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ABSTRACT: Existing Internet of Things (IoT) systems that rely on Amazon Web Services (AWS) often encounter
inefficiencies in data retrieval and high operational costs, especially when using DynamoDB for large-scale sensor
data. These limitations hinder the scalability and responsiveness of applications such as remote energy monitoring
systems. This research focuses on designing and developing an Arduino-based IoT system aimed at optimizing data
transmission costs by concentrating on these services. The proposed method employs AWS Lambda functions with
Amazon Relational Database Service (RDS) to facilitate the transmission of data collected from temperature and
humidity sensors to the RDS database. In contrast, the conventional method utilizes Amazon DynamoDB for storing the
same sensor data. Data were collected from 01 April 2022, to 26 August 2022, in Tokyo, Japan, focusing on temperature
and relative humidity with a resolution of one minute. The efficiency of the two methods—conventional and proposed—
was assessed in terms of both time and cost metrics, with a particular focus on data retrieval. The conventional
method exhibited linear time complexity, leading to longer data retrieval times as the dataset grew, mainly due to
DynamoDB’s pagination requirements and the parsing of payload data during the reading process. In contrast, the
proposed method significantly reduced retrieval times for larger datasets by parsing payload data before writing it to
the RDS database. Cost analysis revealed a savings of $1.56 per month with the adoption of the proposed approach for
a 20-gigabyte database.

KEYWORDS: Arduino-based internet of things; internet of things-based solar energy system; Amazon web service;
Amazon web service data retrieval; Amazon web service lambda; Amazon relational database service; DynamoDB

1 Introduction
Data communication in power systems, especially in decentralized energy environments [1], plays a piv-

otal role in optimizing performance, enhancing reliability, and ensuring effective system management [2,3].
With the rapid expansion of distributed energy resources and smart grid applications, modern power systems
increasingly rely on large-scale data collection and analysis to support critical functions such as demand
forecasting, fault detection, energy optimization, and predictive maintenance [4,5].

To facilitate this data-driven ecosystem, a wide array of technologies—including distributed control sys-
tems, supervisory control and data acquisition (SCADA) systems, data loggers, and Internet of Things (IoT)
devices—have been deployed to remotely monitor and control power generation units [6,7]. Among these,
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the IoT has emerged as a cornerstone of modern power systems, offering real-time data acquisition, cloud-
based analytics, and remote accessibility. It bridges resource-constrained physical devices with scalable cloud
infrastructure, such as Amazon Web Services (AWS), Google Cloud Platform, and Microsoft Azure [8,9]
using various communication protocols1.

Once collected, IoT data traverses a data flow pipeline that includes transmission, storage, computing,
and retrieval, often leveraging Wi-Fi, cellular, or other wireless protocols. Cloud services then provide
advanced analytics to support data-driven decision-making [10–12].

1.1 Motivation of the Study
Despite the growing body of work on IoT for power systems, a significant research gap remains in

the cost analysis and optimization of cloud-based data storage and retrieval—particularly within the AWS
ecosystem, which dominates enterprise IoT deployments [13,14]. While some studies have examined cloud
platform comparisons and general cost-reduction strategies—such as caching and reuse techniques in IaaS
environments [15], or cross-platform cost analyses based on device number2 of IoT services on AWS, Azure,
and Google Cloud [16]—they often lack the fine-grained focus required for service-level cost modeling.
More recent efforts have tried to formalize AWS cost estimation through mathematical models that account
for architectural robustness, team expertise, and requirement clarity [17]; however, these approaches do not
specifically assess the cost and performance implications of key AWS services like relational databases (RDS)
and DynamoDB in real-world IoT scenarios.

The existing literature concerning comprehensive studies that optimize both data storage and retrieval
costs within the AWS platform through an in-depth analysis of its diverse services. From storage insight,
both RDS and DynamoDB are fully managed database solutions within the AWS ecosystem. RDS employs
Structured Query Language (SQL) for data storage and retrieval, whereas DynamoDB functions as a NoSQL
database, thereby eliminating the need for SQL [18]. DynamoDB is especially effective in managing high
traffic volumes and storing data in key-value or document formats. However, its scanning and data retrieval
processes are less efficient [19], and its performance degrades as the database size increases, primarily due to
the inherent challenges associated with pagination. In contrast, optimized partition keys, sort keys, and the
use of global or local secondary indexes can enhance query performance in both databases, helping to avoid
full-table scans, which differs from the limitations imposed by DynamoDB’s pagination.

Unlike previous studies, this paper goes beyond hardware design and general cloud usage by conducting
a detailed, service-level cost and performance analysis of AWS offerings, particularly focusing on DynamoDB
vs. RDS for IoT-based data storage and retrieval. It introduces a novel architecture combining AWS Lambda
with RDS, evaluates it against the default DynamoDB-based IoT Rule Engine pipeline, and demonstrates its
practicality using a real-world Arduino-based prototype. No previous literature has provided such a focused
comparison between AWS services in an IoT energy monitoring context, making this work distinct in its
scope, depth, and practical implications.

