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Abstract: Big data is one of the most influential technologies of 
the modern era. However, in order to support maturity of big data 
systems, development and sustenance of heterogeneous 
environments is requires. This, in turn, requires integration of 
technologies as well as concepts. Computing and storage are the 
two core components of any big data system. With that said, big 
data storage needs to communicate with the execution engine and 
other processing and visualization technologies to create a 
comprehensive solution. This brings the facet of big data file 
formats into picture. This paper classifies available big data file 
formats into five categories namely text-based, row-based, 
column-based, in-memory and data storage services. It also 
compares the advantages, shortcomings and possible use cases of 
available big data file formats for Hadoop, which is the 
foundation for most big data computing technologies. Lastly, it 
provides a discussion on tradeoffs that must be considered while 
choosing a file format for a big data system, providing a 
framework for creation for file format selection criteria. 
 

Keywords: Big Data Storage, File Formats, Hadoop, Storage 
Systems 

I. INTRODUCTION 

Development of big data systems requires identification, 

integration and performance optimization of several tools, 
technologies and concepts. Sustainability of such 
heterogeneous environments requires data sharing between 
multiple processes, which can be performed using two 
possible methods. The first method makes use of APIs 
provided by independent solutions to retrieve data from them. 
For instance, if Drill [1] and HBase [2] are used together, 
Drill shall use the HBase API for data reads. Although, data 
sharing can be performed in real-time using this approach, it 
suffers from some potential issues [3]. 

The overheads for deserialization and serialization are very 
high and may cause serious bottleneck issues for applications 
such as workflows. Moreover, there is no standardization in 
how the data should be represented. Developers perform 
custom integrations using existing or customized systems. In 
order to manage these issues, another method for data sharing 
may be used, which enables sharing by means of common file 
formats that are optimized for high performance in analytical 
systems [4]. Owing to this, big data file formats form an 
important facet of big data storage optimization. 

Hadoop [5] offers one of the most cost-effective and 
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efficient ways to store data in huge amounts. Moreover, 
structured, semi-structured and unstructured data types can 
be stored and then, processed using tools like Pig [6], Hive 
[7] and Spark [8] to gain the results required for any future 
analysis or visualization. Hadoop allows the user to store data 
on its repository in several ways. Some of the commonly 
available and understandable working formats include XML 
[9], CSV [10] and JSON [11].  

Although, JSON, XML and CSV are human-readable 
formats, but they are not the best way, to store data, on a 
Hadoop cluster. In fact, in some cases, storage of data in such 
raw formats may prove to be highly inefficient. Moreover, 
parallel storage is not possible for data stored in such formats. 
In view of the fact that storage efficiency and parallelism are 
the two leading advantages of using Hadoop, the use of raw 
file formats may just defeat the whole purpose.  

CERN [12] had chosen four candidate technologies, ORC 
[13], Parquet [14], Kudu [15] and Avro [16] for this purpose. 
However, we have included other data file formats like 
Arrow [17] and text-based formats to this discussion for 
comprehensibility. Fig. 1 shows the classification and 
hierarchy of big data file formats. Each of these file formats 
has their own sets of advantages and disadvantages.  

Existing literature discuss data formats for specific 
application areas like bioinformatics [4], recommender 
systems [13] and their usages in satellite image detection [18] 
or indoor air quality analysis [19]. Some papers provide an 
account of how compression can be performed using some 
formats like Parquet and Avro [20] and performance analysis 
of use-case with and without the use of these formats [17]. 
However, there is no dedicated analysis of big data file 
formats. Moreover, none of the available studies provide a 
generalization of use cases that are most applicable for 
specific file formats.  

This paper explores different aspects of big data file 
formats and shall provide a discussion on the criteria that 
must be used for selecting a file format. The contributions of 
this paper include (1) it provides a classification of available 
file formats for big data systems (2) it provides a comparison 
and use-case analysis of the available file formats (3) it 
provides a discussion on the aspects that must be considered 
while choosing a file format for a big data system.  

