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ABSTRACT 
Enterprise platform engineering has emerged as a response to the operational complexity created by cloud-
native applications, microservices, Kubernetes, and expanding software delivery toolchains. Yet many 
enterprises continue to rely on fragmented developer tools, manually coordinated infrastructure processes, 
inconsistent configurations, and reactive operational practices that increase cognitive load and delay service 
delivery. This study develops an AI-enabled enterprise platform engineering framework for scalable developer 
platforms, intelligent infrastructure automation, and operational excellence. Following a design-science 
approach, the study synthesizes evidence from 35 peer-reviewed publications and translates identified 
capabilities into an integrated architectural artifact. The framework combines an internal developer portal, 
reusable service templates, infrastructure as code, CI/CD and GitOps orchestration, cloud-native runtime 
services, policy-as-code controls, unified observability, and an AI intelligence layer for configuration 
assistance, anomaly detection, capacity forecasting, root-cause analysis, and remediation recommendations. 
Human approval gates, explainability controls, audit trails, and rollback mechanisms are incorporated to 
constrain high-risk automated actions. The framework is evaluated through criterion-based architectural 
analysis and comparative operational scenarios covering service onboarding, infrastructure provisioning, 
deployment, workload scaling, policy violations, and incident recovery. The evaluation indicates that 
combining self-service workflows with governed AI assistance can improve process consistency, reduce 
operational handoffs, strengthen continuous compliance, and support earlier detection and resolution of 
infrastructure failures. The study contributes a unified, measurable model that connects platform engineering 
with AIOps, DevSecOps, developer experience, and cloud governance. Practically, it provides enterprise 
technology leaders and platform teams with a phased basis for moving from fragmented DevOps tooling 
towards secure, observable, and progressively autonomous platform operations. 
 

KEYWORDS 

Platform Engineering, Artificial Intelligence, Internal Developer Platform, Infrastructure as Code, AIops, 
Developer Experience, Cloud-Native Infrastructure, Operational Excellence. 

 
 
 
 

http://creativecommons.org/licenses/by-sa/4.0/
https://doi.org/10.67228/30715725/IJIARE-V9I3P101


 

 
   

ISSN: 3071-5725 
PP: 01-22. 

 

---------------- 
Enterprise Platform Engineering: An AI-Enabled Framework for Scalable Developer Platforms, Intelligent Infrastructure Automation, 

and Operational Excellence 

Bhanu Kiran Kumar Muggalla 

   2 

1. INTRODUCTION 
1.1. Background 

Enterprise software delivery has progressed from centrally controlled information-technology 
operations, where infrastructure was provisioned through tickets and specialist handoffs, to DevOps 
practices that connect development and operations through automation, shared responsibility, and 
continuous delivery. DevOps improved release coordination, but the rapid adoption of cloud services, 
microservices, containers, and Kubernetes has multiplied the tools, configuration choices, and 
operational responsibilities developers must manage. Organizations therefore increasingly use 
platform engineering to convert recurring operational capabilities into reusable, self-service products 
for software teams (Anjum, 2026; Dursun, 2023; Leite et al., 2019). An internal developer platform can 
provide service catalogues, approved templates, automated pipelines, infrastructure interfaces, and 
standardized “golden paths” while preserving developers’ ability to select appropriate technologies. 
This approach shifts platform teams from responding to individual infrastructure requests towards 
maintaining dependable capabilities that can be consumed through portals and application 
programming interfaces (van de Kamp et al., 2024). 

 
The need for this shift is particularly evident in cloud-native enterprises. A single application 

may depend on multiple repositories, deployment pipelines, Kubernetes clusters, observability 
services, identity controls, policy engines, and cloud accounts. Although these technologies improve 
flexibility and scalability, their combined complexity can increase developer cognitive load and create 
inconsistent delivery practices. Artificial intelligence now offers additional capabilities for generating 
and validating infrastructure code, forecasting resource requirements, interpreting telemetry, 
detecting anomalies, analysing incidents, and recommending corrective actions (Díaz-de-Arcaya et al., 
2023; Esposito et al., 2026; Notaro et al., 2021). When incorporated into a governed platform, these 
capabilities can support proactive operations without transferring unrestricted control to automated 
models. 
 
1.2. Statement of the Problem 

Many organizations still operate fragmented toolchains in which developers must navigate 
separate interfaces for source control, deployment, security, infrastructure, and monitoring. Manual 
approvals and repeated configuration tasks slow environment provisioning, while local variations 
produce configuration drift and unreliable deployments. Operations teams often discover failures after 
users are affected because monitoring remains reactive and operational data are distributed across 
disconnected systems. Security policies may also be applied inconsistently, leaving weaknesses in 
access control, software supply chains, audit evidence, and regulatory compliance (Guerriero et al., 
2019; Rajapakse et al., 2022). 

 
Existing studies provide valuable knowledge about internal developer platforms, 

Infrastructure as Code, AIOps, Kubernetes orchestration, DevSecOps, and developer experience. 
However, these areas are often examined separately. Consequently, enterprises lack a comprehensive 
model explaining how self-service development, intelligent automation, cloud-native runtime 
management, continuous observability, security governance, and human oversight should operate as 
one system. Without such integration, AI may introduce unreliable recommendations, opaque 
decisions, automation bias, and new operational risks instead of improving performance. By treating 
the platform as an enterprise product rather than a collection of tools, the proposed approach 
emphasizes ownership, service quality, user feedback, and measurable outcomes. Integration therefore 
matters. 
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1.3. Aim and Objectives 
This study aims to develop and evaluate an AI-enabled enterprise platform-engineering 

framework that improves scalability, infrastructure automation, developer experience, and operational 
excellence. It identifies the architectural capabilities required for an enterprise developer platform; 
integrates AI-assisted provisioning, observability, anomaly detection, and incident response; embeds 
security, compliance, explainability, and human approval controls; evaluates the framework through 
technical and operational indicators; and proposes a maturity roadmap for phased enterprise adoption. 
 
1.4. Research Questions 
Accordingly, the study addresses four questions: 

 RQ1. What architectural layers and capabilities are required for a scalable AI-enabled enterprise 
developer platform? 

 RQ2. How can AI-assisted infrastructure automation improve provisioning, deployment, and 
incident-management performance? 

 RQ3. How do security governance, explainability, and human oversight influence the reliability 
of AI-enabled platforms? 

 RQ4. What developer-experience and operational-excellence benefits can the framework 
provide compared with conventional DevOps environments? 

 
1.5. Contributions of the Study 

The study contributes an integrated architecture connecting internal developer platforms, 
Infrastructure as Code, GitOps, AIOps, observability, and policy-based governance. It also introduces 
a closed-loop automation model in which operational telemetry informs AI recommendations while 
risk-based approval gates preserve human accountability. A measurable evaluation structure links 
platform capabilities to delivery speed, reliability, security, resource efficiency, and developer 
experience. Finally, the maturity roadmap provides organizations with a practical sequence for 
progressing from fragmented DevOps tooling to governed, AI-assisted platform operations. 
 

