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The cemented paste backﬁll (CPB) technology has been successfully used for the recycling of mine tailings all around the world.
However, its application in coal mines is limited due to the lack of mine tailings that can work as aggregates. In this work, the
feasibility of using silts from the Yellow River silts (YRS) as aggregates in CPB was investigated. Cementitious materials were
selected to be the ordinary Portland cement (OPC), OPC + coal gangue (CG), and OPC + coal ﬂy ash (CFA). A large number of lab
experiments were conducted to investigate the unconﬁned compressive strength (UCS) of CPB samples. After the discussion of
the experimental results, a dataset was prepared after data collection and processing. Deep neural network (DNN) was employed
to predict the UCS of CPB from its inﬂuencing variables, namely, the proportion of OPC, CG, CFA, and YS, the solids content, and
the curing time. The results show the following: (i) The solid content, cement content (cement/sand ratio), and curing time present
positive correlation with UCS. The CG can be used as a kind of OPC substitute, while adding CFA increases the UCS of CPB
signiﬁcantly. (ii) The optimum training set size was 80% and the number of runs was 36 to obtain the converged results. (iii) GA
was eﬃcient at the DNN architecture tuning with the optimum DNN architecture being found at the 17th iteration. (iv) The
optimum DNN had an excellent performance on the UCS prediction of silt-based CPB (correlation coeﬃcient was 0.97 on the
training set and 0.99 on the testing set). (v) The curing time, the CFA proportion, and the solids content were the most signiﬁcant
input variables for the silt-based CPB and all of them were positively correlated with the UCS.

1. Introduction
Mining and minerals industries are very likely to cause
widespread environmental damage, such as noise pollution,
air and water contamination, and solids waste generation
[1, 2]. Thus, recycling has been an important issue encountered by mining and minerals industries, especially the
solids waste recycling [3–6]. As for the metal mining, solid
waste recycling mainly deals with the large amount of mine
tailings generated due to the high waste-to-product ratio
[7, 8]. It has been shown that the waste-to-product ratio for

the metal mining is often 100 : 1 in volume, which can be as
high as 1,000,000 : 1 in some cases [9]. Interested readers
could refer to the review paper in [7] for a detailed presentation of the tailings generated for typical ores.
In the era of sustainable development and cleaner
production, the recycling of mine tailings has been a hot
topic that has undergone extensive investigations. A number
of recycling methods have been proposed, among which the
cemented paste backﬁll (CPB) is one of the most popular
methods. CPB is advantageous in that it can not only
promote the tailings recycling, but also improve working
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conditions, stabilise surrounding rock mass, and sometimes
work as the platform for the subsequent mining operations.
Therefore, CPB has been widely used throughout the world,
such as in China [10–13], Australia [14], Canada [15], and
Turkey [16, 17], to name a few.
Depending on the intended function of the backﬁll, a
certain amount of mechanical properties, often indicated by
unconﬁned compressive strength (UCS), is needed for CPB.
For example, a UCS between 150 kPa and 300 kPa is required
to reduce the liquefaction possibility while a UCS larger than
4 MPa is recommended by Grice when CPB is used for roof
support [7]. The determination of UCS is essential prior to
any engineering application of the CPB technology. Traditionally, lots of lab experiments are conducted for each mine
site, which consumes a large amount of time, materials, and
human resources. The strength prediction from its inﬂuencing variables is attracting increasing attention from both
academia and industry. A large number of studies have been
performed by Qi and his co-authors [18–20], followed by the
most up-to-date papers like [21–23].
Up to now, the advantages of CPB, the importance of
UCS, and the signiﬁcance of strength prediction have been
presented mainly for metal mining. The application of CPB
in coal mines has also been investigated. For example,
Huang et al. [24] proposed a technological framework for
the backﬁll technology that used coal waste and ﬂy ash as the
main ingredients. Zhang et al. [25] investigated the surface
subsidence in backﬁll coal mining based on the equivalent
mining height theory. In contrast to the CPB technology in
metal mining that recycles mine tailings, the application of
the CPB technology in coal mining requires the selection of
aggregates. In some cases, the lack of suitable aggregates
limits the application of CPB, thus hindering the cleaner
production in coal mining.
In this work, the strength development of silt-based CPB
was investigated using lab experiments and deep neural
network (DNN). The main contributions of this work to the
literature are as follows:
(i) To facilitate the application of CPB in coal mines,
the utilization of Yellow River silts (YRS) as aggregates in CPB was investigated
(ii) The comparison of ordinary Portland cement
(OPC), OPC + coal gangue (CG), and OPC + coal ﬂy
ash (CFA) as the cementitious materials was
conducted
(iii) A DNN model was proposed for the strength
prediction of the silt-based CPB

