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In this paper, we consider the different performance parameters that
influence the scheduling of soft real time tasks on uni-processor systems.
This environment is rich of parameters that affect the rejection ratio of the
system. This work models such stochastic environment and proposes a
baseline model that estimates the rejection ratio of the system before
applying any special scheduling algorithm. The model presents many
cases where the system produces a small rejection ratio without the need
for any special scheduling algorithm. We validate our analytical model
with simulations that represent the real computing environment. The
results of our simulations show that our mathematical model can predict
the expected percentage of tasks that miss their deadline accurately.

1. INTRODUCTION

The distinguishing feature of real time systems is their attempt to achieve both logical
and temporal correctness of computation. A computation is temporally correct if it
finishes within a specified time frame. In this sense, all time constrained computer
applications require a real time computer system. There are two types of real time
computer systems, the hard real time and soft real time. Hard real time systems
consider tasks with stringent time constraints. Task deadlines are guaranteed by careful
but often complex system design and in many cases by using expensive specialized
hardware. On the other hand, there are the soft real time applications for which meeting
every task deadline causes poor utilization of the system resources. These applications
include digitized voice packets and banking transaction processing systems. A typical
requirement for such systems is to complete most of the tasks in the specified deadline.
Even in cases where end users have no deadlines, it is still highly desirable to make
applications more responsive to user timing requirements.

To maximize the number of real time tasks that can be processed without
timing violation, real time computer systems use sophisticated scheduling algorithms
to decide the order in which tasks are executed. A scheduling algorithm is said to be
feasible if the execution of each task can be completed before its deadline. In the
literature there are many scheduling algorithms for both hard and soft real time
applications. These algorithms are assumed to enhance the performance of the real
time computer systems. We have not seen any work that analyze such computing
environment and determines the performance parameters that influence the behavior of
such systems. We believe that those systems contain different application and system
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parameters that have a great impact on the number of tasks that meet their deadlines.
We discovered that there are many cases where we do not need any specialized
scheduling algorithms. The reminder of this paper is structured as follows. We first
review the related work. Next, we present our baseline model. The simulation results
are presented in Section 4. Finally, conclusions are given.

2. RELATED WORK

Given the enormous amount of literature available on scheduling, any survey can only
scratch the surface. Moreover, a large number of scheduling approaches are used upon
radically different assumptions making their comparison on a unified basis a rather
difficult task. In [3,14] there is a survey on the scheduling algorithms for hard real time
systems. In soft real-time processing, applications are allowed to miss deadlines,
particularly in situations of system overload. With respect to timing behavior, an
impressive amount of work has been carried out in the area of schedulability analysis
(e.g. [11, 1, 17]) focusing on worst case analysis. However, less work addresses the
analysis of systems with probabilistic behaviors. For soft real-time systems, it is
important to analyze the variations in the runtime behavior to determine the likelihood
of occurrence of certain undesired situations and, based on that, to dimension the
system. In [12] and [17] it is showed that the techniques proposed in this area are quite
restrictive. Some of them target certain application classes. Other approaches address
specific scheduling policies or assume highly-loaded systems.

Also, there is a number of soft real-time (SRT) scheduling mechanisms have
been proposed to support QoS requirements of multimedia applications. These
approaches typically integrate predictable CPU allocation (such as proportional sharing
[4, 5, 7, 8] and reservation [9, 15]) and real-time scheduling algorithms. Our model
distinguishes itself from the above approaches for two reasons: first our model assumes
that each task’s CPU demands is unknown, while others typically assume that the CPU
demands are known in advance. Second, our model considers the CPU speed as a
parameter in the model, while others implicitly assume a constant CPU speed. The
variable speed context brings challenges to SRT scheduling.

3. THE MODEL

Our analytical model is based on the following assumptions, Tasks interarrival
times are random variables that follows a Poisson distribution with mean
interarrival time 1 / A. Tasks execution times are random variables that are
exponentially distributed with mean service time 1 / . Associated with each task
is its deadline. Task deadline is assigned according to uniform distribution. The
uniform distribution over the range iS [Dmin, Dmax]. That is the task deadline falls in
between the minimum value Dy, and the maximum value Dg,. The probability
density function of the uniform distribution can be written as follows,
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0 X < Dmin
D(x) = % Dmin< x < Dmax
0

X > Dmax

Where, K = Diax = Dmin
The queueing discipline is First Come First Serve (FCFS). Tasks are independent.

