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HERO: Hierarchical Energy Optimization
for Data Center Networks
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Abstract—The rapid escalating power consumption has become
critically important to modern data centers. Existing works on
reducing the power consumption of network elements formulate
the power optimization problem for a general network topology
and require a centralized controller. As the scale of data centers
increases, the complexity of solving this optimization problem
increases rapidly. Inspired from the hierarchical data center net-
work (DCN) topologies and data center traffic patterns, we design
a two-level, pod-level, and core-level power optimization model,
namely, Hierarchical EneRgy Optimization (HERO), to reduce the
power consumption of network elements by switching off network
switches and links while still guaranteeing full connectivity and
maximizing link utilization. Given a physical DCN topology and
a traffic matrix, we illustrate that two-level power optimizations
in HERO fall in the class of capacitated multicommodity mini-
mum cost flow (CMCF) problem, which is NP-hard. Therefore,
we design several heuristic algorithms based on different switch
elimination criteria to solve the proposed HERO optimization
problem. The power-saving performance of the proposed HERO
model is evaluated by several experiments with different traffic
patterns. Our simulations demonstrate that HERO can reduce
power consumptions of network elements effectively with reduced
complexity.

Index Terms—Data center networks (DCNs), energy efficiency,
green data centers, power optimization.

I. INTRODUCTION

DATA center networks (DCNs) are prevalent and essential
to provide a myriad of services and applications. In order

to provide a reliable and scalable computing infrastructure, the
network capacity of DCNs is especially provisioned for worst
case or peak-hour workload, and thus, data centers consume a
huge amount of energy. The Report to Congress on Server and
Data Center Energy Efficiency [1] indicated that data centers
and servers consumed about 61 billion kilowatthours (kWh) in
2006 (1.5% of the total U.S. electricity consumption) for a total
electricity cost of about $4.5 billion, and the electricity usage
of data centers has been almost doubled from 2000 to 2006. As
reported in [2], the total power consumption of data centers in
2010 increases by about 56% from 2005 to 2010 for worldwide
data centers and increases by only 36% for U.S. data centers.
It has been well established in the research literature that the
average server utilization is often below 30% of the maximum
utilization in data centers [3]. At low levels of workload, servers
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are highly energy inefficient because, even in the idle state, the
power consumed is over 50% of its peak power for an energy-
efficient server [3] and often over 80% for a commodity server
[4]. Moreover, switches are not energy efficient currently either,
and they consume 70%–80% of their peak power in their idle
state [5].

The high operational costs and the mismatch between data
center utilization and power consumption have spurred great
interest in improving data center energy efficiency. The power
consumption of network elements can account for 10%–20%
of a data center’s total power consumption [6]. Thus, reducing
the power cost of network elements without adversely affecting
network performance presents a great challenge. Several studies
[7]–[10] have investigated the power savings of the network
infrastructure in DCNs by switching off some unneeded net-
work devices or by putting them into sleep. In a recent work,
a network-wide power manager, ElasticTree [7], was proposed
to optimize the energy consumption of DCNs by dynamically
optimizing the subset of active network elements, switches,
and links to satisfy dynamic traffic loads while still meeting
the performance and fault tolerance requirements. Shang et al.
[8] solved the energy-saving problem in DCNs from a routing
perspective. Mann et al. [9] presented a network power-aware
framework, the VMFLow, for the placement and migration of
virtual machines (VMs), taking into account the network topol-
ogy as well as network traffic demands to optimize the network
power consumption while satisfying as many network traffic
demands as possible. A more general solution, the VMPlanner
[10], has been proposed to reduce the network element power
consumption by optimizing both VM placement and traffic flow
routing. A survey on power consumption in data centers along
with solutions has recently been reported in [11]. All of these
prior works formulated the power optimization problem for
a general network topology and required a centralized power
management controller, which monitors and predicts traffic
demands at each network element and controls the power status
of all network elements. As the scale of DCNs increases, the
complexity of the power optimization problem of DCNs and the
required computational time to solve this optimization problem
increase rapidly.

Inspired from the hierarchical DCN topologies and data
center traffic patterns, we propose a Hierarchical EneRgy
Optimization (HERO) model to reduce the power consumption
of data centers. Given a DCN topology and a traffic matrix, we
evaluate the possibility of turning off some network elements
(i.e., routers, switches, and links) hierarchically, without violat-
ing the network connectivity and QoS constraints. In this paper,
we extend the previous HERO model [12] by including the
switching power penalty. We also include detailed performance
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evaluations using the emulated typical data center workloads.
The main contributions of this paper are described as follows.
First, a hierarchical energy optimization model for DCNs is
proposed. One of the major advantages of the proposed hier-
archical model is that it reduces the algorithm complexity by
transforming the whole network power optimization problem
into several subnetwork power optimization problems. Second,
several heuristic algorithms to solve the proposed HERO model
are verified. One more major advantage of the proposed energy
optimization model is that different heuristic algorithms at
different levels can be adopted.

The rest of this paper is organized as follows. Section II
presents the background and motivation of the hierarchical
approach to reduce the power consumption of DCNs. Details
of the proposed hierarchical approach, the network connectivity
with the proposed HERO model, and the algorithm complexity
are described in Section III. Then, the hierarchical heuristic
algorithm is presented in Section IV. The performance of the
proposed HERO model is evaluated in Section V. Section VI
concludes this paper.

