
 

 

UNIT IV    BASICS OF HADOOP       

Data format – analyzing data with Hadoop – scaling out – Hadoop streaming – Hadoop 

pipes – design of Hadoop distributed file system (HDFS) – HDFS concepts – Java interface – data 

flow – Hadoop I/O – data integrity – compression – serialization – Avro – file-based data structures 

- Cassandra – Hadoop integration.  

 

Introduction to Hadoop 
Performing computation on large volumes of data has been done before, usually in a 

distributed setting. What makes Hadoop unique is its simplified programming model which allows 

the user to quickly write and test distributed systems, and its efficient, automatic distribution of 

data and work across machines and in turn utilizing the underlying parallelism of the CPU cores. 

 

  In a Hadoop cluster, data is distributed to all the nodes of the cluster as it is being loaded 

in. The Hadoop Distributed File System (HDFS) will split large data files into chunks which are 

managed by different nodes in the cluster. In addition to this each chunk is replicated across several 

machines, so that a single machine failure does not result in any data being unavailable. An active 

monitoring system then re-replicates the data in response to system failures which can result in 

partial storage. Even though the file chunks are replicated and distributed across several machines, 

they form a single namespace, so their contents are universally accessible. 

 

                                    
 

MAPREDUCE in Hadoop 

Hadoop limits the amount of communication which can be performed by the processes, as 

each individual record is processed by a task in isolation from one another. While this sounds like 

a major limitation at first, it makes the whole framework much more reliable. Hadoop will not run 

just any program and distribute it across a cluster. Programs must be written to conform to a 

particular programming model, named "MapReduce." 

In MapReduce, records are processed in isolation by tasks called Mappers. The output from 

the Mappers is then brought together into a second set of tasks called Reducers, where results from 

different mappers can be merged together. 



 

 

                           
Hadoop Architecture:  

HDFS has a master/slave architecture. An HDFS cluster consists of a single NameNode, a 

master server that manages the file system namespace and regulates access to files by clients. In 

addition, there are a number of DataNodes, usually one per node in the cluster, which manage 

storage attached to the nodes that they run on. HDFS exposes a file system namespace and allows 

user data to be stored in files. Internally, a file is split into one or more blocks and these blocks are 

stored in a set of DataNodes. The NameNode executes file system namespace operations like 

opening, closing, and renaming files and directories. It also determines the mapping of blocks to 

DataNodes. The DataNodes are responsible for serving read and write requests from the file 

system’s clients. The DataNodes also perform block creation, deletion, and replication upon 

instruction from the NameNode. 

 
 

The NameNode and DataNode are pieces of software designed to run on commodity 

machines. These machines typically run a GNU/Linux operating system (OS). HDFS is built using 

the Java language; any machine that supports Java can run the NameNode or the DataNode 

software. Usage of the highly portable Java language means that HDFS can be deployed on a wide 

range of machines. A typical deployment has a dedicated machine that runs only the NameNode 

software. Each of the other machines in the cluster runs one instance of the DataNode software. 



 

 

The architecture does not preclude running multiple DataNodes on the same machine but in a real 

deployment that is rarely the case. 

The existence of a single NameNode in a cluster greatly simplifies the architecture of the 

system. The NameNode is the arbitrator and repository for all HDFS metadata. The system is 

designed in such a way that user data never flows through the NameNode. 

 

Data Format 
InputFormat: How these input files are split up and read is defined by the InputFormat. An 

InputFormat is a class that provides the following functionality: 

● Selects the files or other objects that should be used for input 

● Defines the InputSplits that break a file into tasks 

● Provides a factory for RecordReader objects that read the file 

 

 
 

OutputFormat: The (key, value) pairs provided to this OutputCollector are then written to output 

files. 

 

 
Hadoop can process many different types of data formats, from flat text files to databases. If it is 

flat file, the data is stored using a line-oriented ASCII format, in which each line is a record. For 

example, ( National Climatic Data Center) NCDC data as given below, the format supports a rich 

set of meteorological elements, many of which are optional or with variable data lengths. 

