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I. INTRODUCTION 
obile communication has advanced from the early analog 
first-generation (1G) systems to the advanced capabilities of 

fifth-generation (5G), with sixth-generation (6G) on the horizon. 
These changes have led to significant shifts in how networks are 
designed and operated [1]. Over time, traditional Radio Access 
Network (RAN) designs have struggled to keep up with rising 
demands for flexibility, scalability, and cost efficiency. To 
overcome these challenges, the Open-RAN (O-RAN) was 
introduced as a new architectural model. O-RAN focuses on 
openness, intelligent control, and interoperability [2].  
Formed in 2018, the O-RAN Alliance launched the Open RAN 
initiative as a new approach to rethink traditional RAN designs. The 

purpose of this is to disassemble the previous ‘system structure’, 
which is still held intact by standardized interfaces and open 
communication protocols [3]. O-RAN, through the separation of 
hardware and software as well as interoperability of equipment from 
different vendors, creates an environment for innovation that reduces 
dependence on a single supplier and enables cheaper network 
deployment [4]. The Near-Real-Time RAN Intelligent Controller 
(RT RIC) and Service Management and Orchestration (SMO) 
platform are key components introduced by this architecture that can 
improve how the RAN is programmed, managed, and optimized [5]. 
The O-RAN architecture consists of a radio domain and a 
management domain architecture. The radio architecture contains 
four significant elements. The O-RU is responsible for low-level 
physical (PHY) layer functions and radio frequency (RF) signals. 
The Open Distributed Unit (O-DU) handles MAC, RLC and High-
PHY layer-related tasks. The O-CU-CP handles control signaling, 
while the O-CU-UP is for user data traffic [6]. In operational terms, 
the Service Management and Orchestration platform is responsible 
for controlling and optimizing the network. The SMO’s Non-Real-
Time RIC (Non-RT RIC) leverages the A1 interface to facilitate 
long-term policy enforcement and the training of Artificial 
Intelligence (AI) and Machine Learning (ML) models. 
Simultaneously, the Near-Real-Time RIC (Near-RT RIC) facilitates 
faster decision-making by hosting dynamic xApps that interact 
directly with the O-DU and O-CU for optimization purposes [4]. 
The O-RAN is driven by several intersecting demands. The growth 
of mobile data is accelerating rapidly, driven by new applications 
such as augmented reality, ultra-high-definition video streaming, 
and the IIoT network. Thus, demand for low latency and intelligent 
resource allocation is growing [7]. Operators are under mounting 
pressure to achieve lower operational costs while retaining the 
same level of quality of service (QoS). Also, the proprietary, closed 
designs of conventional RAN platforms have historically 
hampered innovation and limited flexible large-scale deployments 
[8]. O-RAN tackles these issues by enabling intelligence based on 
AI and ML through open interfaces while supporting adaptation 
and optimization at both the local and network-wide level [9]. 
Despite the architecture, O-RAN’s failure to load balance is an 
issue. When the O-RUs traffic is imbalanced, it can lead to poor 
user experience, increased latency, and inefficient spectrum use. 
Most load-balancing techniques leverage either a handover policy 
based on signal strength or a fixed threshold. These do not respond 
to any real-time traffic or mobility changes [10-13]. Centralized 
control approaches are more coordinated, but they are prone to 
latency and scalability issues in large-scale heterogeneous 
networks [14]. While recent works explore the use of 
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reinforcement learning and federated learning for resource 
optimization in O-RAN, most such approaches remain limited. 
Centralized RL techniques face limitations in latency and 
scalability in large deployments [15], while multi-agent RL 
solutions allow local adaptation but typically lack coordination, 
leading to inconsistent results [16]. Existing federated learning 
approaches have focused on slice-level orchestration or static 
allocation [17-19], but not on those that account for mobility-
driven handover events. More recent papers also point out that the 
lack of mobility adaptation ultimately limits the efficiency of FL-
based schemes under realistic O-RAN conditions [20, 21]. The 
identified gaps demonstrate the need for a mobility-aware 
federated load-balancing mechanism that guarantees scalability, 
privacy and responsiveness in a real-world O-RAN scenario. This 
paper analyzes the dynamic and intelligent load balancing 
challenge in an O-RAN-based 5G Network and beyond. 

 Federated Reinforcement Learning (FedRL) framework offers a 
formulation in which distributed agents associated with an O-RU 
make local decisions on handovers and load distribution. These 
decisions depend on the current states within the network. Federated 
learning has agents synchronizing their models periodically using 
the Near-RT RIC, allowing learning without exchanging data. The 
purpose of this research is to enhance load balancing performance 
while ensuring scalability, adaptability, and user privacy. We use a 
synthetic mobile network scenario to generate a detailed dataset. 
Each record in the dataset contains information on user mobility, 
radio signal quality, and local cell load. FedRL is assessed using 
basic metrics such as Max-to-Min Load Difference, Handover 
Failure Rate, and Ping-Pong Occurrences, compared with 
centralized and multi-agent RL. Most centralized RL approaches 
assume global state observability (i.e., all agents are fully observable) 
and that centralized control involves only a single-point control 
decision. Also, classic multi-agent RL schemes operate 
independently without coordination. However, the proposed FedRL-
O-RAN framework proposes coordinated yet decentralized learning 
for mobility-aware handover optimization. The main contribution of 
this work is threefold. First, rather than directly selecting the target 
cell to handover, the approach formulates the handover control as 
A3-offset learning. Second, the basic building block of this approach 
is tabular Q-learning implemented at each O-RU to keep 
computation simple and easy to understand. Finally, the learning 
mechanism employs federated Q-table aggregation at the Near-RT 
RIC to achieve consistency in their handover policies without 
disclosing any user data. This combination enables scalable, privacy-
preserving, mobility-aware load balancing within the operational 
constraints of O-RAN. The principal contributions of this paper are 
summarized as follows: 

• Development of distributed Q-learning agents, one per O-
RU, synchronized by means of federated averaging through 
the Near-RT RIC. 

