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Abstract

Modern real-time systems have become increasingly
complex since they have been required to operate in modern
architectures and environments with high level of temporal
uncertainty, where the actual execution demand is deter-
mined only during execution and is valid only for a given
period of time. Thus such systems require both temporal
isolation and dynamic reconfiguration. In this paper we
deal with both these requirements. By assuming that the
system is structured such that there are several modes of
operation to be chosen at runtime, we formulate a reconfig-
uration problem. Temporal isolation is ensured by CBS. A
solution to the reconfiguration problem is based on Genetic
Algorithms, which provide the graceful adaption of the sys-
tem so that it copes with new demands of the environment.
The proposed solution is evaluated by simulation and the
results found show the suitability of the approach.

1 Introduction

The design of real-time systems has become increas-
ingly complex. Modern hardware and software architec-
tures and/or the support to open environments, for exam-
ple, make it difficult or even impossible to estimate task
worst-case execution times accurately [13]. A usual way
of dealing with this problem is by providingtemporal iso-
lation in the system. Indeed, if a certain task runs more than
what was expected, the effect of this timing fault should not
propagate to other application tasks. There are several ap-
proaches to temporal isolation and for EDF-scheduled sys-
tems the Constant Bandwidth Server (CBS) has received
special attention recently [1, 9, 5, 4].

Although temporal isolation is an important aspect, for
certain kinds of modern applications, the system should also
provide support fordynamic reconfiguration. Indeed, mod-
ern systems may be structured so that their tasks have one or
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more modes of operation. For example, a control task can
execute one among several control functions and/or with
one among several sampling periods previously set. In other
words, a task that has more than one operation mode may
have alternative pieces of code to execute or alternative re-
lease periods. Assuming that each operation mode gives a
different benefit for the system, the problem is then to se-
lect, at runtime, the set of task modes that maximizes the
system benefit subject to the system schedulability.

Applications such as autonomous mobile robots, which
embed several complex functions into off-the-shelf com-
plex hardware components, are among those that require
support to both temporal isolation and dynamic reconfigu-
ration. For example, the robot computer vision subsystem
may experiment different operational modes due to environ-
ment changes. Light conditions, obstacles, vision angle and
other unpredictable environmental characteristics may gen-
erate strong variation on execution times of vision subsys-
tem tasks. Also, modifications in the robot goals during its
lifetime may well require dynamic reconfiguration. Further
timing faults in one of the system components, even dur-
ing reconfiguration, should not jeopardize the system per-
formance as a whole.

Some approaches to dynamic reconfiguration have been
proposed. For example, Feedback Scheduling (FS) [11],
based on control theory, treats the system scheduling as a
control plant and uses a controller to adjust the scheduling
parameters at runtime. This approach offers no temporal
isolation. FS-CBS [14] uses FS. It is assumed that the sys-
tem is composed of Model Predictive Control (MPC) tasks
served by CBS. Although this approach provides temporal
isolation, its applicability is restricted to MPC tasks. Fur-
ther, FS-CBS does not deal with reconfiguration of server
periods. Other approaches aim at providing server capacity
sharing mechanisms [4, 5, 9]. However, they do not provide
dynamic reconfiguration. If a system has no idle time, for
example, there is no slack time to be shared.

In this paper we deal with dynamic reconfiguration in a
new and challenging scenario, as will be seen in Section 2.
Temporal isolation is ensured by the use of CBS. Differ-



ent server modes are previously defined, each one giving a
benefit for the system. Dynamically reconfiguring the sys-
tem is then seen as choosing the operation modes of each
server so that the system benefit is maximized. Clearly, this
is a reasonably complex optimization problem, which may
require too much computational resources to be solved on-
line. However, as will be explained in Section 3, instead of
searching for the optimal solution, the approach provided
here is capable of progressively reconfiguring the system
toward the optimal solution. To do that, we use Genetic Al-
gorithms (GA). The results of experiments, given in Section
4, highlight the suitability of the described approach for the
kind of system we are considering. Final comments on this
work and on the challenges it brings about are given in Sec-
tion 5.

2 System Model and Problem Definition

We are considering a system with one processor sup-
porting n Constant Bandwidth Servers (CBS) [1]S =
{S1, S2, ..., Sn} that are scheduled by the Earliest Deadline
First algorithm (EDF) [10]. Each serverSi ∈ S hasκ(i) ≥
1 operation modes and we denoteKi = {1, 2, . . . , κ(i)}.
The k-th operation mode ofSi is denoted by the tuple
(Qik, Tik), whereQik represents the server mode capac-
ity andTik is its period. Thus, each serverSi operating in
modek has a maximum processor utilizationUik = Qik

Tik
. In

other words, the system allocates, to each task served bySi,
a constant bandwidth defined byUik so that temporal iso-
lation is ensured [1]. As the system is scheduled by EDF,
it is possible to use 100% of processor resources. Clearly,
by the CBS schedulability properties [1], if the parameters
Qik andTik are appropriately set for each server, tasks meet
their deadlines or have an acceptable lateness (in case of soft
tasks) provided that there are no timing faults.

