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Abstract

Energy consumption of mobile cellular communications is mainly due to base stations (BSs) that consti-
tute radio access networks (RANs). 5G technologies are expected to improve the RAN energy efficiency
while supporting the forecasted growth in data traffic. However, the evolution of the absolute RAN
energy consumption with 5G deployment is not clear. Moreover, existing BS power models are mostly
derived from legacy equipment. Therefore, this work presents a method to evaluate and to project the
total energy consumption of broadband RANs. We use on-site up-to-date measurements to determine
power models of 4G BSs, showing a linear relationship between power consumption and data traffic
with a static traffic-independent power component. We then build a prospective power model of 5G BSs
by scaling 4G models with respect to bandwidth, number of data streams, and expected technological
improvements. We apply this method to the RANs in Belgium over the 2020-2025 period for six scenar-
ios of 5G deployment. Results show that the static energy consumption accounts for a major part of the
total RAN energy consumption, which implies that concurrently operating 4G and 5G RANs consumes
more energy than using only one generation. The sleep mode feature of 5G technology can reduce its
RAN static energy consumption, improving energy efficiency by 10 times compared to 4G. Finally, we
estimate the absolute carbon footprint of 4G and 5G RANs by considering embodied and operating
greenhouse gas emissions. They follow a clear upward trend for scenarios with extensive 5G deployment.
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1 Introduction

Nowadays, information and communication tech-
nologies (ICTs) are responsible for an annual
electricity consumption of around 1400 TWh, and
an annual carbon footprint of about 1.4 GtCOxe,
which represents 6-7% and 2-4% of the global
electricity and carbon footprints, respectively [1—
9]. Among ICTs, mobile cellular communications
benefited over the last decade from strong reduc-
tions in energy and carbon intensity of data

transfer. However, their absolute energy and car-
bon footprints have instead grown, due to the
exponential growth in data traffic [1, 2, 4, 10, 11].
This trend could continue in the future given
the expected rise in mobile broadband Inter-
net access by human subscribers, the advent of
machine-to-machine (M2M) communications, and
the development of new connected applications
[12-14]. Most of the mobile data traffic is currently
supported by 4G networks, but the increase in
throughput and the new constraints of real-time
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communications could saturate existing networks
and may require a more advanced technology
such as 5G [15]. The infrastructure supporting
mobile communications can be divided into four
segments: (i) the end-user devices, (ii) the radio
access network (RAN), (iii) the core network, and
(iv) the data centers. Previous studies estimated
that the RAN typically accounts for two third of
the electricity consumption and one third of the
carbon footprint of this sector [1, 4, 10, 16], which
justifies to focus first on this segment.

Research in this field is primarily seeking to
improve the energy efficiency, with limited atten-
tion to the absolute energy consumption [17]. In
contrast, the main objective of this work is to
present a method to evaluate and to project the
absolute energy consumption of broadband RANs.
Structures of these RANs are modeled using a
bottom-up approach as described in an existing
framework from the EARTH project [18, 19]. Yet,
in order to avoid the need for modeling the com-
munication channel and the signal propagation
between base stations (BSs) and mobile users,
we introduce models which directly link the aver-
age BS power consumption with the average data
traffic. In the literature, existing BS power mod-
els derived from actual measurements are mostly
based on legacy equipment [20-23]. In order to
reflect current 4G LTE BSs, we fit parameters of
their power models to on-site up-to-date measure-
ments provided by an operator. We then build
a prospective power model of 5G NR BSs by
scaling 4G models with respect to bandwidth,
number of data streams, and expected technolog-
ical improvements. We also estimate the absolute
carbon footprint of 4G and 5G RANs by con-
sidering embodied and operating greenhouse gas
(GHG) emissions. In this work, the whole method
is applied to broadband RANs in Belgium for six
scenarios of 5G deployment from 2020 to 2025.

This paper is organized in four sections.
Section 2 explains the methodology used to model
country-wide RANs. Then, Section 3 investigates
the practical structure of 4G and 5G RANs in Bel-
gium, defines power models of 4G and 5G BSs, and
determines the daily traffic profile. Next, Section 4
presents different scenarios of 5G deployment in
Belgium, and the corresponding mobile data traf-
fic evolution by 2025. Finally, total RAN energy
and carbon footprints are evaluated in Section 5.

2 Methodology

Country-wide RANs are modeled using a bottom-
up approach, allowing to study current 4G RANs
as well as different future 5G RANs. This
section first introduces an existing framework that
assesses the RAN power consumption and then
explains how it is adapted in this work.

2.1 Existing framework

The EARTH project defined the energy efficiency
evaluation framework (E3F) [18, 19] which divides
the non-uniform large-scale deployment of RANs
into several homogeneous small-scale systems. In
addition, the long-term traffic profile is split into
successive short-term periods of constant traffic.

Evaluations are conducted for the set of short-
term traffic loads in each small-scale deployment
areas to provide performance metrics such as
the throughput, the power consumption, and the
energy efficiency. For each small-scale short-term
configuration, the instantaneous traffic is mod-
eled statistically, reflecting the packet transfer of
different types of devices and applications, e.g.,
file downloading or video streaming. The users
are assumed to be uniformly distributed in regu-
lar hexagonal cells. The transmitted (TX) power
of BSs are then computed, and a power model
is applied to estimate their power consumption.
Hence, it requires estimating the TX power for
multiple channel conditions between the BSs and
the mobile users. These computations can be
carried out by a system-level simulation platform.

