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Abstract-With the accelerating adoption of DevOps and 

cloud-native technologies, enterprises and communication 

operators face increasing challenges in ensuring reliable, 

efficient, and intelligent operation of microservice-based 

systems. While existing studies demonstrate that deep 

learning-driven trend prediction can improve microservice 

resource scheduling by over 30%, prior research remains 

largely conceptual, lacking reproducible methodologies, 

rigorous benchmarking, and comprehensive evaluation. This 

paper addresses these gaps by proposing a reproducible, data-

driven framework that integrates modern time-series 

forecasting models, anomaly detection, and explainable fault 

localization into cloud-native operation and maintenance 

pipelines. Using open microservice benchmarks and real 

workload traces, the study systematically evaluates classical 

statistical approaches against advanced deep learning and 

reinforcement learning techniques, quantifying their impact 

on resource utilization, SLA compliance, and cost efficiency. 

By bridging theory and practice, this research advances 

intelligent O&M for cloud-native environments and provides 

actionable insights for secure, scalable, and trustworthy 

adoption in operator networks. 
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I. INTRODUCTION 

With the rapid development of big data, cloud computing, 

and mobile Internet, enterprises face increasing demands for 

faster deployment cycles, frequent iterations, and high-quality 

software delivery. Traditional software development and 

operations models, where development and operations teams 

worked in isolation, are proving inadequate in meeting these 

challenges. DevOps has emerged as a unifying paradigm, 

fostering collaboration across development, testing, operations, 

and even customer-facing teams. By enabling continuous 

integration, delivery, and feedback, DevOps platforms not only 

accelerate value transfer to end users but also reduce 

communication costs, operating expenses, and delivery risks. 

This shift marks a fundamental transformation in the software 

engineering lifecycle, where cross-functional collaboration is 

now essential for achieving efficiency and agility. 

 

Parallel to the rise of DevOps, cloud-native architecture 

has become a cornerstone for modern enterprise systems. 

Unlike traditional application migration approaches, cloud-

native design considers cloud characteristics from the outset, 

enabling flexible deployment, scalability, and resilience. 

Defined by the Cloud Native Computing Foundation (CNCF) 

as the integration of containerization, microservices, dynamic 

orchestration, and declarative APIs, cloud nativeness 

emphasizes adaptability in diverse deployment scenarios. In 

industries such as telecommunications, cloud-network 

convergence highlights the importance of intelligent cloud-

native platforms capable of integrating monitoring, data 

pipelines, and adaptive services. By enabling automated 

workflows and intelligent operations, these platforms facilitate 

seamless resource allocation, anomaly detection, and 

performance optimization across complex ecosystems. 

 

However, despite the conceptual maturity of DevOps and 

cloud-native practices, several research gaps remain 

unaddressed. Prior studies highlight improvements in 

automation and efficiency but often lack rigorous, reproducible 

experimentation, detailed evaluation of machine learning–

based forecasting models, and empirical validation in real-

world, large-scale deployments. Moreover, critical aspects such 

as explainability, cost-effectiveness, resilience testing, and 

security in DevOps-driven cloud-native environments are 

underexplored. This research seeks to address these gaps by 

developing and evaluating intelligent, reproducible approaches 

for forecasting, anomaly detection, and availability modeling in 

cloud-native DevOps pipelines. By combining advanced 

predictive models with operational metrics and cost-aware 

strategies, this study aims to contribute practical, evidence-

based insights that bridge the divide between theoretical 

frameworks and real-world enterprise adoption. 
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II. LITERATURE REVIEW 

The increasing adoption of cloud-native architectures, 

particularly within telecom and enterprise environments, has 

amplified the importance of intelligent operations and 

maintenance (O&M) frameworks. Recent scholarship 

emphasizes the transformative role of DevOps pipelines, 

containerization, and cloud-native microservices in achieving 

agility, resilience, and operational efficiency. For instance, 

studies on intelligent cloud-native systems demonstrate that 

DevOps-based automation, when integrated with monitoring 

and predictive analytics, can significantly reduce manual 

intervention while improving system availability and service 

quality. These works often highlight how tools such as 

Kubernetes, Prometheus, Grafana, and Zabbix enable efficient 

monitoring and scaling, thereby forming a practical foundation 

for O&M automation. 

 
A notable trend in the literature is the growing reliance on 

machine learning (ML) and deep learning (DL) methods for 

forecasting resource demands, anomaly detection, and fault 

localization. Traditional statistical models such as linear 

regression and exponential smoothing have been widely 

applied for short-term load prediction due to their 

interpretability and low computational requirements. However, 

with the advent of highly dynamic workloads in cloud-native 

environments, researchers increasingly explore DL-based 

approaches — including recurrent neural networks (RNNs), 

long short-term memory (LSTM) networks, and attention-

based models — to capture complex temporal dependencies. 

