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Abstract

In backfill mining of metal mines, the sedimentation and shrinkage of backfill slurry
critically affect roof-contact quality and stope stability. This study investigates these charac-
teristics for unsorted tailings backfill slurry from the Daye Iron Mine through laboratory
experiments and develops a prediction model for the shrinkage rate. Tests examined the
effects of cement-to-tailings ratio (1:4 to 1:20) and slurry concentration (65% to 71%) on
shrinkage rate over curing time. A crested porcupine optimizer-backpropagation (CPO-
BP) neural network model was developed to predict the shrinkage rate and compared
with the traditional BP model. The robustness and generalization capability of the model
were further verified by repeated five-fold cross-validation and by comparison with the
GA-BP, PSO-BP, random forest, support vector regression, and XGBoost models. Results
show that shrinkage predominantly occurs within the first 8 h and stabilizes after 24 h;
high-concentration slurries stabilize earlier. At a fixed concentration, the shrinkage rate
increases with decreasing cement-to-tailings ratio; at a fixed ratio, it decreases with increas-
ing concentration. The CPO-BP model significantly outperforms the BP model, achieving a
mean squared error (MSE) of 3.0767 × 10−6, a mean absolute error (MAE) of 1.4528 × 10−3,
and a coefficient of determination (R2) of 0.94946 on the test set. For the Daye Iron Mine, a
slurry concentration of 69–71% reduces shrinkage height and improves roof-contact rate.
This study reveals the evolution of shrinkage rate with curing time, cement-to-tailings ratio,
and concentration, demonstrates the effectiveness of the CPO-BP model, and optimizes the
backfilling scheme, providing a theoretical basis for roof-contact quality control in practice.

Keywords: unsorted tailings backfill slurry; sedimentation–shrinkage characteristics;
shrinkage rate; slurry concentration; prediction model

1. Introduction
In metal mines, the cut-and-fill mining method is widely adopted due to its high

mining efficiency, high ore recovery rate, and low dilution and loss [1,2]. However, the
quality of backfill roof-contact directly affects the stability of the goaf. When the roof-contact
rate is low, the exposed area of the stope roof expands, posing a major safety hazard [3–7].
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The dewatering and shrinkage rate of the backfill slurry is one of the key factors affecting
roof-contact quality. In pipeline transport, the slurry concentration must be controlled
at approximately 65% to enable gravity flow. However, at this concentration, the slurry
contains a high proportion of free water, making it prone to sedimentation and shrinkage,
which prevents the backfill body from fully contacting the stope roof [8–10].

Considerable research has been conducted on the sedimentation and shrinkage char-
acteristics of backfill slurry [11–15]. Wang et al. [16] quantitatively characterized the sedi-
mentation behavior of backfill materials, elucidated the intrinsic correlation mechanisms
among slurry mass concentration, rheological properties, and sedimentation performance,
and established a quantitative correlation model between pipeline rheological parameters
and sedimentation behavior. Deng et al. [17], through systematic experimental testing,
analyzed the bleeding and shrinkage characteristics of backfill slurry and found that the
cement-to-tailings ratio and mass concentration exhibited significant negative correlations
with both bleeding and shrinkage rates. Sun et al. [18], using tailings from a specific mine
as the experimental material, focused on the dynamic process and evolution characteristics
of bleeding and sedimentation in backfill slurry, examining the influence of slurry concen-
tration and binder type on shrinkage behavior. Yang et al. [19], based on bleeding and
shrinkage tests, reported that the mass concentration of backfill slurry is negatively corre-
lated with its bleeding and shrinkage rates. Wu et al. [20], through laboratory experiments,
analyzed the effects of binder and mass concentration on the shrinkage characteristics of
backfill slurry and concluded that mass concentration exerts a greater influence than the
binder. Shao et al. [21] designed a goaf backfilling simulation platform to investigate the
flow and sedimentation patterns of gangue-based paste slurry. Hou et al. [22], using full tail-
ings from an iron mine, conducted laboratory sedimentation–shrinkage tests on cemented
full-tailings backfill slurry, regulating slurry concentration, binder type, and hydration
conditions to explore their influence mechanisms on sedimentation and consolidation
behavior. Lu et al. [23], based on the tailings characteristics of the Zhongguan Iron Mine,
employed COMSOL 6.4 numerical simulation to study the sedimentation characteristics of
backfill slurry in high-stage stopes and optimized the mine’s backfilling technology based
on the simulation results. Lu et al. [24] designed similarity simulation experiments on
backfill slurry, revealing that the slurry in the stope could be divided into three zones with
distinct properties according to its flow and sedimentation patterns.

