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Worldwide ICT Architecture

Data Centers
Optimized for Energy

Efficiency

FOG & Edge: 
Fast Service at 

the Edge
Millions

Gigabit Ethernet, 
Servers for IoT, Smart 
Homes, Smart Vehicles, 
Traffic Control, Smart 
Grid, Entertainment, 
Games, etc.

Tens of 
Millions of 
Packet
Routers, 
Switches, 
SDN 
Controlers
Interfaces, 
Fibre And 
Gigabit 
Ethernet

Billions of Connected
Objects

~ BilLions
of WIFI 
RTRS, 
« Boxes »  
EnTerprise
Servers, 
Printers. 



Worldwide ICT Electricity
Consumption
8 TO 9% OF TOTAL 

Figures From 2019     ~8.5%     

WORLDWIDE ELECTRICITY ~23500 TWH

DATA CENTRES ~  200 TWH      
NETWORKS: INTERNET & RAN ~  250 TWH
END USERS ~  550 TWH
MANUFACTURING OF ICT ~1000 TWH
ICT Electricity Consumption ~ 2000 TWH



Worldwide ICT Electricity
Consumption
8 TO 9% OF TOTAL 

Figures From 2019     ~8.5 %     

WORLDWIDE ELECTRICITY/Yr ~23,500 TWH
ICT Electricity Consumption ~ 2000/Yr TWH

Decommissioning ???
Extraction of Materials, Rare Earths Etc ???

ICT Electricity Over a 4 Yr EQPT Life-Time:
20% for Manufacturing & 80% For Usage



Worldwide ICT Electricity Trends 2007 to 2019
2019:  ~8.5 % Of Total Energy WORLDWIDE ELECTRICITY/Yr ~23,500 TWH  ICT Consumption ~ 2000 TWH

Electricity ~38% Of Total Energy Related Emission

ICT Production & Usage  ~ 3.23 %   Energy Related Emissions  
Decommissioning ???   Extraction of Materials, Rare Earths Etc ???



Worldwide ICT Electricity Trends 2007 to 2019
2019:  ~8.5 % Of Total Energy WORLDWIDE ELECTRICITY/Yr ~23,500 TWH  ICT Consumption ~ 2000 TWH

2010: Worldwide Electricity Consumption 18.443 TWH  ICT Consumption ~ 800 TWH (4%) 

2010 -> 2019 

ICT Electricity Usage  Increased 25%

Change in Electricity For ICT Manufacturing Over The Same Period? 



Worldwide ICT Electricity Predictions 2012
2019:  ~8.5 % Of Total Energy WORLDWIDE ELECTRICITY/Yr ~23,500 TWH  ICT Consumption ~ 2000 TWH

2010: Worldwide Electricity Consumption 18.443 TWH  ICT Consumption ~ 800 TWH (4%) 

2010 -> 2019 ICT Electricity Usage  Increased 25%
Change in Ict Electricity For Manufacturing Over The Same Period? 

Wrong: 
Growth 4% 
2020 ICT Carbon 
è
1.43 BTONNES CO2 

2007 ICT = 
0.83 BTONNES CO2  
~ Aviation = 2%

Wrong: 

2019 : ACTUAL 
AVG Growth by 
2.7 % Per Year

2019:
~ 1 BTONNES CO2

2007 ICT = 
0.83 BTONNES CO2  
~Aviation = 2%



Impact Of 5G: GSMA Report
GSMA is a global member-led organisation representing the mobile industry. Its members work towards common goals, around priority industry 

topics such as 5G, IoT, Roaming, AI, Security and SIM Technology.
ON OPEX of 22%, Electricity is roughly 25%

Optimized 5G May Consume Roughly 100% More Electricity than 4G
https://www.gsma.com/futurenetworks/wiki/energy-efficiency-2/

« Huawei estimates that energy consumption will fall initially until around 2021 (MDPI report). However as 
5G data traffic (and network deployments) increase, so does energy usage .. at a rate of 5% p.a. from 2022 
until 2025 ... contingent on a breakthrough in efficient 5G technologies, a delay of which could see global 

energy usage increasing by an additional incremental 30% »



How Can We Moderate The 
Electricity Consumption of Ict?

