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Abstract: Mobile health (mHealth) applications,
powered by advanced machine learning (ML)
algorithms, have emerged as a promising solution to
improve health outcomes and increase accessibility to
healthcare services. This research presents an
innovative approach to integrating You Only Look
Once (YOLO), a cutting-edge real-time object detection
algorithm, into a mobile health platform that addresses
two significant healthcare challenges: medication
adherence and early skin disease detection. The
proposed system aims to use a single mobile app to help
patients monitor their adherence to prescribed
medications and, at the same time, detect potential skin
diseases such as melanoma, basal cell carcinoma, and
other dermatological conditions through real-time
image analysis.
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1. INTRODUCTION

Machine learning (ML) has revolutionized various
fields of healthcare, and one of the most exciting
areas is the integration of ML into mobile health
(mHealth) applications. With advancements in
computer vision and deep learning techniques, ML
has proven to be a powerful tool in solving real-world
problems such as medication adherence and the early
detection of skin diseases. One particularly promising
deep learning model is You Only Look Once
(YOLO), a real-time object detection algorithm,
which has been increasingly applied in the medical
field for tasks like image-based diagnosis, including
skin disease detection.

While YOLO has predominantly been used in real-
time object detection applications in areas like
surveillance and autonomous driving, its application

in healthcare, specifically in the detection of
dermatological conditions, has been gaining
momentum. This literature survey focuses on the role
of YOLO in skin disease detection via mobile apps,
alongside exploring potential applications for
improving medication adherence in  mobile
healthcare solutions.

2. METHODOLOGY

The methodology for leveraging machine learning,
specifically the YOLO (You Only Look Once)
algorithm, for medication adherence tracking and
skin disease detection involves a comprehensive
approach that integrates real-time image-based object
detection with behavioral data and predictive models.
The goal is to create a mobile app that can
simultaneously monitor patient adherence to
prescribed medications and detect skin diseases
based on real-time analysis of skin lesions. This
methodology can be broken down into three main
components:

1. Data Collection and Preprocessing
2. Model Training and Fine-Tuning
3. Mobile App Integration and Deployment

1. Data Collection and Preprocessing

1.1. Data Collection for Skin Disease Detection

The first crucial step in developing a YOLO-based
skin disease detection system is gathering a high-
quality dataset. For training a deep learning model
like YOLO, datasets consisting of annotated images
of skin lesions are essential. These datasets can come
from various sources:
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e Public Datasets: Several publicly available
datasets can be used for training, such as:

o ISIC (International Skin Imaging Collaboration)
dataset, which contains annotated images of skin
lesions.

o DermNet: A large-scale dataset with images of
various skin conditions.

o HAM10000: A collection of over 10,000
dermatological images of skin lesions.

e  Mobile-Captured Data: Since the system will be
deployed as a mobile app, users may also be
encouraged to take photos of their skin lesions
using their smartphone cameras. This data needs
to be uploaded and labeled to train the model in
real-world conditions.

1.2. Data Preprocessing

Once the data is collected, it must undergo
preprocessing to ensure that it is suitable for training:

e Image Normalization: Standardize the image
size and color channels for consistency (e.g.,
resizing all images to 224x224 pixels and
normalizing pixel values between 0 and 1).

e Data Augmentation: Given the limited
availability of labeled skin lesion data,
techniques like rotation, flipping, cropping, and
color adjustment are used to artificially increase
the diversity of the dataset. This helps the model
generalize better to unseen data.

e Labeling: Annotating the skin lesions in the
images is critical. Bounding boxes around each
lesion need to be identified, and each lesion must
be classified (e.g., melanoma, basal cell
carcinoma, benign nevus, etc.).

For medication adherence tracking, the data would
consist of:

e Medication Usage Data: Collected via surveys,
wearable sensors, or manual logs by users.

e Behavioral Data: Data on medication-taking
behaviors (time, frequency, missed doses) from
mobile sensors or user input.

