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ABSTRACT

ARTICLE INFO

Article History: This research article explores the role and significance of Real-Time RIC (RAN Intelligent

Received: Controller) in the context of Open RAN architecture. Open RAN represents a paradigm shift in the
15.02.2024 telecommunications industry, aiming to disaggregate and virtualize network functions to promote
Accepted: interoperability, flexibility, and innovation. The Real-Time RIC, as a pivotal software component
30.02.2024 within Open RAN, plays a crucial role in orchestrating and optimizing radio resources in real-time.
Online: 13.03.2024 This article delves into the functionalities, architecture, and implementation considerations of the

Real-Time RIC, highlighting its capabilities in enabling dynamic network optimization, intelligent
traffic steering, and efficient resource utilization. Furthermore, the article discusses the challenges
and opportunities associated with deploying Real-Time RICs in diverse network environments,
emphasizing the need for standardization, interoperability, and performance optimization. Through
a comprehensive analysis, this research article aims to provide insights into the design, deployment,
and impact of Real-Time RICs in advancing the evolution of Open RAN architectures.

Keyword: Real-Time RIC, RAN
Intelligent Controller, Open RAN,
Network Orchestration, Resource
Optimization, Software-Defined
Networking

© The Author(s) 2024. Open Access This article is licensed under a Creative Commons Attribution 4.0 International License, which permitsuse,
sharing, adaptation, distribution and reproduction in any medium or format, as long as you give appropriate credit to the originalauthor(s) and the
source, provide a link to the Creative Commons licence, and indicate if changes were made. The images or other thirdparty material in this article
are included in the article’s Creative Commons licence, unless indicated otherwise in a credit line to the mate-rial. If material is not included in the
article’s Creative Commons licence and your intended use is not permitted by statutory regulation orexceeds the permitted use, you will need to
obtain permission directly from the copyright holder. To view a copy of this licence, visit http://creativecommons.org/licenses/by/4.0


mailto:imranwfld@gmail.com

157 Imran Khan

Introduction:

The journey of RAN evolution commenced with the introduction of VRAN [1], [2], aiming to implement RAN
functions entirely in software, compatible with Commercial Off-The-Shelf (COTS) servers. This approach pioneered
the disaggregation of RAN functions, separating the control plane from the data plane to facilitate scaling and
distributed deployment with cost efficiency. Subsequently, Cloud-Native RAN [3], [4] advanced the vRAN
implementation into microservices architecture, leveraging containerization for seamless deployment and scaling of
VRAN workloads. This evolution further enabled real-time orchestration, automation, and resource efficiency.

The advent of Open RAN [5] standardized open interfaces within the 5G RAN ecosystem, fostering co-existence
among ecosystem players and unlocking opportunities for new entrants. Moreover, it delineated specifications for
RAN intelligent elements, setting the stage for further innovation.

While 5G and beyond promise significant performance enhancements and scalability, unlocking their full potential
necessitates the evolution of service providers to deliver demanding use cases. This evolution entails the convergence
of software-defined network functions and loT/new services at the edge, employing a microservices-based deployment
model akin to cloud-native approaches. In this ecosystem, Artificial Intelligence (Al) emerges as a pivotal enabler,
facilitating intelligent services for loT and Enterprises while extending to network functions intelligence for
automation and operational cost reduction. Al empowers intelligent service delivery and network optimization,
demanding a comprehensive analytics framework to derive actionable insights in real-time for diverse use cases.

In this context, RAN intelligence introduces intelligent elements into the 5G RAN through the RAN Intelligent
Controller (RIC) [6]. RIC facilitates Al applications for automating network functions, thereby saving operational and
capital expenditure for telcos while enhancing Quality of Service (QoS).

This paper delves into the realm of RAN intelligence and introduces a Deep Learning-based solution for network
slicing in the RAN. This solution aims to transform 5G and beyond networks into not just connectivity providers but
also capable infrastructures hosting diverse services from multiple providers while meeting stringent SLAs. The
subsequent sections elaborate on our contributions, including related work on RAN intelligence, our framework for
automated and intelligent RAN slicing, Deep Learning-based solutions for traffic load prediction and radio resource
management, integration with ORAN RIC, test results, conclusions, and future work plans.

Literature Review

The evolution of Radio Access Network (RAN) architecture has led to the emergence of network slicing, a pivotal
concept in 5G and beyond networks, enabling operators to efficiently manage network resources and deliver
differentiated services at scale. This section reviews relevant literature in the domain of RAN slicing and discusses
the motivation for our proposed solution.