The rest of the paper is organized in the following manner: 
Section 2 describes the different file formats shown in Fig. 1. 
Section 3 provides a comparison and use-case analysis of the 
available big data file formats. Section 4 discusses the 
different factors and tradeoffs that must be considered before 
choosing a file format for a big data system. Finally, the paper 
concludes in Section 5 and provides insights for future work. 

II. BIG DATA FILE FORMATS 

File Formats for Big Data Storage Systems 
Samiya Khan, Mansaf Alam 

http://www.ijeat.org/
mailto:malam2@jmi.ac.in
https://www.openaccess.nl/en/open-publications
http://creativecommons.org/licenses/by-nc-nd/4.0/
https://crossmark.crossref.org/dialog/?doi=10.35940/ijeat.A1196.109119&domain=www.ijeat.org


 
File Formats for Big Data Storage Systems 

2907 

Published By: 
Blue Eyes Intelligence Engineering 
& Sciences Publication  

Retrieval Number: A1196109119/2019©BEIESP 
DOI: 10.35940/ijeat.A1196.109119 
Journal Website: www.ijeat.org 

 
 

Fig. 1.  Classification of Big Data File Formats 
 

A. Text-Based Formats 

Simplest example of such a data file format is entries 
stored line-by-line terminated by a newline character or 
carriage return. 

In order to compress data, a file-level compression codec 
like BZIP2 [21] needs to be used. Three formats namely text 
or CSV [10], JSON [11] and XML [9] are available under this 
category 
• Plain Text 
Data stored in this format is mostly formatted in such a 

manner that fields either has fixed width or are 
delimiter-separated entries, as is the case of CSV in which 
entries are separated using commas.  

• XML 
It is possible to use external schema definitions in XML. 

However, the performance of serialization and 
deserialization is usually poor.  

• JSON 
JavaScript Object Notation (JSON) [22] is more performance 

effective than XML, but the problem with serialization and 
deserialization performance exists. 

B. Row-Based Formats 

Different types of row-based big data files formats are as 
follows – 
• SequenceFile 
This file format is supported by Hadoop framework as part of 

which a large file has container of binary key-value pairs 
for storing multiple files of small size. Therefore, the 
key-value pairs corresponding to records are encoded. The 
integration of SequenceFile [23] data file format is smooth 
with Hadoop in view of the fact that the former was 
developed for the latter.  

• Avro 
Apache Avro [16] is used for compact binary format as a data 

serialization standard. Typically, it is used to store 
persistent data related to communication protocols and 
HDFS [24]. One of the major advantages of using Apache 
Avro is high ingestion performance, which is attributed to 

fast and lightweight deserialization and serialization. It is 
important to mention that Avro does not have an internal 
index. However, the directory-based partitioning technique 
available in HDFS can be used for facilitating random 
access of data. Data compression algorithms supported by 
Apache Avro include DEFLATE [25] and Snappy [19].  

There are other serialization and deserialization frameworks 
like Thrift and Protocol buffers [26] that stand in 
competition with Avro. However, Avro is a built-in 
component of Hadoop while these frameworks are 
external. Besides this, schema definition in Avro is done 
using JSON whereas Thrift and Protocol buffers depend on 
Interface Definition Languages (IDLs) [26] for defining 
the schema.   

C. Column-Based Formats 

Different types of column-based big data files formats are 
as follows – 
• Record Columnar (RC) File Format 
This is the most primitive columnar record format that was 

created as part of the Apache Hive project. RCFile [27] is a 
binary format similar to SequenceFile that assures high 
compression for operations that involve multiple rows. 
Columns are stored as a record in a columnar fashion by 
creating row splits. Vertical partitions are created on row 
splits in a columnar manner. The metadata is stored for 
each row split as the key and the corresponding data is kept 
as its value.  

