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Abstract—Ten years after the drafting of the Paris Agreement,
the objective to reduce greenhouse gas emissions by half by
2030 seems difficult to reach. The impact of ICT technologies
is growing year after year. Data centers have a large impact in
this domain. As a lot of research is focused on improving energy
efficiency of data centers, one could ask if this improvement
would suffice to reduce greenhouse gas emissions. To study the
impact of the energy efficiency on the long term, we propose to
model a data center that has a limited power capacity and is
regularly refreshed with new servers, more energy-efficient than
the previous ones, to cope with its workload. Our results explore
various growth rates for the load, and the energy efficiency and
show that without reduction of usage of data center resources,
the improvements in energy efficiency will not be not enough to
reach the Paris Agreement’s objective.

Index Terms—Energy efficiency, Cloud computing, Data cen-
ters, Sustainability.

I. INTRODUCTION

It has been nearly 10 years since the drafting of the Paris
Agreement. A first observation is that the objective to cut
by 50% the global greenhouse gas (GHG) emissions by
2030 seems difficult to reach. Indeed, since 2015, the GHG
emissions have been constantly rising according to IPCC [1]].
In 2019, the global anthropogenic GHG emissions rose at 59
GtCOqeq [[]]. The share of Information and Communications
Technology’s (ICT) field produces between 1.8% and 3.9% of
global GHG emissions [2]. Data centers are responsible for
18% to 41% of ICT’s GHG emissions according to various
dedicated studies [2]. These emissions, as all the others, must
be reduced to reach Paris Agreement’s objective.

Hyperscale data centers are growing bigger and bigger and
more and more energy hungry [3], [4]. In the first years on
exploitation, Cloud providers tend to extend their infrastruc-
tures by adding new devices alongside with the existing. The
refresh (or renewal) of servers appears in the following years
of exploitation, usually by batch, to cope with the growing
load and to benefit from more energy efficient servers. Yet,
refreshing servers is usually insufficient for cloud providers to
cope with the growing users’ demand, and the number of data
centers is also rapidly increasing [3].

Cloud computing, that is driving the development of data
centers, is a growing market. As an example, according to
a consulting company, the market volume of data centers in

France is supposed to grow from 127,000 MW in 2025 to
168,000 MW in 2030 at a +5.70% rate per year [5l.

Figure [I] presents the overall electricity consumption of 4
major Cloud companies (Google [6], Microsoft [7], Meta [8],
Apple [9]]). For instance, Google’s annual electricity consump-
tion has jumped from 12.237 TWh to 25.307 TWh between
2019 and 2023, which means more than doubling.
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Fig. 1: Yearly electricity consumption of 4 major Cloud
companies according to their own annual sustainability reports

(Google [6], Microsoft [7], Meta [8], Apple [9])

Facing this growth of the data center demand [S], most
of the proposed solutions to stabilize or decrease their GHG
emissions are focused on renewable energy sources and energy
efficiency. One can be concerned by the capacity of such
solutions to achieve this aim for different reasons. Indeed,
improving energy efficiency can be subject to rebound effects,
and consequently it can lead to an increase rather than a
decrease of overall GHG emissions [[10]. Moreover, since the
70s, empirical laws (e.g. Moore’s law, Koomey’s law) depict
the energy efficiency trend that is always improving at high
rates. Yet, these laws show signs of slowing down and without
major hardware technology innovations in the forthcoming
years, energy efficiency will also slow down [11]]. What would
be the impacts in terms of GHG emissions with a slowing
down energy efficiency and a still increasing demand for data
centers?



The environmental impacts are obviously not limited to
GHG emissions, but also affect water and material resources.
Indeed, on the 43 chemical elements that appear in the
production of decarbonized electricity, energy storage and ICT,
only two elements do not have criticality issue [12]. This over-
exploitation of materials and water is environmentally and
societally concerning.

Taking this into consideration, the research community has
recently started to question ICT’s ability to reduce overall
GHG emissions in other sectors [13] and to explore ways to
establish limits for ICT with regard to planet boundaries [14].
Following this path, in this paper, we consider the case of
a single data center with limited power capabilities, and we
study how this data center can evolve through the years. It
means that the instantaneous power demand of the facility
cannot increase, yet, the load can and servers can be refreshed.

In this work, we propose to look at which kind of load such
a data center, limited in power, would be able to satisfy and
what would be the impact on its GHG emissions and water
consumption. We propose a model to study its evolution over
the years and determine under which conditions (e.g. energy
efficiency trend) it can satisfy the users’ demand.

The rest of this paper is structured as follows. In Section [[I}
we present the state of the art. Section[ITI, we propose a model
for a power-limited data center. Then, Section presents
the results in terms of load and GHG emissions of different
evolution scenarios. Section [V]presents the water consumption
of this data center under various scenarios. In Section [V, we
highlight different limitations of our approach and Section
concludes and provides future work.

