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Abstract

The traditional method for seismic damage assessment is visual inspection, which is risky and
prone to human mistakes. A quick and non-contact approach for predicting the seismic damage
status of buildings is crucial for automated inspection immediately after earthquakes. In this
paper, damage level prediction using crack image analysis and machine learning is presented.
Two aspects of texture complexity, including Succolarity and Lacunarity, are measured in order
to quantify surface damage. FEMA P-58-compliant damage level and repair activity prediction
models are generated by training a variety of algorithms utilizing a collected experimental
database. The input features of the algorithms are selected as geometric characteristics,
structural parameters, and image-extracted indices. Five-fold cross-validation is used to
evaluate models for overfitting and generalizability. Among the considered algorithms,
CatBoost outperforms for the case where the inputs are Succularity, Lacunarity, and the aspect
ratio. Five-fold cross-validation results show that the classification model are not overfit.
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1. Introduction

By using real-time damage analysis, the post-earthquake loss analysis eliminates uncertainty.
Following an earthquake, the typical approach for determining the extent of damage and
assessing the safety of buildings has been a visual assessment by an expert, carried out in
accordance with established guidelines (Rojah 2005). Following an earthquake, aftershocks
can cause serious damage to buildings. Buildings that were previously damaged during the
main shock are more vulnerable. According to the rule about "entering damaged buildings,"
buildings with "red" and "yellow" tags cannot be entered (Reasenberg, Poland, and Engineers).
The destructive aftershocks of the previous earthquake caused some buildings to collapse
(Asayesh et al. 2023; Babaie Mahani and Kazemian 2018; Barbot et al. 2023).

Such a subjective manual process is dangerous for seriously damaged structures and is prone
to human mistakes. By offering a quick, integrated, non-contact evaluation of structural safety
and a way to identify repairs following an earthquake, automated techniques get around the
drawbacks of visual inspection. In order to determine the best post-earthquake repair technique
to reduce recovery times, it is also crucial to quickly and accurately analyze the seismic damage
to buildings.

Determining the degree of damage to reinforced concrete (RC) columns is crucial for assessing
the stability and serviceability of structures, as well as for choosing the method of repairs
(FEMA 306, 1998) after an earthquake. For the RC components, FEMA P-58 (Birely, Lowes,
and Lehman 2011) created category seismic damage states (DSs) based on the degree of
damage and suggested method of repairs (MoRs). The growth of cracks and concrete crushing
are the most obvious signs of damage to RC components. This paper builds damage
quantification utilizing damage pattern characteristics and applies it to a machine learning
framework for post-earthquake DS and MoR prediction of damaged RC columns.

2. Literature Review

Following the damage recognition of the damage pattern using the automated methods
(Alamdari and Ebrahimkhanlou 2024; Cordeiro and Leonel 2019; Hu et al. 2021; Y. Liu and
Yeoh 2021; Nanthakumar et al. 2016; Shamsabadi et al. 2022; Xiang et al. 2022; Zhou,
Rabczuk, and Zhuang 2018; Z. Zhu, German, and Brilakis 2011), the damage indices are
needed to classify the damage. Many researchers used image processing techniques to address
the measurement of crack and crushing severity in the quantification phase. The degree of
damage to the structural elements is influenced by the complexity of the damage, in addition
to its quantity. Several image-based indices have been established in order to measure the
properties of the texture patterns in the images. Fractal dimensions can be used to measure
distribution probability and pattern complexity (Mandelbrot 1967) based on the Rényi entropy
(Rényi 1961). In order to measure damage in RC components, fractal dimensions of surface
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crack maps have also been widely used (Athanasiou et al. 2020; D. Zhu et al. 2021). For
example, the peak drift ratio in RC columns has been predicted using fractal dimensions
(Jamshidian and Hamidia 2023).

Succolarity and Lacunarity are designed as image-based indices to extract more important
characteristics of the textures [50]. The Succolarity and Lacunarity quantify the texture's
connection and the pattern's distribution throughout the image, respectively (Rafael H C de
Melo and Conci 2013; Plotnick, Gardner, and O’Neill 1993). These indices have been used for
image texture analysis in many different study domains (Grzybowski and BLACHOWICZ
2020; Hassan et al. 2015; Rafael Heitor Correia de Melo 2007; Xia et al. 2019; Zhao et al.
2021).