II. BACKGROUND AND MOTIVATION

The main idea of the proposed hierarchical network element
power optimization model is inspired from the observations and
analysis of the DCN architectures and traffic patterns. In this
section, we will discuss the architectures and the traffic patterns
in DCNs.

A. Data Center Topology

Conventional DCNs [13] typically consist of a two- or three-
tier hierarchical switching infrastructure. Two-tier architecture
only has the core and the edge switch tiers. In the three-tier
architecture, an aggregation switch tier is inserted in the middle
between the core and the edge switch tiers. All servers attach
to DCNs through edge tier switches. The edge switches and
aggregation switches can form several switch groups, and the
core switches can form another switch group as shown in
Fig. 1(a). As analyzed in previous works, conventional DCNs
have some well-known problems, e.g., scalability and resource
fragmentation, server to server connectivity, and cost. Several
new topologies have been proposed for DCNs recently, and they
can be divided into two categories, switch-centric topology,
e.g., VL2 [14] and PortLand [15], and server-centric topology,
e.g., DCell [16] and BCube [17].

VL2 [14] is a three-tier architecture, which shares many
features with the conventional DCN architecture. The main
difference is that a Clos topology is formed between the core
tier and the aggregation tier switches. VL2 shares almost all of
the features with the conventional DCN architecture except the
rich connectivity between the aggregation switches and the core
switches. PortLand [15] is another three-tier architecture that
forms a fat-tree topology. The edge and aggregation switches
form a complete bipartite graph, i.e., a Clos graph. A collection
of edge and aggregation switches is called a pod in PortLand
architecture. Each pod is connected with all core switches and
thus forms a second Clos topology. Thus, each pod can form
a switch group, and the aggregation switches and the core
switches can form another switch group.

Fig. 1. DCN topologies and traffic categories. (a) Conventional DCN treelike
topology. (b) Fat-tree DCN topology and traffic pattern.

DCell [16] and BCube [17] are representative modular DCN
architectures, which are constructed with new building blocks
of shipping containers instead of server racks. Each container
houses up to a few thousands of servers on multiple racks
within a standard 40- or 20-ft shipping container. The ship-
ping container-based modular data center simplifies supply
management by hooking up power, networking, and cooling
infrastructure to commence the services, shortens deployment
time, increases system and power density, and reduces cooling
and manufacturing cost. Both DCell and BCube are multilevel
recursively defined DCN architectures built with miniswitches
and servers equipped with multiple network ports. A k-level
DCellk andBCubek can be constructed recursively with several
(k − 1)-level DCellk−1 and BCubek−1, respectively. There-
fore, each DCellk−1 and BCubek−1 can form one switch col-
lection, and the k-level switches can form another switch group.

As analyzed earlier, we can observe that almost all the
topologies of DCNs typically consist of a two- or three-tier hi-
erarchical switching infrastructure, including the conventional
treelike switching infrastructure and newly proposed data cen-
ter architectures. The networking elements, including switches
and links, can be organized into several groups.

B. Data Center Traffic Patterns

Traffic in DCNs can be categorized into five classes: in-
traedge switch traffic, interedge but intrapod traffic, interpod
traffic, incoming traffic, and outgoing traffic. For the intraedge
switch traffic shown as F1 in Fig. 1(b), it only requires the
connected edge switch and links to be powered on to minimize
the power consumption. The interedge but intrapod traffic goes
within the same pod but needs to go through different edge
switches, shown as F2 in Fig. 1(b). Interpod traffic is the flows
that go through different pods, shown as F3 in Fig. 1(b). The
incoming (F4) and the outgoing (F5) traffic are traffic flows that
go into and out of DCNs, respectively.

The aforementioned observations on hierarchical DCN
topologies and data center traffic patterns suggest that a DCN
can be divided into several pod-level subnetworks and a
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Fig. 2. Subnetwork topologies of a 4-ary fat-tree network. (a) Pod-level
subgraph. (b) Core-level subgraph.

core-level subnetwork, and also, the traffic can be reorganized
accordingly. As an example, Fig. 2 shows the subnetwork
topologies of a 4-ary fat-tree network as shown in Fig. 1(b).
There are four pods (Pod0–Pod3), each of which contains
edge switches, aggregation switches, and servers. As discussed
earlier, the traffic related to one pod can be reorganized as
intraedge switch traffic, interedge but intrapod traffic, pod-
incoming traffic, and pod-outgoing traffic. The pod-incoming
traffic is merged from interpod traffic and incoming traffic
from outside of the DCN destination to one of the servers
belonging to this pod, while the pod-outgoing traffic is merged
from interpod traffic and outgoing traffic to outside of the DCN
that originated from one of the servers belonging to this pod.
For each pod, a pod-level subnetwork can be formed with
the original pod, a virtual node representing the destination of
the pod-incoming traffic and the source of the pod-outgoing
traffic, and virtual links, each of which connects the virtual
node with one of the aggregation switches belonging to this
pod as shown in Fig. 2(a). Similarly, by abstracting each pod
in Fig. 1(b) to a virtual pod node, a core-level subnetwork can
be formulated with these virtual pod nodes, the core switches, a
virtual source/destination node representing the source of the
incoming traffic and the destination of the outgoing traffic,
and some virtual links, each of which connects the virtual
source/destination node with one of the core switches as shown
in Fig. 2(b). The traffic for this core-level subnetwork can be
reorganized from the original traffic for the whole DCN by
removing the intraedge switch traffic and interedge but intrapod
traffic.