For radio resource management and coordination, several studies have addressed challenges such as inter-slice
interference and resource allocation in multi-cell multi-slice networks. For instance, [7] proposed a solution using
non-convex integer programming to reduce interference by swapping resource blocks between slices. Similarly, [8]
introduced a hierarchical RAN slicing framework, leveraging Transfer Learning to adapt to varying service priorities.
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Meanwhile, [9] tackled resource allocation and coordination through a bi-convex problem formulation, offering
algorithms to address dependencies between slices.

Dynamic slicing to meet Quality of Service (QoS) needs has been explored extensively. [10] employed Reinforcement
Learning algorithms to manage radio resources dynamically, while [11] focused on data-driven resource-sharing
algorithms at the Slice Orchestrator (SO) level. Additionally, [12] developed a deep learning model for real-time
optimization of network slicing, considering diverse user and service requirements.

Vertical solutions like RAN slicing for factory automation [13] and services like enhanced Mobile Broadband (eMBB)
and Vehicle-to-Everything (V2X) communication [14] have been proposed. These studies mainly address network
slice association but lack detailed consideration of algorithms or deployment perspectives.

Despite these contributions, existing research often focuses on specific aspects of RAN slicing, such as resource
management or QoS guarantees. Moreover, many rely on simulation for validation, necessitating real-world validation
for deployment in Open RAN (ORAN) architecture.

Our contribution enhances existing research by introducing Al-based algorithms for dynamic RAN slicing,
implementing them in an xApp following ORAN specifications, and integrating with an ORAN-compliant near-real-
time RAN Intelligent Controller (RIC). We offer a reference implementation for download, facilitating training of Al
algorithms with diverse datasets for various deployment scenarios.

Intelligent and Automated Slicing

Ensuring the fulfillment of end-to-end service level agreements (SLAS) negotiated between network slice service
providers and customers requires meticulous monitoring and automated configuration updates across all network
segments, including core, transport, and Radio Access Network (RAN). This paper focuses specifically on SLA
assurance within the RAN domain, catering to the diverse range of co-existing services managed by network operators.

We propose an intelligent network slicing resource management framework built upon the principles of the O-RAN
architecture [5], depicted in Figure 1. The O-RAN framework introduces the concept of a RAN Intelligent Controller
(RIC), which hosts RAN control functions as microservices known as xApps, facilitating cloud-native RAN
management. Our framework encompasses an intelligent network slicing radio resource manager implemented as an
XApp. This manager handles semi-static radio resource planning and dynamic slice-aware scheduling at the Medium
Access Control (MAC) layer.
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FISURE 1. Intelligent and automated RAM Slicing Framework.

The intelligent network slice radio resource management (NSRRM) xApp interacts with O-RAN compliant radio
access nodes through O-RAN E2 signaling, which is both received and transmitted via the near-real-time RIC.
Continuously monitoring RAN conditions and network slice SLAs, our NSRRM xApp utilizes RAN measurements
reported by the E2 Service Model (SM) for Key Performance Measurements (KPM) [16]. Subsequently, it calculates
appropriate RAN configurations to ensure slice SLAs are met.

One crucial aspect of RAN configuration for SLA assurance involves allocating dedicated or prioritized radio
resources to network slices. The 3GPP-defined Radio Resource Management (RRM) policy [17] outlines three types
of radio resource ratios: dedicated ratio, minimum ratio, and maximum ratio, which respectively reserve a portion of
the radio spectrum exclusively for a network slice, prioritize a slice's access to radio spectrum, and set the upper limit
on radio spectrum usage for a slice. Our NSRRM xApp computes RRM policies for each slice and communicates
these policies to O-RAN compliant RAN nodes via E2 signaling. Specifically, two E2 service models support the
configuration of RRM policies: E2SM RAN Control (RC) [18] and E2SM Cell Configuration Control [19]. In our
implementation, E2SM-RC is utilized to configure RRM policies for each cell.

The NSRRM xApp determines the quantity of radio resources to reserve or prioritize for network slice traffic usage,
while the slice-aware Medium Access Control (MAC) scheduler enforces the radio resource reservation or
prioritization rules provided by the NSRRM xApp. The MAC scheduling functionality, located at the layer-2 RAN
level within the gNB or distributed units (DU) in a centralized unit (CU)-DU split deployment, determines which data
flows are transmitted over the air for each radio resource block (RB). This dynamic adjustment of radio resource
allocation to each user optimizes performance based on channel conditions and the Quality of Service (QoS) target
for the flow. With network slicing, the MAC scheduler must be cognizant of slicing configurations and capable of
enforcing slicing-related configurations to ensure SLA compliance.
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Deep Learning-Based Approach

The intelligent RAN slicing manager comprises two essential components: traffic load prediction and radio resource
planning. The radio resource planning module determines the allocation or prioritization of radio resources for a
network slice based on the forecasted network slice load from the traffic load prediction module and the estimated
spectrum efficiency for users within the target network slice. User spectrum efficiency is estimated based on User
Equipment (UE) throughput and radio resource utilization measurements obtained through E2SM-KPM.

