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COMPARATIVE ANALYSIS OF IOT DATA PROCESSING ARCHITECTURES
FOR ENVIRONMENTAL MONITORING ON RASPBERRY P15

The paper represents a comparative study of the performance of hybrid micro-batch processing strategies for environmental
data using the Raspberry Pi 5 microcomputer. The experiment is based on a real stream of data from BME688 and SCD41 sensors,
collected over 142 hours. The study compares six data storage systems of different architectural classes: SQLite, PostgreSQL, DuckDB,
Polars, ClickHouse, and Delta Lake. The experiment involved micro-batch data processing with the accumulation of 50-record batches
and the recording of system performance metrics. Statistical parameters of recording time, processor load, and RAM usage, including
mean values, standard deviation, and quantile latency, as well as the amount of disk space required to store data, were used to analyse
the results. The obtained experimental measurements allow a direct comparison of the behaviour of different data storage architectures
under identical operating conditions on a resource-constrained edge device. The analysis focuses not only on average execution
performance but also on the variability of delays that may occur during data ingestion operations. Such an approach makes it possible
to evaluate the stability and reliability of each system in real-time data processing scenarios. The results show significant performance
differences between the systems studied. The lowest delays in recording micro-batches were recorded for SQLite, ClickHouse, and
Polars, while the use of Delta Lake is accompanied by significant overhead costs of computing resources on peripheral equipment.
Additional observations indicate that lightweight or embedded data processing solutions demonstrate better suitability for edge
computing environments compared to complex distributed architectures that require additional processing layers. The study provides
an empirical basis for choosing optimal data storage architectures in real-time environmental monitoring systems running on devices
with limited hardware resources and contributes to the development of efficient 10T data processing pipelines for edge-based
monitoring infrastructures.
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BOPO/IIi IBAH, OCYXIBCHKA I'AJIMHA

