DEVELOPMENT OF DEEP LEARNING
MODEL FOR BUILDING OPENING
DETECTION AS THE APPLICATION OF
UNMANNED AERIAL VEHICLES (UAV) IN
URBAN SEARCH AND RESCUE MISSION

ALI SUROJAYA
June 2023

SUPERVISORS:

Prof. Dr.Ing. Francesco Nex (First Supervisor)
Dr. John Ray Bergado (Second Supervisor)
Ning Zhang (Scientific Advisor)






DEVELOPMENT OF DEEP LEARNING
MODEL FOR BUILDING OPENING
DETECTION AS THE APPLICATION OF
UNMANNED AERIAL VEHICLES (UAV) IN
URBAN SEARCH AND RESCUE MISSION

L 7 ///

.

&
A

i\lr

ALI SUROJAYA
Enschede, The Netherlands, June 2023

Thesis submitted to the Faculty of Geo-Information Science and Earth
Observation of the University of Twente in partial fulfilment of the
requirements for the degree of Master of Science in Geo-information
Science and Earth Observation.

Specialization: Geoinformatics

SUPERVISORS:

Prof.Dr.Ing. Francesco Nex (First Supervisor)
Dr. John Ray Bergado (Second Supervisor)
Ning Zhang (Scientific Advisor)

THESIS ASSESSMENT BOARD:
Prof.Dr.Ir. M.G. Vosselman
Prof.Dr. Norman Kerle




DISCLAIMER
This document describes work undertaken as part of a programme of study at the Faculty of Geo-Information Science and
Earth Observation of the University of Twente. All views and opinions expressed therein remain the sole responsibility of the
author, and do not necessarily represent those of the Faculty.



ABSTRACT

Automatic Unmanned Aerial Vehicle (UAV) is a promising technology to minimise human involvement in
dangerous activities like urban search and rescue missions (USAR). For this purpose, the ability of a UAV
that can map and locate the openings in the damaged building is needed to be able to transit between
outdoor and indoor environments. This study focuses on developing a deep learning model for real-time
damaged building opening detection by comparing the performance of single and multi-task learning-based
detectors. This study consists of four phases: dataset development, single-task network training, multi-task
network design, and model performance testing and comparison. This work successfully provides a novel
damaged building opening dataset containing images and mask annotations. The deep learning-based
detector used in this study is based on YOLOV5 as the most stable current state-of-the-art of real-time
object detection model. First, this study compares the different versions of YOLOv5 (i.e. small, medium,
and large) to perform damaged building opening detections. Second, multi-task learning YOLOVS5 is trained
on the same dataset and compared with the single-task detector. This study found that multi-task learning
(MTL) based YOLOV5 can improve detection performance by combining detection and segmentation
losses. The YOLOv5s-MTL trained on the damaged building opening dataset obtained 0.648 mAP, an
increase of 0.167 from the single-task-based network. Regarding the inference speed, the YOLOv5s-MTL
can run inference in 73 frames per second on the tested platform. Overall, this study provides a novelty by
contributing to developing an initial damaged building opening dataset and detection model. It also
demonstrates that a multi-task learning method can improve detection accuracy.

Keywords: damaged building opening, multi-task learning, YOLOVS5, object detection, image segmentation
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1. INTRODUCTION

1.1. Background

Disaster is a destructive phenomenon that can happen anytime and anywhere. According to the Emergency-
event Database (EMDAT), in 2021, 432 disaster events occurred worldwide, and more than 100 million
people were affected, causing around USD 252.1 billion in economic losses (EMDAT, 2022). In the disaster
management cycle, disaster response is one component carried out immediately after a disaster (Carter,
2008). Search and rescue are the first things done in the disaster response process. Search and rescue
missions in urban areas or Urban Search and Rescue (USAR) are time-critical and dangerous activities (Mittal
et al,, 2019). In urban disasters like earthquakes, it aims to save people trapped in the rubble of buildings,

isolated due to collapsed buildings or other conditions.

Efforts currently being made in USAR are by inspecting the affected buildings and continuing to search for
victims, most of which is still done manually by the disaster response team. This effort is considered less
effective and dangerous, so other alternatives are needed. Due to the challenging conditions and the high
risks rescue workers face, it is necessary to apply relevant technologies for post-disaster scenarios
(Delmerico et al., 2019). The idea is to obtain the search and rescue mission done with less human
involvement and reduce additional risks. Automated tools are currently being developed to lessen the
requirement for human involvement in the USAR operation, one of which is the application of Unmanned
Aerial Vehicles (UAV). UAVs can be applied as a tool that can replace human involvement, one of which

is in search and rescue missions (Gomez & Purdie, 2016).

UAVs can be used for area exploration and locating victims (Goian et al., 2019). The development of UAVs
that allow the application of the concept of semi-controlled pilot systems has been widely implemented as
a disaster management and response tool. Nex et al. (2019) have researched the development of a UAV that
can automatically map and detect collapsed buildings in near real-time timescales using a deep learning
algorithm. This technology can help the USAR mission better locate the impacted area due to catastrophic
disasters like earthquakes. A UAV search and rescue mission scenario was developed by Zhang et al. (2022)
to train a detection network based on harmonious composite images for a low-light indoor environment.

The detection network is helpful for the USAR scenario, especially for indoor search and rescue missions.

Mittal et al. (2019) have studied UAVs that can navigate and land autonomously using vision technology for
search and rescue due to collapsed buildings. The combination of stereo-cameras and bio-radar was used to
detect a safe landing area. This automatic system is crucial because most USAR UAVs still need to be

manually remote-controlled, thus requiring a highly skilled operator (Khatib & Siciliano, 2008). With this
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vision-based UAV, the UAV system can operate and navigate automatically. However, the technology
developed by Mittal et al. (2019) is still limited to automation only to be able to land outside of the collapsed
building. Other (or most USAR) use cases require a UAV to enter the building to detect trapped people
inside the damaged buildings.

Most autonomous UAVs can only work outside or inside the building, but the capability to navigate in the
entering process is still underdeveloped. The difficulty in entering the collapsed building lies in the structure
of the building, which is not easily identified which areas can be entered by UAV. A technology that can
map the openings in the damaged building is needed. With the ability to detect openings in collapsed
structures, UAVs can enter buildings automatically without the need to be manually teleoperated. This ability
is required to help the UAV transition between outdoor and indoor environments and vice-versa. Thus, a

safer and faster search and rescue process can be done.

The combination of a depth camera, light detection and ranging (LiIDAR), and a priori information
developed by Pritzl et al. (2021) has been state-of-the-art for autonomous UAVs. This technology is applied
in firefighting scenarios that enable UAVs to recognize and estimate the window's location, orientation, and
edges to enter a building autonomously. Their approach needs at least one combination between depth
camera plus LIDAR or LIDAR with a priori information to support the automatic navigation for UAVs. In
some cases, the UAV equipped with a depth camera and LiDAR are unavailable due to cost and other
limitations. Thus, the possibility of only using an RGB camera sensor for UAV navigation will be studied

in this research.

Ramoéa et al. (2021) studied three approaches to detecting and classifying door openings using RGB and
depth information. The developed algorithm is used to classify a door into different opening classes, i.e.,
open, semi-open, and closed. This algorithm successfully classifies doors in real time on a limited-power
device and can be applied for indoor navigation purposes to transit between rooms. The network is based
on a sequential method that combines object detection or semantic segmentation with a classification
network. However, the algorithm developed by Ramoa et al. (2021) was not trained to detect the door
opening in the damaged building scenario. The performance of the opening detection can be different due
to the unideal condition of doors in damaged building scenes. Also, compared to the current state of the art
of real-time object detection networks, the inference time of this door detection and classification network

is still lagging behind.

This research will try to overcome the above problem by proposing a detection algorithm for opening space
in damaged buildings. Opening space in the damaged building can be damaged walls, holes, opened windows
or doors. All these kinds of openings can be the access point for the UAV into the building. To the best of
our knowledge, no deep learning model was developed specifically for detecting the opening space in
damaged buildings. Therefore, there is a need to design a deep learning model to detect opening space in

damaged buildings and try to implement this real-time algorithm for UAV navigation. This research aims to
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apply a method for real-time object detection on aerial images based on Convolutional Neural Network
(CNN) to detect openings in buildings affected by disasters. The opening information gained from UAV
can be used by the USAR team to enter the collapsed building.

The proposed solution in this research is to develop a multi-task learning-based network by combining
object detection and segmentation task. The idea is to utilize the segmentation task to improve the detection
performance by classifying pixels of the opening space. Contributions that will be given through the results
of this research include (1) the preparation and annotation of a collapsed building opening dataset; (2) the
development of a real-time object detection model on aerial images to detect openings in disaster-affected
buildings; and (3) a modified combination of object detection and segmentation based on multi-task learning
network algorithm to detect openings in the damaged building. With the results of this research, it is hoped

that this study can be applied to UAV devices that are useful in the search and rescue mission.

1.2. Problem Statement

The capability of an autonomous UAV to enter the building for the Urban Search and Rescue (USAR)
mission is crucial. The difficulty in entering a collapsed building lies in the structure of the building, which
is not easily identified which areas can be entered by UAV. Thus, a technology that can map the openings
in the damaged building is needed. With the ability to detect openings in collapsed structures, UAVs can
enter buildings automatically without the need to be manually teleoperated. This ability is required to help

the UAV transition between outdoor and indoor environments.

Opening detection is used to detect and locate the opening space on the building facade. The detection
network must be able to work in real-time on low-powered devices. Although there have been several works
of research in the field of autonomous UAVs for search and rescue missions, no single study exists which
develop real-time opening detection in damaged building scene. There is also a need to provide a damaged

building opening dataset which is not available yet.

This work will only focus on damaged building opening detection using a computer vision algorithm without
discussing the after-process the UAV will take regarding the detection result. The proposed scenario can

also be used to inform the USAR team where the opening can be entered.

