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Abstract

This master’s thesis addresses the problem of detecting and classifying hazardous waste in ur-
ban spaces. Urban environments are becoming increasingly loaded with hazardous waste, posing
significant environmental risks in addition to those related to public health.

Continuous technological advances in object detection have the potential to detect and cate-
gorize this waste automatically and can serve as a tool for waste management purposes, including
pollution prevention. In the following dissertation, we investigate object detection approaches
using the YOLOv8 model trained with a custom dataset from images collected from the Open
Images V7 and COCO datasets. In addition to training with the YOLOv8 model, hazardous waste
detection was tested on a pre-trained Detectron2 model and custom training using images from
the COCO dataset.

To create a custom dataset for hazardous waste detection, images were collected from two
different datasets with classes that helped detect some objects. The datasets used were Open
Images V7 and COCO.

Several experiments were carried out throughout the research with customized datasets from
the COCO and Open Images V7 datasets to detect the waste sought here in this research. However,
the results did not achieve the objective, leaving gaps and doubts about why hazardous waste was
not found in the images collected in the municipality of Funchal.

The dataset stored on the Tidy City project server has thousands of images, but it is not impos-
sible to say whether any of them contain hazardous waste. It is also impossible to say that there is
no hazardous waste due to the low accuracy of some trained models.

The first experiment carried out with YOLOv8 and images collected from Open Images V7
obtained an mAP of 0.5 due to the lack of balance with the classes placed in the dataset but
obtained an mAP of 0.78 for the microwave class, whose detection was suitable for images tested
on random waste.

The second experiment performed with YOLOv8 and images collected from COCO obtained a
mAP of 0.4 and failed to balance the classes. Even though the overall mAP was low, the individual
mAP for the laptop class was 0.68, and the detection of random trash in the image was more
assertive.

Experiments were also performed with Detectron2 pre-trained with a mAP of 0.9. Even though
it was good, it caused confusion in some objects, not detecting all the laptops in the trash in the
test image, only the sharper ones, as were the models trained here in the experiment.

We are concluding the need for a more worked dataset in outside images with several versions
and angles.
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Chapter 1

Introduction

1.1 Problem and Context

When we think of environmental problems, a number of extremely important issues come to mind.

One of them, which consequently ends up interfering in others, is the problem we have with waste

management in urban spaces.

In public places we see more and more garbage in the wrong places, outside the garbage cans

and garbage that can be lifethreatening. It’s hard for people to be careful about the type of garbage

they put in and out of the garbage can and they don’t realize how dangerous this lack of care can

be. The importance of understanding the waste we have and categorizing it in a more assertive

way has become increasingly important in dealing with it Çipi (2023).

There’s another problem that’s also important to take into account when we talk about respon-

sibility for the waste we throw away. The truth is that it’s not just the citizens’ fault for not being

careful. The government also doesn’t advertise very well where people can throw some types of

unconventional waste in the garbage cans Neofotistos et al. (2022). For example, when you have a

battery at home and it needs to be disposed of, people usually have no idea where they can throw

this type of waste, which is very dangerous for the soil, and because they don’t know, they end

up throwing it in the wrong places, often going into ordinary garbage and contaminating the soil

when thrown into landfills Çipi (2023); Neofotistos et al. (2022). Studies carried out in Portugal

show that a very high percentage of waste is still sent to landfill Apambiente (2022).

This shows how much waste is not properly classified. The study also revealed a low percent-

age of hazardous waste studied, illustrated in figure 1.1, which raises the question of how this type

of waste is being managed. And why is it important to pay attention to this type of waste.

Waste such as household appliances and electronics can release highly harmful substances

and endanger the soil, contaminate the water and put the lives of people living near these areas in

danger Rajesh et al. (2022).

1



Introduction 2

Figure 1.1: Graph showing the classification of waste in Portugal in 2022.

1.1.1 Difficulty

The problem of waste management is a much talked about issue in every country, none of which is

exempt from the problem, not least because it is a global problem. The planet belongs to everyone,

and the lack of care we take with the waste we generate puts people’s survival at risk. Without

good soil, where will food be produced? These questions have been debated many times, and it is

not easy to find a solution to them.

The amount of waste and types of waste dumped is enormous, and sorting and separating it

correctly is a very complex task, even for an AI. The environment can deform garbage and can

also have various shapes. So, how can we build an algorithm capable of identifying any type of

waste on the streets and categorizing it assertively?

The images in the datasets available for building an algorithm are not assertive, making it very

difficult to detect hazardous waste. For this reason, the problem becomes increasingly difficult

to solve. To solve the problem, the dataset must have several images of each type of waste and

deformities registered and annotated to achieve good detection.

1.1.2 Initiative

The project was suggested by the INESC TEC institute (Institute for Systems and Computer En-

gineering, Technology and Science), which has been dedicated to solving real-world problems for

more than 30 years INESC TEC (2022). The theme meets a very important need to help improve

our planet through waste management. The institute has a partnership with the Tidy City project,

from which images will be extracted to carry out training in detecting hazardous waste.

1.2 Motivation and goals

A sharp increase in hazardous electronic, chemical, and toxic materials accompanies the rapid

urbanization and population growth that cities produce. If not properly disposed of, they can emit

toxic materials into the atmosphere, polluting land, water, and air. Additionally, the inhalation

of these substances by people can become dangerous for public health as they cause skin and
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respiratory diseases, up to cancer. Thus, the early detection of these wastes in urban centers is

essential to serve as a basic rule for reducing them and avoiding conflicts promoting health.

The primary goal of this project is to create a computer vision model that will be able to iden-

tify different hazardous waste types in urban areas with high precision. Deals with hazardous

wastes like e-waste and other such waste, which are dangerous for the environment and human

health. The model should be sensitive to the capacity to identify such wastes under various extra-

mural conditions and complex city landscapes.

1.3 Classification

To achieve this dissertation’s objective and detect hazardous waste in urban spaces, customized

datasets were created and focused only on objects considered dangerous to the environment and

people’s lives. Images were collected from the Open Images V7 and COCO datasets to assemble

a customized dataset with images of laptops, TVs, toasters, microwaves, cell phones, hair dryers,

ovens, tablets, and refrigerators.

1.4 Document’s Structure

Chapter 2: In this chapter, the dissertation explores detection techniques and deep learning models.

It also presents evaluation metrics and benchmark datasets.

Chapter 3: Related Research Work. This chapter explores other work that has contributed

to this research’s advancement and future work goals. It also contains a survey of existing and

available datasets.

Chapter 4: This chapter is dedicated to the state of the art. It discusses which datasets and

models were used by the authors, what results were obtained, and the pros and cons.

Chapter 5: This section presents the methodology used in this dissertation. How the training

and validations were carried out. Which models were used, and how was the customized dataset

for training the models constructed.

Chapter 6: This section discusses the results obtained from the training and the losses and

gains.

Chapter 7: Future work, discussion of this model and possible improvements on the algorithm

or architecture, theories in optimization techniques



Chapter 2

Object detection models and
architectures explored

Object detection is a vital sub-stream of Computer Vision that deals with identifying or recog-

nizing objects (instances) within an image. The ability to effectively detect and classify images

separates the success from failure for many Artificial Intelligence creations in real-world appli-

cation areas. Object detection is a core problem in many applications, e.g security management

systems, autonomous driving system, environmental monitoring, etc Redmon et al. (2016a).

The state of the fast-progress deep learning library has prevailed to support contemporary

object detection and is thus predestined for optimal accuracy, but we have to train a new AI system

from scratch. However, there is plenty of room to continue improving in both aspects (accuracy

and computation efficiency) for optimal performance Lin et al. (2017).

Figure 2.1: Computer vision techniques

Generally, object detectors are divided into two families: one-stage and two-stage. One has

greater precision and the other is more agile in detecting objects.

One-stage detectors: One-stage detectors are known for their faster and more resource-

efficient. Doing one-step object detection (Locate the place of objects on a piece and classify

these pieces together with their label) using this model.One-stage detectors work even faster, that

is very suitable for object detection under the real-time in one stage.

YOLO (You Only Look Once): YOLO is also among the most common one-stage detectors.

Therefore it divides the image into a grid, and predicts each bounding box simultaneously with

4
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Figure 2.2: Schema two and one stages

class probabilities for each object in that cell. This technique is very fast, and its accuracy may be

lower than that of two-stage detectors. Earlier versions were criticized for their accuracy in front

of speed trade-off, but the latest ones, such as YOLOv8, are better on both axes and applicable to

a wider range of use cases Redmon et al. (2016a).

