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Abstract—Cloud computing in data centers, as an alternative to
computing on local machines, has become increasingly popular
over the past decade. The need to reduce latency and improve
bandwidth for customers has led cloud service providers to scale
their data centers across the globe. Such geo-distributed data
centers can be physically closer to various groups of target
customers, enabling improved performance for their
applications. But geo-distributed data centers can be an
expensive proposition and require significant investment and
justification in terms of return on investment (ROI). In this
paper, we present a framework to leverage heterogeneous geodistributed data centers to reduce electricity costs for cloud
computing service providers. Our framework performs
intelligent workload management across geo-distributed data
centers to minimize the overall energy costs, while considering
heterogeneity in data center compute capability, cooling power,
workload co-location interference, time-of-use (TOU) electricity
pricing, green renewable energy, net metering, and peak
demand pricing distribution. Our experimental results indicate
that our best technique can achieve an average of 61% cost
reduction compared to the state-of-the-art.
Keywords – geo-distributed data centers; workload management;
memory interference; peak shaving; net metering

I.

INTRODUCTION

The rapid growth of cloud computing has led to an
evolution of data center deployment to support cloud
computations. While centralized data centers were quite
common in the past, more recently there has been a trend
towards deploying data centers across geographically diverse
locations [1], [2]. Distributing data centers geographically
across the globe has traditionally offered many benefits,
including better performance (lower latency) and lower cost
for customers, due to customers being in physical proximity
to the data center, and better resilience to environmental
hazards and unpredictable failures, due to the redundancy that
distributed data centers enable.
Another strong motivation to geographically distribute
data centers is to reduce operating expenditures by exploiting
time-of-use (TOU) electricity pricing [3]. Electricity prices
are not constant, but rather follow a TOU pricing model where
the cost of electricity varies based on the time of day [4].
Electricity prices are higher when total electrical grid demand
is high and fall during periods when electrical grid demand is
low [5]. Beyond the TOU electricity costs, most utility
providers also charge a flat-rate (peak demand) fee based on

the highest (peak) power consumed at any instant during a
given billing period, e.g., month [6]. Reducing electricity
costs has been a major focus of data center management, as it
can lead to higher profits for cloud service providers as well
as lower costs for customers. Minimizing costs is also
important as the annual electricity expenditure for powering
data centers has, in some cases, surpassed the costs of
purchasing the equipment itself [7]. Recent studies confirm
these trends: China’s data centers alone are on track to use
more energy than all of Australia by 2023 [8].
Relocating workloads among geo-distributed data centers
is one effective approach to reduce electricity expenditures.
Geo-distributed data centers have significant heterogeneity in
energy costs and performance, due to various factors
including: (a) different TOU pricing across sites, as they are
often located in different times zones; (b) the use of on-site
green/renewable energy sources, e.g., solar and wind, to
different extents across sites; (c) the availability (or absence
of) of net metering, which is a billing mechanism that gives
renewable energy customers credit on their utility bills for the
excess clean energy they sell back to the grid [9]; (d) different
peak demand pricing from utility providers across sites; and
(e) the availability of diverse resources within a data center,
such as dynamic voltage and frequency scaling (DVFS),
cooling infrastructure, and heterogeneity across compute
nodes (e.g., different power and performance characteristics).
In this paper, we advocate for designing heterogeneityaware geographical load distribution (HGLD) techniques to
reduce overall electricity costs for cloud data centers. We
propose a geo-distributed workload management framework
that uses detailed models for data center computation and
cooling power, workload co-location interference, TOU
electricity pricing, renewable energy, net metering, and peak
demand pricing distribution to enable significant reduction in
overall energy costs for cloud computing. We present several
strategies for heterogeneous geo-distributed data center
management that attempt to concentrate the workload in
regions with the lowest TOU electricity and peak demand
pricing available at any given time, as well as to optimally
utilize the heterogeneity available within the data center. The
strategies described in this paper are a synthesis of our
extensive prior work in the area of enabling heterogeneity in
high performance computing, and were originally published
in [10]-[13]. Our approach is most impactful for environments
where historical execution information about the workload is
readily available or can be predicted (e.g., using machine
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learning techniques). Examples of such environments exist in
industry, e.g., DigitalGlobe, Google; military computing
installations, e.g., Department of Defense; and government
labs, e.g., National Center for Atmospheric Research.
II.

