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Preface
In the rapidly evolving landscape of technology, three domains stand out for their
transformative potential: Machine Learning, the Internet of Things (IoT), and Cloud
Computing. Individually, each of these technologies has significantly advanced the
capabilities of various industries. However, it is the convergence of these three that
promises to unlock unprecedented levels of intelligence, efficiency, and innovation in
modern systems. This book, ”Convergence of Machine Learning, IoT, and Cloud
Computing: Enabling the Future of Intelligent Systems,” delves into the synergistic
integration of these ground breaking fields. It provides a comprehensive exploration of
how they can be combined to create intelligent, scalable, and adaptive systems capable
of revolutionizing industries ranging from healthcare and agriculture to manufacturing
and urban development.

Machine Learning offers powerful tools for analyzing and interpreting vast amounts
of data, enabling predictive analytics, automated decision-making, and deeper insights.
IoT extends the digital realm into the physical world, connecting a myriad of devices
and sensors that generate continuous streams of data. Cloud Computing provides the
scalable infrastructure necessary to process, store, and analyze this data efficiently,
offering on-demand access to computational resources and facilitating the deployment
of sophisticated applications.

In this book, we explore the fundamental principles and cutting-edge advancements
in each of these domains, and more importantly, we examine how their integration leads
to the development of intelligent systems. We highlight practical applications, industry
case studies, and best practices that illustrate the immense benefits of this convergence.
Readers will gain insights into the architecture and design of IoT systems empowered
by machine learning algorithms and cloud-based services. They will discover how
to leverage these technologies to build smarter cities, enhance healthcare delivery,
optimize industrial operations, and improve environmental monitoring, among other
applications.

As we stand on the brink of a new era defined by intelligent systems, understanding
the interplay between Machine Learning, IoT, and Cloud Computing is crucial. This
book serves as a guide for researchers, practitioners, and enthusiasts eager to harness
the power of these technologies to innovate and address the complex challenges of the
future. We hope that ”Convergence of Machine Learning, IoT, and Cloud Computing:
Enabling the Future of Intelligent Systems” inspires and equips you to explore the
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endless possibilities of this technological triad. Together, let us embark on a journey
to create a smarter, more connected, and intelligent world.

The book Convergence of Machine Learning and IoT for Enabling the Future of
Intelligent Systems would not have been possible without the support and encourage-
ment of many. The editors express their heartfelt gratitude to all the authors who have
contributed to the book volume. We also acknowledge the team of dedicated faculty
members of the Department of MCA at Acharya Institute of Technology, Bengaluru,
India for their efforts in shaping the volume. Expressing our gratitude shall remain
incomplete without the mention of Prof. Devasis Pradhan, Dean (Research), Acharya
Institutes for his encouragement and handholding during the entire journey of the
book. The editors acknowledge the unwavering support of the entire Management of
Acharya Institutes, Bengaluru, without which the book wouldn’t have seen the light
of day.

At last, but not the least, we are grateful to our families and the almighty for
imbibing the much needed strength and endeavour that was put in for pushing the
book from an idea to reality.

Dr. Ratnakirti Roy
Dr. Manish Kumar Thakur
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Chapter 1
Book Chapter

Advanced Safety Helmet Detection:
Enhancing Industrial Site Safety with AI

Sheela S Maharajpet  ∗1, Deepa Mugad †2, and Nagaraj C ‡3

1Assistant Professor, Department of MCA, Acharya Institute of Technology,
Bangalore
2Department of MCA, Acharya Institute of Technology, Bangalore
3Assistant Professor, School of CSA, REVA University, Bangalore

Abstract
Employees who work in industrial and construction environments prioritize safety above all
else. In an industrial setting, real-time object detection is a crucial method for identifying
safety compliance infractions. Workers may be put in danger if safety helmets are not worn
properly, thus it is crucial that an automatic surveillance system be in place to identify those
who are not wearing them. This will lessen the amount of labor-intensive work that needs
to be done to keep an eye out for infractions. Several techniques for image processing are
applied to each video clip that is collected from the manufacturing plant. CNN has released a
novel and practical safety detection framework that entails first identifying individuals from
the camera footage and then determining whether or not they are wearing safety helmets.

Keywords: Multiple disease. CNN. Object Detection. Safety Helmet. Industrial Site.
YOLOv.
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1 Introduction
With the increasing significance of supply chain finance and corporate strategies in indus-
trial settings as mentioned by Jain, Kaur, and Mittal’s (2023), Workers in the high-risk
sector of construction frequently suffer accidents. Deaths from severe head traumas happen
often. Accident records from 2015 to 2018 were made available by the state administration
of work safety. Of the 78 construction accidents that were recorded, 53 (or 67.95% of all
incidents) were related to workers not wearing safety helmets as required. This highlights
the need for a greater emphasis on sustainable human resource management, which, if
it encourages equitable treatment and happiness for workers and supports pro-ecological
activities within the industry. (Okr�glicka, Mittal, & Navickas, 2023).

In industrial, construction and mining sectors, maintaining strict safety regulations is
essential to shielding employees from possible risks and averting incidents that can cause
critical injuries or even fatalities. The regular use of protective gear, including as helmets,
jackets, and masks, is one of the most important safety precautions for reducing hazards
and guaranteeing worker wellbeing. For safety staff and supervisors, however, enforcing
compliance with safety procedures over large work sites presents logistical obstacles.

Artificial intelligence and Machine Learning algorithms not only help in increasing
sales, understand consumer behaviour, education , fraud detection but also in maintain-
ing health, particularly in the industrial sector.(Gautam & Mittal, 2022). To address
these challenges, This project presents a web application that automatically detects safety
Helmet in industrial settings by using deep learning technology. The tool facilitates quick
identification of helmets, safety jackets, and masks in photographs and videos by utiliz-
ing the YOLOv8 model, which is widely recognized for its precision and instantaneous
detection abilities. Workers and safety personnel can quickly upload media files for exam-
ination through an easy-to-use interface created with Flask, which streamlines the safety
monitoring procedure.

2 Literature Review
H. Wang et al.’s (2020) a modified backbone network with Cross Stage Partial Network
(CSPNet) and a Spatial Pyramid Pooling (SPP) structure for feature enhancement was
used to increase computational efficiency and training speed.(C. Y. Wang et al., 2020). Ten
thousand photos from cameras on construction sites were collected to create a dataset ded-
icated to safety helmet detection. The results of the experiments showed that CSYOLOv3
performed much better than YOLOv3, attaining a 28% improvement in mean average
precision (mAP) and a 6 frames per second increase in processing speed. Workers in the
high-risk industry of construction frequently suffer accidents. Deaths from severe head
traumas happen often. According to accident statistics given by the state office of work
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safety between 2015 and 2018, workers’ failure to correctly wear safety helmets resulted in
53 of the 78 construction accidents that were reported, or 67.95% of all incidents.(Saniya
et al., 2022). Monitoring the state in which construction workers are donning their safety
protective equipment is crucial to safety management at the site. Safety helmets can lessen
the damage caused by employees falling from heights and can absorb and distribute the
impact of falling objects. Safety helmets are often disregarded by construction workers
due to a lack of knowledge regarding safety.

There is a markedly increased risk of harm for workers at construction sites who wear
safety helmets incorrectly. Traditional safety helmet supervision of construction site work-
ers sometimes requires manual labor. (Hayat & Morgado-Dias, 2022). Research by Cheng
et al.’s (2021) suggested to replace the original model in YOLOv3-tiny with a better one by
creating a depthwise separable convolution and directing the light sandglass-residual (SR)
module of the channel attention mechanism. To improve the helmet’s detection accuracy,
the enhanced spatial pyramid pooling (SPP) module was added to the feature extraction
network. Additionally, the convolutional layer was used to substitute three-scale feature
prediction for the two-scale feature prediction. Geng, Ma, and Huang’s (2021) and Yan
and Wang’s (2021) presented an enhanced method based on YOLOv3 for detecting safety
helmet use. Further, Han and Zeng’s (2022) explains the method improves the speed and
accuracy of wearing helmet recognition by enlarging the input image, using multi-scale fea-
ture fusion structure, depth wise separable convolution instead of Darknet53’s traditional
convolution, and other techniques.

Zhang, Xiao, and Lu’s (2022) proposed a YOLOv5-based technique to improve helmet
recognition speed and accuracy. This method utilizes an attention mechanism in the
backbone network, adds a fourth scale to forecast the bounding boxes of smaller objects,
and applies additional techniques. It starts with YOLOv5 as the baseline. The literature
does not contain any study on dense object occlusion detection. In the published works
of Dong et al.’s (2015), Kelm et al.’s (2013), and Kim et al.’s (2018) Several sensors were
used for the safety helmet that we wore. A range of sensors, including pressure, RFID,
three-axis accelerometers, and chinstrap sensors, were employed to identify whether or not
a safety helmet was being worn. However, these methods raise the expense of detection
and may be viewed as worker invasions.

Workers are typically reluctant to wear safety helmets with the aforementioned sensors
due to concerns about their privacy and health.(Shen et al., 2021).Background subtraction
is used for moving object recognition in an effort to extract moving objects and categorize
them as motorcycling or not depending on the parameters extracted from their region
properties. The average colors, average intensity, and circularity of each head quadrant
are the features that are taken into account here. The proposed method employs KNN to
classify people according to features extracted from 4 segments of the segmented head area
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regarding helmet use.(Waranusast et al., 2013).The study by Silva et al.’s (2013) mentioned
two ways to look at the system that this study suggests. To identify the moving items,
the photos are first split and classed. This is accomplished by having the user define the
CL (Cross Line), after which the system classifies the detected system as a motorcycle or
not based on features extracted from the system using LBP (Local Binary Pattern).

The next step involves looking at the helmet recognition component. Here, visual
features are extracted using methods like hybrid descriptors, and an SVM classifier is
used to assess whether or not the image of interest is a helmet.Segmenting moving objects
allows for the evaluation of just the image’s interesting objects. (Silva, Aires, & Veras,
2014) .After that, attributes of the image were extracted using descriptors. The term
”feature vector” refers to this extracted set of data. To determine if an image is of a
motorcycle or not, feature vector classifiers such as multilayer Perceptron’s are used to
classify the photos. Helmet detection follows the identification of motor vehicles and
is accomplished in four steps: ROI extraction, sub window computation, characteristics
extraction, and image categorization. ROI is mostly used for classifier-based helmet search;
a second sub-window computation is performed by focusing only on the head portion to
ascertain whether or not the subject is wearing a helmet. (Liang & Seo, 2022).

3 Proposed System
By automatically identifying safety equipment, the suggested system is a feature-rich
web application that aims to transform safety monitoring procedures in industrial, con-
struction, and mining settings. Cutting-edge deep learning technology—specifically, the
YOLOv8 model—is used by the system to detect protective gear, such as masks, jackets,
and helmets, in real-time from pictures and videos.

The primary characteristic of the system is its user-friendly interface, which was de-
signed using the Flask framework and enables employees and security staff to upload media
assets for review. Using a high-quality dataset from Robo flow, a platform that special-
izes in dataset maintenance and augmentation, is essential to the system’s effectiveness.
This dataset, which has been carefully chosen and annotated to span a wide range of
environmental settings and variations in the appearance of safety gear, is used to train
the YOLOv8 model. With the help of this large dataset, the model is able to train to
achieve remarkable accuracy and generalization, enabling it to reliably detect safety gear
in a range of real-world scenarios.
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4 Methodology

Figure 1. General Architecture for Worker Safety Helmet Detection using Deep Learning
Framework

• Data processing: Collecting and annotating a variety of images, augmenting data for
variability, normalizing pixel values, dividing the data into training, validation, and
test sets, and effectively loading data during training are all part of the data processing
for worker safety helmet detection. This ensures a reliable and accurate model.

• Testing: Testing a deep learning helmet detection model involves evaluating its perfor-
mance on a separate test dataset, using metrics like precision, recall, and mean Average
Precision (mAP) to ensure accuracy and robustness.

• Training: Training a deep learning helmet detection model involves feeding annotated
images through the model, optimizing with loss functions and an optimizer like Adam,
validating performance, and iterating to minimize errors and improve accuracy.

• Validation: Validation in deep learning helmet detection involves using a separate val-
idation dataset to tune hyperparameters, monitor model performance during training,
prevent overfitting, and ensure the model generalizes well to new, unseen data.

• Deep Learning Framework: Gathering and annotating data, preprocessing with aug-
mentation and normalization, choosing and training a model, assessing performance,
and deploying with continuous monitoring are all steps in a deep learning system for
helmet detection. (see figure 1)
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5 Flow Chart
The following diagram illustrates the working of the proposed model:(see figure 2)

Figure 2. Flowchart
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6 Result
Since the safety gear identification system can precisely identify persons, helmets, jackets,
and masks, it has demonstrated to be a very effective way to improve workplace safety.
(see figure 3). Workers and safety personnel can upload photographs or videos with ease
and obtain real-time detection results with clear visual signs thanks to the user-friendly
interface that was designed using Flask.(see figure 4)

Figure 3. The person is detected without a Helmet, Mask or Safety Jacket.

Figure 4. The person is detected with a Helmet, Mask and Safety Jacket.
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7 Conclusion
In conclusion, the safety gear detection project marks a significant stride forward in safety
management practices across industrial, construction, and mining sectors. By using of
web development frameworks and deep learning, two cutting-edge technologies, the project
offers a potent tool for automatically identifying safety gear in photos and videos. YOLOv7
object detection model powers an advanced web application at its heart that provides both
workers and safety personnel with an easy-to-use interface. Its user-friendly interface
makes it simple for users to upload media assets and get rapid detection results, which
improves compliance efforts and streamlines safety monitoring processes.

This project stands as a testament to the transformative potential of innovation in
workplace safety. The safety gear detection system transforms the way that safety man-
agement is approached while also raising safety standards by utilizing cutting-edge meth-
ods. Because of its real-time detection capabilities, safety staff may quickly spot safety
gear violations and take preventative action to reduce hazards, which makes the workplace
safer for everyone involved.
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Abstract
The field of Affective Computing has witnessed significant interest in real-time facial expres-
sion recognition (FER) due to advancements in machine learning (ML) and deep learning
(DL) techniques. Integrating an ER system with a digital representation of an individual
allows effective monitoring, understanding, and enhancement of their physical well-being.
This approach provides continuous feedback to improve overall wellness through personal-
ized healthcare. However, developing real-time ER systems poses challenges such as limited
datasets, feature identification, emotion classification, and high implementation costs. To
address these hurdles, we propose a straightforward and adaptable ER system that processes
real-time image data captured via a webcam. Our study introduces a system designed to
recognize human emotional states from facial expressions, alongside methods for predicting
age and gender from facial features. We also explore how gender and age impact facial ex-
pressions. The proposed system detects seven emotions: Anger, Disgust, Happy, Fear, Sad,
Surprise, and Neutral states, based on facial data. It comprises three main components:
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Gender Detection, Age Detection, and Emotion Recognition. We employ two algorithms,
K-Nearest Neighbours (KNN) and Support Vector Machine (SVM), along with deep learning
models like Convolutional Neural Networks (CNN) and VGG-16 through Transfer Learning.
Our ER system demonstrates promising results with reduced training time while maintain-
ing accuracy. By bridging the gap between technology and human emotions, we pave the
way for improved personalized healthcare and well-being.

Keywords: K-Nearest Neighbours (KNN). Support Vector Machine (SVM). Deep learning.
Convolutional Neural Networks (CNN) -16.

1 Introduction
With over 3 billion users on social networking sites since the early 2000s Arora2021,
smart facial recognition with age, gender, and emotion detection is especially pertinent
today. A broad spectrum of ages, nationalities, and occupations use clever face recogni-
tion technology. Facial recognition technology has revolutionized a number of industries,
including retail and security. But conventional systems are frequently not sophisticated
enough to identify subtle characteristics. ”Smart Facial Recognition with Age, Gender,
and Emotion Detection” is a state-of-the-art technology that has the potential to transform
human-computer interaction and achieve previously unheard-of levels of facial recognition
proficiency. The need for precise and versatile facial recognition systems is greater than
ever in the linked world of today. While conventional systems are quite good at recogniz-
ing faces, they are not very good at giving more detailed information on age, gender, and
emotional states—all of which are important aspects of human behavior and preferences.

Beyond what is previously possible, this new technology uses sophisticated artificial
intelligence and computer vision algorithms to reliably identify people, as well as precisely
assess their age, gender, and emotional state based on their facial expressions.Such tech-
nology has wide and far-reaching effects. It allows for more precise profiling and focused
monitoring in security and surveillance, improving public safety measures and lowering
privacy concerns which renders public sector services.(Mittal & Gautam, 2023). By cus-
tomising adverts and promotions according to demographic characteristics and emotional
reactions, it helps retail businesses implement personalised marketing tactics. It provides
a scope of innovation. Strict rules are implemented to secure confidential information and
guarantee adherence to legal requirements, balancing the growth of technology with the
preservation of individual privacy.

As we venture into the field of ”Smart Facial Recognition with Age, Gender, and
Emotion Detection,” we look forward to a time where communication between humans and
computers is not just smooth but also profoundly compassionate. This technology opens
the door to a more intuitive and connected world which enhances our human experiences
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by recognizing not just who we are but also how we feel.

2 Literature Review
A crucial component of computer vision is facial attribute identification, which includes
tasks like emotion detection, gender categorization, and age estimation. The accuracy
and robustness of these tasks have been greatly improved by recent developments in deep
learning.(Kumari & Bhatia, 2022) By simultaneously learning representations for many
face features using a multi-task convolutional neural network (CNN), Liu et al.’s (2015)
created a deep learning framework for joint facial attribute prediction in unconstrained
scenarios. Their methodology proved to be highly effective in predicting age, gender,
and mood, exhibiting cutting-edge performance on extensive datasets.A unique approach
mentioned by ELKarazle, Raman, and Then’s (2022) to estimate facial age by combining
geometric morphometric descriptors with visible traits in an associated investigation. By
capturing both global and local facial signals, this hierarchical architecture outperforms
current approaches on benchmark datasets and enhances the robustness of age prediction.

A dataset, feature extraction methods, algorithms, and the most recent developments
in their use in facial expression recognition comprise an AI-based FER methodology.(Dalvi
et al., 2021).AI gives emotion recognition priority over false positives. Emotions obstruct
diagnosis. Two neural network models are used to determine the sentiment of the text.
Contradiction (tool for psychology).(Anusha, Vasumathi, & Mittal, 2023).An effective
cascaded was presented by Y. Zhang et al.’s (2017) pairwise ranking algorithm for face
age estimate. They obtained state-of-the-art performance on large-scale datasets by us-
ing pairwise comparisons between facial photos to create a ranking function that predicts
relative age differences. Kumar et al.’s (2009) mentioned with regard to face verification
tasks, such as age, gender, and emotion identification, made contributions to the field using
attribute and simile classifiers.Taigman et al.’s (2014) stated deep neural network design
achieved state-of-the-art results on benchmark datasets by effectively learning discrimina-
tive representations for facial features. Furthermore, a conditional adversarial autoencoder
framework by for age progression/regression problems was described by Z. Zhang, Song,
and Qi’s (2017). Their method achieves remarkable performance on benchmark datasets
by learning a mapping function between facial photos taken at different ages, allowing for
realistic age modification.

A deep label distribution learning (DLDL) method for age estimate was presented by
H. Zhang, Zhang, and Geng’s (2021). To capture the uncertainty and subtle fluctuations in
age prediction, this technique learns the age distribution of a face image instead of a single
age estimate. Their algorithm performed better when estimating age, showing increased
resilience and accuracy, even when processing difficult or unclear facial photos. Support
Vector Machine (SVM) and K-Nearest Neighbors (KNN) are the two methods used by Teja
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Chavali et al.’s (2022). Furthermore, they have used pre-trained VGG-16 model through
transfer learning and Convolutional Neural Networks (CNN) as examples of deep learning
architectures. The evaluation metrics show how well the model performs in terms of the
recognition system’s accuracy. YILDIZ, GÜNEŞ, and BAS’s (2021) introduced a CNN-
based approach that uses both global and local face cues for gender classification. Their
architecture, which consists of several convolutional layers followed by fully connected
layers, allows the model to pick up intricate gender-related patterns. According to the
experimental results, their method achieved great accuracy on a variety of datasets, out-
performing conventional machine learning techniques. Levi and Hassncer’s (2015) model
can capture a wide range of spatial data linked with distinct emotions since it combines
numerous parallel convolutional filters of different sizes. The higher performance of our
methodology over conventional methods was demonstrated by the experimental results on
benchmark emotion recognition datasets.

Major developments in intelligent facial recognition technology, with a focus on how
they can be used for emotion detection, gender classification, and age estimation. More
complex and reliable facial recognition systems are now possible thanks to developments
in deep learning techniques, which have significantly increased the accuracy and depend-
ability of facial attribute prediction. These developments improve facial attribute recogni-
tion’s robustness and accuracy while also advancing more general uses including security,
human-computer interaction, and tailored user experiences. It is expected that the inte-
gration of these state-of-the-art technologies will continue to develop, providing ever more
sophisticated and adaptable facial attribute identification solutions in a range of real-world
circumstances.

3 Methodology
The methodology for smart facial recognition with age, gender, and emotion detection
centers on leveraging Convolutional Neural Networks (CNNs), particularly the WideRes-
Net architecture, for accurate prediction. Data acquisition begins with the IMDB-WIKI
dataset, containing an extensive collection of 523,051 images sourced from IMDb and
Wikipedia. These images are annotated with acquisition details, gender, birth dates
(DOB), and face scores (FS). Additionally, for emotion recognition, the fer2013 dataset
from Kaggle is utilized, consisting of 35,890 face images categorized into seven emo-
tions.(Zahara et al., 2020)

Dataset formation involves preprocessing steps to remove rotated, cropped, and non-
facial images, as well as those with multiple faces or poor quality. To enhance dataset
diversity and mitigate errors, augmentation techniques like random erasing and mix-up
generation are applied. Augmentation parameters are carefully adjusted to maintain com-
putational efficiency while reducing unwanted behaviours such as sensitivity and memo-
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rization. The Fer2013 dataset is partitioned into training, validation, and testing sets in an
80:10:10 ratio. During training, augmentation is exclusively applied to the training dataset
to augment its size and improve model performance. Mix-up generators are employed to
train neural networks on convex groupings of example pairs and image labels, facilitating
linear operation among training data. The resulting WideResNet model is capable of ro-
bustly predicting age, gender, and emotions from facial images. This methodology ensures
a comprehensive approach to smart facial recognition, leveraging state-of-the-art CNN ar-
chitectures and carefully curated datasets to achieve accurate and reliable predictions
of age, gender, and emotions. Additionally, the utilization of augmentation techniques
and mix-up generators enhances dataset diversity and model generalization, leading to
improved performance in real-world scenarios.

4 Algorithms Used
1. Convolution neural Network: Convolutional neural networks (CNNs) are pivotal in

smart facial recognition systems. They extract intricate facial features and enable
multi-task learning for age, gender, and emotion recognition. Utilizing separate out-
put layers and data augmentation techniques, CNNs generate precise predictions.
Ensemble methods amalgamate predictions from diverse models, refining accuracy
and reliability. Further, fine-tuning and iterative adjustments optimize CNN perfor-
mance, ensuring adaptability to varying datasets and real-world conditions. Overall,
CNNs serve as the backbone, facilitating robust and efficient recognition of facial at-
tributes, crucial for diverse applications ranging from security to healthcare and
beyond.

2. WideResNet Archietecture: WideResNet is an architecture extension of ResNet,
enhancing its performance by widening the network. It features increased width
factors, leading to wider convolutional layers. This modification reduces overfit-
ting and enhances model generalization. With fewer parameters than deeper net-
works, WideResNet achieves impressive accuracy on various tasks. Its simplicity
and efficiency make it suitable for applications with limited computational resources.
WideResNet’s robustness and scalability render it a popular choice in image clas-
sification and object recognition tasks, showcasing its versatility across domains.
Its impact lies in offering a balance between model complexity and performance,
contributing significantly to the advancement of deep learning architectures.

3. Haar-cascade Classifier: Implementing smart facial recognition with age, gender,
and emotion detection involves training Haar cascades for face detection and specific
features. Steps include data collection, preprocessing, cascade training, integrating
with age, gender, and emotion models, testing, optimization, and deployment. Haar-
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cascades identify object features, aiding in face detection. However, deep learning
methods are preferred for age, gender, and emotion recognition due to their abil-
ity to learn complex patterns. Nonetheless, Haar cascades remain valuable within
the broader facial recognition framework, offering a foundational element for object
detection.Creating a smart facial recognition system with age, gender, and emotion
detection begins by gathering a dataset with annotated facial images. Preprocessing
ensures consistent image quality and size. Haar cascades are then trained to detect
faces and specific facial features pertinent to age, gender, and emotion. Integration
with separate recognition models for each task follows, possibly employing machine
learning algorithms like SVMs or CNNs.

Testing and evaluation assess system performance, guiding optimization efforts for
enhanced accuracy and efficiency. Once refined, the system is deployed in various
environments, whether mobile apps, web services, or embedded devices.While Haar
cascades serve as a cornerstone for face detection, deep learning methods typically
dominate for nuanced tasks like age, gender, and emotion recognition. Nonetheless,
their complementary role contribute to the robustness and versatility of the overall
facial recognition system.

4. Fer2013 Dataset: FER2013 is a widely used dataset in the field of facial expression
recognition, consisting of 35,887 grayscale images. (see figure1) Each image in the
dataset is 48x48 pixels in size and represents one of seven different facial expressions:
anger, disgust, fear, happiness, sadness, surprise, or neutrality.Originally introduced
in 2013, FER2013 serves as a benchmark for training and evaluating facial expres-
sion recognition models. The dataset is divided into three subsets: a training set
containing 28,709 images, a public test set with 3,589 images, and a private test set
also comprising 3,589 images. This partitioning facilitates standardized evaluation
of algorithms across different research studies.

The images in FER2013 are primarily sourced from various online platforms, result-
ing in a diverse range of facial expressions captured under different lighting condi-
tions, angles, and backgrounds. While some images depict clear and distinct facial
expressions, others may contain noise or ambiguity, reflecting real-world variability
in expression interpretation.Researchers and developers leverage FER2013 for tasks
such as emotion recognition, affective computing, and facial expression analysis. By
utilizing this dataset, they aim to enhance the accuracy and robustness of algorithms
designed to understand and interpret human emotions from facial cues, with appli-
cations spanning from human-computer interaction to mental health monitoring.
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Figure 1. FER2013 Dataset

5 Proposed System
The proposed system aims to integrate smart facial recognition with age, gender, and emo-
tion recognition to enhance its capabilities. It begins with a thorough literature review
to identify existing techniques and gaps in facial recognition, age estimation, gender clas-
sification, and emotion recognition. The system architecture comprises modules for face
detection, age estimation, gender classification, and emotion recognition, all integrated
to achieve comprehensive facial analysis. Data collection involves assembling a diverse
dataset of facial images annotated with age, gender, and emotion labels, followed by pre-
processing steps to improve data quality. Model training involves training Haar cascades
or deep learning models using annotated data for face detection, age estimation, gender
classification, and emotion recognition. Evaluation metrics such as accuracy, precision,
recall, and F1-score are employed to assess the performance of each module using experi-
mental setups and datasets. Results and discussions analyse the strengths and limitations
of the proposed system based on experimental findings, offering insights for potential im-
provements and future directions. The conclusion summarizes the key contributions and
significance of the proposed system in advancing smart facial recognition technology, along
with considerations for real-world applications. Finally, a list of references is provided for
further exploration of related literature.
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6 Implementation
This Python code captures video from the webcam and applies face detection, emotion
recognition, age, and gender estimation to each detected face. It utilizes OpenCV for face
detection and video capture, as well as Keras for emotion detection and OpenCV’s deep
neural networks (dnn) module for age and gender detection.

To implement this code, make sure you have the necessary dependencies installed, such
as OpenCV (cv2), Keras, and TensorFlow. You’ll also need the pre-trained models for
emotion detection (emotion_detection_model.h5), age estimation (age_deploy.prototxt
and age_net.caffemodel).

Gender classification (gender_deploy.prototxt and gender_net.caffemodel). Once you
have the dependencies and models, copy and paste the provided code into a Python script.
Ensure that the paths to the pre-trained models are correctly specified. You can run
this script in a Python environment, and it will open a window showing the webcam
feed with overlaid bounding boxes around detected faces. The age, gender, and emotion
labels will be displayed above each bounding box.Emotion detection, age estimation, and
gender classification models are crucial components for the subsequent analysis. Emotion
detection relies on a deep learning model trained on facial expression data, while age and
gender estimation employ deep neural networks implemented in OpenCV.

As the webcam feed starts, the script continuously captures frames and processes them
to identify faces using a pre-trained Haar cascade classifier. Once a face is detected, it
isolates the facial region and performs separate analyses for emotion, age, and gender.For
emotion detection, the script preprocesses the face image and feeds it into the pre-trained
emotion detection model. The model predicts the dominant emotion expressed in the
face, which is then displayed alongside the bounding box around the face. Age and gender
estimation involve preprocessing the face image and passing it through separate deep
neural networks provided by OpenCV. The age network estimates the age range of the
individual, while the gender network predicts whether the person is male or female.

These predictions are then displayed on the frame alongside the bounding box.The
script continuously loops through this process, providing real-time analysis of faces cap-
tured by the webcam. To exit the application, the user can press the ’q’ key, which releases
the webcam and closes the display windows.Thus, this script demonstrates the integration
of various computer vision and machine learning techniques to perform real-time facial
analysis, showcasing the capabilities of modern AI technologies in understanding and in-
terpreting human faces.
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7 Models Used
• Emotion_ detection_ model.h5

The emotion _ detection _model.h5 is a machine learning model trained for emo-
tion detection tasks. It likely employs deep learning techniques, possibly convolutional
neural networks (CNNs), to analyze facial expressions and classify them into discrete
emotion categories such as anger, happiness, sadness, etc. The .h5 extension indicates
it’s saved in the Hierarchical Data Format version 5, commonly used for storing large
amounts of numerical data, like neural network weights. This model could be valuable
for applications like sentiment analysis in social media, customer feedback analysis, or
human-computer interaction systems requiring real-time emotion recognition capabili-
ties.

• Age Model
The age_net.caffemodel is a convolutional neural network (CNN) model pre-trained
for age estimation tasks. It’s likely trained on large-scale datasets containing facial
images annotated with age labels. With the .caffemodel extension, it’s compatible with
the Caffe deep learning framework, known for its efficiency in training and deploying
deep neural networks. This model can predict the age of individuals depicted in facial
images, aiding various applications such as demographic analysis, personalized adver-
tising, or age-specific content recommendation systems. Its pre-trained weights enable
rapid integration into projects requiring accurate estimation of age from facial images,
reducing the need for extensive training data and computational resources.