2. Study Site
A coal mine (referred to as ‘A-Mine’), located in Shandong
Province, China, is a medium-sized coal mine with the
production of 900,000 tonnes per year. As an underground
coal mine, the earth surface above the mined-out area is
covered with town and farmland, and the CPB technology
has thus become legally required. To realize the engineering
application of CPB, the ﬁrst work is choosing the backﬁll
aggregate and cementitious materials, which aﬀect the

mechanical properties of CPB. The principals of selecting
backﬁll materials include extensive source, low cost, pollution free, etc. Considering the location of A-Mine that is
nearby the Yellow River and a thermal power plant, as
shown in Figure 1, the silt from Yellow River (YRS), CG, and
CFA were considered as potential materials for CPB.

3. Materials and Methods
3.1. Materials. The YRS has been analyzed as a potential
backﬁll aggregate, which was selected from a silts plant near
A-Mine. The main cementitious material was No. 42.5 ordinary Portland cement (OPC, according to Chinese National Standard, GB175-2007) provided by A-Mine. In order
to improve the mechanical and pipe transport properties of
CPB, other materials, CFA and CG, were also used for
modiﬁcation. The CFA was collected from a thermal power
plant, as shown in Figure 1, while the CG was collected from
a CG dump belonging to A-Mine. All these materials were
collected and sealed and then sent to Central South University for test. The underground water from A-Mine was
used for preparing the CPB samples. It should be noted that
the YRS needs to be pretreated to remove the impurities, and
the CG particles were controlled in 5 mm, as presented in
Figure 2.
The particles size distributions of YRS and CG were
measured by sieving method and laser particle size analyzer
(Malvern Mastersizer 2000), as shown in Figure 3, and Table 1
summarizes the main PSD parameters. The mineral components were tested using x-ray diﬀraction (XRD; Bruker AXS D8
Advance Diﬀractometer), as shown in Figure 4. The results
show that the median particle size of silts and CG was 145 μm
and 380 μm, which can be classiﬁed as coarse aggregates [26].
Table 2 presents the chemical properties of YRS and CG. The
main mineral components of the YRS are quartz, feldspar, and
calcite. Among them, the quartz and feldspar have been proven
important for the strength of CPB. The kaolinite, quartz, and
calcite gypsum are the main components of CG, which are good
for improving the mechanical properties of CPB.
3.2. Lab Experiments
3.2.1. CPB Preparation. The backﬁll materials, i.e., YRS, CG,
CFA, OPC, water, etc., were measured as designed and then
mixed using an electric mixer (JJ-5, Hebei, China). After
being mixed for 5 min, the uniform CPB slurry was formed
and poured into triple plastic moulds (7.07 × 7.07 × 7.07 cm).
The moulds should be poured with CPB slurry as much as
possible, to avoid the eﬀects of consolidation shrinkage [27],
as shown in Figure 5(a). After 24 hours and CPB initial
setting, the samples were scraped to form a smooth surface
(Figure 5)(b), and the moulds were removed. The cubic CPB
samples (Figure 5)(c) were then cured in a curing box
(YH–40B, Qingda, Tianjin of China) with the temperature of
25°C and humidity of 90% (Figure 5(d)).
3.2.2. UCS Test. The CPB samples after curing for 1 d, 3 d,
and 28 d were taken out for UCS tests using pressure testing
machine (WDW-20), as shown in Figure 6. The test sample
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Figure 1: The location of study site.

Figure 2: YRS pretreatment and CG sieving.

was placed in the circular testing plate and tested with a
loading speed of 0.5 mm/min [28]. Three samples were
tested in each group of experiments, and the average value of
the two results with errors less than 5% was taken as UCS.

3.3. Deep Neural Network Prediction. Artiﬁcial neural network (ANN) is a computing technique inspired by the biological neural networks in brain. ANN is designed to learn
the mapping from inputs to outputs with a large number of
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Figure 3: Particle size distribution curve of aggregate.

