
This is a preprint draft. The published article can be found at: https://doi.org/10.1007/s11831-022-09793-w.  

Please cite this paper as:   

Tapeh, A., Naser, M.Z. (2022). Artificial Intelligence, Machine Learning, and Deep Learning in Structural 

Engineering: A Scientometrics Review of Trends and Best Practices. Archives of Computational Methods in 

Engineering. https://doi.org/10.1007/s11831-022-09793-w.    

1 
 

Artificial Intelligence, Machine Learning, and Deep Learning in Structural Engineering: A 1 

Scientometrics Review of Trends and Best Practices  2 

Arash Teymori Gharah Tapeh1, M.Z. Naser, PhD, PE2,3 3 
1Graduate Student, Glenn Department of Civil Engineering, Clemson University, Clemson, SC, USA 4 

E-mail: teymouriarash89@gmail.com 5 

2Assistant Professor, Glenn Department of Civil Engineering, Clemson University, Clemson, SC, USA 6 
3AI Research Institute for Science and Engineering (AIRISE), Clemson University, Clemson, SC, USA 7 

E-mail: mznaser@clemson.edu, Website: www.mznaser.com 8 

Abstract 9 

Artificial Intelligence (AI), machine learning (ML), and deep learning (DL) are emerging 10 

techniques capable of delivering elegant and affordable solutions which can surpass those obtained 11 

through traditional methods. Despite the recent and rapid advancements in developing next-gen 12 

AI-based techniques, we continue to lack a systemic understanding of how AI, ML, and DL can 13 

fundamentally be integrated into the structural engineering domain. To advocate for a smooth and 14 

expedite the adoption of AI techniques into our field, we present a state-of-the-art review that is 15 

specifically tailored to structural engineers. This review aims to serve three purposes: 1) introduce 16 

the art and science of AI, ML, and DL in terms of its commonly used algorithms and techniques 17 

with particular attention to those of high value to this domain, 2) map the current knowledge within 18 

this domain through a scientometrics analysis of more than 4000 scholarly works with a focus on 19 

those published in the last decade to identify best practices in terms of procedures, performance 20 

metrics, and dataset size etc., and 3) review past and recent efforts that applied AI derivatives into 21 

the various subfields within structural engineering. Special attention is given to the application of 22 

AI, ML, and DL in earthquake, wind, and fire engineering, as well as structural health monitoring, 23 

damage detection, and prediction of properties of structural materials as collected from over 200 24 

sources. Finally, a discussion on trends, recommendations, best practices, and advanced topics 25 

towards the end of this review. 26 

Keywords: Artificial Intelligence, Machine Learning, Deep Learning, Structural Engineering, 27 

Scientometrics analysis.  28 

1.0 Introduction 29 

The rapid rise in computational knowledge and capacity has opened exciting opportunities that can 30 

be leveraged to realized new methods for analysis – especially those of data-driven nature to make 31 

up for the limitations of mechanics-based approaches [1]. One such opportunity is that provided 32 

by Artificial Intelligence (AI); and, by extension, machine learning (ML) and deep learning (DL) 33 

[2]. AI-based techniques have been proven successful in parallel fields (such as robotics [3], 34 

manufacturing [4], medicine [5], etc.), yet remain to be underutilized by structural engineers [6]. 35 

Despite ongoing efforts aimed at adopting AI, ML, and DL into our domain, these efforts are often 36 

faced with inertia. Understandably, this inertia is habitually tied to the notion of AI-based methods 37 

providing solutions in a blackbox-manner which structural engineers are not familiar with – as 38 
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opposed to their fluency in transparent methods (e.g., experimental, numerical, and analytical 39 

methods).  40 

A deep dive into the above notion showcases that most structural engineers have been part of an 41 

experimental, numerical, or analytical program, whether while pursuing their education or during 42 

their tenure in practice/field. In a way, structural engineers were exclusively “primed” and then 43 

“accustomed” to employing classical methods [7]. Still, in reality, courses on advanced numerical 44 

simulations (i.e., finite element (FE) method) or high-order nonlinear mechanics briefly touch 45 

upon complex three-dimensional (3D) phenomena. While this may well indeed be a contradiction 46 

to the above since most problems tackled by structural engineers are inherently complex and do 47 

require means of advanced computations, the same also brings in a pragmatic perspective. In this 48 

perspective, it is the “practice” and “continual education” components that enable an engineer from 49 

getting familiar with the innings of advanced numerical modeling (or simply FE software [8]). 50 

Similarly, the authors believe that with continued practice, a structural engineer can also be adapted 51 

to AI, ML, or DL.  52 

From a logistical point of view, structural engineering projects often amount to repetitive checks 53 

and steps which have been seamlessly, yet historically intentionally, developed systematically 54 

(e.g., building code provisions) by structural engineering authorities (i.e., regulatory committees 55 

and building codes). Naturally, structural engineering provisions can be automated and fitted into 56 

software for simplicity [9]. Analyzing project-sized models involves high-capacity workstations, 57 

access to proper software and license, as well as the availability of expert personnel. Given the 58 

complexity of modern projects, a considerable volume of computation and time is needed to pursue 59 

proper structural design. This makes realizing and evaluating such designs through traditional 60 

methods challenging, and in some instances, impractical (due to cost or time constraints) [10]. For 61 

example, structural health monitoring of a typical structure (say a bridge) is associated with a series 62 

of sensor networks that continually measure and record valuable information on the status of such 63 

a bridge. Analyzing such data in real-time, or near real-time, mechanically or by means of legacy 64 

software may not only be infeasible but may hinder fully utilizing the potential of the deployed 65 

sensing infrastructure [11,12].  66 

Hence, it is of merit to this domain to examine modern methods that may bypass some of the 67 

aforenoted complications. From this view, AI-based methods have proven effective in creating 68 

affordable, scalable, and unique approaches that allow engineers to design, monitor, and assess 69 

structures while at the same time overcome many of the above-noted challenges [13,14]. To set 70 

the stage and to have a better understanding of the concepts of AI, ML, and DL, as well as 71 

associated technologies to be described during this review, we will first outline key terminologies 72 

and concepts herein. 73 

In recent years, AI and ML are often used interchangeably [15]. However, one should be cognizant 74 

that ML is considered as a subset of the more pronounced domain of AI [16]. A key distinction is 75 

often made between AI and ML. All in, AI is a branch of computer science that attempts to solve 76 
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complex problems through imitation of biological processes such as cognition and logic [17,18]. 77 

In this pursuit, AI creates programming systems that are capable of performing tasks that often 78 

require some degree of cognition (i.e., human intelligence). On the other hand, ML trains methods 79 

(or simply algorithms) to perform tasks via automatically recognizing patterns within data as 80 

opposed to explicitly programming such algorithms to carry out the aforenoted tasks [17,19]. A 81 

third terminology also exists and is commonly referred to as DL. DL is a special form of ML and 82 

capitalizes on training neural networks with deep and fluid architectures (i.e., contains a series of 83 

processing layers as will be described in a later section [20]).  84 

An examination of publication trends within this domain during the last two decades shows a 85 

continued rise in the number of articles related to AI derivatives (including ML and DL) – see Fig. 86 

1. In fact, the number of publications that utilized AI techniques almost doubled during the last 87 

two years. In general, these works revolve around four themes [21–23]: 88 

• Extraction of models based on data retrieval. 89 

• Prediction of structural behavior. 90 

• Derivation of mathematical representations of physical phenomena. 91 

• Examination of visuals from images and videos. 92 

 93 
Fig. 1 Publications adopting AI derivatives in structural engineering (2000-2020) [arrived at by 94 

searching “artificial intelligence” and “structural engineering” using the Dimensions scholarly 95 

database] 96 

In spirit of this review, it is worth noting that some of the earliest research articles that mention 97 

the use of AI in civil or structural engineering date back to the late 1980s and early 1990s [24,25]. 98 

It is also worth noting that one of the first reviews on the use of AI in civil engineering applications 99 

was conducted by Adeli [26] over 20 years ago. Since then, a few notable reviews were also 100 

undertaken. For example, Salehi and Burgeno [17] recently reviewed AI methods focusing on 101 

pattern recognition and classification algorithms. Zhang et al. [27] focused their review on articles 102 

related to genetic algorithms in civil engineering. Mirrashidi and Naderpour [28] reviewed the use 103 
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of AI in concrete structures to explore the behavior of concrete beams, columns, joints, and slabs. 104 

Penadés-Plà et al. [29] reviewed the use of AI and ML in decision-making methods applied to 105 

bridge design. Aldwaik and Adeli [30] thoroughly examined optimization-based algorithms into 106 

2D and 3D high-rise structures from a cost-benefit perspective.  107 

Noting how: 1) the above notable reviews focused in some form or shape on a specific area or 108 

specific AI technique within the civil engineering domain, and 2) the substantial improvements in 109 

AI-based methods during the past few years, we dedicate our review to accumulate and summarize 110 

recent studies (2010-2021) that successfully explored the use of AI, ML, and DL in structural 111 

engineering problems. We hope this review will bridge some of the burning questions often raised 112 

by structural engineers, thereby accelerating the adoption of the above emerging technologies into 113 

our domain.  114 

This review is structured as follows. A gentle introduction to AI, ML, and DL is introduced in 115 

Section 2. Section 3 presents commonly used AI-based algorithms of high merit to structural 116 

engineers with details. Section 4 outlines the procedures used for collecting and sorting the 117 

reviewed literature supplemented with scientometrics statistics and knowledge maps. Section 5 118 

reviews works conducted over the last decade with regard to AI, ML, and DL and their applications 119 

in structural engineering, and Sec. 6 collectively analyzes the outcome of such review. Finally, our 120 

conclusions are provided in section 7. 121 

2.0 A Gentle Introduction to General Concepts within AI, ML, and DL  122 

2.1 Big ideas 123 

Collectively, the nature of computational methods that can be applied to solve a problem can be 124 

generally divided into two groups, often referred to as Soft Computing and Hard Computing (see 125 

Fig. 2). Hard computing comprises methods that integrate a high degree of certainty to solve 126 

problems [31,32]. On the contrary, soft computing covers approximate methods that can be used 127 

to solve problems via implicit/useable yet not exact solutions [33]. As one can see, there is a 128 

common ground between the previously noted definition of AI derivatives with that of soft 129 

computing methods.  130 
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 131 
Fig. 2 Computational methodologies 132 

In parallel, associated terminology that is often applied to describe features of the computational 133 

methodologies also exists. In this terminology, methods of computation can be further classified 134 

into three separate groups (whitebox, greybox, and blackbox) [10]. Whitebox methods are those 135 

that clearly articulate the functional relationship(s) between the variables governing a phenomenon 136 

to the outcome (or target/response) an engineer is trying to evaluate. Such methods resemble those 137 

of a classical sense (i.e., Hooke's laws) and by extension equation-based models. Greybox methods 138 

refer to models wherein the relationship and/or mathematical model the ties variables to 139 

observations is partially built on theoretical understanding or prior knowledge while also making 140 

use of data driven-like approaches [34]. Finally, blackbox models have complex inner workings 141 

that are hard to interpret yet can still convey the outcome of a phenomenon with high accuracy 142 

(i.e., a neural network that can correctly predict the axial behavior of a given structural member  143 

despite exactly knowing as to how, or why such a network is capable of attaining high predictivity 144 

[35]). At this point in time, the majority of AI derivatives may fall under blackbox models [36]. 145 

In general, AI derivatives fall under one of three learning methods; supervised learning, 146 

unsupervised learning, and reinforcement learning (see Fig. 3) [37,38]. Supervised learning is 147 

adopted when both the outcome (target/response) and governing variables of a phenomenon are 148 

known (i.e., details of a structural member and its corresponding sectional capacity) [39]. This 149 
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type of learning can be further grouped under regression (when the target is a quantity) or 150 

classification (when the target is a label/class). Unsupervised learning is applied in scenarios where 151 

the data is not labeled, and an engineer seeks to learn the inherent structure of such data (e.g., 152 

analyze if a signal received from an onsite sensor implies cracking of a structural member, or not). 153 

Reinforcement learning refers to algorithms capable of adjusting actions in response to arising 154 

conditions (say from an environmental factor). This type of learning is not as commonly used yet 155 

in structural engineering as the previous two. Figure 3 outlines the aforenoted three methods of 156 

learning, along with some of their corresponding algorithms. The reader is invited to review Sec. 157 

3.0 for a complete discussion on such algorithms.  158 

 159 
Fig. 3 Learning methods 160 

2.2 Problem formulation and data handling  161 

AI-based methods operate through a model development procedure. In this procedure, a research 162 

question or a hypothesis is formed first. Such a question can be, “can we develop an AI model that 163 

can predict the deformation history of a steel beam under seismic loading?” Or, “can we develop 164 

a DL model that can identify different failure modes by examining imagery of failed reinforced 165 

concrete (RC) structures?”. In all cases, the structural engineer is to collect observations pertaining 166 

to the phenomenon and question on hand. Such observations can be in terms of numeric/tabulated 167 

data, or footage, etc. [15]. Given the nature of this introductory section, a discussion covering the 168 

use of tabulated data is presented herein.  169 

Tabulated data is organized into a dataset matrix. This matrix can be referred to as the observed 170 

data matrix in which the number of rows (r) represents the samples collected (from experiments 171 

or simulations), and the number of columns (c) is equal to the characteristics or features of the 172 
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measured samples. As a result, the dimensions of the matrix can be considered equal to (r × c). If 173 

supervised learning is used, then an additional column related to the target (or dependent response) 174 

is also available; otherwise, this column is removed (see Eq. 1). 175 

 176 

Once the needed observations are collected, these observations are processed through feature 177 

selection and feature handling techniques. Engineers may handle data through two techniques: 178 

feature selection and feature extraction. In feature selection, features of observations are selected 179 

through a procedural analysis that comprises of three methods, filter (by filtering essential features 180 

via ranking systems [i.e., correlation analysis]), wrapper (by using feedback from monitoring the 181 

performance of the AI derivative model [i.e., in terms of the obtained accuracy when examined by 182 

systematically adding or removing features], or embedded methods [e.g., algorithms with intrinsic 183 

capabilities to select features such as LASSO] [40].  184 

In lieu of the above, a phenomenon can be governed by a large number of features with several 185 

dimensions. In this event, it could be of merit to reduce the space of such features to eliminate 186 

redundant features or those with minimal influence – thereby accelerating the AI analysis [41]. 187 

