
Journal of Computational Analysis and Applications                                                              VOL. 33, NO. 8, 2024 

 

                                                                                   3053                                Raj Kumar Sharma et al (3053-3068) 

Garbage Bin Classification Using Convolutional Neural Networks with Clean and Noisy 

Bin Images 

Raj Kumar Sharma 1[0000-0002-5612-1616], Mukta Sharma2[0000-0003-4400-8568] 

1KK MODI UNIVERSITY, Mahmara, Jalbandha Road, Durg, Chhattisgarh-491001 

2Trinity Institute of Professional Studies, Dwarka Sector 9, Institutional Area, New Delhi-110075 

1profrksharma07@gmail.com 

2drsharmamukta@gmail.com 

Abstract 

This research focuses on Garbage Bin Classification. It investigates the efficacy of Convolutional Neural Networks (CNN) when 

employed on 2D garbage bin images belonging to both clean and noisy datasets. The study encompasses the collection of a primary 

dataset comprising 2D images, subsequently introducing four distinct types of noise, such as the Gaussian, Salt & Pepper, Poisson, 

and Uniform.  The evaluation entails the application of various prominent CNN architectures, including AlexNet, VGG16, a four-

layer CNN (CNN4), and a five-layer CNN (CNN5), to both datasets. Concurrently, during model training, loss and accuracy graphs 

are generated to assess model performance. The CNN5 model performed exceptionally well when evaluated using the standard 

dataset, showcasing an impeccable classification performance. Across various key metrics, the model's ability to accurately classify 

instances within the Empty and Full classes has been resoundingly demonstrated. An accuracy score of 1.0 attests to the model's 

error-free predictions, while a perfect R2 Score of 1.0 signifies an exact match between the model's predictions and observed data. 

Additionally, scores of 1.0 for Precision, Recall, and F1 stress the model's thorough and accurate optimistic predictions. The CNN4 

model with noisy data showcases a commendable R2-score of 0.85, often indicative of a robust fit for various applications. This 

implies that the model can provide substantive insights into the target variable, augmenting prediction accuracy and comprehension 

of variable relationships. Ultimately, the findings advocate the suitability of the CNN5 model for clean datasets while endorsing 

the CNN4 model as an optimal choice for handling noisy datasets, hence proposing these models to identify the garbage bin class 

in building smart cities' garbage management systems. 
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Introduction 

The global garbage crisis requires urgent attention and collaboration from individuals, communities, industries, and 

governments. A holistic approach involving city authorities, waste management agencies, residents, and businesses 

can tackle overflowing bins, promote sustainable waste management, and create healthier urban environments. The 

East Asia and Pacific region accounts for 23% of global garbage production, according to estimates by the World 

Bank. In contrast, only 6% of all garbage is produced in the Middle East and North Africa. At least 33% of the 2.01 

billion tonnes of municipal solid garbage produced annually worldwide must be managed environmentally sound. On 

average, each person worldwide generates 0.74 kilogrammes of garbage daily, although this figure varies between 

0.11 and 4.54 kilogrammes. Surprisingly, high-income nations account for 34% of global garbage production despite 

having just 16% of the world's population. By 2050, it is anticipated that there will be 3.40 billion tonnes of waste 

generated worldwide, which is a significant increase over the estimated growth in the human population during that 

time. It is worth noting that waste production tends to increase along with rising income levels.  

It's important to note that WHO's recommendations and statements on the garbage problem might have evolved or 

been updated since my last knowledge update in September 2021 (for more information, visit the official World Health 

Organization website). Illustrates the significant shift expected in trash production by 2050, with low-income nations 

projected to experience a threefold increase compared to high-income countries. The Middle East and North Africa 

(ME&N), Sub-Saharan Africa (SSA), Latin America and the Caribbean (LA&C), North America (NA), South Asia 

(SA), Europe and Central Asia (E&CA), and East Asia and the Pacific (EA&P) are only a few of the places where 

waste generation is very common (see Figure 1). Unfortunately, over half of the waste generated in these areas is 

unlawfully disposed of. The projected surge in waste poses severe threats to the environment, public health, and 

economic growth, necessitating immediate and drastic actions to combat this issue. 
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Figure 1. Forecasted regional garbage production (in metric tonnes per year) 

Figure 2 reveals that the amount of waste varies according to a country's income level due to distinct consumption 

patterns. More dry recyclable garbage (such as plastic, paper, cardboard, metal, and glass) is produced in high-income 

nations, whereas less food and green waste (32%) are made in low-income countries. As economic development levels 

decline, organic waste increases, reaching 53% in middle-income countries and 57% in low-income countries. It is 

important to note that in low-income nations, recyclable materials only account for 20% of the waste stream. In 

addition to income differences, there are slight variations in waste streams across different regions. Everywhere else 

save Europe, Central Asia, and North America produces at least half as much organic garbage as those three regions 

combined. 

 

Figure 2. Global waste composition 

There are a variety of waste management systems on the market today. Several different types of sensors, including 

ultrasonic, infrared, and weight sensors, can be placed on trash cans to keep tabs on how full they are. Waste 

management agencies can better plan pickup routes and times using the sensors' real-time information. Radio-

frequency identification (RFID) tags on trash cans monitor efficiency and location, enabling trucks to check bin 

locations and collection statuses. A Global Positioning System (GPS) enabled trash can and truck tracking devices to 

improve management. This allows for optimised container route planning and real-time monitoring. Trash cans can 

be remotely monitored using IoT (Internet of Things) solutions by utilising a network of sensors, data analytics, and 

connectivity. These apparatuses report relevant data to organisations responsible for trash management, including fill 
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levels, temperatures, and humidity. Only some cities or regions will have access to the same monitoring tools due to 

differences in waste management infrastructure and technological advancements. 

