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State Description of Wireless Channels Using
Change-Point Statistical Tests

Dmitri Moltchanov, Yevgeni Koucheryavy, and Jarmo Harju

Abstract— Wireless channels are characterized by highly dy- information to be lost. There is a number of papers exploring
namic time-varying nature often manifesting non-stationay be-  the correcting effect of FEC codes for different conditiaris
havior. In this paper we consider the state of a wireless charel in wireless channels (see [7], [8] among others).

terms of the piecewise covariance stationary signal-to-fige ratio The state of th irel h li I ted i
(SNR) process and parameterize it using the probability disi- € state of the W'_re €ss channel IS usually repre_sen e_ n
bution function of the received SNR and lag-1 autocorrelapn terms of the stochastic process, where the stochastichi@ria
coefficient of the corresponding autocorrelation function(ACF).  of interest is either SNR or a certain function of it. Badigal

In order to discriminate the state of a wireless channel when two types of processes are widely used to describe the state
its characteristics vary in time we apply methods of statistal ¢ \vireless channels. These are SNR (see [9], [2], [12] among

process control. Particularly, we use exponential weighttmoving
average (EWMA) change-point statistical test to detect sffiis in others) or PDU error processes (see [3], [17], [6] among

the mean Va|ue Of SNR processl The proposed approach iS t%te Othel’S) Lattel’ mOde|S a'm at detel’mlnlng the performance
using artificial traces and SNR measurements of IEEE 802.11b of a wireless channel at a certain layer of the protocol stack
wireless channel. Obtained results demonstrate that cha®g in in terms of incorrectly received PDUs. Although PDU error
wireless channel characteristics can be timely detected ireal-  5qels can be directly measured, the major advantage af thes
time. The proposed approach is useful in cross-layer envilmment dels is that th be derived f the SNR del at th
where higher layers often need explicit information about he mo ?S IS that they can be er'v_e rF’m e_ model at the
current state of the wireless channel. physical layer [7], [4]. From this point of view, PDU error
models are seen as an extension of SNR models. Due to this
reason, to represent the state of the wireless channel, SNR
process is often sufficient and will be further used in thigsgra

[. INTRODUCTION Most papers that considered performance of information

Due to movement of a mobile user and movement of diffeftansmission over wireless channels either implicitly @ e
ent objects in a radio channel, the propagation path betwddi§itly assumed covariance stationarity for wireless rofil
the transmitter and the receiver may vary from simple lifie-ostatistics. Recently, important observations of wirefgsannel
sight (LOS) to very complex ones. As a result, any metric uséfaracteristics have been published in [5]. Authors foumedt
to represent the quality of a wireless channel is charaetéri GSM bit error traces to be non-stationary and proposed an
by time-dependent stochastic behavior. Insufficient digma algorithm to extract covariance stationary parts. They fur
noise ratio (SNR) at a certain instant of time may result ither used doubly-stochastic Markov processes to mode¢thes
incorrect reception of the channel symbol possibly leading Parts separately. The modeling trace is finally obtained by
an erroneously received bit. Techniques such as forwaodt erfgoncatenation. Among other conclusions, authors suggeste
correction (FEC) and automatic repeat request (ARQ) mﬁ}at a given bit error trace can be divided into a number of
allow to recover from these errors locally. However, even igoncatenated covariance stationary traces. Since therbit e
presence of ARQ and FEC, bit errors may still propagate Bsobability is a function of the SNR value, we can expect
higher layers resulting in loss of protocol data units (P) the same property for SNR observations. Despite of importan
those layers. On the other hand, when the channel qualitycnclusions made in [5], authors failed to develop theoakti
locally good, ARQ and FEC may lead to inefficient usage d¥asis for their change detection algorithm. In this paper in
available bandwidth. order to discriminate the state of the wireless channelrimge

