O UT A WD =

oo o oo ooVttt ot S DD DD DS DS DDA DWWWWWWWWWWNNNDNDNNNDNNNRRRRRRPRERRRRQO
G WNRFRPONOODUDE WNRPROOUONOUTLDE WNRPOOUONOUTDE WNROOUONOANUTE WNRPROOWONOUTLDE WN RO

IFIP Networking 2024 1571003612

2024 IFIP Networking Conference (IFIP Networking)

An optimized Handover management scheme
tailored for Heavy Hitters in a disaggregated
5G O-RAN architecture

Franci Gijeci, Ilario Filippini, Antonio Capone
name.surname @polimi.it - Politecnico di Milano, Milan, Italy

Abstract—In this paper we propose a tailored handover
scheme for Heavy Hitters (HHs) in Next Generation Self-
Organizing Network (NG SON). The conventional han-
dover scheme takes into consideration only the signal
strength of source and target cell on handover decision,
without considering the traffic specifics of the User Equip-
ments (UEs). We believe that customizing the handover
decision on individual UEs’ needs gives higher Quality
of Experience (QoE). Particularly, in this work we focus
on optimizing the QoE of HH UEs in the 5th gener-
ation (5G) network by controlling and customizing the
handover mechanism specifically for these users. We test
our approach in Network Simulator 3 (ns-3) and use the
emerging Open RAN (O-RAN) framework as a supporting
architecture to proactively monitor the presence of HHs
in the network and react upon their appearance. The
contribution in this paper is twofold: We present an offline
detection scheme for HHs based on Deep-Neural Network
(DNN) with an accuracy of 94% and a Greedy Handover
algorithm that improves the overall average throughput of
HHs.

Index Terms—Open-RAN, SON, 5G, handover optimiza-
tion, heavy hitters

I. INTRODUCTION

Heavy Hitters (HHs) have long been studied in traffic
engineering. These are flows having the peculiarity of
being few in numbers, but occupying a relevant portion
of the overall traffic present in the internet. On the
opposite, the other flows, which we name them as
regular flows in this paper, are many but with low
demands for traffic. Efforts have been made to detect
Heavy Hitters (HHs) in cellular networks [18], [20],
however, little has been done to improve their Quality
of Experience (QoE). Meanwhile, services generating
HHs are proliferating in 5th generation (5G), such as
high resolution Video-On-Demand, Augmented Reality
etc. In this paper we propose in the context of Self-
Organizing Network (SON) a HHs detection strategy in
5G networks as well as a tailored handover scheme with
the aim to ameliorate their perceived QoE.

The concept of SON has emerged as a transformative
paradigm with a vision was to create an autonomous
cellular network, which could dynamically adapt to the
environment, by giving to the network the capability of

self-configuring, self-optimizing and self-healing. New
technological facets have been introduced in 5G: the
addition of mmWave spectrum, besides the conventional
sub-6 Ghz spectrum; the New Radio (NR) air interface;
the heterogeneity of services and devices it must sup-
port. All the above imposes new proliferating network
management challenges for 5G, which has made SON
become an even more appealing feature.

Handover management is one of those management
challenges. Conventionally, the standard handover al-
gorithms have been centered around predefined events,
such as the A3 or A2 event [4]. Even in literature, the
primary objective has been the optimization of parame-
ters related to these events, including Hysteresis, Time-
to-Trigger, and Cell Individual Offset. Additionally, Ma-
chine Learning (ML) approaches have been suggested to
dynamically adapt these typical SON parameters [14].
In [22], the authors have proposed a Reinforcement
Learning (RL) paradigm, whose an agent takes handover
actions to maximizes the long-term utility of the chosen
cell. In [6], the authors propose a Recurrent Neural
Networks (RNN) model and take handover decisions
based upon the expected QoE. Similarly, the primary
emphasis of this paper lies in the realm of handover
management designed specifically for maximizing the
expected QoE of HHs.

To test our model, we have used Network Simulator
3 (ns-3) [17] as a simulation environment and the Open
RAN (O-RAN) architecture [1], [16]. ns-3 is an open-
source network simulator deploying a non stand-alone
5G full protocol stack. It deploys 3rd Generation Partner-
ship Project (3GPP) communication protocol standards.
Whereas O-RAN is an emerging architecture having the
capability to control the Radio Access Network (RAN)
components of 5G network via standardized interfaces.
Our solution leverages the integration among the two
entities introduced in [12].