This can be taken care of via adopting feature extraction techniques that rely on applying feature 188 

reduction (or dimensionality) reduction methods such as principal component analysis (PCA) [42].  189 

2.3 Model development  190 

Now that the dataset is ready for an AI analysis, an AI technique (or algorithm) is to be selected. 191 

At this stage, it is up to the designer to select a technique, or perhaps a combination of techniques. 192 

It is common for an engineer to prefer one technique that s/he is familiar with (in a similar manner 193 

to preference when selecting a FE software) [43]. Our review also indicates that in some works, 194 

researchers tend to utilize a series of techniques in an individual manner [44], or group (ensemble) 195 

manner [45], or competitive manner (where algorithms compete to attain high-performance 196 

metrics) [46]. In all cases, the selected AI derivative is to be trained and then validated. There are 197 

several ways to “train” an AI model. Two of the most widely used methods are referred to as k-198 

fold cross validation and ratio sampling.  199 

In k-fold cross validation (and its variants), the cleansed dataset is randomly split into two main 200 

sets; a testing set and a training set. The training set is further divided into k number of sub-sets. 201 

The model is then validated on one of the sub-sets and trained using the remaining k-1 sub-sets, 202 

and this process is repeated k times until each unique group has been used as the validation sub-203 

set [47]. On the other hand, in ratio sampling, the dataset is shuffled and then randomly split into 204 

Response Variable  ൝
𝐶𝑎𝑡𝑒𝑔𝑜𝑟𝑖𝑎𝑙 𝑓𝑜𝑟 𝐶𝑙𝑎𝑠𝑠𝑖𝑓𝑖𝑐𝑎𝑡𝑖𝑜𝑛

𝑜𝑟
𝑁𝑢𝑚𝑒𝑟𝑖𝑐𝑎𝑙 𝑓𝑜𝑟 𝑅𝑒𝑔𝑟𝑒𝑠𝑠𝑖𝑜𝑛

  

Matrix =  
1 . . 𝑡𝑎𝑟𝑔𝑒𝑡
2 . . . .
𝑟 . . . .

൩                    (1)
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a training sub-set and a testing sub-set (which can also be further split into a validation and a testing 205 

sub-sets). Common ratios used in this method vary between 50-80% for training, with the 206 

remaining samples used for validation/testing [48–50]. The overarching goal of the above methods 207 

is to prevent overfitting, the notion of “lucky guess,” as to increase the accuracy and our confidence 208 

of the model. 209 

When the training and validation process is completed, the model’s performance is further 210 

evaluated through performance metrics. Such metrics are mathematical or logical constructs that 211 

examine how the model’s predictions converge or diverge from real observations. Some of the 212 

commonly used metrics in regression and classification structural engineering applications are 213 

listed herein, and a more exhaustive review can be found elsewhere [51,52]. In case the 214 

performance of the model is adequate, then the training procedure terminates, and the model is 215 

deployed. If not, then the model is to be further fine-tuned until a satisfactory performance is 216 

achieved. Such finetuning can involve adopting different training strategies, require additional 217 

data/observations, or tuning model hyperparameters [53].  218 

𝑀𝑒𝑎𝑛 𝐴𝑏𝑠𝑜𝑙𝑢𝑡𝑒 𝐸𝑟𝑟𝑜𝑟 (𝑀𝐴𝐸) =  
∑ |𝐸𝑖|𝑛

𝑖=1

𝑛
        (2) 219 

 Measures the difference between two continuous variables 220 

𝑅𝑜𝑜𝑡 𝑀𝑒𝑎𝑛 𝑆𝑞𝑢𝑎𝑟𝑒𝑑 𝐸𝑟𝑟𝑜𝑟 (𝑅𝑀𝑆𝐸) =  √
∑ 𝐸𝑖

2𝑛
𝑖=1

𝑛
       (3) 221 

 Measures the square root of the average of squared errors 222 

 223 

𝐶𝑜𝑒𝑓𝑓𝑖𝑐𝑖𝑒𝑛𝑡 𝑜𝑓 𝐷𝑒𝑡𝑒𝑟𝑚𝑖𝑛𝑎𝑡𝑖𝑜𝑛 (𝑅2) = 1 − ∑ (𝑃𝑖 − 𝐴𝑖)2𝑛
𝑖=1 / ∑ (𝐴𝑖 − 𝐴𝑚𝑒𝑎𝑛)2𝑛

𝑖=1   (4) 224 

 Measures the goodness of fit of a mode 225 

𝐴𝑟𝑒𝑎 𝑢𝑛𝑑𝑒𝑟 𝑡ℎ𝑒 𝑅𝑒𝑐𝑒𝑖𝑣𝑒𝑟 𝑂𝑝𝑒𝑟𝑎𝑡𝑖𝑛𝑔 𝐶ℎ𝑎𝑟𝑎𝑐𝑡𝑒𝑟𝑖𝑠𝑡𝑖𝑐 (𝑅𝑂𝐶) 𝑐𝑢𝑟𝑣𝑒 (𝐴𝑈𝐶)=226 

∑
1

2
(𝐹𝑃𝑖+1 − 𝐹𝑃𝑖)𝑁−1

𝑖=1 (𝑇𝑃𝑖+1 − 𝑇𝑃𝑖)         (5) 227 

 Measures the two-dimensional area underneath the entire ROC curve 228 

𝐿𝑜𝑔 𝐿𝑜𝑠𝑠 𝐸𝑟𝑟𝑜𝑟 (𝐿𝐿𝐸)= − ∑ 𝐴𝑖𝑙𝑜𝑔𝑃𝑀
𝑐=1        (6) 229 

 Measures the where the prediction input is a probability value 230 

𝑆𝑒𝑛𝑠𝑖𝑡𝑖𝑣𝑖𝑡𝑦 =
𝑇𝑃

𝑇𝑃+𝐹𝑁
           (7) 231 

 Measures the proportion of actual positives that are correctly identified as positives. 232 

𝑆𝑝𝑒𝑐𝑖𝑓𝑖𝑐𝑖𝑡𝑦 =
𝑇𝑁

𝑇𝑁+𝐹𝑃
          (8) 233 

 Measures the proportion of actual negatives that are correctly identified negatives. 234 

𝑃𝑟𝑒𝑐𝑖𝑠𝑖𝑜𝑛 =
𝑇𝑃

𝑇𝑃+𝐹𝑃
           (9) 235 
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 The proportions of positive observations that are true positives. 236 

𝑁𝑒𝑔𝑎𝑡𝑖𝑣𝑒 𝑃𝑟𝑒𝑑𝑖𝑐𝑡𝑖𝑣𝑒 𝑉𝑎𝑙𝑢𝑒 (𝑁𝑃𝑉)  =
𝑇𝑁

𝑇𝑁+𝐹𝑁
       (10) 237 

 The proportions of negative observations that are true positives. 238 

𝐴𝑐𝑐𝑢𝑟𝑎𝑐𝑦 =
𝑇𝑃+𝑇𝑁

𝑇𝑃+𝑇𝑁+𝐹𝑃+𝐹𝑁
          (11) 239 

 Evaluates the ratio of the number of correct predictions to the total number of samples. 240 

where, E: Error = Actual (A) – predicted (P), n: number of observations, TP (denotes true 241 

positives), TN (denotes true negatives), FP (denotes false positives), and FN (denotes false 242 

negatives), M: number of classes, c: class label, y: binary indicator (0 or 1) if c is the correct 243 

classification for a given observation. 244 

3.0 Overview to AI, ML, and DL Algorithms 245 

This section presents a general discussion on commonly used AI techniques/algorithms with high 246 

merit to structural engineers. 247 

3.1 Principal component analysis (PCA) 248 

As mentioned earlier, PCA is a dimension reduction algorithm [54]. This technique adopts a linear 249 

static method to convert multidimensional inputs to a more leaner feature space data that still 250 

contains most of the information in the original dataset. PCA identifies patterns in a dataset and 251 

then distill the observations down to their most important features so that the dataset is simplified 252 

without losing valuable attributes. PCA creates new variables by transforming the original 253 

observations to a new set of variables (dimensions) using eigenvectors and eigenvalues calculated 254 

from a covariance matrix of the original variables [55]. PCA algorithm can be readily found at 255 

online repositories such as [56]. Similarly, PCA can be obtained considering a [𝑥𝑖𝑗] dataset such 256 

that (𝑖 =  1, 2, … 𝑚) and (𝑗 =  1, 2 … 𝑘), where m and k are equal to observation dimension and 257 

number of observations, respectively. First, we calculate the mean ( 𝑥�̃� ) and the standard deviation 258 

(𝑠𝑗) for data (𝑗𝑡ℎ) column which is equal to: 259 

𝑥�̃�  =
1

𝑚
∑ 𝑥𝑖𝑗

𝑚
𝑖=1           (12) 260 

𝑠𝑗 = √
∑ (𝑥𝑖𝑗−�̅�𝑗)2𝑚

𝑖=1

𝑚
           (13) 261 

Then, we obtain [�̃�] from the [𝑥] transformation matrix. The normalized elements 𝑥𝑖�̃� is obtained 262 

as follows. 263 

�̃�𝑖𝑗 =
𝑥𝑖𝑗−�̅�𝑗

𝑠𝑗
            (14) 264 
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Then the covariance matrix [𝑐] can be calculated as [𝑐] =
[�̃�]𝑇[�̃�]

𝑚−1
  and finally, the stated principal 265 

components will be obtained in the form of [𝑐] {𝑝𝑖} = 𝜆𝑖 {𝑝𝑖}, where 𝜆𝑖 is eigenvalue 𝑖𝑡ℎ and {𝑝𝑖} 266 

is its related vector. 267 

3.2 Support vector machine (SVM) 268 

The Support Vector Machine (SVM) algorithm can predict regression and classification data [57]. 269 

In SVM, operators aim to identify a line or a boundary (referred to as a hyperplane or decision 270 

boundary) in an n-dimensional space (where n represents the number of features) that can be used 271 

to classify data into separate classes. Such a plane needs to maximize the distance between data 272 

points of each class to allow for confident classification [58]. The “support vectors” refer to data 273 

points in close proximity to the hyperplane, and hence these can significantly influence the position 274 

and orientation of the plane (see Fig. 4). SVM uses a special form of mathematical functions 275 

defined as kernels (k). A kernel function transforms inputs into the required form. Typical kernel 276 

(k) functions for classification are as follows:  277 

Linear: 𝑘(𝑥𝑖. 𝑦𝑖) = 𝑥𝑖
𝑇𝑥𝑗          (15) 278 

Polynomial: 𝑘(𝑥𝑖. 𝑦𝑖) = (𝛾𝑥𝑖
𝑇𝑥𝑗 + 𝑟)𝑑. 𝛾 > 0      (16) 279 

Radial basis function (RBF): 𝑘(𝑥𝑖 . 𝑦𝑖) = 𝑒𝑥𝑝(−𝛾𝑥𝑖
𝑇𝑥𝑗‖𝑥𝑖

𝑇𝑥𝑗‖
𝑑

). 𝛾 > 0   (17) 280 

Sigmoid: 𝑘(𝑥𝑖. 𝑦𝑖) = 𝑡𝑎𝑛ℎ (𝛾𝑥𝑖
𝑇𝑥𝑗 + 𝑟)        (18) 281 

 282 

 283 
Fig. 4 Illustration of SVM 284 

 285 

While SVM was initially designed for classification, this technique has been since revised to 286 

accommodate regression as well [59]. When used for regression, the SVM algorithm employs an 287 

intense loss function to maintain the maximum margin. The linear model of the intense loss 288 

function is as follows: 289 

Hyperplane 

Support vector 
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 𝐿∈(𝑥. 𝑦. 𝑓) = |𝑦 − 𝑓(𝑥)|∈ = {
0 𝑖𝑓|𝑦 − 𝑓(𝑥)| <∈ 

|𝑦 − 𝑓(𝑥)|−∈ 𝑜𝑡ℎ𝑒𝑟𝑤𝑖𝑠𝑒
     (19) 290 

To fit a model of the form: 291 

𝑓(𝑥) = ∑ 𝑐𝑖𝑘(𝑥. 𝑥𝑖)𝑛
𝑖=1          (20) 292 

where, 𝑐𝑖 refers to as a choice of coefficient and 𝑘(𝑥. 𝑥𝑖) is the Guassian kernel function. 293 

Similar to the classification version, the regression SVM also requires the use of kernel functions, 294 

such as: 295 

Linear: 𝑘(𝑥. 𝑥𝑖) = 𝑥𝑖𝑥          (21) 296 

Polynomial kernel function: 𝑘(𝑥. 𝑥𝑖) = (𝑥𝑖(𝑥 + 1)𝑑)      (22) 297 

Radial Basis Function: 𝑘(𝑥. 𝑥𝑖) = 𝑒𝑥𝑝 [−
(𝑥𝑖−𝑥)(𝑥𝑖−𝑥)

2𝜎2 ]     (23)  298 

Sigmoid Kernel Function:  𝑘(𝑥. 𝑥𝑖) = tanh(𝑥𝑖(𝑥 + 1))     (24) 299 

where, 𝑥𝑖, 𝑥 are the training and test patterns, respectively, and (𝜎 , d) are global basic function and 300 

vector dimension, respectively. SVMs codes for classification and regression can be readily found 301 

at [60].  302 

3.3 Decision tree (DT) 303 

The decision tree (DT) algorithm can be used for regression or classification problems [61]. DT 304 

resembles the structure of a tree and can also accommodate various types of inputs, including those 305 

of nominal, alphabetical, and numerical nature. A variant of DT is the CART algorithm 306 

