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Abstract

The modern world faces alarming levels of pollution, leading to significant health
and environmental consequences. Industrial activities, powered predominantly by
non-renewable energy sources, have been major contributors to this environmental
degradation. Recognizing the pressing need for sustainable energy sources, solar energy
has emerged as a viable solution. Solar panels, or photovoltaic (PV) cells, efficiently
harness sunlight, converting it into energy even under cloudy conditions. This research
project, in collaboration with OnGen - an Edinburgh-based company specializing in
promoting green energy solutions, aims to automate the identification of potential sites
for solar panel installation from aerial imagery. The primary objective is the detection
of rooftops suitable for solar installation. The process involves: Identification of roof
spaces from aerial datasets, Determination of vacant roof areas apt for solar panel
placement, and Pinpointing the exact regions suitable for panel fitting.

To accomplish these objectives, rooftops were discerned from aerial photographs
utilizing the advanced Mask R-CNN object detection and instance segmentation tech-
nique via Detectron2, achieving a Mean Average Precision (mAP) of 0.67 and Mean
Average Recall (mAR) of 0.59. Subsequently, the YOLOV8 (You Only Look Once
version 8) instance segmentation model was employed to determine vacant rooftop
segments, registering a commendable F1 score of 0.59.

For the project’s needs, datasets have been sourced from Roboflow, a renowned
platform in the domain of Computer Vision. This automation not only facilitates
quicker and more accurate site identification but also underscores the significance of

transitioning to renewable energy sources in the fight against industrial pollution.
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Chapter 1

Introduction

1.1 Project Motivation

The current state of the world is characterized by widespread pollution and a decline
in the health of living organisms. One of the primary drivers of pollution is industrial
activity, which relies heavily on non-renewable energy sources to power machines and
devices. The growth of industrialization has significantly contributed to the escalation
of pollution levels across the globe [22]. According to a report by the World Health
Organization (WHO), outdoor air pollution is responsible for an estimated seven million
premature deaths each year, with industrial emissions being a significant contributor
to this figure (WHO, 2018). The combustion of fossil fuels in industrial processes
releases various harmful substances into the atmosphere, including nitrogen oxides,
sulfur dioxide, and particulate matter, which can have severe impacts on human health
(Environmental Defense Fund, n.d.). Moreover, a study by the United Nations Envi-
ronment Programme (UNEP) reveals that industries are the largest source of hazardous
waste globally, with over 400 million tons generated annually (UNEP, 2015). This waste
often ends up in landfills or is released into the environment, polluting water and soil
and posing significant health risks to humans and wildlife. Therefore, It is imperative to
adopt cleaner and sustainable sources of energy and to implement stricter regulations to
minimize industrial pollution and protect the environment and public health.

One sustainable source of energy or a renewable source of energy is solar energy
which can be harvested with the use of solar panels. Renewable energy is the energy
derived from natural sources that are replenished at a faster pace than they are consumed.
Solar panels are photovoltaic (PV) cells fitted on the top of rooftops to absorb sunlight

to convert it into solar energy. These solar panels harvest solar energy even in cloudy
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weather conditions which make them very reliable.

OnGen is a company that has been founded in Edinburgh to help industries big or
small to minimise their greenhouse gas emission. They specialize in using cutting-edge
digital tools to analyze property-specific data. By doing so, they make it effortless for
individuals and organizations to make informed decisions regarding energy efficiency,
generating their own energy, or transitioning to greener tariffs.

The scope of this research project is to automatize the software that is being used
by OnGen to detect spaces for the installations of renewable sources of energy such
as solar panels within the properties of these organisations to make the process for the
organisation hassle-free and less human intensive. On doing so, the identification of

spaces will be faster thus delivering the clients with accurate results at a quicker pace.

1.2 Project Objectives

In this research project, the main objective would be to finding roofspaces on which
solar panels can be successfully fitted in-order to harvest solar energy in an efficient

way. Steps taken to do this are:
* Detecting roofspaces from the dataset obtained from aerial images.

* Detecting empty roof spaces on which solar panels can be installed by manually
annotating the results obtained (Roof tops from aerial images of buildings) from

the previous step to create a second dataset to identify empty roof spaces.
« Effectively find the region in which the solar panels can be fitted.

For the purpose of this project, the dataset has been collected from Roboflow which
i1s a Computer Vision developer framework for better data collection to preprocessing,
and model training techniques. Roboflow has public datasets readily available to users

and has access for users to upload their own custom data also.

1.3 Project Structure

In this document, we will start by exploring the existing work, the related work and the
methodologies what were used to complete project along with the evaluation methods

which prove the efficiency of the work.
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Literature Review

2.1 Background

The primary focus of the project revolves around computer vision, particularly con-
cerning models and image processing techniques employed for object detection. The
objective is to detect rooftops from aerial images of buildings. Below, we will explore

some widely used methodologies for object detection in this context.

2.1.1 Object Detection with Deep Learning

Object detection involves the accurate identification and localization of target objects
within images. This task goes beyond mere object classification, as it encompasses not
only categorizing object types but also determining their spatial orientation within the
provided image [22]. Object detection in the recent years has been done mainly with
the help of deep learning algorithms. The two types of commonly used algorithms are
One-stage detectors and Two-Stage detectors. One-stage detectors are utilised primarily
when speed is the key point and Two-Stage detectors are used when accuracy is our

main concern. Let us look a little more in detail about these two algoritms.

* One-stage detectors

One-stage Object Detection Models belong to a category of object detection
models characterized by their single-stage approach. Unlike two-stage models,
which involve a preliminary stage of region proposal followed by object detection,
One-stage models directly perform detection on a densely sampled set of locations
within an image. This streamlined process typically leads to quicker inference

times.
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In One-stage object detection, the model doesn’t rely on a separate step for
generating region proposals before detecting objects. Instead, it directly predicts
object classes and bounding box coordinates in a single pass over the input image.
This design simplifies the detection pipeline, making it computationally more

efficient and suitable for real-time applications.

One-stage models are often known for their simplicity and speed, making them
well-suited for scenarios where fast processing is crucial, such as in video analysis,
robotics, and embedded systems. However, they may require more training data
and fine-tuning to achieve competitive accuracy compared to their two-stage

counterparts.

One-stage object detection models streamline the detection process by combining
region proposal and object detection into a single step, resulting in faster inference
times and making them particularly valuable for applications demanding real-time

or high-speed processing [26, 32, 41].

Among the frequently employed algorithms for One-stage object detection, the
You Only Look Once (YOLO) framework stands out prominently [17, 32]. YOLO
has manifested itself in multiple iterations, each refining and advancing the
concept further. These iterations include YOLOv1, YOLOv2, YOLOv3, and
subsequent versions. YOLO is recognized for its characteristic approach of
simultaneously performing object detection and classification in a single pass

over an image, thus eliminating the need for a two-stage proposal process.

The YOLO models have undergone progressive enhancements in terms of archi-
tecture, accuracy, and speed. They have been trained on extensive datasets to
effectively detect and classify objects within images. These pretrained deep learn-
ing models offer the advantage of rapid object detection, making them particularly

suitable for scenarios where real-time or near-real-time analysis is crucial.

* Two-Stage detectors

Two-stage object detectors are a class of object detection models that follow a two-
step process to identify objects within an image. These detectors are known for
their effectiveness in accurately localizing objects and are often used for complex
or challenging detection tasks. The two-stage approach involves region proposal
generation in the first stage, followed by object classification and bounding box

refinement in the second stage.
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The breakdown of these two stages are explained below:

— Region Proposal Generation In this stage, the model identifies potential
regions of interest (ROIs) within the image that are likely to contain objects.
These regions are proposed based on various techniques, such as selective
search, region proposal networks (RPNs), or similar methods. The goal is
to reduce the search space for objects and focus computational resources on

relevant areas.

— Object Classification and Refinement Once the regions of interest are iden-
tified in the first stage, the second stage involves classifying the proposed
regions and refining the bounding box predictions. The model assigns object
labels to the proposed regions and fine-tunes the bounding box coordinates

to accurately localize the objects within those regions.

Two-stage detectors are known for their accuracy and ability to handle objects
of various sizes and orientations. They often achieve high precision and are
particularly suitable for scenarios where precise object localization is crucial,

such as medical imaging, autonomous driving, and aerial imagery analysis.

In the recent times, there have been multiple two-stage detectors which are used.

The most prominent ones are listed below:

— Faster R-CNN

Faster R-CNN introduced the concept of using a Region Proposal Network
(RPN) to generate region proposals for potential objects. It combines the
proposal generation and object detection processes into a single end-to-end
network. The RPN generates object proposals based on anchor boxes and
their associated scores, which are then used as candidate regions for object
detection. The output of the RPN is fed into a classifier and a regressor to

perform the final object detection [10].

- R-CNN
R-CNN was one of the pioneering two-stage object detection methods. It
introduced the idea of using selective search for generating region proposals
and then using a Convolutional Neural Network (CNN) to classify objects

within those regions. R-CNN uses a separate CNN for each proposed region

to extract features and perform classification. Although R-CNN achieved
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Figure 2.1: Object Detection algorithms flowchart [46]

good results, it had performance limitations due to the need to process each

proposed region individually [11].

— Mask R-CNN
Mask R-CNN is an extension of Faster R-CNN that goes beyond object

detection to include instance segmentation. In addition to predicting object
bounding boxes and classes, Mask R-CNN predicts object masks for each
detected instance. It adds a mask branch to the Faster R-CNN architecture,
enabling pixel-wise segmentation of objects within the proposed regions.
This makes Mask R-CNN suitable for tasks that require not only object

detection but also accurate delineation of object boundaries [13].

The image 2.1 shows the structure of One-stage and two-stage object detection

algorithms.