The aforementioned observations and analysis call for hier-
archical energy optimization. The power optimization of data
centers can be divided into two levels: core level and pod level.
The objectives of core-level power optimization are twofold: to
determine the core switches that must stay active to send the
outgoing traffic and the aggregation switches which serve the
out-pod traffic in each pod. The objective of pod-level power
optimization is to determine the aggregation switches that must
be powered to flow the intrapod traffic. The potential benefit
of hierarchical energy optimization is to simplify the network
element energy optimization problem by reducing the number
of variables greatly.

III. HIERARCHICAL ENERGY OPTIMIZATION ALGORITHM

As analyzed earlier, the networking infrastructure power
optimization of DCNs can be divided into the core-level and the

pod-level network element power optimization. The optimizer’s
role in each level is to find the minimum power network subset
to meet the performance and fault tolerance goals by powering
off the unneeded switches and links. In this section, we describe
the hierarchical energy optimization algorithm and also analyze
the algorithm complexity.

A. Problem Formulation

Given the network topology, the traffic matrix, and the power
consumption of each link and switch, the designed core-level
and pod-level power optimizations can be modeled as two
capacitated multicommodity minimum cost flow (CMCF) [18]
problems. The basic assumptions are given as follows.

1) A physical network topology is given. The DCN infras-
tructure can be modeled by a graph G = (V,E), where
V and E are the set of vertices and edges, respectively.
The vertices represent network nodes while the edges
represent network links. We use N and L to denote the
cardinality of V and E, namely, N = |V | and L = |E|,
respectively. Cij denotes the capacity of link from node
i to node j, and α ∈ [0, 1] represents the maximum link
utilization. The core-level and pod-level power optimiza-
tions can be solved based on the core-level subgraph
Gc = (V c, Ec) and a series of pod-level subgraphs Gp

i =
(V p

i , E
p
i ) (i ∈ [1, Np]), respectively, where Np is the total

number of pods. The core-level subgraph Gc = (V c, Ec)
as shown in Fig. 2(b) is formulated in terms of the core
switches, the links connecting the aggregation switches
and core switches, and the virtual nodes, each of which
represents a pod. V c and Ec denote the set of core-level
vertices and edges, and N c = |V c| and Lc = |Ec| are the
total number of nodes and links in the core-level subgraph
Gc. A pod-level subgraph Gp

i = (V p
i , E

p
i ) (i ∈ [1, Np])

as shown in Fig. 2(a) is formulated in terms of a pod and
a virtual node representing the destination of the out-pod
traffic. V p

i and Ep
i denote the set of pod-level vertices

and edges in the pod-level subgraph Gp
i for the pod

pi (i ∈ [1, Np]), and Np
i = |V p

i | and Lp
i = |Ep

i | are the
total number of nodes and links in the pod-level subgraph
Gp

i for the pod pi.
2) The average amount of traffic exchanged by any source/

destination node pair is also given. Denote tsd as the av-
erage amount of traffic for the source–target pair (s, d) ∈
V × V , meaning the traffic that goes from source s to des-
tination d. T = {tsd} (∀s, d ∈ V ) represents the traffic
demand matrix which specifies the amount of traffic tsd
to be transmitted for each source–destination pair (s, d) ∈
V × V . By transforming the traffic demand matrix T =
{tsd} (∀s, d ∈ V ), we can get the core-level traffic matrix
T c = {tcsd} (∀s, d ∈ V c) and a series of pod-level traffic
matrices T p

i = {tpi

sd} (i ∈ [1, Np]), where pi (i ∈ [1, Np])
denotes the ith pod and Np is the total number of pods.
tcpmpn

is the average amount of traffic going from source
pod pm to destination pod pn.

3) The power consumption of each node and link is given. De-
note PN

i and PL
ij as the power consumption of node i and

that of the link between node i and node j, respectively.
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Based on the aforementioned definitions, the core-level
CMCF problem can be formulated as follows.

The objective function is to minimize

P c
total =

Nc∑
i=1

Nc∑
j=1

xijP
L
ij +

Nc∑
i=1

yiP
N
i (1)

where P c
total denotes the total power consumption of network

switches and links in the core-level subgraph Gc. xij ∈ {0, 1}
and yi ∈ {0, 1} represent the power status of link (i, j) ∈ E and
node i ∈ V , respectively. xij ∈ {0, 1} is a binary variable that
is equal to 1 if the link between node i and node j is powered
on; otherwise, it is equal to 0. Similarly, yi ∈ {0, 1} is a binary
variable that takes the value of 1 if node i is powered on.

It is subject to the following.
1) Flow conservation: Commodities are neither created nor

destroyed at intermediate nodes
Nc∑
i=1

(
fsd
ij

)c−
Nc∑
i=1

(
fsd
ji

)c
=0, (∀s, d, i, j∈V c, j �=s, d) (2)

where (fsd
ij )

c denotes the amount of traffic flow from
node s to node d routing through the arc from node i to
node j in the core-level subgraph Gc.