Contributions In this paper, we propose an end-to-
end solution for detecting HHs, by designing an offline
Deep-Neural Network (DNN) algorithm, and enhancing
their QoE, by building a tailored handover scheme. The
solutions are custom designed to guarantee minimal
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overhead in 5G networks. They are implemented in O-
RAN [16] architecture, which is a open framework with
control capabilities over 5G networks.

The results yielded by the simulations we have con-
ducted in ns-3 demonstrate improvements in throughput
and better resource utilization with respect to the classi-
cal handover scheme.

Organization The rest of the paper is organized as
follows. Section II gives details of the implemented
O-RAN architecture. Section III describes the offline
detection algorithm using DNN, which is exploited in
Sect. IV as a pre-stage to filter the set of HHs running
in the system, to latter apply the designed handover
algorithm. Finally, Sect. VI summarizes and concludes
the work.

II. O-RAN BASED ARCHITECTURE

O-RAN [1], [16] is an emerging architectural frame-
work for mobile radio networks focusing on disaggregat-
ing the components of the Base Station (BS) connecting
them via open interfaces. O-RAN features the closed-
loop control of these components by means of intelligent
controllers. Near Real-time RAN Intelligent Controller
(near-RT RIC) is the intelligent controller with a role to
directly control the RAN nodes through xApps. These
are micro-services running on top of near-RT RIC with
an operation granularity of 10ms-1s connected with
the Next Generation Node B (gNB) via the open E2
interface;

Recently, the authors in [12] have integrated O-RAN
in ns-3. The last enables primarily the following: 1)
exposes data collection from the gNB, which are sent
to the RAN Intelligent Controller (RIC) to be processed
by the xApp. 2) Thereafter the xApp generates control
commands, which are send them back to the gNB to
be executed by the late. Fig.1 portrays the architecture
as explained above, delineating the gNB on the left and
a simplified representation of the O-RAN architecture
on the right. These two entities are connected via the
E2 open interface, visually depicted as a straight orange
line, linking the two endpoints, E2 termination and E2
RIC termination. The former is the endpoint of the
E2 interface on the 5G network side, terminating in
gNB, while the latter is the endpoint of the E2 interface
terminating in the O-RAN architecture.

Within our scenario, we define two independent for
the HH Detection and Handover Management Scheme,
visually illustrated by the dashed blue and green line
in Fig.l. For each microservice, we have created a
corresponding micro-service / XApp.

The Detection microservice, as extensively explained
in section III, has the responsibility of detecting HHs
within the 5G network relaying the information to
Handover microservice. The later, as detailed in section
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Figure 1: O-RAN enabled architecture

IV, orchestrates the handover algorithm and, ultimately,
makes informed decisions regarding the necessity of
handovers for the detected HHs.

III. HEAVY HITTERS DETECTION MICROSERVICE

In this section we describe the characteristics of the
HH detection algorithm we have implemented as well as
its strength compared to alternative solutions with regard
to the O-RAN architecture. Authors in [9], [15], [18],
[21] propose a detection scheme based on a flow level.
Similar works have tackled the problem of identifying
HHs in the programmable switches of the core network
(8], [11], [19], [20].

Authors in [9], [11], [19], [21] deploy a top-k flow
detection. Besides their high performance, choosing the
static parameter k in not trivial. The number of HHs in
the system change in time and from cell to cell. Thus,
these solutions are impractical for algorithms which
needs to know the real number of HHs to offer a
good optimization performance. Authors in [15], [18]
deploy an alternative solution based on ML, though the
detection time they claim, 900 milliseconds in [18] and
143 milliseconds seconds having an accuracy of 75%,
is restricting and reducing the ability to promptly react
and being able to improve HH performance.

Our solution, instead, has two main advantages: 1)
it has a lower data granularity, to the extent that we
determine if a user has a service which generates a HH
flow, thus having an aggregated view of all the single
flows of an user; 2) as explained below, it is designed
to be implemented in a disaggregated architecture, dis-
tributing the detection task into multiple computing units
in the 5G network, also taking advantage of the edge-
computing capabilities of the 5G network.

