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Abstract—Optical flow switching (OFS) has been recently
introduced as a potential “green” architecture addressing the
power issue of store-and-forward packet switching in future
MAN-WAN Terabit networks. One key architectural component
of OFS differentiating it from other “green” WAN architectures
such as optical circuit switching (OCS), optical packet switching
(OPS) and optical burst switching (OBS), is its centralized
flow scheduling. Comparing the theoretical network capacity
regions of OFS, OCS, OPS and OBS has revealed that the
dominating theoretical capacity depends on the hardware as well
as on the port configuration. The dominating actual capacity
(throughput) that can be achieved also depends on the flow
schedulers supported by each architecture. Since centralized
scheduling incorporated in OFS is the least restricting between
all scheduling methods, OFS is a promising “green” architecture
option for future MAN-WAN Terabit networks. For better
understanding the actual potential throughput of OFS, we study
its scheduling problem in a realistic traffic model where lightpath
requests arrive as a time-dependent Poisson process with Pareto
distributed lightpath service times. Lightpath schedules are taken
at fixed time intervals (larger than 100 ms) in a central node and
flows that have already been scheduled cannot be interrupted
before their completion. The scheduling problem is represented
as a discrete-time Markov decision process where the objective
function is given by the flow blocking probability over a finite
time horizon. We derive three lower bounds to the objective
function and propose several schedulers, with and without
fairness requirements. The performance of our OFS schedulers
are evaluated under both static and limited dynamic routing,
by emulating the algorithms on random network topologies for
two hours. The main result is that our proposed max-min fair
scheduler with limited dynamic routing significantly outperforms
all other schedulers with static routing. Furthermore, its blocking
probability is close to the lower bound for static routing.

Index Terms—Optical Flow Switching, Transient Blocking
Approximation, Flow Scheduling.

I. Introduction

IT is recognized that one of the main power-hungry func-
tions of current communication networks is the store-

and-forward electronic packet switching (EPS) [1]. Thus, a
“green” architecture is sought where store-and-forward packet
switching is minimized.

Previously well studied wide area network (WAN) architec-
ture proposals are optical circuit switched (OCS) networks [2],
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[3], optical packet switched (OPS) networks [4]–[6] and op-
tical burst switched (OBS) networks [7]–[9]. Recently, a new
intriguing architecture combining metropolitan and wide area
networks (MAN-WAN), called optical flow switched (OFS)
networks, has been proposed in [10]–[12]. For completeness,
the main distinctions between the various architectures are
briefly given in Section II below.

A key concept is a lightpath defined as an all optical
connection routed in the optical domain along one or more
fiber links [13], [14]. Since wavelength conversion is feasible,
the wavelengths of a given lightpath are not necessarily the
same. With OFS, users reserve end-to-end lightpaths for long
duration transactions of at least 100 ms. The lightpaths are
scheduled by a centralized scheduler coordinated through an
electronic control plane akin to the classical OCS. For efficient
implementation, the centralized scheduler could be executed
by several coordinated nodes located at network focal points.
For hardware and management simplicity, it is assumed that
the smallest granularity of bandwidth that can be reserved
across each link of the core network is a full wavelength.
Similarly, it is further assumed that wavelength conversion
is supported by all routers and the required lightpaths can
be setup with the available wavelengths and convertors. The
scheduling problem without wavelength conversion is fun-
damentally similar, but it results in substantially lower link
utilization [15].

Transactions that cannot utilize the full bandwidth of a
wavelength on their own are multiplexed onto the same
lightpath for the transmission across the core network. The
multiplexing and demultiplexing are done at the edge nodes.
Hungry bandwidth connections can be supported by allocating
them multiple lightpaths. For simplicity of presentation, we
limit our model to the case of single lightpath connections;
however, the model is extendable to multiple lightpath con-
nections as well.

The set of user transactions traversing the same lightpath
is referred to as an OFS flow (briefly, a flow). Multiple flows
between the same source-destination, whether or not using the
same physical links, are possible.

Unlike EPS networks, all queueing of OFS data occur at
the edge nodes, thereby obviating the need for buffering in
the core. The core nodes of an OFS network are equipped
with bufferless optical-cross-connect switches (OXC).

OFS is a centralized transport architecture in that coor-
dination is required for logical topology reconfiguration. A
high level topology layout is depicted in Fig. 1 in which
three MANs along with their attached access networks are
interconnected by a single WAN. For illustration, we also de-
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pict a centralized scheduler located in three nodes (connected
by a permanent control channel) as well as two end-to-end
lightpaths.
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Fig. 1. An OFS topology layout.

In future Terabit Internet, traffic in the core network will
likely be efficiently aggregated and sufficiently intense to
warrant a slowly-varying quasi-static logical topology. Hence,
the centralized management and control required for OFS is
not expected to be onerous from the capacity perspective;
however, it could present the following concern to applications
requiring a short set-up delay, e.g., VoIP. The concern of
set-up delay with OFS is further discussed below. Note that
set-up delay is not the same as packet delay and bears no
impact on it. Also note that packet delay in all-optical transport
architectures is usually not an issue except for OBS and OPS,
where flow bandwidth is not reserved for the entire connection
time.

The OCS and OFS architectures are essentially similar in
the abstract level. Unlike OCS which is designed for a WAN
topology layout, OFS aims at extending the optical bypass of
GMPLS to the end users attached to interconnected MANs
[11].

The flow scheduling problem of OFS is different from the
traditional routing and wavelength assignment (RWA) problem
[16]–[20] applied to optical circuit switching (OCS). Indeed,
on the one hand, OFS scheduling is centralized and is carried
out in discrete points of time (at least 100 ms apart) where
multiple flow candidates are already waiting in the edge
buffers. However, on the other hand, routes and wavelengths
in RWA are assigned on-the-fly upon individual flow arrivals.
Consequently, OFS scheduling lends itself to a combinatorial
problem, whereas the traditional RWA can be viewed as an
on-the-fly admission control problem.

Now we further discuss the concern of the set-up delay in
OFS. Note that the minimum time between two consecutive
centralized lightpath scheduling epochs is determined by two
variables: (i) the time to deliver the bandwidth requests from
the source nodes to the central scheduler, A, and (ii) the
scheduler processing time, B. Since A and B can be pipelined
in time, the minimum time between scheduling epochs is given

by A. Since the maximum time to deliver an optical signal
around the world is 200 ms, the time between consecutive
scheduling epochs (in the worst case layout) cannot be less
than 200 ms.

However, with 200 ms between scheduling epochs, the
application set-up delay, defined as the time between a new
application arrival and its first access to the bandwidth, could
be longer than 200 ms. In the case where lightpath allocations
also reserve spare bandwidth for future arrivals, the start of
some applications could be delayed for at most 200 ms and
others (which cannot fit into the spare capacity) would wait
for an additional period of B ms. Thus, the computational
complexity of B is important for designing the amount of spare
capacity and for determining the limitations of applications
requiring short set-up time.

Apparently, the best performing scheduler analyzed in this
paper, the max-min fair scheduler with limited dynamic rout-
ing (implemented with a round-robin (RR) rule) has a compu-
tational complexity of κ· N2, where N is the number source-
destination edge pairs and κ is a constant. Timing our imple-
mented code with N = 100 reveals that the processing time
of max-min fair scheduler is 0.9 ms implying κ = 0.9

1002 . Thus,
the computational time for scheduling N source-destination
edge pairs is expected to take 0.9

1002 ·N2 ms. Particularly, for
N = 100,2000 and 10,000 source-destination edge pairs, the
scheduling times are expected to take 0.0009,0.36 and 9 sec,
respectively. It is arguable what should the maximum applica-
tion set-up delay be. It clearly depends on the application and
we suggest using VoIP as a reference application. Moreover,
we argue that the number of phone rings one would tolerate
until s/he hangs up is a reasonable subjective estimate. Our
own tolerance level is 6 rings (about 6 seconds).