1.2 Contribution of the Paper
To address these shortcomings, this paper offers the following key contributions:

1- A comprehensive cost analysis of AWS services related to IoT-based data handling—focusing on data
storage, computing, and retrieval rather than only transmission.

1e.g., Message Queuing Telemetry Transport (MQTT), Hypertext Transfer Protocol (HTTP), or Constrained Application Protocol (CoAP).
2From one device to 500,000 devices.
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2- A novel architecture that integrates Python-based AWS Lambda functions with Amazon RDS (relational
database service) as an alternative to the traditional pipeline using DynamoDB and AWS Rule Engine.

3- A working prototype based on Arduino and sensor hardware, demonstrating real-world energy moni-
toring using temperature and humidity sensors.

4- A comparative performance and cost evaluation between DynamoDB and RDS under realistic data loads,
identifying situations where RDS with Lambda provides better cost efficiency and scalability.

5- A full-stack design involving sensor data collection, cloud transmission, storage architecture, and
retrieval methods optimized for business analytics.

1.3 Scope and Potential
The scope of this paper is confined to AWS cloud services in the context of IoT-based power system

monitoring. This includes the design and implementation of a cost-efficient, scalable data handling pipeline
using off-the-shelf microcontrollers (Arduino), common IoT sensors, and AWS services such as RDS,
DynamoDB, and Lambda.

1- The potential impact of this work lies in its practicality and cost-efficiency, which can be adopted by:
2- Researchers and developers seeking optimized cloud-based architectures for energy applications.
3- Energy companies and utilities needing scalable, real-time IoT solutions for renewable integration and

demand-side management.
4- Policy-makers and engineers working toward digital transformation in energy sectors, especially in

developing regions where cost sensitivity is paramount.

1.4 The Role of Sensors in Cost-Optimized IoT Energy Systems Using Cloud and Fog Architectures
Sensors are the foundational components of IoT systems, serving as the primary interface between

physical environments and digital platforms [20]. In energy applications, they enable real-time monitoring
of critical parameters such as temperature, humidity, current, voltage, vibration, and energy consump-
tion [21,22]. These measurements support various functions, including fault detection, demand-side energy
management, predictive maintenance, and environmental condition tracking within smart grids and renew-
able energy systems [23,24]. The integration of sensors allows power systems to operate with greater
intelligence and responsiveness, feeding accurate data into cloud platforms for analysis, automation, and
optimization [25]. In this study, low-cost temperature and humidity sensors are employed not merely as a
data source, but as a representation of broader sensing technologies used in energy monitoring systems.
Highlighting the role of sensors in the overall architecture helps underscore the end-to-end value chain—
from physical measurement to cloud-based decision-making—that this paper seeks to optimize through
improved data handling techniques.

Concurrently, the convergence of IoT systems with cloud and fog computing has intensified the demand
for cost-effective, energy-efficient, and responsive service delivery frameworks. A range of recent studies
have addressed critical challenges in this domain, including energy consumption, resource allocation,
and workload distribution across heterogeneous and dynamic IoT environments. For example, ref. [26]
introduces the Cost Optimization in the cloud/fog environment based on Task Deadline (COTD) algorithm,
which reduces operational costs while satisfying task deadlines, outperforming existing service brokerage
methods in both cost efficiency and response time. In parallel, ref. [27] proposes the Option Pricing based
Geographical Load Balancing (OptionGLB) algorithm, which minimizes energy costs in geo-distributed data
centers by leveraging call options in electricity markets. In [28], the Cost, Load, Energy and Makespan based
Optimized task scheduler (CLEMO) is introduced, employing a genetic algorithm to efficiently schedule
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dependent tasks across cloud-fog resources, achieving significant improvements in cost reduction, energy
efficiency, and resource utilization.

Moreover, ref. [29] develops the Energy-saving Strategy based on Sleep and Adaptive Service-rate
Tuning (ES-SAST), which models cloud task arrivals using Markov processes and dynamically adjusts
service rates, yielding average reductions of 3% in power consumption, 19% in latency, and 37% in system
loss rates. The work in [30] introduces TPMCD (ThroughPut and Cost optimizing Method for Clustering
tasks and hybrid containers in the cloud Data center), which enhances load balancing, minimizes redun-
dancy, and improves throughput and execution time by utilizing task classification and container-based
deployment strategies.

Finally, ref. [31] presents a hybrid predictive framework that integrates IoT sensor data with the
TCN-GRU-NBeat (NGT) model and Seagull Optimization Algorithm (SOA). This model enables real-time
optimization of storage migration in cloud data centers and achieves an average energy cost reduction of
23.88%, while surpassing traditional machine learning models in predictive accuracy.

