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Abstract: Understanding the mechanical behavior of hybrid fiber-reinforced concrete (HFRC), a composite material, is crucial for 
the design of HFRC and HFRC structures. In this study, a series of compression experiments were performed on hybrid steel- 
polyvinyl alcohol (PVA) fiber-reinforced concrete containing fly ash and slag powder, with a focus on the fiber content/ratio effect 
on its compressive behavior; a new approach was built to model the compression behavior of HFRC by using an artificial neural 
network (ANN) method. The proposed ANN model incorporated two new developments: the prediction of the compressive 
stress-strain curve and consideration of 23 features of components of HFRC. To build a database for the ANN model, relevant 
published data were also collected. Three indices were used to train and evaluate the ANN model. To highlight the performance of 
the ANN model, it was compared with a traditional equation-based model. The results revealed that the relative errors of the 
predicted compressive strength and strain corresponding to compressive strength of the ANN model were close to 0, while the 
corresponding values from the equation-based model were higher. Therefore, the ANN model is better able to consider the effect 
of different components on the compressive behavior of HFRC in terms of compressive strength, the strain corresponding to 
compressive strength, and the compressive stress-strain curve. Such an ANN model could also be a good tool to predict the me-
chanical behavior of other composite materials. 
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1  Introduction 
 

Fiber-reinforced concrete (FRC), a typical 
composite material, has been successfully and widely 

used in civil infrastructure, such as tunnels (de la 
Fuente et al., 2012; Liao et al., 2015; Gong et al., 
2017), bridges (Stoll et al., 2000), concrete structures 
(Sim et al., 2005), and pavements (Belletti et al., 
2008). This is because FRC greatly improves tensile 
behavior (Xu et al., 2011), flexural behavior (Nguyen 
et al., 2013), and durability (Liu et al., 2019a) com-
pared with concrete. The compression behavior and 
basic mechanical characteristics of concrete can also 
be significantly affected by the addition of fibers 
(Zhou et al., 2018, 2019). Such enhanced compres-
sion behavior is important for many concrete  
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structures, especially in the joints of precast structures 
where stress is concentrated (Ding et al., 2020). To 
design a suitable FRC, different types of fibers can be 
used, including steel, polyvinyl alcohol (PVA), 
polypropylene (PP), basalt, and synthetic fibers (Sim 
et al., 2005; Soutsos et al., 2012; Liu et al., 2019a, 
2020a). The mechanical behavior of FRC is related to 
the type of fiber, the geometry of fiber, and the total 
fiber content (Lawler et al., 2003, 2005; Liu et al., 
2020b).  

According to the number of fiber types com-
bined, FRC can be categorized as single fiber- 
reinforced concrete or hybrid fiber-reinforced con-
crete (HFRC), which includes two or more types of 
fibers. HFRC generally has better mechanical prop-
erties than single fiber-reinforced concrete. This is 
because the hybridization of different fibers can 
maximize their contribution to the improvement in 
the mechanical properties of the concrete mixture 
(Lawler et al., 2005). These improvements are 
strongly dependent on the fiber type, fiber volume 
content, hybrid ratio, fiber aspect ratio, and mechan-
ical properties of the fibers (Lawler et al., 2003, 2005; 
Blanco et al., 2016; Liu et al., 2019b; Zhou et al., 
2019). For instance, steel fibers, a type of macrofiber, 
could create a bridge effect to prevent the develop-
ment of a major crack because of their greater length, 
leading to improvements in tensile strength, crack 
resistance, toughness, and flexural post-cracking 
creep behavior (Zhao et al., 2015; Serna Ros et al., 
2016; Pujadas et al., 2017; Liu et al., 2020b); PVA 
fibers, a type of microfiber, could introduce many 
noticeable microcracks and delay the propagation of 
macrocracks, thereby improving the toughness of 
concrete (Lawler et al., 2005; Pujadas et al., 2014; Liu 
et al., 2019b). Therefore, understanding the effects of 
these fiber features is important for the design and 
modeling of HFRC. 

To describe the compression behavior of HFRC, 
many researchers have built models based on the 
constitutive models of plain concrete (Chi et al., 
2014a, 2014b; Zhou et al., 2019). The effects of many 
features of fibers, such as their length, diameter, and 
volume, can be introduced into constitutive models 
via statistical analysis. However, as HFRC exhibits 
complex responses in terms of strain-softening/ 
hardening, volumetric dilatancy, and pressure sensi-
tivity, these constitutive models are difficult to de-

velop from a purely mathematical perspective (Chi et 
al., 2014a). They also have limitations for describing 
the complex compressive behavior of HFRC, espe-
cially in capturing the effects of different components.  