TepHOMINBCHKHIT HalllOHABHUIT TeXHIYHNI yHiBepcuTeT iMeHi IBana ITymrost

MOPIBHSJIbHUM AHAJII3 APXITEKTYP OGPOBKH I0T-JAHUX JJ151 EKOJIOTTYHOI'O
MOHITOPUHI'Y HA RASPBERRY PI 5

YV pobomi npeocmasneno nopisusivie 0ocaiodicents npodyKmugHoCmi ibpuOHux cmpameziii MIKpOnaKemuoi 06pooku eKoI0IYHUX OaHUX 3
sUKOpUcmanHam mikpokomn'tomepa Raspberry Pi 5. Excnepumenm b6asyemuvca Ha peansHomy nomoyi oanux 3 oamyuxie BME68S i SCD41, 3iopanux
npomsizom 142 200un. ¥ docnioxncenni nopisnioomscs wiicmo cucmem 36epizanns danux piznux apximexkmyprux knacie: SQLite, PostgreSQL, DuckDB,
Polars, ClickHouse i Delta Lake. Excnepumenm nepedbauas 06pooKy mikponaxemie 0anux i3 Hakonuuenuam naxkemis iz 50 sanucamu ma ¢hixcayicio
NOKA3HUKIE NPOOYKMUSHOCMI cucmemu. [[A aHanizy pe3yibmamié 6UKOPUCMOBY8ANUCS CIMAMUCMUYHI NAPAMEMPU 4aAcy 3anucy, 3a6aHMANCEHHs
npoyecopa ma BUKOPUCMAHHs ONEPAMUBHOL NAM M, KIIOUAIOYU CePeOH] SHAYEHHS, CAHOAPNIHE 8IOXULEHHS A NOKASHUKU KBAHMUILHOT 3ampUMKU,
a makosic 00cse OUCK08020 NPOCMOPY, HeobXioHo2o 0na 36epieanns oanux. Ompumani eKCnepuMeHmaIbHi BUMIPIOSAHHS 00380I0Mb 6E3N0CEPEOHbO
nopignHamu NnoGediHKy pisHux apximexmyp 30epicants 0aHux 6 0OHAKOBUX YMO6ax eKcniyamayii na nepughepitinomy npucmpoi 3 obmedicenumu
pecypcamu. AHANI3 30CepedHCcyEMbCs He MINbKU HA cepeOHiil NPOOYKMUSHOCHI BUKOHAHHSL, ale Ul Ha MIHIU8OCMI 3aMPUMOK, SIKi MOXCYNb 6UHUKAMU
nio yac onepayiti 360py danux. Takuii nioxio do3zeonsc oyinumu cmabinbHiCMy | HAOIUHICHL KOJCHOT CUCIEMU 8 CYeHAapisiX 00POOKU OAHUX Y PeaTbHOMY
uaci. Pe3ynomamu noxkasylomv 3HAYHI GIOMIHHOCMI 8 NPOOYKMUGHOCMI Midc Oocniodcysanumu cucmemamu. Hativenwi 3ampumxu 6 3anuci
Mmikponakemis 6yau 3aghixcosani ona SQLite, ClickHouse i Polars, modi sax euxopucmanns Delta Lake cynposodcyembcs sHauHumMu HaAKAIAOHUMU
sumpamamu 064UCTIOBATbHUX pecypcie Ha nepugepitinomy obnraduanni. Jooamkosi cnocmepedcents nokasyioms, wo ae2ki abo 66yoosani piuie uisi
07151 06POOKU OAHUX OEMOHCIPYIOMb KpAWY RpUudamuicms 0715t nepudepiinux 06YUCTIO8ATbHUX CePe008ULY Y NOPIGHAHNI 31 CKAAOHUMU PO3NOOLIEHUMU
apximexkmypamu, [Ki 8UMa2aroms 000AMKOBUX PIieHie 0OpoOKu. [lOCIiONCeHHs HAOAE eMNIPUYHY OCHOBY O/ 8UOOPY ONMUMALLHUX APXIMEKmyp
36epicahs OGHUX Y CUCEMAX MOHIMOPUHEY HABKOIUIUHBLORO CEPEOOBUIA 8 PENCUMI PeaNbHO20 Hacy, WO NPAyoiomy HA NPUCHPOAX 3 OOMeHCeHUMU
anapamuumu pecypcamu, ma cnpuse po3pooyi epexmusnux kongecpie 06pooxu danux loT ons nepughepitinux ingppacmpykmyp monimopunzy.

Knrouoei cnosa: Inmepnem peueil, ekono2iunutl MORImopune, nepughepitini oouucienns, Mikpo-naxkemua oopoora oanux, Raspberry Pi.

Crarrs Hapjiiiia go penakuii / Received 11.02.2026 @ This is an Open Access article distributed under the
Tpwuitnsita no npyky / Accepted 11.03.2026 = terms of the Creative Commons CC-BY 4.0

Omy6uikoBano / Published 28.05.2026

©  Bopouiit IBan, OcyxiBcbka ["anmnHa

Problem statement
In the modern world, monitoring the environment is an important task for ensuring ecosystem security and
supporting sustainable development. The widespread adoption of Internet of Things (loT) technologies creates new
opportunities for the continuous collection of environmental indicators in real time. The use of sensor networks provides
detailed time series of data on gas concentrations, temperature, humidity, and other microclimate parameters, creating a
basis for further analysis of atmospheric conditions.
Traditional 10T data processing architectures typically involve transmitting raw measurements to remote cloud
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or centralized data storage systems. However, transmitting large volumes of telemetry data directly to cloud storage can
result in significant delays, additional data transmission costs, and dependence on the stability of the network
infrastructure. In this regard, the concept of Edge Computing is becoming increasingly widespread, which involves
performing part of the computational operations directly on edge nodes located near data sources.

The use of modern microcomputers, such as the Raspberry Pi, enables the deployment of systems for collecting
and preprocessing environmental data directly at the edge. Such devices can perform functions of local storage,
aggregation, and initial processing of data before its further transmission to centralized analytical systems. At the same
time, the use of edge devices is accompanied by limitations on computational resources, specifically RAM capacity,
processor performance, and 1/0O speed.