II. RELATED WORK
A. Life Cycle Assessment

The lifelong impact of ICT’s devices is usually represented
in four phases: the manufacturing, the transport, the use and
the end of life. For example, from [15]], the carbon footprint
of a PowerEdge R940xa server is around 13,200 kgCOse,
of which 93.6% is for the use phase, and 5.9% for the
manufacturing one. Other parts are actually small (inferior at
0.5%). The importance of the manufacturing part has long
been overlooked because of the difficulty of calculating it and
the lack of data from industry. The end of life phase represents
the impact of waste or recycling of the device. As detailed
in [15], the share of the end-of-life phase is usually low in the
current life-cycle analyses. The manufacturing, transport and
end of life phases are usually called the embodied part.

The use phase represents the energy consumption of the
device during its life. This share is inherently linked to the
electrical mix of the geographical location of the device. For
example, a server powered by a heavy carbon electrical mix
will have higher GHG emissions than the same server powered
with highly nuclear electricity mix. In the last years, Cloud
providers have been claiming an increasingly high percentage
of carbon-free energy mix. For example, Google claims a
64% carbon-free energy over their data centers and aims for
a 24/7 carbon-free in all their infrastructure by 2030 [6]. This

means that the primary source of GHG footprint may become
hardware manufacturing [16]. Yet, carbon footprint of the
embodied and use phases are different by nature. The GHG
footprint of the use phase is mainly due to the emissions of
generating electricity. The embodied phase, and in particular
the manufacturing, is related to extracting and transporting
materials (mostly consuming oil).

B. Energy consumption reduction

In order to respond to the increasing data center demand
in the last decade, one major approach consists in focusing
on data center efficiency. The energy efficiency is defined
as a quantity of work per unit of energy. In the following,
energy efficiency is defined as Flops/Watt with Flops (also
denoted Flop/s) being the number of floating point operations
per second.

The Power Usage Effectiveness (PUE) is defined as the en-
ergy consumption of the IT devices over the energy consumed
by the entire data center. The global PUE in data centers
has been decreasing from 2.5 in 2007 to 1.65 in 2013 [17].
This decrease is mostly due to improvements in the cooling
system. However, the global PUE has been quite stable since
2013 until 2024 from 1.65 to 1.56 [17]. In the same time,
in large facilities, the PUE has been decreasing to 1.1 [18],
almost reaching the ideal value of 1. But, the PUE does not
display the growing energy consumption of data centers since
it only reflects an energy ratio and not the absolute energy
consumption values, which are growing rapidly has shown on

Figure [1]
C. Aging Moore’s and Koomey's laws

The energy efficiency of processors has been observed since
the 70s by Moore. In [19], he observed that the number of
component per integrated circuit doubles every two years. This
observation remained quite accurate over the years. Focusing
on data centers, Koomey, in [20], observes that the energy
efficiency doubles every 1.57 years. In [21]], the authors show
that energy efficiency is still growing exponentially but at
lower rate. On the 2008-2023 period, the energy efficiency
has doubled every 2.29 years in high-performance computers.
They also show that the performance is growing faster than the
energy efficiency (doubling every 1.85 years). This induces a
power growth in the infrastructures. In the light of this, the
authors deduce that it is necessary not only to improve the
energy efficiency, but also to reduce the number of instructions
executed by a program.

D. Kaya Identity

While a growing power demand is observed on the data
centers’ side, it is difficult to relate this growth to planetary
boundaries and to the Paris Agreement. In [22], Kaya proposes
a model, known as the Kaya Identity, to estimate the global
GHG emissions with regard to economics tendencies. This
model has been criticized since it only sketches coarse grain
tendencies and does not fully capture rebound and indirect
effects. Yet, it has been adapted to different domains of ICT,



like semiconductor manufacturing, mobile Internet access, data
center usage and video streaming [23], [24] to identify the
factors that influence GHG emissions’ evolution. In [23]], the
authors adapt the Kaya identity to multiple ICT domains. The
adaptation to global data center usage is based on Koomey’s
law and some revisions of it in order to provide an evolution
of the energy efficiency. Practically, in this model, carbon
emissions are estimated as the product of the number Internet
users, the workload per user, the IT energy efficiency, the
power usage effectiveness and the carbon intensity of the
electricity mix. This work considers the global use of data
centers with a baseline scenario (i.e. current trends) without
analyzing other possible scenarios and practical implications
of the trends (i.e. the refreshment of servers to benefit from
energy efficiency improvements). In [24], the author explores
the energy efficiency in video streaming, and models the
evolution over time of its global GHG emissions. Both studies
conclude that energy efficiency improvements will not be
sufficient to meet the Paris Agreement. Facing this statement,
both work pledge for a reduction in the usage either by recon-
sidering innovation in companies [23] or through legislative
means [24].

E. Data center models

In [25]], the authors propose a model to compute the best
refreshing rate between two servers. An old server will be
refreshed by a newer one more efficient in energy. The
cumulative energy is the sum of the embodied energy and the
energy consumption of the server over the years. The proposed
model computes the payback time when the cumulative energy
of the new server will be lower than the old one. The authors
demonstrate that the embodied part is not significant in the
case of GHG emissions [25]]. This is due to the fact that
servers are continuously powered on and that the authors do
not consider the use of low carbon energy as Cloud providers
do.