The remainder of the paper is organized as follows. In
Section II we briefly review the macroscopic distinctions be-
tween optical transport architectures. In Section III we define
our OFS transient model and in Section IV we explain how
to approximate transient blocking probabilities. The Markov
decision process and lower bounds are derived in Section V
and our heuristic schedulers without fairness consideration
are defined in Section VI. The schedulers with the max-min
fairness consideration are given in Section VII and numerical
examples are presented in Section VIII. Finally, conclusions
are drawn in Section IX.

II. MACROSCOPIC DISTINCTIONS BETWEEN
ALL-OPTICAL NETWORK ARCHITECTURES

Relevant optical transport architectures, which can qualify
for a “green tag”, are those that reduce buffering and table
lookup. These are OPS, OCS, OBS and OFS due to the fact
that data switching is mainly done in the optical domain.
For completeness, we briefly describe the main distinctions
between their bandwidth schedulers.

A. OPS

Proposals for OPS envision a network comprising opti-
cal fibers and interconnecting WDM OPS nodes capable of
switching variable length packets in the optical domain. Data
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packets are individually and independently transported along
optical fibers using WDM or DWDM and the wavelength
capacity assignment, routing and switching are done in a
distributed way. The analysis of [11] suggests that OPS has
an optimal theoretical network capacity region.

Currently, packet switching is mainly performed in the
electronic domain. However, electronic switching does not
qualify as a “green” architecture and is expected to present
a great concern in the future as traffic and capacity increase.

B. OCS and OFS

OFS is a network architecture where ingress nodes assemble
data packets into very long bursts and employ a centralized
scheduler to set up lightpaths (circuits) for those bursts.
Lightpath setting with OCS is similar but usually performed
off line. While OCS is currently used only in the WAN, OFS
is aimed at setting up lightpaths between end users attached
to MANs interconnected by WANs. Both architectures do not
buffer data at the core network and switching is optical (no
table lookup). Thus, they both qualify as “green” architectures.

The analysis of [11] suggests that OFS and OCS have a
theoretical network capacity region determined by the opti-
mal solution of the maximum number of flows that can be
transmitted concurrently (shown to be in NP-hard [21]).

In light of the NP-hard computational complexity, the focus
of this paper is to explore computational efficient schedulers
needed for the OFS implementation.

C. OBS

OBS is a network architecture where ingress core edge
nodes assemble data packets into bursts of a variable length
(usually short, in contrast to the very long bursts of OFS or
OCS) destined to the same egress core node. Uniquely to OBS,
the lightpath for each burst is reserved and pre-configured by
a corresponding setup control packet traversing ahead of the
burst. Each core switch that can accommodate the burst for the
next link hop, pre-configures the switch to avoid data buffering
at the core. The first switch along the burst path, that cannot
accommodate the burst, dumps the burst. Aiming to reduce
burst loss, an option that allows burst deflection routing has
been studied in [22].

Similarly to OCS/OFS, OBS does not use electronic buffer-
ing (for contention reduction it can use fiber delay lines
(FDL) for short time buffering) and also qualifies as a “green”
architecture. Unlike OCS and OFS which employ centralized
lightpath schedulers, OBS employs a distributed scheduler
usually using a random channel access method. One exception
is wavelength-routed OBS [23] which is practically an OCS
for short bursts.

To estimate the network capacity region of OBS and relate
it to that of OCS/OFS one can draw conclusions from a single
channel with random access, on one hand, and reserved access
(e.g., TDM), on the other hand. It is well known that random
access has a capacity region substantially lower than that of a
reserved access. Similar arguments are made in [11] to assert
that the network capacity region of OBS is dominated by that

of OFS/OCS. It is worth noting that under low load, the set-up
delay with OBS outperforms all other architectures.

To obtain a fair idea on the expected throughput of OBS
in our traffic model and compare it with OFS, OBS JET [7]
is modeled by a random scheduler defined and justified in
Section VIII.

III. The OFS Model

To derive flow schedulers and to evaluate their performance
in a core network operating under the OFS transport archi-
tecture when flow arrivals are time dependent, we model
it as follows. Let 1,2, . . . ,L denote the network link labels
connecting the OXC switches where every link l supports W (l)
wavelengths, each with the same capacity c b/s. We assume
that wavelength conversion is supported, hence, each wave-
length can be switched by the OXC from any input port and
lambda (color) to any other output port and lambda. Setting
up a lightpath requires reconfiguration and setup time. A new
arriving OFS flow is buffered until the next scheduling epoch
where it is either assigned to a predetermined route associated
with one or more lightpaths (if available) or dropped if none
is available. Since under OFS architecture [12], routing and
scheduling epochs are performed centrally at time granularity
of about 100 ms, we can consider either a combined RWA, or
separate routing and wavelength assignment problems. In this
study we focus on the wavelength assignment problem given
that the routes have been determined in the first phase. We
refer to this problem as a flow scheduling problem.

Thus, we assume that at the scheduling epoch the routes are
given. A fixed route r = (l1, l2, . . . , ln) of length n is an ordered
set of links connecting a source edge node to a destination edge
node. Each lightpath corresponds to a route by associating
available wavelengths along each link. Let R be the set of all
predetermined routes. The capacity of a route r is simply the
capacity of a single wavelength denoted by c.

As described above, in the OFS architecture, a single flow
could be an aggregation of multiple user transactions arriving
at the same source edge node from the access networks
and are destined to the same destination edge node. The
aggregation is performed at the source edge node packing all
user transactions with the same destination edge node into the
same aggregate flow so as to minimize the number of required
wavelengths. The bandwidth of each flow is at most c b/s and
requires a single lightpath.

Flows manifest themselves (i.e., arrive) at the network edge
nodes and are buffered there until the next scheduling epoch.
OFS flow arrival processes can be modeled as independent
processes, each of which follows a time dependent Poisson
process with time dependent rates {λ′

r(t); t ≥ 0, r ∈ R }. The
Poisson law is well regarded as a good law for modeling
arrivals from a large number of independent sources. Since
the arrival rates change during the day we use time dependent
Poisson arrivals rather than the conventional homogeneous
Poisson process.

According to the OFS transport architecture, (aggregated)
flows are scheduled to their routes by a centralized reservation
scheduler at the beginning of each synchronized time-slot of
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duration T . Consequently, the relevant time-dependent flow
arrival rate at route r are given by

λr(k) =
∫ t≤(k+1)T

t≤kT
λ′

r(t)dt, k = 0,1,2, . . .

Each flow is associated with a variable service time, S,
which we assume to be Pareto distributed with scale β > 0
and shape α > 0, i.e.,

P(S > x) =
(

β
x

)α
, x ≥ β. (1)

We assume that all service times are independent. Note that
Pareto distribution became a standard convention to model
long range dependent (LRD) heavy tailed service times ob-
served in the current Internet [24], [25].

Relevant to our discussion on the transient blocking proba-
bility given below, are the mean value of the flow service time
S

E(S) =
αβ

α−1
, α > 1 (2)

and its stationary excess distribution, Se, whose complemen-
tary c.d.f. is given by (see e.g., [25])

P(Se > x) =


1
α

(
β
x

)α−1
, x ≥ β,

α−1
α

(
1− x

β

)
+ 1

α , otherwise.

(3)

At every multiple of T , kT , (briefly, every k), the scheduler
assigns a subset of the flows waiting in the queues of all edge
nodes to their corresponding routes for the next time period
T based on the available lightpaths.

