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Abstract

Exterior wall deterioration, particularly tile spalling, is a common consequence of
aging and environmental degradation in urban environments. These structural impair-
ments pose significant threats to public safety, particularly for pedestrians and vehicles
on sidewalks. In recent years, deep learning-based approaches have been leveraged in au-
tonomous methods for building condition assessments owing to their capacity to identify
structural anomalies. However, training a supervised learning model typically requires a
large labeled dataset, which is often unavailable in engineering domain tasks. Therefore,
in this study, we design a novel model called the Multi-Scale Branch Fusion UNet (MBF-
UNet) for semantic segmentation of tile spalling. The MBF-UNet incorporates additional
branches with different receptive fields and self-attention mechanisms to extract mean-
ingful representations of surface damage. Statistical measures have demonstrated that the
proposed MBF-UNet outperforms the state-of-the-art segmentation models in 6 general

segmentation metrics. Additionally, we propose a new unsupervised learning framework
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for anomaly detection of tile spalling. There is no need of images that contains spalling

or corresponding labels. The framework leverage uncertainty estimation by training a

segmentation model with a labeled dataset consisting of known and given classes exclud-

ing spalling. After training, the model identifies spalling area as outlier pixels, i.e., the

anomaly, due to higher uncertainty score. Besides, we develop a synthetic pattern namely

Spalling Craft for outlier exposure to add some anomaly patterns into the inlier building

images to enhance model performance. The proposed approach outperforms the state-

of-the-art baselines by approximately 18.4%, 46.6% and 31.7% in AUC, AP and FPR95

score, respectively. Compared to supervised learning, our approach reduces the time of

dataset construction from 200 hours to merely 1 hour, which is only 0.5% of the original

labeling time, and saves approximately 36600 NTD in cost. The outcomes of our study

will benefit practical application in infrastructure monitoring, enhancing data efficiency

in tile spalling segmentation.

Keywords: structural health monitoring, supervised learning, label efficiency, facade
anomaly detection, unsupervised deep contrastive learning, uncertainty estimation, tile

spalling segmentation
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Chapter 1 Introduction

1.1 Motivation and Relevant Works

The use of tile exteriors in architectural design offers great versatility in both aes-
thetics and functionality. Ensuring the integrity of tiled surfaces is essential, making the
detection of tile spalling a key aspect of structural health monitoring. This is crucial due
to its effects on the safety, durability, and visual uniformity of buildings. Tiles act as
protective barriers for various architectural elements such as floors, walls, and facades,
safeguarding the underlying structures from harmful environmental factors like moisture
and chemicals. When tiles deteriorate through spalling, their protective capability is com-
promised, potentially leading to problems like water infiltration, material decay, and even
structural instability [1]. Additionally, falling tile pieces present a significant safety risk,
particularly when spalling occurs at high elevations. A 2010 survey [2] found that about
85% of 15-floor buildings in Taipei have tile exteriors, with 53% experiencing spalling
issues. There is a noticeable trend showing that spalling rates increase as buildings age,
indicating that this problem will likely become more severe over time. Early detection of
tile spalling allows engineers to address underlying issues promptly, preventing further
damage and expensive repairs, thereby extending the lifespan and ensuring the safety of

structures. Moreover, fixing spalling tiles not only meets functional requirements but also
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enhances the visual appeal of buildings, preserving their aesthetic value and improving the
overall perception of the built environment. Despite recent advancements [ 3, 4] in visual
inspection techniques for detecting tile spalling, these methods often depend on human

expertise, which can be time-consuming and prone to errors.

Recent advancements in Artificial Intelligence (AI) have been driven by enhance-
ments in computational power, the availability of vast amounts of data, and innovative
algorithmic techniques. Al systems now possess the capability to perform tasks tradition-
ally done by humans, such as learning, reasoning, and problem-solving. One significant
advantage of Al is its ability to automate intricate and time-consuming operations, thereby
increasing efficiency and productivity across various industries. Deep Learning (DL), a
branch of Al, focuses on training artificial neural networks to independently learn and
make predictions. DL is extensively utilized in computer vision tasks, particularly in ob-
ject segmentation, which is essential for dividing data or images into segments or regions
for analysis [5—7]. Image segmentation is a critical task within computer vision, involv-
ing the partitioning of an image into multiple segments to simplify its representation and
facilitate analysis. The rise of DL in the 2010s introduced a new framework for image seg-
mentation through Convolutional Neural Networks (CNNs), enabling end-to-end learning
and achieving state-of-the-art results [8—10]. Notable advancements include Fully Con-
volutional Networks (FCN) [11], which in 2015 enabled pixel-wise predictions without
the need for manual feature engineering, surpassing traditional methods in performance.
Subsequent research focused on refining CNN architectures, leading to innovations like
U-Net [12], which improved segmentation accuracy with skip connections. Over time,
CNN-based image segmentation has continued to evolve, incorporating techniques such

as atrous convolutions [13], attention mechanisms [14—16], and encoder-decoder archi-
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tectures [17]. These advancements have culminated in state-of-the-art approaches like
DeepLab [18] and Mask R-CNN [19]. These DL models have diverse applications, in-

cluding object recognition, autonomous driving, medical imaging, and video surveillance.

DL has emerged as a focal point in civil engineering due to its versatile applications
[20-27]. One significant application involves applying computer vision to evaluate struc-
tural elements in infrastructure projects such as bridges, roads, and buildings. Through the
analysis of images depicting these structures, engineers can accurately detect and quan-
tify various defects such as cracks, corrosion, and material degradation. This capability
is crucial for developing targeted maintenance plans, thereby enhancing the safety and
durability of infrastructure [28—34]. Automated crack detection has garnered substantial
interest, enabling engineers to assess infrastructure conditions using automated algorithms
[35-39]. Similarly, DL techniques are applied to identify tile defects. For instance, Okeke
etal. [40] developed a CNN-based binary classifier to distinguish between tiny cracks and
normal tile surfaces, while Santos et al. [41] employed U-Net and LinkNet for ceramic
crack segmentation, highlighting DL’s potential in this area. However, existing studies
primarily focus on tile cracking and often use indoor tile features rather than exterior sur-
faces. Addressing this gap, Kung et al. [42] utilized a modified VGG-16 [43] network to
classify defect patterns, including tile spalling on exterior surfaces, albeit with less precise
localization results, as shown in Figure 1.1. Furthermore, the lack of open datasets tai-
lored to train DL-based models for tile spalling segmentation exacerbates the challenge.
Cao [44] introduced an instance segmentation model, YOLOM, designed for segmenting
spalling regions on building fagade and proposed a framework using YOLOM with drones
for inspection tasks, as shown in Figure 1.2. A team constructed a dataset by capturing

images of tile spalling on various structures such as university dormitories, apartment
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Figure 1.1: Classification results that are

Figure 1.2: Results of instance segmentation

buildings, hospitals, and government offices in Taiwan. These images were meticulously
labeled and verified by team members to ensure high-quality annotations, resulting in a
dataset containing 1458 images with 4595 instances of tile spalling. This process was
time-consuming and labor-intensive due to the extensive effort required for both image
collection and labeling. Thus, there are some existing approaches dedicate to train a deep-
learning model with small dataset to mitigate the demand on labeled dataset. Katsigiannis
etal. [45] tackled crack classification on masonry facades using data augmentation [46] to
increase variability and employing transfer learning [47] to enhance model performance
on relatively small datasets. This study aims to develop a framework for automatic tile
spalling identification using limited data, providing civil engineers with a crucial tool for

regular inspection and maintenance of exterior tile surfaces.

In this study, we propose integrating segmentation mechanisms specifically tailored
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for identifying tile spallings in exterior images sourced from diverse platforms. This in-
novative approach enhances the accuracy and efficiency of assessments, overcoming the
constraints of traditional visual inspections. By harnessing computer vision techniques
for spalling segmentation, our goal is to advance the evaluation process and contribute
to improved maintenance practices in civil engineering projects. However, the lack of
publicly available datasets dedicated to tile spalling poses a significant challenge for de-
veloping robust segmentation models in this field. To address this gap, we curated our
own dataset by collecting and manually annotating 364 images from sources including
Google Street View, social media, and photographs taken in Taiwan over a four-month
period. While this dataset is relatively small compared to existing segmentation datasets,
its construction underscored the considerable economic and time investments required for
gathering labeled spalling images. In response, we devised the Multi-Scale Branch Fusion
UNet (MBF-UNet), a novel model that integrates additional branches with distinct recep-
tive fields. This architecture enriches feature extraction by capturing information from
images at various scales, thereby maximizing contextual understanding from limited sam-
ples. MBF-UNet is tailored to accommodate the diverse sizes of tile spallings, with larger
receptive fields effectively handling larger spallings and smaller ones addressing smaller
anomalies. As a result, our approach achieves more precise and resilient segmentation

outcomes, even when faced with data constraints that challenge conventional models.

