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ABSTRACT

The multi-constrained path (M CP) selection problem occurs when the quality of services (QoS)
are supported for point-to-point connections in the distributed multimedia applications deployed on
the Internet. This NP-complete problem is concerned about how to determine a feasible path
between two given end-points, so that a set of QoS path constraints can be satisfied simultaneously.
Based on the branch-and-bound technique and tabu-searching strategy, an optimal agorithm and a
tabu-search based heuristic algorithm are developed in this paper for solving the MCP problem with
multiple constraints. The experimental results show that our tabu-search based heuristic algorithm
not only outperforms the previous published method in [4], but also demonstrates that it isindeed a

highly efficient method for solving the MCP problem in large-scal e networks.
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1. INTRODUCTION

For real-time multimedia applications deployed on the broadband integrated services networks,
various QoS requirements, such as bandwidth, delay, cost, delay jitter, packet loss rate, etc., must be
supported in order to provide appropriate service quality [8,9,11]. To provide such QoS-based
services, a routing problem concerning how to select a feasible path from a source node to a
destination node, so that al the given QoS constraints can be satisfied simultaneously. This QoS
routing problem is often referred as a multi-constrained path selection problem (MCP) [1,2,3,4].

The MCP problem is known to be NP-complete [1,12]. To cope with the NP-complete, a
number of heuristics were developed for the MCP problem in the past [1,2,3,4,6]. In [1,2,6,10], the
MCP problem with only two independent additive QoS constraints was studied, and
polynomial-time heuristic algorithms were proposed. For the MCP problem with multiple additive
QoS constrains, two heuristic methods have been published in [3,4]. A limited path heuristic
modified from extended Bellman-Ford agorithm [5] was developed in [3], where the simulation
results show that this method works well for a small mesh of 64 nodes. However, since it requires
O( N In(N|) spacein each node to store all the legal partia paths, the required running space
could be enormous for networks with a large amount of nodes. Hence, this approach is not suitable
for the MCP problem in large-scale networks. In [4], arandomized heuristic algorithm with O(N?)
time complexity and O(N) storage complexity was proposed for the MCP problem with multiple
constraints. Although this heuristic algorithm can efficiently solve small-size MCP problems, its
performance degrades very fast as the distance between two given end-points is increased. A
simulation study of this agorithm is presented in section 5.

In this paper, an optimal agorithm and a heuristic algorithm are presented for solving the MCP
problems with multiple constraints. The optima algorithm is developed based on the
branch-and-bound technique, and its performance is much more efficient than the extended
Bellman-Ford based optimal algorithm proposed in [5,13]. As for the heuristic algorithm, it was

developed based on the tabu searching strategy and the branch-and-bound based optimal algorithm.



A number of simulations are presented in section 5. The experimental results show that our
tabu-search based heuristic method not just performs very well on a number of different network
topologies, but also demonstrates that it is indeed a highly efficient method for solving the

large-scale MCP problems.

2. THEMCPPROBLEM

Consider a network that is modeled by a directed graph G(V,E) , where V isaset of nodes
and E is a set of links. Each link (u,v) e E is associated with K positive additive QoS
parameters. w; (u,v), i =01,....,(K-1) . For non-additive QoS parameters like bandwidth, a
pre-processing procedure can be invoked to remove links with bandwidth less than requirement.
Hence, only positive additive QoS parameters are considered in this study.

For any link e from node u to node v , the following notation:
w(u,Vv) = w(e) = (W, (€),w, (e),......,w,_, (e)) , represents K QoS parameters assigned on link e. In
addition, for a path P and a QoS parameter i, the path weight w,(P) is defined as the
summation of w; (e) oneverylink e alongthepath P.

Given K congtraints C;, 0<i<(K-1), and a pair of nodes S and T representing a source
node and a destination node respectively, the goal of the MCP problem is to find a path P from Sto
T such that w, (P) <C;, where 0<i <(K-1). A path that can simultaneously satisfy al the QoS

constraintsis called afeasible path.