To overcome these limitations, deep learning 
methods have recently been applied to predicting the 
mechanical properties of concrete (Mashhadban et al., 
2016) and designing the mix compositions of civil 
materials (Açikgenç et al., 2015). Artificial neural 
network (ANN), as one of the basic deep learning 
methods, has shown its strong application ability in 
civil engineering. It can be used to analyze the rela-
tionship between different types of data, produce a 
correct or nearly correct response to a large database, 
and make a good prediction for new data. The ANN 
method has been successfully used to model the 
compressive, tensile, and flexural strengths of FRC 
(Karahan et al., 2008; Mashhadban et al., 2016), pre-
dict the mix composition of steel fiber-reinforced 
concrete (Açikgenç et al., 2015), describe the stress- 
strain model for fiber reinforced polymer (FRP)- 
confined concrete (Jiang et al., 2020), and predict the 
workability of concrete incorporating metakaolin and 
fly ash (Bai et al., 2003). Since more factors can be 
considered in an ANN model, it can make more ac-
curate predictions. Moreover, an ANN model is im-
plicit and does not need an experimental data-based 
formula. However, all the above studies focused on 
the key characteristics of the mechanical behavior of 
FRC. Few studies have been carried out to predict the 
whole stress-strain curve of HFRC using the ANN 
method. The authors have developed an ANN model 
to capture the tensile stress-strain relationship of 
HFRC (Liu et al., 2020a) and attempted to extend it to 
describe the compressive behavior in this work.  

In summary, the compression behavior of HFRC, 
especially the stress-strain relationship, is important 
for many types of concrete structures and their mod-
eling. Conventional constitutive models have limita-
tions in describing such complex compression be-
haviors. Therefore, this study aimed to reveal the 
compressive behavior of HFRC containing fly ash 
and slag powder and develop a new approach to 
model its compressive stress-strain curve by using the 
ANN method, and to highlight the capability of the 
ANN model by investigating the effect of different 
HFRC components on the compressive behavior of 
HFRC. To accurately represent the effect of different 
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components of HFRC, the proposed ANN model was 
used to consider many important factors, including 
the fiber characteristics (volume, weight, length, 
diameter, aspect ratio, and reinforcement index), the 
mechanical properties of plain concrete (elastic 
modulus, compressive strength, and strain corre-
sponding to compressive strength), and the composi-
tion of the concrete mixture (water binder ratio, ce-
ment, fly ash, slag powder, water, coarse aggregate, 
and fine aggregate). 

In the following sections, a series of compres-
sion tests on HFRC containing fly ash and slag 
powder were first introduced to reveal its compres-
sive behavior. Then relevant published data were 
collected to extend the size and diversity of the da-
tabase. After that, the ANN model was built and 
trained based on the database and an equation-based 
model was also proposed. Finally, a comparison be-
tween these two models was carried out via the de-
scription of the experimental data, followed by the 
sensitivity analysis of ANN model. 

 
 
2  Compressive experiments 

2.1  Materials 

The selected cement was Class 42.5R ordinary 
Portland cement, which had a specific surface area of 
368 m2/kg. The specific surface area of fly ash was 
242 m2/kg compared with 436 m2/kg for slag powder. 
The fly ash had a SiO2 mass fraction of 54.2% com-
pared with 36.9% for the slag powder. The maximum 
particle size of the fine aggregate was 5 mm, and the 
coarse aggregate had a continuous size of 5–20 mm. 
Other properties of the cement, fly ash, and slag 
powder can be found in (Liu et al., 2019a). The mass 
proportions of the concrete mixture were cement:fly 
ash:slag powder:fine aggregate:coarse aggregate: 
water:superplasticizer=225:75:75:785:1024:165:3.2, 
and the water-to-binder ratio was set to 0.44. These 
were designed according to the Chinese Codes 
(CAECS, 2010; MHURD, 2011a, 2011b).  

As a component of HFRC, fibers significantly 
affect its mechanical properties, which warrant de-
tailed investigation. In this study, steel fiber and PVA 
fiber were used, and the detailed properties of these 
two fibers can be found in (Liu et al., 2019a). To 
highlight the effects of hybridization and fiber content 

on the compressive behavior of HFRC, various 
volume-based hybrid ratios of steel fiber to PVA fiber, 
ranging from 1:3 to 3:1, were tested, and the total 
fiber volume content ranged from 1% to 3%. Steel 
and PVA fiber combinations with fiber volume con-
tents of 0.5%, 1.0%, and 1.5% were tested, based on 
published values shown to improve the mechanical 
properties of HFRC (Hai et al., 2016; Feng et al., 
2018; Liu et al., 2019b, 2020b). Concrete reinforced 
with either steel or PVA fiber alone was also tested 
simultaneously, as well as plain concrete, collectively 
acting as the control group. Therefore, there are 12 
groups of specimens in total and they are named as 
SaPb, where a means the volume content of steel fi-
bers and b means the volume content of PVA fibers. 
For example, S1.0P1.5 means the specimen that con-
sists of 1.0% steel fibers and 1.5% PVA fibers. C 
means the plain concrete.  

