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CONFIGURING THE STRUCTURE OF THE SERVERLESS SYSTEM
FOR EFFICIENT DATA COLLECTION

Collecting and analyzing the vast amount of data in different formats and from different vendors was always important
for modern software of all kinds. It brings us to the urge of creating a system that is flexible, scalable, and effective with
capabilities such as fetching, processing, and storing this data. Modular abstraction helps in making the system generic
and overcoming some limitations of data providers and vendors. Also helping to handle different formats and process
high-volume workloads in parallel with a comprehensive error-handling strategy. Serverless architecture also plays
a huge part in achieving desired results. The essential architectural elements are: AWS Lambda, S3, Event Bridge, SQOS,
and Athena. All of them are the core of building a fault-tolerant, efficient pipeline which can work with various domains,
API'’s and handle different regulations. Metadata-driven orchestration approach allows seamless vendor integration and
support. Moreover, those methods allows the system to be more trackable, easy to test and secure, due to basic cloud
solutions provided by certain cloud-provider, which is being used. Modular experimental estimation demonstrates the
effectiveness of the system compared to alternative solutions that are currently widely used. It s a new step for the collection
of data from 3" party resources as it’s also providing more versatility and configurability on top of discussed topics.

This research is focused on the creation of an advanced pipeline for analyzing climate and environment-related
datasets from various external providers (collection, organization, storage, transformation, analysis). The solution must
be flexible and adapt to different user needs and extensions. It shouldn t only focus on the initial state of the data collection
process, but extend beyond that, to be prepared to effectively operate data with other external services. The system should
be ready to handle a list of factors that may appear during the process of data collection. Such as: non-consistent data/
metadata, quotas, server downtime, dynamic schema evolution, and so on. For these reasons, it is advisable to propose
a modular, event-driven, and serverless architecture that will lead to the orchestration of the entire workflow described.

The system should allow the dynamic adjustments to data-fetching strategies based on relevant situation, real-
time statistics and providers reliability. The architecture supports extensibility for future data sources and analytical
modules, promoting long-term maintainability and adaptability. Integration with services like AWS Secrets Manager and
MongoDB enhances security and centralized management of access credentials and vendor state. Furthermore, the use
of Athena-based querying enables near real-time analytical capabilities over large, semi-structured datasets, supporting
advanced insights generation. These design decisions contribute to a resilient, future-proof solution tailored to the needs
of complex, large-scale data ecosystems.

Key words: Data-collecting, Serverless Architecture, AWS, Cloud data pipelines, Environmental data.
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HAJAIITYBAHHSA CTPYKTYPH BE3CEPBEPHOI CUCTEMM IS EGEKTUBHOI'O 350PY JTAHUX