 



 

 

 
Data files are organized by date and weather station. 

 

Analyzing the Data with Hadoop 
To take advantage of the parallel processing that Hadoop provides, we need to express our query as a 

MapReduce job. 

 

Map and Reduce: 

MapReduce works by breaking the processing into two phases: the map phase and the reduce 

phase. Each phase has key-value pairs as input and output, the types of which may be chosen by the 

programmer. The programmer also specifies two functions: the map function and the reduce function. 

The input to our map phase is the raw NCDC data. We choose a text input format that gives us each line 

in the dataset as a text value. The key is the offset of the beginning of the line from the beginning of the 

file, but as we have no need for this, we ignore it. 

Our map function is simple. We pull out the year and the air temperature, since these are the only 

fields we are interested in. In this case, the map function is just a data preparation phase, setting up the 

data in such a way that the reducer function can do its work on it: finding the maximum temperature for 

each year. The map function is also a good place to drop bad records: here we filter out temperatures 

that are missing, suspect, or erroneous. 

To visualize the way the map works, consider the following sample lines of input data 

(some unused columns have been dropped to fit the page, indicated by ellipses): 



 

 

 
These lines are presented to the map function as the key-value pairs: 

 
The keys are the line offsets within the file, which we ignore in our map function. The map function 

merely extracts the year and the air temperature (indicated in bold text), and emits them as its 

output (the temperature values have been interpreted as integers): 

(1950, 0) 

(1950, 22) 

(1950, −11) 

(1949, 111) 

(1949, 78) 

The output from the map function is processed by the MapReduce framework before being sent to 

the reduce function. This processing sorts and groups the key-value pairs by key. So, continuing 

the example, our reduce function sees the following input: 

(1949, [111, 78]) 

(1950, [0, 22, −11]) 

Each year appears with a list of all its air temperature readings. All the reduce function has to do 

now is iterate through the list and pick up the maximum reading: 

(1949, 111) 

(1950, 22) 

This is the final output: the maximum global temperature recorded in each year. The whole data 

flow is illustrated in the following figure. 

 
 

Java MapReduce 
Having run through how the MapReduce program works, the next step is to express it in code. We 

need three things: a map function, a reduce function, and some code to run the job. The map 

function is represented by an implementation of the Mapper interface, which declares a map() 

method. 

 

public class MaxTemperatureMapper extends MapReduceBase 

implements Mapper<LongWritable, Text, Text, IntWritable>  

{ 

public void map(LongWritable key, Text value, OutputCollector<Text, IntWritable> 

output, Reporter reporter) throws IOException  



 

 

{ 

// statement to convert the input data into string 

// statement to obtain year and temp using the substring method 

// statement to place the year and temp into a set called OutputCollector 

} 

} 

 

The Mapper interface is a generic type, with four formal type parameters that specify the input 

key, input value, output key, and output value types of the map function. The map() method is 

passed a key and a value. We convert the Text value containing the line of input into a Java String, 

then use its substring() method to extract the columns we are interested in.  The map() method also 

provides an instance of OutputCollector to write the output to. 

 

The reduce function is similarly defined using a Reducer, as illustrated in following figure. 

 

public class MaxTemperatureReducer extends MapReduceBase implements Reducer<Text, 

IntWritable, Text, IntWritable>  

{ 

public void reduce(Text key, Iterator<IntWritable> values,  

OutputCollector<Text, IntWritable> output, Reporter reporter) throws IOException  

{ 

// statement to find the maximum temperature of a each year  

// statement to put the max. temp and its year in a set called     

      OuputCollector 

} 

} 

 

The third piece of code runs the MapReduce job. 

public class MaxTemperature  

{ 

public static void main(String[] args) throws IOException  

{ 

JobConf conf = new JobConf(MaxTemperature.class); 

conf.setJobName("Max temperature"); 

FileInputFormat.addInputPath(conf, new Path(args[0])); 

FileOutputFormat.setOutputPath(conf, new Path(args[1])); 

conf.setMapperClass(MaxTemperatureMapper.class); 

conf.setReducerClass(MaxTemperatureReducer.class); 

conf.setOutputKeyClass(Text.class); 

conf.setOutputValueClass(IntWritable.class); 

JobClient.runJob(conf); 

} 

} 

 

A JobConf object forms the specification of the job. It gives you control over how the job is run. 

