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 A B S T R A C T

In this research, we propose automating network management through data-driven intelligence, 
with a particular focus on anomalies and network traffic during specific events or periods. 
We analyze a large dataset collected by Orange mobile network operator in France with the 
goal of forecasting mobile demand for different classes of services. To model the underlying 
network infrastructure, we introduce a model for the underlying network based on a hierarchy 
of virtualization layers and slices. Building on this model, we propose algorithms to optimize 
the resources allocated to network slices and traffic distribution within the operator’s network. 
Network performance is evaluated as the fraction of time the mobile traffic is within the 
capacity of the network. Our results demonstrate that dynamic reallocation of resources among 
slices, and dynamic load balancing (traffic shaping) between nodes notably improves network 
performance. These results provide insights into critical aspects related to future 5G network 
management.

. Introduction

The advent of technologies such as Internet of Things (IoT), mobile robots, autonomous driving, mobile gaming, virtual and 
ugmented reality will create an enormous pressure on the mobile networks. The next generation of mobile networks – 5G and 
eyond – will need to support services and applications with a wide range of different requirements in terms of Quality of Service 
QoS). This is well summarized in recent ITU specifications that separate: Enhanced Mobile Broadband (eMBB), Ultra Reliable Low 
atency Communications (URLLC) and Massive Machine Type Communication (mMTC) services as macro categories [1]. In this 
ontext, telecom operators will need to enforce ever stringent SLA (Service Level Agreement) with ever stringent budget constraints 
oth in terms of hardware to be deployed (CAPEX) and operation costs (OPEX).
The key technology to meet such requirements is the combination of:

• data-driven solutions and machine learning models to forecast mobile demand and throughput;
• the virtualization of networks functions and servers to provide operators with unprecedented flexibility on how to allocate 
resources, re-route traffic and slice the network dynamically.

Overall, this combination allows operators to maximize the efficiency of the network by dynamically configuring and adapting 
eployed resources to actual and forecasted mobile demand for different classes of services [2].
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In this research, we propose automating network management through data-driven intelligence, with a particular focus on 
anomalies and network traffic during specific events or periods (e.g., gatherings, sporting events, concerts, etc.). We analyze the 
NetMob23 dataset [3] with the goal of forecasting mobile demand for different classes of services, and we provide algorithms to 
optimize the resources allocated to network slices and optimize traffic distribution (load balancing) within the operator’s network 
to match the demand.

The NetMob23 dataset provides rich data about the spatio-temporal consumption of mobile applications in a developed country. 
This kind of data effectively represents the kind of data that is practically accessible from mobile operators with privacy-preserving 
limitations. Therefore, we think that the analysis and approach we develop in this work are compatible and applicable to future 
large-scale data available in this domain.

Building upon existing work by [4–6], the contribution of this paper is to provide a ‘‘full-stack’’ solution dealing with:

• Modeling the mobile network (Section 2). We create a network model based on vertical partitioning using network slices and 
horizontal partitioning across multiple layers of core and edge computing nodes. Although our model is mainly data-driven, the 
main drawback is that we had to make a number of assumptions on the network architecture and operation to fill-in missing 
information. Nevertheless, the proposed methods and algorithms can be tuned to specific deployment once information are 
available.

• Demand forecasting (Section 3). We trained a novel deep-learning model – based on LSTM – to forecast network demand for 
different classes of services. We focus on predicting spikes that can saturate network resources and capacity.

• Network optimization algorithms (Section 4). We developed high-level optimization algorithms to improve network perfor-
mance by sharing/re-balancing resource among slices, and sharing/re-balancing traffic among network nodes.

We extensively evaluate all the models and algorithms on the basis of real-world data collected in the city of Nantes in France [3]. 
All experiments and results are described in Section 5. Section 6 surveys related works and, finally, Section 7 concludes.

2. Network modeling and slicing

One of the main strategies behind 5G networks revolves around leveraging network virtualization, a process that transforms 
the traditional rigid hardware structure into a dynamic cloud-based architecture. Thanks to virtualization, hardware-dependent 
network functions, such as baseband processing, mobility management, load balancers, evolved packet core (EPC) service, etc. are 
implemented by means of software-based Virtual Network Functions (VNFs) operating within a versatile telco-cloud environment. 
Application servers can also be run in such telco-cloud environment, so as to improve their performance (e.g., by reducing latency). 
In particular, network deployment leverages this newfound flexibility, relying on two main patterns:

1. Virtualization facilitates the establishment and comprehensive utilization of a hierarchical network structure featuring 
multiple edge layers (e.g., Multi-access Edge Computing - MEC servers [7]) with each layer dedicated to distinct network 
and application functions. Each layer is composed by a number of servers/data centers processing data from a subset of 
antennas or intermediate edge nodes. On the Radio Access Network (RAN) layer the antennas are typically associated with 
the Base Station (BS), which can be referred to as either an eNodeB (evolved Node B) or a gNodeB (next-generation Node 
B) in Long-Term Evolution (LTE) networks or a BTS (Base Transceiver Station) in older 2G-3G cellular network generations.
In general, one critical tasks of this flexible architecture is how to dynamically route and balance traffic between nodes of multiple 
layers [4].

2. On the other hand, by embracing network virtualization, it becomes possible to establish multiple virtual iterations of the 
entire network, referred to as network slices. This arrangement ensures that the Key Performance Indicators (KPIs) and QoS 
demands of current and future mobile applications are met effectively. These slices can be effortlessly tailored by fine-tuning 
the functionality and positioning of VNFs. This approach generates a series of logical networks that overlay the physical 
infrastructure. Each of these logical networks is meticulously designed to accommodate precisely defined SLAs, aligning with 
the distinctive requirements of various service providers. In general one critical tasks in this context is how to allocate resources 
to multiple slices [5,6].

We propose modeling the mobile network according to the above two patterns.
The mobile network consists of a set of network nodes/data-centers comprising VNFs and application servers (see Fig.  1). Nodes 

are organized in hierarchical layers. At the bottom there are the edge layers. Such network nodes are associated to a subset of BS 
and are in charge of managing traffic to/from such BS. Top layers represent the core network, such network nodes are in charge of 
processing data from lower layers and interacting with cloud services and resources outside the mobile operator network. Network 
traffic runs from BS to edge nodes, to core nodes and vice versa.