2) Demand satisfaction: Each source and sink sends and re-
ceives an amount of flow equal to its demand, respectively

Nc∑
i=1

(
fsd
ij

)c −
Nc∑
i=1

(
fsd
ji

)c
=

{
tcsd ∀s, d ∈ V c, j = s
−tcsd ∀s, d ∈ V c, j = d. (3)

3) Capacity and utilization constraint: The total flow along
each link f c

ij (∀i, j∈V c) must be smaller than the link ca-
pacity weighed by the link utilization requirement factorα

f c
ij =

Nc∑
s=1

Nc∑
d=1

(
fsd
ij

)c ≤ αCijxij , ∀i, j ∈ V c (4)

where f c
ij represents the total amount of traffic flowing on

the link (i, j) ∈ Ec in the core-level subgraph Gc.
4) Switch turnoff rule: A node can be turned off only if all

incoming and outgoing links are actually turned off
Nc∑
j=1

xij +

Nc∑
j=1

xji ≤ Myi, ∀i ∈ V c (5)

where M is twice the total number of links connected to
node i in the subgraph Gc.

Similarly, the pod-level CMCF power optimization can also
be formulated as follows.

The objective function for pod pm power optimization is to
minimize

P pm

total =

Np
m∑

i=1

Np
m∑

j=1

xijP
L
ij +

Np
m∑

i=1

yiP
N
i (6)

where P pm

total denotes the total power consumption of network
switches and links in the pod-level subgraph Gp

m.
It is subject to the following.
1) Flow conservation

Np
m∑

i=1

(
fsd
ij

)pm−
Np

m∑
i=1

(
fsd
ji

)pm
=0, (∀s, d, i, j∈V p

m, j �=s, d) (7)

where (fsd
ij )

pm denotes the amount of flow from node s
to node d routing through the arc from node i to node j in
the core-level subgraph Gp

m.
2) Demand satisfaction

Np
m∑

i=1

(
fsd
ij

)pm−
Np

m∑
i=1

(
fsd
ji

)pm
=

{
tpm

sd ∀s, d∈V p
m, j=s

−tpm

sd ∀s, d∈V p
m, j=d

(8)

where fsd
ij denotes the amount of traffic flow from source

s to destination d that is routed through the arc between
node i and node j in pod pm.

3) Capacity and utilization constraint

fpm

ij =

Np
m∑

s=1

Np
m∑

d=1

(
fsd
ij

)pm ≤ αCijxij , ∀i, j ∈ V p
m (9)

where fpm

ij represents the total amount of traffic flowing
on the link (i, j) ∈ Ep

m in the pod-level subgraph Gp
m.

4) Switch turnoff rule

Np
m∑

j=1

xij +

Np
m∑

j=1

xji ≤ Myi, ∀i ∈ V p
m. (10)

In order to avoid switching frequently between ON/OFF

power states, we introduce the switching power penalty of each
switch in our optimization model: The core-level and pod-level
objective functions can be extended with (11) and (12), re-
spectively, while the constraints in the core-level and pod-level
power optimizations can be kept the same as described earlier

P ′c
total =

Nc∑
i=1

Nc∑
j=1

xijP
L
ij +

Nc∑
i=1

yiP
N
i

+
Nc∑
i=1

P s
[
yi(1− y−i ) + y−i (1− yi)

]
(11)

P ′pm

total =

Np
m∑

i=1

Np
m∑

i=1

xijP
L
ij +

Np
m∑

i=1

yiP
N
i

+

Np
m∑

i=1

P s
[
yi(1− y−i ) + y−i (1− yi)

]
(12)

where P s represents the switching penalty for turning a node
off if it was on and for turning a node on if it was off and y−i
denotes the power status of node i determined at the last power
optimization.

B. Algorithm Description

A formal description of the HERO algorithm is shown in
Algorithm 1. The HERO algorithm can be performed in four
steps. In the first step, the power status of the edge switches
and edge links connecting the end hosts and edge switches is
determined according to traffic matrix T . All edge switches,
connecting to any source server or destination server in the
traffic matrix T , must be powered on, and others can be pow-
ered off. The power status of the core switches and core-level
links connecting the core switches and aggregation switches
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is determined by solving the core-level CMCF optimization
problem with the core-level subgraph Gc, the traffic demand
matrix among pods T c, and the power consumptions of each
core switch PN

i and the core-level links PL
ij . The aggregation

switches serve the pod-incoming and the pod-outgoing traffic,
which are also the traffic to be considered in the core-level
power optimization, so the aggregation switches with the low-
est power consumptions should be selected in the core-level
power optimization. However, the aggregation switches are not
involved directly in the core-level power optimization because
they are contained in the virtual pod nodes. The link connecting
an aggregation switch and a core switch is unique, and HERO
performs power optimization from the core-level power opti-
mization to the pod-level power optimization; therefore, the
power status of the link connecting one core switch and one
aggregation switch in the core-level power optimization also
determines the power status of the aggregation switch that this
link connects to since, if the link is powered up, the switch
that it connects to must be powered on anyway. Therefore, in
order to guarantee that the aggregation switches with the lowest
power consumptions are selected for flowing the pod-incoming
and the pod-outgoing traffic in the core-level power optimiza-
tion, the power consumption parameter of the core-level link
uses the power consumption of the aggregation switch that it
uniquely connects to instead of its own power consumption in
the core-level power optimization problem. This is based on
the observation that the power consumed by one link is much
smaller than one switch. The power status of these selected
aggregation switches will be used as the input to the pod-level
optimization problem in Step 3. The power consumptions of
the virtual pod nodes, the virtual source/destination node, and
the virtual links connecting the core switches with the virtual
source/destination node in the core-level power optimization
are assumed to be zero.

