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Abstract — The 6G enterprise networks which exist today encounter operational problems which need organizations to establish 

automated systems that function without any human assistance instead of their current method which reacts to problems after they occur. The 

researchers developed a new framework which uses digital twin technology to improve fault recovery processes while reducing energy usage 

in specific operational areas. The framework creates a real time digital duplicate which tracks cross layer relationships between physical 

infrastructure elements and radio resources and application services to enable network configuration testing and recovery action validation 

before real system deployment. The system uses what if simulation capability to automatically choose and implement the best strategies which 

provide maximum protection and minimum power usage when it faces changing conditions or system breakdowns. Our testing and evaluation 

of the framework took place on a distributed campus network testbed. The experimental results show that our system achieves faster fault 

recovery times and uses less energy than traditional methods which depend on reactive approaches. The digital twin driven method which we 

propose enables future 6G wireless networks to operate safely and efficiently while achieving complete autonomous control. 
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I. INTRODUCTION 

5G wireless networks which introduce multiple types of 

connectivity through their advanced reliability features and 

massive network capacity create a new wireless era[1]. 

Enterprise environments which include distributed campus 

networks will receive massive advantages through 6G which 

enables advanced robotic systems and virtual reality 

technology. The increased complexity of the system creates 

new difficulties for managing operations. The existing 

network orchestration system which depends on fault 

detection and fixed energy policies fails to meet current 

operational requirements. The time needed for failure 

diagnosis and recovery creates outages which disrupt 

essential services and the operation of energy inefficient 

systems results in increased costs and environmental damage. 

To solve these problems an organization needs to adopt 

autonomous network management as its primary operational 

model[2]. Networks need to transform from their current 

state as programmable systems into autonomous systems 

which can recognize and resolve problems before they 

disrupt network services. The network digital twin functions 

as a core component of this vision by creating a precise live 

digital duplicate of the entire network system. A digital twin 

establishes a secure simulation environment which enables 

testing and assessment of network management strategies 

through its ability to model all system interactions and actual 

network functions.The research introduces a digital twin 

based framework that serves 6G enterprise networks through 

its automated fault recovery and energy optimization 

capabilities. Our system uses a digital replica to track 

network status and test different orchestration methods 

before actual implementation. The framework uses precise 

modeling of cross layer dependencies between physical 

infrastructure and radio resources and application services to 

forecast how different recovery methods and energy saving 

strategies will affect system performance[3]. The system 

needs to select its most efficient energy saving patterns from 

all available options because the primary goal is to minimize 

service interruptions in real world operations while 

decreasing operational expenses. The architecture 

description presents the main system elements which include 

the digital twin synchronization engine and the simulation 

and analytics module and the closed loop orchestration 

interface. The framework undergoes testing in a distributed 

campus network testbed which simulates actual equipment 

failures and different traffic conditions. The experimental 

findings reveal substantial enhancements which include 

faster fault recovery times and actual decreases in energy use. 

The research results show that digital twin technology serves 

as a fundamental component for establishing secure and 
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independent and environmentally friendly 6G network 

functions within complicated organizational settings[4]. 

 

II. DIGITAL TWIN ARCHITECTURE FOR AUTONOMOUS 

NETWORK ORCHESTRATION 

The proposed framework is developed through a digital twin 

framework which maintains permanent network 

infrastructure synchronization between its real-world 

counterpart and digital model of it to enable automated 

management of 6G networks[5]. The digital twin 

synchronization engine serves as the main component of this 

system because it uses real-time telemetry data collection 

from all network components to maintain operation accuracy. 

This data set contains all required information to establish 

radio access network performance through signal quality 

assessment and handover statistics and core network 

assessment through session management and subscriber data 

and transport network assessment through network 

utilization metrics and application layer performance 

assessment. The twin achieves precise modeling of modern 

6G enterprise deployments through its comprehensive data 

collection which tracks all system cross-layer dependencies 

because system changes at any layer create unpredictable 

effects throughout the entire system[6].The digital twin 

system contains an advanced simulation and analytics system 

that enables users to conduct multiple what-if tests by using 

present network data and past network behavior. The system 

creates various orchestration options which the system 

automatically generates when it detects potential faults 

through predictive anomaly detection or when it identifies 

energy optimization possibilities during changing traffic 

patterns. The testing environment allows safe testing of 

candidate solutions which involve rerouting data streams and 

changing transmission power and modifying network 

boundaries and entering sleep mode for less active devices. 

