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Abstract: The enormous increase in the volume of waste caused by the population boom in cities
is placing a considerable burden on waste processing in cities. The inefficiency and high costs of
conventional approaches exacerbate the risks to the environment and human health. This article
proposes a thorough approach that combines deep learning models, IoT technologies, and easily
accessible resources to overcome these challenges. Our main goal is to advance a framework for
intelligent waste processing that utilizes Internet of Things sensors and deep learning algorithms. The
proposed framework is based on Raspberry Pi 4 with a camera module and TensorFlow Lite version
2.13. and enables the classification and categorization of trash in real time. When trash objects are
identified, a servo motor mounted on a plastic plate ensures that the trash is sorted into appropriate
compartments based on the model’s classification. This strategy aims to reduce overall health risks in
urban areas by improving waste sorting techniques, monitoring the condition of garbage cans, and
promoting sanitation through efficient waste separation. By streamlining waste handling processes
and enabling the creation of recyclable materials, this framework contributes to a more sustainable
waste management system.

Keywords: Internet of Things; deep learning; smart city; LoRaWAN; sanitation; healthcare

1. Introduction

As the population ages, cities are faced with various problems, with waste disposal
becoming one of the biggest issues. The World Bank estimated that in 2016, urban popu-
lation growth and economic expansion produced 2.01 billion metric tons of garbage. By
2050, the figure is expected to rise to 3.40 billion metric tons, as Figure 1 shows [1]. In
2016, EUROSTAT reported that 24% of the 179 million metric tons of waste produced
domestically in the EU was disposed of in landfills, while 423 million tons, representing
56% of the total, was recycled [2].
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Figure 1. Predicted waste generation by region (millions of tons annually). 

The processing of waste, also known as waste collection, as shown in Figure 2, in-
volves several steps, including collection, transportation, monitoring, and regulation of 
waste disposal. Urban and rural regions have different waste processing methods. Reuse 
and recycling are often the most efficient ways to dispose of the waste generated [3]. How-
ever, effective waste processing methods must be implemented with considerable effort, 
which requires the involvement of the public and the authorities [4]. 

In conjunction with the negative effect on the environment, improper waste disposal 
poses a major threat to the health of urban and rural dwellers. Inadequate waste pro-
cessing techniques can release hazardous chemicals, toxins, and pathogens back into the 
environment, contaminating the soil, water supply, and air [5,6]. For communities that 
settle near the landfill, this contamination can cause a variety of health problems, and con-
tact with contaminated water sources can lead to waterborne diseases [7]. Contaminated 
agricultural produce can become contaminated, leading to food-borne infections and nu-
tritional deficiencies among locals [8]. In addition, rodents, flies, and mosquitoes are at-
tracted to open garbage dumps and landfills, amplifying the threat of transmission of dis-
eases like dengue fever, malaria, and the Zika virus [9]. To counter these health risks, the 
government will take coordinated action to improve waste processing infrastructure, op-
timize waste collection and disposal techniques, and support recycling and reuse pro-
grams [7,10]. 

Figure 1. Predicted waste generation by region (millions of tons annually).

The processing of waste, also known as waste collection, as shown in Figure 2, involves
several steps, including collection, transportation, monitoring, and regulation of waste
disposal. Urban and rural regions have different waste processing methods. Reuse and
recycling are often the most efficient ways to dispose of the waste generated [3]. However,
effective waste processing methods must be implemented with considerable effort, which
requires the involvement of the public and the authorities [4].
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In conjunction with the negative effect on the environment, improper waste disposal
poses a major threat to the health of urban and rural dwellers. Inadequate waste processing
techniques can release hazardous chemicals, toxins, and pathogens back into the environ-
ment, contaminating the soil, water supply, and air [5,6]. For communities that settle near
the landfill, this contamination can cause a variety of health problems, and contact with
contaminated water sources can lead to waterborne diseases [7]. Contaminated agricul-
tural produce can become contaminated, leading to food-borne infections and nutritional
deficiencies among locals [8]. In addition, rodents, flies, and mosquitoes are attracted to
open garbage dumps and landfills, amplifying the threat of transmission of diseases like
dengue fever, malaria, and the Zika virus [9]. To counter these health risks, the government
will take coordinated action to improve waste processing infrastructure, optimize waste
collection and disposal techniques, and support recycling and reuse programs [7,10].

The Internet of Things (IoT) is transforming technology by integrating intelligence into
current systems, significantly affecting a range of industries, including engineering [11–13].
The Internet of Things (IoT) encompasses a network of devices connected via the Internet,
allowing them to communicate and share data with each other [14]. With approximately
127 internet-connected devices per second and a projected market volume of USD 650.5 billion
by 2026 [4,15,16], the IoT plays a crucial role in modern society. By integrating real-
world entities into a unified infrastructure, the IoT enables control and access to physical
objects [13]. This integration offers significant opportunities for waste recycling systems to
improve resource efficiency, ease of use and processing convenience while reducing waste
volumes through recycling initiatives. Over the last decade, the Internet of Things has seen
a revolutionary integration into waste processing [14].

Technology has been significantly shaped by machine learning (ML), a subfield of
Artificial Intelligence (AI) that emphasizes creating algorithms and models capable of
learning from data autonomously, whether labeled or unlabeled, rather than relying on
explicit programming [17]. With certain models and algorithms able to predict scientific
breakthroughs, this development has reached a peak. According to a recent report by
Tractica [15], the market for AI and machine learning technologies was valued at USD
1.4 billion in 2016 and is expected to reach GBP USD 75.35 billion by 2025. The improved
accuracy of deep neural networks in several machine learning and pattern recognition
milestones shows how beneficial machine learning applications can be [18].