Recently, techniques based on data to predict the seismic response in structures/components
have made substantial use of machine learning (ML) algorithms. Without requiring extensive
numerical and experimental research, the ML-based data-driven methods will be trained using
the data to generate the damage classification models for structural components (Huang and
Burton 2019; Mangalathu and Jeon 2018; Nguyen et al. 2021; Olalusi and Spyridis 2020;
Rajakarunakaran et al. 2022; Zhang et al. 2020). For damage assessment after the earthquakes,
the most useful inputs for ML algorithms are the image-based features (Lattanzi et al. 2016;
Paal et al. 2015).

Surface crack maps of RC components were also used to categorize the failure mode and DS
(Azhari et al. 2025; Azhari and Hamidia 2024). Chen et al. proposed ML learning-based DS
prediction for structural walls using the structural parameters, crack, and image-based features
(Q. Chen, Yu, and Li 2024). Neural networks have been employed for the detection of damage
on RC components (Harirchian, Lahmer, and Rasulzade 2020; Moradi and Hariri-Ardebili
2019; Oh et al. 2020; Vafaei, Adnan, and Abd. Rahman 2013). The main purpose of this paper
is to automate post-earthquake inspection in order to determine the DS for RC columns after
an earthquake using characteristics of surface crack patterns.

3. Database

In this paper, a database of 448 RC columns is gathered from experimental tests in order to
train the prediction model. The data points include 111 RC columns with rectangular cross-
sections with double-curvature deformation shapes that were evaluated at various damage
levels after being subjected to quasi-static cycle loads. The database contains geometric
features, crack patterns, and structural properties of RC columns. Both axial and lateral
loadings were applied to the specimens.

Figure 1 displays the relative frequencies of the database attributes. Specimens exhibiting a
variety of structural design characteristics are included in the database. Throughout the tests,
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drift ratios of up to 6.00% were recorded in the RC columns. The geometric and structural
characteristics of the databank are listed in Table 1.
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Figures 1. Database characteristics and distributions
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Table 1. Summary of the database

!

f. Pc Fyl Fyv A" No. of

Reference Agf; (MPa) (%) (MPa) (MPa) ¢ (em) Wb data points
(Lynn et al.
1996) 0.28 26 3.1 280 517 0.06 6.4 2
(Bett, Jirsa,
and 0.53 30 0.8 490 414 0.13 2.1 4
Klingner
1985)
(Lim et al. 0.06- 0.38- 3.0-
2016) 0.10 48-58 3537 470 441486 40 6

0.06- 0.20- 3.1-
(Son2018) " 32-38 2.1 550 300 0.40 5 1 38
(Henkhaus ~ 0.11- 441- 0.02- 3.2-
2010) 0.46 1929 1325 4 >17 0.05 6.4 13
(Tran 0.05- 3.4-
2010) 0.50 23-33 2.1 408 393 0.05 40 39
(Yamamot
o0 and 0.00- 347- 0.05- 2.0-
Munemura 0.33 19 1228 55y 309392 0.59 4.0 67
1974)
(Omor et 0.08- 344- 0.06- 2.0-
al. 1974) 0.19 27320926 44 334-386 0.37 4.0 46
(Osamu et 0.14- 349- 0.40- 3.0-
al. 1974) 0.27 19 0.7-19 39y 312381 0.55 6.0 70
(Azuma
and 0.13- 380- 0.07- 2.0-
Zenriku 0.58 14-24 0 0719y 328446 0.42 4.0 46
1977)
(Fukada 0.10- 349- 0.11- 3.0-
1976) 0.20 2126 1124 D0 308364 o 40 117

FEMA P-58 has summarized seismic damage of RC columns in six groups. Visual properties

of damage and structural response are the basis of the damage classification criteria listed in

FEMA P-58. DSs are reclassified into four classes in this paper, each of which corresponds to

a MoR, and the specimens of the database are labeled based on these attributes. The DSs and
MoRs as defined by FEMA P-58 are shown in Figure 2. The specimen AF-42TA (Yamamoto
and Munemura 1974) at four drift ratios is also depicted in this picture.
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Damage evolution
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Figure 2. DS description and corresponding MoRs

Drift=2.4%

Description of damage state 2,3 (DS 2.3):

- Spalling of cover concrete possibly exposes
X/ transverse or longitudinal reinforcement.

- Spalling of column concrete over a length
greater than 10% of the height.

- Concrete crushing.

- Loss of lateral strength.

