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Abstract—Load-balanced flow scheduling for big data centers in clouds, in which a large amount of data needs to be transferred
frequently among thousands of interconnected servers, is a key and challenging issue. The OpenFlow is a promising solution to
balance data flows in a data center network through its programmatic traffic controller. Existing OpenFlow based scheduling schemes,
however, statically set up routes only at the initialization stage of data transmissions, which suffers from dynamical flow distribution and
changing network states in data centers and often results in poor system performance. In this paper, we propose a novel dynamical
load-balanced scheduling (DLBS) approach for maximizing the network throughput while balancing workload dynamically. We firstly
formulate the DLBS problem, and then develop a set of efficient heuristic scheduling algorithms for the two typical OpenFlow network
models, which balance data flows time slot by time slot. Experimental results demonstrate that our DLBS approach significantly
outperforms other representative load-balanced scheduling algorithms Round Robin and LOBUS; and the higher imbalance degree
data flows in data centers exhibit, the more improvement our DLBS approach will bring to the data centers.
Index Terms—Flow scheduling, load balancing, data center, Cloud Computing, OpenFlow
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I NTRODUCTION

D

ATA center networks in clouds are typically built on
massive layered switches [1], where a large amount of
data needs to be transferred among thousands of servers. To
reduce the end-to-end transmission delay and improve the
resource utilization ratio, data flows have to be dynamically
scheduled in a load-balanced way. However, it is a very
desirable but extremely challenging task due to large-scale
and dynamical data flows with different demands [2] [3].
The load-balanced scheduling focuses on evenly distributing traffic among all links in a data center network
to enable the network to transmit more data flows with
lower average end-to-end transmission delay. Traditional hardware-based load balancing techniques can not be
widely used due to the high cost and the deficiency in
programmable ability. Therefore, more and more researchers
pay more attention on software-defined networking (SDN)
techniques (e.g., OpenFlow) that can improve transmission capacity of data centers through programmable loadbalanced flow control [1].
Many schemes have been proposed for load-balanced
flow scheduling in OpenFlow based networks [8] [10]. They
focus on the initial route selection only before the flow
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transmission. Network states and work load, however, often
dynamically change because during a data transmission, a
part of links may become unavailable, new data flows can
arrive and some existing data flows have completed [30]
[31]. As a result, the existing proposals cannot meet the
needs of dynamical load balance during data migrations.
On the other hand, as data center networks become more
large and more complex, the time that these proposals need
for the initial path selection will increase tremendously [4]
[5].
Motivated by the above observations, we in this paper
propose a novel dynamical load-balanced scheduling (DLBS) approach to maximize the network throughput through
dynamically balancing data flows. Aiming at the most
popular two OpenFlow network models, three-layer nonblocking fully populated network (FPN) and three-layer fat-tree
network (FTN), we propose and develop different scheduling algorithms, which quantitatively analyze the imbalance
degree of data center networks at the beginning of each time
slot and then schedule unbalanced data flows once a load
imbalance happens.
Traditional OpenFlow framework has a few limitations
[10], for example, it does not support hash-based routing [9]
to spread traffic over multiple paths. So, we rely more on
flexible load balancing algorithms to fit different imbalance
situations. To the best of our knowledge, this is the first
work to switch flows in the midway of data transmissions in
OpenFlow networks. The main contributions of this paper
are summarized as follows.
•

We identify a new flow scheduling problem in big
data centers in clouds, i.e., dynamical load-balanced
scheduling (DLBS), and formulate the DLBS prob-
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lem. The objective is to optimize network throughput
on condition that load balancing is guaranteed on all
links during every time slot.
We propose a trigger mechanism for dynamical data
flow scheduling. We firstly propose a factor δ(t) to
capture the load imbalance degree of data center
networks, and then define the link scheduling trigger
threshold δ ∗ . δ(t) is calculated slot by slot, and the
OpenFlow controller initiates our DLBS scheduling
algorithms once δ(t)>δ ∗ .
We propose a set of heuristic scheduling algorithms
to address the DLBS problem. They are implemented
in two representative OpenFlow architectures: FPN
and FTN. These algorithms dynamically migrate the
flows which occupy the largest amount of bandwidth
on the most congested link to the lightest links.
We implement a system to simulate a cloud data
center, and evaluate our DLBS approach through
comparing the DLBS with other classical methods.
The experimental results demonstrate that our algorithms significantly outperform the representative
Round Robin and LOBUS, especially in unbalanced
data flow distribution.

The remainder of this paper is organized as follows.
In Section 2, we introduce preliminaries and a motivation
scenario. Section 3 describes the reference network model,
and formalizes the DLBS problem. In Section 4, we present
our imbalance detection mechanism and DLBS algorithms.
We examine our DLBS approach through evaluating it with
related proposals in Section 5. Section 6 reviews related
work. Finally, Section 7 concludes this paper with a discussion on our future work.

2

P RELIMINARIES

In this Section, we briefly introduce the OpenFlow framework and existing load-balancing techniques, and then
present a motivation scenario to illustrate the advantage of
our DLBS approach.
2.1

OpenFlow Framework

In traditional networks (e.g., TCP/IP-based Internet),
routers are responsible for both discovering routes and
forwarding packets according to their routing tables. In
large-scale data centers, such the routing scheme results in
two disadvantages. Firstly, routers have to be designed more
and more powerful and expensive due to large amount of
data transmission tasks. Moreover, it is difficult to balance
data flows dynamically.
To provide the programmable packet processing ability
to meet these converging needs [32], researchers in Stanford, Berkeley and MIT proposed an open network switch
framework OpenFlow in 2007. In the OpenFlow framework,
actual data forwarding components and route setup components are separately deployed on switches and controllers
[23] [24]. The controllers determine data forwarding rules.
The OpenFlow protocols ensure communications between
switches and controllers [33].
In OpenFlow networks, packets are forwarded based
on pre-defined rules. As an open framework, it provides

Fig. 1. OpenFlow networks.

a set of programmable API, through which users can set
up customized packet forwarding rules. Compared with
traditional software defined networking (SDN), the OpenFlow extends the routing ability, reduces the router complexity, and provides the high flexibility and customizability
through programmable APIs.
An OpenFlow network typically consists of multi-layer
switches, multi-layer FlowVisors and Controllers, as shown
in Fig.1. The OpenFlow switches actually forward data
packets; FlowVisors virtualize locations of the switches; and
controllers set up data forwarding rules and manage the
network. As an example, the OpenRouter [34] provides a
commercial OpenFlow-enabled router with three extensions
on flow table, control mode and OpenFlow protocol.
2.2

OpenFlow Based Scheduling

Load balancing means that all resources in a system are
equally shared by all tasks in some measures. It can be
mathematically described by means of a performance criterion. In general, the objective of load balancing is to optimize resource utilization, maximize throughput, minimize
response time, and avoid overload of any single resource.
Network load balancing aims at evenly distributing traffic across multiple links without using complex routing protocols. This ability balances network sessions over multiple
connections in order to spread out the amount of bandwidth
used by each data flow, thus increasing the total amount of
available bandwidth.
Network load balancing is achieved trough various
scheduling schemes, falling into static scheduling and dynamical scheduling. In the static load balancing scheduling, managers set up and maintain a set of rules in advance, using
Round Robin, Ratio-based and Priority-based or other algorithms. Static scheduling algorithms do not consider realtime states of links so that they cannot adapt changing data
flows and dynamical network states. Instead, dynamical
scheduling schemes set up and update routes for concurrent
data flows during data transmissions.
For the dynamical scheduling, most data centers currently deploy dedicated hardwares to balance workload. However, these hardwares are very expensive and nonelastic.
With the advance of OpenFlow techniques, programmable

2168-7161 (c) 2015 IEEE. Personal use is permitted, but republication/redistribution requires IEEE permission. See http://www.ieee.org/publications_standards/publications/rights/index.html for more information.

