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Abstract 

We consider a Dispersion Compensation Modlile 
(DCM) selection problem for an optical line system 
in DWDM networks. The objective is to choose 
DCMs along the equipment of a line system to yield 
the most desired dispersion map. We present three 
approaches; (i) integer programming, (ii) dynamic 
programming, and' (iii) a heuristic method. The 
first two approaches guarantee optimal solutions 
but may not be scalable either in computing time 
and/or in memory usage. The third app;oach often 
works well in practice though it does not guarantee 
optimality. 
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1 Introduction 

By optical line system configuration, we refer to 
the problem of choosing network eqUipment (NBs) 
on a link of an optical fiber network. A network 
link consists of multiple spans of optical fiber con­
necting the end points of the link. Network equip­
ment is installed between consecutive spans of a link 
to strengthen the signal for successful transmission 
from the transmitting end to the receiving end. 

An NE may consist of multiple units, each with 
its own functionality. Dispersion compensation, 
along with power amplification, is one of the most 
important functions performed by an NE. Without 
dispersion compensation, the transmission distance 
is typically limited to one hundred kilometers. How­
ever, with proper compensation, the transmission 
distance can be increased to thousands of kilome­
ters. To achieve the best transmission performance, 
the amount of compensation at each span is pre­
scribed based on the results from extensive simula­
tions and laboratory measurements. The engineer-

ing of an actual system should follow the dispersion 
mapping scheme as closely as possible to obtain the 
best signal quality. 

For dispersion compensation, units called disper­
sion compensa.tion modules (OCMs) are used to 
properly engineer the pulse distortion caused by 
fiber chromatic dispersion. DCMs are often plug-in 
module!; that can be added to other network equip­
ment. Each NE imposes constraints that restrict 
the DCMs that can be added to that NE. 

The problem of choosing NEs is complex and it 
is often broken up into stages where each stage is 
concerned only with selecting a subset of the equip­
ment. In this paper we consider the problem of 
choosing DCMs once the power amplifica.tion equip­
ment has already been chosen. At each node along 
the link the existing NE for. power alnplifica.tion 
may constraint the set of DCMs that can be added 
to that NE. We assume that this information is 
available to us. We consider two objectives. The 
primary objective is to minimize the deviation of 
the dispersion from a given optimal target disper­
sion value at terminating node. In a DWDM system 
there are many wavelengths and the target disper­
sion value for the wavelengths can be different. We 
seek to minimize tlie £1' norm of the deviations of 
the different wavelengths for some given p ;:: 1. The 
secondary objective is to minimize the total cost of 
the chosen OCMs. 

We present three approaches to the DCM selec­
tion problem. In the first approach, we formu­
late the problem as an integer program in a fairly 
straight-forward manner. However, generic integer 
program solvers ca.nnot take advantage of the struc­
ture of the problem and hence this approach does 
not scale well with the problem size. Our second 
approach takes advantage of the linear nature of 
the problem to obtain a dynamic programming al­
gorithm that guarantees an optimal solution. One 
potential drawback of this approach is the large 
state space. Finally, we propose a two-stage heuris­
tic, the first stage of which is an enumeration step 
and the second stage is a simple dynamic program­
ming step. The heuristic has the advantage in both 
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computing time and memory usage in comparison 
with integer programming and dynamic program­
ming while obtaining solutions that are empirically 
close to optimality. 

2 Dispersion Compensation 

and Dispersion Map 

Chromatic dispersion results from the dependence 
of the optical fiber's index of refraction on light­
wave wavelength. As a result, different frequencies 
of light travel at different speeds [1]. It is known 
that the dispersion limit length for modulated sig­
nal is inversely proportional to the square of the bit 
rate. The dispersion limit length is much smaller 
than the limit imposed by OSNR (Optical Signal 
to Noise Ratio) [2], hence it becomes the l eading 
factor for tbe system reach. However, this inher­
ently troublesome property has some advantages in 
reducing nonlinear and cross-channel effects such as 
FWM (four-wave mixing), XPM (cross-phase mod­
ulation), and SPM (self-phase modulation). 