3. THEOPTIMAL ALGORITHM

In this section, we present an optima agorithm for the MCP problem. The agorithm is
developed based on the branch-and-bound technique and given in Figure 3. A heuristic procedure
modified from the optimal algorithm is used as a kernel function in our tabu-search based heuristic
algorithm, which is represented in section 4.

3.1. Thebranch-and-bound algorithm



In order to solve the MCP problem optimaly, a data structure called state-space tree is
generated from a given network G to record all the feasible paths. Based on the state-space tree, a
branch-and-bound based algorithm is applied to search for a feasible path. The state-space tree is
constructed in the following ways.

Let the source node of network G be the root of the state-space tree. As shown in Figure 2,

for each state node S, in the state-space tree, two labels mark it: one is the node number j in the
original network G and another one is an attribute vector. Let Y; denote the attribute vector of
state node S;. Let K denotes the number of QoS constraints, and Y; can then be defined as
follows:

(l) Y] :(Obj _ValueJ,ijl, ..... ,WJ’K),Where W],I :(UVZ)EPWJ’I (U,V), 1S| < K .

(2) In Figure 3, obj_value; in the attribute vector Y; is computed based on the following

equation:

obj _valug; = X [W(S=> J)=Cil, coriiiiiii @)

where obj _value; = apositiveinteger, if [w (s-> j)-C;]> 0, for any QoS parameter i .

In the above equation, we use w, (s—> j) representing the summation of w (e) on every link e
aong the path from source node s tonode j.

For any state node S, with node-label u, a new state node S, is created for each
down-stream node v, if thelink (u,v) isinthenetwork G. In addition, these new state nodes are
made to be children of S,, and they are at the same level in the state-space tree. For any
intermediate state node S; with node-label j, down-stream nodes of node j cannot be added in
the state-space tree if the w;; >C,, where C; is agiven constraint and 1<i<K. Since one of
QoS constraints is violated, the path from root to state node S; is not a feasible path for the MCP

problem. As aresult, the state node S; becomes aleaf node in the state-space tree.

By applying the above branching process recursively, the entire state-space tree is then obtained

for the MCP problem. The destination node must appear at some of the leaf nodes of the state-space



tree. Since the goal of our problem isto find afeasible path that satisfies all the path constraints, we
may speed up this searching process by giving priorities to the state nodes that are eligible for
branching. That is, the state node j with the smallest obj _value; should have the highest priority
to be selected for branching. This searching strategy is based on an observation that a state node
with smaller obj value would have more chance to lead to a feasible path. A priority heap
maintained in Figure 3 is used to keep al the state nodes, where the node with the smallest
obj _value should be always on the root of the heap. As shown in lines 24~25 of Figure 3, only
state nodes that contain non-destination nodes and their obj _value are not greater than zero, are
eigible for further branching, and are thus stored in the heap.

The time complexity of our branch-and-bound algorithm is bounded by O(d") with n
denoting the number of nodes in the network and d representing the largest node-degree, since at
the worst case the height of the state-spacetreeisat most (n—1) and the number of children of any
state node could be aslargeas d.

3.2. Theexample

To illustrate our branch-and-bound method for the MCP problem, a numerical example is given
in Figure 1 and 2. Based on a six-node network given in Figure 1, the nodes 0 and 5 are assumed to
represent the source node and destination node respectively, and the paths between these two nodes
must satisfy two QoS constraints, C, and C,, which are no more than 5. A state-space tree is then
constructed in Figure 2, where all the state nodes are numbered based on their creating sequence.