Additionally, we propose an unsupervised learning framework designed to identify
spallings in pixel-level detail from noisy Google Street View images without relying on
labeled spalling data. Our approach leverages uncertainty estimation techniques to train
a segmentation model using an existing dataset that includes various inlier classes, not

limited to defect-like patterns. The model learns to distinguish these inlier patterns, en-
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abling it to assign high uncertainty scores when encountering unknown patterns, such as
spallings. By training on spalling-free images, we enhance the model’s understanding of
typical inlier patterns, thereby facilitating accurate identification of spalling areas through
high uncertainty scores. To further improve the model’s robustness, we developed a novel
outlier exposure method that integrates anomaly patterns into the inlier scenes. This tech-
nique guides the model to assign high uncertainty scores specifically to these anomalies,
thereby refining its training process. Additionally, we propose a framework for generat-
ing spalling patterns that synthesizes realistic spalling images. This unsupervised learning
method minimizes the need for extensive spalling image collection and labeling, thereby

streamlining the efficiency of model training.

1.2 Contribution and Scope

In this work, our main contributions are summarized as follows.

* The proposed DL-based approach effectively identifies and segments spalling re-
gions on tile exteriors. This holds significant potential for infrastructure monitoring,
allowing for efficient detection of spalling occurrences. By installing the model in
vehicles for regular inspections by authorities, public safety can be improved while

reducing the cost of detection.

» We facilitate the research on label efficiency training in both model architecture
design and training framework, which is crucial for tile spalling segmentation due
to the time-consuming and labor-intensive nature of image collection and spalling
labeling. In model architecture, we proposed a novel network named MBF-UNet.

This model features three additional branches that capture information at multiple

6 doi:10.6342/NTU202403549



scales, maximizing the amount of information extracted from a limited dataset. This
approach mitigates the lack of contextual features, and improves the identification of
spallings of varying sizes. In the training framework, we proposed an unsupervised
training approach that uses uncertainty estimation to encourage the model to exhibit
high uncertainty when encountering spalling patterns. Additionally, we developed
an innovative spalling synthesis approach to achieve the outlier exposure process.
This framework allows the model to be trained on spalling-free images without any

labels, significantly reducing the cost of dataset construction.

* We build a pixel-level labeled tile spalling dataset with a total of 364 images from
various sources to keep the diversity in data for four months. This dataset can be
served as a valuable resource for further investigations related to tile spalling iden-

tifications.

Section 2 provides a comprehensive overview of the dataset, including our labeled
dataset in supervised learning and the two datasets in unsupervised learning. In Section
3, we illustrate our tile spalling identification approach, elucidating the design and the
architecture of the proposed MBF-UNet model, and the unsupervised training framework,
along with the employed evaluation metrics. Section 4 presents the results, offering an
interpretation and discussions about the model performance on the tile spalling dataset.
The concluding Section 5 summarizes key contributions and outlines avenues for future

research and developments.
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Chapter 2 Dataset

In this study, we propose two approaches: supervised learning and unsupervised
learning. Section 2.1 will detail the construction of the labeled dataset used in our su-
pervised learning experiments, including the image acquisition and labeling process. Sec-
tion 2.2 will introduce the datasets used in the proposed unsupervised learning framework,
which consists of two datasets: the source dataset and the target dataset, described in Sec-

tion 2.2.1 and Section 2.2.2, respectively.

2.1 Supervised Learning

2.1.1 Labeled Dataset

There are a total of 364 damaged images in this dataset. In order to maintain the high
variability of building and tile spalling, we collect the images from different place and
different source. This collection includes all seasons in 10 cities located in Taiwan, 90%
of our images were obtained from Google Street View, 6.5% were captured using smart-
phones, and the remaining 3.5% were sourced from various social media platforms. The
images from Google Street View were taken from bottom to top to capture high spallings.

For single spallings, the region was scaled up before taking a screenshot, as shown in

8 doi:10.6342/NTU202403549



Figure 2.1a. When multiple spallings were present on a building, the entire building was
captured to maintain its appearance, as illustrated in Figure 2.1b. Building photos were
taken from a distance of 10 to 30 meters to preserve the overall appearance, as depicted
in Figure 2.1c. Samples from social media platforms included images with extreme con-

ditions, such as Figure 2.1d, which shows many small, widely distributed spallings.

And there is no degree or lightness calibration performed after data collection to simu-
late real-world application conditions, where the model encounters random environmental
factors. For the annotation process, we utilized the VGG Image Annotator (VIA) tool [4&]
to manually create binary masks that indicate the presence of spalling in each image. Fig-
ure 2.1 showcases some original images and the corresponding ground-truth masks from
our dataset. In addition to the scale of the image and the appearance of the building, the
size and appearance of the spalling also vary greatly, demonstrating the diversity of tile

spalling instances included in our collected dataset.

Certainly, the dataset poses several challenges. Firstly, supervised learning typically
demands a large volume of labeled data, yet annotating tile spalling masks is both time-
consuming and labor-intensive. Consequently, we were restricted to using a relatively
limited dataset comprising only 364 images for training our segmentation model. This is
notably smaller compared to widely-used semantic segmentation datasets like Cityscapes
[7], ADE20K [49], and PASCAL VOC [50], each containing at least 5,000 images. Sec-
ondly, certain image areas may resemble spallings, such as gray exterior regions and the
cement joints between tiles. Lastly, tile spalling exhibits considerable variability in shape
and size. Some spallings appear as large, singular areas, while others consist of numerous
small patches. These variations pose a significant challenge to model performance. If the

model prioritizes learning large-scale features, it may overlook crucial small details. Con-
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(a) (b)

Figure 2.1: Samples of our labeled dataset: (a, ¢) spalling images, (b, d) ground-truth
masks

versely, focusing on fine details might lead to misidentifying regions resembling spallings,

especially when trained with limited data resources.

2.2 Unsupervised Learning

Our unsupervised learning approach involves two datasets: the source dataset and the
target dataset. The source dataset serves as an inlier dataset, teaching the segmentation
model the knowledge of those inlier classes within the dataset. The target dataset contains
spalling-free tile exterior images from Taiwan, enhancing the model performance on real-
istic tile images due to the absence of objects in the source dataset. Below, we will detail

the process of determining and building these two datasets.

10 doi:10.6342/NTU202403549



2 4 = =
(a) (b) (c) (d)
Figure 2.2: Samples of fagades dataset: (a, c) building images, (b, d) ground-truth masks

2.2.1 Source Dataset

The source dataset trains the model to recognize inlier classes within the dataset,
resulting in a high uncertainty score when the model encounters anomaly patterns, such
as tile spallings. Consequently, the source dataset can be any segmentation dataset, not
necessarily defect-like, but with images that resemble our target scenes. Therefore, we
selected an open dataset known as fagades [51], which comprises images of building
facades alongside their corresponding annotated segmentations. Each image in the dataset
is paired with a label map that delineates various architectural elements such as windows,

doors, balconies, and walls, as depicted in Figure 2.2.

2.2.2 Target Dataset

Since most building images in the source dataset lack tile exteriors, we created a tar-
get dataset to enhance the model performance in identifying tile spallings. We scraped

building images from Google Street View using addresses in Taipei City, specifically ex-
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Figure 2.3: Samples of target dataset

cluding samples without tile exteriors. The pitch angle during the scraping process was
set to 20 degrees, and the image resolution was 640x640 pixels. This effort resulted in a

target dataset comprising a total of 2,540 images, as depicted in Figure 2.3

2.2.3 Validation and Test Dataset

We constructed the validation and test datasets for our unsupervised learning ap-
proach by sampling 60 labeled real-world images from section 2.1. To simulate the scene
in the source dataset and enhance model performance, these images are large-scale, con-
taining the full appearance of buildings rather than just the spalling regions. Examples
of these spalling instances are shown in Figure 2.4, highlighting significant variations in
shapes and sizes. Furthermore, the images include non-tile exterior elements such as win-
dows and air conditioning units, which could influence model predictions. We divided the
dataset into a validation set of 20 images to prevent overfitting and a test set of 40 images

to assess model performance.
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Figure 2.4: Samples of the validation and test datasets for our unsupervised learning ap-
proach: (a, ¢) building images, (b, d) ground-truth masks
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Chapter 3 Methodology

3.1 Supervised Learning

3.1.1 Overview

This section focuses on developing a framework for the autonomous identification of
tile spalling, an essential tool for civil engineers conducting routine inspections and main-
taining the integrity of tile exteriors, as illustrated in Figure 3.1. The inspection process
starts with an initial image of tile spalling in the top-left. Our proposed model can accu-
rately identify spalling in building images, providing engineers with crucial information
about spalling distribution and the exterior condition, aiding in the assessment of neces-
sary repairs. Here, we detail the design and training process of the proposed model for tile
spalling segmentation. In section 3.1.2, we describe the architecture of our multi-branch
model, as depicted in Figure 3.2. The MBF-UNet features multiple branches, labeled B;
to B,,, each designed to capture features of different sizes within the image. For our ex-
periments, we set m = 3, allowing the model to detect features at three distinct levels.
These branches operate in parallel, sharing feature information extracted by the encoder
and producing the spalling mask from concatenated feature maps via the segmentation

head. In section 3.1.3 and section 3.1.4, we explain the key components integrated into
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Figure 3.1: The autonomous tile exterior inspection process of the proposed approach, the
dashed lines indicate the scope of this study.

the model, namely Squeeze-and-Excitation (SE) Blocks [52] and Atrous convolution, re-
spectively. In section 3.1.5, we compare the baseline optimization method with our pro-
posed optimization approach. Sections 3.1.6 to 3.1.9 provide detailed information on our
experiments, covering hyperparameters, the encoder, data augmentation techniques, and
other essential training settings. And section 3.1.10 discusses the evaluation metrics used

in segmentation, such as mean intersection over union and the Hausdorff distance.