Therefore, techniques to manage the dispers ion 
are essential for high capacity, long-haul transmis­
sion networks. Sophisticated dispersion compen­
sation schemes utilize DeMs to compensate chro­
matic dispersion to an optimal level at which the 
nonlinear effects are minimal and the local disper­
sion is sufficiently high while keeping the total accu­
mulated dispersion close to a target value to avoid 
signal distortion. 

Dispersion compensating fiber (DCF) is a widely 
used solution for dispersion compensation. A DCM 
normally includes a certain length of DCF with 
negative dispersion to neutralize the effect of the 
transmission fiber dispersion or chromatic disper­
SiOD. For a given type of DCF, which we defiDe as 
a family, the amount of compensation depends lin­
early on the length of the fiber. However, we note 
that chromatic dispersion and dispersion compen­
sation depend nonlinearly on wavelength. Hence, it 
is essential to take into account the dispersion and 
compensation for each wavelength separately. 

Since service provider networks can be widely 
heterogeneous, it is important for telecolIlJllunica­
tion equipment vendors to have multiple families 
of DCMs available to be able to provide good net­
work design solutions. Our algorithms is designed 
to work with multiple families of DCMs. 

3 Problem Description 

We are given an optical line system of N + 1 nodes, 
0, 1, . . .  , N. The j-th .span, i.e. the fiber between 

nodes j - 1 and j, has dispersion DjPan (>.) for wave­
length A. We are also given a set of DCMs . Each 
DCM a has a price denoted by Pta). It provides 
dispersion compensation in the amount of C,,(),.) 
for wavelength >.. Each OCM belongs to one of K 
families, H, ... ,FK, where K typically is a small 
integer in the range of 1 to 5. The OCMs from a 
family share certain characteristics in their capabil­
ity to compensate dispersion (we defer the details 
for now). 

Let aj denote the DCM that we choose to place 
at node j, where 0 � j � N. The cumulative dis­
persion, Dfump.), at the end of the i-th span, can 
be calculated as follows . 

Dfum(,\) "" Cno(),.) + L [u;panp) + Co, (),.)] 
j=1 

(1) 
We say a solution {aj}o$j$N is valid if, 

Li(>') � Dfum(A) :::; Ui(),.) (2) 
for every wavelength A and every node i. Here the 
parameters Li(A) and Ui(),.) are obtained from the 
dispersion map constraints. 

Objectives. We aim to find a valid solution that 
achieves a. dispersion value for each wavelength that 
is as c lose to a target dispersion value at the N-th 
node, that is, the receiving node. One way to ap­
proximately achieve this is to optimize the follow­
ing. 

minimize (� ID�rp) _ Dtarget(AW) 
1/2, (3) 

where DtargctP.) is a dispersion target value for 
wavelength ),.. An alternative objective is to find 
a valid solution that minimizes the total cost of the 
OCMs. 

N 
minimize LP(aj). 

j=O 
(4) 

Linearity of Dispersion. We first take a closer 
look at how Co-(A) is computed for each family of 
DCMs. Each DCM a is characterized by its disper­
sion index d(a) and the family I(a) that a belongs 
to, and the amount of compensation provided by 
0: is determined by deal and 1(0.). For instance, 
SSMF-DCM-20, a 20 km of Standard Single-Mode 
Fiber (SSMF) dispersion compensating module, is 
characterized by its index d(SSMF-DCM-20) '= 20 
and the family I(SSMF-DCM-20) "" SSMF. In par­
ticular, each DCM family Fk has a function Gk( ) 
such that, 

C.,(),.) '= GdAjd(o:» if c> E Fk. 
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The function Gk( ) has the following property of 
linearity as it has been discussed in Section 2. Let 
X be any collection of DCMs from family Ph. then 
for every wavelength>. we have, 

L C,,(>.) L Gi,(.\;d(a)) 
aEX aEX 

Ok (>.; L d(O)) . (5) 
",EX 

In other words, the linearity property says that 
within each DeM family any set of DCMs that have 
the same total dispersion indices provide the same 
total amount of compensation. For example, tak­
ing DeMs in the SSMF family mentioned above, 
for each wavelength >. the amount of compensation 
provided by one SSMF-DCM-40 is twice that by 
one SSMF-DCM-20. 

