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and Celestino Junior

Pablo Ximenes
Department of Electrical and Computer Engineering (ECE)
University of Puerto Rico at Mayaguez (UPRM),
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Abstract— The advent of wireless networks has increased the
demand for research greatly. Context-aware applications must
adapt to the environment in which they are inserted, and, for this,
information on both device’s hardware and the characteristics of
the environment is crucial. In this work, we propose a method
– called Natural Adaptive Exponential Smoothing (NAES) – to
describe and forecast, in real time, the channel behavior of IEEE
802.11 WLAN networks. The NAES method uses a variation
of the exponential smoothing technique to compute the channel
quality indicators, namely the received signal strength (RSS) and
the link quality. A comparison with the results obtained by the
Trigg and Leach [1] (TL) method shows that NAES outperforms
TL method.

I. I NTRODUCTION
The use of WLANs (Wireless Local Area Network) with
IEEE 802.11 standard has been intense lately. Public WLANs
which provide high transfer rate access with no costs to
the general public, have become more and more popular in
university campi, airports, hotels, and other public places.
The development of wireless technology has increased the
use of mobile devices and raised the demand for more
sophisticate context-aware applications. The proliferation of
wireless-enabled devices has aggravated the competition for
the always limited bandwidth in the wireless infrastructure,
which may soon make the wireless devices victims of their
own success. Because mobile devices have hardware limitations, from battery and memory sizes to low cost requirements,
software applications might optimize hardware use to improve
autonomy.
An analysis of communication quality can be performed
by measuring the RSS and the link quality - both can vary
considerably on time and space. Unlike many papers [2],
[3], that focus on the forecast trafﬁc systematically based
on the user’s properties and on the information about the
environment, we shall use, on this paper, mathematical models
to forecast, in real time, the short time behavior of the wireless
communication channels. For instance, with the prediction
of channel behavior, actions to improve the adaptability and
management of computational resources (e.g. memory, battery
power) could be taken. Speciﬁcally, we have developed a
1-4244-0523-8/07/$20.00 ©2007 IEEE

forecast algorithm that takes as input the on-line measurements
of RSS and the link quality to forecast the channel behavior.
In our method, the forecast is done in real time.
This work is organized as follows: Section II presents some
methods for trafﬁc analysis and prognosis in both wired and
wireless networks. The parameters of wireless channels we
used and some characteristics of the IEEE 802.11 standard
are presented in section III. Section IV explains the simple
exponential smoothing method and its variants. The method
we implemented is in section V, and the results are in section
VI. Finally, we present the conclusion and commentaries on
future work in section VII.
II. R ELATED W ORK
The idea of using prognoses based on time series is used
in many areas of knowledge, especially in Applied Social
Sciences, Statistics, and Mathematics. But, it is also used in the
area of Networks Communications [4], e.g., to predict possible
network trafﬁc congestions. Recently some papers proposed
forecasting models to Wireless Networks [3], [2], for diverse
applications, listed in this section.
Kelvin [5] proposes a model for admission control of new
calls and resource reservation in mobile networks, which is
based on the forecast of handoffs loads, using the adaptive exponential smoothing method [1] (Trigg and Leach) to forecast
the amount of broadband resources. That work differs from
ours in the parameters chosen for data analysis (bandwidth)
and because its method aims Admission Control.
Another proposal for trafﬁc forecasting in mobile networks
is presented by Akinaga et al. [2]. The author uses a modiﬁed
multiple regression method for time series – via established
external variable – and proposes a method of forecasting
trafﬁc based on the user’s properties and information about
the environment. The user properties inform when and where
the users are at a given time, the users calls duration, and the
impact of external factor (e.g., rain, snow).
Rabelo [6] evaluates the quality of the communication
by using statistical control methods and spectral correlation
via wavelets. This works uses the same channel parameters
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(RSS, link quality) we used to evaluate our methods. An
API (Application Programming Interface) is used to share the
collected information over various applications.
Chen and Rappaport [3] analyze a forecasting model that
predicts throughput using packet information. They use empirical measurements collected in three hotspots (using IEEE
802.11b). Although they also (like us) use data from real
environments, the forecast is not done in real time.

