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Abstract: Saving behavior plays an important role in supporting early financial
literacy and responsible financial management. However, conventional piggy banks
still have limitations in transaction transparency, security, and real-time monitoring
capabilities. This study aimed to develop and conduct prototype-level validation of
an Internet of Things (IoT)-based smart piggy bank integrated with computer vision
technology for automatic currency denomination detection. The study employed a
Design and Development (D& D) approach combined with the Artificial Intelligence
Life Cycle (AILC) for object detection model development and the Software
Development Life Cycle (SDLC) for web-based monitoring system development. The
dataset consisted of 9, 000 annotated images of Indonesian Rupiah banknotes and
coins categorized into nine denomination classes under varying lighting and object
orientation conditions. During training and validation, the YOLOv8 nano model
achieved an mAP50 value of 0.995 under controlled conditions. However, real-world
prototype testing produced an average operational accuracy of 62.2%. This
performance degradation is primarily attributed to specular reflections on coin
surfaces and edge-hardware-induced latency which compromised real-world
inference stability. The main technical contribution of this work lies in quantifying this
model-to-edge hardware performance gap, providing an empirical baseline for
lightweight computer vision deployment on low-resource microcomputing nodes.
These findings indicate a performance gap between controlled and real-world
conditions. Overall, the findings demonstrate the feasibility of integrating lightweight
computer vision and IoT technologies into an embedded smart saving prototype,
although further optimization is required to improve operational robustness and
detection stability in real-world environments.

Introduction
Saving behavior is an essential component of financial
management that contributes to long-term financial
stability and responsible economic decision-making. Early
financial literacy has become increasingly important
because it influences an individual’s understanding of
money management, budgeting, and saving habits in
adulthood. In Indonesia, improving financial literacy
among children remains a significant challenge, requiring
more interactive and technology-adaptive educational
media (1, 2).

Conventional piggy banks have long been used as
simple tools to introduce saving habits and financial
responsibility. Although they can support discipline and
encourage saving behavior, conventional piggy banks still

present several limitations, including the absence of real-
time balance monitoring, automatic transaction recording,
and adequate security mechanisms (3, 4).

The advancement of Internet of Things (IoT)
technology has enabled the integration of communication,
automation, and monitoring capabilities into various
educational devices. Several previous studies have
developed IoT-based smart piggy banks using RFID
authentication, weight sensors, and digital monitoring
systems. However, most existing systems still rely on basic
sensing mechanisms and are unable to automatically
identify currency denominations through computer vision
approaches (5–9).

In parallel, recent developments in computer vision
and deep learning have demonstrated strong performance
in object detection tasks, including currency recognition
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applications. YOLO-based object detection models have
shown considerable capability for real-time detection
while maintaining computational efficiency suitable for
embedded systems and edge AI deployment. Recent
studies have also reported that lightweight object
detection architectures can be effectively implemented on
low-resource devices such as Raspberry Pi (10 – 11).

While classical architectures such as SSD-
MobileNetV2 offer reduced computational footprints, they
often suffer from significant accuracy loss when handling
small, overlapping objects like stacked currency. Similarly,
EfficientDet-Lite provides decent structural scalability but
displays higher latency overhead when deployed on non-
accelerated edge devices like the Raspberry Pi 4. By
leveraging an anchor-free detection mechanism and an
optimized feature pyramid network, YOLOv8 nano
presents a compelling alternative, though its real-world
edge hardware constraints demand further empirical
scrutiny.

Despite these advancements, most previous studies
primarily focused on software-level validation under
controlled conditions and provided limited discussion
regarding real-world embedded deployment performance.
Furthermore, the integration of embedded AI, IoT
communication, real-time monitoring, and automatic
currency denomination detection within a single system
remains relatively underexplored. Therefore, a research
gap exists in the implementation and operational
evaluation of lightweight object detection models for

embedded IoT-based real-time currency recognition
systems. Previous studies have rarely examined the
discrepancy between model-level validation performance
and real-world operational performance after deployment
on embedded hardware. To address this gap, this study
developed an IoT-based smart piggy bank that integrates
YOLOv8 nano-based computer vision, Raspberry Pi
embedded deployment, RFID authentication, web-based
monitoring, and Telegram notification services within a
single system architecture. The main contribution of this
study lies in the integration of lightweight object detection
and embedded IoT technologies into a real-time smart
saving prototype that was evaluated under both controlled
validation settings and real-world operational conditions.