Using this linearity property we can rewrite 
Equation (1) as 

Dfurn(.\) = LDjPan(>.) 
j=1 

+ tGk (\:':j:':�jEF. d(Oj)) (6) 

Let DSi(>.) = E�=I DjPan(),) denote the cumula­
tive span dispersion at the end of the i-th span. 
These quantities for i = 1, .. , N and .\ can be pre­
computed since they depend only on span informa­
tion. Therefore, we have, 

Property 1 The cumulative dispersion at each 
node i, Dfum(),), is completely determined by the 
cumulative dispersion index, EO:':i:':i,CtjEF. d(aj), 
from each DCM family k. 

4 Integer Program 
It is straight-forward to formulate the DeM selec­
tion problem as an integer program. We let a bi­
nary variable x.,a E {O, I} indicate whether or not 
DeM 0 is used at node i. To ensure that exactly 
one DCM is deployed at each node, we have the 
following constraint. 

LXi,a = 1 Vi. 

Thc cumulative index of the dispersion compensa­
tion at node i from DeM family k is therefore, 

L d(o) . Xj.",. 
O�jS:i,(}EFk 

This allows us to compute the cumulative dispersion 
DjUm(>.) from (6). We enforce Dium(>.) to be in 

the range of [Li(.\), Ui(),)]' The objective function 
of the program can be computed as stated in (3) 
or (4). 

.. We note that this integer program may not retain 
linearity in Xi,,, for the objective function of (3). 
Also, with a binary programming formulation, we 
have not utilize one of the important structural 
advantage of DCMs as it is represented in equa­
tion (5). However, in return, we obtain a linear 
integer programming problem to solve. Regarding 
DCM family type as variables, we 'are able to formu­
late the problem such that the linearity information 
is embedded. 

We may use CPLEX if the problem is linear in­
teger programming problem. However our prim ary 
interest is the objective function (3) which makes 
the problem nonlinear. To solve nonlinear integer 
programming problem, we have used MINLP 14J. 
MINLP is a optimization solver that can handle 
a mixed nonlinear integer programming problem 
hence suitable for our problem. Empirically we have 
found that if the number of nodes in a problem ex­
ceed 40, then MINLP takes too much time or fail 
to address a solution. 

5 Dynamic Programming 
In this section we develop a dynamic programming 
based solution. Motivated by Property 1 we main­
tain the following state space for the cumulative 
dispersion index for each DCM class. Let Si be the 
state space at each node ; in the line system. It 
consists of all tuples (tt, t2,.· .. , tK) where tk indi­
cates the cumulative dispersion index provided by 
DeMs from family Fk at the end of the i-th span. 
From Equation (6), it follows that if ';'e are at state 
(tl, t2,"" tK) at node i then 

. 

K 
Dfum(),) = DSi(.\) + I: Ok(.\; tk)' 

k=! 

Therefore the state space S. captures all the rel­
evant information to calculate the cumulative dis­
persion at i. 

