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preface


  We’ve both been fortunate to be data engineers in interesting and challenging times. For better or worse, many companies and organizations are realizing that data plays a key role in managing and improving their operations. Recent developments in machine learning and AI have opened a slew of new opportunities to capitalize on. However, adopting data-centric processes is often difficult, as it generally requires coordinating jobs across many different heterogeneous systems and tying everything together in a nice, timely fashion for the next analysis or product deployment.


  In 2014, engineers at Airbnb recognized the challenges of managing complex data workflows within the company. To address those challenges, they started developing Airflow: an open source solution that allowed them to write and schedule workflows and monitor workflow runs using the built-in web interface.


  The success of the Airflow project quickly led to its adoption under the Apache Software Foundation, first as an incubator project in 2016 and later as a top-level project in 2019. As a result, many large companies now rely on Airflow for orchestrating numerous critical data processes.


  Working as consultants at GoDataDriven, we’ve helped various clients adopt Airflow as a key component in projects involving the building of data lakes/platforms, machine learning models, and so on. In doing so, we realized that handing over these solutions can be challenging, as complex tools like Airflow can be difficult to learn overnight. For this reason, we also developed an Airflow training program at GoDataDriven, and have frequently organized and participated in meetings to share our knowledge, views, and even some open source packages. Combined, these efforts have helped us explore the intricacies of working with Airflow, which were not always easy to understand using the documentation available to us.


  In this book, we aim to provide a comprehensive introduction to Airflow that covers everything from building simple workflows to developing custom components and designing/managing Airflow deployments. We intend to complement many of the excellent blogs and other online documentation by bringing several topics together in one place, using a concise and easy-to-follow format. In doing so, we hope to kickstart your adventures with Airflow by building on top of the experience we’ve gained through diverse challenges over the past years.
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about this book


  Data Pipelines with Apache Airflow was written to help you implement data-oriented workflows (or pipelines) using Airflow. The book begins with the concepts and mechanics involved in programmatically building workflows for Apache Airflow using the Python programming language. Then the book switches to more in-depth topics such as extending Airflow by building your own custom components and comprehensively testing your workflows. The final part of the book focuses on designing and managing Airflow deployments, touching on topics such as security and designing architectures for several cloud platforms.


  
Who should read this book


  Data Pipelines with Apache Airflow is written both for scientists and engineers who are looking to develop basic workflows in Airflow, as well as engineers interested in more advanced topics such as building custom components for Airflow or managing Airflow deployments. As Airflow workflows and components are built in Python, we do expect readers to have intermediate experience with programming in Python (i.e., have a good working knowledge of building Python functions and classes, understanding concepts such as *args and **kwargs, etc.). Some experience with Docker is also beneficial, as most of our code examples are run using Docker (though they can also be run locally if you wish).


  
How this book is organized: A road map


  The book consists of four sections that cover a total of 18 chapters.


  Part 1 focuses on the basics of Airflow, explaining what Airflow is and outlining its basic concepts.


  
    	
      Chapter 1 discusses the concept of data workflows/pipelines and how these can be built using Apache Airflow. It also discusses the advantages and disadvantages of Airflow compared to other solutions, including in which situations you might not want to use Apache Airflow.

    


    	
      Chapter 2 goes into the basic structure of pipelines in Apache Airflow (also known as DAGs), explaining the different components involved and how these fit together.

    


    	
      Chapter 3 shows how you can use Airflow to schedule your pipelines to run at recurring time intervals so that you can (for example) build pipelines that incrementally load new data over time. The chapter also dives into some intricacies in Airflow’s scheduling mechanism, which is often a source of confusion.

    


    	
      Chapter 4 demonstrates how you can use templating mechanisms in Airflow to dynamically include variables in your pipeline definitions. This allows you to reference things such as schedule execution dates within your pipelines.

    


    	
      Chapter 5 demonstrates different approaches for defining relationships between tasks in your pipelines, allowing you to build more complex pipeline structures with branches, conditional tasks, and shared variables.

    

  


  Part 2 dives deeper into using more complex Airflow topics, including interfacing with external systems, building your own custom components, and designing tests for your pipelines.


  
    	
      Chapter 6 shows how you can trigger workflows in other ways that don’t involve fixed schedules, such as files being loaded or via an HTTP call.

    


    	
      Chapter 7 demonstrates workflows using operators that orchestrate various tasks outside Airflow, allowing you to develop a flow of events through systems that are not connected.

    


    	
      Chapter 8 explains how you can build custom components for Airflow that allow you to reuse functionality across pipelines or integrate with systems that are not supported by Airflow’s built-in functionality.

    


    	
      Chapter 9 discusses various options for testing Airflow workflows, touching on several properties of operators and how to approach these during testing.

    


    	
      Chapter 10 demonstrates how you can use container-based workflows to run pipeline tasks within Docker or Kubernetes and discusses the advantages and disadvantages of these container-based approaches.

    

  


  Part 3 focuses on applying Airflow in practice and touches on subjects such as best practices, running/securing Airflow, and a final demonstrative use case.


  
    	
      Chapter 11 highlights several best practices to use when building pipelines, which will help you to design and implement efficient and maintainable solutions.

    


    	
      Chapter 12 details several topics to account for when running Airflow in a production setting, such as architectures for scaling out, monitoring, logging, and alerting.

    


    	
      Chapter 13 discusses how to secure your Airflow installation to avoid unwanted access and to minimize the impact in the case a breach occurs.

    


    	
      Chapter 14 demonstrates an example Airflow project in which we periodically process rides from New York City’s Yellow Cab and Citi Bikes to determine the fastest means of transportation between neighborhoods.

    

  


  Part 4 explores how to run Airflow in several cloud platforms and includes topics such as designing Airflow deployments for the different clouds and how to use built-in operators to interface with different cloud services.


  
    	
      Chapter 15 provides a general introduction by outlining which Airflow components are involved in (cloud) deployments, introducing the idea behind cloud-specific components built into Airflow, and weighing the options of rolling out your own cloud deployment versus using a managed solution.

    


    	
      Chapter 16 focuses on Amazon’s AWS cloud platform, expanding on the previous chapter by designing deployment solutions for Airflow on AWS and demonstrating how specific components can be used to leverage AWS services.

    


    	
      Chapter 17 designs deployments and demonstrates cloud-specific components for Microsoft’s Azure platform.

    


    	
      Chapter 18 addresses deployments and cloud-specific components for Google’s GCP platform.

    

  


  People new to Airflow should read chapters 1 and 2 to get a good idea of what Airflow is and what it can do. Chapters 3–5 provide important information about Airflow’s key functionality. The rest of the book discusses topics such as building custom components, testing, best practices, and deployments and can be read out of order, based on the reader’s particular needs.


