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Abstract: This study illustrates a proof-of-concept model to improve solid waste management
(SWM) services by analyzing people’s behavior towards waste. A deep neural network model is
implemented to detect and identify the specific types of events/activities in the proximity of the
waste bin. This model consists of a three-dimensional convolutional neural network (3D CNN) and
a long short-term memory (LSTM)-based recurrent neural network. The model was trained and
tested over a handcrafted data set and achieved an average precision of 0.944–0.986. This precision is
promising to support the implementation of the model on a large scale in the actual environment.
The performance measures of all individual events indicate that the model successfully detected the
individual events and has high precision for classifying them. The study also designed and built
an experimental setup to record the data set, which comprises 3200 video files duration between
150–1200 s. Methodologically, the research is supported through a case study based on the recorded
data set. In this case study, the frequencies of identified events/activities at a bin are plotted and
thoroughly analyzed to determine people’s behavior toward waste. This frequency analysis is used
to determine the locations where one of the following actions is required to improve the SWM service:
(i) people need to be educated about the consequences of waste scattering; (ii) bin capacity or waste
collection schedules are required to change; (iii) both actions are required simultaneously; (iv) none
of the actions are needed.

Keywords: convolution neural networks; event detection; municipal solid waste; people’s behavior;
recurrent neural network; solid waste management

1. Introduction

In recent decades, urbanization has emerged as a major concern around the globe due
to the massive shifting of people into urban areas for improved living standards. This rapid
urbanization has created colossal challenges for cities in their development, especially in
developing countries. However, developing countries have exhibited rapid socioeconomic
growth. Consequently, urban cities with improved lifestyles are inflating in these countries.
Municipal solid waste (MSW) generation is growing due to fast urbanization and aggran-
dized living standards [1]. One of the challenges in developing countries is solid waste
management (SWM), as the yield of waste is directly proportional to the population of the
city. MSW is defined as a highly nonhomogeneous by-product of residential, commercial,
and institutional activities and mainly consists of household garbage, street cleaning, food
residues, medical waste, and all other non-industrial solid waste [2,3]. The proportion of
constituent components in MSW is highly inconsistent, but according to numerous studies,
it has been predicted that organic materials majorly contribute to the MSW composition [3].
According to the World Bank report on global MSW, the amount of MSW generated around
the globe was approximately 2.01 billion tons in 2016, and more than 33% of the total was
not managed in an environmentally safe manner [4]. When taking a glance at global waste,
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it is anticipated that global waste generation will expand to approximately 2.2 billion tons
per year by 2025 [5] and 3.40 billion tons by 2050, which is more than double the population
growth over the same period [4]. Low- and middle-income countries produced around
64%, or 1327 million tons, of the total global waste and it is estimated that waste generation
per capita per day will grow by 40% or more in 2050 [4]. In low-income countries, the
total amount of waste generation will increase by three or more folds by 2050 [4]. The
yield of MSW is tremendously growing in the urban regions and metro cities of developing
countries [6]. If these residues are not handled through appropriate management, they can
damage the environment and human and animal health [7].

Following the World Bank report “What is waste 2.0” [4], lower-income and lower-
middle-income countries collected 39% or 37 million tons and 51% or 299 million tons of
waste generated in 2016, respectively. This report shows how proper management of MSW
is required from its inception to its disposal. Solid waste management (SWM) is one of
the primary services among all essential services of the urban civic body. It is a critical
problem in most urban areas of lower-income and lower-middle-income countries such as
India. Generally, MSW does not receive considerable attention, as it utilizes a significant
proportion of the urban government budget without any monetary or economic remunera-
tion [7]. SWM services primarily consist of collecting waste from bins or households and its
transportation to waste treatment plants or landfill facilities. In developing countries, SWM
issues do not only arise due to ineffective handling of waste by the municipal administra-
tion but also negligence or negative attitudes of the people toward waste. In this study, the
existing SWM system, associated working processes, and people’s behavior toward waste
were recorded through a survey. The survey observations are thoroughly examined here,
and some major issues are identified. These issues are broadly divided into two categories
based on accountability.

1.1. Lack of Awareness

The survey observations indicate that a lot of people in developing countries do not
possess a positive attitude toward waste due to a lack of knowledge about the impact of
scattered waste on the environment, human and animal health, and the city’s reputation.
Thus, people do not take proper care when they throw away their daily household waste.
Therefore, waste is thrown outside the waste bin or scattered around the bin, even if it is not
full or overflowing. This scattered waste generates a dirty and unhealthy environment in
residential areas and highly affects the cleanliness of the city. It also produces a bad odor and
greenhouse gases (methane and carbon dioxide), which enormously impact the air quality.
There is a need to identify areas where people have shortcomings in their knowledge about
the consequences of mishandled waste, so that in these regions, governmental and non-
governmental bodies can run awareness programs and advertisements to enhance people’s
knowledge about the negative effects of scattered waste. It is not practically possible to
perform the survey in the whole city to discover the patterns in people’s behavior toward
waste, so it is not feasible to identify regions where the highest level of attention is needed
to make people aware. There is a need to develop an automated, cost-effective, and efficient
solution to deal with this problem. The literature analysis indicates that machine learning
is an optimal alternative to detect and process the events related to human behavior
toward waste.

Information and communication technology (ICT) is identified as a solution to make
the system more effective and communicable. The proposed model utilizes the existing
infrastructure of city surveillance and the SWM system for large-scale practical imple-
mentation. The reason for the integration of existing resources in developed solutions is
illustrated in the subsequent sections.

