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Anew routing design algorithm is presented for
circuit-switched networks with dynamic routing
capabilities. It is assumed that, in such networks,
a transaction request can be set upbytrying a
sequence ofpaths connecting the originating switch
and destination switch. The request will be con­
nected through the first path thathas an available
circuit at the time ofthe request. The objective of
thisalgorithm is to maximize the network through­
putor revenue under a given capacity and load. The
algorithm is a heuristic that first solves a simpler
linear programming (LP) problem. It thentrans­
forms the LP solution into a feasible solution for the
original nonlinear optimization problem. The solu­
tion is then improved through "route trimming" and
"route expansion" processes. By using variants of
Karmarkar's method implemented ontheAT&T
KORBX® system to solve the LP problem, the algo­
rithm can be applied to large networks with poten­
tially hundreds ofswitches. Furthermore, inmany
cases the algorithm provides near-optimal routing
solutions with objective values that arewithin 0.5
percent of the optimal solutions.
Introduction

This paperdescribes a routing sequence optimization (RSO)
algorithm that provides a routing schemefora circuit-switched net­
workwith dynamic routing capability undergiven offered loads and
given linkcapacities.

Weassumethat the circuit-switched network is supported with
the features required for a sequential routing scheme. That is,a trans-
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Figure 1. Routing
sequence for clrcult­
switched networks.
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action request can be set up from the originating switch
to the destination switch by tryinga sequenceofpaths
connecting the two switches (see Figure1).The request
will be connected and routedthrough the firstpathwith­
in the sequencethat is found to havefree capacity at the
moment the callrequest is made. The purpose ofthe
algorithm is to provide a sequenceofpaths,called a
route, for each node pairso that the average network
throughputor the revenue generatedby the throughput
is maximized.

The routing designproblem is a nonlinear opti­
mization problem. The RSO algorithm, however, is based
on solving an approximate problem usinglinearprogram­
ming and then improving the derived solution to achieve a
better objective value (throughput or revenue). In many
examples on which wetested our method, wehaveseen
that the RSO algorithm canachieve objective values
which are verycloseto the optimal values. Arelated
algorithm that uses a linearprogramming approach pro­
videsa network capacity designmethodfor networks
with dynamic routing.'
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Formulation of the Problem
Given a network consisting ofN nodes, the num­

ber ofnodepairsis N (N - 1)/2. Weassumethat for
each nodepairk there is a link (also labeled k) whose
capacity is Ck trunks.Wealsoassumethat the demand
loadfor nodepairk isDk erlangswith peakedness Zk-

Anetwork uses paths to transporttraffic. Dif­
ferentnodepairsuse different paths to transporttheir
traffic. Apathfora node pairk canbe either the direct
path Oink k) or a two-link path connecting the sameend­
points. ArouteR(k) for nodepairk is a sequence of
pathsp1, P2, ... ,pJ(k) fork such that the traffic blocked
fromp) is overflowed toPi+b for j = 1,2, ... ,J(k) -1.
Note that the totalnumberofpathsJ(k) varieswith k. A
routing schemeis a set (R(k): k = 1, 2, ... , K} consist­
ing ofroutes for allnode pairs, whereK = N(N - 1)/2.

.Given a pathPfor nodepairk, the load f p thatP
carriesfork is called the path flow ofp. If wesum up all
flows overthe pathscontaining the samelink1, the sum
is called the link flow of1. Neithera pathflow nor a link
flow canbe calculated independently ofanyother path
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Linear Programming Approximation
The objective ofthe LPproblemis the same as

the original problem, that is, to maximize the throughput

3. Nonlinear approximation: deriving a solution for the
nonlinear problemand further improving it.

Aflow chart ofour algorithm is given in Fig­
ure 2. In the following sections, weprovide the detailed
descriptions of these steps.