  
About the code


  All source code in listings or text is in a fixed-width font like this to separate it from ordinary text. Sometimes code is also in bold to highlight code that has changed from previous steps in the chapter, such as when a new feature adds to an existing line of code.


  In many cases, the original source code has been reformatted; we’ve added line breaks and reworked indentation to accommodate the available page space in the book. In rare cases, even this was not enough, and listings include line-continuation markers (➥). Additionally, comments in the source code have often been removed from the listings when the code is described in the text. Code annotations accompany many of the listings, highlighting important concepts.


  References to elements in the code, scripts, or specific Airflow classes/variables/values are often in italics to help distinguish them from the surrounding text.


  Source code for all examples and instructions to run them using Docker and Docker Compose are available in our GitHub repository (https://github.com/BasPH/data-pipelines-with-apache-airflow) and can be downloaded via the book’s website (www.manning.com/books/data-pipelines-with-apache-airflow).


  Note Appendix A provides more detailed instructions on running the code examples.


  All code samples have been tested with Airflow 2.0. Most examples should also run on older versions of Airflow (1.10), with small modifications. Where possible, we have included inline pointers on how to do so. To help you account for differences in import paths between Airflow 2.0 and 1.10, appendix B provides an overview of changed import paths between the two versions.


  
LiveBook discussion forum


  Purchase of Data Pipelines with Apache Airflow includes free access to a private web forum run by Manning Publications where you can make comments about the book, ask technical questions, and receive help from the author and other users. To access the forum and subscribe to it, go to https://livebook.manning.com/#!/book/data-pipelines-with-apache-airflow/discussion. This page provides information on how to get on the forum once you’re registered, what kind of help is available, and its rules of conduct.


  Manning’s commitment to our readers is to provide a venue where a meaningful dialogue between individual readers and between readers and the authors can take place. It is not a commitment to any specific amount of participation on the part of the authors, whose contribution to the forum remains voluntary (and unpaid). We suggest you try asking the authors some challenging questions lest their interest stray! The forum and the archives of previous discussions will be accessible from the publisher’s website as long as the book is in print.
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Part 1. Getting started

  


  This part of the book will set the stage for your journey into building pipelines for all kinds of wonderful data processes using Apache Airflow. The first two chapters are aimed at giving you an overview of what Airflow is and what it can do for you.


  First, in chapter 1, we’ll explore the concepts of data pipelines and sketch the role Apache Airflow plays in helping you implement these pipelines. To set expectations, we’ll also compare Airflow to several other technologies, and discuss when it might or might not be a good fit for your specific use case. Next, chapter 2 will teach you how to implement your first pipeline in Airflow. After building the pipeline, we’ll also examine how to run this pipeline and monitor its progress using Airflow’s web interface.


  Chapters 3–5 dive deeper into key concepts of Airflow to give you a solid understanding of Airflow’s underpinnings.


  Chapter 3 focuses on scheduling semantics, which allow you to configure Airflow to run your pipelines at regular intervals. This lets you (for example) write pipelines that load and process data efficiently on a daily, weekly, or monthly basis. Next, in chapter 4, we’ll discuss templating mechanisms in Airflow, which allow you to dynamically reference variables such as execution dates in your pipelines. Finally, in chapter 5, we’ll dive into different approaches for defining task dependencies in your pipelines, which allow you to define complex task hierarchies, including conditional tasks, branches, and so on.


  If you’re new to Airflow, we recommend making sure you understand the main concepts described in chapters 3–5, as these are key to using it effectively. Airflow’s scheduling semantics (described in chapter 3) can be especially confusing for new users, as they can be somewhat counterintuitive when first encountered.


  After finishing part 1, you should be well-equipped to write your own basic pipelines in Apache Airflow and be ready to dive into some more advanced topics in parts 2–4.


  
    
1 Meet Apache Airflow

  


  This chapter covers


  
    	
Showing how data pipelines can be represented in workflows as graphs of tasks


    	
Understanding how Airflow fits into the ecosystem of workflow managers


    	
Determining if Airflow is a good fit for you

  


  People and companies are continuously becoming more data-driven and are developing data pipelines as part of their daily business. Data volumes involved in these business processes have increased substantially over the years, from megabytes per day to gigabytes per minute. Though handling this data deluge may seem like a considerable challenge, these increasing data volumes can be managed with the appropriate tooling.


  This book focuses on Apache Airflow, a batch-oriented framework for building data pipelines. Airflow’s key feature is that it enables you to easily build scheduled data pipelines using a flexible Python framework, while also providing many building blocks that allow you to stitch together the many different technologies encountered in modern technological landscapes.


  Airflow is best thought of as a spider in a web: it sits in the middle of your data processes and coordinates work happening across the different (distributed) systems. As such, Airflow is not a data processing tool in itself but orchestrates the different components responsible for processing your data in data pipelines.


  In this chapter, we’ll first give you a short introduction to data pipelines in Apache Airflow. Afterward, we’ll discuss several considerations to keep in mind when evaluating whether Airflow is right for you and demonstrate how to make your first steps with Airflow.


  
1.1 Introducing data pipelines


  Data pipelines generally consist of several tasks or actions that need to be executed to achieve the desired result. For example, say we want to build a small weather dashboard that tells us what the weather will be like in the coming week (figure 1.1). To implement this live weather dashboard, we need to perform something like the following steps:


  
    	
      Fetch weather forecast data from a weather API.

    


    	
      Clean or otherwise transform the fetched data (e.g., converting temperatures from Fahrenheit to Celsius or vice versa), so that the data suits our purpose.

    


    	
      Push the transformed data to the weather dashboard.

    

  


  [image: ]


  Figure 1.1 Overview of the weather dashboard use case, in which weather data is fetched from an external API and fed into a dynamic dashboard


  As you can see, this relatively simple pipeline already consists of three different tasks that each perform part of the work. Moreover, these tasks need to be executed in a specific order, as it (for example) doesn’t make sense to try transforming the data before fetching it. Similarly, we can’t push any new data to the dashboard until it has undergone the required transformations. As such, we need to make sure that this implicit task order is also enforced when running this data process.


  
1.1.1 Data pipelines as graphs


  One way to make dependencies between tasks more explicit is to draw the data pipeline as a graph. In this graph-based representation, tasks are represented as nodes in the graph, while dependencies between tasks are represented by directed edges between the task nodes. The direction of the edge indicates the direction of the dependency, with an edge pointing from task A to task B, indicating that task A needs to be completed before task B can start. Note that this type of graph is generally called a directed graph, due to the directions in the graph edges.