Collectively, these contributions emphasize the pivotal role of sensors within cost-optimized, cloud-
integrated IoT energy systems. Beyond data acquisition, sensors enable real-time situational awareness,
empower intelligent decision-making, and serve as enablers for a wide range of optimization strategies
spanning energy consumption, cost reduction, and quality of service. The integration of sensor technologies
with cloud and fog computing architectures thus represents a key foundation for the development of scalable,
efficient, and sustainable next-generation energy systems.

1.5 Paper Organization
The remainder of this paper is organized as follows: Section 2 reviews recent studies on IoT applications

related to energy usage. Section 3 outlines the research methodology, including the design of the Arduino
system, conventional and proposed methods for cloud data transmission, as well as the data collection
process and its duration. Section 4 presents the results derived from the methodology. Finally, Section 5
summarizes the key findings of the study.

2 Literature Review and Shortcomings of Previous Studies
A variety of research efforts have examined the application of IoT technologies in energy systems,

emphasizing their solutions and benefits for optimizing energy usage. These studies provide detailed insights
into the hardware and software architectures of IoT systems. The hardware architecture of the IoT investigates
the impact of various microcontrollers3, actuators4, and sensors5 on the accuracy of data collection at
desired resolutions, as well as their integration with smart grid systems. Conversely, the software architecture
encompasses multiple domains, including data collection, transmission, storage, processing, visualization,
and security.

Table 1 outlines each study’s focus, primary contributions, and limitations—particularly with respect
to cloud platform usage and cost optimization. While these studies collectively highlight the promise of
IoT in energy systems, they generally focus on hardware implementation, data transmission, or high-level
visualization. None investigate the internal cost-performance trade-offs within AWS services—such as the
differences between DynamoDB and RDS, or the use of AWS Lambda for scalable data pipelines.

3Arduino Uno, ESP series, Raspberry Pi, STM32 Series, TI CC3200, Microchip PIC Series, NXP LPC Series, and Nordic Semiconductor nRF52 Series.
4Pneumatic, hydraulic, thermal, and electric actuators.
5Temperature, humidity, light, current, voltage, power meters, gas, soil moisture, water flow, and vibration sensors.
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Table 1: Affined works in IoT-based energy monitoring

Study focus Key contributions Limitations Ref.
IoT-based smart

irrigation
Low-cost hardware

(Arduino, GSM, LCD),
water/labor savings

Focused only on data
transmission; no cloud

storage cost analysis

[32]

Solar power
generation

Regression models for
prediction using

cloud-collected data

Cloud usage present but
lacks cost-performance

evaluation

[33]

Solar power
monitoring

Real-time voltage/current
visualization

Only basic cloud
transmission; no cost or
architecture discussion

[34]

Air pollution
monitoring system

Multi-sensor system, local
storage, and Ethernet-based

data flow

Doesn’t use cloud platforms
like AWS; not focused on

energy

[35]

HVAC optimization
in buildings

Multi-zone control with
decentralized IoT + data

aggregation

Focused on hardware and
control; lacks cloud cost

strategies

[36]

Monitoring residential
electricity

consumption

Real-time visualization and
cloud storage via Wi-Fi

No storage/retrieval
performance or cost
comparison between

services

[37]

Appliance monitoring
system

Improved error rate in
energy tracking

Uses ThingSpeak; no
AWS-level scalability or cost

discussion

[38]

Plug load
management

Smart automation for 51.7%
energy savings

Does not consider cloud
architecture performance or

pricing

[39]

Smart plant
monitoring

Integrated sensing and local
server transmission

No cloud-based architecture;
limited scalability or data

handling focus

[40]

Distributed energy +
electric vehicle

integration

Broad IoT applications in
energy systems

Do not consider
platform-specific storage or

cost optimization (e.g.,
AWS)

[41–
43]

Smart cities, ML in
IoT, deep learning for

energy efficiency

Emphasize energy
optimization with AI/IoT

integration

Do not address platform
costs or AWS service

architecture

[44–
47]

IoT-based smart grid
for renewable energy

integration

Developed a smart grid
system using IoT to monitor
voltage and current, detect

anomalies, and address grid
instability due to renewable

fluctuations

Hardware specifications
were not fully disclosed;

lacks detailed cost analysis of
cloud services used

[48]

(Continued)
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Table 1 (continued)

Study focus Key contributions Limitations Ref.
IoT for sustainable

agriculture and
irrigation

Employed IoT devices and
renewable energy for smart
irrigation; improved water
and energy use efficiency
with weather forecasting

Focused on environmental
impact; did not explore
backend data storage or

cloud cost structures

[49]

IoT-enabled smart
waste management

Introduced smart bins with
ultrasonic, fire, and GPS
sensors to improve waste

collection and
environmental monitoring

Limited to waste
management; lacks

integration with cloud
analytics platforms

[50]

Carbon neutrality
using IoT and

blockchain

Designed a real-time carbon
monitoring system

integrating IoT with
blockchain for transparent

emission tracking

Blockchain aspect was
emphasized; cloud

infrastructure and data flow
costs were not considered

[51]

The present research advances the field by offering a detailed cost-performance analysis of AWS
services tailored for IoT-based energy monitoring systems. It introduces an alternative cloud architecture
that combines AWS Lambda with RDS, moving away from the conventional DynamoDB and Rule Engine
pipeline. To validate this approach, a complete prototype system—using Arduino microcontrollers and
environmental sensors—is developed and tested. The study compares both performance and cost across
DynamoDB and RDS under real-world conditions and proposes an optimized end-to-end design for
scalable, cost-effective IoT data handling suited to business analytics applications.