• Measure The Consumption à Massive Data+ Massive Data Transfers and 
Computation + More Data Centers

• Optimum Replacement Policies for Equipment à What Happens to OlD
Equipment?

• Dynamic Management of QoS + Energy à Complexity + Risks of Failures

• Dynamic Sleep à Reduced Performance (Delay, Loss of Data) and Energy
To « go to sleep » and « Wake Up »  + « Denial Of Sleep Attacks » 



Zero Traffic is Rare: Hard to Go To Sleep ..
A. Gallal et al. (2016),  "Power Consumption of Packet Processing Engines and Interfaces of Edge Router: 

Measurements and Modeling," The Twelfth International Conference on Networking and Services (ICNS) 2016.



Sleep Mode is Expensive!! Many « PACKETS » are Lost
!! 

parameter a in (6), the routing probabilities to the other
two systems will increase as would be expected.
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(c) a=10

Figure 5. Optimum load-sharing probabilities that
minimize the Energy-QoS cost function for differ-
ent values of a and b.

4. Systems that are Turned On and Off

In all the previous analyses we assume that the
systems are kept on all the time, and that power
consumption varies with load. Based on these assump-
tions, and using a composite cost model that combines
energy consumed per job, and average response time
to a job we have tried to compute the load value (or
operating point) that minimises this cost function.

In this section we assume that the system is turned
on and off independently of its workload; when it is off
we assume that it does not consume energy, but the on-
off switching itself consumes an amount of energy � in
Joules, and it will also degrade the QoS. Furthermore,
when the system is “asleep”, it still consumes some

power at D watts. Let F be the probability that this
system is turned ON and let f be the rate at which
it is being turned off and then on again. Using results
such as [1] we obtain new cost function per job:

CI
job =

aE[S]

F � ⇥E[S]
+b

F (A�D) + �f +D

⇥
+bB

E[S]

F
.

(8)
As a consequence, the optimum system load factor ⇤⇤I
becomes:

⇤⇤I =

�
b[F (A�D)+�f+D)

a

1 +
�

b[F (A�D)+�f+D)
a

(9)

To experimentally evaluate the performance of this
scheme, we use system hibernation, rather than hard
ON-OFF system switching, because the system state
which is in RAM during normal operation must be
stored to hard disk during hibernation so that in-
terrupted jobs may resume execution after a system
resumption. Although the sleep mode is preferable
to hibernation because putting the system to sleep
would be faster, the sleep mode was not available
in the system that we use for experiments, as is the
case with many server-class systems. The measured
power consumption of the server over time while being
put into hibernation and during system resumption
is shown in Figure 4. The measured time needed to
hibernate the system was 19.719sec, while system
resumption took 47.375sec. These measurements allow
us to estimate the value of � as being 5.268 KJoules.
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Figure 6. System power consumption during (a)
system resumption and (b) hibernation.



When You Go To Sleep You Lose Packets!! 

E. Gelenbe and S. Silvestri, ``Optimisation  of  Power Consumption in Wired Packet 
Networks,''  Proc. QShine'09, 22 (12), 717-728, LNICST,  Springer Verlag.



Measure & Optimize The Edge: Distributed SDN Network  
[SDN Switch = Intel NUC,  Server = Intel NUC]

P. Fröhlich, E. Gelenbe, J. Fiołka, J. Checinski, M. Nowak, Z. Filus, « Smart SDN Management of Fog Services to Optimize QoS and 
Energy » Sensors 21: 3105, 2021. https://doi.org/10.3390/s21093105

Les Clients Sont  
Les Mobiles, LES APP, 

Les Objets (IoT), 
LES Véhicules,

ETC.

