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Abstract: The main aim of this investigation is to develop backfill concrete including coal gangue
and metakaolin to reduce solid waste. For this purpose, a total of 30 concrete mixtures were designed
by the inclusion of 0%, 25%, 50%, 75% and 100% coal gangue as coarse aggregates and 0%, 10% and
20% metakaolin as binder at 0.55 and 0.45 water to cement ratios. The compressive strength was
tested after 3, 7 and 28 days for a total of 90 samples. Meanwhile, the influences of coal gangue and
metakaolin on the elastic modulus, ultrasonic pulse velocity, rebound number and open porosity
were explored. Then, the relationship between physical and mechanical properties was revealed
by design code expressions and empirical models. Furthermore, an extreme learning machine was
developed to predict compressive strength by concrete mixtures. The results show that the inclusion
of coal gangue results in a poor performance in physical and mechanical properties of concrete.
However, the drawbacks of concrete containing coal gangue can be compensated by metakaolin.
The predicted results of design code expressions and empirical models are closed to the experiment
results, with a 10% error. In addition, the findings reveal that the extreme learning machine offers
significant potential to predict the compressive strength of concrete with high precision.

Keywords: backfill concrete; coal gangue; metakaolin; extreme learning machine; physical and
mechanical properties

1. Introduction

The rapid development of infrastructure has seen a dramatic increase in the consump-
tion of construction materials [1]. Concrete, as a composite material, plays a key role in
industrial, civil and military constructions [2]. The demand for concrete is estimated to
increase to nearly 16 billion tones [3]. Aggregate is the most important component of
concrete, accounting for more than 70% of the volume [4,5]. Coarse aggregate acts as the
skeleton and support of concrete. However, the exploitation of natural coarse aggregates
(i.e., crushed stone, gravel) has resulted in an imbalance of resources and the environment
in certain regions, especially in Bangladesh, China and India [6]. Therefore, it is urgent to
find alternative coarse aggregates [7].

Considerable amounts of solid wastes are favorable candidates for coarse aggregate.
Repurposing mining wastes reduces the final volume that ends up in tailings storage facili-
ties, which is beneficial to mining operations and the environment [8–14]. The utilization
of mining waste in cemented backfill, such as tailings and coal gangues (CG), is of great
benefit for the eco-environment and can control the Earth’s surface subsidence well. Among
them, coal cleaning tailings and rejects, produced from coal mining as industrial residue, is
tantamount to about 10–15% of the total mass of coal. In 2019, almost 4.5 billion tons of
CG was discharged in China. Waste CG occupies tremendous land and is also harmful
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to the environment [15–17]. A similar scenario is encountered in other countries [18,19].
Therefore, finding an appropriate approach to make full use of CG has become a matter of
urgency. There are two predominant applications for CG: power generation and building
materials [20]. In fact, the application of CG as a coarse aggregate in concrete is a simple
and feasible method [20]. Currently, more recent attention has focused on the provision
of CG as a substitute for coarse aggregate. Surveys such as that conducted by Li (2021)
have shown that the fluidity loss of fresh concrete was due to the porous structure of CG
with high water absorption capacity [4]. Data from several sources have identified the
decreased mechanical properties associated with the inclusion of CG in concrete [21,22].
The results documented that a significant decrease was found in the compressive and
flexural strength of concrete. Furthermore, the loss of mechanical properties is more than
20% in concrete where CG completely replaces coarse aggregate [2]. In addition to the
mechanical properties, poor performance has been shown in the shrinkage and durability
of concrete containing CG [10].

The studies presented thus far provide evidence that CG replacing coarse aggregate
leads to the degradation in concrete properties. This is the main reason that CG has not
been widely used in the production of concrete. So far, only fly ash incorporation has
been attempted to compensate the degradation properties of concrete containing 40% CG
substitution [21]. As reported in previous studies, the usage of geopolymers is practical
to improve the quality of concrete [23–26]. Metakaolin, as a geopolymer, is extensively
applied as a reinforcement of concrete. Traditionally, it has been argued that metakaolin is
beneficial for the improvement in the physical and mechanical properties of concrete. It
has been revealed that metakaolin can improve the water absorption and permeability of
concrete [27–29]. In addition, metakaolin was found to be responsible for the enhanced
mechanical properties of concretes [30,31]. Furthermore, it is also observed that the use
of metakaolin can compensate for the loss of recycled concrete’s strength to the level of
conventional concrete [32–34]. These studies evidenced that the applicability of metakaolin
has an encouraging impact on concrete. However, far too little attention has been paid to
the use of metakaolin in concrete containing CG.