For example, state nodes s, and s; are created earlier than state nodes s; and s;, because
the obj _value of s; is —6 and the obj _value of s, is —7. The branching process occurs
on state node s, is earlier than state node s;. For the same reason, the branching process occurs
on state node s; is earlier than state node s;. Note that the path s, > s —s; — s, is not

feasible. The branching process stops after the first feasiblepath s, > s, > s; > 55 isfound.
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Initidlizeanodeheap H ;

Let S denotethesourcenode, and T denote the destination node;

Let C; =the jth congtraint, 1< j<K;

Let w,(u,v)=the jth QoS parameter onlink (u,v);

Let state S, storethesourcenode S and betheroot of the state-space tree;

Add S, toheap H;
While(H ¢ @) {

If (v isnotonthepathfrom S, to S,,and v isunvisited from u) {

Create anew statenode S, for v based on the information stored in state nod

e §, of

obj_valuev=Z']-<:1[WJ(PV)—C]-],Where obj _value, =1 if [w;(R)-C;]>0;

S, = remove_top(H);
For each node v adjacenttonode u stored at state S, {
u,
S,—>branch=YES ; §,—-> path=S,-> path+(u,v);
Let P, denotethepathfrom S, to S,;
If (obj _value, >0){
S,—>branch=NO;}
Else{
If (v==T){
S,— > branch=NO;
If (obj _valug, <0)
Return P, ;




(22) }

(23) Else{

(24) Add v toheap H ;

(25) Make the new statenode S, to be achild-node of state node S;;
(26)  }}1}}

(27)  Output “No feasible path found.”;

(28) }

Figure3. Thebranch-and-bound based optimal algorithm

Figure4. A partial path of length L.

4. ATABU-SEARCH BASED ALGORITHM

Since the MCP problem is NP-complete, the optima algorithm presented in the previous
section performs well only for networks with a small number of hops between source and
destination nodes. For large-scale networks, it may take too much CPU time to traverse the whole
state-space tree to find a feasible path. Hence, a tabu-search based heuristic algorithm is developed
in this section to solve the MCP problem in large-scal e networks.

Given an infeasible path P from node Sto node T as shown in Figure 4, our tabu-search based
heuristic algorithm was designed to iteratively reduce the cumulative link weights on randomly
selected partial paths R of P. This reduction is achieved by replacing old path R with a new
partial path R of lower cost, where cost is computed by a cost function defined in the equation (2).
The searching process of our heuristic algorithm can be outlined as follows:

(@ Tofindaninfeasible path P from Sto T, where PeM and M isdefined in the following:
M={Y, | ¥, representsthe path with the smallest value of w, (P) among all paths P

fromSto T, where w,(P) = > w (e) and 1<i<K}.
ecP

The set M can be determined by finding a set of the shortest paths between source and

destination nodes, where each shortest path is found based on a criterion that is to minimize the




summation of all link-weights along the path based on a QoS parameter. Hence, the cardinality of

set M is equa to the number of QoS parameters. The heuristic procedure stops if there is a

feasible path found intheset M .

(b) A pair of nodes u and v is selected on path P, where P=S->u+u->v+v-—>T. All the

(©

(d)

links on path u—>v are then removed. Note that the length of the selected path u—>v

should not be greater than a given integer L.

A branch-and-bound based heuristic (BBH ) procedure given in Figure 5 is applied to search

for a new partial path R for nodes u and v. The BBH procedure is modified from the

branch-and-bound based optimal algorithm given in Figure 3. The main goal of the BBH

procedure is to find a new path R, which is from node u to node v. The path R is

determined by the following cost function Y(R):

Y(R')=Minimization{gA(R')}, .............................................................. 2
R i=1
where A (R)=w (R)-C(R), if w(R)<C(R) ;

A(R)=10%(w (R)~C,(R)), if W(R)>C(R) :

C(R)=C(S->T)-C/(S->u)-C,(v->T), 1<i<K.
In the above equations, C,(R) represents the ith residual QoS constraint for the path R'.
Since our goal isto rebuild a complete feasible path P from node Sto node T at step (d), it is
not necessary to require the partial path R obtained at this step must be feasible with
respectiveto C,(R)) . In fact, we only need a‘good’ partial path R’, which can lead to a path
P found at step (d), where P could beinfeasible. Hence, based on the cost function defined

in equation (2), the BBH procedure is developed to search for a new path R° whose cost

value Y is minima. Note that for the case that path weight is greater than path QoS
congtraint (i.e., wi(R)>C,(R)), we make the path undesirable by multiplying the cost value

of the path by 10.