Network nodes in all the layers should be dimensioned to meet the expected traffic demand. We consider a simplified network 
model, where data and traffic are directly associated with resource consumption without accounting at the moment possible non-
linear relationships between traffic and resources. We assume that the mobile traffic generated by BS is divided into different 
classes of services. The resources in each network node are divided between multiple network slices. There is a network slice for 
each class of service, and each slice is in charge of processing the traffic of that class of service (for example, the slice associated 
to video-services will handle all the traffic generated by videos). It should be noted that in this analysis, we have primarily focused 
on higher-level algorithmic and modeling issues, deliberately setting aside considerations of specific network functions capacities, 
2 
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Fig. 1. A schematic representation of the hierarchical and sliced architecture associated with the 5G edge networks. The network is partitioned 
vertically on the basis on network slices (red and blue nodes and traffic fluxes), and partitioned horizontally on the basis of multiple layers of 
core and edge computing nodes.

such as distinctions between RAN or 5G core data plane versus user plane functions, due to the unavailability of detailed data and 
the specific scope of our study. We posit that this architecture is general enough to accommodate a wide range of modern network 
deployments. Despite the abstract nature of our model, which does not delve into specific network functions and capacities, it 
provides a robust framework for analyzing traffic and resource distribution across different network slices and hierarchical layers. 
This allows for scalable simulations and theoretical assessments which are essential in the planning and development of efficient 
mobile networks.

Finally, in order to link the traffic demand on a node with a measure of performance we introduce, for each node 𝑛 and 
slice 𝑠, a capacity 𝐶𝑛,𝑠 representing the amount of traffic that the resources associated to that node in the slice can handle before 
network saturation. This is a strong simplification as 𝐶𝑛,𝑠 subsumes different resources in terms of: networking, memory, storage 
and computation. The capacity should effectively handle normal traffic but it might be saturated during peak events.

Referring to the traffic in a node 𝑛 in slice 𝑠 at time 𝑡 as 𝑇𝑛,𝑠,𝑡, we assume that the network performance degrades if 𝑇𝑛,𝑠,𝑡 > 𝐶𝑛,𝑠. 
In order to optimize the network operations we will try to minimize the time intervals in which 𝑇𝑛,𝑠,𝑡 > 𝐶𝑛,𝑠 and the amount of the 
excess 𝑇𝑛,𝑠,𝑡 − 𝐶𝑛,𝑠.

Of course, the number of layers, the number of nodes in each layer, how many BS are managed by each node, the number of 
slices and class of service and the capacity 𝐶𝑛,𝑠 values are critical information entirely depended on the actual network deployment. 
In Section 5, we provide a data-driven hypothesis of the network on which to base our experiments. However, there could be also 
other approaches on which to instantiate the model (e.g., obtain the network structure directly from the network operator).

3. Traffic forecasting

Dynamic resource allocation, particularly in scenarios of network stress, necessitates the ability to anticipate and adapt to 
fluctuating service demands. For efficient resource orchestration, network operators must possess the capability to re-assign resources 
dynamically in advance to a predicted surge in demand. Accurate forecasting is critical: underestimating future traffic might lead 
to resource under-provisioning and network saturation that may result in SLA violations, undermining the network’s reliability. 
Overestimating future traffic might lead to excessive resource provisioning that can lead to economic inefficiency.

We applied a time-series forecasting algorithm, based on Long Short-Term Memory (LSTM) [8], to forecast future traffic on 
each node and slice of the network. This network models time interrelations by feeding or blocking past information to predict the 
future. Then, we will balance resources and traffic accordingly to meet the predicted demand. In this context, traffic forecasting 
is inherently linked to the capacity of the network to timely reconfigure its resources. For example, forecasting traffic T  minutes 
ahead is useful if the network can be reconfigured at least every T  minutes. This creates a challenging trade-off between aggregating 
traffic over large time windows (e.g., 1 h), which typically results in smoother time series that are easier to forecast but limits the 
frequency of network reconfiguration (e.g., once every hour), versus aggregating traffic over shorter periods (e.g., a few minutes), 
which generates more erratic time series that are harder to forecast but allows for more frequent network reconfiguration. With 
regard to this point, it is important to consider that dynamic resizing also introduces several costs. At the technical level, scaling 
requires significant control-plane signaling across RAN, transport, and core domains, adding overhead and increasing orchestration 
complexity. The reallocation of resources can cause transient service disruptions, such as brief latency spikes, jitter, or packet loss, 
3 
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which are particularly critical for URLLC. Furthermore, scaling operations often involve spinning up or decommissioning virtualized 
network functions, leading to additional computational and energy costs.

In practice, modern cloud-native implementations complete resizing actions within a few tens of seconds, making it feasible to 
perform adjustments at relatively coarse intervals, such as once per hour, for URLLC applications, without significant performance 
degradation. Of course, there is also an absolute upper bound on the frequency of network reconfiguration, defined by technological 
and operational limits in managing the network [9].

These factors highlight the need for efficient traffic forecasting and predictive scaling mechanism to balance performance and 
cost.

In Section 5.3 we present results of our forecasting approach. In our experiments, we set forecasting and reconfigurations 1 h 
ahead focusing on URLLC scenario, but our approach is general and can be also tuned to coarser (e.g., daily) forecasting and 
reconfigurations.

Forecast traffic demand is the basis to run the optimization described in the following section.

4. Network optimization

Given the above scenario, we devised a methodology to optimize network operations on the basis of forecast traffic on the 
different slices.

Our base hypothesis is that the network allocates resources fairly statically according to the modeled capacities 𝐶𝑛,𝑠. If traffic is 
manageable 𝑇𝑛,𝑠,𝑡 < 𝐶𝑛,𝑠 the network does not modify its resources. Vice versa, if the traffic is predicted to grow beyond capacity, 
the network can temporarily adjust resources to meet the surge in demand. Once traffic is predicted to diminish, the network will 
return to its base allocation 𝐶𝑛,𝑠.

Our approach is based on two complementary mechanisms:

1. Resource sharing/re-balancing among slices. Our network model is based on a set of hierarchical nodes/data-centers 
processing network traffic. The resources in each node 𝐶 are divided to handle multiple slices. 𝐶𝑠 are the resources allocated 
to handle slice 𝑠 (𝐶 =

∑

𝐶𝑠). If the traffic associated to a slice 𝑠1 at time 𝑡 is greater than the capacity 𝑇𝑠1,𝑡 > 𝐶𝑠1, the network 
under-performs. If there is another slice 𝑠2 in the same data-center with spare capacity 𝑇𝑠2,𝑡 < 𝐶𝑠2, some resources could be 
reallocated from 𝑠2 to 𝑠1. The idea of this mechanism is to apply this pattern on the basis of forecast traffic: if the network 
forecasts that at future time 𝑡, 𝑇𝑠1,𝑡 > 𝐶𝑠1 and 𝑇𝑠2,𝑡 < 𝐶𝑠2, then it re-balances resources in advance, leaving the total amount 
𝐶 unchanged. The Algorithm 1 formalizes this concept: slices in need of resources borrows them from slices in surplus of 
resources. In particular, in our algorithms, each slice shares equally its surplus to slices in need. In our model, this translates 
in a temporary change of 𝐶𝑠 values.

