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Abstract:

Damage identification in post-earthquake reinforced concrete (RC) structures based on semantic segmentation
has been recognized as a promising approach for rapid and non-contact damage localization and quantification. In
damage segmentation tasks, damage regions are often set against complex backgrounds, featuring irregular geometric
boundaries and intricate textures, posing significant challenges to model segmentation performance. Additionally, the
absence of public datasets exacerbates these challenges, hindering advancements in this field. In this paper, a pyramid
Haar wavelet downsampling attention UNet (PHA-UNet) semantic segmentation network is proposed, and a database
containing 1400 images of damaged RC components (PEDRC-Dataset) with pixel-level annotations is established. In
the proposed PHA-UNet, attention mechanisms, multiscale feature fusion, Haar wavelet downsampling, and transfer
learning are introduced to address above challenges. Finally, the proposed PHA-UNet is compared with four existing

image segmentation architectures on both the Cityspace and the PEDRC-Dataset.
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1 Introduction

1.1 Background

The post-earthquake safety assessment of RC structures is crucial in facilitating the formulation of rational

emergency response strategies to expedite the rapid recovery of affected areas [1]. Various countries worldwide have
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established different assessment codes for post-earthquake damaged RC structures. These codes provide some
methods for assessing the damage state of buildings based on visual inspection results [2-4]. However, conducting
accurate visual inspections of post-earthquake damaged RC structures is a laborious task that requires assessors to
possess a high level of professional competence. Furthermore, due to human biases, different assessors may provide
different assessment results for the same damaged components [5]. These issues constrain the efficiency and accuracy

of existing post-earthquake assessment efforts.

In recent years, machine learning techniques have been widely applied in the post-earthquake assessment of RC
structures [6-7]. Especially, the rapid advancement of computer vision has introduced numerous new paradigms for
addressing various issues in the engineering domain, showing immense potential in the field of post-earthquake
assessment [8-10]. Computer vision enables precise and efficient processing of images through tasks such as
classification or segmentation, unaffected by subjective factors. Currently, computer vision has found many
applications in civil engineering [11-12]. To comprehensively review existing research, this paper summarizes 1437
studies combining the fields of structural engineering and computer vision indexed by Web of Science from 2000 to
March 2024, and conducts scientometric analysis, as depicted in Figure 1. Figure 1 summarizes the most frequently
mentioned terms, as well as the connections between these terms. The size of the circles in the figure represents the
frequency of occurrence, with lighter colors indicating more frequent mention in recent research. Terms connected to
each other are more likely to be co-mentioned in the same study. From Figure 1, it is evident that, in terms of research
focus, bridges are the most frequently addressed objects in existing studies. For instance, Reagan et al. [13] devised a
method combining unmanned aerial vehicles (UAVs) and three-dimensional digital image correlation to conduct non-
contact optical measurements for monitoring the health condition of bridges. Gillins et al. [14] analyzed the outcomes
of using multirotor UAVs for bridge inspections in Oregon, confirming the significant potential of UAV technology
in performing remote and safe structural visual inspections. Lydon et al. [15] demonstrate a solution for detecting
damage to a bridge from displacement measurements using a roving vision sensor-based approach. Regarding
applications, from Figure 1, it can be observed that computer vision is primarily employed in existing research for
structural health monitoring and crack detection [16-21]. For example, Ni et al. [22] proposed an algorithm based on
Convolutional Neural Networks (CNN) suitable for concrete crack recognition. Jang et al. [23] calculated the width

and length of cracks from detected crack images based on pixel-level detection results. Jakubowski et al. [24]
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introduced a deep convolutional neural network hyper-sensor for measuring crack widths from high-resolution images
and brightness profiles. Huang et al. [25] proposed a real-time deflection monitoring deep learning model for complex
and large-scale steel structures, particularly suitable for monotonic deformations induced by prolonged loading. Feng
et al. [26] suggested that camera-based non-contact visual sensors have emerged as promising alternatives to
traditional contact sensors for dynamic response measurement and health monitoring of structures. In contrast to health
monitoring studies aimed at early-stage detection through observing visual cues such as crack initiation or structural
deformations, post-earthquake assessment of RC structures requires accurate identification of a broader range of
visible visual damage information such as concrete spalling and exposed reinforcement. However, research in this

domain remains scarce.
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Figure 1 Network graph of the hot topics in existing research

To address the need for identifying multiple classes of damage features, some researchers have developed CNN-
based object detection algorithms. These algorithms employ rectangular bounding boxes to recognize and locate
damage features such as cracking, spalling, and exposed reinforcement in RC structures. Beckman et al. [27], Li et al.
[28], and Xu et al. [29] developed various CNN-based image classification algorithms to classify the severity of
earthquake damage in RC components. However, these algorithms fail to accurately segment the boundaries of

different damage regions from input images, making it difficult to quantify the extent of structural damage in the
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images. Liang et al. [30] annotated 436 images of damaged RC structures at the pixel level and trained a semantic
segmentation model to identify and segment damage areas. However, Liang et al.'s study did not differentiate between
different damage classes. The semantic segmentation database in Liang et al.'s study is a binary database, containing
only two classes: damaged areas and background. Binary classification-based damage segmentation models still fail
to meet the requirements of refined post-earthquake assessments. Gao et al. [21] constructed a model for damage
localization and segmentation based on the open-source building damage dataset ¢-Net. However, the ¢-Net dataset
is also a binary classification dataset, comprising only two categories: concrete spalling and non-spalling. The
differences in the effects of different damage classes (such as concrete spalling and rebar buckling) on the residual
structural performance are highly significant. Gao et al. [21] also highlighted the necessity for further research on
training image datasets and segmentation models that encompass other damage classes such as exposed steels.
Nevertheless, establishing such a dataset poses challenges due to the requirement for finely detailed pixel annotations,
which incur high labor costs. In addressing this issue, Miao et al. [31] developed a U-shape semantic segmentation
model, achieving pixel-level recognition and classification of different damage classes in RC components. However,
Miao et al.'s proposed model is based on a very small-scale dataset (76 images), thus posing a risk of overfitting. Apart
from Miao et al.'s research, there have been no reports of image datasets suitable for multi-class damage segmentation
of post-earthquake damaged RC components. Due to the limitations of available datasets, the application and
development of high-precision image segmentation models have progressed slowly. Moreover, the aforementioned
studies predominantly employed classical segmentation networks (such as UNet) without tailoring network design to
specific application scenarios. When extending the semantic segmentation models to cross-domain applications, it is
imperative to optimize classical network architectures by incorporating modules suited to the characteristics of the

target domain. This is essential because a segmentation model cannot perform well across all domains.
1.2 Challenges in this study

