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Abstract

Inthis paper, we study a general mapping problemwhere
a set of independent tasks compete for the shared resources
of a Grid environment. Tasks have resource co-allocation
requirements. Each task requires multiple and different re-
sources to be allocated simultaneously. At run-time, a task
may releaseits allocated resources during its execution and
before its completion time. Our objective is to minimize
the overall schedule length of all submitted tasks while sat-
isfying all resource sharing constraints among them. We
develop a two-phase mapping approach for solving this
problem. The first phase of our approach is off-line plan-
ning phase where a schedule plan, which gives a schedul-
ing order and resource assignments of tasks, is generated
at compile-time. The second phase is run-time adaptation
phase. The goal of the second phase is to improve the
performance of the schedule plan by adapting to run-time
changes such asthe early release of resources and the vari-
ation in computation and communication costs. Adaptation
may i nvolve changing the scheduling order and resource as-
signments of the original schedule plan. Our experimen-
tal results demonstrate the effectiveness of our approach
compared to a baseline algorithm that performs no adapta-
tion at run-time and to a dynamic algorithm that performs
no planning at compile-time. Our two-phase mapping ap-
proach outperforms both algorithms by up to 20% with re-
spect to the overall schedule length.

1. Introduction

Grid Computing [8] is emerging as a hew computing
paradigm that exploits awide variety of geographically dis-
tributed resources, such as supercomputers, 1/0O devices,
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storage systems, and specia devices, to enable the con-
struction of high-performance systems. Grid systems offer
a consistent and inexpensive access to resources irrespec-
tive of their physical location. A Computational Grid (or
simply a Grid) is also called a Heterogeneous Computing
(HC) [13] system or a Metacomputer [19]. Some of the key
features of grid systems are; domain autonomy, scalability,
security, and interoperability between systems [8]. A ma
jor chalenge in using such systemsis to effectively use all
the available resources. Complexities associated with the
management and usage of resources across multiple admin-
istrative domains need to be hided. In a grid environment,
different resources, controlled by diverse organizationswith
diverse policies in widely-distributed locations, need to be
used together [6].

M apping applications onto computational gridsisawell-
studied problem [2]. Most of the mapping agorithmsin the
literature are static and assume perfect estimation of com-
putation and communication costs are available at compile-
time (eq., [1, 3, 5, 12, 17, 18, 20, 21]). However, at
run-time, computation and communication costs may dif-
fer from the estimated costs and this may greatly affect the
performance of static algorithms. Severa dynamic algo-
rithms have been proposed (e.g., [10, 11, 14, 15, 16]). Most
static and dynamic algorithms consider compute resources
only. However, it is often the case in such systems that an
application requires multiple resources of different typesto
be allocated simultaneously. For example, an interactive
data analysis application may require simultaneous access
to a storage system holding a copy of the data, a super-
computer for analysis, network links for data transfer, and
adisplay device for interaction [9]. For such applications,
co-allocation of all the required resources is necessary. In
general, this problem is the resource co-all ocation problem.

At run-time, applications may not hold al their allocated
resources for the entire execution time. Some resources
may be released before a task finishes execution once the
task no longer needs these resources. For example, a data
repository that is needed by a task to get input data may



be released once all input data have been retrieved. Also,
scarce and expensive resources that are used at some stages
of atask’sexecution, such as a supercomputer that is needed
to process or analyze data at an early stage, can be released
as soon as the task finishes using it. For these cases, run-
time adaptation is needed to account for the variation in
computation and communication costs and to take advan-
tage of the early release of resources.

Inthis paper, we study ageneral mapping problemwhere
a set of independent tasks compete for the shared resources
of acomputational grid. Tasks have resource co-allocation
requirements where each task requires multiple and differ-
ent resources to be alocated simultaneously. At run-time,
a task may release some of its alocated resources during
its execution and before its completion time. This early re-
lease of resources cannot be predicted at compile-time. Our
objective is to minimize the overall schedule length of all
submitted tasks while satisfying all resource sharing con-
straints among them. To solve this mapping problem, we
develop a two-phase mapping approach. The first phase
of our approach is off-line planning phase where a sched-
ule plan is generated at compile-time. The schedule plan
gives a scheduling order and resource assignments of tasks,
such that the overall schedule length is minimized and all
resource sharing constraints are satisfied. The second phase
of our approach is run-time adaptation phase. The goal
of this phase is to improve the performance of the sched-
ule plan generated at compile-time by adapting to run-time
changes. We devel op afast and simple window-based adap-
tation algorithm that accounts for run-time changes such as
the early release of resources and the variation in compu-
tation and communication costs. At each mapping event,
the adaptation algorithm is applied to a subset of waiting
tasks based on their scheduling order in the schedule plan.
Adaptation may involve advancing the execution of some
tasks and changing their resource assignments specified in
the original schedule plan.