1.2. Lack of Utilization of Existing Infrastructure

In economically weak countries, the governments are not competent to allocate ade-
quate funds to manage MSW, so civic bodies have limited resources and lack the technology
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to operate the SWM system efficiently. The working procedure of the current SWM system
is analyzed, and major reasons are identified for waste dissemination around the waste bin.
One key reason for bin overflow is the size. In this case, the bin has insufficient capacity to
accommodate all the waste dropped between two consecutive visits of the collecting truck.
In studied areas, waste collection from bins is generally carried out once a day. Another
reason for waste flooding around bins is uneven collection, as the bin size has enough
capacity to hold the amount of waste dropped throughout the whole day. The scattering of
waste in the bin’s proximity is also an issue, previously elaborated.

The municipal governments in developing and under-developed countries always face
financial crises in developing and operating the SWM infrastructure and services [8]. Thus,
they have a limited number of SWM resources and cannot use the advanced technology-
based modern SWM solutions used in developed countries. Moreover, waste generation
is tremendously growing with increasing urbanization and living standards. Therefore,
municipal administrations continuously face multiple challenges in managing the gen-
erated waste. There is a need to use a technology-based, cost-effective solution to make
the SWM system more effective and efficient in time and energy. If the existing SWM and
surveillance system of a city are integrated with machine learning techniques, the outcomes
would be highly cost-effective. They could be implemented practically to a large extent.
Our proposed system utilizes the surveillance system to capture video data, which are
further used as input data for artificial neural network training. The research implements
the convolutional neural network (CNN), a class of artificial neural networks, to detect
and identify the type of event related to human behavior toward waste. This low-cost
and highly efficient solution will be the best alternative for handling waste in developing
countries, and the practical implementation of this solution at a large scale will help to
maintain a clean, green, and sustainable environment.

Machine learning comprises the collection of techniques from artificial intelligence
(AI) aiming to develop and build systems that can learn from data, enhance their accuracy
through training, and make decisions automatically without being explicitly programmed.
Machine learning techniques provide remarkable computational features, so machine
learning applications have reached a peak in all fields of engineering and science. Similarly,
deep learning (DL) is a subset of machine learning, and CNN is a disruptive class of deep
neural networks interchangeable with DL. CNN has exhibited a remarkable advancement in
image recognition. Generally, CNNs analyze visual data and perform tasks beyond image
classification. They can be recognized at the core of all computer vision tasks, such as photo
tagging, autonomous vehicles, event detection, surveillance, and medical image analysis. In
the past few years, they have become dominant in many computer vision tasks. Therefore,
researchers from diverse domains, including SWM, have been involved with tremendous
interest [9]. CNN models can automatically learn complex tasks and hierarchies of spatial
features compared to handcrafted features. They perform adaptive learning through
a backpropagation algorithm by employing multiple convolutional, pooling, and fully
connected layers. Due to these exceptional advantages, these models can be effectively
used for waste dump detection, different types of waste detection and classification, and
event detection in the waste monitoring system.

Nowadays, video surveillance systems have become necessary, from residential safety
to traffic management and control. These systems have gained notable popularity for
security purposes. The recorded videos from these systems have gained attention not
only for the panoramic scenes but their intelligent features, such as object detection, face
detection and recognition, motion detection, and event detection. Therefore, there has
been massive growth in video data due to the extensive utilization of surveillance systems.
It is necessary to understand the video data to make more efficient use of surveillance
system data. Ordinary surveillance systems have substituted advanced technology-based
intelligent systems with real-time processing and analysis of these large video data. One of
the key features of an intelligent surveillance system is different types of event detection in
real-time video data. These events can be used in other frameworks to improve services,
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make decisions, and implement decisions. Event detection has emerged as the most
prevalent research topic in computer vision. Event detection is not a cumbersome task, but
specific types of event detection are complicated and challenging, as the scenes of specified
events are diverse. Additionally, it is tough to define the boundaries of different events.
The proposed system incorporates multiple cameras for recording streaming videos to
create the experimental data set.

Conclusively, this research aims to implement the state-based system using 3D CNN
to automate waste bin monitoring and identify residents’ behavior toward waste disposal.
The study makes the following contributions to the knowledge pool of SWM to deliver the
above objectives.

1. We built an experimental setup and created a data set of 3200 video files. These
videos have durations of 150–1200 s and were captured at various city locations for
15 days. Additionally, captured data are preprocessed and labeled to generate the
ground truth.

2. The main contribution of the study is exploiting the computational capabilities of 3D
CNN to identify the events related to waste thrown in the waste bin and its proximity.
These events determine the position of waste thrown, i.e., if waste is successfully
placed inside the bin or thrown outside the bin due to improper handling, or dropped
outside due to the overflow of the bin.

3. An analysis of the identified events through a case study was performed to develop
an effective waste management infrastructure, policies, and awareness to improve
SWM services.

