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A B S T R A C T

Mobility prediction has been a popular research topic for many decades. With the advent of new generation
technologies (5G and beyond) and smaller coverage cells, hand-over operations have become more frequent.
Cellular system companies are therefore taking increasing interest in using the available predictive information
on node movements to optimize and manage their bandwidth resources. In particular, the main challenging
scope of our contribution consists in solving the issue of reliable next-cell prediction, aimed to call dropping
probability minimization. In addition, our proposal is based on the innovative concept of mobility data to image
encoding. The scheme is able to a-priori determine the next visited cells during host movements by applying
a convolutional neural approach to mobility images. The power of machine learning is used to advantage, and
highly accurate image classification is achieved for mobility prediction. We performed numerous simulation
campaigns related to next-cell prediction in mobile cellular environments, obtaining very satisfactory results
by the application of convolutional neural networks, which have an impressive history of effectiveness with
image classification problems. The trained network has been associated to each coverage cell and the prediction
accuracy has been evaluated.
1. Introduction

In the last few decades, mobile computing has rapidly evolved
to deliver higher transmission speeds and lower latencies, which are
the compelling features of 5G and beyond architectures [1]. The at-
tainable Quality of Service (QoS) and Quality of Experience (QoE)
have also grown at a greater than linear rate. Integration of these
standards with predictive approaches to provide high-quality assistance
with resource management, especially if network nodes move within a
cellular network, is therefore highly coveted [2]. Much attention has
also been devoted to Machine and Deep Learning (ML, DL) applications
to improve their recognition, classification, and prediction accuracy
of the main features of several processes in very different research
areas [3–5].

The target of our proposal regards the new generation cellular
systems, such as 5G and 6G, where the hand-over events are becoming
more and more frequent due to the smaller coverage area. Especially
in the future 6G networks [1], where the ML/DL approaches will be
integrated with the architecture, the overall system will be aided to a-
priori know mobile host movements to pre-reserve the needed amount
of bandwidth (or another kind of resource blocks) when the users will
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arrive in the main locations. We want to give a valid contribution and
possible solution to the reliable next-cell prediction issue aimed at Call
Dropping Probability (CDP) minimization.

In contrast to the vast majority of existing works (which imple-
ment and evaluate a dedicated ML structure to predict a specific
process), we propose a new predictive scheme based on the strength of
Convolutional Neural Networks (CNNs) [6] in image recognition and
classification. However, we do not propose any new CNN layering but
rather a completely innovative method for encoding and predicting (in
terms of following visited cells) images in cellular mobility using CNN
image classification. This approach’s main aim is to demonstrate how
the high accuracy of CNNs [7] can be applied to next-cell and mobility
prediction. To our knowledge, no mobility approaches can obtain an
accuracy level greater than 90% [2,8] in cellular mobile networking.
First, we present a completely innovative mobility image encoding
algorithm that accounts for the obtained image entropy (which we
consider an indicator of the mobility information level contained in the
image) [9] and meaningfully encodes images to train a CNN adequately.
We created mobility traces using several maps extracted from Open
Street Map (OSM) [10] and simulated real mobility trajectories with
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the Simulation of Urban MObility (SUMO) [11]. Cellular coverage for
the maps was then added (modeled with Voronoi Tessellation [12]),
and the CNN was trained in the hand-over event function. The effects of
average coverage radius (varying the number of tessellation generator
points) were also included. Mobility was then sampled, and a mobility
points subset was periodically allocated. Images were obtained using a
specific encoding algorithm. These images were then used as a training
set for the CNN to learn the specific mobility features contained within
the images. We highlight that no new CNN layering is proposed; we are
only interested in demonstrating the potential of exploiting the strength
of CNNs with image classification (already proposed by us in [13] for
mobile scenario) for mobility prediction. The main contributions of this
study are:

• Adapting a Mobility-2-Image encoding algorithm proposed in [13]
for geographical areas classification to predict the future positions
of mobile hosts: in particular, in this new proposal, the CNN can
predict the future cell that a mobile host (whose coordinates have
been converted into an image) will visit (if any);

• Using CNN’s accuracy for image recognition without needing new
CNN layering. Node mobility is treated as an image set which can
be classified and predicted;

• An analysis of the accuracy of a CNN’s functioning in encoding
parameters such as image size, sampling frequency, encoding
algorithm approach, etc.

e assume that mobility data can be collected without the availability
f a GPS device at mobile nodes. Base stations can store mobility coor-
inates through several methods, for example, Angle-of-Arrival (AoA),
roximity, Trilateration, and Time Difference of Arrival (TDoA) [14].

The remainder of the paper is organized as follows: Section 2
ntroduces recent works on mobility sampling, mobility prediction, and
mage classification; Section 3 describes the main proposed concept,
ivided into five subsections. Section 4 provides a detailed description
f the achievable results using the proposed algorithm; finally, Sec-
ion 5 concludes the paper and comments on the main advantages of
he proposed approach.

. Related work

This section reviews the most recent and significant works on
obility prediction in cellular systems and image classification. These

re the two main topics on which our proposal is based, and, to the best
f our knowledge, they have never been combined before to implement
predictive model. We first briefly overview the main contributions

n those areas of interest, then propose a new way to combine image
lassification with cellular prediction. The main goal of this section is
o show how many different models have been proposed instead of
hinking to standardize a unique approach. In addition, it should be
nderlined that the next-cell prediction serves as a desirable tool for
etwork operators to optimize network resource allocation. With the
eployment of femto/nano-cells in 5G architecture, hand-over events
ave become more frequent, and next-cell prediction is, therefore, a
opular research area.

.1. The heterogeneity of the existing mobility prediction models

Integrating prediction features into future cellular systems (5G and
eyond) is highly desirable and offers optimizations for bandwidth
anagement and resource allocation, as well as enhancement of QoS

nd QoE. The next-cell prediction problem has been studied for decades
nd documented in several related articles. In [2,8], and [15], the au-
hors surveyed the main existing contributions, citing interesting details
f methodologies and approaches. These works, although 4–7 years old,
escribed the majority of predictive models proposed over many years

e.g., Kalman filters, Markov chains, Neural Networks, Autoregressive

2 
ML and DL, etc.), showing a colossal heterogeneity between the pro-
posed models, with a general attainable accuracy below 90%. The trend
has been the same in the last few years. The following articles are
examples of the most recent continuous proposals of new predictive
models. The authors of [16] proposed an attentional Markov model
that extrapolated long-term correlations from historical trajectories in
specific contexts. A detailed and large dataset was applied, significantly
improving classic ML approaches (Hidden Markov Model, Recurrent
Neural Network, Friendship, Mobility, etc.) in accuracy and execution
time. In [17], the authors propose a new traffic prediction algorithm
based on the Butterworth filter, CNN, and LSTM, also introducing a new
approach of frequency domain analysis to extract the low-frequency
component of the considered ‘‘signals’’. The dedicated CNN–LSTM pre-
diction models are then used to represent the final value. The approach
is entirely based on the Pytorch experimental environment, obtaining
an enhancement of about 25% concerning the existing time series
predictors.

The authors of [18] address the issue of mobility and traffic pre-
diction by proposing a spatio-temporal graph attention model: the
proposed scheme can quantify the strength of connections between
nodes by evaluating the similarity matrix and constructing an adjacency
matrix. The main novelty of the proposal consists of the fusion of
spatio-temporal features in traffic data by combining the graph neural
network with a temporal attention mechanism. Based on a real dataset
(extracted from an actual service provider database), the authors show
that their idea can outperform existing methods in terms of prediction
accuracy.

In [19], the authors underline the importance of regional prediction
and edge computing. By relocating the requested content to the edge in
the Internet of Vehicles (IoV), edge caching is anticipated to effectively
meet the low latency and high-reliability demands of IoV users for
multimedia services. The authors proposed a mobility-aware proactive
edge caching scheme (MSTPS), incorporating spatial and temporal pre-
dictions of vehicle movements for content deployment and scheduling.
The scheme adapts to mobility uncertainties by learning vehicles’ travel
preferences and grouping users with similar travel patterns. To address
the dynamic and unpredictable nature of the IoV, the authors designed
a system recovery strategy to prevent degradation of the scheme due
to prediction failures. Real taxi datasets and urban scenarios have been
used, showing that MSTPS is able to improve the cache hit ratio,
reducing access latency, and lowering the cache redundancy ratio.

Another example of a deep research about regional prediction is
represented by [20]. The authors focused on regional traffic flow
forecasting, crucial for the implementation of intelligent transportation
systems. The authors defined another dedicated Graph Convolutional
Neural network (MGCN) to analyze and express the spatial correla-
tion of traffic flow across different dimensions. Then, an LSTM was
constructed to capture temporal features, and an Embedding layer
was added to embed temporal periodic features of traffic flow. The
performance was tested using the public dataset PeMSD4 [21] and
corresponding weather data. Compared to other prediction models, the
final constructed prediction model demonstrated reduced prediction
errors, indicating that the MGCN offers superior traffic flow prediction
performance.

2.2. Image-data classification with neural networks

ML and CNNs have been used extensively in image processing and
recognition for several years. As evidence, the work in [22] overviews
the different fields in which CNNs have been employed to recognize
(and/or restore) images: from animals to hand-made objects, from
people to plants, from buildings to labeled objects, etc. Until today,
the common features of CNN applications consist in the used datasets,
which always contain real-world objects (generally speaking, image

data), and in the exploitation of the power of convolutional layers,
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Fig. 1. The general approach considered for obtaining the starting mobility data and coverage cells, from Open Street Map and SUMO.
which can discover hidden features in input images, thereby allow-
ing subsequent layers to output correct classified values. Very high
accuracy in recognizing complex/textured features is reached, out-
performing classic approaches as demonstrated, for example, in [23],
where the authors examined the problem of even rebuilding and restor-
ing degraded images (blurred, noisy, or distorted) after classification.
The authors tested and compared a classic CNN and a CNN with
prior filtering to remove image degradation. The experiment showed
poorer image classification performance in the CNN with degraded
images and unsatisfactory performance from the degradation removal
algorithms, which could not improve the results. The study in [24]
represents another recent and valid contribution, where the authors
investigated the compressed-domain image classification, considering
the desired image format before encoding (the reconstruction step
was bypassed). The authors tested their proposed method on large
datasets (as Coil-100 [25]), obtaining satisfactory performance and
resilience to noise. The authors of [26] proposed the Visual Geometry
Group 16 (VGG16) model for classifying images into two additional
categories instead of performing feature extraction or segmentation.
VGG16 offers an accuracy of 99%, and images are further categorized
into sub-categories. In [27], an interesting proposal to deal with syn-
thetic images is given: the authors deal with a detailed approach for
extracting features (similarity, stability, transferability) from images
and encode them through a two stage (generation and distillation)
federated learning approach. From the discussion above, it is evident
that CNNs have been mostly used for classifying only image-data, while
the classification of synthetic and/or non-image-data images represents
a very young approach to train and validate convolutional models.

Unlike the works mentioned above, we present a new approach
to mobility prediction through image classification without any new
CNN layering. A straightforward CNN structure is considered, as the
one first proposed by LeCun in [28]. Contrary to most proposals, we
adapted the model for compatibility with CNNs by encoding mobility
representations as images.

3. Next-cell prediction with a CNN for image classification

This section describes the components of our proposed model, start-
ing with a coverage model, continuing with mobility to image con-
version, and finishing with a predictive algorithm. We underline that
the predictive algorithm is the minor contribution of this paper: the
attention is focused on suggesting, for the first time, how to use CNNs
(used for image classification/recognition) in mobile networking by
converting mobility data to images hence having the possibility to make
predictions on users movements. Just for sake of simplicity and for
introducing the operative approach proposed in this contribution, Fig. 1
is shown. The real mobility map (on the left side) in the OSM format
can be imported in SUMO (on the rights side), which is able to generate
3 
real mobility traces taking into account real features (traffic lights,
maximum speed limits, crosses, downtowns, etc.); the yellow boxes on
the right side represent the moving vehicles. SUMO is able to store
mobility in GPS Decimal Degrees (D.D◦) format, and an overlay cellular
architecture can be easily implemented, in order to consider the real
hand-over events. The overlay cellular network consist of 7 clusters of
7 cells, covering the Geographic Area (GA) of interest. These concepts
will be deeply explained throughout the paper.

