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Orthogonal experiments were performed to study the flexural strength of an eco-friendly concrete containing fly ash (FA) and
ground granulated blast-furnace slag (GGBFS). The effects of different test parameters, such as water-binder ratio (W/B), FA
content, GGBFS content, sand ratio, gravel gradation, and curing time, on the flexural strength of the concrete were analyzed. The
significance level of each influencing factor and the optimal mixing proportion of the concrete were determined by range analysis
and hierarchy analysis. It was found that the W/B ratio had the greatest influence on the flexural strength of the concrete. The
flexural strength of the concrete decreased gradually with the increase of W/B. The GGBFS content and the sand ratio had a greater
influence in the early stage of concrete curing. The middle and later stages of concrete curing were mainly affected by gravel
gradation and the FA content. A flexural strength prediction model of the concrete was developed based on a backpropagation
neural network (BPNN) and a support vector machine (SVM) model. It was noticed that the BPNN and SVM models both had

higher accuracy than the empirical equation, and the BPNN model was more accurate than the SVM model.

1. Introduction

Concrete is one of the most widely used building materials
due to its good quality and low price [1]. Concrete structures
are mainly subjected to bending rather than axial tension.
However, the flexural properties of concrete are poor, and
cracks easily appear under tensile stress conditions.
Therefore, it is of great significance to improve the flexural
strength of concrete [2]. Supplementary cementitious ma-
terials, such as fly ash, ground granulated blast-furnace slag,
and silica powder, are generally used to improve the per-
formance of concrete, reduce the waste stock, and lower the
construction cost [3].

Fly ash (FA) is a waste discharged after pulverized coal
combustion. It has a high storage cost and can cause en-
vironmental pollution [4, 5]. Nili M et al. [6] studied the
influences of FA on concretes of different ages and noticed
that FA greatly enhanced the concrete strength in the later
stage of curing. Golewski [7] studied the compressive

strength and fracture toughness of concrete with FA con-
tents of 20% and 30%. It was reported that the compressive
strength and fracture toughness of concrete were signifi-
cantly improved when the FA replacement ratio was 20%.
When the FA replacement ratio was 30%, the improvement
of material properties did not appear until six months after
curing. Golewski [8] found that the optimal FA content to
improve the fracture toughness of concrete was 17% (by
weight). The fracture toughness of concrete began to de-
crease when the FA content exceeded 23% of the total ce-
mentitious material. Atis [9] reported that the flexural
strength of 70% FA-replaced concrete after 7, 28, 90, and 365
days was reduced by 46.83%, 24.71%, 26.2%, and 35.16%,
respectively, as compared to that of 50% FA-replaced
concrete.

Ground granulated blast-furnace slag (GGBES) is a by-
product of iron smelting [10]. Extensive research has been
performed on GGBFS-substituted concrete. Hogan et al. [11]
conducted a comparative study on ordinary concrete and
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GGBFS-substituted concrete with 40% and 60% replacement
ratios. The compressive strength of the GGBFS-substituted
concrete was found to be lower than that of the ordinary
concrete in the first three days. However, the compressive
strength of the GGBFS-substituted concrete increased at
a higher rate than that of the normal concrete after three
days, especially when the GGBES replacement ratio was 40%.
The GGBFS-substituted concrete had the same or higher
flexural strength than the ordinary concrete after seven days.
Sivasundaram et al. [12] studied the variation of the flexural
strength of GGBFS-substituted concrete with 50%-75%
replacement ratios. The flexural strength of the GGBFS-
substituted concrete after 14 days was higher than that of
common concretes. However, some studies have reported
opposite results. For example, Khatib et al. [13] studied the
effects of different GGBFS replacement ratios (0%, 40%,
60%, and 80%) on the flexural strength of concrete. It was
found that the concrete flexural strength with a GGBEFS
replacement ratio of 60% was significantly higher than that
of the control group and decreased slightly when the re-
placement ratio was 40%. A significant decrease in flexural
strength was noticed when the replacement ratio was 80%.
Bharatkumar et al. [14] reported a reduction in the flexural
strength of GGBFS-substituted concrete. When the total
amount of cementitious material was 472kg/m> and the
water-cement ratio was 0.36, the addition of 50% of GGBES
decreased the 56-day bending strength by 7.2%. When the
total amount of cementitious material was 430 kg/m* and the
water-cement ratio was 0.4, this drop reached 11.29%.
Nazari and Riahi [15-18] found that the 7-day flexural
strength of concrete was reduced by 24.32% and 32.43%,
respectively, when cement was partially replaced with 45%
and 60% of GGBEFS. On the contrary, the addition of GGBFS
increased the 28-day and 90-day flexural strengths of the
concrete.

