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Abstract—Workflow orchestration is
foundational infrastructure for modern data
platforms, and Apache Airflow has become the
dominant open-source orchestrator in cloud-native
environments. This survey examines deployment
patterns for Airflow on Kubernetes, contrasts them
with alternative orchestration systems including
Apache Oozie, Luigi, Prefect, and Dagster, and
reports operational findings from a six-month
production deployment of thirty-five core
campaign workflows on Google Cloud Platform.
The survey is grounded in a migration from a
centralized Google Cloud Data Fusion
environment of approximately 178 campaign
attribution workflows that had become difficult to
maintain. The principal practitioner finding is that
the introduction of GitSync-based deployment
reduced the deploy cycle from three to five days
under manual procedures to under five minutes
from merge to running DAG, but that the
productivity gain is offset by operational
complexity that surfaces as a small set of recurring
failure modes. The survey contributes a taxonomy
of four deployment patterns, a catalog of five
production failure modes with root causes and
mitigations, and a set of CI/CD recommendations
for managing DAG-as-code at scale.

Index Terms—Apache Airflow, workflow orchestration,
cloud-native, DAG, data pipeline, task scheduling, directed
acyclic graph

I. INTRODUCTION
Data platforms in regulated industries depend on
reliable workflow orchestration to coordinate

ingestion, transformation, quality validation, and
delivery across hundreds or thousands of
interrelated tasks each day. As pipeline portfolios
grow, the orchestrator becomes both the central
operational control plane and the most
consequential single point of fragility: a failure in
scheduling or task coordination can stop data
movement across the entire platform, with
downstream consequences for analytics,
regulatory reporting, and operational systems.

In the deployment context that motivates this
survey, a digital advertising technology platform
team had accumulated approximately 178
campaign attribution workflows in Google Cloud
Data Fusion over several years. Data Fusion
served the team well in early growth, but as
workflow complexity increased particularly the
proliferation of inter-campaign dependencies,
dynamic parameterization needs, and conditional
audience targeting patterns the centralized
orchestration model became difficult to maintain.
Deployment cycles for new pipelines stretched to
between three and five days due to manual
approval and apply procedures, code review of
pipeline changes was constrained by the limited
diff readability of ADF JSON, and the lack of
native version control for pipeline definitions
complicated rollback. An evaluation of open-
source alternatives led to the adoption of Apache
Airflow [1] for a subset of the most complex
workloads, deployed on Azure Kubernetes Service
(AKS) using Helm-managed components and
GitSync-driven DAG distribution.
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This paper presents a survey of cloud-native
Airflow deployment patterns informed by that
adoption experience. The survey is organized
around three research questions:

RQ1: What are the primary deployment patterns
for Airflow on Kubernetes, and what are their
operational tradeoffs?

RQ2: How can CI/CD and GitOps practices
improve Airflow DAG management velocity and
reliability?

RQ3: What are the common pitfalls in Airflow-on-
Kubernetes deployments, and how can they be
mitigated?

The scope is restricted to Kubernetes-native
deployments, including managed Kubernetes
offerings such as AKS, Amazon EKS, and Google
GKE. YARN-based and Mesos-based Airflow
deployments are not addressed. The contributions
of the paper are a taxonomy of four deployment
patterns (Section 5), a survey of CI/CD and
GitOps integration patterns including the GitSync
sidecar (Section 6), a comparative analysis table
covering ten deployment criteria (Section 7), and a
catalog of five production failure modes drawn
from the deployment experience (Section 8). The
remainder of the paper is organized as follows.
Section 2 reviews background on workflow
orchestration and Kubernetes. Section 3 describes
the survey methodology. Sections 4 through 7
present the survey findings. Section 8 reports
practitioner observations and failure modes.
Section 9 discusses implications. Sections 10 and
11 identify future research directions and conclude.

