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Abstract

The increasing number of Base Stations (BSs) and connected devices, coupled with their
mobility, poses significant challenges and makes mobility management even more pressing.
Therefore, advanced handover (HO) management technologies are required to address this
issue. This paper focuses on the ping-pong HO problem. To address this issue, we propose
an algorithm using Reinforcement Learning (RL) based on the Double Deep Q-Network
(DDQN). The novelty of our approach is to assign specialized RL agents to users based on
their mobility patterns. The use of specialized RL agents simplifies the learning process.
The effectiveness of the proposed algorithm is demonstrated in tests on the ns-3 platform
due to its ability to replicate real-world scenarios. To compare the results of the proposed
approach, the baseline handover algorithm based on Events A2 and A4 is used. The results
show that the proposed approach reduces the number of HO by more than four times
on average, resulting in a more stable data rate and increasing it up to two times in the
best case.

Keywords: AI-RAN; O-RAN; RAN Intelligent Controller; RIC; handover; reinforcement
learning; mobility management; ping-pong effect

1. Introduction
Promising fifth-generation wireless mobile networks, such as 5G New Radio (NR),

represent a significant advancement over previous systems in data rate, latency, connectivity,
reliability, and energy efficiency [1,2]. Compared to 4G Long-Term Evolution (LTE), 5G
NR aims for data speeds up to 10 Gbps and latency reduced to 1 ms [1–3]. Moreover, the
network should support up to 106 connections per km2 and be 100 times more energy
efficient [3]. A robust collective dynamic routing method may be necessary [4]. At the
same time, channel bandwidth should increase by 5–20 times, reaching 100 MHz in the
bands up to 6 GHz, and up to 400 MHz in millimeter-wave bands [1,3]. Deploying 5G
NR in millimeter waves enables wider channels but reduces coverage area due to physical
channel properties at these frequencies. All these features result in a massive increase in
data volume transmitted and processed within 5G networks.

Along with the development of 5G networks, the concept of Open Radio Access
Networks (O-RANs) [5] is actively developing. This approach rejects the traditional closed
architecture of mobile networks built on single-vendor equipment and instead promotes a
distributed structure of base stations (BSs) with standardized open interfaces between its el-
ements. This allows the use of diverse hardware and software from different manufacturers
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within one network. Furthermore, it is proposed to implement a RAN Intelligent Controller
(RIC), which will perform intelligent management functions in O-RAN networks [5–7].
RIC provides logical functions for real-time network and resource optimization and plays
a crucial role in enabling disaggregation, virtualization, interoperability, flexibility, and
programmability [5–7].

RIC can be used to collect large volumes of data in 5G networks, which can be analyzed
using Artificial Intelligence (AI) and Machine Learning (ML) algorithms. For example,
AI/ML algorithms can be used to solve the following problems: network resource alloca-
tion, network fault detection and management, network load prediction and optimization,
providing protection for both individual devices and the overall network, ensuring Quality
of Service (QoS), and user grouping and mobility prediction [8].

The open nature of O-RAN enables the utilization of advanced data processing tech-
niques, particularly ML methods like Reinforcement Learning (RL). In RL training stage,
an agent interacts with the environment to learn actions that maximize reward, leading
to optimized outcomes. As discussed in [9], RL has been successfully applied to mobility
management in 5G Ultra-Dense Small Cell (UDSC) networks.

In addition, active research is currently underway in the field of 6G. For example,
in [10], the authors discuss possible 6G O-RAN architecture options, propose use cases,
and highlight challenges. In [11], the authors propose a Next Generation AI on RAN
testbed to address the design challenges of 6G networks. This testbed enables the Graph-
ical Processing Unit (GPU) to accelerate Layer 1 and Layer 2 processing. Moreover, the
GPU is simultaneously used to process L1/L2 data in real time and train an AI model to
predict traffic.

This work focuses on the problem of user mobility management with the goal of im-
proving handover (HO) efficiency. To solve this problem, the use of an RL agent with offline
learning is proposed. The proposed solution demonstrates the possibility of optimizing
HO process and reduces the ping-pong effect compared to baseline algorithms.