In this paper, we explore the impact of the energy efficiency
in the case of a data center limited in power. First, we propose
an analytical data center model over years. Based on [25]],
we compute when to refresh its servers in order to satisfy
a growing load in time. Moreover, based on [23] and [24]
adapted to our model, we estimate the tendencies of GHG
emissions over time for our power-limited data center.

F. Water Consumption

Alongside of the GHG emissions, another concerning envi-
ronmental domain is the water footprint of data centers. While
the GHG emissions tend to impact climate change at a global
scale, the water consumption have more local impacts. Indeed,
the impact can be really different regarding the water scarcity
in the location region of the data center. For instance, the Water
Scarcity Factor (WSF) in France was only of 21.6% in 2021
when it was of 66.5% in India [26]] (a higher value meaning
less water availability).

The water footprint is usually divided in 3 parts: onsite
footprint, offsite footprint and embodied footprint [27]. The

onsite water footprint is mostly the water consumed by the
cooling system of the data center. This is usually represented
by the Water Usage Effectiveness (WUE). In [28]], the authors
define WUE as the ratio of the annual water usage over the
energy consumption of the IT equipment. WUE depends on
the climate of the geographical region where is located the
data center. A data center in a hot region may have a bigger
WUE than one in a cold region. For instance, OVHCloud
claims a mean WUE of 0.37 but with a per data center WUE
which can vary from 0.1 to 1.20 [29]. The offsite footprint
is the amount of water used in the generation of electricity
employed to power the data center. It depends on the local
electricity mix. Finally, the embodied water footprint is the
amount of water used in the manufacturing and transport of
IT equipment, notably servers.

III. METHODOLOGY

In order to model a limited data center, several elements
are required, like an estimation of the energy consumption
of equipment in the data centers (servers, switches, cooling
system), the evolution over time of the energy efficiency of
servers and a way to compute of the number of servers in a
refresh. In this section, we present step by step the models
employed hereafter. Firstly, in Section [[[I-A] we present the
linear power consumption model for a server that is inspired
by [25] and how to model for the carbon footprint of the
server. Then, in Section we detail the global trends that
are considered in the studied scenarios. Section provides
the analytical model of the power-limited data center. Lastly,
Section presents our adaptation of Kaya identity based
on [23] in order to estimate the GHG emissions. Table [
summarizes the variables that are introduced in the following.

A. Energy consumption and carbon footprint of a server

First, we introduce the energy model used to compute the
energy of servers. This linear model is taken from [25]. Let
s be a server, either s, old or s, new. Such a server is
characterized by the set P?, P;, C*® where,

o P? is the power of s at idle state,

o PJ;"’ is the power of s at full load state,
o (" is the capacity of s.

The annual energy consumption of a server s running at the
average utilization level can be estimated in kWh:

Vs = (PPa+ PjB) x 8.76 (1)

With:
e [ is the annual average utilization rate of server,
e « is the annual average idle rate of server (o« =1 — f3),
e 8.76 is the conversion factor from Joules to kWh. (8760
hours a year divided by 1000).

The annual use phase consumption of s, E., is estimated by
the following:

ES = W% x PUE )



TABLE I: Variables employed in the model of a power-limited
data center

Variable Definition Unit
x Server, switch or data center
s Server
So Old server
Sn New server
Sm TOP500 mean server (2014-2024)
S Set of servers
r Switch
R Set of switches
o Number of ports per switch
P¥ Power at full state of = w
Pr Power at idle state of x w
c” Capacity of = GFlops
8 Annual average utilization rate of x
« Annual average idle rate of x
v Annual energy consumption of = kWh
EZ Embodied energy of = kWh
EY Use phase energy of = kWh
E? Cumulative energy of = kWh
E Energy kWh
w Load GFlops
A Power w
AP Scaled power w
A Power demand w
€ Power efficiency GFlops/W
Py Ratio of y
P Amortization function kgCOqe
T® Amortization duration
Se Set of servers to amortize
T Payback time
~ GHG factor kgCOqe/W
m GHG emissions
72 GHG emissions for Kaya adapted

model
n Year of refresh
t Year of simulation
T Maximum simulation duration
D Simulation duration
B Power budget w
PUE Power Usage Effectiveness
50 Number of old servers s, for a refresh
[ Number of new switches for a refresh
WUE Water Usage Effectiveness L/kWh
EWIF Energy Water Intensity Factor L/kWh
WSF Water Scarsity Factor
Q Water footprint L
Qonsite Water onsite footprint L
Qoffsite Water offsite footprint L
Qemb Water embodied footprint L

The embodied energy of a server s is the following:
Td)
E; =) ®(t E:) = 1000 kWh 3)
t=0
With :
o & is the amortization function, discussed later in Section
[MI-B}
e T the amortization time,
o The value 1000 kWh is taken from [25]
To estimate the efficiency of a refresh of an old server s, by a
new one s,, one can look at the payback time of the refresh.
In order to compute it, one need the cumulative energy of
the servers. The cumulative energy consumption of s, and s,,,
over the years ¢, is computed with the following:

t
E(t)= By xt+Y o3, B) )
=0

t
B3 (t) = B xt4nx (B —E)+E+Y  ®(i—n, E)

