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Abstract

Scalable data pipelines are foundational for modern real-time analytics, ingestion, and processing architectures. This study explores the
design, implementation, and evaluation of a robust, scalable pipeline built upon Apache Kafka for stream ingestion and processing, and
the Hadoop ecosystem (HDFS, Hive, Spark) for storage and batch/interactive analytics. We propose a modular architecture comprising
Kafka producers, distributed Kafka clusters, Kafka connectors, Spark Streaming consumers, HDFS storage layers, and Hive metastore
integration. Our contributions include optimized partition/replication strategies for high-throughput publishers; automated failover
and monitoring via Kafka’s MirrorMaker and Prometheus; and dynamic Spark Structured Streaming jobs that scale with workload while
maintaining end-to-end exactly-once semantics. Benchmarking over terabytes of synthetic and real event data shows end-to-end latency
below 5 seconds at input rates of 1M events/sec, with horizontal scale-out maintaining throughput and less than 15% CPU/memory
overhead. Storage optimization via HDFS compression and Hive partitioning reduces data footprint by ~60% and improves query
performance by 4x. A cost analysis demonstrates a 35% cost advantage relative to traditional message queue and ETL-DB solutions,
achieved under cloud execution scenarios. The platform’s generic design facilitates its use in diverse contexts, including fraud detection,
loT stream analytics, and log/event warehousing. We provide insights on deployment best practices, operational monitoring, and tuning
strategies, guiding practitioners toward scalable, fault-tolerant, and cost-effective real-time pipelines.

Keywords: Scalable data pipelines, Apache Kafka, Hadoop ecosystem, Spark Structured Streaming, HDFS, data ingestion, stream
processing, exactly-once semantics, system scalability, fault tolerance.
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We present a modular pipeline architecture comprising
producers, Kafka brokers, Spark Streaming consumers,
and HDFS/Hive storages, integrated with monitoring and
orchestration tools. By benchmarking this system with both
synthetic event streams and real-world logs and time-series
data, we identify performance bottlenecks and tuning
parameters. We conduct cost comparisons against traditional
message-queue + relational/NoSQL data warehouse setups
to uncover tradeoffs in scalability and economics. Our
experimental results demonstrate sustained 1 million events
per second ingestion, sub-5-second processing latency, and
balanced resource utilization through horizontal cluster
elasticity.

The remainder of this paper covers related work in
streaming and big data pipeline design (Section 2), our
system architecture and methodology (Section 3), evaluation
results and operational learnings (Section 4), concluding
insights (Section 5) and future directions (Section 6).

Introduction

Modern applications—from e-commerce and fraud detection
to loT analytics—demand scalable, real-time data pipelines
capable of handling high-volume transactional streams.
Traditional batch-oriented ETL processes, while reliable,
lack the agility and responsiveness needed by these use
cases. In contrast, streaming architectures built on Apache
Kafka provide low-latency ingestion and buffering, enabling
near-instantaneous processing and analytics. The Hadoop
ecosystem—featuring HDFS for durable storage, Spark
for scalable processing, and Hive for SQL-like querying—
complements streaming layers by offering robust analytics
support.

This work addresses the challenge of designing a
scalable, fault-tolerant pipeline infrastructure employing
Kafka and Hadoop, emphasizing practical architecture,
operational resilience, and cost-effectiveness. We investigate
the following research questions: (1) How can we optimally
configure Kafka clusters (in terms of partitions, replication,

and retention) to sustain high-throughput ingestion with Literature Review

low latency? (2) How do we ensure reliable and exactly-once
processing semantics using Spark Structured Streaming?
(3) What HDFS and Hive configurations best support
downstream analytics workloads? (4) How does such a
pipeline perform in cloud-based environments at scale?

Scalable, near-real-time data systems have gained attention
in both academia and industry. Lambda and Kappa
architectures—the former separating batch and streaming
layers, the latter unifying them—have become popular
paradigms. Jay Kreps et al. introduced the Kappa model
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leveraging Kafka for both ingestion and storage, reducing
system complexity. Kreps highlighted the benefits of event-
centric architectures and reprocessing, a concept we align
with in our pipeline.

Challenges in exactly-once semantics, addressed by
Neha Narkhede and team via Kafka transactions and Spark
Structured Streaming checkpoints, are foundational. They
demonstrated stateful processing with end-to-end exactly
once guarantees. Our implementation employs similar
techniques, validating their efficacy at scale.

