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Abstract—Heterogeneous networks consisting of a macrocell
tier and a small cell tier are foreseen as one of the solutions to
meet the ever increasing mobile data demand. Since a massive
deployment of small cell access points (SAPs) leads also to
a considerable increase in energy consumption, the energy
efficient design of those SAPs is crucial. Sleep mode techniques
are a promising strategy to reduce the energy consumption,
yet they require cognitive capabilities to detect the presence of
a macrocell user. In this work, we define a fundamental limit
on the interference density that allows robust user detection.
Beyond this limit, which we call the interference wall, an energy
efficient SAP design is impossible. In addition, we elucidate the
relation between energy efficiency and sensing time using large
deviations theory.

I. INTRODUCTION

Along with the exponential growth of mobile data traffic
over the last years, energy consumption has risen consider-
ably [1]. Driven by growing environmental awareness and the
increasing cost of electrical energy relative to the operation of
mobile base stations (MBSs), green wireless communications
has become an active field of research that tries to unite the
opposing needs of growing mobile data activity and energy
efficiency [2]–[4].

Conventional cellular networks based on the careful de-
ployment of MBSs suffer from reduced signal quality for
indoor and cell edge users. Furthermore, the explosive surge
in mobile data traffic accelerates the need for novel cellular
architectures to meet such demands [1]. The LTE-Advanced
standard proposes heterogeneous networks (HetNet’s) that
consist of a macrocell network overlayed by small cells.
In this network architecture, the macro-tier guarantees the
coverage, while the overlay network is a means to offload
the data traffic from the macrocell network and to satisfy
the local capacity demand. Although the introduction of
HetNet’s is able to cope with the increase of mobile data
traffic, the overall energy efficiency is severely affected by
the installation of additional base stations [5], [6]. Motivated
by the high traffic demand fluctuations over space, time, and
frequency, sleep mode techniques are a promising strategy to
overcome this problem. Specifically, energy efficient SAPs
can save power by entering into sleeping mode when they are
not serving any active small cell users. Different sleep mode
strategies for SAPs are introduced in [7], such that the wake-
up mechanism can be driven by the SAP, the core network or

the user equipment (UE). The wake-up mechanism governed
by the UE requires reverse beaconing and adds complexity
to the UE hardware, while the network controlled wake-
up mechanism assumes traffic load and user localization
awareness [8], [9]. Therefore, it is attractive to investigate
distributed sleep mode strategies, which do not involve an
augmented UE complexity and do not require signaling nor
user localization awareness. To allow a distributed decision
approach, the SAP requires cognitive capabilities to sense
when a macrocell user is active within the SAP coverage.
Considering open access control, the SAPs sense the trans-
missions from a macrocell user to an MBS, and switch
on the pilot transmissions when user activity is detected
within the SAP coverage. Due to the simplicity of passive
sensing, we assume that all SAPs perform energy detection
at the expense of being sensitive to noise and interference
uncertainties. The detection performance of the SAP should
guarantee a high probability of detection (Pd) to maximize
traffic offload, while ensuring a low energy consumption,
which is proportional to the false alarm rate (Pfa).

In this work, we investigate the performance limits of
cognitive SAPs due to network interference uncertainties. We
formulate an energy consumption model for the cognitive
SAP and characterize the relationship between the energy
consumption and the detection performance. Uncertainties
related to the random topology, bursty activity and fading
channel effects of the aggregate network interference limit
the detection robustness. We define the interference wall,
beyond which the target Pfa and Pd can not be obtained no
matter how long the channel is observed. This a fundamental
limit of the detection robustness, which confines a region
of interferer densities where the cognitive SAP can be used
advantageously in order to reduce the network wide energy
consumption. In addition, we determine how fast Pfa con-
verges to a stationary value as a function of the sensing time
using techniques from large deviations theory. The obtained
rate function gives insight into the relationship between the
detection performance and the energy efficiency.