To ensure acceptable quality of the wireless channel, soffethe covariance stationary SNR segments, we propose to
wireless access technologies incorporate features alfptd Use well-known statistical methodology based on sequentia
control power of the transmitter such that the target bibrerrchange-point statistical tests.
rate (BER) is maintained. This capability, known as power The rest of the paper is organized as follows. In Section 2
control, may lead to various undesirable effects includingfe review propagation characteristics of wireless chanaed
'cell breathing’ in CDMA systems or increase in interferencmodels used to capture them. Setup of experiments that are
with neighbor cells in TDMA systems. These effects shouldsed to gather SNR statistics is described in Section 3. Mode
be avoided whenever possible. Another way to maintain tf@r SNR process is introduced in Section 4. Sequential sta-
acceptable quality of wireless channels is to dynamicalliptical tests for detecting changes in parameters of ststah
Change correction Capabmty of FEC schemes at the daka-”ﬂbservations are reviewed in Section 5. Particularly, EWMA
layer. FEC procedures use proactive approach eliminatiag £hange-point statistical test is proposed there. Numleréesa
influence of bit errors in advance introducing error coricect Sults are given in Section 6. Conclusions are drawn in thte las
redundancy. This redundancy is exploited at the receives-to Section.
cover from bit errors. The major advantage of FEC techniques
is that they do not introduce delays allowing unrecovered

Index Terms-Wireless, non-stationarity, EWMA test.

II. DESCRIPTION OFWIRELESSCHANNELS

To determine parameters of a stochastic process, such as
Manuscript received August 15, 2006; revised November 0662 mean and variance, based on only one, suﬁiciently Iarge
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ergodic islim; ., K (i) = 0, whereK (i), i = 0,1,..., is Sequences of SNR observations for two experiments are
its ACF. The concept of stationarity is another advantageoshown in Fig. 2. Respective histograms of relative frequen-
property of stochastic processes. It is of paramount impares of these SNR observations and their approximations by
tance in context of stochastic modeling. Practically, imgo normal probability density functions (pdf) are shown in Fig
observations are found to be non-stationary, their stagthas3, where f; g(A), ¢ = 1,2,... is the relative frequency
modeling is rarely feasible. A process is said to be strictlyorresponding to thés histogram binyn is the number of
stationary if all itsM-dimensional distributions are the samehistogram binsA = (maxy; Y (i) — miny; Y (7))/m is the
Only few real-life processes are strictly stationary. Agess length of the histogram binpaxy; Y (i) andminy; Y (:)) are
is said to be weakly (covariance) stationary, if the meanllof dhe maximum and minimum values of the SNR, respectively.
its sections is the same and ACF depends on the time skifiproximations shown in Fig. 3 allow us to assume that SNR
only, i.e. K(t1,t2) = K(i), i = ta — t3. values are approximately normally distributegf statistical
test carried out with the level of significance settd has
shown that statistical data belongs to the normal distiobut
Empirical normalized ACFs (NACF) of two SNR traces
In this paper we use SNR observations of IEEE 802.1Hge shown in Fig. 4 using solid lines with circles. One may
wireless local area network (WLAN) channel operating agwotice that the memory of the process is short and limited to
cording to distributed coordination function (DCF) of IEEEseveral lags. In what follows we propose to approximate such
802.11 in DSSS mode at 11Mbps. In order to gather SNiRhavior using a single geometrical term, e.g) = Ky (1)°,
statistics we carried out a number of experiments in offige= 0,1, ..., whereKy (1) is the lag-1 autocorrelation coeffi-
environment as described below. cient. In Fig. 4 approximating functions are denoted bydsoli
According to the setup experiments shown in Fig. 1, thefdes. These functions exactly capture lag-1 autocoioeat
were two entities involved in communication. These are thefficient of the empirical processes and do not signiflgant
mobile node, calledester nodeand the access point (AP).overestimate or underestimate the autocorrelation ceffs
SNR capturing software was installed on mobile node. Ther larger lags.
communication between AP and the tester node was of interin what follows we assume that when a mobile station is in
est. The tester and AP were in non-LOS (NLOS) and LOSationary position, SNR observations compose realiaatio
environments as explained below. To capture SNR traces wsvariance stationary stochastic process with normal imalrg
used Network Stumbler software (version 0.4.0, [10]). Thigistribution and non-negligible positive short-term age-
program is capable of capturing the SNR value, averagingidtions. This assumption is supported by first- and second-

