following ten different parameters:

• The exploitation random parameter, which denotes the
probability that the next step in constructing the tour
is made without taking the pheromone values into ac-
count

• The parameter colonies per objective

• The subpopulation factor, which determines the num-
ber of ants per colony

• The pheromone evaporation rate, that means the amount
by which the values in the pheromone matrix are de-
creased in the evaporation phase

• The correlation evaporation rate, which means the same
for the correlation matrix

• The population size factor, that determines the size of
the global solution set

• The local, global and pareto update factor, which de-
note the amount by which the pheromone and cor-
relation values are increased when the update of the
matrices is performed

• The update by step factor, by which the pheromone
values are decreased right after constructing a tour, as
described above

With the self-adaptive enhancements to the original ACO
described in this work, seven of the parameters described
above no longer need to be tuned by the user. It seemed not
very promising to tune the parameters subpopulation factor,
colonies per objective, and population size factor dynami-
cally, so they still need configuration. The other parame-
ters now are completely self-adaptive, and initialized by the

Parameter lb ub

Update local 0.0005 0.01
Update pareto 0.0005 0.01
Update global 0.0005 0.01

Exploitation random 0.05 0.15
Update by step 0.9 1.0

Pheromone evaporation 0.03 0.07
Correlation evaporation 0.08 0.16

Figure 4: Parameter ranges

p1 p2 p3 . . . pi

s1 πp1,s1
πp2,s1

πp3,s1
. . . πpi,s1

s2 πp1,s2
πp2,s2

πp3,s2
. . . πpi,s2

s3 πp1,s3
πp2,s3

πp3,s3
. . . πpi,s3

. . . . . . . . . . . . . . . . . .
sg πp1,sg πp2,sg πp3,sg . . . πpi,sg

Figure 5: Example for paramter matrix

mean value of their ranges. Therefore, there is no longer the
need to consider the correct setting of those values when
applying the optimisation algorithm. In order to apply the
algorithms optimisation mechanisms to its own parameter
values, an appropriate representation of the parameter in-
formation is needed. The pheromone matrix and the corre-
lation matrix shown above are used to store the information
on how function allocation should happen. Therefore, the
values in each matrix represent probabilities for mapping
components to ECUs. Using a comparable mechanism for
representing parameter values, an additional matrix, the pa-

rameter matrix, is introduced. It provides information for
mapping possible parameter values to the specific parame-
ters. Figure 5 shows an example for a parameter matrix. As
proposed in [13], ranges for the parameters are introduced,
and, determined by a granularity value G, those ranges are
split into several intervals. The lines of the matrix (sg) now
show the possible steps for the parameters which are repre-
sented by the columns (pi).

The parameter ranges used for specifying the intervals
that are represented in the parameter matrix were found em-
pirically, starting with the boundaries of the values used for
the Robust Design method [14]. Bit by bit, the boundaries
of the ranges were expanded, until a set of useful intervals
was found (see table 4, where lb means the lower boundary,
and ub the upper boundary of the parameter range).

Before the ants build tours through the pheromone and
correlation matrices, they also build a tour through the
parameter matrix. The same strategies for updating the
pheromone in the first two matrices are used for updating
the paramter matrix. Therefore, only little additional bur-
den is added to the optimisation process.

The parameter values used by the optimisation algorithm
now are computed by equation 8, where pi denotes the pa-
rameter, v(pi) the value of the parameter, ti the step in the
parameter matrix, G the granularity, l(pi) the lower and
u(pi) the upper boundary of the parameter’s range.

v(pi) = l(pi) +
ti

G
(u(pi − l(pi))) (8)

To completely avoid the effort for configuring parameter
values, the parameters are initialized by the midpoint of



their ranges.

5. RESULTS
The optimisation technique introduced here was applied

to the following real-world example: a total of 23 compo-
nents modeling the functions keyless entry, central door lock-

ing, direction indication and exterior light have to be allo-
cated to 5 ECUs optimising the objectives costs, busload,
electrical energy consumption and supplier complexity. Ad-
ditionally, constraints regarding the memory and space re-
sources must not be violated. In this example only 0.002 %
of all possible solutions are valid.

As can be seen in the previous section the Ant Colony
Optimisation technique uses several parameters, that have
to be adjusted correctly to achieve optimal results. For eval-
uating the self-adaptive enhancements that were described
in section 4.4, the results were compared to static parame-
ter settings determined by Taguchi’s Robust Design method
[14].