2. Literature Survey

MSW is one of the most urgent issues in urban and smart city development, espe-
cially in developing countries. SWM is a multi-disciplinary research topic that focuses
on developing waste collection, transportation, and disposal processes and related issues.
Much research has been carried out to determine optimal waste collection schemes using
various optimization techniques and to develop novel methodologies for energy recov-
ery from waste and environmentally safe waste disposal. Tirkolaee et al. and others
have implemented several state-of-the-art optimization techniques, such as Pareto-based
algorithms [10], mixed-integer linear programming [11], hybrid augmented ant colony
optimization [12], gray wolf optimization algorithm [13], and hybrid simulated annealing
algorithm [14]. However, SWM issues are not limited to these; they comprise many social-
level problems that need immediate attention to improve services and cleanliness in the
city area. A survey was carried out to monitor existing bins placed by the municipality in
residential areas to determine the primary reasons behind the scattering of waste in the
bin’s proximity. Three types of activities/events are primarily observed:

1. The bin status is not filled or overflowing, and the waste is dropped directly into
the bin.

2. The bin condition is not filled or overflowing, but the waste is thrown intentionally or
unintentionally in the proximity of the bin.

3. The bin status is filled or overflowing, and then the waste is dropped outside the bin.

The first two activities are associated with people’s behavior, while the third is related
to the bin capacity or waste collection schedule. In the first two scenarios, the people
are responsible, but the municipal administration is accountable in the third case. The
scattering of waste around the bins would be controlled using the proposed event detection
and classification system. This system identifies locations where these events/activities
occur with high frequency. Then, municipal administrations can perform necessary actions
in identified areas, such as running an awareness program to educate people about the
effects of waste scattering, modifying the waste collection schedule, and changing the
bin capacity.

The municipal administration data show that a city with an average population has a
large number of bins. Therefore, it is impossible to manually monitor every bin to identify
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the earlier events. Moreover, manual monitoring needs a significant amount of capital and
human resources. Now, bin monitoring can be performed using event detection in video
footage. The videos can be recorded using an existing surveillance camera by placing the
bins in the camera view. The main objective of event detection in a video is to determine
the occurrence of any specific event. For event detection, first, the occurrence of an event
is recognized, and then the type of event is identified, as described in the proposed work.
Event detection in a video is extensively used in many artificial intelligence systems, such
as robotics, electronics, road safety, autonomous driving, intelligent transportation systems,
and content identification. Recently, DL models have produced remarkable results in
computer vision and pattern recognition, such as action recognition [15], abnormal event
detection [16], object detection [17], recognition and tracking, behavior analysis [16], and
face detection and recognition [18]. DL models can learn all aspects directly from the image,
which has improved object detection and recognition. Alex Krizhevsky designed and
implemented a deep CNN named AlexNet [19] that exhibited excellent outcomes for image
classification tasks in the Large-Scale Visual Recognition Challenge [19]. Additionally,
AlexNet has successfully introduced audio and video recognition, medical data analysis,
and image processing [20]. Recent research has emphasized deep CNN models to detect
and recognize events in various systems such as surveillance, road safety, intelligent traffic,
and health diagnosis.

This segment of the literature survey discusses some state-of-the-art works that imple-
ment image processing and DL algorithms to solve various problems in SWM, such as bin
monitoring, waste detection and identification, and waste material detection. Different im-
age detection and recognition techniques have been applied in SWM and waste processing
tasks [21]. Image detection and recognition are primarily utilized to segregate waste mate-
rial and objects [22]. Waste collection routes and schedules have been determined based
on the current waste level in the bin using image processing [23]. This approach localizes
the bin in the image and applies a support vector machine (SVM) for classification with
four masks to compute the level of waste in the bin. The bin can have different shapes and
sizes with empty, semi-empty, filled, and overflow waste conditions. In the earlier phase of
research that comprises advanced technology-based solutions for various problems in the
SWM system, Hannan et al. applied a content-based image retrieval approach to predict
the waste level in the bins based on the features extracted from the image texture [24]. In
this approach, several distance measures are utilized to compute and compare the similar-
ity between the images. The performance of implemented feature extraction techniques
is evaluated on a test data set of 250 images, and the accuracy of different similarities
distances is compared. The comparison of similarity distance outcomes shows that the
earth mover’s distance has the highest precision to measure the similarity of images and
shows more efficiency than other distance methods. In [25,26], the author has reviewed and
analyzed the information and communication technologies (ICTs) and their applications in
various SWM tasks. This systematic review of ICTs concluded that ICTs have emerged as an
integral part of the SWM architecture design. The study divided the ICTs into four broader
categories—spatial, identification, data acquisition, and communication technologies—to
develop efficient waste collection and monitoring systems for effective management. Image
processing techniques in SWM applications mainly concentrate on the waste level in the
bin and on sorting different waste materials and objects. Additionally, this review iden-
tified the numerous barriers to building a large-scale MSW system for urban and smart
city development. These barriers are inadequate MSW data, expensive network structure
development and maintenance, lack of real-time data transfer and information availability,
and unavailability of dynamic routing and scheduling.

Nowadays, many researchers have focused on automating waste collection, moni-
toring, segregation, disposal, and management tasks to make the system and recycling
process more effective and efficient. The research community has given significant atten-
tion to image processing-based solutions for SWM systems in the past few years. Various
interesting solutions comprising a wide range of approaches and techniques have been
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suggested and successfully implemented with remarkable outcomes. DL techniques have
been successfully applied to separate different types of waste materials. In [27], the DL
strategy is explored to build a novel waste segregation framework that applies the YOLOv3
algorithm using the Darknet neural network. This system is trained for six classes, namely
cardboard, paper, plastic, biodegradable material, glass, and metal, and compared with
the YOLOv3-tiny to assess the YOLOv3 algorithm performance and competency. The
experimental outcomes report 85.29% and 26.47% accuracy for YOLOv3 and YOLOv3-tiny,
respectively. These outcomes prove that the YOLOv3 algorithm has the generalization
power for the different categories with various waste items and materials. In a project re-
port, Yang and Thung demonstrated a machine learning technique to categorize waste into
six categories. They constructed a data set named TrashNet, with a database of 2527 images
of solid waste for all six categories. They applied the SVM with scale-invariant feature
transform algorithm and handcrafted feature extraction-based classification and obtained
63% and 22% accuracy for CNN, respectively. Interestingly, they found that SVM has a
significantly better performance than the CNN model. In this case, CNN could not obtain
the optimal hyperparameters during the training phase [28]. Bircanoğlu et al. used various
CNN architectures on this data set and attained maximum accuracy of 95% by image
augmentation [29].