The key contributions of this paper can be summarized as follows:

1. For RL agent training, we propose to use data that has undergone primary multilinear
processing: tensor decomposition and clustering of factor matrices;

2. We propose to train the RL agent based on identified trends after multilinear
data processing;

3. We develop a method in which the RL agent manages the HO process based on user
classification by mobility type;

4. Simulation results show that in a ping-pong HO scenario, the proposed algorithm
avoids a large number of HOs while maintaining a high data rate.

The rest of the paper is organized as follows. The remainder of Section 1 presents the
HO problem and the importance of solving it in mobile networks and introduces relevant
research. Section 2 describes the proposed solution based on the RL algorithm. Section 3
provides a description of the simulation scenarios, collects the obtained results, and ana-
lyzes them. Section 4 discusses the features of the proposed algorithm and its advantages
and disadvantages, and suggests steps for future research. Section 5 summarizes the main
results and conclusions of this paper.

1.1. Formulation of HO Problem

HO is the process of handing over a user’s services from one BS to another. The HO
process typically involves user movement. A classic HO scenario is a user moving from the
coverage area of one BS (serving BS) to the coverage area of another BS (neighbor BS).

The HO process is described by HO parameters: in the baseline version, these are the
threshold, the Hysteresis Margin (HM), and the Time To Trigger (TTT). These parameters
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define the logic of the HO process over time. This process is controlled by measurements
taken at BS, which are evaluated and sent by the user or User Equipment (UE). Possible
measurements according to the 3rd Generation Partnership Project (3GPP) include Ref-
erence Signal Received Power (RSRP), Reference Signal Received Quality (RSRQ), and
Signal-to-Noise and Interference Ratio (SINR).

3GPP describes the HO procedure in terms of message exchange in TS 38.300 [12].
Furthermore, in TS 38.331 Release 15 [13], 3GPP defines six types of HO events. These
traditional (baseline) events were already introduced in LTE standard. They are triggered
based on thresholds, and there is a risk that, when the network operates on a single
frequency, interference from neighbor BSs may become so significant that the BS service
quality at the time the HO decision is made is too low. On the user side, this event may
lead to a Radio Link Failure (RLF) [14].

As it is shown in Figure 1 for baseline Event A3, when the SINR value of the serving
BS is less than the threshold value and the SINR value of the neighbor BS becomes greater
than the serving BS on the HM value, the serving BS starts the HO process after the TTT
time expires. This paper does not address the problem of mathematical modeling of the
handover process. However, such modeling is described in sufficient detail in [15].

Figure 1. Example of HO mechanism based on A3 Event.

In Release 16 and subsequently in Release 17, 3GPP added Conditional HO (CHO)
to ensure reliable and seamless user mobility [14,16]. Unlike baseline HO, which is ex-
ecuted immediately upon receiving the HO command, CHO is executed only when a
corresponding specified condition is met [16]. Additionally, Releases 16 and 17 introduced
interference-, distance-, and time-based events, as well as events for Unmanned Aerial
Vehicles (UAVs).

However, it is worth clarifying that in reality, ideal BS coverage areas that look like
a circle or a cell do not exist. When deploying a network in an urban area, it is always
necessary to take into account built-up areas that interfere with signal propagation. Fur-
thermore, it is practically impossible to account for multipath signal propagation in space,
which leads to channel frequency selectivity.

These signal propagation difficulties lead to one of the critical types of HO, which is
known in the literature as the ping-pong effect [17]. Some examples of ping-pong HO are
shown in Figure 2. Ping-pong HO is defined as HO from BS 1 to BS 2 and then back to BS 1
if the Time-of-Stay (TS) at BS 2 is less than a pre-defined Minimum TS (MTS) value [18].
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Figure 2. Examples of ping-pong HO.

1.2. Review of Existing Articles

Currently, there are quite a few good surveys that examine the HO problem from
various angles. For example, in [19], the authors examine the evolution of the HO process
from LTE to NR, highlighting the differences, advantages, and future challenges.

In [20], the authors highlight new aspects of the HO process added to NR systems,
such as CHO and the use of uplink channel state. They conduct an in-depth analysis
of existing methods for solving the HO problem. The category of algorithmic solutions
includes works using AI/ML models, fuzzy logic, game theory, and big data analysis.

In [21], the authors focus on the problems of optimizing the HO process in Beyond
5G (B5G) systems. The authors present and classify several HO optimization schemes
and algorithms implemented in previous, current, and future mobile communication
systems. Furthermore, they provide the advantages and disadvantages of the classified
optimization algorithms.