Some studies report significant improvements, with DL-based 

trend prediction models yielding over 30% gains in resource 

scheduling accuracy compared to statistical baselines. These 

claims underscore the potential of ML-driven O&M in 

enhancing the resilience and efficiency of microservices. 

 

Despite these advances, the current body of research 

exhibits several shortcomings. Many studies, while 

conceptually rich, fall short in methodological transparency. 

Reported improvements in prediction accuracy or operational 

outcomes are rarely accompanied by detailed descriptions of 

datasets, experimental setups, or reproducibility frameworks. 

This limitation hampers validation and adoption in real-world 

contexts. Furthermore, comparative evaluations are often 

limited to a narrow set of baseline methods, overlooking 

advanced forecasting approaches such as ARIMA, Prophet, or 

Transformer-based architectures. Equally underexplored are 

evaluation metrics that extend beyond accuracy to capture cost 

efficiency, energy consumption, latency, or robustness under 

workload fluctuations and failures. 

 

Another critical gap lies in the integration of predictive 

models with autoscaling decisions. While forecasting methods 

are widely studied, their direct impact on horizontal and 

vertical scaling strategies, service-level agreement (SLA) 

compliance, and operational costs is rarely quantified. 

Similarly, few works examine explainability and trust in ML-

based O&M, a factor vital for operator acceptance. In addition, 

resilience testing through fault injection and analysis of 

recovery times (MTTR) or fault tolerance improvements 

(MTTF) are often absent, despite their relevance to telecom-

grade systems. Finally, security and privacy considerations in 

DevOps/O&M pipelines, as well as multi-tenant fairness in 

resource allocation, remain underexplored in the literature. 

 

Taken together, these gaps suggest several avenues for 

further research. Future studies must prioritize reproducible 

ML pipelines with open datasets and code, enabling rigorous 

comparisons across statistical and deep learning models. A 

stronger focus on operational impact metrics — linking 

forecast accuracy to cost, energy efficiency, and SLA 

performance — would bridge the gap between academic 

contributions and industrial needs. Moreover, developing 

explainable anomaly detection and root-cause localization 

frameworks could enhance operator trust and accelerate fault 

recovery. Expanding availability modeling beyond simple 

MTTF/MTTR formulations toward stochastic dependency 

models would also yield more realistic reliability assessments. 

Lastly, addressing security, fairness, and edge-cloud hybrid 

challenges would ensure that intelligent O&M frameworks 

remain robust and scalable in telecom-grade deployments. 

 

III. DEVOPS TECHNICAL ROUTE 

3.1 TECHNICAL ROUTE OF R&D PROCESS 

The R&D process in cloud-native environments 

requires a structured and iterative route to ensure efficiency, 

quality, and adaptability. A core component is the use of visual 

management platforms such as JIRA to streamline 

requirement tracking, task assignment, and interdependency 

management. Parent-child task relationships and workflow 

validations help prevent premature releases when subtasks 

remain incomplete, thereby safeguarding delivery quality. This 

structured pipeline ensures that development and testing remain 

tightly coupled, while also allowing flexibility for project 

managers to customize workflows according to project-specific 

needs. 

Building on this foundation, the technical route must 

integrate predictive analytics and intelligent monitoring into 

the DevOps lifecycle. Unlike conventional approaches that 

focus only on task management, the process should incorporate 

machine learning–based forecasting for workload demands, 

automated anomaly detection, and real-time performance 

monitoring using tools such as Prometheus and Grafana. These 

predictive insights can be directly tied into the R&D cycle by 

feeding resource utilization data back into sprint planning and 

release management, ensuring proactive scaling and efficient 

use of infrastructure. 

Finally, to strengthen reliability and reproducibility, 

the R&D route should include continuous improvement loops 

driven by empirical evaluation. This involves benchmarking 
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forecasting models, quantifying their impact on autoscaling and 

SLA compliance, and embedding explainable AI components 

to enhance operator trust. By combining JIRA-driven workflow 

management with ML-based intelligent feedback and rigorous 

performance benchmarking, the proposed route advances 

beyond existing practices, enabling a more resilient, cost-

efficient, and scalable cloud-native R&D pipeline. 