2.2  Specimen and experiment program 

All concrete specimens were mixed according to 
the literature, to ensure the uniform dispersion of the 
fibers (CAECS, 2010; MHURD, 2011a; Li and Liu, 
2016; Liu et al., 2019b, 2020b). During mixing of the 
HFRC samples, more steel fibers had little effect on 
the workability of HFRC, but increasing the PVA 
fibers could worsen the workability due to their 
high-water absorption properties when the propor-
tions of the concrete mix remained constant, as ob-
served in other studies (Hossain et al., 2013; 
Tabatabaeian et al., 2017). The geometry of the 
specimen was 150 mm×150 mm×300 mm. A high 
stiffness testing machine (Fig. 1) with a capacity of 
3000 kN was used to carry out the compressive tests. 
To obtain a better descent part of the compressive 
stress-strain curve, the test was controlled by a dis-
placement control, loading at a rate of 0.1 mm/min 
before reaching the peak value, and at a rate of 0.06 
mm/min during the post-peak stage. The loading 
force was recorded by a force sensor. The strain in the 
middle part of the specimen was measured by an 
extensometer (Fig. 1) with a gauge length of 100 mm, 
attached to the side of the specimen. 

2.3  Experimental results 

Fig. 2 presents typical measured compressive 
stress-strain curves. The compressive stress increased 
quickly and almost linearly before reaching the 
compressive strength at a strain of about 0.002. The 
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compressive stress then dropped nonlinearly as the 
strain increased. According to Figs. 2a–2c, the peak 
value of the curve increased as the content of steel 
fibers increased, but it appeared to decrease when the 
volume of steel fibers was too high. In comparison, 
with an increase in PVA fibers, the peak value reduced 
slightly, and the gap between the different curves 
widened during the post-peak stage. 

Table 1 summarizes the average compressive 
strength and its corresponding strain for all test 
specimens. The compressive strength and strain cor-
responding to compressive strength (SCCS) de-
pended on the fiber volume and the hybrid ratio. The 
single fiber-reinforced concrete (S1.0, P1.0) had a 
higher compressive strength than the plain concrete 
(C). For the same fiber volume of 1.0%, the  
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(a) (b)

(d)(c)

(e) (f)

S0.5P0.5

S1.0P0.5

S1.5P0.5

S0.5P1.0

S1.0P1.0

S1.5P1.0

S0.5P1.5

S1.0P1.5

S1.5P1.5

S0.5P0.5

S0.5P1.0

S0.5P1.5

S1.0P0.5

S1.0P1.0

S1.0P1.5

S1.5P0.5

S1.5P1.0

S1.5P1.5

Fig. 2  Compressive stress-strain curves: (a) S0.5P0.5, S1.0P0.5, and S1.5P0.5; (b) S0.5P1.0, S1.0P1.0, and S1.5P1.0; (c) S0.5P1.5, 
S1.0P1.5, and S1.5P1.5; (d) S0.5P0.5, S0.5P1.0, and S0.5P1.5; (e) S1.0P0.5, S1.0P1.0, and S1.0P1.5; (f) S1.5P0.5, S1.5P1.0, and S1.5P1.5 

Fig. 1  Compressive test instrument and sensors 
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compressive strength of the steel fiber-reinforced 
concrete (32.97 MPa) was similar to that of the PVA 
fiber-reinforced concrete (33.05 MPa). Compared 
with the single steel fiber-reinforced concrete, HFRC 
had a higher compressive strength owing to the fiber 
hybridization effect. However, when the total fiber 
volume was too high, the compressive strength ap-
peared to decrease. Among all test specimens, the 
sample with a steel fiber volume of 1.0% and PVA 
fiber volume of 0.5% had the highest compressive 
strength, which was 22.3% higher than that of the 
plain concrete, as the strain corresponding to com-
pressive strength decreased.  
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 

When the steel fiber volume was constant (e.g. at 
0.5%, 1.0%, or 1.5%), the compressive strength de-
creased with increasing PVA fiber volume (Fig. 3b). 
Taking the samples with a steel fiber volume of 1.0% 
as an example, the measured compressive strength 
decreased from 38.33 MPa to 34.32 MPa as the PVA 
fiber volume increased from 0.5% to 1.5%. In com-
parison, increasing the steel fiber volume increased 
the compressive strength when the PVA fiber volume 
was fixed as a constant value (Fig. 3a). However, 
when the steel fiber volume was too high (such as 
above 1.0%), the compressive strength tended to 
decrease when the steel fiber volume increased. For 
instance, when the PVA fiber volume was 0.5%, the 
compressive strength increased by 2.64 MPa as the 
steel fiber volume increased from 0.5% to 1.0%, but 
its value decreased by 3.66 MPa when the steel fiber 
volume continued to increase to 1.5%. We conclude 

that steel fiber plays a more important role in in-
creasing the compressive strength of HFRC. Zhou et 
al. (2019) reported a similar phenomenon.  