Although laboratory experiments and numerical simulations have substantially eluci-
dated the fundamental laws governing the sedimentation and shrinkage characteristics
of backfill slurry, these studies are typically conducted under idealized curing condi-
tions that may not fully represent the complex field environment. Wang et al. [25] re-
ported that drainage conditions critically influence the evolution of backfill properties.
Similarly, Cao et al. [26] demonstrated that curing humidity significantly affects the defor-
mation and mechanical behavior of cemented paste backfill. Furthermore, Wang et al. [27]
showed that flocculation and dewatering processes in thickeners determine the initial solids
concentration and particle aggregation state, which subsequently govern the sedimentation
behavior of the slurry. These findings indicate that multiple environmental and process-
related factors can affect the sedimentation and shrinkage behavior of backfill slurry in
ways that laboratory tests alone may not fully capture. Reliance on purely experimental
approaches without a reliable predictive model makes it difficult to accurately estimate the
final shrinkage rate under varying field conditions, thereby compromising the reliability of
engineering design for roof-contact backfilling. Therefore, the development of an effective
prediction model is essential to complement experimental investigations and to enhance
the accuracy and robustness of engineering design in practical backfilling operations.
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Among the existing prediction methods for backfill properties, empirical formulas and
regression-based approaches remain the most commonly used. However, these methods
often fail to capture the nonlinear relationships between material variables and shrinkage
behavior. Artificial neural networks, particularly the BP neural network, have been applied
to related problems due to their ability to learn complex nonlinear mappings through
layered architectures [28]. Nevertheless, the BP algorithm relies on gradient descent for
weight optimization, which makes its performance highly sensitive to the initial selection of
weights and biases and prone to becoming trapped in local optima [29]. To overcome these
limitations, various metaheuristic optimization algorithms have been developed to enhance
neural network training by providing global search capabilities. Among these, the CPO is
a recently proposed swarm intelligence algorithm that simulates the defensive behaviors
of the crested porcupine, offering strong global exploration ability, fast convergence, and
relatively few tunable parameters [30]. These characteristics make CPO particularly suitable
for optimizing the initial weights and biases of BP networks. Therefore, this study attempts
to apply the CPO algorithm to optimize a neural network for predicting the shrinkage rate
of unsorted tailings backfill slurry, utilizing its global search capability to optimize the BP
neural network and achieve accurate prediction of the shrinkage rate.

In summary, most existing studies have focused on individual factors affecting sedi-
mentation and shrinkage through experiments or simulations. Systematic investigations
under site-specific conditions remain limited, especially for accurate shrinkage rate pre-
diction of unsorted tailings backfill slurry. To address this gap, the present study designs
sedimentation–shrinkage experiments with varying cement-to-tailings ratios and slurry
concentrations. Based on the experimental results, the shrinkage characteristics and influ-
encing factors are analyzed, and a CPO-BP neural network-based prediction model for the
shrinkage rate is proposed to achieve accurate prediction. The model is then applied to
optimize the roof-contact backfilling scheme for large-volume stopes at the Daye Iron Mine,
providing a scientific basis for improving roof-contact quality and optimizing backfilling
process parameters.

2. Basic Physicochemical Properties of Unsorted Tailings Backfill Slurry
To ensure consistency between the tested samples and those collected from the field,

the tailings slurry was sampled from the concentrator and transferred into plastic containers.
After 24 h of static settlement, the clear supernatant water was decanted, and the remaining
tailings were air-dried and transported to the laboratory. The sampling procedure is
illustrated in Figure 1.