Literature Review 

In the research [1], a garbage sorting system is built using convolutional neural networks trained with data from a 

deep learning dataset. The system uses image and object detection algorithms to categorise and recognise distinct 

waste types properly. Algorithms like ResNet, MobileNetV2, and several YOLOv5 models for trash object detection 

are then trained and tested on the garbage classification data. Combining the findings of the studies conducted on these 

methods, the consensus voting algorithm boosts the recognition rate for picture classification by 2%. The practical 

deployment of the system has proved to be a substantial improvement in the identification rate for trash picture 

categorisation, reaching over 98%. Additionally, the system has been successfully transferred to a Raspberry Pi 

microprocessor, with the expected results. 

The research [2] aims to develop reliable methods for estimating and forecasting DW volumes using machine learning 

(ML) techniques. This paper analyses time series using various machine learning algorithms. The investigation 

includes two case studies. In this first case study, we will gather information on household garbage from the Saudi 

Arabia and Bahrain governments from 2010 through 2021. The second case study involves a 30-day investigation into 

the garbage habits of a large family of eleven. The family produced 1.7–7.9 kg of biodegradable garbage and 0.0–2.0 

kg of non-biodegradable waste. The study shows encouraging results using time series analysis and carefully choosing 

input predictors. Validation and evaluation of trained models using residuals, mean square error, root mean square 

error, and R2-Score, ensuring reliable waste quantities. ML algorithms show promise in developing smart waste 

management systems, reducing environmental, economic, and societal impacts. 

The study presents a system in which all trash cans are equipped with cameras and motion detectors. At regular 

intervals, [3] these devices take 2D pictures of the trash. A multi-layer Neural Network processes the collected 2D 

photos of the rubbish level within the bins. An ideal solution can be found by identifying the best iteration level 

and classifying the bins as empty or filled. The major goal of this study is to facilitate prompt interventions for trash 

can emptying, leading to a cleaner, safer community. Using computer vision, the Internet of Things (IoT), and machine 

learning (ML) techniques like regression, classification, clustering, and correlation rules based on the interpretation 

of solid waste photos, we present a tried-and-true approach to managing municipal solid waste (MSW) in the 

literature[4]. ResNet V2 is a set of image classification models developed from the ground up and trained via transfer 

learning. ResNet V2 allows deep neural networks to be trained on large datasets, which increases accuracy and 

decreases the error rate while mapping identities. We use batch normalisation and mixed hybrid pooling to strengthen 

CNN further and get top-tier results. The proposed model can distinguish between biodegradable and non-

biodegradable garbage, allowing for more precise collection. The success of the proposed model can also be ensured 

by keeping an eye on performance measures like accuracy and loss. Compared to state-of-the-art models, the proposed 

ResNet-based CNN achieves 19.08% better performance with 34.99% lower loss during garbage classification. 

The Internet of Things (IoT) [5] ushers in a new era of urban development by making garbage collection a model of 

efficiency and sustainability. Waste management is vital for protecting the environment and human health as 

industrialisation and urbanisation speed up. Existing solutions prioritise efficient monitoring at the expense of real-

time functionality. In this research, we suggest a system that uses Internet of Things-based automation to facilitate 

smart trash management. The proposed approach employs machine learning classification techniques to track the 

volume of garbage, the presence of hazardous materials, and the quality of air throughout a metropolis. The haphazard 

forest method outperforms other classification approaches, with 92.15% accuracy at a runtime of 0.2 ms. 

The research suggests a deep learning architecture-based hardware solution for waste segregation [6]. The suggested 

deep learning-based hardware solution SmartBin uses image classification using a Convolutional Neural Network 

System Architecture running on a Real-time embedded system to sort rubbish into biodegradable and non-

biodegradable categories. Image classification for garbage detection seeks to speedily classify items in the trash can. 

In contrast to object detection of a particular entity, when photographs of things of that entity share some common 

qualities and traits, rubbish might be of any dimension, shape, colour, or texture, making this a challenging operation. 

The goal of this study is to analyse the effectiveness of hardware components (PiCam, raspberry pi, infrared sensors, 

etc.) used for garbage detection in the bin and to compare their performance to that of various pre-trained Convolution 

Neural Networks, including AlexNet, ResNet, VGG-16, and InceptionNet. The proposed model's most 

significant performance indicator was the InceptionNet Neural Network, which achieved an accuracy of 98.15 per 

cent and a loss of 0.10 on the training set and 96.2 per cent and 0.13 on the validation set, respectively. 
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The research [7] provides an Internet of Things (IoT)-based smart city solid waste management solution to address 

deficiencies of current approaches. Public Bin Level Monitoring Units (PBLMUs) and Home Bin Level Monitoring 

Units (HBLMUs) are two end sensor nodes incorporated into the suggested design. These nodes track the accessibility 

of both public and private trash cans. Fill levels and tank locations are transmitted to a command centre via the 

PBLMUs and HBLMUs. An easy-to-use graphical user interface (GUI) allows waste management specialists to see 

how complete each garbage can is. Multiple large-scale tests were carried out to demonstrate the proposed system 

architecture's effectiveness. PBLMUs were installed in the first eight bins and linked to a LoRa WAN network; 

HBLMUs were deployed in the second eight bins and connected to a Wi-Fi network. Users piled trash into the bins to 

varying heights, and the intuitive UI kept tabs on their progress. Second, we measured the sleep current and active 

current contributions of a PBLMU in a controlled experiment to derive its average current consumption. Finally, it 

was determined that a PBLMU would have a lifespan of roughly 70 days under ideal conditions. Smart towns could 

benefit from an IoT-based garbage management system with real-time monitoring and an easy-to-use graphical user 

interface. 