The following sections discuss the main results of this approach, and
we emphasize again that no new CNN structure is proposed; instead,
an entirely new approach to next-cell prediction can exploit CNN’s
accurate image classification capability. Our approach is general and
independent of any specific coverage or a vehicle’s movement behavior
(pedestrian, car, mobile sensor, etc.).

3.1. The general model for creating a suitable dataset

Let us consider a rectangular, two-dimensional GA. We describe
a two-dimensional (rectangular) mobility environment for simplicity,
although the approach could be easily adapted to describe three dimen-
sions. The GA is characterized by its dimensions 𝐺𝐴𝑥 and 𝐺𝐴𝑦, area
𝐺𝐴𝐴 = 𝐺𝐴𝑥 ⋅ 𝐺𝐴𝑦, and a set of contained roads 𝐺𝐴𝑅 = {𝑟1,… , 𝑟𝑚},
where |𝐺𝐴𝑅| = 𝑚 and 𝑚 >0. User mobility is possible only on
each 𝑟𝑘 ∈ 𝐺𝐴𝑅. Therefore, considering a set of mobile hosts 𝑀𝐻 =
{𝑚ℎ1,… , 𝑚ℎ𝑛}, where |𝑀𝐻| = 𝑛, 𝑛 >0, and for a certain time 𝑡:

𝑚ℎ𝑗 (𝑡) ∈ 𝑟𝑘, (1)

where 𝑡 ∈ [𝑡0𝑗𝑘, 𝑡
1
𝑗𝑘] (the interval during which 𝑚ℎ𝑗 moves on 𝑟𝑘), 𝑚ℎ𝑗 ∈

𝑀𝐻 , 𝑟𝑘 ∈ 𝐺𝐴𝑅. Thus, a mobile host 𝑚ℎ𝑗 will traverse a set of 𝑙𝑗 roads
𝑅𝑗 = {𝑟𝑗1,… , 𝑟𝑗𝑙𝑗 } during an active session (data connection) of duration
𝑇𝑗 .

The model can be extended by adding a set of coverage cells (for
now, we are not concerned whether they belong to 3G, 4G or 5G base
stations or femto/pico cells) 𝐺𝐴𝐶 = {𝑐1,… , 𝑐𝑝} characterized by a
shape, a number of available channels (managed by CDMA, NOMA,
W-CDMA, or TD-SCDMA [29]) and a coverage radius (if the shape is
regular) or an average coverage radius (if the shape is irregular, as
shown later). Eq. (1) can be rewritten as:

𝑚ℎ𝑗,𝑘(𝑡) ∈ 𝑐𝑖, (2)

meaning that, at time 𝑡, user 𝑚ℎ𝑗 travels on 𝑟𝑘 in the coverage of cell
𝑐𝑖. During 𝑇𝑗 , we can thus observe 𝑚ℎ𝑗 movements from both 𝑅𝑗 and
𝐶𝑗 = {𝑐𝑗1,… , 𝑐𝑗𝑝𝑗 } points of view, where |𝐶𝑗 | = 𝑝𝑗 and represents the
number of cells visited by 𝑚ℎ𝑗 in 𝑇𝑗 , and 𝐶𝑗 ⊆ 𝐺𝐴𝐶 .

Fig. 2 illustrates an example of a GA (extracted from a map of
the center of Los Angeles, USA) with an area 𝐺𝐴𝐴 of approximately
0.4 km2, and a set of roads 𝐺𝐴𝑅 with 𝑚 = 27 (street numbers were

omitted from the map the figure for clearer readability). A generic
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Fig. 2. Example of a GA with regular coverage, 𝐺𝐴𝑥 ≈ 782 m, 𝐺𝐴𝑦 ≈ 512 m,
𝐺𝐴𝐶 = {𝑐1 ,… , 𝑐24}, 𝐺𝐴𝑅 = {𝑟1 ,… , 𝑟27}, 𝐶𝑗 = {𝑐𝑗8 , 𝑐

𝑗
10 , 𝑐

𝑗
11 , 𝑐

𝑗
14 , 𝑐

𝑗
19 , 𝑐

𝑗
20}, 𝑅𝑗 = {𝑟𝑗7 , 𝑟

𝑗
9 , 𝑟

𝑗
10}.

mobile host, 𝑚ℎ𝑗 travels from the green dot to the red dot, traversing
the set of roads 𝑅𝑗 = {𝑟𝑗7, 𝑟

𝑗
9, 𝑟

𝑗
10} (Tanager Avenue, Condor Street, and

Supply Avenue, respectively). Cellular coverage (for simplicity, regular
hexagonal shapes) was overlaid on the GA, where 𝑝 = 24 (coverage
radius of 65 m), and the route’s trajectory (𝑚ℎ𝑗) forces the node to
hand over between cells 𝐶𝑗 = {𝑐𝑗8, 𝑐

𝑗
10, 𝑐

𝑗
11, 𝑐

𝑗
14, 𝑐

𝑗
19, 𝑐

𝑗
20} (indicated by the

blue dotted line). For the general case of irregular cellular coverage,
Voronoi’s tessellation is considered the best solution [12,30] to describe
the distribution of cell coverage signal strength between boundaries.
Once we define the boundaries of a two-dimensional GA, we can set
the number of Voronoi regions 𝑝 and their related generator points to
𝐺𝐴𝑃 = {𝑔𝑝1, 𝑔𝑝2,… , 𝑔𝑝𝑝} such that 𝑔𝑝𝑖 ≠ 𝑔𝑝𝑗 for 𝑖 ≠ 𝑗, and 𝑔𝑝𝑖 ∈ R2.
Given 𝑔𝑝𝑖, we can also define the Voronoi region related to cell 𝑐𝑖 ∈
𝐺𝐴𝐶 , which satisfies:

𝐴(𝑐𝑖) = {𝑃 ∈ R2
| ‖𝑃 − 𝑔𝑝𝑖‖ ≤ ‖𝑃 − 𝑔𝑝𝑗‖,∀𝑗 ≠ 𝑖}, (3)

where 𝐴(𝑐𝑖) is the coverage region of 𝑐𝑖 in R2 and ‖ ⋅ ‖ is the Euclidean
distance. All the coverage regions of a Voronoi tessellation in R2 are
connected and convex, but we also have to consider a Voronoi region
bounded to the GA. Therefore,

𝐴∗(𝑐𝑖) = 𝐴(𝑐𝑖) ∩ 𝐺𝐴, 𝐺𝐴 =
𝑝
⋃

𝑖=1
𝐴∗(𝑐𝑖). (4)

In addition to the generator points, defining edges in Voronoi
coverage is important. The edge between 𝐴∗(𝑐𝑖) and 𝐴∗(𝑐𝑗 ) is defined
as 𝑒(𝑔𝑝𝑖, 𝑔𝑝𝑗 ) = 𝐴∗(𝑐𝑖) ∩ 𝐴∗(𝑐𝑗 ), and if 𝑒(𝑔𝑝𝑖, 𝑔𝑝𝑗 ) ≠ 0, then 𝑐𝑖 and 𝑐𝑗
are adjacent. For each point 𝑃 ∈ 𝑒(𝑔𝑝𝑖, 𝑔𝑝𝑗 ) ≠ 0, we have ‖𝑃 − 𝑔𝑝𝑖‖ =
‖𝑃 − 𝑔𝑝𝑗‖.

For our purposes, each coverage cell (Voronoi area) can, therefore,
be considered a polygon (with an irregular shape) bounded by a
certain number of edges. Fig. 3 illustrates an example extracted from a
complete Voronoi tessellation in which six generator points are defined,
and the area generated by 𝑔𝑝3 has five edges (blue numbers) shared
with neighboring cells. Generally, we can say that each cell 𝑐𝑖 ∈ 𝐺𝐴𝐶
has 𝑞𝑖 edges and, therefore, 𝑞𝑖 possible hand-in/hand-out directions.
Without loss of generality, we assume that Eq. (1) remains valid during
the hand-over event (users change the coverage cell but not the road
on which they are contextually moving). We want to highlight that the
management of the handover procedure (in terms of signaling between
devices) is beyond the scope of the current study.

3.2. Dataset creation: Mobile host

Here, we propose a new method for preparing the mobility dataset.
Let us set a sampling frequency of 𝑓 (mobility positions are sampled
𝑠

4 
Fig. 3. Example of a part of a Voronoi tessellation.

𝑓𝑠 times per second) and a coordinate reference point 𝑃0 = (0, 0) in the
GA. For each 𝑚ℎ𝑗 ∈ 𝑀𝐻 , a mobility dataset can then be created with
the following fields in each tuple:

• 𝑚ℎ𝑗 – the IDentifier (ID) of the mobile host, assigned by the
current coverage cell;

• 𝑐𝑢𝑟𝑟𝑡𝑖𝑚𝑒 – the mobility sampling time related to the coordinates
storage event;

• 𝑝𝑜𝑠𝑥 – the x-coordinate of 𝑚ℎ𝑗 at time 𝑐𝑢𝑟𝑟𝑡𝑖𝑚𝑒, referring to 𝑃0
(this can also be interpreted as the latitude value if the Global
Navigation Satellite System – GNSS – is used);

• 𝑝𝑜𝑠𝑦 – the y-coordinate of 𝑚ℎ𝑗 at time 𝑐𝑢𝑟𝑟𝑡𝑖𝑚𝑒, referring to 𝑃0 (this
can also be interpreted as the longitude value if GNSS is used);

• 𝑟𝑜𝑎𝑑𝑘 – the 𝑟𝑘 ∈ 𝐺𝐴𝑅 which 𝑚ℎ𝑗 traverses at time 𝑐𝑢𝑟𝑟𝑡𝑖𝑚𝑒
(referred in Eq. (1));

• 𝑐𝑒𝑙𝑙𝑖 – the 𝑐𝑖 ∈ 𝐺𝐴𝐶 which covers 𝑚ℎ𝑗 at time 𝑐𝑢𝑟𝑟𝑡𝑖𝑚𝑒 by 𝐴∗(𝑐𝑖)
(referred in Eq. (2));

• 𝑝𝑟𝑒𝑣𝑐𝑒𝑙𝑙: the 𝑐𝑣 ∈ 𝐺𝐴𝐶 which covered 𝑚ℎ𝑗 at time 𝑐𝑢𝑟𝑟𝑡𝑖𝑚𝑒 −
1
𝑓𝑠

by
𝐴∗(𝑐𝑣); this is the field 𝑐𝑒𝑙𝑙𝑖 at the previous sampling time.