Having constructed a JobConf object, we specify the input and output paths. Next, we specify the 

map and reduce types to use via the setMapperClass() and setReducerClass() methods. The 

setOutputKeyClass() and setOutputValueClass() methods control the output types for the map and 

the reduce functions. The static runJob() method on JobClient submits the job and waits for it to 

finish, writing information about its progress to the console. 



 

 

 

Scaling out 
You’ve seen how MapReduce works for small inputs; now it’s time to take a bird’s-eye 

view of the system and look at the data flow for large inputs. For simplicity, the examples so far 

have used files on the local filesystem. However, to scale out, we need to store the data in a 

distributed filesystem, typically HDFS.  

A MapReduce job is a unit of work that the client wants to be performed: it consists of the 

input data, the MapReduce program, and configuration information. Hadoop runs the job by 

dividing it into tasks, of which there are two types: map tasks and reduce tasks. 

There are two types of nodes that control the job execution process: a jobtracker and a 

number of tasktrackers. The jobtracker coordinates all the jobs run on the system by scheduling 

tasks to run on tasktrackers. Tasktrackers run tasks and send progress reports to the jobtracker, 

which keeps a record of the overall progress of each job. If a task fails, the jobtracker can 

reschedule it on a different tasktracker. 

Hadoop divides the input to a MapReduce job into fixed-size pieces called input splits, or 

just splits. Hadoop creates one map task for each split, which runs the user defined map function 

for each record in the split. 

Having many splits means the time taken to process each split is small compared to the 

time to process the whole input. So if we are processing the splits in parallel, the processing is 

better load-balanced if the splits are small, since a faster machine will be able to process 

proportionally more splits over the course of the job than a slower machine. 

Even if the machines are identical, failed processes or other jobs running concurrently 

make load balancing desirable, and the quality of the load balancing increases as the splits become 

more fine-grained. 

 

Hadoop does its best to run the map task on a node where the input data resides in HDFS. 

This is called the data locality optimization. 

 

The whole data flow with a single reduce task is illustrated in Figure. 

 
The number of reduce tasks is not governed by the size of the input, but is specified 

independently. When there are multiple reducers, the map tasks partition their output, each creating 

one partition for each reduce task. There can be many keys (and their associated values) in each 

partition, but the records for any given key are all in a single partition. The partitioning can be 

controlled by a user-defined partitioning function, but normally the default partitioner—which 

buckets keys using a hash function—works very well. 



 

 

The data flow for the general case of multiple reduce tasks is illustrated in Figure. 

 
 

Finally, it’s also possible to have zero reduce tasks. This can be appropriate when you don’t 

need the shuffle since the processing can be carried out entirely in parallel as shown in figure. 

 
 

Combiner Functions 

 

Hadoop allows the user to specify a combiner function to be run on the map output—the combiner 

function’s output forms the input to the reduce function. Since the combiner function is an 

optimization, Hadoop does not provide a guarantee of how many times it will call it for a particular 

map output record, if at all. In other words, calling the combiner function zero, one, or many times 

should produce the same output from the reducer. 

