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Abstract

Surrogate models, including neural network (NN), machine learning, and Kriging, are used in
various fields to reduce the computational demand of risk assessment and uncertainty analy-
sis. In civil engineering applications, surrogate models are usually trained on synthetic data 
generated with numerical simulation models, which might yield approximate responses and 
significant computational burdens. Post-disaster reconnaissance observations represent an
alternative source of data that could be used to train a surrogate model without the need for
numerical models. However, the limited number of reconnaissance observations available in
the literature might yield challenges, such as unbalanced data distributions. This paper pre-
sents a surrogate-based approach for seismic-induced damage prediction, where post-
earthquake reconnaissance data are exploited to train a NN model. The approach is demon-
strated on steel liquid storage tanks. Field data from past earthquake reconnaissance reports 
are first collected. Then, features representative of tank characteristics, seismic hazard pa-
rameters, and seismic-induced damage are extracted. A traditional two-layers NN model is 
built to map the relationship between tank characteristics, seismic hazard parameters, and 
seismic-induced damage. To tackle the challenge of unbalanced dataset, a cascade NN ap-
proach is proposed. In the cascade approach, two NN models are employed to predict the 
damage level of the steel tanks. The first NN returns a binary classification of the tank dam-
age (i.e., damage, no damage). If the tank results damaged, a second NN identifies the level of 
damage (i.e., minor, severe, collapse). The performance of traditional and cascade NN ap-
proaches is compared using different metrics. Results demonstrate that the cascade NN strat-
egy leads to more accurate damage predictions than the traditional NN approach. 

Keywords: neural network, reconnaissance data, damage classification, steel tanks, surrogate 
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1 INTRODUCTION
Performance-Based Design (PBD) is gaining prominence in the civil engineering commu-

nity [1]. PBD allows to holistically evaluate a structure for potential risks and engage building 
owners in cost-effective risk-mitigation strategies [2-4]. It follows that risk assessment is a 
key component of PBD, as it enables the estimation of the probability of occurrence of a cer-
tain damage state, considering a variety of hazard scenarios [1,5]. Typically, the performance 
of civil structures is assessed through nonlinear numerical models (e.g., finite element mod-
els), which permit the evaluation of the structure’s response beyond the elastic regime [2,6,7]. 
However, the computational demand of high-fidelity numerical simulation models, coupled 
with the necessity to simulate the structure under a large number of hazard and uncertainty 
scenarios, makes risk assessment a computationally demanding, if not impractical task.

Data-driven surrogate models [8-10], including neural network (NN), Kriging, and ma-
chine learning, have been proposed to reduce the computational burden of risk assessment
[11,12]. Surrogate models, or metamodels, are simplified mathematical relationships trained
based on input/output observations to represent the physical system under consideration. In 
civil engineering applications, metamodels have been used to replace computationally expen-
sive numerical models for uncertainty and risk analyses. For example, Sudret and Mai [13]
employed polynomial chaos expansion to generate fragility curves of a 3-story structure sub-
jected to seismic hazard. Later, Gidaris et al. [14] developed a Kriging surrogate model for 
seismic risk assessment of civil structures. The authors exploited the metamodel to construct 
fragility functions of a 4-story building under stochastic ground motions and uncertain struc-
tural parameters. Recently, Micheli et al. [15] proposed a multiple-surrogate models frame-
work for risk assessment of wind-excited tall buildings. The proposed framework exploits a 
set of Kriging surrogates to reduce the computational demand of risk assessment of high-rise 
structures subjected to wind load time histories. A drawback of using surrogate models for 
civil structures is the necessity to generate input/output observations to train the metamodel. 
Synthetic input/output observations are usually derived from numerical simulation models, 
which might lead to approximate responses. Furthermore, when the response of the structure 
is highly nonlinear, a large data pool might be required to train a reliable surrogate model [15-
17], yielding a significant computational burden. A solution to this drawback could be to ex-
tract input/output observations directly from field data [18]. In this context, post-disaster field 
reconnaissance reports could be a valuable source of information, enabling a realistic repre-
sentation of damage mechanisms and hazard characteristics. However, the use of post-disaster 
reconnaissance observations presents some challenges. For example, the limited number of 
records available could yield unbalanced datasets, eventually reducing the accuracy of the sur-
rogate model.