There are several obstacles to effectively managing electronic trash (E-waste) [8], such as needing more technical 

expertise, inadequate infrastructure, inadequate financial assistance, and a lack of community involvement. Improper 

E-waste recycling practices harm human health and the environment, and this article explores initiatives to address 

these issues in depth. To correctly manage E-waste, it is essential to create a registry of obsolete electronic items, 

which can be aided by introducing recycling policies that minimise negative environmental impacts. One strategy has 

been offered to help both rich and developing nations better manage their electronic trash. It is possible to reduce 

adverse effects while promoting a sustainable and resilient ecosystem if developing countries prioritise implementing 

systematic management practices for E-waste and embrace best practices. 

The research [9] proposes a trash monitoring system with an integrated waste sorting mechanism, providing a 

straightforward and inexpensive means of categorising and cataloguing garbage generated at home. The plan aims to 

separate metal, plastic, and glass from regular trash. After sorting, the trash generated by each household is reported 

to a central database. Adopting this approach can contribute to a more pristine environmental ecosystem and more 

effective waste management procedures. 

To facilitate more efficient waste management, recyclables are separated into the following six categories: plastic, 

glass, paper/cardboard, metal, fabric, and other recyclables [10]. Deep-learning convolutional neural networks (CNNs) 

were employed for efficient garbage classification. This research looks at seven cutting-edge CNN models and 

various data preprocessing techniques for trash sorting. For all nine classes in the validation set, these models achieve 

an accuracy of between 91.9% and 94.6%. MobileNetV3 stands out due to its low storage requirements (49.5 MB), 

quick processing time (261.7 ms), and high classification accuracy (94.26 per cent). 

The goal is to design a waste management infrastructure that is both efficient and sustainable, with full compatibility 

with other municipal databases. The study [11] demonstrates the usefulness of the data collected by sensor nodes and 

the system's effectiveness, giving municipal administrators new perspectives. One major takeaway from this research 

is that a low-overhead, innovative city app can aid municipal administrations in their daily tasks. In addition, the 

feasibility of establishing a low-power wide-area network in Istanbul, Turkey, will be studied in detail. Finding a 

reliable alternative to cellular networks for usage in smart cities is the primary motivation behind this study. 

The article [12], aims to improve our daily lives by aiding garbage disposal. Opportunities for remote device 

management are plentiful in today's age of pervasive mobile connectivity. Waste disposal in rural areas, urban centres, 

and everywhere in between has become a significant problem that affects people's health and spreads disease. As a 

result, it's more important than ever to use technology to improve garbage collection. Manual monitoring and disposal 

operations are commonplace in the current waste management system, which can be inefficient and time-consuming. 

The Internet of Things enables easier monitoring of garbage cans, supporting conventional methods. 

The paper [13] focuses on designing, implementing, and validating a dynamic weighing system created to measure 

municipal waste as bins are dumped. The paper introduces and explores two different methods: the amplitude 

technique, which measures the most significant change in amplitude of the signal, and the period approach, which 

measures the time it takes for the lifting device to oscillate until it is damped. Because of its small size, the system can 

be mounted directly on the lifting apparatus and fitted with FBG sensors. Within the 10-100 kilogramme range for 

conventional containers used for municipal waste, the presented system showed high accuracy during four months of 

pilot testing. The maximum variance was 4.04 kg. The technique did not rely on garbage trucks. Therefore, it could 

be easily incorporated into existing practices. The paper develops garbage collection systems using Arduino UNO, 

ultrasonic, and moisture sensors [14]. Using image processing, we can accurately calculate a landfill's waste index. In 
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addition, a hardware prototype has been created to show how the suggested framework might be implemented. This 

strategy will result in clean, pollution-free cities due to improved waste management. 

The investigation  [15] explores the idea of a smart trash can whose capacity may be updated in real time via a 

smartphone app. Both the garbage collector and the user will be able to monitor the contents of the can thanks to the 

two-way communication between the can and the user's phone.  When the garbage collector's bin gets too full, they 

can easily handle the surplus waste by shifting it to a larger landfill container. This trash can has been put through 

rigorous testing, showing that it consistently performs as advertised. It quickly senses the presence or absence of items 

and reacts by opening or shutting its cover accordingly. In addition, it communicates the garbage can's capacity to the 

user's mobile device in a flash, taking only 0.45 to 0.47 seconds. 

Using the LoRa protocol for wireless data transmission and a deep learning model built using TensorFlow, this study 

aspires to create an intelligent garbage collection and disposal system [16]. The sensor data is transmitted over LoRa, 

and Tensorflow recognises and categorises objects in real time. The servo motors precisely control the bin's various 

metal, plastic, paper, and general trash compartments. Using a pre-trained object detection model, the TensorFlow 

framework allows us to quickly and accurately recognise and label objects as trash. With a Raspberry Pi 3 Model B+ 

as its brain, this object identification model trains on junk photographs to provide a static inference graph for camera-

based object recognition. Each trash can has an ultrasonic sensor built in so that the fullness may be detected at a 

glance. The built-in GPS module may track the bin's location and status in real time. Information regarding the bin's 

background, current situation, and capacity is transmitted in real time over the LoRa protocol. The in-built RFID 

module enables easy identification of trash management workers. 