In the task of earthquake damage segmentation of RC components, the quality of the training dataset and the
model architecture are two key factors influencing model performance. In terms of crack detection, there are currently
several large-scale publicly available databases such as CrackForest [32], which have facilitated the rapid development
of computer vision in the field of crack identification. However, for multi-class RC components earthquake damage

detection, there is currently no publicly available image dataset annotated at the pixel level. Currently, the development
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of high-quality datasets has received increasing attention in the engineering community. As shown in Figure 1, the
dataset is a frequently mentioned topic in recent research [33-34]. Therefore, developing a new image dataset suitable

for damage segmentation is the first challenge that urgently needs to be addressed in this study.

In terms of model architecture, existing research has predominantly utilized network architectures based on the
classical UNet. Such model architectures often achieve high precision in the detection and segmentation of small
targets in medical applications. However, in the task of damage segmentation, it is often necessary to identify features
such as large-scale concrete spalling, which requires models to have a large receptive field and contextual integration
capabilities. Particularly in the case of multi-class damage segmentation tasks, as addressed in this study, higher
demands are placed on the segmentation ability of the model compared to binary classification tasks. Additionally,
images of damaged RC structures are often captured in complex outdoor environments, such as earthquake disaster
areas, where the images may have complex backgrounds and the stability and clarity of the images cannot be
guaranteed. For such images, traditional network architectures may struggle to focus on important information in the
presence of complex backgrounds. Furthermore, for low-resolution images, some detailed damage features and texture

characteristics in the images may be lost during the process of convolution and downsampling.

With the rapid development of computer science, numerous improved algorithms have been proposed in recent
years to enhance the performance of image segmentation networks. For example, network architectures incorporate
skip connections(e.g., LCU-Net [35], CENet [36], LinkNet [37]), pyramid structures for multi-scale feature
extraction(e.g., DeepLab [38], PSPNet [39], PCPLP-Net [40]), and certain designs provide multi-modal images to the
decoder(e.g., DiSegNet [41], MMADT [42], CANet [43]). Recently, feature extraction methods based on wavelet
transform have also been demonstrated to effectively improve the accuracy of image segmentation models on low-
resolution images [44]. These technological advancements provide numerous potential solutions to the various
challenges existing in the field of post-earthquake damage segmentation. However, due to the differences in data from
different domains, segmentation models developed across domains may not perform well in other fields. Developing
a precise and efficient semantic segmentation network suitable for the task of damage identification in post-earthquake

damaged RC structures is the second challenge in this study.
1.3 Aim and contributions

In order to offer an effective pixel-level image segmentation solution capable of overcoming the aforementioned
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challenges from various perspectives, inspired by the AttUNet [45], this study proposes the Pyramid Haar wavelet

downsampling Attention Unet (PHA-UNet) for pixel-level segmentation of post-earthquake damaged RC components.

Additionally, a novel image dataset is established, and the proposed PHA-UNet is trained using this constructed dataset.

The primary objectives and contributions of this study can be summarized as follows:

(M

2

3)

4

In the proposed PHA-UNet, an image pyramid is utilized to preserve spatial perception across all decoding
layers. This constitutes an effective multi-scale feature fusion approach, particularly beneficial in scenarios
characterized by significant variations in object sizes and distances. For instance, in damage segmentation

tasks, due to varying capture distances, identical features are likely to exhibit different spatial scales.

By incorporating attention mechanisms, the model is able to focus more on valuable salient information
within the images while suppressing irrelevant details, such as the intricate background present in actual
post-earthquake scenes. Unlike traditional attention-based Att-UNet segmentation architectures, the
attention gates utilized in this study take inputs from both the decoding layers and convolutions of the

original image at different scales, thereby retaining more spatial features with minimal degradation.

In this study, Haar wavelet downsampling is employed in the encoder instead of the traditional max-pooling-
based downsampling process in UNet. The Haar wavelet transform enables the preservation of feature map
information to the maximum extent while reducing the spatial resolution of the feature maps. This is crucial
for the segmentation task in this study, as images of post-earthquake damaged RC components often exhibit
lower clarity in existing damage reports. In such cases, conventional max-pooling-based downsampling

methods may lead to the loss of significant texture information.

A pixel-level annotation was conducted on different damaged classes of 350 images depicting damaged RC
components. The established dataset underwent manual pixel-level annotation for eight classes of damage,
including concrete spalling, exposed steel, reinforcement buckling, cracks, concrete fragments, and others.
Data augmentation was performed through mirroring, color distortion, and noise injection. Following data
augmentation, a database containing 1400 images of post-earthquake damaged RC components (PEDRC-
Dataset) with pixel-level annotations is established and used to train the proposed PHA-UNet. To address
potential overfitting and convergence challenges stemming from a relatively small dataset, the model

underwent pre-training on the publicly available large-scale Cityspace dataset. Subsequently, transfer
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learning was employed to inherit certain parameters from the pre-trained model.

(5) To compare the proposed model with other segmentation models, the performance of the model proposed in
this paper was evaluated against four existing CNN-based segmentation models on both the Cityspace
dataset and the PEDRC-Dataset. The results indicate that the proposed PHA-UNet achieved the best overall

performance across different datasets.

The remainder of this paper is organized as follows: Section 2 provides a description of the proposed PHA-UNet.
Section 3 details the establishment process of the PEDRC-Dataset. Section 4 outlines the model training process and
evaluation metrics employed. Lastly, Section 5 presents and summarizes the comparative experiments and results of

the models.

2 Proposed approach

2.1 proposed PHA-UNet

Currently, image segmentation network can be categorized into CNN-based networks (represented by UNet [46],
ResNet [47], DeepLab [38], etc.) and self-attention mechanism-based networks (represented by VIT [48], SwinT [49],
etc.). Compared to CNN-based networks, self-attention-based networks often achieve higher accuracy but require
larger computational costs. Therefore, CNN-based networks, which have relatively lower computational costs and are
more easily deployable on local devices, are preferred in engineering applications. Hence, the proposed network

architecture in this study is also based on the classical CNN-based segmentation model UNet.