 

The contract for the combiner function constrains the type of function that may be used. This is 

best illustrated with an example. Suppose that for the maximum temperature example, readings 

for the year 1950 were processed by two maps (because they were in different splits). Imagine the 

first map produced the output: 



 

 

(1950, 0) 

(1950, 20) 

(1950, 10) 

And the second produced: 

(1950, 25) 

(1950, 15) 

The reduce function would be called with a list of all the values: 

(1950, [0, 20, 10, 25, 15]) 

with output: 

(1950, 25) 

since 25 is the maximum value in the list. We could use a combiner function that, just like the 

reduce function, finds the maximum temperature for each map output. The reduce would then be 

called with: 

(1950, [20, 25]) 

and the reduce would produce the same output as before. More succinctly, we may express the 

function calls on the temperature values in this case as follows: 

max(0, 20, 10, 25, 15) = max(max(0, 20, 10), max(25, 15)) = max(20, 25) = 25 

 

public class MaxTemperatureWithCombiner  

{ 

public static void main(String[] args) throws IOException  

{ 

JobConf conf = new JobConf(MaxTemperatureWithCombiner.class); 

conf.setJobName("Max temperature"); 

FileInputFormat.addInputPath(conf, new Path(args[0])); 

FileOutputFormat.setOutputPath(conf, new Path(args[1])); 

conf.setMapperClass(MaxTemperatureMapper.class); 

conf.setCombinerClass(MaxTemperatureReducer.class); 

conf.setReducerClass(MaxTemperatureReducer.class); 

conf.setOutputKeyClass(Text.class); 

conf.setOutputValueClass(IntWritable.class); 

JobClient.runJob(conf); 

} 

} 

 

Hadoop Streaming 
 

Hadoop provides an API to MapReduce that allows you to write your map and reduce 

functions in languages other than Java. Hadoop Streaming uses Unix standard streams as the 

interface between Hadoop and your program, so you can use any language that can read standard 

input and write to standard output to write your MapReduce program. 

 

Streaming is naturally suited for text processing and when used in text mode, it has a line-oriented 

view of data. Map input data is passed over standard input to your map function, which processes 

it line by line and writes lines to standard output. A map output key-value pair is written as a single 

tab-delimited line. 

 

Let’s illustrate this by rewriting our MapReduce program for finding maximum temperatures by 

year in Streaming. 



 

 

 

Ruby:  The map function can be expressed in Ruby as shown below 

 

STDIN.each_line do |line| 

val = line 

year, temp, q = val[15,4], val[87,5], val[92,1] 

puts "#{year}\t#{temp}" if (temp != "+9999" && q =~ /[01459]/) 

end 

 

Since the script just operates on standard input and output, it’s trivial to test the script without 

using Hadoop, simply using Unix pipes: 

% cat input/ncdc/sample.txt | ch02/src/main/ruby/max_temperature_map.rb 

1950 +0000 

1950 +0022 

1950 -0011 

1949 +0111 

1949 +0078 

 

The reduce function shown below 

 

last_key, max_val = nil, 0 

STDIN.each_line do |line| 

key, val = line.split("\t") 

if last_key && last_key != key 

puts "#{last_key}\t#{max_val}" 

last_key, max_val = key, val.to_i 

else 

last_key, max_val = key, [max_val, val.to_i].max 

end 

end 

puts "#{last_key}\t#{max_val}" if last_key 

 

We can now simulate the whole MapReduce pipeline with a Unix pipeline, we get 

 

% cat input/ncdc/sample.txt | ch02/src/main/ruby/max_temperature_map.rb | \ 

sort | ch02/src/main/ruby/max_temperature_reduce.rb 

1949 111 

1950 22 

 

Hadoop Pipes 
 

Hadoop Pipes is the name of the C++ interface to Hadoop MapReduce. Unlike Streaming, 

which uses standard input and output to communicate with the map and reduce code, Pipes uses 

sockets as the channel over which the tasktracker communicates with the process running the C++ 

map or reduce function. 

 

The following example shows the source code for the map and reduce functions in C++. 