Machine learning methods are also widely used in the
field of concrete strength prediction. Zheng et al. [19] de-
veloped a stable concrete compressive strength development
over time (CCSDOT) model by combining conventional
methods with artificial intelligence. Chithra et al. [20] used
multiple regression analysis and an artificial neural network
to predict the compressive strength of concrete containing
silica and copper slag and reported that the artificial neural
network model had higher accuracy and relevance. Chou
et al. [21] predicted the compressive strength of a high-
performance concrete by a support vector machine (SVM)
model based on mean absolute percentage error (MAPE).
Omran et al. [22] predicted the compressive strength of
concrete containing lightweight aggregates and Portland
limestone cement by seven different models—three ad-
vanced predictive models, four regression tree models, and
two ensemble methods. The SVM model was based on se-
quential minimum optimization, and test results revealed
that all models acquired acceptable prediction performance,
except for decision stump. Thi Mai et al. [23] developed
a random forest model to predict the compressive strength
of concrete based on artificial neural network (ANN) and
adaptive-network-based fuzzy inference system models
(ANFIS) and noticed that these two machine learning

Advances in Civil Engineering

methods had high accuracy. Palika Chopra et al. [24] used
a decision tree (DT) model, a random forest (RF) model, and
a neural network to predict the compressive strength of
concrete, and the neural network model was found to have
higher prediction accuracy.

With the growing environmental pollution problems
and the urgent demand for green construction, environ-
ment-friendly concretes need to be developed. In the present
work, orthogonal experiments were performed to study the
flexural strength of an eco-friendly concrete containing FA
and GGBEFS. The effects of different test parameters, such as
water-binder ratio (W/B), FA content, GGBFS content, sand
ratio, gravel gradation, and curing time, on the flexural
strength of the concrete were analyzed. The significance level
of each influencing factor was determined by range analysis
and hierarchy analysis. Moreover, a flexural strength pre-
diction model of the concrete was developed based on
a backpropagation neural network (BPNN) model and an
SVM model, and the prediction accuracies of these two
machine learning models and an empirical equation were
compared.

2. Materials and Methods

2.1. Materials. Water, cement, river sand, gravel, FA,
GGBEFS, and a water reducer were used as raw materials.
Portland cement 42.5R was used in this research, and its
initial and final setting times were 145 and 211 min, re-
spectively. According to the Chinese Building Code GB/T
14684-2011 “Natural River Sand for Construction,” natural
river sand with a fineness modulus of 2.8 was used as the fine
aggregate. According to the Chinese standard GB/T 14685-
2011 “Gravel and Crushed stone for Construction,” two
types of gravels with different grades were used (maximum
particle sizes were 20 mm (G1) and 40 mm (G2)). First-grade
FA was selected according to the Chinese standard GB/
T1596-2005 “Fly Ash Used in Cement and Concrete.”
GGBES with a density of 2.88 g/cm’ and a specific surface
area of 463 m*/kg was used. The gradation curves of different
mixtures are shown in Figure 1. The chemical compositions
of FA and GGBES are presented in Table 1, and their
properties are listed in Table 2.

2.2. Mixing Proportions. The W/B ratio, the contents of FA
and GGBFS, the sand ratio (mass ratio of sand to the total
mass of aggregates (mass sum of sand and coarse aggregate)
[25]), and gravel gradation were considered as the main
influencing factors, and each factor had four levels.
Therefore, 16 different mixing proportions were determined
based on the orthogonal design method. The levels were
determined by literatures [7, 8, 26-28]: W/B ratio=0.35,
0.375, 0.40, 0.425, sand ratio = 33%, 35%, 37%, 39%, FA and
GGBEFS contents = 5%, 10%, 15%, 20%, gravel gradation with
small stones (5-20 mm) and medium stones (20-40 mm) =
30%:70%, 40%:60%, 50%:50%, 60%:40% (Table 3).

2.3. Test Procedure. Specimens with different mixing pro-
portions were cured for 1 day, 3 days, 7 days, 14 days, 28
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FIGure 1: Gradation curves of different mixtures.
TaBLE 1: Chemical compositions of FA and GGBES.
Constituent (%) SiO, Al O3 CaO MgO SO, Fe,O; Na,O K,O H,O
FA 58 30 2.8 1.5 1.22 4.3 0.00 1.36 0.5
GGBEFS 33.84 13.27 40.8 6.08 0.29 0.28 0.2 0.36 0.3
TABLE 2: Main properties of FA and GGBEFS.
Properties Fineness Water demand ratio (%) Loss on ignition (%) Density(g/cm?) Fluidity ratio (%)
FA 9.22 91 5.0 2.252 —
GGBFS — — 1.236 0.88 95
TaBLE 3: Mix proportions.
. Mix proportions (kg/m?)
Specimen number . )
Water Binder FA GGBFS Sand Small gravel Middle gravel
S1 135 386 19.3 19.3 620 378 881
S2 135 386 38.6 38.6 658 488 733
S3 135 386 57.9 57.9 695 592 592
S$4 135 386 77.2 77.2 733 688 458
S5 135 360 18 36 629 766 510
S6 135 360 36 18 667 619 619
S7 135 360 48 72 705 480 720
S8 135 360 72 48 743 349 813
S9 135 338 16.9 50.7 636 516 775
S10 135 338 33.8 16.9 674 376 877
S11 135 338 50.7 67.6 713 728 486
S12 135 338 67.6 33.8 752 588 588
S13 135 318 15.9 63.6 643 652 652
S14 135 318 31.8 447 681 760 506
S15 135 318 44.7 31.8 720 368 859
S16 135 318 63.6 15.9 759 475 713