In [22,23], the authors explore possible algorithmic development options for solving
the HO problem in B5G and 6G systems. In [22], they focus on innovative approaches
that leverage camera and lidar technologies, along with the use of UAVs functioning as
base stations. Meanwhile, ref. [23] outlines envisioned developments for 6G systems based
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on contemporary concepts, with a strong emphasis on AI and ML models as potential
solutions for the future.

In [24], the authors focus on the challenges associated with HO and mobility man-
agement in 5G/6G networks. They highlight the importance of aligning mobility and
HO strategies with sustainable development goals to reduce energy consumption and
optimize resource utilization. The study emphasizes the integration of AI/ML to enhance
the sustainability and efficiency of mobility and HO management.

Summarizing [20–24], it can be concluded that hopes are placed on solutions based on
AI/ML models as the solutions of the future.

1.2.1. Application of AI/ML Algorithms in Mobile Networks

A detailed analysis of the application of AI/ML models in 5G and B5G systems is
provided in [8]. For example, AI/ML models are used to predict user mobility and assign
users to groups, to ensure security and safety for both the user device and the entire
network, to provide appropriate QoS and Quality of Experience (QoE), and to utilize cloud
computing and UAVs as BS. Additionally, the idea is voiced that the network should have
an orchestrator that can manage various AI/ML models.

The authors in [25] study the application of AI/ML solutions in LTE systems with
obstacles in the signal path. Several ML methods are used, followed by an analysis of the
results. Using an Artificial Neural Network (ANN), it is possible to achieve acceptable
performance results in terms of throughput and the probability of successful completion of
the download.

In [26], the authors investigate the feasibility and accuracy of real-time mobile network
throughput prediction and HO initialization prediction in 4G and 5G systems. Information-
rich network state records from public transportation systems are used as input. A Deep
Neural Network (DNN) model is proposed to find temporal patterns of throughput changes
in fixed-mobility scenarios.

In [27], the authors propose using a Fuzzy Logic Control (FLC) scheme to achieve
seamless HO when users move in multi-radio access networks. Simulation results show that
the proposed scheme enables controlled mobility optimization in terms of the ping-pong
effect, RLF, and delay in various mobile station speed scenarios.

The authors in [28] propose a context-aware HO admission system that relies on
passenger mobility data, train trajectories, trip times and frequencies, network load, and
SINR values. The use of Supervised Learning (SL) is proposed for mobility prediction and
the avoidance of unnecessary HO during passenger movements.

In [29], the authors present a technique for self-optimization of the HO process using
SL based on a regression tree for B5G systems. The RSRP and RSRQ values, as well as the
user speed, are used as model features. Based on these parameters, the proposed solution
optimizes HO through adaptive TTT prediction.

In [30], the authors propose a mobility management mechanism for 5G based on a
SARSA-based RL algorithm, with intelligent adaptation of TTT and HM values. Further-
more, a Kalman filter is used to predict the future signal quality of serving and neighboring
cells. TTT and HM parameters are adapted using an epsilon-greedy policy.

In [31], the authors consider the use of Long Short-Term Memory (LSTM) to optimize
the HO process through QoE prediction. Environmental scenarios with coverage holes are
studied. The proposed solution is implemented as an xApp, which receives RSRP/RSRQ
measurements from UE of surrounding BS and makes a decision on the feasibility of
successful data download for each BS.
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The authors in [32] propose an LSTM-based xApp for HO event prediction to optimize
network operation cost/performance. Furthermore, the authors evaluated the proposed
algorithm based on real-world measurements obtained in a real O-RAN network.

In [33], the authors focus on the tasks of resource allocation and HO in 5G O-RAN
systems and propose a two-step solution. The first stage is forecasting next timeslots
network metrics based on LSTM, the second stage is making a decision about HO based on
the predicted metrics.

1.2.2. Application of RL Algorithm in Mobility Management

The paper [9] provides a detailed analysis of the application of the RL algorithm to
mobility management in 5G. Furthermore, the paper discusses how ML algorithms can help
in various HO scenarios and provides future directions and challenges for 5G networks.

