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Abstract. There is a strong demand to provide real-time guarantee and
fair Qualit y of Service (QoS) management for radar systems. However,
becauseof the dynamic system workload and stochastic timing param-
eters of radar tasks, there exist several well-known and new challenges.
This paper proposestwo techniques, task state reduction and enhanced
serviceclassapproach, to provide real-time guarantee and fair QoS man-
agement for computation tasks in surveillance radar systems. The task
state reduction allocates the resourcesbased on the task semantic im-
portance so that the tasks having same semantic importance have the
sameQoS application level; The enhancedservice classapproach allows
the service classesto provide better resourceutilization.

1 In tro duction

A radar systemsearchesand tracks (suspicious)targets in its surveillancespace.
Tasksin a radar system should complete by their deadlinesto provide accurate
track updates.However, for historical reasons,radar systemsare often scheduled
by semantic priorit y driven approach with best e�orts [1]. There remain several
challengesin terms of performanceguaranteeand resourcemanagement: (1) lack
of schedulabilit y analysis,(2) con
icts of the semantic importanceand scheduling
priorit y, and (3) fairnessamong tasks having the samesemantic importance.

Lack of schedulabilit y analysis. Tasksin a radar systemare often scheduled
by their semantic importance to guarantee the criticalit y. By criticalit y, we
mean that a highly threatening target should always be tracked with better
accuracythan any lessthreatening target does.Traditional real-time schedu-
labilit y analysisalgorithms arenot applicable for such scheduling algorithms.
Consequently , the performance of radar systemsare benchmarked by con-
ducting large number of experiments. The inabilit y to perform schedulabilit y
analysis for radar systemshas beena known problem for a long time.



Con
icts of the semantic imp ortance and scheduling priorit y. Semantic
importance represent the threatening level of tracked targets in radar sys-
tems. The systemsshould always track the highly threatening targets when
there are not enoughresourcesto track all targets in the surveillancespace.
Although scheduling tasks according to their semantic importance allows
the system to track the highly threatening targets with high probabilities,
the resourcesare often under-utilized. Table 1 shows the semantic impor-

Task T yp es Perio d( ms ) Semantic Imp ortance
High-priorit y Search 1000 1(High)
Track Con�rmation 500 2
High-precision Track (100, 250) 3

Precision Track (100, 250) 4
Normal Track (250, 2000) 5

Low-priorit y Search 1000 6(Lo w)

Table 1. Timing parameters and semantic importance of radar tasks

tance and periods4 for radar tasks in someradar system [2]. High-priorit y
search tasks which periodically scanthe spaceto detect unknown objects in
the spacehave highest semantic importance but long periods, i.e., 1000ms.
When the systemworkload is heavy and is scheduledby traditional real-time
scheduling algorithms, such tasks might miss their deadlines.

Fairness among tasks in the same class of imp ortance. Wenow illustrate
the \fairness problem" (also called the \starv ation problem") that can lead
to seriousQoSdegradation. For a radar task, selectionof �ltering algorithms
to processthe returned data dependson the state of the tracked target. Ta-
ble 2 [1] lists the nominal execution times and performance of algorithms
�ltering the returned data. As shown in this table, the nominal execution

Nominal Noise Maneuv ering
Algorithm Computation Time Reduction Follo wing Capabilit y

�� 
 265�s Fair Very Go od
Least Square Fading Memory 180�s Go od Go od

Kalman Filter > 5000�s Very Go od Poor/F air

Table 2. Nominal execution times and QoS application levels for �ltering algorithms

times range from 180� s to more than 5000� s. In traditional radar systems,
each task greedily seeksfor the resourcesto achieve its local optimal per-
formance. Hence,a task will choosethe Kalman Filter algorithm whenever
the background is noisy. The QoS improvement is moderate, from \Go od"
to \V ery Good." However, its execution time increasesmore than 25 times.
When the workload is heavy, other tasks in the dispatch queuemay not have
enoughresourcesto complete. As a result, when there are many tasks with
similar semantic importance in the dispatch queue,someof them may have
enoughresourcesto completetheir works but the others do not. Such greedy

4 For three track tasks, the arriv al periods are given as a range and the actual period
is within the range, depending on the target state.



strategy causesthe unfair resourceallocation for tasks in the sameclassof
importance and is not desirable.

Last but not least, �nding the mapping functions from computation resource
usagesto user level utilities, called utility functions, is a di�cult problem in
its own right. The utilit y functions are typically not available. Instead, what is
known is a partial order of the importance of tasks in a given context. In our
prior work [3], we showed how utilit y function basedapproach such as Q-RAM
[4] can be usedin the serviceclassapproach. In this paper, we extend the service
classapproach so that it can make useof the information of partial ordering of
importance to e�ectiv ely allocate the resources.

This paper is organized as follows. Section 2 formalizes a radar task as a
state-dependent end-to-end real-time task and Section 3 describes the state-
reduction technique and the enhancedserviceclassapproach. Section4 evaluates
the enhancedserviceclassapproach by extensive simulations. Finally, Section 5
concludesthe paper.

2 Task Mo dels and Problem Form ulation

Tasksin radar systemshave four characteristics: (1) the pipeline execution, (2)
time-varying execution times, (3) time-varying sampling frequencies,and (4)
partial order semantic importance. We proposea new task model for radar tasks
and formalize above problems basedon the new task model.

Radar tasks are executed in a pipeline manner as shown in Fig. 1 [1]. For
each radar task, the Radar Control Computer (RCC) �rst generatesthe control
commands for the radar antenna and schedules it. The control commandsare
then submitted to the radar antenna to sendout the radar beamsat the sched-
uled time. After the radar antenna collects the returned data, the data are sent
to signal processors(SPs) to perform various digital signal processingfunctions,
such as pulse Doppler processingand tracking processing,and make the deci-
sion for the next action. The �rst and last subtask are executedon the general
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Fig. 1. Radar Timing Diagram

purposeprocessors[5] and can be combined as onecomputation subtask. In the
paper, we focus on the computation part of radar tasks. For sake of simplicit y,
we call the computation part of radar tasks the radar tasks. The problem of
scheduling three radar subtaskswill be studied in our future work.