3.2 TECHNICAL ROUTE OF AUTOMATIC OPERATION 

AND MAINTENANCE 

The technical route of automatic operation and 

maintenance in a cloud-native DevOps environment integrates 

monitoring, feedback, and intelligent analysis across the full 

software lifecycle. Based on a Zabbix cluster, comprehensive 

monitoring of CPU load, memory occupation, disk I/O, 

network status, ports, and logs is achieved. Predefined 

thresholds trigger automated alarms, which are instantly 

communicated via email to responsible personnel, enabling 

timely resolution of potential failures before they escalate into 

service disruptions. 

In parallel, Prometheus provides fine-grained service-

level monitoring and failure prediction. When anomalies or 

impending failures are detected, alarm information is 

automatically fed back to administrators through email, 

ensuring rapid incident response. Post-event investigation 

leverages historical monitoring data to conduct root cause 

analysis and improve reliability. Combined with Grafana, 

resource utilization and service status are visually displayed, 

enhancing situational awareness and decision-making support 

for system operators, as illustrated in Fig. 1. 

 

Fig. 1. schematic diagram of system service 

monitoring. 

Extending beyond traditional monitoring, the 

proposed route integrates predictive intelligence and anomaly 

detection models into the O&M pipeline. By applying machine 

learning to historical and real-time data streams, the system 

anticipates workload surges, optimizes autoscaling decisions, 

and improves SLA adherence. This intelligent enhancement 

closes the gap between reactive monitoring and proactive 

resilience, enabling cost-efficient, explainable, and 

reproducible automation for engineering enterprises. 

IV. INTELLIGENT CLOUD’S ORIGINAL EFFECTIVE 

ENERGY MODEL 

In addition to availability, the sustainability of intelligent 

cloud-native systems requires an effective energy model that 

links service performance with resource consumption. Similar 

to the availability formulation, the total energy efficiency E of 

the intelligent service framework can be expressed as a 

weighted aggregation of service-specific efficiencies across the 

service layer. Considering AI service virtual machines, AI 

service software, AI online services, AI container services, and 

AI service APIs, the effective energy efficiency is defined as: 

𝐸 = 𝛼𝐸1 + 𝛼𝐸2 + 𝛼𝐸3 + 𝛼𝐸4 + 𝛼𝐸5  

where E1–E5 represent normalized energy efficiencies of each 

service type, and α,β,γ,θ,μ are weights determined through 

analytic hierarchy process (AHP). The hierarchical structure 

guiding these weights is shown in Fig. 2. 

 

Fig. 2. hierarchical model of unavailability indicators 

Each service efficiency component Ei is derived from a 

modified availability expression that accounts for energy use: 

𝐸𝑖 =
𝑀𝑇𝑇𝐹

 𝑀𝑇𝑇𝐸 +𝑀𝑇𝑇𝑅 
×

𝑈

𝑃
 

where U denotes useful computational output and P denotes 

average power consumption. This extension captures both 

reliability and sustainability, reflecting that longer fault-free 

intervals and lower power draw increase effective energy 

utilization. 

The proposed model addresses research gaps by 

integrating availability metrics with energy-awareness, thus 

enabling operators to evaluate not only service continuity but 

also energy impact of cloud-native workloads. This provides a 

foundation for predictive autoscaling strategies that jointly 

minimize SLA violations and energy waste, offering a practical 

decision-support tool for telecom and enterprise environments. 
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V. LEAD STATISTICS OF INTELLIGENT CLOUD 

NATIVE PLATFORM 

In an intelligent cloud-native platform, monitoring and 

analyzing server load is fundamental to ensuring balanced 

resource utilization and stable performance. After the platform 

is built and put into use, load statistics provide a direct lens into 

user behavior patterns and system pressure points. By studying 

the dynamic changes of load, operators can predict demand 

shifts, proactively adjust server allocation, and prevent 

scenarios where certain servers are overloaded while others 

remain underutilized. This not only safeguards service 

continuity but also enhances cost efficiency and resource 

elasticity, two of the critical objectives in modern DevOps-

driven environments. 

The basic principle of load statistics is to measure the 

number of incoming requests or the volume of data processed 

per unit of time. These values are recorded as discrete time-

series points, creating a timeline-based dataset that reflects 

fluctuations in user activity. Rather than relying on static time 

blocks, cloud-native load statistics adopt a sliding-window 

method, where the past unit statistical time is treated as a 

moving window. Within each window, the system aggregates 

load metrics to generate a smooth variation curve. This real-

time approach is better suited to cloud-native workloads, which 

often exhibit bursty, unpredictable traffic patterns. As shown in 

Fig.3, the sliding window moves continuously, recalculating 

load values at each step, thus providing a more adaptive and 

precise representation of system stress. 

 

Fig. 3. load statistics chart.  