The features used for training the DNN model are
reported in Table I alongside the applied aggregated
function on the data. These feature are collected from
the Physical (PHY), Medium Access Control (MAC)
and Radio Link Control (RLC) layer of the Distributed
Unit (DU) [16]. Practically speaking, in the real im-
plementation we have deployed in ns-3, we fetch the
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indicated data in Table I in real time from the traces of
the aforementioned layers and temporary store them into
arrays. Thereafter, they are aggregated per frame level
applying the aggregation function specified in the Table
I. The frame aggregation level gives the least overfitting
and highest accuracy. It is O-RAN vision to enable data
collection and application of ML models upon the data
[10], [16], enabling the implementation of the proposed
solution.

We employ the finest granularity of data reports gener-
ation supported by near-RT RIC, that is 10 ms. Hence,
every 10 ms, every BS sends a data report composed
of the aggregated data of Table I for all its attached
User Equipments (UEs) to the xApp. Next, the xApp
for each active UE in the 5G network, compiles time
series of values per listed feature in Table I spanning
over the last 5 frames. They shall serve as the input data
needed by the xApp to detect an HH. The aggregation
granularity based on an user level, rather than on a flow
level, reduces the efforts and time consumed to discover
these users.

Moreover, when viewed in the perspective of a disag-
gregated BS, as indicated in the O-RAN architecture as
well, the detection module could be placed in the DUs
[16], at the edge of the network. This further subdivides
the efforts of detection into multiple units, making it
highly scalable and fast. This is further endorsed by the
fact that the data for the detection is extracted in the DU
only, thus by default, this scheme minimizes the message
exchange overhead for detection.

The selected features are the smallest set with the least
correlation among all the extractable features, as well
as provide significant information. Table. III represents
the detection accuracy achieved through variations in the
time series depth of features’ data, reported in number
of frames. It can be seen that the accuracy saturation is
reached when using features data over the last 5 frames,
which is the why we have chosen it.

The data is flatten into a single data array, which
is then ready to be input into the model. The DNN
model’s layout is a dense one with 30 input nodes (6
features per 5 frames), two intermediate layers with 16
and 8 intermediate nodes with Rectified Linear Unit
(ReLU) activation function and a single output node with
a Sigmoid activation function. This proved to be the
lightest layout for the considered dataset providing an
accuracy higher than 90%. We have trained an offline
model using the keras module in python with data
samples we have extracted from different simulation
campaigns by ranging: the number of active users, be
it regular — i.e., not a HH user — (20, 30, 40, 50, 60) or
HHs (1 - 7) each with a simulation duration of 10 sec
considering random user movements.

Thereupon, we deployed the trained DNN model

Table I: Features of DNN HH detection model

Features
Mean RLC current queue size
Mean RLC head of line packet delay
Number of scheduled UEs
Total used symbols by all users
User used symbols
Sum of transport block size

inside the xApp and use it in real time for HH detection.
Whenever the xApp receives new data reports coming
from a BS, it categorizes the users into HHs and regular
ones, then updates the list of HHs when necessary. As
explained in Sect. IV, this list shall be used as a base
by the handover algorithm.

IV. GREEDY HANDOVER MICROSERVICE

Current handover schemes rely solely on the signal
strength as the primary factor for determining the des-
tination cell [3]. In general terms, it aims to avoid the
occurrence of Radio Link Failures (RLFs). Nonetheless,
it lacks a mechanism to prioritize and guarantee a su-
perior perceived QoE for bandwidth-intensive services,
as it does not account for the cell load when making
handover decisions.

With the advent of ML, greater emphasis is being
given to the optimization of the perceived QoE. Authors
in [5], [6] propose an handover management scheme
based on the experienced QoE of UEs. However, the
scheme they have deployed is generic and not applicable
to HH users. On the contrary, we focus specifically on
HHs and propose an optimization scheme tailored for
HHs in 5G RAN. To the best of our knowledge, this is
the first work proposing such an approach.

In this context, we introduce an handover management
scheme that focuses on improving the throughput, and
thus the QoE perceived by HHs. Our handover strategy
is to distribute the HHs among the active cells in the
system by accounting their estimated throughput and
maximizing the overall HHs’ throughput. This strategy
is supported by the fairness of the scheduler upon two
main premises: 1) it guarantees service to all the users.
Hence, the presence of HHs in the cell shall not dry
out the resources, thus shall not substantially impact
regular users. 2) In presence of multiple HHs competing
for the same resources, the scheduler ensures the fair
distribution of these resources among them. Both of
these premises are guaranteed by all type of schedulers.