The study [17] investigates the feasibility of simultaneously keeping tabs on many trash cans in different communities. 

Each trash can has sensors that track the amount of waste, metal, and hazardous gases. Trash collection and disposal 

predictions were evaluated using support vector machines, neural networks, random forests, decision trees, and K-

nearest neighbours. According to the findings, the RF algorithm performed best, with an overall alert message 

prediction accuracy of 85.29 percent. Overall, the study will affect the reduction of pollution in "smart cities" and 

encourage "green technologies." This study aids in the development of ecologically friendly practices by optimising 

waste management. 

It has become clear after carefully examining the available research publications that. These studies use deep learning 

models for trash identification, such as ResNet, MobileNetV2, YOLOv5, and InceptionNet. Several research has 

demonstrated IoT-based garbage monitoring systems. However, these have only been subjected to limited testing 

periods, and evidence also suggests that sorting garbage into biodegradable and non-biodegradable components is 

helpful. Studies have focused on the technology but a fuller understanding of the benefits and drawbacks of innovative 

waste management systems. Understanding how to make a smooth transition while using the benefits of both 

traditional and modern waste management approaches can be gained by integrating new intelligent waste management 

technology with existing garbage collection and disposal systems. Several research employs various data-transfer 

protocols (like LoRa). Selecting optimal communication methods could be aided by a thorough comparison of 

alternative protocols' performance, range, energy economy, and interference potential in realistic urban environments.  

The research gaps in the existing literature focus on promising avenues for more investigation to advance smart waste 

management and deliver more efficient and long-lasting solutions. Models' robustness and generalizability across 

various real-world scenarios, lighting conditions, and waste types could benefit from more investigation. More high-

quality investigation into the most precise and time-saving approaches for differentiating different kinds of garbage 

bins using machine learning models would be a great boon to efforts to lessen trash. This study investigates a novel 

class of CNN models for use in a Full or Empty garbage bin detection system that uses images as input for the models. 

It provides a workable solution for dealing with such situations. 

Methodology 

Observing Figure 3, this study captures images of garbage bins and sorts them into two categories: ones with garbage 

in them and ones without. Images taken from the gathered dataset are processed to provide enhanced images with 

noise. Two data sets have been transformed into a matrix that performs computations with machine learning models. 

The study analyses the results and behaviour of the datasets (clean and noisy) with the  AlexNet, VGG16, CNN4 

(CNN with four layers, each layer has a set of two convolutional layers), and CNN5 (CNN with five convolutional 

layers) models for the study of garbage bin status (Empty or Full). The models are trained with the preprocesses 

dataset, and the accuracy & loss of training models are visualised with line graphs. The testing dataset creates a 
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confusion matrix, and results (accuracy, precision, recall, F1-Score and ROC area) are computed and analysed. Based 

on the result analysis, a suitable model/s will be proposed. 

 

Figure 3. Proposed Methodology 

Data Preprocessing 

The core dataset used in this study comprised images of garbage bins taken in the experiment lab. Each record in the 

collection is either "Empty Bin" or "Full Bin." Python libraries create noisy dataset images with  Gaussian, Salt & 

Pepper, Poisson, and Uniform noise. The RGB dataset images are converted into a NumPy array of integers. The array 

of images standardises the input data to a range between 0 and 1. See Eq. (1). 

 𝑥𝑛𝑜𝑟𝑚𝑎𝑙𝑖𝑠𝑒 =
𝑥− 𝜇

𝜎
   (1) 

where 𝜇  is mean and 𝜎 is standard deviation. 
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Figure 4. Bin images (a) Clean (b) Gaussian noise (c) Salt & pepper noise (d) Poisson noise (e) Uniform noise 

In this analysis, images are formed from the standard dataset (see Fig. 4). To add Gaussian noise; an image is generated 

by randomly selecting numbers from a normal distribution with a fixed mean and standard deviation. The Gaussian 

distribution [18] can be described by its mean and standard deviation, see Eq. (2). These are combined with the actual 

pixel values in the image. The calculation is represented mathematically by Eq. (3). 

 𝑓(𝑥) =
1

𝜎√2𝜋 
𝑒

−
(𝑥−𝜇)2

2𝜎2   (2) 

 𝐼𝑛𝑜𝑖𝑠𝑒 = 𝐼 + 𝑁(0, 𝜎2)   (3) 

Where "𝑥" is the random variable (the intensity of a pixel), is the distribution's mean (often 0 for adding noise), and is 

the standard deviation that determines how far or how intense the noise is dispersed. Where "𝐼"  is the clean original 

image, "𝐼_𝑛𝑜𝑖𝑠𝑦" is the noisy version, and 𝑁(0, 𝜎2) is a Gaussian random sample with zero mean and two standard 

deviations. 

Impulse noise [19], commonly known as salt and pepper noise, corrupts pixels in an image randomly, changing them 

to either the highest (salt) or lowest (pepper) value within the permissible pixel intensity range. This noise is frequently 

employed to mimic image sensor flaws such as pixel dropout. Two parameters,  𝑃0 and  𝑃1 govern the overall salt and 

pepper noise level. These values characterise how likely a salt and pepper noise will influence a given pixel. Randomly 

selecting pixels and assigning them the maximum intensity (salt) or the least intensity (pepper) depending on the stated 

probabilities is how salt and pepper noise is introduced into an image. Here, 𝑃0 and  𝑃1 determine how likely it is for 

salt and pepper noise to appear in each pixel.  

