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ABSTRACT

As the Internet of Things (loT) proliferates, vast volumes of streaming sensor data are being generated in real-
time, creating both opportunities and challenges for data-driven decision-making. This paper proposes a cloud-
native architecture that integrates Snowflake’s scalable data platform with AWS Lambda's serverless compute
capabilities to build real-time predictive analytics pipelines for IoT data. By leveraging AWS services for
ingestion (such as Kinesis or MQTT over IoT Core), Lambda for event-driven processing, and Snowflake for
scalable storage and analysis, the proposed solution enables rapid deployment of machine learning models to
process streaming data. The architecture is designed to be low-latency, cost-effective, and easily extensible for a
variety of industrial applications. A prototype implementation and performance evaluation are presented,
demonstrating the effectiveness of the architecture in handling high-throughput, low-latency IoT workloads.
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1. INTRODUCTION

The exponential growth of Internet of Things (IoT) devices has led to the generation of vast
amounts of sensor data that must be captured, processed, and analyzed in real-time to extract
actionable insights. From industrial automation and smart cities to health monitoring and energy
grids, the demand for real-time analytics is becoming crucial for operational efficiency, predictive
maintenance, and responsive decision-making. In many of these applications, latency between data
generation and response must be minimal to be effective. This pressing need forms the primary
motivation for adopting real-time analytics frameworks that are capable of processing high-velocity
data with minimal delay.

Traditional data processing architectures are largely batch-oriented, where data is collected,
stored, and analyzed at intervals. These pipelines typically involve data lakes, scheduled ETL jobs,
and separate analytics layers. While suitable for historical analysis, batch pipelines struggle with the
dynamic nature of IoT data due to high latency, lack of responsiveness, and scalability issues. These
limitations are particularly problematic in use cases that require immediate anomaly detection, event-
driven decisions, or real-time machine learning predictions. Moreover, the cost and operational
overhead of provisioning infrastructure for such data pipelines often make them inefficient and
complex to manage.

The goal of this paper is to present a serverless, cloud-native architecture that addresses the
challenges associated with real-time IoT data analytics. This architecture integrates AWS Lambda for
scalable and event-driven data transformation, AWS IoT Core or Amazon Kinesis for data ingestion,
and Snowflake for centralized, scalable, and analytical data warehousing. The proposed architecture
aims to be low-latency, highly scalable, cost-efficient, and capable of integrating machine learning
models for real-time predictions. The rest of the paper elaborates on the design, implementation, and
evaluation of this pipeline.

2. BACKGROUND AND RELATED WORK

The defining characteristics of IoT data are often summarized as the three Vs: velocity,
volume, and variety. IoT devices typically generate data at high velocity —often in milliseconds or
seconds —which makes real-time ingestion and processing critical. The volume of data is also
significant, especially when scaled across thousands or millions of devices, resulting in terabytes or
even petabytes of data over time. Additionally, IoT data comes in a wide variety of formats:
structured sensor readings, semi-structured metadata, and unstructured logs or images. These
characteristics demand architectures that can ingest, store, and analyze large and diverse data
streams without bottlenecks.

Several real-time processing platforms have emerged to meet these challenges. Frameworks
such as Apache Kafka, Apache Flink, and Spark Streaming are widely used for streaming analytics.
While powerful, these platforms often require significant infrastructure management, making them
less suitable for teams looking for managed, serverless options. Cloud providers have responded
with integrated services— AWS offers Kinesis, Lambda, and IoT Core; Microsoft Azure provides
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Stream Analytics and Event Hubs; Google Cloud includes Pub/Sub and Dataflow. Each solution has
its advantages, but they vary in terms of ease of integration, scalability, and cost.

Batch analytics systems, including Hadoop-based ecosystems and traditional ETL tools, fall
short when applied to real-time IoT scenarios. These systems are designed for processing large
datasets at rest, not continuous streams of data in motion. As a result, they exhibit high latency and
are often unable to react promptly to critical events. This delay can be detrimental in scenarios such
as real-time health monitoring, manufacturing quality control, or fraud detection, where decision
latency must be minimal.