Task State. From the resourcescheduling viewpoint, we de�ne the task state
of a radar task by a state variable that indicates the signi�can t change of the
instantaneous utilization. The instantaneous utilization of the task is the ratio
of its execution time to its relative deadline or period whichever is less.

As exemplifedin Table2, the signal processingtask may usedi�eren t �ltering
algorithms to estimate the location of the targets. Although the instantaneous
utilization of a task changesas di�eren t algorithms are used, task states can
be grouped so that in each group the di�erence of the instantaneousutilization
of the task are less than certain threshold. Consider three algorithms shown
in Table 2. When the period of a task is 50ms, the instantaneous utilization
of the task while the Kalman Filter, �� 
 , and Least Square Fading Memory
algorithm is used are 10%, 0:5%, and 0:4%, respectively. From the perspective
of resourceutilization, it is not necessaryto distinguish the useof the �� 
 and
Least Square Fading Memory algorithms. Only one state whose instantaneous
utilization is 0:5% is necessaryto present the state of the task. Hence, there
are only two task states for this task. Fig. 2 shows the state transition diagram
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Fig. 2. State Diagram for Radar Tasks

for this example. On the left hand and right hand side of the �gure, it shows
the object states of the tracked targets and task states of the task, respectively.
The start and stop statesare ignored due to the limited space.The dashedlines
represent the functions to map object states into task states, called execution
mode mapping functions. When the object state migrates from one to another,
the task state changesaccordingly. For instance, when the signal background
is noisy, the Kalman �ltering algorithm shall be used and the instantaneous
utilization of the task becomes10%.The maximum instantaneousutilization for
the states in the task state spaceis called worst case instantaneous utilization .
In this example, the worst caseinstantaneousutilization is 10%.



Semantic Importance. The last property of a radar task is its semantic impor-
tance, denoted by � . The ordering of the semantic importances of tasks are
given by a set of preceding orderings, � , each of which indicates the ordering
betweentwo semantic importance. The givenorderingsare assumedto be partial
ordering.

The sampling period and semantic importance of radar tasks changeas the
state of the tracked targets change. In general, the semantic importance and
sampling frequencyof a radar task is a function of time-to-in tercept of the target.
The shorter the time-to-in tercept, the higher the semantic importance. Sincethe
state of tracked target changesas time goes on, we represent the period and
semantic importance of a radar task as time functions, i.e., p(t) and � (t). Each
task � is de�ned by a tuple (E; p(t); � (t)) for t � 0 in which E, p(t), and � (t)
are the set of execution mode mapping functions, period function, and semantic
importance function, respectively.

Task Type and System Task Set. Although the sampling period and semantic
importance of radar tasks change as time go on, we could transform a radar
task to the sequenceof radar task types whosesampling period and semantic
importance are constant to simplify the workload model.

In radar systemsand most real-time systems,the sampling periods and se-
mantic importance are usually quantized into few di�eren t values.For instance,
in someradar system [1], there are only seven semantic importance. We de�ne
radar task type, denoted by Tk , as (Ek ; pk ; � k )

To present the workload state of a system, we de�ne the system task set,
denoted by T , as the set of radar tasks in the system. A system task set is
presented by a K -element tuple where K is the number of radar task typesin a
system.At time t, the systemtask set T is presented as(m1; m2; : : : ; mK ) where
mk (1 � k � K ) represents the number of tasks of radar task type Tk . Due to
the changeof the sampling frequencyand semantic importance of a radar task,
its radar task type may changefrom Ti to Tj . Such changeis represented by the
departure of a task of radar task type Ti and the arrival of a task of radar task
typeTj . Speci�cally , the systemtask setchangesfrom (m1; :::; mi ; :::; mj ; :::; mK )
to (m1; :::; mi � 1; :::; m j + 1; :::; mK ). Hence, the system task set of a system
changeswhenever a radar task arrives,completes,or changesits task state. As
the system task set changesover time, we use a time function T (t) to denote
the system task set at time t.

Problem Formulation. We now formalize three problems shown in Section 1 as
the following.

Givena �xed or dynamic priorit y scheduling algorithm � , a setof importance
orderings� , and systemtask set function T (t) for t � 0, �nd the executionmode
mapping functions for subtasksof each task � 2 T (t) at time t to maximize the
summation of worst caseinstantaneousutilizations for all tasks subject to

{ (Schedulabilit y) all tasks complete by their deadlines,
{ (Criticalit y) the worst caseinstantaneousutilization of � i is never lessthan

that of � j if � i > � j , and



{ (Fairness) the worst caseinstantaneous utilization of � i is equal to that of
� j if � i = � j .

3 Task State Reduction and Enhanced Service Class
Approac h

We proposetwo techniques, task state reduction and enhanced service classap-
proach, to solve the problem presented above.

To illustrate, let us consideran example.Supposetasks are preemptableand
scheduledby the EDF algorithm, and there are two di�erence classesof semantic
importance, classA and B, for tasks. Tasksof classA are more important than
tasks of classB. Tasksof each classmay executeat two di�eren t frequencies.A
task of classA may execute at 120Hz or 70Hz; a task of classB may execute
at 100Hz or 60Hz. Hence, there are four task types: T1, T2, T3, and T4, shown
in Table 3(a). Each task has two task states, S1 and S2, at each of which a
task executesthe high-QoS-quality and low-QoS-quality algorithm, respectively.
The instantaneousutilizations of these four task types for di�erence states are
shown in Table 3(a). Table 3(b) shows two serviceclasseseach of which de�nes
the worst caseinstantaneousutilizations that tasks of each radar task type can
consume.In this example, when CL 2 is applied, tasks of class A can execute
the high-QoS-quality algorithm, however, tasks of classB can only executethe
low-QoS-quality algorithm. Table 3(c) is the feasibility table indexed by service
classesand system task setsT . Each cell of this table indicates if a system task
set is schedulablewhen a serviceclassis applied. In this example, it meansthat
the total utilization shown by the number in the parenthesis in Table 3(c) must
be no greater than 1 [6]. Our algorithms generateTable 3(b) and (c) o�-line.