The authors in [34,35] propose an autonomous scheme based on Double Deep Re-
inforcement Learning (DDRL) to minimize the HO rate in 5G systems. The authors use
SNR instead of SINR as an input because they assume that millimeter-wave antennas form
directional beams, in which case the contribution of inter-cell interference is negligible.

In [36], the authors focus on improving the HO process and formulate an optimization
problem whose goal is to achieve fairness in the data transfer rate between UE and reduce
the HO number. This problem is NP-hard, so two DRL-based algorithms are proposed: a
centralized one and a multi-agent one. The proposed algorithms make it possible to almost
completely avoid ping-pong handoffs.

The authors in [37] examine in detail a method for optimizing HO in 5G networks
using the RL algorithm and show that the HO problem can be formulated as a subclass of RL
problems called Contextual Multi-Arm Bandit (CMAB). The proposed RL agent processes
RSRP reports and selects appropriate handoff actions according to the RL framework to
maximize long-term benefit.

In [38], the authors focus on improving overall network throughput. To this end, they
propose xApp, which is implemented based on DRL using the Proximal Policy Optimization
(PPO) approach. RSRQ measurements are used as input.

2. Materials and Methods
2.1. Description of the Overall Concept for HO Management

The main idea of the proposed algorithm is to divide users into groups and then
manage HO separately for each user group. The target audience of the proposed solution is
users with high mobility, as they are more susceptible to inefficient HO. It is also proposed
to take into account the fact that mobile users can only move along fixed trajectories (roads),
the configuration of which is dictated by urban development. These facts are taken into
account in this paper to optimize the HO process.

The proposed method (Figure 3) consists of two parts: the first part operates in non-
real time (non-RT), and the second part processes data in near-real time (near-RT). In the
O-RAN paradigm, these parts are located in non-RT RIC and near-RT RIC, respectively.
The authors refer to [39], which describes a model for interaction between O-RAN elements
for mobility management using existing O-RAN interfaces.
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Figure 3. Scheme of the proposed solution. On the left side, in non-RT RIC, the measurements
collected in Step 1 are passed to each rApp. In Step 7 the classification results from rApp 2 are passed
to xApp 1. In Step 9, the ML training results from rApp3 are passed to xApp 2. In the center, the blue
rectangle represents the cluster of BSs. The dashed lines show user movements. On the right side, in
near-RT RIC, xApp 2 manages the handover execution within the BS cluster.

The received measurement reports are used in both branches of the proposed algo-
rithm. Non-RT data processing chain implemented in rApp is described below. Data in
the form of measurement reports is entered into a shared database. This database collects
measurement results for each user within a single cluster of BSs. The next step, after a
sufficient number of reports has been collected, is to process the stored data.

The accumulated reports are represented as a three-dimensional tensor of the form
NBS × Nsnapshot × NUE, where NBS is the number of BSs, Nsnapshot is the number of time
samples, and NUE is the number of users.

The collected tensor is then decomposed into factor matrices using Canonical Polyadic
Decomposition (CPD) [40]. The calculated factor matrices are used to identify key groups
of highly mobile users. The Density-Based Spatial Clustering of Applications with Noise
(DBSCAN) clustering algorithm [41] is used to identify the groups. Clustering allows one
to obtain grouped values of the measured parameter for user groups with similar mobility
patterns. The mobility pattern of a specific user group is determined by the speed and
trajectory of the users’ movements.

These grouped measurements are then used to train a classification model. The
classification problem is currently a relevant one, and we are exploring possible solutions.
Naive and full Bayesian classifiers [42] are considered as possible options. Time series
classification using the shapelet transform [43] can also be considered.

Furthermore, the results of the DBSCAN algorithm are used to pre-train RL agents.
Each user group is assigned a separate RL agent to manage mobility. As a supplement to
the process of training an RL agent based on clustering results, pre-training based on data
from baseline HO algorithms can be considered.

For a more detailed description of the tensor-based method for determining various
patterns of users with high mobility, the authors refer to [44].
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2.2. Proposed HO Algorithm Based on RL

Next, the overview of the second data processing branch is given, which occurs in
near-RT and can be implemented as an xApp. In this case, received measurement reports
are fed into the data processing chain in real-time, without creating a database, as in the
case with the non-RT chain. Depending on the selected classification model, the received
data can be preprocessed, for example, using a Kalman filter if the main trend in parameter
changes needs to be identified. A classifier is then applied, which determines the user’s
group membership in near-RT. During the classification process, two possible cases arise:
the user is successfully classified into one of the high-mobility groups, or the user is not
included in either group.

