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Abstract: Recycled aggregate concrete (RAC) based on the machine learning (ML) method predicts the
nonlinear uncertainty relationship between various mixing ratios and strength. Uniaxial compressive
strength is one of the important indices to evaluate its performance. Machine learning is one of
the essential methods for solving this nonlinear uncertainty relationship. To realize the selection of
concrete raw materials and the learning and application of other influencing factors and provide
guidance for engineering construction and application, this paper establishes a database of concrete
uniaxial compressive strength based on Abaqus simulation software. The simulation results are
highly consistent with the actual values. Based on the simulation database, with different water-
cement ratios, different curing days, and recycled aggregate replacement rates as the input data set,
the uniaxial compressive strength of concrete is the output data set. The data set is divided into
a training set and a test set. A prediction model of the uniaxial compressive strength of concrete
based on a relevance vector machine (RVM) algorithm is established. The results show that the
maximum error between the simulated and experimental uniaxial compressive strength values is
only 0.2 MPa. The correlation coefficient R between the predicted and simulated values of the concrete
uniaxial compressive strength prediction model based on the RVM algorithm is 0.975. The model can
effectively predict the compressive strength of RAC to meet the engineering requirements.

Keywords: Abaqus; relevance vector machine; concrete; strength; prediction

1. Introduction

Concrete is an economical and widely used building material. As a new type of
inorganic, non-metallic material, concrete has the characteristics of high plasticity, sig-
nificant damping, stable mechanical properties, and easy access. Infrastructure, defence,
construction, protection, and other fields have a comprehensive role [1-3].

Many scholars at home and abroad have done a lot of research on the performance
of RAC and have produced a lot of research results [4-7]. By comparing the compressive
strength and tensile strength of RAC and ordinary concrete, it is concluded that the com-
pressive strength of RAC is slightly higher than that of standard concrete and the tensile
strength is somewhat lower than that of ordinary concrete. Based on a large number of
laboratory tests, it is concluded that when the replacement rate of recycled aggregate is 50%,
the concrete strength reaches the maximum. Some scholars have studied the main factors
affecting the compressive strength of concrete by compressive strength test combined
with variance analysis on the concrete blocks produced after processing and processing
of C30 blocks abandoned in the laboratory. Some scholars have studied the difference
in mechanical properties of RAC and discussed the research direction of the mechanical
properties of RAC in the future [8-14]. The surface of recycled aggregate is wrapped with
a considerable amount of cement mortar, and the porosity of cement mortar is large, and
the edges and corners are more porous; thus, its apparent density and bulk density cannot
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reach the standard of natural aggregate, but it is conducive to earthquake resistance and
reduces the weight of the structure.

With the development of engineering construction, the use environment of concrete
is becoming more and more complex. The concrete preparation technology based on the
traditional mix design method has been divorced from the development of modern concrete
due to the limitation of manual experience and a large number of test batches [15-21]. To
meet the needs of high-quality development of new building materials, effective prediction
of concrete performance, and multi-directional performance optimization, it is urgent to
explore and establish a scientific, intelligent, general, and efficient mix design technology
system. The machine learning method is a new method to break through the limitations
of the empirical regression model in a traditional mix design and predict the relationship
between concrete mix proportion and performance because it has the characteristics of an
extensive learning data set and artificial experience adjustment. This method has been paid
attention to and applied in the seismic design of story buildings, intelligent urban planning,
intelligent structural design, engineering health monitoring, production quality control,
material strength prediction, and durability multi-objective mix proportion optimization
in the field of civil engineering. The adopted algorithms mainly include artificial neural
networks, support vector machines, and decision trees. Among them, the artificial neural
network introduces nonlinearity by changing the excitation function and lifting the hidden
layer number and usually selects cross-entropy as the loss function. The algorithm has
strong adaptability but requires a lot of data training, making it difficult to explain the
internal mechanism. Support vector machines introduce nonlinearity through kernel
functions. Usually, it selects the page closure loss function intending to maximize the
boundary, which has excellent nonlinear separability, but the kernel function is sensitive
and challenging to train. A decision tree has strong generalization ability but is accessible
to over-fitting by constructing the tree’s structure and circulating the feature segmentation
process. Each algorithm needs to be combined with different data situations to solve
specific problems. Some scholars have studied the application of artificial neural networks
to the strength prediction of RAC. Compressive strength, as one of the leading performance
indices of RAC, is related to the incorporation rate of recycled aggregate, water-cement
ratio, and age. Moreover, the compressive strength of concrete belongs to destructive and
non-repeatable tests, and each strength test requires at least three samples of the same
sample, which is laborious and time-consuming. If a virtual simulation test of concrete’s
compressive strength can be established and a stable and reliable prediction model can be
established, the destructive test can be avoided. It is difficult and complex to establish a
multi-factor compressive strength equation for RAC by the analytical method. Compressive
strength is the most basic and essential mechanical property of concrete and is also the
key factor to consider in the design of a concrete structure. There are also corresponding
empirical prediction models in the entire public data and standard specifications, which
can provide the basis for the prediction based on raw materials and mixture ratio [22-24].
In recent years, it has aroused great interest to construct the potential relationship between
the uniaxial compressive strength of concrete and its influencing factors in a new way. That
is to say, a new model can be constructed to learn the potential characteristics of the data
through the existing database and predict the uniaxial compressive strength.