2. Traffic sharing/re-balancing among network nodes/data-centers. The dual approach is to re-balance traffic instead of 
resources: if the above resource-balancing-within-a-node cannot accommodate all the demand (∑𝑠 𝑇𝑠,𝑡 > 𝐶), a node can re-
route part of the traffic to other nodes. This re-route can take place: (i) among the nodes of the same network layer, e.g. part 
of the traffic to a given edge node is routed to a nearby node at the same edge layer (i.e., horizontal offloading). (ii) among 
the nodes at different network layers, e.g. part of the traffic to a given edge node is routed to and processed by a node at an 
upper layer of the hierarchy - a core node (i.e., vertical offloading). The Algorithm 2 formalizes this concept. The algorithm 
is very similar to Algorithm 1: nodes in need of resources lends traffic to nodes in surplus of resources.

These mechanisms, albeit abstract, are integral in optimizing resource and traffic patterns across the network, serving as a high-
level representation of the network’s complex operational demands to achieve resource rebalancing. While we acknowledge the 
potential for increased congestion and latency due to traffic sharing among network nodes, our study was concentrated on data 
centers, not on granular network modeling. This focus restricted our examination of how traffic distribution within a single node 
might affect service performance. Moreover, although our algorithms are crafted to distribute resources fairly across network slices, 
the absence of specific data prevented us from considering individual QoS requirements or revenue potentials. We plan to refine 
these algorithms by integrating weighted allocations that reflect these factors in future work, based on a more robust dataset. 
Despite these limitations, the preliminary results from these algorithms are instrumental in elucidating the potential benefits of 
network optimization under these constraints.

5. Experiments and results

In this section, we describe the experimental setup and results for each of the above modeling steps.

5.1. Dataset

In our experiments, we relied on the NetMob23 dataset [3], which consists of network traffic generated by customers of the 
Orange telecommunications and digital service provider. This dataset consists of the traffic demands (both downlink — DL and 
uplink — UL) generated by 68 popular mobile services over 20 metropolitan areas in France during 77 consecutive days (March-16 
to May-31) in 2019. Data is geo-referenced at a high resolution of 100 m × 100 m tiles tessellating the area and with a 15 min time 
resolution. In the NetMob23 dataset, for the purpose of preserving sensitive information, all traffic data has been normalized using 
4 
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Algorithm 1 Algorithm to share resources among slices in the same node / data center
For each network node:
∀𝑡 ∈ time steps
∀𝑠 ∈ network slices
𝑇𝑠,𝑡 ← network traffic of slice s at time t
𝐶𝑠 ← capacity of slice s
𝑖𝑛_𝑛𝑒𝑒𝑑 ← {𝑠 ∶ 𝑇𝑠,𝑡 > 𝐶𝑠} ⊳ slices that need more resources
𝑡𝑜𝑡_𝑛𝑒𝑒𝑑 ←

∑

(𝑇𝑠,𝑡 − 𝐶𝑠) ∀𝑠 ∈ 𝑖𝑛_𝑛𝑒𝑒𝑑
𝑖𝑛_𝑠𝑢𝑟𝑝𝑙𝑢𝑠 ← {𝑠 ∶ 𝑇𝑠,𝑡 < 𝐶𝑠} ⊳ slices that have a surplus of resources
𝑡𝑜𝑡_𝑠𝑢𝑟𝑝𝑙𝑢𝑠 ← ∑

(𝐶𝑠 − 𝑇𝑠,𝑡) ∀𝑠 ∈ 𝑖𝑛_𝑠𝑢𝑟𝑝𝑙𝑢𝑠
𝑎𝑣𝑎𝑖𝑙𝑎𝑏𝑙𝑒 ← 𝑚𝑖𝑛(𝑡𝑜𝑡_𝑛𝑒𝑒𝑑, 𝑡𝑜𝑡_𝑠𝑢𝑟𝑝𝑙𝑢𝑠) ⊳ resources that can be shared
if 𝑎𝑣𝑎𝑖𝑙𝑎𝑏𝑙𝑒 > 0 then
 𝑡𝑜_𝑙𝑒𝑛𝑑𝑠 ← (𝐶𝑠 − 𝑇𝑠,𝑡) ∗ 𝑎𝑣𝑎𝑖𝑙𝑎𝑏𝑙𝑒∕𝑡𝑜𝑡_𝑠𝑢𝑟𝑝𝑙𝑢𝑠 ∀𝑠 ∈ 𝑖𝑛_𝑠𝑢𝑟𝑝𝑙𝑢𝑠
 𝑡𝑜_𝑏𝑜𝑟𝑟𝑜𝑤𝑠 ← (𝑇𝑠,𝑡 − 𝐶𝑠) ∗ 𝑎𝑣𝑎𝑖𝑙𝑎𝑏𝑙𝑒∕𝑡𝑜𝑡_𝑛𝑒𝑒𝑑 ∀𝑠 ∈ 𝑖𝑛_𝑛𝑒𝑒𝑑
 𝐶𝑠,𝑡 ← 𝐶𝑠 − 𝑡𝑜_𝑙𝑒𝑛𝑑𝑠 ∀𝑠 ∈ 𝑖𝑛_𝑠𝑢𝑟𝑝𝑙𝑢𝑠 ⊳ dynamic capacity for time t
 𝐶𝑠,𝑡 ← 𝐶𝑠 + 𝑡𝑜_𝑏𝑜𝑟𝑟𝑜𝑤𝑠 ∀𝑠 ∈ 𝑖𝑛_𝑛𝑒𝑒𝑑 ⊳ dynamic capacity for time t
end if

Algorithm 2 Algorithm to re-route traffic among nodes of the same or of different layers
For each couple of layers 𝐿𝑛, 𝐿𝑠 (could be 𝐿𝑛 = 𝐿𝑠) – 𝐿𝑛 stands for layer that could be in need, 𝐿𝑠 stands for layer that could be 
in surplus
∀𝑡 ∈ time steps
𝑇𝑛,𝑡 ← network traffic of node n at time t
𝐶𝑛 ← capacity of node n
∀𝑛 ∈ node ∈ 𝐿𝑛
𝑖𝑛_𝑛𝑒𝑒𝑑 ← {𝑛 ∶ 𝑇𝑛,𝑡 > 𝐶𝑛} ⊳ nodes that need more resources
𝑡𝑜𝑡_𝑛𝑒𝑒𝑑 ←