SYSTEM MODEL

A. Overview
We propose a framework for a heterogeneous geodistributed resource manager (HGDRM) that consists of a
high-level manager to distribute incoming workload requests
and migrate already-allocated requests to geographically
distributed data centers. The goal of the HGDRM is to
minimize the total energy cost of the system while servicing
all requests. Each data center has its own local workload
management system that takes the workload assigned to it by
the HGDRM and maps requests to compute cores within the
data center. We first describe the system model at the geodistributed level and then provide details into the models of
components at the data center level.
B. Geo-Distributed Level Model
We consider a rate-based workload management scheme,
where workload arrival rate can be predicted over the decision
interval called epoch [16]. In our work, an epoch length is one
hour, and a 24-epoch period represents a full day. Over the
course of an epoch, the workload arrival rates can be
reasonably approximated as constant, e.g., the Argonne
National Lab Intrepid log shows mostly-constant arrival rates
over large intervals of time [17].
We assume that the beginning of each epoch represents a
steady-state scheduling problem where we assign execution
rates, i.e., reciprocal of the execution time, of a set of I
workload task-types to D data centers. A task-type i ę I is
characterized by its arrival rate, and the estimated time
required to complete a task of that task-type on each of the
heterogeneous compute nodes in each P-state. The assignment
problem at the geo-distributed level is to assign execution
rates for each task-type i to each data center d ę D such that
total energy cost across all data centers is minimized, with the
constraint that the execution rates of all task-types meet their
arrival rates, i.e., all tasks complete without being dropped or
unexecuted.
C. Data Center Level Model
Each data center d houses a number of compute nodes that
are arranged in a hot aisle/cold aisle manner (Figure 1), and a
cooling system comprised of a number of computer room air
conditioning (CRAC) units. Heterogeneity exists among
compute nodes, where nodes vary in their execution speeds,
power consumption characteristics, and number of cores.
Cores within a compute node are homogeneous, and each core
is DVFS-enabled to allow independent configuration of its Pstates.
Recall that our HGDRM determines the distribution of
tasks of each task-type among all data centers. In an epoch ,
at each data center d, we assign a desired fraction of time
DFi,k(,that each core k will spend executing tasks of type i
and the P-state PSi,k(,each core is configured to when

executing tasks of type i. We assume tasks will run serially
until completion. That is, a core sharing its time among
multiple tasks implies that a scheduler will assign different
tasks to execute on the core in such a manner that, over a long
period of time (i.e., steady-state), the amount of time a core k
spends executing a task of type i would equal its assigned
DFi,k(,value. At the data center level, we assign
DFi,k(,and PSi,k(,such that power dissipation is
minimized, and the sum of the execution rates of all task-types
on cores in all data centers equal the arrival rate, ensuring that
the arriving workload is fully executed.
The power consumption of a compute node consists of the
static overhead power consumption (equal to the amount of
power consumed when the system is idle) and the additional
dynamic power consumed when cores are executing tasks.
The heat generated by compute nodes is removed by the
CRAC units. The airflow within the data center causes heat
generated from nodes to propagate to other nearby nodes,
thereby increasing the inflow temperature of those nodes.
Using the notion of thermal influence indices [19] that were
derived using computational fluid dynamics (CFD)
simulations, we can calculate the steady-state temperatures at
compute nodes and CRAC units in each data center. Because
we assume the same physical layout for each of the data
centers (Figure 1), we use thermal influence indices derived
for one data center layout based on an average workload that
would be executed by the data center. The outlet temperature
of each compute node is a function of the inlet temperature,
the power consumed, and the air flow rate of the node. The
inlet temperature of each compute node is a function of the
outlet temperatures of each CRAC unit and the outlet
temperatures of all compute nodes of the same data center
[18]. For all nodes, the inlet temperature of each node is
constrained to be less than or equal to the red-line temperature
(maximum allowable node temperature).

