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Abstract— In the recent years, the use of internet get 

increases, so all user wish to store data on cloud computing 

platform. Most of the time user‟s files are small in size, so it 

leads to small files. Hadoop is developed as a software 

structure for distributed processing of large datasets across 

large clusters of computers. Hadoop structure consists of 

Hadoop Distributed file system (HDFS) and Execution 

engine called Map Reduce layers. HDFS has the property of 

handling very large datasets whose sizes are in Megabytes, 

Gigabytes and Terabytes, but the performance of Hadoop 

Distributed file system degrades when handling large 

amount of small size files. The massive numbers of small 

files impose heavy burden to the NameNode of HDFS, 

correlations between small files were not considered for data 

storage. In this paper, an efficient approach is designed to 

improve the storage and access efficiencies of small files, 

small files are classified based on file correlation features 

and File merging and prefetching technique is applied for 

structurally-related small files. AVRO technique is applied 

to further improve the storage and access efficiency of small 

files. Experimental procedures show that the proposed 

technique effectively improves the storage and access 

efficiency of small files when compared with the original 

HDFS. 
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I. INTRODUCTION 

The exponential growth and ubiquity of both structured and 

unstructured data have leaded us into the Big Data. The 

McKinsey Global Institute identified that the data volume is 

growing at 40% per year. Big Data are often defined by four 

key characteristics: Volume, Velocity, Variety and Value. 

While people have been storing, managing and make 

decisions from structured data using relational databases for 

long periods, the characteristics of Big Data have imposed 

challenges that have never existed before for the traditional 

data management infrastructure. The traditional relational 

database (e.g. OracleDB) are good at storing and analyzing 

structured data, while enterprise NAS (Network Attached 

Storage) and SAN (Storage Area Network) systems are 

good at storing unstructured data. However, in the Big Data 

period, the boundary between these two types of data 

infrastructure is blurring, as none of the two alone is capable 

of handling the challenges imposed by Big Data. A new type 

of data management infrastructure that can draw insights 

from large volumes of data in real time is urgently needed. 

Hadoop is such an open-source Big Data 

infrastructure used for storing, managing and analyzing a 

large capacity of data, it is designed to allow distributed 

processing and storage of data across thousands of 

machines. The Hadoop idea initiated from Google, in order 

to store and process the large-scale web index on thousands 

of x86 commodity servers, and has seen been adopted by 

other web giants such as Facebook, Twitter, Linkedin, 

Yahoo, etc,. Hadoop offered a cost-efficient solution for 

managing, storing and analyzing the vast capacities of data. 

For example, Facebook maintains a 30-petabytes of data. 

The Hadoop ecosystem consists of several sub projects. Two 

of these Hadoop projects, the distributed computational 

framework MapReduce and the distributed storage layer 

Hadoop Distributed File System (HDFS), form the very 

foundation of the Hadoop ecosystem. 

In this paper, the performance of HDFS 

dramatically degrades when HDFS stores large amounts of 

small files is addressed. Therefore, storing and accessing a 

large number of small files impose a big challenge to HDFS 

because: (1) Memory of NameNode is highly consumed by 

huge numbers of files; (2) File correlation features is not 

considered for data placement and (3) Additional time is 

taken to process large number of small files. Based on the 

analysis of small file problem, an efficient approach is 

designed for HDFS to reduce the memory consumed by the 

NameNode, and to improve the storage and access 

efficiency of small files and also to decrease the processing 

time taken by the MapReduce job. 

The vital aids of this paper are: 

1) File merging strategy that consider file correlations 

is introduced to address small file problem. 

2) AVRO technique is introduced to improve the 

storage and access efficiency for large number of 

small files.  

The rest of the paper is organized as follows: 

Section II deals with the background of HDFS framework 

and discusses related work. Section III describes system 

design and presents the proposed work. Section IV gives the 

experimental evaluation. Section V provides the conclusion 

of the paper and possible future work. 