• Inclusion of signal quality, cell load, and user mobility 
context in the state inputs that make the decision. 

• The development of the MATLAB multi-cell simulation 
framework, which includes interference, mobility, and 
dynamic traffic and is evaluated against rule-based, 
centralized RL, and MARL baselines. 

The rest of the paper is organized as follows. Related work is 

discussed in Section II; Section III presents the system model 
architecture and methodology; Section IV presents all the 
simulation parameters and metrics; Section V highlights the 
main findings and results; and finally, conclusions are drawn in 
Section VI. 

II. RELATED WORKS 
Intelligent load balancing and handover optimization are 

playing a central role in O-RAN and C-RAN performance, 
especially with the integration of reinforcement learning and 
federated learning. As network densification increases and 
mobility becomes more dynamic, intelligent decision-making 
mechanisms are increasingly required to maintain fairness, 
throughput stability, and handover reliability.  

From a centralized optimization perspective, Pamuklu et 
al. (2021) present an RL-based strategy for adaptively 
managing function splitting between CU and DU 
components in disaggregated O-RAN settings, aiming to 
minimize operational costs in energy-constrained scenarios 
[23]. Ali (2025) showed that when using centralized learning 
strategies in C RAN environments, it improves energy 
efficiency and spectral efficiency and reduces BBU 
centralized deployments’ handover failure rate [24]. 
Researchers have studied DDPG-based reinforcement 
learning techniques for dynamic optimization of handover 
parameters in dense 5G scenarios, which can minimize ping-
pong effect and handover failure rate [25]. Gupta and others 
in (2021) implemented joint load balancing and handover 
optimization with deep RL in a multi-band LTE/5G network. 
They showed improved stability and throughput for the 
network [26]. Centralized methods make use of global 
observability and coordinated decision making, which 
allows optimization objectives for the whole system to be 
included in learning directly. Nevertheless, difficulties when 
it comes to scaling and signaling could arise for these 
techniques in large O-RANs, especially when rapid mobility 
dynamics require low-latency local adaptation. 

Orhan et al. (2021) presented a Graph Neural Network-
based RL xApp for intelligent user association of the O RAN 
RIC to move towards distributed and multi-agent learning 
approaches. The RL xApp from Orhan et al. manages to 
achieve 20 to 45% gains in load balancing in comparison to 
greedy baselines [15]. In the context of O-RAN, Lai et al. 
(2023) designed mmLBRA, a multi-agent, multi-armed 
bandit-based scheme which effectively balances load among 
O-RUs [16]. Several additional works [16, 18, 26, 27] 
propose multi-agent systems or hierarchical FL structures 
for distributing decision-making in O-RAN. When each 
entity learns from its local environment, then the overall 
entity can respond to heterogeneous traffic and centralized 
bottlenecks can be reduced. However, many do not perform 
a structured policy synchronization across their O-RUs, or 
rely on centralized inference components. This may detract 
from achieving consistent global fairness, and lead to 
unstable performance as traffic patterns change rapidly 
across neighboring cells. 

In O-RAN, collaborative optimization that protects privacy 
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may be possible with federated learning. Zhang et al. (2022) 
designed algorithms for slice-aware xApps coordination based 
on federated deep reinforcement learning (FedDRL) [17]. A 
federated deep Q-learning xApp for 5G load balancing was 
developed by Lin et al (2024), which improves throughput and 
protects privacy [28]. The authors of reference [29], Cao et al., 
designed a federated DQN access control mechanism in O RAN 
by using UCB-based UE selection to maximize long-term 
throughput and minimize unnecessary handovers. Ahmed and 
colleagues developed a framework that utilizes federated DRL 
for distributed slice management to optimize O-RAN 
environments. Zhao et al. also proposed a multi-layer 
collaborative federated learning (MLCFL) scenario framework 
for next-generation (6G) O-RAN coordination. Extensions of 
this line of research include Elastic Federated Learning (EFL) 
which emphasizes federated RL for spectrum sharing in NTN 
deployments. The these work show that a federated 
coordination can trade-off between distributing the intelligence 
and increasing the performance of the system globally without 
interfering with the data locality. Nonetheless, several federated 
methods are primarily tailored for slice management, access 
control, or spectrum allocation, as opposed to fine-grained, 
mobility-aware, user-level handover optimization under 
dynamic load fluctuations. 

Frameworks that are hybrid and predictive have also been 
studied to improve adaptability. In 2023, Kavehmadavani et al. 
proposed a traffic steering solution using LSTM for edge-
centric O-RAN deployments [33] that will help in load steering 
based on traffic prediction. 

 Singh et al. (2023) introduces Cascade RL (CaRL) that 
leverages state-space decomposition across O DU layers to 
balance QoS trade-offs [34]. Semiari et al. (2025) proposed a 
graph-RL load balancing mechanism for QoS-guaranteed O 
RAN slices, allowing achieving consistent resource fairness 
under diverse traffic mixes [35]. These approaches may 
enhance both orchestration and predictive capabilities, but they 
often abstract away from direct control of mobility-driven 
handover parameters at the O-RU level. Instead, they focus on 
other coordination objectives at higher layers. 

While RL and FL have been used in the past for load 
balancing (LB) and handover (HO) optimization in O-RAN and 
C-RAN, a number of papers focus on global coordination, slice 
level allocation, static functional distribution etc. A constant 
limitation across these works is the limited introduction of real-
time user-level mobility adaptation to federated or distributed 
decision loops. A deployment with dynamic conditions in the 
speed of users, signal value, localized congestion and the like 
can lead to unfairness or ping pong occurrences if a mobility-
aware handover control is not used. 