WA DS 2.3

Figure 3(a) shows the relative frequency histogram for the databank in each of the
aforementioned DSs. Figure 3(b) displays the variation in the drift ratio for each DS. There is
a noticeable trend in the drift ratio at the beginning and end of each DS. From DSC to DS4, the
median drift ratio increases, as indicated by the filled marks in Figure 3(b). According to the
experimental data, the four DSs have median drift ratios of 0.42%, 1.27%, 2.64%, and 3.50%,
respectively.
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Figure 3. Frequency of the DSs in the database and distribution of each DS versus the drift ratio
4. Image-Based Indices

The indices are required to quantify the density and distribution of the damage throughout the
photographs in order to capture the damage evolution and quantification following seismic
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loading. A specimen with varying degrees of damage is depicted in Figure 4. As can be seen,
cracks first appear at the specimen's top and bottom before spreading to its sides. Therefore,
the indices utilized should be sensitive to the texture's direction and distribution for accurate
quantification. Succolarity and Lacunarity are two texture complexity criteria that have been
employed in this paper to quantify the complexity and irregularity of texture patterns.
Succolarity and Lacunarity can be used jointly to quantify differences in the patterns'
connections between two images with identical texture densities. In order to accurately identify
the crack length and spatial distribution of the RC column surface crack textures and patterns,
this paper explores the use of Lacunarity and Succolarity.

Lacunarity can be used to calculate the uniformity of pattern distribution across the image. This
index takes into account the texture's density and variance for a particular pattern. Because
Sucolarity is calculated in several directions, it is sensitive to the direction of texture qualities,
whereas Lacunarity is not. Therefore, it is possible to determine the zones where the damages
are concentrated. The techniques used to compute the previously mentioned texture complexity
features are described in the following sections.
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Figure 4. Damage evolution in a specimen
4.1. Succolarity Measurement

The fundamental idea for calculating Succolarity is the imaginary fluid flowing across the
desired texture (Rafael Heitor Correia de Melo 2007). Damaged areas in RC columns are
assumed to be fluid-penetrable, and it should be evaluated the capacity and pressure of flow
across the texture. The digitalized images are converted into a binary matrix, where the number
"1" represents the damaged pixels. The image's undamaged portions remain impervious. "0" in
the binary matrix represents the image's pixels that are not part of the pattern. To determine the
fluid pressure and capacity, the matrix is divided into boxes of identical size (BS). The box-

301



Hamidia & Azhari Interdisciplinary Journal of Civil Engineering

counting technique counts the pixels in each fluid-containing box (Russell, Hanson, and Ott
1980). The occupation percentage (OP) of a given box is determined by dividing the number
of filled pixels by the total number of pixels.

Succolarity varies in different directions due to the flow pressure (PR), whereas the OP remains

constant for all flow directions. PR increases linearly as the fluid advances. The flow pressure

is measured at the boxes' middle point. For every box (i=1,...,n), PR and OP are found, and the

Succolarity can be calculated using Equation (1) for the given direction, dir. In Equation (1),
i=1 (OPi xPRi)__is calculated under the assumption that all pixels contain fluid.

S . " OPi x PRi 1
.Succolarity Y1 (OPi xPRi) )

The top and bottom sections of RC columns have nearly identical damage patterns, according
to the observation. It is important to note that the specimen's half-height picture is sufficient to
determine the texture complexity features. The fluid direction for Succolarity in this research
is considered to be bottom-to-above for the top section and above-to-bottom for the bottom
section, as shown in Figure 5 for the specimen WS2-7B-H (Omor et al. 1974). The specimen's
Succolarity is determined by averaging the TB and BT values for each column.

Figure 5(b) displays the OP for an example damage pattern of the upper portion of Figure 5(a),
taking into account 32 boxes on the image, each containing 128x128 pixels. Additionally, the
PR 1in the center of the boxes in the bottom-to-above direction is shown by the crack pattern in
Figure 5(a). As seen in Figure 5(a), the pressure is the same for the boxes in the same row.
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Figure S. Crack map and Succolarity calculation for the top section of a specimen from the
database

4.2. Lacunarity Measurement

The gliding box methodology is employed in this study to calculate Lacunarity; the box-
counting method is applied each time the reference box glides (Allain and Cloitre 1991). To
demonstrate the computing idea, Figure 6 shows an example of a matrix that was extracted
from a specimen's binary matrix. The count of filled pixels inside the gliding box is counted,
m. N(m,r) is the number of pixels with a portion of damage inside the box (with the size of r).
The gliding box must glide N(r) times over the binary matrix, Equation (2). Equation (3) can
be used to compute Lacunarity for a pattern.