The main purpose of this study is to develop an understanding on the development
of physical and mechanical properties of concrete containing both CG and metakaolin.
First, the influences of CG and metakaolin on the compressive strength, elastic modulus,
ultrasonic pulse velocity, rebound number and open porosity of concrete were conducted.
Then, a comparative analysis was explored on experimental, code expressions and empirical
model results. Finally, a powerful analytical method, an extreme learning machine (ELM),
is proposed to predict the compressive strength of concrete.

2. Experimental Programs
2.1. Materials

Ordinary Portland cement (OPC) of P·O 42.5 complied with GB175-2007 and ground
metakaolin were employed as binders [35]. The physical index and chemical composition
of OPC and metakaolin are listed in Table 1. The fine metakaolin particles led to the filler
effect. High surface area of SiO2 and Al2O3 contributed to accelerated hydration and
pozzolanic reaction. Natural river sand with fineness modulus of 2.65 was selected for fine
aggregate, with an apparent density of 2860 kg/m3. CG was attained from a coal mine in
Fuxin. According to national regulations, the size of the specimen is more than three times
the maximum particle size. After sieving, CGs with a continuous grading ranging from
5 to 25 mm were employed. The details of CG have been reported in [36]. Among them,
the material properties, manufacturing processes and strength grades selected in this paper
are all different. The water absorption, crushing index and apparent densities were 5.7%,
18.9% and 2.35 g/cm3, respectively. Beyond that, the biggest challenge in reusing mining
waste is its potential to release harmful elements into the environment. The CG samples
were previously considered harmless [37,38].
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Table 1. The physical index and chemical composition of OPC and metakaolin.

Physical Index Chemical Composition (wt %)

Chemicals
(wt %)

Specific Surface Area
(m2/g)

Density
(g/cm3)

Average
Diameter (µm) SiO2 Al2O3 Fe2O3 MgO CaO LOI Total

OPC 0.36 3.18 24 22.45 5.4 4.7 1.7 61.75 2.37 98.37
Metakaolin 33.60 2.67 0.57 53.43 42.5 1.28 0.36 0.24 1.10 98.91

CG - 2.35 - 63.52 19.31 0.93 0.71 2.31 6.45 93.23

2.2. Concrete Mixes and Samples Preparation

A total of 30 mixtures were designed to explore the physical and mechanical properties
of concrete with metakaolin and CG, and 3 samples of each mixture were tested. The
concrete was prepared with 0%, 25%, 50%, 75% and 100% CG replacement. For each of
the above mixtures, three metakaolin percentage levels (i.e., 0%, 10%, 20%) were designed.
Moreover, two water–cement (w/c) ratios (i.e., 0.45, 0.55) were applied for each mixture.
The details of each mixture are given in Table 2. Prior to the experiment, prewetting was
performed on CG given its porous structure. Then, a uniform solid mixture was prepared
consisting of cementitious material and fine and coarse aggregates. The water was then
added to prepare a uniform slurry by stirring. Lastly, the fully mixture was cast in mold
with a size of 100 mm × 100 mm × 100 mm and demolded after 24 h. The samples were
cured at a standard curing condition (20 ± 2 ◦C, 98% RH) until the specified ages (3 days,
7 days, 28 days).

Table 2. The mix proportions of the concrete samples.

w/c Sample Water (kg/m3) OPC (kg/m3) Metakaolin (kg/m3) Sand (kg/m3) Gravel (kg/m3) CG (kg/m3)

0.55

CG0MK0 210 382 0 650 1020 0
CG0MK10 210 343.8 38.2 650 1020 0
CG0MK20 210 305.6 76.4 650 1020 0
CG25MK0 210 382 0 650 765 255
CG25MK10 210 343.8 38.2 650 765 255
CG25MK20 210 305.6 76.4 650 765 255
CG50MK0 210 382 0 650 510 510
CG50MK10 210 343.8 38.2 650 510 510
CG50MK20 210 305.6 76.4 650 510 510
CG75MK0 210 382 0 650 255 765
CG75MK10 210 343.8 38.2 650 255 765
CG75MK20 210 305.6 76.4 650 255 765
CG100MK0 210 382 0 650 0 1020