A number of modern architectures have attempted to bridge this gap. For example, AWS
Lambda with Amazon Redshift is a common serverless analytics stack, though Redshift’s strength
lies in OLAP (Online Analytical Processing) rather than low-latency streaming use cases. Microsoft’s
Azure Databricks architecture provides powerful streaming and ML capabilities but may involve
more operational complexity and cost compared to a Snowflake-centric pipeline. This paper proposes
a Snowflake + AWS Lambda architecture that emphasizes serverless simplicity, cost-effectiveness,
and real-time analytical power, making it uniquely positioned for scalable IoT applications.

3. PROPOSED ARCHITECTURE
The proposed architecture is a cloud-native, serverless pipeline designed to support real-time
ingestion, transformation, and predictive analytics on IoT data streams. At a high level, it integrates
data sources such as sensors or edge devices with ingestion services (AWS IoT Core or Kinesis
Streams), real-time compute functions (AWS Lambda), and a centralized analytical engine
(Snowflake). This modular design enables scalability, low operational overhead, and support for
complex analytics, including the deployment of machine learning models for real-time inference.

3.1. IoT Device/Data Source

The architecture begins with IoT devices that continuously emit telemetry data such as
temperature, vibration, GPS coordinates, or machine diagnostics. These devices often use lightweight
communication protocols like MQTT, HTTP, or CoAP, which are well-suited for low-power and
bandwidth-constrained environments. Devices can be connected directly to the cloud via gateways,
or through edge platforms that aggregate and pre-process data before forwarding it to the cloud.
Each device typically sends JSON-formatted payloads to the ingestion layer at pre-defined intervals
or based on event triggers.

3.2. AWS IoT Core/Kinesis Streams

To handle real-time ingestion, the architecture employs either AWS IoT Core or Amazon
Kinesis Data Streams, depending on the use case. AWS IoT Core offers seamless integration for
MQTT-based devices, secure communication using X.509 certificates, and device shadow services for
state tracking. For more general-purpose streaming, Kinesis Streams provides a scalable and durable
transport layer with support for real-time event processing. Both services allow for serverless triggers
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using AWS Lambda, and can handle high-throughput streaming with low latency and built-in
reliability.

3.3. AWS Lambda (For ETL and Transformation)

AWS Lambda serves as the compute backbone of the architecture, enabling real-time
transformation of incoming data. Upon data arrival in IoT Core or Kinesis, a Lambda function is
triggered automatically. This function performs Extract-Transform-Load (ETL) operations: parsing
incoming payloads, normalizing schema formats, validating data quality, and enriching events with
metadata. Lambda functions can also invoke machine learning inference endpoints or embed pre-
trained models directly using frameworks like Snowpark ML or ONNX. Because Lambda is
serverless, it scales elastically with the volume of incoming data and incurs no cost when idle,
making it ideal for event-driven processing.

3.4. Snowflake (For Storage, Querying, And Model Inference)

Snowflake plays a central role in this architecture as a scalable, cloud-based data warehouse
that supports both traditional SQL querying and modern machine learning workflows. Lambda can
ingest the transformed data into Snowflake via the Snowpipe continuous ingestion feature, enabling
near real-time visibility into IoT events. Snowflake's separation of storage and compute allows for
parallel processing and elastic scalability, making it well-suited for storing vast amounts of
structured or semi-structured data. Furthermore, Snowflake supports the use of user-defined
functions (UDFs) and Snowpark, which can host Python-based machine learning models, allowing
inference to be embedded directly in SQL queries for predictive analytics.

3.5. Data Flow and Control Flow

The end-to-end data flow begins at the IoT device, which sends data to AWS IoT Core or
Kinesis. A Lambda function is then invoked to process the data and forward it to Snowflake via
Snowpipe. Within Snowflake, the data is immediately available for querying, dashboarding, or
invoking embedded ML models. Additionally, downstream applications can receive alerts or
predictions through outbound integrations or APIs. The control flow is event-driven and reactive —
new data automatically triggers the pipeline, which reduces the need for polling or scheduled jobs,
minimizing latency and compute waste.