RetinaNet: Focal Loss, which we briefly talked about in the section on one-stage detectors

is proposed to handle the problem of class imbalance where objects from smaller classes can be

under detected. RetinaNet is a one-stage detector that is faster than other such detectors in the

market while offering better accuracy, hence making it suitable for use-case where we care more

about speed Lin et al. (2017).

Two-Stage Detectors As the name implies, two-stage detectors split object detection into two

major stages: first, image region proposals are proposed (Region Proposals), and then the actual

objects inside these regions are detected by classifying them.

Faster R-CNN: Faster R-CNN is one of the famous two-stage detectors. In the first phase, a

Region Proposal Network (RPN) is used to identify candidate bounding boxes. These suggestions

are then further polished, and they are categorized as well to reveal the objects in an image. While

Faster R-CNN achieves high accuracy, its longer run time also makes it less suitable for real-time

scenarios than the one-stage detectors Ren et al. (2015).

Mask R-CNN: Mask R-CNN proposes a simple framework that can be used to speed up and

improve several Computer Vision tasks, including localization (object detection), segmentation,

and reading stuff. Besides object detection and classification, Mask R-CNN also provides a binary

mask in which the exact outlines of each detected object are marked. It is helpful in tasks that
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require high segmentation quality (such as object detection in complicated or congested environ-

ments) He et al. (2017b).

2.1 Performance evaluation and benchmark datasets

Chapter to present some basics of performance evaluation metrics and evaluations of how things

work according to each model explored here in this dissertation.

Computer vision is a subfield of artificial intelligence that will allow machines to see the

world as they actually understand and act upon visual info simply like humans. Computer vision

is a field that studies how to make computers understand the contents of images from the real

world, as well as acquire and identify data. This field of application has applications in the fields

of security, healthcare, transportation, and manufacturing. Zhao et al. (2019)

2.1.1 Performance Evaluation in Computer Vision

Efficient performance evaluation of computer vision models is necessary to guarantee high stan-

dard functioning in real-time scenarios Zhao et al. (2019). Evaluation usually means comparing

the actual model predictions with ground-truth labels of data. Evaluation metrics allow us to mea-

sure how well the model is doing Lin et al. (2017).

2.1.2 Performance metrics

Some of the main performance evaluation metrics for computer vision are:

Accuracy: The percentage of correct predictions on all predictions made by the model. Though

accuracy is a straightforward metric, it can be misguided if we work with imbalanced datasets Lin

et al. (2017).

Figure 2.3: Accuracy

Precision of Positive class: indicates the percentage of correct optimistic predictions. This is

useful when the cost of a false positive is high, as in medical diagnostics He et al. (2017a).

Figure 2.4: Precision of Positive class
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Recall (True Positive Rate): The percentage of positive samples the model correctly identi-

fied. It is helpful in cases where we need to ensure that all true positives have been captured—there

are a reasonable number of false optimistic predictions Girshick (2015).

Figure 2.5: Recall

F1 Score: This is the harmonic mean between precision and recall, which helps to balance

both. In Girshick (2015), this is especially useful when precision and recall are competing.

Figure 2.6: F1 Score

2.1.3 Applications of Metrics

Metrics like these are how the evaluation is performed per task and apply depending upon which

task-specific context. In medical diagnostics, for example, false negatives can be more serious

than false positives He et al. (2017a), as making mistakes of missing a disease is a higher cost

than one patient receiving the wrong diagnosis. On the other hand, false positives might be more

acceptable in a product recommendation system Lin et al. (2017).

For computer vision to be effective in security, it needs to decrease false negatives, which

means we cannot miss any threat Zhao et al. (2019). However, it is also essential to reduce false

positives to avoid unnecessary alarms, such as warnings and wasted resources Redmon and Farhadi

(2018).

Analysis: Counting True Positives and False Positives
True Positives (TP): Indicates the cases in which the model correctly predicted positive class.

A true positive would be — for example, a model correctly predicting an intruder in something

like an intrusion detection system Zhao et al. (2019).

False Positives (FP): The model incorrectly predicted the positive class. For instance, still

based on the same example, a case of false positive would be this model indicating that behind

our closed door, there is an intruder and consequently generating an unnecessary alarm He et al.

(2017a).

This is equivalent to both True Negatives and False Negatives :

True Negatives (TN): This is when the model correctly predicts the negative class. For this

reason, the model is right not to assume there is an intruder Lin et al. (2017).
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False Negatives (FN): When the model wrongly predicts Sarabchian and Mühlhäuser (2022)

a True Positive class as Negative. In this case, an example of a false negative might be if the model

failed to detect an attacker and the attack slipped under their notice Girshick (2015).

2.1.4 Example of confusion matrix

Predicted Positive Predicted Negative
Actual Positive TP = 50 FN = 10
Actual Negative FP = 5 TN = 35

Table 2.1: Confusion Table

True Positives (TP) = 50: The model correctly predicted 50 cases as positive.

False Negatives (FN) = 10: The model predicted 10 cases as negative, but they were positive.

False Positives (FP) = 5: The model predicted 5 cases as positive, but they were negative.

True Negatives (TN) = 35: The model correctly predicted 35 cases as negative.

2.1.5 Cross-validation

Cross-validation is essential in machine learning to test the performance of models with more

confidence and avoid overfitting. Cross-validation performs in a way for the data distribution

where it trains and fits the model using multiple divisions as opposed to training-testing split,

compelling hyperparameters values being tested Hastie et al. (2009).

The simplest cross-validation method is k-fold-cross validation. Data is split into k subsets

(a.k.a. "folds") of approximately equal size in this method. The model is fitted with the training

set k times, wherein each run, one of the k folds from unsegmented data as a test dataset was

treated alternately. Finally, the performance of the model is determined by averaging evaluation

metrics over each architecture for k runs Kohavi (1995).

For example, say k = 5 (k-fold cross-validation), and the data is divided into five sets of trains

in four parts and tests in the other part. Repeat this process five times, each time with a different

part test set.

2.2 YOLO - You Only Look Once

Real-time Object Detection is an exciting area in computer vision, and YOLO (You Only Look

Once) is one of the most famous real-time object detection systems. Mainly proposed by Joseph

Redmon and others in 2016 Redmon et al. (2016a), YOLO is distinct from many popular methods,

such as Faster R-CNN for being a single-stage object detection scheme, without the need for

multiple stages to find a bounding box (BB) followed by classifying at its inside. The idea behind

YOLO is very straightforward. The model detects and classifies objects in a single pass, so instead

of object detection over multiple passes or stages, it executes both localization and recognition
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simultaneously. This allows for a high-speed detector with relatively higher accuracy Redmon

et al. (2016a).

YOLO works by splitting the input image into a grid (e.g., 13x13 or 19x19, depending on

the architecture). The cells in the grid will predict a bounding box (during training, every cell is

responsible for predicting two boxes) and its class Redmon et al. (2016a). YOLO considers object

detection to be a single regression problem where it predicts both bounding box coordinates and

corresponding class probabilities simultaneously.

Figure 2.7: YOLO algorithm

Description of output: The number of grid cells in a single image (let us consider this as S) is

divided among different bounding boxes such that each cell predicts at most B predictions, where

2 less B less equal 5. For each such predicted box, the model returns the following information:

Bounding box coordinates (x, y, w,h)

The certainty about the box storing an object

The probabilities for each object follow the class score.

Based on this answer, the model will combine all these predictions to get the final list of

bounding boxes with high-confidence p-scores and then remove low-confidence detections (using,

e.g., Non-Maximum Suppression NMS), which removes overlapping boxes for stuff like an input

video or image that only has a few actual images in it towards basically trying to keep just whatever

box is most confident above some threshold Redmon et al. (2016a).

2.2.1 Evolution of YOLO Versions

The architecture has come a long way since the first version of YOLO, improving accuracy, speed,

and computational efficiency.

YOLOv5: YOLOv5 has good accuracy, but newer versions outperform it on more complex

tasks or with smaller-scale objects contained within an input image. However, it remains more

competitive for accuracy/speed trade-offs, especially in industrial/commercial environments Ultr-

alytics (2020).

YOLOv7: Is more powerful and accurate than YOLOv5, especially on the COCO dataset. The

model performs best in mAP, especially for small object detection and robustness against adverse

environments Wang et al. (2022)

YOLOv8: The YOLOv8 model is the most accurate of all versions, and it detects complex ob-

jects, i.e., shadows or partially hidden objects, very well. Including new capabilities like instance
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segmentation to the YOLOv8 makes it one of the most versatile and powerful computer vision

tools Ultralytics (2023).

In terms of speed:

YOLOv5: It gained its name due to the speed it offers in terms of training and inference. This

makes it perfect for use cases needing the lowest latency possible, such as real-time applications

Ultralytics (2020).

