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Abstract - Dental caries, a widespread oral health issue,

necessitates early and accurate detection to ensure effective
treatment and prevention. Traditional diagnostic methods
often involve manual inspection and X-ray imaging, which
can be time-consuming and subject to human error. This study
introduces a cutting-edge approach by integrating machine
learning with the YOLO (You Only Look Once) algorithm
and leveraging the computational power of a Raspberry Pi to
automate and enhance caries detection.

The research focuses on developing a real-time,
portable system for detecting dental caries from intraoral
images using a Raspberry Pi. The YOLO algorithm, known
for its efficiency in real-time object detection, is employed to
train a model capable of identifying and classifying carious
lesions in dental radiographs with high precision. This study
aims to advance dental diagnostic capabilities by combining
machine learning and embedded systems technology. The use
of the YOLO algorithm with Raspberry Pi not only enhances
the accuracy and speed of caries detection but also makes this
advanced technology accessible and practical for everyday

clinical use.
Key Words: Dental caries, Open cv ,raspberry pi4 ,yoloV7

1LINTRODUCTION

Dental caries, commonly known as tooth decay, is
one of the most prevalent oral health problems affecting
people of all ages globally. Early detection is crucial for
preventing the progression of caries, as it allows for timely
treatment and minimizes the risk of severe dental
complications. Traditionally, dental caries detection relies on
manual examination by a dentist, or other dental imaging
techniques. However, these methods can be subjective, time-
consuming, and sometimes unable to detect early-stage caries.

In recent years, the integration of Machine Learning (ML) and

the Internet of Things (1oT) in healthcare has revolutionized
the approach to disease detection, and dental care is no
exception. A Dental Caries Detection System using these
technologies offers an innovative, automated solution that
enhances accuracy, speeds up the diagnostic process, and
provides real-time monitoring and feedback. Machine
Learning algorithms using (YOLO) can be trained to analyze
dental images and detect signs of early-stage caries with
loT-enabled

devices, such as smart dental tools equipped with sensors,

higher precision than traditional methods.
allow for the continuous collection of dental data, which can
be analyzed in real-time and remotely via cloud platforms.
This combination of ML and loT can significantly improve
the accuracy of diagnosis, reduce human error, and offer
personalized, preventative care for patients.

In recent years, the integration of Machine Learning (ML)
and the Internet of Things (loT) in healthcare has
revolutionized the approach to disease detection, and dental
care is no exception. A Dental Caries Detection System using
these technologies offers an innovative, automated solution
that enhances accuracy, speeds up the diagnostic process, and

provides real-time monitoring and feedback.
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FIG 1: BLOCK DIAGRAM

Machine Learning algorithms using (YOLO) can be trained to

analyze dental images and detect signs of early-stage caries
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with higher precision than traditional methods. lIoT-enabled
devices, such as smart dental tools equipped with sensors,
allow for the continuous collection of dental data, which can
be analyzed in real-time and remotely via cloud platforms.
This combination of ML and 10T can significantly improve
the accuracy of diagnosis, reduce human error, and offer
personalized, preventative care for patients.

This project highlights the implementation of OpenCV for
real-time image processing on a Raspberry Pi. The system
fetches live images from a camera and performs segmentation
and analysis on them. OpenCV aids in image filtering, object
recognition, and motion detection and tracking.

For surveillance, remote monitoring, and smart automations,
this project serves as a economical solution using the
processing power and compactness of Raspberry Pi. The
object detection model served by YOLOvV7 gets implemented.
The entire system design along with the challenges and
possible application is discussed. The results indicate that
OpenCV integrated with Raspberry Pi leads to sophisticated
image processing which encourages additional investigation

in embedded systems.

1.1 MACHINE LEARNING

Machine Learning (ML) is a branch of artificial
intelligence (Al) that enables computers to learn from data
and improve their performance without being explicitly
programmed. It involves using algorithms to recognize
patterns and make decisions or predictions based on input
data. There are three main types of ML: supervised learning,
where the model is trained on labeled data; unsupervised
learning, where the model discovers patterns in unlabeled
data; and reinforcement learning, where the model learns
through trial and error by receiving rewards or penalties for its
actions. ML is widely applied in areas like recommendation

systems, image recognition, and natural language processing.