 
Figure 1. Tailings Sampling Procedure at the Mineral Processing Plant of Daye Iron Mine.

The tailings generated from the concentrator without any classification or desliming
treatment are referred to as unsorted tailings. The physicochemical properties of unsorted
tailings are fundamental factors influencing the sedimentation and shrinkage characteristics
of backfill slurry. Particle size analysis of the unsorted tailings from the Daye Iron Mine
was conducted using a Mastersizer 3000 laser diffraction particle size analyzer (Malvern
Panalytical, Malvern, UK). The results show that the median particle size (d50) of the tailings
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is 12.1 µm, and the sorting coefficient (S0) is 4.261, indicating that the tailings are classified
as ultra-fine and poorly graded.

X-ray fluorescence (XRF) analysis reveals that the major mineral components of the
tailings are CaO, Al2O3, SiO2, and MgO, as presented in Table 1. Among these, CaO, Al2O3,
and MgO are reactive oxides that can promote cementitious reactions and thereby enhance
the strength of the backfill body. SiO2, which accounts for the highest proportion, is an
inert oxide that exhibits favorable sedimentation performance.

Table 1. Major chemical components of tailings from the Daye Iron Mine.

Mineral composition CaO SiO2 Fe2O3 MgO Al2O3 K2O SO3 other

Proportion 31.3 31.2 12.4 9.7 0.45 2.1 1.8 2.5

The density of the unsorted tailings from the Daye Iron Mine was measured as
2.855 t·m−3 through laboratory tests. Based on this tailings density, the densities of the
backfill slurry at different concentrations were calculated, and the results are presented
in Table 2.

Table 2. Density of filling slurry with different mass concentrations.

Slurry Concentration (%) Slurry Density (t/m3)
Tailings Density

(t/m3)
Density of Solid Dry

Materials (t/m3)

65 1.746

2.855 2.915
67 1.787
69 1.830
71 1.876

The cementitious binder used in the backfill slurry at the Daye Iron Mine is a spe-
cialized material for mine backfilling, supplied by a domestic professional manufacturer
and conforming to the relevant standards for mine backfill materials. Its main oxide com-
ponents are similar to those of ordinary Portland cement, primarily including CaO, SiO2,
Al2O3, Fe2O3, SO3, and MgO, with a density of 2.931 g·cm−3.

3. Sedimentation–Shrinkage Experiment on Unsorted Tailings
Backfill Slurry
3.1. Experimental Scheme

The preparation process of the backfill slurry is illustrated in Figure 2.

Figure 2. Backfill Slurry Preparation Process.

In this study, the slurry concentration is defined as the mass fraction of total solid
particles (including tailings and cementitious material) to the total mass of the slurry mix-
ture, expressed as a percentage. Sedimentation–shrinkage tests were designed for backfill
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slurries with cement-to-tailings ratios of 1:4, 1:8, 1:12, and 1:20, and slurry concentrations
of 65%, 67%, 69%, and 71%. The sedimentation performance of the backfill slurry was
measured using transparent PC cylindrical containers with a diameter of 80 mm and a
height of 200 mm. The shrinkage rate data were recorded at 4 h, 8 h, 12 h, 24 h, and 36 h
after placement. The mixed proportions of the tested slurries are presented in Table 3.

Table 3. Mix proportions of slurries for sedimentation–shrinkage tests.

Slurry Concentration (%) Cement-to-Tailings Ratio Tailings (g) Cementitious Material (g) Water (g)

65

1:4 936.00 234.00 630
1:8 1040.00 130.00 630

1:12 1080.00 90.00 630
1:20 1114.29 55.71 630

67

1:4 964.80 241.20 594
1:8 1072.00 134.00 594

1:12 1113.23 92.77 594
1:20 1148.57 57.43 594

69

1:4 993.60 248.40 558
1:8 1104.00 138.00 558

1:12 1146.46 95.54 558
1:20 1182.86 59.14 558

71

1:4 1136.00 284.00 580
1:8 1262.22 157.78 580

1:12 1310.77 109.23 580
1:20 1352.38 67.62 580

3.2. Analysis of the Shrinkage Rate of Unsorted Tailings Backfill Slurry

The shrinkage rate (ϕ) is defined as the ratio of the volume reduction in the backfill
body to its initial volume, and is calculated as follows:

ϕ =
V1

V2
× 100% (1)

where

V1—Volume of backfill body the shrinkage, m3;
V2—Initial volume of backfill body, m3.