This article has been accepted for publication in a future issue of this journal, but has not been fully edited. Content may change prior to final publication. Citation information: DOI 10.1109/TCC.2016.2543722, IEEE
Transactions on Cloud Computing
3

TABLE 1
Scheduling scheme comparison

Fig. 2. NOX architecture.

load-balanced scheduling based on the OpenFlow received
more and more attentions.
One of the most popular OpenFlow-based scheduling
schemes is NOX [11] with the scalability [33], illustrated
in Fig.2. The NOX has been successfully used to separate
the packet control from the data forwarding, so as to allow
for more sophisticated traffic management besides access
control lists (ACLs) and routing protocols [6]. In OpenFlow
networks, switches are represented by flow tables with
entries of <header: counters, actions>. For each packet
matching a specified header, the counters are updated and
the appropriate actions are taken. OpenFlow switches process traffic according to a limited number of rules on packet
headers that are chosen and installed by an out-of-band
controller [12]. In theory, per-flow rules could be used for
load balancing. Therefore, it is possible to balance the traffic
in OpenFlow based cloud data centers. In this area, Jin et al.
proposed the FEBR (Flow lEvel Bandwidth pRovisioning)
algorithm, which reduces the switch scheduling problem to
multiple instances of fair queueing problems, each employing a well studied fair queueing algorithm. The FEBR offers
fine granularity bandwidth assurance for individual flows
[35].
2.3

Comparison of Respective Scheduling Schemes

We compare respective scheduling schemes proposed in
recent years in terms of scheduling policies (static and dynamic) and load balancing abilities (partial and global). By
the partial and global load-balanced scheduling, we refer that
flow scheduling schemes can balance workload in a local
area and the whole data center network, respectively. As
illustrated in Table 1, RR, LOBUS and our DLBS can globally
balance concurrent tasks in networks. However, RR can not
adapt dynamical network states due to its static scheduling
based on round robin. By comparison, our DLBS detects
imbalanced data flows and globally balances workload time
slot by time slot so that it outperforms other scheduling
schemes in terms of end-to-end transmission delay, bandwidth utilization rate and network throughput.
2.4

A Motivation Scenario

We illustrate the significance of our DLBS approach using
the following scenario. As shown in Fig.3, five data flows

Schemes

Key Points

RR[23]
IBP S[7]
LOBU S[8]
DLBS (our)

round robin
static priority scheduling
evening transmission delay
dynamic load balancing

Scheduling
Policies
static
static
dynamic
dynamic

Load
Balancing
global
partial
global
global

are distributed in a data center network, where six switches
support the OpenFlow protocols. Furthermore, three flows
(f1 , f2 and f3 ) are queued in the switch S1 , and other two
flows f4 and f5 are in the switches S2 and S3 , respectively.
These flows have different sizes, marked behind the corresponding flows. For example, the size of f3 is 400MB.
Although we assume any pairs of switches in the data center
be interconnected (i.e., a fully populated network), we only
mark such the links, on which there is at least a data flow,
in Fig.3.

(a)

(b)
Fig. 3. Motivating scenario for our DLBS approach. (a) Traditional
OpenFlow-based scheduling. (b) Our dynamical load-balanced scheduling (DLBS).

Without losing generality, we assume the six switches
have the same transmission rate r = 100Mbps and all the
links have the same transmission capacity. Each time slot
has a duration of 1 second. A transmission between a pair
of switches consists of two phases: waiting for scheduling
and actually transmitting data. Note that we ignore the time
for actual signal propagation on the lines. We use tW
k:(i,j)
and tTk:(i,j) to denote the time that fk has to wait for
scheduling and is needed for actual data transmission over
ℓi,j , respectively. So, the total transmission delay tk:(i,j) of
a flow fk between switches Si and Sj can be calculated
T
T
W
such that tk:(i,j) =tW
k:(i,j) +tk:(i,j) . Here, tk:(i,j) and tk:(i,j)
Vf

can be calculated respectively using tTk:(i,j) = rk and
∑
tW
tpre:(i,j) , where Vfk is the size of fk ; and tpre:(i,j)
k =
is the total transmission delay of all the previous flows that
were queued in front of fk .
As mentioned above, traditional OpenFlow-based
schemes distribute each flow just at the beginning of the
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flow transmission. In these schemes in Fig.3(a), we can
calculate the transmission delay for the flow f1 , f2 and f3 :
T
t1:(1,6) =0+tT1:(1,6) =300×8/100=24s; t2:(1,6) =tW
2:(1,6) +t2:(1,6) =
t1:(1,6) +tT2:(1,6) = 24+200×8/100=40s and t3:(1,6) = tW
3:(1,6) +
tT3:(1,6) =t2:(1,6) +tT3:(1,6) =40+400×8/100=72s. Similarly, we
have t4:(2,4) =0+tT4:(2,4) =100×8/100=8s and t5:(3,5) =0+tT5:(3,5)
=500×8/100=40s. In this case, the throughput on a time unit
is tp=(300+200+400+100+500)MB/72s=20.83MB/s.
Obviously, the link ℓS1 ,S6 is overloaded in this case,
comparing with the links ℓS2 ,S4 and ℓS3 ,S5 , which results in
a long average transmission delay and a low throughput.
To dynamically balance workload among these switches,
our DLBS monitors link states during the data transmission, and dynamically schedules the maximal flow (f3 ) in
the overloaded links to the most light-loaded link (ℓ2,4 ),
which will be presented in the Section 4. So, the flow
f3 is migrated to the switch S2 . More specifically, f3 is
transferred to S6 through the link S2 → S6 , as shown in
Fig.3(b). As a result, the transmission of the flow f3 needT
s the time: t3:(2,6) =tW
3:(2,6) +t3:(2,6) =8+400×8/100=40s and
t1:(1,6) =24s, t2:(1,6) =40s, t4:(2,4) =8s and t5:(3,5) =40s. Accordingly, the aggregated network throughput on a time unit is
tp′ =(300+200+400+100+500)MB/40s=37.5MB/s. So, the network throughput is maximized and the transmission delay
of f3 is significantly reduced in this way through dynamical
load-balanced scheduling.
In summary, this scenario demonstrates that data flows
in data center networks should be dynamically scheduled to
balance work loads for optimizing network throughput and
end-to-end transmission delay. Along with direction, the
key points are (1) how to capture and then detect the workload imbalance? and (2) which flows will are scheduled to
which links when the network imbalance happens? Before
we discuss the solution further, we first give a formalized
statement of the DLBS problem that we are trying to solve
in this paper.