Table 1: Main geotechnical properties of aggregate.
Aggregate
YRS
CG (sieved)

3

Speciﬁc gravity (GS) (t/m )
2.57
2.53

d60 (μm)
165
890

d50 (μm)
145
380

d30 (μm)
100
62

d10 (μm)
50
2.2

Uniformity coeﬃcient (Cu)
3.3
404.5

1

1
5 7 6 52
10
1–Quartz
2–Feldspar
3–Calcite
4–Dolomite
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Figure 4: XRD mineralogical composition analysis results of aggregate: (a) YRS and (b) CG.

connected neurons, or processing units. Neurons are made
up of input units and output units, where input units receive
information from the previous layer and, after proper
processing, output such information to the next layer. DNN

is a type of ANN that has multiple hidden layers, usually
larger than 3. Interested readers about ANN could refer to
[29] for a detailed explanation of ANN. In this work, DNN
with 5 hidden layers was used as the prediction method [30].
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Table 2: The chemical properties of YS and CG (%).
Composition
YRS
CG

Quartz
32.73
25.01

Feldspar
31.29
15.51

Calcite
14.73
10.31

Except the number of neurons in each hidden layer, which
are tuned by genetic algorithm, other DNN parameters were
selected to be the default values from Sklearn [31].
The experimental results were collected for the preparation of the dataset. In this work, the proportion of OPC,
CG, CFA, and silts, the solids content, and the curing time
were selected to be the inputs while the UCS was selected to
be the output. A total number of 126 data samples were
included in the dataset. Data normalisation was performed
to speed up the DNN calculations and improve its performance. The correlation coeﬃcient, which ranged from −1 to
1, was used as the performance indicator.
In supervised learning, the whole dataset needs to be split
into the training set (for DNN training) and the testing set
(for DNN veriﬁcation). However, the training set size has a
signiﬁcant inﬂuence on the DNN performance and thus
needs to be properly determined. A convergence test was
conducted in this work where the training set size was increased from 30% to 90%. Note that the default ANN
structure from [31] was used during the convergence test for
the training set size. Moreover, each training set size was
repeated 50 times to obtain the converged results. The
training performance was determined by 5-fold cross-validation. As for the testing performance, the whole training set
was used to train the ANN model and the trained ANN
model was used to make a prediction on the testing set.
Figure 7 illustrates the results of the convergence test. As
shown, the training performance increased with the increasing training set size. In contrast, the testing performance increased when the training set size was increased
from 30% to 80%. Then, the testing performance decreased
when the training set size was further increased to 90%.
Therefore, the training set size was determined to be 80% in
the following calculations.
As indicated before, 50 runs were repeated for each
training set size to obtain the converged results. However, 50
runs might not be necessary. Moreover, it would be too
computationally intensive if 50 runs were repeated for each
DNN architecture during the tuning of the number of
neurons in each hidden layer. Thus, a convergence test was
also conducted to determine the number of runs needed for
the converged results. Figure 8 shows the inﬂuence of the
number of runs on the average correlation coeﬃcient and its
standard deviation. It was found that the average correlation
coeﬃcient and its standard deviation stabilized after 36 runs.
Therefore, the number of runs was determined to be 36 in
the following calculations.
The employed DNN had one input layer with 6 neurons,
one output layer with 1 neuron, and 5 hidden layers. The
number of neurons in each hidden layer would aﬀect the
DNN performance, as indicated in many previous studies
[18, 30]. In this work, the number of neurons was determined for each hidden layer within the range of 1 to 200.

Dolomite
3.27
4.56

Chlorite
5.82
4.89

Amphibole
5.29
5.22

Mica
6.87
34.50

Genetic algorithm (GA) was used for the tuning of the
number of neurons in each hidden layer, which was
equivalent to the optimization of the DNN architecture.
During the GA optimization, each DNN structure would be
represented by a chromosome. The average training performance of the DNN architecture was used as the objective
function for GA, which would be maximized during GA
iterations.
In this study, the number of chromosomes in GA was
selected to be 100 and the maximum generation was 50.
Tournament selection was utilized to select the chromosomes that will be maintained in the next generation. The
crossover probability and the mutation probability were
selected to be 0.90 and 0.02, respectively. The authors note
that the selection of GA parameters was based on the recommendations from the literature [32]. Interested readers
could refer to [30] for a detailed discussion about the optimization of ANN architecture using GA, which was not
covered in detail for clarity purpose.