Initialization
Candidate paths are selectedby examining cer­

tain transmission quality assuranceconstraints. To find
paths satisfying the constraintsrequires checkingevery
possible path, composed ofone or twolinks, byvarious
standards, such as distancerestrictions, avoidance of
usingcertain nodes as vianodes, etc.We retainonly
those paths meetingthe set ofconstraints.(1)

(2)
K

1: r, 1: f p
k=l PER(k)

A similarproblemis to finda routingscheme
that maximizes the revenue

flows or linkflows. Rather, one has to solve a set of non­
linearequationsto obtainallpath and linkflows simul­
taneously. It suffices to say that forgivenD k» Ck» Zk» and
R(k) for allk, one can derivet, for allp E R(k),
k = 1, 2, ... , K, by solving a set ofnonlinear equations.
We refer to these equationsas flow equations. The formu­
lation ofthese equationsis based on queueing approxi­
mations, similarto those described in Chapter4 of
Cooper.! Similar flow equationsalsowere solved in Ash
et al.'

The routing design problemis to find a routing
scheme that maximizes the networkthroughput

K

1: 1: fp
k=l pER(k)

where r k is the revenue per unit ofloadfor node pair k.
In fact, if we set rk to 1for allk, then problem (2)
reduces to problem (1). Thus, the throughput maxim­
ization problemis a subproblemofthe revenue maximi­
zation problem.

Solution Process
For the size ofthe problemthat we are dealing

with,the computational requirements make it virtually
impossible to always find an optimal solution. Aheuristic
approach must be taken as the practical wayto solve our
problems.

We divide our heuristic approach intothree
steps:
1. Initialization: generatingcandidatepaths for each

node pair.
2. Linear programming (LP) optimization: setting up and

solving an approximate LPproblem.

or the revenue

(4)

The LPproblemconcerns itselfonly withthe candidate
paths in a route,withoutconsidering the order in which
these paths are attempted. Oncethe flows f p are deter­
mined, the sequence ofpaths within each route is set by
the nonincreasing order ofpath flows.

When the LPproblem is formulated initially,
R(k) in problem (3) or (4) is simply taken to be the set of
candidate paths for k,as is generated in the initialization
step. In subsequent iterations, when a newLPproblem is
formulated, R(k) will be taken as the pathswithin the
route for k generated in the previous nonlinear approxi­
mation step.

The constraintsfor the LPproblem are specified
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Figure 2. Flow chart
for routing sequence
optimization.

as follows. Aset ofinequalities specifies the constraints
on linkflows:

K

L L fp-:;'C/
k=l pER(k)

P-=>/

foralII (5)

become virtually disconnected underan overloaded
situation, if maximizing throughput or revenue is the
only objective.

The final constraint consists oflower andupper
bounds forpathflows specified by the following inequali­
ties:

Herethe notation p ~ 1meansthat pathp contains link1.
Thus, constraint (5) requires that the sum offlows over
the pathscontaining link1should notexceedthe capacity
oflink1.

Asecond set ofinequalities specifies the lower
and upperboundson the routeflows:

Whenthe LPproblem is formulated initially, up is taken
to be the capacity ofp, which is the minimum capacity of
the linkscomposing pathp. In later iterations, when a
newLPproblem is formulated, weuse the previous
offered loadto constrain the pathflow so that the LP
problem becomes a closerapproximation to the original
problem. The offered load to a path is defined to be
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A k s L fp s»,
pER(k)

for allk (6)

for allp E R(k) andallk (7)

where0 s A k s D k.
Here,A k is takento be the carriedloadforkin

the previous feasible solution forthe nonlinear approxi­
mation step.Whenthe LPproblem is formulated initially,
weset upa routing schemeusingsimple heuristic rules.
LetA k be derived from the solution to the flow equations
associated with this routing scheme. In a later step,when
a newLPproblem is formulated, the routing schemewill
be just the onegeneratedin the previous step. The rea­
sonfor introducing A k in constraint (6) is to assure some
minimal throughputforeach nodepairk.Without such
lower bounds, it is possible that someofthe nodepairs
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gp
1- bp

wheregp is the pathflow forp determined bythe routing
schemegeneratedin the previous (nonlinear approxima­
tion) stepand bp is the pathblocking ofp.