Since scheduler decisions are made at times {kT ; k =
1,2, . . .}, all transactions of a flow arriving before the flow
is scheduled are buffered at the edge node. We consider a loss
system where flows that cannot be scheduled at time kT are
dropped and lost. The reasoning for this rule is that the data
packets of a buffered flow have already waited for an average
of T/2 (i.e., more than 50 ms), which justifies their dropping.

If a scheduled flow does not complete its required service
time until the next decision epoch, it remains in the system
and keep holding its lightpath for the next time interval. Con-
sequently, the set of new scheduled flows at time k comprise
only those which have arrived during ((k−1)T,kT ]. We refer
to such scheduling policies as persistent flow schedulers.

The advantage of persistent schedulers (over nonpersistent
ones) is that the reserved lightpaths of the applications are
guaranteed for the entire connection time (very important for
TCP connections). The disadvantage of persistent schedulers
is that lightpath allocations are more restrictive compared to
allocation with nonpersistent schedulers.

To evaluate the flow blocking probability under a time-
dependent arrival process and compute one of our lower
bounds to the optimal blocking probability, we provide an ap-
proximation in the next section for the transient flow blocking
probability at time k.

For clarity, we summarize below the main notions used in
this paper.

Notation Summary

W (l): No. of wavelength in link l.
r: A route of n links, where r = (l1, l2, . . . , ln).
λr(k): The Poisson arrival rate at route r in time step k.
S: A flow service time (Pareto distributed).
Nr(k): The set of flows at time k queued for route r.
Nr(k): No. of flows at time k queued for route r.
N ′

r (k): The set of new flows at time k queued for route r.
N′

r(k): No. of new flows at time k queued for route r.
Xr,n: No. of steps flow n at route r is residing in the

system.
X(k): The Markov decision process state of all {Xr,n(k)}.
π(k): The scheduling decision of scheduler π at step k.
Wr(k): No. of lightpaths allocated to the flows queued for

route r by a scheduler at step k.
Cπ(k): Immediate cost of action π(k).
V π

K (x): Total expected cost for K steps under scheduler π
given the initial state is x.

V ∗
K(x): Optimal cost for K steps given the initial state is x.

IV. Transient Blocking Probability Approximation
We use the following standard approximation for an

Mt/G/L/L queue known as the modified offered load (MOL)
[26]. According to this model, Mt represents the time depen-
dent Poissonian flow arrivals with rates λ(t), G represents the
Pareto distributed flow service time and L represents a number
of lightpaths that flows arriving at a particular route can use.
Note that in our network scheduling model, the available
number of lightpaths for one route is affected by traffic on
other routes.

A flow is blocked at time k if the number of flows request-
ing lightpaths at time t = kT is larger than L. Denote this
probability by B(k) and define a function

βL(x) =
xL/L!

∑L
j=0(x j/ j!)

.

Following [26], we approximate B(k) by

B(k) = βL

(
E
[
Q∞(kT )

])
, (4)

where
E
[
Q∞(kT )

]
= E

[
λ(t −Se)

]
E[S]

= E
[
λ(t −Se)

] αβ
(α−1)

(5)

and the distribution of Se is given by (3).
The already scheduled flows may have arrived during any

time prior to kT , and therefore the current blocking probability
is affected by earlier arrival rates. This consideration is espe-
cially important for the case where flow sizes follow a heavy
tailed distribution. Thus, by (3) and (5),

E
[
Q∞(kT )

]
=

αβ
(α−1)c

∞∫
0

λ(kT − x)dP(Se ≤ x). (6)

For discussion and comparison with other approximations see

[27], [28].
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In the next section we regard the scheduling problem as a
Markov decision process (MDP). Readers who prefer fluent
reading may skip the next section and return to it for more
thorough understanding of the heuristic schedulers derived in
Section VI.

V. A Markov Decision Process
In the context of OFS [10], [11], a flow is an aggregated set

of user transactions associated with a core route r requiring a
capacity of a whole wavelength.

Since the flow service time, S, is assumed to be Pareto
distributed, the distribution of the remaining time of an in-
complete flow, Se, is different from the distribution of a new
flow (see (3)). In general, the hazard function of Se increases
with its sojourn time. Therefore, to define a discrete MDP,
the state at time k should comprise not only the number of
flows of each route, but also their elapsed service times. Since
each new wavelength allocation requires configuration time,
scheduling decisions are limited to the discrete points of time,
k = 1,2, . . ., which are T time units apart.

Let Nr(k) and Nr(k) be the set of all flows at time
k requiring route r, and its number of flows, respectively.
Additionally, let Xr,n be the number of time intervals each
flow n ∈ Nr(k) has been residing in the system. The system
state at time k is given by

X(k) = {Xr,n; n ∈ Nr(k), r ∈ R }.

Note that flow n with Xr,n = 0 is a new flow that has
arrived during interval

(
(k−1)T,kT

]
. To differentiate between

new and ongoing flows, let N ′
r(k) and N′

r(k) be the set
and its corresponding number of the new flows only at time
k, respectively. The information available to a centralized
scheduler, π, at time k, is the state X(k) upon which it makes
a decision.

Our main focus here are schedulers that maintain existing
incomplete flows with Xr,n > 0, and drop only new flows that
cannot be scheduled. Recall that such schedulers are referred
to as persistent schedulers. Also, let Wr(k) denote the number
of wavelengths (lightpaths) scheduled to flows requiring route
r at time k. A feasible persistent scheduling decision at time
k , π(k), is a mapping

π(k) :
{

X(k)}→ {Wr(k)},

satisfying constraints

Nr(k)−N′
r(k)≤Wr(k)≤ Nr(k), ∀ r;

∑
{r: l∈r}

Wr(k)≤W (l), ∀ link l.
(7)

That is, a feasible scheduler does not interrupt flow trans-
missions and preserves the capacity constraints (number of
wavelengths) of each link in the network. For every state
X(k) = x, let A(x) be the set of feasible scheduler actions
satisfying (7).

Clearly, to maximize the throughput a schedule may com-
prise multiple concurrent flows. A set of concurrent scheduled
flows is referred to as a transmission set. With wavelength con-
version, the constraints of (7) characterize a feasible scheduler

decision. Also, in our immediate (one step) cost function, we
account only for flow dropping, but not for flow delay time.
Notice that both the delay until the flow is scheduled and its
transmission time have a constant expected value invariant of
the scheduler.

Consider a feasible scheduler π. Given that the state at time
k is X(k), the immediate cost of an action π(k) ∈ A(X(k)) is
therefore defined as

Cπ(k) = ∑
r∈R

[Nr(k)−Wr(k)]
+ . (8)

For every given scheduler π, characterized by {Wr(k); k =
1,2 . . .}, the process {X(k); k = 1,2, . . .} is a Markov chain
evolving as follows.

Let S(y) denote the remaining service time given S > y.
Suppose that T ≥ β. Using the conditional probability formula
of the Pareto distribution given by (1), a scheduled flow with
an elapsed time of Xr,n ≥ β completes its service and leaves
the system with probability

P
(

S
(
Xr,n

)
≤ Xr,n +T

)
de f
= P(Xr,n

)
=

=


1−

(
Xr,n

Xr,n+T

)α
, Xr,n = 1,2, . . . ,

1−
(

β
T

)α
, Xr,n = 0.

Denote by D(k) the number of serviced flows leaving
the system during step k. Clearly, D(k) is Multinomially
distributed with success probabilities {P(Xr,n)}.

