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1. Introduction 
 

Dams are hydraulic structures that regulate river flows 

and control the water stored in the reservoir for different 

purposes such as irrigation, water supply, irrigation, 

hydropower, etc. With the increase in the world's 

population, water needs are increasing. Dams are designed 

to meet this requirement. There are many dams in different 

parts of the world classified as small or large dams. ICOLD 

stated that a dam with a height of 15 meters or greater from 

lowest foundation to crest or a dam between 5 meters and 

15 meters impounding more than 3 million cubic meters is 

classified as a large dam (ICOLD 2011).  

Large dams have significant benefits to society and the 

economy; on the other hand, they can entail 

acknowledgeable risks. Seyrek and Tosun (2011) stated that 

dams constructed near urban areas pose a high-risk potential 

for downstream life and property. Therefore, the safety of 

dams is a crucial subject in dam engineering and requires 

more comprehensive studies to understand the behaviour of 

dams during different loading conditions (Tosun 2015). In 

recent years, dam safety has drawn increasing attention 

because floods resulting from dam failures can lead to 

catastrophic loss of life and property, especially in densely 

populated areas (Zhang et al. 2009). 
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When regions of the world with different topographic, 

hydrogeological and seismic characteristics are examined, 

different dams such as earth-fill dams, rock-fill dams, 

gravity dams, arch dams, and tailing waste dams and others 

are observed. Embankment dams are primarily preferred 

globally as they have a wide range of economy and 

applicability compared to other types of dams and the 

project criteria are flexible. The majority of existing dams 

are embankment dams totaling 78% of all dams in the 

world; 65% are earthfill, 13% are rockfill dams, and other 

types of dams make up the remaining (ICOLD 2022).  

Dam failures are mostly observed in embankment dams. 

According to Zhang et al. (2009), dam failures observed in 

earthfill and rock-fill dams constitute 69.4% of reported 

cases. Different effects can cause dam failure, such as 

overtopping, piping, sliding, earthquakes, poor design 

options, and poor planning. Zhang et al. (2009) have stated 

that several causes are often involved in a single failure, and 

these causes are interrelated with each other. Failure due to 

overtopping and piping is the most common dam failure 

mode of reported cases (Foster et al. 2000). Historically, 

few dams have been significantly damaged by earthquakes. 

On a worldwide basis, only about a dozen dams are known 

to have failed entirely due to an earthquake; these dams 

were primarily tailings or hydraulic fill dams or relatively 

small embankments (USCOLD 1992). Many embankment 

dams are exposed to earthquake shaking each year, but 

either the damage caused by the earthquake has not been 

extensive enough, or in the rare cases where damage was 

extensive, many of the reservoirs were, by chance, low at 

the time of the earthquake, so uncontrolled releases did not 

happen (USBR 2019).   
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Abstract.  The seismic design of embankment dams requires more comprehensive studies to understand the behaviour of dams. 

Deformations primarily control this behaviour occur during or after earthquake loading. Dam failures and incidents show that 

the impacts of deformations should be reviewed for existing and new embankment dams. Overtopping erosion failure can occur 

if crest deformations exceed the freeboard at the time of the deformations. Therefore, crest settlement is one of the most critical 

deformations. This study developed empirical formulas using Gene Expression Programming (GEP) based on 88 cases. In the 

analyses, dam height (Hd), alluvium thickness (Ha), the magnitude-acceleration-factor (MAF) values developed based on 

earthquake magnitude (Mw) and peak ground acceleration (PGA) within this study have been chosen as variables. Results show 

that GEP models developed in the paper are remarkably robust and accessible tools to predict earthquake-induced crest 

settlement of embankment dams and perform superior to the existing formulation. Also, dam engineering professionals can use 

them practically because the variables of prediction equations are easily accessible after the earthquake. 
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One of the rare cases of dam failures during or after a 

large earthquake occurred in Lower San Fernando Dam in 

California. This first example failed due to the liquefaction 

phenomenon under the earthquake loading conditions (Seed 

et al. 1975). The upstream slope of Lower San Fernando 

Dam failed during the 1971 San Fernando earthquake. 

Intact blocks of embankment material moved tens of feet on 

liquefied hydraulic fill shell material. 

Although very few dams collapsed due to earthquakes in 

the literature, dam accidents due to earthquakes are 

frequently encountered (USCOLD 1992, Pells and Fell 

2002, Fell et al. 2005). Reported cases show that 

embankment dams can settle, deform laterally and 

longitudinally, and exhibit longitudinal and transverse 

cracking due to earthquake loading. This cracking 

mechanism can lead to internal erosion and piping failure of 

dams (Pells and Fell 2002). During seismic loading, pore 

pressure can increase, resulting in a decrease in shearing 

resistance. If enough reduction occurs, over a sufficient 

extent, large deformations can result. Overtopping erosion 

failure can occur if crest deformations exceed the freeboard 

at the time of the deformations. 

