
The 2022 World Congress on
The 2022 Structures Congress (Structures22)
16-19, August, 2022, GECE, Seoul, Korea

  

 
 
 

Recent advances in data-driven multiscale analysis methods of 
complex reinforced concrete structures 

 
*In Ho Cho1), Mohammed Bazroun2), and Yicheng Yang2) 

 
1), 2) Department of Civil, Construction, and Environmental Engineering, Iowa State 

University, Ames, Iowa 50011, USA 
1) icho@iastate.edu 

 
 
 
 

ABSTRACT 
 

     Precise understanding of nonlinear damage behaviors of complex reinforced 
concrete (RC) structures under extreme loads has been a long-sought goal in civil 
engineering. With recently emerging technologies of machine learning (ML) and 
statistical methods, we can access the behaviors from a new perspective offered by 
data. Data-driven analysis methods can offer flexibility, expandability, and efficiency, 
i.e., computationally light, easy to evolve, less dependent upon expensive experiments, 
and less human interventions for model calibrations. This paper summarizes recent 
advances in data-driven analysis methods, spanning statistical approach to ML 
methods and also covering multiple length scales from meters to millimeters. 
 
1. INTRODUCTION 
 
     Accurate prediction of nonlinear damage behaviors of complex reinforced 
concrete (RC) structures under extreme loads has been a long-sought goal in civil 
engineering and broad infrastructure engineering. With recently emerging technologies 
of machine learning (ML), data science, and statistical methods, researchers gradually 
access the nonlinear behaviors of complex RC structures from a new perspective 
enabled by data. Compared to conventional approaches, the data-driven analysis 
methods can be computationally light, easy to evolve, less dependent upon expensive 
experiments, and less human interventions for model calibrations, thereby providing 
flexibility, expandability, and efficiency to researchers and engineers. This paper 
reviews recent advances in data-driven analysis methods in two axes – firstly spanning 
statistical approach to ML methods, and secondly covering multiple length scales from 
meters to millimeters. This review paper offers an instructive outlook of the recent 
advances in data-driven analysis methodologies to research communities involving 
complex RC structures and critical infrastructure.   
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2. STATISTICAL LEARNING AND MACHINE LEARNING FOR METER-SCALE 
GLOBAL BEHAVIORS OF RC STRUCTURES 
 
     Advanced statistical learning and machine learning methods can be used to learn 
and predict global behaviors of complex RC structures. The target behaviors are 
described at meter length scale which include the yielding strength, the ultimate 
strength, and the hysteretic force-carrying capacity curves of the target structures. 
These global meter-scale behaviors are important for design process and loss 
assessment of the structures before and after excessive loading conditions.   
 
     2.1 Advanced Statistical Learning  
     Statistical learning methods hold clear theoretical supports and can offer 
transparency and interpretability in the final learning product. All the coefficients of the 
statistical prediction model can be found, and their relative importance may be 
investigated via p-value comparison. Compared to typical machine learning methods, 
statistical methods may perform well with a small amount of training data. However, to 
learn and predict trends of global capacity curves of RC structures, simple regression 
or multiple regression methods may be insufficient due to many variables and highly 
nonlinearity of the capacity curves. To concurrently leverage efficiency and flexibility of 
the statistical learning of RC structures, the generalized additive model (GAM) can 
serve as a strong learner as demonstrated by Song et al. (2018). 
It is instructive to briefly touch upon the key theory. GAM (Hastie and Tibshirani (1990) 
and Wood (2006)) is a non-parametric version of the generalized linear model. It often 
holds covariates in the model through unspecified smooth functions, of which general 
form reads: 
     𝑔𝑔(𝜇𝜇𝑖𝑖) = 𝑓𝑓1(𝑥𝑥1𝑖𝑖) + 𝑓𝑓2(𝑥𝑥2𝑖𝑖) + 𝑓𝑓3(𝑥𝑥3𝑖𝑖) + ⋯ 
(1)   
 
where 𝑔𝑔 is a smooth link function; 𝜇𝜇𝑖𝑖 ≡ 𝔼𝔼(𝑌𝑌𝑖𝑖|𝒙𝒙𝑖𝑖); 𝑌𝑌𝑖𝑖 is a target variable assumed to 
belong to an exponential distribution family; 𝒙𝒙𝑖𝑖  is ith multivariate vector, 𝒙𝒙𝑖𝑖 =
{𝑥𝑥1𝑖𝑖, 𝑥𝑥2𝑖𝑖 , … }; 𝑓𝑓𝑗𝑗  is a smooth function of covariates 𝑥𝑥𝑗𝑗𝑖𝑖 . For instance, 𝑌𝑌𝑖𝑖  may be the 
ultimate strength of ith RC structure while 𝒙𝒙𝑖𝑖 = �𝐸𝐸𝑐𝑐, 𝜈𝜈𝑐𝑐, 𝑓𝑓𝑐𝑐′,𝑓𝑓𝑐𝑐𝑐𝑐 , 𝐸𝐸𝑠𝑠