  Applying this graph representation to our weather dashboard pipeline, we can see that the graph provides a relatively intuitive representation of the overall pipeline (figure 1.2). By just quickly glancing at the graph, we can see that our pipeline consists of three different tasks, each corresponding to one of the tasks outlined. Other than this, the direction of the edges clearly indicates the order in which the tasks need to be executed: we can simply follow the arrows to trace the execution.
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  Figure 1.2 Graph representation of the data pipeline for the weather dashboard. Nodes represent tasks and directed edges represent dependencies between tasks (with an edge pointing from task A to task B, indicating that task A needs to be run before task B).


  This type of graph is typically called a directed acyclic graph (DAG), as the graph contains directed edges and does not contain any loops or cycles (acyclic). This acyclic property is extremely important, as it prevents us from running into circular dependencies (figure 1.3) between tasks (where task A depends on task B and vice versa). These circular dependencies become problematic when trying to execute the graph, as we run into a situation where task 2 can only execute once task 3 has been completed, while task 3 can only execute once task 2 has been completed. This logical inconsistency leads to a deadlock type of situation, in which neither task 2 nor 3 can run, preventing us from executing the graph.
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  Figure 1.3 Cycles in graphs prevent task execution due to circular dependencies. In acyclic graphs (top), there is a clear path to execute the three different tasks. However, in cyclic graphs (bottom), there is no longer a clear execution path due to the interdependency between tasks 2 and 3.


  Note that this representation is different from cyclic graph representations, which can contain cycles to illustrate iterative parts of algorithms (for example), as are common in many machine learning applications. However, the acyclic property of DAGs is used by Airflow (and many other workflow managers) to efficiently resolve and execute these graphs of tasks.


  
1.1.2 Executing a pipeline graph


  A nice property of this DAG representation is that it provides a relatively straightforward algorithm that we can use for running the pipeline. Conceptually, this algorithm consists of the following steps:


  
    	
      For each open (= uncompleted) task in the graph, do the following:


      
        	
For each edge pointing toward the task, check if the “upstream” task on the other end of the edge has been completed.


        	
If all upstream tasks have been completed, add the task under consideration to a queue of tasks to be executed.

      

    


    	
      Execute the tasks in the execution queue, marking them completed once they finish performing their work.

    


    	
      Jump back to step 1 and repeat until all tasks in the graph have been completed.

    

  


  To see how this works, let’s trace through a small execution of our dashboard pipeline (figure 1.4). On our first loop through the steps of our algorithm, we see that the clean and push tasks still depend on upstream tasks that have not yet been completed. As such, the dependencies of these tasks have not been satisfied, so at this point they can’t be added to the execution queue. However, the fetch task does not have any incoming edges, meaning that it does not have any unsatisfied upstream dependencies and can therefore be added to the execution queue.
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  Figure 1.4 Using the DAG structure to execute tasks in the data pipeline in the correct order: depicts each task’s state during each of the loops through the algorithm, demonstrating how this leads to the completed execution of the pipeline (end state)


  After completing the fetch task, we can start the second loop by examining the dependencies of the clean and push tasks. Now we see that the clean task can be executed as its upstream dependency (the fetch task) has been completed. As such, we can add the task to the execution queue. The push task can’t be added to the queue, as it depends on the clean task, which we haven’t run yet.


  In the third loop, after completing the clean task, the push task is finally ready for execution as its upstream dependency on the clean task has now been satisfied. As a result, we can add the task to the execution queue. After the push task has finished executing, we have no more tasks left to execute, thus finishing the execution of the overall pipeline.


  
1.1.3 Pipeline graphs vs. sequential scripts


  Although the graph representation of a pipeline provides an intuitive overview of the tasks in the pipeline and their dependencies, you may find yourself wondering why we wouldn’t just use a simple script to run this linear chain of three steps. To illustrate some advantages of the graph-based approach, let’s jump to a slightly bigger example. In this new use case, we’ve been approached by the owner of an umbrella company, who was inspired by our weather dashboard and would like to try to use machine learning (ML) to increase the efficiency of their operation. To do so, the company owner would like us to implement a data pipeline that creates an ML model correlating umbrella sales with weather patterns. This model can then be used to predict how much demand there will be for the company’s umbrellas in the coming weeks, depending on the weather forecasts for those weeks (figure 1.5).
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  Figure 1.5 Overview of the umbrella demand use case, in which historical weather and sales data are used to train a model that predicts future sales demands depending on weather forecasts


  To build a pipeline for training the ML model, we need to implement something like the following steps:


  
    	
      Prepare the sales data by doing the following:


      
        	
Fetching the sales data from the source system


        	
Cleaning/transforming the sales data to fit requirements

      

    


    	
      Prepare the weather data by doing the following:


      
        	
Fetching the weather forecast data from an API


        	
Cleaning/transforming the weather data to fit requirements

      

    


    	
      Combine the sales and weather data sets to create the combined data set that can be used as input for creating a predictive ML model.

    


    	
      Train the ML model using the combined data set.

    


    	
      Deploy the ML model so that it can be used by the business.

    

  


  This pipeline can be represented using the same graph-based representation that we used before, by drawing tasks as nodes and data dependencies between tasks as edges.


  One important difference from our previous example is that the first steps of this pipeline (fetching and clearing the weather/sales data) are in fact independent of each other, as they involve two separate data sets. This is clearly illustrated by the two separate branches in the graph representation of the pipeline (figure 1.6), which can be executed in parallel if we apply our graph execution algorithm, making better use of available resources and potentially decreasing the running time of a pipeline compared to executing the tasks sequentially.
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  Figure 1.6 Independence between sales and weather tasks in the graph representation of the data pipeline for the umbrella demand forecast model. The two sets of fetch/cleaning tasks are independent as they involve two different data sets (the weather and sales data sets). This independence is indicated by the lack of edges between the two sets of tasks.


  Another useful property of the graph-based representation is that it clearly separates pipelines into small incremental tasks rather than having one monolithic script or process that does all the work. Although having a single monolithic script may not initially seem like that much of a problem, it can introduce some inefficiencies when tasks in the pipeline fail, as we would have to rerun the entire script. In contrast, in the graph representation, we need only to rerun any failing tasks (and any downstream dependencies).


  
1.1.4 Running pipeline using workflow managers


  Of course, the challenge of running graphs of dependent tasks is hardly a new problem in computing. Over the years, many so-called “workflow management” solutions have been developed to tackle this problem, which generally allow you to define and execute graphs of tasks as workflows or pipelines.


  Some well-known workflow managers you may have heard of include those listed in table 1.1.


  Table 1.1 Overview of several well-known workflow managers and their key characteristics.