Under these conditions, a key challenge is choosing an architecture for data storage and processing that ensures
minimal write latency, stable utilization of computational resources, and efficient use of disk space. In modern information
systems, different approaches can be used for this purpose, including traditional transactional databases, analytical
columnar systems, and new architectures such as the Data Lakehouse. Each of these approaches has its own features in
terms of data organization, processing mechanisms, and the use of system resources.

Despite a significant amount of research in the field of data management systems, the issue of the effective use
of different data storage formats in scenarios involving micro-batch data processing of 10T data on edge devices remains
under-researched. It is particularly important to conduct experimental studies under real-world operating conditions of
environmental monitoring systems, which makes it possible to evaluate the performance of various technological
solutions on devices with limited computational resources.

Analysis of recent studies and publications

The research paper [1] presents a systematic review and comparative evaluation of modern SQL-on-Hadoop and
Lakehouse systems. Benchmark tests were conducted using a Raspberry Pi 4 Model B microcomputer. The impact of
vectorized execution and JIT compilation on the speed of analytical queries was investigated. The results confirmed that
vectorization is a determining factor in performance for complex queries even on peripheral devices.

Paper [2] is devoted to an empirical study of the execution speed of analytical queries in PostgreSQL, SQL.ite,
Pandas, DuckDB, and Polars systems on datasets up to 100 GB. A critical difference in data loading latency was found
between traditional relational databases and “zero-copy” columnar mechanisms. The conclusions highlight the advantages
of DuckDB and Polars for local data processing, which is highly relevant for Edge Computing.

Article [3] proposes SciTS, a tool for comparative analysis of time-series databases, developed specifically for
use in scientific research and the industrial 10T sector. The results of this study indicate that QuestDB demonstrates the
best data ingestion speed, while TimescaleDB proves to be more efficient for complex analytical operations.

Study [4] describes an intelligent air quality monitoring system in an urban environment based on loT
technologies and machine learning algorithms, where the use of a Raspberry Pi 4 is considered as the main component
for collecting readings from gas sensors and their subsequent transmission. The results showed a prediction accuracy of
over 90%, confirming the effectiveness of using intelligent models for real-time environmental analysis.

Work [5] is dedicated to evaluating the performance and power consumption of containerized solutions on
resource-constrained 10T edge gateways. The authors investigated the impact of virtualization on CPU and memory usage
and power consumption during the execution of typical 10T tasks and demonstrated the feasibility of using such
technologies on microcomputers to create stable distributed data collection networks.

In the study [6], the characteristics of the BME688 gas sensor were evaluated under controlled conditions
simulating an open environment. The results confirm the suitability of the BME688 for use in high-precision edge systems
for environmental monitoring.

A scientific paper [7] investigated the efficiency of data loading and storage in Data Lakehouse architectures.
The authors conducted a comparative analysis of loading speed and storage stability for data volumes up to 7 GB using
Apache Spark. The results demonstrated that Delta Lake provides the highest data loading speed, while Iceberg is the
most effective for minimizing disk space usage.

Study [8] is dedicated to a comparative analysis of the performance of Continuous Processing and Micro-batch
modes in Spark Structured Streaming. The authors found that continuous processing provides ultra-low latency of up to
2 ms when using a Rate source, but micro-batch data processing remains more stable when working with high-intensity
sources such as Kafka. This allows for the optimization of 10T stream data processing pipelines.

In paper [9], a two-level architecture is proposed for scheduling hybrid workflows in cloud-edge systems. The
proposed approach is based on a resource estimation algorithm using gradient descent (GDS) and a cluster-based task
scheduling technique (C-HWPS). An important component of the model is the consideration of heterogeneous edge nodes,
particularly Raspberry Pi devices, for performing data preprocessing near l0T sources.

Research [10] conducted a comparative study of Apache Spark’s performance when executing full ETL
processes in Java, Python, and Scala using the Apache Iceberg format. Experiments showed that Python demonstrates an
advantage when working with small datasets due to its high-level APIs and low JVM overhead.