II. BACKGROUND
Workflow orchestration has evolved across several
distinct technological generations. The earliest
scheduled workflows were managed by Unix cron
and shell scripts, which provided no facilities for

task dependency management, retry handling, or
visibility into execution. The Hadoop ecosystem
introduced Apache Oozie [4] as the first widely
adopted workflow scheduler designed for
distributed data processing, with XML-based
workflow definitions and tight integration with
HDFS and MapReduce. Luigi, developed at
Spotify, popularized a Python-centric,
dependency-graph-based model for batch
processing pipelines [2]. Apache Airflow,
originally developed at Airbnb, generalized the
Python-DAG approach with a richer scheduler,
web interface, and operator library, and has since
become the dominant open-source orchestrator [1].
More recent entrants including Prefect, Dagster,
and Temporal have introduced alternative models
API-first task definitions, asset-centric
programming, and durable long-running
workflows respectively that target perceived
weaknesses in the Airflow programming and
operational model.

Airflow's architecture comprises five principal
components: a scheduler that parses DAG files
and schedules task execution, a webserver that
exposes the user interface and REST API, an
executor that dispatches tasks to workers, a
metadata database (typically PostgreSQL or
MySQL) that stores DAG state and task history,
and a logs storage layer that retains task output for
inspection. The executor is the most consequential
architectural choice for a production deployment.
Three executor types are widely used: the
LocalExecutor runs tasks in subprocesses on the
scheduler host and is suitable only for small
deployments; the CeleryExecutor distributes tasks
to a pool of worker processes coordinated through
a message broker such as RabbitMQ or Apache
Druid for real-time OLAP analytics; and the
KubernetesExecutor spawns an ephemeral
Kubernetes pod for each task, providing strict
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isolation and resource control at the cost of higher
per-task startup latency.

Kubernetes provides the substrate on which all
four deployment patterns surveyed in this paper
rest. Its features container orchestration,
declarative resource management, rolling updates,
role-based access control (RBAC), and service
discovery are particularly aligned with the
operational needs of a multi-component system
such as Airflow. Helm [3] is the de facto package
manager for Kubernetes applications and provides
parameterized templates that allow a single
Airflow chart to be deployed across development,
staging, and production environments with
environment-specific overrides.

The DAG-as-code philosophy is central to
Airflow's design. Pipeline definitions are Python
modules that construct DAG and task objects, and
the same code is read by the scheduler at parse
time and executed at task time. The Airflow 2.0
Taskflow API introduced a more declarative style
based on Python decorators, but the underlying
execution model remained Python-based. This
approach contrasts with declarative orchestrators
such as Argo Workflows, in which pipelines are
defined as Kubernetes custom resources and
authored in YAML.

Related orchestration systems each occupy a
distinct position. Prefect emphasizes a polished
developer experience, an API-first architecture,
and a managed cloud offering, with an open-
source core. Dagster centers its programming
model on data assets rather than tasks, which
appeals to teams that think about pipelines in
terms of the artifacts they produce. Temporal
targets long-running, stateful workflows and is
more commonly used in application backends than
in batch data processing. Within this landscape,
Airflow's principal advantages are its maturity, the
breadth of its operator and provider ecosystem,

and its production track record at major data
engineering organizations; its principal
disadvantages are operational complexity and a
programming model that some teams find harder
to test than the alternatives.

Continuous integration and deployment practices,
particularly the GitOps pattern in which Git serves
as the source of truth for system state, have
become standard in cloud-native infrastructure
operations [5]. Applied to workflow orchestration,
GitOps means that DAG definitions live in a Git
repository, that changes are subject to code review,
and that the deployed state of the orchestrator is
reconciled to the Git state automatically. The
GitSync sidecar pattern is one widely used
implementation of this approach for Airflow.

III. METHODOLOGY
The survey combines a systematic review of
orchestration literature published between 2015
and 2020 with an empirical case study of a
production Airflow deployment. The literature
review covered Airflow documentation and design
discussions on the project's GitHub repository,
vendor documentation from Azure on AKS best
practices, and academic and practitioner
publications addressing distributed workflow
management, Kubernetes operations, and CI/CD
practices for data infrastructure.