OMNR (2011) stated that settlement of the dam crest 

could be one of the contributing factors for overtopping, 

and the freeboard of embankment dams should be 

considered during assessment. Settlement may occur due to 

consolidation of the dam or foundation materials under 

static loading or may be induced by seismic activity. 

Therefore the impacts of dam and foundation deformations 

should be reviewed while evaluating new or existing dam 

structures for earthquake loading. These deformations are 

frequently determined by using softwares that can perform 

2D or 3D analyses based on finite element methods in last 

years (Karabulut and Geniş 2019, Hu and Huang 2019, 

Karalar and Cavusli 2019, Nasiri et al. 2020, Karalar and 

Cavusli 2021). Another tools to predict earthquake-induced 

deformations are simplified methods, empirical and semi-

empirical formulas or soft computing approaches based on 

observed data from case histories. 

The simplified method was firstly proposed by 

Newmark (1965). This method assumes that the 

deformation mode in response to earthquake shaking will be 

the sliding of rigid blocks (masses) of dam and foundation 

material. Sliding is assumed to occur whenever the base 

 

 

acceleration exceeds the yield acceleration, which is the 

horizontal seismic acceleration that results in a factor of 

safety of exactly 1.0 using conventional slope stability 

analysis (FEMA 2005). Several analytical methods have 

been proposed to simplify or modify the Newmark method 

(Makdisi and Seed 1978, Rathje and Bray 1999, Bray and 

Travasarou 2007, Saygili and Rathje 2008). These 

simplified methods are simple, inexpensive, and 

substantially less time-consuming than the complicated 

stress–deformation approaches. They are especially 

recommended as a screening tool to identify critical dams 

(Kan et al. 2017).  

In recent years, the developments in equipping dams 

with seismic instruments and the increase in the actual 

numerical data obtained at the dam site have increased the 

interest of researchers in earthquake-induced dam crest 

settlement. Swaisgood (2003) has reviewed 69 case 

histories and proposed a relationship to predict crest 

settlement of embankment dams using regression 

techniques. In addition to dam incidents, new relation based 

on earthquake magnitude, peak ground acceleration, and 

dam height has been proposed by Swaisgood (2014).  

Singh et al. (2007) have used 122 published case histories 

on the performance of earth dams and embankments during 

past earthquakes to compare observed and estimated 

permanent deformations from simplified methods. They 

also developed a relationship between permanent 

deformation and the ratio of yield acceleration and peak 

horizontal ground acceleration.   

In 2015, data sets of observations from 152 published 

case histories were used to predict earthquake-induced 

deformation of the earth dams and embankments using 

Artificial Neural Network (ANN) (Barkhordari and Entezari 

2015). In this study, dam type, dam height, magnitude of 

earthquake, peak ground acceleration, predominant period 

of the earthquake ground motion, fundamental period of the 

structure and yield acceleration values have been used to 

establish the model.  

Javdanian et al. (2020) have shown that yield 

acceleration, maximum horizontal earthquake acceleration, 

fundamental period dam body, predominant period of 

earthquake, earthquake magnitude) and dam height is the 

most influential parameter that affects the seismic crest 

settlement. Support Vector Regression (SVR) and Multiple 

 
Fig. 1 Representation of a chromosome consisting of one gene with an ETs 
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Linear Regression (MLR) models have been developed to 

estimate the earthquake-induced settlement of embankment 

dams using 151 real-world cases.  

This paper aims to develop new empirical models for 

predicting earthquake-induced crest settlements of 

embankment dams. At first, a database was established with 

a detailed literature survey excluding cases susceptible to 

liquefaction problems. Eighty-eight cases from different 

parts of the world have been analyzed. Two empirical 

formulations named GEP-I and GEP-II are enhanced to 

predict crest settlements by using Gene Expression 

Programing (GEP), which is mainly used to solve complex 

and multivariable engineering problems. Additionally, 

formulations derived from GEP-I and GEP-II have been 

compared with Swaisgood's (2014) model. The analyses 

show that the proposed models can be used to predict 

earthquake-induced crest settlements of embankment dams 

for rapid evaluation of critical dams. 

 

 

2. Gene Expression Programming (GEP) 
 

Genetic algorithms (GAs) are a class of evolutionary 

algorithms popularized by John Holland and his team in the 

1970s. Genetic algorithms are an intuitive approach that 

considers gene structures in living and methods in the 

biological evolution process (Goldberg 1989). Individuals 

are chromosomes, genes are input contained in 

chromosomes, and a population is a society consisting of 

chromosomes in these algorithms. Genetic Programming 

(GP) is a branch of genetic algorithm belonging to the 

family of evolutionary algorithms and was first proposed by 

Koza (1992). Genetic programming is like genetic 

algorithms, yet, genetic programming analyzes using parse 

tree (expression tree) structure rather than through bite strip 

(comprehension) as in genetic algorithm (Pourzangbar 

2012). Gene Expression Programming (GEP) using GP is a 

new technique developed by Ferreira (2001) for generating 

computer models from learned or discovered information. 