For traffic load predictions, we employed deep learning techniques. Traffic load data, such as Packet Data
Convergence Protocol (PDCP) data volume measurements, can be gathered via E2 messages for E2SM-KPM.
Depending on the Service Level Agreement (SLA) requirements, the time scale for traffic load prediction and the
design of the loss function may vary. To address this, we utilized the Intel Al Tool for time-series prediction, enabling
the development of a flexible training pipeline capable of processing data with various sampling granularities and
applying different loss functions for model training.

Figure 2 illustrates the detailed machine learning (ML) training pipeline facilitated by BigDL-Chronos [20],
encompassing the following stages:

- Data Preparation: Training and testing data are prepared as Time Series Dataset (TSDataset), with BigDL-Chronos
providing APIs to handle missing data, normalization, and feature generation, such as datetime and rolling features.

- Built-in ML Models: BigDL-Chronos supports multiple widely used time-series prediction models, including Long
Short-Term Memory (LSTM), Sequence-to-Sequence (Seg-to-seq), Temporal Convolutional Networks (TCN),
Autoformer, ARIMA, and more.

- AutoML.: BigDL-Chronos offers AutoTSEstimator for automatic hyperparameter tuning. The trained ML model is
saved as a Time Series Pipeline (TSPipeline) object.
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A machine learning (ML) model trained on historical traces with high prediction performance can be incorporated
into a rApp at non-real-time (non-RT) RIC or a XApp at near-real-time (near-RT) RIC.
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Table | provides a summary of the best root mean square error (RMSE) performance achieved by ML models trained
using the AutoML features in BigDL Chronos. Three candidate ML models were considered: Long Short-Term
Memory (LSTM), Sequence-to-Sequence (Seq2seq), and Temporal Convolutional Network (TCN). The models were

trained using data sampled at different time granularities from the public dataset obtained from the MAWI WIDE
project [21].

Data sampling rate | Optimal Model | RMSE (Mbps)
5 min Seq2seq 76.13
10 min TCN 63.57
15 min Seq2seq 61.74
20min LSTM 57.66
30min Seq2seq 56.48

Publicly available traffic datasets are typically sampled at minute-level granularity. We anticipate that the traffic load
prediction module, with a prediction timescale at the minute level, can be implemented as a rApp in the non-real-time
(non-RT) RIC. The output from the traffic load predictor can then be utilized for longer-term radio resource
coordination between multiple base stations. Furthermore, the cost of SLA violation can be integrated into the design
of the loss function for the cross-cell slice resource coordination problem during traffic load prediction.

In scenarios where traffic load variation exhibits short-term patterns, such as periodic wireless data exchange in factory

operations, traffic prediction at a shorter timescale can be applied in xApp for more effective radio resource adaptation
to load variation.

Figure 3 illustrates the throughput and delay performance with and without ML prediction for two delay-sensitive
slices with synthetic generated traffic patterns. The grey bars represent the optimal performance when ground truth is
provided for the radio resource planner. It is observed that ML prediction can significantly enhance delay performance,
although throughput performance is less affected by prediction accuracy.

BigDL Chronos offers flexibility for customized loss function design, which can be utilized to create different loss
functions when training the traffic predictor for various types of per-flow SLA targets.
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In the following section, we present the proof of concept we constructed with the traffic predictor module integrated
into the Near-RT NSRRM xApp. Figure 4 illustrates the data pipeline for traffic prediction inference and RAN-slicing
resource management xApp.
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FIGURE 4. Intelligent RAN slicing xApp data pipeline and ML
inference data pipeline for time series prediction model.

Implementation with near real-time ran intelligent controller (ric)

In this section, we detail the implementation of our solution within the Near Real-Time RAN Intelligent Controller
(RIC). We describe how the traffic prediction module is integrated into the RIC architecture to enable dynamic radio
resource management and network slicing.

The reference implementation offers the capability to test various services and use cases, including mission-critical
applications, real-time applications, AR/VR, and immersive media, before deployment in a 5G ORAN and beyond
network.

Additionally, we conducted testing of the reference implementation on an Edge Native Kubernetes-based node
utilizing the Intel® Smart Edge Open Developer Experience Kit (DEK) [23]. This setup optimized the deployment
for the compute-intensive workload of the xApp. Figure 5 illustrates an overview of the xApp deployment
architecture.