Similarly, Ruiz et al. randomly assigned the initial weights to the CNN model and
obtained an accuracy of 89% [30]. In [31], the TrashNet data set is improved by adding
more images of trash. The authors also constructed a synthetic data set to identify the
roadside waste dump in this study. This synthetic data set was generated by segmenting
waste, changing the backgrounds, and reaching the maximum accuracy of 84%. A hybrid
model was developed by fusing autoencoder, CNN, and SVM to categorize the waste as
biodegradable, recyclable, and non-recyclable with approximately 100% precision over
2000 images [32]. Chu et al. combined weight and metal detection sensors with the CNN
model to develop a multilayer hybrid model for classifying waste into recyclable and
non-recyclable categories. The result analysis implies that this model has significantly
higher classification performance than CNN and obtained overall classification accuracies
are 98.2% and 91.6% under two different testing scenarios. In this novel architecture, CNN
extracts the visual features, while sensors are utilized to capture physical attributes [33].
Another study proposed a CNN model to classify the electrical appliances and a faster
region-based CNN to determine the dimensions of appliances, showing precision of more
than 90% [34]. The literature analysis also unveils that many research studies utilize the
existing pre-trained state-of-the-art models to perform waste identification and classifica-
tion tasks. In [35], four CNN models, namely Alexnet, VGG16, GoogLeNet, and Resnet,
pre-trained on ImageNet, were fine-tuned to predict six waste categories. Moreover, a per-
formance comparison was performed among all CNNs models using SVM and SoftMax as
a classifier, and the highest classification accuracy is demonstrated with GoogLeNet+SVM
at 97.86%.

The studies above mainly concentrate on framework design using different CNN
architectures for waste categorization. Still, the Internet of Things (IoT) has been signifi-
cantly applied to solve waste management problems. In [36], the authors designed a novel
framework to automate various SWM processes. The framework comprises an intelligent
garbage bin that incorporates an ultrasonic sensor and multiple gas sensors. This frame-
work also provides the real-time monitoring of garbage using cloud servers and mobile
applications. Singh et al. and Malapur and Pattanshetti implemented a similar framework
with an intelligent, cost-effective, and time-deductive design for smart city SWM services.
This system has a GSM module to send a message to the user’s mobile number when the
waste level in the bin reaches the threshold level and a passive infrared sensor to measure
the waste level [37–39]. An IoT-based model was built using Raspberry Pi and infrared
sensors. In this system, the SWM system administrator performs the collection vehicle
scheduling and routing for efficient waste collection [40]. In addition to waste classification
and bin-level detection, Muthugala et al. developed a robot prototype for waste picking
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from the ground. The experimental results exhibit that the implemented prototype archi-
tecture utilizes the DL model to detect waste on the ground and reported an accuracy of
95% [41]. In [42], a similar novel robot was built to pick up waste on grass. The prototype
of this novel robot incorporates deep CNN-based custom software to detect the waste
accurately and navigate autonomously. The experimental outcomes show that it achieved
more than 95% waste recognition accuracy and provided similar cleaning efficiency as the
manual method. Many studies have also applied the different CNN models to detect and
locate illegal dumping [43].

The literature analysis illustrates that the contributions of SWM researchers have
primarily concentrated on two aspects, namely waste bin monitoring and waste detection
and classification. Many waste management and computer vision community researchers
have focused on waste detection and classification using image processing through artificial
neural networks, especially CNN. Waste detection and classification are generally used at
recycling centers to segregate waste items and materials. However, this segregation process
has also been used at the source level. This process mainly contributes to making the
recycling process more effective and efficient. Waste segregation cannot determine people’s
behavior toward waste and cleanliness in residential areas. The bin monitoring covers
the waste level detection inside the bin using various technologies, namely IoT, sensors,
image processing, video processing, machine learning, etc. The waste level is measured to
determine the bin condition: empty, semi-empty, full, or overflowing.

Additionally, the location of full or overflowing bins is used in optimization algorithms
as nodes to determine the optimal paths and schedules for waste collection vehicles. The
existing bin monitoring systems do not cover the following condition(s): bin is not filled or
overflowing, but the waste is dropped intentionally or unintentionally in the proximity of
the bin. This condition depends on the people’s behavior toward waste and cleanliness
in the surrounding area and city. The existing monitoring system entirely depends on the
assumption that everyone behaves positively toward waste and drops the waste directly
into the bin. However, our survey results indicate that people do not exhibit serious
behavior toward waste and cleanliness, especially in developing countries. The survey
also shows that some people lack knowledge about the consequences of littering around
bins. Therefore, they throw their waste outside the bin, even if it is not full or overflowing.
Moreover, some people habitually engage in this type of activity.