3

N ETWORK MODEL AND PROBLEM STATEMENT

We firstly present a network model of cloud data centers,
and then formulate the dynamic load-balanced scheduling
(DLBS) problem.
3.1

Network Model

We model a cloud data center (CDC) network as an undirected graph G = (V, E). V is the union of
∪ the switch set
(VS ) and the host set (VH ) such that V=VS VH . Note that
switches are interconnected in a layered structure and each
host h∈VH is connected with a home switch that directly
connects the h with the switch network. E is the union
of ES (the set of links among switches) and EH (the set
of links∪between any host and its home switch) such that
E =ES EH .
As adopted by most researches, we use the following
two three-layer architectural models.
•

Three-layer non-blocking Fully Populated Network (FPN), shown in Fig.4(a), where core switches lie in the
1st level, aggregation switches in the 2nd level, and
ToR (top-of-rack) switches in the 3rd level. In FPN
networks, each ToR switch directly connects with
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(a)

(b)
Fig. 4. Architectural models of OpenFlow-based data center networks.
(a) Three-layer non-blocking fully populated network (FPN). (b) Threelayer fat-tree network (FTN).

•

four end hosts. This model is widely used in data
center networks because it has a good connectivity.
Three-layer Fat-Tree Network (FTN), as shown in
Fig.4(b). The FTN network model is very attractive
for large-scale system-level networks due to its good
extendibility. This topology facilitates to be expanded
to different scales and it also provides redundant
paths between two processing nodes [21].

All switches in FPN and FTN networks support the
OpenFlow protocols, with four inputs and four outputs.
Packets in a flow are marked with different sequence numbers to indicate its position in the flow, which facilitate to
reassemble these packets after they all have reached the
destination end host. Consequently, if a flow is moved to
another path, the packets delivered previously do not need
to be resent even though they arrive at the destination with
a random order.
Load-balanced scheduling is a very challenging task due
to changing network states and unpredictable flow arrivals.
So, we divide continuous time as a series of discrete time
slots. States and transmission ability of links keep on unchanged during any single time slot. The controller monitors
network states and schedules data flows in the next slot once
it detects the unbalanced traffic. Moreover, in this paper,
we use the minimal bandwidth requirement as the QoS of
data flows. The used bandwidth covers two-way data flows.
Finally, switches set up priority weight for new data flows
and dynamically adjust their priority weight, which will be
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presented in Subsection 4.1.
T
K
∑
∑

3.2

DLBS Problem

The objective of our DLBS is to maximize system throughput through dynamically balancing data flows in cloud data
centers.
Let there be K concurrent data flows fk (k =1, 2, . . . , K)
in T time slots in a CDC network. We use tfk (t) to denote
the traffic transmitted from a source sk to a destination dk
for a flow fk =(sk , dk ) during a slot t. The total transmitted
traffic in the whole network during T slots can be summed
T ∑
K
∑
up as
tfk (t).
t=1 k=1

In CDC networks, links at different levels have different
capabilities and oversubscription factors. We use link bandwidth utilization ratio to capture load states on different levels
of links, which is defined as follows.

λi,j (t) =

bused
i,j (t)
Bi,j

(1)

where λi,j (t) is the bandwidth utilization ratio of a link ℓi,j
between switches i and j ; bused
i,j (t) refers to the used bandwidth of ℓi,j and Bi,j is the capacity (i.e., peak bandwidth)
of ℓi,j . λi,j (t) may change slot by slot.
K ∑
T ∑
∑
tfi,jk (t)
For any switch i, its outgoing traffic
and incoming traffic

T
∑

K
∑

∑

k′ =1

j∈N i

t=1
f
where ti,jk (t)

t=1 k=1 j∈N i

f

tj,ik′ (t) in T slots have to

keep balanced,
refers to the traffic from i to j
for fk during a slot t and the N i is the set of neighboring
switches of i. Note that any switch does not generate data
traffic. Finally, for any link ℓi,j , two way traffic cannot
exceed its capacity Bi,j . Notations for the DLBS problem
formulation are listed in Table 2.

Notations
i, j
K
fk
tfk (t)
fk
ti,j
(t)
Bi,j
Ni
λi,j (t)

Description
switchs i and j , respectively
the number of concurrent data flows in T slots
the kth data flow fk =(sk , dk ) (1≤k≤K ), where sk and
dk are source and destination hosts of fk , respectively
traffic transmitted from sk to dk for fk during a slot t
traffic from i to j for fk during a slot t
Capacity of the link ℓi,j between i and j
the set of neighboring switches of i
bandwidth utilization ratio of ℓi,j during a slot t

Based on the above analysis, the DLBS problem can be
formally defined as follows: schedule data flows to balance
load on every link ℓi,j slot by slot. We formulate this
problem as follows.

max

T K
1 ∑ ∑ fk
t (t)
T t=1 k=1

(2)

s.t.:

λi,j (t) = λi′ ,j ′ (t), ∀i, i′ ∈ VS1 OR VS2 OR VS3 ,
(3)
∀j, j ′ ∈ VS2 OR VS3 OR VH , ∀t∈{1, 2, . . . , T }

f

(tfi,jk (t) − tj,ik′ (t)) = 0, ∀i∈VS

(4)

t=1 k,k′ =1 j∈N i
K
∑

f

(tfi,jk (t) + tj,ik′ (t)) ≤ Bi,j , ∀i, j∈VS , ∀t∈{1, 2, . . . , T }

k,k′ =1

(5)
Formula (2) indicates that the optimization objective of
the DLBS problem is to maximize the average network
throughput. Constraint (3) guarantees the load balancing
among the links in the same level. Note that a data center
network consists of the three levels of switches (e.g., core
switch set VS1 in the 1st level, aggregation switch set VS2
in the 2nd level and ToR switch set VS3 in the 3rd level in
the FPN network) and the host set (VH ). Switches i and
i′ belong to the same level while j and j ′ lie in the next
low level. Constraint (4) provides flow conservation, which
means that the flow-in traffic and flow-out traffic have the
same amount in each switch. And constraint (5) ensures the
traffic load of any link ℓi,j does not exceed its bandwidth
capacity Bi,j during any time slot, which includes data
flows in two ways.

4 DYNAMIC AND L OAD -BALANCED S CHEDULING
(DLBS)
In this Section, we will present our DLBS approach, which
mainly consists of two stages: (1) initial flow scheduling
when a new flow arrives at the network and (2) dynamical
flow scheduling during the flow transmission. They will be
presented in Subsections 4.1 and 4.2, and Subsections 4.4
and 4.5, respectively. We pay more attention on the second
stage.
4.1

TABLE 2
Notations

∑

Initial Flow Scheduling

Initial flow scheduling. Data transmissions in big data centers
exhibits the following “3H” characteristics: high transmission frequency, huge transmission volume and hard transmission deadline. Once a switch receives multiple transmission
requests from hosts, it has to schedule these concurrent
transmission requests in a specified order.
Based on the “3H” characteristics, we use a Highest
Weight First Served (LWFS) policy, in which multiple data
flows in a switch are scheduled according to their priority.
The higher priority a data flow is assigned, the more early
it will be scheduled. Note that any flow is scheduled in
the beginning of a time slot. If a flow with the highest
priority arrive at a switch within a time slot, it will be firstly
served in the next slot. Suppose that hosts h1 , h2 and h3 in
Fig.4(a) simultaneously send transmission requests to their
home switch S1 at the beginning of a time slot t. S1 will
first lookup the Priority Weight Table (PWT) to find out the
highest priority weight, and pick out the corresponding data
flow. If multiple data flows have the same priority weight,
we would randomly choose one.
Dynamical priority assignment. Many applications in
could data centers present real-time demand [28] [29]. We
determine the priority of data flows through integratively
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considering the deadline and the slack time to capture the
real-time requirement of data flows. More specifically, the
flow with shorter deadline and slack time will be assigned
a higher priority, according to the following formula.