The shrinkage rate of the backfill slurry at concentrations of 65%, 67%, 69%, and
71% was measured and calculated at five specific time points: 4 h, 8 h, 12 h, 24 h, and
36 h after specimen preparation. At each time point, the slurry volume was measured at
four different orientations around the transparent cylindrical container, and the average
value was taken as the shrinkage rate for each concentration to improve measurement
reliability. Each shrinkage-rate value reported in Table 4 is therefore the arithmetic mean of
the four circumferential readings taken at the same recording time. The observed results of
the sedimentation–shrinkage tests at 4 h and 36 h are presented in Figure 3.

Table 4. The 36-Hour Shrinkage Rate of Total Tailings Backfill Slurry.

Slurry Concentration (%) Cement-to-Tailings Ratio 4 h 8 h 12 h 24 h 36 h

65

1:4 4.500% 6.250% 6.625% 6.750% 6.750%
1:8 4.625% 6.375% 6.750% 7.000% 7.000%

1:12 4.875% 6.500% 6.875% 7.250% 7.250%
1:20 5.250% 7.875% 8.750% 8.875% 8.875%
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Table 4. Cont.

Slurry Concentration (%) Cement-to-Tailings Ratio 4 h 8 h 12 h 24 h 36 h

67

1:4 3.375% 5.375% 6.125% 6.250% 6.250%
1:8 3.500% 5.500% 6.250% 6.375% 6.375%

1:12 3.500% 5.500% 6.350% 6.650% 6.650%
1:20 4.125% 6.375% 7.250% 7.750% 7.750%

69

1:4 2.500% 3.625% 4.375% 4.375% 4.375%
1:8 2.500% 3.875% 4.250% 4.500% 4.500%

1:12 2.625% 4.125% 4.750% 5.125% 5.125%
1:20 2.875% 4.250% 5.000% 5.250% 5.250%

71

1:4 2.250% 3.500% 3.875% 3.875% 3.875%
1:8 2.250% 3.375% 3.875% 4.000% 4.000%

1:12 2.250% 3.625% 4.125% 4.250% 4.250%
1:20 2.250% 3.625% 4.125% 4.375% 4.375%

Figure 3. Observation results of the shrinkage experiments on backfill slurry with different Cement-
to-tailings ratios and concentrations.

Through the 36 h sedimentation–shrinkage tests of the unsorted tailings backfill slurry,
the data were observed and recorded, and the results are presented in Table 4.

3.3. Analysis of Sedimentation–Shrinkage Characteristics and Influencing Factors

The variation curves of the shrinkage rate versus time for the unsorted tailings backfill
slurry with different cement-to-tailings ratios and slurry concentrations are shown in
Figure 4. As illustrated in Figure 4, within the first 8 h, the sedimentation of particles in
the backfill slurry is primarily governed by gravity. Owing to the high degree of particle
dispersion and relatively low sedimentation resistance, the settling velocity of the slurry
is relatively rapid. In this stage, coarse particles settle faster than fine particles, and the
sedimentation resistance gradually increases with the enhancement of cementation. After
8 h, the slope of the curves decreases significantly, indicating a reduction in the shrinkage
rate. After 12 h, the shrinkage rates of the slurries with a cement-to-tailings ratio of 1:4
and concentrations of 69% and 71% tend to stabilize, suggesting that the backfill body has
completed the cementation and solidification process. In contrast, the shrinkage rates of
the slurries with concentrations of 65% and 67% continue to increase slowly after 12 h,
indicating incomplete cementation and solidification. After 24 h, the shrinkage rates of
all slurries essentially stabilize, indicating that sedimentation has ceased. Furthermore,
the shrinkage rates of slurries at different concentrations all reach stability after 24 h, and
within the 0–36 h period, the rate of change in shrinkage rate gradually decreases over time.
The differences in shrinkage rate between the slurries with concentrations of 65% and 67%
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are relatively small, and similar observations apply to the slurries with concentrations of
69% and 71%.
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Figure 4. Time-Dependent Shrinkage Rate Curve of Total Backfill Slurry. (a) Cement-to-tailings ratio
1:4; (b) Cement-to-tailings ratio 1:8; (c) Cement-to-tailings ratio 1:12; (d) Cement-to-tailings ratio 1:20.