5
With:
e tEN,
e n < t, the refresh year of the server,

The payback time 7 of refreshing s, with s, is the time taken
by the cumulative energy of s,, to be less than the cumulative
energy of s, :

T =min(t| E2°(t) > E°*(t)) —n (6)

This payback time is sensitive to the difference of power
efficiency between the new and the old servers. The larger
is the difference, one can expect a smaller payback time (in
the case that the new server is more efficient than the old
one). Another factor is the embodied cost of the new server,
a small embodied footprint would lead to a smaller payback
time. However, here, for simplicity’s sake, we consider that
all servers have the same embodied cost, even for newer and
more energy efficient servers. This reflects the efforts made by
server manufacturers to decrease their carbon footprint while
increasing performance.

To model the evolution of servers’ capacity over time, we
use the TOP500 data from 2014 to 2024 to determine a
mean server s,,. The TOP500 is used as a good estimate of
the trends for top-level servers, both in terms of efficiency
(i.e. performance) and energy efficiency. Moreover, both of
these metrics are regularly measured (every 6 months) on
the latest high-performance infrastructures and are publicly
available. ij’" and C* are calculated using the average
values of power and respectively capacity of all TOP500
supercomputers [4]] for each year divided by the mean number
of servers. P’™ is set as a proportion of P]f"", here 30%.
This is an optimistic value since the idle power consumption
of a server typically ranges between 30% to 60% of its full
power consumption [30], [31]. With this, we find s,, =
(61.19 W, 203.97 W, 530.93 GFlop/s). The capacity of s,,
is also optimistic. This is due to the massive use of GPUs in
the TOP500 data set. GPUs are more efficient than CPUs in
computing matrix operations employed by the benchmark used
to rank the TOP500 data set. Consequently, our mean server is
optimistic in terms of capabilities and thus represents an upper
bound in terms of energy efficiency evolution in the future.

B. Global trends in load, power consumption and energy
efficiency

To model the evolution of different characteristics of data
center, as load, power or power efficiency, we use various
data sources. We use different functions w to simulate the
load evolution of our data center. The first one is using the



compound annual growth rate (CAGR) of data center market
of different countries. For example, the data center market
in France is predicted to grow from 127 GW in 2025 to
168 GW over 5 years at a 5.70% rate each year according
to a consulting firm [5]]. The first load function is the function
using CAGR.

wi(t) =bx (1+a) 7

In order to study a more theoretical profile, the second
function follows a linear evolution of load:

wo(t)=axt+b (8)

Where,

e a is the evolution per year either CAGR or the gradient

for respectively wy, wa

o b is the initial capacity of the data center, CPC at the

starting state.

The evolution of the power of server at full capacity, A,
is modeled using the TOP500 data set [4]. Using the data
from 2014 until 2024, shown in Figure @ we calculate the
mean power of HPC’s data centers during the last decade and
A represents the linear regression for these values during the
considered period.

A(t) = 0.91 x £ +0.12 9)

Average Power
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Fig. 2: Average power of the TOP500 computers

Several functions, &, are used to simulate the different
evolutions of energy efficiency. To estimate the evolution of
the energy efficiency, shown on Figure 3} we use the same
data set as for power (TOP500).

e =0.85 x 0-28xt (10)

The previous functions are the power and power efficiency
of data centers. To suit our model, we need to adapt them to
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Fig. 3: Average Efficiency Power on the TOP500 computers

a single server. We choose to scale the functions A and € with
respectively py and p..

Px = W (11)
_ Csm/P;m _ esm
SRR "

If we apply both ratios to their corresponding function, we
get the following scaled function:

N() = pa x (0.91 x t +0.12) (13)

eP(t) = pe x 0.85 x 0-28xpext (14)

Embodied cost of a server can also be seen over time
through amortization functions. We use a function ® of
amortization of the embodied cost E of a server s : @ pay
all the embodied cost at the first year of exploitation of s.

E:, t=0

15
0, t>0 (15)

O(t,EY) = {

C. Power-limited data center

Now that we have detailed how to compute the energy
consumption of a server and described the functions related
to global trends, we can present our model of limited data
center shown on Figure ] The idea behind such a data
center is that, in order to reduce its impact, one can put
limits. Here, we explore a power limit that currently holds
for actual data centers. Indeed, when building a new data
center, Cloud operators contract with an electricity provider
and the agreement stipulate the maximum instantaneous power
that can be drawn by the data center. Several countries where
data centers are abundant (like Ireland) suffer from electrical
grid constraints and starts to enforce strict limitation in power

supply [32].



5 PDC

— EPC

& PUE|— EPC

sn(t) 1 A(t),e(t)

Fig. 4: Limited data center model

A power-limited data center is represented by the following
tuple:

DC = (B, S, R, PUE, C,w) (16)

With,

¢ B, the budget of the data center in Watts,

e S, the set of servers in the data center,

¢ R, the set of switch in the data center,

o C, the capacity of the data center i.e. the total capacity
of all its servers (determined by the initial set of servers),

o« PUE, the power usage effectiveness of the data center,

e w, the load of the data center.

