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Abstract: The paper mainly aims to 

improve Site Reliability Engineering 

(SRE) in distributed cloud systems by 

using AI-based predictive maintenance 

and anomaly detection. The study is based 

on secondary qualitative and quantitative 

approaches with real-world case studies, 

such as CloudShield and LSTM-based 

models, which show better reliability of the 

system, lower Mean Time to Recovery 

(MTTR), and higher fault detection 

accuracy (up to 96.4%). The research 

suggests the standardisation of log 

formats, investment in explainable AI, and 

MLOps to achieve scalable and automated 

solutions to reliability. 

Index terms: Site Reliability Engineering, 

Predictive Maintenance, Anomaly 

Detection, Machine Learning. 

I. INTRODUCTION 
A. Background to the Study 
Site Reliability Engineering (SRE) is a 

combination of software engineering 

practices and IT operations to make sure 

systems are reliable and scalable. As 

distributed cloud services become the new 

normal, reliability engineering of systems is 

getting more complicated with the dynamic 

nature of cloud environments, multiple 

sources of data, and cross-dependent 

services [1]. Conventional monitoring and 

maintenance processes tend to be reactive, 

which causes more downtimes, degraded 

services and customer dissatisfaction. 

Artificial Intelligence (AI) presents an 

iterative chance to further develop SRE by 

using predictive maintenance and runtime 

anomaly detection, which allows reacting 

proactively to possible failures. 

B. Overview 
This paper discusses the ways AI can be 

used to enhance SRE practices in 

distributed cloud systems. It concentrates 

on enabling machine learning models into 

operational pipelines to anticipate failures 

of systems before they take place and 

identify abnormal behaviour in continuous 

streams [2]. By implementing AI, fault 

tolerance, and service uptime are increased, 

besides reducing operational cost and 

improving the observability of the system. 

C. Problem Statement 
Traditional SRE tools provide no predictive 

value and can have trouble at scale in 

distributed cloud architectures. They are 

mostly rule-based and reactive, and it is 

hard to solve any problem before it affects 

the users [3]. The urgent requirement is to 

introduce smart systems that will be able to 

discover patterns, learn based on past data, 

and provoke some proactive interventions. 

D. Objectives 
The primary objectives of this study are: 1. 

To identify key failure patterns and 

performance degradation signals using 

historical system logs and telemetry data. 2. 

To analyse ML (machine learning) models 

for predictive maintenance that minimise 

unexpected downtimes. 3. To analyse and 

maintain anomaly detection systems that 

provide real-time alerts for irregular 

behaviours in cloud services. 4. To evaluate 

the impact of AI-enhanced SRE on system 

reliability, mean time to recovery (MTTR) 

and operational efficiency. This paper aims 

to enhance the effectiveness of Site 

Reliability Engineering (SRE) by 

integrating AI-driven predictive 

maintenance and anomaly detection 

mechanisms in distributed cloud 

environments.  

E. Scope and Significance 
The scope is confined to distributed cloud 

services on hybrid and multi-cloud 
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environments, and AI tools that can be used 

in large-scale infrastructure are considered. 

The significance of the research is valuable 

because it focuses on an important gap in 

proactive system management [4]. This is 

possible by integrating AI in the SRE 

workflows, which helps enterprises achieve 

resilience, mean time to resolution, and 

seamless service experiences. 

II. LITERATURE REVIEW 
A. Evaluation of site reliability 

engineering in a distributed cloud 

platform 

 
Figure 1: Cloud platform 

[5] 

Figure 1 shows a distributed cloud scenario 

in which data is moving among the data 

owner, users, and the cloud platform. It 

throws light on security weak points and the 

threat of unauthorised access. When 

considering Site Reliability Engineering 

(SRE), this aspect underscores the 

importance of having effective access 

controls, monitoring, and anomaly 

detection to ensure trust and reliability of 

the system [5]. This evaluation forms a 

basis of knowledge on how SRE has 

adapted to handle reliability in modern, 

more complicated, distributed systems. 

Supported by reactive approaches such as 

threshold-based alerting, manual incident 

handling, and post-incident analyses, 

traditional SRE practices are based on 

reactionary work. Nevertheless, these 

methods are not enough due to the dynamic 

scaling and the heterogeneity of modern 

cloud services. There are critical gaps in 

how SRE can be adapted to the needs of the 

hybrid and multi-cloud ecosystem in which 

services are built and run across many 

availability zones, geographies, and 

providers. When linked to the purpose of 

the study, which is to improve SRE with the 

help of AI, this theme reveals the 

inadequacy of the traditional way of doing 

things and paves the way for the 

introduction of more initiative and 

intelligent approaches [6].  