The large-scale model captures the RAN
deployment over a whole country based on the
population density. The long-term traffic profile
models the data traffic demand over time, for
instance over one day. The key assumption is
that the traffic load in an area is directly related
to its population density. The E3F considers six
small-scale deployment areas: super dense urban
(SDU), dense urban (DU), urban, suburban and
rural areas, as well as wilderness. SDU reflects city
centers with extreme traffic peaks, while wilder-
ness corresponds to sparsely populated areas. The
weighted sum of small-scale short-term metrics
over the mix of deployment areas and over the
traffic profile loads yields the overall large-scale
long-term metrics.
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2.2 Proposed method

The use of E3F requires modeling signal propa-
gation from BSs to mobile users in all small-scale
short-term systems, and to run numerous sim-
ulations to achieve a statistically representative
sample. Such simulations are sensitive to the
implementation of different BS features that are
not known in practice, such as the power alloca-
tion strategies and the scheduling algorithms [24].
In addition, the evaluation of the RAN power con-
sumption over one day does not require modeling
the instantaneous data transfer but only study-
ing average traffic patterns over meaningful time
intervals. In this work, we use empirical power
models for small-scale short-term evaluations over
time intervals of one hour. These models directly
link the average power consumption of BSs to their
average throughput, respectively Ppg ;;(t) (in W)
and R;;(t) (in Mbps). The subscript ¢ stands for
the deployment area and j represents the BS type.
The behavior of power models is not known a pri-
ori, but we assume that they can be derived from
on-site measurements.

The rest of the methodology is similar to the
E®F. The country territory is divided into Ngyeas
deployment areas of specific population densities,
and we consider Nyypes types of BSs with different
features and power models. In the country-wide
RAN, each small-scale system configuration (i, )
appears N;; times. The traffic profile follows an
hour-by-hour pattern and R;;(t) depends on the
population size covered by the cell. From short-
term to long-term, the BS power consumption is
integrated throughout 24 hours to obtain the daily
BS energy consumption E;; (in kWh). From small-
scale to large-scale, BS energy consumptions are
summed according to coefficients /V;;. Considering
N,p operators with identical RAN deployments,
the daily energy consumption of all RANs is

Nareas Ntypes

Etot = Nop Z Z N’LjE'LJ7 (1)
=1 j=1

where the energy consumption of one BS in con-
figuration (4, 7) is

24
E;; = /0 Pps,ij (Rij(t)) dt. (2)

The annual energy consumption is 365 X FEiut
because we assume that the daily traffic profile
remains unchanged throughout the year.

3 System model

The bottom-up model of 4G RANs in Belgium is
built by analyzing the RAN deployment of one
Belgian operator. Empirical power models of 4G
BSs are then established using on-site measure-
ments. Next, a prospective power model of 5G
BSs is proposed based on technical and practi-
cal assumptions. Finally, on-site measurements are
also used to derive a typical mobile traffic profile.

3.1 Structure of 4G RANs

In Belgium, there are three mobile network oper-
ators (MNOs) that operate their own 4G RAN:
Proximus, Orange and Base/Telenet, yielding
Nop = 3. According to the Belgian Institute for
Postal Services and Telecommunications (BIPT),
a very large part of the territory is satisfactorily
covered by 4G for the three MNOs, except for
the large unpopulated forests [25]. In this work,
we assume full 4G coverage for the three MNOs.
From the open databases of transmitting anten-
nas in Belgium [26-28], the distribution of 4G
sites is similar for all MNOs. Indeed, MNOs pri-
marily provide coverage over the whole territory
[18], even if they do not have the same market
share [29]. Therefore, we assume that the deploy-
ment strategies of all operators are identical with
the same number of BSs in each deployment area.
Consequently, we analyze only one of the three
4G RANs to determine coeflicients N{le using
positioning coordinates of its 4G LTE macro sites.

Cells of the 4G cellular network are deter-
mined by Voronoi tessellation with 4G sites as
centroids. The population covered by each site is
estimated by computing the number of inhabi-
tants in its respective cell, based on demographic
data reported for a grid of squares of 1 km? over
the whole territory [30]. The population density
of each cell is calculated by dividing its estimated
population by the area of its Voronoi region. Each
4G site is then classified according to the pop-
ulation density of its cell. The same deployment
areas as E3F are considered such that Nyyeqs = 6.
Figure 1 depicts the Voronoi tessellation of Bel-
gium'’s territory and the classification of 4G cells.
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Table 1 Cell characteristics of the six deployment areas (std. = standard deviation)

Population density Area Population
[citizens/km?] [km?] [citizens]
Deployment areas Class interval Mean Mean Std. Mean Std. Share
Wilderness <50 29 26.30 17.01 759 636 5.9%
Rural [50; 250[ 134 15.45 8.89 2073 1103 23.7%
Suburban [250; 750] 420 7.35 3.95 3088 1611 30.0%
Urban [750; 1500] 1015 3.69 2.17 3749 2044 13.1%
Dense urban [1500; 10000[ 2925 1.37 0.99 4004 1775 22.2%
Super dense urban > 10000 14828 0.33 0.12 4855 1698 5.1%

Classification intervals and corresponding cell dis-
tribution are given in Table 1 with cell area and
cell population statistics for each class.

