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ABSTRACT

We present a preliminary analysis of mobility data collected
from an operational GPRS network. The input data are
time-series counting the number of mobile stations present
in each of 126 sample routing areas at equally spaced in-
stants (5 min) during one full week. The time-series were
extracted from packet-level traces captured by passively mon-
itoring a subset of the Gb links of the network of mobilkom
austria AG & Co KG during October 2004. We apply the
principal component analysis (PCA) to this dataset. The
PCA offers a simple method for classifying the routing ar-
eas into two main groups, residential and business areas,
plus a few “atypical” ones. Additionally, we address the
problem of robustness of the PCA to temporary local gaps
in the input data.

1. INTRODUCTION

Third-generation (3G) cellular networks have extended the
reach of internet connectivity with nation-wide wireless cov-
erage. At present the 3G environment is under evolution:
the subscriber population and the traffic volume are still
in a growing phase (for some details on the network un-
der study see [1]); the relative distribution of terminal types
(e.g. laptops vs. handsets) and their capabilities are chang-
ing quickly; the service portfolio and tariffs offered by the
operators evolves rapidly. In such a fast-evolving environ-
ment it is of great importance to continuously monitor the
status of the network and user population, and to early de-
tect localized problems as well as global changes and per-
formance drifts.

One important aspect to be monitored in a cellular net-
work is the distribution in space of mobile stations (MS).
In a 3G mobile network it is possible to infer the location
of each MS at the granularity of Routing Areas (RA) by
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passively sniffing the signaling exchange between the MS
and the SGSN (Serving GPRS Support Node) on the Gb
and IuPS links for GPRS/EDGE and UMTS/HSDPA re-
spectively (ref. Fig. 1). An RA is a group of neighboring
radio cells (see [2, p. 129] for more details). We show in
[3, Sec. 4] how to extract the discrete time-series counting
the number of MS present in each RA at periodically sam-
pled instants from from traces captured on the Gb links. The
traces had been previously anonymized by eliminating any
user-related field value. In this work we consider time-series
with a sampling periodτ = 5 min and with total length of
several days.

Given the large number of RAs it is desirable to reduce
the dimensionality of the data at hand and at the same time
classify the different RA profiles into a small number of
groups. The profiles of individual RAs reflect the daily mo-
bility pattern of the underlying user population across the
country, therefore they are expectedly (i) highly correlated
and (ii) pseudo-periodic with a primary cycle of 24h and a
smaller one at 7 days.

In this work we explore the applicability of the princi-
pal component analysis (PCA) to reduce the size of such
datasets. One point to be addressed is the robustness of the
PCA to errors and gaps in the measured data. In fact, given
the operational complexity of monitoring an entire 3G net-
work, and certain technical issues in the signaling tracking
procedure, it can not be always expected to obtain perfectly
completed data for all RAs and for periods of several days.
Temporary gaps in the data must be considered as a “nor-
mal” aspect. The contribution of this work is to present a
preliminary investigation of the applicability of PCA to in-
complete network data.

The PCA method was applied to network data by Lakhina
et al. [4] for the analysis of origin-destination aggregate
flows in an IP network. It is shown that such data has an in-
trinsically low dimensionality: the dataset can be very well
approximated by only five dominant components. The au-
thors also find that intermediate components might be help-
ful to reveal hidden anomalies (e.g. traffic spikes or dips)
that are not evident in the original signals.
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Fig. 1. 3G network structure.

In the present work we analyze a dataset that was used
in a previous contribution on network optimization [3]. The
dataset reports the number of MSs present in different GPRS
RAs, sampled every 5 min, for a total measurement period
of exactly 1 week (from Monday 00:00 to Sunday 24:00).
The measurements were taken in October 2004 on the Gb
links (ref. Fig. 1) of the operational GPRS network of mo-
bilkom austria AG & Co KG, the leading mobile operator
in Austria, EU, within the framework of an applied-research
project on 3G traffic monitoring1. A number of 126 RAs
are included in the METAWIN/Gb dataset, covering a frac-
tion X < 1 of the total network (X non disclosed). To the
best of our knowledge no previous work has reported large-
scale measurements of spatial user distribution from a real
operational 3G mobile network.

Notation: We denote a column vector bya and itsi-th
element witha[i]. Similarly, the columns of a matrixA are
denoted throughAi. The transpose ofA is given byAT. A
diagonal matrix with elementsa[i] is written as diag(a) and
theQ × Q identity matrix asIQ. The norm ofa is denoted
through‖a‖.

2. THE PRINCIPAL COMPONENT ANALYSIS

In this section we summarize the theory of the principal
component analysis (PCA) [5, Sec. 6.8.1]. The PCA is a
coordinate transformation that maps the measured data onto
a set of axes spanned by eigenvectors in order to obtain the
“principal components”. Each eigenvector points to the di-
rection of maximum variation or energy (with respect to the
Euclidean norm) remaining in the data, given the energy al-
ready accounted for in the preceding components. As such,
the first principal component captures the total energy of
the original data to the maximal degree possible on a sin-
gle axis. The next principal components then captures the

1METAWIN project home page http://userver.ftw.at/∼ricciato/metawin

maximum residual energy among the remaining orthogonal
directions. In this sense, the principal axes are ordered by
the amount of energy in the data they capture [4].

