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Abstract:

Since edge computing is a more viable functionality of real-time processing and decision-
making, the traditional models of security are grotesquely incapacitated in their ability to
respond to the emerging cyber menaces. The integrated application of Artificial
Intelligence (Al) and DevSecOps can provide a breakthrough network in the adaptive
response to threats on a decentralized platform, which requires low latency, high
scalability, and enhanced responsiveness. The present paper is an edge computing system
Al and DevSecOps convergence review that constitutes what is otherwise referred to as
Adaptive Edge Intelligence. It discusses the most prominent mechanism of adding Al-
assisted threat detection, policy enforcement, and other security inspections to the
DevSecOps chain. It also takes care of the MLOps functions of the model lifecycle
management, compares the models of the Al-based security, and outlines the new
practices to eliminate the operational discontinuity between the DevOps and the SecOps
workgroups. To establish how such integration improves the resiliency of cybersecurity,
the paper discusses the current strategies and frameworks and provides compliance and

allows prompt response to dynamic and distributed computing environments.

1. Introduction

The continuous enlarging of the scale and the
sophistication of cyber threats have established the
paradigm shift of incorporating security in the life
cycles of the software development and edge
computing networks. The new digital world, which
is more decentralized, with data generation and
processing performed at the edge, has come along
with the high demand for intelligent, automated, and
dynamic security models. These structures must
operate dynamically and be capable of detecting and
responding to attacks within rapid development
cycles. The Adaptive Edge Intelligence based on the
combined application of Artificial Intelligence (Al)
and DevSecOps can be considered as a disruptive
approach to the emerging problems. This integration
is not only providing the system strength but also
decreasing the lag time in responding to the threat
since it is providing power to the security at the
source of the data.

As far as pipelines are concerned in software
development, it concerns the union of Al and
DevSecOps automation of security activities,
enhanced understanding of dangers, and lifelong

learning. Concurrently, convergence to the edge
computing infrastructures provides its near real-time
response times required in industries that need to
define and respond to cyber attacks, e.g., healthcare,
finance, and other critical infrastructure, in a short
period of time. The paper provides an overview of
the existing methodology, framework, and
technologies as far as the interface of Al,
DevSecOps, and edge intelligence. It is provided that
they will evolve to reduce threat in the real-time
setting.

2. The Role of Al in Adaptive DevSecOps

The DevSecOps introduction has changed the
conventional software engineering system to
incorporate security as a component in the whole
development process. Organizations can use security
checks, compliance, and vulnerability scanning to
detect and eliminate the threats during the early
stages of the Continuous Integration/Continuous
Delivery (CI/CD) cycle. Nevertheless, the pace and
amount of developing and establishing the modern
applications will not permit the acceptance of
manual security practices. To manage these dynamic
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requirements, Al can automate, streamline, and
broaden the DevSecOps practices.

DevSecOps Al models imply the use of machine
learning models to discover and process hazards and
monitor anomalies in the software processes in real-
time using behavior. Such models can scan code
repositories, system logs, and network traffic in real
time, compute deviations from normal behavior, and
trigger automatic remediation actions. Excessive
reliance on manual intervention undermines the
scalability and efficiency that Al adoption offers,
thereby minimizing the chances of false alarms in
high-throughput environments [1].

Also, the model is constantly being improved, since
the adaptive Al systems that are the components of
the DevSecOps pipelines are constantly undergoing
changes due to the reinforcement of the learning and
feedback loops that are carried out. The smart
systems superimpose the conventional reactive
cybersecurity on the more offensive and proactive
one, and the threat dwell time is minimized to a great
extent. The automation and accuracy are not
achievable in the fields that are hard to automate, as
in the health care and financial fields, where edge
computing is relevant [2].

3. Adaptive Program Management in Edge-
Based Al Security

Effective threat mitigation depends on timely
responses and proximity to the data source,
especially in edge computing setups where Al and
DevSecOps play a critical role. The adapted model
of the program in this domain is the integrated
deployment of the Al models, resource distribution,
and activity policy, which is set to stimulate
resilience within the edge infrastructures. This is
majorly required in the control of distributed
resources within the industrial system, remote
medical system, and smart grid system.