Pamuklu et al. [23], for instance, work on dynamic function 
splitting without user mobility pattern or federated 
coordination. The authors Orhan et al [15] improve load 
fairness through RL-driven user association but do not consider 
explicit model-specific handover design nor distributed model 
synchronization. Lin and coworkers [28] propose a federated 
DQN framework. Their experiments, however, do not include 
dynamic handover logic nor do they use aggressive load 

conditions. Likewise, Zhang et al. [17] allocate resources across 
network slices, but not with any granular mobility-aware 
handover decision-making, while Cao et al. [29] access control, 
not adaptive handover parameter optimization.  

FedRL-O-RAN is a decentralized and user-centric 
reinforcement learning framework for dynamic handover 
optimization unlike the previous work. Every O-RU integrates 
a distributed Q-learning agent that leverages radio signal 
readings, user mobility patterns, and local cell load to formulate 
localized decisions. Through the near-RT RIC, periodic model 
synchronization occurs through federated averaging, which 
aligns all policies in the system without raw user data sharing. 
The proposed framework tackles a key limitation of previous 
works [15, 17, 28] by addressing the challenges of centralized 
global optimization and fully independent multi-agent control. 
It explicitly integrates mobility context into distributed learning 
with federated synchronization. 

III. METHODOLOGY 
Overall, although prior works have made contributions 

through architectural novelties or specialized learning schemes, 
FedRL-O-RAN provides a more holistic, scalable and privacy-
aware solution. This study directly integrates user mobility into 
federated coordination in a realistic O-RAN deployment which 
bridges important research gaps and offers a practical approach 
for intelligent handover management and load balancing in 5G 
and beyond the generations of networks. 

The issue of load balancing and handover control in O-RAN 
was formulated as a Markov Decision Process (MDP), with 
each Open Radio Unit (O-RU) acting as an independent 
reinforcement learning agent. Rather than directly choosing a 
target cell, each agent learns to modify the A3 handover offset. 
In this way, it is able to control handover aggressiveness, 
affecting load distribution. 

In each of O-RU i’s decision steps, O-RU i observes a locally 
constructed state that incorporates its own current load, the 
average SINR of its connected users and their average mobility 
speed. Consequently, the state of O-RU i is defined as: 

𝑠𝑠𝑖𝑖(𝑡𝑡) = [𝜌𝜌𝑖𝑖(𝑡𝑡), SINR𝑖𝑖(𝑡𝑡), 𝑣𝑣‾𝑖𝑖(𝑡𝑡)] (1) 

Where 𝜌𝜌𝑖𝑖(𝑡𝑡) denotes the current load of O-RU 𝑖𝑖, SINR𝑖𝑖(𝑡𝑡) 
represents the average SINR of the UEs served by O-RU 𝑖𝑖, and 
𝑣𝑣‾𝑖𝑖(𝑡𝑡) denotes the average mobility speed of its connected users. 
Together, these variables describe the load and mobility 
conditions within the cell. Since all state information is derived 
from locally available measurements, the representation 
remains compatible with the distributed nature of O-RAN 
operation. 

The continuous state variables were discretized before 
learning because tabular Q-learning requires a finite state space. 
The local load, average SINR, and average mobility speed were 
mapped into discrete state categories, enabling the agent to 
maintain a Q-table while preserving the information required 
for handover decision-making. This representation is 
compatible with the distributed operation of O-RAN. 

From the available action set, the agent selects an action 
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according to the observed state. 

𝑎𝑎𝑖𝑖(t) ∈ {-2, 0, 2}  (2) 

The value of the A3 handover offset controls the trigger 
margin corresponding to these actions, thereby influencing 
handover decisions. A handover occurs from a serving O-RU to 
a candidate O-RU only if the RSRP difference between the best 
candidate and the serving cell exceeds the configured A3 offset. 
When the offset is adjusted, the learning agent indirectly 
controls the aggressiveness of handover and load distribution. 

After taking an action, the agent receives a reward that 
reflects the impact of the selected A3 offset on local load 
conditions and handover stability. To ensure that decisions rely 
only on local information, the reward is computed at each O-
RU using only locally available information rather than 
network-wide load-balancing metrics. The reward of O-RU i at 
time t is defined as: 

𝑟𝑟𝑖𝑖(𝑡𝑡) = Δ𝐿𝐿𝑖𝑖local (𝑡𝑡) + 𝛽𝛽1𝐼𝐼success − 𝛽𝛽2𝐼𝐼failure − 𝛽𝛽3𝐼𝐼ping−pong
where 𝑟𝑟𝑖𝑖(𝑡𝑡) denotes the reward received by O-RU 𝑖𝑖 at time 

step 𝑡𝑡, and Δ𝐿𝐿𝑖𝑖local (𝑡𝑡) represents the improvement in the local 
load condition of O-RU i resulting from the selected action. The 
binary indicators 𝐼𝐼success , 𝐼𝐼failure , and 𝐼𝐼ping-pong  correspond to 
successful handovers, failed handovers, and ping-pong 
handover events, respectively. The weighting coefficients 
𝛽𝛽1, 𝛽𝛽2, and 𝛽𝛽3 control the contribution of each component to the 
overall reward. 

This reward formulation guides the agent toward actions that 
improve local load distribution while maintaining handover 
stability. The reward increases following successful handovers, 
while failed handovers and ping-pong events reduce it. 

Each O-RU employs a distributed reinforcement learning 
agent that uses tabular Q-learning to learn state-action optimal 
mapping. The Q-values are updated at each time step according 
to the standard temporal-difference update rule: 

𝑄𝑄(𝑠𝑠, 𝑎𝑎) ← 𝑄𝑄(𝑠𝑠, 𝑎𝑎) + 𝛼𝛼 [𝑟𝑟 + 𝛾𝛾max
𝑎𝑎′

 𝑄𝑄(𝑠𝑠′, 𝑎𝑎′) − 𝑄𝑄(𝑠𝑠, 𝑎𝑎)]  (4) 

Where 𝛼𝛼 is the learning rate, 𝛾𝛾 is the discount factor, 𝑟𝑟 is the 
observed reward, and max

𝑎𝑎′
 𝑄𝑄(𝑠𝑠′, 𝑎𝑎′) represents the maximum 

estimated future value over all possible actions. This update 
gradually refines the Q-table maintained locally at each O-RU, 
enabling the agent to learn an effective handover control policy 
over time. 

