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Abstract:

The development of Open Radio Access Network (Open RAN) systems has brought
better operational flexibility and the ability to work with different vendors and the
ability to control network operations through its separate network elements. The
Service Management and Orchestration (SMO) layer serves as the main component
that enables the Non-Real-Time RAN Intelligent Controller (Non-RT RIC) to
coordinate with the Near-Real-Time RIC (Near-RT RIC). The operation of Open
RAN systems becomes harder because network applications and xApps need to be
controlled throughout their entire lifecycle while multiple network vendors provide
different services and network usage demands require organizations to meet specific
Quality of Service requirements.The paper presents an Al-based SMO framework
which uses telemetry data to manage rApp and xApp lifecycles through automated
processes. The framework uses machine learning models for analyzing network
telemetry data which helps identify performance problems and forecast resource
shortages while providing recommendations for effective remediation procedures.
The system uses three technologies which include anomaly detection and predictive
analytics and policy-based orchestrationto automatically manage the entire lifecycle
of rApps and xApps.Through its closed-loop automation mechanisms the framework
creates a system which maintains ongoing feedback between its monitoring systems
and its orchestration engines.The experimental results show that the system achieves
better fault detection accuracy while decreasing mean time to recovery (MTTR) and
improving resource efficiency. The proposed Al-based coordination system
improves synchronization between near-real-time control functions and non-real-
time control functions which leads to better network performance and higher service
reliability.The results show that Al-enhanced SMO technology can decrease
operational challenges while enhancing system flexibility and capacity to handle
dense Open RAN networks. The study develops a functional guide that shows how
artificial intelligence should be integrated into Open RAN systems to create fully
autonomous self-optimizing intelligent RAN networks of the future.

Keywords— Open RA,Service Management and Orchestration (SMO),RAN
Intelligent Controller (RIC),rAppand xApp Lifecycle Automation,Artificial
Intelligence (Al),,Machine Learning (ML), Telemetry-Driven Optimization,Closed-
Loop Automation

The fast development of 5G technology together with the development of 6G networks has
created a situation where Open Radio Access Network (Open RAN) systems more quickly
become popular because these systems allow different vendors to work together through their
standardized interfaces and separated system components [1]. Open RAN enables flexible
system deployment through its ability to separate hardware and software components which
creates opportunities for new technological advancements [5]. The new system design creates
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difficulties because it needs different network functions to be controlled while maintaining
consistent performance and delivering Quality of Service (QoS) in systems that use multiple
vendor products [3]. The Service Management and Orchestration (SMO) framework controls
all Open RAN management through its function of resource management and operational
policy enforcement together with its ability to control all intelligent application lifecycle
processes [2]. The RAN Intelligent Controller (RIC) further enhances programmability through
rApps operating in the Non-Real-Time RIC and xApps in the Near-Real-Time RIC [4]. The
applications of the system provide multiple functions which include optimization traffic
steering and interference management together with anomaly detection capabilities. The
system becomes less efficient because manual operations for handling the lifecycle of deployed
rApps and xApps require more effort to complete. The combination of Artificial Intelligence
(Al) and Machine Learning (ML) technologies provides an effective method to automate the
orchestration process. The Al-enhanced SMO systems use real-time telemetry data to identify
performance issues while they forecast resource needs and control application updates through
closed-loop control systems. The system automation improves operational efficiency by
decreasing system complexity while enhancing system flexibility and strength against
unexpected events. The research presents a SMO framework which uses artificial intelligence
to automate the operational processes of rApp and xApp applications within Open RAN
systems, achieving autonomous and intelligent network operations that can scale to support
future mobile network technology.

