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The increasing concern about the energy consumption of communication networks is driv-
ing the research community to identify approaches to save energy in the networks of
today. For instance, considering wireless local area networks (WLANSs), the activation of
network resources can be driven by the user demand, avoiding having to always power
on all Access Points (APs). In this paper, we consider a portion of a dense WLAN system,
where many APs are deployed to provide sufficient capacity to serve a large number of

Il:fgjgvorisf;icienc active users during peak traffic hours. To provide large capacity, a number of APs are colo-
Wirengss LANS v cated in the same position and provide identical coverage; we say that these APs belong to

the same group, and they serve users in the same area. The areas covered by different
groups only partially overlap, so that some active users can only be served by a group of
APs, but a fraction of active users can be served by several groups. Due to daily variations
of the number of active users accessing the WLAN, some APs can be switched off to save
energy when not all the capacity is needed. The main focus of our study is the investigation
of the type of algorithm that should be used for the association of active users with APs in
order to increase the amount of saved energy in dense WLANSs. Results show that when
some system state information is available, such as the number of users associated with
each AP, the energy consumption can decrease up to 20%. Furthermore, our study gives
comprehensive insights on the trade-off between the opposite needs to save energy and
provide quality of service to the users.

Queuing models

© 2012 Elsevier B.V. All rights reserved.

1. Introduction

Dense, centrally managed wireless local area networks
(WLANSs), where a very large number of Access Points
(APs) is installed to provide users with a bandwidth compa-
rable to that of wired Internet access, are becoming com-
mon in large enterprises (some industrial campuses
report over 10,000 APs). Dense WLANSs can also be identi-
fied in academic campus networks, although density is usu-
ally lower in this case. As an example, consider that at the
time of writing this paper, in the office of one of the authors
at Politecnico di Torino, the signals of 20 APs were received
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by the inSSIDer Wi-Fi scanner [1], 14 of which belonging to
the institutional campus network. In these cases, the WLAN
deployment is often designed making use of clusters of APs
that provide coverage and capacity over the same area. Cen-
tralized management of the clusters provides a powerful
instrument for the implementation of schemes that handle
interference, trying to minimize its effect while optimizing
coverage and performance. For example, when traffic is low
and relatively little capacity is needed, these management
algorithms might decide to switch off some channels, i.e.,
APs, to reduce interference. Recently, the growing aware-
ness of the need to save energy [2], with the twofold
objective of reducing cost and being friendly with the envi-
ronment, has introduced the use of these centralized man-
agement schemes as means to improve energy-efficiency in
dense WLANSs [3]. Thus, these management schemes try to
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find a good trade-off among coverage, energy consumption,
performance.

In this paper, we consider a portion of a dense WLAN
system, where many APs are deployed to provide sufficient
capacity to serve a large number of active users during
peak traffic hours. To provide large capacity, a number of
APs are colocated in the same position and provide identi-
cal coverage; we say that these APs belong to the same
group and they serve users in the same area. The areas cov-
ered by different groups only partially overlap, so that
some active users can only be served by a group of APs,
but a fraction of active users can be served by more than
one group. Due to daily variations of the number of active
users accessing the WLAN, some APs can be switched off to
save energy when not all the capacity is needed. The main
focus of our study is the investigation of the type of algo-
rithm that should be used for the association of active
users with APs in order to increase the amount of saved
energy in dense WLANS.

Previous simulation and experimental studies in this
context considered real but small WLAN setups [3], while
analytical studies considered a portion of the WLAN area
in which several APs exist, all providing exactly the same
coverage [4]. In this paper, we extend the analysis of [4]
to a portion of the WLAN where two groups of APs offer
service over a given service area, that is the union of the
two areas resulting from the coverage of the two groups.
This is quite a significant extension with respect to [4],
since in the case of [4] the choice of the AP to which an ac-
tive user should connect is trivial. On the contrary, in the
new setting, the algorithm that the active users in the area
covered by both groups of APs adopt for the selection of the
AP to which they should connect, influences the energy
consumption of the WLAN.

To investigate the energy-performance trade-off, we de-
velop a model based on two coupled queues: each queue
represents a group of colocated APs, and customers arriv-
ing at the system might be served by one or both queues
depending on their position, that is probabilistically repre-
sented in the model. We also propose extensions of the
model to the case of more that two groups of APs. Due to
the growth of the state space with the number of groups,
the extensions are based on accurate approximations that
we discuss in the final part of this paper.

Queuing models have been for many years one of the
most popular tools for the quantitative analysis and design
of computer and telecommunication systems, from tele-
phony to packet networks. The types of metrics tradition-
ally derived from queuing models are extremely varied,
ranging from very simple indicators, like the average num-
ber of waiting customers, or the average time in the queue,
to more elaborate parameters, like, for example, server
busy and idle period duration distributions. Of course,
the metrics of interest depend on the type of system and
on the objective of the quantitative analysis.

Very little interest was paid in the past to metrics re-
lated to the system energy consumption. This is not due
to a limitation in the modeling power of queues; rather,
it reflects the lack of attention that in the past was paid
to the energy characteristics of computer and telecommu-
nication systems. Now, energy consumption has become

an important element of the design space, and models
are being developed with the objective of characterizing
the energy properties of ICT systems of different types.
As a result, energy-related metrics have started to appear
in the context of queuing models. Examples of recent pa-
pers where queues are used to assess the energy properties
of systems are [5], where an M/GI/1 queue with processor
sharing service is used to investigate the energy properties
of dynamic speed scaling in processor sharing systems, and
[6,7], where single-server and multi-server queuing mod-
els of server farms are investigated, with the objective of
identifying server management algorithms that optimize
the Energy-Response time product.