3.1.2 Network Architecture

To capture features of varying sizes, we employ a technique known as multi-scale in-
formation extraction. This approach is essential for incorporating comprehensive contex-
tual features into image segmentation tasks. Recent studies [53—56] have effectively used
multi-scale information to enhance contextual aggregation. To leverage this, our model
decoder includes three parallel branches, as depicted in Figure 3.3, each branch having

different kernel sizes. This design allows the model to extract features at various scales,
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Figure 3.2: The architecture of the proposed MBF-UNet

with the branches utilizing the same feature information from the encoder. The backbone
of our decoder is based on the U-Net++ [57] architecture, which integrates SE blocks to
achieve self-attention. To prevent the loss of fine image details during the down-sampling
and up-sampling stages, U-Net uses skip connections between the encoder and decoder.
These connections help maintain detailed information in the images. U-Net++ extends
this concept by using nested and dense skip connections, adding more nodes to the skip
pathways to enhance semantic similarity between the feature maps of the encoder and de-
coder networks. To improve the model’s performance further, SE blocks are incorporated.
Atrous convolution is introduced to mitigate the increase in training parameters that come
with larger convolution kernels. The parallel branches use three different dilation rates:
1, 4, and 8. Branches with higher dilation rates create broader receptive fields, capturing
more extensive contextual information, while branches with smaller dilation rates focus
on finer details and local features. This multi-scale approach enables the model to capture
information at different levels, addressing both global and local dependencies within the

data. The information from these branches is then aggregated and combined through a
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Figure 3.3: The complete architecture of the proposed MBF-UNet

convolution layer, resulting in a robust and comprehensive feature extraction process.

3.1.3 Squeeze-and-Excitation Blocks

Squeeze-and-Excitation (SE) Blocks are mechanisms designed to enhance the learn-
ing of convolutional features by explicitly modeling channel interdependencies. This pro-
cess increases the network’s sensitivity to informative features. The SE block operates in
two steps: squeeze and excitation, as illustrated in Figure 3.4. In the squeeze step, the
proposed model aggregates global spatial information into a channel descriptor. This is
done by applying a global pooling layer to the input, resulting in channel-wise statistics
represented by z € R, where the input is denoted as u € R7*W*¢  The C-th element

of z is calculated by:

1 H W
2o = g7 D D elisj). (3.1)

i=1 j=1
The excitation step is designed to capture channel-wise dependencies comprehensively.

In this study, the model generates channel weights denoted as s € R® by incorporating
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Figure 3.4: The Squeeze-and-Excitation block

two sets of fully connected layers (FC) and an activation function:

S = U(Wzé(le)). (32)

where ¢ refers to the ReLU [5¢] function, and o refers to the Sigmoid function, The weights
of the first and second FC layer are represented by W, and W,, respectively. To gener-
ate the final output, the model re-weights the input us by performing an element-wise
multiplication with the corresponding channel weight s-. By doing this, the model em-
phasizes channels according to their importance, enhancing the feature representation and

improving the learning process.

3.1.4 Atrous Convolution

Atrous convolution employs dilation or gaps between the convolution kernel weights,
which enables the kernels to enlarge receptive field without increasing the number of train-
ing parameters. This is illustrated in Figure 3.5, where the hyperparameter r represents

the dilation rate. The size of the receptive field can be designed by:

Hiernet = Whiernet = (T - ]-) X (TL - ]-) + n. (33)
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Figure 3.5: (a) The conventional 9 x 9 convolution kernel, and (b) the 3 x 3, r=4 atrous
convolution kernel

where n refers to the size of the non-zero filter. In this work, we design the largest kernel
as a 3 x 3, r=4 atrous convolution kernel, which is 9 times fewer training parameters than

the conventional 9 x 9 convolution kernel.

3.1.5 Optimization Schemes

To search potential improvements in model performance by enhancing the distinctive
capabilities of each branch, we explore two different optimization schemes. The first
scheme contains optimizing the model solely based on the loss | = L(x,y) between the

final prediction ¢(w | ) and the ground-truth y:
= L(z,y) = minJ (g(w | z),y) (34)

where J represents the loss function, w means the model weights, and x is the inputs. In
this scenario, the focus is primarily on ensuring the accuracy of the final output without
interfering with the specific objectives of each branch, as shown in Figure 3.6a. The

second scheme incorporates the loss calculated by taking the average of the losses between
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Figure 3.6: (a) The direct optimization scheme, and (b) the individual optimization scheme

the three branches, the final output, and the ground-truth, denoted as [; to /4:

ly = Ly(w,y) = min  J(5(Wy, Wz, W3, Wy | ), 7) (3.6)

Wi1,W2,W3,Wy

Where B; are the ¢-th branch in the decoder, w; represents the corresponding model weights,
and wy is the weights of the 3 x 3 convolution layer that produces the prediction. The mo-
tivation is to encourage each branch to focus on spalling detection, thereby enhancing the
individual performance of each branch, as illustrated in Figure 3.6b. In summary, the for-
mer strategy prioritizes the accuracy of the final output, while the latter strategy aims to

improve each branch’s performance by enhancing its ability to distinguish spallings.

3.1.6 EfficientNet

In this study, we adopt EfficientNet [59] as our model encoder. EfficientNet was
developed using neural architecture search (NAS) [60], which incorporates compound
scaling, a technique that uniformly scales the depth, width, and resolution of the model
using a compound coefficient. The baseline model optimizes the product ACC/(m) x
[FLOPS(m)/T]" during NAS, where ACC(m) and FLOPS(m) denote the accuracy

and floating-point operations per second (FLOPS) of model m, respectively. Here, T’
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represents the target FLOPS, and w = —0.07 serves as a hyperparameter controlling the
trade-off between accuracy and FLOPS, defining the base model as EfficientNet-BO. The
compound scaling method utilizes a compound coefficient ¢ to systematically scale the

width, depth, and resolution of the network. This scaling process is performed as follows:

d=ao® w=p> r=4° (3.7)
st. a-pfrytx2 (3.8)
a>l,f>21y2>1 (3.9)

where d, w, and r means depth, width, and resolution; «, (3, v are constants that can be
determined by a small grid search. For EfficientNet-B0, the optimal values are « = 1.2,
= 1.1, v=1.15 when ¢ = 1. Once these values are fixed as constants, EfficientNet-BO0 is
scaled up with different values of ¢ to create models from EfficientNet-B1 to EfficientNet-

B7.

In this study, we utilize EfficientNet-B6 as our model encoder. This decision is driven
by its optimal balance of computational efficiency and high performance, which are par-
ticularly advantageous for our segmentation tasks. The compound scaling ensures that the
model maintains high accuracy while remaining computationally efficient, aligning well
with the demands of our application in spalling segmentation. By leveraging the capa-
bilities of EfficientNet-B6, our goal is to attain robust and accurate segmentation results,

bolstered by our tailored application focus and training methodologies.
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3.1.7 Baseline Approaches in Segmentation

We select 4 state-of-the-art semantic segmentation models to compare with our pro-

posed model as follows:

U-Net [12]: U-Net is a convolutional neural network designed for biomedical im-
age segmentation. It employs a encoder-decoder architecture to capture context and a
symmetric expanding path for precise localization. To prevent the loss of high-resolution
features during the convolution process, U-Net utilizes skip connections between corre-
sponding layers in the contracting and expanding paths. These connections help retain

high-resolution features, ensuring more accurate segmentation results.

U-Net++ [57]: An extension of U-Net, U-Net++ introduces a series of nested and
dense skip connections aimed at enhancing the accuracy and efficiency of segmentation.
These redesigned skip pathways and dense connections help bridge the semantic gap be-
tween the encoder and decoder sub-networks, resulting in improved feature fusion and
more precise segmentation outcomes. The nested architecture allows for better gradient

flow and more effective learning of complex patterns.