The empirical component is grounded in a six-
month observation window from February through
August 2021, during which thirty-five core
campaign workflows were operated on GCP using
a sequence of three deployment configurations: a
CeleryExecutor configuration during weeks one
through eight, a transition to KubernetesExecutor
in weeks nine and beyond, and the addition of
KEDA-driven autoscaling later in the window.
The deployment served a team of nine engineers
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from the marketing data platform division, of
whom six had limited prior Airflow experience
and required approximately one week of structured
onboarding. The author was responsible for the
deployment architecture and operational support
during the observation window.

Quantitative metrics collected during the
observation window include deployment time
before and after the introduction of GitSync, mean
time to recovery for the failure modes documented
in Section 8, scheduler lag, daily task volume, and
the success rate of CI pipeline runs against DAG
changes. Qualitative evidence was collected
through informal interviews with eight engineers
and analysis of post-incident root cause documents.
Limitations of the methodology include the single-
organization scope of the empirical observations,
the cloud-provider-specific (Azure) tool ecosystem,
and the focus on Airflow 1.x for the majority of
the observation window.

IV. A SURVEY OF AIRFLOW
DEPLOYMENT PATTERNS

Four deployment patterns dominate Airflow on
Kubernetes, distinguished primarily by executor
choice and worker scaling strategy. Each pattern
occupies a distinct point on the spectrum from
operational simplicity to operational sophistication,
and the appropriate choice depends on the scale of
the DAG portfolio, the variability of the workload,
and the team's tolerance for operational overhead.

4.1 Pattern 1: Standalone Airflow
In the standalone pattern, the Airflow webserver,
scheduler, and executor run on a single instance
typically a single Kubernetes pod backed by a
persistent volume for logs and a small embedded
or external metadata database. Deployment is
straightforward: a Docker image and a minimal
manifest are sufficient. The pattern's strengths are

its low operational complexity, suitability for
small DAG portfolios numbering fewer than
approximately fifty, and cost-effectiveness for
prototypes and learning environments. Its
weaknesses are equally clear: the single instance is
a single point of failure, there is no horizontal
scaling, and the executor cannot parallelize tasks
across multiple nodes. The standalone pattern is
appropriate for development and test environments
and for early-stage proofs of concept; it is not
appropriate for production financial or compliance
workloads where availability requirements rule out
single-instance deployment.

4.2 Pattern 2: CeleryExecutor on
Kubernetes
The CeleryExecutor pattern deploys the webserver
and scheduler as Kubernetes StatefulSets, Celery
workers as Deployments under a Horizontal Pod
Autoscaler, a shared metadata database
(commonly PostgreSQL on a managed service
such as Google Cloud SQL for PostgreSQL),
shared logs storage (Google Cloud Storage), and a
message broker (RabbitMQ or Apache Druid for
real-time OLAP). The Helm chart manages all
components and supports rolling updates of
individual subsystems. Workers scale horizontally
based on queue depth, and the addition of KEDA,
discussed in Section 4.4, enables event-driven
scaling beyond the simple CPU-based metrics of
the default HPA.

The principal strengths of the Celery pattern are
horizontal scalability, decoupled scaling of
workers from the control plane, and a mature
ecosystem of operational tools. Its principal
weaknesses are operational complexity the
message broker, the metadata database, and the
logs storage each require their own high-
availability strategy and backup procedures and
the difficulty of debugging task isolation issues,
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since multiple tasks may share a worker process
and Python interpreter. RBAC for Celery workers
is also subtle: workers may end up with broader
Kubernetes permissions than they strictly require,
which violates the least-privilege principle.

In the empirical deployment described in Section 8,
the Celery pattern was used during the first eight
weeks of operation. Thirty-five DAGs ran on two
scheduler instances and between ten and forty
worker pods scaled by HPA, with average task
queue depth held under ten seconds. Two failure
modes specific to the Celery pattern were
observed: connection storms against RabbitMQ
during scale-down events, and a slow
accumulation of zombie worker pods that did not
clean up properly after termination.

4.3 Pattern 3: KubernetesExecutor
The KubernetesExecutor pattern eliminates the
Celery worker pool and the message broker
entirely. The webserver and scheduler run as pods
in the cluster, and each task spawned by the
scheduler is launched as an ephemeral Kubernetes
pod scheduled by the cluster's own pod scheduler.
The metadata database remains shared, but no
message broker is required. Logs are written either
to object storage or to Kubernetes events, and task
isolation is strict because each task runs in its own
container.

