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ABSTRACT

Population expansion and huge migrations of residents from urban and semi-urban
regions to smart cities have created issues for these cities due to their exponential
growth. Controlling, managing, and processing the everyday output of garbage is one
of the biggest issues that Smart Cities face. The main causes of trash management being
a difficult task are the expanding population and resource limitations in waste
management operations. One of the most fundamental aspects of a sustainable economy
is waste management and recycling. Better recycling safety and efficiency may be
achieved via the use of intelligent devices rather than manual effort. Several trials are
performed using state-of-the-art deep convolutional neural network designs to get the
optimal answer using a machine learning approach. In this research, we describe a
machine learning-based architecture for smart trash collection and sorting using the

Web of Things and wireless sensor networks.

The goal of this research was to develop an autonomous method for producing an
efficient and intelligent waste parameter monitoring system for a novel waste
management system, using the Internet of Things (loT) and Long Range (LoRa)
technologies. Several possibilities are explored, all of which may be applied to the
development of the three nodes. The number of trash cans, garbage stench, air quality,
weight, smoke levels, and waste categories are all tracked in real-time via the Internet
of Things and the ThingSpeak Cloud Platform, which can be set up in numerous places.
However, a fog-deployed intelligent trash waste classification framework is developed
which consists mostly of four layers: input, feature, classification, and output. Using
the ThrashBox dataset, the proposed system develops a categorization method into trash
classes such as household, medical, and electronic garbage, in addition to object
identification. Traditional machine learning methods, such as the multi-kernel support
vector machine (SVM) and the Adaboost ensemble classifier, are employed in the
classification layer, while the Resnet-101 deep convolutional neural network model is
used in the feature layer. Experiments were conducted to evaluate the suggested
method's ability to classify garbage and provide accurate predictions about their
respective categories. Compared to other state-of-the-art models, the suggested

method's performance was shown to be superior in the presented experimentation.



We found that Sensitivity of our proposed system was 97.69 % which is better
than the existing methods EnCNN UPMWS [56] is 92.69%, YOLOv5x [1] is
92.2% , DNN [3] is 94.37% , mCNN[95] is 95% and CNN[14] is 95.16%.

We found that Specificity of our proposed system was 98.9 % which is better
than the existing methods EnCNN UPMWS [56] is 98.67%, YOLOv5x [1] is
96.5% , DNN [3] is 92.8% , mCNN[95] is 96.5% and CNN[14] is 98.44%.

We found that Precision of our proposed system was 98.8% which is better than
the existing methods EnCNN UPMWS [56] is 93.75%, YOLOvV5x [1] is 95.9%
, DNN [3] is 88.7% , mCNN[95] is 95.5% and CNN[14] is 94.24%.

We found that F-Score of our proposed system was 98.01% which is better than
the existing methods ENCNN UPMWS [56] is 93.15%, YOLOv5x [1] is 95.13%
, DNN [3] is 89.77% , mMCNN[95] is 94.5% and CNN[14] is 94.39%.

When comparing and analysing the performance with the existing systems the
overall accuracy was found to be 98.2% as compared to the existing methods
Recycle Net[138] is 81%, EnCNN UPMWS [56] is 93.50%, SVM[120] is 87,
YOLOV5X [1] is 92.6% , DNN [3] is 94.53% , mCNN[95] is 94.96% , Deep
Waste[117] is 88.1, VGG19[81] is 87.9 and CNN[14] is 95.3%.

The experimental findings show that the proposed framework outperforms as compared

to state of art models.

Keywords: Internet of Things (loT), LoRa, Thing-Speak, Wireless Sensor Network,

Waste Management, Smart Waste Management System, Deep Learning, Waste

Classification, Machine Learning

The main objectives of the proposed model are

1.

To study different methods considering key attributes related to waste
management.

To develop an efficient 10T-WSN-based data acquisition and monitoring
framework for waste management.

To design a hybrid machine learning algorithm to analyze extracted data for
efficient segregation.

To compare and analyze proposed methods using potential parameters like

accuracy, latency, precision, and computation time.
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CHAPTER 1 INTRODUCTION

1.1 OVERVIEW

Waste Management is used to describe the entire process of garbage removal.
Human-generated waste is defined as any type of waste that results from an activity and
must be managed to prevent harm to human health and the natural environment.
Typically, garbage is handled such that materials may be recycled or reused. Waste
management practises may vary from one developed nation to another, from one
metropolitan setting to another, and from one industrial zone to another. Municipalities
are responsible for managing garbage in both urban and rural regions, whereas waste

generated by businesses is under the purview of such businesses [1-2].

Trash collection in some areas may be improved with the use of Internet of
Things (lIoT) technology and recycling of diverse scarce resources, which is especially
important given that waste management towards a circular economy idea is a crucial
present population concern. Multiple technology approaches are now being researched
and developed to aid the smart waste management idea. Some of these are already
commercially available for extensive use. The majority of the proposed solutions are
geared towards the intelligent monitoring of garbage bins, such as the detection of
filling levels, temperatures, fires, vibrations, tilts, the presence of waste operators,
humidity levels, GPS coordinates, and more [4]. The Internet of Things may be used to
great advantage as a backbone for intelligent waste management systems. Garbage
trucks' hazardous emissions (pollutants) may be reduced if 10T technologies were
employed for smart coordination of trash vehicles, hence ensuring the efficacy of waste
utility firms. Managing electronic waste through the Internet of Things is crucial to
ensuring a steady supply of raw materials for the electronics industry, which has
previously been emphasized. Smart appliances and a refined management system
enabled by the 10T might potentially play arole in lowering food waste rates. Innovative
Internet of Things (loT)-based technological solutions that might aid the circular
economy concept and smart waste management systems are anticipated to be developed
in the next years from the perspective of a smart city concept [7-8] Waste production



has grown as cities have developed around the world. Figure 1.1 shows how much trash

is produced in a few select areas of the globe.

B East Asia and Pacific Europe and Central Asia [l Latin America and Caribbean
B Middle East and North Africa [ | North America | | South Asia [l Sub-Saharan Africa

Figure 1. 1: Distribution of Regional Waste Production [1]

households [6]. Each individual produces roughly 0.74 kilograms of rubbish annually
on average, with North Americans producing the most garbage at 800 kg per person
annually [8]. While just 16% of the world's population lives in high-income nations,
they produce 34% of the world's trash. However, just 5% of the world's garbage comes

from low-income nations [9]. There are a few distinct categories of trash from the home.

e Vegetable and fruit waste.

e Bottles, glass, tins, and plastic bags or containers of waste.

e Batteries expired medications, and other potentially dangerous items like used
oil/kerosene.

e Paper waste, including magazines, newspapers, etc.

Dry recyclable garbage such as glass, plastic, paper, tins, etc. accounts for 38% of the
total waste created worldwide, while food and green waste accounts for 44%. Disposal
habits for trash are also different on a global scale. Nearly half of all trash goes straight



to landfills, while only about a fifth is recycled. Figure 1.2 shows that in low-income
nations, about 93% of garbage is publicly discarded, including dumping and burning
by the side of the road, whereas in high-income countries, just 2% of waste is dumped
openly.
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Figure 1. 2: Global Waste Treatment and Disposal [1]

In urban areas, trash management may be an everyday effort that entails
establishing waste truck routes while taking into account ecological, economic, and
social factors. Second, using the schematic hypothesis [8], the length has to be
shortened to avoid excessive fuel expenditures and reduce the total amount of effort
required. Several services have introduced 10T devices to gauge inbox saturation and
relay that data online for more informed choice-making. Figure 1.3 depicts a waste

management hierarchy.
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Figure 1. 3: Hierarchy in waste management

Currently, more and more local governments and public agencies are taking
waste management into their own hands, with the goal of better collecting and disposing
of garbage in urban areas. The rapid speed of urbanisation throughout the world, the
growth of the industrial sector, and the presence of waste-generating sectors like
manufacturing and healthcare mean they may already be effectively managed through
the use of smart management. Waste management is an expensive endeavour due to the
time and effort that it takes. The authorities have instituted the recycling container and
promoted the 3 "R" s (reduce, reuse, and recycle) to improve waste management [13].
Smart thrash management is predicted to grow as rising nations embrace more
advanced waste management systems and build out more robust infrastructure. These
countries want to save money and time by employing these more efficient disposal
techniques. Depending on its origin and final resting place, the trash produced by
different sectors of society can be categorised in different ways. This categorization is
essential because it paves the way for more targeted collection, recycling, and the
identification of the most useful result. Municipal solid wastes include both a somewhat



homogenous load of industrial and medical waste and a far larger volume of very
heterogeneous stuff. When it comes to recycling, the current gold standard is based on
selective collection, which also happens to be the cornerstone of effective waste
management. Classification is crucial for an l10T-based waste management system, thus
it's important to think about using different containers for different kinds of trash
[15]18].

The Internet of Things (10T) is a communication paradigm that foresees a future
in which commonplace objects are embedded with microcontrollers and a means of
interfacing with a central network. The "smart city,” characterised by advanced
infrastructure, knowledgeable residents, and effective teamwork, is one of the most
visible results of the 10T. To make it easier for a wide range of digital services to be
developed, 10T must openly and seamlessly combine several heterogeneous end
systems. In the context of “smart waste management", "smart city" is a crucial concept.
The efficiency of a waste management system is heavily dependent on the length of
time it takes for messages to travel between the collection site and the central collection
facility. Despite this, current communication technologies, such as Sigfox and LoRa,
which operate on a low-power, wide-area network (LPWAN), can accommodate the
long-distance communication required by the waste management system without
compromising on the pace of data transfer [5][14][16]. The study of wireless
communication for the 10T has recently experienced a boom. However, connection
technologies like Bluetooth, Wi-Fi, and Zigbee have greater data transfer speeds, but
shorter ranges. An interesting topic of study is the use of I0T and machine learning
(ML) for intelligent trash management. As a result of 10T, the number of connected
devices is rapidly increasing to satisfy the need for trash collection. The result is a rise
in the total amount of data gathered, which can be utilised to further inform and enhance
ML application's features and functionality.



1.2 TECHNOLOGY USED IN SMART CITIES

1.2.1 Internet of Things (l1oT)

The term "Internet of Things" (1oT) describes a communication model that foresees
a future in which commonplace things have a built-in microcontroller and a standard
protocol for exchanging data. Well-known examples of 10T products include "smart
cities,” which combine advanced technological infrastructure with effective human
collaboration. While transparently integrating a great number of heterogeneous end
systems, the 10T will make available open access to specified data subsets enabling
the creation of a wide variety of digital services. The Internet of Things (IoT) began
with the proliferation of potentially networked physical devices [1-2]. There are
several application solutions and communication technologies that may be
integrated thanks to the 10T paradigm. These include identification and tracking,
wireless and wired actuators, sensor networks, distributed intelligence for objects,
and enhanced communication protocols. The Internet of Things (IoT) is a futuristic
concept that foresees a world in which physical, digital, and virtual items are all
linked together in a network to enable advanced applications in areas as varied as
agriculture, industry, education, transportation, healthcare, markets, the
environment, and smart cities as defined in figure 1.4. Object intelligence originates
in the automatic interpretation of data from a certain context or environment. After
collection, the data are sent to a central processing unit (CPU) for analysis and the
creation of a reliable performance profile. Then, the smart thing obtains the actuation
profile. It is important to comprehend the context in which these containers are used,
as the waste management system includes a large number of containers, each of
which may remain full for several days or weeks depending on the time of year, as
well as having varying emptying requirements due to factors such as distance and
waste kind. In contrast, the fields of medicine, electronics, and chemistry all have

established collection sites, stable production, and lengthy filling times [4][8].
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Figure 1. 4: A generalised loT architecture supporting a wide range of cases.

The basic objective of the 10T is to provide effective communication between
people and facilitate efficient access to the online data and process system. There are
three types of connections in this internet: those between humans, between humans and
machines, and between things, either wirelessly or not. To link two persons via social
media, for instance, smartphone users can tap into the loT. The loT allows for more

efficiency and productivity in daily life. Advantages of the 10T in general include:

e Defend time and Money - loT-based trash management will improve waste
management from the smart dumpsters' real-time fill-level information to the
garbage collectors. 10T's solution improves information used to choose the most
efficient routes for garbage trucks. This results in a collection method that
ignores garbage cans that have been emptied, therefore conserving both fuel and
labour.

e Make a better decision - Al and ML are used to make decisions in the IoT.

Waste management lIoT will be customized to each setting. The bin's built-in



sensor can detect when it's full and transmit a notice to the local government,
streamlining decision-making processes in real-time. 1oT will aid in the
establishment of smart cities by facilitating more efficient waste management
thanks to the innovative nature of its software and machine learning tools, which
are being used in various countries, including Nepal, to ensure the proper
management of the development of new business models.

e Waste generation analysis- Optimization of routes is just one part of the data
analysis that goes into loT-based waste management. The data analytics
element of the commercially available loT-based solution aids in forecasting
future trash production.

e Increase the quality and quantity of work done - In the same way, that the 10T
is helping to improve waste management processes, it is also helping to improve
how human resources are evaluated for those processes. This contributes to the
improvement of both the quality and quantity of waste management activity.

e CO2 emission reduction - The carbon footprint includes not only the production
of trash but also its disposal and recycling. Less fuel will be used thanks to the
loT for waste management's analysis of optimal routes, lowering the procedure's

carbon footprint and making it more environmentally friendly.

1.2.2 Machine Learning (ML)

Machine learning, which encompasses industrial informatics, holds
tremendous potential to revolutionise a wide range of fields. An automated machine-
learning method has been presented by several researchers as a means of rapidly
applying machine learning to practical problems [4][7][9][10]. As a subfield of
machine learning, deep learning (DL) has also radically altered the trajectory of
computing [5-6]. Artificial intelligence has advanced rapidly in recent years, with
the introduction of numerous architectures with different learning paradigms. These
advancements have allowed machines to mimic human behaviour, which is
extremely useful in many fields. The entire procedure consists of the five actions
shown in figure 1.5. The gathered information is put to use in many ways: it is used

to assess the efficacy of the currently implemented solution, the parameters of the



current system are optimised and evaluated in light of the data, conventional ML
algorithms can be applied, and feature engineering techniques are employed to
determine if any additional features would be helpful.

Get Data Train Model Improve

Clean, Prepare
& Manipulate Data

Figure 1. 5: Procedures Typically Used in Predictive Modelling

Despite these constraints, several new cutting-edge technologies are altering our
perspective on and approach to these issues. ML is one of the most well-known today,
a subfield of Al that employs massive amounts of data and sophisticated learning
algorithms modelled on how humans learn to teach computers to perform human-like
tasks such as classification, prediction, decision-making, content generation, etc. In
some cases, the scalability and efficiency gained by automating such jobs with machine
learning can be of great use to people.

Machine learning can automate a broad variety of operations, which might have
significant implications for sustainability and the adoption of the circular economy.
Predicting data trends that improve air quality, discovering patterns in data collected to
measure global warming over time, locating trash in the wild, and differentiating
between different types of trash to improve the efficiency of trash treatment facilities
are all examples. Therefore, a crucial step towards a sustainable circular economy
model might be the accurate identification and separation of recyclable goods from the
rest of the garbage. However, machine learning is already integral to more steps in
environmental protection than we give it credit for. If a model correctly predicts the
need for energy or a certain product, for instance, it means less of those resources will
be wasted. In addition, sophisticated models can optimise the performance and
recycling potential of common materials by exploring unexplored chemical

configurations.



1.3 TYPES OF WASTE AND SEGREGATION METHODS OF
WASTE DISPOSAL

Depending on their composition and final destination, discarded items from
various social strata may be assigned to distinct containers. This categorization is
helpful since it allows for more specific collection and recycling efforts, as well as
easier determination of the most relevant objective. Industrial and medical garbage
are also more consistently dumped in urban areas, which adds to the complexity of
the materials involved. Selective collection is currently the most popular technique
of recycling across the world and the basis for efficient waste management. For an
loT-based waste management system, sorting waste material into its many types is

essential [1].
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Figure 1. 6: Type of Waste Materials

Each type of trash has its colour code as depicted in Fig 1.6 industrial, commercial,
domestic, and agricultural trash. The subsequent [1-2] explanations of the various
types of trash under consideration are as follows:

= Commercial Waste - Waste generated by businesses. It is manufactured by
corporations such as retailers of clothing, toys, and home goods. Most of this
waste has a potential for recycling.

= Electronic Waste — It's a term for the garbage left behind by electronics. Garbage
like this results from people getting rid of obsolete or broken consumer
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electronics. Businesses and cooperatives dedicated to recycling are examples of
suitable dumping sites. They use eco-friendly methods to get rid of this trash.

= Green Waste - This waste describes a category of garbage that consists mostly
of tree trimmings and the resulting branches, barks, trunks, and leaves that end
up in the streets. Since it is organic, it may be composted and turned into a
nutrient-rich soil amendment.

= Hospital Waste - It's a hazardous byproduct of the healthcare industry that poses
a health risk to everyone who comes into contact with it. It requires the utmost
care and attention, in accordance with standard procedures. Companies that deal
only with this type of garbage, which is often incinerated, can use this garbage.

= |ndustrial Waste - Materials discarded from manufacturing. Industrial
byproducts are often solid wastes left over after production. It is often comprised
of discarded raw materials that may be recycled or used.

= Nuclear Waste — It's the primary byproduct of nuclear power reactors. Since it
contains radioactive elements, it is considered extremely dangerous waste.

= Organic Waste - Garbage is composed of organic waste. Most of them come
from kitchens, eateries, and industrial kitchens. Being destined for municipal
landfills, they must be segregated from other waste.

= Recyclable Waste - Recycling-eligible trash. The term applies to any type of
waste that may theoretically be recycled into useful products or resources. It is
generated in households, commercial establishments, and industrial settings,
and requires sorting before it can be collected by the appropriate teams and sent

to cooperatives and recycling companies.

1.4 WASTE MANAGEMENT PROBLEM IN SMART CITIES

Waste management is a major issue for modern urban centres. Despite requiring
a large trash workforce, including waste collectors, recyclers and scrap dealers, smart
cities can effectively manage their waste. Garbage collectors, the largest informal sector
in the country, are among the worst hit by changes to the waste disposal system. All

members of the families of these garbage men and women often gather trash in villages
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of fifty to seventy people. About 15-20% of the city's garbage is taken care of by one

family, and everyone in the family works in the garbage business.

Improper Classification of Municipal Waste - Municipal garbage poses serious
health risks if it is not properly identified and disposed of. It has negative effects
on plant development as well as human and animal health. Classifying,
disposing, and treating municipal garbage correctly is the sole option [37].
Lack of Awareness about Waste Management - The majority of people are
unaware that pollution may result from improper garbage collection and
handling. The enormous increase in population over the last few decades has
made waste management a major challenge on a global scale. By hosting
seminars, we can help raise awareness among the general public. The program'’s
significance lies in the fact that it raises awareness throughout a nation's
populace. Most Indians are oblivious to the distinction between dry garbage and
moist waste and cannot properly dispose of either. Since most of them were
born and raised in slums, they have never experienced discrimination based on
race. The importance of holding workshops and seminars on effective waste
management cannot be overstated in the effort to raise awareness of the need
for better sanitation and trash sorting in every city and neighbourhood. Effective
waste management may be improved through public education.

Lack of Technical Solution and Public-Private Partnership - The loT and ML
technology, and other cutting-edge solutions are required to implement an
efficient waste management system. Some emerging technologies have the
potential to excel in this space. Thus, we discovered a much less need for public-
private collaboration in the current context to develop this kind of system [38].
Participation of Organized Sector for Carrying Out Efficient Management of
Waste - As the development of an effective waste management system becomes
a necessity, the participation of the people in that country in various practices
for successful rubbish collection and disposal becomes increasingly vital. The
rag-picker, who travels from city to city collecting rubbish, shows little
gratitude for the accolades of the general public. Giving them the right guidance
is, thus, crucial. Any nation or municipality may achieve zero waste pollution

with the cooperative effort of all sectors [39].
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Transportation of Waste - Waste management across the country relies heavily
on transportation. Vehicles including trucks, tractors, and others are used to haul
away the garbage. Most cities in India lack a reliable public transport
infrastructure, and those that do may rely on ageing vehicles that are inadequate
for rubbish collection. These are the most common challenges associated with
trash management. An optimized path, which may save a lot of time and money,

can be provided by efficient transportation [40].

1.5 BENEFITS OF WASTE MANAGEMENT AND SEGREGATION

Waste treatment and management have several advantages, and this section will

examine them in detail.

Better Environment - The most obvious benefit of waste management is an
improved and cleaner environment. Likewise, garbage disposals aid in the
prevention of illness in communities. The best thing is that this occurs while
waste is being properly and hygienically disposed of. Attempting to prepare the
trash disposal process requires the placement of many waste disposal units in
tier-1 and tier-2 cities. The long-term implementation of exceptional safety
measures will also benefit from this.

Conserves Energy - Recycling is an integral part of waste management. which
also has long-term benefits for energy efficiency. The practice of recycling
paper is a prime example of this benefit in action. We are probably all aware
that hundreds of trees must be felled to create paper. Recycling paper reduces
the number of new trees that must be planted to produce paper. You'll be saving
electricity and decreasing your carbon footprint.

Creates Employment - Hundreds of employment are generated only by the
recycling business. More and more individuals are adopting this
environmentally beneficial practice, which is great news for businesses that
make and sell recycled goods. They may grow their company and employ
hundreds more people as a result of this.

Helps Make a Difference - When you take care of garbage, you help the

environment and the community. While it's true that nobody can eliminate

13



waste, everyone can do their part to protect the environment by recycling more
and producing less trash.

e Reduces Pollution - Toxic greenhouse gases, such as carbon dioxide, carbon
monoxide, and methane, are commonly released from accumulated wastes in
landfills, although their influence and intensity can be mitigated with proper
waste management. Waste management lessens the load on landfills and cuts

back on a wide range of environmental stresses.