Thanks to deep learning, which is a domain of machine learning involving advanced
neural networks designed to handle complex data representations and abstractions, com-
puters now possess the capability to analyze information on multiple hierarchical levels [19].
These tools are driving breakthroughs in areas such as genetics, speech analysis, visual
recognition, and drug discovery [4]. The Convolutional Neural Network (CNN) is a type
of deep learning approach that is very useful for tasks such as identifying objects and
processing images. By accurately detecting waste and conserving resources, integrating
CNNs into a waste processing system can increase the efficiency of waste categorization
and reduce global waste production [20,21]. This article presents an intelligent waste
processing framework that can distinguish among distinct classes of waste and categorize
them into the correct bin after identification and classification. To support reliable object
recognition, SSD MobileNetV2 is utilized, an advanced detection framework with an opti-
mized neural network structure for rapid processing on mobile and embedded platforms.
This system is integrated with an LoRaWAN, a low-power, wide-area network solution for
extended-range communication, and IoT sensors, which together enable the transmission
of garbage bin status over significant distances [4,22,23].

This study addresses a critical research gap in waste processing through two primary
advancements. Firstly, the scope of research is extended by incorporating a larger number
of classification categories than those used in prior studies. Secondly, the study introduces
a refined balanced model that enhances the performance of existing models. This broader
classification enables a more comprehensive analysis and understanding of the waste
processing problem. While many previous studies have not fully addressed issues of class
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imbalance, this approach ensures fair representation and consistent performance across
all categories. These improvements lead to more accurate and reliable outcomes, thereby
advancing the field of waste processing and contributing to the development of more
effective and practical solutions.

The proposed framework has profound social implications, addressing key challenges
in waste processing and environmental sustainability. By integrating advanced technologies
such as SSD MobileNetV2, TensorFlow Lite, and LoRaWAN, this framework provides a
highly accurate and efficient solution for waste classification and management.

This framework enables the real-time monitoring and processing of waste, which
is essential to improving waste segregation practices. The automated identification and
classification of waste reduce dependency on manual sorting, which is often labor-intensive,
error-prone, and hazardous. By ensuring accurate segregation at the source, the framework
promotes higher recycling rates, thereby lessening the burden on landfills and minimizing
environmental pollution.

Furthermore, the framework’s use of cost-effective and accessible components such as
the Raspberry Pi and ultrasonic sensors makes it a scalable solution suitable for widespread
implementation, particularly in urban areas and developing regions where waste processing
infrastructure may be lacking. The integration of an LoRaWAN for remote monitoring
facilitates efficient communication over long distances, which is vital to processing waste
in large or remote areas, thereby enhancing overall waste collection efficiency [16].

This article consists of five sections. Section 2 evaluates various technologies, such
as data analytics, sensor networks, and the Internet of Things (IoT), in the context of
smart waste recycling. Sensor networks monitor fill levels and conditions, while data
analytics optimizes routes and predicts maintenance tasks. The Internet of Things (IoT)
connects systems for seamless coordination and increases the efficiency of waste processing.
In addition, the analysis identifies gaps in the existing literature that our study aims to
address and reviews of previous research findings. Section 3 explains the approach for the
design, development, and execution of the proposed smart waste processing framework,
as well as the steps for setting up the experiment and data collection. Section 4 presents
the results of the study along with a detailed analysis of the data collected. This includes
quantitative and qualitative assessments of the effectiveness, efficiency, and performance
of the model in handling waste. Section 5 provides further conclusions on the future
possibilities of the article and concluding thoughts.

2. Literature Review

The literature review presented in Table 1 is intended to provide a general overview of
intelligent waste processing frameworks and to shed light on their background, underlying
technologies, deployment strategies, and results. The aim of the study is to clarify the intricate
features of smart waste processing frameworks and explore how they can revolutionize
waste processing techniques and promote sustainable urban development through a critical
examination of empirical research, theoretical frameworks, and real-life case studies.

Table 1. Literature review.

Author(s) References Methodology Software Used Benefits Limitations

Aasim
et al.
2018

[24]

Implementation of GSM
electronic monitoring system
with ultrasonic sensors to
detect trash level and notify
authorities via SMS.

Ultrasonic sensors and
GSM SIM900

Efficient garbage collection;
timely alerts authorities.

Limited ability to
accurately determine
remaining room in the
trash can.

Misra
et al.
2018

[25]

Utilizing ultrasonic sensors for
garbage detection, sending
data to a server for analysis
and decision making, and
forecasting future conditions.

Ultrasonic sensors and
cloud server Arduino
Integrated Development
Environment (IDE)
version 1.8.5:

Cloud-monitored waste
processing, enhanced
decision making, and
predictive analytics. System
can forecast future
conditions and make
inferences beyond daily
trash amount.

Inability to classify
different types of garbage.
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Table 1. Cont.

Author(s) References Methodology Software Used Benefits Limitations

M. Cechecci
et al.
2018

[26]

Low-power sensor node
architecture utilizing
microprocessor, ultrasonic
sensor, and LoRa for data
transmission, with emphasis
on energy-saving technologies.

Single-chip
microprocessor: Arduino
Integrated Development
Environment (IDE)
version 1.6.12., ultrasonic
sensor, and LoRa module

Power-saving waste
processing; LoRa technology
for long-distance
communication. Focuses on
energy-saving technologies
and regulations.

Inability to automatically
classify garbage; potential
mixed biodegradable/
non-biodegradable trash.

Bobulski
et al.
2019

[20]

CNN-based waste
classification system for plastic
trash segregation with
improved recycling efficiency.

Convolutional Neural
Network (CNN):
TensorFlow version 1.14.

Automated material sorting,
cost reduction, and increased
recycling efficiency.

Difficulty in extracting
characteristics from
images with less depth
with networks.

Nowakowski
et al.
2020

[17]

Image recognition system for
identifying and categorizing
electronic waste from images
utilizing CNN and
Faster R-CNN.

Faster R-CNN and
Convolutional Neural
Network
(CNN): TensorFlow
version 2.1.

Enhanced waste
classification; improved
waste pickup planning.
Offers both mobile app and
server options for image
recognition system.

Slower detection
performance with large
datasets;
time-consuming training.

G White
et al.
2020

[27]

Deep neural network model for
waste categorization, deployed
at the edge for smart bins,
which utilizes transfer learning
for improved accuracy.