https://www.mdpi.com/1424-8220/21/9/3105


Measuring Energy Consumption
is Non-Trivial



The NUC’s Energy Consumption
Characteristics



Random Behaviour Of The System As a 
Function of Load



Adaptation with Reinforcement Learning 
Reduces Power Consumption by 15% At A 
Cost of 2% in the Average Response Time



Conventional Problem: Optimum Power to 
Minimse Energy Consumed per Successfully 
Received Data Packet
• Cooperating (Wireless) Transmitters
• Choose the Individual transmission power to Minimize 

the Energy Consumed per Correctly Received Packet 



Power Level, Interference and Errors

• Identical Wireless Transmitters
• Transmit D packets at rate v: Transmission Time D/v
• Power Consumption P(v) à Energy per Packet P(v)/v
PElectronics + PTransm+ P Packet Queue



Energy Efficiency vs Power

• Error Probability 

• Effective Transmission Time

• Efficiency: Number of Effectively
Transmitted Packets per Energy Unit
(NOT Power Unit)

PElectronics+PTransm+ P Packet Queue

€ 

~  1- f ( rPT
B(noise) + Interference)

)

€ 

Teff =
D

v. f (γ)
,   γ =

rPT
B + I

€ 

D
−

(PT ) =
D

(PE + PT ).Teff
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f ( rPT
B + I

)

(PE + PT )



Identical Users with 
n-bit packets

• Error Probability

• Energy Efficiency – Number of Packets 
Correctly transmitted per Unit of Energy           

When I = a PT  , the optimum PT   that Maximizes Energy Efficiency 
will satisfy 

€ 

~  1- f (x),   f (x) = [1−Q( x )]n ,    x = rPT
B +αPT
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Servers: Simple Composite Cost CJob for Delay and Energy

• Composite Cost Function: 
a.[Average Response Time per Job]
+ b.[Average Energy Consumption per Job] 

2. COMBINING ENERGY & QOS
The simple formulae given above do not take into account

the fact that the power consumption will depend on the load
[?], and that putting a server to sleep and waking it up will
take time and consume additional energy. Without taking
into account the power needs of complex cooling equipment
that is needed for large systems, a simple but fairly realis-
tic power consumption relation for current processing units,
that has been experimentally validated, has the form [?]:

� = A+B⇤ (3)

where A is the power consumption of the processing unit
when it is idle. A very e⇤cient processor might have a very
small value of A, and B would correspond to the rate of in-
crease in power consumption as more more cores are turned
on as the load increases. Unfortunately, for much of the
current equipment A is still a significant part (often more
than 50%) of the total processor power consumption when
it is idle. This includes the fact that the memory system
and the peripheral equipment and network connections need
to be powered even when no jobs are being processed, and
that the operating system can remain active (and hence con-
tributes to the energy consumption) even when there are no
external jobs that need to be processed. From ⇥ we obtain
an expression for the energy consumption per job:

Jjob =
A
�

+BE[S] (4)

which would justify the principle of concentrating computa-
tion on a small number of processing units in order to min-
imise the power consumption per job. However if one also
wishes to consider the resulting quality of service (QoS) then
it would be reasonable to examine the simple cost function:

Cjob =
aE[S]

1� �E[S]
+ bJjob (5)

=
aE[S]

1� �E[S]
+

bA
�

+ bBE[S]

where a and b are the relative importance that is being
placed on the QoS for a job, and the energy consumption
per job, and the QoS is represented in (6) by the average re-
sponse time formula for a job, assuming Poisson arrivals and
exponential service times for jobs in a single server queue.

2.1 Experimental Validation
To validate the energy-QoS metric and optimum load model,

we conducted a series of experiments using jobs executing
on a server class system having a quad-core Intel Xeon 3430
(8M cache, 2.4 GHz), 2 GB RAM, single 150 GB SATA hard
drive, and 2 on-board Gigabit Ethernet interfaces. The sys-
tem runs Linux (Ubuntu) with CPU throttling enabled with
the ondemand governor, which dynamically adjust the cores’
frequency depending on load. A client machine is attached
to the server through a fast Ethernet switch to generate the
workload, and the client machine also measures the system’s
power consumption [].