∑

(𝑇𝑛,𝑡 − 𝐶𝑛) ∀𝑛 ∈ 𝑖𝑛_𝑛𝑒𝑒𝑑
∀𝑛 ∈ node ∈ 𝐿𝑠
𝑖𝑛_𝑠𝑢𝑟𝑝𝑙𝑢𝑠 ← {𝑛 ∶ 𝑇𝑛,𝑡 < 𝐶𝑛} ⊳ nodes that have a surplus of resources
𝑡𝑜𝑡_𝑠𝑢𝑟𝑝𝑙𝑢𝑠 ← ∑

(𝑇𝑛,𝑡 − 𝐶𝑛) ∀𝑛 ∈ 𝑖𝑛_𝑠𝑢𝑟𝑝𝑙𝑢𝑠
𝑎𝑣𝑎𝑖𝑙𝑎𝑏𝑙𝑒 ← 𝑚𝑖𝑛(𝑡𝑜𝑡_𝑛𝑒𝑒𝑑, 𝑡𝑜𝑡_𝑠𝑢𝑟𝑝𝑙𝑢𝑠) ⊳ resources that can be shared
if 𝑎𝑣𝑎𝑖𝑙𝑎𝑏𝑙𝑒 > 0 then
 𝑡𝑜_𝑏𝑜𝑟𝑟𝑜𝑤𝑛 ← (𝐶𝑛 − 𝑇𝑛,𝑡) ∗ 𝑎𝑣𝑎𝑖𝑙𝑎𝑏𝑙𝑒∕𝑡𝑜𝑡_𝑠𝑢𝑟𝑝𝑙𝑢𝑠 ∀𝑠 ∈ 𝑖𝑛_𝑠𝑢𝑟𝑝𝑙𝑢𝑠 ⊳ traffic that can be borrowed by nodes in surplus
 𝑡𝑜_𝑙𝑒𝑛𝑑𝑛 ← (𝑇𝑛,𝑡 − 𝐶𝑛) ∗ 𝑎𝑣𝑎𝑖𝑙𝑎𝑏𝑙𝑒∕𝑡𝑜𝑡_𝑛𝑒𝑒𝑑 ∀𝑠 ∈ 𝑖𝑛_𝑛𝑒𝑒𝑑 ⊳ traffic that can be lent by nodes in need
 𝑇𝑛,𝑡 ← 𝑇𝑛,𝑡 + 𝑡𝑜_𝑏𝑜𝑟𝑟𝑜𝑤𝑛 ∀𝑛 ∈ 𝑖𝑛_𝑠𝑢𝑟𝑝𝑙𝑢𝑠 ⊳ re-routed traffic for time t
 𝑇𝑛,𝑡 ← 𝑇𝑛,𝑡 − 𝑡𝑜_𝑙𝑒𝑛𝑑𝑛 ∀𝑛 ∈ 𝑖𝑛_𝑛𝑒𝑒𝑑 ⊳ re-routed traffic for time t
end if

a uniform random value. Consequently, traffic is not associated with a specific unit (such as bytes); nevertheless, it remains entirely 
comparable across different spatial and temporal contexts [3]. Therefore in our analysis units of measurement for traffic will not 
be employed.

Our method is direction-agnostic and can be applied separately to UL and DL. In this study, we aggregated UL and DL to 
streamline the exposition. We acknowledge that this is a strong simplification, but since network architecture details are missing 
(see Section 5.2), this aggregation has a negligible impact on our methods and results.

This kind of data is fully compatible with the General Data Protection Regulation (GDPR) and is a relevant benchmark for 
real-world dataset that can be provided by mobile phone operators. We think that the limitations present in this dataset (due to 
privacy constraints) are representative of future large-scale dataset to be shared in this domain.

In this work, we focus on the city of Nantes. The city is the sixth largest in France, with a population of about 320,000 in Nantes 
proper, and a metropolitan area of nearly 1 million inhabitants. Despite this focus, the approach presented and experiments are 
fully applicable also to all the other cities in the NetMob23 dataset. Additionally, we obtained data from the Observatoire 2G, 3G, 
4G, 5G dataset [10] on the location of the circa 200 BS in the city of Nantes (including eNodeB, gNodeB or BTS).

Finally, we collected data about large events and happenings taking place in Nantes during the monitored period as they can 
significantly impact network demand. In particular, other than public holidays, we utilized Google Trends to retrieve events only if 
they were published prior to the date of the event in question. We focused on three distinct geographical groups: France, Pays de 
la Loire, and specifically Nantes. Within each group, our analysis covered five events categories, including general trends, sports, 
and news with events. Examples include ‘‘Nantes, News, International Fair’’ for the Nantes-specific group, and for France, categories 
such as sports with events like ‘‘Champions League’’. The data, weighted for geographical relevance, was used to create a dataset 
with values normalized between 0 and 1 for each date depending on events being held.
5 



M. Pietri et al. Pervasive and Mobile Computing 116 (2026) 102158 
5.2. Network modeling and slicing

In this section we describe how we instantiated the model presented in Section 2 in our experiments.

5.2.1. Network model and hierarchy
In order to establish a connection between NetMob23 data and the network’s operation, considering the limited knowledge of the 

mobile network architecture in the dataset, beyond the radio access, we rely on assumptions drawn from the characteristics of real-
world networks in similar geographic contexts. These assumptions bridge the gap between collected data and network functionality, 
enabling valuable insights and effective network management strategies.

As a preliminary step, we map the NetMob data – where mobile traffic is aggregated by geographic tiles – to individual BS. For 
this purpose, we adopt a straightforward approach: each tile’s traffic is assigned to its nearest base station. We did not investigate 
more advanced algorithms for this matching as the original data collected by the Orange network already associated traffic to base 
stations. Here, we are basically undoing some of the operations undertaken to prepare the NetMob23 dataset. Therefore, in principle, 
this kind of matching could be easily provided by the operator.

As a second step, we need to instantiate the hierarchy of network nodes described in Fig.  1. Drawing from our knowledge of 
national infrastructure, it is plausible to envision a structured network configuration for a mid-sized city (100–500 K inhabitants) 
with approximately four hierarchical layers:

• Level 0: Site/Antennas - BS (210 BS in our data)
• Level 1: Far Edge/MEC, encompassing about 5 BS per cluster (40 clusters)
• Level 2: Near Edge, including 4 clusters (i.e. 50 BS)
• Level 3: Core Network covering the entire city, 1 node

Specifically, we applied an approach inspired by the one presented in [5,6]. We run a clustering algorithm on the BS using 
geographical distance as a key metric, and ensuring that clusters have about the same number of nodes. Using geographical distance 
ensures that BS in the same cluster are nearby, thus reducing the cost to connect (e.g., via optics fiber) the BS to the network 
node. Having the same number of nodes per cluster ensures that the overall traffic is similar in each cluster. We implemented the 
clustering as a simple modification to the standard K-means algorithm to ensure equal cluster size [11]. We associate a network 
node to each centroid resulting form the clustering. Therefore the far-edge layer will have 40 network nodes connected to about 
5 BS and managing traffic from them. The near-edge layer will have 4 network nodes connected to 10 far-edge nodes, i.e. 50 BS. 
The core layer is comprised by a single network node/data center covering the entire city. Fig.  2 illustrates the results. The top row 
shows BS deployed across the city colored according to the associated cluster. Bottom row is the distribution of overall traffic in 
the different clusters.