These adaptive systems are controlled via a
decentralized control, i.e., the Al models are
uploaded to edge devices and autonomously act to
mitigate and identify the threat without always
communicating with the central servers. Response
time is also very low in this decentralized form, as
well as the bandwidth and latency that are
eliminated. DevSecOps practices, in turn, are to be
distributed beyond the cloud so that the former are
facilitated to  accommodate  containerized
deployment, live monitoring, and defensive update
operations of edge nodes [2].

The two adaptive strategies - versioning of models,
monitoring capabilities, and rollback capabilities -
are also essential to adapt to the evolving landscape
of threats. As soon as implemented in the operations
of the CI/CD that will be made to adapt to the edge

deployments, the organizations will be able to make
sure the security patches and the changes to the
models are provided without interrupting the flow of
the work. Moreover, Al can be applied to provide
contextual policy implementation, and, in this
scenario, the policy implementation enables systems
to dynamically provide access control, recording and
encryption policy, and the risk assessment is unequal

3.

4. Real-Time Threat Detection and Decision-
Making in Connected Environments

The number of associated equipment and cloud-edge
frameworks has only increased the degree of assault
in the online dimension. The previously working
security measures do not work in the current times,
as cybercriminals have developed better methods
like polymorphic malware, phishing attacks that
utilize artificial intelligence, etc. The real-time threat
detection should then be responsive and predictive in
nature. The feature is provided in different forms of
deep learning, natural language processing (NLP),
and graph-based threat modelling on the DevSecOps
pipelines Al algorithms.

Artificial intelligence-driven threat intelligence
engines are constantly being fed with telemetry data
on applications, APIs, and user activity on such
ecosystems and accumulate profile risk data.
Depending on the signal correspondence across
layers involving the network, application, and
infrastructure, these engines enable the detection of
zero-day security vulnerabilities and Advanced
Persistent Threats (APTs). This also includes real-
time alerting integrated with automated incident
response, where an incident is repaired automatically
in real time without the necessity of pressing a button
[3].

Another aspect that adds to the paradigm is the edge
intelligence since the Al capability can be deployed
on the endpoint, and hence it can micro-segment and
make a local decision. An example would be Al,
which can be used to guard the integrity of the
equipment, identify the intentions to add a
command, and automatically deploy security
baselines within the industry 10T environment. They
can greatly decrease Mean Time to Detect (MTTD)
and Mean Time to Respond (MTTR), whose metrics
are the most appropriate indicators of cybersecurity
resilience [4].

5. Al-Driven Cloud Security and Infrastructure
Scalability

The problem of security of the cloud-native
applications and infrastructure becomes vital due to
the influx of workloads into the clouds within
organizations. Data compliance and access control
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are also complicated in cloud environments due to
their elastic and dynamic nature. One of the trends
created to fight all such complexities is intelligent
automation by applying predictive analytics, policy
orchestration, and live compliance validation, which
is among the trends.

The Al-based cloud security systems verify the
foundations of the behavior in virtual machines
(VMs), containers, and serverless functions to
identify the breakages that can be described as
suspicious. Such learners are trained on mass data,
signatures of known threats, and patterns of
anomalies and can therefore be employed in a
predictive manner to prevent threats. The
DevSecOps process is also supported by Al and
includes security baseline enforcement, patch
validation, and compliance reporting [4] [20].
Scalability is the concept of cloud infrastructure
enabled and dynamically delegated by the Al
orchestration tools according to the sensitivity of the
workload and security position. It is possible to
consider an example of the suggested network
segmentation policies that are dynamic according to
the identified traffic pattern and the threat or no-
threat level of the Al algorithms. All these flexibility
features mean that even in such a case whereby
scaling a system either horizontally or vertically
could occur, there is no security loss realized. The
DevSecOps are developed in such a way that the
adaptations are configured in a way that is sufficient
as a part of the pipelines of its implementation,
which provides the security that is continuously
available without the participation of human beings

[5] [18] .

6. Al for DevSecOps: Challenges and Future
Opportunities

Along with a vast array of positive features of Al,
there are certain issues that can be specific to the
process of implementing Al into the pipelines of
DevSecOps. The quality of the training data required
to generate realistic and accurate Al models and its
guantity are two of the most important concerns. The
data related to cybersecurity is usually very sensitive
and, thus, requires a high level of privacy and
anonymity. What is more, the fact that the threats
posed by cyber activities are dynamic requires the
models to be updated at any particular time, and thus
model drift and concept drift are urgent issues that
are operating in character.In addition, transparency
and clarity of the application of Al in the security
context should also follow. The stakeholders need to
be told how and why a model will lead to such
definite decisions with reference to automated
access control or threat blocking. A notable concern
with black-box models, including those developed

through deep learning, is that in regulated industries,
they must be accountable and verifiable. Methods
like Explainable Al (XAIl) [5] are viewed as the
means of overcoming such restrictions.