Algorithm 1 Hierarchical Energy Optimization Algorithm

Step 1: Determine the power status of edge switches and
edge links according to traffic demand matrix T .
Step 2: Solve the core-level CMCF optimization problem.
Step 2.1: The power status of core switches and core-level
links connecting the aggregation switches and the core swit-
ches is decided by solving the core-level CMCF optimization
problem.
Step 2.2: The aggregation switches serving the out-pod traffic
in each pod are selected with the power status of the core-level
links, and the selected aggregation switches are powered on.
Step 3: Solve the pod-level CMCF optimization problem.
fori = 1 to Np do

Determine the power status of the aggregation switches and
the pod-level links connecting the edge switches and the
aggregation switches by solving the pod-level optimization
problem.

end for
Step 4: In order to provision the whole network connectivity
and to meet QoS goals, a merging process is performed.

Then, in each pod, the power status of the aggregation
switches serving intrapod traffic and that of the pod-level links
connecting the edge switches and aggregation switches are
determined by solving the pod-level optimization problem with
the pod-level subgraph Gp

i , the traffic demand matrix T p
i in pod

pi, the power consumption of each link PL
ij and node pNi in

pod pi, and the power status of the aggregation switches that
serve the out-pod traffic determined in Step 2. The aggregation
switches selected to be powered on in the second step and the
link connecting the selected aggregation switch to the virtual
node in each pod are switched on.

Finally, in order to maintain the whole network connectivity,
some fault tolerance, and QoS guarantees, a complementary
process is performed. The basic network connectivity to route
traffic defined in the given traffic matrix is ensured by the
HERO algorithm, which will be illustrated in the next section.
However, in some special cases, the whole network connec-
tivity could be broken. For example, if all the traffic flows in
a traffic matrix can be classified into intraedge traffic or in-
teredge but intrapod traffic, the optimal solution obtained by the
optimization problem in HERO will put all core switches into
the idle state, and thus, the connection between the data center
and the Internet outside the data center is broken. Similarly,
the connection between a pod and other pods in a data center
or the connection between a pod and the Internet outside the
data center may be broken. In this paper, two basic rules are
implemented in the complementary process. One is that at least
one core switch is powered on. If none of the core switches is
turned on, one core switch is randomly selected to be powered
on. Another rule is that at least one aggregation switch that can
connect to one active core switch must be turned on in each
pod. If no such aggregation switch is turned on in one pod,
the one which connects to a powered-on core switch will be
switched on.

C. Connectivity Certification

In this section, we illustrate how the network connectivity
can be ensured to route the traffic defined in the given traffic
matrix by HERO.

1) The connectivity between the servers and edge switches is
maintained since the power statuses of edge switches and
edge links are determined according to the traffic matrix
directly.

2) The connectivity between the edge and aggregation
switches in each pod and the connectivity between the
aggregation and core switches are guaranteed by the
pod-level optimization and the core-level optimization,
respectively.

3) The optimal solutions of the pod-level optimization and
the core-level optimization may activate different aggre-
gation switches. Thus, the connectivity for out-pod traffic
might be broken. In order to ensure the connectivity
for out-pod traffic, the links connecting the aggregation
switches activated in the core-level optimization and the
edge switches in each pod are required to be activated
in the pod-level optimization. To realize this, the power



ZHANG AND ANSARI: HERO: HIERARCHICAL ENERGY OPTIMIZATION FOR DCNS 411

TABLE I
COMPARISON OF ALGORITHM COMPLEXITY

status of the aggregation switches determined in the core-
level optimization is input to the pod-level optimization.
If the leftover capacity of the active aggregation switches
is not enough to accommodate the intrapod interedge
traffic, more aggregation switches will be activated in
the pod-level optimization. Therefore, the connectivity
of out-pod traffic flows is ensured by introducing the
power status of aggregation switches obtained in the core-
level optimization as the initial condition for the pod-level
optimization.

D. Algorithm Complexity

The algorithm complexity of the CMCF optimization prob-
lems increases with the increase of the total number of vari-
ables and the total number of constraints. As described in
Section III-A, the total number of variables in the CMCF power
optimization problem can be expressed as the sum of the prod-
uct of the total number of traffic demands and twice the total
number of links considering two directions of communication,
the total number of nodes, and the total number of links as
follows:

Nvar = Nlinks × 2×Ndemands +Nlinks +Nnodes (13)

where Nvar, Nnodes, Nlinks, and Ndemands denote the total
number of optimization variables, nodes, links, and traffic
demands, respectively.

