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Abstract—This paper studies a constrained optical signal-to- each channel is regarded @SNR constraintParticularly in
noise ratio (OSNR) optimization problem in optical networks optical networks, because all wavelength-multiplexedcieds
from the perspective of system performance. A system optima- i, 3 |ink share the optical fiber, the total input power on a

goger)?rotglégt '%rf(ggzzﬁlaéﬁgn\ggr V\tnﬁeos;?igtf;/viigozhzc?cfglln;?ov?e link has to be below the nonlinearity threshold [3], Whicm ca
constraint. In order to establish existence of a unique optnal Pe regarded as thital power constraintin order to avoid
solution, the conditions are derived, which can be used as athe nonlinearity effects of optical fiber, both the peak powe
basis for an admission control scheme. The original problenis  of each wavelength and the total power of all wavelengths
then converted to a relaxed system problem by using a barrier g6 jmportant. In the multi-channel case, especially with a
function and sqlvgd py a distributed iterative algorlthm. Next, | b f ch Is. the total traint b
the system optimization framework developed is compared to 'a'9€ NUMDET OF channels, the total power constraint can be
the game theoretic one in [1]. The effects of parameters in Stronger than the individual channel power constrainthis t
both formulations are investigated to study efficiency of Nah paper we study OSNR optimization in optical links from the
equilibria in the OSNR game and pricing mechanisms affectiy  perspective of system performance. The objective is toeaehi
overall system performance. The theoretical analysis is siported 3 OSNR target for each channel while satisfying the total
by numerical simulations and experiments conducted on an .
optical fiber link. power constraint.
The OSNR optimization problem in optical networks be-
longs to a subclass of resource allocation in general commu-
. INTRODUCTION nication networks [6]-[11]. The problem in optical netwsiik
Multi-channel optical communication systems are realizedore challenging: a complex mathematical OSNR model due
by wavelength division multiplexing (WDM), which consiststo cascaded optical amplified spans with a typical automatic
of several sources multiplexed in wavelength domain amdwer control (APC) operation mode and self-generation and
transmitted over the same optical fiber. Control of opticaccumulation of optical amplified spontaneous emissiorH)AS
networks via an optimization-based approach arises in theise in optical amplifiers, as well as specific constraints i
context of evolution of optical communications from statiposed by dispersion and nonlinear effects. A typical apgroa
cally designed point-to-point links, to reconfigurable WDMor OSNR optimization uses a static budget of impairments
networks. A reconfigurable optical network operates dyrandlong an amplified fiber link with certain tolerance margins
cally, with existing channels being continuously servedlevh added such that at least a desired OSNR value is achieved. For
network reconfiguration (e.g., channel added/droppedyis example in [12], a simple, heuristic algorithm was devised f
ing performed. Essential research topics include optititina online OSNR equalization in long WDM links. Such a method
of channel performance with general topologies and onlimequires no new equipment or adjustments at intermedi@t® si
reconfiguration [2]. along the link. However its convergence was not considered.
At the physical transmission level, channel performance The OSNR optimization problem in optical networks has
is directly determined by the bit-error rate (BER), which imeen studied via a central cost approach in [5], with the
turn, depends on OSNR, dispersion and nonlinear effects [8bjective of maintaining a desired OSNR for each channel
OSNR is considered as the dominant performance parameatéile minimizing total channel input optical power. In this
in link optimization, with dispersion and nonlinearity hgi paper, the OSNR optimization problem is subject to more
limited with proper link design [4]. In multi-channel opéit physical constraints, for example, the total power coirstra
communication systems, a signal over the same optical litkk considered. Moreover, the system cost function of this
can be regarded as an interfering noise for others, whiasleaptimization problem is more general than the one in [5].
to the OSNR degradation [5]. Regulating the input opticdlhe devised algorithm can be implemented in a distributed
power per channel aBource (transmitter site, Tx) aims to way with no new equipments added and unlike [12], its
achieve a satisfactory OSNR level Beestination (receiver convergence is guaranteed.
site, Rx). Such a satisfactory OSNR level, or OSNR target of The OSNR optimization problem was also studied in [1]
. _ ia a noncooperative (Nash) game-theoretic approach [13].
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Moreover, the Nash game immediately leads to distributed Optical Amplifier ]91,71

iterative algorithms towards finding the NE solution. Altigi g, 10 / D2, no

in the game-theoretic framework, the total power constrain [ ] > > [
0 ptical Fiber

has been considered, the channel OSNR constraint was hot. [1- ms Mg Dy M

provided an analytical approach to achieve given OSNR targe S Demuliplerer

by tuning the parameters in associated game cost functions,
which is also related to pricing mechanism [6]. Fig. 1. Point-to-point optical link