3 Methodology
As illustrated in Fig. 1, the IoT architecture examined in this study comprises four distinct layers: the

sensor layer, field gateway layer, AWS cloud gateway layer, and business analytics layer. In the sensor layer,
temperature and relative humidity data are collected via the Digital Temperature and Humidity Sensor
(DHT-11) sensor interfaced with an Arduino, designated as a “physical thing.” This data is subsequently
transmitted to AWS IoT Core, identified as a “virtual thing,” through the field gateway layer. The AWS cloud
gateway is responsible for receiving, processing, and analyzing the incoming data, as well as managing and
visualizing the processed information. The business analytics layer leverages this processed data to generate
insights that enhance decision-making processes.

According to Fig. 1, both the conventional and proposed methods employ these four layers. However,
the primary distinction between the two methodologies lies in the use of two distinct AWS database
services, both of which operate under the PostgreSQL engine. The conventional method is based on the
widely adopted AWS IoT data storage architecture, where data is directly streamed from IoT Core to
DynamoDB. This configuration reflects a mainstream practice in many cloud-based IoT deployments due to
its scalability and serverless architecture. The conventional approach utilizes the non-relational DynamoDB
database, whereas the proposed method leverages the RDS database. This transition to a relational database
architecture facilitates enhanced search capabilities and greater flexibility in data management and retrieval.
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In contrast, DynamoDB implements pagination for data searches, which can result in increased data retrieval
times, particularly as the volume of stored data escalates.

Figure 1: Proposed vs. conventional data retrieval models (DR: stands for data retrieval)

The proposed methodology employs a Lambda function in conjunction with customized Python code
to parse a payload received via the Message Queuing Telemetry Transport (MQTT) protocol6 into multiple
values, including temperature, relative humidity, and timestamp. The Lambda function enables the execution
of Python code without the necessity of establishing a dedicated Python environment, incurring costs only
for the actual computing time utilized. While the implementation of the AWS Lambda service introduces
additional operational costs, the overall data retrieval expenses are mitigated through efficient parsing and
subsequent storage of the segmented payload data in the RDS database.

3.1 Arduino Design
Fig. 2 illustrates the assembly of a basic Arduino circuit on a breadboard, powered by a 3.3 V source. This

circuit includes a DHT-11 used for ambient data collection. The DHT-11 utilizes a capacitive humidity sensor
along with a thermistor to precisely measure the ambient temperature and relative humidity, transmitting this
data as a digital signal through its data pin. The Arduino Nano serves as the microcontroller for processing
and transmitting the temperature and humidity data to the AWS cloud. The corresponding Arduino code
is developed within the Integrated Development Environment (IDE) and subsequently uploaded to the
Arduino Nano. This code establishes a connection between the physical sensor (DHT-11) and a virtual thing
created in AWS IoT Core.

To facilitate efficient data transmission and reception over cloud networks characterized by limited
bandwidth, AWS IoT Core employs the MQTT protocol. Upon the creation of a virtual thing within AWS IoT
Core, a unique certificate and associated credentials are generated. These authentication details are integrated
into the IDE code, enabling secure and effective data transmission from the DHT-11 sensor to the AWS
cloud infrastructure.

3.2 Conventional Method of Data Transmission
In the context of integrating AWS IoT Core with DynamoDB, data transmission is facilitated through

the implementation of predefined rules within the IoT Core framework. In other words, the AWS platform
utilizes predefined rules to facilitate interactions among its various services. As shown in Fig. 3, each data
payload consists of a string format encapsulating temperature, relative humidity, and timestamp information.

6The MQTT protocol enables messaging from devices to the cloud and vice versa.
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This structured string necessitates parsing during the data retrieval process to assess the presence of specific
records within a paginated query context.

Figure 2: Arduino Nano setup (a), Arduino code under within IDE (b)

Figure 3: Data transmission from Arduino to DynamoDB

The implementation of both parsing and paginated querying introduces additional complexities that
can adversely affect the overall data retrieval efficiency. This is particularly pertinent given the limitations
imposed by AWS DynamoDB’s provisioned read capacity units. Consequently, the combination of these
processes may lead to increased latency in data access. In other words, by employing pagination technique,
the system can limit the number of items retrieved in a single request, thereby minimizing the associated
costs incurred per read operation. Although this technique has been designed to enhance the efficiency of
data retrieval operations, the read and write capacity of DynamoDB, which is directly tied to operational
costs, can impose limitations on data flow, particularly in the context of data retrieval (see Fig. 4).

