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Abstract: Real-time data lakes, which aggregate and process both streaming and batch data, have emerged as key enablers of 

this capability. This paper explores the integration of Apache Flink, a powerful stream processing engine, and Apache Iceberg , 

an open table format, to build a high-performance real-time data lake. The combination of these technologies allows for 

seamless handling of both real-time and historical data, ensuring low-latency queries and efficient storage. We delve into the 

architectural design, key challenges, and optimizations required to implement a robust system capable of handling diverse 

workloads. Furthermore, the paper highlights best practices for managing schema evolution, optimizing data partitioning, and 

ensuring transactional consistency. The integration of Flink and Iceberg not only enhances data accessibility and reliability 

but also offers a scalable solution for organizations seeking to leverage real-time analytics. Our findings demonstrate the 

efficacy of this approach in improving data processing speed, accuracy, and overall system performance. In the era of big 

data, organizations increasingly rely on real-time analytics to gain timely insights and maintain competitive advantage. This 

paper presents a comprehensive approach to designing and implementing a high-performance real-time data lake using 

Apache Flink and Apache Iceberg. We explore how Flink, as a robust stream processing engine, can handle real -time data 

ingestion, processing, and analytics, while Iceberg provides an efficient and scalable data  lake storage format. The integration 

of these technologies is examined to address key challenges such as data consistency, schema evolution, and system 

scalability. Through practical case studies and performance benchmarks, we demonstrate how this architecture supports low-

latency querying, reliable data management, and seamless integration with existing data infrastructure. Our findings provide 

valuable insights into optimizing real-time data lakes for large-scale data operations and highlight best practices for 

leveraging Flink and Iceberg in a modern data ecosystem. 
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1. Introduction   
 

As the volume, velocity, and variety of data continue to 

expand in today's digital landscape, organizations are 

increasingly focusing on real-time data processing to drive 

timely decision-making and operational efficiency. 

Traditional data lakes, though capable of handling massive 

amounts of data, often fall short when it comes to real-time 

analytics due to challenges such as high-latency querying, 

data inconsistency, and inefficient data management. To 

address these challenges, modern data architectures are 

evolving towards real-time data lakes, which combine the 

benefits of both batch and stream processing. Apache Flink, a 

powerful stream processing engine, has emerged as a key 

player in enabling real-time data ingestion and analytics. 

Meanwhile, Apache Iceberg provides an open table format 

that ensures efficient storage and reliable data management 

in data lakes. Together, Flink and Iceberg offer a 

compelling solution for crafting a high-performance real-

time data lake that supports fast, reliable, and scalable data 

processing 

 
This paper explores the integration of Apache Flink and 

Iceberg in building a robust real-time data lake. We delve 

into the capabilities of both technologies, discussing their 

roles in streamlining data ingestion, ensuring data 

consistency, managing schema evolution, and optimizing 

query performance. Through this exploration, we highlight 

key design principles, challenges, and best practices for 

achieving a seamless and high-performance data 

architecture tailored for real-time operations. The rapid 

growth of data in today’s digital landscape necessitates 

advanced solutions for real-time data processing and 

analysis. Traditional data lake architectures often struggle 

with the demands of real-time analytics due to limitations in 

processing speed, data consistency, and scalability. To 

address these challenges, this paper explores the integration 

of Apache Flink and Apache Iceberg to craft a high-

performance real-time data lake. Apache Flink, renowned 
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for its powerful stream processing capabilities, offers robust 

solutions for handling continuous data streams and 

performing complex analytics in real time. Concurrently, 

Apache Iceberg provides an advanced table format designed 

to enhance data lake performance by supporting features 

such as schema evolution, partitioning, and efficient 

querying.  

 

 
Fig. 1 Big Data flow Architecture  

 

The aforementioned outlines the growing recognition within 

the industry that the success of analytics initiatives hinges on 

the ability to go beyond the superficial examination of data 

volume and, instead, to focus on the fundamental aspects of 

data quality. The subsequent sections of this paper will 

unravel the existing challenges associated with data quality in 

the big data landscape, articulate a comprehensive framework 

designed to address these challenges, and propose key metrics 

for evaluating and improving data quality throughout the 

analytics process. By doing so, this research aspires to equip 

organizations and practitioners with the necessary tools to 

navigate the intricacies of big data analytics and unlock its 

full potential by ensuring the reliability and integrity of the 

underlying data.  

