Master Apache Airflow:
Orchestrating the
Modern Data Pipeline

From DAG Concepts to
Enterprise Scale




The Orchestrator's Journey

Phase 1 Phase 2 Phase 3 Phase 4

The Conceptual Building the Crafting the Scaling to
Blueprint Foundation Workflow Production
(Pipelines & DAGs) (Architecture & (DAGs, Operators & (Quality, Extensions

Setup) Context) & Monitoring)



Defining the Pipeline: The Bikeshare Scenario

[ “Definition: A series of steps in which data is processed.”

Target Data
Storage

Transformations to
identify high-traffic
docks and email
customers.

Loading into
Redshift analytic
warehouse.

S3 / Kafka Data Processing &
application events. Consolidation.

Pipelines provide logical guidelines and common terminology to organize everyday data engineering tasks.



The Mathematical Soul: Directed Acyclic Graphs (DAGS)

Vertices/Nodes
(Dlscrete tasks)

©
\o & o)}(e(e

Directed Edges
(Dependencies)

Acyclic: The workflow has a single
Acyclic: The workflow has a single direction
and cannot contain infinite loops.

Data pipelines are best expressed as DAGs.



Enter Apache Airflow

Spec Sheet

Origins: Originally developed at Airbnb

Philosophy: | Configuration as Code
(Workflows written in Python)

License: Open source (Apache 2.0)

Capabilities: | Schedules by time/event,

integrates with Hadoop, Cloud
Services, and databases.

Open-source
Data Pipeline Tools

ram
Dagster
49) Airbyte

‘\\\‘ Fivetran

Stitch
$ Keboola

Streaming Data
Pipeline Tools

(7)) Integrate.io
¥ Funnel




Anatomy of an Orchestrator

. . Holds the state of
Backend saving credentials, ‘ /\ /\ —
history, and configuration. S @ \% unnable fesee

Work

Orchestrates job execution
on triggers/schedules.

The control dashboard
for users and maintainers.

The muscle executing
- operations defined in the DAG.




The Execution Lifecycle

1. Trigger

Scheduler starts DAGs based
on time or external events.

5. Record

Final task status is recorded
in the DB; Scheduler
unlocks downstream tasks.

4. Execute

Workers pick up tasks
and run them.

2. Parse

Scheduler checks
dependencies to determine
runnable steps.

3. Queue

Runnable steps are pushed
to the Work Queue.



Practical Setup: Docker & CLI

* Environment: Running X X
Airflow locally using
Docker docker pull puckel/docker-airflow

(puckel/docker-airflow).
docker run -d -p 8080:8080 puckel/docker-airflow

* Access: Web Ul maps webserver
to localhost:8080.

e CLI Interaction:
Access the container
bash shell to run core
utilities.

docker exec -it <container> /bin/bash

airflow list_dags




The Blueprint in Code: DAG Definition & Scheduling

NN
@once @
divvy_dag = DAG(
‘divvy', @hourly eCC 2080 LLDDALSVTH T
description="'Analyzes Divvy Bikeshare Data',
start_date=datetime(2019, 2, 4),

@daily @ D & & B @ &
schedule_interval='@daily'

O
%)

@monthly —@ &

Schedules are defined with explicit Cron
expressions or presets.



The Operator Matrix: Atoms of Work

Concept: Operators define the atomic steps of work. An instantiated Operator is a

Task.

PythonOperator BashOperator External Operators
Executes custom Python Executes bash scripts. Pre-built integrations for
callables. Ideal for Ideal for OS-level file standard systems.
complex, bespoke logic. manipulation. Includes PostgresOperator,

S3ToRedshiftOperator,
and SimpleHttpOperator.




Directing Traffic: Task Dependencies

The Rule: Edges define the exact ordering and dependency between initialized Tasks.

Method 1: Bitshift Operators
(Modern & Concise)

a > b (Task A comes before Task B) a.set_downstream(b)
a << b (Task A comes after Task B) a.set_upstream(b)




Bridging Systems: Connections & Hooks

Connections: Managed securely within the Hooks: The programmatic interface.
Web Ul avoiding hardcoded secrets. Integrates directly with systems using
predefined connections to execute queries.

‘v‘ Airfflow BAGs DataProfiing~ Browse~  Adminv  Decs>  Aboot~ 2010-01-25 22:23.24 UTE

Connections

db_hook = PostgresHook('demo')
df = db_hook.get_pandas_df('SELECT % FROM rides')

Host

m

localhost
lecalhos!
Z & aws_default aws

Z B azure_data_lake_default azure_data_jake

Hooks provide a consistent API to interact
with external systems, abstracting the low-
level connection details.

beeline_default beeline localhost

0O © ©0 © 0 ©

# O bigquery_default google_cloud_platform



Runtime Dynamics: Templating & Partitioning

Jinja Templating: Leverage fill in the Perameternjoction Example
blank' COﬂteXt VaflableS tO |nJeCt runtlme def check_greater_than_zero(sargs, »&kwargs):
S - - = rgs('params'] ['table']
SpeleIC data dynamlCa”y |nt0 taSkS :ﬁzids :wieg:hi‘f):_hook.ge:_l:}eiords(."SELECT COUNT (%) FROM {table}')

Data Partitioning
Partition by Time

Partition by
Logical Divisions

) Partition by Size
Massive Dataset




Trusting the Pipeline: Data Validation

Ensuring data is present, correct, and meaningful to satisfy its intended use.

® .

Data Consistency Data Range Data Constraint
Check 1: Ensure row counts Check 2: Validate all loaded Check 3: Confirm output
in Redshift match the raw locations maintain a daily table dimensions match

records in S3. visit average greater than 0. Input parameters.




