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ABSTRACT
Indoor cellular networks (ICNs) are anticipated to become a princi-

pal component of 5G and beyond systems. ICNs aim at extending

network coverage and enhancing users’ quality of service and ex-

perience, consequently producing a substantial volume of traffic

in the coming years. Despite the increasing importance that ICNs

will have in cellular deployments, there is nowadays little under-

standing of the type of traffic demands that they serve. Our work

contributes to closing that gap, by providing a first characterization

of the usage of mobile services across more than 4, 500 cellular an-

tennas deployed at over 1, 000 indoor locations in a whole country.

Our analysis reveals that ICNs inherently manifest a limited set

of mobile application utilization profiles, which are not present in

conventional outdoor macro base stations (BSs). We interpret the

indoor traffic profiles via explainable machine learning techniques,

and show how they are correlated to the indoor environment. Our

findings show how indoor cellular demands are strongly dependent

on the nature of the deployment location, which allows anticipating

the type of demands that indoor 5G networks will have to serve

and paves the way for their efficient planning and dimensioning.
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1 INTRODUCTION
Understanding mobile network usage is an important task with

manifold implications, in networking and beyond. The exploration,

characterization, and modeling of mobile network traffic have a

key role in developing and supporting an efficient wireless ecosys-

tem [40]: understanding and forecasting traffic demands enables

the proactive configuration of the wireless network [35] in order

to accommodate the needs of end users and provide them with

enhanced quality of service and experience [52, 57]. At the same

time, the traffic generated by mobile services has become a pri-

mary source of insights on human activities, needs, and habits [20];

this has benefited research in diverse scientific disciplines, ranging

from socioeconomic topics like unemployment [32], wealth distri-

bution [43, 49, 9], social inequality and access to digital services and

media [37, 50] to climate change [12, 10]. More recently, suitably

processed mobile network traffic has been employed to track and

prevent the spread of infectious diseases [25, 41] or to assess their

impact on human habits [56].

Interestingly, all existing studies on characterizing and exploit-

ing mobile traffic invariably focus on measurements collected in

outdoor environments. This can be ascribed to the fact that cellular

networks have been primarily intended as a technology for mobile,

outdoor users. Yet, this is not true anymore, and main actors in

the telco ecosystem forecast that about 80% of the future cellular

data traffic will be generated in indoor environments [11]. As a

result, fifth-generation (5G) and beyond (B5G) systems are antic-

ipated to align with the emerging need to serve indoor users [1]:

specifically, a number of major vendors and mobile network oper-

ators (MNOs) expect 5G/B5G systems to transition from a legacy

“outside-in” coverage approach, where indoor coverage is provided

by antennas located outdoor, to the deployment of native indoor

cellular networks (ICNs) [11, 14, 27, 61]. ICN deployments will al-

low improving substantially the quality of service for indoor user

equipments (UEs), and bring real competition to Wi-Fi technologies

for the increasingly remunerative indoor market.

The emergence of pervasive ICNs makes it important to compre-

hend how such networks will be used. In this context, a considerable
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volume of research has focused on methods related to the model-

ing of radio propagation in indoor environments [46, 36, 4], the

impact of the building layout on network performance [26, 59, 58,

6] or the efficient planning of ICNs [19, 55, 54, 5]. However, the

dynamics and distinguishing features of the traffic data generated

by in-building radio access network components have not been

studied yet. Unlike outdoor base stations (BSs) that tend to observe a

general-purpose use, i.e., serve concurrently numerous subscribers

engaged with diverse activities during different daily endeavors,

ICNs are expected to target more specific use cases. For instance,

ICNs are deployed in underground subway and train stations to

compensate for the limited coverage of the outdoor wireless net-

work. Likewise, corporate offices are equipped with indoor BSs

to provide enhanced and reliable communications to support the

work of their employees [2], whilst their installation is necessary

in exposition centers and stadiums in order to accommodate the

concentrated high-traffic demands intertwined with social events.

Therefore, the ICN traffic is reasonably influenced by the context

in which it is generated, which highly depends on the indoor envi-

ronment type and, by extension, on the kind of activities in which

users are involved in it. Eventually, the traffic dynamics of ICNs are

expected to differ significantly from those of legacy communication

system outdoor BSs.

As mentioned though, and to the best of our knowledge, until

now there has been no research to study thoroughly the characteris-

tics of the traffic generated by ICNs. Unlike previous research in the

field that focused on understanding and predicting the dynamics of

the macro BSs traffic [52, 57, 18, 17, 28], our work dwells upon the

intrinsic particularities of indoor cellular traffic. In light of the pro-

liferation of indoor communication systems and the establishment

of private networks, the results of our analysis provide novel in-

sights that may support an improved design and operation of these

networks, e.g., via resource allocation, network slicing, caching, or

energy adaptation schemes. In particular, our work sets forth the

following contributions:

• Hinging on a countrywide ICN Internet measurement traffic

data set, we define an appropriate transformation of the traf-

fic data that enables probing the range of different Internet

mobile service utilization profiles at indoor antennas. Then,

employing an unsupervised learning approach, we designate

that distinct service utilization clusters are inherent in in-

door communication systems. This rich and diverse behavior

of Internet services has not been unveiled before, and as we

also demonstrate, does not align with that of outdoor legacy

communication systems.

• To interpret the clustering results and delve into the essence

of the different clusters, we leverage techniques from the

field of explainable machine learning (ML). In particular, we

render the unsupervised learning results interpretable by

employing the Shapley additive explanations (SHAP) frame-

work [33]. This enables the identification of the most impor-

tant features for each cluster and consequently allows us to

expound on the most important as well as on under-utilized

Internet service types of each cluster.

• We expose that there is a strong connection between the clus-

ters individuated by our analysis and the indoor environment

type. In particular, we show that the same mobile applica-

tions manifest very heterogeneous behaviors between ICNs

and outdoor BSs, even for antennas in proximity, due to the

determining influence of the environment type on the indoor

user activities. This phenomenon has not been highlighted

or quantitatively analyzed before.

• We reveal that the total Internet traffic data as well as the traf-

fic generated by the individual applications exhibit different

activity peaks and temporal patterns in the various identified

clusters. That paves the way for the proactive management

of ICN traffic by mobile traffic operators (MNOs).

• To make our work reproducible and allow other researchers

to benefit from our findings, we will make publicly available

the code and processed service consumption data described

in Section 4.1 that we use to conduct our analysis.

2 RELATEDWORK
Internet measurement data produced by mobile communication sys-

tems has been used across various research fields such as sociology,

ecology, epidemiology, economics, transportation, and telecommu-

nication & network engineering [32, 10, 25, 47, 40]. These studies

aim at educing conclusions by observing the generated traffic and

leveraging it as a means to comprehend and interpret human behav-

ior and drives. For instance, Internet service usage was exploited

to assess the socioeconomic status of individuals [43] or to portray

the population behavior during different pandemic phases [56].