(1),

𝜈𝜈𝑠𝑠
(1),𝑓𝑓𝑦𝑦

(1),𝑓𝑓𝑢𝑢
(1), … ,𝐸𝐸𝑠𝑠

(𝑛𝑛𝑠𝑠), 𝜈𝜈𝑠𝑠
(𝑛𝑛𝑠𝑠),𝑓𝑓𝑦𝑦

(𝑛𝑛𝑠𝑠),𝑓𝑓𝑢𝑢
(𝑛𝑛𝑠𝑠), ℎ𝑒𝑒𝑒𝑒𝑔𝑔ℎ𝑡𝑡, 𝑙𝑙𝑒𝑒𝑙𝑙𝑔𝑔𝑡𝑡ℎ, … �

𝑖𝑖
 where subscripts c and s 

stand for concrete and steel, respectively; (𝐸𝐸, 𝜈𝜈, 𝑓𝑓) stand for the Young’s modulus, 
the Poisson ratio and various strengths;  𝑙𝑙𝑠𝑠  is the number of total types of 
reinforcements.    
As seen in Eq. (1), GAM is a non-parametric regression model and does not pre-
specified forms of 𝒙𝒙𝑖𝑖, which is the source of the strong flexibility of GAM compared to 
typical linear models. For illustration purpose, let’s consider one variable’s smooth 
function: 
  

𝑓𝑓(𝑥𝑥) = �𝛽𝛽𝑗𝑗𝑏𝑏𝑗𝑗(𝑥𝑥)
𝑞𝑞

𝑗𝑗=1

 

(2)   
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where 𝑏𝑏𝑗𝑗(𝑥𝑥) is the jth basis function and 𝛽𝛽𝑗𝑗  is the associated unknown parameter. 
Finding all 𝛽𝛽𝑗𝑗′s is done by maximizing the corresponding likelihood with a penalty term 
𝜆𝜆 ∫[𝑓𝑓′′(𝑥𝑥)]2𝑑𝑑𝑥𝑥. Here, 𝜆𝜆 is the “smoothing parameter” that determines over-smoothness 
or under-smoothness of the fitting curves, which is optimized by minimizing the so-
called generalized cross validation score in GAM library (Wood, 2001). Choosing basis 
of GAM is important step. Just as in a linear model a straight line is used as the 
simplest basis for fitting, GAM can accommodate diverse flexible basis. There are two 
popular bases, (1) thin plate regression splines (TPRS, Wood (2003)) suitable for many 
covariates in one smooth function while (2) cubic regression spline (CRS) for offering 
flexibility to each covariate. As name indicates, TPRS uses high-dimensional “plate” as 
basis of fitting while CRS uses multiple cubic curves connected at knots.  
As described well in Song et al. (2020), the GAM is trained with more than 400 RC 
structures to predict the maximum shear force-carrying capacity. As shown in Fig. 1 
and Table 1, two GAM models using TPRS and CRS bases appear to accurately 
predict the maximum capacity compared to a high-precision parallel multiscale finite 
element analysis program (denoted as VEEL; Cho (2013)).   
 

 

Fig. 1 (a) Finite element models used for high-precision computer simulation (denoted 
as VEEL; Cho (2013)); (b) Real experimental results of a rectangular shear wall 
(denoted WSH2; cited from Dazio et al. (2009)); (c) Comparison of statistical 
predictions (GAM-TPRS and GAM-CRS) against VEEL (Adapted from Song et al. 
(2020)) 
 