Let P =S->u+R +v—>T.If P isnot afeasble path, then P=P and jump back to



step (a). Otherwise, the procedure stops.

(e) The steps from (b) to (d) can be put together to form a path-rebuilding procedure, which is
embedded into a tabu-search based iteration loop, where a circular queue is implemented as a
tabu list for storing all the selected paths U->Vv. Only selected partial path that are not in the
tabu list are eligible for path rebuilding. The tabu-searched based procedure stops when a
feasible path is found or afixed number of iterations have elapsed.

Based on the above ideas, the complete pseudo-code of our heuristic algorithm is developed in

Figure 6. At line 8 in Figure 6, the initial value of L isset to be L., and the value is increased by

oneat line 28 if path R cannot be obtained after a certain number of iterations. Since the function
BBH is developed based on the branch-and-bound technique, it is only efficient for small-size
meshes. Furthermore, its performance degrades very fast as the mesh size exceeds some threshold
value, which is usualy a small integer. Hence, the maximum value of L is set to be a small integer,
Lo - Thevalue of L isreset back to L., a line16if apah R isfound. In section 5.3, a set of
simulations is carried out to show that the valuesof L, and L., would affect the performance
of our tabu-search based method.

One may use the branch-and-bound based optimal algorithm shown in Figure 3 to search for a
feasible path R for nodes u and v. According to our simulation results, the heuristic algorithm
developed based on the BBH procedure performs much better than the one developed based on
the optimal agorithm. This phenomenon is due to the fact that it is too hard to obtain a feasible
partid path R for nodes u and v; as a result, a large amount of iterations in the tabu-searching
process are wasted and the probability of finding a feasible path is low. On the other hand, athough
the goal of the BBH procedureisto find a“good” path R and the rebuilt path P° based on R
may be infeasible, however, the tabu-search based procedure can be prevented from being stuck into
some searching area by accepting an infeasible path P’ at line 23 in Figure 6. Hence, the searching

space explored by BBH procedure is much larger and the probability of finding a feasible path by



the tabu-search based procedure is much higher.
The time complexity of heuristic procedure in Figure 6 is bounded by the number of times of

the BBH procedure at line 14 being executed. Hence, itis O(d" * ITERATIONS) at the worst case.

Function BBH (src, dest, R, C;(R) Vi) {

(1) Compute Y(R) using the cost function defined in equation (2);

(2) Let BEST_COST=Y(R); R =¢;

(3) Letstate S, storethe source node src and be the root of the state-space tree;
(4 Add S, toanempty nodeheap H ;

(5) While(H ¢ o) {

(6) S, = remove_top(H);

@) For each node v adjacenttonode u stored at state S, {

(8) If (v isnotonthepathfrom S; to S,,and v isunvisited from u) {

9 Create anew statenode S, for v based on theinformation stored in state node S, of
u,

(10) S,—>branch=YES ; §,-> path=S,—> path+ (u,v);

(11) Let P, denotethepathfrom S, to S,;

(12) Let cost, be the path cost of P,, and compute the value of cost, using the cost
function defined in equation (2);

(13) If (cost, > Best_COST ) { §,— > branch= NO ;}

(14) Else{

(15) If (v==dest){

(16) BEST _COST =cost,; R =P,; S,—>branch=NO;

17 }

(18) Else{

(19) Add v toheap H;

(20) Make the new state node S, to be achild-node of state node S ;

(21) }}1}1}}
RETURN R’;

}

Figure5. The branch-and-bound based heuristic procedure

Tabu-sear ch based heuristic procedure{
(1) Givenanetwork G=(V,E)

(2 Let S denotethesourcenode, and T denote the destination node;

10




(3) Let C; =the jth constraint, 1< j<Kj;

4 LetF={P|PisapathfromStoT, and P isdetermined by Dijkstra algorithm based on K QoS
parameters};

(5 Let PeF,andP containsthelongest partial path that satisfies al the constraints;