In the studied RAN, 92% of 4G BSs have 3 sec-
tors, and hence we model all BSs with 3 sectors.
4G BSs also use either one frequency band (27%),
two bands (51%), three bands (21%) or four bands
(1%). This last case is ignored in the model. All
frequency bands use a frequency division duplex
(FDD) paired spectrum, meaning that for each
carrier, one part of the spectrum is allocated to
downlink (DL) and another part of the same band-
width, to uplink (UL) [31]. The first 4G frequency
band deployed at a site is the 800 MHz coverage
band with 2x 10 MHz, the second is the 1800 MHz
band with 2 x 20 MHz, and the third is the 2600
MHz band with 2 x 20 MHz. The more densely
populated the deployment area, the greater the

4G cells
Bl Wilderness
| Rural
Suburban
Urban
Dense Urban
[ | Super Dense Urban

0 25 50 7 100 km
I .

Fig. 1 Voronoi tessellation of Belgium’s territory with 4G
sites as centroids and classification of cells into six deploy-
ment areas based on their population density

share of 3-band BSs, offering more overall band-
width for devices capable of carrier aggregation.
No 1-band BS is deployed in SDU. Two main
multiple-input multiple-output (MIMO) antenna
configurations are also used: 2T2R antennas com-
prising two cross-polarized channels and 4T4R
antennas consisting of two large beams with two
cross-polarized channels each, making 4 streams
overall. Despite different number of transmitting
antennas, the total maximum TX power per MHz
does not change between these two configurations,
i.e., 4W/MHz. 98% of the 3-band BSs use 4T4R
while other BSs mainly use 2T2R. In the model,
we consider only three main types of 4G BSs,
respectively the 1-band, 2-band and 3-band 4G
BSs, resulting in N . = 3. Their main features

types
are summarized in Table 2.

3.2 Empirical power model of 4G
BSs

The large-scale model of the 4G RAN is composed
of Nareas foyC;es = 18 small-scale system configu-
rations, for which 4G BS power models are empir-
ically derived from on-site measurements of data
traffic and power consumption. These operator-
provided measurements come directly from on-site
monitoring systems that differentiate the 4G part
of the site from other installed mobile generations
(e.g., 2G and 3G). The measured data traffic is
the sum of DL and UL data volumes on all 4G
bands. The measured power consumption includes
the digital baseband unit, the radio frequency
transceivers and the power amplifiers of all sectors
but excludes the active cooling system, the main
supply and the power converters that are usually
shared by all mobile generations. For this work,
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Fig. 2 Example of hourly measurements of (a) mobile data traffic and (b) power consumption of one base station during

14 days with shaded areas highlighting weekend days

we randomly sampled 5 BSs per small-scale con-
figuration from all 4G BSs in the studied RAN
to include different manufacturers and production
years. An example of hourly measurements per-
formed during 14 days in 2021 is shown in Fig. 2. A
periodic pattern is clearly visible for the data traf-
fic and the power consumption following the day
and night alternation. The minimum data traf-
fic is close to zero, but the power consumption
oscillates above a non-zero level, which indicates
a static power component.

Linear regressions are computed between the
two measured parameters for each BS individually,

1200 T T T T T
I-sector BS (excluded from the modeling)

]

eeee Measurements

300 - - — -Individual linear regressions| |

= = =Proposed power model
Standard deviation

------ Power model with overhead

Average power consumption |
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Average data traffic [Mbps]

o
o

Fig. 3 Linear regressions of individual base stations in one
small-scale system configuration compared to the proposed
linear model, its standard deviation, and the complete
power model including the supply and cooling overheads

using a robust bisquare method. The goodness-of-
fit is determined with the R-squared (R?) which
is 0.90 on average, ranging from 0.85 to 0.95. It
means that there is a strong linear relationship
between power consumption and data traffic over
the measurement range, allowing to rely on linear
models. Examples of such regressions are shown
in Fig. 3. They all consist of a constant and a
variable component that reflect the static (traffic-
independent) and the dynamic (traffic-dependent)
power consumption, respectively. This shape is
consistent with other studies in the literature
[16, 18—-23]. No discontinuity is observed during
the low-traffic hours, which suggests that there is
no sleep mode implemented in these BSs.

Despite the random sampling of sites, BSs with
the same number of bands in the same deployment
area behave similarly, which supports the analy-
sis per small-scale configuration. Therefore, one
power model per configuration is carried out from
linear regressions of individual BSs. Actually, the
static power is similar for BSs of the same type,
regardless of the deployment area. This is mean-
ingful because this power level is only related to
the BS architecture, and not to the size of the cell
or the signal propagation characteristics, as there
is no data transfer. The static power is also higher
when there are more bands on the BS, and hence
this parameter is estimated for each BS type by
averaging intercepts of corresponding individual
regressions. In contrast, slopes of linear regres-
sions vary from one deployment area to another.
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They are roughly similar for the same type of BS
in deployment areas from wilderness to urban but
are less steep in DU and even less in SDU. We
hypothesize that the significantly smaller cells in
these areas requires less TX power to transmit
the same amount of data. Slopes of linear power
models are estimated by averaging the slopes of
individual regressions in corresponding configura-
tions. The values of model parameters are given in
Table 4. There is nevertheless a variability across
individual regressions related to the same config-
uration: the standard deviation of their intercepts
and slopes are respectively 15% and 25% on aver-
age. On top of that, we model the power overhead
due to the active cooling system, the main supply
and the power Converters by using three efficiency
coefficients, namely nmol, by; S and n4D%, which are
each equal to 92% in 4G [32]. The complete 4G BS
power model as a function of the throughput is

4G 4G 4G
Piy (Rig) = T T 2b
i ’
J 77?@?3 ’ nDC ncool

where Pé? is the no-traffic power consumption (in
W) of a 4G BS of type j, and A‘},G;A is the varia-
tion of the BS power consumption Wlth traffic (in
W /Mbps) in configuration (4, j).