As the aggregation level progresses towards the root node, the volume of traffic increases accordingly. At the root node or data 
center, the traffic from the entire city is consolidated. Also the traffic is fairly equally divided across clusters, as illustrated in Fig.  2 
(bottom-left). However, when examining the average traffic per base station within each cluster (Fig.  2, bottom-right), we observe 
greater variability in peripheral areas. As the aggregation level rises, the traffic tends to become more periodic and regular, reflecting 
the characteristics of aggregated data.

The proposed architecture includes only the minimal set of specifications needed to enable our analysis. On one hand, this 
modeling choice is interesting because it provides a link from traffic data, such as those examined in this paper, to a hypothetical 
mobile network. On the other hand, the architecture is admittedly limited and under-specified. For example, our model does not 
differentiate between UL and DL, while 3GPP defines QoS parameters and KPIs per direction, so UL and DL may show different 
parameters and performance values. Nevertheless, lacking real data on the UL and DL network architecture, we disregarded these 
differences. This is also why we aggregated UL and DL traffic (as described above), as they are equivalent in our simplified network 
model.

5.2.2. Service clustering and network slices
In order to meet the QoS requirements of the multiple services accessed by mobile network users, telecom operators are likely 

to group services in multiple classes according to their requirements (e.g., in terms of latency and throughput) and assign to each 
class a network slice with resources properly optimized for that class of services. This typically ends-up creating classes/clusters like 
the eMBB, URLLC, mMTC as defined in [1].

As our dataset does not contain requirements’ information for specific services, we had to design a mechanism to cluster services 
in classes according to their traffic usage patterns, so as to have services that are consumed in the same way/amount being clustered 
in the same network slice. This is a limitation of our work: there could be services with very different traffic patterns that have 
similar requirements and should be assigned to the same slice’s resources. However, this is the best we could do with the data at 
hand.

More in detail, if 𝑡𝑠,𝑑,ℎ is the traffic generated by service 𝑠 on day 𝑑 at hour ℎ, for each service 𝑠, we can create the following 
features:
6 
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Fig. 2. (top-row) Antennas deployment in the city of Nantes, association of antennas to far edge layer (40 clusters), association of antennas to 
near edge layer (4 clusters). (bottom) nodes’ traffic distribution at antenna, far edge and near edge layers: total traffic distribution and mean 
traffic distribution within the cluster.

• The normalized hourly average traffic 𝑓𝑠,ℎ, that, for each hour, represents the fraction of daily usage of that service. This 
basically amounts at 24 features, for each service, computed as follows:

𝑓𝑠,ℎ =
∑𝑁

𝑑 𝑡𝑠,𝑑,ℎ
∑

𝑑,ℎ 𝑡𝑠,𝑑,ℎ
They represent how a given service is consumed during the day.

• The fraction of the total traffic generated by a given service. This is computed as

𝑡𝑜𝑡𝑠 =
∑

𝑑,ℎ 𝑡𝑠,𝑑,ℎ
∑

𝑠,𝑑,ℎ 𝑡𝑠,𝑑,ℎ

We then use standard k-means clustering on the resulting features. We empirically set N = 5 clusters. In general, in initial 5G 
deployments, operators typically implement three main network slices for eMBB, URLLC, and mMTC. As services expand to support 
advanced verticals like Industry 4.0 or connected vehicles, the number of slices can grow to tens of slices, balancing service diversity 
with operational complexity. Therefore, N = 5 represent a reasonable set up for our experiments.

Fig.  3 shows the results. The algorithm identifies a cluster with only one service, i.e., Instagram – that alone amounts at almost 
20% of the traffic. Then other four clusters both related to overall traffic consumption and to their daily pattern. We assume that 
the network operator creates a network slice associated to each cluster (5 slices in our experiments). In general, it is worth noticing 
that with more data and requirements’ specifications, more advanced clustering algorithms could be implemented [12].

5.2.3. Network nodes’ capacity
The last part of our network modeling approach is to assign capacities to each node 𝑛 and slice 𝑠. To set 𝐶𝑛,𝑠, we applied the 

approach proposed in [5,6]: the operator engages to guarantee that the traffic demand of the slice is fully serviced during at least 
a fraction of time. The traffic is computed as the average over discrete-time intervals of a given size. So, for example, the operator 
set 𝐶𝑛,𝑠 to meet the hourly demand on 80% of the cases.

Fig.  4 illustrates the approach. To compute the resulting 𝐶𝑛,𝑠 it is possible to compute the Cumulative Distribution Function 
(CDF) of the traffic of slice 𝑠 in node 𝑛, and find the value (i.e., 𝐶𝑛,𝑠) associated to a given fraction of the cases.

As an upper bound for the analysis of 𝐶𝑛,𝑠, we applied the empirical idea that the capacity should be set to manage the average 
of ‘‘difficult’’ circumstances. Computing the 𝐶𝑛,𝑠 as the average daily peak (maximum) of traffic results in about 97% of traffic being 
lower than the capacity.

In general, we experimented with 𝐶𝑛,𝑠 able to meet hourly demand from 70% to 95% of the cases. This will be the base capacity 
for each slice upon which we will instantiate our optimization approach.

Given the capacity, we will analyze the performance of the network in terms of how many times the demand for a given class 
of services overcomes its capacity and the amount of capacity deficit in that cases.
7 
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Fig. 3. Clustering of services in application classes associated to network slices. The color represents the cluster (only the top 30 services in 
terms of traffic are displayed).

Fig. 4. Example of capacity C allocation for a given node and slice to meet the hourly demand on 80% of the cases. (Left) time series of the 
class of services being considered. (Right) CDF of the demand. In both cases the red line is the capacity to be set.