The predictive validation system selects deployment actions 

which service continuity to customers and energy efficiency 

and system testing protection from unsafe new system 

configurations. The closed-loop orchestration interface 

executes network configurations which validated decisions 

create through software-defined networking controllers and 

network function virtualization managers that apply these 

configurations to actual physical systems. The digital twin 

improves its predictive models through reinforcement 

learning methods after the system completes its adaptive loop 

which starts with ongoing monitoring of the system after its 

initial launch. The system enables completely independent 

operation because it can adjust to new situations with 

automatic safety and efficiency controls that remain in 

effect[7]. 

 

Fig 1: Proposed Architecture 

A. Advanteges 

The digital twin-based framework demonstrates unique 

features that enable it to outperform traditional network 

management systems and cloud-based network management 

systems.  

a) Ultra-Low Latency and Real-Time Responsiveness:  

The network edge system processes telemetry data while 

conducting simulation tests and making orchestration 

decisions through its distributed digital twin instances. The 

system achieves faster response times through its local 

processing capabilities which create direct links to all 

network components[8].  

b) Lightweight and Scalable Architecture: 

The framework uses lightweight classical machine learning 

algorithms for its daily classification operations while it 

maintains deep learning systems for more demanding 

computations[9]. The system operates with better energy 

efficiency through its distributed deployment of these models 

which enable multiple enterprise domains to expand without 

needing costly infrastructure enhancements.  

c) Multi-Modal Data Fusion for Enhanced Accuracy: 

The development of 6G systems requires multiple radio 

transport and application layer components. The digital twin 

system achieves superior situational awareness through its 

ability to combine various telemetry data sources[10]. The 

multi-modal system enables precise forecasting of fault 

spread and energy usage during the entire operational period.  

d) Cost-Effective Deployment: 

The modular design enables enterprises to implement the 

system incrementally using standard commercial hardware 

components which helps businesses of all sizes to adopt the 

technology. The system processes data at the edge which 

removes the need for costly centralized cloud systems.[11]. 

B.  

C.  

D.  
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E. Comparative Analysis of Network Management 

Approaches 

 Table I presents a comparative analysis of the proposed 

digital twin framework against traditional reactive 

management and cloud-centric AI-based approaches. 

Traditional systems function according to fixed system 

settings which require operators to perform equipment 

repairs because they cannot detect faults until they occur. 

Cloud-centric AI approaches provide predictive functionality 

but create a need for users to depend on centralized systems 

which results in network performance issues and increased 

operational delays. The proposed framework uses digital 

twin simulation together with distributed edge processing to 

achieve rapid fault recovery and energy optimization through 

predictive capabilities and cross-layer system awareness[12]. 

The framework demonstrates its ability to maintain low 

latency while scaling up operations and handling 6G 

enterprise environments without human intervention. 

 

 Table 1: Comparative Analysis of Traffic Management Approaches 

Feature 
Reactive 

Management 

Cloud-

Centric AI 

Proposed 

Framework 

Fault Recovery 

Speed 
Slow Moderate Fast 

Predictive 

Capability 
No Yes Yes 

Cloud 

Dependency 
No Yes No 

Hardware 

Requirements 
Low High Moderate 

Latency High Moderate Low 

Cross-Layer 

Awareness 
Low Moderate High 

Energy 

Optimization 
Static Dynamic Predictive 

Scalability for 

6G 
Limited Moderate High 

 

Cloud-based AI systems enable businesses to forecast future 

events and adjust their operations. The systems require 

advanced network systems which result in slow performance 

and connectivity issues which make them unsuitable for use 

in large corporate environments. The requirement for 

constant internet access creates security risks because any 

network outage will stop system operation during critical 

emergency situations[13]. The energy and processing 

requirements of centralised AI systems directly oppose the 

environmental goals that modern 6G networks aim to 

achieve. The distributed edge processing digital twin system 

provides superior performance across latency cost scalability 

and prediction accuracy when compared to existing digital 

twin systems. Digital twin instances operate from the 

network edge because all essential functions such as 

telemetry analysis and what-if simulations and orchestration 

decisions take place within the local system. The 

architectural design prevents bandwidth constraints while 

system operators acquire immediate system feedback which 

allows real-time autonomous functions to take place. The 

framework maintains operational capability during extreme 

weather conditions because it does not need cloud services 

while its cross-layer modeling system protects against 

multiple operational failures. The system achieves economic 

viability for large-scale deployment through its hybrid 

analytics model which delivers quick calculations and 

accurate forecasting results[14]. The system functions as a 

dependable and expandable base for autonomous 6G 

enterprise networks because it provides system resilience and 

energy efficiency while maintaining high operational 

standards. 