IIl. SETUP OFEXPERIMENTS

over (0.5 second intervals. order statistical characteristics shown in Fig. 3 and Fig. 4
respectively.
3
[T [ I F
corridor 2 AP rooms
1‘ ‘ ‘ “T/ /V ‘ B. Model for SNR Process
In order to model SNR traces we propose to use autoregres-

sive process of order one, often denoted by AR(1). A process
is said to be autoregressive of order one if it is generatadjus

) ) ) ] ] the following recursion
All experiments were carried out in office environment as

shown in Fig. 1, where reference points denote places whereY (n) = ¢g + 1Y (n — 1) + €(n), n=01,..., (1)
measurements were carried out, AP denotes the placement of
AP transceiver. Note that the tester node, when in pointsil affhere o and ¢, are some constantge(n),n = 0,1,...}
3, is in NLOS environment with respect to the transceiver Gf€ independently and identically distributed randomalzleis
AP. The distance between reference point 1 and AP is shofi&¥ing th2e same normal distribution with zero mean and
than that between reference point 3 and AP. Reference poffifiances=le]. _ _ _
2 corresponds to LOS environment. The experiments werelf @ process given by (1) is covariance stationary we have
carried out as follows. Mobile station was at a certain fee 2 .

. \ E[Y] = Y] =y (0), Cov(Ye,Y;) = @
point for some time and then was moved to another reference[ I=ny, V= (0), ov(Yo, Y) =y (i), (2)

Fig. 1. Testbed for SNR measurements.

point. SNR was uninterruptedly measured during the courg@ere iy, vy (i), i = 0,1, ..., are some constants.
of each experiment. Mean, variance and covariance of AR(1) are relategto
¢ ando?[e] as
IV. MODEL FORSNR RROCESS o ) o2[e] ‘ ‘
By = o’Y] Yy (i) = ¢17v(0). (3)

A. Statistical Characteristics C1—¢ 1o P2’

Consider statistical characteristics of the SNR processwh parameters of AR{) models can be found as follows
a mobile station is in stationary position. We concentrate

our attention on two statistical characteristics. Thesethe 1 = Kx(1)
histogram of relative frequencies of the SNR process and the o = px(1—¢1) , 4)
corresponding ACF. These two properties of the SNR process o2[e] = 02[X](1 — ¢2)

were found to produce the major impact on the performance

of higher layers [7], [4]. In what follows, results for reéerce where Kx (1), ux and ¢%[X] are point estimates of lag-
point 1 are demonstrated. Results for other reference oitt autocorrelation coefficient, mean and variance of SNR
are qualitatively similar. observations, respectively.
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Fig. 2. Sequences of SNR observations for two experiments.
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Fig. 4. NACFs of SNR observations and their approximations.
V. CHANGE-POINT SEQUENTIAL TESTS process. They are inherent part of a process. Special causes
A. The Methodology of deviation are not the part of the process, occur accitlgnta

and affect the process significantly. Control charts sighal

In order to differentiate between rapid fI_uctuations of thﬁoint at which special causes occur using two control limits
SNR around a constant mean and changes in the mean valug ghservations are between them, the process is ‘in-cbntro

the SNR process we propose to use the so-called change-pgighme observations fall outside, the process is classiied
sequential statistical tests. There is a number of chawng®-p g t-of-control’.