B. Predictive Maintenance using 

machine learning in IT operations 
Predictive maintenance is directly aligned 

to undertake machine learning in IT 

operations. It discusses the potential of 

predictive analytics to proactively detect 

degradation or failures in a system by 

performing analysis on trends in the 

historical data, including CPU usage, 

memory leaks, disk errors, and network 

latency [7]. Predictive maintenance is not 

new in segments such as manufacturing and 

energy, but it is quite young in SRE and IT 

operations. One criticism of the existing 

work is the discrepancy in data quality and 

the non-standardisation of log formats 

across platforms, which makes 

generalisation of models difficult. Also, the 

manner in which these models can be 

operationalised in continuous delivery 

pipelines is not discussed in many studies, 

and it is one of the main issues that the 

proposed study will attempt to address by 

making AI models compatible with SRE 

processes and enhancing uptime in a 

proactive way [8]. 
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C. AI-Driven anomaly detection in 

cloud services  

 
Figure 2: Anomaly detection in cloud 

services 

[9] 

Figure 2 illustrates AI-based anomaly 

detection as an initial procedure for 

detecting deviations in regular patterns 

within the system. It goes through pattern 

recognition and root cause analysis to 

predictive maintenance [9]. Such a layered 

solution would help achieve high 

availability of cloud services by detecting, 

diagnosing and preventing failures in a 

distributed environment early. Anomaly 

detection in real time is the goal supported 

by this theme. Unsupervised clustering and 

neural networks, as well as autoencoders, 

are AI methods that have a major benefit 

over rule-based systems: they are better at 

identifying unknown failure modes or 

gradual changes in performance. 

Nevertheless, current solutions have a 

problem with high false positives and 

situational awareness semantics, thereby 

causing alert fatigue and a lack of trust in 

the engineers [10]. The Impossibility to 

explain AI models is also a theme that 

illustrates the inability to use AI in mission-

critical settings due to the lack of 

explainability. Critically, however, the 

literature on the topic tends to ignore the 

correlation between anomaly detection 

output and automated remediation input, 

which is a major aspect of the purpose of 

the study to minimise mean time to 

recovery (MTTR). 

D. Measuring the impact of AI on SRE 

performance and operational efficiency  
Measuring the effect of AI on SRE 

performance and operational efficiency is 

an important step in confirming its 

usefulness in practice in distributed cloud 

scenarios. Traditional SRE uses reactive 

incident response and fixed thresholds, but 

AI can be used to implement proactive 

approaches because it can forecast failures 

and identify anomalies in real time [11]. 

The mean time to recovery (MTTR) system 

viability and incident frequency are among 

the metrics that are enhanced with the help 

of AI power insights and automation. 

However, a broad range of studies do not 

provide long-term assessments and do not 

take into consideration such issues as the 

explainability of such models and their 

implementation into the current workflow 

[12]. Also, the barriers are resistance to the 

use of AI and insufficient training. Such 

theme points out the potential as well as 

practical gaps that AI needs to fill in to be 

able to improve SRE outcomes. 

 

 

III. METHODOLOGY 

A. Research Design 
The research design used in this study is 

explanatory, which aims to examine how 

AI methods could be applied to enhance 

Site Reliability Engineering (SRE) by using 

predictive maintenance and detecting 

anomalies in distributed clouds. The 

emphasis is put on learning causal links 

between the integration of AI models and 

the increase in system reliability, 

availability, and operational efficiency 

[10]. The explanatory method enables to 

investigation of the related mechanisms AI 

affects the main SRE indicators, including 

MTTR (Mean Time to Recovery), the 

accuracy of failure prediction, and anomaly 

detection accuracy. It offers structural 

guidelines on understanding the 
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implications of AI on sophisticated cloud 

systems. 

B. Data Collection 
The research employs a secondary method 

using both qualitative and quantitative data. 

Qualitative data is collected based on the 

complex case study analysis of peer-

reviewed articles such as repots, journals, 

industry reports etc (e.g., CloudShield and 

LSTM HDD studies), implementation 

process and result analysis. Quantitative 

data involves graphs, logs, and system 

telemetry plots, which are reflective of 

actual performance data in the system, like 

system uptime, rate of incidents, and the 

rate of predictions. Trends, correlations and 

cause-effect relations are sought by 

analysis of these data sources. The 

combination of the two types of data will 

allow having a complete picture of the 

efficacy of AI in optimising SRE work in 

distributed cloud systems. 