The proposed PHA-UNet, as illustrated in Figure 2, replaces traditional convolution and pooling with consecutive
Haar Wavelet Downsampling (HWD) modules [44] in the encoding stages. In conventional encoding stages,
downsampling based on max-pooling or strided convolution are widely employed to aggregate local features and
enlarge the receptive field. However, for semantic segmentation tasks, pooling of features within local neighborhoods
may lead to the loss of crucial spatial information. The primary function of the HWD module is to utilize the Haar
wavelet transform to preserve feature map information to the maximum extent possible while reducing the spatial
resolution of the feature map, as depicted in Figure 2(b) (this aspect will be further elucidated in Section 2.2). Within
the encoder, through consecutive HWD modules, the model can learn high-level features in images by reducing spatial
dimensions and increasing the depth of feature maps. However, the Haar wavelet transform exhibits insensitivity to

image complexity, while being sensitive to noise, thus, in this study, attention gates were employed in the skip



connections between the encoder and decoder to accentuate significant information and suppress noise. The attention
gates utilized herein are identical to those proposed in the AttUnet [45], with details depicted in Figure 2(c). In
addressing the issues of poor adaptability to multiscale targets and insufficient contextual feature connectivity in UNet,
the proposed PHA-UNet integrates three pyramid-level slices (P1, P2, P3) of the original image, which are processed
through consecutive convolutions and inputted into different layers of the encoder, thereby maintaining a global
contextual awareness within the encoder. This is expected to enhance the model's segmentation capability for large,
contiguous damaged areas. The decoder of PHA-UNet is constructed with basic convolution blocks and attention gates,
where each basic convolution block consists of two 3x3 convolution kernels, each followed by batch normalization

and a ReLU activation function.
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Fig. 2. Schematic description of (a) proposed PHA-UNet. (b) details of Haar wavelet downsampling module. (c)

details of Attention Gate block, where g is the gating signal and the x is the input feature maps. A(h, w) is

the obtained spatial attention, which is applied for all channels of the input feature maps (x).

2.2 Haar wavelet downsampling module

The Haar wavelet transform is capable of reducing image resolution without losing information, as the signal
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processed by the Haar transform can be restored through inverse transformation, thus finding wide application in the
field of image coding. As illustrated in Figure 2, the employed HWD module comprises two blocks: lossless feature
encoding block and feature learning block. In the lossless feature encoding block, taking a grayscale image with
resolution HXW as an example, a brief description of the Haar wavelet transform process is provided. Initially, the
Haar wavelet transform is applied to the first row of the input two-dimensional image, where the input signal can be
regarded as a one-dimensional vector f{x). Subsequently, adjacent pairs of numbers in the vector are added or

subtracted, followed by multiplication by V2:

ax :\/Ef‘Zx—IQ—’i_ f‘2x

dx — \/Ef‘bc—lz_ f‘2x

(1)

Subsequently, the computed values of a, and d, are arranged in sequence to obtain the transformed f; denoted as
(a1, as,..., ann, di, do,..., dnp)e Here, (a1, a,..., anp) represents the trend of the signal, indicating low-frequency
information, while ( di, d,..., dnp2) represents details in the signal, signifying high-frequency information. Therefore,

a 1-stage, one-dimensional Haar transform can be represented as:

()= 70 () + s (3

1 1 )
X)=—F= X)—— x
‘//1( ) \/5¢10( ) \/E¢l’l( )
where ¢ and y are commonly referred to as the basis functions of the Haar transform, where ¢;(x) is defined as::
bru (x)=N2p(2x k) k=01..27 -1 3)

In equation 3, j and k respectively represent the stage and direction of the Haar transform. Based on the
aforementioned principle, each row of the input image is individually subjected to a one-dimensional Haar transform,
ultimately dividing the original image into two parts: low-frequency and high-frequency (Ho(zi) and Hi(z)).
Subsequently, a one-dimensional Haar transform is also applied column-wise, sequentially, resulting in the original
image being segmented into four parts. These four parts are then concatenated and input into the feature learning

block(convolution, batch normalization, and ReLU).

Figure 3 contrasts the output feature maps of the HWD module with two other common pooling methods. The

original image (Figure 3(a)) is fed into a simple convolutional neural network, undergoing two rounds of convolution,
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batch normalization, ReLU activation, and pooling, culminating in a 2D convolution to transform the feature maps
into a single-channel image. Three distinct output feature maps are obtained based on different downsampling
approaches, as depicted in figures 3(b-d). It is evident from Figure 3 that the output feature maps of the HWD module

exhibit richer details.

(a) Input (b) Max Pooling (c) Average Pooling (d) HWD

Figure 3 Comparison of HWD Downsampling with other pooling methods
2.3 Attention gate

In recent years, attention mechanisms have been widely employed in tasks such as natural language processing
and computer vision, offering an effective means of enhancing feature weights. By incorporating attention mechanisms
into skip connections, it becomes feasible to effectively focus on salient regions while suppressing irrelevant
background areas. Figure 2(c) illustrates the details of the attention gate block. As depicted, the attention gate receives
two inputs: the feature x (h,w,cx) and the gate signal g (,w,cg), where i and w denote the height and width of the
input feature map, respectively, and cx and cg represent the channel dimensions of the input feature maps. Here, the
feature signal pertains to the feature maps from the encoder section, encompassing deep semantic information
extracted after multiple convolutional layers. The gate signal originates from the upper layers of the decoder, serving

to provide contextual information. Subsequently, cx and cg are fed into a 1-by-1 convolutional layer to standardize
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their channel dimensions to ci». The first step in the attention gate module involves a 1x1 convolution operation,
primarily to harmonize the channel numbers of x and g since they need to be added together in subsequent steps,

requiring them to have the same number of channels.