This paper investigates a surrogate-based approach for damage assessment of civil struc-
tures, where the metamodel is trained based on reconnaissance observations. The approach is 
demonstrated on aboveground, cylindrical, steel liquid storage tanks subjected to seismic haz-
ard. The seismic risk of storage tanks is significantly higher than ordinary structures, as dam-
age to liquid storage tanks could cause irreparable consequences to built and natural 
environments, including the release of hazardous materials, uncontrolled fires, and soil con-
taminations [19-21]. In the proposed approach, features representative of tank characteristics 
(e.g., diameter, height, thickness, liquid level) and seismic excitation parameters (e.g., peak 
ground acceleration, magnitude) are extracted directly from reconnaissance reports, along 
with the corresponding damage levels. Then, a surrogate model consisting of a two-layers NN
is built to map the relationship between inputs (i.e., tank and hazard features) and output (i.e., 
damage level). To tackle the unbalanced dataset challenge, a cascade approach is proposed, 
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where two NN models are employed to estimate the damage level of steel tanks. The first NN 
exploits a binary classification to guess if the tank is damaged or not. If the tank results dam-
aged, a second NN identifies the damage level between minor damage, severe damage, and 
collapse. The accuracy of the NNs is assessed on a testing dataset using different performance 
metrics, such as accuracy, precision, and recall. The performance at predicting seismic-
induced damage of the traditional two-layers NN and the cascade NN models is compared.

The remainder of the paper is organized as follows. First, the collected post-earthquake re-
connaissance data are described. Then, traditional and cascade NN approaches are introduced. 
After, the metrics employed to quantify the performance of the NNs are discussed. Finally, 
the damage prediction capability of traditional and cascade NNs is compared.

2 METHODOLOGY

2.1 Dataset Description and Features Extraction 
In this study, post-earthquake reconnaissance observations are employed as data pool for 

training a NN model. Such observations were derived from existing post-earthquake recon-
naissance report [22] and survey [23]. Both anchored and unanchored cylindrical steel tanks 
were taken in consideration. Features representative of tank and seismic hazard properties 
were extracted and used as inputs of the NN models described in Section 2.2. Tank features 
include geometric characteristics, such as diameter (D), height (H), shell thickness (t), and 
height of the liquid at the moment of the earthquake (HL). Peak ground acceleration (PGA) 
and magnitude (M) were selected as seismic hazard features. For some of the tanks, the thick-
ness was not documented in the post-earthquake report in reference [22]. The thickness of 
these tanks was estimated based on the work of Cortes and Prinz [24]. Similarly, for some 
earthquake events, the PGA was not reported, and it was estimated based on the location of 
the tank and the corresponding ground motion records [25]. The material properties of the
steel tanks were not enclosed in the reports. Therefore, yielding stress and modulus of elastici-
ty of steel were assumed to be the same for all tanks and were not included between the input 
variables. A total of n = 247 aboveground, cylindrical, steel liquid storage tanks observations 
were collected. Table 1 reports the statistics of the dataset, while Figure 1 (a) shows a sche-
matic representation of a storage tank, including the features selected to represent tank and 
seismic hazard characteristics.

Min. Max. Mean Standard dev.
Diameter, D (m) 2.0 83 22 14.3
Height, H (m) 3.0 45 11 4.0
Thickness, t (m) 0.001 0.098 0.01 0.01
Liquid height, HL (m) 0.0 44 10 8.4
Magnitude, M 5.5 8.4 7.0 0.64
Peak ground acc., PGA (g) 0.02 2.0 0.41 0.40

Table 1: Statistics of the dataset.