 

class MaxTemperatureMapper : public HadoopPipes::Mapper  



 

 

{ 

public: 

MaxTemperatureMapper(HadoopPipes::TaskContext& context) { } 

void map(HadoopPipes::MapContext& context)  

{ 

// statement to convert the input data into string 

// statement to obtain year and temp using the substring method 

// statement to place the year and temp into a set  

} 

 

}; 

class MapTemperatureReducer : public HadoopPipes::Reducer  

{ 

public: 

MapTemperatureReducer(HadoopPipes::TaskContext& context) {} 

void reduce(HadoopPipes::ReduceContext& context)  

{ 

// statement to find the maximum temperature of a each year  

// statement to put the max. temp and its year in a set 

} 

}; 

 

int main(int argc, char *argv[])  

{ 

return HadoopPipes::runTask( HadoopPipes:: TemplateFactory < MaxTemperatureMapper,  

 MapTemperatureReducer>()); 

} 

 

The map and reduce functions are defined by extending the Mapper and Reducer classes defined 

in the HadoopPipes namespace and providing implementations of the map() and reduce() methods 

in each case. 

These methods take a context object (of type MapContext or ReduceContext), which provides the 

means for reading input and writing output, as well as accessing job configuration information via 

the JobConf class. 

The main() method is the application entry point. It calls HadoopPipes::runTask, which connects 

to the Java parent process and marshals data to and from the Mapper or Reducer. The runTask() 

method is passed a Factory so that it can create instances of the Mapper or Reducer. Which one it 

creates is controlled by the Java parent over the socket connection. There are overloaded template 

factory methods for setting a combiner, partitioner, record reader, or record writer. 

 

Pipes doesn’t run in standalone (local) mode, since it relies on Hadoop’s distributed cache 

mechanism, which works only when HDFS is running. With the Hadoop daemons now running, 

the first step is to copy the executable to HDFS so that it can be picked up by tasktrackers when 

they launch map and reduce tasks: 

% hadoop fs -put max_temperature bin/max_temperature 

The sample data also needs to be copied from the local filesystem into HDFS: 

% hadoop fs -put input/ncdc/sample.txt sample.txt 

Now we can run the job. For this, we use the Hadoop pipes command, passing the URI of the 

executable in HDFS using the -program argument: 

% hadoop pipes \ 



 

 

-D hadoop.pipes.java.recordreader=true \ 

-D hadoop.pipes.java.recordwriter=true \ 

-input sample.txt \ 

-output output \ 

-program bin/max_temperature 

The result is the same as the other versions of the same program that we ran previous example. 

 

Design of Hadoop Distributed File System (HDFS) 
HDFS is a filesystem designed for storing very large files with streaming data access patterns, 

running on clusters of commodity hardware.   

● “Very large”  

In this context means files that are hundreds of megabytes, gigabytes, or terabytes in size. There 

are Hadoop clusters running today that store petabytes of data. 

● Streaming data access 

HDFS is built around the idea that the most efficient data processing pattern is a write-once, read- 

any-times pattern. A dataset is typically generated or copied from source, then various analyses 

are performed on that dataset over time. Each analysis will involve a large proportion, if not all, of 

the dataset, so the time to read the whole dataset is more important than the latency in reading the 

first record. 

 

● Commodity hardware 

Hadoop doesn’t require expensive, highly reliable hardware to run on. It’s designed to run on 

clusters of commodity hardware (commonly available hardware available from multiple vendors) 

for which the chance of node failure across the cluster is high, at least for large clusters. HDFS is 

designed to carry on working without a noticeable interruption to the user in the face of such 

failure. 

● Low-latency data access 

Applications that require low-latency access to data, in the tens of milliseconds range, will not 

work well with HDFS. Remember, HDFS is optimized for delivering a high throughput of data, 

and this may be at the expense of latency Lots of small files 

Since the namenode holds filesystem metadata in memory, the limit to the number of files in a 

filesystem is governed by the amount of memory on the namenode. As a rule of thumb, each file, 

directory, and block takes about 150 bytes. So, for example, if you had one million files, each 

taking one block, you would need at least 300 MB of memory. While storing millions of files is 

feasible, billions is beyond the capability of current hardware. 

 

● Multiple writers, arbitrary file modifications 

Files in HDFS may be written to by a single writer. Writes are always made at the end of the file. 