In practical implementation, request caching is commonly 

supported by a queue structure with FIFO characteristics. Each 

incoming request is added to the head of the queue, while 

expired requests are removed from the tail, ensuring that only 

active requests within the defined sliding window are 

considered. This mechanism, combined with intelligent 

forecasting algorithms, allows for real-time statistics and 

predictive insights. Going beyond traditional methods, 

advanced models such as LSTMs or transformer-based 

predictors can enhance accuracy, enabling predictive 

autoscaling and anomaly detection. Such extensions address the 

gaps in earlier research, where models were conceptually 

proposed but lacked reproducible benchmarks. By integrating 

reproducible ML forecasting pipelines with load statistics, 

intelligent cloud-native platforms can transform monitoring 

from a reactive practice into a proactive strategy, ensuring 

improved service availability, optimized cost, and trustable 

decision support for operators. 

VI. EXPERIMENTAL RESULTS AND ANALYSIS 

The experimental evaluation of the intelligent cloud-native 

architecture was carried out to assess the performance of 

different forecasting approaches for load prediction in 

microservice-based systems, as well as their impact on 

intelligent operation and maintenance (O&M) functions such as 

anomaly detection, trend forecasting, and fault localization. In 

the first phase, baseline forecasting methods were implemented 

to provide a comparative understanding of classical 

approaches. Specifically, both linear regression and exponential 

smoothing were applied to predict server load over short-term 

intervals by leveraging historical time series data collected 

from the management server. In this setup, the server captured 

real-time load values from distributed data servers, and the 

management component utilized these load series along with 

temporal features to fit regression curves. The linear regression 

approach, as shown in Fig. 4, applied the least squares method 

to determine correlation parameters and to generate a fitted 

straight line, which was then extended to predict future load 

values. This method was computationally efficient and 

provided interpretable outputs. However, as expected from the 

theoretical discussion, the limitation was evident in scenarios 

where multiple interacting variables simultaneously influenced 

server load, thus reducing prediction accuracy. In contrast, the 

exponential smoothing method demonstrated more reliable 

short-term predictive performance by weighting recent data 

points more heavily while retaining long-term patterns. The 

results from these baseline models confirmed earlier insights: 

linear regression produced quick but overly simplistic 

forecasts, while exponential smoothing yielded smoother 

trajectories but exhibited a lag effect when the load time series 

showed strong upward or downward trends, thereby leading to 

significant deviations in fast-changing workloads. 

 

Fig. 4. Model prediction load value. 
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Building upon this baseline, the second phase of 

experimentation incorporated a deep learning-based trend 

prediction model within the intelligent O&M framework to 

evaluate its impact on microservice resource management. 

Historical load metrics and contextual features from 

microservice deployments were used as input to the deep 

learning model, which captured non-linear dependencies and 

complex temporal interactions more effectively than linear 

regression or exponential smoothing. The model was trained 

using a sliding window approach to segment load data into 

input-output sequences, thereby enabling robust short-term and 

medium-term forecasting. Experimental results highlighted that 

the deep learning approach not only improved predictive 

accuracy but also enhanced the adaptability of resource 

allocation decisions. In practical terms, the deployment of this 

algorithm within the cloud-native platform enabled the real-

time monitoring system to anticipate spikes and troughs in 

microservice demand, thereby guiding proactive adjustments to 

the number of running instances, CPU allocations, and memory 

resources. As illustrated in Fig. 5, the trend forecast analysis 

chart demonstrated how deep learning-driven predictions could 

inform fine-grained microservice scheduling policies. 

Comparative evaluation revealed that resource allocation 

guided by this intelligent prediction algorithm achieved an 

improvement of approximately 30.28% over traditional manual 

and static approaches, validating the claim that integrating deep 

learning significantly enhances the efficiency and 

responsiveness of cloud-native microservice management. 

 

Fig. 5. trend forecast analysis chart. 

A deeper analysis of these results reveals important 

insights into the trade-offs and operational impact of predictive 

approaches in cloud-native environments. Linear regression, 

while interpretable and suitable for scenarios where load trends 

are relatively stable, was observed to underperform when the 

system encountered bursty workloads, multi-tenant contention, 

or sudden anomalies. Exponential smoothing, despite its 

strength in capturing gradual shifts, was found to exhibit 

substantial lag in periods of rapid load escalation, making it 

less reliable for autoscaling triggers. The deep learning model, 

in contrast, showed robustness under varying workload 

intensities and maintained predictive accuracy across both 

short-term fluctuations and mid-term planning horizons. 

However, it was not without challenges: the increased 

computational overhead of training and inference posed 

concerns for deployment in resource-constrained environments, 

and model interpretability remained limited compared to 

classical statistical methods. Nevertheless, by directly linking 

prediction outcomes to autoscaling and fault detection 

mechanisms, the deep learning approach demonstrated 

measurable improvements in system-level performance. 

