
Computer Fraud and Security  

ISSN (online): 1873-7056 

 

_________________________________________________________________________________ 
98 

Vol: 2024 | Iss: 03 | 2024 

 

AI Driven Observability and AIOps for Proactive Cloud Reliability 

 

Sagar Kesarpu 

Expert Application Engineer 

Leading Financial Institution, USA 

sagark546@gmail.com 

ORCID: 0009-0003-6272-3968 

Abstract 

The cloud-native applications generate a huge amount of logs, metrics, traces, and events, which is difficult 

to analyze in terms of observability with the help of traditional approaches. Observability technology with 

the use of artificial intelligence and telemetry data ensures real-time monitoring of the performance of 

applications, infrastructure, and users’ experience. Thus, it will help the companies to detect anomalies, 

forecast failures, and identify their reasons even before they happen. AIOps stands for AI for IT 

Operations, and it is an extension of the observability approach in that it automates operational data 

analysis and orchestration of proactive actions. By means of the constant correlation of the collected data 

from the cloud-native systems, machine learning will help detect any abnormalities, reduce false alerts, and 

prioritize relevant events. The combination of AI-based observability and AIOps ensures the increased 

reliability of the clouds because of continuous monitoring and autonomous decision-making. In terms of 

predictive maintenance, infrastructure issues may be identified before any failure events happen, while in 

the case of automation, there are resource scaling, load balancing, and even service recovery. This is how 

these characteristics help in reducing downtime, ensuring availability and operational efficiency in hybrid 

and multi-cloud architectures. At the same time, observability enabled by artificial intelligence allows 

DevOps and Site Reliability Engineers to perform their tasks effectively by offering them useful data 

during software development. This way, feedback will be provided for quick problem solving, effective 

resource management, and service level objectives achievement. With the increasing complexity of cloud 

environments, observability and AIOps enabled by AI become possible and scalable solutions. 

Keywords: AI-driven observability, AIOps, cloud reliability, predictive analytics, anomaly detection, 

automated incident remediation, cloud monitoring, self-healing systems. 

Introduction  

Observability and AIOps powered by AI have become important tools for improving the reliability of cloud platforms. 

Modern cloud applications generate a large number of logs, metrics, traces, and events from different services. The 

existing monitoring systems are incapable of solving this problem because it is impossible to detect incidents in real-

time. AI-powered observability continuously analyzes operational data to identify anomalies and get the information 

required for preventing incidents. AIOps uses artificial intelligence, machine learning, and automation to improve the 

process of IT operations by using intelligent alerting, root cause analysis, predictive monitoring, and automated incident 

resolution (Singh, Anand & Prabhat, 2022). This allows reducing the downtime of the application and maintaining its 

availability in hybrid and multi-cloud platforms. According to McKinsey, organizations are investing more money into 

AI and applying it to service operations to enhance their efficiency and infrastructure management. As the complexity of 

enterprise cloud platforms increases, AI-powered observability and AIOps provide proactive monitoring, automated 

decision-making, and cloud reliability. 

Methods  

In this case, a qualitative research design was employed since the research sought to examine the topic of enterprise 

application performance optimization, AI-powered observability, and AIOps in the distributed cloud environment 

through interpretation of existing knowledge as opposed to quantitative measurement (Li et al., 2020).  
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Figure 1: Conceptual Framework of AI-Driven Observability and AIOps for Proactive Cloud Reliability 

(Source: Self-created) 

The use of a qualitative research design was necessary because the topics covered were not measured but analyzed 

conceptually, technologically, operationally and organizationally in the cloud computing research. An interpretive 

research philosophy and an inductive research approach were adopted in conducting this research. An interpretive 

research philosophy was appropriate in allowing the research to understand how various studies and industry reports 

explain cloud performance optimization and operational practices powered by AI. The inductive research approach was 

important in the generation of themes from the review of the literature without testing of any hypotheses (Sibeoni et al., 

2020). Secondary data collection was employed since the research depended on credible published sources and not 

primary surveys or interviews.Secondary data was used since it was more informative regarding the industry, saved on 

time and costs, and allowed for comparison of results from different organizations and cloud ecosystems. Data was 

analyzed using thematic analysis whereby recurring concepts and evidence were coded and organized based on themes 

such as performance optimization, workload management, observability, automation, governance, and cloud reliability 

(Spencer et al., 2021). 

Data analysis & findings 

AI-Driven Observability Capabilities in Cloud Environments 

AI-powered observability enables cloud applications, infrastructure, and networking to be monitored in real time through 

intelligent alerts, anomaly detection, correlation of events, and automation of root cause analysis. 