1.6 CHALLENGES AND OPEN ISSUES

The numerous applications of the smart city concept are shown in fig. 1.7
each has its own unique set of practical challenges that must be met. The most
significant challenges include, but are not limited to, the effective integration of
various sensing technologies, the creation of an adequate network infrastructure, the
education of the public, and the study of sustainability issues like carbon footprint.
Trash cans with sensors to monitor rubbish disposals have been the focus of loT
research in the waste management sector. One of the most serious issues related to
smart city applications is solid waste management because of the negative effects it
has on human health and the environment. Human and animal activities produce
solid wastes, which are often discarded because of their perceived lack of value. In
the research, the inefficient parts of each model are used to classify the whole set of
models. The physical infrastructure includes trash cans for several types of trash,
including biodegradable trash, plastic trash, paper trash, metal trash, hazardous
waste disposal, and general trash [1-2][4][14][32].
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Figure 1. 7 Different Challenges in the Smart City Concept

The environment, public health, and standard of living all take a hit when improper
measures are used to deal with solid waste. Though improvements in both practice and

technology have helped, there are still barriers to effective waste management.

e Collection and disposal infrastructure - Inadequate collection and disposal
infrastructure is a key issue in the field of waste management. The inappropriate
collection, transportation, and disposal of trash has many negative effects on the
environment, including but not limited to littering and illegal dumping. The
buildup of waste increases the risk of disease outbreaks because it serves as a
haven for rodents. Poor infrastructure can pose dangers to public health, cause
social problems, and damage the environment. To solve these problems, waste
management facilities need to be upgraded. As a result, communities may be
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safeguarded against the unfavourable effects of trash by employing efficient and
responsible waste management practices.

Financial constraints - Another major problem is that waste management
programs are underfunded. Waste management infrastructure and programs are
often underfunded, especially in low-income areas and developing nations. This
might lead to insufficient resources being allocated to trash management.

Lack of support from localities - There might be pushback to implementing
waste management methods from a wide range of individuals, organizations,
and even governments. There might be undesirable outcomes if waste
management methods are not implemented. Lack of information, erroneous
views, and societal and economic obstacles all play a role. People may not apply
best practices in waste management if they are content with the status quo or
think they are superfluous. However, businesses may be cautious about
implementing best practices because of the potential financial burden of doing
so. Furthermore, governments may be impeded in their efforts to implement
these reforms by political and societal obstacles. That's why it's so important to
get people involved in the conversation and educate them on the importance of
trash management.

Ineffective recycling or composting - Municipal solid waste management also
faces limitations in the form of limited recycling and composting possibilities.
This is because most communities just don't have the means to start recycling
and composting programmers. A greater amount of garbage is sent to landfills
because of a dearth of recycling centres in more remote areas. In addition, many
things that may be recycled or composted are turned away by community
recycling centres. Moreover, landfills and incinerators are the principal means
of rubbish disposal for certain towns since recycling and composting facilities
are not conveniently located nearby.

Ever-changing climate — The changes in the weather are affecting garbage
collection as well. Rising temperatures and varying weather patterns impact
waste management in several ways, including generation, transit, and disposal.
Changing precipitation patterns, for instance, may make it harder to transport

garbage as temperatures rise. Landfills are particularly vulnerable to the

16



negative effects of climate change, which can threaten both the environment and
human health. Therefore, climate change must be taken into account by waste
management planners when designing new plans and procedures. It is essential
to invest in renewable energy and low-carbon solid waste management
technology, as well as to implement sustainable waste management practices
such as waste reduction, reuse, and recycling.

Lack of technological advances - This means that there are no viable options for
long-term garbage management and disposal. However, inefficiencies in
garbage collection and processing are a result of the outdated technology now
employed in the waste management business. As a result, it is crucial to
modernize the garbage collection industry. The effective application of
technology can facilitate financial savings, enhanced recycling procedures, and
the spread of environmentally friendly waste management policies.

Changing consumer preferences - E-commerce and online buying have grown
in popularity due to the ever-evolving needs of consumers. The usage of more
packing materials and cardboard boxes has contributed to this problem. The use
of plastic water bottles and grocery bags, for instance, contributes to this
problem. These packaging scraps and plastic goods are notoriously
unrecyclable, and hence contribute significantly to environmental deterioration
and greenhouse gas emissions when they are eventually dumped in landfills.
The only solution to this problem is to push for the widespread implementation
of environmentally friendly consumer trash management policies. Governments
may provide a hand by establishing laws, such as taxes on single-use plastics,
that encourage more environmentally responsible purchasing decisions.
Unclear regulations - The recycling business also faces the problem of
ambiguous rules. Disparities in waste management rules and procedures
between jurisdictions might fall into this category. This might confuse the
several trash management firms that operate in different areas. Simplified,
transparent, and uniform rules are needed to tackle this issue. Policymaking on
a national or worldwide scale is one option, as is harmonizing the definitions of

recyclable and compostable products.
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There are still some challenges related to solid waste management and regression in

India, which are

Environment and health issues - The effects of environmental degradation on
human health are substantial. Without appropriate gloves, clothes, and safety
equipment, formal and informal employees are at direct risk to their health.
Those who reside close to landfills have an increased risk of contracting
gastrointestinal worm parasites. Methane, produced during the anaerobic
breakdown of biodegradable garbage at open landfills and sometimes even
leading to fires and explosions, is a major greenhouse gas contributor.
Leachates' smell and movement to receive water and soil are two major issues.
Malaria, dengue fever, and other mosquito-borne illnesses spread when water
collects in discarded tyres at landfills. Fine particles and haze, released when
trash is burned uncontrollably in dumpsites, are a major contributor to
respiratory illnesses. Gases such as carbon dioxide (CO2), carbon monoxide
(CO), particulate matter (PM), mercury, polycyclic aromatic hydrocarbon
(PAHS), and dioxins and furans from plastic pyrolysis, and even arsenic in water
can cause cancer and death, especially in newborns and adults. The presence of
microplastics in the water harms marine life and the food web.

Infrastructure and finance management - Without a stable financial and
managerial structure for their garbage industries, cities and ULBs are failing.
Waste segregation has not been widely adopted and maintained since it is not
economically beneficial. Under the 12th and 13th finance commissions, the
government of India approved grants and funding of around Rs.20,000,000,000
for the Swatch Bharath Mission, which would be used to advance SWMS
throughout the country.

Improper implementation of government policies - Policymakers at the national
level should make managing the country's solid waste a top priority. Economic
development, unplanned land use, urban migration, and, most critically, the
absence of adequate regulation on solid waste management are the key causes,
especially in metropolitan areas. The current system of solid waste management

institutions is continually evolving. The Government of India's Ministry of
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Urban Development's Swachh Bharat Mission. Cities must implement open
defecation and socially prioritized SWM systems as part of a nationwide effort

led by urban local governments (ULBSs).

1.7 COMPONENTS OF IOT ENABLED SMART CITY

For Smart Cities to function, it is essential to have a framework that takes
advantage of sensing devices as a data source. Figure 1.8 depicts the components of
a typical sensing node. The node's sensor component communicates with an MCU,
which processes the data. While the node is connected to a specific power source,
power consumption is often reduced by a power management unit [2]. Once the
MCU has processed the sensor data, it passes it along to a radio unit, which then

broadcasts the information using an antenna and a wireless connection.
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Figure 1. 8: loT-enabled standard sensor node of Digital Municipality

The components of an loT-enabled smart city aim to improve urban living by
leveraging interconnected devices, data analytics, and automation. These
components work together to create more efficient, sustainable, and responsive
urban environments. Key components include: sensors, microcontroller unit, power
management unit and efficient radio unit. Sensors are the backbone of a smart city,

collecting real-time data from the environment. These include temperature,
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humidity, air quality, traffic, and energy consumption sensors. The microcontroller
unit (MCU) plays a critical role by acting as the central processing unit for various
loT devices and sensors. It serves as the brain of smart devices, enabling
communication, data processing, and control within the city's loT ecosystem. MCUs
gather data from sensors and process the raw data locally before sending it to central
systems for further analysis. The Power Management Unit (PMU) and power
resources play a crucial role in ensuring efficient energy use, distribution, and
sustainability. These components are vital for the optimal operation of smart devices,
sensors, and infrastructure, enabling cities to manage energy consumption
intelligently and integrate renewable energy sources. Communication networks are
essential for transmitting data between 0T devices and city management systems.
This includes 5G, Wi-Fi, LoORaWAN, NB-1oT, and other wireless technologies to
ensure continuous connectivity. The network infrastructure enables real-time data

exchange across the city.

Waste management is important to the concept of a "smart city.” The distance
between the central trash processing facility and the garbage collection location is
an important consideration when assessing the efficiency of a waste management
system. Existing communication technologies, such as Sigfox and LoRa, which run
on a low-power, wide-area network (LPWAN), can handle this demand with a
sacrifice in data transmission speed, making them suitable for use in the waste
management system. There has been a rise in the study of wireless communication
in 1oT. However, as demonstrated in table 1.1, communication technologies like
Bluetooth, Zigbee and Wi-Fi enable better data transfer speeds while having shorter
data transmission ranges. ML and loT-based solutions are promising areas of study
for the development of intelligent waste management. To address the problem of
garbage disposal, the 1oT is facilitating a meteoric rise in the number of
interconnected devices. By increasing the amount of data collected, applications can
gain more functionality and intelligence through the use of Machine Learning (ML)
techniques [4][14].
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Table 1. 1: Characteristics of various communication medium

Sr. No | Characteristics | Bluetooth Zigbee Wi-Fi LoRa
| Transmission Frequency Direct Orthogonal Chirp
Technique Hopping Spread Frequency Spread
Spread Spectrum Division Spectrum

Spectrum | Sequence | Multiplexing

2 Data Rate IMbps 250 kbps | 11 Mbps and | 290 bps to
54 Mbps 50 Kbps

3 Peak Current 30 mA 30 mA 100 mA 17 mA

Consumption
4 Max. end 255 More than | Depends on | More than
devices 64000 number of 5000

IP address

5 Range 10m 10 to 100 100 m 10 km- 15

m km

1.8 MOTIVATION OF WORK

Garbage collection services have been in cities since the dawn of civilization, and as
the human population has grown, so has the amount of trash produced. Around 500 BC,
the lack of a reliable waste collection system made it imperative to implement measures
to prevent littering the public realm, which in turn posed several health risks. In the
beginning, garbage was burnt and disposed of, but this method was inefficient and a
nuisance to city dwellers. rubbish segregation has become an important part of waste
management as governments across the world pass legislation to reduce pollution in
urban areas. Many types of rubbish may be recycled, and some can even be burned for
electricity. Packaged foods and plastic bags are major contributors to modern landfills.
The rapid speed of city life is a major contributor to waste pollution, which in turn has
prompted the need for rubbish sorting. There is a system in place to address this issue,

but it has to be refined to account for the proliferation of trash dumps. Manual waste
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collecting and sorting is inefficient since humans are prone to error and can easily

confuse different types of trash.

The Internet of Things (1oT) underpins a smart waste management system, one of the
cornerstones of the trendy new term "Smart City". In industrialized and first-world
nations, in particular, there are innumerable Smart loT-based Solutions for waste
management systems now being implemented. However, trash management is a
significant issue in low-income developing nations since littered roadways result from
inefficient garbage collection and disposal practices. Because of several considerations,
including societal and cultural constraints Since there are fundamental issues with the
core duty of waste management in underdeveloped nations like Bangladesh, present
smart solutions are incompatible. Today's society has a pressing need for loT-based
waste management solutions. Managing garbage is become a global concern. Without
an efficient waste management system, society has faced serious ecological and
economic problems. However, many communities still don't use the essential
procedures for rubbish collection, resulting in foul odours and human misery. Many of
the issues plaguing current manual waste management systems may be eliminated with
an automated solution. Despite the obvious benefits of loT-based automated waste
management systems, such systems are currently at the development stage worldwide.
In this thesis, a smart garbage collection system is proposed which is built on the 0T
and ML.

1.9 RESEARCH PROBLEM

Most household and commercial trash is created in the office or at home and
consists of organic materials, paper, glass, plastic, and metal. Wastes such as sewage
and industrial byproducts are not included. It is hypothesised that the proportion of
inorganic components in the waste stream rises as individuals gain money and move to
urban centres. These items must be disposed of in a manner that does not pollute the
ground, air, or water. However, due to the lack of segregation in garbage cans, rubbish
disposal has become a major problem in urban areas [1]. This is because sorting rubbish
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on such a massive scale is difficult. It's a terrible scenario since there is nowhere to put
trash and the places that do exist are overrun. Recent surveys indicate that the vast
majority of waste management budgets are spent on transportation and collection,
leaving only a small amount for treatment. To reduce the need for landfills and the
associated costs, it is recommended that garbage be sorted at the point of generation,
with recyclables going to recycling facilities and the rest going to landfills [3][6]. Trash
may be divided into three categories: biodegradable, non-biodegradable, and home-
hazardous. The rule for wet and dry garbage was written to be simple and
straightforward. The Bureau of Indian Standard Specification specifies that any
forbidden materials, such as plastics or thermocol, must be handled separately during
processing. Residents are obligated to practise the aforementioned guidelines for waste
sorting. Therefore, it is important to notify people of these requirements and to keep an
eye on waste segregation practices [13][19][28] so that individuals who do not comply

with the practices may be informed and trained.

Our major focus will be on determining the contents of dry and wet trash, as well as
biodegradable and non-biodegradable waste, based on rubbish images collected at
various locations and monitoring garbage levels in smart dustbins. A system is
suggested to keep an eye on regions for segregation practises, in which photos of
garbage bins will be monitored using 10T and analysed using Machine Learning and
Image Processing to predict if the waste is dry, moist, mixed, or biodegradable and non-
biodegradable.

1.10 RESEARCH CONTRIBUTIONS

The contributions of this research work are summarized as follows:

e Developed Data Acquisition and Monitoring Framework Using Wireless Sensor
Networks and Thing Speak 10T Analytics for Waste Management

e Designed the hybrid learning garbage waste classification system architecture.

e Feature layer from pre-trained ResNet 101 and classification layer from
machine learning algorithms are implemented to train and test garbage waste

images.
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e An automatic image-based garbage classification system with advanced object

detection.

1.11 OBJECTIVES

= To study different methods considering key attributes related to waste
management for smart cities.

= Todevelop an loT-based WSN framework and monitor waste in smart cities for
efficient data acquisition using image processing tools.

= To design a hybrid machine learning algorithm to analyze extracted data for
efficient segregation of waste.

= To compare and analyze proposed methods using potential parameters like

accuracy, latency, precision, and computation time.

1.12 THESIS ORGANIZATION

This thesis consists of the following six chapters.

Chapter 1 entitled “Introduction” is the introductory chapter. This chapter explains the
research’s background and motivation. It also outlines the research goal to be reached
as well as the scope of work that will guide the research. It also describes the importance
of the fundamentals of the proposed system keyword technology with its architecture

and various features and significance related to the domain.

Chapter 2 entitled “Review of Literature”, contains a literature review on the theme
related to this research. In this chapter, a literature review of existing works is presented
on loT-based monitoring systems and intelligence waste management with various

machine-learning approaches.

Chapter 3 is entitled “Development of an loT-based WSN Framework for Data
Acquisition and Monitoring of Waste”. This chapter gives an explanation of the
proposed framework architecture with working flow. Also, the proposed approach of

having Data Acquisition based on IoT for waste management systems is presented.
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Chapter 4 entitled “Development of a Data Analytics System to Analyze Extracted Data
for Efficient Segregation of Waste”, presents the proposed methodological approach
which mainly consists of two modules, camera sensor data analytics for classification
of waste images and waste environmental sensor data analytics using supervised

machine learning for effective waste management.

Chapter 5 is entitled “Experimental Results and Discussion”. Based on the simulations,
multiple classification methods are compared in accordance with the various
performance parameters primarily based on the confusion matrix and analyze the

proposed system performance with state of art methods.

Chapter 6, entitled “Conclusion and Scope for Future Research Work”, emphasizes the
main accomplishments and utility of the research and also discusses the scope for the

development of future research work.

CHAPTER 2 REVIEW OF LITERATURE

2.1 LITERATURE REVIEW

The researchers examined [1] a system that uses DL-CNN (convolutional neural
networks) to predict trash by combining existing approaches to garbage classification
with those for object detection and image classification. After the necessary data sets
and labels have been created, the ResNet and MobileNetV2 algorithms may be used to

train and evaluate the trash classification data. Garbage object data is utilised to train
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and evaluate three YOLOVS5 family algorithms. Five separate categorization studies of
trash have been brought together for one final report. The picture categorization
recognition rate was raised from 2% to 4% by using a consensus voting technique.
Through rigorous testing and deployment on the Raspberry Pi microcomputer, we have
successfully improved the rubbish picture categorization identification rate to over
98%.

Some of the topics covered include [2] smart bins, waste-sorting machines, waste-to-
energy, waste monitoring, waste-generation models, modern materials and
differentiating fossil, disposal, logistics, resource recovery, illegal dumping, process
efficiency, smart cities, and improved public health. Artificial intelligence might reduce
waste logistics-related time spent on the road by up to 28.22%, money spent by up to
13.35%, and gasoline used by up to 36.8%. With the help of Al, trash may be classified
with a prediction accuracy of 72.8% to 99.5%. Al and chemical analysis are useful in
many contexts, including waste pyrolysis, energy conversion and carbon emission
estimation. Also, explain how Al may help smart cities simplify and lower the cost of

trash collection.

The collection of tools, techniques, and plans that make up an effective waste
management system [3]. It is shown that it is possible to implement a system and
method for waste disposal that works, which might be used in the future to boost output
while cutting expenses. Deep learning is helping to eliminate a major roadblock to
efficient trash management. In terms of accuracy, the suggested technique was superior
to AlexNet, VGG16, and ResNet34.

A household garbage sorting system was developed using the TensorFlow object
detection model and an Arduino microcontroller [4]. The SSD MobileNet V2 model
was educated using a dataset consisting of common home garbage such as metal,
plastic, paper, glass, organic waste, and an empty class to evaluate if trash is being
dumped out. When it comes to putting trash in the right bin, the method developed has
a recall of 88.3% and a mAP of 86.5%. If waste is sorted and recycled, landfill use can

be lessened, carbon footprints can be minimised, more recyclable materials can be
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recovered, and greenhouse gas emissions can be lowered. Segregation at the source is

preferable for municipal solid waste management due to its lower cost.

Some of the intelligent approaches used to categorise garbage were described and
studied [5], including deep learning, intending to study the qualities of solid waste.
Quite a few real-world examples of model approaches to waste categorization
management. The increasing volume of garbage makes intelligent waste sorting
mandatory. In this article, we take a look back at the most widely used intelligent
approaches to trash categorization and draw some parallels between them. A subset of
solid waste was the primary focus of the categorization kinds. Multiclass was a part of
it, and the top results were obtained via the CNN, Mobile net, and Resnet all had
impressive accuracy rates, whereas the decision tree and random forest performed
poorly. The convolutional neural networks are improved using a transfer learning
approach, allowing for more accurate detection of the various forms of garbage. The
efficiency and precision of the model can be enhanced. The transfer learning approach

is used on a CNN to train the model to better distinguish between waste categories.

To forecast the rate at which demolition trash is produced in South Korean
redevelopment zones, a hybrid model is built [6] by combining the techniques of
principal component analysis (PCA), k-nearest neighbours, decision trees, and linear
regression. Without PCA, the decision tree model outperformed the k-nearest
neighbour’s model. The predictive ability of the hybrid PCA-k-nearest neighbours’
model was significantly higher than that of the non-hybrid k-nearest neighbours’ model
and the decision tree model. The observed data had a mean of 987.06 (kgm2), the k-
nearest neighbours” model had a mean of 993.54 (kgm2), and the PCA-k-nearest
neighbours’ model had a mean of 991.80 (kgm2). Based on these findings, an ML-
based technique was suggested called the k-nearest-neighbours model to predict the

quantity of debris produced during demolition.

The prediction accuracy for monthly municipal SWG was provided [7] using an
adaptive hybrid model that combines the ensemble empirical mode decomposition
(EEMD) with Al models. Time series in the SWG dataset are neither stationary nor

linear, thus we use a partial autocorrelation function to determine optimal antecedent
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values for SWG and then employ EEMD to decompose all input/output variables.
Information collected in Tehran from 1991 to 2013 was used to determine how effective
the strategy was. The superiority of the suggested model was demonstrated by
contrasting it with other models that have been subjected to independent verification.
The suggested hybrid EEMD-MARS model for SWG prediction outperformed the
EEMD-LSSVM model, the baseline LSSVM model, and the MARS model based on
the statistical criteria. The researchers used a Monte Carlo technique to validate the
uncertainty analysis's data dependability, and they found that the EEMD-MARS model
was both more accurate and more promising than the alternatives for predicting solid

waste production.

The human visual system may be trained to identify trash at a glance [8]. Adding a trash
proposal module that takes a comprehensive feature fusion approach is one way to make
the proposed framework more amenable to waste detection. This module is meant to
guide the framework in proposing more likely regions that include rubbish. To better
manage spatial misalignment and enable fine-grained categorization of ideas related to
trash, a waste classification module with a soft attention mechanism and foreground
mask was developed. To recognise several garbage kinds with little training data, the
suggested approach is a universal detection framework. The proposed system achieved
31.16% mean average accuracy across 12 waste categories with just 30 instances per
category in trials, outperforming an existing few-shot detector named AFDNet by
1.68%. Reduced human effort spent on manual waste image collection and annotation

enhances waste management by making robotic rubbish detection more flexible.

With the help of servo motors and deep learning, waste can be efficiently sorted and
transported to the correct containers [9]. When the garbage cans are full, the gadget can
send a signal to the proper authorities through dual-band GSM-based communication
technology and ultrasonic sensors embedded in each may. Thanks to its automated
features, the complete system may be operated from afar using an Android app to
deposit the collected trash in the designated location. With this system's help, we can
reuse and repurpose materials that were once destined for landfills, reduce our impact
on the environment, and save money. Therefore, the system contributes to the

requirements of a circular economy by optimising and extracting resources. Lastly, the
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system is built to be cost-effective while yet providing cutting-edge results in artificial

intelligence (Al). Our deep learning model, ConvoWaste, has achieved 98% accuracy.

Data collecting strategy based on the aims of prior research [10], patterns of ML
adoption, waste datasets, dependent and independent variables, and prediction models
of garbage output built using Al. The majority of the research we looked at used
assumptions about the types of garbage generated, the amount of waste accumulated in
each site, and the overall categorization of waste. Predictive models are educated using
data like demographics and images of different sorts and degrees of rubbish. Some
studies have employed ANNs and CNNs to classify trash, but others have turned to
alternative techniques, such as the gradient-boosting regression tree (GBRT). Lack of
real-time time series waste information, unreliable analytics models, and an emphasis
on short-term projections rather than the large picture all contribute to the difficulty of
predicting solid waste creation and disposal. Finally, to spur more study in this field,

the implications and limits of the chosen models are discussed.

Through the Internet of Things, we can now predict the potential waste of things using
an algorithmic technique [11], which allows for an intelligent and effective waste
management system to be realised. Waste capacity and metal and gas levels can all be
tracked in real-time using loT-based trash cans, which can be placed anywhere in the
city. Then, several ML-based approaches are used to see how well our proposed
solution performs. The efficacy and execution time of the method are analysed using
machine learning classification techniques. The random forest method has a 92.15
percent success rate and an execution time of 0.2 milliseconds. These findings
demonstrated the efficacy of the random forest algorithm, which forms the basis of the

approach we propose.