Next, the feature maps G and X obtained after convolution are summed together. The purpose of this step is to
highlight the regions of shared interest in the feature maps G and X obtained from different stages. This is mainly
because this operation combines feature information from different sources. The value at each position in the summed
feature map is the sum of the corresponding values from the two feature maps. If a certain position has high values in
both the encoder and decoder feature matrices, the summed value will be even higher, thereby highlighting that
position. Additionally, the summation of different features from G and X also includes them as supplementary or
complementary components in the resulting summed feature map (thus preserving a certain level of flexibility).
Subsequently, the summed feature map undergoes activation and convolution operations, transforming it into a single-
channel feature map 4(%,w). Finally, the sigmoid function is applied to scale the values of each element in this single-
channel feature map to the range of 0-1, preventing the weights of features in the matrix from being excessively
amplified. Finally, the input feature x is multiplied by A(h,w) to obtain the attentional feature map Ax(h,w,cx). By
multiplying x (2,w,cx) with A(h,w), it allows the more important information in the attentional feature map Ax(k,w,cx)
to be weighted more heavily, enabling the model to focus more on specific regions of interest. It is noteworthy that,
unlike traditional AttUNet, the attention gate employed in the PHA-UNet is derived from the concatenation of feature
maps from the encoder and different pyramid-level slices of the original image. This mechanism aids in simultaneously
emphasizing high-dimensional abstract semantic features as well as lower-dimensional, more intuitive semantic

features.
2.4 Loss function

For the task of damage segmentation in RC structures, various types of damage samples exhibit significant
imbalance. For instance, compared to background and concrete spalling, pixel samples representing exposed steel
occupy a much smaller proportion of the total samples. However, exposed steel should receive more attention
compared to concrete spalling, as it is likely to have a more adverse effect on the structure. In traditional cross-entropy
loss functions, equal weights are assigned to losses of each class, which may lead to unsatisfactory segmentation

results for small samples. Therefore, in this study, a weighted multi-class cross-entropy loss function is employed:

11
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In equation 4, E represents the weighted cross-entropy loss, where o denotes the weight, & stands for the total
number of classes, a, denotes the scaled weights, # represents the label, and yx represents the predicted value. For
significant features that have a substantial impact on structural performance but are represented by a limited number
of samples, assigning them larger weights can effectively enhance the model's segmentation accuracy for such samples.
In this study, the weights for different classes are set as the ratio between the total number of pixels and the number
of pixels corresponding to each class. Moreover, the weight of steel reinforcement is further doubled to underscore its

significance.

3 Datasets

3.1 Image Source

The images composing the PEDRC-Dataset in this study mainly originate from four sources[50-57]: (1)
photographic materials captured during the recent years' experimental research on RC beams, columns, and nodes
conducted by the author's research team; (2) illustrations from existing RC components experimental studies; (3)
photographs of post-earthquake damaged RC structures in actual seismic disaster areas exhibited in existing seismic
damage reports; and (4) search engines (e.g., Google Image). The contributions of the above four sources to the dataset
images are 22%, 9%, 25%, and 56%, respectively. It is worth noting that our dataset does not include images taken in
extremely harsh weather conditions (such as heavy snow, sandstorms, and nighttime), which are generally considered

to require special techniques and datasets and do not need to be included in a general dataset [58].
3.2 Scene Complexity

In terms of the number of damage categories, the newly constructed PEDRC-Dataset in this study is far more
complex than the only other existing publicly available semantic segmentation dataset for damaged RC components,
¢-Net [21]. Both datasets are used for pixel-level segmentation of damage areas in RC components. The PEDRC-
Dataset in this study annotates eight different damage classes: background, spall, crush, crack, longitudinal
reinforcement, buckling, stirrup, and fragment. The main advantage of ¢-Net lies in its inclusion of several sub-
datasets for various computer vision tasks (such as component detection, collapse identification, etc.). However, the

dataset within ¢-Net used for damage segmentation only annotates the background and damage regions without

12
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further detailed annotation. The authors of ¢-Net have also pointed out in their research that creating a more finely
annotated damage segmentation dataset would facilitate more reasonable post-earthquake assessments. Some example
images from the constructed dataset are shown in Figure 4, with the first row displaying the original images and the

second row showing the annotated feature maps overlaid on the original images.

Figure 4 Sample images and their ground-truth labels

It is worth noting that although the original dataset was annotated with 9 different damage classes (including
background), this study, in training the semantic segmentation network, utilized only 6 of them to ensure model
accuracy. Specifically, concrete spalling and concrete crushing in the original dataset were merged into one class
(spall), and exposed longitudinal reinforcement and stirrups were also merged into one class (steel). The decision not
to use all annotated classes stems from several reasons: (1) Apart from images captured in laboratory settings,
identifying concrete spalling and crushing in other images is challenging due to complex shooting conditions and
varying lighting conditions. In the current dataset, there might be a high level of human bias in annotating concrete
crush. However, accurate identification of concrete crush is feasible in the future through further expansion with
higher-quality images. (2) The classification criteria for steel reinforcement may vary for different categories of RC
components. For instance, horizontal reinforcement may serve as tension reinforcement in RC beams and as stirrups
in columns. This dataset encompasses various types of component categories, and to facilitate model convergence,
this study grouped different types of reinforcement under the steel class. Further identification of different types of
reinforcement can be pursued by categorizing images in the dataset according to component types for subsequent
training, albeit requiring further expansion of the dataset. However, dataset expansion entails significant manual effort,

which will be a long-term focus of the authors' future work.

3.3 Dataset Size
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The construction of the PEDRC-Dataset proposed in this study is based on 350 original images (resulting in a
total of 1400 images after data augmentation), and due to a significant portion of the images being sourced from the
internet, it was difficult to achieve uniform resolution. The images in the dataset range from a minimum resolution of
259%194 to a maximum resolution of 4320x5756. In terms of proportions, only 1.78% of the dataset contains images
with a resolution lower than 256x256, while 24.54% have resolutions between 256x256 and 512x512. The largest
proportion of images, 62.72%, falls within the resolution range of 512x512 to 1024x1024. Additionally, 10.96% of
the images have a resolution greater than 1024x1024. Overall, the majority of the images in the dataset have relatively
high resolutions, meeting the requirements of mainstream computer vision networks for input image sizes. For
instance, in three recent semantic segmentation studies included in CVPR (IEEE Conference on Computer Vision and
Pattern Recognition) 2024, the input image resolution for the segmentation networks was 256 X256 and 384 X384

[59-60], and the suggested input image size for the latest object detection model YOLO v10 [61] is 640 X 640.