CG100MK10 210 343.8 38.2 650 0 1020
CG100MK20 210 305.6 76.4 650 0 1020

0.45

CG0MK0 185 411 0 682 1218 0
CG0MK10 185 369.9 41.1 682 1218 0
CG0MK20 185 328.8 82.2 682 1218 0
CG25MK0 185 411 0 682 913.5 304.5
CG25MK10 185 369.9 41.1 682 913.5 304.5
CG25MK20 185 328.8 82.2 682 913.5 304.5
CG50MK0 185 411 0 682 609 609
CG50MK10 185 369.9 41.1 682 609 609
CG50MK20 185 328.8 82.2 682 609 609
CG75MK0 185 411 0 682 304.5 913.5
CG75MK10 185 369.9 41.1 682 304.5 913.5
CG75MK20 185 328.8 82.2 682 304.5 913.5
CG100MK0 185 411 0 682 0 1218

CG100MK10 185 369.9 41.1 682 0 1218
CG100MK20 185 328.8 82.2 682 0 1218

2.3. Testing of Specimens

The compressive strength of the specified age sample was performed by 2000kN
servo test system. Meanwhile, the deformation was recorded by DH 3818 acquisition
instrument. The compressive strength and elastic modulus were calculated according to
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the code of GB/T 50081-2019 [39]. The GTJ-U820 ultrasonic instrument was employed to
determine Ultrasonic pulse velocity based on CECS 21:2000 [40]. Rebound number was
determined from 16 measuring points using GTJ-HT225B rebound instrument complied
with the guidelines of JGJ/T 23-2011 [41]. Open porosity was conducted according to
ASTM C642 (2013) [42].

3. Results and Discussion
3.1. Compressive Strength

The compressive strength of concrete is the most critical index of its design and
performance. Figure 1 shows the compressive strength of concrete with CG and metakaolin
with curing ages of 3, 7 and 28 days and w/c ratios of 0.55 and 0.45. It can be noticed
that there is a steady drop in the compressive strength of the sample with the increase
in CG addition regardless of curing ages and w/c ratios. With a w/c ratio of 0.55, the
3 day compressive strengths of the samples (without metakaolin) containing 25%, 50%,
75% and 100% CG were 17.95 MPa, 17.38 MPa, 17.00 MPa and 16.31 MPa, respectively,
presenting a 2.70%, 5.79%, 7.86% and 11.60% decline in compressive strength relative to
the control sample (CG0MK0). The 7 day compressive strengths of the sample without
metakaolin ranges from 23.20 MPa to 26.99 MPa. There is a 14.70% decrease in the 7 day
compressive strength of concrete with 100% CG compared to the control sample. The 28 day
compressive strengths also show a similar variation trend. The 28 day compressive strength
of the control sample is 35.45 MPa, which declines to 33.77 MPa, 32.43 MPa, 30.72 MPa
and 28.04 MPa for the samples containing 25%, 50%, 75% and 100% CG (CG25MK0,
CG50MK0, CG75MK0 and CG100MK0), respectively indicating a 4.81%, 8.59%, 13.42%
and 20.96% drop in compressive strength for the corresponding addition of CG. At the
0.45 w/c ratio, a similar compressive strength degradation is found with the increase in CG,
as shown in Figure 1b. The inclusion of 25%, 50%, 75% and 100% CG in concrete results in
a 3.81%, 7.92%, 10.63% and 14.78% decrease in the 3 day compressive strength of concrete.
The 7 day compressive strength of samples with 100% CG is reduced by 30.08% compared
to that of the control sample (32.27 MPa). Similarly, it can be observed that the incorporation
of 25%, 50%, 75% and 100% CG in samples reduces the 28 day compressive strength to
47.50 MPa, 41.83 MPa, 39.78 MPa and 38.17 MPa, respectively, which is 5.30%, 16.61%,
20.73% and 23.90 lower than that of the control sample, respectively.