II. SYSTEM MODEL

A. Network topology

We consider a cellular network model that consists of a
single MBS overlayed with a network of SAPs. The SAP
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applies passive sensing by means of an energy detector (ED)
for reasons of low complexity and low power consumption1

[10]. For the ED, the presence of multiple simultaneous
transmissions of different UEs in the macrocell uplink band
eases the detection process, and therefore, we consider the
more challenging scenario with a single UE within the
coverage of a single SAP. It is well known that the ED has
no capabilities to differentiate between the signal of interest
(SoI) and interference or noise [10]. The measurements of
the SAP under realistic conditions are corrupted by network
interference, which can originate from mobile macrocell
users, mobile users within the SAP coverage that are not
registered with the SAP operator, or from other type of
underlay communications using the same uplink band [11].
As a result, we consider the case of the interfering nodes
spatially distributed according to a homogeneous Poisson
point process (PPP) over the entire plane. For a homogeneous
PPP, the probability that k nodes reside within a region R
depends on the interferer density ! and on the area AR of
the region R, and can be expressed as

P[k ! R] =
(!AR)k

k!
e!!AR , k = 0, 1, 2, ... (1)

The spatial model consisting of a macrocell overlayed with
multiple small cells is illustrated in Fig. 1.

SAP

MBS

SAP

SAP

Macro user

Macro user

small cell
user

Fig. 1. Spatial distribution of the SAPs and the UEs. The interfering nodes
consist of the macrocell users outside the coverage of the set of SAPs, and
macrocell users within the coverage of an SAP who are not registered with
the SAP operator.

B. SAP power consumption

The SAPs operate in open access (OA) mode and are
accessible for all users registered with the operator of the
SAP. In order to enable a distributed sleep/wake-up scheme,
the SAPs are provided with cognitive capabilities. When the
SAP does not serve an active user call, it goes into sleep
mode and senses periodically the macrocell uplink channel
to detect user activity. Once the SAP detects an active user
in the macrocell uplink band within its coverage, the SAP
switches on and starts the transmission of pilot signals.

1Note that the ED sets a lower bound on the detection performance.

Subsequently, the UE reports the presence of the SAP to
the MBS and the UE is handed over to the SAP. The activity
of the SAP is defined using a time-slotted model. Assuming
a fixed slot duration T , the SAP senses the channel over
a sensing time "s and transmits over a time T " "s when
an active mobile user is detected. Three main contributions
to the power consumption of the cognitive SAP can be
identified: the power related to the circuit synchronization
!c, the sensing power !s, and the transmission power !t

[12]. We consider the circuit synchronization to be active
over the entire time slot. The SAP senses the uplink channel
according to a sensing scheme with sensing probability ps
and the corresponding energy consumption is proportional
to the sensing time. The activity of the SAP, the UE and
the interfering nodes on a given instant can be modeled
as mutually independent Bernouilli processes with success
probabilities ps, pu and pI, respectively. By the colouring
theorem of PPPs, the active nodes that contribute to the
interference form a PPP with density pI!. The UE signal
detection is a binary hypothesis test problem. In the presence
of the UE signal (hypothesis H1), the SAP starts the pilot
transmissions when it senses the uplink channel and correctly
detects the user activity. In the absence of the UE signal
(hypothesis H0), the SAP starts the pilot transmissions when
it incorrectly detects the presence of a user. Therefore, the
power consumption can be modeled as

Etot = !cT + pu {ps [!s"s + Pd!t(T " "s)]}+
(1" pu) {ps [!s"s + Pfa!t(T " "s)]} . (2)

Note that the energy consumption is linear with respect to
Pd and Pfa.

C. Non-coherent detection performance

At the cognitive SAP, the received signal can be written
as

H0 : r(t) = n(t) + i(t)

H1 : r(t) =
h(t)

r"/2f

s(t) + n(t) + i(t) (3)

where s(t), n(t), and i(t) represent the SoI, the additive
white Gaussian noise and the aggregate network interference,
respectively. The impulse response of the flat fading channel
between the UE and SAP is represented by h(t), rf is the
distance between the UE and the SAP, and # is the power
path loss exponent. To facilitate the analysis, we consider
that the SAP is at the origin of the Euclidean plane and the
coverage of the SAP is a circular area around the origin with
radius R. The power of the SoI at the SAP can be written
as Pur

!"
f h2, where Pu is the transmit power of the UE.