C. Case Studies/Examples 
Case Study 1: CloudShield, Real-Time 

Anomaly Detection in the Cloud 

A system that can detect malicious 

anomalies in clouds is introduced by the 

Real-Time Anomaly Detection in the Cloud 

using deep learning. CloudShield is 

constructed by pretrained neural network 

models that can classify advanced threats, 

including Spectre and Meltdown, within a 

millisecond. The result is up to 99% false 

positive reduction, which extremely 

enhances operational efficiency and 

precision in incident response. Its 

architecture makes it compatible with 

monitoring in production, fitting right into 

SRE workflows, and helping to increase 

observability in cloud-native distributed 

systems at scale [16]. The case is extremely 

applicable to the research as it presents a 

practical implementation of the AI-based 

anomaly detection that empowers the SRE 

by enabling proactive, precise, and scalable 

monitoring. 

Case Study 2: Predictive Maintenance 

Using Bidirectional LSTM for HDD 

Failure 

The Useful Life Estimation of Hard Disk 

Drives with Bidirectional LSTM Networks 

presents a predictive maintenance model 

based on the SMART attributes of cloud 

data centre HDDs. The system provides up 

to 60 days of warning on the drive failures 

with a bidirectional Long Short-Term 

Memory (LSTM) network showing 96.4% 

accuracy and a mean absolute error of 0.12 

[17]. This warning of failures allows 

infrastructure teams and SREs to replace or 

service drives before they fail, helping to 

prevent unplanned outages and increasing 

system reliability. Experiments on the 

model were done using large-scale data sets 

of production cloud storage systems. As it 

shows successful predictive maintenance of 

distributed cloud systems, this case directly 

contributes to the research objective of 

improving SRE with AI, because industry 

priorities are availability and fault 

tolerance. 

D. Evaluation Metrics 
In order to evaluate the effectiveness of AI-

enhanced SRE, the study employs key 

evaluation metrics, which capture the 

element of reliability and operational 

efficiency of the system. These are Mean 

Time to Recovery (MTTR), system 

availability, frequency of incidents, and 

false positive rate in anomaly detection. In 

the case of predictive maintenance, the 

precision of the failure prediction and the 

time to failure are of the essence. The 

metrics are yielded based on case studies 

and available telemetry data. These metrics 

assist in ascertaining the effectiveness of AI 

tools in enhancing preemptive issue 

remediation and decreasing service 

outages, and performance optimisation. 

Traditional SRE methods are compared 

with AI-enhanced workflows, and the 

advancement is proven both quantitatively 

and qualitatively. 

IV. RESULTS  
A. Data Presentation 
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Figure 3: The accuracy of anomaly 

detection 

(Source: [14]) 

The time-efficient and privacy-aware 

anomaly detection are of high importance. 

The anomaly detection systems are crucial 

for the prevention of network 

malfunctioning. The accuracy of anomaly 

detection considering the different methods 

used has been analysed. The interpretation 

reveals how GLLD or the Graph-Based 

Layered Learning-Driven Network is 

revealing accurate results for anomaly 

detection. There is near about 91% 

accuracy for the transmission in the 

distributed cloud IoT network [14]. Thus, 

there is a need for high accuracy for 

obtaining site reliability in network 

operations. The increased accuracy can 

alert the cloud applications of the anomalies 

in the network. There can be responsive 

steps taken on account of the anomalies 

detected in the system.  

 
Figure 4: AI increasing the accuracy of 

predictive maintenance 

(Source: [15]) 

Artificial Intelligence is lending the needed 

derivations for a robust predictive 

maintenance mechanism. The outcomes of 

Predictive Maintenance in terms of 

accuracy, precision and recall have been 

assessed. The Random Forest enabled 

through AI has an accuracy of 92.5% in 

predictive maintenance [15]. The accuracy 

of predictive models has been enhanced 

with the integration of Artificial 

Intelligence. The score depicts the critical 

discriminative ability on account of using 

AI. However, the Support Vector Machine 

method has not been able to achieve reliable 

accuracy compared to Random Forest. The 

Random Forest technique empowered by 

the integration of AI is depicting positive 

results in terms of accuracy and precision. 