Additionally, Ar(k) new flows with Xr,l = 0, l =
0, . . . ,Ar(k), arrive at the system, where Ar(k) is Poissonian
distributed with rate λr(k). Thus, under every policy π, the
MDP evolves as

N′
r(k+1) = Ar(k), ∀ r ∈ R ;

Xr,n(k+1) = 0, ∀ n ∈ N ′
r(k+1) and r ∈ R ;

Nr(k+1) = N′
r(k+1)+W (k)−D(k), ∀ r ∈ R ;

Xr,n(k+1) = Xr,n(k+1)+T,

∀ n ∈ Nr(k+1)\N ′
r(k+1) and r ∈ R .

We consider the following discrete MDP with a finite
horizon K. For every initial state x, the cost (total number
of dropped flows) of a feasible scheduler π is defined by

V π
K (x) =

K

∑
k=1

E
[
Cπ(k)

]
,

and the optimal feasible scheduler π∗, is the one attaining

V ∗
K(z)

de f
= V π∗

K (z)≤V π
K (z), ∀ π and z.

The function V ∗
K(z) is called the value function of the problem.

Since finding the optimal scheduler is mathematically in-
tractable, we derive several lower bounds and advise several
heuristic schedulers.
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A. A lower bound via policy relaxation
Here, we derive a lower bound on the value function (i.e,

flow blocking probability) by relaxing the scheduling rules.
Note that a feasible scheduler, π, is constrained to persist the
service of incomplete flows. This persistence is expressed by
the left-hand side of the first constraint of (7).

To bound V ∗
K(z) from below, we consider a new set of

schedulers, π̃, where the left-hand side of the first constraint
of (7) is replaced by 0. This set is referred to as nonpersistent
schedulers since they are not constrained to persist previously
lightpath allocations. Its set of actions at state X(k) = x is
denoted by Ã(x). We remind the reader that the focus of this
paper is on persistent schedulers and that certain nonpersistent
schedulers are used as bounds and approximations for our
persistent schedulers. We do not intend here to find the “best”
nonpersistent scheduler.

In the next theorem, we show that the value function of the
nonpersistent schedulers, Ṽ ∗

K(x), bounds V ∗
K(x) from below.

Theorem 1: For every horizon K and initial state x, Ṽ ∗
K(x)≤

V ∗
K(x).

Proof: We prove the assertion by induction on K. First
note that

A(x)⊆ Ã(x), ∀ x. (9)

For K = 1, (9) implies that

Ṽ ∗
1 (x) = min

π̃(1)∈Ã(x)
Cπ̃(1)≤ min

π(1)∈A(x)
Cπ(1) =V ∗

1 (z).

In the following, Ex,π(1) [V (X(2))] denotes the expected
value of a random function V (X(2)) whose probability dis-
tribution is induced by the one-step transition probability of
the MDP {X(k),k = 1,2, . . .}, given that X(1) = x and the first
scheduler action is π(1).

Suppose that the assertion holds true for every k ≤ K and
we will show that it is also true for K + 1. Using Bellman
optimality equations [29], we have

Ṽ ∗
K+1(x)

= min
π̃(1)∈Ã(x)

{
Cπ̃(1)+Ex,π̃(1)

[
Ṽ ∗

K(X(2))
]}

≤ min
π(1)∈A(x)

{
Cπ(1)+Ex,π(1)

[
Ṽ ∗

K(X(2))
]}

≤ min
π(1)∈A(x)

{
Cπ(1)+Ex,π(1) [V ∗

K(X(2))]
}

=V ∗
K+1(x).

(10)

The first equality is Bellman equation for the nonpersistent
scheduler problem. The next inequality follows from restrict-
ing the minimum to a subset of the first scheduler action and
continuing with the optimal scheduler for the nonpersistent
scheduler problem. The following inequality is implied by the
induction assumption and the last equality is Bellman equation
for the persistent scheduler problem.

Note that by reducing the first scheduler action to A(x),
we impose a one-step transition to states of the persistent
scheduler.

The lower bound, Ṽ ∗
K(x), as well as the optimal nonpersis-

tent scheduler can be derived numerically via value or policy
iteration for MDP. However, due to the continuous state space
and the derivation of D(k), it is a quite complex task.

To guide our investigation of persistent schedulers, we
explore further the set of nonpersistent schedulers. Consider
the nonpersistent scheduler π̃ that at every state X(k) schedules
a transmission set W (k) satisfying

0 ≤Wr(k)≤ Nr(k), ∀ r;

∑
{r: l∈r}

Wr(k)≤W (l), ∀ link l.
(11)

The following concept of maximal transmission set is useful
for our investigation. A transmission set of flows is maximal,
if it cannot be extended with another flow without violating
constraint (11). Finding the maximum number of flows that
can be transmitted concurrently is a special case of the disjoint
paths problem [30] shown to be in NP-hard [21]. Polynomial
approximation algorithms for the disjoint paths problems have
been extensively studied in [31] and in references therein.

The solution of the maximal concurrent transmitted flows
is clearly given by the NP-hard integer linear program of

max
{Wr}

∑
r

Wr(k), (12)

subject to constraints (11).
Finding maximal transmission sets at every state X(k) can

be formulated as finding cliques1 of a graph where the vertices
comprise the set of flows at that state. Two vertices are
connected by an edge if their corresponding flow can transmit
concurrently.

Confining ourselves to nonpersistent schedulers, it is clear
that any scheduler π̃ that schedules a non-maximal transmis-
sion set at step k is not optimal. The reason is that it can strictly
be improved by a policy π̃′ that does schedule a maximal
transmission set at k and continues from k+1 and on as π̃.

Formally, it is given by the following inequalities. Suppose
that π̃(k) is the first time where a non-maximal transmission
is scheduled by π̃. Shifting the initial time by k (k becomes 1
and K +1− k becomes K), we have

V π̃
K (x) =Cπ̃(1)+Ex,π̃(1)

[
V π̃

K−1(X(2))
]

>Cπ̃′(1)+Ex,π̃′(1)
[
V π̃

K−1(X(2))
]

=V π̃′
K (x).

(13)

Note that the inequality holds true since the set of scheduled
flows π̃′(1) strictly contains the set of scheduled flows π̃(1).
Moreover, at time 2, π̃′ can drop the additional scheduled
flows, if not completed their service, and exactly imitate π̃
until the end. The inequality remains strict since there is a
positive probability that at least one additional scheduled flow
will complete its service at step one. Thus, the following
conclusion for the optimal nonpersistent scheduler follows.

1In graph theory, a clique in an undirected graph is a subset of its vertices
such that every two vertices in the subset are connected by an edge.
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Corollary 1: Any flow allocation of the optimal nonpersis-
tent scheduler at time k, π̃∗(k), schedules a maximal transmis-
sion set.

It should be noted that Corollary 1 does not imply that if the
maximal transmission set of π̃′(k) is larger than the maximal
transmission set of π̃(k), then its decision at time k can be used
to improve π̃. Therefore, allocating the maximal transmission
set, i.e., the set with the largest number of flows at any time
k is not necessarily optimal.

To derive a computational attractive lower bound based on
Corollary 1, let F 0 be the solution of the max-flow problem,
i.e., the maximal transmission set with the largest number
of possible flows determined irrespectively of the number of
flows in the network. The set F 0 is given by the routes {r}
corresponding to the solution of

max
{Wr≥0}

∑
r

Wr (14)

subject to
∑

{r: l∈r}
Wr ≤W (l), ∀ link l. (15)

Inspired by Corollary 1, the following heuristic nonper-
sistent policy, denoted by π̃0, could be reasonably close to
optimal when the horizon K is large or when the load is heavy.
Thus, we use its blocking probability to compute one of our
lower bounds to the optimal blocking probability, referred to
as the lower via policy relaxation.

