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ABSTRACT

The availability of datasets has been instrumental to drive
advances in several disciplines like computer vision, image
processing, and natural language processing. However, in
the context of mobile traffic, data is often not available be-
cause of diverse reasons including data sensitivity, legal con-
siderations and business competition. The lack of dataset
availability restrains the research advance at large.

In this paper, we make a twofold contribution. On the one
hand, we make available a large dataset of mobile traffic from
multiple Base Stations (BSs). The key distinct feature of the
dataset is in the nature of the data, which is based on real
LTE traffic information decoded from control channel infor-
mation at the millisecond level. On the other hand, we carry
out an in-depth characterization of user traffic and study how
widely adopted probability distributions for mobile traffic do
apply at short-term scales. Our analysis shows that mobile
data traffic exhibits self-similarity and the number of Radio
Resource Control (RRC) connected users exhibits a bi-modal
distribution. Overall, our contribution key to verify and re-
produce research outcomes as well as driving advances of
Artificial Intelligence (AI)/Machine Learning (ML) applied
to mobile networks.
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1 INTRODUCTION

Data analysis has gained momentum in several disciplines
over the last few years. The enormous improvements in ana-
lytics and predictive modeling coupled with the availability
of large datasets have enabled common benchmarking and
reproducibility of research outcomes, sparking the growth
and advancements in the areas of computer vision, image
and natural language processing [7, 18]. Such research ad-
vances usually go hand in hand with advances of Artificial
Intelligence (AI)/Machine Learning (ML) techniques applied
to such areas.

Surprisingly, the landscape of dataset availability in the
context of mobile traffic is fragmented and scarce. Scarcity
is mainly attributed to the lack of interest of mobile net-
work operators in publicly releasing such data because of
privacy concerns for data sensitivity, legal and regulatory
aspects, and to retain a competitive advantage over other
operators. Despite the overall scarcity, there exist remarkable
initiatives making available mobile traffic data at metropoli-
tan scale at minute-level granularity (e.g., the Telecom Italia
Big Data Challenge [4] and NetMob [27]). Reference public
datasets providing access to sub-minute scale data are even
rare, making imbalanced these two fully independent classes.
Indeed, the former class of datasets is useful for optimizing
network deployment planning [8] and routing [13], to in-
fer human and economic activities [42],and to better handle
crowded events [32]. In contrast, the latter class of datasets is
useful for optimizing resource allocation [6], channel sound-
ing [10], congestion control over mobile networks [40] or
understanding specific mechanisms like network ID assign-
ment to users [2].

In this paper, we make a two-fold contribution. First, we
make publicly available a dataset with millisecond-level in-
formation of real LTE Base Stations (BSs) collected over the
course of two years in both Madrid city center and sub-
metropolitan areas. Second, we carry out an in-depth char-
acterization of traffic at BS- and user-level in terms of traffic
load, and inter-transmission times. For this, we study how
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widely adopted probability distributions for mobile traffic
do apply at short-term scales. Overall, such knowledge is
extremely useful to researchers for simulation and experi-
mental (e.g., in large wireless testbeds like Colosseum [28])
evaluation settings. Therefore, our work is positioned to
support new research methods and systems in the area of
resource allocation for mobile networks enabling result re-
producibility.

The expert reader may argue why to focus on releas-
ing a LTE dataset in the 5G era. There are several reasons.
First, despite its commercial roll-out dates back to 2019, the
vast majority of today’s 5G network deployments are Non-
StandAlone (NSA) [12, 23, 33], i.e.,, a 5G NR BS is added as
secondary radio access to the existing LTE master BS. Second,
technological advances like the introduction of 5G and the
consequent introduction of new services and applications,
shift in user behaviors and infrastructure improvements are
processes that ultimately alter mobile traffic patterns, but at
a slow pace. Hence, our dataset given its unique features will
still be of help in the above-identified research areas. Second,
from a technical standpoint, it is not trivial to create a tool
capable of decoding information at such fine-grained scaled
and level of detail for 5G. We will elaborate more on this
regard in Section 5.