The fundamental difference between GEP from GP is the 

structure of individuals. The individuals are expression trees 

(ETs) in GP. They are nonlinear entities of different sizes 

and shapes. The individuals are encoded as fixed-length 

linear sequences (chromosomes consisting of one or more 

genes) in GEP as in GAs, then expressed as nonlinear 

entities of different sizes and shapes. Let the algebraic 

notation in Eq. (1) be given below as an example. 

𝑎 − 𝑏

𝑐
 (1) 

a, b and c are the terminals formed by variables in the 

model. -, ÷ are functions that determine the formal 

organization of terminals. Nodes and links provide the 

interaction of this function and terminal with each other. 

The principal function of the gene organization is the root 

node. This algebraic representation above is shown in Fig. 

1. 

Depending on the complexity of the problem, these ETs 

can also be encoded as sub-expression trees (sub-ETs) 

where more than one gene is considered. The phenotypic 

gene information in ETs is displayed in the Karva language  

 

Fig. 2 Karva expression of a gene 

 

 

as top-to-bottom and left-to-right genotype gene 

information, respectively, expressed in Fig. 2. This 

genotype gene information is also known as an Open 

Reading Frame (ORF).  

Genes processed by genetic operators in GEP are 

organized from head and tail. The head consists of functions 

and terminals, as in the gene in the example above. The tail 

consists of terminals only. The length of the tail, t, be 

calculated from t=h.(n-1)+1. h: Head length; n: Number of 

the variable. Accordingly, the tail length of the gene given 

in the example is t=11, and it is presented in bold (See Fig. 

3). 

Chromosome number and structure should be 

determined in GEP. The number of genes and length of the 

head (head size) that make up the structure of the 

chromosomes should be determined according to the 

difficulty and complexity of the problem. The number of 

variables and their contribution to the solution is essential 

for creating a high-performance model. Generally, a number 

of variables increases, number of genes and length of the 

head also tend to increase. Likewise, the functions that 

make up the head of the gene and the linking functions in 

the case of using more than one gene should be defined 

following the problem. The linking functions that connect 

genes may not be the same in the models created for every 

issue. It may vary depending on the nature of the problem 

and the outcome being discussed. It is recommended to use 

basic mathematical operators (+, -, x, /) to create simple and 

pellucid models (Sattar 2014). 

GEP generates the population by randomly creating 

individuals from functions and terminals where the 

chromosome structure is ready. The first individual created 

in the population is the parental chromosome. The best 

offspring chromosomes created by applying genetic 

operators to this parent chromosome are passed on to future 

generations. According to the fitness criterion, the best 

offspring chromosomes are selected, where objective 

functions are used, depending on the target model. The 

fitness criterion, fi, is given in Eq. (2), where RMSE (Root 

Mean Square Error) is used, which is considered in 

obtaining the regression function. The fitness criteria range 

from 0 to 1000. If RMSE=0, fi=1000, and perfect fit is 

achieved. Thus, a new population is created by allowing the 

best-fit individuals (chromosomes) to continue their lives. 

𝑓𝑖 = 1000.
1

1 + 𝑅𝑀𝑆𝐸
 (2) 

The evolutionary process in the genetic algorithm is 

terminated based on some convergence criterion. The 

maximum number of generations is defined, or the process 

can be completed when multiple generations can create 

without changing the best fitness value.  

Many genetic operators exist in the GEP technique 

(Ferreira 2001). The replication operator is used to store 

good genes on the chromosome that affect the outcome for  
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later generations. The symbol in the head of genes can be 

replaced with another with the mutation operator, but the 

change in the tail part is limited to terminals only. The 

structural organization of the chromosomes as described 

above is preserved with the mutation. A transposition 

operator replaces a certain number of gene information in 

chromosomes or copies other gene information instead. The 

transposition occurs in three different ways: the 

transposition of insertion sequential genes (IS 

Transposition), the transposition of root insertion sequence 

(RIS Transposition), and the gene transfer (Gene 

Transposition). The IS Transposition replaces a certain 

number of randomly selected gene information in the head 

of the chromosome with the same number of gene 

information in another part of the same chromosome. The 

RIS Transposition occurs when a certain number of 

randomly selected gene information is placed in different 

places in the head of the chromosome. Gene transfer is 

achieved by copying a group of genes on the chromosome 

 

 

and substituting them. The recombination operator is used 

in the reproduction of chromosomes by rearranging a single 

point (1-point Recombination), two points (2-point 

Recombination), and a certain number of genes (Gene 

Recombination). Genes are replaced at a randomly chosen 

spot between two chromosomes during the crossover, 

forming new offspring with 1-Point Recombination. With 2-

point Recombination, genes are replaced at two randomly 

selected points between two chromosomes during the 

crossover, creating new offspring. By Gene Recombination, 

randomly selected genes are recombined to form new 

generations. The flowchart of the GEP is summarized in 

Fig. 4. 