(abbreviated for classification and regression tree). DT is a simple decision-making algorithm 307 

whose main feature is to minimize the amount of Gini impurity (g, a measure of how often a 308 

randomly chosen data point would be incorrectly labeled if it was randomly labeled per the 309 

distribution of the sub-set). For instance, the value of Gini impurity for a node, T, equals [38] : 310 

𝑔(𝑡) = ∑ 𝑝(𝑗|𝑡)𝑗≠𝑖 𝑝(𝑖|𝑡)          (25) 311 

where, 𝑖 and 𝑗 are target category, 𝑝(𝑗|𝑡) =
𝑝(𝑗.𝑡)

𝑝(𝑡)
 , 𝑝(𝑗𝑡) =

𝜋(𝑗).𝑁𝑗(𝑡)

𝑁𝑗
 , (𝑡) = ∑ 𝑝(𝑗. 𝑡)𝑗 , 𝑃(𝑗)= prior 312 

probability for category𝑗, 𝑁𝑗(𝑡)= number of records in category of 𝑗 of node 𝑡, and 𝑁𝑗 = number 313 

of records of category 𝑗 in the root node. 314 

3.4 Random forest (RF) 315 

The random forest (RF) is an ensemble algorithm that utilizes weaker algorithms (i.e., DT) by 316 

repetition over a number of times and together as a single group to realize improved performance. 317 

In RF, the algorithm tries to predict the data from the base tree (for regression problems) or tries 318 

to predict the data using the most votes from the base tree [62] (see Fig. 5). For brevity, this 319 

ensemble can be found online at [63] and calculated using: 320 

 321 
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𝑓(𝑥) = ∑
1

𝑚
𝑀
𝑚=1 𝑓𝑚(𝑥)          (26) 322 

where, 𝑓𝑚 is considered as a 𝑚𝑡ℎ tree. 323 

 324 
Fig. 5 Typical layout of RF algorithm  325 

3.5 Extreme gradient boosted trees (ExGBT) 326 

The ExGBT algorithm re-samples the collected data points into a tree-like format, where each tree 327 

sees a bootstrap sample of the database in each iteration [64]. ExGBT fits each successive tree to 328 

previous residual errors obtained from previous trees, thereby focusing on the observations that 329 

are most difficult to predict to improve prediction accuracy, as shown below. ExGBT can be found 330 

at [65,66]. 331 

 332 

𝑌 = ∑ 𝑓𝑘(𝑥𝑖)𝑀
𝑘=1 , 𝑓𝑘 ∈ 𝐹 = {𝑓𝑥 = 𝑤𝑞(𝑥), 𝑞: 𝑅𝑝 → 𝑇, 𝑤 ∈ 𝑅𝑇}    (27) 333 

 334 

where, M is additive functions, T is the number of leaves in the tree, w is a leaf weights vector, wi is 335 

a score on i-th leaf, and q(x) represents the structure of each tree that maps an observation to the 336 

corresponding leaf index [67].   337 

 338 

3.6 K-nearest neighbor (KNN) 339 

The K-nearest neighbor (KNN) algorithm utilizes a distance metric, d, to find K data points near 340 

the case data. For this purpose, KNN can use two metrics to determine the length between data 341 

points, namely, Euclidean distance and Manhattan distance. For example, if we consider two 342 

points,  𝑖 = (𝑦𝑖1, 𝑦𝑖2, … 𝑦𝑖𝑛) and 𝑗 = (𝑦𝑗1, 𝑦𝑗2, … 𝑦𝑗𝑛) with n- numeric attributes, respectively, their 343 

distance quals to: 344 

Euclidean 𝑑(𝑖. 𝑗) = √(𝑦1𝑖 − 𝑦1𝑗)2 + (𝑦2𝑖 − 𝑦2𝑗)2 + ⋯ + (𝑦𝑛𝑖 − 𝑦𝑛𝑗)2   (28) 345 
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Manhattan  𝑑(𝑖. 𝑗) = |𝑦1𝑖 − 𝑦1𝑗| + |𝑦2𝑖 − 𝑦2𝑗| + ⋯ + |𝑦𝑛𝑖 − 𝑦𝑛𝑗|    (29) 346 

If satisfied, then these equations are subject to the following four conditions: 1) 𝑑(𝑖. 𝑗) ≫ 0, 2) 347 

𝑑(𝑖. 𝑗)=0, 3) 𝑑(𝑖. 𝑗)= 𝑑(𝑗. 𝑖) and 4) 𝑑(𝑖. 𝑗) ≪ 𝑑(𝑖. 𝑘) + 𝑑(𝑘. 𝑗). 348 

 349 

Also, for the positive number, K, and the observed data, x, the number of data close to x is equal 350 

to the conditional probability for x in class K as estimated by [68], and can be found online at [69]: 351 

𝑃𝑘 (𝑋) = 𝑃𝑟(𝑌 = 𝑘. 𝑋 = 𝑥) =
1

𝑘
∑ 𝐼(𝑦𝑖 = 𝑘)𝑖∈𝑁𝑘

       (30) 352 

3.7 Genetic algorithm (GA) 353 

Genetic Algorithm (GA) is a population-based metaheuristic algorithm that can be used to solve 354 

optimization problems [70]. GA imitates the Darwinian evolutionary theory and the principle of 355 

survival of the fittest, where individuals in the population begin to reproduce and undergo genetic 356 

mutations in their structure to pass it into future generations [71]. In this analysis, a randomly 357 

selected population is formed. This population comprises features and mathematical symbols (i.e., 358 

exp, log, ×, +, etc.) to form terminals and functions [72]. A GA model has a tree-like structure 359 

whose leaves are made up of numbers and variables and whose branches contain functions (see 360 

Fig. 6). As long as the mathematical construct is not obtained, the GA continues to process. Once 361 

the best model has been selected, evolutionary operations (i.e., mutation and cross-over) take place 362 

to enhance the created model and attain satisfactory fitness. 363 

 364 

Fig. 6 Schematic of GA (left figure demonstrates expression of 
√𝑎×𝑏

𝑐+𝑑
, right figure demonstrates 365 

mutation process) 366 

3.8 Genetic programming (GP) 367 

Genetic programming (GP) is a modern variant of GA. GP can be further grouped under linear 368 

genetic programming (LGP) and genetic expression programming (GEP) [73,74]. Unlike GA, 369 

which is made of strings, GP, on the other hand, creates computer programs in the form of a tree-370 

like structure [27]. A more thorough discussion on GA and GP types can be found elsewhere 371 

[75,76].  372 

3.9 Artificial neural networks (ANN) 373 

Artificial neural networks (ANN) imitate the cognitive capability of the human brain to solve 374 

complex problems. First introduced in the 1940s [77], ANNs can broadly be grouped under two 375 
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categories; feedforward neural networks (FFNN) and recurrent neural networks (RNN). Typical 376 

ANNs are shallow and consist of three main layers; an input layer, a hidden layer, and an output 377 

layer. The first layer is visible and receives the input data, and then this data is weighted and 378 

transferred to the next hidden layer by a series of connections called “synaptic weights.” The 379 

nodes, which resemble human neurons, reside in this layer and process that input data and then 380 

transfer the processed data to the output layer [22]. This process is called feed-forward and 381 

continues until the selected performance metric is satisfied [78]. Other approaches to feeding an 382 

ANN also exist, such as multilayer perceptron network, carpenter network, Hopfield network, and 383 

back-propagation. The aforenoted architecture can be extended to a deep neural network with 384 

several hidden layers (see Fig. 7). The steps associated with a typical ANN analysis include [79] 385 

and a readily developed ANN can be found at [80]: 386 

• Receiving input variables (𝑥1, 𝑥2, 𝑥3 … , 𝑥𝑛) 387 

• Summation of input data and assign them weight (ℎ𝑖 = ∑ 𝑤𝑗𝑖𝑥𝑖 + 𝑏𝑗
𝑚
𝑖=1 ) 388 

• Applying an activation function such as: 389 

o linear function: 𝑓𝑛 = 𝑎 ∙ 𝑛 + 𝑏  390 

o Hyperbolic function: 𝑓𝑛 = tanh (𝑛) 391 

o Logarithmic function: 𝑓𝑛 =
1

1+𝑒
− 𝑛 392 

• Performing error propagation so that it meets the predefined metric error(s). 393 

 394 
Fig. 7 Typical layout of an ANN 395 

3.10 Convolutional neural networks (CNN) 396 

The CNN algorithm is an extended ANN and is commonly referred to as DL, and has been heavily 397 

deployed to examine images and footage. The most crucial part of CNN is the configuration of the 398 

hidden layers that form the essential computational parts of this algorithm. Operations on the data 399 

are performed using different layers: convolutional layer, max-pooling layer, full connected layer, 400 
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and soft-max layer [81]. The reader may refer to [82] and [83] for examples. Typical architecture 401 

from CNN can be seen in Fig. 8. 402 

 403 
Fig. 8 Layout of CNN 404 

4.0 Research Methodology 405 

This section outlines the scientometrics analysis methodology followed to map the knowledge 406 

domain of structural engineering to classify works that adopted AI, ML, and DL. 407 

4.1 Scientometrics analysis 408 

Our scientometrics analysis adopted scholarly databases, wherein information was collected and 409 

analyzed for items such as keywords, year of publication, institutions, and authors. This mapping 410 

was carried out through the VOS-viewer software [84] to help visualize the collected observations. 411 

We followed a three-stage approach (i.e., research and classification, analysis, and discussion and 412 

review) as shown in Fig. 9 as inspired by the work of Cioffi et al. [85]. Each of the aforenoted 413 

stages is further described herein.  The reader is to note that a timeframe between 2011-2020 was 414 

maintained throughout this analysis.  415 
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 416 
Fig. 9 Example of the adopted methodology adopted in this review for a search using 417 

Dimensions scholarly databases 418 

4.1.1 First stage: Research and classification 419 

The first stage initiates this scientometrics analysis and comprises three steps, namely, 420 

identification, screening for exclusion, and inclusion. The identification step starts by exploring 421 

the Dimensions database [86,87] which is a partly free scholarly database launched by Digital 422 
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Science in January 2018 and is considered one of the world’s largest linked research information 423 

dataset covering over 117 million publications. The Dimensions database was thoroughly 424 

examined by Thelwall [87] and shows similar results to that obtained by traditional databases such 425 

as Scopus and the Web of Science (with a range of 92-97%), and hence is selected herein. This 426 

database was investigated for possible “keywords”1 related to this review. Some of the keywords 427 

used herein include “artificial intelligence and structural engineering”, “machine learning and 428 

structural design”, “deep learning and earthquake engineering,” etc. The result of this step returns 429 

documents in the form of research articles, edited book chapters, conference proceedings, 430 

monographs, and preprints. Overall, 6048 documents were found to mention AI methods in the 431 

context of structural engineering. The collected documents were then screened for exclusion as 432 

part of the second step. In this step, unrelated documents such as those belonging to other domains 433 

were excluded from further examination. Finally, the remaining documents were individually 434 

examined through additional filtering to group those of common nature (i.e., algorithm-based 435 

documents, sub-field [i.e., seismic engineering, wind engineering, etc.] related document).  436 

4.1.2 Second stage: Analysis 437 

In this stage of scientometrics analysis, the grouped documents are further analyzed using a 438 

number of works within each group, frequently publishing journals, and then a series of 439 

visualization maps were developed.  440 

• Number of articles by year 441 

Figure 10 shows the number of articles per year between 2011 and 2020 for AI, ML, and 442 

DL-related structural engineering works. As one can see, the most used algorithm is ANN 443 

with 115 documents, and the lowest was for KNN with 18 documents. Most of the works 444 

were applied into structural applications within seismic, wind, and fire engineering, 445 

respectively.  446 

 447 
Fig. 10 Number of articles published per year between 2011 and 2020 [SE: Structural 448 

Engineering] 449 

 
1 This survey primarily favored search via “keywords” and confined this search to the las decades – future efforts can apply other filters such as 

search by “document title”, “document abstract” etc. or for a different time span. 
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• Frequently publishing Journals 450 

This review identifies twenty journals with the most published articles on AI, ML, and DL 451 

in structural engineering within the aforenoted timeframe. The top-ranking journal with the 452 

highest number of published articles is the Computer-Aided Civil and Infrastructure 453 

Engineering journal, with about 8% of all published works. This journal was followed by 454 

Construction and Building Materials and Engineering Structures, as can be seen in Fig. 11.  455 

 456 
Fig. 11 Frequently publishing journals 457 

• Mapping the knowledge  458 

The collected bibliometric information was also augmented using VOS-viewer software. 459 

Such maps outline the relationship between existing publications based on the relationship 460 

between journals, institutions, and types of problems. For a start, applied keywords noted 461 

algorithms and appropriate problems in which algorithms are most used are searched. Then 462 

we analyze the collected data using their title and abstract. A typical map showcasing 463 

highly publishing journals and institutions that adopted ML in structural engineering is 464 

presented in Fig. 12.  465 
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 466 

 467 
Fig. 12 Map of highly publishing journals (top) and institutions (bottom) with publications on 468 

AI, ML, and DL in structural engineering 469 

4.2.2 Third stage: Discussion and review 470 

Our scientometrics analysis identifies three main structural engineering problems that were 471 

addressed using AI derivatives. These problems are modeling, simulation, and optimization. 472 

Modeling problems were found to have the highest quantity in which structural engineers applied 473 

some form of AI to model the response of construction materials or structures, and most notably 474 

with regard to predicting mechanical properties or behavior of structural members. In simulation 475 

problems, our analysis shows that the large majority of studies that fall under this group is that 476 

where engineers aim to simulate damage or in structural health monitoring of structures (with the 477 

https://doi.org/10.1007/s11831-022-09793-w
https://doi.org/10.1007/s11831-022-09793-w


This is a preprint draft. The published article can be found at: https://doi.org/10.1007/s11831-022-09793-w.  