5.3. Traffic forecasting

We perform traffic forecasting on the five groups of services and each node using LSTM. We train the LSTM on the 80% of hourly 
data from 16 April 2019 to 16 May 2019 to predict the traffic in the next hour. In order to improve performance we introduced 
two important modifications to standard LSTM approach:

1. Following [13], we employ a customized direction-aware, piecewise loss function (Fig.  5) with an 𝜀-insensitive band, a global 
cap 𝐾 (maximum capacity), and a short linear shoulder up to 𝜀𝛼 (nearly flat at 𝛼). Under-provisioning (𝑒𝑡 < 0) is penalized 
linearly, while over-provisioning (𝑒𝑡 > 𝜀𝛼) grows smoothly and then saturates to 𝐾 via a Tukey-like (bisquare-inspired) smooth 
saturating profile [14].
Let 𝑑𝑡 be the actual demand and 𝑝𝑡 the provisioned capacity. Define the signed error 𝑒𝑡 = 𝑝𝑡 − 𝑑𝑡 and an 𝜀 > 0 insensitive 
band. Following [13], we encode the SLA–overprovisioning trade-off via 𝛼 ∈ (0, 1) (ratio of SLA-violation vs. overprovisioning 
costs), and enforce a global cap 𝐾 > 0. To keep a small positive cost right after the shoulder (instead of exactly zero), we use 
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Fig. 5. Direction-aware provisioning loss with an 𝜀-insensitive band, global cap 𝐾 (maximum capacity), and a short linear shoulder up to 𝜀𝛼
(nearly flat at 𝛼). Under-provisioning (𝑒𝑡 < 0) is penalized linearly and capped at 𝐾. For 0 < 𝑒𝑡 ≤ 𝜀𝛼 + 𝛿 the curve descends from 𝛼 to a small 
positive level 𝜂; for 𝑒𝑡 > 𝜀𝛼+𝛿 it follows a Tukey-like (bisquare-inspired) smooth saturating profile (raised-cosine/quintic smootherstep), increasing 
roughly quadratically at first and flattening to 𝐾 over width 𝛥 with zero slope at the plateau. The loss is continuous and bounded in [0, 𝐾]; kinks 
occur at 𝑒𝑡 = 0 and 𝑒𝑡 = 𝜀𝛼 + 𝛿.

𝛿 > 0 and 𝜂 ∈ (0, 𝐾) and set 𝑒end = 𝜀𝛼 + 𝛿 and 𝑚sh = (𝛼 − 𝜂)∕𝑒end. With a smooth saturating tail controlled by 𝛥 > 0 and

𝜎(𝑡) = 1
2

[

1 − cos(𝜋 clip(𝑡, 0, 1))
]

, clip(𝑢, 0, 1) = min{1,max{0, 𝑢}},

the per-step loss is

𝓁𝑡 =

⎧

⎪

⎨

⎪

⎩

min{𝐾, 𝛼 − 𝜀 𝑒𝑡}, 𝑒𝑡 ≤ 0,
max{𝜂, 𝛼 − 𝑚sh 𝑒𝑡}, 0 < 𝑒𝑡 ≤ 𝑒end,
𝜂 + (𝐾 − 𝜂) 𝜎

(

(𝑒𝑡 − 𝑒end)∕𝛥
)

, 𝑒𝑡 > 𝑒end ,

which is continuous and bounded in [0, 𝐾], with kinks at 𝑒𝑡 = 0 and 𝑒𝑡 = 𝑒end (subgradient-friendly). If strict 𝐶1 smoothness 
is required, the linear parts can be replaced by a pseudo-Huber term or the raised-cosine 𝜎 can be substituted with a quintic 
smootherstep, while preserving the economic meaning of 𝛼 and the plateau [13,14]. 

2. We explicitly provide the neural network with features associated to events taking place in the area that were planned in 
advance (e.g., public holidays, sport events, festivals), as it is reasonable that the network operator can plan accordingly. Of 
course, this kind of events can have a notable impact on the network traffic demand [15–17]. From a technical perspective, 
the presence of public holidays, weekends, the day of the week, and the time of the day is represented with one-hot encoding 
variables. Events are weighted for geographical relevance (proximity to the cell) with a 0–1 continuous variable.

We test some hyper-parameters in different experiments using Optuna [18] and selected the best combination. We varied the 
number of epochs from 50 to 500, the number of neurons from 50 to 500, the batch size from 2 to 128, and the learning rate 
from 10−5 to 10−1 with a number of experiments set to 103 (Optuna n_trials). In the subsequent step, we deployed the same hyper-
parameters for all clusters and far edge/MEC. We employed a hyperbolic tangent activation function and the output layer has a 
linear activation function and one neuron. Concerning the optimization algorithm, we deployed the RMSProp for the prediction of 
far edge/MEC traffic of cluster 3 and cluster 4. For the three clusters 1, 2 and 5, we deployed the Adam [19] optimization framework.

Fig.  6 shows the distribution of the 𝑅2 in each cluster. Most of the far edge/MEC predictions have an 𝑅2 included between 86% 
and 99%, with a median of 96%. There are some outliers due to the fact that it was not possible to predict some unexpected events. 
The resulting forecasting algorithm is very accurate.

It is worth reporting that in preliminary experiments, using standard time series forecasting, we encountered a significant 
challenge: our forecast tended to underestimate peak traffic. This underestimation is crucial to the efficacy of our optimization 
algorithm; if peak traffic is not accurately predicted, the system may allocate insufficient resources, despite their availability within 
other nodes and slices. The current approach, especially due to the custom loss function, effectively addressees the issue. Fig.  7 
shows the prediction results for one far edge — number 25, of cluster 3 corresponding to the Instagram service. The network 
slightly overestimated the traffic (for instance on 30 May 2019) because of the peaks on 29 May 2019 due to the Europa League 
Final (Chelsea - Arsenal and other events in Nantes) leading to enhancements in performance.
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Fig. 6. Prediction results. The boxplots show the distribution of the 𝑅2 in each cluster of services.

Fig. 7. Prediction results of far edge/MEC number 25 in cluster 3. The figure shows that the LSTM network predicts reasonably well the 
peaks of traffic. We performed the predictions on an hourly basis and used the results for dynamic capacity optimization.
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Fig. 8. Dynamic capacity optimization. The slice in the bottom graph has a peak demand at the beginning of the series (about 21/3/2019 10 
pm). To meet such a peak, the capacity increases (orange line), with respect to the base capacity (dashed orange line), i.e., this slice borrows 
resources from other slices. Vice versa, the traffic in top graph is lower than its base capacity at the same time, this slice can lend resources to 
other slices. Overall, the total resources of the data center (∑𝑠 𝐶𝑠) remains constant.

Fig. 9. Dynamic traffic optimization. The data center in the top graph as a traffic spike at about 21/3/2019 10 pm. This spike is well above 
the data center overall capacity (∑𝑠 𝐶𝑠). The traffic can be re-routed to other nodes of the same layer, or even to nodes of other layers, granted 
that there are data centers that have spare capacity.

5.4. Network optimization

We run experiments to apply the proposed optimization algorithms to our case study. We present results of dynamic capacity 
optimization (see Algorithm 1) and dynamic traffic optimization (see Algorithm 2). We also show final results in combining the two 
approaches.