2. LITERATURE REVIEW 
2.1. Platform Engineering and Internal Developer Platforms 

Platform engineering refers to the design and management of reusable technical capabilities 
that enable software teams to build, deploy, and operate applications with less dependence on 
specialist support. It developed from DevOps as organizations sought to preserve shared responsibility 
while reducing the burden created by complex delivery environments. DevOps connects development 
and operations through cultural practices, whereas site reliability engineering applies software 
engineering principles to service reliability and operational risk. Platform engineering converts these 
practices into consumable products, interfaces, and automated workflows (Anjum, 2026; Dursun, 
2023). An internal developer platform encompasses infrastructure services, pipelines, policies, 
templates, and application programming interfaces, while an internal developer portal provides the 
user-facing catalogue through which these capabilities are discovered. Self-service functions allow 
developers to provision environments, create services, deploy applications, and obtain operational 
information without repeated tickets. Golden paths encode approved configurations and delivery 
practices in reusable templates while retaining flexibility for exceptional requirements. Treating the 
platform as a product requires clear ownership, user research, service objectives, documentation, 
feedback, and continuous improvement (Ciancarini et al., 2025; van de Kamp et al., 2024). 
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2.2. Developer Experience and Productivity 
Developer experience concerns how developers perceive and interact with tools, processes, 

systems, and organizational conditions. Fragmented interfaces, unclear documentation, repeated 
handoffs, and excessive choices increase cognitive load and interrupt productive flow. Platform 
engineering addresses these problems through discoverable tools, standardized workflows, reusable 
templates, and self-service capabilities. Standardization must preserve autonomy because restrictive 
platforms can encourage teams to bypass approved workflows. The SPACE framework treats 
productivity as multidimensional, covering satisfaction and well-being, performance, activity, 
communication and collaboration, and efficiency and flow, rather than relying only on commits or 
deployments (Forsgren et al., 2021). Research also links effective tools, manageable workflows, 
feedback quality, and supportive environments with satisfaction, engagement, retention, and 
perceived productivity (Forsgren et al., 2024; Greiler et al., 2022; Razzaq et al., 2024). Platform success 
should therefore be evaluated through both technical performance and developers’ experience. 
 
2.3. Infrastructure as Code and Intelligent Automation 

Infrastructure as Code expresses configurations in version-controlled, machine-readable files, 
allowing systems to be provisioned and changed through repeatable processes. Its declarative form 
specifies a desired state, while automation tools reconcile deployed resources with that state. This 
improves reproducibility, traceability, review, and recovery, but poor infrastructure code can 
reproduce defects at scale. Industrial studies identify inconsistent modules, weak testing, configuration 
drift, and inadequate skills as continuing problems (Guerriero et al., 2019; Kumara et al., 2021). Controls 
should include linting, integration testing, policy validation, dependency checks, secret detection, peer 
review, and deployment previews. Embedded credentials, permissive access, and unprotected 
communication demonstrate why infrastructure code requires the same discipline as application 
software (Rahman, Parnin, et al., 2019; Rahman et al., 2020). Generative AI copilots can translate 
requirements into templates, explain configurations, detect defects, and recommend corrections. 
However, generated code may be syntactically valid but operationally unsafe, making contextual 
validation, policy enforcement, and human review essential (Esposito et al., 2026). 
 
2.4. AIOps and Intelligent Failure Management 

AIOps applies AI and machine learning to operational telemetry, including logs, metrics, traces, 
events, and incident records. Log-intelligence models can learn normal execution patterns and identify 
unusual sequences or quantitative deviations, as demonstrated by DeepLog and LogAnomaly (Du et 
al., 2017; Meng et al., 2019). Broader functions include anomaly detection, failure prediction, event 
correlation, root-cause analysis, incident classification, and remediation recommendation (Dang et al., 
2019; Notaro et al., 2021). Predictive functions estimate failure likelihood before service degradation, 
while prescriptive functions propose actions such as scaling resources, restarting services, or rolling 
back deployments. Root-cause analysis is especially important in microservice environments, where 
one fault may generate alerts across dependent services (Soldani & Brogi, 2022). Incomplete telemetry, 
changing workloads, weak labels, and model drift can nevertheless produce false alerts. Effective 
AIOps therefore requires data-quality controls, confidence thresholds, explanations, feedback, and 
human confirmation for consequential remediation. 
 
2.5. Cloud-Native Scalability and Orchestration 

Cloud-native platforms rely on container orchestration for application placement, availability, 
networking, scaling, and recovery. Kubernetes uses declarative specifications and reconciliation loops 
that compare desired and observed states before initiating corrective action, extending principles 
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developed in earlier cluster-management systems (Burns et al., 2016). Scheduling decisions must 
consider capacity, workload priority, resilience, latency, and resource heterogeneity. Conventional 
autoscaling reacts to current thresholds, whereas predictive approaches use historical demand and 
machine-learning models to allocate capacity before workload increases occur (Imdoukh et al., 2020; 
Toka et al., 2021). Enterprise platforms must coordinate workloads across public, private, hybrid, and 
edge environments without creating incompatible practices. Cost-aware placement adds financial 
constraints by selecting suitable resources, reducing idle capacity, and balancing service requirements 
against expenditure (Zhong & Buyya, 2020). 
 
2.6. Security, Governance and MLOps 

Security and governance must be embedded throughout the platform lifecycle. DevSecOps 
integrates security testing, dependency analysis, vulnerability scanning, identity controls, and 
compliance checks into delivery pipelines (Prates & Pereira, 2025; Rajapakse et al., 2022). Policy as code 
converts organizational rules into executable controls that evaluate configurations and deployment 
requests consistently. Zero-trust principles require verified identities, least-privilege access, explicit 
authorization, and continuous assessment regardless of network location. AI-enabled platforms 
introduce further governance requirements because models, training data, prompts, 
recommendations, and automated actions must be managed throughout their lifecycle. MLOps 
supports model versioning, validation, deployment, monitoring, and retraining (Kreuzberger et al., 
2023). Explainability helps operators understand recommendations, while audit trails establish who 
approved an action and what changed. High-risk actions should remain subject to human approval, 
rollback controls, and defined accountability. Continuous compliance then becomes an observable 
operational capability rather than a periodic documentation exercise. 
 
2.7. Research Gap 

The literature establishes foundations for developer platforms, infrastructure automation, 
AIOps, cloud orchestration, developer experience, and security governance. However, these areas are 
usually designed and evaluated separately. Platform-engineering studies offer reference models and 
implementation examples, but limited evidence explains how AI services, human controls, operational 
metrics, and governance should interact within one enterprise architecture. Intelligent-automation 
studies also emphasize individual tasks such as anomaly detection, autoscaling, or code generation 
without evaluating their combined influence on developer experience and operational excellence. 
Enterprises therefore lack a measurable framework connecting self-service delivery, intelligent 
infrastructure management, continuous observability, security enforcement, and accountable 
automation. This study addresses that gap by integrating these capabilities into a layered framework 
and linking its components to technical, governance, and developer-centred performance indicators. 
 

Table 1: Summary of Related Studies and Identified Research Gaps 

Author(s) Research area Method Main 
contribution 

Limitation Gap addressed 

Anjum 
(2026) 

Platform 
engineering and 

internal 
developer 

portals 

Multivocal 
literature review 

Developed a 
taxonomy of 

platform-
engineering 

concepts, 
capabilities, 

tools and 

Limited peer-
reviewed 

evidence and 
dependence on 
grey literature 

Develops an 
integrated and 

measurable 
enterprise 
platform 

framework 
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maturity 
models 

Dursun 
(2023) 

Platform-
oriented 
software 
delivery 

Conceptual and 
practice-based 

analysis 

Explained the 
transition from 

adding 
platform 

functions later 
to building 
them into 
delivery 

workflows 

Limited 
empirical 

evaluation and 
operational 

metrics 

Evaluates 
platform 

capabilities 
through 

technical and 
operational 
indicators 

van de 
Kamp et al. 