At present, domestic and foreign scholars have carried out some explorations in
predicting the compressive strength of concrete by machine learning methods. Because of
the large data sets and laboratory data sets used in practical engineering, three main types of
machine learning methods are used to predict the 28-day compressive strength of ordinary
concrete and evaluate the actual performance of the data set model. Sensitivity analysis,
grey correlation analysis, BP neural network weight importance analysis, and Mahalanobis
distance method are used to determine the influence of different strength-influencing
factors on the compressive strength of concrete from a single perspective. The prediction
accuracy of the 28-day compressive strength of experimental concrete, recycled aggregate
concrete, and highway concrete at the University of California, Irvine is comprehensively
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analyzed by using a support vector machine model and a random forest model based on a
decision tree compared with an artificial neural network model. In addition, some scholars
have also done further work on the algorithm model. For example, the adaptive neuro-
fuzzy inference system (ANFIS) combined with an artificial neural network model and
fuzzy inference model (FL) can provide expert knowledge by using FL based on an artificial
neural network. The performance of ANFIS has been effectively tested in predicting the
compressive strength of experimental concrete and concrete containing blast furnace slag
and fly ash at the University of California, Irvine. The optimization neural network model
combined with the meta-heuristic algorithm is also widely used. Based on an artificial
neural network, a multi-objective grey wolf optimization algorithm and an improved
firefly algorithm are combined to predict the compressive strength of concrete containing
silica fume and high-performance concrete. For the prediction of compressive strength of
high-performance concrete, the FA-LSSVR hybrid model and the ECSO-SVM hybrid model
based on a support vector machine are adopted, which have higher prediction accuracy
and stronger robustness. The XGBoost model developed on the traditional tree gradient
lifting method predicts the compressive strength of concrete laboratory data sets, and
XGBoost shows the strong ability of structured data sets. The machine-learning method
offers substantial advantages in the prediction of concrete strength [25-31]. SVM often
needs to use a cross-validation method to determine the model complexity parameter C. For
RVM, another advantage of introducing the Bayesian method is that it eliminates the step
of model selection. RVM introduces Bayesian methods to provide the output of posterior
probabilities and often produces sparser solutions (faster prediction on test sets). ABAP
ATHY et al. [32] used statistical models to predict the strength of fiber-reinforced concrete
based on concrete strength tests with different fiber volume fractions. MILAN et al. [33]
predicted the compressive strength of self-compacting concrete based on a single and an
ensemble model. They found that the artificial neural network model in the ensemble
model has higher accuracy.