The variation curves of shrinkage rate with cement-to-tailings ratio for the unsorted
tailings backfill slurry are shown in Figure 5. As illustrated in Figure 5, the shrinkage
rate of the backfill slurry increases with decreasing cement-to-tailings ratio. For low-
concentration slurries, the shrinkage rate increases rapidly when the cement-to-tailings
ratio decreases from 1:12 to 1:20, whereas for high-concentration slurries, the increase rate
is relatively slow. With variations in the cement-to-tailings ratio, the shrinkage rate of
high-concentration slurries exhibits only minor changes, while that of low-concentration
slurries shows significant variations, indicating that the cement-to-tailings ratio exerts a
greater influence on the shrinkage rate of low-concentration slurries.
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Figure 5. Cement-to-tailings ratio-Dependent Shrinkage Rate Curve.
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The variation curves of shrinkage rate with slurry concentration for the unsorted
tailings backfill slurry are shown in Figure 6. As illustrated in Figure 6, at a given cement-to-
tailings ratio, the shrinkage rate decreases with increasing slurry concentration. When the
slurry concentration increases from 65% to 67%, the reduction in shrinkage rate is relatively
small. When the concentration increases from 67% to 69%, a more pronounced reduction
is observed. However, when the concentration further increases from 69% to 71%, the
reduction in shrinkage rate becomes relatively limited. Overall, the slurry concentration
exerts a significant influence on the shrinkage rate of the backfill slurry.

65 67 69 71
3

4

5

6

7

8

9

Sh
rin

ka
ge

 ra
te

/%

Slurry Concentration/%

 1：4
 1：8
 1：12
 1：20

Figure 6. Slurry Concentration-Dependent Shrinkage Rate Curve.

3.4. Binary Linear Regression Analysis of the Shrinkage Rate of Backfill Slurry

Based on the above analysis, the sedimentation and shrinkage behavior of the backfill
slurry essentially ceases after a curing time exceeding 24 h. Since the final shrinkage rate
is the primary concern in mine backfill operations, this study focuses on the effects of the
cement-to-tailings ratio and slurry concentration on the shrinkage rate. The variations
in shrinkage rate with cement-to-tailings ratio and slurry concentration are presented
in Figure 7.

Figure 7. Cement-to-tailings ratio and Slurry Concentration Co-Dependent Shrinkage Rate Diagram.
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A binary linear regression analysis was performed on the laboratory sedimentation–
shrinkage test dataset using SPSS software 26.0, with the cement-to-tailings ratio and
slurry concentration as independent variables and the shrinkage rate as the dependent
variable. The results are presented in Table 5. The regression model yielded a coefficient
of determination (R2) of 0.8000, indicating that the cement-to-tailings ratio and slurry
concentration together explain 80% of the variance in the shrinkage rate. The Durbin-
Watson (DW) statistic was 1.753, the F-value was 30.956, and the p-value was less than
0.05, confirming that the regression model satisfies the independence assumption and is
statistically valid.

Table 5. Binary linear regression analysis results.

Regression Model R2 Adjusted R2 Durbin-Watson (DW) F-Value Significance

1 0.826 0.800 1.753 30.956 0.000 b

b: The superscript indicates that the F-test is statistically significant (p < 0.05), confirming the validity of the
regression model.

