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ABSTRACT: The performance of concrete can be affected by many factors, including the material composition,
environmental conditions, and construction methods, and it is challenging to predict the performance evolution
accurately. The rise of artificial intelligence provides a way to meet the above challenges. This article elaborates on
research overview of artificial neural network (ANN) and its prediction for concrete strength, deformation, and
durability. The focus is on the comparative analysis of the prediction accuracy for different types of neural networks.
Numerous studies have shown that the prediction accuracy of ANN can meet the standards of the practical engineering
applications. To further improve the applicability of ANN in concrete, the model can consider the combination of
multiple algorithms and the expansion of data samples. The review can provide new research ideas for development of
concrete performance prediction.
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1 Introduction

Concrete widely used in construction fields can affect the engineering quality. The core of the concrete
quality evaluation system is to test the strength, durability and deformation of concrete. The traditional
testing methods mainly follow standard procedures to prepare common specimens, and after curing under
common or natural conditions to the corresponding age, relevant indicators are tested. This consumes too
much energy, time, human resources, and material resources, and the work efficiency is not high, resulting
in no guarantee of the final performance indicators. In recent years, machine learning (ML) has been widely
applied to predict concrete performance to solve this problem. Kumar et al. [1] reviewed the application of
artificial intelligence (AI) in high-performance concrete and ultrahigh-performance concrete to predict the
mechanical performance. Genetic programming (GP) was applied for prediction the compressive strength
of concrete confined by the fiber-reinforced polymer (FRP), and R? value showed that GP prediction is more
accurate than existing models [2]. Singh et al. [3] predicted concrete strength using random forest (RF).
Standalone RE, RF improved by the flying foxes optimization (RFFO), and RF improved by the improved
grey wolf optimizer (RFIG) were used for the compressive strength prediction of recycled aggregate concrete,
and research indicated that RFFO is superior to other models [4]. Rao et al. [5] used support vector machine
(SVM) and RF to predict the compressive strength of fly ash geopolymer concrete, and the results showed
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that the accuracy of both models is acceptable. For concrete reinforced by the polyethylene terephthalate
(PET) fiber, Parhi and Patro [6] used RE, gradient boosting machine (GBM) and decision tree (DT) for
the prediction of compressive strength, and research indicated that RF improved by dolphin echolocation
optimization (DEO) is superior to other models. This paper reviews the application of artificial neural
network (ANN) to the performance prediction of concrete.

ANN, with its nonlinear solid mapping ability and adaptive learning characteristics, is suitable for the
application in concrete, providing strong support for research on the performance prediction of concrete.
The diversity, fault tolerance, and memory connectivity of ANN enable them to better self-learning and
self-improvement when facing multiple input and output variables to complete complex causal relationships
between variables. Gupta et al. [7] used ANN to quickly predict the mechanical performance of rubber
concrete, filling the gaps in this field. Chopra et al. [8] used a genetic algorithm (GA) to optimize ANN
to predict concrete strength. Torre et al. [9] used ANN for the compressive strength prediction of high-
performance concrete. For self-compacting recycled coarse aggregate concrete, Jagadesh et al. [10] used ANN
to predict compressive strength. Compared with the experimental results, ANN is valid. Moodi et al. [11] used
ANN, RF, SVM, relevance vector machine (RVM), long short-term memory (LSTM), and Gaussian process
regression (GPR), optimized by marine predators algorithm (MPA), for the compressive strength of concrete
with copper slag aggregates. Research indicated that RVM-MPA has the highest prediction accuracy. For the
uniaxial compressive strength prediction of concrete, Hamed et al. [12] proposed a stacked model integrating
RE, ANN, and extreme gradient boosting (EGB) with linear regression. Therefore, the application of ANN to
concrete has long been widely valued by scholars and engineers, and the research industry on it has reached
a new climax globally, promoting the rapid development of the civil engineering industry.

Traditionally, the empirical or semi-empirical physical models have been widely used in the field of
concrete performance prediction. To save testing resources, improve work efficiency, and facilitate quality
control, ANN should be widely applied in the field of concrete performance prediction. To facilitate
the scholars” application of ANN in the field of concrete performance prediction, this paper reviews the
feasibility, research status, key points, and development trends of ANN for predicting the concrete strength,
deformation, and durability. The key points mainly include the model selection based on application sce-
narios, obstacles in practical engineering applications, selection of input data, data preprocessing, and error
evaluation. The development trends include the development of datasets with diversity and a large number
of samples, the use of hybrid models, and the development of systems facilitating model interpretation.

2 Overview of the Development and the Application of the Artificial Neural Networks

ANN is a model that processes information and makes predictions. This model type can organize data,
anticipate values, and assist decision-making. Compared with the traditional numerical analysis programs
(such as regression analysis), the trained neural networks can obtain more reliable results, significantly
reducing the computational workload [13].

The working mode of ANN is from the human brain. As shown in Fig. 1, the artificial neurons are
a fundamental component of the neural networks and a mathematical model attempting to simulate the
behavior of biological neurons [14-16]. It inherits specific biology and unique characteristics, such as large-
scale parallel processing, robust fault tolerance, and self-learning function.