MA-Net [15]: MA-Net (Multi-scale Attention Network) is designed to capture fea-
tures at multiple scales while applying attention mechanisms to improve segmentation per-
formance. It integrates multi-scale feature extraction with attention mechanisms, which
enhances the segmentation of objects at different scales and helps the model focus on the
most relevant parts of the image. This combination allows MA-net to effectively identify

and segment objects of varying sizes within an image.

DeepLabV3+ [13]: DeepLabV3+ is an advanced version of DeepLabV3, designed
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for semantic image segmentation. It integrates atrous spatial pyramid pooling (ASPP) to
capture multi-scale information and includes a decoder module for improved delineation
of object boundaries. The use of atrous convolution allows it to control the resolution of
feature responses, while the straightforward yet effective decoder refines the segmentation

results.

3.1.8 Baseline Approaches in Addressing Limited Data

The challenge of limited datasets is a significant issue in deep learning approaches,
especially in image segmentation problems. One major hurdle is the extensive labeling
required, involving manual pixel-level annotation of ground-truth data. Moreover, acquir-
ing defect images is often time-consuming and labor-intensive. These factors contribute to
low data variability, increasing the risk of model overfitting. To address the limitations of
limited training data, two common baseline approaches are employed: data augmentation
and transfer learning. Data augmentation aims to increase dataset variability by apply-
ing various image processing techniques such as horizontal or vertical flipping, random
cropping, brightness and contrast adjustments, and adding Gaussian noise. In this study,
we implemented augmentations including horizontal flipping, distortion, random contrast
and brightness adjustments, and Gaussian noise. These augmentations diversify the data,

thereby mitigating overfitting during model training.

On the other hand, transfer learning involves using a pre-trained model from a related
task instead of starting from scratch. The pre-trained model has learned general features
from a large dataset, such as ImageNet [61], which contains millions of labeled images
across numerous categories. This approach is particularly beneficial when the new task

has limited labeled data available. Transfer learning not only reduces the computational
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resources and training time but also often enhances model performance on the target task.
It is widely used in structural health monitoring, since the data is often hard to obtain
[46, 62]. In our study, we adopt the pre-trained EfficientNet encoder from ImageNet as
our baseline, leveraging its universal features for our spalling segmentation task. This
approach is compared with our proposed MBF-UNet model and the two baseline methods

—data augmentation and transfer learning—are evaluated in section 4.1.3.

3.1.9 Experiments

To mitigate model bias that may result from a limited test dataset, all models, includ-
ing the baseline references, are trained seven times using different training, validation, and
testing sets. This approach ensures a more robust assessment of model performance. The
data splitting is conducted as follows: 291 samples are randomly selected for training, 36
for validation, and 37 for testing, adhering to an 8:1:1 ratio based on the Pareto principle
that 20 percentage of causes are responsible for 80 percentage of the effects or outcomes.
Model performance is evaluated on the test set using the weights that achieved the highest
mean intersection over union (mloU) score on the validation set. The training pipeline in-
volves data pre-processing by resizing the images to 864 x 864 pixels and applying various
data augmentations. The loss function employed during training is a weighted combina-
tion of Lovasz-Softmax loss L., (7,y) [62] and cross entropy (CE) loss Log(y,y) to

mitigate gradient saturation. The loss function is expressed as follows:

L(@ay) :aLLov(:gay)+(1_a) LCE(gay) (310)

Where o = 0.5 represents the ratio of the Lovasz-Softmax loss to the cross-entropy loss.

The model is implemented in Pytorch [64] and trained on a Linux server equipped with
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four Intel Xeon E5-2620 CPUs, 256 GB DDR4 RAM, and eight NVIDIA RTX Quadro
8000 GPUs with 48 GB memory. Table 3.1 summarizes the training setting used in this

study.

Table 3.1: The training setting is used in the unsupervised experiment

Training Setting Value
Optimizer Adam [65]
Max. learning rate | 0.0001
Weight decay 0.0001
Max. epoch 80

Batch Size 3

3.1.10 Evaluation Metrics

To effectively evaluate the segmentation performance of the proposed for tile spalling,
we utilize some general evaluation metrics in semantic segmentation models evaluation

as follow:

Pixel Accuracy: Pixel accuracy is the proportion of correctly classified pixels out
of the total number of pixels in the image. This metric gives an overall measure of how
many pixels in the image are classified correctly. While useful, it can be misleading if the
dataset is imbalanced (i.e., one class dominates the others), as the model can achieve high

accuracy by simply predicting the majority class.

Precision: Precision is the ratio of true positive predictions to the sum of true posi-
tives and false positives. It measures the accuracy of the positive predictions. High preci-
sion indicates that when the model predicts a pixel as belonging to a particular class, it is

often correct. This metric is particularly important in applications where the cost of false
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positives is high. It is defined as follows:

. True Positives
Precision = — — (3.11)
True Positives + False Positives

Recall: Recall is the ratio of true positive predictions to the sum of true positives and
false negatives. It measures the model ability to capture all relevant instances (true posi-
tives). High recall means the model successfully identifies most of the positive instances,
which is crucial in applications where missing a positive instance (false negative) is costly

such as our work. It is defined as follows:

True Positi
Recall = S (3.12)
True Positives + False Negative

F1-Score: The Fl-score is the harmonic mean of precision and recall, providing a
single metric that balances the two. It is useful when we need a balance between precision
and recall, especially in cases of imbalanced datasets. It provides a more comprehensive
measure of the model performance, taking both false positives and false negatives into

account. It is defined as follows:

2 x Precision * Recall
F1-S = 3.13
core Precision + Recall ( )

mloU: mloU is a widely used metric for evaluating pixel-level quality in image seg-
mentation tasks [12, 13, 57]. It quantifies model performance by calculating the intersec-
tion over union (IoU) between the predicted segmentation and the ground-truth masks,

averaged across all classes. The mloU score ranges from 0 to 1, with higher scores indi-
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cating better performance. It is defined as follows:

y M
y U

<<

mloU(y, 9) = (3.14)

<>

where y and ¢ denote the ground-truth and the predicted segmentation masks, respectively.

HD95: The Hausdorff distance measures dissimilarity between sets of points or
shapes, offering insight into their spatial deviations. Unlike the mloU score, higher HD95
scores indicate poorer performance. For two sets A and B, the Hausdorff distance is de-
fined as the maximum distance from a point in set A to its nearest point in set B. It is

given by:

HD(A, B) = max{ maslggA) d(sa,S(B)), mgziB) d(sp,S(A))} (3.15)
d(v, 5(A)) = min (v = sall) (3.16)

where v denote the arbitrary point in the boundary. The HD95 metric is a region quality
evaluation that focuses on the 95th percentile of Hausdorff distances, providing a more
robust assessment less affected by outliers or extreme cases. This metric is commonly

used in segmentation studies and competitions [66—68] to quantify performance.

3.2 Unsupervised Learning

3.2.1 Overview

In this section, we provide detailed information about the design of our unsupervised

learning training approach, including the training framework, Spalling Craft, and other
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training details. In section 3.2.2, we describe the unsupervised training framework in-
spired by the uncertainty estimation mechanism, which can train the tile spalling segmen-
tation model using only spalling-free building images. Spalling Craft will be illustrated in
section 3.2.3, which achieves outlier exposure to enhance model robustness. Section 3.2.4
presents how the contrastive loss improves the model performance in real-world images
and how it is designed. The model architecture used in the experiments will be shown in
section 3.2.5. Section 3.2.6 to 3.2.8 will cover more details about our experiments, in-
cluding the hyperparameters, the encoder, evaluation metrics, and the baseline approaches

we design.

3.2.2 Training Framework

The proposed training framework is designed based on uncertainty estimation. We
train a model using predefined categories so that when it encounters a pattern outside those
categories, it exhibits high uncertainty compared to the known categories due to its lack of
familiarity with the new pattern. Therefore, we can estimate the uncertainty to determine
whether a pattern is an anomaly. The source dataset trains the model to recognize the
normal appearance of buildings, while the target dataset improves the model performance
on tiled exteriors. Additionally, outlier exposure modules are employed with spalling-free
building images from both datasets to enhance the model robustness in anomaly detection.
The segmentation model is trained using images with synthetic spalling patterns. Conse-
quently, the model is constrained with three loss functions, as illustrated in Figure 3.7. Im-
ages (z°) from the labeled source dataset are fed into an outlier exposure module (O E®) to
synthesize spalling patterns. The spalling area is defined as the outlier region, and the rest

of the image is the inlier region. These images then pass through the segmentation model,
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generating logits (°) and feature embeddings (¢®) , which are used in contrastive loss,
detailed in section 3.2.4. The model learns the inlier classes using an inlier 10ss (£;,jier),
comparing the logits of the inlier region to the labels of the inlier dataset. Cross-entropy
loss is employed as the inlier loss function. The logits of the outlier region are calculated

using an outlier loss, implemented as positive energy loss in the experiment as follow:

Louttier(§) = > (maz(0,—E(7))) (3.17)
K

E(z) = —log Z exp(x;) (3.18)
i=0

K is the number of categories in the source dataset, it is 13 in this experiment. The uncer-
tainty score obtained by Eq. 3.18 is increased in regions belonging to the spalling pattern
(outlier), resulting in a relatively high uncertainty score compared to the spalling-free re-
gion. The model also has a branch to project image features to a latent space to implement
contrastive loss. This branch is used only during training and not during inference, where
Eq. 3.18 is leveraged to estimate the uncertainty score to determine whether a pixel is
spalling. The same process is applied to the target dataset, excluding the inlier loss due
to the absence of labels. A batch of source images pairs with a batch of target images,
sharing the same model, but the outlier exposure modules (OE° and OET) are different.
This allows adjustments based on the appearance of the datasets. The following results

will demonstrate the model performance in different settings.