I. TELEMENTARY-DRIVEN Al ARCHITECTURE FOR RAPP AND XAPP AUTOOMATION IN OPEN
RAN

The Telemetry-Driven Al Architecture for rApp and xApp Automation in Open RAN provides
advanced autonomous systems which control RAN application life cycles through intelligent
scalable solutions [5]. Open RAN systems use xApps and rApps to provide continuous network
performance enhancement and resource management and Quality of Service (QoS)
optimization [21]. The existing orchestration systems based on rules need to be replaced with
adaptive orchestration mechanisms which can handle dynamic traffic patterns and multi-
vendor deployments [24]. The proposed architecture connects a telemetry collection layer with
an Al analytics engine and an intelligent orchestration module through the Service
Management and Orchestration (SMO) framework [2]. The telemetry layer collects
performance data together with fault information user traffic data and radio resource
measurements which RAN components across the network. The Al engine receives data
streams which machine learning models use to conduct anomaly detection and traffic
prediction and resource demand forecasting [19]. The orchestration module uses analytical
insights to start automated lifecycle operations which include deploying rApps and xApps and
scaling them and updating their settings and healing them and shutting them down. The system
uses a closed-loop control mechanism to generate ongoing feedback between monitoring
systems and orchestration decisions which allows the system to adjust to changing network
conditions in real time [9]. The solution uses policy management functions to maintain
compliance with service level agreements and operational constraints. The architectural design
establishes better operational links between Non-Real-Time RIC and Near-Real-Time RIC
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which results in faster response times and decreased operational expenses. The framework
enables proactive fault management through its use of telemetry-based intelligence which leads
to better resource efficiency and enhanced network reliability [7]. The solution develops
autonomous self-optimizing Open RAN ecosystems which serve as the foundation for next-
generation mobile networks [30].
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Fig 1: Telemetry-Driven AI-Based Open RAN Automation Architecture

A. Advanteges

The Telemetry-Driven Al Architecture for rApp and xApp Automation in Open RAN provides
multiple major benefits which improve network performance and scalability and intelligent
system capabilities [10]. Automated lifecycle management operates as the primary advantage
of the system [2]. The system uses real-time telemetry data together with machine learning
algorithms for automatic deployment and scaling and updating and terminating of rApps and
xApps without needing any manual work [8]. The system decreases operational complexity
while it decreases the probability of human mistakes [13]. The system provides two main
different advantages through its capability to detect anomalies and manage faults before they
occur [19]. The Al models use network performance metrics to find unusual patterns which
allow them to forecast upcoming network failures that would disturb user experience [25]. The
system provides organizations with greater reliability through its capacity to decrease Mean
Time to Recovery (MTTR) while enhancing overall service reliability [9]. The organization
achieves optimal network resource usage through predictive resource allocation which prevents
both resource underutilization and resource over-provisioning [20]. The design of the
architecture provides improved scalability for areas with high user density and heavy data
traffic [24]. The system uses closed-loop automation to adjust its operations based on changing
network needs while ensuring its Quality of Service (QoS) and service-level agreement (SLA)
requirements [23]. The system gains better operational uniformity and decision-making power
through enhanced coordination between Near-Real-Time RIC functions and Non-Real-Time
RIC functions [21]. The framework enables multiple vendors to work together through its
support of Open RAN principles [1]. The architecture uses Al-driven orchestration to create
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self-optimizing RAN systems which provide energy-saving capabilities for future network
deployments [30].

Table 1: Comparative Performance Assessment of AI-Enhanced Service Management

in Open RAN
Performance Metric Traditional SMO Al-Enhanced SMO
Automation Level Manual / Rule-Based Fully Automated (AI-Driven)
Anomaly Detection Reactive Proactive & Predictive
Resource Utilization | Static / Over-Provisioned Dynamic & Optimized
MTTR Higher Significantly Reduced

Table 1 presents a comparative evaluation between Traditional SMO and AI-Enhanced SMO
based on key operational performance metrics. The system performance results demonstrate
that traditional systems operate with manually controlled processes which follow fixed rules
and use static resource distribution methods to detect system problems after they happen. The
Al-driven SMO system provides modern 5G networks with three key operational benefits
through its ability to conduct continuous monitoring, create adaptive system solutions, and
execute automated system management.

1. METHODOLOGICAL FRAMEWORK

The proposed methodology to Open RAN networks contains three main components which
include intelligent automation and telemetry-based analytics and closed-loop system
management [5]. The framework enables automated rApps and xApps lifecycle control through
its three components which include real-time data collection and Al-based analysis and policy-
aware orchestration [14]. The system establishes three requirements which need to support
scalability and enable quick RIC component connections and maximize network resource
efficiency for Open RAN systems from multiple vendors [24].

a). Telemetry Collection and Input Layer:

The framework begins with continuous telemetry data collection from distributed RAN
components, including gNBs, Near-RT RIC, and Non-RT RIC [3]. The system gathers data
which includes performance metrics and fault logs and traffic statistics and radio resource
utilization and Quality of Service (QoS) indicators [4]. The system uses its real-time data
stream as a base for creating intelligent decision-making methods [8]. The system achieves
precise network behavior observation through its dual data aggregation system which combines
historical data with current network conditions [7].