The development of the neural networks has a long history. In the 1940s, during the period of the neural
network enlightenment, M-P model was developed by McCulloch and Pitts, having a simple structure but a
significant significance during this period, to initiate ANN research [17]. In 1949, Hebb [18] published “The
Organization of Behavior”, laying the foundation for ANN with learning capabilities and having a significant
breakthrough in the neural network technology and methods.
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Figure 1: Artificial neuron model (Reprinted with permission from Reference [16], Copyright 2015, Nature)
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In 1982, Hopfield [19,20] developed a discrete ANN, which provided theoretical guidance for construct-
ing and learning ANN and significantly promoted the development of ANN. In 1985, Powell presented
radial basis function (RBF) [21]. In 1986, a group of scientists led by Rumelhart proposed a multi-layer
feedforward neural network, which solved the learning problem of the multi-layer feedforward neural
networks and proved that the multi-layer neural networks have strong learning ability [22]. Then the multi-
layer feedforward neural network was further investigated [23,24]. In 1988, Broomhead and Lowe first
incorporated the local response characteristics of the biological neurons into the neural networks and
proposed RBF neural networks [25]. And it had also been researched by other scientists [26,27].

Since its development, in 2006, the concept of deep learning (DL) was proposed by Hinton [28]. DL
essentially involves constructing the models with multiple hidden layers, training through large-scale data
to obtain more representative feature information. DL breaks the limitations of traditional ANN on the
layer number, allowing designers to choose the number of network layers according to their needs [28-30].
According to references [28-30], the advantages of DL are discussed. Before of DL, the hidden layer had no
more than three layers. Compared with traditional ANN, DL avoids gradient vanishing, and the effective
machine learning can perform. DL does not require manual design of features, reducing human intervention
and saving time. ANN is difficult to adapt to big data, while DL can improve the model performance with
big data. Compared with ANN, DL can be applied to multi-modal scenarios.

Due to its advantages, neural networks have been applied in various fields, such as stock prediction,
weather forecasting, disease diagnosis, spectral analysis, biological experiment optimization, the machine
maintenance period optimization, process control, quality control, etc. In civil engineering, ANN has been
applied to process the problems in construction [31,32]. Adeli [33,34] used ANN for the structural control
for the first time and conducted the structural control and the identification simulations for the large-span
spatial structures and advanced space technology research experiments using back propagation (BP) and
RBF. Zhang et al. [35] reviewed these studies. Therefore, ANNs have been applied in various fields. This article
reviews the different applications of ANN in concrete.

3 Strength Prediction of the Concrete Based on the Artificial Neural Networks

3.1 Prediction of the Compressive Strength
3.1.1 BP Artificial Neural Network

In concrete strength prediction, a feedforward neural network called BP is often used, which belongs to
a supervised classification algorithm. It integrates prior knowledge into network learning, maximizes its uti-
lization, has good adaptability, and can achieve considerable accuracy in situations with small categories. Its
main components include an input layer, a hidden layer, and an output layer, as shown in Fig. 2. The selection
of BP weights and thresholds is repeatedly adjusted and trained through a backpropagation algorithm.

In civil engineering, concrete compressive strength is considered as the main factor in concrete design
and analysis [36]. In Table 1, a detailed review applying BP for concrete strength prediction is described, and
the used methods and their application performance are discussed.
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Figure 2: Topological structure of BP neural network

Table 1: BP neural network prediction of the concrete strength

Author Application Performance Deficiency
Amar BP was used to predict the A multilayer The validity and accuracy of
etal. [37] compressive strength of ~ feedforward artificial  the predicted values depend on

waste concrete.

Kashyzadeh BP optimized by a genetic
et al. [38] algorithm (GA-BP) was
used for the compressive
strength prediction.
Buetal. [39] BP was applied for
prediction the compressive
strength of recycled
aggregate concrete.
Asteris and Based on BP, combined
Mokos [13] with ultrasonic pulse
velocity and Schmidt
hammer rebound test
results, systematical
prediction of the concrete
strength was made.
Zheng BP and SVM were used for
etal. [40] predicting the strength of
the corroded concrete.

neural network is a
feasible method for
the concrete.
GA-BP provides
more accurate
results.

BP can help
accurately predict
RAC compressive

strength.

The expected value
by BP is consistent
with the
experimental value.

BP and SVM have
low error levels.

the size and quality of the
selected data set.

Due to the limitation of a data
set, the impact of more factors
on performance cannot be
studied in depth.

The prediction accuracy
depends on the collected
sample data, and there are
many influencing factors.
The prediction accuracy
depends on the ultrasonic pulse
velocity and the experimental
value of the Schmitt hammer
rebound test and is limited by
the parameters themselves.

The corroded concrete sample
data is insufficient, which may
affect the prediction accuracy.

(Continued)
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Table 1 (continued)

Author Application

Performance

Deficiency

Guo etal. [4]] GA-BP was used to develop

the lap-slip model.

Particle Swarm
Optimization (PSO) was
used for optimizing BP.
PSO-BP was used to predict
the concrete strength.