36ip ma ananiz eenuuesHoi KitbKocmi OAHUX Y PI3HUX hopmamax ma 8i0 pizHUX NOCMA4ANbHUKIE 3A624cOU 018 8aAXHCIU-
8UM OJ151 CYHACHO20 NPOZPAMHO20 3a6e3neuents 6cix 6udis. Lle cnonykae Hac 00 npazHenHs cCmeopumu SHyyKy, Macuma-
bosany ma egpexmugny cucmemy 3 maKuMu MOICIUBOCMAMU, AK 6UbipKka, 00podka ma 30epicanns yux danux. Mooynvua
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abcmpaxyis 0onomazae 3pooumu cucmemy YHi8epcaibHO0 ma noooaamu 0esKi 00MedceHHs: NOCMAYaIbHUKIE OaHUX ma
nocmauanbhukis. Takode oonomazae obpodasimu pizni popmamu ma eenuxi 06csa2u podoHUxX HABAHMANCEHb NAPATIENLHO
3 KOMIIIEKCHOI cmpamezicio 0opodku nomuniok. bezcepsepna apximexmypa maxkooic 8idicpac eenuyesny pois y 00CACHEHHI
basicanux pesynomamis. Ocnoguumu apximexmypHumu eremenmamu €: AWS Lambda, S3, Event Bridge, SOS ma Athena.
Bci 6onu € ocrosoio no6yoosu 6iomosocmitikoeo, epekmusHo2o KOHGeEPd, AKULL MOICe NPAYIo8aAmY 3 PI3HUMU OOMEHA-
mu, APl ma obpobasmu pisni npasuna. I1ioxio opkecmpayii Ha 0cHo8i Memaodanux 3a6e3neyye besnepeukoony iHmeepa-
yiro ma niompumxy nocmauansruxis. Kpim moeo, yi memoou dozeonsroms cucmemi Oymu 6invul 8i0CMeAHCy8aAHOI0, 1€2KOK0
6 mecmyeaHni ma 6e3neuHoIo 3a60KU OAZ06UM XMAPHUM PIUEHHAM, W0 HAOAIOMbCS NEGHUM XMAPHUM NOCMAYANbHUKOM,
SKULL BUKOPUCMOBYEMbCS. MOoOYIbHA eKCnepuMeHmanbHa OYinKa OeMOHCMPYE eheKmMUBHICIb CUCTEMU NOPIGHSIHO 3 Allb-
MEPHAMUSHUMU PIUEHHAMU, AKI 3aPa3 WUPOKO UKOPUCTNOBYIOmbCsl. Le nosuil Kpox y 360pi danux 3i CIopoHHix pecypcis,
OCKIbKU 8IH MAKOIC 3a0e3newye OibuLy SHyYKICIb Ma HATAWMY8AHHA HA 000AMOK 00 002060PI0GANUX EM.
L]e Oocnioicenns 30cepeddiceno Ha CMBOPeHHI 800CKOHANEHO20 KOHBeEpa OJid aHANI3y HAOOPI8 OAHUX, NO8 A3AHUX
3 KIIMAmom ma HA8KOIUUWHIM cepedosuLem, 8i0 PI3HUX 308HIUHIX NOCMAYAIbHUKIG (30ip, opeaHizayis, 30epicanHs, nepe-
meopenns, ananiz). Piwenna mae oymu enyuxum ma adanmysamucs 00 pisHUX NOmMped KOPUCMY8ayie ma po3uiupeHs.
Bono nosunno 3ocepedcysamucs ne iuwie Ha NOYamKo8oMy CIMaHi npoyecy 300py OaHux, aie it GUXOOUMU 3a 1020 MediCi,
wob 6ymu 20moeum 00 eghekmueHoi podomu 3 OaHuMU 3 IHUWUMU 308HIWHIMU cepgicamu. Cucmema nosuHHa Oymu 20moea
006pobasIMU Nepenik hakmopis, AKi MOACYMb UHUKHYMU IO Yac npoyecy 360py oanux. Taxi sax: ney32o0iceHi dani/mema-
0ami, KBOMU, 4ac NPOCMOIO cepeepa, OUHAMIYHA eBONIOYIA cxeMu Mowo. 3 Yux npuduH OOYLIbHO 3aNPONOHYEAMU MOOYIIb-
HY, Kepoeary nooiamu ma be3cepeepHy apximeKkmypy, AKka npuseeoe 00 OpKecmpayii 6cb020 ONUCAHO20 POOOYO20 NPOYECY.
Cucmema nosunna 003601MuU OUHAMIUHE HALAWMYBAHHA CIMPAMe2itl OMPUMAHHA OaHUX HA OCHO8I 8I0N0GIOHOT
cumyayii, cmamucmuKky 8 PejCumMi peaibHo20 Yacy ma Hao0HOCMI NOCMAYAIbHUKIS. ApXimexmypa niompumye posuiu-
PIOBAHICMb 0151 MALLOYMHIX 0dcepesi OAHUX Ma AHWIIMUYHUX MOOYILIG, WO CHPUSIE 00820CMPOKOSIU RIOMpumMyi ma adan-
musnocmi. Inmezpayis 3 makumu cepsicamu, sk AWS Secrets Manager ma MongoDB, niosuwye 6e3nexy ma yenmpani-
306aHe YRPAGIiHHA 00NIKOBUMU OAHUMU OOCMYNY MA CIMAHOM ROCMAa4anbHuKie. Kpim mozo, euxopucmanns 3anumis na
ocnogi Athena sabe3neuye ananimuuni MOHCIUBOCI MAUICE 8 PENHCUMI PEalibHO20 Hacy OJis ENUKUX, HANIECIMPYKMYPOGA-
HUX HAOOPI6 OaHUX, NIOMPUMYIOYU 2eHEPAYTIO POSUUPEHUX AHATTMUYHUX 0anuX. LI npoexmHui piwenns cnpusioms cmeo-
Pentio Cmiliko2o, nepcnekmusHo20 piluenis, adanmosano2o 00 nomped cKIAOHUX, MACUMAOHUX eKOCUCHEM OAHUX.
Knrouosi cnosa: 30ip danux, bescepsepna apximexmypa, AWS, Xmapni xonsecpu oawnux, J{ani npo HABKOIUUWHE
cepedoguiye.