Works stemming from the field of telecommunication and net-

work engineering focus more on the traffic characteristics per se,
rather than correlating them to socioeconomic, climate, or epi-

demic features. In [17], exploratory factor analysis was used for

network activity profiling and to identify time periods that yield

an unvarying mobile traffic demand spatial distribution. To charac-

terize temporal data usage patterns, a two-state Markov model was

proposed in [28], and it was shown that two distinct user groups

exist, having unique usage and service preferences. More recently,

deep learning (DL)-based approaches were explored; building on a

clustering algorithm employed to dissever the city areas into dif-

ferent clusters, a DL architecture was exploited in [52] to predict

the spatio-temporal cellular traffic. A graph neural network-based

approach was presented in [57], for the joint spatio-temporal analy-

sis and prediction of traffic demands, considering separately in-cell

and inter-cell traffic. However, all these approaches build upon the

cellular data recorded at outdoor BSs, disregarding the ICN traffic

and its peculiarities.

The literature on the characteristics of ICN traffic demands is in

fact rather limited [44, 60, 24]. The works in [44, 60] compared the

characteristics of outdoor BSs and wireline traffic demands, pro-

nouncing that there are distinct differences in terms of packet, flow,

and session-level statistics, as well as in the temporal traffic patterns.

However, despite wireline networks being installed indoors, their

operation is fundamentally different from that of wireless ICNs,

and thus the conclusions of [44, 60] cannot be straightforwardly

extended to our case study. The traffic from ICNs was considered

in [24], exploring the mobile application utilization profiles in San-

tiago de Chile for a 15-day period. The authors discussed how the

urban context and time of the day affect human activities and ap-

plication usage. More specifically, along with the application traffic

 

646



Characterizing Mobile Service Demands at Indoor Cellular Networks IMC ’23, October 24–26, 2023, Montreal, QC, Canada

patterns of outdoor BSs, they presented these of indoor BSs, but

without expanding on their specific characteristics or how they

fluctuate across different indoor environments. Our work fills that

gap, building upon a rich Internet measurement data set to evince

that various application utilization clusters exist inherently in ICN

traffic, revealing the particularities of each cluster, and correlating

them with the indoor environment in which they are generated.

3 INTERNET MEASUREMENT DATA
The measurement traffic data used in our work was collected in the

production network of a major MNO providing services through-

out a nationwide network in France. To conduct the measurement

collection, the operator deploys passive measurement probes to

monitor the Gi, SGi, and Gn interfaces that connect Gateway GPRS

Support Nodes (GGSNs) and Packet Data Network Gateway (PGWs)

to external Public Data Networks (PDNs), gathering data about the

traffic generated by mobile subscribers using 4G and 5G connectiv-

ity. Indeed, the MNO is presently operating a 5G non-standalone

(NSA) deployment, which allows gathering data about both 4G and

5G traffic via measurements limited to the 4G Evolved Packet Core

(EPC) network that is shared by 4G eNodeBs and 5G gNodeBs in

the Radio Access Network (RAN).

The MNO identifies the mobile service associated with each

TCP and UDP session recorded by the probes, by running Deep

Packet Inspection (PDI) and analyzing the results via proprietary

traffic classifiers. Each such IP session is also geo-referenced at

the level of Base Transceiver Station (BTS), by exploiting the User

Location Information (ULI) field present in the Packet Data Protocol

(PDP) Contexts and Evolved Packet System (EPS) Bearers over the

GPRS Tunneling Protocol control plane (GTP-C). Based on this

information, it is possible to estimate the traffic demand for each

mobile application at an individual BTS, by aggregating the traffic

of all IP sessions from/to the same BTS. Such data is aggregated

over time within intervals of one hour for the purpose of our study.

Overall, the data used throughout the paper comprise per-hour

downlink and uplink traffic of various mobile services at all indoor

cellular antennas managed by the MNO in the target country. This

includes 4, 762 ICN antennas installed at more than 1, 000 sites, com-

prising different types of indoor environments located at an urban,

suburban, or rural surrounding. We note that the vast majority of

those antennas are 4G, as apparently 5G is scarcely used for ICN

at this stage of roll-out of the technology in France. The recording

period was approximately two months, starting from the 21
st
of

November 2022 and extending until the 24
th
of January 2023. The

mobile services considered span a diverse range of mobile applica-

tions used throughout daily life related to activities such as social

networking, messaging, audio and video streaming, transportation,

professional activities, and well-being. The ethical considerations

related to the data collection and processing are discussed in detail

in the Ethics sections in the Appendix.

4 CLASSIFYING ICN BEHAVIORS
In this section, we present the methodology followed to study the

dynamics of ICN traffic and unveil the distinct patterns that reside

in the data set described in Section 3.

4.1 Measuring relative ICN service usage
To probe the dynamics of the ICN mobile traffic demands across

the network, we pursue an unsupervised learning approach. In

particular, we consider the aggregated sum of the downlink and

uplink traffic recorded for each mobile service over the target two-

month period as a distinct feature, and we form a matrix, 𝑇𝑁×𝑀
,

comprising the overall traffic in megabytes (MB) for the 𝑁 indoor

antennas and 𝑀 applications included in our data set. In particular,

for the rest of our study, we consider 𝑁 = 4, 762 indoor antennas

and𝑀 = 73 mobile services.

Our aim is to pass this matrix to an unsupervised learning algo-

rithm, which will be able to identify patterns and existing hidden

structures within the traffic data, without further guidance. How-

ever, the overall traffic is not a defining feature per se, and it will

inevitably instigate bias in the clustering algorithm for two reasons.

First, some applications intrinsically produce a larger volume of

traffic than others, e.g., streaming services generate demands that

can be orders of magnitude larger compared to those induced by

texting applications. Second, due to their location, antennas are also

expected to serve highly heterogeneous traffic volumes. Therefore,

clustering directly the aggregated traffic would result in overlook-

ing the impact of many services and essentially grouping together

antennas according to their popularity. This is in opposition to

our goal to quantify the diversity of application usage across the

various antennas.

To overcome these limitations, we consider a more represen-

tative and fair measure, i.e., the revealed comparative advantage

(RCA), which was initially employed in the field of international

economics [7]. The RCA is an index of the relative advantage or

disadvantage of a specific sample in a certain category. In our case,

RCA quantifies the degree of over- or under-utilization of a cer-

tain service at a specific antenna. Given the matrix 𝑇 , the RCA per

application for each antenna can be computed as:

𝑅𝐶𝐴𝑖, 𝑗 =
𝑇𝑖, 𝑗/𝑇𝑖
𝑇𝑗/𝑇𝑡𝑜𝑡

, (1)

where 𝑇𝑖, 𝑗 stands for the traffic recorded for the 𝑗-th service at

the 𝑖-th antenna, 𝑇𝑖 refers to the total traffic generated at the 𝑖-th

antenna for all the services, 𝑇𝑗 depicts the summed traffic over all

antennas for the 𝑗-th service, and 𝑇𝑡𝑜𝑡 is the total traffic channeled

through the network during the entire data collection period.

Values of RCA below 1 indicate that an antenna is disadvantaged

in the use of a certain service with respect to the other antennas, i.e.,
there is an under-utilization of the service by that antenna, while

values higher than 1 suggest that an antenna is advantaged, i.e.,
there is an over-utilization for the same service. Evidently, from

the definition of RCA it follows that while under-utilization is

bounded to 0, over-utilization is unbounded and ranges from 1 to

infinity. That is a well-known shortcoming of RCA that can lead to

misleading results and curb the performance of the unsupervised

learning clustering algorithm. A remedy for that was discussed in

[29, 30], by making the index symmetric, thus enabling an equitable

comparison between the under- and over-utilization intervals. In

particular, Laursen and Engedal introduced the revealed symmetric

 

647



IMC ’23, October 24–26, 2023, Montreal, QC, Canada Stefanos Bakirtzis et al.