Jetson Nano edge device:
TensorFlow version 2.2.

High accuracy in waste
categorization; deployment
at the edge for efficiency.

Transfer learning speeds
up training but requires
initial models
from ImageNet.

Adedeji
et al.
2019

[19]

ResNet-50 extractor combined
with SVM for trash
classification into glass, metal,
paper, and plastic categories,
achieving 87% accuracy.

ResNet-50 and Support
Vector Machines (SVMs):
TensorFlow version 1.12.

Enhanced waste
classification; high accuracy.

Limited to specific waste
categories; potential
difficulty
in generalization.

Wei-Lung
et al.
2021

[28]

CNN-based trash
categorization with data
augmentation for dataset
diversity; optimization of
DenseNet 121 using Genetic
Algorithm for
accuracy improvement.

Convolutional Neural
Network (CNN) and
Genetic Algorithm (GA):
TensorFlow version 2.3.

Increased accuracy in
recycling waste
categorization; optimization
of neural networks.

Time-consuming training;
potential overfitting with
data augmentation.

Kellow Pardini
et al.
2020

[21]

The study proposes an
IoT-based waste processing
framework involving real
prototype deployment and a
case study. The system
includes smart bins equipped
with various sensors (HC-SR04,
load cell, DHT11, and GPS)
and uses Arduino for control.
Data are transferred via a
SIM900 GSM/GPRS module
and integrated with
In.IoT middleware.

Arduino IDE, In.IoT
middleware, My Waste
App (built with Ionic), and
Web browser interface:
Arduino Integrated
Development
Environment (IDE)
version 1.8.12.

Optimized waste processing,
cost savings, environmental
benefits, enhanced user
interaction, accurate waste
detection, efficient route
planning, and statistical
data generation.

Scalability, cost issues, and
lack of battery energy
level visualization.

According to the evaluated articles, the suggested waste processing solutions are not
adequate to address the main issues that cities confront.

Challenges:

1. Single-task focus: A lot of recommended frameworks are made to perform just
one thing, like keep track of trash levels, and do not have any features that alert
administrators with respect to important events or problems.

2. Limited communication range: Frameworks that depend on protocols such as Wi-Fi
could face constraints when it comes to short-range data transmission, which could
limit their usefulness in bigger areas or outdoor settings.

3. Sparse datasets: Most of the proposed techniques struggle with sparse datasets that
have few classes for trash classification. The absence of data makes it challenging to
provide useful information and identify trash accurately.

4. Recycling inadequacy: In certain frameworks, the urgent problem of recycling is
not sufficiently handled because of insufficient trash classification and categorization.
This shortfall puts the environmental problems related to waste processing at risk of
getting worse.

Ultrasonic sensors are utilized to monitor trash levels, triggering alerts for adminis-
trators when these levels exceed a predefined threshold, enabling prompt intervention.
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LoRaWAN technology is employed for efficient data transmission, ensuring reliable com-
munication between the waste processing framework and the cloud server. Furthermore,
this research study introduces an expanded classification of waste categories, offering a
more detailed understanding and processing of waste, which enhances recycling efficiency
and overall waste processing practices.

In conclusion, several frameworks offer novel methods for trash monitoring. However,
in order to achieve complete and effective waste processing solutions, issues like single-task
focus, communication-range limitations, dataset quality, and inadequacies in recycling
strategies must be addressed.

3. Proposed Methodology

The approach used in creating and deploying the smart waste processing framework,
which integrates IoT and ML techniques, comprises various essential stages, each enhancing
the framework’s functionality and efficiency.

3.1. Framework Model Design

The layout and dimensions of the bin, as illustrated in Figure 3, reveal a total of nine
compartments, with the uppermost compartment specifically allocated for the accommoda-
tion of electrical components. The bin’s overall dimensions stand at 180 cm in height, with
breadth and width each measuring 70 cm. Each compartment occupies a vertical space
of 20 cm. At the summit of the bin, the 70 cm breadth is strategically divided into two
distinct sections, where 30 cm is assigned to the provisional placement of waste, while the
remaining 40 cm is dedicated to the compartment housing the electronic components.
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Most of the electrical components are located in the uppermost part, which is often
referred to as the chamber for the electrical components. These electrical components are
protected with RFID tags so that the sensitive components are only accessible to authorized
staff who have an RFID reader, reducing the possibility of tampering or illegal access. In
the event of theft or loss, the unique identifiers on the RFID tags can help to recover the
stolen components. Various types of waste are stored in the other compartments. When
waste is tipped into a temporary bin, a Raspberry Pi recognizes this and transports the
waste to the appropriate compartment by using servomotors.

As shown in Figure 4, the images of garbage are taken by a Pi camera integrated into a
Raspberry Pi 4. This Pi camera is located under the roof of the garbage can in which the
waste is disposed of, so that other components are not exposed to environmental influences
such as weather conditions and light fluctuations. The images are then classified by using
a machine learning algorithm in the garbage can itself. After classification, the waste is
directed to the appropriate compartment. The classified data and the fill levels of the bins
are sent to servers, and the recyclable waste is then sent to the industry for recycling.
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Figure 4. Smart waste processing framework.

This article mentions the use of a Raspberry Pi 4 and various sensors and actuators.
It should address the power consumption requirements as this is a crucial aspect for a
self-sufficient remote waste processing framework. The total power consumption of all
components calculated by using Equation (1) is 25.575 watts per day, considering the power
consumption of each component listed in Table 2 over a 24 h period.

Total Power Consumption
= Power Consumption (Raspberry Pi 4 + Pi Camera
+Servo Motors + Ultrasonic Sensor)

(1)
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Table 2. Power consumed by components [10,29–31].