Please cite this paper as:   

Tapeh, A., Naser, M.Z. (2022). Artificial Intelligence, Machine Learning, and Deep Learning in Structural 

Engineering: A Scientometrics Review of Trends and Best Practices. Archives of Computational Methods in 

Engineering. https://doi.org/10.1007/s11831-022-09793-w.    

20 
 

lion share belonging to seismic effects). Finally, the optimization problems tackled in this domain 478 

were primarily applied to optimize structural layout or concrete material mixtures.  479 

In addition to the above, it is a good practice to examine the evolution with this research area to 480 

analyze its current, past, and future directions. Most importantly, topic variation is used to monitor 481 

research methods, resulting from which widely used methods and problem-solving related to them 482 

can be identified and used. In this effort, Fig. 13 maps keyword re-occurrences in the reviewed 483 

works. As one can see, keyword re-occurrences can be divided into four different clusters, where 484 

each of the nodes (or bubbles) represents a keyword, each of the colors represents a specific cluster, 485 

and the size of these nodes indicates the occurrence frequency of the examined keyword (i.e., the 486 

larger the size of these nodes, the larger the value). Additionally, the links that attach these nodes 487 

indicate the connection between them, and the smaller the distance between them, the greater the 488 

relationship is. 489 

 490 
Fig. 13 Keyword frequency occurrences of works examined herein 491 

The scientometrics analysis of the above clusters shows that “Model” has the most repetitions with 492 

1002 occurrences representing modeling problems in the green cluster. The closest node in this 493 

cluster to the “Model” node is the “Prediction” problem domain with 231 occurrences, which 494 

indicates that most problems are related to prediction. This was followed by “Concrete” with 183 495 

occurrences and “Properties”, both of which were in close proximity to the blue cluster (which is 496 

dominated by “ANN” as the most frequently used algorithm herein). In comparison, the largest 497 

node in the yellow cluster is “Optimization,” which has 120 occurrences, followed closely by 498 

genetic algorithms. Finally, the red cluster comprises the majority of the left nodes with keywords 499 

such as “Building”, “Bridge”, “Construction”, and “Infrastructure”; all of which implies how the 500 

red cluster is tied to all of the other clusters (e.g., “Models” were used to explore solutions for 501 

“Infrastructure” via different algorithms.  502 

In addition, a dedicated bibliographical coupling analysis of the reviewed works is also conducted 503 

with regards to the country of origin and primary institutions of research.  504 

• Bibliographic coupling analysis based on Countries of origin 505 
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Figure 14 shows the extend of countries where AI-based methods in structural engineering 506 

applications have been produced. As can be seen, the four countries, namely, United States, 507 

China, Iran, and United Kingdom, dominate this figure.  508 

 509 
Fig. 14 Publications as per the country of origin  510 

• Bibliographic couple analysis based on institutions  511 

Overall, works were gathered from 446 organizations. Figure 15 illustrates visual 512 

relationships between key institutions in works that adopted AI-based methods into 513 

structural engineering applications. As one can see, new hubs are identified as induvial 514 

institutions such as Clemson University.  515 

 516 

 517 
Fig. 15 Publications as per institution of origin  518 

Third stage: Discussion 519 

In the third and final stage of this scientometrics analysis, all complied works are further reviewed 520 

to explore specific details with regard to the used AI derivative and techniques, as well as structural 521 

engineering problems. This discussion is presented in Sec. 5.0 for structural materials, applications 522 
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in earthquake, wind, and fire engineering, together with structural health monitoring, damage 523 

detection, structural connections, and various structures/structural elements.   524 

5.0 A Review of Recent Structural Engineering Literature with a Focus on AI, ML, and DL 525 

This section articulates recent works that adopted AI, ML, and DL into structural engineering 526 

problems.  527 

5.1 Structural materials 528 

The branch of structural materials is seen to receive much attention from the reviewed works 529 

herein. A prime example that was identified by this review is that related to utilizing AI-based 530 

methods to explore properties of concrete materials (i.e., compressive strength of concrete variants 531 

such as high-performance concrete (HPC), self-consolidating concrete (SCC), fiber-reinforced 532 

concrete (FRC) to name a few). Of all reviewed works in this branch, 64% covered compressive 533 

strength property, followed by shear strength (18%), elastic modulus (9%), and shear modulus 534 

(9%), and only a comparatively small portion covered other structural materials such as metals and 535 

composites [88,89]. In parallel, the most frequently used algorithms as ranked by appearance are 536 

ANN-based, GA-Based, and SVM-based (see Fig. 16).  537 

 538 
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(b) Algorithm frequency  541 

Fig. 16 Details on AI-based methods often used in structural materials (ANN, GA, and SVM 542 

rank highest)  543 

Some of the most notable works are described herein, and the remainder is summarized in Table 544 

1. Marani and Nehdi [90] applied a series of tree-like algorithms to predict the compressive 545 

strength of concretes with phase change materials (PCM) and concluded that ML approaches could 546 

attain a successful accuracy ranging between 93% to 97%. These researchers also noted that the 547 

gradient boosting tree (GBT) algorithm achieved the highest performance. Given a sample size of 548 

about 154 points used in their work, the same researchers recommended extending their dataset to 549 

better identify the features that affect PCM concretes with more confidence. In another work, Javed 550 

et al. [91] applied GEP to 65 data points collected from 21 studies to explore the compressive 551 

strength property of bagasse ash-based concrete (BABC). In this study, these researchers noted 552 

that cement content is the most critical parameter in concrete strength. 553 

In a recent work, Nguyen et al. [92] developed two forms of deep neural networks with high-order 554 

neurons (i.e., conventional artificial neural network (C‐ANN) and second‐order artificial neural 555 

network (SO‐ANN)) for the prediction of foamed concrete strength. Nguyen et al. [92] examined 556 

177 concrete mixtures and reported that density, followed by the water‐to‐cement and sand‐to‐557 

cement ratios, were the three most important features to correctly predicting the compressive 558 

strength of foamed concrete. Jalal et al. [93] applied nonlinear multi-variable regression (NMVR), 559 

adaptive neuro-fuzzy inference system (ANFIS), ANN, GP, and SVM, to 72 data points to 560 

examine the properties of rubber concrete composite containing silica fume (SF) and zeolite (ZE). 561 

Sultana et al. [94] analyzed the compressive strength of jute fiber reinforced concrete composition 562 

using different algorithms and noted the SVM algorithm’s superiority in predicting compressive 563 

strength over ANN. Castelli et al. [95] compared the geometric semantic genetic opera (GSGO) 564 

algorithm to GA and noted high prediction capability in evaluating the strength of high-565 

performance concrete. Yaseen et al. [96] compared extreme learning machine (ELM) and support 566 

vector regression (SVR) to predict the compressive strength of lightweight foamed concrete. In 567 

total, these researchers tested 91 data points and showed the higher predictive capability of the 568 

ELM algorithm.  569 

Within the concrete property realm, Ben Seghier et al. [97] examined hybrid ANNs (such as 570 

multilayer perceptron (MLP) and the radial basis function neural network) and GEP to evaluate 571 

the bond strength of corroded steel reinforcement using 218 data points. These researchers reported 572 

accuracy in terms of 96%. Gorphade et al. [98] combined GA and ANN to predict the workability 573 

and strength of high-performance concrete by examining 324 data points. Naseri et al. [99] applied 574 

a series of algorithms (e.g., water cycle algorithm (WSA), soccer league competition (SLA) 575 

algorithm, GA, ANN, and SVM) to design sustainable concrete mixtures with compressive 576 

strength, embodied CO2 emission, and energy and resource consumptions as objective functions. 577 

They also perform a sensitivity analysis and found the most influential parameters in their models 578 
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to be compressive strength, coarse aggregate, water, and fine aggregates. Huang et al. [100] 579 

examined 269 data points via support vector regression (SVR) and firefly (FF) algorithm to also 580 

optimize concrete mixtures. Other works applied various ML algorithms to study the influence of 581 

concrete mixtures or properties [101–105], and other structural materials used in construction 582 

[106–110]. Additional works are also summarized in Table 1. 583 
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Table 1. Summary of works on AI-based methods tackling structural materials and properties 

Study Dataset Objective Algorithm(s)  Training procedure (%) Performance metrics  

Bal and Buyle-

Bodin [111] 

233 Prediction of creep 

in concrete 

ANN  Training (70%) 

Testing (15%) 

Validation (15%) 

MSE  

Ince [112] 464 Characterizing 

failure of concrete 

structures 

ANN  Training (55%)  

Testing (45%) Validation 

(-) 

MSE  

Marani and Nehdi 

[90] 

154 Explore the 

compressive 

strength of 

cementitious 

composites 

incorporating phase 

change material 

microcapsules 

RFR, Extra trees, ExGBT  5-fold cross-validation  R2, MSE, RMSE, MAE, 

RMSE 

 

Aslam et al. [74] 357 Predicting 

mechanical behavior 

of high strength 

concrete 

GEP  Training (70%) 

Testing (15%) 

Validation (15%) 

R2, RMSE, MAE, RRMSE  

Ahmad et al. [113] 915 Assessment of RC 

designs 

ANN  Training (60%)  

Testing (20%) 

Validation (20%) 

MSE, MAE, R2  

Huang and Burton 

[62] 

114 Classifying in-plane 

mode of failure 

LR, SVM, DT, RF, Adaptive 

Boosting (AB), MLP 

 Training (70%) 

Testing (30%) Validation 

(-) 

 

5-fold cross-validation 

Accuracy  

Javed et al. [91] 65 Predicting the 

compressive 

strength of 

sugarcane bagasse 

ash concrete 

GA, GEP  NA 

 

Nash Sutcliff efficiency 

(NSE), R2, RMSE 

 

Kaloop et al. [114] 1030 Extract the optimum 

inputs that use to 

design the HPC 

Multivariate adaptive regression 

splines model (MARS) with 

gradient tree boosting machine 

(GBM) 

 Training (70%) Testing 

(30%) Validation (-) 

 

R, normalized percentage 

root mean square error 

(NRMSE), MAE, ratio of 

RMSE to the standard 
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deviation (RSR), coefficient 

of persistence (cp), and 

degree of index (d) 

Okazaki et al. [102] 265 Model cracking of 

concrete  

MLR, SVM, DT, ANN, Gaussian 

process regression (GPR) 

 5-fold cross validation RMSE  

Ben Chaabene et al. 

[105] 

484 Identify failure 

mode of steel fiber 

reinforced beams 

Atom search optimization (ASO), 

ANN, SVM, DT, KNN 

 Training (75%) Testing 

(25%) Validation (-) 

MAE, RMSE, R, Modified 

agreement index (d′) 

 

Feng et al. [115] 254 

 

Failure mode 

classification of RC 

columns 

CART, SVM, ANN, RF, 

AdaBoost 

 Training (80%) Testing 

(20%) Validation (-) 

 

10-fold cross validation 

Precision, Recall, Accuracy  

Nguyen et al. [92] Dataset 1: 

177  

Dataset 2: 

1133  

Compressive 

strength prediction 

DNN  Training (70%) Testing 

(15%) 

Validation (15%) 

R, RMSE, MAE, RRMSE, 

relative MAE (RMAE) 

 

Huang et al. [100] 299 for 

compressive 

strength & 

269 for 

flexural 

strength 

Predicting the 

optimum mixture 

design of steel fiber 

reinforced beams 

SVR, firefly algorithm (FA)  Training (70%) Testing 

(30%) 

Validation (-) 

 

10-fold cross-validation 

MAPE, RMSE, R, MAE 

 

 

Jalal et al. [93] 72 Predicting the 

compressive 

strength of the 

rubberized cement 

composites 

ANN, GEP, ANFIS  Training (80%) Testing 

(10%) 

Validation (10%) 

 

MAPE, RMSE, R2 

 

 

Golafshani and 

Ashour  

[101] 

413 Predicting the 

elastic modulus of 

SCC 

Biogeographical-based 

programming (BBP), artificial bee 

colony programming (ABCP) 

 Training (80%) 

Testing (20%) 

Validation (-) 

MAE, RMSE, MAPE, R2, 

Objective function  

 

Sultana et al. [94] 13 Prediction of the 

mechanical 

properties of jute 

fiber reinforced 

concrete 

ANN, SVR,  

Response Surface Methodology 

(RSM) 

 Training (70%) 

Testing (15%) 

Validation (15%) 

 

5-fold cross validation 

R, residual, relative error 

(RE), MAE, RMSE, and 

fractional bias (FB) 

 

Chou et al. [116] 1700 Predicting the 

compressive 

MLP, SVM, CART  10-fold cross-validation  MAE. RMSE, MAPE, 

synthesis index (SI) based 
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strength of high-

performance 

concrete 

on the above three statistical 

measures 

Ben Seghier et al. 

[97] 

218 Predicting the 

ultimate bond 

strength 

ANN, GEP  Training (80%) 

Testing (20%) Validation 

(-) 

 

Standard deviation (SD), 

MSE, RMSE, absolute 

percent relative error 

(APRE) and average 

absolute per- cent relative 

error (AAPRE) 

 

Duong et al. [117] 150 Predicting columns 

behavior 

ANN, Balancing Composite 

Motion Optimization (BCMO) 

 Training (80%) 

Testing (20%) 

Validation (-) 

MAE, R2  

Naseri et al. [99] 232 Investigating 

mixture design of 

sustainable 

concretes 

Water cycle algorithm (WCA), 

soccer league competition (SLC), 

GA, ANN, SVM 

 Training (75%) 

Testing (25%) 

Validation (-) 

MAE, RMSE, R, MSE, R2 

 

 

Gorphade et al. [98] 324 Predicting 

properties of high-

performance 

concretes 

GA, ANN  Training (80%) 

Testing (15%) 

Validation (5%) 

 

RMSE  

Yan et al. [118] 77 Predicting fracture 

parameters 

ANN  Training (70%) 

Testing (15%) 

Validation (15%) 

MSE  

Golafshani et al. 