In this study, the total read and write capacity was initially set to one capacity unit. The data transmission
from the Arduino to AWS is 1 set of data per minute, which is consistent with writing capacity. However,
the Python program developed for data retrieval (reading) encountered performance issues, resulting in
slower execution and occasional stalling. To address these challenges, the read capacity was increased to
five units, equating to the retrieval of approximately 10,000 records. This adjustment facilitated improved
data retrieval speeds, although it increased monthly operational costs from $0.67 to $3.32, as illustrated
in Fig. 4. It is important to note that the daily data transmission from the Arduino to AWS amounts to 1440
records, resulting in a minimum of five pages of data per month. Consequently, continuous querying of these
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pages7 is necessary to identify specific records of interest. The incorporation of an additional filter within the
pagination process serves to limit the volume of data retrieved from DynamoDB. Nevertheless, this filtering
approach will still utilize read capacity units based on the total amount of data retrieved for each page,
underscoring the need for careful management of capacity to balance performance and cost-effectiveness.

Figure 4: Estimated read/write capacity cost for DynamoDB based on AWS

3.3 Proposed Model of Data Transmission
The proposed methodology emphasizes the parsing of payload data prior to its storage in an AWS RDS.

In contrast to the built-in integration capabilities of DynamoDB with AWS IoT Core, the proposed approach
necessitates the deployment of an AWS Lambda function to establish a connection between IoT Core and
RDS. This involves implementing a Python script within the Lambda function that defines the requisite rules
for data transfer as shown in Fig. 5.

The Python code is responsible for parsing the incoming payload, which is then formatted appropriately
for storage in the RDS, as depicted in Fig. 6. A significant advantage of this approach lies in the temporal
gap between successive DHT data readings, which occurs at one-minute intervals. This interval provides
sufficient processing time for the Lambda function to effectively split the string-encoded data and perform
the necessary parsing operations prior to insertion into the RDS.

Moreover, by structuring the data in a relational format, the retrieval process can leverage well-
established search algorithms, such as B-Trees [52], to find specific records with greater efficiency compared
to the conventional method. This optimization enhances the overall performance of data access within the
system, thereby improving the efficacy of data management and analysis in IoT applications.

7Using “LastEvaluatedKey”, and “ExclusiveStartKey”.
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Figure 5: AWS Lambda function along with Python script to parse the input payload

Figure 6: Data transmission from Arduino to RDS

3.4 Statistical Analysis
A one-tailed paired t-test is conducted to determine whether the retrieval time of the proposed method

is statistically less than that of the conventional method. The hypotheses are formulated as follows [53]:

⎧⎪⎪⎨⎪⎪⎩

H0∶ μd ≤ 0
H1∶ μd > 0

(1)

where μd denotes the population mean of the differences between paired observations. If the computed p-
value is less than the significance level α = 0.05, the null hypothesis, H0, is rejected in favor of the alternative
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hypothesis H1. The p-value is calculated as:

p = P(T > t) (2)

Eq. (2) represents the probability that a value from a t-distribution (with n − 1 degrees of freedom)
exceeds the calculated test statistic, t. To compute the test statistic, the difference between each pair is
calculated as:

di = xi − yi (3)

where xi and yi represent the retrieval times using the conventional and proposed methods, respectively. The
paired t-test statistic is then computed using the formula:

t = d
sd√

n

(4)

where d, sd , and n indicate the retrieval time’s mean of the differences, standard deviation of the differences,
and number of pairs, respectively. The degrees of freedom for the test is (n − 1).

This study applies a confidence interval (CI) to calculate if the interval is likely to contain the true
population parameter (e.g., a mean or mean difference) with a certain level of confidence—usually 95%.
In the context of a paired t-test, a confidence interval estimates the true mean difference between two
related measurements (e.g., before and after treatment or conventional vs. proposed method). The confidence
interval estimates the range in which the true mean difference μd_between the paired observations lies, with
a specified level of confidence (e.g., 95%).

d ± tα ,n−1
sd√

n
(5)

where tα ,n−1 indicates the critical value from the t-distribution for a one-tailed test with (n − 1) degrees of
freedom and desired confidence level.

3.5 Data Collection
The data utilized in this study were collected from an observational site located at coordinates 35

○

31′16.5′′
N and 139

○

28′10.2′′ E in Machida City, Tokyo, Japan. Data collection spanned from 01 April 2022, to 26 July
2022, with a temporal resolution of one minute. Table 2 summarizes descriptive statistics of the collected
dataset for the period from April to July 2022. Analysis reveals a trend of increasing average monthly
temperature and relative humidity throughout the study period. Table 2 also presents the minimum and
maximum values recorded for the collected data during the same timeframe.