(6) Let P betheinitia path for iterations;

(7) Initialize acircular queue Q to be the tabu list;

8 j=k=h=0 ;Giventwo smal integersL

(99 While( j < ITERATIONS)({

(10) Randomly select a partia infeasible path Ron P where Rc P,|RIKL;

min » I-max; Let L= I-min;

(12) Assume P=P,+R+P, and R isapath from nodeu to nodeyv;
(12) If (ReQ){

(13) Q=QuR; C(R=C-C(R)-C(R), 1<i<K;
(14) R =BBH(u,v,R,C;(R) Vi) ;

(15) If (R #¢){

(16) L=Lgn:

(17) Rebuild anew path P from nodeutonodevsuchthat P =P, +R +P,;
(18) orig_path=P ; //remember the original path
(19) If (P isafeasible path)

(20) RETURN P’;

(22) Else

(22) h=0;

(23) P=P;

(24) }

(25) Else{

(26) k++ ;

27 If ((k >ITERATIONS/10) AND (L < L) ) {
(28) L++ ; k=0;

(29) }

(30) h++;

(31) If (h >ITERATIONS/5) {

(32) P =orig_path; h=0;

(33) Yool

(34) j++;

(35 }

(36) Output “No feasible path found.”;

@7}

Figure 6. Tabu-search based heuristic procedure
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5. SIMULATION RESULTS
In this section, we have several sets of experiments to compare performance and efficiency for

the optimal and heuristic algorithms presented in this paper for the MCP problem. All the

simulations are done with the following experimental parameters. PlIl 866 MHz CPU, 512MB

RAM, Linux OS. The smulation programs were developed by C ++. For al benchmarks, the QoS

parameters (link weights) on each link are randomly selected from 0 to 10.

For the MCP problem, a heuristic method may not find a feasible path; even at least one
feasible path exists in the network. Hence, in this study, a parameter named “ success ratio” is used to
evaluate the performances of the heuristic algorithms. The “successratio” is defined as follows:

success ratio= number of feasible paths found by a heuristic algorithm / number of feasible

paths found by an optimal algorithm *100%.

Three agorithms are studied in this simulation. The first one is the branch-and-bound based
optimal algorithm presented in Figure 3. The other two are the tabu-search based heuristic algorithm
givenin Figure 6 and the TK_MK heuristic agorithm proposed in paper [4].

5.2. Benchmark generation
In order to measure the performance more accurately, two network topologies: ANSNET and

mesh given in Figure 7 and 8 are used in the simulations. For each network topology, two different

methods for generating benchmarks are designed to do performance comparisons for our
tabu-search based heuristic and TM heuristic. These two methods are described as follows:

(@) Based on a given pair of source and destination nodes of a network, a number of benchmarks
are generated by randomly assigning weights on each link of the network. The source and
destination nodes are chosen in a way that the number of hops of the path between them is as
largest as possible. In Figure 7, for example, assuming node 1 and node 32 be source and
destination nodes respectively, a number of benchmarks are generated by randomly assigning

weights on each link of the ANSNET. As for the meshes shown in Figure 8, the source and

12



destination nodes are located at the two-ends of the longest diagonal line of a mesh.

(b) This method is similar to the first one except that a pair of source and destination nodes is
randomly selected for each benchmark generated using the method (a). That is, a most N
distinct pairs of source and destination nodes may exist for N benchmarks generated.

Given a set of different number of nodes, two sets of benchmarks using the above two methods are

generated for simulations carried out in section 5.2. For simulations done in section 5.3, 5.4 and 5.5,

the benchmarks tested are generated by the method (&) only.

5.2. Performance

(A) ANSNET

A network topology shown in Figure 7 is modified from ANSNET [7], which was studied in

[3,4]. In Table 1 and 2, each data is obtained based on 1000 benchmarks. The constraints, C,/C,,

are chosen in away that the number of feasible paths found by the optimal algorithm can be spanned

in awide range.