YOLOv7: Though YOLOv7, then again, confirmation disguised improved exactness, abso-

lutely protects exceptionally aggressive speed, making it reasonable to be great for constant appli-

cations. However, there could be a little increased latency compared to YOLOv5, especially for

high-resolution images Wang et al. (2022).

YOLOv8: YOLOv8 was briefly architected for greater accuracy and less speed. This means

that this model can run on models with low performance, but should it be characterized enough to

take advantage of resource constraints Ultralytics (2023).

2.3 Detectron2

Detectron2 is PyTorch’s open-source, high-quality object detection (instance segmentation) code-

base. It implements state-of-the-art Computer Vision tasks like Object Detection and Instance

Segmentation Transform Labs (2024) with it is its rich API to easily interact with machine learn-

ing models using JSON format datasets, significantly reducing coding effort to develop Machine

Learning Models. Detectron2 is the second version of Facebook AI’s open-source object detection

library, released recently, and represents an evolution of Detectron that has been implemented us-

ing PyTorch. This design allows for computing research experiments with fewer lines and better

performance during deployment compared to libraries built from previous frameworks, such as

Caffe 2, which was used in early versions.

Detectron2 is a Computer Vision solution that consists of several Computer Vision algorithms.

It distinguishes itself by providing the end user with great flexibility in that models can be created

and tailored to target detection and segmentation tasks. Detectron2 is rooted in convolutional

networks (CNNs) architecture, a type of deep neural network iot (2024).

At the high level, Detectron2 architecture consists of three main components.

Backbone: The backbone is the Convolutional network, which will extract features of the in-

put image. Some famous backbones are ResNet and FPN(Functional et al.). This allows the model

to capture fine details and global structures of the image He et al. (2016) by feature extraction in

multiple layers of abstraction performed (backbone).

Detection Head: Generates bounding boxes and classes of the objects in the image after

extracting features. Detectron2 has out-of-the-box support for many detection heads, including

Faster R-CNN for object detection and Mask R-CNN instance segmentation Ren et al. (2015).

Segmentation Head: For instance, in segmentation, Detectron2 also employs a standard per-

pixel binary classification ask over the object bounding boxes. The binary mask specifies exactly
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which pixels in the image make up an object; these masks are beneficial for applications requiring

very accurate contouring, such as medical analysis and Industrial automation He et al. (2017b).

Detectron2 is exceptionally well equipped to develop high accuracy on all computer vision

tasks. It has been trained extensively using the COCO (Common Objects in Context) and Mapil-

lary Vistas benchmarks, performing with more excellent precision/recall than other known object

detection libraries Lin et al. (2014).

For object detection, Detectron2 uses Faster R-CNN, which falls under the category of two-

stage approaches where it first generates regions-of-interest proposals followed by region classi-

fication. Although slower than one-stage detectors, two-stage detections are more accurate, espe-

cially in the case of complex scenarios where objects might be occluded or at different scales Ren

et al. (2015).

Instance Segmentation: This is more challenging than object detection because it requires

predicting the location and class and an additional accurate running mask that can delineate each

object. Task detectron2, on the other, is one of the latest and should have high accuracy and

an efficient architecture in terms of computer resources since it supports Mask R-CNN He et al.

(2017b).

Detectron2 is more accurate than other computer vision libraries (like YOLO) anyway, and

specifically, for instance, segmentation police, it works better compared to the rest. However, This

greater precision comes with a higher inference time price, which can be cumbersome in real-time

applications like security systems and autonomous driving Liu et al. (2016).

2.3.1 Limitations and Challenges

Finally, although Detectron2 is a great tool, it has some drawbacks. One of the biggest challenges

is how computationally expensive it has been to train and infer with these complex models. In

contrast, two-stage methods like Faster R-CNN and Mask R-CNN have a higher computational

cost compared to one-stage method, which is computationally expensive edge devices Ren et al.

(2015).

This may not be the best choice for real-time detection, in which inference time is a critical

factor, e.g., Detectron2 March 2020 with the error of class) These models are much faster. Choose

a model like YOLO or SSD if you need more speed (but potentially less accuracy). For use cases

where the relative clinking FPS is concerned, Detectron2 could be a good option, and it went better

than Yolo Redmon et al. (2016b).

While Detectron2 is highly flexible, it can also be cumbersome for those new to computer

vision. There is some cost in requiring hyperparameter optimization to understand the underlying

architecture and further requires a training procedure to be designed; these are barriers for most

users. Nevertheless, comprehensive documentation and an enthusiastic developer community pro-

vide means to overcome these pitfalls Paszke et al. (2019).
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2.4 Mask R-CNN

Mask R-CNN is a simple and effective Single Shot MultiBox Style method that adds a reshaping

branch for segmentation to the existing Faster RCNN framework, thus extending it with the third

task of instance-based dense-segmentation identification. Mask R-CNN, developed by Kaiming

He and collaboration, further tackles a more complex problem in computer vision – instance seg-

mentation, which demands object detection that outputs the bounding boxes with corresponding

classes and accurate binary masks delineating the objects precisely.

2.4.1 How Mask R-CNN Works

Mask R-CNN and Faster R-CNN are two-stage object detectors. In the first stage, we use a RPN

Region Proposal Network to produce ROIs that might contain objects. At the next level, these

proposals are refined and used to predict object class and bounding box. The core of Mask R-

CNN lies in generating an ROI for each object while simultaneously extracting a pixel (binary)

mask that appears as the objective and making these predictions He et al. (2017b).

Mask R-CNN adds a branch to its architecture that is responsible for segmentation in parallel

with the classification and box regression branches to accommodate this extra layer. The segmen-

tation module is a tiny, Fully Convolutional Network (FCN) that predicts a segmentation mask

pixel by pixel for each ROI He et al. (2017b). We desire the model to produce an accurate mask

for every detected object without class, location, or scale dependency.

2.5 Faster R-CNN

Faster R-CNN is arguably one of the most influential models in computer vision, and has rev-

olutionized object detection. Faster R-CNN: The Faster R-CNN Ren et al. (2015) was created

by Shaoqing Ren, Kaiming He, Ross B. Girshick, and Jian Sun, covers the successive models of

region-based CNNs, i.e., Fast RCNN (a better version of its predecessor-RCN), but most crucially

it is responsible for bringing about an end to racing in real-time object detection: a Region Pro-

posal Network. In this paper, the Faster R-CNN model will be reviewed in a critical way to show

how it works, its accuracy and characteristics, and its strengths and weaknesses in detail.

2.5.1 How Faster R-CNN Works

The RPN is efficient and can be shared between multiple detection and segmentation tasks to im-

prove performance while saving on inference time. This adaptation of Faster R-CNN makes it ver-

satile enough to be used for a wide variety of applications, from real-time ones such as pedestrian

detection in autonomous vehicles Ren et al. (2015) to tasks requiring high accuracy on platforms

that operate with NLPs running at lower frame rates or have a more complex environment around

them.
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After the RPN generates the ROI proposals, it proceeds to a second stage where a classification

and regression head predicts the class for each object and adjusts bounding boxes so that they align

better with the edges of objects. This process is vital to finetune the RPN proposals suggested in

the first stage for better model precision Ren et al. (2015).

Faster R-CNN employs a Region of Interest Pooling (ROI) layer by which proposals with

different sizes are downsampled to fixed sizes before being fed into the classification head. This is

important for the model to be scale-agnostic, as it makes a general approach in handling proposals

of multiple scales Ren et al. (2015).

2.5.2 Accuracy and Performance

Faster R-CNN is well known to accomplish accurate object detection on benchmarks like COCO.

Faster R-CNN has shown state-of-the-art results in the context of mean average precision (mAP),

and its generalization performance is excellent when high accuracy detection for small or partially

occluded objects is needed Lin et al. (2014). Moreover, Faster R-CNN enhances its detection

performance because it uses a region proposal network (RPN), which generates high-quality pro-

posals resulting in fewer false positives and negatives in the final prediction Ren et al. (2015).

Unfortunately, while the time it takes to do so is significantly longer due to this high accuracy,

faster R-CNN is not the state-of-art among single-step detectors, i.e., you can find much faster

tools, for instance, YOLO or SSD. It means it cannot be used in situations requiring very low

latency — e.g., autonomous vehicles or real-time security surveillance systems Redmon et al.

(2016b).



Chapter 3

State-of-the-art Analysis

3.1 Datasets

Datasets play a crucial role in designing and implementing such new classification algorithm for

garbage containing image data which is already well-chunkified along with the annotations so that

all could be reused on an as-needed basis during the course of study. Any research may practically

count on a diversity of datasets designed to serve specific purposes, yet they are used concurrently

with the same aim that would be advancing knowledge and application in their sectors.