In the context of green networking, solutions based on
the use of sleep modes have been proposed in many dif-
ferent scenarios and contexts as approaches that, while
being effective, are also easily applicable to already avail-
able technologies. Many papers consider the case of cellu-
lar access networks. In [8], the authors show that, in
urban areas, it is possible to put some base stations in
sleep mode during low-traffic periods, while still guaran-
teeing quality of service (QoS) constraints in terms of
blocking probability and electromagnetic exposure limits.
The impact on the power consumption of deployment
strategies based on layouts featuring varying numbers of
micro base stations per cell in addition to conventional
macro sites has been investigated in [9]. For scenarios
with full traffic load, the use of micro base stations has
a rather moderate effect on the area power consumption
of a cellular network. In [10], the authors evaluate the en-
ergy saving that can be achieved with the energy-aware
cooperative management of the cellular access networks
of more than one operator offering service over the same
area. In [11], the authors propose a component-level
deceleration technique in base stations operation, called
Speed-Scaling, that is more conservative than entirely
shutting down BSs; it dynamically saves power during
periods of low load while ensuring full coverage at all
times. The proposed distributed iterative algorithm,
SpeedBalance, addresses the tradeoff between delay and
energy in both networking and processing components
of BSs. Extensive simulations show that SpeedBalance
can yield to significant energy savings of about 30-45%.
In [12], the authors show how cooperation increases the
covered area of a base station. They propose a model to
compute the power needed to cover an area and analyze
how cooperation reduces the power consumption. Based
on the performed analysis, they also show that using a
small number of base stations to cooperate on the trans-
mission to mobile devices is sufficient to save significant
amounts of power.

This paper is organized as follows: Section 2 contains
the problem statement, with the description of the consid-
ered portion of the dense WLAN, and its queuing model, to-
gether with the definition of performance metrics and
customer management algorithms. Section 3 presents
and discusses numerical results obtained with the detailed
model of the system. Section 4 describes the approximate
models and discusses their accuracy, as well as their use
in more general settings. Finally, Section 5 concludes the
paper.
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Fig. 1. Sketch of the considered portion of a dense WLAN.

2. Problem statement

In this section, we describe the system we focus on, we
present the analytical model we propose to study the sys-
tem and we discuss possible customer management (CMN)
algorithms.

The most important terms of the notation used
throughout the paper are summarized in Table 1.

2.1. The Wireless LAN

We consider a portion of a dense WLAN in which an
area A=A; [JA; is covered by several access points (AP)
in a manner such that a group G; of n; APs covers area
Ay, and another group G, of n, APs covers area A,, see
Fig. 1 for a sketch of the system. Each AP can allocate up
to K mobile terminals (MTs); this means that no more than
K MTs can be associated at the same time with the AP.

Table 1
Notation.

Symbol Description

n; Number of APs in group i

K Maximum number of MTs simultaneously associated with
an AP

A Rate of association request

1/u Mean association time

N; Maximum number of MTs associated with group i

o Probability that a request is originated from a MT in area A;

P System load

n Energy consumption of an active AP [W]

€ Energy needed for an AP activation/deactivation []]

u; Number of unconstrained MTs in A;

Ci Number of constrained MTs in A;

S State space of the proposed model

Vi Approximate customer arrival rate to A;

B Approximation relative error

Access points can be switched on and off according to
the number of MTs to be served. However, at least one
AP in each group must be on at any given time, in order
to provide coverage over the whole area A. A fraction ¥,
of the total area A corresponds to A; NA,, so that the APs
in group G, cannot serve MTs in this area. Similarly, a frac-
tion ¥, of the total area A corresponds to A, N A;, that can-
not be served by the APs in group G;. Finally, MTs located
in area A;nA,;=Ap, which corresponds to a fraction
1-Y, - ¥,=Y, of the total area, can be served by any
AP. APs can be activated and deactivated based on some
algorithms (which are the main focus on this paper) trig-
gered by MT arrivals and departures. When an AP is acti-
vated triggered by the arrival of a MT, the switching time
might translate into an increase of the time needed by
the MT to find and associate with a network. While we ne-
glect the effect of this time, let us notice here that some
solutions are possible to reduce it. For example, the MT
can be temporary associated with other already active
APs, or an AP can be activated before it is strictly needed.
In this paper, we do not discuss these techniques to engi-
neer the proposed solutions, we just estimate the possible
achievable saving.

MTs are uniformly distributed over the area, and they
collectively request access according to a Poisson process
with rate 4. The MTs remain associated with the AP for a
time described by an exponentially distributed random
variable with rate p. Since the time a MT is associated with
an AP depends on the user behavior and only very margin-
ally on the system performance, the rate u is independent
on the number of MTs in the system. Indeed, the time a MT
is associated with an AP is equivalent to the time a user is
connected to a network and it is of the order of minutes or
hours; thus, the possible effect of network performance on
user’s behavior can be considered negligible and u can be
made independent on the number of MTs connected to
the AP.
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2.2. The queuing model

We model the portion of the dense WLAN with the
queuing system shown in Fig. 2. The system is composed
of two multiserver stations with no waiting room. Each
station models a group of APs. The service corresponds to
the MT association with an AP. The two stations comprise
N; and N, servers, respectively, where N; = Kn; corresponds
to the maximum number of MTs that can be associated
with group i, that is composed of n; APs, each one limited
to host K MTs. As an example, Fig. 3 shows the case of sta-
tion 1 with n; =2 APs.