The other significant issue is interoperability, that is,
with non-homogeneous systems, i.e., multi-cloud,
on-premise, and edge computing systems. The APIs,
data formats, and governance protocols need to be
united to ensure that it is easy to introduce the Al
tools to other platforms and languages. It provides a
new benchmark for additional research undertakings
on the development of universal DevSecOps models
that can be applicable to numerous computing
settings yet without the necessity of altering security
postures of the systems [6] [17] .Figure 1 illustrates
the architecture of Adaptive Edge Intelligence,
where Al-driven DevSecOps pipelines interface
with edge devices for real-time security
enforcement.

7. MLOps and Al Model Lifecycle Management
at the Edge

MLOps operations plus machine learning are
gaining relevance as a problem related to the
implementation of Al in DevSecOps environments
and, specifically, at the edges. To implement
machine learning in production, it must be trained
continuously, tested continuously, deployed
continuously, and monitored in the form of
automated pipelines. This is made worse when taken
to the extreme, where hardware is never
homogeneous, connection is discontinuous, and
resources are limited.

The development of the MLOps lifecycle is required
to implement Al models at the edge and utilize them
as the basis of security intelligence in real-time. The
models of this versioned lifecycle are performance
degradation and rollback models of performance
monitoring. The deployment of newly trained
models and their redeployment in response to
evolving threats should be performed on updated
datasets with minimal or no service disruption to
edge nodes. This is made possible through MLOps
that  offers resiliency, traceability, and
reproducibility throughout the model pipeline [6].
In addition to that, the process of introducing
MLOps with security should be conducted as well to
avoid the manipulation of Al adversarially. Hackers
can corrupt the training data, block model output, or
compromise holes in the inference pipeline. At this,
Al security should be controlled through
DevSecOps, i.e., threat modeling. This will make
sure that safety is one of the natural features of the
Al-controlled pipelines and not a side effect [7] [19]
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The edge environment monitoring models also
facilitate adaptive mitigation. Taking an example, if
a deployed model begins to indicate incorrect
network behavior classification with stale
information, then the systems to identify
abnormalities will take action, and the question
would be that the model is not right and a new update
of the model is needed. This kind of feedback loop
brings in resilience and responsiveness of systems
such that the latency and reliability of these systems
are of utmost interest to the integrity of the
operation.

8. DevSecOps for Cloud-Native and Microservice
Architectures

Microservices, containerization, and serverless
computing have gained popularity in the
development of cloud-native models. Such
paradigms can be adopted to implement agility and
scalability, and the increase in the number of attack
surfaces, workloads, and vulnerability of the inter-
service can also be viewed as a complex security
issue. The challenges can be overcome with the
assistance of DevSecOps that may offer
observability and automation of security throughout
all the stages of the application lifecycle through the
implementation of Al.

The microservice architecture can be leveraged by
deploying Al-based applications to track inter-
service calls, real-time logs, and patterns of lateral
movement to identify breaches. DevSecOps
pipelines are proactively pumped with such lessons
to ensure that security baselines are enforced,
remediation scripts are automatically executed, and
audit-ready logs are produced. Since the tools are
launched at the orchestration tier of containers, e.g.,
Kubernetes, systems can obtain insight into the
behavior of workloads at an exceptionally detailed
tier [7].

Besides that, the cloud-native systems can also host
DevSecOps, whose infrastructure settings are
defined in Infrastructure as Code (laC). The laC
scripts represented as misconfigurations, policy
violations, and access aberrations can also be
detected by trained Al models that are based on
historic configuration weaknesses. These tests
comprise the pipelines of the CI/CD, and this implies
that insecure releases are not under production at
all.The microservices are dynamic as well and need
dynamism in the enforcement of policy. Al allows
adjusting the policies until the time of their
enforcement depending on the dynamics of behavior
and automatic opening and closing of restrictive
features. It is an active process where an individual
does not need to reset it manually, hence the
convenience of making it functional even as

reconfiguring services or the addition of new
services is done. In addition to that, canary
deployments and feature tortures as a subset of
DevSecOps would also potentially help to ensure
that the new feature could be tested in the real world
with a minimal number of risks.

