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Abstract: The study is presented in four sections. The first section defines the municipal solid waste
and solid waste management system. The second section illustrates the descriptive statistical analysis
of waste generation patterns in India. The average waste generation in India was 160,038.9 tons per
day in 2021; 95% of this total waste was collected and transported to the disposal sites. Based on
scientific studies and observations, the per capita waste generation rate in 2018 was 0.490–0.626 g per
day. In the last one and a half decades (1999–2000 to 2015–2016), Delhi and Bangalore have shown
the highest percentage growth of 2075% and 1750%, respectively, in total waste generation among
the highest population cities. The analysis of waste generation patterns concludes urbanization is a
major factor that highly influences the waste generation rate. The third section describes the major
issues in current solid waste management services. Some of these issues are the unavailability of
web portals for citizens, no real-time monitoring of bins, collection vehicles and illegal dumping.
These issues are identified based on the survey performed in a city and analysis of related research
studies and scientific reports. We determined that illegal dumping is one of these major concerns
and needs a technological solution. In the fourth section, we propose a multipath convolutional
neural network (mp-CNN) to detect and localize the waste dumps on streets and roadsides. We
constructed our dataset to train and test the proposed model, as no benchmark dataset is publicly
available to obtain this objective. We applied the weakly supervised learning approach to training
the model. In this approach, mp-CNN was trained according to the image class; in our case, it is two
(waste and non-waste). In the testing phase, the model showed the performance evaluation matrices
97.82% of precision, 98.86% of recall, 98.34% of F1 score, 98.33% of accuracy, and 98.63% of AUROC
for this binary classification. Due to the scarcity of benchmark datasets, waste localization results
cannot be presented quantitatively. So, we performed a survey to compare the overlapping of the
mask generated by the model with the region waste in the actual image. The average score for the
generated mask obtained a score of 3.884 on a scale of 5. Based on the analysis of model performance
evaluation parameters, precision-recall curve, receiver characteristic operator curve, and comparison
of mask generated by the model over waste with corresponding actual images show that mp-CNN
performs remarkably good in detection, classification, and localization of waste regions. Finally, two
conceptual architectures in the context of developing countries are suggested to demonstrate the
future practical applications of the mp-CNN model.

Keywords: municipal solid waste; solid waste management; urbanization; sustainable and urban
development; smart city; smart city services; illegal dumping; deep learning; convolutional neural
network; multipath convolutional neural network

1. Introduction

Municipal solid waste (MSW) is commonly pronounced as solid waste, garbage, or
trash. Waste is any discarded material or item that has no more use and does not comprise
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any economic value to its owner, and the owner is considered a waste generator [1].
Based on the physical state, waste is classified into three categories: solid, liquid, and
gaseous. Solid waste comprises MSW, hazardous waste, solid industrial residue, healthcare
waste, construction and demolition waste, and radioactive waste [2]. Now, the MSW is
defined as nonhazardous waste produced by households and commercial and institutional
activities [2]. According to the source of waste generation, MSW is typically divided into
three categories which are illustrated in Table 1. Generally, household waste, namely
batteries, and electronic items, are mixed with MSW.

Table 1. Waste classification based on generation sources and constituent components.

Waste Category and Definition Constituent Components

Type: Residential/Household
Definition: This type of waste is generated in residential areas
due to human and household daily activities. It is generated
from family dwellings.

Food residues, paper, cardboard, plastic, textiles, glass, metals,
wood, ashes, electronic items, batteries, oils, household hazardous
wastes such as paints, solvents, cleaners, pesticides, etc.

Type: Commercial/Institutional
Definition: These are the wastes generated from large
institutional and/or commercial activities such as marketplaces,
retail stores, restaurants, hotels, academic institutions, hospitals,
government and private offices and buildings, etc.

Food residues, paper, cardboard, plastic, rubber, textiles, glass,
metals, wood, heavy items, batteries, oils, hazardous wastes, etc.

Type: Municipal service
Definition: These wastes are from sources like street cleaning,
assemblies in parks, recreational activities, entertainment places,
and relaxing places-beaches, etc.

Street cleaning, landscaping residual materials, tree trimmings
and dry leaves, general wastes from parks, entertainment
centres, beaches, and other recreational areas.

Generally, the term solid waste management (SWM) is interchangeably used for MSW
management. SWM is observed as one of the integral components of urban services
that comprise a set of different tasks from collecting waste from households, streets, and
marketplaces to final disposal as landfill or disposal. It involves various processes and
actions needed to handle the waste from its inception to final disposal. Figure 1 depicts the
various stages involved in the SWM service framework.
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The SWM problems are significantly more severe in developing countries like India
than in developed countries. Based on the literature survey and reports, it is concluded that
the major factors behind the waste management problems are inefficient collection process,
cost, and no monitoring of waste [3]. These factors lead to poor waste management practices
that directly depreciate the resources, energy extracted, and recycled materials from a
significant portion of the MSW. SWM is needed to obtain sustainable urban development
by appropriately collecting, transporting, recycling, and disposing of solid waste to reduce
the harmful impact on humans, the environment, and animals [4]. The SWM processes
mainly consist of the deployment of bins, collection of waste, transportation, and recycling
for disposal. Recycling is a process of converting waste into useful raw material.

The research contributions with their significance are illustrated below.

1. A descriptive statistical analysis of MSW generation in India is performed to uncover
the current and future generation rate, total quantity, city and state-wise generation
and distribution. The study also demonstrates the proliferation of waste generation in
the proportion of population growth and land required for landfill disposal.
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2. The study has performed a survey in a city to uncover and discuss the major issues
in the existing SWM services in India. The thorough analysis of published research
articles and government reports supports these issues. We have also identified some
technologies and devices to deal with these issues in the prospect of sustainable urban
and smart city development.

3. Based on the survey analysis, illegal dumping is identified as one of the major issues
in India. Therefore, a multipath convolutional neural network (mp-CNN) model
is proposed and implemented to detect and localize the waste dumps in imagery
data. The study has constructed its own dataset to train and test the proposed model.
Furthermore, future practical applications of the mp-CNN model are illustrated.

The study is organized into four sections. Section 1 illustrates the SWM framework,
the research objectives, and their significance. Section 2 discusses the MSW generation
scenario in the Indian context and presents the waste generation statistics derived from
publicly available data. It also shows the impact of population growth and urbanization on
waste generation patterns. Section 3 depicts the SWM system in the prospect of sustainable
urban development. It also presents the various issues concluded from the survey data in
the context of municipal services. Section 4 proposes an mp-CNN to detect and localize
the waste in the images and represents the model evaluation criteria and results. It also
demonstrates the applications of the proposed model in the context of developing countries,
along with the conclusion.

2. MSW Generation Scenario in India: A Short Descriptive Statistical Analysis

India is the world’s second-largest country in terms of population, 1.21 billion accord-
ing to the census 2011 [5], which is 17.7% of the world’s total population and consists of
the largest block of the young population in the world. Some decades ago, two-thirds of
the population of India primarily depended upon agriculture and associated activities as a
source of income for their livelihood. During this period, the Indian economy significantly
depended on the agriculture sector and obtained one-third of its total income from agricul-
ture and allied activities. Nowadays, the Indian economy is very rapidly changing from
agriculture to industrial and service-oriented. In 1951, agriculture and associated activities
shared 51.45% of India’s national total economic output or gross domestic product, but in
2021, this share was reduced to 18.80% [6].