It can be concluded that the incorporation of CG has an obvious negative effect on
the compressive strength of concrete. To some extent, porous structures of CG absorb
moisture from the mortar aggregate interface, reducing the w/c ratio and thus leading to
finer and denser interfacial transition zone structures. However, it seems that this effect
contributes little to concrete strength, whereas the relatively lower stiffness and elastic
modulus of CG than those of gravel (coarse aggregate) may be the main reason for the
decline in concrete strength. The stiffness and modulus of CG are derived from microscopic
mechanical properties, which has been confirmed by Li [4]. Meanwhile, the highly porous
microstructure of CG directly leads to stress concentration, which plays an important role in
the strength of concrete. In general, there is an inverse relationship between the compressive
strength of concrete and the content of CG. The results are in line with [43,44]. In addition,
the degree of decline in the strength of concrete containing CG is also related to the w/c
ratios and curing ages, as shown in Figure 1. Higher water cement ratios correspond to a
milder strength deterioration. This may be due to the large amount of water absorbed by
CG at the high w/c ratio. On the other hand, the degradation of strength increases with the
curing age, which might be related to the low solidness and crushing value of CG.

Another result is that metakaolin improves the compressive strength of concrete, as
shown in Figure 1. It can be found from Figure 1a that the addition of 10% metakaolin in
sample (without CG) exhibits 16.73%, 13.54% and 17.36% enhancement in compressive
strength as compared to control samples at 3 days, 7 days and 28 days, with a 0.55 w/c ratio.
In addition, the inclusion of metakaolin in the sample with a 0.45 w/c ratio (CG0MK10)
indicates 13.68%, 20.14% and 13.38% improvements in the 3-day, 7-day and 28-day compres-
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sive strengths, respectively. In addition, it is noticed that the incorporation of metakaolin
can mitigate the strength degradation of concrete with CG regardless of curing ages and
the w/c ratio. At the 10% percentage replacement level and the 0.55 w/c ratio, the 7-day
compressive strengths of the samples are 21.53 MPa, 20.01 MPa, 13.06 MPa, 17.95 MPa and
17.14 MPa for 0%, 25%, 50%, 75% and 100% coarse aggregate replacement levels (CG0MK10,
CG25MK10, CG50MK10, CG75MK10 and CG100MK10), respectively, which are 16.71%,
11.47%, 5.60% and 5.09% higher than that of the corresponding samples (with the same re-
placement level of coarse aggregate) without metakaolin. The 7-day compressive strengths
of the samples containing 0%, 25%, 50%, 75% and 100% CG with 10% metakaolin increase
by 13.7%, 7.42%, 9.49%, 6.50% and 7.06%, respectively. At the 28 day curing age, the
improvement effect of metakaolin on the compressive strength of the samples is between
15% and 21%. The enhancement can be also found in concrete containing 20% metakaolin.
However, the enhancement is weakened due to the dilution effect. Comparing Figure 1a,b,
it can be easily deduced that metakaolin is also beneficial as the w/c ratio decreases from
0.55 to 0.45.
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It can be found from Figure 1 that the addition of metakaolin has a positive effect on
the compressive strength of concrete. There are both physical and chemical improvement
mechanisms for metakaolin. The most important physical mechanism is the filler effect due
to the fine particle size of metakaolin. According to the density theory, partial harmful pores
in the structure of the concrete can be transformed into gel pores by adding appropriate
fine metakaolin particles. Hua proved that gel pores were harmless in exploring the
relationship between pores and compressive strength [45]. On the other hand, it is well-
known that the pozzolanic reaction is representative of chemical improvement mechanisms.
The reactive SiO2 in metakaolin can react with Ca(OH)2 to produce additional hydrated
calcium silicate (C-S-H) [46,47]. The C-S-H gels can not only have a filler effect, by forming
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a more stable pore structure, but also have superior mechanical properties and chemical
stability compared to Ca(OH)2 [48]. However, there is a slight decrease in the strengthening
effect on the compressive strength of concrete containing 20% metakaolin replacement
level, which is associated with the dilution effect. Furthermore, the strengthening effect
is affected by the w/c ratio. The improvement effect of metakaolin is more obvious in the
samples with a high w/c ratio, which may be due to the greater defects in the samples with
the 0.55 w/c ratio.