Problem statement

Large-scale data collection systems with the ability to adapt to different data sources at any complexity, data structure,
scale, and do it efficiently have never been in such demand as it is right now. In particular, any domains like Artificial
Intelligence, finance, 10T, scientific observations, and monitoring highly require such a system. I would even say that
they are very limited without it and have a massive disadvantage compared to those who have one. As a researcher
who tries to develop general architecture solutions as well as structure and algorithms for such systems, I needed to
find a dataset to test my system to its full potential. And I think there is no better field for it than Earth observation,
climate monitoring, and analysis. Those analytics require a vast amount of highly heterogeneous data. From satellite
imagery, weather observations, and sensor readings. Those data points are sourced from different academic repositories,
corresponding vendor APIs, and agencies that work in this field and expose their observations.

Analysis of Recent Research and Publications

Fortunately, a number of professional agencies are willing to make their data available free of charge. Examples
include NASA, NOAA and ESA, as well as many others. They created an unprecedented ability for scientists to have
a deep look, capture their data, and even create a predictive model based on the received data. Despite the vast amount
of available data, the technical challenge lies in receiving, transforming, and storing this data, moreover, doing it in a
scalable, efficient, and cost-effective manner. Those datasets have different vendors and differ not only in base protocols
(like FTP, images, REST APIs), but also in their structure (JSON, binary, CSV, XML, even multi-gigabyte archives). They
are updated frequently, and to really keep track of it, we need a real-time data collection and analysis. Another issue that
we are dealing with is the requirement for robust standardisation and metadata. This is an essential requirement for the
uniform querying of data and its processing via machine learning models [1].

Traditional ETL (Extract, Transform, Load) pipelines mostly lack the scalability, cost-effectiveness, and flexibility to
handle different data problems that might appear. Typically, they depend on central orchestration and manual handling of
some specific cases [2]. Also, maintaining such architecture becomes harder and harder with new data vendors. Modern
serverless solutions are handling reactive data pipelines a lot better and with the correct setup of the system, can scale
elastically, execute specific logic in isolated units to reduce overhead by handling infrastructure management to cloud
providers.

AWS cloud services, including Lambda, S3, EventBridge, and Athena, will serve as the foundation for the prototype
system. Those are so-called general building blocks that will always exist, as they are essential for building such a
solution. They are facilitated by decoupled computing, flexible storage, and dynamic changes in orchestration of the
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system. Amazon Athena and Sagemaker are the tools that help the system to prepare data in dynamic formats, structure it,
so that we can delegate it to machine learning pipelines for analysis [3].
Formulation of Research Objective

This article represents a proposed architecture and structure solution, as well as an estimate of the efficiency of
a cloud-native system tailored for data collection and processing. It’s based on the prototype of such a system in the
environmental and climate change domain.

Key features are:

Event-driven orchestration. All data from its start (database with metadata) all the way to a fully processed and
structured model will go through a loosely coupled system with services such as EventBridge, SQS, Lambda and Athena
Diverse data formats support. Intelligent handling of various payloads with different types of responses and sizes

Standardization and transformation workflows. Processing various data into a single acceptable model with a unified
structure that is compatible with Athena and downstream applications

Flexible and extendable vendor data integrations. Allow new vendors to be added anytime and have 0 downtime for
them as soon as they are added. Create real real-time collection/processing system.

This work proposes a practical plan for future investigations and improvements both in general and specifically in a
specified domain of science. Introducing scalable data ingestion for Earth system science and cyber-physical systems.

Presentation of The Main Research Material

To address challenges mentioned in the introduction of this article, namely: scalability, elasticity, flexibility, fault
tolerance, data ingestion from diverse sources and formats, and also cost efficiency, the system is built in a very modular
and loosely coupled cloud-native manner. It’s not relying on monolithic, batch-oriented solutions nor on hardware
dependencies of a static on-premise approach. It embraces isolation and hardware independence, being fully event-driven
and fault-tolerant. This will open the opportunities for isolation of logic from different vendors by the layer of abstraction
and result in high flexibility, parallelism, and automation.

The architecture consists of a few independent layers. Each of them serves as a solution to some task in the life cycle
of data. Starting from planning, metadata preparation, and orchestration, or processing and data fetching requests [1]. This
multi-layer model improves fault-tolerance, traceability, and enables easy integration of new data vendors and formats.

So there are 5 main layers. If necessary, the addition of extra layers is permitted. However, for the prototype of the
systems, these layers are sufficient.