Definition 1: At every step k and state X(k), the nonpersis-
tent policy π̃0 schedules the following flows:

1) π̃0(k) = max

{
S ; S ⊆

{ ∪
r∈R

Nr(k)

}∩
F 0

}
;

2) Extend π̃0(k) to a maximal transmission set with flows

from

{ ∪
r∈R

Nr(k)

}
\ π̃0(k).

B. A lower bound via routing relaxation
Here, we derive a lower bound on the flow blocking prob-

ability by relaxing the network routing constraints as given
by the second constraint set of (7). To this end, we use the
approximation of the transient blocking probability presented
in Section IV.

Denote by L = |F 0| the cardinal number of the max-flow
set of the original network. Consider the Mk/G/L/L queueing
system with L servers and waiting positions, a time dependent
Poissonian flow arrival process λ(k), k = 1,2, . . . ,K, where

λ(k) = ∑
r∈R

λr(k), (16)

and independent Pareto flow holding times.
Since L is the maximum number of concurrent lightpaths,

it follows that for every arrival and service realization, the
number of flows serviced by the time dependent Mt/G/L/L
system is larger than that of the original system. Thus, the
following lower bound follows.

Let B(k) be the transient blocking probability of the
Mk/G/L/L queueing system at time k. Recalling that V ∗

K(x)

is the total expected number of blocked flows in the original
system, we have

Theorem 2: For every horizon K and initial state x,
∑K

k=1 λ(k)B(k)≤V ∗
K(x).

For computational purpose, the transient blocking probabil-
ities, {B(k)}, can be approximated using the MOL method as
given by (4) and (5). In our case, j is superfluous and the rates
λ(t) are given by the sum of all route rates.

C. A lower bound via cost relaxation

In Subsection V-A, we relaxed the persistent schedulers to
nonpersistent schedulers. However, the computational com-
plexity of computing the lower bound to V ∗

K(x) as given by
Ṽ ∗

K(x) is NP-complete.
To alleviate the computational complexity, we relax the

immediate cost function and account only for the new flow
dropping. That is, discontinued flows are not penalized. This
relaxation of the problem is equivalent to the complement
MDP where schedulers aim at maximizing the total number of
accepted flows. The value function of this complement MDP
is denoted by V̂ ∗

K(x).
Since all unaccepted arriving flows are dropped, the mini-

mum expected total number of blocked flows is given by

B̂∗
K

de f
=

K

∑
k=1

λ(k)−V̂ ∗
K(0). (17)

The optimal policy that attains V̂ ∗
K(x) is clearly the non-

persistent myopic scheduling which at every time k and state
X(k) schedules the maximum transmission set with the largest
number of flows.

To evaluate the lower bound, B̂∗
K , consider the following

time dependent model Mt/G/Lk/Lk of Section IV with time
dependent Lk servers and waiting positions and time dependent
Poissonian flow arrival process λ(t), t = 1,2, . . . ,K.

The values of Lk are pre-computed and stored in a lookup
table by solving the following problems for each possible state
of number of flows. That is, for each k, let F 0(k) be the
solution of the following max-flow problem at phase k,

max
{Wr≥0}

∑
r

Wr (18)

subject to

0 ≤Wr ≤ Nr(k), ∀ r;

∑
{r: l∈r}

Wr ≤W (l), ∀ link l,
(19)

for all 0 ≤ Nr(k)≤ maxl W (l).
A computational procedure to evaluate the lower bound (17)

is to simulate the process for K steps. At each step k, the values
of {Nr(k)} are determined by the simulation and Lk = |F 0(k)|
is computed by solving (18)–(19).
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VI. Persistent Schedulers

In this section we derive several heuristic persistent sched-
ulers. Note that our flow scheduling is a centralized problem
done at discrete points of time, where multiple flow candidates
are available, rather than upon each flow arrival. This is dif-
ferent from the traditional distributed routing and wavelength
assignment (RWA) problem [16]–[18] performed upon each
flow arrival. Also, our scheduling problem lends itself into a
combinatorial problem whereas the traditional RWA problems
are admission control problems.

The derivations of the lower bounds suggest the following
two heuristic persistent schedulers, the max-flow persistent
scheduler and the max current set persistent scheduler.

A. Max-flow persistent scheduling
The max-flow persistent scheduler, π0, is the persistent

version of the nonpersistent policy, π̃0, as defined by Definition
1. Unlike π̃0 aiming at building up the max-flow scheduling
state and may discontinue ongoing flows, π0 does not schedule
new flows not included in the max-flow set F 0.

Definition 2: At every step k and state X(k), max-flow per-
sistent scheduler schedules the maximum number of ongoing
flows along with the new flows from the set F 0.

Note that the max-flow persistent scheduler translates into
a static fixed set of lightpath allocation for all flows in the set
F 0. Namely, W 0

r lightpaths are statically allocated to flows
using route r, where W 0

r is the solution of

max
{Wr}

∑
r

Wr

subject to

∑
{r: l∈r}

Wr ≤W (l), ∀ link l.

At every step k, all new flows are assigned to the available
lightpaths and the rest are blocked.

Remark 1: Clearly, max-flow persistent scheduler starves
the flows not in the max-flow set. This can be partially
corrected as follows. Flows not in the max-flow set are FIFO
scheduled to any available lightpath until one of its wave-
lengths is required by a flow in the max-flow set. However,
under heavy load when each route is likely to have several
waiting flows, this correction will not help.

B. Max current set persistent scheduling
The max current set persistent scheduler is the persistent

version of the nonpersistent myopic scheduler which attempts
at building the most likely maximum transmission set at any
given state, as defined below.

Definition 3: At every step k and state X(k), the max
current set persistent scheduler schedules the ongoing flows
along with new flows comprising the largest subset of any
maximal transmission set.

That is, the lightpaths assigned to new flows at step k are
Wr(k) solving

max
{Wr}

∑
r

Wr(k)

subject to

Nr(k)−N′
r(k)≤Wr(k)≤ Nr(k), ∀ r;

∑
{r: l∈r}

Wr(k)≤W (l), ∀ link l.

Unlike the max-flow persistent scheduler, which is static,
the max current set persistent scheduler is adaptive.

C. Anticipating max current set persistent scheduling
Note that the adaptive max current set persistent scheduler

is a non-anticipating in the sense that it does not account
for future flow blocking - only for the current flow blocking.
On the other hand, the static max-flow persistent scheduler,
is somewhat anticipating by accommodating only flows that
could minimize the long-run average flow blocking. However,
max-flow persistent scheduler is not adaptive.

The idea of the next scheduler is to convert the max current
set persistent scheduler into an anticipating one by adding to
the objective function the following penalty to the next-step
blocking rate.

For every lightpath r, let Pr(k) be the total arrival rate of
all other flows colliding with at least one link used by r. That
is,

Pr(k) = ∑
r′ ̸=r: r′∩r ̸=ϕ

λr′(k). (20)

The anticipating max current set persistent scheduler as-
signs lightpaths Wr(k) to new flows at step k which solve

max
{Wr}

∑
r

[
Wr(k)−A ·Pr(k+1)

]
subject to

Nr(k)−N′
r(k)≤Wr(k)≤ Nr(k), ∀ r;

∑
{r: l∈r}

Wr(k)≤W (l), ∀ link l.

Note that {Pr(k + 1)} are known constants; hence the
objective function remains linear. Additionally, long hop flows
and flows using routes comprising links shared by many flows
(“bottleneck” flows) are penalized more than short and “non-
bottleneck” flows.

The schedulers derived so far are based on a total perfor-
mance criteria without considering fairness between the flows.
In the next section we also consider fairness.