  
    
      	
        Name

      

      	
        Originated at1

      

      	
        Workflows defined in

      

      	
        Written in

      

      	
        Scheduling

      

      	
        Backfilling

      

      	
        User interface2

      

      	
        Installation platform

      

      	
        Horizontally scalable

      
    


    
      	
        Airflow

      

      	
        Airbnb

      

      	
        Python

      

      	
        Python

      

      	
        Yes

      

      	
        Yes

      

      	
        Yes

      

      	
        Anywhere

      

      	
        Yes

      
    


    
      	
        Argo

      

      	
        Applatix

      

      	
        YAML

      

      	
        Go

      

      	
        Third party3

      

      	
         

      

      	
        Yes

      

      	
        Kubernetes

      

      	
        Yes

      
    


    
      	
        Azkaban

      

      	
        LinkedIn

      

      	
        YAML

      

      	
        Java

      

      	
        Yes

      

      	
        No

      

      	
        Yes

      

      	
        Anywhere

      

      	
         

      
    


    
      	
        Conductor

      

      	
        Netflix

      

      	
        JSON

      

      	
        Java

      

      	
        No

      

      	
         

      

      	
        Yes

      

      	
        Anywhere

      

      	
        Yes

      
    


    
      	
        Luigi

      

      	
        Spotify

      

      	
        Python

      

      	
        Python

      

      	
        No

      

      	
        Yes

      

      	
        Yes

      

      	
        Anywhere

      

      	
        Yes

      
    


    
      	
        Make

      

      	
         

      

      	
        Custom DSL

      

      	
        C

      

      	
        No

      

      	
        No

      

      	
        No

      

      	
        Anywhere

      

      	
        No

      
    


    
      	
        Metaflow

      

      	
        Netflix

      

      	
        Python

      

      	
        Python

      

      	
        No

      

      	
         

      

      	
        No

      

      	
        Anywhere

      

      	
        Yes

      
    


    
      	
        Nifi

      

      	
        NSA

      

      	
        UI

      

      	
        Java

      

      	
        Yes

      

      	
        No

      

      	
        Yes

      

      	
        Anywhere

      

      	
        Yes

      
    


    
      	
        Oozie

      

      	
         

      

      	
        XML

      

      	
        Java

      

      	
        Yes

      

      	
        Yes

      

      	
        Yes

      

      	
        Hadoop

      

      	
        Yes

      
    

  


  Although each of these workflow managers has its own strengths and weaknesses, they all provide similar core functionality that allows you to define and run pipelines containing multiple tasks with dependencies.


  One of the key differences between these tools is how they define their workflows. For example, tools such as Oozie use static (XML) files to define workflows, which provides legible workflows but limited flexibility. Other solutions such as Luigi and Airflow allow you to define workflows as code, which provides greater flexibility but can be more challenging to read and test (depending on the coding skills of the person implementing the workflow).


  Other key differences lie in the extent of features provided by the workflow manager. For example, tools such as Make and Luigi do not provide built-in support for scheduling workflows, meaning that you’ll need an extra tool like Cron if you want to run your workflow on a recurring schedule. Other tools may provide extra functionality such as scheduling, monitoring, user-friendly web interfaces, and so on built into the platform, meaning that you don’t have to stitch together multiple tools yourself to get these features.


  All in all, picking the right workflow management solution for your needs will require some careful consideration of the key features of the different solutions and how they fit your requirements. In the next section, we’ll dive into Airflow—the focus of this book—and explore several key features that make it particularly suited for handling data-oriented workflows or pipelines.


  
1.2 Introducing Airflow


  In this book, we focus on Airflow, an open source solution for developing and monitoring workflows. In this section, we’ll provide a helicopter view of what Airflow does, after which we’ll jump into a more detailed examination of whether it is a good fit for your use case.


  
1.2.1 Defining pipelines flexibly in (Python) code


  Similar to other workflow managers, Airflow allows you to define pipelines or workflows as DAGs of tasks. These graphs are very similar to the examples sketched in the previous section, with tasks being defined as nodes in the graph and dependencies as directed edges between the tasks.


  In Airflow, you define your DAGs using Python code in DAG files, which are essentially Python scripts that describe the structure of the corresponding DAG. As such, each DAG file typically describes the set of tasks for a given DAG and the dependencies between the tasks, which are then parsed by Airflow to identify the DAG structure (figure 1.7). Other than this, DAG files typically contain some additional metadata about the DAG telling Airflow how and when it should be executed, and so on. We’ll dive into this scheduling more in the next section.
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  Figure 1.7 Airflow pipelines are defined as DAGs using Python code in DAG files. Each DAG file typically defines one DAG, which describes the different tasks and their dependencies. Besides this, the DAG also defines a schedule interval that determines when the DAG is executed by Airflow.


  One advantage of defining Airflow DAGs in Python code is that this programmatic approach provides you with a lot of flexibility for building DAGs. For example, as we will see later in this book, you can use Python code to dynamically generate optional tasks depending on certain conditions or even generate entire DAGs based on external metadata or configuration files. This flexibility gives a great deal of customization in how you build your pipelines, allowing you to fit Airflow to your needs for building arbitrarily complex pipelines.


  In addition to this flexibility, another advantage of Airflow’s Python foundation is that tasks can execute any operation that you can implement in Python. Over time, this has led to the development of many Airflow extensions that enable you to execute tasks across a wide variety of systems, including external databases, big data technologies, and various cloud services, allowing you to build complex data pipelines bringing together data processes across many different systems.


  
1.2.2 Scheduling and executing pipelines


  Once you’ve defined the structure of your pipeline(s) as DAG(s), Airflow allows you to define a schedule interval for each DAG, which determines exactly when your pipeline is run by Airflow. This way, you can tell Airflow to execute your DAG every hour, every day, every week, and so on, or even use more complicated schedule intervals based on Cron-like expressions.


  To see how Airflow executes your DAGs, let’s briefly look at the overall process involved in developing and running Airflow DAGs. At a high level, Airflow is organized into three main components (figure 1.8):


  
    	
      The Airflow scheduler —Parses DAGs, checks their schedule interval, and (if the DAGs’ schedule has passed) starts scheduling the DAGs’ tasks for execution by passing them to the Airflow workers.

    


    	
      The Airflow workers —Pick up tasks that are scheduled for execution and execute them. As such, the workers are responsible for actually “doing the work.”

    


    	
      The Airflow webserver —Visualizes the DAGs parsed by the scheduler and provides the main interface for users to monitor DAG runs and their results.
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  Figure 1.8 Overview of the main components involved in Airflow (e.g., the Airflow webserver, scheduler, and workers)


  The heart of Airflow is arguably the scheduler, as this is where most of the magic happens that determines when and how your pipelines are executed. At a high level, the scheduler runs through the following steps (figure 1.9):


  
    	
      Once users have written their workflows as DAGs, the files containing these DAGs are read by the scheduler to extract the corresponding tasks, dependencies, and schedule interval of each DAG.

    


    	
      For each DAG, the scheduler then checks whether the schedule interval for the DAG has passed since the last time it was read. If so, the tasks in the DAG are scheduled for execution.