 
 

 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 

 
 
 
 
Fig. 4 shows the failure images of HFRC, single 

fiber-reinforced concrete, and plain concrete during 
the compressive tests. The plain concrete shows a 
brittle failure: the width of the crack is large, and a 
part of the concrete specimen has already spalled 
(Fig. 4d). The single steel fiber-reinforced concrete 
(Fig. 4d) shows a relatively small main crack ac-
companied by little spalling, while there is no obvious 
spalling in the single PVA fiber-reinforced concrete 
(Fig. 4d). In comparison, HFRC tends to show a 
ductile failure rather than a brittle failure; the width of 
the main crack is smaller and no spalling occurs. 
When the fiber volume content of steel fibers is con-
stant, adding more PVA fibers reduces the width of 
the main crack and introduces more noticeable small 
cracks (Figs. 4a–4c). This is because PVA fibers could 
improve the tensile behavior of the concrete matrix 
and consume more energy, delaying the propagation 
of macrocracks (Liu et al., 2019b, 2020b). During the 
failure process, the crack seems to be small and short 
at first, occurring in the middle of the concrete 

Table 1  Compressive test results 

Mixture 
ID 

Compressive 
strength (MPa) 

Rt
* 

Strain corresponding to 
compressive strength 

S0.5P0.5 35.69 1.139 0.001 93 
S0.5P1.0 35.20 1.123 0.002 06 
S0.5P1.5 33.36 1.065 0.002 67 
S1.0P0.5 38.33 1.223 0.001 50 
S1.0P1.0 36.87 1.177 0.002 27 
S1.0P1.5 34.32 1.095 0.002 75 
S1.5P0.5 34.67 1.106 0.001 86 
S1.5P1.0 33.13 1.057 0.002 88 
S1.5P1.5 32.22 1.028 0.002 46 
S1.0 32.97 1.052 0.002 23 
P1.0 33.05 1.055 0.002 40 
C 31.33 – 0.001 81 

* Rt is the ratio of the compressive strength of FRC to that of plain 
concrete (C) 

Fig. 3  Effect of fiber type on the compressive strength of 
HFRC: (a) steel fiber effect; (b) PVA fiber effect 
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specimen. With increasing load, more discontinuous 
and longitudinal short cracks gradually appear and 
interconnect to generate the main crack. The final 
failure mode of HFRC is an oblique shear failure. The 
hybridization effect of steel and PVA fibers might 
enable HFRC to shift from a brittle to a ductile break 
(Liu et al., 2019b, 2020a). 

 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 

 
3  Relevant data from the literature 

 
The 36 concrete samples tested in this study 

were insufficient to represent the diversity of HFRC. 
Therefore, more HFRC data from the literature were 
collected (Table 2). Although these samples had dif-
ferent cementitious materials, this seems to have had 

no clear influence on the hybridization of steel and 
PVA fibers (Liu et al., 2020b). Therefore, all these 
data, along with those obtained from the above tests 
were used to prepare the database in this study. Table 
3 summarizes the mean, median, and standard devia-
tion of each feature for this database. The size of the 
whole dataset is 44 135. Compared with the com-
pressive stress and the compressive strength, these 
three indices of the strain corresponding to compres-
sive strength are much lower. 

  
 

4  Performance of the ANN model 
 

The ANN model that described the compressive 
behavior was built based on the previous work (Liu et 
al., 2020a) and its performance was investigated in 
this section. The details about the ANN model can be 
found in the electronic supplementary materials. 
Moreover, a traditional equation-based model was 
also introduced for comparison with the ANN model. 
Finally, the performance of the ANN model was  
discussed.  