p(fk ) =

a
− b × s(fk )
d(fk )

(6)

where p(fk ) is the priority of a flow fk , d(fk ) and s(fk )
are the deadline and slack time of fk ; and a and b are
adjusting coefficients. The higher the value of a is, the more
early a flow fk with shorter d(fk ) will be scheduled. So, the
value of a and b represents the tradeoff between emergency
degree and fairness. Through the experimental testing, we
found that successful ratio of real-time flows in the whole
data center will grow as a increases. However, it will not
significantly increase when a ≥ 2 and b = 1.
Moreover, we dynamically adjust the priority weights of
concurrent data flows. All the flows are queued in a sending
pool based on their priority weights. Whenever a flow is
completely transmitted, however, the priority weights of
all queued data flows are recalculated. Therefore, the flows
with longer slack time get higher priority gradually because
slack time s(fk ) decreases step by step with time (see
formula(6)). This policy gives the flow with lower priority
higher chance to be scheduled as s(fk ) becomes smaller and
smaller, which guarantees the fairness among data flows.
4.2

Path Selection Based on Available Resources

We set up initial paths for new data flows using the following two flow scheduling tables.
Flow scheduling tables. To schedule flows on appropriate
pathes in the resource-aware way, we design and maintain
two important tables: ToR Switch-to-ToR Switch Path Table
(S2SPT) and Available Resource Table (ART), to store network
topology and dynamically changing available resources in a
data center, respectively.
Every end host connects with an unique home switch
(ToR switch) in a OpenFlow based data center. In the S2SPT
table, each row records all the possible paths from a source
host to other end hosts; and accordingly, every column
records all the possible paths from all the other hosts to a
specified end host. Therefore, the S2SPT table provides all
paths of each pair of source switch and destination switch.
In a data center, the number of switches is limited so that
the size of the S2SPT table is also limited. Furthermore, the
S2SPT table can be set up off-line. Currently, we set the
upper number of hops by 4 in FPN networks, where a hop
refers to a link between a pairs of switches. Note that the
S2SPT is updated periodically, e.g., every 30 minutes.
Table 3 is a S2SPT table for FPN-based data centers,
as shown in Fig.4(a). For any pair of switches Si and Sj ,
there are multiple possible paths with 2 or 4 hops. The
numbers in this table refer to switches in corresponding
paths. For example, ”{1,5,2}” represents a path between S1
and S2 such that p1,2 =S1 →S5 →S2 . Similarly, ”{1,5,9,6,2}”
is another possible path p′1,2 =S1 →S5 →S9 →S6 →S2 .
In the ART table, every row is indexed by a pair of
switches Si and Sj , and the column records remainder
bandwidth of the corresponding link in current time slot
t. Table 4 exemplifies remainder bandwidth of some links

TABLE 3
ToR Switch-to-ToR switch path table (S2SPT )
Source Switches
S1
S1
S1
S1
S1
S1
S1
S1
S1
S1
S1
S2
S3
S4

S1

...
...
...

Destination Switches
S2
S3
{1,5,2}
{1,5,3}
{1,6,2}
{1,6,3}
{1,7,2}
{1,7,3}
{1,8,2}
{1,8,3}
{1,5,9,6,2}
{1,5,9,6,3}
{1,5,9,7,2}
{1,5,9,7,3}
{1,5,9,8,2}
{1,5,9,8,3}
{1,6,9,5,2}
{1,6,9,5,3}
{1,6,9,7,2}
{1,6,9,7,3}
{1,6,9,8,2}
{1,6,9,8,3}
...
...
...
...
...
...

S4
{1,5,4}
{1,6,4}
{1,7,4}
{1,8,4}
{1,5,9,6,4}
{1,5,9,7,4}
{1,5,9,8,4}
{1,6,9,5,4}
{1,6,9,7,4}
{1,6,9,8,4}
...
...
...

in three time slots t=1, 3 and 5. Note that there is only one
column in ART table, which records available bandwidth
in current slot. In particular, during the first time slot (i.e.,
t=1), each item in the ART is initiated as Bi,j , which is the
capacity of a link ℓi,j (in Kbps).
The ART table is updated slot by slot. At the beginning
of every time slot t, we update the values in the ist column
based on the scheduling strategy decided by the controller
at time t. If a link is fully occupied, we set its ART value
to be zero. Similarly, when a link collapses, failure recovery
mechanism would be achieved by setting the link capacity
as zero so that no more flows will be scheduled to this
link. Then we continue to find the links which could be
used if the transmissions requirement has still not been fully
satisfied.
TABLE 4
Available resource table (ART )
Links
<S1 , S5 >
<S1 , S6 >
<S1 , S7 >
<S1 , S8 >
<S5 , S2 >
<S5 , S9 >
<S5 , S10 >
<S6 , S2 >
<S6 , S9 >
<S6 , S10 >
<S7 , S2 >
<S7 , S9 >
<S7 , S10 >
<S8 , S2 >
<S8 , S9 >
<S8 , S10 >

t=1
750
750
750
750
750
750
750
750
750
750
750
750
750
750
750
750

Remainder Bandwidth
t=3
225
97.5
120
165
0
600
187.5
133.5
150
375
420
750
225
75
675
525

t=5
75
97.5
120
165
0
450
187.5
133.5
150
375
270
600
225
75
675
525

Initial path selection. When the controller receives a new
flow request from a host hi to another hj , it will set up
an initial optimal path based on the widely used max-min
policy.
Assume home switches of hi and hj be Si and Sj , respectively. We firstly find all candidate paths through looking up
the S2SPT table such that Pi,j ={pi,j |pi,j is a path from Si to
Sj }. Any path consists of multiple links pi,j ={<ℓu,v >|ℓu,v
is a link involved in pi,j }, where ”<.>” means these links
are partially ordered and compose a path from Si and Sj .
We define the path bandwidth utilization ratio λpi,j (t) is the
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Definition 2. Load imbalance factor δ(t) at the time slot t. For
a given CDC network, δ(t) is measured by the variance between
the network bandwidth utilization ratio and the real-time link
bandwidth utilization ratio.
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S8

∑

δ(t) =
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h13
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h14
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Fig. 5. Links affected by a data flow f = (h1 , h7 ).

maximal bandwidth utilization ratio of all links involved in
a path pi,j such that λpi,j (t)= max {λu,v (t)}. As a result,
∀ℓu,v ∈pi,j

the initial path pinitial is such the path with the minimal path
bandwidth utilization ratio, i.e., λpinitial = min {λpi,j (t)}.
∀pi,j ∈Pi,j

For example, if h1 is ready to transaction data to h7 , our
DLBS looks up the S2SPT table to find out all paths from h1
to h7 , in the cell at the intersection of Col. S1 , Row. S2 (where
S1 and S2 are the home ToR switches directly connected
to h1 and h7 , respectively). Then it checks the ART table,
and schedules the flow to the link with the minimal path
bandwidth utilization ratio. In this way, an initial path is
selected in the load-balanced way.
A data transmission potentially interferes to a set of
links. Fig.5 shows how a data flow from h1 to h7 affects
the relative links in the FPN network. Unidirectional solid
lines indicate links serve for uphill only, while dotted ones
for downhill. Bidirectional dotted lines are for links that are
double-way available.
4.3

Load Balancing Measure Metric

Our DLBS approach monitors a data center network and
detects the unbalancing degree of links all the time. In this
Section, we will present how to measure the load imbalance
degree and the scheduling trigger threshold.
In CDC networks, transmission capabilities and load
on links significantly increase from edge layer to aggregation and core layers. As mentioned above, we use link
bandwidth utilization ratio λi,j (t) to capture load states
of different levels of links ℓi,j . Furthermore, we define the
network bandwidth utilization ratio.
Definition 1. Network bandwidth utilization ratio λ(t) is the
average of bandwidth utilization ratio of all the links in the whole
network.
∑

λ(t) =

1≤i,j≤N

λi,j (t)

(7)
N
where N is the number of all the links in a CDC network.
λ(t) captures the total bandwidth utilization at a time
slot t, and can intuitively demonstrates the effectiveness of
scheduling algorithms. Now, we define a factor to measure
the load imbalance degree in a CDC network.