To summarize, LPflow optimization has the
objective ofmaximizing expression (3) or (4) undercon­
straints (5), (6), and (7). The formulation ofthe original
nonlinear problem specifies the sameconstraints as the
LPproblem at the first iteration with the addition ofthe
flow equations. Hence, anyfeasible solution ofthe origi-



which is just the pathflow ofsbefore the deletion.
The loadoffered to linkI before the deletion is

wherebp is the blocking probability ofpathp. After the
deletion, the totalload offered to I is reducedto approxi­
mately

ately from the route.Lets denotethe last pathwith
nonzero flow, and let I (and m, if there are two links)
denotethe linkassociated with it.The loss offlow caused
by the deletion ofsfrom R(1) is approximately
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(9)

(8)

(10)

(11)

Loss=ls

, Is
0/ =0/--­

1- bs

where bs is the blocking ofs. Thus, the newblocking for
linkI afterthe deletion ofs is approximately

where ~(O,C), the Erlang-B formula, denotesthe block­
ingwhena load0 is offered to a linkwith capacity c.2•3

The newblocking Bm for linkm,if it exists, can
be approximated in a similar way. Fromthe newblock­
ings,wecancalculate the gainofflow foreach route
R(k) (k "#1) due to the deletion ofs. Now wesumthe
gainofflow overallthe routesand subtractequation (8)
from this sumto obtain the net gainofflow causedby
the deletion ofs.Naturally, if the net gainis found to be
negative, then we do not deletes. Otherwise, wemake
the deletion, and adjustoffered load andlinkblocking on
the affected linksaccording to equations (10) and (11)
for the subsequentapproximation. Wethen proceed to

Nonlinear Approximation
Having obtained the LPsolution, we can sort the

available pathsfor each node pairaccording to nonin­
creasingpathflows. The paths receiving zeroflows are
discarded. The ordered sequencesofthe remaining
pathsare then used to form a routing scheme. Wethen
solve the flow equations for this routingschemeto
obtain newpath flows. Next, weattemptto improve this
solution bythe following operations: (1) global trimming,
(2) local trimming, and (3) local expansion. Wecallthe
entire procedure a nonlinear approximation.

Global Trimming. Eachstep ofglobal trimming
involves eliminating one or moreofthe least-used paths
in each route.Atthe end ofeach step, the network
throughput (or revenue) is reevaluated, by solving the
flow equations, to determine whether the objective value
has been improved. If so, another step ofglobal trim­
mingis initiated.

Global trimming limits the numberofpaths in all
routes simultaneously and therebyachieves a better
objective valuein a veryefficient and parallel operation.
The next operation has the same purposebut evaluates
routes individually.

Local Trimming. After the completion ofglobal
trimming, we examine the benefitofdeleting the last
pathfrom a singlenodepair. Since there existas many
routes as node pairs, it would be extremely time­
consuming to solve the flow equations to assess the
value ofeach local trimming. Onthe other hand, since
the perturbation ofa local trimming operation is not
likely to be large,its value canbe assessed on the basis
ofthe following approximation.

To examine whethera local trimming operation
is profitable, westart with the routefor the first node
pair (k = 1).Any path withzeroflow is deletedimmedi-

nalproblem is alsofeasible for the initial LPproblem.
This is not true at subsequent iterations becauseofthe
tightening ofthe upperboundsup.
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Thus, the new blocking for linkI is approximately

Performance of the RSO Algorithm
If the RSO algorithm stopsat the end ofthe first

iteration ofthe nonlinear approximation step,wecan
safely saythat the algorithm achieves a solution whose
objective value is veryclose to the true optimum [within
(1 - a) percent]. The reasonis as follows.

. Letthe optimal value ofthe original nonlinear
problem (1) [or (2)1be VORG , let that ofthe correspond­
ingLPproblem be VLP , and let the objective value
reached at the end ofthe first iteration ofthe nonlinear
approximation step be VHEU' Then the following

(14)

(13)

The remaining stepsforcomputing the netgain
are similar to those described above forlocal trimming.
Thus, to summarize,
1. For each route, approximate the netgainin the objec­

tive value caused by the addition ofa path. If the net
gainis positive, addthe pathand update the offered
loadandblocking onthe affected links; otherwise, do
not addthe path.

2. Solve the flow equations for the new routing scheme
obtained in step 1.If the objective value has been
improved, return to step 1. Otherwise, restore the pre­
vious solution and stop.

Whenallthe above operations have beencom­
pleted, wecompare the final objective value with the LP
optimum, established in the previous step. If the former
exceedsa percentofthe latter (we used a = 99.5), then
westop. If not,wereturn to the LPapproximation with
reducedupperboundsforallpathflows. If at somelater
iteration ofthe nonlinear approximation, the objective
value is less than that obtained at the previous iteration,
then we restore the previous solution andstopthe algo­
rithm.