4. Results and Discussion
4.1. Strength Development of CPB. Figure 9 presents the
relation of UCS and the solid content of CPB at the cement/
sand ratio of 1 : 8. It can be seen that the UCS values increase
with the increase of solid content. Take YRS group, for
example; the UCS values of CPB samples curing for 28 days
at the solid content of 73%, 74%, and 75% are 0.73 MPa,
0.79 MPa, and 0.88 MPa, respectively. As studied before, the
hardened CPB is an inhomogeneous body composed of
crystals, gels, incompletely hydrated cement particles, free
water, and pores. Among them, the crystals and gels play a
role in increasing strength, while the free water leads to the
decrease of strength [33]. Thus, increasing the solid content
leads to the reduction of free water in the CPB mixture,
which will increase the strength of the CPB thereby.
Figure 10 presents the relation of UCS and cement/sand
ratio at the solid content of 74%. It can be seen that increasing the cement/sand ratio signiﬁcantly improves the
UCS values, especially for the CPB samples curing for 28
days. Take YRS group, for instance; the UCS values of CPB
curing for 28 days at the cement/sand ratio of 1 : 15, 1 : 10, 1 :
8, and 1 : 6 are 0.17 MPa, 0.51 MPa, 0.79 MPa, and 1.30 MPa,
respectively. It is well known that the hydration of cement
provides crystals and gels in the CPB mixture, which is the
essential reason for hardening the CPB [4, 28]. Thus, improving the consumption of cement is the direct approach to
increase the strength of CPB. However, the cement/sand
ratio should be controlled at a balanced value to save the cost
of CPB. Similar ﬁndings were also obtained in the studies of
Ercikdi [34] and Yılmaz and Ercikdi [35]. They remarked
that the strength of CPB increased as the cement dosage
increased (from 5 to 6 and 7 wt.%) regardless of the tailings
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Figure 5: CPB specimens preparation and curing process.

Figure 6: Laboratory UCS test.

type and curing periods. It was also manifested by the
previous authors [35, 36] that the increase in the cement
dosage had precious inﬂuence on the production of higher
cementing bonds which in turn improved the strength gain.
Figure 11 presents the UCS values adding diﬀerent cementitious materials, such as OPC, OPC + CG, and
OPC + CFA, and the OPC is the control group. It can be seen
that adding CG slightly improves the mechanical UCS, and
the increments of CPB curing for 1 day, 3 days, and 28 days
are 0.02 MPa, 0.08 MPa, and 0.08 MPa. Thus, CG is not a
suitable OPC substitute, which cannot improve the early
strength, while adding CFA increases the UCS of CPB
signiﬁcantly, including the samples curing for 3 days and 28
days. Compared to the OPC group, the UCS increments of
OPC + CFA group samples curing for 3 days and 28 days are
0.34 MPa and 4.67 MPa. It can be attributed to pozzolanic
reaction occuring between CFA and calcium hydroxide

(CaOH2) produced by OPC hydration [36, 37]. Furthermore, the previous researcher reported that the CFA has
binding property as well as pozzolanic characteristic.
4.2. DNN Architecture Optimization. Figure 12 illustrates
the update of the maximum correlation coeﬃcient with GA
iteration. It can be seen that the maximum correlation
coeﬃcient was 0.977 at the ﬁrst iteration. The maximum
correlation coeﬃcient was increased to 0.979 at the seventh
iteration and further increased to 0.989 at the 17th iteration.
After that, the maximum correlation coeﬃcient remained
the same until the 50th iteration. The above results indicate
that GA was eﬃcient in the architecture tuning of DNN.
The optimum DNN architecture was determined after
the GA iteration. The number of neurons was 95, 72, 158, 44,
and 169 for the ﬁrst to ﬁfth hidden layer, respectively.
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Figure 7: Inﬂuence of training set size on the performance of ANN modelling.
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Figure 8: Inﬂuence of the number of runs on the average correlation coeﬃcient and its standard deviation.

Considering the input layer and the output layer, the whole
DNN architecture is illustrated in Figure 13.
4.3. DNN Prediction of UCS. In this section, the performance
of the optimum DNN model is analyzed. Figure 14 illustrates
the performance of the optimum DNN model on the
training set and the testing set. As shown, the optimum
DNN model achieved an average correlation coeﬃcient of
0.97 on the training set and an average correlation coeﬃcient
of 0.99 on the testing set. The slight performance improvement on the testing set is due to the calculation difference on the training set and the testing set. As indicated
before, the training performance was obtained by 5-fold
cross-validation and the testing performance was obtained
after the training of the DNN using the whole training set.