[λ(t) − λi,j (t)]2

1≤i,j≤N

(8)
N
In statistics, the variance is widely used to measure the
degree of fluctuation of a random variable. So, we formulate
δ(t) in (8) in terms of the variance to capture the load imbalance degree in a specified time slot t, which is calculated in
every time slot. Note that the degree of network equilibrium
at the time t is negatively correlated to δ(t). This is one of
the key parameters in our work and we are going to use it
as a trigger of our load-balanced scheduling algorithms.
To determine when to adjust the network traffic, we
define a threshold to trigger the dynamical flow scheduling
algorithms.
Definition 3. If δ(t)<δ ∗ , we call the network is load-balanced;
otherwise, the network load is unbalanced, where δ ∗ is a scheduling trigger threshold, i.e., the upper bound of the load imbalance
factor.

δ ∗ is a threshold, which directly impacts the scheduling
frequency. The lower δ ∗ is, the more evenly data flows
will be distributed but the more frequently flows will be
scheduled. So, δ ∗ mainly depends on required flow balance
degree and network topology of data centers. It can be
decided by experiments under a fixed network topology. In
this policy, we will move the flow which occupies the largest
amount of bandwidth on the most congested link to other
available links whenever δ(t) ≥ δ ∗ . The experimental results
indicate that this policy can efficiently recover the network
from potential congestion and at the same time improve the
resource utilization.
4.4 Dynamical Load-Balanced Scheduling Algorithms
for FPN Networks
The important constraint of our DLBS optimization is to
keep load-balanced in all links in terms of bandwidth utilization ratio. Due to the randomness of data flows, however, it is impossible to make λi,j (t) exactly equal in all the
links ℓi,j (∀i, j∈VS ) during all time slots. So, we will propose
a set of heuristic algorithms that guarantee load balancing
to a specified extent. On the other hand, with continuous
changes of data flows and network states, a data flow distribution balanced previously may become unbalanced. So,
our DLBS updates δ(t) slot by slot to continuously monitors
the state of the network traffic, and finds alternative links
for the busy ones whenever δ(t)≥δ ∗ . With this approach,
workload is balanced and higher throughput is achieved.
In this Subsection, we present the following dynamical
load-balanced scheduling algorithms (DLBS-FPN) for FPN
networks.
DLBS-FPN scheduling algorithm. During data flow transmission, we monitor the network status to keep load balanced in the whole network. If the current network is under
an unbalanced status, i.e., δ(t)>δ ∗ , we will firstly set the
busiest link ℓi,j , which has the minimal available resource
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in the ART table, as the scheduled link ℓs =ℓi,j . Next, we
will select the biggest flow on the scheduled link ℓs as the
scheduled flow fs . To migrate fs to an appropriate sub-path,
we seek all the substitute sub-paths Pi,j = {p1 , p2 , . . . , pm },
where any sub-path connects Si with Sj , and then selects
the lightest sub-path pk . By the lightest sub-path, we mean
that pk has the minimal path bandwidth utilization ratio
among all sub-paths in Pi,j such that λpk = min {λpx (t)}.
∀px ∈Pi,j

Let there be three flows on the link ℓSi ,Sj in Fig.4(a), and
they are under the following situations: f1 (S2 →S5 , 40%),
f2 (S5 →S2 , 20%), f3 (S2 →S5 , 30%). Here, f1 consumes
the most bandwidth on the link ℓ2,5 . So, our DLBS-FPN
algorithm sets the f1 as the scheduled object such that fs =f1
and finds out another substitute path to transmit the f1 .
This procedure will be repeated until δ(t)<δ ∗ , as shown
in Algorithm 1, where px (1≤x≤m) is such the sub-path
that connects switches i and j , and the lightest sub-path pk
has the minimal bandwidth utilization ratio. Here, we only
migrate the sub-flow fs that was previously transmitted
over a link ℓs . So, we call Algorithm 1 as one-hop DLBS-FPN
algorithm.
Algorithm 1 One-Hop DLBS-FPN
Input: S2SPT and ART tables, δ ∗
Output: load-balanced scheduling
1: update δ(t) using the formula (8) in each time slot t;
2: MAX=-1;
K
∑
3: Temp=
tfk (t);
k=1

∗

4: while (δ(t) ≥ δ ) OR (MAX>Temp) do
5:
ℓs ← the busiest link ℓi,j ;
6:
fs ← the biggest flow on ℓs ;
7:
find out substitute sub-paths Pi,j ={p1 , p2 , . . . , pm } for
8:
9:
10:
11:
12:

fs through S2SPT;
select the lightest sub-path pk ∈Pi,j in terms of ART;
schedule fs to pk ;
update δ(t);
MAX=Temp;
K
∑
Temp=
tfk (t);
k=1

13: end while

In our approach, the remainder bandwidth of a specific
link can be obtained from the ART table. To find available
substitute paths, a controller just needs to jointly look up the
S2SPT and ART tables.
Determination of scheduling trigger δ ∗ . In Algorithm 1, δ ∗
is an important parameter, which can be determined in the
following steps. Firstly, we execute the Algorithm 1 under
different values of δ ∗ , and figure out corresponding system
throughput. Next, we plot the throughput changes with
different values of δ ∗ . Finally, according to the relationship
between throughput and δ ∗ , we can choose the value of δ ∗
corresponding to the highest throughput as the threshold.
The details can be found in Subsection 5.3.
δ ∗ determines the balance degree of data flows on different links, which mainly depends on the requirement for
load balancing and the network topology. If it is set too
high, our DLBS-FPN algorithm can not effectively detects
the imbalance state in networks. On the contrary, flows will

be migrated too frequently. For a fixed data center network,
the δ ∗ needs to be determined only one time.
Frequent rescheduling avoidance. Algorithm 1 works well
in most of situations according to our experimental results.
In Algorithm 1, however, extremely large flows (elephant
flow) may be frequently rescheduled many times, which
causes heavy overhead and also leads to a significant increase in the average transmission delay. At the same time,
the frequent rescheduling definitely disobeys our original
intention for the load balancing. We clearly observed this
phenomenon in our experiments. The reason is that once
an elephant flow is migrated on a link, this link will easily
become over-loaded again.
To solve the above problem, we improve our scheduling
algorithm. A flow fs is marked with one more flag hfs ,
which indicates the rescheduled times of fs . hfs is set as
zero at the initial scheduling stage. Once a flow is triggered
and rescheduled by our scheduling algorithm, hfs will be
increased by 1. Based on this mechanism, we improve our
scheduling algorithm as Algorithm 2, where fs .hfs refers to
the flag hfs of a flow fs .
Algorithm 2 Improved One-Hop DLBS-FPN
Input: S2SPT and ART tables, δ ∗
Output: load-balanced scheduling
1: update δ(t) using the formula (8) in each time slot t;
2: MAX=-1;
K
∑
3: Temp=
tfk (t);
k=1