    


    	
      For each scheduled task, the scheduler then checks whether the dependencies (= upstream tasks) of the task have been completed. If so, the task is added to the execution queue.

    


    	
      The scheduler waits for several moments before starting a new loop by jumping back to step 1.
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  Figure 1.9 Schematic overview of the process involved in developing and executing pipelines as DAGs using Airflow


  The astute reader might have noticed that the steps followed by the scheduler are, in fact, very similar to the algorithm introduced in section 1.1. This is not by accident, as Airflow is essentially following the same steps, adding some extra logic on top to handle its scheduling logic.


  Once tasks have been queued for execution, they are picked up by a pool of Airflow workers that execute tasks in parallel and track their results. These results are communicated to Airflow’s metastore so that users can track the progress of tasks and view their logs using the Airflow web interface (provided by the Airflow webserver).


  
1.2.3 Monitoring and handling failures


  In addition to scheduling and executing DAGs, Airflow also provides an extensive web interface that can be used for viewing DAGs and monitoring the results of DAG runs. After you log in (figure 1.10), the main page provides an extensive overview of the different DAGs with summary views of their recent results (figure 1.11).
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  Figure 1.10 The login page for the Airflow web interface. In the code examples accompanying this book, a default user “admin” is provided with the password “admin.”


  [image: ]


  Figure 1.11 The main page of Airflow’s web interface, showing an overview of the available DAGs and their recent results


  For example, the graph view of an individual DAG provides a clear overview of the DAG’s tasks and dependencies (figure 1.12), similar to the schematic overviews we’ve been drawing in this chapter. This view is particularly useful for viewing the structure of a DAG (providing detailed insight into dependencies between tasks), and for viewing the results of individual DAG runs.
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  Figure 1.12 The graph view in Airflow’s web interface, showing an overview of the tasks in an individual DAG and the dependencies between these tasks


  Besides this graph view, Airflow also provides a detailed tree view that shows all running and historical runs for the corresponding DAG (figure 1.13). This is arguably the most powerful view provided by the web interface, as it gives you a quick overview of how a DAG has performed over time and allows you to dig into failing tasks to see what went wrong.
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  Figure 1.13 Airflow’s tree view, showing the results of multiple runs of the umbrella sales model DAG (most recent + historical runs). The columns show the status of one execution of the DAG and the rows show the status of all executions of a single task. Colors (which you can see in the e-book version) indicate the result of the corresponding task. Users can also click on the task “squares” for more details about a given task instance, or to reset the state of a task so that it can be rerun by Airflow, if desired.


  By default, Airflow can handle failures in tasks by retrying them a couple of times (optionally with some wait time in between), which can help tasks recover from any intermittent failures. If retries don’t help, Airflow will record the task as being failed, optionally notifying you about the failure if configured to do so. Debugging task failures is pretty straightforward, as the tree view allows you to see which tasks failed and dig into their logs. The same view also enables you to clear the results of individual tasks to rerun them (together with any tasks that depend on that task), allowing you to easily rerun any tasks after you make changes to their code.


  
1.2.4 Incremental loading and backfilling


  One powerful feature of Airflow’s scheduling semantics is that the schedule intervals not only trigger DAGs at specific time points (similar to, for example, Cron), but also provide details about the last and (expected) next schedule intervals. This essentially allows you to divide time into discrete intervals (e.g., every day, week, etc.), and run your DAG for each of these intervals.4


  This property of Airflow’s schedule intervals is invaluable for implementing efficient data pipelines, as it allows you to build incremental data pipelines. In these incremental pipelines, each DAG run processes only data for the corresponding time slot (the data’s delta) instead of having to reprocess the entire data set every time. Especially for larger data sets, this can provide significant time and cost benefits by avoiding expensive recomputation of existing results.


  Schedule intervals become even more powerful when combined with the concept of backfilling, which allows you to execute a new DAG for historical schedule intervals that occurred in the past. This feature allows you to easily create (or backfill ) new data sets with historical data simply by running your DAG for these past schedule intervals. Moreover, by clearing the results of past runs, you can also use this Airflow feature to easily rerun any historical tasks if you make changes to your task code, allowing you to easily reprocess an entire data set when needed.


  
1.3 When to use Airflow


  After this brief introduction to Airflow, we hope you’re sufficiently enthusiastic about getting to know Airflow and learning more about its key features. However, before going any further, we’ll first explore several reasons you might want to choose to work with Airflow (as well as several reasons you might not), to ensure that Airflow is indeed the best fit for you.


  
1.3.1 Reasons to choose Airflow


  In the past sections, we’ve already described several key features that make Airflow ideal for implementing batch-oriented data pipelines. In summary, these include the following:


  
    	
      The ability to implement pipelines using Python code allows you to create arbitrarily complex pipelines using anything you can dream up in Python.

    


    	
      The Python foundation of Airflow makes it easy to extend and add integrations with many different systems. In fact, the Airflow community has already developed a rich collection of extensions that allow Airflow to integrate with many different types of databases, cloud services, and so on.

    


    	
      Rich scheduling semantics allow you to run your pipelines at regular intervals and build efficient pipelines that use incremental processing to avoid expensive recomputation of existing results.

    


    	
      Features such as backfilling enable you to easily (re)process historical data, allowing you to recompute any derived data sets after making changes to your code.

    


    	
      Airflow’s rich web interface provides an easy view for monitoring the results of your pipeline runs and debugging any failures that may have occurred.

    

  


  An additional advantage of Airflow is that it is open source, which guarantees that you can build your work on Airflow without getting stuck with any vendor lock-in. Managed Airflow solutions are also available from several companies (should you desire some technical support), giving you a lot of flexibility in how you run and manage your Airflow installation.


  
1.3.2 Reasons not to choose Airflow


  Although Airflow has many rich features, several of Airflow’s design choices may make it less suitable for certain cases. For example, some use cases that are not a good fit for Airflow include the following:


  
    	
      Handling streaming pipelines, as Airflow is primarily designed to run recurring or batch-oriented tasks, rather than streaming workloads.

    


    	
      Implementing highly dynamic pipelines, in which tasks are added/removed between every pipeline run. Although Airflow can implement this kind of dynamic behavior, the web interface will only show tasks that are still defined in the most recent version of the DAG. As such, Airflow favors pipelines that do not change in structure every time they run.

    


    	
      Teams with little or no (Python) programming experience, as implementing DAGs in Python can be daunting with little Python experience. In such teams, using a workflow manager with a graphical interface (such as Azure Data Factory) or a static workflow definition may make more sense.

    


    	
      Similarly, Python code in DAGs can quickly become complex for larger use cases. As such, implementing and maintaining Airflow DAGs require proper engineering rigor to keep things maintainable in the long run.