• Optimized Row Columnar (ORC) File Format 
Optimized Row Columnar [13] is similar to Parquet and 

RCFile in the sense that all these three data file formats 
exist within the Hadoop framework. The read performance 
is better for ORC. However, writes are slower than 
average. Besides this, the encoding and compression 
capabilities of this file format are better than that of its 
counterparts, with ORC supporting Zlib [28] and Snappy 
[19]. 
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• Parquet 
Apache Parquet [14] is a data serialization standard, which is 

column-oriented and known to improve the efficiency 
significantly. This data format also includes optimizations 
like compression on series of values that belong to the 
same column resulting in improved compaction ratios. 
Besides this, encodings like bit packing, dictionary and run 
length encoding are additional optimizations available. In 
order to compress data, Snappy [19] and GZip [29] 
algorithms are supported. 

• CarbonData 
This data format was developed by Huawei to manage 

existing shortcomings in already available formats. 
CarbonData [30] is a relatively new data file format that 
allows developers to reap the benefits of column-oriented 
storage while also providing support for handling random 
access queries. Data is grouped into blocklets, which is 
stored alongside other information about the data like 
schema, indices and offsets, in addition to others. Metadata 
is stored in headers and footers, which offers significant 
performance optimization during scanning and processing 
of subsequent queries.  

D. In-Memory Formats 

Apache Arrow [17] is a platform for development of 
applications using in-memory data. Moreover, it works 
across languages, which makes it a standard for columnar 
memory format, enabling support for hierarchical as well as 
flat data. The data is organized to provide high performance 
analytics on modern hardware. Interprocess communication 
and streaming works on zero-copy or no deserialization and 
serialization. Besides this, it provides many computational 
libraries for advanced complexities. 

E. Data Storage Services 

 Kudu [15] is a storage system that ensures scalability and 
is based on the concept of distributed storage. Data is stored 
inside tables. Moreover, this file format achieves optimized 
trade-off between performance and speed of ingestion, which 
is attributed to the columnar data organization and 
maintenance of index. Data compression algorithms 
supported by Apache Kudu include LZ4 [31], Zlib [28] and 
Snappy [19]. 

III. COMPARISON OF BIG DATA FILE FORMATS 

The actual storage of data on a file system is determined by 
the chosen data file format, which is a crucial choice to make 
in view of the fact that it plays a significant role in optimizing 
system storage. The decision of choosing a file format for an 
application depends on the use-case or the algorithm being 
used for data processing. With that said, the chosen file 
format must fulfill some basic requirements to be deemed 
appropriate for big data systems. 

Firstly, the chosen big data file format must be expressive 
and well defined. Secondly, it should have diverse handling 
capabilities as far as supported data structures are concerned. 
Some of the basic structures that must be supported include 
structs, maps, numbers, strings, records and arrays, to name a 
few. Finally, the big data file format must be binary, simple 
and provide support for compression.  

One of the biggest bottleneck issues in HDFS-related 
applications that make use of technologies like Spark and 
Hadoop include reduction in time taken by data reads and 
writes. Issues like storage constraints, evolving schemas and 
big data further complicate the system requirements. In order 
to mitigate these issues across application domains and 
problem scenarios, several big data file formats have come 
into being. The use of an appropriate file format can benefit 
the system in following ways – 

1. Read time is reduced. 
2. Write time is reduced.  
3. The files can be split, which in other words means that 

there is no longer the need to read the whole file for 
retrieving a smaller sub-section.  

4. There is support for schema evolution and schema can 
be changed on request depending upon the changing 
needs of the system. 

5. There is availability of advanced compression codecs to 
ensure that files can be compressed without losing the 
advantages offered by the base format.  

In view of the above-mentioned advantages, choosing the 
right data file format can optimize system performance 
substantially. However, a plethora of options are available in 
this regard. While some file formats are developed for 
general use, there are some others that offer optimization 
benefits to specific applications or improve specific 
characteristics. This makes a comparison of the file formats 
essential for facilitating the decision of which data file format 
is best suited for an application. Table I summarizes the 
advantages, disadvantages and typical use cases for the 
different data file formats discussed in the previous section.  