4: while (δ(t) ≥ δ ∗ ) OR (MAX>Temp ) do
5:
ℓs ← the busiest link ℓi,j ;
6:
fs ← the biggest flow on ℓs ;
7:
fs .hfs ++; //increase rescheduled times hfs of fs .
8:
while (fs .hfs >ξ ) do
9:
drop fs ;
10:
fs ←the next biggest flow on ℓs ;
11:
end while
12:
find out substitute sub-paths Pi,j ={p1 , p2 , . . . , pm } for
13:
14:
15:
16:
17:

fs through S2SPT;
select the lightest sub-path pk ∈Pi,j in terms of ART;
schedule fs to pk ;
update δ(t);
MAX=Temp;
K
∑
Temp=
tfk (t);
k=1

18: end while

In Algorithm 2, ξ is the upper bound of rescheduled
times for data flows. It determines the number that any
flow is potentially rescheduled. The larger ξ is, the more
balanced the network load will keep but the more times
elephant flows are possibly scheduled. In our experiments,
we observed that frequent rescheduling can be effectively
avoided when ξ =3. In our improved one-hop scheduling
algorithm 2, if a flow was scheduled ξ times, it will not be
migrated any more.
Algorithm complexity. Algorithm 1 and Algorithm 2 have
the same complexity, which mainly depends on the number
of links among switches in a data center. Assume there be m
ToR switches, m aggregation switches and n core switches
in a FPN data center, shown in Fig.4(a). The complexity
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of these two Algorithms is T (m×m+m×n)=O(m2 ) where
m>n in practice.
4.5 Dynamical Load-Balanced Scheduling Algorithm
for FTN Networks
In FTN network model, the substitute path for any link
will increase at least 4 hops. As a result, the above linkbased scheduling approach is inefficient to FTN networks
because (1) data transmission on more 4 hops greatly wastes
network resources, and (2) it potentially cause interference
among concurrent flows on the target links even may result
in serious congestions.
Based on the above observations, we give up the onehop-substitute scheduling method. Instead, we schedule the
object flow to a totally new path, as shown in Algorithm 3
(called Multi-Hop DLBS-FTN).
In order to explain our Multi-Hop DLBS-FTN algorithm
more clearly, we define the concept of the multi-hop loadbalance object set Σ(t) as follows.
Definition 4. In FTN network model, the multi-hop load-balance
object set Σ(t) covers the top 10% busiest links that have the
highest link bandwidth utilization ratio at a time slot t.
We scan the bandwidth utilization of each link at a frequency τ (say 1000 ms). In every interval τ , the overloaded
links (i.e., top 10% links with the highest link bandwidth
utilization ratio) will be picked out if they exist, and be
put into a set Σ. Then we find out the flow fk that covers
the most links in Σ and set it as our object flow for path
switching, i.e., the path of fk covers the most over-loaded
links. Once a flow (e.g., from h1 to h20 in Fig.4(b)) is marked
as the object flow, we migrate it to a new and whole path
from source switch to destination switch (i.e., E1 to E4 )
through looking up the S2SPT and ART tables. The new
path should satisfy the following conditions:
•

•

During the latest τ , its load and available bandwidth
should be the maximum among all available paths
(e.g., from E1 to E4 );
During the latest τ , no flow has been switched to this
path.

Network balance metric δ(t) in the definition 2 is still
used as the scheduling trigger in the Multi-Hop DLBS-FTN
algorithm. When δ(t) exceeds the threshold δ ∗ , the elements
in Σ(t) will be examined to determine the scheduled flow.
In the Multi-Hop DLBS-FTN algorithm, we always set
the flow that covers the largest subset of Σ(t) as the scheduled one fs . Then, we find out all the substitute pathes of
fs through the S2SPT table such that Ps ={p1 , p2 , . . . , pm }.
Note that any pi is a whole path from source to destination
switches. Next, we select the best substitute path pbest ∈Ps as
the scheduled path ps , where pbest is such the path with the
minimal path bandwidth utilization ratio among all paths
in Ps , i.e., λpbest = min {λpx (t)}.
∀px ∈Ps

Note that our scheduling algorithms concentrate on data
flow transmission in data center networks. We do not consider the overhead caused by transferring control signals.
We also assume that all the control signals are synchronized
and transmitted without perceivable latency. These two
assumptions are reasonable because in OpenFlow networks,

Algorithm 3 Multi-Hop DLBS-FTN
Input: S2SPT and ART tables, δ ∗
Output: load-balanced scheduling
1: update δ(t) using the formula (6) in each time slot t;
2: MAX=-1;
K
∑
3: Temp=
tfk (t);
k=1

4: while (δ(t) ≥ δ ∗ and Σ(t) ̸= Φ) OR (MAX>Temp) do
5:
fs ← the flow that covers the largest subset of Σ(t);
6:
Ps ←{p1 , p2 , . . . , pm };
7:
ps ← pbest ∈Ps ;
8:
schedule fs to ps ;
9:
update δ(t);
10:
MAX=Temp;
11:

Temp=

K
∑

tfk (t);

k=1

12: end while

the size of control flows is very small compared with data
flows.
4.6

Analysis

Our algorithms calculate the load imbalance factor δ(t)
slot by slot to estimate the network imbalance degree.
As described above, the load balancing specially refers to
the balanced data transmission on all links in data center
networks. We now prove the correctness of our algorithms.
Theorem 1. The DLBS-FPN algorithm (Algorithm 2) can guarantee the load balancing in FPN data center networks slot by slot.
Proof. According to definition 3, a network is load-balanced
if and only if δ(t) < δ ∗ .
Algorithm 2 updates the δ(t) at the beginning of every
time slot t (line 1). If δ(t) < δ ∗ , Algorithm 2 exits because
the network is load-balanced (line 4).
On the other hand, if δ(t) ≥ δ ∗ , Algorithm 2 will explore
the busiest link ℓs (line 5) and the biggest data flow fs in ℓs
(line 6), discovers all the sub-paths Pi,j = {p1 , p2 , . . . , pm }
for fs (line 12), and selects the lightest sub-path pk with
λpk = min {λpx (t)} (line 13). Next, it migrates the fs to pk
∀px ∈Pi,j

(line 14). From then on, δ(t) will be updated again based on
new load distribution (line 15). At this moment, if δ(t) is still
lager than or equal to δ ∗ (i.e., δ(t) ≥ δ ∗ ), the above process
will be repeated until δ(t) < δ ∗ , i.e., the network gets into a
new load-balanced state.
According to the formula (8), δ(t) reveals the imbalance
degree of transmission load among all the links in a data
center network. The less the difference of the bandwidth
occupancy among links is, which means link load more
balanced, the lower δ(t) becomes. So, δ(t) will become
smaller and smaller with the data flow migration step by
step. In this way, our DLBS-FPN algorithm can definitely
balance the traffic load in data centers.
Theorem 2. The DLBS-FTN algorithm (Algorithm 3) can guarantee the load balancing in FTN data center networks slot by slot.
The proof is similar to the above.
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5