3.2. Elastic Modulus

Figure 2 shows the effect of CG and metakaolin on elastic modulus of concrete. It
can be seen that the elastic modulus of the samples with a w/c ratio of 0.55 ranges from
24.08 to 29.00GPa, with a variation range of 18.23%. The full substitution of CG for the
coarse aggregate (CG100MK0) shows the lowest elastic modulus of 24.08GPa, which is
a 10.67% decrease compared to the control sample. The highest elasticity modulus is
found to be 29.00GPa in the specimens incorporating 10% metakaolin and 0% GG with a
0.55 w/c ratio. Additionally, the elastic modulus ranges from 26.50GPa to 33.02GPa, and
the variation range is about 24.59% for the sample with a w/c ratio of 0.45. Compared to
the control sample, the elastic modulus of the sample with 100% CG decreases to 18.03%.
In addition, only a 2.13% increase in the elastic modulus is found in the specimen without
CG but with 10% metakaolin. Similar experimental results were proved in Dadsetan’s
work, where the incorporation of metakaolin showed a slight improvement in the elastic
modulus [49]. However, the addition of CG results in a significant decrease in the elastic
modulus, which is related to the low stiffness of CG. The result from Li has revealed that
the stiffness of various components in CG is lower than that of gravel [4].
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Figure 2. The elasticity modulus of the different concrete mixtures.

3.3. Ultrasonic Pulse Velocity

Figure 3 shows the variation of ultrasonic pulse velocity of concrete samples with
different metakaolin and CG replacement levels. It can be clearly seen that metakaolin
improves while the CG decreases the ultrasonic pulse velocity of sample. The ultrasonic
pulse velocity displays a little fall for the sample with less than 50% CG, which sees a steep
decline when the CG addition beyond 50%, however. At w/c ratio of 0.55, The ultrasonic
pulse velocities are 3.07 km/s, 2.85 km/s, 2.73 km/s, 2.68 km/s and 2.44 km/s respectively
for the control samples and the samples containing 25%, 50%, 75% and 100% CG (CG0MK0,
CG25MK0, CG50MK0, CG75MK0, CG100MK0). The ultrasonic pulse velocity of control
sample with a 0.45 w/c ratio is 4.25km/s, and the corresponding declines in ultrasonic
pulse velocity of concrete with 25%, 50%, 70% and 100% CG are found to be 5.73%, 11.01%,
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18.19% and 26.38%, respectively. With a metakaolin replacement level of 10%, the samples
containing 100% CG displayed a decrease of 17.77% and 16.90% compared with the samples
without CG at w/c ratios of 0.55 and 0.45. Analogously, there are drops of 17.31% and
22.56% in the corporation of 20% metakaolin and 100% CG in samples with mixed up
0.55 and 0.45 w/c ratios. Obviously, metakaolin results in an improvement in ultrasonic
pulse velocity, which is consistent with Dabbaghi [30]. Whilst, the addition of CG in sample
leads to the attenuation of ultrasonic pulse velocity, which is attributed to the porous
structure of CG. As reported in ref [50], ultrasonic pulse velocity is an index reflecting the
integrity of the internal structure of concrete materials. This means that the attenuation of
ultrasonic wave velocity represents the more discrete microstructure of concrete due to the
incorporation of CG.
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3.4. Rebound Number

Figure 4 presents the rebound number of the sample after the addition of CG and
metakaolin. It can be observed that the incorporation of 10% metakaolin achieved the
most excellent performance in the rebound renumber of all specimens. At 0.55 w/c ra-
tio, the corporation of 10% metakaolin in samples containing 0%, 25%, 50%, 75% and
100% CG gain 14.23%, 19.96%, 15.92%, 17.87% and 13.30% increase in rebound number.
Similarly, there is an increase between 4.12% and 7.83% corresponding to the incorporation
of 10% metakaolin regardless of the replacement level of CG at a w/c ratio of 0.45. Mean-
while, a slight improvement in the rebound number was found due to the incorporation of
20% metakaolin. The improvement of the rebound number increased between 6.20% and
10.70% for samples containing 20% metakaolin at 0.55 w/c ratio. It is also found that there
is a 0.78–2.05% increase in rebound number for the samples containing 20% metakaolin
at 0.45 w/c ratio. As discussed above, metakaolin has an enhancement effect on concrete,
especially for specimens with a w/c ratio of 0.55. This is due to the low homogeneity and
high dispersion in in concrete with higher w/c ratio.
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3.5. Open Porosity