The growth of demand on the data center’s market gives an
impression of the growth of the needed computation power.
Indeed, to ensure to satisfy the load demand in every situation,
the data center’s infrastructure is scaled at the load peak
(worst case). From this, we can deduce that the power demand
represents the power peak demand.

By definition of PUE, in the worst case (when servers loaded
at full capacity), the data center power demand A can be
expressed as:

A(t)

PUE = ————
R S
PF+ P

a7

From our experiments, we have seen that the power of
switches (Pf ) is negligible, under 2% of the total power of
the data center. So, we neglect it in the previous equation to

have: AW
~ PUE

Consequently, the load of the data center can be deduced
from the projected evolution of power demand A and the
efficiency power ¢:

A'(t) ~ Pf’ (18)

A(t)
PUE

In order to determine when to refresh servers, we propose
the following algorithm in 4 phases:

w(t)=A'(t) xe(t) =

X € (19)

o initialization of the data center,
o computing the time of refresh,
« refreshing servers,

o checking payback time.

Algorithm 1 MODEL

1: Procedure MODEL(T,B, s, 1, w, A\?, e, &)
2: initialize(B, s, 1)

3: fort € {0...T} do

4wy —w(t)

5. if w, > CPC then

6 Sn  server(t, s, AP, eP)

7: refreshed < refresh(sy)
8
9

if re freshed then
: t' < year NextRefresh()
10: for s, € S do

11: T < paybackTime(s,, $pn)

12: if t + 7 <t then

13: replace M aximunServer (s, $p)
14: end if

15: end for

16: end if

17:  end if

18: end for

19: End Procedure

The parameters are the following :

e T', the maximum model duration

e s, the initial server of the data center

o 7, the initial switch of the data center, in the following,
we assume there is no evolution of energy efficiency of
switches since as explained before, the switches’ power
consumption is negligible compared to the servers’ one

e w, the load function of the data center (evolving over
time)

e )?, the function of the full-capacity power consumption
of servers

o ¢” is the function of the energy efficiency of servers

o ® is the amortization function for embodied footprint of
servers.

To initialize the data center, we solve an integer program-
ming problem. The number of initial servers in the data center
is calculated with the following:

#s = max(z |
(Pf xxz+P; x|R|)x PUE < B,
N <px|R|)

With
e (i, the number of ports per switch.

In our model, we initialize the load of the data center at
the initial capacity to simulate a nearly perfectly dimensioned
data center at start. It is important to note that, due to this
choice, the model has to make a refresh at the first year of
simulation.

Every year of simulation, we need to compute a potential
new server following the growing energy efficiency trend. The



new server s, available at year ¢ is computed using A\ and
eP.

0 = (Py = N°(1),
Pi =pi X Ap(t)a
C = eP(t) x V(1))

With p; is the ratio P,/ Py that is set to 30% as explained in
Section [II=Al

We describe how to compute the number of new servers
needed during a refresh as another linear integer programming
problem. The first condition of this problem is that the power
at full capacity of the new servers and new switches must be at
most equivalent to the power of those replaced (to cope with
the power limit). The second condition is that the difference
of capacity between the new servers and the replaced ones
must be superior to the difference between the new load and
the capacity of the data center before the refresh. Otherwise,
even with new servers, the data center cannot absorb the
increasing load. So, the number of new servers in a refresh is
the following:

#sn, = min (x|

(PPC 4+ P x 6"+ Pi" xx— Y Pj°x6%)x PUE < B,

5,ES
zx O = 5% x C% > w, — CPY,
s,ES
S|+ 2= ) 6% < (|RI+6") x )
S, ES
With

o CPC| the data center capacity before the refresh

e 0%, the number of server s, replaced during the refresh

e 07, the number of new switches of the refresh

If the payback time of refreshing a server s, by s, is less
than the time to the next refresh, it is preferable to replace a
maximum number of server s,.

§% = max (x| (P“+Pj" xz—P* xz)x PUE < B) (20)

If a refresh is required to cope with the increasing load
but is not possible due to power limit, we opt for a strict
enforcement of the power limit, meaning that the refreshment
is not performed and consequently, the data center cannot cope
with the load. Each year, the situation is re-examined and the
load follows its initial evolution even if, for one or more years,
the data center cannot cope with it.

D. Evaluation of GHG emissions
The GHG emissions of our data center model 7 are esti-

mated using the electricity’s emissions factor.

m=FExvy 1)

Where,

e F is an energy in kWh either F., F,, or E.
o 7 is the electricity’s emissions factor in gCOqe/kWh

Emissions factors are different between countries. This is due
to the energy mix that greatly varies around the globe. A
country using a lot of high carbon emitting energy sources has
a high emissions factor. For example, France has a low carbon
energy with 58gCO5e/kWh [33]]. On the other hand, Germany
with more heavy carbonate energy has a higher emissions
factor of 381gCO,e/kWh [34].