Contrary to the above scenario, a significant number of people, especially in urban
areas, are aware of the consequences of littering waste around bins. Still, people mostly
find bins full or overflowing when they throw their waste. They are forced to drop the
waste outside the bin in this situation. The survey analysis identifies the primary reason for
this situation: the capacity of the bin is not enough to hold the amount of waste dropped
between two consecutive visits of the waste collection vehicle, or the waste collection
service is not regular. This scenario indicates that municipal administrations lack the
infrastructure and human resources to run waste management services seamlessly. It is
thus necessary to develop an automatic system to determine people’s behavior toward
waste and the demand for infrastructure and human resources. Now, municipal bodies can
develop policies and plan to deal with problems that arise from people’s behavior and the
lack of infrastructure and human resources.

3. Proposed Model

This section describes the proposed event detection and classification model workflow
to determine and analyze people’s behavior toward waste. This behavioral analysis is
utilized to identify areas in the city where people lack knowledge about the consequences
of waste scattering and open dumping. The study of classified events is also performed to
determine the bin capacity, the number of bins, and the waste collection schedule. Based on
the above outcomes, the municipal administration can design policies for waste awareness
programs and place adequate bins with appropriate capacities to improve SWM services.
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First, the overall workflow of the event detection and classification model is illustrated,
and then different components are explained.

3.1. Overview

The overall workflow of the proposed event detection and classification for the SWM
improvement is depicted in Figure 1. The proposed model is a state-based system that
takes a continuous video stream input and generates a corresponding output stream. First,
overlapping groups (with stride S) of successive’ N’ frames from the input video stream
are generated. These groups are used as the input for a 3D CNN-based network block 3.2,
which yields a corresponding vector for each group. These vectors are further processed
by an LSTM-based network block 3.3, which updates the current state of the block and
generates the output vector. The output of the LSTM block is finally passed through a fully
connected feed-forward neural network (FFNN) block to produce the final decision vector.
The decision vector is a four-element vector. These elements represent the probability of
an event/activity (event/activity is referred to as the event in onward discussion) in the
current time duration. The first element is the probability of any event occurring in the
proximity of the waste bin. The second element is the probability of an event related to the
bin (interaction with the bin). The third element is the probability of successful interaction
with the bin (the waste is successfully dropped in the bin). The fourth element is the
probability of unsuccessful waste placement in the bin due to overflow. Table 1 displays
a brief description of the decision vector. The current video frame group of ‘N’ frames is
constituted by the current and previous ‘N−1’ frames. The model does not require a high
rate of output generation. Therefore, we stride the two conjugative groups by ‘S’ frames
to decrease the total output generated by the model in one unit of time. We designed the
model to have N = 51 frames and the stride S = 8. The decision vector generated by the
model is stored with its timestamp and camera ID. These stored decision vectors are further
utilized to develop bin infrastructure, policies, and waste awareness programs to improve
the SWM services, city cleanliness, and green environment (refer to Section 3.6).

3.2. 3D Convolutional Neural Network Block

This block generates visual features for a group of ‘N’ continuous frames from the
input video stream. These features should incorporate the whole video frame group
(covering all N frames and the entire image frame, height, and width). The performance
of a two-dimensional CNN layer for encoding the spatial information of an image is
satisfactory, but we need to cover spatial and temporal (frames of different timestamps)
data from the group of image frames. The 3D CNN and recurrent network (e.g., LSTM)
are commonly used to encode temporal data. We utilized the 3D CNN block for feature
extraction, including spatial and temporal information. This block consists of various
layers, namely 3D CNN, addition, batch-normalization, and pooling layer. The architecture
of this block is depicted in Figure 2 with the kernel size and stride of different layers
(as width × height × temporal). No padding is used in the convolution and pooling
layers as we want to reduce the feature size as a one-dimensional vector. The block’s
effective receptive field is height × width × 51 (this block covers the whole image frame
and 51 conjugative image frames). We assume a video is generated with a frame rate of
f frames/second, then the output rate of the system will be f/S output/second as the stride
between two groups is S (we used S = 8). The vector generated by the 3D CNN block
is passed to the LSTM block (refer to Figure 2) for updating the state of the system and
developing its output at that time duration (last 51 image frames 51/f s).
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Table 1. The description of the output decision (four-element probability) vector. X stands for do not
care, H stands for high probability, and L stands for low probability.

Decision Vector Description of the
Event/Activity

Abbreviation for
Event/Activity1 2 3 4

H X X X Any event occurs in the
proximity of the bin. EA1

H H X X The event is related to
the bin. EA2

H H H X The waste is successfully
placed in the bin. EA3

H H L L
Unsuccessful placement of

waste in the bin due to
inappropriate handling.

EA4

H H L H
Unsuccessful placement of

waste in the bin due
to overflow.

EA5

3.3. Long Short-Term Memory Block

The time for an event/activity has significant variance. There are some events/activities
which occur instantaneously, whereas some take time. The model should incorporate all
types of events and encode them to form a state vector and its output (observation) vector.
The stateful LSTM layer fulfils these requirements. Therefore, we utilized three LSTM layers
to create a network block to produce the desired outputs. These LSTM layers have 128, 64,
and 128 as output neurons. Thus, this block generates a 128-dimensional vector which is
further passed to an FFNN block to generate the final decision vector. The architecture of
the used LSTM block is shown in Figure 2.