9. Comparative Perspectives on Al-Driven
DevSecOps Models

Probably, the comparison of other Al-based security
solutions in DevSecOps shows that their solutions
are at different maturity, scalability, and complexity
levels. Other models have interest in pattern
recognition, where Al is used as signature-based
detection, but others involve behavior-based
analysis, where unsupervised learning algorithms
are used. One of them is a trade-off in terms of
accuracy, explainability, and  computation
requirements.

In both instances, hybrid methods suggesting
supervised and unsupervised learning have huge
performance in the recognition of unidentified
threats. These models are trained using labeled data
while also enabling the detection of anomalies that
fall outside the training distribution. They are
implemented to advantage, especially in edge
environments in which a zero-day threat can spread
without detection. On the other hand, rule-based Al
systems lack flexibility and may fail to adapt to new
threat vectors [8] [21].

Integration effort and the necessity to establish data-
based models, including building domain-related
data, can be listed among the challenges that Al-
driven DevSecOps adoption will need to address.
The security models (Enterprise IT trained) are not
perfect tools that can be applied in operational
technology (OT) and loT networks. In this respect,
retraining and customization of the model, which is
founded on the concrete situation, is the main
determinant in ensuring that detection rates are
similar.

Another consideration that should be taken in
comparative consideration is scalability. Although
the list of Al security systems that can be deployed
on a cloud-native infrastructure is not zero, not all of
them will be able to run on edge computing resource
limits. Model pruning is also used in optimization
methods, as is federated learning, and they are
currently under investigation to further optimize on
smaller hardware.

Moreover, organizational preparation may prove to
be relevant when it comes to the establishment of the
efficacy of such models. Only a cross-functional
approach can make the collaboration between data
scientists, security engineers, and DevOps
practitioners  successful. ~ Another  prevalent

10215



Vinod Kumar Thottempudi / IJCESEN 11-4(2025)10212-10219

DevSecOps maturity model that is being widely
propagated is Al-readiness to establish the potential
of an organization to bring intelligent security tools
into practice [9] [16] .

10. Policy Enforcement and Vulnerability
Management

The speed, accuracy, and compliance that are
attained due to the use of Al are another factor that
makes the implementation of policies significant.
Old-fashioned engine policy relies on existing
regulations, which are most likely to be overtaken in
a dynamic threat environment. To improve such
engines, Al gets acquainted with real-time work, and
the policies are automatically modified regarding the
existing risk.

The policy enforcement Al access contextual control
can be implemented with the use of Al-based policy
enforcement systems with dynamic variables,
including user behavior, location, the nature of the
device, and system vulnerabilities. The degree of
trust is calculated on a continuous basis, and revoked
or delegated privileges are granted, respectively,
using these systems, also referred to as identity and
access management systems (IAMS). Security is
also fine-tuned, scalable, and restricted on the policy
layer, which is specifically useful in distributed and
hybrid environments with the assistance of Al [9].
Vulnerability management is one of the weak points
of traditional security operations that can be
enhanced with the assistance of Al-based
automation. Al-based vulnerability scanners assist in
identifying known vulnerabilities, and it will also be
identified according to the possibility of zero-day
vulnerability presence because the frequency of
patterns and settings of the code is established.
According to this, issues are prioritized on the
principle of which issues can be exploited and which
assets are of utmost importance, and the results are
automatically pumped into remediation
pipelines.This feedback loop supports the 'Secure by
Design' principle in CI/CD environments. Real-time
code fix alerts and proposed developments are
provided to development teams and patch
management and rollback to operations teams. Such
continuous change will make it possible to ensure
that by the time vulnerabilities are tapped, they will
have been patched, and therefore quicker recovery
and overall resiliency will be achieved [10] [15] .

11. Bridging the Gap Between DevOps and
SecOps Through Al

The orthodox dilemma concerning the establishment
of modern software is the disparity between culture
and development teams (DevOps) and security

teams (SecOps). The impact of Al is that it is a
negotiator since it offers similar and standardized
tools, measurements, and insights that can
incorporate both functions with a single goal of safe
and sound software delivery.