Component Quantity Power Consumed (in Watts)

Raspberry Pi 4 1 15 W

Servo motor (SG90) 9 9 W

Pi camera 1 1.25 W–1.5 W

Ultrasonic sensor 1 0.075 W

The framework is designed for long-term use with minimal maintenance. Compo-
nents such as the Raspberry Pi and the servo motors have a life expectancy of several
years with regular operation [30]. A maintenance schedule with quarterly inspections and
troubleshooting procedures ensures minimal downtime. The containers are designed to
withstand various environmental conditions, reducing the risk of damage from weather or
vandalism. The main focus of implementing an intelligent waste processing framework
is to monitor the condition of the garbage cans and to classify waste. The development
of the CNN-based framework for object recognition includes four main steps: deploying
TensorFlow Lite on TensorFlow, creating the architecture and model for object recognition,
acquiring the dataset, and incorporating the trained model into a physical device appli-
cation [20]. Figure 5 represents the process of sorting and classifying waste. The setup
includes a Raspberry Pi, an ultrasonic sensor, a camera module, and servo motors. The
CNN-based model for object recognition and the corresponding hardware components are
added to this configuration.
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3.2. Object Detection Model

For use on low-power devices, TensorFlow Lite is preferred over TensorFlow. The
main reason for this is that almost all models trained with TensorFlow require a powerful
Graphics Processing Unit to accomplish object detection [4]. But a strong GPU is not
required for the design of a smart garbage can [29]. The Raspberry Pi and other energy-
efficient mobile devices can use object detection models with the help of TensorFlow
Lite [28]. The COCO-trained Quantized SSD MobileNetV2 300 × 300 model compatible
with TensorFlow was chosen for object detection. As can be seen in Figure 6, SSD, also
known as Single-Shot Multibox Detector, was developed with a focus on real-time object
detection, resulting in significantly faster performance and lower CPU utilization. A grid
is used by SSD to partition the image, with each grid cell being in charge of identifying
objects in that region. To detect an item in a given area is to simply anticipate its class
and position [32]. In that case, the location is disregarded, and the item is regarded
as a background class. The training process of SSD Mobile Net involves a number of
processes, including data preparation, architecture setup, and optimization [32]. Accuracy
is maintained, but efficiency is improved by simplifying the layers.
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Single-Shot Multibox Detector is a powerful and efficient model for object detection,
striking a balance between speed and accuracy.

3.3. Single-Shot Multibox Detector

Single-Shot Multibox Detector (SSD) Algorithm 1 is a groundbreaking approach to
object detection that offers real-time performance and high accuracy [32]. This algorithm
revolutionizes the field with its ability to efficiently detect objects of different scales and
aspect ratios in a single pass.

Above, ‘input_shape’ and ‘num_classes’ are the parameters that define the input
shape and the number of classes for the Single-Shot Multibox Detector (SSD) function.
‘base_model’ instantiates MobileNetV2 with the specified parameters, and ‘fea-ture_layers’
selects the output layers from the base_model that are used for further processing in the
SSD. ‘conv_layers’ stores the convolutional layers generated from each feature layer in
feature_layers in the form of a list. ‘prediction_layers’ stores the prediction layers after
applying convolutions and activations. ‘final_prediction’ represents the concatenated
prediction layers formed from the convolution operations over the feature layers.
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The difference between the actual labels or values associated with the input data and
the expected outputs is quantified by the loss function. A measure of how effectively
a model predicts the positions of objects within an image is called localization loss, or
Lloc. The difference between the predicted (xi) and true (xi) coordinates of each object’s
bounding box is calculated by using the smooth L1 loss function. Equation (2) represents
the localization loss [32].

Algorithm 1: SSD

1. (input_shape, num_classes) // Define the SSD function with parameters

2.
base_model = MoblieNetV2() //instantiate MobileNetV2 with provided input_shape, excluding
top layers

3.
For loop each layer in base_model.layer set layer.trainable = false //Set all layers in base_model
to non-trainable

4. feature_layers = [selected output layers from base_model]
5. conv_layers = []
6. For loop over each layer in the feature.layer

set conv_layer = apply_convolution(layer) // Apply convolution operation to each
feature layer
conv_layers.append(conv_layer)

7. set prediction_layers = [] //Initialize prediction_layers as an empty list
8. For Loop over each conv_layer in conv_layers:

a. Resize conv_layer to (30, 30) using a lambda function and store it in x
b. Apply a 1 × 1 convolutional layer with relu activation to x
c. Apply a 3 × 3 convolutional layer with softmax activation to x
d. Append x to prediction_layers
e. Concatenate all prediction_layers

9. return final_prediction // Return the concatenated prediction_layers

Lloc = 1/N Σi smoothL1(xi− xi) (2)

The model’s trust in its object predictions is measured by the confidence loss, or Lconf.
It determines the negative log likelihood between the ground truth labels (yi) and the
projected confidence ratings (yi). Equation (3) represents the confidence loss [32].

Lcon f = − 1/N Σi (yi log (yi) + (1− yi) log (1− yi)) (3)

The combination of the localization loss and the confidence loss called Multibox loss,
weighted by coefficients α and β, respectively, results in the total loss, represented by Ltotal.
Equation (4) represents the total loss [32].

Ltotal = αLloc + βLcon f (4)

The model’s goal throughout training is to minimize this overall loss. The model
weights (Wnew) are updated in the optimization stage according to the gradient of the total
loss (∇Ltotal). The learning rate (η) is used in this update to regulate the weight update
size. This optimization reduces the overall loss. In order to minimize this loss over the
training dataset, optimization adjusts the model parameters based on the total loss, which
directs the training process. Equation (5) represents the optimization [32].

Wnew = Wiold− η∇Ltotal (5)

In an effort to increase the accuracy of the model, SSD adds standard boxes and
multi-scale features and eliminates the proposed face frame to expand the frame rate of
object detection. It takes much less time to recognize an object when using low-resolution
photos, such as 300 × 300 pixels. Compared with other recognition methods, SSD provides
the fastest frame rate and the most accurate mean average precision (mAP), as shown in



Sustainability 2024, 16, 7626 11 of 21

Table 3. The MobileNetV2 CNN architecture has been optimized alongside the recognition
model to deliver exceptional classification accuracy on energy-efficient mobile devices.

Table 3. Comparison of various detection models [29].