• Gender Model
The gender_net.caffemodel is a convolutional neural network (CNN) model pre-trained
for gender classification tasks. Trained on large datasets containing facial images anno-
tated with gender labels, it’s adept at predicting the gender of individuals depicted in
images. The .caffemodel extension indicates compatibility with the Caffe deep learn-
ing framework, renowned for efficient neural network training and deployment. This
model facilitates applications such as demographic analysis, targeted marketing, or per-
sonalized user experiences based on gender-specific preferences. Its pre-trained weights
streamline integration into projects requiring gender classification from facial images,
minimizing the need for extensive training data and computational resources.
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8 Use Case Diagram
The following diagram demonstrates the proceedure:(see figure 2)

Figure 2. Case Diagram

9 Results
Recent studies have demonstrated significant progress in age estimation, with accuracies
ranging from 70% to over 90%, depending on factors such as image quality and dataset
diversity. Emotion recognition algorithms have shown promising results in categorizing
facial expressions into basic emotions, achieving accuracies upwards of 80%. Gender de-
tection algorithms have also exhibited high accuracy rates, typically exceeding 90%.(see
figure 3)
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Figure 3. Results

10 Conclusion
The implementation of smart face recognition with age, gender, and emotion detection
represents a sophisticated fusion of computer vision and machine learning technologies.
By harnessing deep learning models and advanced image processing techniques, this sys-
tem offers a comprehensive understanding of human faces in real-time scenarios. Through
the integration of pre-trained models for age estimation, gender classification, and emo-
tion recognition, the system can accurately identify key attributes of individuals depicted
in images or video streams. This holistic approach enables adeeper level of analysis be-
yond mere facial identification, providing insights into demographic characteristics and
emotional states. The implications of such a system are far-reaching. In security and
surveillance applications, it can enhance the accuracy and efficiency of facial recognition
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systems, enabling better identification of individuals based on age, gender, and emotional
cues. In retail and marketing, it can facilitate targeted advertising and personalized cus-
tomer experiences by analyzing demographic information and emotional responses. Fur-
thermore, in healthcare and mental wellness applications, the system can aid in assessing
emotional well-being and providing targeted interventions or support. Overall, smart face
recognition with age, gender, and emotion detection exemplifies the potential of AI-driven
technologies to revolutionize diverse domains, offering insights and capabilities that were
previously inaccessible.
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Abstract
In recent years, because of the potential health advantages, the identification and classi-
fication of plants for medicinal purposes has generated a lot of attention. This project
introduces an innovative AI-based approach for medicinal plant identification using deep
learning, specifically employing the Xception architecture. Developed in Python, our model
achieves remarkable training accuracy of 93.34% and validation accuracy of 96.79%. Utiliz-
ing the VNPlant-200 dataset, which includes 17,973 images of medicinal plants across 200
categories, our model leverages diverse visual characteristics to enable robust identification.
Through meticulous training, the Xception-based model learns intricate patterns within the
images, effectively distinguishing between different species. Hyperparameter tuning and
fine-tuning of the Xception architecture further optimized the model’s performance. The
high accuracies obtained validate the model’s capability to reliably recognize and categorize
medicinal plants, significantly enhancing the accuracy and efficiency of identification pro-
cesses. Our AI-based approach contributes to automated identification systems in herbal
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medicine, aiding researchers, botanists, and healthcare professionals in rapidly identifying
medicinal plants. This project showcases the potential of AI and deep learning, particularly
the Xception architecture, in advancing medicinal plant identification. The successful ap-
plication on the VNPlant-200 dataset opens avenues for further research and development,
promoting advancements in herbal medicine and botanical studies. Overall, this project
demonstrates the efficacy of using deep learning techniques for medicinal plant identifica-
tion, fostering innovation in the field of herbal medicine.

Keywords: CNN. MCN. VNPlant. Xception.

1 Introduction
Due of the many potential health benefits, the identification and classification of medicinal
plants have attracted a lot of attention in recent years. This classification makes it diffi-
cult to identify diseases present in the plant which has brought insurmountable miseries.
(Chakrabarti & Mittal, 2023).The environment is being rapidly altered by new digital
media, which is also bringing up issues like data security and storage, accessibility, and
automated and artificial intelligence procedures.(Mittal & Gautam, 2023). To improve
medicinal plant identification, this study presents a novel AI-based method that makes
use of deep learning techniques—more precisely, the Xception architecture. Our model,
which was created using Python, performs admirably, showing 93.34% training accuracy
and 96.79% validation accuracy. The VNPlant-200 dataset, comprising 17,973 images of
medicinal plants across 200 distinct categories, was employed for training and evaluation.
This comprehensive dataset includes a diverse range of plant kinds with varying visual
characteristics, facilitating robust and accurate plant identification. Through an intricate
training process, the Xception-based model learns detailed patterns and features within
the images, enabling effective differentiation between various medicinal plant species.Our
approach uses deep learning to greatly increase the precision and effectiveness of medicinal
plant identification. To maximize the performance of the model and achieve exceptional
accuracy, extensive hyperparameter tuning and fine-tuning of the Xception architecture
were conducted. The model’s capacity to accurately identify and classify medicinal plant
species is confirmed by the excellent training and validation accuracy that resulted. This
initiative advances automated identification techniques for use in herbal medicine, provid-
ing researchers, botanists, and medical professionals with a useful tool for accurate and
timely identification of therapeutic plants. Our AI-based method’s effective use on the
VNPlant-200 dataset emphasizes the need for more study and development in this area,
which could lead to advancements in botanical sciences and herbal medicine.
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2 Literature Review
A variety of plant parts are necessary ingredients in the creation of herbal remedies. Many
medicinal plants are in danger of going extinct, according to IUCN (International Union for
Conservation of Nature) records, so it’s imperative to use image processing and computer
vision algorithms to identify evidence of medicinal plants. Therefore, digitizing medicinal
and useful plants is essential for maintaining biodiversity.(Abdollahi, 2022).High-quality
ingredients that may take the place of fishmeal and fish oil without compromising the
quality, growth, or life of the farmed products are in greater demand. Plant protein is
widely used in aquaculture as well as the poultry and swine feed sectors as an alternative
to fish meal.

In the folk, ayurveda, and herbal medicine industries, correctly identifying the medic-
inal plants used in a medicine’s manufacture is crucial. The form, color, and texture of
a leaf are the primary characteristics needed to identify a medicinal plant. Deterministic
characteristics for species identification are present in the color and texture of the leaf on
both sides. Rao2022 study investigates morphological characteristics and feature vectors
from the front and rear of a green leaf to find a special, ideal feature combination that
increases the identification rate.(Shrivastav et al., 2022).

Previous research on traffic control with IoT The characteristics seen on plant leaves
are sufficient to set them apart from other species. One of the fundamental problems
in digital image processing is the identification of plants from leaf photographs. For
the purpose of identifying leaves, those image processing algorithms often employ shape-
based digital morphological features. Although many studies have been conducted on
plant identification using leaves, relatively few of them focus on mobile devices. In this
research, we describe a plant identification system based on leaf images, which combines
the Bag of Word (BOW) model and Support Vector Machine (SVM) classifier with SIFT
characteristics. After 20 species were trained to be classified, the accuracy level of the
system was 96.48%. (Chathura Priyankara & Withanage, 2015)

In the ayurvedic medical field, it is crucial to identify the appropriate medicinal plants
used in drug manufacturing. The form, color, and texture of a leaf are the primary
characteristics needed to identify a medicinal plant. (Backes, Casanova, & Bruno, 2009).
Deterministic characteristics for species identification are present in the color and texture
of the leaf on both sides.Manoj Kumar, Surya, and Gopi’s (2017) work investigates mor-
phological characteristics and feature vectors from the front and rear of a green leaf to
determine the optimal feature combination that optimizes the identification rate.Scanned
photos of the front and rear surfaces of leaves from popular ayurvedic medicinal plants are
used to construct a database of medicinal plant leaves.The distinctive feature combination
is used to categorize the leaves. Experiments spanning a broad range of classifiers have
yielded identification rates as high as 99%. By including identification by dried leaves into
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the previously mentioned study, a combination of feature vectors is created that allows
for identification rates to surpass 94%.

In order to recognize and identify certain Philippine herbal plants, the study outlined in
the paper De Luna et al.’s (2017) uses a system that combines the use of artificial neural
networks with image processing techniques to extract pertinent leaf attributes. Twelve
distinct herbal medicine plant leaves are sampled in real life, with each leaf captured
in a single photograph. Several image processing techniques are used to extract various
aspects. The system is able to determine the species of the herbal medicine plant leaves
under examination by using an artificial neural network that functions as an independent
brain network. Additionally, the system can offer details on the illnesses that the herbal
plant can treat.(Keni & Ahmed, 2017).

A 600-image features dataset, with 50 photos from each herbal plant, is used for train-
ing. A neural network model with optimized parameters is created using Python’s help,
yielding 98.16 percent identification for the entire dataset. A separate 72 sample photos of
herbal plants are evaluated using the neural network model written in MATLAB in order
to assess the system’s actual performance. The findings of the experiment show that the
accuracy of herbal plant identification is 96.61Plant identification is inside a certain data
mining application domain. Plant leaves are typically the primary feature that set one
plant apart from another. Feature extraction is required for accurate identification. The
majority of plant recognition systems reported in the literature combine characteristics
with a classification algorithm that has been adjusted or modified for usage in this kind
of situation. Three novel geometric properties that explain the vertical and horizontal
symmetry of leaves are proposed in this work. It is easy to extract these features from
photos.(Rojas-Hernandez et al., 2016).

Experiments show that the performance of classical classification algorithms is sig-
nificantly enhanced when these features are combined with other well-known geometric
properties. Plant leaf classification has proven to be a significant and challenging challenge
thus far, particularly for leaves with complex backgrounds that may include interferences
and overlapping occurrences. The research by Wang et al.’s (2008) proposes an effective
framework for leaf picture classification with complex background. .

In order to segment leaf images with complex backgrounds based on previous shape
knowledge, a technique known as automatic marker-controlled watershed segmentation is
first introduced. This method combines pre-segmentation with morphological operation.
After removing the leafstalk, seven Hu geometric moments and sixteen Zernike moments
are taken out of the segmented binary pictures as shape features.To handle the produced
mass high-dimensional form features, a moving center hypersphere (MCH) classifier is
also constructed, which has the ability to compress feature data efficiently. Ultimately,
the results of an experiment conducted on a few real plant leaves demonstrate that the
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suggested classification framework is effective in categorizing leaf photos with complex
backgrounds. Twenty types of useful plant leaves have been successfully categorized, with
an average accuracy rate of 92.6%.(Wang et al., 2008).

3 Methodologies Used
Make Training and assessment were used on the VNPlant-200 dataset, which comprises
17,973 photos of medicinal plants in 200 categories. The comprehensive nature of this
dataset, which includes a wide variety of plant species with different visual traits, was
crucial for creating a reliable identification model. The dataset was divided into training
and validation sets, usually in an 80:20 ratio, so that an accurate evaluation of the model’s
performance could be made. Preprocessing of the images involved several crucial steps to
enhance the training process. Image augmentation techniques such as rotation, flipping
(both horizontal and vertical), zooming, shifting (in width and height), and brightness
adjustment were applied. These augmentations helped increase the diversity of the training
data, thereby preventing overfitting. To ensure uniform input for the neural network, all
photos were additionally standardized to have pixel values between 0 and 1 and shrunk
to a constant dimension, usually 299x299 pixels.

For this project, the Xception architecture was chosen because of its reputation for
effectiveness and strong performance in picture categorization tasks. Depthwise separable
convolutions, which drastically cut the number of parameters and computational expense
without sacrificing accuracy, are used in this deep convolutional neural network. Transfer
learning was used to increase the power of the models that already existed. The Xception
model pre-trained on the ImageNet dataset was used as the base model, enabling the
transfer of learned features from a large, diverse image dataset to the task of medicinal
plant identification. In order to fine-tune the model, the pre-trained Xception architecture
had to be modified for the particular task at hand. To minimize the spatial dimensions
of the feature maps, a global average pooling layer was added. This was followed by the
addition of a fully connected dense layer of 200 neurons, which corresponds to the number
of plant classifications. This last layer was given a softmax activation function, which
created probability distributions for every class. To maximize the model’s performance,
a great deal of hyperparameter tuning was done, with special attention to important
variables like learning rate, batch size, and training epoch count. The Adam optimizer,
which is renowned for its efficacy and efficiency in training deep learning models, was used
to oversee the training process. Categorical cross-entropy was chosen as the loss function
since it is appropriate for multi-class classification problems.To prevent overfitting, early
stopping was implemented, which involved monitoring the validation loss and halting
training if no improvement was observed over several epochs. Model checkpointing was
also used to save the best model weights based on validation accuracy, ensuring that the
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best-performing model was retained.
The trained model produced remarkable results during evaluation, with 96.79% vali-

dation accuracy and 93.34% training accuracy. These measures demonstrated how well
the model could recognize and categorize therapeutic plants. Following this, an Android
application was developed to leverage the trained model for real-time plant identification.
The application communicates with a server hosting the model, allowing users to upload
images of plant leaves and receive identification results promptly.(see figure 1)

4 Flowchart

Figure 1. System Architecture

1. Load Dataset: The process starts by loading the dataset, which in this case is
VNPlant-200, containing 17,973 images of Vietnamese medicinal plants categorized
into 200 groups.

2. Preprocess Images: The images are then preprocessed to ensure consistency and
improve model performance. This might involve resizing all images to a standard
size, normalizing pixel values, and applying data augmentation techniques (flipping,
rotating images) to create more variations in the training data (see figure 2)
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Figure 2. Flowchart

3. Split Dataset (Optional): A decision is made here on whether to split the dataset.
Splitting the data is a common practice where the dataset is divided into two subsets:
two sets of data: a validation set used to assess the model’s performance on untested
data, and a training set used to train the model. The procedure advances to the
following stage if the data is divided. If not, it moves on to step 7.

4. Train-Validation Split: This phase entails splitting the dataset into training and
validation sets if it is decided to separate the data. The validation set aids in
determining how effectively the model generalizes to previously unseen data, while
the training set is used to train the model.
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5. Train with Xception: The Xception architecture, a pre-trained deep Convolutional
Neural Network (CNN), comes into play for training. During this stage, the model
learns intricate patterns from the training images to distinguish between various
medicinal plant species

6. Deep Learning Techniques: This step signifies applying deep learning algorithms to
train the model. These algorithms utilize numerous layers of artificial neurons to
progressively extract complex features from the image data.

7. Evaluate Training Accuracy: The model’s training accuracy is assessed. A predefined
threshold (93% in this case) is used as a benchmark.

8. Refine Hyperparameters (if needed): If the training accuracy falls below the thresh-
old, it suggests insufficient training. Here, the model’s hyperparameters, which con-
trol the training process (learning rate, number of training epochs), are adjusted to
improve performance. The model is then re-trained using the Xception architecture.

9. Evaluate Validation Accuracy: The validation set is used to assess the model’s per-
formance following training or hyperparameter modifications. To evaluate validation
accuracy, a different threshold—in this example, 96%—is employed.

10. End Model Training: The model’s performance is considered successful and the
deep learning model for medicinal plant categorization has been successfully trained
if the validation accuracy above the threshold. A training accuracy of 93.34% and
a validation accuracy of 96.79% are shown in the flowchart. Insufficient validation
accuracy could be a sign of overfitting, which is when a model performs well on
training data but poorly on larger datasets. Reexamining procedures like as data
preparation or hyperparameter tuning may be required in such circumstances.

5 Results

Figure 3. Aloe Vera
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Figure 4. Prediction of Aloevara chart

With a validation accuracy of 96.79% and a training accuracy of 93.34%, the suggested
system has demonstrated outstanding performance. These high accuracy rates show that
the system can correctly recognize and classify a large variety of medicinal plant species
(see figure 3), outperforming the capabilities of other systems in the process. A number
of benefits have resulted from the system’s development using the Python programming
language, including improved customization and development flexibility, smooth work-
flow integration, and access to a rich ecosystem of machine learning and deep learning
libraries. In addition to the accuracy metrics, the system’s robustness was further vali-
dated through rigorous testing across diverse subsets of the VNPlant-200 dataset. This
testing included cross-validation and recall, and F1-score. The model achieved an average
precision of 95.87%, recall of 96.25%, and an F1-score of 96.06%, underscoring its ability
to not only correctly identify plant species but also to do so consistently across different
test scenarios.(see figure 4)

Furthermore, the deployment of the system in a real-world application demonstrated its
practical utility. Users could capture images of plant leaves using the Android application,
which then communicated with the server-hosted model to provide rapid and accurate
identification results. User feedback highlighted the system’s ease of use and its valuable
assistance in field research and botanical studies.Computational efficiency was another
metric used to assess the system’s performance. Because of the Xception architecture’s
well-known efficiency, the model was able to retain excellent accuracy at low inference
times.On average, the system processed images and returned results in under 2 seconds,
making it suitable for real-time applications.

The ability to manage a broad range of plant images, including those with different
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lighting conditions, backgrounds, and orientations, was another key outcome. The model’s
robustness to these variations was largely attributed to the extensive data augmentation
techniques applied during preprocessing. This increased the model’s practical usability
by ensuring that it could generalize effectively to fresh, unseen images. Additionally,
the hyperparameter tuning and fine-tuning steps played a crucial role in optimizing the
model’s performance. By experimenting with different learning rates, batch sizes, and the
number of epochs, the model achieved optimal convergence, minimizing both training time
and resource consumption while maximizing accuracy.

The deployment process involved not only the creation of an Android application but
also the development of a backend infrastructure to handle image processing and model
inference. This included setting up a server capable of efficiently running the deep learning
model and handling multiple user requests simultaneously. The seamless integration of
the mobile application with this backend infrastructure ensured a smooth user experience.

The project ”An AI-based Approach for Advancing Medicinal Plant Identification us-
ing Deep Learning” has effectively illustrated the extraordinary potential of deep learning
methods in greatly enhancing the precision and effectiveness of medicinal plant identifica-
tion. This is especially true when the Xception architecture is employed. Notable progress
has been made in this field thanks to the combination of cutting-edge AI techniques and
the extensive VNPlant-200 dataset, which consists of 20,000 photos that represent 200
distinct kinds of medicinal plants.

The Xception architecture, renowned for its effectiveness and superior performance in
picture classification tasks, was utilized by the project to its full potential. Through the
utilization of depthwise separable convolutions, Xception lowers the number of parameters
and computational burden, improving model performance without sacrificing accuracy.
This design produced a highly optimized model because it was specifically adjusted for
the goal of medicinal plant identification.Using the VNPlant-200 dataset, which offered
a broad and varied collection of pictures necessary for training a reliable model, was a
critical component of this effort. The model was able to learn complex patterns and
features from the dataset’s diversity of plant species and visual cues, which enhanced
its capacity to differentiate between various medicinal plants. The model achieved high
training accuracy of 93.34% and validation accuracy of 96.79% because to the large amount
of training data.

The project’s success was further bolstered by comprehensive preprocessing techniques,
including image augmentation and normalization, which ensured consistent and high-
quality input data. Rotating, flipping, zooming, and shifting are examples of image aug-
mentation techniques that increased the diversity of the training data, avoided overfitting,
and strengthened the model’s capacity for generalization.Hyperparameter tuning and fine-
tuning played pivotal roles in optimizing the model’s performance. By experimenting with
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different learning rates, batch sizes, and the number of epochs, the project team was able
to fine-tune the model for optimal convergence, achieving a balance between training ef-
ficiency and high accuracy. This meticulous tuning process was essential in maximizing
the model’s performance metrics.

The deployment phase of the project involved developing an Android application that
allows users to capture images of plant leaves and identify them in real-time. This applica-
tion communicates with a server hosting the trained model, providing rapid and accurate
identification results. The practical utility of this application was demonstrated through
user feedback, which highlighted its ease of use and valuable assistance in field research
and botanical studies.Furthermore, the system’s robustness and efficiency were validated
through additional performance metrics such as precision, recall, and F1-score, achieving
averages of 95.87%, 96.25%, and 96.06%, respectively. These metrics underscored the
model’s consistent and reliable performance across different test scenarios.

6 Conclusions
The innovative approach of the project has not only advanced the field of medicinal plant
identification but also opened new avenues for research and development in herbal medicine
and botanical studies. The high accuracies and practical deployment of the system sig-
nify a substantial contribution to automated identification systems in herbal medicine,
aiding researchers, botanists, and healthcare professionals in the accurate and efficient
identification of medicinal plants.

Hence, the project has been successful in creating an AI-based system that greatly en-
hances the ability to identify different species of medicinal plants. The suggested approach
improves the precision, effectiveness, and dependability of medicinal plant identification
by utilizing deep learning and a wide range of datasets. This advances the field of herbal
medicine research and its potential applications.
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Abstract
An overview of the state of NLP techniques for assessing subjective responses is given in this
abstract. Semantic analysis, sentiment analysis, and coherence verification are the three
main areas of emphasis. Understanding the meaning hidden within the text is the goal
of semantic analysis, and it can be accomplished with tools like knowledge graphs, word
embeddings, and transformer models (BERT, GPT, etc.). Sentiment analysis evaluates
the response’s subjective subtleties and emotional tone. The process of coherence checking
guarantees the text’s consistency and logical flow. Because of the inherent heterogeneity in
human language and the variety of ways that various people may convey the same notion,
evaluating subjective replies is a difficult undertaking. Due to the heavy reliance of tradi-
tional assessment systems on human evaluators, issues with bias, scalability, and consistency
arise. A potential remedy is provided by natural language processing (NLP), which gives
methods and tools for automating and standardizing the evaluation process.
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1 Introduction
It is possible to conduct a thorough evaluation of pupils’ performance using open-ended,
subjective questions and answers that are based on individual viewpoints and conceptual
understanding. Although there are no restrictions on the replies, subjective responses are
very different from objective ones in terms of length, time commitment, and the necessity
for more attention to detail and objectivity when grading because of their rich contextual
content.

Due to natural language’s inherent ambiguity, analysing subjective replies with com-
puters is difficult. Before using several techniques to compare textual data, such as docu-
ment similarity, latent semantic structures, idea networks, and ontologies, preprocessing
activities like data purification and tokenization are essential.

This topic has been tackled in a number of ways, and this study explores potential
avenues for future development. Because of their contextual character, subjective tests are
sometimes viewed as more difficult by both professors and students. The laborious process
of carefully examining each word for scoring, in addition to the evaluator’s tiredness,
mental state, and objectivity, makes it more effective to assign this work to a system.

Although objective responses are easy for machines to evaluate, handling subjective re-
sponses presents special difficulties because of their wide vocabulary and varying lengths.
The study looks into a method for assessing subjective responses that is based on textual
analysis and machine learning. We investigate methods including word mover’s distance,
tokenization, lemmatization, TF-IDF, Bag of Words, word2vec, similarity measurement,
and cosine similarity. To assess the effectiveness of different models, the research use
assessment metrics such as F1-score, Accuracy, and Recall. It also goes over other ap-
proaches used in the past to evaluate text similarity and subjective responses. The article
notes that dealing with arbitrary responses, such as frequent synonyms, a broad range of
durations, and unpredictable sentence sequences, has its downsides.

2 Literature Survey
The investigation of subjective response evaluation is not a new idea; over 20 years of re-
search have explored several approaches. To tackle this problem, a variety of methods have
been employed, such as the Bayes theorem, K-nearest classifier, big-data natural language
processing, latent semantic analysis, and formal approaches like formal concept analysis.
It has also been investigated how statistical methods, information extraction.(Wang, Ellul,
& Azzopardi, 2020).Analysing criminal data stored in an organized manner from numer-
ous sources to identify patterns and trends in crimes is one prominent use of data mining
that has emerged in recent years. This method helps to automatically identify and notify
about crimes, which improves the effectiveness of the processes involved in solving crimes.
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The study examines the literature on various uses of data mining in crime-solving, un-
derlines current difficulties and research gaps, and highlights the significance of selecting
appropriate data mining approaches to increase the efficacy of crime detection.(Han et al.,
2021)

To do this, they used data gathered by Google Research’s Crowd Source team in 2019 to
improve a pre-trained BERT model on our problem. According to Annamoradnejad, Fazli,
and Habibi’s (2020) analysis, following two training epochs, the model’s Mean-Squared-
Error (MSE) value was 0.046 and did not significantly reduce in the subsequent ones. The
findings indicate that by fine-tuning, we may generate accurate models more rapidly and
with fewer data points. Community Q&A sites such as Quora and Stack Overflow have
tight guidelines that users must follow in order to preserve the content’s integrity. These
systems mostly require community user reports to assess material, which has serious flaws
like slow violation resolution, lost time for frequent and experienced users, inadequate
quality in certain reports.

Muangprathub, Kajornkasirat, and Wanichsombat’s (2021) project aims to establish
educational institutions that offer a range of exams annually, including competitive exams
that are extra- and institutionally-based. In an effort to lessen the tension related with the
exam evaluation process, online exams and tests are becoming more and more prevalent.
The online assessments may consist of multiple-choice or objective questions. Nevertheless,
there are solely multiple-choice or objective questions on the exams. They are creating
an online system for subjective response verification based on artificial intelligence for use
in all industries, including education (colleges, universities, and schools). Because it saves
time and eliminates the headache of grading a mountain of papers, the suggested technique
may prove to be very helpful to educators anytime they need to conduct a quick exam for
revision purposes.(Bashir et al., 2021; Sakhapara et al., 2019).

Xia et al.’s (2019) project aims to establish educational institutions that administer a
range of exams annually, including competitive exams that are extra- and institutionally-
based. A framework to build multilanguage text corpus has been proposed by Anusha,
Vasumathi, and Mittal’s (2023).The COVID-19 pandemic of 2020 prompted educational
systems to shift from traditional in-person learning to virtual education.(Jafar et al.,
2022).Virtual classroom platforms are being used by higher education institutes (HEI) to
educate in online contexts using information technology resources.(Mittal, Kaur, & Jain,
2022). Further, these digital resources are also promoting entrepreneurship skills.(Mittal,
Kaur, & Gupta, 2021). There onwards online exams and tests are becoming even more
common these days to ease the strain of the exam evaluation procedure. The questions
on the online tests might be either objective or multiple-choice. Although AI quizzes en-
hances the self-regulated learning process.(Wang et al., 2023).However, the tests only have
multiple-choice or objective questions. Researchers are developing an online system for ar-
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tificial intelligence-based subjective answer verification in all fields, including education
(schools, colleges, and universities). The proposed technique could therefore be of great
use to educators whenever they need to administer a fast test for the purpose of revision,
as it saves time and the hassle of grading the stack of papers.

One of the most crucial aspects of the teaching and learning process continues to be
the evaluation of the responses.The need for automatic evaluation of the responses has
led to the development of numerous systems in the digital age. The subjective responses
often come in either short form or lengthy form. Their results of reviewing and rating the
replies using the current system available for evaluation have been middling. Such scoring
frameworks use data recovery techniques to compare the answers provided by students
and those of references, but the results are still not ideal.(Kumari, Godbole, & Sharma,
2023)

This is due to the fact that such questions can be accurately graded by a machine.
However, there are still issues with establishing an appropriate computerized grading for
the ambiguous questions. Using two algorithms—latent semantic analysis and information
gain for the generation of grades they built and implemented machine learning- based
subjective answer grader system in this essay to deal with this problem. Converting raw
text input into a numerical format that machine learning algorithms can understand is
the process of feature extraction.(Bashir et al., 2021).

3 Methodologies Used
• Data Collection: At now, Although the suggested model needs a large corpus of

subjective question replies for training and testing, there is no publicly available labelled
corpus. In response, this effort, which focuses on websites and blogs with a variety of
questions and replies, develops a tagged corpus of subjective answers. Data from a
range of sources, including computer science and general knowledge, are gathered via
web crawling.

• Data Annotation: More data annotation is necessary because the crawled data does
not have labels. For this activity, a varied group of volunteers is chosen from our cor-
pus of subjective question and answer data. Thirty annotators participate, comprising
instructors and students from different institutes and places in Pakistan. The annota-
tors, who are between the ages of 21 and 51, seek to accurately evaluate the subjective
answers from the pupils.

• Preprocessing Module: Preprocessing is applied to the response and the solution after
user input. Tokenization, stemming, lemmatization, stop word removal, case folding,
and locating and utilizing synonyms within the text are all included in this. Interest-
ingly, stop words that are fed to word2vec to improve semantic meaning are kept. But
because they can make it more difficult to identify patterns, Before the data is input
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into machine learning models such as Multinomial Naive Bayes, these stop words are
eliminated.

• Result Predicting Model: The central component of this study is the Result Predicting
Module. It works by making predictions about the outcomes of the data processing.

• Final Score Prediction Model: This module uses data from the machine learning module
to validate the final score using learned class information. The result is deemed complete
if the grade is in line with the class. The suggested score is modified according to
whether it exceeds or falls short of the similarity equivalent score. Half of the values in
that range are added or subtracted if the class and score do not match.

4 Architecture

Figure 1. Architecture modle for subjective enswer evaluation using NLP

The architecture has been described in this section:(see figure 1)

1. Keywords: To answer the question in a way that is pertinent, you must use keywords.
It’s possible that these keywords only have the most crucial terms in lowercase.Their
importance can be found in the significant influence they have on the score that the
similarity evaluation module assigns.

2. Solution: The solution acts as a guide for mapping student responses and represents a
wholly subjective reaction. All of the keywords and scenarios covered in the responses
are included, each in its own line or paragraph. The answer, which is usually created
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by the instructor or assessor, offers a standard by which student solutions are judged.

3. Answer: The response is a student’s evaluation-subjective subjective statement. De-
pending on the nature of the inquiry and the student’s writing style, the query may
contain all or part of the keywords. requiring more semantic accuracy in processing.

4. Data Collection: Although the suggested model requires a sizable corpus of arbi-
trary question answers for testing and training, no publicly available labelled corpus
is available at this time. In response, this effort, which focuses on websites and
blogs with a variety of questions and replies, develops a tagged corpus of subjec-
tive answers. Data from a range of sources, including computer science and general
knowledge, are gathered via web crawling.

5. Data Annotation: More data annotation is necessary because the data that was
crawled does not have labels. For this activity, a varied group of volunteers is cho-
sen from our corpus of subjective question and answer data. Thirty annotatorspar-
ticipate, comprising instructors and students from different institutes and places in
Pakistan. With ages ranging from 21 to 51, the annotators seek to provide accurate
scores for students’ subjective responses.

6. Preprocessing Module: Preprocessing is applied to the response and the solution
after user input. Tokenization, stemming, lemmatization, stop word removal, case
folding, and locating and utilizing synonyms within the text are all included in this.
Interestingly, stop words that are fed to word2vec to improve semantic meaning are
kept. However, these stop words are eliminated before the data is fed into machine
learning models such as Multinomial Naive Bayes, because they may make it more
challenging to spot patterns.

7. Model for Predicting Results: As Figure 3 ??illustrates, the Result Predicting Mod-
ule is the main element of our investigation. It works by making predictions about
the outcomes of the data processing.

8. Final Score Prediction Model: As seen in Figure 4??, this module uses learnt class
information to validate the final score using data from the machine learning module.
The result is deemed complete if the grade is in line with the class. The suggested
score is modified according to whether it exceeds or falls short of the similarity
equivalent score. Half of the values in that range are added or subtracted if the class
and score do not match.

The corrected score post-model recommendation, which takes into account errors from
the Score Prediction and Machine Learning Module, is accepted as final in cases where
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the machine learning model has received significant training; in the event that the model
has not received enough training, the score is assumed to be correct.

5 Flow Chart

Figure 2. Workflow of Subjective answer evaluation using NLP

Our system is divided into two portions, one for teachers and the other for students.
The teacher can login page if they are not already enrolled. In order to configure the exam
paper in the teachers’ section, they must first establish a test by entering the test name,
date, and time. After creating the test, the teacher must add the questions, along with the
appropriate marks and sample answers. To take the exam in the student part, the student
must enroll in the class. The student’s answers will be compared to the model answers
given by the paper setter after they have taken the test. These responses will be evaluated
according to their cosine similarity to the model response, answer length, keyword check,
grammar check, context & semantic similarity, and grammar check.(see figure 2).

The following are the system’s key components:

1. Feature Extraction: Involves converting raw text data into a structured format, en-
abling machines to understand, analyze, and make sense of the textual information.
Such as text classification, sentiment analysis, and information retrieval, feature ex-
traction plays a pivotal role in representing the inherent characteristics of the text
in a way that machine learning algorithms can effectively work with.
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2. Machine Learning Algorithm: Machine learning algorithms are employed to auto-
matically evaluate and classify subjective answers written in natural language. Like
Naive Bayes, Decision tress these algorithms analyze various linguistic and contex-
tual features of the answers to assign appropriate scores or labels, thereby stream-
lining the assessment process.

3. Final Score Prediction: The final score prediction emerges as a numerical output
that represents the model’s estimation of the quality, depth, and correctness of the
response. This prediction is based on the insights gained from analyzing the text’s
content, grammar, coherence, vocabulary, and any other relevant features. The
prediction process essentially automates what would traditionally be a manual and
subjective task, providing educators with an objective and consistent assessment
tool.

6 Result

Figure 3. Working of Subjective Answer Evaluation Using NLP Accuracy Plot
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There are various phases involved in applying NLP and deep learning to evaluate
subjective responses explained below:
• Image-to-Text Conversion: Initially, the system converts answer scripts based on images

into editable text format by means of Optical Character Recognition (OCR).
• NLP-Based Word Embeddings: Subsequently, word embedding vectors are created from

both the answer key texts and the answer script using sentence transformers, a method
of Natural Language Processing. The similarity measurements between these vectors
are then determined by matching them using methods such as fuzzy search, Spearman’s
rank-order correlation, and BERT encoding.

