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Abstract— Quiality-of-Service (QoS) techniques improve sys- in real-time with significant control system performance
tem performance by allocating resources to the applicatios improvement.
that will provide the most benefit. In this paper we describe We have implemented our QoS management system in

how to employ QoS techniques to improve the performance of - X .
concurrently executing control applications. We present esults the Rate-Based Earliest Deadline (RBED) integrated real-

from a real implementation that show that these techniques time system [1]. The QoS system bases its resource allo-
can reduce control system error by more than 20% compared cation decisions offieedbackabout the application perfor-

to a non-adaptive control system on the same sequence of mance. In this case, the feedback is a direct specification
randomly generated control system perturbations. ~_ of control system performance. Apart from monitoring re-

~ Keywords: real-time systems, control theory, optimiza-g,rces (as QoS managers usually do), it monitors whether
tion, quality of service each controlled system is affected by perturbations inrorde
to reassign resources accordingly, adapting resourcéseto t
dynamically determined applicatiaeal needs.

Control systems performance optimization is a discipline” gyr control applications are capable of running at dif-
that belongsy defaultto optimal control theory. Optimal farent rates with time-varying resource allocations (ag-su
control deals with the design of admissible control |aW5gested in [2] and [3]), providing greater benefit when
satisfying constraints on the states and inputs, that @p#im giyen more resources. The performance delivered by these
a criterion (in the form of a performance index), for acjassically designed controllers is simply improved by the
given process. As we show in this paper, if weom out yn.time resource allocator because the controllers geemo
from the process level to the system level, optimization gfesources exactly when they need it the most, i.e. when they
control systems performance becomes a discipline that alggs experiencing the greatest error.

belongs_ to real-time systems theory, specifically to Qualit  \ye discuss our implementation of both the QoS system
of-Service (Qo0S). and the controllers and present experiments demonstrat-
The system we consider is a multitasking real-time sysng hoth the feasibility and the benefits of this approach.
tem where a set of controllers share a CPU. Due to resourggs compare several different resource allocation policies
limitations, the controllers cannot all execute at the SaM@cluding an optimal policy and characterize their perfor-
time with the highest rate, i.e., providing the best possiblmance in terms of performance of the control systems. Fi-

control performance equivalent to what they would provideajly, we discusgrosandconsof the presented framework.
if they were running alone on the CPU. In order to optimize

the performance delivered by this set of controllers we yappl Il. RELATED WORK

soft and adaptive real-time QoS techniques to dynamically Optimization of control systems performance subject to
reallocate resources to the controllers that need them th&source constraints has been examined before. Seto et
most, i.e., those with the greatest error. If we considef|. [4] optimized task frequencies at the design stage in
system outputs to be the performance provided by the set gfder to minimize a control performance index defined over
controllers, the main goal of the QoS framework becomege task set. Rehbinder and Sanfridson [5] proposed an off-
the optimization of control systems performance. line scheduling method based on optimal control theory.
Just as the high computational requirements posed by oRone of the previous work has examined run-time adaptive
timal control problems sometimes limit their applicalyilit QoS management for optimal control system performance,
QoS optimization can sometimes be prohibitively expensivgs we do.
or even Computationally infeasible. However, in this case w Different approaches to runtime control performance and
find that QoS optimization can feasibly be accomplishegasource allocation optimization have also been examined
This work was supported in part by Intel Incorporation befpre. Shin.and Meissne.r [6] presented a resource allo-
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I. INTRODUCTION