Using off-the-shelf parts that can be fastened to a garbage can of any size, a smart trash
disposal monitoring and prediction system was recently demonstrated [12] that relies
on loT. The proposed gadget employs a GPS module, ultraviolet (UV) and infrared (IR)
sensors, and a microprocessor to screen the status of containers at set intervals. The
architecture developed has no wires between the front and back ends, instead relying

on a cluster network to relay information to a central processing unit. Long Short-Term
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Memory (LSTM) is a neural network method used to learn and predict future rubbish
based on waste generation trends. Their system also used Firebase Cloud Messaging
(FCM) to alert the appropriate individuals in the event of a bin becoming overflowing.
Web apps may use FCM JavaScript API to send notifications to browsers that support
service work. As a result, the proposed method is socially beneficial since it helps
authorities enforce stricter laws on rubbish collection and disposal. The proposed
system also has an adaptable web-based data display, automated bin-height calibration,
and data storage in a real-time, cloud-based Firebase database.

A powerful framework for waste management is developed [13] using DL and 10T. The
CNN is used in the proposed method to accurately categorise trash as either
biodegradable or non-biodegradable. The architectural idea also includes a high-tech
trash can that is run by a microprocessor and a number of sensors. The proposed method
employs Bluetooth and the Internet of Things to monitor your gadgets. When the loT
is paired with Bluetooth, short-range data monitoring is possible with an Android app,
and real-time data may be controlled remotely from anywhere in the globe. The
resulting model's efficacy is assessed by cataloguing and interpreting metrics including
the precision with which waste labels can be classified, the precision with which sensor
data can be estimated, and the system usability scale (SUS). The suggested architecture
uses a CNN model, and its classification accuracy is 95.3125%, with a SUS score of
86%. But this clever technology will adapt to your family's habits and track garbage in

real-time.

The CNN method offers a solution to the challenge of trash sorting [14]. A loss of
0.0205 is achieved in the model's accuracy of 0.9969. To this end, CNN algorithms

applied to the task of trash classification improve outcomes and cut losses effectively.

The trash categorization issue has been addressed with the use of deep learning
algorithms [15]. There are two main types of trash: organic garbage and recyclable
trash. The accuracy of our suggested model is 94.9%. Although both competing models
produce promising outcomes, the Proposed Model stands out as the most accurate. One
of the biggest roadblocks to effective waste management may be eliminated with the
aid of DL.
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Through the MSWM process, from trash generation to disposal, ML algorithms are
employed [16]. Through its analysis of unanswered questions and future potential for
ML use in MSWM, theoretical and practical suggestions are offered for additional
research work in the field.

The survey contributes by reviewing different object detection and image classification
models [17] and their applications in waste classification and detection problems, as
well as by analysing waste classification and detection techniques with precise and
organised representation. We bolstered the study by talking about the drawbacks of the
existing methods and the potential benefits of future innovations. This will give
researchers a solid foundation in the most cutting-edge deep learning models and a

crystal-clear picture of the unexplored research possibilities in this area.

The model was created [18] for intelligent DRL-based identification and categorization
of items in recycling waste streams. The IDRL-RWODC approach uses DL and DRL
techniques to detect and label garbage. First, a Mask Regional CNN (Mask RCNN) is
used for object identification in the IDRL-RWODC approach, and then a Deep
Reinforcement Learning model is used for object categorization. Furthermore, a deep
Q-learning network (DQLN) is used as a classifier in the Mask RCNN model, with a
DenseNet model serving as a benchmark. A hyperparameter optimizer using the
dragonfly algorithm (DFA) is created to further improve the performance of the
DenseNet model. Simulations conducted on a benchmark dataset corroborated the
experimental findings that the IDRL-RWODC technique achieved the highest accuracy
compared to other, more modern approaches to garbage categorization.

Using a multi-model cascaded CNN to identify and classify images of household trash
was proposed [19]. MCCNN used the findings of three different networks to get its
conclusions. To further decrease false-positive predictions, a classification model
cascaded with the detection component to ascertain the accuracy of the detection
findings. For training and evaluating MCCNN, a large-scale waste image dataset
(LSWID) was assembled which consists of 30,000 images of household rubbish tagged
in 52 different ways. The LSWID is the biggest collection of images of household

rubbish ever assembled. The efficiency of rubbish recycling was also improved because
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of the introduction of a smart trash can in a Shanghai area. The experimental findings
demonstrated cutting-edge performance, with an average detection accuracy

improvement of 10%.

Research papers that were chosen have applied different DL models to garbage
identification and segregation, as well as waste generation forecasting [20]. The study
has established the methodology for conducting a systematic review, which includes
several criteria and an evaluation method for determining the quality of research studies
to be included in the review. The review provides an in-depth look at the various DL
models and approaches used in SWM. It also contrasts the stated performance of chosen
research and emphasises the application fields. The examined literature supports the
conclusion that DL shows reasonable performance for garbage detection and
classification. In addition to filling up the research gap, this article outlines the

computing requirements of a Deep CNN.

Hardware for simple trash sorting is proposed in [21] using a deep learning architecture.
The proposed hardware solution is based on deep learning. SmartBin uses image
classification through a CNN architecture on a real-time embedded system to sort trash
into biodegradable and non-biodegradable bins. Using photographs to identify garbage
can help speed up the process of precisely categorising the many items that end up in
the bin. Garbage detection is far more difficult than object recognition since trash can
be any shape, size, colour, or texture, whereas images of objects belonging to the same

category all share similar traits and properties.

The authors describe a deep learning-based classification approach [22], wherein
ResNeXt serves as a deep neural network well-suited for real-world application, and
wherein transfer learning approaches are used to further improve the classification
accuracy. Because of its critical importance in the present environmental protection
framework, we focus particularly on the problem of medical waste categorization. The
method was used for 3480 photos, and it predicted the medical waste into 8 types with
a 97.2% accuracy, as measured by the average F1-score of five-fold cross-validation.
A DL-based approach was designed to automatically identify and categorise 8 different

types of hazardous medical waste.
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To better organise the heap of garbage at the dump, researchers at [23] created a system
to divide it up into grid-like sections. Using a camera, an edge node receives a picture
of the dump site. To make a specific garbage item prediction, a test picture for the
learned DL is provided by the grid cell image segments. In this case, VGG16, a deep
learning technique employed. Training takes place on a cloud server that has been
moved to the edge node to reduce latency. Switching to a hybrid or distributed style of
computing can reduce lag time and make better use of our computer resources. Over

90% accuracy is achieved by the taught algorithm, making it highly powerful.

Effective waste management may now be achieved with relatively little effort and cash
because of the [24] proposed strategy. It's also useful for city governments since it
makes it easier to automatically identify rubbish dumps in outlying regions. The
automation was developed using two CNN models utilising drone-collected photos of
trash. Each model was trained on the same picture dataset but with distinct training
parameters, optimizers, and epochs. The selection of junk photos in this study makes
advantage of symmetry. Incorporating symmetry into feature extraction results in

uniformity when scaling photos.

There have been suggestions that deep learning methods may be used to develop fully
automated systems for garbage sorting [25]. Yet, the vast majority of datasets employed
for this function are insufficient. In this study, TrashBox, a novel dataset provided with
17,785 photos spanning seven groups, two of which (medical trash and electronic
waste) are not represented in any other current dataset. Our research has led us to
believe that TrashBox is the most comprehensive dataset of its kind. As part of the
evaluation of TrashBox's generalizability, models are trained with transfer learning to
see how well they perform, and the results are impressive: an accuracy of 98.47%. It
also investigated how quantum transfer learning may be used in a revolutionary deep
learning system. Promising outcomes have been found in experimental evaluations on

benchmark datasets.

An enhanced ant colony optimisation (IACO) technique for HGR based on video
sequences was developed and given by DL [26]. There are essentially four phases to

the proposed structure. As a preliminary step, we use a video frame to normalise the
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database. Next, two pre-trained models, InceptionVV3 and ResNet101, are chosen and
tweaked to fit the characteristics of the dataset. Following this, we collected features
from both revised models and trained them with transfer learning. Extractive
characteristics are enhanced by the IACO algorithm. Following feature selection with
IACO, the best features are sent into a Cubic SVM for labelling.

The researchers provide a deep Al model [27] that strikes a decent compromise between
classification accuracy and memory utilisation. An improved SqueezeNet model with
quantized weights is proposed here for use in robotic Hoover cleaners. Based on images
or videos captured by robot vacuums, this model can distinguish between cleanable
litter and noncleanable dangerous impediments in the home. In addition, videos are
collected and stills from camera-equipped robot vacuum to round out the dataset. There
are 20,000 photographs in all, taken from the floor level, depicting the dining rooms,
kitchens, and living rooms of different residences in a variety of lighting settings. The
suggested deep Al model uses at least 22.5 times less memory than existing methods
while maintaining accuracy in object categorization at roughly 93%, as demonstrated

by experimental data.

It was proposed [28] that a new framework be developed to centrally gather, monitor,
and evaluate data streams from IoT sensor devices detecting trash can overflow in a

decentralised scenario.

To aid in the classification and separation of problematic rubbish, the automated ML-
based waste recycling framework (AMLWRF) has been described [29]. The
fundamental objective of the work is to examine the use of ML algorithms in recycling

systems.

For the incineration procedure in waste-to-energy facilities, an intelligent modelling
strategy based on deep learning was described [30]. As a first step, the outcome factors
are chosen by considering how well they balance safety, stability, and cost. Mechanism
analysis was used to establish the baseline values of the output variables, and the Lasso
method was employed to eliminate non-essential or redundant data before settling on

the final set of input variables. Second, an input/output model was created with several
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inputs and outputs using deep learning and computed the delay times individually. As

a final step, the deep learning model was validated against more conventional models.

Using Simultaneous Localization and Mapping (SLAM), a robot for C&D waste
recycling is described in [31]. DL strategy and a high-precision 3D item pickup
mechanism are built to further guarantee reliable garbage recognition and capturing.
This research looked at how changes in illumination and population density affected

the reliability of identifying construction and demolition debris.

Using a unique hybrid ML-based technique RF and LSTM [32], the output of biogas
generation is forecasted by redefining the critical factors. The analysis employed input
and output data collected from a functioning biogas factory. The proposed hybrid model
outperforms its nearest competitor among traditional analytic models by 20% when it

comes to estimating biogas production.

To detect and automatically categorise old textiles, [33] offers a method based on CNN
and online near-infrared spectroscopy. Synthetic intelligence utilising a convolutional
neural network for trash recognition and classification [34]. Deep learning and machine
vision suggested fine-tuning the sorting robot's command and control system [35].

Secure Energy-Aware Meta-Heuristic Routing (SEAMHR) is a protocol designed to
enhance the safety and efficiency of wireless sensor networks [36]. To achieve reliable
and smart learning, the suggested protocol first employs Meta-Heuristic analysis based
on Mutation Elephant Herding Optimisation. The protocol learns the best routes by
accumulating hop counts, residual energy and connection integrity metrics. The
protocol employs AEs (Auto encoders) and a counter-mode cryptography technique

called CTR-AEDL for encrypting data and authenticating inter-routing.

A deep dive into the several Internet of Things-based methods [37] now in use for trash
collection in SCs. In addition, a method is offered based on loV for gathering data

relevant to SC waste management.

The goal is to assess cutting-edge methods and tools for dealing with hazardous waste
in all its forms, from collection to treatment to final disposal [38]. Additionally, the
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possible effects of new technology on metrics like performance, the economy,

longevity, and policymaking are discussed.

Real-time monitoring of solid waste from remote locations is suggested and realised
using the WPAN and cloud-assisted architecture [39].

Using deep neural networks, this system can monitor instances of illegal trash disposal
[40]. The dumper's articulation points (joints) are obtained via OpenPose, and the
garbage bag's type is identified via the object detection model, YOLO, allowing the
proposed monitoring approach to calculate the dumper's wrist's distance from the bag

and determine whether or not the dump is illegal.

Six different unique machine-learning approaches were compared for their ability to
foretell CO2 generation from composting green waste [41]. Once severe outliers were
removed from the dataset, the Random Forest approach demonstrated the best
performance in both the classification test with an accuracy rate of 88% and the
regression task with an RMSE value of 23.3%. Guidance for lowering carbon emissions
from green waste composting may be derived from total organic carbon, with the Gini
index accounting for around 59%.

The deep learning networks are described for real-time, regional household garbage
identification [42]. The challenges [43] of developing and deploying an loT-based
"Smart Waste Bin" that detects when the threshold for odour (biodegradability) and

volume of trash in the bin has been exceeded are examined.

By analysing [44] how residents of M'sila deal with their garbage, this concept assessed
the current state of such management and pinpointed the crucial elements of integrated
planning for garbage disposal.

To classify and pinpoint trash, a two-stage detector was proposed [45]. We first use
EfficientDet-D2 to find the precise spot where garbage is, and then we use EfficientNet-
B2 to categorise that waste into seven different categories. To train the classifier, data
from both labelled and unlabeled sources is used. The increasing use of Al in waste
management allows for the development of more effective strategies and plans [46].
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Commonplace Smart Waste Management solutions are outlined, and several scholarly

works are discussed [47].

Taking into consideration physical restrictions, a novel method [48] was described for
route recommendation in an loT-enabled trash management system. It analyses the
results of several studies using methods based on artificial intelligence.

Using ML and IoT, a method is suggested for more intelligent and effective trash
management [49]. A novel loT-based intelligent waste monitoring system developed

[50] that may be used in private residences.

An attention-based VGG16 neural network model for sorting recyclables. After
convolution, the model incorporates the attention module to zero down on the most

relevant aspects of the feature map [51].

An automated plastic waste segregation system [52] that can separate garbage into the
four designated categories would be useful both in a central sorting facility and in
individual homes. Mobile device users now have access to a rubbish recognition tool

that may be used to help clean up urban areas.

The suggested system combines 10T, Deep Learning, and Image Processing to replace
the manual sorting of trash with an automated method [53]. An uneven precision
measurement weighting strategy (UPMWS) is developed using an ensemble learning
model, which is suggested for the classification of HSW using waste photos [54].

The ResNext model was improved using double fusion and regularisation to create
DDR-net (Double fused Deep CNN using ResNext), a state-of-the-art classification
model described in [55]. Actuators may be operated based on the model's output, and
the suggested model can be integrated into any classification setup process that uses a
camera to capture images of garbage as input.

The goal of the research work is to create an image classifier based on convolutional
neural networks (CNNSs) [56] that can be used to classify garbage.
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Real-time trash classification using a hybrid technique is proposed as the basis for a
smart waste classification model. Multilayer perceptron CNN (ML-CNN) are two of

the ML models used in this implementation [57].

A waste management system designed with a focus on implementation in areas with
limited financial resources and inadequate information. In such situations, local
governments must make the most of the tools at their disposal. Case studies and a

technique for such situations are provided in the publication [58].

For solid waste classification, MobileNetV2 is a deep learning model tailored for low-
power environments and tools like mobile apps and edge computing devices [59]. The
optimal network architecture, learning method, and activation functions for employing
ANNSs to anticipate the material makeup of physical waste streams from a given set of

meteorological factors [60].

With the use of meteorological and calendar information, as well as historical data from
a WtE plant, models based on the Gaussian processes regression (GPR) were

constructed to estimate the daily lower heating value of MSW [61].

The suggested method classifies garbage as either dry or wet based on the relative
humidity shift caused by the presence of damp garbage [62]. Municipal solid waste
generation prediction using socioeconomic factors: an evolutionary machine learning
technique [63].

To distinguish between trash-free and trash-filled zones, [64] proposes a machine
learning-based approach. The four alternative algorithms used in our method, with KNN
and Naive Bayes yielding 98.6 % accuracy, Decision Tree achieving 85.4%, and
Random Forest achieving 98.6 %.

Researchers [65] examine a brand-new WTE framework using an actual dataset
collected from MSW stations. Anaerobic digestion performance forecasting using

machine learning and genetic data [66].
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Two MSWI fly ashes from two Spanish towns were analysed physiochemically, and
the results were published [67]. This study's overarching objective is to determine

whether or not MSWI fly ash might be used to successfully sinter belite cement.

The study's major objective is to examine Al by investigating specific examples of
machine learning algorithms in action inside recycling systems [68]. In tests with
datasets of varying quality, the ANN model performed better. Both sets of modelling

results show that the most percentage of food waste reduces LHV [69].

A smart waste monitoring system using loT has been created [70]. An open loT
platform provided with a Raspberry Pi or an Arduino board for a trash-checking system
[71]. The authors of [72] introduce GarbageNet, an innovative incremental learning

system.

An Internet of Things framework was provided based on FIWARE to realise a highly
adaptable open-source software solution based on industry standards for the creation of

smart water systems [73].

Promising outcomes from implementing MMMT strategies in autonomous systems, as
well as the special difficulties that must be overcome. For autonomous systems,
especially those operating on power/resource-constrained or heterogeneous platforms,

the MMMT model and hardware co-design [74] are crucial.

Researchers have suggested utilising Al [75] to automate the process of sorting medical
waste streams for COVID from those of other types. This would allow for more
informed recycling decisions to be made. An inexpensive and user-friendly solution for

a household separation system is the Spontaneous Waste Segregator (SWS) [76].

U.N. Sustainable Development Goals (SDGs) [77] and the solid waste management
system's circular economy approach facilitate post-COVID recovery. Using
convolutional neural networks [78], specifically the DenseNetl21, AlexNet and

SqueezeNet networks, a smart strategy for trash sorting was created.

Automated waste classification into five types is possible by using DL and image

processing [79]. DenseNet169, a transfer-learning-based model for rubbish image
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classification, was introduced in [80]. A "smart bin" based on 10T is created for real-

time garbage management [81].

The LoRa wireless networking standard employed a TensorFlow-based deep learning

model to develop an intelligent garbage collection and disposal infrastructure [82].

The application of transfer learning with a lightweight neural network in a demonstrable
system for trash identification and sorting [83]. Through a process of data movement,
the basic neural network MobileNetV2 is recreated. The findings of a study that

compared three Deep CNN models designed specifically for waste classification [84].

An algorithmic proposed [85], computer-aided method for sorting waste based on the
principles of Al. To forecast the likelihood of the waste level in garbage cans, an
innovative approach has been presented [86]. The system can optimise garbage
collection via the quickest route because of its use of machine learning and graph theory
[87].

Smart bins with loT are demonstrated in an effective garbage-collecting system [88]. It
constantly checks on the trash cans to see which ones need to be emptied on the next
scheduled garbage pickup. In addition, the system provides an improved navigation
system that reveals the optimal path for collecting trash from the designated containers.

A neural network-based picture categorization and identification approach is
developed. CNN to classify e-waste and a more rapid region-based CNN (R-CNN) to
classify and quantify the waste equipment [89].

End-of-life management of bio-based goods is prioritised through recycling under this
strategy, to minimise waste sent to landfills. The versatility and usefulness of bio-

plastics make them a crucial material [90].

The major objective of the study is to assess the efficiency with which the waste
management programme is carried out. [91,92]. The suggested study looked into the
possibility of making money off of plastic waste as part of MSW to support MSW

management in Nepali municipalities [93].
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There is currently [94] an loT-based system for managing garbage in cities. The
suggested approach uses computer vision to categorise waste according to the degree
of contamination [95]. Separating Al on the edge from Al for the edge is of utmost
importance [96].

The goal of the study is to use a unique Al-based technique to the study of the

connection between innovation management and product recycling [97].

Four widely used machine learning models are examined [98] on their ability to

distinguish between biodegradable and non-biodegradable garbage.

An approach is provided for calculating landfill area [99] by combining the predictions
of ANN models with prospective ultimate disposal techniques. The purpose of the
research is to compare the performance of MLR and ANN models in predicting nutrient

recovery from solid waste following various vermicomposting processes. [100].

An artificial neural network method for assessing MSW's physical composition is
described [101] in China. A genetic method was proposed for planning efficient routes
for garbage trucks. The system was put through its paces in a simplified actual condition
in a specified location utilising just real data from city garbage pickups, proving its
viability in such settings [102].

A machine learning and infrared spectroscopy model-based characterization method is
provided to rapidly predict the elemental composition and heating value of BW. Rapid
characterization data might be utilised to classify BW components in terms of the most
effective ways to employ them in the final product [103]. Infrared spectra were used as
part of a hybrid model that incorporated feature compression for data extraction,
classification for identifying inorganic dilution, and regression for determining the

elemental composition and heating value.

The trash classification dataset is reconstructed using an AutoEncoder network [104].
Two dataset feature sets are extracted using CNN architectures. The combined feature
set was then subjected to the Ridge Regression (RR) technique, which significantly

reduced the number of characteristics while honing in on the most important ones.
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To help keep track of how much trash has been amassed in each trash can, a system for

Internet of Things waste monitoring is presented with weight sensing [105].

Conceptualization of a waste sorting system is performed [106]. The system facilitates
rapid queries of waste categorization information in a number of ways, so encouraging
consumers to appropriately identify their household rubbish. Goals include spreading
knowledge about how to properly sort trash for disposal and encouraging the continued

growth of environmentally conscious communities.

The indoor air quality monitoring systems based on loT are described, and a
comprehensive appraisal of the current state of the art is discussed [107]. Using
instance-level adaptation and transferable feature learning can help with the domain
shift problem in cross-domain visual recognition. The proposed methodology
outperforms the conventional fine-tuning method and yields desired outcomes in the

new target area, even in the face of reduced labelling [108].

The primary goal is to take advantage of the widespread availability of cell phones by
facilitating communication between persons and garbage collection stations about the
trash that needs to be collected. By taking an image of their trash and uploading it to
the garbage service's site, residents can help streamline the sorting and collecting
process. The suggested solution is both server-based and app-based. For image analysis,
neural networks are presented as a unique approach to classification and identification
[109].

The ConvoWaste architecture presented [110] for face identification and
categorization. A self-operating machine capable of identifying different types of
garbage and sorting them out has been developed. Trash was fed into a conveyor belt
via a funnel-shaped entrance, where it was identified using the Faster-RCNN technique

and then segregated using a servo motor depending on the detection result [111].

The DeepWaste app is a user-friendly smartphone solution that uses highly optimised
DL algorithms to promptly sort garbage into recyclables, trash, and compost. To
identify and categorise trash, we test out several convolution neural network designs
[112].
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The literature on smart solid waste management systems is gathered and analysed using
a systematic literature review approach [113]. There is a suggested method that can sort
trash automatically into the appropriate bin (recyclable, organic, or hazardous). The
technology employs deep learning algorithms to categorise garbage; the recyclable and
organic garbage so separated can be put to good use in the future. This procedure will
aid in making the environment more valuable and environmentally safe, paving the way
for the development of a lush green ecosystem and the realisation of a brighter, more
hopeful future [114].