days, and 45 days under standard conditions. Three speci-
mens were formed in each age, and the size of the specimens
was 150 mm x 150 mm x 550 mm. The side of each specimen
was placed on a support, and the placement position was
checked to ensure that the stress position of the specimen met
the specified requirements. The loading speed was varied
between 0.05 and 0.08 MPa/s. When a specimen was at the
edge of failure, the throttle of the testing machine was kept
stable until the test ended, and the failure load was recorded.
During the processing of test results, 115% and 85% of the
mean values of three measured values were taken as the upper
and lower limits, respectively. When only one of the measured
values did not meet the specified requirements, the average
value of the other two measured values was taken as the final
result. When more than one of the measured values did not
meet the specified requirements, the test was reperformed
[29]. The test device is shown in Figure 2. The flexural strength
of the concrete was calculated as

Fl
fi=t2
where f, is the flexural strength of the concrete, F is the
maximum load at the time of concrete failure, [ is the
distance of the support (span; [ = 3h), b is the width of the
specimen section, and h is the height of the specimen
section.

(1)

3. Results and Discussion

3.1. Test Results. The flexural strengths of the concrete
specimens of different ages are shown in Figure 3 and
Table.4.

It can be seen from Figure 3 that the flexural strengths of
the concrete specimens with different mixing proportions
increased with the extension of the curing time. The flexural
strength of the specimens varied significantly between 1 and
3d and slightly between 28 and 45d, indicating that the
increment of flexural strength gradually became smaller with
the extension of the curing time [30].

3.1.1. Influence of W/B Ratio on Concrete Flexural Strength.
It is clear from Figure 4 that the flexural strength of the
concrete decreased gradually with the increase of the W/B
ratio. The increase of the W/B ratio was equivalent to the
reduction of cementitious materials in the concrete. The
shortage of cementitious materials led to an upward mi-
gration of the remaining water after the hydration reaction,
forming a water film on coarse aggregates and reducing the
bond strength between coarse aggregates and the cement
mortar. Moreover, the loss of water formed a small water
passage inside the concrete, leading to the formation of
microcracks. Consequently, the compactness and interfacial
bond strength of the structure were reduced, causing a de-
cline in the flexural strength of the concrete [31].

3.1.2. Influence of FA Content on Concrete Flexural Strength.
It is observable from Figure 5 that the flexural strength of the
concrete first increased and then decreased with the increase
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of the FA content. When the FA content was 15%, the
flexural strength of the concrete reached a maximum, except
for the specimen with 1-d curing age. This was because FA
mainly participated in the hardening process of cementitious
materials through the formation of microaggregates and
particles [32]. The increase of the FA content reduced the
proportion of cement and decreased the hydration rate of
cement, causing a reduction in the flexural strength of the
concrete.

3.1.3. Influence of GGBFS Content on Concrete Flexural
Strength. After the addition of GGBES into the concrete,
gaps between cement particles were filled, the compactness
was improved, and the flexural resistance was strengthened.
GGBEFS improved the early flexural strength of cement after
the hydration reaction. GGBES also reduced the calcium ion
concentration between cement and coarse aggregates and
increased the cementing performance between them. Thus,
the flexural strength of the concrete was improved after the
addition of GGBFS [6]. However, after a certain amount,
GGBES indirectly affected the hydration reaction of cement
and reduced the flexural resistance (Figure 6).

3.1.4. Influence of Sand Ratio on Concrete Flexural Strength.
It is observable from Figure 7 that the flexural strength of the
concrete gradually increased with the increase of the sand
ratio. With the increase of the sand ratio, micropores in the
concrete were gradually filled with sand, and the com-
pactness was also gradually improved; thus, the stiffness of
the concrete was enhanced. However, the difference between
the flexural strengths of the concrete specimens with the
sand proportions of 37% and 39% was not very big. Taking
the flexural strength of the 28 d specimen as an example, the
flexural strengths for the sand proportions of 37% and 39%
were 6.26 and 6.35MPa (only 1.44% increment), re-
spectively. It indicates that the compactness of the concrete
did not increase significantly when the sand ratio increased
from 37% to 39%.

3.1.5. Influence of Gravel Gradation on Concrete Flexural
Strength. It is observable from Figure 8 that when gravel
gradation increased from 3:7 to 4: 6, the flexural strength of
the concrete increased, and when it exceeded 4 : 6, the flexure
strength gradually decreased. A proper gravel gradation
could completely wrap the cement mortar on the surface of
large and small gravels, enhance the adhesiveness between
cement particles, make the internal distribution of each
component of the concrete uniform, and improve the
compactness by reducing the gap between cement particles.
When there were insufficient small gravels and too many
large gravels in coarse aggregates, the bonding strength
between coarse aggregates and cement particles was affected,
resulting in a reduction in the flexural strength [33].
However, when there were too many small gravels, coarse
aggregates were affected; thus, the flexural strength of the
concrete began to decrease.
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FIGURE 3: Variation of the flexural strengths of concrete specimens with different ages.