4.1  Indices for evaluating the model 

Apart from the loss function, several different 
comprehensive indices were used to examine the 
performance of the ANN model. They included the 
root mean squared error (RMSE), mean absolute error 
(MAE), and the coefficient of determination (R2), 
which were identified and calculated by Eqs. (1)–(3). 
The closer R2 is to 1 and the smaller the values of the 
other errors, the better the performance of the ANN 
model. 
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where ŷ  is the predicted value, y is the true value, ˆiy  

and yi are the predicted value and the true value of the 

Fig. 4  Failure images of HFRC, single fiber-reinforced 
concrete, and plain concrete: (a) S0.5P0.5, S0.5P1.0, and 
S0.5P1.5; (b) S1.0P0.5, S1.0P1.0, and S1.0P1.5; (c) S1.5P0.5, S1.5P1.0, 
and S1.5P1.5; (d) S1.0, P1.0, and C 
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Table 3  Summary of the dataset for the ANN model (size=44 135) 

Type Feature Mean Median Standard deviation 

Output 

Compressive stress (MPa) 21.48 20.50 10.14 

Compressive strength (MPa) 38.38 37.09 4.89 
Strain corresponding to compressive 

strength 
0.0023 0.0022 0.0005 

Input 

Strain 0.007 63 0.006 37 0.006 54 

Fiber volume of steel fiber (%) 1.04 1.00 0.37 

Weight of steel fiber (kg) 81.25 78.50 29.18 

Length of steel fiber (mm) 38.89 38.00 4.24 

Diameter of steel fiber (mm) 0.66 0.68 0.06 

Aspect ratio of steel fiber 58.72 56.13 4.07 

Reinforcement index of steel fiber 0.61 0.56 0.22 

Fiber volume of PVA fiber (%) 0.74 0.50 0.52 

Weight of PVA fiber (kg) 9.67 6.50 6.81 

Length of PVA fiber (mm) 11.28 12.00 1.54 

Diameter of PVA fiber (mm) 0.04 0.04 0.00 

Aspect ratio of PVA fiber 287.35 307.69 41.07 

Reinforcement index of PVA fiber 4.00 3.08 6.68 

Elastic modulus of plain concrete (MPa) 36 568.88 36 882.70 1423.41 

Compressive strength of plain concrete 
(MPa) 

34.06 33.05 4.38 

Strain corresponding to compressive 
strength of plain concrete 

0.001 96 0.001 99 0.000 09 

Weight of cement (kg) 291.66 225.00 102.41 

Weight of fly ash (kg) 52.68 75.00 34.29 

Weight of slag powder (kg) 52.68 75.00 34.29 

Weight of water (kg) 176.01 165.00 16.92 

Weight of coarse aggregate (kg) 1018.35 1024.00 8.69 

Weight of fine aggregate (kg) 750.78 785.00 52.58 

Water binder ratio 0.443 0.440 0.005 

Table 2  Steel-PVA fiber hybridization of HFRC from the literature 

Cementitious 
material 

Fiber volume (%) Fiber length (mm) Fiber diameter (mm) Number of 
tested samples 

Reference 
Steel fiber PVA fiber Steel fiber PVA fiber Steel fiber PVA fiber 

Cement 
(HFRC) 

0.8 0.1 

35 or 50 8 or 12 0.55 or 0.75 0.04 16 
Zhou et al., 

2019 
0.8 0.2 

1.3 0.1 

1.3 0.2 

Cement 
(HFRC) 

0.25 0.07 

12 or 15 30 or 60 0.5 or 0.73 0.015 16 Yang, 2011 
0.25 0.14 

0.51 0.07 

0.51 0.14 

Cement+Fly 
ash (HFRC) 

0.50 0.50 
30 12 0.3 0.039 6 Shen, 2013 

0.75 0.75 

Cement 
(HFRC) 

0.50 0.10 

30 15 0.5 0.1 3 
Arulmuru-

gan, 2018 
0.75 0.25 

1.00 0.50 
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ith sample, respectively, and m is the total number of 
databases. 

4.2  ANN model training and evaluation 

The database in Section 3 was used to train and 
evaluate the ANN model. The loss curves of the 
training dataset and test dataset are shown in Fig. 5a. 
Before 480 epochs, the loss values of the training 
dataset and test dataset varied greatly and showed an 
obvious decrease. After 480 epochs, the loss values 
declined gently and tended to converge. This is be-
cause the learning parameter was set as 0.01 before 
480 epochs and then changed to 0.001. The lowest flat 
part of the curves can be observed after 960 epochs 
when the learning rate was changed to 0.0001. The 
higher learning rate could enable the model to quickly 
move towards a minimum of the loss function, but 
would also cause the loss value to oscillate easily, 
which is suitable for use in the initial stage. By 
comparison, although a smaller learning rate would 
slow the forward speed of the model, it could enable 
the model to converge faster, which is often useful 
after several epochs. 