Methodology

Study Design and Rationale
This study employed a Design and Development (D&D)
research approach to design, implement, and evaluate an
IoT-based smart piggy bank system integrated with
computer vision technology for automatic banknote and
coin denomination detection. The D&D approach was
selected because it supports systematic product-oriented
research focusing on the development, testing, and
refinement of functional systems. In this study, the
research followed the Product and Tool Research cluster,
which emphasizes the creation and validation of
technological artifacts.

Figure 1. Development and design (D&D) framework for a Smart Piggy Bank System based on IoT: (A) phases flow
diagram depicting the iterative development stages and (B) system architecture diagram illustrating the integration of

hardware components and cloud-based data management.
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The development process was structured into four
operational phases: Analysis, Design, Development, and
Evaluation. An overview of the research workflow and
phase sequence is illustrated in Figure 1A. This phased
approach was considered appropriate due to the
integration of hardware, artificial intelligence models, and
web-based software components within a single system.
The primary objective was to ensure that the resulting
smart piggy bank not only functioned correctly but also
provided reliable monitoring, accurate money detection,
and practical usability for children and parents. The
Artificial Intelligence Life Cycle (AILC) framework was used
for computer vision model development, while the
Software Development Life Cycle (SDLC) framework was
applied to the development of the web-based monitoring
system. These frameworks were selected because they
support systematic and iterative development processes
for embedded artificial intelligence and IoT systems (11,
12).

Tools and Techniques
The system architecture consisted of several integrated
components, including a Raspberry Pi as the embedded
processing unit, ESP32 for IoT communication, a camera
module for image acquisition, an RFID module for user

authentication, an LCD display, a web-based monitoring
platform, and Telegram notification services. The
Raspberry Pi performed image processing and real-time
object detection inference, while ESP32 handled
communication between hardware components and the
monitoring system. The overall system architecture and
interaction between components are illustrated in Figure
1B.

Sample and Selection Criteria
The dataset used in this study consisted of 9,000 images of
Indonesian Rupiah banknotes and coins categorized into
nine denomination classes, including Rp500 coins, Rp1,000
coins, Rp1,000 banknotes, Rp2,000, Rp5,000, Rp10,000,
Rp20,000, Rp50,000, and Rp100,000 banknotes (see Figure
2). Image acquisition was conducted using smartphone
cameras and Raspberry Pi camera modules under various
environmental conditions to improve dataset diversity and
model robustness. Data collection variations included
differences in lighting intensity, camera distance, object
orientation, viewing angle, and background conditions. All
images were annotated using Roboflow and manually
verified to maintain annotation consistency and minimize
labeling errors.

The dataset was divided into training, validation, and

Figure 2. Dataset preparation and annotation process using Roboflow Universe.

Figure 3. YOLOv8 nano training workflow using Google Colaboratory.
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testing subsets using a 70:20:10 ratio. The currency
detection model was developed using YOLOv8 nano
because of its lightweight architecture, lower
computational requirements, faster inference capability,
and suitability for deployment on resource-constrained
embedded devices such as Raspberry Pi. Compared with
larger object detection architectures, YOLOv8 nano
provides a better balance between computational
efficiency and detection performance for edge AI
applications (13 – 18).

Model training was conducted using Google
Colaboratory with GPU acceleration support. The training
configuration included 100 epochs, a batch size of 16, and
a learning rate of 0.001. Data augmentation techniques,
including image rotation, brightness adjustment, scaling,
and horizontal flipping, were applied to improve model
generalization under varying operational conditions. The
overall training workflow, including data loading, model
configuration, and training execution on Google Colab, is
illustrated in Figure 3.

Several deployment constraints were identified during
embedded implementation. Raspberry Pi hardware
limitations affected computational performance, memory
utilization, and inference speed during continuous
operation. In addition, unstable lighting conditions,
reflective coin surfaces, and tilted object orientations
contributed to reduced detection consistency during real-
world testing.

The evaluation process was divided into two stages to
distinguish model validation performance under
controlled conditions from operational system
performance in real-world environments. Controlled
model evaluation used Precision, Recall, F1-score, mAP50,
and mAP50-95 metrics. Meanwhile, operational prototype
evaluation included detection accuracy, transaction
consistency, response time, and communication stability
under varying environmental conditions. This evaluation
separation was necessary to analyze the performance gap

between controlled validation environments and real-
world operational deployment.