The variance inflation factor (VIF) is an important diagnostic parameter in multi-
variate regression analysis, which is used to assess the degree of multicollinearity among
the independent variables in a regression model. Based on the 80 datasets from the
sedimentation–shrinkage tests, the coefficients of the binary linear regression model ob-
tained through SPSS software are presented in Table 6. In Table 6, the “B” column presents
the unstandardized regression coefficients, which represent the change in the dependent
variable (shrinkage rate) for a one-unit change in each independent variable in the original
measurement units. The “Standardized error” column represents the standard error of
each coefficient, indicating the precision of the estimate; smaller standard errors relative
to the coefficient magnitude indicate more reliable estimates. The “Beta” column presents
the standardized coefficients, which allow direct comparison of the relative importance of
each independent variable by removing the effects of different measurement scales. The “t”
values are calculated as B divided by Standardized error, and the “Significance” values in-
dicate the probability that each coefficient is actually zero. Smaller p-values (<0.05) indicate
statistically significant effects. The “Tolerance” and “VIF” are collinearity diagnostics, with
VIF values close to 1 indicating no multicollinearity issues. The VIF value is 1.000 for both
independent variables, indicating that there is no multicollinearity issue between the slurry
concentration and the cement-to-tailings ratio, and that the variances of the regression
coefficients are not inflated, confirming the stability of the model. Furthermore, the inde-
pendent variable of slurry concentration exerts a significant influence on the dependent
variable of shrinkage rate.

Table 6. Regression Model Coefficients.

Model

Unstandardized
Coefficients

Standardized
Coefficients

t Significance
Collinearity Statistics

B Standardized
Error Beta Tolerance VIF

1
Constant 46.573 5.187 8.978 0.000

Concentration −0.598 0.076 −0.907 −7.854 0.000 1.000 1.000
Cement-to-tailings ratio −0.261 0.556 −0.054 −0.470 0.646 1.000 1.000

The normal P-P plot of the standardized residuals is shown in Figure 8. The data points
are highly concentrated along the diagonal line, with no significant deviation or dispersion.
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The slope of the diagonal line is close to 1 and the intercept is close to 0, indicating that the
residual distribution conforms well to the standard normal distribution.

Figure 8. Normal P-P Plot.

To further quantify the reliability of the regression model, the 95% confidence intervals
(CIs) of the regression coefficients were calculated from the estimates and standard errors
in Table 6 with 13 degrees of freedom (t0.975,13 = 2.160). The 95% CI of the concentration
coefficient is [−0.762, −0.434], which excludes zero and confirms that the influence of
slurry concentration on the shrinkage rate is statistically robust; the 95% CI of the cement-
to-tailings-ratio coefficient is [−1.462, 0.940], which contains zero and is consistent with
its non-significant t-test result; and the 95% CI of the constant term is [35.367, 57.779].
In addition to the normal P-P plot, quantitative diagnostics of the model residuals were
performed. The Shapiro–Wilk test yielded W = 0.893 (p = 0.062 > 0.05), so the normality
assumption of the residuals is not rejected, and the Breusch–Pagan test yielded LM = 3.573
(p = 0.168 > 0.05), indicating no significant heteroscedasticity. An uncertainty analysis of
the fitted model shows that the residual standard error is approximately 0.68 percentage
points; accordingly, within the tested factor domain, the average half-width of the 95%
confidence interval for the fitted mean response is about 0.62 percentage points, and that of
the 95% prediction interval for a single new observation is about 1.60 percentage points
(at most 1.70 percentage points).

4. Shrinkage Rate Prediction Model Based on the CPO-BP
Neural Network
4.1. Principle of the CPO-BP Algorithm

The backpropagation (BP) neural network is a multilayer feedforward network with
an input layer, hidden layer, and output layer, which adaptively adjusts the weights and
biases of hidden layers through the error backpropagation mechanism [31,32]. The raw
data are transmitted forward through the input layer and transformed via distributed
representations in the hidden layer to generate the final output response. When the
network output deviates from the target values, the error signals are propagated backward
layer by layer, and the weight matrices are updated using gradient descent optimization,
thereby progressively establishing an adaptive mapping between the input and output
variables [33]. The schematic flowchart of the algorithm is presented in Figure 9.