 

 
Fig.2 Data Process Magnitudes 

 

In this paper, we delve into the synergy between Flink and 

Iceberg, examining how their combined use can overcome 

the limitations of traditional data lakes. We focus on key 

aspects including data ingestion, processing latency, and 

system scalability. By implementing this integrated 

architecture, organizations can achieve more efficient data 

management, faster insights, and a more responsive data 

infrastructure. Through practical examples and performance 

evaluations, this paper aims to provide a clear roadmap for 

leveraging these technologies to build an optimized real-

time data lake, ultimately supporting more agile and data-

driven decision-making. In the modern era of big data, 

organizations require real-time analytics to extract timely 

insights and maintain operational efficiency. Traditional 

data lakes, however, often fall short when it comes to 

processing and analyzing real-time data at scale. This paper 

explores the integration of Apache Flink, a powerful stream 

processing engine, with Apache Iceberg, an advanced table 

format for data lakes, to build a high-performance real-time 

data lake. Flink's capability for processing continuous data 

streams in real time, combined with Iceberg's scalable and 

flexible data storage, creates an optimized solution for 

handling real-time data workloads. By examining the key 

features and benefits of this integrated architecture, we 

present a framework that enhances data consistency, reduces 

query latency, and ensures scalability in large-scale data 

environments. 

 

2. Review of Literature 
 

The rapid evolution of data processing technologies has led 

to significant advancements in real-time analytics and data 

lake [9] architectures. Apache Flink[4] has emerged as a 

leading framework for stream processing[13], known for its 

ability to handle high-throughput, low-latency workloads in 

real-time environments[3]. Flink’s stateful stream 

processing and event-time handling make it a powerful tool 

for managing continuous data streams[1], enabling real-time 

insights. In parallel, data lakes [11] have become central to 

big data architectures, but traditional implementations often 

face challenges in terms of data consistency, schema 

evolution, and performance[7]. Apache Iceberg addresses 

these issues by offering an open table format optimized for 

large-scale data lakes [9]. Its ability to manage schema 

evolution, partition data efficiently[1], and support snapshot 

isolation provides a more reliable and scalable solution for 

data lake [9] storage. The integration of Flink with Iceberg 

[5] is a recent development aimed at bridging the gap 

between real-time processing and scalable, high-

performance data storage[6]. Previous studies have explored 

individual aspects of Flink's stream processing capabilities 

and Iceberg's advantages in data lake [11] management, but 

there is a growing body of work focusing on how these 

technologies can be combined to deliver high-performance 

real-time data lakes [8].  The existing literature by 

examining how the synergy between Flink and Iceberg can 

overcome the limitations of traditional data lake [2] 

architectures, enabling more efficient real-time data 

processing and analytics[14].  

 

The increasing demand for real-time data processing has 

driven significant advancements in big data architectures. 

Apache Flink has emerged as a leading stream processing 

framework, known for its ability to handle both batch and 

stream data in real time[12].  

 

According to studies, Flink's event-driven architecture 

enables low-latency data processing, making it ideal for 

applications requiring instant analytics and decision-

making. At the same time, Apache Iceberg has 

revolutionized data lake [9] management by introducing 

features like schema evolution, partitioning, and data 

versioning, which were lacking in traditional storage 

formats. Iceberg ensures data consistency and integrity even 

in dynamic, large-scale environments, addressing key 
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challenges identified in earlier data lake [9] frameworks 

such as Apache Hive and HDFS.  

 

Previous research highlights the limitations of traditional 

data lakes [9], which often suffer from issues of 

performance degradation as data volume increases. Studies 

focusing on the integration of stream processing engines 

with modern storage formats emphasize the importance of 

maintaining scalability and consistency in real-time data 

lakes [13].  

 

The combination of Flink and Iceberg has been recognized 

in recent literature as a promising solution that enhances 

real-time analytics capabilities while ensuring efficient data 

management and high availability[10]. This review 

synthesizes these findings to lay the groundwork for 

exploring the architecture, benefits, and practical 

implementation of a high-performance real-time data lake 

[9] using Flink and Iceberg. 