2.1.2 Image Segmentation

Image Segmentation has gained great traction in the field of computer vision in the past
few years. Image segmentation is the process of segmenting an image into different
regions to better understand the objects or the types of regions present in the frame. It is

the process of identifying boundaries in an image and categorise them according to the
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type of pixels such that in the end the pixels of interest are classified under one category.
There are multiple types of image segmentation techniques available but we will be

looking at the two most commonly used algorithms and their properties [45].

* Semantic Segmentation

Semantic segmentation is a computer vision technique that involves assigning a
class label to each pixel in an image, effectively dividing the image into distinct
regions corresponding to different object categories or structures. This fine-
grained pixel-level labeling provides a detailed understanding of the composition

and layout of objects within the scene.

In semantic segmentation, the primary objective is to classify every pixel into one

29 9 99 99

of several predefined classes, such as “car,” "tree,” building,” “road,” ’sky,” and
more. This process generates a segmentation map that highlights the boundaries
and locations of different objects, enabling a comprehensive analysis of the image

content.

Semantic segmentation is a foundational technique in computer vision, enabling
a detailed understanding of image content and supporting various applications
such as scene understanding, autonomous driving, medical image analysis, and
more [27].

* Instance Segmentation

Instance segmentation is a computer vision task that combines object detection
and semantic segmentation to provide a more detailed understanding of an image.
In instance segmentation, the goal is to not only classify each pixel into specific
object classes (as in semantic segmentation) but also distinguish between different
instances of the same class, assigning a unique label to each individual object

instance.

In other words, instance segmentation goes beyond semantic segmentation by not
only identifying objects but also segmenting each object instance separately. This
allows for precise localization of object boundaries and provides a pixel-level

mask for each instance, outlining the exact shape and position of each object.

Instance segmentation is particularly useful in scenarios where multiple instances
of the same object class appear in close proximity or overlap with each other. It
enables a more detailed and accurate understanding of complex scenes containing

multiple objects of interest.
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Instance segmentation is a more challenging task compared to semantic segmen-
tation due to the need to differentiate between individual instances of the same
class. However, it provides richer and more detailed information about the objects
in an image, making it a crucial technique for various advanced computer vision

applications [39].

2.2 Related work

The endeavor to identify appropriate roof spaces for solar panel installations using aerial
imagery is an emerging field with limited existing literature. While current studies
primarily focus on distinguishing roofs with pre-installed solar panels from vacant ones,
deep learning techniques, especially in instance segmentation and object detection, have
become the cornerstone of such research endeavors. This nascent area has witnessed
a stream of advancements in accurately detecting roof spaces optimal for solar panel
deployments.

Over the past few years, the realms of computer vision and image analysis have
experienced monumental progress, leading to the development of groundbreaking
methodologies for processing and analyzing visual data. Techniques encompassing
object identification, segmentation, and scene analysis have demonstrated significant
efficacy, especially in healthcare applications [14].

The confluence of deep learning techniques has transformed the landscape of com-
puter vision. It has enhanced the precision and efficiency of decision-making processes,
paving the way for innovative approaches to diverse challenges. Renowned object
detection frameworks like R-CNN, Fast R-CNN, and Faster R-CNN stand as testament
to their robustness and proficiency [2]. Additionally, the synergy of deep learning
with Convolutional Neural Networks (CNNs) has found applications across various
sectors, notably in satellite image processing for tasks like LiDAR data interpretation,
architectural delineation, and building categorization via segmentation [38]. Despite
these advancements, a gap remains in employing deep learning-based CNNs to ascertain
the existence or nonexistence of solar PV on rooftops through satellite imagery analysis.

Semantic segmentation, a cornerstone of computer vision, has unveiled unparalleled
potential, extending from granular pixel identification to holistic scene interpretation,
and has become indispensable in fields like autonomous navigation [35]. The capabili-
ties of Deep Neural Networks (DNN5s) in proficiently segmenting diverse objects within

visuals have been well-documented in academic literature, underscoring their potential



Chapter 2. Literature Review 9

for accurate object recognition following training phases [36].

As this research domain continues its evolution, our investigation seeks to pioneer
a new trajectory by harnessing deep learning CNNs to evaluate the presence of solar
PV structures on rooftops using satellite imagery. This venture not only capitalizes on
recent technological strides but also ventures into a relatively uncharted territory of

computer vision, enriching both the academic and practical horizons [20].



Chapter 3

Methodology

3.1 Dataset - Collection and Usage

3.1.1 Roboflow

The problem statement requires aerial dataset of buildings. For this, I have utilised
freely available Roboflow dataset to train the proposed system. Roboflow is a platform
designed to streamline and simplify the process of preparing, augmenting, and deploying
computer vision datasets [9]. It aims to make the process of going from raw images to
a trained model more manageable, irrespective of the size of the dataset. This dataset
from Roboflow contains 339 training images, 30 validation images and 91 test images.
The dataset contains 13 different categories of rooftops based on local visual features.
These categories are: Building roof, Commercial flat roof, commercial slope roof,
construction area, flat roof, playground, slope flat roof, slope roof, solar flat roof, solar
panel ground, solar slope roof, tree shading slope roof and unknown shape roof. Some
examples of these roofs are shown in Image 3.1 with a bounding box with the roof area
shaded depicting the roof area that is available to us. These different categories prove to
be advantageous to us in detecting the estimation of solar energy required and help us
analyse the power consumption in each of these buildings. For example, an independent
house or a flat will not consume as much power as required by a commercial building.
Based on this on deploying this system to the OnGen website, the program will be able
to detect the precise amount of energy that has to be generated to supply the building in

question.

10
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Figure 3.1: Example of labels for different types of rooftops

3.1.2 COCO (Common Objects in COntext) annotations

COCO (Common Objects in COntext) is a large-scale object detection, segmentation,
and captioning dataset. When we talk about COCO annotations, we’re referring to
the way objects in this dataset are labeled and described. COCO annotations provide
a standardized format for object detection, segmentation, and captioning, making it
easier for researchers and developers to train and validate models on the dataset [25].
It is important to annotate the images of a dataset to understand the coordinates of the
Region Of Interest (ROI) and to add labels to these images based on their unique IDs.
3.2.

Figure 3.2: COCO Annotation format
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3.2 Detecting roof tops

The aim of this section of the project is to detect rooftops from images of buildings while
ignoring the background, such that only the roofs are segmented, cropped and stored
for further processing. In order to achieve this, multiple pretrained object detection
and segmentation algorithms are available. But for this project I have used Facebook’s
object detection algorithm, Detectron2 along with Mask R-CNN to identify and crop

rooftops.

3.2.1 Model Selection

The most crucial step for any data science related project is choosing the most apt
model for the problem statement. There are many factors which have to be taken into
account while making this selection. For the problem statement at hand, the first step
is to successfully detect rooftops from aerial images of buildings. In order to achieve
this, two main algorithms are to be employed, namely, object detection and instance
segmentation. Both of these algorithms have been explained in detail in Chapter 2.
There are multiple state of the art algorithms available to us to achieve these two tasks.
The important features that are to be considered for model selection are 1. Accuracy:
This is the most important factor to be considered. The model must be able to provide
the best accuracy depending on the dataset. 2. Speed: The model should be able to
perform within a reasonable time-frame but this would also depend on the type of the
dataset used and how many layers the chosen model is configured. 3. Robustness: The
model must be able to handle different real life scenarios such as lightning conditions,
occlusions and viewpoints. 4. Versatility: Since the model that has to be used in this
problem statement needs to handle both object detection and instance segmentation
together, this is a very important feature to be considered. 5. Fine tuning and transfer
support: Since the dataset available to us is not vast, the model must be able to support
transfer learning efficiently, allowing us to fine-tune pre-trained models on a small
dataset. 6. Scalability: The dataset contains 9 different categories, therefore the chosen
model must be highly scalable.

On keeping the above mentioned features in mind I have chosen Decetron2 with
Mask R-CNN for object detection and instance segmentation. Mask R-CNN builds
on the success of fast R-CNN by adding a branch to predict the segmentation mask at
each region of interest (Rol). This means that it can perform both object detection and

pixel-wise instance segmentation simultaneously. In benchmarks, it has shown superior
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results. Moreover, Detectron2 offers more out-of-the box features such as panoptic
segmentation and DensePose which makes it versatile for multiple image vision tasks.
Since Detectron2 is a pre-trained model offered by Facebook Al Research (FAIR)
ensures regular updates, new features, and a high-quality codebase. Apart from this,
Detectron? is built natively with PyTorch, one of the leading deep learning frameworks.
This makes it easy to integrate with other PyTorch-based tools and libraries. Hence

using this model will be advantageous to the reseach at hand.

3.2.2 Detectron2 with Mask R-CNN

Detectron? is a pretrained deep learning framework backed by Fackebook AI Research
(FAIR) which is widely being utilised in the cases of object detection with segmentation.
Detection of rooftops from aerial images of buildings is classified under the task of
object detection along with instance segmentation. Detectron2 uses a Mask R-CNN
architecture that combines object detection and instance segmentation in a single
framework. The Mask R-CNN model contains two components, a region proposal
network (RPN) that generates candidate object locations, and a network that predicts the
class, bounding box, and mask for each candidate region [7]. The basic architecture and
components of Detectron2 are shown in image 3.3. The Detectron2 framework consists
of two core components, a backbone network and a head network. The backbone
network serves as the primary mechanism for feature extraction, using the capabilities
of convolutional neural networks (CNNs) to generate feature maps from the input image.
These processed feature maps are then passed to the subsequent “head” network, whose
responsibility extends to detection, segmentation, and even instance-specific tasks when
employing architectures like Mask R-CNN.