We first explain how to achieve the minimum cost 
objective of (4). For each state t = (tl, t2,"" tK) 
in Si we maintain a cost A(t). We say that t is a 
valid state at node i if there exists a DCM placement 
from nodes 0 to i that leads to state t at node i and 
that guarantees Lj(>.) ::::; Djum(>.) ::::; Uj("\) for every 
node j ::s: i and every wavelength .\. If one or more 
DCM placements make t a valid state, then A(t) 
equals the cheapest total OCM cost among all such 
DeM placements. Other wise, t is invalid at node i, 
and A(t) is infinite. For the basis of induction let 
us assume the only state in S_I is t = (0,0, . . . 0) 
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and A(t) = O. We assume inductively that we have 
computed A(t) for all 'states t E Si. We now show 
how to compute A(t) for states t E Si+l. We say 
that a state t' = (ti I t2, . . . , ti<) E Si can reach state 
t = (tjl.t2,'" ,tK) E Si+j via OCM Q if, 

t _ { d(a) + t� if k = I(a) i.e. a E Fk 
k - t� otherwise 

and we use the notation t' � t to denote this reach­
ability. For t E Si+! we compute A(t) as follows. If 
state tallows Df'f']'(>') > Ui+1 for any wavelength 
>', then t is invalid and A(t) is set to infinity. Oth-
erwise, 

We restate the running time as 0 ./-'. 2:;:'0 ISil where 
ISil is the set of valid states that are reachable at 
node i. 

6 Heuristic Algorithm 
In this section we describe a heuristic approach that 
consists of two stages. The fin;t stage enumerates 
the tuples of total compensation of the different 
families to find the tuple that minimizes the objec­
tive (3). The second stage then finds an assignment 
of DCMs to line system that is consistent with the 
total compensation in each family specified by the 

A(t) = min (A(t') + P(a)). 
t�ESI-,t'2,.t 

tuple obtained from the first stage. We use·a dy­
(7) namic programming algorithm in this stage. We 

describe the algorithms in detail below. 

Recall that Pta) is the price of DCM a. For each 
valid t in Si+l, we also record which OCM is cho­
sen and which t' E Si that t comes from. Using this 
information we can construct a valid DCM place­
ment for the entire line system starting from any 
valid state in SN. Therefore, we can examine every 
valid state in SN and pick any state that best suits 
any particular objective. In particular, 

Theorem 2 We can construct the cheapest and 
valid DCM placement for the entire line system, and 
it has a total DCM cost ofmintEsN A(t). 

Now, to find a valid DCM placement that min­
imizes the objective of (3) is easy. Since we have 
maintained all valid states for each node, in par­
ticular for the final node N, we can compute the 
value of (3) for each valid state in SN. The state 
that gives the minimum value of (3) corresponds 
to some valid DCM placement that optimizes the 
objective. Therefore, 

Theorem 3 We can construct a valid DCM place­
ment that minimizes the objective of (3). 

Computational Performance: We now com­
ment on the running time of our algorithm. Let 
C denote the total compensation required over the 
whole line system. Then the number of states in 
S; is bounded by CK• For each state t computing 
A(t) involves examining at most 0 states t' that can 
reach t and J.I wavelengths, where 0 is the total num­
ber of DCMs available and J.I is the total number of 
wavelengths. Hence the total work at each node i 
is CK . 6 . J.I and the overall work is N . CK . 6 . J.I. 
The theoretical running time is too large since C is 
in the order of a 1000 and K can range from 1 to 5. 
However, we observe that the actual running time 
depends on the number of of valid states that are 
reachable. In practice the number of valid states at 
each node i is orders of magnitude smaller than CK . 

Enumeration. During the first stage we enumer­
ate all possibilities for the total dispersion com­
pensation from each family. Let Ck be the cu­
mulative dispersion compensation index for the en­
tire line system from DCM family k. The upper 
bound for each Ck can be found from equation (6) 
and the constraint (2) with i = N. Tbe lower 
bound of Ck is 0 because DCMs from family k may 
not be used at alL Let Uc. and Cc. be the up­
per and lower bound of Ck, respectively. Then, 
Nk = Uc. - Ce. + 1 is the potential number of 
values for comperu;ation index from DCM family 
k . . Thus the total number of tuples to enumerate 
is upper bounded by Nl x N2 X . " x N K. Only 
those tuples that meet all the dispersion map con­
straints and pass other simple combinatorial valid­
ity requirements are retained. In other words, we 
safeguard the enumeration steps by pruning cases 
which may violate the dispersion map constraints 2. 
Among these choices we can easily find the tuple 
that minimizes the objective (3). Let this particu­
lar choice be (ei, C�, . .. , CK)' 