Additionally, this study selected several well-known semantic segmentation datasets from other fields for
comparison in terms of dataset size. To fairly compare the sizes of different datasets, it is necessary to consider not
only the number of images but also the size of each image. For example, although the Potsdam dataset [62] contains
only 38 images, each image has a very high resolution (6000x6000). Currently, a fair measure is to compare the total
number of pixels in the datasets, which is widely used for dataset comparison [63]. The CamVid dataset [64] has 701
images with a resolution of 960x720, which is 1.7 times the total labeled pixels in our dataset. The state-of-the-art
DeepGlobe land cover classification dataset [65] includes 1146 satellite images of rural areas, each with a resolution
of 2448x2448, approximately 24 times the size of our dataset. The extensive Cityscapes dataset [66] contains 5000
images with a resolution of 2048x1024, making it 37 times the size of our PEDRC-Dataset. However, the objects
annotated in our images are generally larger than those in the Cityscapes dataset, and our dataset includes far fewer
damage classes compared to Cityscapes (30 categories). Therefore, our dataset focuses on a simpler segmentation task
compared to Cityscapes. For tasks that are not very complex, a smaller dataset size can be acceptable. For instance,
the SPARCS dataset [67] and the Kvasir-Instrument dataset [68], which have a number of target classes similar to ours
(both less than 10), are 28% and 86% the size of our PEDRC-Dataset, respectively, in terms of pixel scale. Overall,
while there is no strict classification standard, comparing with existing datasets suggests that our PEDRC-Dataset is

a small-scale dataset. It is also worth noting that the damage classes covered by our PEDRC-Dataset are limited, so
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the current dataset size is acceptable.
3.4 Statistical analysis of classes

The PEDRC-Dataset in this study annotates a total of 8 different damage classes. On average, each image contains
17.8 manually annotated damage targets. The proportions of each damage class in terms of total pixels are shown in
Figure 5 (excluding background). Compared to steel, concrete material accounts for a significantly larger proportion
in RC structures, with concrete spalling being the most common damage phenomenon. Therefore, it can be observed
that spall occupies the largest proportion in Figure 5. A common perspective is that classes with very small proportions
should be ignored during training. For instance, in the Cityscapes dataset [66], classes with pixel proportions less than
0.9% are ignored while other classes are retained. From Figure 5, it can be seen that even the smallest classes in the
PEDRC-Dataset established in our study accounts for 1.24% of the total pixels. Therefore, it can be considered that

all annotated classes in the PEDRC-Dataset are effective.

401 78.27%

Total pixel (107
= in & i

n
!

0s ] 9.52% )

3.87% 1.22%

1.29% 1.24% 1.59%

0.0

Spall Steel Stirrup Buckling Crack Crush Fragment
Class
Figure 5 Statistical analysis of classes

3.5 Data augmentation

When training semantic segmentation tasks with small-scale datasets, data augmentation is highly necessary.
Conventional data augmentation methods include mirroring, random cropping, color distortion, random scaling, and
random noise injection, among others. The purpose of these methods is to generate more diverse training samples,
effectively expand the dataset without increasing manual annotation costs, and enhance the model's generalization
ability to prevent overfitting. In this study, each image underwent three common data augmentation methods locally,

namely mirroring, color distortion, and random noise injection, resulting in a dataset comprising 1400 images.
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3.6 Pre-training dataset

Transfer learning is a method of transferring model weights pretrained on one task to another related task [69].
This approach leverages knowledge learned in the pretraining task and applies it to the new task to enhance model
performance. The pretraining process enables the model to capture general features that may be shared to some extent
across different tasks. Even among tasks with low relevance, certain fundamental shared features, such as some low-
level visual features, may exist. By pretraining on large-scale datasets, the model can better learn these general features
and subsequently fine-tune them during the adaptation process to meet the specific requirements of the new task. In
contrast, without pretraining, the model may learn noise information on small-scale datasets, failing to capture general
features, resulting in a lack of generalization ability and a tendency to overfit. Therefore, in this study, Cityscapes, one
of the most commonly used large-scale public datasets in the field of semantic segmentation, was selected as the
pretraining dataset [64]. Cityscapes is a dataset specifically designed for understanding and analyzing urban scenes,
comprising 5000 images from 50 different cities, covering various weather conditions, different time periods, and
diverse urban street scenes. The images in the Cityscapes dataset are finely annotated at the pixel level, containing

over 30 different class labels such as roads, cars, pedestrians, and buildings.

4 Experiments and results

4.1 Training strategy

The training and testing of deep learning were conducted using the PyTorch library on an NVIDIA GeForce
RTX4070Ti Super 16GB. This study involved training for 300 epochs, with each batch size consisting of 16 images,
and the network's input size set to [16, 3, 512, 512]. It is worth mentioning that in this study, the Adam optimizer was
used. For such optimizers, the batch size can be as large as the GPU memory allows. Given a 16GB memory, a batch
size of 16 is appropriate. Additionally, the calculation results for a batch size of 8 are included in Appendix Al. During
the training of semantic segmentation, parameters such as epochs and batch size can be maximized given model
convergence and hardware constraints, whereas adjusting the learning rate is not easy. A competent learning rate
scheduler can effectively aid in model convergence. A too small learning rate may lead to slow training and potential
convergence to local optima, while an excessively large learning rate may induce loss oscillation, impeding
convergence. A common practice in previous studies is to set an initially large learning rate and gradually decay it as

epochs progress. This choice is motivated by the fact that a larger initial learning rate can expedite the model's
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exploration of the loss function space, facilitating the rapid identification of suitable weight parameters. As training
progresses, gradually reducing the learning rate can stabilize the model as it approaches convergence, mitigating
training instability or oscillation near the optimal solution. However, determining the appropriate initial learning rate

and decay coefficient for learning rate decay poses significant challenges.

In this study, the Adaptive Learning Rate Scheduler (ALRS) algorithm was employed to determine the learning
rate for each epoch [70]. The core principle of the ALRS algorithm lies in the observation that, under the condition of
comparable convergence levels, models experiencing slow loss descent tend to converge within regions of relatively
flat error surfaces, often exhibiting enhanced generalization capabilities. Utilizing larger learning rates effectively
avoids the convergence of models within sharp regions of the error surface (as illustrated in Figure 6); however, it can

also lead to the model failing to converge.