The cell average capacity of each BS type is
estimated using the cell average DL and UL spec-
tral efficiencies (SEs) of each frequency band f,
expressed by 'ygjL ;LCG and 'ygDL A;CG respectively. For
a 4G BS of type 7, it is given (in Mbps) by

Nyands,j

C;l%g — Ny Z B;% ( DL AG UL, 4G)
f=1

Yavg,f T Vavg, s

(4)
where Ngeer and Nygngs,; are respectively the
number of sectors and the number of bands of the
BS, and B?G is the bandwidth of frequency f. In
4G, the useful bandwidth is 9 MHz at 800 MHz
and 18 MHz at 1800 MHz and 2600 MHz. We
estimate the cell average DL SEs from raw data
of a measurement campaign of BIPT, giving 2.1
bps/Hz at 800 MHz, 3.6 bps/Hz at 1800 MHz and
3.9 bps/Hz at 2600 MHz. We then estimate the
cell average UL SEs using

1
ULAG _ _DLAG
S AL P

where apr, is the ratio of DL traffic compared to
the total traffic, which is 0.9 in 4G according to
on-site measurements provided by the operator.

3.3 Structure of 5G RANs

By 2025, 5G will be deployed in Belgium, but
detailed characteristics of 5G RANs are not
yet known. Therefore, large-scale 5G deployment
must be projected under several assumptions. In
5G NR, two frequency ranges (FRs) can be used:
FR1 (below 6 GHz) and FR2 (millimeter waves)
[33, 34]. BIPT has no plans to allow the use of FR2
soon in Belgium, but it has authorized the use of
the 3.5-GHz band. At that frequency, the three
MNOs have access to 50 MHz of bandwidth each
[29]. Time division duplex (TDD) is more likely
to be used at 3.5 GHz, with a division between
UL and DL according to predefined frame struc-
tures. In general, TDD schemes give about 75%
of time to DL and 25% to UL, which is useful
with the asymmetric traffic of mobile users [34]. A
key challenge in 5G is to provide a good coverage
at higher frequencies having larger signal attenua-
tion. This issue can be mitigated by using directive
antennas on both transmitters and receivers to
provide beamforming gains [15, 34]. In the field,
tests show that massive MIMO at 3.5 GHz could
provide a DL coverage similar to passive anten-
nas at 2.1 GHz with the same TX power spectrum
density [35]. As a result, it could be feasible to
deploy 5G at existing 4G sites. However, UL cover-
age is worse at 3.5 GHz even with massive MIMO,
requiring the support of lower 4G bands for UL
in poor channel conditions [34, 35]. In this work,
we assume that there is no need to increase the
density of 5G sites at 3.5 GHz compared to exist-
ing 4G sites. We consider 3-sector macro-BS with
32T32R active antennas having the same total
maximum TX power per MHz as 4G, which is con-
sistent with existing BSs on the market. Table 2
gives the main features of the studied 5G BS.

3.4 Prospective power model of 5G
BSs

Since 5G is not widely deployed in Belgium at the
time of this study, it is not possible to model the
power consumption of 5G BSs using on-site mea-
surements. Instead, prospective 5G power models
are proposed using a flexible modeling approach
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Table 2 Main features of all types of 4G and 5G base stations considered in the model

Carrier Duplexing Bandwidth MIMO Total max. Number
Type frequency scheme [MHz] configuration TX power of sectors
G| W
4G 1-band 0.8 FDD 2T2R 40 3
4G 2bands  0.8/1.8 FDD 10/20 2T2R 40/80 3
4G 3-bands  0.8/1.8/2.6 FDD 10/20/20 AT4R 40/80/80 3
5G 1-band 3.5 TDD 3:1 32T32R 200 3

for cellular BSs [32]. This method allows estimat-
ing the actual power consumption of a BS P,
by scaling a reference power P,..; based on a set
of scaling parameters x € X having each a refer-
ence value ¥, s, an actual value 4., and a specific
scaling exponent ¢, as

Lact &
Pact:Pref H . (6)

X
zeX ref

In this work, the actual power of 5G NR BSs
is estimated with reference power coming from 4G
LTE BSs. We assume that this method is valid
for early 5G BSs because their specifications do
not greatly differ from up-to-date 4G BSs. The
first scaling parameter is the overall bandwidth B
which is the sum of the bandwidth of all bands
of the BS (e.g., for a 2-band 4G BS, B = 30
MHz). This parameter reflects the complexity of
the digital baseband unit and is proportional to
the power consumption of power amplifiers. The
other one is the overall number of data streams
S which is the product of the maximum number
of streams per band by the number of bands of
the BS (e.g., for a 3-band BS with 4T4R anten-
nas, S = 12 streams). This parameter reflects the
overall number of transmitting chains. The scaling
method only applies to absolute powers and not
to power versus traffic slopes of linear models. If
we first consider that 5G BS models remain linear
as in 4G, we need to use at least two power refer-
ences to which apply the scaling. The first selected
reference is the no-traffic power Py, and the sec-
ond one is the power at typical high traffic-load,
corresponding to 30% of the maximum load [16].
Indeed, RANs are dimensioned to serve the peak
traffic demand and to avoid saturation [18, 19].
From on-site measurements of 4G BSs, we evalu-
ate the average load of the busiest hour as 28%