Scheduler Layer. As stated, it’s used to schedule jobs. This schedule might depend on multiple factors, but initially it’s
set by configurable cron expressions or event-based triggers (coming from the database with all vendors). But scheduling
can also happen due to job failure or unavailability of the server at some point in time (so-called retrials).

Orchestration Layer. This is the first place where the scheduled request comes. Coordination of request, validation,
and circuit breaker logic of handling errors happens here.

Execution Layer. Executes specific vendor commands using modular Lambda functions (orchestrated by SQS queue).
It’s responsible for fetching data, processing, and storing it into general S3 storage.

Data Layer. Persists clean data in S3, then aligns it with the desired model by Athena and stores it again. Metadata is
managed in a NoSQL database (MongoDB) separately [6].

Analytics layer. This layer is flexible, but mainly for exposing collected and structured datasets to machine learning
pipelines (such as Sagemaker). Enabling efficient ad-hoc queries.

The core part of this architecture lies in the fact that those layers don’t intersect with each other [4]. Allowing further
improvement, redesign, or domain or requirements change of the system [5].

Vendor Abstraction Layer

Being able to communicate with a wide range of data sources with unique data formats, API specifications, rate
and speed limits, and authentication mechanisms is a crucial part of the system with such obligations. The vendor
abstraction layer was designed to address those challenges, but also avoid tight coupling and introduce additional
complexity. This layer isolates vendor-specific logic that allows for extending the system without any downtime or
additional challenges [7].

Each vendor is a dynamic module that relies on abstraction. Its abilities are defined by metadata, stored in MongoDB.
Those configurations include (but are ot limited to): API endpoints, request rate limits, retrial state and policies, secret
name references for authentication, expected data formats, scheduling, pagination, API specific information for the
desired data response [8].

At runtime, those parameters are interpreted by the system to define which data to fetch, how often, retrial policies,
and so on. Implementation of this layer uses the Command pattern. Each operation receives data like a data object,
which encapsulates the logic of communication with the server, data processing, and storage. Mostly, vendors consist
of a collector — here lies everything related to getting data, paginating, and retrying. The repository component is
responsible for parsing, transforming, compressing data, and writing it to appropriate S3 buckets in specified format
and size batches.
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Fig. 1. Architecture layers

Parallel Execution and Observability

One of the advantages of the proposed architecture is independent command execution from the vendor. Each of them
is being processed by different AWS Lambda functions. Those commands are coming in parallel using Amazon SQS. This
construction allows for building an independent and scalable operating part that adapts to different spikes in workload.
Basically, it removes the bottleneck from the whole fetching process.

It increases productivity, as well as traceability. We can use each message and identify which of them failed and why.
Also, retrying them is always an option. Each command can be tested independently and in isolation from other parts of
the system, which makes it more robust and easier to maintain in terms of testing. Also, security benefits from it as each
execution is bound to a specific vendor and its related credentials and can’t change any other data.

Error Handling, Retries, and Resilience Mechanisms

So, to adapt to different issues with data fetching, a variety of methods are provided in the system. Starting from
default error handling and logging to the DLQ (dead letter queue — re-triggers failed SQS messages), circuit breaker (to
handle exceeding rate limitations and server downtime) and others.

Each vendor endpoint is actively monitored by its recent behavior. If there are a few repetitive errors or time-outs,
malformed payloads or throttling responses, system transitions failing vendor (or its part) to the Opened state. This
means that all requests to this route will be stopped. That will protect both our system and vendor, not allowing them to
overload with a vast amount of retry requests or corrupted data. After the predefined cooldown period goes by, the system
transitions this vendor to the Half-open state. Which means that now it will try to make a couple of requests to verify that
the server is responding correctly. If that’s the case, the circuit breaker will switch to Closed. And it’s the default state for
the system. This indicates that all components are functioning optimally, allowing the system to utilize the server’s full

capacity.

success
¢ call / open circuit

7 > —fail [> threshold|
fail [< threshold] Closed

success Open ‘

—ta\ll—T
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““timeout reset

Fig. 2. Circuit breaker process
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Additionally, the application is designed to adhere to a retry policy that is entirely independent of the circuit breaker
itself. We got retries on the request level as well as the orchestration level. They both use an exponential backoff pattern.
Those methods allow the system to handle all failure points. Both server-side and user-side failures are like human
mistakes, while setting up the system (with invalid timeout or credentials). Allowing fine-grained control on the number
of retries, which should be attempted before we escalate errors to handle them by manual resolution (with logs or
notifications). But most of the time, given that vendors work correctly, the system utilizes self-recovery in the face of
partial failure or degraded conditions [9].