II. RELATED WORK 

A. Hadoop Distributed File System: 

Three important goals are vital in designing a large-scale 

storage system for Big Data: 1) reliability, 2) performance 

and 3) total cost of ownership (TCO). The Hadoop 

Distributed File System ([1], [10]) is such a system that is 

designed to provide high sequential access throughput and 

fault tolerant storage on low-cost commodity hardware. In 

contrast to the traditional POSIX distributed file systems 

(e.g., Lustre, PVFS, AFS and Ceph). HDFS is designed to 

support write-once-read-many (WORM) type of workloads 

with streaming access and large data sets (e.g., MapReduce 

[4]). Standard HDFS employs replication of data blocks to 

protect against hardware failures. HDFS has a master/slave 

architecture and consisting of three main components: 

NameNode, DataNodes and Clients, as shown in Figure 1. 
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Fig. 1: Architecture of the Standard HDFS 

A single NameNode manages the file system 

namespace and is in charge of data block placement and 

DataNode management. In HDFS, a single file is split into 

blocks of data with a default size of 64MB and stored across 

the DataNodes. The NameNode will determine where to put 

each block according to a pluggable block placement policy. 

The standard HDFS NameNode stores the file system 

namespace in DRAM for fast access. The NameNode will 

also keep a persistent copy of the file system namespace 

called FsImage on disk for recovery. The modifications to 

the file system namespace are recorded as EditLog and 

periodically merged with the FsImage file so that the 

persistent copy is always up-to-date.  

The DataNodes store the actual file block data and 

are responsible for serving read and write requests from 

Clients. In HDFS, each machine that runs the DataNode is 

an inexpensive commodity x 86 servers with direct attached 

storage (DAS). HDFS employs replication for fault 

tolerance and protect the data blocks against node failures; 

each block will be replicated on three different DataNodes 

by default. DataNodes store the HDFS blocks as files in its 

local file system. 

B. The Map Reduce Framework: 

MapReduce is proposed by Jeff Dean and Sanjay Ghemawat 

from Google as a parallel programming model for 

processing and generating large data sets [4]. MapReduce 

takes care of the parallelization and scheduling of tasks and 

can automatically handle failures. To use MapReduce, a 

user specifies a map function that processes a key/value pair 

to generate a set of intermediate key/value pairs, and a 

reduce function that combines all intermediate values 

associated with the same intermediate key. The MapReduce 

context is both a parallel computation framework and a 

scheduling framework. The Apache MapReduce framework 

consists of two components: a single JobTracker and several 

TaskTracker. In Hadoop cluster environment, the 

JobTracker process runs in co-location with the HDFS 

NameNode and coordinates the job scheduling by assigning 

Map and Reduce tasks to the HDFS DataNodes. The 

TaskTracker process runs in co-location with the HDFS 

DataNodes and accepts tasks called Map, Reduce and 

Shuffle operations from the JobTracker. 

C. Google File Systems: 

Ghemawat et al (2003) presented a File System called 

Google File System (GFS) [5] which was developed at 

Google to meet the rapidly growing demands for processing 

their data. GFS is a distributed file system for processing 

large distributed applications. This file system is widely 

used in Google for storing and processing of large data sets. 

Like other distributed file system, GFS offers high 

performance, scalability, reliability, and availability. A 

Google File System cluster comprises of a single master and 

multiple chunk servers and is accessed by multiple clients. 

This File System is taken as the base for developing the new 

file system in Hadoop called Hadoop Distributed File 

System. 

D. Small File Problem in HDFS: 

The performance of HDFS degrades when handling large 

number of small files. Shen et al merged page files into a 

large one and built an index for each book to store book 

pages in digital libraries. But, there was no detailed 

technique to improve access efficiency. Liu et al [7] 

combined multiple small files into a large one and built a 

hash index for each small file, to store small data of 

Geographic Information System on HDFS. Techniques such 

as merging neighboring files and reserving several versions 

of data were considered. However, there is the same 

problem as in the previous circumstance, besides index 

technology, no mechanism was provided to improve access 

efficiency. Bo Dong et al [12] apply File merging and 

prefetching scheme for structurally-related small files, while 

file grouping and prefetching scheme is used for managing 

logically-related small files. 