[119] 

179 Predicting the bond 

strength of steel bars 

ANN, fuzzy logic (FL)  Training (70%) 

Testing (15%) 

Validation (15%) 

MSE, MAPE, R, RMSE, R2  

Naik and Kute 

[120] 

118 Predicting the shear 

strength of high-

strength steel fiber-

reinforced concrete 

deep beams 

ANN  Training (80%) 

Testing (10%) 

Validation (10%) 

 

Residual sum of squares  

Hoang et al. [121] 218 Predicting bond 

strength of corroded 

steel reinforcement 

LSSVR, Differential flower 

pollination (DFP) 

 Training (90%) 

Testing (10%) 

Validation (-) 

MAPE, RMSE, R2  

Akin and Abejide 

[122] 

NA Determining 

effective parameters 

in concrete strength 

GEP  Training (-) 

Testing (-) 

Validation (-) 

MSE, RMSE, R2  
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Salami et al. [104] 80 Extracting the 

Corrosion initiation 

time of embedded 

steel 

RF, LR, KNN, ANN, SVR  Training (67/70/80/85%) 

Testing (33/30/20/15%) 

Validation (-) 

RMSE, R  

Castelli et al. [95] 1028 Predicting the 

compressive 

strength of high-

performance 

concrete 

Geometric Semantic Genetic 

Operators (GSGO) 

 Training (70%) 

Testing (15%) 

Validation (15%) 

 

RMSE  

Khademi et al.  

[123] 

173 Predicting the 

compressive 

strength of concrete 

ANN, ANFIS, MLR  Training (85%) 

Testing (15%) 

Validation (-) 

R2  

Yaseen et al. [96] 91 Predicting the 

compressive 

strength of foamed 

concrete 

ELM, MARS, SVM, M5 tree  Training (95%) 

Testing (5%) 

Validation (-%) 

MSE, RMSE, R  

Qi et al. [124] 2000 Determining the 

load resisting 

capacity of wood 

members 

ANN  Training (80%) 

Testing (20%) 

Validation (-) 

MAE, MSE, RMSE, R2  

Kellouche et al. 

[103] 

300 Determining 

carbonation in 

concrete 

ANN  Training (60%) 

Testing (20%) 

Validation (20%) 

MSE  

Abuodeh et al. 

[125] 

110 Assess compressive 

strength of UHPC 

concrete 

ANN  Training (70%) 

Testing (15%) 

Validation (15%) 

NMSE  

Abdalla and 

Hawileh [126] 

50 Predict energy 

dissipated in steel 

reinforcing bars in 

reinforced concrete 

members 

ANN  Training (70%) 

Testing (15%) 

Validation (15%) 

MSE, NMSE, MAE, R, 

Absolute error 

 

 584 
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5.2 Earthquake engineering 585 

Earthquake is a complex and disastrous event that can significantly damage structures, and hence 586 

seismic engineering has been an evolving research area over the past decades [127]. The large 587 

number of factors that may influence the seismic behavior of structures complicate the study of 588 

structural performance. As a result, the use of AI-based methods has been extensively explored in 589 

the last two decades (see Fig. 17). For example, Arsalan [128] presented a novel approach for 590 

obtaining factors governing earthquake resistance of RC structures using the ANN algorithm. This 591 

researcher examined 256 RC buildings of 4 and 7 storey high via pushover analysis. Post a 592 

validation with an accuracy of about 92-99%, a sensitivity analysis was conducted and revealed 593 

that shear wall ratio and short column formation are the most significant structural components 594 

that influence seismic performance. On the other hand, concrete strength and transverse 595 

reinforcement were of negligible influence. 596 

 597 
(a) Year of publication 598 

 599 

(b) Algorithm frequency  600 

Fig. 17 Details on AI-based methods often used in earthquake engineering [Note: GA, ANN, and 601 

GP rank the highest]  602 
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Mangalathu and Burton [129] evaluated seismic damage through a DL variant (long short-term 603 

memory (LSTM)) by examining 3423 buildings. They reported an accuracy of 59-94%, with those 604 

attaining the lowest accuracy being related to buildings comprising 7% of the total datasets. This 605 

report showcases the significance of the size of databases in the model's prediction capability. 606 

Zhang et al. [130] examined four story RC special moment frames (935 classified response patterns 607 

and 93,500 damage patterns) using CART and RF and reported high prediction accuracy of 91% 608 

and 88%. Hwang et al. [131] applied regression- and classification-based ML techniques to infer 609 

the damage state of RC frame buildings after an earthquake. They noted that adaptive boost 610 

(AdaBoost) and ExGBT algorithms have better performance for collapse status classification for 611 

future earthquake ground motions.  612 

Morfidis and Kostinakis [132] applied ANN to rapidly assess the seismic performance of structures 613 

by examining 65 actual ground motions. The ANN was used to identify the “damage state’ of 614 

seismically damaged buildings in real-time. Luo and Paal [133] adopted locally weighted least 615 

squares support vector machines for regression (LWLS‐SVMR) to predict the degree in RC 616 

structures. These researchers report that the LWLS‐SVMR was found superior to other examined 617 

approaches in predicting drift capacity in RC flexure‐, shear‐, and flexure–critical shear columns. 618 

The reader is invited to refer to Table 2 for a summary of additional works that adopted AI-based 619 

methods to evaluate the seismic performance of structures. 620 
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Table 2. Summary of works on AI-based methods tackling earthquake engineering 

Study Dataset Objective Algorithm(s) Training procedure (%) Performance metrics  

Arslan [128] 256 Determining changes in load-bearing 

systems during earthquakes 

Various ANN topologies  Training (42%) 

Testing (58%) 

Validation (-) 

R2, traditional error  

Zhang and Burton 

[130] 

935  Assessing post-earthquake structural 

safety  

CART, RF  Training (75%) 

Testing (25%) 

Validation (-) 

 

10-fold cross- validations 

Sensitivity, specificity, 

receiver operating 

characteristic (ROC) 

Mangalathu and 

Burton [129] 

3,423 Classification of building damages 

from textural document  

Long short-term memory 

(LSTM) 

Training (75%) 

Testing (25%) 

Validation (-) 

Confusion matrix  

Hwang et al. [131] 137 Predicting the seismic response and 

structural collapse 

MLR, ridge regression, 

DT, RF, AdaBoost, 

ExGBT, Naıve Bayes 

(NB), KNN 

Training (70%) 

Testing (30%) 

Validation (-) 

R2, RMSE, confusion 

matrix 

Luo and Paal [133] 160 Quantification of seismic behavior of 

RC buildings  

Locally weighted least 

squares support vector 

machines for regression 

(LWLS-SVMR), coupled 

simulated annealing 

(CSA), Grid search (GS) 

Training (70%) 

Testing (30%) 

Validation (-) 

 

10-fold cross-validation  

leave-one-out cross-validation 

R2, RMSE, MAPE 

Morfidis and 

Kostinakis 

[132] 

30 Predicting seismic damage state ANN Training (70%) 

Testing (15%) 

Validation (15%) 

R, MSE  

 

Oh et al. [134] 13,230 

 

Predicting the seismic response of 

structures 

CNN Training (85%) 

Testing (15%) 

Validation (-) 

RMSE 

Asteris [135] 4,026 Predicting the fundamental period of 

vibration of infilled frame reinforced 

concrete structures  

Artificial bee colony 

(ABC)  

Training (70%) 

Testing (15%) 

Validation (15%) 

RMSE, MAPE, R2 

Su and He [136] 45,360 Detecting damage in reinforced 

concrete frames 

DT Training (50%) 

Testing (50%) 

Validation (-) 

Confusion matrix, 

accuracy, standard 

deviation  

Liu and Zhang 

[137] 

 

500 Predicting damage of steel frame 

structures 

ANN 

 

 

Training (70%) 

Testing (30%) 

Validation (-) 

MAE 

621 
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5.3 Wind engineering 622 

Wind effects are considered to be one of the critical natural forces, particularly in high-rise 623 

structures. The dynamic and distinctive nature of wind loads often impose complications (and 624 

limitations) to structural tests and simulations. This is where AI-methods become handy, especially 625 

when there is a lack of proper guidelines for designing structures with unique shapes against the 626 

wind or when laboratory conditions are costly or constraints [138]. Figure 18 presents the 627 

application of various AI-based methods in the area of wind engineering in the past decade.  628 

 629 
(a) Year of publication 630 

 631 

(b) Algorithm frequency  632 

Fig. 18 Algorithm reoccurrences in wind engineering [Note: GA, ANN, and GP rank the highest]  633 

In one study, Hu et al. [139] conducted an examination of multiple algorithms, namely, DT, RF, 634 

ExGBT, and generative adversarial networks (GANs), on 2664 cases of tall buildings. In this work, 635 

the selected algorithms were examined on different portions of the dataset ranging from 10% to 636 

90%. Hu et al. [139] report that GANs were able to accurately predict wind pressure coefficients 637 
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on the principal building by using 30% of a dataset to predict – thereby reducing the cost associated 638 

with wind tunnel tests. Payán-Serrano et al. [140] applied a back-propagation ANN to investigate 639 

the effect of wind at different velocities on high-rise structures with different configurations using 640 

a large dataset (25600  cases) with success. These researchers deployed seven different ANN 641 

models by varying the number of neurons ranging from 1 to 30 and showed that reducing neurons 642 

below 20 had no significant effect on reducing model error. 643 

Dongmei et al. [79] carried out an investigation to predict pressure coefficients via proper 644 

orthogonal decomposition (POD-BPNN). The outcome of their research shows that this modified 645 

algorithm can attain a small error margin between 3-5%.  The same algorithm can also predict all 646 

wind forces, moments imposed on structures due to wind force, and any spectrum or coherent 647 

functions. Nikose and Sonparote [141] presented an ANN capable of predicting the dynamic 648 

across-wind response of tall buildings as per the provisions given in the Indian Wind Code (IWC). 649 

Both researchers recommended using at least 2000 data points to realize adequate accuracy 650 

(around 99.5%). Other works in this branch of structural engineering are further summarized and 651 

examined in Table 3. 652 
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 653 

Table 3. Summary of works on AI-based methods applied in wind engineering 

Study Dataset Objective Algorithm(s) Training procedure (%) Performance metrics 

Nikose and 

Sonparote [141] 

2900  Predicting the dynamic wind response of 

tall buildings 

ANN Training (70%) 

Testing (15%) 

Validation (15%) 

R, MSE 

Hu et al. [139] 2664  Evaluating wind interference effects of 

buildings 

DT, RF, ExGBoost, 

generative adversarial 

networks (GANs) 

Training (80%) 

Testing (20%) 

Validation (-) 

 

10-fold cross- validations 

R2 

Payán-serrano  et 

al. [140] 

25600  Investigating maximum story drift  ANN Training (85%) 

Testing (15%) 

Validation (-) 

MSE, Sum square error (SSE) 

Dongmei  et al. 

[79] 

14 story 

buildings  

Predicting wind loads  ANN Training (-%) 

Testing (-%) 

Validation (-) 

RMS, RMSE 

Paul and Dalui 

[142] 

3 parametric 

buildings  

Determining pressure coefficient (Cp)  ANN Training (70%) 

Testing (30%) 

Validation (-) 

SSE, R2, RMSE 

Oh et al. [143] 2100  Monitoring wind response of tall 

buildings  

CNN Training (95%) 

Testing (5%) 

Validation (-) 

RMSE 

Gavalda et al. 

[144] 

118+90  Determining pressure coefficient (Cp) in 

low rise buildings and gable-roofed 

structures  

   ANN NA 

 

R, MSE 

Bairagi and Dalui 

[145] 

Three sets  Investigating wind incidence angles    ANN NA MSE, sum of square due to 

regression (SSR), sum of square 

error (SSE), the total sum of 

square (SSTO) is the sum of SSR 

and SSE 

 

Abbas et al. [146] 48 Predicting force time histories  ANN Training (80%) 

Testing (20%) 

Validation (-) 

peak and root mean square 

(RMS), new metrics for time 

history comparison 

Le and Caracoglia 

[147] 

500  Fragility analysis  ANN Training (70%) 

Testing (15%) 

Validation (15%) 

NA 
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5.4 Fire engineering 654 

Structural fire engineering is a niche branch [148,149]. Unlike earthquake and wind effects, fires 655 

are not bound to a geographical region nor season. This makes the problem of structures fires a 656 

unique one. Most existing works in this area applied traditional and perspective approaches; 657 

however, there has been some interest in exploring the use of AI, ML, and DL as of late (see Fig. 658 

19) [6,150]. For example, Bilgehan and Kurtoğlu [151] examined the effect of temperature rise 659 

and spalling on concrete structures through an adaptive neuro-fuzzy inference system (ANFIS) 660 

and achieved 98% accuracy. Fu [152] examined the fire response of structural metal frames against 661 

high-temperature loads using DT, KNN, and ANN. Fu [152] developed a dataset using Monte 662 

Carlo simulation and random sampling and noted that both KNN and ANN achieve better 663 

performance than DT in classifying progressive collapse under fire. 664 

 665 
(a) Year of publication 666 

 667 
(b) Algorithm frequency  668 

Fig. 19 Algorithm reoccurrences in fire engineering [Note: GA, ANN, and GP rank the highest]  669 

Another system-level analysis was conducted by Naser and Kodur [46,153], who applied GP and 670 

GA algorithms to classify bridges vulnerable to fire conditions. These researchers noted the dire 671 

need for data points to enable more friendly use of AI methods in structural fire engineering 672 
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applications. Panev et al. [154] adopted SVM to predict the fire response of composite shallow 673 

floor systems. They reported an accuracy exceeding 96% using 150 data points. Lazarevska et al. 674 