• Performance Evaluation: F1-score, precision, recall, and accuracy are used to gauge
how well the suggested model performs.(see figure 3).

• By automating the evaluation process, this method seeks to increase its accuracy and
efficiency. Evaluators stand to gain from less manual labour andquicker results.

Figure 4. Working of Subjective Answer Evaluation Using NLP Total NLP topic
categories

Therefore, letting a system handle this time-consuming and occasionally crucial duty
of analyzing subjective responses is significantly more time and resource-efficient in various
domains and categories.(see figure 4). The evaluation of objective responses by machines
is rather easy and useful. One-word answers to questions can be supplied to a program-
mer that can quickly map students’ responses. However, handling subjective answers
is much trickier. They range widely in length and have a sizable vocabulary. We look
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into amethod that makes advantage of machine learningand natural language processing
to assess subjective responses. Tokenization, lemmatization, text representation, Bag of
Words, word2vec, similarity measurement, cosine similarity, and word mover’s distance
are A some of the methods used in our research to handle natural language.

7 Conclusion
The ”Subjective Answer Evaluation using NLP” project is a noteworthy accomplishment
in the realm of educational assessment since it blends the power of Natural Language
Processing (NLP) with the intricate subtleties of subjective answer evaluation. By building
a sophisticated automated system, this project addresses the consistency, efficiency, and
objectivity issues that have long dogged the assessment process. The project gives teachers
a tool that uses innovative scoring algorithms and state-of-the-art NLP models to ensure
accurate and comprehensive evaluation of subjective responses while also relieving the
burden of human grading. The system is a flexible solution that can be tailored for various
courses, levels, and languages due to its ability to adjust to various educational scenarios.
Its applicability in both traditional classroom settings and virtual learning environments
guarantees its relevance in the evolving field of education.

This undertaking has ramifications beyond what educators will feel in the near future.
It improves students’ learning experiences by providing them with timely and constructive
feedback that points them in the direction of academic growth. Because NLP technology
is seamlessly integrated into the evaluation process, students are better able to discover
their areas of strength and development. This facilitates a culture of lifelong learning and
self-improvement. It’s critical that we continue to establish a balance between the benefits
of technology and the insights that come from human judgment. Though it should be used
as a tool to empower teachers and enhance the learning process rather than taking the
place of their experience, NLP-based evaluation has a lot of potential.

Finally, NLP-driven subjective answer evaluation provides opportunities for improved
consistency, speed, and perceptive feedback within the framework of assessment in educa-
tion.Through a responsible and comprehensive adoption of this technology, we may build
a future in which evaluation is an AI and human intelligence combined effort.
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Abstract
This paper presents a comprehensive survey of data analytics, encompassing its definition,
techniques, applications, challenges, and future trends. The usefulness of data analytics in
gleaning insightful information from massive databases is first highlighted in the study. We
then explore the foundations of data analytics, including its historical evolution, key con-
cepts, and terminology. Different data analytics types (descriptive, diagnostic, predictive,
and prescriptive) are presented alongside the corresponding techniques for data collection,
pre-processing, analysis, and visualization. The diverse applications of data analytics across
various domains (business intelligence, marketing, healthcare, finance, social media, and sup-
ply chain management) are showcased. Challenges inherent to data analytics (data quality,
privacy, scalability, talent shortage) and ethical considerations (privacy, bias, transparency)
are identified. Real-world case studies illustrate successful implementations. Finally, the
paper discusses future trends in data analytics (artificial intelligence, edge analytics, aug-
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mented analytics) and concludes with recommendations for further research and implications
for businesses and society.

Keywords: Data Analytics. Data Collection. Preprocessing. Visualization. Machine Learn-
ing. Predictive Analytics. Prescriptive Analytics. Django Framework.

1 Introduction
In today’s digital age, data is generated at an unprecedented rate from various sources such
as social media, sensors, mobile devices, and internet-connected devices. This enormous
volume of data, sometimes known as ”big data,” presents a great opportunity for businesses
to obtain insightful knowledge and make wise choices. But in order to get useful insights
out of this data, complex methods and tools are needed, which is where data analytics
come into play. Analyzing, interpreting, and visualizing data to find patterns, trends, and
correlations that can guide decisions and spur corporate expansion is the process known
as data analytics. It covers a broad spectrum of methods and approaches, ranging from
sophisticated machine learning algorithms to basic statistical analysis. Furthermore, the
paper discusses the challenges and ethical considerations associated with data analytics,
including data quality, privacy, bias, and transparency. Understanding these challenges
is essential for organizations to mitigate risks and ensure the responsible use of data.
Finally, it explores future trends in data analytics, including artificial intelligence, edge
analytics, augmented analytics, and the implications of these trends for businesses and
society. By staying informed about the latest developments in data analytics, organizations
can position themselves for success in an increasingly data-driven world.

2 Objective
The purpose of this paper is to provide a comprehensive overview of data analytics, cov-
ering its definition, techniques, applications, challenges, and future trends. Organizations
can use data to get a competitive advantage in today’s data-driven economy by grasping
the principles of data analytics and its useful applications.

This paper examines the fundamentals of data analytics, covering its etymology, major
ideas, and historical context. It explores the various forms of data analytics as well as
methods for gathering, preparing, analyzing, and visualizing data. It also looks at the
numerous uses of data analytics in a range of industries, including supply chain manage-
ment, social media, healthcare, marketing, and business intelligence. The presentation
of real-world case studies demonstrates how data analytics is successfully used in various
industries to generate innovation and address complicated problems.
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3 Literature Survey
This section offers a survey of the relevant literature, outlining the fundamental ideas,
historical evolution, and significant developments in the field of data analytics. When
formulating policies and strategies, policymakers can now achieve higher levels of accuracy
in their findings thanks to data analytics.(Mittal, 2020). (Guillermo et al., 2022) article
describes how a framework for modeling public transportation data was created. The
web framework for the geographic insight web application was built using Django-python,
and the Tiger Graph database was used to preconnect data and enable the acquisition
of geographical information while on the go. Researchers also presents a comparison of
surface pressure data from Viking 1 and Insight, collected 40 years apart, to identify
changes in the seasonal ice caps dynamics between these two periods.(Lange et al., 2022).
The machine learning-based data insight platform. It is composed of three layers: an
interactive service display layer that shows the analysis result in a user-selected mode; a
data classification layer that performs classification analysis on the standard data in the
database to create a data asset directory and establish a data assets card; and an access
layer that gathers data from multiple data sources and builds a database for the data
insights platform.(Jin et al., 2021). Additionally, the relationship between awareness and
intent to employ big data technology for fraud detection is mediated. The study’s findings
are helpful when applying big data technology to the field of forensic accounting, which
can help fight fraud. (Mittal, Kaur, & Gupta, 2021)

This article compares surface pressure data from Viking 1 and Insight, which were col-
lected approximately 40 years apart, to identify changes in the seasonal ice caps dynamics
between these two periods.Matthew et al.’s (2020) article describes a way of giving results
for a dataset using an electronic processor. The method involves receiving the dataset
together with a user query related to it, as well as identifying a language associated with
a language-dependent data piece in the dataset.

The surface pressure data from Viking 1 and Insight, which were collected 40 years
apart, were compared in this study to identify any changes in the seasonal ice caps’ dy-
namics.(Lange et al., 2022). To aid the future creation of such business models, this study
applies the thinking-aloud method for a formative evaluation of the Data Insight Genera-
tor (DIG) and offers empirically-based insights into the development of DDBM.(Kühne &
Böhmann, 2020). In research article Nayak, Pandey, and Rautaray’s (2023) it is described
that the authors created a didactic idea that emphasizes using, modifying, and program-
ming data-driven digital artifacts to learn new things about the world. They then assess
the extent to which this idea of programming alters teachers’ and students’ perceptions
of programming and empowers students to actively learn about their own surroundings.
Researchers describe insight as the holy grail of analytics; the quicker we arrive at insight
and the more pertinent insights we have from an analysis process, the more successful
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that process can be deemed to be. These features of data insights serve as the foundation
for a suggested practical consequence for developing solutions intended to automatically
convey data insights to users.

Researchers presents a thorough survey of articles published between 2017 and 2021
that cover a wide range of social applications from many areas. The authors discovered
that while there are a lot of documented societal applications, they are rare despite their
critical importance. This paper notes, data mining is the act of examining data to get
insights for decision-making purposes. The most popular technique in data analysis, data
mining allows raw data to be refined to obtain meaningful information.

In Kaoudi and Quiané-Ruiz’s (2022) it presents a categorization of the various sce-
narios in which an application requires or gains from the unification of data analytics
and addresses the difficulties in each scenario. Abivin et al.’s (2020) article describes a
methodology that was developed using data mining, correlations, and statistical tools to
extract and analyze a large commercial production database covering major plays in the
US. The goal of the methodology was to characterize well interference on production in
unconventional basins and the impact of mitigation technologies.

4 Architecture
The Django Application Architecture diagram outlined the structure and flow of a Django
web application.(see figure 1).Django Application includes the following:
• User Interface: This is where users interact with the application. It connects to Django

Views, which handle the user requests.
• Django Views: These Python programs accept an online request and provide a web

response in return. Views use Django Models to retrieve the data required to fulfill
requests, then assign the task of rendering to templates .

• Django Models: Models are Python objects that specify the data structure of an appli-
cation and offer query and management features for database records (add, edit, and
remove).

• CRUD Functionalities: Represented by ‘Create,’ ‘Upload,’ ‘View Details,’ and ‘Delete,’
these are the basic operations to interact with the application’s data.

• Authentication Process: Includes ‘Login’ and ‘Register’ functions to manage user access
and maintain security.

• Validation: Ensures that the data entered by users meets the application’s requirements
before it’s processed or stored.

• Device and Media: Handles the storage & retrieval of media files like images and
documents, along with their metadata.

• Storage: Refers to the databases where the application’s data is stored and managed.

Convergence of Machine Learning and IoT for Enabling the Future of Intelligent Systems
Editors: Ratnakirti Roy, Manish Kumar Thakur and Anushree Raj
DOI:10.48001/978-81-966500-7-0-5 | ISBN: 978-81-966500-7-0 | Copyright ©2024 QTanalytics®

51

https://doi.org/10.48001/978-81-966500-7-0-5
https://qtanalytics.in


Figure 1. Architecture Flow

This architecture is designed to promote a clean separation of concerns and makes it
easier to develop and maintain complex web applications. Each component has a specific
role, ensuring a modular and scalable system.

5 Methodology
The methodology has been depicted through the following diagram:(see figure 2)
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Figure 2. Workflow of Model

5.1 Data Collection:
• Users upload CSV files through a web interface built using Django, a high-level Python

web framework.
• The uploaded files are stored on the server, and metadata such as file name and upload

timestamp are stored in a database.

5.2 Data Preprocessing:
• Handling missing values using techniques like imputation or deletion.
• Eliminating duplication, fixing mistakes, and standardizing formats are all part of data

cleaning.
• Data transformation includes converting categorical variables to numerical format, scal-

ing numerical features, and encoding textual data.
• Feature engineering creates new features or transforms existing ones to extract more

meaningful information from the data.

5.3 Data Analysis:
• Using metrics like mean, median, mode, and standard deviation, descriptive statistics

condense the essential features of the data.
• By employing regression analysis and hypothesis testing on a sample of data, inferential

statistics infer and forecast characteristics of a population.
• Machine learning algorithms learn patterns from the data and make predictions or
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decisions without explicit programming.
• Data mining explores large datasets to discover hidden patterns, relationships, or

anomalies.

5.4 Data Visualization:
• Visualization techniques are utilized to show data visually, including charts, graphs,

and maps.
• Common types of visualizations include histograms, bar plots, scatter plots, pie charts,

heatmaps, and interactive dashboards.

5.5 Data Presentation:
• Insights derived from the analysis and it is presented in a clear and understandable

format, such as reports, dashboards, or interactive visualizations.
• The presentation layer is designed to cater to specific user needs, providing actionable

insights and facilitating informed decision-making.

6 Implementation

Figure 3. Implementation

The implementation leverages Django’s Model-View- Template (MVT) architecture,
a variation of the Model- View-Controller (MVC) pattern. (see figure 3) The following
components are key to the implementation:
• Model-View-Template Architecture: Django’s built-in ORM (Object-Relational Map-

ping) abstracts SQL queries into Python code, simplifying data model interactions.
• URL Routing and Views: URL patterns in urls.py map to view functions responsible

for processing HTTP requests and generating responses.
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• Template Engine: Django’s template engine supports dynamic HTML templates with
Python code embedded within HTML markup.

• Forms and Form Handling: Django’s form library simplifies form creation and valida-
tion, handling form submission, validating input data, and displaying error messages.

• Admin Interface: The admin interface manages site content and data models, allowing
CRUD operations through a user-friendly interface.

• Security Features: Django includes built-in security features like protection against
SQL injection, XSS, CSRF, and clickjacking.

• Middleware and Request Processing: Middleware components manage authentication,
session management, and content compression.

7 Results
Results can be demonstrated through the following diagram:(see figure 4)

Figure 4. Output-result

7.1 User Authentication
The implemented system successfully provides robust user authentication and session man-
agement. The following functionalities were tested and validated:

1. Registration and Login:

• Users were able to register by providing a username, email, and password.
• Successful registration enabled users to log in using their credentials.
• Upon successful login, users were redirected to the home page or the file upload

page as expected.
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The registration and login process was seamless, ensuring that only authenticated
users could proceed to the subsequent functionalities of the system.

2. User Sessions:

• Only authenticated users could access the file upload, file list, and file details
pages.

• Users were able to log out, which effectively ended their session and restricted
access to authenticated pages.

The session management system ensured that user authentication was maintained
throughout the interaction with the platform, providing a secure environment for
file handling and analytics.

7.2 File Handling and Analytics
The file handling and analytics functionalities were tested with various CSV files to validate
their effectiveness and accuracy.

1. File Upload

• Users were able to upload CSV files without any issues.
• Uploaded files were correctly stored and displayed in a list on the file list page.

The file upload functionality was efficient, and all uploaded files were accessible for
further analysis and visualization.

2. Data Visualization:

• Users could generate pie charts to visualize value counts for specific columns in
the CSV file.

• Visualizations were generated using Matplotlib and embedded within the web
page for easy access and interpretation.

The data visualization functionality enabled users to gain quick insights into their
data through intuitive and interactive charts, enhancing their data analysis experi-
ence.

3. File Deletion:

• Users could delete uploaded files, which effectively removed them from the server
and the file list.

• The file deletion functionality worked as expected, allowing users to manage their
uploaded files efficiently.
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7.3 Performance Metrics
The system’s performance was evaluated based on the following metrics:
• Response Time: The average response time for file uploads, file detail retrieval, and

data visualization was measured. The system exhibited low latency, ensuring a smooth
user experience.

• Accuracy of Analytics: The accuracy of descriptive statistics and visualizations was
validated against known datasets. The system produced accurate results, confirming
the reliability of the analytics functionalities.

• User Satisfaction: User feedback was collected to assess the usability and satisfaction
with the system. Users reported high satisfaction with the ease of use, functionality,
and performance of the system.

The results demonstrate that the implemented system meets the requirements for secure
user authentication, efficient file handling, and effective data analytics Strong backend
services and intuitive user interfaces work together to offer a complete platform for data
analysis and visualization.

8 Conclusion
This paper has provided a comprehensive overview of data analytics, detailing its sig-
nificance, methodologies, applications, challenges, and future trends. Data analytics is
essential to turning unstructured data into useful insights that provide businesses the
ability to make wise decisions and gain a competitive edge. This study has elucidated
the diverse aspects of data analytics by exploring its historical development, fundamental
principles, and kinds.

The study of methods for gathering, preparing, analyzing, and visualizing data shows
the wide range of tools available to data scientists and analysts. Data analytics’ sig-
nificance and versatility are demonstrated by the wide range of applications it finds in
fields including supply chain management, social media, healthcare, marketing, and busi-
ness intelligence. The discussion of challenges, including data quality, privacy, scalability,
and ethical considerations, underscores the complexities involved in implementing data
analytics solutions.

Real-world case studies provided practical insights into successful data analytics im-
plementations, emphasizing the transformative potential of data-driven strategies. The
exploration of future trends, such as artificial intelligence, edge analytics, and augmented
analytics, points to the evolving landscape of data analytics and its growing significance.
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9 Future Scope
• Advanced Analytics: Integrate more advanced analytical techniques such as predictive

modeling, clustering, or time series analysis to provide deeper insights into the data.
• User Authentication and Authorization: Implement user authentication and authoriza-

tion mechanisms to ensure secure access to the application and enable user-specific
features such as saved analyses or personalized dashboards.

• Data Visualization Options: Expand the range of visualization options available to
users, including interactive charts, graphs, and customizable dashboards.

• Performance Optimization: Optimize the performance of data processing and analysis
algorithms to handle larger datasets more efficiently and reduce processing times.

• Integration with External APIs: Allow users to integrate external data sources or APIs
directly into the application for comprehensive data analysis and enrichment.

• Collaborative Analysis: Enable collaborative analysis features that allow multiple users
to work on the same dataset simultaneously, share insights, and collaborate on analysis
projects.

• Automated Insights: Implement automated insights generation algorithms that can
analyze data and provide actionable insights without manual intervention.

• Integration with Machine Learning Models: Integrate pre- trained machine learning
models or provide tools for users to train and deploy their models for predictive analytics
tasks.

• Data Quality Checks: Implement data quality checks and validation mechanisms to
identify and handle missing values, outliers, and other data anomalies automatically.

• Scalability and Deployment: Ensure the application is scalable and can handle increased
user load by deploying it on scalable cloud infrastructure and optimizing resource uti-
lization.

We can further improve the application’s capabilities and give users a more complete and
potent platform for data analysis and insights production by concentrating on these areas
for upcoming updates.
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Abstract
Recognizing bird species can be helpful in numerous areas, including protecting wildlife,
ecological study, and biodiversity monitoring. However, human identification of bird species
from photographs can be time-consuming and error-prone, especially given the huge number
of bird species worldwide. The project ”An Intelligent Deep Learning System for Identifying
Bird Species” provides a novel and extremely accurate approach for automatically catego-
rizing bird species from photos based on the powerful Xception architecture. This project,
written entirely in Python, seeks to tackle the difficult task of reliably identifying a wide
range of bird species. The study addresses a critical need in the domains of the study of
birds and computer vision. The basis of the framework is the execution of the Xception deep
learning model, which is known for its am for its extraordinary capacity to extract subtle
features from photos, allowing it to gathering the wide range of data required for accurate
bird species identification. Following comprehensive training and optimization, the model
gained an amazing training success rate of 99% and accuracy for validation of 97%, demon-
strating its capacity to tackle challenging classification problems. The project’s effectiveness
is further aided by the large dataset it uses, which includes a thorough collection of 60,388
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bird pictures from 510 distinct species. This dataset richness enables the model to learn
from a diverse set of avian features, resulting in robust performance even when encountering
previously undiscovered creatures.

Keywords: Bird species. Image-based. Deep learning. Convolutional neural networks.
Xception Architecture.

1 Introduction
Birds are a diverse and fascinating group of Animals that have drawn human interest for
centuries. As members of the Aves class, they are distinguished by their unusual flying
adaptations, which include feathers, hollow bones, and a strong, lightweight beak. Birds
have successfully colonized a wide variety of settings, from thick rainforests to parched
deserts and soaring mountain summits, with over 10,000 recognized species found on all
continents except Antarctica. Bird species have an astounding variety of colours, sizes,
forms, and habits, making them a source of amazement and inspiration for scientists,
birdwatchers, and nature lovers alike. Each species has unique physical and behavioural
characteristics that allow them to thrive in their habitats and perform varied ecological
tasks. The world of bird species is amazingly diversified, ranging from the small Bee
Hummingbird, which is approximately 2.4 inches (6.1 centimetres) long and weighs only 1.6
grams, to the enormous Ostrich, the largest living bird, rising over 9 feet (2.7 meters) tall
and weighing up to 320 kilograms. Birds have developed a remarkable set of adaptations
for survival and breeding. Their beaks have evolved to suit various diets, ranging from
specialized nectar-feeding beaks in hummingbirds to robust, curved beaks in birds of prey.
They have also evolved diverse modes of mobility, including hopping, walking, running,
swimming, and flight.

Communication is vital in the lives of birds, and numerous varieties of species have
been identified for their unique songs, calls, and displays, used for courtship, territorial
defence, and social bonding. (Varghese, Shyamkrishna, & Rajeswari, 2022). The melo-
dious songs of songbirds and the intricate mating dances of birds like the Great Crested
Grebe are illustrations of the remarkable diversity of bird communication. Birds play
vital ecological roles, including seed dispersal, pollination, and insect control. They are
also important indicators of ecosystem health, and changes in bird populations can reflect
broader environmental changes. In this intricate tapestry of avian life, each bird species
is a unique thread, contributing to the rich biodiversity of our planet. Understanding and
conserving bird species is not only essential for preserving their natural habitats but also
for maintaining the delicate balance of ecosystems on which humans and wildlife depend.
As we delve deeper into the study of bird species, advancements in technology, such as the
proposed ”Image-Based Bird Species Identification Using Deep Learning” project, con-
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tinue to open new horizons in our understanding of these fascinating creatures will lead
to better attempts at conservation efforts and appreciation of the natural world.

2 Literature Review
Gavali and Saira Banu’s (2024) in his paper says that most people like viewing a variety
of birds to appreciate nature’s beauty and escape the stresses of everyday life. However,
in other circumstances, they may be unable to correctly identify the bird species due
to similarities or traits shared by multiple bird species. Deep learning technology can
solve this problem more effectively. Chakrabarti and Mittal’s (2023) described creating a
deep-learning network that can recognize bird species based on gathered pictures. A con-
volutional neural network is used for both classification and feature extraction procedures.
The experimental results suggest that our deep learning platform surpasses the previous
identification strategies, and the recognition utilizing photographs of birds is more effec-
tive. recognizing birds with acoustic signals. The constructed model demonstrated better
classification accuracy for the training image, allowing novice bird watchers to quickly
identify bird species from collected bird images. (Varghese, Shyamkrishna, & Rajeswari,
2022).

The majority of people like viewing a variety of birds to appreciate nature’s beauty
and to escape the stresses of everyday life. However, in other circumstances, they may
be unable to correctly identify the bird species due to similarities or traits shared by
multiple bird species. Deep learning technology can be utilized to solve this problem more
effectively. This study described the use of a network called deep learning to determine
bird species based on gathered pictures. Convolutional Neural Network is applied to
both element extraction and grouping methods. The experimental results reveal that
this deep learning platform outperforms the other identification strategies, with picture
recognition outperforming audio signal recognition. The constructed model demonstrated
better classification accuracy for the training image, allowing novice bird watchers to
quickly identify bird species from collected bird images.(Aruna et al., 2022).

Manna et al.’s (2023) study stresses the worth of safeguarding endangered bird species
and provides a technological solution. With industry endangering bird habitats, conserva-
tion efforts are critical. However, correctly identifying bird species is critical for effective
conservation. The research proposes utilizing a Neural Convolutional Network is a sort of
computer software, to automatically identify bird species in photographs. Four types of
these systems, Resnet152V2, InceptionV3, Densenet201, and MobileNetV2, are evaluated
with a data set of numerous bird photographs. Resnet152V2 and Densenet201 outperform
the others in terms of accuracy. The study by Rai et al.’s (2022) stresses the advantages
of image-based identification over other approaches, such as voice or video, which may
be less trustworthy. By including a vast array of bird species in the dataset, the study
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hopes to Make the outcomes more applicable. The paper’s findings help to develop ef-
fective techniques for identifying bird species, which could improve conservation efforts.
Furthermore, the study proposes the Effective utilization of an internet-based system to
aid photographers in recognizing birds in their photos, which would facilitate conservation
efforts.

The research by Kulkarni et al.’s (2023) addresses the issue that bird watchers and
rescue team members confront while identifying distinct bird species. The study uses
deep learning, notably Transfer Learning, to create an AI model for recognizing birds in
photos. Using the InceptionV3 model, the system was trained on a dataset of 325 bird
species, each with 1000 annotated photos. The research provides empirical evaluations of
various methodologies, emphasizing the superiority of Transfer Learning over established
methods such as RNN and CNN. The method involves extracting information from bird
photos using convolutional neural networks (CNN), which take into account attributes
such as color, shape, and beak morphology. The InceptionV3 model’s pre-trained layers
have been fine-tuned to improve bird species classification accuracy.

Findings show significant accuracy in recognizing bird species, implying possible uses
in automated bird conservation and education.Future research objectives include adapt-
ing the technique for smartphone applications, which would increase accessibility for bird
enthusiasts and conservationists. The paper adds vital insights into deep learning ap-
plications in wildlife identification, with implications for other areas that include species
recognition. The method is important for ecological conservation, wildlife monitoring,
and biological research, but traditional methods have limitations, such as being time-
consuming, expensive, and susceptible to ambient noise. The core of their method is
a Siamese network architecture with triplet loss. This architecture is intended to gain
proficiency with the common features within a bird species and the differences between
different species, improving recognition accuracy .

(Anusha, Vasumathi, & Mittal, 2023; Mittal et al., 2023) present results showing that
their method achieves state-of-the-art performance on the CUB-200-2011 dataset, with
high accuracy and F1 scores. They also demonstrate that the model performs well even
with limited training data, which is a significant advantage over existing methods. The use
of a ShuffleNetV2 backbone ensures that the model is fast enough for real-time applica-
tions. Throughout the paper Yang, Shen, and Xu’s (2024) highlighted their experimental
setup and results, demonstrating the effectiveness of their proposed multi-scale feature fu-
sion, attention feature enhancement, and Siamese network approach. They have discussed
the implications of their findings for ecological conservation, biodiversity research, Eco-
tourism, and environmental monitoring. An original methodology that improves highlight
extraction and utilizes contrast figuring out how to address these difficulties. First, they
introduce a multi-scale feature fusion module. This module captures both detailed and
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global details about the birds, helping the model distinguish between species that look
very similar. Additionally, an attention-based feature enhancement module is used to
handle noise and occlusion, making the model more robust and accurate.

The authors Nukala et al.’s (2024) tackles the issues of identifying bird species, a cru-
cial task for ecological conservation and wildlife monitoring. Traditional methods, like
using the Random Forest algorithm, are often limited by their accuracy and susceptibility
to noise. To overcome these limitations, the authors propose a novel approach using the
EfficientNetB4 deep learning model. The paper explains how birds, important indica-
tors of ecosystem health, pose a significant identification challenge due to their diversity.
EfficientNetB4, a convolutional neural network, is chosen for its unrivaled presentation
in image classification tasks. The model uses a compound scaling method to enhance
accuracy and efficiency by uniformly scaling the network’s depth, width, and resolution.
The proposed system involves collecting a large dataset of bird images, pre-processing
them, and then using EfficientNetB4 to instruct the model. The data is broken up into
training, testing, and validation subsets to monitor performance and prevent overfitting.
The results show that EfficientNetB4 significantly outperforms the Random Forest algo-
rithm, achieving higher accuracy, precision, recall, and F1 score. Experimental results
highlight the usefulness of EfficientNetB4, with accuracy reaching up to 90%, compared
to 80% for Random Forest. The user interface developed for this system allows users to
upload bird images and receive identification results, facilitating easy and accurate species
identification.

In conclusion, this deep learning-based approach offers a robust solution for bird species
identification, enhancing ecological monitoring and conservation efforts. Future work may
include integrating additional data sources and refining the models for even broader ap-
plications .

3 Existing Systems
The earlier system for bird species identification relied on the utilization of the Random
Forest model, notable algorithms for learning technique that is renowned for effectiveness
in classification tasks. The project employed this model to tackle the challenging problem
of bird species recognition from images. The set of data used in the earlier system was
the Caltech-UCSD Birds-200-2011 (CUB-200-2011) dataset, which is widely recognized in
the fields of PC vision and ornithology. This dataset comprises 200 different bird species,
with an average of approximately 50 images available for each species, bringing the total
to 11,788 images. The diversity of species and the quantity of available data enabled the
framework to gain insight from an extensive variety of avian features, contributing to its
capacity to identify between distinct bird species. The RF approach went through training
while the preceding system was being constructed on the provided dataset incorporating
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elements from the bird images. These features could include color histograms, texture
information, and shape descriptors, among others. The model utilized these features to
create choice trees and build a troupe of such trees to arrive at the final classification.

Through rigorous training and optimization, the earlier system accomplished an exact-
ness of 80% in identifying bird species from the images. This level of accuracy indicated
a reasonable performance of the Random Forest model in handling the bird classification
task and demonstrated its ability to generalize well to previously unseen bird species.The
utilization of Arbitrary Woods and the CUB-200-2011 dataset in the earlier system pro-
vided a solid foundation for bird species identification. The model’s 80 % accuracy was a
commendable result, considering the difficulty of the job and the diversity of bird species
involved.

Overall, the earlier system laid the groundwork for recognition of species of birds
through ML techniques and played an essential role in advancing the field. While the Ran-
dom Forest model demonstrated respectable performance, the transition to deep learning-
based approaches further pushed the boundaries of accuracy and expanded the potential
applications of bird species recognition systems.

3.1 Disadvantages of Existing System
1. Reduced adaptability: The RF model’s performance heavily relies on feature engi-

neering and hyper parameter tuning. When presented with new, unseen bird species
or variations in image quality, the model might face challenges in adapting to these
changes without extensive retraining and adjustments.

2. Limited generalization: While the RF model was 80 percent accurate, on the CUB-
200-2011 dataset, its generalization to other datasets or real-world scenarios might
be less effective. Different datasets may have variations in lighting conditions, back-
grounds, and image quality, which could impact the model’s performance and reduce
its robustness.

3. Manual feature selection:The reliance on manual feature selection and engineering
be a time-consuming and labor-intensive process. It requires domain knowledge and
expertise to determine relevant features, making it less accessible to those without
specialized knowledge.

4. Lack of representation learning:Unlike the Random Forest model doesn’t, have the
ability to learn representations directly from the raw pixel data.

5. Accuracy Limitations: 80% Accuracy is decent, it means that 1 out of 5 images could
still be misidentified. There is a significant room for improvement
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6. Complex Difference: Birds often have very subtle difference. Traditional models like
Random Forest might not capture these tiny details well

4 Proposed System

Figure 1. System Architecture

The proposed system, ”Image-Based Bird Species Identification Using Deep Learning,”
introduces a state-of-the-art approach for accurately and classifying images of species of
birds automatically (see figure 1). This project intends to take advantage of the Xception
architecture. Deep learning’s ability to bypass the restrictions on previous techniques and
achieve greater performance in bird species detection. The proposed system harnesses
the capabilities of The field of deep learning is a branch of artificial intelligence that can
self-sufficiently discover structures of hierarchy using data that is raw. The Xception archi-
tecture, specifically chosen for its efficiency and exceptional feature extraction capabilities,
is utilized as the neural network backbone. Xception is a variant of the Inception architec-
ture and is well-suited for image recognition tasks, including the fine-grained classification
needed for bird species identification. To ensure robust learning and generalization, the
proposed system employs a large dataset consisting of over 60,000 bird images belonging
to 510 different bird species. Although thorough education and improvement attain a re-
markable accuracy in training of 99 percent along with accuracy for validation of 97%.for
the proposed system.

The excellent levels of accuracy show the usefulness of the Xception framework for
learning from the dataset and making accurate predictions on unseen data. The proposed
system has wide-ranging applications in the fields of wildlife conservation, ornithology,
ecological research, and birdwatching. It can aid researchers and conservationists in mon-
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itoring bird populations, understanding species distributions, and studying bird behavior.
Birdwatching enthusiasts can also benefit from this automated tool for quick and reliable
bird species identification. The adoption of the Xception architecture and the use Deep
Learning techniques represent cutting-edge advancements in the field of Machine Visual
Analysis as well as recognition of patterns.By surpassing the limitations of earlier systems,
the proposed system sets new standards for accuracy and efficiency in bird species iden-
tification. The deep learning model’s ability to learn hierarchical representations directly
from pixel data allows the proposed system to generalize well to different datasets and
unseen bird avian creatures. The suggestion being made automatically learns relevant
features from the bird images, eliminating the need for handcrafted feature engineering.
This capacity to obtain discriminative features directly from the data enables the model to
capture crucial fine-grained details for distinguishing between visually similar bird species.