Feng [42]

Al-Bukhaiti
et al. [43]

BP was used for predicting
the bonding strength
between the concrete and
the carbon fiber-reinforced
polymer layers.
PSO-BP was used to predict
the strength of the steel
fiber reinforced concrete.

Ma et al. [44]

GA-BP, having great
prediction ability,
was verified by the

test data.

The relative error is
within 2%,
indicating that
PSO-BP is feasible.

BP can accurately
predict the bonding
strength.

PSO-BP has great
prediction accuracy.

GA-BP prediction accuracy
was degraded by the
insufficient sample data.

The contribution degree of the
input variables has not been
calculated.

The use of other algorithms to
optimize BP for obtaining more
accurate results was not
considered.

This paper did not use SHAP or

LIME to explain the system and

did not provide the influence of
each variable on the strength.

According to Kashyzadeh et al’s paper [38], although BP is mature in theory, the prediction accuracy of

the combined model is better than that of a single model, as shown in Table 2. The combination of algorithms
can optimize the problem of BP falling into local minimum to a certain extent, improve its generalization
ability, and make it more accurate, smaller error range, and better accuracy when predicting the concrete
strength. There is yet to be a fundamental solution to the problem of BP falling into a local minimum.
More complete and high-quality data are needed to expand the database, apply more factors related to
concrete compressive strength, and improve the model’s generalization ability to establish a more accurate
prediction model.

Table 2: Model prediction results (Adapted with permission from Reference [38], Copyright 2022, Buildings)

Model
Index BP GA-BP
MAE (MPa) 0.086  0.028
RMSE (MPa) 0.127  0.041
MSE (MPa)  0.0162  0.0017
R? 0.9545  0.9940

3.1.2 RBF Artificial Neural Network

RBF ANN extends or preprocesses input vectors to a high-dimensional space. It is composed of three
layers, and its structure is very similar to a multi-layer perceptron. The input layer nodes pass the input signal
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to the hidden layer, which consists of radial functions like Gaussian kernels, while the output layer nodes are
usually simple linear functions. The topology of RBF ANN is shown in Fig. 3.
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Figure 3: Topological structure of RBF neural network (Reprinted with permission from Reference [45], Copyright
2005, Computer Engineering)

Both RBF and BP neural networks are feed-forward neural networks which are often compared and
analyzed in concrete strength prediction. Wu [46] established RBF to predict the 28-day compressive strength
of concrete and proposed that RBF is superior to the previous BP in the paper. Three hidden-layer neurons
were used in both models. The root mean square error pairs (RMSE) are given in Table 3.

Table 3: Prediction results of the model (Adapted with permission from Reference [46], Copyright 2021, Applied
Sciences and Reference [47], Copyright 2021, Applied Sciences)

Model
Index BPNN RBENN
RMSE with fly ash (MPa) 10.28 9.42
RMSE without fly ash (MPa) 7.19 2.65

In the paper, Li and Peng [48] proposed using BP and RBF neural networks to simulate the relationship
between concrete compressive strength and factors such as mixer type. Due to the limited data, the predicted
and measured results are similar, but the performance difference between the two can also be seen. The
anticipated results are shown in Tables 4 and 5.

In this paper, both BP and RBF neural networks are three-layer networks, and the errors in their network
training process are shown in Fig. 4. The training accuracy of both is relatively high. RBF converges faster
and can avoid falling into local minima to some extent. However, as a neural network with a relatively
perfect theory, BP may fall into local minima. It can be combined with different algorithms to make up for
its shortcomings. Both can be used to predict the compressive strength of concrete, but they also face the
problem of relying on the number of samples. If they are used in practical engineering problems in the future,
what needs to be solved urgently is how to improve the accuracy and generalization performance by adding
samples for learning.
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Table 4: Model prediction results of Group 7 (Adapted with permission from Reference [48], Copyright 2009, Journal
of Wuhan University of Technology)

Model

Index BPNN RBENN

MAE (MPa)  0.26 13
MAPE (%) 105 5.27

Table 5: Model prediction results Group 14 (Adapted with permission from Reference [48], Copyright 2009, Journal
of Wuhan University of Technology)

Model

Index BPNN RBENN

MAE (MPa)  0.67 0.59
MAPE (%)  2.54 2.30
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Figure 4: Error curve: (a) BP neural network training process error; (b) RBF neural network training process error
(Reprinted with permission from Reference [48], Copyright 2009, Journal of Wuhan University of Technology)

3.2 Summary

To sum up, BP and RBF can predict concrete strength when meeting the standards. BP, easily falling
into the local optima, can be optimized to a certain extent and its performance can be improved through the
combination of algorithms. Because its structure differs from BP, RBF can approximate the required function
with arbitrary accuracy. As the most typical and widely used model, BP is still one of the best choices for
predicting concrete strength because of its complete theoretical basis and more and more combination with
various algorithms.
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4 Deformation Prediction of the Concrete Based on the Artificial Neural Networks

4.1 Shrinkage Prediction

With the increase of modern buildings and volume, concrete cracks also increase. Cracking caused by
shrinkage deformation gradually becomes one of the main reasons affecting the concrete durability. Due to
the glue’s hydration and heat release, many pores will be produced. Due to the existence of these pores, the
water in concrete has a channel for the loss of water, and the loss of adsorptive water in its internal holes and
gel holes can produce irreversible shrinkage.