The principal strengths of the KubernetesExecutor
pattern are minimal operational overhead relative
to Celery (no message broker), tight integration
with Kubernetes' native scheduling and resource
controls, and per-task resource isolation. Its
principal weaknesses are higher per-task startup
latency (approximately two to five seconds for pod
creation, plus image pull time on cold nodes),
increased load on the Kubernetes API server, and
the operational consequences of high pod churn.
RBAC requires careful attention because the

scheduler's service account must be permitted to
create pods, and each task pod may itself need
permissions to access cluster resources.

In the empirical deployment, the
KubernetesExecutor pattern was adopted in week
nine and operated for the remainder of the
observation window. With average task durations
between five and thirty minutes, the per-task pod
creation overhead was negligible relative to
execution time, and the simplification of the
architecture no message broker to operate reduced
the operational surface materially. The pattern is
recommended for medium-scale deployments in
the range of approximately one hundred to five
hundred DAGs, particularly when the workload
mix tolerates the per-task startup overhead and
when security or resource isolation requirements
favor strict container isolation.

4.4 Pattern 4: KEDA-Enhanced
Autoscaling
KEDA (Kubernetes Event-Driven Autoscaling)
extends Kubernetes' native autoscaling with the
ability to scale workloads based on external
metrics rather than CPU or memory alone.
Applied to Airflow, KEDA can scale Celery
workers based on the depth of the task queue read
from the Airflow metadata database, or it can scale
other components in response to custom metrics.
The principal benefit is the ability to scale down to
zero or near-zero workers during idle periods,
which is particularly valuable for batch ETL
workloads with concentrated activity windows.

In the empirical deployment, KEDA was added
during the later weeks of the observation window.
A representative scenario was a batch ETL
window between approximately 9 a.m. and 5 p.m.
local time, during which sixty workers were
scheduled, with off-hours scaling to fewer than
five workers. The measured savings on idle
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compute were on the order of forty percent,
partially offset by the additional API calls and
monitoring overhead introduced by KEDA itself.
The principal weakness of the pattern is scale-up
latency: new workers take approximately one to
two minutes to join the pool, and a noisy queue-
depth signal can produce thrashing if the
autoscaler thresholds are not carefully tuned.

V. A SURVEY OF DAG
MANAGEMENT AND CI/CD

PATTERNS

5.1 DAG Discovery and Deployment
The traditional pattern for DAG distribution
mounts a shared file volume commonly a Network
File System (NFS) export into all Airflow
components, and the scheduler scans the volume
periodically for new or modified DAG files. This
pattern is straightforward but produces friction in
deployment workflows: updating DAGs requires
writing to the shared volume, which in regulated
environments often requires manual approval and
apply procedures.

The GitOps alternative treats a Git repository as
the source of truth for DAG definitions and uses a
synchronization daemon to pull the latest DAG
files into the pod volume on a configurable
interval. The GitSync sidecar pattern, which
originated in the Kubernetes community and has
been adopted in the Airflow ecosystem, runs an
init container that performs the initial clone and a
sidecar container that polls the Git remote for
updates and updates the shared volume. SSH keys
or OAuth tokens authenticate the daemon against
the Git remote. Listing 1 shows a sketch of the
GitSync sidecar configuration used in the
empirical deployment.

Listing 1: GitSync sidecar configuration sketch.
containers:

- name: git-sync
image: registry.k8s.io/git-sync/git-
sync:v3.6.3
env:
- name: GIT_SYNC_REPO
value: "git@github.example/data-
platform/airflow-dags.git"
- name: GIT_SYNC_BRANCH
value: "main"
- name: GIT_SYNC_WAIT
value: "60" # seconds between polls
- name: GIT_SYNC_DEST
value: "dags"
- name: GIT_SYNC_SSH
value: "true"
volumeMounts:
- name: dags-volume
mountPath: /tmp/git
- name: git-secret
mountPath: /etc/git-secret