System testing was performed under varying
operational conditions, including differences in lighting
intensity, camera angle, object position, and object
orientation. These scenarios were designed to evaluate the
robustness and feasibility of the developed embedded AI
system under real operational environments.

To evaluate operational accuracy, structured testing
was executed across 100 discrete deposition trials for each
of the 9 denomination classes (N = 900 total trials).
Hardware performance metrics were continuously profiled
using the Linux psutil library. The embedded system's
resource consumption was benchmarked under
continuous inference loads, measuring average inference
latency (ms), frame rates (FPS), CPU utilization (%), and
memory allocation (MB) to gauge edge efficiency.

Results and Discussion
The training and validation results showed that the
YOLOv8 nano model achieved high detection performance
under controlled dataset conditions. Precision, recall, and
mAP values indicated that the model was capable of
identifying most currency denominations with relatively
low classification errors during internal evaluation. The
overall detection performance of the YOLOv8-based
model, including accuracy and robustness across different
denominations, is visualized in Table 2.

The average mAP50 value reached 0.995 during the
validation stage, indicating strong model performance
within controlled evaluation environments. However,
operational testing on the embedded prototype produced
an average system accuracy of 62.2%, revealing a
substantial difference between model validation
performance and real-world operational performance (see
Figure 4). These findings indicate a performance gap
between controlled and real-world conditions. During
validation, the model was evaluated using relatively
consistent datasets in terms of lighting, image quality, and

Table 1. YOLOv8 nano training configuration.

Parameter Value

Model YOLOv8 nano
Epoch 100

Batch size 16
Learning rate 0.001
Image size 640 × 640

Optimizer SGD
Dataset split ratio 70:20:10

Table 2. Performance evaluation results of the YOLOv8-based detection model.

Evaluation Class 100rb 50rb 20rb 10rb 5rb 2rb 1rb 1000 500

Precision 1 1 1 1 1 1 1 1 1 1
Recall 1 1 1 1 1 1 1 1 1 1

mAP50 0.995 0.995 0.995 0.995 0.995 0.995 0.995 0.995 0.995 0.995
mAP50-95 0.993 0.995 0.995 0.995 0.995 0.994 0.994 0.995 0.984 0.986
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object orientation. In contrast, real-world operational
testing introduced environmental variations that directly
affected detection stability.

Operational testing demonstrated that environmental
conditions significantly influenced detection accuracy. The
best detection stability was achieved under adequate
indoor lighting with frontal object positioning and
relatively consistent camera distances. Under these
conditions, banknotes such as Rp5, 000 and Rp10, 000
showed more stable detection performance because of
their clearer visual characteristics.

In contrast, the largest performance degradation
occurred under low-light conditions, tilted object
positions, overlapping objects, and reflective coin surfaces.
Rp500 and Rp1, 000 coins exhibited higher
misclassification rates because of visual similarities and
light reflection effects on metallic surfaces. These findings

indicate that environmental variability and embedded
hardware limitations significantly affected inference
stability during real-world deployment. The results also
demonstrate that model evaluation metrics such as mAP
and precision do not always fully represent the operational
performance of embedded AI systems.

To further analyze the classification behavior of the
model, a confusion matrix was generated to visualize the
distribution of correct and incorrect predictions across all
denominations. The confusion matrix of the currency
detection results can be seen in Figure 5.

In addition to environmental factors, Raspberry Pi
computational limitations also influenced inference
consistency during repeated testing. Continuous inference
cycles under constrained hardware environments
compounded processing latency. Specifically, during low-
light scenarios, the frame rate dropped from 7.5 FPS to 4.2

Figure 4. Training and validation performance graphs.

Figure 5. Confusion matrix of currency denomination detection results.
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FPS due to the increased computational overhead of
handling high-specularity and poorly contrasted frames.

The embedded system successfully integrated RFID
authentication, currency denomination detection,
transaction recording, balance monitoring, and Telegram
notifications. Transaction data were successfully
transmitted to the web-based monitoring platform in real
time without significant communication interruptions.
However, the testing results showed that communication
reliability did not always correspond directly to currency
detection stability. In several operational scenarios, the
system was still able to transmit transaction data despite
misclassification of currency denominations. These
findings indicate that IoT communication reliability and
computer vision detection accuracy represent two distinct
evaluation aspects that should be analyzed separately.