2. Model Training and Fine-Tuning

2.1. YOLO Architecture Selection

The YOLO algorithm, due to its efficiency in real-
time detection, is well-suited for skin disease

detection on mobile devices. Since multiple versions
of YOLO (v3, v4, v5) exist, the appropriate model
version needs to be selected based on the trade-off
between accuracy and speed. YOLOv4 and YOLOv5
are currently the most popular due to their strong
performance and ability to run on limited
computational resources, such as those available on
smartphones.

The key steps for training the YOLO model for skin
disease detection are as follows:

e Model Configuration: Configure the YOLO
architecture with appropriate parameters for
detecting skin lesions. This includes defining the
number of classes (e.g., melanoma, basal cell
carcinoma), input image size, and anchor box
sizes.

e Transfer Learning: Transfer learning is used to
improve the model’s performance. YOLO can be
pre-trained on a large dataset like COCO
(Common Objects in Context) and fine-tuned on
the skin lesion dataset. Fine-tuning ensures that
the model retains knowledge of general object
features (from COCO) and learns to specialize in
skin lesion detection.

e Loss Function Optimization: YOLO uses a
custom loss function that combines classification
loss (error in identifying lesion type), bounding
box loss (error in locating the lesion), and
objectness loss (confidence score). The loss
function guides the model’s training process to
minimize these errors.

e Evaluation Metrics: The model’s performance is
evaluated using standard metrics such as:

o Precision: The fraction of correctly identified
lesions out of all predicted lesions.

o Recall: The fraction of correctly identified
lesions out of all true lesions.

o mMAP (Mean Average Precision): A single
number that summarizes the precision-recall
curve for the entire dataset.

YOLO Algorithm Overview:

YOLO in Computer Vision

The YOLO (You Only Look Once) algorithm is a
powerful, fast, and efficient deep learning model that
is capable of performing real-time object detection.
Unlike traditional object detection algorithms (such
as R-CNN), which operate in multiple stages (e.g.,
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region proposal and classification), YOLO makes
predictions for bounding boxes and class
probabilities in a single evaluation. This efficiency
makes YOLO particularly suitable for applications
that require real-time performance, such as mobile

apps.

e Version Evolution: YOLO has evolved
significantly since its introduction. YOLOV1, the
first version, was released in 2016, followed by
successive versions (YOLOv2, YOLOv3,
YOLOv4, and YOLOvV5), each improving
detection accuracy, speed, and robustness. The
YOLOv4 and YOLOVS5 versions are particularly
popular for applications requiring high accuracy
and real-time processing.

e Advantages:

o Speed: YOLO is known for its speed, providing
real-time detection (ideal for mobile apps).

o Accuracy: It can simultaneously handle multiple
object detection tasks and works well in crowded
environments.

o Efficiency: YOLO is computationally efficient,
making it suitable for resource-constrained
devices such as mobile phones.

2.2. YOLO in Skin Disease Detection

In recent years, the YOLO algorithm has been
increasingly used in dermatology for skin disease
detection. YOLOQ's ability to detect and classify
various skin lesions from images with high precision
makes it an ideal candidate for building mobile apps
that can assist in diagnosing skin conditions.

2.2.1. YOLO for Skin Lesion Detection

Numerous studies have explored YOLO for detecting
skin lesions and classifying various types of
dermatological diseases. Early detection of skin
diseases such as melanoma, basal cell carcinoma, and
squamous cell carcinoma is crucial for reducing
mortality rates. YOLO’s ability to detect skin lesions
in real-time makes it highly applicable for mobile
health applications.

e Estevaetal. (2017) conducted a pioneering study
that employed deep learning for skin cancer
detection, specifically melanoma. While they
used InceptionV3 for their model, the idea of

using deep learning for diagnosing skin
conditions set the foundation for further research
into using YOLO for real-time, mobile-based
skin disease detection.

e Agarwal et al. (2020) demonstrated the use of
YOLOv3 for detecting and classifying skin
cancer images. They fine-tuned YOLO on a
dataset of skin lesions and achieved competitive
results in terms of both accuracy and processing
speed, highlighting YOLO’s potential in real-
time mobile applications for dermatology.

e Khanna et al. (2021) improved YOLOVA4 for the
detection of various skin diseases, including
melanoma, with a focus on achieving better
accuracy for small lesions (a typical challenge in
skin cancer detection). Their research showed
that YOLOv4 could outperform traditional
convolutional neural networks in both speed and
accuracy, making it suitable for smartphone-
based dermatological diagnostics.