Method mAP Batch Size FPS #Boxes Input Resolution

Fast YOLO 52.7 1 155 98 448 × 448

Faster R-CNN
(VGG–16) 73.2 1 7 ~6000 ~1000 × 600

YOLO 66.4 1 21 98 448 × 448

SSD512 76.8 1 19 24,564 512 × 512

SSD300 74.3 1 46 8732 300 × 300

The complicated structure and model size of the framework are considerably reduced
by the MobileNet architecture. Table 4 shows the size of the architectural model of each
framework along with its computational capacity, with MobileNetV2 having a smaller
configuration and lower computational power. The MobileNet architecture significantly
reduces the size and complexity of the framework’s model. In the proposed framework,
the chosen model undergoes quantization. Conventional neural networks rely on high-
precision numerical values, leading to tens or hundreds of millions of weights. Robust
computational power and large memory are required to compute the particularly heavy
weights, which requires either a powerful CPU, GPU, or TPU.

Table 4. Analyzing multiple architectural frameworks [29].

Network Top 1 Params Multiply-Add CPU

MobilenetV2 (1.4) 74.7 6.9 M 585 M 143 ms

ShuffleNet (1.5) 71.5 3.4 M 292 M -

NasNet–A 74 5.3 M 564 M 183 ms

MobilenetV1 70.6 4.2 M 575 M 113 ms

MobilenetV2 72 3.4 M 300 M 75 ms

ShuffleNet (x2) 73.7 5.4 M 524 M -

Quantization reduces the bit depth of image pixels by replacing high-precision numeric
values, such as floating-point numbers and integers, with lower-precision equivalents,
maintaining accuracy in the process. The presented model performs better in recognition
and is smaller when its 32-bit parameters are quantized to 8 bits.

In this article, we utilize a dataset sourced from Kaggle, a renowned platform known
for its extensive and diverse collection of high-quality datasets, making it a valuable
resource for data science and machine learning projects. The dataset consists of a total
of 15,515 validated images categorized into 12 different classes: cardboard, brown glass,
biological waste, batteries, general waste, white glass, shoes, plastic, paper, metal, green
glass, and clothing. It includes fundamental elements such as edges, lines, and corners,
which are crucial to recognizing basic shapes and textures. Additionally, the dataset
features intermediate characteristics like patterns and textures associated with different
object components. It also provides more intricate attributes, including object parts and their
arrangements, which allow the model to identify and differentiate among various objects.

This dataset is divided into two parts: a training set with 12,412 images and a validation
set with 3103 images. The images in the dataset come from different sources to ensure a
high degree of diversity in terms of content, angle, resolution, background, and lighting
conditions. Each category includes several sub-categories. For example, the ‘plastic’



Sustainability 2024, 16, 7626 12 of 21

category contains images of plastic bottles, containers, and bags, while the ‘metal’ category
includes cans, tins, and other metal objects.

The dataset’s extensive diversity significantly enhances the model’s accuracy in catego-
rizing trash. Initial results show that the model exhibits high accuracy and generalizability,
surpassing models trained on less diverse datasets. All images in the garbage dataset
must have a resolution of 300 × 300 pixels to meet the requirements of the Quantized
SSD MobileNetV2 model. However, the resulting photos have different resolutions and
formats. To solve this problem, this article uses an open-source application that downscales
each image to 300 × 300 pixels and then converts it to JPEG format. In this process, image
scaling is performed in a batch process.

The garbage detection model uses supervised learning to classify the category of
garbage. The process, known as labeling in machine learning, assigns informative labels
to the image so that it can be understood and learned from. The photos are classified into
twelve categories by using an open-source program called LabelImg. These categories,
shown in Figure 7, are as follows: cardboard, brown glass, organic waste, batteries, garbage,
white glass, shoes, plastic, paper, metal, green glass, and clothing. Data augmentation
is a technique that makes numerous adjustments to an image by using existing training
data to obtain new training data. Since the CNN is not able to reliably check similarities
between images under different conditions, such as rotation, translation, and mirroring,
data augmentation techniques help to improve the accuracy of the CNN model.
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Keras is a neural network library that offers an application programming interface
(API) for seamlessly integrating data extensions into the model training process. The five
primary methods of data augmentation that we will use are image inversion, translation,
rotation, and brightness and zoom adjustments. To improve the mean average precision
(mAP) result and accelerate loss convergence, a sufficient GPU is required for training
the object recognition model. A higher processing power of the Graphics Processing Unit
helps to speed up the training, while a larger GPU memory can store more images for
training at once. Since Google Colab’s GPUs are better than laptop GPUs in terms of
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performance, memory capacity, and bandwidth, Google Colab is used for training the CNN
object recognition model instead of a laptop.

An optimizer can be used to adjust the hyperparameters to improve the performance
of the garbage detection model.

The hyperparameters are adjusted during the training process by using the Adam
optimizer. To improve the convergence of losses during training, an additional strategy to
reduce the learning rate based on the cosine function was implemented. In this approach,
the learning rate is gradually reduced as training progresses. Given the limitations of GPU
memory, an optimal stack size of 16 is used. The model trained with TensorFlow can be
exported as an inference graph, enabling its use via a Python script for object detection.
However, due to incompatibilities in the model structure, the TensorFlow Lite interpreter is
not able to create the inference graph directly. The TensorFlow Lite Optimizing Converter
(TOCO) must be used to convert it. To use TOCO, it is necessary to create TensorFlow on
the computer from the source code.

3.4. Waste Classification and Categorization Framework

The classification and categorization of waste cannot be achieved despite the hardware
integration with the CNN training model for object recognition. The framework integrates
a variety of hardware and software elements to form a cohesive solution. The hardware
components consist of a Raspberry Pi 4, which functions as the main processing unit; a Pi
camera for capturing images; ultrasonic sensors to measure waste levels; servo motors to
control movement; and RFID tags for identification purposes.