Purpose of the article

The aim of the work is to evaluate the efficiency of using different data storage architectures for implementing
a hybrid strategy for micro-batch data processing of 10T environmental monitoring data on the Raspberry Pi 5. To achieve
this goal, the work conducts a comparative evaluation of the performance of several architectural approaches to data
storage organization, specifically transactional, analytical, and Data Lakehouse solutions, using an implemented
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experimental system.

The primary focus is on analyzing the performance of micro-batch data writes, as well as evaluating the use of
the peripheral device’s computational resources during data loading operations. To this end, key system metrics are
recorded, including the execution time of write operations, CPU load, the amount of RAM used, and the physical memory
capacity. This enables an objective comparison of different data management solutions and helps identify the most
effective approaches to organizing information in environmental monitoring platforms operating on Edge Computing
nodes.

Presentation of the main material

A comparative analysis of 10T data processing architectures for environmental monitoring is conducted for six
different data storage systems chosen for testing on an edge node. Specifically, the relational DBMSs PostgreSQL and
SQLite, the analytical systems ClickHouse and DuckDB, as well as the Polars library using the Parquet format and the
Data Lakehouse technology based on the Delta Lake format using the PySpark library were selected. All data storage
systems under investigation were deployed locally.

The experimental study was conducted on a Raspberry Pi 5 microcomputer with a quad-core Broadcom
BCM2712 processor and 8 GB of LPDDR4X-4267 RAM, running under the Linux kernel version 6.12.62. The project
configuration is deployed on a 128 GB MicroSD card and serves as the primary storage for all data storage systems. The
use of the Raspberry Pi 5 ensures stable operation during intensive 1/0O operations and provides sufficient computing
power for conducting the comparative experiment.

The system’s software implementation was developed using the Python 3.13.5 programming language. The
implementation of each data system relies on optimized libraries that enable the measurement of data batch loading
performance. In particular, the Apache PySpark framework and the delta-spark library are used to work with Delta Lake,
which require initialization of a Java Virtual Machine (JVM) to ensure transactional integrity and support schema
evolution, a characteristic feature of Data Lakehouse systems. Relational interaction with PostgreSQL is implemented
via the psycopg?2 library using the executemany batch data loading function. Analytical processing in ClickHouse is
performed using the official clickhouse-driver with the MergeTree engine configured. The built-in SQL.ite database uses
the standard sqlite3 module in transaction mode. Data loading into DuckDB is achieved by using DataFrame objects via
the Apache Arrow format, and the Polars library provides autonomous data storage in the Parquet columnar format. The
features of the software implementation of data storage systems are listed in Table 1.

Table 1
Features of the software implementation of data storage systems

Data storage Python library Data loading Features of software implementation
system method

pyspark (version Requires JVM and Spark session initialization. Uses

4.1.1), delta-spark Java 17.0.10
Delta Lake (4.1.0) df.write.save()

psycopg2-binary Loading data packages with automatic table creation
PostgreSQL | (2.9.11) cur.executemany()

clickhouse-driver Using MergeTree engine
ClickHouse | (0.2.10) client.execute()
SQLite sglite3 (built-in) conn.executemany() | Embedded database

INSERT SELECT | Direct data loading from Polars DataFrame
DuckDB duckdb (1.4.4) FROM df
Autonomous recording of data packages in Parquet

Polars Polars (1.38.1) df.write_parquet() format

Raw environmental data is collected using the SCD41 photoacoustic sensor and the BME688 smart gas module,
which are connected to the Raspberry Pi via the 12C interface. Interaction with the BMEG688 is implemented via the
bme680 library, which measures temperature, humidity, pressure, and the resistance of the gas sensor. The SCDA41 driver
is built on the smbus2 library and provides low-level transmission of 16-bit commands, including a bus stabilization
procedure and the initiation of periodic readings. Data received from the BME688 and SCDA41 sensors is loaded into the
bme and scd tables, respectively.