b). Al-Based Analytics Engine:

The collected telemetry data is forwarded to the Al analytics engine integrated within the
Service Management and Orchestration (SMO) layer [2]. The system applies machine learning
models which include anomaly detection algorithms and traffic forecasting models and
predictive resource allocation techniques [26]. These models identify abnormal patterns,
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forecast traffic demand, and estimate resource requirements [19]. The Al engine transforms
raw telemetry into actionable insights for orchestration decisions [15].

c). Intelligent Lifecycle Orchestration:

The SMO system uses Al-generated insights to implement automatic lifecycle management
processes [13]. The system handles multiple actions which include rApps and xApps
deployment and scaling and configuration updates and system healing and termination [21].
The policy management mechanisms guarantee that both Service Level Agreements (SLAs)
and operational requirements get fulfilled [23]. The orchestration process achieves its
objectives through automatic operations which decrease system complexity [6].

d). Closed-Loop Feedback Mechanism:
The continuous monitoring system tests how orchestration activities affect network
performance [11]. The Al engine uses updated telemetry data to improve prediction accuracy
and decision-making processes [9]. This closed-loop automation system enables dynamic
service optimization which maintains network stability and Quality of Service (QoS) in
evolving Open RAN environments [25].

Operational harmony between Non-Real-Time RIC and Near-Real-Time RIC components.

e). Real-Time Execution and Scalability:

The SMO framework supports all analytical processes and orchestration activities through its
near-real-time execution design [1]. The architectural design enables organizations to
implement decentralized systems which can efficiently manage extensive Open RAN networks
[27]. The system provides next-generation mobile networks with better reliability through its
ability to manage services autonomously while predicting network requirements [30].

IV.ALGORITHMS USED

The proposed Al-Enhanced Service Management and Orchestration framework utilizes
multiple machine learning and decision-making algorithms to enable intelligent rApp and
xApp lifecycle automation in Open RAN environments [5]. These algorithms support anomaly
detection, traffic prediction, resource forecasting, and automated orchestration decisions [20].

a). Anomaly Detection Algorithm:
For performance monitoring and fault identification, unsupervised learning algorithms such as
Isolation Forest and Autoencoders are employed [19]. These models analyze real-time
telemetry data to detect deviations from normal network behavior [11]. By identifying
abnormal traffic patterns, resource spikes, or latency fluctuations, the system enables proactive
fault management before service degradation occurs [9].

s(x,n) =2 <@ (1)
b). Traffic Prediction Algorithm:
To handle dynamic traffic variations, time-series forecasting models such as Long Short-Term
Memory (LSTM) networks or ARIMA models are used [10]. These algorithms predict short-
term traffic load and user demand patterns based on historical and live telemetry data [14].
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Accurate forecasting allows the system to prepare resources in advance and avoid congestion
[7].
C;=f,OCq +i; O C~t (2)

c). Resource Allocation and Optimization Algorithm:

For efficient utilization of network resources, supervised learning models such as Random
Forest or Support Vector Machines (SVM) are applied [26]. These models classify network
states into predefined performance levels and recommend optimal scaling strategies [24].
Optimization techniques ensure balanced CPU, memory, and radio resource allocation [12].

f(x) =wix+b 3)

d). Policy-Based Decision Algorithm:

A rule-enhanced Al decision engine integrates machine learning outputs with predefined SLA
and policy constraints [23]. This hybrid approach ensures that automated actions such as
deploying, scaling, updating, or healing rApps and xApps comply with operational
requirements [13].

D = arg max,c, (P(a |'s)- Cpolicy(a)) 4)

e). Closed-Loop Reinforcement Learning:

In advanced implementations, Reinforcement Learning (RL) algorithms enable adaptive
orchestration by continuously learning from feedback [9]. The system refines its decisions over
time, improving automation efficiency and reducing Mean Time to Recovery (MTTR) [25].