It is well known that the Nash equilibria of a game may
not achieve full efficiency due to the selfish behavior of
players [6], [14]-[18]. The resulting degree of efficiencyASE noise [3]. ASE noise is wavelength-dependent and ac-
loss is known as the“price of anarchy” [19]. In particularcumulates along OAs during propagation. We dendfF; ;
results have suggested that the system performance maythet ASE noise power of channeélafter spans defined as
be degraded arbitrarily, provided that a pricing mechanismSE; = 2n,,(G; — 1)hy; B, with ng, the amplifier excess
is chosen properly [6], [16]. A short version of this worknoise factor) the Planck’s constanf3 the optical bandwidth
appeared in [20] where only the system optimization setwndy; the optical frequency of channglNote that in the APC
was considered. In this paper, we are also interested to knoperation mode, the same total power is launched into each
how much cost is added or utility is lost due to the player'span of a link. The total power, denoted Y, is typically
selfish behavior in a Nash game, based on the rigorous syskstected to be below a threshold to reduce nonlinear effects
optimization setup. Or in other words we consider the sociatross optical fiber [3], [21].
welfare. There are many possible social welfare functions,wWe denoteu; and n? the signal optical power and noise
one of which is the aggregate function. We use the systejptical power of channelc M at Tx, respectively. Similarly,
cost function as the social welfare function and we study thge denotep; and n; the signal optical power and noise
game efficiency by investigating the effects of parameters éptical power of channel € M at Rx, respectively. Let
individual game cost functions presented in [1]. We shovt tha = [u,, ..., u,,]” denote the vector form. Equivalently, we
the aggregate cost function in the game theoretical fortiola write (u_;,u;) With u_; = [u1,. .., U1, Uis1,. .., Uy]" in
is not automatically strictly convex and finding the optimadome context to represent the same vectdrhe signal optical
solution of the associated constrained optimization @bl power at Tx is typically bounded for each channel. Thatjs,
is not immediate. We indicate that the system optimizatias in a bounded se®; = [0, tnqz] Wherewu,,q, is sufficiently
problem we considered leads to an individual cost functiah t |arge. The bounded sé; is assumed to be identical for all
has an approximate interpretation as the game cost functigainnels. We us@ = O, x - - - x Q,, to represent its Cartesian
in [1]. We compare the numerical results and show the effegigoduct.
of pricing mechanisms on the equilibria attained. The OSNR of channel at Rx is defined a® SN R; = Lt

This paper is organized as follows. In Section Il, Wehe following lemma [5] gives the OSNR model of a point-
give some background of this work. A link OSNR modejo-point optical link.

is reviewed and related work is presented. In Section refsec| emma 1: The channel OSNR at Rx is given as

sysoptiprob, we formulate the system optimization problem w
(3

In Section 1V, a distributed iterative algorithm is propdse OSNR; = — Ty (1)
We provide simulation and experimental results in Section V i+ 2jenm Ligts
and we study the effects of parameters in the Nash gamvherel’ = [I; ;] is the system matrix with
numerically in Section VI. Section VII gives conclusionsdan N
directions for future work. r=Y (G))® ASE; @)
5] g (Gz)s PO
Il. BACKGROUND Equivalently, (1) can be rewritten 88SNR; = Xfﬁ

A. Link OSNR Model where X_; = n? + 5 v Ty ,

Consider a point-to-point optical link shown in Fig. 1. A We study such an OSNR optimization problem in which
set M = {1,...,m} of channels, corresponding to a sethe OSNR set of all channels is lower-bounded by a set

of wavelengths, are transmitted over the link from Txs tof OSNR targets. Regulating the optical powers at T, i.e.,
corresponding Rxs by intensity modulation and wavelengtBHocating optical resource among channels, aims to aehiev
multiplexing [3]. The link consists ofV cascaded spans ofa satisfied OSNR level for each channel at Rx. Wejlebe

optical fiber each followed by an optical amplifier (OA). It ischannel’s target OSNR and the corresponding vector form is

assumed that all spans have equal length. 4 =1, ..., Am)T. Thus the OSNR optimization problem is
Channel optical power is attenuated during propagatighbject to the followinddSNR constraint
through the optical fiber. OAs are deployed along optic&din OSNR; >3, VieM 3)

to amplify optical power of all channels simultaneouslyl Al

OAs are assumed to be operated in APC mode and have Rexall that when OAs are operated in the APC mode, the
same gain spectral shape and the gain value for channelame total powe? is launched into each span of the link.
is G;. Amplification is accompanied by the introduction ofThis leads to a uniform total power distribution along the