IV. DISCUSSION 

It can be inferred from the comparison table that even though 
text-based formats are simple and lightweight, they present a 
host of drawbacks that can affect the performance of the 
system considerably. In order to overcome the limitations of 
text-based formats, Hadoop has inbuilt data file formats. The 
first of these formats is a row-based data file format called 
SequenceFile [23]. Other data file formats that are based on 
SequenceFile and are included in the Hadoop ecosystem 
include MapFile, SetFile and BloomMapFile [32]. These file 
formats are designed for specialized use cases. SequenceFile 
only supports Java, which makes it language-dependent, and 
does not support versioning. As a result, Avro [16], which 
overpowers SequenceFile, has come up as the most popular 
row-based data file format. Understandably, Avro is the best 
option among row-based data file formats. 
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Table I – Comparative Analysis of Available Big Data File Formats 
Class Data File 

Format 
Advantages Disadvantages Matching Use Cases 

Text-Based 
Data File 
Formats 

Text 1. Light weight 1. Read is slow. 
2. Write is slow. 
3. Space is wasted because of 
column headers that are not 
required.  
4. Compressed files cannot be 
split, which leads to huge 
maps. Moreover, block-level 
compression is not supported.  

Appropriate for starting use 
of structured data on HDFS. 
Also, CSV files are used in 
cases where data needs to be 
extracted from Hadoop and 
bulk-loaded into database. 

XML [9] 
JSON [11] 

Row-Based 
Data File 
Format 

SequenceFile 
[23] 
 

1. This file format is compact in comparison with Text 
files.  
2. The file format supports optional compression.  
3. It supports parallel processing.  
4. An enormous number of small-sized files can be 
stored in a ‘container,’ provided for the same purpose. 
5. One of the biggest advantages of this data file 
format is the support for block-level compression that 
allows file compression while allowing file splitting 
for multiple tasks.  

1. This file format is not 
preferred for tools like Hive.  
2. The append functionality of 
the file format just as good 
and comparable to other file 
formats.  
3. The file format lacks 
support for multiple 
languages.  
 

If intermediate data, which is 
generated between jobs, 
needs to be saved, then 
SequenceFile data file format 
is used.  

Avro [16] 1. The size of serialized data is smallest. 
2. It offers block-level compression, allowing file 
splitting at the same time.  
3. This file format maintains the structure of the 
object.  
4. Even if the schema has changed, Avro allows 
reading of old data.  
5. Schema definitions are written in JSON. Therefore, 
development is considerably simplified in 
programming languages that possess JSON libraries.  

1. Reading and writing 
processes need schema 
definition. 

Avro is considered best for 
cases where schema evolution 
is a key requirement. If the 
schema is expected to change 
over time, then Avro is 
preferred. In fact, Avro is 
preferred for all 
Hadoop-based use cases.  

Column-Ba
sed Data 
File Format 

RCFile [27] RCFile offer typical benefits associated with columnar 
databases, which include – 
1. It offers good compression. 
2. The query performance is better than that for 
row-oriented databases.  
 

1. There is no support for 
schema evolution. 
2. The write process is 
slower. 

If the use case involves tables 
that possess many columns 
and the application requires 
frequent use of specific 
columns, then RCFile is the 
preferred data format.  

ORCFile [13] 1. The compression capabilities of ORCFile are better 
than that of RCFile.  
2. Query processing is also improved when compared 
to RCFile.  

1. There is no support for 
schema evolution. 
2. ORCFile format is not well 
supported by Apache Impala.  

ORCFile and Parquet are 
used in scenarios where query 
performance is crucial. 
However, it has been found 
that Parquet when used with 
SparkQL show best 
improvements in query 
performance.  

Parquet [14] 1. As is the case with ORCFile format, compression 
and query performance are good. Moreover, in cases 
where specific columns are being queried, this data file 
format is particularly effective.  
2. The read performance is good.  
3. Schema evolution, in this case, is better than 
ORCFile format as columns can be added at the end.  
4. Storage optimizations are remarkable and it offers 
file-level as well as block-level compression.  