(12)

where0 t is the traffic that overflowed from allpathsof
R(1) before path t wasaddedto R(1) and bt is the block­
ingof t. LetI denote one ofthe links associated with t.
The load offered to link I before the expansion ofR(1) is
assumed to be 0/. Then the load offered to I afterthe
expansion is approximately

approximate the net gaincausedby the deletion ofthe
lastpathofthe second route,etc.

Once we run through allthe routesand decide
foreach routewhether to deletethe last path, wehave
obtained a newrouting scheme. Atthis point, we solve
the flow equations for this schemeto determine whether
it has achieved a better objective value as expected. If
not, werestore the previous solution and stop. Other­
wise, weproceed to apply local trimming onceagain to
the newrouting schemejust obtained. To summarize:
1. Foreach route, approximate the net gainin the objec­

tive value caused by the deletion ofits lastpath. If the
netgainis positive, delete the path and update offered
load and blocking on the affected links; otherwise, do
not delete the path.

2. Solve the flow equations forthe newrouting scheme
obtained in step 1.If the objective value has been
improved, return to step 1. Otherwise, restore the pre­
vious solution and stop.

LocalExpansion. Local expansion is similar to local
trimming, exceptthat a path is addedinstead ofbeing
deleted.

Westart with the first route (k = 1).Again, any
pathwith zeroflow is deleted immediately from the
route. To selectthe candidate path to add,welistall
pathsconnecting the firstnodepairand satisfying the
transmission quality requirements. Wepick the paththat
has the highestconnectivity. (The connectivity ofa path
is oneminus its blocking probability.)

The gainofflow t from usingthis extra path is
approximately
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inequalities hold:

The right inequality is true becausethe optimal solution
forthe original problem is a feasible solution forthe cor­
responding LPproblem. Now, if we stopat the first iter­
ation ofthe nonlinear approximation step,the heuristic
objective value VHEU mustbe veryclose [within (1- ex)
percent] to the LPoptimum VLP by the stopping criterion.
Fromthe above relationships, weconclude that the
heuristic objective value is alsocloseto the original
optimum.

In testingthe above algorithm on practical prob­
lems, weobserved that, formostofour examples, the
algorithm stopped at the end ofthe first iteration. The
only cases in which the algorithm neededmoreitera­
tionswere those in which the congestion becameso seri­
ous that somenodepairshad end-to-end blockings above
80percent. In such cases,wedo notknow howclose our
solution is to the optimal one.However, our solutions
werestill favorable compared to other solutions deter­
mined by heuristic methods.

Wehaveimplemented the RSO algorithm on the
AT&T KORBX® system! in FORTRAN. To solve our
problems ofsmall and midrange size (with network sizes
ofup to 70nodes), we used the dualpower series
method in the KORBX system. For the larger problem
(corresponding to network sizeofabout100 nodes) we
used the dualconjugate gradientmethod. Wehave
solved many routing designproblems in our test exam­
ples. The largest LPproblem we solved had about10,000
constraints and 70,000 variables. The entireRSO algo­
rithmfor the sameproblem tookabout90minutes of
centralprocessing unit (CPU) time. For heavily loaded
networks, it took moreCPU timeto solve the routing

design problem, because multiple iterations wereneeded
to reachthe final solution andeach iteration tooka
longertimethan other networks would take.

Conclusion
Wehave presenteda routing algorithm for

circuit-switched networks with dynamic routing capabili­
ties.The algorithm uses linearprogramming to derive an
initial routing solution and then improves the solution by
somenonlinear-based heuristics. ByusingKarmarkar's
algorithm implemented on the KORBX system to solve
the LPapproximation problem, wehave found that the
RSO algorithm is computationally feasible forverylarge
routing problems. Furthermore, in mostofthe examples,
the algorithm provided near-optimal solutions; theyare
at most0.5 percentbelow the optimal objective value.
The only solutions that wecould notprove to be near­
optimal are those inwhich the network was heavily
loaded. However, experiments showthat the algorithm
still provides goodsolutions in those cases, compared to
solutions thatwereobtained byother heuristic methods.
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