As shown in Table 1 and 2, the average success ratios of two heuristics are more than 99%
based on different values of QoS constraints. The experimental results show that our tabu-search
based heuristic algorithm is almost as good as the TK_MK method for the ANSNET.

(B) Mesh
Like the ANSNET, for a NxN mesh, two sets of benchmarks are used to compare

performance between two heuristic algorithms. The experimental results are shown in Table 3 and 4,

where each data is computed based on 1000 benchmarks. Since optimal solutions cannot be found

for meshes with more than 81 nodes, the largest benchmark simulated isa 9x9 mesh in Table 3

and 4.

In Table 4, two heuristic methods give more than 99% success ratios for al benchmarks. While
in Table 3, the tabu-search based heuristic method outperforms the TK_MK method for all cases. In

Table 3, two end-nodes of the longest diagonal line of a mesh are used to be the source and

13



destination nodes (see Figure 8). The number of hops between thesetwo nodesona N xN meshis
atleast 2+(N-1). Since benchmarksin Table 3 are generated based on the same pair of source and
destination nodes, the length of each feasible path found in Table 3 isat least 2+(N-1). While in
Table 4, the average length of a feasible path isaround N. Asaresult, it is much harder to find a
feasible path for the benchmarks used in Table 3.

When the size of a mesh is increased from 49 nodes to 81 nodes, the average success ratio of
the tabu-search based method is changed from 94.5% to 92.9%, while the average success ratio of
the TK_MK method is decreased from 84.2% to 58.9%. Obvioudly, the performance of our

tabu-search based method is much better and stable than the TK_MK method for N x N meshes.

source

destination

destination Figure8. A 16-node mesh
Figure7. A network topology

5.3. Efficiency

In order to compare the executing time for two heuristic methods, several large size of meshes
are used for experiments. The benchmarks tested in this set of experiments are generated by the
method (a) described in section 5.1. The experimental results are shown in Table 5.

Each CPU time in Table 5 is a summation of the executing time of 100 different benchmarks.
Severa experimental results derived from Table 5 are summarized as follows:
e The optimal solutions cannot be obtained within a reasonable amount of time by the

branch-and-bound based optimal agorithm when the mesh size is greater than 81.

14



e For two heuristic algorithms, the executing time is increased when the values of QoS
constraints are decreased. However, for the branch-and-bound a gorithm, the executing time is
decreased when the values of QoS constraints are decreased. This phenomenon is due to the fact
that the number of state nodes, which are eligible for branching in the state space tree
constructed in the branch-and-bound agorithm, is increased when the values of QoS constraints
are increased. On the contrary, it would become harder for two heuristic algorithms to find a
feasible path when the given QoS constraints become tight.

e For small meshes, the executing speed of TK_MK method is faster than the tabu-search based
method. However, when the number of nodes of meshes is in the range between 2500 and
10000, our tabu-search based method is much more efficient than the TK_MK method.

e Let o= (#of feasible paths by TK_MK method) / (# of feasible paths by Tabu method) +100% .
Since the o values are much less than 1 for most of the benchmarks used in Table 5, the
performance of our tabu-search based method is much better than the TK_MK method. In
addition, the o value is decreased as the mesh size is increased. For the mesh size is not less
than 1600, the probahility is very low for the TK_MK method to find a feasible path with at
least 78 (i.e,, 2+*(40-1) hops, even the QoS constraints are so loose that the success ratio of
the tabu-search based method is 1.

e For amesh as large as 10000 nodes, it takes only around 4 seconds for the tabu-search based
method to find a feasible path with at least 198 hops. Hence, it is a highly efficient method for
the MCP problem in alarge network.