The high recall value of 93.1% obtained is 

a testament to the ability of Random Forest 

to predict potential failures [15]. The AI-

enabled predictive maintenance framework 

is producing predictive models having 

increased accuracy. There are enhanced 

results derived on account of the Artificial 

Intelligence being used across the process. 

The efficacy of AI is being established for 

anticipating any system failures and 

increasing reliability.  

B. Findings 

The above assessment reveals how AI 

within predictive maintenance is able to 

drive crucial results. The accuracy of 

anomaly detection is of high importance in 

cloud-based applications [14]. The 

accuracy is depicting how there can be 

increased site reliability for distributed 

cloud infrastructure with anomaly 

detection. The further analysis is revealing 

the salience of AI in being able to 

strengthen predictive maintenance [15]. 

The use of the Random Forest Algorithm 

empowered by AI is helping to gain crucial 

results. The AI is paving the way for robust 

predictive maintenance outcomes. 

Predictive maintenance is able to reduce the 

rate of failures [13]. There is increased 

accuracy and recall clearly identifying the 

system failures that can occur. Site 
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Reliability Engineering can benefit from 

the integration of AI-powered predictive 

maintenance for detecting anomalies.  

C. Case study outcomes 

Case 

Study 

Applicat

ion 

Impact Outcom

e 

CloudSh

ield  

The 

CloudSh

ield is 

using 

deep 

learning 

for real-

time 

anomaly 

detectio

n across 

the 

clouds 

[16] 

There are 

significa

nt 

impacts 

on the 

SRE with 

the 

workflow

s being 

securely 

monitore

d 

The 

precise 

and 

scalable 

monitori

ng 

obtained 

with the 

applicati

on of 

CloudSh

ield 

within 

the SRE 

workflo

ws 

Bi-

Directio

nal 

LSTM 

Network 

The 

LSTM 

network 

is 

making 

use of 

predictiv

e 

mainten

ance  

There is 

60 days 

warning 

received 

on 

possible 

failures 

and 

96.4% 

accuracy 

accompli

shed [17] 

Successf

ul 

predictiv

e 

mainten

ance for 

large 

datasets  

Table 1: Case Study Analysis 

(Source: self-created) 

The case study analysis reveals how the 

application of deep learning and predictive 

maintenance are driving results in cloud 

applications. The SRE workflow is fortified 

with application and the LSTM network 

can predict the failures it can encounter.  

D. Comparative analysis 

Journ

al  

Aim Findings Gaps 

[5] The 

secure 

data 

storing 

The 

access 

controls 

and 

There is 

not 

enough 

discussio

technique

s that can 

protect 

data 

within 

the cloud 

environm

ent [5] 

monitorin

g of Site 

Reliabilit

y 

Engineeri

ng being 

benefitted 

by the 

secure 

data 

storage 

tactics [5] 

n on the 

security 

issues 

faced by 

distribute

d cloud 

systems 

[6]  The 

technique

s for 

obtaining 

efficient 

fault 

tolerance 

with the 

growing 

threats to 

cloud 

environm

ent [6]  

The 

analysis 

of fault-

tolerant 

systems 

that can 

lead to the 

developm

ent of 

secure 

cloud 

infrastruct

ure [6] 

The lack 

of 

analysis 

on how 

predictiv

e 

maintena

nce can 

fortify 

the cloud 

fault 

tolerance 

capacitie

s  

[7]  The use 

of AI 

driven 

automati

on in 

increasin

g the 

predictiv

e 

framewor

k for 

businesse

s [7] 

The 

machine 

learning 

driven 

predictive 

analytics 

are 

capable of 

intelligent 

decision-

making 

and 

strategic 

adaptation

s [7] 

The lack 

of 

analysis 

regarding 

how 

predictiv

e 

modellin

g can 

make use 

of AI-

driven 

capacitie

s  

[10] The 

strategic 

role of AI 

in 

proactive 

threat 

detection 

in cloud 

Well-

informed 

decision 

making 

possible 

with the 

integratio

There are 

reduced 

empirical 

findings 

that could 

have 

increased 

the 
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n of AI 

[10] 

accuracy 

of the 

research 

[9] The 

capacity 

of AI-

driven 

self-

healing 

systems 

that can 

benefit 

the 

operation

s [9] 

The 

importanc

e of self-

healing 

systems in 

cloud 

applicatio

ns being 

able to 

overcome 

critical 

faults [9] 