One way to estimate the evolution of GHG emissions over
time, is to use the Kaya identity as detailed in Section
We use an adaptation of this model proposed by [23], which
is the following:

EDC (t)

_ n(t)
Wz(t) —p(t) X X W(t) X EIT(t) X

EDC (t)

(22)

With:
« p, the population of Internet users,
o w/p, the computation affluence,
o EPC/EIT the IT energy intensity,
e n/ EPC the carbon intensity factor,

To adapt this equation to our model, we set:

o p(t) X w(t)/p(t) to the load of our data center w(t)

o ETT(t)/w(t) to the inverse of energy efficiency of servers
converted in GFlops/kWh

e EPC(t)/E'T(t) to the inverse of the PUE

e 1n(t)/EPC(t) to the emission factor v

ny=w- (e 8.76) - (PUE™Y) -y (23)

In this model, as in [24], we set the improvement of ~y at a
rate of 1% per year. Furthermore, for each year, we take into
account the embodied cost of servers. This cost is amortized
linearly over the seven years of servers’ warranty. So, the total
amount of GHG emissions is the following:

1
772(t) = 77/2(t) +5 X Nemb X S@(t) (24)

7
With:
e Nemb, the embodied cost of a server [15]
e S¢, the number of servers to amortize.

IV. EVALUATION OF THE LOAD’S AND GHG EMISSIONS’
EVOLUTION

In this section, we look at multiple scenarios in order to
understand the implications of the various studied factors onto
the evolution of the GHG emissions.

The baseline scenario, Sy, is based on the French market
demand and emissions factors. Furthermore, the evolution of
the energy efficiency follows the trends of the TOP500 data
set over the last decade, ;. We also explore the case of
Germany 57 and India S; which have different market demand
and emissions factors. In S3 and S4, we propose to fix the
refresh rates of servers to, respectively, every year and every
seven years, that can be considered as the warranty duration
of servers. In the last scenario S5, we reduce the load, we
propose to increase the data center load by its initial capacity
every year.



Table [l summarizes all the scenarios. GHG emissions
factors, 7, are expressed in gCO,e/kWh. The line Fixed
indicates when the scenario uses a fixed interval of refresh.
The line MW shows when the load is computed from the power
demand of data center market and not from the workload the
data center is able to handle.

TABLE II: Scenarios
So Sl 52 SB 54 SS

France Germany India Yearly Seven Linear
refresh  years Load
refresh
T 10 10 10 50 50 10
w 1 1 1 1 1 2
slope 5.70% 6.64% 15.11%  5.70% 5.70% w(0)
(51 (351 [36]
T® 7 7 7 1 7 7
¥ 58 [33] 381 713 58 58 58
(34] [34]
MW v v v v v
Fixed v v

A. Different countries: different growing rates for the load and
different emissions factors

The French scenario concerns a low growth rate of data
center demand (i.e. 5.70%) compared to other countries. In
Figure[5] the first observation with regard to the capacity of the
data center is that, every year, the model is not able to satisfy
the load of the data center because of the power limit. This
behavior is due to the fact that the load is growing faster than
the energy efficiency. The GHG emissions are, excepted for
the first year, stable because there is no new servers added to
the data center (since refreshing servers cannot cope with the
load increase) and the embodied cost is amortized at the first
year of exploitation. This is why the electricity consumption
is stable along the years. One can see that this constraint of
a limited power budget is too strong in order to satisfy the
current growth of load.
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Fig. 5: Workload and GHG emissions in France (Sy)

The same behavior is observed in the case of Germany (S7)
and India (S2), as shown on Figure [6} The amount of GHG
emissions differs by the size of their emissions factor 7. As
India’s GHG emissions factor is 10 times bigger than the one
of France, the total of GHG emissions is 10 times bigger.
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Fig. 6: Workload and GHG emissions in India (S7) and
Germany (S5)

B. Fixed refresh times

We now look at scenarios where all servers are refreshed
after a given number of years. In S3, servers are replaced
every year in order to fully exploit the energy efficiency
improvements (Figure . On the contrary, in Sy servers are
replaced every 7 years, which is assumed to be the warranty
time of servers (Figure [g).
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Fig. 7: Workload and GHG emissions with yearly refresh of
servers (S3)



When refreshing servers every year on Figure [7} one can
see that even this intensive (and unrealistic) refreshment rate is
not enough to satisfy load. Yet, we observe that the total GHG
emissions decrease over time because the embodied footprint
has a smaller part. Indeed, since the power of new server
increases with time, the maximum number of servers that can
be installed within the power limit decreases.

PUE -~ Capacity of data center (C'7C)
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Fig. 8: Evolution of GHG emissions when yearly refreshing
servers (S3)

Figure [§] shows the tendencies of GHG emissions over time
with regard to the expectations from the Paris Agreement.
In S3, as servers are changed every year, one can see that
the capacity grows with the same tendency as the energy
efficiency. This induces that in Figure [§] both curves are
superposed (¢ and CP%). One can see that the GHG emissions
(i.e., m1) do not decrease. If we limit the load at the capacity,
one can see that GHG emissions (7)2) decrease but not fast
enough to respect the Paris Agreement.