We measured power consumption when it is idle, i.e. when
it has no external jobs to execute, to be A = 69.5 Watts,
which corresponds to the value of A in equation (4).

We then launched a sequence of synthetic jobs, where
each job consisted in calculating the real number ⇥, using
Machin’s formula, to a desired level of precision. This level

of precision was used to provide a wide range in the execu-
tion time and workload from one job to the next by chosing
the precision at random with a uniform distribution in the
range of 10 to 50 thousand digits. The job also included
sending the results back to the client through the network
connection. By recording the start and completion times of
each job at the server, we measured the average job pro-
cessing time to be 6.4235 sec, exclusive on any waiting or
queueing times at the server.

We then varied the number of jobs arriving to the server,
i.e. the rate �. The resulting measured average response
time for a job is shown in Figure 1 as a function of load
(⇤), together with the theoretical average response time R
for a job, predicted using a Poisson arrival process and an
exponentially distributed service time:

R =
E[S]

1� �E[S]
(6)
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Figure 1: Comparison of measured response time
as a function of arrival rate of jobs to the server,
against the theoretical results obtained using (6).

Then we measured the average energy consumed by a sin-
gle job from observations obtained from serving a large num-
ber of jobs (1000), the average power consumption and the
total running time of the experiment. The value of B was
measured to be 13.24 Watts per job on average. The mea-
sured value of Jjob and the calculated results from (4) we
the experimentally estimated values of A and B are shown
in Figure 2.

3. OPTIMISING ENERGY AND QOS
A simple analysis allows us to compute the value of the

arrival rate � that minimises the composite cost function
Cjob. It is given by:

�� =
1

E[S]

�
bA
a

1 +
�

bA
a

(7)

We therefore see that the optimum setting of the load ⇤� =
��E[S] will depend just on A, the idle power consumption,
and on the ratio b/a which is the relative importance that



Optimisation of the Load
Optimum Load that Minimises the Composite Cost
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Figure 2: Measured energy consumption per job (in
KJoules) as a function of load ⇤ compared to the
value predicted by the expression (4) using the ex-
perimentally obtained values B = 13.24 and A = 69.5
Watts.

we put on energy consumption with respect to the average
response time of jobs, as given by the formula:

⇤� =

⇥
bA
a

1 +
⇥

bA
a

(8)

The expression (8) gives us a simple rule of thumb for se-
lecting system load for optimum operation, depending on
how we weigh the relative importance of energy consump-
tion with respect to average response time or how fast we
are getting the jobs done.
We can also see that ⇤� is an increasing function of the

ratio bA/a. In particular id we call x = bA/a we have:

⌃⇤�

⌃x
=

1

2
⇥
x[1 +

⇥
x]2

(9)

This gives us the specific way in which the optimum load
on the system should increase as the system’s idle power
consumption, and/or the relative importance that we place
on energy, increase.
The optimum value of the load factor ⇤� is shown for

di�erent values of a when b is normalised at b = 1 is shown
in Figure 3. Figure 4 shows the resulting values of C�

job.
These observations are illustrated in Figure 5 and Figure

fig4.
In Figure 5 b = 1.4725e � 04, which is the inverse of the

maximum energy measured during the experiments. Four
cases are illustrated. In the first case, a = 0.01b, giving
greater importance to the response time than to energy con-
sumption. In the second case, equal significance is given to
energy and response time, so a = b. The last two cases
show the metric’s trend when the emphasis is put on energy
consumption with larger values of b.

4. LOAD SHARING IN N SUB-SYSTEMS
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Figure 3: The value of ⇤ that minimises the cost
function per job, given as a function of the relative
importance of the average response time in the cost
function, when we set b = 1.
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job obtained by setting the load to its optimum
value ⇤� for di�erent values of the relative impor-
tance of the average response time a, when we set
b = 1.

In many cases, a data centre is composed of N heteroge-
nous sub-systems, and our analysis can provide guidelines
about how to share load among them, where each one has
an energy profile described by the parameters Ai and Bi and
with di�erent processing capacity so that the execution of a
job on system i will take on average time E[Si] = �iE[S1].