Research on optimizing Kafka clusters focuses on
throughput tuning via partitioning, replication strategy,
retention settings, and disk I/O considered by Jun Rao et al.
Our work extends these insights by implementing dynamic
partition reassignment based on observed load patterns and
recording latency gains.

On the storage side, previous studies (Zaharia et al.)
demonstrated Spark’s ability to process petabytes of data.
Tuning HDFS configs like block size, compression codecs
(Snappy/Parquet), and Hive partitioning significantly boosts
performance. Studies by Armbrust et al. confirm gains when
storage and compute align for analytics.

Metrics-oriented operational tools, including
Prometheus and Grafana, support production pipelines.
Others, like LinkedIn’s Burrow, focus on Kafka consumer
lag monitoring.

Finally, cost-effectiveness analyses (e.g., on cloud ETL
pipelines) point to tradeoffs between managed services and
self-managed clusters. We integrate these prior findings,
providing empirical insights into throughput, latency, fault-
tolerance, and cost for a Kafka—Hadoop-based pipeline.

Research Methodology

Our study uses a systematic approach combining architectural
design, deployment, benchmarking, and cost modeling.

Pipeline Architecture

We build a modular system including:

- Kafka producers generating synthetic JSON events and
real loT telemetry.
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«  Three-node Kafka clusters with configurable partitions
and replication.

«  Spark Structured Streaming consumers writing processed
data to HDFS in Parquet format with Hive-registered
metadata.

«  Kubernetes deployment for Spark jobs; Prometheus +
Grafana for metrics; MirrorMaker for geo-replication.

Configuration Tuning

We test varying partition counts (10-1000 per topic),
replication factors (1-3), retention durations, and producer
batch sizes. Spark tuning includes checkpointing intervals,
trigger intervals, shuffle partitions, and executor counts.

Benchmarking

Synthetic workloads simulate 1Tk-1M events/sec streams
(~300-byte JSON). Workloads run across cluster sizes (3, 6, 9
Kafka brokers; 5-15 Spark executors). We measure ingestion
throughput, Spark processing latency, error rates, and
resource usage. Real log datasets (web logs, time-series
metrics) validate performance on real payloads.

Storage Performance Analysis

We evaluate different HDFS block sizes (128-512 MB),
compression codecs (none, Snappy, Gzip), and Hive partition
schemas (time-based, topic-based). Query performance is
tested using Spark SQL and Hive on partitioned datasets
spanning weeks/months.

Fault Tolerance and Exactly-Once Guarantees

We simulate broker failures, network partitions, and
consumer restarts. Recovery time, duplicate suppression,
and data consistency are logged

Cost Modeling
We estimate operational cost for on-prem vs AWS-managed
setups (MSK, EMR), using hourly resource pricing and factor
in data egress/storage. Cost per million events processed is
compared.

This methodology integrates deployment, performance
measurement, resilience testing, and cost analysis to derive
a comprehensive evaluation of Kafka—Hadoop pipelines.
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Results and Discussion

Our system sustained 1M events/sec ingestion with 0.95
broker CPU utilization and retained average Spark end-to-
end processing latency under 5 seconds. Horizontal scaling
(adding brokers/executors) increased capacity linearly with
minimal tuning. HDFS configurations with 256 MB blocks and
Snappy-compressed Parquet delivered 4x faster SQL query
times compared to unpartitioned data. Fault-tolerance tests
showed full recovery within 90 seconds after node failures
without data loss or duplication.

Cost analysis on AWS indicates per million events costs
of ~$0.02 in our architecture, versus ~5$0.03-0.04 using
managed ETL + data warehouse. The tradeoff involves
higher engineering overhead for self-managed pipelines
vs simplicity of managed services.Our findings underscore
that Kafka + Hadoop provides a flexible, scalable, and cost-
effective pipeline architecture, suitable for multitenant
analytics, event-driven applications, and near-real-time
dashboards.

Conclusion

We present a practical, scalable pipeline architecture based
on Apache Kafka and the Hadoop ecosystem, capable of
ingesting one million events per second with sub-5-second
processing latency, exactly-once guarantees, and efficient
storage. Our performance benchmarks, fault-tolerance
measures, and cost comparisons validate its suitability

for real-world deployments. The architecture provides a
balanced tradeoff between throughput, latency, reliability,
and cost.

Future Work

Explore integration with Delta Lake and Apache Iceberg
for ACID tables.
Incorporate streaming ML models using Kafka Connect
+ MLlib.
Extend to serverless compute (e.g., Kafka + Faa$).
Investigate Flow Control via backpressure across pipeline
components.
Compare managed services (MSK, Databricks)
performance and TCO.
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