1.3. Research Novelty

This research's main novelty is developing a deep learning model for real-time damaged building opening
detection. The opening detection in damaged buildings is essential for an autonomous urban search and
rescue mission system. In the case of UAVs for USAR, this model can help the autonomous system to map
and locate the possible openings as the entering space for the UAV. To the best of our knowledge, there is

still no detection model for damaged building opening detections.
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Initially, there is still no available dataset for this specific purpose. Thus, as patt of this study's contributions,
a damaged building opening detection dataset consisting of damaged building images and the corresponding
openings annotation is developed. A comprehensive comparison study on multi-task learning and single-
task-based detection model is also conducted. The proposed multi-task-based deep learning model will be
examined to improve the performance of a single-task damaged building opening detection model. This
comparison study between these two deep learning model techniques is necessary to prove the initial
hypotheses. Furthermore, the findings of this study will contribute to the scientific understanding of deep

learning, especially in scene understanding and object detection applications.

1.4. Research Objectives and Questions

The main objective of this study is to develop a deep learning model for real-time detection of the opening
space in damaged buildings. This research will use deep learning to study the combination of object detection
and segmentation algorithm based on multi-task learning methods. The main objective can be divided into

sub-objectives with the following research questions.

1.41. Develop a damaged building opening dataset for real-time opening detection task.

- What is the available dataset that can be used for building opening detection?
- What is the procedure for developing a damaged building opening dataset?

- What are the augmentation methods to improve the damaged building opening dataset?

1.4.2. Develop a single-task learning based object detection model for real-time damaged building opening

detection.

- Whatis the architecture of the single-task learning model for damaged building opening detection?
- How is the performance of a single-task learning model for damaged building opening detection?

- How different single-task model configurations can affect the detection performance?

1.4.3. Develop a multi-task learning model for real-time detection of the opening space in the damaged
building.
- What s the architecture of the multi-task learning model for damaged building opening detection?
- How s the performance of the multi-task learning model for damaged building opening detection?

- How different multi-task learning model configurations can affect the detection performance?

1.4.4. Assess the deep learning model performance on real-time damaged building opening detection test

scenarios.
- How are the results from the single-task model compared to those from the multi-task model for
real-time damaged building opening detection?

- What makes the multi-task model perform differently compared to the single-task detector?
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2. LITERATURE REVIEW

2.1. Convolutional Neural Network

Convolutional Neural Network or CNN is the most widely used architecture in deep learning for computers.
The idea of CNN was first introduced by Fukushima (1980) with the basis of the hierarchical receptive field
model. Further study by LeCun et al. (1998) developed a CNN-based model for image recognition. Figure

2.1 shows the architecture of CNN used for document recognition.

Input Convolution

Figure 2.1. CNN Architecture by LeCun et al. (1998)

CNN is mainly constructed by three types of layers, i.e. convolutional layers, nonlinear layers, and pooling
layers. The convolutional layer extracts the features using a kernel or filter with defined weights. Then
activation function is applied by the nonlinear layers to enable the modelling of nonlinear functions. Last,
using some statistical operations, the pooling layer replaces the small neighbourhood of a feature map

(Minaee et al., 2022).

2.2. Object Detection

One of the major tasks in computer vision is object detection. The main idea of the object detection
algorithm is to develop a computational model to present information about what objects are and where
(Zou et al., 2023). An object detection model needs to be able to define where is the location of the object
(localization) and which class should be the property of each object (classification). Thus, object detection
workflow can be divided into three main stages, i.e. region selection, feature extraction, and object
classification (Zhao et al., 2018). Many applications of object detection have been applied in different real-
world use cases, such as driverless cars (Ghasemieh & Kashef, 2022), vehicle counting (Tayara et al., 2017),

face recognition (Rahouma & Mahfouz, 2021), disease detection (Harakannanavar et al., 2022), etc.

There are two main phases in the development of object detection, traditional detectors and Convolutional

Neural Network (CNN) based detectors. Both development phases are described below.
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2.2.1. Traditional Detectors

The initial development of object detection algorithms was developed based on handcrafted features. This
means the feature properties are derived using the information presented in the image. Viola & Jones (2001)
developed the first real-time face detection algorithm, known as Viola-Jones Detectors, without concern for
image differencing and skin colour detection. The Viola-Jones Detectors have massively improved their
speed hundreds of times faster than the current state-of-the-art of face detection at that time. This can be

achieved by combining several methods: integral image, feature selection, and detection cascades.

Furthermore, the Histogram of Oriented Gradients (HOG) feature descriptor was introduced by (Dalal &
Triggs, 2005) to solve the problem of detection in multi-size objects. This algorithm was designed for
pedestrian detection that rescales the input image multiple times while maintaining the size of the sliding
window. The study showed that implementing a locally normalized histogram of gradient orientation

features in a high-density overlapping grid can reduce the false positive rates for person detection.

As the further development of HOG, a Deformable Part-based Model (DPM) was proposed by
(Felzenszwalb et al., 2008). DPM used a general framework for training support vector machine (SVMs)
with a latent structure to develop a detection system based on multiscale and deformable models. The
development of DPM algorithm becomes the final era of traditional object detectors before the

popularization of convolutional neural network-based object detection.
2.2.2. CNN-based Detectors

With the emergence of the Convolutional Neural Network (CNN) for image classification introduced by
Krizhevsky et al. (2012), further development of CNN-based detectors for object detection is also getting
popular. The deeper architecture of a convolutional network enables the model to learn more complex
features compared to the traditional methods. The frameworks of CNN-based object detectors can be
divided into two categories. First is following the conventional object detection workflow by generating
region proposals, continued by classifying every proposal based on the categories of the objects. Second,
consider object detection as a regression or classification problem and apply a unified framework to gain

the final output: locations and categories.

R-CNN: Regions with CNN features
- warpeJd region
e p ]
) =5 person? yes.
= — 17 == p Y

CNNN,

o oot o]
1. Input 2. Extract region 3. Compute 4. Classify
image proposals (~2k) CNN features regions

Figure 2.2. Stages of R-CNN
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The region proposal-based techniques, also known as two-stage object detectors, mimic the attentional
mechanism of the human brain in identifying and locating objects. This algorithm scans the whole image
first and then focuses on the region of interest. R-CNN (Girshick et al., 2014) was developed based on a

two-stage object detector, with the flowchart shown in Figure 2.2.

The workflow of R-CNN can be divided into three stages, (1) region proposal generation; (2) CNN deep

feature extraction; (3) classification and localization.

One of the disadvantages of R-CNN is that it is prone to content losses due to region proposal cropping.
To overcome this problem, He et al. (2014) combined the concept of SPM or Spatial Pyramid Matching
(Lazebnik et al., 2000) into a new CNN architecture called SPP-net. SPM handles finer to coarser scales for
dividing and aggregating local into mid-level features. SPP-net utilizes feature maps of the fifth convolution
layer to project region proposals with the architecture shown in Figure 2.3. The final convolution layer is
then defined as spatial pyramid polling (SPP) layer. SPP-net obtains better detection and improves detection

efficiency by sharing computation costs among different proposals.

fully-connected layers (feg, fc7)

fixed-length representation

-~
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feature maps of convs
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Figure 2.3. The architecture of SPP-net

Fast R-CNN (Girshick, 2015) was developed to improve the detection capability from the previous
detection network. This network introduced simultaneous training on classification and bounding box
regression. Fast R-CNN can obtain better mean average precision at 200 times faster than R-CNN. But the
performance of Fast R-CNN still depends on proposal detection. Thus, Faster R-CNN (Ren et al,, 2015)
introduced a neatly cost-free region proposal based on Region Proposal Network (RPN). RPN is based on
a fully-convolutional network with the ability to predict object boundaries and positions at the same time.
The detection algorithm performed by Faster R-CNN was counted as the first near-real-time detection
network with a frame rate of 5 frames per second on a GPU. But, this network is very time-consuming for

the training process and not robust in dealing with different scales and shapes of objects.

Time spent to deal with different components in two stages detectors become the bottleneck in real-time
application. Thus, single-stage detectors based on global regression or classification can decrease the

processing time by mapping directly from image pixels to bounding boxes and class probabilities.
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YOLO, or You Only Look Once (Redmon et al., 2015) was the first one-stage detector network. The idea
of YOLO is to divide the input image into grids and predict the centre object in every grid cell. The network
will predict each grid's bounding boxes and their corresponding probabilities. YOLO can run the detection
in real-time with the simplified version of YOLO can reach 155 FPS with better performance results.
However, YOLO has limitations in dealing with a group of small objects caused by the spatial constraint on

bounding box prediction.
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Figure 2.4. YOLOv1 Architecture

Figure 2.4 shows the architecture of YOLOv1 (Redmon et al., 2015). YOLOv1 consist of 24 convolution
layers and two fully connected layers. The last layer of this network predicts the object class probability and
bounding box coordinates. Compared to two-stage object detection, YOLOv1 has lower recall and large

localization error that become the main focus of the current development of one-stage object detection.

To solve this problem, a Single Shot MultiBox Detector or SSD was proposed by Liu et al. (2016). The
application of multi-reference and multi-detection methods in SSD increases the detection accuracy of a
one-stage detector. Aiming to handle objects in different sizes, SSD fuses predictions from multiple feature
maps with various resolutions. Recently, the development of YOLO successors has shown that YOLOs are

performing better in accuracy and inference speed (Diwan et al., 2022).