MTs request service, i.e., request to associate, according
to a Poisson process with rate . This is the customer arri-
val process in the queueing model. With probability equal
to o7 an arriving customer is in area A; N A, and it is, thus,
constrained to proceed to station 1. By assuming uniform
arrival rate in the area, the probability of arriving in A; is
proportional to the size of the area, and it is thus o = ¥;.
if the customer cannot be served by any AP in group 1,
because the maximum number of MTs has already been
reached (i.e., it cannot find an idle server), the customer
is lost. The same occurs to group 2 with probability
o =%, (where oy +0ay<1). With probability o= %o =
1 — oy — op, an arriving customer is unconstrained, i.e., it
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Fig. 3. Example of the queuing system modeling a group of APs.

can be associated with either one of the two groups,
according to the system CMN algorithm, which we discuss
later, and the customer is lost only when no idle server ex-
ists at either station.

Service times are i.i.d. random variables with exponen-
tial distribution with rate u. At the end of a service, uncon-
strained customers that remain in the system may change
station, according to the CMN algorithm. The system load
can be defined as p = 1/(3;mKuw).

Each AP (and the corresponding K servers in the model)
can be either active or dormant. Active servers can be either
busy, i.e., serving a customer, or idle, i.e., ready to provide
service to an incoming customer. In the model, the transi-
tion of an AP from dormant to active and vice versa corre-
sponds to groups of K servers that, at a time, become
dormant or active. We assume that as soon as K active
servers are idle, they are deactivated, and that if all active
servers are busy when a customer arrives, K dormant serv-
ers are activated, if available. We assume that the time
needed to complete a transition is negligible with respect
to the time-scale of request arrivals and departures.

Each active AP (group of K servers) consumes energy at
a rate n W, while a group of dormant servers consumes
negligible energy. The energy consumption may be a func-
tion of load, or of the number of active servers in the
group; however, in this paper we always assume # to be
constant, which is consistent with the characteristics of
today’s hardware. The activation or deactivation of an AP
requires an energy equal to € J.

The state of the queuing system is defined by a quadru-
ple s = (uy, 1, Uz, C2), with u; the number of unconstrained
customers at station i and ¢; the number of constrained
customers at station i. Considering that u; + ¢; < N;, the car-
dinality of the state space S is given by:

S| = ((N1 - 1)2(1\11 - 2)) ((1\12 + 1)2(1\12 n 2))

(1)
that is of the order of (N;N-)2.
2.3. The performance metrics

For the WLAN and the queuing system we introduce the
following performance metrics:

customer loss probability (probability that a MT cannot
associate with an AP)

average number of customers at each station (average
number of MTs associated with each AP group)
average power consumption (average power consump-
tion of APs)

average energy consumed to serve one customer (aver-
age energy consumed by APs to serve one MT).

The customer loss probability can be computed from
the queuing model steady-state distribution as:

Plloss] = o 3 7(S) + 02 3 m(S) + (1 — o1 — 02) Y 7(S),  (2)
5€51 55, 5€S83

where S; = {SJu; +¢1 =Ni}, S; ={s[uz +¢c; =N}, and

S3 = {5|lu1 + ¢ = N1&uy + ¢ = Ny} The customer loss

probability is computed as the fraction of customers that,
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Table 2
Customer management algorithms.

Algorithm Working principle Triggering action
R Request is randomly allocated to G; or G, MT arrival on Ao
F1 Request is preferentially associated with G, MT arrival on Ag
F1-R Request is preferentially associated with G, MT arrival on Ao or MT de-association
AB Request is associated with the group with the smallest number of MTs MT arrival on Ao
EA Request is preferentially associated with G; provided a new AP is not turned on MT arrival on A
EA-AB Request is preferentially associated with G; provided a new AP is not turned on MT arrival on Ag
and the number of MTs in G; is smaller than in G,
EA-AB-R Request is preferentially associated with G; provided a new AP is not turn on MT arrival on Ao or MT de-association

and the number of MTs in G; is smaller than in G,

when arriving at the system, find it full. Thus, it is derived
as the sum of the probabilities of all cases in which a MT
arrives to area A;, and the system is unable to accommo-
date it.

The average number of customers at station i can be
computed as:
Elg) = > (ui + c)7(s). 3)

seS
The average power consumption can be computed as:
E[P] = E[Ps] + E[Pqct] + E[Pae), (4)
where E[Ps] is the power consumed by active server
groups, and E[P,], E[P4c] are the powers consumed for ser-

ver group activation and deactivation, respectively. We
have:

E[PS] = 1’]{27'((0.0'0_0) + gl: Z (] + 1)7'C(§) + '1211 Zg (l + l)ﬂ(§)+

j=15€Sg;
m M . . _
+2 2 2 (A+HTE) ¢, 3)
i=1j=15€s;
where Soj = {SJu1 +¢1 =0&(G — DK +1 < uy + ¢ <K},

So={5|(— DK+ 1 < u; + ¢ <iK&u, + ¢c; =0}, S5 =
Gli-1DK+1<u +¢ <iK&{— DK+ 1< U+ ¢ <jK}.
The first term of the sum accounts for the consumption
when no customer is present in the system, in this case
one AP per group must be kept on. The second term ac-
counts for the case in which there is nobody in the first
group (but one AP must be active) and j APs are active in
the second group; the third term is the dual for the case
in which there is nobody in the second group. And, finally,
the last term corresponds to the case in which i and j APs
are active in the first and second group, respectively.
E[Py] can be written as:

E[Pact) —)‘e{ul S ) +o S @)+ (1—ay—oa) > n(s)}

5€Sact1 5€Sact2 5€Sacto
(6)

S€Sge1 SE€S e

E[Pge] = ,“6{ > (U c)m(s) + Y (ua+ Cz)n(s)}, (7)

The sets Suce1, Sace2, and Sgero include those states where
an arrival produces the activation of a group of K servers. In
the cases of Sy1 and Sy, a constrained customer arrives
on areas A; and A, respectively, and a new group of servers

is activated at queues 1 and 2, respectively. In the case of
Sacto, an unconstrained customer arrives on area Ap, and a
new group of servers is activated at either queue 1 or
queue 2. The sets Sgeq and Sy, include those states where
an end of service at queues 1 and 2, respectively, produces
the deactivation of a group of K servers.