The pre-trained ResNet-50 network was employed in the creation of a smart waste
material sorting system. The feature extraction is performed by a CNN model with
SVM classification that sorts trash into categories like glass, metal, paper, plastic, etc.
[115].

Internet-of- An automated garbage sorting system was developed with the help of these
things. A trash can is developed and equipped with sensors to record how often it is
emptied and how the trash within is separated. Garbage detection and sorting using

deep neural networks and picture recognition [116].

The application of neural network image processing proposed [117] to the problem of
finding and labelling trash along a conveyor belt. Images captured by a camera are sent

into a neural network, which then determines the objects' locations and types.

The benefits of the smart city reach well beyond its evident applications, preferences,
and compelling aims [118]. Python scripts in ArcGIS [119] give a heuristic-based smart
routing technique for MSW collection, allowing for the optimal solution of the model
to be generated, including routes, operating time of vehicles and total travelling

distances. The effectiveness of the algorithm will be tested in a case study using Sfax.

To minimise negative effects on the environment (such as carbon dioxide emissions
and noise pollution) and the economy (such as the number of trucks needed and fuel
consumption), scientists have designed a cutting-edge software platform and algorithm

for sustainable urban transportation [120].
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For 1oT/WSN applications utilising multivariate sensors, a real-time data collecting
model (RDCM) has been suggested [121]. There are two basic tiers to RDCM's
architecture, the 10T sensor board and the fusion centre. All 10T sensor boards run the
same code at the same time throughout each cycle to implement the IoT sensor board

level, and the fusion centre runs the code at the fusion centre level.

The plastics were separated into groups based on their appearance and physical
characteristics. It makes use of the fact that different types of recycled plastic have
common properties including density, hardness, and colour. Included in these
characteristics will be a dataset from which many classifiers may be learned to
determine whether or not a certain plastic object in an image is recyclable. After a
colour-based segmentation algorithm detects the plastic colour, a KNN classifier is used
to predict that colour [122].

The system demonstrated the potential of automated machine learning by solving a real-
world challenge in Smart Waste Management [123]. A strategy was proposed that
combines threshold segmentation and distance transformation to identify significant
differences in their spatial relationships. The recyclable bottles will be further organised
using a concave point search based on a convex hull after close bottles have been
located [124].

A genetic algorithm-aided fuzzy chance-constrained programming (GAFCCP) model
is used to enhance MSW management under uncertainty. By fusing the GA with the
FCCP method, the proposed model makes a significant new contribution towards

making the optimisation model more widely applicable and usable [125].

By analysing photos taken at various stages of composting, CNNs allow for rapid
assessment of compost maturity [126]. The recent developments in circuit and system

design discussed have used collaborative design of architectures and algorithms [127].

A Deep Neural Network (DNN) is used to show the findings of image classification
research within the context of deep learning. Since the Python programming language

is included in the TensorFlow framework [128], it is useful for developing Al.
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Capsule-Net was evaluated for use in solid waste management, namely the process of
sorting recyclables from trash. The sheer quantity of trash created and the scarcity of
available human labour have elevated this responsibility to one of paramount
importance [129].

Using deep learning technology, a new categorization approach is suggested to
automatically determine the kind of trash. Thus, it is also relevant to the categorization
of trash that has been recycled [130].

With the use of CNN [131], drones are being used as part of a precision farming system
to pinpoint problem areas in farms. Later on, with the aid of drones, targeted pesticides
were sprayed on the afflicted region based on the severity of the infection.

The pre-trained CNN net ResNet-50 model is used as the feature extractor in the
intelligent waste material classification system [132]. After that, the SVM is used to

sort the trash into its many categories: metal, glass, plastic, paper, etc.

Popular deep convolutional neural network topologies [133] are used to test the
suggested method. With a test accuracy of 90%, Inception-Resnet, Inception-v4
surpassed the competition when it came to training without pre-trained weights. Testing
on ImageNet showed that DenseNet121's weight parameter fine-tuning and transfer

learning achieved the greatest test accuracy at 95%.

To automatically categorise trash left by city dwellers, researchers have developed a
multilayer hybrid deep-learning system (MHS) [134]. This device uses a high-
resolution camera to take pictures of trash and sensors to pick up data on other features
that might be helpful. The MHS uses a convolutional neural network (CNN) to extract
image-based features and a multilayer perceptron (MLP) technique to collect image
data and other feature information to classify waste into recyclable and non-recyclable

categories.

An innovative method of implementing an integrated sensing system is offered [135];
this method automates the procedure of managing solid waste. The suggested smart
trash can uses ultrasonic level sensors and other types of gas sensors to detect dangerous

gases and the fullness of the trash can on their own. In the novel approach, data is
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monitored through the cloud via a mobile app. The gadget not only detects the presence
of harmful gases but also whether or not the garbage can has reached capacity. Part two
of the task is reporting the results to the right people. This unique approach was
motivated by the practical, accessible, and disaster-proof qualities of cloud servers.

An innovative new garbage-collecting robot that can operate on grass is presented. The
robot's accurate and autonomous waste identification is the result of its use of a deep
neural network [136] particularly trained for trash identification. Following the DNN's
segmentation of the terrain, a new navigation method is supplied so that the robot can
explore. The robot's trash recognition and navigation features make it ideal for use in
public spaces like parks and schools, where garbage may accumulate quickly and cause

safety hazards.
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2.2 COMPARATIVE WORK

Table 2. 1: Comparative Work Analysis
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The integration of loT and machine learning for intelligent waste management

represents a significant advancement over traditional and loT-only systems. The use of

real-time data from 10T devices and the predictive power of machine learning

algorithms offers optimized resource utilization, cost savings, and environmental

benefits. This approach is particularly important for smart cities where scalability,

efficiency, and sustainability are critical. Conventional waste management relies on
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manual collection, predefined schedules, and static bin locations. These systems are
often inefficient, leading to overfilled bins, unsanitary conditions, high operational
costs and wasted resources. Also, traditional systems are not scalable without
significantly increasing manpower and operational costs. Traditional systems are
reactive, whereas loT-enabled systems are proactive, predicting optimal waste
collection times and routes using real-time data. 10T sensors are used to monitor bin
levels, enabling real-time monitoring and optimized waste collection. l0T-based
systems improve over traditional methods by reducing operational costs and improving
bin monitoring. However, they often lack the predictive and intelligent decision-making
abilities that machine learning can provide. Machine learning models are used to
analyze historical data and predict waste generation trends, optimize collection routes,
and even identify the types of waste for better recycling strategies. While machine
learning-based systems introduce intelligence and predictive capabilities, without 10T
integration, they may not achieve real-time optimization. Hence, the combination of
loT and machine learning provides a holistic solution. l10T-enabled ML systems are the
most scalable, as they continuously adapt and improve based on growing data and
changing conditions, making them highly suitable for expanding smart cities. The
proposed system outperforms traditional and loT-only systems by incorporating
intelligence that not only reacts to current bin states but also predicts future waste

generation, enabling better resource planning, cost savings, and environmental benefits.
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CHAPTER 3 DEVELOPMENT OF AN I0T-BASED WSN
FRAMEWORK FOR DATA ACQUISITION AND
MONITORING OF WASTE

3.1 OVERVIEW

The Internet of Things (10T) is the expansion of network connectivity to include not
just computers but also everyday objects like appliances and wearable tech. These
gadgets will have remote monitoring and control capabilities and will be able to connect
and interact with people online. Connectivity between 10T sensor nodes and a central
gateway is facilitated by WSN protocols. WSN is a subset of 10T that comprises a
variety of technologies. This is the portion of the IoT where communication occurs
primarily between devices themselves, independent of the internet. It's intriguing to
think of everyday things we use being linked to the internet and being able to uniquely
identify themselves to supplementary devices. Get data from sensors and other
hardware by use electrical or other programming techniques to learn about a physical
device. In this part, the l0T-based wireless sensor network (WSN) system is presented
in this study for managing waste material that employs sensors to verify the garbage.
Similarly, this design quickly transitioned to loT-enabled cloud-based database storage.
The microcontroller is the hub of communication between the 10T and the sensor
frameworks. The Internet of Things enables near-instantaneous data collection and

storage in the cloud.

3.2 PROPOSED FRAMEWORK

The proposed model primarily concerned itself with the fundamental layers that
make up a basic architectural model, or with a typical architecture based on a
requirements analysis. As illustrated in Fig 3.1 below, a generalised framework
primarily takes into account a four-layer design consisting of application, middleware,

network, and perception layers.
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Figure 3. 1: Generalized loT-based WSN Framework for Waste Monitoring

3.2.1 Perception Layer: The hardware-based layer collects raw data, processes it, and
sends it up over encrypted channels to the software-based layers above. It uses
technologies for the detection of parameters of physical features via specific sensors,
such as the detection of poisonous gas levels, the detection of trash levels, waste images

from cameras, etc., in addition to gathering information for item identification.

3.2.2 Network Layer: This layer uses Z-wire, ZigBee, GSM, Infrared, Wi-Fi, and LoRa,
medium to share the gathered information from the perceptual layer with the upper
layers, which contain the processing systems. The network layer is responsible for basic
tasks like routing and data storage in addition to cloud computing and data
management. The 0T infrastructure includes messaging protocols that facilitate the
smooth exchange of information between devices. Message Queue Telemetry
Transport (MQTT) is the de facto standard messaging protocol for TCP/IP-based, low-
power devices.

3.2.3 Middleware Layer: The ability for 10T devices to communicate with one another
relies on a software layer or set of layers. Concurrency is essential because it facilitates
interaction between the application and perception layers and ensures that both can

communicate effectively. In this context, machine learning is mostly used for data

62



analysis. This is the fog layer, another name for it. Systems can do as much processing

and analysis as possible as near to the source as feasible thanks to the fog 10T layers.

3.2.4 Application Layer: Although it is not directly involved in the building of an loT
architecture, the application layer is where the different services are developed that
connect with users, i.e. where the information is interpreted and made available. This
layer is responsible for building business models and graphs. Waste data in real-time

may be tracked and analyzed with the aid of this additional layer.

3.3 DESIGNED EXPERIMENTAL SETUP

A wireless sensor network—based scenario, as depicted in Figure 3.2, is proposed as
prototype part of the smart city's design in light of the loT-based framework in waste

monitoring for intelligent waste management.

Society 1
* IR Sensor loT
* Odor Sensor Node 1 C loT
. - damera
+ Air Quality - -
Sensor Base Station ThingSpeak
Node 3 L Cloud
» Weight Sensor ’ Society 3
* Smoke Sensor Node 2 LoRa
Society 2

Figure 3. 2: Designed experimental setup

There are three nodes used in this experimentation. The first node is set up with an
infrared (IR) sensor, an odour (Odour) sensor, and an air quality (Air Quality) sensor,
all of which are interfaced with the microcontroller on the node's board. Node 2 placed
in the second society is wired to a Weight sensor and a Smoke sensor, all of which are
controlled by the Node MCU. These nodes are programmed in Embedded C language
using IDE software. Finally, in the third node, the camera is directly connected to Node
3 base station controller which can be FOG device and set up to capture a picture using

same device which further can be used to categorise trash material by the predictive
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analytics deployed at FOG node. In proposed assumptions, laptop computing device
acts as FOG node in which predictive analytics model is programmed using MATLAB
language. Figure 3.3 shows the interfacing diagram of sensors with a microcontroller
unit (MCU) for nodel and node2.

NODE 1

Distance
IR Sensor

odour detection

Odor Sensor >

Ammonia (NH3), sulfur (8),
Benzene (C6H6), CO2, and
other harmful gases

Air Quality Node MCU Personal

Sensor " Controller Computer

(ESP 32)
f Load cell

Weight Sensor »

Smoke detection
Smoke Sensor »

NODE 2 ﬁ
Power
Supply

Figure 3. 3: Interfacing diagram with MCU

3.4 FLOWCHART OF PROPOSED SYSTEM

The proposed architecture presented for a wireless sensor network-based scenario for
smart waste management in a city that relies on the Internet of Things is depicted in
Figure 3.4. At the start, all sensors interfaced to the controller are powered on and
initialized from Node MCU ESP 32 controllers. At an early stage, data from all sensors
are acquired from the various sensor’s edge nodes and monitored in real-time. Then
transmit every sensor node’s data to the fog node using data transmission media defined

for each sensor node. The all-sensor data are collected for each node as per the context
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defined to it and monitored for normal and abnormal events. Data analytics is applied
to collect data and predict the output which is nothing but the control signal generated
as per predicted output. Also, processed data is sent over the ThingSpeak cloud by
establishing an internet connection through nearby Wifi services. The real-time data is
visualized on Desktop or Mobile applications of cloud services. The data is uploaded

on the cloud server periodically over a certain period.

Acquire and Process Data from
Various Sensor's at Edge Node

'

Transmit Every Node's
Data to Fog Node using
Data Transmission Medium

'

Collect Data from each Node
as per Context Defined

'

‘ Apply Data Analytics System ‘

to collected Data

v

Control Signal generated
as per Predicted Output

.

‘ Send Processed Data ‘

to Cloud Layer for Visualization

Figure 3. 4: Working Flowchart
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3.5 DESCRIPTIONS OF COMPONENT

The component used in the proposed system is depicted in Fig 3.5-3.7. The suggested
work's block design is depicted in Fig. 3.2, where two nodes each include an MCU
microcontroller. Various sensors are linked to monitoring a parameter according to a

scenario built for an 10T and LoRa environment.

Figure 3. 5: Node MCU microcontroller

Figure 3. 6: IR Sensor, Odour Sensor and Air Quality Sensor



Figure 3. 7: Weight Sensor and Smoke Sensor

IoT messaging is standardised through the MQTT protocol. A scalable and dependable
method of connecting devices via the Internet is the MQTT publish/subscribe protocol,
which is standardised by OASIS and ISO. The Gas Sensor MQ2 is useful for detecting
gas leaks in industries. H2, LPG, CH4, CO, alcohol, smoke, or propane can all be
detected using this device. The presence of items in industrial settings may be detected
using an infrared proximity sensor such as an E18 IR. The MQ 135 gas sensor is used
to detect CO2 while gauging the quality of the air around us. The MQ135 is a gas sensor
used to check the air quality, making it possible to maintain a safe and healthy
workplace. A trash can's heaviness may be determined by employing a special weight
sensor. Infrared (IR) sensors, air quality sensors, odour sensors, smoke detectors and
weight sensors are among the sensors utilised in the above-described experimental

setting.
Proximity IR E18 Sensor

The presence of items in industrial settings may be detected using an infrared proximity
sensor such as an E18 IR. When anything approaches a certain range, the non-contact
detecting sensor will send out a digital signal. This sensor is low-cost, easy to assemble,
and scarcely noticeable in its natural surroundings. has the capability of measuring

distances without physical touch. One module serves as both a transmitter and a
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receiver. The transmitter sends out a modulated infrared signal, which gets reflected off
of any objects in its path. The transmitter then sends a digital signal to the

microcontroller based on the reflected signal it has received.
Odour Sensor

These sensors are calibrated to pick up on a very specific fragrance. The MQ7 is the
sensor of choice for odours. An easy-to-operate CO sensor might be used to check the
air quality for carbon monoxide (CO). This sensor is both very sensitive and responsive.

The output of the sensor is an analogue resistance.
Air Quality Sensor

Air quality sensors are used to detect pollutants in the air. Particles, pollutants, and
harmful gases are all examples of this category of chemicals. The MQ 135 gas sensor
monitors indoor air quality and has a CO2 detection range, allowing for more secure

working and shopping environments.
Weight Sensor

A garbage bin's weight is measured using a sensor. One type of transducer is the weight
transducer, sometimes known as a weight sensor. A mechanical force, such as weight,
tension, load, pressure, or compression, provided as an input is converted into another

physical variable by this device.
Smoke Sensor

A smoke sensor is a device used to detect smoke, typically as an early warning of a fire.
The Gas Sensor MQ?2 can detect gas leakage in industrial settings. H2, LPG, CH4, CO,
alcohol, smoke, and propane are all within the detection range of this device.

To help enhance the nodes' battery life and network capacity, LoRa also
includes an adaptive data rate mechanism. The LoRa protocol has a variety of layers,
including encryption enabling secure communications at the device, application, and
network levels. Specifically, radio bands designated for industrial, scientific, and

medical (ISM) uses are used by the low-power LoRa protocol, which is designed to

68



function over long distances using unlicensed spectrum. Although the accessible bands
are limited and certain countries have severe regulations regarding how frequently a
device on these bands may transmit, Long Range (LoRa) devices may exchange data
over great distances using sub-gigahertz frequencies.

loT messaging is standardized through the MQTT protocol. A scalable and
dependable method of connecting devices via the Internet is the MQTT
publish/subscribe protocol, which is standardized by OASIS and ISO. It is a simple
protocol made for publishing and receiving messages. It uses less power and has very
little bandwidth requirement. Fig 3.8 shows the data handshaking of MQTT using
publisher, subscriber and broker.

message _ ¥
-

(Q message - - Subscriber
% MQTT

Publisher message "

Visual channel i

Subscriber

Figure 3. 8: Data Handshaking with MQTT Protocol

3.6 HARDWARE SETUP

The proposed architectural framework makes use of elements typical of loT
layer-wise design. Node 1 and node 2 employ sensors connected to the open-source
Node MCU platform to track environmental data at closed and open waste facilities,

respectively. The shield and microcontroller that the smart devices use to communicate
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with one another are linked. For reading sensor data, the Arduino IDE may be used to
build embedded C software. LoRa and IEEE 802.11 Wi-Fi are used to transmit this data
wirelessly. Anywhere the coordinator has Wi-Fi, they can log into the cloud server.
Using the MQTT protocol, the perception layer takes in information from sensors,
analyses it, and stores it in a database momentarily before transmitting it to the Thing
Talk Cloud platform. This is all depicted in Figure 3.1. Figure 3.9 depicts the
experimental setup as it is planned.

To assess the system's performance in multiple ecological tasks, wearable sensor
parameters are tracked, researched, and analysed. When examining normal and

abnormal circumstances in the same domain, the sensor reading parameters are

monitored for two different sensor nodes placed in an open and closed environment.

Figure 3. 9: Experimental Setup

As seen in Figure 3.9, a laptop computer is interfaced with two sensor nodes as per the
context defined, connected serially via USB. Figure 3.10 shows the setup for nodel in
which three sensors interfaced with the Node MCU ESP 32 microcontroller unit. Figure
3.11 shows the setup for node2 in which two sensors interfaced with the Node MCU
ESP 32 microcontroller unit.
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Figure 3. 10: Experimental Setup of Nodel

Figure 3. 11: Experimental Setup of Node 2

Two sensor nodes' data is being tracked in real-time on a serial monitor, with the time
stamp values for each node displayed in Figure 3.12 and Figure 3.13. The values of two
gas sensors with the status of object detection can be seen in Figure 3.12 with real-time
stamp values. Also, the values of the gas sensor and weight value with the status of
LoRa transmission with the third node can be seen in Figure 3.13 with again time stamp

values. It also shows the packet delivery status as “success” or “fail”.
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16:1€:51.18% ~> Channel update successful.
16:17:21.164 -> Analog 1 =0Analog 2 +19&Enc Cbhject
1€:17324.6€62 —-> Channel update successful.
16:17:54.679% -> Analog 1 =0OAnalog 2 =l1Sidetect Cbhbject
1£:17:=58.938 —> Channel update successtful.
16:18:22.042 ~-> Analog 1 =0Analog 2 =192n0 Object
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16£:19:01.414 —> Aanalog 1 mOAnalocog 2 =189n0o Object
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Figure 3. 12: Sensor’s output of node 1 on serial monitors with timestamp values
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2 127,192 -> Packet to: 94:0€:66:02:a7:04 send status: Delivery Success
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Figure 3. 13: Sensor’s output of node 1 on serial monitors with timestamp values and

status of data transmission through LoRa
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3.7 DATA MONITORING ON THE THINGSPEAK CLOUD
PLATFORM

ThingSpeak is an loT application development platform that offers several specialised
services. Itallows users to collect data in real-time, display that data graphically through
charts, and build plugins and apps that integrate with other APIs and social networks.
As can be seen in Figure 3.14, the perception layer processes sensor data and stores it
in a database until it can be transferred to the Thing Talk Cloud account via the MQTT
protocol. Figure 3.15 shows the sequence diagram between the MQTT client and Thing
speak MQTT Broker, the first client is communicated with a broker, and
acknowledgement is received back to the client. The client is subscribed with a broker
to the received message after getting the acknowledgement. On a smartphone, tablet,
or monitoring screen, a dashboard with a graphical user interface (GUI) displays data
with the Thing-Speak cloud platform as depicted in Figure 3.16. As can be seen in
Figure 3.17, the Thing-Speak cloud platform makes use of a graphical user interface

(GUI) dashboard to present information on a mobile device or monitoring screen.
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Figure 3. 14: Data handshaking with Thingspeak cloud platform
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Figure 3. 15: ThingSpeak MQTT Communication between devices

The sensor distribution values for node 1 are represented statistically on the cloud as
seen in figure 3.16 and 3.17. An alert is issued to the appropriate supervisor or
responsible person for each anomaly discovered in values that meet the given threshold.
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Figure 3. 16: Thing Speak Dashboard with other sensing Data Representation
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Figure 3. 17: Thing Speak Dashboard with other sensing Data Representation

3.8 DATA INTERPRETATION

The plot of distance using odour level, IR sensor, weight level, air quality level, and
smoke level data parameter is shown in Figures 3.18-3.22, in which periodic data is

collected at the different conditional waste environments.

Figure 3.18 represents the data which indicates the level of waste in cm, The threshold
defined in blue colour categorizes the level of waste, above the threshold level acts as
no waste is found in the dustbin.
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Figure 3. 18: IR sensor data
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Figure 3. 19: Odour level data

Figure 3.19 depicts that data shown in black colour is represented as safe and red is
represented as unsafe for various discrete events under environmental conditions for
the odour Sensor and the threshold mentioned in blue colour acts as a threshold that

discretized the safe and unsafe values.
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Figure 3. 20: Air quality level data

Figure 3.20 depicts that data shown in black colour is represented as safe and red is
represented as unsafe for various discrete events under environmental conditions for
the Air Quality Sensor and the threshold mentioned in blue colour acts as a threshold

that discretized the safe and unsafe values.
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Figure 3. 21: Weight sensor data
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The weight sensor data is represented in Figure 3.21. The value of weight above the
threshold acts as the weight of the dustbin in grams of various waste collected and

below the threshold indicates the minimal weight.