Consequently, the labour market of India is swiftly shifting from agriculture and associ-
ated activities to industrial and service-oriented activities. India is undergoing very speedy
urbanization; more than 31.16% of the population live in urban areas. These 377.1 million
urban people inhabit 7933 towns/cities [5]. India is a large country partitioned into 28 States
and 8 Union Territories; it has more than 53 metropolitan cities (population of more than
1 million), which consist of more than 37% of the urban population [7]. In [7], it is estimated
that the urban population will reach 575 million by 2030, and 50% of the country’s people
will reside in urban areas by 2050. Fast urbanization, rapid economic development, and
urban growth are not only impacting the physical size of Indian cities but also suppressing
the infrastructural service around cities. The fast-urban settlement also gives birth to
unplanned suburban accommodation of low-wage people. The urban economy must be
developed to handle the urban and suburban settlement. The urban growth of India is
remarkable, which is important for India to become a developed nation [6]. Along with
rapid urbanization, India is also experiencing rapid population growth. The booming
economy and speedy urbanization directly impact the living standards of the citizens.

2.1. Population Growth and Waste Generation

Fast economic development, growing population, speedy urbanization, and rise in
the living standard of citizens directly accelerate MSW generation in India [8]. In addition
to the above waste generation influencing factors, India has a vast diversity in geography
and climatic conditions (Tropical Rainy, Arid and Semi-Arid Climates, Humid Sub-Tropical
Climate, Mountain Climate) and four seasons (Winter, Summer, Monsoon, Post Monsoon).
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The residents in the above zones have different consumption habits, so these zones have
different waste generation patterns [9] and vast variations in the physical properties and
chemical composition of waste [10,11]. However, no strong initiatives have been taken
to investigate the waste generation patterns in urban areas of these zones, so researchers
completely depend on the limited data issued by the different government institutes and
boards of India. In the current scenario, SWM has emerged in the forms of problem,
big challenge, and opportunity not only due to the impact on health, environment, and
aesthetic concerns but also due to the massive amount of waste generated every day [12].
According to the 2021 report of the Central Pollution Control Board (CPCB), the MSW
generation rate in India was 160,038.9 tons per day (TPD), approximately 0.119 kg per
capita per day. Approximately 152,749.5 TPD (95.40%) of the total waste was collected and
transferred to disposal sites. However, 79,956.3 TPD (50.00%) was processed and treated by
all types of waste treatment facilities before disposal, 29,427.2 TPD (18.40%) was disposed
of directly in a landfill, and the remaining 50,655.4 TPD (31.70%) was unaccounted for [13].
Many research studies and observations indicate that waste generation was in the range
of 0.490–0.626, 0.431–0.550, and 0.170–0.620 kg per capita per day in 2018, 2012, and 2001,
respectively. Table 2 illustrates the statistics of overall waste generated during the years
2000, 2009–2011, and 2021 in different states of India. The MSW generated comparison of
the year 2021 with respect to 2000 shows that Tripura has registered the highest percentage
growth while Andhra Pradesh has displayed the minimum. In the last decade, Manipur
has shown the highest percentage growth in MSW generation, while five states marked in
green colour have decreased their MSW generation.

Table 2. Comparison of MSW generated in different states of India.

Year 2000 2009–2011 2020–2021
% Growth
w.r.t. * 2000

% Growth
w.r.t. *

2009–2011States
G: Generated, C: Collected, T: Treated, and L: Landfill are in TPD

G G C T G C T L

Andhra
Pradesh 4376 11,500 10655 3656 6898 6829 1133 205 57.63 −40.02

Assam 285 1146 807 73 1199 1091 41.4 0 320.70 4.62

Delhi 4000 7384 6796 1927 10,990 10,990 5193.57 5533 174.75 48.84

Gujarat NA 7379 6744 873 10,373.79 10,332 6946 3385.82 - 40.59

Karnataka 3278 6500 2100 2100 11,085 10,198 6817 1250 238.16 70.54

Kerala 1298 8338 1739 4 3543 964.76 2550 - 172.96 −57.51

Madhya
Pradesh 2684 4500 2700 975 8022.5 7235.5 6472 763.5 198.90 78.28

Maharashtra 9099 19,204 19,204 2080 22,632.71 22,584.4 15,056.1 1355.36
6221.5 † 148.74 17.85

Manipur 40 113 93 3 282.3 190.3 108.6 81.7 605.75 149.82

Meghalaya 35 285 238 100 107.01 93.02 9.64 83.4 205.74 −62.45

Orissa 655 2239 1837 33 2132.95 2097.14 1038.31 1034.33 225.64 −4.74

Punjab 1266 2794 NA Nil 4338.37 4278.86 1894.04 2384.82 242.68 55.27

Puducherry 69 380 NA Nil 504.5 482 36 446 631.16 32.76

Rajasthan 1966 5037 NA Nil 6897.16 6720.476 1210.46 5082.16 250.82 36.93

Tamil Nadu 5403 12,504 11,626 603 13,422 12,844 9430.35 2301.04 148.42 7.34

Tripura 33 360 246 40 333.9 317.69 214.06 12.9 911.82 −7.25

Uttar
Pradesh 5960 11,585 10,563 Nil 14,710 14,292 5520 0 146.81 26.97

West Bengal 4621 12,557 5054 607 13,709 13,356 667.6 202.23 196.67 9.17

* with respect to; † Unscientifically disposed of; Sources: [9,13]; The red and blue show the highest and lowest
percentage growth in waste generation while the green colour shows the negative growth (dropping).
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2.2. Urbanization and Waste Generation

MSW generation is an inherited artefact of human life, naturally generated as a by-
product in daily activities such as household, industrial, trading, etc. [14]. MSW generation
rate and geographical distribution of waste volume are highly accelerated by urban set-
tlement, economic prosperity, population growth, and upgraded lifestyle [14–17]. India,
the second largest country on the globe in terms of human being enumeration, had a
population of around 238.4 million at the turn of the 20th century. This number has grown
more than four-fold in a century and a decade to climb 1210.2 million in 2011. According to
Worldometers statistics, the approximate population of India was 1377.2 million in 2020,
which is around 17.7% of the world’s total population [18]. The country is recording a
fast population growth rate, which is the principal component that directly affects the
increasing MSW in a country [19]. India has been experiencing a trade-off between the
growing population and existing resources and services for many decades. Therefore, India
is facing huge challenges in managing MSW generated by such a huge population [20].

Urbanization is one of the vital consequences of economic growth and heavily depends
on the migration of people from rural to urban regions and the development of urban
industrial zones [21]. India was a primarily rural country at the time of independence.
Although transformation toward urbanization existed at that time, it was very slow due
to an agriculture-based economy. Post-independence, India shifted to a mixed economy,
which majorly accelerated the private sector in industrialization. According to the census of
1901, the urban population in India was 10.84% of the total [22] and steadily grew to around
14% in 1941 [21]. Figure 2 shows the total population along with the urban population from
1951 to 2011 (left) and compares the decadal growth percentage from 1961 to 2011 (right).
The proportion of the urban population in the country accumulatively grew from 25.71% in
1991 (217.6 million) to 27.81% (286.1 million) in 2001 and 31.16% (377.1 million) in 2011 [22].
It grew to 34.03% in 2018 as per the annual report of the Ministry of Housing and Urban
Affairs (MoHUA), Government of India [23]. The growth of the urban population was 3.3%
of the total during 2001–2011 compared to 2.1% of the total during 1991–2001 [23]. In the
annual report of MoHUA 2020–2021, it is estimated that the urban population will reach
575 million by 2030, and 50% of the country’s people will reside in urban areas by 2050 [7].
According to the report of the United Nations in 2007 on the “State of the World Population”,
it is predicted that 40.76% of India’s total population will reside in urban areas by the year
2030 [24]. Urbanization is directly accelerating the volume of the population with relatively
higher income. Therefore, urban regions have a significantly large proportion of middle-
and higher-income group people as compared to rural regions [21]. The high growth in an
urban population gives birth to massive and crowded cities, which directly increases the
MSW generation. R. K. Annepu analysed the data from 366 Indian cities from 2001 to 2011
and obtained a growth of 50% in one decade [25].