1. Writes are computationally 
intensive.  
2. If the application requires 
rows of data, then like all 
columnar databases, Parquet 
may not be 
performance-effective in 
view of the network activity 
overheads involved.  
 

CarbonData 
[30] 

1. It supports update and delete operations, which is 
crucial for many workflows.  
2. CarbonData offers optimizations like bucketing and 
multi-layer indexing. Therefore, joining two files is 
more performance-effective and queries are speedier 
than ever.  

1. CarbonData does not 
support ACID.  
2. The size of compressed 
files is larger than those 
obtained with ORC and 
Parquet. 
3. CarbonData is a relatively 
new data file format with 
many technologies like 
Athena [33] and Presto [34] 
not supporting it yet.    

CarbonData can be used for 
variable analytical workloads 
with typical use cases 
involving interactive or 
detailed queries and queries 
involving real-time ingestion 
and aggregating/OLAP BI.  
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In-Memory 
Data File 
Format 

Arrow [17] 1. This format enables systems to handle big datasets.  
2. Same memory can be shared by multiple 
applications by means of a common data access layer.  
3. This file format is optimized for parallel processing 
and data locality. Moreover, it has been developed for 
Single Instruction Multiple Data (SIMD). 
4. It allows processing of scan as well as random 
access workloads.  
5. The overheads associated with streaming messages 
and RPC are significantly reduced.  
6. Apache Arrow can be used with GPUs.  
7. The columnar format provided by Apache Arrow is 
‘fully shredded’ and supports nested and flat schemas.  

1. As of now, predicate push 
down implementation is left 
to the engine. Although, 
Apache Arrow is expected to 
reusable, fast vectorized 
operations, but efforts in this 
direction are yet to take 
shape.  

Apache Arrow is best suited 
for vectorized processing that 
involve Single Instruction on 
Multiple Data (SIMD).  

Data 
Storage 
Services 

Kudu [15] 1. OLAP workloads can be processed quickly with 
Kudu.  
2. Kudu can be seamlessly integrated with Spark, 
Hadoop and its ecosystem.  
3. It can be tightly integrated with Apache Impala, 
which is an effective alternative to Parquet with 
HDFS. 
4. The system is highly available. 
5. The data model provided is structured.  
6. The management and administration of Kudu is 
simple.  
7. The consistency model is flexible and strong.  
8. Random and sequential workloads can be 
simultaneously executed with high performance.  

1. There are no data restore or 
backup options inbuilt in 
Kudu.  
2. There are some security 
limitations like authorization 
available only at the system 
level and no inbuilt support 
for data encryption.  
3. Kudu does not support 
automatic partitioning and 
repartitioning of data.  
4. There are other 
schema-level limitations like 
lack of support for secondary 
indexes and multi-row 
transactions.   

Kudu has been created for 
applications centered on time 
series data and for 
applications like online 
reporting and machine data 
analytics.  

 
In case of row-oriented file formats, contiguous storage of 

rows is done in the file. On the other hand, in case of 
column-oriented formats, rows are split and values for a 
row-split are stored column–wise. For example, the values 
for the first column of a row split are stored first and so on. 
Therefore, columns not required for a query’s processing can 

be omitted during data access. In other words, row-oriented 
formats are best suited for cases in which fewer rows are to be 
read, but many columns for the row are required. On the other 
hand, if a small number of columns are required, then 
column-oriented file formats fit better.   

It is important to note that column-oriented data file 
formats require a buffer for row splitting as it works with 
more than one row at a time. Moreover, it is not possible to 
control the writing process. If the process fails, it is not 
possible to recover the current file. This is the reason why 
column-oriented formats are not used for streaming writes. 
On the other hand, the use of Avro allows read up to the point 
until which sync had occurred. Flume makes use of 
row-oriented formats because of this property [35]. 