link, which minimizes nonlinear effects after each span][21 Thus them-player Nash game is defined in terms of the cost
However, this is not applicable to limit nonlinear effects ofunctionsJ;(u—;,u;), i € M, played within the action space
the optical fiber at the beginning of the link, i.e., the firsf). This game is called a®SNR Nash gamand denoted by
segment of optical fiber. Thus the following conditiciot@l GAME(M,QZ-, J;). A vectoru is calledfeasibleif u € €.
power constraint is considered to limit nonlinear effects:The concept of an NE solution to this game is well defined
ZJEM u; < P° In the OSNR optimization problem, it is [13]. In addition, the solution is called anner NE solution
imposed when regulating the optical powers at Tx. if it is not on the boundary of the action spa€e There
exists an NE solution for thisn-player OSNR Nash game
and furthermore it is inner under sufficient conditions [1].
B. Related Work In GAME(M, ), J;), the link sets fixed channel prices
The OSNR optimization problem with the total power cona; and channels decide their willingness to obtain higher
straint on a single point-to-point optical link was formigd OSNR levels. For a given OSNR targgtfor each channel,
as a Nash game in [1]. i.e, a lower OSNR bound, it has been shown in [1] tha;if
In the game framework, the action spafe = {u < satisfies
Q| ZJEM u; — P° < 0} is coupled. The action set for a; 14 (a; — Ty 3)%

each channeli is the projection set;(u_;) = {£ e pi 1= Ty Xoi

Q; | ZJEM’#Z. u; +&— PY < 0}. An individual cost function (1 =T ) (1 + (a; — Ti5)A)

J; assigned to each chanriet M is defined as the difference + a;(PO— S u; — (PO — Y. u;0y, + X_i)7:)? X,
between apricing function P, and a utility function U;: j#i J#i '

J; = P; — U;. The utility function U; is chosen to be a (6)

logarithmic function of the associated channel's OSNR: ., channel achieves at least fhdevel, i.e., OSNR; > 7.

@i : Thus this result briefly provides an idea of how to achieve
U=h(l+ ———F—), VieM 4 y p
fin( 1/OSNR; — F“) @ given OSNR targets by tuning the parameters in associated

where3; > 0 is a channel-defined parameter indicating the0st functions in the game-theoretic framework. Intuigiye
strength of the channel’s desire to maximize its OSNR afgerj: possibly leads to increase the lower OSNR bound.
a; > 0 is a scaling parameter for flexibility. From (4) we can
see thatU; is monotonically increasing iWSN R;. Hence, )
maximizing the utility functionU; is related to maximizing A Problem Formulation

OSNR,;. In contrast to the game-theoretic approach, a system opti-

The pricing function consists of two terms: a linear pricingnization problem is formulated:
term and a regulation (penalty) term,

1

PO — Zje/\/( Uj
whereq; > 0 is a pricing factor determined by the system.

The linear pricing term can be interpreted as the price a
channel pays for using the system resources. From the systerihe system cost functio@(u) is the sum of all individual
performance point of view, the linear pricing term here is teost functionsC;(u;), C(u) = > iem Ci(u;). Each individ-
limit the interferences of other channels caused by thisigll ual cost functionC;(u;) is generic and satisfies the following
and hence it improves the overall system performance [6]. assumption:

The regulation term is constructed by considering the total Assumption 1:EachC;(u;) is strictly convex, continuously
power constraint. It indeed has a very fast rate of variatiodifferentiable andim,,, .o C;(u;) = +o0.
and high value when the total powgﬁjeM u; approachesto  C;(u;) can also be defined as the difference between a
the total power constrainP®. It has been shown in [1] that pricing term and a utility term. For example,
such a term affects the development of iterative algorithms i) = s — B In g )
It also has been shown in [22] that the regulation term E H v
limits the maximum value of the step-size in the proposaghereq; > 0 andg; > 0.
gradient algorithm. However, such a regulation term diyect By using the OSNR model in (1), we can rewrite the OSNR
consider the total power constraint and indirectly helpstli constraint amﬁZjeM(—% I'; ;) uj > nY ;. The associated
the interferences by forcing this channel to decrease stin vector form isT v > b, where

I1l. SYSTEM OPTIMIZATION PROBLEM

min C(u)
, Vie M, (5) subject to u; € Q;, Vie M,
OSNR; >7;, Vie M,(OSNR constraint
djemly < PO (total power constraint

Pi(u_i,u;) = ogu; +

power. It penalizes any violation of the constraint in the L1 Ths —Tia o —AiT1m 0%,
following way: The regulation term tends to infinity when —F3T51 1-F2T9s - —F2Tom n9F,

the total power approaches the total power tafjet so the 1 = : : . : ; b=

pricing function P;(u_;, u;) increases without bound. Hence “FmTmia —FmTmz - 1=Fm T 0 5

the system resource is preserved by forcing all channels to (8)

decrease their input powers and indirectly satisfies thel toAll off-diagonal entries ofl’, —; T'; ;, are less than zero such
power constraint [23]. thatT is a Z-matrix [24].