The factors affecting the drying shrinkage of concrete include water-cement ratio, hydration degree,
cement composition, cement dosage, mineral admixture, admixture, aggregate variety and dosage, specimen
size, ambient temperature, humidity, etc. Therefore, ANN can automatically acquire the laws of drying
shrinkage through self-learning to form the required model to predict its deformation. The established
network can train the information in different states one by one to obtain the balanced convergence weight
and threshold, reflecting the mapping relationship between input and output, and better solving the problem
of multiple factors affecting drying shrinkage.

Liu [49] established a BP neural network model with seven major factors, including age, environmental
humidity, temperature, fly ash content, mineral powder content, expander, and fiber content, as input
variables and concrete shrinkage strain as output variables, aiming at the cracking problem of ultra-
long concrete wellhead channel, and successfully trained the test data. BP can effectively predict concrete
shrinkage strain and can meet the practical engineering requirements. Garoosiha et al. [50] established
a shrinkage rate prediction model using the existing database and ANN. The results showed that this
technology can predict the shrinkage strain well and is widely applicable to all kinds of concrete. Kong and
Kurumisawa [51] used BP for prediction the drying shrinkage of alkali-activated materials and the results
were compared with three commonly used drying shrinkage models. As shown in Tzble 6, although the R?
value of BP is higher than other models, its RMSE value is much lower than other models, indicating that
ANN has better performance.

Table 6: Model prediction results (Adapted with permission from Reference [51], Copyright 2022, Case studies in
Construction materials)

Model R’ RMSE (pe)

BPNN  0.9709 807.1
B3 0.1218 4679.8
GL-2000 0.1119 4769.8
MLR 0.5194 3459.0

4.2 Creep Performance Prediction

Nowadays, different theories are used for factual creep analysis. Bazant et al. [52] believed that tangible
creep results from shear slip between pores relative to walls, while Vandamme [53] proposed that creep is
due to local micro-relaxation of concrete. Due to the different concrete environments, such as temperature,
humidity, load, water-binder ratio, and cement type, it is necessary to establish a model that can accurately
predict the creep to control the damage to the structure.

Taha et al. [54] used an ANN for predicting the creep of masonry structures to distinguish it from the
traditional mathematical creep model. Zhu and Wang [55] used a convolutional neural network (CNN) to
build concrete shrinkage and creep models, providing a reliable method for rapid prediction in practical
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engineering applications and long-term structural deformation simulation analysis. Al-Rihimy et al. [56]
established an ANN model using SPSS to estimate the creep of self-compacting concrete mixtures produced
by different types of Portland cement. The predicted results were compared with those recommended by ACI
Committee 209, indicating that ANN is highly reliable.

Gedam et al. [57] established an ANN model for predicting high-performance concrete’s dry shrinkage
and creep using experimental data from other literature. The performance evaluation of the model is given
in Table 7. The error indexes indicate that the model has high precision in forecasting and has a particular
guiding value for practical engineering.

Table 7: Model prediction results (Adapted with permission from Reference [57], Copyright 2014, Structural Engineer-
ing and Mechanics)

Drying shrinkage Creep
R RMSE MAPE (%) R RMSE MAPE (%)
Train set 0.9926 2.4413 6.06 0.9309 1.0201 2.88
Test set 0.9937  3.1719 6.96 0.9558 1.0136 3.49
Validation set  0.9930 3.6610 745 0.9334 1.0050 4.97

4.3 Summary

Research on concrete deformation using ANN could be better. Filling the research gap and optimizing
concrete mix design have become the most crucial problems. Traditional shrinkage and creep prediction
models and theoretical studies have substantially limited the sustainable development of this field. ANN is
used for optimizing the conventional method so that it is more suitable to reveal the inherent law of the
concrete shrinkage and creep and predict the concrete shrinkage and creep more accurately.

5 Durability Prediction of the Concrete Based on the Artificial Neural Networks
5.1 Prediction of Frost Resistance

The freeze-thaw damage of concrete is one of the leading causes of the aging disease of concrete
structures in China. Because the northeast of China is located at a high latitude, freeze-thaw damage to
hydraulic concrete is severe. Therefore, more attention has been paid to the research on the freeze-thaw
damage mechanism and the prediction of the freeze-thaw resistance of concrete in these areas. As a multi-
factor problem, the nonlinear mapping ability of ANN and its adaptive learning feature can be used to predict
concrete’s frost resistance and durability.

Zhao and Zhang [58] selected BP and RBF to establish a model for predicting the frost resistance of
concrete under a freeze-thaw environment. The comparative analysis of the prediction results showed that
ANN has strong practicability and can meet the requirements for predicting frost resistance. Meanwhile, the
results obtained by the two neural networks were compared. BP prediction accuracy is better than that of RBE
Yan et al. [59] also used BP and RBF to predict the antifreeze performance of the concrete. The comparative
analysis of the prediction results showed that both models can be used to predict the antifreeze performance
of concrete. From the perspective of error, BP is better than RBE. However, from the perspective of learning,
RBF has fewer training times and faster speed.