Let us assume that during the training phase, each moving 𝑚ℎ𝑗 ∈
𝑀𝐻 periodically (each 1∕𝑓𝑠 seconds) creates an updated tuple accord-
ing to Algorithm 1 and appends it to the current dataset (we refer
to this as the ℎ𝑖𝑠𝑡𝑜𝑟𝑖𝑐𝑎𝑙 period). The algorithm commences when the
connection of 𝑚ℎ𝑗 becomes active. Then, if a hand-over event occurs,
the most recent version of the dataset is sent to the old covering cell
before the hand-over procedure completes. The dataset is also sent to
the current covering cell when the connection becomes inactive (the
connection ends). Each 𝑐𝑖 ∈ 𝐺𝐴𝐶 builds its historical dataset by storing
the tuples received by all 𝑚ℎ𝑗 ∈ 𝑀𝐻 . Note that the algorithm is
executed only during the ℎ𝑖𝑠𝑡𝑜𝑟𝑖𝑐𝑎𝑙 period, meaning only when the
historical dataset needs to be created and shared in the system (to
correctly train the CNN, as shown later). Regarding the computa-
tional complexity of Algorithm 1, the algorithm accepts current time
𝑡0 and sampling frequency 𝑓𝑠 as input for evaluating the time instants
when mobility should be sampled. Then, it initializes all the required
variables and data structures (these operations are performed in real-
time). The variable 𝑝𝑟𝑒𝑣𝑐𝑒𝑙𝑙 is set to −1 to indicate that the connection
begins in the current cell and that no previous hand-over events are
present. The mobile host also receives its unique ID directly from the
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Algorithm 1: Dataset creation from 𝑚ℎ𝑗 to cell 𝑐𝑖
Result: Creates tuples from 𝑚ℎ𝑗 mobility and transmits them to

the current coverage cell 𝑐𝑖.
input: 𝑓𝑠, 𝑡0; start init:
set 𝑇𝑠=1/𝑓𝑠, 𝐼𝐷 = 𝑎𝑐𝑞𝑢𝑖𝑟𝑒𝐼𝐷(𝑗), 𝑎𝑐𝑡𝑖𝑣𝑒=true,
𝑐𝑢𝑟𝑟𝑒𝑛𝑡𝑡𝑖𝑚𝑒 = 𝑡0, 𝑐𝑖 = 𝑐𝑢𝑟𝑟𝑒𝑛𝑡𝑐𝑒𝑙𝑙(), 𝑝𝑟𝑒𝑣𝑐𝑒𝑙𝑙 = −1,
𝑐𝑢𝑟𝑟𝑒𝑛𝑡𝑚𝑜𝑑𝑒 = ℎ𝑖𝑠𝑡𝑜𝑟𝑖𝑐𝑎𝑙, 𝑑𝑎𝑡𝑎𝑠𝑒𝑡 = ∅;
end init;
while (𝑎𝑐𝑡𝑖𝑣𝑒 ∧ 𝑐𝑢𝑟𝑟𝑒𝑛𝑡𝑚𝑜𝑑𝑒 == ℎ𝑖𝑠𝑡𝑜𝑟𝑖𝑐𝑎𝑙) do

if is_sampling_time(𝑇𝑠) then
𝑐𝑟𝑒𝑎𝑡𝑒 𝑡𝑢𝑝𝑙𝑒 = (𝐼𝐷, 𝑐𝑢𝑟𝑟𝑒𝑛𝑡𝑡𝑖𝑚𝑒, 𝑝𝑜𝑠𝑖𝑡𝑖𝑜𝑛(𝑝𝑜𝑠𝑥),
𝑝𝑜𝑠𝑖𝑡𝑖𝑜𝑛(𝑝𝑜𝑠𝑦), 𝑟𝑜𝑎𝑑(), 𝑐𝑖, 𝑝𝑟𝑒𝑣𝑐𝑒𝑙𝑙);
𝑎𝑝𝑝𝑒𝑛𝑑(𝑡𝑢𝑝𝑙𝑒, 𝑑𝑎𝑡𝑎𝑠𝑒𝑡);
𝑐𝑢𝑟𝑟𝑒𝑛𝑡𝑡𝑖𝑚𝑒 = 𝑐𝑢𝑟𝑟𝑒𝑛𝑡𝑡𝑖𝑚𝑒 + 𝑇𝑠

if ℎ𝑎𝑛𝑑_𝑜𝑣𝑒𝑟 𝑟𝑒𝑠𝑒𝑟𝑣𝑒𝑑 then
𝑝𝑟𝑒𝑣𝑐𝑒𝑙𝑙 = 𝑐𝑖;
𝑐𝑖 = 𝑛𝑒𝑥𝑡𝑐𝑒𝑙𝑙();
𝑐𝑟𝑒𝑎𝑡𝑒 𝑡𝑢𝑝𝑙𝑒 = (𝐼𝐷, 𝑐𝑢𝑟𝑟𝑒𝑛𝑡𝑡𝑖𝑚𝑒, 𝑝𝑜𝑠𝑖𝑡𝑖𝑜𝑛(𝑝𝑜𝑠𝑥),
𝑝𝑜𝑠𝑖𝑡𝑖𝑜𝑛(𝑝𝑜𝑠𝑦), 𝑟𝑜𝑎𝑑(), 𝑐𝑖, 𝑝𝑟𝑒𝑣𝑐𝑒𝑙𝑙);
𝑎𝑝𝑝𝑒𝑛𝑑(𝑡𝑢𝑝𝑙𝑒, 𝑑𝑎𝑡𝑎𝑠𝑒𝑡);
𝑠𝑒𝑛𝑑𝑡𝑜(𝑝𝑟𝑒𝑣𝑐𝑒𝑙𝑙 , 𝑑𝑎𝑡𝑎𝑠𝑒𝑡);
𝑒𝑚𝑝𝑡𝑦(𝑑𝑎𝑡𝑎𝑠𝑒𝑡);
𝑎𝑝𝑝𝑒𝑛𝑑(𝑡𝑢𝑝𝑙𝑒, 𝑑𝑎𝑡𝑎𝑠𝑒𝑡);

if 𝑐𝑜𝑛𝑛𝑒𝑐𝑡𝑖𝑜𝑛_𝑠𝑡𝑜𝑝𝑝𝑒𝑑() then
𝑐𝑟𝑒𝑎𝑡𝑒 𝑡𝑢𝑝𝑙𝑒(𝐼𝐷, 𝑐𝑜𝑛𝑛𝑒𝑐𝑡𝑖𝑜𝑛𝑒𝑛𝑑𝑒𝑑 );
𝑎𝑝𝑝𝑒𝑛𝑑(𝑡𝑢𝑝𝑙𝑒, 𝑑𝑎𝑡𝑎𝑠𝑒𝑡);
𝑠𝑒𝑛𝑑𝑡𝑜(𝑐𝑖, 𝑑𝑎𝑡𝑎𝑠𝑒𝑡);
active=false;

if ℎ𝑖𝑠𝑡𝑜𝑟𝑖𝑐𝑎𝑙 𝑡𝑖𝑚𝑒𝑜𝑢𝑡 𝑟𝑒𝑎𝑐ℎ𝑒𝑑 then
𝑐𝑢𝑟𝑟𝑒𝑛𝑡𝑚𝑜𝑑𝑒=stop;

current 𝑐𝑖 through the function 𝑎𝑐𝑞𝑢𝑖𝑟𝑒𝐼𝐷(𝑗). When the mobile host
𝑚ℎ𝑗 connects, it creates the appropriate tuples (containing the mobility
samples) every 𝑇𝑠 seconds. Suppose an active connection lasts for Call
Holding Time seconds [31] under the coverage of 𝑐𝑖 (𝐶𝐻𝑇𝑖,𝑗). In that
case, the moving node will have 𝐶𝐻𝑇𝑖,𝑗∕𝑇𝑠 = 𝑘1 sampling and storage
iterations, plus a final tuple which is created immediately before it exits
the coverage of the current cell 𝑐𝑖 (this last operation is performed only
if 𝑚ℎ𝑗 leaves 𝑐𝑖 along its itinerary, giving 𝑐𝑖 information about the hand-
out direction and the new coverage cell information about the arrival
edge and incoming direction). Then, if hand-over or the connection
ceases, the created dataset is transmitted to 𝑐𝑖 using the 𝑠𝑒𝑛𝑑𝑡𝑜 function.
If we assume that the dataset created for cell 𝑐𝑖 is composed of 𝑘2
tuples, the code executed in the first 𝐼𝑓 is 𝑂(𝑘2), in the second it is
𝑂(𝑘2+1), and in the third it is 𝑂(𝑘2). The overall complexity is therefore
polynomial and expressed as 𝑂[𝑘1 ⋅ (𝑘2 + 𝑘2 + 1 + 𝑘2)] ≈ 𝑂(𝑘1 ⋅ 𝑘2),
neglecting the constant terms.

3.3. Dataset creation: Pre-processing infrastructure to prepare the training
set

Referring to a coverage cell 𝑐𝑖, we can define several STATUSES for
a mobile host 𝑚ℎ𝑗 ∈ 𝑀𝐻 currently covered by 𝑐𝑖:

• (a) 𝐵𝑂𝑅𝑁𝑂𝑁 – 𝑚ℎ𝑗 starts its connection in 𝑐𝑖 without any previ-
ous hand-over event and then ends its connection in the current
𝑐𝑖;

• (b) 𝐵𝑂𝑅𝑁𝑂𝑈𝑇 – 𝑚ℎ𝑗 starts its connection in 𝑐𝑖 without any
previous hand-over event and then leaves the current 𝑐𝑖 with a
hand-out event (in the direction 𝑂𝑈𝑇 );

• (c) 𝐻𝐴𝑁𝐷𝐼𝑁−𝑂𝑈𝑇 – 𝑚ℎ𝑗 arrives in 𝑐𝑖 with a previously active
connection, and therefore a hand-over event occurs (from the
direction 𝐼𝑁); 𝑚ℎ𝑗 also leaves 𝑐𝑖 and enters an adjacent cell (in
the direction 𝑂𝑈𝑇 );
5 
Fig. 4. Possible hand-over statuses for a mobile host which contacts 𝑐𝑖.

• (d) 𝑆𝑇𝑂𝑃𝐼𝑁 – 𝑚ℎ𝑗 arrives in 𝑐𝑖 (from the direction 𝐼𝑁) with an
active connection after a hand-over event and ends the connection
without handing over 𝑐𝑖.

Fig. 4 summarizes the possible hand-over statuses for several mobile
hosts covered by 𝑐𝑖 and the number of total statuses depend on the
number of possible hand-over directions.

Algorithm 2 refers to the statuses for creating opportune sub-
datasets (we can say that mobility data is grouped into several classes
according to the possible statuses). Before proceeding, we must also
define each cell’s possible hand-over directions.

Given 𝑐𝑖 ∈ 𝐺𝐴𝐶 with 𝑞𝑖 edges, each 𝑚ℎ𝑗 ∈ 𝑀𝐻 may enter/exit
𝑐𝑖 from/to directions 𝐷𝑖 = {𝑑1,… , 𝑑𝑞𝑖}. The possible defined mobility
states therefore become 𝐵𝑂𝑅𝑁𝑂𝑁 , 𝐵𝑂𝑅𝑁𝑑𝑜𝑢𝑡 , 𝐻𝐴𝑁𝐷𝑑𝑖𝑛 ,𝑑𝑜𝑢𝑡 , 𝑆𝑇𝑂𝑃𝑑𝑖𝑛 ,
where 𝑑𝑖𝑛, 𝑑𝑜𝑢𝑡 ∈ 𝐷𝑖. Directions refer directly to the 𝑞𝑖 edges of cell 𝑐𝑖,
and a hand-off event occurs when

𝑚ℎ𝑗,𝑘(𝑡) ∈ 𝑐𝑖 ∧ 𝑚ℎ𝑗,𝑘(𝑡 +
1
𝑓𝑠

) ∈ 𝑐𝑗 , 𝑒(𝑔𝑝𝑖, 𝑔𝑝𝑗 ) ≠ 0, 𝑖 ≠ 𝑗. (5)

For regular coverage, the direction sets are the same thus 𝐷𝑖 =
𝐷 ∀𝑐𝑖 ∈ 𝐺𝐴𝐶 . Regarding the infrastructure, each cell 𝑐𝑖 ∈ 𝐺𝐴𝐶 acts
according to Algorithm 2.

The algorithm for 𝑐𝑖 receives the value of 𝑞𝑖 (i.e., the number
of possible hand-in/hand-out directions) as input and then initializes
historical mode, where cell 𝑐𝑖 expects to receive tuples from the mobile
hosts under its coverage, and initializes the datasets with the relevant
mobile host statuses (𝐵𝑂𝑅𝑁𝑂𝑁 , 𝐵𝑂𝑅𝑁𝑂𝑈𝑇 , 𝑆𝑇𝑂𝑃𝑖𝑛, 𝑎𝑛𝑑𝐻𝐴𝑁𝐷𝑖𝑛,𝑜𝑢𝑡).
When a set of tuples is received, it is ordered according to the IDs
of the sender 𝑚ℎ𝑗 and stored in a temporary database. When the
historical period finishes (it depends on the architecture and the CNN’s
training method), the algorithm begins populating the status datasets
by considering all possible conditions ∀ ID:

• The 𝑝𝑟𝑒𝑣𝑐𝑒𝑙𝑙 field of the first tuple is equal to −1 (born under
the coverage of 𝑐𝑖), and the last is a 𝑐𝑜𝑛𝑛𝑒𝑐𝑡𝑖𝑜𝑛𝑒𝑛𝑑𝑒𝑑 tuple, mean-
ing that the ID mobile host mobility referred to 𝑐𝑖 belongs the
𝐵𝑂𝑅𝑁𝑂𝑁 status.