The greedy algorithm in principle aims at quantifying
a goodness factor v as in Eq. 4, which assesses the
benefit of making an user handover in a reachable BS.
Simplifying the reasoning to a single handover, the
overall benefit/cost of taking an handover decision is
defined by the impact of three groups of UEs, which

649



2024 IFIP Networking Conference (IFIP Networking)

are influenced by that decision: 1) The UE itself for
which an handover is being triggered due to changes of
channel conditions and available resources in the new
cell, an impact factor we denote as «a; 2) the remaining
UEs in the origin cell, due to more resources becoming
available, they experience an overall positive impact
factor 3; 3) the UEs present in the destination cell,
experiencing a negative impact § from the addition of
a new user, due to division of the available resources
across more users. In practical terms, the overall factor
~ consists of the positive impact a+ 3 and the negative
impact 9, of which we consider the ratio: v = %‘?.
Referring back to the previous discussion on scheduler
fairness, at the beginning of the scheduling, the scheduler
of a cell will assign the same priority to all the active
users connected to it. Even if HHs have much higher
demands than regular flows, the scheduler effectively
serves the regular users without being adversely affected
by the presence of HHs. Whereas, the HHs have a filling
effect on resource utilization, as they shall occupy all
the unused resources from the regular users. Whenever
more than one HH is attached to a cell, the scheduler
distributes the resources with equal priority among them.
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We define as Bf-y ; in Eq. 2 all the peers gain which are
connected to the source cell [ when moving user ¢ to cell
7, due to more resources becoming available for them.
All the HHs attached to the destination cell are impacted
by a new HH coming, for the available resources shall
be shared among the new HH and previously avaialable
HHs. We define as d; ; in Eq. 3 the gain (loss) of all users
in the destination cell ;7 when transferring user ¢ to cell
7. Finally, the last term is the gain perceived by user i,

al ; in Eq. 1, due to changes in channel conditions as

2
well as in available resources between the source cell [
and destination 7 when an handover is triggered on it.
To combine all the gain terms into a single quantity,
we use Eq. 4, which gives a goodness value for trans-

ferring user % to cell j.

To translate the gain into a measurable quantity, we
have defined it as the product of the signal strength of
the Reference Signal Received Power (RSRP) [dBm]
and Physical Resource Blocks (PRBs). In the ns-3 im-
plementation, we use the last updated value of received
RSRP. The prb’ denotes the allocatable PRBs for HHs
on a given cell j, whereas prb’>! denotes the used PRBs
of HH ¢ in cell j. Practically, it is calculated as the
difference of the available PRBs and the PRBs which
have been used by regular users. In our implementation,
in a 10ms optimization round, it corresponds to the
difference of the available PRBs across 10 frames and
the used PRBs by regular users in the last 10 frames.
Let S be the set of candidate cells and IV the set of all
HHs. Let H; be the set of HHs available in cell j € S
and D; the set of destination cells which can be reached
by user 3.

Aprb in Eq. 1, 2 and 3 refer to the difference in
the number of PRBs before and after the change of the
number of HHs in a cell. In Eq. 1 and 3 a new HH is
being added to the destination cell j. Hence, if before
the change the number of available PRBs for HHs in
cell j (prb’) were shared among |H;| HHs, with a new
HH added, they shall be shared among |H;|+1 HHs.
In Eq. 2 a HH is removed from the source cell [, thus
more resources are available for the remaining HHs in
cell [. If before the PRBs are redistributed among |H,|
HHs, after one HH has been moved from the cell, the
resources shall be divided among |H;|—1 HHs.

The algorithm Alg. 1 starts by considering all the
HHs in the network. The Eq. 5a picks the HH with
the smallest throughput and extracts the cell [ this user
is assigned to. From here we can follow two handover
strategies: 1) moving this user to a new cell with more
resources to provide higher throughput, or 2) move
another HH from the same cell [ to another cell to
free resources from cell I. Regardless of which HH is
moved to a different cell, the impact is the same on the
remaining HHs in the source cell. Each HH shall have
more available resources, thus a higher throughput. We
have chosen the second strategy. Upon this logic, from
reference cell [, we pick the user ¢ and the destination
cell j yielding the overall highest goodness according
to Eq. 5b. We consider it to be a feasible solution and
eventually insert it in the handover list when the gain
Y is positive. After that, we remove user i from the
set of candidate HHs to transfer.