If the users are successfully classified, they are assigned to the corresponding RL agent.
An RL agent’s responsibilities include monitoring metrics such as RSRP, RSRQ, current BS
load, previous measurement results, etc. Moreover, based on the observed metrics, the RL
agent will initialize the HO process for the user in the corresponding group.

If the user does not belong to a high-mobility group, then baseline methods will be
used, for example, based on Events A3 and A5. Furthermore, this classification option can
serve as a safety net in the event of incorrect operation of the RL agent, as well as during
its training.

It is worth clarifying that the training process for RL agents in non-RT must be
continued even if already-trained RL agents are available. This approach will allow agents
to adapt to the slowly changing characteristics of the BS cluster as a whole.

The general diagram of the RL agent’s interaction with the external environment is
shown in Figure 4. In this paper, the state space is represented by RSRQ values from each
user and BSs load values. Therefore, the state for the i-th user can be written as follows:

si = {RSRQBS1, RSRQBS2, . . ., RSRQBSN, BSsi, LBS1, LBS2, . . ., LBSN}, (1)

where RSRQBSj this is the RSRQ value of the user from j-th BS, BSsi is the index of the
serving of BS, LBSj is the current load of j-th BS, and N is the number of BSs.

Figure 4. Overview of general RL algorithm. The dashed lines show user movements.

The action space used is switching to all possible BS in the scenario under considera-
tion. In this case, the action for i-th user is the index of the next serving BS, ai = [BSj], where
BSj is the index of BS that will serve the i-th user at the next point in time.

The reward is an integral function that takes into account RSRQ from both the serving
BS and neighbor BSs. The function also takes into account the load of the serving and
neighbor BSs. Furthermore, to minimize the ping-pong effect, the number of HO in a
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given time interval is taken into account. Specifically, the reward function is formulated
as follows:

R(VRSRQ, VLBS, NHO) = α1(VRSRQ(t) − VRSRQ(t − 1)) + α2(VLBS(t) − VLBS(t − 1)) + α3NHO(t), (2)

where VRSRQ(t) is a vector with RSRQ values from all users for each BS at time t, VLBS(t)
is a vector with load values for each BS at a given time t, NHO(t) is the number of HO at
a given time t, αi are weighting factors that allow one to adjust for the impact of RSRQ
values, network load, and the number of HO, i = 1,2,3.

The Double Deep Q-Network (DDQN) algorithm was chosen as an RL agent because
it has a short convergence time, which is very important for training an RL agent in a
running network. DDQN consists of two networks with the same architecture: (i) is the
online network, which is updated when interacting with the environment, and (ii) is the
target network, which is a stable version of the online network. Its weights are periodically
copied from the first network. The architecture of each network is shown in Figure 5. Each
network consists of three fully connected layers (FC1, FC2, FC3) and a Rectified Linear Unit
(ReLU) activation function between them.

Figure 5. Online and target network architecture.

Possible actions to be taken include the following:

• Initializing HO to any neighbor BS;
• Deciding not to initiate any HO.

In this paper, we trained an RL agent from scratch and also explored the possibility
of further training a pre-trained RL agent. Training was conducted on 60 episodes. The
results were averaged over 10 runs with randomly generated fading and user locations in
the initial route zone.

To pre-train the model, data obtained during a baseline HO could be used, which
significantly reduced training time. In this case, the action chosen by the RL model is
replaced by the action chosen by the baseline HO.

3. Results
3.1. Simulation Setup

Network Simulator 3 (ns-3) is chosen as the simulation environment. All scenarios
consisted of non-standalone 5G NR networks. Management LTE BS has a very low radiated
power to simulate a homogeneous 5G network scenario. All 5G BSs have the same radiated
power and the same channel bandwidth. The simulation is conducted with two 5G BSs;
the main simulation scenario parameters are presented in Table 1.

A total of three simulation scenarios are considered, which are shown in Figure 6. In
the first scenario, users move from left to right from the service area of BS 1 toward BS
2. The main goal of this scenario is to test the operation of the proposed algorithm under
normal network conditions.

https://doi.org/10.3390/inventions11010008
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Table 1. Scenario parameters.