2. PROPOSED MODEL

Machine learning workflow starts with problem
understanding, meaning that there is a clear definition of the
business or technical problem and identification of how
machine learning can be used to address it. This phase

determines the entire process foundation, with all its objectives

aligned with business goals. Then there is data collection,
where the applicable data is collected from diverse sources like
databases, sensors, logs, or APIs. The quality and volume of
this data are important to construct a solid model. After being
collected, data annotation is done, particularly in supervised
learning activities, where data is annotated to give the model

appropriate output examples during training.

e Problem understanding — Define the business or
technical problem and determine how machine

learning can solve it.

e Data collection — Gather relevant data from various

sources.

e Data annotation — Label or tag the data (if supervised

learning is required).

e Data wrangling — Clean, transform, and preprocess

the data to prepare it for modeling.

e Model development, training, and evaluation — Build
the model, train it on data, and evaluate its

performance using metrics.

e Model deployment and maintenance — Deploy the
model to production and continuously monitor and

update it as needed.

2.1 RASPBERRY P14

Figure 2 : RASPBERRY P14

The Raspberry Pi is a series of credit card-sized
computers developed in the UK by the Raspberry Pi
Foundation with the intention of promoting the teaching of
basic computer science in schools. The original Raspberry Pi
and Raspberry Pi 2 were manufactured in several board
configurations through licensed manufacturing agreements
with Newark element14 (Premier Farnell), RS Components,
and Egoman. These companies sell the Raspberry Pi online.

Egoman produces a version for distribution solely in China and
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Taiwan, which can be distinguished from others by their red
coloring and lack of FCC/CE marks. The hardware remains the
same across all manufacturers. The original Raspberry Pi is
based on the Broadcom BCM2835 system-on-a-chip (SoC),
which includes an ARM1176JZF-S 700 MHz processor, a
VideoCore 1V GPU, and was originally shipped with 256 MB
of RAM, later upgraded (models B and B+) to 512 MB. The
system features Secure Digital (SD) (models A and B) or
MicroSD (models A+ and B+) sockets for boot media and
persistent storage.

In 2014, the Raspberry Pi Foundation launched the
Compute Module, which packages a BCM2835 SoC with 512
MB RAM and an MMC flash chip into a module for use in
embedded systems. The Raspberry Pi 4 is a powerful single-
board computer capable of running image processing
algorithms and lightweight machine learning models. With its
quad-core CPU and up to 8GB of RAM, it has sufficient
processing power to handle moderate computational tasks,
including dental image analysis for detecting caries and other

oral health conditions.

Figure 2.1 : DENTAL CARIES DETECTION SYSTEM

3. YOLO ALGORITHM
YOLO (You Only Look Once) real-time object

detection algorithm, which is one of the most effective object
detection algorithms that also encompasses many of the most
innovative ideas coming out of the computer vision research
community. Object detection is a critical capability of
autonomous vehicle technology. It’s an area of computer
vision that’s exploding and working so much better than just a
few years ago. YOLO came on the computer vision scene with
the seminal 2015 paper by Joseph Redmon et al. “’You Only
Look Once: Unified, Real-Time Object Detection,” and
immediately got a lot of attention by fellow computer vision

researchers. Here is a TED talk by University of Washington

researcher Redmon in 2017 highlighting the state of the art in

computer vision.
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FIGURE 3: YOLO ARCHITECTURE

Object detection is one of the classical problems in
computer vision where you work to
recognize what and where — specifically what objects are
inside a given image and also where they are in the image. The
problem of object detection is more complex than
classification, which also can recognize objects but doesn’t
indicate where the object is located in the image. In addition,
classification doesn’t work on images containing more than
one object. YOLO is popular because it achieves high accuracy
while also being able to run in real-time. The algorithm “only
looks once” at the image in the sense that it requires only one
forward propagation pass through the neural network to make
predictions. After non-max suppression (which makes sure the
object detection algorithm only detects each object once), it
then outputs recognized objects together with the bounding
boxes. With YOLO, a single CNN simultaneously predicts
multiple bounding boxes and class probabilities for those
boxes. YOLO trains on full images and directly optimizes
detection performance. This model has a number of benefits

over other object detection methods:
e  YOLO is extremely fast

e YOLO sees the entire image during training and test
time so it implicitly encodes contextual information

about classes as well as their appearance.