Our experimenta results demonstrate the effectiveness
of the two-phase mapping approach. The results show the
advantages of the approach compared to a baseline algo-
rithm that performs no adaptation at run-time. Our adapta-
tion algorithm improvesthe schedul e length of the schedule
plan generated at compile-time by up to 20%. We also com-
pare our approach to a dynamic algorithm that performs no
planning at compile-time and makes all mapping decisions
at run-time. Our approach has up to 11% improvement in
the overall schedulelength over the dynamic algorithm. For
the experiments, we vary the quality of estimated computa-
tion and communication costsin order to simulate different
run-time scenarios. When the quality of estimated valuesis
high, actual values are very close to estimated values.

Therest of this paper is organized as follows. In the next
section we define our mapping problem. In Section 3, we

discuss the first phase of our two-phase mapping approach:
the off-line planning phase. The second phase, the run-time
adaptation phase, is discussed in Section 4. Experimental
results are given in Section 5. Finally, Section 6 gives the
conclusions.

2. Problem Definition

2.1 System Model

We consider a computational grid with m compute re-
sources (machines), M ={m,,mas,...,m,,},andaset of r
non-compute resources, R ={ry, s, ...,r.}. Compute re-
sources can be HPC platforms, workstations, personal com-
puters, etc. A hon-compute resourcer;, € R can be adata
repository, an input/output device, etc. We assume that at
most one task can access any resource (compute or non-
compute resource) at any given time.

System resources are interconnected by heterogeneous
communication links. Estimated communication costs are
given by comm matrix, where comm(ry, m;) givesthe es-
timated cost for transferring a byte of datafrom resourcery,
to machine m;. M A(m;) gives alist of time slots when
machine m; is available and RA(ry) gives alist of time
slots when resource r;, is available. As the mapping pro-
ceeds, these lists are updated.

2.2 Application Model

In the system under consideration, a set of n independent
tasks, T'={ty,ts, ..., t,}, compete for the shared resources
of the system. We assume that the complete set of tasks to
be mappedisknownapriori. We a so assumethat each task
t; needs concurrent access to a set of resources. one com-
pute resource and a number of additional non-compute re-
sources as specified by its resource requirements set R(¢;),
where R(t;) C R. The amount of data to be transferred be-
tween task ¢; and resourcery,, wherer, € R(¢;), isgivenby
data(t;, ). We say that task ¢; and task ¢; are compatible
if R(t;) N R(t;) = ¢, otherwiset; and t; areincompatible.
Incompatible tasks cannot be executed concurrently due to
resource sharing constraints among them.

A task t; cannot start execution until al its required re-
sources are available. All required resources will be allo-
cated to t; during its execution. We assume that all required
resources are acquired at the same time. These resources
will be available for other tasks once released by ¢; during
its execution, or when it completes its execution. No infor-
mation is assumed to be available at compile-time about the
early release of resources.

We assume that an estimate of the computation time
of atask ¢; on every machine m; is available at compile-
time. These estimated computation times are given in



an Estimated Computation Time (ECT) matrix. Thus,
ECT(t;,m;) gives the estimated computation time for
task ¢; on machine m ;. If task ¢; cannot be executed on
machine m;, then ECT(t;,m;) is set to infinity. The
execution time of task ¢; on machine m;, Exec(t;, m;),
depends on the computation time of ¢; on m; and data
transfer times between m; and all resources which ¢; needs
to access during its execution. For example, for systems
that assume computation and communication cannot be
overlapped, Exec(t;, m;) can be defined as

Ezec(ti,mj) = ECT(t;,m;)+
Yvreer(t (data(ti, ri) x comm(ri, m;))

where the last term gives the total time to transfer any
required data between m; and every resource r;, € R(t;).
Ezec(t;,m;) can dso be defined in different ways to
consider the overlapping of computation and communica-
tion as well as other communication models. The average
execution time of task ¢;, Exec(t;), is defined as