III. ENHANCED METHODS FOR SMALL FILE PROBLEM IN 

HDFS 

A. Structurally-Related Small Files (SSF): 

 
Fig. 2: Workflow of File Merging Technique in HDFS 

Structurally-related files are the dependent segments/pieces 

of a large/logical file, because of some reasons; the 

large/logical file is divided into many smaller 

segments/pieces. Structurally-related files have the 
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characteristic that some of them would be merged into a 

fixed set to represent a large or logical file. The set does not 

include additional files and merged file number also fixed. 

Figure 2 shows the Workflow of File Merging technique for 

Structurally-related small files. 

B. File Merging Strategy (FMS): 

Taking the characteristics of structurally-related small files 

into concern, FMP-SSF is suggested. The FMP-SSF 

includes merging structurally-related small files that belong 

to a large/logical file into one file called merged file to 

relieve the memory consumption of NameNode. In HDFS 

clients, File merging operations are carried out, which 

merge structurally-related small files belonging to a large or 

logical file into single merged file. NameNode only keeps 

the metadata of merged files and does not perceive the 

existence of original files, so merging huge amount of small 

files reduces the number of files that need to be maintained 

by NameNode; hence the memory consumed by the 

NameNode also gets reduced. File merging operations 

follows the steps listed below: 

1) Step1: Number of files to be merged needs to be 

listed. 

2) Step2: To establish a local index file.  

3) Step3: To merge the files according to the local 

index file. 

In the proposed method, for storing and accessing 

massive amount of small files in HDFS, A Boundary Filling 

Algorithm is adopted to satisfy the restriction called “that an 

original file should not stretch across two blocks should be 

confirmed with” otherwise, reading the file needs to fetch 

data from two blocks. 

C. Memory Consumption of Namenode: 

Memory of NameNode is highly consumed by huge number 

of small files. Suppose there are N files, whose each file 

lengths are denoted as L1, L2,……,and LN, and the 

computational formula of the consumed memory of 

NameNode is derived by the Equation below, 

MNN=250*N + (368+β)*∑ ⌈
  

   
⌉ 

   +α        (1.1) 

Where, „⌈ ⌉‟ denotes rounding a number up to the 

next higher integer, ∑ ⌈
  

   
⌉ 

    = Number of blocks 

allocated, α = Number of memory bytes that Name Node 

consumed by its own, β = Number of memory bytes 

consumed by the Block Map of a block, HBS = Size of an 

HDFS block. The metadata of a file and a block with three 

replicas consume 250 and 368 bytes of memory, 

correspondingly. The above computational formula is used 

to relieve the memory consumed by the Name Node, the 

number of files that are managed by the Name Node and the 

blocks occupied also gets be reduced. 

D. Estimation of Storage Efficiency: 

Hadoop runs on clusters with thousands of nodes. HDFS has 

one NameNode for each cluster. The overall memory 

accessible on NameNode is the main scalability restriction. 

In large scale clusters, increasing an average size of files 

stored in HDFS helps with increasing cluster size without 

increasing memory requirements on NameNode. 

Large numbers of small files impose heavy burden 

on NameNode of HDFS and also it consume lots of memory 

in the NameNode. Memory of NameNode is mostly 

consumed by the metadata and BlockMap of huge numbers 

of files. Storage capacity is usually not a bottleneck for 

HDFS even if it stores huge numbers of small files. But, the 

memory available on NameNode is the primary limitation of 

HDFS scalability. Hence, in the framework of HDFS, File 

Number per KB of Memory of NameNode (FNPKMN) is an 

important criterion to quantity storage efficiency. Hence 

storage efficiency is estimated according to Equation below, 

FNPKMN =     
 

           
                    (1.2) 

Where, N = number of files stored in HDFS, MNN =   

Memory consumption of NameNode. Based on the equation 

1.3 the storage efficiency index FNPKMN is given as,                               

FNPKMNHDFS=
 

              ∑ ⌈
  

   
⌉ 

     
×1024     

(1.3)                                             

The unit of FNPKMN is file number per KB. The 

unit of the denominator in the above equation is in bytes, so, 

1024 is used as the unit conversion from byte to KB in the 

equation. 