Given a set ofNr data vectorsdr ∈ RNt for r ∈
{1, . . . , Nr}, we define the data matrixD = [d1, . . . , dNr

].
In our casedr represents the number of MS present in an
arear sampled at timet ∈ {1, . . . , Nt} after centering
(zero-mean) and normalization to unit energy. We apply
this normalization to prevent that areas with large user pop-
ulation dominate the profile of the eigenvectors. Using the
singular value decomposition, we can write:

D = USV
T , (1)

where
U = [u1, . . . , uNr

] ∈ R
Nt×Nr (2)

and
V = [v1, . . . , vNr

] ∈ R
Nr×Nr (3)

are orthonormal matrices (i.e.V T
V = U

T
U = INr

).
S is a diagonal matrix of positive real values (the singular
values) defined byS = diag([s[1], . . . , s[Nr]]

T) ordered
such thats[1] ≥ s[2] ≥ . . . ≥ s[Nr].

The sample covariance matrixRD of D can be written
asRD = DD

T = US
2
U

T. The square singular values
of D are the eigenvalues of the covariance matrixRD . The
eigenvalues represent the amount of energy in theeigenvec-
tor ui (which is called eigenflows in [4]). From (1) we can
write each data vectordr as

dr = Uwr =

Nr∑

i=1

uiwr[i] , (4)

where[w1, . . . , wNr
] = SV

T. Each data vectordr can
be expressed as a linear combination of the eigenvectorsui

weighted by the principal componentswr[i]. Additionally,
wr = U

T
dr. For every data vectordr we define the low-

rank approximation vector̃dr(K) obtained by truncating
the sum in (4) to the firstK components (withK ≪ Nr):

dr ≈ d̃r(K) =

K∑

i=1

uiwr[i] . (5)

For each RAr we measure the distance between the data
vector and its approximation by the quadratic reconstruction
error

zr(K) =
1

Nt

‖dr − d̃r(K)‖2 . (6)

3. RESULTS

We apply the PCA to the METAWIN/Gb dataset. Recall
that each data vectordr is one week long and has been pre-
viously centered (zero-mean) and normalized.
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Fig. 2. Sample eigenvectorsui for i ∈ {1 − 9, 28, 34, 89}.

3.1. Eigenvectors and Eigenvalues

Some representative eigenvectors of the datasetD are shown
in Fig. 2. As expected the first two eigenvectorsu1 and
u2 expose a strong daily (pseudo)-periodicity. The profile
in the weekdays (Mon-Fri) is markedly different from the
weekend (last two days). The dotted vertical lines mark
midnight for each day.

The large dips are caused by short-term lack of data af-
fecting multiple RAs at the same time. It can be seen that
this lack of data is already captured in the very first eigen-
vectors. Similarly the large gap in the fifth eigenvectoru5

is due to a temporary gap in the data between samples 487
and 695, affecting multiple RAs. As expected, higher in-
dex eigenvectors become more and more noisy (and have
higher frequency content). Note that the variability range
is modulated by a 24h periodic envelope (e.g.u89), since
the absolute value of the signal variance increases with the
signal level.

In Fig. 3-left we plot the distribution of the eigenvalues
(square singular values) in loglog scale. The first two eigen-
values are rather close to each other. From the 2nd eigen-
value onwards the distribution fits very well a power-law
with slope -1.25. This power-law fit is remarkable and can
not be considered incidental. We do not have a full explana-
tion for such a behavior: power-law eigenvalue spectra are
known to be a feature of certain classes of random graphs
(see [6] and references therein) but there is no trivial con-
nection to our case. In some preliminary experiments with
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Fig. 3. Distribution of the squared singular valuess[i]2 in
log-log scale (left). Cumulative distribution function (right)

synthetic data we noticed that power-law spectra emerge
also when the dataset is built from independent combina-
tions of sinusoids, however we leave the exploration of this
point to further study.

In Fig. 3-right we plot the cumulative distribution func-
tion of eigenvaluess[i]2. This corresponds to the total en-
ergy (or variability) captured by the firsti eigenvectors. It
can be seen that more than 95% of the energy can be cap-
tured by the first five eigenvectors only.

3.2. Reconstruction and Classification

In Fig. 4 we show some representative data vectors along
with the low-rank approximation using the first two princi-
pal components (K = 2). The profiles of the top two graphs
(RA 8, 52) are typical for a business environment: daily
peaks placed at working-hours, and a considerable lower
level during the week-end. On the contrary the bottom two
profiles (RA 51, 62) are typical for residential areas: daily
peaks are located in the evening, and the number of active
users is larger on the week-end than on weekdays.

We can see that the original data is very well approx-
imated with onlyK = 2 eigenvectors in all the vectors
shown in Fig. 4. In fact, we have chosen on purpose RAs
with highly “representative” profiles (i.e. recurrent across
the whole dataset). It turns out that the first two eigenvectors
have well captured the behavior of these two RA groups.