With a flow of ⇥ jobs per unit time as whole and we assign
a fraction pi of the flow to the i� th sub-system, and denote
⇥i = pi⇥ with:

1 =
N�

i=1

pi (10)
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Figure 2: Measured energy consumption per job (in
KJoules) as a function of load ⇤ compared to the
value predicted by the expression (4) using the ex-
perimentally obtained values B = 13.24 and A = 69.5
Watts.
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lecting system load for optimum operation, depending on
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This gives us the specific way in which the optimum load
on the system should increase as the system’s idle power
consumption, and/or the relative importance that we place
on energy, increase.
The optimum value of the load factor ⇤� is shown for

di�erent values of a when b is normalised at b = 1 is shown
in Figure 3. Figure 4 shows the resulting values of C�

job.
These observations are illustrated in Figure 5 and Figure

fig4.
In Figure 5 b = 1.4725e � 04, which is the inverse of the

maximum energy measured during the experiments. Four
cases are illustrated. In the first case, a = 0.01b, giving
greater importance to the response time than to energy con-
sumption. In the second case, equal significance is given to
energy and response time, so a = b. The last two cases
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In many cases, a data centre is composed of N heteroge-
nous sub-systems, and our analysis can provide guidelines
about how to share load among them, where each one has
an energy profile described by the parameters Ai and Bi and
with di�erent processing capacity so that the execution of a
job on system i will take on average time E[Si] = �iE[S1].

With a flow of ⇥ jobs per unit time as whole and we assign
a fraction pi of the flow to the i� th sub-system, and denote
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KJoules) as a function of load ⇤ compared to the
value predicted by the expression (4) using the ex-
perimentally obtained values B = 13.24 and A = 69.5
Watts.
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The expression (8) gives us a simple rule of thumb for se-
lecting system load for optimum operation, depending on
how we weigh the relative importance of energy consump-
tion with respect to average response time or how fast we
are getting the jobs done.
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This gives us the specific way in which the optimum load
on the system should increase as the system’s idle power
consumption, and/or the relative importance that we place
on energy, increase.

The optimum value of the load factor ⇤� is shown for
di�erent values of a when b is normalised at b = 1 is shown
in Figure 3. Figure 4 shows the resulting values of C�

job.
These observations are illustrated in Figure 5 and Figure
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In Figure 5 b = 1.4725e � 04, which is the inverse of the

maximum energy measured during the experiments. Four
cases are illustrated. In the first case, a = 0.01b, giving
greater importance to the response time than to energy con-
sumption. In the second case, equal significance is given to
energy and response time, so a = b. The last two cases
show the metric’s trend when the emphasis is put on energy
consumption with larger values of b.
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In many cases, a data centre is composed of N heteroge-
nous sub-systems, and our analysis can provide guidelines
about how to share load among them, where each one has
an energy profile described by the parameters Ai and Bi and
with di�erent processing capacity so that the execution of a
job on system i will take on average time E[Si] = �iE[S1].
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Measurements

2. COMBINING ENERGY & QOS
The simple formulae given above do not take into account

the fact that the power consumption will depend on the load
[?], and that putting a server to sleep and waking it up will
take time and consume additional energy. Without taking
into account the power needs of complex cooling equipment
that is needed for large systems, a simple but fairly realis-
tic power consumption relation for current processing units,
that has been experimentally validated, has the form [?]:

� = A+B⇤ (3)

where A is the power consumption of the processing unit
when it is idle. A very e⇤cient processor might have a very
small value of A, and B would correspond to the rate of in-
crease in power consumption as more more cores are turned
on as the load increases. Unfortunately, for much of the
current equipment A is still a significant part (often more
than 50%) of the total processor power consumption when
it is idle. This includes the fact that the memory system
and the peripheral equipment and network connections need
to be powered even when no jobs are being processed, and
that the operating system can remain active (and hence con-
tributes to the energy consumption) even when there are no
external jobs that need to be processed. From ⇥ we obtain
an expression for the energy consumption per job:

Jjob =
A
�

+BE[S] (4)

which would justify the principle of concentrating computa-
tion on a small number of processing units in order to min-
imise the power consumption per job. However if one also
wishes to consider the resulting quality of service (QoS) then
it would be reasonable to examine the simple cost function:
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where a and b are the relative importance that is being
placed on the QoS for a job, and the energy consumption
per job, and the QoS is represented in (6) by the average re-
sponse time formula for a job, assuming Poisson arrivals and
exponential service times for jobs in a single server queue.

2.1 Experimental Validation
To validate the energy-QoS metric and optimum load model,

we conducted a series of experiments using jobs executing
on a server class system having a quad-core Intel Xeon 3430
(8M cache, 2.4 GHz), 2 GB RAM, single 150 GB SATA hard
drive, and 2 on-board Gigabit Ethernet interfaces. The sys-
tem runs Linux (Ubuntu) with CPU throttling enabled with
the ondemand governor, which dynamically adjust the cores’
frequency depending on load. A client machine is attached
to the server through a fast Ethernet switch to generate the
workload, and the client machine also measures the system’s
power consumption [].

We measured power consumption when it is idle, i.e. when
it has no external jobs to execute, to be A = 69.5 Watts,
which corresponds to the value of A in equation (4).

We then launched a sequence of synthetic jobs, where
each job consisted in calculating the real number ⇥, using
Machin’s formula, to a desired level of precision. This level

of precision was used to provide a wide range in the execu-
tion time and workload from one job to the next by chosing
the precision at random with a uniform distribution in the
range of 10 to 50 thousand digits. The job also included
sending the results back to the client through the network
connection. By recording the start and completion times of
each job at the server, we measured the average job pro-
cessing time to be 6.4235 sec, exclusive on any waiting or
queueing times at the server.

We then varied the number of jobs arriving to the server,
i.e. the rate �. The resulting measured average response
time for a job is shown in Figure 1 as a function of load
(⇤), together with the theoretical average response time R
for a job, predicted using a Poisson arrival process and an
exponentially distributed service time:

R =
E[S]

1� �E[S]
(6)
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Figure 1: Comparison of measured response time
as a function of arrival rate of jobs to the server,
against the theoretical results obtained using (6).
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ber of jobs (1000), the average power consumption and the
total running time of the experiment. The value of B was
measured to be 13.24 Watts per job on average. The mea-
sured value of Jjob and the calculated results from (4) we
the experimentally estimated values of A and B are shown
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3. OPTIMISING ENERGY AND QOS
A simple analysis allows us to compute the value of the
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We therefore see that the optimum setting of the load ⇤� =
��E[S] will depend just on A, the idle power consumption,
and on the ratio b/a which is the relative importance that
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Figure 1: Comparison of measured response time
as a function of arrival rate of jobs to the server,
against the theoretical results obtained using (6).
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and the peripheral equipment and network connections need
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external jobs that need to be processed. From ⇥ we obtain
an expression for the energy consumption per job:
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placed on the QoS for a job, and the energy consumption
per job, and the QoS is represented in (6) by the average re-
sponse time formula for a job, assuming Poisson arrivals and
exponential service times for jobs in a single server queue.
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To validate the energy-QoS metric and optimum load model,

we conducted a series of experiments using jobs executing
on a server class system having a quad-core Intel Xeon 3430
(8M cache, 2.4 GHz), 2 GB RAM, single 150 GB SATA hard
drive, and 2 on-board Gigabit Ethernet interfaces. The sys-
tem runs Linux (Ubuntu) with CPU throttling enabled with
the ondemand governor, which dynamically adjust the cores’
frequency depending on load. A client machine is attached
to the server through a fast Ethernet switch to generate the
workload, and the client machine also measures the system’s
power consumption [].
We measured power consumption when it is idle, i.e. when

it has no external jobs to execute, to be A = 69.5 Watts,
which corresponds to the value of A in equation (4).