Figure 1: Histogram of the normalized traffic, the RCA, and
the RSCA for the 𝑴 mobile services for some antennas.

comparative advantage (RSCA) which is defined as follows [29]:

𝑅𝑆𝐶𝐴𝑖, 𝑗 =
𝑅𝐶𝐴𝑖, 𝑗 − 1

𝑅𝐶𝐴𝑖, 𝑗 + 1

, (2)

fromwhich it emerges that the values of RSCA lie within the [−1, 1]
interval, with values below 0 yielding under-utilization and values

higher than 0 implying over-utilization.

Figure 1 shows the histogram of the (𝑖) normalized traffic (over

the maximum application load observed among all selected anten-

nas), (𝑖𝑖) RCA, and (𝑖𝑖𝑖) RSCA of the 𝑀 mobile services for some

antennas of the data set. As it is normalized by the application with

the highest load observed at any antenna, the normalized traffic

presents a spike-like behavior with most applications having val-

ues squeezed close to 0, due to their inherently lower produced

load or infrequent use, as well as owing to the less central location

of the antenna. A closer look can be obtained when zooming be-

tween the 0 and 0.5 interval (upper right corner of Figure 1), where

it can be seen that the number of popular mobile services with

higher load drops extremely quickly. Ultimately, the presence of

highly imbalanced demands across antennas and services makes a

straightforward normalization by the global maximum not viable,

as it tends to hide the preponderant low-traffic samples.

On the other hand, the RCA values are clearly better (i.e., more

diversely) distributed for the same set of samples; however, one

can observe that the distribution is skewed, with the underutilized

services wedged between 0 and 1, whereas the over-utilized ser-

vices RCA values span from 1 to beyond 5 (specifically, the largest

RCA in this example is 75.88). Thus, RCA still includes outliers,

designated by the histogram tail, which are precisely the points

that can jeopardize the reliability of the clustering by drawing the

multidimensional cluster baricenters towards cases with higher-

than-average usages. Such a behavior is removed from the data

in the RSCA distribution, which yields a properly balanced distri-

bution among samples that show lower- and higher-than-usual

application consumption. Hence, in the impeding clustering anal-

ysis, we select the RSCA of each application as a distinct feature,

separating the data based on the utilization profile of the𝑀 mobile

services across the 𝑁 distinct antennas.

Figure 2: Silhouette score and Dunn index versus the num-
ber of clusters, serving as a stopping criterion to select the
optimal number of clusters.

4.2 Clustering ICN antennas
Having defined a proper transformation of the recorded traffic, the

next step is to feed the processed data to an unsupervised learning

algorithm. The aim is identifying clusters of ICN antennas based

on similarities and differences in the considered set of futures, i.e.,
the RSCA values that denote under- or over-utilization of the 𝑀

applications at each antenna with respect to typical usages.

4.2.1 Clustering strategy. While multiple techniques are available

for unsupervised learning clustering, due to its comprehensibility

we opt for agglomerative clustering, which is a state-of-the-art hier-

archical clustering algorithm [39]. The algorithm follows a bottom-

up approach, assuming initially that each data point belongs in its

own cluster, and thereafter merging the clusters greedily according

to a specified criterion. In particular, we use Ward’s criterion [53]

which aims at minimizing the total intra-cluster variance, measured

as the squared distance between the cluster centers, when merging

two clusters. Hence, the clustering algorithm starts from 𝑁 distinct

clusters and repeatedly merges the clusters, reducing their number

in a way that the new cluster yields a reduced intra-cluster variance.

During this process, an important point is to determine when the

merging should stop, i.e., which is the number of the total clusters,

𝑘 , that separates optimally the data. To quantify the performance of

the clustering algorithm and determine the most suitable number

of clusters, we employ the Silhouette score and the Dunn index [45,

13]. The first expresses the degree of similarity among objects of

the same cluster (cohesion) compared to other clusters (separation),

while the latter indicates how compact (small inter-cluster variance)

and well-separated (large intra-cluster distance) the clusters are.

To identify the most suitable number of clusters, we seek a high

value of the Silhouette score or the Dunn index, followed by an

abrupt drop, which suggests a substantial deterioration of the intra-

and inter-clustering quality. As can be seen from Figure 2, such

a behavior can be observed for 𝑘 = 6 and 𝑘 = 9. Hence, in what

follows we select 𝑘 = 9, which exhibits the steepest drop for both

metrics, while we will also discuss qualitatively the differences that

occur for a reduced number of clusters 𝑘 = 6.

4.2.2 Clustering results. The clustering results based on the mobile

service RSCA are summarized in Figures 3 and 4. Figure 3 depicts

the complete hierarchy returned by the agglomerative algorithm

on the service SRCA values, starting from the individual antennas
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Figure 3: Dendrogram illustrating the iterative merging of antennas into clusters as returned by the hierarchical agglomerative
algorithm run on SRCA features of individual antennas. Distance thresholds for 𝒌 = 6 and 𝒌 = 9 are highlighted. Colors tell
apart the 9 clusters identified by the second threshold.

at the bottom and reaching a single cluster at the top. The optimal

clustering identified by 𝑘 = 9 is also highlighted, with the set and

number of antennas in each final cluster reported along the x-axis

of the dendrogram. In Figure 4, we instead present a complementary

RSCA heatmap, clumping the antennas per cluster, and presenting

the RSCA of all the indoor antennas for each service. Blue lines in

the heatmap suggest over-utilization of a certain service across the

antennas, while the opposite holds for dark red lines. Evidently, it

can be observed that RSCA follows a distinct visual pattern for each

cluster, i.e., the indoor antennas appertaining to the same cluster

manifest the same pattern with respect to service utilization. The

RSCA pattern can be substantially different compared to that of the

other clusters, but there are also some clusters between which the

differences are soothed.

To acquire further insight regarding the degree of similarity

between the 9 clusters, one can peruse the hierarchical algorithm

dendrogram in Figure 3, in which we draw two horizontal lines to

indicate the distance threshold that distinguishes the clusters for𝑘 =

6 and 9. From the dendrogram, and considering that dissimilarity in

terms of service usage is associated with distances along the y-axis,

it emerges that there are three large groups of clusters (ending at

the edge of the blue lines), which are further separated into three

sub-clusters colored orange, green, and red.

The first larger group comprises clusters 0, 7, and 4 (orange

group), the second clusters 5, 6, and 8 (green group), whilst the third

includes clusters 3, 1, and 2 (red group). The clusters found within

the same group present a stronger similarity with each other, which

is also corroborated by the RSCA heatmap in Figure 4. Instead, they

demonstrate unalike mobile service utilization patterns compared

to the clusters of the other two groups. Out of the three groups,

the orange one presents the more unique behavior, being further

away both from the green and red groups. Furthermore, within

each group, clusters found under the same branch yield a higher

resemblance to each other compared to the clusters found in a

separate branch, e.g., clusters 1 and 2 for the red group. Finally,

it should be noted that applying the hierarchical clustering with

𝑘 = 6, corresponds to consolidating the clusters of the orange group

into a single cluster, instead of diving it into 3 sub-clusters, and

merging clusters 6 and 8 at the second branch of the green group.