Furthermore, it is also estimated that India’s urban population will produce 107.01 million
tons of waste per year by 2031 as shown in Figure 3. Figure 3 also shows that it will be
160.96 million tons per year by 2041, which is approximately a five-fold growth in four
decades. Figure 4 shows the decadal prediction of population, waste generated, and land
requirement for its landfill disposal [25]. This estimation indicates that 1400 square km land
will be required to dispose the waste in 2051. This huge quantity of urban waste must be
appropriately managed in an environmentally safe manner so that it cannot adversely impact
the inhabitant health, surrounding environment, and the daily life in Indian cities.
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2.3. Metropolitan Cities and Waste Generation

The urban settlement growth rate significantly dropped during the decades 1981–1991
and 1991–2001 but marginally increased in 2001–2011. Surprisingly, the huge number of
towns increased from 5161 to 7935 during 2001–2011, while the urban population growth
was marginally low, from 31.48% to 31.80%. Concurrently, the count of metropolitan
cities (one million plus population) climbed to 52 during 2001–2011, compared to 35 in
2001. According to the annual report of MoHUA 2017–2018, India consists of more than
53 metropolitan cities, housing more than 45% of the country’s urban population, which
is unprecedented [23]. These metropolitan cities are accountable for generating one-third
of GDP while covering approximately 0.2% of India’s total land area [26]. The growth
in per capita waste generation is the major consequence of urbanization and industrial-
ization [27]. The effective SWM system becomes a major challenge in metropolitan cities
due to high population density [19]. It is predicted that waste generation in urban India
will be 0.7 kg per capita per day by 2025, which is nearly four- to six-fold higher than
in 1999 [19]. The waste generation patterns and the percentage growth of top-populated
metropolitan cities with a population of more than one million are compared in Table 3 [28].
In some metropolitan cities, the amount of waste generation became more than two-fold
in 2015–2016 compared to 1999–2000 [28]. The analysis of percentage growth shows that
waste generation in metro cities is growing very high. Table 3 shows that the waste genera-
tion in Delhi and Bangalore has abruptly grown in one and a half decades (1999–2000 to
2015–2016) with a rise of 2075% and 1750%, respectively.

Table 3. Waste generation and percentage growth in the top populated cities of India.

City Name Population (Million)
(2011)

Waste Generation (TPD) % Growth w.r.t. *
1999–20001999–2000 2004–2005 2010–2011 2015–2016

Mumbai 12.44 5355 5320 6500 11,000 105.42

Delhi 11.03 400 5922 6800 8700 2075.00

Bangalore 8.44 200 1669 3700 3700 1750.00

Chennai 7.08 3124 3036 4500 5000 60.05

Hyderabad 6.73 1566 2187 4200 4000 155.43

Ahmedabad 5.57 1683 1302 2300 2500 48.54

Kolkata 4.49 3692 2653 3670 4000 8.34

Surat 4.46 900 1000 1200 1680 86.67

Pune 3.12 700 1175 1300 1600 128.57

Jaipur 3.04 580 904 310 1000 72.41

Luck now 2.81 1010 475 1200 1200 18.81

Kanpur 2.76 1200 1100 1600 1500 25.00

Nagpur 2.40 443 504 650 1000 125.73

Visakhapatnam 2.03 300 584 334 350 16.67

Indore 1.96 350 557 720 850 142.86

Bhopal 1.79 546 574 350 700 28.21

Patna 1.68 330 511 220 450 36.36

Vadodara 1.66 400 357 600 700 75.00

Ludhiana 1.61 400 735 850 850 112.50

Coimbatore 1.60 350 530 700 850 142.86

Madurai 1.56 370 275 450 450 21.62

Varanasi 1.12 412 425 450 500 21.36

* with respect to; Source [28]; The red and blue show the highest and lowest percentage growth in waste generation.



Sustainability 2022, 14, 15896 8 of 28

2.4. Per Capita Waste Generation

Based on the above analysis, it is deduced that waste generation is directly proportional
to the population size. Therefore, as the population grows, the waste generation rate and
per capita generation also grow. Table 4 compares the per capita per day waste generation
for different population sizes based on different reports. Table 4 also compares the decadal
growth in per capita per day waste generation based on the report by CPCB [9,29] in 2000
and the author Annepu [9,25] in 2012. This comparison indicates that per capita per day
waste generation has significantly increased this decade. A similar conclusion can also
be drawn over the half decadal from the reports by author Annepu [9,25] in 2012 and the
CPCB report [19,30] in 2018. Figure 5 represents the predicted per capita waste generation
rate by the years 2030 and 2050 for different income group countries [3]. India’s average per
capita waste generation rate in 2018 is approximately equivalent to lower-middle income
group countries. This indicates that India has become a lower-middle income country from
the lower income, and based on the urbanization rate in India, it can be predicted that it
may belong to upper-middle income group countries in the near future.

Table 4. Comparison of per capita waste generation in different size cities.

Population
Size (Million)

kg per Capita per Day

Waste Generation *
(in 2000)

Waste Generation **
(in 2001)

Waste Generation ***
(in 2012)

Waste Generation ****
(in 2018)

>2 0.430 0.22–0.62 (13 cities) 0.550 0.626

1–2 0.390 0.19–0.53 (16 cities) 0.460 0.520

0.5–1 0.380 — 0.466 —

0.1–0.5 0.390 0.22–0.59 (11 cities) 0.443 0.490

<0.1 0.360 0.17–0.54 (8 cities) 0.431 0.520

Sources: * [9,29]; ** [19,31]; *** [9,25]; **** [19,30].
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2.5. Deduction from the above Statistical Analysis
2.5.1. Analysis Significance and Usability

The above analysis is performed based on the reports published by various bodies
under the Government of India (CPCB, MoHUA, Ministry of Environment, Forest and
Climate Change, Office of Registrar General and Census Commissioner, etc.) and numerous
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research articles and scientific reports from quality publishers (Springer, Elsevier, etc.)
along the World Bank report on global waste. Therefore, all information presented in
the analysis is reliable and can be confidently used in further SWM research, planning,
and policymaking. We have presented waste generation and collection data according to
different aspects to draw a clear picture of waste generation in India. This consolidated
analysis of data will be significantly helpful to improve the SWM services in urban to rural
areas as it demonstrates the waste generation patterns according to population size with
per capita daily generation. We have also presented waste generation in different states and
cities of India for different years to predict future generation patterns. We have compared
the total and urban population in terms of count and percentage growth and predicted the
urban population growth and per capita per day waste generation for this urban India.
Furthermore, waste generation, population growth, and land required for disposal are also
illustrated. Finally, it is confidently concluded that this analysis presents highly reliable
information and is significantly useful for future researchers and various officials.

2.5.2. Conclusion and Waste Generation Impact on SWM Services

Table 2 and Figure 2 (left) show that the waste generation rate has significantly in-
creased throughout India with the increase in population. This indicates that the waste
generation rate is directly proportional to population growth. Table 4 compares the differ-
ent population sizes with per capita per day waste. This comparison concludes that the
waste generation rate increases as the pollution of the city increases, which means urban
regions produce more per capita waste than rural areas. This deduces that urbanization is
another major factor that influences waste generation greatly. This table also shows that
significant waste generation growth is noticed decadal. India produces a huge amount of
waste daily; a considerable quantity is not collected and is left unmanaged. This gives birth
to illegal dumping on streets and roadsides. Illegal dumping results from urbanization,
increased living standards, lack of resources, and poor management.

3. SWM in Prospect of Sustainable Urban Development
3.1. Concept of Sustainable Development and Smart City

Nowadays, the development paradigm has completely shifted from conventional
methodology to a smart and sustainable development approach, a popular catchphrase
in contemporary development. Incorporating innovation in sustainable development has
evolved due to the pervasiveness of the Internet of Things (IoT) technology and ubiquitous
Internet connectivity. The development of urban areas innovatively and sustainably is
called a smart city. Now, the smart is defined as an urban region incorporated with intel-
ligent systems or a city with plans, concepts, and people with intelligent understanding.
Here, the smart systems are not bounded to information and communication technology
(ICT)-based ones; the term smart refers to the intelligence to create new designs, organiza-
tions, services, etc. In this view, the smartness of a city can be interpreted as integrating
all its resources to effectively attain goals and fulfil the set objectives and purposes [32]. A
smart city is an urban area that incorporates spatial technologies, IoT technologies, and ICT
to transfer information for regulating the resources and managing the city services in an
efficient way [33]. These services include waste collection and transportation to recycling
and landfill disposal facilities [34].