for 1-band BSs, 9% for 2-band BSs, and 8% for
3-band BSs. Therefore, the linear behavior of 4G
power models is only verified for traffic well below
the cell average capacity. The typical high-traffic
power of a 4G BS in configuration (7, j) is
PoS i =D0S +AF;-03-Co5 o0 (7)
Scaling exponents are determined using pairs
of 4G BSs with different combinations of scaling
parameters. Those related to Py 3 are obtained
using models for wilderness to urban areas. Table 3
gives the resulting scaling exponents in a range
between zero (independence) and one (linear
dependency). The no-traffic power scales accord-
ing to the third root of the bandwidth, which
means that when the bandwidth doubles, Py
increases slightly (i.e., 2934 = 1.27). On the other
hand, the high-traffic power evolves almost lin-
early with the bandwidth. Overall, power scaling
due to the number of streams is not very strong.
Technological improvements between 4G and
5G are difficult to predict accurately, but they
can be roughly addressed by extending past
trends. Hence, for every 2-year technology step,
we assume a power reduction of /2 for analog
circuits, of 2 for digital circuits, and of 4% for
power amplifiers [32]. As the power breakdown
is not available from on-site measurements, we
use an existing power model of cellular BSs [32]
to estimate that the analog and digital compo-
nents are respectively responsible for 14% and
22% of power consumption at no-traffic load,

Table 3 Scaling exponents of 4G base stations

Power load qB qs
No traffic Py 0.34 0.10
High traffic Py3 0.96 0.12
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Table 4 Model parameters of 4G and 5G base stations (measured parameters reported as: mean + standard deviation)

PO,j [W} Ap7ij [W/MbpS]
Type All areas Wilderness — Urban Dense urban Super dense urban
4G 1-band 495 £+ 54 11.6 £3.1 6.9 £2.3 N.A.
4G 2-bands 747 £138 17.6 £3.7 13.3 £2.7 11.7 £3.5
4G 3-bands 1045 £128 20.2 £5.1 13.6 £3.1 8.3 £3.5
5G 1-band 730 5.4 3.6 2.9

and of 10% and 18% at high-traffic load. The
rest comes from power amplifiers, which dominate
the BS power consumption. As a result, 5G BSs
deployed from 2020 achieve a relative power con-
sumption improvement of 36% at no-traffic load
and of 30% at high-traffic load, compared to 4G
BSs deployed from 2014. Overhead improvements
are also assumed, such that the three efficiency
coefficients evolve from 92% to 95% [36].

The power scaling of Eq. 6 from 4G to 5G with
the two scaling parameters becomes

5G 5G 4G B¢ " 55G o

where k denotes the traffic load (i.e., 0 or 0.3),
Tp¢ is the technology improvement factor at load
k, and B°Y/B¢ and S$°¢/S4C are the ratios of
scaling parameters, having respectively ¢p and gg
as scaling exponents. The complete power model
of 5G BSs is adapted from Eq. 3, as

P5Y + A - RYC ©
Mis  Mhe Noew

ng,i (RfG) =

The power variation of 5G BS with traffic is

P5G _ P5G
A?DG; =& - M (10)
: 0.3-C3¢

where we model the slope reduction of the 5G
power model in DU and SDU areas with & < 1,
as observed for 4G BSs. The rough values of &; in
these areas are respectively obtained by averag-
ing ARy/Ay_y and Afspy /ARy .y over
all types of 4G BSs. The cell average capacity of
5G BSs with a 3:1 TDD scheme is

CE6 = Nsect'BSG'(O.'?E) . "/DL’5G +0.25 - ,YUL,SG) 7

avg — avg avg

(11)

where cell average SEs are set to ’yﬁé"r’G =12

bps/Hz and 7%55¢ = 6 bps/Hz in DL and UL
respectively [37, 38]. Prospective model parame-
ters of 5G BSs are given in Table 4.

Among numerous existing energy saving tech-
niques for 5G BSs [39], the sleep mode (SM) is
a feature that reduces the idle-state power con-
sumption [32, 40]. When there is no traffic, this
feature sequentially disables BS components over
time, leading to sleep powers of different depths.
At higher traffic loads, power savings decrease
with a non-linear behavior. In this work, we model
these savings by a decaying exponential function
with respect to the traffic load. Parameters of this
function are tuned to fit estimated savings from
two studies [41, 42] with default 5G synchroniza-
tion signal periodicity of 20 ms [33]. With SM, the
5G BS power consumption given by Eq. 9 becomes

PR () =

R3¢
ng’i (RfG) . (1 —0.75 - exp <—10' C;G >> ’

avg
(12)

The non-linear model starts at no traffic with a
sleep power 75% smaller than P3¢ and tends to
the linear model at high traffic, as shown in Fig. 4.

3.5 Traffic profile

The traffic profile in Belgium is obtained using
on-site measurements of 4G sites. Normalizing the
individual traffic profiles of each site by the num-
ber of inhabitants in its cell yields similar patterns
with amplitudes of the same order of magnitude.
The variance in amplitude can be explained by
the normalization method which does not consider
all the users actually present in the cell, such as
tourists or workers. In addition, consumer behav-
ior changes on weekdays and weekends. In Fig. 5,
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the traffic profile is further normalized to have a
unit mean over the day and is compared with two
normalized profiles from the literature [19, 43]. All
these profiles indicate the same trend, with a low
traffic during the night and a high traffic during
the day. The peak traffic occurs at lunchtime in the
profile of this work, whereas it occurs in the after-
noon or the evening in the two other profiles. The
normalized traffic profile r(¢) is independent of the
small-scale system configuration and is considered
to stay the same over the year.