A description of the damage reported by each tank was also retrieved from the reconnais-
sance reports [20, 21], along with the corresponding values of tank and seismic features. The 
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steel tanks experienced various types of seismic-induced damage, including elephant foot 
buckling, roof damage, shell buckling, and complete collapse [20, 21]. The damage types 
were assembled in four main classes: class 0, no damage; class 1, minor damage; class 2, se-
vere damage; and class 3, collapse. Minor damage includes damage to the seal, minor roof 
damage, damaged valves, and, in general, damage that requires simple repairs. Severe damage 
comprises elephant foot buckling, shell buckling, local buckling caused by roof collapse, and 
floor plate rupture. Collapse is intended as the tank’s total failure, or widely spread damage 
that necessitates the replacement of the tank. Note that, if more reconnaissance observations
become available, additional damage mechanisms could be included and the damage classes 
may be further refined. Figure 1 (b) shows the distribution of the steel tank observations
among the four damage classes, where n0 represents the number of data in class 0, n1 in class 
1, n2 in class 2, and n3 in class 3, respectively. Figure 1 demonstrates that the dataset is se-
verely skewed toward one class only, with the majority of data lying in class 0, and a smaller 
number of observations belonging to class 3. Such an unbalanced dataset could cause poor 
performance of traditional NN models, as the majority of the NN algorithms available in the 
literature were developed considering a balanced data distribution [26].

(a) (b)

Figure 1: (a) Schematic representation of an aboveground, cylindrical, steel liquid storage tank and input varia-
bles; (b) distribution of the data among the four damage classes.

2.2 Neural Network for Damage Prediction
A traditional two-layers NN is first used to map the relationship between tank and seismic 

hazard characteristics (i.e., inputs) and the corresponding damage class (i.e., output). The NN 
is composed of a hidden and an output layer, with sigmoid and softmax activation functions,
respectively. Figure 2 illustrates a representation of the NN architecture. In the figure, k1 and 
k2 indicate the number of neurons in the hidden and output layers, respectively. The NN has 
six inputs, corresponding to tank and seismic hazard features, and one output, representing the 
damage class. The output of the NN can be expressed as [27]:

y = g (f (w1 x + b1)) w2 + b2

where x is the input vector, w1 and w2 are the hidden and the output layers’ weights, b1 and 
b2 are the hidden and the output layers’ biases, f and g are the sigmoid and softmax activation 
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functions, respectively. The weights and biases are tuned based on the training dataset using a 
gradient backpropagation algorithm [27].

Figure 2: Neural Network configuration.

To tackle the unbalanced dataset issue (Figure 1 (b)), a cascade NN approach is proposed
as an alternative for seismic-induced damage prediction. Instead of a single NN, the cascade 
approach employs two consecutive NN algorithms to estimate the damage class experienced 
by a steel tank as a function of the input variables. The first NN is trained based on a binary 
classification of the data among class 0 (no damage) and class 1 (damage). Note that in the 
binary classification, all the damaged tanks are lumped in class 1, independently of the type of 
damage they experienced. A second NN classifies the type of damage among classes 1, 2, and 
3, eliminating the data in class 0, and thus, the source of unbalance. Both NN models have the 
same inputs (tank and seismic hazard features), but different outputs and number of training 
data. The proposed approach is schematically represented in Figure 3 (a).

(a)  (b)

Figure 3: (a) Cascade neural network representation; (b) data distribution among damage classes for the 1st and 
the 2nd NN models in the cascade approach. 
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It is worth noting that the cascade approach uses the dataset described in Section 2.1, 
where data were first rearranged in the binary classification damage/no damage. Then, for 
training the second NN, data belonging to class 0 were eliminated, leaving only observations 
lying in classes 1, 2, and 3. The distribution of the data among different damage classes is re-
ported in Figure 3 (b) for the two NN models. Furthermore, the architecture of the two NNs of
the cascade approach is the same as the one shown in Figure 2.