From the total power constraint ang > 0, V i € M, set, which always admits a unique globe minimwfrt. W
we haveu; < PY. Recalling thatu; is bounded inQ; = Remark 1:Recall thatn® denotes the input noise power at
[0, Umaz] @Ndu.,q. 1S Sufficiently large, we can deduce thaffx and also can be considered to include some external noise,
the conditions) "\ u; < PYandu; > 0, Vi € M are such as thermal noise. Then if the input noise is neglected,
equivalent to1” « < P° andu > 0, wherel is them x 1 n° includes only some other external noise, which is also

all ones vector. Therefore, the constraint set of the systeragligible [4]. Sob = [n97i,...,n),3,]" ~ 0 and therefore
optimization problem is P? > 17 .T .b =~ 0, which means the constraint set is non-

empty provided that the condition (9) is satisfied. Thus the
OSNR targety; can be selected in a distributed way based on
The constrained system optimization problem is formulatd@e first condition (9).

asmin, g C(u). We denote the system optimization problem

by OPT(Q,C). The condition in Assumption 1 ensures thaB. Maximum OSNR targef,,,q.

the solution toOPT(Q2, C) does not hitu; = 0, Vi € M. Let us take a close look at the condition (10). In a real
The following result characterizes the unique solution Qfetwork system, it is always a question how to express

Q.= {fueR™|Tu>b, 174 < P° andu > 0}.

OPT(Q,C). the conditions under certain physical constraints. Retai
Theorem 1:If the following conditions orfy hold: T = I—diag(7) T, wherediag(u) is a diagonal matrix whose

N 1 , diagonal entries are elements of the veatoiVe know from

Vi < S oom iy VieM, (9)  the proof of Theorem 1 that the matriXis an M-matrix. By

Theorem 5.1 in [24]p(diag(7)T) < 1 and
whereI" = [I'; ;] is the system matrix defined in (2) and

17 . T() -b(3) < P°, (10) T~ = (I - diag)r) " = ) _ diag(F*)I*
k=0

with b(3) = [n71,...,1n,3,]7 andT(F) = T-'(7), then
the constraint sef2 is non-empty andOPT(2,C) has a
unigue positive solutiom??.

The conditions in Theorem 1 are tight enough. They are
sufficient conditions to make the constraint set non-empty a |
to ensure that the optimization problem has a unique pesitiU Vi
solution. Since these are not necessary, there might be s
other bound attaining the same results.

Proof: We first show that the constraint s@tis non-empty. Amaz - 17+ (I = Apaal) -0l = PO (12)
Note that in the link OSNR model, the system maffix2)
is a positive matrix, so if (9) is satisfied, we have

exists which is positive component-wise. We rewrite (10) as
173 " diag(F*)T* - diag(7) - n° < P°. (11)
k=0

increases (giveRy;, j # i), the left-hand-side (LHS) of
will increase. We can find a maximum OSNR target,..
by solving the following equation:

There is no direct relation betweep,,,,. and C(u). How-
ever, the maximum OSNR target affects the solution of the
1= > Z Iy; >0, VieM, optimization problem with the cost functiafi(u).

JEM,j#i Based on the link OSNR model, we know that the perfor-

which implies that the Z-matrif” has positive diagonal entries™ance for each channel is interference-limited. In adujtio
andT is strictly diagonally dominant [25]. According to Ger-(12) shows that the OSNR target levels significantly affect
shgorin’s Theorem [25], each eigenvalue®fhas a positive the capacity of an optical link: The link decides the OSNR
real part. Then it follows from Theorem 5.1 in [24] th#tis threshold¥,,.q, by using (12). Though there is no direct

an M-matrix and it has the following propertieB > b > 0 relation between the maximum OSNR targgf., andC(u),
implies w > 0 (for vector inequalities, we write > b if all  Vmaz affects the constraint set over which the solution of the
a; > b; anda > b if all a; > b;), and T~ is non_-negative. optimization problem with the cost functiofi(«) is found.