3.2.3 Spalling Craft

Spalling Craft serves as our designed spalling synthetic approach, functioning as an

outlier exposure module in Figure 3.7. Since the building images in our datasets are all
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Figure 3.7: The complete unsupervised learning framework

spalling-free, we synthesize fake spalling patterns onto the buildings to induce higher
uncertainty scores in those regions. Spalling Craft utilizes image processing techniques
to generate realistic spalling patterns, as depicted in Figure 3.8. The process begins with
localization: we generate spalling positions (yox) by randomly generating & polygons as
candidate regions (k is 10 in this experiment). To ensure spalling occurs only on exterior
surfaces and not on non-exterior areas like windows or trees, we employ a noise filter
f to exclude those region. This filter utilizes two pre-trained segmentation models from
the Cityscape dataset [7] and the Facades dataset. Regions identified as buildings in the

Cityscape dataset and fagades in the Facade dataset are considered valid regions.

The next step involves content generation: we combine Perlin Noise (¢,), known
for its ability to add natural-looking variations, with the gray-scale image (2 4q,). This
combination captures details such as shadows and textures on building facades. Perlin
Noise is preferred for its capability to generate continuous, smooth variations, avoiding
the abrupt edges and repetitive patterns often associated with simpler noise types like

Gaussian noise. As a result, the content (C') is designed as follow:

C=axTyey+(1—a)x*e, (3.19)

a = 0.5 in this study represents the ratio between the gray-scale image (2 4q,) and Perlin
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Noise (¢€,). Therefore, the synthetic image (zor) 1s defined as follow:

ror = (1 —yor) *x + yop * C (3.20)

This equation combines the gray-scale image and Perlin Noise according to the specified

ratio, resulting in the synthetic image with added spalling patterns.

3.2.4 Contrastive Loss

The contrastive loss is designed to increase the distance between inlier features and
outlier features, thereby facilitating the model ability to classify them correctly. It achieves
this by pulling together feature embeddings with the same classes (inlier and outlier) while
pushing apart those from different regions. Inspired by pixel-wise embedding learning
[69], we define an anchor set A = {x; | z; ~ =, € Dg} to randomly sample an
embedding x; from the source dataset(Dg). Additionally, we design a contrastive set C' =

{z; | z; ~ z,2 € (Dg U Dr)} from either the source dataset Dg or the target dataset
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Figure 3.9: The impact of contrastive loss, the embedding distribution in latent space will
be from (a) to (b).

Dy, creating a contrastive embedding for comparison with the anchor embedding. The

contrastive learning loss is then defined as follows:

exp(x; x et /T)
)+ D en(ay €TP(Ti k€7 /T)

= —l 21
Lot Z Z) Ogea:p(xi*eJr/T (3-21)

ri€AeteP(x;

where P(z;) = {z; | x; ~ C,m; = m;} is a set that randomly samples another em-
bedding z; from C' with the same class m (inlier and outlier). And N (xz;) = {z; | x; ~
C,m; # m;} is a set that randomly samples another embedding x; from C with different
class, 7 = 1 in the experiment is a hyper-parameter. Ideally, the impact of contrastive
loss is shown as Figure 3.9, yellow represents the embeddings belonging to outliers, blue
represents those from inliers. Triangles denote embeddings from the source dataset, and
circles denote embeddings from the target dataset. The source embeddings serve as an-
chors to pull together the embeddings of the same class and push apart embeddings of
different classes. This approach transforms the embedding distribution in the latent space
from the arrangement shown in Figure 3.9a to that in Figure 3.9b, indicating that the model

effectively distinguishes between outliers and inliers.
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3.2.5 Model Architecture

Due to limitations of our computing platform, we select DeepLabV3+ [13] as the
training segmentation model instead of our proposed MBF-UNet, as depicted in Fig-
ure 3.7, and apply a 1x1 convolution layer to project the feature as embedding [70] in
latent space. The complete model architecture is depicted in Figure 3.10. The backbone
of the model, which we have chosen to be EfficientNet-B6 [59], extracts features from
the image. Following this, the atrous spatial pyramid pooling (ASPP) layer, consisting of
a 1x1 convolution layer, an image pooling layer, and three 3x3 convolution layers with
dilation rates of 12, 24, and 36, extracts multi-scale features. These feature maps are then
concatenated and projected to form a low-resolution feature map. Simultaneously, the
model retains a high-resolution feature map from an intermediate layer of the backbone.
This high-resolution feature map is concatenated with the low-resolution feature map, and
two individual branches are employed on the combined features. One branch predicts the
logits to evaluate the probability distribution of each pixel, and subsequently uses E(x)
as defined in Eq. 3.18 to estimate the uncertainty representing anomaly score. The other
branch, containing a 1x1 convolution layer, projects the features to an embedding e for

contrastive learning, where e € R7*W+304,

3.2.6 Experiments

The training dataset consists of a source dataset and a target dataset. The source
dataset contains 606 labeled images, while the target dataset contains 2540 unlabeled im-
ages. The model will be pre-trained in source dataset before training. During each epoch

of the training process, 606 target images are randomly selected and paired with source im-
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Figure 3.10: The complete model architecture

ages and their labels to meet the requirements of contrastive learning. The model weights
that achieved the highest average precision (AP) score on the validation dataset were se-
lected as the final model weights to avoid overfitting. Model will be evaluated in test
dataset using some general metrics in anomaly detection. To prevent image distortion, we
applied image padding to convert images to square shapes and then resized them to 512 x

512 for training. Table 3.2 summarizes the training setting used in this study.

Table 3.2: The training setting is used in the unsupervised experiment

Training Setting Value

Optimizer Adam [65]

Scheduler one-cycle learning rate scheduler
Max. learning rate | 0.00005

Weight decay 0.0001

Max. epoch 10

Batch Size 3

Backbone Efficientnet-B6
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3.2.7 Evaluation Metrics

Different from segmentation maps in Section 3.1, our outputs are anomaly maps. We
incorporate several general evaluation metrics from road anomaly detection studies [ 70—
] to assess the model performance different from Section 3.1.10. These metrics include
Average Precision (AP), Area Under the Curve (AUC), and False Positive Rate at 95%

True Positive Rate (FPR95). Their definitions and functions are as follows:

AP: AP is ameasure used to evaluate the performance of a binary classifier in terms of
precision and recall. Precision is the ratio of true positive predictions to the total number
of positive predictions, while recall is the ratio of true positive predictions to the total

number of actual positives. The precision and recall are defined as:

. True Positives
Precision = — — (3.22)
True Positives + False Positives

True Positi
Recall = SR (3.23)
True Positives + False Negatives

AP summarizes the precision-recall curve, which plots precision versus recall at varying
thresholds settings. It is calculated as the weighted mean of precisions achieved at each

threshold, with the increase in recall from the previous threshold used as the weight:

AP = (R, - R,1)P, (3.24)

where P, and R, are the precision and recall at the n-th threshold.

AUC: AUC represents the area under the Receiver Operating Characteristic (ROC)

curve, which plots the True Positive Rate (TPR) against the False Positive Rate (FPR) at
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varying thresholds settings. The TPR and FPR are defined as:

TPR — ‘"ljrue Positives ‘ (3.25)
True Positives + False Negatives

FPR False Positives

= — . (3.26)
False Positives + True Negatives

The AUC value ranges from 0 to 1, where 1 indicates a perfect classifier and 0.5 indicates

a classifier that performs no better than random chance.

FPRY5: FPR9S is a metric used to evaluate the robustness of a binary classifier. It
specifically measures the False Positive Rate (FPR) when the classifier achieves a True
Positive Rate (TPR) of 95%. FPR95 helps in understanding the trade-off between detect-
ing true positives and the rate of false positives at a high level of sensitivity (95% TPR).
This metric is particularly useful in applications where it is crucial to maintain a high

detection rate while controlling the number of false alarms.