e YOLO learns generalizable representations of objects
so that when trained on natural images and tested on
artwork, the algorithm outperforms other top

detection methods.
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3.1 YOLO WORKING

The YOLO algorithm works by dividing the image
into N grids, each having an equal dimensional region of SxS.
Each of these N grids is responsible for the detection and
localization of the object it contains. Correspondingly, these
grids predict B bounding box coordinates relative to their cell
coordinates, along with the object label and probability of the
object being present in the cell. This process greatly lowers the
computation as both detection and recognition are handled by
cells from the image, but It brings forth a lot of duplicate
predictions due to multiple cells predicting the same object with
different bounding box predictions. YOLO makes use of Non

Maximal Suppression to deal with this issue.
4. METHODOLOGY

The operating principle of a Dental Caries Detection
System based on Machine Learning is the complete fusion of
the latest data gathering, processing, and analyzing
technologies. First, cameras like Raspberry Pi cameras capture
high-definition images and oral health data concerning the
patient's teeth in real time. The equipment continuously scans
the oral cavity, collecting key information such as the state of
the tooth surface and other oral health parameters.

The collected data is then fed into an ML system, where it
undergoes preprocessing to refine its quality and relevance.
Machine learning algorithms, particularly those based on
YOLO (You Only Look Once), are applied to the data,
extracting significant features and patterns to detect dental

caries with high accuracy.

e Download the dataset from Mendeley Data

wiget -0 dental carles dataset,zip

wnzip ental caries dataset.zip -d hone/pL/dental caries dataset

e Ensure the dataset follows YOLOV7 format

dental caries dataset/
|— images/

| I— train/

| I— val/

| I— test/f
|— 1abels/
| I— train/
| I— val/
| I— test/f

Data collection in this research was crucial in establishing
the groundwork for the overall machine learning process.
Pertinent data was collected from credible sources as per the
requirements of the problem. The procedure involved
determining the appropriate type of data and sources such as
databases, sensors, web APIs, or public datasets, depending on
the problem type. Care was exercised to ensure that the data
was complete, accurate, and representative of the domain being
studied. At this phase, special attention was also given to the
amount and diversity of data, ensuring that a comprehensive
dataset was available for training effective models.
Additionally, measures were taken to comply with data privacy
laws and ethical practices. A preliminary analysis and
exploration were performed to understand the data structure
and identify potential issues such as missing values or
inconsistencies that would need to be addressed in the next

data preprocessing step.

4.1 DATA PROCESSING

Data preprocessing is an essential step in preparing the
collected data for efficient analysis and model training. During
this phase, the raw data is cleaned and transformed to maintain
consistency, quality, and applicability to the machine learning
process.Data preprocessing involves several key steps to
ensure that the dataset is clean, structured, and optimized for
machine learning algorithms.It starts with handling missing
values using imputation or deletion methods, depending on the
nature and amount of missing data. Duplicate records and
unnecessary entries are identified and removed to enhance data
integrity. Outliers are detected and appropriately handled to
prevent them from skewing model performance.The data is
then standardized or normalized to bring all features to a
common scale, which is particularly important for algorithms
sensitive to feature magnitude. Categorical variables are
encoded using techniques such as one-hot encoding or label
encoding, enabling the model to interpret them effectively.
Additionally, feature selection and extraction techniques are
applied to reduce dimensionality and retain only the most
descriptive and relevant attributes. This ensures that the dataset
is well-formatted, clean, and optimized for efficient and

accurate model building.
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4.2 MODEL SELECTION