In order to reduce these emissions, in the scenario Sy,
servers’ refresh periods are spaced out every seven years. One
can see in Figure [J] that the capacity of the data center grows
like a staircase (with a step size of seven years). This staircase
curve appears in reflection in the GHG emissions. Even if the
overall trend of the GHG emissions does not achieve to reach
the Paris Agreement in the long term, the decrease provided
by the spacing of refresh periods allows to punctually reach
the expected reduction in 2030.

C. Scenarios linear Load

Load is the only factor that remains unmodified in the
previous scenarios. So, we now look at a scenario S5 with a
constrained load. Here, the load of the data center arbitrarily
rises by the initial capacity of the data center every year. So
the load doubles on the first year compared to the initial state,
increases by 50% on the second year compared to the first year,
and so on. In Figure [I0] one can see that until the fifth year of
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Fig. 9: Evolution of GHG emission when refreshing servers
every 7 years (Sy4)

modeling, the energy efficiency is not sufficient to satisfy the
load demand. However, from the fifth year of modeling the
energy efficiency has grown enough to handle the load and
only needs some refresh over time in order for the capacity to
stay above the load.
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Fig. 10: Workload & GHG emissions with a linear growing
load (S5)

Ss also successfully achieves, in Figure [TT] the reduction of
GHG emissions expected by the Paris Agreement. This shows
that it may be possible to respond to a growing demand in the
order of magnitude of the previous years while fulfilling GHG
emissions reduction engagements. However, one may take into
considerations that in a small timescale (few years time) the
GHG emissions ne may still increase due to the growing load
and the multiple server refreshments whose embodied cost has
to be amortized.
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V. EVALUATION OF THE WATER CONSUMPTION’S
EVOLUTION

GHG emissions are currently among the most studied
environmental impacts. Yet, it is not the only one to evolve
in a worrying way. Water consumption is also concerned
by environmental impacts and can be subject to high local
constraints depending on data center’s location. The water
consumption of a data center is usually split in 3 main parts.
The first part is the onsite water consumption. This is mainly
represented by the consumption of the cooling system. From
[37], we can estimate the annual water consumption of the
cooling system with the following:

Qonsite(t) — WUE(t) X Ech(t) X (1 =+ WSFDC(t)) (25)

With :

« WUE, Water Usage Effectiveness of the data center,

e EDPC annual electrical energy consumption the data

center,

o WSFPC, Water Scarcity Factor of the geographical

region of the data center,

The second part of water consumption is the amount of
water used in the electricity generation named offsite water
footprint. The offsite water footprint is heavily dependent on
the electrical mix of the region of the data center. To estimate
the evolution of the electrical mix, we use prospective net-zero
carbon mixes in 2050 proposed by the French transmission
system operator RTE [3§].

Table [ITl] shows the different electrical mixes for two possi-
ble trajectories in 2050: m0 with a fully renewable electricity
mix, and n3 with a heavily nuclear mix. We use a linear
regression to draw the evolution over the years and to reach
these mixes in 2050 from the current situation. The Energy
Water Intensity Factor (EWIF) represents the water footprint
when generating electrical energy and differs from energy

TABLE III: RTE-Futures 2050 Electrical Mix [38] and the
average Energy Water Intensity Factor (EWIF) per energy
source [37]

2019 m0 n3 EWIF
Actual Full New
Renewable  Nuclear

(%) (%) (%) (L/kWh)
Hydraulic 10 9 10 12.64
Nuclear 72 0 51 2.42
Photovoltaic 2 36 13 0
Onshore wind 6 21 13 0
Offshore wind 0 31 12 0
Bio-energies 2 2 2 2.10
Ocean 0 2 0 -
energies
Thermal 8 0 0 1.24

sources [39]]. We define EWIF of a certain electrical mix by the
weighted mean over the EWIF of its energy sources. EWIF of
ocean energies is not set due to lack of data, but ocean energies
represent only a small part of the mO electrical mix (i.e., 2%).
From [37], we can estimate the annual water consumption
from the electricity generation.

Qeffsite(t) = PUB(t)x EPC (1) x EW IF (t)x (14 W SFPC (1))
(26)
With :

o« PUE, Power usage Effectiveness of the data center,

e EDC annual electrical energy consumption the data
center,

o EWIF, Energy Water Intensity Factor of certain electri-
cal mix, only the use phase and not manufacturing of the
source,

o WSFPC, Water Scarcity Factor of the geographical
region of the data center,

The last part of the water consumption of the data center is
represented by the embodied cost of the equipment. Here, we
consider only the servers’ cost. Since the data center is power-
limited, the data center building does not evolve over time.
Consistent with the previous assumptions, the switches’ cost
is neglected due to its small overall proportion. The embodied
cost of the cooling system is also not considered since the
power limit ensures it does not have to evolve over time, and
thus represents a constant parameter over time (only increasing
when the system is replaced due to aging). We use a fixed
water footprint for a server, Qimb = 1,797,590.2 L which
represents the mean over 4 different Dell servers [40]]. From
this, we can estimate the annual water embodied footprint with
the following:

QEmO(t) = Qb () /T (t) x Sa(t) (27)

With :

o Q¢ the embodied water footprint of a server

o T, the amortization time set to 7 years

e S¢, the number of servers to amortize
The total water footprint is the sum of onsite, offsite and
embodied water parts.