Radar Task T yp e u for S1 u for S2

T1 = (1=120; � A ) 0.60 0.16
T2 = (1=70; � A ) 0.35 0.09
T3 = (1=100; � B ) 0.50 0.13
T4 = (1=60; � B ) 0.30 0.08

(a) Instan taneous Utilizations

Service Classes (1=120; � A ) (1=70; � A ) (1=100; � B ) (1=60; � B )
C L 1 0.60 0.35 0.50 0.30
C L 2 0.60 0.35 0.13 0.08

(b) Service Classes

Service Class (0,1,1,0) (1,0,0,1) (1,0,1,0) (1,1,0,1)
C L 1 3 (0.85) 3 (0.90) 7(1.10) 7(1.25)
C L 2 3 (0.48) 3 (0.68) 3 (0.73) 7(1.03)

(c) Feasibilit y Table

Table 3. An Example of Dynamic Workload

Fig. 3 shows onescenarioof the changeof systemtask set and serviceclasses.
The solid and dashedline indicate the sampling frequency of a task for classA
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Fig. 3. Using service classesfor dynamic task set

and class B over the time line, respectively. At time 0, one task of class A
executesat 70Hz and one task of class B at 100Hz. Hence, the system task
set is T (0) = (0; 1; 1; 0). The system checks the feasibility table and �nds that
serviceclassCL 1 is feasibleand the total utilization of the task set is maximum.
Therefore, CL 1 is selected and both tasks can execute the high-QoS-quality
algorithm. At time t1, the system task set becomesT (t1) = (1; 0; 1; 0) because
the task of classA executesat 120Hz. When the system task set changes,the
system checks if the current serviceclassCL 1 is feasible. If it is, the changeof
task set is granted. Otherwise, the system tries to �nd another feasibleservice
classto serve all tasks in the task set. If there is no such serviceclassto serve
all the tasks, the systemshall �nd another serviceclassso that the QoS of some
tasks have to be dropped but the criticalit y and fairnessrequirements are hold.
At time t1, serviceclassCL 1 becomesnot feasibleand CL 2 is feasiblefor task set
T (t1). Hence,the serviceclassis switched to CL 2. As a result, the task of class
B can only executethe low-QoS-quality algorithm after time t1. At time t2, the
sampling frequency of the task of classB becomes60Hz and serviceclassCL 1

becomesfeasibleagain. At time t3, another task of classA arrivesand forcesthe
system to useserviceclassCL 2 so as to schedule all three tasks.

There are four challengesto solve the problem in this way. They are

{ to prevent tasks from greedily seekingresourcesonly considering their se-
mantic importance and ignoring the system workload (i.e., system task set
T (t) for t � 0),

{ to designserviceclassesso that the criticalit y and fairnessrequirements are
hold for partial orders of semantic importance,

{ to design the resourceallocation processso that the schedulabilit y require-
ment is hold, and

{ to reducethe on-line resourcereallocation overhead.

3.1 Task State Reduction

In radar systems,the signal processingsoftware is designedto processthe data
for all track tasks in the system. As exempli�ed in Table 2, there are more



than one �ltering algorithm to estimate the target location. When designingthe
software, tracking experts do not considerresourceallocation issuesand assume
that there is always enoughresourcesfor the tasks.As a result, the tracking soft-
ware always selectsthe best algorithm for the given tracking condition. From a
software engineeringperspective, the separation of tracking and resourceman-
agement concernshasmerits. However, this strategy leadsto the unfair resource
consumption and seriousQoS unfairness.Redesigningthe software to take into
account the QoS application level and system workload intro duces the unac-
ceptable overhead and, hence, is not practical. To solve the fairness problem
e�ectiv ely, the proposedapproach has minimal impact to the current software.

Task state reduction is a meansto provide fair resourcesharing among tasks
of the sameclassof importance. It imposesadditional state transition constraints,
which is a function of system task sets, to execution mode mapping function
Ek for task type Tk for 1 � k � K . A state transition constraint de�nes the
allowable state transitions for tasks of onetask type. Considera task type whose
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Fig. 4. Task State Reduction

state transition diagram shown in Fig. 4(a) as an example. Without any state
transition constraint, the worst caseinstantaneous utilization is 10%. When a
state transition constraint is applied, the task cannot choosethe Kalman �ltering
algorithm and the resulting worst caseinstantaneous utilization becomes0:5%
as shown in Fig. 4(b). The changeof state transition constraints is handled by
the on-line serviceclassswitch, which switchesthe constraints basedon the task
set during the run-time. The related issuesof on-line serviceclassswitch will be
discussedlatter.

To comparethe constraints imposedby task state reductions, we de�ne the
resource allocation ratio, denoted by Rar where 0 � Rar � 1. The resource
allocation ratio of a radar task type is de�ned as the ratio of the worst case
instantaneousutilization with constrains to that without any constraint. While



the resourceallocation ratio of a task is equal to 1, it meansthat the task is able
to transit to all states in its state space.

Task state reduction can be implemented by simply modifying the decision
disciplines in the software to follow the additional constraints given by the sys-
tem. Tasksof one radar task type shall be imposedwith the sameset of state
transition constraints. Task state reduction servesas the building blocks of our
overall approach and allows us to provide fair sharing of resourcesfor tasks .

3.2 Service Class Approac h

To handle the schedulabilit y, criticalit y, and fairness problems with minimal
resource reallocation overhead and allow for the opportunit y for testing5, we
handle the dynamic resourceallocation with the enhancedserviceclassapproach,
which is a two-phaseQoS management approach.