Within this head network, two critical stages come into play: the region proposal
network (RPN) and the detection segment. The RPN’s role is to formulate initial object
proposals by scrutinizing the feature maps across diverse scales and dimensions. For
every proposed region, RPN gauges the probability of the region encompassing an
object and estimates the bounding box parameters for it. Then comes the detection
segment, which not only refines these initial proposals but also categorizes them based
on their visual traits. When using Mask R-CNN, this stage is further enhanced to
produce pixel-wise masks for each object, providing a detailed instance segmentation.

Detectron2, equipped with a myriad of advanced techniques, aims for enhanced

accuracy and operational efficiency. One of its notable strategies is the deployment of
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feature pyramid networks (FPNs) that draw features over various scales and resolutions,
ensuring precise detection of objects, irrespective of their dimensions [24]. Additionally,
with the integration of anchor boxes, Detectron2 presents a foundational perspective
about the expected shapes and sizes of objects within the image, thus refining the object
proposal search. The combination of these elements, especially with the inclusion of
Mask R-CNN, offers a robust approach to object detection and instance segmentation
[13, 10].

Input Image
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Figure 3.3: Architecture of Detectron2 with a baseline R-CNN model

3.2.2.1 Model Training loop

The training loop is a fundamental part of deep learning code, iterating through batches
of data, feeding them into the model, and updating the model’s weights based on the
computed gradients. In the proposed system, the training loop not only updates the
model but also includes features for periodic evaluation, logging, and early stopping.
The Model training loop is depicted in the flowchart in Figure 3.4.

The training process for an object detection and instance segmentation model starts
with the Initialization phase. During this phase, the model’s architecture is defined, and
systems for weight updating, like the optimizer and the learning rate scheduler, are set
up. With the foundational elements in place, the model begins pulling in batches of
images and annotations from the dataset, marking the start of the Training Loop. In

each iteration of this loop, the model takes a batch of data, processes it, and produces
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predictions in what’s termed the Forward Pass. These predictions are then compared
to the actual labels, and a loss value is calculated to quantify the model’s prediction
errors. The importance of this loss value is profound; it guides the model’s learning.
Using this loss, in the Backward Pass, the model calculates gradients that describe how
each weight should be adjusted to reduce prediction errors. The optimizer then steps in,
leveraging these gradients to fine-tune the model’s weights.

While the training loop continues, there are systematic checks in place to ensure

the model’s efficacy. Periodically, at predetermined intervals, the model undergoes
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Evaluation on a separate test dataset. This is an insightful phase, revealing how the
model is likely to perform on unseen data and ensuring it’s learning correctly. However,
to avoid the pitfall of overfitting, where the model becomes too tailored to the training
data and loses generalization capabilities, there’s an Early Stopping mechanism. If the
model’s performance doesn’t show improvement over a specific number of iterations,
termed as PATIENCE, the training is halted, ensuring resources aren’t wasted and
the model remains optimal. If neither evaluation nor early stopping intervenes, the
training process gracefully moves to the next iteration, repeating the cycle until either
all data batches are processed or the early stopping criterion is met. Thus, the journey
from initialization to a trained model is both iterative and evaluative, ensuring not just

learning but effective learning.

3.2.3 Advantages of combining Detectron2 with Mask R-CNN

Detectron? is a popular computer vision library developed by Facebook Al Research,
and it offers a flexible and efficient framework for training and deploying object de-
tection and segmentation models. An important model architecture that Detectoron
2 supports is the mask R-CNN (region-based convolutional neural network). Mask
R-CNN is a powerful and widely used architecture for example segmentation tasks, and

its integration with Detectron2 brings several advantages:

 Instance Segmentation Capability Mask R-CNN is specifically designed for
instance segmentation, which involves both object detection (identifying object
bounding boxes) and pixel-level segmentation (segmenting individual object
instances within those bounding boxes). Detectron2’s integration of Mask R-

CNN allows you to tackle instance segmentation tasks effectively.

* High Accuracy Mask R-CNN has demonstrated state-of-the-art performance
on various instance segmentation benchmarks and challenges. By using Mask
R-CNN in Detectron2, you can leverage its accuracy for complex tasks where

distinguishing between different object instances is important.

* Easy Model Confguration Detectoron 2 provides a user-friendly configuration
system that allows you to customize and fine-tune various aspects of the Mask
R-CNN model, such as anchor size, input image size, and more. Hyperparameters.

This flexibility enables you to adapt the model to your specific use case and data.
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* Efficient Training Detectron2 is designed to efficiently use hardware resources
(e.g., GPUs) during training, making it well suited for training complex models
such as masked R-CNNs. It supports multi-GPU training and distributed training,

enabling faster convergence and reducing training time.

* Scalability Detectron? is built on top of PyTorch and benefits from its dynamic
computation graph, making it easy to experiment with different model archi-
tectures and techniques. This scalability allows researchers and practitioners to

innovate and experiment effectively.

* Wide Adoption and Community Support Detectoron 2 has gained significant
popularity within the computer vision community. Its active development and
large user base ensure that you can find resources, tutorials and solutions to

common issues related to Mask R-CNN and other models.

* End-to-End Workflow Detectron 2 provides a seamless end-to-end workflow for
object detection and instance segmentation tasks. This includes data loading,
preprocessing, model training, evaluation, and estimation, streamlining the entire

process.

* Transfer Learning Detectron2 allows you to start from pre-trained models on large
benchmark datasets, such as COCO, and fine-tune them on your specific dataset.
This transfer learning can significantly speed up convergence and improve model

performance.

In summary, the integration of Detectron2’s mask with R-CNN offers a powerful
and efficient solution to deal with instance segmentation tasks. It combines the strengths
of both library and architecture to provide a versatile and effective tool to detect rooftops
in the current computer vision task [4]. The rationale for selecting Mask R-CNN over

other R-CNN variants is elaborated upon in Appendix A.

3.3 Mapping empty spaces for solar panels on roof tops

The final output from the previous model provides the predicted rooftops with an
accuracy score for each of the images. From this, I have cropped out just the instance
segmented region of the result such that only the rooftop is available. The image 3.5

gives a representation of this. The image in 3.5a gives the accuracy of the type of roof
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(a) Segmentation and bounding box (b) Cropped segmented region

Figure 3.5: Example of segmentation and cropped imaged from the segmented region

that has been identified from the model with an accuracy of 85 and the shaded region
depicts the roof region which is our region of interest (ROI). This ROI is cropped and
shown in Image 3.5b. This cropped image will be further used for the final model
to detect empty (void of obstacles) spaces on rooftops where solar panels can be
successfully installed. This new dataset is formed from the test images that was used to

predict the roof spaces and type of roof from the previous model.

3.3.1 Custom Annotations

After obtaining the cropped images from the aforementioned model, it’s essential to
annotate them to serve as training data for a subsequent model, which is specifically
designed to detect empty roof spaces. In order to do this, Roboflow is used to manually
annotate the images with a single label called ”solar” to identify these empty regions.
The image 3.6 shows an example of the manual annotations as motioned. Since the
test dataset of the previous model is being used, there are 91 images available for the
next dataset. Since the dataset size is very small, image augmentation techniques were
utilised to enlarge the dataset. On applying rotations and blur to the images, 264 images
were obtained from where they were split as 70% train, 10% validation and 20% test

datasets.
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No Tags Applied

Figure 3.6: Manual annotations on Roboflow

3.3.2 YOLO (You Only Look Once) annotations

For this part of the problem statement, YOLOv8 model is being utilised for detecting
empty spaces on the rooftops. For this model, the annotations are in the YOLO
format. These annotations are different in comparision to the genric bounding-box
representations. In the YOLO annotation format, for each object in the image, a line in
the annotation file is made, containing: 1) Class index. 2) The x and y center coordinates
of the bounding box, normalized by the image width and height respectively, such that
they are in the range of 0 and 1. 3) The width and height of the bounding box are also
normalized by the width and height of the image, respectively [33, 32]. For example:
7 10.716797 0.395833 0.216406 0.147222 ” shows an instance of YOLO annotation.
In this case, it represnts an object of class I and the normalized center coordinates

respectively.

3.3.3 YOLOvS

In the domain of computer vision, the YOLO (You Only Look Once) series stands out
for its exceptional speed and efficiency. The 2023 release, YOLOVS, has surpassed pre-
vious versions, achieving record-breaking accuracy. YOLO’s continuous advancements
underscore its prowess in identifying objects within images and videos. As a One-stage
detection method (detailed in Section 2), it’s particularly suited for real-time video and
image processing. Compared to two-stage detection techniques, YOLO’s processing is
significantly swifter, leading to reduced processing time and more immediate results
in real-time scenarios [28]. For the case of detecting empty spaces on rooftops, the

YOLOV8 model was primarily chosen for its speed due to its ability to detect objects in
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a single forward pass of the network [12].

3.3.3.1 Architecture of YOLOVS8

The architecture of YOLOVS closely mirrors that of YOLOvVS [16] in its fundamental
aspects, particularly within its backbone. The transition from the convolutional 3
(C3) module, a primary building block consisting of multiple convolutional layers,
to the convolutional 2 fusion (C2f) module represents a significant advance. The
development was inspired by the Cross Stage Hierarchical Network (CSPNet) design
approach, where a conventional convolutional layer is split into a feature-rich part
and a more lightweight part. This division facilitates improved efficiency without
additional computational demands. The integration of Enhanced Learning to Augment
Network (ELAN) technology, which emphasizes the refinement of feature learning,
further improves the C2f module. As a result, YOLOvVS8 achieves a more comprehensive
gradient flow, which is essential for accurate object detection, while maintaining its
lightweight nature.

In the spinal cord termination segments, the well-known spatial pyramidal pooling
fusion (SPPF) module remains intact. This module processes the data through three
sequential maxpooling operations, each with a 5x5 dimension, before adding layers.
This methodology ensures efficient identification of objects at a diverse range of scales,
without contributing additional weight to the overall model.