In recent years, GAs, GP and GEP, which mimic the 

process of biological evolution, have been used to predict 

the necessary design parameters in the field of geotechnics. 

This artificial intelligence (AI) approach can eliminate the 

uncertainties seen in the findings of experimental 

investigations on non-homogeneous soils. In particular,  

 

Fig. 3 Schematic view of a gene that consists of head and tail 

 

Fig. 4 The flowchart of gene expression programming (GEP) algorithm (Ferreira 2001) 
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GEP (www.gepsoft.com) has a simple user interface and is 

easy to use, allowing researchers to opt for GEP. In 

addition, it is known that the models created with GEP give 

better results than models made with other AI approaches 

(ANN, ANFIS). GEP has been used for different topics of 

civil engineering and geotechnical engineering: mechanical 

properties of SFRHSC with metakaolin and ground pumice 

(Sarıdemir et al. 2017), swell pressure and unconfined 

compression strength of expansive soils (Jalal et al. 2021), 

compaction parameters of coarse-grained soils with fines 

content (Sivrikaya et al. 2013), soil liquefaction potential 

(Kayadelen 2011), compression index for fine-grained soil 

(Mohammedzadeh et al. 2019), soil-water characteristic 

curve parameters of unsaturated soil (Johari and Nejad 

2015), soil deformation modules using plate load test results 

(Mollahasani et al. 2011), the axial capacity of driven piles 

in cohesive soil (Alkroosh and Nikraz 2012), California 

Bearing Ratio (CBR) of soil (Taskiran 2010), collapse 

potential of soils (Uysal 2020), effective internal friction 

angle of soils (Kayadelen et al. 2009), effective stress 

parameter of unsaturated soils (Johari et al. 2013) and 

maximum lateral displacement of retaining wall (Johari et 

al. 2016).  

 

 
 
3. Database for GEP modelling 
 

It is known that the success of the models is wholly 

related to realistic and accurate data. Therefore, initially, an 

extensive literature review was performed. Secondly, dam 

incident cases causing dam crest settlement during seismic 

loading were collected from different sources. Observed 

earthquake-induced crest settlement values reported in 

multiple kinds of research were checked, and then an 

optimized database was established. The database includes 

88 cases in different parts of the world. Most of the data 

were gathered from Pells and Fell (2002)(n=53). Twelve 

data were obtained from Sing and Roy (2009). The number 

of data collected from Swaisgood (2014) was 11. The 

remaining 12 data were obtained from different studies 

(Sakamoto et al. 1998, Chern and Tsai 2001, Yousif et al. 

2019, Adamo et al. 2020, Yamanaka et al. 2020). Since 

database of this study has only cases of embankment dams, 

it is possible to state that database of this study is reliable 

although it is limited. The database of the study by 

Swaisgood (2014) which is frequently used by dam 

engineering professionals includes accidents belonging to  

 

Fig. 5 Location of dams having earthquake-induced crest settlements 

 

Fig. 6 Distribution of dams based on height and type 
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concrete faced rockfill dams as well as earthfill and rockfill 

dams. In addition, it is seen that the distribution of input 

parameters to be given in the following section of the paper 

represent a wide range, not a narrow range. Therefore the 

authors believe that database used for GEP model 

established in this study is reliable and sufficient for rapid 

risk evaluation after earthquake and pre-design.  

Locations of dam sites belonging to 88 dam accidents 

are given in Fig. 5. As seen in Fig. (5), most of the 

embankment dams are located in USA and Japan, with a 

number of 28 and 19, respectively.  

Dams discussed in this study are earthfill (EF), rockfill 

(RF) and hydraulic fill (HF) dam types. EF and RF dams 

constitute 93 per cent of the database (See Fig. 6). While 

approximately 78% of EF dams are less than 50 m high, 

almost 80% of RF dams are higher than 50 m. All dams 

higher than 100 m in the database are of RF dam type. 

Epicenters of past earthquakes causing crest settlement 

are given in Fig. (7). It is seen that earthquake epicenters 

are located in regions with high seismic activity, such as 

Mexico, Japan and USA. 1989 Loma Prieta earthquake 

(M=7.1), 1906 San Francisco earthquake (M=8.3), 1995 

 

 

Kobe earthquake (M=7.1), 1999 Chi-Chi earthquake 

(M=7.7), and 1999 Kocaeli (M=7.8) earthquakes included 

in this study are important historical earthquakes in the past. 