Experimental Evaluation

To validate the efficiency and adaptability of the proposed architecture, we will create the system and simulate a
representative use case. We will be measuring the most relevant metrics for this challenge [10, 11]. We are going to
collect data from a list of global providers’ heterogeneous datasets to analyze the process of their collection, processing,
transforming, and storing. These sources cover various domains and data types. Our database includes simple JSON files
as well as atmospheric conditions and satellite images. The selected data sources forthe prototype system are:

NASA GES DISC: providing datasets available via REST and FTP technologies in NetCDF and CSV formats

ESA Copernicus Open Access Hub. Offers satellite data in GeoJSON format

OpenAQ. JSON based public API for real-time air quality

Simulated Retail Data Vendor. E-commerce reporting API with JSON data, rate-limits and token-based access.

Each vendor is integrated as a separate dynamic module using metadata stored in MongoDB. Their logic is based on
abstraction, so we can easily switch those resources if needed (as long as they contain abstraction that we already manage
(types, formats). After the initial test run, distinct collection jobs were executed automatically, triggered by scheduled
retry-based events. During the test run system experienced some rate limitations and errors, but handled it well, sustaining
an average concurrency of 15-20 Lambda functions.

Data was successfully fetched in batches if that was possible. Then normalized to a JSON general structure. Then it
was compressed and stored in S3. Metadata for the corresponding fetch updated the MongoDB database. For most of the
data, we received transformed structured analytics using Amazon Athena, and it would be ready to be sent to Sagemaker
for further processing.

Productivity of the system was evaluated by the few metrics. Here are results that represent average values during the
experimental run.

Cold starts of the system were only observed when no activity was present for last moments before it, due to backoffs
or just free time between scheduled tasks [12]. And lasted less than half a second. So the more system is loaded the better
in terms of having less cold start time. Most of the tasks are taking only couple of seconds, but it depends on provider. This
is good approach, to have small data batches and can be achieved by using pagination for most cases.

Table 1
System metrics evaluation
Metric Proposed Serverless System
Throughput ~4.3 MB/sec (aggregated)
Cold Start Time ~280 ms (Lambda, Node.js)
Execution Duration ~2.1 seconds (average job)
API Error Rate 0.9 % (mostly 429/503 errors)
Retries (successful) 97 % recovery within 2 tries
S3 Compression Efficiency ~78 % (GZIP, structured JSON)
Cost per 1000 Jobs ~$0.84 (all-inclusive)

Fault tolerance was highly effective as well. Most of API errors were caused by throttling and processed well with
retrials and time. Circuit breaker mechanism also prevented cascading failures by pausing access to unavailable endpoints.

Archieved data appeared to be effective and took less space than JSON raw data by 78 %. Hovewer, not all data can
be shrunk by that volume, it depends on specific data types.

At last, cost profile appeared to be as expected, but also can be reduces if scale of the system goes up. Most expences
were caused by usage on Lambda functions and S3 load.

For a better understanding of system effectiveness and the real advantages of it, the system will be compared with
common alternatives, which are commonly used in data integration systems and their automation.

Monolithic ETL systems (e.g, Airflow on EC2): tightly coupled, synchronous, often requiring static resource provisioning

Batch-oriented EC2 jobs. They are more elastic, but require a lot of effort to set them in a fault-tolerant way. They are
also less agile.

Manual ingestion workflows. Most widely used legacy solution. Based on scripts, cron jobs, and CLI tools. Non-cloud
solution.
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Solutions comparison

Table 2

Metric Serverless (Ours) Monolithic ETL EC2 Batch Jobs Manual Ingestion
Scalability High Low—Medium Medium Low
Latency (Avg. Job) 2.1 sec 5-12 sec 8—15 sec Min—Hours
Fault Isolation Strong Weak Moderate None
Ops Overhead Very Low High High Very High
Cost (per 1000 jobs) $0.84 $3.10 $2.75 N/A
Cold Start Risk Moderate N/A Low N/A
Retry/Recovery Fully automated Partial/manual Manual Manual

As we see from the comparison table, the serverless model is clearly having advantages in terms of resilience,
elasticity, and cost-efficiency. Monolithic ETL tools allow having powerful orchestration features, but require manual
error handling and recovery [13]. Also addition of new vendors and data types requires centralized configuration and a
system restart. EC2 solutions allow horizontal scaling, but resource management and error-handling, and vendor isolation
remain a challenge.