DCM Placement. During the second stage we 
place OCMs along the line system so that the total 
dispersion index from family k equals C1 that was 
chosen in the first stage. Of course, we also require 
the cumulative dispersion at node i, Djqm(>.), to be 
in the range [L;{>.), U;{>.)J. Furthermore, we would 
like to to maintain Dfum(>.) as close as possible to 
(Li('\)+ U; (>'))!2, or, more practically, a prescribed 
target value Dta,get(>'). Hence we are interested in 
the following objective: 

N 
minimize L (max IDiUffi(>.) - Dta,get(>')I) . (8) 

,=0 .\ 

Therefore the objective of this stage is to dis­
tribute (C;, q, ... , CK) across the nodes to best 
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meet dispersion map along the line system. We do 
this using dynamic programming. 

We construct a state space Wi at each node i. It 
consists of all the tuples (VI, V2, ... ,VK) such that 
£e. � Vk � C�. Vk denotes the cumulative dis­
persion index at the end of the i-th span. We also 
maintain a cost B(v) for each state V E Wi. The 
state v is valid if it satisfies £e. � Vk � Ck for 
k = 1, . . . , K. If one or more OeM placements 
make v a valid state, then B(v) equals the mini­
mum cost of OeM placement at nodes 1 to i to 
reach v at node i. B( v) is infinite if v is invalid at 
node i. 

B( v) E Wi is computed inductively. We initialize 

additional constraint that 2:�= I Nk is in the order 
of a few hundred. This reduces the number of valid 
combinations by orders of magnitude. We note that 
the enumeration step hardly ever takes more than 
1 minute in practice. The overall work from the 
second stage can be upper bounded by N . H . a . J.I. 
where J is the total number of OeMs available, J.I. 
is the total number of wavelengths, and H is the 
maximum number of states in Wi. In the worst 
case H can be enormous however, in practice it is 
quite small. Hence we restate the running time as 
a ' p. . 2:;:0 I W,v I where W;v is the set of valid states 
at node i. 

Discussion & Conclusions 
the computation by setting Wo to be the single state 7 
Va = (0,0, . . .  ,0) and with B(va) = O. Suppose we 
have computed B(v) for all v E Wi. To compute 
B(v) E Wi+!, we examine all the valid states in Wi 
that can reach v at i + 1. More precisely, we say 
that a state Vi = (v[, v2, ... ,vJJ E Wi can reach 
state v = (VI, v2, . .. ,VK) E Wi+1 via DCM index 
d((3) if, 

A simple mathematical programming formulation 
of the problem is given in Sec. 4. However, the 
proposed binary programming formulation does not 
take advantage of the problem structure. A small 
sized instance is easily solved by solvers such as 
CPLEX and MINLP, however, as we discussed in 
Sec. 4, the solvers fail once the instance size grows. d(tJ) + Vk 

Vi k 
if k = f((3) i.e. (3 E Fh 
otherwise 

and we again use the notation Vi � v to denote this 
reachability. If state v violates condition: £0. ::; 
Vk � Ck for any k = 1, ... , K, then v is invalid 
state. Otherwise, 

The practical choices for solving the problem 
arc dynamic programming (OP) and the heuristic 
(HEU) algorithm proposed in sections 5 and 6, re­
spectively. The dynamic programming algorithm 
is scalable and guarantees an optimal solution, but 
often takes rather long time to find a solution and 
requires sizable amOlll1t of memory. 