VII. Max-Min Discrete Fair Schedulers
Observe that schedulers attempting to minimize the flow

dropping for a given horizon K are unfair in the sense that
some of the flows may not be scheduled at all (starve). The
reason is that the cost function and the constraints at every step
k are linear; consequently, optimal wavelength assignments
under constraint (7) are attained at extreme points determining
lightpaths only for a subset of flows at each step k.

Therefore, a more practical scheduler should also assign
the lightpaths at every step k in a fair manner. A common
fairness notion for network bandwidth allocation is max-
min fairness, [32], where bandwidth is allocated to flows so



JOURNAL OF LIGHTWAVE TECHNOLOGY 9

as to maximize the minimum allocated bandwidth per flow.
Without link capacity constraints, the allocated bandwidth to
each flow is the same. With link capacity constraints, max-
min fair allocation maximizes the allocated bandwidth of
the i-th minimum allocated bandwidth. Additionally, unlike
schedulers attempting to minimize the flow dropping, max-
min fair schedulers are starvation-safe.

Note that max-min fairness is one of the two most common
fairness criteria, where the other one is proportional fairness
[33]. Fairness criteria is a controversial issue and max-min
and proportional fairness are placed in the two ends of a
general fairness spectrum introduced in [34]. Both criteria have
merit; we selected max-min fairness since its computational
complexity is polynomial (even for discrete variables) whereas
that of proportional fairness is exponential (solving a convex
program).

Max-min fairness is defined as follows.
Definition 4: The continuous max-min fair rate allocation

is a feasible rate vector where the rate of each flow i cannot
be increased, while maintaining feasibility, without decreasing
the rate of some other flow j which has a smaller or equal rate
than flow i.

A simple way to illustrate the max-min fair rates is by
visualizing the links as one way water pipes with given diam-
eters connected by taps, resembling switches, and generating
a network of pipes connecting sources and destinations. Max-
min rates are attained by filling each source with water at a
constant rate (which is the same for all sources) and gradually
increasing the rate until it cannot be increased anymore.
This water-filling algorithm can be used to implement the
continuous max-min fair bandwidth allocation.

Unlike the continuous case, our lightpath allocation problem
is a discrete problem where the capacity variables are the
number of lightpaths allocated to route r, Wr. The discrete
domain necessitates a change in the max-min fair definition,
as well as in the algorithm [35]. A simple example given in
[35] illustrates the required change in the definition. Consider
a single link with 4 lightpaths and 3 routes (flows). There are
3 lightpath max-min allocation vectors, (1,1,2), (1,2,1) and
(2,1,1). Each one of these max-min allocations, e.g., (1,1,2),
does not satisfy definition 4. Indeed, the rate of flow 1 can be
increased from 1 to 2 and the rate of flow 3 be decreased to
1 (the rate of flow 1 before the increase). Thus, we need to
modify the max-min definition so as to accommodate discrete
unit allocations.

Definition 5: The discrete max-min fair rate allocation is
a feasible rate vector where the discrete rate of each flow
associate with route r, Wr, cannot be increased to W ′

r > Wr,
while maintaining feasibility, without decreasing the rate of
some other flow j which has a smaller or equal rate than the
new rate of flow r, W ′

r.
Note that unlike the continuous max-min fair rate allocation,

the discrete max-min fair rate allocation, a flow associated with
route r may be allocated zero lightpaths. This could only occur
when other flows sharing a link with r are allocated exactly one
lightpath. Also, as shown by the example above, the discrete
max-min fair rate vector is not unique and some max-min fair
rates can utilize the network substantially better than others.

Indeed, consider a network comprising h link hops in tandem
labeled as 1, . . . ,h. Suppose that the route of flow 0 comprises
all links and for each 1 ≤ i ≤ h, the route of flow i comprises
only link i. Both allocation rates, (1,0, . . . ,0) and (0,1, . . . ,1)
are max-min fair rates illustrating the potential difference in
their network utilization.

As shown in [35], the following discrete bottleneck condi-
tion is an alternative definition of discrete max-min fair rates.

Definition 6: A feasible lightpath allocation (rate) vector
{Wr} is discrete max-min fair if and only if one of the
following is satisfied for every flow r.

1) If Wr ≥ 1, flow r has either a discrete bottleneck link l ∈ r
where ∑{r′: l∈r′}Wr′ =W (l) and Wr ≥Wr′ −1, ∀ r′ : l ∈
r′; or Wr = Nr (each flow is allocated a lightpath).

2) If Wr = 0, either there is a bottleneck link l ∈ r where
∑{r′: l∈r′}Wr′ =W (l) and Wr′ ≤ 1, ∀ r′ : l ∈ r′; or Nr = 0.

Using the discrete bottleneck condition of definition 6, it
is straightforward to verify that the algorithm defined in the
following Subsection VII-A yields a max-min fair rate vector.

A. A nonpersistent max-min discrete fair scheduler
The following round-robin (RR) scheduler is a natural

discrete version of the water-filling algorithm. Suppose that at
the beginning of step k there are {Nr(k), r ∈R } waiting flows.
The RR allocation rule allocates lightpaths iteratively. Let
Nr(k, i) denote the number of flows waiting for route r after
iteration i is complete; also denote Nr(k,0) = Nr(k). At every
iteration, i≥ 1, the RR allocates a single lightpath (if available)
in an arbitrary order to every route r with Nr(k, i− 1) > 0.
Thus, we define:

Definition 7: At each step k, the nonpersistent max-min
discrete fair scheduler allocates the lightpaths in a RR fashion.

It can easily be verified that the lightpaths allocated by
the RR scheduler satisfy the discrete bottleneck condition,
regardless of the allocation order.

To obtain a discrete max-min fair allocation with the max-
imal number of allocated flows, one can solve the following
max-flow problem at every iteration i.

max
{Wr∈{0,1}}

∑
r

Wr

subject to
∑

{r: l∈r}
Wr ≤W (l, i), ∀ link l,

where W (l, i) is the number of unallocated lightpaths of link
l after iteration i is complete.

B. A persistent max-min discrete fair scheduler
The persistent max-min discrete fair scheduler is similar to

the nonpersistent one, except that at every RR iteration, the
lightpaths being held by the flows remaining from the previous
step are also accounted.

Let Wr(k, i) denote the number of lightpaths used or newly
allocated at step k to flows associated with route r after
iteration i is complete.
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Definition 8: At each step k, the persistent max-min dis-
crete fair scheduler allocates the lightpaths in the following
myopic optimal RR fashion.

1) Initialize

Wr(k,0) = Nr(k)−N′
r(k), ∀ r,

W (l,0) =W (l)−∑r: l∈r Wr(k,0), ∀ l.

2) At every iteration i ≥ 1, compute

max
{xr∈{0,1}}

∑
r

xr · I{i >Wr(k,0)}

subject to

∑
{r: l∈r}

xr ≤W (l, i), ∀ link l,

where I{E} is the indicator function of event E.
3) Update Wr(k, i) =Wr(k, i−1)+ xr.
4) Stop if ∑r xr = 0.
Note that the myopic optimality does not imply that the

number of rejected flows is minimized since each iteration
does not account for remaining wavelengths left for the next
iteration.

Since the max-min discrete scheduler with RR turned out to
be the most efficient scheduler, we note that its computational
complexity is |R |2. Indeed, it is proportional to (maxr Wr)×
|R |2 and maxr Wr is bounded by the constant maxl W (l).