We assume that the system may require that prede-
fined values ofQik and Tik are assigned to each server
Si at runtime so that the system can adapt or switch it-
self to attend to new demands by means of dynamic re-
configuration. This is performed by a system call, say
reconfig(U1k1

, v1, U2k2
, v2, . . . , Unkn

, vn), whereUiki
is

the new desired processor utilization for serverSi andvi is
the associated benefit to this new configuration. Thus, if the
system can allocate at leastUiki

for serverSi, there will be
a benefitvi for the system. Without loss of generality, we
assume that the benefit function associated toSi running in
modek is defined by

Aik(Uiki
, ui, vi) =

min(ui, Uiki
)

Uiki

vi , (1)

whereui represents the processor utilization effectively al-
located toSi. Other benefit functions are possible and we

do not impose any restriction on them. Interesting discus-
sion on benefit functions can be found elsewhere [3] and is
beyond the scope of this paper. The benefitsvi are defined
by the application when it uses thereconfig system call.

The execution ofreconfig solves the optimization
problemR defined as follows:

R : f = Maximize
∑

Si∈S

∑

k∈Ki

Aikxik (2a)

∑

Si∈S

∑

k∈Ki

Uikxik ≤ 1 (2b)

Uik =
Qik

Tik

(2c)
∑

k∈Ki

xik = 1, Si ∈ S (2d)

xik ∈ {0, 1}, Si ∈ S, k ∈ Ki (2e)

Equation (2a) defines the objective function, which is
based on equation (1). Variablexik, defined by equation
(2e), represents the choice of one of theκ(i) server opera-
tion modes ofSi. Only one configuration must be selected
byreconfig, which is ensured by equation (2d). Restric-
tion (2b) guarantees the schedulability ofS according to the
EDF policy.

It is not difficult to see that the classical knapsack prob-
lem can be reduced toR and so it is aNP −Hard problem.
One can solveR by using some standard optimization tech-
niques. In particular, we have used dynamic programming
to get optimal results, which will be used to assess our GA-
based reconfiguration approach, as will be seen in Section
4. There is a recursive formulation forR which leads to
a solution via dynamic programming, which is not shown
here for the sake of space.

3 GA-Based Dynamic Reconfiguration

In this section we explain how the reconfiguration pro-
cedure was set up. The parameters of the procedure were
empirically adjusted using an example of 10 servers with
15 operation modes each. The fitness function is given by
equation (2a). The individuals (represented by their chro-
mosomes) that have the highest value returned by the fitness
function represent an optimal solution for the problem. In
the context of problemR, a solution can be defined by a list
(k1, k2, . . . , kn), whereki ∈ Ki. Let κ∗ = maxn

i=1
κ(i).

Thus, a binary encoding [12] can be used so thatdn log
2
κ∗e

bits are needed to represent a possible solution (an individ-
ual). For example, a system with 10 servers each of which
with 15 operation modes would require a 40-bit chromo-
some.

At the start of thereconfig procedure, we set the
initial population by randomly generating5n individuals.



These initial parameters are based on the De Jong’s test
suite [8] with a few adjustments. At each iteration of the al-
gorithm a new population is generated from the current pop-
ulation. To do that, the operations of selection, crossover,
mutation and migration are performed:

Selection. First, the individuals are ordered according to
their fitness values. Two of them (the best fit ones)
are selected by elitism [8] and copied to the new pop-
ulation. Selection probability values are assigned to
the othern − 2 individuals by the stochastic uniform
method [2] according to their fitness values.

Crossover. The crossover operation is carried out
⌊

5n−2

4

⌋

times to generate 50% of remaining offsprings. Each
operation combines two individuals of the current pop-
ulation, generating two new offsprings to be added in
the new population.

Mutation. This operation is carried out for
⌊

5n−2

2

⌋

se-
lected individuals, following some usual recomenda-
tions [12]. Each selected individual can have its bits
changed with a probability of 0.1 per bit. The new
generated individuals after mutation are added to the
new population.