 

Figure 2: Enterprise criteria for selecting an AIOps vendor, highlighting key AI-driven observability capabilities 

(Source: OpsRamp, 2023) 
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The survey conducted by OpsRamp State of AIOps in 2023 among 265 IT professionals employed by enterprise 

organizations and managed service providers revealed a growing use of AI observability in distributed cloud 

infrastructure. The sample consisted of 138 people employed by enterprise organizations (52.1%) and 127 people 

employed by managed service providers (47.9%). Out of this sample, 75.6% were from North America, 15.6% from 

Europe, and 8.7% from Asia-Pacific (OpsRamp, 2023). Application of AI observability by enterprises focuses on 

growing efficiency and reducing the time required to resolve incidents. Use this graph rather than the use case of AIOps 

in this section if you refer to observability. According to the survey, 70% of businesses have adopted AIOps for 

intelligent alerts, 57% have implemented event correlation for root cause analysis, and 52% have used anomaly and 

threat detection to identify performance issues. Besides, 65.9% of the firms have identified automation of IT operations 

as their primary priority, 60.9% have aimed to improve the productivity of the IT workforce, and 60.1% have aimed at 

maximizing AI and machine learning in IT operations. However, the challenge of observability also exists since 62.3% of 

the firms have identified application-to-infrastructure dependency mapping as their top incident management challenge, 

whereas 56.5% have identified probable root cause analysis as one of their top operational challenges. This highlights the 

need for AI-powered observability in cloud performance optimization and reliability (OpsRamp, 2023). 

AIOps for Proactive Incident Detection and Root Cause Analysis 

AIOps provides the ability to proactively detect incidents and analyze their causes through the use of artificial 

intelligence, machine learning, and big data analytics for continuous monitoring of cloud infrastructure (Mohammed, 

2022). Unlike conventional monitoring solutions, AIOps analyses data from logs, metrics, events, and traces in order to 

detect anomalies, correlate the incidents and take actions in order to avoid any disruptions to the services. As revealed by 

the State of AIOps 2023 Survey by OpsRamp, more and more businesses are embracing AIOps solutions. 

 

Figure 3: Driving factors for enterprise adoption of AIOps 

(Source: OpsRamp, 2023) 

According to the survey, 59% of organizations implemented AIOps to increase the availability and performance of 

services and applications, while 58% of organizations implemented AIOps to automate their operations and enhance 

team efficiency. Additionally, 53% of organizations deployed AIOps to automate the process of operational governance, 

while 53% used AIOps to discover and address the root causes of incidents quickly (OpsRamp, 2023). Besides, 41% of 

organizations implemented AIOps to gain insights about analytical trends and enhance prediction and proactive 

management of incidents, while 32% of organizations implemented AIOps to enhance understanding of application and 

infrastructure dependencies (Mohammed, 2022). In terms of the deployment, 69.6% of organizations utilize intelligent 

alerting, 57.2% use root cause analysis via event correlation, 52.2% deploy anomaly and threat detection, and 50% use 

incident auto-remediation. 
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Predictive Monitoring and Anomaly Detection for Cloud Reliability 

Through predictive monitoring and anomaly detection, there is an ability to identify anomalies in the cloud computing 

environment before they affect any application or the users (Kamat & Sugandhi, 2020). In AIOps, machine learning 

combined with telemetry, logs, metrics, traces, and performance history is used to detect any anomaly, predict failure, 

and automate the response to them in the cloud computing environment. Unlike the traditional method which employs 

pre-programmed rules, predictive monitoring learns about the normal behavior in the system. 

 

Figure 4: Primary Operational Benefits of Using AIOps Tools (Enterprises) 

(Source: OpsRamp, 2023) 

A predictive approach to monitoring is needed in today's cloud computing environment because of frequent infrastructure 

failures. Research indicates that there are daily failures in about 0.1% of server nodes in Microsoft Azure environment, 

stressing the need for constant detection of anomalies in cloud computing environments. Application downtime can be as 

costly as up to $550,000 per hour. Therefore, it becomes important to have predictive monitoring for continuity and 

availability of services for the organizations. AI-based platforms perform monitoring of streaming data and provide 

insights on abnormal behavior before the service becomes unavailable for users. Predictive monitoring becomes more 

common with the focus of organizations on operational efficiency using AIOps. According to the 2023 State of AIOps by 

OpsRamp, 66% of enterprises ranked automation of IT operations among their key priorities, and 60% aimed at 

maximizing AI and machine learning to manage infrastructure (Lakeside Team, 2019). In addition, 59% adopted AIOps 

to improve service availability and application performance, and 53% to enable identification and resolution of root cause 

faster. 

Impact of AI-Driven Observability on Cloud Performance and Service Reliability 

AI-based observability enhances the performance and dependability of cloud services through continuous visibility into 

the cloud infrastructure, applications, network, and interactions. Contrary to conventional monitoring systems, AI 

observability integrates logs, metrics, traces, and telemetry along with machine learning capabilities to spot anomalies, 

anticipate issues, automate root cause identification, and help proactively manage incidents (Agarwal, 2022). 