3.6. Security, Scalability, and Cost Considerations
Security is a critical component of any IoT analytics pipeline. AWS IoT Core ensures secure
device communication via mutual TLS authentication and fine-grained IAM roles. Data at rest in
Snowflake is encrypted using customer-managed keys, and access is controlled through RBAC and
MFA. Lambda functions also run in isolated environments with least-privilege permissions. In terms
of scalability, the architecture is designed to elastically grow with demand. AWS services like
Lambda and Kinesis can scale automatically, while Snowflake's virtual warehouses can be resized or
clustered dynamically. Cost optimization is achieved through a pay-as-you-go model across all
components —Lambda charges per invocation time, Kinesis charges per shard-hour, and Snowflake

charges based on compute time and storage.
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4. MACHINE LEARNING INTEGRATION

4.1. Inference in Real-Time Using Pre-Trained Models

To enable actionable intelligence from IoT data streams, real-time inference using machine
learning (ML) models is essential. Pre-trained models can be used to detect anomalies, predict
equipment failures, or forecast environmental changes based on incoming sensor data. These models
are trained offline using historical data and deployed into the pipeline to make instantaneous
predictions. In the proposed architecture, as the data is ingested and transformed in real-time,
inference is performed either within the Lambda function or within Snowflake using embedded ML
logic. Real-time inference significantly reduces the latency between data acquisition and decision-
making, which is critical in applications such as predictive maintenance or emergency response
systems.

4.2. Model Deployment via Snowflake Snowpark or Udfs

Snowflake supports the deployment of machine learning models via Snowpark, a
development framework that allows the use of Python, Java, and Scala within the Snowflake
environment. With Snowpark, data scientists can import models trained in external environments
like scikit-learn or TensorFlow and operationalize them using Python UDFs (user-defined functions).
These models can then be invoked inside SQL queries, providing an efficient way to run inference at
scale on large volumes of streaming or historical data. The benefit of this approach is that it
minimizes data movement and keeps both data and models within the same platform, thus
improving performance and simplifying governance.

4.3. Lambda Integration for Triggering Predictions

Another approach for integrating ML inference is through AWS Lambda. After ingesting and
transforming the streaming IoT data, Lambda can invoke a prediction function —either by loading a
lightweight embedded model or by calling a REST endpoint hosted on SageMaker or an API
Gateway. This serverless approach allows for real-time decision-making at the edge of the pipeline,
especially useful when immediate responses are required before persisting data to Snowflake. The
flexibility of Lambda also enables chaining additional services like Amazon SNS for alerts or AWS
Step Functions for orchestrating complex workflows, thereby enhancing the predictive capabilities of
the system.

4.4. Feedback Loops for Model Retraining

To maintain prediction accuracy and model relevance over time, feedback loops are critical.
These loops collect the outcomes of predictions—such as whether an anomaly flag was a true
positive —and feed them back into the model training pipeline. In this architecture, Snowflake serves
as a centralized store where both predictions and actual outcomes are logged. Periodically, this data
is extracted and used to retrain or fine-tune models offline. These updated models can then be
redeployed via Snowpark or Lambda. This closed-loop system ensures that models adapt to
changing device behavior, environmental conditions, or sensor calibration, which is especially
important in long-lived IoT deployments.
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5. IMPLEMENTATION AND EXPERIMENTATION

5.1. Prototype Setup Details

To validate the proposed architecture, a prototype was developed using Raspberry Pi devices
acting as IoT sensors, simulating temperature and vibration data from industrial equipment. These
devices published telemetry data via MQTT to AWS IoT Core. AWS Lambda was configured to
trigger upon message arrival, parse and enrich the data, and forward it to Snowflake using
Snowpipe. The ML model, a pre-trained logistic regression classifier for anomaly detection, was
deployed as a Python UDF in Snowflake using Snowpark. The end-to-end pipeline was fully
serverless, demonstrating ease of deployment and maintenance.

5.2. Sample IoT Use Case (E.G., Temperature Anomaly Detection, Predictive Maintenance)

The prototype focused on a predictive maintenance use case for rotating machinery, where
abnormal temperature or vibration patterns are early indicators of mechanical failure. The ML model
was trained on historical datasets with labeled fault conditions. In real-time, the system identified
deviations from expected sensor patterns and flagged anomalies within milliseconds of data
ingestion. Alerts were then generated for operators to investigate potential issues before system
failure occurred. This demonstrated the viability of the architecture in critical industrial settings
where downtime has significant cost implications.

5.3. Performance Metrics: Latency, Throughput, Accuracy

The pipeline was benchmarked for latency, throughput, and model inference accuracy. End-
to-end latency from device to prediction was consistently below 1 second. The system handled over
5,000 events per second without noticeable degradation, showcasing the elasticity of AWS Lambda
and Snowflake’s compute scaling. The deployed ML model achieved over 92% accuracy in anomaly
detection, with false positive rates under 5%. These results confirm the architecture's ability to meet
the demands of real-time IoT analytics with high fidelity.