The Crested Porcupine Optimizer (CPO) is a high-performance swarm intelligence-
based optimization algorithm that possesses strong global search capability and fast con-
vergence speed. It simulates various defensive behaviors of the crested porcupine in nature,
including visual defense, sound defense, odor defense, and physical attack [34].
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Figure 9. Backpropagation Neural Network Training Algorithm Flowchart.

In the CPO algorithm, population individuals are regarded as crested porcupines,
and the objective function value is considered as the level of threat. When an individual
is far from the predator, visual and sound strategies are employed for global exploration.
When the predator is in close proximity, odor defense and physical attack are adopted
for local exploitation. The defensive strategies are ranked from the least aggressive to the
most aggressive, as illustrated in Figure 10. In addition, the algorithm incorporates a cyclic
population reduction mechanism that retains superior individuals, eliminates inferior ones,
and generates new individuals, thereby balancing population diversity and convergence
speed. The CPO algorithm features few parameters, fast convergence, and strong global
search capability, making it suitable for complex nonlinear optimization problems.

The prediction accuracy of the BP neural network is highly dependent on the selection
of initial weights and biases, and random initialization can easily cause the model to fall
into local optima [35]. To overcome the performance limitations of the conventional BP
neural network caused by sensitivity to initial parameters, this study develops a crested
porcupine optimizer-backpropagation (CPO-BP) neural network optimization algorithm.
By incorporating the dynamic adaptive mechanism of the Crested Porcupine Optimizer
and leveraging its global search capability, the initial weights and biases of the BP neural
network are optimized. The dual characteristics of global exploration and local exploita-
tion effectively enhance the prediction accuracy of the model. The CPO-BP model was
implemented with a single hidden layer containing six neurons, as determined by prelimi-
nary experiments. The Tan-sigmoid function was selected as the activation function for
the hidden layer. The BP network was trained with a learning rate of 0.01 and a target
minimum error of 10−6. To prevent overfitting of the CPO algorithm, an early stopping
strategy was adopted.
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Figure 10. Crested Porcupine Defensive Strategies.

The procedure of the CPO-BP algorithm is as follows: the CPO algorithm is first
employed to initialize the weights and biases of the BP neural network; the BP network is
then trained and the error is calculated; subsequently, the error is used as the fitness function
of the CPO algorithm to update the positions and quill sizes of the crested porcupines; these
steps are repeated until the termination criterion is satisfied, as illustrated in Figure 11.

Figure 11. CPO-BP Algorithm Flowchart.

4.2. Shrinkage Rate Prediction Model

Based on the results of the sedimentation–shrinkage experiments, a total of 80 data
sets were obtained for neural network training, of which 70 sets were used for training and
10 sets for validation. The input layer nodes correspond to slurry concentration, cement-to-
tailings ratio, and curing time, while the output layer node corresponds to the shrinkage
rate. According to the universal approximation theorem, the model adopts a three-layer
neural network architecture with a single hidden layer.
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The number of neurons in the hidden layer exhibits a significant nonlinear correlation
with the generalization capability of the model, and its optimal configuration has not yet
been fully established through a complete mathematical description. Empirical formulas
are generally employed for estimation. In this study, the number of hidden layer nodes
was calculated using Equation (2) in MATLAB (R2024a). The mean squared error (MSE) on
the training set was computed for each of the 10 candidate node counts, and the number of
neurons that yielded the minimum MSE was ultimately selected as the optimal value.

h =
√

i + o + f (2)

where

h—There are h neurons in the hidden layer;
i—There are i neurons in the input layer;
o—There are o neurons in the output layer;
f — f is an empirical constant, generally ranging from 1 to 10.

The activation function is a key computational mechanism acting on neurons
in the neural network. In this study, the Tan-sigmoid function was selected as the
activation function.