TaBLE 4: Flexural strength of concrete at various ages.

. Flexural strength (MPa)
Specimen number

1d 3d 7d 14d 28d 45d
S1 2.55 (0.01) 4.02 (0.12) 5.01 (0.14) (0.06) 5.72 (0.10) 6.20 (0.06) 6.47 (0.06)
S2 3.05 (0.03) 4.82 (0.14) 5.94 (0.12) 6.49 (0.15) 6.78 (0.09) 6.99 (0.06)
S3 3.07 (0.09) 4.99 (0.15) 5.89 (0.10) 6.50 (0.07) 7.10 (0.20) 7.37 (0.18)
S4 2.91 (0.01) 4.51 (0.08) 5.40 (0.14) 5.95 (0.07) 6.60 (0.06) 6.86 (0.14)
S5 3.19 (0.02) 4.73 (0.10) 5.64 (0.15) 6.19 (0.14) 6.75 (0.12) 7.02 (0.20)
6 3.07 (0.11) 4.57 (0.06) 5.48 (0.10) 5.98 (0.07) 6.56 (0.10) 6.80 (0.09)
S7 2.90 (0.04) 4.23 (0.05) 5.62 (0.12) 6.02 (0.14) 6.63 (0.15) 6.77 (0.15)
S8 2.79 (0.06) 4.16 (0.07) 5.27(0.14) 5.67 (0 .07) 5.93 (0.09) 6.25 (0.06)
9 2.94 (0.03) 4.49 (0.06) 5.23 (0.06) 5.87 (0.15) 6.43 (0.14) 6.67 (0.20)
s10 2.63 (0.02) 3.68 (0.09) 4.28 (0.08) 5.03 (0.08) 5.80 (0.08) 6.40 (0.12)
S11 1.42 (0.01) 3.41 (0.06) 4.63(0.14) 5.45 (0.14) 6.01(0.09) 6.26 (0.09)

S12 1.64 (0.02) 3.42 (0.04) 4.53 (0.10) 5.27 (0.10) 5.73 (0.14) 5.99 (0.12)
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TaBLE 4: Continued.

) Flexural strength (MPa)
Specimen number

1d 3d 7d 14d 28d 45d
S13 1.67 (0.01) 3.37 (0.06) 4.37 (0.09) 4.98 (0.07) 5.67 (0.15) 6.00 (0.14)
S14 1.95 (0.03) 3.73 (0.07) 4.63(0.14) 5.29 (0.06) 5.66 (0.06) 5.99 (0.10)
S15 2.20 (0.05) 3.95 (0.03) 4.87 (0.10) 5.23 (0.07) 5.80 (0.09) 6.07 (0.20)
S16 2.13 (0.04) 3.50 (0.05) 4.32 (0.08) 4.83 (0.10) 5.38 (0.08) 5.73 (0.08)
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3.2. Range Analysis. Range analysis was carried out based on

orthogonal test results, and the corresponding observations Now, comparing the R values of different influencing

are presented in Table 5, where the W/B ratio, the FA
content, the GGBFS content, the sand ratio, and gravel
gradation are termed as A, B, C, D, and E, respectively.

factors after 1d of aging, it is detectable that
R, >R > Ry = R > Ry; thus, the order of the five influ-
encing factors is W/B ratio>Sand ratio > Gravel
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gradation > GGBFS content > FA content. Similarly, after 3,
7,14, 28, and 45 d of aging, the trends were W/B ratio > Sand
ratio > GGBFS content > Gravel gradation > FA content, W/
B ratio > Gravel gradation > GGBFS content>FA con-
tent> Sand ratio, W/B ratio > Gravel gradation > FA con-
tent> GGBFS content > Sand ratio, W/B ratio > Gravel
gradation > FA content > Sand ratio > GGBFS content, and
W/B ratio>FA content>Sand ratio>GGBFS con-
tent > Gravel gradation, respectively.

Further, by comparing the K; values, it was found that
K, > K, > K; > K, in the level of factor A, indicating that
the flexural strength of the concrete reached a maximum
when factor A was on the second level. Similarly, the optimal
levels of factors B, C, D, and E were second, third, fourth, and
second, respectively. Therefore, when the horizontal combi-
nation was A2B2C3D4E2, the flexural strength of the concrete
was the greatest under the consideration of a single action of
the factors; therefore, this horizontal combination was the
optimal preparation process combination to improve the
flexural strength of the concrete after 1d of aging. Similarly,
the optimal mixing proportions of the concrete after 3, 7, 14,
28, and 45d of aging were A1B2C3D4E2, A1B3C3D4E2,
A1B3C3D4E2, A1B3C3D4E2, and A1B3C3D4E2, re-
spectively. However, the A1B3C3D4E2 mixing proportion is
recommended for engineering applications.