We then launched a sequence of synthetic jobs, where
each job consisted in calculating the real number ⇥, using
Machin’s formula, to a desired level of precision. This level

of precision was used to provide a wide range in the execu-
tion time and workload from one job to the next by chosing
the precision at random with a uniform distribution in the
range of 10 to 50 thousand digits. The job also included
sending the results back to the client through the network
connection. By recording the start and completion times of
each job at the server, we measured the average job pro-
cessing time to be 6.4235 sec, exclusive on any waiting or
queueing times at the server.
We then varied the number of jobs arriving to the server,

i.e. the rate �. The resulting measured average response
time for a job is shown in Figure 1 as a function of load
(⇤), together with the theoretical average response time R
for a job, predicted using a Poisson arrival process and an
exponentially distributed service time:
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Figure 1: Comparison of measured response time
as a function of arrival rate of jobs to the server,
against the theoretical results obtained using (6).

Then we measured the average energy consumed by a sin-
gle job from observations obtained from serving a large num-
ber of jobs (1000), the average power consumption and the
total running time of the experiment. The value of B was
measured to be 13.24 Watts per job on average. The mea-
sured value of Jjob and the calculated results from (4) we
the experimentally estimated values of A and B are shown
in Figure 2.
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We therefore see that the optimum setting of the load ⇤� =
��E[S] will depend just on A, the idle power consumption,
and on the ratio b/a which is the relative importance that
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Figure 2: Measured energy consumption per job (in
KJoules) as a function of load ⇤ compared to the
value predicted by the expression (4) using the ex-
perimentally obtained values B = 13.24 and A = 69.5
Watts.

we put on energy consumption with respect to the average
response time of jobs, as given by the formula:

⇤� =

⇥
bA
a

1 +
⇥

bA
a

(8)

The expression (8) gives us a simple rule of thumb for se-
lecting system load for optimum operation, depending on
how we weigh the relative importance of energy consump-
tion with respect to average response time or how fast we
are getting the jobs done.

We can also see that ⇤� is an increasing function of the
ratio bA/a. In particular id we call x = bA/a we have:

⌃⇤�

⌃x
=

1

2
⇥
x[1 +

⇥
x]2

(9)

This gives us the specific way in which the optimum load
on the system should increase as the system’s idle power
consumption, and/or the relative importance that we place
on energy, increase.

The optimum value of the load factor ⇤� is shown for
di�erent values of a when b is normalised at b = 1 is shown
in Figure 3. Figure 4 shows the resulting values of C�

job.
These observations are illustrated in Figure 5 and Figure

fig4.
In Figure 5 b = 1.4725e � 04, which is the inverse of the

maximum energy measured during the experiments. Four
cases are illustrated. In the first case, a = 0.01b, giving
greater importance to the response time than to energy con-
sumption. In the second case, equal significance is given to
energy and response time, so a = b. The last two cases
show the metric’s trend when the emphasis is put on energy
consumption with larger values of b.

4. LOAD SHARING IN N SUB-SYSTEMS
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Figure 3: The value of ⇤ that minimises the cost
function per job, given as a function of the relative
importance of the average response time in the cost
function, when we set b = 1.
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Figure 4: The minimum value of the cost function
C�

job obtained by setting the load to its optimum
value ⇤� for di�erent values of the relative impor-
tance of the average response time a, when we set
b = 1.

In many cases, a data centre is composed of N heteroge-
nous sub-systems, and our analysis can provide guidelines
about how to share load among them, where each one has
an energy profile described by the parameters Ai and Bi and
with di�erent processing capacity so that the execution of a
job on system i will take on average time E[Si] = �iE[S1].