ANN is applied to establish the prediction model. The used methods and their performances are
discussed in Table 8.
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Table 8: Prediction of the freezing resistance of the concrete by the artificial neural networks

Author Application

Parameters

Performance

Yan et al. [59] Using RBF and an
improved BP neural
network, the prediction
model of concrete’s relative
dynamic elastic modulus is
established.

BP was used to establish a
model to evaluate the
performance of concrete

after freezing and thawing.

Xiao and Fan [60]

BP and RBF neural
networks were used to
establish the prediction

model of the frost
resistance index of
air-entrained concrete.

Zhao [61]

Three methods, BP neural
network, Gaussian process
regression (GPR), and
multiple adaptive splines
(MARS), were used to
predict and compare the
frost resistance of recycled
aggregate concrete.

Liu et al. [62]

Water-binder ratio,
cement dosage,
freeze-thaw times,
relative dynamic elastic
modulus.

Water-binder ratio,
cement dosage,
freeze-thaw times,
relative dynamic elastic
modulus.

Water-binder ratio,
cement dosage,
freeze-thaw times,
relative dynamic elastic
modulus, mass loss rate,
cube compressive
strength relative value.
Water, cement, sand,
gravel, RAC, fly ash,
RAC replacement rate,
water absorption, RAC
treatment method, air
entrainment type,
freeze-thaw factor.

Although the improved
BP neural network has
more training times, its
accuracy is higher than
the RBE, meeting
engineering needs.

The prediction results of

BP are in good
agreement with the
experimental data, and
the prediction accuracy
is high.

RBF network model has
apparent advantages
over the BP network

model when predicting

relative dynamic elastic
modulus and mass loss
rate.

BP neural network
model trained by the
Levenberg-Marquard

method has higher
efficiency and better

performance than other
algorithmes.

Using ANN to predict the frost resistance of concrete also depends on the number of samples. Increasing

the number of pieces can improve neural network’s learning ability to a certain extent. As shown in the above
table, BP is slightly better than RBF and other algorithms in predicting the frost resistance of concrete. From
a modeling perspective, there is little difference in the training time between the two types of networks.
For a small number of input samples, RBF is fast in training but occupies a large amount of computer
memory. In terms of parameter selection, RBF is relatively simple. However, BP prediction accuracy is high.
Nevertheless, the prediction error is discrete, while the prediction error curve of RBF is smooth, but the
generalization ability is not strong. Therefore, if the network structure does not change, the measured data can
be continuously improved to form a prediction and evaluation system, further enhance the neural network’s
prediction accuracy and generalization ability, and provide effective help for practical projects.

5.2 Prediction of Impermeability

Chloride-ion penetration is one of the main reasons that affect the durability of concrete in coastal
areas of China. It destroys the internal structure of concrete and shortens its working life. There are some
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differences in the evaluation indexes of the impermeability of concrete at home and abroad. The chloride-
ion diffusion coefficient of concrete is used to evaluate the performance of the impermeability of concrete.
Due to the numerous factors affecting the chloride-ion diffusion coeflicient in concrete, such as water-binder
ratio, porosity, mineral admixture amount, ambient temperature, humidity, and curing age, and the long
experimental period and complex process, the final results do not meet the expected standards.

With the rapid development of ANN, using neural networks can avoid discussing and analyzing the
factors affecting the chloride-ion diffusion coefficient of concrete and directly establish a model to predict
the impervious performance of concrete. Yao et al. [63] adopted the adaptive wavelet neural network to
study the nonlinear mapping relationship between the chloride-ion diffusion coefficient of concrete and mix-
design parameters. They established an intelligent model to evaluate substantial anti-seepage performance.
The highly reliable model can be used to design and assess concrete permeability. Liu et al. [64] used BP and
RBF to establish models for predicting chloride-ion concentration distribution in concrete. A comparison of
the two shows that RBF has better prediction accuracy and stability. Table 9 describes in detail the application
of ANN for predicting impermeability.

Table 9: Prediction of concrete impermeability by artificial neural network

Author Application Parameters Performance
Parichatprecha  BP neural network was Cement, fly ash, silica fume, BP neural network can
and Nimity- used to predict the water-reducing agent, coarse effectively predict the

ongskul [65] impermeability of aggregate, fine aggregate, durability of

high-performance
concrete, represented by
chloride ion permeability.

water-binder ratio, total
charge.

high-performance
concrete based on
chloride permeability

under a wide range of
mix ratio parameters.
Portland cement, water,
silica fume, coarse aggregate,
fine aggregate,
high-efficiency
water-reducing agent, curing
mechanism, exposure time,

Mohammadi Four meta-heuristic

etal. [66]

The synthetic algorithm
is better than the
traditional algorithm.

optimization algorithms
based on marine
organisms were used to
simulate chloride ion
diffusion in concrete and
analyze concrete
durability.
Prediction of chloride ion
permeation level of

exposure conditions, mean
diffusion coefficient.
Cement, fly ash, silica fume,
age, water-binder ratio,

Mohamed
etal. [67]

The overall accuracy of
BP neural network can
self-consolidating reach 95%.
concrete by BP neural

network.

coarse aggregate, fine
aggregate, high-efficiency
water-reducing agent, blast
furnace slag, chloride ion
penetration level.