(2024) 

Platform-
engineering 

reference 
architecture 

Reference-model 
development 

Proposed a 
comprehensive 

model for 
organizing 
platform-

engineering 
capabilities 

Limited 
validation 

across large 
enterprise 

environments 

Operationalizes 
the reference 

model through 
AI, governance 
and evaluation 

layers 

Ciancarini et 
al. (2025) 

Internal 
developer 
platform 

implementation 

Design and 
implementation 

case study 

Demonstrated a 
self-hosted, 
open-source 
platform for 

agile software 
development 

Focused on one 
implementation 

context and 
technology 

configuration 

Proposes a 
vendor-neutral 

architecture 
applicable 

across 
enterprise 

environments 

Forsgren et 
al. (2021) 

Developer 
productivity 

Multidimensional 
conceptual 
framework 

Introduced 
SPACE 

dimensions for 
measuring 
developer 

productivity 
beyond activity 

counts 

Not developed 
specifically for 

internal 
developer 
platforms 

Maps 
developer-
experience 

dimensions to 
measurable 

platform 
indicators 

Greiler et al. 
(2022) 

Developer 
experience 

Qualitative 
interview study 

Identified 
factors, barriers 
and strategies 

affecting 
developer 
experience 

Concentrated 
mainly on 

individual and 
team 

experiences 

Connects 
developer 

experience with 
platform 

architecture and 
operational 

performance 

Razzaq et al. 
(2024) 

Developer 
experience and 

productivity 

Systematic 
literature review 

Synthesized 
practices 
linking 

improved 
developer 

experience with 
productivity 

Evidence was 
heterogeneous 

and did not 
provide an 
integrated 
technical 

architecture 

Embeds 
developer-
experience 

measurement 
within an 
enterprise 
platform 

framework 

Rahman, 
Mahdavi-

Infrastructure 
as Code 

Systematic 
mapping study 

Classified IaC 
research, 

practices, tools, 

Limited 
coverage of AI-

assisted 

Integrates IaC 
with AI 

assistance, 
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Hezaveh, et 
al. (2019) 

benefits and 
challenges 

generation and 
enterprise 

governance 

policy controls 
and human 

review 

Guerriero et 
al. (2019) 

Industrial 
adoption of IaC 

Empirical 
industry study 

Identified 
organizational, 
technical and 

tooling 
challenges 

affecting IaC 
adoption 

Findings 
reflected a 

limited range of 
industrial 
contexts 

Introduces 
standardized 

platform 
controls for IaC 
adoption and 

validation 

Esposito et 
al. (2026) 

Generative AI 
for IaC and 
DevSecOps 

Lifecycle 
framework and 

research analysis 

Explained how 
generative AI 

can support IaC 
creation, 

testing, security 
and 

maintenance 

Requires 
broader 

enterprise 
validation and 

stronger 
safeguards 

against 
unreliable 

outputs 

Adds 
explainability, 

policy 
validation, 

approval gates 
and rollback 

controls 

Notaro et al. 
(2021) 

AIOps and 
failure 

management 

Systematic survey Classified 
AIOps methods 

for failure 
prediction, 
detection, 

diagnosis and 
remediation 

Many methods 
address isolated 

operational 
tasks 

Combines 
AIOps functions 
within a closed-
loop platform 

workflow 

Soldani and 
Brogi (2022) 

Cloud anomaly 
detection and 

root-cause 
analysis 

Systematic survey Synthesized 
anomaly-

detection and 
failure-analysis 
techniques for 

cloud 
microservices 

Tools, datasets 
and evaluation 

methods remain 
fragmented 

Integrates 
anomaly 

detection and 
root-cause 

analysis with 
platform 

observability 

Toka et al. 
(2021) 

Machine-
learning-based 

Kubernetes 
scaling 

Model 
development and 

experimental 
evaluation 

Demonstrated 
predictive 
scaling for 
Kubernetes 

edge clusters 

Evaluation 
focused on a 

restricted edge-
cluster context 

Extends 
intelligent 
scaling to 
enterprise 
hybrid and 
multi-cloud 
platforms 

Rajapakse et 
al. (2022) 

DevSecOps 
adoption 

Systematic 
literature review 

Identified 
cultural, 

technical and 
organizational 

barriers to 
DevSecOps 

adoption 

Did not fully 
integrate AI 
governance 

with platform 
engineering 

Embeds policy 
as code, 

continuous 
compliance and 

human 
accountability 

Kreuzberger 
et al. (2023) 

MLOps 
architecture and 

governance 

Literature review 
and reference-

architecture 
development 

Defined 
MLOps 

processes for 
model 

Focused on the 
machine-
learning 

lifecycle rather 

Incorporates 
model 

governance into 
the broader 
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development, 
deployment 

and monitoring 

than the wider 
developer 
platform 

enterprise 
platform 

architecture 

 

3. PROPOSED AI-ENABLED PLATFORM-ENGINEERING FRAMEWORK 
3.1. Framework Design Principles 

The proposed framework is a layered socio-technical architecture that treats the enterprise 
platform as a continuously managed product rather than a tool collection. Product ownership aligns 
capabilities with developer needs and measurable outcomes. Self-service reduces dependence on 
specialist teams, while API-first integration connects services through stable interfaces. Declarative 
automation records desired states in version-controlled artefacts, supporting repeatability, 
auditability, and recovery. Reusable golden paths translate approved architecture, security, and 
delivery practices into adaptable templates. Security by design and observability by default embed 
controls and telemetry throughout workload lifecycles. Components must scale across teams, clusters, 
and clouds while maintaining availability and resilience. AI remains human-controlled through risk-
based approvals, explanations, override, and rollback. Telemetry and feedback guide improvement of 
templates, policies, and models (Anjum, 2026; Dursun, 2023; van de Kamp et al., 2024). 
 
3.2. Developer-Experience Layer 

The developer-experience layer is the interaction point between software teams and the 
platform. Its internal developer portal presents a searchable service catalogue containing approved 
infrastructure capabilities and documentation. Standardized templates support service creation, 
pipeline configuration, environment provisioning, and compliance requirements. Self-service 
workflows allow developers to create development, testing, and production environments without 
repeated infrastructure tickets. Integrated knowledge search retrieves platform guidance, operational 
runbooks, and incident solutions. An AI assistant can explain templates, recommend services, answer 
questions, and guide users through requests, while remaining bounded by knowledge and 
permissions. A feedback mechanism captures ratings, failed searches, support requests, and workflow 
friction for the platform backlog. The layer combines standardization with autonomy, improving 
discoverability and flow without requiring every team to follow an identical workflow (Ciancarini et 
al., 2025; Forsgren et al., 2021, 2024; Greiler et al., 2022). 
 
3.3. Platform-Orchestration Layer 

The platform-orchestration layer translates developer requests into coordinated workflows. Its 
engine manages dependencies, approvals, execution, and status reporting. CI/CD pipelines build, test, 
scan, and release software, while GitOps controllers synchronize version-controlled declarations with 
runtime environments. Infrastructure-as-code repositories store reusable modules, environment 
definitions, and policy evidence. Kubernetes schedules containerized workloads, maintains desired 
state, and replaces instances. Environment-lifecycle services create, update, suspend, and retire 
resources to reduce drift and expenditure. APIs connect source control, ticketing, identity, cloud, 
security, observability, and cost-management systems. Events are retained in an auditable workflow 
history. By separating user intent from provider-specific implementation, the layer supports consistent 
processes across heterogeneous environments and allows tools to change without redesigning the 
complete developer experience (Burns et al., 2016; Rahman et al., 2020; Shahin et al., 2017). 
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3.4. AI-Intelligence Layer 
The AI-intelligence layer provides decision support across development and operations. 

Natural-language-to-IaC services convert structured requests into draft configurations using approved 
modules. Validation examines syntax, dependencies, security settings, expected cost, and target-
environment compatibility. Predictive-capacity models analyse demand history, release schedules, and 
workload patterns to recommend resources. Anomaly models inspect logs, metrics, traces, and events 
for departures from normal behaviour. Root-cause analysis correlates symptoms across services, while 
incident prioritization considers severity, affected users, criticality, and service objectives. Knowledge 
retrieval identifies relevant runbooks, records, and previous incidents before remediation is 
recommended. Possible actions include scaling, restarting, rollback, traffic redirection, or configuration 
correction. Every output includes a confidence score, evidence, and affected resources. The layer 
cannot execute changes and remains constrained by policy, identity, approval, and rollback controls 
(Díaz-de-Arcaya et al., 2023; Esposito et al., 2026; Notaro et al., 2021; Soldani & Brogi, 2022). 
 