Fig.  8 presents an example of dynamic capacity optimization. The graph illustrates how resources within a single node/data-
center are shared. The horizontal dashed orange line is the base capacity of the slices in the node, while the blue plot is the traffic. 
If traffic is below capacity, the network does not change resources. If the traffic in one slice exceeds its capacity, and other slices 
have spare resources, the algorithm tries to balance the resources. In our model this is realized by a simple change in the 𝐶𝑛,𝑠 values, 
in reality it would require complex VMs migration, resource orchestration, etc.

Vice versa, Fig.  9 shows an example of dynamic traffic optimization. The graph illustrates how traffic between nodes of the same 
layer can be balanced (horizontal offloading). We do not report a graph showing traffic balancing between nodes of different layers 
(vertical offloading) as it would be almost the same. The orange horizontal line is the total capacity of the node (𝐶 =

∑

𝑠 𝐶𝑠), the 
blue line is the total traffic. If the traffic is over the total capacity, it is not possible to apply resource balancing within the node as 
all the resources of that node are utilized. However, if there is another node with spare capacity, part of the traffic in excess could 
be re-routed to that node.

Both the above examples are applied to nodes in the far edge layer, but the same optimization is applied also to near edge of core
nodes.
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Fig. 10. Optimization results. The figure shows percentage reduction in traffic over capacity w.r.t the case of fixed capacity (C) set to handle 
80% of hourly traffic. The first group of bars refers to dynamic capacity optimization (dyn. capacity). The second group of bars refers to dynamic 
traffic optimization (dyn. traffic). The third group of bars refers to a combination of the previous two optimizations. In each group, bars refer 
to far edge, near edge, and core layers. Combined results show that optimization achieves 29.5%, 21.1%, 18.3% percentage reduction in traffic 
over capacity for far edge, near edge, and core layers respectively. Error bars are the daily minimum and maximum over the experiment period.

Fig. 11. Unreliable event information example (cluster 2, May 27–30). The dashed red line highlights corrupted values with CANC 30%, FP 
20%, SHIFT 2 h.

Fig.  10 shows the result that can be achieved with such optimizations. In particular, we measure the percentage reduction 
in traffic-over-capacity achieved by the algorithm over the case of keeping fixed capacities and the original allocated traffic. 
Specifically, for each node, being 𝑇𝑂𝐶 the Traffic Over Capacity in the static case and 𝑂𝑝𝑡𝑇𝑂𝐶 the Optimized Traffic Over Capacity, 
we compute (𝑇𝑂𝐶 − 𝑂𝑝𝑡𝑇𝑂𝐶)∕𝑇𝑂𝐶 ∗ 100. We then compute the average percentage reduction over all the nodes.

Results show percentage reduction using only dynamic capacity optimization, using only dynamic traffic optimization, and their 
combination.

Specifically, we observed a traffic reduction of 19.81% in far edge nodes, 19.44% in near edge nodes, and 18.31% in the core 
node, on average (see first group of bars). The second group of bars (dynamic traffic optimization only) achieves 23.06% traffic 
reduction over fixed capacity in far edge nodes, and almost zero (2.02% and 0.0%) in near edge ad core nodes. This is rather 
obvious as there are a lot of far edge node with which to share traffic, while there are very few near edge nodes (four) and only one 
core node. The third group of bars show the final combined optimization for the different layers: 29.45%, 21.06%, 18.31% traffic 
reduction over fixed capacity in far edge, near edge, core nodes respectively. Error bars represent the daily minimum and maximum 
of percentage reduction in traffic over fixed capacity the experiment period. It is possible to see that far edge nodes exhibit a greater 
variability than upper nodes because of the greater variability in traffic patterns.

For comparison, it is worth noting that standard forecasting algorithms (e.g., LSTM with RMSE loss function) tend to underesti-
mate peak traffic. We conducted experiments with RMSE and verified a performance degradation of almost 40% compared to our 
proposed method. By contrast, our customized forecasting approach, with a slight tendency to overestimation, achieves better and 
more stable results across all three network levels.

5.4.1. Robustness to unreliable event information
As an additional experiment, we assessed the robustness of our framework against unreliable event information across all five 

clusters, fixing 𝐶 at 80% for consistency with the baseline case shown in Fig.  10. We generated 27 scenarios (3 × 3 × 3) by perturbing 
event data along three axes: (i) cancellations (CANC), where 10%, 20%, and 30% of events were randomly suppressed, reducing 
the associated peaks by 40%; (ii) false positives (FP), where 5%, 10%, and 20% of non-event periods were artificially inflated by 
+25%; and (iii) temporal shifts (SHIFT), where about 20% of events were displaced by ±0, 1, or 2 h.

We then compared the perturbed forecasts against the baseline, quantifying both forecasting accuracy and operational impact.
Fig.  11 shows an example (cluster 2, May 27–30) where the perturbed value series for scenario 27 (CANC 30%, FP 20%, SHIFT 

2 h) deviates from the original. In this case, the forecast RMSE increased from 5.72 × 106 to 1.29 × 107 (i.e., +125%), while the 
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Fig. 12. Robustness analysis under unreliable event information for 𝐶 = 80% and scenario 27 (CANC 30%, FP 20%, SHIFT 2 h). Compared to 
the baseline (Fig.  10), traffic reduction decreases to 24.4%, 20.6%, and 17.9% for far, near, and core nodes, respectively.

Fig. 13.  Optimization results. The figure shows reduction in traffic over capacity w.r.t the case of fixed capacity (𝐶) for different values of 
𝐶. C is set to handle 70%, 75%, 80%, 85%, 90%, 95% of the hourly traffic (x-axis). The three graphs show results for far edge, near edge, and 
core layers. Results are obtained combining dynamic capacity and dynamic traffic optimization. Top row. Percentage reduction. Bottom row 
Absolute reduction.

naïve random-walk RMSE moved from 1.83 × 107 to 1.71 × 107 (−6.7%). On average across all clusters, the forecast RMSE increases 
markedly under corrupted event information, whereas the naïve random-walk RMSE remains comparatively stable, with variations 
up to 7%. This indicates that corrupted event information disproportionately penalizes the intelligent model, which strongly relies 
on event-based features, while the naïve baseline is less affected precisely because it does not exploit them.

Fig.  12 reports the corresponding optimization outcomes under scenario 26, to be compared with the baseline results in Fig.  10: 
reductions fall from 29.5%, 21.1%, and 18.3% (far, near, core) to 24.4%, 20.6%, and 17.9%, respectively.

Overall, the findings highlight that our framework is sensitive to unreliable event data; however, even under the most adverse 
scenario tested (30% cancellations, 20% false positives, and 20% of 2 h shifted events), the system continues to deliver meaningful 
forecasting accuracy and significant optimization gains, confirming its robustness to imperfect real-world information. 