Same as for the HH detection, we have defined a
microservice with the finest time granularity of near-RT
RIC, which is 10 ms, to generate the data needed by the
handover algorithm in the xApp. Practically speaking, in
ns-3 is generated a data report every 10 ms for each BS
containing the following information per UE referring to
the last completed 10 frames: 1) the last updated value
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of received RSRP per ue for the attached and neighbor
BSs 2) the number of used PRBs per UE in the referring
last 10 frames. By default, the execution periodicity of
the algorithm is 10 ms.

Algorithm 1 Handover Greedy Algorithm
I=N

R ={}
while 7 # () do

[« argmin RSRP « prb’?, Viel (5a)
1

%,3‘ < argmaxy; j, where © € H; (5b)

)
if %> 0 then

R =R + (i, )
end if
I=1-{i}
end while
return R’

The Alg. 1 aims at maximizing the minimum through-
put of HHs in the network. To increase its performance,
an additional alternative solution is computed as in Eq.
6.
viel

[ + argmax RSRP" « prob’ (6)
1

R < argmax RSRP? x pri/+
RE{R/,R"} ;' Sp

In essence, the algorithm is re-executed by substitut-

ing Eq. 5a in Alg. 1 with Eq. 6 and obtain the solution

R". The final handover solution among R’ and R’ is

the solution yielding the highest system throughput as

in Eq. 7.

(7

V. SIMULATIONS

The xApp has been implemented in Python and it has
been deployed on a containerized near-RT RIC that is
based on O-RAN’s reference implementation'.

The propagation parameters used in this scenario are
set by the recommendations of 3GPP [2]. The gNBs are
positioned in an hexagonal topology, 1 in the center of
the hexagon and 6 at the edges. The Intersite distance
(ISD) between BSs is set to 200m. Also the number of
deployed UEs is fixed to 87, 7 of which are configured
to generate a traffic profile of a HH when active. They
are initially randomly positioned within the are of the
hexagon and move around in a Random Walk fashion
with speed up to 1.8m/s. In the simulation scenarios
we have taken into consideration the number of active
users, whether regular or HHs users, ranging between
1, 3, 5 and 7 HHs and 20, 40 and 60 regular users,

Uhttps://gerrit.o-ran-sc.org

Table II: Simulation variables

Simulation parameters
Parameter Value
Central Frequency 28 GHz
Bandwidth 200 MHz
Number of UEs 80
Number of BSs 7
OFDM Numerology 1 3
gNB Transmit power 30 dBm
UE Transmit power 23 dBm
UE antenna size 2x2
BS antenna size 8x8
Scheduler Round Robin
Regular UEs traffic profile Poisson
Heavy UEs traffic profile Video Streaming
Simulation time 10s
Pathloss model 3GPP Umi

No.HHs #1883 85 7

200
175
150
125
100
75
50
25

-25

Throughput gain per user (%)
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Number of regular users

Figure 2: Boxplot distribution of throughput gain per
user in percentage for simulated scenarios with 25%,
50% and 75% active users out of a total of 80 regular
users. The dashed line within each boxplot represents
the average, whilst the straight line corresponds to the
median value.

are randomly selected among 87 deployed. The traffic
profile for HHs is that of Adaptive Video Streaming [13],
whereas the traffic profile of regular users is a Poisson
Pareto Burst Process (PPBP) [7], whose parameters are
randomly generated and set for each UE.

A. Greedy algorithm performance analysis

The performance of the handover management
scheme enabled by the xApp is compared to the standard
handover scheme, that is A2-RSRP based handover algo-
rithm. We compare the two by taking into consideration
the average relative throughput gain per HH user. Fig.2
shows the boxplot of the throughput gain per single user.
Three different percentages of active users are simulated:
25%, 50% and 75% over a total of 80 regular users and
1, 3, 5 and 7 HHs.

Referring to Fig.2, it can be seen that only in very few
instances the algorithm deteriorates the HHs conditions
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Figure 3: XApp handover overhead

Table III: Detection accuracy per number of consecutive
frames

# frames 2 3 4 5 6 7 8 9 10
% 87 | 89 | 89 | 94 [ 93 | 89 | 91 | 90 | 89

yielding a negative throughput gain. This is more likely
to happen in unloaded cells with few HHs in the service
area. Indeed, from the load perspective, in those sce-
narios cells are similarly and lightly loaded, thus there
is no unbalance among them for the algorithm to take
advantage.