2.3. Image Segmentation

Image segmentation is part of the scene understanding tasks dealing with pixel-based classification. The
main task of image segmentation is to divide the image into multiple segments of objects (Abdulateef &
Salman, 2021). There are two types of image segmentation: semantic segmentation and instance
segmentation. Image segmentation that works on pixel labelling for a set of object classes is called semantic
segmentation. Instance segmentation is the extension of semantic segmentation that labels each object of
interest in the image (Minaee et al., 2020). Over decades, different image segmentation methods have been
developed, such as thresholding (Otsu, 1979), graph cut (Boykov et al., 2001), region-growing (Nock &
Nielsen, 2004), k-means clustering (Dhanachandra et al., 2015), etc.
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With the emergence of deep learning (DL), the performance of image segmentation methods also improved.
Based on the primary technique and the architecture, several DL-based image segmentation can be

categorized as follows.
2.3.1. Fully Convolutional Networks

A fully convolutional network, or FCN (Long et al., 2015), is the first DL technique implemented for image
segmentation tasks. FCN uses convolutional layers that can produce a segmentation map of an image of the
same size. The main concept of the FCN is to replace fully-connected layers in CNN with fully-
convolutional layers that enable the network to create a spatial segmentation map instead of only
classification scores. FCN has become the milestone of image segmentation based on DL and has been
implemented in further research, such as W-Net (Xia & Kulis, 2017) and dual path adversarial learning
networks based on FCN (Bi et al., 2018). However, FCN still has several drawbacks, i.e., it is inefficient for

real-time inference and is ineffective in handling global context information.
23.2. Encoder-decoder based Models

Noh et al. (2015) introduce an image segmentation model that consists of two parts, an encoder and a
decoder. The encoder used convolution layers from VGG16, and the decoder consisted of deconvolution

and unpooling layers. The architecture of this network can be seen in Figure 2.5.
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Figure 2.5. The Architecture of Deconvolutional Segmentation Networks

Another work conducted by Badrinarayanan et al. (2017) designed an encoder-decoder network for image
segmentation called SegNet. As shown in Figure 2.6, SegNet consists of 13 VGG16 convolutional layers as
the encoder and corresponding decoder networks. SegNet proposed a new technique for upsampling from
its lower-resolution feature maps by using pooling indices computed from the max-pooling step to do
nonlinear upsampling. This makes up-sample learning unnecessary. Thus SegNet is smaller in the number

of training parameters compared to other models.

The Loss of high-resolution representation through the encoding process can also cause information loss
which becomes the main drawback of SegNet. Also, when unpooling from low-resolution feature maps,

surrounding information will likely be lost (Yamanakkanavar & Lee, 2021).
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Figure 2.6. SegNet Architecture

2.3.3. R-CNN based Segmentation Models

Several studies in the computer vision domain utilize the ability of R-CNN (Girshick et al., 2014) to perform
both object detection and image segmentation simultaneously. One is Mask R-CNN (He et al,, 2017), an
object detection model that simultaneously generates a segmentation mask for each object. This network is
based on a Faster R-CNN (Ren et al., 2015) that has been modified to obtain three outputs, i.e. bounding
box, object class, and segmentation mask. Another segmentation network that uses R-CNN as the basis is
the Path Aggregation Network or PAN (Liu et al., 2018). This network is based on Mask R-CNN and
Feature Pyramid Network (FPN) models. FPN is used as the feature extractor with a new augmented
bottom-up pathway. As shown in Figure 2.7, the first two fully connected layers generate the object class

and bounding box, while the third processes the region of interest to predict the object mask using FCN.

Figure 2.7. Mask R-CNN Architecture

2.3.4. YOLO based Segmentation Models

The segmentation model that builds based on a two-stage detection pipeline suffers from several
weaknesses, i.e. computational complexity, slow processing, and does not fit tasks with oriented boxes like
in remote sensing applications. Thus, Insta-YOLO (Mohamed et al., 2021), a deep-learning model for real-
time instance segmentation, was proposed to solve these problems. Insta-YOLO used YOLOV3 as the
backbone with the architecture shown in Figure 2.8. This model can run in real-time at 35 frames per second

(FPS) with an average precision of 78.16%.
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Figure 2.8. Insta-YOLO architecture based on YOLOv3

Current development of YOLO successors, i.e. YOLOvVS5 (Jocher et al., 2022) and YOLOv7 (Wang et al.,
2022), are also equipped to work in image segmentation tasks by utilizing one-stage object detection as the

basic model.

2.4. Multi-Task Learning

Multi-task learning is a training method for machine learning models that combine multiple tasks
simultaneously (Crawshaw, 2020). The shared network in multi-task learning can increase the model's
efficiency and learning speed. These characteristics of multi-task learning will benefit the designed opening
detection model to work in a real-time and low-powered device. In the case of this study, the concept of
multi-task learning can be applied to jointly trained semantic segmentation and object detection.
Simultaneously learning both tasks could benefit the network in terms of speed, feature sharing, and

simplicity for training (Dvornik et al., 2017).
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Figure 2.9. The architecture of hard parameter sharing (left) and soft parameter sharing (right)

Multi-task learning was classified into hard and soft parameter-sharing methods. Shared and task-specific
parameters construct hard parameter-sharing architecture. While in soft parameter-sharing, every task is
assigned its parameters, and the mechanism of feature sharing is by cross-task talk, as shown in Figure 2.9

(Vandenhende et al., 2020). This study will apply the concept of hard parameter-sharing by designing a
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network that consists of a shared encoder and branches out into task-specific decoding heads. A shared

encoder followed by segmentation and object detection heads will be the main idea of the proposed network.

Based on the study conducted by Balamuralidhar et al. (2021), semantic segmentation has been shown to
strengthen object detection capability by improving category recognition, location accuracy, and context
embedding. Improving category recognition means that the ability of semantic segmentation to delineate
object boundaries could help differentiate the object's category captured in the image. Also, by encoding
these boundaries very well, semantic segmentation can enable the detection to improve localization accuracy.
In terms of scene understanding context, object and surrounding backgrounds pattern that are learned in

semantic segmentation can improve the confidence accuracy of object detection.

The multi-task learning method was applied in MultiNet (Teichmann et al., 2018) by using a similar feature
map in an encoder network for object detection and semantic segmentation. BlitzZNet (Dvornik et al., 2017)
integrate semantic segmentation and object detection by sharing the network weights until the last layer.
There are two main techniques for jointly trained segmentation to improve detections. The first is by using
segmentation to extract fixed features and then integrate them into the detection branch. But the weakness
of this technique is the high computation cost due to executing both segmentation and detection during

inference.

The second training technique is implementing a segmentation head on top of the detection head. This
method overcomes the previous weakness because the computation to generate the segmentation map is
unnecessary. Thus the detection speed will not be affected. The search space for parameters in the backbone
also can be reduced when the task is related or similar. Several studies implementing this method, such as
StuffNet (Brahmbhatt et al., 2016) and Mask R-CNN (He et al., 2017), are examples of multi-task learning

that could improve object detection.

2.5. Existing Method of Building Opening Detection

A sequential-based detection and classification model was studied by Ramoa et al. (2021) for real-time door
detection and opening status classification. The sequential approach runs the task separately and in sequence
order. This method uses object detection and segmentation to detect and segment doors, then continue by
cropping the images. The cropped images will be used as input to be classified as open, semi-open, or closed
doors. This model adopted BiSeNet (Yu et al., 2018) to segment the door and AlexNet to classify the
opening status of the doors. Figure 2.10 shows the workflow of the door detection and opening status

classification network.

12
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Figure 2.10. Door detection and opening status classification model by Ramoa et al. (2021)

This sequential method shows the capability of a deep learning model to detect building openings, i.e. doors
opening status. However, this method still needs to be improved in terms of speed performance. The
sequential procedure is inefficient regarding the inference time. The total time of the model is around 1-2
frames per second which are relatively slow. Also, this model is not suitable for the post-disaster opening
detection scenario because it is only trained to detect doors in normal buildings (undamaged). No existing
network still focuses on detecting the opening of damaged buildings. Thus, developing a damaged building

opening detection model is needed and will be developed in this study.
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3. METHODOLOGY

3.1. Dataset

This study used the RGB images dataset containing a scene of a damaged building obtained from previous
work by Chachra et al. (2022) as the primary data to train the object detection model. The dataset contains
images of earthquake events in Indonesia and Nepal with different scenes, such as damaged buildings, roads,
bridges, and other collapsed structures. The 2579 images provided in this dataset were acquired from
crowdsourcing through Twitter and Getty Images platforms. All images from Twitter are subject to the
policy of free use for non-commercial usage, and the images from Getty Images are only used for training

purposes. Figure 3.1 shows the sample of damaged building images used in this study.

Figure 3.1. Damaged Building Images Samples

Not all of the images in this dataset can be used for this study because we only focus on opening in damaged
buildings. Thus, image selection is needed to select images containing the opening scene in damaged
buildings. A total of 738 images are selected and divided into training, validation, and testing datasets with
the composition 70%, 20%, and 10%, respectively. The size of the images is 640x407 pixels and will be
resized to 640x640 pixels to get the square dimension of the input images for model training purposes.
Because this data only contains RGB images, the annotation process must be conducted with the detailed

workflow in section 3.2.1.

3.2. Research Workflow

This research mainly consisted of four phases: dataset development, single-task network training, multi-task
learning network design and training, and model performance evaluation. As part of the contribution of this
study, the damaged building opening dataset is developed from the available open-source image dataset.
The dataset development consists of image collection, selection, and annotation process. Two deep learning-
based detection model approaches are studied to provide the best detection model for real-time damaged

building opening detection.
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First, a single-task detection network is trained on the dataset and evaluated to obtain the network's
performance. Second, a multi-task learning network is designed by adding a segmentation head to the
detection network architecture. The segmentation task in the multi-task learning approach is expected to
improve the detection performance. Both detection network approaches will be compared in terms of
accuracy and inference speed. YOLOVS5 is used as the base network in building the damaged building
opening detection network. The following sections provide a more detailed description of each stage,

including the justifications and workflow.
3.2.1. Dataset Development

The supervised learning method in the deep learning model requires training, validation, and testing dataset.
This section explains the dataset development workflow to provide a damaged building opening dataset for
this study. To the best of our knowledge, no available dataset contains annotation and images for damaged
building opening detection. Thus, this study will provide this dataset. Figure 3.2 shows the workflow of the

damaged building opening dataset.

Chachraet. al.
(2022) Dataset

Image Selection

Contains
opening on
damaged
building?

Remove / Damag.ed buildings /
opening dataset

Figure 3.2. Dataset Development Workflow
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The damaged buildings opening dataset development is built upon the previous Chachra et al. (2022) dataset.
The dataset containing a different scene of earthquake events will then be manually filtered to select only
images that have openings on damaged buildings. Other scenes of damaged roads and bridges or collapsed
structures that do not contain building openings are removed. The set of damaged building opening images

is obtained from this selection process.

The following procedure is the image annotation process by annotating the opening on the damaged
buildings. The opening, in this case, means all the opening space on the damaged building that can be an
access for UAV to enter the building. Because this study only focuses on developing the opening detection

model, so there is only one class, i.e. opening. The image annotation process follows the procedure of
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segmentation annotation by annotating objects such as open doors or windows, damaged roofs, and wall
holes as the opening class. The annotation tool used in this study is Labelme due to its practicality and

complete features.