3.3. Analytic Hierarchy Process. The analytic hierarchy
process (AHP) turns complex problems into easy-to-un-
derstand hierarchies. Range analysis used for orthogonal tests
cannot obtain the influence level of each factor on test results.
AHP can obtain the influence level of each factor and also the
influence weight of each level [31]. Figure 9 shows the AHP
model used in this experiment. The model was divided into
three layers—the first layer contained the index of the test, the
second layer consisted of different influencing factors, and the
third layer was composed of the levels of different factors.

It was assumed that the average value of the sum of test
data under the j level of factor N® was K;; (Table 5), and it
was called the effect of the j level of factor Non the test
(i=1(A),2(B),3(C),4(D),5(E); j=1,2,3,4). Moreover,
M;; = Kj; thus, three matrices were derived. Matrix a
presents the influence of horizontal layers on the test, matrix
s is the normalization of each column of matrix a, and
matrix ¢ is a weight matrix representing the influences of
different factors on the test.

0 (2)

0000 —

R R, R, R, R

1 5
| YL R YLR YL R YR YR
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TaBLE 5: Range analysis of concrete flexural strength.

1d A B C D E
K 2.90 2.59 2.29 2.26 2.54
K, 2.99 2.68 2.52 2.23 2.76
K; 2.16 2.40 2.69 2.76 2.36
K, 1.99 2.37 2.53 2.78 2.37
R 1.00 0.31 0.40 0.55 0.40
Better scheme (BS) A2 B2 C3 D4 E2
Factor priority (FP) ADECB/ADCEB

3d A B C D E
K, 4.59 415 3.88 3.85 3.95
K, 4.42 4.20 423 3.94 4.26
K; 3.75 415 4.34 4.23 4.09
Ky 3.64 3.90 3.95 4.38 4.10
R 0.95 0.30 0.47 0.53 0.31
BS Al B2 C3 D4 E2
FP ADCEB

7d A B C D E
K, 5.56 5.06 4.86 4.95 4.86
K, 5.50 5.08 5.25 5.05 5.28
K; 4.67 5.25 5.26 5.03 5.08
Ky 4.55 4.88 4.92 5.25 5.08
R 1.01 0.37 0.40 0.30 0.42
BS Al B3 C3 D4 E2
FP AECBD

14d A B C D E
K; 6.17 5.69 5.50 5.58 5.41
K, 5.97 5.70 5.80 5.65 5.80
K; 5.41 5.80 5.83 5.64 5.68
Ky 5.08 5.43 5.50 5.76 5.72
R 1.08 0.37 0.34 0.18 0.39
BS Al B3 C3 D4 E2
FP AEBCD

28d A B C D E
K, 6.67 6.26 6.04 6.06 5.93
K, 6.47 6.20 6.27 6.10 6.31
K; 5.99 6.39 6.28 6.26 6.27
Ky 5.63 5.91 6.18 6.35 6.26
R 1.04 0.48 0.24 0.29 0.33
BS Al B3 C3 D4 E2
FP ABEDC

45d A B C D E
K, 6.92 6.54 6.32 6.31 6.30
K; 6.71 6.55 6.52 6.38 6.54
K; 6.33 6.62 6.57 6.63 6.54
Ky 5.95 6.21 6.51 6.60 6.53
R 0.98 0.41 0.26 0.33 0.24
BS Al B3 C3 D4 E2/E3

FP ABDCE
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FIGUre 9: AHP model for the flexural strength test.

Now, t; = >, M;;(j = 1,2,3,4); hence, the weight of each
factor level of the test index was w = asc’. The data presented
in Table 4 were substituted into the matrix. Among the four
levels of the W/B ratio, Al (35%) had the largest weight.
Among the four levels of FA content, when the age was 1d,
B2 (10%) had the largest weight. When the ages were 7 and
14d, B4 (20%) and B3 (15%) had the largest weight, re-
spectively. As the curing time increased, the weight of the
influence of FA on flexural strength gradually increased.
Among the four levels of GGBFS content, when the age was
1d, C3 (15%) had the largest weight. When the age was 7d,
C2 (10%) and C4 (20%) had the largest weight. When the age
reached 14d, the weight of C3 again (15%) became the
largest. Among the four levels of sand ratio, D4 (39%) had
the largest weight, and among the four levels of gravel
gradation, E2 (40%:60%) had the largest weight. Therefore,
the optimal values of W/B ratio, FA content, GGBFS con-
tent, sand ratio, and gravel gradation were 35%, 15%, 15%,
39%, and 40%:60%, respectively.