VIII. Numerical Examples of Random Networks
The performance of our proposed OFS scheduling algo-

rithms are demonstrated in a random topology comprising 100
source destination edge node pairs (S-D) and 10 physical core
links each comprising of 27 wavelengths. We use a random
topology rather than specific topologies so as to eliminate the
bias introduced by the specific ones. We advocate that it is
more appropriate when seeking for a general scheduler aimed
at any arbitrary topology.

Three types of network layouts were simulated: one with a
symmetrical layout and two types with asymmetrical layouts.
The layouts along with their corresponding routes are redrawn
at the beginning of each simulation run. For the symmetrical
case, a route of each S-D pair has 5 hops on the average and
comprises each of the 10 network links with probability 0.2.

For the first asymmetrical layout, referred to as asymmetric
link congestion, the links comprising each S-D route are drawn
so as to generate an asymmetric distribution of the number
of routes crossing a single link. Specifically, the 10 links are
divided into five equal-size groups. A link from group one is
drawn randomly by 10 S-D routes; a link from group two is
drawn randomly by 20 S-D routes; and so forth until group
five, where a link is drawn by 50 S-D routes. This procedure
generates an asymmetrical layout where each S-D route is of
length 5, and links are congested asymmetrically.

For the second asymmetrical layout, referred to as asym-
metric route length, the links comprising each S-D route are
drawn so as to generate an asymmetric route length distribution
(in hop counts). Specifically, the 100 S-D pairs are randomly
divided into five groups, each comprising 20 S-D pairs. The

routes assigned to the first group are of length 1, to the second
group are of length 2, and so forth until group five, where the
route length is 5. The links of each route in every group are
randomly drawn from the 10 network links.

Clearly, the links comprising each route are drawn without
repetition and avoid loops. Also, in the case where each
S-D flow can select multiple routes, each route associated
with a given S-D pair is drawn following the same statistical
procedure.

We investigate the performance considering two types of
routing: (i) static routing, where each S-D flow can use only
one fixed route; and (ii) limited dynamic routing, where each
S-D flow can use any one out of four possible routes depending
on the network state. For the latter type of routing see, e.g.,
[36], [37].

We use the traffic model described in Section III with time
dependent Poisson flow arrivals with rate λt . We consider a
transient arrival pattern for a time interval where traffic offered
load is linearly increasing in discrete steps which are 0.1
seconds apart. The initial arrival rate is set to λ0 = 0.875. Then
it incrementally increases by an equal increment of 8.5×10−5.
We assume that the processes are independent and have the
same arrival rates λ(t). Also, the flow service time is Pareto
distributed with α = 2.1 and β = 0.07. This is a typical load
pattern in the first two hours of a working day.

For each experiment, we generate 24 independent network
layouts and ran each layout as to simulate 7200 seconds
(2 hours) of the physical network time. The performance
measures depicted in the graphs are given by the averages
over the 24 runs along with their 95% confidence intervals.
The scheduling decisions are taken at 100 ms apart.

A. Performance with a single static route
Fig. 2 depicts the cumulative flow blocking probabilities

in the symmetrical network for the following five scheduling
algorithms (also depicted in other figures):

1) persistent max current set [MCSP] (see VI-B),
2) nonpersistent opt. max-min fair [MMNP(opt)] (see

VII-A),
3) persistent opt. max-min fair [MMP(opt)] (see VII-B),
4) nonpersistent max-min fair with RR [MMNP(rr)] and
5) persistent max-min fair with RR [MMP(rr)].

In this figure (as well as in the rest of the figures) the bottom
x-axis is the time, t [s], and the top x-axis is the average
offered data load per physical link at time t.

First note the misleading scale artifact of the confidence
intervals in Fig. 2. Although they appear larger than the ones
in the other figures, they are actually similar in their absolute
size. Also, for clarity, we display only the confidence intervals
for MCSP; the rest are of a similar size.

Also note that since the arrival process is transient (time
dependent), the stationary (steady state) blocking probability
does not exist. Therefore, we consider here the ratio of the total
number of blocked flows to the total number of flow arrivals
until time t, which we call cumulative blocking probability
depicted in Figs. 2–8. When the system is stationary, the
cumulative blocking probability converges to the standard
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Fig. 2. Cumulative blocking probabilities for symmetrical networks.

stationary blocking probability. Since our numerical examples
concern with the transient case where the flow arrival rate,
λr(t), increases with t, the cumulative blocking probability
also increases with t.

It can be observed that the persistent max current set
scheduler outperforms all other schedulers and that the non-
persistent optimal max-min fair scheduler is the second best.
The cumulative blocking probabilities of all max-min fair
schedulers are very similar and differ only by about 0.01
and by about 0.03 from MCSP at the largest traffic intensity.
Thus, although fairness has a performance penalty it is more
desirable in practice (i.e., starvation safe) and therefore pre-
senting a reasonable alternative to the persistent max current
set scheduler (which is unfair). It is worth noting that the
nonpersistent max-min fair scheduler does not necessarily
outperform the persistent max-min fair scheduler. The reason
is that each iteration selects a flow using a myopic optimal
rule rather than a long-term optimal rule.

Fig. 3 depicts the cumulative flow blocking probabilities in
a network with the asymmetric link congestion. The presented
graphs are of the same five scheduling algorithms used in the
symmetrical layout. Similarly, Fig. 4 presents the results for a
network with the asymmetric route length. The cost relaxation
lower bound is also presented.

It can be observed that in the case of the asymmetric link
congestion (Fig. 3), the nonpersistent RR max-min fair sched-
uler outperforms all other schedulers. However, amongst the
persistent schedulers, the persistent max current set scheduler
is dominating for t > 4000; and below 4000, all schedulers are
similar. It can also be noticed that the blocking probabilities
of the persistent optimal max-min fair scheduler is quite close
to that of the best persistent scheduler with an cumulative
blocking probability only slightly larger, i.e., 0.02 at the
highest traffic load.

For the case of the asymmetric route length (Fig. 4), the
persistent max current set scheduler outperforms all others
t > 4000; and below 4000, all schedulers are similar. As in the
other asymmetrical case, the cumulative blocking probabilities
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Fig. 3. Cumulative blocking probabilities for asymmetrical networks with
different link congestion.

of the persistent optimal max-min fair scheduler is also quite
close to that of the best persistent scheduler with a cumulative
blocking probability only slightly larger, i.e., 0.025 at the
highest traffic load.
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Fig. 4. Cumulative blocking probabilities for asymmetrical networks with
different route length.

The results presented in Figs. 2–4 can be summarized as
follows.

• Except for the case of asymmetric link congestion (Fig.
3), nonpersistent schedulers bear almost no advantage
over the persistent schedulers. In the case of asymmet-
ric link congestion, the cumulative blocking probability
of the nonpersistent RR max-min fair scheduler at the
highest traffic load is 0.05 less than the best persistent
scheduler.

• The unfair persistent max current set scheduler is out-
performing all other persistent schedulers. However, the
cumulative blocking probability of the nonpersistent RR
max-min fair scheduler attains a quite close result.

• The cumulative blocking probabilities in the asymmetrical
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layouts are higher than that of the symmetrical layout. i.e.,
0.22 vs. 0.048, at the highest offered load.

B. Comparison with a random scheduler
To illustrate the performance of our proposed schedulers, we

compare them with the random scheduler analyzed in [16]. A
random scheduler allocates the wavelengths to the routes in a
random order.

The blocking probabilities of our persistent max current
set scheduler are compared with the random scheduler in
the symmetric network layout (Fig. 5), the asymmetric link
congestion layout (Fig. 6) and the asymmetric route length
(Fig. 7). It can be observed that our persistent max current set
scheduler is substantially better than the random scheduler.