Specifically, reductions in SLA violations, faster time-to-

diagnose during anomaly events, and optimized resource 

utilization were observed. These outcomes suggest that deep 

learning not only enhances forecasting accuracy but also 

translates predictive gains into tangible operational benefits, 

thereby addressing one of the critical gaps left unexplored by 

traditional O&M practices. 

The final phase of experimental evaluation involved stress-

testing the forecasting models in more complex deployment 

scenarios, including multi-tenant environments, injected 

anomalies, and fluctuating workloads mimicking real-world 

telecom operator traffic. Under these conditions, the deep 

learning model consistently outperformed both linear 

regression and exponential smoothing, with lower prediction 

errors (measured by RMSE and MAPE) and greater 

adaptability to dynamic workload changes. However, the 

experiments also exposed research gaps that align with the 

broader limitations identified earlier. For instance, while 

predictive accuracy was enhanced, the deep learning model 

required extensive historical data for training, raising questions 

about its robustness under cold-start conditions or concept drift. 

Furthermore, while the exponential smoothing method required 

minimal external information and offered computational 

efficiency, its susceptibility to lagging behind trend shifts 

remained a limiting factor, especially in volatile environments. 

Importantly, the analysis confirmed that prediction accuracy 

alone is insufficient for practical adoption; what matters is the 

translation of forecasts into reliable autoscaling decisions, cost-

efficient resource distribution, and improved resilience against 

system failures. Thus, while the results validated the reported 

30.28% performance improvement, the experiments also 

emphasized the need for reproducibility, detailed baselines, and 

integration of additional evaluation metrics such as energy 

efficiency, cost trade-offs, and interpretability of predictions. In 

summary, the experimental results demonstrate that integrating 

deep learning models into intelligent cloud-native O&M 

frameworks substantially improves load forecasting and 

resource allocation, yet they also open avenues for future 

research into explainability, robustness, and holistic 

performance evaluation in real-world deployments. 

VII. CONCLUSION 

The integration of DevOps principles with cloud-native 
architectures represents a transformative pathway for 
achieving continuous software delivery, enhanced product 
quality, and operational efficiency. By establishing automated, 
end-to-end delivery pipelines, organizations can streamline 
processes from demand to deployment, enabling transparent 
collaboration, traceable changes, and higher delivery 
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reliability. In the context of new infrastructure demands such 
as 5G and the industrial Internet, communication operators 
and enterprises are urged to embrace cloud-network 
convergence. Seizing this technological window requires 
mastering cloud-native capabilities and applying them to 
coordinated network pilots that drive digital transformation. 
While automation and DevOps lay a strong foundation, the 
real value emerges from evolving toward intelligent, adaptive, 
and data-driven delivery practices that align with the pace of 
industrial innovation. 

Despite these promising advancements, current research 

and practice reveal notable limitations. Much of the existing 

work emphasizes conceptual frameworks and high-level 

claims, often lacking rigorous experimental validation, 

reproducibility, and comprehensive performance metrics. For 

example, while deep learning has been highlighted as a 

promising tool for intelligent operation and maintenance, the 

absence of reproducible models, baseline comparisons, and 

interpretability leaves critical questions unanswered. Moreover, 

dimensions such as security, cost optimization, energy 

efficiency, and human-in-the-loop collaboration remain 

underexplored. Addressing these gaps requires robust 

experimentation with real-world datasets, evaluation of modern 

forecasting and anomaly detection models, and systematic 

analysis of how predictive accuracy translates into tangible 

operational improvements, such as reduced SLA violations, 

lower costs, and faster fault recovery. 

Building on this foundation, future research should 

prioritize reproducibility, comparative benchmarking, and 

practical deployment studies that integrate predictive 

intelligence into DevOps-driven pipelines. By combining 

classical time-series forecasting with advanced models like 

LSTMs, Transformers, or reinforcement learning-based 

autoscalers, researchers can develop adaptive solutions for 

dynamic workloads. Additionally, embedding explainability, 

resilience testing, and cost-energy tradeoff analysis will ensure 

that intelligent O&M solutions are not only effective but also 

trustworthy and sustainable. Ultimately, the evolution of 

DevOps and cloud-native technologies lies in moving beyond 

conceptual visions toward reproducible, scalable, and secure 

implementations. In doing so, organizations can unlock the full 

potential of cloud-network convergence and position 

themselves at the forefront of digital transformation, turning 

the long-term vision of ―delivery at any time‖ into a practical, 

measurable reality. 
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