The better performance on the testing set has been well
documented in the literature, such as in [19].
Moreover, the standard deviation of the correlation
coeﬃcients was 0.0112 on the training set and 0.0065 on the
testing set. Thus, the performance on the testing set was
more stable than that on the training set.
Figure 15 presents a visualization of the performance of
the optimum DNN model on the whole dataset. It can be
seen that the predicted UCS agreed well with the experimental UCS, especially the changing trend. Moreover, the
optimum DNN model could achieve good performance on
CPB samples with high UCS values, as shown around the
right part of Figure 7. The above results further imply the
robustness of the DNN model and its feasibility of the DNN
prediction.
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Figure 9: The results of UCS of CPB with cement/sand ratio of 1 : 8.
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Figure 10: The results of UCS of CPB with solid mass concentration of 74%.

Figure 11: The results of UCS of CPB adding diﬀerent cementitious materials.

4.4. Partial Dependence Plots and Importance Analysis. In
this work, the partial dependence plots and importance score
(IS) were used to investigate the inﬂuence of each input
variable to the UCS of CPB. Partial dependence plots and IS
are two important methods for the variable analysis and a
detailed explanation of these two methods has been provided
in [19]. The authors note that the summation of IS values was
normalized to one for comparison purpose. Figure 16 illustrates the partial dependence plots and IS for each input
variable.

It can be found that the UCS had an overall positive
correlation with the OPC proportion, the CFA proportion, the
solids content, and the curing time. A negative correlation was
observed between the silt proportion and the UCS while the
UCS had little correlation with the CG proportion. Based on the
partial dependence plots, curing time was the most signiﬁcant
variable for UCS, followed by the CFA proportion. The CG was
the least important variable for the CPB UCS.
The signiﬁcance of each input variable to the UCS could be
as easily indicated by the IS values. The IS value of the curing
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Figure 16: Partial dependence plots and IS values for each input variable. (a) IS � 0.085. (b) IS � 0.011. (c) IS � 0.257. (d) IS � 0.045.
(e) IS � 0.198. (f ) IS � 0.404.

followed by 0.257 of the CFA proportion and 0.198 of
the solids content. The CG proportion was the least
signiﬁcant input variable for the UCS with an IS
value of 0.011.

time was found to be 0.404, followed by 0.257 of the CFA
proportion and 0.198 of the solids content. The IS values of the
remaining three input variables were lower than 0.1, which were
0.085 of the OPC proportion, 0.045 of the silt proportion, and
0.011 of the CG proportion. Generally speaking, the IS results
agreed well with the partial dependence plots.

Data Availability

5. Conclusions

The data used to support the ﬁndings of this study are included within the article.

To facilitate the application of CPB in coal mines, the strength
development of the silt-based CPB with diﬀerent cementitious
materials was investigated by lab experiments and DNN prediction. Based on the above results, the following conclusions
can be drawn:
(1) The solid content, cement content (cement/sand
ratio), and curing time present positive correlation
with UCS. The CG can be used as a kind of OPC
substitute, while adding CFA increases the UCS of
CPB signiﬁcantly.
(2) The convergence tests indicate the optimum training
set size was 80% and the number of runs needs to be
larger than 36 for the converged results.
(3) GA was eﬃcient in the DNN architecture tuning with
the maximum correlation coeﬃcient being increased
from 0.977 at the ﬁrst iteration to 0.989 at the 17th
iteration. The optimum DNN architecture was characterized by 95, 72, 158, 44, and 169 within the ﬁrst to
ﬁfth hidden layers.
(4) DNN was robust in predicting the UCS of CPB. The
average correlation coeﬃcient was 0.97 on the
training set and was 0.99 on the testing set.
(5) Partial dependence plots indicate an overall positive
correlation between the OPC proportion, the CFA
proportion, the solids content, and the curing time
with the UCS. In contrast, the silt proportion was
negatively correlated with the UCS and CG proportion had little correlation with the UCS.
(6) The curing time was the most signiﬁcant input
variable for the UCS with an IS value of 0.404,
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