Range analysis and AHP were used to analyze the in-
fluences of different factors on the flexural strength of the
concrete. It is clear that the effects of each factor on concrete
flexural strength were significantly different at different ages.
Among the five factors, the W/B ratio had the greatest influence
on the flexural strength of the concrete. With the increase of the
W/B ratio, the flexural strength of the concrete gradually
decreased. FA mainly played a role in the later stage of concrete
setting and hardening, and with the increase of the FA content,
the flexural strength of the concrete first increased and then
decreased. GGBFS played a role mainly in the early stage of
concrete curing. With the increase of the GGBFS content,
concrete flexural strength first increased and then decreased.
The sand ratio also played a more obvious role in the early stage
of concrete curing. The flexural strength of the concrete also
increased as the sand ratio increased. Gravel gradation mainly
played a role in the middle stage of concrete curing. The flexural
strength of the concrete first increased and then decreased with
the increase of the amount of small gravels.

It is clear from Figure 10 that the flexural strength change of
the concrete caused by the W/B ratio was always the largest in
all six ages [34], indicating that the effect of W/B was the
greatest among the five influencing factors. This was because
cementitious materials included cement, FA, and GGBES.
These three materials constantly changed their form and
characteristics with the extension of the aging period and
“actively” participated during concrete hardening [33]. Cement
in cementitious materials continuously underwent a hydration

reaction and generated compounds to improve the flexural
strength of the concrete. GGBFS played a role in the early stage
of curing and enhanced the early flexural strength of the
concrete. The positive role of FA was noticed in the later stage
of curing, and it improved the flexural strength.

The influence of FA content on the flexural strength of
the concrete was not significant during 1-7d of curing.
However, with the extension of the aging time, FA greatly
influenced the flexural strength, and this phenomenon was
related to the mineral composition of FA. FA mainly con-
sisted of SiO,, Al,0Os, Fe,03, Ca0O, and other components.
These elements had certain activities and reacted with Ca**
ions after cement hydration to form C-S-H, which coated FA
and formed a porous structure between cement and fly ash.
Therefore, FA could not completely react with the cement
hydration products in the early stage and manifested a low
influencing degree on the flexural strength. However,
a secondary reaction began, because the coated FA was
gradually decomposed and formed more stable compounds,
thus enhancing the flexural strength of the concrete [6, 32].

The influence level of GGBFS was always higher than
that of FA in the early stage. This was because Ca®" ions
produced by the hydration reaction became enriched at
internal interfaces of the concrete. Active SiO, atoms of
GGBEFS reacted with Ca®" ions and generated stable C-S-H,
thus increasing the flexural strength of the concrete.
However, with the extension of the curing time, the content
of GGBFS decreased continuously; thus, its influence level
began to decline. At this time, FA gradually replaced GGBFS
and reacted with unstable compounds in the concrete,
improving the flexural strength. Therefore, the influence
level of GGBFS was less than that of FA in the later stage.

Fine sand particles filled the gaps between the cemen-
titious materials and coarse aggregates and increased the
flexural strength by improving the internal compactness of
the concrete [35, 36]. In the early stage, the cement hydration
reaction was slow; thus, the cement slurry and coarse ag-
gregates could not set well with each other. Therefore, the sand
ratio played a significant role in improving the flexural
strength during 1-3d of curing. The internal integrity of the
concrete was gradually improved with the extension of the
curing time; thus, the cementing performance between ma-
terials was continuously enhanced, and the effects of FA and
gravels were gradually revealed. In the later stage, the flexural
strength of the concrete increased steadily, and the importance
of W/B, coarse aggregates, and other materials decreased
slightly; however, the influence of the sand ratio increased.
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FiGure 10: Influence weight of each factor level on the test index.

The influence of gravel gradation first increased and then
decreased with the extension of the curing time. The increase
and decrease of the proportion of coarse aggregates were
closely related to the increase of flexural strength. The bond
strength between coarse aggregates and cement stones
manifested a significant effect on the interfacial bond
strength. With the extension of the curing time, the amount
of stable materials generated in the concrete gradually in-
creased, and the growth range of the bond strength between
coarse aggregates and cement stones also increased, thus
improving the flexural strength of the concrete. After 28 d of
curing, the growth rate of the bond strength between coarse
aggregates and cement stones slowed down; thus, the effect
of coarse aggregates on flexural strength decreased.

4. Prediction Model for Concrete Flexural
Strength Based on Machine Learning

It is discernible from Figures 6-10 that the relationship be-
tween the five factors and the flexural strength of the concrete
was nonlinear; therefore, it is necessary to establish a multi-
variate nonlinear regression model to quantify the influences

of these five factors on the flexural strength of the concrete. In
this analysis, BPNN and SVM were used to optimize the
prediction model by adjusting relevant parameters and
functions. The W/B ratio, FA content, GGBFS content, sand
ratio, gravel gradation, and aging time were used as input data
of the input layer, and the flexural strength of the concrete was
the output layer data. A total of 96 sets of data were used to
form a database; in order to avoid the overfitting of data,
a stratified 20-fold cross-validation was used to set the
training model; Figure 11 showed a schematic description of
the cross-validation. The designing and testing of these two
machine learning models were performed in Matlab 2018b.