The small-scale traffic (in Mbps) of a mobile
generation @G in a cell of configuration (4, j) is

cell

Pop

RIE() = —0m8E qnG L RETIO (r), (13)
op
where Popgevl;i is the average cell population of

deployment area i (see Table 1), a5 ; is the pen-

etration ratio of xG in deployment area i, and
RZjZTfG is the daily average throughput per zG
user served by a BS of type j. On-site measure-
ments show that the daily average throughput
per 4G user is higher when there are more bands
installed at the site: +24% for a 2-band BS and

+107% for a 3-band BS, compared to a 1-band BS.
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Fig. 5 Normalized traffic profile using measurements com-
pared with two other traffic profiles from the literature

We hypothesize that a larger bandwidth encour-
ages users to consume more data thanks to higher
throughput. In addition, sites with a larger band-
width are installed where high traffic peaks are
observed, potentially generated by non-domestic
users that are not considered for normalization.
M2M traffic is directly included in RZ;ZT’G as the
overall traffic generated by humans and machines

is normalized per human user only.

4 Scenarios

In 2020, we consider that only 4G is running.
We also assume that 4G RANs are fixed for next
years, such that no more 4G BS or 4G band
will be brought into service by 2025. Regarding
5@G, deployment strategies are uncertain, and six
scenarios are studied over the 2020-2025 period.
When a deployment area is supposed to be covered
by 5G, it means that 5G is deployed on all exist-
ing 4G sites of this deployment area. It implies
that only inhabitants of these cells could use 5G,
and that 5G subscriber penetration depends on
the scenario. Only one type of 5G BS is consid-
ered in this work, and the number of 5G BSs
that would be installed in each deployment area

4G
is NP¢ = ZN“f’” NZ. The scenarios are:

(1) No 5G deployment (coverage = 0%): only
4G supports the increase in mobile traffic. This
scenario is very unlikely as the first phase of 5G
deployment has already begun.
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Table 5 Parameters of logistic curves that model the number of mobile users and their data traffic

F(y) Unit K a b Time span R?

AN ¢ % covl§ 1.00 2022 y > 2021 N.A.
UDPATA(q)) # PopPEl(y) 0.32 2014 y > 2012 0.98
UiS (y) + UPS (y) # UPATA(y) 0.53 2015 y > 2012 0.97
Ues (y) # apsi o) - UPATA(y) 0.90 2024 y > 2021 N.A.
Vi (y) GB 14.00 0.75 2015 y > 2012 0.87
VG avag¥) GB 84.00 0.53 2020 y > 2015 0.98
Vil 1 (y) GB 59.64 0.53 2020 y > 2015 N.A.
Vi, o) GB 73.92 0.53 2020 y > 2015 N.A.
Vs s(y) GB 123.48 0.53 2020 y > 2015 N.A.
V3G (y) GB 504.00 0.30 2028 y > 2021 N.A.

(2) DU and SDU deployment (coverage
37%): only densely populated areas are cov-
ered by 5G, increasing the capacity of mobile
broadband networks in city centers.

Urban, DU and SDU deployment (cover-
age = 53%): wider 5G coverage is offered by
operators in cities, covering more than half of
the Belgian population.

Suburban, urban, DU and SDU deploy-
ment (coverage = 83%): outskirts of cities and
villages are also covered by 5G, offering 5G to
a major part of the population.

Full 5G deployment (coverage = 100%): the
entire population is covered by 5G, even iso-
lated homes in the wilderness, such that 4G and
5G coverages are the same.

Full 5G deployment and 4G decommis-
sioning (coverage = 100%): the entire popula-
tion is covered by 5G and 4G BSs are removed.
This scenario is unlikely because it requires a
stand-alone 5G network by 2025, forcing all 4G
users to change their smartphones before.

The total number of mobile data users
UPATA(y) is the sum of 3G, 4G and 5G users,
respectively U3%(y), U(‘lg(y), and U(ic);(y), as

UPATA(y) = U9 (y) + U(s)( )+ U(s)( ), (14)

where subscript (s) means that variables depend
on the scenario. We then suppose that UPAT4(y)
will saturate at the total population of Belgium

PopBEL(y), which grows linearly by about 56.1

10

thousand people every year [44]. For each scenario,
a different share of mobile users subscribes to 5G
between 2020 and 2025, and the others still use 4G
or 3G. Hence, the 5G penetration ratio awci ()
increases over time up to a limit which is the per-
centage of population covered by 5G cov?g. Over
one year, an average 4G user transfers a volume of
data V¢ and a 5G user transfers a volume

user,avg’

of data V5G The total volume of mobile data

user”*
transferred in Belgium during one year is

Vo ) = Vi3S + ULS (1) - Vi g (0)
+UCS () - Vil (v), - (15)

where the volume of 3G data V¢ is considered
constant over the years, regardless of the scenario.