For the backbone of its architecture, YOLOvV8 employs the Pyramid Attention
Network - Feature Pyramid Network (PAN-FPN) method, which optimizes the combi-
nation and utilization of feature layers at different scales. The model’s creators cleverly
combined two upsampling strategies, multiple C2f modules, and a state-of-the-art de-
coupled head structure to mold the throat module. Adopting the decoupled head concept
from YOLOx [41] , YOLOVS integrates object confidence scores with bounding box
regression to achieve unprecedented accuracy levels.

One of the defining characteristics of YOLOVS is its ability to be compatible with all
previous versions of the YOLO series. Furthermore, its seamless compatibility between
these versions and its expertise in different hardware platforms from central processing
units (CPUs) to graphics processing units (GPUs) underline its dynamic flexibility. A
visual representation of this architecture can be referred to in Figure 3.7, where CBS
stands for a combination of convolution, batch normalization, and Scaled Exponential
Linear Unit (SELU) activation functions [28, 34].
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Input - CBS CBS - C2fx3 - CBS +C2fx6 - CBS -C2fx6 - CBS | - C2fx3 - SPPF

Output Concat Cpsample C2fx3 Concat Upsample

C2fx3 ~ CBS + Concat ~C2fx3 + CBS + Concat - C2fx3

SPPF

CBS Conv BN SiLu CBS Maxpool2d — Maxpool2d — Maxpool2d — Concat CBS

Figure 3.7: Architecture diagram of the YOLOvV8 object detection model, showcasing the

various layers, connections, and components essential for real-time object detection.

3.3.3.2 Proposed System

The system under discussion employs the YOLOv8 model to perform instance seg-
mentation, specifically targeting vacant rooftop areas. Instead of juggling multiple
categories, this system simplifies the process by only using a single label: “solar” for
the segmented regions. This streamlined approach is facilitated through the advanced
capabilities of the YOLOv8-segmentation model. Once the dataset has been prepared
after custom annotations as mentioned in Section 3.3.1. The ’data.yaml” file serves
as a configuration file that provides the necessary details about the dataset being used
for training or evaluation. This YAML (yet another markup language) file is essential
for the model to correctly understand and process the dataset. Using this file, the
segmentation model is trained on the training dataset [23].

In the proposed system, the YOLOv8 model is implemented along with early
stopping to mitigate the issues of underfitting or overfitting [31]. The dataset is split into
training and validation subsets. The purpose of this partition is twofold: the training set
is used to train the model, while the validation set helps monitor the model’s performance
on unseen data. This becomes important when implementing early stopping, a method
designed to stop training when the model stops showing improvement, thus avoiding
overfitting. The model itself, yolov8n-seg.pt, is loaded and initialized. A loss function
(CrossEntropyLoss) and an optimizer (Adam) are specified for the training process. The
training loop is started and runs for a predefined number of times set by the max_epochs
variable. During each epoch, the model undergoes training using the training dataset. A
forward pass is applied to obtain the predictions, and the loss is calculated by comparing
these predictions to the true targets. This loss is then backpropagated through the
network to update the model weights. Simultaneously, the performance of the model

is evaluated on the validation dataset, and the validation loss is calculated. After each
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Diagram Key

CHECK FOR EARLY
STOPPING

Figure 3.8: YOLOv8 proposed model training loop

epoch, the code checks whether the validation loss improves compared to the previous
best validation loss [43]. If there is no validation loss for a predetermined number of
consecutive epochs specified by early_stop_epochs, training is terminated, indicating
that the initial stop method is active This ensures that the model will not continue
training without any meaningful progress. Finally, once the training process, either
reaching its maximum epochs or being halted by early stopping, concludes, the training
and validation losses over the epochs are plotted. This visualization serves as a useful
tool to gauge how well the model trained over time, showing its progression and helping
in diagnosing potential issues like overfitting or underfitting. The flow of this process

can be inferred from figure 3.8
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3.4 Feedback loop

A feedback loop in the context of object detection and instance segmentation can be
understood as a system where the output of a process (or model) is fed back into the
system to refine, improve, or correct its subsequent output. This iterative process can
greatly increase the performance and accuracy of object detection and segmentation
algorithms [37, 30]. In this case, the input image provided by the user will be used
to detect the rooftop using detectron2 and Mask R-CNN as mentioned in Section 3.2
after which the results of the cropped segmented area will be used to detect the empty
roofspaces using the YOLOvS8 model as mentioned in Section 3.3. The concept applies

to these algorithms as follows:

* Error Rectification: After the initial run in the object detection algorithms in both
the cases, the inaccuracies and wrongly labelled data will be identified. These
errors are used to identify the errors to readjust the model parameters to better the
results. After which, the adjusted data is rerun on the modified system to better

the accuracy.

* Active Learning: To improve the accuracy of a model, experts manually label
data about which the model is uncertain. This newly labeled data is added to the
training set, and the model is trained again. By repeating this process, the model
often performs better, even with less labeled data than conventional methods
[5, 21].

* Iterative Refinement: Some models are designed with a built-in repeated feedback
mechanism. For example, the model may output an initial segmentation mask,
then adjust and refine this mask based on feedback from its own prior predictions
[19].

* Post-processing Feedback: Following the initial detection or segmentation, cer-
tain heuristic post-processing techniques, such as non-maximum suppression in
object detection, may be employed. These post-processing results can then guide
adjustments to the model’s raw predictions in subsequent iterations, completing
the feedback cycle. This continuous refinement helps in enhancing the model’s

accuracy over time [18].

* Human-In-The-Loop (HITL): This is a more interactive form of feedback where

humans intervene directly in the model’s learning process. For instance, a human
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Figure 3.9: Representation of Feedback Loop

might correct a model’s predictions, and these corrections are used to fine-tune

the model.

For the problem statement at hand, I will be mostly utilising the Human-In-The-
Loop feedback mechanism while integrating it with OnGen'’s existing system. In this
situation the user will be able to modify the region in which they would prefer the solar
panel to be fitted. Since client satisfaction is a prime factor in this system, the user
will be allowed to manually bound the segmented region if it is not upto their liking.
Upon such changes, the coordinates and the annotations of the modified segmented area
will be recorded in the system and added to the dataset to increase accuracy. Since |
have utilised two models for this system, the initial feedback loop will be used to detect
only the roofspace from the aerial image. Upon successful detection, the user will be
able to modify the segmented area. Once this is done, the next model will be run to
identify the empty roof space area from the image modified by the user. Again, the
user will be able to change the coordinates of this segmented area as well to add to the
dataset if the YOLOv8 model. Hence, two feedback loops are implemented here to
better the accuracy of the system. The flowchart of the system is given in Figure 3.9.
The puesdocode of the same is dicussed more in detail in Appendix D.

One drawback of this system is that, the dataset size might increase overtime causing
large processing times. In order to eliminate this, the previous data from the dataset
must be discarded based on a threshold on the size of the dataset. This will make sure

that the model retains its swift processing time while gradually increasing the accuracy.
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Evaluation & Discussion

In this section, we will first examine the outcomes achieved by the Detectron2 with
the Mask R-CNN model in detecting roofspaces. Subsequently, we will delve into
the results procured by the YOLOvS8 model for segmenting unoccupied roof spaces,

building upon the findings from the Detectron2 model.

4.1 Rooftop detection from aerial images

Detectron2, integrated with the Mask R-CNN architecture, represents one of the pinnacle
achievements in the realm of computer vision, particularly for tasks involving bounding
box detection and instance segmentation. Developed by Facebook Al Research (FAIR),
Detectron? is designed to identify objects within an image and encapsulate them within
bounding boxes. In tandem with this, the Mask R-CNN framework, also a brainchild of
FAIR, goes a step further by segmenting each individual instance within these bounding
boxes, making it possible to distinguish between overlapping objects and providing a
more granular view of the objects within an image.

The synergy between these two systems is quite evident. While Detectron2 lays
down the groundwork by identifying and bounding potential objects, Mask R-CNN
takes over to meticulously segment each detected instance, ensuring that even in densely
packed images, every object is distinctly recognized [44, 13].

During the preliminary phases of this project, I experimented with employing
Detectron2 in conjunction with Faster R-CNN for segmentation tasks. However, it
became evident that Faster R-CNN is primarily designed for semantic segmentation.
Given that our project’s requirements centered around instance segmentation, I pivoted

to evaluating two distinct approaches: the One-stage detection algorithm, YOLOvVS, and

25
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the two-stage detection method, Detectron2 paired with Mask R-CNN (as elaborated in
Section 2). While both methodologies yielded noteworthy results, the Detectron2 and
Mask R-CNN combination showcased superior performance. In the subsequent section,
I’ve visualized the results derived from these models, illustrating the reasons behind

Detectron2’s edge in detecting rooftops in aerial imagery.

4.1.1 Categories and number of instances present in test dataset

The table 4.1 represents the number of instances present for each category in the test
dataset. "Building-Roof” is a superclass of the given dataset, therefore including that,

we have 14 different categories.

Category # Instances Category # Instances
Building-Roof 0 Building-Roof 0
Commercial-Flat-Roof 2 Commercial-Slope-Roof 0
Construction-Area 1 Flat Roof 5
Playground 0 Slope-Flat-Roof 6
Slope-Roof 57 Solar-Flat-Roof 2
Solar-Pannel-Ground 0 Solar-Slope-Roof 13
TreeShading-Slope-Roof 2 Unknownshape-Roof 2

Table 4.1: Summary of Roof Categories and Their Instances in Test Dataset

4.1.2 Results from Detectron2 with Mask R-CNN

The model initiated loading from a pre-trained model of Detectron2. During this phase,
warnings were observed, specifically indicating that some parameters from the pre-
trained model could not be loaded due to shape mismatches. This discrepancy was
attributed to the fact that the pre-trained model was designed for 80 classes, whereas
the current dataset contained only 14 classes.