The average energy consumed to serve one customer
can be computed as:

Elg\] + E[q,]  A(1 — P[loss])

where E[T] is the average time spent by a customer in the
queuing system, which is computed by Little’s Law as:

Elgy] + E[g,]
E[ = (1 . P[lossz])' ©)

2.4. The customer management algorithms

We consider several alternatives as regards the algo-
rithm used to manage unconstrained customers, that cor-
respond to MTs in Ap. The algorithms mainly differ in
two aspects. The first one is the state information that is
used to take decisions about MT association with the
APs: in the various algorithms presented below, state
information goes from the simple binary information
about the system being full or not, to complete state
including, for all the APs, the state and number of associ-
ated MTs. The second aspect is the kind of event that can
trigger the algorithm: in some cases the algorithm is trig-
gered by the request of a new association (a customer arri-
val, in the queuing system model), in other cases both
arrivals and departures, i.e., MT associations and de-associ-
ations, trigger the algorithm.

Table 2 shows the main characteristics of the proposed
CMN algorithms, that are described below in detail:

1. Random (R) - Each MT in Ao that requests access

chooses the access point group G; or G, with equal
probability. If the chosen group cannot accommodate
the MT request, the MT is associated with the other
group, if possible. If both groups are full with custom-
ers, the request is refused.
This algorithm does not try to optimize energy con-
sumption, allowing MTs to randomly choose the AP
group. The only information required at MTs concerns
the full/not full state of AP groups at arrival instants.
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Fig. 4. Set of metrics for the equal load case with p =0.2.

2. Fill G, first (F1) — MTs in Ap that request access are pref-

erentially associated with G, insofar as possible. If G, is
full, MTs are associated with G,, but if also G, is full, the
request is refused.

This algorithm tries to concentrate the load on Gy, thus
reducing the need for active APs in G,. The only infor-
mation required at MTs concerns the full/not full state
of AP groups at arrival instants.

. Fill G, first with Reassociation (F1-R) - This strategy is
similar to the previous one, F1, but the algorithm can
also be triggered by a MT de-association. Thus, the
end of a service of a MT in Ag associated with G, triggers
a new control over the active MTs. The control, in its
turn, can make a MT in Aq associated with G, be trans-
ferred to G;.

This algorithm tries to concentrate the load on Gy, even
more than F1. The information required at MTs con-
cerns the full/not full state of AP groups at both arrival
and departure instants.

. Association Balancing (AB) - MTs in Ay that request
access are associated with the group of access points
that is serving the smallest number of MTs (considering
both constrained and unconstrained MTs). If the two
groups are serving the same number of MTs, the MT is
associated with G;. If both groups are full, the request
is refused.

This algorithm tries to optimize energy consumption
through load balancing over the two AP groups. The
information required at MTs concerns the exact state
of AP groups at arrival instants.

. Energy-Aware (EA) - MTs in Ag that request access are

associated with G;, provided this does not require
switching on a new access point. Otherwise, the same
check is made on G,. Furthermore, a new access point
is preferentially turned on in G;.

This algorithm tries to optimize energy consumption by
reducing the number of active APs in the two groups.
The information required at MTs concerns the exact
state of AP groups at arrival instants.

. Energy-Aware with Association Balancing (EA-AB) -

MTs in Ap that request access are associated with Gy,
provided this does not require switching on a new
access point and the number of MTs served by G, is
smaller than for G,. Otherwise, the MT is associated
with G,, provided this does not require switching on a
new access point. A new access point is preferentially
turned on in G;.

This algorithm tries to optimize energy consumption by
reducing the number of active APs in the two groups,
and by load balancing. The information required at
MTs concerns the exact state of AP groups at arrival
instants.
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7. Energy-Aware with Association Balancing and Reas-

sociation (EA-AB-R) - The strategy is the same as the
previous one, but it is also run at each user de-associa-
tion.
This algorithm tries to optimize energy consumption by
reducing the number of active APs in the two groups,
and by load balancing. The information required at
the MTs includes the exact state of AP groups at arrival
and departure instants.

3. Numerical results

In this section we discuss numerical results derived
from the solution of the queuing model with the different
CMN algorithms. We present in particular a comparative
analysis of the behavior of the different CMN algorithms,
trying to gain insight in the approaches to be followed
for energy efficiency.

We consider scenarios that differ in the system load, as
well as in the fraction of the service area that can be served
by both groups of APs. We fix the time that each MT re-
mains associated with an AP to be exponentially distrib-
uted with mean equal to 1000s (ie, u=0.001s"",
adopting the same values used in [4]), and we vary /, as
well as o; and a;.

The energy consumption per time unit for each access
point is assumed to be constant, and is set to #=1W.
Initially, the energy spent for an AP activation or deactiva-
tion is neglected, i.e., we set e=0].

3.1. Basic scenario

We start by considering the case in which the load gen-
erated in the areas A; N A, and A, NA; are equal. The frac-
tion of the load generated in area Ag=A; N A, varies from
10% to 90% of the total load, meaning that the overlap be-
tween the areas A; and A, in Fig. 1 varies. Since the distri-
bution of MTs over the service area is assumed to be
uniform, the load in a given area is proportional to its size.
The maximum number of MTs that can associate with an
AP equals K=10, and group i comprises n;=2 APs, with
i=1, 2, so that the maximum number of MTs allowed in
each AP group equals N;=20. The results are shown for a
total load on each area A; which is p; = Z/(n;Ku) € {0.2, 0.4,
0.6, 0.8}.