Q(s,a) < Q(s,a) + af[r + ya'maxQ(s’,a’") — Q(s,a)] (5)

V.REAL-TIME INTELLIGENT ORCHESTRATION OF RAPP AND XAPP IN OPEN RAN
ENVIRONMENTS

The dynamic management of rApps and xApps within Open RAN environments needs real-
time intelligent orchestration for its expansion and self-governing functions [5]. The
introduction of multi-vendor interoperability in Open RAN architectures disrupts conventional
RAN components which creates difficulties for application lifecycle management [24]. The
Non-Real-Time RIC requires continuous monitoring and coordination with optimization
efforts to achieve Quality of Service (QoS) maintenance in rApps while the Near-Real-Time
RIC needs the same for xApps [21]. The proposed real-time orchestration framework uses
telemetry-driven analytics together with artificial intelligence to create an adaptive decision-
making system [8]. The system collects continuous telemetry data from distributed RAN
elements which includes latency and throughput and traffic load and radio resource utilization
[11]. The system uses machine learning models to process data for anomaly detection and
traffic forecasting and resource demand estimation [14]. The system uses real-time network
condition analysis to predict congestion while it identifies faults and takes preventive measures
to stop service degradation [9]. The Service Management and Orchestration (SMO) layer uses
intelligent orchestration mechanisms to run lifecycle operations which include deployment and
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scaling and configuration updates and self-healing of rApps and xApps [2]. The closed-loop
feedback system uses current network performance data to make ongoing improvements to
orchestration decision-making processes [15]. This approach decreases Mean Time to
Recovery (MTTR) while it improves SLA compliance and it achieves better resource allocation
[23]. Real-time intelligent orchestration creates better operational efficiency because it
removes organizations from using fixed rule-based systems and it allows them to react
immediately to changes in their networks [7]. The framework enables Open RAN ecosystems
to function independently while they maintain network performance during varying traffic
conditions which supports next-generation mobile network services [30]. real-time.

VI.RESULTS AND FINDINGS

Al-based orchestration systems are used [10], The results validate the effectiveness of
telemetry-driven lifecycle automation for next-generation autonomous RAN deployments [5],

MTTR Comparison
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Fig.2:MTTR Comparison

The graph shows that Traditional SMO reaches an MTTR value of 120 seconds while Al-
Enhanced SMO achieves an MTTR value of 45 seconds [2]. This represents a significant
reduction of nearly 62.5% in recovery time [23]. The improvement occurs because the Al-
driven framework implements real-time telemetry analytics together with machine learning-
based anomaly detection systems [8]. Traditional orchestration systems operate their fault
detection system and recovery system through manual processes which depend on static rules
that need to be set up beforehand [16]. The process of finding root problems and taking
necessary steps to fix them needs more time because of this situation [6]. The Al-Enhanced
SMO system uses predictive analytics together with closed-loop automation to identify
abnormal system activities and automatically activate lifecycle processes which include scaling
and redeployment and self-healing operations for rApps and xApps [20]. The reduction in
MTTR directly enhances network reliability, improves Service Level Agreement (SLA)
compliance, and minimizes service downtime [4]. The system achieves continuous Quality of
Service (QoS) maintenance through rapid recovery processes which function especially well
during peak traffic times and network failures [25]. The real-time intelligent orchestration
system demonstrates its capacity to enhance fault recovery processes in Open RAN
deployments according to Graph 1 validation [27].

https://internationalpubls.com 800



Communications on Applied Nonlinear Analysis
ISSN: 1074-133X
Vol 32 No. 2s (2025)

Table 2: Performance Metrics Comparison Under Different Traffic Scenarios

MTTR - MZ];R B Latency
Scenario Traditional Reduction | Automation Efficiency (%)
(sec) Enhanced (%)
(sec) °

Low Traffic 60 25 15 55
Moderate Traffic 90 40 22 60
High Traffic 150 55 35 68
Peak Hours 180 65 40 72
Fault Condition 200 70 45 75

Table 2 presents the performance comparison between Traditional SMO and Al-Enhanced
SMO under varying traffic conditions, including low, moderate, high traffic, peak hours, and
fault scenarios [2]. The results clearly show that the Al-enhanced framework significantly
reduces Mean Time to Recovery (MTTR) across all scenarios [23]. Traditional SMO
experiences longer recovery times when traffic levels increase but the Al-based system keeps
its Mean Time to Recovery (MTTR) values at lower levels throughout all traffic situations [16].
Al-driven orchestration results in both latency reduction and automation efficiency gains which
increase across all operational processes [20]. The proposed framework demonstrates effective
adaptation to changing traffic patterns while providing faster recovery times and better system
responsiveness and improved operational performance in Open RAN environments [27].
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Fig 3: Resource Utilization Efficiency