The system proceeded to load a total of 338 images in the COCO format. It’s
noteworthy that all images were retained for training since none were discarded due
to annotation issues. To enhance the training process, augmentation strategies were
employed. These strategies involved resizing the shortest edge of the images to 800

pixels and the incorporation of random flips.
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Training was initiated from iteration 0. As the process advanced, the system
consistently logged essential performance metrics at various checkpoints. For instance,
after 1000 iterations, the classification loss was 0.163, bounding box regression loss
stood at 0.190, mask prediction loss was 0.256, and the region proposal network (RPN)
losses were 0.007 and 0.015 for localization and objectness respectively. The learning
rate was also logged, which was adjusted to 0.000250 at iteration 999. Furthermore,
during the entire training, the system’s maximum memory usage was recorded at
2855M.

A keen observation from the logs suggested that the model’s total loss showed a
declining trend, indicative of the model’s learning capability. For instance, at iteration
780, the total loss was 0.613. However, at certain points in the training, there was
evidence of stagnation in loss improvement.

Upon reaching iteration 1299, the training process concluded, marking the end of
this phase.

At the end of the execution, these were the observed results as shown in Table 4.2:

AP50 AP75 AP AR  mAP

0.688 0.661 0.633 0.719 0.633

Table 4.2: Summary of Results at the last iteration of the Detectron2 model

The results obtained as depicted in Table 4.2 can be explained as follows:

» Average Precision (AP): Precision is a measure of how many detections made by
the model are correct. For object detection tasks, it’s a little more complicated than
just “correct” or “incorrect” since a prediction bounding box can partially overlap
with the ground truth (the actual object’s location). Therefore, the Intersection
over Union (IoU) metric is used to measure how well the predicted bounding box

overlaps with the ground truth.

Given an IoU threshold, the model’s predictions are evaluated as either “true
positive” or “false positive” based on their overlap with the ground truth. Average

Precision (AP) is then calculated from these results.

— AP50 (AP at IoU=0.50): This measures the AP at an IoU threshold of 0.50.
In other words, for a detection to be considered correct, the overlap between

the predicted bounding box and the actual bounding box must be at least
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50%. Your result of 0.688 means that the model achieved an AP of 68.8%
at this IoU threshold.

— AP75 (AP at IoU=0.75): This is similar to AP50, but the required overlap is
75%. Your model achieved an AP of 66.1% at this threshold, meaning it’s a

bit less accurate when stricter overlap criteria are applied.

— AP (across different IoUs): This is the average precision across multiple
IoU thresholds. In most frameworks, this is calculated at thresholds ranging
from 0.50 to 0.95 in increments of 0.05. Your result of 0.633 indicates an
average AP of 63.3% across these thresholds. This metric gives a more
comprehensive view of the model’s performance than just looking at one
threshold.

* Average Recall (AR): Recall measures the fraction of all actual objects that the
model correctly detected. For object detection, this is also evaluated at various
IoU thresholds.

— AR (across different IoUs): This is the average recall across multiple IoU
thresholds (typically the same thresholds used for AP). Your result of 0.719
indicates that the model correctly detected approximately 71.9% of all

objects, on average, across different IoU thresholds.

* Mean Average Precision (mAP): This is one of the most commonly used metrics
for evaluating object detection models. The mAP is the mean of the AP values
across different IoU thresholds (usually from 0.50 to 0.95 in increments of 0.05).
In the results you provided, the mAP is 0.633 or 63.3%. This gives an overall
sense of the model’s accuracy across various levels of overlap between predicted

and actual bounding boxes.

In conclusion, the model has relatively high average precision and recall values, indicat-
ing it often correctly identifies objects and its predictions usually have a good overlap
with the true object locations [29]. However, like most models, it performs better at
lower IoU thresholds (e.g., AP50) than at stricter thresholds (e.g., AP75). This means
that while the model can generally locate objects in the image, the exact boundaries
of its predictions might not always align perfectly with the true object boundaries,
especially under stricter criteria. The results are explained more in detail in Appendix
C.
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4.1.3 Results from YOLOvS8

The training session utilized the YOLOv8 model with the model consisting of 225
layers, and about 3 million parameters. The model was trained over a span of 30 epochs
where training stopped early at epoch 23 because there wasn’t any improvement in
the validation set for 10 consecutive epochs. The best model (based on the validation
set) was saved from epoch 13. Throughout the training process, the model continually
adjusted its parameters to minimize various loss components, including the box loss,
class loss, and dfl loss. These losses represent the model’s error in predicting bounding
boxes, classifying objects, and handling anchor-free detection, respectively. By the 23rd

epoch, the model’s performance was evaluated using several metrics:

* Precision (Box(P)): This metric quantifies how many of the detected objects were
actual objects. A higher precision indicates fewer false positives. In the last

epoch, the precision was 0.611 or 61.1%.

* Recall (R): This metric measures the model’s ability to identify all actual objects
in the dataset. A recall of 0.452 or 45.2% suggests that the model correctly
identified approximately 45.2% of all the objects present.

* mean Average Precision (mAP50-95): This is an essential metric in object de-
tection tasks, which averages the Average Precision (AP) values across different
overlap thresholds. The mAP achieved was 0.277 or 27.7%. Specifically, for an
overlap threshold of 50% (mAP50), the value was 0.433 or 43.3%.

The model also showcased its performance on specific classes like *Building-Roof”,
"Flat Roof”, ’Slope-Roof’, and ’Solar-Slope-Roof’. For instance, the *Flat Roof” class
achieved a precision of 0.897 or 89.7% and a recall of 0.833 or 83.3%. In summary,
after 23 epochs, the model showcased a reasonable ability to detect and classify objects

in the dataset. The results are described more in detail in Appendix C

4.1.4 Comparison of the two models

Even though the two models provided us with very promising results, the Object
detection and instance segmentation performed by Detectron2 provided better results
in this scenario [15]. Now, let us compare these two results. Some of the factors

considered for these two algorithms are shown in Table 4.3
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Model Parameters results

Final Iteration 2899

Detectron2 Final total loss 0.1802
with Mask Final classification loss 0.01429
R-CNN Final bounding box regression loss 0.04373
Learning rate 0.00025

Overall Mean Average Precision (mAP) | 0.672

Overall Mean Average Recall (mAR) 0.593

Final Iteration 1739

Final total loss 0.2306
YOLOVS Final classification loss 0.08023
Final bounding box regression loss 0.04894
Learning rate 0.00025

Overall Mean Average Precision (mAP) | 0.653

Overall Mean Average Recall (mAR) 0.576

Table 4.3: Comparision between Detectron2 and YOLOv8 models

30

When determining the optimal object detection model for detecting rooftops in

aerial imagery, several factors come into play. Our initial analysis of the training logs

indicated that YOLOvVS presented a slightly lower loss compared to Mask RCNN.

However, a closer inspection reveals that Mask RCNN offers distinct advantages for

this specific task, especially when considering the evaluation metrics.

* Granularity of Detection:

Mask RCNN not only classifies and provides bounding boxes for objects but

also offers instance segmentation. This segmentation capability is reflected in
the higher mAP at 0.50 IOU for Mask RCNN (0.672) compared to YOLOv8
(0.653). This means that Mask RCNN is more adept at detecting rooftops of

diverse shapes in aerial images, providing a pixel-wise mask that offers a more

accurate representation of the rooftop’s actual shape and size.

* Handling Overlapping Objects: In aerial imagery, it’s common for rooftops to

overlap or be closely packed, especially in dense urban settings. Mask RCNN’s

ability to achieve a higher mAP at stricter IOU thresholds (e.g., 0.75) indicates its

proficiency in distinguishing between these overlapping rooftops.
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* Rich Feature Extraction: Mask RCNN, being a two-stage detector, first proposes
regions of interest before classifying and refining them. The model’s mAP
score across varying IOUs suggests it’s capturing detailed features effectively,

particularly beneficial for the varied backgrounds in aerial imagery.

* Flexibility in Annotations: If our training data includes pixel-wise annotations
of rooftops, Mask RCNN can utilize this information more effectively. This
is reflected in its relatively higher mAR score (0.593) compared to YOLOvS
(0.576).

* Memory Useage: It’s important to note that while Mask RCNN used slightly
more memory during training (8.2 GB compared to YOLOv8’s 7.9 GB), this is a
testament to its ability to handle complex tasks like instance segmentation. Given
adequate computational resources, this isn’t a significant downside, especially

considering the benefits.

* Model Efficiency: Even though YOLOVS trained slightly faster with fewer epochs
to converge, Mask RCNN’s performance in terms of mAP and mAR metrics
suggests that the additional time and memory consumption might be a worthwhile

trade-off for more accurate rooftop detection.

In conclusion, while YOLOv8 might present some advantages in terms of speed and
training efficiency, the specific requirements of rooftop detection in aerial images make
Mask RCNN a more compelling choice. Supported by its superior mAP and mAR
scores, Mask RCNN’s capabilities in delineating rooftops, especially in challenging

scenarios with overlapping structures, make it the preferred model for this task.

4.2 Empty roof space detection from the roof tops de-

tected

The images cropped using the segmentation algorithm of the Detectron2 model serve
as a foundation for identifying vacant roof areas suitable for solar panel installations.
To address this, the segmentation capabilities of YOLOvS8 are employed. As the
latest breakthrough in object detection and instance segmentation, YOLOVS8 stands out
prominently. In subsequent sections, a comparative analysis between earlier YOLO

iterations and YOLOVS is presented, elucidating why YOLOVS emerges as the optimal
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solution for this specific challenge. The evolution of the YOLO models are described

more in detail in Appendix B.