(Continued)
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Table 9 (continued)

Author Application Parameters Performance
Wu [68] BP optimized by a genetic Water-binder ratio, sand BP prediction model
algorithm was used to rate, fly ash, mineral powder, with concrete chloride
predict the diffusion silica fume, stress ratio, ion diffusion coeflicient
coefficient of chloride concrete age, test method for  as an output parameter
ions. chloride ion diffusion shows good
coefficient, the diffusion performance, fitting, and
coefficient of chloride ion. prediction accuracy.

Combining ANN and various optimization algorithms can significantly improve its generalization
performance and operation speed. For example, Li et al. [69] used a fuzzy comprehensive evaluation method
together with ANN to predict the compatibility between cement and admixtures. Zhao [70] conducted an
in-depth analysis of GA and ANN, established a strength prediction model, and proposed a new mix ratio
design method. Based on current research, a concrete chloride-ion diffusion coefficient test database has
been established to facilitate the self-updating of future prediction models and provide a basis for the mix
design and durability testing of concrete [71]. By studying concrete permeability, a posteriori distribution of
neural network connection weights and thresholds is obtained according to the prior distribution of input
factors to establish a life prediction model of concrete structure based on reliability [68].

5.3 Summary

In summary, the ANN used to study concrete durability is reviewed. When ANN is used for predicting
antifreeze performance, BP is usually used, and its performance is slightly better than that of RBE When
ANN is used for predicting imperturbability, generalization performance and calculation speed can be
significantly improved by optimizing the model with different algorithms. Based on existing research,
a chloride-ion diffusion coefficient database has been established to facilitate the self-updating of the
prediction model.

6 Some Key Points Discussion
6.1 Data Samples

Here we provide three open-source datasets for concrete data: the University of California, Irvine (UCI)
ML repository, Kaggle, and Harvard Dataverse. From the three sources, a large amount of concrete data
can be obtained, providing the convenience for researchers. For example, Yeh [72] created the concrete
compressive strength dataset having 1030 instances. Roqayyeh [73] created the concrete strength dataset
on Kaggle. The UCI concrete dataset, from the laboratory configuration of a university in Taiwan, has low
regional representativeness. The Harvard dataverse, collected from field sites in a specific U.S. state, also has
low regional representativeness. The Kaggle concrete dataset, collected from various locations around the
world or prepared in laboratories, features diverse and representative samples.

6.2 Selection of Input Parameters

To avoid the redundancy or omission of key factors, scientific selection methods are discussed here.
In order to reduce the computing cost and minimize the highly correlated input variables, the principal
component analysis (PCA) is employed to process the input variables. PCA is that the optimized input
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vector, based on the variance contribution rate of the input vector in the principal component directions, is
determined, and then the optimized input vector is projected onto the principal component directions [74].
This projected vector serves as the input vector of the ANN.

In 1993, Sobol [75] proposed the Sobol analysis method, which is widely applied in engineering. The
Sobol analysis method (i.e., Sobol global sensitivity analysis) determines the important input variables by
analyzing the influence of each input variable on the output variable. The first-order sensitivity index is the
ratio of the variance of the output variable generated by each input variable to the total variance of the output
variable, while the total effect index is the sum of the variance of the output variable generated by each input
variable and the variance of the output variable caused by the interaction between the variables, and is also
the ratio to the total variance of the output variable. By comparing the two indices, the appropriate input
variables can be selected. Because the Sobol analysis method is global-oriented, it requires a large amount
of computing resources. The Sobol analysis method can determine the interaction between input variables,
but it is not applicable when the number of input variables exceeds 50.

For the prediction of the concrete performance, the input variables can be selected in this sequence: first,
conduct preliminary screening based on professional knowledge; then, perform PCA and Sobol analysis;
finally, cross-validate the results of both analyses to determine the appropriate input variables.

6.3 Data Preprocessing

Data preprocessing usually involves handling missing values, outlier detection, data standardization and
normalization, data splitting, and data cross-validation.

For the concrete mixture sample dataset, if the proportion of missing data for a certain physical quantity
of a mixture ratio exceeds 5%, the mixture ratio sample with the missing data will be directly deleted. If
the proportion of missing data for a certain physical quantity of a mixture ratio is less than 5%, the missing
data can be supplemented using the multiple imputation by chained equations (MICE) technique. MICE
combines the existing data and uses mathematical models to obtain multiple estimated values for the missing
data, and then takes the average of these estimated values to supplement the missing values [76].