Parameter Name Value

Number of BSs 2

Number of UEs with high mobility 5

Number of static UEs (scenario 3) 10

Transmit power of BSs, dBm 30

Channel model 3GPP Urban Macro

HO threshold for baseline algorithm, dBm 3

Antenna mode Isotropic

Center frequency, GHz 3.5

Channel bandwidth, MHz 20

Mobility model Constant velocity

HARQ transmission Enabled

RRC model Ideal

Traffic model UDP, 2.56 Mbps

Figure 6. Simulation scenarios. The dash-dotted line from left to right shows the user movement
in the first scenario. The dash line from top to bottom shows the user movement in the second and
third scenarios.

In the second and third scenarios, users move from top to bottom, moving within
the boundary of two cells. In this case, the baseline approach would expect a ping-pong
effect, characterized by a large number of handoffs between BSs in a short period of time.
The proposed algorithm is expected to reduce the ping-pong effect while maintaining the
overall system data rate.

The difference between scenarios 2 and 3 is that in the second scenario, only moving
users need to be served. In the third scenario, an additional load is added to the second
BS. This is performed using static users, the number of which is M = 10. In this case, the
proposed algorithm’s ability to account for BS load is tested.

https://doi.org/10.3390/inventions11010008
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It is assumed that the proposed algorithm will connect moving users to the first BS,
which has no additional load. Even if the signal strength of the second BS exceeds the
signal strength of the serving BS, the proposed algorithm will maintain service and will not
hand off users.

3.2. Results

Comparing the proposed algorithm with a classic (baseline) handover algorithm
allows for a more relevant performance assessment. Therefore, this article presents the
results of a comparison with the baseline HO algorithm based on Event A2 and Event A4,
which will be referred to as the A2A4 algorithm hereinafter. For the A2A4 algorithm, the
threshold value is set to 3 dB based on [45].

In the first scenario, users move from left to right, passing through the service areas of
two cells. The simulation results for the baseline A2A4 HO algorithm and the proposed RL
HO algorithm are shown in Figure 7. As we can see, at the boundary of the service areas of
two cells, some variance occurs in HO for the A2A4 HO case. This is due to the fast fading
that occurs at the cell boundary. As a result, the received signal exceeded the threshold
value several times, causing the user to HO from one BS to another.

 
Figure 7. Simulation results for scenario 1.

RL agent shows results similar to baseline HO—on average, about 5 HO against 1 HO.
It can be seen that no additional HOs occur at the cell boundary. At the same time, the data
transfer rate became smoother due to the absence of pauses in data transfer when initiating
multiple HOs.

In [18], the ping-pong HO rate is defined as the ratio of the number of ping-pong
HOs to the total number of successful HOs, excluding HO failures. In these scenarios,
unsuccessful HOs are not modeled. Therefore, for the baseline HO algorithm, the number
of ping-pong HOs is equal to 5, which is 100% of the ping-pong HO rate. These values
are calculated based on the MTS value equal to 1 s, according to [18]. For the proposed
algorithm, the number of ping-pong HOs is equal to zero.

Figure 8 shows the simulation results for a scenario of user movement along the service
boundary of two cells, from top to bottom. As in the first scenario, the RL agent reduces
the number of HO while responding to some short-term changes between the power levels
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of the two BS within a period of 6 to 7.5 s. In this case, the number of HO decreased by an
average of six times from 24 HO to 3–4 HO with a comparable average data rate.

Figure 8. Simulation results for scenario 2.

For the baseline HO algorithm, the number of ping-pong HOs is equal to 19 out of
22, which corresponds to the ping-pong HO rate equal to 86%. However, for the proposed
algorithm, the ping-pong HO rate is 33%, since there is only one ping-pong HO over the
total three HOs.

In the overloaded BS scenario, the RL agent initiates the HO procedure only at the
very beginning of the simulation (Figure 9). Even with a significant difference in signal
strength, HO is not initiated. However, the data transfer rate remains stable and high.

Baseline HO yields significantly inferior results. The number of HO in this case is
significantly higher, resulting in significant system signaling overhead and a lower average
data rate. To compensate for the low data rate, BS must allocate additional resources
between 8 and 10 s. This is characterized by a data rate peak, which places an additional
load on the scheduler and may impact QoS for other users, if any.