We consider, in this context for selecting the datasets well tailored to detect and classified

hazardous waste within those limits. Thanks to these and other specialized respositories AgaMiko

(2023), where a comprehensive compilation of such resources can be found, we are able to pin-

point the most optimal ones for codebase validation testing on hazardous waste identification

models. These repositories help to identify available datasets, with a way for researchers to filter

these by specific criteria (e.g., waste type, annotation coverage and relevance of the dataset).

Choosing sets of such datasets that have been aggregated in a careful manner ensures not

only enriched quality results but also guarantees better tuning and precision enablement within the

model trained to identify or classify hazardous waste from its safe-to-environment counterparts,

which is imperative in reducing environmental impacts by developing smarter methods for more

efficient waste management.

TrashCan 1.0 - The TrashCan dataset is a collection of images I have annotated (currently

7,212) which depict multiple instances for various objects such as trash or ROVs and many types

underwater flora fauna. The dataset annotations in this case took the form of instance segmentation

annotations: mappings where, for each object id present in an image at least once across all training

and test images, there is a bitmap containing both foreground/binary mask as well as background

class that differentiates which pixels contain each oak canopy. TrashCan is provided with the

imagery from J-EDI (JAMSTEC E-Library of Deep-sea images). of Minnesota (2018).

TACO - Here is the latest live version of this dataset as it gets updated. At the time of writing

this article, the total number of images on our server is 1500 with 4784 annotations and still

many more to be annotated from new uploaded image files=3918. These annotations fall under

14
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60 classes that are part of 28 super categories Here you can see the counts for both category and

super-category annotations. Dataset (2024c).

UAVVaste - The UAVVaste dataset consists to date of 772 images and 3718 annotations. The

main motivation for the creation of the dataset was the lack of domain-specific data. Therefore, this

image set is recommended for object detection evaluation benchmarking but also for developing

solutions related to UAVs, remote sensing, or even environmental cleaning. The dataset is made

publicly available and will be expanded Kraft et al. (2021).

Trashnet - The dataset consists of six classes: glass, paper, cardboard,plastic,metal and trash.

There are 501 glass, 594 paper, 403 cardboard, and metal images (totaling to a count of 1500),

while already established datasets only cover around that amount Thung and Yang (2016). The

images are low resolution as they were captured on cell phone cameras. The photos are 512 x 384.

TrashBox - The dataset contains images of the following classes: glass, paper cardboard,

plastic (waste), metal and a few pictures record for transparency. The dataset has 501 glass, 594

paper, 403 cardboard, 482 plastic ,410 metal and137 trash from the TrashBox with total amount

of2527 images Kumsetty et al. (2022). The high resolution is not there due to the fact that it

was taken by a cell phone camera. Photos are 512 x 384 Trash Object Dataset For Garbage

Classification And Detection These are image data with labels gathered from waste objects, they

have 17785 samples divided into classes :glass, plastic,metal, e-waste (wires etc.), cardboard,paper

and medical waste. Sub-categories, based on class Hospital waste: syringe, surgical gloves, mask

and medicine each with a sum of 2010 images; E-waste: It is related to electronic products such as

computer chips, laptops (And so on.), Apple accessories,Optical cables for TV set-top box power

supplies and NVC remote controls plus other electrical appliances and cigarettes class among

plastic classification count. This class includes a combined amount of 2669 images and the items

in them are plastic waste: bags, buttons,bottle caps,cups, electronic cigarettes. Paper waste: paper,

food packaging paper cups and so on, 2695 images. Metal waste: cans, metal construction trash

and other metals (2586 images) It also has a glass class, which had 2528 images yesterday and

cardboard with an image count of 2414.

COCO - Common Objects in Context (COCO) is a dataset Dataset (2024a) widely used by re-

searchers for initial model analysis. The goal of this dataset is to support object detection, instance

segmentation and image. Over 200,000 annotated COCO images. The 80 common object oper-

ations, including people and animals, cars and other means of transportation, from appliances to

chairs and tables, apples in the refrigerator, different epistemic versions. In COCO, there are mul-

tiple image instances, each with varied objects to create a rich scene for developing AI algorithms

in benchmarking.

Open Images Dataset - Open Images Dataset V7 Dataset (2024b) is one of the biggest and

most annotated image datasets. Its 9 million annotated images situate it as a robust resource for

anyone involved in AI research, product development or machine learning work of any sort. The

size of the dataset is not its onlyistingu characteristic. The annotations are of high quality. It has

more than 16 million bounding boxes for 600 classes which makes Object detection in this model

is high accurate and precise. The Open Images Dataset V7 also features the world’s first instance
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segmentation, checkpoints and visual relationships between objects annotations.

3.2 Versions of YOLO modules for object detection

Garbage management in urban areas is to segregate waste into different categories using CNN

implementation for object detection. Urban waste is, in turn, a growing challenge as more and

more of the world’s population clusters into cities. Inevitably, this new model will be asked about

(challenged) as well. However, there will be a need for a significantly more optimized model with

better waste detection techniques.

In the viewing section Li et al. (2024), Li, Xu, and Lui develop the latest advancements for

technique improvement and optimization regarding resource-constrained computational. They are

turning the YOLOv8 model even more accurate and faster with the CG-HGNetV2 framework

and MSE-AKConv module. The CG-HGNetV2 can use local, contextual, and global information

hierarchically, similar to MSE-AKConv. It has an adaptive attentive mechanism that helps the

model facilitate itself for complicated backgrounds with different features. All of these technical

alterations are crucial in the case of increment detection under challenging conditions or model

optimization for edge devices.

Figure 3.1: Performance Comparison Between YOLO Models

In general, the method proposed in the paper is quite fine. We also use a series of feature

fusion mechanisms and data augmentation techniques, besides proposing a novel loss method

called MPDIoU to enhance the bounding box regression. As shown in the published study, this

strategy definitely increases the accuracy levels of results when applied to the “Huawei Cloud”

dataset. This method can be further enhanced by exploring the challenges of the solution, like

very expensive computational consumption and the time required for AI training.

While the paper shows some significant improvements, we should not avoid context limitations

as well. The first is that the requirement for certain data from a dataset produced by Huawei Cloud;

thus, generalizing it to other contexts or types of residues can be impeded. Further, higher complex

frameworks such as the proposed CG-HGNetV2 may result in slower inference on devices having

very limited resources, which might not be applicable for all the application scenarios.

3.3 Waste management in Bangladesh

This study by Roy, Islam, and Rafi Roy et al. (2024) with the title “Detection and Classification of

Non-Biodegradable Plastic Waste Using Deep Learning: Environmental Scenario of Bangladesh”
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is one great achievement among studies on solid waste management scenario from depth to de-

tection and classification practicum in SSWM based upon most occurring pollutions called plastic

wastes. Given the environmental situation, this study is very important. Plastic waste is a global

issue, but the context of that problem and how important (or urgent) it may be in one local are so

entirely different from another or even two sides within an ocean.

To mitigate the issue urgently, especially gasoline in countries with high populations and low

amounts of garbage management (e.g., Bangladesh is a very perfect example as it often has poor

rating among nations on this subject), The paper uses YOLOv8 to give an estimate for detection

of non-biodegradable plastic waste. Such waste accumulation has a catastrophic effect on the

environment and local communities Roy et al. (2024).

The method the study uses is very well established and proven. For their deep learning model,

the authors chose to use YOLOv8 which an efficient and accurate object detector with high infer-

ence speed. The dataset used for training the model was gathered from Bangladesh as described

in Roy et al. (2024). The dataset is formed by images of plastic waste photographed in different

conditions from rivers, streets or landfills. Therefore, the model can be useful for addressing a

variety of environmental challenges found in Bangladesh and due to this versatility it has good

generalisability.

In addition, one of the pros of the article is that the authors have applied a few data augmen-

tation techniques; hence, the model generalizes from a small dataset. Even though we trained the

model on reconstructions from nearly all lighting and view conditions, it should still generalize

fine under similarly realistic lighting/viewing parameters that are likely to be outside of testing

data.

The results from the article look promising. This model has been shown to detect and clas-

sify non-biodegradable plastic waste with much higher accuracy compared to the previously used

methodologies, which opens for its further use on a larger scale. In environmental aspects, plastic

waste segregation is a breakthrough, and it leads to a huge scope for revolution in solid waste

management in Bangladesh, which also allows the application in different countries.

That being the case, certain limitations require noting recognized, nonetheless positive inter-

pretations. The experiment was held in a specific location, so the input photos are all images that

originated there, making it more constrained. However, scenarios related to varied cities, nature,

etc., were neglected. However, the model is of no use outside that location; its training has already

been tailored to particular requirements (in spite of the augmentation technique).