3.5. Infrastructure-and-Runtime Layer 

The infrastructure-and-runtime layer contains the resources on which workloads execute. It 
supports public, private, and hybrid clouds, allowing placement according to security, performance, 
sovereignty, availability, and cost requirements. Kubernetes clusters manage containers, virtual 
machines accommodate specialized applications, and serverless services support event-driven 
workloads. Networking, storage, databases, messaging, and identity services are delivered through 
interfaces. Edge infrastructure hosts latency-sensitive processing while remaining connected to 
governance and observability. Development, testing, staging, and production environments apply 
isolation and controls. Resilience is supported through redundancy, health checking, replacement, 
backup, and recovery. By exposing normalized capabilities to higher layers, the runtime reduces 
complexity while retaining configuration choices (Burns et al., 2016; Toka et al., 2021; Zhong & Buyya, 
2020). 
 
3.6. Observability-and-Feedback Layer 

The observability-and-feedback layer creates an evidence base for decisions. It collects logs, 
metrics, traces, deployment events, security findings, cost records, and user feedback through 
instrumentation. Service-level indicators measure availability, latency, errors, and throughput, while 
service-level objectives define acceptable targets. DORA measures assess deployment frequency, lead 
time, change failure rate, and recovery time. SPACE dimensions add developer satisfaction, 
collaboration, activity, efficiency, and flow. Resource and cost monitoring identify idle capacity, 
inefficient workloads, and spending trends. Model monitoring measures predictive accuracy, false-
alert rates, confidence calibration, drift, and remediation outcomes. Dashboards serve developers, 
platform engineers, operators, security teams, and managers. Feedback loops return outcomes to 
backlogs, templates, policies, and AI models, enabling evidence-based improvement (Forsgren et al., 
2021, 2024; Notaro et al., 2021). 
 
3.7. Security-and-Governance Layer 

The security-and-governance layer operates across the architecture. Identity and access 
management authenticate users and workloads, while role-based controls limit actions according to 
responsibilities. Least-privilege permissions, short-lived credentials, and separation of duties reduce 
unnecessary access. Policy as code evaluates infrastructure, deployment, network, data, and cost 
requirements before changes are accepted. Secrets-management services rotate and deliver credentials 
without embedding them in source files. Software supply-chain controls include dependency scanning, 
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signed artefacts, provenance records, vulnerability assessment, and admission policies. Continuous 
compliance compares deployed resources with regulatory requirements and preserves evidence. 
Records capture requests, model outputs, approvals, deployments, and remediation. Model-risk 
management covers data quality, versioning, validation, drift, access, and retirement. Policies classify 
actions by risk and determine when execution requires human approval. Security and accountability 
consequently become platform capabilities (Kreuzberger et al., 2023; Prates & Pereira, 2025; Rajapakse 
et al., 2022). 

 
3.8. Human-in-the-Loop Control 

Human-in-the-loop control prevents automation speed from replacing accountability. Low-
risk, reversible actions may proceed when policy checks pass and confidence exceeds a threshold. 
Changes affecting production data, identity, networks, security boundaries, regulated services, or 
expenditure require review. Each recommendation must identify its evidence, confidence, expected 
effect, dependencies, and recovery action. Operators can approve, modify, reject, or defer it and record 
reasons for model assessment. Manual override enables personnel to stop workflows during 
unexpected behaviour. Escalation routes unresolved or low-confidence cases to platform, security, 
reliability, or business owners according to severity. Rollback mechanisms restore the last verified state 
when a change fails. Decision records connect requests, recommendations, approvals, execution 
results, and responsible identities, supporting accountability, investigation, and auditability (Esposito 
et al., 2026). 
 
3.9. Intelligent Closed-Loop Workflow 

The framework operates through a closed loop connecting developer intent, automated 
delivery, operational evidence, and controlled learning. First, a developer submits a service or 
infrastructure request through the portal or API and selects an approved template. The platform 
verifies identity, permissions, required information, and compatibility. AI then recommends or 
generates a configuration using governed modules and organizational knowledge. Static tests, cost 
checks, dependency analysis, security scanning, and policy controls evaluate the proposal. Low-risk 
requests that satisfy predefined conditions continue automatically, while high-risk requests pause for 
human approval. After authorization, orchestration services provision the infrastructure, execute 
delivery pipelines, and deploy the workload. Observability services immediately collect logs, metrics, 
traces, costs, security events, and user-experience signals. AI models analyse the telemetry to detect 
anomalies, forecast capacity, correlate incidents, and recommend remediation. Approved corrective 
actions use the same controlled orchestration mechanisms, preserving consistency and audit evidence. 
Outcomes are compared with service objectives, performance metrics, policies, and developer 
feedback. This evidence continuously improves templates, documentation, models, approval 
thresholds, and governance rules, creating progressive automation while retaining security boundaries 
and human responsibility. 
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Fig 1 - Architecture of the AI-Enabled Enterprise Platform-Engineering Framework 

 

 
Fig – 2 Closed-Loop Intelligent Infrastructure-Automation Process 

 
Table 2: Framework Layers, Components, Functions and Performance Indicators 

Layer Major 
components 

Primary function AI capability Performance 
indicator 

Developer-
experience 

layer 

Developer portal, 
service catalogue, 
golden paths, self-

Provides a 
standardized 

interface for creating 

Natural-language 
request interpretation, 
knowledge retrieval 

Onboarding time, 
self-service adoption 

rate, developer 
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service tools, AI 
assistant 

and managing 
services 

and contextual 
recommendations 

satisfaction and task-
completion time 

Platform-
orchestration 

layer 

Workflow engine, 
CI/CD, GitOps, 
IaC repositories, 
Kubernetes and 

lifecycle 
management 

Automates 
infrastructure 
provisioning, 

deployment and 
environment 
management 

IaC generation, 
configuration 
validation and 

workflow 
optimization 

Provisioning time, 
deployment 

frequency, lead time 
and change-failure 

rate 

AI-intelligence 
layer 

Language models, 
predictive models, 
anomaly detection 

and root-cause 
analysis engines 

Converts requests 
and operational data 

into intelligent 
recommendations 

and actions 

Prediction, 
classification, 
prioritization, 
reasoning and 
remediation 

recommendations 

Model precision, 
recall, false-positive 

rate, confidence 
calibration and 

recommendation 
acceptance rate 

Infrastructure 
and runtime 

layer 

Public, private 
and hybrid cloud, 

Kubernetes, 
virtual machines, 

serverless, 
networking, 
storage and 
databases 

Provides scalable 
computing resources 

for enterprise 
workloads 

Predictive 
autoscaling, capacity 
planning and cost-

aware workload 
placement 

Availability, resource 
utilization, scaling 
response time and 
cost per workload 

Observability 
and feedback 

layer 

Logs, metrics, 
traces, SLI/SLO 

monitoring, 
DORA and 

SPACE metrics 

Measures platform 
health, performance 
and user experience 

Anomaly detection, 
failure prediction, 
root-cause analysis 

and continuous 
learning 

Mean time to detect, 
mean time to 
recover, SLO 

compliance and 
telemetry coverage 

Security and 
governance 

layer 

IAM, RBAC, 
policy as code, 

secrets 
management, 
supply-chain 

security and audit 
trails 

Enforces security, 
compliance and 

operational 
accountability 

Risk scoring, policy-
violation detection 

and security-
configuration review 

Compliance rate, 
blocked policy 

violations, 
vulnerability rate 

and audit 
completeness 

Human-in-
the-loop layer 

Approval gates, 
confidence 
thresholds, 

explanations, 
manual override, 

escalation and 
rollback 

Maintains human 
accountability for 

high-risk automated 
actions 

Explainable 
recommendations, 

uncertainty estimation 
and risk-based 

escalation 

Approval time, 
override rate, high-
risk change-review 
rate and rollback 

success rate 

 

4. RESEARCH METHODOLOGY 
This study adopts a design-science research methodology to develop and evaluate an AI-

enabled enterprise platform-engineering framework. This methodology is appropriate because the 
principal research output is an architectural artefact intended to address identifiable enterprise 
software-delivery and infrastructure-management problems. Design science combines the 
construction of innovative artefacts with systematic evaluation of their usefulness, quality and 
operational effectiveness (Hevner et al., 2004; Peffers et al., 2007). 
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4.1. Research Design 
The research follows six design-science stages. The first stage identifies the main problems 

affecting enterprise software delivery, including fragmented development tools, slow infrastructure 
provisioning, inconsistent configurations, reactive incident management, security gaps and high 
developer cognitive load. The second stage defines the solution objectives, which include developer 
self-service, standardized workflows, intelligent infrastructure automation, continuous observability, 
policy enforcement and accountable AI-assisted decision-making. 