In Fig. 5 we report the reconstruction errorzr(K) for
K = 2 (left) andK = 5 (right). In each graph the threshold
delimits the eight highest values of the reconstruction error.

The profile of the eight RAs with the highest reconstruc-
tion errorzr(2) are reported in Fig. 6. In four out of eight
cases the reconstructed signal failed in capturing the large
data gap centered at sample600. From Fig. 4 we know that
the gap was not present before the fifth eigenvector. In fact
the reconstructed signals̃dr(K) with K = 5 (not shown
here) follow very closely the original vector, as can be in-
ferred by the lower values of the reconstruction error in the
right-hand plot of Fig. 5.

In Fig. 7 we plot the first two principal components
wr [1] andwr[2] for all RAs. The two subgraphs show ex-
actly the same points but on the left (resp. right) graph the
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Fig. 4. Samples of well-reconstructed vectors using two
principal components only (K = 2).
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Fig. 5. Reconstruction errorzr(K) for K = 2 (left) and
K = 5 (right) versus RAr. The straight line shows the
threshold delimiting the worst 8 values

black ’+’ mark the RA with the lowest (resp. highest) recon-
struction errorzr(2). The first observation is the presence
of two large clusters that include most of the RAs. The left-
most cluster has negative values ofwr[1] andwr[2] above
0.5, while the rightmost cluster has positive values ofwr[1]
andwr[2] between 0 and 1. The two clusters discriminate
the two main types of RAs identified visually in Fig. 4: res-
idential and business areas. The second interesting observa-
tion is that all the “best reconstructed” signals (with lowest
reconstruction error, black ’+’ marks in the left-hand graph
of Fig. 7) falls within such clusters, while all the 8 “worst
reconstructed” ones lay outside the clusters.

In other words the most common (“typical”) RA pro-
files are also well-approximated by the first two eigenvec-
tors, while the RAs with atypical behavior are not. This
result suggests that the PCA can be used for a first clas-
sification of RA profiles, discriminating the “typical” and
“atypical” behavior based on the reconstruction errorzr(2)
of the first two eigenvectors. The “typical” can be further
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Fig. 6. Atypical time-series and associated reconstructed
signalsd̃r(K) with K = 2.

clustered into two groups (residential and business areas)
based on the principal componentswr[1] andwr[2]. The
few “atypical” RAs should be instead analyzed separately.
For instance, one could apply again PCA on the subset of
atypical RAs, seeking for further clustering and classifica-
tion.

3.3. Local Data Gaps Cause Global Distortion

The PCA decomposes the original set of data vectors into a
new basis. More specifically, it selects the new basis subject
to a constraint, i.e. orthonormality, and with an optimality
criterium, namely the minimization of the residual recon-
struction error at each step. Both the constraint and the op-
timality metric are defined as sums in time of inner product
between vectors. That means that the profile of each eigen-
vector in a certain time interval isnot independent from the
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Fig. 7. Scatter-plot of the first two principal components
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value of the original dataset outside that interval. As a di-
rect consequence, a large error or gap in the data in any time
interval, say[t1, t2], will have a global effect on the whole
profile of the eigenvector. In other words a local (in time) er-
ror in the data will propagate to a global effect. That puts in
question the utility of applying PCA to non-ideal datasets,
i.e. incomplete or partially corrupted.

To see such effects on our dataset we performed the fol-
lowing additional analysis. Recall that in our dataset there
is a large gap in the data affecting multiple RAs between
day 2 and 3 (see Fig. 6). In order to bypass it, we applied
PCA to a subset of the original data where only the samples
for the last 4 days were considered. We artificially create
erroneousdatasets by zeroing the samples in the time inter-
val [1600, 1700] for a fractionY of randomly selected RAs.
In Fig. 8 we report the first four eigenvectors of the orig-
inal subset (dotted line) along with the ones obtained for
the artificialerroneousdata withY = 15% (full line) and
Y = 45% (dashed lines). In case ofY = 15% the (artifi-
cial) data gap impacts only the eigenvectors above rank 2.
For Y = 45% also the first eigenvector is modified. Inter-
estingly, the second eigenvector remains stable also for very
highY (e.g. 60%). These results show that an anomaly (e.g.
missing data) affecting a fraction of the RAs might impact
the global eigenvectors.

4. CONCLUSIONS

We applied PCA to time-series representing the number of
MS in different RAs. We showed that the projection onto
the first two eigenvalues reveals two large clusters corre-
sponding to residential and business areas, leaving only a
few “atypical” elements out of the clusters. We found that
the whole set can be well-approximated by only five prin-
cipal components, while “typical” profiles can be approxi-
mated by just the first two.

We showed that the interpretation of the eigenvectors
must be handled with care since the presence of local data
gaps can have a global impact on the whole eigenvector
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Fig. 8. First four eigenvectors for the truncated datasets for
original data (−·), 15% erroneous data (–) and 45 % erro-
neous data (- -).

profiles. This raises some concerns about the robustness
of PCA to incomplete datasets. We are currently exploring
alternative decomposition methods for data reduction, seek-
ing for better robustness properties to missing data.
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