Systems are developed in such a manner that seeks to a 
disk are kept to a bare minimum and thus, latency is 
optimally reduced. This is an efficient storage mechanism for 
transactional workloads for which data is written row-wise. 
For analytical workloads, a large number of rows needs to be 
accessed at the same time. However, a subset of columns may 
have to be read for processing a query. In such scenarios, 
row-oriented format is inefficient considering the fact that all 
the columns of multiple rows will have to be read even if all 
these columns are not required. The use of column-oriented 
format is expected to reduce the number of seeks, improving 
query performance. Although, writes are slower in this case, 
but for analytical workloads, this is expected to work well as 
the number of reads are expected to outnumber writes.  

RCFile [27] is the most primitive column-based data file 
format and ORCFile is an optimized version of the same. 
Although, ORCFile [13] is considered apt for applications 
with ACID transactions and offers fast access with its 

indexing feature, Parquet is promoted by Cloudera [36] and is 
known to perform best with Spark [8]. The most advanced 
and recent file format in this category is CarbonData [30], but 
owing to its newer status, its compatibility with technologies 
is questionable. This makes Parquet the most popular 
column-based data file format. Arrow and Kudu [15] support 
columnar representation with the difference that Arrow 
supports ‘in-memory’ storage while Kudu provisions storage 

that is mutable on disk as against Parquet format, which is 
immutable on disk.  

The tradeoffs for using immutable data file format 
(Parquet [14]) include higher throughput for write, easier 
concurrent sharing, access and replication, and no overheads 
related to operations. However, for making any 
modifications, dataset needs to be rewritten. Mutable 
solutions (Kudu [15]) allows higher flexibility in the 
compromise between speeds for making updates and reads. 
The latency for short access is lower owing to quorum 
replication and primary key indexing. Moreover, the 
semantics are similar to that of databases. With that said, a 
separate daemon is required for management.  

When comparing Parquet’s on-disk storage with transient 
in-memory storage of Arrow [17], it is important to note that 
the former allows multiple query access with priority given to 
I/O reduction, but CPU throughput must be good. However, 
on-disk storage is deemed appropriate for streaming access 
only. On the other hand, in-memory storage supports 
streaming, as well as random access, and is focused towards 
execution of a single query. In this case, CPU throughput is 
prioritized even though I/O throughput must also be good. 
Some projects make use of Arrow and Parquet together. 
Pandas [37] is an example of such a usage. The data frame 
from Pandas can be saved onto Parquet, which can then be 
read onto Arrow. The ability of Pandas to work on columns 
of Arrow, allows it to easily 
integrate with Spark. 
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V. CONCLUSION 

This importance of big data file formats can be understood 
from the fact that different technologies in a heterogeneous 
technological environment need to share data to operate. The 
most optimized method for such data sharing is the use of 
common data file formats. This research paper classifies 
available big data file formats into five categories namely 
text-based, row-based, column-based, in-memory and data 
storage services.  

Text-based formats have lost utility in the era of big data. 
However, JSON and XML format usage is common 
considering the fact that they are lightweight and human 
readable. Hadoop provides better ways to store and format 
data on files. Closest to the relational way of storing data is 
row-based format. SequenceFile and Avro belong to this 
category, of which former is the most primitive row-based 
format provided to users.  

Other specialized row-based formats that use 
SequenceFile at their base are also available in Hadoop. 
These include MapFile, SetFile and BloomMapFile. Avro is 
the most commonly used row-based format and is preferred 
for applications that may require all or a majority of the 
columns.  

In most big data scenarios, column-based file formats are 
known to perform better than their row-based counterparts, as 
most queries require retrieval of a few columns for multiple 
rows. Three types of column-based formats are available 
namely mutable, on-disk storage (Kudu), immutable, on-disk 
storage (Parquet) and in-memory storage (Arrow). It is 
important to mention that even though RCFile and ORCFile 
are also available, Parquet is the most popular column-based 
format for that category.  

Some systems use a combination of these formats 
depending on the requirements of the application. Future 
work in this area includes quantitative analysis of available 
file formats using industry use cases. Besides this, the 
selection criteria for big data file formats can be diversified, 
by analyzing the performance file formats for big data 
technologies such as Spark. 
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