Figure 4: Heatmap of the mobile service RSCA (y-axis) for
the clustered ICN antennas (x-axis), when 𝒌 = 9.

Although the dendrogram allows identifying groups of clusters

that are closer to each other, it cannot be used to delve into the fea-

ture importance of each cluster. Hence, an intriguing question that

arises from our analysis is: which are the features, i.e., services, that
impact the clustering decision the most, and consequently characterize
each cluster? To answer this question, we next explore which are

the user tendencies and mobile service utilization patterns within

each cluster that render them unique.

4.2.3 Key insights. RSCA enables acquiring an unbiased represen-

tation of the mobile service utilization at ICN antennas. Clustering

the antennas based on their RSCA yields 9 distinct service usage

clusters that can be aggregated into 3 larger groups. As expected,

clusters within the same group clearly demonstrate more similari-

ties compared to clusters in other groups.

5 UNDERSTANDING ICN TRAFFIC
We now show how explainable ML techniques can be leveraged

to interpret the results of our analysis and breakdown the appli-

cation trends per cluster, and we correlate these trends with the

type of indoor environment in which they occur. Later, we also

provide a comparison between the traffic behavior recorded by the

indoor antennas and that of the neighboring outdoor antennas,

demonstrating the innate particularities of ICN traffic demands.

 

649



IMC ’23, October 24–26, 2023, Montreal, QC, Canada Stefanos Bakirtzis et al.

5.1 Interpreting Clustering Results
In order to interpret the results of the clustering of ICN antennas,

we first introduce the SHAP framework and explain how it can be

applied to our use case. Then, we discuss its results and show how

it helps to understand the under- and over-utilization of mobile

services in each cluster.

5.1.1 The SHAP Framework. Although ML models have found ap-

plication in various tasks, a major criticism against them is the

lack of intuition behind their decisions. Indeed, their decisions are

a result of consecutive complex non-linear operations applied to

some input data, which renders their comprehension by humans

extremely difficult or, in most cases, impossible. That has motivated

a substantial research effort to create frameworks that enable the

interpretation of ML models [22]. Among the various approaches,

the SHAP framework has shown to be advantageous with respect

to differentiating among the various output classes, but more impor-

tantly, also with respect to conforming better with human intuition

when compared to other frameworks [31].

In particular, the SHAP framework aims at decomposing the

response of an ML model to a set of linear explanation polyno-

mial functions with binary random variables. Formally, let 𝑢 be a

polynomial explanation function, then [33]:

𝑢 (𝑥 ′) = 𝜙𝑜 +
𝑀∑︁
𝑖=1

𝜙𝑖𝑥
′
𝑖 , (3)

where 𝑥 ′ ∈ {0, 1}𝑀 represent the binary random variables which

are mapped to initial input space via a function 𝑞, i.e., 𝑥 = 𝑞(𝑥 ′),
and as defined previously, 𝑀 is the number of the input features.

The goal is to select the coefficients, 𝜙 , of the explanation function

such as to approximate locally the black-box response of the ML

model, i.e., 𝑢 (𝑥 ′) ≈ 𝑓 (𝑞(𝑥 ′)). Then, for a specific input, 𝑥 ′, due
to the simplicity of the linear model, the coefficients quantify the

contribution of each feature towards the output. Indeed, from (3)

it follows that a positive coefficient associated with a high feature

value contributes positively to decision-making, whereas the oppo-

site stands for a negative coefficient. Furthermore, the contribution

of a feature diminishes as the absolute coefficient value decreases.

As discussed in [33], the explanation functions 𝑢 must satisfy a

local accuracy, a missingness, and a consistency property, and to

abide by these criteria, it was shown that there is a unique 𝑢, for

which the polynomial coefficients are equal to the Shapley values,

defined as [48]:

𝜙𝑖 (𝑓 , 𝑥) =
∑︁
𝑧′⊂𝑥 ′

|𝑧′ |!(𝑀 − |𝑧′ | − 1)!
𝑀!

[
𝑓 (𝑧′) − 𝑓 (𝑧′\𝑖)

]
, (4)

where 𝑧′ ⊂ 𝑥 ′ indicates the possible vectors 𝑧′ whose non-zero
entries constitute a subset of the binary random variable entries 𝑥 ′.
The notation | · | is used to represent the number of non-zero entries

in a vector, while the notation 𝑧′\𝑖 implies setting 𝑧′ = 0 for the

𝑖-th feature while keeping intact the remaining values of 𝑧′. The
difference between the output of the black-box ML model with and

without considering the 𝑖-th feature, i.e., 𝑓 (𝑧′) − 𝑓 (𝑧′\𝑖), expresses
the contribution of the feature in the model’s response. Finally, the

term multiplying the difference is used to weigh each contribution

based on the number of non-zero features included in 𝑧′. During
the Shapley value estimation, all the possible permutations in 𝑥 ′ are

considered, in order to probe the sole impact of a feature, as well

as how the feature interplays with the other features to influence

the output of the model.

An important remark regarding the estimation of the Shapley

values via (4) is that it requires evaluating the model’s response

while removing the 𝑖-th feature from the input tensor, i.e, eval-

uating 𝑓 (𝑧′\𝑖). However, typically ML models use constant-size

input tensors, and thus it is not possible to remove entirely an input

feature. A remedy to that is to replace the value of the feature that

needs to be excluded with a peer feature random value coming

from the training data set. By applying that ploy for all the possible

vectors 𝑧′, one can anticipate that the impact of the feature sought

to be removed will be ultimately sampled out, and thus it is implic-

itly removed. Then, the estimation of the Shapley values can be

performed via model-agnostic approximations, such as the Kernel

SHAP that can be used to interpret any ML model [33], or through

model-specific approximations, e.g., TreeShap that is employed for

tree-based ML algorithms such as random forests or XGBoost [34].

The model-specific approximations are commonly dramatically

faster compared to the model-agnostic implementations, especially

for large data sets and high-dimensional input spaces, as they are de-

signed to explicitly optimize the Shapley value computation process

for a specific ML architecture.

5.1.2 Interpreting clustering with SHAP. In this subsection, we

leveraged the SHAP framework, aiming at interpreting the agglom-

erative clustering decisions presented in Section 4.2 and shedding

light on the traffic demands of each cluster. The agglomerative

algorithm forms the clusters by gradually linking samples together

based on their distance from all the other samples, i.e., the cluster-
ing is the result of consecutive iterations over the entire data set. It

is important to note that the clustering is performed considering

concurrently all the samples: therefore, the result cannot be used

to infer the cluster of a single sample from the data set by solely

observing its input features, or to predict the cluster of new samples

not included in the data set. This implies that once the clustering is

completed, there is no black-box function 𝑓 to be interpreted.