On loaded scenarios, where the cell unbalance is
manifested more, the loss of moving a HH to a cell with
lower signal strength from the cell with the best signal
strength is compensated by the abundance of available
resources of the first. Indeed, the relative throughput
gain when moving a HH is more substantial in loaded
scenarios. In broad terms, the increased number of HHs
tends to diminish the average throughput gain per HH
user, as they contend for the available resources.

On average the xApp algorithm demonstrates superior
performance when evaluated against the A2-RSRP-based
handover algorithm in all the cases.

The implementation of the greedy handover algorithm
within the xApp may result in increased overhead,
attributed to more frequent handovers. Fig.3 provides
insight into the percentage representing the average
additional overhead per user across various reference
scenarios. In a first observation, the presence of more
HHs in the system generates unavoidably more handover
overhead. On the other hand, more regular users dimin-
ish the impact of the overhead added by the HHs.

Lastly, the xApp handover algorithm balances the load
of HHs among the available cells in the system, having
an impact into their overall load. Fig. 4 reports the
statistics of cell load by accounting the occurrence of
used data symbols in a subframe expressed in percentage
for all the cells and for the same reference scenarios. The
data are grouped and scaled in relation to the number

No.HHs =1 83 85 = 7==A2-RSRP
—xApp
100
80
<
%
< 60
S
g
>
12
8
S
< 40
2
=]
20
0
20 40 60

Number of regular users

Figure 4: Used data symbols statistics per scenario in all
cells

of regular users in the scenario. The right side of each
violin plot, which is filled in grey, reports the statistics
of the used data symbols for the xApp handover scheme
and the left side the statistics of the standard A2-RSRP
handover scheme. The dashed line indicates the average
used data symbols per A2-RSRP handover scenario,
whereas the straight line the equivalent average of used
data symbols per xApp handover scenario.

We generally see a transfer of the peak in the violin
plot from low percentages of used data symbols for
the standard A2-RSRP handover scheme towards higher
percentages for the xApp handover algorithm in all the
cases.

In higher load scenarios, that is with with more regular
users, we see a shift of the violin peak towards higher
percentages of used data symbols. We attribute this effect
to the presence of the load term of traffic coming from
regular users.

It can be observed that the percentage of time the cells
are in low load is considerably lower when applying the
xApp handover algorithm.

Another important observation to account for is the
average percentage of used data symbols for the xApp
handover scheme and 7 HHs that is pretty constant when
the number of regular users changes. This shows that
the xApp handover scheme efficiently balances the load
of HHs across different cells, thus making HHs’ traffic
component the main one to define the average load of
the system.

B. Detection analysis

The overall accuracy of the detection model is re-
ported at 94%, although it changes dependent on the
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network density, from 98% for 20 active regular users to
93% for 60. This observed phenomenon can be attributed
to the distinctive traffic patterns between HHs and reg-
ular users. The discrepancy is particularly noticeable in
scenarios with fewer regular users, where their resource
utilization is low, creating a significant differentiation
factor between HHs and regular users traffic pattern. In
cases with more regular users, the resource utilization
by the regular users becomes significant, increasing the
scarcity of resources remaining for the HHs. This yields
into a situation that HHs and regular users using a more
similar pattern of resource utilization, thus making it
more challenging for the model to differentiate between
the two groups.

The detection time of the offline model in the near-
RT RIC xApp adds other 10 milliseconds delay, making
the minimum detection of HHs in 5G network 60
milliseconds.

VI. CONCLUDING REMARKS

In this paper, we have presented a DNN detection
model to detect the presence of HH users in 5G networks
and an Handover Greedy Algorithm to react upon their
discovery with the aim of improving their perceived
QoE. The proposed detection approach has a high accu-
racy and offers the advantage of being a scalable solution
in the disagraggated 5G architecture as well as an oppor-
tunity to exploit the fine monitor& control possibilities
provided by O-RAN. The Handover Greedy algorithm
we have presented has shown to improve the QoE of
HH users. Considering the current A2-RSRP event-
based Handover algorithm as a benchmark, the results
proved that the xApp Greedy Algorithm cab remarkably
outperforms the benchmark in terms of average HH
user throughput. This works underlines the potentials
of implementing a tailored Handover Scheme for HHs.
Nevertheless, we envision that even better performance
can be achieved using more specialised algorithms, such
as optimization algorithms or ML modules to take better
handover decisions based on more context information.
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