Especially Tohoku earthquake (M=9.0) occurred on 

11.03.2011, and the Chili earthquake (M=8.8) occurred on 

27.02.2010, which are important in terms of their 

magnitudes. 

When the magnitudes of the earthquakes in the database 

are examined, approximately 71% are between 6.0 and 8.0. 

Earthquakes greater than 8.0 constitute 17% of all 

earthquakes (See Fig. 8).  

 

 
4. Developed GEP models 

 

The success of the GEP model to be developed is 

closely related to the selection of the independent variables 

that affect the crest settlement. However, determination of 

the relevant parameters for settlement is not easy. Because 

the behaviour of embankment dams under earthquake 

loading is quite complex. Previous studies show that dam 

height, earthquake magnitude and peak ground acceleration  

 

Fig. 7 Epicenter distribution of earthquakes causing to crest settlement 

 

Fig. 8 Distribution of earthquake magnitude causing crest settlement 
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values are the dominant parameters of settlement behaviour 

of embankment dams. Besides, crest settlements of 

embankment dams subjected to the earthquake may be 

caused directly by the insufficiency of compaction in the 

embankment and the settlement in the foundation soil under 

the dam.  

Some researchers used different variables, such as the 

fundamental period dam body and the predominant 

earthquake period except (Barkhordari and Entezari 2015, 

Javdanian et al. 2020). In addition to the model's success to 

be established within the scope of this study, it is also vital 

that the professionals perform a rapid assessment after an 

earthquake. Swaisgood (2003) stated that several other 

independent variables such as dam type, distance from 

seismic source to the dam site, the ratio of crest length to 

dam height, embankment slope angles and reservoir water 

level at the time of the earthquake have a minimal effect on 

crest settlement. It has been observed that there is limited 

information in the databases included in the studies on 

earthquake-induced crest settlements of embankment dams. 

During the literature research, it has been determined that 

there are differences even in the height information of the 

same dam used for estimation of crest settlement values. 

For this reason, a comprehensive research has been carried 

out on the characteristics of the dams considered. As a 

result of the research, it was concluded that the dam height 

and the thickness of the alluvium under the dam foundation 

are the most reliable data and other characteristics such as 

dam slopes, crest width and length could not be obtained for 

all dams studied. Therefore, a database of dams with 

reliable information on dam height and alluvial thickness 

was created in model studies. 

 

 

In addition to dam height (Hd) and alluvium thickness 

(Ha), earthquake magnitude (Mw) and peak ground 

acceleration (PGA) have been selected as independent 

variables to predict crest settlement in this study. 

Parameters such as damping ratio and dynamic modulus 

values are known to be effective in the dynamic behavior of 

dam structures, due to the problems during the 

determination of the characteristics of the dam structures 

explained above, the input parameter including material 

property could not selected for earthfill and rockfill dams. 

In addition, selecting the material parameters based on 

estimation is not suitable for reliable database. With this 

approach it would be accepted that each earthfill and 

rockfill dam would have the same material properties and 

this situation would increase the uncertainty on the results. 

Therefore it was not preferred to add such material 

properties as input parameters to the model. PGA values 

have been identified as measured or estimated values on the 

dam foundation. Fig. 9 shows the correlation of four input 

parameters compared to the dependent parameter. As seen 

in Fig. 9, the selected variables alone cannot explain the 

earthquake-induced settlements in the embankment dams.  

After detailed statistical studies to determine the 

sensitivity of variables with each other or with settlement 

value, it was decided to combine the M and PGA. This 

 

 

Table 1 Input and output parameters for GEP models 

Model Input Parameter Output Parameter 

GEP-I Hd, MAF 
Screst 

GEP-II Hd, Ha, MAF 

 
Fig. 9 Distribution of crest settlement with dam height, alluvium thickness, earthquake magnitude and peak ground 

acceleration values 
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parameter was named magnitude-acceleration-factor 

(MAF). After the regression analysis, Eq. (3) given in below 

was obtained.  

MAF = 𝑒√2𝑥𝑃𝐺𝐴𝑥𝑀𝑤  (3) 

After selecting variables, GEP (www.gepsoft.com) was 

utilized to develop a prediction equation for the vertical 

settlement of embankment dams subjected to earthquakes.  

For this purpose, GEP-based empirical GEP-I and GEP-II 

forecast models have been developed. The input parameters 

used in these GEP models are given in Table 1. Unlike the 

GEP-I model, alluvium thickness at the base of the 

embankment dam was also considered in the GEP-II model. 