Migration. We have divided our population into two sub-
populations of5n

2
individuals each. Then the 20%

best-fit individuals from each subpopulation are cloned
and they replace the 20% worst-fit individuals of the
other subpopulation. This migration operation [6]
takes place every 10 generations.

4 Assessment

We implemented the GA-based reconfiguration using
Matlab/Simulink and the TrueTime toolbox [7]. We sim-
ulated 100 systems and the results presented below corre-
spond to the average values found for these systems. Each
simulated system had 10 servers with 15 operation modes
each. The server parameters were randomly generated as
follows. First, the values ofUik andQik for all Si ∈ S

were generated according to a uniform distribution in the
interval (0, 0.2] and [10, 100], respectively. Time is mea-
sured in time units (tu).

The first evaluated parameter was the average perfor-
mance ratio (APR) achieved by the proposed approach.
APR is defined here as1

m

∑m

j=1

Vj

OPTj
, wherem = 100 is

the number of simulated systems,Vj is the value achieved
by the proposed approach as for the simulated systemj and
OPTj is its optimum value given by a dynamic program-
ming based solution (as said before, not shown here). As
can be seen from Table 1, the APR achieved by the proposed
approach gives very good results, which lies very close to

Generations APR Std. Dev. Av. Exec. Time (tu)

10 0.74 0.02 73.13

25 0.76 0.02 162.45

50 0.77 0.02 311.97

100 0.78 0.01 610.22

250 0.79 0.01 1505.70

500 0.79 0.01 3001.63

1000 0.79 0.01 6016.20

Table 1. Performance ratio.

80% to the optimum value. It is interesting to note that the
performance ratio does not change significantly as a func-
tion of the number of generations used to reconfigure the
system, indicating a rapid convergence of the reconfigura-
tion mechanism. As can be observed, satisfatory solutions
can be found using as few as 10 generations at the expense
of about 73 tu.

We have set up a simulation experiment as follows. A
specific server with a single mode, given by(20, 100), was
added to the system and reserved for carrying out the recon-
figuration. This means that the other 10 servers have now
80% of processor resources available. During the simula-
tion, the average performance ratio was measured for 100
simulated systems. The time interval of observation cor-
responds to the first 100 activations of the reconfiguration
server after the time thereconfig system call is called.
Each reconfiguration server instance manages to deal with
3.44 generations on average. The average values for all sys-
tems are shown in Figure 1. As can be seen, there is a
fast convergence of the reconfiguration mechanism. More
than 72% to the optimum is achieved after the third in-
stance of the reconfiguration server while 76% is reached
after its 15th instance. However, the reconfiguration pro-
cedure tends to converge to some local optimum. As we
managed to set up the GA parameters so that the global op-
timum was reached for some specific simulated systems, we
believe that the local optimum convergence is due to the fact
that the GA parameters used are not suitable for all simu-
lated systems, since they were generated at random. This
suggests that a more systematic approach to setting up such
parameters is needed.

It is important to emphasize the adaptive nature of the
proposed approach. While each reconfiguration instance is
able to manage only a few generations, it is producing par-
tial results. For example, when the third instance of the
server finishes executing, it gives 72% of APR. This partial
solution can be immediatelly used and is progressively im-
proved as long as the reconfiguration server is running. In
the case of this simulation, 80 time units on average were
needed to process the three first instances of the server. The
15th instance finishes after 1190 time units. It is also worth
mentioning that we did not address the problem of mode
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Figure 1. Average performance ratio growth.

change necessary to pass from one configuration to another.

5 Conclusions

We have described an approach to dynamic reconfigu-
ration of real-time systems structured as a set of Constant
Bandwidth Servers each of which can operate in one of the
previously defined modes. Using a specific objective func-
tion, we have formulated a specific reconfiguration prob-
lem. We have shown that approximate solutions to this
problem can be found in an effective way by using Genetic
Algorithms. The described approach is evaluated by sim-
ulation and the results found have indicated the suitability
of the described approach. For example, the proposed ap-
proach can be used for gradually adapting the system to en-
vironment changes. This is particularly interesting to deal
with modern real-time systems operating in environments
with high level of uncertainty.

Most parameters used in the reconfiguration approach
were defined empirically. It would be interesting to derive
mechanisms to adjust such parameters in a mechanized way
by using, for instance, Neural Networks. More complex ob-
jective functions can also be investigated. For example, one
may be interested in considering parameters such as late-
ness, deadline miss ratio, etc., which will give rise to multi-
objective optimization problems. Another challenging goal
would be to design self-adjustable scheduling policies so
that the system itself decides when to carry out reconfigura-
tions. Certainly, these and other research topics can use the
proposed approach as a starting point.
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