5.4. Thesuccessratioversusthe L. /L., for thetabu-search based heuristic algorithm
Based on meshes, the same set of 1000 benchmarks generated using the method (a) described

in section 5.1 is used to for two sets of simulations, which are with L., /L., =10/5 and

L

/L, =12/7 respectively. Asshown in Table 6, the success ratio is improved when the values

max min

of L., and L., areincreased. However, thisimprovement is at the expense of consuming more

15



CPU executing time.
5.5. Thesuccessratio versusthe number of QoS constraints

As shown in Figure 9, the success ratio is decreased as the number of constraints is increased
for two heuristic algorithms. However, the performance of the TK_MK method affected by the
number of constraints is much more serious than the tabu-search based method. This set of
simulations is based on 1000 benchmarks generated for an 8x8 mesh using the method (a)

described in section 5.1.

6. CONCLUSIONS

Based on the branch-and-bound technique and tabu-searching strategy, an optimal algorithm
and a tabu-search based heuristic algorithm are developed in this paper for solving the MCP problem
with multiple constraints. The experimental results show that our tabu-search based heuristic
agorithm not only outperforms the previous published method in [4], but also is a very efficient

approach for solving the MCP problem in large-scal e networks.

Tablel. Thefirst set of successratiosof two heuristic algorithms for the ANSNET

e Based on the network in Figure 7, source and destination nodes are set to be nodel and node 32
respectively.

e The number of feasible paths found by all algorithms is based on 1000 benchmarks, which are
generated by the method (@) in section 5.1.

o wWy,,w =0~10; L,y =10, L, =5.

C,/C, |#of feasible paths found| Tabu (success ratio) | TK_MK (success ratio)
by optimal agorithm

28/30 916 99.6% 98.9%

28/28 890 99.4% 99.1%

24/28 754 99.5% 99.6%

28/20 534 99.3% 100.0%

24120 395 98.2% 99.8%

20/20 230 100.0% 100.0%
Average 99.3% 99.6%

Table2. The second set of successratios of two heuristic algorithms for the ANSNET
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e The number of feasible paths found by all algorithms is based on 1000 benchmarks, which are
generated by the method (b) in section 5.1.
o wy,Ww;=0~10; Ly, =10, L, =5.

C,/C; # of feasible paths found | Tabu (success ratio) | TK_MK (success ratio)
by optimal algorithm

28/28 989 99.8% 100.0%

20/24 872 99.8% 99.7%

16/16 605 99.3% 100.0%

16/12 463 99.6% 100.0%

10/12 332 99.7% 100.0%

8/10 210 100.0% 100.0%
Average 99.7% 99.9%

Table3. Thefirst set of successratios of two heuristic algorithmsfor Nx N meshes

e The number of feasible paths found by all agorithms is based on 1000 benchmarks, which are
generated by the method () in section 5.1.
o wy,wy=0~10; Ly, =10, Ly, =5.

Nodes | C,/C, |# of feasible paths found| Tabu (success ratio) | TK_MK (success ratio)
by optimal algorithm

81 64/56 966 96.6% 69.2%
56/56 872 93.1% 57.7%

48/56 606 89.9% 58.4%

48/48 313 92.0% 50.2%

Average) 92.9% 58.9%
64 56/49 940 96.7% 77.2%
49/49 818 94.3% 66.9%

42/49 553 93.1% 70.3%

42/42 289 91.7% 70.9%

Average, 94.0% 71.3%
49 48/42 880 96.5% 83.1%
42/42 712 96.9% 81.3%

36/42 444 95.0% 84.7%

36/36 236 89.4% 87.7%

Average) 94.5% 84.2%

Table4. The second set of successratios of two heuristic algorithmsfor Nx N meshes
e The number of feasible paths found by all algorithms is based on 1000 benchmarks, which are
generated by the method (b) in section 5.1.
o wy,w=0~10; L, =10, L, =5.