3.4. Fully Connected Feed-Forward Neural Network Block

We need a system to detect exciting events and activities. Besides this, it should also
differentiate them into various categories. An FFNN is a conventional model for the desired
purpose. The proposed system also utilizes the FFNN for generating the final decision
vector. The decision vector is a probability vector, and the events are not mutually exclusive.
Therefore, we deployed the sigmoid activation function at the final layer of the FFNN block.
The architecture of the FFNN block is shown in Figure 2.
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3.5. Training Loss Function

We adopted a derivative of focal loss [44] as the cost function for learning the proposed
model. The cost function is expressed as the following equation.

Loss =
∑∀cell∈HS∧DVcell<0.9 (1−DVcell)

γ×log(DVcell)

|HS|

+
∑∀cell∈LS∧DVcell>0.1 (DVcell)

γ×log(1−DVcell)

|LS|

(1)

The loss is the modified focal loss, and DV represents the generated decision vector.
DVcell is one element of the decision vector, HS is the set of elements of the decision vectors
labeled as High, and LS is the set of elements of decision vectors labeled as Low. The focal
loss hyperparameter γ is set to 2.0.

3.6. Interpretation of Output Decision Vector

This section illustrates the output decision vector in terms of occurrences of different
events. The model stores the generated decision vector with its timestamp and camera
ID. A wide range of information can be extracted from these data. These data can obtain
the number of EA2 events in a camera location during a specific period. This information
identifies the locations with a high number of waste-dropping/throwing activities. These
locations are potential points where waste may scatter in bin proximity due to overflow.
The number of event occurrences EA2 determines the required bin capacity to hold the
waste and waste collection schedule.

Besides this, the frequencies of occurrence of events EA3, EA4, and EA5 at any bin
location serve to categorize the behavior of the people who drop their waste in that bin.
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The high frequency of event EA3 at any bin location implies that neighboring people pay
attention to dropping waste in the bin and know the consequences of scattering waste.
Suppose any bin faces high frequency of the event EA4. This indicates that people lack
knowledge about the impact of waste scattering and do not possess a positive attitude, so
they mishandle the waste and drop it outside the bin. In these bin locations, municipal
administration should run an awareness program to educate the people about the impact
of waste scattering on human health and the environment.

Similarly, if any location has a high frequency of the event, EA5 implies that people
are aware of the consequences of waste scattering. In this case, waste is overflowing, and
it is scattered due to less bin capacity. Therefore, more bins in the nearby areas may be
necessary or bin capacity should be increased to hold the waste dropped in two consecutive
collections from bins or waste collection frequency should be increased.

4. Experimental Setup
4.1. Data Generation

We designed an experimental setup to create a data set for analyzing people’s behavior
toward waste. It comprises various cameras installed at different locations, and each camera
has one waste bin in its viewing scene. These cameras are run for two weeks to record the
activities of people in the proximity of the bin. The final data set contains 3200 video files of
different durations between 150–1200 s, and these videos mainly comprise activities/events
for most of the time.

A preprocessing step is not a vital phase for a CNN-based system, but it can reduce
the total training time and sometimes improve the system’s performance. Besides this, it
is also instrumental in appropriately representing the input data for the subsequent phases
of the system. We designed a 3D CNN block with a receptive field of 255 × 255 × 51
without the global average pooling layer. This receptive field is sufficient to cover the
spatiotemporal information inside the given group of continuous image frames. We resized
the image frames so that their smaller side is 255 pixels. Most of the parts of input images
are incorporated into one vector (visual vector). Bigger (one side only) images produce
multiple vectors. The global pooling layer averages these vectors to yield a single vector
corresponding to its continuous frames group. The number of frames in a group is also
taken as 51 (3D-CNN block fully covers 51 frames).

4.2. Label Generation

The proposed supervised machine learning model requires the ground truth label
corresponding to each image frame group; therefore, we must generate these labels. The
needed ground truth label is a four-element vector (decision vector), and each element is
represented by H (high), L (low), and X (don’t care). First, starting and ending frames are
marked corresponding to each EA1 (refer to Table 1) event in all available experimental
videos. All the frames between these starting and ending frames are assigned as low-
probability vectors. The first element of the decision vector for other frames is set as the
high probability (H). For all the frames corresponding to EA1, mark the starting and ending
frames for EA2. All frames (EA1) between the starting and ending frames of EA2 are set as
high probability (H) for the second element of the decision vector, and the rest of the EA1
frames are set as don’t care (X).

Similarly, all the frames corresponding to EA1∧EA2 set the third element of the decision
vector as high probability (H) if the waste is placed successfully in the waste bin; otherwise,
it is set as low probability (L). Finally, the fourth element of the decision vector is set as
high probability (H) if an unsuccessful placement of waste in the bin is captured due to the
overflow of waste; otherwise, the fourth element is set as low probability (L). One random
frame from the successful placement of waste in the bin event is depicted in Figure 3, and
an exemplification of label generation is presented in Figure 4.
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4.3. Training Procedure

We adopted data augmentation in the training of the model to increase the variation in
the data and the training samples. We employed the arbitrary rotation with rotation angle
θ rotation ∈ [−15◦, 15◦] and random shearing with shearing angle θ shear ∈ [−5◦, 5◦]. The
data augmentation parameters remain the same for all frames in a video sample. The loss
is given by Equation (1) (refer to Section 3.5) and is used as a cost function for learning
the proposed model. The LR regularization is used as a regularizer with a scale of 10−5.
The stochastic gradient descent algorithm is utilized as an optimizer, with the learning rate
decreasing exponentially. The opening learning rate is 0.1, and the final learning rate after
10,000 iterations is 10−4. After 10,000 iterations, we applied a linearly falling learning rate
as Equation (2). We trained the model for 100,000 iterations with a batch size of 4.