time dependent. A description of the communication quality
through time variation can be obtained from the RSS.
Space variations occur when the position of the receptor
(mobile device) changes. Figure 1 shows the RSS behavior,
varying according to the space.
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III. C OMMUNICATION Q UALITY PARAMETERS
The ﬁrst phase of this work was to identify which parameters would be measured and evaluated in a WLAN. This
section presents the IEEE 802.11b architecture standard and
describes the measured parameters. Next, we discuss the use
of the chosen parameters.
The wireless interface physical layer communicates through
radio frequency (RF) in a similar way as an infrared communication. The focus of this work is based on the RF,
through spread spectrum, on ISM (Industrial Medical and
Scientiﬁc) band. Interfaces that work with Direct Sequence
Spread Spectrum (DSSS) were used. They operate in DBPSK
(Differential Binary Phase Shift Keying) modulation and
DQPSK (Differential Quadrature Phase Shift Keying). Their
transmission power is under 1000mW (approximately).
The IEEE 802.11b works in the band of 2.4GHz and uses
the DSSS to offer the bandwidth of 1Mbps and 2Mbps. Two
new rates - 5.5Mbps and 11Mbps - are obtained through CCK
(Complementary Code Keying).
The parameters chosen, in this work, to evaluate the quality
of the communication in the wireless environment are:
• Received Signal Strength (RSS): it is a way to measure the power attenuation value of the signal. It is
usually measured in the wireless interface chipset. In
the IEEE802.11b standard, it varies from -255db to 0db
(manufacturer dependent value).
• Link Quality: the correlation between the RSS and the
(considered) ideal signal level.
A. Wireless channel characteristics

RSS average (dB)

−52
−56
−60
−64
−68
−72
−76
−80
−84
−88
3

6

9

12

15

Distance (meters)

Fig. 1.

Received signal strength indicator space variation

IV. E XPONENTIAL S MOOTHING AND I TS VARIANTS
Exponential smoothing and its variants belong to a large
class of forecast methods that deal with ﬂuctuations on time
series. The popularity of these methods is due to their precision
and low computational effort. These methods forecast the next
value on a time series by smoothing the curve passing through
the observed data. Assuming that the extreme values of the
series represent random ﬂuctuations, these methods identify
the basic pattern in the collected data and use it to forecast
the future values. We shall present the Simple Exponential
Smoothing (SES) [8], the Adaptive Exponential Smoothing
(AES), also known as Trigg & Leach (TL) [1], and our
proposed method, called the Natural Adaptive Exponential
Smoothing (NAES).
A. Simple Exponential Smoothing (SES)

In this section, we show the causes of variations on the
wireless channel and how they inﬂuence the forecast. Special
attention is given to the variations that affect the received
signal strength (RSS).
Forecasting in IEEE 802.11 WLANs is not an easy work,
because the communication channel suffers interferences from
the environment through refraction and reﬂection. Moreover,
the 2.4GHz waves are absorbed by water, thus, absorbed by
the human body. Because of environmental interferences and
frequent variations on the channel quality parameters, it is
difﬁcult to identify a pattern that describes the behavior of the
channel. In order to make a better evaluation of the channel
characteristics, [7] divided the variations in two categories:
temporal variations and space variations.
Temporal variations occur when the receptor (mobile device) is in some ﬁxed position, so the variations are only

The Simple Exponential Smoothing (SES) method, like the
Simple Mobile Average method (SMA) [9], also smooths the
abrupt behavior of the collected data, but, unlike the SMA
method, it gives different weights to different points in the
time series: points that are more recent in the time series have
heavier weights [10]. The argument for this is based on the
assumption that the more recent observations contain more
information about the future and, therefore, are more relevant
to the forecast. Box and Jenkins [8] set the following convex
combination for the SES method:
Ẑt+1 = αZt + (1 − α)Ẑt ,

t = 1, . . . , N ,

(1)

where Zt is the observed data at time t, Ẑt+1 is the value
computed by the SES method at time t + 1, and α is the
smoothing factor.
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The SES method is, in its essence, a weighted mean where
the heavier weights correspond to the more recent points in the
time series, eliminating one of the disadvantages of the Simple
Mobile Average method [9]. Equation 1 can be rewritten to
Ẑt+1 = α et + Ẑt , where et = Zt − Ẑt is the forecast error at
step t. Thus, the new forecast is made by adding a multiple
of the forecast error.
According to [9], the α value determines the adjustment
applied to the data. The lesser the value of α, the bigger is
the forecasting stability, since a lower value of α implies in the
attribution of a bigger weight to the less recent observations
and, therefore, any ﬂuctuation in the present contributes with
lesser importance to the forecast. However, there is no good
methodology to select an appropriate value to α: it is usually
found by trial and error [10]. This is the main disadvantage
of this method.
The advantages of the SES method are, thus: simplicity;
low computational effort; adaptability of the smoothing factor
to each particular problem; and it is a one-step method, i.e.,
to compute Ẑt+1 one only needs Ẑt .