optimize control performance and enhance schedulabiligpplications to switch among multiple discrete algorithms
using server approaches. Cervin et al. [8], proposed @epending on their needs and the system load to meet the
scheduling architecture for real-time control tasks wherapplication goals. We have extended this model to include
the scheduler uses feedback from execution time measumsntinuous QoS support by allowing each application to
ments and feedforward from workload changes to adjust thepecify a function that relates its resource usage to the
sampling periods of the control tasks so that the combindaknefit it provides. In previous implementations, the bénefi
performance of the controllers is optimized. However, nonspecification of the applications has been static. In our
of the previous work uses feedback from the control applieurrent implementation, our resource allocator re-sctiles
cation in order to reassign resources as we do. application benefits according to the application dynamics
The resource allocation policies for control tasks thaand analyzes how to optimize the global benefit to deter-
we present in this paper, including the optimal, considemine its allocation strategy.
feedback in terms of changes in the controlled plants We can formally define the objective of our QoS frame-
as suggested by Yepez et al. [9] and which we initiallwork as finding the solution of the following constrained
explored in the context of discrete QoS adaptation [10pptimization problem
The approach we present resembles the model we presented .
previously [11], where resources and plant dynamics are maximize gb=g(s (t)fi(u)) (1)
join?ly considered. Howeve_r, no formal proof on the opti- subject to iui < Uqg
mality of the model was given in that work, nor was that &

work implemented in a real system. . .
P Y wherey; is the amount of resources to be assigned to each

I1l. QOS MANAGEMENT IN A SOFT REAL-TIME application, f; is the continuous or discrete function that
SYSTEM relates quality (or benefit) for a given amount of resources

Quality-of-service management frameworks trade off apf_or each application (or task3;(t) is the run-time re-scaling

plication performance and computing resources. In unpr actor depem_jing on the current timeg is the function thgt
dictable environments, run-time adaptation technigues a nks all application benefitsgb stands forglobal benefit
highly effective at optir,nizing system quality and Uq is the desired global resource utilization, which

Two main approaches can be identified in adaptivgonstramts_the resource allocation problem. .
QoS management techniques. In the first approach, theFPr any timet, the resource allocation problem is reduced
adaptation is performed by each application itself. Eaclp find the absolute maximurd = [u, Uy, ..., un] of the
application adapts its computational demands based on ctiong restricted to the utilization feasibility constraint.

available resources and/or the required service level.[12 ebabso(;ute maxtlThurﬁ rr:ay lie e't_hfr |r; ttﬂe ]lnter_llg)_:!ton ¢
An example of this technique for control applications € boundary or at the extreme points ot the Teasioility Set.
is [13]. A generic algorithm that would find the solution can be

In the second approach, the adaptation is (discretely [1§1Jmmarized into four steps (see further details in [17]).

or continuously [14]) performed by a system (or middle- Step 1:S_ea.1r.ch for local rellative maximu!”ns in the_interior
ware) resource manager that monitors and controls tﬁ)é the feasibility set by solving the following equation set
utilization of resources by each application. The amount of og og og

resources assigned to each application is usually a functio au; 'ou T aun

of the current workload and the relative benefit provided

by each application [12], [1]. It is generally true that theand keep thosd that qor_lformmg with the restriction, +
+ ...+ u, < Ug maximizegb.

) . U
higher the output quality, the larger the resource needs. Ar%Step 2:Search for local relative maximums in the bound-

example of this technique for control applications is [15]. f the feasibility set b ving the followi .
this paper we extend these adaptive techniques by enabli"ﬁa' ot the feasibility set by solving the following equaton

the resource manager to assign resources as a functionagf(Ug — Uz — Uz — ... — Up,Up, U3, ..., Up)
the state of each control loop, as we explain in section IV. au;

Our system is implemented in the RBED integrated rea|6g(u1,Ud —Up—Ug—...—Un,Us,...,Upn) ) )
time system [1], in which allocation and dispatching are au =0,i<ni#2
managed separately. RBED allocates resources to processes
as a percentage of the CPU such that the total allocated
is less than or equal to a desired utilization factor. It 9g(Us,Up,...,Ug — U1 —Up—... —Un_1) —0,i<n,i#n
then schedules all processes with the Earliest Deadline oui S
First (EDF) algorithm [16]. RBED dynamically changes,.q keep thosd that maximizegb.
allocated resources and application periods without tdola Step 3 Search for local relative maximums in the feasi-
ing EDF constraints, guaranteeing that tasks never misssﬁty set extremes. That is to evaluate
their assigned deadlines. A previous implementation of
RBED provided support for discrete QoS levels, allowing g(us,0,...,0), g(O,uy,...,0), ..., 9(0,0,...,un)