3.2. Smart City Services

It uses ICT, IoT, and other advanced technologies to deliver healthcare, hospitality
education, safety and security, and other services in the urban space. It is a digital service
that reacts and performs decisions based on the analysis of data collected from networks,
intelligent technical systems, and various platforms [35].

Moreover, these components are interconnected through ICT infrastructure and
needed data collection. They are also integrated with the hard-urban infrastructure to
provide intelligent services to all residents of a city. In addition, governance and control
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over the subsystems are essential to become a smart city’s vision and mission success.
Figure 6 demonstrates the service framework of an ICT and IoT-enabled smart city, where
SWM is one of the services. It is deduced that a smart city comprises a broader range of
services in the urban space to provide life in dignity and prosperity on a healthy planet.
Smart SWM is one of the vital services to create a clean and green city that ultimately
contributes to building a smart environment.
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3.3. Smart SWM System

In the current era of urban development, the concept of a smart city has significantly
emerged to improve the quality of life through the integration of ICT, IoT, and other
cutting-edge technologies. Therefore, the traditional SWM system must be migrated to an
intelligent SWM system in urban areas for waste collection, transportation, disposal, plan-
ning and policymaking to achieve the goal of a smart environment, one of the components
of the concept of the smart city mission.

Now, a smart SWM system can be defined as a system that involves the utilization of
ICT and other cutting-edge technologies to make the waste collection and transportation
process more efficient in terms of running cost, time, and resource utilization in an envi-
ronmentally safer manner [36]. Generally, these systems are equipped with IoT and ICT
components used to capture and transfer data in real-time [36]. The collected data help to
optimize waste collection routes and schedules and prompt future innovation. Figure 7
presents a schematic smart SWM system built based on the literature analysis.
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3.4. Analysis of Current SWM Services in Prospect of Technological Drawbacks

SWM is an important pillar in the vision of sustainable urban development, consisting
of waste collection, transfer, segregation (at source and recycling centres), treatment, and
disposal to curtail the adverse effects on the environment and inhabitants; improve the
city’s cleanliness and reputation. Waste separation at source, collection and transportation
resources, waste treatment facilities and scientific disposal are substantially inadequate,
which prompts environmental deterioration, poor health, and a pathetic lifestyle [37,38].
Unmanaged MSW has also been identified as a cause for communicating innumerable
ailments [38]. The increasing waste generation rate is producing a management crisis,
especially in city authorities of low-income developing countries like India, because it
poses a high financial burden on low-budget municipalities [39]. Another major reason
for the management crisis is a lack of perception of long-term management over a variety
of tasks involved in the SWM system [39]. After an exhaustive analysis of many research
articles, it is realized that India’s municipalities cannot manage such a tremendous amount
of MSW because of the financial crisis and weak institutional administration.

Additionally, municipalities do not have adequate resources, infrastructure, and
suitable management strategies to enhance the MSW services. Numerous studies have
evaluated SWM services, waste generation patterns, and their compositions [40–44]. Door-
to-door waste collection, shortage of waste bins in residential and market areas, sorting
of waste at source and disposal, lack of technologies involved in waste treatment, scarcity
of land for disposal, inefficient collection and scientific disposal methods which battle for
MSW disposal optimization, are some major concerns of the municipalities [12]. Along with
the above concerns, political intervention directly influences the smooth functioning of local
authorities. Due to a lack of monitoring and weak management of municipal authorities,
siting of MSW disposal sites directly threatens air, surface, and groundwater pollution [45].
The illegal dumping of MSW on the city’s outskirts, roadsides, and riverbanks is also
creating economic, social, and environmental vulnerability in suburban areas [45]. After
many drawbacks, obstacles, and dragging forces, municipalities have put great effort into
improving the overall SWM service framework [46].

The study performed a survey in a city in India. It is a medium size city in population.
The survey comprises two activities to record the data. First, waste dumping sites were
manually visited to determine why people throw garbage in the streets or open areas. The
responses were recorded and analysed. Additionally, published research studies, reports,
and surveys were thoroughly investigated to uncover the issues. Based on these analyses,
several issues are identified in the existing SWM system, especially in developing countries
like India. These issues are enumerated as follows:

3.4.1. No Prediction about Future Waste Generation for SWM Planning

The existing SWM system does not monitor waste, so municipalities lack data about
waste generation. As a result, municipalities cannot predict the amount of waste generated
in the future. This lack of prediction will lead to improper SWM-related infrastructure
development and resources needed as municipalities do not know how much waste they
will manage in the future.

3.4.2. Scarcity of Data Analytics Tools Applications

The regular SWM system neither involves any real-time waste data nor performs
regular offline surveys to collect valuable data related to waste generation. Consequently,
municipalities lack data and cannot apply any data analytics tool to determine the waste
generation patterns in a particular area or a bin. This scarcity leads to inappropriate
planning and poor services.

3.4.3. Low Efficiency in Waste Collection

The regular SWM system comprises a fleet of waste collection vehicles and their
drivers that follow a predefined fixed path without any information about the fullness
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status of the bin. This system does not measure the bin’s current waste level (empty,
semi-empty, full). Therefore, drivers visit all the bins. As a result, semi-empty bins are
emptied; in contrast, already-filled ones need to wait until the following collection round.
Furthermore, since drivers visit empty bins, waste collection through predefined fixed
paths yields a waste of time, fuel consumption, and excessive use of resources. The system
performs inefficiently and needs high operational costs. Overall, this system does not have
the tools and techniques to optimize schedules and waste collection routes. Low efficiency
is considered a major drawback of the current system.

3.4.4. No Real-Time Monitoring

The existing system does not perform real-time bin and waste-collecting vehicle
tracking. Besides the current waste level monitoring, the system does not measure the
environmental and hazardous indicators such as temperature and methane gas concentra-
tion; therefore, it is impossible to know when a fire occurs in the bin. In addition, another
drawback is being unable to track if any movement happens in the bin.

3.4.5. Unavailability of Online Platform or Web Portal

The current system does not have any platform or web portal to keep track of the
drivers operating on the field. Furthermore, there is no such platform or web portal to
enable the citizens to participate in SWM services such as registering a complaint and
urgent services to remove waste scattered or dumped in residential areas.

3.4.6. No İllegal Dump Monitoring

The existing SWM system does not comprise any process to identify and localize the
illegal waste dump on roadsides and residential areas. Moreover, it does not perform regu-
lar surveys and checks to determine these dumps. However, the municipality employees
manually verify if someone makes a complaint regarding this and remove it if it is found.
This traditional method of illegal dump identification and collection comprises humans
who move around the city to identify the illegal dumps. The frequency of waste dumping
on streets and roadsides has significantly increased due to growing waste generation and
scarcity of dumping spots. This open dumping primarily impacts the city’s cleanliness and
deteriorates the environment and inhabitants’ health.

3.4.7. No Analysis of Citizens’ Behaviour towards Waste

The existing SWM system does not assess the role of citizens in successful waste
management. People play an essential role in making the waste collection process highly
efficient in time and energy. If people are attentive and know about the consequences
of waste scattering in the open, they will take proper care during the dropping of waste
so that waste cannot drop outside the bin. However, according to the survey, people
have less awareness about the consequences of waste scattering. They do not possess a
positive attitude towards waste, especially in developing and economically weak countries.
Therefore, they do not take proper care and drop the waste around the bin. Due to people’s
behaviour, a flood of waste seems to be in the proximity of the bins. This attitude leads to
environmental pollution, damages the city’s cleanliness, and makes waste collection from
the bin time-consuming, tedious, and inefficient.