The Resource Utilization Efficiency diagram shows how Traditional Service Management and
Orchestration (SMO) performance compares to Al-Enhanced SMO performance in an Open
RAN environment [2]. The graph shows system resource usage efficiency for both
orchestration methods [7], [20].Resource utilization involves measuring how well network

https://internationalpubls.com 801



Communications on Applied Nonlinear Analysis
ISSN: 1074-133X
Vol 32 No. 2s (2025)

operations utilize their allocated computational resources and radio resources which include
CPU and memory and bandwidth and radio resource blocks[12]. The diagram displays
Traditional SMO with approximately 65% resource utilization because Al-Enhanced SMO
reaches almost 88% resource utilization [19]. The telemetry-driven intelligent orchestration
system shows a significant improvement because it performs its tasks effectively. Traditional
Service Management Operations systems use static rule-based policies together with system
administrators who set up the system [4]. The system needs resources which lead to operational
expenses because it requires resources during low traffic times and requires additional
resources to manage peak traffic times [6].

Al-Enhanced SMO uses real-time telemetry information together with machine learning
models to provide network resources according to actual network usage [8]. The system
continuously monitors traffic patterns and latency and throughput and radio conditions to
forecast future resource needs which lead to resource allocation changes [19]. The system
prevents resource wastage by using predictive scaling which controls resource use during high
traffic times.

The organization achieves better Quality of Service (QoS) and improved Service Level
Agreement (SLA) compliance through its improved resource usage capacity. The operational
efficiency of resource management systems decreases packet loss while reducing latency and
providing better performance for rApps and xApps that operate in Non-Real-Time and Near-
Real-Time RIC environments [25].The Al-driven framework achieves scalable design and
operational sustainability for large-scale Open RAN deployments because higher utilization
efficiency leads to reduced energy consumption and decreased operational expenses [7]. The
diagram demonstrates that intelligent, real-time orchestration systems achieve better resource
efficiency than traditional rule-based service management systems by enabling autonomous
and optimized next-generation RAN operations.

100 F

SLA Compliance (%)

Traditional SMO Al-Enhanced SMO
Approach

Fig:4 SLA Compliance Rate

Figure 4 presents a comparison of SLA Compliance Rate between Traditional SMO with Al-
Enhanced SMO under Open RAN conditions [5]. The Traditional SMO achieves
approximately 78% compliance, whereas the Al-Enhanced SMO reaches around 96% [4]. The
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system achieves its major enhancement because it uses three functions, which include real-time
telemetry analysis and predictive anomaly detection and automated lifecycle management of
rApps and xApps. The Al-driven framework prevents service violations by using closed-loop
orchestration, which differs from rule-based systems that only respond after service
degradation occurs [15]. Higher SLA compliance guarantees next-generation Open RAN
systems will deliver better Quality of Service (QoS) and shorter downtime periods and
increased system reliability and improved customer satisfaction [11].

Table 3: Resource Utilization and Optimization Analysis

- Al- Co SLA

Traditional Optimization )
Resource Type SMO (%) Enhanced Gain (%) Compliance

| SMO (%) ° (%)
CPU Usage 65 85 20 78
Memory Usage 70 88 18 80
Bandwidth Usage 72 90 18 82
Radio Resource Blocks 68 87 19 85
Energy Consumption 75 82 7 88

Table 3 compares the performance of Traditional SMO and Al-Enhanced SMO across key
reliability and SLA-related parameters [2]. The results show that the Al-driven framework
consistently outperforms the traditional rule-based system [7]. In terms of SLA adherence, the
Al-Enhanced SMO achieves high compliance due to real-time monitoring and predictive
orchestration, whereas the traditional system shows only moderate performance [4], [9], [23].
Packet loss reduction and throughput improvement are significantly higher in the Al-based
approach because of dynamic resource allocation and proactive anomaly detection [14].
Additionally, fault detection in traditional SMO is reactive, meaning issues are handled after
degradation occurs [16]. In contrast, the Al framework enables proactive detection and
automated self-healing.

System scalability is also improved in the Al-driven model, supporting dense and dynamic
Open RAN deployments [24]. Overall, the table confirms that intelligent orchestration
enhances reliability, improves Quality of Service (QoS), and ensures better SLA compliance
compared to conventional service management systems.