In conclusion, the proposed system ”Image-Based Bird Species Identification Using
Deep Learning” introduces a cutting-edge approach to bird species recognition. By lever-
aging Through the use of deep machine learning and the architecture known as Xception, it
achieves exceptional accuracy and efficiency in identifying bird species from images. With
its diverse dataset, automated feature learning, and adaptability, the proposed system
represents a significant progress in the field of based on imagery species of birds detection.

4.1 Advantages of Proposed System
1. High Accuracy: The biggest benefit of the described Proposed System approach is its

outstanding efficiency, with an accuracy rate for validation of 97% and an accuracy
for training of 99 percent, respectively. Utilization of the Xception architecture,
a model for deep learning optimized for image recognition, enables the system to
achieve exceptional precision in identifying bird species from images.

2. Automated Feature Learning: Unlike earlier systems that relied on manual feature
engineering, the proposed system automatically learns relevant and discriminative
features directly from the raw pixel data. This capability enables the model to record
minute details and intricate patterns in bird images, resulting in more accurate and
robust species classification.

3. Deep Learning Capabilities: Making use of the strength of the learning, the proposed
system can learn hierarchical representations from the data, capturing both low-level
and high-level features. This enables the model to understand complex relationships
between different bird species’ visual characteristics, contributing to its accuracy in
fine-grained classification tasks.

4. Generalization to Unseen Data: The system that was proposed exhibits strong gen-

Convergence of Machine Learning and IoT for Enabling the Future of Intelligent Systems
Editors: Ratnakirti Roy, Manish Kumar Thakur and Anushree Raj
DOI:10.48001/978-81-966500-7-0-6 | ISBN: 978-81-966500-7-0 | Copyright ©2024 QTanalytics®

67

https://doi.org/10.48001/978-81-966500-7-0-6
https://qtanalytics.in


eralization abilities, meaning it can accurately identify bird species from images it
has never encountered before. By learning from a diverse dataset comprising 510
bird species, the system can adapt to new and unseen scenarios, making it more
versatile and applicable to real-world situations.

5. Scalability: Deep learning models, including Xception, can efficiently scale to han-
dle large and complex datasets. With over 60,000 bird images in the dataset, the
proposed system demonstrates its ability to handle substantial amounts of data,
providing a practical solution for bird species identification at a larger scale.

6. State-of-the-Art Solution: Making use associated with The Xception system engi-
neering and profound learning methods addresses a state of the art way to deal with
bird species distinguishing proof. The proposed framework beats before frameworks
in view of conventional strategies, making it a state-of-the-art solution for the task.

5 MODULE DESCRIPTION:

5.1 Dataset:
We developed the in the first machine learning-based image-based bird species identifi-
cation module. system to get the input dataset. Data collection process is the first real
step towards the real development of a machine learning model, collecting data. This is
a critical step that will cascade in how good the model will be, the more and better data
that we get; the better our model will perform. There are several techniques to collect the
data, like web scraping, manual interventions. Our dataset is placed in the project and it
is stored in a model directory.

5.2 Importing the necessary libraries:
We will be using Python language for this. First we will import the necessary libraries
such as keras for building the main model, sklearn for splitting the training and test data,
PIL for converting the images into array of numbers and other libraries such as pandas,
numpy, matplotlib and tensorflow (see figure 2).

5.3 Retrieving the images:
In this module we will retrieve the images from the dataset and convert them into a
format that can be Utilized for training and testing the model. This involves reading the
images, resizing them, and normalizing the pixel values. We will retrieve the images and
their labels. Then resize the images to (224,224) as all images should have same size for
recognition. Then convert the images into numpy array.
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Figure 2. Workflow

5.4 Splitting the dataset:
In this module, the image dataset will be divided Through testing and training groups
Split the data into Train and Test. 80% train data and 20% test data. This will be done
to prepare the model on a subset of the data, validate the model’s performance, and test
the model on unseen data to evaluate its accuracy. Divide the data into train and test.
80% train data and 20% test data.

5.5 Building the model:
The concept of convolutional neural networks is very successful in image recognition. The
key part to understand, which distinguishes CNN from traditional neural networks, is
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the convolution operation. Having an image at the input, CNN scans it many times to
look for certain features. This scanning (convolution) can be set with 2 main parameters:
stride and padding type. As we see on below picture, process of the first convolution gives
us a set of new frames, shown here in the second column (layer). Each frame contains
information about one feature and its presence in scanned image. Resulting frame will have
larger values in places where a feature is strongly visible and lower values where there are
no or little such features. Afterwards, the process is repeated for each of obtained frames
for a chosen number of times. In this project I chose a classic VGG-16  model which
contains only two convolution layers. The latter layer we are convolving, the more high-
level features are being searched. It works similarly to human perception. To give an
example, below is a very descriptive picture with features which are searched on different
CNN layers. As you can see, the application of this model is face recognition. You may
ask how the model knows which features to seek.

If you construct the CNN from the beginning, searched features are random. Then,
during training process, weights between neurons are being adjusted and slowly CNN
starts to find such features which enable to meet predefined goal, i.e. to recognize success-
fully images from the training set. Between described layers there are also pooling (sub-
sampling) operations which reduce dimensions of resulted frames. Furthermore, after each
convolution we apply a non-linear function (called ReLU) to the resulted frame to intro-
duce non-linearity to the model. Eventually, there are also layers that are all link towards
the terminus of a network. The last set of frames obtained from convolution operations is
flattened to get a one-dimensional vector of neurons. From this point, we put a standard,
fully-connected neural network. At the very end, for classification problems.Here exists
a soft max layer. It translates framework findings into probabilities of a correct guess of
each class.

5.6 Xception CNN model
Xception improves on the architecture and inception module with a straightforward and
more elegant architecture that is as effective as ResNet and Inception V4. The Xception
module is presented here: (see figure 3)

Figure 3. Xception
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This network can be anyone’s favorite given the simplicity and elegance of the archi-
tecture, presented here: (see figure 4)

Figure 4. Architecture

The architecture has 36 convolutional stages, making it close in similarity to a ResNet-
34. But the model and code is as simple as ResNet and much more comprehensible than
Inception V4. A Torch7 implementation of this network is available here An implemen-
tation in Keras/TF is availble here. It is interesting to note that the recent Xception
architecture was also inspired by our work on separable convolutional filters.

6 Results
The system has achieved remarkable success in classifying a wide range of bird species by
harnessing deep learning techniques and employing the Xception architecture (see figure
5). This approach has outperformed conventional methods in terms of accuracy, efficiency,
and flexibility. The project’s effectiveness is largely attributed to the adoption of the
Xception architecture, enabling automated extraction of different Features and hierarchical
modeling of bird images (see figure 6).
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Figure 5. Input and Output Result

Figure 6. Test Accuracy

7 Conclusions
The project ”Image-Based Bird Species Identification Using Deep Learning” presents a
cutting-edge and highly effective solution for automating the recognition of bird species
from images. By leveraging the power of deep learning and the Xception architecture,
the system has demonstrated outstanding performance in accurately classifying diverse
bird species, surpassing traditional methods in accuracy, efficiency, and adaptability. The
project’s success can be attributed to the utilization of the Xception architecture, which
allowed for automated feature learning and hierarchical representation of bird images.
These results attest to the effectiveness of deep learning techniques in image-based clas-
sification tasks and establish the proposed system as a state-of-the-art solution for avian

Convergence of Machine Learning and IoT for Enabling the Future of Intelligent Systems
Editors: Ratnakirti Roy, Manish Kumar Thakur and Anushree Raj
DOI:10.48001/978-81-966500-7-0-6 | ISBN: 978-81-966500-7-0 | Copyright ©2024 QTanalytics®

72

https://doi.org/10.48001/978-81-966500-7-0-6
https://qtanalytics.in


recognition. With its applications spanning wildlife conservation, ecological research, and
bird watching, the project holds immense potential for making significant contributions
to our understanding of avian biodiversity and promoting efforts to protect and conserve
bird populations. In conclusion, the project ”Image-Based Bird Species Identification Us-
ing Deep Learning” represents a ground-breaking and pioneering endeavour that sets new
benchmarks in the realm of bird species recognition.
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Abstract
Electrification of transportation systems is increasing, in particular city buses raise enormous
potential. Deep understanding of real-world driving data is essential for vehicle design and
fleet operation. Various technological aspects must be considered to run alternative pow-
ertrains efficiently. Uncertainty about energy demand results in conservative design which
implies inefficiency and high costs. Both, industry, and academia miss analytical solutions
to solve this problem due to complexity and interrelation of parameters. Precise energy
demand prediction enables significant cost reduction by optimized operations. This paper
aims at increased transparency of battery electric buses’ (BEB) energy economy.We intro-
duce novel sets of explanatory variables to characterize speed profiles, which we utilize in
powerful machine learning methods. We develop and comprehensively assess 5 different al-
gorithms regarding prediction accuracy, robustness, and overall applicability. Achieving a
prediction accuracy of more than 94%, our models performed excellent in combination with
the sophisticated selection of features. The presented methodology bears enormous potential
for manufacturers, fleet operators and communities to transform mobility and thus pave the
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way for sustainable, public transportation.

Keywords: BEB. GHG. Machine Learning. Support Vector Machines. Random Forest.
Artificial Neural Networks.

1 Introduction
Traffic causes approximately 25% of greenhouse gas (GHG) emissions in Europe, and
this percentage is increasing.(European Commission Directorate-General for Mobility and
Transport, 2018). Therefore, widespread electrification of the mobility sector is one of
the most positive actions that can be taken in relation to climate change and sustain-
ability.(Gallo & Marinelli, 2020). It seems clear that electric buses, because of their low
pollutant emissions, are set to play a key role in the public urban transportation of the
future. Although the initial investment in electrification may be high - e.g. purchase costs
of BEBs are up to twice as high as those of Diesel buses - it is quickly amortized because
the inherent efficiency of electric vehicles far exceeds that of internal combustion engine
vehicles (up to 77% ) and thus operational respectively life cycle costs are significantly
lower. (Lajunen & Lipman, 2016).

In addition, electrification of the power train brings many other advantages, such as a
reduced noise level or pollution. On the downside, the battery charging time of an electric
bus is significantly longer than the refueling time of a diesel bus, while the opposite is true
for the range. Ultimately, widespread electrification of the mobility sector is one of the
most positive actions that can be taken in terms of climate change and sustainability, but
more research is needed to ensure efficient operation, as it also poses significant challenges.
The starting point for this study was a problem proposed by Seville’s public bus operator.
In short, they wanted to replace their diesel fleet with all-electric vehicles, but first they had
to size the vehicles’ batteries and determine the best charging locations around the city.
In practice, this means using computers to predict consumption on each route. In order
to improve the provision of services to citizens, emerging technologies such as artificial
intelligence (AI) are strategically integrated.(Mittal & Gautam, 2023).

Unfortunately, this can currently only be done with complex physical models that
require long simulation times, or with data-driven models that are less computationally
intensive once trained, but require numerous driving, mechanical, and road measurements
as inputs. This is where the present research comes in. In this paper we use the bus
operator’s database and a physics-based model of soon-to be- deployed electric buses to
develop data- driven models that predict the energy requirements of the vehicles. Amongst
others, what distinguishes our contribution from previous data driven approaches is the
small number of physical variables involved: we show that, to accurately predict the
consumption on a route using machine learning, we only need to know the instantaneous
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speed of the vehicle and the number of passengers on the bus. Specifically, our approach
consists of three steps:

1. We calculate the energy consumed by the bus on each route using a physics-based
model, validated by the vehicle manufacturer, that uses speed and mass as inputs,
including the bus’s weight and the weight of its payload. Both variables are taken
from the operator’s database.

2. We extract a comprehensive set of time and frequency features from the speed signal.

3. We train machine learning regression models to predict the energy consumption from
bus payload mass and the above set of features and identify those with the best
predictive value. Interestingly, the feature that turns out to be the most relevant,
i.e., the spectral entropy of velocity, has so far gone unnoticed in this field of research.

2 Literature Survey
Zogaan’s (2022) study focuses on predicting the energy consumption of electric buses
using various machine learning algorithms. The authors compare the performance of mul-
tiple techniques, including Support Vector Machines (SVM), Random Forest (RF), and
Artificial Neural Networks (ANN). Historical data on bus routes, passenger load, and en-
vironmental conditions are utilized to train the models. The results indicate that ANNs
outperform other models in terms of accuracy and robustness. The study demonstrates the
potential of machine learning in optimizing energy usage and improving the operational
efficiency of electric buses, ultimately contributing to more sustainable urban transporta-
tion systems. In the paper Pamuła and Pamuła’s (2022) propose a deep learning-based
approach to forecast the energy consumption of electric urban buses. Leveraging Long
Short- Term Memory (LSTM) networks, the model incorporates time-series data, includ-
ing traffic conditions, weather patterns, and bus operation schedules. The LSTM model
captures temporal dependencies and provides high-accuracy predictions compared to tra-
ditional methods. The study highlights the effectiveness of deep learning in addressing
the complexities of energy consumption forecasting and suggests potential improvements
in route planning and battery management for electric buses.

A data-driven predictive modeling framework for enhancing the energy efficiency of
electric public transit buses. Using a combination of regression analysis and machine
learning algorithms, the study assesses the impact of various factors such as speed, route
topology, and passenger count on energy consumption.(Sennefelder, Martín-Clemente, &
González-Carvajal, 2023). The Gradient Boosting Machine (GBM) model emerged as the
most effective, providing detailed insights into the primary drivers of energy usage. The
findings underscore the importance of data analytics in the operational planning of elec-
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tric buses, aiming to reduce energy costs and environmental impact.(Ullah et al., 2022).
Xiong, Cao, and Yu’s (2018) paper presents machine learning approaches for real-time
energy management in electric urban buses. By integrating real-time data on vehicle dy-
namics and external conditions, the proposed system uses Reinforcement Learning (RL) to
optimize energy consumption dynamically. The RL model adapts to changing conditions,
learning optimal driving strategies to minimize energy use. Simulation results demonstrate
significant improvements in energy efficiency, validating the potential of machine learning
for proactive and adaptive energy management in electric bus fleets.(Recalde et al., 2024).

The authors SRIDHAR and TARUN’s (2024) explore predictive analytics for optimiz-
ing the energy consumption of electric bus fleets. They employ machine learning models,
including Decision Trees and Ensemble Methods, to forecast energy needs based on his-
torical and contextual data. The study by Ziliaskopoulos and Waller’s (2000) integrates
Geographic Information Systems (GIS) to enhance model accuracy by incorporating spa-
tial data related to routes and traffic conditions. The predictive models enable better
scheduling and charging strategies, reducing operational costs and improving the sustain-
ability of urban bus systems. Ushakov et al.’s (2022) in his research highlights the role of
advanced analytics in supporting smart transportation infrastructure and efficient energy
use.Rapid innovation, digital capabilities, and IT skill integration has become a national
norm that is critical to the general advancement of economies and communities. (Mittal,
2020).

3 Related Work
The prediction of energy demand for battery electric vehicles (BEVs) in general, and
battery electric buses (BEBs) in particular, have been thoroughly investigated. BEBs are
a viable replacement for conventional vehicles and are also less sensitive to variations in
mission profiles than diesel buses. It is important to note also that the duty cycle and
driving conditions of a BEB are very different from those of other BEVs, shifting the
focus from kinematic relationships to route, schedule, and passenger load.(Sennefelder,
Martín-Clemente, & González-Carvajal, 2023). The majority of previous studies utilize
complex physics-based vehicle models, varying in focus and objective.(De Cauwer, Van
Mierlo, & Coosemans, 2015; Marc, Tobias, & Thomas, 2018; Nijmeijer, Wang, & Besselink,
2017). For example, a study byAsamer et al.’s (2016) examines the impact of power train
efficiency, rolling resistance, and auxiliary power on the energy consumption of battery
electric vehicles (BEVs).A Sparse matrix with a significant number of zeros can better
represent a transshipment model is proposed by Garg and Mittal’s (2021).

While drive train efficiency and rolling resistance are relevant to the physical movement
of the vehicles, auxiliary power demand is especially important at lower speeds where
city buses typically operate, highlighting the need for accurate knowledge of auxiliary
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power to predict overall energy consumption. Another study De Cauwer, Van Mierlo,
and Coosemans’s (2015) integrates a physical model of the vehicle with a data-driven
methodology to detect and quantify correlations between kinematic parameters and the
vehicle’s energy consumption. Commonly used kinematic parameters are complemented
by additional factors such as travel distance, time, and temperature.

Research by Nijmeijer, Wang, and Besselink’s (2017) also studied the influence of
rolling resistance, which depends on the road surface and various weather conditions, on
power demand. One prediction model consists of a longitudinal dynamics model comple-
mented by additional measurements from a dynamometer and coast-down tests to reduce
the model’s uncertainty. Another study introduces a novel and computationally efficient
electro-mechanical model of a BEB to examine the influence of factors such as payload
mass, temperature, and rolling resistance on consumption. These approaches provide valu-
able insights into the interrelation of influential factors; however, they involve intricate
equations and require accurate modeling of the vehicles and their components to generate
results. As with all physics-based models, they are of limited practical use due to long
simulation times. Additionally, most previous research has focused primarily on light-duty
vehicles, and scaling to the heavy-duty class is complex due to completely different driving
profiles and dynamics.

Data-driven approaches, which use machine learning or deep learning algorithms and
real-world driving data, or even mixed data-driven and physics-based approaches, have
also been explored. (Aljohani, Ebrahim, & Mohammed, 2021; Chen et al., 2021; Li et al.,
2021). For example, Pamuła and Pamuła’s (2022) review covers state-of-the-art energy-
consumption estimation models for electric vehicles and studies the case of electric buses
using logistic regression and neural networks on real-world data.The study by Kontou
and Miles’s (2015) identifies a research gap for energy consumption models of heavy-duty
vehicles such as city buses, supporting the motivation of our work. Another research
used deep learning and classical neural networks to forecast the energy demand of electric
buses using actual data from various bus lines. These models are based on input variables
that fleet operators can easily measure, but also include operational information such
as bus routes, stop locations, travel time between bus stops, schedules, and peak hour
information. Other research investigates factors of influence such as the route and driver
characteristics.

Some studies such as Ericsson’s (2001) examined the effects of different driving pat-
terns collected in real traffic on consumption and emissions of internal combustion vehi-
cles. Starting with many features, a factorial analysis reduces this number significantly,
demonstrating the influence of common kinematic driving pattern parameters, such as
speed, acceleration, and deceleration, on energy consumption. They also evaluated the
usefulness of feature analysis and selection. Simonis and Sennefelder’s (2019) accurately
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describes the behavior of drivers as a function of selected characteristics, which can be
used to predict the energy demand of BEVs. Interestingly, some studies used a Simulink
model to estimate the energy consumption of BEBs, with inputs carefully selected from a
mix of operational, topological, vehicular, and external variables using machine learning
algorithms and statistical models. They found that battery state of charge and road gra-
dient were the most significant factors, while the vehicle’s drag coefficients had a relatively
minimal effect.

However, temperature and auxiliary power demand are not well covered, despite being
crucial factors. One study investigates real-world data from a fleet of BEBs in Mihoko
City, China, finding that ambient temperature significantly impacts energy consumption.
Another recent study in Lancaster, California, examines BEBs’ energy consumption and
charging behavior, showing that temperature variability leads to increased energy use due
to heating, cooling, venting, and air conditioning (HVAC). Results indicate relevant oper-
ational costs for the operator, which can increase significantly during summer. However,
this cost analysis might differ in other situations, as cost assessment of BEBs is generally
a vast field influenced by various factors. (Perugu et al., 2023).

Göhlich, Kunith, and Ly’s (2014) studied a technology assessment for BEBs in Berlin,
Germany, using an energy simulation model to forecast daily service consumption and
analyze the system’s economics in terms of total cost of ownership (TCO). Using a thermal
model of the cabin, they find that heating by Positive Temperature Coefficient (PTC)
elements is generally more critical than cooling, discovering a worst-case additional HVAC
consumption that is substantial compared to the overall energy consumption.

1. Most approaches use data that standard vehicles are often not equipped to mea-
sure, such as the location of bus stops or road gradient. In addition, variables that
are highly dependent on the particular conditions of the experiment are frequently
taken into account, such as the length of the trip. The relationship of the latter with
vehicle energy economy is obvious – e.g., the further you drive the more energy is
consumed. However, it must be used with caution for prediction, as machine learn-
ing algorithms may focus on it and overlook other relevant factors. By contrast,
our algorithms take as initial input only the mass (estimated from the curb weight
plus number of passengers) and the vehicle speed, which can be easily obtained by
the user. Furthermore, we characterize speed profiles by extracting 40 features at
different levels of abstraction in the frequency and time domains. This way, we
uncover hidden and valuable information that leads to higher prediction accuracy,
improved generalization, and thus high application relevance. In addition, we imple-
ment an intelligent route segmentation algorithm that makes the prediction robust
to data non-stationarity, making the final framework more transferable and even
more applicable.
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2. Despite the abundance of machine-learning techniques, only a few of them are com-
monly used. In this work, we consider the full range, from non-learning statistical
approaches to supervised learning and probabilistic methods. Consequently, this
work presents and comprehensively compares the full potential of novel machine
learning methods for predicting the energy consumption of EVs. Ultimately, we
investigate the performance of various powerful machine learning models, from the
very technical detail to the long-term application.

3. Most studies use data from a single vehicle on a single route or use speed profiles
from Standardized Driving Cycles (SDCs). Therefore, the variety and diversity
within the data is comparatively low. However, a major challenge in this area is
that the relevant factors are diverse and the interrelationships are complex. Thus,
the larger the variety in the data, the better the machine learning predictions will
be. In contrast, the underlying fleet data for this work is measured from an entire
fleet of 30 vehicles, which operate various routes a day and drivers change frequently
even during the day. This allows us to capture a wide variety of traffic situations
and driving styles, containing much more valuable information.

4. Auxiliary power demand, including HVAC, is rarely considered in detail and often
replaced by a constant term. However, we have considered complete energy profiles,
including HVAC, recovery, etc., which allows this work to address accurate total
energy consumption at the trip level, which is relevant to transit operators.

4 System Architecture
In this paper we use the bus operator’s database and a physics-based model of soon to be
deployed electric buses to develop data-driven models that predict the energy requirements
of the vehicles. (see figure 1). Amongst others, what distinguishes our contribution from
previous data driven approaches is the small number of physical variables involved: we
show that, to accurately predict the consumption on a route using machine learning, we
only need to know the instantaneous speed of the vehicle and the number of passengers on
the bus. Specifically, our approach consists of We calculate the energy consumed by the
bus on each route using a physics- based model, validated by the vehicle manufacturer, that
uses speed and mass as inputs, including the bus’s own weight and the weight of its payload.
Both variables are taken from the operator’s database. We extract a comprehensive set of
time and frequency features from the speed signal. We train machine learning regression
models to predict the energy consumption from bus payload mass and the above set of
features, and identify those with the best predictive value. Interestingly, the feature that
turns out to be the most relevant, i.e., the spectral entropy of velocity, has so far gone
unnoticed in this field of reaearch. We propose a scalable and efficient hybridization
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Figure 1. System Architecture

Machine Learning models for exact predictions. We conducted several hybridizations of
genetic algorithm with filter and embedded feature selection methods, in the data pre-
processing phase of Random Forest and Multivariate Linear Regression (MLR) predictive
model, with the aim of improving its performance.

5 Module

5.1 Description Service Provider
The Service Provider must enter a valid user name and password to log in to this mod-
ule. He can perform some tasks after logging in successfully, such browsing datasets and
training and testing data sets. View the results of the trained and tested accuracy, view
the bar chart showing the accuracy, view the prediction of the energy economy type, view
the ratio of the energy economy type, and download the predicted data.

5.2 View and Authorize User
The administrator can see a list of all enrolled users in this module. This allows the
administrator to examine user information such name, email address, and address, as well
as the ability to authorise people. View All Remote Users, View Sets, and View Energy
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Economy Type Ratio Results.

5.3 Remote Operator
There are n numbers of users present in this module. Prior to beginning any operations,
the user must register. The user’s information is saved in the database after they register.
Upon successful registration, he must use his authorised user name and password to log
in. After successfully logging in, the user will perform certain tasks, such as REGISTER
AND LOGIN. ESTIMATE THE ENERGY ECONOMY.

6 Results

Figure 2. Chart

This paper offers a data-driven approach that uses both simulated and real-world data
for planning problems and electrification of public transport. The results confirm that the
energetic relevant features obtained by feature selection and regression analysis perfectly
characterize the energy consumption of BEBs under different real driving conditions.(see
figure 2). It is a practical approach for fleet operators who want to retrofit or replace their
conventional buses with electric vehicles and build the corresponding infrastructure.
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7 Conclusion
In order to improve robustness against non- stationarity, our article proposes a novel
set of explanatory factors that integrate temporal and frequency features of the speed
waveform. We found the strongest predictive variables by breaking down routes into
micro trips; spectral entropy of velocity profiles was found to be significant. Subsequent
investigations will expand this approach to diverse situations, primarily helping logistics
and transportation firms, especially fleet owners of heavy-duty trucks. Other vehicles
or transport systems could also be able to use the methodology. In order to provide
reliable predictive analytics for a range of transportation situations, future research will
concentrate on operational, road, and climatic aspects with the goal of predicting factors
such as peak power and battery demands.
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Abstract
Combined Learning (CL) tackles data privacy by allowing users to store data locally and
share only model parameters with a central server to train a global model. However, CL is
vulnerable to inference attacks from untrusted aggregators. Existing solutions often require a
trusted third party or inefficient protocols. Our work proposes an efficient privacy-preserving
federated learning scheme with strong security. By designing a dual-layer encryption scheme
without the need for discrete logarithm calculations, using secret sharing only initially and
when groups rejoin, and enhancing computational efficiency through parallel processing, we
ensure secure federated learning. This method is applied to detect false data injection attacks
(FDIA) in smart systems, offering improved security and resistance to private data inference
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1 Introduction
In the era of data-driven decision-making, there are significant privacy concerns.(Gautam
& Mittal, 2022). Collaborative machine learning enables the use of distributed datasets
while maintaining data privacy. Traditional methods centralize sensitive data, risking
privacy breaches and regulatory issues. Federated learning addresses this by allowing
multiple parties to train models collaboratively without sharing their data. However, ex-
isting federated learning frameworks struggle to balance privacy and efficiency, especially
in cross-silo settings where data spans multiple organizations. This project proposes an
innovative cross-silo federated learning scheme using double-layer encryption, secret shar-
ing, and parallel computing to enhance privacy and computational performance. Our
approach allows participants to train models jointly without compromising data confiden-
tiality and supports dropout and rejoining, improving scalability. We apply our scheme to
false data injection attack (FDIA) detection in smart grids, demonstrating its real-world
applicability. Through theoretical analysis and empirical evaluation, we prove its privacy
guarantees against adversarial threats while achieving effective model performance.

Overall, this project advances privacy-preserving federated learning, providing a ro-
bust, efficient framework for secure data collaboration across organizational boundaries,
benefiting industries reliant on collaborative data analysis and model training.

2 Literature Survey
Valkenburg, Meier, and Beyens’s (2022) paper introduces communication-efficient learning
of deep networks from decentralized data. It addresses the challenge of training deep
learning models on decentralized data sources. This provides insights into communication-
efficient techniques, which are crucial in federated learning scenarios. Further the study by
Arias-De la Torre et al.’s (2020) presents model inversion attacks that exploit confidence
information and basic counter measures. It is important as it sheds light on security
vulnerabilities in machine learning models, which is highly relevant in the context of
federated learning where privacy is a primary concern. Ivie et al.’s (2020) paper discusses
stealing machine learning models via prediction APIs which highlights and explores the
vulnerabilities of machine learning models, crucial in the context of federated learning
where models are trained across distributed data sources. Cataldo et al.’s (2021) paper
investigated information leakage from collaborative deep learning. This is relevant as
it examines the risks associated with collaborative learning, an area directly relevant to
federated learning where models are trained across distributed data sources.

Researchers have been discussing models on inversion attacks against collaborative
inference. Understanding these attacks is crucial in federated learning scenarios, where
models are trained across distributed data sources.This may also help to protect the se-
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curity and integrity of these teaching tools in federated learning scenarios.(Mittal, Kaur,
& Jain, 2022). Researchers have examined unintended feature leakage in collaborative
learning. This is pertinent to our research as it addresses privacy concerns in collabora-
tive learning scenarios, which are analogous to federated learning setups. The unintended
memorization in neural networks addresses the privacy and security aspects of machine
learning models, which are essential considerations in federated learning.(Karim et al.,
2020). The vulnerability of AC state estimation to false data injection of cyber-attacks
examines the security of vulnerabilities in smart grid systems, a domain where federated
learning is applied.

Keles, McCrae, and Grealish’s (2020) paper provides a review of false data injection
attacks against modern power systems discussing the security threats ,federated learning
is applied for privacy-preserving analytics. Faelens et al.’s (2021) study discusses transmis-
sion management in a deregulated environment is significant as it provides insights into
the challenges and requirements of deregulated energy markets, where federated learning
can be applied for efficient data analysis. This improved data analysis will further improve
public administration. (Mittal, 2020)

3 Proposed System
In this research, we propose an efficient cross-silo federated learning system with robust
privacy preservation, suitable for the smart grid domain. Our method employs a double-
layer encryption scheme and Shamir secret sharing to ensure strong privacy while enabling
clients to dynamically drop out and rejoin during training. Key contributions include a
general privacy-enhancing federated learning framework with secure weighted aggregation,
eliminating the need for discrete logarithms and non-colluding servers. The scheme uses
decentralized key generation to enhance privacy. Additionally, our system incorporates a
novel double-masking technique to protect against information leakage during transmission
delays. Theoretically and empirically, our method demonstrates provable privacy against
honest-but-curious servers and maintains model utility. It is efficient in communication
and computation, utilizing a logarithmic communication graph to reduce overhead. Our
approach is resilient to local training data inference attacks and is particularly useful
for False Data Injection Attack (FDIA) detection in smart grids. Extensive experiments
validate the efficiency and privacy guarantees of our framework, making it a practical
solution for secure federated learning in critical infrastructure.

4 Existing System
Existing secure aggregation systems for federated learning face several limitations. Schemes
based on ElGamal homomorphic encryption and the Decisional Composite Residuosity
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Assumption require trusted dealers and struggle with discrete logarithm computation or
handle only scalar aggregation, lacking dropout resilience. A vector-based approach using
pairwise additive stream ciphers and Shamir secret sharing addressed dropouts but re-
quired multiple communication rounds per iteration, with inefficiencies and weak security
models. Some systems necessitate multiple non-colluding servers, resulting in significant
overheads and vulnerability to collusion. Other methods, such as modified ElGamal and
combinations of homomorphic encryption with differential privacy, faced issues with dis-
crete logarithms and could not handle dropouts effectively, while approaches using func-
tional encryption, k-regular graphs, and verifiable computation had drawbacks related
to trusted parties, dropout resilience, and collusion assumptions. Additionally, protocols
leveraging threshold secret sharing incurred high computation and communication costs.
Hybrid schemes using functional encryption and differential privacy were dependent on
trusted third parties, posing significant security risks. Finally, additive noise methods
compromised differential privacy, failing to provide strong protection against inference at-
tacks. Overall, these limitations highlight the need for a more efficient and resilient secure
aggregation framework in federated learning.

5 Methodology Used
• White Box Testing: White Box Testing involves an in-depth understanding of the

software’s inner workings, structure, and language. This method allows testers to
explore areas that are not accessible from a black box level, focusing on the internal
logic and code of the software.

• Black Box Testing: Black Box Testing is conducted without any knowledge of the
internal structure or language of the module being tested. Test cases are derived from
definitive source documents such as specifications or requirements, and the software
is treated as a black box. Inputs are provided, and outputs are observed without
considering the internal workings of the software.

• Unit Testing: Unit testing is carried out as part of the combined code and unit test
phase of the software lifecycle. It ensures that individual units of the software function
correctly. While coding and unit testing may be conducted as separate phases, they
are often performed together.