With a flow of ⇥ jobs per unit time as whole and we assign
a fraction pi of the flow to the i� th sub-system, and denote
⇥i = pi⇥ with:

1 =
N�

i=1

pi (10)
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The cost function of interest then becomes:

Cjob =
NX

i=1

pi{
aE[Si]

1� ⇥iE[Si]
+ bJ i

job} (11)

=
NX

i=1

pi{
aE[Si]

1� ⇥iE[Si]
+

bAi

⇥i
+ bBiE[Si]}

is minimised with regard to the flows assigned to each sub-
system, by computing:

 Cjob

 pi
= E[Si](bBi +

a
(1� ⇤i)2

) (12)

�E[S1](bB1 +
a

(1� ⇤1)2
), 2 ⇥ i ⇥ N

where ⇤i = pi⇥E[Si], so that to minimise the cost function
we need to set:

⇤i = 1�
s

a
a�i

(1�⇢1)2
+ b[B1⌅i �Bi]

(13)

where ⌅i = E[S1]/E[Si] is the speed-up factor of running a
job on system i with respect to system 1.

5. FREQUENT ON-OFF SYSTEMS
In the previous analysis we assume that the system is kept

on all the time, and that its power consumption varies with
load. Based on these assumptions we have computed the
load value that e�ects the best compromise between energy
consumption per job, and the response time experienced by
a job.
In this section we will assume that the system is frequently

turned on and o� independently of its workload; when it is
o� we assume that it does not consume energy, but the on-o�
switching is assumed itself to consume an amount of energy
� in Joules, and it will of course degrade performance. Let
F be the probability that this system is turned ON and let
f be the rate at which it is being turned o� and then on
again, and the new value of the cost function per job from
(6) becomes:

Cjob =
aE[S]

F � ⇥E[S]
+ b

FA+ �f
⇥

+ bB
E[S]
F

(14)

Then the new optimum system load factor ⇤⇤ that minimises
this cost function will be given by:

⇤⇤ =

q
b(FA+�f)

a

1 +
q

b(FA+�f)
a

(15)

6. A SERVER WHICH SLEEPS WHEN IT
BECOMES IDLE

Putting itself to sleep consumes some additional energy s.
The server then tests itself periodically each T time units,
after that to see whether it is still idle, and wakes up af-
ter testing time if it is revealed that at least one customer
has arrived. Each periodic testing itself will consume some
energy w but during these sleep or ”vacation” periods the
energy consumption is reduced to some minimum value m.
Furthermore, a customer arriving to an empty system will
only start being served when the server samples its state and
then wakes up. Waking up the server takes some time ⇧ and
additional energy w.

Simple intuition tells us that very frequent testing will in-
crease the energy costs, while very infrequent testing will
increase the delay incurred by the jobs that need to be
processed. Thus there is a compromise that needs to be
struck between energy savings and Quality of Service (QoS).
Assuming that the service facility we have described con-
tains a single server, and that jobs are processed in First-
Come-First-Served (FCFS) order, the model that we have
described is an instance of a ”server with vacations” [?],
where all vacation times are of length T except for the last
vacation time which is of length V = T + ⇧ . Assuming also
that the interarrival times of jobs are independent and iden-
tically distributed (iid of rate ⇥, and that the service epochs
(when the server is awake) are also iid and that they can
be represented by the random variable S, it is known that
the waiting time in steady-state for an arriving job is given
by the random variable W which can be expressed as the
following powerful and non-trivial equality in distribution,
i.e. the probability distribution of the left and right hand
sides of (16) are the same:

W = V ⇤ +W1 (16)

where W1 is the waiting time of an ordinary FCFS queue-
ing system without vacations and with the same arrival and
service processes, V ⇤ is the forward recurrence time related
to the random variable V , and V ⇤ and W1 are independent.
Note that

Prob[V ⇤ ⇥ x] =

Z x

0

Prob[V > y]dy (17)

If one assumes Poisson arrivals to the serve, one an show
that the average length of a busy period is given by:

E[B] =
E[S]

1� ⇥E[S]
[⇥E[⇧ ] +

⇥E[T ]
1� E[e��T ]

] (18)

while the average length of a period when the server is not
serving jobs, is:

E[I] = E[⇧ ] +
E[T ]

1� E[e��T ]
(19)
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