To point out the advantages of applying self-adaptive ACO
to the optimisation problem described above, the results ob-
tained during the optimisation were compared with those
of a variation of the SPEA2, a well-known multi-objective
evolutionary algorithm [15] (as well as an extended, self-
adaptive implementation variant of SPEA2 ). For each op-
timisation algorithm twenty test runs were performed. As
a termination condition the number of objective evaluations
was employed. The results are rated according to the so-
called hypervolume, which is a measure for evaluating the
quality of Pareto-fronts introduced in [16]. The lower the
hypervolume values, the better the solution set. To compare
the different optimisation algorithms regarding the diversity
of the produced solutions, boxplots (as you can see in figure
8 and 10) are used. Here, the box contains 50% of the re-
sults, 25% reside above the upper horizontal boundary, and
the other 25% below the lower horizontal line. The vertical
lines represent the peak values. So, the flatter the box is, the
lower is the diversity of the generated hypervolumes. The
horizontal line inside of the box denotes the median of the
corresponding results.

Figure 6 shows the comparison of the variants of both
algorithms with static parameters.
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Figure 6: Comparison of the results obtained with
ACO and SPEA2

In figure 7, SAACO is compared to its static predeces-

sor. Obviously, the self-adaptive extension results in a better
convergence rate from the very beginning of the optimisation
process.
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Additionally, figure 8 shows a comparison of the distri-
bution of the self-adaptive ACO and the static one. Not
only the convergence rate, but also the distribution of the
different results is improved by introducing self-adaptation.
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Figure 8: Comparison of the distribution of results
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To compare SAACO, the evolutionary algorithm based
on SPEA2 was extended with self-adaptive parameters as
well. The results of the self-adaptive variant compared to
the static one is shown in figure 9. At the beginning of
the optimisation process, the self-adaptive algorithm per-
forms worse than the static one. This is due to the addi-
tional effort it takes the algorithm to find optimal parame-
ter values. One of its parameters, the mutationrate, has a
comparatively high parameter range, which levels off after
few thousand evaluations. Here also, the distribution of the
different results of each optimisation process is compared
for the static and the self-adaptive algorithm, see figure 10.
Finally, figure 13 shows a comparison of SAACO and SAEA.
For the corresponding boxplot, see figure 14 As can be seen,
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Figure 9: Comparison of the results obtained with
EA and SAEA
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Figure 10: Comparison of the distribution of results
obtained with EA and SAEA

SAACO performs considerably better than SAEA through-
out the whole optimisation process.

To provide a comprehensive overview of the advantages
of the self-adaptive extensions, table 11 shows the absolute
hypervolume values produced by the different optimisation
algorithms, and table 12 shows the proportion of the hyper-
volume values compared to each other. As can be seen from
the values in both tables, all the algorithms perform better
than the static EA, as well as they are all outperformed by
the SAEA.

6. CONCLUSION
In this paper a new variant of the Ant Colony Optimi-

Algorithm Middle hypervolume value

EA 0.42612
ACO 0.41992

SAEA 0.41532
SAACO 0.40469

Figure 11: Hypervolume values produced by the dif-
ferent optimisation algorithms

EA ACO SAEA SAACO

EA 1.0 1.015 1.026 1.053
ACO 0.985 1.0 1.011 1.038

SAEA 0.975 0.989 1.0 1.026
SAACO 0.950 0.964 0.974 1.0

Figure 12: Improvements of self-adaptive extensions
compared to original algorithm variants
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Figure 13: Comparison of the results obtained with
SAACO and SAEA

sation technique is introduced. Particular work is done for
adapting this method to multi-objective optimisation prob-
lems with constraints. The optimisation technique devel-
oped here is applied to a complex real-world problem, the
allocation of software and hardware components to ECUs in
vehicles. The results show that the ACO technique is quali-
tatively equivalent to other optimisation techniques like the
tested variant of SPEA2. Additionally, self-adaptive param-
eters for both optimisation algorithms have been introduced,
which results in better performance, considering the conver-
gence rate as well as the diversity of the different results.
So far, heuristic information has not been used in this ACO
variant. By defining reasonable heuristic information the
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Figure 14: Comparison of the distribution of results
obtained with SAACO and SAEA



technique could be adapted to the problem at hand even bet-
ter. In addition, a combination with local search techniques
for improving the results even further might be considered.
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