=0,i<ni#l




and keep thosé that maximizegb. and taking into account the closed-loop requirements, we
Step 4:Choose dal among the ones obtained 8tep 1, close each loop using state feedback, where the gain matrix

2 and 3 that maximizegb. L (given by (3)) can be obtained by classic design methods
The discrete QoS optimization problem is in general NPsuch as pole placement or optimization approach (see for

complete [18]. It is not generally possible to calculate pn o example [19].

timal resource allocation that maximizes global benefitSQo u(kh) = —L(h)x(kh) (3)

levels managed with heuristic resource allocation alparg .
that come close to the optimal solution are thus often the At the end, we have for each process a control algorithm

best alternative. For continuous QoS support, depending 8t depends on a sampling peribdWe specify a range
functions f; andg, and depending on the re-scaling poIicyOf periods for which the closed loop requirements are met

s, solving the optimization problem may not be feasible foANd allow the controller to execute with a run time period
an on-line real-time resource manager. If it is too expensivthat belongs to the specified ones (for full details, see, [3])

again, heuristic solutions may be considered. adapting the gain accordingly. System stability is analyze

using [20].
IV. EXPLOITING QOS TECHNIQUES FORCONTROL For our inverted pendulum, the type of responses that
SYSTEMS each controller (designed using simply pole placement)

btains f f the allowed rat ified f
In order to apply the RBED soft QoS management t(gp STSS) é)arnscgr;esé)en i?\ Iiigl\:vri 1ra es (specified fro@68

control applications, we need to specify a) the controlle
processes, b) the type of controllers we consider (which 12 ‘ ‘ ‘ ‘

must be capable of running at several rates), c) the static ) oo
benefits, which relate resources and control performance,

and d) the run-time information used as feedback measure
from control applications that re-scales the static besmefit
In the following subsections we discuss each of these.
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A. Controlled processes o
In our implementation we simulate a collection of in- -0z
verted pendulums. The linear time-invariant state space 04 ‘ .
model we used for each inverted pendulum mounted on Time ()
a cartis given by Fig. 1. Responses of Controllers
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In the QoS framework we need to define the static bene-
where0 is the pendulum angley is the angular velocity, fits, that is, the set of function (in (1)) that relate control

X is the cart position ang its velocity. For the simulation, performance and resources. Looking at control systems,
we customized all pendulums as follows: mass of the calinear or quadratic performance indexes are traditionalsto

M = 2kg, mass of the pendulumn = 0.1kg, length of the for the analysis and design. Therefore, we are interested in
pendulum stick = 0.5m and gravityg = 9.81m/s’. the relation between these indexes and resources.

We have defined all of the controlled processes to be For example, if for the inverted pendulum example we

the same because it simplifies the performance analysjgick as a performance inddX the integral of the absolute
However, different processes would not materially affeett value of angle (treated as a error because we would like it

results. to be zero), and plot its value for a broad range of sampling
_ rates,P (h) (from h=0.05...0.5 sec), we obtain thalmost
B. Adaptive Controllers linear relation shown in Figure 2(a). In fact, as outlined

In order to switch (continuously or discretely) amongin [8], the relation between control performance (when
QoS levels, control applications have to implemadiaptive measured using standard quadratic or linear performance
control algorithms according to different resources regui iNdex) and a range of allowed sampling periods can be
ments. To do so, we design controllers using classical desi@PProximated by a linear relationship. Note that this appro
procedures but allow them to execute the same control lafpation is more or less accurate depending on the range of

at different rates. allowed sampling periods (within the broad range shown
Given the state space representation of each discrete-titReFigure 2()). Figure 2(b) shows the relation between the
system with perioch (2), allowed sampling periods for each controller in our setup

(from h=0.06...0.1 sec) versus control performance. The
x(kh+ h) = ®(h)x(kh) + I (h)u(kh) (2) relationship is linear.
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i / The generic optimization problem for QoS frameworks
o5 _0.34 / was formulated in (1). However, for control applications,
T = / and taking into account all of the discussions of section 1V,
0.6 0.32] / the optimization problem can be highly simplified.
0.4 // Assuming that each controller is independent in the sense
021 031/ of being in charge of controlling a plant, the functigf)
that links all of the benefits can be considered as the sum
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(that may be weighted) of all individual benefits obtained
by each controller (which are given bf). In addition,

the dynamic relation between resources and application
dynamics, given by (t), that re-scales the static benefits is
given by the norm of each plant state vec®ft) = [x(t)|.