3.2.8 Baseline Approaches

Due to the absence of existing anomaly detection and unsupervised learning methods
for tile spalling segmentation, we designed some baselines for comparison with our ap-
proach. These baselines utilize the same segmentation model architecture, DeepLabV3+,

to ensure consistent training parameters and computing time:

Synthetic Supervised: We employ supervised learning using the synthetic images
and masks generated by the Spalling Craft method described in section 3.2.3. All 2540 tar-
get images are fed into the Spalling Craft module to generate fake spalling patterns on tile
exteriors, paired with the corresponding synthetic spalling masks to train a DeepLabv3+

model.

36 doi:10.6342/NTU202403549



RPL [70]: RPL is a abbreviation of Residual Pattern Learning, a state-of-the-art
approach in road anomaly detection. RPL synthesizes fake patterns by cutting outlier
objects from other datasets, such as COCO [77], and pasting them into inlier images.

Additionally, it also implements contrastive learning in inlier and outlier images.

Supervised: Unlike other baselines, the upper bound model is trained using super-
vised learning on a real-world spalling image dataset consisting of 304 labeled images
sourced from Google Street View in Taiwan. This dataset construction process, involving
manual collection and labeling, is the same as our validation and test dataset described in
section 2.2.3. This construction process took about four months, highlighting the high cost
of supervised learning. We define the anomaly score map y € R”*W for the supervised
method as follows:

y = Sigmoid(L)* (3.27)

where L € R¥*W*2 ig the logits output of the binary segmentation model, with two chan-
nels: one for the positive class and one for the negative class. We select the positive

channel after apply the sigmoid function.
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Chapter 4 Results and Discussions

4.1 Supervised Learning

4.1.1 Segmentation

Our dataset exhibits a relatively limited proportion of the foreground pixels (i.e.,
tile spalling) across the entire image, leading to an imbalanced dataset, as illustrated in
Figure 4.1a. This imbalance causes the intersection over union (IoU) for the background
class to approach values close to 1. Consequently, our evaluation focuses exclusively on
the IoU score of the foreground class for all models considered in this study. The learning
curves for the validation set, depicted in Figure 4.1b and 4.1c, show steady convergence
in the final epochs, indicating that the proposed MBF-UNet model has achieved a stable

and consistent performance level.

Figure 4.2 offers a visual comparison of segmentation results, including the origi-
nal images, the corresponding ground-truth spalling masks, and predictions from various
baseline models: U-Net [12], MA-Net [15], U-Net++ [57], DeepLabV3+ [13], and the
proposed MBF-UNet. In cases involving particularly large spalling, such as images (1)
and (2), the baseline models struggle to accurately delineate the spalling areas, even fail-

ing to segment anything in image (2). Conversely, the MBF-UNet successfully captures
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the spalling regions in both scenarios. For images (3) and (4), where the tile spalling
sizes vary significantly with larger spalling areas in the upper left and upper right cor-
ners, respectively, U-Net, MA-Net, and U-Net++ perform relatively well in segment-
ing small spallings. However, their performance diminishes when dealing with larger
spallings. DeepLabV3+, on the other hand, excels in segmenting large spallings, achiev-
ing near-perfect segmentation in image (4) due to its multi-scale architecture. Nonethe-
less, DeepLabV3+ over-predicts small spallings in image (3). The proposed MBF-UNet
demonstrates superior performance across both large and small spalling areas. In cases
(5) and (6), which feature multiple spallings, models such as U-Net, U-Net++, and MBF-
UNet exhibit strong performance due to their skip connections, which preserve essential
features from previous layers. Particularly, nested and dense skip connections enhance
the performance of U-Net++ and MBF-UNet compared to U-Net. In case (6), the multi-
scale mechanism proves advantageous as DeepLabV3+ and MBF-UNet outperform oth-

ers, demonstrating their effectiveness in addressing multiple spallings.

To rigorously assess the proposed model’s superiority, we conduct a comparative
analysis with state-of-the-art models using the six evaluation metrics outlined in Sec-
tion 3.1.10. The outcomes of seven repeated experiments are summarized in Table 4.1.
Our MBF-UNet achieves the highest mean accuracy score and the lowest standard devi-
ation, as shown in the first row. However, there is a small performance gap compared to
other baselines, indicating that our dataset may be imbalanced. The precision and recall
scores, presented in the second and third rows, reflect the significance of false positives
and false negatives, respectively. In our study, recall is particularly important. Although
the recall score of our model is slightly lower than U-Net++ by 0.1%, it has a lower stan-

dard deviation. For precision and the integrated F1 score, our model demonstrates the
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Figure 4.1: (a) The histogram of proportion of the foreground pixels (b) Loss and (c) mIoU
curves of the proposed model during training for both training and validation samples.

best performance in terms of both mean and standard deviation. Furthermore, the highest
mloU score and the lowest HD95 score highlight that our MBF-UNet outperforms other

baselines in both model performance and stability.

()]

3

)

®)

(6)

Figure 4.2: The spalling segmentation results, including (a) the original images, (b) the
corresponding ground-truth masks, and predictions generated by different models, namely
(c) U-Net, (d) MA-Net, (e) U-Net++, (f) DeepLabV3+, and (g) the proposed MBF-UNet.
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Table 4.1: The model performance comparison between the propose MBF-UNet and other
state-of-the-art models. The best scores are in boldface. (STD.: standard deviation)

Method
Metric U-Net U-Net++  MA-Net DeepLabV3+ MBF-
[12] [57] [15] [15] UNet
Accuracy Mean 99.3 99.3 99.3 99.3 99.5
STD. 0.3 0.3 0.4 0.3 0.2
Precision Mean 85.1 83.9 84.3 87.6 90.7
STD. 10.8 11.8 10 9.8 6.3
Recall Mean 89.2 90.5 89.1 84.7 90.4
STD. 2.2 2.5 2.2 3.7 2.1
Fl Mean 86.7 86.5 86.3 85.8 90.4
STD. 6.1 6.2 5.0 5.7 3.2
mloU Mean 77.1 76.7 76.2 75.6 82.7
STD. 9.1 9.3 7.6 8.5 5.2
Mean 54.9 49.9 47.7 51.9 35.9
HD9S g, 143 162 10.7 15.6 9.9

4.1.2 Intermediate Layer Outputs

Additionally, we analyze the intermediate layer outputs of U-Net++ and the proposed
MBF-UNet to evaluate the impact of the multi-branch structure on model performance.
Figure 4.3 includes the original images, the corresponding ground-truth masks, the inter-
mediate layer output of U-Net++, the predictions generated by U-Net++, the intermediate
layer outputs of MBF-UNet for the small, middle, and large branches, and the final predic-
tions by MBF-UNet. The upper row represents an image with small, scattered spallings,
while the lower row shows a case with large spallings. By converting the intermediate
outputs to heatmaps, we can observe the focus of each model. The intermediate layer
output of U-Net++ demonstrates its ability to concentrate on small spallings. However,
U-Net++ struggles to identify large spallings, depicted in pure white in the lower image.
This limitation arises from U-Net++’s restricted receptive field, which prevents it from
acquiring sufficient contextual information to accurately detect large spallings, resulting

in inferior final predictions. In contrast, the intermediate layer output of MBF-UNet for
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the small branch shows similar performance to U-Net++ due to their comparable recep-
tive fields. However, the middle branch of MBF-UNet performs better in detecting large
spallings, effectively identifying white spallings, though it performs relatively poorly on
small spallings. The large branch excels in identifying large spallings but shows a decline
in performance for small spallings. By consolidating information from these multi-level
branches, the final prediction produced by MBF-UNet surpasses that of U-Net++. The
multi-branch architecture of MBF-UNet proves effective in enhancing model performance
by allowing each branch to specialize in capturing features of different sizes. This spe-
cialization enables MBF-UNet to achieve superior segmentation results, particularly in

scenarios involving spallings of varying sizes.

4.1.3 Comparisons of Baseline References in Addressing Limited Data

The MBF decoder is designed to extract rich features by utilizing branches with vary-
ing receptive fields to capture details at multiple scales, thereby enhancing feature diver-
sity. This approach improves model performance, especially when working with a limited
dataset, by enriching feature extraction and mitigating the overfitting issues caused by low
data variability. We conducted an ablation study to evaluate several techniques intended
to enhance training with a limited dataset and to analyze their effects, including data aug-
mentation and transfer learning. These experiments were repeated seven times across four
settings, as detailed in Table 4.2, with results summarized in Table 4.3. Models without the
MBEF decoder used a standard U-Net architecture for simplicity and comparison. Thus, the
first row represents a U-Net model trained from scratch without any data augmentation.
Initially, we assessed the impact of transfer learning by using pre-trained weights from

ImageNet. This approach significantly improved model performance across all six met-
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(2) (h)

Figure 4.3: Results of network interpretation are presented: (a) The original images, (b)
the corresponding ground-truth masks, (c) the intermediate layer output of U-Net++, and
(d) the predictions generated by U-Net++. Moreover, we showcase the intermediate layer
outputs of (e) the small branch, (f) the middle branch, (g) the large branch, and (h) the
final prediction from the proposed MBF-UNet.
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rics. Next, we incorporated data augmentation techniques, which led to a modest increase
in precision but also caused a decline in the other five metrics. Finally, we integrated our
MBF decoder into the model architecture. The MBF-UNet demonstrated the best perfor-
mance, achieving top results in five out of six metrics, excluding recall. The low standard
deviation indicates the robustness and consistency of the proposed approach across mul-

tiple runs.