The total number of constraints in the CMCF power opti-
mization problem can be expressed as the sum of twice the total
number of links, the product of the total number of nodes and
the total number of demands, and the total number of nodes by
the following equation:

Ncon = Nlinks × 2 +Nnodes × (Ndemands + 1) (14)

where Ncon represents the total number of constraints.
Table I compares some major parameters related to the

algorithm complexity of the CMCF optimization with a K-ary
fat-tree topology. As shown in Fig. 1(b), a K-ary fat-tree DCN
is built up with 5K2/4K-port switches, and the edges switches
and aggregation switches are constructed to form K pods, each
of which consists of K/2 edge switches and K/2 aggregation
switches. The edge and aggregation switches form a com-
plete bipartite graph in each pod. Therefore, the total numbers
of nodes and links in the pod-level optimization are K + 1

and K2/2 +K/2, respectively. There are (K/2)2K-port core
switches, and each core switch has one port connected to each
of k pods, while each pod is connected to all core switches, and
thus, if each pod is virtualized as a node, the core switches and
these virtual nodes form a second bipartite graph. Therefore, the
total numbers of nodes and links in the core-level optimization
are K2/4 +K + 1 and K3/4 +K2/4, respectively. The total
numbers of switches and links of the whole K-ary fat-tree
network are 5K2/4 and 3K3/4, respectively.

The algorithm complexities of hierarchical and nonhierarchi-
cal energy optimization problems can be compared in terms
of the ratio of the total number of variables and the ratio of
the total number of constraints. Since the total numbers of
links and nodes in each pod are much smaller than those in
the core level and the core-level and pod-level optimization
problems can be solved serially, the algorithm complexity of
the core-level power optimization problem dominates the algo-
rithm complexity in the hierarchical power optimization model.
Hence, the ratio of the total number of variables and the ratio
of the total number of constraints between the hierarchical and
the nonhierarchical energy optimization algorithm in a K-ary
fat-tree DCN can be expressed as

ρvar =
K3/2×N c

D +K3/4 + (K2/4 +K)

3/2K3 ∗ND + 3/4K3 + 5/4K2
(15)

ρcon =
K3/2 + (K2/4 +K) ∗ (N c

D + 1)

3/2K3 + 5/4K2 ∗ (ND + 1)
(16)

where ρvar and ρcon denote the ratio of the total number
of variables and the ratio of the total number of constraints,
respectively. ND and N c

D denote the total number of the
traffic demands of the entire network and the core-level traffic
demands, respectively.

Fig. 3 presents the ratios of the total number of variables
and the total number of constraints between hierarchical and
nonhierarchical energy optimization algorithms with different
values of K and the total number of flows. Under different K
and ND values, it is obvious that the ratios of the total number
of variables and the ratios of the total number of constraints
between the hierarchical and the nonhierarchical model are
smaller than 35% and 40%, respectively, implying that at
least 65% and 60% of variables and constraints in the CMCF
optimization problem can be reduced with HERO as compared
to the nonhierarchical power optimization model, respectively.
The ratio of the total number of constraints decreases with
the increase of parameter K with the same number of flows.
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Fig. 3. Ratios of the total number of (a) variables and (b) constraints between hierarchical and nonhierarchical energy optimization algorithms for the fat-tree
network topology. (a) Ratio of the total number of variables. (b) Ratio of the total number of constraints.

The results shown in Fig. 3 are the worst case because the
ratio values are calculated under the condition that the total
number of the core-level flows is the same as that of the
entire network, while in fact, the total number of the core-
level flows is usually much smaller than that of the whole
network.

In general, there are multiple independent pods in a data
center. Since the pod-level optimization problems can be solved
in parallel, the total computational time to obtain the optimal
solution of the HERO model is roughly the sum of the com-
putational time to solve the core-level optimization problem
and one pod-level optimization problem. As compared to the
nonhierarchical optimization model, the computational time to
obtain the optimal solution of the HERO model can also be cut
down because both the total number of variables and the total
number of constraints are reduced in the optimization problems
of the HERO model.

IV. HEURISTIC ALGORITHMS

The proposed HERO model for DCNs falls in the class of
the CMCF problem. CMCF is NP-hard, so exact methods can
only be used to solve trivial cases. Simple greedy heuristics of
node optimization and link optimization were proposed [19] by
trying to switch off an additional network node or link. An
improved version of this heuristic algorithm was reported in
[20] by explicitly considering the power consumption amount
of the devices. The basic idea is to iterate through the node
set or link set by sorting the nodes or links according to their
power consumption in the node optimization or in the link
optimization stage. An energy-aware greedy heuristic routing
algorithm for DCNs was presented in [8]. The basic idea of this
heuristic routing is to gradually eliminate the lightest loaded
switch from those involved in the routing, based on the total
throughput of flows carried by each active switch. The problem
of this heuristic is that it does not take the switch power
consumption model into consideration while different switch
models may coexist in a data center.

In this paper, several simple greedy heuristic algorithms
based on different switch elimination criteria are designed to

solve the hierarchical optimization problem for large DCNs.
The proposed energy-efficient heuristic algorithm is based on
the observation that the power consumed by one link is much
smaller than that of one switch. The switch elimination criterion
could be switch throughput, switch power consumption, and
switch power efficiency that gradually eliminates the lightest
loaded switch based on the total throughput of flows carried by
each active switch, the switch with the highest maximum power
consumption per port, and the lowest power-efficient switches,
respectively. The power efficiency of a switch is defined as the
total throughput of flows carried by the switch divided by its
power consumption. The basic idea of the proposed heuristic
algorithms is to try to turn off the core switches and core-level
links iteratively as well as the aggregation switches and pod-
level links iteratively in the core-level and the pod-level power
optimization, respectively, so that as few switches and links as
possible are powered on in DCNs to meet the traffic demands
and QoS goals.