To enable collaboration without exposing raw user data, the 
agents engage in a Federated Averaging (FedAvg) process. 
After a set number of local training episodes, each O-RU sends 
its local Q-table 𝑄𝑄𝑖𝑖  to the Near-Real-Time RIC, which 
computes the global Q-table: 

𝑄𝑄global =
1
𝑁𝑁∑  𝑁𝑁

𝑖𝑖=1 𝑄𝑄𝑖𝑖 (5) 

The collected Q-table is then sent to all O-RUs, reinitializing 
their local agents, so that all O-RUs benefit from each other’s 
experiences. This speeds up learning network. It also aligns 
your policies and protects users. Thus, FedRL-O-RAN will 
function as a coordinated/context-aware decision system, which 

can enable load balancing and stable handovers in dynamic 
environments. This framework facilitates independent O-RUs' 
decision-making by leveraging federated learning to jointly 
enhance the optimization of policies without requiring central 
data collection. The overall system model is based on the O-
RAN architecture, an integration of FedRL to enable 
intelligence load balancing for 5G and beyond. The scheme 
comprises multiple O-RUs, a Near-Real-Time RIC, and 
centralized orchestration by the Service Management and 
Orchestration layer, as presented in Algorithm 1. 

 
Algorithm 1: Proposed FedRL-O-RAN  
Initialize local Q-table Qi for each O-RUi 
FOR round = 1 to R: 
  FOR each O-RUi in parallel: 
    FOR episode = 1 to E: 
      FOR each time t: 
       Observe state si 
       Select action at using ε-greedy policy 

   Apply ai(t) as the A3 offset for handover triggering 
   Execute association update and observe next state si(t+1) 
Compute local reward ri(t) using local load improvement, 

handover outcome, and ping-pong indicator 
   Update Qi using Q-learning Eq(4) 

       END FOR 
     END FOR 
    Upload Qi to Near-RT RIC 
  END FOR 
   Qglobal = (1/N) Σi Qi        # FedAvg aggregation 
  Broadcast Qglobal and update Qi = Qglobal for all O-RUs 
END FOR 

Return {Qi}, Qglobal 
 
In this approach, every O-RU creates a local Q-table capable 

of selecting an A3 offset. The Near-RT RIC uses FedAvg to 
aggregate Q-tables and shares global table to synchronize 
policy without UE data sharing. The simulation unfolds in discrete 
time steps of 1 second. At every interval, the mobility positions of users 
are updated first. The local state, si(t), for each O-RU, i, is computed 
from the aggregated statistics of the UEs served by that O-RU. The A3 
offset that is chosen will be activated, while handover decisions will be 
executed based on the trigger condition. When updates for all 
associations are completed for the current time step, the loads of all O-
RUs are updated, and the reward ri(t) is computed. Subsequently, a 
local update of the Q-table is performed at each O-RU. It ensures every 
agent’s state changes at the same time. 

IV. SIMULATION SETUP 
This part discusses the scenario, settings, and reference 

approaches used to assess FedRL-O-RAN. This paper outlines 
the simulation environment, provides details of data generation, 
the performance metrics utilized, and the baseline methods 
against which the proposed approach is compared. 

A. Simulation Environment  
The implementation of the suggested FedRL-O-RAN 

framework and its performance were evaluated in a MATLAB-
based simulation environment that emulates the operation of an 
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O-RAN-enabled mobile network. The simulated network 
consists of seven O-RUs uniformly and randomly distributed 
throughout the 500 m × 500 m service area. All O-RUs use the 
same settings for hardware and power transmission to achieve 
uniform coverage characteristics. Because this work primarily 
focuses on modeling load balancing and mobility-aware 
handover optimization, dynamic power consumption modeling 
is outside its scope. 

The simulation takes place in discrete time with a fixed 
sampling period of 1 second. At every time step, all O-RUs 
observe their local state information and simultaneously execute 
their decision updates according to the synchronization scheme.  

Every O-RU acts as an independent reinforcement learning 
agent utilizing tabular Q-learning. The learning configuration 
uses a discount factor of γ = 0.95, a learning rate of α = 0.001 
and an ε-greedy exploration policy that decays from 1.0 to 0.1. 

Through 50 communication rounds, federated learning is 
executed. After 10 local training episodes, each O-RU sends its 
local Q-table to the Near-RT RIC each round. To produce a 
global Q-table, the RIC combines the received Q-tables by using 
Federated Averaging (FedAvg), which is then sent back to all O-
RUs for the next round. Each O-RU will use local experience and 
knowledge along with the network-wide experience. 

All dataset used during training/testing is generated in the 
simulation environment itself. Every record represents the overall 
state of an O-RU at a specific timestep, including its load, the 
average SINR of served users, and the average user mobility 
speed. The label reflects the chosen A3 offset action. The reward 
is computed based on load balance improvement and handover 
outcome. Table 1 presents the features of the state; the definition 
of actions and the components of the reward. 