The 

reduced 

discussio

n on the 

site 

reliability 

engineeri

ng for 

cloud 

applicati

ons 

[4]  The 

multi-

cloud 

security 

strategies 

that can 

manage 

hybrid 

environm

ent [4] 

The 

importanc

e of 

central 

security 

and 

automatio

n that can 

standardis

e security 

protocols 

There is 

diminish

ed 

discussio

n of the 

clear 

steps 

needed 

for 

predictiv

e 

maintena

nce 

Table 2: Comparative Analysis 

(Source: self-created) 

The above table has compared the findings 

from the journal articles. The findings 

reveal how cloud security and reliability 

can be enhanced with the implementation 

of AI in the services predicting accurate 

outcomes.  

V. DISCUSSION 
A. Interpretation of Results  
The data presentation and case studies 

affirm that AI implementation in SRE is 

very effective in increasing system 

reliability and efficiency in operations. The 

anomaly detection engine of CloudShield 

in real time has been proven to have high 

false positive reduction, which correlates 

with the 91% detection accuracy exhibited 

by GLLD networks. Likewise, predictive 

maintenance based on bidirectional LSTM 

and AI-based Random Forest models 

provides more than 92% accuracy, which is 

useful to detect faults early. These results 

confirm the research hypothesis that AI can 

improve the classic SRE workflows. 

Proactive problem solving, minimal 

downtimes and shorter incident response 

are continuously realised, which validates 

the transformative influence of AI in the 

management of distributed cloud 

infrastructure. 

B. Practical Implications 
The application of AI in SRE practices has 

straightforward and useful meanings to 

organisations that run distributed cloud 

environments. Proactive anomaly detection 

enables engineers to act on problems before 

they affect the users, which minimises the 

MTTR and increases service stability. With 

predictive maintenance models (e.g. LSTM 

and Random Forest algorithms), 

infrastructure teams can replace or fix 

hardware components before they fail, 

which optimises resource utilisation and 

lowers costs [18]. The practices will make 

the systems more observable and minimise 

alert fatigue, and enable continuous 

availability. In the end, AI-powered SRE 

boosts resiliency and enhances user 

experiences and promotes scalability across 

dynamic multi-cloud environments. 

C. Challenges and Limitations 
Regardless of the promising results, 

numerous obstacles restrict the use of AI in 

SRE. Data quality and heterogeneity are 

one of the largest problems: log formats and 

telemetry data differ across platforms, and 

it is hard to train universal models. 

Furthermore, the explainability of the AI 

models is also an obstacle, particularly in 

critical systems where the engineers are 

required to justify the interventions [19]. 

The number of false positives in anomaly 

detection has decreased, but increases due 

to operating noise. Inserting AI into CI/CD 

lines and old systems can be multifaceted, 

too. In addition, teams are reluctant to 

automate because of both trust and skills 

gaps, necessitating both organisational 

change and re-skilling efforts. 
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D. Recommendations 
In order to bridge today's limitations and 

achieve the most out of AI in SRE, 

organisations must standardise logging 

formats and have clean, labelled datasets to 

train AI models. Spending on explainable 

AI will enhance trust and usability of 

anomaly detection systems. Integrating AI 

models into DevOps workflows through the 

use of MLOps frameworks is also 

suggested to enable free deployment and 

monitoring. Regular retraining of the model 

with new telemetry is essential to ensure 

accuracy [20]. Lastly, firms need to offer 

training and change management initiatives 

to make SRE teams successful in adopting 

AI tools and to instill a culture of reliability 

management proactivity. 

VI. CONCLUSION AND FUTURE 

WORK  
The study is delving into assessing how AI 

can be used for enhancing Site Reliability 

Engineering through anomaly detection in 

the cloud. The evaluation reveals how the 

traditional form of SRE can fail to predict 

the anomalies and prevent any network 

failures. The evaluation of AI establishes its 

capacity for quickly analysing the patterns 

that can lead to system failures. The self-

healing capabilities in AI can benefit the 

distributed cloud infrastructure. 

Future work should focus on how AI should 

be used in anomaly detection for security in 

clouds. The study reveals how the cloud 

infrastructure continues to face severe 

security issues. AI-empowered predictive 

maintenance can lead to proactive handling 

of any failures. There can be more robust 

distributed cloud systems attained with the 

integration of AI. The learning will aid in 

developing effective models.  
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