A common approach to overcome this limitation is to build a

surrogate supervised learning classifier on top of the unsupervised

learning clustering results, treating the clusters as the target labels

associated with each sample of the supervised learning problem [38,

16, 8, 21, 3]. The supervised learner is typically a decision trees-

based model, and once it is trained to approximate the clustering

results, one can instead interpret the predictions of the supervised

learning classifier. Thence, considering as ground truth labels the

clusters of Section 4.2, we train a random forest classifier with 100

trees to infer the antenna cluster based on the mobile service RSCA,

and we then amalgamate it with the SHAP framework presented

earlier. That also allows exploiting the expediency of the TreeShap

method for the estimation of the Shapley values [34].

With the Shapley coefficients evaluated, one can inspect their

values to comprehend the importance of each service in the cluster

decision-making process, as well as whether the importance springs

from the under- or over-utilization of the service. The computed co-

efficients for each cluster are presented as beeswarm plots in Figs 5a

to 5i, where the red and blue color implies that the coefficient is

associated with higher and lower feature values, respectively. A
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(a) Orange group, cluster 0. (b) Orange group, cluster 4. (c) Orange group, cluster 7.

(d) Green group, cluster 5. (e) Green group, cluster 6. (f) Green group, cluster 8.

(g) Red group, cluster 1. (h) Red group, cluster 2. (i) Red group, cluster 3.

Figure 5: SHAP values beeswarm plots for clusters 0 to 8, depicting the importance of each application in the clustering decision.
The group color refers to the branch color of the dendrogram in Figure 3. Positive Shapley values matched with high feature
values imply that for an antenna to belong to that cluster it should be overutilizing the respective application, while low feature
values with positive coefficients suggest under-utilization.

positive SHAP value associated with a high feature value signifies

a positive impact on the prediction, leading the model to catego-

rize the antenna in the respective cluster due to the corresponding

application over-utilization. Conversely, positive coefficients, com-

bined with low feature values, indicate that the antenna belongs to

a cluster characterized by under-utilization of a certain application.

To facilitate the analysis and the comprehension of the clus-

tering criteria, the results are presented according to the groups

identified in the dendrogram of Figure 3. The Internet services in

each beeswarm plot are ranked in descending order according to

their impact on the model’s output. The impact of each service is

measured as the mean absolute value of the service coefficients, i.e.,
applications with high coefficient values influence cluster inference

more. For each cluster, we present the 25 most influential services.

Remarkably, we can observe that there are similarities in the

mobile service utilization patterns for the clusters falling under the
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Table 1: Summary of Indoor environment types.

Metro Trains Airports Workspaces Commercial
Centers Stadiums Expo

Centers Hotels Hospitals Tunnels Public
Buildings

Cases

Paris, Lille, Lyon,

Rennes & Toulouse

underground railways

National & regional

railway stations

France’s

major airways

Corporate offices

Industrial facilities

Malls

Shopping Stores

Major sport

event venues

Corporate, cultural

& music event venues

Accommo-

dation units

Healthcare

units

Highway &

train tunnels

Universities

Museums

𝑁𝑒𝑛𝑣 1794 434 187 774 469 451 230 28 53 220 122

same color groups discussed in Section 4.2. For instance, the anten-

nas of the orange group share in common that they over-utilize

applications related to music, such as Spotify, Soundcloud, Deezer,

and Apple Music. Likewise, applications related to Navigation, such

as transportation websites, Mappy, and Google Maps, have a strong

presence in clusters 0 and 4, and that in fact distinguishes them

from cluster 7, which is characterized by under-utilization of these

applications. Finally, unlike cluster 0, the utilization of entertain-

ment services is scarce in cluster 4, e.g., Yahoo and entertainment,

shopping, or sports websites, which explains their separation into

different clusters.

On the other hand, the main similarity between the green group

clusters is that they exhibit strong under-utilization for most of

the mobile services. That is more apparent in cluster 5, which con-

stitutes a distinct leaf in the dendrogram, whereas clusters 6 and

8 both belong in another branch. Moreover, both clusters 6 and

8 include antennas that over-utilize Snapchat, Twitter, and Sport

websites. However, cluster 8 exhibits a larger diversity of applica-

tions, which renders it unique: services such as Giphy, WhatsApp,

and streaming such as Canal+ are absent in cluster 6.

The red group exhibits a substantially different behavior com-

pared to the orange group, as clusters 1, 2, and 3 demonstrate

minor utilization of music and navigation-related applications,

including Spotify, SoundCloud, Mappy and Transportation web-

sites. Moreover, cluster 3, which is a distinct leaf in the dendro-

gram, deviates from clusters 1 and 2, since it is characterized by

intense use of business-oriented applications, such as Microsoft

Teams, LinkedIn, and emailing services. On the other hand, clus-

ter 1 presents over-utilization of diverse application types such as

streaming services (Netflix, Disney+, Amazon Prime Video), vehic-

ular navigation (Waze), and mailing applications. Finally, cluster 2

is characterized by services related to digital distribution services

(Google Play Store) and Shopping websites.

5.1.3 Key insights. The application utilization analysis corrobo-

rates the sanity of the unsupervised learning approach followed

in Section 4.2. Indeed, it is now evident that clusters found within

a small distance, i.e., in the same group, yield small differences

in their mobile traffic demand patterns, whilst the trends among

clusters of different groups are substantially different. Despite that

though, an intuitive explanation and the roots of this phenomenon

are still unidentified.

5.2 Indoor Environment Analysis
The data provided by the MNO is accompanied by additional infor-

mation related to the antennas, such as their geographical location,

the location area code, and the name of the BS. We next exploit such

information to foster the interpretability of the clustering results.

5.2.1 Indoor environment types. By inspecting the names of the

antennas, applying simple string manipulation to extract keywords

appearing within the names, and cross-checking the respective

antenna locations online, we are able to identify specific types of in-

door environments in which ICNs are deployed. We individuate the

following eleven categories of indoor locations: (i) metro stations,

(ii) train stations, (iii) airports, (iv) workspaces, (v) commercial cen-

ters and shopping stores, (vi) stadiums, (vii) expo centers, (viii)

hotels, (ix) hospitals, (x) tunnels, and (xi) public buildings.

A summary of the indoor environment types identified can be

found in Table 1, along with the number, 𝑁𝑒𝑛𝑣 , of the antennas per

environment. As can be seen from Table 1, the distribution of indoor

environment type is unbalanced, which is expected since some

environments are encountered more often than others across cities,

e.g., there are more offices than hospitals, and the MNOs deploy

ICNs in specific locations according to their interest. It should be

noted that this imbalance in the data does not impact our analysis;

indeed, we do not pursue a supervised learning approach (where

one has predefined class labels and should be careful in the training

of the model to account for the imbalanced classes), rather we

inspect the problem from the angle of unsupervised learning. This

is to say, that the algorithm splits the data without guidance, solely

based on the underlying service utilization patterns it identifies,

and without prior knowledge of the antenna environment or any

other antenna-related information. Thus, it’s reasonable to assume

that if there were more antennas with the same mobile service

utilization profiles, they would have been distributed accordingly.

The metro stations cover the entire underground transportation

system of metropolitan Paris as well as the Parisian RER (Réseau

Express Régional) stations, whilst there are also metro BS in the

cities of Lille, Rennes, Toulouse, and Lyon. Likewise, the train sta-

tions constitute the departing and arriving points of the French

railway system. The airports include Paris main flying arteries,

i.e., Charles de Gaulle and Orly airports, and smaller aerodrome

units found in multiple other cities, such as Bordeaux and Nantes.