2.3 Performance Metrics
The effectiveness of both traditional NN and cascade NNs approaches at predicting the 

damage experienced by steel liquid storage tanks subjected to seismic hazard is assessed on a 
testing subset. Specifically, the tank dataset composed of n observations is divided into three 
subsets: training, validation, and testing. The training data (size ntr = 70% n) is used to train 
the NN models. The validation subset (size nval = 15% n) is employed to validate the models, 
while the testing subset (size nts = 15% n) is exploited to test the prediction capability of the 
NNs. The performance of the NNs at predicting the damage class in correspondence with the 
testing data is taken as an indication of the model’s performance on unseen data.

n ntr nval nts

Traditional NN 247 173 37 37

Cascade 1st NN 247 173 37 37
2nd NN 147 103 22 22

Table 2: Dataset sizes for the traditional NN and cascade NN models.

The performance of the NNs is evaluated using different metrics, including precision, re-
call, and accuracy. The precision can be defined as the percentage of damage cases correctly 
assigned by the NN. The recall represents the percentage of the true damage classes correctly 
predicted by the algorithm, also referred to as true positives. The accuracy is defined as the 
ratio between the number of correct predictions and the total number of observations. Preci-
sion and recall can be computed for each class, while accuracy is a global performance metric. 

3 RESULTS AND DISCUSSION

3.1 Neural Network 
The two-layer NN model described in Figure 2 was trained to predict the damage class ex-

perienced by the tanks between 0 (no damage), 1 (minor damage), 2 (severe damage), and 3 
(collapse) with the dataset described in Section 2.1 and reported in Figure 1(b). MATLAB 
Toolbox [28] was used to build, train, and test all the NN models developed in this study. The 
number of neurons k1 and k2 were selected iteratively to maximize the accuracy on the valida-
tion subset and set as k1= 40 and k2 = 3. The values of weights and biases obtained from the 
training process can be found in reference [29]. Note that the trained NN model can be em-
ployed to predict the damage level of steel tanks with characteristics lying in the ranges re-
ported in Table 1 only.

Precision, recall, and accuracy for training, validation, and testing datasets are reported in 
the confusion matrices in Figure 4. Each element of the confusion matrix Ci,j indicates the
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number of data known to be in class i and predicted in class j. The diagonal elements in green
are the damage classes correctly guessed by the NN model, while the off-diagonal elements in 
red are the categories predicted incorrectly. The confusion matrices also contain precision and
recall for each class, along with overall accuracy of the model.

(a) (b) (c)

Figure 4: Confusion matrix for the traditional NN: (a) training, (b) validation, and (c) testing datasets. 

Results in Figure 4 indicate a relatively poor performance of the NN at predicting the dam-
age classes, with an average accuracy of 47.6% (accuracy averaged over training, validation, 
and testing datasets). Looking at recall and precision, it can be observed that the simplest class 
to predict is class 0, where the majority of the data is concentrated. The lowest values of pre-
cision and recall correspond to class 3, which corresponds to the class with the smallest num-
ber of observations available (Figure 1(b)). The poor performance of the NN can be attributed 
to the unbalance in the distribution of the data, which are severely skewed toward class 0. In 
particular, Figure 4 (a) shows that a very small number of data were used to train the NN in 
class 3, which might translate to poor accuracy of the model over both validation and testing
datasets, as demonstrated by Figure 4 (b) and (c). 

3.2 Cascade Neural Networks
In the cascade approach, two NN models were built and employed to classify the damage 

level of steel tanks, following the procedure summarized in Figure 3 (a). The first NN model
was trained to predict the binary damage classification 0 (no damage) and 1 (damage) based 
on the data distribution reported in Figure 3 (b). The second NN was trained to identify the 
damage level of the tank between class 1 (minor damage), class 2 (severe damage), and class 
3 (collapse). For both NN models, the number of neurons was selected iteratively as k1= 10
and k2 = 3, while weights and biases values can be found in reference [29]. Figure 5 illustrates 
the confusion matrices for the first NN, while Figure 6 reports the second NN results.