detection algorithms developed to date. The common approac
to deal with this task is to use control charts including For detecting changes in SNR statistics the following in-
Shewhart charts [15], cumulative sum (CUSUM, [11], [16])erpretation of causes of deviation is taken. We assume that
charts, or exponentially weighted moving average (EWMAommon causes of deviation are those resulting from small-
[13], [14]) charts. These charts were originally develofred scale propagation characteristics (see [12], Gh. Special
statistical process control (SPC) where they are sucdbssficauses are those caused by movement of a user including
used to monitor the quality of production. large-scale changes of the distance between the transmitte
The idea of control charts is to classify all causes @nd a receiver or shadowing of the signal by obstacles (see
deviation of a certain parameter of the process from itsetarg12], Ch. 4). The whole procedure is as follows. Initially, a
value into two groups. These are common causes of deviatwontrol chart is parameterized using estimates of paramete
and special causes of deviation. Deviation due to commohthe SNR process. When change in the controlled parameter
causes is the effect of numerous disturbances affectingemgioccurs, a new process is considered as in-control and the
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control chart has to be re-parameterized according tesstati C. EWMA Control Charts

of this process. Let {Y(n),n = 0,1,...} be a sequence of SNR observa-

tions. The value of EWMA statistic at the time denoted by

B. Change in the Mean Value Ly(n), is given by

Assume that: observationgY (n),n = 0,1, ...,k — 1} of Ly(n) =~Y(n) + (1 —y)Ly(n — 1), (8)
a certain stochastic process have the same distributjomn
general, the change point statistical test refers to gdtie
null hypothesis,Hy, that a currently observed observatibn
has distributionFy against alternative hypothesid;, that this
observation has distributiof;. Formally, it is written as

where parametey € (0, 1) is some constant.

The first value of EWMA statisticsLy (0), is usually set
to the mean of{Y(n),n = 0,1,...} or, if unknown, to
the estimate of mean. As a result, for on-line real-time test
there should always be a certain 'warm-up’ period involving

Hy : Fy (k) = R, Hy : Fy (k) = Fy, (5) estimation of the mean. _

In (8) Ly (n) extends its memory not only to the previous
where Fy (k) is the distribution of observatioh. value but weights values of previous observations accgrdin
The latter case in (5) represents situation when a chartgeconstant coefficieny. In (8) this previous information is
occurs in a distribution and can be rewritten as completely included inLy (n — 1). To show it, let us rewrite

{Ly(n),n = 0,1,...} statistics recursively, starting from
Hy:Fy(i)=Fy, i=12,...,k, Ly (0) = Y(0)
Fy i=0,1,...,k—1
Hy @ Fy (i) = {FO ' k’ Y ’ (6) Ly (0) = Y(0),
1 =K.
' Ly (1) =Y (1) + (1 = 7)Y (0),
It is often assumed that distributiod$ and F; are known Ly (2) =7Y(2) +v(1 — )Y (1) + (1 — 4)2Y(0),
except for some parameters Bf. Control charts are used for o (9)

detecting changes in these unknown parameters. In our case _

the form of distributionsF, and F;, and parameters of, are  Since for any constant the following holds

known in advance (can be estimated from statistical datd) an n—1

the unknt_)wn parameter is the_ mean valueFgf Therefore, ~ Z(l )i+ (1 =) =1, (10)
the task is to detect change in the mean value of the SNR =0

process resulting in following test it is easy to see that (9) converges to

HQZE[Y(i)]:/Lo, Z'ZO,L...,k,

;=0,1,...,k—1
HlE[Y(Z)]: {Ho, Z y Ly ) ’
p, 1=k

n—1
Ly(n) =vY (1-7)Y(n—i)+(1—9)"Y(0). (11)

@) i=0
EWMA charts take central part among other control charts.
where o andu; are the mean values prior and after changéJthough, according to (8), the most recent value always
respectively. receives more weight in computation @éfy (n), the choice