Workspaces comprise corporate offices, headquarters, and a limited

number of industrial facilities of major companies operating in dif-

ferent domains, e.g., Ericsson, HSBC, AXA, Givenchy, and Lacoste.

Commercial places consist of malls, shopping centers, department

stores, home furnishing outlets, large supermarkets, and the small

retail shops of the MNO where numerous indoor antennas are also

installed. The stadiums correspond to facilities that host major

sports games and tournaments in France, such as Stade de France,

while the expo centers house various corporate, cultural, and music

events. The tunnel antennas in our data set provide coverage to

vehicle or train on-board users entering tunnels, e.g., underground
tunnels or tunnels crossing mountains. Finally, the public building

category includes administration buildings, universities, schools,

and cultural heritage buildings throughout France.
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Figure 6: Sankey diagram depicting how the clusters flow
into different environment types.

5.2.2 Interpreting ICN clusters via indoor environments. By lever-

aging the environment information above, we are able to associate

classes of antennas with their specific surrounding conditions. A

logical next step is then to quantify the type of indoor environments

that reside within each cluster. A qualitative illustration of the cor-

relation between the detected clusters and the indoor environment

type is shown in the Shaneky diagram of Figure 6, depicting how

the samples of each cluster flow into the environments of Table 1.

Conspicuously, there are intense streams between certain clusters

and environment types. For instance, it can be seen that the metro

and train stations are monopolized by the orange group clusters,

while the preponderance of stadiums appertains within one of the

green group clusters. Furthermore, it can be observed that the dom-

inant flux towards workspaces originates from cluster 3, whilst

clusters 1 and 2 populate the remaining environments.

A quantitative analysis is presented in Figure 7, where we il-

lustrate the percentage of each cluster occupied by the different

environment types. In addition, in Figure 8, we report how the dif-

ferent environment types are distributed among the various clusters

for some non-obvious cases.

As mentioned, a striking observation is that the orange group

clusters (0, 4, and 7), shown in Figure 7a, comprise solely metro

and train stations. That further rationalizes the mobile service uti-

lization patterns discussed in Section 5.1.2, and correlates them

with the habits and the activities in which the users are engaged in

relation to the environment in which they are found. Indeed, the or-

ange group represents antennas that serve users while commuting,

which explains why they are likely to listen to music, use naviga-

tion applications to make their way or check public transportation

schedules, and be involved with entertainment-related applications

while traveling. Notably, for clusters 0 and 4 more than 92% of the

antennas are located in Paris and its suburbs, contrary to cluster

7 which consists solely of the Lille, Lyon, Rennes, and Toulouse

metro antennas, i.e., non-capital cities.
That further clarifies the distinction between the antennas of

the orange group: non-popular navigation applications, such as

Mappy and Transportation websites, are likely to fall in under-

utilization when compared to the usage patterns of metropolitan

commuters. Indeed, the RSCA does relate to the absolute volume

(a) Orange group.

(b) Green group.

(c) Red group.

Figure 7: Types of indoor environments per cluster.

of data, rather it captures the peer-service usage between different

antennas. Moreover, the comparative under-utilization can be also

attributed to the complexity of the Parisian metro system compared

to that of smaller cities, i.e., a single route might entail multiple

station and line changes that are more complex to navigate and need

support of dedicated apps. Finally, the fact that Paris is a touristic

destination fosters the use of navigation services by non-resident

individuals.
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(a) Airports, tunnels, commercial centers. (b) Hotels, hospitals, and public buildings. (c) Stadiums, expo centers, and workplaces.

Figure 8: Cluster distributions per indoor environment type.

Another interesting remark is that the preponderance of the

antennas found in the green group is stadiums, as can be seen

from Figures 7b and 8c. That justifies the high number of visits

to sports websites and the use of content-sharing applications,

such as Twitter and Snapchat via which one can upload photos

and information relevant to sports events. This behavior is more

evident for the antennas in clusters 6 and 8, more than 75% of which

are in stadiums. Remarkably, cluster 6 includes stadiums outside

Paris, while approximately 60% of cluster 8 antennas are in Paris.

On the other hand, stadiums make up only 35% of cluster 5,

which also includes other diverse types of environments, such as

expo centers, corporate offices, and commercial centers, equally

distributed in Paris and other cities. Apart from the expo centers

though, the remaining categories represent only a small fraction of

their environment type, e.g., only approximately 5% of the commer-

cial centers and working environments belong to cluster 5, as can be

seen from Figures 8a and 8c, respectively. Hence, given that cluster

5 is characterized by the under-utilization of most mobile services,

we consider it to include antennas treating most of their Internet

services equally, without demonstrating any advantages compared

to other antennas in the data set. In other words, service usage

is equally distributed at those antennas, yielding a similar small

numerator for all services in (1), compared to a larger denominator.

Expatiating on the environments encountered in the red group,

the most apparent connection is observed for cluster 3. As can

be seen, more than 70% of cluster 3 antennas are workplaces, in

particular corporate offices, which clearly provokes a surge in the

use of services such as Microsoft Teams, LinkedIn, and emailing

applications. Notably, in contrast with the offices, the small number

of industrial facilities included in the data set mostly occupies

cluster 5. Expo centers also assume a strong presence, with more

than 50% of them belonging to cluster 3 as seen in Figure 8c, likely

due to holding corporate events, conventions, and conferences.

Interestingly, while cluster 3 constitutes a single branch of the

red group, clusters 1 and 2, which belong to the other branch, host

many commercial centers. In particular, cluster 2 hosts 50% of the

commercial centers, most of the hotels and public buildings, as well

as almost all the hospitals, as shown in Figure 8b. Notably, cluster

2 includes all the small retail shops of the MNO, which clarifies its

advantage in Google Play Store usage to download apps.

Cluster 1 is more diverse, and along with commercial centers, it

also contains almost all airport and tunnel antennas, as illustrated in

Figure 8a, and a small percentage of all the available environment

types. Given the large variety of environments encountered in

cluster 1 and the absence of a dominant environment type, as well

as due to the fact that it contains messaging, streaming, and music

services, it can be speculated that this serves as a general-use cluster.

As a final note, we mention that while the antennas of cluster 1 are

almost equally distributed between Paris and other cities, at around

92% of the antennas of cluster 2 are found outside Paris, and 70% of

cluster 3 antennas are located in Paris and its suburbs.

5.2.3 Key insights. Explainable machine learning allows compre-

hending the clustering criteria. Consequently, we discovered that

distinct clusters were characterized by the use of music and naviga-

tion applications, general-purpose applications, and work-oriented

or sport-related mobile services. Observing the most and least im-

portant mobile services per cluster and juxtaposing them to the

indoor environment, we pronounce that they are substantially in-

fluenced by the latter.

5.3 Comparison with Outdoor Antennas
From the analysis presented earlier, it clearly emerges that ICN

mobile traffic demands intrinsically exhibit distinct patterns that

highly depend on the type of indoor environment. A natural ques-

tion is whether these patterns are also present in the components

of legacy communication system radio access networks. In order

to answer that, we probe the traffic generated by outdoor antennas

found in proximity to the ICNs of our data set.