Exec(t;) = Z Ezec(t;,mj)/m

Jj=1

ST(t;,m;) and FT(t;,m;) arethe earliest estimated start
time and finish time of task ¢; on machine m;, respectively,
if t; were to be mapped on m;. ST(t;, m;) is equal to
the earliest time when m; is available for a duration of
Egzec(t;,mj). FT(t;,m;) isdefined as

FT(t;,mj) = ST(t;,m;) + Exec(t;, m;j)
2.3 Objective Function

Our objectiveis to minimize the overall schedule length
(or makespan) of all submitted tasks while satisfying al im-
plied resource sharing constraints among them. The objec-
tiveis not to optimize the performance of anindividual task.
Thus, we can formally define our objective function as

Minimize {mréf( [Finish Time(t;)] }
1=
where Finish Time(t;) is the completion time of task ¢;
and n is the total number of submitted tasks.

3. Off-Line Planning

The first phase of our two-phase approach for solving
the general mapping problem defined in Section 2 is the off-
line planning phase. The goal of this phase is to generate
a valid schedule plan that minimizes the overall schedule
length of all submitted tasks while satisfying all resource
sharing constraints among them. The schedule plan gives

a scheduling order and resource assignments of tasks. It
also specifies estimated start and finish times of each task
on al required resources. Start and finish times, as well
as resource assignments, are specified by a static mapping
algorithm used in this phase and are based on the estimated
computation and communication costs. In this phase, we
assume that all required resources will be held by atask for
its entire execution time since the early release of resources
cannot be predicted at compile-time.

In [4], we have developed several static algorithms for
mapping applications, which are represented by Directed
Acyclic Graphs (DAGs) and have resource co-allocation re-
quirements, onto HC systems and computational grids. A
Compatibility Graph, g = (V, E), isused in [4] to capture
theimplied resource sharing constraintsamong tasks, where
vertex v; denotestask t; and edge e;; existsif and only if ¢;
andt; areincompetible. Theideaof the algorithmsis based
on selecting maximal sets of independent tasks and execute
them concurrently. An independent set of an undirected
graph is defined as a set of vertices such that no two ver-
tices of the set are adjacent [ 7]. Anindependent setiscalled
amaximal independent set if there is no other independent
set that contains it [7]. A maximal independent set of the
compatibility graph, g, represents a maximal set of tasks
that have no precedence and resource sharing constraints
among them and can be executed concurrently. Since inde-
pendent tasks representation can be considered as a special
case of DAG representation, the idea of the algorithms de-
veloped in [4] can be used in the off-line planning phase to
generate a schedule plan. Figure 1 shows the pseudo code
of our off-line planning algorithm. The algorithm is based
on the Highest Average-Execution-TimeFirst (HAETF) al-
gorithm developed in [4]. Additional details about HAETF
algorithm can be foundin [4].

4. Run-Time Adaptation

The second phase of our two-phase mapping approach
is the run-time adaptation phase. The goal of this phase
is to improve the performance of the schedule plan gen-
erated in the first phase by adapting to run-time changes.
At run-time, actual computation and communication costs
may differ from the estimated costs used in the off-line plan-
ning phase to generate the schedule plan. Also, tasks may
release some of their allocated resources during their ex-
ecutions and before their finish times (as opposed to the
assumption made in the first phase). Therefore, we need
to adapt to run-time changes and we may need to modify
the original schedule plan (i.e., the scheduling order and re-
source assignments of tasks) in order to improve the overall
scheduling length of all submitted tasks.

We develop a fast and simple window-based algorithm
for run-time adaptation. The scheduling order and resource



Off-Line Planning Algorithm

egin
Initialize:
T={ dl submittedtasks }, ALLOCATED = ¢, and Sch_Plan = ¢.
length = 0.
Construct the compatibility graph g.
Pick atask t. with the highest Exec(t.) fromT.
Find a maximal independent set of tasks S from 7" suchthat¢. € S.
While T is not empty do:
Sort tasks in a non-increasing order of their Exec(t;).
For each task ¢; in .S (in their order) do:

©oo N A~AWDNDED

10. Assign acompute resourcem to ¢; in order to minimizeitsfinish time FT'(¢;, m;).
11. Add ¢; (with its start time and finish time, and resource assignments) to Sch_Plan.
12. Update M A(m;) and RA(ry), Vry € R(t;).