Table 4.2: The ablation settings compare with the baseline references in addressing limited
data.

Settin Approach
€ “Transfer Learning Data Augmentation MBF Decoder

AW N =
RSN

v
v

Table 4.3: The ablation study compares with the baseline references in addressing limited
data. The best scores are in boldface. (STD.: standard deviation)

. Setting

Metric 1 5 3 7]
Accuracy Mean 96.7 99.4 99.3 99.5
STD. 1.6 0.3 0.3 0.2
Precision Mean 534 84.9 85.1 90.7
STD. 18.9 11.9 10.8 6.3
Recall Mean 42.0 93.0 89.2 90.4
STD. 12.0 2.4 2.2 2.1
Fl Mean 44.6 88.4 86.7 90.4
STD. 10.0 7.5 6.1 3.2
mloU Mean 29.2 79.9 77.1 82.7
STD. 8.1 11.0 9.1 5.2
Mean 271.8 39.0 54.9 35.9

HD93 STD. 21.5 13.2 14.3 9.9

4.1.4 Effects of Optimization Scheme

Table 4.4 presents a comparison between the direct and individual optimization schemes

introduced in Section 3.1.5. The direct optimization approach outperforms in four out

44 doi:10.6342/NTU202403549



of six metrics, excluding precision, and ties in accuracy. Additionally, the lower stan-
dard deviations indicate the robustness of the direct optimization approach. This outcome
suggests that we do not need to supervise each branch individually for every sample; in-
stead, we can focus on the final outputs, allowing the branches to attend to the appropriate
regions. Both strategies outperform the baseline U-Net++ model, demonstrating the ef-
fective utilization of diverse receptive fields in enhancing segmentation accuracy. It is
important to note that the performance of each optimization method can vary depending
on factors such as the specific dilation rates used. Overall, these findings underscore the
effectiveness of the direct optimization strategy in improving segmentation performance
and leveraging multi-scale information effectively for tile spalling identification tasks.

Table 4.4: The comparison between the individual and direct optimization scheme. The
best results are in boldface.

Metric — Method .

Individual Direct

Accuracy Mean 99.5 99.5

STD. 0.2 0.2

Precision Mean 90.8 90.7

STD. 6.7 6.3

Mean 89.8 90.4

Recall STD. 2.2 2.1

Fl Mean 90.2 90.4

STD. 3.2 3.2

mloU Mean 82.2 82.7

STD. 5.2 5.2

Mean 40.7 359

HD9S STD. 17.4 9.9

4.1.5 Limitations

While the proposed MBF-UNet demonstrates effectiveness in segmenting tile spallings
of varying sizes from building images, there are several limitations that need addressing

before its integration into real-world applications. Currently, our focus lies in developing
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novel network architectures for semantic segmentation. The tile spalling images used in
this study were collected from diverse sources such as Google Street View, social media,
and mobile phones. As a result, the segmentation results are currently limited to pixel co-
ordinates rather than real-world dimensions. To enable practical quantification of spalling
areas, it will be necessary to establish a scaling factor that relates pixel coordinates to
real-world lengths, possibly through the use of a camera projection matrix or similar tech-
niques. Future studies will focus on resolving these issues to ensure robust quantification

of spalling areas in real-world applications.

4.2 Unsupervised Learning

4.2.1 Comparison of Spalling-Synthetic Approaches

This section we compare the model performance across different spalling-synthetic
approaches to evaluate the impact of the proposed Spalling Craft method, and find a proper
spalling-synthetic setting for the source dataset and the target dataset. We design several
baseline approaches, as depicted in Figure 4.4, which differ in the content of the spallings
while maintaining the same spalling localization method. Constant method in Figure 4.4a
represents that the spalling regions are filled with a random gray value. Perlin method in
Figure 4.4b represents that the spalling regions are filled with non-processed Perlin noise.
Our proposed approach for generating realistic spalling patterns is shown in Figure 4.4c.
These spalling-synthetic approaches are integrated into our training framework, which re-
quires two synthetic modules, one for the source dataset and one for the target dataset. We
design four settings including our approach. The evaluation results for these settings are

presented in Table 4.5. Observations from setting 1 and setting 2 indicating that the Perlin
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(a) Constant (b) Perlin (c) Spalling Craft

Figure 4.4: The designed spalling-synthetic approaches, (a) Constant method fills the
spalling regions by assigning a random gray value. (b) Perlin method fills them using
unprocessed Perlin noise. (¢) Spalling Craft method is our approach, which generates re-
alistic spalling patterns.

noise method generates more realistic spalling patterns compared to the Constant method,
resulting in better model performance. If we employ different synthetic approaches for the
source and target datasets such as setting 3 that Constant for source and Perlin for target. It
will enrich variation and help prevent model overfitting. Our approach, which uses Perlin
for the source dataset and Spalling Craft for the target dataset, significantly outperforms
all other settings by 19.8% to 37.1% in AP score. The reason we only implement Spalling
Craft in the target dataset is that it is specifically designed for tile exteriors, whereas most
of the building images in the source dataset do not feature tile exteriors. Consequently,

we apply the Perlin method in the source dataset.

Table 4.5: The comparison of different spalling-synthetic approach settings includes four
distinct configurations. The best scores are in boldface.

Setting Metrics
Number Syn® Syn” AUC(%)T AP(%)T FPR95(%)|
1 Const. Const. 84.3 15.3 54.2
2 Perlin  Perlin 87.7 29.0 54.0
3 Const.  Perlin 89.8 32.6 46.6
4 Perlin S-Craft 94.7 52.4 29.5
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4.2.2 Contrastive Learning

The contrastive learning module can pull the embeddings of the same class (inliers or
outliers) together and separate them from embeddings of different classes. To analyze the
effectiveness of contrastive learning, we project the 304-dimensional embeddings onto a
2D plot using t-SNE. [78]. The projection result are illustrated in Figure 4.5. We train
two models: one trained with Lo, in Eq. 3.21 for loss estimation, and the other without
it. Figure 4.5a the performance of the non-contrastive model on the training datasets, in-
cluding the source and target datasets. The crosses and circles represent embeddings from
the source and target datasets, respectively, with blue and red indicating the embedding
classes. We observe that embeddings of different classes (blue and red) are mixed, while
the contrastive model in Figure 4.5b can separate them more clearly. These distributions
are also reflected in the test set in Figures 4.5¢ and Figure 4.5d. Although the contrastive
model cannot separate the test embeddings as clearly as the training embeddings due to the
domain gap in Figure 4.5d, it still performs better than the non-contrastive model in Fig-
ure 4.5¢c. The estimation results are shown in Table 4.6. The contrastive model achieves
better performance than the non-contrastive model by 4.5% in AUC score, 29.1% in AP
score, and 9.3% in FPR95 score. This improvement is attributed to the increased distance

between inliers and outliers, facilitating better classification.

4.2.3 Anomaly Segmentation

Figure 4.6 provides a visual comparison of anomaly score results, showcasing the
original images, the corresponding ground-truth spalling masks, and predictions generated

by different baseline approaches as described in section 3.2.8. The approaches compared
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Figure 4.5: The t-SNE projection results of the embeddings generated by the contrastive
model and non-contrastive model. (a) The non-contrastive model generates mixed em-
beddings in the training dataset. (b) The contrastive model separates the training embed-
dings from different classes (inliers and outliers). (c) The non-contrastive model generates
mixed embeddings in the test dataset. (d) The contrastive model separates the test embed-

dings from different classes.

49

doi:10.6342/NTU202403549



are synthetic supervised learning, RPL, and the proposed method. Predictions from the
synthetic supervised learning model are inferior across all images. This approach fails to
identify any spalling in real-world scenarios, indicating that the synthetic spalling patterns
used for training are not sufficiently realistic. The domain gap between the synthetic train-
ing data and real-world data leads to excellent performance on the training dataset but poor
performance on real-world data. The RPL approach performs better, especially in images
where the spalling is distinct from the rest of the image, such as image (3). However, the
gap between spalling and non-spalling regions is not pronounced, making it difficult to
distinguish between them. In more complex scenes, such as those with trees in images
(1) and (4), the model assigns relatively high uncertainty scores to these areas, leading to
errors. This suggests that using outlier objects from the COCO dataset as spalling patterns
does not work well for our task, as these objects are far from typical building appearances.
Consequently, the model tends to regard regions that are most different as anomaly, such
as trees, leading to incorrect predictions. Our proposed model clearly outperforms the
baselines. It can accurately identify the spalling regions compared to other spalling-free
areas. The trees in images (1) and (4) have relatively low anomaly scores, and small
spallings are also recognized effectively. Both small and large spallings in images (2) and
(3) are identified well. Spallings that are similar in color to the tile in image (5), as well as
those on high-level buildings in image (6), achieve relatively high anomaly scores. This
demonstrates the robustness and accuracy of our model in various real-world scenarios,

highlighting its effectiveness in practical applications.