The modeling and the forecasting of all these
variables are based on logistic curves, which allow
considering system boundaries, unlike exponential
curves [45-47]. Logistic curves are divided into
three successive phases: (i) a short-term phase of
fast growth (almost exponential), (ii) a mid-term
phase of stable increase (almost linear), and (iii)
a long-term phase of slower growth and satura-
tion when approaching the upper limit. The basic
logistic curve is symmetric between two horizontal
asymptotes with an inflection point lying midway
between them. Its equation in function of year y is

K
1+ exp(—a(y — b))’

F(y) = (16)
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where K is the saturation level, a > 0 indi-
cates the intrinsic growth rate, and b is the time
shift in years. Table 5 summarizes the parameters
of logistic curves that model the aforementioned
variables. Parameters of existing variables are set
by curve fitting on historical BIPT data [29], and
prospective parameters are set to suit scenarios
and to be consistent with Ericsson [12], Cisco [13]
and GSMA [14] forecasts for Western Europe, and
with Capgemini [48] forecasts for Belgium.
Figure 6(a) shows the number of users per
mobile generation between 2012 and 2026. In 2025,
a large part of users covered by 5G actually use
5@G, and the others still use 3G or 4G despite the
availability of 5G. As market penetration is faster
for each generation, the intrinsic growth rate of
5@G users is greater than for 4G users, itself greater
than for mobile data users. The upper bound of
traffic per 4G user is set at almost twice as much as
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in 2020. Therefore, 4G saturation is clearly notice-
able in 2025 in Fig. 6(b) [49]. Traffic per 5G user
is set to be the same as a 4G user in 2021, but
we expect it to grow faster than 4G and reach a
much higher upper bound. As a result, only the
first exponential phase of the logistic curve is con-
cerned by 2025 with a compound annual growth
rate (CAGR) of 25%. The rise of the saturation
level between 4G and 5G can be seen as a rebound
mechanism driven by economic and psycholog-
ical factors [50, 51]. The same observation can
already be made between 3G and 4G. Figure 6(c)
shows the total data traffic per mobile generation
between 2012 and 2026, and Figure 6(d) compares
the reference case in 2020 with the six scenarios
in 2025. Without 5G deployment, 4G traffic satu-
rates below 1000 PB which is more than twice the
traffic transferred in 2020. When 5G is deployed,
the total traffic can increase without saturation in
the short term, and it reaches more than 1400 PB
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in scenarios (5) and (6). In scenario (6), 4G BSs
are decommissioned and remaining 4G users are
forced to move to 5G. In that case, these users
do not change their behavior, and the total data
volume in scenarios (5) and (6) remains the same.

5 Results and discussion

This section presents results for each scenario and
for two different types of 5G BSs: (i) without
SM, and (ii) with SM. The reference year is 2020
and the predicted year is 2025. The two analyzed
metrics are the energy consumption of 4G and
5G RANSs in Belgium and their respective carbon
footprint using a life-cycle approach. These abso-
lute metrics are also normalized by data traffic and
by users to obtain energy and carbon intensities.

5.1 Energy consumption

The energy consumption of each mobile genera-
tion is the operational electricity of its RAN. In
2020, we estimate that 4G RANs consume 112
GWh, which corresponds to 0.13% of the annual
electricity consumption in Belgium (i.e., 84.7
TWh [52]). In 2025, the total energy consumption
goes up, especially with extensive 5G deploy-
ments, as shown in Fig. 7(a). When 5G is not
deployed, the rise in energy consumption is 18%
whereas the data traffic doubles. With full 5G
deployment, it increases by 81% without SM and
only by 27% with SM, while the total data traf-
fic increases more than threefold. This indicates
a relative decoupling between data traffic and
energy consumption [53]. Only scenario (6) with
4G decommissioning shows an absolute decoupling
over the period of the study, with energy sav-
ings of 10% without SM and 63% with SM. This
highlights that operating multiple mobile genera-
tions in parallel stacks their energy consumptions
but does not substitute one for the other. Indeed,
the static energy consumption remains unchanged
in 4G regardless of the scenario and accounts for
70 to 90% of the total RAN energy. In 5G, the
same ratio applies to basic BSs, but it can be
greatly improved with SM. Hence, techniques that
reduce static power consumption are crucial for
low-energy mobile communications.

12

5.2 Energy intensity

The energy intensity per GB is shown in Fig. 7(c)
for 4G and 5G independently, and for both gen-
erations together. Clearly, the energy intensity of
5G is 3 to 5x lower compared to 4G, and up to
8 to 12x better with SM. Without 5G deploy-
ment, the energy intensity of 4G is 0.15 kWh/GB
in 2025, which is 2x lower than in 2020 because
the additional traffic requires few more dynamic
power, and no more static power. The energy
intensity of 5G is minimum in scenario (2), but it
increases with more extensive deployments as BSs
are less loaded in less populated areas. In scenario
(6), energy intensity of 5G is lower than in sce-
nario (5) because 5G BSs are more loaded due to
4G decommissioning. In 2025, the average energy
intensity shows an improvement compared to 2020
and is roughly the same for all scenarios with 4G
maintained. However, the expected energy sav-
ings from this improvement are partly offset by
the data traffic increase in scenario (6), and it
even backfires in all other scenarios as the abso-
lute energy consumption increases between 2020
and 2025. This hence illustrates a rebound effect
[50, 51, 53]. Therefore, improving the energy effi-
ciency of a mobile communication technology does
not directly reduce its total energy consumption.
By dividing the energy consumption of broad-
band RANs by their respective number of mobile
users, the energy intensity is still better in 5G than
in 4G, and 5G is once again enhanced with SM,
as shown in Fig. 7(e). But, unlike the data traf-
fic, the total number of mobile broadband users
grows slower than the energy consumption, and
no reduction in average energy intensity per user
occurs between 2020 and 2025 when 4G is main-
tained. It even increases when 5G is deployed
without SM, and only 4G decommissioning can
reduce the average energy per user in 2025. We
estimate that the energy intensity remains around
12 kWh/user in 2025 when using SM in 4G and
maintaining 4G. In order not to increase the RAN
energy consumption while offering mobile Internet
access to the same number of users, MNOs should
not operate 5G without SM in parallel with 4G.