On ce the data is prepared, the next step is to choose the
appropriate machine learning algorithm or model. The choice
of model depends on the type of problem (classification,
regression, clustering, etc.), the size of the dataset, and the
performance criteria set in the problem definition stage. For
instance, if the goal is to classify emails as spam or not spam, a
classification algorithm like logistic regression, decision trees,
or support vector machines may be suitable. In contrast, if you
are predicting a continuous variable, such as sales revenue,
regression models like linear regression or random forests
might be used. Sometimes, multiple models are tested, and the
best-performing one is selected based on evaluation metrics.
The selection of the right model is crucial because it directly

influences the accuracy and effectiveness of the ML solution.
4.3 MODEL TRAINING

Once a model is selected, the next phase is training
the model. In this stage, the model learns from the data by
identifying patterns and relationships within the training
dataset. The training process involves feeding the model input
data and adjusting its internal parameters to minimize errors in
predictions. Machine learning models use various optimization
techniques, such as gradient descent, to fine-tune their weights.
Depending on the complexity of the problem and the size of
the data, training a model can be computationally intensive and
time-consuming. It may also involve techniques like cross-
validation to ensure that the model generalizes well to new,
unseen data. The output of this stage is a trained model that can
make predictions on new data based on the patterns it has

learned.

Model Hodel
development Heployment
{roining and and
#vllation mainenance

Prablar At Iy
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Understanding tollcton annatation wiangling

FIGURE 4.3 : WORKFLOW

4.4 MODEL EVALUTION

After the model is trained, it must be evaluated to ensure
that it performs well on new, unseen data. This is where model
evaluation comes into play. The performance of the model is
assessed using a separate validation or test dataset that the
model has not seen during training. Various metrics, such as
accuracy, precision, recall, F1-score, and mean squared error,
are used to measure the model’s effectiveness depending on
the problem type. For example, in a classification problem,
accuracy may be the key metric, whereas in a regression
problem, the focus may be on minimizing errors. In some
cases, multiple evaluation metrics are used to provide a more
holistic view of model performance. If the model performs
well, it can be moved to the next stage. Otherwise, adjustments
may be needed, including retraining the model, changing
algorithms, or refining the features.

4.5 MODEL DEPLOYMENT

Once the model has been trained and evaluated, the next step
is to deploy it into a production environment where it can
make real-world predictions. Model deployment involves
integrating the trained model with existing systems or
applications to allow users to benefit from its predictions. This
may require building an API, developing a user interface, or
embedding the model within a larger software system. During
deployment, care must be taken to ensure that the model can
handle production-scale data and make predictions efficiently.
Additionally, security and performance monitoring are
important considerations during deployment to ensure that the

model works as expected in a real-world setting.
4.6 MONITORING AND MAINTENANCE

The final phase of the ML project life cycle is
ongoing monitoring and maintenance, which is crucial for
ensuring the long-term accuracy and reliability of machine
learning models. Once deployed, these models must be
continuously monitored to assess their performance as new
data is introduced. Over time, models may experience "drift,"
where their predictions become less accurate due to changes in
the underlying data or shifts in the environment. This drift can
occur due to evolving user behavior, external factors, or
changes in data distribution, making it necessary to regularly

update, retrain, or even redesign the model to maintain its
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effectiveness. Continuous monitoring helps detect such issues

early, allowing for timely interventions that prevent
degradation in model performance. Automated monitoring
tools can track key performance metrics, flag anomalies, and
trigger alerts when accuracy declines. Additionally, feedback
from users or stakeholders can provide valuable insights,
leading to improvements, refinements, or adaptations of the
model over time. By implementing a robust monitoring and
maintenance strategy, organizations can ensure that their
machine learning models remain accurate, relevant, and
aligned with changing data patterns, ultimately enhancing their

long-term effectiveness and reliability.

5.RESULT

1. Brush your teeth twice dai
2

ith fiuoride toothpaste.
Avoid suga drinks.

ry snacks and
3. Visit the dentist regularly.
4. Use dental floss o remove plaque.

Using RealVNC Viewer with a Raspberry Pi 4 running an
image detection system allows you to monitor and control the
setup remotely from a PC, phone, or tablet. The Raspberry Pi
connects to a camera and runs YOLOV7 to detect objects in
real time. With RealVNC Viewer, you can see a live feed
where detected objects are marked with labels like "person" or
"car." This setup is useful for security, surveillance, and
industrial monitoring, especially in remote areas where
physical access is limited. It runs at 5-10 FPS, making it
efficient for basic real-time detection. Additionally, it is a low-
cost and low-power solution, ideal for home security, farms,
and industrial sites.5. 1. RASPBERRY PI 4 OS DESKTOP

e Click on the Raspberry Pi Menu (top left corner).
e  Go to Preferences > Raspberry Pi Configuration.
e  Select the Interfaces tab.

