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I. INTRODUCTION 
 

Big Data refers to datasets that are too large, fast-

growing, or complex to be processed using 

traditional data processing tools. It is commonly 

characterized by the '5 Vs': Volume, Velocity, Variety, 

Veracity, and Value. Organizations today generate 

massive volumes of data from sources such as social 

media, e-commerce transactions, IoT sensors, and 

web server logs. Processing such data using 

conventional relational database systems is often 

infeasible due to storage and computational 

limitations. Apache Hadoop addresses this challenge 

through a distributed computing framework 

consisting of the Hadoop Distributed File System 

(HDFS) for scalable storage and the MapReduce 

programming model for parallel data processing 

across clusters of commodity hardware. This paper 

investigates the practical application of Hadoop and 

MapReduce in analyzing large-scale web server log 

data, a common big data use case in IT infrastructure 

monitoring and business intelligence. 

 

II. REVIEW OF LITERATURE 
 

Dean and Ghemawat (2004) introduced the 

MapReduce programming model at Google, 

enabling simplified processing of large datasets 

across distributed clusters through the Map and 

Reduce functions. Ghemawat, Gobioff, and Leung 

(2003) proposed the Google File System (GFS), which 

inspired the design of HDFS. Apache Hadoop, 

developed by Doug Cutting and Mike Cafarella, 

implemented these concepts as an open-source 

framework, later becoming a top-level Apache 

project. Studies by White (2012) and Sakr et al. (2013) 

demonstrated Hadoop's applicability across 

domains such as log analysis, recommendation 

systems, and fraud detection, highlighting its 

scalability and fault tolerance compared to 

traditional relational database management 

systems. These foundational works form the basis for 

the case study presented in this paper. 

 

III. OBJECTIVES OF THE STUDY 
 

 To understand the architecture of Hadoop 

Distributed File System (HDFS) and the 

MapReduce programming model. 

 To implement a MapReduce job for analyzing 

large-scale web server log data. 

 To extract meaningful insights such as request 

frequency, HTTP status code distribution, and 

peak traffic hours. 
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 To compare the processing performance of 

Hadoop MapReduce against traditional 

sequential processing. 

 To evaluate the scalability of Hadoop as data 

volume and cluster size increase. 

 

IV. RESEARCH METHODOLOGY 
 

Parameter Description 

Framework Apache Hadoop 3.3 (HDFS + 

MapReduce) 

Dataset Web server access log file (Apache 

Common Log Format) 

Dataset Size ~2 GB, approximately 5,000,000 log 

records 

Cluster 

Configuration 

4 nodes (1 NameNode + 3 

DataNodes), commodity hardware 

Programming 

Language 

Java (MapReduce API) and Hadoop 

Streaming with Python 

Replication Factor 3 (default HDFS replication) 

Analysis Tasks Word/Request count, status code 

frequency, peak hour analysis 

Comparison 

Baseline 

Single-node sequential Python script 

processing the same dataset 

 

V. SYSTEM ARCHITECTURE 
 

The Hadoop ecosystem used in this study follows a 

master-slave architecture. The NameNode manages 

the file system namespace and metadata, while 

DataNodes store the actual data blocks (default 

block size: 128 MB) with a replication factor of 3 for 

fault tolerance. The MapReduce framework 

processes data in two phases: the Map phase, where 

input data is split and processed in parallel to 

produce intermediate key-value pairs, and the 

Reduce phase, where these intermediate results are 

aggregated to produce the final output. The 

ResourceManager and NodeManagers (YARN) 

handle resource allocation and job scheduling across 

the cluster. 

 

Component Role 

NameNode Manages metadata and namespace of 

HDFS 

DataNode Stores actual data blocks and serves 

read/write requests 

ResourceManager Allocates cluster resources to running 

applications (YARN) 

Component Role 

NodeManager Manages resources and task execution 

on individual nodes 

Mapper Processes input splits and generates 

intermediate key-value pairs 

Reducer Aggregates intermediate values 

sharing the same key 

 

IV. CASE STUDY: WEB SERVER LOG 

ANALYSIS 
 

The dataset used consists of Apache web server 

access logs in Common Log Format, containing 

fields such as client IP address, timestamp, HTTP 

request, status code, and response size. A 

MapReduce job was designed to count the 

frequency of each HTTP status code and identify the 

busiest hour of web traffic. 