4.1. Prediction Model Structure

4.1.1. SVM. SVM, as an intelligent algorithm, can overcome
nonlinear problems and is suitable for small samples [37].
The process of flexural strength prediction was performed
using a kernel function to learn the relationship between the
input index and the output index. In the SVM model, the
kernel function defined in the high-dimensional feature



Advances in Civil Engineering

11

| Data

Training fold

-
- «
1
A
L]

°
) > -

Test fold

FIGURE 11: Schematic description of 20-fold validation.

space was used to estimate regression. The kernel function
was mapped from the low-dimensional space to the high-
dimensional space, so that the input had a nonlinear per-
formance (Figure 12). Based on statistical learning theory,
the SVM model performed regression estimation through
risk minimization. Vapnik’s e-insensitive loss function was
used to measure the risk. The risk function consisting of an
empirical error and a confidence level value was minimized
by the structural risk minimization principle [38].

4.1.1.1. Kernel Function. The Kernel function has a great
influence on the prediction accuracy of SVM. In different
prediction models, an appropriate kernel function should be
selected according to research characteristics [39]. The
Gaussian kernel function was used for the prediction model
due to its advantages of radial basis kernel function and good
antijamming ability.

4.1.1.2. Implementation Steps. First, a sample dataset of the
model with N degrees of freedom was given: (x,,y;),
(%55 ¥2)5- - (%, ¥,)}, where x;is the input vector (prediction
vector), and y; is the output vector (target vector). The set of x;
and y; was a subset of the population P(x, y) of unknown
probability density distribution. Moreover, x; was mapped to
a high-dimensional feature space by the nonlinear
function ¢ (x;), and linear regression was then carried out in the
high-dimensional space. The relationship between the pre-
diction vector and the target vector was simulated by the fitting
function f (x) = ! x ¢ (x) + b, where w and b are parameters.

4.1.2. BPNN. BPNN was mainly composed of two processes:
signal forward propagation and error backpropagation. The
input layer was processed by the hidden layers and then
propagated to the output layer. The error between the output
value and the actual value was transmitted to the input layer
through the hidden layer, so that each unit could share the
error. Further, through repeated weight adjustments, the
required prediction accuracy was achieved [35]. The structure
of the BPNN model shown in Figure 13 includes one input
layer, one output layer, and several hidden layers [40].

(1) Hidden Layer of BPNN. Generally, a hidden layer has
one or two layers. According to the Kolmogorov theorem,

a simple BPNN with only one hidden layer can approx-
imate a nonlinear continuous function of any complexity
degree with arbitrary accuracy on a closed set. In practical
applications, the number of hidden layers is generally
determined by comparing network training accuracies
under different hidden layers [41]. After repeated tests,
a hidden layer was used in this analysis, constituting
a network structure of “1+1+1.”

The number of hidden layer nodes was determined as
N = +/n+m + a, where N is the number of hidden layer
nodes, n is the number of input layer nodes, m is the
number of output layer nodes, and a is a constant be-
tween 1 and 10 [42]. This equation was used in combi-
nation with a trial-and-error method to improve the
network performance. The hidden layer was iterated with
the number of nodes from 3 to 13 until an optimal
network performance was achieved. The optimal mini-
mize number of nodes in the hidden layer was selected as
10.

(2) Determination of Transfer Function and Training Algo-
rithm. (1) Transfer function: in order to select the transfer
function, a typical design of BPNN was adopted. The log-
Sigmoid function was adopted as the transfer function in
the hidden layer, and the output layer used a linear
transfer function, because its output value could be ar-
bitrarily assigned as an output function [42]. (2) Training
algorithm: a traditional BPNN belongs to the fastest
descent method, which has a low learning efficiency and
easily falls into a local minimum point. The Lev-
enberg-Marquardt rule is suitable for solving large- and
medium-scale problems, because one iteration can sig-
nificantly reduce the error [43].

4.2. Analysis of Prediction Results. In order to verify the
prediction accuracy of the model, the mean square error
(MSE), root mean square error (RMSE), and the good-
ness of fit (R?) were evaluated. The MSE reflected the
degree of dispersion between predicted and actual values,
and RMSE is the standard value of MSE, whereas R®
verified the degree of fit between predicted and actual
values.
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where y ;. is the observed value, y . is the average observed
value, and y,,.q is the predictive value.

4.2.1. Prediction Results Comparison between BPNN and
SVM. The performance of the BPNN model was verified by
comparing it with the SVM model. From Table 6 and
Figure 14, it can be seen that both the SVM model and the
BPNN model have high accuracy, but in comparison, the R*
for the SVM training set is 0.883, the R* for the BPNN
training set is 0.888, the MSE for the SVM testing set is 0.332,

and R is 0.841, and the MSE for the BPNN testing set is
0.143, and R” is 0.927. Based on these observations, it can be
concluded that BPNN outperforms the SVM model in
predicting the data in both the training and testing sets.

Table 7 and Figure 15 show the number of samples and
corresponding percentage in the error range from BPNN
and SVM, and the model with the most frequent value of
misprediction rate was taken as the model presented in the
paper. These key statistics showed that the BPNN model has
higher predictive ability compared with SVM model. The
percentages of BPNN model training set and test set pre-
diction error range of 5% are 93.9% and 92.7%, respectively,
while the SVM model values are 89.25 and 88.5.