Single Node K8S SmartEdge Open Edge Node
SD-RANRIC pods

onos-
onos-cli  Onos-e2t  Onos-topo  consensus-store  onos-uenib  onos-config | ran-simulator

VEth vEth vEth VEth VEth VEth VvEth

i i i s

Kernel Networking

Calico CNI

* The NS xApp, BigDL, and pySDK are containerized using the Kubernetes framework for cloud-native
applications provided by Intel® Edge Native Platform.

* SD-RAN v1.4.129 is deployed on the Intel® Smart Edge Open Developer Experience Kit, supporting the E2SM
KPM service model v2.
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* Calico serves as the data plane, with Calico CNI being the default Container Network Interface (CNI) used for
communication between xApp pods, RAN simulator pods, and SD-RAN pods. Calico is optimized for high-
performance networking.

* The Network Slicing (NS) xApp interacts with the SD-RAN RIC using the Python SDK.

Tested Scenarios

The test environment comprises NSxApp 1.0, SD-RAN v1.4.129, and SD-RAN RAN Simulator v1.4.15, all
deployed as containerized pods on an edge-native Kubernetes-based node leveraging the Intel® Smart Edge Open
Developer Experience Kit (DEK). Please refer to Fig. 5 for an overview.

The tests were conducted using the SD-RAN RAN Simulator, which generated the following data:

* pdep_rate: Represents the average transmitted data throughput.

» Utilization: Indicates the average number of PRBs (Physical Resource Blocks) used to transmit traffic belonging to
a network slice.

* Volume: Refers to the incoming data volume of a slice.

Slice | Timestamp Pdcp_rate Utilization Volume

1 9/22/2023 115683.75 0.06 116225.25
9:09:41 AM

2 9/22/2023 265160.25 0.15 269996.85
9:09:41 AM

1 9/22/2023 115683.75 0.06 116225.25
9:09:42 AM

2 9/22/2023 265160.25 0.15 269996.85
9:09:42 AM

1 9/22/2023 115683.75 0.06 116225.25
9:09:43 AM

2 9/22/2023 265160.25 0.15 269996.85
9:09:43 AM

1 9/22/2023 149343 0.08 149993.25
9:09:44 AM

2 9/22/2023 450535.5 0.25 459510.3
9:09:44 AM

After retrieving the E2 nodes, the NS xApp subscribes to an E2 node using the E2SM-KPM service model. In our test
environment, the RAN simulator simulates one E2 node, one cell, and one UE. Once the subscription is successfully
established, the RAN simulator sends the aforementioned measurements in the form of E2SM-KPM indications to the
RIC, which then forwards these indications to the xApp. Upon receiving these indications, the xApp monitors the
measurements and, through the traffic load prediction and radio resource planning modules, calculates the PRBs for
each network slice. In this scenario, two network slices are utilized, as shown in Table I1.
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After determining the dedicated number of PRBs, a Control request for both slices is transmitted to the SD-RAN,
utilizing the E2SM-RC service model. Fig. 6 illustrates a sample of the predicted PRBs for slice allocation.

In the figure, the red box indicates that the target rate, as per the traffic load prediction, closely aligns with the actual
traffic data rate. Similarly, the yellow box demonstrates that the calculated PRB allocation closely matches the actual
PRB usage. The calculated PRBs are then sent as control requests to the SD-RAN for the two slices.

Conclusion:

Network Slicing stands as a pivotal technology in the realm of 5G and future networks, offering the potential for the
coexistence of various services while ensuring the requisite SLAs for each service. This paper's contribution centers
on RAN Network Slicing, presenting intelligent automated network slicing algorithms that leverage deep learning
techniques to construct an ORAN-compliant xApp tailored for these algorithms. A comprehensive reference
implementation was developed to showcase the integration and testing of the network slicing xApp with an ORAN-
compliant near-RT RIC sourced from the open-source ONF SD-RAN project. The obtained results thus far are highly
promising, laying the groundwork for future endeavors in Intelligent and Automated Network Slicing, which could
extend to advanced use cases involving intelligent traffic flow prediction and data aggregation management.

In addition to utilizing ML for traffic prediction to achieve automatic radio resource adaptation to slice traffic, other
ML methodologies can be explored. These may include applying reinforcement learning to optimize radio resource
allocation for slices with diverse SLA targets, such as a mix of slices requiring low latency and others necessitating
guaranteed throughput. Furthermore, there is potential for ML to provide capacity and QoS predictions, aiding in the
feasibility assessment for network slice resource provisioning. Additionally, the solution could be expanded into a
hierarchical slice management framework, with a slice SLA assurance rApp at the non-RT RIC offering longer-term
regional SLA guidance to each Near-RT RIC. Subsequently, the NSRRM xApp at the Near-RT RIC could derive
radio allocation based on this SLA guidance and RAN measurements, thus further enhancing the network's efficiency
and performance.
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