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Université Europenne de Bretagne, France

ABSTRACT

This paper deals with two metrics for vertical handover to-
ward an IEEE 802.11n network, estimated from the physical
layer instead of the MAC layer. For this reason we don’t need
to be connected to the network to estimate them. The first
metric is related to the channel occupancy rate, and is esti-
mated by the mean of a likelihood function of the observed
samples. The second one is related to the collision rate. Us-
ing an information theoretic criterion and taking advantage of
the OFDM structure of the signal, we avoid the channel length
estimation and decide if a collision occured or not.

Index Terms— Vertical handover, channel occupancy rate,
IEEE 802.11n, collision detection.

1. INTRODUCTION

Wireless devices took a vital and consequent place in our
daily life. As a consequence, the number of wireless services
and users are steadily increasing. These devices are used for
a wide range of multimedia applications that are sensitive to
different aspects of communication performance; like delay,
bandwidth and reliability. For this reason a high QoS (quality
of service) is continually required by the higher layer appli-
cations.

As the number of wireless networks increases, many stan-
dards of communication coexist and the emerging mobile sta-
tions will be equipped with multiple network interfaces to ac-
cess different wireless networks. Thus, taking advantage of
this diversity, to maintain its network connection and the QoS
required by the higher layers, a mobile station should roam
freely from one interface to an other, this is known asthe ver-
tical handover.

Since in heterogeneous environment the networks have
different system characteristics, to decide which networkof-
fers better performance, the signal to noise ratio is not thebest
indicator to trigger a vertical handover, and new metrics must
be found.

Within this framework, we focus on metrics that could be
used for vertical handover toward an IEEE 802.11 network
based on a physical layer sensing, drawing from methods that
relied on MAC (media access control) layer listening.

For example, in [1, 2] it has been highlighted that the us-
age of the channel bandwidth in a WiFi system can be ap-
proximated as the ratio between the time in which the channel
status is busy according to the NAV (Network Allocation Vec-
tor) settings and the considered time interval. Indeed, prior to
transmitting a frame, a station calculates the amount of time
necessary to send the frame based on the frame’s length and
data rate. The station places a value representing this timein
the duration field in the header of the frame. From the above
description we can see that the NAV busy state can well re-
flect the traffic load. Higher the traffic is larger the NAV busy
occupation will be, and vice versa. So, once we observe a
NAV value during a certain time window, the available band-
width and access delay can be estimated given a certain packet
length [3].

The matter with this method is that it requires to be con-
nected to the access point in order to have access to the NAV
duration from the header, this may increases the decision time
if many standards or Access Point (AP) are detected.

In this paper, we propose a method that requires no con-
nection to the AP, and no NAV duration reading. This method
is based on a physical layer sensing : Considering that the
medium is free when only noise is observed and occupied
when signal plus noise samples are observed (data frame), we
use a likelihood function that can distinguish the signal plus
noise samples from the one corresponding to noise only. Once
we get the number of signal plus noise samples, a simple ratio
processing can inform us on the network occupancy rate.

In the same context, IEEE 802.11 uses a contention-based
access mechanism where all the stations listen to the channel
before competing for the access to avoid collision between the
frames. Unfortunately, as the number of competing stations
increases the collision probability increases and the through-
put decreases affecting the QoS. Then, the collision rate isa
good metric for both horizontal handover where many access
points are available, or also vertical handover if we wish to
handoff from any standard to a WiFi access point.

Within this framework, we propose a second method for
collisions detection. Once the data frame are detected thanks
to the first method we use an information theoretic criterion
to get the rank of the autocorrelation matrix of the observed
frame. Unfortunately to estimate the number of sources, the
channel length is necessary. We propose to exploit the OFDM



signals properties in order to be able to estimate the number
of sources without a prior knowledge on the channel length,
and decide if a collision occurred or not (number of sources
greater than 1).

2. MODEL STRUCTURE

In the rest of the paper, we assume that IEEE 802.11n access
points are detected. An IEEE 802.11 communication is based
on a collision avoidance medium access protocol. Between
two consecutive frames we have different inter frame spacing
(IFS) intervals. Which guarantee different type of priority.
At the receiver side, the observed signal is a succession of
frames of noise samples corresponding to the IFS intervals or
idle periods and of data frames.

For clarity reason, we assume in this section that we have
only one data frame in the observation duration (Ns samples)
and explain the proposed algorithm to locate it in section 3.