The key insights (denoted as “T”) resulting from our analy-
sis can be summarized as follows:

I1: We confirm with a recent study an old finding that dates
back to the year 2004 [17]: data-plane traffic exhibits
self-similarity properties at both individual uplink and
downlink components and as a whole. This is different
from control-plane mobile network traffic [30]

I2: We find that the number of Radio Resource Control (RRC)
connected users follows a bi-modal distribution that in-
dicates the presence of circadian cycles resulting in two
clusters of different sizes, i.e., users connected during the
day and users connected during the night.

We publicly release the anonymized dataset that we use in
the analysis at https://git2.networks.imdea.org/wng/madrid-
lte-dataset.

2 DATA COLLECTION METHODOLOGY

For our study, we collect a dataset of LTE traffic allocations
from multiple BSs located in different areas of Madrid, Spain.
We first delve into the background of the tools that can
provide such data and next, we describe the characteristics
of data collection and processing. Finally, Section 3 will delve
into the presentation of the final form of the dataset.

The Tools. Unlike 5G NR [12], in LTE the control channel
spans the entire bandwidth and the decoding of the physical
downlink control channel (i.e., the PDCCH) contains per-
user scheduling information. LTEye [20] is a seminal attempt
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at performing PDCCH decoding, OWL [5], FALCON [9], and
LTESniffer [14] are refinements over the basic mechanisms
that improve the decoding performance. NG-SCOPE [39]
makes it possible the decoding at multiple BSs at a time.
Our Dataset. For our study, we have used FALCON as LTE
passive monitoring tool. We run FALCON on a Linux laptop
connected to a USRP B210 to decode the unencrypted infor-
mation that BSs send to the UEs over the PDCCH channel
regarding their traffic allocation at Transmission Time In-
terval (TTI)-level. During this process, the user’s identity is
not revealed. Rather, we gather the following information:
(i) the temporary user ID currently associated with the user
(the Radio Network Temporary Identifier (RNTI)), (ii) the
ID of the frame containing the traffic allocation for each
C-RNTI, (iii) the associated transport block size (TBS), and
(iv) information related to the transmission like Modulation
and Coding Scheme (MCS) and utilized Physical Resource
Block (PRB). This information makes it possible to deter-
mine traffic characteristics at the user-level, i.e., the size and
duration of per-user traffic bursts and idle times between
subsequent traffic bursts. From the collected datawe discard
RNTIs reserved for random access (RA-RNTIs with ID 1-960),
paging and system notification (P-RNTIs with ID 65534), and
broadcast system information (SI-RNTIs with ID 65535).

Being the RNTIs temporary, to identify each user, we an-
alyzed RNTIs like in [2]. The problem with RNTIs being
temporal lies in the fact that different users can be iden-
tified with the same RNTI because the space from where
they are drawn is limited and they are reused over time. To
overcome this problem it is necessary to analyze the time
elapsed (inter-transmission times) between two consecutive
samples with identical RNTI and set a time threshold above
which there is an end of the user lifetime. This threshold
is set by observing the cumulative distribution functions
of inter-transmission times and by selecting a value that is
greater than 10 s (common threshold from existing literature)
and is before a significant drop in the cumulative distribu-
tion function. With this analysis, it is possible to select a
threshold that is more realistic for user identification than
the commonly used 10 s threshold [2]. After running an ex-
tensive analysis on each BS of the whole dataset, we find
that common thresholds lie in between the range [10, 40]
seconds. For the sake of fair comparison, in this paper, we
set the threshold to 10 s.

3 THE FINAL DATASET

The data, collected according to the methodology explained
in Section 2 is divided into multiple files one for each dif-
ferent zone, frequency, target, and granularity. Table 1 sum-
marizes the key aspects of the dataset. Depending on the
area where the data was collected, we group the data into
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Table 1: The dataset in a nutshell