Figs. 4-7 show numerical results for: (a) average power
consumption, (b) customer loss probability, (c) average en-
ergy per customer, versus the fraction of the load gener-
ated in area Ay, for variable system load.

Several interesting observations derive from the results
in Figs. 4-7:
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Fig. 6. Set of metrics for the equal load case with p = 0.6.

1. Focusing on the lower loads, p = {0.2, 0.4}, we see that
CMN algorithms that balance the load between areas
(i.e., the AB, EA-AB and EA-AB-R algorithms) yield lower
average energy consumption with respect to algorithms
that push the MTs to AP group 1, and the former con-
sume less energy than the algorithm that randomly
chooses an AP group for unconstrained customers,
which also stochastically balances customers between
APs. Remarkably, these algorithms, while yielding smal-
ler customer loss probability, consume less energy. As a
result, they provide the smallest values of energy per
user. Indeed, as can be noted from the average number
of customers at the two stations (not plotted for brev-
ity), algorithms F1 and F1-R (and even EA, although at
a lower extent) tend to bring more customers to AP
group 1, and, thus, lead to high loss probability; how-
ever, they also consume more. The reason is that by
pushing customers to the first group, the second group
is quite under-utilized, but still one AP in that group is
always powered on, and energy is not that effectively
used, as shown also by the energy per customer plot.
The largest difference can be observed at 90% of uncon-
strained MTs, where the EA-AB-R algorithm decreases
the average energy consumption by about 25% with
respect to F1.

2. Focusing on the higher loads p ={0.6, 0.8}, we see that
the situation is reversed: the CMN algorithms that push
the MTs to AP group 1 outperform the other policies in
terms of energy consumption, at the price of a probably
too high loss probability. Indeed, by having higher loss
probability, these policies end up serving a lower num-
ber of MTs and having a higher chance to switch off
some APs. This, in its turn, makes the average energy
per customer smaller for these policies than for the
AB, EA-AB and EA-AB-R algorithms.

3. As expected, the average number of MTs connected to
the APs in group 1 is larger for the algorithms that push
MTs to this group and, consequently, the average num-
ber of MTs in the APs of group 2 is smaller; this can be
observed in Fig. 8 for load equal to 0.8. If the objective,
for a given particular system design, is to decrease the
power consumption of a specific AP group, the F1, F1-
R and EA policies are more appropriate, but loss proba-
bilities become quite high for growing loads.

4. The random algorithm is probably the simplest one in
terms of implementation. Indeed, the main algorithm
characteristic is that it requires no state information. It
must be noted that the performance of this algorithm
is quite close to optimal. Indeed, for p = {0.2,0.4} the best
performing algorithm improves energy consumption
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Fig. 8. Mean number of MTs associated with the two groups, p = 0.8.

with respect to the random (R) by less than 10%, at a
price of some state information. For p ={0.6, 0.8}, the
maximum improvement amounts to about 15%, but it
comes with a large increase of loss probability.

. The average energy per customer decreases for increas-
ing load, due to a better utilization of the APs that
always remain on, to guarantee coverage.

3.1.1. Lower capacity access points

In the derivation of previous results we considered
groups of two APs, that can accept up to K= 10 MTs each.
Since some of the previously described effects might be
due to the quantization inherent in the small number of
APs in each group, we now turn our attention to a case
where quantization is lower: each AP can serve at most five



A.P. Couto da Silva et al./ Computer Networks 56 (2012) 2522-2537

K=5 R Kg10
S 7 F1
= * F1-Ri-x-
g— o AB: B
E s EA
[7] EA-AB: -~ 0~
S A EAABR --e-
O 5
1]

*

3 4 2 B
o
o
>
i
2
<

10 20 30 40 50 60 70 80
Overlapping Area[%)]

(a) p=04

20

2531

8
S 74 W
g | 7 ]

K
E 6
[}
c
8 s
ot
z
3 4 o N S——
< K=5 i ST, S S A p—
> 3r F1
©
5 * F1-Riwxee
> o AB:
< 27 EA
EA-AB -0
;Lo BAABR, - e
10 20 30 40 5 60 70 80 90
Overlapping Area[%)]
(b) p=0.8

Fig. 9. Impact of parameter K on the policies’ behavior.

users, and each group comprises four APs, thus leaving the
maximum number of active users per AP group equal to 20,
as in the previous case.

Fig. 9 shows the results for the average power con-
sumption considering p € {0.4, 0.8} and K € {5, 10}. Taking
into account that the case K=5 corresponds to doubling
the number of APs with respect to the K= 10 case, and,
thus, when all devices are powered, to double the con-
sumption (since we assume that in both cases an AP con-
sumes 1 W when on), no significant qualitative difference
can be observed in the two cases. We can conclude that
the effect of quantization on results is limited. The reduced
granularity in the number of MTs served by each AP leads
in fact to a small increase in efficiency, but the relative
merits of the different CMN algorithms remain the same.

3.1.2. Including the energy cost of turning on an access point

The results presented so far assumed that the AP activa-
tions or deactivations do not incur energy cost. However, it
is interesting to investigate whether a reasonable energy
cost associated with the AP activation or deactivation
may impact the comparison of the considered CMN
algorithms. Here, we investigate only the association of an
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energy cost with the AP switch-on, neglecting the switch-
off cost, which can be assumed to be significantly smaller.