Observability in AI reduces the chances of downtime and assists in increasing the availability of the application while 

facilitating the optimization of resources intelligently within the cloud environment. The AIOps tools rely on both past 

and current telemetry data to spot any abnormality before the service gets disrupted and hence assist in the prevention of 

incidents instead of reacting after they occur. Such predictive capabilities may also prove useful in allocating resources 

dynamically and reducing latencies during the peak times. As per The State of AIOps 2023 by OpsRamp, 63% of the 

respondents had reduced open incident tickets with intelligent alerts, 56% had reduced MTTD and MTTR, and 50% had 

automated their operational procedures. 
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Figure 5: Generative AI related risks that organizations consider relevant 

(Source: Mckinsey, 2023) 

In addition to this, 38% of organizations improved incident resolution by 25%-50%, while 33% increased their incident 

resolution rates by over 50% using AIOps solutions. This shows the efficiency of AI-based observability in enhancing 

incident response processes and increasing service availability. Another important aspect of AI observability is 

improving service availability through root cause analysis and self-healing functionality (Tshenyego, Samikannu & 

Mtengi, 2021). AI correlates all incidents that happen in the infrastructure, applications, and network services through 

machine learning technology, in order to find the reason for the failure. 

Implementation Barriers and Governance in AI-Driven AIOps Adoption 

AIOps using AI necessitates proper governance, quality data management, competent staff, and process standardization 

to guarantee cloud reliability. With more organizations adopting hybrid and multi-cloud architectures, governance 

models are critical for ensuring security, compliance, and performance of AI models in such distributed architecture 

(Agarwal, 2022). The 2023 OpsRamp State of AIOps Survey shows that data accuracy is the most common issue during 

AIOps implementations, with 62% of enterprises and 70% of managed service providers (MSPs) listing it.  

Area Enterprise MSPs Key Issue Governance 

Focus 

Impact 

Data 

Accuracy 

62% 70% Poor Quality Data Governance Reliable Models 

Errors Control 48% — Model Errors Risk Controls Trusted 

Operations 

Cost ROI 47% — Budget 

Pressure 

Value Tracking ROI 

Improvement 
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Skills Gap Limited Skills Major Barrier ML Expertise Capability 

Building 

Better Adoption 

AI 

Governance 

Lifecycle 

Oversight 

Performance 

Monitoring 

Policy 

Standards 

Strategic 

Alignment 

Higher ROI 

Table 1: Implementation Challenges, Governance, and Enterprise Readiness for AIOps 

Additionally, 48% of firms cited errors and lack of control as the problem with governance, while 47% identified 

cost/ROI as the primary barrier to AIOps adoption. Lack of skill in data science / machine learning is one other important 

barrier to implementation, particularly for MSPs (Zhang, Xin & Li, 2021). Good governance practices help in the 

adoption of AIOps through standardizing monitoring practices, data management, and AI life-cycle management. 

According to an AI survey conducted by McKinsey, companies that reap high ROI from AI are the ones who have 

adopted AI governance practices that involve all phases of model development, performance indicators of AI monitoring, 

and aligning AI projects with the company’s strategy. 

Discussion 

The paper shows that the implementation of AI-based observability and AIOps allows making the transition from the 

reactive cloud monitoring to proactive and intelligent service management. All the results prove the ability of the AI 

solutions to enhance application performance, workload optimization, incident detection, and service reliability within 

distributed cloud systems (Tshenyego, Samikannu & Mtengi, 2021). With the use of machine learning, prediction, and 

telemetry analysis, businesses can find out about anomalies and solve operational problems much faster compared to the 

conventional cloud monitoring methods. This conclusion is proved by the industry statistics. According to OpsRamp 

State of AIOps 2023, 63% of companies decreased their open incident tickets, 56% enhanced MTTD and MTTR, while 

38% of them were able to resolve incidents 25-50% faster because of AIOps. McKinsey states that the high-performance 

AI companies spend more resources on automating AI lifecycle, modular data pipelines, governance, and high-

performance computing infrastructure. Nevertheless, for the successful implementation of AIOps, governance and 

organizational readiness are key aspects. The accuracy of data, integration into hybrid clouds, lack of skills in using AI, 

and governance represent some of the main challenges of implementation (Sibeoni et al., 2021). Organizations that 

implement standardized AI governance, monitor the performance of models, and integrate their AI efforts with business 

goals enjoy more reliable cloud operations. 

Limitation 

The research is based on secondary data which is qualitative in nature, gathered from industrial reports and scholarly 

literature. This data might not be representative of all organizational situations, industries, and technological advances 

made in recent years. 

Conclusion 

AI-driven observability and AIOps have proved to be critical in boosting cloud performance, efficiency, and reliability in 

a distributed cloud environment. The benefits of using predictive monitoring, intelligent automation, and real-time 

observability include the ability to detect anomalies quickly, carry out root cause analysis, and maximize the use of 

available resources. However, the success of the use of this technology depends on effective governance, good data 

integration, and management of AI models. 
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