At the end of the day, proposed system not only winning in most of the metrics, it also is modern-cloud oriented
solution. It’s fairly easy to migrate to it and also it rapidly evolves. It embrases decoupling, automation and granular
observability. And those plays a big role for sustainability of large system with vast amount of data [14].

Limitations and Future Directions

While the proposed system performs well and offers great conditions for collecting, processing, and storing data
in various cases and complexities, a few areas are still widely open for improvements and research. First of all, there
are several topics to consider, including handling greater scale, managing larger workloads (such as substantial data
processing required in the initial fetch phase), streaming data, intelligent semantic alignment, and more. Furthermore,
adapting the system to achieve the desired result is essential, as modifications are encouraged in the event of specific
circumstances at any point in the data pipeline.

One of the primary restrictions in the cloud is the reliance on batch-based data ingestion. Although the system has
performed adequately in retrieving data at scheduled intervals, it does exhibit delays when processing data streams, event-
driven data, or real-time sensor streams. Future development should be focused on the integration of AWS Kinesis data
streams along with AWS MSK (Managed Kafka). This can be implemented as an optional add-on to the core architecture,
provided that the aforementioned needs are met. These will help support stream-based architecture while preserving
modular structure. However, implementing this change would necessitate not only architectural enhancements but also
structural modifications to the codebase. One area that could benefit from attention is the enhancement of collector and
repository logic to operate on event- or data-driven foundations and respond to incoming batches [15].

Another key challenge is the normalization of the scheme between the system and a vendor. Presently, the predominant
data format is JSON, as it is the most widely used data format for non-strict schemes. However, it does not resolve
semantic differences in field names, units, or structures for equivalent concepts. Addressing this may involve integrating
Al and providing training. Automation has the potential to introduce complexity, but it also ensures the system’s resilience
to conversion of inches to centimeters during flight operations demonstrates this capability [16].

The proposed architecture is well-positioned to support machine-learning processes. This pertains to individuals
involved in Sagemaker-related projects. The article addresses this topic briefly; nevertheless, it is a crucial element, as
it determines the system’s primary function. However, the data is already structured and prepared to go into Sagemaker
models. Therefore, as a future improvement, it is advisable to implement an automated machine learning process as part
of the data pipeline. This will finalize the cycle between data acquisition and its direct outcome, which will be analyzed
data, results, or trained models [17].

Lastly, for most advanced use cases, when data volumes reach the petabyte scale, there can be natural limitations by
the services such as Athena and S3. It will occur due to query latency and partition depth. It can be prevented by future
integrations with Lakehouse (AWS Iceberg), which can combine the flexibility of cloud storage with the consistency of
relational stores.

Those directions point out weak places in the solution. Even though they are specific, and proposed system can
handle most of the needs. This brings us to a broader vision, where modular architecture not only supports fetching, fault-
tolerance, processing, storing, and analyzing data, but also the full data lifecycle of scientific insight.

Summary and Conclusion

This paper presents a novel, modular, and serverless system architecture for efficient and scalable data collection,
transformation, and processing, with a particular focus on climate and environmental datasets. The proposed architecture
effectively addresses the critical challenges faced by traditional ETL systems, such as limited scalability, fault tolerance,
and high operational overhead.
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Through the integration of AWS cloud services, inluding Lambda, S3, EventBridge, SQS, and Athena, the system
achieves elasticity, high throughput, automated error recovery, and cost-efficiency. Experimental evaluation demonstrates
that the serverless model outperforms monolithic and batch-based alternatives in terms of latency, scalability, reliability,
and operational simplicity. The system’s vendor abstraction layer further enhances flexibility, allowing seamless integration
of heterogeneous data providers with minimal manual intervention.

The inclusion of parallel processing, circuit breaker logic, and fine-grained retry mechanisms significantly increases
fault tolerance and enables real-time adaptability to diverse vendor constraints and API behaviors. Additionally, the
modular design allows the architecture to evolve and scale as new requirements or data sources emerge.

Despite its strengths, the current implementation faces limitations in handling real-time streaming data and semantic
heterogeneity in data formats. Future research directions include the incorporation of streaming services like AWS
Kinesis and Kafka, the automation of schema normalization using Al techniques, and the integration of machine learning
pipelines for intelligent data analysis.

In conclusion, this research offers a practical and forward-looking solution for scientific and industrial domains that
demand flexible, fault-tolerant, and efficient data ingestion infrastructures. The proposed system lays the foundation for a
comprehensive, cloud-native platform capable of supporting the full lifecycle of data-driven insight.
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