3.5. Identification of Different Technologies to Overcome the above Issues

This section concentrates on the progress of applications of advanced technologies
in SWM systems. A thorough analysis of the literature is performed to achieve this goal,
and different ICT [47,48], IoT devices [47,48], and image processing technologies [49] are
identified that have been applied in developing an intelligent SWM service framework.
The identified technologies are effective solutions to overcome the identified issues in
the existing SWM systems. The identified technologies with their applications are listed
in Table 5.
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Table 5. Different technologies and their applications in the SWM service system.

Category Examples Potential Applications in SWM System

Spatial
Technologies

GIS
Disposal sites identification and selection, bin

allocation and management, route identification
and optimization for waste collection

GPS Bin and collection vehicle location tracking

Identification
Technologies

Barcode
Quick response (QR) code

RFID
Bin identification

Data Acquisition
Technologies

Ultrasonic and Infrared sensor Waste level measurement inside the bin
Loadcell sensor Waste weight measurement

Accelerometer and Proximity Compute the bin lid state

Bio sensor and Gas sensor Detect the hazardous gas and chemicals inside
the bin to stop the diffusion in the environment

Temperature Measure the temperature to control the fire

Humidity Measure the humidity inside the bin to prevent
the decomposition of biodegradable material

Data Communication
Technologies

ZigBee, WiFi, Bluetooth Long-range communication
VHFR, LoRa, GSM Short-range communication

Artificial Intelligence
(Artificial Neural Network)

Convolutional neural network (CNN)
Long short-term memory (LSTM)

Waste detection and classification—-glass, metal,
trash, cardboard, plastic, medical, recyclable,
nonrecyclable, e-Waste, polyethene, organic,
inorganic, battery, waste bags, waste dumps

Waste forecasting, gas prediction inside the bin

4. Illegal Dumping

Illegal dumping, also known as fly-tipping, is an activity that is performed purposely
to dispose of waste in unapproved government or personal-free areas on streets and
roadsides. The major reason behind illegal dumping is waste bin allocation at improper
locations or no bin, most prominently for personal convenience and saving money and
time. We have analysed that India generates a huge amount of waste daily, and the gen-
eration rate is also very high. This huge amount and high generation rate give birth to
illegal dumping on the streets and roadsides. Illegal dumping is a common problem in
India and can be noticed everywhere, from rural residential to urban residential areas.
This unauthorized littering has become a serious and complex waste management issue
for municipal administrations, especially in developing countries. It creates many risks
for human and animal health, social prosperity, the environment, and the entire ecosys-
tem [50,51]. In addition, it is one of the causes of habitat damage, flora and fauna death,
underground and surface water pollution, and soil and air pollution. It is also a major
reason for the aesthetic deterioration of any natural landscape and damages the cleanliness
of the city and its reputation around the world. Nowadays, this problem is frequently
observable, ongoing, and expensive to keep under control [52]. When an illegal dumping
site is identified, municipal administrations frequently send an abatement team to remove
and clean it as soon as possible because contained materials like batteries, oil, metals, etc.,
can cause severe consequences, in rare cases an explosion. Many studies and reports exhibit
that removing illegal dumps is significantly more expensive than regular waste collection
by the municipal administration. It needs a lot of infrastructures, human resources, time,
and money without any remuneration [53]. Illegal dumping is considered a wicked prob-
lem due to its complex nature regarding social and political involvement and hazardous
effects on the environment, inhabitants’ health and well-being [54]. Several studies and
reports have stated the various factors strongly related to inefficient and ineffective waste
management services in developing countries. These factors are rapid population growth,
massive urban settlement, urban development, insufficient waste collection and removal
infrastructure and human resources [6], inadequate service facilities, and lack of policy
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enforcement and awareness about the consequences of illegal dumping [55]. Generally,
these factors instigate the practice of illegal dumping.

Moreover, the high landfill entry levy in developed and developing countries [56] is
another major cause of encouraging many waste producers to dump illegally [57]. In [58],
the author identified a unique cause of illegal dumping in South Africa. Here, people
believe that some employment is generated when illegal dumping occurs. The municipal
administrations have faced many challenges dealing with the illegal dumping problem.
Based on the literature, government reports, and media articles, one major challenge is
the illegal dumping sites or points of location identification and its immediate removal
after localization. Governments and environmental authorities have also failed to control
its inception because they have failed to make people aware of open dumping ill effects.
Moreover, people are also not self-conscious enough to protect them from the bad impacts
of dumping for their convenience.

4.1. Deep Learning

Machine learning has been utilized in numerous fields, namely, health care, envi-
ronment, remote sensing, etc., to enable humans to deeply analyse and perceive their
ecosystems. Machine learning comprises a subset of artificial intelligence techniques that
enable the systems to learn and make decisions automatically without explicit commands.
Machine learning algorithms automatically enhance themselves from experience without
human intervention. It is a systematic study of algorithms and statistical techniques to
analyse and deduce a conclusion from insight and patterns in data. It is one of the most
prevalent computational techniques due to the unique features of computing. Likewise,
machine learning consists of an indispensable set of techniques called deep learning (DL).
A convolutional neural network (CNN) is an epoch-making category of deep neural net-
works, commonly known as DL. CNN has gained the highest popularity and has exhibited
remarkable growth in visual and image recognition. Generally, CNNs are employed to
analyse visual imagery and perform tasks beyond classification. With the advancement
in computer hardware and computing speed, they have emerged as a core solution in a
wide range of tasks such as Facebook’s photo tagging, medical diagnosis, environment,
security, self-driving car, waste classification, and event detection to determine people
behaviour towards waste [59]. Therefore, CNNs are the best alternative to identify and
locate the illegal activities in a city using satellite imagery data. CCNs have the capability
to extract and learn features directly from the images and then perform categorization with
high precision [60]. TensorFlow is a core open-source software platform that helps develop
the CNNs models and especially emphasizes training and inference. Figure 8 depicts the
schematic workflow diagram of the implemented model.
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4.2. Related Work for Dump Detection

Before the digital era, SWM-related tasks such as waste dump detection, classification,
and sorting were performed manually. During this period, potentially suspicious locations
for illegal dumping were inspected by humans, and waste segregation for recycling and
disposal was performed by hand. The illegal dump detection procedure was expensive,
time-consuming, and labour-intensive for large areas. After evolving Earth observation
technology (remote sensing—-especially satellite imaging), large areas or territories can be
captured in high-resolution aerial images. Therefore, computer-assisted identification of
dump locations has emerged as an attention-seeking topic among research communities.
After the smart city development, each city establishes a surveillance system to provide
safety to its people and monitoring infrastructures. This system provides street-level
surveillance and captures the video for the same. These video data can be used to determine
illegal dumping at the street level, which generally occurs due to a lack of community bins,
their locations and most crucial, people’s towards waste [59]. The published methods or
techniques to identify the waste dump at the street and territory have been evaluated and
distinguished based on three main criteria: input data, method or technique used, and core
task performed, i.e., output. The assessed studies are demonstrated in Table 6.

Table 6. Summary of published research with waste dump detection and location identification as a
core concept. The selected studies are displayed in reverse chronological order.

Year Reference Input Data Method Output Model

2021 [61] Satellite aerial imagery data ResNet50 algorithm and Feature
Pyramid Network Image classification DL

2021 [62] Unmanned aerial vehicle
(UAV) images

Single shot detector algorithm using
deep neural network Object detection DL
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Table 6. Cont.