• The 𝑝𝑟𝑒𝑣𝑐𝑒𝑙𝑙 field of the first tuple is equal to −1, and the last is not
a 𝑐𝑜𝑛𝑛𝑒𝑐𝑡𝑖𝑜𝑛𝑒𝑛𝑑𝑒𝑑 tuple, meaning that the ID mobile host mobility
referred to 𝑐𝑖 starts under the coverage of 𝑐𝑖 and is then handed
out in the ℎ𝑎𝑛𝑑𝑜𝑢𝑡 direction of the edge shared with the next cell.
Thus, the related status is 𝐵𝑂𝑅𝑁 .
ℎ𝑎𝑛𝑑𝑜𝑢𝑡
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Algorithm 2: Tuples storage and post-processing required to create
the classified training dataset for cell 𝑐𝑖
Result: Stores the received tuples during the historical period,

then classifies the different received traces.
nput: 𝑞𝑖;
tart init:
et 𝑐𝑢𝑟𝑟𝑒𝑛𝑡𝑚𝑜𝑑𝑒=historical, 𝐵𝑂𝑅𝑁𝑂𝑁 = ∅;

set 𝑑𝑎𝑡𝑎𝑠𝑒𝑡𝑑𝑏 = ∅;
for 𝑖𝑛 = 1; 𝑖𝑛 + +; 𝑖𝑛 ≤ 𝑞𝑖 do

𝑂𝑈𝑇 = 𝑖𝑛; 𝐵𝑂𝑅𝑁𝑂𝑈𝑇 = ∅; 𝑆𝑇𝑂𝑃𝑖𝑛 = ∅;
for 𝑜𝑢𝑡 = 1; 𝑜𝑢𝑡 + +; 𝑜𝑢𝑡 ≤ 𝑞𝑖 do

𝐻𝐴𝑁𝐷𝑖𝑛−𝑜𝑢𝑡 = ∅;

end init; while 𝑐𝑢𝑟𝑟𝑒𝑛𝑡𝑚𝑜𝑑𝑒 == ℎ𝑖𝑠𝑡𝑜𝑟𝑖𝑐𝑎𝑙 do
if 𝑡𝑢𝑝𝑙𝑒𝑑𝑎𝑡𝑎𝑠𝑒𝑡 𝑖𝑠 𝑟𝑒𝑐𝑒𝑖𝑣𝑒𝑑 then

𝑎𝑑𝑑𝑂𝑟𝑑𝑒𝑟𝑒𝑑(𝑡𝑢𝑝𝑙𝑒𝑑𝑎𝑡𝑎𝑠𝑒𝑡, 𝑠𝑒𝑛𝑑𝑒𝑟𝐼𝐷, 𝑑𝑎𝑡𝑎𝑠𝑒𝑡𝑑𝑏);
if ℎ𝑖𝑠𝑡𝑜𝑟𝑖𝑐𝑎𝑙 𝑡𝑖𝑚𝑒𝑜𝑢𝑡 𝑟𝑒𝑎𝑐ℎ𝑒𝑑 then

𝑐𝑢𝑟𝑟𝑒𝑛𝑡𝑚𝑜𝑑𝑒=pre-processing;
𝑚𝑖𝑛𝐼𝐷 = 𝑚𝑖𝑛𝑖𝑚𝑢𝑚𝐼𝐷(𝑑𝑎𝑡𝑎𝑠𝑒𝑡𝑑𝑏); 𝑚𝑎𝑥𝐼𝐷 = 𝑚𝑎𝑥𝑖𝑚𝑢𝑚𝐼𝐷(𝑑𝑎𝑡𝑎𝑠𝑒𝑡𝑑𝑏); for
𝐼𝐷 = 𝑚𝑖𝑛𝐼𝐷; 𝐼𝐷 + +; 𝐼𝐷 ≤ 𝑚𝑎𝑥𝐼𝐷 do
if 𝑒𝑥𝑖𝑠𝑡𝑠(𝐼𝐷, 𝑑𝑎𝑡𝑎𝑠𝑒𝑡𝑑𝑏) then

𝐷𝑒𝑠𝑡𝑖𝑛𝑎𝑡𝑖𝑜𝑛𝑑𝑎𝑡𝑎𝑠𝑒𝑡 = ∅; 𝑓𝑖𝑟𝑠𝑡𝑡𝑢𝑝𝑙𝑒 = 𝑓𝑖𝑟𝑠𝑡(𝐼𝐷, 𝑑𝑎𝑡𝑎𝑠𝑒𝑡𝑑𝑏);
𝑙𝑎𝑠𝑡𝑡𝑢𝑝𝑙𝑒 = 𝑙𝑎𝑠𝑡(𝐼𝐷, 𝑑𝑎𝑡𝑎𝑠𝑒𝑡𝑑𝑏);
if {(𝑓𝑖𝑟𝑠𝑡𝑡𝑢𝑝𝑙𝑒.𝑝𝑟𝑒𝑣𝑐𝑒𝑙𝑙 == −1) ∧ (𝑙𝑎𝑠𝑡𝑡𝑢𝑝𝑙𝑒 == 𝑐𝑜𝑛𝑛𝑒𝑐𝑡𝑖𝑜𝑛𝑒𝑛𝑑𝑒𝑑 )}
then

𝐷𝑒𝑠𝑡𝑖𝑛𝑎𝑡𝑖𝑜𝑛𝑑𝑎𝑡𝑎𝑠𝑒𝑡 = 𝐵𝑂𝑅𝑁𝑂𝑁 ;
else if
{(𝑓𝑖𝑟𝑠𝑡𝑡𝑢𝑝𝑙𝑒.𝑝𝑟𝑒𝑣𝑐𝑒𝑙𝑙 == −1) ∧ (𝑙𝑎𝑠𝑡𝑡𝑢𝑝𝑙𝑒 ≠ 𝑐𝑜𝑛𝑛𝑒𝑐𝑡𝑖𝑜𝑛𝑒𝑛𝑑𝑒𝑑 )}
then

ℎ𝑎𝑛𝑑𝑜𝑢𝑡 = 𝑑𝑖𝑟𝑒𝑐𝑡𝑖𝑜𝑛(𝑙𝑎𝑠𝑡𝑡𝑢𝑝𝑙𝑒.𝑐𝑒𝑙𝑙𝑖);
𝐷𝑒𝑠𝑡𝑖𝑛𝑎𝑡𝑖𝑜𝑛𝑑𝑎𝑡𝑎𝑠𝑒𝑡 = 𝐵𝑂𝑅𝑁ℎ𝑎𝑛𝑑𝑜𝑢𝑡;

else if {(𝑓𝑖𝑟𝑠𝑡𝑡𝑢𝑝𝑙𝑒.𝑝𝑟𝑒𝑣𝑐𝑒𝑙𝑙 ≠ −1) ∧ (𝑓𝑖𝑟𝑠𝑡𝑡𝑢𝑝𝑙𝑒.𝑝𝑟𝑒𝑣𝑐𝑒𝑙𝑙 ≠
𝑐𝑖) ∧ (𝑙𝑎𝑠𝑡𝑡𝑢𝑝𝑙𝑒 ≠ 𝑐𝑜𝑛𝑛𝑒𝑐𝑡𝑖𝑜𝑛𝑒𝑛𝑑𝑒𝑑 )} then

ℎ𝑎𝑛𝑑𝑖𝑛 = 𝑑𝑖𝑟𝑒𝑐𝑡𝑖𝑜𝑛(𝑓𝑖𝑟𝑠𝑡𝑡𝑢𝑝𝑙𝑒.𝑝𝑟𝑒𝑣𝑐𝑒𝑙𝑙);
ℎ𝑎𝑛𝑑𝑜𝑢𝑡 = 𝑑𝑖𝑟𝑒𝑐𝑡𝑖𝑜𝑛(𝑙𝑎𝑠𝑡𝑡𝑢𝑝𝑙𝑒.𝑐𝑒𝑙𝑙𝑖);
𝐷𝑒𝑠𝑡𝑖𝑛𝑎𝑡𝑖𝑜𝑛𝑑𝑎𝑡𝑎𝑠𝑒𝑡 = 𝐻𝐴𝑁𝐷ℎ𝑎𝑛𝑑𝑖𝑛−ℎ𝑎𝑛𝑑𝑜𝑢𝑡;

else if {(𝑓𝑖𝑟𝑠𝑡𝑡𝑢𝑝𝑙𝑒.𝑝𝑟𝑒𝑣𝑐𝑒𝑙𝑙 ≠ −1) ∧ (𝑓𝑖𝑟𝑠𝑡𝑡𝑢𝑝𝑙𝑒.𝑝𝑟𝑒𝑣𝑐𝑒𝑙𝑙 ≠
𝑐𝑖) ∧ (𝑙𝑎𝑠𝑡𝑡𝑢𝑝𝑙𝑒 == 𝑐𝑜𝑛𝑛𝑒𝑐𝑡𝑖𝑜𝑛𝑒𝑛𝑑𝑒𝑑 )} then

ℎ𝑎𝑛𝑑𝑖𝑛 = 𝑑𝑖𝑟𝑒𝑐𝑡𝑖𝑜𝑛(𝑓𝑖𝑟𝑠𝑡𝑡𝑢𝑝𝑙𝑒.𝑝𝑟𝑒𝑣𝑐𝑒𝑙𝑙);
𝐷𝑒𝑠𝑡𝑖𝑛𝑎𝑡𝑖𝑜𝑛𝑑𝑎𝑡𝑎𝑠𝑒𝑡 = 𝑆𝑇𝑂𝑃ℎ𝑎𝑛𝑑𝑖𝑛;

𝑎𝑑𝑑𝑇 𝑢𝑝𝑙𝑒𝑠(𝑑𝑎𝑡𝑎𝑠𝑒𝑡𝑑𝑏, 𝐼𝐷,𝐷𝑒𝑠𝑡𝑖𝑛𝑎𝑡𝑖𝑜𝑛𝑑𝑎𝑡𝑎𝑠𝑒𝑡);

• The 𝑝𝑟𝑒𝑣𝑐𝑒𝑙𝑙 field of the first tuple is equal to neither −1 nor 𝑐𝑖,
and the last is not a 𝑐𝑜𝑛𝑛𝑒𝑐𝑡𝑖𝑜𝑛𝑒𝑛𝑑𝑒𝑑 tuple, meaning that the ID
mobile host arrives in the current cell from the ℎ𝑎𝑛𝑑𝑖𝑛 direction
of the edge shared with the cell in the 𝑝𝑟𝑒𝑣𝑐𝑒𝑙𝑙 field and is handed
out in the ℎ𝑎𝑛𝑑𝑜𝑢𝑡 direction of the edge shared with the cell
in the 𝑐𝑒𝑙𝑙𝑖 field of the last tuple. Thus, the related status is
𝐻𝐴𝑁𝐷ℎ𝑎𝑛𝑑𝑖𝑛−ℎ𝑎𝑛𝑑𝑜𝑢𝑡.

• The 𝑝𝑟𝑒𝑣𝑐𝑒𝑙𝑙 field of the first tuple is equal to neither −1 nor 𝑐𝑖,
and the last is a 𝑐𝑜𝑛𝑛𝑒𝑐𝑡𝑖𝑜𝑛𝑒𝑛𝑑𝑒𝑑 tuple, meaning that the ID mobile
host arrives in the current cell from the ℎ𝑎𝑛𝑑𝑖𝑛 direction of the
edge shared with the cell in the 𝑝𝑟𝑒𝑣𝑐𝑒𝑙𝑙 field and the connection
then ends. Thus, the related status is 𝑆𝑇𝑂𝑃ℎ𝑎𝑛𝑑𝑖𝑛.