Thusw > T-'b = T'b and then we hava” v > 17 .7 .p. Any new channel with a required OSNR level no more than

Note that bothT and b depend or¥, i.e., T = T(7) and Fmaz Will be admitted to transfer over the link (by using the
b=>b®7). S017 - u > 1T T(ﬁ) - b(A). Leta = Tb. Then Sufficient conditions). With further necessary condititinis
T = b. Also we hav_elT,a —17.7Tp. By (10),17-7 < P. idea can be developed for links to devise channel admission

It follows that@ € {u € R™|Tu > b, 17u < P°}. Thus CONtrol schemes.
the above set is non-empty if both (9) and (10) are satisfied.

SinceT v > b > 0 impliesu > 0, we have proved that # is IV. DISTRIBUTED ALGORITHM
selected such that (9) and (10) are satisfied, the conseint Recall thatO PT($2, C) is a constrained optimization prob-
Q is non-empty. lem. There are several computational methods for solvieg th

Moreover, the constraint §e§~t2 is convex and we have constrained optimization problem [26]. In this section, we
0 <wu < Py, Vi € M. So is bounded. In addition, it use a barrier (or penalty) function to relax the constrained
is also closed since it consists of the intersection of haléptimization problem. We first show that by appropriate choi
spaces. Thus this system optimization problem is a stricthf barrier functions, the solution of the relaxed systenbpem
convex optimization problem on a convex compact constraican arbitrarily approximate the one of the original problem



OPT(Q,C). Then a distributed primal algorithm is presentetbllowing differential equations:

for the relaxed system problem. AV, (u)
Theorem 1 shows thaf v > b > 0 impliesu > 0. Then u;(t) = _kiap— = —k; (Ci(ui(t)) — si(t)),  (18)
OPT(Q,C) can be rewritten succinctly as o ) .
where the coefficienk; > 0 ands;(t) is defined as:
min C(u) o
S si(t) = row; (T )A(y(u(t))), (19)
subject to T'u > b, (13) _ i _
whereA(:) = [A1(), ..., Ams1(1)]T is a pre-defined barrier
whereT = {ET} and b= {_?go] function vector.
The algorithm (18) is a gradient algorithm and can be
implemented in a distributed way. Each channel varies figtin
A. Relaxed System Problem poweru,; gradually as in (18), while the link (network system)

calculates the vectos(t) = [s1(t), -, sm(t)]T based on the
received input powers, OSNR preference and link constraint
and then feeds this updated information back to each channel

A barrier function,)\; : R — R, is selected with the
following properties:

(P.1) Vi € M, Xi(z) is non-increasing, continuous and The following theorem states that the unique equilibrium of
i (u) the algorithm (18) corresponds to the unique solution o),(17
lim [ Ai(x)dr — —o0 (14) «u°rt. Moreover the solution is globally asymptotically stable.
T b Theorem 2:The unique solution°?! to the relaxed system
where R optimization problem (17) is globally asymptotically stlfor
yi(u) = row;(T)u. (15) the system (18).

g : opt . . .
Note that the barrier function; should go to negative Ig‘r/gg). Notice thataP* is the unique solution to the equations

infinite when the constraing; (u) < b; is violated. —7u = 0, Vi€ M. Thus, itis the unique equilibrium point

ou;
. ~ <0 ) : f the system (18).
P.2) \;(z) = 0 if = > b;, whereb, is defined in (13). o ) . .
(P-2) Xi(x) = 0'if &> b;, whereb, is defined in (13) Since V,(u) is strictly convex, it follows thatu°r* is

By using a barrier functiom\; with properties (P.1) and e global minimum point of the functiol, (u). Let C' =
(P.2), we construct a function V,(aoPt). ThenV, (u) > C for all u # a°P.
yi(u) Now we construct a Lyapunov function for the system (18):
Vo(u) = Y Cilwi) = Y / Ai(x)dx.  (16) v (u) = V,(u)—C. Then it can be easily verified thit(u) =
' ' 0 whenu = u°P*, and thatV' (u) > 0 whenu # w°P'. That
Based onV},(u), we establish a relaxed system problem: is, the functionV (u) is positive definite with respect to the
) equilibrium pointu = @°P?t.
2o Vi (u). (17) Taking the derivative ofi’(u) along the trajectory of the

. . . system gives
Recall that the cost functiofi; (u;) is strictly convex and’(u) y ¢

is also strictly convex. Thus the non-increasing propefihe B 0 2\ 0 2
barrier function together with Assumption 1 in Section All- Vi) = Z 3—uivp(“) B Z ki @VP(“) :
ensures that, (u) is strictly convex [11]. Then it has a unique ieM _ ieM .
internal minimum value satisfying the following equations Thus we know that’ (u) = 0 whenu = %°Pt, and that/’ (u) <