To sum up, the current research has achieved some results. However, there are still
data sets, generally less single, not effectively combined with the characteristics of the
data set itself to explore the impact of characteristic parameters on compressive strength
from multiple perspectives. There are many models for predicting concrete strength by
machine learning algorithms in the study, which makes the quality of the original data
samples have an essential impact on the model’s prediction ability. To avoid this defect,
the simulation module is added in this paper, which reduces the problem of a long cycle
of obtaining original samples caused by the test so that a large number of sample data
sets can be created to meet different working conditions. Based on this, this paper selects
the relevant vector machine model. Firstly, the uniaxial compressive strength database of
concrete is established by Abaqus simulation software, and the uniaxial compression test
verifies the simulation data. The simulation results are in good agreement with the actual
values. Then based on the simulation database, the water-cement ratio, different curing
days, recycled aggregate replacement rate as the input data set, different curing days of
concrete uniaxial compressive strength as the output data set, and 38 sets of data sets are
divided into a training set and test set. The Bayesian method is introduced to provide
the posterior probability output and generate a sparser solution (faster prediction on the
test set). A prediction model of concrete uniaxial compressive strength based on the RVM
algorithm is established to provide a reference for predicting concrete uniaxial compressive
strength.

2. Materials and Methods
2.1. Material

The laboratory waste C30 concrete test block, using the model of a PE60 x 100 jaw
crusher for crushing, washing, and screening, take 5~31.5 mm continuous particle size
recycled coarse aggregate. The cementitious material used in this experiment is PO. 42.5
ordinary Portland cement; for its chemical properties and physical properties, see Table 1.
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Table 1. Physical and Chemical Properties of Portland Cement.

Burnin Initial Final
Category Vector /5/; w(MgO)/% w(SO3)/% Setting Coagulation
? Time/min Time/min
Content 3.4 2.65 3.0 95 550

2.2. Mechanical Properties Test

Firstly, based on the design method of ordinary concrete mix proportion, the mix pro-
portion of C30 RAC is calculated, and the effective water absorption of recycled aggregate
is combined with increasing the additional water. Secondly, according to the concrete test
operation rules, the mixed concrete is poured into the 150 mm x 150 mm X 150 mm test
mould for mechanical vibration. After the vibration is uniform and dense, it is put into the
standard maintenance room. The temperature is (20 & 2) °C, and the relative humidity is
greater than 95%. A total of 9 test blocks are shown in Figure 1.

Figure 1. Concrete block.

The WEW-1000A universal testing machine was used for the loading test. The loading
speed is 0.5~1.0 MPa/s. See Table 2 for the strength of concrete blocks. Water-to-cement
ratio a, different curing days d, recycled aggregate replacement rate r, and concrete uniaxial
compressive strength f . The higher the compressive strength of concrete is, the less
compressive deformation that can be endured during compression failure. When the
ultimate load is reached, the concrete is suddenly destroyed, the brittleness is obvious,
and the degree of development of internal cracks is also better. Before reaching the peak
strength, there was no obvious crack on the surface of the test block; however, after reaching
the peak strength, the accumulated energy inside the test block rapidly releases to produce
damage and a burst sound. However, due to the ductility of concrete, the test block
can withstand relatively large compression deformation after failure, and its integrity is
preserved.

Table 2. Results of uniaxial compressive strength of concrete blocks.

No. a d r fex/MPa
1 0.43 3 0.43 23.8
2 0.43 7 0.43 30.2
3 0.43 28 0.43 35.7
4 0.49 3 0.43 21.7
5 0.49 7 0.43 24.2
6 0.49 28 0.43 32.9
7 0.55 3 0.43 21.0
8 0.55 7 0.43 24.2
9 0.55 28 0.43 29.1
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2.3. Construction of Simulation Database Based on Abaqus

With the continuous development of computers and finite elements, researchers
combine the improved cohesion model with finite elements to study the fracture problems
of various materials, such as composite materials, rocks, and concrete. The constitutive
models of concrete in ABAQUS include the brittle crack model, stain crack model, and
plastic damage model. The concrete plastic damage model is based on the continuum
damage model in plasticity theory. It is assumed that the concrete damage is caused by
tensile cracking and compression failure. In the deformation process, the factors of crack
propagation and closure are added. The usual flow rules of stiffness degradation and
recovery in reciprocating loading and unloading are non-associated flow rules. At the same
time, the plastic damage model of concrete takes into consideration the tensile—compressive
softening effect of concrete. This model is also the only one that can be used for both
ABAQUS/Standard and ABAQUS/ explicit analysis modules.