The benefits of the GitSync pattern in the
empirical deployment were substantial. Before its
introduction, the deployment cycle for a new DAG
was three to five days, dominated by manual
approval and apply procedures. After GitSync, the
cycle was under five minutes from the moment a
pull request was merged to the moment the DAG
appeared in the scheduler. The pattern also
produced a complete audit trail through Git history
and enabled rollback through standard Git revert
operations rather than manual cluster intervention.
A specific gotcha emerged early in the adoption:
the Airflow scheduler silently skips DAGs with
import errors, so a malformed DAG synced from
Git produces no visible error in the webserver and
no entry in the scheduler logs at default verbosity.
The mitigation, discussed in Section 5.3, is static
DAG validation in the CI pipeline before merge.

5.2 Configuration Management and
Secrets
DAGs require credentials for source databases,
cloud storage paths, API keys, and similar
sensitive material. Airflow provides a built-in
abstraction Airflow Connections and Variables
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stored in the metadata database, with optional
encryption at rest. Two patterns dominate for
externalizing secrets on Kubernetes. The first uses
Kubernetes Secrets mounted as environment
variables in pods, which is straightforward but
couples secret rotation to pod restart. The second
uses cloud-provider key management services
Azure Key Vault, AWS Secrets Manager, or
Google Secret Manager with pod identity for
authentication, allowing DAGs to retrieve secrets
at runtime without storing service account
credentials in the cluster.

In the empirical deployment, secrets were
managed through Azure Key Vault accessed via
Entra ID pod identity. Thirty-five DAGs shared
fewer than ten Airflow Connections covering
source databases, Azure Storage accounts, and a
Spark cluster endpoint. The pattern produced a
complete audit trail of secret access through Key
Vault's logging facility, which was important for
compliance purposes. A configuration pitfall is
documented in Section 8 as Failure 2: incorrect
pod identity binding produced a sustained period
of connection timeouts before the root cause was
identified.

5.3 CI/CD Pipeline for Airflow
The CI pipeline for the DAG repository in the
empirical deployment was triggered on every pull
request and ran four stages: lint and syntax checks
using flake8 and pylint; DAG parsing validation
using the airflow dags test command, which
catches import errors and basic configuration
mistakes; unit tests for any pure Python helper
functions; and optional integration tests against a
staging metadata database. Approval gates
required manual code review for changes targeting
production. Once merged, the GitSync daemon
pulled the changes into the cluster within
approximately five minutes. Rollback was

performed by reverting the merge in Git, with no
manual cluster intervention. The CI pipeline
duration was approximately five minutes end to
end, and the false positive rate CI failures that did
not reflect real DAG problems was under
approximately two percent, dominated by edge
cases in DAG import behavior.

The static DAG parsing stage was the single most
valuable component of the pipeline. The Airflow
scheduler's silent treatment of DAG import errors
means that without external validation, broken
DAGs reach production silently and only manifest
as missing tasks in the schedule. Catching these
errors at CI time prevents the entire class of
failures from reaching the cluster.

5.4 Helm Charts and Infrastructure as
Code
A single Helm chart deployed all Airflow
components in the empirical environment, with
values.yaml overrides distinguishing development,
staging, and production. Development used a
LocalExecutor configuration for simplicity,
staging used CeleryExecutor with two workers,
and production used CeleryExecutor with up to
twenty workers under KEDA scaling (later
transitioned to KubernetesExecutor). Helm chart
customization is a frequent source of operational
complexity: custom hooks, init containers, and
post-install jobs require Helm template expertise
that not every team member possesses, and
template-condition logic errors can produce subtly
broken deployments that pass syntactic validation
but fail at runtime. The mitigation in the empirical
deployment was to keep template logic simple,
document the values structure, and add a helmfile
lint step to the CI pipeline.

VI. COMPARATIVE ANALYSIS
OF DEPLOYMENT PATTERNS
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Table 1 summarizes the four deployment patterns
described in Section 4 across ten operational
criteria. The comparison is based on the empirical
deployment experience supplemented by
published documentation and the broader
operational discussion in the Airflow community.
KEDA-Enhanced refers to either Celery or
KubernetesExecutor augmented with KEDA-
driven scaling policies.