The images are then converted into 640x640 pixels. The size conversion is done without affecting the aspect
ratio by implementing image fits with black edges. This method resizes the image to the desired dimension
without changing the image's aspect ratio and filling the empty pixels with black colour. Once all the data is
the same size, dataset augmentation techniques are used to improve the model generalizing ability. The

following image augmentation techniques are applied to prepare the dataset for training:

- Horizontal flip: to improve the training image variety, a horizontal flip is applied by rotating the image
on the vertical axis.

- Random brightness: an arbitrary pixel intensity level changed across the images from -25% to +25% of
the original brightness level.

- Probabilistic grayscale: 25% of the training images are randomly chosen and converted to grayscale.

- Noise: apply 1% noise to the images to improve the model's resilience to camera artefacts.

- Random blur: randomly apply 1 pixel of Gaussian blur to the training images.

- Mosaic: combine several images to improve the model in handling small objects problems.

- Shear: add variability to perspective to help the model be more resilient to the camera, subject pitch, and

yaw. This is done by applying 15 degrees of vertical and horizontal shear.

Through all these processes, the damaged building opening dataset is obtained and ready to be used for

training, validation, and testing of the model.
3.2.2. Single-task Detection Network

Conventional object detection networks are based on a single-task approach. Thus it is necessary also to
train the single-task model to obtain the benchmark for the proposed model approach (multi-task learning).
In this phase, YOLOvV5 (Jocher et al., 2022) model is trained on the damaged building opening dataset and
evaluated to get the model performance. YOLOV5 provides four model architecture variants with different
model sizes, i.e. YOLOv5s, YOLOv5m, YOLOVS5], and YOLOv5x (small, medium, large, and extra large,
respectively). All the models are available with pre-trained model weights trained on the COCO dataset.
YOLOV5 small, medium, and large detection models were trained on the damaged building opening dataset
and compared to get the best model performance in terms of accuracy and speed. The details of a YOLOv5

model architecture are as follows.

Model Architecture

YOLOVY5 is a one-stage detector currently one of the most stable and well-performing real-time object

detection models. This network is pre-trained on the COCO dataset with the fastest detection speed of up
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to 140 frames per second (Yan et al., 2021). YOLOv5 model architecture consists of several layers: the
backbone, neck, and head. Figure 3.3 shows the detailed architecture of the YOLOV5 single-task detector
by Jocher et al. (2022).
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Figure 3.3. YOLOv5 Object Detection Model Architecture (Jocher et al., 2022)

Backbone

In a deep learning model, convolutional networks that extract features are called backbones (Elharrouss et
al., 2022). The backbone used in YOLOv5 version 6.0/6.1 is a New CSP-Datknet53. This backbone is
constructed based on Cross Stage Partial Network or CSPNet (C. Y. Wang et al., 2020) and Darknet53
(Redmon & Farhadi, 2018). The combination of CSP-Darknet53 is done by reducing and replacing the
convolutional residual blocks of Darknet53 with BottleneckCSP modules. This backbone is shown as the
optimal network for a detector by providing a large receptive field size and parameter number (Bochkovskiy

et al., 2020).

Neck and Detection Head

YOLOVS5 use SPPF and New CSP-PAN as a neck to combine different scales of features extracted from
different levels of the backbone. SPPF is a modified version of Spatial Pyramid Pooling or SPP (He et al.,
2015) with fewer floating point operations (FLOPs). The CSP-PAN network is used to aggregate the
features. The detection head will generate detections from these multi-level aggregated features. The

complete overview of YOLOV5 architecture is shown in Figure 3.3.

Different versions of YOLOV5 use the same network architecture as in Figure 3.3 but apply different depth
and width scales. Table 1 shows the compound scales variations in YOLOV5 versions. The depth scale is a
variable that defines the number of layers of a network. While the width scale is a variable that determines

the size of the output channel of the network's hidden layers. These two variables are varied in the different
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versions of YOLOV5. The higher network’s depth and width scales, the more complex the model is. These

versions provide the model configuration options to find the most optimal model for specific applications.

Table 1. Compound-scales Variations of YOLOv5 versions

Model Depth Scale Width Scale
YOLOv5s 0.33 0.5
YOLOv5m 0.67 0.75
YOLOvS5I 1 1

The depth scale variations will vary the number of layers in a YOLOv5 network. The depth of the CSP
structure in every YOLOvV5 model variation is different. The value of the depth scale is used to define the
structure of CSP layers. The width scale determines the output channel size of the network layer. Thus, the
thickness at each layer will be affected and influence the learning ability of the feature extractor layers. Chao
et al. (2022) calculated and compared the effect of different depths and width scales on the various versions

of the YOLOV5 networks configuration, as shown in Table 2 and Table 3.

Table 2. CSP structure of YOLOV5 versions (Chao et al., 2022)

YOLOv5s YOLOv5m YOLOv51
Depth scale 0.33 0.67 1
The first CSP1 CSP1_1 CSP1_2 CSP1_3
The second CSP1 CSP1_2 CSP1_4 CSP1_6
The third CSP1 CSP1_3 CSP1_6 CSP1_9
The first CSP2 CSP2_1 CSp2_2 CSP2_3
The second CSP2 CSP2_1 CSP2_2 CSP2_3
The third CSP2 CSP2_1 CSp2_2 CSP2_3
The fourth CSP2 CSP2_1 CSp2_2 CSP2_3
The fifth CSP2 CSP2_1 CSP2_2 CSP2_3

YOLOV5 uses two types of CSP networks, CSP1 and CSP2, for the backbone and the neck, respectively.
Table 2 shows that in YOLOv5s, there is only one residual unit, so it is CSP1_1. The depth scale in
YOLOv5m is increased and results in two residual units, so it is CSP1_2. For YOLOVS5I, there are three
residual units, so the first CSP1 is CSP1_3. This notion also applies to the structure of CSP2; in YOLOv5s,

one set of convolutions is used, i.e. CSP2_1.

Table 3. The number of neurons in YOLOVS5 versions (Chao et al., 2022)

YOLOv5s YOLOv5m YOLOVvS5I1
Width scale 0.5 0.75 1
Focus 32 48 64
The first Conv 64 96 128
The second Conv 128 192 256
The third Conv 256 384 512
The fourth Conv 512 768 1024
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Different width scales value for the YOLOv5 model versions determines the number of neurons in the
convolution layers. As shown in Table 3, YOLOv5s has 32 neurons in the Focus layer. Then, the second
neuron changes to 64 due to the width scale. This multiplication continued till the fourth convolution layer.
Detailed illustrations are shown in Annex 1. These versions of model configurations make the YOLOv5
model more flexible and scalable. Due to the difference in the model's complexity, different versions will

also result in various performances.
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Figure 3.4. YOLOv5 Performances Compared to EfficientDet Model Trained on COCO Dataset

Figure 3.4 illustrates the performance comparison between four versions of YOLOvV5 and EfficientDet
(Tan etal., 2019) trained and evaluated on the same dataset, i.e. COCO dataset. All the versions of YOLOv5
outperform the EfficientDet regarding inference speed. Increasing the model’s complexity will improve the
accuracy but scarify the inference speed. This study compares the detection performances of three different

versions of YOLOV5 for damaged building opening detection to find the optimal model configuration.
3.2.3. Multi-task Learning Network Design

This phase focus on applying a multi-task learning (MTL) based network to improve the performance of
the real-time damaged building opening detection model. The idea is to use the segmentation task to enhance
the performance of the detection model. The hard-parameter sharing method will be implemented to build
the architecture of the damaged building opening detection model. This means that the multi-task model
will consist of a shared backbone followed by task-specific heads, i.e. detection and segmentation head. This

sharing method is beneficial for regularisation and reduces the risk of overfitting.

The multi-task learning is developed based on the YOLOvV5 object detection architecture by adding a
segmentation branch jointly with the detection head. The small, medium, and large versions of YOLOv5-
MTL were trained on the damaged building opening dataset and evaluated using the evaluation metrics to

get the model's performance. The details of a YOLOv5-MTL model architecture ate as follows.
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Model Architecture

The architecture of YOLOv5-MTL is based on hard parameter sharing by utilizing one backbone with two
heads (detection and segmentation). The hard parameter-sharing technique can also benefit the model by
reducing the risk of overfitting (Balamuralidhar et al., 2021). The hard parameter-sharing in the MTL
network divides the parameter into shared and task-specific parameters. These task-specific parameters are
trained separately for each task but use the cumulative loss. The main architecture of YOLOv5-MTL is
based on the YOLOV5 detection network with added functionality for image segmentation. The idea of
adding the segmentation branch to the last output from the CSP-PANet, as shown in Figure 3.5, is inspired
by the Mask R-CNN (He et al., 2017), which is proven as the optimal multi-task architecture of object

detection and image segmentation.
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Figure 3.5. YOLOv5-MTL Network Architecture (modified from Jocher et al. (2022))

Backbone and Neck
The backbone used in this network is the same as in YOLOvV5, which is the new CSPDarkNet53. This
backbone has shown good performance in the features extraction process to provide information for the

object detection algorithm. The extracted features from different levels of backbones are combined using

SPPF and New CSP-PAN as the Neck network.

Detection and Segmentation Heads

YOLOvV5-MTL is a modification of the detection architecture by adding the ability to do instance
segmentation. ProtoNet (Bolya et al., 2019), a fully connected neural network, is added along with the
YOLOV5 object detection head. ProtoNet is constructed by a three-layer network of 2D convolutions with
SILU activation functions to produce prototype masks. This ProtoNet is used in the final instance

segmentation head along with the final 2D convolutional layers.
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This prototype generation branch is attached to a backbone layer to predict a set of prototype masks for the
whole image scene. The ProtoNet that is linked to deeper backbone features can produce better robustness
of the mask and good performance on smaller objects (Bolya et al., 2019). This design can benefit the
damaged building opening network to detect small openings. The detailed architecture of YOLOv5-MTL

can be illustrated in Figure 3.5.

The main difference of the multi-task learning version of YOLOvV5 is adding additional segmentation
branches based on ProtoNet. This additional network is responsible for predicting the segmentation mask.
The combined loss of detection and segmentation losses calculates the loss of this model with a detailed

explanation as follows.