To compute the energy cost of switching on an AP, we
first derive the switch-on rate, i.e, the average number of
times an AP is switched on in the time unit. Let us denote
by R the switch-on rate. We can derive R from:

R= " T,

S€Son

with S, = {§|[% <m&uy +¢ < N]} || [UZIJECZ < ny &uy+
¢, < N,]}. The energy cost of switching on an AP is then de-
rived as the product of R by the energy needed for each
switch-on; the cost is, thus, equal to Re and it is measured
in Watts.

Initially, we only present results for the switch-on
energy cost, without adding the power consumption cost
value attached to the MTs connected to each access point.
Fig. 10 shows the results for p € {0.4, 0.8} and €=10].
Assuming € = 10 ] implies that the switch-on energy cost
equals the energy cost of 10 s of normal operation. This
may be reasonable, assuming that the AP requires a time
of the order of 10s to switch on. We can note that the
switch-on energy cost is at most of the order of few
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Fig. 10. switch-on cost (energy consumption due to APs activations) for cost of individual activation € =10].
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Fig. 11. Average power consumption for different values of € and 50% of overlapping area.

percentage points of the cost required to power on the two
APs that are necessary to provide coverage over the service
area (one in each G; and G,).

To explore the influence of different energy costs for the
AP switch-on, we show in Fig. 11 the total energy con-
sumption metric (adding the normal operation energy cost
to the switch-on cost) for different values of €, with Ag
equal to 50% of the total service area A. We can see that
the impact of the switch-on energy cost is quite small at
low as well as high load.

For all cases, the largest energy cost is due to the normal
AP operation.

3.1.3. Three access points per group

As a variation of the basic scenario, we increase the
number of APs in each group to 3, so that the total number
of users served simultaneously by each AP group grows to
30. Fig. 12 shows results for p=0.6. The algorithms’
behavior does not change significantly with respect to
the previous case. Further increasing the number of APs
becomes critical from the point of view of the state space
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cardinality, but this situation can be handled with the
approximations that we describe later in this paper.

3.2. Unbalanced load

We now consider the case in which the traffic loads on
the two areas are different. The total traffic p; on A; is ta-
ken to be 20% greater than the traffic on A,.

Fig. 13 presents the results for the average power con-
sumption metric. Interestingly, since the first group is
more loaded, the Fill G first (F1) and Energy-aware poli-
cies tend to behave in a similar way for growing load
(curves coincide at high load). Since the Random policy
assignment does balance the associations when traffic is
the same in the two areas, but not in the case of unbal-
anced traffic, the random policy consumes more than the
energy-aware policies. The lower consumption visible in
the figure at high load is the side effect of a much higher
loss probability (not shown for brevity) exhibited by the
Random policy in this scenario.

The total traffic p; on A; is now taken to be 40% greater
than the traffic on A,. Fig. 14 presents the results for the

1.0e-02 - - g %
,,,,,,,,, pom—
=
1.0e-03 g
1.0e-04 g
L oe0s T
.0e-05 it
§ ) \@\
3 1.0e-06 R U R]
o S 22 B B e F1
1.0e-07 R FLR ¥ y
’ (N i AB-P &
. EA
N i) EA-AB -~©-- ]
1.0¢-08 3 ° EAAmE O
T it}
1.0¢-09 p—
"’»»0—-”‘#,,,,;;L_”“
1.0e-10
10 20 30 40 50 60 70 80 90

Overlapping Area[%]
(b) Customer Loss Probability
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Fig. 13. Average power consumption for the inhomogeneous traffic to the stations, with traffic on A; 20% larger than traffic on A,.

average power consumption metric. For the low load case
(p = 0.4), the policies have the same behavior as the previ-
ous case. However, for the high load scenario, the average
power consumption values are more spread considering
the energy-aware policies. Again, the random policy has
a much higher loss probability measure.

4. Approximations

As we can see from (1), the cardinality of the state space
S of the queuing system grows roughly with the fourth
power of the maximum number of users that can be served
by a group of APs (assuming that the two groups can serve
about the same number of users). If the number of AP
groups is m, and each group can serve at most N users,
the state space cardinality is of the order of N*™. The Mar-
kovian model that underlies the queuing system suffers
from a combinatorial explosion of the number of states
for both growing number of users and growing number
of AP groups.

Dealing with very large state spaces implies both
technical problems in the implementation of the model

solution, and numerical errors in the computation of the
performance measures of interest. In this section, we pres-
ent approximate models that provide accurate estimates of
the performance metrics, while generating state spaces of
much smaller size than the models discussed so far, and
even allowing a closed form expression for the limiting
probabilities.

In the following, the description and the evaluation of
the approximate models focus only on the Random CMN
algorithm for two reasons. First, the approximations are
simpler to describe in this case, and, second, the R policy
seems quite a reasonable compromise between perfor-
mance and simplicity of implementation. The extension
to the other CMN algorithms discussed in the previous sec-
tion is tedious, but straightforward.

4.1. Single queue approximation

As a first step, we develop an approximation based on
considering just one of the two queues in our system, say
queue 1. The idea behind this approach is to approximate
the customer arrival rate y; at queue 1 from the area
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2534 A.P. Couto da Silva et al./ Computer Networks 56 (2012) 2522-2537

Ap = A1 NA,, independently on the state of the other queue
(queue 2). The performance metrics of interest are then
computed for queue 1, independently from the state of
queue 2.