) ) ] Therefore, given a set af controllers, we can rewrite the
Therefore, in our QoS framework, for either the d'scrEt%ptimization problem as in (4)

or continuous approach, we will assume this linear relation .
Note that this relation also establishes the basic optigizi maximize gb=Y |%(t)|fi(u) (4)
operation of the QoS frameworkhe shorter the sampling &
period (i.e., the higher the utilization), the better theatrol _ n
performance (i.e., the lower the error) subject to 'ZLUi <Ug

=

Fig. 2. Sampling Period vs. Error (in terms of angle)

The complexity of solution of the problem stated in (4)
depends on each functidf(u;), due to the fact thabtep 1

Our QoS framework differs from previous works becaus@_nd 2. i.n the algorithm.presented in sgction [ll have been
the resource allocator makes decisions based both on systéiplified to the following set of equations (becaushas
load and on the dynamics of the applications. Recall thd¢rned into a sum), wherly = |x;(t)| fi (ui):
we are considering a real-time system where resources are
limited and shared among applications in such a way that oby oby obp

) i —=0,—=0,..., =— =0
all of the controllers cannot simultaneously execute wii t oup ouy oup,
highest rate.

Looking at control systems, we can assume that if a con- oby(Ug—Up— Uz — ... —Up)
trolled process is in equilibrium, having the correspomdin ou;
controller executing at its highest rate would bewaste obp(Ug —us —uz—...—Up)
of resources. Therefore, given a set of allowed sampling au;
periods, it is desirable to execute at a lower rate (with
guaranteed minimum performance) if the controlled process
is in equilibrium, thus saving resources that may be needed 9Pn(Ud —U1—Up— ... —Un-1)
for other controllers. And if the process is perturbed and ou;
brought out of the equilibrium point, it is desirable to |f b, are polynomial functions of grade less than five,
increase the rate of the controller whenever possible.  an analytical solution can be found, turning the solution

To do so, the run-time information that the resourcénto a feasible (in terms of computational complexity)
allocator should consider at any given time in order talgorithm for a run-time resource manager. Otherwise, nu-
reassign resources is whether processes are affected rbgrical methods may be applied, resulting in too expensive
perturbations or not. And this can be detected by simplglgorithms.
looking at each controlled system state, as we enable inlf b; are linear (as we assume in our system, see section
our QoS framework. In fact, if we consider the equilibriumlV-C), the optimization problem becomes linear, and we
point to be zero for each closed-loop, the norm of eactvill find the optimal solution in one of the extreme points of
system state vector is a distance measure that evaluatkes hypersurface defined by, Uy, ..., un, b1 +bo+...+ by
how far each system is from its desired state, capturing aind delimited by the projection given by the hyperplane
system dynamics. Therefore, more or less resources may be+ Uz + ... + Uy < Ug. In terms of utilization factors,
assigned at run-time to each controller taking into accourthat means to assign all the available CPU (thatUg)
the norm of each state vector (sometimes also called just the control task with maximunix(t)|fi(u). And if
error): the higher the norm (the higher the error), the morall the functionsf; are the same, it is to assign all the
urgent a controller requires more resources. available resources to the control task facing a biggest.err

D. Measuring Instantaneous Control Performance

—0,i<ni#l

=0,i<ni#2

=0,i<nji#n



Therefore, the solution can be found by performing a simple 1) Discrete-QoSMWe implemented a discrete level-based

search (i.e., performin§tep 3 because all equations 8tep QoS for control tasks because it is the default QoS policy

1 and 2 will not have solution. of RBED and because it is extremely simple. We use the
Figure 3 illustrates the case for two control tasks, wher@oS configuration defined in Table | for the three control