13. If (FT'(t;,m;) > length) thenlength=FT (t;, m;).

14. Addall tasksin S to ALLOC AT ED and remove them from 7T'.

15. Lett, bethealocated task with the lowest finish time FT'(t,, m;).

16. Removet, from ALLOCATED.

17. LetC =T, whereC isthe set of candidate tasks that can be allocated next.
18. Removeall tasksfrom C' that are incompatible with any allocated task.

19. If(C # ¢):

20. Pick atask ¢, with the highest Exec(t.) from C.

21. Find a maximal independent set of tasks S from C suchthatt. € S.

22. End (while)

End

Figure 1. Pseudo code of the off-line planning algorithm



assignments of the origina schedule plan are used in our
adaptation algorithm. The algorithm starts by executing
the first maximal independent set of tasks as ordered in the
schedule plan. Then, the algorithm proceeds by considering
a subset of waiting tasks at each mapping event in order to
adapt to run-time changes. Adaptation may involve chang-
ing the scheduling order and resource assignments of the
selected subset of tasks.

A mapping event is defined as the time when our run-
time adaptation is applied to a selected set of tasks. Map-
ping events can be repeated at fixed time intervals (e.g., ev-
ery 100 seconds), every time a task finishes execution, or
every time a resource becomes available. In general, more
frequent mapping eventsleadsto a better adaptation. On the
other hand, the cost of adaptation increases asthe frequency
of mapping events increases. The frequency of mapping
events can be modified and adjusted dynamically at run-
time. In our approach we choose mapping events to occur
every time aresource becomes available.

The reason of only selecting a subset of tasks (a win-
dow of tasks) to be considered at each mapping event is to
minimize the cost of adaptation. Considering all waiting
tasks will be not only expensive but also adversdly affects
the original schedule plan. We want to avoid thrashing and
ensure that the performance of our adaptation is no worse
than no-adaptation approach.

Pseudo code of our run-time adaptation algorithm is
shown in Figure 2. The agorithm starts by executing the
first maximal independent set of tasks as sel ected by the off-
line planning algorithm (Steps 3-4). The start time of these
tasksin the original schedule planis equal to 0. Thesetasks
will be executed on their assigned machines in the sched-
ule plan. Our adaptation algorithm cannot be applied to this
set of tasks since thereis no information available yet about
any variation in computation and communication costs or
early release of resources. Then the adaptation algorithm
proceeds as follows until all tasks are executed. A subset of
tasks, S, is selected at each mapping event starting from the
first waiting task based on the scheduling order of the sched-
ule plan (Step 8). The size of S is equal to a pre-selected
value of window-size. In Step 9, all tasks that cannot be ex-
ecuted at this mapping event are removed from S. Then, all
tasksin S are considered for execution one-by-onein their
scheduling order in the schedule plan. For each task ¢; we
first find the machine m,, that gives the best finish time for
t; at this mapping event. Then, we compare m;, to machine
m; that has been assigned to ¢; by the off-line planning al-
gorithm as specified in the schedule plan. Based on this
comparison, we decide if we would execute ¢; on machine
my, at this mapping event or not. The comparison can be
one of the following cases:

1. mp = Mmj
Machine m, is the same machine selected by the off-

line planning algorithm for task ¢; and most likely itis
the best suited machinefor ¢;. Therefore, our approach
for this case is to execute ¢; on my; at this mapping
event.

2. mp 75 m;
Machine my, is different than the machine selected by
the off-line planning algorithm for task ¢;. For this
case, we compare the performance of both machines
based on the estimated execution time of ¢; on each
machine as follows:

(@) Exec(t;,my) = Exec(t;,m;)
Our approach for this case isto executetask ¢; on
machine my;, at this mapping event because m,
has the same performanceasm;.

(0) Ezec(ti,ms) < Exec(t;, m;)
In this casg, it is clear that machine my; is better
suited for task ¢; than m; but the off-line algo-
rithm did not assign it to ¢;. We have a good op-
portunity at thistimeto improvethefinish timeof
t; by executingit on m;,. Therefore, our approach
isto execute t; on my, at this mapping event.