Table 2: Descriptive statistics of collected weather data in 2022

Month April May June July
Total collected data 42,622 44,284 42,480 28,863

Missing data 578 356 720 236
Average temperature [

○

C] 12.94 16.22 22.90 26.15
Minimum temperature [

○

C] −0.82 4.75 12.36 17.74
Maximum temperature [

○

C] 26.52 26.38 33.89 35.32

(Continued)
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Table 2 (continued)

Month April May June July
Average relative humidity [%] 81.01 81.78 84.05 86.55

Minimum relative humidity [%] 39.06 39.66 37.04 56.66
Maximum relative humidity [%] 100.00 100.00 100.00 100.00

It is important to note that data loss during collection was observed and recorded in each month,
as shown in Table 2. These missing data points were primarily caused by network-related issues, such as
temporary disconnections or unstable internet connectivity at the deployment site. This natural data loss
reflects real-world communication fluctuations, which were not artificially controlled or simulated. As such,
the dataset inherently includes the effects of intermittent network connectivity, contributing to the realism
of the performance analysis.

To support reproducibility and facilitate implementation by practitioners, we provide both the pseu-
docode and corresponding Python code that describe the conventional and proposed data retrieval methods,
as illustrated in Fig. 1. These implementations are available in the GitHub repository linked in the Code Avail-
ability section of this study. The pseudocode outlines the complete data processing workflow—from sensor
data acquisition using Arduino and transmission via MQTT protocol, to storage in Amazon DynamoDB and
subsequent retrieval and parsing using Python. All inputs and outputs are explicitly defined, and consistent
variable naming conventions are employed to ensure coherence with the terminology used throughout
the manuscript. This comprehensive presentation aims to enhance transparency, support validation, and
promote ease of adoption in related research and practical deployments.

4 Results and Discussion
This section presents a comparative analysis of data retrieval efficiency, focusing on both time and cost

considerations. The assessment encompasses the conventional method and the proposed method.

4.1 Time Analysis of Data Retrieval
The time efficiency of data retrieval serves as a pivotal metric influencing overall system performance.

This study investigates the data retrieval duration across three temporal scales: one day, one month, and
monthly cumulative data.

4.1.1 Time Efficiency for One-Day Scale
To assess the retrieval time, a sample of 12 days (three days per each month) was selected for comparative

analysis between the conventional and proposed methods. Utilizing Python, the data retrieval process is
designed to extract a maximum of 1440 data points per day (24 h × 60 min). However, it is observed that the
time required for searching increases as the database expands.

As shown in Fig. 7, the conventional method (Upper half) typically exhibits linear time complexity,
resulting in longer retrieval durations as the dataset scales and pagination in the DynamoDB. In contrast,
the proposed method (Lower half) leverages advanced algorithms and data structures designed to optimize
query execution. Preliminary results indicate a significant reduction in retrieval time, particularly for larger
datasets, due to improved indexing and caching mechanisms in the RDS database.
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Figure 7: Data retrieval time for one-day scale

Statistical analysis was performed to evaluate whether a significant difference exists between the
retrieval times of the two methods. The paired t-test yielded a t-statistic of 5.7967, indicating a strong
deviation from the null hypothesis in favor of the alternative. The corresponding one-tailed p-value was
5.9930 × 10−5, which is substantially lower than the significance level α = 0.05, leading to the rejection of
the null hypothesis. The mean difference in retrieval time between the conventional and proposed methods
was 27.4274 ms, suggesting that, on average, the conventional method is slower by approximately 27.43 ms.
Furthermore, the 90% one-sided confidence interval was calculated as (18.9301,∞) milliseconds, indicating
that with 90% confidence, the true mean reduction in retrieval time achieved by the proposed method is at
least 18.93 ms.

4.1.2 Time Efficiency for One-Month Scale
Fig. 8 illustrates the data retrieval times associated with both the conventional and proposed methods

for one-month scale. The conventional method, which utilizes DynamoDB, necessitates the conversion of
string payload data during the querying process to adhere to the total read and write capacity. As depicted
in Fig. 8, the data retrieval duration for the one-month period demonstrates a linear increase from April to
July. This trend underscores the limitations imposed by the total read and write capacity, primarily due to
the pagination mechanism inherent in DynamoDB.

In contrast, the proposed method addresses these limitations by converting the string payload prior to
storage in the RDS database. While this approach introduces some overhead during data retrieval due to the
structured nature of the database, it ultimately facilitates more efficient data management. The conversion
process reduces the complexities associated with querying, which can mitigate the impact of capacity
constraints experienced in the conventional method.
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Figure 8: Data retrieval time for one-month scale

4.1.3 Time Efficiency for Monthly Cumulative Scale
Fig. 9 displays the results of monthly cumulative data retrieval in which both methods represent a

growing trend, while the slope of retrieval time growth in the conventional method is much larger than
the proposed method. In fact, the starting timestamp, April 1st, does not change in the data retrieval code
of the Python, but the finishing timestamp is changed by moving toward July. The results of the monthly
cumulative scale indicate a same problem in the DynamoDB which increases the retrieval time in the
convention method.