Poisson noise [20] is a form of statistical noise that manifests itself over a wide range of phenomena, and it is most 

commonly connected with the occurrence of uniformly distributed random events throughout time and/or space. This 

paper's noisy dataset is the result of adding images of garbage bins to it using Poisson noise. As seen in Eq. (4), the 

Poisson distribution is defined. 

 𝑃(𝑋 = 𝑘) =
(λk∗ e−λ)

k!
    (4) 

The likelihood of seeing k occurrences during a certain time frame is denoted by 𝑃(𝑋 + 𝑘) . The 𝜆 denotes the average 

number of occurrences per given time or distance. The number  𝑒 , named after Euler, is roughly equivalent to 2.71828. 

The nonnegative integer 𝑘 denotes the number of events. In a Poisson distribution, the variance is the same as the 

mean.  𝑉𝑎𝑟(𝑋) =  𝜆, 𝑎𝑛𝑑 𝑠𝑜 𝑑𝑜𝑒𝑠 𝐸(𝑋).   

Uniform noise [21]  is used in garbage bin images to create a noisy dataset. Generating a random and unbiased 

distribution of pixel values is especially useful. Mathematically, the probability density function of a uniform 

distribution is defined in Eqs. (5, 6). 

 𝑓(𝑥) =
1

𝑏−𝑎
 𝑤ℎ𝑒𝑟𝑒 𝑎 ≤ 𝑥 ≤ 𝑏  (5) 

 𝑓(𝑥) = 0 𝑓𝑜𝑟 𝑥 < 𝑎 𝑜𝑟 𝑥 > 𝑏  (6) 

Where "𝑎 & 𝑏"  represent the distribution's minimum and maximum values. The probability density function at 

location "𝑥"  is denoted by the function 𝑓(𝑥). The  mean μ =
(a + b)

2
   of a normal distribution between two given 

limits (a, b). The variance of uniform distribution is  σ2 =
(b − a)2

12
 . 
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Proposed Models 

Whether garbage bins are empty or full is the topic of this study. To this end, it is suggested that models for determining 

whether or not the bin is full be developed using Convolutional Neural Networks (CNN) [22]. The convolution 

operation lies at the heart of any convolutional neural network. It includes performing element-wise multiplications 

followed by a sum at each step as a small filter (called a kernel) is slid over the input garbage bin image. see Eq. 

(7). This method helps recognise patterns by extracting them from the input garbage can image. To examine the 

models utilising the input image and learn complex patterns while avoiding the vanishing gradient problem, this 

research makes use of the Rectified Linear Unit (ReLU), defined as f(x) = max(0, x). Max pooling is performed on 

pooling layers to reduce the number of sampled spatial points in the feature maps without losing information. This 

helps avoid overfitting and reduces computing complexity. 

Fully connected layers follow convolutional and pooling layers; see Eq.(8) before the output is flattened into a one-

dimensional vector. These layers are analogous to those found in a classic feedforward neural network and are 

responsible for acquiring knowledge via complex feature combinations. The Cross-Entropy Loss function quantifies 

the distinction between the model's predictions and the actual target labels, see Eq. (9).    Backpropagation is used to 

train the CNN, and its adjustments to the network weights depend on the loss function's gradients that have been 

determined for the model parameters. During training, the weights are updated using an optimisation process called 

Stochastic Gradient Descent (SGD) or Adam, see Eq. (10). In this investigation, we examine the AlexNet,  VGG16, 

CNN4 and CNN5. 

 𝑂𝑢𝑡𝑝𝑢𝑡𝑠𝑖𝑧𝑒 =  (
(𝐼𝑛𝑝𝑢𝑡𝑠𝑖𝑧𝑒− 𝐹𝑖𝑙𝑡𝑒𝑟𝑠𝑖𝑧𝑒+ 2 ∗ 𝑃𝑎𝑑𝑑𝑖𝑛𝑔)

𝑆𝑡𝑟𝑖𝑑𝑒
) +  1  (7) 

 𝑃𝑜𝑜𝑙𝑖𝑛𝑔 𝑂𝑢𝑡𝑝𝑢𝑡𝑠𝑖𝑧𝑒 =
𝐼𝑛𝑝𝑢𝑡𝑠𝑖𝑧𝑒−𝑃𝑜𝑜𝑙𝑖𝑛𝑔𝑠𝑖𝑧𝑒

𝑆𝑡𝑖𝑑𝑒
+ 1   (8) 

If the input feature map is square, the 𝐼𝑛𝑝𝑢𝑡𝑠𝑖𝑧𝑒 is its width or height. The convolutional filter's (kernel's) width or 

height, referred to as 𝐹𝑖𝑙𝑡𝑒𝑟𝑠𝑖𝑧𝑒  is applied to the input. The amount of zero-padding pixels used on the edges of the 

input feature map is known as 𝑃𝑎𝑑𝑑𝑖𝑛𝑔. It helps maintain spatial dimensions and prevent information loss during 

convolution. The 𝑆𝑡𝑟𝑖𝑑𝑒  is the amount of movement the filter makes over the input. It shows how far the filter 

advances after each convolution operation, horizontally or vertically. where  𝑃𝑜𝑜𝑙𝑖𝑛𝑔𝑠𝑖𝑧𝑒  is the width or height of the 

pooling window. The number of filters utilised is proportional to the output depth. 