 

III. METHODOLOGICAL FRAMEWORK 

The methodological framework that we developed 

establishes a complete digital twin system which enables 

autonomous fault recovery and energy optimization in 6G 

enterprise networks[15]. The system consists of four 

components which work together to predict orchestration 

actions through validation tests that occur before actual 

system deployment. The framework establishes continuous 

physical-virtual environment synchronization through its total 

system network monitoring that collects data from all 

operational levels. The system utilizes real-time data to 

construct cross-layer dependency models which show 

complex interactions between radio and transport and 

application domains. A what-if simulation module then 

executes parallel evaluations of candidate recovery and 

energy optimization strategies within the safe digital twin 

environment. The closed-loop orchestration interface 

transforms verified actions into network settings while 

tracking results to enhance predictive modeling. The 

integrated system guarantees complete virtual testing of all 

management choices before they affect operational 

environments which leads to reduced risks from untested 

settings while the system maintains its ability to respond to 

changing network requirements. The framework's modular 

design supports distributed deployment at the network edge 

which enables essential ultra-low latency responses needed 

for autonomous 6G operations. 

a) Digital Twin Synchronization Engine 

The system provides two-way simultaneous link between 

actual physical networks and their virtual counterpart 

networks[16]. The system gathers multiple types of telemetry 

information which includes radio measurements core network 
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conditions and application performance metrics. The system 

achieves virtual representation accuracy through its data 

normalization process and timestamp synchronization system 

which maintains both spatial and temporal accuracy. The 

system changes its synchronization intervals based on the 

current network conditions to achieve both precise results and 

reduced processing demands. 

b) Cross-Layer Dependency Modeling 

The framework creates complete dependency graphs 

which display all relationships that exist between radio 

networks and transport networks[18] and application 

networks. Graph neural networks use past telemetry data to 

find out which factors cause network failures and how those 

failures spread through the system. The models show how 

radio link degradation limits application throughput and how 

transport network congestion disrupts session connections. 

The resulting dependency representation enables accurate 

prediction of cascading effects from network perturbations.  

c) What-If Simulation and Analytics Module 

The module uses its protected digital twin environment to 

run multiple simulations of different candidate orchestration 

methods. The system uses lightweight reinforcement learning 

tools to test different action possibilities while it measures 

recovery time and energy usage for each candidate[17]. The 

system builds a knowledge base through simulation outcomes 

which helps to identify the best operational methods while 

maintaining normal network function. 

d)Closed-Loop Orchestration Interface 

The interface translates validated simulation outcomes 

into concrete network configurations through SDN controllers 

and NFV managers. The system uses a verification process 

that checks whether the predicted results will match the actual 

outcomes after implementation. The system continuously 

collects real-world performance data which is used to update 

the digital twin model through reinforcement learning while 

providing better decision accuracy with each improvement. 

 

IV. ALGORITHMS USED 

The proposed framework employs a suite of machine 

learning and reinforcement learning algorithms to enable 

autonomous fault recovery and energy optimization. The 

algorithms within the digital twin environment perform 

dependency mapping and state classification and predictive 

analytics and orchestration optimization[20]. The system 

selects algorithms based on their ability to complete 

particular tasks while using minimal processing power for 

edge computing. 

a) Graph Neural Network for Dependency Mapping: 

The algorithm creates a dependency model that captures how 

network components interact through their relationships 

which it represents as nodes and edges. It uses message 

passing to learn how radio and transport and application 

layers interact which allows it to predict fault propagation 

paths and determine essential dependencies that influence the 

network's resilience[22]. 

                     hv
(l+1)=σ(∑u∈N(v)W(l)hu

(l)+b(l))                         (1) 

b)  Deep Q-Network for Orchestration Optimization 

The reinforcement learning algorithm achieves its goal by 

using the digital twin environment to learn its optimal fault 

recovery and energy optimization policies. The system 

evaluates potential actions by using reward functions which 

measure the trade-off between recovery speed and energy 

usage while it develops better decision-making capabilities 

through experience replay and target network stabilization 

methods[20]. 