Table 1. Prediction results using high-precision computational simulation (denoted as 
VEEL; Cho (2014)) and two GAM predictions (GAM-TPRS and GAM-CRS) using 6 
rectangular RC shear wall series (denoted as WSH1-6). Experimental results are from 
Dazio et al. (2009). Results are adapted from Song et al. (2020). 
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After training, new predictions with the statistical model like GAM can take place in 
substantially short time compared to high-precision finite element analysis and the 
statistical investigation can help identify which design variables relatively important. Still, 
the statistical learning approach has some challenges. Variable selections may help 
accuracy improvement, but it may take considerable efforts when data sets are high-
dimensional. General applicability needs due attention since “extrapolation” of the 
statistical model is still problematic in the GAM models, and thus prediction accuracy 
beyond the input variables’ ranges may deteriorate due to the lack of training data. In-
depth investigations, example data sets, and statistical program codes written in serial 
R and parallel R (Rmpi) are available in Song et al. (2020).    

 
     2.2 Multiple Target Regression Model  
     In the previous section, a powerful statistical learning is used to predict a single 
target, i.e., maximum shear-carrying capacity. Briefly, in GAM prediction: 𝐱𝐱 → 𝑦𝑦 where 
𝐱𝐱 ∈ ℝ𝑝𝑝  is a vector of descriptive variables (e.g., geometric, materials, and other 
mechanical features of the target RC structure) and where 𝑦𝑦 ∈ ℝ  is the target 
response of the structure (e.g., the maximum force-carrying capacity). What if one 
wants to learn and predict capacity curves, rather than a single value? To answer such 
questions, we need “multiple-target” prediction: 𝐱𝐱 → 𝐲𝐲, 𝐱𝐱 ∈ ℝ𝑝𝑝  and 𝐲𝐲 ∈ ℝ𝑝𝑝𝑡𝑡  where 𝐲𝐲 
is now a vector that prescribes the capacity curve of the RC structure. One of such 
prediction methods, this section introduces the multiple target regression model 
(MTRM). Open-source program of the MTRM is available on a machine learning 
system (denoted as CLUS) implemented and shared by Struyf (2011). CLUS is a 
decision tree-based rule learning system, and in particular, predictive clustering trees 
(PCTs) is a core result of CLUS. A decision tree is a supervised learning method that 
uses a tree-shaped graph encompassing all possible outcomes of a decision. Starting 
from a single node, each of outcomes will branch into other nodes, and so on. In 
contrast, clustering algorithm is an unsupervised learning that seeks to find similarity 
among data. PCTs leverage both the decision tree algorithm as well as constructing 
clusters. Rather than one PCTs, combined predictions are known to be superior, and 
such a combination of many PCTs is called an “ensemble” of PCTs (Dembczyński et al. 
(2008); Kocev (2007)). Detailed explanations and practical examples of RC structures’ 
capacity curve prediction are available in Yicheng and Cho (2021). Fig. 2 shows the 
main flow of how MTRM is used to predict the capacity curves of RC structures.  
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Fig. 2 Key flow of MTRM-based prediction of capacity curves of RC structures 

 
Fig. 2(a) shows how to extract data point from the envelope of force-displacement 
experimental results. Two sets of points are extracted from the envelope in positive 
range (purple points) and negative range (gray points), separately. Fig. 2(b) shows how 
to parameterize the capacity curve in each positive and negative range by the 3rd-
degree polynomial, requiring 4 × 2 coefficients, in total. With many instances (i.e., 
experimental data of many RC structures), Fig. 2(c) shows how to construct training 
data of vector of descriptive variables 𝐱𝐱𝑖𝑖 ∈ ℝ𝑝𝑝 and target vector 𝐲𝐲𝑖𝑖 ∈ ℝ𝑝𝑝𝑡𝑡, 𝑒𝑒 = 1, … ,𝑁𝑁 
where 𝑁𝑁  is the number of total specimens. In this example, 𝑝𝑝 = 32  descriptive 
variables are used for RC structures and 𝑝𝑝𝑡𝑡 = 4 × 2 coefficients for parametrization of 
capacity curves. Then, after training with MTRM in Fig. 2(d), one can predict 𝐲𝐲 with a 

new 𝐱𝐱, i.e., a new RC structure. Using the predicted 𝐲𝐲, we can draw capacity curves of 
the new structure with the 3rd-degree polynomial. Fig. 3 shows an example of the 
prediction and the calculated 95% confidence interval of the prediction by using the 
bootstrapping technique (Yicheng and Cho (2021)).  
        Fig. 3 Example of MTRC-predicted capacity curve of an RC structure: (a) 
Experimental results of RC shear wall specimen (WSH3) experiment by Dazio et al. 
(2009); (b) MTRC-based prediction of capacity curve in terms of 95% confidence 
intervals   
 