YEAR OPERATOR ZONE CARRIER ID TortaL TiME (H) ToTAL UseRs TRAFFIC VOLUME (GB) DATASET Sizk (GB)
FrREQUENCY (MHZ)
2020 A I 796 BS1 247 72321636 388691 11
2020 B I 1815 BS2 227 23508 594 242 406 3
2020 A I 2650 BS3 74 10493 540 18403 0.24
2021 B I 816 BS4 163 14813731 579376 12
2021 C I 1835 BS5 313 59463421 2378256 27
2021 A i 2650 BS6 353 33650085 1308 064 11
dataset at RRC level does not necessarily mean that the users trans-
1 zonelI mit or receive traffic in a given TTL Figure 1 shows the high-
15 £796 level description of the structured set of folders in which the
uplink dataset is organized. These folders contain the cleaned and
granularity-reduced data.
downlink

users

H. frequency_1815

U frequency_2650

L zonell

Gy - -

Figure 1: Tree structure of the dataset

two zones, namely Zone I and Zone II. Zone I corresponds to
BSs located within the diameter of the orbital highway M-30
circling all the central districts of Madrid municipality. In
contrast, zone II contains data about BSs located outside the
orbital highway, i.e., in sub-urban areas. Zone I features BSs
with different carriers frequencies: 796 MHz (10 MHz chan-
nel bandwidth), 1815 MHz (20 MHz channel bandwidth), and
2650 MHz (20 MHz channel bandwidth). The same applies
for zone II, whose BSs feature the following carriers fre-
quencies: 816 MHz (10 MHz channel bandwidth), 1835 MHz
(20 MHz channel bandwidth), and 2650 MHz (20 MHz chan-
nel bandwidth). BSs with carrier frequencies 796 MHz and
2650 MHz belong to operator A, carrier frequencies 796 MHz
and 2650 MHz to operator B, and finally carrier frequencies
796 MHz to operator C. Note that A, B, and C are the three
major operators in Spain.

The dataset records information at the millisecond level
about: timestamp (in unix format), traffic direction (uplink or
downlink), RNTI, and Tranport Block Size (TBS). Such fine-
grained information makes it possible to estimate, among
others, the inter-transmission times and traffic load for each
user, and the number of users connected at BS level. The
above definitions ground on the fact that we consider RRC
connected users, i.e., users that are capable of transmitting
and receiving traffic from the BS. Note that being connected

4 ANALYSIS AND INSIGHTS

In this Section, we provide the complete analysis of our
dataset that encompasses the study of mobile traffic when
observed at BS level (Section 4.1), and at the user level (Sec-
tion 4.2). Finally, we study how the number of RRC connected
users varies over time (Section 4.3).

4.1 Traffic at BS Level

We now characterize the main features of the mobile traffic
at BS level by analyzing the total amount of traffic observed
and the breakdown into downlink and uplink traffic.

Data Filtering. Before delving into the discussion, we make
the following observation. Figure 2 shows Cumulative Distri-
bution Functions (CDFs) that indicate the fraction of traffic
consumed by a given fraction of users. We observe a consis-
tent pattern across the BSs except for BS3. Specifically, in
5 out of 6 BSs, less than 10% of the users transmit 95% of
the traffic. As for BS3, this fraction changes and 40% of the
users transmits 95% of the traffic. Based on such observation,
in the remainder of the paper we focus on the fraction of
users that transmit most of the traffic. Note that at the time
of performing trace analysis of data collected from LTE DCI
decoding tools, it is highly recommended to perform such
preliminary data cleaning.

Measuring Traffic Burstiness. An important concept often
overlooked when analyzing mobile network traffic traces
is self-similarity. Self-similarity is a phenomenon first no-
ticed by the hydrologist Harold Edwin Hurst [16] and later
mathematically defined by Benoit B. Mandelbrot [26], and
consists in finding structural similarities across all different
scales in the data. In mobile traffic modeling, the degree of
self-similarity can be used to measure the burstiness of the
data [21]. Measuring burstiness is important: bursty traffic
strains network resources such as bandwidth, which is often
limited in wireless systems pre-mmwave era, and poses a
burden to designing effective resource allocation schemes.
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Figure 2: The amount of traffic consumed by users
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Figure 3: Time-variance plots with the Hurst parameter computed H for combined uplink and downlink traffic