The decision variable V determines the presence or ab-
sence of the SoI. For the ED, V is defined as

V =
1

"s

! #s

0

"

h(t)

r"/2f

s(t) + n(t) + i(t)

#2

dt. (4)
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After sampling and considering block fading, the decision
variable can be expressed as

VED =
1

N

N
$

k=1

r2[k] =
1

N

N
$

k=1

"

h

r"/2f

s[k] + i[k] + n[k]

#2

(5)
where N = #"sfs$ with fs as the sampling frequency equal
to the Nyquist rate2. The probability of detection is defined
as the probability that VED surpasses the threshold $ in the
presence of the SoI and is given by Pd = P[VED > $|H1].
The probability of false alarm is defined as the probability
that VED surpasses the threshold in absence of the SoI and is
given by Pfa = P[VED > $|H0]. The noise term has a zero-
mean Gaussian distribution n(t) % N (0,%2

n). We assume the
distance, the fading distribution and the noise variance to be
known, the signal structure unknown though deterministic,
and we model the interference as additive white Gaussian
noise with variance %2

i . The decision variable follows a
central chi-square and a non-central chi-square distribution
under H0 and H1, respectively. For realistic values of the
sensing time N and applying the central limit theorem, VED

can be approximated by a Gaussian random variable (r.v.)

VED|H0
% N (%2

tot, 2%
4
tot/N)

VED$2
n
|H1

% N (Pur
!"
f h2 + %2

tot, 2(Pur
!"
f h2 + %2

tot)
2/N)

(6)

where %2
tot = %2

n + %2
i . Hence, Pfa and Pd can be found in

terms of Q-functions and are given by [13]

Pfa = Q
"

$ " %2
tot

%

2/N%2
tot

#

,Pd = Q
"

$ " (Pr + %2
tot)

%

2/N(Pr + %2
tot)

#

(7)
where Pr = Pur

!"
f h2, and where the Q-function represents

the tail probability of the normal distribution.

III. INTERFERENCE WALL

In [14], environment-dependent uncertainties are shown
to be the cause of the so-called SNR wall, below which
the detector is not robust regardless the sensing time. Noise
uncertainty caused by the noise estimation has been discussed
in [15]. An SAP with a UE within its coverage finds itself in
a high-SNR environment, and therefore, the SNR-wall due
to noise estimation is not relevant in this scenario. However,
another source of uncertainty is the network interference [16].
In the following, we derive an expression of the uncertainty
due to the network interference.

A. Unbounded path-loss model

The interfering nodes can be mobile users that do not have
access to the SAP, or other (cognitive) devices that use the
same band as the macrocell users. Therefore, the aggregate
network interference measured at the SAP can be written as

i(t) = Re

&

"
$

l=1

il(t)

'

= Re

&

"
$

l=1

hlX
i
l

r"/2f,l

'

, (8)

2For simplicity, we assume N = !sfs

where we model Xi
l = X i

l,1 + jX i
l,2 as zero-mean complex

r.v.. Note that the r.v.’s Xi
l are circular symmetric, and

independent and identically distributed (i.i.d.) in l since
the interferers transmit independently. Therefore, with the
interfering nodes scattered over R2 according to a PPP, the
aggregate network interference follows a symmetric stable
distribution [17]

i % S(& = 4/#,$ = 0, ' = (!C!1
4/"E[|hlX

i
l,p|4/" ]) (9)

with Cx defined as

Cx !

&

(1!x)
!(2!x) cos(%x/2) , x &= 1,
2
% , x = 1.

(10)

Since the network interference follows a symmetric stable
distribution, the decomposition property can be applied and
the interference can be represented as i =

'
UG, with

U % S(2/#, 1, cos(%" )) and G % N (0, 2'"/2). There-
fore, the received signal under H0 conditioned on U can
be expressed as a normal r.v. rk|H0,U % N (0,%2

n +
2'"/2U). With ' defined in (9), the variance of rk|H0,U

can be written as %2
tot = %2

n + 2'"/2U = %2
n(1 +

2)i((C
!1
4/"E[||hlX i

l,p|4/" ])"/2!"/2U), where )i is the INR.