We assume that all switches and links are powered on ini-
tially and the traffic is routed as normal, and then, we try to
selectively power off the switches and links hierarchically in
the core-level and pod-level energy optimizations. In the core-
level heuristic, we sort the core switches based on different
criteria and then try to switch off the selected core switches
by checking if the traffic can be flowed through other active
core switches; if so, we turn them off. Based on the throughput-
based criterion and switch-power-efficiency criterion, the core
switches are sorted in the ascending order, while the core
switches are sorted in the descending order if the switch power
consumption criterion is adopted. Therefore, the core switch
with the lowest throughput, the lowest power efficiency, or
the highest power consumption model is eliminated first. A
similar heuristic is applied to the pod-level optimization except
that it tries to turn off aggregation switches in each pod.
As an improvement to the switch power consumption-based
criterion, another switch power consumption-based criterion
is proposed by sorting the core switches in the descending
order of the total power consumption of each core switch and
its connecting aggregation switches in the core-level power
optimization.
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V. PERFORMANCE EVALUATION

In this section, we first compare the optimal power consump-
tions of network elements of the HERO model and those of
the nonhierarchical optimization model. Then, we investigate
the power-saving performance of different heuristic algorithms.
The relationship of the power consumptions and the network
utilization is further studied with a diurnal traffic variation
over a day. Moreover, the effects of the power penalty when
powering on or off network elements in the power optimization
model is examined.

Three different switch power consumption models investi-
gated in [7] are referenced to build a DCN in each evaluation
experiment. Each switch selects its switch model randomly
(uniform distribution) from these three types. In [7], the power
consumptions of three different 48-port switch models with
all ports staying at the idle state are measured as 151, 133,
and 76 W, respectively. Also, a 1/3 extra power consumption
required to turn on all ports is observed in [7]. A positive linear
relationship between the switch power consumption with all
ports staying at the idle state and the number of switch ports
is assumed in our evaluations, meaning that a switch consumes
more power with the increase of the number of switch ports.

A. Traffic Patterns

In the absence of commercial DCN traffic traces, we generate
several traffic patterns to verify the power-saving performance
of HERO.

1) Random elephant: An end host sends large elephant flows
to any other end host in DCN with uniform probability.

2) All-to-all data shuffle: Every end host transfers a large
amount of data to every other hosts.

3) Staggered (Pout, Pedge, and Ppod): A source host sends
traffic out of a DCN with probability Pout to an end host
which is connected by the same edge switch as the source
host with probability Pedge, to an end host which is within
the same pod as the source host but connected by different
edge switches with probability Ppod, and to the rest of the
end hosts with probability 1− Pedge − Ppod − Pout.

4) Diurnal traffic variation: The data center traffic variation
over one day exhibits a clear diurnal pattern, in which
traffic peaks during the day and falls at night.

B. Simulation Results

1) HERO Versus Nonhierarchical Model: The traffic pat-
terns “random elephant” and “all-to-all data shuffle” are two
extreme cases with large elephant traffic flows only and with
small traffic flows only, respectively. In order to compare the
optimal power savings of the proposed HERO model and those
of the nonhierarchical optimization model, CPLEX [21] is used
to obtain the solutions of the CMCF problems in the evaluations
with these two traffic patterns.

Since current commodity switches are not power propor-
tional to work loads (even more than 80% of its peak power
consumption at idle state) and the elephant flows dominate
the traffic volume in DCNs, we investigate the performance
of the HERO model with elephant flows only first, the traffic

Fig. 4. Power consumptions of a 4-ary fat-tree DCN with different number of
elephant traffic flows.

demand of which for each source–destination pair will con-
sume the whole edge link capacity. Fig. 4 shows the average
power consumption of a 4-ary fat-tree network with different
numbers of traffic flows. For each number of traffic flows,
1000 simulations are performed with randomly generated traffic
flows, and the power consumption is normalized with respect
to the maximum power consumption of the whole network.
The power consumptions of the nonhierarchical power-saving
model and traffic-load proportional power consumption model
are also plotted for comparison. The nonhierarchical power-
saving model takes the whole DCN topology as an input to
the optimization problem and does not consider the hierarchical
property of the DCN topology. ElasticTree [7] is a typical
example of the nonhierarchical power optimization model.
The traffic-load proportional power consumption model is a
primary design goal for power optimization schemes, and thus,
this model provides the lower bound of power consumptions
under different traffic loads. Such an energy-proportional model
ideally consumes no power when idle, nearly no power when
very little traffic is transmitted through the network, and gradu-
ally more power as the traffic increases. As shown in Fig. 4,
smaller than 5% more of the maximum power consumption
of the whole network is consumed in HERO than that of the
nonhierarchical model. Owing to the QoS and fault tolerance
protection rules implemented in the complementary procedure,
more than about 20% of the maximum power consumption of
the whole network is needed as compared to the traffic-load
power proportional model under the worst case. The lower
bound and the upper bound power consumption under different
numbers of elephant flows are also shown in Fig. 4, which
reflects the influence of source and destination locations on the
power consumption. Since no aggregation and core switches
are required to be powered on for intraedge switch traffic flows,
the power consumption under some specific number of traffic
flows is minimized if all the flows are intraedge switch traffic.
Similarly, the power consumption is maximized if all the flows
are interpod traffic.