Excessive learning rate:
Failure to converge

-

Appropriate learning rate:

) nverges to the flat region

Low learning rate:
Converges in the sharp region

e
Sharp region },..-_..,\ 1

Figure 6 Convergence of models under different learning rates

Therefore, the optimal approach to arranging learning rates is to employ as large a learning rate as possible, as
long as it does not hinder convergence, thus enabling the model to converge within the flat regions of the error space
to enhance its generalization capabilities. This is particularly crucial for the training task in this study, as smaller
training datesets are inherently prone to yielding models with inadequate generalization abilities compared to larger
training datasets. The key of the ALRS algorithm lies in sacrificing training time to dynamically adjust the learning
rate based on the variations in loss during the training process. When the loss variation is minimal, indicating the
model's stability, the learning rate is reduced for finer adjustments; conversely, when the loss variation is significant,

the learning rate may be increased to expedite convergence. The procedures of the ALRS algorithm are outlined in
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1 Algorithm 1. In study [71], the importance of hyperparameter tuning for comparative models to ensure fairness
2 was emphasized. Therefore, to ensure a fair comparison in our study, all comparative models in the subsequent

3 chapters used the ALRS learning rate scheduler during the training process.

10

11

Algorithm 1 Procedures of ALRS

Input: The number of current epochs 7, and the number of epochs used for learning rate
warm-up 7T,; The current learning rate 7} and the learning rate set before training 7y, The
loss in the current epoch L, and the loss in the last epoch L,; The decay rate of learning rate
a; The slope threshold f; and the difference threshold f».

Output: The learning rate for the current moment optimizer update 7.

1: if 7. =0 then
2 L, «— +oo;
3 L, <L,-1;
4: endif

5. ifT.<T, then
6 To—(Tur Te ) To;

7:  else

8 d—Ly,- Ly;

9 if abs(8/ L,) < f1 and abs(3) < > then
10: Ts—aTy,

11: length +=A4

12: end if

13: end while

4.2 Evaluation index

In order to evaluate the performance of the model, three evaluation indexs were used: mean Accuracy rate(mAcc),
mean intersection over union (mIOU), and mean F1 Score (mF1-S). mAcc, mIOU, and mF1-S is the mean of Acc,
10U, and F1-S for all images on the test set. Acc, IOU, and F1-S are defined as follows:

Acc=100- TP+ TN “4)
TP+ TN + FP+ FN

10U=100-— 2 (5)
TP + FP + FN

F1-8=100 — 2P (6)
2.TP+ FP+ FN

where TP is True Positives, TN is True Negatives, FP is False Positives and FN is False Negatives.
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4.3 Experimental result
4.3.1 Pre-training result

It is imperative to initially evaluate the model's performance on the Cityspace dataset to validate the reliability
of the pre-training outcomes. Additionally, this study juxtaposes the performance of PHA-UNet against four CNN-
based classical segmentation architectures (UNet [46], AttUNet [45], PSPNet [39], ResNet18[47]) on the pre-training
dataset, thereby preliminary validating the superiority of the proposed PHA-UNet. The intention of pre-training is
primarily to acquire foundational universal features, without necessitating extensive optimization on the pre-training
dataset. Consequently, in this study, there was no endeavor to contrast the precision achieved through pre-training with
the state-of-the-art (SOTA); instead, a straightforward comparison was conducted solely on the performance variation

among different models under identical training parameters.

The comparative results are presented in Table 1, revealing that the proposed PHA-UNet achieves superior
segmentation performance on the Cityspace dataset. Figure 7 illustrates segmentation results for select images using
different models, indicating the notably superior segmentation efficacy of PHA-UNet and AttUNet compared to the
remaining segmentation models, thereby underscoring the significance of attention mechanisms in image
segmentation tasks. The unmodified U-Net exhibits comparatively lower segmentation performance, attributed to its
primary application domain of segmenting small objects in the medical field, thus necessitating architectural
enhancements when applied to other domains. ResNet enables the training of deeper networks without encountering
the issue of gradient vanishing. However, deeper networks require larger dataset scales; in this study, when employing

the shallower ResNet-18, its segmentation performance on Cityspace is not particularly high.

Tablel Experimental results of different models on the Cityspace dataset

Model PHA-UNet U-Net Att-UNet PSPNet ResNet
mAcc 99.3 99.3 99.4 99.3 99.1
mlOU 79.44 76.78 78.75 76.22 74.01
mF1-S 88.7 87.3 87.94 87.1 85.5

Furthermore, it can be observed that the Acc values of all models are exceptionally high. This phenomenon arises

due to the susceptibility of the Acc metric to the influence of imbalanced sample. Particularly in this study, where only
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19 out of over 30 classes from the Cityspace dataset were utilized for pre-training, the amalgamation of samples
exacerbates the degree of sample imbalance. In contrast to Acc, both mIOU and mF1-S exhibit relatively lower

sensitivity to sample imbalances.

(a) Image (b) PSPNet (c) ResNet (d) UNet (e) AttUNet (f) PHA-UNet

Figure 7 Visual comparison of models trained on Cityspace dataset
4.3.2 Training result on PEDRC-Dataset

The training and validation errors of each model during the training process, as shown in Figure 8-9, indicate that
the error rates generally stabilize after 300 epochs, with no significant overfitting observed. Additionally, this study
recorded the training times for different models. For UNet, AttUNet, PSPNet, ResNet, and PHA-UNet, the variation
in training time between epochs was not significant. The average training times per epoch were 140s, 195s, 149s, 55s,
and 211s, respectively. The introduction of attention mechanisms increases training time, but results in a more
noticeable improvement in model segmentation accuracy (see related discussion in ablation study). Compared to
AttUNet, the PHA-UNet proposed in this study does not significantly increase training time. ResNet's training time is

significantly less than other networks; however, it fails in feature extraction.