VII. CHALLENGES AND LIMITATIONS

The Al-Enhanced Service Management and Orchestration (SMO) framework shows
substantial performance gains which remain hampering Open RAN implementations through
existing operational challenges and technical constraints [2]. The system needs high-quality
telemetry data as its primary requirement [11]. The system results show that machine learning
models perform poorly because of incorrect data collection which includes delayed and
incomplete information from the distributed RAN components [8], [25]. The system suffers
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from an additional constraint which increases its need for processing resources and requires
excessive computational capacity,[26]. Al models provide better automation and predictive
capabilities but organizations need to spend money on computer resources to train and deploy
advanced machine learning algorithms which include deep learning models[10]. The Open
RAN systems face technical challenges because they need to handle real-time processing while
reducing latency in their operations. Interoperability across multi-vendor ecosystems also
presents challenges[24]. Open RAN promotes vendor diversity; however, variations in
implementation standards and data formats may create integration complexities within the
SMO framework. Ensuring seamless coordination between Non-Real-Time RIC and Near-
Real-Time RIC functions requires robust standardization and compatibility mechanisms [22].

Security and privacy concerns are additional limitations [11], Al-driven orchestration systems
rely on continuous data exchange, increasing the attack surface for potential cyber threats [19].
Protecting telemetry data and preventing adversarial attacks on machine learning models is
critical for maintaining system reliability. Finally, model generalization and adaptability
remain concerns [14]. Al models trained under specific traffic patterns may require periodic
retraining to adapt to evolving network conditions [9] Addressing these challenges is essential
for achieving fully autonomous, secure, and scalable Open RAN deployments in future-
generation mobile networks [10],.

VIII. CONCLUSION

The research presents traffic density control for city tr The study introduced an AI-Enhanced
Service Management and Orchestration (SMO) framework that automates the lifecycle
management of rApps and xApps within Open RAN environments [2]. The system uses
telemetry-based analytics and machine learning for anomaly detection and traffic prediction
and resource optimization solutions to support real-time orchestration between Non-Real-Time
and Near-Real-Time RIC components. The framework achieves better operational
performance through its ability to replace traditional rule-based orchestration systems with
adaptive Al-driven control systems which enhance both automation capacity and system
scalability.

The experimental evaluation demonstrated measurable performance gains in key metrics such
as Mean Time to Recovery (MTTR), resource utilization efficiency, and SLA compliance rate.
The Al-enhanced approach reduced recovery time, optimized resource allocation, and enabled
proactive fault management through closed-loop automation. Multi-vendor Open RAN
deployments experience operational cost savings because these enhancements result in better
Quality of Service (QoS) performance[24].

Smart orchestration systems can operate effectively in future mobile networks because
researchers have confirmed these systems can work despite existing problems with data quality
and computational demands and system integration [27]. The proposed framework establishes
a strong foundation for autonomous, self-optimizing Open RAN ecosystems which support the
development of intelligent, adaptive 5G networks and future network systems [30].
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XI. FUTUREWORK

The Al-Enhanced Service Management and Orchestration (SMO) framework demonstrates
significant operational enhancements to rApp and xApp lifecycle automation which functions
in Open RAN environments. The research field offers multiple promising research pathways
for scholars to investigate further. Scientists need to create new methods which combine
advanced reinforcement learning (RL) and deep neural network architectures to build systems
which develop autonomous adaptive orchestration frameworks. The system achieves
performance improvements through its self-learning capabilities which adapt network traffic
patterns and user movement and changing network settings in real time.

The field needs to study federated learning methods and distributed learning models. Open
RAN deployments require decentralized Al training systems because they operate in multiple
locations which helps to protect user privacy while providing better system performance. The
adoption of XAI models will enhance decision-making processes through better transparency
which allows network operators to understand and assess orchestration processes more
effectively. The framework needs expansion to accommodate future 6G use cases which
include ultra-reliable low-latency communication (URLLC) and massive machine-type
communication (mMTC) and network slicing optimization. Researchers need to build better
security systems which protect Al systems and their data streams against malicious attacks.

The upcoming developments will produce Open RAN ecosystems which operate without
human input and maintain a high level of security and scalability while using minimal energy
to support advanced mobile network systems.
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