Table 1: Comparison of Airflow Deployment
Patterns

Criterion Standalone Celery

Task parallelism Single Horizontal

Operational complexity Low High

Worker startup latency N/A ~5 s join queue

Pod churn Minimal Medium

Cost profile Predictable Predictable

Metadata DB required Yes Yes (shared)

Message broker required No Yes

RBAC complexity Low Medium

Logging strategy Volume Volume / storage

Recommended scale <50 DAGs 100–1000 DAGs

Two observations from the table merit emphasis.
First, no single pattern dominates on all criteria;
the choice involves real tradeoffs that should be
made in the context of expected DAG count,
workload variability, security posture, and team
operational capacity. Second, the
KubernetesExecutor pattern offers what is, in our
experience, the most attractive balance for
medium-scale deployments because it eliminates
the message broker without imposing the extreme
pod churn cost of KEDA-driven scale-down.

VII. PRACTITIONER
PERSPECTIVE AND FAILURE

MODES
This section reports five failure modes observed
during the six-month production deployment
described in Section 3. Each failure is presented
with its context, symptom, root cause, resolution,
and lesson, in keeping with standard post-incident
practice. The selection is not exhaustive, but it
covers the failure categories that the team
identified as most consequential and most
generalizable.

7.1 Failure 1: Silent DAG Import Error
In the second week of the deployment, a newly
merged DAG containing a typo in a Python import
statement failed to appear in the Airflow user
interface. No error message was visible in the
webserver logs at the default verbosity, and the
absence was discovered only when an engineer
manually checked whether the DAG had been
deployed. The root cause was that the Airflow
scheduler silently skips DAG files that fail to parse,
logging the failure only at debug verbosity. The
resolution was to add an airflow dags test step to
the CI pipeline that parses all DAG files in the
changeset and fails the build on any import error.
The lesson is that the scheduler's DAG discovery
is not a reliable signal of deployment success and
that static validation in CI is essential.

7.2 Failure 2: Entra ID and Key Vault
Misconfiguration
In the third week, after DAGs were configured to
retrieve secrets from Azure Key Vault using Entra
ID pod identity, the team observed approximately
five hundred connection timeouts per hour against
Key Vault. DAGs hung waiting for secret retrieval
and eventually failed. The root cause was that the
pod identity webhook was not properly injecting
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the workload identity credentials into the task pods,
with the result that the Key Vault client library fell
back to its default credential chain and failed to
authenticate. The resolution required verifying the
pod identity annotation on the relevant pod specs,
checking the RBAC role binding between the
managed identity and the Key Vault scope, and
enabling verbose logging on the pod identity
webhook to confirm credential injection. The
incident produced an approximately eight-hour
outage during which a temporary fallback to
environment-variable secrets was used. The lesson
is that pod identity integration must be tested end
to end before production cutover and that a
fallback secret strategy should be available for
emergency use.

7.3 Failure 3: Utility Module Breakage
In the sixth week, a shared airflow_utils.py
module that was imported by several DAGs was
refactored to add a required parameter to one of its
functions. The change was merged without
bumping a version number, and five DAGs that
imported the older function signature failed to
parse on the next scheduler scan, manifesting as
ImportError messages during DAG discovery. The
resolution was to vendor the common utilities into
the DAG folder and adopt semantic versioning for
shared code. Total impact was approximately two
hours of debugging followed by a thirty-minute fix.
The broader lesson is that shared code in an
Airflow deployment requires the same versioning
discipline as any library used by multiple
consumers, and that vendoring or copy-paste reuse
may be preferable to import-based sharing for
stability reasons in a deployment that lacks
rigorous versioning practices.