The variation in the open porosity of the samples are tabulated in Table 3. It can
be observed that there is a steady increase in the open porosity as the percentage of CG
increases in the sample. At a 0.55 w/c ratio, a fall in the open porosity values by 6.58%,
9.68%, 13.64% and 23.32% is noticed for the replacement level of coarse aggregate at 25%,
50%, 75% and 100% CG, respectively. a similar trend is found in samples with a 0.45 w/c
ratio. It can be observed that the open porosities of the samples incorporating 25%, 50%, 75%
and 100% CG are 8.75%, 9.49%, 9.89% and 10.63%, respectively, which are 11.60%, 21.04%,
26.18% and 35.58% higher than that of the control sample. Open porosity is negatively
correlated with density, cracks and uniformity. The presence of the porosity of CG increases
the pore system in concrete. Unsurprisingly, the percentage of open porosity is significantly
reduced due to the addition of metakaolin. However, the improvement in the open porosity
increased first and then decreased as the percentage of metakaolin increased. The inclusion
of 10% metakaolin achieves a superior performance in terms of open porosity. A drop
in the open porosity values by 10.20% and 5.23% is realized for the control samples with
0.55 and 0.45 w/c ratios, respectively. It is seen from the addition of 20% metakaolin in
Table 3 that the open porosity is 7.04% and 7.43%, respectively, which represent a 9.18% and
5.23% reduction in the control specimen mixed with 0.55 and 0.45 w/c ratios, respectively.
This decline in open porosity is due to the filler effect by finer particles and pozzolanic
reaction of metakaolin.

Table 3. Open porosity of the concrete specimens.

w/c Sample
Open Porosity (%)

0% CG 25% CG 50% CG 75% CG 100% CG

0.55
0% MK 16.12 17.18 17.68 18.32 19.88
10% MK 14.09 14.6 15.99 16.2 17.72
20% MK 14.64 15.53 17.3 17.81 18.29

0.45
0% MK 7.84 8.75 9.49 9.89 10.63
10% MK 7.04 7.7 8.25 8.79 9.53
20% MK 7.43 7.94 8.82 9.21 10.42

3.6. SEM

The physical and mechanical properties depend on the microstructure of concrete. The
addition of metakaolin results in the improvement in homogeneity of the microstructure.
The samples with a 0.45 w/c ratio were taken as examples to discuss the influence of
metakaolin on the microstructure of concrete, as shown in Figure 5. Figure 5a shows the
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microstructure of sample without metakaolin. It can be found that the main hydration
products are fluffy C-S-H and plate-like Ca(OH)2. The main hydration products are C-S-H
in specimens with 10% and 20% metakaolin, as shown in Figure 5b,c. As reported in [31],
metakaolin can consume Ca(OH)2 to produce additional C-S-H, which results in high
compactness and uniformity. In addition, the inclusion of 20% metakaolin lead to cracks
in concrete, due to high water absorption. This phenomenon may play a major role in the
strength deterioration.
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3.7. XRD

The microstructures of the control specimen and specimens containing 10% and
20% metakaolin have been discussed in the above section. The corresponding XRD re-
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sults are shown in Figure 6. The phase evolution of the specimens can be recognized
by identifying the peak positions. The major phases are Ca(OH)2, ettringite (AFt) and
tricalcium silicate (C3S). Due to the pozzolanic reaction of metakaolin, the evolution of
calcium hydroxide is the main phase which is identified. From Figure 6, it can be noticed
that the intensity of Ca(OH)2 is lower in the specimen containing metakaolin compared
to the control specimen. In addition, the intensity of Ca(OH)2 decreases gradually as
the metakaolin increases. The XRD results reveal that Ca(OH)2 can be consumed by the
addition of metakaolin.
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3.8. Comparison between Experimental Results and Predictions by Design Code Expressions and
Empirical Models