AV, (u) N 0 whenu # @°P'. It meansV (u) is negative definite with
81;- = Cj(ui) —row;(TT)A(y(u)) = 0, Vi e M. respect to the equilibrium point= @°P*. Hence, by Lyapunov
L ] . _ stability theory the conclusion follows. [
Thus. soljnntg the set of above equations we obtain the uniquerpe unique solution of the the relaxed system problem (17)
solutiona " of (17): may arbitrarily closely approximate the optimal solutidrire
ﬁipt _ le—l(mwi(fT))\(y(@opt))% Vie M. original system problem (13) with an approximate selectibn

the barrier function.
The barrier function);(-) can be selected such that the

unigue solution of (17) may arbitrarily closely approximat
the optimal solution ofOPT(Q2,C). For example, a bar-
rier function can be defined ak;(xz) = w where
[#]7 = max{x,0}. Thus ag — 0, the relaxed system problem
approximates the solution of the original system proble
arbitrarily close [10].

V. SIMULATION AND EXPERIMENTAL RESULTS

In this section, we present MATLAB simulation results and
experimental results for a point-to-point optical link shoin
rEnig. 1 by using the algorithm (18).

A. Simulation Results

In simulation, the link has six channelsn(= 6) and
the link total power target is?’ = 2.5mW (3.98dBm).

Now we develop a distributed algorithm for the relaxedVithin the set of six channels, there are two levels of
system problem. A primal algorithm is defined as a set @SNR target, a&; = 26 dB level desired on the first three

B. Primal Algorithm



channels,; = 1,2,3 and a5; = 22 dB OSNR level on e ChEMEIOSNREE)

the next three channels, = 4,5,6. The conditions (9)

and (10) on the target OSNR are satisfied. So the feasible BN
constraint set is non-empty. The cost function for charinel

is defined as in (7) with; = 1,i = 1,---,6, and 8 = il

[0.5, 0.51, 0.52, 0.3, 0.31, 0.32]. Primal algorithm (18) is ap-
plied, where the coefficient; is fixed for each channel with
ki = 0.01, i = 1,---,6. We initially set the channel power
asu(0) = [0.216 0.221 0.226 0.231 0.236 0.833] (MW). The
barrier function is selected as

ch1| |
ch2
ch3
= = ch4
= =:ch5|
ch 6

6
)

)\i(xi):1000(max{0,51-—a:1-}) (20) S T R T S

where z;(u) = rowi(f)u. Notice that\;(u;) is zero when _ o

the constraints are satisfied. So there is a penalty with aFr{%' 3. OSNR equalization: Original

violation of the constraints. By using the primal algorithm

to adjust all channel powers, two desired OSNR targets are o . . . .

achieved after the iterative process with the total power no monitoring and control in real time via optical spectrum
exceeding the link total power constraint. The channel OSl\ﬁslalyzer and PC based control system.

vs iteration time is shown in Fig. 2.
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21 ‘ ‘ ‘ ‘ We present experimental verification of the distributed
° 200 0 eration ° 800 1000 primal algorithm (18) implemented in a LabVIEW setup
shown in Fig. 4. Each transmitter (Tx) is composed of a
Fig. 2. Primal: OSNR CW (continuous-wave) light source connected to a variable

optical attenuator (VOA), emitting at five ITU grid wave-
As a comparison, we provide some numerical results iangths1533.47,1535.04,1537.40, 1555.75 and1558.17 (nm),
order to compare performance of the primal algorithm and a@spectively. Output power of each transmitter is adjusted
OSNR equalization algorithm proposed in [12]. In the oradin by tuning the corresponding VOA. Multiple wavelengths,
OSNR equalization algorithm, each channel updates itstinmorresponding to multiple channels, are coupled togetler b

power at iteration timén + 1) as using a multiplexer (MUX) and transmitted over an opticakli
‘ ‘ with cascaded optical amplifiers (EDFA). The input noise is
ui(n+1)=P° ui(n)/OSN Fi(n) , (21) generated by an ASE broadband source. An optical spectrum
> jem(uj(n)/OSNR;(n)) analyzer (OSA) acts as the receiver (Rx) to measure the

with constant total power?® is maintained. The channelchannel power and channel OSNR at the output of the link.
OSNR vs iteration time is shown in Fig. 3. Channel OSNR Within the set of channels, there are two levels of OSNR targe
equalized in a few iterations but the corresponding tworeesi @ 28 dB level desired on the first channel and«dB OSNR
OSNR targets are not satisfied. Note that the solution is ndfivel on the other four channels. The optical link has a ortst
optimal and convergence is not ensured theoretically. total power target’” = 2.5 mW.