LR = 10−4 ∗
(

1.001− iterationCounter
105

)
(2)

4.4. Inference Phase
4.4.1. Offline Mode

In this mode, the testing data are stored as offline video files. Therefore, we converted
it into a sequence of frames. These frames are grouped sequentially by 51 frames in each
group, and stride = 8 between the first frame of conjugating groups. The LSTM cells are
initialized with zero vector, and then each group is sequentially processed one by one.
Here, the updated state of LSTM cells is passed to the subsequent group processing. The
generated output decision vector is stored with its group ID.

4.4.2. Online Mode

In this mode, the testing data are the feed of a camera (camera ID, location). Whenever
the scene viewed by the camera changes (the camera is restarted, or its location is changed),
the LSTM cells are initialized with zero vector. The first 51 frames are stored in a queue
and form the first group processed by the system. After removing a frame from the queue,
the upcoming video frame is pushed into the queue. In this way, the queue retains the
last 51 frames. After every eighth frame push, the group formed by the frames in the
queue is processed. The generated output decision vector is stored with its timestamp and
camera ID.

5. Results and Analysis
5.1. Evaluation Criteria

The implemented model utilizes five indicators to measure and evaluate the
event/activity detection capability of the model. These measurements are recall, pre-
cision, f-measure, the area under the receiver operating characteristic curve (AUROC), and
average precision (AP). The detection relies on precision (how many detections are correct?)
and recall (how many are retrieved?). Generally, a detection method uses some threshold to
decide whether the detection is valid. The precision and recall vary with this threshold. The
recall and the precision must trade off as recall improves by decreasing the threshold, and
then precision diminishes. Another measure, the f-measure (harmonic mean of precision
and recall), is adopted to counter the trade-off between precision and recall and soften the
threshold selection effect. The f-measure is obtained from Equation (3), where TP stands for
true-positive, the number of correctly identified regions; FP stands for false-positive, the
number of incorrectly identified detections; and FN stands for false-negative, the number of
detections that are not identified. A predicted detection is considered as correctly identified
if its score is greater than a predefined threshold (generally 0.5).

precision, P = TP
TP+FP

recall, R = TP
TP+FN

f −measure, F = TP
TP+FP

(3)
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5.1.1. Area under Receiver Characteristic Operator Curve

AUROC is an evaluation metric used to determine the performance of binary classifiers.
The receiver characteristics operator curve (ROC) is a curve that shows the probabilistic
area covered by the true-positive rate (TPR) (refer to Equation (4)) against the false-positive
rate (FPR) (refer to Equation (5)). TPR is the ratio of TP to the sum of TP and FN values,
also referred to as recall value, to correctly identify the true-positive values. Similarly, FPR
is the ratio of FP to the sum of FP and true-negative (TN) values; FPR, as the name suggests,
gives the probability of the falsely rejected null hypothesis.

TPR =
TP

TP + FN
(4)

FPR =
FP

FP + TN
(5)

5.1.2. Average Precision

Average precision gives the probability of positive prediction of machine learning
models. Mathematically, it is depicted in Equation (3), which is the ratio of TP to all the
positive predictions (TP + FP). AP is computed by taking the average of all segments of
recall values under the precision–recall curve.

5.2. Performance Analysis of the Model

This section briefly discusses the performance analysis of the proposed deep learning
model. No existing benchmark test data set is available to evaluate the performance of
the proposed model. Therefore, the recorded data set is divided into two parts (refer
to Section 4.1): 70% for training and 30% for testing. The performance of the model is
measured based on five different indicators: recall, precision, f-measure, AUROC, and
AP. We tabulated these results in Table 2 for all events/activities (refer to Table 1). These
results imply that the proposed system exhibits outstanding performance on all perfor-
mance evaluation criteria for all events/activities. These results also show that the model
yields the best overall detection results for the event EA1 (recall = 0.936, precision = 0.924,
f-measure = 0.930, AUROC = 0.988, and AP = 0.986). In contrast, the event EA4 has the
worst performance (recall = 0.872, precision = 0.837, f-measure = 0.854, AUROC = 0.987,
and AP = 0.944). This performance difference shows that the complexity of the event EA4 is
higher than the event EA1. The event EA1 is straightforward and does not have any contextual
dependencies. In contrast, the event EA4 has a high contextual dependency as it triggers
only when the events EA1, EA2, and EA3 have already been present. Like the event EA4,
the event EA5 also has high complexity (recall = 0:891; precision = 0.859, f-measure = 0.875,
AUROC = 0.990, and AP = 0.959). Although the complexity of these events is high, the
performance of the model is still reasonably high for all events.

Table 2. The performance measures of all events/activities.

Event/Activity
Performance

Recall Precision f-Measure AUROC AP

EA1 0.936 0.924 0.930 0.988 0.986
EA2 0.920 0.906 0.913 0.988 0.978
EA3 0.916 0.885 0.900 0.991 0.973
EA4 0.872 0.837 0.854 0.987 0.944
EA5 0.891 0.859 0.8765 0.990 0.959

Figure 5 depicts the ROC curve and the precision–recall curves for the events EA1, EA2,
EA3, EA4, and EA5, respectively. This figure incorporates the proposed model performance
curves and a line for the majority prediction approach. The majority prediction line
represents the results when the prediction is fixed as the majority without any learning. If
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any event’s happening and not happening duration is the same, then the majority prediction
is correct for half of the time. In contrast, if the happening time duration of an event varies,
in this case, the majority vote prediction also varies, but it (accuracy) will always be more
than 0.5 (as most of the time prediction is correct). The ROC and precision–recall curve
for different events in their respective figures validate the satisfactory performance of the
proposed system. The high scores for the AUROC and AP show that the model is less
ambiguous for decision making for any event detection.