5.3.1 Quantifying outdoor service usages. In particular, we want to

assess whether the nature of the ICN strictly defines and differenti-

ates its service demands from that of close-by outdoor antennas, e.g.,
if the service demands of the outdoor antennas nearby to corporate

offices are drastically disparate from the in-building ones. Hence,

for each indoor antenna, we consider all the outdoor antennas

found within a 1km radius, and we compute their RCA as:

𝑅𝐶𝐴𝑜𝑢𝑡𝑖,𝑗 =
𝑇𝑜𝑢𝑡𝑖,𝑗 /𝑇𝑜𝑢𝑡𝑖
𝑇𝑖𝑛 𝑗

/𝑇𝑡𝑜𝑡,𝑖𝑛
, (5)

where 𝑇𝑜𝑢𝑡𝑖,𝑗 represents the traffic recorded for the 𝑗-th service at

the 𝑖-th neighboring outdoor BS, 𝑇𝑜𝑢𝑡𝑖 is the total traffic generated

at the 𝑖-th outdoor BS for all the mobile services, while the ratio

𝑇𝑖𝑛 𝑗
/𝑇𝑡𝑜𝑡,𝑖𝑛 expresses the level of utilization the of 𝑗-th service over
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Figure 9: Distribution among the identified clusters, for
22,000 outdoor antennas located in close proximity of the
ICN antennas considered in our study.

the entire indoor traffic. Then, the RSCA for the outdoor antennas

can be computed straightforwardly via (2).

It should be noticed that according to (5) the RCA for the outdoor

antennas measures the level of utilization for a certain service in an

outdoor antenna compared to the level of the same service usage

among all the indoor antennas. Indeed, rather than studying the

traffic observed at outdoor antennas per se, we want to explore

whether this traffic is innately different compared to that generated

in indoor environments.

5.3.2 Comparing indoor and outdoor demands. With the RSCA

for all the neighboring outdoor antennas estimated, their cluster

can be inferred by feeding these values to the trained random for-

est classifier used in Section 5.1.2 to surrogate and generalize the

unsupervised learning clustering results. The predicted cluster dis-

tribution for approximately 20,000 neighboring outdoor antennas

is presented in Figure 9. Evidently, the innate diversity encountered

in the traffic demands of indoor antennas is absent for outdoor

antennas. Indeed, almost 70% of the outdoor antennas appertains

in cluster 1. That further corroborates our intuition that cluster

1 constitutes a general-use cluster. More importantly, though, it

becomes clear that the distinct traffic behavior of workplaces, sta-

diums, metro, and train stations is now almost absent, as only a

negligible percentage of the outdoor antennas lies within the re-

spective clusters.

5.3.3 Key insights. The intrinsic service demand diversity observed

in ICNs is absent from the neighboring outdoor BSs, despite their

close proximity. This behavior bespeaks that ICN traffic is highly

environment-centric, whereas outdoor BSs accommodate general-

purpose traffic.

6 TEMPORAL ANALYSIS
The next step in our analysis is to uncover the patterns that the ICN

traffic exhibits over time. Expectedly, one should observe different

patterns for each cluster, as it has been highlighted in previous

research which focused though solely on the traffic recorded at

outdoor antennas [18, 17].

6.0.1 Cluster-level temporal demands. To this end, in Figure 10

we provide heatmaps showing the evolution of the normalized

median traffic per hour across all the antennas belonging to the

same cluster, for the period of 04/01/2023 to 24/01/2023. Evidently,

it can be pointed out that there is a strong correlation between the

temporal patterns and the indoor environment type. Indeed, as can

be seen in Figure 10a to 10c, the orange group clusters, which are

populated with metro and train stations, demonstrate a traffic peak

during the common weekly commuting hours in France, i.e., 7.30
to 9.30 a.m. and 17.30 to 19.30 p.m. In the remaining hours of the

day the traffic volume is considerably smaller, while the same holds

throughout the weekends, e.g., the 7
𝑡ℎ

and 8
𝑡ℎ
, or the 14

𝑡ℎ
and

15
𝑡ℎ

of January. Remarkably, there is another day with negligible

traffic in the period under consideration; the 19
𝑡ℎ

of January, which

corresponds to a national general strike day. The strike’s impact is

not as severe for cluster 7, which includes metros antennas found

in cities other than Paris, presumably due to the milder impact of

the strike in these cities.

The green group clusters temporal patterns, presented in Figs. 10d

to 10f, are characterized by sporadic, non-canonical bursts of data

usage. Again, this is an expected behavior for stadiums and conven-

tion centers, where unlike the other indoor environments discussed,

surges of mobile subscribers appear on the premises and generate

traffic only when events are taking place. For instance, in cluster 8 a

traffic outbreak was observed only on the evening of January 19
𝑡ℎ

in a cross-Atlantic NBA special event conducted at Accor Arena

in Paris, while the continuous burst in cluster 5 between the 19
𝑡ℎ

and the 24
𝑡ℎ

of January is a corollary of the 4-day Sirha Lyon event

that took place at the Eurexpo Lyon convention center. Another

difference between the green group clusters is that cluster 5 records

a low volume of traffic throughout the entire day. Indeed, cluster

5 does not include only stadiums but other environments as well,

which as discussed in Section 5.1.2 they all share in common a

moderate application usage, as indicated by the mild blue color.

As depicted in Figs 10g to 10i, the red group clusters present a

more vivid and diurnal pattern compared to the other two groups,

with the traffic being almost evenly distributed from 10 a.m. to

8 p.m. Interestingly, clusters 1 and 2, which comprise numerous

commercial antennas, record traffic throughout the weekdays and

weekends, while cluster 3 consisting primarily of workspaces re-

mains idle during weekends and after working hours, i.e., 5.30 pm.

That is a unique behavior that clearly differentiates cluster 3 from

the other two clusters. Delving further into the peculiarities of each

cluster, cluster 2 yields a slight drop on Sundays, which can be

attributed to the fact that it contains smaller stores, e.g., the MNO

agencies, which are not as active on those dates compared to larger

commercial stores and malls. A further difference between clusters

1 and 2, is that the latter presents higher traffic during nighttime,

likely due to the larger number of hotels and hospitals, as shown

in Figure 8b, which are more active during these hours.

6.0.2 Service-level temporal demands. Finally, further insight can
be gained by inspecting the temporal heatmaps for some mobile

services that assumed a key role in the cluster decision-making

process, as per Figure 5. Hence, for the orange group clusters we

select Spotify, Twitter, and transport websites, depicting their nor-

malized median traffic as heatmaps in Figures 11a-11c. As it can be
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(a) Orange group, cluster 0. (b) Orange group, cluster 4. (c) Orange group, cluster 7.

(d) Green group, cluster 5. (e) Green group, cluster 6. (f) Green group, cluster 8.

(g) Red group, cluster 1. (h) Red group, cluster 2. (i) Red group, cluster 3.

Figure 10: Normalized median traffic heatmaps per hour for a period between 04/01/2023 and 24/01/2023. Each heatmap
represents the median traffic of all antennas that belong to the specified cluster at a specific hour and day, while the light gray
dashed lines indicate weekends.