load for six different BSs

The Hurst parameter H is commonly used to measure
the degree of self-similarity. This parameter is estimated by
plotting time-variance plots and by calculating the slope f
of the slowing decay variance along different aggregation
group sizes m [41]. H is then calculated using the expression:
H =1- /2. A Hurst parameter greater than 0.5 and close
to 1 implies that the sample variance will asymptotically
decrease at a slower rate than the sample size (long-range de-
pendence - positive correlation, persistent behavior), unlike
what happens in stochastic processes like traditional Pois-
son modeling process where H tends to values around 0.5
and the sample variance decreases exponentially concerning
the sample size (no time range dependence - no correlation,
randomness). Finally, values of H lower than 0.5 and close
to 0 indicate that the process alternates between high and
low values (short range dependence - negative correlation,
anti-persistent behavior).

This poses a specific problem in traditional models be-
cause they systematically fail to reflect this statistical prop-
erty which is commonly known as the Hurst phenomenon.
Asserting self-similarity in mobile traffic networks means
that for modeling, researchers should take into account a
number of self-similar stochastic models to better reflect the
reality of network traffic.(e.g., [34]). To help facilitate traffic
modeling at BS level, we report the H parameter for the dif-
ferent BSs in our dataset by aggregating traffic at the second
level. Figure 3 shows time-variance plots computed on our
dataset which makes it possible to extract the Hurst parame-
ter H. We observe that the degree of self-similarity is very
high and close to 1. This means that mobile network traffic
is statistically similar for time windows of different sizes
as opposed to stochastic processes and therefore the bursti-
ness is similar at different time scales. Practically, this means

Table 2: Degree of self-similarity of uplink and down-
link traffic

BSID Urrink (HURsT) DowNLINK (HURST)

BS1 0.92 0.94
BS2 0.81 0.93
BS3 0.92 0.95
BS4 0.87 0.94
BS5 0.78 0.97
BS6 0.89 0.95

that modeling traffic with such a function over a horizon of
30 seconds or 10 minutes would be statistically correct.

We now ask ourselves if the self-similarity property also
applies to the individual traffic components, uplink, and
downlink. Table 2 confirms the property and shows that it
is more evident for downlink traffic than for the uplink. We
attribute this behavior to upper-layer protocols like TCP that
introduce mechanisms like congestion control that lead to
higher burstiness than the downlink counterpart.

4.2 Traffic at User Level

If observed with the microscopic lens at millisecond resolu-
tion, mobile traffic is highly sparse. Figure 4 illustrates the
sparsity of traffic for a 10 seconds traffic snapshot for BS2. At
the top of Figure 4 we show the PRB allocation (normalized
to 100, the number of PRB with 20 MHz channel bandwidth)
for each active UE at the TTI level (1 ms). Note that BSs pre-
fer to assign all resources to a single user in one TTIL, which
explains the yellow dots [3]. At the bottom of Figure 4, we
show the corresponding load of the BS. Figure 5 shows a 5 s
snapshot of traffic generated by one specific UE. We observe
that traffic is highly sporadic and is therefore well described
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Figure 4: Mobile traffic sparsity during 10 s of a
20 MHz channel BS.

through two components. The bursts, measured in Bytes,
define the amount of traffic computed summing all TBS of
subsequent data transmissions. The inter-transmission times,
measured in milliseconds, define the time between two con-
secutive bursts with no data transmission in the uplink or
downlink direction.

Having set the stage by defining bursts and inter-transmis-
sion, we now delve into the characteristics of each component
separately in Section 4.2.1 and Section 4.2.2 respectively.

4.2.1 Traffic Load. Figure 6 shows the overall distribution
of traffic bursts for all the users of three different BS. Specif-
ically, we choose to present one BS per operator to better
highlight the difference and similarities we find with this
analysis. More concretely, we plot on the axis-x the burst
defined in terms of TBS sum (in other words, all the traffic
destined to a specific RNTI in a 10 ms frame), and on the
axis-y, the number of occurrences a given burst is found in
the user lifetime (in other words, the duration of the burst).
Finally, we count the number of users that have been seen
transmitting a given burst for so many occurrences and ren-
der this information with colors. The resulting plot provides
therefore a unique fingerprint of users’ traffic activities in
the corresponding BS. From the Figure, we can observe that
very few users transmit long bursts and when this occurs,
these are bursts that carry little amount of traffic. The vast
majority of the users (lighter colors in the bottom part of
the Figure) are usually associated with shortly-lived bursts
regardless of the burst size, which may be the consequence
of the mix of highly diverse applications utilized. The dif-
ferences between the BSs mainly lie in the areas of the dark
clouds on the top part of Figure 6: we attribute this difference
to the joint effect of the traffic nature itself and to how each
operator performs resource allocation.