e Enable VNC

e Click VNC to save the changes

5.1 CONNECT TO RASPBERRY PI WITH VNC
VIEWER

e Open VNC Viewer on your client device.

e Enter the IP address of your Raspberry Pi in the VNC

Viewer’s address bar.

e  Press Enter or click Connect. [1 A prompt will ask for
the username and password of your Raspberry Pi.
Use:

Once authenticated, you will be able to see and control the

Raspberry Pi’s desktop environment

FIGURE 52 : CONNECT TO RASPBERRY Pl4
WITH REALVNC VIEWER

5.2 USE CASES FOR REALVNC ON RASPBERRY Pl4

e Remote Programming: Program or develop software
on the Raspberry Pi without needing a physical

monitor or keyboard.

e  Server Management: Remotely manage a Raspberry
Pi server for home automation, 10T, or as a web

Server.

. Teaching and Learning: Use Real VNC to help with
remote learning, teaching students how to program or

configure Raspberry Pi.
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FIGURE 52: COMMAND USE FOR REALVNC
VIEWER ON RASPBERRY P14

6. CONCLUSION

The incorporation of Machine Learning (ML) and the
Internet of Things (loT) into a Dental Caries Detection System
is a major breakthrough in dental care. The system offers a
more precise, effective, and automated means of detecting
dental caries, overcoming the disadvantages of conventional
approaches like delayed diagnosis, subjectivity, and invasive
procedures. With the use of loT-enabled devices, including
smart toothbrushes, intraoral cameras, and sensors, the system
facilitates real-time monitoring and ongoing data collection,
enabling early intervention and customized preventive care.
The machine learning process—beginning with problem
understanding, data gathering, annotation, preprocessing,
model training, and deployment—is vital to the accuracy and
reliability of the system. High-resolution images taken by
Raspberry Pi cameras or other loT sensors are analyzed to
detect and classify dental caries, giving dentists useful
information and minimizing manual errors in diagnosis. The
use of machine learning algorithms improves the accuracy of
diagnosis, providing consistent outcomes while minimizing
human error.Although it has many benefits, there are
challenges that need to be overcome to promote its use in
clinical model

environments, including data privacy,

generalization, and  hardware constraints.  Ongoing

enhancement of the quality of data, model training, and loT
integration will continue to perfect the system, turning it into a

good asset for contemporary dentistry.

In summary, the Dental Caries Detection System is an
innovative use of machine learning and IoT in the field of
healthcare, leading the way to intelligent, quick, and accurate
dental diagnosis, eventually enhancing patient care and
overall oral health outcomes.

7. FUTURE WORK

Future work for the Dental Caries Detection System
based on Machine Learning and 10T includes several
improvements to enhance its efficiency, accuracy, and
feasibility in real-world applications. One such area is
improving deep learning models, where transformer-based
architectures and enhanced CNN frameworks can be used to
increase accuracy in identifying different stages of dental
caries. Also, integrating multi-modal data sources like thermal
imaging, 3D dental scans, and spectroscopy can provide a
more comprehensive analysis of oral health conditions.
l0T integration and remote monitoring will also be a priority,
facilitating improved wireless communication between dental
imaging equipment, cloud storage, and mobile apps.
Integration of 5G and blockchain technology can improve
data transmission rates and security, providing real-time and
tamper-proof patient records. The system can further be
extended to tele-dentistry, where dentists can remotely
diagnose and suggest treatments from real-time dental images.
* In addition, increasing and diversifying training datasets will
be essential to enhance the model's robustness and
generalizability. A greater dataset with images from diverse
age groups, ethnicities, and dental conditions will reduce
biases and enhance detection performance across diverse
populations. Federated learning can also be pursued, enabling
models to be trained on multiple healthcare institutions
without exchanging sensitive patient data directly, hence
ensuring privacy.By making early detection and prevention
more accessible, affordable, and effective, these technologies
will not only improve individual health outcomes but could
also contribute to broader public health improvements
worldwide. The continual advancements in Al, ML, IoT, and

data analytics are likely to unlock even more opportunities for
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innovation in this space, leading to a more personalized,

efficient, and connected approach to dental care.
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