Uq = 0.8, both with the same benefit functiofy (u;) =u;  tasks, where %PU and Benefitare given by (5)

and f2(u2) = up) but controller; at timet facing a bigger ) W

error (x.(t)| = 4) thancontroller, (jxx(t)| = 1). As it can bene fit= fi(u) = aiu = ai- ®)

h.
be seen, the maximum benefit considering the schedulabilityh . ) | for all III is the sl
constraints is found at = [0.8,0.0] (extreme point). wherea; (approximately 178 for all controllers) is the slope

of the curve in in Figure 2(b), which correspondsftgu;)
in (4). That is, we defined three QoS levels (corresponding
to three different sampling periddg) for each controller.

TABLE |
QOS CONFIGURATION FOR CONTROL TASKS

Number of QoS Levels: 3
Level Benefit % CPU Period

Benfit

1 0.80 45% 0.06 s
2 0.60 33.7% 0.08 s
3 0.48 27% 0.10 s

With this configuration, if there are three control tasks in
the system, then none of them will execute at their highest
level (45%) since(45%+ 2% 27%) = 99% > 97% = Uy
(that is, the required CPU load would exceed what is
Fig. 3. Optimal solution. available). A heuristic algorithm [10] chooses the level fo
each controller such as global benefit is maximized.

In order to determine for each error which QoS level to
choose (and thus which period to assign to each controller),
we assigned to each QoS level consecutive ranges of pos-

In order to demonstrate the benefits of using adaptiv@ble system error values. In this way, application sangplin
QoS techniques for control applications at the systedfie are changed only when system error moves from one
level, we compare the performance of four different Qog$ange to another.
managers: Static, Discrete-QoS, Proportional Continuous 2) Proportional Continuous-QoSFor control applica-
Qo0S, Optimal Continuous-QoS. For each technique wions characterized as we have explained, it is possible to
performed experiments in which we ran three control task8PPly continuous QoS support because we can specify a
implementing the same control law. Perturbations wergontinuous function that relates control performance and
randomly generated and and the control performance wgsources. In fact, this function was already specified )n (5
recorded. Each controller in charge of a simulated inverteguit now for anyh; € [0.06s...0.1s].
pendulum can run at any sampling peridw) (within 0.06s We first implemented &ir resource policy that we called

and 010s (if the QoS manager allows it) and has a constaftroportional Continuous-QoS. This policy assigns resesirc
worst-case execution timev() of 0.027s. to each controller as a proportion of the controlled system

error (in terms of the norm of its state vector) over the sum
of all controlled system errors. In our implementation, the
resource allocation algorithm is given by

As mentioned above, we implemented four different QoS _

. . g _ ()]

managers. The first, Static, does no QoS optimization at all; U= -Ud (6)
all controllers always share the available resources gqual Sia (0]
and no dynamic resource allocation policy is used. RBEBairness comes from the fact that any controller whose
always reserves a minimum of 3% of the CPU capacity toontrolled process is subject to a perturbation increatses i
the set of best-effort (general purpose) processes. Tareref utilization according to the its relative degree of error.
the available CPU for the three controllerdlg = 97% and If (6) gives a utilization that results in a smaller sampling
each controller is giver573—7% of the CPU for the duration of period than the lower bound of the allowed sampling period
the experiments. This policy implements traditional statirange, then, the controller will run at that lower bound. s hi
control and is used as a baseline for examining the perfomechanism allows us to guarantee a minimum sampling rate
mance of the QoS-enabled control systems. for all the controllers (which is Asin our implementation).