We now break down the above analysis for uplink and
downlink traffic and show the result in Figure 7 for the BS4
solely. As we expect, the uplink traffic is lighter and this
becomes clear in Figure 7(b) as the maximum burst size is
significantly lower than the downlink counterpart. Also, note

L Il Il Il Il Il Il
4000 burst burst burst burst

\]\II/+H

TBS (Byte)
> 8 3
s 8 8

0 T T
0.0 O. 1.0

20 25 30 35 4 45 50
Time (s)

Figure 5: Snapshot of 5 s of traffic generated by a

UE. The example illustrates how per-user traffic

is sporadic and irregular. Markers highlight bursts

and inter-transmission times (“itx” in Figure).

that the long bursts that carry a little amount of traffic are
mainly generated by a few users transmitting in the uplink
direction (see the top left part of the figure).

4.2.2  Inter-transmission Times. For inter-transmission times,
we perform a similar analysis to traffic load. Specifically, we
show in Figure 8 the inter-transmission times of two different
BSs. Specifically, we plot on the axis-x the inter-transmission
times, and on the axis-y the number of occurrences a given
inter-transmission time is found in the user lifetime. Finally,
we render with colors the number of users that have been
seen idle for a certain duration for so many occurrences. As
expected, we do not observe any inter-transmission time
higher than 10 seconds, that is the value of the threshold
set for RNTI expiration in this work. From the figure, we
can observe that the vast majority of the cases (light colors)
appear in the bottom left part of the figure, which indicates
that the vast majority of the inter-transmission times are
very short.

4.3 Estimated Number of Connected Users

With the methodology described in Section 2, we can identify
the number of users that are active at RRC layer. As we
will better describe later in Section 5, such information is
particularly relevant to analyze the root cause of signaling
storms in core networks. We show in Figure 9 a 5 minute
snapshot of the number of RRC connected users for BS4
when looking at different rolling averages. Increasing the
rolling average duration smooths out noise and allows to
identification of patterns that may be exploited by ML.

By analyzing the distribution of RRC connected users, we
find that it can be described as a bimodal Gaussian distribu-
tion. This distribution is the sum of two Gaussian distribu-
tions and can be mathematically expressed as:

2
X—pj
e (1)
i=1

where A is the height of the curve’s peak, p is the mean and
o is the standard deviation.
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We apply curve fitting to the BSs of our dataset. Curve
fitting is computed as the least square error linear regression
of the parameters appearing in (1) to fit the histogram of
the RRC-connected users computed on the raw time series.
To increase convergence, it is usually recommended to set
the initial parameters close to the final parameters and this
can be done by visually inspecting the histogram bimodal
shape (e.g., y; and A; are the x-axis point and the y-axis
point respectively at the peak of the Gaussian bell i ). Table 3
reports all the parameters for fitting the distributions of RRC
connected users.

Figure 10 shows that a bimodal distribution for BS4 (on the
left of the Figure) and BS6 (on the right) can be observed. Note
that this particular distribution can be due to the Circadian
cycles that result in two clusters with different numbers of
users during the day and at night. Such information can be
leveraged by a ML solution that forecasts the future number
of users in the network.
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Figure 9: A 5 minute snapshot of BS4

Table 3: Bimodal RRC users distribution parameters

BSID H1 o1 Al H2 02 Az

BS1 2.88 237
BS2 793 188

3008.43  59.51 43.31 7920.10
673234 2450 17.05 19129.48
BS3 5 0.05  2000.00 39.53 12.22 8067.96
BS4 9.41 528 17659.29 35.05 10.22 14117.49
BS5 49.99 12.85 31621.99 108.81 17.70 1823.15
BS6 16.45 4.27 29527.18 29.86 9.36 40123.96