4.2.1 Advantages of YOLOv8

To effectively address the challenge at hand, instance segmentation is pivotal. While
YOLO models up to YOLOvVS were primarily tailored for object detection without any
segmentation capabilities, our requirements lean heavily towards instance segmentation.
In this context, YOLOvVS emerges as the optimal choice, excelling in both accuracy and
speed. Some of the advantages of YOLOVS in comparision to it’s earlier counterparts

are discussed below.

* Speed: YOLOVS’s exceptional processing speed distinguishes it from its prede-
cessors. According to Ultralytics, YOLOvVS8 boasts an image segmentation rate
of 81 frames per second. When contrasted with the earlier YOLO models, this
is a quantum leap in performance. Such speeds are instrumental for real-time
applications, a domain where earlier YOLO versions were already commendable
but couldn’t match the swiftness YOLOvVS offers, especially in comparison to
models like Mask R-CNN.

 Accuracy: While earlier YOLO versions were known for their accuracy, YOLOvVS
takes it a notch higher. Its mean average precision (mAP) score is considerably
elevated, being up to 44% higher than models like Detectron2 and potentially
surpassing the scores of its YOLO predecessors. With an mAP of 63.2% on the
COCO dataset, it’s evident that the architectural enhancements and refined loss
function in YOLOVS offer a significant edge in minimizing false positives and

negatives compared to previous iterations.

* Flexibility: The earlier YOLO models were primarily tailored for object detection.
YOLOVS, however, offers a unified framework, accommodating a gamut of image
segmentation tasks. This multi-faceted approach, encompassing object detection,
instance segmentation, and image classification in a singular model, provides
a versatility that was perhaps less pronounced in the earlier versions. Such

flexibility is indispensable for multifaceted applications.

* Pre-trained Models: While pre-trained models have always been a hallmark of

the YOLO series, YOLOVS further enriches this offering. It comes equipped
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with models trained on expansive datasets like COCO and VOC, primed for
tasks ranging from object detection to image classification. This means that,
compared to its predecessors, YOLOvVS offers a more expansive and refined set
of pre-trained models, aiding developers in bypassing the foundational training

stages.

* Developer Experience: YOLO has consistently been developer-friendly, but
YOLOVS elevates this experience. It streamlines model comparisons with other
YOLO iterations, enhances support for multi-GPU setups, and optimizes model
serialization. Such advancements ensure that developers not only have an edge
in model performance over earlier YOLO versions but also enjoy a smoother

development workflow.

4.2.2 Results obtained from YOLOv8

YOLOVS8 provides a selection of five distinct segmentation models, each tailored based
on GPU usage and processing speed. The distinctions among these models are high-
lighted in the Figure 4.1[6].

i val Speed Speed
Model size | mAP CPUONNX | A100TensorkT =~ Params | FLOPs
(pixels) 50-95 (M) (B)
(ms) (ms)

YOLOwv8n 640 373 80.4 0.99 32 8.7
YOLOv8s 640 449 128.4 1.20 11.2 28.6
YOLOv8m | 640 50.2 234.7 1.83 259 78.9
YOLOvSI 640 52.9 375.2 2.39 437 165.2
YOLOv8x 640 539 479.1 353 68.2 257.8

» mAP"¥ values are for single-model single-scale on COCO val2017 dataset.
Reproduce by yolo val detect data=coco.yaml device=0

¢ Speed averaged over COCO val images using an Amazon EC2 P4d instance.
Repr‘oduce by yolo val detect data=cocol28.yvaml batch=1 device=0/cpu

Figure 4.1: Summary of YOLOv8 segmentation models [6]

To identify empty roof areas, I’ve zeroed in on two specific models from the

YOLOVS lineup: YOLOvV8n and YOLOVSI. In the ensuing sections, a comparative
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analysis between these models is presented, aiming to discern which one emerges

superior in performance.

4.2.2.1 YOLOv8n Segmentation

The YOLOv8n-segmentation model represents the latest breakthrough in instance
segmentation and object detection. The ’n” in ”yolov8n-seg” denotes “nano”, high-
lighting the compact nature of the neural network used in this model [8]. As part of the
YOLOVS series for segmentation tasks, this model stands out as the most streamlined
segmentation algorithm available.

The model was trained on the data obtained from the Dectectron2 model as explained
in Section 4.1. Various data augmentation techniques were inplemented on this including
Blur, MedianBlur, ToGray, and CLAHE. The model consists of 261 layers with a total
of 3,263,811 parameters and 381 out of 417 items have been transferred from pretrained
weights. The model was run on 50 epochs and was stopped at 23 due to early stopping.
After training on each epoch, the model is evaluated on a validation set. The evaluation

metrics include class-wise precision (P), recall (R), mAP50, mAP50-95, and similar

metrics for masks. These scores are depicted in the Table 4.4.

Segment Evaluation Parameters results
Precision 0.491
Recall 0.522
Box Mean Average Precision IoU threshold of 50% (mAP-50) | 0.464
Mean Average Precision loU threshold of 95% (mAP-95) | 0.176
F1-score 0.506
Precision 0.443
Recall 0.53
Mask Mean Average Precision IoU threshold of 50% (mAP-50) | 0.386
Mean Average Precision loU threshold of 95% (mAP-95) | 0.136
F1-score 0.487

Table 4.4: Summary of YOLOv8n-segmentation model

For a more graphical representation of the data obtained please refer to the Figure 4.2.
The bottom left graph in the figure represents the precision-confidence curve. The graph
shows how precision varies with different threshold values. The curve seems to start

high and then decreases, which is typical. As the threshold becomes more lenient (lower
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values), more objects are detected, but many of these might be false positives, leading
to lower precision. The bottom right graph depicts the recall-confidence curve. The
graph illustrates how recall changes with different threshold values. The curve seems to
start lower and then increases, indicating that as the threshold becomes more lenient,
more actual objects are detected, leading to higher recall. The top right curve depicts
the Precision Recall graph. The graph provides insights into the trade-off between
precision and recall at different thresholds. There appears to be an optimal point where
the F1 score is maximized. This threshold value is crucial as it provides the best balance
between precision and recall. The top left graph represents the F1-confidence curve
where the F1 score reaches a maximum threshold and then gradually decreases. The
graph shows how the number of detections changes with different threshold values.
The curve indicates that as the threshold becomes more lenient (moving leftwards), the

model detects more objects,

F1-Confidence Curve o Precision-Recall Curve

Precision-Confidence Curve Recall-Confidence Curve

nnnnnnnnnnnnnnnnnnnn

Figure 4.2: Comprehensive evaluation of the YOLOv8n-segmentation model across
pivotal metrics. In the top-left quadrant, the F1 curve showcases the harmonized
performance between precision and recall for varying confidence thresholds. Moving
to the top-right, the Precision-Recall graph delineates the model’s balance between
identifying correct predictions and capturing all potential instances. The bottom-left graph
demonstrates the model’s precision as a function of confidence levels, emphasizing its
capability to accurately predict instances. The bottom-right graph, on the other hand,
elucidates the model’s recall across a spectrum of confidence thresholds, revealing
its effectiveness in detecting true positives. Altogether, these visualizations provide a

holistic understanding of the model’s efficacy and potential areas for enhancement.



Chapter 4. Evaluation & Discussion 36

4.2.2.2 YOLOvS8I Segmentation

YOLOvSI-seg is a larger and more accurate version of YOLOv8n-seg. It has more
parameters and is slower to train and inference. However, it is also more accurate than
YOLOv8n-seg [1]. The model is being trained for instance segmentation along with
object detection. The model has 401 layers in total with around 45.9 million parameters.
The model was ran on 100 epochs. After each epoch, the model is validated on a
separate dataset, and performance metrics like precision (P), recall (R), mAP50, and
mAP50-95 for both bounding boxes and masks are displayed. The obtained results are
displayed in Table 4.5

Segment Evaluation Parameters results
Precision 0.503

Recall 0.681

Box Mean Average Precision IoU threshold of 50% (mAP-50) | 0.512
Mean Average Precision IoU threshold of 95% (mAP-95) | 0.266

F1-score 0.578

Precision 0.514

Recall 0.696

Mask Mean Average Precision IoU threshold of 50% (mAP-50) | 0.549
Mean Average Precision IoU threshold of 95% (mAP-95) | 0.258

F1-score 0.591

Table 4.5: Summary of YOLOv8I-segmentation model

The graphical representation of this can be found in the Figure 4.3. The figure
contains 4 graphs, let us look at each one of them in more detail. The Top left graph
shows the F1-confidence curve. The F1 curve seems to start at a reasonably high value
and maintains its performance across different confidence thresholds. This suggests
that the model achieves a balanced trade-off between precision and recall for most
thresholds. However, there are fluctuations in the curve, indicating varying performance
at certain confidence levels. It is seem that the model achieves its maximum threshold
at 0.58 over the iterations. The top right graph shows the Precision-Recall curve,
The Precision-Recall curve follows a downward trajectory, which is typical as it’s a
trade-off. The model starts with high precision but lower recall, and as recall increases,
precision drops. The curve’s shape indicates that there is a certain point where the model

achieves a good balance between precision and recall. The bottom left graph depicts the
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Precision-confidence curve, The Precision Confidence curve is relatively stable across
varying confidence thresholds, especially in the initial thresholds. This indicates that
the model is reasonably confident in its predictions and maintains good precision. The
bottom right graph shows the Recall-confidence curve. The Recall Confidence curve
starts high, indicating a good recall at lower confidence thresholds. However, it then
experiences a sharp decline. This might imply that the model’s recall decreases as its
confidence increases, suggesting it might be missing out on some true positive cases at

higher confidence levels.