5.3 Carbon footprint

The carbon footprint of RANSs consists of embod-
ied and operating GHG emissions. The operating
carbon footprint is estimated using the carbon
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Fig. 7 Results in the reference situation in 2020 and for each scenario in 2025 without and with sleep mode for (a) total
electricity consumption, (b) total GHG emissions, (c) energy intensity per GB, (d) carbon intensity per GB, (e) energy
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intensity of electricity consumed in Belgium, i.e.,

0.230 kgCOse/kWh in 2019 [54].

Assuming a

reduction rate of 3% per year as observed in his-

torical trends [5

2], the power carbon intensity is

projected to be 0.223 kgCOze/kWh in 2020, and
0.192 kgCO2e/kWh in 2025. The embodied car-
bon footprint is more uncertain as very few studies
assess it, in addition to poorly describing their
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scope. For

one BS of any mobile generation, it

ranges from 12 to 35 tCOge with a lifetime of
10 to 20 years [55-58]. In this work, we assume
an embodied carbon footprint of 18 tCOge per
4G and 5G BS with a lifetime of 12 years, giv-
ing 1.5 tCO2e/BS/year. In 2020, we evaluate a
total carbon footprint of 42 ktCOse for 4G RANS.
Without 5G deployment in 2025, Fig. 7(b) shows
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that the increase in 4G energy consumption is bal-
anced by the decrease of power carbon intensity,
such that the total carbon footprint remains the
same. When rolling out 5G, new BSs need to be
produced to cover new areas. In scenario (5), the
embodied carbon footprint is equivalent in 4G and
5G as there are the same number of BSs for each
generation. In this case, total emissions increase
by 73% compared to 2020, and by 46% with SM.
In scenario (6), embodied emissions of 4G BSs
are represented as carbon amortization because
its 12-year embodied carbon footprint must be
still counted even if 4G is no longer active, to
fairly compare with other scenarios. All together,
embodied emissions account for 40% of the total
4G carbon footprint in 2020, and up to 45% in
2025. For 5@, it accounts for 48% without SM,
and up to 70% with SM. Even if these emissions
are quite uncertain, they are non-negligible and
should be taken into account in mobile network
deployment strategies. Including amortization of
4G BSs, none of the scenarios significantly reduce
total GHG emissions of broadband RANs in 2025.

5.4 Carbon intensity

As for energy consumption, the total carbon foot-
print per generation is divided by the volume
of mobile data and by the number of users to
provide carbon intensities. The same trends as
for energy intensities are observed in Fig. 7(d)
and Fig. 7(f), with lower carbon intensities for
5G than for 4G. However, the reduction of 5G
carbon intensities thanks to SM is less impor-
tant than for energy because embodied emissions
do not change with this feature. The average
carbon intensity of mobile data transfers is esti-
mated to be 0.10 kgCO2/GB in 2020 and around
0.05 kgCO5/GB in 2025 for scenarios keeping 4G
active, even with SM in 5G. Again, a rebound effect
appears for the carbon footprint. Per user, the
average carbon intensity remains between 4 and 6
kgCOqe/user for all scenarios. The amortization
of 4G BSs reduces GHG emission savings.

6 Conclusion

In this work, we present a method to evaluate
and to project the total energy consumption of
country-wide broadband RANs. We use on-site
measurements to derive power models of 4G BSs,
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which show a linear relationship between power
consumption and data traffic with a static power
component. We then build a prospective power
model of 5G BSs by scaling 4G models with
respect to bandwidth, number of data streams,
and expected technological improvements.

Results show that the RAN energy consump-
tion is mostly independent of the data traffic
because BSs are lightly loaded on average. With-
out 5G deployment, we predict that the annual
mobile data traffic in Belgium saturates in 2025 at
twice the data volume of 2020, whereas the total
energy consumption of 4G RANs increases by 18%
only. With full 5G deployment, we rather predict a
threefold growth in mobile data traffic and an 81%
increase in total energy consumption, despite the
improvement in energy intensity. This illustrates
a backfire rebound effect. The sleep mode feature
can reduce the static energy consumption of 5G,
improving up to 10 times its energy efficiency com-
pared to 4G. If 4G is additionally decommissioned,
the total RAN energy consumption can drop, but
this scenario is very unlikely by 2025. Therefore,
we show that concurrently operating country-wide
4G and 5G RANs consumes more energy than
using only one generation. This finding calls for
sufficiency policies in future deployments of mobile
communication networks.

Accurately assessing environmental impacts of
4G and 5G BSs throughout their life-cycle is dif-
ficult because there is currently a lack of data
and information from manufacturers. Hence, we
roughly estimate embodied and operating GHG
emissions of BSs, and we observe a clear upward
trend of RAN carbon footprint when 5G deploy-
ment is extensive. This is partly due to the large
number of new 5G BSs that need to be pro-
duced. Depending on the scenario, embodied GHG
emissions account for 40 to 70% of the total car-
bon footprint, which is significant and should be
included in mobile network deployment strategies.

Future work is needed to validate power mod-
els of 5G BSs with on-site measurements. In
addition, BS power models should be refined for
time intervals shorter than one hour, in order
to capture faster traffic fluctuations. The deploy-
ment of enhanced mobile communication networks
also affects other segments of ICTs, such that
prospective evaluation studies should also include
end-user devices, data centers and core networks.
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