N(r) =[image width— r + 1] x [image height— » + 1] (all dimension in pixel) (2)
i
Lacunarity .= 3 3)
N(m,r)
[ X m N ]
Gliding box
[0]0]jo|0[0|0]|1]0
ldolo]o]1]o]o
00[0(0/1)0.0/0p;;=3
0|01 [T |11
1{1{0|0(0(0|0]|O
0/0/0[0]0)0 001 »m=0
0/0/00]0)0|0 0
0/00/0/0/0]|0]|0

Binary matrix

Figure 6. Gliding-box example for Lacunarity calculation

Figure 7 displays the variation of Lacunarity and Succolarity in relation to the drift for the
specimen AF-42TA (Yamamoto and Munemura 1974). This figure indicates that the Succolarity

trend increases as a result of the initial crushing. This tendency is brought on by an increase in

the hypothetical flow's capacity. The Lacunarity plot exhibits a decreasing tendency before the

crushing, as shown in Figure 7. Lacunarity increases with increased texture density once the

concrete is crushed. The Lacunarity, which depends on density and heterogeneity, is influenced

by the distribution of damage on the specimen. The gap size is influenced by both crushing and

crack formation; however, there is less variability when the damage is localized in the specimen.

The damage is localized when crushing begins, and how the crushing spreads across the column

will influence how the Lacunarity trend shifts. To sum up, in order to offer more accurate damage

quantification, the Lacunarity must be used with Succolarity.

303



Hamidia & Azhari Interdisciplinary Journal of Civil Engineering

— B —Succolarity =~ — $ — Lacunarity
0.40 - ; : 1.50
Ds 4]
035k /)’ 1.40
/
0.30 F / 1.30
p
/ 7
0.25 et 11.20
/‘//
020 2 11.10
2 -7 g
S 0ISF W——P— P 1100 5
S / 5
2 000f ?,’ 10.90
P 7
0.05 [ e 4 10.80
_—»
0.00F 1 10.70
20.05F 10.60
-0.10 . : : 0.50
0 1 2 3 4
Drift(%)

Figure 7. Variation of Succolarity and Lacunarity for specimen AF-42TA (Yamamoto and Munemura
1974) with drift ratio

The authors consider 20 pixels/centimeter as a scale factor. Figure 8 displays the ranges
Succolarity and Lacunarity of images for all data points in each DS; the legend next to each
plot indicates the quantity of the data points. The ranges of Lacuarity widen as one moves from
DS C to DS 4; the initiation of DS C, DS 0,1, and DS 2,3 are distinguishable, and the median
value of all DSs is higher than the minimum value of the earlier DSs. Succolarity and
Lacunarity deviations are minimal for DS C. The plots in Figure 8 with red markers also show
the ranges of the Lacunarity and Succolarity for the DSs where median values are found. The
median Succolarity values in the RC column specimens increase with increasing damage
levels. The observed trend demonstrates the true relationship between damage levels and the
retrieved indices from the damage patterns. Also, Pearson and Spearman correlation
coefficients of the drift ratio with Succolarity.
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Figure 8. Ranges for Succolarity and Lacunarity in DSs for all the databank images
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5. Supervised Learning Algorithms

The classification models in this study are trained using supervised learning. The five shallow
learning algorithms are used. Single, boosting, and bagging learning processes are covered by
the chosen algorithms. a) Random forest (RF) uses an ensemble technique to combine the
output of multiple concurrent decision tree predictors. The class with the highest votes
determines the categorization outcome through a bagging process (Breiman 2001; Géron 2022;
Wager and Athey 2018). b) K-nearest neighbors (KNN) KNN algorithm represents each data
point in an n-dimensional space from the training dataset with n characteristics. A new data
point's anticipated class is the majority of the class of N data points that are closer to it
(Chaudhuri and Dasgupta 2014; Cover and Hart 1967; Hart, Stork, and Duda 2000). c) boosting
algorithms, including CatBoost (CB), Extreme gradient boosting (XGB), Gradient
boosting (GB): Boosting is a method that employs successive models, each of which reduces
the error associated with the data points that the preceding model incorrectly identified. To
achieve the necessary degree of performance and complexity, the categorization is
continuously improved by repeated learning (Alpaydin 2020; Friedman 2001; Hastie et al.
2009; Schapire and Freund 2013).

The training and testing datasets are chosen at random from the entire databank. The training
dataset in this study consists of 70% of data points in each DS. Each algorithm is trained using
the training dataset, using the image indices as predictors and DSs as output. The testing
dataset's actual and predicted classes are compared to determine the accuracy of prediction.
Additionally, the overfitting of the models is evaluated using five-fold cross-validation.