     2.3 Artificial Neural Network for RC Structures 
     Another popular branch of machine learning approaches to RC structures is to 
use the artificial neural network (ANN). When ANN has many layers, it is also called as 
deep neural network, a sort of deep learning methods. ANN’s basic building block is 
“neuron” (Fig. 4(a)) which performs a weighted summation and produces a smoothed 
real value via the so-called “activation function” ℎ(. ). A set of many neurons makes a 
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“layer” and they are stacked over multiple layers (Fig. 4(b)) to account for hidden 
interactions and nonlinear relationships among inputs. With the output vector 𝐲𝐲 =
{𝑦𝑦1, … ,𝑦𝑦𝑛𝑛𝑡𝑡}, error can be calculated, and it is backpropagated to update the weights 
𝐖𝐖 = {𝑊𝑊1, … ,𝑊𝑊𝑛𝑛}(𝑙𝑙𝑙𝑙𝑦𝑦𝑙𝑙𝑐𝑐) of each layer. If the output vector is one dimensional (𝐲𝐲 = {𝑦𝑦1}), 
ANN prediction is for single target; if the output vector is multi-dimensional, ANN allows 
multiple target prediction, 𝐲𝐲 = �𝑦𝑦1, … ,𝑦𝑦𝑛𝑛𝑡𝑡�, (𝑙𝑙𝑡𝑡 > 1). Recently, there have been many 
attempts to adopt ANN to predict important responses of RC structures. Table 2 
summarizes some examples. Extensive summary of various machine learning 
approaches to RC structures is available in Bazroun et al. (2021).       

 
Fig. 4 Illustration of artificial neural network architecture 

 
Table 2. Some examples of ANN used for RC structures 

Authors Samples Target (description) 
Lee and Lee (2017) 106 RC 

members 
Shear strength 

(Slender fiber-reinforced polymer RC flexural members 
without stirrups) 

Abuodeh et al. (2020) 120 RC 
Beams 

Shear strength 
(RC beams strengthened with externally bonded FRP 

sheets) 

Arslan (2010) 256 RC 
buildings 

Displacement drift capacity 
(Earthquake loading) 

Solhmirzaei et al. 
(2020) 

360 RC 
beams 

Failure pattern and shear strength 
(Ultra high performance concrete (UHPC) beams) 

 
 
3. GLASS-BOX MACHINE LEARNING FOR MILLIMETER-SCALE MATERIALS OF 
RC STRUCTURES  
 
     In the previous section, some popular statistical learning and machine learning 
methods applied to understanding and predicting salient responses of RC structures. 
Despite their meaningful practical contributions, those approaches share some 
common aspects: (1) their target responses are about global responses of the structure 
as a whole defined at meter length scale; (2) the resultant prediction models are “black-
box” in that they don’t provide physical or mechanical rationales about why the output is 
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generated given input; (3) the prediction and learning process rarely translate into 
underlying material models defined at millimeters or smaller length scale. 
     Recently, rule-learning type machine learning methods are applied to finer length 
scale and to learning or improving material models. Rather than final prediction values, 
this approach seeks to unravel rules or expressions of the underlying material models. 
This branch is denoted as “glass-box” machine learning in contrast to the black-box 
machine learning approaches. To learn material models defined at the millimeter length 
scale, new features are required. Such new features should be defined inside the 
structures and should provide physically meaningful information to machine learning. 
Cho (2019) suggest a new feature generation process of infusing basic physics into 
information inside the complex RC structures followed by information convolution. The 
new feature generation process is inspired by the convolution process of the 
convolutional deep learning methods (e.g., convolutional neural network (CNN)). In 
essence, the new features can quantify diverse boundary conditions (BC’s) and 
heterogeneous materials conditions which is common in RC structures. 
      