20



25
 UNet —— UNet
20 PSPNet 20 PSPNet
—— AtUNet ——  AUUNet
—— ResNet —— ResNet
. 13 PHA-Unet , 15 PHA-Unet
. 1.0 e 1.0
0.5 0.5
0.0 0.0
0 50 100 150 200 250 300 0 50 100 150 200 250 300
Epochs Epochs
Figure 9 Training error with the epoch Figure 10 Validation error with the epoch
Table 2 Experimental results of different models on the PEDRC-Dataset
Class Index Models
PHA-UNet UNet AttUNet PSPNet ResNet
mAcc 75.2 74.8 78.7 78.2 0
Crack mIOU 62.8 63.0 65.1 64.8 0
mF1-S 66.0 65.6 67.5 67.4 0
mAcc 63.8 49.1 59.6 52.0 28.8
Spall mlOU 60.3 51.0 59.6 47.9 27.9
mF1-S 66.3 58.2 64.2 59.4 41.2
mAcc 59.3 48.0 55.0 41.3 13.6
Steel mIOU 58.1 41.1 50.2 37.4 11.2
mF1-S 60.7 50.5 57.4 46.3 27.6
mAcc 75.1 61.1 67.8 61.0 11.6
Buckling mIOU 721 55.6 63.8 55.7 10.2
mF1-S 75.2 58.8 72.6 58.4 15.1
mAcc 69.8 50.4 61.0 0 0
Fragment mIOU 68.1 48.0 59.2 0 0
mF1-S 68.6 479 66.4 0 0
mAcc 94.2 94.6 94.6 93.8 93.6
Background mIOU 73.9 74.5 74.1 73.1 58.6
mF1-S 81.8 88.6 82.2 80.6 69.1
mAcc 72.9 63 69.5 54.4 24.6
Balanced mIOU 65.9 55.5 62.3 46.5 17.9
mF1-S 69.8 61.6 68.4 52.0 25.5
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(a) Image (b) PSPNet (c) ResNet (d) UNet (e) AttUNet (f) PHA-UNet

Figure 10 Visual comparison of models trained on PEDRC-Dataset

The visual comparison of training results and parameter analysis on the PEDRC-Dataset can be observed in

Figure 10 and Table 2, respectively. In Figure 8, the colors red, yellow, purple, green, blue, and black correspond to
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background, spall, steel, buckling, crack, and fragment, respectively. It is evident from Figure 10 that PHA-UNet
exhibits superior segmentation performance compared to the comparative models, demonstrating better accuracy in

segmenting small samples (buckling and fragment) and more precise delineation of segmentation boundaries.

According to Figure 10, it is evident that UNet, AttUNet, and PSPNet exhibit significantly coarser segmentation
of steel boundaries compared to PHA-UNet. UNet, AttUNet, and PSPNet tend to allocate larger regions for classes
such as steel and buckling to reduce errors, as these classes incur greater error penalties compared to spall. Furthermore,
ResNet virtually loses its segmentation capability on the PEDRC-Dataset, indicating its poor suitability for small-
scale datasets. While ResNet allows for the addition of as many network layers as possible to extract more complex
semantic information, this often requires substantially larger datasets. For the task of damage segmentation in post-
earthquake damaged RC structures, the limitation on model performance is the scale of the dataset rather than the
depth of the model. Another notable point is that although the overall segmentation performance of PSPNet is not
superior to AttUNet, in certain scenarios, it can achieve more accurate segmentation than AttUNet. For example, in
the fifth row of images in Figure 10, only PSPNet accurately delineates the boundary of concrete spalling besides
PHA-UNet. This suggests that the large receptive field brought by multi-scale feature fusion is very necessary for
partial segmentation tasks. Moreover, it can be observed that excessively large receptive fields may have adverse
effects on the segmentation of small objects. For example, PSPNet and ResNet almost fail in segmenting the 'Fragment'

class, while the introduction of attention mechanisms can enhanced the model's ability to segment small objects.

According to Table 2 (the highest score for each class in the table is bolded.), it is evident that the proposed PHA-
UNet achieves the highest accuracy in predicting most classes. Except for the crack class, the score of PHA-UNet is
slightly lower than that of Att-UNet. In other classes, the score of the proposed PHA-UNet is significantly higher than
that of other comparison models. In comparison to the Cityspace dataset, the performance gap between the
comparative models and PHA-UNet is further widened on the PEDRC-Dataset, where the dataset size is smaller and
segmentation difficulty is higher. In contrast, the segmentation approach proposed in this study has made numerous
targeted improvements for the task of damage segmentation of post-earthquake damaged RC components.
Consistently high performance is achieved on both the Cityspace dataset and PEDRC-Dataset. This underscores the

necessity of targeted optimization of existing segmentation models when applied across different domains.

4.3.3 Error Analysis
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Figure 11 illustrates the subset of poorly segmented samples within the test set. Analyzing these erroneous
samples is instrumental in identifying deficiencies or limitations in the feature extraction process of the model. Such
analysis aids in guiding the correct utilization of the model in practical engineering applications and provides insights

for further model refinement.

Figure 11 Incorrect segmentation samples

As depicted in Figure 11, the model tends to fail on several types of images: those with very low resolution,
images depicting severe structural damage (has been completely destroyed), and images with excessively dominant
backgrounds. Although the model remains capable of identifying damaged areas, it has lost the ability for further,
more precise segmentation. In the case of low-resolution images, the primary reason for model failure lies in the
substantial loss of information. Conversely, images featuring severe structural damage exhibit heightened complexity
in their features, making them prone to confusion with the background and resulting in diminished segmentation
accuracy. For images with excessively dominant backgrounds, the inherent cause of model failure remains the loss of

information. This is because, with a constant total number of pixels in the image, larger backgrounds entail fewer
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pixels containing pertinent information. Consequently, when applying the model, efforts should be made to ensure
that input images are clear, and the distance between the imager and the target should not be excessively distant.
Another promising approach involves leveraging object detection techniques to initially localize damaged components
within images with large background areas using rectangular bounding boxes. Subsequently, these localized
rectangular regions are fed into image super-resolution restoration algorithms, followed by segmentation of the
damage using the restored images. This approach facilitates both rapid localization of damaged components and
quantitative segmentation of specific damage components, representing one of the ongoing research endeavors
actively pursued by the authors. Finally, for RC structures that have been completely destroyed, accurate segmentation
is highly challenging due to the diversification and complexity of their ultimate failure modes. Indeed, for such
components, precise damage segmentation becomes redundant as they are no longer subject to evaluation and have