E. Estimation of Access Efficiency: 

Applications that run on HDFS need streaming access to 

their datasets and it is not general purpose applications that 

typically run on general purpose file systems. The main 

importance is on high throughput of data access rather than 

low latency of data access. Millisecond per Accessing a File 

(MSPF), which stands for the average time of accessing a 

file in the benchmark/dataset, is also used to measure access 

efficiency. This is calculated according to Equation 1.4 

below, 

MSPF =  
  

  
                                   (1.4) 

Where, TB = total time of accessing a file, NB = 

number of accessed files. 

F. AVRO Technique for Storing Small Files: 

Avro is a data serialization system. Avro provides rich data 

structures, compact, fast, binary data format. AVRO is a 

container file, to store persistent data and it provides Simple 

integration with the dynamic languages. It is the enhanced 

model to decrease the disk space needed by our data and it is 

flexible after adding or removing fields to our data we can 

still keep reading files previous to the change. 

G. Caching Technique for Small Files: 

Caching technique can be utilized to improve the access 

efficiency of small files. Instead of fetching the interaction-

intensive files from disk, those frequently accessed small 

files will present in the cache memory and it can be accessed 

quickly. Hence the access efficiency of small files gets 

improved effectively.  

IV. EXPERIMENTAL EVALUATION 

The proposed work makes use of the e-books as the dataset, 

which contain the academic files and those files size is taken 

into consideration to estimate storage and access efficiency 

of small files. 
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Storage Efficiency 

Number of Files 

with Different 

Sizes 

Native 

HDFS 

(10
-4

) kb 

FMP-

SSF 

(10
-4

) 

kb 

3 6.66 2.25 

5 0.08 0.017 

6 16.8 2.92 

7 0.041 0.007 

18 14.3 0.83 

20 0.30 0.017 

Table 1: Result Analysis 

Access Time 

Number of Files 

with Different 

Sizes 

Native 

HDFS 

(ms) 

FMP-

SSF 

(ms) 

3 2479 1853 

5 5294 3855 

7 10347 9320 

9 22471 20480 

18 2142 1319 

Table 2: Result Analysis 

Thus, the proposed system compares the result of 

Native HDFS and the proposed FMP-SSF method for 

storage efficiency and access efficiency based on access 

time. The results show that, FMP-SSF performs better than 

Native HDFS with its merging operation. The results can be 

further improved by use of caching technique and also by 

storing the small files in AVRO format. 

A. Performance Analysis and Comparison: 

The following figures show the performance comparison for 

various dataset with different number of files with different 

size. 

 
Fig. 4: Performance Comparison for Storage Efficiency 

 
Fig. 5: Performance Comparison for Access Efficiency 

In this analysis, FMP-SSF produces better storage 

and access efficiency than original HDFS. The performance 

can also be further improved by using caching technique and 

storage based algorithm. 

V. CONCLUSION AND FUTURE WORK 

Hadoop is the distributed processing environment and 

HDFS is the primary distributed storage used by Hadoop 

applications. HDFS gives high throughput access to 

application data and is suitable for applications that have 

large data sets. The performance of HDFS dramatically 

degrades when HDFS stores large amounts of small files. To 

overcome the small file problem in hdfs and to improve the 

storage and access efficiency of small files, criterion for 

quantifying storage and access efficiencies for HDFS are 

defined and enhanced models are produced. In the proposed 

work, FMS is applied for structurally related small files and 

the AVRO technique is used to improve the storage and 

access efficiency of small files. The experimental result for 

storing and accessing small files in hdfs gets improved, 

when comparing to the original HDFS.  

In future work, the storage and access efficiency of 

small files will further improved based on the caching 

technique available and the peak size of a merged file will 

be estimated based on the storage efficiency and access 

efficiency of small files. 
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