VI. RESULTS

A. Implementation of the QoS allocation policies



3) Optimal Continuous-QoSinally we implemented an If we look at Figure 4(a) (where that lower part of the y-
optimal allocation policy. As we discussed in section V, thexis represents the angle dynamics of each inverted pendu-
optimal solution is to assign all the available resources tum affected by randomly generated perturbations), a non-
the controller with process facing the largest error (iftakk  overlapping perturbation affecting the pendulum conéal|
closed-loops have the sanog factor, which is our case), by task3 happens for example at about time 12s. Three
taking into account that the system must also guaranteepartially overlapping perturbations happen between 0s and
minimum rate for the remaining controllers. If we would 10s for the three pendulums. And three fully overlapping
have differenta; (meaning different type of controllers perturbations occur between 40s and 50s for the three
and/or different controlled processes), the resourceddvoupendulums. Among the total of 127 perturbations of each
be assigned to the controller having the highestt)|a;. experiment, 29 are not overlapped, 113 are partially over-

This is summarized in (7) lapped and 34 are totally overlapped. Thus the randomly
) _ ) generated perturbations cover all of the three scenarias in
> — Ug— (Nn—1)-umin, If [x(t)]a; is maximum % general way.
I Umin, otherwise

C. Performance Results

where n is the number of controllers andmin is the | yhis section we first detail which are the effects on the
minimum utilization that is guaranteed for the remaining,ecytion rate of each controller when using the different
controllers. QoS management policies we have presented. Afterwards,
we look at the control performance that can be achieved by
these techniques.

For each of the QoS management policies, we show the 1) Execution rate patternsFigure 4(a)-4(d) shows the
results of running three controllers with same control lawesulting performance of using the four different policies
for 10 minutes and randomly generated perturbations fastatic, Discrete-QoS, Proportional Continuous-QoS and Op
each inverted pendulum. A total of 176 perturbations ofimal Continuous-QoS respectively. In order to look inte th
the same magnitude affected the pendulums (57, 57 and §etailed progress of the three control tasks, we only show
respectively for each process). For the performance aisalyshe first 60s of the long run, i.e. 600s. In each figure, the x-
and a better understanding of the results, we defined diffesixis represents time and the y-axis represents both the ang|
ent scenarios in terms of whether perturbations overlappggrror) of each inverted pendulum and the corresponding
or not between controllers. At any given time, it is impottan controller sampling period (multiplied by 20 to normalize i
to know how many pendulums are simultaneously affecte@ the same range). Note that the error ranges freirto 1
by perturbations. For a given perturbation, we defined thgnd the 2@period ranges from.2 to 2 because the allowed
following three scenarios: period ranges from .06s to O1s. Because the variations of

1) Non-Overlapping: At the time a perturbation affectghe angle dynamics are hard to appreciate in these figures,
a process, no other processes are affected by pertuve will use Figure 5 for the control performance evaluation.
bations and none of them will be affected during at With the Static QoS policy (figure 4(a), every control task
least the following $s. That is, there is at least53 has the same sampling period & 0.084s, which comes
between consecutive perturbations to any proceskom hj = w;/uj = %/2;) and does not change regardless
This 35s time interval relates to the settling timewhat perturbation scenario occurs. With both Discrete-QoS
of the controlled process (see Figure 1). This sceand Continuous-QoS (Figure 4(b)-(d)), perturbations dorc
nario presents the most opportunity for performancthe controllers to dynamically adapt their rates. The djeci
improvement as only one process can benefit fromeriods for each controller are determined by each QoS
running with a higher sampling frequency. policy and according to the perturbation arrival pattern.

2) Partially Overlapping: At the time a perturbation With the Discrete-QoS policy, not all the three tasks can
affects a process, one or more other processes hawen at their second QoS level (correspondinghte= 0.08)
been affected by perturbations in the lasbs3but at the same time because of the limited available resources.
not within the last QLs. This scenario presents someThus, the only possible case that can maximize the global
opportunity for improvement, but less than the nonbenefit is the following: two of the control tasks with larger
overlapping case because multiple applications amror running at their second QoS level and the third control
simultaneously in need of additional resources. task with smaller error running at its lowest QoS level

3) Fully Overlapping: At the time a perturbation affects(Figure 4(b)).

a process, one or more other processes have been afHowever, with the Proportional and Optimal Continuous-
fected by perturbations within the lastl@. This sce- QoS policies, the period can be any value between the
nario presents the least opportunity for performancpredefined range, depending on the dynamics of the three
improved performance as multiple applications hav@endulums. It is important to note that the dynamic period
essentially equivalent need for additional resources @hange with the Discrete-QoS policy is less frequent than
the same time. with both Continuous-QoS algorithms (Figures 4(c) and