B(v) = min (B(v') + Q((3)). (9) The heuristic approach that we propose cuts 
down the running time and . reduces the memory 
requirement by trading the solution optimality for 
computational performance. Below, we discuss why 
the heuristic approach uses considerably less com­
putational resources when compared to the dy­
namic programming algorithm although the second 
stage of the heuristic approach resembles the dy­
namic programming described in Sec 5. 

v'EW"v'.!!1J 

where Q((3) = max�(IDi+i('\) - Dtarget(.),)I). For 
each valid v we record all the relevant informa-
tion to back track the transitions from stage N 
to O. The valid state v in W N must satisfy v = 

(VI,V2, . .. ,VK) = (C[,q, . . . ,C;') and B(v) < 00. 
Among the valid state in W N, we pick a state that 
best meets the objective (8). 

Obviously, our heuristic does not guarantee op­
timality as the integer programming and dynamic 
programming approaches would (if they happen to 
solve the instances), in practice we have noticed 
that the heuristic often find the optimal or near 
optimal solutions efficiently. 

Computational Performance. The running 
time from our heuristic approach consists of the 
running time of the two stages discussed in this 
section. We examine enumerat.ion stage first. For 
a given line system, the maximum number of 
combinations of dispersion compensation indices is 
TI�=l Nk. Here, Nk can be in the order of a 100 
and K can range from 1 to 5, hence the running 
time can be enormous. However, we also have the 

Let us take a closer look at the number of states in 
Si in DP and Wi in HEU. We estimated the rlll1ning 
time for DP and HEU as c5. p.. 2:;:0 ISI'I in Sec 5 and 
c5·).1.·2:;:0 IW/ I in Sec 6, respectively. Theoretically, 
ISil ::; TI�=I Nk and IW,v1 � TI�=I Nk for each node 
i where Nk is maximum total compensation possi-
ble from family k. For HEU, Nk is bounded by C� 
which is obtained from the first stage, and further­
more, O(2:�l en = O(Nk) for all k '" 1,2, ... , K. 
This restriction ensures ISrl < IWn and often, 
ISil « IW,vI, in practice. A crude estimation of 
the running time of OP is the product of running 
time of the first stage and the second stage of HEU. 
However, the running time of HEU is just the sum 
of the first and the second stages. 

We have observed the heuristic approach requires 
much less computing resources and yields an opti-
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Table 1: Performance in seconds of the dynamic programming algorithm and the heuristic algorithm for DCM selection 
problem with 10, 20, 30, and 40 nodes. We limited the system reach to 2000 km because the DP algorithm requires more 
than 512 Mb of memory. We used " computer equipped with 1 GH� Pentium 4 CPU. We omit the 80 node result due to 
space restriction. The heuristic algorithm took 93.3 seconds and the dynamic programming algorithm took mare than 2 
hours to finish. 

mal or a near optimal solution for most of the cases. 
It is clear that the cause of sub-optimality from the 
heuristic algorithm is the enumeration space prun­
ing. In other words, we may prune the enumeration 
space too much to guarantee the dispersion map 
constraints 2 to be met. 

However, in reality, DCMs are designed to com­
pens(l.te the fiber dispersion as closely as possible 
when DCM family and the fiber type matches. In 
other words, family-k DCMs are designed to best 
compensate the fiber type k, with matching index, 
to mal<e net dispersion to be close to 0 across the en­
tire wavelengths in the band of interest . Therefore, 
our space pruning based on total cumulative index 
(or the entire span length of a give line system) does 
not greatly diverge from the optimum point. 

We have tabularized the running time from DP 
(I.lld HEU algoTithm for those cases which show mi­
nOT or no difference in the quality of the solutions 
between the two algorithms. 

Our algorithm is part of a tool that we have de­
veloped. As communication technologies evolve (I.lld 
as the service provider networks become more com­
plex, there is (I.ll increase in the variety and com­
plexity of network equipment. This vastly increases 
the difficulty in configuring line systems and sim­
ple rule (I.lld table based strategies employed by the 
engineers are becoming impractical. Our optimiza­
tion approach is a scalable alternative that not only 
finds feasible solutions but also optimally configured 
DCMs on (I.ll optical line system. 
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