3.4 Data Augmentation

The research paper Swathi et al. (2023) has filled a vacuum in the deep learning arena through an

exhaustive representational analysis of image augmentation method. It is important because in an

image a single object can look like infinite different things with it changing from one perspective

to the other, under lighting conditions and as per context.
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In addendum, the work covers a variety of data augmentation techniques, from simple to more

complex ones (e.g., rotation/flip vs longitudinal shifting).

Common, simple data augmentation techniques: Rotate translate flip brightness300 × 80Add

localized deformation and apply maximal distortion to increase the invariance of images. These

methods are simple to implement and, indeed, utilized in virtually all computer vision applica-

tions because they offer straightforward benefits without additional computational expense. These

methods do achieve their purpose, but according to the authors have trade-offs. They may, for

example, add some noise to the data when used inappropriately.

3.4.1 Rotation and Scaling

Rotation and scaling are two fundamental geometric transformations that we use to change the

orientation of an object as well as the shape of an image.

Figure 3.2: Rotation and Scaling

3.4.2 Flipping and Cropping

Turning the image either on the left or right doesn’t change its classification in most cases Swathi

et al. (2023). Flipping and cropping are some of the simplest methods to tweak an image’s per-

spective or, more precisely, how it tells a story.

3.4.3 Changing Color

Basic Color Space Transformation Techniques, changes in image colors (brightness-contrast-

saturation adjustments).

3.4.4 Image Noising

This is a kind of data augmentation, and the purpose is simply to generalize your model towards

undesired variations by directly adding noise into images.
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Figure 3.3: Image Noising

3.4.5 Image Blurring

One simple technique is applying blur to the images, simulating out-of-focus or other imperfec-

tions commonly found in image capture.

Figure 3.4: Image Noising

3.4.6 Geometric Transformation

Analogous to the aforementioned canonical transformations, great geometric operations may help

in rotation and scaling but are likely going to be more complex distortions that need access to

some model of the image feature space.

Figure 3.5: Geometric Transformation
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3.4.7 Color Space Transformation

However, a color space transformation in itself can be as complex as converting from one type of

Color model to another (such as RGB —> HSV), allowing fine grained adjustments at the level of

each image element inside this color spectrum.

Figure 3.6: Color Space Transformation

3.4.8 Kernel Features

This method uses kernels to find certain features in an image (such as edges or textures) and is

considered sophisticated due to the complex nature of multivariate kernel sectioning.

3.4.9 Random Erasing

It is an advanced technique where training images are randomly erased by masking blocks of the

snapshot with random numbers to increase the robustness of the model over occlusions and other

variabilities.

Figure 3.7: Random Erasing
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3.5 Dataset Consideration

Li, Xu, and Lui [26] used an upgraded YOLOv8 to recognize waste in urban areas. The dataset

was Huawei Cloud, a waste in the city’s construction. The dataset is notable for its high image

quality and the range of settings, which helped the model be able to recognize various types of

waste in a variety of scenarios.

A study by Roy, Islam and Rafi that was interested in the detection of non-biodegradable

plastic waste using Bangladesh as its model. The dataset they used was directly obtained in the

country and had images of garbage, which were located inside rivers, on streets, or dumpsites.

This dataset could be particularly pertinent to the environmental context of Bangladesh. However,

generalization to other geographic contexts is likely limited.

3.6 Models Consideration

3.6.1 Accuracy

When incorporating the CG-HGNetV2 framework with the MSE-AKConv module, our model

achieved an mAP of 87.4 percent. The high accuracy was mainly due to the various feature fusion

and data augmentation techniques used, which made it robust enough for variability in different

kinds of data. Although high mAP performance, it also brings the extra computational cost for

the segmentation step and may not be suitable for processing in resource-constrained devices.

Additionally, the mAP50 was about 94 percent, indicating that it worked in easier-to-detect cases,

but during more difficult scenarios, such as partially hidden residues, performance dropped.

The mAP of 82.5 percent on plastic waste detection was achieved by the YOLOv8 model.

Data augmentation techniques were used to increase accuracy while handling a small dataset. The

receptive field was extended using images taken at various lighting conditions and different angles,

further helping in boosting the model performance. However, the mAP50 was 90 percent, which

means that in optimal conditions, it worked very well (to localize waste correctly). At the same

time, performance degrades under more stressful circumstances, such as low lighting or inter-class

confusion with other objects.

3.6.2 Speed

The speed of the YOLOv8 processing, as shown in Li et al. (2024), is about 45 FPS (Frames Per

Second), which can be considered acceptably fast for most Real-time applications and scenarios.

Although the use of advanced feature fusion techniques also increased, it is narrower than before,

e.g., in comparison with YOLOv5. The authors mentioned this trade-off between speed and ac-

curacy while targeting applications on resource constraint devices which is one of their primary

contributions in the review.
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The prediction speed of the model was about 38FPS - a bit slower than that reported in (Roy

et al., 2024) because they needed different tuning to fit an extremely diverse set of environmental

conditions present on their Bangladesh dataset.

3.6.3 Pros and Cons

Training these models was the most lengthy process; each model had strengths and weaknesses.

A comparison of all of them can be found here. Indeed, it depends heavily on what you want to

achieve or where you would like to use object detection.

For the paper of Li, Xu, et al. 2024 Pros: Great generalization performance for complex urban

waste with high accuracy. Handles varying lighting and shaping conditions. Cons: Feature fusion

techniques increase the inference time and computational resource consumption, which can be an

issue in mobile or embedded devices.

Bangladesh Roy et al. (2024) Pros: Excellent adaptability, withstands data augmentation, and

is more precise. Cons: Cannot generalize because the dataset is too small. Not being as fast on

inference speed can be a bottleneck for some use cases with high processing rates.



Chapter 4

Methodology

The research aims to detect hazardous waste in the municipality of Funchal-Madeira, Portugal,

through images captured from a car with a standard camera in the municipality of Funchal. There-

fore, this chapter will be dedicated to the methodology applied to creating a customized dataset

for hazardous waste in urban areas and the training of models such as Yolo and Detectron2 to

detect these hazardous wastes. The formation of the customized dataset and how the training and

validation of the detection models occurred will be discussed.

4.1 Custom Dataset for Hazardous Waste

To create the custom dataset focused on hazardous waste, images were collected from two existing

datasets, the Open Images V7 and the COCO dataset, which have thousands of images containing

various objects, including those sought in this research. Objects were selected from both datasets

but trained separately to evaluate the results.

In the first experiment, using images from the Open Images V7 dataset, only the “Laptop”

category was selected, with 1501 training images. The model was trained with these images, and

some analyses were performed to proceed with the creation of the new custom dataset.

In the second experiment, using images collected from the Open Images V7 dataset, 2666

images were selected for training and 266 for model validation. The proposed custom dataset was

created in the following categories: Laptops, microwaves, tablets, hair dryers, and heaters.

For the third experiment with images collected from the COCO dataset, a total of 4092 images

were selected for training and 599 images for model validation. The proposed custom dataset

was created using the following categories: Laptops, microwaves, tablets, hair dryers, keyboards,

toasters, kitchen ovens, TVs, and cell phones.

The custom datasets were trained and validated using YOLOv8n (nano), which has somewhat

low-performance metrics, as exemplified in table 4.1 and 4.2. The datasets were not trained on

other models with better mAPVal, such as YOLOv8x, as a machine with a GPU would be required

to continue training the data.
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Model Size
(pixels)

mAPval
50-95

Speed
CPU ONNX

(ms)

Speed
A100 TensorRT

(ms)
Params (M) FLOPs (B)

YOLOv8n 640 37.3 80.4 0.99 3.2 8.7
Table 4.1: Performance metrics of the model used in this project for detecting hazardous waste
using images from the COCO dataset.

Model Size
(pixels)

mAPval
50-95

Speed
CPU ONNX

(ms)

Speed
A100 TensorRT

(ms)
Params (M) FLOPs (B)

YOLOv8n 640 18.4 142.4 1.21 3.5 10.5
Table 4.2: Performance metrics of the model used in this project for detecting hazardous waste
using images from the Open Images V7 dataset.

4.2 YOLOv8 Model and Open Images V7

The YOLOv8n model, as described in the previous section, was used to train the customized

dataset. YOLOv8 (You Only Look Once, version 8) was chosen for this research because it is

faster than two-stage models and has a high accuracy rate for object detection. Since the project

aims to validate captured images and apply the model quickly and easily, YOLOv8 is a good

solution for the proposed problem of detecting hazardous waste.