(a) Spotify, Orange group (b) Twitter, Orange group (c) Transportation websites, Orange group

(d) Netflix, Green group (e) Waze, Green group (f) Snapchat, Green group

(g) Microsoft Teams, Red group (h) Netflix, Red group (i) Waze, Red group

Figure 11: Heatmaps of per hour normalized median traffic between 04/01/2023 and 24/01/2023, for the antennas of each cluster
and for a selected set of services chosen based on their importance according to the SHAP values presented in Figure 5. The
light gray dashed lines indicate weekends.
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seen, Spotify assumes a strong presence for the entire group, with

alike motifs for all clusters, demonstrating its traffic peaks during

the morning commuting hours. On the other hand, the usage of

transport websites is scattered for cluster 7, while clusters 0 and

4 preserve a more lively commuting hour pattern. Moreover, as

indicated by Figure 5b, Twitter usage is comparatively mitigated

for cluster 4, since both clusters 0 and 7 present a persistent peak

during morning or evening commuting hours.

The traffic patterns of the green group clusters, comprising event-

oriented venues, are also in alignment with the conclusions drawn

based on the SHAP values. For instance, Snapchat in Figure 11f

presents traffic patterns significantly similar to the ones seen for

total traffic in Figure 10, indicating the substantial usage of social

media apps throughout these events. Likewise, in Figure 11e, Waze

which is used for driving navigation and obtaining live traffic maps

and road alerts, also shows an interesting traffic pattern. In particu-

lar, for these antennas, Waze assumes its peak values a couple of

hours after the peaks of total traffic, as well as these of social media

apps, which suggest the usage of vehicular navigation apps to guide

the event attendants back to their home destination. In addition,

video streaming apps, such as Netflix, fall into under-utilization in

such venues, even on specific peak days and hours, as can be seen

in Figure 11d.

For the red group, we select three very characteristic applica-

tions to highlight their different utilization during day hours; Mi-

crosoft Teams, Netflix, andWaze. Microsoft Teams, which is a work-

oriented service, attains very small peak values for clusters 1 and

2 which are composed mostly of non-working environments. On

the contrary, cluster 3 records heavy traffic over working hours, or

even during the lunch break, since it is populated with workspaces.

Meanwhile, Netflix exhibits the opposite pattern, yielding a stronger

usage in daytime and nighttime for clusters 1 and 2, respectively,

but only being utilized during lunch hours for class 3. Again, this be-

havior aligns with intuition since cluster 1 is of general use, cluster

2 includes most of the hotels where guests use streaming services

during nighttime, while in working environments the use of stream-

ing services is strictly limited during breaks. Finally, corroborating

the findings of Figure 5g, out of the red group clusters, Waze attains

the highest importance and recorded traffic for cluster 1, which

aligns with intuition since as per Figure 8a it includes the majority

of tunnels. Furthermore, the Waze traffic peaks in cluster 1 occur

mostly on Saturdays, whereas for cluster 3 the heaviest traffic is

recorded on weekdays after office hours when the employees return

to their residences.

6.0.3 Key insights. The clusters designated by our analysis demon-

strate diverse characteristics in the overall and per-application

utilization patterns over time, which can be ascribed to the type of

indoor environments associated with each cluster.

7 DISCUSSION AND ROADMAP
Our analysis unveiled that ICN mobile service demands are site-

specific and more specialized than outdoor ones; therefore, ICN

resource orchestration should not target overall capacity, as in out-

door environments, but must take into account the most important

application usage per indoor environment. In a sense, our work

fosters adopting a distinct network slicing dimension for indoor

network resource planning, where the indoor slices will be tuned

based on the characterizing applications for that specific indoor

environment. Applications of such slicing could include adaptive

power transmission control or content caching according to the

insights provided by our analysis.

We expect the service usage trends identified in our analysis

to remain timely for non-standalone 5G deployments. However,

over time, with the emergence of applications such as the indus-

trial Internet of Things, augmented reality, and intelligent self-

orchestrated environments, we believe that additional clusters may

emerge within ICN traffic, requiring further research and provision-

ing by MNOs. Indeed, Internet traffic produced by such applications

will have much more specialized requirements and characteris-

tics, hence we assume that this will intensify the environment and

activity-oriented behavior underpinned by our analysis, giving

further rise to the need for dedicated planning. Furthermore, as

prior work has indicated [51, 42, 23], we believe that the results

of our analysis will also be applicable to other countries that as-

sume the same socio-economic standing and their residents are

engaged in similar daily life activities. However, the impact of the

socio-economic level of different countries on ICN traffic remains

an open question for future research, as ICN traffic may not be

affected by such factors due to its strong association with the type

of indoor environment.

8 CONCLUSIONS
The proliferation of ICNs and the increasing mobile service de-

mands generated by users in indoor environments call for an im-

proved understanding of indoor traffic characteristics. Our work

constitutes a primer in this direction, unveiling the unique behav-

iors that are intrinsic to the traffic generated by ICNs. We demon-

strate that a set of clusters, with distinct mobile service utilization

profiles, exists across a nationwide ICN deployment. Through ex-

plainable ML, we provide a detailed analysis of the services that

tell profile apart, and consequently evince that ICN traffic demands

strongly relate to the type of indoor environment. These profiles

are more diverse compared to those encountered in the traffic gen-

erated by conventional outdoor BSs, and they exhibit distinctive

overall and per-application utilization temporal patterns, influenced

by the kind of activities that take place in the different indoor envi-

ronments.

Overall, our work paves the road to the characterization of

service-level mobile traffic demands in indoor environments, and

offers a number of insights into patterns that were not observed or

demonstrated quantitatively before.
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ETHICS
Our work builds on mobile network traffic generated by users of a

nationwide cellular infrastructure, focusing on the traffic generated

by ICNs. Specifically, we leverage the hourly traffic demands at

the level of individual cells, which are generated from network

measurements carried out in the target infrastructure as detailed in

Section 3.

The traffic measurements used to compute the measures intro-

duced in Section 4.2 were collected by the operator for network

management and research purposes, and temporarily stored within

a secure platform at their own premises. The hour-level aggrega-

tion was also carried out in the same platform by personnel of the

network operator, in full compliance with Article 89 of the General

Data Protection Regulation (GDPR) [15] of the European Commis-

sion. The data collection and processing were approved by the Data

Protection Officer (DPO) of the operator within the context of a

collaborative research project.

We remark that the original network measurements contained

personal identifiers (e.g., the International Mobile Subscriber Iden-

tifier, or IMSI) and sensitive data (e.g., locations of visited cells,

or mobile services consumed) about individual users, and were

deleted upon aggregation. Instead, the aggregated traffic demands

used (over the two-month period or the hourly patterns presented

in Section 6) do not contain personal identifiers or sensitive infor-

mation. The level of spatio-temporal aggregation ensures that no

data subject can be re-identified, and that the traffic data or the

metric used for clustering do not configure as personal data in the

GDPR acceptation.

The researchers involved in thework presented in this paper only

had access to such aggregated and privacy-preserving traffic data

for the purpose of carrying out the study. Ultimately, our dataset

and research do not involve risks for the mobile subscribers, while

they provide new knowledge about the dynamics of indoor mobile

traffic demands, which will benefit an improved design and more

dependable validation of technical solutions for mobile network

operations.
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