Once the status is determined for each mobile host ID, the related
dataset is added to the dataset linked to the status. The four datasets
(of the four states) thus contain mobility tuples describing the four con-
ditions illustrated in Fig. 4. Regarding the computational complexity
of Algorithm 2, the first nested 𝐹𝑜𝑟 initialization cycles are 𝜃(𝑞2𝑖 ), the
code inside the second cycle (𝑤ℎ𝑖𝑙𝑒) is instead 𝜃(𝑘2) (we assume that
the 𝑡𝑢𝑝𝑙𝑒𝑑𝑎𝑡𝑎𝑠𝑒𝑡 to be added has 𝑘2 tuples). The cycle is repeated 𝑘0 times,
where 𝑘0 represents the number of mobile hosts transmitting data.
The final 𝐹𝑜𝑟 cycle may then be considered a classification operation,

repeated 𝑘0 times (the number of valid mobile hosts whose tuples are n

6 
resent in the main database). Each iteration is 𝑂(𝑘3), where 𝑘3 is
the overall number of tuples previously added to the database. The
complexity of Algorithm 2 is expressed as 𝜃(𝑞2𝑖 ) + 𝜃(𝑘2) + 𝑂(𝑘0 ⋅ 𝑘3) ≈
(𝑘0 ⋅ 𝑘3), with 𝑞𝑖, 𝑘2 ≪ 𝑘0 and 𝑞𝑖, 𝑘2 ≪ 𝑘3.

.4. Conversion of mobility data into images: CNN training set creation and
mage recognition

This subsection introduces the main innovation behind the proposed
ethod of converting categorized mobility data into images and subse-

uent recognition and prediction. In this manner, when a user moves
nto a 𝑐𝑖, the current coverage cell and its associated CNN can classify
he moving user and thereby anticipate its future behavior. This is
n extension of the approach proposed in [13], where the CNN can
etermine which is the geographical area in which a mobile host is
oving.

To this aim, we assume that each 𝑐𝑖 ∈ 𝐺𝐴𝐶 can train and deploy
CNN, denoted by 𝐶𝑁𝑁𝑖. The related training set 𝑡𝑠𝑖 is composed of

he data classified and contained in the created 𝐵𝑂𝑅𝑁𝑂𝑁 , 𝐵𝑂𝑅𝑁𝑂𝑈𝑇 ,
𝐻𝐴𝑁𝐷𝐼𝑁−𝑂𝑈𝑇 , and 𝑆𝑇𝑂𝑃𝐼𝑁 sub-datasets, but before they can be
applied, we propose converting them into images and exploiting the
high accuracy of image recognition in the CNNs.

Recalling that 𝑞𝑖 represents the number of edges of 𝑐𝑖, we can derive
the maximum number of sub-datasets created by Algorithm 2. Only
one 𝐵𝑂𝑅𝑁𝑂𝑁 sub-dataset (it does not depend on 𝑞𝑖), 𝑞𝑖 𝐵𝑂𝑅𝑁𝑂𝑈𝑇
ub-datasets (the 𝑂𝑈𝑇 direction is related to 𝑞𝑖), 𝑞2𝑖 𝐻𝐴𝑁𝐷𝐼𝑁−𝑂𝑈𝑇
ub-datasets, and 𝑞𝑖 𝑆𝑇𝑂𝑃𝐼𝑁 sub-datasets will be created, therefore 𝑐𝑖’s
aximum number of sub-datasets is:

𝐴𝑋 − 𝑆𝐷𝑖 = 1 + 𝑞𝑖 + 𝑞2𝑖 + 𝑞𝑖 = 𝑞2𝑖 + 2 ⋅ 𝑞𝑖 + 1 = (𝑞𝑖 + 1)2 (6)

This represents an upper-bound only because, given the set of roads
overed, users will move according to Eqs. (1) and (2), and therefore
he probability of considering a 𝑀𝐴𝑋 −𝑆𝐷 number of datasets is very
ow (this will be illustrated in the numerical results). The main aim
ow is to convert the data contained in the 𝑂[(𝑞𝑖 + 1)2] sub-datasets
nto images to adequately train the 𝐶𝑁𝑁𝑖 with the categorized images
or image recognition. With the above considerations, for each tuple of
ℎ𝑗 belonging to 𝑡𝑠𝑖, we can write

(𝑝𝑜𝑠𝑥, 𝑝𝑜𝑠𝑦) ∈ 𝐴∗(𝑐𝑖)} ∀ 𝑐𝑢𝑟𝑟𝑡𝑖𝑚𝑒. (7)

hat is, each point of the mobility pattern of 𝑚ℎ𝑗 is bounded by
he extension area of 𝑐𝑖 (in two-dimensional scenarios, but it may be
xtended to three dimensions), and referring to the notation of Eq. (5),
nly the tuples for which 𝑚ℎ𝑗,𝑘(𝑡) ∈ 𝑐𝑖 are considered.

To better understand the general idea, we want to stress that the
our classes have been considered as mobility classes to train the CNN
etwork (obviously taking into account the number of possible hand-
n/hand-out directions). As illustrated in the work, for a 𝑖−th cell with
sides, we will have a maximum number of 𝑀𝐴𝑋 − 𝑆𝐷𝑖 classes. As
entioned above, during the historical phase (mobility data collection),

ach host that moves inside 𝑐𝑖 is classified after its departure (hand-
ut) or service termination as belonging to one of the 𝑀𝐴𝑋 − 𝑆𝐷𝑖
lasses. So, for those classes, the stored mobility coordinates (𝑥 and
) are grouped each 1∕𝑓𝑠 second, and an image is built up with a
roper encoding algorithm. So, each class contains ‘‘mobility images’’
egarding mobile hosts that have moved belonging to the particular
lass. At this point, when a certain number of image files has been
btained for each class (obviously, there are classes with no images
ecause users did not move according to the ‘‘rules’’ of that class),
he CNN model can be trained, to extract and learn all the features
hat are common to the users which moved in the ‘‘same’’ way, in
erms of originating cell (or neighboring hand-in direction) and hand-
ut cells. After the training stage, the CNN is validated during the
ew simulations (the historical step has terminated with training):
hen new hosts make new service request or arrive from a previous

eighboring cell, new images are created, and the CNN is validated
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(for each cell), that is images are classified. In this way, it is possible
to know the class to which any new mobile host belongs, having the
possibility to know, in advance, what its next cell will be. In a few
words, the main aim behind the entire concept is to encode a certain
ordered and limited set of tuples extracted from 𝑚ℎ𝑗 mobility in 𝑐𝑖
into images which the 𝐶𝑁𝑁𝑖 categorizes by returning the sub-set to
which the mobility data of node 𝑚ℎ𝑗 belongs. To achieve this aim,
we propose a mobility-to-image encoding scheme and then train the
CNNs to classify the images in the validation datasets. Images can be
obtained either from a direct matrix of the data (referred to as Raw
Image Representation — RIR, similar to RMD of [13]) or by creating
some artifacts for composing the images (referred to as Artifact Image
Representation — AIR, similar to MME of [13]).

Let us now illustrate how to encode mobility data into lossless
images (we obtain a matrix, which is then stored as an image using
a suitable lossless codec). We also introduce a simplified notation
for representing coordinates. Each node 𝑚ℎ𝑗 from its mobility in 𝑐𝑖
(encoded as datasets in 𝑡𝑠𝑖), regardless of the specific mobility sub-
datasets, creates a pattern 𝑃𝑖,𝑗 = {(𝑝𝑜𝑠𝑡𝑥,𝑖,𝑗 , 𝑝𝑜𝑠

𝑡
𝑦,𝑖,𝑗 )}, where 𝑡 = 1, 2,…

is the discrete time index (i.e., the field 𝑐𝑢𝑟𝑟𝑡𝑖𝑚𝑒 in the stored tuples)
and 𝑡𝑙 − 𝑡𝑙−1 = 1∕𝑓𝑠 = 𝑇 is the sampling period (the period over which
the mobility position is sampled and stored). 𝑃𝑖,𝑗 can also be denoted
𝑃𝑖,𝑗 = {(𝑝𝑜𝑠1𝑥,𝑖,𝑗 , 𝑝𝑜𝑠

1
𝑦,𝑖,𝑗 ), (𝑝𝑜𝑠

2
𝑥,𝑖,𝑗 , 𝑝𝑜𝑠

2
𝑦,𝑖,𝑗 ),… , (𝑝𝑜𝑠𝑡𝑥,𝑖,𝑗 , 𝑝𝑜𝑠

𝑡
𝑦,𝑖,𝑗 )}. An ordered

subset of 𝑃𝑖,𝑗 , 𝑃
𝑡0
𝑖,𝑗 , of length 𝑤 is therefore defined as 𝑃 𝑡0 ,𝑤

𝑖,𝑗 ⊆ 𝑃𝑖,𝑗 :

𝑃 𝑡0 ,𝑤
𝑖,𝑗 = {(𝑥1, 𝑦1), (𝑥2, 𝑦2),… , (𝑥𝑤, 𝑦𝑤)} 𝑖𝑓 ∃ 𝑡0 |(𝑥1, 𝑦1) =

(𝑝𝑜𝑠𝑡0𝑥,𝑖,𝑗 , 𝑝𝑜𝑠
𝑡0
𝑦,𝑖,𝑗 ), (𝑥2, 𝑦2) = (𝑝𝑜𝑠𝑡0+1𝑥,𝑖,𝑗 , 𝑝𝑜𝑠

𝑡0+1
𝑦,𝑖,𝑗 ), (𝑥𝑤, 𝑦𝑤) = 𝑝𝑜𝑠𝑡0+𝑤𝑥,𝑖,𝑗 , 𝑝𝑜𝑠𝑡0+𝑤𝑦,𝑖,𝑗 .

(8)

This is referred to as a pattern subset. Starting from 𝑃 𝑡0 ,𝑤
𝑖,𝑗 , we can define

the related speed 𝑆𝑡0 ,𝑤
𝑖,𝑗 of node 𝑚ℎ𝑗 in cell 𝑐𝑖 in the time range [𝑡0, 𝑡0+𝑤]

as:

𝑆𝑡0 ,𝑤
𝑖,𝑗 = 1

𝑇
⋅ {𝑝𝑜𝑠𝑡0+𝑙+1𝑥,𝑖,𝑗 − 𝑝𝑜𝑠𝑡0+𝑙𝑥,𝑖,𝑗 , 𝑝𝑜𝑠

𝑡0+𝑙+1
𝑦,𝑖,𝑗 − 𝑝𝑜𝑠𝑡0+𝑙𝑦,𝑖,𝑗 } (9)

where 𝑙 = 0, 1,… , 𝑤 − 1, and 𝑆𝑥𝑡0 ,𝑤𝑖,𝑗 = (𝑝𝑜𝑠𝑡0+𝑙+1𝑥,𝑖,𝑗 − 𝑝𝑜𝑠𝑡0+𝑙𝑥,𝑖,𝑗 ), 𝑆𝑦𝑡0 ,𝑤𝑖,𝑗 =
(𝑝𝑜𝑠𝑡0+𝑙+1𝑦,𝑖,𝑗 −𝑝𝑜𝑠𝑡0+𝑙𝑦,𝑖,𝑗 ). The length of 𝑆𝑡0 ,𝑤

𝑖,𝑗 will be 𝑤−1. In the same manner,
we can also define the acceleration/deceleration 𝐴𝑡0 ,𝑤

𝑖,𝑗 of node 𝑚ℎ𝑗 in
𝑐𝑖 in the time range [𝑡0, 𝑡0 +𝑤] as:

𝐴𝑡0 ,𝑤
𝑖,𝑗 = 1

𝑇
⋅ {(𝑆𝑥𝑡0+𝑞+1,𝑤𝑖,𝑗 − 𝑆𝑥𝑡0+𝑞,𝑤𝑖,𝑗 , 𝑆𝑦𝑡0+𝑞+1,𝑤𝑖,𝑗 − 𝑆𝑦𝑡0+𝑞,𝑤𝑖,𝑗 )}, (10)

where 𝑞 = 0, 1,… , 𝑤 − 2, and 𝐴𝑥𝑡0 ,𝑤𝑖,𝑗 = (𝑆𝑥𝑡0+𝑞+1,𝑤𝑖,𝑗 − 𝑆𝑥𝑡0+𝑞,𝑤𝑖,𝑗 ), 𝐴𝑦𝑡0 ,𝑤𝑖,𝑗 =
(𝑆𝑦𝑡0+𝑞+1,𝑤𝑖,𝑗 − 𝑆𝑦𝑡0+𝑞,𝑤𝑖,𝑗 ). The length of 𝑎𝑡0𝑘 is 𝑤 − 2. Below, we use the
shorter notations for 𝑃 𝑡0 ,𝑤

𝑖,𝑗 , 𝑆𝑡0 ,𝑤
𝑖,𝑗 and 𝐴𝑡0 ,𝑤

𝑖,𝑗 . In the case of RIR, the in-
formation is converted from a vector to a matrix format. Three matrices
are obtained for 𝑃 𝑡0 ,𝑤

𝑖,𝑗 , 𝑆𝑡0 ,𝑤
𝑖,𝑗 and 𝐴𝑡0 ,𝑤

𝑖,𝑗 . Without loss of generality, we
assume that for RIR, 𝑤 is a square value. It is, therefore, easy to define
as 𝑤 ∗=

√

𝑤. For speed and acceleration vectors, the missing elements
(1 and 2, respectively) can be padded during matrix construction (we
assume, for example, that the values are replaced with zeros). Matrix
dimensions are 𝑤 ∗ 𝑥 2𝑤 ∗, as 𝑤 ∗ columns are dedicated to each
coordinate.