Figure 1: Data center in hot aisle/cold aisle configuration [18]

At each data center, the number of nodes of each nodetype that are in use frequently changes among epochs. Inactive
nodes are placed in a sleep state but entering and exiting this
sleep state takes some time due to the actions required in both
hardware and software to transition the system between states.
Each node that is active is considered to be active for the entire
epoch, which requires that any node transitioning to/from a
sleep state does so during the epoch following/before the
current epoch, respectively.
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Each data center is equipped with and partially powered
by a renewable energy source. Every location can have either
solar power, wind power, or some combination of both. We
use our power models with historical data [20] to predict the
renewable power available at each data center. Net metering
allows data center operators to sell back the excess renewable
power generated on-site to the utility company. When the
excess power is added into the grid, utility companies pay a
fraction of the retail price. This fraction is called the net
metering factor, . Most utility providers also charge a flatrate (peak demand) fee based on the highest (peak) power
consumed at any instant during a given billing period, e.g.,
month. We consider this peak demand price per kW at each
data center d and attempt to minimize peak power
consumption (henceforth referred to as peak shaving) when
making allocation decisions.
Tasks competing for shared memory in multicore
processors inside data center servers can cause severe
performance degradation, especially when competing tasks
are memory-intensive [21]. The memory intensity of a task
refers to the ratio of last-level cache misses to the total number
of instructions executed. We adapt a linear regression model
from [22] and train it with various benchmarks on a set of
server class multicore processors that define the nodes used in
our study (see Table 1 in Section V for a description of these
processors). This model for execution time prediction under
co-location interference is derived from real workloads and
machines with a small mean percent error of approximately
7%. The linear regression model uses a set of model features,
i.e., inputs, based on the current tasks assigned to a multicore
processor to predict the execution time of a target task i on
core k in the presence of performance degradation due to
interference from task co-location. These features are the
number of applications co-located on that multicore
processor, the base execution time, the clock frequency, the
average memory intensity of all applications on that multicore
processor, and memory intensity of application i on core k.
III.

PROBLEM FORMULATION

We consider a scenario with multiple data centers sharing
a single workload. The system is assumed to be
undersubscribed in the sense that the system is expected to
have enough computation resources to complete the workload
without requiring that any tasks be dropped. Though the
system is undersubscribed, individual data centers may be
executing at full capacity. The tasks originate off-site from the
data centers, and we make the simplifying assumptions that
the transmission time and (network transfer) cost from a task
origin to a data center is equivalent for all data centers. The
objective of an HGDRM is to minimize monetary electricity
cost of the geo-distributed system while ensuring that the
workload is completed according to the arrival constraints
discussed earlier. The problem is especially challenging when
considering the variable amount of renewable power available
at each data center, the heterogeneity of compute nodes within
a data center, and the additional constraint that the entire
workload must complete without dropping any tasks. Having
information about TOU electricity pricing, peak demand
pricing, a prediction of the amount of renewable power, net

metering policy at each data center, the incoming workload,
and the execution speeds of task-types on the heterogeneous
compute nodes allows our HGDRM to make intelligent
decisions for allocating the workload, as briefly discussed
next in Section IV.
IV.

HEURISTIC DESCRIPTIONS

The HGDRM allocates the incoming workload not only to
individual data centers, but also to specific nodes within each
data center. The HGLD problem is NP-hard [24], and
therefore we propose three resource management heuristics
for HGDRM, with each having different levels of detail of the
system model available to it.
Force-directed load distribution (FDLD) is a variation of
force-directed scheduling [23], a technique often used for
optimizing semiconductor logic synthesis. FDLD is an
iterative heuristic that selectively performs operations to
minimize system forces until all constraints are met. We adapt
the FDLD approach proposed in [24] to the rate-based
allocation environment we have outlined in Section II, and
enhance it to propose two new FDLD based heuristics to solve
our problem. Our baseline FDLD heuristic is the one proposed
in [24], which we enhance with simple over-provisioning
(FDLD-SO) to compensate for performance degradation due
to co-location. This allows the FDLD heuristic to meet the
execution rate constraint at a given data center. This heuristic
over-provisions all task-types equally by scaling estimated
task execution rates by a factor . Our first new heuristic
improves upon FDLD-SO by using task aware overprovisioning (FDLD-TAO) to estimate co-location effects for
each task-type by a factor specific to each task-type i, i. For
both FDLD-SO and FDLD-TAO, the degree of overprovisioning ( and i, respectively) is determined empirically
through simulation studies to provide values that give the
system the best possible performance. Lastly, our second new
heuristic (FDLD-CL) uses co-location models to account for
co-location effects when calculating task execution rates.
We also designed a third heuristic: a genetic algorithm for
load distribution with co-location awareness (GALD-CL).
The Genitor style [25] GALD-CL heuristic has two parts: a
genetic algorithm based HGDRM, and a local data center
level greedy heuristic that is used to calculate the fitness value
of the genetic algorithm. The initial population is generated by
randomly partitioning the global task arrival rate for each tasktype i in an epoch across all data centers. More details of all
three heuristics can be found in [10].
V.