In the proof of concept testbed a controller is used in the
experiment to control powers of all channels (see Fig. 4).
However, the primal control algorithm for each channel can b

Experimental results are developed to test application iofiplemented in a decentralized way. Each channel varies its
control and optimization theory to optical communicati@i-n input poweru; gradually as in (18), while the link calculates
works. The experimental setup has a number of devices usked vectors(t) = [s1(t), -, s (t)]T based on the received
in the optical industry interconnected into a self-contdin input channel powers, OSNR preference and link constraint,
small scale optical link emulation testbed that is repregee and then broadcasts the updated information back to each
of a real system while at the same time offering the flexipilitchannel. Specifically, in the experimeat;(u;) is selected

B. Experimental Results



as in the numerical simulation section, (7), (20). In order t Example 1:Consider a Nash game with 3 players and
reduce the computational load on the link, instead of usl® (
directly, the link calculates the;(¢) based on the measured
channel OSNRs:

U
Ji(u) = u; —In =——, i =1,2,3.
Zj;éiuj

It follows that

i(t) 92 1 1 1
ZT”A(OSNR()_TL?) Amt 27“” ‘ AT = -

oud  ul (ur+uz)? (ug +ug)?

This update takes into account the actual link rather thate sign 01‘a 7 is uncertain. Thus/(u) is not always convex
the model. Another essential implementation issue is thgth respect t0u1 O
calculation of the link system matriX; = [I'; ;], (2). Thus  The constrained optimization problem associated with an
the link system matrix® for an optical link with EDFA is aggregate cost function is not always a convex optimization
easy to calibrate. Moreover, it has been checked that in sysidblem and the optimal solutions are not immediate. Recall
aI-based link system, the conditions in Theorem 2 based @it an individual cost functior; (u;) in OPT(Q,C) has
pre-defined OSNR constraints are satisfied. an approximate interpretation similar to the one of the cost
Fig. 5 shows the snapshot of the front panel in LabVIEM{nction J;(u) in GAME(M, s, J;). By this approximate
after the control algorithm runs00 iteration time. In total, definition, the individual cost functiorC; is uncoupled in
the time taken for a basic control loop using these lab devicg for a given set of other powet_;. Furthermore, it has
is approximately 60 seconds. We see that channel OSNf, approximate interpretation similar to the oneJpf Thus
channel output power and total channel power converge W@ build the relation between these two formulations, i.e.,
stable states. Total channel power keeps below the totaépow) PT (2, C) and GAM E(M, ), J;). We use the central cost
targetP°. The final channel OSNRs ag$.93 dB, 26.90 dB,  function inOPT(Q2, C) approximately as the welfare function
25.28 dB, 26.02 dB and28.71 dB, which satisfy the OSNR of GAM E(M, ), J;). We will compare simulation results
constraints. The experimental result validate the appilita based on this later. Moreover, in the next we select the syste
of the achieved theoretical results. optimization framework to measure the efficiency of the NE
solution numerically.

LabView Based Real-Time Control for 1
Optical Links

B. Parameter Effects in the Nash Game

As in Section V-A, the approximate optimal
solution of OPT(Q,C) is achieved as u?® =
[0.50.510.520.30.310.32](mW). The system cost value is
C(u®?") = 4.5789. The NE solution of GAM E(M,Q;, J;)
is denoted byu*.

We first present three cases in which the parameter selection
strategy is not used as a guideline (thus it is possible that
the game settles down at an NE solution where channels do
not reach their OSNR targets). In all cases, the user-defined
parameterss; in GAME(M,Qi,Ji) are chosen as same as
Gi in OPT (2, C). The link sets fixedy; at 0.001, 1 and 20,
respectively. With these pricing mechanisms, the total grow
(ur) is maintained in all the cases below the link constraint,
but the channel OSNR target is achieved only for the some
channels and only foty; at 0.001 and1.