 

3. Research and Methodology 
 

 To Evaluate the performance benefits of using Apache 

Flink for real-time data ingestion and processing. 

 To Examine the role of Apache Iceberg in enhancing the 

scalability, flexibility, and efficiency of data lake 

storage.  
 To Analyze the synergy between Flink and Iceberg in 

addressing the limitations of traditional data lakes, 

including challenges related to data consistency. 

Methodology of Analyze how Apache Iceberg contributes to 

making data lake storage more efficient, adaptable, and 

scalable. 

 

 
 

Code Explanation: 

Setting Up the Environment: To begin constructing a Flink 

task, we first establish a streaming environment using 

Stream Execution Environment. For data intake, we use a 

list of one thousand events to mimic a real-time source like 

Kafka. Connecting to a socket, Kafka, or Kinesis, are all 

examples of real-world streaming sources. In order to 

handle the incoming data, a basic Map Function is used. 

This logic may be expanded to manage more complex 

conversions or aggregations. To assess performance, we 

track how long it takes to process one thousand events. Here 

you may get a ballpark figure for the data intake and 

processing speeds of Flink in a test setting. The Flink task is 

executed by using the env.execute() command. 

 

 
 

 
 

Start by creating a Spark session and selecting Iceberg as 

the table catalogue. This will ensure that Spark can 

communicate with Iceberg. Your data lake whether it's on 

HDFS, S3, or even a local file system should be pointed to 

by the warehouse path. The following columns are added to 
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the employee database using Iceberg: id, name, age, and 

department. The underlying storage mechanism of Iceberg 

efficiently stores this table.  

 

To mimic data input into the data lake, the Iceberg table is 

used. Querying the table and displaying the result 

demonstrates the first data intake. Schema evolution may be 

implemented with Iceberg without the need to change any 

current data. We enter data using the revised schema and 

add a new salary column to the database.  

 

The department column is used to split the table. When 

filtering by department, this division increases query 

efficiency. 

 

Examine how well Flink and Iceberg work together to 

overcome problems with data consistency and other 

shortcomings of conventional data lakes. 

 

You can use SAP HANA to either read data in real-time or 

write processed data to it via Flink. To connect to HANA, 

you must have the PyFlink installation and the SAP HANA 

JDBC driver. The integration is shown by the following: 

 

 

 
 

To specify streaming and table operations, Flink creates two 

environments: Stream Execution Environment and Stream 

Table Environment. The Iceberg catalogue is designed to 

handle the information for Iceberg tables. It is a hive-based 

catalogue. It now makes use of the Hive catalogue backend, 

although it is flexible enough to work with other catalogues, 

such as AWS Glue or a user-defined solution. 

SAP HANA as Data Source: In order to access data in real-

time, a JDBC connection is established to SAP HANA. The 

data is streamed for additional processing after Flink reads it 

from the SAP database via JDBC. A new Iceberg table 

called iceberg_sink_table is established for storage 

purposes. In order to make the database more scalable and 

improve query efficiency, the department column is used to 

split the table. Data is transferred from SAP HANA, 

modified (here by adding a department-based pay field), and 

then written to the Iceberg table. Through the use of 

snapshots and schema evolution support, Iceberg guarantees 

data consistency. The efficiency of queries on the Iceberg 

database is ensured by partitioning by department, which 

also assures data consistency. Iceberg takes care of schema 

evolution, data consistency (by isolating snapshots), and 

writing only consistent data. 

 

Crucial Elements That Resolve Data Lake Deficits: Iceberg 

guarantees snapshot-based consistency for data, isolating 

table reads and writes even when several processes are 

operating in parallel. Thanks to schema evolution, you may 

modify the Iceberg table by adding, removing, or updating 

fields without having to rewrite the whole dataset. This aids 

adaptability and keeps data intact.  

 

Effective Querying: The indexing and partitioning 

capabilities of Iceberg, such as hidden partitioning, enhance 

the efficiency of queries. The Iceberg table is designed to be 

scalable, so queries may be effectively conducted even as 

the data expands. Using Iceberg's time travel queries, you 

may see how the data lake was doing at any given moment 

in time. When it comes to data auditing or rollbacks, this is 

vital for maintaining data consistency and dependability.  