Q(t) _ Qonsite (t) + Qoffsite (t) + Qemb(t) (28)



Similar to Section we study scenarios with yearly and
seven years refresh (S3, S4) and linear load (.S5) with different
evolutions of the electrical mix, respectively m0 and n3.

In Figure[I2] one can see that the embodied water footprint
in largely predominant in the total water footprint. Over all
scenarios, the part of the embodied footprint is 99% of the
total water footprint. One can see this in result of the linear
load scenario where the total water footprint drastically drops
when the first batch of servers is amortized (at year 2026).

From the offsite water footprint perspective, one can see
that with the m0O mix, the offsite footprint decreases quicker
than in with the n3 mix. This difference is due to the nuclear
part in the n3 mix. Indeed, the nuclear electricity generation is
more water consuming than renewable generation (e.g., wind
or photovoltaic).
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Fig. 12: Water Footprint over different scenarios. Embodied
cost (green and cross) is hiding behind the pink line.

The onsite and water consumption are both negligible in
front of the embodied cost. This shows that in order to
reduce the water footprint, one must reduce the number of
manufactured server and thus increase the lifetime of servers.

VI. DISCUSSION

In this section, we discuss some limitations of our model
and how they may affect our results.

First, the TOP500 data set is not about Cloud data cen-
ters but high performance computers (HPC). The types of
workloads are different between Cloud and HPC data centers.
Yet, real data describing data centers’ evolution are rare and
the TOP500 is frequently used in other work for the same
purpose (for instance in [21]]), to estimate the energy efficiency
evolution.

Another limitation with regard to the TOP500 data set
is that to compute our base server, we use the capacity
of each super computer which is expressed in Flops. Flops
represents the typical operations which GPUs are designed
for. But our model is simplified to propose servers that are
yearly adapted to the energy efficiency improvements without

considering practical hardware constraints (CPU and GPU
sizes, heterogeneous servers and workload, etc.). This leads
to a clear overestimation of the energy efficiency of our base
server (see Section [[[I-A), and consequently of its capacity.
Yet, the results have shown that even with this overestimation,
no scenario based on current tendencies (Sp, S1 and Ss) can
achieve to meet the current trend of the growing users’ demand
within the power limit.

We assume a fixed water and carbon embodied footprint for
the servers over the years despite an increasing performance
(both in Flops and Flops/W). This representation omits the
future scarcity of abiotic materials which is difficult to pre-
dict. These depletions may lead to an increase of embodied
cost with harder or more energy demanding access to these
resources. One could see in this an underestimation of future
GHG emissions and water consumption. In particular, this
could affect the linear load scenario S5. One could ask if this
increase of embodied cost would, in the end, prevents this
model to achieve the Paris Agreement. This note is utterly
valid. However, S5 seems like a very unrealistic scenario
considering the actual trends. On the other hand, this comment
may point to the fact that other scenarios, especially scenarios
with a fixed refresh time of servers S3 and Sy, would even
less succeed in the diminution of their GHG emissions.

To conclude, we want to insist that these results, and
especially our adaptation of Kaya identity, are to take as trends
over time and not as exact values. We do not claim to talk
about magnitudes only to prospective future trends of GHG
emissions with regard to certain constraints factors that one
could apply on data centers.

VII. FUTURE WORK AND CONCLUSION

In this work, we study the impacts of limiting the power of
a data center with respect to global trends, such as increasing
workload and increasing energy efficiency of servers. Firstly,
we have shown that, with such a power constraint, a data
center is able to handle the current growing rate of load,
but only if servers are refreshed very frequently. Secondly,
our work shown that the data center power limitation alone
is not sufficient to reverse the actual direction taken by the
GHG emissions. This is even more concerning because of
the optimistic assumptions on energy efficiency that are taken
in this work (conservative Moore’s law for instance). As a
matter of fact, one could think that the energy efficiency
will continue to grow slower compared of the Koomey’s
original observations as it has been the case in previous
years. Considering this, one could see that the most impactful
solution would be to reduce the usage of such technologies in
order to stay in the safe zone of the planet boundaries.

We also show that the water footprint of highly dependent
of the embodied footprint. This strengthens the idea of a
reduction of usage in order to limit the manufacturing of new
servers.

In the future, we would like to adapt our model in order
to consider other possible limits for data center, in particular
GHG emissions limits, and to understand what would be the



impacts of such limits over the acceptable workload in these
conditions. This work would have to take into account different
ways to amortize in time the embodied cost and to study how
the amortization options impact the refresh periods. Another
direction would be to look at other environmental indicators
like materials in order to explore limits on these resources.
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