EXPERIMENTS

A. Experimental Setup
Experiments were conducted for three geo-distributed data
center configurations containing four, eight, and sixteen data
centers. Locations of the data centers in the three
configurations were selected from major cities around the
continental United States to provide a variety of wind and
solar conditions among sites at different times of the day (see
Figure 2). Experiments for the configuration with four data
centers used locations one through four from Figure 2, while
experiments using configuration with eight and sixteen data

978-1-7281-5416-9/19/$31.00 ©2019 IEEE

centers used locations one through eight and one through
sixteen, respectively. The sites of each configuration were
selected so that each configuration would have an even east
coast to west coast distribution to better exploit TOU pricing,
peak demand pricing, net metering, and renewable power.

Radiation Database [20]. An example of the renewable power
available at different locations is given in Figure 3. In net
metering, data centers send excess power back to the grid and
utility companies pay back the customer a fraction of retail
price. In most cases, the net metering factor is 1; in very few
cases, it is less than 1; and in some cases, it is 0, i.e., net
metering is not available at that location [30]. Each task-type
used in our experiment is representative of a different
benchmark from the PARSEC [14] and NAS parallel [15]
benchmark suites. Task execution times and co-located
performance data for the task of the different memory
intensity classes were obtained from running the benchmark
applications on the nodes listed in Table 1 [22].
TABLE 2: Peak Demand Prices Used in Experiments

Figure. 2: Location of data centers overlaid on solar irradiance intensity map
(average annual normal irradiance); wind data collected but not shown [20]
TABLE 1: Node Processor Types Used in Experiments

Each data center consists of 4,320 nodes arranged in four
aisles, and is heterogeneous within itself, having nodes from
either two or three of the node-types given in Table 1, with
most locations having three node-types and per-node core
counts that range from 4-12 cores. For CRAC units, the redline temperature was set to 30°C, which is on the high end of
ASHRAE’s temperature guidelines [26]. Nodes placed in a
sleep state by a heuristic are considered to be in the Advanced
Configuration and Power Interface (ACPI) node sleep state
S3, where RAM remains powered on. Sleep state S3, also
commonly referred to as suspend or standby, allows greatly
reduced power consumption while still possessing a small
latency to return to an active operating state. Sleep power for
all nodes is calculated as a fixed percentage of static power for
each node-type, assumed to be 16% based on a study of node
power states [27]. The Coefficient of Performance (CoP) of
the CRAC unit was determined empirically by simulating
workloads with different memory intensity classes at each
data center location, and its value ranges between 1.43 and
2.08 for different configurations. The time of each epoch  was
set to be one hour. The time required to transition a node to or
from a sleep state was conservatively assumed to be five
minutes. The electricity prices used during experiments, were
taken directly from Pacific Gas and Electric (PG&E) Schedule
E-19, which is for commercial locations consuming between
500kW and 1MW [28]. The peak demand prices per kW are
given in Table 2.
We assume that each data center has peak renewable
power generating capacity equivalent to its maximum power
consumption [29]. Renewable power at each location was
either wind power, solar power, or a combination of the two.
Solar and wind data was obtained from the National Solar