𝐸𝑛𝑡𝑟𝑜𝑝𝑦𝑙𝑜𝑠𝑠  = −
1

𝑁
∑  𝑁

𝑖=1 ∑ 𝑦𝑡𝑟𝑢𝑒𝑖𝑗
log (𝑦𝑝𝑟𝑒𝑑𝑖𝑗

)𝐶
𝑗=1   (9) 

The batch size is denoted by N. The total number of categories is C. 𝑦𝑡𝑟𝑢𝑒𝑖𝑗
  is the true label for the 𝑖𝑡ℎ  sample and  

𝑗𝑡ℎ ' class. It is 1 if the 𝑖𝑡ℎ  sample belongs to 𝑗𝑡ℎ class, otherwise 0. 𝑦𝑝𝑟𝑒𝑑𝑖𝑗
 is the predicted probability for the 𝑖𝑡ℎ   

sample and 𝑗𝑡ℎclass. 

 𝜃 =  𝜃 −  𝜂∇𝐽(𝜃)   (10) 

where θ is model parameters, updated using the gradient calculated, η is learning rate, ∇J(θ) is the loss function's 

gradient relative to the modelled variables. 

AlexNet Model 

An innovative convolutional neural network (CNN) model called AlexNet was put forth to investigate the 

classification of garbage bin images (whether they are Empty or Full). The model's performance will be analysed 

using two datasets (clean and noisy). the AlexNet [23] model has five convolutional layers comprise its 

structure, followed by three fully linked layers. It was deeper and more intricate than earlier CNN models, allowing it 

to learn hierarchical characteristics from garbage bin images successfully. It uses the ReLU activation function and 

includes overlapping max-pooling. This pooling technique uses a stride size smaller than the pooling window size to 

boost generality and spatial resolution. The training data was effectively made more diverse using data augmentation 

techniques like random cropping and horizontal flipping to prevent overfitting. It employs dropout regularisation in 

the fully linked layers to lessen overfitting. For thorough architecture, see Figure 5. 
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Figure 5. AlexNet Model 

To implement the model, the Keras library with TensorFlow is used in the backend and is constructed using the 

“Sequential” API, which allows us to stack layers sequentially to build the neural network. With an input shape of 

(227, 227, 3) representing a trash bin picture, the first convolutional layer employs 96 filters with a kernel size of (11, 

11), strides of (4, 4), and an activation function of ReLU. The second convolutional layer utilises a MaxPool of (3, 3) 

and strides of (2, 2). The MaxPool layer comes after a second layer that employs 256 filters of size (5, 3). The third 

layer employs 384 filters with a 3x3x1 ReLU activation function kernel and a 1x1 stride. The 256-filter fourth layer 

employs a ReLU activation function with a 3-by-3-by-1 kernel and a 1-by-1 stride. After a MaxPool Layer with a size 

of (3, 3) and a stride of (1, 1), the fifth layer employs 256 filters with the same activation function (ReLU). 

After the first five convolutional layers, a Flatten Layer is used to flatten the resulting 3D feature maps into a 1D 

vector. The ReLU activation function is used in the 4096-neuron first and second dense layers with a dropout rate 

of  0.4%. The third dense layer employs 1000 neurons with  ReLU activation function and the same dropout rate. The 

output layer calculates the probabilities of the output classes with a Softmax activation function. There are 20 training 

epochs for this model. Training loss and accuracy recorded and corresponding graphs are created with clean and noisy 

dataset as shown in Figure 6.   

  

(a) (b) 

Figure 6. Graph showing AlexNet model's (a) accuracy and (b) loss on clean and noisy datasets, respectively. 

VGG-16 Model 

The VGG16 model is presented to examine the classification of garbage bin status (Empty or Full) using clean and 

noisy 2D images from the dataset [24].  Figure 7, depicts the input image's number of colour channels (often 3) and 

the size of the waste bin pictures (224, 244). A maximum pooling layer and two convolutional layers comprise each 

of the five network blocks. The input picture is processed by two 64-filter convolutional layers (conv1 and conv2) in 

Block 1. The ReLU activation function is used with 3x3 filters in the convolutional layers. Downsampling the spatial 

dimensions by a factor of 2 is accomplished by applying a max-pooling layer (pool1) after each convolutional layer. 
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The second block employs 128-filter convolutional layers (conv3 and conv4) and a second max-pooling layer (pool2). 

Following a max-pooling layer (pool3), Block 3 features three more 256-filter convolutional layers (conv5, conv6, 

and conv7). Like the preceding blocks, Block 4 consists of three 512-filter convolutional layers (conv8, conv9, and 

conv10) and a max-pooling layer (pool4). Block 5 concludes with the final max-pooling layer (pool5) and three 512-

filter convolutional layers (conv11, conv12, and conv13). Layer sizes in the maximum pool are permanently adhered 

to (3, 3).  

 

Figure 7. VGG-16 model 

After the fifth and final pooling layer, the output is flattened into a one-dimensional vector. After that, there are two 

dense layers (dense1 and dense2), each containing 4096 units and activated by the ReLU function. These thick layers 

process the characteristics extracted by the convolutional layers and serve as a classifier. The two output classes from 

the classification task are represented by units in the final fully connected layer (output). The softmax activation 

function is well-suited to this category of classification problems since it transforms raw scores into class probabilities. 

There are 20 training epochs for this model. In Fig. 8, we have a graph depicting training loss and accuracy for clean 

and noisy datasets.   

  

(a) (b) 
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(c) (d) 

Figure 8. VGG-16 model's graph shows (a) accuracy and (b) loss on the clean dataset, (c) accuracy and (d) loss on the noisy 
dataset. 