To rigorously evaluate the proposed approach, we conduct a comprehensive analy-
sis with those baselines in the test dataset and estimate the model performance by Aver-

age Precision (AP), Area Under the Curve (AUC), and False Positive Rate at 95% True
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Positive Rate (FPR95). The outcomes of our experiments are summarized in Table 4.6.
Besides, we also conduct a traditional supervised learning method as an upper bound in
the last row. Different from the visualization results, the synthetic supervised approach
has better performance than RPL in those three metrics. It achieves 80.3% in AUC score,
11.9% in AP score, and 55.3% in FPR95 score, better than the RPL approach by 4.0%,
6.1%, and 5.9%. respectively. Our approach is much more robust than those two base-
lines in all three metrics. It yields 94.7% in AUC score, 52.4% in AP score, and 29.5%
in FPRO9S5 score, better than the synthetic supervised approach by about 14.4%, 40.5%,
and 25.8%. Compared to traditional supervised learning, our approach can achieve 59.0%
performance in AP score and 91.6% performance in AUC score (50% is the lower bound)

while we have no spalling image and label during training.

We apply a threshold to the anomaly maps evaluated by our approach in order to
generate a segmentation map. The threshold is determined by the best intersection over
union (IoU) score in the validation dataset, as depicted in Figure 4.8. Observations reveal
that the predictions tend to be larger than the ground truth and contain some noise. This
is likely due to the significant variation in the appearance of houses, leading to parts of
the image not being represented in the target dataset. Consequently, the model exhibits

increased uncertainty about these regions.

4.2.4 Label Efficiency

Compared to traditional supervised learning, our approach only uses normal building
images during training, significantly reducing the dataset construction time, both in terms
of image searching and spalling labeling. Therefore, we analyze the label efficiency of the

two approaches by comparing the cost of dataset construction, as depicted in Table 4.7.
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Figure 4.6: The spalling anomaly score results, including (a) the original images, (b)
the corresponding ground-truth masks, and predictions generated by different approach,
namely (c) synthetic supervised learning, (d) RPL, (e) our approach.
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Figure 4.7: The inlier and outlier probability density function (PDF) of these approaches.
(a) The synthetic supervised approach showcases the same distribution for inlier and out-
lier. (b) The RPL separates the inlier and outlier distributions slightly, but there is still
considerable overlap. (c) Our approach wildly separates the inlier and outlier distribu-
tions.

(a) Image (b) Mask (c) Segmentation

Figure 4.8: The segmentation results, including (a) the original images, (b) the corre-
sponding ground-truth masks, and (c) the segmentation.
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Table 4.6: The model performance comparison between our approach and other base-
lines. The best scores are in boldface, x denote the model without contrastive learning
and 1 denote the upper bound of this experiment, which uses labeled real-world dataset
implementing supervised learning.

Metrics
Method AUC(%)T AP(%)T FPRO5(%)]
Synthetic supervised 80.3 11.9 553
RPL [70] 76.3 5.8 61.2
*Ours 90.2 233 38.8
Ours (proposed) 94.7 52.4 29.5
fSupervised 98.8 88.8 3.7

The training dataset for the supervised learning model contains 304 spalling images from
various sources such as Google Street View, social media, and photos taken in Taiwan over
four months. We manually labeled the spalling areas in these images at the pixel level,
with the total construction time amounting to about 200 hours. In contrast, the training
dataset for our approach contains 2540 normal building images scraped from Google Street
View using building addresses in Taiwan. The process takes one hour, including image
selection to remove some invalid samples, which is only 0.5% of the time required for the
supervised learning model. If we convert the time to money using the minimum hourly
wage in Taiwan, which is 183 NTD per hour, the cost is 36600 NTD for the supervised
learning model compared to 183 NTD for our approach, saving about 36417 NTD. This
saving scales with the quantity of images in the dataset. For instance, if the labeled dataset
is scaled to the size of a typical segmentation model dataset such as the Cityscape dataset,

which contains 2975 images, our approach can save approximately 356383 NTD.

Table 4.7: Comparison between traditional supervised learning and our approach

Method Quantity Time(hr) Cost (183$/hr)
Supervised learning 304 200 36600
Our approach 2540 1 183 (0.5%)
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4.2.5 Limitations

While the proposed unsupervised learning approach demonstrates significant label
efficiency and decent performances, there are still limitations that require further investi-
gation. Firstly, the anomaly map provides an uncertainty score, which means a threshold
is necessary to distinguish outlier pixels from inlier pixels using a small number of labeled
images. Additionally, to ensure comprehensive capture of the entire structure, training im-
ages in the Fagade dataset are taken from a distance, directly facing the building facade.
This constraint limits the required camera shooting angle to a perpendicular one. If the
spalling is located on a tall building, other data collection platforms like drones may en-
sure an appropriate shooting angle rather than using Google Street View alone. Lastly, as
the proposed approach aims to identify the anomaly based on the source dataset that con-
tains samples without anomaly, it is critical to have a source database that is representative

enough for the inlier samples if the proposed approach is adopted to other applications.
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Chapter S Conclusion

5.1 Conclusion

In this study, we facilitate the tile spalling segmentation work for autonomous build-
ing fagades detection. Our work dedicates in data efficiency including two approaches
which are supervised and unsupervised, respectively. The supervised approach incorpo-
rates a multi-branch architecture with different receptive fields to capture features of vary-
ing sizes. This mechanism enhances the discriminative ability of the model, particularly
when dealing with objects of greatly varying sizes. We manually labeled the tile spalling
dataset in pixel-level, and the dataset consists of 364 images collected from Google street
view, social media and mobile phones for four months. This dataset can serve as a valuable
resource for future endeavors focusing on tile spalling detection and segmentation. Ac-
cording to seven repeated trials, our proposed MBF-UNet achieves the best performance
in five out of six metrics, both in terms of mean and standard deviation. The recall is 0.1%
lower in mean compared to U-Net++, but the MBF-UNet still has a lower standard devi-
ation. Additionally, the designed strategies for limited data improve model performance
across all six metrics and contribute to more stable training. Finally, by optimizing the
predictions directly, our model demonstrates better and more stable performance in four

out of six metrics.

56 doi:10.6342/NTU202403549



The new unsupervised approach inspired from road anomaly detection techniques
employing uncertainty estimation. The training process avoids the need for spalling la-
bels or images during training, thereby significantly streamlining the dataset construction
process, including spalling image collection and labeling. We develop a spalling pat-
tern synthesize approach namely Spalling Craft to produce realistic spalling patterns onto
spalling-free (i.e., anomaly-free) images to facilitate outlier exposure. In addition, a con-
trastive learning module is integrated into the training framework to effectively group
embeddings of the same class while separating those of different classes. In other words,
the distributions of inlier and outlier features are more distinguishable after the incorpo-
ration of contrastive loss. Results indicate that utilizing Perlin noise in the source dataset
and the proposed Spalling Craft in the target dataset yields superior performances, out-
performing other settings by 4.9% to 10.4% in AUC score, 19.8% to 37.1% in AP score,
and 17.1% to 24.7% in FPR9S5 score. This finding suggests that varying spalling content
effectively mitigates domain gaps between training and test datasets. Furthermore, our
approach achieves 94.7% in AUC score, 52.4% in AP score, and 29.5% in FPR95 score,
outperforming the baseline method by approximately 18.4%, 46.6%, and 31.7%, respec-
tively. Compared to supervised learning, although the AUC and AP scores drop 4.1% and
36.4%, respectively, our unsupervised approach requires only 0.5% of time for dataset
construction, leading to cost savings estimated at 36600 NTD. The benefit in budgeting

will scale rapidly with the increasing size of dataset.

5.2 Future Work

Our future work will prioritize quantifying the exterior condition of tiled surfaces. We

plan to gather spalling images that include detailed camera settings such as shooting an-
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gle, camera position, and depth information. These images will help translate pixel-level
segmentation into real-world scenarios, enabling us to design an assessment framework
to evaluate exterior conditions. This framework will facilitate the development of an au-
tonomous system for facade quantification. This framework will integrate our proposed

model to establish a standardized pattern for monitoring building conditions regularly.

Additionally, we aim to investigate optimal camera settings for our segmentation
model, including ideal shooting angles and distances. By replicating scenes from our
dataset, we can enhance the model performance. To further bolster the effectiveness of
our unsupervised model, we intend to expand our dataset by surveying additional build-
ing image datasets. This expansion will make our dataset more representative, thereby

improving the model ability to identify anomalies in typical building structures.
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