
Mastering Data Pipeline Orchestration with 

Apache Airflow 

The Foundation: What is a Data Pipeline? 

A data pipeline represents a sequence of operations through which data is extracted, transformed, 

and delivered to a target system. In a typical modern architecture, data is ingested from distributed 

sources, loaded into analytical platforms, and transformed to support reporting or machine learning 

use cases. 

However, pipelines are not merely about moving data. They are about enforcing control over 

execution, ensuring consistency in outputs, and establishing trust in the data being delivered. 

 

Data Pipeline Tools 

Without pipelines orchestration, pipelines tend to suffer from implicit dependencies, unpredictable 

execution patterns, and limited visibility into failures. Over time, this leads to increased operational 

overhead and reduced confidence in data outputs. 



Orchestration introduces structure by explicitly defining task dependencies, execution order, and 

failure handling strategies. It transforms pipelines from loosely connected scripts into managed 

workflows that can be monitored, scaled, and governed effectively. 

Airflow DAGs: The Core Abstraction 

At the heart of Apache Airflow lies the concept of the Directed Acyclic Graph (DAG), which 

models a pipeline as a set of tasks connected through dependencies. Each task represents a unit of 

work, while the edges define the execution order. 

This graph-based representation ensures that workflows follow a deterministic path without cyclic 

dependencies. As a result, pipelines become easier to reason about, debug, and maintain, 

particularly in complex ETL scenarios where multiple processes depend on one another. 

 

Directed Acyclic Graph (DAG) - example 

Inside Apache Airflow 

Apache Airflow functions as a complete orchestration platform rather than a simple scheduler. Its 

architecture is composed of a scheduler that determines which tasks should run, worker processes 

that execute those tasks, a metadata database that records execution states and configurations, and 

a web interface that provides visibility into pipeline operations. 

The scheduler continuously evaluates DAG definitions, identifies tasks that are ready for 

execution, and places them in a queue. Workers then pick up these tasks, execute them, and update 



their status. This coordinated interaction ensures that workflows progress reliably from start to 

completion. 

 

Apache Airflow Architecture 

Scheduling & Execution Strategy 

A key strength of Airflow lies in its flexible scheduling model. Workflows can be triggered based 

on time, external events, or manual intervention. This flexibility allows pipelines to adapt to a wide 

range of business requirements. 

In practice, advanced scheduling capabilities such as backfilling enable the reprocessing of 

historical data, while concurrency controls ensure that system resources are utilized efficiently. By 

defining clear execution windows and controlling the number of active runs, engineers can strike 

a balance between performance and stability. 



 

Partitioning and Backfilling 

 

Schedule Interval Types 

Designing Production-Grade Pipelines 

The transition from a functional pipeline to a production-grade pipeline requires careful design. 

Tasks should be structured in a way that promotes modularity and clarity, where each task performs 

a single, well-defined responsibility. This approach simplifies debugging and enables parallel 

execution when possible. 

Data partitioning further enhances performance by limiting processing to relevant subsets of data. 

Whether partitioned by time, logical grouping, or size, this strategy reduces computational 

overhead and improves reliability in large-scale environments. 



Let’s look at a practical example. Here’s a sample Apache Airflow DAG that loads, processes and 

stores data: 

 

Sample DAG - Conceptual Diagram 

Data Quality & Reliability 

A pipeline that completes successfully but produces incorrect data is, in effect, a failure. For this 

reason, data quality must be embedded within the pipeline itself. 

Validation checks should ensure that data meets expected criteria in terms of completeness, 

accuracy, and consistency. These checks may involve reconciling record counts between systems, 

validating business rules, or enforcing schema constraints. In addition, Service Level Agreements 

(SLAs) introduce a temporal dimension to reliability by defining the expected completion time for 

tasks. When an SLA is breached, Airflow can trigger alerts, allowing teams to respond proactively 

before downstream systems are impacted. 

The following example demonstrates a daily pipeline that extracts data from S3, transforms it with 

Pandas, loads into PostgresSQL, and validates the result. It also defines an SLA, retries on failure 



and emits custom StatsD metrics. The dependency chain ensures tasks run in the correct order, 

while Airflow handles scheduling, state management and observability. 

 

DAG Snippet 

 



 

Related DAG - Conceptual Diagram 

Monitoring & Observability in Airflow 

Beyond correctness, production-grade pipelines require strong observability. Monitoring in 

Airflow operates on multiple levels, combining execution visibility with metric-driven insights. 

At the execution level, the Airflow user interface provides a clear view of DAG runs, task states, 

and failure points. This visual representation simplifies debugging and enhances operational 

awareness. 

At a deeper level, Airflow supports integration with metrics systems such as StatsD. Through this 

integration, pipelines can emit detailed metrics related to task duration, scheduling delays, and 

system throughput. These metrics can be aggregated and visualized in external monitoring 

platforms, enabling teams to track performance trends and detect anomalies. 