        Q(s,a)←Q(s,a)+α[r+γmaxa′Q(s′,a′)−Q(s,a)]         (2) 

c) Random Forest for Network State Classification 

The multi-layer telemetry features enable this ensemble 

learning algorithm to categorize current network states into 

threeaa categories which include normal conditions degraded 

states and failure-prone conditions. The system builds 

multiple decision trees during its training process and uses 

their most common prediction to produce an easy-to-

understand system which delivers quick classification results 

that work well in edge computing environments[21]. 

                  ŷ=mode{T1(x),T2(x),...,Tn(x)}                      (3)   

d) Long Short-Term Memory for Predictive Analytics 

The recurrent neural network structure enables the system to 

forecast upcoming network states and energy usage patterns 

by studying historical telemetry data. Its gating mechanisms 

enable the system to capture long-range connections between 

different network behavior patterns which allows the system 

to detect faults before they happen and optimize energy use 

in advance of upcoming problems[19]. 

                             ft=σ(Wf[ht−1,xt]+bf)                               (4) 

 

V. DIGITAL TWIN-ENABLED FAULT RECOVERY AND ENERGY 

OPTIMIZATION MECHANISM 

The digital twin architecture functions as the main 

component of the autonomous network management 

framework, which enables real-time fault detection, recovery 

management, and energy efficiency enhancements. The 

digital twin technology establishes high-fidelity network 

synchronization with physical systems while enabling secure 

testing of hypothetical scenarios, which makes it suitable for 

testing complex enterprise 6G networks[24]. The system 
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collects continuous telemetry data from various network 

components, which include radio access points and core 

functions and transport links and application servers that 

cover the entire campus network. The digital twin performs 

real-time analysis of each data point while it shows an active 

virtual model of the network, which displays present network 

conditions and cross-layer dependencies and performance 

metrics. The digital twin optimization benefits from its 

design, which enables implementation on various distributed 

edge computing nodes throughout the entire enterprise 

network. The system uses model compression techniques and 

parallel simulation functions to achieve low computational 

requirements, which helps maintain prediction accuracy. 

Edge computing provides independent operation, which 

eliminates the need for centralized cloud resources and 

decreases latency while producing immediate solutions for 

new fault problems.The what-if simulation pipeline uses 

extracted network parameters which have been gathered after 

synchronization to perform its autonomous decision-making 

process. The safe digital twin environment allows 

reinforcement learning agents to test different orchestration 

options while they evaluate results from multiple fault 

recovery methods which include traffic rerouting and 

network slice reconfiguration. The simulation process tests 

energy optimization methods which include component sleep 

scheduling and transmit power control to find power-saving 

setups that maintain service quality at acceptable levels. The 

system uses simulation results to make real-time decisions 

for recovery and optimization through SDN controllers 

which maintain uninterrupted service while reducing energy 

consumption[23]. The digital twin system provides a 

powerful and flexible platform which enables autonomous 

management of 6G networks while improving reliability and 

supporting environmentally friendly development of next-

generation wireless systems. 

 

VI. RESULTS AND FINDINGS 

Researchers tested the digital twin-based framework in their 

distributed campus network testbed which simulated 

enterprise 6G network environments. The testing facility 

included 50 edge nodes which operated digital twin systems 

and 10 radio access points that used software-defined 

network technology and a core network that operated 

virtualized user plane and session management functions. 

The system used standard commercial hardware products 

such as NVIDIA Jetson edge devices and regular x86 servers 

to create its physical setup. The research team conducted 

multiple tests to assess their framework against both manual 

reactive management systems which used established 

thresholds and cloud-based AI systems that depended on 

centralized deep learning. The evaluation used three metrics 

to measure system performance which included fault 

recovery speed from detection to service restoration and 

energy consumption during different enterprise traffic 

patterns and prediction accuracy testing when network size 

increased from 10 nodes to 100 nodes. The complete 

experimental setup provided a dependable method to assess 

all tested methods. 

a) Fault Recovery Performance 

The fault recovery experiments tested various link failures 

and radio outages and core disruptions throughout the entire 

testbed. The recovery time measured the complete service 

restoration period which started when the fault first appeared. 