Year Reference Input Data Method Output Model

2020 [63]
Remote sensing

(RS)—High-resolution
satellite images

A heuristic algorithm based on trace
transformation using discrete
orthogonal transformations

Location identification
and classification Heuristic

2020 [64] Real-time video stream from
a surveillance camera YOLOv3 algorithm Object detection and

recognition DL

2019 [65] RS—Optical satellite images CNN Object detection DL

2019 [66]
Data extracted from RS and

geographic information
system (GIS)

Discriminant analysis technique for
feature selection

Location identification
and classification ML

2019 [67] RS—Thermal images
Heuristic method using multi-temporal
land surface temperature contours and

overlay analysis

Location identification
and classification Heuristic

2019 [68] GIS mapped previous data Heuristic and manual analysis using
ArcGIS 10.3 and Statistica 12 software

Location classification
and prediction Heuristic

2018 [69] Manually captured
street data

k-nearest neighbour, naive Bayes, and
support vector machine Image classification ML

2018 [70] Manually collected and
captured street data

Supervised deep CNN model using
global average pooling Object detection DL

2018 [71] RS—Optical satellite images
mapped with GIS

Multi-features detection algorithm
followed by expert photo-interpretation

Image classification
and prediction Manual

2017 [72] Manually collected and
captured street data

Deep CNN model based on
GoogLeNet model Object detection DL

2017 [73]
RS—Multispectral high

spatial resolution data sets
mapped with GIS

Multitemporal photo-interpretation
using a multiparametric

sensing platform
Location classification Manual

2017 [74] RS—High-resolution
image data

Support vector machine and random
forest classifier Image classification ML

2017 [75] Manually collected and
captured street data Various existing deep CNN models Object detection and

classification DL

2017 [76] Manually collected and
captured street data GoogLeNet and AlexNet models Object detection and

classification DL

2016 [77]
Manually collected and

captured street and
wild data

GoogLeNet models Object detection DL

2015 [78]
Data extracted from GIS
mapped with data from

different sources
Linear regression Location prediction ML

2014 [79] GIS-mapped data with
different factors

Multivariate factor analysis using a GIS
geostatistical model

Location identification
and prediction ML

2009 [80] Data extracted from RS
and GIS Expert’s analysis and heuristic model Location prediction

Manual
and

Heuristic

2009 [81] Satellite image data Expert’s analysis Location prediction Heuristic

2009 [82] RS and GIS data Multi-criteria spatial analysis Location prediction ML

2004 [83] RS thermal maps
Principal component transformation
and spectral signature analysis using
unsupervised algorithm ISODATA

Image classification ML

2002 [84] Satellite image data Spatial and spectral
information analysis

Image analysis and
classification ML
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4.3. Proposed Methodology for Illegal Dump Detection

Generally, the computer vision problems like recognition and localization are solved
using fully supervised learning methods. In fully supervised learning, a large number
of images labelled at the pixel (data point) level are utilized for training the predictive
model, in our case, mp-CNN. The pixel-level labelling means each pixel is tagged with
its ground truth [85]. Suppose the fully supervised learning approach is used to solve the
recognition and localization problems using mp-CNN. In that case, each pixel in all images
of the studied dataset must be tagged manually with its ground truth. Manual tagging
of ground truth is a highly cumbersome task which involves huge labour costs and time.
Therefore, we have applied the weakly supervised learning method to overcome the above
disadvantage. The mp-CNN model is trained based on the image label in this approach.
Here, the label shows an individual image’s actual class (ground truth). Therefore, in
our case, each image is tagged with its true classes (waste and non-waste) to construct
the studied dataset. We have proposed and implemented an mp-CNN architecture to
detect and localize an image’s waste regions (illegal dumps). The proposed mp-CNN
is trained for two classes using a self-constructed dataset. During the testing phase, the
model predicts the class of an input image by performing a global average pool over
the segmented probabilities estimated by the mp-CNN. The proposed model exploits the
global average pooling to enable the weakly supervised learning algorithm. We performed
processing over the segmented probabilities mask generated by the model. The noisy edges
were removed from the output images if the generated segment region was lesser than a
predefined threshold size; in our case, it was 25 pixels. Finally, the implemented model
has successfully identified the waste dumps on streets or roadsides if the input test image
comprised the waste regions. The result analysis shows that the model has performed
remarkably in its prescribed task. Therefore, it has a very high scope in developing smart
and sustainable waste management service framework.

4.3.1. Dataset Construction

In the last two decades, a huge amount of research has been performed in image
detection and recognition due to the accessibility of large annotated datasets, such as
MNIST, Open Images Dataset, MS-COCO, VisualQA, ImageNet, CIFAR-10, the Street
View House Numbers (SVHN), etc. Furthermore, this research has grown multi-fold in
recent years due to the rejuvenation of CNNs. The main cause of the wide applicability of
CNNs is the abrupt growth in computation speed and resources. The ImageNet dataset
comprises approximately 10 million images with natural scenes, categorized into more
than 1000 classes. This dataset is larger than the existing dataset used in machine learning
research. These publicly accessible massive datasets are used as a backbone to train the
CNN models. Due to these datasets, CNN models have shown significant improvement
in the accuracy of object recognition and segmentation tasks [86]. The literature analysis
of benchmark datasets shows that no dataset comprises a class to train the mp-CNN for
waste localization in the images. Furthermore, no exclusive dataset is publicly available
to perform waste recognition for illegal dump detection. Therefore, we constructed our
dataset for two categories to achieve our research objectives.

We constructed a dataset to train our model. Our dataset contains 6000 images for each
class (waste and non-waste), and all dataset images were gathered from various sources
on the internet and captured through our camera. Both authors manually categorized all
collected images, and those images were put in any of one of the classes if both agreed
on the same, otherwise the image was discarded. An image was put in a waste class if
it had the size of a waste region of approximately 25% or more of the total image size;
otherwise, it was discarded, and no-waste images did not comprise any waste region in
them. The constructed dataset is unambiguous in classification within the range of human
perception of recognition. In the constructed dataset, labelling was performed at the image
(instance) level, not the pixel level. The data distribution characteristic has a significant
role in learning models more accurately and accurately [86]. The images in the dataset
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have a natural background that provides robustness in learning the model and enhances
waste detection and localization accuracy. We partitioned the dataset into two sets: the
training set comprises 75% images of the total for each class, while the testing set contains
the remaining 25% in the same way.

4.3.2. CNN

A CNN architecture comprises three building blocks: convolution layer, pooling
layer, and fully connected layer. But the convolution layer is considered the core of this
architecture, as it is responsible for feature extraction. It performs linear and nonlinear
operations, i.e., convolution operation and activation function. A typical CNN architecture
is built by stacking multiple convolution layers and a pooling layer creating a hierarchy
of features followed by one or more fully connected layers. Each convolution layer can
be considered a feature extractor from its previous layer into the network to which it is
connected. It takes a block of patches as input and generates out planes called feature maps.
Each feature map f j connected with its weight. The computation of a feature map at any
convolution layer is a three-step process which is illustrated as:

First, consider an ith input channel xi is associated with wj,i one of the weights of that
channel and a bias bj, then the feature map f j is calculated by performing the convolution
operation over the channel as:

f j = ∑
i

wj,i ∗ xi + bj

where ∗ denotes a convolution operation. The major reason for CNNs’ popularity is their
learning process. They have the capability to learn the weights and biases for the individual
features. This gives a boost to data-driven customized task learning. The gradient descent
algorithm with backpropagation is applied to optimize these parameters.

Second, features are the nonlinear transformation of the input. Therefore, an element
operation is performed over the outcome of the kernel convolution to obtain the features.
Various functions, called activation functions, are available to perform this operation. We
used three commonly used activation functions (refer to Figure 9) at different convolution
layers of the proposed mp-CNN model. These activation functions and their equations are
represented in Figure 9.
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Third, an operation is performed over the feature maps to reduce their sizes. This
is called the pooling operation, and different types of poolings are used in scenarios.
Commonly used poolings are max-pooling and average pooling, and we used the global
average pooling.