TABLE 1.
 STATE FEATURES, ACTION DEFINITION, AND REWARD COMPONENTS 

Category Name Description 

State Features Local load 
𝜌𝜌𝑖𝑖(𝑡𝑡) 

Number of UEs currently connected 
to O-RU 𝑖𝑖 

 Average SINR 
SINR𝑖𝑖(𝑡𝑡) 

Mean SINR of UEs served by O-
RU 𝑖𝑖 

 Average speed 
𝑣𝑣‾𝑖𝑖(𝑡𝑡) 

Mean mobility speed of UEs 
connected to O-RU 𝑖𝑖 

Action (Label) 
A3 offset 
𝑎𝑎𝑖𝑖(𝑡𝑡) ∈
{−2,0,2} 

Selected handover trigger margin 
controlling handover aggressiveness 

Reward 
Components Δ𝐿𝐿𝑖𝑖local (𝑡𝑡) 

Local load-improvement term after 
the selected action 

 
 

Indicators reflecting successful 
handover, failed handover, and 
ping-pong occurrence 

The simulation considers a dense small-cell O-RAN deployment 
covering an area of 500 m × 500 m with seven O-RUs. To evaluate 
scalability, additional deployment scenarios were examined by 
varying the coverage area and the number of O-RUs. The objective 
was to determine whether the proposed FedRL framework can 
maintain its load-balancing and mobility-management performance 
as the network size and density increase. The scalability scenarios 
considered in this study are summarized in Table 2. 

Scenario S2 examines the impact of increasing O-RU density 
within the original deployment area. Scenario S3 evaluates the 
effect of expanding the coverage area while keeping the number 

of O-RUs unchanged. Scenario S4 combines both factors. 
 TABLE 2

 SCALABILITY SCENARIOS USED IN THE EVALUATION 

Scenario Area (m × m) O-RUs 

S1  500 × 500 7 

S2 500 × 500 14 

S3 1000 × 1000 7 
S4 1000 × 1000 14 

B. Learning Algorithms 
In order to assess the performance of the proposed 

FedRL-O-RAN framework, performance comparison is 
conducted against three representative baseline methods, 
which correspond to a different philosophy for load 
balancing and handover decision of O-RAN networks. 
These baselines incorporate both learning-free heuristics 
and learning-based techniques for a fair and comprehensive 
evaluation. 

Rule-Based Load Balancing with RSRP (rLBRA): A 
heuristic approach whereby each UE connects to the O-RU with 
the highest Reference Signal Received Power (RSRP). Despite 
being easy and inexpensive, load imbalance often occurs due to 
some signal strong cells becoming congested while others 
remain under-loaded. 

Centralized Reinforcement Learning (Centralized RL): A 
unified global entity situated at the Near-Real-Time RIC is 
responsible for making handover and load balancing decisions 
for all O-RUs. It relies on aggregated network state information 
to facilitate these decisions. This centralization allows for 
consideration of global conditions by the agent but limits its 
response to rapid local changes and increases signaling 
overhead. 

Multi-Agent Reinforcement Learning (MARL): Every O-RU 
is an RL agent acting independently based on local observations 
without coordination. Such design is effective at local 
phenomena but does not result in an overall balanced loading 
on the network as a whole. 

The choice of these baselines is based on popular strategies from 
the literature, which allow direct performance comparisons of 
different decision-making paradigms, including static heuristics, 
coordinated, and uncoordinated agent learning-based models. 

C. Performance Metrics 
Following the description of the simulation setup and the 

evaluated algorithms, the next step is to define the performance 
metrics that capture multiple aspects of network performance. 

The first metric, Max-to-Min Load Difference, is used to 
quantify the imbalance in UE distribution across O-RUs, Let: 
ℬ = {𝑏𝑏1, 𝑏𝑏2, … , 𝑏𝑏𝑁𝑁} : the set of O-RUs (base stations), 𝒰𝒰(𝑡𝑡) =

{𝑢𝑢1(𝑡𝑡), 𝑢𝑢2(𝑡𝑡), … , 𝑢𝑢𝑀𝑀(𝑡𝑡)} : the set of active UEs (users) at time 𝑡𝑡, 
𝐴𝐴𝑗𝑗(𝑡𝑡) ∈ ℬ: the serving O-RU for the user 𝑢𝑢𝑗𝑗 at time 𝑡𝑡,  𝐿𝐿𝑖𝑖(𝑡𝑡) : the 
load (number of connected users) on O-RU 𝑏𝑏𝑖𝑖 at time 𝑡𝑡. 

We define load per O-RU as: 

𝐿𝐿𝑖𝑖(𝑡𝑡) = ∑  𝑀𝑀
𝑗𝑗=1 1{𝐴𝐴𝑗𝑗(𝑡𝑡)=𝑏𝑏𝑖𝑖} (6) 

Where 1{𝐴𝐴𝑗𝑗(𝑡𝑡)=𝑏𝑏𝑖𝑖} is the indicator function: 
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Equals 1 if user 𝑗𝑗 is connected to O − RU𝑏𝑏𝑖𝑖 , 
Equals 0 otherwise. 
Form the Load Vector. Construct the load vector at time 𝑡𝑡 : 

𝐋𝐋(𝑡𝑡) = [𝐿𝐿1(𝑡𝑡), 𝐿𝐿2(𝑡𝑡), … , 𝐿𝐿𝑁𝑁(𝑡𝑡)] (7) 

This vector represents the instantaneous load distribution across 
all O-RUs. Then, the maximum and the minimum load for t time 
will be:  

𝐿𝐿max(𝑡𝑡) = max
𝑖𝑖∈{1,…,𝑁𝑁}

 𝐿𝐿𝑖𝑖(𝑡𝑡) (8) 

𝐿𝐿min (𝑡𝑡) = min
𝑖𝑖∈{1,…,𝑁𝑁}

 𝐿𝐿𝑖𝑖(𝑡𝑡) (9) 

The instantaneous Max-to-Min Load Difference is given by: 

Δ𝐿𝐿(𝑡𝑡) = 𝐿𝐿max(𝑡𝑡) − 𝐿𝐿min(𝑡𝑡) (10) 

This value captures the degree of imbalance in the user 
distribution at a specific moment. To evaluate performance over 
the entire simulation period, the average load difference is 
calculated as 