In our study we focus on soft real time systems. In such systems, a primary
performance metric is to meet as many deadlines as possible. We assume that all the
tasks in the system are of equal importance. When the system starts working, it
receives a stream of tasks. The service time of a task is a random variable (unknown
value). Also, each task is associated with its deadline. When a task arrives to the
system, it joins waiting queue if the server is busy. If the server is not busy, it will start
executing the task. Assume that task i spends T; units of time in the system. Then T;
can be define as follows,

T = tiW + tiS 1)
Where t" is the time spent by task i waiting in the queue and t’is the time spent by

task i in the processor (server). Based in our assumptions, we will use the M/M/1
model. Consider a task with deadline d. The probability that it misses its deadline is
equal to the probability that it must wait in the server queue more than d units of time.
Assume that the waiting time reliability function is W(t),

W(t) := Probability that (t" >t) = Pr (t" >t)

Then the probability of a task i to miss its deadline d; is W(d;). To compute the
fraction of tasks that misses their deadlines MD (i.e., the expected probability of
missing a deadline), we must consider the distribution of the task deadlines and can be
expressed as follows,

MD = T D(X)W (x)dx (2)

The probability density function of the tasks deadline is assumed to be
uniform. Then we derive the reliability function of the tasks waiting time W(t). The
reliability function R(t) of the system time (the waiting time in the queue plus the
service time) is already known [10]. The reliability function R(t); is the probability that
a task will spend in the system time greater than t. R(t); is define as follows,

R(t), =Pr(, >t) =g #*" @)

Where p = %and is called the system utilization (the percentage of time the server is

busy). From equation (1) we can redefine R(t); as,
R(t), =Pr{. >t) =Pr(¢" +t’) > t) 4)

Sincet"and t’ are independent, then we can say that, R(t) is the convolution of the
reliability function of the waiting time the reliability function of service time.
R(t) =W (t) ® B(t) (5)
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where W(t) is the reliability function of the waiting time and B(t) is the reliability
function of service time. B(t) is known from our assumption and it is exponential,

B(t)=e#
Taking the Laplace transform for both sides of equation (5),
R(s) =W (s) * B(s)
p(l—p)+s 1+S
W (s) = d-p)(u+s) _ pl-p)+sl-p)
Hl=p)+s ull—p)+s
W (s) = [u(—p)+s]—ps

ul—p)+s
add and subtract p(1— p) to the above equation,

W(s) = =P)+9) — 5= ppl—p) + pil— p)
p(l—p)+s
W (s) = (ud—p)+5)— p(uld—p)+5)+ pdl— p)
ul—p)+s
W(S) — (ﬂ(l_p)+3)(1—p)+py(1_p)
ull—p)+s

W(s) =1 p)+ LHAL=P) (6)
ul—p)+s

From the transform of W(s) we conclude that W is with probability (1—p)
equal to zero, and with probability p equal to an exponential random variable with
parameter p(1—p). Taking the inverse Laplace transform to (6)

W(t) = pe*/t(lfp)t 7

Now we can substitute the above result in equation 2.

MD = [ DOOW (x)cx=[ - e ©
0 0
DTT'EX
MD =2 J’e—u(l—p)xdx
k Dn‘in
D= P [efy(l—p)Dmin _ g #(-P)Drx ] )
ku—p)

Equation 9 represents our mathematical model to compute the expected
fraction of tasks that miss their deadlines. This model includes the application
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parameters (the deadline distribution and the interarrival distribution) and the system
distribution (service distribution and the system utilization). Thus the model can be
tuned to the type of the system and the application that we examine.

One might say that this model is based only on the assumptions that we stated.
This model can be used even if some of the assumptions are not fulfilled. If the
deadline distribution is changed then we can recalculate the integration in equation 8.
Also, if the interarrival distribution or the service distribution is not exponential, we
can use the G/M/1, M/G/1 or G/G/1 model [10, 18]. In all cases our approach still
correct and can be applied. In Figure 1 we use our model to represent a specific system
with the following parameters,

Table 1
9 [8) Din Dimax
1 01t00.9 05 10.5

From Figure 1, the expected fraction of missed deadlines is less than 10%
when the system is 60% of the time busy. So, 90% of the tasks will be completed in the
specified deadline if the system is 60% of the time busy without using any special
scheduling algorithm. Also, 98% of the tasks will be completed in the specified
deadline if the system is 20% of the time busy without using any special scheduling
algorithm.