There is no support for multiple writers, or for modifications at arbitrary offsets in the file 

 

 

 

 

 



 

 

HDFS Concepts 
The following diagram illustrates the Hadoop concepts 

 
Blocks 

 

A disk has a block size, which is the minimum amount of data that it can read or write. Filesystems 

for a single disk build on this by dealing with data in blocks, which are an integral multiple of the 

disk block size. Filesystem blocks are typically a few kilobytes in size, while disk blocks are 

normally 512 bytes. HDFS, too, has the concept of a block, but it is a much larger unit—64 MB 

by default. 

 

HDFS blocks are large compared to disk blocks, and the reason is to minimize the cost of seeks. 

By making a block large enough, the time to transfer the data from the disk can be made to be 

significantly larger than the time to seek to the start of the block. 

Thus the time to transfer a large file made of multiple blocks operates at the disk transfer rate. 

 

Benefits of blocks 

 

1. A file can be larger than any single disk in the network. There is nothing that requires the 

blocks from a file to be stored on the same disk, so they can take advantage of any of the 

disks in the cluster. 

2. It simplifies the storage subsystem. The storage subsystem deals with blocks, simplifying 

storage management and eliminating metadata concerns. 

3. Blocks fit well with replication for providing fault tolerance and availability. 

 

Namenodes and Datanodes 

An HDFS cluster has two types of node operating in a master-worker pattern: a namenode (the 

master) and a number of datanodes (workers). The namenode manages the filesystem namespace. 

It maintains the filesystem tree and the metadata for all the files and directories in the tree. This 



 

 

information is stored persistently on the local disk in the form of two files: the namespace image 

and the edit log. The namenode also knows the datanodes on which all the blocks for a given file 

are located, however, it does not store block locations persistently, since this information is 

reconstructed from 

datanodes when the system starts. 

A client accesses the filesystem on behalf of the user by communicating with the namenode and 

datanodes. Datanodes are the workhorses of the filesystem. They store and retrieve blocks when 

they are told to, and they report back to the namenode periodically with lists of blocks that they 

are storing. Without the namenode, the filesystem cannot be used. 

 

Secondary Namenode 

It is also possible to run a secondary namenode, which despite its name does not act as 

a namenode. Its main role is to periodically merge the namespace image with the edit 

log to prevent the edit log from becoming too large. The secondary namenode usually 

runs on a separate physical machine, since it requires plenty of CPU and as much memory as the 

namenode to perform the merge. It keeps a copy of the merged namespace image, which can be 

used in the event of the namenode failing. 

 

The Command-Line Interface 

There are many other interfaces to HDFS, but the command line is one of the simplest and, to 

many developers, the most familiar. It provides a command line interface called FS shell that lets 

a user interact with the data in HDFS. The syntax of this command set is similar to other shells 

(e.g. bash, csh) that users are already familiar with. Here are some sample action/command pairs: 

 

Action       Command 

Create a directory named /foodir    bin/hadoop dfs -mkdir /foodir 

Create a directory named /foodir   bin/hadoop dfs -mkdir /foodir 

View the contents of a file named   bin/hadoop dfs –cat /foodir/myfile.txt 

/foodir/myfile.txt 

 

Hadoop I/O Filesystems 
Hadoop has an abstract notion of filesystem, of which HDFS is just one implementation. 

The Java abstract class org.apache.hadoop.fs.FileSystem represents a filesystem in Hadoop, and 

there are several concrete implementations, which are described in Table 

Thrift 

The Thrift API in the “thrift” module expose Hadoop filesystems as an Apache Thrift service, 

making it easy for any language that has Thrift bindings to interact with a Hadoop filesystem, such 

as HDFS. 

C 

Hadoop provides a C library called libhdfs that mirrors the Java FileSystem interface (it was 

written as a C library for accessing HDFS, but despite its name it can be used to access any Hadoop 

filesystem). It works using the Java Native Interface (JNI) to call a Java filesystem client. 

FUSE 

Filesystem in Userspace (FUSE) allows filesystems that are implemented in user space to be 

integrated as a Unix filesystem. Hadoop’s Fuse-DFS contrib module allows any Hadoop filesystem 

(but typically HDFS) to be mounted as a standard filesystem. 