The outlier detection is used to handle the outliers to ensure the reliability of the research. Common
methods for outlier detection include the box-plot method, K-NN method, and the 30 rule etc. [77]. The box-
plot method detects the outliers by a threshold. The K-NN method identifies samples that deviate too much
from the others as outliers. For normally distributed samples, the 30 rule can be used to identify outliers.
Outliers can be directly deleted or corrected.

Different variables have different units and ranges, which may affect the results. Therefore, it is necessary
to standardize and normalize the sample data. The commonly used Z-score method converts the sample
data into data with a mean of zero and a variance of one, which is the process of data standardization [78].
Transforming the sample data into a smaller range, such as [0, 1] or [-1, 1], is the process of data
normalization [78].

The data are divided into a test set, a training set, and a validation set. Then, the data is repeatedly
re-divided for cross-validation to obtain a reasonable test set, training set, and validation set.

Data preprocessing should be carried out in the following order: first, handle the missing values of
the data; then, perform the outlier detection; next, conduct data standardization and normalization; finally,
divide the data and perform data cross-validation. The data undergoing the above preprocessing can be used
for ANN to yield reasonable prediction results.
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6.4 Algorithm Combination

Because BP easily falls into local optima, it is often optimized by other algorithms. Here, we discuss
the suitability, computational costs, or practical trade-offs in engineering applications for the combina-
tion algorithms.

Kashyzadeh et al. [38] developed a GA-BP model to predict the concrete strength, and the results
were verified by the experimental results, indicating that GA-BP is feasible for engineering applications. Su
et al. [79] used GA-BP to predict the elastic modulus of the concrete. By GA-BP, the MAE of the training
set and the test set are 1.057 and 1.1257, respectively. And the results of BP are 1.2038 and 1.3562, respectively.
GA-BP is superior to BP. Li and Peng [48] used the Levenberg-Marquardt algorithm to optimize BP, and
Levenberg-Marquardt-BP was applied to predict the 28 d compressive strength of concrete. The predicted
results were not significantly different from the measured results (relative errors all exceeded 6%), indicating
that Levenberg-Marquardt-BP is feasible for engineering applications. And Levenberg-Marquardt-BP had
a fast convergence speed and a very high training accuracy. Liu et al. [62] used Levenberg-Marquardt-BP
to predict the frost resistance of recycled aggregate concrete. They found that Levenberg-Marquardt-BP has
higher efficiency and better performance than other algorithms. Fan et al. [80] used BP optimized by the
logistic-chaos-improved sparrow search algorithm (LCSSA) for the prediction of 7 d compressive strength of
concrete. They found that LCSSA-BP has higher accuracy and lower error than other models. Zhou et al. [81]
used ANN to obtain the prediction model of 28 d compressive strength of concrete. Then the prediction
model was made as a constraint condition, and GA was used for mix-proportion optimization. The cost of
the optimized concrete decreased from $1000 to $838.8.

Numerous studies have revealed that the combination algorithms have great suitability in engineering
applications. And the combination algorithms have faster convergence speed and higher accuracy, indicating
that computational costs have been saved. BP, a global approximation model, needs to correct the ownership
values and thresholds, having a slower learning speed than RBF and limiting the application of combination
algorithms in some real-time demanding scenarios (such as real-time control).

6.5 Error Metrics

The error metrics are used for evaluating the accuracy of ANN. Mean-absolute error (MAE) is the
average of the absolute differences between the measured values and the predicted values of each sample.
Root-mean-square error (RMSE) is the square root of the average of the squared differences between the
measured values and the predicted values of each sample, used to evaluate the proximity of the measured
values and the predicted values. Compared with MAE, RMSE is more sensitive to large errors. Mean-squared
error (MSE) is the average of the squared differences between the measured values and the predicted values
of each sample. R? is used to evaluate the proximity of the predicted values and the measured values. It is
calculated by dividing the sum of the squared differences between the measured values and the predicted
values by the sum of the squared differences between the measured values and their average, and then
subtracting this value from 1 to obtain the R* value. The range of R is 0 to 1, and the larger the value, the
closer the predicted values are to the measured values. Nash-Sutcliffe efficiency (NSE) is also used to evaluate
the proximity of the predicted values and the measured values, similar to R?. Compared with R?, NSE is more
sensitive to the penalty of residuals. Mean-absolute-percentage error (MAPE) is the average relative error of
each sample, used to represent the prediction accuracy. When processing the sample data, these indicators
should be used comprehensively.
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6.6 Model Interpretability

To explain ANN, Lundberg and Lee [82] proposed Shapley additive explanations (SHAP) framework.
In a review paper, Abioye et al. [83] proposed SHAP analysis for ML models, and the relationship between
the input features and the predictions of compressive strength could be understood. Nikoopayan et al. [84]
researched the application of SHAP analysis to explain the feature interactions for the prediction of concrete
compressive strength. Ribeiro et al. [85] developed local interpretable model-agnostic explanations (LIME)
to explain the prediction results of any classifier by learning an interpretable model locally around the
prediction. Kulasooriya et al. [86] applied SHAP and LIME to explain ML models for the strength prediction
of the concrete. The whole model, the feature dependencies, and the instances had been explained in detail
by SHAP. However, LIME only made instance explanations. They found that the explanation ways have some
differences for different ML models. They thought that it is essential to further research the explanation
models. SHAP is used for the global interpretation and its results are more accurate. LIME is used for the
local explanations and has a fast running speed.