 
Fig. 5 Examples of the new features generated by physics-infused information 
convolution (adapted from Cho (2019)): (a) The new feature has larger value (~1.0) 
when closed to the fixed boundary while smaller value (~0.0) when away from the fixed 
boundary; (b) The new feature “feels” reinforcements; (c-d) The new features feel the 
embedded stiff materials with box shapes (c) and randomly distributed boxes (d)   
 
     As shown in Fig. 5, the new features can inform the machine learning with BC’s 
(denoted 𝐁𝐁) and heterogeneous internal conditions. This new feature (denoted 𝑰𝑰𝑰𝑰� ) is 
then used for learning expressions (rules) of decisive material coefficients (denoted 𝐜𝐜) 
of any material model (ℳ). Domain science or basic physics can be infused during the 
new feature generation. For instance, Cho (2019) suggests gravity or virtual stress 
excitation to generate new features for complex RC structures while simple geometry or 
physics are incorporated to derive new features in nano structures (Cho (2021)) and 
bubble array structures (Cho et al. (2022)). In complex RC structures, the new features 
𝑰𝑰𝑰𝑰�  quantifies diverse internal BC’s and proximity to stiff reinforcements.    



The 2022 World Congress on
The 2022 Structures Congress (Structures22)
16-19, August, 2022, GECE, Seoul, Korea

  

     Fig. 6 briefly shows the key flow of the glass-box framework of the evolving 
computational materials. Suppose we have a computational material model (ℳ) which 
is prescribed by coefficients (𝐜𝐜), Fig. 6(a). Traditionally, calibrating 𝐜𝐜 requires laborious 
laboratory tests and human interventions. The glass-box machine learning approach 
seeks to find a hidden relationship (and their expressions) between 𝐜𝐜 and the new 
features (𝑰𝑰𝑰𝑰� ). The new relationship should be flexible enough and thus smooth 
functional forms are adopted to express the rules between 𝐜𝐜  and 𝑰𝑰𝑰𝑰� , and the 
relationship is denoted as “link function” ℒ𝑀𝑀 that is prescribed by parameters 𝒂𝒂 (Fig. 
6(c)). As compared in Fig. 6(a) and Fig. 6(c), the material model does not rely on pre-
calibrated coefficients 𝐜𝐜, and new internal stress is updated by an evolving material 
model ℳ𝐸𝐸𝐸𝐸(𝛆𝛆;  ℒ𝑀𝑀) → 𝛔𝛔. Continuous evolution is made possible via the Bayesian 
evolutionary algorithm. Fig. 7 shows validation results using six complex RC shear 
walls. In the validation, the glass-box machine learning approach is used to unravel 
hidden rules of coefficients of four material mechanisms: (1) Confinement-dependent 
compressive strength enhancement mechanism, (2) nonlinear shear strength over 
cracked surfaces, (3) the friction between cracked surfaces, and (4) the progressive bar 
buckling. Detailed procedure of the validation is available in Bazroun et al. (2021).   

Fig. 6 Key flow of the evolving computational material by glass-box machine learning 
 

 
Fig. 7 Comparison of VEEL augmented by the glass-box machine learning approach 
(EV-VEEL) against VEEL, a high-precision parallel multiscale finite element analysis 
program by Cho (2013, 2014): (a) Detailed finite element model of the U-shaped RC 
wall; (b) Simulation results of EV-VEEL and VEEL against experimental results (from 
Beyer et al. (2008)); (c) Superiority of EV-VEEL over VEEL confirmed by six RC walls 
simulations  
   
     Downside of this glass-box approach is that it may require additional finite 
element analyses for the new feature generation, and learning and evolution processes, 
which may increase computational time. However, the glass-box machine learning 
approach holds important generality. This framework is not restricted specific material 
types, physical mechanisms, or length scale. Thus, the glass-box approach can be 
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applied to nano-scale structures (Cho et al. (2020)), bubble array structures (Cho et al. 
(2022)), and even earthquakes in the earth lithosphere (Cho (2022)). 
 
4. CONCLUSIONS 
 
Precise description of nonlinear damage behaviors of complex RC structures remains a 
daunting challenge in the civil engineering and infrastructure engineering domains. It is 
vital for design, risk assessment, and loss estimation after natural and man-made 
disasters. With emerging technologies of data science and computing, new solutions 
may also arise. This study briefly summarizes recent advances in data-driven 
multiscale analysis methodologies for complex RC structures, spanning advanced 
statistical learning, multiple target machine learning, artificial neural network-based 
methods, and a new glass-box machine learning approach (Fig. 8). This research is an 
active area, expanding rapidly with persistent efforts of research community. Although 
the breadth and depth of this review may not be comprehensive, this review paper may 
offer a meaningful high-level picture of the fast-evolving research areas toward the 
advanced concrete structure analyses.  

 
Fig. 8 Wide ranges of data-driven multiscale analyses of RC structures 
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