To obtain more uniaxial compressive strength values of RAC specimens under different
ratios, Abaqus is used to simulate the uniaxial compressive strength values of RAC models
under different ratios. The cube test block of 150 mm x 150 mm x 150 mm used in this
paper does not consider friction at the end of the simulation analysis. In terms of load
setting, the y-direction force is applied, and the bottom is fixed. Good meshing must depend
on good geometric structure, and pre-processing is the most critical and essential work
in finite element analysis. The modelling based on engineering problems is transformed
into an analysis model, completed in the pre-processing, involving geometric processing,
material sets, mesh generation, boundary application, and other related steps. Only when
these steps are well done can a correct result output be ensured. The Hypermesh pre-
processing software is used to mesh and optimize the numerical model of concrete. Its
powerful geometric processing function can quickly read the model data with its complex
structure and large scale and adapt to the complex boundary. After setting the whole mesh,
the details can be processed and optimized to obtain a more reasonable mesh distribution,
which greatly improves the efficiency of finite element calculation. The model grid is
divided and optimized by Hypermesh, such as in Figure 2. The concrete constitutive model
of the GB50010-2010 Code for the design of concrete structures is selected [27].

150mm*150mm*150mm

Model establishment Boundary condition setting Grid division

Figure 2. Establishment of concrete block model based on Abaqus.

The loading mode is similar to uniaxial compression in the laboratory. The specimen is
loaded by displacement, that is, by controlling the node displacement of the solid element
on the top surface. The specimen has only one boundary constraint mode, which is that the
vertical displacement of the bottom surface of the specimen is 0.

The model (Figure 2) includes a concrete test block with the size of 150 mm x 150 mm
x 150 mm. The correctness of the concrete constitutive model is verified by simulating
the mechanical properties of the concrete test block under uniaxial compression. The
concrete test blocks were divided into 19,173 elements by sweeping with the four-node
linear tetrahedral element (C3D4). The viscous element is divided into 19,173 units by a
four-node three-dimensional bonding element (COH3D6).

Figure 3 shows the compression of RAC blocks at different time steps under No. 2
working conditions. It can be seen that the process is similar to the compression process of
the test block. To verify the accuracy of the simulation results, the compression simulation
of No. 1~9 test blocks was carried out under the same test conditions. The results show
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that the maximum error between the simulation results and the uniaxial compression test
results of 9 groups of concrete blocks is 0.2 MPa, as shown in Figure 4.

gt
ln....;,,h
Aby

0DB: Job-1.0db Abaqus 2021 5un Aup 14 20/19:32 GMT+08:00 2022

0DB: Job-1.0db_Abag

Figure 3. Compression of concrete test blocks at different time steps. (a) step 1. (b) step 10. (c) step
20. (d) step 30. (e) step 40. (f) step 50.
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Figure 4. Comparison of test and simulation values.
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The failure of concrete blocks is divided into four processes: the compaction process,
the elastic deformation process, the elastic-plastic deformation process, and the failure
process.

Step. 1 After loading, the load of the sample increases a little with the increase in
displacement. In the numerical simulation analysis, the deformation of the specimen in the
laboratory at this stage is obviously larger than that of the specimen. The existence of this
stage in the laboratory test block is mainly due to the existence of a micro-concave—convex
zone on the surface of the concrete test block prepared in the laboratory and the gradual
compaction of micro-cracks and micro-pores in the concrete test block. However, the
simulated specimen is caused by the top-down transfer of axial pressure and the compaction
of the concrete element and the non-thickness bond element. The specimen element does
not deform under compression.

Step. 2 With the increase in axial load, it can be seen from the cloud picture that
the thicknesses of the bond unit on the left and right surfaces of the specimen have been
deformed, and the concrete unit has not been significantly deformed macroscopically, but
small cracks have begun to appear locally, which is in good agreement with the test.

Step. 3 The solid element in the lower right corner of the specimen has begun to slowly
peel away from the specimen, and the thickness of the adhesive element mesh has been
severely compressed and gradually lost its adhesive ability.