7.4 Failure 4: Pod Cleanup
Accumulation

In the eighth week of operation under the
KubernetesExecutor pattern, the team observed
node memory pressure and pod evictions on the
cluster nodes that hosted Airflow task pods.
Investigation revealed that completed task pods
were not being cleaned up by the executor and had
accumulated for several weeks, consuming node
resources. The root cause was that a finalizer on
the task pod template was not executing as
expected, leaving the pod objects present in the
cluster after task completion. The resolution
introduced a cleanup CronJob that ran periodically
to delete completed task pods, configured a pod
time-to-live of approximately one hour, and
enabled the Kubernetes garbage collector for
orphaned objects. Recovery and infrastructure
cleanup took approximately four hours. The lesson
is that pod count and node memory should be
monitored explicitly even when the executor is
expected to manage cleanup, and that Kubernetes-
native TTL and garbage collection mechanisms
should be enabled as defense in depth.

7.5 Failure 5: Helm Chart
Customization Complexity
In the fourth week, an attempt to customize the
Helm values for a custom log volume mount
produced a scheduler pod that failed to start
because the persistent volume claim was not
generated by the Helm template. The root cause
was an incorrect conditional in the Helm template
logic that the values override silently failed to
satisfy. The resolution was to rewrite the
values.yaml structure with clearer conditionals and
to add a helmfile lint step to the CI pipeline that
catches template-rendering errors before
deployment. Total debugging time was
approximately one hour. The lesson is that Helm
chart complexity grows quickly and that template
logic should be kept simple, documented, and
validated in CI.
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7.6 Operational Lessons
Several broader operational lessons emerged from
the six-month observation window. Monitoring
and observability proved essential: scheduler lag,
queue depth, executor metrics, and worker pod
readiness latency are the principal signals that
distinguish a healthy Airflow deployment from a
degrading one, and alerts on scheduler heartbeat
absence (greater than approximately five minutes),
metadata database connection errors, and SLA
breaches were the most consequential alarms in
practice. GitSync reliability itself required
monitoring the sync sidecar's logs must be
inspected for fetch failures and file permission
issues. DAG complexity management benefited
from a guideline of fewer than approximately
twenty tasks per DAG and a clear naming
convention. A structured one-week onboarding for
new Airflow developers, including the end-to-end
deployment of a first DAG, was found to be the
minimum effective investment for engineers
without prior Airflow exposure. Across the
observation window, an unexpected finding
emerged: approximately sixty percent of failures
were related to DAG code or configuration rather
than to infrastructure, which is the opposite of the
typical Kubernetes operational experience and
reinforces the value of static DAG validation in CI.

VIII. DISCUSSION
With respect to RQ1, the four deployment patterns
surveyed in Section 4 occupy distinct points on a
spectrum of operational complexity versus
scalability and cost flexibility. The standalone
pattern is appropriate only for development and
learning. The CeleryExecutor pattern is mature
and scalable but imposes the operational overhead
of a message broker. The KubernetesExecutor
pattern simplifies the architecture by eliminating
the broker and offers strong task isolation, at the

cost of higher per-task startup latency. The
KEDA-enhanced pattern adds cost flexibility for
workloads with concentrated activity windows.
The recommendation that emerges from the
empirical deployment is that medium-scale data
platforms in the range of one hundred to several
hundred DAGs are well served by the
KubernetesExecutor pattern, with KEDA added
selectively for cost-sensitive scaling needs.

With respect to RQ2, the introduction of GitSync-
based deployment combined with a CI pipeline
including static DAG validation reduced the
deployment cycle from three to five days under
manual procedures to under five minutes from
merge to running DAG. This is the largest single
productivity improvement observed during the six-
month window, and it is attributable not only to
GitSync itself but to the surrounding CI/CD
investment that made automated deployment safe
enough to use. The payoff scales with the size of
the DAG portfolio: at the thirty-five-DAG scale of
the empirical deployment, the savings were
already substantial; at fifty or more DAGs, the
manual alternative becomes operationally
infeasible.

With respect to RQ3, the five failure modes
documented in Section 7 are largely preventable.
Silent DAG import errors are caught by static
validation in CI. Pod identity misconfiguration is
caught by end-to-end testing of secret retrieval
before production cutover. Utility module
breakage is prevented by vendoring or by rigorous
semantic versioning of shared code. Pod cleanup
accumulation is prevented by Kubernetes-native
TTL and garbage collection settings combined
with explicit monitoring. Helm chart complexity is
prevented by keeping template logic simple and
adding lint steps to CI. The unifying theme is that
the failures are operational rather than
fundamental, and that they are addressed through
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discipline in CI/CD, monitoring, and
infrastructure-as-code practice.