Loss Function

The idea of developing a multi-task learning based detection model in this study is to improve the
performance of the detection task by parallelly performing a segmentation task. The losses of each task are
combined to represent the model loss. The combined loss is calculated based on objectness loss, class
probability loss, bounding box regression loss, and mask loss. The object and bounding box loss atre
responsible for showing the bounding box score prediction and coordinates, respectively. While the class
probability loss is to get the object classification score, and the mask loss is responsible for the segmentation
mask prediction. Regression loss for bounding box coordinates prediction is calculated based on mean
intersection over union (IoU) ranging from 0-1. Object and class losses are calculated using the binary cross-
entropy with logits or BCEWithLogits Loss developed by PyTorch to calculate the losses. BCEWithLogits

loss function can be described as:

I(x,y)=L={l, ---»IN}T» ln = —wp[yn - logo(xy) + (1 —y,) - log(1 — 0(xy,))] (1)

Where x is the input, y is the target, w is the weight, N represents the batch size, and n is the sample number
in the batch. BCEWithLogits Loss combines a Sigmoid layer with BCE loss in one class to obtain more
numerical stability than separating the Sigmoid layer. This loss function resulted in the class probability
prediction ranged O to 1. Based on this prediction, the model will calculate the difference between the

prediction and the ground truth, resulting in a loss value.
3.2.4. Model Performance Comparison

The final phase of this study is to compate the model's performance and conduct hyperparameter
optimization. The best model version of single and multi-task learning networks was compared to obtain
the best learning approach in developing damaged building opening models. There are two comparison
approaches to assess the performance of each model, i.e. based on a quantitative approach by comparing

the performance based on the evaluation metrics, and based on visual interpretation.
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3.3.  Network Training Settings

Single and multi-task learning object detection models are trained with the following settings to obtain
comparable detection model performances. These setting values are chosen based on the standard YOLOv5

detection model training method.

= Batch Size: 16

= Number of Epochs: 100

= Optimizer: Stochastic Gradient Descent (SGD)

= Loss Function: Binary Cross-Entropy with Logits Loss
= Learning Rate: 0.01

= Training Platform Specification: Google Colab (12GB NVIDIA Tesla T4 GPU)

3.4. Evaluation Metrics

The trained network is evaluated by calculating Precision, Recall, and Mean Average Precision (mAP) on
the test datasets. These evaluation metrics are measured to obtain the model's performance scores in
performing the object detection or image segmentation task. Precision measures the model's performance
in getting true positives from all positive predictions. In comparison, recall measures how good the model
is at getting true positives from all the ground truth positive. The formula for calculating precision and recall

is explained below.

TP TP (2)

Precision = mp—4p = TP+ FN

TP stands for true positive, FP is false positive, and FN is false negative. The mAP is the average precision
over classes. This average precision (AP) is given by the area under the precision-recall curve for the
detectors (Henderson & Ferrari, 20106). Precision-recall (PR) curve is a plotted graph that shows the recall

change for a given precision and vice versa. The general formula of mAP is formulated as follows:

N
1
mAP = NZAPL- (3)

i=1

N represents the total number of classes in the detection task. In this study, N equals one as in one class
object detection task. In the object detection domain, Intersection over Union (IoU) provides a metric to
measure the amount of predicted bounding box that ovetlaps with the ground truth bounding box divided
by the total area of both bounding boxes. This IoU is used to calculate the mAP as a threshold value, for
instance, 0.5 in mAP50. That means detection is classified as true positive if have loU above 0.5. This study

used mAP50 to evaluate the performance of the damaged building opening detection mode.
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4. RESULTS

4.1. Damaged Building Opening Dataset Development

Training, validation, and testing data are needed to develop a damaged building opening detection model.
The supervised learning method in deep learning models requires many good training samples representing
the context variety to generalize the task and prevent overfitting in the data. There is still no dataset for the
task-specific detection of damaged building openings. Thus, dataset development is also conducted in this

research.

This study uses images of the post-earthquake event in Nepal and Indonesia collected from previous
research by Chachra et al. (2022). The selection procedure was conducted to select images containing
damaged building scenes, continued by pre-processing and several augmentation processes. This study
focuses on utilizing images that have a set of openings on the damaged building. Figure 4.1 shows the sample

of different types of damaged building openings that are included in this research.

Figure 4.1. Type of openings: damaged walls, roofs, open doors and windows (from left to right)

Catastrophic disasters such as earthquakes can damage buildings and lead to unstructured building openings.
These openings can be open doors or windows, collapsed walls, and damaged roofs. All these types of
openings can be the entrance space for a victim-searching device, like a UAV, to enter the building. This
study aims to develop a deep-learning model to detect these openings. The model must be able to recognize
and locate the position of the openings. This requires a dataset that contains images and annotation to train

the model. A total of 738 images are selected and ready to be annotated.
4.1.1. Image Annotation

The annotation follows the image segmentation procedure by outlining the opening and covering the object
entirely. This annotation can be used to train both segmentation and object detection tasks. Annotation
labels will be converted as bounding boxes for object detection training purposes. There is no need to
differentiate the opening for the real-case scenario based on the types. Thus, all the opening types are

categorized into one object class, i.e. opening.
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Figure 4.2. Sample Images with Annotations

There are some limitations to the image annotation result. First, The annotation quality depends on the
interpretation to determine which openings can be entered by a UAV. As shown in Figure 4.2, the
annotation (in red) covers all the spaces that are defined as openings. Some spaces that a UAV cannot enter
are not annotated. Second, the balance composition of different opening types instances is not considered
yet. There would be better if the number of open doors, windows, collapsed walls and roof instances were
equally represented. However, this dataset is enough to be used as the initial stage of developing the damaged
building opening detection model. A total of 738 images and the corresponding annotation are divided into

training, validation, and dataset with the composition 70%, 20%, and 10%, respectively.
41.2. Image Augmentation

A large amount of data is required to achieve satisfying results from a deep learning model. Due to the
limitation in providing damaged building images and annotations, sufficient amounts of data to represent
real-world problems are not possible. Hence this limitation can cause the model to be overfitting. One of
the approaches to address this issue is data augmentation. It can help improve the model performance by
creating various and diverse samples within the training dataset (Alomar et al., 2023). A total of 1500 training
images are generated from the augmentation process as part of the training data quality improvement. The
justification and result of several augmentation techniques that are applied to the training dataset are as

follows.

Geometric Transformation

The first augmentation method applied to the dataset uses basic geometric operations such as flipping and
shear. Flipping is one of the most intuitive methods to increase data size or diversity. Horizontal flipping is
applied to add a variety of training samples by mirroring the images on the vertical axis. There is no specific
pattern of the geometric form of the damaged building opening. The space is usually unstructured and

irregular. Thus, applying horizontal flipping can improve the object variety.

Another geometric transformation used as the augmentation method is shear. Shear adds variability to
perspective to help the model be more resilient to the camera and subject pitch and yaw (Nanni et al., 2021).
Figure 4.3 shows the 15 degrees of horizontal and vertical shear applied to the sample image. This share

augmentation is randomly applied to the training data. Shear helps handle random geometric forms of
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damaged building openings by modifying the aspect ratio to present the variety of the openings; therefore

model's generalization is improved.

159 15°

155, 15° ~15% -15°

Figure 4.3. Horizontal and Vertical Shear 15 degrees

Other geometry transformations like vertical flip, crop-resizing, and rotation were not implemented. In the
actual case, the UAV for search and rescue is not flying upside-down. Therefore, the vertical flip is
unnecessary because it is not realistic. Due to the small instance of the opening in one image, the crop
method is not used. Missing small opening object instances and leaving only the background is the unwanted
effect of crop and resizing. Applying image rotation also can cause the same disadvantage. Thus, rotation

was not implemented as part of data augmentation.
p p gm

Photometric Transformation

Photometric transformation is a data augmentation method that applies modification to change the pixel's
value (Alomar et al., 2023). This transformation includes various methods, such as changing colour,
brightness, or contrast. This study implements random brightness and probabilistic grayscale for the
damaged building opening dataset development. Random brightness ranging from -25% to +25% is applied
to improve the resiliency of the model in different lighting and camera settings. This augmentation is needed
because search and rescue activities can be conducted anytime and under any weather conditions. This
augmentation will help add training image variations in lower or brighter light conditions, as shown in Figure
4.4. For the grayscale, random 25% of the training images are converted into grayscale to improve the model

in detecting the openings.

0% -25% 25%

Figure 4.4. Original Brightness (left), -25% (middle), and +25% Brightness (right)
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Other photometric transformation methods, such as colour casting and vignetting, are not applied. Colour
casting shifts the RGB channels' intensities, while vignetting makes the image's edge darker (Wu et al., 2015).
The main consideration is that both methods are irrelevant to the use case for damaged building opening
detection. Adding these augmentations will probably only increase the computing memory but not

significantly affect the model performances.

Kernel or Filtering

In the deep learning application, the kernel plays a significant role in the feature extraction process. Besides,
kernels also can be used in data augmentation by generating specific images with different images condition
(Alomar et al., 2023). Blurring is an image-filtering technique that applies a kernel to the image. This study
applied blur augmentation to increase the model resiliency with different camera focus settings. A 1-pixel

Gaussian blur is applied to the training images randomly.

Noise Transformations

Most of the real-case data is imperfect. Noise in the dataset can impair the model accuracy and decrease the
generalization capability. Thus, data augmentation by introducing a different type of noise can improve the
model's robustness. Spike noise is applied to the training images to improve the model's resilience to camera
artefacts. This noise is distributed randomly to cover 1% of the pixels in the image. Figure 4.5 shows the
sample images of grayscale, blur, and noise applied in the training dataset. Samples of training, validation,

and test images are shown in Annex 2.

Figure 4.5. Grayscale, Blur, and Noise Images (Left to Right)

4.2. Single Task Object Detection

Based on the task capability, a network that works only on one task is called a single-task network. This
study defines a regular detection network as single-task object detection to distinguish it from a multi-task
learning network. The recent development of object detection networks is focused on improving detection
speed while maintaining accuracy. Hence, the concept of one-stage detectors was proposed (Zhang et al.,
2021). One-stage detectors have shown exemplary performance in obtaining good accuracy and low-

inference time to obtain fast and good detection accuracy. This light detection network is useful for low-
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powered device applications such as UAVs. As one of the current state of the art of real-time object
detection networks, YOLOV5 is used as the main model framework for damaged building opening

detection.
4.21. Model Architecture

YOLOvV5 model architecture consists of the backbone, neck, and head. The backbone network is used as
the feature extractor of the deep learning model. The neck is a set of layers that combine the image features
and then pass through the head to obtain bounding box prediction. The detailed descriptions of the

YOLOv5 model architecture are already discussed in Section 3.2.2.