Let G = 2)i((C
!1
4/"E[||hlX i

l,p|4/" ])"/2U), then the total vari-

ance takes values in the interval %2
tot ! [%2

n,%
2
n(1 + !"/2G)]

since the skewed stable distribution U only takes positive
values. To be robust with respect to the network interference,
(7) is modified and we get

Pfa = Q
"

$ " (1 + !"/2G)%2
n

%

2/N(1 + !"/2G)%2
n

#

Pd = Q
"

$ " (1 + SNR)%2
n

%

2/N(1 + SNR)%2
n

#

. (11)

We define the sample complexity as the sensing time required
to obtain a target Pd and Pfa. Eliminating $ from the
equations in (11) and solving to N , the sample complexity
can be written as

N =
2(Q!1(Pfa)(1 +G!2)"Q!1(Pd)(1 + SNR))2

(SNR "G!"/2)2
.

(12)
It follows that as ! ( (SNR/G)2/" , we have N ( ).
In other words, a target Pfa and Pd cannot be attained
within a finite sensing time for some interfering node density
approaching (SNR/G)2/" . We call this limit the interference
wall !wall,s and note that !wall,s is a function of the SNR,
INR, the power path loss exponent and the fading. However,
to calculate G, a percentile of the distribution has to be
selected that corresponds to a worst case, due to the heavy
tails of the stable distribution.

B. Bounded path-loss model

The heuristic approximation based on the stable distribu-
tion is computationally intensive and sensitive to the selection
of the percentile. In order to find a solution with a higher
accuracy, we consider that the interferers are located in
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I =
2

#/2" 1
(d2!"

min " d2!"
max)

(

(&" 3)(&" 2)(d2!"
min " d2!"

max)(# " 1)

(d2!2"
min " d2!2"

max )(#/2 " 1)Pi%2
h

)

2!!

2
+ 1

2
(&!2)

)i(%
2
h (15)

the annulus A, defined by the radii dmin and dmax. Under
such conditions, it can be shown that the aggregate network
interference follows a truncated stable distribution [18]

ik % St('
#,& = 4/#, g), (13)

where & corresponds to the characteristic exponent of the
stable distribution, '# corresponds to the dispersion, and
g reflects the decaying of the tail of the truncated stable
distribution. The coefficients '# and g can be determined
by the method of the cumulants, by imposing the equality
of the second and fourth cumulant of the truncated stable
distribution with the respective cumulants of the network
interference. Applying the approach of Section III-A based
on (7), we further approximate the network interference by a
Gaussian r.v., such that the received signal follows a normal
distribution rk|H0

% N (0,%2
n +%2

i ), where %2
i represents the

second order moment of the truncated stable distribution

%2
i = E[i2k] =

*2Mi(k,!)

*k2
|k=0 = %2

nI! (14)

where Mi(k,!) is the moment generating function (MGF)
of the truncated stable distribution. After some manipula-
tions, I can be expressed as in (15) at the top of this
page. Note that the variance of the network interference is
linear in the interferer density ! and the parameter I =
f(dmin, dmax, #, )i,%2

h). For # = 4, the parameter I further
simplifies to 2(d!2

min " d!2
max)Pi(%2

h. Eliminating $ from the
expressions of Pd and Pfa , the sample complexity can now
be expressed as

N =
2(Q!1(Pfa)(1 + I!) "Q!1(Pd)(1 + SNR))2

(SNR " I!)2 (16)

and the interference wall is given by !wall,t = SNR/I.