Figure 5. The ROC (left) and precision–recall (right) curves for all events/activities. Here PS and MP
stand for proposed system and majority prediction.
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5.3. Case Study

This section briefly discusses a case study performed to determine the practical ap-
plicability of the implemented deep neural network model in the actual environment. A
bin is selected, and occurrences of events EA2, EA3, EA4, and EA5 are determined from
the log created by the system. These occurrences are computed daily in a time slot of
one hour for two weeks. The count of these occurrences is denoted as frequency. A daily
average frequency plot for these events is constructed for the prime slots when the average
frequency is one or more. This plot can be interpreted to deduce one of the following
actions to improve the SWM service.

1. People need to be educated about the consequences of waste scattering.
2. Bin capacity or waste collection schedules are required to change.
3. Both above actions are required simultaneously.
4. None of the actions are needed.

The frequency plot is displayed in Figure 6. The graph shows that the average
number of events related to the bin (EA2) in a day is approximately 31. The analysis
uncovers that 51.61% of total people dropped their waste directly inside the bin while
41.94% threw it in the proximity of the bin due to inappropriate handling. The remaining
6.45% dropped waste outside the bin due to overflowing. People who mishandled the waste
dropping were significant (81.25%) compared to those who dropped it properly. People’s
behavior cannot be neglected; therefore, the municipality needs to take appropriate action
to improve people’s behavior. Here, the most rational option to handle this condition is
to educate people about the consequences of waste scattering. The municipality should
develop a policy to implement awareness programs using different mediums about the
consequences of waste scattering. In the large-scale system, locations of similar bins
(as above, unsuccessful placement of waste in the bin due to inappropriate handling,
i.e., event EA3) are determined and the awareness program is implemented in these regions.
The awareness program will develop the understanding of waste handling among people.
Consequently, people will improve their behavior and attitude toward waste handling and
drop their waste directly into the bin.
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6. Discussion

We conducted a survey to determine the events/activities in the proximity of bins
when people drop their waste. From the survey analysis, we deduced that three major
activities happened during the dropping of waste in the bin. These activities are described
in the literature survey section. The first two activities are associated with people’s behavior,
while the third is related to the bin capacity or waste collection schedule. This survey was
performed through manual monitoring of a few bins and we recorded all activities of
individuals when they dropped their waste. A city has a large number of bins, so it is not
possible to monitor all the bins manually to determine the solutions based on the identified
activities. This argument is sufficient to develop an automated system to detect and identify
the above activities. Therefore, we implemented a 3D CNN and LSTM-based recurrent
network model to automatically classify the different activities in the proximity of the waste
bin. This model implementation at a large scale is cost-effective as it does not require any
new infrastructure building. It takes the video input, which can be easily recorded through
the existing surveillance system of a city by placing the bins in view of a camera.

The proposed model was trained and tested over the handcrafted data set and achieved
an average precision of 0.944–0.986. The system creates a log for some specific types of
activities and events, as mentioned in EA2, EA3, EA4, and EA5. The model performance
measures for these events are investigated. We concluded that the model has high precision
in event detection and is suitable for correctly classifying events. The overall performance
and results analysis indicate that the model is capable enough to detect the events and
generate promising results for these classification tasks. The detection of all events and their
exact classification are not highly crucial to determining and analyzing people’s behavior
toward waste, so generated outcomes have enough evidence to develop a scalable system
for the actual environment.

The outcomes of the model are interpreted to derive the actionable information to
improve the SWM services. This information can be given as follows. It can determine
the locations where bin capacity is not utilized effectively. Moreover, it can also identify
areas in the city where people are not attentive toward waste and throw it outside the bin
even if it is not full. This information is beneficial in determining the bin capacity and
waste collection schedule and developing awareness programs to educate people about the
scattering of waste in an open environment.

7. Conclusions

We proposed and implemented an event detection and categorization model to deter-
mine people’s behavior toward waste. The model consists of a 3D CNN and LSTM-based
recurrent network to classify the different activities in the proximity of bin. bins. The model
was trained and tested over the handcrafted data set and achieved an average precision of
0.944–0.986. The analysis of performance measures (refer to Table 2) for all events implies
that the model successfully detected all the events and has high precision for classifying the
events. The comparison of performance measures between the events EA1 and EA4 implies
that event EA4 is more complex than EA1. It is justified that event EA1 is a simple detection
task that does not require any contextual dependencies. However, the event EA4 has a high
contextual dependency as it triggers only when the events EA1, EA2, and EA3 have already
been present. Like the event EA4, the event EA5 also has high complexity. Although the
complexity of these events is high, the performance of the model is still reasonably high for
all events.

The proposed model performance might be improved by replacing the 3D CNN with
more advanced network architectures, namely ResNet or DenseNet. However, we aimed
to apply deep learning and show the system’s effectiveness instead of developing the
most optimal model. Moreover, the model takes the video input to be integrated with
the existing city surveillance system. Therefore, large-scale implementation of the model
does not require any physical infrastructure. This is the primary reason why the model
can be implemented at a large scale without additional infrastructure development. This
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cost-effective solution has extensive financial benefits, so it can be easily deployed in
economically weak countries to improve SWM services.
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