P ERFORMANCE E VALUATION

We implemented a simulation system to evaluate our dynamical load-balanced scheduling algorithms Improved OneHop DLBS-FPN (Algorithm 2) and Multi-Hop DLBS-FTN (Algorithm 3) for FPN and FTN data center networks, respectively.
Evaluation Schemes

The performance of mid-way load-balanced scheduling can
be measured by the network throughput under realistic conditions in the two network models. We apply the dynamic
scheduling methods in two three-level network models, including the following procedures: initialization, bandwidth
monitoring, rescheduling and mid-way switching.
In our simulations, we used the following three traffic
models that cover most transmission patterns [27].
•

•

•

Uniform pattern. Flows are initiated and distributed
symmetrically among all hosts. In each unit of time,
each host transmits a packet with equal probability;
and packets are destined to other hosts with equal
probability.
Semi-uniform pattern. For a specified source host hi ,
one half of flows generated by the hi are distributed
in the intra-pod that connects with the hi directly
while other flows are evenly distributed among all
the inter-pods.
Center-based pattern. It is the most unbalanced traffic
pattern, where more than 80% of data flows are
generated by a single hot host.

The first two traffic patterns differ in how to choose
destination hosts for a given source host. And the last one
captures the characteristics of the hot spot traffic pattern.
We compared our DLBS approach with the following
representative algorithms.
•

•

5.2

LOBUS. It is a simple load-balanced scheduling
scheme through the greedy selection [8]. The basic
idea in LOBUS is to even transmission delay of all the
links as much as possible. More specifical, it greedily
picks out the pair of host and path that yields the
lowest total response delay for each request. So,
flows on the link with the longest transmission delay
are migrated to the link with the shortest delay.
Round Robin (RR). This algorithm is one of the
most classical static load balancing algorithms. In the
Round Robin [23], flows are assigned evenly among
all switches. Each new flow is assigned to available
switch in the round robin order. Furthermore, the
flow allocation order is locally maintained on each
switch’s flow table.
System Setting

Network models. We evaluated our DLBS approach in two
categories of network models with the following configuration.
•

FPN model (fully populated). In the FPN network, there
are two hundreds of core switches, four hundreds
of aggregation switches and four hundreds of ToR

For the FPN network, we use the Improved One-Hop
DLBS-FPN algorithm to schedule data flows since the number of increased hops in substitute paths under a fully
populated network is very limited. On the other hand, we
use Multi-Hop DLBS-FTN algorithm for the FTN network.

1.6

×10 4

1.45

Throughput(KB/S)

5.1

•

switches. Each ToR switch directly connects with
four hosts.
FTN model (fat-tree). This network consists of two
hundreds of core switches and two hundreds of pods. Each pod contains two aggregation switches and
two end switches. Each end switch directly connects
with five hosts.
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Fig. 6. Relationship between system throughput and scheduling trigger
δ∗ .

Experimental system and parameters. We use python to
compile our DLBS algorithms in NOX to achieve our dynamical load-balanced flow scheduling. We set the link
bandwidth as 750Kbps. All data flows have the same size
500MB. OpenFlow switches are simulated by Open vSwitches running on servers. In the FPN network, we built four
virtual machines within each end vSwitch server; and in the
FTN network, we deployed five virtual machines in each
pod. The duration of time slot should be large enough to
collect the status information from all links. However, it
also is a tradeoff between load balancing and scheduling
cost. The larger the time slot is, the more serious the load
imbalance will become but the lower the scheduling cost
will get. In our experiments, we set a time slot t=1s.
5.3

Results and Evaluation

The scheduling trigger δ ∗ is an important parameter to
measure the network load imbalance. We firstly illustrate
how to determine δ ∗ .
δ ∗ determination. We tested average network throughput
under different values of δ ∗ . Fig.6 illustrates the relationship
between system throughput and δ ∗ , from which we can
identify a proper value of δ ∗ . For √
the convenience of data
plotting, we use the square root δ ∗ instead of δ ∗ itself.
We also plot the trend line of the scattered curve, in order
to better show the optimal δ ∗ .√In our system configuration,
we can clearly see that when δ ∗ approximates to 340, the
throughput of the overall network reaches a local maximal
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value 15945.8 Kbps, as shown in Fig.6. It is also a global
maximum within the predefined bandwidth range.
In the following, we evaluated our DLBS approach
through comparing it with the LOBUS and RR in terms
of average end-to-end delay and network bandwidth utilization
ratio.
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(a) FPN network under uniform pattern.
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Fig. 7. Average end-to-end delay in the three flow scheduling schemes.
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Average end-to-end delay. Transmission delay is an important metric to measure our scheduling algorithms. We use
average end-to-end delay that is the average of all packets’
transmission delay to evaluate the three solutions. The latter
is the time interval from sending a packet in source node to
receiving it destination nodes. Fig.7 demonstrates how the
average end-to-end delay in the the three solutions changes
under uniform, semi-uniform and center-based patterns.
From Fig.7, we can find that our DLBS always outperforms LOBUS and RR under the three transmission patterns.
However, the improvement in transmission delay under
uniform and semi-uniform patterns is lower than that in
center-based pattern. Specifically, in center-based pattern,
our DLBS approach decreases average end-to-end delay by
13% and 9% compared with RR and LOBUS, respectively.
The reason is that the load in center-based pattern is the
most asymmetrically distributed while uniform and semiuniform patterns distribute the load in a relative balanced
way. Our DLBS updates the network imbalance factor δ(t)
at the beginning of each time slot and reschedules flows in
the whole network once δ(t) > δ ∗ . As a result, DLBS can
balance transmission load in a real-time way under various transmission patterns. So, our DLBS can significantly
outperform LOBUS and RR in the most imbalanced centerbased pattern. The higher imbalanced degree transmission
patterns exhibit, the more improvement our DLBS will bring
to data center networks. On the other hand, in load-balanced
situations where data flows are initiated in a balanced way,
few data flows need to be migrated.
Network bandwidth utilization ratio λ(t). λ(t) is the average
of bandwidth utilization ratio of all the links in the whole
data center network. The more high and the more stable
the value of λ(t) is, the better the corresponding scheduling
scheme will be. So, we also tested and compared the net-
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Fig. 8. Bandwidth utilization in the three flow scheduling schemes under
different transmission patterns.