A data shuffle is an expensive but necessary operation for
some data center operations. Fig. 5 shows the normalized
power consumption of a 4-ary fat-tree network with all-to-
all traffic under different traffic loads. With all-to-all traffic,
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Fig. 5. Power consumptions of a 4-ary fat-tree DCN with all-to-all data shuffle
under different traffic loads.

Fig. 6. Power consumptions of different heuristic algorithms in a 16-ary fat-
tree DCN with staggered (0.2, 0.4, and 0.24) traffic.

any host will have a traffic flow to any other end host. The
traffic load generated at any host will be distributed to other
hosts uniformly. As shown in Fig. 5, the power consumptions
of HERO and the nonhierarchical model are almost the same
under different traffic loads. The power consumption at low
traffic load is much higher than that of the traffic-load power
proportional model because every edge switch is active with
all-to-all traffic.

2) Performance of Heuristic Algorithms: The staggered
traffic pattern is a mix of intraedge traffic, interedge but intrapod
traffic, interpod traffic, and outgoing traffic as discussed in
Section II-B, and it is generated to emulate typical data center
traffic patterns based on the published work [14], [22], [23].
With the staggered traffic pattern, experiments are conducted
to study the DCN power consumptions with different heuristic
algorithms. The power consumptions of four heuristic algo-
rithms under different traffic loads with staggered traffic pattern
(0.2, 0.4, and 0.24) in a 16-ary fat-tree DCN are shown in
Fig. 6. Traffic demands are generated randomly. Around 20%
of the traffic leaves the data center, and 50%, 30%, and 20%
of the remaining traffic are intraedge switch traffic, interedge
but intrapod traffic, and interpod traffic within a DCN, respec-
tively. As shown in this figure, throughput-based and power-
efficiency-based switch elimination criteria consume almost the

Fig. 7. Power consumptions over a day with a diurnal traffic variation pattern
in a 16-ary fat-tree DCN with staggered (0.2, 0.4, and 0.24) traffic.

same power. The switch power consumption method based
on the total power consumption of the core and aggregation
switches in the core-level power optimization, labeled with
“Switch Power (Core + Aggregation),” achieves the mini-
mum power consumption among these four heuristics. At low
utilization, about 37% and 53% of the original DCN power
consumption can be saved by using this heuristic algorithm
in a 16-ary fat-tree DCN, respectively, which are quite close
to the corresponding 38% and 60% optimal power savings
analyzed in [7]. Also, a linear relationship between the power
consumption and the traffic load in the range of 20%–70% of
the maximum traffic load can be observed using this heuristic
algorithm. Therefore, the power consumption achieved by this
heuristic algorithm is very close to that of the optimal solutions
of HERO and the nonhierarchical model.

3) Diurnal Traffic Variation and Switching Power Penalty:
The performance of HERO with a diurnal traffic variation over
a day is further studied. The power consumptions with the
proposed HERO model over one day in 10-min intervals with
a diurnal traffic variation pattern with staggered traffic pattern
(0.2, 0.4, and 0.24) in a 16-ary fat-tree DCN are depicted in
Fig. 7. In this evaluation, the heuristic algorithm based on the
total power consumption of the core and aggregation switches
in the core-level power optimization is used. From this figure,
we can see that the power consumptions also show a clear
diurnal pattern and follow the network utilization curve.

In previous evaluations, the power penalty when powering
on or off network elements is ignored. We investigate such total
power penalty in a 16-ary fat-tree DCN over a one-day diurnal
traffic variation with the HERO model and its extended opti-
mization model, which considers the switching power penalty
of each switch, respectively. In this evaluation, we conduct
several experiments with different settings to the switching
power penalty parameter PS in (11) and (12) in the range of
[10%, 50%] of the switch’s power consumption. The results
show that the total switching power penalty in a day with
HERO is more than five times larger than that of its extended
optimization model which takes the switching power penalty
into account. We also found that, by taking the switching
power cost into the power optimization model, the unnecessary
switching power penalty can be minimized.
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VI. CONCLUSION

With the increase of scale of DCNs, existing centralized
power management schemes to reduce the power consump-
tions of network elements in DCNs suffer from the scalability
problem. Inspired from the hierarchical architectures and traffic
patterns of data centers, we have proposed and evaluated the
HERO model to reduce the power consumption of network el-
ements without violating the connectivity and QoS constraints.
In particular, the power optimization of networking elements by
switching off the idle switches or links can be divided into the
core-level and the pod-level network element power optimiza-
tion. Given a physical DCN topology, the traffic matrix, and the
power consumption of each link and switch, the designed core-
level and pod-level power optimization problems in the pro-
posed HERO model fall in the class of CMCF problem, which is
NP-hard. We have designed several heuristic algorithms based
on different switch elimination criteria to solve the hierarchical
optimization problem for large data centers. We have evaluated
the performance of the proposed HERO model by generating
several traffic patterns, including random elephant, all-to-all
data shuffle, staggered (Pout, Pedge, and Ppod), and diurnal traf-
fic variation. The simulation results showed that the proposed
HERO model can achieve optimized power consumptions of a
DCN similar to that of the nonhierarchical model but with much
less computational efforts.
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