Algorithm 3 represents a data-structure transformation with a com-
putational complexity of 𝜃(𝑤 ∗2). It is applied to position, speed, and
acceleration vectors. It accepts as input the vector 𝑣𝑒𝑐𝑡0𝑗 , which contains
position, speed, or acceleration mobility information (specified in the
input parameter 𝑡𝑦𝑝𝑒) related to mobile host 𝑚ℎ𝑗 . The algorithm first
evaluates the correct matrix dimension 𝑤 ∗, then executes two nested
𝐹𝑜𝑟 cycles to fill the rows and columns of the output matrix 𝑀 𝑡0

𝑗 ,
which was initially set to null, and finally normalizes the matrix in the
range [0, 1]. Inside the nested loops, the notation 𝑣𝑒𝑐𝑡0𝑗 (𝑐, 𝑖𝑛𝑑𝑣), where
𝑐 = 1,2, refers to the 𝑥 and 𝑦 components of the 𝑣𝑒𝑐𝑡0𝑗 (𝑐) element. Let
us now observe how raw data can be effectively encoded by placing

it into a matrix structure (AIR). We start with building three separate d

7 
Algorithm 3: Raw Image Representation (RIR)
Result: Converts a w-length vector into a matrix format
input: 𝑣𝑒𝑐𝑡0𝑗 ; 𝑡𝑦𝑝𝑒; 𝑤;
tart init:
f 𝑡𝑦𝑝𝑒 ==′ 𝑝𝑜𝑠𝑖𝑡𝑖𝑜𝑛′ then

𝑤 ∗=
√

𝑤;
if 𝑡𝑦𝑝𝑒 ==′ 𝑠𝑝𝑒𝑒𝑑′ then

𝑤 ∗=
√

𝑤 + 1;
else

𝑤 ∗=
√

𝑤 + 2;
end init
create 𝑀 𝑡0

𝑗 =zeros(w*,2⋅w*); set 𝑖𝑛𝑑𝑣 = 1;
or ℎ = 1; ℎ ≤ 𝑟; ℎ + + do
for 𝑡 = 1; 𝑡 ≤ 𝑟; 𝑡 + + do

𝑀 𝑡0
𝑗 (ℎ, 𝑡) = 𝑣𝑒𝑐𝑡0𝑗 (1, 𝑖𝑛𝑑𝑣);

𝑀 𝑡0
𝑗 (ℎ, 𝑡 +𝑤 ∗) = 𝑣𝑒𝑐𝑡0𝑗 (2, 𝑖𝑛𝑑𝑣);

𝑖𝑛𝑑𝑣 = 𝑖𝑛𝑑𝑣 + 1;
if 𝑖𝑛𝑑𝑣 > 𝑙𝑒𝑛𝑔𝑡ℎ(𝑣𝑒𝑐𝑡0𝑗 ) then

break;

normalize(𝑀 𝑡0
𝑗 , 0, 1);

eturn 𝑀 𝑡0
𝑗 ;

matrices from the three vectors. A spreading factor 𝑠𝑓 is defined, and
each matrix is square: setting 𝑤 ∗= (𝑤 ⋅𝑠𝑓 ) with dimensions 𝑤∗ ⋅𝑤∗. All
the elements of 𝑃 𝑡0 ,𝑤

𝑖,𝑗 , 𝑆𝑡0 ,𝑤
𝑖,𝑗 and 𝐴𝑡0 ,𝑤

𝑖,𝑗 are initially re-scaled (rs) between
0 and 1 (they may also contain negative values). So:

𝑃
𝑡0
𝑗 = 𝑟𝑠(𝑃 𝑡0 ,𝑤

𝑖,𝑗 ), 𝑆
𝑡0
𝑗 = 𝑟𝑠(𝑆𝑡0 ,𝑤

𝑖,𝑗 ), 𝐴
𝑡0
𝑗 = 𝑟𝑠(𝐴𝑡0 ,𝑤

𝑖,𝑗 ). (11)

The 𝑟𝑠 operation consists of dividing all the elements of a vector
by the maximum element if it contains no negative values; otherwise,
the absolute value of the lowest negative element is added to each
value before selecting the maximum and normalizing the elements. The
structure of the matrices is then defined as follows. The 𝑤∗ ⋅𝑤∗ matrices

𝑝𝑡0𝑗 , 𝑀𝑠𝑡0𝑗 and 𝑀𝑎𝑡0𝑗 are first created as empty matrices (i.e., each
lement is equal to zero).

In each matrix, the 𝑥 component is encoded as a sequence of
olumns from the top to the bottom, and the 𝑦 component is encoded
s columns from the bottom to the top. The aim is to associate a row
r a column of ‘‘ones’’ which is proportional to the content of 𝑃

𝑡0
𝑗 , 𝑆

𝑡0
𝑗 ,

𝐴
𝑡0
𝑗 .

This proposed method is only one of the possible methods for filling
matrices. We aim to demonstrate the obtainable results and different
ways of creating images, with different resulting performance and
prediction error/accuracy (optimization of these approaches is beyond
the scope of the current work). Algorithm 4 specifies how the three
matrices are filled; we illustrate the algorithm for a generic matrix 𝑀 .

Algorithm 4 accepts as input the normalized vector 𝑣𝑒𝑐𝑡0𝑗 , which
ontains position, speed, or acceleration mobility information (specified
n the input parameter 𝑡𝑦𝑝𝑒) related to mobile host 𝑚ℎ𝑗 . The length
f the subset 𝑤 and the spreading factor 𝑠𝑓 are also given as input.
he values of 𝑠𝑓 indicate the number of columns assigned to each
omponent.

AIR first evaluates the previously defined matrix dimension 𝑤 and
reates the empty matrix 𝑀 𝑡0

𝑗 . The algorithm then computes the correct
nput vector dimension. From Eqs. (9) and (10), we know that the
engths of the speed and acceleration vectors are 𝑤 − 1 and 𝑤 − 2,
espectively. At this point, the algorithm executes the first cycle (ℎ
ariable) to produce the columns (𝑖𝑛𝑑𝑒𝑥𝑥) 1, 1+𝑠𝑓 , 1+2⋅𝑠𝑓 , etc. for the
components and the columns (𝑖𝑛𝑑𝑒𝑥𝑦), 3, 3+𝑠𝑓 , 3+2⋅𝑠𝑓 , etc. for the 𝑦

omponents. If the algorithm is applied to a three-dimensional mobility

ataset, rows instead of columns can represent the 𝑧 components, or
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Algorithm 4: Artifact to Image Representation (AIR)
Result: Creates a Matrix of artifacts from a vector to encode

mobility data
input: 𝑣𝑒𝑐𝑡0𝑗 ; 𝑠𝑓 ; 𝑡𝑦𝑝𝑒; 𝑤;
init: set 𝑤 ∗= (𝑤 ⋅ 𝑠𝑓 ); create 𝑀 𝑡0

𝑗 =zeros(w*,w*); limit=0;
if 𝑡𝑦𝑝𝑒 ==′ 𝑝𝑜𝑠𝑖𝑡𝑖𝑜𝑛′ then

limit=w;
if 𝑡𝑦𝑝𝑒 ==′ 𝑠𝑝𝑒𝑒𝑑′ then

limit=w-1;
else

limit=w-2;
for ℎ = 1; ℎ ≤ 𝑙𝑖𝑚𝑖𝑡; ℎ + + do

𝑖𝑛𝑑𝑒𝑥𝑥 = 1 + (ℎ − 1) ⋅ 𝑠𝑓 ; 𝑙𝑖𝑚𝑥 = ⌊𝑣𝑒𝑐𝑡0𝑗 (1, ℎ) ⋅𝑤 ∗⌉;
for 𝑡 = 1; 𝑡 ≤ 𝑙𝑖𝑚𝑥; 𝑡 + + do

𝑀 𝑡0
𝑗 (𝑡, 𝑖𝑛𝑑𝑒𝑥𝑥) = 1;

𝑖𝑛𝑑𝑒𝑥𝑦 = 3 + (ℎ − 1) ⋅ 𝑠𝑓 ; 𝑙𝑖𝑚𝑦 = ⌊𝑣𝑒𝑐𝑡0𝑗 (2, ℎ) ⋅𝑤 ∗⌉;
for 𝑡 = 1; 𝑡 ≤ 𝑙𝑖𝑚𝑦; 𝑡 + + do

𝑀 𝑡0
𝑗 (𝑤 ∗ −𝑡, 𝑖𝑛𝑑𝑒𝑥𝑦) = 1;

return 𝑀 𝑡0
𝑗 ;

alternatively, a larger 𝑠𝑓 may be helpful. Then, each column is filled
with many ones equal to the content of 𝑣𝑒𝑐𝑡0𝑗 (𝑐, ℎ) elements.

Recalling that the elements of 𝑣𝑒𝑐𝑡0𝑘 are normalized from 0 to 1,
the term ⌊𝑣𝑒𝑐𝑡0𝑘 (𝑐, ℎ) ⋅ 𝑟⌉ is then bounded to the maximum size of 𝑀 𝑡0

𝑗 .
The symbol ⌊⌉ indicates the rounding operation (the nearest integer
is selected). The computational complexity is acceptable because the
initial operations have constant complexity (negligible), the main cycle
is executed 𝑂(𝑤) times, and the internal cycles are executed 𝑂(𝑤 ∗)
times. The overall computational complexity is thus 𝑂(𝑤 ⋅ 3 ⋅ 𝑤 ∗) =
𝑂(𝑤 ⋅ 3 ⋅𝑤 ⋅ 𝑠𝑓 ), which is bounded by 𝑂(𝑤3), and 𝑤 does not depend on
the length of the overall pattern. The RIR and AIR algorithms are both
executed for

• Position 𝑃 𝑡0 ,𝑤
𝑖,𝑗 :

[𝑀𝑝𝑡0𝑗 ] = 𝐴𝐼𝑅(𝑃
𝑡0
𝑗 , 𝑠𝑓 ,

′ 𝑝𝑜𝑠𝑖𝑡𝑖𝑜𝑛′, 𝑤); or [𝑀𝑝𝑡0𝑗 ] = 𝑅𝐼𝑅(𝑃
𝑡0
𝑗 ,

′𝑝𝑜𝑠𝑖𝑡𝑖𝑜𝑛′, 𝑤);
• Speed 𝑆𝑡0 ,𝑤

𝑖,𝑗 :
[𝑀𝑠𝑡0𝑗 ] = 𝐴𝐼𝑅(𝑆

𝑡0
𝑗 , 𝑠𝑓 ,

′ 𝑠𝑝𝑒𝑒𝑑′, 𝑤); or [𝑀𝑠𝑡0𝑗 ] = 𝑅𝐼𝑅(𝑆
𝑡0
𝑗 ,

′ 𝑠𝑝𝑒𝑒𝑑′, 𝑤);
• Acceleration 𝐴𝑡0 ,𝑤

𝑖,𝑗 :
[𝑀𝑎𝑡0𝑗 ] = 𝐴𝐼𝑅(𝐴

𝑡0
𝑗 , 𝑠𝑓 ,

′ 𝑎𝑐𝑐𝑒𝑙′, 𝑤); or [𝑀𝑎𝑡0𝑗 ] = 𝑅𝐼𝑅(𝐴
𝑡0
𝑗 ,

′ 𝑎𝑐𝑐𝑒𝑙′, 𝑤);

It is important to provide an example of matrices created with the
AIR algorithm from real values (RIR is more intuitive since it is a
conversion from vectors to matrices only). We use low values for the
parameters to produce a concrete and comprehensible example. Let us
set 𝑤 = 4, 𝑠𝑓 = 2, 𝑡0 = 0 and 𝑃 0,4

𝑖,𝑗 = {(11.645, 88.734, (16.241, 82.773),
(22.750, 76.112), (27.305, 69.552)}.