6.7 Practical Engineering Challenges

For real-time data acquisition, the sensor-redundancy mechanism can be applied [87]. To avoid the risk
of single-point failure in data collection, multiple sets of sensors are used to repeatedly measure the same
physical quantity. At the same time, the measured data can be mutually verified, and erroneous data can be
eliminated. Considering the computational resource demands, the edge computing technology should be
utilized [87]. In order to enhance decision-making efficiency, the collected data should be sent to the server
in an attachment for calculation, rather than to the central server. Gouveia et al. [87] utilized the sensor
redundancy mechanism and the edge computing technology for constructing a real-time data acquisition
and computation system.

6.8 Cross-Domain Comparisons

ANN has high computing speed and accuracy, and the disadvantages are the need for a large amount
of sample data and poor interpretability during the operation [88]. The advantages of the physical model
(PM) are that physical laws are easy to explain, the computational load is low, and data can be inferred based
on physical laws. The disadvantages are that empirical coeficients in the formulas need to be calibrated
through a large number of experiments. The advantages of the finite element method (FEM) are that it
can complete complex nonlinear analysis, the calculation results are visualized, and the physical meaning
is easy to explain [88]. The disadvantages are that it has high requirements for the computer performance
due to the large computational load, and the accurate loading, the constraint setting, and the meshing are
required [88]. Based on the advantages and disadvantages of ANN, PM, and FEM, different methods are
adopted in different application scenarios. For scenarios requiring rapid assessment or quality control, ANN
is used. For scenarios requiring regulatory verification or determination of long-term performance, PM is
used. For complex nonlinear analysis scenarios, FEM is used. It is recommended to combine these three
methods to fully leverage their respective advantages. Depending on the specific scenario, one method can
be the main approach, with the others serving as supplementary. Wu et al. [89] combined FEM and ANN
for the concrete research, and this method was verified by the experimental results.

6.9 Development of More Interpretable Algorithms

To develop an interpretable system for the prediction of the strength, deformation, and durability
of concrete, the following steps can be carried out. First, construct the dataset. The sensor redundancy
mechanism can be used for acquiring the real-time data, including the concrete mix ratio, the time-series
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signals, the images, the voxels, etc., [87]. The time-series signals include the ultrasound pulse waveforms, the
temperature curves, the humidity curves, etc. A concrete multi-mode (CM) dataset having 40,000 samples
can be constructed. Second, construct a hybrid model architecture. CNN is used to process images, voxels,
waveforms, etc. The hybrid model architecture is named CNN-BP-SHAP. The information, such as pores,
cracks, and waveform peaks, is automatically extracted. BP is utilized for the prediction of the strength,
deformation, and durability of the concrete. SHAP, used for the global interpretation, is applied to interpret
the hybrid model, achieving more accurate results than LIME [86]. The edge computing technology can be
used to save computational resources [87]. Third, establish a field verification system. The predicted results
are compared with the experimental results to continuously optimize the prediction system.

7 Recommendation and Prospect

The technology of using ANN to predict concrete performance has become increasingly mature.
Through the introduction and analysis of the types of ANN models, this paper provides reasonable and
effective methods for beginners in selecting appropriate ANN models. Here, this article presents several
future research directions.

1. For the prediction of the strength, deformation, and durability of the concrete, ANN requires a large
amount of data to obtain accurate results. Currently, there is still a lack of suitable data sets, so developing
data sets with diversity and a large number of samples is a key research direction in the future.

2. This paper reviews the combination model, combining different models and utilizing each other’s
advantages, which provides a direction for future research.

3. To apply ANN for the performance prediction of the concrete, the most obvious problems are to
explain the reasoning process and basis, and to communicate with users. Although SHAP and LIME have
been used for the concrete in some studies, the research on ANN interpretability is still quite insufficient. To
construct a hybrid model architecture of interpretability research is a problem.

8 Conclusions

This paper mainly discusses the research status of ANN in concrete. The review shows that ANN is
beneficial for predicting concrete strength, deformation, and durability. The excellent self-learning function,
the associative memory function, and the ability to quickly find optimal solutions are suitable for predicting
problems involving multiple influencing factors in concrete. The effective utilization in this field can save
the test resources, improve the work efficiency, and have a particular guiding value for the quality control of
concrete engineering.

1. As a rapidly emerging practical tool, ANN can replace the empirical or semi-empirical performance
research models currently used in concrete.

2. The research on the strength of the concrete based on ANN has been gradually completed, but the
research on the deformation and the durability is still in the exploratory stage.

3. When establishing an ANN model, the input parameters should be reasonable, and the sample
coverage of the selected dataset should be wide.

4. There has been a gradual increase in the use of the hybrid model, having higher accuracy and better
performance than a single model.

5. Constructing a hybrid model architecture for the model interpretation (e.g., CNN-BP-SHAP) is an
important research.
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