4.3.3. Proposed Multipath CNN Model Architecture

Based on our description of CNNs, it is understandable that a CNN is a simple
architecture built through alternative stacking of convolution layer and pooling layer,
finally followed by a fully connected layer. In computer vision, this type of architecture is
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most widely used to perform various detection tasks. However, one can create one’s own
architecture appropriate for one’s problem.

The key challenges in waste dump detection using the CNN model are the irregularity
in waste shape, size, and contextual characteristics. Due to these challenges, the existing
simple CNN-based waste detection and localization model can face the accuracy problem.
The main reason for the above issues is that the receptive field size affects in modelling
of distant dependencies. Generally, fixed size receptive field (e.g., 3 × 3, 5 × 5 or 7 × 7) is
used throughout the architecture to solve detection problems. This fixed receptive field
size influences the contextual and visual information of neighbourhood pixels during
feature extraction.

A dumping area has a large variation in its shape and size. So, to avoid the above
problem in waste detection, we built an mp-CNN architecture, which consists of multiple-
paths of convolution layers. These paths consider receptive fields of smaller, medium,
and larger sizes, shown in Table 7. Furthermore, the design of our mp-CNN architecture
comprises the concatenation of different features to improve the model prediction accuracy.
The concatenation layer integrates the important features from all three paths (Fa, Fb,
and Fc) that significantly improve the learning of the model for long and short-term
dependencies, i.e., features in the same regions are learnt in a better way. The complete
proposed mp-CNN architecture is represented in Figure 10, and parameters associated with
different layers are illustrated in Table 7. This model utilizes multipath feature extraction
to detect illegal dump regions efficiently in an image. This mechanism allows CNN to
combine more features related to the scattered local and fine global structures. A dumping
area has a large variation in its size. So, we are putting together the features from paths Fa,
Fb, and Fc, which have different receptive fields and can efficiently encode the dumping
region of the right size. To classify the dumping region, two convolution layers are added
on top of the already made features. We do not have the segmentation map for the dumping
region and only binary labels for training images. We use a global average pool operation
to make a binary prediction for an image. We do not have to do the global average
pool operation at the time of inference, so we can make the segmentation maps for the
dumping regions. In this way, utilizing only binary class labels for the dumping region in
an image, we still manage to generate the segmentation map for the same through a weekly
supervised approach.

Table 7. Parameters setup for mp-CNN.

Layer Name C1
1 C1

2 C2
1 C2

2 C2
3 C3

1 C3
2 C3

3 C4
1 C4

1 C5
1 C5

2

Number of Kernels 64 256 128 128 512 256 256 1024 512 2048 4096 1

Size of Kernels 5 × 5 1 × 1 3 × 3 3 × 3 1 × 1 3 × 3 3 × 3 1 × 1 3 × 3 1 × 1 1 × 1 3 × 3

Sustainability 2022, 14, x FOR PEER REVIEW 20 of 30 
 

area has a large variation in its size. So, we are putting together the features from paths 
Fa, Fb, and Fc, which have different receptive fields and can efficiently encode the dump-
ing region of the right size. To classify the dumping region, two convolution layers are 
added on top of the already made features. We do not have the segmentation map for the 
dumping region and only binary labels for training images. We use a global average pool 
operation to make a binary prediction for an image. We do not have to do the global av-
erage pool operation at the time of inference, so we can make the segmentation maps for 
the dumping regions. In this way, utilizing only binary class labels for the dumping region 
in an image, we still manage to generate the segmentation map for the same through a 
weekly supervised approach. 

 
Figure 10. Proposed multipath CNN for illegal dump detection. 

Table 7. Parameters setup for mp-CNN 

Layer Name C
1

1

 C
1

2

 C
2

1

 C
2

2

 C
2

3

 C
3

1

 C
3

2

 C
3

3

 C
4

1

 C
4

1

 C
5

1

 C
5

2

 

Number of Kernels 64 256 128 128 512 256 256 1024 512 2048 4096 1 

Size of Kernels 5 × 5 1 × 1 3 × 3 3 × 3 1 × 
1 

3 × 
3 

3 × 
3 1 × 1 3 × 

3 1 × 1 1 × 1 3 × 
3 

4.4. Evaluation Criteria 
The implemented multipath CNN model performs two tasks. First, it performs bi-

nary classification means to classify the dataset into waste and non-wasted categories. 
Second, it localizes the waste regions and generates the mask in the images classified as 
waste. Now, model evaluation parameters are computed to measure the classification per-
formance, while localization precision is assessed through a survey. The computation of 
model evaluation parameters and survey procedure are illustrated in subsequent subsec-
tions. 

4.4.1. Evaluation Parameters 
The model-predicted category of all test images is compared with ground truth, i.e., 

class: waste and non-waste. A confusion matrix is used to represent the correctly and in-
correctly classified test samples. This confusion is shown in Table 8. 

  

Figure 10. Proposed multipath CNN for illegal dump detection.



Sustainability 2022, 14, 15896 20 of 28

4.4. Evaluation Criteria

The implemented multipath CNN model performs two tasks. First, it performs binary
classification means to classify the dataset into waste and non-wasted categories. Second, it
localizes the waste regions and generates the mask in the images classified as waste. Now,
model evaluation parameters are computed to measure the classification performance,
while localization precision is assessed through a survey. The computation of model
evaluation parameters and survey procedure are illustrated in subsequent subsections.

4.4.1. Evaluation Parameters

The model-predicted category of all test images is compared with ground truth, i.e.,
class: waste and non-waste. A confusion matrix is used to represent the correctly and
incorrectly classified test samples. This confusion is shown in Table 8.

Table 8. Confusion matrix for binary classification.

Category
Ground Truth

Positive (Waste) Negative (No Waste)

Prediction
Positive (Waste) True Positive (TP) False Positive (FP)

Negative (No Waste) False Negative (FN) True Negative (TN)

TP and TN denote the correctly classified instances, and FP and FN represent the
incorrectly classified instances.

We calculated the following model performance evaluation parameters from the
confusion matrix. These parameters are tabulated in Table 9.

Table 9. Model performance evaluation parameters.

Evaluation Parameter Formula

Precision: It is also called positive predictive value for classifying the instances. It is the ratio
of correctly predicted positive instances and all positive predictions. It should have a high
value (1) for a good classifier. The precision has a value of 1 if and only if FP is zero.

P = TP
TP+FP

Recall: It is also called sensitivity or true positive rate. It is the ratio of correctly predicted
positive instances and actual positive class. It should have a high value (1) for a good
classifier. The recall has a value of 1 if and only if FP is zero.

R = TP
TP+FN

F-Score: Ideally, we need both precision and recall being one for a good classifier. This implies
that FN and FP must be zero. Therefore, a matric is needed that considers both precision and
recall. F-score considers both precision and recall. It is the harmonic mean of the precision
and the recall to determine the overall success of the model. F-score becomes one only when
precision and recall are both 1. F-score becomes high only when both precision and recall are
high. It is a better measure than accuracy.

F − score = 2∗P∗R
P+R

Accuracy: It is the ratio of all correctly classified instances and the total instances. Accuracy = TP+TN
TP+FP+TN+FN

Area Under Receiver Characteristic Operator Curve (AUROC): It is an evaluation parameter
which is used to compute the performance of a binary classifier. It is a curve representing the
probabilistic area bounded by a true-positive rate (TPR) and a false-positive rate (FPR). TPR is
the ratio of correctly predicted positive instances (TP) and actual positive class (TP + FN), i.e.,
recall, to correctly determine the true-positive values. Similarly, FPR is represented as the
ratio of FP and FP + TN.