Step. 4 With the increased plastic deformation of the specimen, the axial load no longer
increases, and the specimen is damaged, which is consistent with the test results. From
the displacement nephogram, it can be seen that the concrete element on the surface of the
specimen gradually falls off from the surface or interior of the model, and the deformation
of the thickness bonding element is intensified until it disappears.

Figure 4 shows that the error between the numerical simulation results and the experi-
mental results is within 0.2 MPa. The calculation of the uniaxial compressive strength of
the mixed soil by the model in this paper is in good agreement with the measured value.
The correlation coefficient R? between the two data is as high as 0.999.

Water cement ratio a, different curing days d, recycled aggregate replacement rate r
as input data set, concrete uniaxial compressive strength f i as output data set. Before the
modeling of data samples, all the imported data were normalized to realize the principle of
dimensional analysis. The simulation database is shown in Table 3:

X — Xmin

X' =2x -1 1

Xmax — Xmin

where x is the original data, x” is the normalized data, xmax is the maximum value of the
original data, and X, is the minimum value.

Table 3. Simulation database.

No a d r fek
1 0.2 3 0.38 0.35
2 0.2 7 0.38 0.50
3 0.2 28 0.38 0.65
4 0.5 3 0.38 0.26
5 0.5 7 0.38 0.43
6 0.5 28 0.38 0.58
7 0.8 3 0.38 0.24
8 0.8 7 0.38 0.31
9 0.8 28 0.38 0.54

10 0.2 3 0.50 0.39
11 0.2 7 0.50 0.53
12 0.2 28 0.50 0.69
13 0.5 3 0.50 0.42
14 0.5 7 0.50 0.55
15 0.5 28 0.50 0.71
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Table 3. Cont.

No. a d r fex
16 0.8 3 0.50 0.29
17 0.8 7 0.50 0.37
18 0.8 28 0.50 0.63
19 0.2 3 0.62 0.27
20 0.2 7 0.62 0.39
21 0.2 28 0.62 0.51
22 0.5 3 0.62 0.23
23 0.5 7 0.62 0.32
24 0.5 28 0.62 0.50
25 0.8 3 0.62 0.20
26 0.8 7 0.62 0.25
27 0.8 28 0.62 0.46
28 0.2 3 0.20 0.45
29 0.2 7 0.35 0.40
30 0.3 28 0.80 0.21
31 0.2 3 0.20 0.80
32 0.2 7 0.35 0.79
33 0.3 28 0.80 0.62
34 0.2 3 0.20 0.45
35 0.2 7 0.38 0.40
36 0.2 28 0.50 0.35
37 0.2 3 0.62 0.37
38 0.2 7 0.80 0.35
39 0.2 7 0.35 0.45
40 0.2 28 0.80 0.40
41 0.3 3 0.20 0.35
42 0.2 7 0.38 0.37
43 0.2 28 0.50 0.35
44 0.2 3 0.62 0.36
45 0.2 7 0.80 0.39

3. Construction of Concrete Mechanics Model Based on RVM
3.1. Theory of RVM Method

The relevance vector machine (RVM) is a sparse probability model proposed by
Tipping on the basis of a support vector machine (SVM). It is trained in the Bayesian
framework by defining the Gaussian prior probability controlled by the super parameter
o on the weight w. In the iterative process of sampling data, the posterior distribution
of most parameters tends to zero, and the automatic relevance determination (ARD) is
used to remove these points independent of the predicted value so as to obtain the sparse
model. RVM has high sparsity, which can not only obtain binary output but also give a
prediction probability. RVM can not only achieve the same prediction accuracy as SVM
but also greatly reduce the calculation amount of the kernel function and shorten the
prediction time, which is more suitable for online prediction. In addition, RVM does not
need to satisfy Mercer’s theorem in kernel function selection, so it has better generalization
ability and has broad application prospects in predictive control, pattern recognition, and
multi-domain prediction. This chapter briefly introduces the basic principles and model
derivation process of the RVM algorithm. The Bayesian learning theory is developed on
the basis of Bayes’ theorem. It is a process of using probability to represent all forms
of uncertainty and realizing learning and reasoning through probability rules. Bayesian
learning uses the prior distribution of parameters and the posterior distribution obtained
from sample information to obtain the overall distribution. As the basis of the Bayesian
learning framework, Bayes’ theorem plays an important role in linking event prior and
posterior probability [34,35].