As in the previous scenario, the number of HO decreased, while the average data
transfer rate with the RL algorithm increased from approximately 7.5 Mbps to approxi-
mately 18 Mbps. The number of HO for the default case is about 40 per iteration against
1–2 HO for the RL case. The reason for the increasing data rate is fewer reconnections and
pauses in transmissions. Peaks in the data rate are triggered by the data stored in the buffer
for transmission. When we have no retransmissions, the base station provides additional
resources to transmit data.

For the baseline HO algorithm, the number of ping-pong HOs is equal to 26 out of the
total 30 HOs; the ping-pong HO rate is equal to 86%. For the proposed algorithm, there are
no ping-pong HOs at all.
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Figure 9. Simulation results for scenario 3.

4. Discussion
The proposed approach of separating users into groups based on their mobility pat-

terns leads to a simplified RL agent and makes it more specialized. Trained and specialized
agents are not suitable for other scenarios due to a very limited observation scope. Ap-
proaches presented on the state of the art have a much wider scope, so it improves their
generalization but also requires much more time for RL convergence. Further generaliza-
tion makes the RL model more suitable for a wide spectrum of different scenarios, but it
makes them less specialized and leads to lower performance compared to specialized mod-
els. Also, small pre-trained specialized RL agents can be easily scaled to high performance
system due to their simplicity and require a short time for convergence.

For future work, we plan to use a pre-trained RL agent based on prepared data to
reduce the number of iterations required for convergence. Also, as our main goal, we
are planning to conduct an investigation with multiple groups and a classification model
which can be used to choose a specialized RL agent. Furthermore, the mechanism for
activating the traditional handover algorithm should be considered. This would provide
more robustness in unexpected cases or when the performance of the RL agent is low, to
guarantee a good user experience. Moreover, an investigation into constraining a more
complex reward function for optimizing more KPI’s will be provided in the future.

5. Conclusions
This paper presented a possible application of RL-driven HO based on O-RAN ar-

chitecture and provided research on the effectiveness of specialized RL agents based on
the popular problem cases for mobility management. This concept is based on dividing
users into separate groups in accordance with their mobility patterns. A specialized RL
agent is assigned to these groups, which reduces the possible state space, as users have
similar patterns of environmental parameter changes. Based on this, RL agents must
solve more specialized cases. Then, the function approximating the action utility becomes
significantly simpler, which reduces the computational complexity and convergence time
of the RL model. As a result, the RL agent learned to ignore short-term dips in signal
strength, thereby avoiding the ping-pong effect. According to the results, we have a higher
gain in performance (data rate) and a significantly reduced number of handovers. In
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the case of an overloaded cell, during the training process, the algorithm developed an
“understanding” that switching to BS with a high RSRQ does not lead to an increase in data
transmission rate.
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3GPP Third Generation Partnership Project
4G Fourth Generation
5G Fifth Generation
6G Sixth Generation
AI Artificial Intelligence
ANN Artificial Neural Network
B5G Beyond 5G
BS Base Station
CPD Canonical Polyadic Decomposition
CHO Conditional Handover
CMAB Contextual Multi-Arm Bandit
DBSCAN Density-Based Spatial Clustering of Applications with Noise
DRL Deep Reinforcement Learning
DNN Deep Neural Network
DDRL Double Deep Reinforcement Learning
DDQN Double Deep Q-Network
FLC Fuzzy Logic Control
GPU Graphical Processing Unit
HM Hysteresis Margin
HO Handover
LSTM Long Short-Term Memory
LTE Long-Term Evolution
Near-RT Near-Real-Time
Non-RT Non-Real-Time
NR New Radio
ML Machine Learning
O-RAN Open Radio Access Network
PPO Proximal Policy Optimization
QoE Quality of Experience
QoS Quality of Service
ReLU Rectified Linear Unit
RIC RAN Intelligent Controller
RL Reinforcement Learning
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RSRP Reference Signal Received Power
RSRQ Reference Signal Received Quality
RT Real Time
SINR Signal-to-Noise and Interference Ratio
SL Supervised Learning
SNR Signal-to-Noise Ratio
TTT Time-to-Trigger
UAV Unmanned Aerial Vehicle
UDSC Ultra-Dense Small Cells
UE User Equipment
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