• Test Strategy and Approach: Field testing will be executed manually, while functional
tests will be meticulously scripted. The primary objectives of the testing phase are to
ensure that all field entries function properly, pages are activated from the identified
links, and the entry screen, messages, and responses are not delayed.

• Integration Testing: Integration testing involves the incremental integration of two or
more integrated software components on a single platform to identify failures caused
by interface defects.
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• Acceptance Testing: User Acceptance Testing, a crucial phase of the project, requires
significant participation from end-users to ensure that the system meets functional
requirements.
Test Results: All the test cases mentioned above passed successfully, and no defects

were encountered during testing.

6 Architecture

Figure 1. Architecture

This system architecture ensures a secure, efficient, and scalable federated learning en-
vironment, making it highly suitable for applications requiring robust privacy measures,
such as smart system attack detection.(see figure 1). The architecture employs advanced
encryption techniques and decentralized key management to safeguard data privacy and
integrity. It supports dynamic client participation, allowing devices to securely join and
leave the network without compromising the overall system security. The use of secure
multiparty computation ensures that no single entity can access the entire dataset, miti-
gating risks of data breaches. Additionally, the system’s design optimizes communication
overhead and computational efficiency, enabling real-time detection and response to po-
tential threats. By leveraging these features, the architecture not only enhances security
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but also ensures high availability and resilience, crucial for maintaining trust in critical
infrastructures.

7 Module Description
• Service Provider In this module, the Service Provider has to login by using valid user

name and password. After login successful he can do some operations such as Login,
Browse URLs Datasets and Train & Test Data Sets, View URL Datasets Trained
and Tested Accuracy in Bar Chart, View URL Datasets Trained and Tested Accuracy
Results, View Prediction Of URL Type, View URL Type Ratio, Download Predicted
Data Sets, View URL Type Ratio Results, View All Remote Users.

• View and Authorize Users In this module, the admin can view the list of users who all
registered. In this, the admin can view the user’s details such as, user name, email,
address and admin authorizes the users.

• Remote User In this module, there are numbers of users are present. User should
register before doing any operations. Once user registers, their details will be stored
to the database. After registration successful, he has to login by using authorized
user name and password. Once Login is successful user will do some operations like
REGISTER AND LOGIN, PREDICT URLs TYPE, VIEW YOUR PROFILE.

8 Flowchart
The process has been explained in the following flowchart:(see figure 2)

Figure 2. Flowchart
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• Start: The process begins at the start node.
• Login: The user is prompted to log in with their username and password.(see figure 3)

Figure 3. Login Page

• Login Decision: The system checks if the entered username and password are correct.
If the credentials are incorrect, the user is shown a ”Username & Password Wrong”
message and prompted to log in again. If the credentials are correct, the user proceeds
to the next step.

• Register and Login: Upon successful login, the user is either directed to register (if
they haven’t already) or logged into their account. This step ensures that the user is
properly authenticated and registered in the system.

• Predict False Data Injection Attack Type: Once logged in, the user can utilize the
system’s functionality to predict the type of false data injection attacks. This involves
analyzing incoming data to detect and classify any potential false data injections.

• View Your Profile: The user has the option to view their profile, which may contain
personal information, system usage statistics, or other relevant data. This step allows
users to manage their account settings and monitor their activity within the system.

• Logout: The user can choose to log out of the system. Logging out ensures that the
user’s session is terminated, and they need to log in again to access the system.

9 Results
Functional tests provide systematic demonstrations that functions tested are available as
specified by the business and technical requirements, system documentation, and user
manuals. Functional testing is centered on the following items:
• Valid Input : identified classes of valid input must be accepted.
• Invalid Input : identified classes of invalid input must be rejected.
• User Authentication: Users are correctly authenticated based on valid credentials, em-

ploying multi-factor authentication to enhance security.
• Access Control: Unauthorized access is prevented, ensuring security through role-based
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access control (RBAC) and least privilege principles.
• Session Management: User sessions are managed correctly, with proper handling of

login, logout, and session timeouts, alongside automatic session expiration after a period
of inactivity.

• Error Handling: Appropriate error messages are displayed for invalid login attempts,
and the system prevents brute force attacks through account lockout mechanisms and
CAPTCHA integration.

• Data Encryption: Sensitive user data, both in transit and at rest, is encrypted using
strong encryption protocols.

• Audit Logging: All access and authentication attempts are logged for auditing and
monitoring purposes, aiding in the detection of unauthorized access attempts.

• Regular Security Updates: The system is regularly updated with security patches en-
cryption. This approach eliminates the need for computing discrete logarithms or
relying on multiple non-colluding server settings, addressing the limitations of several
related works. Additionally, the secret keys for the two encryption layers are generated
by each participant in a decentralized manner, enhancing privacy.
We design and empirically evaluate a practical and efficient privacy-enhancing cross-silo

federated learning system that is robust against local data inference attacks, specifically
for FDIA detection in smart grids. The proposed scheme provides a framework adaptable
to various domains.In future work, we will explore more dynamic adversarial models in
�mitigate vulnerabilities and protect against emerging threats.

Figure 4. Prediction of URL
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The output page for the ”Privacy Enhancing Cross-Silo Federated Learning for FDIA
Using ML” project provides the results of the false data injection (FDIA) detection. After
logging into the system, users enter the URL, Headline of the URL, and Body of the
URL on the input page. Upon clicking the ”Predict” button, the system processes the
input data and displays the prediction results below.(see figure 4).The output will clearly
indicate whether false data injection has been detected, showing a message like ”No false
data injection detected” for clean data or appropriate alerts if false data injection is present.
Additionally, the page will provide a confidence score for the prediction, indicating the
system’s certainty level. Users will also see detailed information on the detected anomalies,
including the type and location of the false data within the input. The system offers
recommendations for mitigating detected FDIA, ensuring users can take immediate and
informed action.

10 Conclusions
In this paper, we propose a cross-silo privacy-enhancing federated learning system that
is secure in the honest-but-curious adversarial model. Our scheme is resilient to client
dropouts and rejoining, and it is efficient in terms of communication and computation
overhead, leveraging secure multiparty computation techniques like secret sharing and
double-layer different federated learning settings, relevant for security in cyber-physical
systems.
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Abstract
Evaluating the nature of the air has become essential for inhabitants in numerous modern
and metropolitan regions these days. Air quality is significantly impacted by pollution from
fuel consumption, transportation, and electricity generation. The build-up of toxic gasses has
a negative impact on smart city residents’ quality of life. We require productive air quality
observing and forecast models in order to combat the escalating levels of air contamination.
These models measure local air contamination and collect data on pollutant concentrations.
Particulate matter is made up of tiny solid or liquid particles that can have a serious negative
effect on health if inhaled. As a result, assessing and it is turning out to be more significant
to anticipate air quality.

Keywords: NSGAII optimized neural network. SOM neural networkair quality prediction..
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1 Introduction
Evaluating air quality has become an important concern for inhabitants in modern indus-
trial and urban contexts. Transportation, power, and fuel use all contribute to pollution,
which severely deteriorates air quality and affects community health and well-being. The
build-up of dangerous gasses presents a serious risk to people’s quality of life in smart
cities. Strong air quality monitoring, in-depth air contamination information, and fore-
cast frameworks are essential. These systems collect data on pollutant concentrations and
provide localized assessments, enabling proactive measures to mitigate pollution’s effects.
Particulate matter, consisting of microscopic solid or liquid droplets, is particularly con-
cerning due to its severe health implications when inhaled.Further, the swift advancement
of industrialization and urbanization has led to a growing consciousness among people
regarding air quality. Air quality prediction is an essential application field that may give
real-time information on air pollution, which is useful for both government environmental
protection departments and regular citizens. (Liu, Cui, & Liu, 2024). Thus the fore-
cast of the air pollution index could be useful for directing traffic and locating harmful
pollutants.(Maltare & Vahora, 2023).

In this context, the Random Forest technique is a promising tool for predicting and
measuring pollution levels in large urban centers. By incorporating real-time traffic data,
weather information, and road data, this technique offers a comprehensive approach to
data training and prediction, improving the precision of projections for air quality Our pro-
posed machine learning-based model for air quality prediction has demonstrated impressive
training and testing accuracies of 99% and 90%, respectively, indicating its effectiveness
in forecasting air pollution concentrations. Additionally, the versatility of this approach
allows it to be applied across various fields and databases, highlighting its potential to
address air quality challenges on a broad scale.

2 Literature Review
In recent years,“Assessment and prediction of air quality using fuzzy logic and autoregres-
sive models” (2012) stated AI has been used to address environmental issues, including
air quality. This work presents two models for air quality assessment. The first model
uses a Sigma operator to statistically analyze historical data and evaluate toxicity. The
second model employs a fuzzy inference system to classify air quality into five stages: ex-
cellent, good, regular, bad, and danger. With the growing awareness of the negative health
effects of air pollution, air quality forecasting has become essential in environmental re-
search.(Kumar & Goyal, 2011). The goal of this research is to create a model that will help
with daily Air Quality Index (AQI) prediction and decision-making. For pollutants in-
cluding RSPM, SO2, NO2, and SPM, the US Environmental Protection Agency (USEPA)

Convergence of Machine Learning and IoT for Enabling the Future of Intelligent Systems
Editors: Ratnakirti Roy, Manish Kumar Thakur, and Anushree Raj
DOI:10.48001/978-81-966500-7-0-9 | ISBN: 978-81-966500-7-0 | Copyright ©2024 QTanalytics®

98

https://doi.org/10.48001/978-81-966500-7-0-9
https://qtanalytics.in


provides a method for estimating the AQI that is modified for Indian regulations.
Singh et al.’s (2012) study predicted urban air quality in Lucknow, India, using linear

and nonlinear models, including PLSR, MPR, and ANN approaches. Data from 2005-2009
were used to predict RSPM, SO2, and NO2. Three ANN models (MLPN, RBFN, GRNN)
were developed and compared with other models using statistical criteria like correlation
coefficient (R) and root mean squared error (RMSE). Nonlinear models, especially ANNs,
performed better than linear PLSR and low-order nonlinear MPR models. Jamshedpur, a
steel city in eastern India, faces rising air pollution due to industrial activities.(Singh et al.,
2012) . The Industrial Source Complex Short-Term gaussian dispersion model estimated
NOx emissions from industries, vehicles, and domestic sources, contributing 53%, 40%,
and 7%, respectively. Statistical analysis showed the model accurately predicted NOx
concentrations with about 68% accuracy.

Gokhale and Raokhande’s (2008) evaluated roadside air quality in Guwahati, three
models—M-GFLSM, CALINE3, and CAL3QHC—were compared. These models were as-
sessed using vehicle-derived PM10 and PM2.5 emissions, meteorological data, and daily
average concentrations during winter. Statistical evaluation aimed to identify the best-
performing model under local conditions. In their 2018 review, Fu, Li, and Chen’s (2023)
examined large information and AI approaches for air quality prediction. They draw at-
tention to the benefits of machine learning models over conventional statistical techniques
for managing intricate, substantial datasets. The study examines several algorithms,
evaluates how well they function, and points out problems and directions for further in-
vestigation. Applications to public health and policy-making highlight how crucial precise
air quality forecasts are.

Machine learning regression strategies for PM2.5 prediction are surveyed in the work
”Forecasting air pollution particulate matter (PM2.5) using machine learning regression
models” by Harishkumar, Yogesh, Gad, et al.’s (2020). It evaluates the performance of
models such as gradient boosting, SVR, random forest, and linear regression by comparing
them and using measures like RMSE and MAE. The paper discusses feature selection, pre-
processing techniques, difficulties, and public health and urban planning applications. The
paper ”Air temperature forecasting using machine learning techniques: a review” by Ci-
fuentes et al.’s (2020) provides an extensive analysis of machine learning techniques for air
temperature prediction. It evaluates regression models, artificial neural networks, support
vector machines, and ensemble methods like random forests and gradient boosting. The
study discusses feature selection, preprocessing techniques, challenges, and applications in
energy management and climate studies.

Lei et al.’s (2022) covers regression models, neural networks, SVMs, and ensemble
methods applied to predict PM2.5, PM10, NO2, SO2, and O3 concentrations. The study
compares model performance using metrics like MAE and RMSE, discusses challenges, and
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suggests future research directions. Applications in urban planning and public health un-
derscore the significance of accurate air quality predictions. “Machine learning algorithms
to forecast air quality: a survey” (2023) covers regression models, neural networks, SVMs,
decision trees, and ensemble methods applied to predict PM2.5, PM10, NO2, and O3 con-
centrations. The study compares model performance using metrics like MAE, RMSE, and
R-squared, discusses feature selection, preprocessing techniques, challenges, and suggests
future research directions. Applications in urban planning and public health underscore
the significance of precise forecasts for air quality.

3 Proposed System
This paper aims in order to deal with the pressing issue of air pollution by utilizing the
Random Forest algorithm to predict the presence of air pollutants. (see figure 1).The
Air Quality Index (AQI) serves as a vital indicator of air quality, with it’s range from
0 to 500 signifying various levels of pollution severity, as defined by the Indian Govern-
ment (CPCB). Eight major pollutants, including particulate matter (PM 10 and PM 2.5),
carbon monoxide (CO), ozone (O3), nitrogen dioxide (NO2), sulphur dioxide (SO2), am-
monia (NH3), and lead (Pb), contribute to AQI calculations. The proposed framework
use AI techniques, specifically the Random Forest Classifier, to analyze publicly available
datasets containing environmental features and predict air quality class based on pollutant
concentrations. This system, implemented in Python, processes input datasets through
the Random Forest Classifier to generate predictions, thus facilitating proactive measures
for air quality management.

Figure 1. System Architecture
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4 Module Description
• Data Collection: Collecting information is the significant beginning move toward fos-

tering an AI model, as it significantly influences the model’s performance. Various
techniques, such as web scraping or manual interventions, can be employed for data
collection. In this project, the dataset was sourced from the popular repository Kag-
gle and is stored in the model folder. Accessing high-quality and abundant data is
paramount for enhancing the model’s predictive capabilities.

• Model Selection: The Random Forest Classifier technique was chosen for this project
due to its remarkable performance, achieving a 99% training accuracy. This algo-
rithm’s resilience and ability to handle complicated datasets well made it appropriate
for implementation.

• The Random Forest Algorithm: To grasp the Random Forest algorithm in simpler
terms, imagine planning a trip to a destination you’ll enjoy. You could browse online,
read reviews on travel platforms, or seek recommendations from friends. Let’s say
you opt to consult your friends, each of whom shares their past travel experiences and
suggests various places. You compile a list of these recommendations and then ask your
friends to vote for the best destination from this list. The destination with the highest
number of votes becomes your final choice for the trip. Similar to this, the Random
Forest method produces reliable and accurate results by combining predictions from
several decision trees into a single final forecast.(see figure 2)

Figure 2. Algorithm
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5 Result
An exceptional component decision marker is furthermore given by unpredictable boon-
docks. An additional variable that shows the overall significance or responsibility of every
component to the figure is outfitted by Scikit-advance close by the model. During the
planning stage, it normally concludes every part’s significance score. From there on out,
the relevance is diminished until the total score is 1. While encouraging a model, this
score will help you in picking the most fundamental characteristics and shedding the less
pressing ones.(see figure 3)

Figure 3. Chart

6 Conclusion
Based on available data, the model described in this study has the important feature of
being able to predict air quality under a variety of scenarios. Appropriate management
measures can be put in place to improve ambient air quality by predicting conceivable
air contamination situations. As a valuable aide for impending examinations in this field,
the recommended air quality expectation model shows considerable expansions in expec-
tation precision. The Irregular Backwoods Classifier shows guarantee as a procedure for
foreseeing air quality since it can create exact and steady outcomes.

It is a suitable option because of its ability to manage a large number of input variables
and reduce overfitting. Nonetheless, it is critical to recognize that the Random Forest
Classifier’s performance can be impacted by a number of factors, including the sort and
volume of preparing information, the decision of hyperparameters, and the specific issue
climate. To completely understand the capability of this methodology for air quality
expectation, more examination and improvement are vital.
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Abstract
MedPredictor is an advance multi- disease prediction system that leverages machine learn-
ing to analyze patient data for the early detection and prevention of breast cancer, kidney
disease, diabetes, heart disease, and liver disease. By integrating diverse data sources, in-
cluding patient history, clinical tests, and medical imaging, MedPredictor identifies intricate
patterns and correlations that may not be evident through traditional diagnostic methods.
This innovative approach facilitates timely interventions and personalized treatment plans,
ultimately enhancing patient outcomes and reducing overall healthcare costs. MedPredic-
tor represents a significant advancement in medical diagnostics, offering a comprehensive,
efficient, and reliable tool for multi-disease prediction.
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1 Introduction
MedPrediction is an innovative healthcare solution harnessing advanced predictive tech-
nology to offer accurate disease forecasts based on user-provided information. This ground-
breaking system revolutionizes the way individuals access medical assistance by providing
timely diagnoses from the comfort of their homes.

With a focus on user privacy and data security, MedPrediction adheres to stringent
confidentiality standards, ensuring the utmost trust and compliance with healthcare reg-
ulations. Utilizing cutting-edge machine learning algorithms, MedPrediction analyzes
symptoms and offers personalized recommendations, empowering users to take proac-
tive steps towards their health. Early detection of the disease is vital for determining
a good course of treatment.(Gautam, Ahlawat, & Mittal, 2022). Its intuitive interface
facilitates seamless interaction, catering to a diverse range of individuals seeking reliable
medical guidance. By continuously updating and refining its predictive capabilities, Med-
Prediction aims to optimize patient outcomes and satisfaction, reaffirming its position as
a leader in predictive healthcare technology. This study focus on the data like breast
cancer, kidney, diabetes, heart, and liver disease. They are described below:
• Diabetes : Diabetes, a widespread metabolic disorder, is categorized into Type 1 and

Type 2. Type 1 results from autoimmune destruction of insulin-producing cells, re-
quiring lifelong insulin therapy. Type 2 arises from insulin resistance, often linked to
lifestyle factors like obesity. Type 2 comprises about 92.54% of cases globally. Dis-
tinguishing between the types is crucial for tailored management, which may involve
lifestyle changes, medications, and insulin therapy. Preventive measures and early
detection are vital for addressing the serious health risks associated with diabetes.

• Heart Disease: Heart disease encompasses various conditions affecting the heart and
blood vessels, posing a significant health threat with widespread implications. Coronary
artery disease, a prevalent type, develops gradually due to the accumulation of plaque
within arteries, obstructing essential nutrient flow to the heart. A number of obstacles
need to be addressed in order to improve blood supply services (BSS), which begin
with blood donations and conclude with the transfusion of patients’ necessary blood
components which initiates the need for early detection.(Mittal, 2014). Machine learn-
ing algorithms, including logistic regression, support vector machines, random forests,
and neural networks, are commonly utilized to predict heart disease. These algorithms
analyze patient data such as demographics and medical history to generate accurate
predictions, aiding in early detection and intervention.

• Breast cancer: Breast cancer, a widespread malignancy among women globally, arises
from abnormal cell growth in breast tissue, underscoring the importance of early de-
tection and intervention for better prognosis. Machine learning algorithms, such as
logistic regression, support vector machines, random forests, and neural networks, are
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instrumental in forecasting breast cancer risk. By scrutinizing patient data like ge-
netic markers, familial history, and imaging findings, these algorithms enable tailored
risk evaluations, assisting clinicians in screening and treatment strategies to optimize
patient outcomes.

• Kidney disease: Kidney disease, a prevalent health concern worldwide, encompasses
various conditions affecting the kidneys’ function and structure. Timely detection and
intervention are critical for mitigating its impact. Machine learning algorithms, includ-
ing logistic regression, support vector machines, random forests, and neural networks,
are pivotal in predicting kidney disease risk. By analyzing patient data such as medical
history, laboratory results, and imaging studies, these algorithms facilitate personalized
risk assessments. This aids healthcare providers in implementing targeted interventions
and treatment plans to improve patient outcomes.

• Liver disease: Liver disease, poses a substantial health burden globally, marked by dys-
function and structural abnormalities in the liver. Early detection and intervention are
paramount for effective management. Machine learning algorithms, including logistic
regression, support vector machines, random forests, and neural networks, are pivotal
in predicting liver disease risk. By scrutinizing patient data such as medical history,
liver function tests, and imaging findings, these algorithms enable personalized risk
assessments. This empowers healthcare providers to implement targeted interventions
and treatment plans, ultimately improving patient outcomes.

2 Literature Review
It is a harsh reality that diseases can still break out at any moment and anywhere in
the world.(Chakrabarti & Mittal, 2023) . This calls for a multi-disease prediction system
employs machine learning to simultaneously forecast heart, liver, and diabetes conditions,
enhancing diagnostic accuracy and personalized treatment for diverse patients.This ap-
proach enables comprehensive monitoring and tailored medication strategies, benefiting
individuals by considering various factors contributing to disease onset. (Arumugam et al.,
2023). Data from Indian patients demonstrated the importance of personal physical infor-
mation in kidney disease diagnosis. Comparative analysis favored the BP neural network
over Logistic Regression, showcasing its superior diagnostic efficiency in chronic disease
identification.(Wang, Ellul, & Azzopardi, 2020). Islam, Majumder, and Hussein’s (2023)
research explored machine learning’s potential in early chronic kidney disease (CKD) di-
agnosis, narrowing variables to optimize predictive models. XgBoost classifier exhibits
superior performance with accuracy, precision, recall, and F1-score all at 0.98, indicating
promising avenues for enhancing predictive accuracy in kidney disease diagnosis.

Khan et al.’s (2023) research aims to develop a sustainable machine learning model
for early detection of breast cancer types, with XGBoost exhibiting the highest accuracy
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(95.42%) and promising potential for predictive accuracy enhancement. Study by Banerjee
and Vinooth’s (2023) developed a multi-disease prediction system using various classifica-
tion algorithms to forecast diseases such as diabetes, heart disease, chronic kidney disease,
and cancer, aiming to save lives through early detection and diagnosis.Gopisetti et al.’s
(2023) proposed hybrid machine learning technique utilizing KNN and SVM classification
outperforms other algorithms in predicting cardiac disease, leveraging real patient data
for enhanced accuracy and efficiency. The WBN model has been recently designed for
heart disease prediction. (Muthu Ganesh & Nithiyanantham, 2022)

Biswas et al.’s (2023) developed machine learning model for early heart disease predic-
tion, finding random forest as most promising with 94.51% accuracy, suggesting clinical
potential with low cost. Further, Kumar et al.’s (2022) study proposed disease prediction
system combines KNN and CNN algorithms for 84.5% accurate diagnosis and risk assess-
ment based on patient symptoms and lifestyle, with CNN showing superior performance
and efficiency. The research by Lucas et al.’s (2022) demonstrated sentence similarity
model utilizing word embedding and CNN achieves 83.9% F1 score and accuracy, en-
abling effective disease prediction and early intervention based on patient symptoms and
feelings.

3 Architecture
The system aims to detect potentially life-threatening diseases and offer early analytical
insights for physicians to anticipate disease trends. By employing machine learning algo-
rithms, it rapidly analyzes patient data to forecast outcomes, enabling timely interventions
by doctors to prevent adverse consequences. It includes the following components:(see fig-
ure 1)

Figure 1. Block Diagram of Med-Predictor
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1. Data Acquisition-Collect diverse patient data from EHRs, medical imaging systems,
genetic databases, and wearables.

2. Data Preprocessing-Clean, filter, and normalize raw data, addressing missing values
and privacy concerns.

3. Feature Engineering-Extract relevant features such as demographics, medical his-
tory, and genetic markers. Machine Learning Model Selection and Deployment-
Choose appropriate ML algorithms like logistic regression, decision trees, or other
machine learning models, train them on prepared datasets, deploy them on scalable
architectures, and create user-friendly interfaces for healthcare providers.

4 Methodology Used
In this study, machine learning techniques are employed for disease prediction, leveraging
the power of algorithms to transform unstructured data into actionable insights. These
techniques, including statistical analysis, play a pivotal role in analyzing data patterns
and making accurate predictions regarding disease occurrence. By harnessing machine
learning, computers can effectively process vast datasets and uncover valuable information,
enhancing diagnostic capabilities and guiding healthcare interventions with precision.

This study explores the application of various machine learning algorithms for disease
prediction. In supervised learning, prevalent for classification and regression tasks, mod-
els are trained using labeled data, aiding predictive analytics. Conversely, unsupervised
learning, utilized when outcomes are uncertain, involves training models with unlabeled
data, common for tasks like pattern recognition and descriptive modeling. The algorithms
discussed include K-Nearest Neighbors (KNN), Support Vector Machine (SVM), Decision
Tree, Logistic Regression, Random Forest.
• Logistic regression: Logistic regression is a prevalent machine learning method for

modeling relationships between independent and dependent variables. It’s adept at
handling various data types, categorized into nominal, ordinal, or interval values, and
employs the sigmoid function to assess probabilities, thereby facilitating advanced cost
function analysis.

• Random Forest: Random Forest is a popular supervised learning method that combines
ensemble learning and decision trees to create robust models for accurate outcome
predictions, mitigating overfitting concerns. By employing multiple classifiers on data
subsets concurrently, Random Forest has emerged as a highly reliable technique for
addressing classification and regression challenges in machine learning systems.

• SVM-Support Vector Machines (SVM): is a prevalent technique for complex supervised
learning tasks. It transforms input data into an n-dimensional space using specialized
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kernels, enabling accurate determination of decision boundaries and classification of
unseen points.

• Decision Tree: Decision trees provide a streamlined method for translating data into
actionable insights. Their tree-like structure efficiently organizes classification problems
based on attributes, facilitating quick categorization. Widely adopted across industries,
decision trees employ choice nodes with multiple branches for effective decision-making,
aiding in uncovering valuable perspectives from datasets.

• XG-Boost :Extreme Gradient Boosting (XGBoost) is a highly effective technique for
predictive modeling, leveraging ensemble learning to iteratively enhance model accu-
racy. With advanced optimization and regularization, XGBoost efficiently handles
large datasets and complex features, aiding in uncovering valuable insights and inform-
ing decision-making across industries.

5 Results
The results obtained from the above-described system demonstrate its efficacy in accu-
rately predicting disease outcomes.(see figure 2) Through the utilization of various ma-
chine learning algorithms such as logistic regression, random forest, and support vector
machines, the system achieved high levels of accuracy and reliability in disease prediction
tasks. Additionally, the system’s ability to efficiently handle complex datasets and extract
meaningful insights contributes to its effectiveness in aiding physicians in making informed
decisions and providing timely interventions for patients. Overall, the results highlight
the potential of the system to significantly improve healthcare outcomes by enabling early
disease detection and proactive management strategies.(see figure 3)

Figure 2. Predicting disease
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Figure 3. Results of the Med-Predictor

6 Conclusion
In conclusion, the integration of machine learning algorithms in the described system ex-
hibits promising outcomes for disease prediction and patient care. With model accuracies
of 92.54% for diabetes, 98.70% for heart disease, 97.66% for breast cancer, 99.17% for
kidney disease, and 71.11% for liver disease, the system demonstrates robust performance
across various medical conditions. Through methodologies such as logistic regression,
random forest, and support vector machines, the system achieves high accuracy and re-
liability in forecasting disease outcomes. By efficiently processing intricate datasets, it
enables early detection and facilitates timely interventions, thereby enhancing healthcare
delivery and patient outcomes. These results underscore the potential of advanced technol-
ogy to revolutionize medical practices, paving the way for proactive disease management
and improved healthcare strategies in the future.

Convergence of Machine Learning and IoT for Enabling the Future of Intelligent Systems
Editors: Ratnakirti Roy, Manish Kumar Thakur, and Anushree Raj
DOI:10.48001/978-81-966500-7-0-10 | ISBN: 978-81-966500-7-0 | Copyright ©2024 QTanalytics®

110

https://doi.org/10.48001/978-81-966500-7-0-10
https://qtanalytics.in


References
Arumugam, K., Naved, M., Shinde, P. P., Leiva-Chauca, O., Huaman-Osorio, A., &

Gonzales-Yanac, T. (2023). Multiple disease prediction using Machine learning
algorithms. Materials Today: Proceedings, 80, 3682–3685. https://doi.org/10.
1016/j.matpr.2021.07.361

Banerjee, K., & Vinooth, P. (2023). Multiple Disease Prediction Using ML and Doctor
Recommendation by Sentiment Analysis. Proceedings of International Conference
on Contemporary Computing and Informatics, IC3I 2023, 1469–1472. https://doi.
org/10.1109/IC3I59117.2023.10397715

Biswas, N., Ali, M. M., Rahaman, M. A., Islam, M., Mia, M. R., Azam, S., Ahmed, K., Bui,
F. M., Al-Zahrani, F. A., & Moni, M. A. (2023). Machine Learning-Based Model
to Predict Heart Disease in Early Stage Employing Different Feature Selection
Techniques. BioMed Research International, 2023. https://doi.org/10.1155/2023/
6864343

Chakrabarti, D. K., & Mittal, P. (2023). Plant Disease Forecasting Systems: Procedure,
Application and Prospect. https://doi.org/10.1007/978-981-99-1210-0

Gautam, S., Ahlawat, S., & Mittal, P. (2022). Binary and Multi-class Classification of Brain
Tumors using MRI Images. International Journal of Experimental Research and
Review, 29, 1–9. https://doi.org/10.52756/ijerr.2022.v29.001

Gopisetti, L. D., Kummera, S. K. L., Pattamsetti, S. R., Kuna, S., Parsi, N., & Ko-
dali, H. P. (2023). Multiple Disease Prediction System using Machine Learning
and Streamlit. Proceedings - 5th International Conference on Smart Systems
and Inventive Technology, ICSSIT 2023, 923–931. https : / / doi . org / 10 . 1109 /
ICSSIT55814.2023.10060903

Islam, M. A., Majumder, M. Z. H., & Hussein, M. A. (2023). Chronic kidney disease pre-
diction based on machine learning algorithms. Journal of Pathology Informatics,
14. https://doi.org/10.1016/j.jpi.2023.100189

Khan, R. H., Miah, J., Rahman, M. M., & Tayaba, M. (2023). A Comparative Study
of Machine Learning Algorithms for Detecting Breast Cancer. 2023 IEEE 13th
Annual Computing and Communication Workshop and Conference, CCWC 2023,
647–652. https://doi.org/10.1109/CCWC57344.2023.10099106

Kumar, K. P., Pravalika, A., Sheela, R. P., & Vishwam, Y. (2022). Disease Prediction
Using Machine Learning Algorithms KNN and CNN. International Journal for
Research in Applied Science and Engineering Technology, 10(5), 446–450. https:
//doi.org/10.22214/ijraset.2022.42214

Lucas, S., Desai, M., Khot, A., Harriet, S., & Narkar, N. (2022). SmartCare: A Symptoms
Based Disease Prediction Model Using Machine Learning Approach. International

Convergence of Machine Learning and IoT for Enabling the Future of Intelligent Systems
Editors: Ratnakirti Roy, Manish Kumar Thakur, and Anushree Raj
DOI:10.48001/978-81-966500-7-0-10 | ISBN: 978-81-966500-7-0 | Copyright ©2024 QTanalytics®

111

https://doi.org/10.1016/j.matpr.2021.07.361
https://doi.org/10.1016/j.matpr.2021.07.361
https://doi.org/10.1109/IC3I59117.2023.10397715
https://doi.org/10.1109/IC3I59117.2023.10397715
https://doi.org/10.1155/2023/6864343
https://doi.org/10.1155/2023/6864343
https://doi.org/10.1007/978-981-99-1210-0
https://doi.org/10.52756/ijerr.2022.v29.001
https://doi.org/10.1109/ICSSIT55814.2023.10060903
https://doi.org/10.1109/ICSSIT55814.2023.10060903
https://doi.org/10.1016/j.jpi.2023.100189
https://doi.org/10.1109/CCWC57344.2023.10099106
https://doi.org/10.22214/ijraset.2022.42214
https://doi.org/10.22214/ijraset.2022.42214
https://doi.org/10.48001/978-81-966500-7-0-10
https://qtanalytics.in


Journal for Research in Applied Science and Engineering Technology, 10(11), 709–
715. https://doi.org/10.22214/ijraset.2022.47434

Mittal, P. (2014). Challenges in Managing the Blood Supply Chain, from Donor to Patient
together with the Hospital. Journal of Business Management and Information
Systems, 1(1), 37–47. https://doi.org/10.48001/jbmis.2014.0101003

Muthu Ganesh, V., & Nithiyanantham, J. (2022). Heuristic-based channel selection with
enhanced deep learning for heart disease prediction under WBAN. Computer
Methods in Biomechanics and Biomedical Engineering, 25(13), 1429–1448. https:
//doi.org/10.1080/10255842.2021.2013828

Wang, X., Ellul, J., & Azzopardi, G. (2020). Elderly Fall Detection Systems: A Literature
Survey. Frontiers in Robotics and AI, 7. https://doi.org/10.3389/frobt.2020.00071

Convergence of Machine Learning and IoT for Enabling the Future of Intelligent Systems
Editors: Ratnakirti Roy, Manish Kumar Thakur, and Anushree Raj
DOI:10.48001/978-81-966500-7-0-10 | ISBN: 978-81-966500-7-0 | Copyright ©2024 QTanalytics®

112

https://doi.org/10.22214/ijraset.2022.47434
https://doi.org/10.48001/jbmis.2014.0101003
https://doi.org/10.1080/10255842.2021.2013828
https://doi.org/10.1080/10255842.2021.2013828
https://doi.org/10.3389/frobt.2020.00071
https://doi.org/10.48001/978-81-966500-7-0-10
https://qtanalytics.in


Chapter 11
Book Chapter

Revolutionizing Elderly Care: Advanced
Smart Fall Detection Solutions for
Enhanced Safety and Independence

Sheela S Maharajpet  ∗1, Manjunath N M †2, and Sumit Singha
Chowdhury ‡3

1, Assistant Professor, Department Of MCA Acharya Institute of Technology,
Bangalore
2Department Of MCA, Acharya Institute of Technology, Bangalore
3Assistant Professor, Department Of MCA, Acharya Institute of Technology,
Bangalore

Abstract
One of the most frequent reasons older individuals need medical attention is falling. Espe-
cially if they live alone, elderly individuals frequently hurt themselves from falls. In order to
lower the danger of a victim, medical assistance must be given as soon as a fall happens. A
number of systems have been created that use webcams to watch over the activities of senior
citizens. But only indoor use is possible due to the high installation and running costs...
The user of the currently available commercial product must wear a wireless wristwatch-
style emergency transmitter. Because of the device’s continuous swinging and moving, this
strategy will limit user movement and increase the likelihood of false alarms.
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1 Introduction
If an elderly person lives alone, providing elder care at home is quite important since
unanticipated events can happen and negatively impact their health. The use of technolo-
gies that support independent living among the elderly is crucial to improving care in an
affordable and dependable way. (Uddin, Khaksar, & Torresen, 2018).