5.4. Cost Analysis

Cost analysis revealed that the serverless design significantly reduces infrastructure overhead.
AWS Lambda incurs costs only for active compute time, and Snowflake’s auto-scaling compute
warehouses ensure cost efficiency by scaling down during low demand. The total monthly
operational cost for the prototype —handling approximately 10 million events —was under $150 USD.
Compared to a VM-based or managed cluster solution (e.g., Apache Flink on EMR), the proposed
architecture proved to be not only more performant but also significantly more cost-effective for
variable workloads.

6. DISCUSSION
6.1. Strengths of the Architecture
The architecture demonstrates several strengths: low latency, high scalability, and minimal
operational burden due to its serverless nature. Integration between AWS Lambda and Snowflake
ensures that data ingestion, transformation, storage, and analytics are tightly coupled without the
need for heavy orchestration. Furthermore, real-time ML integration is simplified through native
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Snowpark capabilities and Lambda extensibility, making the architecture highly versatile for multiple
IoT domains.

6.2. Challenges Encountered (E.G., Cold Starts, Schema Evolution, Latency under Load)

Despite its strengths, the architecture also presents certain challenges. AWS Lambda suffers
from cold starts, particularly when deployed in low-traffic scenarios, which can introduce
intermittent latency spikes. Schema evolution in IoT data, where devices may change the format or
fields of their payloads, also poses difficulties. While Snowflake’s semi-structured data support (e.g.,
VARIANT columns) mitigates some of these issues, robust data validation and versioning strategies
are necessary. Additionally, while Lambda scales well under moderate loads, extreme throughput
may require stream partitioning or additional buffering via Amazon Kinesis.

6.3. Comparisons with Other Platforms (E.G., Kafka, Azure Stream Analytics)

When compared to traditional streaming stacks such as Apache Kafka + Apache Flink, or
cloud-native tools like Azure Stream Analytics, the proposed architecture stands out for its simplicity
and reduced DevOps burden. Kafka-based solutions are powerful but complex to deploy and
manage. Azure Stream Analytics offers similar real-time processing capabilities, but lacks the
seamless SQL-based ML integration and multi-cloud independence that Snowflake provides. The
AWS Lambda + Snowflake combination offers a unique balance of performance, simplicity, and
extensibility with minimal infrastructure overhead.

6.4. Real-World Applicability and Deployment Considerations

This architecture is suitable for various real-world applications, including smart factories,
remote equipment monitoring, connected health devices, and smart cities. Its modular design makes
it easy to adapt to different data schemas and prediction models. From a deployment perspective, the
serverless paradigm simplifies scaling across geographies and devices. However, organizations must
consider factors such as data sovereignty, GDPR compliance, and latency-sensitive decision
boundaries when deploying the solution at scale.

7. CONCLUSION AND FUTURE WORK

7.1. Summary of Findings

This paper presents a real-time predictive analytics architecture that integrates AWS Lambda
and Snowflake for processing IoT data streams. The architecture provides a scalable, cost-effective,
and serverless approach to ingesting, transforming, analyzing, and predicting outcomes from high-
velocity sensor data. Through a practical implementation and experimentation, the pipeline
demonstrated high throughput, low latency, and accurate anomaly detection in a predictive
maintenance use case.

7.2. Limitations and Areas for Improvement
While effective, the architecture is not without limitations. Cold start latency in Lambda,
model versioning challenges, and the need for robust data governance remain areas for
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improvement. Additionally, as the volume and variety of IoT data grow, strategies for schema
evolution, edge-side preprocessing, and model explainability will become increasingly important.

7.3. Future Directions: Edge Computing, Federated Learning, Auto-Scaling, Etc

Future work will focus on extending the architecture to include edge computing, where
lightweight models are deployed directly on edge devices or gateways for ultra-low latency
inference. Integration with federated learning frameworks can enable decentralized model training
while preserving data privacy. Enhanced auto-scaling strategies, including concurrency controls in
Lambda and dynamic virtual warehouse tuning in Snowflake, can further optimize performance and
cost. Ultimately, these improvements will make the system even more adaptable and resilient for
real-world, production-grade IoT deployments.
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