squares of the differences between the observed values (Z)
and the computed ones (Ẑ). That is:
Δ=

where Et = βet + (1 − β)Et−1 , Mt = |et | + (1 − β)Mt−1 ,
β is α variation speed factor (normally 0.1 or 0.2) and et =
Zt − Ẑt+1 , or either, the forecasting error in instant t.
This method has most of the advantages of SES with the
additional one of dynamically adapting the α through the
series. It can be used with multiple smoothing factors [1],
but the procedure to apply them is not very clear. The method
showed in the next section resembles this method in the sense
that it also has an adaptive smoothing factor α.

(Zi − Ẑi )2

i=1

In contrast to the TL algorithm, which changes α at each
iteration, NAES changes α in each interval of a chosen size
S using an empiric constant C to quantify how much α will
change. For this, in each interval of size S, we generate three
smoothing curves, using the values α, α + C, and α − C. We,
then, calculate the distortions for each of these curves, and
choose the smoothing factor α corresponding to the smallest
distortion. Algorithm 1 clariﬁes the steps.
Input: Time-serie Z
Data: Constant C, constant S and initial α
Output: Forecasting
while Z is not empty do
Remove S elements from Z;
Make a simple exponential smoothing using α,
α + C, α − C;
From the forecasts generated from the tree series
calculate the distortions Δα , Δα+C , Δα−C ;
if Δα ≤ Δα+C e Δα ≤ Δα−C then
α ← α;
else
if Δα+C ≤ Δα−C then
α ← α + C;
else
α ← α − C;
end
end
end
Algorithm 1: Natural Adaptive Exponential Smoothing

B. Adaptive Exponential Smoothing or Trigg & Leach(TL)
One of the weaknesses in the SES method is that the
smoothing factor α is considered constant throughout the
whole series [1]. The TL method solves that weakness by
adapting the value of α to the variations on the basic pattern
of the time series. When the system is unstable, the value of
α is set to be closer to one, meaning that the more recent
points in the time series would be even more relevant to the
forecast. Conversely, when the system is stable, α is set to a
lower value (closer to zero), so even the not so recent points
in the time series are taken into account to the forecast. α is
deﬁned, for each time step, by:


 Et 
 , t = 2, . . . , N ,
αt = 
(2)
Mt 

n


Like in the TL method, NAES sets the smoothing factor α
to a higher value when the system is unstable, and to a lesser
one, when the system is stable. But since it varies α only in
every size S intervals, NAES tends to do this slowly, in a way
that random ﬂuctuations have less inﬂuence to the forecast.
VI. R ESULTS
In order to evaluate the NAES method, two types of tests
were performed: tests performed with simulation, and tests
performed, in real time, in a real environment.
A. Real Environments

V. NATURAL A DAPTIVE E XPONENTIAL S MOOTHING
(NAES)
Inspired by the basic ideas of the SES method and by the
adaptive behavior of the TL method, our proposed algorithm,
Natural Adaptive Exponential Smoothing, is presented in this
section. It’s name comes from the natural way it adapts the
smoothing factor α.
A way to measure the forecast error, is deﬁning the distortion, Δ, for a series of n values of Z as the sum of the

In order to evaluate the NAES method in real environments,
we took into account real world situations such as obstacles,
interferences from the environment, and the device’s mobility.
The tests were performed in three kinds of environment: In the
ﬁrst one, there was a line-of-sight (LOS) between the access
point (AP) and the mobile device. In the second environment,
there was an obstacle between the mobile device and the AP
(a non-line-of-sight situation - NLOS). In the third one, the
mobile device moved randomly in a building (a 400m2 ﬂoor
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in the Statistics and Computer Sciences Department building,
in Itaperi campus of the State University of Ceará).
In each testbed, the measurements were performed every
second, during a time range of 3600 seconds (1 hour). The
measurements were collected through a HP NX 9010 notebook running wireless tools [11] on a 2.4.32 Linux kernel.
The algorithm was implemented in application-level, using C
language, . Then the TL and the NAES methods were applied
to the collected data. The parameters chosen for the NAES
algorithm were, 0.05 for the C constant, 10 steps for the slice
S and 0.5 for the initial α.