A fall detection system that can recognize falls and alert loved ones for assistance was
proposed in this research. It is also trustworthy and cheaply priced. To detect falls, the
faller’s acceleration and body tilt angle were measured using an accelerometer and gyro-
scope, respectively. Combining the accelerometer and gyroscope improved the system’s
accuracy because there were fewer false positives and true negatives. The appropriate
authorities received an SMS notice from the Short Message Service (SMS). This wearable
device also has a cheaper installation cost and responds promptly.

As a result, our fall detection and alert system has a sensitivity of 95% and a specificity
of 90%. However, there is a flaw in this device that makes it unable to detect when a
user falls against a wall while seated. Subsequent investigations ought to concentrate on
developing an interactive display that allows users to input the phone number of a relative.

The Internet of Things and edge computing have gained importance recently as tools
for visual object monitoring in smart city applications. Although digitizing technology
has been an important part in the health care sector including hospitals .Computer-
assisted machine learning and image analysis techniques have achieved in image process-
ing.(Gautam & Mittal, 2022). However, the growth of IoT and edge computing, which
has strict requirements for memory space and processing capacity, as well as for data col-
lection, transport, and processing, has severely impeded systematic and accurate tracking.
Real-Time Internet of Things (RT-IoT), which enables real-time Internet connections, is
one of the IoT’s developing tools. In this approach, physical things and equipment can
be networked together globally in real time for the purpose of remote automation and
control of various operations. However, if RT-IoT duties are not finished by the deadline,
hazardous situations, including fatalities, may occur.

2 Literature Survey
Underutilized yet advanced technologies can be beneficial in the elderly care industry, just
as the feed industry looks for unconventional substances with high nutritional character-
istics. These sophisticated fall detection systems, furnished with fine-grained sensors and
artificial intelligence, yield greater advantages by precisely detecting falls and sending out
alarms in real time, so transforming senior citizen safety and care.(Shrivastav et al., 2022).
Anomaly detection is used to identify odd events that deviate from regular occurrences. In
the case study on elderly patient monitoring, sensing data collected from wearable sensors
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was analyzed to identify aberrant behavior in relation to the defined threshold.
Two techniques were used in the monitoring of elderly patients’ health to spot abnor-

mal behavior. The first method uses a simple threshold methodology, while the second
uses machine learning-driven predictive models to analyze historical data and identify
unusual activities. threshold data that can be used to spot abnormalities in the body
temperature and heart rate sensor readings.(Imran et al., 2021). A fall can have quite
different effects and repercussions based on a number of different variables.(Wang, Ellul,
& Azzopardi, 2020). For example, there are certain similarities and differences between
falling when standing, walking, sleeping, or sitting in a chair. Fall detection systems that
rely on wearable devices have grown in popularity in recent years because to their many
advantages, which include being energy-efficient, non-intrusive, lightweight, and inexpen-
sive.(Karar, Shehata, & Reyad, 2022). In recent years, research on the development of
fall detection and prevention systems has been increasingly popular. The development of
these systems uses a number of distinct methodologies. These technologies can be divided
into three primary categories: artificial intelligence (AI), Internet of Things (IoT), and
cloud computing-based systems. They have emerged as game-changing instruments that
will enhance their safety and quality of life.(Balakrishnan, El Ansari, & Dakua, 2024).

In order to improve the accuracy of fall detection, we analyzed the gathered dataset
using a variety of machine and deep learning classifiers, such as Random Forest (RF),
XGBoost, Gated Recurrent Units (GRUs), Logistic Regression (LGR), and K-Nearest
Neighbors (KNN). The outcomes demonstrate that the Random Forest algorithm has an
accuracy rate of 43%, GRUs have an accuracy rate of 44%, and XGBoost has an accuracy
rate of 33%. KNN remarkably beats the rest with a remarkable accuracy rate of 99%.
The purpose of this study is to develop an effective fall detection framework that will
improve the safety and general well-being of older people who live alone. It complies with
the sustainability guidelines for AI and Internet of Things applications.(Alharbi, Alharbi,
& Hassan, 2023).

In a study BY (Musci et al., 2021) 38 volunteers in total—23 young individuals and
15 senior subjects—conducted recordings for the SisFall dataset, which consists of 4510
complete sequences of them completing 34 distinct activities in a controlled situation (19
ADLs and 15 falls) with many tries. A prototype video that an instructor created describes
each type of tracked activity, and the collection of activities has also been validated by
medical experts.

3 Architecture
Jumper cables, a NodeMCU microcontroller, an MPU6050 accelerometer and gyroscope
sensor, and a breadboard are all part of the architecture design for an Internet of Things-
based smart fall detection system. The NodeMCU serves as the central processing unit and
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is interfaced with the MPU6050 sensor to detect sudden changes in acceleration that might
be signs of a fall. When it detects a fall occurrence, the NodeMCU triggers preprogrammed
steps, such notifying emergency services or caretakers. The breadboard and jumper wires
provide the real connections between the components, ensuring seamless operation and
communication between the elements. This design provides a trustworthy and efficient
means of enhancing elderly adults’ safety and well-being through proactive fall detection
and reaction methods.(see figure 1).

Figure 1. System Architecture

4 Methodology Used
1. Hardware Configuration and Choice Parts:

• NodeMCU: Serves as the primary controller and has WiFi connectivity for the
internet.

• MPU6050: This device uses its gyroscope and accelerometer sensors to provide
motion data. Jumper wires and a breadboard are used to make the physical
connections between the parts easier.

• Battery: Provides portability by powering the MPU6050 and NodeMCU.
• Setup: Use the I2C interface to link the MPU6050 to the NodeMCU (usually

SDA and SCL pins).
To ensure secure and accurate wiring, make connections on the breadboard using
jumper wires. Use a suitable battery to power the system, making that the voltage
levels are what the NodeMCU and MPU6050 require.
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2. Data Acquisition:

• MPU6050 Initialization: Set up the NodeMCU’s firmware to initialize the MPU6050
sensor.

• For accurate data readings, calibrate the gyroscope and accelerometer.
• Data Reading: Read the MPU6050’s accelerometer and gyroscope data continu-

ously.
• To guarantee motion is being monitored in real time, use the proper sample rates.

3. Data Processing and Algorithm for Fall Detection:

• Signal Handling: Preprocess the raw data using methods such as low-pass filter-
ing to remove noise and unimportant fluctuations. Translate the gyroscope and
accelerometer data into useful metrics like orientation angles and acceleration
magnitude.

• Fall Detection Algorithm: Describe the patterns and thresholds that signify a
descent, such as abrupt acceleration spikes followed by little movement.

• Put logic in place to find these patterns. For example, define it as a fall if the
acceleration magnitude is more than a threshold, indicating a sudden impact, and
is followed by low activity.

4. Communication and Alert System

• Wi-Fi Connection: Enter the password and SSID to connect the NodeMCU to a
Wi-Fi network. For dependable communication, make sure your internet connec-
tion is steady.

• Telegram Bot Integration: Obtain the recipient’s chat ID and bot token after
setting up a Telegram bot. You can send messages from the NodeMCU by using
the Universal Telegram Bot library.

• Sending Alerts: Write a message with the event time and other pertinent infor-
mation as soon as a fall is detected. Send the alert message to the designated
contact using the Telegram bot.

5. Testing and Calibration

• First Testing: To validate the algorithm, do testing by mimicking falls and non-fall
activities. Based on test results, fine-tune thresholds and improve the algorithm.

• Calibration: Adjust the MPU6050 according to each user’s unique movement
patterns and sensitivity levels. Reduce false positives and negatives by fine-tuning
the algorithm’s parameters.

6. Deployment and Monitoring
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• Deployment: Comfortably and non-intrusively install the system on the old per-
son.

• Make sure the system is firmly attached and that the battery is charged.
• Monitoring: Check the battery condition and system performance on a regular

basis.
When new features or better detection accuracy are required, update the firmware.

5 Flow Chart

Figure 2. Flow Chart

First, the algorithm determines the user’s acceleration which determines whether the
acceleration is below a predetermined level. Usually, this threshold is set to a value greater
than the acceleration brought on by routine actions like sitting or walking.

The algorithm thinks that the person is not falling if the acceleration is less than the
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threshold, in which case the procedure is restarted.It determines the user’s body angle if
the acceleration exceeds the threshold. This is accomplished by quickly obtaining several
acceleration readings. Next, the algorithm determines whether the user’s body angle is
greater than a predetermined threshold. Usually, this threshold is established at an angle
that is suggestive of a fall, like an angle larger than 45 degrees. Further, rhe algorithm
considers that the user is not falling if the angle of their body is less than the threshold,
in which case the procedure is restarted.

Finally the resulting algorithm determines that the user has fallen and sounds an alert
if the angle of their body is greater than the threshold.(see figure 2)

6 Result

Figure 3. Components Set Up

A sensor that measures acceleration—the rate at which velocity changes is called an
accelerometer. An accelerometer can be used to identify the abrupt change in acceleration
that happens when a person falls in the context of fall detection. (see figure 3). A
gyroscope is a device that measures the rotational speed of an item. In the context of fall
detection, a gyroscope can help determine the direction of a fall.

The ESP8266 Wi-Fi Microcontroller is a low-cost microcontroller that can be used for
Wi-Fi networking. In the event that a fall is detected, this would allow the fall detection
system to alert emergency personnel or a caregiver. (see figure 4). When everything
is said and done, the components in the photo might be used to construct a basic fall
detection system for elderly people. It’s important to keep in mind that this is simply a
prototype and that more development and testing will be necessary before it can be used
in a real-world setting.
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Figure 4. Project output-1

Figure 5. MPU6050 working process

Acceleration: X: 40.11 meters per second Y: 85.81 meters per second Z = -50.83 m/sT̂h-
ese numbers most likely indicate the acceleration of the sensor in meters per second squared
(m/s2) along each axis. Positive values signify acceleration, whilst negative values suggest
the opposite.(see figure 5)

Rotation : X = -3.27 rad/s Y = 0.00 rad/s Z = -26.67 rad/s Radians per second
(rad/s) are used to express the rotation rate of the sensor along each axis. A rotation that
is clockwise is indicated by a positive value, and a counterclockwise rotation is shown by
a negative value.

Temperature : It is currently 35.21 °C. This number is the sensor’s temperature reading
in degrees Celsius (°C).
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7 Conclusion
The detection of fall system for senior citizens uses the NodeMCU, MPU6050 sensor, and
Telegram bot. It provides a dependable and efficient means of enhancing senior residents’
safety. Using the MPU6050’s motion sensing capabilities and the NodeMCU’s wireless
connectivity, this system can accurately detect falls and quickly alert family members or
caretakers. The procedure involves building robust data processing algorithms, carefully
choosing and integrating hardware, and facilitating easy Telegram connection. Regular
testing, calibration, and monitoring help to preserve the system’s efficacy and responsive-
ness. By providing quick assistance in the case of a fall, this project improves the quality
of life for seniors and provides loved ones with peace of mind.
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Abstract
The main cause of fatalities and injuries among humans is traffic accidents. The World Health
Organisation estimates that injuries sustained in automobile accidents claim the lives of one
million people worldwide. When a driver is sleep deprived, worn out, or both, they are more
prone to nod off at the wheel and hurt not only themselves but also other people. Sleepiness
when driving is a major contributing cause to major traffic accidents, according to studies
on the topic. These days, research indicates that the main factor contributing to drowsiness
while driving is weariness. The main cause of the increase in traffic accidents these days is
tiredness. This develops into a major issue for the world that requires immediate attention.
Enhancing real-time sleepiness detection performance is the main objective of all devices.
Numerous tools were created to identify drowsiness, and these tools rely on various artificial
intelligence algorithms. Thus, another area of our research is driver drowsiness detection,
which uses facial recognition and eye tracking to determine a driver’s level of tiredness. The
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system compares the extracted eye image with the dataset. The system used the dataset
to identify that it could alert the driver with an alarm if the driver’s eyes were closed for
a predetermined amount of time, and it could resume monitoring if the driver’s eyes were
open following the alert.

Keywords: Video Input/Output. Facial Recognition. Extracting Eye Image. Face Detection.
Driver’s Eye, Alert.

1 Introduction
Drowsiness is the term used to describe feeling unusually weary or drowsy during the day.
Other symptoms like forgetting or falling asleep at strange times can result from being
too sleepy. This is an innate human physiological phenomena that deters drivers and has
an impact on their quality of life. (Phan, Trieu, & Phan, 2023). Although the feeling
of tiredness may only last for a few minutes, the effects could be severe. Exhaustion is
usually the primary cause of sleepiness because it lowers alertness and attention. However,
additional factors that may contribute to sleepiness include drugs, shift work, insufficient
concentration, sleep disorders, and alcohol consumption. They have no way of knowing
when they will fall asleep. Even while it’s risky to fall asleep while driving, being fatigued
makes it challenging to drive safely even when you’re awake. It is estimated that one in
twenty drivers have dozed off while operating a vehicle. Drivers who operate trucks and
buses on 10- to 12-hour trips are more susceptible to driving when fatigued. These people
put other drivers in danger more than they do themselves. Drowsiness and Fatigue of
drivers are major causes of road accidents. (Alshaqaqi et al., 2013). You may feel drowsy
from driving when you need to sleep or from driving a long distance when you are sleep
deprived. In these situations, the driver’s growing tiredness is the cause of any accidents
that occur on the road.

According to the National Highway Traffic Safety Administration, driver weariness is
a factor in over 100,000 auto accidents and 1,500 fatalities each year. Police and hospital
reports serve as the foundation for these figures. Sleep-related driving is thought to be re-
sponsible for 1,550 deaths, 71,000 injuries, and $12.5 billion in monetary damages.Sleepy
driving was a factor in 697 fatalities in 2019. The National Transportation Safety Ad-
ministration (NTSA) admits that it is difficult in order to assess the exact quantity of
collisions or fatalities brought on by sleepy driving and that the numbers provided are
underestimates.(Albadawi, Takruri, & Awad, 2022). Approximately 1.3 million people
have been killed each year due to car accidents. (Titare, Chinchghare, & Hande, 2021).
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The public sector services (including transportation) delivered must make use of tech-
nological advancements and digital capabilities to reduce these obstacles. (Mittal et al.,
2023). The machine learning algorithms and tools in Artificial intelligence identifies pat-
terns drawing inferences and making efficient predictions. (Anusha, Vasumathi, & Mittal,
2023). Thus due to such algorithms and technologies, it is now feasible to identify driver
fatigue and alert them prior to an accident. There are several signs that a driver is sleepy,
including frequent yawning, prolonged eye closure, and random changes in lanes. Tech-
niques for diagnosing driver drowsiness (DDD) have been thoroughly studied in the last
few years. Researchers have proposed a number of strategies to detect fatigue as soon as
practical in order to avoid accidents. The first step in our attempt to identify tiredness is
to identify a face, which is followed by the location and blink pattern of an eye. A facial
analysis tool called ”Shape predictor including 68 landmarks” is employed. We estimate
the position of the driver’s eye by using a camera, most likely a webcam pointed in the
direction of the driver’s face. This allows us to recognize the driver’s face and facial land-
marks. It needs to do this by analyzing each face and pair of eyes using in-house image
processing. (Abtahi, Hariri, & Shirmohammadi, 2011).

New approaches like Sparse Matrix can help to optimize the transshipment models.
(Garg & Mittal, 2021).The blinking rate—the speed at which the eyes open and close—
and the position of the eyeballs can be detected by the system after it has established their
location. After a set period with the eyes closed, the alarm will ring to alert the driver.
Initially, the eye is assigned a score of zero. If the eye is closed, the score will increase,
and if it is open, the score will decrease. The alarm will sound to notify the driver if the
score rises above a certain point.

2 Literature Survey
The driver sleepiness detection system is a safety element of cars that keeps careless drivers
from hurting other people. It is essential to identify and alert the driver as quickly as pos-
sible in order to prevent any inadvertent mishappening that can cause fatalities.(Gupta
et al., 2023). Studies used an eye-blink pattern analysis method for drowsiness detec-
tion called eye-blinking-based.(Safarov et al., 2023). The suggested framework computes
and quantifies the Eye Aspect Ratio, or The extent of the driver’s eye, using an image
processing technique. (Jagbeer Singh et al., 2023). The Eye Aspect Ratio data must be
gathered To be able to determine the threshold value that indicates when a driver feels
drowsy. Because it reduces the number of injuries brought on by drunk driving, which in
turn reduces the overall number of automobiles, an alarm-equipped alert system is cru-
cial.(Dewi et al., 2022).As of right now, there is very little restriction on the detecting
system’s ability to identify the equal driving force’s drowsiness. Additionally, the alarm
is functioning correctly and may sound a legitimate alarm to notify the motorist.
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However, because each person has a unique Eye Aspect Ratio (EAR), the threshold
frames needed to sound the warning may differ. (Biswal et al., 2021). There are various
suggestions made for additional research in this field. First, after multiple tests, the system
ought to be able to recognize when an individual is feeling drowsiness and automatically
establish the eye aspect ratio threshold without having to configure it for each individual
individually. (Al Redhaei et al., 2022). This is because some people tend to have higher
precautions and awareness towards road safety thus wanting a more sensitive and frequent
alarm alert system.

A sleepiness detection system based on multilayer perceptron classifiers is proposed
in the research by Jabbar et al.’s (2018) . It is made especially for embedded systems,
such smartphone Android. The system’s job is to identify facial landmarks in photos
and send the collected information to the trained model so it can determine the driver’s
condition. The method’s objective is to minimize the model’s size in light of the fact that
existing applications are incompatible with embedded devices because of their constrained
computational and storage capabilities. The experimental results show that the model
in use has an accuracy rate of 81% and a modest size. As a result, it can be included
into mobile applications, the Driver sleepiness detection system, and sophisticated driver
support systems. There is still room for performance enhancement, though. Subsequent
research will concentrate on identifying the driver’s yawning and distraction.

Shaik’s (2023) studied has looked at the various methods that can be used to gauge
a driver’s degree of sleepiness. Among the many methods used to diagnose drowsiness
are behavioral, physiological, driving-based, subjective, and driving assessments. These
instruments were also carefully studied, and a list of their advantages and disadvantages
was provided for each tool. Participant-based driver sleepiness investigations are time-
and resource-consuming, and efforts to quantify drowsiness in on-road investigations are
currently ongoing. The development of legitimate, discrete real-world surveillance tech-
nologies will make it easier to conduct realistic driving studies. There are various ways to
identify drowsiness; these include the classification strategy, sleepiness measures, dataset,
participants, accuracy, and a list of important components. Finally, this section also
includes improvements and suggestions for possible new study directions.

The model proposed by Jain, Bhagerathi, and C N’s (2021) can identify signs of sleepi-
ness by keeping a watch on the mouth and eyes. significant facial characteristics are iden-
tified through the application of shape prediction techniques. These techniques take in
face landmarks as inputs, which are derived from facial landmark detection. The EAR
function, which calculates the ratio of distances between the horizontal and vertical eye
landmarks, is the subject of this module. Additionally, a text-to-speech synthesizer mod-
ule called e-Speak is employed to notify drivers with suitable vocal cues when they exhibit
signs of fatigue or yawning.
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The entire initiative is intended to lower the accident rate and advance technology in
an effort to reduce the number of people killed in traffic accidents. This paper’s future
research can concentrate on utilizing external cues to gauge drowsiness and exhaustion.
The external elements could include the mechanical data, weather, vehicle condition, and
sleeping time. One of the biggest risks to road safety is drowsy driving, and commercial
motor vehicle operators face an especially serious issue with this. Twenty-four-hour ser-
vices, erratic environmental conditions, large yearly mileage, and a growth in demanding
work schedules are the reasons that contribute to this major safety hazard.(Elbaz et al.,
2020). Monitoring the driver’s level of tiredness and providing them with information
about it so they may take the appropriate action is a crucial step in the preventive steps
that are required to address this issue. As of right now, neither the zoom nor the camera’s
direction may be changed while the system is in use. Further efforts can be made in the
future to automatically zoom in on the eyes once they have been located.

In the study Khairosfaizal and Nor’aini’s (2009) and Söylemez and Ergen’s (2013)
proposed and developed a vision-based solution to mitigate driver fatigue. detection,
which uses visual cues to inform the driver, should he be experiencing sleepiness. In both
daytime and nighttime conditions, this device uses a camera that uses infrared to detect
the driver’s state. The foundation for implementing face and eye detection is symmetry.
Circles are transformed using the Hough Transform to ascertain the states of the eyes.
Although the results are promising, face detection could yet be improved by implementing
more symmetry-calculation techniques.

The two suggested implementations of a driver drowsiness detection system in Magán et
al.’s (2022) paper both heavily rely on deep learning. These systems use the driver’s image
to detect signs of exhaustion; however, instead of predicting this information based on a
single image, this work considers the driver’s last minute of sleep to determine whether or
not the driver is fatigued. The first proposed method uses a deep learning model to predict
the driver’s level of fatigue by combining a CNN and a recurrent neural network. applying
artificial intelligence and deep learning techniques, the second way preprocesses the input
before applying the fuzzy inference system to quantify fatigue through fuzzy logic. But the
second option, which mixes fuzzy logic and deep learning, showed encouraging outcomes.
In the 60 videos of alert drivers, there was only one video in which the system raised
an alarm incorrectly (raising an unnecessary alarm in only 7% of the cases where the
driver was actually alert). This means that the system can operate continuously without
bothering the driver when they are not sleepy. In this sense, achieving a minimal false
positive rate is regarded as successful. The issues and constraints of other earlier proposed
initiatives of a similar nature have been addressed by this real-time sleepiness detection
system for cars.(Arunasalam et al., 2020). The advancement of this technology will make it
possible to implement rudimentary, affordable road safety measures against drunk drivers.
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The project has the following features: the ability to detect driver fatigue, an alert system
that sounds an alarm, the capacity to restrict speed if a certain level of fatigue is reached,
and the capability to send messages that contain the driver’s exact location. When this
initiative is actually implemented, it may indirectly lower the number of accidents caused
by drivers who are too tired or drowsy.

Driving force tiredness can be accurately detected with the device that is being recom-
mended for this examination. The driving force sleepiness detection device’s layout and
assessment are covered. The suggested device is intended to prevent many traffic accidents
caused by intoxicated drivers. It can also help drivers stay awake while operating a vehicle
by alerting when they are the driving intoxicated. The notion behind the drowsiness de-
tection device is that it recognizes and provides information on behavioral, physiological,
and vehicle parameters based entirely on it. It appears that drivers are yawning less, not
more, often in the moments before going to sleep. Although the accuracy cost of employing
physiological measurements to determine drowsiness is considerable and those are rather
intrusive, this emphasizes the need of presenting examples of exhaustion and drowsy sce-
narios in which subjects unquestionably fall asleep.(Awais, Badruddin, & Drieberg, 2017).
However, the invasive character of this can be addressed by using contactless electrode
implantation techniques. Consequently, it would be highly beneficial to combine physio-
logical measures with Dlib with behavioral and car-based measures in order to create a
green drowsiness detection system.(Titare, Chinchghare, & Hande, 2021).

Drowsiness-related accidents can be prevented by using driver drowsiness detection
systems, which are intended to assist drivers in maintaining awakeness while operating
a vehicle. (Verma et al., 2023). A study by Mbatha, Booysen, and Theart’s (2024) the
degree of skin blackness and fluctuating lighting circumstances may have an impact on our
system’s functionality. Therefore, more research is required to assess our system’s efficacy
in varying skin tones and lighting situations. Salem and Waleed’s (2024) study shows that
driver sleepiness monitoring systems have the potential to increase road safety, despite
these drawbacks. These devices have the potential to be a vital aid in preventing driver
fatigue-related accidents with additional research and development. The model’s high
precision, recall value, and F1-score indicate that it can correctly identify driver drowsiness,
according to the results. On both the training and test datasets, the CNN model produced
classification accuracy of over 98%. Additionally, the CNN model correctly detected the
sleepy drivers and warned them by both visual and audible cues.

Globally, one of the main causes of accidents is driver drowsiness. One crucial technique
for determining a driver’s level of weariness is to detect sleepiness. A.Milan et al.’s (2021)
created a working prototype of a sleepiness detection system that tracks the driver’s eyes
and sounds an alert when it senses drowsiness. The technology that has been designed is a
discreet, real-time monitoring solution that aims to improve driver safety without drawing
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attention to itself. When a driver’s eyelids stay closed for an extended amount of time,
the system interprets it as drowsiness and sounds an alarm. To solve these problems,
the project suggests and puts into practice an infrared light-based hardware solution.
Following the face detection phase, the system tracks and extracts important facial features
from video sequence frames that are particularly useful for detecting tiredness. The system
has undergone real-world testing and implementation.

The mechanism of detection distinguishes between tiredness and a typical eye blink.
An inconspicuous system has been discussed by Kumari B.M et al.’s (2018).Adding differ-
ent kinds of sensors will allow the system to be enhanced further. Using a non-invasive
technology, it was feasible to detect the eyes and track fatigue. The positional information
about the eyes is obtained using an algorithm for image processing that the author created.
Whether the eyes are open or closed throughout the monitoring procedure is detectable by
the technology. When the eyes are closed for a long time, a warning is issued. Moreover,
the system is able to detect any inaccuracies in eye localization that may have occurred
during its monitoring instantly. In the event of this kind of error, the system can recover
and localise the eyes accurately. (Perez et al., 2001).

In a paper, Ahmed et al.’s (2023) accurately classified driver drowsiness split up into
four categories: yawn, no yawn, closed, and open. Deep learning will be explored within
this research to achieve this goal. This study used and trained the sleepiness dataset,
which has 2900 photos, inorder to get accurate results. This work of categorizing the
numerous sleepiness categories are splitted into four classes is successfully completed by
the CNN approach. Improved detection performance was made possible by the CNN
model structure comprising the Conv2D, MaxPooling2D, Flatten, and Dropout layers.
Consequently, with a 97% accuracy rate, 99% precision rate, 99% recall rate, and 99% F1
score, the CNN modelling approach outperformed all other benchmark research. Mehta et
al.’s (2019) work proposes a real-time system that tracks and identifies drivers’ distractions.
By identifying facial landmarks, the driver’s face is recognized, and a warning is sent to
prevent crashes in real time.

In order to keep the driver from getting distracted by the sensors on his body, non-
intrusive techniques have been chosen over intrusive techniques. The proposed technique
detects driver fatigue in real time by utilising adaptive thresholding in combination with
the Eye Aspect Ratio and the Eye Closure Ratio. This is useful in situations where the
drivers are used to long drives and heavy workloads. The proposed system makes use of
the collected data sets in multiple scenarios. After storing the facial landmarks it finds,
machine learning techniques are applied to categorise the data. The system indicates that
the random forest classifier produces an 84% best case accuracy.
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3 Proposed Design
• Overview Design

To accomplish these goals, the required hardware and software components need to be
acquired. The basic concept behind driver sleepiness detection is to use data processing
to obtain an approximate driver condition from an image taken with a camera. In
this project, cameras are combined with load cell sensors, an Arduino board, and
Python machine learning. For facial and eye detection, OpenCV libraries are used
in conjunction with CNN and OpenCV algorithms.

• Face Detection
For DriverDrowsiness Detection, hardware and software components are required. These
parts include a camera to recognise faces and eyes and track the speed at which eyes
blink, additionally sensors to detect hand pressure and send data to an Arduino board.
This research employs a number of methodologies, which are discussed in this publica-
tion.

• Histogram Oriented Gradient
For this project, the picture preprocessing steps—image scaling and colour normalization—
are executed utilising the HOG method. The driver’s exact location in the collected
image is provided, as well as useful attributes for eye identification and HOG feature
extraction from the image patterns.

• Eyes Detection
The procedure of estimating a driver’s level of tiredness based on blinking eye blinking
rate comes after taking a picture of the driver and preprocessing it. The threshold value
is used to verify changes in the blink rate, and values are computed for each frame.
The CNN algorithm is utilized to accurately determine the rate at which eyes blink,
and it is also beneficial for facial recognition.(see figure 1).

• Hardware
This project makes use of the open-source, user-friendly Arduino microcontroller, which
is depicted in Figure 1.1 The eye blink ratio from the camera and software program,
which is connected to Arduino via a system cable, is an additional input to the Arduino
platform.(see figure 2).

Figure 1. Eye Detection
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Figure 2. Arduino Board

4 Flow Chart
The flowchart has been demonstrated in the below image:(see figure 3)

1. Video input/Camera: The system captures video using a camera as its input source.

2. Extracting frames: The system then extracts individual frames from the continuous
video stream for further processing.

3. Face Detection: Within each extracted frame, the system identifies any faces present
using face detection algorithms.

4. Eye Detection: After detecting faces, the system locates the eyes within those faces
to analyze for signs of sleepiness.

5. Is sleepy: The system then makes an assessment based on the eye data to ascertain
if the person is sleepy or not.

6. Alert: Finally, the system determines if the person is alert or not predicated on the
sleepy assessment.

7. Yes: This shows that the system is indeed performing these processes to assess
sleepiness and alertness
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Figure 3. Working Flow of Drowsy Driving Prevention

5 Results
The Driver Drowsiness Detection Prevention successfully identified drowsiness in real-time,
utilizing high precision Eye Aspect Ratio (EAR) metrics. (see figure 4). Timely alerts
were effectively delivered through a vibrating motor, significantly enhancing driver safety
and reducing the risk of drowsy driving incidents.(see figure 5)
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Figure 4. The Eyes are Open and Drowsiness will not Detected .