    

  


  Also, Airflow is primarily a workflow/pipeline management platform and does not (currently) include more extensive features such as maintaining data lineages, data versioning, and so on. Should you require these features, you’ll probably need to look at combining Airflow with other specialized tools that provide those capabilities.


  
1.4 The rest of this book


  By now you should (hopefully) have a good idea of what Airflow is and how its features can help you implement and run data pipelines. In the remainder of this book, we’ll begin by introducing the basic components of Airflow that you need to be familiar with to start building your own data pipelines. These first few chapters should be broadly applicable and appeal to a wide audience. For these chapters, we expect you to have intermediate experience with programming in Python (~one year of experience), meaning that you should be familiar with basic concepts such as string formatting, comprehensions, args/kwargs, and so on. You should also be familiar with the basics of the Linux terminal and have a basic working knowledge of databases (including SQL) and different data formats.


  After this introduction, we’ll dive deeper into more advanced features of Airflow such as generating dynamic DAGs, implementing your own operators, running containerized tasks, and so on. These chapters will require some more understanding of the involved technologies, including writing your own Python classes, basic Docker concepts, file formats, and data partitioning. We expect this second part to be of special interest to the data engineers in the audience.


  Finally, several chapters toward the end of the book focus on topics surrounding the deployment of Airflow, including deployment patterns, monitoring, security, and cloud architectures. We expect these chapters to be of special interest for people interested in rolling out and managing Airflow deployments, such as system administrators and DevOps engineers.


  
Summary



  
    	
      Data pipelines can be represented as DAGs, which clearly define tasks and their dependencies. These graphs can be executed efficiently, taking advantage of any parallelism inherent in the dependency structure.

    


    	
      Although many workflow managers have been developed over the years for executing graphs of tasks, Airflow has several key features that makes it uniquely suited for implementing efficient, batch-oriented data pipelines.

    


    	
      Airflow consists of three core components: the webserver, the scheduler, and the worker processes, which work together to schedule tasks from your data pipelines and help you monitor their results.

    

  

  


  1. Some tools were originally created by (ex-)employees of a company; however, all tools are open sourced and not represented by one single company.


  2. The quality and features of user interfaces vary widely.


  3. https://github.com/bitphy/argo-cron.


  4.If this sounds a bit abstract to you now, don’t worry, as we provide more detail on these concepts later in the book.


  
    
2 Anatomy of an Airflow DAG

  


  This chapter covers


  
    	
Running Airflow on your own machine


    	
Writing and running your first workflow


    	
Examining the first view at the Airflow interface


    	
Handling failed tasks in Airflow

  


  In the previous chapter, we learned why working with data and the many tools in the data landscape is not easy. In this chapter, we get started with Airflow and check out an example workflow that uses basic building blocks found in many workflows.


  It helps to have some Python experience when starting with Airflow since workflows are defined in Python code. The gap in learning the basics of Airflow is not that big. Generally, getting the basic structure of an Airflow workflow up and running is easy. Let’s dig into a use case of a rocket enthusiast to see how Airflow might help him.


  
2.1 Collecting data from numerous sources


  Rockets are one of humanity’s engineering marvels, and every rocket launch attracts attention all around the world. In this chapter, we cover the life of a rocket enthusiast named John who tracks and follows every single rocket launch. The news about rocket launches is found in many news sources that John keeps track of, and, ideally, John would like to have all his rocket news aggregated in a single location. John recently picked up programming and would like to have some sort of automated way to collect information of all rocket launches and eventually some sort of personal insight into the latest rocket news. To start small, John decided to first collect images of rockets.


  
2.1.1 Exploring the data


  For the data, we make use of the Launch Library 2 (https://thespacedevs.com/llapi), an online repository of data about both historical and future rocket launches from various sources. It is a free and open API for anybody on the planet (subject to rate limits).


  John is currently only interested in upcoming rocket launches. Luckily, the Launch Library provides exactly the data he is looking for (https://ll.thespacedevs.com/2.0.0/ launch/upcoming). It provides data about upcoming rocket launches, together with URLs of where to find images of the respective rockets. Here’s a snippet of the data this URL returns.


  Listing 2.1 Example curl request and response to the Launch Library API

  $ curl -L "https://ll.thespacedevs.com/2.0.0/launch/upcoming"               ❶
 
{                                                                           ❷
 ...
 "results": [                                                               ❸
   {                                                                        ❹
     "id": "528b72ff-e47e-46a3-b7ad-23b2ffcec2f2",
     "url": "https://.../528b72ff-e47e-46a3-b7ad-23b2ffcec2f2/",
     "launch_library_id": 2103,                                             ❺
     "name": "Falcon 9 Block 5 | NROL-108",                                 ❺
     "net": "2020-12-19T14:00:00Z",                                         ❺
     "window_end": "2020-12-19T17:00:00Z",                                  ❺
     "window_start": "2020-12-19T14:00:00Z",                                ❺
     ➥ "image":
     "https://spacelaunchnow-prod-east.nyc3.digitaloceanspaces.com/
      media/launch_images/falcon2520925_image_20201217060406.jpeg",         ❻
     "infographic": ".../falcon2520925_infographic_20201217162942.png",
     ...
   },
   {
     "id": "57c418cc-97ae-4d8e-b806-bb0e0345217f",
     "url": "https://.../57c418cc-97ae-4d8e-b806-bb0e0345217f/",
     "launch_library_id": null,
     "name": "Long March 8  | XJY-7 & others",
     "net": "2020-12-22T04:29:00Z",
     "window_end": "2020-12-22T05:03:00Z",
     "window_start": "2020-12-22T04:29:00Z",
     "image": "https://.../long2520march_image_20201216110501.jpeg",
     "infographic": null,
     ...
   },
   ...
 ]
}


   ❶ Inspect the URL response with curl from the command line.


   ❷ The response is a JSON document, as you can see by the structure.


   ❸ The square brackets indicate a list.


   ❹ All values within these curly braces refer to one single rocket launch.


   ❺ Here we see information such as rocket ID and start and end time of the rocket launch window.


   ❻ A URL to an image of the launching rocket


  As you can see, the data is in JSON format and provides rocket launch information, and for every launch, there’s information about the specific rocket, such as ID, name, and the image URL. This is exactly what John needs, and he initially draws the plan in figure 2.1 to collect the images of upcoming rocket launches (e.g., to point his screensaver to the directory holding these images):


  [image: ]


  Figure 2.1 John’s mental model of downloading rocket pictures


  Based on the example in figure 2.1, we can see that, at the end of the day, John’s goal is to have a directory filled with rocket images, such as the image in figure 2.2 of the Ariane 5 ECA rocket.