As one of the current state-of-the-art real-time object detection models, YOLOv5 shows good performance
on both accuracy and inference speed. Three versions of YOLOVS5 are trained on this dataset to provide
better options for the damaged building opening detection model. Small, medium, and large versions of

YOLOVS5 are trained and evaluated on the damaged building opening dataset.
4.2.2. Model Training

The training procedure of YOLOVS5 is started by initializing the model configuration and pre-trained
network. Using a pre-trained network will help the model define the initial weight parameters that are not
random. As shown in Figure 4.6, different YOLOV5 versions are already trained and tested on the COCO
dataset. These pre-trained weights were used to train the YOLOvV5 on the damaged building opening dataset.

No freezing layers are applied during the model fine-tuning from the COCO pre-trained model.

Train vs Validation Box Loss Training vs Validation Object Loss

0.14 0.045
0.04

0.12
0.035
0.1
0.03 A
0.08 0.025
0.06 0.02
- 0.015

0.04
0.01

0.02 0.005

Loss
Loss

Epoch Epoch

s train/box_loss val/box_loss —  train/obj_loss val/obj_loss
Figure 4.6. Training-Validation Box Loss (left) and Object Loss (right)

Figure 4.6 shows the training log of the YOLOv5s damaged building opening detection to understand the
training performance better. Train/box_loss shows the bounding box prediction losses on the training data,
while the val/box_loss shows the bounding box prediction losses on the validation data. Box prediction is

responsible for finding the bounding box coordinates. We can see from the graph there is no overfitting in
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the box prediction, as shown with the same curve pattern on both training and validation box losses. Object
loss in the YOLOV5 model represents the bounding box score prediction losses. The YOLOv5 model
predicts the bounding box coordinates (box) and gives information about the box score prediction (object).
The object loss shows the different patterns on the train and validation dataset. The trained model worked
well in predicting the object loss, shown as a declining loss curve, but contrary, the object loss on validation
is increasing. This means that the model is overfitting when predicting objectness. The class loss is ignored

because there is only one object class or single class detection.

Precision vs Recall

Score

1 15 29 43 57 71 85 99
Epoch

= Precision == Recall

Figure 4.7. Training Precision and Recall of YOLOv5s

The model training log in Figure 4.7 also shows the increasing pattern of model precision. The same pattern
happens for the model's recall but is lower than the model's precision. The precision represents the model's
ability to detect true positives among all detections. For the opening detection scenario, higher precision is
preferred. False detection will risk the UAV failing to enter the building. Thus better model precision is
better. In comparison, less recall can be tolerated for this application case. The recall score shows how many
openings are detected from all ground truth openings on the scene. Less recall means that some openings
are not detected and will not bring any risk because the UAV will only navigate to the detected openings,
not the false ones. On the other hand, from a first responder perspective, poor recall will give incomplete

information.

mAP50 vs mAP50-95
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o
N
wu
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Epoch
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Figure 4.8. YOLOv5 Mean Average Precision (mAP)
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Both mAP50 and mAP50-90 show incremental patterns concerning the training epochs, as shown in Figure
4.8. This indicates that increasing the training epoch will also increase the model's mean average precision
(mAP). It can be shown from the mAP50 graph that from the 50 epoch and afterwards, the mAP tends to
be constant. This indicates that increasing the training epoch over 100 will not significantly increase the
model's mAP. The mAP50:90 shows lower precision because of the strict threshold applied to the model.

Usually, mAP50 is more suitable to represent the model’s detection performance.
4.2.3. Model Performance

The models are trained using the same training-validation-test dataset and training configuration as in
Section 3.3. The backbone is initially loaded with pre-trained weight from YOLOV5 trained on the COCO
(Lin et al., 2014) dataset. Three versions of YOLOV5, i.e. small, medium, and large, are compared to find

the best-performed model based on speed and accuracy in damaged building opening detection.

Table 4. Performance Comparison of YOLOv5 Detection Models Trained on Damaged Building Opening Dataset

Model Precision Recall mAP50 Speed (FPS)
YOLOv5s 0.609 0.477 0.481 107
YOLOv5m 0.656 0.450 0.501 52
YOLOvS5] 0.616 0.455 0.490 32

The YOLOvV5 models trained on damaged building opening dataset are evaluated on test data which were
not used in the training process. The models are tested on the Google Colab platform with NVIDIA Tesla
T4 GPU. Table 4 shows the model's performance evaluated by calculating Precision, Recall, Mean Average

Precision (mAP), and speed in frame per second.

The small, medium, and large versions of YOLOvV5 show slightly similar performance results in terms of
precision, recall, and mAP. YOLOv5s has a smaller mAP compared to the other two but has the fastest
inference speed. This result shows that the small version of the model is more efficient in terms of

processing time.

~ opening 0.
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Figure 4.9. Example of Damaged Building Detection on Test Data
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Figure 4.9 and Figure 4.10 shows the example of detection results from YOLOvV5s on the test images. From
the visual interpretation, as illustrated in Figure 4.9, we can see that this model successfully detected several
types of openings. Open doors, windows, and collapsed walls were detected on the scene. This result shows

that the YOLOvV5 model can detect damaged building openings by providing relevant training data.

opening Q‘.j-S

lopening 0.31 obeni

opening 0.13

Figure 4.10. False Negative (left image) and False Positive (middle and right images) Detections

However, inference results on the test dataset also show several detection errors. On the left images in
Figure 4.10, some openings are not detected as an opening (false negative). Furthermore, some non-building
openings are detected as openings (false positive), as shown in the middle and right images in Figure 4.10.
Similar visual characteristics of some non-opening and real opening objects can lead to this wrong detection
result. The main challenge in detecting damaged building openings is the complexity of the opening's form,
size, and shape. There are no unique characteristics in the size and form of the opening. However, the
opening pattern can still be detected by better understanding the spatial context relative to other objects like

walls and related objects like windows and doors.

A better understanding of contextualization is needed to reduce the false positives in the detection. Image
segmentation provides more detailed information and excellent performance in contextualizing the scene
(Singha et al., 2023). Therefore, the idea of multi-task learning by combining object detection and

segmentation is proposed to obtain better damaged building opening detection.

4.3. Multi-Task Learning

Multi-task learning (MTL) is a machine learning model training method combining multiple tasks
simultaneously (Crawshaw, 2020). MTL can potentially improve the network's petformance for related tasks
shared by complementary information and act as a regularizer for each task (Vandenhende et al., 2020). In
damaged building opening detection, object detection and image segmentation models can be used to map
the location of the openings. Both tasks can detect and locate the position of the openings. Thus, combining
these tasks is expected to improve the model's performance by sharing combined losses. The development

of MTL based damaged building opening detection model in this study is based on this idea. After knowing
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the performance of the damaged building opening detection model trained on YOLOV5 single-task object
detection networks, this study examines the application of YOLOv5-MTL for this detection purpose.
YOLOv5-MTL is a network based on the latest YOLOv5 that combines object detection and segmentation
heads as multi-task learning. The YOLOv5-MTL model architecture and performance are described in the

sections as follows.
4.3.1. Model Architecture

The architecture of YOLOvV5-MTL is based on hard parameter sharing by utilizing one backbone with two
heads (detection and segmentation). The hard parameter-sharing technique can also benefit the model by
reducing the risk of overfitting (Balamuralidhar et al., 2021). The hard parameter-sharing in the MTL
network divides the parameter into shared and task-specific parameters. These task-specific parameters are
trained separately for each task but use the cumulative Loss. The main architecture of YOLOv5-MTL is
based on the YOLOV5 detection network with added functionality for image segmentation. The detailed
model architecture of YOLOv5-MTL is already discussed in Section 3.2.3.

4.3.2. Model Training

The training process of the YOLOv5-MTL model started with initializing the model configuration.
Following the standard configuration model in YOLOVS5, the multi-task learning model was also initialized
using the yaml configuration file format. This configuration consists of the model layers and parameters as
in the network architecture (Figure 3.5). Using the data loader function, the model loads images with
corresponding labels (bounding box coordinates) and masks (segmentation mask coordinates). The dataset
was prepared and saved in YOLO annotation format. The dataset consists of JPG images and annotation

masks in TXT format. For training purposes, the training and validation data were loaded.

The multi-task learning YOLOv5 model was trained using pre-trained weight on the COCO dataset. This
pre-trained weight is used as the parameter initialization. Using pre-trained weights trained on extensive
datasets like COCO helps the model initialize the parameter and fine-tune using the custom dataset, which

is a damaged building opening dataset. This option is better than training the new model from scratch.

The input data then propagates to the hidden units for each model layer and generates the prediction output.
Given the inputs, the network will calculate and store the initial variables for the neural network from the
input to the output layer. An activation function plays a role in calculating the weighted sum of input and
biases. YOLOvV5 uses Leaky ReLU (Xu et al., 2015) and Sigmoid as the activation function for the hidden
and final detection layers, respectively. During network training, the learning process tries to minimize the

losses. In this case, the detection and segmentation losses are combined.
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The output from forward propagation is then used for backpropagation. Backpropagation calculates the
parameters' gradient in reserve ways of forward propagation. The model's parameter is then updated using
a gradient calculated by backpropagation. Both forward and backpropagation are connected and contribute

to getting the best-fit model.