When combined with SLA monitoring, StatsD-based metrics create a comprehensive observability 

framework. This allows organizations not only to react to failures, but also to anticipate and 

prevent them through proactive monitoring. 

 

SLA Misses & StatsD Metrics 

SubDAGs: Managing Workflow Complexity 

As pipelines grow in complexity, organizing tasks into manageable structures becomes 

increasingly important. One approach provided by Airflow is the use of SubDAGs, which allow a 

group of related tasks to be encapsulated within a parent DAG. 

A SubDAG can be viewed as a modular workflow component that represents a logical unit of 

work. This approach is particularly useful when dealing with repetitive patterns or when a complex 

process needs to be abstracted into a reusable structure. By isolating related tasks within a 

SubDAG, engineers can improve readability and maintainability of the overall workflow. 

However, SubDAGs should be used thoughtfully. Since they introduce their own scheduling 

behavior, they can add overhead if not designed carefully. In modern Airflow practices, they are 

often complemented — or in some cases replaced — by lighter abstractions such as task grouping. 

Nevertheless, when applied appropriately, SubDAGs remain a valuable tool for structuring 

complex pipelines. 



 

 

SubDAG Approach 

Extending Apache Airflow 

One of Airflow’s defining strengths is its extensibility. Engineers can create custom operators to 

encapsulate recurring logic, thereby reducing duplication and standardizing workflows. Similarly, 

custom hooks enable integration with external systems that are not supported out of the box. 

This extensibility, combined with a rich open-source ecosystem, allows Airflow to adapt to a wide 

variety of data environments, from traditional data warehouses to modern cloud-native 

architectures. 

 



 

Custom Operator Approach 

 

Custom Hook Approach 

The Use Case: Bikeshare Analytics Pipeline 

In this scenario, we are processing two primary data streams: Trips (ride IDs, timestamps, bike 

types) and Stations (dock names, coordinates). The goal is to ingest these from AWS S3, load them 

into a Redshift Data Warehouse, and perform a final join to calculate “Location Traffic Analysis”. 

 



 

Use Case: Bikeshare Analytics Pipeline 

1. Implementation Without SubDAGs (The “Flat” Approach) 

In a standard implementation, every atomic step is visible in the top-level Airflow Graph View. 

The Workflow Logic: 

• Infrastructure Preparation: create_trips_table and create_stations_table 

(PostgresOperator). 

• Data Transport: load_trips_from_s3_to_redshift and load_stations_from_s3_to_redshift 

(S3ToRedshiftOperator). 

• Quality Gate: check_trips_data and check_stations_data (HasRowsOperator). 

• Aggregation: calculate_location_traffic (PostgresOperator). 

 

 

Bikeshare Analytics Pipeline - Without SubDAGs 

The Trade-off: 

• Pros: High visibility; you can see exactly where a failure occurs (e.g., if the trips load fails 

but stations succeed). 

• Cons: Visual “clutter.” As the number of tables grows (adding Weather, Repairs, etc.), the 

UI becomes difficult to navigate. 



2. Implementation With SubDAGs (The “Modular” Approach) 

To simplify the main DAG, we encapsulate the repetitive Load & Check logic into 

a SubDagOperator. This turns complex logic into a single "node" in the main UI. 

The Workflow Logic: 

• Main DAG: trips_subdag >> calculate_location_traffic << stations_subdag. 

• Inside the SubDAG: Each SubDAG contains the specific create_table, S3ToRedshift, 

and HasRows logic. 

 

Bikeshare Analytics Pipeline - With SubDAGs 

 

Bikeshare Analytics Pipeline — DAGs Tree Diagram 

 



 

Bikeshare Analytics Pipeline —SubDAGs Tree Diagram 

The Trade-off: 

• Pros: Clean UI; reusable code patterns. You can pass parameters (like table names) to the 

same SubDAG factory function. 

• Cons: The Visibility Trap. As noted in your ITI slides, SubDAGs hide the internal state 

of tasks. If the “Trips” SubDAG fails, you must “Zoom In” to find the specific error, adding 

operational overhead. 

3. Technical Comparison Table 

 

Comparison between With/Without SubDAGs 

Final Thoughts 

In modern data engineering, success is not defined by the ability to build pipelines, but by the 

ability to orchestrate them effectively. 

Apache Airflow provides the foundation for this orchestration, but its true power is realized only 

when combined with sound design principles, robust data quality practices, and comprehensive 

monitoring strategies. 



From practical experience, the most significant shift occurs when teams move from thinking about 

individual jobs to thinking about orchestrated systems. This shift is what ultimately enables 

scalable, trustworthy, and production-grade data platforms. 

 