TPR = TP
TP+FN

FPR = FP
FP+TN

4.4.2. Survey for Localization Evaluation

Our analysis of benchmark datasets shows that no dataset comprises a class to train
the mp-CNN for waste localization in the images. Furthermore, no exclusive dataset is
publicly available to perform waste recognition for illegal dump detection. Consequently,
the proposed mp-CNN cannot be trained and tested over benchmark datasets. Therefore,
results can be represented and assessed quantitatively with ground truth. To overcome this
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issue, we designed a quantitative survey procedure to present the results. In this survey,
manual comparison of masked images with corresponding actual images is performed
to determine how much overlapping of mask over waste occurs. The overlapping was
graded on the Likert scale of 5. Now, 1000 images were randomly picked from the test
sample and divided into 20 sets of equal size. Each set was analysed by an individual and
graded for the question: How much area of mask overlaps with the waste region in the
actual image? After performing a comparison, everyone provided one of discrete grades 1,
2, 3, 4, and 5 to each instance, where 1: no overlap; 2: poor overlap; 3: moderate overlap; 4:
high overlap, and 5: complete overlap. Finally, the average score was calculated to show
the localization accuracy of the mp-CNN, and the bar graph was created to illustrate the
number of instances graded to each grade graphically.

4.5. Dump Detection Results and Discussion

The mpCNN model was trained using 9000 images, while testing was done over
3000 images. Table 10 shows the correctly and incorrectly classified instances for both
classes. The values of performance evaluation parameters are shown in Table 11. The
model’s performance is exceptional, with a classification accuracy of 98.33%.

Table 10. Confusion matrix for waste and non-waste classes.

Category
Ground Truth

Waste No Waste

Prediction
Waste 1483 33

No Waste 17 1467

Table 11. The value of performance evaluation parameters.

Class Precision Recall F-Score Accuracy AUROC

Waste 0.9782 0.9886 0.9834 0.9833 0.9863

Figure 11 shows the receiver operating characteristics curve (ROC) (left) and the
precision-recall curve (right) for the classification of waste and non-waste, respectively.
This figure comprises the proposed mp-CNN model performance curves and a line for the
random classifier. Random classifier performs the predictions without any learning and
predicts the class randomly. The blue line depicts the results for the random classifier. The
ROC, precision-recall curve, waste localization probabilities mask, and other evaluation
parameters (refer to Table 11) validate the proposed mp-CNN’s remarkable performance
for the waste classification and localisation. The high values of AUROC and precision
indicate that the mp-CNN is good at waste detection and classification.
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The survey outcomes are shown in Figure 12, which depicts the number of instances
for each grade. The analysis of survey results shows that the proposed model failed to
localize waste in only 2.3% of instances and poorly localized in 5.1%. It localizes the waste
significantly well or more in the remaining 92.6% of instances, which shows the model
successfully does its task. This localization accuracy is enough to implement the model in
real-world situations at a massive level.
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Figure 13 shows the comparison of the probability mask generated by mp-CNN
instances randomly selected from the post-test data with their corresponding actual in-
stances. From Figure 13, it is deduced that probability masks significantly overlap with the
waste areas.
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4.6. Future Practical Applications of mp-CNN Model

The implemented mp-CNN model can be effectively utilized with other platforms to
lessen the practical implementation cost at a massive level. To monitor and assess street
cleanliness, we have designed two conceptual frameworks to integrate the mp-CNN model
with mobile devices and surveillance systems.

4.6.1. Combining with Mobile Devices: A People-Centric System

Nowadays, mobile devices are most widely used for communication and transferring
data due to their rapid availability in the global market at an affordable cost. They have
high computing power with a variety of useful new capabilities. The widespread fast
internet connectivity and simplified user interface make these devices usable to collect
and transfer data with additional information, such as the device’s real-time location. Due
to this, everyone owns their mobile device and carry it all the time. The people-centric
system involves the residents reporting the waste dump on the streets. The suggested
conceptual framework comprises a mobile application at the front end, a waste database
and an mp-CNN module at the backend of the system. The mobile application will be
utilized to capture and transfer dump images with real-time location to the backend system.
These images will be given as input to the mp-CNN module to detect and localize the
dump. If a dump is identified in any image, then the location and address information
related to this image will be extracted, and this information will be utilized to collect these
identified dumps. The conceptual framework of this system is shown in Figure 14.
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4.6.2. Combining with Existing City Surveillance System: An IoT-Centric System

Each smart city has a huge network of surveillance systems comprising many cameras
to provide safety for citizens and infrastructure. This system is the same as the previous
one except here, surveillance cameras in place of mobile will be used to capture images
of different city spots while devices will be used to capture images here. The conceptual
framework of this system is shown in Figure 15.

Now, the information on waste dump locations can be used further utilized for route
optimization. The waste collection vehicle visits the locations to collect the dumps. This
collection process can be optimized using route optimization algorithms. These locations
can be used as input nodes for these algorithms. Route optimization plays a vital role in
waste collection as collection efficiency, time, and energy are required to depend on the
path selected. Furthermore, this data can be used to identify dumping patterns in different
areas of the city. These patterns can be analysed to uncover the most frequent dumping
areas, and municipal authorities can take actions like an awareness program, penalties, and
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more bin placements to control the dumping. These suggested frameworks can play a vital
role in sustainable waste development, especially in developing countries like India, and
they will indirectly contribute to maintaining city cleanliness and a clean environment.
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5. Conclusions

So far, we have discussed that the paper is structured into four interrelated sections.
The first section illustrated some basic definitions. The second section performed a descrip-
tive statistical analysis to present the picture of waste generation patterns and distribution
around India. We have concluded that the waste generation rate in India has increased
rapidly with the proliferation of the total population and fast urbanization. The com-
parison of per capita per day waste generation based on population size indicates that
waste generation increases with urbanization. The same comparison for the years 2002,
2012, and 2018 implies that significant growth in per capita per day waste generation has
been registered in one and a half decades. Furthermore, per capita per day waste gener-
ation in India is approximately the same as the global average of lower-middle income
countries. From this, it has been uncovered that India has grown from a lower-income to
lower-middle-income country.

In the third section, we performed a survey in a city and an analysis of related research
studies and scientific reports to assess the SWM services. Based on this survey analysis, we
identified numerous issues in the existing SWM service framework. Some major issues are
no real-time monitoring, poor collection efficiency, no proper locations for bins, no illegal
dump monitoring, unavailability of online platforms and web portals, etc. Furthermore,
one drawback related to human behaviour is identified: people have a negative attitude
towards waste or a lack of awareness about the consequences of open dumping on streets
and roadsides. Among all issues, we have determined that illegal dumping is one of these
major concerns and needs a technological solution. We have suggested various devices and
models develop technological solutions for these issues based on the research studies.

In Section 4, we designed an mp-CNN architecture to detect and localize the waste
dumps in an image. We constructed our dataset due to the unavailability of a benchmark
dataset for waste and non-waste classification. We applied the weakly supervised learning
approach to training the model. In this approach, the mp-CNN was trained according
to the image class; in our case, it is two (waste and non-waste). In the testing phase, the
model showed the performance evaluation matrices 97.82% of precision, 98.86% of recall,
98.34% of F1 score, 98.33% of accuracy, and 98.63% of AUROC for this binary classification.
The model evaluation parameters, ROC, precision-recall curve, and waste localization
probabilities mask validate the remarkable performance of the proposed mp-CNN for the



Sustainability 2022, 14, 15896 25 of 28

classification and localization of waste. The high values of AUROC and precision indicate
that the mp-CNN is good for waste detection and classification. The mp-CNN obtained an
overall classification accuracy of 98.33%, which is significantly good for the task solved.
We conducted a survey to demonstrate the localization accuracy as we were restricted to
present this quantitatively. We obtained a score of 3.884 on a scale of 5 for the question: how
much over model generated mask over the waste region? Based on the analysis of model
performance evaluation parameters, precision-recall curve, receiver characteristic operator
curve, and comparison of mask generated by the model over waste with corresponding
actual images show that mp-CNN performs remarkably well in detection, classification, and
localization of waste regions. Finally, we have suggested two future practical applications
of the implemented mp-CNN architecture in view of urban sustainable and smart city
development for developing countries.
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