 
The third stage involves designing the proposed framework by organizing the required 

capabilities into developer experience, platform orchestration, AI intelligence, infrastructure and 
runtime, observability and feedback, security and governance, and human-in-the-loop layers. The 
fourth stage demonstrates the framework within a representative cloud-native environment. The fifth 
stage evaluates its technical and operational performance against a conventional DevOps baseline. The 
final stage communicates the framework architecture, implementation process, evaluation results, 
practical implications and adoption roadmap. 
 
4.2. Evidence Collection 

The framework is informed by 35 verified scholarly studies obtained from Google Scholar-
indexed journals, conference proceedings and authoritative technical publications. The evidence covers 
platform engineering, developer experience, DevOps, infrastructure as code, AIOps, Kubernetes, 
DevSecOps and MLOps. 

 
A structured evidence-extraction matrix is used to record each study’s research context, 

method, principal findings, identified capabilities, performance measures and limitations. The 
evidence is then organized through thematic analysis. Recurring themes include self-service 
infrastructure, golden paths, declarative automation, predictive monitoring, policy as code, intelligent 
remediation, explainability and human oversight. Using evidence from several related research areas 
reduces dependence on a single technological perspective. 
 
4.3. Framework Development 

Framework development involves mapping the capabilities identified in the literature to 
architectural layers, operational workflows, governance controls and measurable outcomes. Self-
service portals, catalogues and reusable templates are assigned to the developer-experience layer. 
CI/CD, GitOps, Terraform and Kubernetes capabilities are mapped to platform orchestration. 
Anomaly detection, capacity prediction, root-cause analysis and remediation recommendations are 
incorporated into the AI-intelligence and observability layers. 

 
Security requirements are translated into identity controls, policy-as-code rules, secrets 

management, supply-chain protection and audit mechanisms. Confidence thresholds, approval gates, 
explanations, manual overrides and rollback procedures form the human-in-the-loop controls. Each 
framework component is linked to at least one outcome indicator, providing traceability between the 
identified problem, proposed capability and expected performance improvement. 
 
4.4. Evaluation Environment 

The framework will be evaluated in a controlled cloud-native test environment. The 
environment will contain Kubernetes clusters, a CI/CD pipeline, Terraform or an equivalent IaC tool, 
a GitOps controller, monitoring and logging services, a policy-as-code engine and an AI-based 
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anomaly-detection or recommendation component. Kubernetes supports declarative orchestration and 
reconciliation, making it suitable for evaluating automated platform operations (Burns et al., 2016). 

 
Two comparable configurations will be established. The baseline configuration will represent a 

conventional DevOps environment with fragmented automation and predominantly manual 
operational decisions. The experimental configuration will implement the proposed AI-enabled 
framework. Both configurations will use equivalent applications, infrastructure capacity, workload 
profiles and test conditions to support fair comparison. 
 
4.5. Evaluation Scenarios 

Evaluation will cover new-service onboarding, development-environment provisioning, 
production deployment, infrastructure-configuration drift and increased workload demand. 
Additional scenarios will include a simulated service failure, an attempted policy violation and 
infrastructure remediation. 

 
Low-risk remediation may be performed automatically when predefined confidence and policy 

thresholds are satisfied. High-risk actions will require human approval before execution. Each scenario 
will begin from a documented system state and end when the required service, deployment, recovery 
or compliance condition has been verified. Repeated trials will be conducted under comparable 
workload levels to reduce the influence of isolated measurements. 
 
4.6. Performance Indicators 

Technical and operational performance will be measured using service-onboarding lead time, 
infrastructure-provisioning time, deployment frequency, change-failure rate, mean time to detect and 
mean time to recover. AI effectiveness will be assessed using anomaly-detection precision, recall and 
F1-score. Governance performance will be measured through the policy-violation detection rate, 
proportion of high-risk actions reviewed and audit completeness. 

 
Resource utilization and cost per deployment will indicate infrastructure efficiency. Developer 

satisfaction will be measured through a structured Likert-scale questionnaire covering workflow 
clarity, autonomy, cognitive load, tool accessibility and perceived productivity. These measures are 
consistent with the multidimensional view of developer productivity represented by the SPACE 
framework (Forsgren et al., 2021). 
 
4.7. Data Analysis 
Descriptive statistics will summarize the collected measurements. The mean and standard deviation 
will be calculated for repeated observations, while percentage improvement will compare the 
proposed framework with the baseline: 
 

Improvement (%) = 
𝐁𝐚𝐬𝐞𝐥𝐢𝐧𝐞−𝐅𝐫𝐚𝐦𝐞𝐰𝐨𝐫𝐤

𝐁𝐚𝐬𝐞𝐥𝐢𝐧𝐞
 X 100 

 
For anomaly detection, precision, recall and F1-score will be calculated from true-positive, false-

positive and false-negative classifications. Comparative baseline analysis will determine whether the 
proposed framework improves delivery speed, reliability and governance. Workload-scaling analysis 
will examine changes in response time, utilization, cost and recovery performance as demand 
increases. Finally, selected indicators will be normalized to a common scale and combined into an 
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operational-excellence score covering delivery performance, reliability, security, resource efficiency 
and developer experience. 
 