[155] applied a fuzzy-neural network (FNN) to evaluate the fire response of eccentrically loaded 675 

concrete columns. They successfully developed a prognostic model to determine the fire resistance 676 

of such columns with ease by examining close to 400 data points. Ketabdari et al. [156] performed 677 

tests on steel bolts often used in joints in high-rise buildings, which are generally susceptible to 678 

heat during fires. In this study, the GA algorithm was applied to 420 data samples from different 679 

bolts types (8.8 mm, 10.9 mm) to predict the properties of the afferent bolts. These researchers 680 

reported all relative errors to be less than 10%, and concluded that GA has a high ability to predict 681 

properties of bolts at elevated temperatures.  682 

The use of AI-based methods also explores the properties of concrete materials [38,157–161]. Lee 683 

et al. [157] applied a BPNN to predict the thermal conductivity property of concrete and achieved 684 

an accuracy of 99%. McKinney and Ali [162] also applied ANNs to classify RC columns with 685 

high vulnerability to fire-induced spalling. Other works on spalling also include the following 686 

[38,163,164].  687 

Despite the works that leveraged AI, ML, and DL in concrete and metallic structures, very few 688 

works were directed to timber structures under fire conditions [165,166]. One such work is that of 689 

Tasdemir et al. [167], who investigated the behavior of wooden structures made from three distinct 690 

timbers (Pine, Fir, and Popular), making 150 data points. These researchers pointed out that the 691 

developed ANN could capture cross-sectional sizes of damaged wooden specimens with relative 692 

MSE error (~0.0055). Cachim [168] applied ANN to predict temperature rise in timber beams and 693 

residual resistance in wooden rectangular sections after heating. Tung [169] determined wooden 694 

roofs' thermal resistance using the ANN algorithm with a small error of 4%. A summary of other 695 

works is listed in Table 4.696 
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 697 

 698 

Table 4. Summary of works on AI-based methods adopted in structural fire engineering 

Study Dataset Objective Algorithm(s) Training procedure (%) Performance metrics 

 Naser [153] 150  Examining vulnerability of bridges to 

fire 

DL, DT, GA, 

GEP 

Training (60%) 

Testing (20%) 

Validation (20%) 

MAE, R2 

 Naser [159] 84  Predicting the fire-induced spalling 

and fire resistance of RC columns  

GA Training (70%) 

Testing (30%) 

Validation (-) 

MAE, R2 

Seitlllari and 

Naser [72] 

89 Evaluating of spalling phenomena in 

RC columns  

MLR, ANN, 

ANFIS, GA 

Training (80%) 

Testing (20%) 

Validation (-) 

MSE, MARE, R2 

Bilgehan and  
Kurtoğlu 

[151] 

520  Predicting the ultimate moment 

capacity of RC slabs under fire   

ANFIS Training (55%) 

Testing (45%) 

Validation (-) 

R2, RMSE, Mean bias 

error (MBE)  

Fu [152] 1 steel 

framed 

building 

Predicting fire resistance of structural 

frames 

DT, KNN, ANN Training (80%) 

Testing (20%) 

Validation (-) 

NA 

Lazarevska et al. 

[155] 

398  Determining fire resistance capacity 

of eccentric loaded RC members 

ANFIS Training (80%) 

Testing (20%) 

Validation (-) 

NA 

Lee et al. 

[157] 

152  Predicting thermal conductivity of 

concrete 

ANN Training (80%) 

Testing (20%) 

Validation (-) 

MSE, R 

 

Tasdemir et al. 

[167] 

180  Predicting burned cross section of 

wooden structures 

ANN Training (85%) 

Testing (15%) 

Validation (-) 

MSE 

Ketabdari  et al. 

 [156] 

420  Investigation material properties GEP Training (70%) 

Testing (-) 

Validation (30%) 

RMSE, MAE, R 

Liu and Zhang 

[164] 

265  Predicting spalling  ANN 10-fold cross-validation Greedy trial-and-error 

method 

Liu and Zhang 

[170] 

306 Predicting spalling  ANN 10-fold cross-validation Greedy trial-and-error 

method 

Tung and Hung 

[169] 

36  Predicting fire resistance ratings of 

the wooden floor assemblies  

ANN  Training (80%) 

Testing (10%) 

Validation (10%) 

R2, MSE 
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5.5 Structural health monitoring  699 

It is of utmost importance to structural engineers to be able to trace the response of structures at 700 

ambient (day-to-day) conditions, as well as during extreme events. This is often practiced through 701 

structural health monitoring networks, which utilize a series of sensors spread throughout a given 702 

structure. Given the massive amount of generated data, analyzing data from such sensor networks 703 

is a hectic procedure [171]. It is due to the above that AI-based methods can come in handy and 704 

are becoming of interest to structural engineers (see Fig. 20) [172].  705 

 706 
(a) Year of publication 707 

 708 
(b) Algorithm frequency  709 

Fig. 20 Algorithm reoccurrences in structural health monitoring [Note: GA, ANN, and PCA rank 710 

the highest] 711 

Chun et al. [173] applied RF and ANN to monitor the cracking of concrete bridges and the 712 

associated corrosion rate of steel rebars. In their work, Chun et al. [173] compiled data from a 713 

campaign of 24 experimental tests to train the AI algorithms. Overall, RMSE and R2 were reported 714 

to be 0.52 and 0.89, respectively, which implies the good performance of the AI models. The 715 

outcome of this work shows that adopting AI methods can accelerate the inspection of RC 716 
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structures. Diez et al. [174] were able to successfully classify failure of joints in the Sydney 717 

Harbour bridge using vibration signals generated by 23,849 events of the passage of vehicles and 718 

the k-mean clustering algorithm.  719 

Kurian and Liyanapathirana [175] applied three algorithms KNN, SVM, and RF, to three-story 720 

structures. It was found that the RF algorithm for both damaged and intact structures achieved 721 

good accuracy in predicting data compared to the other two algorithms. The accuracy is reported 722 

at 92% for the RF algorithm and 85% and 80% for the SVM and KNN algorithms, respectively. 723 

Athanasiou et al. [176] applied multifractal analysis and DT to 119 collected images from 724 

laboratory tests as a mean to identify faults in concrete shell structures. These researchers obtained 725 

an accuracy of 89.3%, which was deemed acceptable.  726 

The use of AI, ML, and DL opened the door for automatic damage detection through analyzing 727 

imagery [177,178]. In one study, Noh et al. [179] developed a fuzzy-c-mean algorithm capable of 728 

predicting cracks with 0.3-1 mm diameter of 1 mm and from a distance of one meter [179]. Other 729 

works adopted DL algorithms, such as Xu et al. [180], who achieved 80% accuracy using a 730 

modified faster R-CNN algorithm through Matlab software. Xu et al. started with 400 photo 731 

samples and then augmented these photos by rotation to realize 2400 samples. Of these samples, 732 

90% were used for training and 10% for testing, which achieved an overall average precision of 733 

80%.  734 

Dung and Anh [181] showed that using a fully convolutional neural network (FCNN) can detect 735 

the mode of failure with high reliability. In their research, 40,000 data samples of cracking were 736 

used in training the FCNN to achieve an accuracy of 90%. Li and Zhao [182] also examined the 737 

CNN algorithm on 60,000 datasets consisting of various images (blurry crack, shadow, rusty 738 

surface, and rough) and reported high accuracy of 99% in training and testing regimes. Rashidi et 739 

al. [183] compared SVM, MLP, and Radial Basis Function (RBF) in categorizing concrete, red 740 

brick, and oriented strand board (OSB). Their analysis shows that the noted algorithms perform 741 

well in detecting materials with distinct color and appearance while struggle in classifying 742 

materials of similar color and appearance properties. Overall, the SVM was reported to be of the 743 

highest accuracy. Other studies that tackled this research area can be found herein [184,185] and 744 

in Table 5.745 
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Table 5. Summary of works on ai-based methods tackling structural health monitoring problems 

Study Dataset Objective Algorithm(s) Training procedure (%) Performance metrics 

Chang and Chang 

[186] 

7-story 

building  

Determining damage location and severity  ANN Training (75%) 

Testing (25%) 

Validation (-) 

MSE, R 

Diez et al. [174] 28,511 + 

27,407 

Classifying joints and damage in bridge 

structures 

K-means 

clustering 

Training (77/60%) 

Testing (23/40%) 

Validation (-) 

Confusion Matrix 

Kurian and 

Liyanapathirana 

[187] 

8,192 Damage detection KNN, SVM, 

RF 

Training (80%) 

Testing (20%) 

Validation (-) 

Confusion Matrix 

Chun et al. [173] 392  Evaluating internal damage  RF Training (75%) 

Testing (25%) 

Validation (-) 

 

Leave one out 

cross-validation 

(LOOCV) 

RMSE, R2 

Hoang and 

Nguyen 

[188] 

1000  Classifying surface damage in concrete linear 

population size 

reduction 

SVM 

Training (90%) 

Testing (10%) 

Validation (-) 

Accuracy, precision, recall, negative 

predictive value (NPV), and F1 score 

Liu and Zheng 

[189] 

8259  Classifying of damage in steel elements CNN Training (80%) 

Testing (20%) 

Validation (-) 

Accuracy 

Satpal et al. [190] 325  Identifying damage location in Aluminum 

cantilever beams 

SVM Training (95%) 

Testing (5%) 

Validation (-) 

Average percentage error 

Mariniello et al.  

[191] 

Two RC. 

frames  

Detecting localized damage in structure DT Training (50%) 

Testing (50%) 

Validation (-) 

Accuracy, confidence of probabilistic 

predictions, and localization errors 

Athanasiou et al.  

[176] 

119  Quantifying crack patterns  DT 10-fold cross 

validation 

Confusion matrix 

Noh et al.  

[179] 

50  Identifying cracks  Fuzzy c-mean 

clustering  

- Recalled precision 
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Xu et al.  

[180] 

400   Seismic damage identification  Faster-R-CNN Training (90%) 

Testing (10%) 

Validation (-) 

Average mini‐batch loss and 

accuracy, precision and recall 

Cha et al.  

[81] 

297  Developing a structural damage detection 

method 

Faster R-CNN Training (70%) 

Testing (20%) 

Validation (-) 

Average precision (AP) 

Dung and Anh 

[181] 

40,000+600  Proposing a crack detection  fully 

convolutional 

net (FCN) 

Training (66%) 

Testing (16%) 

Validation (16%) 

F1 score, average precision (AP), 

bounding box 

Cha et al.  

[82] 

332  A vision-based approach for detecting 

cracks on concrete  

CNN Training (85%) 

Testing (15%) 

Validation (-) 

Accuracy, confusion matrix 

Li and Zhao [182] 1455  Detecting cracks  CNN Training (85%) 

Testing (15%) 

Validation (-) 

Accuracy 

Rashidi et al.  

[183] 

750  Detecting of building materials. ANN, Radial 

Basis Function 

(RBF), SVM 

Training (80%) 

Testing (20%) 

Validation (-) 

Confusion matrix 

 746 

 747 
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5.6 Structural systems and structural members  748 

This section showcases works applied to exploring the use of AI, ML and DL algorithms in 749 

problems related to structural systems and structural members. Due to the breadth of this branch, 750 

this section can be further split into four sub-sections, namely, RC members, FRP-strengthened 751 

members, and other types of members. Figure 21 demonstrates the trend in this area, along with 752 

the most frequently used algorithms. 753 

 754 
(a) Year of publication 755 

 756 
(a) Algorithm frequency  757 

Fig. 21 Algorithm reoccurrences in structural systems and structural members [Note: ANN, GA, 758 

and SVM rank the highest] 759 
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5.6.1 RC members 760 

Mangalathu et al. [192] examined data points from 393 tests on RC shear walls using eight ML 761 

algorithms, including KNN, DT, RF, Adaboost, ExGBT, Naïve Bayes, LightGBM, and CatBoost. 762 

These researchers reported 86% accuracy in identifying the failure mode of shear walls and 763 

developed an open-source tool as well that can be used with ease to evaluate failure modes. 764 

Another study was conducted on RC shear walls by Chen et al. [193], who examined the shear 765 

capacity of 139 squat walls using ANN-PSO. The evaluation of this model compared to other 766 

models shows the model's high accuracy reaching R2 of 97.6%, as compared to 35.8% and 13.7%, 767 

using the American Concrete Institute (ACI) design guide and the Canadian Standards Association 768 

(CSA A23.3-04) codal provisions, respectively.  769 

Feng et al. [115] applied ensemble learning mode of failure and shear capacity in 254 cyclically-770 

loaded RC columns. These researchers noted that Adaboost managed to achieve high predictive 771 

capacity than the Chinese design code provisions. Ketabdari et al. [194] examined the shear 772 

strength of circular RC columns using PSO and GEP algorithms. Then, compared the predicted 773 

performance of the algorithms against empirical equations in provisions such as ASCE-ACI 426, 774 

ACI -318. Ketabdari et al. [194] noted that relative error between measured and code-predicted 775 

data was in the range of 25-30%. This error was reduced to 9-13% by incorporating the above two 776 

algorithms.  777 

Ly et al. [195] examined 463 experimental data on RC beams points through a real-coded genetic 778 

algorithm (RCGA) and the firefly algorithm (FFA) and noted the better performance of the former 779 

over the latter. Ababneh et al. [196] conducted a study to obtain the shear strength of unreinforced 780 

beams made of recycled aggregate concrete (RAC) via ANN. In this study, it was observed that 781 

algorithm predictions are about eight percentage away from actual measurements. Also, in this 782 

study, it was shown that the input parameters are influential factors in accurately predicting the 783 

shear strength of the sample.  784 

Solhmirzaei et al. [197] applied classifiers and regression models to predict failure mode and shear 785 

capacity of more than 200 ultra-high performance concrete (UHPC) beams. Besides, GEP, SVM, 786 

ANN, and KNN were used. It was shown that among the algorithms designated for failure mode, 787 

the ANN algorithm with 98% accuracy. On the other hand, the SVM and KNN algorithms in shear-788 

flexure failure mode have better data prediction capability than flexural or shear failure mode. Bai 789 

et al. [198] investigated the deflection history of 120 RC beams using the “bagging technique” and 790 

its combination with other algorithms such as ANN, SVM, and ANFIS. They showed that SVM-791 

ANFIS has the best-predicting capability. Other works on beams can be found elsewhere 792 