The major problem of change-point statistical tests is thaf v determines the effect of previous observations of the
they often require observations to be realizations of ietep process on the current value of EWMA statistics. Indeed,
dently and identically distributed random variables. Heere when~ — 1 all weight is placed on the current observation,
SNR observations are not necessary independent but canlyén) — Y (n), and EWMA statistics degenerate to initial
correlated. Autocorrelation makes classic control chlrss oObservations. As a result, EWMA control chart behaves like
sensitive to changes in the mean value. For detecting cha§ggwhart one. Contrarily, when— 0 the current observation
in the mean of autocorrelated processes two approaches @& only a little weight, but most weight is assigned to
been proposed. According to the first approach, controtdimiprevious observations. In this case, EWMA control chart
of charts are modified to take into account autocorrelatid@ghaves similar to CUSUM one. Summarizing, EWMA charts
properties of observations. The idea of the second appro&ive more flexibility at the expense of additional complgxit
is to fit observations using a certain time-series model #f determining one more parameter
autoregressive integrated moving average (ARIMA) type andAssume now that given observation§Y (n),n =
subsequently control residuals. The shift in the mean vafue0, 1,..., N} are taken from strictly stationary process whose
observations is transferred to residuals that are monitdfe all sections are independently and identically distridutan-
the model fits empirical data well, residuals are uncoreelatdom variables with the same distribution, meaify’] and
and control charts for independent observations can be usedriances?[Y]. In fact, (8) defines a new stochastic process as

Performance of change-point statistical tests for autocd function of initial observations and this process hasedfit
related data has been compared in [18]. It was shown tig4@tistical characteristics compared to those{®f(n),n =
the residuals-based approach performs well when the aulel, }. Given thatLy (0) = E[Y], the mean of the process is
correlation is negative. When the autocorrelation is pasit n n
modified control ?:harts on initial observations perforr#tfet ElLy(m)] =E[Y]1 -1 -+ A -7)"E}], (12)
This is mainly due to the fact that changes in the mean valuetfht converges to constaftiLy] = E[Y] = uy asn — .
original observations are only partially transferred tsideals ~ The variance of Ly (n),n = 0,1,...} is given by
and the transfer of the change is different for positive and
negative autocorrelations [1]. Due to these reasons, we use o?[Ly] = o?[Y] (L) (1—(1=7)%). (13)
the first approach. 2—vy
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Using (13) control limits for EWMA charts are computedL and o = 10, pu; = 15, 02 = 10, K(1) = 0.4 for trace 2.
as follows Time series of generated traces are shown in Fig. 5. One may
observe that due to the same variance and lag-1 autocasrelat
ElY]+ ko[Y]\/(L) (1—(1—~)2n), (14) coefficients prior and after the change, the change in thexmea
2-y value is almost not noticeable for both traces. To detedtsshi
wherek is a design parameter whose values are tabulatedithe mean value EWMA change-point statistical test was
the literature. then applied to these traces.

According to (14) out-of-control behavior is signaled when Results of EWMA change-point statistical test for differen
Ly (n) at some point in time is less tha@[Y] — C(n)) or parameters ofy are shown in Fig. 6. The warm-up .per|od
greater tharf E[Y]+C/(n)). Note that in (14) upper and lowerused to compute_parameters of empirical observations was
control limits are time-varying in nature. However, when- S€t 1050 observations. For all values of parametert was

o it is easy to see that set to3. However, in general, usage of different valuesyof
requires different values df to match a given ARL. Behavior
lim (L) (1-(1—y)*= v (15) of in-control ARL for our traces is shown in Fig. 7. Since
n—oo \ 2 -7 2—vy ARL is also function of the variance and the mean value

of observations, these curves are only suitable for predent
observations. Note that = 3, v+ = 0.01 corresponds to
Assume now that given SNR observatiofi¥'(n),n = 3326.68 in-control ARL for trace 1 andl198.60 in-control
0,1,..., N} are taken from covariance stationary process Witk for trace 2. Parameters = 3, ~ = 0.001 corresponds
meanE|[Y] and variance*[Y] and can be well represented byto 5138.14 in-control ARL for the trace 1 and075.59 in-
AR(1) process in the forny'(n) = ¢o+¢1Y (n—1)+¢€(n). If  control ARL for trace 2. However, one can observe from Fig.
Ly (0) = E[Y], observing (12) it is easy to see th&{Ly]| = 6 that changes in the average value of traffic observatiams ar

EY] = p whenn — oo. Whenn — oo approximation for detected for all values df and~ and no false alarms occurred.
variance of{ Ly (n),n =0,1,...} is given by [18]

and constant control limit&[Y'] + ko[Y], /32 can be used.