Assuming 𝑇 = 1𝑠 and applying Eqs. (9) and (10), we have
𝑆0,3
𝑖,𝑗 = {(−4.596, 5.961), (−6.51, 6.661), (−4.555, 6.56)} m∕s, and 𝐴0,2

𝑖,𝑗 =
={(1.914,−0.7), (−1.854, 0.101)} 𝑚∕𝑠2. Then, applying the rs function,
the normalized vectors (Eq. (11)) are

• 𝑃
0
𝑘: {(0.131, 1), (0.183, 0.933), (0.256, 0.858), (0.308, 0.784)};

• 𝑆
0
𝑘: {(0.14525, 0.94685), (0, 1), (0.14837, 0.99233)};

• 𝐴
0
𝑘: {(1, 0.32428), (0, 0.53142)}.

Using the input value of 𝑠𝑓 , we then obtain the number of rows and
columns for the matrices, where 𝑟 = 𝑤 ⋅ 𝑠𝑓 = 4 ⋅ 2 = 8, and thus, the
three matrices have the dimensions 𝑟 x 𝑟 = 8 x 8. The AIR algorithm is
applied to each normalized vector, producing the matrices of Fig. 5.

Fig. 5 indicates how the unitary elements add the 𝑥 components
from the top to the bottom (in the columns indexed by AIR as 1,
8 
Fig. 5. Example of the three matrices as an output of AIR.

3, 5, 7) and the 𝑦 components from the bottom to the top (in the
columns indexed by AIR as 2, 4, 6, 8). The next (and final) step is
encoding the matrices into an image. To achieve this aim, we multiply
each matrix by 28-1 (8-bit resolution per layer) and then associate
the 𝑀𝑝𝑡0𝑤 matrix with the RED image channel, the 𝑀𝑠𝑡0𝑤 matrix with
the GREEN image channel and the 𝑀𝑎𝑡0𝑤 matrix with the BLUE image
channel, independently of RIR or AIR. The specific image format is
not important, but for our purposes, we used lossless Portable Network
Graphics (PNG) encoding [32] to avoid the creation of artifacts (JPEG,
for example, is not suitable for our approach). We selected 24-bit RGB
PNG; therefore, each element in each matrix is represented by 8 bits
(256 levels) of information. A visual magnified representation of the
matrices illustrated in Fig. 5 is detailed in Fig. 6.
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Fig. 6. A representation of 𝑀𝑝𝑡0𝑤, 𝑀𝑠𝑡0𝑤, 𝑀𝑎𝑡0𝑤. Each colored square represents a matrix
element (an image pixel): RED channel (position) at the top left, GREEN channel (speed)
at the top right, and BLUE channel (acceleration) at the bottom left. The final 8 𝑥 8
image is at the bottom right corner. (For interpretation of the references to color in
this figure legend, the reader is referred to the web version of this article.)

Before describing the obtainable results and demonstrating the
goodness of our idea, we would like to stress its strengths and weak-
nesses. STRENGTHS:

• No need to implement a new predictive model: a standard CNN
[28] already exists and has demonstrated its strength in image
recognition; it can be used to learn local hosts’ behavior, and both
classify them and predict their future movements;

• The proposed approach is distributed: this means that each con-
sidered CNN will be optimized (in terms of training) for its
particular coverage area;

• Image data can be easily obtained by periodically sampling mo-
bile host positions inside the coverage area of cell 𝑖, with a
low-complexity algorithm that is 𝑂(𝑘0⋅𝑘1), where 𝑘1 is the number
of images that can be created in function of user’s 𝐶𝐻𝑇 and the
sampling period 𝑇𝑠, and 𝑘0 is the number of transmitting mobile
hosts in 𝑐𝑖;

• Possibility to extend LeCun’s layering structure to improve clas-
sification and prediction accuracy (we are showing the perfor-
mance reachable by the basic structure), which can be considered
a future work.

WEAKNESSES:
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• The overall algorithm is heavily influenced by the chosen (or
available) sampling frequency 𝑓𝑠. It is clear that the time needed
to train the CNN depends on 𝑓𝑠, as well as the time necessary
to validate (classify and predict) a moving host: as shown in 4,
for example, if 𝑓𝑠 belongs to the order of tens/hundreds of Hz,
then the overall algorithm has a speedy time response e.g. with
𝑓𝑠=100 Hz (𝑇𝑠=10 ms); the number of images that can be encoded
in 1s can vary from 10 to 4, giving a chance to the algorithm
to respond in a reasonable time (more-less from 0.1s to 1s). The
main issue is the leak of such granularity in real environments
where a standard sampling period of 1s is generally considered
(𝑓𝑠=1 Hz). We already outlined the importance of sampling fre-
quency selection in mobile networks [33,34], so choosing random
(not theoretically-based) 𝑓𝑠 is not always a good idea. Neverthe-
less, in real scenarios, the training step will be longer than the
simulated duration but executed just once. On the other hand,
the duration of the validation/prediction step will depend on the
time needed to create images: in our simulated case, with 𝑤=24
and 𝑇𝑠=10 ms for example, it takes 0.24 s, while in real cases, 24 s
could be needed, although good performance can also be reached
by reducing the value of samples required.

Fig. 7 shows the time needed to build a complete image, both for AIR
(black) and RIR (red). Let us recall that if the final image has a side size
𝑑𝑖𝑚 (𝑑𝑖𝑚x𝑑𝑖𝑚 pixels), then for the AIR algorithm the number of needed
samples will be 𝑤 = 𝑑𝑖𝑚

𝑠𝑓 , while it will be 𝑑𝑖𝑚2 for the RIR algorithm.
In Fig. 7, 𝑠𝑓 has been set to 2, so it can be seen that the number of
samples needed for RIR is unsuitable, except for very high sampling
frequencies. The range of 𝑤 has been considered to be [10, 24] and, as
already discussed, it can be seen that for higher values of 𝑇𝑠, the time
(i.e. number of samples) needed to build a complete image increases
linearly for AIR. As regards the time needed to make a prediction, once
the CNN is trained, the desired output can be obtained in less than
20 ms, which is negligible if compared with the time needed to build
up an image.

4. Simulation results

This section analyzes the main results of the proposed mobility pre-
diction method and its functional performance in several parameters.
For the analysis, we developed a simulator in MATLAB using Python
scripts and implemented several m-files for the following steps:

• Import a map (GA) from OSM [10] in .osm format;.
Fig. 7. Average trend of the time needed to create one image, in function of 𝑇𝑠, 𝑤 (AIR) and 𝑑𝑖𝑚 (RIR).
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Fig. 8. Three GAs of 1500 m2 for simulations.
• Generate real mobility paths on the GA and incorporate a real
road structure [11]. We applied the netconvert.py and
randomtrips.py scripts for this step.

• Import mobility coordinate data in SUMO format and convert
these data into a MATLAB cell data structure.

• Create a suitable, regular cellular coverage for the GA as a func-
tion of a given coverage radius or a Voronoi tessellation as
a function of the number of generator points (overlay cellular
structure).

• Manage mobility traces (represented as a set of x and y coordinate
pairs) for conversion into images and definition of the statuses of
each mobile host and thus generate a suitable training dataset.
Train the CNNs (Machine Learning Toolbox) with the created
dataset for 10 different cells. The CNN layering is the same as the
10 
one used in our previous work [13], where it is deeply described
in sub-section 3.4.

• Validate each trained CNN for classification/prediction accuracy.
• Predict mobility for users who enter a given cell.

Python scripts permitted us to define several parameters for the
simulation and the mobility traces: (a) Mobility profile – a ‘‘coach’’ for
a generic car model, (b) Maximum attainable speed of 13.9 m/s, (c)
Deviation from the speed limit of 0.1 m/s, (d) Mobility sampling speed
(step length) (𝑇𝑠) of 10 ms, (e) Number of new cars appearing (per
second) – 4, (f) Simulation time (per run) of 200 s, (g) Call Holding
Time (CHT) – exponentially distributed with 𝜇=180s [31].

As a preliminary example, we generated 10,000 mobility traces for
three GAs of equal size 𝐺𝐴𝐴 ≈ 1.5 km2 (𝐺𝐴𝑥=1510 m, 𝐺𝐴𝑦=1018 m),
illustrated in Fig. 8.
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Fig. 9. Total number of required coverage cells as a function of the coverage radius
𝑅 or 𝑅 for a GA of 1500 m2.

Fig. 10. Probability density distribution of the average number of sides for each cell
of a Voronoi tessellation, where 𝐺𝐴𝐴 = 1500 m2, p = 4800.

4.1. Preliminary system analysis

We analyzed both regular (hexagonal) and Voronoi coverage. Fig. 9
plots the number of required cells as a function of the radius for the
three 1500 m2 GAs.

To compare the number of cells for the two types of coverage, we
derived an approximation for radius in the Voronoi tessellation:

𝑅 =

√

√

√

√

1
𝜋 ⋅ 𝑝

⋅
𝑝
∑

𝑖=1
𝐴(𝑐𝑖). (12)

Eq. (12) computes the value of the average radius if the tessellation
areas are considered circles of the same coverage.

For the Voronoi tessellation, we initially set the size of 𝐺𝐴𝑝 (set of
generator points) and subsequently derived each area associated with
cell 𝑐𝑖 (𝐴(𝑐𝑖)) to be able to apply Eq. (12). For very low coverage radii,
the number of required cells is much higher with Voronoi coverage,
but after 60/70 m, it becomes comparable to regular coverage. For
R = 150 m, the number of cells needed is 10 (it appears to be zero in
Fig. 9, but this is a consequence of the scale of the graph in that range).
For completeness, we also show the distribution of 𝑞𝑖 (number of sides
for each Voronoi polygon), an important parameter in the proposed
algorithm. Confirming the theory from [35–37], we also obtained a
Gaussian distribution for 𝜇 = 6 (the distribution is not discrete given
that the number of sides is averaged on more than 1000 tessellations
for the same area and the same 𝑝). The trend and average value are
obviously independent of the number of generator points and map
extension (see Fig. 10).
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Fig. 11. Average trend of 𝐵𝑂𝑅𝑁𝑂𝑁 status for the maps, coverage shapes, and radii R
(25–125 m).

Fig. 12. Average trend of 𝐵𝑂𝑅𝑁𝑂𝑈𝑇 status for the maps, coverage shapes, and radii
R (25–125 m).

At this point, the GAs illustrated in Fig. 8 have the same coverage
depicted in Figs. 2 and 3. To build the training set (historical time),
the simulations commence with the mobility information from approx-
imately 800 mobile hosts on each run (the active connections of 𝑚ℎ𝑗
end if the GA is exited or if the 𝐶𝐻𝑇𝑖,𝑗 expires). Therefore, the tuples
for each cell in the GA are generated by 𝑚ℎ𝑗 with the coverage of 𝑐𝑖
according to Algorithm 1. At the same time, each 𝑐𝑖 ∈ 𝐺𝐴𝐶 executes
Algorithm 2 to post-process the received tuples and create the correct
local STATUSES set, as described in sub- Section 3.3. We recall that the
tuples are still formatted as simple text.

Once the historical time terminates, we want to determine whether
the upper-bound defined in (6) is verified according to the number of
STATUSES for each 𝑐𝑖 ∈ 𝐺𝐴𝐶 .

Fig. 11 indicates a negligible difference between regular (hexago-
nal) coverage and Voronoi tessellations. At the same time, as the radius
increases (larger coverage cells), the number of 𝐵𝑂𝑅𝑁𝑂𝑁 statuses
increases. Let us also remember that the values were obtained as the
average number of 𝐵𝑂𝑅𝑁𝑂𝑁 statuses for each coverage cell (the value
is less than 1 because there are several cells where the connections are
handed in or terminated, and depending on the road set, some cells are
not able to receive service requests). The increase is due to fewer cells:
in a larger area, mobile users begin connecting in the same cell and
have a lower probability of affecting other cells.