VI. PARAMETER EFFECTS IN THENASH GAME Thus it is observed that without proper pricing mechanism,

We use the system optimization framework to investigat@SNR targets may not be achieved for some channels or all

the effects of parameters in the game-theoretic framework.channels. The link capacity constraint is satisfied in afesa
With largera; (say,a; = 20 in the third case), total power is

] _ smaller than the link capacity constraint. While with sreall

A. Comparison of Cost Functions «; in the first two cases, total power approaches the constraint
In GAME(M, Q, Ji), we are interested to know how theand higher channel OSNR is possibly achieved.

social welfare changes due to the player’s selfish behaviari Channel powers,°?* andu* in three games are shown in
Nash game. There are many possible social welfare fungtioR&y. 6 vs channel number. The system c6%i:) is evaluated
one of which is the aggregate function. However, generalby plugging in«°?* and u*. Recall thatC(u°P) = 4.5789.
the convexity of the aggregate game cost function defined Bar the game cases we gét{u*) = 4.7403 for a; = 0.001,
J(u) :== ;e aq Ji(u) is not longer guaranteed. The followingC'(u*) = 4.9282 for a; = 1, andC(u*) = 9.7804 for o; = 20.
simple example illuminates this, in which we omit the pepaltResults imply that larget; degrades system performance and
term and noise in the OSNR model for simplicity. even violates the system constraints.

STATUS
VoA B
STOP ALL] e

Fig. 5. LabView Snapshot of Results
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Comparison: OSNR
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Next we present three other cases in which proper pric-
ing mechanisms are chosen such that OSNR targets for all N
channels are achieved. We compare by simulation the two ‘ ¢
approaches: system optimization approach and the game theo ot
retical approach. IIGAM E(M, ), J;), the parameter selec-
tion strategy (6) is used such that proper pricing mechasism
are chosen and OSNR targets for all channels are achieved.
Although the parameter selection strategy acts as a goaeli

281

251

231

2 e —

for the selection of eacl#;, it is rather intractable. Thus we “ e
choose proper pricing mechanism in simulation by trial and [ 5 opmisaion| |
error. The parameters; are set atl for all cases ang; are % 1 2 3 s E 6 7

channel number

selected as in Table | such that different pricing mechagsism
are chosen forGAME(M,Qi,Ji). Since we do not use
Monte Carlo method [27] to simulate, we selgstin three
games by using the following rules. Firstlg; increases for
each channel, i.e., Game [c] has the largéstompared 1o Fig 7 shows the total power vs iteration and channel
Game [a] and Game [b]. Secondly, Game [b] has the 1arg@$5NR vs channel number is shown Fig. 8. The constraints are

Fig. 8. Comparison: Channel OSNR

ratio of 3; 0 Fmin. satisfied in all cases. The total power in Game [c] approaches
P° more than others. Moreover, we can tell from Fig. 8 that
TABLE | . .
PARAMETERS: §; among the three cases, channel final OSNR values in Game
[c] approach the optimal solution @@ PT'(2, C) most.
| | |
Gamela] || [3.8 4.8 5.8 2.6 3.0 3.5] VII. CONCLUSION

Game[b 5.5 7.0 9.4 4.0 4.5 5.0]

We have studied a constrained OSNR optimization problem
Gamelc 10 12 15 8.4 8.5 8.3]

in optical networks from the perspective of system perfor-
mance. As a first step, we have studied the single point-
The efficiency of the corresponding solution$ is com- to-point link case. Each channel maintains a desired OSNR
pared by evaluating the system c6%tu) for «* and compar- level. Meanwhile, it optimizes its input power regardingget
ing it to C(u°P') = 4.5789. The corresponding system cosOSNR levels of all other channels and link capacity con-
values areC(u*) = 4.6171 for Game [a],C(u*) = 4.6216 straint. Given reasonable target OSNR levels for all chinne
for Game [b], and”'(u*) = 4.6057 for Game |[c]. the system optimization problem admits a unique solution.
These results verify that the efficiency in the solution & thBy using a barrier function, we have relaxed the original
Nash game can be improved by proper pricing mechanisownstraint system optimization problem into an unconsédi
The fact that no full efficiency in the solution of the Nastoptimization problem and a distributed primal algorithmswa
game is a well-known fact in the literature of economicdeveloped. Extension and generalization of the results fro
[14], transportation [15] and network resource allocafib@]. the single link case to the network case is an interesting
Moreover, the Nash game solution gets very close to tlfiure research direction. Simulation and experimentsiiite
optimal solution for system optimization. Furthermore,ee® via the system optimization approach have been presented.
see that the NE solution in Game [c] is most efficient amorigurthermore, we have used the system optimization franmewor
these three cases. It implies that the efficiency can belggssito measure the efficiency of Nash equilibria of the Nash game.
improved by appropriate selection of parameters. We have numerically investigated the effects of parameters




in individual game cost functions. Simulation results have4] M. Fiedler.
n mathematics Martinus Nijhoff Publishers, 1986.

shown that OSNR target in the game-theoretic framework c
be achieved and the efficiency can be possibly improved
appropriate selection of parameters. Future work will addr [26] M. S. Bazarra, H. D. Sherali, and C. M. Shet§onlinear programming:
this efficiency study theoretically, [28].
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