The RMSE, MAE, and R2 values of the training 
and test datasets are shown in Fig. 5b. With the in-
crease in epochs, both the RMSE and MAE of the 
training and test datasets decreased linearly in the 
initial stage, then gradually reduced until they con-
verged after 480 epochs. The R2 of the training and 
test datasets increased quickly then remained stable 
after 480 epochs, with both sets having final values 
above 0.998. All these indices reveal the good per-
formance of the ANN model. 

4.3  Equation-based model 

For comparison with the ANN model, an  
equation-based model was also designed based on the 
constitutive model of MHURD (2011a). The com-
pressive stress-strain curve of HFRC can be described 
by 
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     (5) 

where σ is the compressive stress; ε is the strain; Ec is 
the elastic modulus; fc,r is the compressive strength; 
εc,r is the strain corresponding to compressive strength 
(SCCS); dc is the damage evolution parameter, which 
is dependent mainly on the degree of plasticity x, 
defined as the ratio of ε to εc,r; αc is the descending 
shape parameter, which determines the slope of the 
descending branch during the post-peak stage; ρc, n 
and x are internal variables. Based on Zhou et al. 
(2019), the Ec of HFRC was assumed to be identical 
to that of the corresponding plain concrete in this 
study. 

fc,r, εc,r, and αc are the main three parameters, and 
can be determined by back-fitting the experimental 
data. fc,r and εc,r can be easily obtained from the peak 
value of each compressive stress-strain curve; αc needs 
to be calculated by fitting each compressive stress- 
strain curve using Eq. (5). To describe the effects of 
steel fiber and PVA fiber, the relationship between 
these three parameters and the characteristic parame-
ters of steel fiber or PVA fiber need to be formulated. 
In this study, a polynomial regression was used as a 
first approximation, as indicated in Eqs. (6)–(8). 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 

0.01

L
o

ss

Loss_train

Loss_test

0 200 600 800400 1000
Epoch

(a)

(b)

8

7

6

4

3

2

1

0

5

E
rr

or

0 200 600 800400 1000
Epoch

0.1

1

10

100

R
2

1.0

0.8

0.6

0.4

0.2

0

−0.2

−0.4

−0.6

−0.8

RMSE_train

RMSE_test

MAE_train

MAE_test

R2_score_train

R2_score_test

Fig. 5  Training and evaluation results of the ANN model: 
(a) loss curves; (b) RMSE, MAE, and R2 



Liu et al. / J Zhejiang Univ-Sci A (Appl Phys & Eng)   2021 22(9):721-735 
 

729
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where fcH is the compressive strength of HFRC; εcH is 
the SCCS of HFRC; αcH is the descending shape pa-
rameter of HFRC; fcp is the compressive strength of 
plain concrete; εcp is the SCCS of plain concrete; λS is 
the reinforcement index of steel fibers; λP is the re-
inforcement index of PVA fibers. lS, dS, and VS are the 
length, diameter, and volume, respectively, of the 
steel fibers; lP, dP, and VP are the length, diameter, and 
volume, respectively, of the PVA fibers. 

λS and λP were introduced into Eqs. (6)–(8) to 
consider the hybridization of steel and PVA fibers 
because the hybridization effect in HFRC appeared 
obvious in the above experiments. The back-fitting 
results are illustrated in Fig. 6. Eqs. (6)–(8) repro-
duced the trend well, although the value of R2 was not 
big. 

As indicated in Eq. (6), the addition of PVA fi-
bers decreased the compressive strength of HFRC, 
while adding a lower volume of steel fibers increased 
the compressive strength. However, when the fiber 
volume content of the steel fibers is too high (such as 
1.0%), more steel fibers may result in a decrease in 
the compressive strength. This phenomenon is con-
sistent with the test results in Section 2. Eq. (7) shows 
that adding both steel and PVA fibers increased the 
SCCS, and the hybridization of steel and PVA fibers 
had a positive influence on the SCCS, which is similar 
to the test results. According to Eq. (8), PVA fibers 
could significantly influence αc, reducing the de-
creasing speed of stress during the post-peak stage. 

To describe the compressive stress-strain curve 
of HFRC, fcp, εcp, and Ec of the plain concrete were 
firstly obtained and used as the reference values in 
Eqs. (6)–(8). Secondly, fcH, εcH, and αcH were calcu-
lated with the fiber information using Eqs. (6)–(8). 
Then, the compressive stress-strain curve of HFRC 

was obtained using Eqs. (4) and (5) by replacing fc,r, 
εc,r, and αc with these parameters. 