(c) Exec(t;,my) > Exec(t;,m;)
For this case, our experiments show that it is not
alwaysagoodideato executet; onm, especially
if Exec(t;,mpy) > Exec(t;,m;). Even though
my, IS expected to be the best machine for ¢; at
thistime, but the schedule length will suffer if the
actual executiontime of ¢; onm,;, ismuch greater
than Ezec(t;,m). A small difference between
the actual and the estimated value of the execu-
tion time can have a large effect on the sched-
ule length if Exec(t;, ms) > Exec(t;, m;).
Our approach for this case is to execute ¢; on
my a this mapping event if Exec(t;,my) <
(Ezec(t;,mj) + A Exec(t;,m;)), where A
(Délta) is avalue between 0% and 100%.

The complexity of our run-time adaptation algorithm is
a function of number of tasks, number of mapping events,
and window size.

5. Experimental Results

We conducted extensive simulations to evaluate the per-
formance of our two-phase mapping approach. To define a
grid system, number of machines (no_machines) and num-
ber of resources (no_resources) are given to a software sm-
ulator as inputs. Estimated communication costs among all
resources are sel ected randomly from a uniform distribution
with a mean equal to ave_comm.

The workload consists of independent tasks that are ran-
domly generated as follows. The total number of tasks,



Run-Time Adaptation Algorithm

Begin

1. Let sch_plan bethe schedule plan generated in the off-line planning phase.

2. counter =0.

3. Runthefirst maximal independent set of tasks as ordered in sch_plan:

4. using the scheduling order and resource assignments of sch_plan. Update counter after each execution.
5. counter points now to the first task that cannot run at thistime (i.e., time 0).

6. While (counter < total number of tasks) do:

7. At each mapping event do:

8. Select a subset of tasks, .S, with a size equals to window-size ,starting from sch_plan|counter).
9. Remove dll tasksthat cannot run at this time from S (preserve the scheduling order).

10. For eachtask ¢; in S (in their scheduling order) do:

11. Find the best machine m,, to executet; at thistime.

12. Executet; onmy if Exec(t;, my) < (Exzec(t;, m;) + A Exec(t;, mj)),

13. where m; is the machine assigned to ¢; in sch_plan.

14. counter++.

15. End(while)

End

Figure 2. Run-time adaptation algorithm



no_tasks, and average computation cost of atask, ave_comp,
are given as inputs. The estimated computation cost of
each task on every machine is randomly selected from a
uniform distribution with a mean equal to ave_comp. Re-
source requirements for each task are randomly selected
from available resources. Number of required resourcesis
randomly selected from a uniform distribution with a mean
equal to y/no_resources. The amount of datato be trans-
ferred to/from each resource in the resource requirements
set is randomly selected from a uniform distribution with a
mean equal ave_data_size.

The actua (run-time) values of computation and com-
munication costs are randomly selected from auniform dis-
tribution within the range [-PE,+PE] of the estimated val-
ues, where PE (Percentage Error) is a value between 0%
and 100%. Perfectly estimated values correspond to PE=0.

For our experiments, no_machines was set to 10 and
no_resources was set to 20. Tasks were generated with
ave_comp=50 and ave_data_size=300 Kbyte. PE was set to
50%, A was set to 15%, and window size (window-size)
was set to 25% of total number of tasks. We use two per-
formance metrics to evaluate the performance of our map-
ping approach. These metrics are: (1) the overall schedule
length, and (2) adaptation cost (time) on a Sun Enterprise
250 with 1 Gbyte of memory. We compare our approach
to a baseline algorithm that performs no adaptation at run-
time. The baseline algorithm is called No-Adapt algorithm.
Each data point in the figures of this section is an average
of 25 distinct runs.

Figure 3 compares our approach and No-Adapt algo-
rithm with different numbers of tasks ranging from 100
tasks to 500 tasks with increments of 100 tasks. Our ap-
proach has up to 20% improvement in schedule length over
No-Adapt algorithm. Figure 3 clearly shows the advantage
of our approach over No-adapt algorithm that performs no
adaptation at run-time. Asshownin Figure4, the cost of our
adaptation algorithmisvery small comparedto expected ex-
ecution times of applications in HC systems and computa-
tional grids. The cost of adaptation is less than 1 second
with 500 tasks.