Because the basic principles of BPNN and SVM are
different, and the operating mechanism is also inconsistent,
the significant difference analysis of the model prediction
results can better analyze and compare the results. The SPSS
21.0 software was used to test the significance of the dif-
ference in the prediction results, the t-test method was se-
lected to compare the significant difference between the two
methods, and the P value was 0.28 >0.05, indicating that
there is no significant difference in the fitting results of the
two methods. Although there is no significant difference in
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TaBLE 6: Evaluation parameters of machine learning methods.
MSE RMSE R’
BPNN train 0.250 0.500 0.888
BPNN test 0.143 0.364 0.927
SVM train 0.262 0.507 0.883
SVM test 0.322 0.547 0.841
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FIGURE 14: The correlation between actual and predicted output using the machine learning methods.
TaBLE 7: Number of samples and corresponding percentage in the error range from machine learning predictions.
SVM BPNN
Error range(%)) . .
No of train % No of test % No of train % No of test %
5 1628 89.25 85 88.5 1712 93.9 89 92.7
10 121 6.63 5 52 89 4.88 8 8.33
15 45 2.47 4 4.2 17 0.93 4 417
20 30 1.64 2 2.1 6 0.32 3 0.31

the results between the two modeling methods, BPNN was
more suitable for the prediction of the flexural strength of
the concrete, because there are higher requirements for
prediction accuracy of concrete strength.

4.2.2. Prediction Results Comparison with the Empirical
Equation. Existing flexural strength prediction models are
mainly determined by the compressive strength of concretes.
The Chinese code [44] presents a relationship between the
compressive strength and flexural strength of concrete, and
we compared the prediction accuracy of machine learning
methods and empirical formulas for the 28-day flexural

strength of concrete, which was calculated from the machine
learning method and the compressive strength in literature
[45], respectively. The test results are shown in Table 8.
Since only the relationship between compressive
strength and flexural strength of concrete at 28 days of age is
given in the specification, the predicted results of 28-day
concrete flexural strength in machine learning methods are
also chosen for comparison, and the results showed that the
BPNN model still has the highest accuracy. Meanwhile, the
t-test results indicated that there is a significant difference
between the machine learning prediction results and the
empirical equation prediction results. Furthermore, the use
of machine learning methods can avoid complicated
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FiGure 15: Distribution of the errors from machine learning methods. (a) Training. (b) Testing.
TaBLE 8: Evaluation parameters of machine learning methods and empirical equation.
MSE RMSE R’
Empirical equation 0.114 0.338 0.720
SVM 0.050 0.223 0.876
BPNN 0.037 0.193 0.909

experiments and reduce the error of human intervention, so
the BPNN model is recommended as a prediction tool for
the flexural strength of concrete when the data type is similar
to this research.

5. Conclusions

Orthogonal experiments were performed to study the
flexural strength of an eco-friendly concrete containing FA
and GGBFS. The effects of W/B ratio, FA content, GGBFS
content, sand ratio, and gravel gradation on the flexural
strength of the concrete were investigated by range analysis
and hierarchy analysis. In addition, two machine learning
models were proposed to predict the flexural strength of the
concrete. The main observations of this research are sum-
marized below.

The effects of different factors and different levels of each
factor on the flexural strength of the concrete were analyzed,
and the optimal mixing proportions of the concrete for six
different ages were also determined. The optimal values of
W/B ratio, FA content, GGBFS content, sand ratio, and
gravel gradation were 35%, 15%, 15%, 39%, and 40%:60%,
respectively.

The W/B ratio had the greatest effect on the flexural
strength of the concrete. With the increase of W/B, the
flexural strength of the concrete decreased gradually. The

early stage of concrete curing was mainly influenced by the
GGBEFS content and the sand ratio. GGBFS manifested
a strong activity by consuming Ca** ions in the concrete. The
flexural strength of the concrete first increased and then
decreased with the increase of the GGBES content. The sand
ratio had a positive role in the improvement of the flexural
strength of the concrete.

Gravel gradation had a greater influence in the middle stage
of concrete curing. The flexural strength of the concrete first
increased and then decreased with the increase of the content of
small gravels. FA mainly played a role in the later stage of
concrete curing, because C-S-H initially covered the surface of
FA, and the flexural strength of the concrete first increased and
then decreased with the increase of the FA content.

The BPNN and SVM models both had higher accuracy
than the empirical equation after 20-fold cross-validation.
However, the BPNN model was more accurate than the SVM
model, while there is no significant difference in the fitting
results of the two methods. Thus, BPNN was more suitable
for the prediction of the flexural strength of the concrete,
because there are higher requirements for prediction ac-
curacy of concrete strength.

The established model has a good adaptability in this
research. In the future, future verification of the trained
machine learning models on more mix proportions and
curing conditions needs to be conducted. Moreover,



Advances in Civil Engineering

some machine learning models with higher prediction
accuracy deserve to be built as much as complexity
allows.
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