The digital twin framework showed better results than 

baseline systems because its predictive simulation capability 

used precomputed optimal recovery plans[25]. The results 

showed that systems needed an average of 0.9-1.8 seconds to 

recover while reactive management took 4.8-8.7 seconds and 

cloud-centric AI required 2.3-4.5 seconds. The 65-75% 

improvement guarantees service continuity which serves as 

an essential requirement for ultra-reliable 6G applications. 

Table 2:  Average Fault Recovery Time (Seconds) 

Fault Type Reactive 
Cloud-

Centric 
Proposed 

Radio Link 

Failure 
4.8 2.3 0.9 

Core Network 

Outage 
6.2 3.1 1.4 

Transport 

Congestion 
5.5 2.8 1.1 

Multi-Layer 

Cascading 
8.7 4.5 1.8 

 

Table II shows the average fault recovery times in seconds 

for four failure scenarios. The proposed framework achieves 

its fastest recovery times of 0.9 to 1.8 seconds which 

outperforms the reactive system that takes 4.8 to 8.7 seconds 

and the cloud-centric system that needs 2.3 to 4.5 seconds 

because it uses predictive simulation capabilities. 

 

Fig 2: Fault Recovery 
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Figure 2 demonstrates the recovery times needed to fix faults 

which occurred during ten successive fault incidents. The 

digital twin framework which we developed (green) shows 

recovery times between 0.8 and 1.2 seconds while reactive 

management (red) requires 4.7 to 5.5 seconds and cloud-

centric AI (blue) needs 2.3 to 2.8 seconds for restoration 

showing that our system achieves 65 to 75 percent faster 

recovery through its predictive simulation abilities. 

b) Energy Optimization Results 

The assessment of energy efficiency proceeded through 

testing multiple traffic load conditions which simulated 

actual enterprise operational patterns that included peak 

business hours from 9 AM to 5 PM and[26] off-peak times 

between 10 PM and 6 AM and special events that generated 

unexpected increases in traffic. The predictive energy 

optimization capacity of the proposed framework reached 

significant energy savings through its implementation of 

dynamic resource allocation and component sleep scheduling 

and transmit power adjustment. The framework tested 

different energy-saving methods through its digital twin 

simulation to determine which setup achieved optimal results 

while reducing energy use across all traffic conditions. 

Table 3 : Energy Consumption Reduction (Percentage vs. Baseline) 

Traffic 

Scenario 

Reactive 

Management 

Cloud-

Centric AI 

Proposed 

Framework 

Low Load 

(Off-Peak) 
5% 18% 32% 

Medium Load 

(Normal) 
3% 12% 24% 

High Load 

(Peak) 
1% 7% 15% 

Bursty 

(Special 

Events) 

2% 9% 21% 

 

Table III displays energy consumption reduction percentages 

which were measured against the baseline under four 

different traffic scenarios. The proposed framework achieves 

its maximum energy savings which range from 15 to 32 

percent while it demonstrates better performance compared 

to both reactive systems which save 1 to 5 percent and cloud-

based systems which save 7 to 18 percent. Predictive 

optimization enables substantial reductions during off-peak 

periods through dynamic resource scaling and sleep 

scheduling. 

 

 

Fig 3:Energy Consumption Over 24-Hour Period 

Figure 3 shows the hourly energy usage during a 24-hour 

period for three systems: Reactive Management and Cloud-

Centric AI and the Proposed Framework. The proposed 

system shows the lowest energy consumption which occurs 

most prominently during the off-peak nighttime period. 

Cloud-centric AI delivers moderate energy savings while 

reactive management system consumes the most energy, 

which demonstrates that efficiency improvements need to be 

made. 

c) Scalability and Cross-Layer Awareness 

The testing of scalability produced results which showed how 

performance changed when the network size went from 10 

edge nodes to 100 edge nodes while testing both prediction 

accuracy and response latency. The study calculated cross-

layer awareness through assessing how well faults spread 

across radio transport and application domains were 

predicted by the system. The proposed framework 

maintained consistent performance with 91% accuracy even 

at 100 nodes, while reactive approaches degraded to 

53%[27]. The system achieves resilience through its 

distributed edge architecture which allows local processing 

to function without creating centralized bottlenecks. 