Percentage of Missed Deadlines Tasks
07 T T T T T
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04

WD

03}
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system utilization

Fig 1. The expected fraction of missed deadline tasks for the values in Table 1

We should know that all of the measurements made in many research centers
and universities indicate that in the worst case computing systems do not exceed 30%
busy (system utilization is less than 30%) [2, 6]. In next section, we validate our
analytical model with simulations that represent the real computing environment.



110 Ahmed M. Mohamed

4. SIMULATION

Now that we have derived the analytical model, we are ready to validate our model
using simulation of the real computing environment. The simulation we wrote is an
event driven simulation where each event corresponds to an epoch. In each epoch there
will be either a task arrival or a completed task leaves the system. We have carried out
an exhaustive set of simulation calculations over several parameters. Since the results
are consistent with each other we only present few here. Each simulation run includes
servicing 10,000 tasks. Each task is associated with its deadline. The deadline is a
random variable that is randomly chosen from a uniform distribution. The task service
time is also a random variable that is chosen from exponential distribution. Each
simulation run calculates the percentage of the missed deadline tasks for system
utilization (p) from 0.1 to 0.9. To have stable results, we use the average of 100
simulation runs.

The Fracrtion of Tasks that Miss Thier Deadlines
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Figure 2. The percentage of missed deadline tasks when the deadlines are chosen from
a uniform distribution with minimum value 0.5 and maximum value 10.5.

In Figure 2 we plot the percentage of missed deadline tasks for both the
mathematical model and simulation. The deadlines are chosen from a uniform
distribution with minimum value 0.5 and maximum value 10.5. These application
parameters are considered as moderate deadline tasks since the average deadline is five
units of time and the average interarrival times between tasks ranges from 10 time units
to 1.1 time units. As we mentioned earlier each point in the figure is the average of 100
simulation runs and each simulation run includes servicing 10,000 tasks. The worst
error between our model and the simulation is 1.47 % that occurred at (p = 0.6). At this
point our model predicted a missed deadline of 12.06% of the tasks where the
simulation results showed a missed deadline of 13.53 % of the tasks. The average error
between our model and the simulation is 0.859%.
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Figure 3. The fraction of missed deadline tasks when the deadlines are chosen from a
uniform distribution with minimum value 0.5 and maximum value 20.5.

In Figure 3, the deadlines are chosen from a uniform distribution with
minimum value 0.5 and maximum value 20.5. This system is considered as relaxed
deadline system since we fixed the average interarrival and average service times and
increased the average deadline to 11 time units. The worst error between our model
and the simulation is 1.04 % that occurred at (p = 0.7). At this point our model
predicted a missed deadline of 10.02% of the tasks where the simulation results
showed a missed deadline of 11.06 % of the tasks. The average error between our
model and the simulation is 0.633%.

In Figure 4, the deadlines are chosen from a uniform distribution with
minimum value 0.5 and maximum value 5.5. This system is considered as tight
deadline system since we fixed the average interarrival and average service times and
reduced the average deadline to 3 time units. The worst error between our model and
the simulation is 1.62 % that occurred at (p = 0.5). At this point our model predicted a
missed deadline of 14.3% of the tasks where the simulation results showed a missed
deadline of 15.92 % of the tasks. The average error between our model and the
simulation is 0.9789%.

In our simulation we considered three cases the tight deadline tasks, the
moderate deadline tasks and the relaxed deadline tasks. Also, our results show that it is
very important to study the computing system carefully before making the choice to
employ a complex scheduling algorithm for soft real time tasks. We showed that in
most of the cases the computing system can guarantee more than 90% of the tasks to be
executed in time less than their deadline.
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The Fracrtion of Tasks that Miss Thier Deadlines
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Figure 4. The fraction of missed deadline tasks when the deadlines are chosen from a
uniform distribution with minimum value 0.5 and maximum value 5.5.

5. CONCLUSION

The scheduling of soft real time tasks is an important problem these days especially
with the existence of many online applications (i.e., online banking, e-learning ,..,etc).
We have developed a mathematical baseline model for the scheduling of soft real time
tasks. The model includes the significant performance factors that affect the behavior
of the system. The model can calculate the average number of tasks that miss their
deadlines under a specific set of application and system parameters. We validated our
results with extensive simulations to the real computing environment. Different
application demands are considered, the tight deadline applications, the moderate
deadline applications and the relaxed deadline applications. The results that we
presented show two important results. First, the mathematical model can predict the
fraction of missed deadline tasks accurately. Second, it is important to examine the
system and application parameters carefully before applying any complex scheduling
algorithm or using very expensive resources.
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