So, GEP Models developed with the specified input 

parameters offer flexibility in alluvium thickness 

information to designers who will use equations. 

Eighty-eight carefully selected data from settlement 

cases reported as a result of earthquakes occurring 

worldwide were used in GEP models. In all GEP models, 

80% of this dataset consisting of 88 cases was considered a 

training dataset and 20% a testing dataset. The training and 

testing datasets have similar statistical parameters, such as 

mean and standard deviation. Limit values of input and 

output variables in GEP models for the training and testing 

process are given in Table 2. 

In GEP models, the fitness function in the Regression 

Function module was selected as RMSE (Root Mean 

Square Error) to develop empirical equations. The 

parameters employed in GEP-I and GEP -II models are 

 

 

 

presented in Table 3. The number of genes, the number of 

chromosomes, head size, and linking function were the 

same in the attempts to achieve the best fitness in both GEP 

models. In addition, due to the difference in input 

parameters, the function sets employed in GEP models were 

not the same. The rates of genetic operators such as 

mutation, transposition, and recombination were selected 

automatically. 

Ets (Expression trees) consisting of four genes and the 

inter-gene linking function are presented in Figs. 10 and 11  

for GEP-I and GEP-II models, respectively. While d0 and 

d1 refer to MAF and Hd in the GEP-I model, d0, d1, and d2 

refer to Hd, Ha and MAF, respectively, in the GEP-II model. 

According to GEP models, prediction formulas are given in 

Eqs. (4) and (5). The constants in these equations that are 

explicated ETs on the GEP-I and GEP-II models are given 

in Table 4. 

Screst = {Log[Log(c0 + Sin(d1 × c5) − c4)]}

×

{
 
 

 
 (
d0
c6
) × (c8 − d1)

Cos(c9)

c6

}
 
 

 
 

× {Sin(c3) + [
1

d1
× (c6 × c7)]

|d0|

}

×  {(Log( c8)
Sin(d0×c3×c2)−c2

)} 

(4) 

 

Table 2 Limit values of input and output variables employed in GEP models for training and testing process(n=88) 

Variable Type Variable Name Min. Max. Average 
Standard 

Deviation 

INPUT 

Dam height, Hd (m) 15.00 235.00 65.68 43.64 

Alluvium thickness, Ha (m)* 0.00 70.00 9.60 19.80 

Magnitude-Acceleration-Factor (MAF) 1.50 31.34 8.05 5.94 

OUTPUT Crest settlement, Screst (m) 0.001 1.100 0.113 0.154 

* for only GEP-II model 

Table 3 Parameters employed in the GEP models 

Definitions GEP-I GEP-II 

Function set +,-,/,x,Log,Sin,Cos,Pow, 

Inv,Abs 

+,-,/,x,Sin,Cos,Min2,Pow, 

Exp,Inv 

Fitness Function RMSE 

Number of genes 4 

Number of chromosomes 50 

Head size 8 

Linking function Multiplication 

Mutation 0.00138 

Inversion 0.00546 

One and two-point recombination 0.00277 

Gene recombination 0.00277 

Gene transposition 0.00277 

Random chromosomes 0.0026 
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Screst = {c4 + Cos[Min(Sin(d0); (d1 × c3)) + d2
c9]}

× {d2 −
(
c8
d0
× c8)

c2 + d2
} × {e

1

(
d2×d1
c4 )−c7

+c9

}

× {Min [(
d2 + d1

c6
) − (d1 − d0); c1] − d0} 

(5) 

Crest prediction formulas for GEP-I and GEP-II models 

were simplified as in Eqs. (6) and (7) using the constants of 

formulations given in Table 4. These equations were 

obtained after extensive analysis in GEP and were chosen 

among different relations. Especially despite the highly 

non-linear relationship between input data and output data, 

it should be stated that these prediction equations are user-

friendly and can be used with simple calculation tools. 

 

 

Screst = log[log(2.849 − sin(9.972 × Hd))]

× [−
MAF

18.836
× (14.977 + Hd)]

× [0.240 +                (
15.534

Hd
)
MAF

]

× 0.6457.747−sin(26.812×MAF) 

(6) 

Screst
= {cos[min(sin(Hd) ; (−9.464 × Ha)) + MAF

−1.734] − 2.101}

× [MAF −
47.531

Hd × (MAF − 9.915)
] ×                   e

4.905
(MAF×Ha)−31.410

−9.134

×min (
(1.261 × Hd) − (2.261 × Ha) − MAF

1.261
; (−10.179)) − Hd} 

(7) 