In comparative positioning, Airflow continues to
occupy the dominant position in open-source
workflow orchestration despite the emergence of
Prefect, Dagster, and Temporal as alternatives.
Prefect emphasizes a more polished developer
experience and a managed cloud offering, but its
production track record is shorter than Airflow's.
Dagster's asset-centric model is intellectually
appealing for data-focused teams but, at the time
of the observation window, its Kubernetes
integration was less mature than Airflow's.
Temporal is targeted at long-running stateful
workflows and is not a direct substitute for batch
data orchestration. The comparison reinforces that
Airflow's principal advantage is operational
maturity at the cost of operational complexity, and
that the choice should be made deliberately rather
than reflexively.

Several limitations of the survey should be
acknowledged. The empirical observations are
drawn from a single organization on a single cloud
provider (Azure), and other cloud providers may
have different tool ecosystems and different
operational characteristics. The deployment is in a
banking domain with specific regulatory and
compliance requirements that influence
operational practice. The observation window
covered the latter part of Airflow 1.x and early
adoption of Airflow 2.x, and some of the failure
modes observed may have been mitigated by
improvements in the 2.x line that postdate the
window. The unexpected finding that
approximately sixty percent of failures were code
or configuration rather than infrastructure should
be interpreted as specific to the Airflow
operational model rather than as a general
statement about Kubernetes-deployed systems.

IX. FUTURE RESEARCH
DIRECTIONS

Several research directions warrant further
attention as cloud-native orchestration continues to
mature. The Airflow 2.0 line introduced the
Taskflow API, dynamic DAGs, and improvements
to the user interface that are likely to change
operational patterns; empirical evaluation of these
features against the failure mode catalog presented
here would extend the survey. Multi-cluster
orchestration managing Airflow deployments
across multiple regions or cloud providers is a
poorly studied problem with significant practical
relevance to global enterprises. Observability
improvements, particularly distributed tracing for
task execution, cost attribution at the per-DAG
level, and anomaly detection on scheduler metrics,
are active areas of work that would benefit from
systematic evaluation. The competition among
Airflow alternatives Prefect 2.0, Dagster,
Temporal will produce an evolving comparison
space whose relative strengths cannot yet be
settled. Cost optimization through predictive
autoscaling, spot instance integration, and multi-
tenant isolation remains an open area. Finally, the
tradeoffs between managed Airflow offerings such
as Google Cloud Composer and self-hosted
deployments are worth empirical study as the
managed offerings mature.

X. CONCLUSION
This survey has examined cloud-native workflow
orchestration with Apache Airflow, organized
around four deployment patterns, CI/CD and
GitOps integration practices, a comparative
analysis across ten operational criteria, and five
production failure modes drawn from a six-month
deployment of thirty-five core campaign
workflows on Google Cloud Platform. The
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deployment migrated workloads from a previous
environment of approximately 178 Google Cloud
Data Fusion campaign attribution workflows that
had become difficult to maintain, and the
introduction of GitSync-based deployment
reduced the deployment cycle from three to five
days under manual procedures to under five
minutes from merge to running DAG.

The principal findings are that the
KubernetesExecutor pattern combined with
GitSync offers the most attractive operational
profile for most medium-scale Airflow
deployments, that static DAG validation in CI
prevents the largest single class of production
failure, and that approximately sixty percent of
failures observed in the empirical deployment
were related to DAG code or configuration rather
than to infrastructure. These findings together
suggest that the principal investment for teams
adopting Airflow on Kubernetes is not in the
cluster operation itself, where Kubernetes-native
tooling is mature, but in the discipline of DAG-as-
code engineering: validation in CI, observability
of scheduler and executor health, vendoring or
versioning of shared code, and the operational
habits that catch problems before they reach
production. Workflow orchestration is a load-
bearing component of modern data platforms, and
the operational discipline required to run it well
repays the investment many times over.
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