  [image: ]


  Figure 2.2 Example image of the Ariane 5 ECA rocket


  
2.2 Writing your first Airflow DAG


  John’s use case is nicely scoped, so let’s check out how to program his plan. It’s only a few steps and, in theory, with some Bash-fu, you could work it out in a one-liner. So why would we need a system like Airflow for this job?


  The nice thing about Airflow is that we can split a large job, which consists of one or more steps, into individual “tasks” that together form a DAG. Multiple tasks can be run in parallel, and tasks can run different technologies. For example, we could first run a Bash script and next run a Python script. We broke down John’s mental model of his workflow into three logical tasks in Airflow in figure 2.3.


  [image: ]


  Figure 2.3 John’s mental model mapped to tasks in Airflow


  Why these three tasks, you might ask? Why not download the launches and corresponding pictures in one single task? Or why not split them into five tasks? After all, we have five arrows in John’s plan. These are all valid questions to ask while developing a workflow, but the truth is, there’s no right or wrong answer. There are several points to take into consideration, though, and throughout this book we work out many of these use cases to get a feeling for what is right and wrong. The code for this workflow is as follows.


  Listing 2.2 DAG for downloading and processing rocket launch data

  import json
import pathlib
 
import airflow
import requests
import requests.exceptions as requests_exceptions
from airflow import DAG
from airflow.operators.bash import BashOperator
from airflow.operators.python import PythonOperator
 
dag = DAG(                                                     ❶
   dag_id="download_rocket_launches",                          ❷
   start_date=airflow.utils.dates.days_ago(14),                ❸
   schedule_interval=None,                                     ❹
)
 
download_launches = BashOperator(                              ❺
   task_id="download_launches",                                ❻
   bash_command="curl -o /tmp/launches.json -L 'https://ll.thespacedevs.com/2.0.0/launch/upcoming'",
   dag=dag,
)
 
 
def _get_pictures():                                           ❼
   # Ensure directory exists
   pathlib.Path("/tmp/images").mkdir(parents=True, exist_ok=True)
 
   # Download all pictures in launches.json
   with open("/tmp/launches.json") as f:
       launches = json.load(f)
       image_urls = [launch["image"] for launch in launches["results"]]
       for image_url in image_urls:
           try:
               response = requests.get(image_url)
               image_filename = image_url.split("/")[-1]
               target_file = f"/tmp/images/{image_filename}"
               with open(target_file, "wb") as f:
                   f.write(response.content)
               print(f"Downloaded {image_url} to {target_file}")
           except requests_exceptions.MissingSchema:
               print(f"{image_url} appears to be an invalid URL.")
           except requests_exceptions.ConnectionError:
               print(f"Could not connect to {image_url}.")
 
 
get_pictures = PythonOperator(                                ❽
   task_id="get_pictures",
   python_callable=_get_pictures,                             ❽
   dag=dag,
)
 
notify = BashOperator(
   task_id="notify",
   bash_command='echo "There are now $(ls /tmp/images/ | wc -l) images."',
   dag=dag,
)
 
download_launches >> get_pictures >> notify                   ❾


   ❶ Instantiate a DAG object; this is the starting point of any workflow.


   ❷ The name of the DAG


   ❸ The date at which the DAG should first start running


   ❹ At what interval the DAG should run


   ❺ Apply Bash to download the URL response with curl.


   ❻ The name of the task


   ❼ A Python function will parse the response and download all rocket pictures.


   ❽ Call the Python function in the DAG with a PythonOperator.


   ❾ Set the order of execution of tasks.


  Let’s break down the workflow. The DAG is the starting point of any workflow. All tasks within the workflow reference this DAG object so that Airflow knows which tasks belong to which DAG.


  Listing 2.3 Instantiating a DAG object

  dag = DAG(                                          ❶
   dag_id="download_rocket_launches",               ❷
   start_date=airflow.utils.dates.days_ago(14),     ❸
   schedule_interval=None,
)


   ❶ The DAG class takes two required arguments.


   ❷ The name of the DAG displayed in the Airflow user interface (UI)


   ❸ The datetime at which the workflow should first start running


  Note the (lowercase) dag is the name assigned to the instance of the (uppercase) DAG class. The instance name could have any name; you can name it rocket_dag or whatever_name_you_like. We will reference the variable (lowercase dag) in all operators, which tells Airflow which DAG the operator belongs to.


  Also note we set schedule_interval to None. This means the DAG will not run automatically. For now, you can trigger it manually from the Airflow UI. We will get to scheduling in section 2.4.


  Next, an Airflow workflow script consists of one or more operators, which perform the actual work. In listing 2.4, we apply the BashOperator to run a Bash command.


  Listing 2.4 Instantiating a BashOperator to run a Bash command

  download_launches = BashOperator(
   task_id="download_launches",                           ❶
   bash_command="curl -o /tmp/launches.json 'https://     ❷
ll.thespacedevs.com/2.0.0/launch/upcoming'",              ❷
   dag=dag,                                               ❸
)


   ❶ The name of the task


   ❷ The Bash command to execute


   ❸ Reference to the DAG variable


  Each operator performs a single unit of work, and multiple operators together form a workflow or DAG in Airflow. Operators run independently of each other, although you can define the order of execution, which we call dependencies in Airflow. After all, John’s workflow wouldn’t be useful if you first tried downloading pictures while there is no data about the location of the pictures. To make sure the tasks run in the correct order, we can set dependencies between tasks.


  Listing 2.5 Defining the order of task execution

  download_launches >> get_pictures >> notify        ❶


   ❶ Arrows set the order of execution of tasks.


  In Airflow, we can use the binary right shift operator (i.e., “rshift” [>>]) to define dependencies between tasks. This ensures the get_pictures task runs only after download _launches has completed successfully, and the notify task runs only after get_pictures has completed successfully.


  NOTE In Python, the rshift operator (>>) is used to shift bits, which is a common operation in, for example, cryptography libraries. In Airflow, there is no use case for bit shifting, and the rshift operator was overridden to provide a readable way to define dependencies between tasks.


  
2.2.1 Tasks vs. operators


  You might wonder what the difference is between tasks and operators. After all, they both execute a bit of code. In Airflow, operators have a single piece of responsibility: they exist to perform one single piece of work. Some operators perform generic work, such as the BashOperator (used to run a Bash script) or the PythonOperator (used to run a Python function); others have more specific use cases, such as the EmailOperator (used to send an email) or the SimpleHTTPOperator (used to call an HTTP endpoint). Either way, they perform a single piece of work.


  The role of a DAG is to orchestrate the execution of a collection of operators. That includes the starting and stopping of operators, starting consecutive tasks once an operator is done, ensuring dependencies between operators are met, and so on.