The input set of environmental parameters is generated based on data from two modules: the BME688 smart gas
sensor provides values for temperature, humidity, atmospheric pressure, and gas module resistance, while the SCD41
photoacoustic sensor measures CO2 concentration, as well as duplicate readings for temperature and humidity. Each
generated record is accompanied by a precise timestamp of the measurement, which ensures the integrity of the time series
and enables an objective comparison of the processing speed of identical data across all storage systems being studied.

The monitoring process is organized according to the principle of micro-batch processing: values are read every
90 seconds and are mandatorily saved in a temporary JSON buffer file to prevent data loss. When a package of 50 records
is accumulated, a comparative testing procedure is initiated, which sequentially runs all six data loading functions for
each system. Selecting a batch size of 50 records is optimal for balancing data update speed and the performance of the
Raspberry Pi 5’s disk, ensuring efficient storage filling without overloading the system with service information.

The performance measurement methodology is based on recording system metrics in real time using the psutil
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library. Three key metrics are used for quantitative analysis to compare the resource consumption of each system under
test: execution time, CPU load, and RAM usage. Each database is initialized via isolated context managers that close the
connection immediately after the write operation is complete. The write time to Delta Lake is measured without
accounting for the initialization of the Spark session, which gives objective data on the format’s performance. The results
are automatically stored in the system_metrics analytical table of the DuckDB database. The structural description of the
system_metrics data is shown in Table 2.

Table 2
Structure of system_metrics table
Metric Unit of Method of obtaining Description
Name measurement
duration sec | sec time.perf_counter() The time taken to load the data package.
CPU load. The cpu_percent method returns the
cpu_pct % psutil.cpu_percent() average load across all cores.
The amount of RAM consumed by the Python
ram_mb MB psutil.Process().memory info() | script itself while writing data.

The system architecture is based on a clear separation of functions, where the logic for interacting with hardware
modules is completely isolated from analytical processes. This makes it easy to scale the solution and add new data storage
methods without modifying the core data collection code. To ensure the resilience of the experiment, an automatic
recovery strategy and multi-level logging have been implemented. The stability of the sequence of operations is ensured
by the systemd service, which initiates a restart of the orchestrator module in the event of a critical failure, guaranteeing
the continuity of recording environmental data and system metrics via the sensors.service file. The distribution of tasks
among the project’s main software modules is shown in Table 3.

Table 3
Structure of the system's software implementation

Software module Description
main.py Coordinating sensor operations; initiating batch processing and writing to a table

Implementation of data loading methods; logging of system metrics; initialization of constant
generic.py variables used by other modules
bme.py / scd.py Reading sensor data via the 12C interface

Ensuring the project starts automatically when the OS boots and monitoring the continuous
Sensors.service execution of processes

The proposed experimental design ensures identical conditions for each storage system, enabling the most
objective comparison results. This provides a solid scientific and technical foundation for identifying the most effective
data processing methods on low-power devices in real-time conditions. A general block diagram of the system for
evaluating the effectiveness of hybrid micro-batch data processing strategies for 10T data in environmental monitoring

systems is shown in Figure 1.
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Fig. 1. Block diagram of a system for evaluating the effectiveness of hybrid micro-batch data processing strategies for 10T data in
environmental monitoring systems

e —

During the 142-hour measurement period, 250 data micro-batches were received and processed from the
BMEG688 and SCD41 sensors. Each micro-batch contained 50 records of environmental parameters, which were
sequentially uploaded to the six data storage systems under study.

To evaluate performance, statistical analysis was performed on the measurement results for recording time, CPU
load, and RAM usage. In addition to the mean values, the standard deviation, as well as the 95th and 99th quantiles of the
distribution of the corresponding indicators, were determined. This approach makes it possible to reflect not only the
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average performance of the systems but also the features of the distribution of delays in recording operations. A separate
aspect of the study is the assessment of the disk space occupied by the accumulated data in the bme and scd tables in each
system. This enables a comparison of the efficiency of different methods of data organization on the peripheral device
when working with identical arrays of environmental indicators. Table 4 presents statistical indicators of time, CPU load,
and RAM usage during the execution of micro-batch data write operations, as well as the physical size of the data after
the completion of a full measurement cycle for each data storage system.