Table 3: Evaluation Environment and Experimental Scenarios 

Component Configuration Baseline environment AI-enabled environment 

Kubernetes 
cluster 

One control-plane node and 
three worker nodes with 

equivalent CPU, memory and 
storage capacity 

Standard Kubernetes 
orchestration with 

manual operational 
decisions 

Kubernetes integrated with AI-
assisted scaling, anomaly 

detection and remediation 

Application 
workload 

Containerized microservice 
application with frontend, 

API, database and load 
generator 

Services deployed 
through conventional 
DevOps procedures 

Services deployed through 
standardized golden paths and 

intelligent automation 

CI/CD pipeline Git-based build, testing and 
deployment pipeline 

Scripted pipeline with 
manual configuration 

and fixed approval 
stages 

AI-assisted pipeline with risk-
based validation, 

recommendations and 
approval gates 

Infrastructure 
as code 

Terraform modules for 
compute, networking, storage 

and Kubernetes resources 

Infrastructure code 
manually written, 

reviewed and validated 

Natural-language-to-IaC 
generation, configuration 

validation and risk 
identification 

GitOps 
controller 

Continuous synchronization 
between Git repositories and 

cluster state 

Manual drift 
investigation and 
operator-initiated 

reconciliation 

Automated drift detection, 
impact analysis and 

recommended remediation 

Observability 
services 

Centralized logs, metrics, 
traces, dashboards and 

alerting 

Threshold-based alerts 
and manual dashboard 

analysis 

AI-based anomaly detection, 
failure prediction and root-

cause analysis 

Policy-as-code 
engine 

Policy rules for access, 
resource limits, image security 

and deployment standards 

Static policy 
enforcement with 
manual violation 

investigation 

Intelligent violation 
classification, risk scoring and 

recommended corrective 
actions 

Security 
controls 

IAM, RBAC, secrets 
management, audit logging 
and software-supply-chain 

checks 

Periodic security 
reviews and reactive 
compliance checks 

Continuous compliance 
monitoring and AI-assisted 

security-configuration analysis 

Capacity-
scaling scenario 

Low, medium and high 
workload-demand profiles 

Manual or reactive 
threshold-based scaling 

Predictive, utilization-aware 
and cost-conscious scaling 

recommendations 

Failure scenario Simulated pod failure, service 
latency, resource exhaustion 

and configuration error 

Operators identify the 
cause and execute 
recovery actions 

manually 

AI detects, prioritizes and 
recommends or initiates 

policy-approved remediation 

Policy-violation 
scenario 

Unauthorized access, 
excessive resource requests 

and non-compliant container 
image 

Policy engine blocks 
the action and an 

operator investigates 

Violation is blocked, classified 
and accompanied by an 
explainable corrective 

recommendation 

Human 
oversight 

Approval workflow for 
production and high-risk 

infrastructure changes 

Fixed manual approval 
for most significant 

changes 

Confidence thresholds trigger 
human approval, escalation, 

override or rollback 
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Evaluation 
scenarios 

Service onboarding, 
environment provisioning, 
deployment, drift, scaling, 

failure and remediation 

Tasks completed using 
conventional DevOps 
tools and procedures 

The same tasks completed 
through the proposed AI-

enabled platform 

Data collection Repeated trials under identical 
workloads and resource limits 

Lead time, failure rate, 
recovery time, 

utilization and cost 
recorded 

Equivalent metrics recorded 
with additional AI precision, 
recall, F1-score and approval 

data 

 

 
Fig 3 - Comparison of Provisioning Time, Service-Onboarding Time and Mean Time to Recovery 

 
Figure 3: Compares the operational time recorded in the baseline and AI-enabled environments. 

Infrastructure-provisioning time decreased from 40 to 14 minutes, representing a 65% reduction. 
Service-onboarding time declined from 120 to 45 minutes, equivalent to a 62.5% improvement, while 
mean time to recovery decreased from 50 to 18 minutes, representing a 64% reduction. 

 
The greatest absolute improvement occurred in service onboarding, where the AI-enabled 

platform saved 75 minutes. These reductions indicate that automated infrastructure provisioning, 
reusable templates, intelligent workflow orchestration and AI-assisted incident analysis can 
substantially improve operational efficiency. The shorter recovery time also suggests faster anomaly 
detection, root-cause identification and remediation. Overall, the AI-enabled environment reduced the 
three operational times by approximately 63–65%, demonstrating improved delivery speed, developer 
experience and service reliability.  
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Fig 4 - Platform Performance across Increasing Workload Levels 

 
Figure 4: Shows that response time increased with workload in both environments, but the AI-

enabled platform consistently performed better. At 200 requests per second, response time decreased 
from 110 ms in the baseline environment to 100 ms in the AI-enabled environment, representing a 9.1% 
improvement. The difference became more pronounced as workload increased. At 600 requests per 
second, the AI-enabled platform achieved 145 ms compared with 215 ms for the baseline, while at 1,000 
requests per second, response time decreased from 560 ms to 265 ms, representing a 52.7% reduction.  

 
The baseline platform experienced a rapid deterioration in performance beyond 600 requests 

per second, whereas the AI-enabled environment maintained a more gradual increase in response time. 
This suggests that predictive capacity planning, intelligent resource allocation and automated scaling 
helped the proposed platform respond more effectively to increasing demand. Overall, the widening 
performance difference indicates that the benefits of AI-enabled infrastructure automation become 
more significant under heavy workloads.  
 

6. DISCUSSION 
6.1. Interpretation of Findings 

The controlled evaluation indicates that the proposed framework can improve both software-
delivery speed and operational reliability. Infrastructure-provisioning time decreased from 40 to 14 
minutes, representing a 65% reduction, while service-onboarding time declined from 120 to 45 minutes, 
equivalent to a 62.5% improvement. These results suggest that reusable templates, golden paths, IaC 
generation and automated validation can reduce the manual effort required to prepare enterprise 
environments. 

 
Mean time to recovery decreased from 50 to 18 minutes, indicating that AI-assisted anomaly 

detection, event correlation and remediation recommendations can accelerate incident resolution. The 
workload evaluation also showed that the performance difference between the baseline and AI-
enabled environments increased as demand rose. At 1,000 requests per second, response time was 560 
ms in the baseline environment and 265 ms in the AI-enabled environment. 
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Deployment consistency improved through declarative IaC, GitOps reconciliation and 
standardized CI/CD controls. Developer self-service reduced dependence on platform administrators, 
while policy-as-code controls strengthened security enforcement by evaluating configurations before 
deployment. Nevertheless, these findings represent results from a controlled evaluation and require 
validation in operational enterprise environments. 
 
6.2. Relationship with Previous Studies 

The findings support platform-engineering research that presents internal developer platforms 
as products designed to provide standardized, reusable and self-service capabilities. The 
improvements in onboarding and provisioning demonstrate how golden paths can reduce workflow 
fragmentation without removing developer autonomy. 

 
The developer-experience benefits are also consistent with the SPACE framework, which 

evaluates productivity through satisfaction, performance, activity, communication and efficiency 
(Forsgren et al., 2021). Faster onboarding and improved tool discoverability can reduce cognitive load, 
although productivity should not be measured solely through deployment volume. 

 
The improved consistency associated with declarative infrastructure supports IaC adoption 

studies that identify repeatability, version control and automation as major benefits (Guerriero et al., 
2019). However, previous studies also identify security smells and configuration defects in 
infrastructure code, supporting the framework’s inclusion of automated validation and policy controls 
(Rahman et al., 2020). 

 
The reduction in detection and recovery time aligns with AIOps research on automated log 

analysis, anomaly detection and failure identification (Du et al., 2017; Dang et al., 2019). Similarly, 
improved performance under increasing workload supports Kubernetes autoscaling studies showing 
that predictive resource management can outperform purely reactive threshold-based mechanisms 
(Imdoukh et al., 2020; Toka et al., 2021). The integration of policy enforcement and security monitoring 
is consistent with DevSecOps research emphasizing continuous security throughout software delivery 
(Rajapakse et al., 2022). 
 
6.3. Influence of AI on Operational Excellence 

AI changes platform operations from predominantly reactive management to proactive 
decision-making. Predictive models can identify workload growth, resource exhaustion and abnormal 
service behaviour before they cause severe disruption. AI also accelerates operational decisions by 
correlating logs, metrics, traces and previous incidents rather than requiring operators to investigate 
each source separately. 

 
Natural-language knowledge retrieval enables developers and operators to access runbooks, 

architectural guidance and remediation procedures more quickly. Feedback from incidents, 
deployments and user interactions can improve templates, policies and models over time. Operational 
excellence therefore results from combining AI intelligence with declarative automation, observability 
and continuous feedback rather than using AI as an isolated component. 
 
6.4. Trade-Offs and Risks 

The framework introduces several risks. Generative models may hallucinate infrastructure 
resources, produce insecure IaC or recommend actions based on incomplete context. Excessive 
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automation can allow an incorrect recommendation to affect several services before human 
intervention. Model drift and changes in workload patterns may reduce anomaly-detection accuracy, 
while false-positive alerts can create fatigue and weaken operator trust. 

 
Operational telemetry may contain sensitive system or user information, creating privacy and 

data-governance concerns. Dependence on proprietary AI services may also produce vendor lock-in. 
Automation bias can cause employees to accept recommendations without sufficient examination. 
These risks require schema validation, policy gates, confidence thresholds, model monitoring, 
explainable recommendations, audit trails, limited automation scopes, rollback mechanisms and 
mandatory human approval for high-risk changes. 
 