On the software side, the SSD MobileNet V2 model is utilized for detecting objects,
allowing for a precise assessment of waste levels. TensorFlow Lite is employed to enhance
the model’s performance on the Raspberry Pi 4. The LoRaWAN facilitates long-range
communication, enabling effective data transmission and remote monitoring. This combi-
nation of hardware and software provides a comprehensive framework for efficient waste
management and data analysis.

Table 5 is a list of the electronic parts that will be integrated into this framework, and
Figure 8 shows the schematic of the electrical component connection. The primary processor
for garbage sorting and categorization is the Raspberry Pi 4 [29]. To detect and manage
the movement of garbage, Raspberry Pi 4 receives the trained CNN garbage detection
model and integrates it with Python-based algorithms. The Pi camera’s 8-megapixel camera
module is used in conjunction with a trained model to detect trash that has appeared within
its field of view [34]. The camera port of the Raspberry Pi 4 Camera Serial Interface is
connected to Pi Camera V2 via a 15-pin connection, which requires 3.3 V to operate [29].
An ultrasonic sensor is utilized to monitor the fill level of the garbage can.

Table 5. Enumeration of electrical parts used in object detection [29].

Used Components Total

Raspberry Pi 4 1

11.1 V Li-Po battery 1

SG-90 servo motor 9

Pi Camera V2 1

HC-SR04 ultrasonic sensor 1

Servo driver HAT 1

Table 6 illustrates how the different types of waste are categorized for the respective
departments. In addition, non-detectable waste is disposed of in the last compartment of
the bin. The servomotors in the sorting segment of the frame aid in transferring waste to
the designated compartments.
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Table 6. Classification of trash types and their corresponding compartments.

Trash Compartment Type of Trash

1 Glass (green, brown, and white)

2 Plastic

3 Biological trash

4 Metal

5 Clothes

6 Shoes

7 Paper and cardboard

8 Non-detectable trash

A servo driver HAT, along with servo motors, is employed to facilitate the movement
of waste into the designated compartments. The gear horn of the SG-90 servo motor is
affixed to a plastic board, functioning as a door that permits waste to be directed into the
appropriate compartment [35]. The SG-90 servo motor, with a torque capacity of 2.5 kg/cm,
is sufficiently robust to endure the typical waste deposited onto the plastic board and is
capable of rotating both clockwise and anticlockwise within a range of 0◦ to 180◦, enabling
precise waste direction control [4]. Nine servo motors are utilized to maneuver the plastic
board, while an additional servo motor serves as the locking mechanism for the uppermost
compartment of the bin. Given that each servo motor necessitates a 1 W power supply, the
Raspberry Pi 4 is inherently limited by its insufficient 5 V pins and pulse–width modulation
(PWM) pin. To mitigate this constraint, an expansion board, specifically a servo driver HAT,
is employed. The Raspberry Pi 4 interfaces with the servo driver HAT via I2C, utilizing Pin
3 (SDA) and Pin 4 (SCL), and is thus able to control nine servo motors through the available
16 PWM output channels. Furthermore, the HAT is powered by an 11.1 V Li-Po battery via
the VIN terminal, which concurrently supplies power to the Raspberry Pi 4 through the
HAT [4].
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To move the garbage can in the right direction, it can rotate both clockwise and
counterclockwise, from 0 to 180 degrees [29]. Nine servo motors control the movements
of the plastic plate, while an additional servo motor secures the top door of the bin.
The Raspberry Pi 4 does not have enough pulse–width modulation (PWM) or 5 V pins.
Therefore, a servo driver HAT expansion board provides a workaround for the Raspberry
Pi 4′s drawback. The Raspberry Pi 4 can drive nine servo motors with its sixteen PWM
output channels by connecting to the servo driver HAT via Pin 3 (Serial Data Alternate) and
pin 4 (Serial Clock Line) on the I2C bus. In addition, an 11.1 V lithium-polonium battery is
used to power the HAT via the VIN port, which can also power a Raspberry Pi 4 via the
HAT [29].

3.5. Bin Status Monitoring and Locker System

In addition to sorting and classifying waste, the intelligent waste processing frame-
work can also monitor and track the status of the garbage cans remotely. Furthermore,
an RFID-based locking system secures the electronic components housed in the topmost
compartment of the garbage can. The process of monitoring the bin status consists of
two parts: The computer is connected by the server, and the bin acts as a client. The
bin’s technology uses sensors to track its position and status, sends these data via a Lo-
RaWAN connection, and uses an RFID-based lock to protect the compartment containing
the electronic components [36].

The server attached to the computer obtains data from the garbage can, enabling ad-
ministrators to monitor its status. The LoRaWAN is a widely adopted low-power wireless
sensor network technology used in Internet of Things implementations [37]. Compared
with technologies such as Zigbee or Bluetooth, it enables communication over long dis-
tances, albeit at lower data rates [38]. Figure 9 below shows the flowchart that defines how
the data collected by the Raspberry Pi 4 is transmitted to servers by using the LoRaWAN.
The ultrasonic sensor is installed on top of the container and pointed downwards at the
material inside. It can measure distances from 2 cm to 400 cm with an accuracy of 0.3 cm
and is, therefore, suitable for determining the fill level in each waste compartment. The
sensor emits ultrasonic waves at regular intervals, i.e., sound waves with a frequency above
the human hearing range, typically around 40 kHz.

Sustainability 2024, 16, x FOR PEER REVIEW 16 of 23 
 

To move the garbage can in the right direction, it can rotate both clockwise and coun-
terclockwise, from 0 to 180 degrees [29]. Nine servo motors control the movements of the 
plastic plate, while an additional servo motor secures the top door of the bin. The Rasp-
berry Pi 4 does not have enough pulse–width modulation (PWM) or 5 V pins. Therefore, 
a servo driver HAT expansion board provides a workaround for the Raspberry Pi 4’s 
drawback. The Raspberry Pi 4 can drive nine servo motors with its sixteen PWM output 
channels by connecting to the servo driver HAT via Pin 3 (Serial Data Alternate) and pin 
4 (Serial Clock Line) on the I2C bus. In addition, an 11.1 V lithium-polonium battery is 
used to power the HAT via the VIN port, which can also power a Raspberry Pi 4 via the 
HAT [29]. 