The physical realization of the smart piggy bank
prototype and component integration can be seen in
Figure 6A. Integration was performed incrementally to
ensure stable communication between hardware, AI
processing, and the web monitoring system. The website
was implemented and connected to the IoT system to
display savings data, transaction history, and notifications
in real time. The monitoring interface used for system
validation is shown in Figure 6B  and the example of
notification on Telegram can be seen in Figure 6C. The
evaluation phase involved functional testing, accuracy
testing of money detection, system response time
measurements, and end-to-end validation of data
transmission from the smart piggy bank to the monitoring
interface.

Previous studies on IoT-based smart piggy banks
mainly focused on balance monitoring, RFID
authentication, or sensor-based mechanisms without
integrating computer vision for automatic currency
denomination recognition. In contrast, this study
integrated lightweight YOLOv8 nano object detection
within an embedded operational environment (8, 9).
Several previous embedded object detection studies also
reported that lightweight AI models experience
performance degradation when deployed on edge devices
with limited computational resources and varying
environmental conditions. Similar trends were observed in
this study, particularly under unstable lighting conditions
and reflective object surfaces (15–19).

Therefore, the findings of this study not only
demonstrate system integration feasibility but also

highlight operational challenges associated with
embedded AI deployment in real-world environments.
These results emphasize the importance of evaluating
prototype systems under operational conditions rather
than relying solely on dataset validation metrics.

Limitations
This study has several limitations that may affect
operational system performance. First, the evaluation was
limited to prototype-level validation and did not include
long-term deployment or large-scale multi-user testing.
Second, environmental variations such as lighting
intensity, object orientation, and reflective surfaces
significantly influenced detection consistency.

Third, deployment using Raspberry Pi introduced
computational constraints that affected inference speed
and operational stability compared with desktop-based
environments. In addition, this study did not conduct
quantitative comparisons with alternative object detection
architectures such as SSD, Faster R-CNN, or transformer-
based models because of hardware and development time
limitations.

These limitations indicate that the findings remain at
the prototype validation stage and cannot yet be
generalized to broader operational deployment scenarios.
Future studies are recommended to expand dataset
diversity, optimize embedded deployment performance,
compare multiple object detection architectures, and
evaluate usability under larger-scale operational
environments.

Conclusion
This study successfully developed and conducted
prototype-level validation of an Internet of Things (IoT)-
based smart piggy bank integrated with computer vision
technology for automatic currency denomination
detection. The developed prototype integrated YOLOv8
nano object detection, Raspberry Pi embedded
deployment, RFID authentication, web-based monitoring,
and Telegram notification services within a single
operational system.

The evaluation results showed that the YOLOv8 nano
model achieved high performance during training and
validation stages, with an mAP50 value of 0.995 under
controlled conditions. However, real-world operational
testing produced an average system accuracy of 62.2%
due to lighting variability, object positioning, reflective

Figure 6. System implementation and user interface: (A) hardware prototype of the smart piggy bank, (B) website
monitoring interface for real-time data visualization, and (C) Telegram notification output for automated saving

transaction updates.
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surfaces, and embedded hardware limitations. These
findings indicate a performance gap between controlled
and real-world conditions, demonstrating that model
validation metrics alone are insufficient to fully represent
operational embedded system performance.

The findings of this study primarily support
prototype-level validation rather than generalized real-
world applicability. Although the developed system was
capable of performing real-time currency detection,
transaction recording, and IoT-based monitoring, the
operational performance remained influenced by
environmental variability and embedded hardware
constraints. Therefore, the conclusions of this study are
limited to demonstrating the technical feasibility of
integrating lightweight computer vision and IoT
technologies within an embedded smart saving prototype.

In addition, the study does not provide empirical
evidence regarding long-term educational impact or
large-scale deployment effectiveness. Consequently,
claims related to educational outcomes or broader
implementation benefits should be interpreted as future
potential rather than experimentally validated outcomes.
Further optimization, scalability testing, and broader
operational evaluation are required to improve detection
robustness, inference efficiency, and real-world
deployment reliability.
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