Δ‾ 𝐿𝐿 =
1
𝑇𝑇 ∑  𝑇𝑇

𝑡𝑡=1 Δ𝐿𝐿(𝑡𝑡) (11) 

While the Max-to-Min Load Difference focuses on extreme 
values, the Load Standard Deviation captures the overall 
variability in UE distribution across O-RUs. Let 𝐿𝐿𝑖𝑖(𝑡𝑡) denote 
the number of UEs connected to O-RU 𝑖𝑖 at time step 𝑡𝑡, and let 
𝐿𝐿‾(𝑡𝑡) be the mean load across all 𝑁𝑁 O-RUs at that time step, 
computed as 

𝐿𝐿‾(𝑡𝑡) = 1
𝑁𝑁∑  𝑁𝑁

𝑖𝑖=1 𝐿𝐿𝑖𝑖(𝑡𝑡) (12) 

The load variance at time 𝑡𝑡 is then obtained by 

𝜎𝜎𝐿𝐿2(𝑡𝑡) =
1
𝑁𝑁 ∑  𝑁𝑁

𝑖𝑖=1 (𝐿𝐿𝑖𝑖(𝑡𝑡) − 𝐿𝐿‾(𝑡𝑡))2 (13) 

and the load standard deviation is given by 

𝜎𝜎𝐿𝐿(𝑡𝑡) = √𝜎𝜎𝐿𝐿2(𝑡𝑡) (14) 

To capture the overall behavior over the simulation duration, 
the average standard deviation is calculated as 

𝜎𝜎𝐿𝐿 =
1
𝑇𝑇 ∑  𝑇𝑇

𝑡𝑡=1 𝜎𝜎𝐿𝐿(𝑡𝑡) (15) 

In which T is the Total Number of time step. The lower 
values of 𝜎𝜎𝐿𝐿 mean that the loads are better balanced among the 
O-RUs as opposed to higher values indicating greater 
imbalance. This metric is a statistical view of variability and 
therefore provides additional information to the Max-to-Min 
Load Difference that uses extremes of a distribution. 

Using the first two load distribution measures, Jain 
proposes a Fairness Index (JFI) which is a normalized 
measure that reflects fairness with which the total 
available network resources are shared by all O-RUs. 
Contrary to Max-to-Min Load Difference and Load 
Standard Deviation that use absolute values, the value 
produced by JFI is bounded between 0 and 1. The values 
closer to 1 put depicts nearly perfect fairness. Let L i (t) 
represent the load of O-RU i at time step t, and N be the 

total number of O-RUs. At time t, Jain's Fairness Index of 
Jain is defined as. 

JFI(𝑡𝑡) = (∑  𝑁𝑁
𝑖𝑖=1  𝐿𝐿𝑖𝑖(𝑡𝑡))

2

𝑁𝑁⋅∑  𝑁𝑁
𝑖𝑖=1  𝐿𝐿𝑖𝑖2(𝑡𝑡)

 (16) 

The average fairness across the simulation is then: 

JFI = 1
𝑇𝑇 ∑  𝑇𝑇

𝑡𝑡=1 JFI(𝑡𝑡) (17) 

where 𝑇𝑇 denotes the total number of time steps. Higher JFI 
values reflect a more equitable distribution of UEs among O-
RUs, while lower values indicate uneven resource allocation. 

Overall network efficiency is evaluated using throughput, 
which reflects the aggregate data rate achievable under the 
prevailing load and channel conditions [36]. Let 𝑟𝑟𝑢𝑢(𝑡𝑡) denote 
the instantaneous throughput of user 𝑢𝑢 at time step 𝑡𝑡. The 
network throughput at time 𝑡𝑡 is: 

𝑅𝑅net (𝑡𝑡) = ∑  𝑈𝑈
𝑢𝑢=1 𝑟𝑟𝑢𝑢(𝑡𝑡) (18) 

where 𝑈𝑈 is the number of active users. Under equal resource 
sharing, per-user throughput is modeled as: 

𝑟𝑟𝑢𝑢(𝑡𝑡) = 𝜂𝜂𝜂𝜂log2⁡(1 + SINR𝑢𝑢(𝑡𝑡)) ⋅
1

𝑛𝑛𝑖𝑖(𝑢𝑢,𝑡𝑡)(𝑡𝑡)
 (19) 

where 𝜂𝜂 is the efficiency factor, 𝐵𝐵 is the available bandwidth, 
and 𝑛𝑛𝑖𝑖(𝑢𝑢,𝑡𝑡)(𝑡𝑡) is the number of users connected to the serving 
O − RU𝑖𝑖(𝑢𝑢, 𝑡𝑡).  

The average network throughput over 𝑇𝑇 time steps is: 

𝑅𝑅‾net =
1
𝑇𝑇 ∑  𝑇𝑇

𝑡𝑡=1 𝑅𝑅net (𝑡𝑡) (20) 

Higher 𝑅𝑅‾net  indicates better spectral efficiency under 
realistic sharing; Usually, the improvements occur when the 
SINR is enhanced. In addition, bottleneck or congestion is 
avoided via load balancing. 

 Another metric to calculate is the success rate (HSR) of 
handovers, which is the percentage of such attempts completed 
successfully without service interruption. We define Nsucc as the 
number of successful handovers during the simulation and Ntotal 
as the total number of handovers attempted. Method of 
Calculating HSR. 

HSR = 𝑁𝑁succ 
𝑁𝑁total 

 (21) 

The range of this metric is 0 to 1. Higher values are more 
reliable for maintaining a connection while mobile. A high HSR 
indicates that the handoff decision process, signaling, and 
resource allocation all function effectively in practice. 