Table 4 The constants of the formulation for GEP-I and GEP-II models 

Constants 
GEP-I GEP-II 

Sub-ET1 Sub-ET2 Sub-ET3 Sub-ET4 Sub-ET1 Sub-ET2 Sub-ET3 Sub-ET4 

c0 -4.954        

c1        -10.179 

c2    -7.747  -9.915   

c3   2.899 3.461 -9.464    

c4 -7.803    -2.101  4.905  

c5 -9.972        

c6  -7.142 7.815     -1.261 

c7   1.988    6.404  

c8  -14.977  4.415  -6.894   

c9  -5.091   -1.734  -9.134  

 

Fig. 10 Expression trees for the GEP-I model 
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5. Evaluation of the GEP models 
 
5.1 Performance of GEP models 
 
This study presents three statistical parameters (R-

square, R2, mean absolute error, MAE and root-mean-

squared error, RMSE) in Eqs. (8)-(10) were utilized to 

evaluate the performance of empirical equations based on 

GEP models. In these equations, yİis the observed value, yİ̂ 
is the predicted value, yİ̅ is the average of the observed 

values, and n is the total number of data. 

 R2 = 1 −
∑ (yİ − yİ̂)

2n
i=1

∑ (yİ − yİ̅)
2n

i=1

 (8) 

MAE =
1

n
∑|yİ − yİ̂|

n

i=1

 (9) 

RMSE = √
1

n
∑(yİ − yİ̂)

2

n

i=1

 (10) 

Also, the performance of model results was compared to 

the formulation developed by Swaisgood (2014). It was 

discussed that there were different estimation equations for 

earthquake-induced dam crest settlements in the 

introduction section of the paper. The most crucial reason 

for the selection of Swaisgood (2014) for the comparison is 

that it is frequently used in different researches and 

mentioned as the simpler method in the guides of seismic 

design of embankment dams (FEMA 2005, USBR 2019). 

Also, the U.S. Army Corps of Engineers (USACE) Risk 

Management Center (RMC) developed a set of toolboxes 

for embankment dam crest settlement by using Swaisgood's 

(2014) formulation (USACE 2022).   

 

 

Observed and prediction crest settlement values for the 

training and test data of the GEP models and Swaisgood's 

(2014) formulation are given in Figs. 12 and 13. Also, the 

linear least-square fit line and the R2 values are added to 

these figures. R2 values in the training sets are 0.802 and 

0.839 for GEP-I and GEP-II models, whereas R2 values in 

the test sets are 0.809 and 0.829 for GEP-I and GEP-II 

models. These figures show that the R2 values of GEP-I and 

GEP-II models are higher than the R2 of Swaisgood (2014) 

for training and test data. Figs. 12 and 13 exhibit how well 

the nonlinear relation between parameters is obtained from 

training and testing results of GEP models.  

In addition to the R2 value, MAE and RMSE values are 

also calculated for GEP models and Swaisgood's (2014) 

formulation (Table 5). The larger R2 and smaller values of 

MAE and RMSE dictate the accuracy and generalization of 

the models. Although it can be said that R2 values of GEP 

models are little low, it is possible to conclude that the 

model results are successful since the other statistical 

evaluation parameters RMSE and MAE are quite small. In 

addition, it is clear that the prediction capability of the 

proposed GEP models is sufficient, especially despite the 

uncertainties inherent in the earthquake behavior and the 

high non-linear relationship between input and output 

parameters as seen in Fig. 9.With this perspective, the GEP-

II model has successful performance in predicting the 

earthquake-induced crest settlement. GEP –I model follows 

the GEP-II model in term of prediction performance. 

Statistical parameters are given in Table 5 to show 

overall performance. To see the performance of the models 

for each training and testing data, an error plot between the 

actual and predicted values is given in Fig. 14. As seen in 

this figure, the error values of the GEP models are smaller 

than the error values calculated according to Swaisgood's 

(2014) equations. Especially GEP-II model accurately  

 

Fig. 11 Expression trees for the GEP-II model 
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Table 5 Statistical performance of GEP models and previous 

studies 

Model 
Training Testing 

R2 RMSE MAE R2 RMSE MAE 

GEP-I 0.802 0.069 0.053 0.809 0.068 0.051 

GEP-II 0.839 0.065 0.051 0.829 0.049 0.039 

Swaisgood (2014) 0.535 0.127 0.072 0.688 0.422 0.199 

 

 

captured the target results for both training and test data. 

The equation of Swaisgood (2014) tends to overestimate the 

actual data. As a general result of the evaluations, it can be 

concluded that there is a strong correlation between the 

predictions of proposed GEP-II formulation and the actual 

data for training and test sets.  