B. Workload Generation
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(d)). This is due to the fact that with the Discrete-QoSrovided the other two at least can run at their lowest rate
policy, changes in the system dynamics may not result ih; = 0.1s). With Proportional Continuous-QoS adaptation,
changes in the QoS level, as explained in section VI-A.lany variation in the errors causes a period adjustment among
(fge three controllers, resulting in more variation than the

Looking at the Continuous-QoS policies, the samplin . :
ptimal algorithm.

rate adaptation also has different frequencies. With Cgitim
Continuous-QoS adaptation, the order of magnitude of the The type of perturbations also affects the resource alloca-
errors determines the period assignment: the one wition. For non-overlapped perturbations (e.g. the pertisha

largest error always runs at a highest ratg & 0.063) at about 13s), the Proportional Continuous-QoS allocation



is similar to that of Optimal Continuous-QoS, while forreal-time systems are designed to support these applisatio
for fully overlapped perturbations (e.g. the perturbasionwith static resource allocations and hard performance-guar
between 40s and 50s), it distributes the resources to thetees. Recent work in both areas has examined softening

three controllers almost fairly, like the Static policy.

these constraints to allow for time-varying adaptation. We

2) Control performance: Figure 5(a)-5(b) shows the have merged these two areas and shown that significant
performance evaluation in terms of the summation of thperformance benefits can be obtained by employing Quality

cumulative errors of the three controllers using the défer

of Service techniques to control systems. We have presented

algorithms, expressed as the integral over the simulaticn real implementation and shown that adaptive QoS tech-

time of the norm of each pendulum state vector.

nigues can improve control system performance by over

From Figure 5(a), we can clearly see large gaps betwe@% in our experiments. Further, we have presented a
the cumulative error of the Static/Discrete-QoS policied a framework for doing adaptive Quality of Service control
the Proportional/Optimal Continuous-QosS policies. Oltera and developed highly effective policies for doing resource
using continuous QoS management we improved the pegHocation within this framework.

formance of the system by about.8% in terms of the
reduction of the accumulated error. However, there is atmos
no gap either between the Static and the Discrete-QoS dt
between the Proportional and the Optimal Continuous-QoS.
The reason for the former is the lack of room for adaptation
due to the limited number of QoS levels. The reason for the?
latter is the fact that when perturbations are not overldppe
the Optimal and the Proportional policies behave almost thé3]
same. Nevertheless, the Optimal policy performs somewhat
better.

Figure 5(b) is a close-up view for the first 60s of the [4]
long run. Compare Figure 5(b) with any simulated scenario
in Figure 4: clearly, each perturbation incurs an obviousis)
error increase. However perturbations of different oyerla
scenarios result in different amounts of error increment.
Nevertheless, from a general view, the gaps are getting;
larger and larger as time progress, which proves that adap-
tive QoS techniques can be used to improve control systems
performance and that the optimal QoS policy (in the long[7
run) is the one that optimizes control performance.

D. Discussion

As we pointed out, different perturbation overlap scenar-
ios yield differing opportunities for performance impreve [9]
ment. As expected, the Optimal Continuous-QoS gener-
ally performs better than the Proportional Continuous-QoS
However, we found in practice that the control performancgo)
of the Optimal policy may sometimes be slightly worse
then the Proportional policy when faced with fully overlap-[ll]
ping perturbations, contradicting our theoretical restidbm
section V. In particular, we have observed that the drastic
sampling period changes that the optimal policy implies[12
depending on the specific controller setting and allowed
sampling period variability, may slightly decrease rathell3]
than increase control performance. We are still analyzing
this puzzling result and hope to address it in the future.
Nevertheless, in a long run the Optimal Continuous-Qo&4l
slightly outperforms the Proportional Continuous-QoShwit
respect to the global benefit achieved and QoS techniques)
have been proven to improve control systems performance.

VII. CONCLUSIONS [16]

Traditional control systems employ static controllers de-
signed to operate at a single sampling frequency. Tradition

(8]
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