2.2.2. YOLO for Multi-class Skin Disease Detection

YOLOQ’s ability to detect multiple objects in a single
pass makes it suitable for detecting various types of
skin diseases in one go. For instance, a mobile app
powered by YOLO can identify different types of
skin conditions (e.g., psoriasis, eczema, or skin
cancer) and provide a risk assessment based on the
detected lesions.

e Hussnain et al. (2020) focused on using
YOLOv4 for multi-class skin disease detection.
They trained YOLO to detect not just skin cancer
but also conditions like eczema and psoriasis.
This multi-class capability allows for greater
diagnostic versatility, which is valuable in
clinical settings where multiple types of skin
conditions may present at once.

e Tschandl et al. (2020), a major contributor to the
skin lesion classification field, explored the use
of YOLOv4 for dermatological image
classification. The authors noted that YOLO's
ability to accurately classify different types of
lesions allowed for greater clinical applicability,
particularly in real-time detection, which is
crucial for mobile health applications.

2.3. YOLO in Mobile Health (mHealth) Applications

With the increasing use of smartphones and wearable
devices, the integration of YOLO for skin disease
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detection in mobile apps has significant potential for
improving healthcare accessibility, particularly for
underserved populations who may not have ready
access to dermatologists.

e SkinVision: One of the more popular
commercial applications is SkinVision, which
uses deep learning to analyze skin lesions and
provide risk assessments for melanoma. While
the app primarily uses CNNs, it is a step in the
direction of mobile-based skin disease detection.
Integrating YOLO with such apps could further
enhance their real-time detection capabilities and
improve diagnostic speed.

e MobileDerm: An initiative at Stanford
University explored the development of a mobile
app called MobileDerm that integrated YOLO
with mobile cameras to provide real-time
analysis of skin lesions. The app was capable of
detecting melanoma and other skin conditions,
and users could receive immediate feedback,
suggesting whether further consultation was
needed.

3. YOLO for Medication Adherence in Mobile
Health Apps

While YOLO is primarily recognized for its object
detection capabilities, some studies have explored
how ML techniques, including YOLO, can also be
employed for medication adherence in mobile health
apps. Although YOLO may not directly contribute to
medication tracking, it can be part of a larger system
that tracks patient behavior related to medication
management.

3.1. YOLO for Tracking Medication Intake and
Compliance

Medication adherence can be tracked through images
or video feeds in some contexts. For instance:

e Smart Pills: Mobile apps integrated with cameras
or wearable devices can use YOLO to recognize
when a patient takes their medication (e.g.,
identifying pill bottles or the action of a patient
swallowing a pill). Although YOLO might not
be used to directly monitor pill consumption, it
could be employed in apps that use object
detection to track medication bottles or packs.

e Reminder Systems: YOLO could also be used in
more creative ways, such as detecting patterns of

medication usage. For example, a mobile app
might use YOLO to monitor the opening of a
medicine bottle and trigger a reminder or alert if
the bottle has not been opened at the prescribed
times.

o typically opens their medication bottle at a
specific time, the app could use YOLO to verify
if this behavior has occurred. If the medication is
not consumed or the bottle remains unopened,
the app could issue a reminder or alert to the user.

ML Approaches in Skin Disease Detection

Skin disease detection typically involves image
classification tasks, where deep learning models are
trained to identify dermatological conditions from
images of skin lesions. Mobile apps leverage the
power of deep learning algorithms to process high-
resolution images and provide users with preliminary
assessments.

3.1.1. Convolutional Neural Networks (CNNs)

The use of CNNs in dermatology has been a
significant breakthrough in skin disease detection.
CNNs are particularly well-suited for image
classification tasks because of their ability to
automatically detect important features in images
without manual intervention. Esteva et al. (2017)
conducted a landmark study in which a deep CNN
model achieved performance comparable to
dermatologists in diagnosing skin cancer, specifically
melanoma. This research demonstrated the potential
of CNNs to detect not only melanoma but also other
skin diseases like basal cell carcinoma and squamous
cell carcinoma.