5.4.2. Impact of base capacity 𝐶 on optimization results
The above results depend also on the base capacity 𝐶 being adopted. According to the model depicted in Fig.  4, for example, if 

the base capacity is set to handle 100% of the traffic, there would be no need of our optimization at all.
Fig.  13 shows results of traffic reduction over fixed capacity, in the case of combined dynamic capacity and traffic, for different 

values of 𝐶. Fig.  13-top row shows percentage reduction in traffic, while 13-bottom row shows the absolute reduction. Having both 
this information is useful as for example (looking at the far edge plot) the system achieves about 70% traffic reduction over fixed 
capacity in the case of fixed 𝐶 handling 95% of the cases. The total amount of traffic being saved is however small as the base 𝐶
handle most of the traffic anyway. Also in this case, error bars represent the daily minimum and maximum of percentage/absolute 
reduction in traffic over fixed capacity the experiment period.

Finally, Fig.  14 presents the same results in the case of perfect prediction of future traffic which underlines the potential of the 
proposed optimization mechanisms. Results indicate a huge percentage reductions over the fixed case (e.g., about 60% reduction 
over the case of fixed capacity, when 𝐶 is set to handle 90% of the traffic). On the other hand, it highlights the importance of 
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Fig. 14.  Ideal case. This is the same graph as in Fig.  13 assuming traffic forecasting is perfect. Top row. Percentage reduction. Bottom row 
Absolute reduction.

traffic forecasting accuracy. Overall, these experiments demonstrate that the proposed approach is effective and could contribute to 
network management and optimization.
6. Related work

The flexibility introduced by the virtualization of 5G networks attracted a number of works trying to understand trade-offs in 
network design and management to improve network performance.

The problem of resource allocation of virtualized network functions within telco-cloud environments is the focus of a number of 
research [20–22]. Our work contributes to this line of the research exploring algorithms for resource and traffic re-balancing in the 
modeled scenario. Similarly, along these lines a number of works deal with the management and efficient deployment of network 
slices allowing a mobile network operator to efficiently allocate the underlying layer resources [23].

The seminal works [5,6] present a framework to understand and optimize network slicing in 5G networks. From a methodology 
view point, these works present an effective framework on how to model the mobile network. Our work has been largely influenced 
by their approach and we basically adopt the same model for the network. From the results’ viewpoint, these works focus on the 
analysis of the use of dedicated vs. shared resources in mobile network slices. Our proposed approach of balancing resources between 
the network slices can be seen as an extension and complement to their framework.

The works in [4,24–26] present an optimization approach to assign network Access Points (APs) to MEC and edge servers. We 
applied a similar approach in the presented re-routing and load-balancing strategies. The main difference is that in our network 
model, an AP (or an edge server) can share part of its load with multiple edge servers above, while in these works each AP is 
dynamically connected with a single MEC instance (at least for a given network slice [25]).

The problem of resource allocation and traffic shaping for mobile network optimization has been largely studied with the 
use of optimization and game theory approaches [27–31]. In general, these works try to minimize a cost function associated to 
resource allocated to slices and network saturation under a number of constraint related to traffic and network capacity. Instead, 
our optimization algorithm combined with traffic forecasting proceeds with simplified assumption on the basis of the available 
data. Recently, a large number of proposals address this optimization problem using reinforcement learning (RL) and distributed 
reinforcement learning (DLR) techniques [32–35]. In our approach, we assume network’s resource and traffic allocation can be 
dynamically reallocated around a nominal capacity 𝐶𝑠 associated to each network slice. Therefore, RL, that is useful when a sequence 
of actions has to be inferred, is not suitable.

A large number of works in [36–40] deal with the problem of traffic forecasting in mobile networks. Most of the works deal 
with the forecasting of the overall network trend without focusing on specific areas covered by near edge or far edge nodes. On the 
other hand, other studies such as [15–17] delve into crowd prediction in various locales without addressing the network forecasting 
problem. The research by [15] utilized social media images to extract crowd size information during urban events, aiding in crowd 
management endeavors. Furthermore, the study by [16] demonstrated the utility of public social media data in tackling event 
detection and crowd level prediction in urban settings. Lastly, [17] examined the use of Twitter data analysis to estimate crowd sizes, 
underlining the significant potential of social media in contemporary society to support various research efforts, including crowd size 
estimation. Examining from the perspective of predictive Machine Learning (ML) techniques, there are alternative approaches, such 
as those presented by [41], which propose techniques divergent from neural networks for forecasting, claiming superior performance. 
However, the numerous assumptions made within these methods (e.g., user terminal traffic data can be profiled with reasonable 
14 
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accuracy, user mobility and numbers in an area can be predicted with reasonable accuracy, etc.) render the proposed techniques less 
applicable to real-world scenarios. This incompatibility is further exacerbated by contemporary privacy concerns and data issues, 
which diverge significantly from the conditions under which the data utilized in [41] was collected and analyzed.

Our work, relying on additional information about events taking place, is able to forecast more accurately spikes associated 
with serving events. The works in [13,42] combine the forecasting approach with the resource optimization approach in a coherent 
model. We will investigate the application of similar models in our future work.

7. Conclusion

In this work we presented a modeling and optimization framework for resource and traffic sharing among virtual network 
servers and slices. Results show that dynamic reallocation of resources among slices improves performance by 19.19%, dynamic 
load balancing (traffic shaping) between nodes improves performance by 8.36%. Overall, the proposed data optimization allow to 
improve performance by 22.94%. The principal constraint of this study lies on the fact that, although we based our research on a 
scenario analogous to an actual deployment, we were compelled to make several assumptions regarding the data-related network 
architecture and its operations to compensate for the lack of certain information. Indeed, while our work presents a full-stack solution 
encompassing multiple modeling steps and optimizations, each individual component – such as network modeling, link capacity, 
latency requirements, service clustering, demand forecasting, and optimization – can be further refined.

In our future work, we aim to optimize these individual steps, drawing more detailed comparisons with the state of the art to 
enhance their effectiveness. In particular, an area of research that we plan to address is the dynamic offloading and caching of 
services and contents among the mobile network layers with a focus on the MEC layer [43]. While, the dataset analyzed in this 
work does not allow to carry on such an analysis, we plan to collect more detailed data for this kind of applications.

A crucial aspect of our future research will be to gain a deeper understanding of the underlying network structure and 
the available reconfiguration mechanisms. This will enable us to more firmly anchor our analysis in concrete scenarios thereby 
strengthening the practical applicability of our findings.

Finally, we believe that the main strength of this work lies in presenting a comprehensive solution that integrates multiple 
modeling and optimization steps. This holistic approach addresses various challenges in network analysis, offering valuable insights 
for further research and practical applications.
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