work bandwidth utilization ratio λ(t) of the three scheduling schemes in different networks and different transmission patterns. Figs.8(a) and (b) illustrate the bandwidth
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utilization status in FPN networks; while Figs.8(c) and (d)
are for FTN networks. On the other hand, in Fig.8(a) and
(c), data transmission are respectively setup as the uniform
pattern, where flows are initiated between any pair of end
hosts with equal probability, and the center-based pattern,
where more than 80% of data flows are transmitted between
a given pair of source and destination hosts.
In Fig.8(a) and 8(c), λ(t) is relatively stable in the three
schemes and our DLBS outperforms a little over the LOBUS
and RR. More specifically, λ(t) in our DLBS is higher than
the LOBUS and RR before ta =3150s in Fig.8(a) and tc =2100s
in Fig.8(c). The reason is that the load has been evenly
distributed in the uniform pattern. However, our DLBS
exhibits lower λ(t) than the LOBUS and RR after ta =3150s
in Fig.8(a) and tc =2100s in Fig.8(c). It reveals the fact that
our DLBS has transmitted more load than the LOBUS and
RR when ta =3150s in Fig.8(a) and tc =2100s in Fig.8(c). So,
the DLBS exhibits lower λ(t) after the above critical time.
Note that the total transmission load is the same in the three
schemes.
In Figs.8(b) and 8(d), data flows are distributed in the
center-based pattern, where one of end hosts is set as the
central server that delivers files to all the other hosts. Hot
spot in such kinds of three-level network is very likely
to induce a global network imbalance. The three schemes
exhibit fluctuation in λ(t) but at different extent. Specifically,
λ(t) in the LOBUS and RR under the center-based pattern
fluctuates more sharply than our DLBS approach, as shown
in Figs.8(b) and (d). It reveals that our DLBS significantly outperforms the LOBUS and RR in unbalanced data
flows, The reason is that our DLBS can dynamically balance
transmission load through updating the network imbalance
factor δ(t) time slot by time slot and rescheduling flows
once δ(t) > δ ∗ . Similarly, our DLBS has transmitted more
load than the LOBUS and RR when tb =2700s in Fig.8(b) and
td =3400s in Fig.8(d) and exhibits lower λ(t) after the critical
time.
In summary, we can find that our DLBS exhibits a higher
bandwidth utilization rate than LOBUS and RR in three
transmission patterns during the initial stage, and delivers
more transmission load before corresponding critical time.
Thus, we can conclude that our DLBS can efficiently balance
the global load so that it significantly improves throughput,
transmission delay and bandwidth utilization rate especially under non-uniform network transmission patterns.

6

R ELATED WORK

Flow scheduling has been widely studied over the past
years. In recent years, related researches paid more attention
on OpenFlow-based and cloud data center oriented resource
scheduling. We review related work as follows.
6.1

subintervals. IBPS possesses a priority traceability property
which facilitates the system designers to debug a system
during development and maintenance. PSO [28] is a deadline based resource provisioning and scheduling algorithm
for scientific workflows on Infrastructure as a Service (IaaS)
clouds. It merges meta-heuristic optimization technique,
particle swarm optimization to minimize the overall workflow execution cost while meeting deadline constraints. This
algorithm incorporates basic IaaS cloud principles such as a
pay-as-you-go model, heterogeneity, elasticity and dynamicity.
On the other hand, in dynamical load balancing
schemes, the load distribution is decided according to current traffic states and network conditions during transmissions. In [15], Sharma et al. proposed five algorithms: three
of which are static load balancing methods and the other
two are dynamic ones. HHSA [13] is a rule-based hyperheuristic scheduling algorithm with the idea leveraging
strengths of low-level algorithms while not increasing the
computation time. It can dynamically determine which lowlevel heuristic is to be used in finding better candidate
solutions. Combining advantages of static and dynamic
scheduling, Cao et al. developed a mixed scheduler using a
generalization of the load-balanced scheduler GLOBE [19].
It bridges a Birkhoffvon Neumann scheduler that is suitable
for static traffic with a load balanced dynamic scheduler that
offers best-effort service.
MapReduce has become a popular model for dataintensive computation in recent years. Some researchers also
investigated MapReduce oriented scheduling and optimization policies. In [20], the authors presented a fine-grained
resource-aware MapReduce scheduler PRISM that divides
tasks into phases, and performs scheduling at the phase level. It improves execution parallelism and resource utilization
without introducing stragglers. Yuan et al. [25] investigated
the joint MapReduce jobs scheduling with consideration
of server assignment and developed a 3-approximation
algorithm MarS. In [14], Zhang et al. proposed an iterative ordinal optimization method IOO to achieve suboptimal schedules for fast dynamic multitask workload in a
cloud computing platform. The major advantage of the IOO
method resides in its adaptability to a scenario with fluctuating workloads. Finally, Neely investigated a distributed
scheduling optimization in a multi-user system, in which
optimal distributed policies were constructed by correlating
decisions via a source of common randomness [26].

Flow Scheduling

Existing researches on flow scheduling can be classified as
static and dynamical schemes. Static load balancing schemes
distribute the traffic mainly based on a fixed set of rules
according to characteristics of the input traffic, which can
not feedback real-time information of traffic and network
states on links. In [7], Pathan et al. proposed a task scheduling algorithm IBPS based on static priority in different

6.2 OpenFlow-Based
Scheduling

and

Data

Center

Oriented

OpenFlow is a leading software-defined networking architecture, which allows for quick experimenting and optimizing switching/routing policies. Handigol et al. [8] proposed
the OpenFlow-based LOBUS algorithm to balance the load,
which applies greedy selection strategy to pick the (server,
path) pair that yields the least total response time at every
request. Anitha et al. proposed an idea similar to flow tables
in OpenFlow switches, which applies a load table on the
Dispatcher node to record changing states and then applies
corresponding transmission policy [16]. [37] presented an
analytical framework for dynamic rerouting of QoS flows at
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the control layer to enable dynamic Quality of Service (QoS)
to stream scalable coded videos. This framework achieves
significant improvement in overall quality of streaming of
scalable encoded videos. To deliver high performance, [38]
implemented an OpenFlow v1.1 hardware forwarding plane
based on network processors, together with a performance
model that helps choose a better mapping without the
burden of implementing. What is more, Bolla et al. proposed
a flexible hardware abstraction framework OFiS [36] for a
huge set of heterogeneous multicore processors to better
meet application-specific requirements.
With advances in cloud computing, scheduling in data
center networks become more and more attractive. Hedera [17] is a representative scalable and dynamic flow
scheduling system proposed by Mohammad et al for data
center networks. This system can adaptively schedules a
multi-stage switching fabric to efficiently utilize aggregated
network resources. Hedera exhibits excellent performance
gain under various traffic patterns. In [18], Chowdhury et
al. effectively addressed an important problem: concurrent
open shop scheduling with coupled resources for intercoflow scheduling. To achieve this goal, the authors proposed effective heuristics (SEBF) to optimize two different
objectives: decreasing communication time of data-intensive
jobs and guaranteeing predictable communication time, together with the MADD algorithm to allocate bandwidth to
flows. In [30], Kanagavelu et al. proposed a OpenFlow based
re-routing control framework to address the problem of
managing different flows in data center networks. SlickFlow
[39] is a resilient source routing approach implemented with
OpenFlow. It can improve path fault tolerance in data center
networks based on source routing and augmented with
alternative paths carried in packet headers and programmed
via OpenFlow primitives.
In summary, existing works on flow scheduling did
not address the global load balancing. Specifically, existing
static scheduling schemes distribute data flows only at the
beginning of data transmission sessions so that they can
not adapt to dynamical network states. On the other hand,
existing dynamical scheduling schemes only can provide
local data flow balancing. Our work focuses on balancing
transmission workload globally and dynamically.

Experimental results demonstrate that our DLBS approach significantly outperforms the related and representative load-balanced scheduling algorithms Round Robin
and LOBUS under multiple transmission patterns, especially in unbalanced data flow distribution. In center-based
transmission pattern, for example, our algorithms decrease
average end-to-end transmission delay by 13% and 9% than
RR and LOBUS respectively. These results indicate that
our DLBS approach is able to balance transmission traffic
dynamically and globally so that it significantly improves
throughput, transmission delay and bandwidth utilization
ratio. In particular, the higher imbalance degree data flows
in data centers exhibit, the more improvement our DLBS
approach will bring to the data centers.
As a part of our future work, we are going to extend this
work to support other OpenFlow network models and new
transmission patterns.
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