The customer arrival rate in Aq is equal to opi. Accord-
ing to the Random CMN algorithm, this rate is equally split
between the two queues, so that queue 1 receives from
this area a customer flow at rate opi/2. However, queue
1 also receives all customers that arrive in area Ay when
queue 2 is full, so that we must also account for an addi-
tional customer arrival rate equal to P[full;]oo//2, where
P[full;] is the probability that queue 2 is full. So, we can
write:

Ol
7, =(1 +P[fullz})%. (10)
The total arrival rate at queue 1 is then:

0o/

11:0(1/1+(1+P[fu112})7. (11)

Assuming that the two queues are equal (same number
of APs, same size of the served area, same maximum num-
ber of users per AP), or very similar, we can approximate
the value of P[full,] with the value P[full;]. If the parame-
ters of the two queues are indeed identical, we only intro-
duce an error deriving from the fact that we are assuming
independence in the behavior of the two queues. If the
parameters of the two queues differ, an additional error
is introduced by assuming P[full,] = P[full;].

For the model solution, in this case we must use an iter-
ative algorithm, because of the circular dependence of the
loss probability on the arrival rate, and of the arrival rate
on the loss probability. At each step of the iteration, the
probability distribution vector 7 is computed, as well as
P[full;], for a given value of the customer arrival rate A;.
The new value of 4, is then computed from P[full;], and a
new iteration is run. The algorithm stops when either a
maximum number of iterations is reached, or the relative
error between the values of P[full;] at two consecutive
steps of the iteration is smaller than a given tolerance.
The performance measures of interest are computed from
the final probability distribution vector.

Note that the queue we are using in this approximation
is an M/M/N;/0, with arrival rate equal to 4, so that:

7(/‘_0 : (12)

fori=0,...,Nq, and
Plfull;] = 7y, 1 (13)

Hence, the iterative algorithm is extremely fast.

This approach can be easily extended to cases compris-
ing more than two queues. Numerical results for this
approximation are presented in Section 4.3.1, and vali-
dated against the exact model and simulation. As expected,
this single queue approximation yields very accurate
results, especially when the queues are equal.

4.2. Multi-queue approximations

The approximation procedure described above can be
easily improved, by considering all the queues in the sys-
tem, but still assuming independence in their behaviors.
We can thus model each queue separately, computing
the customer arrival rate /; at each queue. The computa-
tion of 4, in the case of 2 queues is thus as in (11), with
P[full;] computed in this case from the analysis of queue
2 in isolation. Also in this case, for the computation of
the performance metrics, an iterative algorithm must be
used. At each step of the iteration, the probability distribu-
tion vectors for the two queues are computed from their
analytical expression, as well as P[full;] and P[full,], using
for the customer arrival rates the values of /; and /. The
new values of 1; and /, are then computed from P[full;]
and P[full,], and a new iteration is run. As before, the algo-
rithm stops when either a maximum number of iterations
is reached, or the relative error between the full queue
probability values at two consecutive steps of the iteration
are smaller than a given tolerance.

Also in this case, the approximation can be easily ex-
tended to cases comprising more than two queues. Numer-
ical results for this approximation are presented in Section
4.3.2, and validated against simulation. As expected, this
approximation yields better results than the single-queue
approximation, especially when queues are different.

4.3. Validation of approximations

4.3.1. Single-queue systems

We start by validating the proposed single-queue
approximation, considering queuing systems where all
queues are subject to the same load, and the Random
CMN algorithm is used. We start with systems that can
be solved with the detailed model, so that the approximate
results can be compared against the results of the original
model; we then let the number of users and the number of
areas grow.

Let us start with two overlapping areas, two APs per
group and 10 MTs on each AP at most. To assess the accu-
racy of the approximate solution, we evaluate the relative
error, 5, between the approximate and exact computation
of the average power consumption. Table 3 reports, for
p={04, 0.6, 0.8}, the minimum and maximum values of
& observed when varying the fraction of overlapping area
between the service areas A; and A,. Relative errors are
very small.

For the cases with a larger number of users or larger
number of areas, since the computation of the exact solu-
tion is not feasible, the approximation is compared against
results obtained by simulation. Letting the maximum

Table 3

Relative error ¢ (2 APs per group, K= 10 MTs, 2 areas).
P Minimum & Maximum &
0.4 8.445375e—6 1.689047e-5
0.6 3.014154e-5 2.529892¢-3
0.8 1.990460e—3 7.565440e—3
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number of users that can be served by each queue grow,
considering 40, 60, 80, 100 users on each area, K= 10 and
p ={0.4, 0.8}, Table 4 shows the mean energy consumption
of group 1, computed by the approximate solution and
through simulation; for simulation results we report the
confidence interval at 95% confidence level obtained by
repeating 10 independent simulation runs. Values in bold-
face refer to the cases in which the approximate solution
falls out of the confidence interval obtained by simulation.
When the load is low the approximate solution is very
accurate and always falls in the confidence interval; when
the load is high, the approximate solution that assumes
independence among queues slightly overestimates the
energy consumption. Still, estimations are pretty accurate
in most of the cases.

In what follows, we consider the case of a queuing sys-
tem comprising a larger number of queues, i.e., several AP
clusters which serve multiple overlapping areas. For the
numerical results, consider the case of four groups of APs
(four queues in the model), that form one overlapping area
that is common to all the four areas. Each group includes
two APs, and each AP can serve up to 10 MTs. Table 5
shows the relative errors between the single-queue
approximate model and simulation. Also in this case, rela-
tive error values remain very small, indicating that the pro-
posed approximation is accurate even in more complex
cases, which would be problematic to handle with an
extension of the exact model that we presented in the first
part of this paper.

Let us now turn our attention to the case of a WLAN
with eight groups of APs, and eight overlapping service
areas. Each group includes two APs and each AP can serve
up to 10 MTs. Table 6 shows the relative errors between
the single-queue approximate model and simulation.
Again the relative error values remain small.