lost utility for continued use following reinforcement.
4.3.4 Ablation study

The proposed network architecture in this study incorporates pyramid encoder input, attention mechanisms, and
Haar wavelet downsampling. To assess the effectiveness of each module, a ablation study can be conducted by
selectively removing certain modules from the proposed PHA-Unet. Table 3 displays the results of the ablation
experiments conducted on the PEDRC-Dataset. Meanwhile, to better visualize the results of Table 3, the performance
of different models, ordered from high to low, is plotted in Figure 11. In the figure, the letters P, H, and A represent
Pyramid Encoder, Haar Wavelet Downsampling, and Attention Mechanism, respectively. From the table, it can be
observed that compared to using the standard UNet, the introduction of pyramid encoder input, attention mechanisms,
and Haar wavelet downsampling all lead to improvements in the experimental results within the dataset. Among them,
attention mechanism contributes the most to performance enhancement. Its introduction leads to significant
improvements in all metrics: mAcc increases from 63.0 in the baseline model to 69.5, an improvement of
approximately 9.9%; mIOU rises from 55.5 to 62.3, an increase of about 6.8%; mF1-S improves from 61.6 to 68.4,
also an increase of about 6.8%. Haar Wavelet Downsampling ranks second in terms of performance improvement. In
the model configuration with independent Haar Wavelet Downsampling, mAcc increases from the baseline model's
63.0 to 67.5, an improvement of approximately 4.5%; mIOU rises from 55.5 to 60.2, an increase of about 4.7%; mF1-

S improves from 61.6 to 66.3, an increase of about 4.7%. These results indicate that Haar Wavelet Downsampling
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significantly enhances the model's feature extraction capability, although its effect is not as pronounced as the attention
mechanism, it still notably improves the overall performance of the model. The introduction of the Pyramid Encoder
results in relatively smaller performance improvements. With independent Pyramid Encoder introduction, mAcc only
increases to 64.5, about 1.5% higher than the baseline model; mIOU rises from 55.5 to 57.4, an increase of about 1.9%;
mF1-S improves from 61.6 to 63.2, an increase of about 1.6%. Although the Pyramid Encoder's contribution is limited,

it still provides auxiliary benefits when combined with other modules.

More importantly, when all three modules are used together, the model achieves optimal performance. At this
point, mAcc reaches 72.9, mIOU reaches 65.9, and mF1-S reaches 69.8. Compared to the baseline model, mAcc
improves by about 15.7%, mIOU by about 10.4%, and mF1-S by about 8.2%. In fact, when a certain module is used
in conjunction with other modules, the extent to which the model's performance is improved is significantly greater
than when these modules are used individually. This phenomenon is not uncommon in deep learning research, yet
unfortunately, there is currently no clear theory to explain it. In light of the findings of this study, based on the authors'
considerations, we believe that pyramid feature fusion essentially serves the purpose of integrating contextual
information, aiding in providing richer semantic information, but offering limited assistance in enhancing the model's
feature extraction capabilities. When the attention mechanism is not utilized, despite the provision of richer contextual
information through the pyramid encoder, the model lacks the capability to effectively capture them. However, once
the attention mechanism is introduced, these newly introduced semantic information will receive more focus, playing

a more significant role in the model training process.

In summary, these results demonstrate that the combined use of the Pyramid Encoder, Haar Wavelet
Downsampling, and Attention Mechanism can effectively work in synergy to significantly enhance the overall
performance of the model. The above analysis may provide some insights for further improving the model's

performance in the future.

Table 3 Results of ablation study performed on the PEDRC-Dataset dataset

Ablation Index (average of all classes)
Pyramid HWD Attention mAcc mIOU mF1-S
Models N x x 64.5 574 632
ol ol x 68.6 622 68.0
V X V 69.9 63.0 692
x V x 67.5 60.2 663
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Figure 11 Results of ablation study

5 Conclusions

In this paper, a Pyramid Haar wavelet downsampling Attention Unet semantic segmentation network is proposed
and evaluated for the task of seismic damage segmentation on the established PEDRC-Dataset, leading to the

following conclusions:

(1) The proposed PHA-UNet achieves pixel-level segmentation of multiple classes of damage in RC
components. Comparative analysis with existing segmentation models shows that PHA-UNet consistently
outperforms others across different datasets, with particularly evident advantages on the PEDRC-Dataset
introduced in this paper.

(2) Comparison with existing models shows that symmetric network architectures are particularly effective for
damage segmentation in RC components, whereas deeper structures like ResNet perform poorly. This
suggests that precise local information is crucial for damage segmentation. In contrast, deeper networks
focus on abstracting global features, which can be less effective for the often-random damage patterns in RC

components, especially with smaller datasets.

(3) Ablation studies underscore the necessity of the advanced modules integrated into the PHA-UNet proposed
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in this research. The pyramid encoder input, attention mechanisms, and Haar wavelet downsampling module
effectively enhance the model's performance, with further performance gains observed when these modules

are combined.

Error analysis highlights instances where the segmentation accuracy of the proposed PHA-UNet diminishes
notably, particularly when segmenting images with lower resolutions, large background areas, or severe
structural damage. The combined use of object detection and image super-resolution algorithms could be a
potential avenue for future improvements. Moreover, given the established importance of spatial attention
mechanisms, incorporating channel attention may further improve the accuracy of the proposed model,

which is also a potential direction for future research.

The proposed damage segmentation model offers promising prospects for the automated assessment of RC
component damage by quantifying various damage types, each affecting structural performance degradation
differently. For example, pixel-level segmentation maps can be used as pre-input attention layers
superimposed on the original image in existing deep learning models, thereby improving their reliability and

interpretability.
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Appendix
Table A1 Calculation results of different models with a batch size of 8
Hyperparameters  Balanced Index U-Net Att-UNet PSPNet ResNet PHA-UNet
16 batch size mAcc 63.0 69.5 54.4 24.6 72.9
16 batch size mIOU 55.5 62.3 46.5 17.9 65.9
16 batch size mF1-S 61.6 68.4 52.0 25.5 69.8
8 batch size mAcc 61.3 67.4 522 20.2 71.6
8 batch size mlOU 52.5 57.7 454 14.6 63.2
8 batch size mF1-S 58.3 63.2 48.9 21.2 67.8
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