It is applied to regression prediction analysis, and a sparse model is obtained in data
training, ignoring some irrelevant data points, thereby reducing the amount of calculation.
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Assuming that the original data set used for training is {x,,t, | n =1,2,..., N}, x,, repre-
senting the sample input vector used for training, and t,, representing the output vector of
independent distribution, the functional relationship between x;,, and ¢, is established.

th = ]/(xn; w) + Cn )

In the formula, ¢, is the additional Gaussian noise satisfying &, ~ N(0,0?), and 0 is
the amount to be solved. It can be inferred that the following equation needs to satisfy the
Gaussian distribution.

pltn | %) = N(ta | y(xa), 0?) ®)

In the formula, the size of t,, depends on y(x;) and 02, since t, is non-interference and
independent, the likelihood function of training and data can be expressed as follows

-N/2 1
P(t\ w,az) = (2m0?) exp{—M| t— dw ||2} 4)

In the formula, t = (f1,tp,. ..,tN)T,aJ = (wo,wl,...,wn)T, ®, and N x (N +1) are
matrices, w satisfy the Gaussian distribution with a priori distribution mean of 0 and
variance of «; !, and then deduce the following formula.

N
P(w|a) =[] N(wal0, &) (5)
n=0

In the formula, hyperparameter @ = (&, &, ..., cxN)T, each «; has a corresponding
wj, and the training set sample data set can be prior distributed. According to Bayesian
principle, the expression of posterior distribution can be obtained by weight w; as follows:

P(t|w,(72)P(w,oc)

p(t | w, &, 02) _ ) T T P2 ©

= (2mr)"(NFTD/2 3 -172 exp{—%(w —m)' Y —1(w— m)}
where m = 02 Y. ®Tt, Y = (07 20Td + A)_l.
A =diag(xp, &1, . .. an) Finally, the maximum likelihood function can be expressed
by the following formula.

=[P ,02)P «)d
JP(t| w,0*)P(w | a)dw } )

P(t| o, 02) = {: (Zn)fN/ZlC’q/z exp(%tTCflt)

C is covariance, pair and derivation, with a value of 0, you can get the following two

expressions:
o i
i T 2
Hi

i
(0_)/ — H t—CD“M ||2

®)

< ©
N — Zri

where y; is the ith posteriori average weight and r; is the element on the ith principal
diagonal.

The design idea of a regression prediction model of concrete strength based on RVM is
shown in Figure 5. The water-cement ratio, maintenance days, and replacement rate were
used as input layer indices, and the compressive strength at 3 d, 7 d, and 28 d was used
as output layer indices. Five groups of samples were selected to test the prediction error
of the model. Finally, the number of neurons is determined, and the trained network is
preserved. The RVM concrete strength prediction model is used to predict the expansion
degree and compressive strength of fill materials with different proportions.
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Database construction

® Water cement ratio

® Different curing days

® Recycled aggregate replacement rate

® Concrete uniaxial compressive strength

y=-385+1.11.x, R? =095,

Database RVM ¥ = 1055 + 0.62 %
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3

Feature anal) sis Model evaluation

Figure 5. Regression prediction process of concrete strength based on RVM.

3.2. Data Set Analysis

In order to investigate the correlation between indicators, the statistical information
and correlation of sample indicators were analyzed. In Figure 6, the probability density
curve of the sample index distribution shows whether the data conforms to a normal distri-
bution. The results show that the data for each sample index is non-normal distribution.
In addition, Figure 7 shows that the correlation between most input indicators is weak
(R < 0.5). Therefore, the input indicators are independent of each other. The correlation
analysis of the sample input data is shown in Figure 7. The overall new description of
Shapiro-Wilk small data for the data is shown in Table 4. Each input index in Table 4 shows
significance, rejecting the null hypothesis, and the kurtosis of a sample, d sample, and R
sample is —1.273, —1.408, —0.167 (absolute value is less than 10), and the absolute value
of skewness is less than 3. Therefore, the indicators in the data do not satisfy the normal
distribution. However, the output indicator’s f p value for significance is 0.101; the level
does not present the significance and cannot reject the null hypothesis. Therefore, this
indicator satisfies the normal distribution.

