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ABSTRACT
The goal of this work is to show the feasibility of real-time
signal strength prediction on the base of instantaneous channel measurements. In real-world systems, like currently
available commercial WLAN equipment, the instantaneous
signal levels can only be measured with little accuracy. They
are affected by a lot of noise from different sources, the
measurement hardware is often not calibrated and the sampling interval is coarse and varying. Channel prediction
should therefore be able to deal with noisy and non-equidistant data. Furthermore, the algorithms should be relatively
simple, since no complex hardware can be afforded for simple WLAN, Bluetooth or sensor systems.
In this paper we introduce a prediction algorithm based
on a simple artificial neural network. The algorithm is tested
on signal strength values measured with a standard 802.11b
WLAN card in various environment conditions. The prediction results are compared with a state-of-the-art channel
prediction algorithm. We show that a simple artificial neural
network can be used as a robust and comparatively accurate
predictor.

acteristics are different from the ones the algorithms are designed for (e. g. not perfect Rayleigh or Rice), more noise
is present than expected. However, prediction errors can
significantly degrade the performance of channel-adaptive
techniques [5], so that finding accurate simple prediction
algorithms is an important challenge.
In this paper we evaluate the performance of channel
prediction algorithms in non-idealized conditions: the input
data to the prediction algorithms result from channel measurements performed with current 802.11b wireless LAN
cards. We introduce a prediction algorithm based on a simple multi-layer perceptron (MLP) and compare its performance with that of the modified covariance forecast scheme
from [4]. We evaluate the performance in terms of normalized estimation errors.
In the next section, the WLAN channel measurements
we used to test the prediction algorithms are briefly described. In Section 3 we explain the necessary preprocessing of the raw measurement data. In Section 4 the performance results — in terms of normalized estimation errors
— of the prediction algorithms are presented and compared,
and finally we conclude the paper in Section 5.

1. INTRODUCTION

2. CHANNEL MEASUREMENTS

Channel-adaptive mechanisms like adaptive modulation and
coding or adaptive scheduling are very popular means to
cope with the short term time varying characteristic of wireless channels (fast fading). These techniques require prediction of future channel behavior to be able to adapt to it. As
has been shown in [1] or [2], the more accurate the prediction and the further in the future it lasts, the better for the applications using it. This lead to the development of powerful
prediction algorithms for Rayleigh fading channels [3, 4].
Actually, WLAN, Bluetooth or the upcoming sensor networks device drivers usually do not have the possibility to
use these algorithms due to many different reasons: accurate measurement hardware is not affordable or necessary,
there is not enough computer power for complex calculations, channel samples are not equidistant, the channel char-

As mentioned above, we want to evaluate the performance
of channel prediction algorithms in real-world conditions.
For this purpose we used traces from a wireless channel
measurement campaign described in [6] and publicly available at [7]. The measurements were made in low-mobility
environments that were thought typical for WLAN users.
Figure 1 shows the measured received signal values for example scenarios. The two curves in each graph show the
instantaneous signal strength at the base station and at the
mobile. Altogether there are measurements in 9 different
environments. The average sampling rate of these measurements is 1.3 ms. If we assume a maximum speed of the
mobile user (or the environment) of 60 km/h, the channel
must be sampled with at least 133 Hz (sampling interval of
7.5 ms). Considering the maximum speed of objects in our
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It’s solutions for 0 and -3 dB yield the cut-off frequencies as pictured in Figure 2. As can be seen, the 30-point filter also affects frequencies that can belong to the signal we
are interested in, and not necessarily be only noise. However, we make this compromise to achieve an adequate noise
reduction. For use with the ModCov predictor the data we
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Fig. 1. Example measurements of signal strength (top left to
bottom right: scenarios Archi, Mensa, Road and Stadium2)
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scenarios we have oversampled the channels. The 1.3 ms
are the value of the interval between sent packets. Although
sometimes the inter-sample time (which is measured at the
receiver) is greater than 10 ms, 80 % of the inter-sample
times are below 3 ms as shown in [6]. The measurements
also show a high noise level.
3. DATA PREPROCESSING
The measurement data had to be pre-processed in order to
provide an useful input for both the modified covariance algorithm and the MLP. These steps are explained in detail in
the subsequent paragraphs.
3.1. Interpolation, Normalization and Filtering
First we re-sampled all measurement data to 1 KHz using
linear interpolation. This process yields equidistant time series which are required by most statistical evaluation like
FFT or autocorrelation. The measured data is available in
dB, filter and classical prediction algorithms often work with
natural units. For the Modified Covariance forecast algorithm (ModCov) the interpolated measurement data are converted into natural units; for the MLP-algorithm this conversion is not required.
The measured noise should of course be removed from
the data before prediction as we are interested only in the
underlying fading process. In order to reduce the noise
we applied a 30-point moving average filter on the data.
Though this filter is not ideal for frequency separation issues, it is fast, simple and has optimal noise reduction capabilities [8]. The frequency response of the filter is expressed
with the Dirichlet function:

 −1k(n−1) x = 2πk, k = 0, ±1, ±2, . . .
sin(n x )
diric(x) =
otherwise
 n sin 2x
(2)
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Fig. 2. Cut-off frequency of moving average filter
converted to natural units. The MLP predictor uses the measurement values in dB. The interpolated and filtered data are
only scaled to the range [-1, 1], which is the desired input
range for MLPs. In this case, -1 corresponds to -100 dB and
1 to -50 dB (the boundaries of the measured data).
3.2. Clustering
MLPs, as defined in [9], are able to learn the patterns of
almost any function. In this work, the patterns consist of
measured and pre-processed channel data, both “historical”
and “future” values. That means, the patterns are created by
moving a sliding window over each measurement, extracting the past 10 values as input values and the following 15
values as desired output values. All possible patterns for the
measurements are created in this way adding up to 6072752
different patterns.
Learning all these patterns would be a first approach.
The main flaw of it would be the impossibility to say something about the performance with similar but new patterns.
Over-training is another danger of this method. The usual
way to overcome these flaws is to generate training and validation pattern sets from the input. [9] and [10] give deeper
insight into these issues.
To create the training set for the MLP, we applied a clustering algorithm for time series on all measurement data
sets except the ones from scenario “Bike”. This was done
to have some validation patterns which the MLP has never
learned.
The clustering algorithm is a variation of the method
proposed in [11] for finding similar time series. Two criteria

:
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ā =
N
amax = max |vi − wi |
v, w
N

(10 historical inputs and 5 future outputs covering a range
of 15 ms).

signal (normalized) [dB]

for similarity are defined: the mean absolute deviation ā and
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Two patterns are declared similar if both ā and amax are
smaller than some threshold. Any pattern that meets the criteria above is put into the cluster where it differs least. For
any pattern which does not meet the criteria for an existing
cluster, the algorithm creates a new cluster. This first pattern in a new cluster is called the seed of the cluster. Figure 3
shows the result of the clustering algorithm using the thresholds ā = 0.01 and amax = 0.05. The size of the bubbles
represents the number of patterns in the cluster. The figure
clearly shows that the patterns with the smallest standard
deviation are most frequent. With these parameters 3316
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Fig. 4. Patterns with least and highest standard deviation
respectively

Fig. 3. Number of patterns (bubble size) with certain standard deviation and average value
cluster originated from the 6 million patterns. These values
are a compromise between precision (1 cluster per pattern
leading to 6 million clusters) and generalization (1 single
cluster for all patterns). Optimal values for this trade-off
can only be achieved by trying all possible cluster numbers
for a wide range of training and validation patterns. That
would be very time consuming and would pay-off only in
case of real implementation, whereas here we simply do a
proof-of-concept.
In order to reduce the complexity of the tests we did not
use all 15 future values as desired output of the net. Instead
only the values with the index 1, 2, 5, 10, 15 from the current
index are used. That means the MLP predicts the signal
strength in 1, 2, 5, 10, and 15 ms using the values of the last
10 ms as input. Thus a pattern actually consists of 15 values