It is well-known that there is an inherent relationship between the compressive
strength and the elastic modulus, the ultrasonic pulse velocity and the rebound num-
ber. Several design code expressions and empirical models have been proposed to predict
the physical and mechanical properties of concrete. In terms of the relationship between
elasticity modulus and compressive strength, a series of specifications have been estab-
lished for prediction, as listed in Table 4. Figure 7 shows the experiment results and the
predicted results by design code expressions. It can be observed that the experimental
results are quite close to the predicted values by ACI-318, JSCE-07, CSA A23.3-04, JCI-08,
EC-09 and NZS 3101 [51–54]. However, it can be noticed that the predicted results of EC-04
and JCI-08 are remarkably higher than the experimental results. In addition, there are no
existing design code expressions in the relationship between compressive strength, ultra-
sonic pulse velocity and the rebound number. However, as reported by Muduli, there is a
linear relationship between compressive strength, ultrasonic pulse velocity and rebound
number [6]. The linear fitting results are shown in Figures 8 and 9. It can be found that
the correlation coefficient (R2) is 0.98 and 0.92 for compressive strength, ultrasonic wave
velocity and rebound number. As expected, the fitting results are favorable.

Table 4. The design code expressions and empirical models for estimating the elastic modulus based
on the compressive strength.

Design Code Elastic Modulus (GPa) Design Code Elastic Modulus (GPa)

ACI-318 Ec = 4.73
√

fc JCI-08 Ec = 6.3 fc
0.45

JSCE-07 Ec = 4.7
√

fc EC-04 Ec = 22( fc/10)0.3

CSA A23.3-04 Ec = 4.5
√

fc NZS 3101 Ec = 3.32(
√

fc) + 6.9
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4. Predicting Concrete Strength by ELM
4.1. Establishment of ELM

ELM is an improved analytical method based on a traditional artificial neural network
(ANN). ELM has two representative advantages: (1) The connection weights and thresholds
of the hidden layer can be randomly set; (2) there is no iterative adjustment in connection
weights between the hidden layer and the output layer. Due to the above reasons, ELM can
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save a great deal of calculation time compared with ANN. In addition, ELM has achieved
favorable performance in its ease of use, its high generalization ability and its precision. In
this paper, the most basic extreme learning machine is selected, and the nuclear extreme
learning machine is not used. The activation function is sigmoidal. At the same time, since
the population optimization algorithm based on biology is not adopted, the optimization
of the extreme learning machine is not involved, so the optimal working condition is
not involved.

ELM is an algorithm proposed as SLFNs. Its general structure is shown in Figure 10.
The prediction method was completed by using MATLAB R2018a and Excel 2016, and
illustrations were made by using software such as Origin 2019b, ArcMap 10.7 and Visio 2016.
When modeling data using an ELM model, the following simple four-step process is used:
(1) randomly produce hidden layer weights and biases (rather than iteratively construct
like the ANN model); (2) generate a hidden layer output matrix using the produced hidden
layer parameters; (3) calculate the output weights by inverting the hidden layer output
matrix using the Moore–Penrose generalized inverse matrix; and (4) calculate the product
of the matrix using the response variable.
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The principle of ELM is as follows:
It is supposed that there are N arbitrary samples Xj = [xj1, xj2, . . . , xjn]T ε Rn, j = 1,

. . . , N; Yj = [yj1, yj2, . . . , yjm]T ε Rm, j = 1, . . . , N. For a single hidden layer of feed forward
networks with L hidden nodes with activation function g(x), the mathematical equation
can be written as follows [54]:

∑ L
i=1βig

(
Wi·Xj + bi

)
= Oj, j = 1, . . . , N (1)

where Wi denotes the weight matrix between the input and hidden nodes, βi denotes the
weight matrix between the hidden neurons and the output neurons, bi denotes the bias of
the hidden layer and Wi·Xj represents inner product of W and Xj [55].

The goal of learning is to minimize the error of output, which can be expressed as:

∑ N
j=1‖Oj − yj‖ = 0 (2)

In other words, there is a relationship as follows:

∑ L
i=1βig

(
Wi·Xj + bi

)
= yj, j = 1, . . . , N (3)

It can be expressed as a matrix, as follows:

Hβ = Y; (4)
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H(W1, . . . , WL, b1, . . . , bL, X1, . . . , XL) = g(W1·X1 + b1) · · · g(WL·X1 + bL)
...

. . .
...

g(W1·XN + b1) . . . g(WL·XN + bL)


N×L

; (5)

β =

 βT
1
...

βT
L


L×m

; Y =

 YT
1
...