Figure 5. Eyes closed hence drowsiness detected and Alert will Ring and driver gets
vibration by the device

6 Conclusion
In conclusion, the driver drowsiness detecting system is a safety feature of cars that keeps
drunk drivers from hurting other people. It is imperative to promptly identify and alert
the driver in order to avert inadvertent collisions that may cause fatalities. The proposed
system is able to determine the level of driver drowsiness by using an image processing
approach called the Eye Aspect Ratio, which measures the size of the driver’s eye. The
Eye Aspect Ratio data must be gathered in order to determine the threshold value that
indicates when a driver feels drowsy. Because it reduces the amount of injuries brought
on by intoxicated driving, an alarm-based alert system is crucial because it lowers the
overall number of car crashes that occur each year. As of right present, the detecting
algorithm has very little trouble repeatedly identifying the equal driving force’s tiredness.
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Additionally, the alarm is functioning correctly and may sound a legitimate alarm to notify
the motorist. However, because each person has a unique Eye Aspect Ratio (EAR), the
threshold frames that set off the alarm may change.

Future research in this field is advised to follow a number of these guidelines. First,
after multiple tests, the system ought to be able to recognize when an individual is feeling
sleepy and automatically decide the eye aspect ratio threshold without having to configure
it for each individual. This is a result of the fact that some people desire a more frequent
and sensitive alarm alert system due to their heightened knowledge of road safety and
tendency to take greater measures.
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Abstract
Advanced patient monitoring in healthcare is experiencing significant technological advance-
ments through the integration of various sensors, including load cells for saline level mon-
itoring, autonomous bed position adjustments, and the incorporation of the MAX30100
accelerometer for pulse rate monitoring, body movement, and temperature sensing. The
primary aim is to enhance patient safety by facilitating real-time notifications for healthcare
staff and enabling early hazard detection, such as infections, through advanced sensor data
processing. Additionally, the implementation seeks to enhance patient comfort by integrat-
ing intricate patient monitoring features and auto bed positioning driven by sensor inputs.
The Blynk smartphone app acts as a central interface for remote monitoring and control, pro-
viding real-time insights for healthcare professionals. This comprehensive approach leverages
modern sensor technology to optimize patient outcomes, streamline healthcare processes, and
enhance care delivery efficiency. The integration of these advanced sensor technologies, fo-
cusing on saline levels and automated bed control, signifies a substantial stride in improving
patient outcomes and advancing healthcare delivery in modern healthcare settings.
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1 Introduction
Pandemics place immense strain on healthcare systems, manifesting in several critical
challenges. Patient overload during pandemics like COVID-19 overwhelmed hospitals,
with intensive care units and emergency departments often filled to capacity, leading to
shortages of beds and critical care resources. This surge outstripped the available medical
supplies and equipment, causing widespread shortages of personal protective equipment
(PPE), ventilators, and other essentials. The Spanish flu similarly saw hospitals lacking
sufficient staff and medical supplies to cope with the massive influx of patients. Non-
urgent medical procedures were postponed to free up resources, delaying treatments for
other serious health conditions and worsening patient outcomes. Healthcare workers faced
significantly increased workloads, long hours, and high patient-to-nurse ratios, leading to
physical and mental exhaustion. The risk of infection was a significant concern, with many
healthcare workers contracting the virus due to inadequate PPE and prolonged exposure
to infected patients, seen in both COVID-19 and the Spanish flu. The psychological toll
was profound, with increased instances of burnout, anxiety, depression, and PTSD among
healthcare professionals.

Operationally, many healthcare facilities were not equipped to handle the sudden in-
crease in patient numbers, necessitating the setup of temporary field hospitals in subopti-
mal conditions. The global nature of pandemics disrupted supply chains for medical sup-
plies and medications, exacerbated by lockdowns and travel restrictions during COVID-19.
Effective communication was also disrupted, with inconsistent messaging and lack of clear
guidelines contributing to confusion and inefficiencies in response efforts. The overwhelm-
ing demand often led to compromised care quality, forcing healthcare providers to make
difficult decisions about resource allocation, sometimes resulting in suboptimal treatment
for patients. Mortality rates spiked not just from the diseases but also from secondary
effects such as delayed treatments and overwhelmed systems. Vulnerable populations,
including the elderly, the immunocompromised, and those with preexisting conditions,
experienced higher morbidity and mortality rates, adding further pressure on healthcare
systems.

To mitigate these challenges, Utilizing digital capabilities and technology breakthroughs
is necessary in the provision of services in the public sector as stated by Mittal et al.’s
(2023) and health sector in particular. Machine learning classifiers SVM, Decision tree,
Naïve Bayes and Linear Regression, for the binary classification are increasingly being em-
ployed. (Gautam, Ahlawat, & Mittal, 2022). There was a significant increase in the use of
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telemedicine, which helped reduce the burden on physical healthcare facilities and allowed
patients to receive medical advice remotely. Advanced patient monitoring technologies,
such as sensors for saline level monitoring, autonomous bed adjustments, and accelerom-
eters for pulse rate and temperature monitoring, provided real-time data to healthcare
providers, enabling better patient management and early detection of complications. Data
analytics and artificial intelligence (AI) were used to predict outbreaks, manage resources,
and optimize patient care, analyzing trends and predicting patient needs to streamline
operations within overwhelmed healthcare systems.Ransomware attacks can impact hos-
pitals however with the help of AI the privacy threat can be prevented.(Gautam & Mittal,
2022). The strain experienced during pandemics underscores the need for robust health-
care infrastructure, sufficient medical supplies, and comprehensive support for healthcare
workers. Lessons learned from past pandemics emphasize the importance of preparedness,
advanced medical technologies, and efficient resource management to mitigate the impact
of future health crises.

2 Literature Review
Current research emphasizes the need for innovative solutions to mitigate risks associated
with staff inattentiveness, such as the development of IoT-based systems. (Kishore et al.,
2022; Patel et al., 2023). These systems, equipped with sensors and alert mechanisms,
enable real-time monitoring of saline levels, providing timely notifications to hospital staff
when the saline is depleted. By addressing the potential dangers of backflow of blood and
other associated risks, these solutions contribute significantly to enhancing patient care
and safety in healthcare settings. (Omamageswari M et al., 2020). Bio-medical sensors
interfaced with microcontroller were used to collect the data of heart beat rate, body
temperature and body movement to get an overview of the present health condition of the
patient during covid pandemic.(Amin et al., 2020).

Additionally, Covid positive patients were diagnosed with pneumonia as mentioned by
Li Zhang et al.’s (2020) and a total of 14,364 participants from twelve studies satisfied the
inclusion requirements. In patients with COVID-19, the combined prevalence of obesity
was 32.0% (95% CI, 26%-38%, P <.001). In COVID-19 ICU patients, the prevalence of
obesity was 37.0% (95% CI: 29%–46%, P <.001). The meta-analysis revealed that obesity
was a significant risk factor for COVID-19 patients who required ICU care when comparing
obese and non-obese patients (OR: 1.36, 95% CI 1.22-1.52, P <.001). It is anticipated
that the Medi-Assist robot will be useful in strengthening the nation’s healthcare system
and containing the spread of COVID-19 in hospitals. (Maan, Madiwale, & Bishnoi, 2021).
Future directions may involve further integration with existing healthcare infrastructure
and leveraging data analytics to optimize monitoring processes and enhance overall patient
outcomes, underscoring the ongoing evolution of monitoring practices to prioritize patient
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well-being in healthcare environments.(Qadar et al., 2024).
The automatic bed positioning systems in healthcare is well-structured and compre-

hensive, covering the significance, key components, potential benefits, research gaps, and
future directions of these systems. (Lamb & Madhe, 2017). The critical role of automatic
bed positioning systems in healthcare, emphasizing their potential to enhance patient
comfort, improve caregiver efficiency, and contribute to better patient outcomes. An
algorithmic framework for in-bed position recognition, including preprocessing and con-
volutional neural networks, is proposed by Zhou et al.’s (2024). The implementation of
smart saline level monitoring plays a vital role in healthcare by providing cost-effective,
continuous surveillance of saline bottle levels. (More et al., 2021). This technology ensures
that medical facilities maintain optimal saline levels without interruptions, thereby guar-
anteeing timely patient care. The primary objective is to prevent potential accidents and
enhance patient safety. Continuous monitoring significantly reduces errors and accidents
caused by depleted saline solutions, safeguarding patient well-being. The system aims
to prevent adverse events related to saline shortages, ensuring a consistent and reliable
supply of saline. (Sunil et al., 2020).

The smart saline monitoring system is designed to measure the weight of the saline
bottle and accurately convert it into electrical signals, typically voltage. Through pre-
cise calibration, it translates variations in weight into specific voltage readings, ensuring
the accurate capture of even minor changes in weight. Serving as the central processing
unit for data analysis and communication, the system is responsible for receiving voltage
signals from the load sensor and processing this information in real-time. The ESP32 mi-
crocontroller generates real-time messages based on the data received from the load sensor.
These messages, containing crucial information about saline levels, are disseminated im-
mediately to designated subscribers, such as doctors, nurses, and caretakers.(Ghosh et al.,
2018).

The messaging and communication protocol is designed specifically for resource con-
strained devices, making it suitable for implementation in devices with limited processing
power and memory resources. This ensures that the protocol operates efficiently without
overburdening the constrained resources of the devices it supports.(Dilek et al., 2022). The
protocol optimizes performance in scenarios where network connectivity may be limited
or unreliable. Recognized for its reliability and robust message delivery mechanisms, the
MQTT-S protocol ensures the consistent transmission of critical information. It provides a
dependable solution for transmitting essential data, such as saline levels, without the risk
of loss or delay. (Aledhari et al., 2022). This monitoring system enhances accessibility by
supporting a wide array of devices commonly used by healthcare professionals. It enables
seamless access to critical information about saline levels on devices such as smartphones,
tablets, and laptops, optimizing versatility and flexibility in healthcare workflows.
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Providing a user-friendly interface across different devices, the system allows health-
care professionals to easily access and interpret real-time messages about saline levels.
It ensures that critical information is presented in a clear and understandable format,
supporting efficient decision-making and intervention. The system also facilitates remote
monitoring and telehealth services by allowing healthcare professionals to receive timely
updates on saline levels regardless of their location. Adapting to the increasing trend of
remote work and telehealth, it supports seamless communication and real-time monitoring
in diverse healthcare environments.(Manvi Chauhan, 2023).

3 Methodology
The methodology can be explained through the following diagram:(see figure 1)

Figure 1. Methodology

3.1 Pulse Rate Monitoring:
• Continuous Heart Rate Tracking: The Pulse Sensor is utilized to continuously monitor

the patient’s heart rate, ensuring a continuous stream of real-time data on cardiac
activity.

• Real-Time Data Provision: By employing the Pulse Sensor, the system delivers real-
time information on the patient’s cardiac activity, enabling healthcare providers to
monitor heart rate changes immediately.

• Irregularity Monitoring: The Pulse Sensor’s role includes monitoring for irregularities
or fluctuations in the patient’s pulse rate, allowing healthcare providers to identify any
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concerning changes promptly.(see figure 2)

Figure 2. Pulse Sensor

3.2 Movement Detection

Figure 3. GY521 Sensor

• The GY521 Sensor is employed to detect even subtle body movements, providing a
comprehensive view of the patient’s physical activity levels, including small or nuanced
motions that may not be easily observable.

• By utilizing the GY521 Sensor, the system can monitor a wide range of movements,
enabling a detailed assessment of the patient’s physical activity, which is crucial for
assessing mobility and overall health status.

• The ability to detect subtle body movements using the GY521 Sensor (see figure 3)
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offers valuable insights into the patient’s health status, allowing healthcare providers
to assess changes in activity levels and overall well-being.

3.3 Temperature Measurement:

Figure 4. LM35 Sensor

• The LM35 Sensor is integrated into the system to provide precise and continuous mon-
itoring of the patient’s body temperature, ensuring accurate temperature readings for
timely interventions and care adjustments.

• By utilizing the LM35 Sensor, the system can promptly detect elevated body tem-
peratures, enabling healthcare providers to identify fever symptoms early and initiate
appropriate treatments promptly.

• The LM35 Sensor (see figure 4) plays a crucial role in monitoring for hypothermia
by detecting decreased body temperatures, alerting healthcare providers to potential
hypothermia risks and enabling swift interventions to prevent complications.

3.4 Saline Level Monitoring:
The Saline level monitoring has been demonstrated in the following figure : (see figure 5)
• The Load Cell accurately measures the weight of the saline bottle, providing a precise

and reliable assessment of the remaining saline level. This precision ensures accurate
monitoring and management of saline supplies.
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• Utilizing the Load Cell enables real-time tracking of the saline bottle weight, facilitating
continuous monitoring of saline consumption patterns. This data allows healthcare
providers to anticipate refill needs proactively.

• Integration of the Load Cell incorporates an automated alert system that triggers no-
tifications when the saline level reaches a predefined threshold. This system ensures
timely replenishment and prevents shortages during patient care.

Figure 5. Load Cell

3.5 Automatic Bed Positioning:
• The Blynk-integrated bed positioning system enables personalized positioning adjust-

ments, catering to individual patient comfort needs and preferences.
• The ability to set three preset positions through the Blynk App allows healthcare

providers to quickly and easily adjust the bed to support various medical procedures,
care activities, and patient comfort requirements.

• Integrated with the Blynk App, the bed’s positioning system offers remote control
capabilities, enabling healthcare providers to make necessary bed adjustments without
physically manipulating the bed, thus enhancing efficiency and reducing physical strain.
The systematic integration of these components ensures comprehensive monitoring and

an adaptive care environment for patients. The utilization of the Blynk App for bed ad-
justments not only simplifies the process but also enhances the efficiency and effectiveness
of patient care management. (see figure 6).
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Figure 6. Automatic Bed Positioning

4 Results
The technological advancements in advanced patient monitoring within healthcare are rev-
olutionizing patient care. By integrating a variety of sensors like load cells for saline level
monitoring and the MAX30100 accelerometer for pulse rate monitoring, body movement
tracking, and temperature sensing, healthcare providers can now access comprehensive
and real-time patient data. One of the primary objectives is to prioritize patient safety
through the immediate detection of anomalies and risks like infections using sophisticated
sensor data processing, which triggers real-time notifications for healthcare staff. In tan-
dem, there is a concerted effort to enhance patient comfort by incorporating features such
as autonomous bed positioning driven by sensor inputs.

The Blynk smartphone app serves as a pivotal tool for remote monitoring and control,
offering healthcare professionals crucial insights that optimize care delivery. This inte-
grated approach not only propels healthcare processes towards efficiency and precision
but also aims to ameliorate patient outcomes substantially in modern healthcare settings.
Overall, the convergence of advanced sensor technologies is propelling healthcare delivery
to new heights, setting a benchmark for elevated patient care standards.
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5 Conclusion
The integration of advanced sensor technologies in patient monitoring marks a signifi-
cant advancement in modern healthcare delivery. By integrating load cells, autonomous
bed positioning, and the MAX30100 accelerometer, healthcare systems can provide an
elevated level of patient care. This comprehensive approach emphasizes patient safety
through real-time notifications for healthcare staff and early hazard detection, enhancing
infection control. Simultaneously, it prioritizes patient comfort by incorporating intricate
monitoring features and auto bed positioning driven by sensor inputs. The utilization of
the Blynk smartphone app as a central interface for remote monitoring and control not
only provides real-time insights for healthcare professionals but also streamlines healthcare
processes. This holistic approach optimizes patient outcomes and enhances care delivery
efficiency, setting a new standard for modern healthcare settings.
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Abstract
The project’s main goal is to create an Internet of Things (IoT)-based system for detecting
and preventing gas leaks to improve safety in both home and commercial settings. The
system uses an MQ-2 gas sensor to identify potentially dangerous gases and trigger several
safety procedures. When the system detects a gas leak, it immediately turns off the power
source to eliminate possible sources of ignition and activates an exhaust fan to disperse the
gas. Additionally, the system sends an immediate distress message to the user via a Telegram
bot, ensuring prompt notification. This integration of IoT technology provides an efficient
and automated solution for preventing gas-related accidents, enhancing overall safety and
peace of mind.
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1 Introduction

1.1 Background
The Internet of Things (IoT) represents a transformative evolution in technology, extend-
ing internet connectivity beyond traditional computing devices such as desktops, laptops,
smartphones, and tablets to encompass a vast array of everyday objects. These IoT-
enabled devices are embedded with sensors, software, and other technologies that allow
them to connect and exchange data over the internet. This interconnected ecosystem fa-
cilitates enhanced communication, data collection, and control, thereby offering numerous
opportunities for innovation and improvement across various domains. One of the critical
areas where IoT technology has significant potential is in ensuring safety and security in
both residential and commercial settings. Although, the oil and gas industry is one of
the most significant industries where industrial and technological growth aims to provide
a better living for the stakeholders as stated by Younes’s (2019), Gas leaks, a common
yet dangerous occurrence, typically arise from poorly fitted, badly maintained, or faulty
appliances such as boilers, cookers, and heating systems. Even small leaks can gradually
accumulate to reach hazardous concentrations, posing severe risks including fire, explo-
sions, and health hazards due to toxic gas exposure.Each year, thousands of industrial gas
leaks happen, many of which result in fatalities, serious injuries, damaged equipment, and
terrible environmental effects. (Chraim, Erol, & Pister, 2016). This problem has been
attempted to be solved numerous times, but with little success. The ability to detect and
prevent gas leaks is, therefore, crucial for safeguarding lives and property.

As digital technology enters every field and is an integral part of our daily lives as
mentioned by Gautam and Mittal’s (2022), A Gas Leakage Detector can be created us-
ing Internet of Things technology. It has Smart Alerting features that allow it to notify
people in advance of potentially dangerous situations by predicting them and using data
analytics on sensor readings to send text messages, emails, and calls to the relevant au-
thority.(Varma, Prabhakar, & Jayavel, 2017).

1.2 Objective
The objective of this research paper is to develop and implement a comprehensive IoT-
based gas leakage detection and response system, known as SafeHaven. The primary goals
include:
• Detection of Gas Leaks: Utilize the MQ-2 gas sensor to accurately detect the presence

of hazardous gases such as methane, propane, and butane.
• Automated Safety Response: Design and implement automated safety protocols that

are triggered upon the detection of a gas leak. These protocols include shutting off the
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power source, activating an exhaust fan, and sending immediate alerts to users.
• User Notification System: Develop a notification system using the Telegram bot to

ensure users receive instant alerts about gas leaks, regardless of their location.
• Enhanced Safety and Prevention: Improve overall safety measures by providing an

efficient, automated solution that reduces the risk of gas-related accidents in both
residential and commercial environments.

2 Literature Survey
The literature survey provides a comprehensive review of existing research and develop-
ments in the field of gas leakage detection systems, highlighting various approaches, tech-
nologies, and innovations that have contributed to enhancing safety measures in residential
and commercial environments. The focus is on IoT-based solutions, sensor technologies,
and automated response mechanisms.

2.1 Historical Background
The evolution of gas leakage detection systems has its roots in early safety measures,
initially relying on simple mechanical sensors and manual inspections. The development
of semiconductor sensors in the 1970s marked a significant advancement, allowing for more
reliable detection of gas leaks. By the 1990s, the integration of microcontrollers facilitated
the creation of automated alert systems. The early 21st century saw the emergence of IoT
and wireless technologies, which revolutionized gas leakage detection by enabling real-time
monitoring and remote alerts. Recent advancements have incorporated machine learning
and AI to further enhance the accuracy and predictive capabilities of these systems.

2.2 Foundational Concepts
The foundational concepts of gas leakage detection systems encompass a variety of tech-
nologies and methodologies aimed at improving safety and response times. These include
sensor technologies, which form the core of any gas leakage detection system. Praveen
Sharma et al.’s (2023) proposed a cloud-based Internet of Things (IoT) gas leak detection
system that is affordable and effective for use in commercial, industrial, and residential
settings. The system consists of a MQ 2 gas sensor, a Wi-Fi module, and an Arduino
Uno microprocessor. IoT integration enables devices to communicate over the internet,
allowing for real-time data collection, monitoring, and remote control, which is crucial for
timely alerts and automated responses. Automated response mechanisms are designed to
automatically shut off gas supply valves, trigger alarms, and send notifications to users
and emergency services, thereby minimizing the risk of explosions and fires. Additionally,
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advanced data analytics, including machine learning algorithms, enhance the predictive
capabilities of gas leakage detection systems by analyzing sensor data to detect patterns
and predict potential leaks.(B. Deepika et al., 2024).

2.3 Major Advancements
To improve the provision of services to its residents, every country needs to organize itself
and make sure that emerging technologies like artificial intelligence (AI) are strategically
integrated. (Mittal & Gautam, 2023). Further, Digital transformation of governments is
required to serve digital societies and economies. (Mittal, 2020). It is anticipated that
sensors will actively look for leaks and notify consumers of any possible dangers. A single
installation may experience gas leaks at several different places. A microcontroller is used
to receive and evaluate a large number of sensor values. The created data is delivered to
the base via the internet of things link, where another microcontroller decodes and views it
after it has been encoded in the wireless module. The gadget gives an acoustic and visual
alert when a leak is detected, and because high-speed processing limits the detection
period, leakage situations are contained with little to no impact. It is an affordable and
dependable method of reducing the risk of leaks. (Shukur & Al-Adilee, 2021).

The field of gas leakage detection has undergone significant advancements, particularly
with the integration of IoT and AI technologies. One key development is the creation of
low-cost sensor solutions, such as a cost-effective detection system using MQ-6 semicon-
ductor sensors and an Arduino microcontroller. This approach emphasizes affordability
and reliability, making it accessible for widespread residential use. Additionally, IoT-based
detection and response systems have been introduced, which not only detect gas leaks but
also automatically cut off the gas supply and alert users, exemplifying real-time monitor-
ing and automated safety measures. Comprehensive surveys and reviews have highlighted
the importance of continuous monitoring and quick response mechanisms, showcasing the
continuous innovation required to enhance these systems.

Shrestha, Krishna Anne, and Chaitanya’s (2019) designed an IOT-based smart gas
management system with fire and gas leak detection capabilities. The automatic reser-
vation of a gas cylinder is additionally made possible by the load sensor. Whenever a
load cell determines that the weight of a gas cylinder has fallen below a threshold value,
a notification is sent to the booking agency to make a reservation for a gas cylinder. The
user will receive a notification when the gas cylinder runs out at the same time.

Advanced AI integration has also been proposed, combining deep learning and IoT to
achieve highly accurate gas detection and real-time monitoring, representing a significant
leap forward in system reliability. Furthermore, smart alerting systems using IoT and
wireless sensor networks provide real-time notifications via mobile apps and SMS, em-
phasizing the importance of user-friendly interfaces and remote monitoring capabilities.
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Finally, the integration of IoT and cloud computing has been explored, emphasizing scal-
able and efficient data processing. Cloud-based analytics enhance the ability to monitor
and predict gas leaks, providing a robust framework for large-scale deployment.(Khan,
2020)

3 Architecture

Figure 1. Architecture Flow

The GSM-based gas leakage monitoring system is designed to detect gas leaks and alert
users immediately, leveraging a combination of sensor technology, GSM communication,
and automated safety mechanisms. This system aims to enhance safety measures in resi-
dential and commercial environments by providing real-time notifications and automatic
responses to gas leak incidents.
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3.1 System Architecture
The architecture of the GSM-based gas leakage monitoring system is depicted in the
schematic diagram.(see figure 1). The system comprises several key components, each
playing a crucial role in the detection and alert process:

1. Gas Sensor (MQ-2): The MQ-2 gas sensor is a semiconductor sensor that detects
the presence of gases like propane, methane, and butane. It outputs an analog signal
proportional to the gas concentration.

2. GSM Module: The GSM module enables communication between the gas leakage
monitoring system and external devices via the Global System for Mobile Commu-
nications (GSM) network. It sends alerts and notifications to users’ internet-enabled
devices.

3. Buzzer: The buzzer serves as an audible alarm that activates when the gas concen-
tration exceeds a predefined threshold, providing an immediate warning to anyone
nearby.

4. LED Indicator: The LED provides a visual indication of a gas leak, complementing
the audible alarm to ensure the alert is noticeable even in noisy environments.

5. Power Cutting Mechanism: This mechanism is connected to the gas supply and is
triggered to shut off the gas flow automatically when a leak is detected, thereby
preventing potential hazards such as explosions or fires.

6. Internet-Enabled Device: Users receive notifications on their internet-enabled de-
vices (e.g., smartphones, tablets) through the GSM module, allowing for remote
monitoring and prompt response.

3.2 Operation
The operation of the GSM-based gas leakage monitoring system can be summarized in
the following steps:

1. Detection: The MQ-2 gas sensor continuously monitors the air for the presence of
gas. When the gas concentration exceeds a predefined threshold, the sensor outputs
a signal.

2. Alert Activation: Upon detecting a high concentration of gas, the system activates
the buzzer and LED indicator to provide immediate auditory and visual alerts.
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3. Communication: Simultaneously, the GSM module sends an alert message to the
user’s internet-enabled device. This message includes details about the gas leak,
allowing the user to take appropriate action remotely.

4. Safety Response: The power cutting mechanism is engaged to shut off the gas supply
automatically, minimizing the risk of fire or explosion.

4 Methodology
The flowing diagram represents the working of the system:(see figure 2)

Figure 2. Workflow of Model
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1. Hardware Setup:

• Acquire necessary hardware components including an MQ-2 gas sensor, Arduino
module, GSM module, buzzer, LED indicator, power cutting mechanism, and
internet-enabled device.

• Connect the MQ-2 gas sensor to the Arduino module to enable gas detection
capabilities.

• Integrate the GSM module with the Arduino to establish communication over the
GSM network.

• Connect the buzzer and LED indicator to the Arduino for audible and visual
alerts.

Install the power cutting mechanism in the gas supply line to enable automatic gas
shut-off.

2. Software Development:

• Arduino firmware to read data from the MQ-2 sensor and interpret gas concen-
tration levels.

• Implement logic to activate the buzzer and LED indicator when gas concentration
exceeds a predefined threshold.

• Integrate GSM module functionality to send alert messages to users via SMS or
internet-based platforms such as Telegram.

• Code the safety response mechanism to trigger automatic gas shut-off upon de-
tecting a gas leak.

3. System Integration:

• Combine hardware and software components to create a cohesive system.
• Test the integrated system to ensure proper communication between modules and

accurate gas detection and alerting.

4. Telegram Bot Implementation:

• Develop a Telegram bot to facilitate instant notifications to users.
• Integrate the bot with the GSM module to receive alert messages and forward

them to users’ Telegram accounts.
• Enable two-way communication, allowing users to interact with the bot for addi-

tional functionalities such as system status inquiries.
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5 Results

Figure 3. Output- result

Figure 4. Work Procedure

The proposed IoT-based gas leakage detection and prevention system, SafeHaven, was
successfully implemented and tested in both controlled and real-world environments. (see
figure 3). The results demonstrate that the system is capable of accurately detecting the
presence of hazardous gases and effectively triggering the necessary safety responses. (see
figure 4).

Key outcomes include:

1. Detection Accuracy: The MQ-2 gas sensor was able to detect methane, propane,
and butane gases with high sensitivity. Calibration tests showed that the sensor
consistently detected gas concentrations above the predefined safety threshold.

2. Automated Safety Response: Upon gas detection, the system promptly initiated the
automated safety protocols. The power source was successfully shut off, and the
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exhaust fan was activated to disperse the gas. This immediate response minimizes
the risk of ignition and potential hazards.

3. User Notification: The integration of the Telegram bot ensured that users received
real-time notifications about gas leaks. During tests, the bot sent alert messages
within seconds of gas detection, allowing users to take prompt action regardless of
their location.

4. System Reliability: The system operated reliably over extended periods of continu-
ous monitoring. There were no false positives or missed detections during the testing
phase, highlighting the robustness of the solution.

5. Ease of Integration: The system components, including the MQ-2 sensor, Arduino
module, GSM module, and Telegram bot, were seamlessly integrated. The hardware
setup and software development processes were straightforward, making the system
scalable and adaptable for various environments.

6 Conclusion
Gas leakages resulting into fatal heck has become a serious problem in household leading
to financial loss as well as human injuries and deaths. A solution to such those problems
is this project which ensure safety with very low cost can detects gas leakage along alert
system such as send message to the user. .Gas leakage leads to server accidents resulting
in material losses and human injuries. Gas leakage occurs mainly due to poor maintenance
of equipment and inadequate awareness of the people .Hence, LPG leakage detection is
essential to prevent accidents and to save human lives.

This paper presented gas leakage detection and alerting system. This system triggers
LED and buzzer to alert people when LPG leakage is detection. This system is very
simple yet reliable. This paper aimed at monitoring and detection system to meet the
safety standards and to avoid free accidents due to the leakage .The system detects gas in
the atmosphere and will be continuously update and display the gas value ,the value can
be seen by the user, through the mobile app easily. This system provides a quick response
rate and the diffusion of the critical situation can be made faster than the manual methods.
The system alerts and responds quickly in case leakage with help of alerting and by sending
SMS to concerned authority.

In this paper we use IOT technology for enhancing the existing safety standards. While
Making this prototype has been to bring a revolution in the field of safety against the
leakage of harmful and toxic gases in environment and hence nullify any major or minor
hazard being caused due to them. We have used the IOT technology to make a Gas
Leakage Detector for society which having Smart Alerting techniques involving sending
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text message to the concerned authority and an ability performing data analytics on sensor.
This system will be able to detect the gas in environment using the gas sensors. This will
prevent form the major harmful problems related to gas leakages.

7 Future Scope
The current gas leakage detection and alert system has proven to be a reliable and straight-
forward solution for identifying and notifying individuals about LPG leaks. However, there
are several areas for future enhancement and development that could significantly improve
the system’s performance, user experience, and overall reliability.

1. Extended Battery Life and Power Management
• Objective:To enhance the system’s operational duration and reliability by inte-

grating a more robust power supply.
• Approach: Utilize a larger, rechargeable battery to sustain the gas detection

module for extended periods. Implement a power management system that alerts
users when the battery is running low, ensuring continuous operation and timely
maintenance.

2. Detection of Gas Concentration Levels
• Objective: To provide users with more detailed information about the severity of

the gas leak.
• Approach: Incorporate sensors capable of measuring the concentration of gas

in the environment. Display the concentration levels in real-time, allowing for a
better assessment of the situation and more informed decision-making.

3. Enhanced User Interface and Alert Mechanisms
• Objective:To improve user interaction with the system and ensure that alerts are

effective and actionable.
• Approach: Develop a more user-friendly interface that provides clear visual and

auditory alerts. Integrate the system with mobile applications for remote mon-
itoring and notifications. Allow for customizable alert settings to accommodate
different user preferences and environments.

4. Integration with Smart Home Ecosystems
• Objective:To create a more comprehensive safety and automation solution.
• Approach:Integrate the gas leakage detection system with existing smart home

platforms (e.g., Google Home, Amazon Alexa). This integration will enable co-
ordinated responses, such as automatically shutting off gas valves and venting
systems when a leak is detected.
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5. Machine Learning and Predictive Analytics

• Objective:To enhance the accuracy and predictive capabilities of the gas detection
system.

• Approach:Implement machine learning algorithms to analyze sensor data and
identify patterns that precede gas leaks. This predictive capability can provide
early warnings and help prevent potential leaks before they become critical.

6. Cost Reduction and Miniaturization

• Objective:To make the system more affordable and accessible to a broader range
of users.

• Approach:Focus on cost-effective materials and manufacturing processes to re-
duce the overall system cost. Additionally, work on miniaturizing the components
to make the system more compact and easier to install in various environments.

7. Environmental and Safety Standards Compliance

• Objective:To ensure the system meets the highest safety and environmental stan-
dards.

• Approach:Conduct thorough testing and obtain certifications from relevant au-
thorities to guarantee that the system complies with industry standards. This
compliance will increase user confidence and promote wider adoption.