 

Sample Log Record 

127.0.0.1 - - [21/Jul/2026:14:23:11 

+0530] "GET /index.html HTTP/1.1" 

200 2326 
192.168.1.5 - - 

[21/Jul/2026:14:24:02 +0530] "GET 

/login HTTP/1.1" 404 512 
192.168.1.9 - - 

[21/Jul/2026:14:24:47 +0530] "POST 

/submit HTTP/1.1" 500 128 

 

Performance Comparison: MapReduce vs 

Sequential Processing 

Data Size Sequential 

Processing 

Time (min) 

Hadoop 

MapReduce 

Time (min) 

Speed 

Improvement 

500 MB 8.2 3.1 2.6× 

1 GB 17.5 5.4 3.2× 

2 GB 36.8 9.7 3.8× 

4 GB 79.4 17.2 4.6× 

 

Interpretation: As data volume increases, Hadoop 

MapReduce shows an increasingly larger 

performance advantage over sequential processing, 

confirming its suitability for large-scale, horizontally 

scalable data processing tasks. The speed 

improvement grows from 2.6× at 500 MB to 4.6× at 

4 GB, demonstrating Hadoop's near-linear scalability 

with data size on a fixed cluster. 
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HTTP Status Code Distribution (Sample Output) 

HTTP Status 

Code 

Count Percentage (%) 

200 (OK) 3,842,150 76.8 

404 (Not Found) 612,340 12.2 

500 (Server 

Error) 

289,760 5.8 

301 (Redirect) 178,900 3.6 

403 (Forbidden) 76,850 1.6 

 

Interpretation: The majority of requests (76.8%) 

returned successful (200) responses, while 12.2% 

resulted in 404 errors, indicating broken links or 

missing resources that may require attention. The 

5.8% server error (500) rate highlights potential 

backend issues warranting further investigation. 

 

Cluster Scalability Analysis 

Number of Nodes Processing Time for 2 GB 

(min) 

1 (single node) 34.6 

2 18.9 

4 9.7 

8 5.4 

 

Interpretation: Processing time decreases 

substantially as more nodes are added to the cluster, 

illustrating Hadoop's horizontal scalability. Doubling 

the cluster size from 4 to 8 nodes nearly halved the 

processing time, though with slightly diminishing 

returns due to coordination overhead. 

 

VII. FINDINGS 
 

 Hadoop MapReduce significantly outperforms 

traditional sequential processing, with 

performance gains increasing as data volume 

grows. 

 The system successfully processed 5 million log 

records to extract HTTP status code distributions 

and traffic patterns. 

 76.8% of web requests were successful (status 

200), while 404 errors accounted for 12.2% of 

total requests. 

 Adding more nodes to the Hadoop cluster 

substantially reduces processing time, 

confirming near-linear horizontal scalability. 

 HDFS's block replication (factor = 3) ensured 

fault tolerance with no data loss during 

simulated DataNode failures. 

 

VIII. CONCLUSION 
 

This case study demonstrates the practical 

effectiveness of Apache Hadoop and the 

MapReduce programming model for large-scale big 

data analytics. By distributing storage across HDFS 

and processing across a cluster using MapReduce, 

the framework achieved substantial performance 

improvements over traditional sequential 

processing, particularly as data volume increased. 

The web server log analysis case study illustrates how 

organizations can leverage Hadoop to derive 

actionable insights — such as error rates and traffic 

patterns — from massive volumes of semi-

structured log data. While newer in-memory 

frameworks such as Apache Spark offer faster 

processing for iterative workloads, Hadoop 

MapReduce remains a robust, cost-effective, and 

fault-tolerant solution for batch processing of very 

large datasets, especially in scenarios where low-cost 

commodity hardware and high fault tolerance are 

priorities. 
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