4.3.2. Multi-queue systems
Let us now consider the case of unbalanced load, due to
different arrival rates on each area. We focus on the basic

Table 5

Relative error ¢ (20 MTs, 4 areas).
P Minimum § Maximum &
0.2 4.966846e—6 1.689021e—4
04 1.224378e—-4 1.724102e-3
0.6 1.005664e—3 1.675102e—-2
0.8 7.299118e-3 1.319239¢-2

Table 6

Relative error 6 (20 MTs, 8 areas).
P Minimum § Maximum &
0.2 6.954102e-5 2.943501e-2
04 1.493859¢e-3 4.938786e—2
0.6 2.987414e-2 9.235088e-2
0.8 3.345820e-2 9.756801e-2

scenario, with two groups of two APs each, and each AP
serving at most 10 users; the probability o; that an arriving
customer is constrained to proceed to station 1 is 25%
greater than the probability o.

Although the single-queue approximation can also be
applied in this scenario, the multi-queue approximation
is expected to provide better accuracy. Indeed, while the
single-queue approximation, for p=0.4, increases both
the maximum and minimum errors to 5.491816e—3 and
4.923707e-2, respectively, the 2-queue approximation
leads to errors which are two orders of magnitude smaller,
as we can see in Table 7. Note that this improved accuracy
is paid with a negligible increase of the solution
complexity.

Table 8 shows the relative errors between the single-
queue approximate model and simulation for the case of
four areas. The relative error remains small, indicating that
the proposed approximation performs well.

4.3.3. Non-exponential association times
Finally, in this section we consider the case of systems
with non-exponential association times. The distribution

Table 4
Approximate solution and the simulation confidence intervals, case of two groups.
APs Ao (%) p=04 p=0.8
Approx. Conf. inter. Approx. Conf. inter.

4 20 2.055 [2.053,2.058] 3.558 [3.549,3.560]
40 2.055 [2.051,2.056] 3.571 [3.564, 3.570]
60 2.055 [2.052,2.058] 3.586 [3.576,3.584]
80 2.055 [2.051,2.056] 3.602 [3.581,3.592]

6 20 2.853 [2.849,2.872] 5.187 [5.172,5.203]
40 2.854 [2.838,2.859] 5.198 [5.186,5.212]
60 2.854 [2.848,2.862] 5210 [5.195,5.227]
80 2.853 [2.838,2.858] 5.223 [5.191,5.213]

8 20 3.650 [3.642,3.684] 6.807 [6.797,6.828]
40 3.651 [3.614,3.641] 6.813 [6.774,6.818]
60 3.651 [3.630,3.672] 6.822 [6.807,6.852]
80 3.650 [3.625,3.651] 6.834 [6.824,6.865]

10 20 4451 [4.444,4.470] 8.420 [8.385,8.430]
40 4.452 [4.425,4.450] 8.423 [8.381,8.417]
60 4.452 [4.428,4.463] 8.429 [8.385,8.439]
80 4.451 [4.432,4.471] 8.439 [8.431,8.471]
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Table 7

Relative error 6 - multi-queue systems (20 MTs, 2 areas).
P Minimum & Maximum &
0.2 4.981047e—6 2.492212e-5
04 4.906312e-5 4.524259e—4
0.6 6.060947e—4 4.891496e—3
0.8 2.269933e-3 1.149481e-2

Table 8

Relative error é — multi-queue systems (20 MTs, 4 areas).

P Minimum 6 Maximum §
0.2 4.730487e—-4 2.981811e-3
0.4 5.875441e-3 5.439721e-2
0.6 1.028257e-2 7.844002e—2
0.8 4.151188e-3 1.149481 -2
3 . e
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Fig. 15. Average power consumption for different distributions of the
association times.

of association times depends on many factors, such as the
scenario, the user behavior, the environment and it is, in
general, difficult to derive. The objective of this section is
to evaluate the accuracy of the predictions we obtain with
our approximate model when various distributions are
considered. Good approximations are indications of a high
degree of representativeness of our approximate results in
different possible scenarios. In particular, we compare the
results obtained from the proposed model against simula-
tion results obtained by considering systems with different
distributions and the same mean value. We consider again
the case of two areas, K= 10, and system load p =0.4. In
Fig. 15 the results are plotted for the cases of association
times distributed according to exponential, deterministic,
Erlang (2 stages) and Weibull distributions. The results
are clearly almost insensitive to the distribution of the
association time. Thus, we can consider our model and
our results representative of more general cases.

5. Conclusions

In dense WLANs, where a large number of APs is de-
ployed to provide large capacity, the use of sleep modes

for the APs can make the network energy efficient. The idea
is to use sleep modes for a portion of the APs when the
number of mobile terminals associated with the network
is small and not all the capacity is needed.

Based on this idea, in this paper, we presented a set of
algorithms to make the capacity adaptive to the number
of associated terminals and, in particular, for the associa-
tion of active users with APs, with the final objective of
reducing the amount of energy consumed in dense, cen-
trally managed, WLANs. We investigated the energy-per-
formance trade-off with a model based on two coupled
queues. We also introduced computationally efficient and
accurate approximations for the analysis of large systems.

Two main lessons can be learn from the results. First,
the amount of energy that can be saved is quite consider-
able, especially at low loads; this suggests that approaches
like those presented in this paper are interesting for large
enterprise networks that include large numbers of APs.
Second, results indicate that differences in energy effi-
ciency among CMN algorithms remain limited, so that
the use of simple approaches seems reasonable and, thus,
even a limited state information is sufficient to make the
algorithm effective.
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