In Figure 4(a) the seeds of the 10 biggest clusters and the
seeds of the 10 smallest clusters are pictured. As the difference between the 10 biggest clusters is only a constant offset, they represent essentially the same function. An offset
correction prior to the clustering would significantly reduce
the number of clusters while maintaining the differentiation
between dissimilar patterns. Figure 4(b) again shows the 10
most frequent and most seldom patterns after offset correction. These figures show that the most frequent patterns are
linear (even if different offsets are canceled out), whereas
the patterns with random fluctuations are very seldom. This
is of relevance because neural networks can approximate
well any function, but cannot learn random patterns. Until now we only used the clustering of not offset-corrected
patterns.
4. PREDICTION RESULTS
We applied the prediction schemes on all available measured channel data and normalized the prediction errors in
order to make the schemes comparable. In the following
paragraphs the results from the ModCov scheme and from
our MLP approach are presented and compared according to
the normalized mean squared error (NMSE) [12]. The prediction errors are normalized with the mean squared value
of the channel in use to make the errors in different scenarios comparable. Figure 1 illustrates the necessity of this
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Fig. 5. The MSE of the normalized prediction error for all measured scenarios, left: ModCov, right: HybNet
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Fig. 6. The 95-percentile of absolute errors for all measured scenarios, left: ModCov, right: HybNet
normalization. From the normalized errors the mean square
error (MSE) is calculated for each environment and per prediction horizon.

4.1. ModCov Scheme
The ModCov scheme was applied on all pre-processed (interpolated, converted and filtered) data. For this purpose we
used the modified covariance forecast scheme implementation provided in [13]. At any time, the last 30 values were
used to predict the next 15 samples. The predicted values
were compared to the original (not filtered) measured values, since we cannot say what is noise and what not.
On rare occasions, the ModCov method became unstable, producing enormous errors probably as a result of an
overshooting filter, since the algorithm is not designed for
non-Rayleigh channels. However, the errors with very big
values invalidated the usage of MSE. To avoid this we decided to include a sanity check in ModCov: if the prediction
error is greater than the 95-percentile of the last 30 ms of the
channel, it is considered to be an outlier. In these cases, the
predicted signal strength value is replaced by the last measured (pre-processed) value.

4.2. HybNet Scheme
The core of the proposed prediction method is an artificial
neural network with ten inputs, one hidden layer with ten
neurons and five outputs. As activation function tanh was
used. The learning process was done using standard backpropagation. The MLP was created and simulated with JavaNNS from the University of Tübingen in Germany [14].
At a first try the network was trained with the seeds of
all 3316 clusters from Section 3. Subsequent tests with the
actual measured data revealed that the trained net, though
yielding good overall results, had problems with some of
the measured data. A possible solution could be to increase
the number of hidden neurons. But, as we want to keep the
complexity as low as possible, we tried another way. Using
the fact that most patterns are of almost linear shape (see
Section 3.2), we grouped the clusters into two groups: one
consisting of the 256 cluster seeds with the lowest standard
deviation (these 256 cluster seeds represent over the half of
all available 6 million patterns), the other group contains all
other clusters. One MLP of the above described shape was
trained with the cluster seeds from the group with low standard deviation and one MLP of the same shape was trained
with the seeds of the more varying clusters. Subsequently,
the standard deviation threshold used to separate the clusters

into groups was also used to decide which network should
do the prediction.
4.3. Comparison
Figure 5 depicts the MSE for both schemes for all environments. Even though the maximum error was bounded for
ModCov, the MSE becomes very big especially for long
prediction horizons. HybNet does not have the problem of
such great outliers. Moreover, the overall MSE is smaller in
almost all situations.
To overcome the problem of the great influence of outliers, we additionally calculated the CDF of the normalized
absolute prediction errors. From this CDF the 95-percentile
was extracted. It is depicted in Figure 6. Again, the MLP
approach outperforms ModCov except for the environment
“Road”. Although the data from the scenario “Bike” was
not used for training the MLPs (see Section 3.2), HybNet
performs very well with these measurements.
5. CONCLUSIONS AND FUTURE WORK
We have presented an approach for prediction of wireless
channels using noisy historical channel data. The method is
based on a simple MLP trained with very few training patterns. These patterns were extracted from channel measurements in various low mobility environments. The number
of patterns was reduced via clustering to enable the net to
learn the underlying signal patterns rather than noise.
The performance of HybNet was compared with a stateof-the-art forecast scheme and turned out to be more accurate and more robust under the assumed difficult but realistic
conditions. The performance of our approach can be improved if we optimize the training set on the one hand and
the MLP shape on the other hand. Since the performance
of HybNet is a lot better for some environments than for
others, it can be expected that a better choice of the rules
for clustering the training patterns will improve the performance, as explained in Section 3.2. Furthermore, tests
with synthesized Rayleigh channels will be done in order to
proof the general applicability of the concept.
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