Figure 4.11 and Figure 4.12 show the training log of the YOLOv5s-MTL damaged building opening
detection to understand the training performance better. From the training and validation losses graph, the

model performance during the training process can be observed.
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Figure 4.11. Box, Segmentation, and Object Losses

Four losses are computed in the multi-task learning based YOLOv5 model by adding segmentation loss,
while box, object, and class loss are the same as in single-task YOLOWVS5. Since this is a single-class detection,
this report does not report the training class loss. Both training and validation box losses show the same
decreasing pattern. The same also happened for the segmentation and object losses. These indicate that the
trained model can learn the task well and decrease the loss with respect to the number of epochs. The object
loss overfitting on the single-task model is not an issue for this multi-task learning based model. From Figure

4.11, we can observe that no overfitting happened on the model.
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Figure 4.12. YOLOv5s-MTL Precision, Recall, and mAP

The precision, recall, and mAP score for every epoch is recorded and visualized in Figure 4.12 to monitor

the accuracy performance of the model during training. The graph shows that the YOLOv5s-MTL has a

32



DEVELOPMENT OF DEEP LEARNING MODEL FOR BUILDING OPENING DETECTION AS THE APPLICATION OF UAV IN URBAN SEARCH AND RESCUE MISSION

similar increment pattern of precision, recall, and mAP50 on detection and segmentation tasks. Interestingly,
this chart shows that the continual growth of the model accuracies still tends to increase. This indicates that

increasing the training epoch (more than 100 epochs) can increases the model's accuracy.
4.3.3. Model Performance

The multi-task learning version of YOLOV5 is trained using the same training-validation-test dataset and
training configuration as in Section 3.3. The backbone is initially loaded with pre-trained weight from
YOLOV5 trained on the COCO (Lin et al., 2014) dataset. They were then trained on the damaged building
opening dataset on three versions of YOLOv5-MTL, i.e. small, medium, and large. These multi-task learning

models were evaluated using the same metrics in Section 3.4 on detection and segmentation performance.

The models are tested on the Google Colab platform with NVIDIA Tesla T4 GPU.

Table 5. Performance Comparison of YOLOv5 MTL Models Trained on Damaged Building Opening Dataset

Detection Segmentation
Model P R  mAP50 P gR mapso  opeed (FPS)
YOLOv5s-MTL  0.747 0.577 0.648 0.675 0.539 0.585 73
YOLOvSm-MTL  0.753 0.606 0.664 0.671 0.540 0.577 30
YOLOvV5I-MTL 0.799 0.629 0.698 0.732 0.556 0.611 27

Table 5 shows the performances of the YOLOv5-MTL with three different architecture versions. The large
version of YOLOv5-MTL shows better mAP for detection and segmentation than small and medium
models. In terms of inference speed, the small version of the model gives the fastest speed than the medium
and large versions with more than two times. This condition shows that the bigger model size will result in

more model parameters and more time for image inference.

YOLOV5I-MTL is not able to perform real-time inference (< 30FPS). Whereas YOLOv5m-MTL barely
meets the real-time requirement. The complexity of the model influences these inference speed
performances. As in Table 2 and Table 3, YOLOV5I has a deeper and larger neuron size. The difference
mAP of small and medium models is only about 0.02. Thus, considering the inference speed, the YOLOv5s-
MTL model is the optimum version for the damaged building opening detection model. Unlike the single-
task detection networks, the YOLOv5s-MTL provide openings detection output as bounding boxes and
segmentation masks. The prediction output provides information about the class name, class probability,
bounding box, and masks, as shown in Figure 4.13. Same as in the detection output of a single-task detector
(Figure 4.9), the MTL version of YOLOV5 is able to correctly detect the openings with additional

information, i.e. segmentation mask.
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Figure 4.13. Ground Truth Image and YOLOv5-MTL Detection and Segmentation Prediction Results
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Figure 4.14. YOLOv5-MTL Predictions on Different Types of Damaged Building Opening

Collapsed walls or roofs are detected and segmented quite well by this model. As shown in Figure 4.14,

different sizes and forms of openings due to collapsed walls and roofs can be detected and segmented by
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this YOLOv5s-MTL model. Open doors and windows are also detected and segmented. The predicted
mask on the test images shows that the model correctly delineates the opening space area. Qualitatively, the

multi-task learning YOLOv5 model also shows better detection results based on visual interpretation.

4.4. Model Performance Comparison

In the previous sections, single and multi-task learning-based detection networks were trained on the
damaged building opening dataset. This section will compare both learning approaches and evaluate each
task's benefits and drawbacks for the damaged building opening detection scenario. The model performance

comparison is discussed as follows.

Table 6. Detection Performance Comparison

Model Precision Recall mAP50 Speed (FPS)
YOLOV5s 0.609 0.477 0.481 107
YOLOv5s-MTL 0.747 (+0.138) 0.577 (+0.1) 0.648 (+0.167) 73 (-34)

The detection performance of single-task (YOLOv5s) and multi-task (YOLOv5s-MTL) are listed in Table
6. YOLOv5s-MTL shows improvement in precision, recall, and mean-average precision. While the single
task YOLOv5s outperforms in terms of inference speed. Despite slower speed than single-task, the

YOLOv5s-MTL still satisfies the FPS requirement for real-time application on low-powered devices.

The results show that adding the segmentation head on the network can improve detection accuracy but
decrease the inference speed. The idea of combining detection and segmentation loss is proven to be able
to improve the model's mAP by about 0.167. Multi-task learning tends to have a slower inference speed
than single-task models due to a larger number of parameters. However, the inference speed of YOLOv5s-

MTL can still be categorized as real-time (>30 FPS).
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Figure 4.15. Ground Truth Image, Single-task, and Multi-task Output (Left to Right)
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Figure 4.15 compares the ground truth image, detection output from the YOLOv5s model, and output from
YOLOv5s-MTL, respectively (a clear comparison image can be seen in Annex 4). This figure shows that
multi-task learning has improved the model's accuracy. The openings not fully detected on single-task are

comprehensively detected and segmented by the multi-task learning based network.
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Figure 4.16. Ground Truth Image, Single-task, and Multi-task Output (Left to Right)

In terms of precision, YOLOv5s-MTL is better than YOLOv5s. From Figure 4.16, it can be observed that
multi-task learning has less false-positive detection than single-task networks. The detection errors are
highlighted in orange circles. Overall, the multi-task model has fewer errors than the single-task. However,
the multi-task model prediction result also shows some detection errors. The interesting fact from this
finding indicates that better contextualization in image segmentation helps the detection task to reduce the
non-opening detected as an opening (false-positive). The validation and test prediction results samples are

shown in Annex 3.
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5. DISCUSSION

This chapter discusses four points of the findings. Firstly, it discusses the quality of the damaged building
opening dataset. Secondly, it discusses the performance of single-task networks in performing damaged
building opening detections, with the following discussion on the performance of the multi-task networks.

Lastly, it investigates the limitations of this study.

5.  Quality of Dataset for Damaged Building Opening Detection Model

This study has developed a dataset of images and corresponding annotations for a damaged building opening
detection model. This dataset covers several opening types: open doors/windows, collapsed walls, and
damaged roofs. To simplify the detection model, all the opening types are categorized into one class, i.e.
openings. In the real application scenario, there is no need to classify the opening types. Therefore single-
class detection scenario is enough. The annotation quality depends on the manual annotation process. The
annotator needs to provide detailed and correct annotations of the openings carefully. The challenge during
the annotation process is to define the consistent criteria for the openings. Most of the space of the openings
is not perfectly exposed, often covered by small objects like cables, ropes, sticks, or other debris. The
definition of the opening space also can be various. Holes on collapsed walls or roofs can be defined as an
opening if there is enough size (large enough for UAVs to enter). Other openings that are not big enough
should not be annotated as openings. Thus, providing standard guidance for the annotation procedure is

necessary.

A big size of dataset is needed to train a deep-learning model. One of the advantages of deep learning is the
ability to handle large volumes of data. Besides the data quality, the bigger the training data, the better the
deep learning model's performance. Based on this notion, providing a comprehensive training dataset for
developing damaged building opening detection is crucial. Several augmentation techniques are applied to
the annotated dataset to help increase the model's robustness. The choice of data augmentation that is used
in the dataset is by considering the real-case scenario application. A horizontal flip is applied to add variations
to the training data. Due to the unstructured form of the damaged building openings, flipping the image
horizontally will increase the variations of the targeted objects. Shear is applied to increase the view
perspective. This will help the model understand different perspectives that usually happen in real-case
scenarios. The mosaic augmentation is used to improve the model in handling small objects. Other
augmentation techniques like grayscale, random brightness, blurring, and noise are applied to enhance the
model's robustness in handling various image qualities. Quite often, in different post-disaster conditions,
the image quality captured by the UAVs is also varying. It can be darker due to low illumination and blur or

contain noise due to the sensor's low quality.
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The dataset developed in this study is sufficient for developing a damaged building opening detection model.
However, several aspects are not covered in this dataset. First, the ground sampling distance (GSD) of the
images in this dataset is not uniform. In an ideal training scenario, having training images with similar GSD
is essential to ensure the constant object ratio. This will affect the model's performance in detecting vatious
sizes of openings. Images used in this study are obtained from open data sources and captured from different
cameras with different settings. Moreover, there is no available open data source for damaged building
facade scenes captured using UAV. Nevertheless, the images used in this dataset are filtered to select the
most relevant images representing the real-case point of view. Second, the opening types class balance is not
considered in this study. Having a balance size of instances for every opening type can ensure the model

becomes more optimal.

5.2.  Single-Task Model Performance on Damaged Building Opening Detection Task

The study found that a single-task YOLOV5 object detection network trained on a damaged building
opening dataset can perform the detection quite well. The pre-trained weight of YOLOV5 trained on the
COCO dataset helps the model initialize the weight so that model only needs to be fine-tuned. This training
procedure is more efficient than training the model from scratch. From the experiments training on three
different versions of YOLOv5, we found that the model's performances vary, as shown in Table 4. One
interesting finding is that the bigger version of YOLOV5 does not promise better accuracy. We can see from
the performance of the YOLOV5I (large) is not better than the medium version (YOLOv5m). The increase
in the width and depth affects the complexity of the network. Intuitively, a larger model is expected to obtain
better accuracy. The mAP50 of YOLOv5m is slightly better than YOLOvVS5], with a 0.011 difference. This
could happen because of the effect on the number of convolutional kernels in YOLOvV5L. As shown in Table
3, the convolution kernel neurons numbers of the large model version are much more due to the larger
width scale. Too many convolution kernels on the network can sometimes affect the model’s overfitting. In
the small version of YOLOvS5, the bounding box score prediction is already detected as overfitting; this
became worse in deeper networks, like in the large version of YOLOVS. For this reason, we found that the
medium version of YOLOVS5 is the optimal model configuration for a single-task damaged building opening

detectot.