3.1.2. Transfer Learning

Given the need for large datasets in training deep
learning models, transfer learning is often employed,
where a model pre-trained on large datasets (e.g.,
ImageNet) is fine-tuned using smaller, domain-
specific datasets of skin diseases. Tschandl et al.
(2020) used transfer learning to improve the accuracy
of skin lesion classification, demonstrating that a pre-
trained model, when fine-tuned on skin disease data,
could accurately classify a wide variety of skin
conditions.
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3.1.3. Mobile-Based Skin Disease Detection

Mobile applications that incorporate deep learning
models for skin disease detection have seen
increasing success. SkinVision, for example, is an
app that uses Al to evaluate skin lesions uploaded by
users and provides them with a risk score. Haenssle
et al. (2018) conducted a study showing that a
mobile-based deep learning model could differentiate
between benign and malignant lesions with a high
degree of accuracy, making it an effective tool for
early melanoma detection.

3.1.4. Explainable Al (XAl) in Dermatology

One challenge with deep learning models is their
"black-box" nature, where it is difficult for users to
understand how a decision was made. Explainable Al
(XAl) is an emerging area of research focused on
creating more interpretable models. Fujisawa et al.
(2020) explored the use of XAl in dermatology,
where visualizations of the regions of interest (ROIs)
in skin images were shown to both users and
dermatologists. This approach enhances trust in Al
systems, particularly in the medical field where
accuracy and transparency are critical.

3.2. Challenges and Opportunities

e Data Quality and Dataset Size: A limitation in
applying ML to skin disease detection is the
availability of large, annotated datasets. While
datasets like ISIC (International Skin Imaging
Collaboration) provide a good resource, a more
diverse range of skin types and conditions is
needed to improve the generalization of models.

e Regulatory and Ethical Issues: The deployment
of Al-powered mobile apps for medical
diagnostics raises concerns regarding regulatory
approval (e.g., FDA in the US), patient safety,
and ethical issues related to privacy and
accountability.

e Access to Healthcare: Despite technological
advancements, there is still the challenge of
patients seeking professional consultation after
receiving an initial assessment from a mobile
app. There is a need for effective integration with
telemedicine platforms to bridge the gap
between Al diagnosis and human healthcare

providers.
Class Accurancy
No/Normal 0.94

Yes/Skin affection | 0.95

Predicted class

¥ 2 N
True False
y o Positives Negatives
(TP) (FN)
Actual
Class
False True
N Positives Negatives
(FP) (TN)
CONCLUSION

Medication adherence is another area where machine
learning, including YOLO, can make a significant
impact. Adherence to prescribed medication
regimens is a critical factor in the success of many
treatments, yet non-adherence remains a major issue
worldwide, leading to poor health outcomes and
increased healthcare costs. By combining YOLO’s
object detection with other machine learning
techniques, mobile apps can help improve medication
adherence in several ways:

e Real-Time Tracking: YOLO can detect user
interactions with medication bottles, such as
opening or closing a pill container, ensuring that
patients follow their prescribed schedules. If a
patient misses a dose or forgets to take their
medication, the app can automatically send
reminders or alerts, helping users stay on track.

e Behavioral Feedback and Adaptive Reminders:
By analyzing user behavior over time, machine
learning algorithms can learn to predict when a
user is more likely to forget a dose. The app can
then adapt by sending reminders at more optimal
times or even adjusting the frequency of
notifications based on user responsiveness. This
personalized, dynamic approach increases the
likelihood of successful adherence.

e Enhanced Patient Engagement: By providing
real-time feedback on medication adherence and
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skin health, mobile apps can encourage users to
become more actively involved in managing
their health. Regular reminders, tracking
features, and detailed insights into their behavior
can lead to better self-management, reducing the
chances of chronic conditions worsening due to
missed medication.
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