There are a number of customizable parameters for ML algorithms, and choosing different
parameters have an impact on the model's performance. The optimal set of parameters must be
selected during the training phase in order to determine the most accurate model. The ideal set
of parameters (hyperparameters) is greatly influenced by the characteristics of the dataset.
Based on a preset set of parameter values, an algorithm automatically selects two ideal
parameters. The GridSearchCV looks through all possible combinations of the predefined
variables based on the cross-validation score. The hyperparameters in this study are determined
using scikit-learn's GridSearchCV tool. Three situations are used to feed the Succolarity and
Lacunarity into the shallow learning-based classification models. In the first scenario,
Succolarity is the input feature; in the second scenario, Lacunarity is selected as the input
feature. In the last scenario, the inputs of the algorithms are both indices. In all scenarios, A/b
is also among the inputs.

The image-based characteristics are used as input for the five shallow learning algorithms that
were previously introduced. To evaluate the performance of each algorithm in every situation,
confusion matrices are used. The testing dataset confusion matrices and performance metrics
for the algorithm with high accuracy in each of the scenarios taken into consideration are
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displayed in Figure 9. The number of samples in each class that are really predicted is shown
by the items on the principal diagonal of a confusion matrix. The quantity of data points whose
classes are incorrectly predicted is displayed by other elements. The confusion matrices in

nn

Figure 9 display the metrics of "accuracy," "recall," and "precision."
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Figure 9. Confusion matrices for the testing dataset

For DS classification models, Scenario III in the CB algorithm has the highest accuracy (78%).
It is necessary to prevent some misclassifications in the categorization difficulties. Predicting
DS 4 as DS C, for example, may lead to mistakes in the loss estimation procedure and the
incorrect repair action. Such mistakes are absent from the confusion matrices of scenarios I, I,
and III. Fifteen confusion matrices that take into account five shallow-learning techniques for
three scenarios are generated for the testing dataset.

Five-fold cross-validation is used in this study to evaluate the model's vulnerability to
overfitting. An overfitted model matches the training data exactly but is overly complicated.
The training dataset is divided into K folds at random in K-fold cross-validation. The model is
trained using K-1 folds, and one of the folds is used for validation (Murphy 2022). The
"accuracy" of K models is calculated after the process is repeated K times with different
validation and training folds. The accuracy of the model for a particular training set can be
determined by repeating this process. The significant differences between the five obtained
accuracies point to an overfitting problem. The literature uses K-fold cross-validation to assess
the likelihood of overfitting (Alpaydin 2020; Friedman 2001; Hastie et al. 2009; Schapire and
Freund 2013). A five-fold cross-validation is performed for all cases, and the results are shown
in Figure 10.

The changes in "accuracy" across different training folds are indicated by the height of the box
chart. As the height of the boxes increases, ML models tend to overfit. Thus, scenarios I1I with
algorithm CB perform the best.
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Figure 10. K-fold cross-validation
6. Summary and Conclusion

In this research, computer vision techniques are used to establish an automated safe damage
state and repair method identification model for the RC columns. The primary application of
this method is the quick decision-making for the repair technique of components using the
image of the damaged components. The automated process shortens the typical recovery time
for cities and structures, and the methodology allows for the adoption of more dependable

restoration actions.

To train and evaluate classification models, a large number of photos showing the surface crack
of damaged RC columns under cyclic stress are gathered from the literature. The authors
classified the 448 images in the databank using the adopted repair actions and damage states
defined in FEMA P-58. To measure the degree of damage to the specimens, two mathematical
image intricacy indices are computed: Lacunarity and Succolarity of the crack maps. Five
models based on supervised learning are used to train a damage-level classification model.
Furthermore, three scenarios are presented for supervised learning feature selection. The
GridsearchCV function adjusts the algorithm's parameters to maximize the models'

performance.

* As the damage in a specimen progresses, Succolarity quantity increases.

* Among all models, the highest accuracy is obtained in scenario III with a value of 78%
employing CB algorithm. In this scenario, the input features are Succolarity, Lacunarity,
and the aspect ratio of columns.

* Generalizability evaluation of the selected model in scenario III with five-fold cross-
validation achieves accuracy values ranging from 77% to 88% with a median of 78%,
showing the overfitting prevention.

In conclusion, automated post-earthquake damage evaluation is the main use of damage state
identification methodology. Decision-makers can choose and propose a repair plan by using
the approach for the images of RC building components.
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