O�-Line Design Phase Resourceallocation management is handled by a set
of serviceclasses.The set of serviceclassesis denotedby f CL 1; CL 2; : : : ; CL M g
where CL m (1 � m � M ) is a serviceclassand M is the total number of service
classes.A serviceclass,denoted by CL m = (E m

1 ; E m
2 : : : ; E m

K ), de�nes the exe-
cution mode mapping functions, i.e., state transition constraints, for each radar
task type. As pointed out in our prior work [3], the more service classes,the
closer the resourceallocation can adapt to the dynamic system workload. The
ideal casecalled all-state-based casein [3] is that each workload state has its own
serviceclass,i.e., the optimal resourceallocation. However, this approach intro-
ducesexpensive on-line reallocation overheadand is not practical. To reducethe
on-line reallocation overhead,our prior work [3] proposedan e�ectiv e heuristic
that designsservice classesalong the diagonal line of workload space. In the
paper, task state reduction limits the number of possibleresourcerequirements
of task typesand, hence,limits the number of serviceclasses.

Consider an example. Supposethere exist two radar task types, T1 and T2.
There are two task states for each task type and the instantaneousutilization of
them are 2:5% and 1%, respectively. Considering the combination of worst case
instantaneousutilizations, there are 4 serviceclassesrather than 50� 50 = 250
serviceclasses.Fig. 5 showsthe worst caseinstantaneousutilization and coverage
area on the workload space for each service class. For instance, service class
CL 1 allows tasks of each radar task type to use high utilization algorithms.
Hence, the tasks of both task types can consumeas much as 2:5% CPU time
and the maximum feasible task set of service classCL 1 is 20 tasks of type T1

and T2. We propose an o�-line design approach when only the partial orders
of importance of tasks are available and the system is scheduled by either the
�xed or dynamic priorit y scheduling algorithm. The proposedapproach consists
of two steps:designingserviceclassesand constructing the feasibility table.

5 In a complex software system lik e radar systems, an optimization approach should
also allow testing.
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Step 1. Designing service classes: In the �rst step, we use a breadth-�rst
tree pruning algorithm to designa set of serviceclassesbasedon task state
reduction and partial ordering of semantic importance. Fig. 6 (a) shows the
pseudo code of this algorithm. It starts from ServiceClassDesignwith the

1 funct ServiceClassDesign(CL ) �
2 L  ? ;
3 C  ? ;
4 Search(CL );
5 while (L 6= ? )
6 remove CL temp from start of L;
7 Search(CL temp );
8 end
9 return C;

10 end
11

12 funct Search(CL ) �
13 if : Validate(CL ) then r etur n; �
14 for Ti 8 1 � i � K do
15 if N umberOf TaskState(Ti ) > 1
16 then
17 Reduce task state for Ti in CL ! CL temp ;
18 Add CL temp to L ;
19 �
20 end
21 end
22

23 funct Validate(CL ) �
24 if C [ CL = C then r etur n false; �
25 foreach p 2 � do
26 if Rar i < Rar j ^ � i < � j then return false; �
27 end
28 C  C [ CL ;
29 return true;
30 end

CL 1:(10%,10%,10%)

(0:5%,10%,10%) (10%,0:5%,10%) CL 2:(10%,10%,0:5%)

CL 3:(0:5%,10%,0:5%)

CL 5:(0:5%,0:5%,0:5%)

CL 4:(10%,0:5%,0:5%)

(0:5%,0:5%,0:5%)

(a) Service Class Design Algorithm (b) Example Search Tree

Fig. 6. Service Class Design

parameter CL , which is the initial serviceclassthat allows all state transi-
tions. On line 4, it calls Search to generateother candidate serviceclasses.
The generation of candidate service classesis performed in a breadth-�rst
search manner by reducing a state for each radar task type oneby one(from
line 14 to 20). Each generatedcandidate serviceclassdenoted by CL temp is



stored to L which holds all candidate serviceclasses.Serviceclassesstored
in L may or may not meet the requirements. ServiceClassDesignkeepsdoing
this until array L becomesempty (from line 5 to 8). In this way, Service-
ClassDesignconsidersall possiblecandidate serviceclasses.However, for the
e�ciency of search procedure,we usea pruning technique that discards in-
valid candidatesas early as possible.Function Validatechecks if a candidate
service class CL is valid. It �rst checks if CL is already in the set of ser-
vice classesdenoted by C (line 24). If so, we discard it since it has been
already considered.Otherwise, we further check if CL satis�es the criticalit y
requirement, that is, a higher importance task should have a larger resource
allocation ratio than lessimportant onedoes(from line 25 to 27). If CL does
not satisfy the requirement, it is not a valid serviceclassand thus discarded.
If CL passesall thesechecks, it is �nally added to the set of serviceclasses
C (line 28). Considera simple example.Supposethere exist three radar task
types:T1, T2, and T3. T3 is least important but there is no criticalit y ordering
betweenT1 and T2. Each of them has two task states, whoseinstantaneous
utilizations are 10% and 0:5%, respectively. Fig. 6(b) exempli�es the algo-
rithm by a search tree for this example. Each node shows the worst case
instantaneous utilization for every radar task type. The root node is the
service classallowing every task to freely transit in its state space.In the
next level, the algorithm prohibits oneradar task to transit to the state hav-
ing largest instantaneousutilization and generatescandidate serviceclasses.
Among them, only CL 2 is valid and the others, denotedby underline nodes,
are not. From CL 2, the algorithm continuesto generateother serviceclasses.
The oval node indicates a duplicate serviceclassand has no subtree. Until
the algorithm terminates, �v e serviceclassesare generated.

Step 2. Constructing the feasibilit y table: The feasibility table is a two di-
mension table indexed by service classesand system task sets. Each cell
indicates the feasibility of a serviceclassCL m for systemtask set T . By fea-
sibility , we meanthat (1) all tasks in systemtask set T are schedulable,and
(2) there is no delay for accepting one new task during on-line reallocation.

While the resourcesare all allocated to tasks in the system and a new task
arrives, the system has to reallocate the resources,i.e., switches the service
class. As pointed out in our prior work [3], the new arrival has to be de-
layed if there is no resourceleft. In radar systems,such delay may be long
enough to causedeadline missesfor the new arrival. To reduce the proba-
bilit y of delaying new arrivals, an alternativ e is to reserve the resourcesfor
new arrivals a priori . To reserve the resourcea priori , K + 1 schedulabilit y
analysis are conducted for each pair of system task set T and serviceclass
CL m . The algorithm conducts the schedulabilit y analysis for T and T [ � k

in which � k is a task of radar task type Tk for 1 � k � K . If T and T [ � k

for 1 � k � K are all feasible, the cell indexed by T and CL m is marked
as feasible. Otherwise, the cell is marked as not feasible. The prior resource
allocation naturally leadsto the following property.