Figure 3.22 depicts that data shown in black colour is represented as safe and red is
represented as unsafe for various discrete events under environmental conditions for
the Smoke Sensor and the threshold mentioned in blue color acts as a threshold that

discretized the safe and unsafe values.
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Figure 3. 22: Smoke Sensor data

To assess the system's performance in multiple ecological tasks, wearable sensor
parameters are tracked, researched, and analysed. Two sensor nodes, one in an open
environment and one in a closed environment, have their sensor data tracked to compare
normal and aberrant conditions in the same domain. The cloud serves as a statistical
representation of the distributions. If an abnormality is found in values that exceed the
specified threshold, an alert will be sent to the relevant responsible party or supervisor.
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3.9 SUMMARY

This chapter introduces an loT-based WSN framework for data collecting and
monitoring waste materials, complete with an efficient and trustworthy data monitoring
system. The framework is divided into four primary layers: the application layer, the
middleware layer, the network layer, and the perception layer. The primary goal of this
framework is to design and implement a prototype system, comprised of three nodes,
capable of real-time waste and type monitoring via a cloud server infrastructure under
a variety of conditions. In the proposed experimentation, sensed data is monitored for
sensor nodes on a ThingSpeak cloud server platform and the data on the loT cloud

platform using MQTT protocol with its data interpretation.

79



CHAPTER 4 DEVELOPMENT OF A DATA ANALYTICS
SYSTEM TO ANALYZE EXTRACTED DATA FOR
EFFICIENT SEGREGATION OF WASTE

4.1 OVERVIEW

Reusing, recycling, and recovering materials from trash is made easier by meticulous
waste sorting. Since less garbage is sent to landfills, costs go down and the environment
benefits as well. Separation is useful for public safety reasons. Waste sorting aids
recycling efforts. It will facilitate the recycling of non-biodegradable garbage and the
direct processing of biodegradable waste. A data analytics environment is presented
here to enhance waste management processes. To optimise its operations, a waste
management business may use this platform's collected sensor data from trash cans in
conjunction with a variety of analytical tools and historical records. In addition to
describing the platform properly, this article delves further into the algorithms and
techniques used in data analytics. Data from a camera sensor used to take pictures of
rubbish and data from a trash can sensor used for continuous monitoring form the basis

of the suggested analytics model for the prototype system.

4.2 CAMERA  SENSOR DATA  ANALYTICS FOR
CLASSIFICATION OF WASTE IMAGES

The waste object of garbage is the focus of the processing, analysis, and classification
phases of the garbage waste classification system. The training and testing phases make
up the entirety of the recognition system method. Figure 4.1 is a simple representation
of a categorization system that has been presented. The suggested system begins with
the same pre-processing and feature extraction processes at the beginning of both the

training and testing phases.
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Figure 4 1: Garbage Waste Classification Framework

4.2.1 TrashBox Dataset

TrashBox, a standard benchmark dataset [26] stocked with junk from different settings.
Domestic, medical, and electronic garbage were the primary categories used to
categorise the photographs in TrashBox. future, table 4.1 describes how these classes
are broken down into subclasses to make it easier to differentiate between different
types of garbage items and to promote future study in this area. To make TrashBox, the
first photographs of common waste items are gathered by doing a thorough online
search. Figures 4.2-4.4 display some examples of the photographs used in
experimentation.
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Figure 4.3: Images of Class Il i.e., Medical Waste
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Figure 4.4: Images of Class Il i.e., E-waste

Table 4. 1: ThrashBox Dataset — Classwise Statistics

Thrash Class Sub-classes No of Images Total
Domestic Waste News Papers 200 4476
Paper Tissues 1062
Paper Cups 639
Bottles 571
Bags 504
Spray Cans 500
Beverage Cans 1000
Medical Waste Syringes 507 2010
Surgical Gloves 496
Surgical Masks 500
Medicines 507
E-Waste Electronic chips 615 3437
Laptops and 774
Smartphones
Appliances 926
Electric wires 568
cords and cables 554
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4.2.2 FEATURE EXTRACTION USING PRE-TRAINED RESNET-
101 DEEP CONVOLUTIONAL NEURAL NETWORK MODEL

To assess the feature set from the images, the proposed method employs a deep
convolutional neural network (DeepCNN) pretrained model Resnet-101. In feature
extraction, the representational power of a deep network is put to one of its simplest
and most immediately useful uses. To start, we input in a network that has already been
trained to recognise several different object categories from a large number of images.
Therefore, the model has been educated to represent several image types, each with its
own unique set of attributes. The network generates a tree diagram to represent the
images it is given. Features at a higher level are layered on top of features at a lower
level. To acquire the feature representations of the images, activations on the network's
last layer, the global pooling layer, are required. The output features are a unified
representation of the input characteristics across all geographic areas in the layer.

ResNet-101 is a deep-learning network consisting of 101 convolutional layers. Residual
neural networks (ResNets) are an example of an ANN that is inspired by the
architecture of pyramidal cells in the brain. Residual neural networks accomplish this
by using skip connections, or shortcuts, to skip over certain layers. Nonlinearities
(ReLU) and batch normalisation are common components of ResNet models, which are
often constructed with double or triple-layer skips in between. HighwayNets are a type
of model that needs an additional weight matrix to learn the skip weights. In modelling,
"DenseNets" refer to models with numerous parallel skips. A neural network that does
not generate residuals is known as a non-residual network or simple network. ResNet
was inspired by VGG-19, another basic network architecture with 34 layers, to which
we also provided a direct link. ResNet, short for "residual network," is an essential tool
for addressing issues in computer vision. ResNet101's convolutional layers consist of
33 layer blocks, and 29 of those squares are recycled into later layers. The ImageNet
dataset, which includes 1,000 different classes of objects, was used to first train this
network. The structural plan of the pioneering design is shown in Fig. 4.5. This diagram
illustrates the process of input picture segmentation into residual blocks, whereby each

block is composed of many layers. Mathematically, this may be stated as:
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Figure 4.5: ResNet 101 deep learning model [36]
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(m, n) is the training data sizes where n << m and p1° and p1' are the labels of training

data. Then the TL is represented as:

DS/=DT,LD=LT

4.2.3 MACHINE LEARNING BASED CLASSIFICATION MODEL

To provide expected output in the form of a waste type and additional object type of
trash, the classification of garbage waste using two machine learning classifiers was
carried out throughout the train, validate, and test stages. Machine learning classifier
methods that are both versatile and reliable were used in this investigation. The K-fold
validation (K=10) method is used to optimize the classification hyperparameters. This
is essential knowledge due to the hyperparameters' influence on the model's efficiency.
After being validated, the trained model may make predictions about the dataset's
output label.

When applied to feature space instead of input space, a kernelized SVM is functionally
like a linear SVM. The idea is to first do a nonlinear mapping of the data into feature

space before applying a linear SVM. The kernel technique is utilized in a kernelized
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SVM, therefore the real procedure looks different. The kernel function defines the
implicit mapping between the data and feature space by returning the dot product of
two representations of features. Suppose x and x’ are coordinates in some input space,
and that the kernel function is denoted by K. We may then express the kernel function

mathematically as
K(x,x")=0(x)-0(x"),

where @ is a function that transforms inputs into features. It is possible to construct a
linear SVM that works in feature space without ever-computing by replacing the dot

products in the formulation of a linear SVM with evaluations of kernel functions.

Algorithm 1: Implementation of SVM Algorithm

Stepl: Initialize the input feature vector and output target vector

Step2: Selecting the appropriate kernel function

Step3: Defining the parameters and constraints

Step 4: Optimizing the issue to determine the most efficient hyperplane.

Step 5: Generating recommendations using the acquired model.

The main advantages of multi-kernel support vector machines are:

e Suitable for high-dimensional spaces and scenarios when the number of
dimensions exceeds the number of samples.

e The algorithm utilizes a subset of training points known as support vectors in
its decision function, resulting in economical memory use.

e The decision function may be customized using various Kernel functions,
making it versatile. Standard kernels are available; however, users can also

define their custom kernels.

The AdaBoost classifier is an iterative ensemble approach that combines numerous
weak classifiers to produce a single, highly accurate classifier. With AdaBoost, a meta-
estimator, a classifier is first fitted to the original dataset, and then further copies of the
same classifier are fitted to the same dataset, with the weights of mistakenly classified
examples adjusted to prioritise challenging situations. It is possible to set initial weights

using,
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W=1/N € [0.1]

Here, N represents all data points i.e. the number of records. Classify the influence

using
a=0.5In ((1-TotalError)/TotalError)

Alpha indicates how much a stump affects the ultimate choice. Total mistake =

misclassified data. Update sample weights with this formula.
Wi=Wi1*e" a

The new sample weight is Euler's number times the old sample weight. For correctly

categorized records, alpha is positive; otherwise, it is negative.

Algorithm 2: Implementation of AdaBoost Algorithm

Step 1: Initially, all observations are weighted equally.

Step 2: Subset of data is used to build a model.

Step 3: This model is used to make inferences over the whole dataset.

Step 4: The deviation between the forecast and the actual number is used to determine
the error.

Step 5: Next time around, more consideration is given to the data points that were
mistakenly anticipated.

Step 6: The error value can then be used to assign weights. For instance, an
observation may be given greater credence if it has a larger margin of error.

Step 7: Repeat this step until either the error function stabilises or the maximum

number of estimators is achieved.

The main advantages of the Adaboost classifier are:

e Reduced susceptibility to overfitting due to the independent optimization of
input parameters.
e Successfully integrate many underperforming classifiers to generate powerful

classifiers with exceptional accuracy.

87



e By prioritizing misclassified instances and modifying the weights assigned to

each sample, it reduces the likelihood of overfitting the training data.

4.2.4 ALGORITHM STEPS

Algorithm 3: Data Analytics Considering Camera-based Image Data

Input: Thrash Image Dataset, Domestic, Medical and E-waste Image Class

Output: Type of waste and its label of waste

Procedure:

Stepl: Prepare waste image dataset containing the type of waste materials

Step2: Split the waste image dataset into train and test into 70-30% ration

Step3: Apply image processing operation on both train and test image set

Step4: Extract the features from the train and test image set using a pre-trained deep
convolutional neural network

Step5: Prepare the train and test image features dataset for training of model and
result prediction

Step6: Initialize the input feature vector and output target vector for training

Step7: Selecting the appropriate hyperparameters for both machine learning
classification model

Step8: Train and validate the model using finetuning of the classifier

Step9: Load the trained model for each classifier

Step 10: Make predictions based on the learned model to get the type of waste and

its label.

4.3 SENSOR DATA ANALYTICS USING SUPERVISED
MACHINE LEARNING FOR CONTROLLING ACTUATORS

The proposed sensor data analytics to generate the control signal for controlling the
actuators of the hardware system using supervised machine learning is depicted in
Figure 4.6. The proposed framework begins with data feature engineering, feature

dataset splitting and machine learning modelling for result prediction.
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Figure 4.6: Garbage Waste Classification Framework

4.3.1 ACQUIRED SENSED DATA

A prototype hardware-based system is used to implement the proposed experimental
architecture, and this system has undergone extensive testing. The acquired dataset has
feature attributes of waste detection level using IR sensor (cm), Odor level (ppm), Air
quality level (ppm), weight of smart dustbin (gm) and Smoke Level (ppm) for two
different nodes. For nodel, the actuator control for dustbin is represented by dustbin
status and poisonous waste status. For node2, the actuator control for dustbin is
represented by dustbin status and harmful gas status. This dataset includes hourly
readings recorded over many days and under a variety of weather situations.

4.3.2 DATA FEATURE ENGINEERING

Data transformation into machine-learning-friendly features is called "feature
engineering.” To improve the quality and performance of ML models, feature selection,
extraction, and transformation are performed. The quality of the characteristics used to
train ML models is crucial to the success of those models. These methods improve the
machine learning model's ability to learn from data by drawing attention to the most

relevant patterns and correlations in the data.

One definition of a feature variable in the context of machine learning is a discrete,
quantifiable quality or characteristic of a data item that serves as input to a machine
learning algorithm. Features are data representations that can be either numeric,
categorical or even textual, depending on the nature of the problem at hand. In proposed

algorithm approach, cleaning and transforming data are prerequisite processes on
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sensor’s data which acts as feature data. The process of "data cleansing” entails finding
and fixing any mistakes or inconsistencies in the data collection. This process is crucial
for ensuring the data is correct and trustworthy. The purpose of data transformation
performed is to make the variables in a dataset more amenable to machine learning by

transforming and scaling them. Methods like standardization, and normalization used.

The model's efficacy is tied to the care and attention paid to the data before it is used.
However, if we build a model without any sort of pre-processing or data management,
it may not provide reliable results. However, by employing feature engineering on the
same model, we may improve its predictive performance. In machine learning, feature
engineering is used to boost the model's effectiveness. Some reasons why feature

engineering is important are listed below.

e Better features mean better results
e Better features mean simpler models

e Better features mean flexibility

4.3.3 FEATURE DATASET SPLITTING

In feature splitting, one variable is divided into several smaller ones. This is commonly
done when a variable comprises sub-components that can be better analysed
independently. The term "feature split” refers to the process of dividing a feature into
subfeatures. A date feature, for instance, may be broken down further into its parts
(year, month, and day). Machine learning models can benefit from this since more data
details are captured. The dataset is split into two parts: the training set and the testing
set. The standard split is 70% for training and 30% for testing, however, this might

change based on the size of the dataset and the specific application.

A 70-30 split provides a balance between having enough data to train the model so that
it can learn effectively and also enough data to test it on unseen examples so that it can
accurately evaluate its performance. Ultimately, the exact split is not rigid and may vary
based on the size of the dataset, complexity of the model, and the specific problem at
hand. The 70-30 split is a commonly accepted compromise between training and testing

needs.
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4.3.4 MACHINE LEARNING MODELLING

To provide expected output in the form of a waste type and additional object type of
trash, the classification of garbage waste using two machine learning classifiers was
carried out throughout the train, validate, and test stages. In this proposed study, we
make use of the robust and adaptable machine learning classifier techniques in which
two machine learning algorithms are used, decision tree bagger (DTB) and K- nearest
neighbour (KNN) supervise machine learning algorithms. To get the best results from
classification hyperparameter tunning, K-fold validation (K=10) is used. This is very
important since the model's output is sensitive to the values of the hyperparameters.
Predictions regarding the dataset's output label can be made by the trained model once

it has been verified.
The main advantages of using a decision tree bagger (DTB) are:

= Used to predict both continuous and discrete values.

= Requires minimal effort for data preparation during pre-processing.

= Non-parametric algorithms do not rely on many assumptions.

= Generate intricate decision boundaries, enabling efficient resolution of non-

linear problems.
The main advantages of using KNN are:

= Efficiently identify intricate and non-linear patterns within the dataset.
= The algorithm is resistant to noise and outliers when a sufficiently big value of
k is employed.

= Does not require retraining or tuning.

4.3.5 ALGORITHM STEPS

Algorithm 3: Data Analytics Considering Sensor’s Data

Input: Two nodes sensor data, odour (in ppm), air quality (in ppm), smart dustbin

weight (in gramme), and smoke levels (in ppm)
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Output: Control signal for actuators

Procedure:

Stepl: Prepare the sensor’s dataset containing various attributes of the sensor data
Step2: Split the sensor dataset into train and test into 70-30% ration

Step3: Apply data pre-processing operation on both the train and test set

Step4: Select the pre-processed features from the train and test set

Step5: Prepare the train and test set features dataset for training of model and result
prediction

Step6: Initialize the input feature vector and output target vector for training

Step7: Selecting the appropriate hyperparameters for both machine learning
classification model

Step8: Train and validate the model using finetuning of the classifier

Step9: Load the trained model for each classifier

Step 10: Make predictions based on the learned model to get the prediction for the

control signal for actuators.

4.4 SUMMARY

In this chapter, a data analytics model is developed using supervised machine learning
for two types of data from a prototype hardware system with the classification system,
camera-based and sensor-based data analytics model. The classification system for both
purposes is developed using supervised machine learning algorithms MK-SVM,
AdaBoost, DTB and KNN classifiers. The performance of the classification system is

analysed and validated for two approaches used in the system.
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CHAPTER 5 EXPERIMENTAL RESULTS AND
DISCUSSION

5.1 EXPERIMENTAL SETUP

The analytics and decision-making model categorization developed having
configuration of laptop running Windows 10 (64-bit) and powered by a 2.30GHz Intel
i7 Core TM CPU. To create this model's code, the MATLAB IDE utilized together with
the Statistics and Machine Learning Toolbox using Matlab programming language. To
the Node MCU microcontroller and shield mounted on the prototype hardware system,
the sensors are attached. For data collection from sensors, Embedded C programmes
written in the Arduino IDE are used. Wireless transmission is achieved through the
usage of the LoRa protocol and IEEE 802.11 Wi-Fi. Connecting the sensor node to the
cloud server through Wi-Fi allows the MQTT protocol to continue sending data to the

ThingSpeak Cloud platform.

5.2 PERFORMANCE EVALUATION PARAMETERS

The effectiveness of the proposed classification system is measured using a confusion
matrix. The confusion matrix parameters True Positive (TP), True Negative (TN), False
Positive (FP), and False Negative (FN) are used to compute accuracy, sensitivity,

specificity, and f-score for the classification model and RMSE for the regression model.

(TP + TN)
(TP + TN + FP + FN)

Accuracy =

Sensitivity = TP T

TN

Specificity = N+ D)
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2+TP

F-score = (2TP + FP + FN)

5.3 PERFORMANCE ANALYSIS OF DATA ACQUISITION
FRAMEWORK

To assess the system's performance in multiple ecological tasks, wearable sensor
parameters are tracked, researched, and analysed. When examining normal and
abnormal circumstances in the same domain, the sensor reading parameters are
monitored for two different sensor nodes placed in an open and closed environment.
The distributions are represented statistically on the cloud. An alert is issued to the
appropriate supervisor or responsible person for each anomaly discovered in values that

meet the given threshold.

The mean values of different waste condition parameters are shown in Tables 5.1 and
5.2 for abnormal and normal activities over a day using sensor monitoring anomaly

detection, which lowers the cost of maintenance for smart waste management.

Table 5. 1: Sensor Parameters Mean values at node 1 for day hours

Sensors Unit of Threshold Mean Value
Parameter | Measurement Value Abnormal | Normal
IR sensor Cm 50 32.53 80.8

Odour Ppm 250 363.79 121.73
Sensor

Air Quality Ppm 200 319.27 119.43
Sensor

Table 5. 2: Sensor Parameters Mean values at node 2 for day hours.

Sensors Unit of Threshold Mean Value

Parameter Measurement Value Abnormal | Normal
Weight Gm 1000 2256.66 374.42
Sensor
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Smoke Ppm 230 357.69 109.9

Sensor

5.4 PERFORMANCE ANALYSIS OF CAMERA BASED SYSTEM

This section analyses the suggested categorization model. Domestic garbage, medical
waste, and electronic waste make up the bulk of the typical standard benchmark dataset,
Trashbox [25] utilized in experimental settings. Several images from a benchmark
dataset have been extracted and organized into three semantic categories for this
collection. All images are full colour and have been downsized to a 256x256 resolution.
To evaluate the proposed model, 70% of available data was utilised for training, while
only 30% of data used for testing. In the proposed study, multi-kernel support vector
machine (SVM) and Adaboost classifier, these two-classifier models are used for
evaluation. The training parameters are fine-tuned via hyper-parameter optimization
based on a grid search. All performance parameters are analysed using the confusion
matrix. We have used a confusion matrix and the performance assessment criteria to
gauge how well the planned work measures up. An error matrix (also known as a
supervised learning error table) is a type of table used to demonstrate the performance
of an algorithm.

Table 5.3 shows the results of a performance evaluation of the two algorithms in terms
of the amount of time needed to classify each of the three categories. Training and

testing the classification step with Ada boosting algorithms took longer, as seen in

Figure 5.1.
Table 5. 3: Performance Evaluation Time
Classification Training Time (sec) Testing Time (sec)
Phases MK-SVM AdaBoost MK-SVM AdaBoost
Category | 81.54 90.16 35.90 42.46
Category Il 64.89 78.48 29.27 32.85
Category IlI 89.41 93.71 39.50 45.37
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Evaluation Time (sec)

MK-SVM AdaBoost MK-SVM AdaBoost

100
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Figure 5. 1: Process Evaluation Time

The proposed intelligent model is validated and tested for all three types of waste and
their types of materials. Domestic waste, e-waste and medical waste are classified using
two machine learning algorithms, AdaBoost and MK-SVM algorithms as shown in

Figure 5.2-5.7. It shows the confusion matrix, sample test images considered and results

evaluation parameters.
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Figure 5. 2: Prediction Results of Domestic Waste Classification using Adaboost
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Figure 5. 3: Prediction Results of Domestic Waste Classification using MK-SVM
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Figure 5. 6: Prediction Results of Medical Waste Classification using Adaboost
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Figure 5. 7: Prediction Results of Medical Waste Classification using MK-SVM

The sample test images from each category are predicted on an intelligent model for
the prediction of waste label data and its type as shown in Figure 5.8-5.14.
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Figure 5. 8: Test Results and Type of Domestic Waste Image 1
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Figure 5. 10: Test Results of E-Waste Image 1 and Its Type
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Figure 5. 12: Test Results of Medical Waste Image 2 and Its Type

101



Figure 5. 13: Test Results of E-Waste Image 1 and Its Type

20

Figure 5. 14: Test Results of Medical Waste Image 3 and Its Type

The classification performance parameters, sensitivity, specificity and f-score are

evaluated for three primary waste category classifications for both algorithms and
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mentioned in Table 5.4, Table 5.5 and Table 5.6 respectively. Each category has various

output labels or classes as per the type of waste categories described in figures 5.15 and

5.16 for both algorithms for category I, domestic type of waste classification

respectively. It is observed that some waste category classes are classified with

maximum performance for both algorithms.