TABLE I
L EAST S QUARE E RROR - RSS

−20

Signal Strength (dB)

ones made by the TL method, and the converse. The NAES
method tends to perform better when the data changes are not
too abrupt, the converse holds when the changes are abrupt.
This is due to the fact that, in the TL method, the smoothing
factor α can reach values close to one faster than in the NAES
algorithm, following the abrupt data ﬂuctuations better.
In order to compare TL and NAES methods better, a least
square error analysis was made for a time period of one hour
and for the three environmental scenarios. The results are
shown in Table I and Table II.

Real
NAES
TL

Method
NAES
TL

Mobility
3.205048770
1.939613290

LOS
3.630953116
32.063906250

NLOS
3.329427908
3.988009000

−25

TABLE II
L EAST S QUARE E RROR - L INK Q UALITY
−30

NAES
−35
305

310

315

Method
NAES
TL

TL
320

325

330

Real
NAES
TL

0.86

Link Quality

0.85
0.84
0.83
0.82
0.81

B. Simulation

0.8
305

NLOS
0.000050041
0.000141139

In Table I, the errors for the NAES method were smaller in
LOS and NLOS scenarios, but larger for the Mobility scenario.
This is due, again, to TL’s ability to change α faster, following
abrupt changes – a mobility scenario characteristic – better.
As for the link quality, the NAES method gave better
results in all three scenarios, as shown in Table II. This was
unexpected, since the link quality should also presents abrupt
changes in the Mobility scenario. To validate the forecasted
values of link quality, the link quality deﬁnition was taken
in account. This deﬁnition correlates the incoming signal to
the ideal signal. It’s important to know that the signal DSSS
measure differs to the Signal Strength measure. Thus, the
proposed algorithm showed a minor error in all the situations,
showing itself to be efﬁcient forecasting the link quality.

Comparative analysis of the RSS real values and forecasted values

0.87

LOS
0.000984328
0.002898746

335

Time (s)

Fig. 2.

Mobility
0.000000753
0.000070510

NAES
310

315

TL
320

325

330

TABLE III
L EAST S QUARE E RROR - R ANDOM G AUSSIAN D ISTRIBUTION

335

Time (s)

Fig. 3.
values

Method
NAES
TL

Comparative analysis of the link quality real values and forecasted

Figures 2 and 3 shows the comparison between the measurements of the RSS and the values computed by the TL
and the NAES methods, in the mobility scenario. For the sake
of clarity, only the period from 305 to 335 was selected for
display. Note that both TL and NAES methods give results
close to the real values. We highlighted in Figures 2 and 3
the intervals where NAES’s predictions were better than the

First
125594.80
135693.10

Second
131827.67
134270.25

Third
464060739.44
466221798.81

To compare the methods in the simulated environment
we generated three random gaussian distributions. Gaussian
distribution was chosen due to the gaussian behavior of channel quality parameters [12]. The distributions were generated
using Box-Muller transformation [13]. In the ﬁrst one, we used
mean 0 and deviation 1. In the second one, the mean is 0.57,
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and the deviation is 0.20 (mimicking link quality on mobility
scenario). In the third one, the mean is -66, and the deviation is
29 (mimicking RSS on mobility scenario). As seen in table III
TL was better for all tests. This happened because TL behaves
in a better way in random time series, because of its way of
adapting α.
VII. C ONCLUSION AND F UTURE W ORK
This work proposes a forecast method, named NAES, for
time series of the channel behavior in IEEE 802.11b WLANs.
The NAES method is based on the SES and TL exponential
smoothing methods. It proved to be more efﬁcient when
compared to the TL adaptive method, with the additional
advantages of simplicity and low computational effort. These
characteristics make the method suitable for implementation
in a great variety of mobile devices that belong to Radio
Frequency technologies. However, in simulated environments,
it is not efﬁcient as TL, because of it’s natural way of adapting
α.
In a future work, we intend to evaluate new mobile test
scenarios, including one with multi-varied (video, audio and
data) trafﬁc being generated in real-time [3]. We plan to
validate the NAES algorithm, comparing it to another ones.
We also plan to propose and implement a new forecast method
based on time series which adopts linear models such as
AR, ARMA, and ARIMA [14] and test it within a WLAN
environment.
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