 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 

 
 

4.4  Model performance analysis 

Fig. 7 presents the simulation results from the 
ANN model and the equation-based model, as well as 
the experimental results of the compressive stress- 
strain curve of several HFRC samples. Both the ANN 
model and the equation-based model reproduced  
the experimental data well, but the ANN model 
showed a better capacity. For instance, in Fig. 7a, the  

Fig. 6  Back-fitting results of key parameters in the  
equation-based model: (a) compressive strength, fcH; (b) 
SCCS, εcH; (c) descending shape parameter, αcH 
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equation-based model could predict accurately the 
stress-strain curve before the peak value, but the dif-
ference during the post-peak value increased with the 
strain. This may be caused by the error of the de-
scending shape parameter induced by Eq. (8); in 
Fig. 7d, the equation-based predicted compressive 
stress-strain curve is parallel with the tested curve, 
owing to the underestimation of the compressive 
strength by Eq. (6). However, for these two cases, the 
ANN model reproduced the stress-strain curve well, 
and almost overlapped the tested curves. 

Table 4 summarizes the RMSE, MAE, and R2 
values of the ANN model and the equation-based 
model. The ANN model had lower errors and a higher 
R2 than the equation-based model. Therefore, we 
conclude that the ANN model can perform better than 
the equation-based model to reproduce the compres-
sive stress-strain curve. 

In this paper, we also introduce the relative error 
(Zhou et al., 2019) to evaluate the performance of the 
ANN model and equation-based model in terms of 
predicting the compressive strength and SCCS. The 
relative error is calculated by 

 
Relative error

Predictied value  Test value
100%.

Test value


 

    (9) 

 
Fig. 8 summarizes the relative error obtained 

using the ANN model and equation-based model. 
Note that the experimental results are the mean values 
of different tested specimens with the same fiber 
content. In terms of compressive strength and SCCS, 
the predicted value of the ANN model is almost the 
same as the experimental value. However, obvious 
relative errors are found for the equation-based model 
in these two items. This is because of the relatively 
low value of R2 when back-fitting Eqs. (6) and (7), as 
indicated in Fig. 6. The results of this comparison 
reveal the superior performance of the ANN model 
for describing the compression behavior of HFRC. 

4.5  Sensitivity analysis 

Since the ANN model is implicit, it is difficult to 
understand the relationship between input features 
and output features. Hence, a sensitivity analysis has 
been proposed to illustrate how input features affect 

 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 

 
 
 
 
 

Fig. 7  Comparison of simulation and experimental results 
of the compressive stress-strain curves: (a) S0.5P0.5; (b) 
S0.5P1.0; (c) S1.0P1.5; (d) S1.5P0.5; (e) S1.5P1.0 
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output features for an ANN model (Saltelli, 2002; 
Shojaeefard et al., 2013). Among several sensitivity 
analysis methods, the use of the “PaD” method (par-
tial derivatives) makes it easy to calculate the 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 

 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 

contribution of each input feature to the specified 
output feature (Pizarroso et al., 2020). 

Fig. 9 shows the contribution of each input fea-
ture to the compressive strength and the SCCS for 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 

Fig. 8  Relative errors of the ANN model and the equation-based model in terms of the compressive strength (a) and 
SCCS (b) 

Table 4  RMSE, MAE, and R2 of the ANN model and the equation-based model 

Mixture ID 
RMSE MAE R2 

ANN Equation-based ANN Equation-based ANN Equation-based 
S0.5P0.5 0.279 2.401 0.218 2.164 0.999 0.939 
S0.5P1.0 0.238 0.772 0.191 0.616 0.999 0.993 
S0.5P1.5 0.205 1.723 0.154 1.533 0.999 0.958 
S1.0P0.5 0.282 2.359 0.210 1.930 0.999 0.933 
S1.0P1.0 0.301 1.553 0.246 1.207 0.999 0.978 
S1.0P1.5 0.227 1.296 0.171 0.836 0.999 0.976 
S1.5P0.5 0.332 1.781 0.247 1.256 0.999 0.966 
S1.5P1.0 0.389 2.152 0.231 1.975 0.998 0.936 
S1.5P1.5 0.241 2.556 0.154 2.027 0.999 0.895 

Fig. 9  Contributions of each input feature to the compressive strength (a) and the strain corresponding to compressive 
strength of HFRC (b) 
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HFRC samples. The redder the color, the higher the 
contribution of the specified input feature. The high-
est contribution appears to be the compressive 
strength and the SCCS of plain concrete. There are 
four main influence parts, including steel fibers, PVA 
fibers, mechanical properties of plain concrete, and 
components of HFRC. Fig. 10 reveals the contribu-
tion of these four main parts to the compressive 
strength and the SCCS, which is the sum of their 
sub-input features. According to Figs. 9 and 10, the 
mechanical properties of plain concrete make the 
main contribution to the compressive strength and the 
SCCS for all HFRC samples. The contribution of 
steel fibers is higher than that of PVA fibers in terms 
of the compressive strength and the SCCS for all 
HFRC samples. This is similar to the experimental 
results. 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 