 



 

 

 
 

WebDAV 

WebDAV is a set of extensions to HTTP to support editing and updating files. WebDAV shares 

can be mounted as filesystems on most operating systems, so by exposing HDFS (or other Hadoop 

filesystems) over WebDAV, it’s possible to access HDFS as a standard filesystem. 

 

File patterns 

It is a common requirement to process sets of files in a single operation. Hadoop supports the same 

set of glob characters as Unix bash as shown in Table 

 



 

 

 
  

Anatomy of a File Read 

To get an idea of how data flows between the client interacting with HDFS, the namenode and the 

datanodes, consider Figure, which shows the main sequence of events when reading a file. 

 
The client opens the file it wishes to read by calling open() on the FileSystem object, which for  

DFS is an instance of DistributedFileSystem (step 1). 

DistributedFileSystem calls the namenode, using RPC, to determine the locations of the blocks for 

the first few blocks in the file (step 2). For each block, the namenode returns the addresses of the 

datanodes that have a copy of that block. 



 

 

The DistributedFileSystem returns an FSDataInputStream (an input stream that supports file seeks) 

to the client for it to read data from. FSDataInputStream in turn wraps a DFSInputStream, which 

manages the datanode and namenode I/O. 

The client then calls read() on the stream (step 3). DFSInputStream, which has stored the datanode 

addresses for the first few blocks in the file, then connects to the first (closest) datanode for the 

first block in the file. Data is streamed from the datanode back to the client, which calls read() 

repeatedly on the stream (step 4). When the end of the block is reached, DFSInputStream will 

close the connection to the datanode, then find the best datanode for the next block (step 5). This 

happens transparently to the client, which from its point of view is just reading a continuous stream. 

Blocks are read in order with the DFSInputStream opening new connections to datanodes as the 

client reads through the stream. It will also call the namenode to retrieve the datanode locations 

for the next batch of blocks as needed. When the client has finished reading, it calls close() on the 

FSDataInputStream (step 6). 

 

Anatomy of a File Write 

The client creates the file by calling create() on DistributedFileSystem (step 1). 

DistributedFileSystem makes an RPC call to the namenode to create a new file in the filesystem’s 

namespace, with no blocks associated with it (step 2). The namenode  performs various checks to 

make sure the file doesn’t already exist, and that the client has the right permissions to create the 

file. If these checks pass, the namenode makes a record of the new file; otherwise, file creation 

fails and the client is thrown an IOException. The DistributedFileSystem returns an 

FSDataOutputStream for the client to start writing data to. Just as in the read case, 

FSDataOutputStream wraps a DFSOutput Stream, which handles communication with the 

datanodes and namenode. As the client writes data (step 3), DFSOutputStream splits it into 

packets, which it writes  to an internal queue, called the data queue. The data queue is consumed 

by the Data Streamer, whose responsibility it is to ask the namenode to allocate new blocks by 

picking a list of suitable datanodes to store the replicas. The list of datanodes forms a pipeline—

we’ll assume the replication level is three, so there are three nodes in the pipeline. The 

DataStreamer streams the packets to the first datanode in the pipeline, which stores the packet and 

forwards it to the second datanode in the pipeline. Similarly, the second datanode stores the packet 

and forwards it to the third (and last) datanode in the pipeline (step 4). 

 
 



 

 

DFSOutputStream also maintains an internal queue of packets that are waiting to be acknowledged 

by datanodes, called the ack queue. A packet is removed from the ack queue only when it has been 

acknowledged by all the datanodes in the pipeline (step 5). 

If a datanode fails while data is being written to it, then the following actions are taken, which are 

transparent to the client writing the data. First the pipeline is closed, and any packets in the ack 

queue are added to the front of the data queue so that datanodes that are downstream from the 

failed node will not miss any packets. When the client has finished writing data, it calls close() on 

the stream (step 6). 

 

 