Table 5. 4: Classification Report Performance for Category |

Output Classification Algorithms
Classes MK-SVM AdaBoost
Sensitivity | Specificity F- Sensitivity | Specificity F-
(%0) (%0) score (%) (%) score
(%) (%)
News Papers 86.95 100 97.08 69.56 99.17 77.66
Paper 86.36 99.18 83.33 27.27 97.74 33.33
Tissues
Paper Cups 89.28 99.58 91.91 46.42 95.02 36.93
Bottles 96.29 99.79 96.29 66.66 99.17 78.26
Bags 88.23 100 97.40 70.58 99.39 77.92
Spray Cans 77.27 99.59 86.73 45.45 98.77 58.13
Beverage 85.71 100 96.77 71.42 99.39 75.75
Cans
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Performance of Category |
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Figure 5. 15: Performance of Category | using MK-SVM
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Figure 5. 16: Performance of Category | using AdaBoost

Similarly, for the classification of category Il, various output labels or classes as per the
type of waste categories are described in Figures 5.17 and 5.18 for both algorithms. It
is observed that some waste image classes are classified with better performance of
specificity rate for both algorithms. The classification of categories 111 with various

output labels is shown in Figures 5.19 and 5.20 for both algorithms.
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Table 5. 5: Classification Report Performance for Category 11

Output Classification Algorithms
Classes MK-SVM AdaBoost
Sensitivity | Specificity F- Sensitivity | Specificity | F-
(%) (%) score (%) (%) score
(%) (%)
Syringes 72.72 99.82 88.88 77.27 99.31 80.18
Surgical 45.71 97.18 49.07 54.28 95.07 42.60
Gloves
Surgical 63.15 93.80 43.79 52.63 93.62 38.16
Masks
Medicines 61.29 97.02 54.28 32.25 97.20 37.03
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Figure 5. 17: Performance of Category Il using MK-SVM

105




120

100

8

o

6

o

4

o

2

o

Performance of Category |l

Syringes

W AdaBoost Sensitivity

Surgical Gloves

Surgical Masks

B AdaBoost Specificity

Medicines

m AdaBoost F-score

Figure 5. 18: Performance of Category Il using AdaBoost

Table 5. 6: Classification Report Performance for Category III

Output Classification Algorithms
Classes MK-SVM AdaBoost
Sensitivity | Specificity | F- | Sensitivity | Specificity | F-
(%) (%) score (%) (%) score
(%) (%)
Electronic 82.05 96.75 78.81 79.48 94.58 69.50
chips
Laptops and 80 98.28 80 92 96.56 73.24
Smartphones
Appliances 97.36 99.64 97.36 100 99.64 97.93
Electric wires 53.33 100 85.10 60 100 88.23
Cords and 78.94 100 94.93 63.15 99.66 84.50
cables
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Figure 5. 20: Performance of Category Il using AdaBoost

The proposed system framework is also validated on another standard benchmark
dataset, TrashNet [145]. The dataset consists of six distinct categories: glass, paper,
cardboard, plastic, metal, and rubbish. The dataset has a total of 2527 pictures. The
photographs were captured by positioning the object on a white posterboard and

utilizing natural sunshine and/or artificial room lighting. The images have been reduced
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in size to 512 x 384 pixels. The devices utilized were the Apple iPhone 7 Plus, Apple

iPhone 5S, and Apple iPhone SE. The result evaluation on this dataset using the best

classification model, MK-SVM is shown in Table 5.7 in terms of confusion matrix-

based parameters.

Table 5. 7: Result evaluation of classification model on TrashNet Dataset

Output Accuracy Sensitivity | Specificity Precision | F-score
Classes (%) (%) (%) (%) (%)
Glass 98.50 98.01 99.18 96.73 96.98
Paper 99.21 97.76 99.65 98.87 98.64
Cardboard 98.81 95.04 99.53 97.45 96.96
Plastic 98.95 97.29 99.34 97.29 97.29
Metal 98.81 96.74 99.21 95.96 96.12
Trash 98.95 92.5 99.30 88.09 88.94
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Figure 5. 21: Result Evaluation on TrashNet Dataset
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5.5 PERFORMANCE ANALYSIS OF SENSOR BASED SYSTEM

A prototype hardware-based system is used to implement the suggested experimental
architecture, and this system has undergone extensive testing. Two nodes' odour (in
ppm), air quality (in ppm), smart dustbin weight (in gramme), and smoke levels (in
ppm) are among the feature attributes included in the collected data set. The dustbin
status and the presence of toxic waste serve as the actuator control for the dustbin at
node 1. The presence or absence of dust and toxic gases, respectively, serve as actuator
controls for node 2's trash can. This dataset includes hourly readings recorded over the
course of many days and under a variety of weather situations. The average daily value
for each sensor's characteristic. Building a sensor net for smart waste management with
the use of supervised machine learning algorithms, and developing fundamental models
embedded systems for successful waste management, are the two main stages of
experimentation. The effectiveness of the system is measured using a confusion matrix.
The model was trained and tested with MATLAB's built-in statistics and machine
learning tools, and two supervised machine learning models, KNN and Decision Tree
Bagger (DTB) classifier.

For optimal model training, both techniques necessitate the best possible hyper-
parameters, which may be found through a grid search. Tables 5.8 and 5.9 show the
results of running the classification model on both nodes of the system. Figure 5.22-
5.25 depicts the results of a comparison of the accuracy, sensitivity, specificity, and f-

score of two different classifiers applied to two different actuator controllers.

Table 5. 8: Performance evaluation of classification model for Node 1 System

Attributes Accuracy (%) | Sensitivity (%) | Specificity (%) | F-score (%)

DTB | KNN | DTB | KNN | DTB | KNN | DTB | KNN

Actuator 1 | 86.66 | 76.66 | 81.81 | 77.27 | 100 75 95.74 | 86.73

Actuator 2 | 96.66 70 100 | 89.47 | 90.90 | 36.36 | 95.95 | 73.91
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Table 5. 9: Performance evaluation of classification model for Node 2 System

Attributes | Accuracy (%) | Sensitivity (%) | Specificity (%) | F-score (%)
DTB | KNN | DTB | KNN | DTB | KNN | DTB | KNN
Actuator 1 | 8450 | 72.85 | 79.81 | 7480 | 985 | 76.15 | 92.90 | 84.45
Actuator 2 | 93.75 | 71.15 | 98.60 | 85.45 | 87.30 | 38.05 | 93.35 | 71.80
Accuracy (%)
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Figure 5. 212: Accuracy Performance Statistics

110




120

100

8

o

6

o

4

o

2

o

o

120

100

80

6

o

4

o

2

o

Sensitivity (%)

DTB KNN DTB KNN

Nodel Node 2

B Actuator 1 M Actuator 2
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Figure 5. 234: Specificity Performance Statistics
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Figure 5. 245: F-score Performance Statistics

5.6 COMPARATIVE ANALYSIS

As compared to existing work developed by various researchers, formulated in table
5.10, based on the sensor used for development and technology used to build the

system, our proposed model is much superior in all aspects.
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Table 5. 10: Technological Comparative Analysis

References
: - DevV.
Parameters Gupawan T. | T. Bakhshi ShaminN | Proposed
Savla et.al.
et.al. [52] et al. [142] et.al. [144] Model
[143]
Ultrasonic/TR Yesg Yes Yes Yes Yes
Odour No No Ves No Yes
Sensors i _ N N
TUsed Qu.a]ll‘}? No o Yes Yes Yes
Weight Ves No No No Yes
Smoke No No Ves No Yes
IoT Ye Yes Yes Yes Yes
LoRa No No No Mo Yes
Technology Fog Intelligence No Yes Yes Yes Yes
Used  "Reql-Time Statistics Yes Yes Yes Yes Yes
Notification /
No No No Mo Yes
Alert System

Table 5.11 analyses power consumption requirements for different embedded boards,
namely Arduino Mega, Arduino Uno, and the proposed Node MCU ESP 32 system. It
includes voltage levels, current consumption and DC supply for the 3.3V pin. The
proposed ESP 32 system operates at a lower voltage level of 3.3V. It exhibits
considerably lower current consumption than the Arduino boards, with 15 pA during
normal operation and 5 pA during deep sleep mode. The DC supply for the 3.3V pin is
40 mA. Based on the analysis, it is evident that the proposed Node MCU ESP 32 system
has the lowest power consumption requirements among the three boards. It consumes

significantly less current during both normal operation and deep sleep mode.
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Table 5. 81: Comparative power consumption analysis

Embedded MCU Voltage Current DC Current for
Board Level Consumption 3.3V pin
Arduino Mega 5V 50 mA 150 mA
Arduino 5V 45 mA 150 mA
Uno/Nano
Node MCU ESP- 3.3V 15 pA 40 mA
32
(Proposed MCU)

At the last, the performance of the proposed algorithm is compared with another
standard existing work shown in Table 5.12 in terms of sensitivity, specificity,

precision, f-score and computation time. Also, an accuracy-based comparison is shown
in Table 5.13.
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Table 5. 12: Comparative result analysis performance

) ) Computa
| Specif | Precis F- )
Sensitiv | ] tion
References Dataset Output Classes | icity ion score )
ity (%) Time
(%) | (%) | (%)
(sec)
lass, paper,
EnCNN- : bap )
TrashNet cardboard, plastic, | 92.69 | 98.67 | 93.75 | 93.15 NA
UPMWS [56]
metal and trash
1) COCO
dataset, 2) hazardous garbage,
VOC2007 recyclable garbage,
YOLOvV5X [1] ) 92.2 96.5 95.9 | 95.13 | 265 (hrs)
dataset, and 3) | kitchen waste, and
Garbage other garbage.
image data set
Trash Dataset Organic, 2225
DNN [3] 94.37 92.8 88.7 | 89.77
(Kaggle) recyclable (sec)
Trash Dataset organic and
MCNN [16] 95.0 96.5 955 945 NA
(Kaggle) recyclable.
lass, paper,
: bap ) 1695
CNN [14] TrashNet cardboard, plastic, | 95.16 | 98.44 | 94.24 | 94.39 (s¢0)
sec
metal, and trash
glass, plastic,
metal, e-waste, 138.36
TrashBox 97.69 98.9 | 98.08 | 98.01
cardboard, paper, (sec)
Proposed medical waste
Method
Glass, paper,
) 102.54
TrashNet cardboard, plastic, | 96.23 | 99.37 | 95.74 | 95.83 (s¢0)
sec
metal, trash

115




Table 5. 13: Comparative Accuracy based Result Analysis Performance

References Dataset Output Classes Number of Accuracy
Classes (%)
Recycle Net TrashNet glass, paper, cardboard, 6 81
[138] plastic, metal and trash.
EnCNN- TrashNet glass, paper, cardboard, 6 93.50
UPMWS [56] plastic, metal and trash
SVM [120] Trash Image Glass, metal, paper, plastic 4 87
Dataset
YOLOvV5X [1] | 1) COCO dataset, hazardous garbage, 4 92.6
2) VOC2007 recyclable garbage, kitchen
dataset, and 3) waste, and other garbage.
Garbage
image data set
DNN [3] Trash Dataset Organic, recyclable 2 94.53
(Kaggle)
MCNN [16] Trash Dataset organic and recyclable. 2 94.96
(Kaggle)
DeepWaste Trash Dataset Trash, Recycle and Compost 3 88.1
[117]
VGG19 [81] TrashNet plastic, metal, paper, 5 87.9
cardboard and glass
CNN [14] TrashNet glass, paper, cardboard, 6 95.312
plastic, metal, and trash
YOLOVS5 [145] TrashBox e-waste 1 82.32
Proposed TrashBox glass, plastic, metal, e-waste, 7 98.2
Method cardboard, paper, medical
waste
TrashNet glass, paper, cardboard, 6 98.95

plastic, metal, trash

116




5.7 SUMMARY

In this chapter, considering the prototype model environment, the proposed system is
developed, simulated and analysed based on various conditions for an effective smart
waste management environment. Initially, the prototype hardware system is analysed
and performed several test cases. Later, the two predictive models are developed and
analysed for two types of data, camera-based and sensor-based data to perform
classification using supervised machine learning algorithms and are interpreted for the
best accuracy with a particular algorithm. Also, the performance of the proposed model
is compared with existing work, and it is found that the proposed model is much more

capable in every aspect.
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CHAPTER 6 CONCLUSION AND FUTURE SCOPE

6.1 CONCLUSION

Waste management grows in importance for a number of reasons, including ensuring
the long-term viability of urban environments, maximizing the effectiveness of public
spending, increasing the accessibility of metropolitan areas, and protecting the planet's
finite natural resources. Waste management in the modern day might benefit from the
correct technological implementation. Every city on Earth will be ultra-modern and
efficient thanks to the Internet of Things, a revolutionary invention. The rapid
expansion of "smart cities" has coincided with an increase in garbage output. One of
the most pressing problems with the 10T is how to deal with trash. Garbage collection
and disposal is a traditional urban responsibility, but it requires a lot of manpower. In
addition, it contaminates personality features, economic development, and the natural
world. The proposed paradigm emphasises the usage of a standard Internet of Things
(1oT) layered architecture for garbage collection. The suggested architecture is
primarily composed of four layers: perception, network, middleware, and application.
In the perception layer, physical characteristics, toxic gas levels, rubbish levels, garbage
images captured by the camera, etc. are all detected using specialised sensors, and item
identification data is collected as a byproduct. The measured data is transmitted from
the perception layer to the middleware layer, where the expert services are set up,
through the network layer, which makes use of Wi-Fi and LoRa. In the middleware
layer, a data analytics system is implemented using a machine learning approach.

Finally, at the application layer, sensed data is visualised and interpreted.

A proposed system was developed using the ThingSpeak cloud platform to collect raw
garbage data in real-time across the Internet of Things, as was intended. It was also
proposed in this work that garbage cans be tracked using LoRa in areas without cell
service. The testing of the suggested system validated that the given solution met all of
the requirements. In addition, the suggested four-layer architecture includes a
middleware layer where the data analytics system is executed through periodic data
collection. Waste segregation and management are perennial problems that have had
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far-reaching effects on the natural worldThis research demonstrates that hybrid learning
approaches are useful for addressing the problem of garbage image classification. When
comparing and analysing the performance with the existing systems the overall
accuracy was found to be 98.2% as compared to the existing methods Recycle Net[138]
is 81%, EnNCNN UPMWS [56] is 93.50%, SVM[120] is 87, YOLOv5X [1] is 92.6% ,
DNN [3] is 94.53% , mCNN[95] is 94.96% , Deep Waste[117] is 88.1, VGG19[81] is
87.9 and CNNJ[14] is 95.3%.

6.2 FUTURE SCOPE

Further, the future scope involves numerous opportunities for advancement and
innovation, driven by emerging technologies, increased urbanization, and the need for
sustainable practices. However, further improvisation of the proposed data analytics
system is implemented by refining the deep learning algorithm moving forward with
advanced approaches. Also, expanding the sensor parameters related to the acquisition
of waste materials to obtain more versatile and accurate data, and lending a hand to the
Al system in its prediction efforts. In addition, by strengthening and weatherproofing
the proposed experimental model, it may be applied in practical scenarios. Future
systems can also utilize more sophisticated learning algorithms like deep learning,
reinforcement learning, and hybrid Al models to predict waste generation patterns with
greater accuracy and efficiency. This can help in optimizing collection schedules and
resource allocation. The integration of computer vision, robotics, and Al can lead to
automated waste sorting at the source, improving the segregation of recyclables,
organics, and general waste. This reduces manual labor and increases the efficiency of
recycling processes. Autonomous robots can be developed for the sorting and
segregation of waste, leading to more accurate waste categorization and recycling,
particularly in areas where human labor is less effective. Smart waste management
systems can be extended to monitor and minimize the carbon footprint of waste
processing and transportation, contributing to greener and more sustainable city
planning. By connecting waste management systems with public health, environmental
monitoring, and city planning departments, authorities can collaborate to create more

comprehensive sustainability initiatives and cleaner urban environments.

119



[1]

(2]

[3]

(4]

(5]

(6]

[7]

8]

[9]

Bibliography

Yang Z, Bao Y, Liu Y, Zhao Q, Zheng H, Bao Y. Research on deep learning
garbage classification system based on fusion of image classification and object
detection classification. Math Biosci Eng. 2023 Jan;20(3):4741-4759. doi:
10.3934/mbe.2023219. Epub 2022 Dec 30. PMID: 36896520.

Fang, B., Yu, J., Chen, Z. et al. Artificial intelligence for waste management in
smart cities: a review. Environ Chem Lett (2023).
https://doi.org/10.1007/s10311-023-01604-3

Chauhan, Ritu, Sahil Shighra, Hatim Madkhali, Linh Nguyen, and Mukesh
Prasad. 2023. "Efficient Future Waste Management: A Learning-Based Approach

with Deep Neural Networks for Smart System (LADS)" Applied Sciences 13, no.
7: 4140. https://doi.org/10.3390/app13074140
S. Sundaralingam and N. Ramanathan, “A Deep Learning-Based approach to

Segregate Solid Waste Generated in Residential Areas”, Eng. Technol. Appl. Sci.
Res., vol. 13, no. 2, pp. 10439-10446, Apr. 2023.

Nasir, I., & Aziz Al-Talib, G. A. (2023). Waste Classification Using Atrtificial
Intelligence Techniques:Literature Review. Technium: Romanian Journal of
Applied Sciences and Technology, 5, 49-59.
https://doi.org/10.47577/technium.v5i.8345

Cha G-W, Choi S-H, Hong W-H, Park C-W (2023) Developing a prediction
model of demolition-waste generation-rate via principal component analysis. Int
J Environ Res Public Health 20:3159. https://doi.org/10.3390/ijerph20043159
Ghanbari F, Kamalan H, Sarraf A (2023) Predicting solid waste generation based

on the ensemble artificial intelligence models under uncertainty analysis. J Mater
Cycles Waste Manag. https://doi.org/10.1007/s10163-023-01589-9

Zhou W, Zhao L, Huang H, Chen Y, Xu S, Wang C (2023) Automatic waste
detection with few annotated samples: improving waste management efficiency.
Eng Appl Artif Intell 120:105865.
https://doi.org/10.1016/j.engappai.2023.105865

M. S. Nafiz, S. S. Das, M. K. Morol, A. Al Juabir and D. Nandi, "ConvoWaste:
An Automatic Waste Segregation Machine Using Deep Learning," 2023 3rd

120


https://doi.org/10.1007/s10311-023-01604-3
https://doi.org/10.3390/app13074140
https://doi.org/10.47577/technium.v5i.8345
https://doi.org/10.3390/ijerph20043159
https://doi.org/10.1007/s10163-023-01589-9
https://doi.org/10.1016/j.engappai.2023.105865

[10]

[11]

[12]

[13]

[14]

[15]

[16]

International Conference on Robotics, Electrical and Signal Processing
Techniques (ICREST), Dhaka, Bangladesh, 2023, pp. 181-186, doi:
10.1109/ICREST57604.2023.10070078.

S. Sundaralingam and N. Ramanathan, “A Deep Learning-Based approach to
Segregate Solid Waste Generated in Residential Areas”, Eng. Technol. Appl. Sci.
Res., vol. 13, no. 2, pp. 10439-10446, Apr. 2023.

Namoun, Abdallah, Ali Tufail, Muhammad Yasar Khan, Ahmed Alrehaili,
Togeer Ali Syed, and Oussama BenRhouma. 2022. "Solid Waste Generation and
Disposal Using Machine Learning Approaches: A Survey of Solutions and
Challenges™ Sustainability 14, no. 20: 13578.
https://doi.org/10.3390/su142013578

Gopalan, Uganya & Rajalakshmi, D. & Teekaraman, Yuvaraja & Kuppusamy,
Ramya & Radhakrishnan, Arun. (2022). A Novel Strategy for Waste Prediction
Using Machine Learning Algorithm with loT Based Intelligent Waste
Management System. Wireless Communications and Mobile Computing. 2022.
1-15. 10.1155/2022/2063372.

John, J., Varkey, M.S., Podder, RS et al. Smart Prediction and Monitoring of
Waste Disposal System Using loT and Cloud for loT Based Smart Cities.
Wireless Pers Commun 122, 243-275 (2022). https://doi.org/10.1007/s11277-
021-08897-z

Md. Wahidur Rahman, Rahabul Islam, Arafat Hasan, Nasima Islam Bithi, Md.

Mahmodul Hasan, Mohammad Motiur Rahman, Intelligent waste management

system using deep learning with 10T, Journal of King Saud University - Computer
and Information Sciences, Volume 34, Issue 5, 2022, Pages 2072-2087, ISSN
1319-1578, https://doi.org/10.1016/].jksuci.2020.08.016.

Mohammad Diqi, “Waste Classification using CNN Algorithm”, 1st International
Conference on Science and Technology Innovation (ICOSTEC) February, 26
2022. Yogyakarta, Indonesia.

J. Shah and S. Kamat, "A Method for Waste Segregation using Convolutional
Neural Networks," 2022 Second International Conference on Advances in

Electrical, Computing, Communication and Sustainable Technologies

121


https://doi.org/10.1007/s11277-021-08897-z
https://doi.org/10.1007/s11277-021-08897-z
https://doi.org/10.1016/j.jksuci.2020.08.016

[17]

[18]

[19]

[20]

[21]

[22]

[23]

[24]

(ICAECT), Bhilai, India, 2022, pp. 1-5, doi:
10.1109/ICAECT54875.2022.98079609.

Xia W, Jiang Y, Chen X, Zhao R. Application of machine learning algorithms in
municipal solid waste management: A mini review. Waste Manag Res. 2022
Jun;40(6):609-624. doi: 10.1177/0734242X211033716. Epub 2021 Jul 16.
PMID: 34269157; PMCID: PMC9016669.

H. Abdu and M. H. Mohd Noor, "A Survey on Waste Detection and Classification
Using Deep Learning," in IEEE Access, vol. 10, pp. 128151-128165, 2022, doi:
10.1109/ACCESS.2022.3226682.

Al Duhayyim, Mesfer & Eisa, Taiseer & Al-Wesabi, Fahd & Abdelmaboud,
Abdelzahir & Hamza, Manar & Zamani, Abu & Rizwanullah, Mohammed &
Marzouk, Radwa. (2022). Deep Reinforcement Learning Enabled Smart City
Recycling Waste Object Classification. Computers, Materials & Continua. 71.
5699-5715. 10.32604/cmc.2022.024431.

J. Li et al., "Automatic Detection and Classification System of Domestic Waste
via Multimodel Cascaded Convolutional Neural Network," in IEEE Transactions
on Industrial Informatics, vol. 18, no. 1, pp. 163-173, Jan. 2022, doi:
10.1109/T11.2021.3085669.

Sana Shahab, Mohd Anjum and M. Sarosh Umar, “Deep Learning Applications
in Solid Waste Management: A Deep Literature Review” International Journal of
Advanced Computer Science and Applications(IJACSA), 13(3), 2022.
http://dx.doi.org/10.14569/IJACSA.2022.0130347.