  In this context and throughout the Airflow documentation, we see the terms operator and task used interchangeably. From a user’s perspective, they refer to the same thing, and the two often substitute each other in discussions. Operators provide the implementation of a piece of work. Airflow has a class called BaseOperator and many subclasses inheriting from the BaseOperator, such as PythonOperator, EmailOperator, and OracleOperator.


  There is a difference, though. Tasks in Airflow manage the execution of an operator; they can be thought of as a small wrapper or manager around an operator that ensures the operator executes correctly. The user can focus on the work to be done by using operators, while Airflow ensures correct execution of the work via tasks (figure 2.4).


  [image: ]


  Figure 2.4 DAGs and operators are used by Airflow users. Tasks are internal components to manage operator state and display state changes (e.g., started/finished) to the user.


  
2.2.2 Running arbitrary Python code


  Fetching the data for the next rocket launches was a single curl command in Bash, which is easily executed with the BashOperator. However, parsing the JSON result, selecting the image URLs from it, and downloading the respective images require a bit more effort. Although all this is still possible in a Bash one-liner, it’s often easier and more readable with a few lines of Python or any other language of your choice. Since Airflow code is defined in Python, it’s convenient to keep both the workflow and execution logic in the same script. For downloading the rocket pictures, we implemented listing 2.6.


  Listing 2.6 Running a Python function using the PythonOperator

  def _get_pictures():                                                    ❶
   # Ensure directory exists
   pathlib.Path("/tmp/images").mkdir(parents=True, exist_ok=True)       ❷
 
   # Download all pictures in launches.json
   with open("/tmp/launches.json") as f:                                ❸
       launches = json.load(f)
       image_urls = [launch["image"] for launch in launches["results"]]
       for image_url in image_urls:
           try:
               response = requests.get(image_url)                       ❹
               image_filename = image_url.split("/")[-1]
               target_file = f"/tmp/images/{image_filename}"
               with open(target_file, "wb") as f:
                   f.write(response.content)                            ❺
               print(f"Downloaded {image_url} to {target_file}")        ❻
           except requests_exceptions.MissingSchema:
               print(f"{image_url} appears to be an invalid URL.")
           except requests_exceptions.ConnectionError:
               print(f"Could not connect to {image_url}.")
 
 
get_pictures = PythonOperator(                                          ❼
   task_id="get_pictures",
   python_callable=_get_pictures,                                       ❽
   dag=dag,
)


   ❶ Python function to call


   ❷ Create pictures directory if it doesn’t exist.


   ❸ Open the result from the previous task.


   ❹ Download each image.


   ❺ Store each image.


   ❻ Print to stdout; this will be captured in Airflow logs.


   ❼ Instantiate a PythonOperator to call the Python function.


   ❽ Point to the Python function to execute.


  The PythonOperator in Airflow is responsible for running any Python code. Just like the BashOperator used before, this and all other operators require a task_id. The task_id is referenced when running a task and displayed in the UI. The use of a PythonOperator is always twofold:


  
    	
      We define the operator itself (get_pictures).

    


    	
      The python_callable argument points to a callable, typically a function (_get_pictures).

    

  


  When running the operator, the Python function is called and will execute the function. Let’s break it down. The basic usage of the PythonOperator always looks like figure 2.5.


  [image: ]


  Figure 2.5 The python_callable argument in the PythonOperator points to a function to execute.


  Although not required, for convenience we keep the variable name get_pictures equal to the task_id.


  Listing 2.7 Ensures that the output directory exists and creates it if it doesn’t

  # Ensure directory exists
pathlib.Path("/tmp/images").mkdir(parents=True, exist_ok=True)


  The first step in the callable is to ensure the directory in which the images will be stored exists, as shown in listing 2.7. Next, we open the result downloaded from the Launch Library API and extract the image URLs for every launch.


  Listing 2.8 Extracts image URLs for every rocket launch

  with open("/tmp/launches.json") as f:                                  ❶
    launches = json.load(f)                                            ❷
    image_urls = [launch["image"] for launch in launches["results"]]   ❸


   ❶ Open the rocket launches’ JSON.


   ❷ Read as a dict so we can mingle the data.


   ❸ For every launch, fetch the element “image”.


  Each image URL is called to download the image and save it in /tmp/images.


  Listing 2.9 Downloads all images from the retrieved image URLs

  for image_url in image_urls:                                 ❶
   try:
       response = requests.get(image_url)                    ❷
       image_filename = image_url.split("/")[-1]             ❸
       target_file = f"/tmp/images/{image_filename}"         ❹
       with open(target_file, "wb") as f:                    ❺
           f.write(response.content)                         ❻
       print(f"Downloaded {image_url} to {target_file}")     ❼
   except requests_exceptions.MissingSchema:                 ❽
       print(f"{image_url} appears to be an invalid URL.")   ❽
   except requests_exceptions.ConnectionError:               ❽
       print(f"Could not connect to {image_url}.")           ❽


   ❶ Loop over all image URLs.


   ❷ Get the image.


   ❸ Get only the filename by selecting everything after the last. For example, https://host/RocketImages/Electron.jpg_1440.jpg ® Electron.jpg_1440.jpg.


   ❹ Construct the target file path.


   ❺ Open target file handle.


   ❻ Write image to file path.


   ❼ Print result.


   ❽ Catch and process potential errors.


  
2.3 Running a DAG in Airflow


  Now that we have our basic rocket launch DAG, let’s get it up and running and view it in the Airflow UI. The bare minimum Airflow consists of three core components: a scheduler, a webserver, and a database. In order to get Airflow up and running, you can either install Airflow in your Python environment or run a Docker container.


  
2.3.1 Running Airflow in a Python environment


  There are several steps to installing and running Airflow as a Python package from PyPi:

  pip install apache-airflow


  Make sure you install apache-airflow and not just airflow. After joining the Apache Foundation in 2016, the PyPi airflow repository was renamed to apache-airflow. Since many people were still installing airflow instead of removing the old repository, it was kept as a dummy to provide everybody a message pointing to the correct repository.


  Some operating systems come with a Python installation. Running just pip install apache-airflow will install Airflow in this “system” environment. When working on Python projects, it is desirable to keep each project in its own Python environment to create a reproducible set of Python packages and avoid dependency clashes. Such environments are created with tools such as these:


  
    	
      pyenv: https://github.com/pyenv/pyenv

    


    	
      Conda: https://docs.conda.io

    


    	
      virtualenv: https://virtualenv.pypa.io

    

  


  After installing Airflow, start it by initializing the metastore (a database in which all Airflow state is stored), creating a user, copying the rocket launch DAG into the DAGs directory, and starting the scheduler and webserver:


  
    	
      airflow db init

    


    	
      airflow users create --username admin --password admin --firstname Anonymous --lastname Admin --role Admin --email admin@example.org

    


    	
      cp download_rocket_launches.py ~/airflow/dags/
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