Prop osition 1. If service classCL m is feasibleto systemtask set T , T and
T [ � where � is a task of any radar task type are feasible, i.e., each task can
consumethe worst case instantaneous utilization of its state space based on
service classCL m by its deadline.

Therefore, when the system�nds out the current serviceclassis not feasible
and needsto switch the serviceclass,there are always leftover resourcesto
accept one new arrival. To �nd the system task set on the boundary of the
serviceclass,the algorithm proposedby Lee, Shih and Sha [7] can be used
to reducethe overhead.
To protect the radar equipment, there are several physical constraints such
as the number of phaseshift operations and power supply consumption con-
straints over a duty cycle [1]. Considering these physical constraints in the
schedulabilit y analysisis beyond the scopeof this paper and will beaddressed
in a future paper. We assumethe only constraint is that all subtaskson the
radar equipment are non-preemptable, which is the general assumption for
the radar equipment. Under such assumption,the schedulabilit y analysiscan
be conductedby adding the maximum blocking time to the non-preemptable
subtasks.This is becausea subtask on the radar equipment may be blocked
by the low priorit y subtask whenever it is released.However, as long as it
starts executing, it will not be preempted. For the schedulabilit y analysis,
we can use the algorithms developed for analyzing schedulabilit y for end-
to-end tasks (e.g., algorithm SA/DS by Sun and Liu [8], Tindell and Clark
algorithm by Tindell and Clark [9], and the distributed pinwheel algorithm
[10]) by slightly modifying them. The modi�cations are (1) using the WCET
basedon the state spaceof each task as its execution time and (2) adding
the maximum blocking time to the computation of the intermediate response
time for subtasks on the non-preemptable processor.Although these algo-
rithms are computationally expensive, conducting the analysiso�-line allows
us to avoid the time-consuming operation on-line.

The proposedo�-line designapproach is summarizedas follows.

Step 1: Call function ServiceClassDesignto generateM serviceclasseswith task
state reduction.

Step 2: For each pair of serviceclassCL m and systemtask set T , conduct the
schedulabilit y analysisfor T [ � k with the worst caseinstantaneousutilization
basedon serviceclassCL m for 1 � k � K .

This designapproach leadsto the following two theoremsto prove the criticalit y
and fairness.

Theorem 1 (Criticalit y). Given a set of precedence orderings for tasks, each
of which de�nes the importance ordering for a pair of tasks,the allocated resource
for more important task is never less than that of less important tasks while a
feasible service class is applied.



Proof. As the set of serviceclassesis designedby Step 1, the resourceallocation
ratio of task � i is equal to or greater than that of task � j if the importance of
task � i is higher than that of task � j according to line 26 in function Validate.
Moreover, the schedulabilit y for a pair of service class and system task set is
guaranteed by Step 2. According to Property 1, when a feasibleserviceclassis
applied, each task can consumeat most the instantaneousutilization allocated
by the serviceclassgeneratedby Step 1.

As all tasks are executedby the sameset of algorithms, the greater resource
allocation ratio implies more allocated resourcesto higher importance tasks.
Hence,the allocated resourcefor a high importance task is never lessthan that
of any lessimportant task while a feasibleserviceclassis applied.

Theorem 2 (Fairness). While a service classis feasibleto a given systemtask
set, tasksof the sameclassof importance alwayshavethe sameQoS application
level.

Proof. While a serviceclassis feasibleto the giventask set,all taskscanconsume
at most their instantaneousutilization by their deadlinesaccording to Property
1. In addition, as tasks of one importance class have been allocated the same
amount of resources,the instantaneous utilization of tasks of one importance
classalways are the same.Hence,they will have the sameQoSapplication level.

Su�cien t Conditions for On-line Service Class Switc h When the system
workload changes,the system may switch the service class to adapt the state
transition constraints to the systemworkload. Although each individual service
class is designedsuch that its feasible task set is schedulable, the coexistence
of multiple serviceclassesmay causedeadline misses.There are two such cases:
(1) the mixture of two serviceclassesduring a singleserviceclassswitch and (2)
the start of one service classswitch before the completion of preceding service
class switch. The schedule shown in Fig. 7 is one example of deadline misses
causedby case(1). In this example, there exist three tasks, � i , � j , and � k . Their
scheduling priorities are in the order of � i , � j , and � k and en

j represents the
WCET of task � j when service class CL n is applied. Before time t, � i and � k
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have been releasedand are not yet completed. � j has completed and the next
instance will be releasedat time t + a. When any of thesetwo serviceclassesis
applied along, three tasks all complete by their deadlines.At time t, a service
classswitch starts changing the serviceclassfrom CL m to CL n . In serviceclass
CL n , the WCET of � j is increasedbut that of � k is decreasedsuch that en

j is
greater than en

k . As the next releaseof task � j is allowed to consumeen
j units of

time due to the serviceclassswitch, the execution of task � k will be delayed for
en

j � em
j units of time. As a result, task � k missesits deadline.

The secondcasecan be also illustrated by Fig. 7. Supposeone serviceclass
switch starts at time t to only increasethe WCET of � j from em

j to en
j . However,

another service class switch immediately follows to decreasethe WCET of � k

from em
k to en

k . The overlap of these two service class switches produces the
sameschedule shown in Fig. 7.

To avoid the deadline missescausedby the coexistenceof serviceclasses,we
develop su�cien t conditions guaranteeing that there is no deadline miss during
serviceclassswitches.There are two casesfor serviceclassswitches:serviceclass
upgradeand downgrade.Serviceclassdowngradeoccurswhen oneor more than
one new task arrivesand the current serviceclassis infeasible for accepting the
new arrivals. Whereasserviceclassupgrade occurs when a task completesand
another serviceclasscan be used to provide better QoS application level. The
following theoremsshow the su�cien t condition for serviceclassswitches.