4.2.1 Custom Dataset Classification

YOLOv8n uses the bounding box format to locate an intended object in an image containing its

location and store it in coordinates in a txt file with the same name as the image. Within this

txt file, the first position of the text also contains the number of the class of the object being

specified. In our case, the classes “Microwave” were chosen as 0, “Laptops” as one, “Tablet” as

two, “Hairdryer” as three, and “Heater” as four.

When downloaded, the Open Images V7 dataset does not contain the annotations in the format

expected by YOLOv8. The classifications are placed on the labels with the names of the objects.

For this reason, it was necessary to develop a code in Python 3 to convert all the labels of the

images to numbers.

The laboratory used to create the custom dataset was Google Colab, using a simple CPU for

the task.

4.2.2 Training with YOLOv8 model

For training the model, 2666 images from four classes (Laptops, microwaves, tablets, hairdryers,

and heaters) were used. The division of the images by classes is illustrated in Figure 4.1.

The machine configuration used for training was a 4-core, x64, i7 hp CPU for developers. The

model has its settings in the config.yaml file with the location of the customized dataset along
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Figure 4.1: Image division by classes for the Custom dataset trained with YOLOv8n.

with the labels, separated by training and validation. The model used does not use conventional

cross-validation like k-fold, it uses a simple approach, this means that the train does not divide the

data into several parts and the training is done multiple times in different divisions. The dataset

is divided into two parts: Training (train) and validation (val), 90 percent of the data is used for

training and 10 percent for validation. One hundred epochs were used to reach an overall mAP

of 0.5. The classes have different mAPs due to the number of images, which helps the model be

more assertive. For example, the Tablet class has a mAP of 0.81.

4.2.3 Validating Model

To validate the model, 266 images with four classes (Laptops, Microwave, Tablet, Hairdryer, and

Heater) were used.

In the results of Figure 4.2, it is possible to notice that the model’s detection has not yet reached

the final objective. Some images have satisfactory accuracy, others have low accuracy, and some

also have errors in object detection.

4.2.4 Applying model training in the proposed Funchal scenario

A code was developed in Python to validate the images collected in the municipality of Funchal

and to check whether it was possible to find any hazardous waste in the images. The code created

analyzes the images in real time using the tidyCity project API, downloading the images, analyzing

the content, and applying the trained model. However, even after changing the precision and

accepting any prediction, no hazardous waste was found in the collected images on the server.
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Figure 4.2: Validation of the YOLOv8n model with the customized dataset using images from the
Open Images V7 dataset, trained with 100 epochs.

In order to test the model and verify why no images with the trained waste were found, a code

was created in Python to validate input images to check the image output and ensure that the model

learned something and could find some trained object.

The results may be a false negative, as it is impossible to truly state that no images are collected

in Funchal with hazardous waste on the streets. The person responsible for the set of images

collected in Funchal was also asked, and he was also unable to say whether there were images

with the proposed objects (hazardous waste) to be found.

In Figures 4.3 and 4.4, it is possible to see that the proposed objects were found, but their

precision was not good.

4.3 Model YOLOv8 and COCO

For this new experiment, the same YOLOv8n model is used, but with training and validation,

another customized dataset using images from the COCO (Common Objects in Context) dataset

is created. The COCO dataset includes objects in a wide context of scenes, ranging from indoor

to outdoor, which makes it more balanced and suitable for object detection training. The COCO

dataset is among the most popular reference datasets for object detection and segmentation.

4.3.1 Custom Dataset Classification

As described in section 5.2.1, YOLOv8 uses bounding boxes to localize objects within the image.

For a new training session with a dataset of classes slightly different from the previous ones,

images were collected from the COCO dataset.

The images were downloaded from the COCO dataset website using Python code to download

only the desired images. Another Python code was also created to transform the labels file in

JSON format into Txt files with the names of the corresponding images downloaded. The program

searches this JSON for the image category and reads the parameters of the bounding boxes, thus
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Figure 4.3: Test to validate accuracy and detection of microwave object with trained YOLOv8n
model.

creating the corresponding txt. Once the data had been prepared with labels and ready images,

they were separated into training and validation. The separation took place as follows:

• Training Set:

– TV: 713 images

– Toaster: 217 images

– Refrigerator: 704 images

– Oven: 718 images

– Microwave: 698 images

– Laptop: 747 images

– Keyboard: 712 images

– Hair Dryer: 189 images

– Cell Phone: 705 images

• Validation Set:

– TV: 154 images

– Toaster: 8 images

– Refrigerator: 101 images

– Oven: 115 images

– Microwave: 54 images

– Laptop: 166 images

– Keyboard: 106 images

– Hair Dryer: 9 images

– Cell Phone: 143 images
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Figure 4.4: Testing to validate accuracy and detection of Laptop object with trained YOLOv8n
model.

4.3.2 Training with YOLOv8 model

To train the model, 4092 images were used in nine classes (Laptops, microwaves, TVs, hair dryers,

toasters, refrigerators, ovens, keyboards, and cell phones). The division of the images by class is

illustrated in Figure 4.5.

The machine configuration used for training was a T4 GPU with the Google Colab platform.

The model has the settings in the config.yaml file with the location of the customized dataset next

to the labels, separated by training and validation. The machine configuration used for training

was a T4 GPU with the Google Colab platform. The model has its settings in the config.yaml file

with the location of the custom dataset next to the labels, separated by training and validation. The

model uses conventional k-fold cross-validation, since the scenario sought here in the study is very

specific to electronic objects and does not require a broad generalization of data. In addition, cross-

validation, especially in complex models such as YOLOv8, can be computationally expensive and

time-consuming.

The training uses a simple approach, which means that the training does not split the data into

multiple parts. The dataset is divided into two parts: 90 percent of the data is used for training and

10 percent for validation.

One hundred epochs were used to arrive at an overall mAP of 0.4. The classes have different

mAPs due to the number of images, which helps the model to be more assertive. For example, the

TV class has the best mAP of 0.62, and the cell phone and hair dryer classes have low mAPs of

0.13 and 0.
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Figure 4.5: Image division by classes for the Custom dataset with images collected from the
COCO dataset and trained with YOLOv8n.

The training results used 168 convolutional and normalization layers, 3,007,403 trainable pa-

rameters, and 8.1 GFLOPs, showing that the model performs 8.1 billion floating point operations

per second.

The total evaluation metrics covering all classes were 599 images used for validation, 1144

instances detected, an average detection precision of 0.67, recall of 0.35, mAP50 of 0.4, and

mAP50-95 of 0.2.

Figure 4.6 shows all the results separated by class.

4.3.3 Validating Model

To validate the model, 599 images were used in nine classes (Laptops, microwaves, TVs, hair

dryers, toasters, refrigerators, ovens, keyboards, and cell phones).

In the results of Figure 4.7, it can be seen that the model’s detection has not yet reached the

final goal, with some images having satisfactory accuracy, others having low accuracy, and some

with errors in object detection.

4.3.4 Applying model training in the proposed Funchal scenario

As mentioned in section 5.2.4, a Python code was developed to fetch images from the tidyCity

project server, but even applying the model trained with the new customized dataset with images

from the COCO dataset, it was still not possible to find images with hazardous waste.



Methodology 30

Figure 4.6: Summary of training results using the custom dataset based on images collected from
the COCO dataset using the YOLOv8n model.

However, for testing purposes, they were tested on the same image used in section 5.2.4 to

check the accuracy values that resulted in finding the desired object in the image, which, in the

case of Figure 4.8, was to find the laptops in the rubbish bin.

It is possible to observe in Figure 5.8 an improvement compared to the model using images

from the Open Images V7 dataset (Figure 5.4). Even though the mAP is lower for the laptop class

in this training with the images from the COCO dataset, the accuracy is higher, and there is no

longer any confusion with the image.

4.4 Detectron2 and COCO

To enrich the research and validate the two types of image detection, both one-stage and two-stage,

Detectron2 was used to analyze the results in hazardous waste detection.

Detectron2, developed by Facebook AI Research (FAIR), Detectron2 is a flexible modular

library for state-of-the-art deep learning object detection, instance segmentation, and image clas-

sification tasks Abdusalomov et al. (2023).

This chapter of the thesis will now discuss how instance segmentation was performed on a

standard setup using the COCO (Common Objects in Context) dataset, Mask R-CNN architecture

with ResNet-50 backbone, and Feature Pyramid Network (FPN). The configuration was done us-

ing the Detectron2 Model Zoo library, which offers pre-trained and well-tuned models for different

computer vision tasks.

This section will also demonstrate an attempt to train the Detectron model with a customized

dataset for hazardous waste only in order to analyze the detections, results, and metrics.