5 DISCUSSION

In this Section, we elaborate on potential applications of
our datasets to diverse research areas and briefly discuss
challenges to overcome for a possible extension to 5G NR.
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Resource Allocation. Harnessing the insights that can
be obtained at the mobile phone level (e.g.,, via Mobileln-
sight [22]) like many recent measurement studies do to char-
acterize 5G performance [12, 15, 23] does not make it possible
to infer inner mechanisms of BSs like scheduling. This only
becomes possible by observing the traffic from the BS stand-
point like mobile decoders do [5, 9, 14]. Regarding resource
allocation, our dataset can contribute to advance the research
at the Radio Access Network (RAN) and at the core network
levels at the same time.

At the RAN level, past research has focused on anticipa-
tory resource allocation at individual BSs [6], or in the pres-
ence of carrier aggregation [24]. This problem is becoming
more and more important given that 5G networks introduce
an additional layer of complexity regarding how scheduling
is performed because of the introduction of network slicing
and millimeter-wave technology, among other factors. It has
also been shown that, to a certain degree, it is possible to
infer the class of applications and applications themselves
from coarse TBS information [29].

At the core network level, past research has utilized in-

formation like traffic volumes for CPU allocation of Virtual
Network Function (VNF) like the Access and Mobility Func-
tion (AMF) [1]. One of the bottlenecks of the AMF lies in the
signaling procedures handled at a user level. A simple use
registration, for example, triggers signaling from the BS to
the AMF, in turn from the AMF to the Authentication Service
Function (AUSF) with at least two rounds of back and forth
for a one-shot successful registration and, finally, from the
AMF to the BS [19]. Therefore, forecasting the number of
users that can potentially be connected at RRC level becomes
important. Note that such information is also relevant for
other core network functions like the Location Management
Function (LMF) [37].
Applications to ML at Large. The present dataset has the
potential to be highly useful for several forecasting activities
where ML finds applicability. The use of a common dataset
for benchmarking is key to improve model design and pro-
vision model explanations under the EXplainable Artificial
Intelligence (XAI) umbrella [11]. A lack of explainability may
lead to poor model design, which has been proved detrimen-
tal in the presence of adversarial attacks [31].
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We have already discussed above regarding past research
on anticipatory networking [6] for resource allocation and,
as well, for scheduling pilot signals in a scalable fashion to
ultimately improve the quality of channel estimation [10].
Mobile traffic load forecasting can be delivered via tradi-
tional ML models focusing on individual BSs or multiple BSs
at a time via federated learning [36]. In Section 4.3, we have
shown that the number of RRC connected users exhibits a
bi-modal distribution that is amenable to forecasting. This
would be certainly of interest for VNF resource allocation.
Further, past research has also shown the capability of per-
forming anomaly detection [35, 38].

Extension to 5G NR. To the present date, to the best of our
knowledge, it does not exist tool able to perform DCI decod-
ing for 5G NR as possible for LTE. The main reason lies in the
way 5G NR improves over LTE. First, part of the information
required for decoding is delivered via encrypted channels,
unlike LTE. Second, such information is not delivered over
the entire channel bandwidth like in LTE, but in sub-parts
(known as bandwidth parts) to augment flexibility and in-
crease capacity. A preliminary attempt to build such a 5G
NR sniffer allows to retrieval RNTIs and basic information
for traffic analysis, but not yet a fully-fledged decoder [25].

6 CONCLUSIONS

In this paper, we present and analyze a large dataset of mobile
traffic data whose key distinct feature is like the data, which
is based on real LTE traffic information decoded from control
channel information at the millisecond level. The dataset
contains traces at BS level from different mobile network
operators that we make anonymous. We carry out an in-
depth characterization of mobile traffic at BS and user levels
and study how widely adopted probability distributions for
mobile traffic do apply at such short-term scales. Our analysis
shows that mobile data traffic exhibits self-similarity and
that the number of RRC connected users exhibit a bi-modal
distribution making our contribution key to verifying and
reproducing research outcomes as well as to driving advances
of AI/ML applied to mobile networks.
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