Theorem 3 (Service Class Do wngrade). Supposethe systemworkload is T
and the service classCL m is feasibleat t � " where " is a small positive number.
At time t, task � arrives and CL m is not feasiblefor T [ � . There is no deadline
miss while switching to service class CL n exclusively if service class CL n is
feasible for workload T [ � and em

i;j � en
i;j for all 1 � i � K and 1 � j � N

where K and N are the number of radar task types and tasks, respectively.

Proof. According to Property 1, we know that workload T [ � is feasiblewhile
serviceclassCL m is feasibleto T . Hence,there is no deadline to accept � while
CL m is used.

As workload T [ � with serviceclassCL n is feasible,the coexistenceof service
classescan be consideredas a special caseof applying service classCL m : The
jobs releasedafter time t only consumeen unit of time, which is lessthan em .
Since workload T [ � with service class CL m is feasible, there is no deadline
miss.

Theorem 4 (Service Class Upgrade). Suppose the system workload is T
and the service class CL m is feasible at time t � " where " is a small positive
number. At time t, the workload becomes T 0 due to task departures. There is
no deadline miss while switching to service classCL n exclusivelyif service class
CL n is feasible for workload T 0 and em

i;j � en
i;j for all 1 � i � K and 1 � j � N

where K and N are the number of radar task types and tasks, respectively.

Proof. During the serviceclassswitch, the resourceallocation is, in fact, a special
case of service class CL n . In this time interval, an instance of subtasks � i;j



releasedbefore time t consumes,at most, em
i;j , which is less than en

i;j . Since
serviceclassCL n is feasiblefor workload T 0, there is no deadline miss.

Theorem 3 and 4 are, indeed, the generalization of the service classswitch
conditions developed in our prior work. When serviceclassesare designedby the
diagonal heuristic, the covered workload state of service classesare all nested.
Becausethe workload state area of serviceclassCL i is nestedby that of service
classCL j , the WCET of every task in CL i is always greater than that in CL j .
In the example shown in Fig. 5, our prior work only allows the switch between
CL 1 and CL 4. However, Theorem 3 and 4 also allow the switchesbetweenCL 1

and CL 2, betweenCL 2 and CL 4, betweenCL 1 and CL 3, and betweenCL 3 and
CL 4. Only the switchesbetweenCL 2 and CL 3 are prohibited.

On-line Service Class Switc h Phase With the su�cien t conditions for on-
line serviceclassswitches,wenow developthe processof switching serviceclasses.
During a switch, the arrivals and departure events will be queuedto avoid that
more than one serviceclassswitch occur simultaneously. The time interval dur-
ing which the system switches the serviceclassis called service class transition
period. This period starts from a point of time at which the switch starts to the
maximum absolutedeadlinesof a�ected active tasks. An a�ected active task is a
task whoseallocated computation time has beenchangedand is eligible. While
searching the next serviceclassfor switch, the system�nds the onesuch that the
summation of worst caseinstantaneousutilization is maximal for current system
task set. The tie is broken by the length of serviceclasstransition period. The
shorter, the better. Such serviceclassis called the optimal service class.

The 
o wcharts for service class downgrade and upgrade are shown in Fig.
8 (a) and (b), respectively. When a new task arrives, the system �rst checks if
the system is in the service class transition period. If it is, the new task will
be queuedtill the end of the transition period. After that, the system checks if
the current serviceclassis feasiblefor the new systemworkload. If it is feasible,
there is no needto switch the serviceclass.Otherwise, the systemstarts to �nd
the optimal serviceclassthat meets the su�cien t conditions given in Theorem
3. As long as the optimal serviceclassis found, the systemacceptsthe new task
and starts to reallocate the computation time for every new releaseby changing
their state transition constraints. The processof serviceclassupgrade triggered
by the task departures is similar to that of serviceclassdowngrade.

With the o�-line designedservice classesand feasibility table, and on-line
service class switch, service class approach accepts new tasks and guarantees
their schedulabilit y without on-line time-consumingschedulabilit y analysis.The
following theoremprovesthe schedulabilit y guaranteedby serviceclassapproach.

Theorem 5 (Schedulabilit y). When the service classapproach is applied, all
tasks accepted to the systemalwayscompleteby their deadlines.

Proof. When the system workload does not change, the schedulabilit y analysis
assuresthat the upper bound to the responsetime of each task is always less
than its deadline. Hence,there is no deadline miss.
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When the system workload changes, the 
o wcharts in Fig. 8 (a) and (b)
show that there is, at most, one serviceclassswitch in the system at any time.
Moreover, Theorem 3 and 4 show there is no deadline miss during every service
classswitch. Hence,there is no deadline while the system workload changes.

These two casesconclude that there is no deadline miss for all tasks in the
system for all times.

Theorem 1, 2, and 5 show that service classapproach can e�ectiv ely solve
the criticalit y, fairness,and schedulabilit y problems in radar systems.

The limitation of our approach is that the resourcesare reserved on the
�rst-come-�rst-serv e base.If lots of lessimportant tasks arrive �rst and several
high importance tasks follow, all tasks may be asked to execute at the low
QoS application level. Our approach cannot automatically remove some less
important tasks so as to accommodate high importance tasks. To solve this
problem automatically, the rules of trading the executionsbetweentasks should
be given and are not available at this point. However, our approach provides the
feasibility table which allows the human experts to make an on-line decisionof
trading the executionsamong tasks.

4 Performance Evaluations

Compared to the semantic priorit y driven approach, the serviceclassapproach
gains and loses the resourceutilization in di�eren t aspects. The service class
approach loses resource utilization due to the schedulabilit y analysis for the



worst casescenario;however, it gains resourceutilization as tasks are scheduled
by their scheduling priorities. Unfortunately , it is extremely di�cult to develop
an analysis model to compare these two approaches. Hence, the performance
evaluation is conducted by simulating task executionsin a radar system.