Gupta, T., Joshi, R., Mukhopadhyay, D. et al. A deep learning approach based

hardware solution to categorise garbage in environment. Complex Intell. Syst. 8,
1129-1152 (2022). https://doi.org/10.1007/s40747-021-00529-0

Zhou, H., Yu, X., Alhaskawi, A. et al. A deep learning approach for medical
waste classification. Sci Rep 12, 2159 (2022). https://doi.org/10.1038/s41598-
022-06146-2

Cheema, Sehrish Munawar, Abdul Hannan, and Ivan Miguel Pires. 2022. "Smart

Waste Management and Classification Systems Using Cutting Edge Approach”
Sustainability 14, no. 16: 10226. https://doi.org/10.3390/su141610226

122


http://dx.doi.org/10.14569/IJACSA.2022.0130347
https://doi.org/10.1007/s40747-021-00529-0
https://doi.org/10.1038/s41598-022-06146-2
https://doi.org/10.1038/s41598-022-06146-2
https://doi.org/10.3390/su141610226

[25]

[26]

[27]

[28]

[29]

[30]

[31]

[32]

[33]

Verma, Vishal, Deepali Gupta, Sheifali Gupta, Mudita Uppal, Divya Anand,
Arturo Ortega-Mansilla, Fahd S. Alharithi, Jasem Almotiri, and Nitin Goyal.
2022. "A Deep Learning-Based Intelligent Garbage Detection System Using an
Unmanned  Aerial Vehicle" Symmetry 14, no. 5: 960.
https://doi.org/10.3390/sym14050960

N. V. Kumsetty, A. Bhat Nekkare, S. K. S. and A. Kumar M., "TrashBox: Trash

Detection and Classification using Quantum Transfer Learning,” 2022 31st

Conference of Open Innovations Association (FRUCT), Helsinki, Finland, 2022,
pp. 125-130, doi: 10.23919/FRUCT54823.2022.9770922.

Khan, Awais & Khan, Muhammad & Javed, Muhammad & Alhaisoni, Majed &
Tarig, Usman & Kadry, Seifedine & Choi, Jungin & Nam, Yunyoung. (2022).
Human Gait Recognition Using Deep Learning and Improved Ant Colony
Optimization. Computers, Materials and Continua. 70. 2261-2276.
10.32604/cmc.2022.018270.

Huang, Q. Weight-Quantized SqueezeNet for Resource-Constrained Robot
Vacuums for Indoor Obstacle Classification. Al 2022, 3, 180-193.

Vonitsanos, G.; Panagiotakopoulos, T.; Kanavos, A.; Kameas, A. An Apache
Spark Framework for loT-enabled Waste Management in Smart Cities. In
Proceedings of the 12th Hellenic Conference on Atrtificial Intelligence (SETN
2022), Corfu, Greece, 7-9 September 2022; pp. 1-7.

Chen X (2022) Machine learning approach for a circular economy with waste
recycling in smart cities. Energy Rep 8:3127-3140.
https://doi.org/10.1016/j.eqyr.2022.01.193

Chen L, Wang C, Zhong R, Wang J, Zhao Z (2022a) Intelligent modeling of the
incineration process in waste incineration power plant based on deep learning.
Energies 15:4285. https://doi.org/10.3390/en15124285

Chen X, Huang H, Liu Y, Li J, Liu M (2022b) Robot for automatic waste sorting
on construction sites. Autom Constr 141:104387.
https://doi.org/10.1016/j.autcon.2022.104387

Chiu M-C, Wen C-Y, Hsu H-W, Wang W-C (2022) Key wastes selection and

prediction improvement for biogas production through hybrid machine learning

123


https://doi.org/10.3390/sym14050960
https://doi.org/10.1016/j.egyr.2022.01.193
https://doi.org/10.3390/en15124285
https://doi.org/10.1016/j.autcon.2022.104387

[34]

[35]

[36]

[37]

[38]

[39]

[40]

[41]

methods. Sustain Energy Technol Assess 52:102223.
https://doi.org/10.1016/j.seta.2022.102223

Du W, Zheng J, Li W, Liu Z, Wang H, Han X (2022) Efficient recognition and
automatic sorting technology of waste textiles based on online near infrared

spectroscopy and convolutional neural network. Resour Conserv Recycl
180:106157. https://doi.org/10.1016/j.resconrec.2022.106157
Fahmi F, Lubis BP (2022) Identification and Sorting of waste using artificial

intelligence based on convolutional neural network. In: 2022 6th International
Conference on Electrical, Telecommunication and Computer Engineering
(ELTICOM): 222-226.
https://doi.org/10.1109/ELTICOMS57747.2022.10038044

Feng C, Nie G, Naveed QN, Potrich E, Sankaran KS, Kaur A, Sammy F (2022)
Optimization of sorting robot control system based on deep learning and machine
vision. Math Probl Eng 2022:5458703. https://doi.org/10.1155/2022/5458703
Gurram GV, Shariff NC, Biradar RL (2022) A secure energy aware meta-

heuristic routing protocol (SEAMHR) for sustainable loT-wireless sensor
network (WSN). Theoret Comput Sci 930:63-76.
https://doi.org/10.1016/j.tcs.2022.07.011

ljemaru GK, Ang LM, Seng KP (2022) Transformation from IoT to loV for waste

management in smart cities. J Netw Comput Appl 204:103393.
https://doi.org/10.1016/j.jnca.2022.103393

Jha R, Dwivedi S, Modhera B (2022) Measurement and practices for hazardous

waste management. In: Yadav D, Kumar P, Singh P, Vallero DA (eds) Hazardous
waste management. Elsevier, Amsterdam, pp 89-115.
https://doi.org/10.1016/B978-0-12-824344-2.00011-2

Joshi LM, Bharti RK, Singh R, Malik PK (2022) Real time monitoring of solid
waste with customized hardware and Internet of Things. Comput Electr Eng
102:108262. https://doi.org/10.1016/j.compeleceng.2022.108262

Kim Y, Cho J (2022) AIDM-Strat: augmented illegal dumping monitoring

strategy through deep neural network-based spatial separation attention of
garbage. Sensors 22:8819. https://doi.org/10.3390/s22228819

124


https://doi.org/10.1016/j.seta.2022.102223
https://doi.org/10.1016/j.resconrec.2022.106157
https://doi.org/10.1109/ELTICOM57747.2022.10038044
https://doi.org/10.1155/2022/5458703
https://doi.org/10.1016/j.tcs.2022.07.011
https://doi.org/10.1016/j.jnca.2022.103393
https://doi.org/10.1016/B978-0-12-824344-2.00011-2
https://doi.org/10.1016/j.compeleceng.2022.108262
https://doi.org/10.3390/s22228819

[42]

[43]

[44]

[45]

[46]

[47]

[48]

[49]

[50]

Li Y, Li S, Sun X, Hao D (2022) Prediction of carbon dioxide production from
green waste composting and identification of critical factors using machine
learning algorithms. Biores Technol 360:127587.
https://doi.org/10.1016/j.biortech.2022.127587

Mao W-L, Chen W-C, Fathurrahman HIK, Lin Y-H (2022) Deep learning
networks for real-time regional domestic waste detection. J Clean Prod
344:131096. https://doi.org/10.1016/].jclepro.2022.131096

Mbom H, Raji A, Omiyale A (2022) Design and implementation of an 10T based

smart waste bin for fill level and biodegradability monitoring. J Eng Res 25:84—
95. https://ir.unilag.edu.ng/handle/123456789/10910"
M. Naghel, A. Farhi, and A. Redjem, "Household Waste Management

Challenges: The Case of M’sila, Algeria," Engineering, Technology & Applied
Science Research, vol. 12, no. 3, pp. 8675-8682, Jun. 2022. DOI:
https://doi.org/10.48084/etasr.4925

S. Majchrowska et al., "Deep learning-based waste detection in natural and urban
environments,” Waste Management, vol. 138, pp. 274-284, Feb. 2022. DOI:
https://doi.org/10.1016/j.wasman.2021.12.001

Xia, Wanjun & Jiang, Yanping & Chen, Xiaohong & Zhao, Rui. (2021).
Application of machine learning algorithms in municipal solid waste

management: A mini-review. Waste Management & Research: The Journal for a
Sustainable Circular Economy. 40. 0734242X2110337.
10.1177/0734242X211033716.

Puneet Sharma and Upma Vaid, "Emerging role of artificial intelligence in waste
management practices”, COSMIC 2021, IOP Conf. Series: Earth and
Environmental Science 889 (2021) 012047, IOP Publishing doi:10.1088/1755-
1315/889/1/012047

Gade, Dipak & Aithal, Sreeramana. (2021). Smart City Waste Management
through ICT and IoT driven Solution. 5. 51-65. 10.5281/zenodo.4739109.
Ghahramani, Mohammadhossein & Zhou, Mengchu & Molter, Anna & Pilla,
Francesco. (2021). loT-based Route Recommendation for an Intelligent Waste
Management System. IEEE Internet of Things Journal. PP. 1-1.
10.1109/J10T.2021.3132126.

125


https://doi.org/10.1016/j.biortech.2022.127587
https://doi.org/10.1016/j.jclepro.2022.131096
https://ir.unilag.edu.ng/handle/123456789/10910
https://doi.org/10.48084/etasr.4925

(51]

[52]

(53]

[54]

[55]

[56]

[57]

[58]

[59]

Rijwan Khan, Santosh Kumar, Akhilesh Kumar Srivastava, Niharika Dhingra,
Mahima Gupta, Neha Bhati, Pallavi Kumari, *Machine Learning and loT-Based
Waste Management Model"”, Computational Intelligence and Neuroscience, vol.
2021, Article ID 5942574, 11 pages, 2021. https://doi.org/10.1155/2021/5942574
Gunawan, T., Hernawati, E. & Aditya, B. R. (2021). loT-Based Waste Height
and Weight Monitoring System. Journal of Computer Science, 17(11), 1085-
1092. https://doi.org/10.3844/jcssp.2021.1085.1092

Dr. A.P. Siva Kumar, K. BuelaEvanzalina and Chidananda K, “AN EFFICIENT
CLASSIFICATION OF KITCHEN WASTE USING DEEP LEARNING
TECHNIQUES”, Turkish Journal of Computer and Mathematics Education
Vol.12 No.14 (2021), 5751-5762

Janusz Bobulski, Mariusz Kubanek, "Deep Learning for Plastic Waste

Classification System™, Applied Computational Intelligence and Soft Computing,
vol. 2021, Article ID 6626948, 7 pages, 2021.
https://doi.org/10.1155/2021/6626948

Azhaguramyaa, V & Janet, J & Narayanan, Vijay & Sabari, R & Santhosh,

Kumar. (2021). An Intelligent System for Waste Materials Segregation Using loT
and Deep Learning. Journal of Physics: Conference Series. 1916. 012028.
10.1088/1742-6596/1916/1/012028.

Zheng, Hua, and Yu Gu. 2021. "EnCNN-UPMWS: Waste Classification by a
CNN Ensemble Using the UPM Weighting Strategy" Electronics 10, no. 4: 427.
https://doi.org/10.3390/electronics10040427

Karthikeyan S et.al., “Application of Deep Learning for Solid Waste Trash
Classification using Deep CNN”, ACM/CSI/IEEECS Research & Industry
Symposium on loT Cloud For Societal Applications (loTCloud'21)

Susanth, G & Livingston, Jenila & Livingston, Agnel. (2021). Garbage Waste
Segregation Using Deep Learning Techniques. IOP Conference Series: Materials
Science and Engineering. 1012. 012040. 10.1088/1757-899X/1012/1/012040.
Gondal, Ali Usman, Muhammad Imran Sadiq, Tariq Ali, Muhammad Irfan,
Ahmad Shaf, Muhammad Aamir, Muhammad Shoaib, Adam Glowacz, Ryszard
Tadeusiewicz, and Eliasz Kantoch. 2021. "Real Time Multipurpose Smart Waste
Classification Model for Efficient Recycling in Smart Cities Using Multilayer

126


https://doi.org/10.1155/2021/5942574
https://doi.org/10.3844/jcssp.2021.1085.1092
https://doi.org/10.1155/2021/6626948
https://doi.org/10.3390/electronics10040427

[60]

[61]

[62]

[63]

[64]

[65]

[66]

[67]

Convolutional Neural Network and Perceptron™ Sensors 21, no. 14: 4916.
https://doi.org/10.3390/s21144916
M. Carlos-Alberola, A. Gallardo lzquierdo, F. J. Colomer-Mendoza, and E.

Barreda-Albert, “Design of a municipal solidwaste collection system in situations
with a lack of resources: Nikki (Benin), a case in Africa,” Sustainability, vol. 13,
no. 4, p. 1785, 2021

L. W. Qin, M. Ahmad, I. Ali et al., “Precision measurement for industry 4.0
standards towards solid waste classification through enhanced imaging sensors
and deep learning model, “Wireless Communications and Mobile Computing,
vol. 2021, Article ID 9963999, 10 pages, 2021

Adeleke, O., Akinlabi, S. A., Jen, T.-C., & Dunmade, I. (2021). Application of
artificial neural networks for predicting the physical composition of municipal
solid waste: An assessment of the impact of seasonal variation. Waste
Management & Research, 39, 0734242X21991642.

Birgen, C., Magnanelli, E., Carlsson, P., Skreiberg, @., Moshy, J., & Becidan, M.
(2021). Machine learning based modelling for lower heating value prediction of
municipal solid waste. Fuel, 283, 118906.

Das, A., Shukla, A., Manjunatha, R., & Lodhi, E. A. (2021). 10T based solid waste
segregation using relative humidity values. In 2021 third international conference
on intelligent communication technologies and virtual mobile networks (ICICV)
(pp. 312-319). IEEE.

Ghanbari, F., Kamalan, H., & Sarraf, A. (2021). An evolutionary machine
learning approach for municipal solid waste generation estimation utilizing
socioeconomic components. Arabian Journal of Geosciences, 14, 1-16.
Ghanshala, T., Tripathi, V., & Pant, B. (2021). A machine learning based
framework for intelligent high density garbage area classification. In Advances
in intelligent systems and computing (pp. 147-152). Springer Science and
Business Media Deutschland GmbH.

Kaya, K., Ak, E., Yaslan, Y., & Oktug, S. F. (2021). Waste-to-Energy
Framework: An intelligent energy recycling management. Sustainable

Computing: Informatics and Systems, 30, 100548.

127


https://doi.org/10.3390/s21144916

[68]

[69]

[70]

[71]

[72]

[73]

[74]

[75]

[76]

[77]

Long, F., Wang, L., Cai, W., Lesnik, K., & Liu, H. (2021). Predicting the
performance of anaerobic digestion using machine learning algorithms and
genomic data. Water Research, 199, 117182.

Marieta, C., Guerrero, A., & Leon, I. (2021). Municipal solid waste incineration
fly ash to produce eco-friendly binders for sustainable building construction.
Waste Management, 120, 114-124.

Ozdemir, M. E., Ali, Z., Subeshan, B., & Asmatulu, E. (2021). Applying machine
learning approach in recycling. Journal of Material Cycles and Waste
Management, 23, 1-17.

Wang, D., Tang, Y. T., He, J.,, Yang, F., & Robinson, D. (2021). Generalized
models to predict the lower heating value (LHV) of municipal solid waste
(MSW). Energy, 216, 119279.

Khan, L.R.; Alam, M.; Razdan, A. Smart Garbage Monitoring System Using loT.
SSRN 2021.

Kanade, P.; Alva, P.; Prasad, J.P.; Kanade, S. Smart Garbage Monitoring System
using Internet of Things(loT). In Proceedings of the 5th International Conference
on Computing Methodologies and Communication (ICCMC), Erode, India, 8-10
April 2021; pp. 330-335.

Yang, J.; Zeng, Z.; Wang, K.; Zou, H.; Xie, L. GarbageNet: A Unified Learning
Framework for Robust Garbage Classification. IEEE Trans. Artif. Intell. 2021, 2,
372-380.

Panagiotakopoulos, T.; Vlachos, D.P.; Bakalakos, T.V.; Kanavos, A.; Kameas,
A. A FIWARE-based 10T Framework for Smart Water Distribution Management.
In Proceedings of the 2021 12th International Conference on Information,
Intelligence, Systems & Applications (11ISA), Chania Crete, Greece, 12-14
August 2021; pp. 1-6.

Hao, C.; Chen, D. Software/Hardware Co-design for Multi-modal Multi-task
Learning in Autonomous Systems. In Proceedings of the IEEE 3rd International
Conference on Artificial Intelligence Circuits and Systems (AICAS),
Washington, DC, USA, 6-9 June 2021; pp. 1-5.

Nallapaneni Manoj Kumar et al., "Artificial Intelligence-based Solution for
Sorting COVID Related Medical Waste Streams and Supporting Data-driven

128



[78]

[79]

[80]

[81]

[82]

(83]

(84]

[85]

[86]

Decisions for Smart Circular Economy Practice”, Process Safety and
Environmental Protection, 2021.

Al Rakib, Md Abdullah et al., "Dry and Wet Waste Segregation and Management
System", European Journal of Engineering and Technology Research, vol. 6.5,
pp. 129-133, 2021.

Hari Bhakta Sharma et al., "Circular economy approach in solid waste
management system to achieve UN-SDGs: Solutions for post-COVID recovery",
Science of The Total Environment, pp. 149605, 2021.

A. E.BaAlawi, A. Y. A. Saeed, F. Almashhor, R. Al-Shathely and A. N. Hassan,
"Solid Waste Classification Using Deep Learning Techniques”, 2021
International Congress of Advanced Technology and Engineering (ICOTEN), pp.
1-5, 2021.

N. Ramsurrun, G. Suddul, S. Armoogum and R. Foogooa, "Recyclable Waste
Classification Using Computer Vision And Deep Learning”, 2021 Zooming
Innovation in Consumer Technologies Conference (ZINC), pp. 11-15, 2021.

Q. Zhang, Q. Yang, X. Zhang, Q. Bao, J. Su, and X. Liu, "Waste image
classification based on transfer learning and convolutional neural network,"
Waste Management, vol. 135, pp. 150-157, Nov. 2021. DOI:
https://doi.org/10.1016/j.wasman.2021.08.038

Aniga Bano, lkram Ud Din, Asma A. Al-Hugail, "AloT-Based Smart Bin for
Real-Time Monitoring and Management of Solid Waste", Scientific
Programming, vol. 2020, Article ID 6613263, 13 pages, 2020.
https://doi.org/10.1155/2020/6613263

T.J. Shengetal., "An Internet of Things Based Smart Waste Management System

Using LoRa and Tensorflow Deep Learning Model," in IEEE Access, vol. 8, pp.
148793-148811, 2020, doi: 10.1109/ACCESS.2020.3016255.

Xu, Xiujie & Qi, Xuehai & Diao, Xingjian. (2020). Reach On Waste
Classification and lIdentification by Transfer Learning and Lightweight Neural
Network.

Gyawali, Dipesh & Regmi, Alok & Shakya, Aatish & Gautam, Ashish &
Shrestha, Surendra. (2020). Comparative Analysis of Multiple Deep CNN
Models for Waste Classification.

129


https://doi.org/10.1155/2020/6613263

[87]

[88]

[89]

[90]

[91]

[92]

[93]

[94]

[95]

[96]

Sami, K. N., Amin, Z. M. A., & Hassan, R. (2020). Waste Management Using
Machine Learning and Deep Learning Algorithms. International Journal on
Perceptive and Cognitive Computing, 6(2), 97-106.
https://doi.org/10.31436/ijpcc.v6i2.165

A. Khoa, C. H. P. Tran, P. Duc Lam et al., “Waste management system using
loT-based machine learning in university, “Wireless Communications and
Mobile Computing, vol. 2020, Article ID 6138637, 13 pages, 2020

J. M. Fernandez-Gonzalez, C. Diaz-Lopez, J. Martin-Pascual, M. Zamorano, and
M. Zamorano, “Recycling organic fraction of municipal solid waste: systematic
literature review and bibliometric analysis of research trends,” Sustainability, vol.
12, no. 11, p. 4798, 2020.

K. F. Haque, R. Zabin, K. Yelamarthi, P. Yanambaka, and A. Abdelgawad, “An
IoT based efficient waste collection system with smart bins,” in Proceedings of
the 2020 IEEE 6thWorld Forum on Internet of Things (WF-10T), pp. 1-5, IEEE,
New Orleans, LA, USA, June 2020

P. Nowakowski and T. Pamuta, “Application of deep learning object classifier to
improve e-waste collection planning”, Waste Management, vol. 109, pp. 1-9,
2020

I. Wojnowska-Baryta, D. Kulikowska, and K. Bernat, “Effect of bio-based
products on waste management,” Sustainability, vol. 12, no. 5, p. 2088, 2020

E. Towa, V. Zeller, and W. M. J. Achten, “Input-output models and waste
management analysis: a critical review,” Journal of Cleaner Production, vol. 249,
Article ID 119359, 2020.

N. Tulebayeva, D. Yergobek, G. Pestunova, A. Mottaeva, and Z. Sapakova,
“Green economy: waste management and recycling methods,” E3S Web of
Conferences, vol. 159, ArticlelD 01012, 2020.

B. Bharadwaj, R. K. Rai, and M. Nepal, “Sustainable financing for municipal
solid waste management in Nepal,” PloS One, vol. 15, no. 8, Article ID 0231933,
2020.

Algahtani, F., Al-Makhadmeh, Z., Tolba, A., & Said, W. (2020). Internet of
things-based urban waste management system for smart cities using a cuckoo
search algorithm. Cluster Computing, 23, 1769-1780.

130


https://doi.org/10.31436/ijpcc.v6i2.165

[97] Bose, C., Pathak, S., Agarwal, R., Tripathi, V., & Joshi, K. (2020). A Computer
vision based approach for the analysis of acuteness of garbage. In
Communications in computer and information science (pp. 3—11). Springer.

[98] Deng, S., Zhao, H., Fang, W., Yin, J., Dustdar, S., & Zomaya, A. Y. (2020). Edge
intelligence: The confluence of edge computing and artificial intelligence. IEEE
Internet of Things Journal, 7, 7457-74609.

[99] Farjami, J., Dehyouri, S., & Mohamadi, M. (2020). Evaluation of waste recycling
of fruits based on Support Vector Machine (SVM). Cogent Environmental
Science, 6, 1712146.

[100] Hanbal, I. F., Ingosan, J. S., Oyam, N. A. A., & Hu, Y. (2020a). Classifying
wastes using random forests, Gaussian Naive Bayes, support vector machine and
multilayer perceptron. In: IOP conference series: Materials science and
engineering, p. 012017. Institute of Physics Publishing.

[101] Hanbal, I.F., Ingosan, J.S., Oyam, N.A.A., Hu, Y., 2020b. Classifying Wastes
Using Random Forests, Gaussian Naive Bayes, Support Vector Machine and
Multilayer Perceptron. 10P Conference Series: Materials Science and
Engineering. 803.

[102] Hoque, M. M., & Rahman, M. T. U. (2020). Landfill area estimation based on
solid waste collection prediction using ANN model and final waste disposal
options. Journal of Cleaner Production, 256, 120387.

[103] Hosseinzadeh, A., Baziar, M., Alidadi, H., Zhou, J. L., Altaee, A., Najafpoor, A.
A., & Jafarpour, S. (2020). Application of artificial neural network and multiple
linear regression in modeling nutrient recovery in vermicompost under different
conditions. Bioresource Technology, 303, 122926.