For the inference speed, YOLOvV5s perform fastest in predicting damaged building openings on an image
compared to the other two versions, i.e., medium and large. This speed performance result is related to the
complexity of the model. The bigger depth and width scales of the YOLOv5 model will increase the
parameter number and the model’s complexity. Furthermore, the more the number of model parameters is,
the higher the inference time. The fastest inference speed is obtained on YOLOv5s with 107 FPS. In
comparison, the inference speed of YOLOv5m is decreased by about half lower from the small version.

However, YOLOv5m still meets the speed requirement for a real-time detection model (>30 FPS).
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Considering the excellent accuracy while still being able to perform real-time inference, it can be concluded

that YOLOv5m is the optimal model for the single-task damaged building opening detection model.

Besides the good performance in detecting the opening space of a damaged building, several errors can still
be found in the detections. As illustrated in Figure 4.10, false negatives and false positives still appear in the
detection results. The false negatives mean that opening spaces ate not detected as openings. It seems
possible that these results are due to the background classification mechanism. The false negative due to
background classification mechanisms happens because the object blends with the texture of the image
background (Miller et al., 2022). This could be the case on the damaged building opening dataset due to the
similar texture between the openings and the background images. For instance, holes due to damaged walls
can look identical to the background objects beneath the holes. Whereas false positive means that
background objects are detected as openings. This error is highly avoided for the application case of
damaged building opening detection. If the model detects non-opening as an opening, there will be a failure
to enter the damaged building. Thus, it becomes crucial to minimize false positive detections. This effort is

claborated in the proposed multi-task learning detection model.

5.3.  Multi-Task Model Performance on Damaged Building Opening Detection Task

There is room for improvement in the previous results of the single-task damaged building opening
detection model. The idea of combining image segmentation and object detection tasks into a multi-task
learning model is proposed in this study. Image segmentation models tend to have better contextualization
compared to object detectors. Detailed annotation in segmentation by masking the object boundaries
benefits the model in understanding the object context. The ability to better understand the object's context
helps minimize false positive detections. Using the same framework of YOLOvVS5, the multi-task learning
version of YOLOV5 is trained to handle multi-task, i.e. object detection and segmentation. The computed

losses from detection and segmentation are combined to get the total loss.

The proposed multi-task learning based model for damaged building opening detection is observed to
outperform the single-task-based model. The YOLOv5-MTL was trained using the same training
configuration to obtain comparable performance with the single-task network. From the experiments
training on three different versions of YOLOv5-MTL, we found that the model's performances vary, as
shown in Table 5. From these results, we can see that the more complex the model is in YOLOv5-MTL,
the model’s accuracy increases. YOLOv5I-MTL shows higher mAP50 among others two smaller model
versions. Regarding speed, YOLOv5s-MTL performs the fastest inference time with 73 FPS tested on
NVIDIA Tesla T4 GPU. Although the YOLOv5]-MTL gives the best accuracy, the inference time of this
model is slow, with only 27 FPS. This means that the large version of YOLOv5-MTL cannot perform real-
time inference (<30 FPS). Conversely, YOLOvSm-MTL is barely meeting the real-time inference

requirements with 30 FPS. This multi-task learning model tends to have a slower inference time than single-
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task detectors. This happened because working with two tasks will increase the model's complexity. Thus
require more processing time. Even so, the small version of YOLOv5-MTL meets the requirements of a
real-time detector. Considering the inference speed, YOLOv5s-MLT is the optimal model with better

detection accuracy than the single-task detection model.

Based on the visual interpretation of the detection results, the YOLOv5s-MTL shows improvement by
decreasing the false positive and false negative in the single-task detectors. This MTL network solves the
background classification mechanism problems in the single-task model (Figure 4.16). The segmentation
mask provides fitted boundaries that separate objects and backgrounds. Thus, the model can better in
learning to differentiate between openings and non-openings. To decrease false positive detections, the
image segmentation task helps the model understand contextualization better. As we observe from Figure
4.106, fewer false positives are detected on the image. The findings of this study show that the multi-task

learning model performs better than the single-task detector while still having real-time inference.

5.4. Limitations

Even though this study meets all its research objectives, the findings and conclusions of this study should
be interpreted cautiously. First, while the damaged building opening dataset showed decent data with
completeness and variety to represent the actual use case, the images were not captured using a UAV camera.
Most of the images on the dataset were captured on the ground with people eye level view. The point of
view (POV) from a scene captured on the ground can be slightly different from oblique/near nadir POV.
This will not have any significant implications for the model, but training the model using images captured
from a UAV camera is preferred in the ideal case. Apart from that, the dataset developed in this study is still

helpful by contributing initial data for the damaged building opening detection model.

Second, the model inference is not tested on the embedded platform due to resource and time limitations.
Running the model on a high-performance GPU device could be preferred as the model can be run without
limitations and give maximum performance. This study used an NVIDIA Tesla T4 GPU for network
training and testing. However, such devices cannot be installed on mobile platforms like UAVs due to the
minimum energy/power. Embedded platforms with limited resoutces and energy usually perform different
performances in terms of inference speed. One example of an embedded GPU platform is Jetson Xavier
NX. This device has 6 CPU cores and a GPU with 384 CUDA cores. Compared with the GPU used in this
study, the Tesla T4 has 2560 CUDA cores. This difference shows that inference performance on the
embedded platform could result in different performances. Thus, a series of experiments need to be
conducted to examine the model performance in real-time damaged building opening detection tasks.
Nevertheless, the findings of this study ate still essential to compare the performance of single and multi-

task-based networks for a specific detection application.
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6. CONCLUSION AND RECOMMENDATION

6.1. Conclusion

The main goal of this study is to develop a deep learning detection model for real-time damaged building
opening detection. Open doors or windows, damaged walls, and collapsed roofs are defined as a damaged
building openings. To train the detection model, a damaged building opening dataset development was
conducted. The process of dataset development consists of image selection, annotation, pre-processing, and
augmentations. A total of 738 images were annotated by providing images with the corresponding mask
labels of the opening objects. Horizontal flip, shear, random brightness, grayscale, blur, and noise were
applied to the training data to improve the robustness of the model resulting in 1500 training images. The
dataset developed in this study shows a decent dataset with completeness and variety to represent the actual

us¢ casce.

As the most stable current state of the art of real-time object detection model, YOLOV5 is used as the main
model architecture in this study. YOLOv5 was trained and evaluated on the damaged building opening
dataset as a benchmark of a single-task object detection model. Three different versions of YOLOVS, i.e.
small, medium, and large, were compared as detector models for damaged building openings. These
YOLOVS5 versions have different model complexity based on the total number of layers and the size of the
output channel per layer. Overfitting is observed during the training of this single-task model in terms of
object loss. Although, this study found that YOLOv5m has the best performance with the mAP50 of 0.501
and speed of 52 FPS. This single-task detector shows quite good detection results. However, the false

positive detection of the model needs to be reduced.

This study tried to improve the detection performance by implementing a multi-task learning method by
adding the segmentation head to the YOLOv5 model. Similar to in single-task YOLOv5 model, the
architecture of the YOLOvV5-MTL uses a New CSPDarkNet53 as the backbone and SPPF and New CSP-
PAN as the neck layers. ProtoNet is added parallelly with the YOLOV5 object detection head to perform
instance segmentation. The YOLOv5-MTL is observed to outperform the single-task model. The prediction
output of this model provides information about the object masks along with the class name, class
probability, and the bounding box. The proposed muti-task learning model sacrificed the processing time
slightly but achieved accuracy improvements. YOLOv5s-MTL is the optimal network configuration for this
damaged building opening detection application. This model can perform the detection with 0.648 mAP50
and a speed of 73 FPS. Compared to the single-task detector, the YOLOv5-MTL improves the model’s
mAP50 by about 0.167. Adding a segmentation head to the object detection model is proven to improve

the model contextualization and reduce detection errors.
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Overall, this study provides a novelty by contributing to developing an initial damaged building opening
dataset and detection model. It also demonstrates that a multi-task learning method can improve detection
accuracy. And at last, it broadens our knowledge in developing a real-time deep learning-based detection

model algorithm.

6.2. Recommendation

With the more rapid development of UAV applications in terms of system and data acquisitions, there is a
potential for better improvement for disaster response applications. Several possible improvements can be

considered as future research development, such as:
Training Dataset Improvement

The disaster dataset in Chachra et al. (2022) was the only publicly available dataset that fit the criteria to
train a deep learning model for damaged building opening detection during the study period. However, this
dataset only contains crowd-sourced images without standard sensor and instrument settings. Further,
standard images are needed to fit the application scenario of the model. The model will be applied to a UAV
platform; hence, the source of training images captured using a UAV camera is preferred. Uniform ground
sampling distance (GSD) is also essential for this case. By having the same GSD, the model will be trained
better to deal with the opening size. Since not every opening on the damaged building can be entered by the
UAV, considering the space size, training images with uniform GSD will facilitate this size difference issue
in defining the opening class. This dataset improvement is expected to increase the model performance in

real—use—case scenarios.
Add Image Depth Estimation

Depth estimation is a computer vision task to measure the distance between pixel relative to the camera.
This depth information is usually helpful for autonomous systems and navigation applications. In terms of
damaged building opening detection, hypothetically, introducing the depth estimation task to the multi-task
learning will help the model to detect the opening correctly. One of the characteristics of the opening is
having deeper depth surrounded by objects with relatively similar depth (e.g. walls). This characteristic will
help the model better understand and detect the openings. Thus, future research is interesting to assess the
introduction of depth estimation head on the multi-task learning approach for the damaged building opening

detection model.
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ANNEX

Annex 1. Model Structure and Number of Convolutional Kernel of YOLOv5
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Annex 2. Damaged Building Opening Dataset Samples

Training images sample:
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Validation images sample:
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Test images sample:
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Annex 3. Train, validation, and test prediction image result samples

YOLOV5s (single-task) validation prediction results:
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YOLOvV5s-MTL validation prediction results:
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Annex 4. Ground Truth Image and YOLOv5s-MTL Prediction Results on Test Dataset
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