The process of such convergence can be made
possible with the help of Al that creates a single layer
of threat visibility and is perceived by every
stakeholder. It is a layer that is utilized to draw
together information in the application stack,
correlate security incidents, and act with the
assistance of dashboards and notifications. This
intelligence can be used by development teams to
optimize application code and dependencies, and
security teams can use it to optimize detection rules
and incident response plans.In addition, Al can also
be implemented in the automation of security
governance in order to authorize alignment of
policies within the environment. To take a case in
point, Al engines can be utilized to make sure that
regulations of encryption, identity checks, and
firewall settings are introduced at any time
irrespective of the residence location. This
minimizes compliance drift and creates audit
preparedness during the lifecycle of software [11]
[14].

The integration of Al also fosters a culture of
continuous security learning across development
and operations teams. Al provides security data,
which is used operationally in response, and
developers and engineers are trained. It leads to
improved coding, minimization of security debt, and
cross-team work.

Figure 2 shows how Al-driven DevSecOps
significantly reduces response times compared to
traditional security methods in key operational
metrics.

12. Real-Time Security Beyond Zero Trust at the
Edge

The trend is also developing toward a less Zero Trust
architecture-oriented and more responsive, context-
based security model. Another aspect that is of great
concern in edge environments is real-time access
control and threat monitoring, wherein latency and
autonomy are the utmost priority. Al augments this
idea by researching indefinitely on edge activities
and revising control mechanisms on the threats
under consideration.

These systems offer dynamic risk scoring to evaluate
access requests based on device identity, network
context, and user behavior history. Al can either
create or delete access controls in a few milliseconds
and thus allow Just-in-Time (JIT) security posture.
Such a fine level of control is needed in high-risk
systems such as industrial control or networked
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healthcare systems, where a slow response may
result in fatality [12] [13] .

In addition to access control, operational integrity on
the edge is also seen with the help of Al. These are
process whitelisting, sensor behavior control, and
device fingerprinting. These systems ensure that
legitimate processes are applied and hardware
settings are not ad hoc baselines. Deviation reporting
and treatment are also covered and handled

separately and do not need the involvement of
central security departments.

Moreover, federated learning and distributed model
training can be used to provide edge devices with the
opportunity to train detection capacity without
disclosing sensitive data. This would meet privacy
requirements and increase risk consciousness
towards decentralized infrastructures.

Al is applied in different fields and reported in the
literature [22-33].

Cloud

Al DevSecOps Pipeline

Edge Devices

N

Edge Al Module

--------<-Telemetry & Security Data Flov&--------- >

Figure 1: Diagram of Adaptive Edge Intelligence Architecture [1][4][6][11]
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Figure 2: Reduction in Response Time with Al-Driven DevSecOps [1][5][8][9]

Table 1: Key Capabilities of Al-Driven DevSecOps for Edge Environments

Capability

Functionality

Impact

Threat Intelligence Automation

Real-time threat analysis from
telemetry data

Reduced response time

Behavior-based Anomaly Detection

Identification of deviations from
baseline behavior

Early threat detection
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Continuous Compliance Enforcement :
alignment

Automated checks for regulatory

Improved audit readiness

Edge Model Deployment making

On-device Al for localized decision-

Lower latency and bandwidth
consumption

Context-Aware Policy Management

configurations

Dynamic access and security

Adaptive risk-based controls

13. Conclusions

It is possible to regard adaptive edge intelligence as
one of the most essential innovations within the
realm of real-time cybersecurity, and this objective
is attained with the help of the tactical partnership
between Al and DevSecOps. Convergence
empowers organizations to gain operational
distributed infrastructures, which take into account
intelligence and mechanization throughout growth
levels and the pipeline lifecycle of operation. Al-
driven DevSecOps models are dynamic, precise, and
valid since they provide solutions to threat detection,
policy implementation, and edge deployment,
among other cloud-native solutions.

The transformation of traditional security systems
into adaptive and predictive models will continue as
Al advances and edge computing evolves. It can be
anticipated that future work will be engaged in
further openness of models, expertise of MLOps
approaches, and similarity of DevSecOps
implementation in other locations. The cyber
environment is becoming multifaceted, and hence
smart solutions are the only ones that can offer speed
and responsiveness of proactive reaction to threats.
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