[104] Ma, S., Zhou, C., Chi, C., Liu, Y., & Yang, G. (2020). Estimating Physical
Composition of Municipal Solid Waste in China by Applying Artificial Neural
Network Method. Environmental Science & Technology, 54, 9609-9617.

[105] Ozmen, M., Sahin, H., & Koray, O. (2020). Genetic algorithm based optimized
waste collection in smart cities. In 2020 international conference on electrical
engineering (ICEE) (pp. 1-6). IEEE.

131



[106] Tao, J., Liang, R., Li, J., Yan, B., Chen, G., Cheng, Z., Li, W., Lin, F., & Hou, L.
(2020). Fast characterization of biomass and waste by infrared spectra and
machine learning models. Journal of Hazardous Materials, 387, 121723.

[107] Togagar, M., Ergen, B., & Comert, Z. (2020). Waste classification using
AutoEncoder network with integrated feature selection method in convolutional
neural network models. Measurement, 153, 107459.

[108] binti Md. Ishak, T.N.; bin Abdullah, S. Design of lIoT Garbage Monitoring with
Weight Sensing. Int. Res. J. Eng. Technol. (IRJET) 2020, 7, 553-556.

[109] Zhaojie, D.; Chenjie, Z.; Jiajie, W.; Yifan, Q.; Gang, C. Garbage Classification
System Based on Al and loT. In Proceedings of the 15th IEEE International
Conference on Computer Science & Education (ICCSE), Ningbo, China, 18-21
August 2020; pp. 349-352.

[110] Saini, J.; Dutta, M.; Marques, G. Indoor Air Quality Monitoring Systems Based
on Internet of Things: A Systematic Review. Int. J. Environ. Res. Public Health
2020, 17, 4942.

[111] Zheng, J.; Lu, C.; Hao, C.; Chen, D.; Guo, D. Improving the Generalization
Ability of Deep Neural Networks for Cross-Domain Visual Recognition. IEEE
Trans. Cogn. Dev. Syst. 2020, 13, 607-620.

[112] Md Wahidur Rahman et al., "Intelligent waste management system using deep
learning with 10T", Journal of King Saud University-Computer and Information
Sciences, 2020.

[113] Piotr Nowakowski and Teresa Pamula, "Application of deep learning object
classifier to improve e-waste collection planning”, Waste Management, vol. 109,
pp. 1-9, 2020.

[114] Teoh Ji Sheng et al., "An internet of things based smart waste management system
using LoRa and tensorflow deep learning model"”, IEEE Access, vol. 8, pp.
148793-148811, 2020.

[115]R. Anand et al., "Face recognition and classification using ConvoWaste
architecture™ in Soft Computing for Problem Solving, Singapore:Springer, pp.
261-269, 2020.

132



[116] Shirazush Salekin Chowdhury et al., "The Design and Implementation of an
Autonomous Waste Sorting Machine Using Machine Learning Technique",
AIUB Journal of Science and Engineering (AJSE), vol. 19.3, pp. 134-142, 2020.

[117] Y. Narayan, DeepWaste: Applying Deep Learning to Waste Classification for a
Sustainable Planet, vol. 2020, 2020.

[118] Ab Majid, Nurul Aiman & Ismail, Nor Azman & Hassan, Shukur. (2019). 10T-
Based Smart Solid Waste Management System A Systematic Literature Review.

[119] Jobin Joseph, Aswin R, Allen James, Alwin Johny and Prince V Jose, “Smart
Waste Management Using Deep Learning with IoT”, International Journal of
Networks and Systems, Volume 8, No.3, April - May 2019,
https://doi.org/10.30534/ijns/2019/10832019.

[120] Olugboja, Adedeji & Wang, Zenghui. (2019). Intelligent Waste Classification
System Using Deep Learning Convolutional Neural Network. Procedia
Manufacturing. 35. 607-612. 10.1016/j.promfg.2019.05.086.

[121] M. Pamintuan, S. M. Mantiquilla, H. Reyes and M. J. Samonte, "i-BIN: An
Intelligent Trash Bin for Automatic Waste Segregation and Monitoring System,"

2019 IEEE 11th International Conference on Humanoid, Nanotechnology,
Information Technology, Communication and Control, Environment, and
Management ( HNICEM ), Laoag, Philippines, 2019, pp. 1-5, doi:
10.1109/HNICEM48295.2019.9072787.

[122] Seredkin, A & Tokarev, Mikhail & Plohih, I & Gobyzov, Oleg & Markovich,
Dmitriy. (2019). Development of a method of detection and classification of
waste objects on a conveyor for a robotic sorting system. Journal of Physics:
Conference Series. 1359. 012127. 10.1088/1742-6596/1359/1/012127.

[123]R. Sharma, “Evolution in smart city infrastructure with IoT potential
applications,” in Internet of Things and Big Data Analytics for Smart Generation,
pp. 153-183, Springer, Cham, Switzerland, 2019

[124] A. Louati, L. H. Son, and H. Chabchoub, “Smart routing for municipal solid waste
collection: a heuristic approach,” Journal of ambient intelligence and humanized

computing, vol. 10, no. 5, pp. 1865-1884, 2019.

133


https://doi.org/10.30534/ijns/2019/10832019

[125] B.-D. Maria-Victoria, J.-L. Romero-Gazquez, P. Jimenez, and P. Pavon-Marino,
“Optimal path planning for selective waste collection in smart cities,” Sensors,
vol. 19, no. 9, p. 1973, 2019

[126] Alduais, N. A. M., Abdullah, J., & Jamil, A. (2019). RDCM: An efficient real-
time data collection model for iot/WSN edge with multivariate sensors. IEEE
Access, 7, 89063-89082.

[127] Kambam, L. R., & Aarthi, R. (2019). Classification of plastic bottles based on
visual and physical features for waste management. Proceedings of 2019 3rd
IEEE International Conference on Electrical, Computer and Communication
Technologies. ICECCT, 2019, 1-6.

[128] Rutqvist, D., Kleyko, D., & Blomstedt, F. (2019). An Automated Machine
Learning Approach for Smart Waste Management Systems. IEEE Transactions
on Industrial Informatics, 16, 384-392.

[129] Wang, Z., Peng, B., Huang, Y., & Sun, G. (2019). Classification for plastic bottles
recycling based on image recognition. Waste Management, 88, 170-181.

[130] Xu, Y., Liu, X., Hu, X., Huang, G., & Meng, N. (2019). A genetic-algorithm-
aided fuzzy chance-constrained programming model for municipal solid waste
management. Engineering Optimization, 52, 652-668.

[131] Xue, W., Hu, X., Weli, Z., Mei, X., Chen, X., & Xu, Y. (2019). A fast and easy
method for predicting agricultural waste compost maturity by image-based deep
learning. Bioresource Technology, 290, 121761.

[132] Zou, Z., Jin, Y., Nevalainen, P., Huan, Y., Heikkonen, J., & Westerlund, T.
(2019). Edge and fog computing enabled Al for loT-an overview. In Proceedings
2019 IEEE international conference on artificial intelligence circuits and systems,
AICAS 2019 (pp. 51-56). Institute of Electrical and Electronics Engineers Inc.

[133] M. A. Abu, N. H. Indra, A. H. A. Rahman, N. A. Sapiee and I. Ahmad, "A study
on image classification based on deep learning and tensorflow", Int. J. Eng. Res.
Technol., vol. 12, pp. 563-569, Oct. 2019.

[134] K. Sreelakshmi et al., "Capsule neural networks and visualization for segregation
of plastic and non-plastic wastes", 2019 5th international conference on advanced

computing & communication systems (ICACCS). IEEE, 2019.

134



[135] Liu Huiyu, Owolabi Ganiyat O and Sung-Ho Kim, "Automatic classifications and
recognition for recycled garbage by utilizing deep learning technology”,
Proceedings of the 2019 7th International Conference on Information
Technology: IoT and Smart City, 2019.

[136] Mosin Hasan, Bhavesh Tanawala and Krina J. Patel, "Deep learning precision
farming: tomato leaf disease detection by transfer learning”, Proceedings of 2nd
International Conference on Advanced Computing and Software Engineering
(ICACSE), 2019.

[137] Olugboja Adedeji and Zenghui Wang, "Intelligent Waste Classification System
Using Deep Learning Convolutional Neural Network", Procedia Manufacturing,
vol. 35, pp. 607-612, 2019, ISSN 2351-9789.

[138] C. Bircanoglu, M. Atay, F. Beser, O. Gen¢ and M. A. Kizrak, "RecycleNet:
Intelligent Waste Sorting Using Deep Neural Networks," 2018 Innovations in
Intelligent Systems and Applications (INISTA), Thessaloniki, Greece, 2018, pp.
1-7, doi: 10.1109/INISTA.2018.8466276.

[139] Yinghao Chu, Chen Huang, Xiaodan Xie, Bohai Tan, Shyam Kamal, Xiaogang
Xiong, "Multilayer Hybrid Deep-Learning Method for Waste Classification and
Recycling"”, Computational Intelligence and Neuroscience, vol. 2018, Article ID
5060857, 9 pages, 2018. https://doi.org/10.1155/2018/5060857

[140] Debajyoti Misra et al., "An loT-based waste management system monitored by

cloud”, Journal of Material Cycles and Waste Management, vol. 20.3, pp. 1574-
1582, 2018.

[141] Jingiang Bai et al., "Deep learning based robot for automatically picking up
garbage on the grass”, IEEE Transactions on Consumer Electronics, vol. 64.3, pp.
382-389, 2018.

[142] T. Bakhshi and M. Ahmed, "loT-Enabled Smart City Waste Management using
Machine Learning Analytics,” 2018 2nd International Conference on Energy
Conservation and Efficiency (ICECE), 2018, pp. 66-71, DOI:
10.1109/ECE.2018.8554985.

[143] Dev V. Savla et al., "loT and ML-based Smart System for Efficient Garbage

Monitoring”, Third International Conference on Smart Systems and Inventive

135


https://doi.org/10.1155/2018/5060857

Technology (ICSSIT 2020), IEEE Xplore Part Number: CFP20P17-ART; ISBN:
978-1-7281-5821-1.

[144]S. N., P. M. Fathimal, R. R. and K. Prakash, "Smart Garbage Segregation &

Management System Using Internet of Things(loT) & Machine Learning(ML),"
2019 1st International Conference on Innovations in Information and
Communication  Technology  (ICIICT), 2019, pp. 1-6, DOIL:
10.1109/ICI1CT1.2019.8741443.

[145] 1. O. Joseph, N. L. Wangare, T. P. Mahoque, P. Tewari and S. Majumdar, "E-

Waste Intelligent Robotic Technology (EIRT): A Deep Learning approach for
Electronic Waste Detection, Classification and Sorting," 2023 14th International
Conference on Computing Communication and Networking Technologies
(ICCCNT), Delhi, India, 2023, pp. 1-6, doi:
10.1109/ICCCNT56998.2023.10306479.

[146] Thung, Gary and Mingxiang Yang. “Classification of Trash for Recyclability

Status.”, 2016, Stanford CS229 Machine Learning.

[147] Gomez, C. A., Shami, A., & Wang, X. (2018). Machine Learning Aided Scheme

for Load Balancing in Dense 1oT Networks. Sensors, 18(11), 3779.
https://doi.org/10.3390/s18113779

136



List of Journal/Conferences/Book Chapter Publication

e Journal Publication

Belsare K, Singh M, Gandam A, Malik PK, Agarwal R, Gehlot A.“An

integrated approach of 10T and WSN using wavelet transform and machine

learning for the solid waste image classification in smart cities”. Trans
Emerging Tel Tech. 2023;e4857. doi: 10.1002/ett.4857

Belsare Karan, Singh Manwinder, Gandam Anudeep, F. Soliman Naglaa, D.
Algarni Abeer” Wireless sensor network-based machine learning framework
for smart cities in intelligent waste management” Heliyon Volume 10, Issue
16, 36271, August 30, 2024 doi: 10.1016/j.heliyon.2024.e36271

e C(Conferences Publication

Belsare, K.S., Singh, M.” Various Frameworks for IoT-Enabled Intelligent
Waste Management System Using ML for Smart Cities”. In: Shakya, S.,
Ntalianis, K., Kamel, (eds) Mobile Computing and Sustainable Informatics.
Lecture Notes on Data Engineering and Communications Technologies, vol
126. Springer, Singapore. https://doi.org/10.1007/978-981-19-2069-1 55

K. Belsare and M. Singh, "An Intelligent Internet of Things (IoT) based

Automatic Dry and Wet Medical Waste Segregation and Management
System," 2022 International Conference on Augmented Intelligence and
Sustainable Systems (ICAISS), Trichy, India, 2022, pp. 1113-1119, doi:
10.1109/1CAISS55157.2022.10010913.

Belsare K, Singh M, *“ Data Acquisition and Monitoring Framework for Waste
Management using Intelligent Sensors and Thing Speak 10T Analytics for
Health Monitoring in Smart Cities”, 5th International Conference on Intelligent
Circuits and Systems (ICICS- 2023), LPU, Pagwada, Punjab, India 2023.

e Book Chapter Publication

Karan Belsare, Manwinder Singh, Anudeep Goraya,” Data Acquisition and
Monitoring Framework for Waste Management Using Intelligent Sensors and
Thing Speak IoT Analytics for Health Monitoring in Smart Cities”
Intelligent Circuits and Systems for SDG 3 — Good Health and well-being 1st
Edition, 2024, CRC Press,Pages11, eBook ISBN9781003521716.

137


https://www.cell.com/heliyon/issue?pii=S2405-8440(23)X0029-2
https://www.cell.com/heliyon/issue?pii=S2405-8440(23)X0029-2
https://doi.org/10.1007/978-981-19-2069-1_55
https://www.taylorfrancis.com/search?contributorName=Karan%20Belsare&contributorRole=author&redirectFromPDP=true&context=ubx
https://www.taylorfrancis.com/search?contributorName=Manwinder%20Singh&contributorRole=author&redirectFromPDP=true&context=ubx
https://www.taylorfrancis.com/search?contributorName=Anudeep%20Goraya&contributorRole=author&redirectFromPDP=true&context=ubx
https://www.taylorfrancis.com/books/mono/10.1201/9781003521716/intelligent-circuits-systems-sdg-3-good-health-well-being?refId=77c1dcbc-943c-46e4-9e5f-02d4b491429b&context=ubx
https://www.taylorfrancis.com/books/mono/10.1201/9781003521716/intelligent-circuits-systems-sdg-3-good-health-well-being?refId=77c1dcbc-943c-46e4-9e5f-02d4b491429b&context=ubx

Copyright Publication Details

(@] -1

INTELLECTUAL
PROPERTY INDIA

PRTENTS | DESCrS | ADE Seasics
GAOGRATMCAL NDICATIONS

<

1. Gofiewer Wes/Registration Number

2. EEE B A, AT TR USEar
‘Name, address and nationality of the applicant

3. P & ARfARER J IHEE & a9 31 AP
Nature of the applicant's interest in the copyright of the work

4 ofy @ AR A
Class and description of the work.
@1 s
ﬁeofﬁnw«k
6. B AT
ﬁguageofhewm‘k
7. mggmmmmuﬁmﬁﬁa’ﬁi

bl S
Name, address and nationality of the author and if the author is
deceased. date of his decease

BT AT & AT BT

‘Whether the work is published or unpublished

9. WM WY BT a9 N I qUT FHIG BT AH, T AN WS
Year and country of first pubhanon and name, address and
nationality of the publisher

10 x%mﬁ%wmﬁwnﬁmﬁ SR FHEDT D AH, T

1f any, and names,

Years and ies of
gy |

of the pu

TSI Y T Y :saiﬁm’f B o & WY WIS D

IFFR P AR, afz $iE @

Nnmes addresses and mumhnes of the owners of various rights
nsing the copynght m the work and the extent of rights held

§ by each, together with particulars of assignments and licences, if

12: i ﬂﬁzﬁﬁﬁm uﬁ:ﬂ'\'m@ wﬁ?ﬁiiﬁgﬁvmﬁm
\’: Names, Ad&asesmdmumhh::ot‘omer

authorised to assign or licence of nghts comprismg the%ynght

ﬂﬁ?ﬁ@mﬁ?ﬁ'% ar
4 v‘-mﬁmtIGQﬁwa? fmww!;;r@z ",

™ If the work 1s an 'Artistic work', the location of the origmal work,
mcluding name, addrus and mhonakty of the person mn possesaon

Y of the work. (In the case of an architectural work, the

ve completion of the wud( should also be shown).

14, af P v o PRy & A RRh N A @ Rt @ e A

. Waﬁmﬁr%mt{mﬂﬂmm#m%ﬁm
| FAfeTEdY FATTaE, 1957 BT GRT 45 B SI—INT (i) T W= &

FAR AR FF AORER | FHIE e 2 1

If the work is an 'Artistic work' which is used or capable of
’ used 1n relation to any goods or services, tbeawheanmshould
include a certification from the Registrar of Trade Marks in terms of
'he pmvxslon to Sub-Section (1) of Section 45 of the Copynight Act,

15, afF P Uh SAHS BT 2, A 1 A8 FewEA AWFATH 2000 B -

mﬂaw’nﬁ?uﬁa o faawm &)

. If the work 1s an 'Artistic work’, whether it is registered under the
P Designs Act 2000, xfyesgivedemils,
[ 3« 16. 3l FT vF Fomes o §, S e dfRtEmE 2000 & d@d
% @ IR & Y A GANp AT wad & A W A

SiteifTe
- m%wﬁ&-@aﬁw?ﬁﬁﬁ%muﬁﬂaﬁﬁ

If the work 1s an 'Artistic work', capable of being registered as a
g des under the Designs Act 2000 whether it has been applied to an
| e though an industrial process and .1f yes ,the number of times

|l is repmduc
:_ 17. feupfl, af H1$ WRemarks, ifany
X I WeE/Diary Number: 24924/2024-CO/L
| w192 @ Rf¥Date of Application:  07/08/2024

wifay ¥ ffiDate of Receipt: 07/08/2024

R R

ufaferafder smafaa, WRa TR&R | Copyright Office, Government Of India

1. iy 3 sifrafer wRa R sfor & @l @ 5@, w© S

W PR @ A @t @

Mly
L2

Extracts from the
Register of
Copyrights

-

ey st

b

A=/ Dated:21/10/2024

L-155394/2024
LOVELY PROFESSIONAL UNIVERSITY , LOVELY
PROFESSIONAL UNIVERSITY, JALANDHAR, DELHI

RDAD PHAGWARA PUNJAB-144411

LR

OWNER
LITERARY/ DRAMATIC WORK

MULTICLASS WASTE IMAGE CLASSIFICATION USING
CNN ALGORITHM AND IOT-] ENABLE ‘WIRELESS SENSOR.
NETWORK FOR WASTE MONITORIN

ENGLISH
KARAN S BELSARE , LOVELY PR(

OFESSIONAL
UNIVERSITY, JALANDHAR, DELHI-GT ROAD, PHAGWARA
PUNJAB-144411
INDIAN

DR MANWINDER SINGH , LOVELY PROFESSIONAL
UNIVERSITY, JALANDHAR, DELHI-GT ROAD, PHAGWARA
PUNJAB-144411

INDIAN

UNPUBLISHED

NA

NA.

PROFESSIONAL
ROAD, PHAGWARA PUNJAB-144411
INDIAN

LOVELY PROFESSIONAL UNIVERSITY , LOVELY
UNIVERSITY, JALANDHAR, DELHIL

NA.

NA.

NA

NA.

2§ THE WORK IS ORIGINAL AS DONE BY THE FACULTY AND
¥ STAFF OF LOVELY PROFESSIONAL UNIVERSITY

el

Ky %
Eeg:strar of Copyrights

138



Patent Publication Details

{12) PATENT APPLICATION PUBLICATION (21) Application No,202311085980 A
(19) INDIA
(22) Date of filing of Application :15/12/2023 (43) Publication Date - 19/01/2024

(54) Title of the invention - MACHINE LEARNING BASED MULTICLASS WASTE CLASSIFICATION AND 10T ENABLED
WSN FOR WASTE MONITORING $YSTEM

(71)5ame of Applicant :
HLWELY PROFESSIONAL UNIVERSITY
) . - B0000 Address of Applicant JALANDHAR=DELHI G.T. ROAD,
{51) Infernational Ifﬁxﬁiﬁmﬂ'[rﬁéﬁim‘ PHAGWARA, PUNJAB=144 411, INDIA. comeeemas conamcanaen
classification H m\;,m il ElHHH‘! ’ T |Name of Applicani : NA
6) International Address of Applicant 1 NA
{:,'l lication No NA 172)Name of Inventor ;
o Filing Date ‘NA IEARAN SANJAY BELSARE
() In - nal Address of Applicant .LOVELY PROFESSIONAL
Publication No :NA UNIVERSITY, JALANDHAR-DELHI G.T. RDAD,
{61) Patent of Addition_ ””‘m'“ ARA, FUNTAD-144 411, TNDUA. —
© Applicaion Number 1DR. ! IAN\HNDER SINGH
Filing Date ‘NA Address of Applicant :LOVELY PROFESSIONAL
(62) Divisional to UNIVERSITY, JALANDHAR-DELHI G.T. RDAD,
Annlication Number NA PHAGWARA, PUNJAB=144 4] 1, INDIA. meeeeensmas sesammmann
P Eiling Dat NA HDR. ANUDEEP GORAYA
gL Address of Applicant :LOVELY PROFESSIONAL
UKIVERSITY, JALANDHAR-DELHI G.T. ROAD,
PHAGWARA, PUNJAB=144 411, INDIA, ssmsremss cosamansans
{57) Abstraci :

MACHINE LEARNING BASED MULTI-CLASS WASTE CLASSIFICATION AND [OT ENABLED WSN FOR WASTE
MONITORING SYSTEM Disclosed herein a machine leaming based multisclass waste classification and 10T cnabled WSN for
wisle moniloring system comprises [oT based WEN framework for data collecting and monitoring of waste matenals, complete with
an ¢fficient and trustworthy dala monitoring system and three nodes, capable of reals=time waste and type monitoring via a cloud server
infrastructure under a variety of conditions. The framework is divided into four primary layers; the application layer, the middleware
layer, the nerwork layer, and the perception layer, The sensed data is monitored for sensors nodes on a ThingSpeak cloud server
platform and visualize the data on the [oT cloud platform using MOTT protecol with its data interpretation. The data analytics model is
developed using supervised machine learning for two types of data from prototype hardware system with classification system, camera
based and sensor"s=based data analytics model.

MNo. of Pages : 20 No. of Claims : 6

139



Annexure |

Circuit Diagram: Proposed experimental model with sensor specifications.
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