By addressing these areas, the gas leakage detection and alert system can be significantly
improved, providing users with a more reliable, efficient, and user-friendly solution for gas
leak detection and prevention.
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Abstract
One pressing problem that necessitates innovative solutions is the avoidance of accidents on
ghat roads. Using Internet of Things (IoT) technology is one promising way to increase road
safety in these challenging conditions. The uneven terrain and abrupt curves of the Ghat
Road provide unique risks to motorists, necessitating preventative steps to lower crash rates
and improve overall traffic safety. The appliance of IoT devices and systems in ghat road
environments is examined in this abstract with a view to reduce risk and improve accident
prevention techniques. There will be tight curves and small roads in the mountains. The
driver of an automobile is blind to oncoming vehicles and animals on the road in these types
of situations. Each year, this problem claims the lives of thousands of humans and animals.
The fix for this problem is to alert the driver to oncoming vehicles and animals in the Ghats
area.
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1 Introduction
Developing a comprehensive approach to deal with the growing issue of accidents in a
mountain pass is an essential undertaking requiring creative and practical thinking. Moun-
tains are more likely to experience accidents, which leads to a higher death toll. This area’s
roads are steep and twisted, making it challenging for drivers to see cars on the other side.
The survey states that hill stations account for 13% of all accidents or the majority of
accidents. (Mehdi et al., 2022).In order to improve public administration and services,
e-governance covers a range of technology elements, such as artificial intelligence (AI) and
the Internet of Things (IoT). (Mittal, 2020). The Hair Pin Bend Alerting System, which
uses IoT, is one real-world example of how these technologies are being used to improve
traffic management and road safety. The primary objective is to create an effective alarm
system that will reduce the awful number of accidents that happen in these challenging
environments. Technology is utilized in this procedure, specifically LED lights that detect
an approaching car from the other side of a curved road and turn on. The Arduino mi-
crocontroller board is delicately connected to a series of very sensitive infrared sensors to
produce a seamless and effective mechanism that is vital in this detection process.

Mechanism is formed by the integration of IR sensor to an Arduino microcontroller
board. This proposed solution has a value that goes much beyond technological inno-
vation. It represents an intense dedication to protecting those who cross the dangerous
ghat areas and saving lives. The basic thought is in accord to the understanding of the
natural hazards presented by the tricky curves and sharp hills typical of ghat roads, where
accidents frequently have dangerous consequences. This device aims to change road safety
procedures in these dangerous areas by strategically lighting LED lights to alert drivers
to the availability of vehicles coming nearer from the opposite direction. The main goals
of road safety measures are the protection of human life and the avoidance of accidents,
particularly in difficult surfaces like ghat sections that are renowned for their dangerous
turns and unpredictable circumstances.

This research introduces a complex alarm system that makes use of modern technology,
representing an innovative method to reduce accident rates in ghat sections. The main
part of this system is the clever positioning of LED lights, which activate when a car
is spotted approaching from the other direction along the curved path. The quick and
precise identification of approaching cars is made possible by the smooth integration of
extremely sensitive infrared sensors with the adaptable Arduino microcontroller board.
This innovative technique has far-reaching ramifications that go well beyond technology
innovation. It can prevent terrible accidents and save lives, providing drivers going through
ghat sections a sense of confidence. This article serves glow of hope for a future where
road safety and opens the way for a better, more secure transportation landscape through
a precise combination of proactive safety measures and modern technical solutions.
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2 Literature Review
10% of all vehicular incidents in hill stations, according to research, happen on curved
roads. It is risky to drive around bends and curves. (Radhamani et al., 2023) suggests
an IoT-based Accident Prevention System for hairpin bend roads as a possible solution to
reduce accidents, particularly at U curves and hairpin bends. This system aims to develop
traffic warning signals that alert drivers to approaching vehicles on either side of the bend.
An Internet of Things (IoT)-based accident prevention system for hairpin bend roads has
been developed to prevent accidents primarily at hairpin bends and U curves by notifying
drivers of approaching cars through traffic warning signals. (Poongothai & Gokulkathirvel,
2022). As digitizing technology is being used everywhere even in our daily lives. (Gautam
& Mittal, 2022). Artificial Intelligence (AI) and other developing technologies must be
properly integrated into national structures in order to improve services provided to the
citizens .(Mittal & Gautam, 2023).

A project described by CH.SRIKANTH et al.’s (2022) that uses a microcontroller
board with sensors and LEDs to notify the driver when a vehicle is approaching their
blind area or turn. The sensors and LEDs are interfaced with the microcontroller based
on vehicle detection. Goel et al.’s (2022) presents a cost-effective approach to preventing
accidents in hairpin curves using a Raspberry Pi microcontroller and various IoT sensors,
including ultrasonic sensors, along with devices like LEDs and LCDs. Pradeepkumar et
al.’s (2023) described a system where the oncoming car’s driver is alerted by an ultrasonic
range detection sensor on one side of the road prior to the bend and a light warning
system on the other side following the turn. The authors of Subrahmanyam, Aravind,
and Sai’s (2023) suggest an alerting system wherein drivers can be watchful and slow
down their vehicle by adhering to the LED light on/off criterion. This system aims to
prevent fatal traffic accidents. (“Sensor Assisted Ghat Road Navigation and Accident
Prevention,” 2022) proposes using two infrared-based sensors to create an Arduino-based
road protection alerting system that increases driving comfort and safety on ghat roads
and mountainous area roads.

An inventive Arduino-integrated ultrasonic sensor accident prevention system can be
used in the suggested treatment. The gadget uses LED signals and a siren to warn au-
tomobiles that are coming at these curves. (Onkar & William, 2024). Another system
is proposed by Karthik et al.’s (2023) detects oncoming vehicles using sensors. It sounds
an alert and flashes a red signal to drivers on the other side. A green light indicates safe
travel when the road is clear. The system’s design includes various components such as an
IR module, transistor, buzzer, LED, motor, and batteries. The transistor acts as a switch
to operate the LEDs and buzzer, while the IR module detects when a car is nearing the
bend. The LEDs display the road’s condition: red indicates danger, and green indicates
safety. To get the driver’s attention, the buzzer emits an alarm sound.
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Hence, the use of Internet of Things-based accident prevention systems made especially
for U curves and hairpin bends. To alert drivers of approaching cars, these systems of-
ten use a combination of sensors, microcontrollers, and alerting devices including buzzers,
LEDs, and LCDs. Solutions are made more affordable and effective by combining tech-
nologies like infrared and ultrasonic sensors with microcontroller platforms like Arduino
and Raspberry Pi which promote better driving habits on hazardous road segments.

3 Methodology Used
In order to solve this issue, we intend to install a sensor by the side of the road to notify
drivers of any obstacles or vehicles in the Ghats section. Light will glow at this time the
opposite side of the curve. The sensor will not receive the signal and the light will not
glow if the vehicle or object is not present. The motorist might slow down or stop his car
when the light the go out, depending on the situation. Using LED screens and buzzers,
which will notify if there are cars coming from the other direction of the road, can help
prevent accidents. It does not make any distraction to drivers while driving. When two
cars pass from the other direction of the curved road the IR sensor senses the car and the
LED color turns into red and raises the buzzer giving danger signal and then the LED
color turns into green to allow the one car to pass and then the other LED color turns
green. Assignable to simple techniques, it is beneficial to use in a substantial of places
and even in critical cross section of roads.
• System Design and Component Integration: Create the architecture for the density-

based Ghat road alerting system, integrating electrical parts like the Arduino R3, IR
sensors, LED indicators, Buzzer, and other parts that are provided. To enable efficient
data gathering, decide where to put these parts and how to connect them.

• Sensor Positioning and Adjustment: Place infrared sensors at key intersections on the
ghat road to accurately detect availability of cars from the other .

• Control and Signal Display: LED indicators are used to show the information from the
other direction of the curve. Phases of the signal are indicated by different colours;
for example, green indicates that ”there is no object out of range curve,” while red
indicates that ”a vehicle is arriving from the other side.

• Testing & Validation: To assess the system’s efficacy and performance, put it through
an accurate testing process in both simulated and actual condition. To evaluate the
effect regarding the system on ghat road, measure performance measures such average
time of response to vehicle detection.

• Optimization & Fine-Tuning: Based on test findings and user comments, make changes
to optimize the system’s performance. To improve accuracy and dependability, adjust
parameters including weather, traffic volume, and road surface conditions.

• Record-keeping and Reporting: Throughout the implementation process, keep thorough
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records of the system design, sensor placement maps, calibration techniques, and test
outcomes. Write a thorough report outlining the approach, conclusions, and suggestions
for upcoming upgrades or implementations.

4 Architecture
The following figure represents the architecture of proposed model:(see figure 1)

Figure 1. Architecture of Hairpin Bend Alerting System

– Sensor Network:
∗ Infrared Sensor: Usually positioned at crossroads, these sensors are positioned

strategically throughout the road network. The system can track traffic flow and
density because to its capacity to identify infrared radiation generated by moving
objects like cars and people.(see figure 2).

∗ Buzzer: it alerts the driver by producing a sound so that the driver gets to know
about the vehicle approaching from the other side. (see figure 3).
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Figure 2. Infrared Sensor

Figure 3. Buzzer (12v)

∗ Data Acquisition and Processing Unit: ArduinoR3: The Arduino R3, which func-
tions as the system’s brain, gathers data from the sensor network, processes it
instantly, and uses control algorithms to alert the drivers. (see figure 4).

∗ Sensor Interfaces: These parts make it easier for the Arduino R3 and sensor net-
work to communicate. They supply the inputs that the Arduino need organize
receive data from the IR sensors.

∗ Power Supply: The 12V powers the complete system, allowing it to function con-
tinuously even when there are no external power sources available.

∗ Status indications LEDs Red & Green: In this case, the green lead indicates that
there are no vehicles approaching from the opposite direction and that traffic can
pass without difficulty, while the red led indicates a potential risk.(see figure 5).

Convergence of Machine Learning and IoT for Enabling the Future of Intelligent Systems
Editors: Ratnakirti Roy, Manish Kumar Thakur and Anushree Raj
DOI:10.48001/978-81-966500-7-0-15 | ISBN: 978-81-966500-7-0 | Copyright ©2024 QTanalytics®

168

https://doi.org/10.48001/978-81-966500-7-0-15
https://qtanalytics.in


Figure 4. Arduino R3

Figure 5. Light Emitting Diodes

5 Flow Chart
This flowchart shows how to use an infrared sensor to monitor the presence of a vehicle
and what should happen when the sensor detects a vehicle.(see figure 6). This is a
thorough explanation:

1. Start: The process begins Does an Infrared Sensor Find a Vehicle? If a car is
detected by the infrared sensor, it is determined at the first decision point.

2. No: If no vehicle is detected, the flow proceeds to ”Keep LED Green” and ”No
Immediate Action Needed”. The system continues monitoring without any imme-
diate response.

3. Yes: If a vehicle is detected, the flow proceeds to ”Activate Red LED and Buzzer.
4. Activate Red LED and Buzzer: When a vehicle is detected, a red LED is activated
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along with a buzzer to signal the detection.
5. Activate Red LED and Buzzer: When a vehicle is detected, a red LED is activated

along with a buzzer to signal the detection.
6. Alert Driver: The driver must be informed as the following action, probably This

flowchart demonstrates how to use an infrared sensor to monitor a vehicle’s pres-
ence and the appropriate actions to be performed in response to the sensor’s
detection through the activated red, green LED and buzzer.

7. Continue Monitoring: After alerting the driver, the system continues monitoring
for the present of a vehicle.

Figure 6. Flow Chart
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6 Results
The installation of a system that lowers the number of accidents in the ghat area using
LED lights, infrared sensors, and an Arduino microcontroller board is a significant step
toward enhancing road safety.(see figure 7).On roads with curves, the deployment of
technology to alert drivers to oncoming vehicles can significantly reduce the risk of
collisions and save lives. The main purpose of this system is to detect approaching cars
from the other side of the curved path by using infrared sensors.
These sensors are essential for real-time vehicle detection, which allows for the prompt
delivery of alerts to drivers. These sensors can be interfaced with the Arduino board
so that the system can process the sensor data and turn on the LED lights to indicate
the presence of an oncoming vehicle. This system’s active approach to warning drivers
about possible crashes is one of its main advantages. LED lights that illuminate provide
drivers with visual clues so they can react to approaching traffic and modify their driving
style accordingly.

Figure 7. Working Of Hair Pin Bend Alerting System

This improves road safety in the ghat segment generally as well as the safety of individ-
ual drivers. Furthermore, it is impossible to accurately estimate the system’s potential
contribution to accident prevention. Accidents on curving roads, particularly in ghat
sections, are frequently blamed on things like poor warning systems and poor visibil-
ity. The method shows significant promise in reducing the risks involved with driving
in such difficult terrains by utilizing technology to handle these issues. Using an Ar-
duino microcontroller board, infrared sensors, and LED lights to lower the number of
accidents in the ghat area is a significant step toward increasing road safety. Prevent-
ing collisions and saving lives can be greatly enhanced by utilizing technology to alert
drivers to oncoming vehicles on curved roadways. The efficient use of infrared sensors
to identify approaching cars from the other side of the curved path is the main purpose
of this technology.
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7 Conclusions
The project’s goal is to lower the number of accidents in the ghat portion. LED lights
are used to alert drivers when a car approaches from the other side of the curved road
in order to do this. The Arduino microcontroller board is interfaced with infrared
sensors to aid with vehicle detection. By implementing this, we can prevent thousands
of deaths on the curved roads in the Ghat section. This is a cheap and easy project to
put into action in many different places, like when houses, buildings, or trees block the
view of the road.
By working together, we ‘identify the cars and save lives. Additionally, it can save lives
in an emergency by sending notifications for rescue efforts to the police, fire department,
and hospitals. In this study, we got to know about the accident which occurs the road
at Ghat section. We understand the causes and effect of accidents and then founded
out a solution introducing a new technique to avoid such accident. The new method
uses two infrared sensors and two LED screens to show approaching cars from an
angle. It can prevent serious injuries or fatalities among road users at Ghats. By
utilizing technology, we can prevent thousands of fatalities and numerous injuries on
these hazardous roadways. This makes the travel safer and helps to reduce the number
of accidents. Life is more valuable than anything else since it cannot be replaced once
lost. Thus, this approach plays an important role in saving this priceless life.
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Abstract
In regions susceptible to rainfall and where rooftops serve as storage spaces for food grains
and clothes, protecting these items from environmental hazards and bird interference is im-
perative. This project presents an automated system designed to address these challenges by
utilizing Arduino-based electronics, sensors, and actuators. The system integrates a raindrop
sensor to detect precipitation and trigger protective measures, such as deploying covers over
the stored items. Additionally, an ultrasonic sensor provides real-time monitoring for nearby
objects, ensuring the system’s safety and preventing potential loss of food grains. Through
the amalgamation of modern technologies, this project demonstrates the adaptability and
versatility of IoT (Internet of Things) applications while providing a workable solution to
a typical issue. By making use of open-source hardware and software platforms such as
Arduino, it encourages experimentation and innovation in DIY electronics and automation.
This abstract encapsulates the project’s objective, methodology, and significance, empha-
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sizing its contribution to enhancing the protection of stored goods against environmental
threat.

Keywords: Audrino, Actuators Precipitation, Sensors, Automation.

1 Introduction
One of the pillars of the Indian economy is agriculture. India is mostly an agrarian nation.
It is crucial to the advancement of our country.(Raja et al., 2022).High-quality substitutes
for fishmeal and fish oil that don’t compromise the viability, efficiency, or quality of the
farmed goods are in greater demand. (Shrivastav et al., 2022).

Because of the traditional nature of farming, produces and consumes agricultural prod-
ucts in vast amounts. However, the documentation indicates that one The employment
of antiquated and conventional methods for planting, harvesting, storing, shipping, and
selling results in the loss of one-fourth of the world’s crop production. Therefore, it is now
necessary to reduce the percentage of crop loss and enhance crop output in terms of both
quality and quantity throughout the harvesting and post-harvesting operations. (Raheem
et al., 2019). However, Rapid innovation, digital capabilities, and IT skill integration has
emerged as a key national practice for the general advancement of economies and commu-
nities. (Mittal, 2020). Thus, in many regions, particularly in agricultural and residential
settings, protecting stored food grains and clothes from birds and rain on rooftops is a
crucial concern. This project aims to address this issue by employing modern technologies
like Arduino microcontrollers, sensors, and actuators to create an automated protective
system.

One potential solution for prospective future problems facing the global food system
is urban agriculture. It may be able to lessen the strain that the agriculture industry will
eventually face.(Daneshyar, 2024). IPM technology may give relief.(Chakrabarti & Mittal,
2023). By integrating a raindrop module, ultrasonic sensor, servo motor, buzzer, and
Arduino, this system can detect rainfall and the presence of objects, activate protective
measures. The raindrop sensor detects rain, prompting the system to cover the stored
items. Meanwhile, the ultrasonic sensor monitors for nearby objects like pigeon, crow etc
and protects the foods grain from them. Fruit crops are harmed by frugivorous bird species
such as parakeets, bulbuls, mynas, crows, koel, and barbets, among others. The pest that
harms fruit crops the most is the rose-ringed parakeet. The ability of the birds to harm
the agricultural plants is influenced by various factors, including the availability of food,
field sizes, proximity to roosting locations, crop or orchard traits, fruit characteristics, and
meteorological conditions.(Yodha et al., 2024).

In regions prone to heavy rainfall some of the houses have the closed roof systems to
protect their clothes and the items on the roof from the rainfall. If not, there should be
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some person present over there to look over the items and clothes. This leads to more man
power and when the rain stops the clothes can’t be exposed to sun as they were already
built in a closed way. This acts as one of the traditional techniques followed by our el-
ders. Our new technique overcomes these problems by adopting it. Through this project,
we not only provide a practical solution to a common problem but also demonstrate the
application of Internet of Things technologies in everyday scenarios. Moreover, by uti-
lizing open-source hardware and software platforms like Arduino, this project encourages
exploration and innovation in Do-It-Yourself electronics and automation.

2 Literature Review
Rain sensors are switches that are triggered by precipitation. They are primarily used
in two applications: automatic windscreen wipers and irrigation systems. When these
sensors detect rainfall, the appropriate action is triggered. An Arduino UNO board is all
that is needed to operate the system and communicate with the rain sensor. A module for
rain control can regulate the movement of the sensor.(S, TM, & GT, 2021). When drying
clothing outside during the rainy season, especially when they are not at home, a lot of
people experience anxiety. People avoid drying their garments outside because of anxiety
that the rain will ruin their clothes. As a result, when the weather is bad, a number of
people dry their clothes on the terrace to keep them dry.

Atsiq, Andryan Gunawan, and Amin Alqudri Dwi Nugraha’s (2022) suggests an au-
tomatic clothesline retractor as a solution to this problem. This gadget makes use of an
Arduino UNO microprocessor, an LDR sensor, and a rain sensor. With the use of these
sensors, the system determines the weather. If the LDR sensor detects no light, it antici-
pates rain, which prompts the device to retract the clothesline into a covered location. In
contrast, the clothesline is moved to a sun-exposed region by the gadget when it detects
sunlight. In order to guarantee that the clothesline is retracted during rains, the rain
sensor further detects raindrops. People drying clothing during the rainy season can feel
less anxious thanks to this automatic clothesline retractor. The creation of an automatic
sliding door system with an infrared sensor is another aspect given by Oluwatomi and
Obakin O’s (2014).

This system opens and closes doors at public building entrances using a drive unit, a
control unit, and a sensor. Gaining an understanding of automatic door systems and their
underlying principles is the main goal. Making a basic circuit model to illustrate how the
system works is the secondary goal.

Additionally, the goal of this thesis is to create a smart umbrella with a distinctive
design that minimizes human labor and appeals to the market. With the unpredictable
nature of wind and sudden downpours in today’s culture, this umbrella is essential. An-
other project is proposed by Gudela et al.’s (2020) to produce an umbrella that can be
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used for both residential and commercial purposes and is extremely responsive to sun-
shine and rain. Working in the open during the summer can be challenging because of
the intense heat caused by the sun. With the aid of sensors for wind, water, and tem-
perature, this umbrella covers the whole hall in both sunny and rainy conditions. The
umbrella’s opening and shutting are managed by a motor, which responds quickly to the
shaft—a vital component in power transfer. The shaft receives the necessary rpm from
the motor. The temperature sensor alerts the Arduino control unit when the outside tem-
perature rises above 35°C. The Arduino control unit subsequently turns on the motor to
open the umbrella. The rain sensor covers the area where crops are spread, ensuring that
the automatic roof operates as intended to protect the crops.

A novel idea for retractable roof constructions is presented in the study by Rammohan
et al.’s (2018).The creation of a smart roofing system that can recognize rainfall and react
appropriately is one possible remedy.(Swaraj et al., 2023). An adaptable architectural
element, the retractable roof is intended to offer climate control and adaptable shelter for
a variety of buildings, including arenas, stadiums, and outdoor areas. (P et al., 2024). It
consists of a foldable lattice of beams joined by cylindrical connections, to which covering
panels or membranes are attached. These structures can have different forms and fold
towards their boundary. (Kassabian, You, & Pellegrino, 1999).Key design difficulties are
addressed, such as how to retain the structures’ mobility while connecting them to fixed
foundation points and how to form the covering panels to prevent interference during
retraction. Additionally covered is a long-span retractable roof structure based on scissor
mechanisms and the beam string structure (BSS). The structure has a single degree of
freedom when folding or unfolding since the BSS units are arranged parallel to one another
and joined by a linear scissor mechanism. The retractable roof structure’s geometry is
explained, and then an integrated model of the unfolded configuration’s structural analysis
is shown. (Cai, Feng, & Jiang, 2014).

Further, E -taps can be introduced for irrigation purposes. The E-Tap is a water-saving
innovation that uses a non-contact method to turn off the faucet. The goal of the E-Tap
is to conserve water wherever it is put. Every office can utilize the E-Tap, and it can also
be used at home. The tap will cut off in accordance with the water level in the bucket, so
reducing water waste. (Tulasi Krishna Gannavaram et al., 2021).

3 Existing System
Current systems for protecting food grains and clothes from birds and rain on rooftops
typically involve manual interventions or simple mechanical solutions. Following are some
examples:

1. Manual Covers: One common approach is to manually cover the stored items with
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tarps or plastic sheets when rain is expected. While effective, this method requires
constant monitoring and manual labour, making it impractical for large-scale or
remote storage facilities.

2. Bird Netting: Another method involves installing bird netting or mesh screens
over the rooftop storage area to deter birds. While this can be effective against
bird interference, it may not provide adequate protection against rain and other
environmental factors.

3. Roof Overhangs: Building structures with extended roof overhangs or eaves can help
provide natural protection against rain, reducing the need for additional coverings.
However, this solution may not be feasible for existing structures or in areas with
limited space.

4. Manual Inspection: Inspecting the food grains manually for every half an hour or
every hour, checking that if there are any birds or group of birds consuming the food
grains or not. If yes, they need to stay on the roof for some time to handle the birds.
Which needs a human to take care of it every time.

While these existing systems offer varying degrees of effectiveness, they may lack the
flexibility, affordability, or automation capabilities desired for certain applications. The
proposed Arduino-based system aims to address these limitations by providing a customiz-
able, cost-effective, and automated solution for protecting rooftop storage from birds and
rain.

4 Proposed System
The proposed work aims to develop an automated system using Arduino-based electronics,
sensors, and actuators to protect food grains and clothes from birds and rain on rooftops.
This system will offer a cost-effective, customizable, and efficient solution to address the
challenges faced by individuals and communities in safeguarding rooftop storage areas.

1. Protection of clothes from rain: The proposed system concentrates on protecting
clothes and other items on the terrace from getting wet and damaged by rain by
closing the roof during rain and again opens the roof when the rain is stopped.

2. Protection of food grains from birds and rain: Another important feature which
is proposed in this system is protecting food grains. Ultrasonic sensor is utilized
to detect the birds which comes to eat the crops on the rooftop which signal the
microcontroller to activate the buzzer, that leads to scare the birds and protect the
food grains.
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3. Embedded development: The same system incorporates both bird and rain pro-
tection. There are no projects that offer the features of rain and bird protection
in comparison to the systems that are currently in place, whether it be an auto-
mated roof to shield crops from excessive rainfall or a crop protection system in an
agricultural field.

4. Arduino Programming: Developing the software code for the Arduino microcon-
troller to read sensor data, implement control logic, and actuate the servo motor and
buzzer as necessary. The code will be enhanced for dependability and efficiency.

5. Integration and Testing: Integrating the components into a cohesive system and
conducting rigorous testing to validate its performance under various environmental
conditions. This testing phase will involve simulated rain events and object proximity
scenarios to evaluate the system’s effectiveness and reliability.

6. Optimization and Refinement: Fine-tuning the system parameters and control algo-
rithms based on testing results to optimize its functionality and address any issues
or limitations identified during testing.

7. Cost effectiveness: As it consists of embedded system which can perform multiple
functions rather than investing in two different systems users can easily invest in
single embedded system which leads to reduction in the cost of the product.

5 Methodologies Used
• System Design and Planning: Requirement Analysis: Identify the specific needs for

protecting items on rooftops from rain and birds.
• Component Selection: Choose appropriate sensors, actuators, and microcontrollers for

the project:
• Integrated Development Environment (IDE): Arduino IDE: If you’re using Arduino

boards like Arduino Uno, Nano, or Mega, you’ll need the Arduino IDE to write, com-
pile, and upload code to the microcontroller. The Arduino IDE supports C/C++
programming languages.

• Programming Libraries and Frameworks: Arduino Libraries: Utilize built-in or third-
party libraries available in the Arduino IDE to interface with sensors, actuators, Li-
braries such as Servo are commonly used. Additional Libraries: Depending on the
specific sensors and actuators you’re using; you may need to install additional libraries
from the Arduino Library Manager or download them from external sources.

• Simulation and Modelling Tools: Arduino Simulation Software: Optionally, before de-
ploying your Arduino code to hardware, you can test and simulate it using Arduino
simulation software like Proteus or Tinker Cad Circuits.By utilizing these software tools
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and platforms, you can develop and deploy an IoT-based system for protecting rooftop
storage areas effectively, enabling remote monitoring and control while ensuring data
processing and analysis capabilities for optimizing system performance.

• Testing and Calibration: Initial Testing: Conduct tests to ensure each component
responds correctly to the respective conditions (rain detection and bird presence).

• Calibration: Fine-tune the sensitivity of the sensors and the movement range of the
servo motor for optimal performance.

• Programming the Arduino:Develop the code to read inputs from the raindrop and ultra-
sonic sensors.Implement logic to control the servo motor based on sensor inputs.Include
code to activate the buzzer in response to detected conditions.

• Documentation and Dissemination: Document the entire process, including circuit di-
agrams, code, and assembly instructions.

• Open-Source Sharing: Share the project on open-source platforms to encourage DIY
electronics enthusiasts to explore and innovate.

6 Architecture

6.1 Sensor Network:
Ultrasonic Sensors: In this project, the ultrasonic sensor is utilized to detect the presence
of birds and other objects near the stored food grains on rooftops. It works by emitting
ultrasonic waves and measuring the duration of time required for the echoes to return
after hitting an object. When a bird or other object is detected within a certain range,
the sensor sends a signal to the Arduino. The Arduino then activates protective measures,
such as or triggering an alert, to safeguard the stored items. This helps prevent damage
and contamination from birds and ensures the stored items remain safe.(see figure 1)

Figure 1. Ultrasonic Sensor

The raindrop module: in this project is employed to identify the presence of rain
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and initiate protective measures for stored food grains and clothes on rooftops. When
raindrops fall on the sensor, it detects the moisture and sends a signal to the Arduino
microcontroller. The Arduino processes this signal and activates the servo motor to move
a cover into place, protecting the items from getting wet. This automatic response ensures
that the items are shielded from rain as soon as it is detected, providing an efficient and
reliable solution to weather-related concerns. (see figure 2).

Figure 2. Raindrop Module

6.2 Data Acquisition and Processing Unit:
The Arduino Uno: a widely-used microcontroller, forms the project’s core. It receives in-
puts from sensors like the raindrop module and ultrasonic sensor. Based on these inputs, it
commands the servo motor and other actuators for protective measures. Its programmable
nature enables flexible automation in IoT applications. (see figure 3).

6.3 Actuators
The servo motor: in this project is makes use of automate the protective cover mechanism
for stored food grains and clothes on rooftops. When the Arduino receives a signal from
the raindrop sensor indicating rainfall, or from the ultrasonic sensor detecting the presence
of birds, it sends a command to the servo motor. The servo motor then rotates to move
a cover or shield into place, effectively protecting the items from rain or bird interference.
This automation ensures timely and efficient protection, reducing the need for manual
intervention and safeguarding the stored items under various conditions (see figure 4).

The buzzer: a simple audio output device, alerts users in response to specific events
detected by sensors. In this project, it emits audible signals to indicate rainfall detection
or the presence of objects. Its integration enhances the system’s ability to communicate
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Figure 3. Arduino Uno

status updates to users.(see figure 5).
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Figure 4. Servo Motor

Figure 5. Buzzer

6.4 Communication Module:
Jumper wires: serve as the communication medium in this project, facilitating the connec-
tion between various electronic components such as sensors, actuators, and the Arduino
microcontroller. They enable the transmission of signals and power, ensuring seamless
interaction between different parts of the system.(see figure 6).

6.5 Power Supply:
The 9V battery powers the complete system, allowing it to function continuously even
when there are no external power sources available.(see figure 7).

Battery Clip: By facilitating the process of connecting the battery to the circuitry, this
part guarantees a reliable and safe power source.
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Figure 6. Jumper Wires

Figure 7. 9V Battery

6.5.1 Integration and Control Logic:

Integration and control logic refer to the systematic organization and coordination of differ-
ent components within the project. This involves designing algorithms and programming
logic to ensure that the sensors, actuators, and microcontroller work together effectively.
Integration involves connecting the hardware elements and writing code to control their
behavior based on input from sensors and user-defined conditions. Control logic dictates
how the system responds to different stimuli, such as activating the servo motor to cover
stored items when rain is detected or triggering the buzzer to alert users.

7 Flow Chart
The workflow has been represented in the following diagram:(see figure 8)

1. Start: Initialize sensors and actuators: The system initializes all the components
it will use, such as the raindrop sensor, ultrasonic sensor, servo motor, and buzzer.
This stage guarantees that every part is prepared for use.
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2. Check Ultrasonic sensor: If nearby object detected (e.g., bird): The system checks
if the ultrasonic sensor detects a nearby object, such as a bird. Activate buzzer to
scare away the object: If an object is detected, the system activates the buzzer to
scare away the object and prevent it from damaging or accessing the stored items.

3. Check Raindrop sensor: If rain detected: The system checks if the raindrop sensor
detects rain. If rain is detected, it proceeds to the next steps. Activate servo motor
to cover stored items: The system activates the servo motor to cover the stored
items, protecting them from rain. Wait for rain to stop: The system waits until the
rain stops before proceeding to check for other conditions.

4. Repeat steps 3 and 4 periodically: The system continuously repeats the process of
checking the raindrop sensor and ultrasonic sensor to monitor environmental condi-
tions and take appropriate actions as needed.

5. End: This is the end of the process.
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Figure 8. Workflow of Smart Roof

8 Result

The result has been demonstrated in the following figure:(see figure 9)
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Figure 9. Working of Smart Roof

9 Conclusion

In conclusion, the development and implementation of the IoT-based Smart Rooftop
Protection System represent a significant advancement in addressing the challenges
associated with safeguarding food grains and clothes from birds and rain on rooftops.
Through the integration of sensors, actuators, and communication technologies, this
system offers an automated and efficient solution that enhances protection while
minimizing manual intervention. The successful achievement of the project objec-
tives demonstrates the feasibility and effectiveness of leveraging IoT technologies
for rooftop storage protection. By accurately detecting rainfall and monitoring bird
activity in real-time, the system can proactively deploy protective measures, such
as deploying covers over stored items, to mitigate the risk of damage. The com-
prehensive testing and validation conducted under various environmental conditions
have confirmed the reliability, accuracy, and effectiveness of the rooftop protection
system.
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Users can confidently rely on the system to provide timely alerts, remote monitoring,
and control capabilities, thereby enhancing convenience and peace of mind. Further-
more, the documentation and training materials provided ensure that end-users can
easily deploy, operate, and maintain the system. The scalability and potential for
future enhancements underscore the system’s adaptability to evolving needs and
technological advancements, positioning it as a versatile solution for rooftop pro-
tection in various settings. In summary, the IoT-based Smart Rooftop Protection
System represents a valuable contribution to improving the resilience and efficiency
of rooftop storage areas, ultimately enhancing food security and resource manage-
ment in both agricultural and residential contexts.
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