Figure 9: Data retrieval time for monthly cumulative scale

Fig. 9 presents the results of the monthly cumulative data retrieval, illustrating a discernible growth
trend for both methods. Notably, the slope of the retrieval time increase for the conventional method
is significantly steeper compared to that of the proposed method. The data retrieval code implemented
in Python maintains a constant starting timestamp of April 1st, while the finishing timestamp progresses
towards July. This fixed starting point allows for a direct comparison of retrieval durations over the specified
period. The results from the monthly cumulative analysis reveal a persistent issue with the conventional
method utilizing DynamoDB, wherein the retrieval time increases substantially as the dataset expands.

This trend in three scales of analysis highlights the inherent limitations of DynamoDB, particularly in
terms of scalability and efficiency during data retrieval processes. In contrast, the proposed method exhibits
a more moderate increase in retrieval time, suggesting improved efficiency in handling larger datasets. These
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findings underscore the advantages of the proposed method in mitigating the challenges associated with data
retrieval in expansive databases.

4.2 Cost Analysis of Data Retrieval
According to Fig. 1, the costs associated with the two methods remain identical up to the IoT Core

component. However, variability in costs arises subsequently due to the different AWS services employed
in the AWS section. This study specifically examines the contributions of DynamoDB, RDS, and Lambda
function services, which are the primary sources of cost differentiation between the two methods based
on Eq. (6).

Total Monthl y Cost = ∑
S erv ices

(Fixed cost + Average variabl e cost × Total Units) (6)

4.2.1 Cost Calculation for the Prosposed Method
The proposed model incurs costs associated with the implementation of a Lambda function and

Amazon RDS services. Initial cost data for these components are summarized in Table 3.

Table 3: RDS and Lambda function costs

Service Service type Cost [US$] Reference
RDS Instance hourly price for

db.t2.micro
0.026 [54]

Storage cost for general purpose
SSD per GB

0.115 [55]

Data transfer cost per GB 0.01 [56]
Lambda function Monthly request for 128 MB

memory
0.0000002 [57]

To calculate the monthly costs associated with the proposed model’s services, the following steps were
performed:

1. Data payload size calculation: The data payload utilized in this study is 15 bytes, composed of the
following elements: temperature (4 bytes), relative humidity (4 bytes), date (4 bytes), and time (3 bytes).

2. Monthly request calculation: For a month comprising 30 days, the total number of requests is calculated
as follows:

Total Monthly Requests = 30 days × 24 h/day × 60 min/h = 43,200

1. Cost Calculations:
○ Lambda Function Cost: Based on the number of monthly requests and the per-request rate, the cost

for the Lambda function is calculated as:
Lambda Cost = 43,200 × 0.0000002 US$ = 0.00864 US$
○ RDS Cost: The RDS cost consists of several components:

∎ Monthly Fixed Cost:
Monthly Fixed Cost = 20 GB × 0.115 US$/GB = 2.3 US$
∎ Hourly Variable Storage Cost:
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Hourly Variable Storage Cost = 30 days × 24 h/day × 0.026 US$/h = 18.72 US$
∎ Data Transfer Cost (Writing to RDS):

Data Transfer Cost (Write) = 43,200 × (15 bytes/10243 bytes) × 0.01 US$ = 0.00000603 US$
∎ Data Transfer Cost (Reading from RDS):

Data Transfer Cost (Write) = 43,200 × (15 bytes/10243 bytes) × 0.01 US$ = 0.00000603 US$

2. Total monthly cost calculation: The total monthly cost for the stated services is computed as follows:

Total Monthly Cost=Lambda Cost+RDS Cost= 0.00864+ (2.3+ 18.72+ 0.00000603× 2)= 21.02865207
US$

Thus, the total estimated monthly cost for the services involved in this study is approximately 21.03 US$.

4.2.2 Cost Calculation for the Conventional Method
Table 4 presents the cost analysis for DynamoDB, reflecting the expenses associated with its services. In

this analysis, a consistent storage capacity of 20 GB, identical to that utilized in the RDS, has been employed.
This uniformity in storage capacity facilitates a direct comparison between the costs of the two database
services, ensuring that the financial implications of utilizing DynamoDB can be effectively evaluated within
the context of the proposed model.

Table 4: DynamoDB service costs

Service type Cost [US$] Reference
Read capacity unit per month 3.32 [58]Write capacity unit per month 3.32
Per table-Read capacity units 10,000 [59]Per table-Write capacity units 10,000

Storage cost per GB 0.285 [60]

To calculate the monthly costs associated with the conventional model’s services, the following steps
were performed:

1. Monthly request calculation: Same as the RDS, total monthly requests are 43,200.
2. Monthly fixed cost of DynamoDB: It is calculated based on storage capacity times the rate of monthly

storage cost as follows:

Monthly fixed cost = 20 GB × 0.285 US$ per GB = 5.7 US$

3. Inbound cost (writing to DynamoDB): As illustrated in Fig. 4, the total provisioned write capacity units
for the system is set at 5. This configuration is capable of facilitating the retrieval of approximately
10,000 records from a single table. This relationship between write capacity and data retrieval efficiency
is crucial for optimizing performance and ensuring that the system can handle the expected load
effectively. Thus, the monthly inbound cost of DynamoDB is calculated as:

Monthly fixed cost = (43,200/10,000) × 3.32 US$ = 14.3424 US$

4. Outbound cost (reading from DynamoDB): In a manner analogous to the inbound cost section, the
total provisioned reading capacity units are also set at 5. However, the reading capacity is four times that
of the writing capacity, enabling the retrieval of approximately 40,000 records from a single table [59].
Thus, the monthly outbound cost of DynamoDB is calculated as:
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Monthly fixed cost = (43,200/40,000) × 3.32 US$ = 3.5856 US$
5. Total monthly cost calculation: The total monthly cost for the DynamoDB services is calculated

as follows:
Total Monthly Cost =Monthly fixed cost + Inbound cost + Outbound cost = 5.7 + 14.3424 + 3.5856 =

23.628 US$
Fig. 10 presents the total monthly costs associated with the proposed and conventional methods. It is

important to note that the calculations depicted in Fig. 10 account for missing data, as outlined in Table 2,
and are based on a 26-day month for July. Specifically, this study assumes that the missing data was
not transmitted from the Arduino to the AWS cloud. The average monthly costs for the proposed and
conventional methods are calculated to be 20.56 US$ and 22.12 US$, respectively. Consequently, the proposed
method is projected to yield a reduction in monthly AWS costs of approximately 1.56 USD for a storage
capacity of 20 GB. Furthermore, as storage capacity increases, it is anticipated that the cost differential
between the two methods will expand, underscoring the enhanced cost efficiency of the proposed approach.

Figure 10: Monthly cost of the proposed and conventional methods

4.3 Research Limitations
While several mainstream data storage solutions exist for IoT applications—such as time-series

databases (e.g., InfluxDB or AWS Timestream)—this study focuses on the two most accessible and natively
supported AWS configurations: DynamoDB and RDS. These options were selected due to their compatibility
with AWS IoT Core and their prevalence in cloud-hosted IoT architectures. Moreover, this study was
conducted using data collected from a single IoT device at a single geographical location. Consequently,
the scalability of the proposed method in scenarios involving multiple devices, concurrent data streams, or
geographically distributed deployments remains untested. Additionally, all data payloads used in this study
were fixed at 15 bytes, consisting of temperature, humidity, and timestamp data. In practical IoT applications,
payload sizes may vary significantly depending on sensor complexity, metadata, or multi-sensor integration.
Therefore, future work should include scalability testing under varied device counts, concurrent connections,
and different payload sizes to comprehensively evaluate the robustness and generalizability of the proposed
data retrieval architecture.

5 Conclusion
This study presented the design and assembly of an Arduino-based Internet of Things (IoT) system

aimed at conducting a comparative analysis of data retrieval efficiency (Not just on storing data), specifically
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focusing on time and cost metrics. The hardware configuration included an Arduino Nano, a breadboard,
and a Digital Temperature and Humidity Sensor (DHT-11). The software component was developed using
the Integrated Development Environment (IDE) and uploaded to the Arduino Nano. The DHT-11 sensor
measured temperature and relative humidity, which, along with timestamp data, were transmitted to the IoT
Core of Amazon Web Services (AWS).

Two data handling methods were compared. The conventional method, which reflects a mainstream
industry practice, involves direct transmission of payload data (temperature, relative humidity, and times-
tamps) from IoT Core to Amazon DynamoDB. This serverless NoSQL database is widely adopted in
cloud-based IoT architectures due to its scalability and integration with other AWS services. In contrast,
the proposed method routes the data through an AWS Lambda function before storing it in Amazon
Relational Database Service (RDS), a structured SQL-based storage option that supports advanced querying
and indexing mechanisms.

The comparative analysis demonstrates that the proposed method significantly outperforms the conven-
tional (DynamoDB-based) method in terms of both time and cost efficiency. Specifically, the conventional
approach exhibited linear time complexity, leading to prolonged response times as dataset size increased—
primarily due to pagination and capacity constraints in DynamoDB. The proposed method, benefiting
from enhanced indexing and caching in RDS, achieved faster data retrieval, especially for large and
cumulative datasets.

Cost analysis showed that the average monthly AWS costs for managing 20 gigabytes of data were $20.56
for the proposed method and $22.12 for the conventional method—resulting in a cost saving of $1.56 per
month. These savings are expected to increase as storage demands grow, further enhancing the economic
efficiency of the proposed solution.

In summary, the proposed method demonstrates clear superiority over a mainstream DynamoDB-
based architecture, both in retrieval performance and operational costs. While this study focused on two
AWS-native configurations commonly used in practice, future research could extend the analysis to include
other mainstream or specialized IoT data storage solutions, such as Amazon Timestream, InfluxDB, or Redis,
to further benchmark the proposed approach within a broader technological landscape.
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