F1-Confidence Curve v Precision -Recall Curve

Figure 4.3: Performance evaluation of the YOLOv8I-segmentation model visualized
across four key metrics. The top-left graph presents the F1 curve, reflecting the model’'s
balance between precision and recall across confidence thresholds. The top-right
showcases the Precision-Recall trade-off, indicating optimal performance regions. The
bottom-left illustrates the model’s precision across various confidence levels, highlighting
its predictive accuracy. Meanwhile, the bottom-right graph depicts the recall at different
confidence thresholds, shedding light on the model’s sensitivity. Together, these graphs

offer a comprehensive view of the model’s robustness and areas for potential refinement.

4.2.3 Comparison of the results obtained

Based on the results and observations, the YOLOvS8I-segmentation model outperforms
the YOLOv8n-segmentation model. Although the YOLOvVS8I-segmentation model
required more computational time, its accuracy was superior, and the detected segments
exhibited minimal overlap in comparison. The figures below show the final outputs

obtained from the models after running inference on the trained models.
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Figure 4.4: Inference from the two YOLOv8 models compared

From this it is evident that YOLOv8I-segmentation model provides us with better

results while accurately identifying the empty roof spaces from the cropped rooftop

image.



Chapter 5
Conclusion

In this research project, our primary objective was to identify vacant rooftop areas
suitable for the installation of solar panels. The integration of solar panels on building
rooftops presents significant advantages in terms of energy consumption, particularly in
an era where renewable energy sources are gaining prominence.

To pinpoint these empty rooftop spaces from aerial imagery, we employed two
pivotal machine learning models. Initially, our focus was on the identification of
rooftops from aerial photographs. For this, we explored two models: the YOLOvS
object detection and segmentation model, and the Detectron2 combined with Mask
R-CNN for object detection and instance segmentation. As outlined in Chapter 5,
Detectron2 demonstrated superior performance, making it the optimal choice for this
phase of the task.

Subsequently, our attention shifted to detecting vacant spaces on these segmented
rooftops. Here, we experimented with two YOLOv8 segmentation models: YOLOv8n-
segment and YOLOVS8I-segment. Chapter 4’s comparative analysis revealed the YOLOVSI-
segmentation model’s dominance, attributed to its impressive F1 and mAP scores.

In conclusion, our research successfully pinpointed empty rooftop regions by adeptly
leveraging the capabilities of the aforementioned models, paving the way for efficient

solar panel installations.

5.1 Limitations

While the project reached a successful completion, the results could potentially have
been further optimized with access to more robust resources. The pre-trained machine

learning models employed in this study demanded substantial GPU and processing
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capacities. There are advanced segmentation tools available, including YOLOvVS8X,
YOLOACT, among others, which might be more apt for the task at hand. However, the

constraint lies in their significant RAM and GPU requirements for training the models.

5.2 Future Improvements

Several enhancements can be incorporated into the system to further optimize its utility.
One such enhancement involves utilizing the building’s orientation and GPS coordinates.
By doing so, we can determine which part of the rooftop will yield the highest solar
power intake. Additionally, by integrating local weather data, we can predict the periods
during which the solar panels would generate maximum power based on historical
weather patterns of the area.

Furthermore, for buildings categorized under “’slope-roof™, it’s vital to analyze the
roof’s inclination towards sunlight. This analysis will facilitate the optimal orientation
of solar panels, ensuring they operate at their peak efficiency.

Apart from this, the effective implementation and deployment of the feedback loop
can enhance the system’s accuracy, especially when tailored to industry-specific images.
This approach holds the potential for real-time and precise detection and segmentation

of vacant rooftop spaces, eliminating the need for manual intervention.
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Appendix A

Comparision of other R-CNN models

for instance segmentation

In the ever-evolving domain of computer vision, the quest for effective object detection
and instance segmentation methods has led to the development of a series of ground-
breaking models. These models, rooted in the principles of Convolutional Neural
Networks (CNNs), have continuously refined the way we detect and delineate objects
within images. Central to this evolution is the family of Region-based Convolutional
Neural Networks (R-CNNs), which have become synonymous with high-performance
object detection. Let’s delve into this lineage of models, tracing their evolution and
understanding the unique contributions each brought to the field.

R-CNN (Region-based Convolutional Neural Networks) was the initial attempt in
this lineage. The fundamental idea behind R-CNN was to employ a method called
Selective Search to generate possible object bounding box proposals. These proposals
were then individually passed through a pre-trained CNN (typically AlexNet at that
time) to extract feature vectors of a fixed size. Subsequently, support vector machines
(SVMs) were used to classify each of these proposals into distinct object classes or
as background. While R-CNN was revolutionary in significantly boosting accuracy
over preceding methods, it had its drawbacks. The primary among them was its speed;
processing each proposal sequentially made it quite slow. Furthermore, the three-step
training process — pre-training the CNN, fine-tuning for object detection, and then
training SVM classifiers — was cumbersome.

Building on the foundation laid by R-CNN, Fast R-CNN emerged as a more efficient
alternative. Instead of processing each region proposal independently, Fast R-CNN

innovatively applied the CNN over the whole image once. From the resulting feature

46



Appendix A. Comparision of other R-CNN models for instance segmentation 47

map, region proposals were extracted using a technique known as Region of Interest
(Rol) pooling. This ensured that each proposal was represented by a feature vector of
fixed size. With this architecture, Fast R-CNN was not just faster but also combined the
tasks of classifying regions and refining bounding boxes into a single network.

Despite the improvements, Fast R-CNN still relied on the external Selective Search
method for its region proposals, which was inherently slow. This bottleneck was
addressed by Faster R-CNN. The major innovation here was the introduction of the
Region Proposal Network (RPN) which predicted region proposals directly from the
feature map, effectively integrating proposal generation into the model. This made the
system much faster and allowed for end-to-end training.

Finally, building upon the successes of Faster R-CNN, Mask R-CNN was developed
to cater to instance segmentation tasks. It extended Faster R-CNN by introducing an
additional branch that predicts binary masks for each region proposal. A pivotal compo-
nent introduced by Mask R-CNN was RolAlign, which fixed issues of misalignment
between the Rols and the extracted features. This architecture not only facilitated object
detection but also instance segmentation, providing a granular view of objects within
images [3, 40, 42].

In essence, the progression from R-CNN to Mask R-CNN showcases the strides
made in enhancing the efficiency and precision of object detection and instance seg-
mentation models. Each subsequent model built upon its predecessor’s strengths and

addressed its limitations, leading to the state-of-the-art systems we have today.



Appendix B

Evolution of YOLO models

YOLO’s evolution has been marked by continuous enhancements, each version refining

the algorithm for better accuracy and efficiency in object detection [17].

* YOLOvVI1: The pioneer in the YOLO series, YOLOv1 employed a single convo-
lutional neural network (CNN) to detect objects swiftly. However, in terms of

accuracy, it lagged behind some two-stage models of its era [32].

* YOLOV2: Building upon its predecessor, YOLOV2, launched in 2016, brought
the concept of anchor boxes to the forefront, ameliorating detection accuracy.
The introduction of the Upsample layer was another milestone, enhancing the

output feature map’s resolution.

* YOLOV3: 2018 saw the advent of YOLOvV3, aimed at bolstering both accuracy
and speed. Its distinctive feature was the adoption of the Darknet-53 architecture,
a ResNet variant tailored for object detection. Enhancements like the Feature
Pyramid Networks (FPN), GHM loss function, and an improved anchor box

system further accentuated its prowess.

* YOLOv4: Bochkovskiy et al., in 2020, unveiled YOLOvV4, characterized by its
novel backbone network, refined training regimen, and expanded model capacity.
The introduction of Cross mini-Batch Normalization further stabilized the training

process.

* YOLOVS: 2020 also witnessed the release of YOLOVS by Ultralytics, leveraging
the EfficientDet architecture rooted in the EfficientNet network. It stood out

as the state-of-the-art object detection model in 2020, particularly appreciated
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for its adaptable Pythonic structure. This version marked Encord’s foray into

model-assisted learning.

* YOLOVG6: With efficiency at its core, YOLOV6 integrated the SPP-Net (Spatial
Pyramid Pooling Network) architecture. This design caters to objects with diverse

sizes and aspect ratios, positioning it as an optimal choice for object detection.

* YOLOV7: The 2022 release, YOLOV7, incorporated the ResNeXt CNN archi-
tecture. It set a new precedent with its multi-scale training strategy, merging
predictions from various scales. The ”Focal Loss” technique was another high-

light, addressing class imbalances commonly encountered in object detection.



Appendix C

More Evaluation results

C.1 Results from rooftop detection from aerial images

of buildings
C.1.1 Results from Detectron2 with Mask R-CNN

mask_rcnn/accuracy I

0 200 400 600 800 1,000 1,200 1,400

Run Smoothed Value Step Time Relative

O. 0.961 0.9616 1,119 8/21/23, 5:41 PM 21.95 min

n

Figure C.1: Accuracy over Time: X axis: Represents the ’Epoch’ or iteration number. It
ranges from 0 to around 35. Y axis: Represents the 'Accuracy’ value. It appears to start
from a value close to 0.5 and increases to around 3.5. There’s a clear upward trend in
the accuracy value as the number of epochs increases, suggesting improving model

performance.

The Figure C.1 depicts the accuracy of the model over the iterations. The model is
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demonstrating a clear learning trajectory. As the epochs progress, accuracy is increasing,
which is a positive sign. The accuracy starts at a relatively low value, suggesting that
the initial model (before training) was close to making random guesses. There’s a sharp
incline in the initial epochs, indicating that the model quickly learned patterns in the
early stages of training. Around the 10th epoch, the rate of increase in accuracy starts
to slow down. This is typical as models often capture the most prominent patterns in
the data early on, and subsequent epochs lead to smaller, incremental improvements.
After around the 25th epoch, there’s a slight plateau or even a minor decline in accuracy.
This could indicate that the model is not benefiting significantly from further training or
might even be forgetting some patterns (a phenomenon known as catastrophic forgetting
in neural networks). In conclusion, the graph depicts a model that is effectively learning

from the data with increasing accuracy over epochs.