The comparison of our approach and No-Adapt algo-
rithmwith different window-size valuesis shownin Figure 5
and Figure 6. The total number of tasks in both figuresis
300 tasks. We changed the value of window-size from 15 to
120 tasks with increments of 15 tasks. This correspondsto
changing window-si ze values from 5% to 40% of total num-
ber of tasks with increments of 5%. Figure 5 showsthat the
improvement in schedule length of our approach over No-
Adapt algorithmincreases as the window sizeincreases. On
the other hand, the cost of our adaptation algorithm aso in-
creases as the window size increases as shown in Figure 6.
This is because, as window size increases, more tasks are
examined by our algorithm at each mapping event. For this

experiment, we found that the performance of our approach
isrelatively the same with window-size> 120 tasks (40% of
total number of tasks). This is due resource sharing con-
straints, which prevent tasks to run at the same time. Thus,
increasing the window size would not help finding more
tasks that can run concurrently if resource sharing among
tasksis high.

The effect of PE value on the performance of our ap-
proach is shown in Figure 7 for a set of 300 tasks. We
changed the value of PE from 25% to 100% with incre-
ments of 25%. As shown in the figure, the improvement in
schedule length of our approach over No-Adapt algorithm
increases as PE value increases. This clearly shows that
the advantage of our run-time adaptation approach increases
as the quality of estimated computation and communica-
tion costs decreases. No-Adapt algorithm, which uses esti-
mated values only and does not adapt to run-time changes,
is greatly affected by the quality of estimated costs.

Figure 8 shows the effect of A values (defined in Sec-
tion 4) on the performance of our mapping approach for a
set of 300 tasks. In the figure, we changed the value of A
from 10% to 90% with increments of 10%. Asshowninthe
figure, the improvement in schedul e length of our approach
over No-Adapt algorithmincreases as A valueincreases un-
til 25%. After that, the performance of our approach de-
creases. Recall that A is used in our run-time adaptation
algorithm to compare the performance of two machinesin
order to make a decision regarding advancing the execution
and changing the machine assignment of atask ¢;. If the
valueof A ishigh (dependson PE value), asmall difference
between actual and estimated computation and communi-
cation costs can have a large effect on the schedule length
(as explained in Section 4). In our experiments, we found
that adaptation may lead to worse results than No-Adapt
algorithm when the total number of tasks is small and the
difference between estimated and actual computation and
communication costs is small (i.e., the quality of estimated
valuesis high).

In order to demonstrate the effectiveness of our off-line
planning algorithm, we compare our approach to a dynamic
algorithm that performs no planning at compile-time. Ini-
tialy, the algorithm, called No-Plan algorithm, randomly
orders all tasks. Then, it examines a subset, S, of tasks for
mapping at each mapping event. The size of Sis equal to
window-size. A task, which can be executed at a mapping
event, is mapped to its best machine at that time. Figure 9
shows the comparison between our approach and No-Plan
algorithm with respect to schedule lengths. The frequency
of mapping events and the window size are the samein both
approaches. As shown in Figure 9, our approach has up
to 11% improvement in schedule length over No-Plan a-
gorithm. This clearly shows the advantage of our off-line
planning algorithm.
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6. Conclusions

In this paper, we have developed a two-phase approach
for mapping a set of independent tasks onto a grid envi-
ronment. Tasks have resource co-allocation requirements
where each task requires multiple and different resourcesto
be allocated simultaneously. Thefirst phase of our approach
is the off-line planning phase where a schedule plan is gen-
erated at compile-time with the objective of minimizing the
overall schedulelength of all submitted tasks while satisfy-
ing all resource sharing constraints among them. The sec-
ond phase is the run-time adaptation phase where run-time
changes, such as the variation in computation and commu-
nication costs and the early release of resources, are con-
sidered in order to improvethe performance of the schedule
plan generated at compile-time.

We have evaluated the performance of our two-phase
mapping approach with simulation results. The experimen-
tal results showed the advantages of our run-time adapta-
tion algorithm compared to a baseline algorithm that per-
forms no adaptation at run-time. Our adaptation algorithm
improved the schedule length of the schedule plan gener-
ated at compile-time by up to 20%. The results also showed
that the our approach has up to 11% improvement in the
schedule length over a dynamic algorithm that performs no
planning at compile-time. This showed the advantage of
our off-line planning algorithm. In general, the experimen-
tal results demonstrated the effectiveness of our two-phase

mapping approach.
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