YT
N


N×m

(6)

where H is the output of the hidden node, T is the expected output and β is the output
weight. According to orthogonal projection method and ridge regression theory, the β can
be calculated as follows [56]:

β = (HT H +
I
C
)
−1

HT H (7)

where C is the regularization coefficient, and I is the identity matrix. The coefficient of
determination (R2), mean absolute error (MAE) and mean relative error (MAPE) are used
to evaluate the performance of the model. These metrics are defined as follows:

R2 =
∑n

i=1(ŷi − ýi)
2

∑n
i=1(yi − ýi)

2 (8)

MAE =
1
n ∑ n

i=1|ŷi − yi| (9)

MAPE =
1
n ∑ n

i=1

∣∣∣∣ ŷi − yi
yi

∣∣∣∣× 100% (10)

where n is the number of test samples, ŷi and yi are the predicted and actual values of
water quality at time i and ýi is the mean value of the actual values. Among them, MAE
and MAPE are three common error evaluation indicators, and the smaller their values, the
smaller the error. The larger the value of R2, the better the prediction quality. The results
are shown in Table 5.

Table 5. Summary of error statistics of applied models.

Station R2 MAE MAPE

Training set 0.99 0.99 5.71
test set 0.98 1.69 9.09

4.2. Analysis of Training and Testing

The compressive strength of concrete depends on the mixing design and curing age.
In other words, there is a complex nonlinear relationship between the mixing scheme, the
curing regime and the compressive strength. In this section, ELM is applied to the predicted
compressive strengths in scenarios with different mixing designs and curing ages. Age,
water, cement, metakaolin, sand, coarse aggregate and CG served as the input parameters
of ELM. The compressive strength is regarded as the output. The corresponding data can
be found in Table 2 and Figure 1. A total of 90 sets of data were fed into the ELM, with
75 sets for training and the rest for prediction. The statistical characteristics of the data
used are shown in Table 6. The predicting results of training and testing are plotted in
Figure 11. It can be observed that the R2 obtained by training and testing are 0.99 and 0.98,
respectively. This implies that the predicted compressive strength of concrete is comparable
to the experimental results. The error of machine learning is within 10%, while the error of
the design code expressions and empirical models is more than 10%. The prediction results
obtained by extreme learning machines have superior performance compared to the design
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code expressions and empirical models. From the above discussion, it is obvious that ELM
can establish the complex nonlinear relationship between inputs (the mixture and curing
age) and output (compressive strength). This also suggests that ELM is feasible to predict
compressive strength of concrete containing CG and metakaolin.

Table 6. Statistical characteristics of the data used.

Station Range Average Standard Deviation Coefficient of Variation

Training set 7.60–51.57 24.25 124.69 5.14
test set 8.18–55.77 27.43 183.61 6.69
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5. Conclusions

In this research, metakaolin and CG, as solid wastes, were applied to produce backfill
concrete. Several experiments have been conducted to investigate the physical and mechan-
ical properties of concrete containing metakaolin and CG. In addition, the relationships
between compressive strength and elasticity modulus, ultrasonic pulse velocity as well as
rebound number were revealed by design code expressions and empirical models. Fur-
thermore, ELM, as an analytical model, was proposed to estimate compressive strength of
concrete. The following conclusions can be drawn from this work:

• The compressive strength of concrete directly related to replacement level of metakaolin
and CG. The inclusion of CG in concrete results in strength degradation, especially at
a replacement level higher than 50%. However, this degradation can be remedied by
the incorporation of metakaolin.

• The incorporation of <20% metakaolin and <50% CG in the specimens showed a higher
or equivalent 28-day compressive strength compared with that of the control specimen.
From the point of view of the environment and the economy, the replacement level
of metakaolin and CG can be further increased. Compared to the control specimen,



Minerals 2022, 12, 330 15 of 17

the specimen with 20% metakaolin and 75% of CG showed less than a 5% decline in
compressive strength, which is acceptable.

• The inclusion of CG in concrete results in low deformation resistance and high disper-
sion. These drawbacks can be mitigated by the incorporation of metakaolin.

• ANN, as a feasible and reliable method, is developed to predict compressive strength
with high accuracy. Age, water, cement, metakaolin, sand, coarse aggregate and CG
emerged as reliable predictors of compressive strength of concrete by ELM.
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