Fig. 12 shows the trend of the average number of 𝐵𝑂𝑅𝑁𝑂𝑈𝑇
statuses for the entire set of cells. In this case, the trend generally
decreases over larger coverage areas: mobile users have a lower prob-
ability of exiting their initial coverage area, given the larger radius.

Fig. 13 describes the trend of the average number of hand-over
𝐻𝐴𝑁𝐷 statuses for the entire map. A decreasing trend is
𝐼𝑁−𝑂𝑈𝑇
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Fig. 13. Average trend of the 𝐻𝐴𝑁𝐷𝐼𝑁−𝑂𝑈𝑇 status for the maps, coverage shapes, and
radii R (25–125 m).

Fig. 14. Average trend of the total number of statuses for the maps, coverage shapes,
and radii R (25–125 m).

apparent, indicating that the number of handover events decreases with
larger areas.

For simplicity, we did not take into account the trend of 𝑆𝑇𝑂𝑃𝐼𝑁
statuses in each cell since this parameter does not provide any suitable
information for prediction purposes (we recall that for this status, 𝑚ℎ𝑗
arrives in 𝑐𝑖 from any direction 𝐼𝑁 with an active connection after a
hand-over event and ends the connection without handing out 𝑐𝑖).

At this point, it is helpful to know the average number of total
statuses as a function of the coverage radius to determine how many
12 
classes (sub-datasets) the LeCun-like CNN should manage for training
and validation.

Fig. 14 clearly shows the effect on the average number of total
statuses (the image classes and sub-datasets for training the CNN). It
is clear that this depends on the map topology, the roads 𝑅𝑗 traversed
by 𝑚ℎ𝑗 and the coverage radius, but the theoretical upper bound
of Eq. (6), i.e., (𝑞𝑖 + 1)2, is also strongly respected (also neglecting the
𝑞𝑖 𝑆𝑇𝑂𝑃𝐼𝑁 statutes). Assuming that 𝑞𝑖 = 6 for both hexagonal and
Voronoi coverage and ignoring the six 𝑆𝑇𝑂𝑃𝐼𝑁 statuses, we should
have a maximum of 43 sub-datasets (whereas the maximum obtained is
almost 8 in 𝐺𝐴1, for 𝑅 = 75 m). Eq. (6) then represents the worst case
for 𝑐𝑖, considering that the mobile hosts will ‘‘born’’, exit, and traverse
it simultaneously.

4.2. Data-to-image conversion and CNN performance

After preliminary execution of the algorithms (i.e., after the his-
torical period), each cell in the system contains (in its memory) the
sub-dataset folders for which any event occurred. Therefore, 𝑐𝑖 contains
each traversed path of 𝑚ℎ𝑗 as a sequence of 𝑤 coordinates groups,
i.e., 𝑃 𝑡0 ,𝑤

𝑖,𝑗 , as defined in Eq. (8). Each 𝑐𝑖 can execute RIR (Algorithm
3) or AIR a(Algorithm 4) and create a suitable set of images for each
sub-dataset folder.

Fig. 15(a) contains examples of images created by the AIR algorithm
for three sub-datasets of a cell, where 𝑤 = 24, and Fig. 15(b) contains
examples of images made by the RIR algorithm for three sub-datasets
of a cell, where 𝑤 ∈ [10,… , 160].

Once the training sub-datasets are created for 𝐺𝐴1, 𝐺𝐴2, and 𝐺𝐴3,
LeCun’s CNN is trained, and its classification/prediction accuracy is
validated. Fig. 16 provides an important observation that the RIR
conversion algorithm is unsuitable for our purposes. We recall that RIR
is based on a direct conversion of coordinates from a vector representa-
tion to a matrix (and then to an image) representation without creating
any artifacts. The validation process demonstrates some unacceptable
results in terms of accuracy (below 45%) for different values of 𝑤. The
graph in Fig. 16 is limited to a coverage radius of 75 meters and a
regular coverage scenario for space reasons. At other radii, the results
obtained for RIR validation always fall below 50%, mainly because
without image artifacts, each 𝐶𝑁𝑁𝑖 belonging to 𝑐𝑖 cannot extract
sufficient features. We had to consider the range [8, 56] for 𝑤, because
at higher values, RIR needs more than 56 𝑥 56 = 3156 mobility samples
for each image, which is not always possible if a dense training dataset
is required.

To illustrate, Fig. 17 plots the image size (in pixels) for RIR and
AIR as a function of the number of mobility samples 𝑤. RIR requires
a massive number of samples to create bigger images (the values for
RIR are not comparable to those of AIR at the same 𝑤, i.e., from 5 to
60). This means that RIR needs 100 samples to create an image of 10 𝑥
10 pixels, whereas AIR needs only 10 samples at the minimum 𝑠𝑓 = 2.
Fig. 15. Examples of encoded mobility with AIR and RIR (the number below each image is the progressive name for each item).
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Fig. 16. Validation accuracy for the AIR and RIR algorithms as a function of the subset
observation size 𝑤 ∈ [8..56] (regular coverage at 𝑅 = 75 m).

Fig. 17. Number of image pixels for RIR and AIR as a function of the number of
samples (observation subset size) 𝑤 ∈ [5...60].

Compared to RIR, AIR also demonstrates greater robustness with a very
low number of samples.

Henceforth, given its several advantages (especially validation accu-
racy), we show only the results obtained with AIR. First, the obtained
image samples were pruned to train the CNN adequately with a min-
imum number of samples in each class (status). Any status with less
than 50 related images was excluded as invalid. For reasons of limited
space, only the results for 𝑅 = 75 m and regular coverage scenario are
shown, and also because higher values of 𝑅 result in fewer hand-over
events (hence, at lower numbers of statuses, as shown in Fig. 14) and
lower values result in each status having fewer images and requiring
much longer simulation times. The plotted values were averaged over
the number of coverage cells (110, the same for each GA).

Fig. 18 shows the trend of the average number of valid statuses and
that it does not depend heavily on 𝑤 or 𝑠𝑓 , only on the considered GA.
The trend is almost constant (higher trends for 𝐺𝐴1 and 𝐺𝐴2 at low
𝑤 and average 𝑠𝑓 relate only to the different events generated during
different simulations).

Fig. 19 describes the trend of the average number of elements
(images) per training class (status). A lower 𝑊 produces tremendous
values (fewer coordinates are required to encode an image), and the
results for the three GAs overlap, confirming that the proposed method
is independent of the geographic area. The minimum value is 50, and
the average maximum is approximately 664. The spreading factor does
not affect the trend since it acts only on the effective dimensions of
each image. To train the CNN of each cell, 70% of the images of each
class were used, and the remaining 30% were used for validation.
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Fig. 18. Average number of statuses containing a significant number of samples for
different values of 𝑤 and 𝑠𝑓 .

Fig. 19. Trend of the average number of elements for each training class (status) for
different values of 𝑤 and 𝑠𝑓 .

Fig. 20. Resulting trend of the average validation accuracy for different values of 𝑤
and 𝑠𝑓 .

Fig. 20 shows the proposed method’s validation (prediction) accu-
racy. In this case, the results are also independent of the geographic
area. Generally, for a higher 𝑠𝑓 , we observe a slightly decreasing trend
(because the created features become sparser), and at 𝑠𝑓 = 4, the
system achieves the best average accuracy (97.34%). Regarding the
effect of 𝑤 on accuracy, each CNN requires a minimum image size to
perform satisfactorily; 𝑤 should be set to at least 24 (image size 48 x 48
pixels at 𝑠𝑓 = 2, 96 x 96 pixels at 𝑠𝑓 = 4, 144 x 144 at 𝑠𝑓 = 6 and
208 x 208 at 𝑠𝑓 = 8). From the simulated values, we conclude that each
CNN can perform with very high accuracy at 𝑤 = 24 and 𝑠𝑓 = 4. No
proposed works in literature achieve a comparable result.
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Fig. 21. An example of the considered simulated maps (New York) and the coverage cells (R = 50 m) used for validating our approach. The indexed and colored cells are
randomly chosen for each simulation run. (For interpretation of the references to color in this figure legend, the reader is referred to the web version of this article.)
4.3. Mobility prediction through the trained CNN deployment

In this sub-section, the results related to our proposal in terms of
prediction accuracy and CDP are presented as a case study about the
average results of the next-cell prediction CNN approach, described
in the previous sections. In particular, one CNN has been assigned to
each considered coverage cell, and the training procedure has been
executed. An example of the considered simulation scenarios is de-
picted in Fig. 21, where the New York map has been covered by a
regular-shape tessellation with a coverage range of 50 m. Ten cells
are randomly chosen for each run (a total 100). For each map, for
different coverage ranges (from 25 m to 200 m with a step of 25 m),
then their CNNs are trained and, in the end, the Distributed Prediction
with Bandwidth Management Algorithm (DPBMA) framework of [30]
has been used, without considering the Markovian model, as well
as the concept of roads compression, but just associating a CNN to
each cell. We indicate the new framework as Image-based DPBMA (I-
DPBMA). So, each trained CNN has been used as the core for predicting
users’ movements and reserving the appropriate bandwidth before
users’ arrival. To give more emphasis to the obtained results, we also
considered what happens when a real coverage map is used to train
our proposal, as made in several works, such as [38]. In particular,
the UMTS Voronoi tessellation map of subsection 4.3 (Figures 24 and
29) of [30] has been considered, as well as the subset of 10 cells:
𝐶𝑟𝑒𝑎𝑙 = {𝑐1, 𝑐3, 𝑐4, 𝑐6, 𝑐10, 𝑐11, 𝑐12, 𝑐16, 𝑐17, 𝑐19}. On such a dataset, we did
not have the chance to change either the coverage radius (mean value
𝑅 of 1.493 km, evaluated as in Eq. (12)), or the mobility model, that
is a Kraub mobility model [39] (with maximum acceleration equal
to 1.4 m/s2, maximum deceleration equal to 2 m/s2, 𝜎= 0.5, 𝜏 =0.2
s and 𝑇𝑠=1s). So, black curves refer to the I-DPBMA applied to the
three different maps with a small-cells scenario, as depicted in Fig. 21,
while the colored segments refer to mobility data used in subsection
4.3 of [30], for the DPBMA (red) and I-DPBMA (green). In particular,
Fig. 22 shows the trend of the CDP, averaged on the ten cells and the
number of simulations. It can be seen that, for our new-proposed AIR
encoding (black curves), CDP is almost negligible because it maintains
below the value of 0.05. It must be noticed that a mobile connection is
dropped (CDP==1) when the mobile host does not find the available
resources in the new cell due to a prediction error or to the bandwidth
unavailability in the next cell when the service request is made [30,40].
At the same time, although a next-cell prediction is wrong, a mobile
host may find the necessary resources available. On average, DPBMA
shows higher CDP, which is outperformed by I-DPBMA. Fig. 23 shows
14 
Fig. 22. The average trend of the CDP evaluated at the first hand-over event.

Fig. 23. The average trend of the next-cell prediction error (%).

the overall average prediction error: this metric is more precise than
the previous one because it refers to the percentage of wrong predic-
tions (in the average). It is evident how the obtained error maintains
below 1%, which means that the error can be completely neglected
for a 5G/6G cellular environment, where small-cell deployment will
be huge. If real coverage is considered (DPBMA and I-DPBMA), the
error increases, although it maintains below 10% (DPBMA), and is
outperformed by I-DPBMA (below 6%).
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5. Conclusions and future work

In the current work, we proposed a new approach for mobility
prediction (especially next-cell prediction) based on encoding data as
images. We avoided introducing any new neural network layering.
Instead, we exploited the strength of CNNs in image classification
by converting mobility samples (coordinates) into images and adding
simple features derived from mobility inputs. We demonstrated that
the complexity of the proposed scheme is polynomial and that image
encoding can be easily performed by each covering cell. We per-
formed several simulations with suitable CNN training and achieved
an accuracy of over 97%.

In future work, we plan to optimize the encoding algorithm by
investigating methods of creating image features and associating the
correct entropy level required by CNNs to learn the image content more
efficiently.
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