[49,199,200]. 793 

5.6.2 FRP-strengthened members 794 

The use of fiber-reinforced polymer (FRP) composites has been well established in the structural 795 

engineering fields and dates back to a few decades ago. FRPs are often used to retrofit or 796 
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strengthened weakened RC and metallic structures by means of adhesively and anchored systems, 797 

given their use of installation, high strength to weight ratio, and cost-effectiveness [201–203].  798 

Lee and Lee [199] developed an ANN algorithm to investigate the shear strength of FRP-799 

reinforced flexural members. ANN predictions from 288 cases were compared against those 800 

obtained from codal provisions such as the British Institution of Structural Engineers guidelines 801 

(BISE) and the Japan Society of Civil Engineers (JSCE) and noted high accuracy. Naderpour et 802 

al. [204], in a similar paper, it was shown that ANN has high accuracy (R2 = 92%) in predicting 803 

shear capacity in FRP joints to concrete beams and pointed out that the depth of cross-section has 804 

the most impact on the ANN model predictions. Mansouri et al. [205] investigated the behavior of 805 

concrete elements bounded by FRP sheets using four algorithms ANN, ANFIS, multivariate 806 

adaptive regression splines (MARS), and M5 TREE. Their results show that ANN and ANFIS did 807 

not perform as well as MARS and M5 Tree in predicting strain ratios of FRPs. 808 

Nguyen et al. [206] used 331 laboratory samples and ANN and ANFIS algorithms to establish a 809 

relationship to predict the compressive strength of self-compacting concrete reinforced with FRP. 810 

Naderpour et al. [207] applied a three-layer ANN to investigate shear strength of FRP-reinforced 811 

concrete beams without longitudinal reinforcements and achieved 9.72% error rate as compared 812 

to codal models such as (ACI-440, ISIS Canadian design manual (ISIS-M03-07), and BISE). The 813 

bond strength between FRP and concrete is a key factor that also was explored in detail. For 814 

example, Su et al. [208], and Köroglu [209] examined the bond performance of FRPs via several 815 

algorithms. Other works examined the use of FRP in other structural elements such as beams, 816 

columns, joints, and slabs can be found elsewhere [200,210–216].  817 

5.6.3 Other types of structural members 818 

In lieu of RC and FRP-strengthened structural members, the open literature also contains studies 819 

that explored the use of AI-based in other types of structural members and components. To name 820 

a few, Degtyarev [217] developed an ANN to predict the shear strength of cold-formed steel 821 

channels and attained high accuracy by finetuning this ANN. Degtyarev [217] also explored the 822 

influence of various tuning options and observed that two-hidden layer ANNs could show better 823 

performance metrics than ANNs with one-hidden layer. Le [218] examined the axial capacity of 824 

concrete-filled steel tubes using the Gaussian process regression (GPR) algorithm and noted that 825 

column slenderness to be of the highest influence. Nguyen et al. [219] applied the invasive weed 826 

optimization (IWO) algorithm to predict the axial strength of 99 rectangular CFST columns and 827 

reported remarkable success (R2 ~98%). Thai et al. [220,221] carried out a series of works using 828 

various algorithms on CFST columns. Other works were applied toward predicting the behavior 829 

of wood members [124] and structural connections [222–224], as well as those listed in Table 6. 830 
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Table 6. Summary of works on AI-based methods applied in various structural systems 

Study Dataset Objective Algorithm(s) Training procedure (%) Performance metrics 

Cachim 

[168] 

5  Predicting temperature rise within 

timber structures  

ANN Training (45%) 

Testing (60%) 

Validation (-) 

RMSE, MAE, MAPE, R2  

Mangalathua 

et al. [192] 

393  Failure mode identification of 

concrete shear walls 

KNN, DT, RF, Adaboost, 

ExGBoost, Light GBM 

Training (70%) 

Testing (30%) 

Validation (-) 

Confusion matrix 

Ketabdari  et 

al. [194] 

200  Predicting shear 

strength of short circular RC 

columns  

PSO, GA Training (70%) 

Testing (-) 

Validation (30%) 

RMSE, MAE, R 

Ababneh et 

al. [196] 

231  Predicting concrete contribution 

in the shear capacity of recycled 

aggregate concrete beams 

ANN Training (80%) 

Testing (20%) 

Validation (-) 

mean relative error (MRE), 

MAE, R2 

Solhmirzaei e 

al. [197] 

360  Predicting failure mode and shear 

capacity of UHPC beams 

SVM, ANN, KNN, GP Training (70%) 

Testing (30%) 

Validation (-) 

 

20-fold cross-validation 

Confusion matrix, ROC 

curve, R2 

Zarringol et 

al. [35] 

2,686  Predicting the ultimate strength 

of CFST columns  

ANN Training (85%) 

Testing (15%) 

Validation (-) 

MSEREG, R2, MSE 

Le [218] 314  Predicting the axial load of 

square concrete-filled steel 

tubular (CFST) columns  

Gaussian Process 

Regression (GPR)  

Training (-) 

Testing (-) 

Validation (-) 

R, MAPE, MAE, RMSE 

Nguyen et al. 

[219] 

99  Predicting axial strength of 

concrete filled in steel tubes 

invasive weed optimization 

(IWO), ANN 

Training (60%) 

Testing (40%) 

Validation (-) 

RMSE, MAE, R2 

Ly et al. 

[195] 

463  Predicting the ultimate shear 

capacities of concrete beams 

reinforced with steel fiber 

ANN, GA, Firefly algorithm Training (70%) 

Testing (30%) 

Validation (-) 

RMSE, MAE, R 

Razavi et al. 

[225] 

6 Predicting first crack of CFRP 

strengthened RC one-way slabs 

General regression neural 

network (GRNN) 

Training (85%) 

Testing (15%) 

Validation (-) 

MSE, RMSE 
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Degtyarev 

[217] 

3,512  Predicting the elastic shear 

buckling loads and the ultimate 

shear strengths of the channels 

with slotted webs 

ANN 10-fold cross-validation  MSE, MAE, MAPE), R2 

Naser [89] 12,000  Predicting sectional capacity of 

FRP-strengthened members 

ANN, GA Training (70%) 

Testing (30%) 

Validation (-) 

MAE, R, R2 

Fathi et al. 

[110] 

70  Predicting the modulus of 

elasticity (MOE) and modulus of 

rupture (MOR) of wood with 

varying moisture contents (MC)  

Group method of data 

handling (GMDH) 

Training (75%) 

Testing (25%) 

Validation (-) 

R2  

Lee and 

Lee[199] 

106  Predicting shear strength of 

slender fiber reinforced polymer 

(FRP) reinforced concrete 

flexural members without stirrups 

ANN Training (73%) 

Testing (27%) 

Validation (-) 

Coefficient of variation 

(COV), RMSE, R2 

Naderpour 

[207] 

177  Predicting shear resistance of 

concrete beams 

ANN Training (60%) 

Testing (20%) 

Validation (20%) 

MSE, R2 

Abuodeh et 

al. [200] 

120  

 

Study the behavior of shear-

deficient reinforced concrete 

(RC) beams strengthened in shear 

with side-bonded and U-wrapped 

fiber-reinforced polymers (FRP) 

laminates 

RBPNN, Recursive feature 

elimination (RFE)  

Training (70%) 

Testing (15%) 

Validation (15%) 

RMSE, R2 

Su et al. [208] 122 + 136 Establishing correlation between 

influencing variables and the 

interfacial bond strength and then 

to predict the IBS 

MLR, SVR, ANN Training (80%) 

Testing (20%) 

Validation (-) 

 

10-fold validation results  

RMSE, MAE, mean relative 

error (MRE), R2 

Köroğlu 

[209] 

408  Predicting the bond strength of 

FRP bars in concrete  

ANN Training (85%) 

Testing (15%) 

Validation (-) 

RMSE, R2 

Naderpour et 

al. [226] 

150  Predicting the bond strength ANFIS Training (80%) 

Testing (20%) 

Validation (-) 

RMSE, MAE, R2 
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Naderpour et 

al. [204] 

110  Extracting a new equation to 

predict the shear strength of 

concrete beams reinforced with 

FRP bars 

ANN Training (70%) 

Testing (20%) 

Validation (20%) 

MAE, RMSE, MSE 

Ma et al. 

[211] 

102 + 68  Simulating the FRP-repaired 

concrete subjected to pre-

damaged loading 

ANN Training (70%) 

Testing (15%) 

Validation (15%) 

R2 

Mansouri et 

al. [205] 

1,153 Predicting ultimate conditions of 

fiber- reinforced polymer (FRP)-

confined concrete 

ANN, ANFIS, multivariate 

adaptive regression splines 

(MARS), M5 Model Tree 

(M5Tree) 

Training (60%) 

Testing (20%) 

Validation (20%) 

RMSE, and average absolute 

error (AAE), MARE 

Vu and  
Hoang [212] 

82  Predicting the ultimate punching 

shear capacity of FRP- reinforced 

slabs 

least squares support vector 

machine (LS-SVM), FA 

(firefly algorithm)  

Training (90%) 

Testing (10%) 

Validation (-) 

 

10-fold cross-validation 

RMSE, MAPE, R2 

Nguyen et al. 

[206] 

131  Predicting the 28-day 

compressive strength of fiber-

reinforced high-strength self-

compacting concretes 

ANN, ANFIS Training (70%) 

Testing (15%) 

Validation (15%) 

R2, MSE, RMSE, and 

a20−index 

Feng and Fu 

[213] 

86  Predicting the shear strength of 

RC beam to column connections  

Gradient Boosting 

Regression Tree (GBRT) 

Training (80%) 

Testing (20%) 

Validation (-) 

10- fold cross-validation 

R2, RMSE, MAE 

Allahyari et 

al. [214] 

90  Predicting the shear strength of 

Perfobond rib shear connector in 

steel-concrete composite 

structures 

ANN Training (85%) 

Testing (15%) 

Validation (-) 

 

Normalized mean square of 

errors (NMSE), R 

Mirrashid 

[215] 

149  Predicting the shear strength of 

none-ductile RC joints 

ANFIS, GMDH, ANN Training (85%) 

Testing (15%) 

Validation (-) 

 

R2, MAE, RMSE 

Yaseen et al. 

[227] 

98  Predicting the joint shear 

behavior of beam to column 

structures 

GA, DNN Training (-) 

Testing (-) 

Validation (-) 

 

MAE, RMSE, mean relative 

error (MRE), R2 
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831 Alwanas et 

al. [216] 

153  Predicting behavior of beam to 

column connections 

ELM, MARS Training (80%) 

Testing (20%) 

Validation (-) 

 

Scatter index (SI), MAPE, 

RMSE, MAE, root mean 

square relative error 

(RMSRE), MRE, 

BIAS 

Shariati et al. 

[222] 

1,010 + 

2,896 

Predicting the behavior of 

channel shear connectors 

ANN, ANFIS, ELM Training (70%) 

Testing (30%) 

Validation (-) 

 

RMSE, R, R2 

Chen et al. 

[193] 

139  Predicting the shear strength of 

Squat RC walls 

ANN, PSO Training (80%) 

Testing (20%) 

Validation (-) 

 

R2, relative root mean square 

error (RRMSE), MAPE 

Kotsovou et 

al. [224] 

150  Predicting the behavior of RC 

exterior beam to column 

connections 

ANN Training (60%) 

Testing (20%) 

Validation (20%) 

 

MSE 

Luo and Paal 

[228] 

262  Developing design curves for 

flexure- and shear-critical 

columns 

Grid search algorithm Training (90%) 

Testing (10%) 

Validation (-) 

 

10-fold cross-validation  

RMSE, R2 

Bai et al. 

[198] 

120 Assessing deflection in RC 

beams 

ANN, ANFIS, SVM Training (80%) 

Testing (20%) 

Validation (-) 

 

10-fold cross-validation 

RMSE, R2, RMSE, VAF, and 

MAPE,  

Sujith 

Mangalathua 

[68] 

536  Predicting the shear strength of 

beam to column joints  

LR, Lasso, Discriminant 

analysis, Naïve Bayes (NB), 

DT, Extreme learning 

machines (ELM), Stepwise 

regression (SR) 

Training (70%) 

Testing (30%) 

Validation (-) 

 

MSE, absolute error, R2 
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6.0 Analysis of Observed Practices  832 

This section presents further insights into observations noted from this scientometrics review. The 833 

focus of this analysis is to identify common trends and practices posed by works that leveraged 834 

AI-based methods in structural engineering over the past decade. Special attention is paid towards 835 

frequently adopted algorithms, applied model development procedures, size of datasets used, and 836 

employed performance metrics2.  837 

6.1 Frequently adopted algorithms  838 

Figure 22 lists the most frequently used algorithms as collected herein. As one can see, ANN, GA, 839 

GP, and SVM top all other algorithms. Of these four algorithms, ANN and GA ranked the heights 840 

with about 2-3 more times re-occurrences than GP or SVM (i.e., 55.9% of the time). This may 841 

stem from the notion that ANN and GA are well-established algorithms that have found home in 842 

this domain a while ago, which could explain the familiarity of structural engineers with these 843 

algorithms. In addition, ANN and GA comprise visual architecture that can be easier to visualize 844 

and apply. Finally, these two algorithms can be used in a wide range of problems, are often 845 

associated with little data processing, and can be incorporated into other algorithms (to create 846 

hybrid tools) with ease. Figures 22c and 22d show knowledge maps for ANN and GA as obtained 847 

through our analysis.  848 

 849 
(a) No. of publications per surveyed algorithm 850 

 
2It is worth noting that the analysis displayed herein is based primarily based on our observations and constraints of this work. We do believe that 

a more systematic examination by means of social trends, surveys, and peer practices etc. is warranted. 

0

300

600

900

1200

1500

1800

P
u

b
lic

at
io

n
 n

o
.

PCA SVM DT RF ExGBT KNN GA GP ANN CNN

https://doi.org/10.1007/s11831-022-09793-w
https://doi.org/10.1007/s11831-022-09793-w


This is a preprint draft. The published article can be found at: https://doi.org/10.1007/s11831-022-09793-w.  