Consider that our receiver is doted ofN antennas and let
yi = [yi(1), . . . , yi(Ns)] be a set ofNs observations on the
ith antenna such that :





yi(n) = wi(n) 1 < n < n1 − 1
yi(n) = xi(n) n1 < n < n2

yi(n) = wi(n) n2 + 1 < n < Ns

(1)

wherexi(n) is the based band sample being received on
theith antenna at the instantn, expressed as :

xi(n) =

M∑

j=1

L−1∑

k=0

hij(k)sj(n− n1 − k) + wi(n) (2)

whereM is the number of source signals transmitted,sj(n)
denotes thenth transmitted symbol from thejth source.hij(k)
is the channel response from source signalj to the ith an-
tenna.L is the order of the channel, and

∑L−1
0 σ2

hij(k)
= 1.

wi(n) is a complex additive white gaussian noise with zero
mean and varianceσ2

w.

3. FRAME LOCALISATION

As presented in the previous section, the vectoryi can be di-
vided into three parts : noise , signal+noise and noise. Start-
ing from the set of observationyi we want to find which sam-
ples correspond to noise and which ones correspond to signal
plus noise. Since the samples are supposed to be independent
in the noise areas, and correlated in the signal plus noise area
we propose to use a likelihood function that informs us on the
independance of the processed sample.

Let nowYi(u) denotes the following set of observations :

Yi(u) = [yi(u), . . . , yi(Ns)] 1 ≤ u < Ns (3)

And let us definefY (Yi(u)) the probability density func-
tion of Yi(u). If Yi(u) is composed of only noise samples :
fY (Yi(u)) =

∏Ns

m=u fw(yi(m)), wherefw is the probability
density function of a complex normal law centered and vari-
anceσ2

w . σ2
w is assumed to be known or at least estimated by

a subspace-based algorithm [4].
The log-likelihood that the vectorYi(u) is formed of(Ns−

u) noise independent samples is expressed as :

Li(u) = log

[
Ns∏

m=u

fw(yi(m))

]
(4)

Computing the mean of theN log-likelihood functions
expressed on each sensor, we get a criterionJ (u) that in-
forms us on the nature of the processed samples :

J (u) =
1

N

N∑

i=1

Li(u)

= −(Ns − u) log(πσ2
w)−

1

Nσ2
w

N∑

i=1

Ns∑

m=u

|yi(m)|2

(5)

As u varies in the interval[1, n1), the number of noise
samples composingYi(u) decreases and so doesJ (u) until
it reaches a minimum bound atn1.

However, foru varying fromn1 to n2 the number of sig-
nal plus noise samples decreases, therefore the ratio noise
samples over signal plus noise samples increases and by the
way J (u) increases. It reaches its maximum value while
Yi(u) contains only noise samples, i.e whenu = n2.

Finally for n2 < u < Ns, J (u) decreases again for the
sames reasons than the one explained for1 < u < n1.

4. ESTIMATION OF THE CHANNEL OCCUPANCY
RATE

We propose to get the channel occupancy rate by a physical
layer sensing. Indeed, while observing a set ofNs samples,
if we can estimate the number of samples corresponding to
signal+noise (i.e the length of the data frame), we can easily
estimate the channel occupancy rate.

When we have only one data frame in the observed win-
dow the occupancy rate can easily be estimated thanks to the
previous criterion byn2−n1

Ns
. However, the assumption to

have only one frame in the duration window is too restric-
tive. In practice we may get a signal as shown in figure 1 or
with more frames.

Based on the behavior ofJ (u), we can clearly see (fig 1)
that the slope ofJ (u) is positive whenu corresponds to the
index of a signal plus noise sample and negative whenu cor-
responds to the index of a noise sample. Therefore, we can



take advantage of the gradient ofJ (u) to distinguish the na-
ture of our observed samples. Introducing the functionΦ(u)
such that :

Φ(u) =
1

2
[sign{∇(J (u))} + 1] (6)

Here we denote by∇ the gradient ofJ (u) processed using
the central difference method, such that the derivative forany
point of indexu /∈ {1, Ns} is processed as :

∇(J (u)) =
1

2
(J (u+ 1)− J (u − 1))

For the first point, we use the a forward finite difference such
that :

∇(J (1)) = J (2)− J (1)

Finally, at the left end element a backward difference is
used :

∇(J (Ns)) = J (Ns)− J (Ns − 1)

sign{.} denotes the sign operator. According to this,Φ(u)
equals 1 when signal plus noise samples are present and zero
when it is only noise.