In the simulated radar system,there are three major components, RCC, radar
equipment (antenna), and SP. Each of them is an independent processorhaving
its own queueand scheduler using the Rate Monotonic algorithm. RCC and SP
are preemptable processors;radar equipment is a non-preemptable processor.
A service class controller has been placed in front of the queue on RCC to
monitor the systemworkload and to switch serviceclasses.Task parametersare
listed in Table 4 and 5. Table 4(a) [2] shows the dwell length (i.e., execution
times) on the radar equipment, number of instances per period, period, and
semantic importance for FI tasks. There are 45 high-priorit y and 20 low-priorit y
search tasks every second in the system in order to search the entire space.
Table 4(b) shows the parameters for two tracking modes. Two tracking modes
allow the system to track the target with higher precision when it is necessary.
For instance, when the guided missile is approaching the predetermined target,
the missile should be tracked with higher precision to provide better guidance.
The fraction of being in the precisemode for one track task is set as0.2 and the
beginning of the precisemode is evenly distributed during its execution.For each
type of targets, the task type and period are determined by the mobilit y of the
target: supersonic,subsonic,or grounded.Table 5 shows the WCETs for SP and
RCC subtasks, maneuvering ratio, and noisy background ratio. Maneuvering
ratio indicates the percentage of time for a target to maneuver. Whenever a
target is maneuvering, the track task should �lter the data by �� 
 algorithm if
there is no noise in the background. Similarly, noisy background ratio indicates
the percentage of time for which a track task has noise in the return data. The
lifetime of a track task is set as 30 seconds.

The workload in the system consists of constant and random workloads.
Constant workloads consist of two search tasks, which are generated periodi-
cally; random workloads are track con�rmation tasks and track tasks. Random
workloads are controlled by two parameters,probabilit y of executing track con-
�rmation task and the distribution of the con�rmation results. A track con�r-
mation task is triggered by a search task when an object is found. The prob-
abilit y of executing the track con�rmation task for a search task, denoted by
Pc, rangesfrom 0.01 to 0.5. Track con�rmation task may identify the object as
a decoy, known object, hostile target, friendly target, or guided missile. If the
object is a decoy or known object, it is not necessaryto initiate a new task
to track the object. Otherwise, the system initiates a new track task to track
the object. The distribution of con�rmation results is presented by a 4-element
tuple for the fraction of the results to be a decoy/kno wn object, friendly target,
hostile target, or guided missile, respectively. Four di�erence distributions are
used in our simulations: (0:7; 0:1; 0:1; 0:1), (0:1; 0:7; 0:1; 0:1), (0:1; 0:1; 0:7; 0:1),
and (0:25; 0:25; 0:25; 0:25).



Dw ell Beams
Task T yp es Length per perio d Perio d (ms) Imp ortance

High-priorit y Search 6 ms 45 beams 1000 1
Track Con�rmation 6 ms 1 beam 500 2

High-Precision Track 2 ms 1 beam (100, 250) 3
Precision Track 4 ms 1 beam (100, 250) 4
Normal Track 4 ms 1 beam (250, 2000) 5

Low-Priorit y Search 2 ms 20 beams 1000 6

(a)

Track t yp e and Perio d
Target T yp e Normal Mo de Precise Mo de

Task T yp e Perio d Task T yp e Perio d
Hostile Target

Sup ersonic PT 100 HPT 100
Subsonic PT 175 HPT 175
Grounded PT 250 HPT 250

Friendly Target
Sup ersonic NT 250 PT 100
Subsonic NT 1125 PT 175
Grounded NT 2000 PT 250

Guided Missile
Subsonic PT 175 HPT 175

HPT: High-Precision Track, PT: Precision Track, NT: Normal Track

(b)
Table 4. Task Parameters

Parameters Value

W CET for SP subtasks

High Priorit y Search 2 ms
Track Con�rmation 2 ms
Track Task with

�� 
 1 ms
Least Square 0.8 ms
Kalman Filter 6 ms

Low-Priorit y Search 2 ms
W CET for RCC subtasks 0.5 ms
Maneuv ering Ratio 0.5
Noisy background Ratio 0.5/1.0

Workload Parameters
Prob. of executing con�rmation tasks( Pc ) 0.01 � 0.5

Table 5. Workload Parameters

The performancemetrics are the miss rate, discard rate, and valid rate. Miss
rate Rm , discard rate Rd, and valid rate Rv are the fraction of jobs missing
their deadlines,being rejected, and meeting their deadlines,respectively. Table
6 shows the miss rate, discard rate, and valid rate for the semantic priorit y
driven and service class approach for a 200 second interval. The �rst row of
these two tables indicates the distribution of con�rmation results. As shown in
the result, there is no deadlinemiss for the serviceclassapproach while the miss
rate for the semantic priorit y driven approach is as high as 0.69. Fortunately,
tasks missingdeadlinesare mostly low priorit y tasks when the semantic priorit y
driven approach is applied. Moreover, the valid rate for service classapproach
is much higher than that for the semantic priorit y driven approach. This is
becausetasks are scheduledby their timing parametersto provide more e�cien t
schedules.Moreover, task state reduction prevents greedy resourceusage.The
trade-o� is the performancedegradation, which will be shown later.