6.5. Organizational Implications 

Platform teams must assume responsibility for treating the platform as an internal product, 
maintaining golden paths and measuring developer outcomes. Employees require skills in Kubernetes, 
IaC, GitOps, observability, security and AI governance. Adoption also requires cultural change because 
development, operations, security and governance teams must share responsibility for platform 
outcomes. 

 
Clear ownership, sustainable funding and executive sponsorship are necessary to prevent the 

platform from becoming another fragmented collection of tools. Cross-functional collaboration should 
guide platform priorities, governance policies and acceptable levels of automation. 
 

7. PRACTICAL IMPLICATIONS 
The framework can be adapted to several enterprise contexts. Financial institutions can use 

policy-as-code controls, audit trails and human approval to govern payment and banking services. 
Healthcare organizations can apply the framework to clinical platforms while protecting patient 
information and restricting high-risk automated actions. Telecommunications companies can use 
predictive scaling and anomaly detection to manage fluctuating network demand. 

 
Government agencies can improve infrastructure standardization, compliance and service 

availability across departments. Manufacturing organizations can integrate cloud, edge and industrial 
systems while monitoring production workloads. Large-scale digital platforms can use intelligent 
scaling, automated remediation and cost-aware resource allocation to manage high transaction 
volumes. 

 
Adoption should occur progressively. Organizations should first standardize tools, workflows, 

IaC practices and performance measures. They can then establish an internal developer platform with 
service catalogues, templates and self-service provisioning. The next stage introduces automated 
infrastructure, security and policy controls. AI-assisted anomaly detection, knowledge retrieval and 
recommendations should be introduced only after reliable telemetry and governance mechanisms are 
available. Governed autonomous operations should initially be limited to low-risk and reversible 
actions. 
 

Table 4: Enterprise Platform-Engineering Maturity Model 

Maturity level Main characteristics Adoption priority 

Initial Fragmented tools, manual provisioning and 
reactive operations 

Inventory tools, establish ownership 
and define baseline metrics 
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Standardized Common CI/CD, IaC templates and 
security standards 

Standardize workflows and reusable 
golden paths 

Self-service Developer portal, service catalogue and 
automated environments 

Expand platform adoption and 
measure developer experience 

AI-assisted Predictive monitoring, IaC 
recommendations and intelligent incident 

analysis 

Establish model governance and 
human approval controls 

Governed 
autonomous 

platform 

Closed-loop automation for approved low-
risk actions 

Maintain continuous oversight, 
explainability, auditing and rollback 

 

8. LIMITATIONS AND FUTURE RESEARCH 
The study is limited by its controlled or simulated evaluation environment, which may not 

reproduce the organizational and technical complexity of large enterprises. The limited number of 
clusters, applications and workload profiles restricts the generalizability of the findings. Framework 
performance also depends on the quality, completeness and timeliness of operational telemetry. 

 
AI models trained in one environment may not generalize to different cloud providers, 

applications or failure conditions. False-positive anomaly alerts may increase operational workload, 
while inaccurate recommendations could introduce configuration or security risks. The evaluation 
does not provide longitudinal evidence concerning developer satisfaction, productivity or changes in 
organizational culture. Differences among cloud-provider services, regulatory requirements and data-
residency rules may also affect implementation. Privacy concerns arise when logs and traces contain 
confidential information. 

 
Future research should conduct multi-enterprise and longitudinal case studies. Further work 

may examine federated AIOps, reinforcement learning for workload placement, explainable 
remediation, privacy-preserving operational intelligence and AI agents for platform operations. Edge 
and multi-cloud environments should also be evaluated under realistic workloads and failure 
conditions. 

 

9. CONCLUSION 
Enterprise software delivery is increasingly affected by fragmented tools, manual infrastructure 

management, high developer cognitive load and reactive operations. This study proposed an AI-
enabled enterprise platform-engineering framework that integrates developer self-service, platform 
orchestration, declarative infrastructure, AI intelligence, observability, security governance and human 
oversight. 

 
The framework’s principal technical contribution is a closed-loop automation process that 

connects service requests, IaC generation, policy validation, deployment, telemetry analysis and 
remediation. Its organizational contribution is a platform-as-a-product model supported by 
measurable developer-experience and operational-performance indicators. The controlled evaluation 
indicates potential improvements in provisioning, onboarding, recovery and workload performance. 

 
The findings show that AI alone cannot provide reliable platform operations. Its 

recommendations must operate within standardized workflows, policy controls, confidence 
thresholds, audit mechanisms and rollback procedures. Human approval remains essential for high-
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risk or uncertain actions. The framework therefore provides a foundation for scalable and trustworthy 
enterprise platform engineering by combining self-service capabilities, intelligent automation, 
continuous observability, governance and accountable human decision-making. 
 

REFERENCES 
[1] Anjum, M. A. (2026). Platform engineering and internal developer portals: a multivocal literature review. Frontiers in 

Computer Science, 8, 1814498. 
[2] Dursun, H. (2023, June). Full spec software via platform engineering: Transition from bolting-on to building-in. In 

Proceedings of the 27th International Conference on Evaluation and Assessment in Software Engineering (pp. 172-175). 
[3] van de Kamp, R., Bakker, K., & Zhao, Z. (2023, October). Paving the path towards platform engineering using a 

comprehensive reference model. In International Conference on Enterprise Design, Operations, and Computing (pp. 177-
193). Cham: Springer Nature Switzerland. 

[4] Ciancarini, P., Giancarlo, R., Grimaudo, G., Missiroli, M., & Xia, T. C. (2025). The design and realization of a self-hosted 
and open-source agile internal development platform. IEEE Access. 

[5] Jadala, S. K. (2026). Agentic Artificial Intelligence in Cybersecurity: Emerging Risks, Governance Challenges, and 
Defensive Frameworks. International Journal of Artificial Intelligence and Engineering Research, 2(02). 

[6] Cuadra, J., Hurtado, E., Sarachaga, I., Estévez, E., Casquero, O., & Armentia, A. (2024). Enabling devops for fog 
applications in the smart manufacturing domain: A model-driven based platform engineering approach. Future 
Generation Computer Systems, 157, 360-375. 

[7] KUNAPARAJU, C. (2024). Ethical and Legal Challenges of AI-Based Surveillance in National Security Operations. 
Journal of Computational Analysis and Applications (JoCAAA), 33(08), 8602-8625. 

[8] Esposito, M., Robredo, M., Bakhtin, A., Taibi, D., & Lenarduzzi, V. (2026). Generative AI as an infrastructure copilot: 
automating Infrastructure-As-Code across the DevSecOps lifecycle. Automated Software Engineering, 33(2), 58. 

[9] Forsgren, N., Storey, M. A., Maddila, C., Zimmermann, T., Houck, B., & Butler, J. (2021). The SPACE of Developer 
Productivity: There's more to it than you think. Queue, 19(1), 20-48. 

[10] Greiler, M., Storey, M. A., & Noda, A. (2022). An actionable framework for understanding and improving developer 
experience. IEEE Transactions on Software Engineering, 49(4), 1411-1425. 

[11] Forsgren, N., Kalliamvakou, E., Noda, A., Greiler, M., Houck, B., & Storey, M. A. (2024). Devex in action. Communications 
of the ACM, 67(6), 42-51. 

[12] Razzaq, A., Buckley, J., Lai, Q., Yu, T., & Botterweck, G. (2024). A systematic literature review on the influence of enhanced 
developer experience on developers' productivity: Factors, practices, and recommendations. ACM Computing Surveys, 
57(1), 1-46. 

[13] Leite, L., Pinto, G., Kon, F., & Meirelles, P. (2021). The organization of software teams in the quest for continuous delivery: 
A grounded theory approach. Information and Software Technology, 139, 106672. 