4.6  Discussion 

According to the analysis above, it is clear that 
the ANN model developed in this study is better able 
to describe the compressive behavior of HFRC than 

the equation-based model. The performance of the 
equation-based model depends on the determination 
of key parameters, including the compressive strength, 
SCCS, and descending shape parameter, calculated 
using Eqs. (6)–(8). If one of these parameters is not 
well determined, the predicted compressive stress- 
strain curve would not fit well with the experimental 
results. Also, only limited factors are considered in 
Eqs. (6)–(8), and many other components, such as the 
cementitious material, that could significantly influ-
ence the mechanical properties of concrete, are not 
directly considered in these equations. The R2 value 
of Eqs. (6)–(8) seems relatively low, indicating that 
the equation-based model could reproduce well the 
stress-strain curve for some HFRC samples while 
having obvious error for others, as shown in Figs. 6 
and 7. However, the equation-based model is simple 
and can be easily used in the calculation of the 
structural components and structures, resulting in the 
wide application of such types of models. In summary, 
the equation-based model needs further development, 
especially the methodology to consider the effects of 
different compositions. 

By comparison, the ANN model can consider 
more factors. Thus, it is able to extract more im-
portant features and has more powerful nonlinear 
fitting abilities, resulting in a better capacity to predict 
the compressive stress-strain curve of HFRC. More-
over, the ANN model could be applied not only to 
HFRC, but also to other composite materials (such as 
ultra-high-performance concrete) and even material 
that contains different composite components, which 
are difficult to model by an equation-based model. On 
the other hand, the ANN model needs a large database 
to improve its performance, especially when it is used 
to predict the stress-strain curve. To consider these 
factors, more and credible databases are necessary, 
and this work is being carried out by our group. Fur-
thermore, the geometry of steel fibers and PVA fibers 
may also affect the compressive behavior, but cannot 
be considered by the current ANN model. However, 
the influence of these factors could be clarified via the 
ANN model when the diversity of the database is big 
enough. Also, the training of the ANN model needs 
time. For example, about 1 h was necessary for 
training the ANN model in this study based on Ge-
Force RTX 2070 SUPER GPU. When adding more 
datasets, the model needs a longer time for training to 

Fig. 10  Contribution of steel fibers, PVA fibers, mechan-
ical properties of plain concrete, and components of 
HFRC to the compressive strength (a) and the SCCS (b) 
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improve its performance. However, these problems 
may be solved by developments in computer science. 
As a first approximation, the presented work demon-
strates the suitability of the ANN model for describ-
ing the compressive behavior of HFRC. 

In summary, the choice of an equation-based 
model or an ANN model should be related to actual 
needs. The ANN model is more suitable for the ac-
curate design of composite material, such as HFRC, 
while the equation-based model can be easily used in 
structural analysis. 
 
 
5  Conclusions 
 

This paper presents a comprehensive investiga-
tion on the compressive behavior of HRFC containing 
fly ash and slag powder via experiments and model-
ling. A series of experiments were carried out to in-
vestigate the hybrid effect of steel and PVA fiber on 
the compressive behavior of HFRC containing fly ash 
and slag powder. Meanwhile, an ANN model to de-
scribe the compressive behavior was also built and 
trained with the experimental data and relevant data 
from the literature. The performance of the ANN 
model was compared to an equation-based model. 
Based on the above work, the following conclusions 
can be drawn: 

1. The proposed ANN model has a better capac-
ity than the equation-based model to reproduce the 
compressive behavior of hybrid steel-PVA fiber con-
crete containing fly ash and slag powder in terms of 
the compressive stress-strain curve, the compressive 
strength, and the SCCS. The ANN model can con-
sider many factors affecting the mechanical behavior 
of HFRC. In this study, 23 factors were considered, 
including features of fibers, concrete composition, 
and mechanical behavior of plain concrete. Note that 
more factors may be included when the database is 
large enough. Therefore, the ANN model is a good 
tool for designing composite materials, and is not 
limited to HFRC. 

2. Both the experimental results and the ANN 
model simulation results revealed that steel fibers 
play a more important role in increasing the com-
pressive strength of HFRC than PVA fibers, while 
both contribute to the deformation. Increasing the 
steel fiber volume could increase the compressive 

strength, while increasing the PVA fiber volume could 
reduce it. However, when the steel fiber volume is too 
high (such as above 1.0%), the compressive strength 
tends to decrease with increasing steel fiber volume. 
The hybridization effect of steel and PVA fibers could 
enable HFRC to shift from a brittle break to a ductile 
break. 
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