Figure 3: Renewable power available at eight locations

B. Results
We analyzed the total system energy cost for the four
heuristics discussed in Section IV (FDLD-SO [24], FDLDTAO, FDLD-CL, and GALD-CL). For each heuristic, we
evaluate four variants: (1) without peak shaving and net
metering, (2) with net metering only, (3) with peak shaving
only, and (4) with both peak shaving and net metering.
Simulations were performed with hybrid (mix of memory and
compute intensive) workloads for four, eight, and sixteen data
center configurations. For each configuration, the average
performance improvement of each heuristic over the FDLDSO heuristic with no peak shaving and no net metering is
shown in Table 3. The GALD-CL heuristic was limited to a
run time of approximately one hour. FDLD heuristics for four,
eight, and sixteen locations completed on average in two, six,
and eighteen minutes per epoch simulated, respectively. These
experiments confirm that all FDLD heuristics can perform
well for smaller and larger problem sizes but the GALD-CL
heuristic consistently performs the best for all problem sizes.
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TABLE 3: Energy Cost Reduction Comparison

shaving and net metering. Net metering causes the plots to go
into the negative region in certain epochs, which represents
the case when the system earns money by selling excess
renewable power back to the utility companies. The operating
cost for each heuristic is very high during the first few epochs
because the period for which the results are shown represents
the first day of the month where the initial peak demand cost
is added. After a few epochs, the performance of FDLD-CL
came close to that of GALD-CL but was not able to surpass
its performance.
15,000

FDLD-SO

FDLD-TAO

FDLD-CL

GALD-CL

Table 3 shows similar energy cost reduction results for all
FDLD variants in the cases of the data center configurations
containing four, eight, and sixteen data centers running hybrid
workloads. But for GALD-CL, we notice that the energy cost
reduction decreases with the increasing number of data
centers. Here, as the number of data centers in the group grows
larger, the problem size increases and the number of GALDCL generations that can take place within the time limit (one
hour by default) decreases, which decreases the performance
of GALD-CL.

system energy cost ($)

10,000
5,000
2500
150
50
-5012 AM

4 AM

8 AM

12 PM
UTC time

4 PM

8 PM

12 AM

-150

(a) four data centers
40,000

TABLE 4: Impact of GALD-CL Run Time

FDLD-SO

FDLD-TAO

FDLD-CL

GALD-CL

system energy cost ($)

20,000

5000
300
100
-10012 AM

8 AM

12 PM
UTC time

4 PM

8 PM

12 AM

-300

(b) eight data centers
40,000

FDLD-SO

FDLD-TAO

FDLD-CL

GALD-CL

20,000
system energy cost ($)

To better understand how the GALD-CL solution quality is
impacted by the heuristic’s run time, we increase the GALDCL run time in proportion to the increase in number of data
centers. We execute GALD-CL for about one hour for four
data centers, about two hours for eight data centers, and about
four hours for sixteen data centers. The results from Table 4
show that GALD-CL is capable of performing well for larger
problem size, when given more time. For comparison, Table
4 also includes results for GALD-CL executed for about one
hour for a group of four, eight, and sixteen data centers. It
should be noted that even when allowing the GALD-CL to
execute for one hour, it still provides the system a significant
energy cost reduction in comparison to all the FDLD
heuristics as shown in Table 3.
For most of our experiments, we analyzed the total system
cost for each heuristic over one day. Figure 4 shows a more
detailed view of the system operating cost at one-hour
intervals over the course of a day for four, eight, and sixteen
data centers executing a hybrid workload. The four resource
management heuristics in this study consider both peak

4 AM

1,2000
700
200
12 AM
-300

4 AM

8 AM

12 PM
UTC time

4 PM

8 PM

12 AM

-800

(c) sixteen data centers
Figure 4: System energy costs for each heuristic over a day for net metering
factor sensitivity analysis, for a configuration with (a) four, (b) eight, and (c)
sixteen data center locations running the hybrid workloads
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VI.

CONCLUSIONS

In this paper, we studied the problem of minimizing the
energy costs for cloud computing by leveraging
geographically distributed heterogeneous data centers.
Renewable (green) energy, peak demand, and workload colocation interference at data centers have a significant impact
on energy consumption. We capture these effects by including
net metering, peak shaving, data center cooling, and task colocation models in our workload distribution techniques. We
analyzed several techniques that possess varying degrees of
co-location interference prediction information. We
demonstrated that including these models and effects in the
decision-making process of the resource management
heuristics resulted in a lower overall energy cost. This is
achieved by reducing or eliminating node over-provisioning
while still meeting all required workload execution rate
constraints. Our proposed FDLD-CL and GALD-CL
heuristics resulted in 37% and 61% lower operational costs on
average, respectively, than an approach from prior work
(FDLD-SO [24]). However, to implement our approach in a
real system, it must be used with some form of a workload
prediction technique, e.g., [31].
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