CNN4 model 

See Figure 9 to illustrate how the CNN4 model was explicitly developed for Full/Empty garbage bin image 

classification. The input layer architecture requires an RGB image of 200x200 pixels in dimensions and three colour 

channels as input. The first layer of the model is a Conv2D layer with 32 filters of size (3, 3). The ReLU activation 

function guarantees that the output has the exact spatial dimensions as the input. The spatial dimensions of the feature 

maps are reduced by half using a MaxPool2D layer with a pool size of (2, 2) and then another Conv2D layer with 32 

filters. Two sets of Conv2D layers (each with 64 filters), ReLU activation, and MaxPool2D are used. In the succeeding 

Conv2D layers, filters are increased to 128 before ReLU activation and MaxPool2D is followed. A pair of Conv2D 

layers with 256 filters each, ReLU activation, and MaxPool2D are used to complete the feature extraction and 

dimensionality reduction. 

𝜎(𝑥) =
1

1+𝑒−1  (11) 

 

Figure 9. CNN4 model 

The feature maps are flattened to a 1D vector to feed into fully connected layers. We implement a Dense layer that 

has 256 units and uses the ReLU activation function. This layer captures features at a higher level in the flattened 

vector. After the initial Dense layer, a Dropout layer is deposited at a rate of 0.5. Overfits can be avoided with dropout, 

which randomly sets a percentage of input units to 0 during training. After the initial Dropout layer, a second Dense 

layer with 256 units and ReLU activation is added. One sigmoid activation function unit (1 for Full class, 0 for Empty 

category) represents the binary classification task in the final Dense layer, as shown in Eq. (11). The model can then 

be trained with tagged garbage images to adjust its weights and biases for the classification problem at hand. As an 

optimiser, it employs Adam. The Adaptive Moment Estimation (Adam) optimisation algorithm is widely used in the 
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0.0001-per-second training of neural networks. Binary classification problems often employ the standard loss function. 

During training, it compares the actual labels to the anticipated probabilities and seeks to minimise the gap between 

them. Figure 10 visually represents the training and validation process, focusing on accuracy and loss metrics, across 

two distinct datasets: one composed of clean, standard data, and the other containing data with added noise or 

irregularities. 

  

(a) (b) 

  

(c) (d) 

Figure 10. The graphs for the CNN4 model illustrate the following aspects: (a) Accuracy using the clean dataset, (b) Loss using 
the clean dataset, (c) Accuracy using the dataset with added noise, and (d) Loss using the dataset with added noise. 

CNN5 model 

The suggested CNN5 architecture uses five convolutional and pooling layers to gradually extract characteristics from 

garbage bin input images. Filters of ever-higher complexity are used in these layers to gather information across many 

scales. After the output has been flattened, it is fed into fully linked layers so that the model may make predictions. 

Since the model is built for binary classification tasks, the sigmoid activation function is used in the final layer. This 

setup demonstrates how effectively the CNN5 model can automatically acquire such representational hierarchy from 

an image. 
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Figure 11. CNN5 model 

 

 

As shown in Figure 11, layer 1 of the model receives an input data image with the dimensions (200, 200, 3). The model 

uses a 'Conv2D' layer with 32 filters of size (3, 3) and a ReLU activation function, and finally, a 'MaxPool2D' layer 

with a pooling size of (2, 2). At layer 2, we have a 'Conv2D' layer with 64 filters, followed by a 'MaxPool2D' layer 

with a pooling size of (2, 2). The 'MaxPool2D' layer comes after the third layer’s 128 filters, the fourth layer's 256 

filters and the fifth layer's 512 filters. To make the data suitable for the fully connected layers, the 'Flatten' layer 

flattens the multi-dimensional vector produced by the convolutional layers. There are new 512-unit dense layers that 

use the ReLU activation function. The model's output, which represents the binary classification result, is generated 

by a final 'Dense' layer consisting of a single unit and a sigmoid activation function. 

During training, the model will employ the loss function, optimisation, and metric you choose to determine whether 

to change its starting weights. To maximise the accuracy of the training data while minimising the loss function, the 

model will iteratively tweak its parameters. The loss parameter defines the objective function against which the model 

is trained. The 'binary_crossentropy' function is used here. In this case, we employ the RMSprop optimiser, which 

modifies the training speed according to the various parameters. It speeds up convergence and enhances the 

effectiveness of training. The optimiser's step size in the weight space for each update is 0.001 because of the 

'learning_rate' option, which is set to that value. It determines the rate at which the model learns from experience. See 

In Figure 12, we visually depict the training and validation procedure, emphasising accuracy and loss metrics, for two 

separate datasets: one consisting of clean data and the other with additional noise or irregularities. 

  

(a) (b) 
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(c) (d) 

Figure 12. Accuracy and Loss graphs of CNN5 (a) Accuracy with the clean dataset (b) Loss with the clean dataset (c) Accuracy 
with the noisy dataset (d) Loss with the noisy dataset. 

Performance Evaluation 

An essential part of evaluating the performance and quality of a prediction or classification model is the computation 

of the confusion matrix. The fraction of correct predictions (including true positives and true negatives) relative to the 

total number of instances is the overall accuracy, which may be calculated using Eq. (12). Precision (Positive 

Predictive Value) measures the model's ability to forecast positive cases accurately, See Eq. (13). The percentage of 

true positive cases a model accurately identifies is the recall (also known as sensitivity or true positive rate). This is a 

must when a false negative might have dire repercussions, as it reduces the likelihood of missing true positives, see 

Eq. (14). The F1-Score is the mathematical middle ground between precision and recall. It gives a statistic that 

considers false positives and negatives, striking a compromise between precision and recall. When the distribution of 

classes is irregular or noisy, as in the case of Eq. (15), this method excels. 