 

Processing Streams with Flink: Flink can process data in 

real-time from SAP HANA and other sources, alter it, and 

then publish it to Iceberg tables in a consistent, low-latency 

way. 
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Iceberg is a data lake management system that guarantees 

efficient storage and flexible querying of stored data. 

Additionally, it manages massive amounts of data via 

segmentation and snapshot-based administration, which 

eliminates consistency and query latency—two common 

problems with data lakes. With SAP HANA as the source, 

you can utilize Flink to do real-time processing on SAP 

HANA data and then save the results to an Iceberg table. 

Combining Flink's scalability with SAP's corporate database 

solutions is possible with this hybrid strategy. By 

orchestrating such pipelines, SAP's Data Intelligence 

platform facilitates integration across SAP, Flink, and 

Iceberg. Executing this Flink operation will show how the 

integration of Flink and Iceberg keeps data consistent, 

scalable, and flexible.  

 

The real-time ingestion is handled by Flink, while the data 

lake is managed by Iceberg with its extensive capabilities.

 

Findings: 

Enhanced Real-Time Processing with Flink: High 

Throughput and Low Latency: Apache Flink’s capabilities 

for processing continuous data streams in real time were 

effectively demonstrated. The system achieved high 

throughput and low latency, allowing for timely data 

ingestion and analysis. 

 

Scalability: Flink’s ability to scale out and handle 

increasing volumes of data efficiently was evident, 

especially when deploying Flink clusters. The system 

managed large data streams without significant performance 

degradation. 

 

Efficient Data Management with Iceberg: Schema 

Evolution: Apache Iceberg’s support for schema evolution 

proved to be a significant advantage. It allowed seamless 

modifications to table schemas without disrupting ongoing 

data operations, enhancing flexibility in managing evolving 

data structures. 

 

Data Consistency: Iceberg’s snapshot isolation and 

transaction management features ensured data consistency. 

The use of snapshots allowed for reliable time travel queries 

and rollback capabilities, addressing common data 

consistency challenges in traditional data lakes. 

 

Synergy Between Flink and Iceberg: The integration of 

Flink and Iceberg resulted in a robust architecture that 

combined real-time processing capabilities with advanced 

data lake management features. This synergy facilitated 

efficient data ingestion, processing, and querying. 

 

Partitioning and Performance: Iceberg’s support for 

partitioning and efficient data layout improved query 

performance. The ability to manage partitions dynamically 

and automatically optimized query execution times. 

 

Resource Utilization: The combined use of Flink and 

Iceberg demonstrated effective resource utilization, with 

Flink managing real-time processing workloads and Iceberg 

optimizing data storage and retrieval. 

 

Suggestions: 

Optimize Data Ingestion Pipelines: Fine-Tune Flink Jobs: 

Regularly review and optimize Flink job configurations to 

enhance performance. Adjust parameters such as 

parallelism, state management, and checkpointing to meet 

specific use cases and data volumes. 

Use Efficient Data Formats: Consider using efficient data 

formats like Parquet or Avro with Iceberg to reduce storage 

costs and improve read/write performance. 

 

Implement Advanced Partitioning Strategies: Use Iceberg’s 

partitioning capabilities effectively to handle large-scale 

data. Consider partitioning by multiple columns or using 

hidden partitioning to further optimize query performance. 

 

Monitor and Manage Snapshots: Regularly monitor Iceberg 

snapshots and manage their retention to ensure optimal 

performance and storage utilization. Implement policies for 

snapshot cleanup and retention based on your data 

management needs. 
 

Implement Data Validation: Incorporate data validation and 

cleansing processes within Flink jobs to ensure high-quality 

data is ingested into the Iceberg table. This will help in 

maintaining data integrity and reliability. 
 

Monitor Data Pipeline Performance: Continuously monitor 

the performance of data pipelines and adjust as needed to 

handle varying data loads and operational requirements. 

 

Conduct Performance Benchmarks: Regularly conduct 

performance benchmarks to evaluate the efficiency of the 

Flink and Iceberg integration. Use these benchmarks to 

identify bottlenecks and optimize the infrastructure. 

 

Scale Infrastructure Appropriately: As data volumes grow, 

scale the Flink cluster and Iceberg storage infrastructure 

accordingly. Ensure that the system can handle increased 

data loads and maintain performance levels. 