Table 4: Scalability and Prediction Accuracy Metrics 

Network Size 

(Nodes) 

Reactive 

Management 

Cloud-

Centric AI 

Proposed 

Framework 

10 Nodes 92% 94% 98% 

25 Nodes 84% 89% 96% 

50 Nodes 71% 81% 94% 

100 Nodes 53% 72% 91% 

 

The table shows prediction accuracy results when the 

network size increases from 10 nodes to 100 nodes. The 

proposed framework preserves its accuracy between 98% 

and 91% while the reactive management system shows a 

sharp performance decline from 92% to 53%. Cloud-centric 

AI demonstrates a moderate performance decrease from 94% 

to 72% impact. The distributed edge architecture enables the 
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system to scale up while maintaining its operational 

efficiency. 

 

 

Fig 4:  Cross-Layer Fault Propagation Prediction Accuracy 

 

The study shows that the accuracy of predictions decreases 

as network systems become more complex. The proposed 

framework achieves its best performance results because it 

maintains accuracy throughout all network size tests. The 

system successfully handles advanced cross-layer 

dependency modeling because it outperforms both reactive 

and cloud-based systems in scalability and system 

reliability[28]. 

 

VII. CHALLENGES AND LIMITATIONS 

 The digital twin-based framework which we want to 

implement shows successful initial results but needs to 

overcome multiple challenges which require evaluation[29]. 

First the system needs extensive edge computing hardware 

and distributed network synchronization solutions to handle 

its initial deployment challenges. Small and medium 

enterprises may find these upfront costs prohibitive despite 

long-term operational savings. Second the digital twin's 

accuracy depends on the collection of detailed precise 

telemetry data. The system loses predictive accuracy because 

incomplete data and noisy data causes faults which result in 

incorrect recovery methods and energy optimization choices. 

The network needs to collect complete data but this 

requirement creates difficulties because it needs to use 

network bandwidth. The framework needs its machine 

learning algorithms to receive comprehensive training about 

multiple failure scenarios and traffic pattern variations. The 

networks which have insufficient historical information will 

take more time to reach their best performance levels during 

their first deployment period. The network environment 

changes over time which creates the need for continuous 

retraining to keep the model accurate. Fourth security and 

privacy concerns arise from maintaining detailed digital 

replicas of enterprise network infrastructure. Cyberattackers 

target these twins which requires the development of strong 

protection systems. The framework faces difficulties because 

different hardware standards exist for 6G equipment from 

multiple vendors which hampers the seamless integration 

process in environments with multiple system types. 

 

VIII. CONCLUSION 

The research introduced a digital twin-driven 

system which enables autonomous fault recovery while 

optimizing energy efficiency for enterprise 6G networks. The 

framework maintains real-time synchronization between 

physical and virtual environments to enable predictive what-

if simulations which validate orchestration actions before 

they go into live deployment. The distributed campus testing 

facility demonstrated two important results which showed 

65-75% faster fault recovery and 32% energy reduction 

during off-peak times and 91% prediction accuracy at 100-

node scales. The distributed edge architecture provides high-

speed performance and system expansion capabilities while 

eliminating the need for cloud resources. The framework 

establishes digital twins as an essential element which 

enables secure and self-operating wireless networks of the 

future despite existing challenges which include deployment 

obstacles and data quality and security needs[30]. The 

research team will investigate security improvements and 

standardization methods which enable different vendors to 

work together in future studies. 

 

IX. FUTUREWORK 

The researchers will work to improve the proposed 

framework through their upcoming research efforts because 

the system currently needs better performance and improved 

user experience. The first step involves building federated 

learning systems which will allow organizations to train their 

models through joint efforts while keeping their confidential 

network information secure. The second step will use 

advanced generative adversarial networks to create realistic 

failure scenarios which will help us train our system because 

we do not have enough historical fault data from our initial 

deployment. The project aims to create standardized APIs and 

interfaces which will enable different vendors' 6G systems to 

work together while making it easier for users to adopt the 

technology. The research team will study lightweight 

encryption methods together with blockchain verification 

systems to protect digital twin systems from cyber attacks. 

The research team will conduct field tests of framework 

technology in actual business environments to test its 

performance while using user feedback to make ongoing 

improvements to the system. 
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