Results in Figures 5 and 6 show that both NN models yield similar performance, with an 
average accuracy of 73.4% for the first NN and 71% for the second model. For the first NN, 
the highest values of precision are reached in class 1, while the largest recall correspond to 
class 0 in training and validation datasets, and class 1 in the testing subset. On the other hand, 
results in Figure 6 show that class 1 seems to be the simplest class to predict with the second 
NN model, corresponding to relatively high values of precision and recall over training, vali-
dation, and testing datasets. 

A cross-comparison between the performance of the traditional and the cascade NN ap-
proaches demonstrate that the cascade NNs are 51.7% more accurate than the single NN. This 

2009



Micheli L. and Faytarouni M.

could be attributed to the more balanced distribution of the observations among different 
damage classes in the cascade approach. Overall, the performance of the models in terms of 
recall and precision varies with the damage class under consideration, with the highest values 
attained by the two cascade NN models. Based on the overall accuracy and the fair perfor-
mance at identifying different damage classes, the cascade NN approach is recommended as 
the method to use to estimate the damage level of steel storage tanks as a function of tank and 
seismic hazard characteristics.

(a) (b) (c)

Figure 5: Confusion matrix for the 1st NN of the cascade approach: (a) training, (b) validation, and (c) testing 
datasets. 

(a) (b) (c)

Figure 6: Confusion matrix for the 2nd NN of the cascade approach: (a) training, (b) validation, and (c) testing 
datasets. 

4 CONCLUSIONS
In this paper, an NN-based approach for damage prediction of aboveground, cylindrical,

steel liquid storage tanks was investigated. In the proposed method, data were derived from 
post-earthquake reconnaissance reports and surveys. Features representative of tank and seis-
mic hazard characteristics were extracted from the reconnaissance reports, along with a de-
scription of the corresponding damage modes. The different types of damage were initially 
classified into four classes, ranging from no damage to collapse. The limited number of re-
connaissance observations available in the literature yielded an unbalanced dataset, with the 
majority of the data skewed toward one class. First, a traditional two-layers NN was con-
structed to infer the unknown relationship between tank and seismic features (inputs of the 
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NN model), and corresponding damage class (output). Then, to tackle the unbalanced dataset 
challenge, a cascade NN approach was proposed, where two NN models were utilized to 
guess the damage class of the tanks. The first NN was trained based on a binary classification 
of the reconnaissance observations (i.e., damage, no damage). If the tank resulted in the dam-
age class from the first model, a second NN refined the damage guess between minor damage, 
severe damage, and collapse. The performance of traditional and cascade NN methods was 
assessed with different metrics, such as accuracy, precision, and recall.

Results demonstrated that the cascade NN approach led to a better performance than the 
conventional NN model, with an average accuracy of 73.4% for the first and 71% for the sec-
ond NN models. On the other hand, the traditional NN yielded a relatively poor performance, 
with an average accuracy of 47.6%. The values of recall and precision vary with the damage 
class under consideration. Overall, the two NNs in the cascade approach resulted in the largest 
values of both precision and recall compared to the traditional model. The enhanced perfor-
mance of the cascade NNs can be attributed to the more balanced distribution of the data rela-
tively to the traditional NN dataset. 

Overall, the paper showed that the cascade NN approach could be a viable alternative to 
traditional NN models, in particular when unbalanced datasets are available, such as for post-
disaster reconnaissance observations. Nevertheless, the accuracy of the cascade NN models 
could to be further improved by increasing the number of training data or using different data 
learning algorithms. Future investigations will entail exploring different machine learning al-
gorithms, applying other techniques to solve the issue of imbalanced data, and integrating the 
cascade NNs into a seismic risk assessment framework for steel liquid storage tanks. 
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