4.4.1 Pre-trained model

First, the default configuration was tested to understand how it worked and how accurate it was

for finding objects, in this case, hazardous waste.

The Google Colab Platform is used, using a T4 GPU, it is also necessary to make some in-

stallations such as torch and the Detectron2 library in the environment so that the pre-trained

Detectron2 model can be used.

Other settings for applying the template to the image are also used, such as configuring the file

with the setup described in paragraph 3 at the beginning of this section.
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Figure 4.7: Validation of the YOLOv8n model with the custom dataset using images from the
Open Images V7 dataset, trained with 100 epochs.

To validate Detectron2’s pre-trained model, the same test figure was used for training with

the YOLOv8 model. Figure 4.9 shows a significant improvement in object detection accuracy. A

notable example is the ’Laptop’ object, which, when trained with the YOLOv8 model, achieved

an accuracy of 0.74. Using the pre-trained Detectron2 model, this accuracy increased to 0.99,

demonstrating substantially better performance.

It can also be seen that the pre-trained model has limitations, as it failed to detect other laptops

in the image, resulting in unidentified objects. This shows that, even with a pre-trained model, the

dataset used is still insufficient to detect hazardous waste on the streets. These results reinforce

the hypothesis that the main problem identified in this research lies in the limitations of existing

datasets, which lack more comprehensive scenarios and more diverse images, compromising the

effective training of the model.

Figure 4.10 also shows the confusion that the model causes with some very large images. The

detection confused what a TV and a keyboard are, and the same confusion was found with the

models trained with YOLOv8.

4.4.2 Custom Model

For testing purposes, the Detectron2 model was trained with a custom dataset with images col-

lected from the COCO dataset. The model was trained in 6000 iterations using the Google Co-

lab platform with a T4 GPU. No cross-validation techniques were applied, as was the case for

YOLOv8 training, for the same reason mentioned in section 5.3.2 to optimize the training and

evaluation of the model, prioritizing adaptation to the specific problem, instead of seeking a broad

generalization that would not be applicable or relevant to the objective of the study, simple valida-

tion was considered sufficient to ensure the quality of the model training.

The customized dataset contains only laptop images to test detection for this object. The mAP

was 0.82.

In Figure 4.11, we also used the same images from other tests to assess the accuracy of the

trained model. It was also applied to detect hazardous waste in the Funchal images, but without
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Figure 4.8: Test to validate accuracy and detection of the Laptop object with the YOLOv8n model
trained with the new custom dataset using images from the COCO dataset.

success, no images of hazardous waste objects in the rubbish bins were returned.
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Figure 4.9: Test to validate accuracy and detection of the Laptop, keyboard and mobile phone
object with a pre-trained Detectron2 model that uses the COCO dataset.

Figure 4.10: Test to validate accuracy and detection of the Laptop and mobile computer tower
object with a pre-trained Detectron2 model that uses the COCO dataset.
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Figure 4.11: Testing to validate accuracy and detection of Laptop object with trained YOLOv8n
model.



Chapter 5

Results and Discussion

This session evaluates and discusses the results obtained from training with YOLOv8 and the im-

ages collected from the Open Images V7 dataset. Graphs, model learning curves, results achieved,

evaluation of the trained models, failures and successes, and why the model didn’t achieve a higher

result were analyzed.

5.1 YOLOv8 and Open Images V7 Dataset

Once the model was trained, many performance metrics were observed to check how effectively

the method performed. The graphs created are quite explanatory regarding how the model has

been doing and where its limitations have fallen.

The loss graphs (box loss, classification loss, and DFL loss) figure 5.1 show how much the

model was learning over time during training and validation.

Box Loss: Because only box loss decreases in both train and Val, the model is learning to

predict bounding boxes of objects from images. The reduction loss proves that the model better

predicts where dangerous waste was dumped.

Decrease in Classification Loss: We can see that over time, loss for classification has also

decreased, which means our model can associate classes with detected images correctly. The

classes with fewer instances, like hair dryers, did not perform as well; we will analyze more on

that in the Precision and Recall graphs.

DFL Loss: The distribution focal loss (DFL) decreases, too, over several epochs of training,

which makes it seem like the model is better at predicting the shapes and sizes of objects in images.

In this bar chart figure 5.2, it is easy to notice the imbalance in our dataset as we have way

more instances for the laptop class compared to other classes like hair dryers and heaters. Such an

imbalance affects generalization across all classes of the model. They even had poor performance

in most cases as hair dryers, for example, as shown in recall and precision graphs. There are

techniques like data augmentation that could help, or we might collect more images from the

underrepresented classes.
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Figure 5.1: Loss graph to evaluate the performance of the model trained with the custom dataset
from images collected from the Open Images V7 dataset.

We can see from the graph of overlapping bounding boxes that many datasets tend to center

objects in their images. This positional bias could be an artifact of the way objects are positioned

in their original dataset Open Images V7 most of them seem to be located around the image center.

This factor could have affected the realization of its performance for images that deviate from this

kind of pattern, as in the more irregular disposition also found when we are talking about outdoor

shots with illegal garbage dumps.

In the graph figure 5.3, we have recall and model confidence. Recall is a measurement of how

complete the results are whether relevant objects have been returned to the list of detections or not.

When classes are something like laptops and tablets, memory remains high with different

levels of confidence, and laptops can be detected quite easily.

The hair dryer class, on the other hand, has a low recall at all confidence levels, showing that

this class is underrepresented in the dataset. Namely, the model simply decides not to include

hairdryers in many images.

We can see that although the model’s performance is good in some classes, it does not gener-

alize well to all of them (due to having fewer instances).

The F1 score is the harmonic mean of precision and recall. The curve illustrates in figure 5.4

that the laptop and microwave classes have top F1 scores at modest assurance amounts, indicating

an excellent compromise between precision and recall for these kinds.

The hair dryer, as before, has a low F1 score, again showing that the model is still struggling to

correctly identify this class. The tablet class also boasts a comparatively high F1-score, however

one that is lower than the laptop and microwave.

These are results that suggest there is still a significant problem with class imbalance and

reinforce the benefit of crafting better balanced datasets to improve detection performance on

unseen classes.
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Figure 5.2: Explanatory graphic to illustrate the positioning of images and the unbalanced number
between the classes used in the model.

Accuracy is the ratio of correct predictions to the total number of predictions. This means that

when a model is more confident about predictions, its accuracy will be at its peak.

The high-accuracy classes for the laptop and tablet have nice sharp peaks figure 5.5. They are

accurate at higher confidence levels. The hair dryer class has a very low level of accuracy in other

words, the model often makes incorrect predictions with this sort, and so it is particularly difficult

to predict from small amounts.

This graph figure 5.6 captures the precision and recall scores. This is especially true in imbal-

anced datasets like the one we created for this experiment. The precision curve of the laptop is

moderately flat, which shows that this class gets input from a good-performing model. The hair

dryer shows hardly any curve at all, again enforcing how poorly the model handles with this class.

We obtained a mAP value of 0.599 for all classes, which indicates quite low impact as well.

The main failure is the bad generalization, especially in the classes with a small number of in-

stances, and the lack of diversity for images (being indoors). We can notice the lack of balance in

the confusion matrix figure 5.7.
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Figure 5.3: Recall and confidence curve of the model trained with images from the custom dataset
with images collected from the Open Images V7 dataset.

5.2 YOLOv8 and COCO Dataset

A confusion matrix is a comparison between the true labels of objects and the predicted ones to

understand how well our model works visually. In this case, a normalized confusion matrix was

used which makes sure that each cell in the same line has equal sum.

It is seen in figure 5.9 that the model performs well in categories such as TV, Laptop, and

Microwave, where 0.5 or greater of predicted labels almost match true label values, which indi-

cates strong predictions for subjects within these bags. For example, laptops were 0.54 correctly

predicted, and microwaves in 0.53.

On the other hand, objects like toasters and hair dryers (which had much fewer training sam-

ples than chairs) were more problematic for this model. These categories had a low count and

caused more wrong classifications.

For instance, confusion was observed in keyboard and background objects with hair dryers

and toasters, respectively, hinting that the model struggled to decide between similar-looking or

little localizing items.

The other noteworthy point is the graph that shows in figure 6.9 the majority of F1-scores in

most categories peak around a confidence level between 0.3 and 0,6. TV, laptop, and microwave

had the highest F1 scores among object categories, which means that it’s easier to predict these

objects with this model.

As mentioned previously, the toaster and hair dryer categories have low F1 scores because of

the true difficulty with their smaller amount of training examples.