The difficulty is to estimate the channel occupency rate
accurately for low signal to noise ratio. In fact, there are
fluctuations that can mislead the decision for a given sample.
To fix this problem, we propose to use a smoothing window.
As the SIFS (for Short IFS) is the smallest inter frame gap,
theoretically we can’t get a set of succesive noise samples
of a length less than a SIFS. Then, if it happens this means
that the algorithm took the wrong decision andΦ(u) will be
forced to 1. Practically, to avoid confusion it is judiciousto
choose a smoothing window less than a SIFS. Thus we get the
smoothedΦ(u) and the channel occupency rate is estimated
by :

Ĉor =
1

Ns

Ns∑

u=1

Φ(u) (7)

5. COLLISION DETECTION

A collision occur when two or more stations attempt to trans-
mit a packet across the network at the same time. Thanks to
the first technique we can now determine when a data frame
starts and ends. We propose here to use a theoretical informa-
tion criterion on those samples to detect the number of sources
present in it and determine if a collision happened or not. The
model presented in equation (2) can be written as follow :

x(n) =
L−1∑

k=0

H(k)s(n− n1 − k) + w(n) (8)
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Fig. 1. (a) Absolute value of a wifi signal, (b) corresponding
behavior of the criterionJ (u)

wherex(n) = [x1(n), x2(n), . . . , xN (n)]T ,
s(n) = [s1(n), . . . , sM (n)]. Thesi are supposed to be sta-
tionary independent and uncorrelated with the noisew(n).
H(k) is aN ×M matrix that models the channel effect.

Now, considering an observation window ofd samples
and defining :

xd(n) =
[

xT (n), . . . , xT (n− d+ 1)
]T

(9)

si(n) = [si(n), . . . , si(n− d− L+ 1)]
T (10)

wd(n) =
[

wT (n), . . . , wT (n− d+ 1)
]T

(11)

we get :
xd(n) = Hsd(n) + wd(n) (12)

where theH is Nd × M(L + d) Sylvester matrix. and
sd(n) = [ s1(n), . . . , sN (n) ]. Define the statical covari-
ance matrices of the signals and noise as :

Rx = E
[
xd(n)xd(n)H

]
(13)

Rs = E
[
sd(n)sd(n)H

]
(14)

Rw = E
[
wd(n)wd(n)

H
]

(15)

We verify that :

Rx = HRsH
H + σ2

wINd (16)

WhereINd is the idendity matrix of orderNd and(.)H is the
transpose conjugate.

Under hypothesis that the channels have no common ze-
ros, and for an observation window of a sized large enough,
we establish that the rank ofRx is :

r = min{M(d+ L), dN} (17)

Using an information theoretic criterion, like AIC or MDL [5]
it is possible to get an estimate ofr, and therefore, according



to the equation (17) the number of sourcesM is determined
as being the nearest integer tor

d+L
. Unfortunately, we have

no access to the channel lengthL, and to getM we must es-
timate it using any available technique in the literature.

To avoid this step, we propose to exploit the properties of
the WiFi signals. Since they are OFDM signals, we know that
the length of the cyclic prefix is always chosen in such a way
to be greater thanL. So, if we choose the smoothing factord
as equal to the cyclic prefix, we are sure thatL < d.

Starting from the hypothesis that only one station is emit-
ting : r = d+ L, andL = r − d. If this value is less thand,
it means that there is indeed one source, otherwise more than
one source is present and a collision occure.

6. SIMULATIONS

IEEE 802.11n signals are simulated. We recall that the IEEE
802.11n are 64 subcarriers OFDM signals with a cyclic prefix
of length 16. The channel is a set ofL = 7 complex random
variables∼ NC(0, 1). A complex additive white gaussian
noise corrupts the emitted symbols. As said previously the
gradient is processed using the central difference method,

6.1. Channel occupancy rate

As treated previously, the Channel occupancy rate is func-
tion of the behavior ofJ (u). In figure 2, we show the NMSE
(Normalized Mean Square Error) of the estimation of the chan-
nel occupancy rate versus the SNR. The results are averaged
overK = 500 Monte Carlo runs, and the NMSE is here de-

fined as 1
K

∑K

1

(
Ĉork − Cor

)2

/Cor2, whereĈork is the

channel occupancy rate estimated at thekth realization and
Cor is the real channel occupency rate. We can clearly ob-
serve that for a high SNR the error tends to zero, and thus we
achieve a good estimation. The proposed method is compared
to the hard threshold denoising method proposed by Donoho
[6], and to the energy detector proposed by Urkowitz [7], with
a probability of false alarmPfa = 10−4, these methods are
also smoothed as described in section 4. The cognitive termi-
nal is supposed to be doted ofN = 2 antennas.

6.2. Collision detection

Figures 3, shows the performances of the proposed method
versus SNR, we clearly show that for both AIC and MDL we
get a good probability of detection for aSNR greater than
10 dB, which is the usual operating range of the WiFi. The
simulations were done with 800 samples observed, we ob-
serve that AIC behave better than MDL.

7. CONCLUSION

In this paper, we proposed new methods for estimating two
metrics for vertical handoff based on a physical layer sensing,
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without any need of connection to the access point. The first
one, is related to the channel occupancy rate and the second
one to the collision rate. These two metrics inform us on the
MAC-layer QoS condition of the network, such as available
bandwidth and access delay, which are good informations to
perform a vertical handover. Computer simulation showed
good results for the WiFi SNR operating range.
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