02 03 04 05 06 07 08 0 5 10 15 20 2 30

a (b)
(©) (d)

Figure 6. Database normality test histogram. (a) a-Normality test histogram. (b) d-Normality test
histogram. (c) r-Normality test histogram. (d) f-Normality test histogram.
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Figure 7. Thermal graph of sample feature correlation matrix.

Table 4. Relevant mechanical indexes of concrete. Asterisk shows the Relevant mechanical indexes of
concrete. More asterisk show more relevance.

Variable Name Skewness Kurtosis S-W Test
a 0.595 0.758 (0.000) *** 0.35
d 0.748 0.683 (0.000) *** 0.50
r 0.11 0.926 (0.015) ** 0.65
f —0.041 0.952 (0.101) 0.39

Figure 7 is the correlation for each sample. Water-to-cement ratio and recycled aggre-
gate are the key factors affecting the strength of concrete, while the influence of curing time
on the strength of RAC is not obvious. Figure 7 shows that the absolute value of the corre-
lation between the items is less than 0.4, showing a low correlation between the indicators.
From the correlation between the input index and the output index, the d-sample index
has a higher impact on the output index than the r-sample.

3.3. Results and Analysis

Finally, the predicted value is shown in Table 5. From the test results of the support
vector regression model in Table 5, it can be seen that three of the errors between the
calculated value and the simulation value are higher than 0.09, and most of the errors of the
samples are within 0.09. It can be seen that the accuracy of the correlation vector regression
model is beyond doubt. It can be considered that the correlation vector regression model
has good generalization ability when dealing with small sample data, so it can be effectively
used for processing experimental data analysis.

Table 5. Predictive value and simulation value.

No. Simulation-f, RVM Prediction-f Errorl
34 0.45 0.444 0.006
35 0.40 0.408 0.008
36 0.35 0.340 0.010
37 0.37 0.360 0.010
38 0.35 0.360 0.010
39 0.45 0.444 0.006
40 0.40 0.408 0.008
41 0.35 0.340 0.010
42 0.37 0.360 0.010
43 0.35 0.360 0.010
44 0.36 0.361 0.001

45 0.39 0.387 0.003
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To better show the relationship between the compressive strength of concrete calcu-
lated by the support vector regression model and the simulation value, as shown in Figure 8,
it can be seen from the figure that the sample points are all located near the straight line
with a slope of 1.

0.50 1

- y =-0.01 + 1.02-x, R* =09

0.45

0.40 A

-~

w2

i
1

[ T I I I I 1 J
0.36 0.40 0.44 0.48

Figure 8. Fitting curve of simulation value and predicted value.

The study adds common model evaluation metrics to more intuitively evaluate the
model’s performance in Table 6. These criteria included the coefficient of determination (R?),
root mean square error (RMSE), standard deviation (SD), and mean absolute percentage
error (MAPE), as shown in Table 6. The greater the R?, the closer the slope of the model
fitting line is to 1, and the more accurate the prediction of concrete’s compressive strength is.

n 2

Z (f real — f pred)
R?=1- =1 — (10)
Z (f real = f pred)

i=1

n 2
Z f real — f pred
RMSE = \| =L p (11)
L < 2
E (fprecl - fpred)
SD =4 = (12)
n
n —
MAPE = % y frealffpmd % 100% (13)
i=1 real
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Table 6. Model evaluation.
Test
Model No.
ode ° R? RMSE SD MAPE
RVM 34~45 0.9506 0.0074 0.5779 1.53%
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By establishing a concrete strength prediction model based on the RVM model, al-
though the prediction accuracy of RAC uniaxial compressive strength is high, there is still
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machine learning models. Through the comparative analysis of various models, the optimal
model can be obtained to predict the uniaxial compressive strength of RAC.
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of RAC compressive strength with coarse aggregate replacement rate, water—cement ratio,
and curing time based on the RVM model is established. The article draws the following
conclusions.
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demonstrated that the model can effectively predict the compressive strength of RAC and
meet the engineering requirements. The model can be generalized and applied.
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