 𝑂𝑣𝑒𝑟𝑎𝑙𝑙 𝐴𝑐𝑐𝑢𝑟𝑎𝑐𝑦 =  
𝑇𝑃+𝑇𝑁

𝑇𝑃+𝐹𝑃+𝑇𝑁+𝐹𝑁
 (12) 

 𝑃𝑟𝑒𝑐𝑖𝑠𝑖𝑜𝑛 =  
𝑇𝑃

𝑇𝑃+𝐹𝑃
 (13) 

 𝑅𝑒𝑐𝑎𝑙𝑙 =  
𝑇𝑃

𝑇𝑃+𝐹𝑁
 (14) 

 𝐹1𝑆𝑐𝑜𝑟𝑒 =  
2

1

𝑅𝑒𝑐𝑎𝑙𝑙
+

1

𝑃𝑟𝑒𝑐𝑖𝑠𝑖𝑜𝑛

 (15) 

True positive (TP), true negative (TN), false positive (FP) type I error, and false negative (FN) type II error.  

These performance indicators collectively provide a more comprehensive understanding of a garbage bin model's 

strengths and weaknesses. A high overall accuracy may not guarantee a good model, as it can be misleading in 

imbalanced classes. Therefore, this paper considers metrics like recall, precision, and F1-Score to gain a deeper insight 

into the model's performance, especially when misclassification costs vary between classes. 

Results and Discussion 

As depicted in Table 1, the performance of AlexNet, VGG16, CNN4, and CNN5 models stands out remarkably across 

clean and noisy datasets. Regarding accuracy, it becomes evident that CNN5 attains the highest accuracy on clean 

datasets, whereas CNN4 exhibits superior accuracy when dealing with noisy datasets. 
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The provided results of the CCN5 model with a clean dataset (accuracy 1.0, R2-Score 1.0, Precision 1.0, Recall 1.0, 

F1-Score 1.0 and area under ROC 1.0) reflect the performance of a classification model. The outstanding results from 

the CNN5 model's performance on the clean dataset underscore its exceptional classification capabilities. These 

metrics offer insights into how well the model performs regarding the Empty and Full classes and how well the model's 

predictions match the actual data variability. In the noisy dataset, a negative R2 score, such as -0.103, suggests that 

the model's predictions do not explain the data variability, which might indicate that the model is not well-suited for 

this dataset. 

The provided results of the CCN4 model with a noisy dataset (accuracy 0.96, R2-Score 0.85, Precision 0.97, Recall 

0.96, F1-Score 0.96 and area under ROC 0.96)  reflect the performance of a classification model. This shows its 

commendable classification performance. The model demonstrates a balanced interplay between accuracy, precision, 

recall, F1-score, and AUC-ROC, signifying its capability to handle structured data and make accurate predictions. The 

R2-score of 0.85 is considered relatively high and is often considered a good fit for many applications. It implies that 

the model's predictions provide valuable insights into the target variable and are likely helpful for making accurate 

predictions or understanding the relationships between variables. Table 1 provides a more in-depth analysis. 

Table 1. Comparisons of AlexNet, VGG16, CNN4, and CNN5 model’s performance 

Model 

Type 

Data 

Type 

True 

Empty 

False 

Empty 

False 

Full 

True 

Full 

Accuracy R2 

Score 

Precision 

Score 

Recall 

 Score 

F1 

Score 

ROC 

Curve 

AlexNet Clean 80 1 0 64 0.99 0.97 0.99 0.99 0.99 0.99 

 Noisy 377 0 73 271 0.89 0.59 0.92 0.89 0.90 0.89 

VGG16 Clean 75 0 1 74 0.99 0.97 0.99 0.99 0.99 0.99 

 Noisy 260 30 6 441 0.95 0.93 0.98 0.94 0.96 0.95 

CCN4 Clean 71 4 0 75 0.97 0.89 0.97 0.97 0.97 0.97 

 Noisy 265 25 0 447 0.96 0.85 0.97 0.96 0.96 0.96 

CCN5 Clean 75 0 0 75 1.0 1.0 1.0 1.0 1.0 1.0 

 Noisy 288 192 2 255 0.74 -0.10 0.99 0.57 0.72 0.80 

Conclusions 

When applied to the clean dataset, CNN5 produces results that are nothing short of remarkable. Accuracy, R2-score, 

precision, recall, F1-score, and area under the receiver operating characteristic (AUC-ROC) all being flawless 

exemplify CNN5's unparalleled proficiency in dealing with clean, well-structured data. These findings have far-

reaching ramifications in fields like image analysis, NLP, and science, where precise and trustworthy predictions are 

of the utmost significance. The CNN4 model performed exceptionally well when applied to the noisy dataset. 

Accuracy, R2 score, precision, recall, F1 score, and AUC-ROC are only some of the metrics that highlight how well 

the model handles noisy data. Considering the pervasive presence of noise in today's data landscape, the consequences 

of these discoveries are far-reaching, touching on fields as diverse as garbage identification, medical diagnosis and 

economic forecasting. Hence, this paper recommends the CNN5 model best suited for clean datasets and CNN4 for 

noisy datasets.  While impressive results are undoubtedly promising, the broader context and potential limitations 

must be considered to ensure reliable and meaningful outcomes in practical scenarios. Hence may be used to monitor 

garbage bins and used as an application in smart cities. Despite progress, problems, such as uneven data distribution, 

environmental fluctuations, and more clarity in the models, still need fixing. Additional work might be done to 

integrate the system into real-world garbage management scenarios, investigate transfer learning techniques, and 

incorporate real-time data sources. 
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