It is worthwhile to note that the random scheduler fairly
approximates the OBS JET scheduler [7]. Indeed, the setup
control packets of all source-destination pairs are initiated
upon their request arrivals and each follows its predetermined
route until either a successful reservation or a contention
occurs. Since arrivals at each switch are random, the induced
reservation schedule is random as well.

The high cumulative blocking probabilities under the ran-
dom scheduler is explained by its random wavelength allo-
cation to the routes. A random scheduling is known to be
inefficient for high offered loads (e.g., in random access chan-
nels). Since our numerical examples concern with the transient
case where the flow arrival rate, λr(t), increases with t, the
high load effect starts at t > 2000 seconds (for the symmetrical
case) and at t > 1000 seconds (for the asymmetrical cases).
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Fig. 5. Comparison of cumulative blocking probabilities with random
scheduling for symmetrical networks.

C. Comparison with a limited dynamic routing
To compare the performance of our schedulers in a network

where routing is static (each S-D pair has a single static
route), to a scheduler where routes are selected dynamically,
we consider the following scheduler which adapts to the
dynamically selected routes.
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Fig. 6. Comparison of cumulative blocking probabilities with random
scheduling for asymmetrical networks with different link congestion.
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Fig. 7. Comparison of cumulative blocking probabilities with random
scheduling for asymmetrical networks with different route length.

As described above, in the network with dynamic routing,
each S-D has four feasible routes which are predetermined
at the beginning of the simulation in a random fashion. Our
dynamic scheduler with limited dynamic routing allocates
wavelengths to the S-D pairs in a round robin fashion accord-
ing to a predetermined order (selected randomly) as with the
RR max-min fair scheduler). In each round and for each S-D
pair, the scheduler exhaustively searches to find the shortest
(hop count) available route from the four routes of that pair
(as in [17]). The allocation preserves the persistence of the
ongoing flows.

cumulative blocking probabilities of our previously persis-
tent schedulers and that of the persistent dynamic scheduler,
described above, are depicted in Fig. 8 for the network
with asymmetric route length. The figures show that the
freedom provided by dynamic routing (although over only
four predetermined routes per S-D pair), improves the blocking
probability dramatically. Moreover, comparing with the lower
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bound on schedulers with static routing, depicted in Fig. 4, its
cumulative blocking probability is very close to the bound.

Note that using the RR max-min fair scheduler with a
set of multiple predetermined routes leaves the computational
complexity of the scheduler intact, i.e., |R |2.
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Fig. 8. Cumulative blocking probabilities with dynamic routing.

D. Fairness evaluation
Since fair lightpaths scheduling is of utmost importance

in practice we examine the fairness of the most promising
schedulers, i.e., the persistent max current set, the persistent
optimal max-min fair and the persistent dynamic schedulers.

For every resource allocation vector x with n components,
Jain’s fairness index [38] is defined by

J(x) =
(

∑n
i=1 xi

)2

n∑n
i=1 x2

i
.

The index ranges from the worst case of 1/n to the best case
of 1 when all allocations are equal. It is commonly perceived
that the larger the index is, the fairer is the allocation.

In Fig. 9 we depict Jain’s fairness index at every time t,
where the vector x is taken as the cumulative flow blocking
probabilities of all S-D pairs at time t. It can be observed that
both, the persistent optimal max-min fair scheduler and the
persistent dynamic scheduler are substantially fairer than the
persistent max current set scheduler for t > 2500.

Before we move on to the conclusion, we provide some
intuitive reasons for why one scheduler is expected to perform
better than others. At the highest level, the analyzed schedulers
are subdivided into persistent and nonpersistent schedulers.
The advantage of persistent schedulers (over nonpersistent
ones) is that the reserved lightpaths of the applications are
guaranteed for the entire connection time (very important for
TCP connections). The disadvantage of persistent schedulers
is that lightpath allocations is more restrictive compared to
allocation with nonpersistent schedulers. Thus, when compar-
ing the cumulative blocking probabilities of the persistent and
the nonpersistent versions of the same algorithm, that of the
nonpersistent ones is expected to be lower (which is consistent
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Fig. 9. Jain’s fairness index for different schedulers.

with our findings except for MMNP(opt) and MMP(opt)). The
exception with max-min fair scheduling using the optimal rule
is that in each iteration a flow is selected using a myopic
optimal rule rather than a long-term optimal rule.

Similarly to persistency, fairness also imposes a restriction
on the lightpath allocation. Thus, the cumulative blocking
probability of max-min schedulers are expected to be higher
than that of the max current set scheduler, which allocates
lightpaths as to maximize the current transmission set. How-
ever, this is only one aspect of the scheduling rule. Since both
max-min fairness and max current set schedulers use myopic
rules and persistency requires also long-term consideration,
the relation between the max-min schedulers and max current
set schedulers is hard to predict. In the symmetrical network
depicted in Fig. 2, the performance shortcoming of fairness
yields advantage for max current set. In the asymmetrical
network depicted in Fig. 3, the performance shortcoming
of persistency yields advantage for persistency max-min fair
scheduler. In the asymmetrical network depicted in Fig. 4, both
shortcomings impact the performance similarly.

IX. Conclusions

We have studied flow scheduling to lightpaths in an OFS
architecture with time-dependent Poisson flow arrivals and
Pareto distributed holding times. Scheduling decisions are
taken at fixed-time intervals in a central node and scheduled
flows cannot be interrupted before their completion. Unlike
the OCS architecture, OFS uses a centralized scheduling node
making the centralized resources allocations relevant.

The scheduling problem has been represented as a discrete-
time Markov decision process with a flow blocking probability
objective function over a finite horizon. We have derived
three lower bounds for the objective function and proposed
several schedulers, with and without fairness requirements.
The schedulers performance have been evaluated under static
and limited dynamic routing by emulating the algorithms
on random network topologies. The main finding of our
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performance analysis is that our proposed max-min fair sched-
uler with limited dynamic routing significantly outperforms
all schedulers with static routing and achieves a blocking
probability close to the lower bound of the schedulers whose
routing is static.

The other findings are summarized as follows.

• Except for the case of asymmetric link congestion, non-
persistent schedulers bear almost no advantage compared
to the persistent schedulers. In the case of asymmetric link
congestion, the cumulative blocking probability of the
nonpersistent RR max-min fair scheduler at the highest
traffic load is 0.05 lower than the best persistent sched-
uler.

• The unfair persistent max current set scheduler is out-
performing all other persistent schedulers. However, the
cumulative blocking probability of the nonpersistent RR
max-min fair scheduler is quite close to that of the unfair
persistent max current set scheduler.

• The cumulative blocking probabilities in the asymmetrical
layouts are higher than in the symmetrical layout, i.e.,
0.22 vs. 0.048 at the highest offered load.

• The freedom provided by dynamic routing (although
only four predetermined routes are available for each
S-D pair), improves the cumulative blocking probability
dramatically.

• Jain’s fairness index shows that the persistent optimal
max-min fair scheduler and the persistent dynamic sched-
uler are substantially fairer than the persistent max current
set scheduler for t > 2500.

The OBS evaluation with the random scheduler above
indicates that the throughput of OFS dominates that of OBS.
However, if the applications requiring short set-up time then
OBS has an advantage.

Additionally, based on the underlying architectures of OBS
and OFS, the following conclusion can also be drawn. Al-
though set-up time could present a concern in OFS for some
applications, when using a persistent scheduler end-to-end
packet delay is completely alleviated due to the end-to-end
optical switching. On the other hand, set-up time with OBS is
not a concern due its distributed algorithm; however, packet
delay could be a concern since packets of a single TCP
connection are possibly assembled in different bursts and when
an OBS burst is lost many TCP connections are retransmitted
resulting in slow start.
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