 

Integrate with Other Tools: Explore integration with other 

tools and platforms that complement Flink and Iceberg, such 

as data cataloging tools, monitoring solutions, and 

additional data processing frameworks. 

 

Stay Updated with New Releases: Keep abreast of updates 

and new features in Flink and Iceberg. Leverage new 

capabilities to further enhance the performance and 

functionality of the data lake architecture. 
 

Implement automated monitoring systems capable of 

continuously monitoring data quality metrics in real-time. 

Configure alerting mechanisms to notify stakeholders of 

deviations or anomalies that require attention and 

remediation. 
 

Design data quality metrics to be adaptable to the dynamic 

nature of big data analytics environments. Metrics should 
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accommodate evolving data sources, changing business 

requirements, and emerging technologies to ensure relevance 

and effectiveness. 

 

Leverage advanced analytics techniques, including machine 

learning algorithms and predictive analytics, to enhance the 

accuracy and predictive power of data quality metrics. 

Advanced analytics can identify patterns, detect anomalies, 

and predict potential data quality issues before they occur. 

 

4. Conclusion 
 

In the rapidly evolving landscape of data management, the 

integration of Apache Flink and Apache Iceberg offers a 

powerful solution for building a high-performance real-time 

data lake. This study has demonstrated that Flink’s advanced 

stream processing capabilities, combined with Iceberg’s 

robust data lake management features, address many of the 

traditional shortcomings associated with real-time data 

processing and storage. In conclusion, the integration of 

Apache Flink and Apache Iceberg represents a significant 

advancement in real-time data lake architecture. By adopting 

these technologies, organizations can achieve improved data 

consistency, scalability, and efficiency, ultimately leading to 

more effective data-driven decision-making and operational 

excellence in the evolving landscape of big data, the 

integration of Apache Flink and Apache Iceberg offers a 

compelling solution for building high-performance real-time 

data lakes. This paper explored how Flink's robust stream 

processing capabilities, combined with Iceberg's advanced 

table format, create a powerful architecture for managing 

real-time data ingestion, processing, and storage. Apache 

Flink demonstrates exceptional performance in handling 

high-throughput, low-latency data streams, making it well-

suited for real-time analytics and continuous data processing. 

Its scalability and event-time processing features enable 

organizations to achieve timely insights and maintain 

operational efficiency. Apache Iceberg, on the other hand, 

addresses many limitations of traditional data lakes by 

providing scalable data storage with support for schema 

evolution, partitioning, and snapshot isolation. These features 

ensure data consistency, flexibility, and efficient querying, 

which are critical for managing large-scale data 

environments. The synergy between Flink and Iceberg 

leverages the strengths of both technologies to overcome 

common challenges associated with data lakes, such as data 

consistency, performance bottlenecks, and schema 

management. By integrating Flink's real-time processing with 

Iceberg's sophisticated data management, organizations can 

achieve a more reliable, scalable, and efficient data lake 

architecture. In summary, the combination of Flink and 

Iceberg provides a robust framework for crafting high-

performance real-time data lakes. This integration not only 

enhances data processing and storage capabilities but also 

ensures that data lakes remain flexible and responsive to 

evolving business needs. Future work can focus on further 

optimizing this integration and exploring additional use cases 

and innovations to continually advance the capabilities of 

real-time data lakes. Apache Flink excels in handling 

continuous data streams with high throughput and low 

latency, making it ideal for real-time data ingestion and 

analytics. Its scalability ensures that it can manage growing 

data volumes effectively. Apache Iceberg provides significant 

benefits in managing large-scale data lakes. Its support for 

schema evolution, snapshot isolation, and partitioning 

enhances data consistency, flexibility, and query 

performance. The combination of Flink and Iceberg creates a 

robust architecture that leverages the strengths of both 

technologies. This integration facilitates efficient data 

ingestion, processing, and storage, overcoming traditional 

data lake challenges. To fully leverage the capabilities of 

Flink and Iceberg, organizations should optimize their data 

ingestion pipelines, utilize Iceberg’s advanced features for 

large-scale data management, and continuously monitor and 

scale their infrastructure. Implementing best practices for data 

quality and performance benchmarking will further enhance 

the effectiveness of the data lake 
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