(0.1,0.7,0.1,0.1) (0.1,0.1,0.7,0.1) (0.25,0.25,0.25,0.25) (0.7,0.1,0.1,0.1)Pc R m R d R v R m R d R v R m R d R v R m R d R v

0.01 0.08 0.00 0.92 0.08 0.00 0.92 0.08 0.00 0.92 0.04 0.00 0.96
0.03 0.13 0.00 0.87 0.37 0.00 0.63 0.20 0.00 0.80 0.08 0.00 0.92
0.05 0.29 0.00 0.71 0.48 0.00 0.52 0.30 0.00 0.70 0.11 0.00 0.89
0.08 0.51 0.00 0.49 0.79 0.00 0.21 0.38 0.00 0.62 0.22 0.00 0.78
0.10 0.45 0.00 0.55 0.79 0.00 0.21 0.45 0.00 0.55 0.30 0.00 0.70
0.30 0.48 0.00 0.52 0.73 0.00 0.27 0.73 0.00 0.27 0.42 0.00 0.58
0.50 0.64 0.00 0.36 0.69 0.00 0.31 0.69 0.00 0.31 0.69 0.00 0.31

(a) Semantic Priorit y Driv en Approach

(0.1,0.7,0.1,0.1) (0.1,0.1,0.7,0.1) (0.25,0.25,0.25,0.25) (0.7,0.1,0.1,0.1)Pc R m R d R v R m R d R v R m R d R v R m R d R v

0.01 0.00 0.00 1.00 0.00 0.00 1.00 0.00 0.00 1.00 0.00 0.00 1.00
0.03 0.00 0.00 1.00 0.00 0.00 1.00 0.00 0.00 1.00 0.00 0.00 1.00
0.05 0.00 0.00 1.00 0.00 0.01 0.99 0.00 0.00 1.00 0.00 0.00 1.00
0.08 0.00 0.01 0.99 0.00 0.01 0.99 0.00 0.01 0.99 0.00 0.00 1.00
0.10 0.00 0.02 0.98 0.00 0.02 0.98 0.00 0.01 0.99 0.00 0.01 0.99
0.30 0.00 0.07 0.93 0.00 0.07 0.93 0.00 0.06 0.94 0.00 0.02 0.98
0.50 0.00 0.12 0.88 0.00 0.12 0.88 0.00 0.10 0.90 0.00 0.05 0.95

(b) Service Class Approach

Table 6. Rm , Rd , and Rv for the service classapproach

Fig. 9 shows the performance levels of three track tasks for the workload
in which the distribution of con�rmation results for decoy/unkno wn, friendly,
hostile and guided missile is (0.7,0.1,0.1,0.1).(Due to the limitation of space,
the results for the other three workloads are not shown. Their results are similar
to the one shown here.) As mentioned earlier, it is di�cult to quantify the
performance of tasks in radar systems. In this result, we show the number of
jobs completing in two di�eren t performance levels, \V ery Good" and \Go od"
according to the used algorithms. In Fig. 9 (a), we can seethat high-precision
track tasksalways havemore jobs completing with \V ery Good" performance.In
contrast, only half of normal track jobs completewith \V ery Good" performance
as shown in Fig. 9 (c). By degrading the QoS application level of lessimportant
tasks, the system is able to achieve a higher valid rate as shown in Table 6 (b).

The simulation results show the serviceclassapproach can e�ectiv ely solve
three problems presented in Section 1. Tasks in the system always meet their
deadlinesas long as a feasibleserviceclassis available. Starvation problem dis-
appearsas tasks having similar semantic importance consumethe sameamount
of resources.The increasedvalid rate proves this point. Moreover, the con
ict
between the scheduling priorit y and semantic importance is resolved because
high importance tasks always completeswith better performance and miss no
deadline.

5 Conclusion

This paper proposestwo techniques to provide schedulabilit y, criticalit y, and
fairness for radar systems. Task state reduction prevents tasks from greedily
seekingresourcesto achieve its own local optimal performance.The serviceclass
approach provides the schedulabilit y analysis and adapts the resourcealloca-
tion to dynamic system workloads. The su�cien t conditions for service class
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switch and the worst caseschedulabilit y analysis provides the real-time guar-
antee. Moreover, the evaluation results show that the service class approach
increasesthe valid rate with acceptableperformancedegradation.

In future work, we will extend our work to include multi-pro cessorsfor signal
processingand multiple radar equipments. In addition, we will integrate soft and
hard real-time guarantees in a radar system. As a result, the system provides
hard real-time guarantee for high importance tasks such as high-priorit y search
and high-precision track, and provides soft real-time guarantee for less impor-
tant tasks. By doing this, we can improve the performancewhen the system is
overloadedby low priorit y tasks.

Ac kno wledgmen t This work is supported in part by a grant from the MURI
program N00014-01-0576,in part by ONR N0004-02-0102,and in part by Lock-
heedMartin Corporation 1-5-36137.

References

1. R. A. Baugh. Computer Control of Modern Radars. New York: RCA Corporation,
1973.

2. T.-W. Kuo, Y.-S. Chao, C.-F. Kuo, C. Chang, and Y.-L. Su. Real-time dwell
scheduling of component-oriented phasedarray radars. In Proceedings of the IEEE
2002 Radar Conferences, pages92 { 97a, April 2002.

3. C.-G. Lee, C.-S. Shih, and L. Sha. Service class based online QoS management
in surveillance radar systems. In Proceedings of the IEEE Real-Time Systems
Symposium. IEEE, 2001.

4. R. Rajkumar, C. Lee, J. Lehoczky, and D. Siewiorek. A resourceallocation model
for QoS management. In Proceedings of the 18th Real-Time SystemsSymposium,
December 1997.

5. Modern Radar Techniques, chapter Computers and Data Processing in Radar.
Collins Technique Books, 1987.

6. Z. Deng, J. W.-S. Liu, and J. Sun. A schemefor scheduling hard real-time applica-
tion in open system environment. In Proceedings of the 9th Euromicro Conference
on Real-Time Systems, pages191{199, Toledo, Spain, June 1997. IEEE.

7. C.-G. Lee, C.-S. Shih, and L. Sha. Radar dwell scheduling considering physical
characteristics of phased array antenna. In Proceedings of the IEEE Real-Time
SystemsSymposium, 2003.

8. J. Sun and J. W.-S. Liu. Bounding completion times of jobs with arbitrary release
times and variable execution times. In Proceedings of the IEEE Real-Time Systems
Symposium, December 1996.

9. K. Tindell and J. Clark. Holistic schedulabilit y analysis for distributed hard real-
time systems. In Micorprocessing and Micr oprogramming, volume 50, pages117 {
134, April 1994.

10. C.-W. Hsueh, K.-J. Lin, and N. Fa. Distributed pinwheel scheduling with end-to-
end timing constraints. In Proceedings of the IEEE Real-Time SystemsSymposium,
1995.