Nodes | C,/C,; |# of feasible paths found| Tabu (success ratio) | TK_MK (success ratio)
by optimal algorithm
81 48/40 984 99.8% 98.4%
32/24 663 98.9% 98.3%
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24/24 546 98.9% 99.5%

16/16 287 99.7% 100.00%
Average) 99.3% 99.0%
64 42/42 995 99.9% 98.6%
28/35 866 99.4% 99.0%
28/21 621 99.2% 99.7%

14/14 259 99.6% 100.00%
Average, 99.5% 99.3%
49 36/36 984 99.7% 98.9%
30/24 846 99.5% 99.5%

18/18 483 99.2% 100.00%

12/12 227 99.6% 100.00%
Average 99.5% 99.6%

Table 5. Efficiency comparisonsbased on N x N meshes

The number of feasible paths found by al algorithmsis based on 100 benchmarks, which are generated
by method (a) in section 5.1.

Each CPU timeis a summation of all the executing time of 100 benchmarks.
The CPU timeis marked as “n/a’, if it is over 7200 secs.
The optimal solutions are found by branch-and-bound algorithm.
o = (# of feasible paths by TK_MK method) / ( # of feasible paths by Tabu method) * 100%
Optimal Tabu TK_MK
Nodes| C,/C, |#of feasible] CPU |#of feasible] CPU |#of feasiblel CPU o
paths (sec) paths (sec) paths (sec)
81 65/65 100 4522 100 0.4 86 0.2 |86.0%
81 60/50 79 1170 72 5.6 53 02 |73.6%
81 50/50 50 464.1 44 5.2 28 0.1 |[63.6%
100 70/70 n/a n/a 100 19 73 03 |[73.0%
100 70/55 n/a n/‘a 84 17.2 56 0.3 |[66.7%
100 | 55/60 n/a n/a 58 34.7 21 02 [36.2%
1600 | 310/280 n/a n/a 100 134 11 68.8 |11.0%
1600 | 250/250 n/a n/a 90 45.1 0 72.6 0%
1600 | 220/250 n/a n/a 55 171.2 0 65.6 0%
2500 | 400/300 n/a n/‘a 100 27.2 4 265.0 |4.0%
2500 | 350/300 n/a n/a 96 354 0 269.4 0%
2500 | 300/300 n/a n/‘a 57 162.5 0 272.0 0%
6400 | 550/600 n/a n/a 100 182.9 0 2117.0 | 0%
6400 | 550/500 n/a n/‘a 92 1924 0 2384.0 | 0%
6400 | 500/500 n/a n/a 66 2125 0 2413.0 | 0%
10000 | 750/700 n/a n/a 100 435.2 0 5132.0 | 0%
10000 | 700/600 n/a n‘a 92 442.9 0 5166.0 | 0%
10000 | 650/650 n/a n/a 76 449.1 0 5404.0 | 0%

Table 6. The successratio versusthe L, /Ly, for thetabu-search based heuristic method
e The success ratio and CPU time obtained for the tabu-search based heuristic are based on 1000
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benchmarks, which are generated by the method (@) in section 5.1.
o wy,,w;=0~10;

Nodes | C,/C; Linax / Lmin =10/5 Linax / Lmin =12/7
success ratio| CPU (sec) |successratio| CPU (sec)
81 64/56 96.6% 36.2 97.7% 114.5
56/56 93.1% 58.9 96.1% 115.6
48/56 89.9% 46.5 93.4% 116.0
48/48 92.0% 15.9 93.3% 42.4
Average 92.9% 39.4 95.1% 97.1
64 56/49 96.7% 255 97.7% 48.5
49/49 94.3% 331 97.2% 51.1
42/49 93.1% 222 100.0% 44.0
42/42 91.7% 10.9 95.5% 14.6
Average 94.0% 22.9 97.6% 39.6
49 48/42 96.5% 15.9 98.3% 19.5
42/42 96.9% 12.5 97.9% 16.2
36/42 95.0% 9.9 97.1% 11.1
36/36 89.4% 6.1 94.1% 8.5
Average 94.5% 11.1 96.8% 13.8
G S
il
B Tabii-search based JE—
mthod -
1,5k | — a .
R = rd
-..-"
07 F,
[l o

Ik ME method

] 4 1 2 Mumber o comstimints

Figure 9. The successratio versusthe number of constraintsfor an 8x8 mesh
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