Table 4
Performance metrics for data storage architectures in environmental monitoring systems
Architectures| Delta Lake | PostgreSQL | ClickHouse SQLite DuckDB Polars
Metrics
Statistical metrics for micro-batch data write times
Average write time (sec) 2,58 0,08 0,02 0,02 0,13 0,02
Standard deviation 5,34 0,18 0,04 0,02 0,33 0,06
95th percentile 10,91 0,22 0,03 0,06 0,36 0,18
99th percentile 30,23 0,76 0,23 0,07 0,73 0,3
Statistical metrics for CPU load
Average load, % 82,44 48,74 46,51 31,24 36,12 32,91
Standard deviation 12,31 33,42 35,1 40,54 37,02 43,67
95th percentile 99,8 100 100 100 100 100
99th quantile 100 100 100 100 100 100
Statistical indicators of RAM usage
Average usage, MB 94,39 96,97 97,31 97,39 98,07 100,8
Standard deviation 16,73 14,02 13,61 13,58 14,22 15,45
95th quantile 118,61 120,61 121,66 120,8 123,12 129,48
99th quantile 147 148,14 146,89 149,45 165,44 177,48
Physical size of data stores: Disk space of bme and scd tables
Disk space, MB 12,9 0,64 0,238 0,692 1,6 0,024

The measurements obtained are based on entries in the system_metrics analytical table, which recorded each
individual stage of data package loading. The data presented enables a direct quantitative comparison of different
architectural solutions under identical hardware operating conditions, without accounting for the time required to initialize
the software environments. A comparative diagram of disk space usage and average write time for the data systems under
study is shown in Figure 2.

Memory capacity (MB) and Avg write time (sec) by Database System

Memory capacity (MB) — Avg write time (sec)

Memaory capacity (MB)

Avg write time (sec)

Delta Lake DuckDB SQLite PostgreSQL ClickHouse Polars

Fig. 2. Comparative chart of disk space usage and average write time for the data systems under study
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Conclusions

This article presents a comparative analysis of six data storage system architectures when implementing a hybrid
strategy for micro-batch processing of 0T data on a Raspberry Pi 5 Edge Computing node. Specifically, the study utilized
SQLite, PostgreSQL, DuckDB, Polars, ClickHouse, and Delta Lake.

Key system metrics were analyzed, including operation execution time, CPU load, and RAM usage. Statistical
analysis of the results was performed based on mean values, standard deviation, and the extreme values of the distribution
of operation execution delays.

The shortest average micro-batch data write time with the shortest average operation execution time was
recorded for SQL.ite, ClickHouse, and Polars, at approximately 0.02 seconds. PostgreSQL and DuckDB exhibit slightly
longer write times, which is attributed to the characteristics of their internal transaction management and data processing
mechanisms.

The longest operation execution delays are observed in the Delta Lake system, where the average micro-batch
data write time is 2.58 seconds. This behavior is explained by the complexity of the Data Lakehouse architecture and the
need to use the Apache Spark environment, maintain transaction logs, and support metadata.

An analysis of hardware resource utilization revealed that the highest CPU load was observed in Delta Lake,
where the average CPU utilization exceeded 82%. For the other systems, this metric ranged from 31% to 49%, indicating
significantly lower overhead in computational resources.

Additional analysis of disk space usage revealed significant differences among the systems under study. The
largest storage volume was recorded for Delta Lake (12.9 MB), while the smallest data sizes were observed in Polars
(0.024 MB) and ClickHouse (0.238 MB). This difference is due to the use of columnar storage formats and efficient data
compression algorithms.

The results indicate that for tasks involving the real-time collection and processing of 10T data for environmental
monitoring on edge devices, lightweight or columnar data storage systems—specifically SQLite, ClickHouse, and
Polars—are the most effective. The use of full-fledged Lakehouse solutions on low-power edge devices may be
accompanied by significant overhead in computational resources and increased delays in write operations.

Further research should focus on integrating methods for intelligent analysis of environmental data directly on
the edge node using compact machine learning models to detect abnormal atmospheric conditions.
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