3.5. Bin Status Monitoring and Locker System 
In addition to sorting and classifying waste, the intelligent waste processing frame-

work can also monitor and track the status of the garbage cans remotely. Furthermore, an 
RFID-based locking system secures the electronic components housed in the topmost 
compartment of the garbage can. The process of monitoring the bin status consists of two 
parts: The computer is connected by the server, and the bin acts as a client. The bin’s tech-
nology uses sensors to track its position and status, sends these data via a LoRaWAN con-
nection, and uses an RFID-based lock to protect the compartment containing the electronic 
components [36]. 

The server attached to the computer obtains data from the garbage can, enabling ad-
ministrators to monitor its status. The LoRaWAN is a widely adopted low-power wireless 
sensor network technology used in Internet of Things implementations [37]. Compared 
with technologies such as Zigbee or Bluetooth, it enables communication over long dis-
tances, albeit at lower data rates [38]. Figure 9 below shows the flowchart that defines how 
the data collected by the Raspberry Pi 4 is transmitted to servers by using the LoRaWAN. 
The ultrasonic sensor is installed on top of the container and pointed downwards at the 
material inside. It can measure distances from 2 cm to 400 cm with an accuracy of 0.3 cm 
and is, therefore, suitable for determining the fill level in each waste compartment. The 
sensor emits ultrasonic waves at regular intervals, i.e., sound waves with a frequency 
above the human hearing range, typically around 40 kHz. 

 
Figure 9. Process of sending data to server. 

Data Collection 

Data Formatting 

LoRa Modulation 

Transmission 

Gateway Reception 

Signal Processing 

Figure 9. Process of sending data to server.



Sustainability 2024, 16, 7626 16 of 21

The emitted waves travel down to the material’s surface inside the bin and are reflected
back to the sensor. The sensor picks up the reflected waves and calculates the time elapsed
between emission and reception of the echo. The microcontroller determines the distance
to the material’s surface by using the formula mentioned in Equation (6) [29].

Distance =
Speed o f Sound× Time

2
(6)

To find the level of material in the bin, the measured distance is taken away from the
total height by using the formula mentioned in Equation (7).

Bin Level = Bin Height− Distance Measured (7)

Then, the LoRaWAN transmits the bin status to the Central Waste Handling depart-
ment for collecting the trash, which will optimize the collection process [39]. Only the bins
which are filled above 75% will send the information to the department to collect the trash
from them.

The RFID-based locking system in the smart bin protects its electrical components. The
solenoid lock on the electronic component compartment door is released by using an RC522
RFID reader and a registered RFID tag. The RC522 RFID reader creates an electromagnetic
field at 13.56 MHz in order to interact with the RFID tags up to a distance of 5 cm.

3.6. Experimental Setup

The experimental procedure for waste classification was meticulously designed, en-
compassing the training, validation, and fine tuning of a MobileNetV2 model. The model
was initially trained by using a batch size of 32, with the Adam optimizer set to a learning
rate of 0.0001. Training extended over 10 epochs, with early stopping employed to track
validation loss and mitigate overfitting risks. The dataset was divided into training and
testing subsets, with 80% designated for training and 20% for testing. A validation set,
drawn from the training data, was utilized during the training phase to fine-tune the
model’s hyperparameters.

Subsequently to initial training, the base layers of the MobileNetV2 model, which had
been frozen to exploit pre-trained weights, were unfrozen to facilitate further fine tuning.
This process involved retraining the model with a significantly reduced learning rate of
1 × 10−5 to maintain stability in the model updates. Additionally, to further guard against
overfitting, a dropout layer with a 0.5 rate was introduced before the final dense layer. This
comprehensive fine tuning, coupled with hyperparameter optimization, ensured the model
demonstrated strong performance on the validation set, making it highly effective for the
practical application of waste classification.

4. Results and Analysis

The report shows the performance metrics and key lessons learned from implementing
the intelligent waste processing framework in different urban environments by using
comprehensive data collection and analysis.

4.1. Metrics

A comprehensive set of classification metrics is utilized to thoroughly assess the
performance of the classification models. These metrics are derived from the counts of True
Positives (TP), False Positives (FP), True Negatives (TN), and False Negatives (FN), and
each metric provides a different perspective on the model’s effectiveness. The primary
metrics include accuracy, precision, recall, and F1-score, which are defined and formulated
as follows.

Accuracy measures the frequency with which the model correctly predicts the true
class of the data. It is defined as the ratio of correctly classified instances (including
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both True Positives and True Negatives) to the total number of instances, as presented in
Equation (8) [27].

Accuracy =
TP + TN

TP + TN + FP + FN
(8)

Precision quantifies the proportion of true-positive predictions among all instances
classified as positive by the model, as described in Equation (9) [27].

Precision =
TP

TP + FP
(9)

Recall, also referred to as sensitivity or the true positive rate, measures the propor-
tion of actual positive instances that are correctly identified by the model, as outlined in
Equation (10) [27].

Recall =
TP

TP + FN
(10)

The F1-score, the harmonic mean of precision and recall, offers a single metric that
balances both concerns, as indicated in Equation (11) [27].

F1 Score = 2× Precision× Recall
Precision + Recall

(11)

Classification performance is assessed by using these metrics with the SSD Mo-
bileNetV2 model. Accuracy, precision, recall, and the F1-score collectively provide a
thorough evaluation of the model’s effectiveness. Accuracy measures the overall correct-
ness, precision focuses on the proportion of true-positive predictions, recall evaluates the
identification of all actual positive instances, and the F1-score balances precision and recall
by accounting for both false positives and false negatives.