The model slightly underperformed for the cell phone category but received fair scores, pre-

senting higher variance in its F1-score, perhaps due to differences regarding how portable tele-

phones are displayed among images as well.
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Figure 5.4: Graph referring to the harmonic mean of precision of the model trained with images
from the customized dataset with images collected from the Open Images V7 dataset.

The precision rises for objects, laptops, and TVs like we can see in figure 5.10 which is also

consistent with the model mostly predicting positive when only making highly confident predic-

tions.

Categories with fewer training examples, such as toaster and hair dryer, are more variable,

with lower precision at all confidence levels. This implies that the model makes wrong predictions

on these objects which probably doesn’t have enough number of images available for training.

Both TV and laptop again have decent precision-recall curves figure 5.11, which result from a

trade-off between high recall (find objects correctly) at the expense of ranking faults less important,

giving many false positives while predicting.

Toasters, on the other hand, and hair dryers are reflected in very sub optimal precision-recall

curves as signs of wrong classifications missed classification, or incorrect bounding boxes that

often do not contain these objects.

The mAP of all classes was 0.405, a medium result that also highlights the model’s good

performance in finding usual categories and its common issues with rare items.

Although no surprise, TVs, laptops, and microwaves have a high recall at the lower confidence

thresholds figure 5.13. While it might not come as much of a shocker, most stuff like TVs or

Laptops is easily detected even if the minimum confidence level is set to a low limit.

For toasters and hair dryers, even at high confidence levels, the recall is very low, this indicates

that our model misses the detection of these objects a lot.

Over the training of our model, we observe a steadily decreasing trend for both box loss and

classification loss which means that our model is learning better predictions figure 6.12. Since the

loss continues decreasing on training and validation datasets, can argue that this model generalizes

well (there are however still some limitations to other classes).
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Figure 5.5: Graph referring to the proportion of correct accuracies of the model trained with
images from the customized dataset with images collected from the Open Images V7 dataset.

The decline in loss overall indicates that the model is predicting where objects are as well as

what they are more effectively over time.

Using the COCO dataset at 640 pixels with YOLOv8n produced better scores for common

categories, which showed it could adequately generalize different environments and objects. But

the difficulties with underrepresented classes suggest that a more balanced dataset is needed, or

additional data augmentation techniques.

Additional improvements might be to better balance the classes with more data, improve the

diversity of collected data, and try larger image resolutions or more complex augmentation tech-

niques for all object categories.

It is also possible to notice the improvement in the same images compared to another Open

Images dataset in test image waste.

5.3 Detectron2 and COCO Dataset

The blue curve shows a model’s training losses per iteration (or epochs). This loss will be high

at the start of training, meaning that our model is making many mistakes in its predictions. As

the number of iterations continued to increase, the training loss gradually decreased. This tells us

that the model has learned to fit the training data and has done well with correct predictions in

examples.

The orange curve represents the model’s loss on a separate validation dataset used to assess

the model’s performance on previously unseen data. Thousands of iterations, the validation loss

peaks and falls, as illustrated below, throughout indicating that the model is mostly improving its

ability to generalize on unknown data. However, after a certain point (around 2,000 iterations), the

validation loss stops decreasing and stabilizes, characterizing a possible overfitting of the model.
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Figure 5.6: Graph referring to precision and recall of the model trained with images from the
customized dataset with images collected from the Open Images V7 dataset.

5.4 Discussion

The results in training YOLOv8 with Open Images and COCO based created dataset also shows

that there are still some problems to fix.

The main factors when it came to the model failing were:

Class imbalance: The model was not able to generalize well over all the classes because it had

too many examples for some, like laptops, and very few examples from other classifications, such

as hairdryer.

Nature of images: Several scenes with most likely indoor locations could not capture an out-

door scenario where hazardous material may be disposed of, leaving the model incapable of de-

tecting the possibility.

Few instances for critical classes: The low item numbers in some of the delicate items, such

as the hair dryer and heater, made our model very terrible in these cases with an unequal recall

together precision, which indicates we need more data towards these categories.

These difficulties also suggest that the dataset should be improved by using data augmentation

or collecting more images in outdoor conditions because hazardous waste can usually be found

outside.

This experiment was significant for the detection of hazardous waste, because it helped to

understand the importance of forming a more specific data set for the problem, requiring images

collected from waste in urban spaces and also the need to better work the images for the proposed

scenario.
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Figure 5.7: Graph referring to precision and recall of the model trained with images from the
customized dataset with images collected from the Open Images V7 dataset.
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Figure 5.8: Graph referring to the normalized confusion matrix of the model trained with images
from the customized dataset with images collected from the COCO dataset.

Figure 5.9: Graph referring to the harmonic mean of precision of the model trained with images
from the customized dataset with images collected from the COCO dataset.
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Figure 5.10: Graph referring to the harmonic mean of precision of the model trained with images
from the customized dataset with images collected from the COCO dataset.

Figure 5.11: Graph referring to precision and recall of the model trained with images from the
customized dataset with images collected from the COCO dataset.
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Figure 5.12: Recall and confidence curve of the model trained with images from the customized
dataset with images collected from the COCO dataset.

Figure 5.13: Loss graph to evaluate the performance of the model trained with the custom dataset
from images collected from the Open Images V7 dataset.
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Figure 5.14: Loss graph to evaluate the performance of the model trained with the custom dataset
from images collected from the Open Images V7 dataset.



Chapter 6

Conclusions and Future Work

6.1 Satisfaction of Objectives

Over the course of this project, we have learned so much by researching, writing, and practic-

ing these computer vision models. Though we could not get the results as expected in terms of

performance metrics like mAP(Mean Average Precision) it was a very enriching experience. This

exploration to get better results became a challenge in itself and allowed me to improve my knowl-

edge of object detection along with the various configurations/factors that affect the performance

of models doing deep learning of this kind.

It was really rewarding to be able to get our hands on the latest and greatest of models, such

as YOLOv8 and Mask R-CNN, through Detectron2. That was no easy, but rewarding labour:

data management, dataset making and model hyperparameter finetuning. It turns out the lesson

of learning to work with well-structured datasets like COCO provided was a valuable one when

it comes to data quality and diversity. The most important learning from this process is that in

machine learning, a balanced dataset can make or break your model.

It was to not just get the perfect metrics but how every nook and corner of pipeline can affect

machine learning. I learned about data preprocessing, inference techniques and post-processing

necessary to build a reliable computer vision model. Also, on one side was the experience-

building, like data augmentation and hyperparameter tuning, which is skillful when it learns to

fit a better, careful model.

The satisfaction was in learning how and what to measure, and even while the numbers weren’t

great at first (nor are they today), we made progress throughout development. It was also abso-

lutely essential to have the ability to identify where we could further grow, as these inputs will fuel

those improvements in future works.

An important goal of this work was to test the ability for object detection and instance seg-

mentation models to learn from a basic dataset, and generalize. The mAP was not as high or lower

than expected (due to the simple dataset used), and overall, despite this, it showed amazing train-

ing capabilities. The problem here wasn’t the model’s inability to learn but rather the constraints

set by the dataset and the lack of some important techniques for better performance.

47
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A very big bottleneck was that there were no external images, so the model could not learn

more. The majority of the training images were taken indoors, which limited the model to gener-

alize across different settings. For other real use cases where object detection/waste identification

occurs in an outdoor environment, lighting conditions are different, as well as backgrounds and

objects’ positioning. This leads to the model being less capable of more diverse situations and,

therefore, is also reflected in validation results.

6.2 Future Work

In future work, I will also focus on the enrichment and augmentation of the dataset used, along

with a more efficient training procedure for our model. One of the greatest difficulties encountered

in our project was that, due to few images present in the dataset, it had a worse performance than

expected, considering feature extraction and generalization with different contexts. The next step

is to employ data augmentation and seek a variety of images (preferably outdoor) in order to beat

these challenges.

Data augmentation can be very useful to boost datasets (in terms of size and variety in the

images), which is an essential step. In this technique, new images are generated from the present

dataset through transformations like rotation, flipping, as well brightness and contrast adjustments.

These transformations help us train our model so that it can deal with different lighting, viewing

angles, and some other variations that are present in the real world. This will allow the model to

learn with more stability and adapt better when presented with new images, especially for outdoor-

type ones that were less used in this work.

Besides, one of the main focuses for any further development is to pull in outdoor environ-

ments like roads and parks or urban places new images. This is important because much of what

the model will need to detect in real-world usage (outdoors) and outdoor lighting/conditions are

very different from indoors. To do this, I will use real images taken directly on the street with

mobile cameras and drones or from public databases that contain photographs of outdoor sites. It

will also be necessary to combine these images with other data obtained from the internet since

this is how we can get a wider variety of scene variations.
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