IV. FALSE ALARM DECAY

In this section, we determine how fast Pfa converges to
its target value, to express the relationship between energy
efficiency and interfering node density. From (2), we notice
that the energy consumption is linear in Pd and Pfa . A direct
method to obtain the PDF of VED as a function of the sensing
time is cumbersome. Instead, we will use tools from large
deviations theory to determine how fast the target Pfa can
be reached. According to the Cramer theorem, we have for
interference-limited networks

Pfa($) = P[1/N
$

N

i2k > $] * e!NI(') (17)

which decays exponentially with the sensing time and the
decay rate is determined by the rate function I(x). In order
to have finite moments, we model the aggregate interference

power i2k according to a truncated stable distribution. The CF
of the truncated stable distribution is given by [19]

+i2
k
(j,) = exp

*

'#"(&#)
+

(g " j,)&
"

" g&
"
,-

(18)

where &# is chosen equal to the characteristic exponent of
the stable distribution in the unbounded path loss model. The
parameters of the truncated stable distribution can be found
using the method of the cumulants. From (18), the cumulants
of the truncated stable distribution can be expressed as

-I(n) =
1

jn
dn

d,n
ln+i2

k
(j,)

.

.

.

(=0

= ("1)n'#"("&#)g&
"!n#n!1

i=0 (&
# " i). (19)

Building on Cambell’s theorem [18], the cumulants of the
aggregate interference can be expressed as

-(n) = Pn
i

(!

1" n#
(d2!2n"

max " d2!2n"
min )µh2(n). (20)

Using (19) and (20), the parameters '# and g can be written
as a function of the first two cumulants as follows

'# =
"-(1)

"("&#)&#
*

)(1)(1!&")
)(2)

-&"!1

g =
-(1)(1 " &#)

-(2)
. (21)

Since i2k are assumed to be i.i.d., the Cramer theorem can be
applied and we can express the rate function as the Legendre-
Fenchel transform of the logarithmic MGF

I(x) = sup
*

*

.x " '#"("&#)[(g " .)&
"

" g&
"

]
-

. (22)

For . < g, let the first derivative be equal to zero and solving
to . for # = 4, we have

. = g "
(

"'#"("&#)

2x

)2

. (23)

Substituting . in (22), the expression of the rate function is
given by

I(x) = gx+
'
g'#"("&) +

('#"("&#))2

4x
. (24)

V. NUMERICAL RESULTS

Figure 2 shows the sample complexity to satisfy a target
Pfa and Pd for increasing interferer density. This figure illus-
trates the fundamental limit of the interfering node density
under which the SAP can robustly detect the macrocell user
presence. Beyond the interference wall, the noise uncertainty
becomes too big to distinguish between SoI or noise. The
curves are drawn using the 87 percentile of the stable
distribution, the truncated stable distribution and numerical
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simulations. We consider SNR = 3 dB defined for the UE at
the edge of the SAP coverage R = 20, while INR = 20 dB
defined at a distance of 1 meter (far-field assumption). For
dmin = 1 and dmax = 100, the approaches with the stable
and the truncated stable distribution are in good agreement
and correspond also quite well with the numerical simulation.
The decay rate of Pfa is expressed in (24) and reflects the
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Fig. 2. The interference wall using the approximation with the 87 percentile
of the stable distribution, using the truncated stable distribution and using
numerical simulations for Pfa = 0.1 and Pd = 0.9, SNR = 3 dB, INR =
20 dB, and " = 4.

achievable energy efficiency. Figure 3 shows the decay rate
as a function of the threshold x for different values of
the interference power and the interferer density. It can be
observed that with increasing density and interference power
the rate function decreases. Thus, the rate function can reveal
more insight into the effect of ! and Pi on the SAP power
consumption.
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Fig. 3. The rate function is given for different values of the interference
power and different values of the interferer density

VI. CONCLUSIONS

In this paper, we indicated how the energy consumption
of a cognitive SAP is related to the detection performance.

We demonstrated that the uncertainty of the interference
environment results in the interference wall, beyond which
no robust detection can be performed no matter how long
the channel is observed. We derived an expression of the
false alarm decay rate as a function of the sensing time,
which evidences how the speed of convergence of Pfa is
related to the interferer density and transmission power. In
conclusion, the introduced concepts give insight into the
robustness and the energy efficient operation of cognitive
SAPs in heterogeneous networks.
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