The repeated hand-offs of users between cells may lead to 
inefficient mobility, even when the cell is quite successful. This 
term refers to the Ping-Pong Rate (PPR). To allow for its 
calculation, let Npp denote the total number of detected ping-
pong events and Nsucc the total number of successful handovers. 
The measurement has the following: 

PPR = 𝑁𝑁pp
𝑁𝑁succ

 (22) 

PPR low values denote more stable handover decisions as 
users often do not oscillate between cells unnecessarily. In 
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balanced networks, the ping-pong rate is likely to be low when 
the success rate is high for proper mobility management. 

V. RESULTS AND DISCUSSION  
The proposed FedRL-O-RAN framework evaluation is 

structured on 2 categories of performance indicators. The first 
classification aims to assess the efficiency of load balancing 
using parameters such as Max-to-Min Load Difference, Load 
Standard Deviation, and Jain’s Fairness Index (JFI), which 
measure the uniformity and temporal stability of user 
distributions across O-RUs. The 2nd category is user-experience 
quality. This is measured using Throughput, Handover Success 
Rate (HRS), and Ping-Pong Rate (PPR). The first metric we 
consider is the maximum-to-minimum load difference, which 
measures the difference in UE load distribution across O-RUs 
at each time step. A low value indicates a more balanced load 
across the network, whereas a high value indicates severe 
congestion in some cells and underutilization in others. In an O-
RAN environment, when load distribution is uneven, spectral 
efficiency decreases. Moreover, Quality of Service (QoS) also 
suffers due to uneven loads. Figure 1 shows the allocation of 
the distributed resource for single- and mixed-load types. 

The figure shows a small average difference and a tight 
variability range, indicating a consistently balanced distribution 
of the UE. On the other hand, the static, signal-strength based 
association policy of rLBRA produces the widest spread. 
Although centralized RL and MARL yield moderate gains, they 
still occasionally experience imbalances. The FedRL remains 
stable because it builds on locally adaptable decisions, followed 
by a global model sync to handle congestion. 

 
We also analyze the Load Standard Deviation, which reflects 

the overall variability in load allocation across the O-RUs over 
time in addition to extreme-value differences. Lower values 
indicate enduring fairness and minor fluctuations, which are 
vital for sustaining network performance. Figure 2 displays 
comparative boxplots illustrating the Load standard deviation. 
Our framework has the lowest average standard deviation, 
coupled with a very compact interquartile range, indicating a 
stable, properly distributed load. The rLBRA methodology 
exhibits the greatest variability due to its frequent overload of 
strong signal cells. 

 
Models for single-agent forecasting of future service supply 

and demand have been developed. The special characteristic of 
FedRL is that it can respond quickly to local model change 
while synchronously and coherently updating the global policy. 
It preserves transient stability when a delay in the onset of load 
increase occurs. To measure the fairness in the allocation of 
resources Jain’s Fairness Index (JFI), which is a normalized 
measure and varies from 0 to 1, with closer to 1 being more fair. 
With high fairness, no particular subset of users has consistently 
worse performance (Figure 3). 

The fairness values of the proposed FedRL algorithm exceed 
0.95 for all simulation sets. Thus, FedRL can produce more 
reliable fairness values than the baseline methods. The rLBRA 
method results in the lowest fairness values. This is because the 
static, signal-strength-driven association overutilizes some O-
RUs and underutilizes others. While centralized reinforcement 
learning  (RL) enhances rLBRA, its response to localized 
variations is sluggish. 

In contrast, multi-agent RL (MARL) allows local adaptation 
but lacks coordination between agents, leading to unequal 
outcomes. FedRL is superior and fairer than prior work due to 
its two-tier architecture. In particular, it achieves local learning 
sensitive to the cell's conditions, while the global model aligns 
resource-sharing strategies across the network. 

 
 

 
 
FIGURE 1 the boxplot for the Max-to-Min Load Difference across all 
evaluated approaches 
 
 
 
 

 
 
FIGURE 2 the comparative boxplot for the Load Standard Deviation 
among the evaluated methods 
 

 
 
FIGURE 3 JFI distribution for all compared methods  
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While these performance results reinforce FedRL's ability 
to achieve even, stable load distribution, it is noteworthy that 
load balancing alone cannot guarantee a good end-user 
experience. Consequently, the evaluation of user-experience 
metrics, Throughput, Handover Success Rate (HSR) and 
Ping-Pong Rate (PPR) will be done to find out the practical 
advantage of balanced resources. 

Throughput is defined as the total data rate of all active 
users under prevailing load and channel conditions. Higher 
throughput means better spectrum utilization and better 
quality of service (QoS), while stability over time indicates 
robustness against mobility and traffic. 

 As shown in figure 4, the practical impact of load 
balancing on a given metric can be easily gauged. 
Throughput assessment results indicate that the median 
values for FedRL were the highest while exhibiting the 
lowest variability, showcasing its broad adaptability. The 
rLBRA method has the least performance and shows a lower 
median and higher variance efficiency due to congestion in 
strong signal cells. Centralized RL and MARL achieve 
moderate performance improvements, with MARL slightly 
better due to faster adaptation to local changes. FedRL's 
better performance is due to its balanced load distribution, 
reduced unnecessary handovers, and consistent maintenance 
of good SINR values. 

 

Handover Success Rate is the ratio of handover attempts 
completed successfully without service interruption. The 
higher the value, the more reliable the mobility management; 
the lower it is, the more likely it may signal problems with 
decision-making, signalling, or resource assignment during 
handovers. In dynamic O-RAN deployments, consistently 
high HSR is essential to maintain user connectivity without 
interruption. According to Figure 5, this metric allows direct 
comparison of the reliability of different decision-making 
strategies.  

According to HSR results, FedRL maintained values of 
85% to 88%, the highest among the compared schemes, 
while rLBRA, Centralized RL, and MARL cluster at 75% to 
80%. Thus, it can be inferred that rLBRA’s limited 
performance stems from its static association policy, which 
fails to account for real-time mobility and load variations. 
Although MARL and Centralized RL improved on reactive 

agents, neither used advanced hyperparameter tuning 
(Centralized RL) or coordination among agents (MARL). 
FedRL combines a context-aware local decision-making 
process with an infrequent global policy update mechanism. 
Thus, timely and stable handover execution becomes 
possible with lower failure rates. 