Transparency & Debugging: Data Lineage

Lineage: The discrete steps
iInvolving the creation,
movement, and calculation of a
dataset.

Visibility: The Airflow Graph
View isolates the exact point
of failure cascading
downstream.




Operational Excellence: Task Boundaries & States

Good vs. Bad
Monolithic Script

Extract, Transform, Load, V.

Anti-pattern: Single point of failure, low parallelism.

Atomic Tasks

Best Practice: Maximizes parallelism, isolates failures.

State Management: Use
max_active_runs to prevent
database locking.

max active runs=l

Operators to force re-runs: Manually clear
states.



* Purpose: Capture
frequently used, complex
Integrations into a
reusable, DRY format.

» Benefits: Simplifies DAG
logic, unifies logging, and
enables fine-tuned
performance.

« Community First:
Always check the Open
Source Airflow Contrib
repository!

—— dags/

-— plugins/
|-— custom_operators.py |

HasRowsOperator




Organization at Scale: SUbDAGs

The Problem: ,T,,"‘;fm iy fnja:;‘jfj

Giant DAGs = r ~

become ._ .

. . Sta u sa _Load Statione “Validat /I O tl'l S SUbda

impossible to read. ° : . ( ) Es J )
. (Staton s_Vaiidale ;}‘ !/“E ““‘“‘) B N = _I "

The Solution: \ " ‘@b iRRRas=t .

Commonly v L ,‘\\ ;\ RN ,, R . . >| stations_subdag

repeated series of % " \ = J

tasks are nested Dx 9,’93:’ S‘(m::g = // l

nested into (o o) 7 = 3

reusable f [\‘M] calculate_location_traffic

SubDAGs. Y o) ' )




The SUbDAG Paradox

 Worker Slot Hijacking: SUbDAGs
consume worker slots while waiting
for their internal tasks to execute,
which can lead to rapid deadlocks.

« Execution Limitations: They can
force workflows into sequential
executor limitations, destroying
parallelism.

 Modern Alternative: The
community often relies on Custom
Operators or external trigger DAGs
to avoid SUbDAG traps.




e

The Control Tower: SLAs & Telemetry

Airflow Native Monitoring (e

| ‘“Alrﬂow DAGs DataProfiling Browse~ Adminr Docs~  About
Service Level Agreements (SLA): e [ e —

- Define strict timeframes by which a | Task Instances

- DAG must complete. Airflow logs ‘ Logs

Job
' misses in a dedicated Ul dashboard. R

Enterprise Telemetry

A pert
~ Enterprise Telemetry: Publish internal QLI P —
™ metrics to statsd and visualize with e T
Grafana to build holistic alert systems. — =
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(= N
200
fron ajrfloa ieeert DAG
fron a11Tlou.operetors.bash legert BashOperator
fron airflow.providers,postgres.cperators.pestgres lopert PestgresOperator
fron airfloa.provliders, postgres.heaks.pestgres teaert Postgresnook
fron custoe.operators.has_rows laaort RasBoocBpereter
from dateties iepert datetuece, timedelta
default .args = {
‘ooner " exrflov '
'depende on_aesl': Folce, i i i
et Tare 1 Tein. @ @daily schedule interval with
52?:;‘:'\ Jretry': Falte, max_active_runs protection.
) 'retry“delcyi. tieedeltalninutesS),
dag = DAG(
‘predurtien_dag s3 tc_redshirt’,
defaull_srgtrecfeoll _args,
descriptren»'A predoCiten-grade DAE for ELT',
schedule_intarvale‘g@dally’, & <— Callout | <~
ra«_actlve_ronsri,
start_date~datecine(265), 1, 1),
catchuprralse.
: tags=1 preduction'],
with dag:

create_trips_takle = Postgresfperator(
tack _16= craate_irtes_takle’,
postgres_cenn_ith ‘redskit?_dsfaull’,
sql>"3q7creete_trips_table.sql’,

load_trips_froe_s2 = BashOperator(

Task_1dv' load tr)ps fron_s3_te_redskift', # «— (al <
pash_commande~aus $3 cp $3://ay-ducket/trips.csv /tmp/trsps csv 86 psql .

load,statlons froe_s3 = BashOperator(
tesk_1de'{oad_ztattcns_free_s2_to_redshift',
Bash_coemand="2as $3 ¢p $3://ey- -oucket/stations. csv /tep/statiens.csv 66 psql ...',

calculate_traffic = PostgrecOperater/

hook = Postgreshockipostgres_conn_ids’redshift_default') # tlovt 4 @

tack_1de-catculate_lacatian_tratfic’,
pestgres cemn_ld=' redshift_default',
sqt="sql/celcotate_tratfic.sql’,

-

CustomBastnOperator (>>)
extracting raw S3 data.

create_trips_table load _trips_from_s3_te_redshift check_Jrips_data

calculate_locstion_raffie

—>

create_stations_table load_stations_from_s3_to_redshift || check_stations_data

t

Atomic BashOperator extracting raw S3 data.

hook. run(“DELETE FROM staging WIERE date < {{ execution_date )) )

11|(|

creata \rlps tok\e s>w load_trlps_from_s3 s» check_trips_date

create_rtstions labite sa load_ttations_froe_s? or cbsck_srations_data <

[check_171ps_data, check_ststicns _datal » calcolate_tratfic # «— Callout 3
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Custom HasRowsOperator performing
Data Quality validation.

PostgresHook utilizing Jinja templated variables. | =

Clean Bitshift syntax (>>) enforcing strict task dependencies.] 4

o
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