Please cite this paper as:   

Tapeh, A., Naser, M.Z. (2022). Artificial Intelligence, Machine Learning, and Deep Learning in Structural 

Engineering: A Scientometrics Review of Trends and Best Practices. Archives of Computational Methods in 

Engineering. https://doi.org/10.1007/s11831-022-09793-w.    

50 
 

 851 
(b) Breakout of used algorithms 852 

 853 
(c) ANN 854 
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 855 
(d) GA 856 

Fig. 22 Insights into most frequently used algorithms in structural engineering between 857 

(2011-2020) 858 

6.2 Frequently applied model development procedures 859 

The result of our analysis shows that the majority of scholarly works seem to primarily adopt one 860 

of two model development procedures: train/test splits or k-fold cross-validation (see Fig. 23). 861 

Historically, earlier works applied train/test splits where a database is split into two subsets. A 862 

larger subset of about 85% of reviewed works applied splits ranging between 70-80% of the 863 

original database size in training the ML model, and the smaller set was used to validate and test 864 

the predictivity of the model. Recent trends are moving towards applying a variant of k-fold cross 865 

validation on a more regular basis due to its inherent benefits over the train/test splitage.  866 

 867 
(a) Training procedure  868 

85%

10%
5%

Split Split + k-fold k-fold only
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 869 
(b) Common splits 870 

Fig. 23 Insights into most frequently ML model development procedures in structural 871 

engineering between (2011-2020) 872 

Recent works properly articulate the need for data scaling, or normalization. However, we have 873 

not seen a consist approach to such and it appears it follows the researchers’ preferences. An 874 

interesting observation was that the bulk of the reviewed works did not report applying feature 875 

cleansing, feature engineering or feature selection techniques and only presented the final inputs 876 

used for analysis. It is not clear if feature selection techniques were applied beforehand but never 877 

reported nor if researchers naturally relied on domain expertise to identify the features of 878 

importance – which seems to be a common denominator. In parallel, feature selection techniques 879 

were noted in the works that applied PCA or data reduction pre-analysis, such as those related to 880 

structural health monitoring problems. Future works are advised to carry out data analytics 881 

(database health examination) to ensure the generalizability of data points and subsequent ML 882 

models developed through such data points. Finally, future works are also invited to investigate 883 

the influence of algorithms tweaking options such as hyperparameter tuning [229] and algorithm 884 

architecture [230].  885 

6.3 Frequently used size of datasets  886 

Our analysis indicates that there was considerable variability in the size of databases used in the 887 

reviewed works herein (see Fig. 24). For studies with datasets with less than 1,000 point, the 888 

average dataset size was around 247 points. In general, datasets used in DNN and computer vision 889 

problems tend to have significantly larger data points. Still, the size of a utilized database in a 890 

particular study was merely discussed from a data-quality or -quantity points of view, but rather 891 

was primarily disclosed3. Most works examined the utilized dataset via basic statistical treatments 892 

such as a correlation analysis/matrix or via frequency plots. In most instances, information with 893 

 
3 Some works reported a practice of eliminating data points with up to a certain degree of deviation from the global 

trend of data [91]. 
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regard to data range (i.e., max, min, average) and distribution were provided, however, only in a 894 

small number of instances, additional information with regard to kurtosis or skewness of data were 895 

provided. It is not clear how questions such as, does a used dataset include most examples of the 896 

combinations of in the search space a study is targeting? Does a dataset contain biased or 897 

imbalanced data? We hope to see answers to such questions, as well as others, in future works.  898 

 899 
(a) All works 900 

 901 
(b) Works with data with less than 1000 points (average = 247 points) 902 

Fig. 24 Insights into most frequently used size of datasets in structural engineering 903 

between (2011-2020) 904 

6.4 Frequently employed performance metrics 905 

The five key metrics were found to be MAE, MSE, R, R2, RMSE, and MAPE with R being the 906 

most used metric followed by MSE and RMSE – see Fig. 25. We note that reviewed works favored 907 

the use of traditional performance metrics (i.e., R, R2, RMSE, etc.). This is understandable, 908 

especially since, as shown in Sec. 5, the use of ML is tightly linked to regression problems (e.g., 909 

prediction of properties of sectional capacities). We also speculate the inherent familiarity of 910 

structural engineers with such metrics, which are commonly used in experimental tests. In some 911 

instances, reviewed researchers created a problem-specific metric or objective functions. We find 912 
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such efforts to be of value as they go beyond the application of traditional metrics into more so of 913 

“performance-based” metrics. In classification problems, prominently used metrics were those 914 

related to the confusion matrix.  915 

 916 
Fig. 25 Insights into most frequently used performance metrics in ML models in 917 

structural engineering between (2011-2020) 918 

We would also like to point out that while a good number of works applied a sole algorithm to 919 

tackle a problem. In more recent efforts, researchers seem to favor adopting two or more 920 

algorithms (whether individually or by means of ensembles). In the case of the latter, then 921 

traditional performance metrics can be applied; on the other hand, additional performance metrics 922 

that are primarily designed to compare ML models can be used (however, rarely reported). Such 923 

metrics include; Wilcoxon signed-rank test [231,232], 5x2CV paired t-test [233] and McNemar’s 924 

Test [234]. In the meantime, the use of those metrics does not seem to find a reoccurring home in 925 

the reviewed works as the performance of competing models continues to be examined through 926 

traditional metrics. Finally, performance metrics can be applied globally (whole dataset), as well 927 

as regionally (on training, validation, testing subsets) and locally (especially near data regions with 928 

extreme values). A comprehensive application of metrics throughout the whole data range can be 929 

helpful in understanding the predictivity of a model.  930 

6.5 Where to go from here? 931 

The domains of AI, ML, and DL continue to expand with new technologies being added on a 932 

regular and more frequent basis. This implies that we can expect such advancements to reach the 933 

domain of structural engineering in the years, if not months, to come. Perhaps we can work to 934 

facilitate a smooth and more accessible transfer of such technologies to enable a transition towards 935 

modern structural engineering that could fully harness the potential of AI-based methods [235].  936 
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To fully harness this potential, research efforts are invited to join hands with industry partners. As 937 

the demand for faster, safer, and more intelligent solutions rises to match future structures, we 938 

expect to see a shift towards adopting AI-based methods. This also brings in the dimension of 939 

education, as future structural engineers will need to learn how to utilize AI, ML, and DL, as well 940 

as future technologies. Given their dense curriculum, innovative short works or seminar-like 941 

workshops can come in handy to help bridge this gap. In reality, such efforts can even start at the 942 

early stages of education [236].   943 

Noting the results of our survey as discussed in this section, we did not identify a standard 944 

procedure to select, develop, deploy, or examine AI-tools [237]. In practical scenarios, AI-based 945 

methods, when used in the field of structural engineering for design/practical scenarios, are 946 

expected to be rigorously vetted in a similar manner to that of commonly adopted codal provisions 947 

to limit bias, overfitting, and ensure reliability as well as consistency; to name a few. Perhaps this 948 

would be a good time to start to formulate task groups/committees that can lead this effort.  949 

As we move towards a more AI-adopting structural engineering, a need for transparent and 950 

reproducible AI solutions that break the notion of the blackbox will be on the rise. Herein, 951 

resolutions such as open access databases, code sharing, whitebox AI models, and citizen scientists 952 

can be of merit and can facilitate trust between structural engineers themselves, as well as with AI 953 

tools [238]. One way to establish reproducibility is by adopting benchmarked and well validated 954 

databases and case studies. 955 

One of the rarely discussed topics is the use of properly designed visualizations to illustrate the 956 

outcome of AI analyses [239]. For example, the outcome of most regression models can be 957 

integrated with error bars, bounds, and confidence intervals that can visually illustrate the 958 

suitability of model predictions. Equivalent tools can also be supplemented in classification-based 959 

models. Noting the various visualization options available as packages in different programming 960 

languages, AI users may benefit from supplementing their works with such useful tools to further 961 

disseminate and enhance the delivery of their works.  962 

A distinction should be drawn wherein some problems may necessitate embracing a “chased 963 

accuracy” mindset while tackling a phenomenon (where a model is heavily pushed to attain high 964 

performance metrics), as opposed to when a model is to be used to try to pinpoint the underlying 965 

mechanics or hidden patterns governing a phenomenon. In the former, such as in optimization-like 966 

problems, small improvement in model performance can be displayed via comparing up to 3-7 967 

significant figures against earlier works, or measurements. In the latter, attaining close to unity 968 

performance metrics may not be necessary, especially if model interpretation can be beneficial or 969 

helpful to guiding researchers in exploring new dimensions of a phenomenon, as opposed to 970 

attempting to solve a phenomenon [240]. The reader is to be cognizant that performance metrics 971 

reflect a model’s performance upon the available dataset used in developing such model – which 972 

may or may not be a reflection on the actual underlying mechanics in the real world. In a way, 973 

there is a good room to explore AI in different setting and problems. 974 
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The above notes some of the key observations that arose during our survey, and we invite future 975 

works to extend this survey further and to explore other dimensions and scholarly databases that 976 

were not present herein – such as that with regard to implementing unsupervised [241] and 977 

reinforcement learning [242]. A viable look will be towards causal AI [243,244] and those 978 

pertaining to the role of AI in the education of civil engineers [245].  979 

7.0 Conclusions 980 

This paper presents a scientometrics review of artificial intelligence, machine learning, and deep 981 

learning with particular attention to structural engineering. This review starts by introducing big 982 

ideas within AI, ML, and DL in terms of its commonly used algorithms and techniques. Then, this 983 

review maps the latest knowledge within this domain by examining works published within the 984 

last ten years. Special attention is given to the application of AI, ML, and DL in earthquake, wind, 985 

and fire engineering, as well as structural health monitoring, damage detection, and prediction of 986 

properties of structural materials as collected from over 4000 sources. The following list of 987 

inferences can be drawn from this review: 988 

• The past decade sets the stage for more eminent adoption of AI, ML, and DL in structural 989 

engineering, as noted by the significant rise in publications.  990 

• Collectively, ANN, GA, GP, and SVM were used more frequently than other algorithms. 991 

ANN and GA have the lion share with about 55.9% of the time. 992 

• 85% of reviewed works seem to favor adopting a split-based training procedure wherein the 993 

dataset is unequally split into a training set and a testing set. This model development 994 

procedure was then followed by a k-fold training procedure.  995 

• The open literature shows a large variation in the size of used datasets. While the majority or 996 

works adopted datasets in the vicinity of 100-300 datapoints, others have reported the use of 997 

data points ranging between exceeding 10,000 points.  998 

• Commonly used performance metrics were found to be R, MSE and RMSE. It is worth noting 999 

that some studies incorporated composite and exotic metrics that combines traditional 1000 

metrics into ne metrics.  1001 

• Arising challenges such as; the need for AI education, transparency, reproducibility, and 1002 

benchmarking databases and methods can be overcome in the coming years via 1003 

collective/domain efforts.  1004 
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9.0 List of Abbreviations 1010 

AI: Artificial Intelligence 

ALD: Applied Load 

ANFIS: Adoptive Neuro-Fuzzy 

Interface 

ANN: Artificial Neural Network 

ARI: Arias Intensity 

ASI: Acceleration Spectrum 

Intensity 

BA: Bagging Technique 

BD: Bracketed Duration 

BFGS: Broyden– Fletcher–

Goldfarb–Shanno 

BP-ANN: Back Propagation-

Artificial Neural Network 

CFL: Ceiling Finish Layer 

CGB: Powell–Beale conjugate 

gradient algorithm 

CGF: Fletcher–Powell conjugate 

gradient back propagation 

CGP:  Polak–Ribiere conjugate 

gradient back propagation 

CSA: Coupled simulated annealing 

CVA: Cumulative Absolute 

Velocity 

DT: Decision Tree 

EPA: Effective Peak Acceleration 

FFNN: Feed Forward Neural 

Network 

FMCDM: Fuzzy Multi-Criteria 

Decision Analysis 

GA: Grid search/ Genetic 

Algorithm 

GANs: Generative Adversarial 

Networks  

GBRT: Gradient Boosting 

Regression Tree 

GDA:  Gradient descent with 

adaptive linear back propagation 

Gradient 

GDM:  Gradient descent BP with 

momentum 

GDX: Gradient descent 

w/momentum and adaptive linear 

back propagation 

GEP: Gene expression 

programming 

GMDH: Group Method of Data 

Handling 

GP: Genetic Programming (linear-

based GP, Cartesian GP, 

grammatical GP, stack GP) 

GSA: Grid Search Algorithm 

HI: Housner Intensity 

HSSB: High Strength Steel Bolt 

IBS: Interfacial Bond Strength 

JTY: Joist Type 

KNN: K-nearest neighbor 

LGP: Linear genetic programming 

LM: Levenberg–Marquart (back 

propagation) 

LOOCV: Leave One Out Cross-

Validation 

LSTM: The long short-term 

memory  

LWLS-SVMR: locally weighted 

least squares support vector 

machines for regression  

MCDM: Multi-Criteria Decision 

Analysis 

MCFT: Modified Compression 

Field Theory 

MGGP: multigene genetic 

programming 

ML:  Machine Learning 

MLS-SVMR: multi-output least-

squares support vector machine for 

regression 

MOE: Module of elasticity 

MOR: Module of rupture 
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OSS: One step secant back 

propagation 

PCA: Principal Component 

Analysis 

PGA: Peak Ground Acceleration 

PGD: Peak Ground Displacement 

PGV: Peak Ground Velocity 

PP: Predominant Period 

PRSC: Perfobon Rib Shear 

Connector 

PSO: Particle Swarm Optimization 

RC: Reinforced concrete 

RF: Random Forest 

RP:  Resilient back propagation 

SCG: Scaled conjugate gradient 

back propagation  

SD: Significant Duration 

SED: Specific Energy Density 

SVM: Support vector machine 

TCC: Thermal Conductivity Of 

concrete 

TGP: Tree-based Genetic 

Programming 

UD: Uniform Duration 
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