The Ping-Pong Rate (PPR) quantifies the proportion of 
handovers that quickly reverse, returning a UE to its 
previous serving cell within a short interval. High PPR 
values indicate instability in mobility management, leading 
to unnecessary signaling, increased latency, and degraded 
quality of experience. Reducing this metric is essential to 
ensuring smooth, efficient handover operations. As 
illustrated in Figure 6, PPR provides a measure of handover 
stability across the evaluated methods. 

 

 
According to the PPR analysis, we achieve the lowest median 

value with the most compact distribution. This indicates that 
our handover decisions are stable and well-judged. The rLBRA 
method shows the most ping-pong effect, caused by a static 
signal-threshold trigger that reacts to transient fluctuations and 
does not take the user trajectory into account. MARL 
outperforms Centralized RL on this parameter, as it effectively 
adapts to local mobility patterns. However, it lacks 
coordination, making it less consistent than FedRL. The edge 
of the FedRL over other methods is its own reward function, 
which discourages instability in Handover. Other is the O-RU 
of neighboring it, aligned in policy, so it helps avoid discordant 
action. The recommended FedRL-O-RAN framework naturally 

 
 
FIGURE 4 comparative throughput distributions for the evaluated 
methods. 
  

 
 
FIGURE 5 comparative HSR performance for all evaluated methods 
 

 
 
FIGURE 6 The comparative PPR results for all evaluated methods 
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aligns with the Near-RT RIC architecture in the O-RAN 
standards from a deployment viewpoint. The signaling 
overhead for federated updates is still relatively modest, as each 
O-RU only needs to send its compact Q-table rather than raw 
user data, as in centralized state collection. In addition, the 
aggregation function at the Near-RT RIC consists of simple 
averaging operations, which scale linearly with the number of 
O-RUs that join the process. As a result, it leads to a low 
computation load that can be adopted in real-time RIC. As more 
devices are connected to the network, hierarchical or clustered 
aggregation approaches can further enhance scalability. 

To evaluate the scalability of the proposed framework, the 
deployment scenarios summarized in Table 2 were evaluated. By 
varying the number of O-RUs and the deployment area, the 
analysis examines whether FedRL can maintain its load-balancing 
and mobility-management performance as the network size 
increases. 

The scalability results presented in Table 3 show that the 
proposed framework remains effective across all evaluated 
scenarios. While larger deployment areas increase mobility 
complexity and user traversal distances, a higher number of O-RUs 
creates a denser handover environment. Despite these challenges, 
the federated learning mechanism maintains policy consistency 
across distributed agents, resulting in stable fairness, handover 
reliability, and load-balancing performance. 

Table 3 summarizes the scalability performance of the proposed 
FedRL framework under different deployment areas and O-RU 
densities. The results show that FedRL maintains a high level of 
fairness across all evaluated scenarios, with Jain’s Fairness Index 
remaining above 0.95. Likewise, the handover success rate remains 
close to 88%, indicating that the learned policy continues to make 
effective mobility-management decisions as the network scales. 

TABLE 3
 SCALABILITY PERFORMANCE SUMMARY 

Scenario O-RUs JFI ↑ HSR ↑ PPR ↓ Load Difference ↓ 

S1 7 0.968 0.879 0.032 8.04 

S2 14 0.964 0.881 0.031 8.71 

S3 7 0.962 0.876 0.034 9.12 
S4 14 0.959 0.878 0.029 9.93 

The load difference shows only a modest increase as the 
deployment area and O-RU density increase, indicating that the 
proposed federated learning framework continues to balance traffic 
effectively across neighboring O-RUs. Similarly, the ping-pong 
rate remains consistently low across all scenarios. Overall, the 
results demonstrate that the proposed framework scales effectively 
while preserving the fairness, mobility-management, and load-
balancing benefits achieved in the baseline deployment. 

VI. CONCLUSIONS   
The paper presents FedRL-O-RAN, a decentralized load-

balancing and handover-optimization framework for O-RAN-
enabled 5G and beyond networks. The use of distributed 
reinforcement learning via Q-learning agents at every O-RU 
which enables the agents to make context-aware decisions 
locally. Furthermore, periodic federated averaging enables the 
agents to coordinate their decision-making. Thus, this scheme 
facilitates local context-aware decisions while maintaining 

global policy alignment and data privacy. In a modelled multi-
cell O-RAN topology, FedRL achieved a reduction of more 
than 50% in load imbalance compared to rule-based schemes 
and 25% compared to centralized RL. Jain’s Index consistently 
indicates fairness above 0.95. The framework’s use further 
improved throughput by more than 15%, increased handover 
success rates by nearly 13% compared to the rule-based 
method, and reduced ping-pong events by 30 to 40%, thereby 
improving stability and signaling overhead. These benefits 
indicate that the system can provide balanced load distribution, 
fairness, and quality of service despite varying mobility and 
traffic. The proposed solution incorporates proven architectures 
and principles to build a scalable, agile foundation for 
intelligent RAN automation, while leveraging the flexibility 
and openness of next-generation architectures. In addition to 
showing improved performance, this project shows a practical 
path to integrate federated reinforcement learning into control 
loops using Near-RT RIC. The suggested architecture can be 
used for more detailed coordination tasks, such as multi-
objective optimization, energy-aware control, and slice-level 
orchestration, in B5G and 6G systems. Additional scalability 
experiments showed that the proposed FedRL framework 
continues to deliver effective load balancing and reliable 
mobility management as the deployment area and O-RU 
density increase. In the future, research can explore hierarchical 
federated aggregation (HFA), non-IID traffic scenarios, and 
integration with advanced antenna and beamforming models.  
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