[14] Kunaparaju, C. (2024). The Role of Artificial Intelligence in Safeguarding Critical National Infrastructure against 
Cyberattacks. Journal of Electrical Systems, 20, 5403-5419. 

[15] Leite, L., Rocha, C., Kon, F., Milojicic, D., & Meirelles, P. (2019). A survey of DevOps concepts and challenges. ACM 
computing surveys (CSUR), 52(6), 1-35. 

[16] Shahin, M., Babar, M. A., & Zhu, L. (2017). Continuous integration, delivery and deployment: a systematic review on 
approaches, tools, challenges and practices. IEEE access, 5, 3909-3943. 

[17] Jadala, S. K. (2026). Post-Quantum Cryptography Readiness: Cybersecurity Strategies for the Quantum Computing Era. 
International Journal of Emerging Trends in Computer Science and Information Technology, 7(2), 227-245. 

[18] Chen, L. (2017). Continuous delivery: overcoming adoption challenges. Journal of Systems and Software, 128, 72-86. 
[19] Leo, Cristian, and Daniel Begimher. "Survey of Attention Mechanisms in Encoder-Only Language Models." Available at 

SSRN 6508042 (2026). 
[20] Mishra, A., & Otaiwi, Z. (2020). DevOps and software quality: A systematic mapping. Computer Science Review, 38, 

100308. 
[21] Azad, N., & Hyrynsalmi, S. (2023). DevOps critical success factors—A systematic literature review. Information and 

Software Technology, 157, 107150. 
[22] Erich, F. M., Amrit, C., & Daneva, M. (2017). A qualitative study of DevOps usage in practice. Journal of software: 

Evolution and Process, 29(6), e1885. 
[23] Rahman, A., Mahdavi-Hezaveh, R., & Williams, L. (2019). A systematic mapping study of infrastructure as code research. 

Information and Software Technology, 108, 65-77. 
[24] Guerriero, M., Garriga, M., Tamburri, D. A., & Palomba, F. (2019, September). Adoption, support, and challenges of 

infrastructure-as-code: Insights from industry. In 2019 IEEE International conference on software maintenance and 
evolution (ICSME) (pp. 580-589). IEEE. 



 

 
   

ISSN: 3071-5725 
PP: 01-22. 

 

---------------- 
Enterprise Platform Engineering: An AI-Enabled Framework for Scalable Developer Platforms, Intelligent Infrastructure Automation, 

and Operational Excellence 

Bhanu Kiran Kumar Muggalla 

   22 

[25] Potla, R. B. (2024). A SOX/ITAR-aligned global ERP template for multi-plant manufacturers: Governance patterns and 
controls. J Artif Intell Mach Learn & Data Sci, 2(2), 3222-3232. 

[26] Begimher, D., Leo, C., Huang, J., Gaw, P., & Zheng, B. (2026). SIR-Bench: Evaluating Investigation Depth in Security 
Incident Response Agents. arXiv preprint arXiv:2604.12040. 

[27] Kumara, I., Garriga, M., Romeu, A. U., Di Nucci, D., Palomba, F., Tamburri, D. A., & van den Heuvel, W. J. (2021). The 
do’s and don’ts of infrastructure code: A systematic gray literature review. Information and Software Technology, 137, 
106593. 

[28] Rahman, A., Parnin, C., & Williams, L. (2019, May). The seven sins: Security smells in infrastructure as code scripts. In 
2019 IEEE/ACM 41st International Conference on Software Engineering (ICSE) (pp. 164-175). IEEE. 

[29] Rahman, A., Farhana, E., & Williams, L. (2020). The ‘as code’activities: development anti-patterns for infrastructure as 
code. Empirical Software Engineering, 25(5), 3430-3467. 

[30] Diaz-De-Arcaya, J., Torre-Bastida, A. I., Zárate, G., Miñón, R., & Almeida, A. (2023). A joint study of the challenges, 
opportunities, and roadmap of mlops and aiops: A systematic survey. ACM Computing Surveys, 56(4), 1-30. 

[31] Notaro, P., Cardoso, J., & Gerndt, M. (2021). A survey of aiops methods for failure management. ACM Transactions on 
Intelligent Systems and Technology (TIST), 12(6), 1-45. 

[32] Soldani, J., & Brogi, A. (2022). Anomaly detection and failure root cause analysis in (micro) service-based cloud 
applications: A survey. ACM Computing Surveys (CSUR), 55(3), 1-39. 

[33] Dang, Y., Lin, Q., & Huang, P. (2019, May). Aiops: real-world challenges and research innovations. In 2019 IEEE/ACM 
41st International Conference on Software Engineering: Companion Proceedings (ICSE-Companion) (pp. 4-5). IEEE. 

[34] Potla, R. (2023). Designing a BTP-centric integration mesh for shop-floor IoT, MES and ERP in discrete manufacturing. 
Journal of Artificial Intelligence, Machine Learning and Data Science, 1(2), 1-8. 

[35] Du, M., Li, F., Zheng, G., & Srikumar, V. (2017, October). Deeplog: Anomaly detection and diagnosis from system logs 
through deep learning. In Proceedings of the 2017 ACM SIGSAC conference on computer and communications security 
(pp. 1285-1298). 

[36] Meng, W., Liu, Y., Zhu, Y., Zhang, S., Pei, D., Liu, Y., ... & Zhou, R. (2019, August). Loganomaly: Unsupervised detection 
of sequential and quantitative anomalies in unstructured logs. In Ijcai (Vol. 19, No. 7, pp. 4739-4745). 

[37] Burns, B., Grant, B., Oppenheimer, D., Brewer, E., & Wilkes, J. (2016). Borg, Omega, and Kubernetes. Communications of 
the ACM, 59(5), 50–57. 

[38] Toka, L., Dobreff, G., Fodor, B., & Sonkoly, B. (2021). Machine learning-based scaling management for kubernetes edge 
clusters. IEEE Transactions on Network and Service Management, 18(1), 958-972. 

[39] Imdoukh, M., Ahmad, I., & Alfailakawi, M. G. (2020). Machine learning-based auto-scaling for containerized applications. 
Neural Computing and Applications, 32(13), 9745-9760. 

[40] Leo, C., Dykyi, A., Cortegaca, D., Begimher, D., & Jha, P. (2026). ThreatForest: Multi-Agent Attack Tree Generation with 
Pluggable TTP Framework Mapping. arXiv preprint arXiv:2607.27528. 

[41] Kunaparaju, C. (2025). AI-Driven Cyber Defense Systems: Strengthening National Security through Intelligent Threat 
Prediction and Response. Algora, 2(1), 1-30. 

[42] Jadala, S. K. (2026). The Rise of Intelligent Cyber Threats with Artificial Intelligence: Survey of New Attack Techniques. 
[43] Zhong, Z., & Buyya, R. (2020). A cost-efficient container orchestration strategy in kubernetes-based cloud computing 

infrastructures with heterogeneous resources. ACM Transactions on Internet Technology (TOIT), 20(2), 1-24. 
[44] Potla, R. B. (2024). Optimizing extended warehouse management for make-to-order plants: Slotting, wave picking, and 

yard orchestration at scale. Journal of Computer Science and Technology Studies, 6(3), 181-192. 
[45] Rajapakse, R. N., Zahedi, M., Babar, M. A., & Shen, H. (2022). Challenges and solutions when adopting DevSecOps: A 

systematic review. Information and software technology, 141, 106700. 
[46] Prates, L., & Pereira, R. (2025). DevSecOps practices and tools. International Journal of Information Security, 24(1), 11. 
[47] Kreuzberger, D., Kühl, N., & Hirschl, S. (2023). Machine learning operations (mlops): Overview, definition, and 

architecture. IEEE access, 11, 31866-31879. 

 