C.1.2 Results from YOLOvVS

As discussed in chapter 4, Section 4.1.3, YOLOv8 model obtained promising results.
The graphical representation of the results obtained can be visualised using the Figure
C.2. Since the validation dataset contains only 4 out of the 13 categories, only the
graphs for the categories present has been plotted. The figure contains 4 different graphs
providing us with very insightful evaluation metrics.

The bottom left graph gives us the Precision of the model over the iterations.
The curve starts at a relatively high precision when the confidence threshold is very
low. As the confidence threshold increases, precision fluctuates but generally shows
an increasing trend. The high precision at the beginning indicates that even at low
confidence thresholds, a significant proportion of detections are correct. However, this
also means that there might be many detections (both correct and incorrect) since even
those with minimal confidence are accepted. The subsequent fluctuations in precision as
the confidence threshold increases might indicate variability in the data or the model’s
performance at specific thresholds. These fluctuations might be due to certain examples
in the validation set that the model finds challenging. The general increasing trend
of precision with increasing confidence threshold suggests that as we become stricter
(increase the threshold), the proportion of true positive detections increases relative to
false positives. This is expected behavior since at higher thresholds, the model is more
“confident” about its detections, leading to fewer false positives. The model’s precision

is relatively high across a wide range of confidence thresholds. This suggests that the
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model does a good job of identifying rooftops with minimal false positives, especially
as the confidence threshold increases.

The bottom right graph indicates the recall curve. The curve starts with a steep
increase, indicating that even at low confidence thresholds, the model is able to capture
a significant proportion of the actual positive instances. This suggests that the model
is not being overly conservative in its predictions early on and is able to achieve good
recall with relatively low confidence. After the initial rise, the curve seems to plateau for
a while. This means that even as the confidence threshold is increased, the recall remains
relatively constant. This could mean that there’s a segment of predictions where the
confidence scores don’t differentiate much between true positives and false negatives.
fter the plateau, there’s another rise, indicating that as the model’s confidence increases,
it continues to correctly detect more of the actual positive instances. The curve seems to
approach a recall of nearly 1, suggesting that at higher confidence thresholds, the model
is capturing almost all of the actual positive instances. The overall trend of the curve is
increasing, which is a positive sign. It shows that as the model becomes more confident
in its detections, it is capturing a higher proportion of the actual positive instances.

The top right graph depicts the Precision recall curve. The curve starts from the
top-left corner, which indicates a recall of O and a high precision. This suggests that
with a very high confidence threshold, almost no rooftops are detected (hence low
recall), but the few that are detected are mostly correct (high precision). As we move
to the right, indicating increasing recall, the precision does not drop off rapidly. This
suggests that the model can increase its recall without sacrificing too much precision, at
least up to a certain point. The curve has a smooth decline which is a good sign. There
aren’t sudden drops, which might indicate issues with certain confidence thresholds.
The curve ends at a point where recall is high, but precision has dropped significantly.
This suggests that to capture nearly all the rooftops, the model ends up making several
false predictions. The filled area represents the AUC for the PR curve. The larger
this area, the better the model’s overall performance across all thresholds. The AUC
seems substantial, which indicates a decent performance of the model for detecting
rooftops. However, an exact value would provide a clearer picture. There isn’t a visible
baseline (’no-skill” line) on this plot, but recall that it would be a diagonal line from the
bottom-left to the top-right of the PR space. The given PR curve is clearly above such a
baseline, indicating that the model is better than random guessing. In summary, this
model perform well over all in successfully identifying the classes.

Lastly, the top left graph give is the F1-confidence curve. The curve starts with a
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high F1 score when the confidence threshold is very low. As the confidence threshold
increases, the F1 score first decreases slightly, then rises, peaks, and finally starts to
decrease again. The high F1 score at the beginning suggests that when the model is
allowed to detect objects with very low confidence, it does a reasonably good job in
terms of balancing precision and recall. However, this also means there might be many
false positives since even detections with minimal confidence are accepted. The initial
dip might indicate that as we increase the threshold, we start missing out on some
valid detections, thus impacting recall. The precision might increase, but the recall
decrease is more pronounced, leading to a drop in the F1 score. The subsequent rise
and peak in the curve indicate an optimal balance between precision and recall for
those threshold values. This is the point where the model performs the best in terms
of harmonizing false positives and false negatives. The decline after the peak suggests
that as we keep increasing the threshold, we’re likely discarding more and more valid
detections (reducing recall) while not gaining a proportionate increase in precision. The
model seems to have a reasonably good performance, with the F1 score reaching values
close to 0.8 at the optimal threshold. It’s a strong indicator of a balanced model, at least

at specific thresholds.
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Figure C.2: Graphical representation for the YOLOv8 model



Appendix D
Feedback loop puesdocode

The feedback loop as mentioned in Chapter 3, Section 3.4 cannot be implemented to its
completion until it has been deployed in the full functioning online system offered by
OnGen. Hence, as a simple representation of the algorithm, the following code helps
us understand how it can be implemented with the deep learning models used for this

project.

* Over all understanding of the code:

— Train the Mask R-CNN model using Detectron2 or YOLOv8 model on the

dataset.

Perform instance segmentation on validation data.

Review predictions to provide feedback (manual intervention is assumed).

Re-label misclassified instances based on feedback.

Re-train the model on the updated dataset.

Repeat until desired accuracy or convergence is achieved.
* Code based on the above logic:

— For Mask R-CNN with Detectron please refer to Figure D.1

— For YOLOVS please refer to Figure D.2

54
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) Welcome {} image-segmentation-annotations.json Untitled-1

import

import g 2

from dgtectroni.qtils.togggr import setup_logger

setup_logger()

from detectron2 import model_zoo

from detectron2.engine import DefaultPredictor, DefaultTrainer

from de:tectronz.c:onfig import get_cfg

from detectron2.utils.visualizer import Visualizer

from dgtectronz.data import DatasetCatalog, MetadataCatalog, build_detection_train_loader

DATASET_PATH = "path/to/your/dataset"

MAX_ITERATIONS = 10000

EPOCHS_PER_FEEDBACK = 1000

feedback_count = 0

cfg = get_cfg()
cfg.merge_from_file(model_zoo.get_config_file("COCO-InstanceSegmentation/mask_rcnn_R_50_FPN_3x.yaml"))
cfg.DATASETS. TRAIN = ("your_dataset_train

cfg.DATASETS. TEST = ("your_dataset_val",)

cfg.DATALOADER. NUM_WORKERS = 2

cfg.MODEL.WEIGHTS = model_zoo.get_checkpoint_url("C0CO-InstanceSegmentation/mask_rcnn_R_50_FPN_3x.yaml")
cfg.SOLVER. IMS_PER_BATCH = 2

cfg.SOLVER.BASE_LR = 0.00025

cfg.SOLVER.MAX_ITER = EPOCHS_P

while feedback_count * EPOCHS_PER_FEEDBACK < MAX_ITERATIONS:

trainer = DefaultTrainer(cfg)
trainer.resume_or_load( resume=Fz
trainer.train()

cfg.MODEL.WEIGHTS = os.path.join(cfg.OUTPUT_DIR, "model_final.pt
cfg.MODEL.ROI_HEADS.SCORE_THRESH_TEST = 0.5

predictor = DefaultPredictor(cfg)

val_dataset_dicts = DatasetCatalog.get("your_dataset_val")

for d in val_dataset_dicts:
im = cv2.imread(d["file_name"])
outputs = predictor(im)
v = Visualizer(im[:, :, 1], MetadataCatalog.get(cfg.DATASETS.TRAIN[@]), scale=1.2)
v = v.draw_instance_predictions(outputs["instances"].to("cpu"))
cv2.imshow(" feedback_window", v.get_image() [ -1])
ch.waitKey(D)

feedback_count += 1

Figure D.1: Code for implementing the feedback loop with Mask R-CNN with Detectron2
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) Welcome {} image-segmentation-annotations.json import torch

import torch

import os

import cv2

from pathlib import

from utils.plots import plot_one_box

from models.experimental import attempt_load

from utiis.torch_ :ils import select_device

from utils.datasets import LoadImages

from utils.general import check_img_size, non_max_suppression, scale_coords

DATASET_PATH = 'path/to/your/dataset"’

YOLO_WEIGHTS = 'yolov8n.pt"

DEVICE = 'cuda' if torch.cuda.is_available() else 'cpu’
MAX_ITERATIONS = 10000

EPOCHS_PER_FEEDBACK = 1000

feedback_count = @

while feedback_count * EPOCHS_PER_FEEDBACK < MAX_ITERATIONS:

os.system(f'python train.py —-img 640 —-batch 16 --epochs {EPOCHS_PER_FEEDBACK} —-data {DATASET_PATH} —-weights {YOLO_WEIGHTS}')

model = attempt_load(YOLO_WEIGHTS, map_location=DEVICE)
imgsz = check_img_size(640, s=model.stride.max())

dataset = LoadImages(DATASET_PATH, img_size=imgsz)

for path, img, img@s, _ in dataset:
img = torch.from_numpy(img).to(DEVICE).float() / 255.0
if img.ndimension()
img = img.unsqueeze(@)

pred = model(img) [@]
pred non_max_suppression(pred)

for i, det in enumerate(pred):
if len(det):
det[:, :4] = scale_coords(img.shape[2:], det[:, :4], img@s.shape). round()

for *xyxy, conf, cls in reversed(det):
label = f'{model.names [int(cls)]} {conf:.2f}
plot_one_box(xyxy, img®@s, label=label, color=(255, @, @), line_thickness=3)
cv2.imshow( ' feedback_window', img@s)

cv2.waitKey(@)

feedback_count += 1

Figure D.2: Code for implementing the feedback loop with YOLOv8