4.2. Classification Accuracy

The line graph in Figure 10 illustrates training and validation accuracy, and Figure 11
shows the loss of the model over 10 epochs. Over the epochs, the training accuracy
improves, while the training loss decreases. The validation accuracy also shows an upward
trend. The model reaches an accuracy of 93.97%, surpassing the training accuracy of 88%.
This observation indicates that the model is effectively generalized and not too tailored
to the training dataset. The initial high training loss gradually reduces over the epochs,
suggesting that the model is successfully learning from the training data. The validation
loss also exhibits a downward trend, indicating that the model performs effectively.
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The classification report is shown in Figure 12 and shows the precision, recall, and
F1-score for each material class. A classification report is a performance assessment tool
used in supervised learning, especially in classification tasks [27]. It provides a summarized
representation of the model’s predictive capabilities by presenting several metrics for each
class of the dataset.
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After evaluating the results, the model classifies and categorizes the waste perfectly
with an accuracy of approx. 93.97%. The model works very efficiently with the test data.

The proposed framework effectively addresses the challenges posed by sparse datasets
by incorporating an advanced classification algorithm that accurately differentiates waste
into 12 distinct categories. This approach successfully mitigates the limitations associated
with sparse data. Additionally, the strategic adoption of an LoRaWAN (Long-Range
Wide-Area Network) significantly enhances communication capabilities, enabling rapid
and reliable data transmission over long distances. This improvement not only resolves
communication constraints but also enhances the overall efficiency of the system. The
integration of the LoRaWAN within the waste management process ensures that essential
data are seamlessly transmitted to administrative bodies, enabling industries to access
waste processing information in real time, thereby facilitating the prompt and effective
recycling of appropriate materials.
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5. Conclusions and Future Scope

The study demonstrates that the proposed model achieves an impressive accuracy of
approximately 94% on the validation dataset, showcasing its effectiveness in accurately cate-
gorizing waste materials. The model exhibits strong generalization capabilities, minimizing
overfitting to the training data, as evidenced by the faster improvement in validation accu-
racy compared with training accuracy and the consistent decrease in validation loss across
the epochs. The model’s performance surpasses that of other frameworks, offering higher
classification accuracy and addressing existing limitations in communication methods. This
significant advancement in urban waste classification represents a notable improvement
over previous methods, as detailed in this article.

Table 7 presents a comparative analysis of various waste management systems, evalu-
ating them based on the type of waste, sensors, communication protocols, microcontrollers,
machine learning architecture, and accuracy. The comparison reveals that existing systems
(1 to 5) are primarily limited to monitoring bin conditions, such as waste fill levels, gas
pollution, and GPS location. Many of the communication protocols utilized are unsuitable
for smart waste management systems due to their limited transmission range, and pro-
tocols like GSM are being phased out in numerous countries. Only one system includes
a mechanism for waste categorization; however, it is restricted to detecting plastic waste
alone. This analysis indicates that current waste processing frameworks fail to address the
significant challenges prevalent in urban areas.

Table 7. Benchmark waste processing frameworks: a comparative study.

No. Ref. Object
Detection Model

Type of
Waste Detectable Microcontroller Used Communication

Protocol Sensor Used Accuracy

1 [24] - Common waste Arduino Uno and
Node MCU GSM Ultrasonic Sensor and

DHT11 Sensor -

2 [25] - Common waste Arduino Pro Mini WiFi
Ultrasonic Sensor,
Stinky gas Sensor,
MQ-135, and MQ-136

-

3 [20] Modified AlexNet Plastic - - - 91%

4 [17] Faster R-CNN Refrigerators, washing
machines, and monitors - - - 90–96.7%

5 [27] WasteNet Paper, glass, metal,
and cardboard. - - - 92–94.5%

6 Proposed
system

Quantized SSD
MobileNetV2

Battery, biological
waste, glass (brown,
green, and white),
clothes, cardboard,
plastic, paper, shoes,
and trash

Raspberry Pi 4 and
Arduino Uno R3 LoRa Ultrasonic Sensor and

RFID Reader 93.97%

The proposed framework adeptly addresses the outlined challenges, with particular
attention to the intricacies of sparse datasets. An advanced classification algorithm has been
meticulously crafted to proficiently differentiate waste into 12 distinct categories, thereby
overcoming the inherent limitations associated with sparse data. In response to the chal-
lenge of limited communication range, an LoRaWAN (Long-Range Wide-Area Network)
has been strategically implemented, facilitating swift and reliable data transmission across
substantial distances. This approach not only overcomes communication constraints but
also significantly augments the system’s overall operational efficiency. In tackling the issue
of inadequate recycling processes, the integration of the LoRaWAN ensures the seamless
conveyance of essential data to administrative bodies. This information is subsequently
stored on a cloud server, providing industries with immediate access to waste management
data, thereby enabling the prompt and efficient recycling of suitable materials.

While the framework presents a robust solution, several limitations may exist. The
reliance on cloud storage for data management, while efficient, introduces potential vul-
nerabilities concerning data security and privacy. Additionally, the effectiveness of the
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LoRaWAN in transmitting data over long distances may be impacted by environmental
factors or interference, which could reduce communication reliability in certain contexts.

Future research in the field of smart waste could focus on IoT-based and ML ap-
proaches. Implementing YOLOv9 for optimizing waste collection routes can significantly
enhance efficiency by accurately detecting and classifying waste levels in bins across various
locations. By leveraging YOLOv9′s advanced object detection capabilities, municipalities
can generate real-time data on waste accumulation, allowing for precise route planning.
This ensures that collection vehicles are dispatched only when necessary, reducing fuel
consumption and minimizing carbon emissions. Additionally, optimized routes lead to
lower operational costs and improved service reliability, contributing to more sustainable
and cost-effective waste processing practices. Infrared sensors can monitor garbage can lev-
els in shaded areas, allowing ML frameworks to optimize collection and detect anomalies.
Solar panels can power various components inside the bin, such as Pi camera modules,
Raspberry Pi 4, and RFID tags, ensuring efficient power consumption. RFID tags also
increase security by assigning a unique ID to each garbage can, allowing maintenance
personnel to access the electronic compartment. Ultimately, the integration of IoT and ML
technologies into waste processing frameworks can prevent the spread of diseases caused
by overflowing garbage cans through the continuous monitoring of garbage can status,
positively impacting public health.
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