 

5.2 Sensitivity and parametric study 
 
For this study, sensitivity analysis was performed to 

determine the contribution of input parameters on  

 

Table 6 Sensitivity analysis of the input parameters in GEP-

II model 

Parameter Hd Ha MAF 

Sensitivity (%) 25.34 12.02 62.64 

 

 

earthquake-induced crest settlement value of embankment 

dams. A simple procedure given in Eqs. (11) and (12) 

𝑁𝑖 = 𝑓𝑚𝑎𝑥(𝑥𝑖) − 𝑓𝑚𝑖𝑛(𝑥𝑖) (11) 

𝑆𝑖 =
𝑁𝑖

∑ 𝑁𝑗
𝑛
𝑗=1

× 100 (12) 

where fmin(xi) and fmax(xi) are the minimum and maximum 

values of the predicted output values for the ith input 

domain while other input values are equal to their mean 

values. As seen in Table 6, the most influential input 

variable on the earthquake-induced crest settlement values 

is MAF parameter calculated based on M and PGA with a 

contribution of 62.64%. This input parameter is followed by 

Hd and Ha. 

 

Fig. 12 Comparison of observed and predicted crest settlement values in the training set 

 

Fig. 13 Comparison of observed and predicted crest settlement values in the testing set 
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In addition to sensitivity analysis, parametric study is an 

important stage to check and verify the robustness of the 

developed models. For this purpose, the trends of the output 

parameter, Screst were evaluated with the input variables. 

Changes in Screst values were obtained only by changing the 

value of one variable from minimum to maximum and other 

inputs were maintained at average values. Fig. 15 illustrates 

the tendency of the earthquake-induced crest settlement 

predictions to the variations of the variables, Hd, Ha and 

MAF. As seen in Fig. 15, Screst increases with increasing Hd, 

Ha and MAF values. It is clear that parametric analysis 

show an acceptable trend for the GEP models. 

It is understood that the GEP-II model can be used 

successfully both in terms of statistical success criteria and 

in terms of parametric study results showing the accuracy of 

the parameters. However, as in each prediction equation, the 

success of the prediction equation proposed in this study is 

based on selection of the suitable and reliable input 

parameters. A schematic view of the usage of the prediction 

model was given in Fig. 16. Determining the PGA value is 

one of the most important steps in the crest settlement value 

estimation. At this stage, if there is a strong ground motion 

station at the dam site, the PGA value can be obtained 

 

 

directly. However, if no record has been taken at the dam 

site, the PGA value can be calculated with ground motion 

prediction equations (GMPEs). The success of this process 

depends on the selection of the reliable GMPEs. The 

database of the prediction equation to be selected should be 

suitable in terms of dam site geological conditions, faulting 

type, seismic source-site distance and earthquake magnitude 

range.  

 

 

7. Conclusions 
 

In this research, the GEP algorithm was operated to 

develop the prediction equations for earthquake-induced 

dam crest settlement based on 88 cases observed in 

different parts of the world. Two different GEP model was 

established, namely GEP-I and GEP-II. Dam height (Hd) 

and MAF (magnitude-acceleration-factor) were selected as 

input variables on the GEP-I model. In the GEP-II model, 

besides these two parameters, alluvium thickness (Ha) was 

also included to model as a variable parameter. The 

performance of the models and empirical formula 

developed by Swaisgood (2014) were evaluated based on  

 

Fig. 14 Error between observed and predicted results of the training set (a) and testing set (b) 
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statistical results of R2, MAE and MAPE values. The 

conclusions of the study are summarized below. 

 Formulations of the GEP-I and GEP-II models have 

successful performance compared to the prediction 

equation by Swaisgood (2014) based on R2, MAE and 

MAPE values for both training and test data.  

 The formulation of Swaisgood (2014) has the lowest 

performance in predicting crest settlement for 88 case 

data. The error graph shows that Swaisgood (2014) 

overestimated the actual data compared to GEP-I and 

GEP-II models.  

 

 

 GEP-II model, which includes alluvial thickness as an 

input parameter, is the most successful. If the alluvium 

thickness is not known precisely, the prediction 

equation based on the GEP-I model can be used 

 GEP-II model developed in the paper are robust and 

accessible tools to predict earthquake-induced crest 

settlement of embankment dams.  

 The fact that the cases in the database used for these 

GEP models do not contain liquefaction is the most 

important advantage when compared to the other 

prediction equations in the literature. 

 

Fig. 15 Parametric analysis of GEP-II model with respect to input parameters 

 

Fig. 16 Schematic view of the procedure of the GEP-II model 
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 It is thought that the GEP-II model obtained in this 

study will be an important alternative for post-

earthquake emergency action plan and rapid risk 

assessment studies, as it is simpler and less time 

consuming compared to both complex stress strain 

behavior analyses and Modified Newmark methods.  

 Since the variables in both GEP models are easily 

accessible after the earthquake, they can be used 

practically by dam engineering professionals. 

 In the future, other soft computing methods such as 

Artificial Neural Network, Fuzzy Logic and Machine 

Learning can be utilized and results can be compared 

with GEP models.   
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