02[Ly] = o?[Y] (2 7 ) (1 + 218 — 7)) ’ (16) B. SNR Measurements
7 —1(l=7) Let us now apply the proposed EWMA test to SNR obser-
whereg; is the parameter of AR(1) process. vations. Two SNR traces were obtained as explained below.
Control limits are then given by According to the course of the first experiment, the tester
node was stationary at the reference point 1 (see Fig. 1) for
ElY]+ ko’[Y]\/< 7 ) (1 +¢1(1-7) >7 (17) approximately30 minutes and then was moved to the reference
29 L=¢1(1=7) point 2, where it was also stationary for a long time. The full

wherek is a design parameter whose values are tabulatedtifiye-series of SNR observations is shown in Fig. 8(a). Ome ca
the literature. see that the change in the mean value of SNR observations
To parameterize EWMA control charts a number of paran@CCurs aroundl000th observation. According to the second
eters have to be provided. Firstly, parametedetermining experiment, the t_ester node was in the stgtionary posiﬁpn a
the decline of the weights of past observations should he $6€ reference point 1 for approximately minutes. Then, it
The values of: and~ determine the wideness of control beltd¥as moved to the reference point 3 skipping the reference
for a given process with a certai?[Y'] and ¢;. These two POINt 2. The node was then at the reference point 3 for a long
parameters affect behavior of the so-called average rLgthenper'Od _of time. The full time series of SNR observations is
(ARL) curve that is usually used to determine efficiency ofhown in Fig. 8(b). The change in the average value of SNR
a certain change detection procedure. ARL is defined as fRServations occurs aroun@ooth observation.
average number of observations of in-control process upeto t Results of EWMA change-point statistical test for trace 1
first out-of-control signal. The ARL is the function of both @re shown in Fig. 9(a), Fig. 9(b). The warm-up period used
and~. Different parameters df and for a given ARL,02[y] 10 compute parameters of empirical observations was set to
and ¢, are provided in [18], [19]. FinallyE[Y] and 62[Y] 50 SNR observations26 seconds). Note that for al the
are not usually known in practice and must be estimated frd¥arametek was set ta3. It was found that usage of tabulated

empirical data. Therefore, estimatesffy’] ando2[Y] should ~ (theoretical, [19]) values df andy corresponding to relatively
be used in (17). small values of in-control ARL € 100) usually leads to

many out-of-control signals even when the tester node is in
V1. NUMERICAL RESULTS the stationary state. One of the reasons is th_at the moditore
o process may not be exactly covariance stationary and may
A. Artificial Traces occasionally contain some extreme observations (outliers
Firstly, let us consider performance of the change detecti®hese observations are of local significance only and may not
algorithm using artificial traces. Traces were generated afect the future evolution of the monitored process. Sithee
follows. First 3000 observations were generated according test is real-time in nature, each out-of-control signattsta
AR(1) model with a certain meamy. Next 3000 observations new warm-up period. During this period new average value
were generated according to AR(1) model with differer#gnd control limits are estimated and the process cannot be
meany,;. Variance,o2, and lag-1 autocorrelation coefficientmonitored. From this point of view we should detect only
K (1), were kept constant for each trace. Two subtraces weh®se changes that occur 'for sure’. During experiments, it
concatenated to obtain a single artificial trace. Using thigas found that valué = 3 provides a good choice for any
algorithm we generated two artificial traces with the foliog value of v in the rangey € (0.001,0.1). One can observe
parametersio = 10, u; = 15, 02 = 10, K(1) = 0.0 for trace from the Fig. 9 that the change in the average value of SNR
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Fig. 5. Time series of artificially generated traces.
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