In general, the training and validation samples involve multiple parameters with
considerable variations in their data ranges. Given the specific requirements of the ac-
tivation function regarding the input and output ranges, data normalization is essential
during the model training stage. In this study, data preprocessing was performed using the
mapminmax function built into MATLAB. Specifically, the input dataset was normalized to
the range [0, 1], while the output data were normalized to [−1, 1]. The normalized results
of the sample data are presented in Table 7.

Table 7. Sample Normalization Table.

Slurry Con-
centration

Cement-to-
Tailings Ratio

Curing
Time

Shrinkage
Rate

Slurry Con-
centration

Cement-to-
Tailings Ratio

Curing
Time

Shrinkage
Rate

0.00 1.00 0.00 −0.32 0.67 1.00 0.00 −0.92
0.00 1.00 0.13 0.21 0.67 1.00 0.13 −0.58
0.00 1.00 0.25 0.32 0.67 1.00 0.25 −0.36
0.00 1.00 0.63 0.36 0.67 1.00 0.63 −0.36
0.00 1.00 1.00 0.36 0.67 1.00 1.00 −0.36
0.00 0.38 0.00 −0.28 0.67 0.38 0.00 −0.92
0.00 0.38 0.13 0.25 0.67 0.38 0.13 −0.51
0.00 0.38 0.25 0.36 0.67 0.38 0.25 −0.40
0.00 0.38 0.63 0.43 0.67 0.38 0.63 −0.32
0.00 0.38 1.00 0.43 0.67 0.38 1.00 −0.32
0.00 0.17 0.00 −0.21 0.67 0.17 0.00 −0.89
0.00 0.17 0.13 0.28 0.67 0.17 0.13 −0.43
0.00 0.17 0.25 0.40 0.67 0.17 0.25 −0.25
0.00 0.17 0.63 0.51 0.67 0.17 0.63 −0.13
0.00 0.17 1.00 0.51 0.67 0.17 1.00 −0.13
0.00 0.00 0.00 −0.09 0.67 0.00 0.00 −0.81
0.00 0.00 0.13 0.70 0.67 0.00 0.13 −0.40
0.00 0.00 0.25 0.96 0.67 0.00 0.25 −0.17
0.00 0.00 0.63 1.00 0.67 0.00 0.63 −0.09
0.00 0.00 1.00 1.00 0.67 0.00 1.00 −0.09
0.33 1.00 0.00 −0.66 1.00 1.00 0.00 −1.00
0.33 1.00 0.13 −0.06 1.00 1.00 0.13 −0.62
0.33 1.00 0.25 0.17 1.00 1.00 0.25 −0.51
0.33 1.00 0.63 0.21 1.00 1.00 0.63 −0.51
0.33 1.00 1.00 0.21 1.00 1.00 1.00 −0.51
0.33 0.38 0.00 −0.62 1.00 0.38 0.00 −1.00
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Table 7. Cont.

Slurry Con-
centration

Cement-to-
Tailings Ratio

Curing
Time

Shrinkage
Rate

Slurry Con-
centration

Cement-to-
Tailings Ratio

Curing
Time

Shrinkage
Rate

0.33 0.38 0.13 −0.02 1.00 0.38 0.13 −0.66
0.33 0.38 0.25 0.21 1.00 0.38 0.25 −0.51
0.33 0.38 0.63 0.25 1.00 0.38 0.63 −0.47
0.33 0.38 1.00 0.25 1.00 0.38 1.00 −0.47
0.33 0.17 0.00 −0.62 1.00 0.17 0.00 −1.00
0.33 0.17 0.13 −0.02 1.00 0.17 0.13 −0.58
0.33 0.17 0.25 0.24 1.00 0.17 0.25 −0.43
0.33 0.17 0.63 0.33 1.00 0.17 0.63 −0.40
0.33 0.17 1.00 0.33 1.00 0.17 1.00 −0.40
0.33 0.00 0.00 −0.43 1.00 0.00 0.00 −1.00
0.33 0.00 0.13 0.25 1.00 0.00 0.13 −0.58
0.33 0.00 0.25 0.51 1.00 0.00 0.25 −0.43
0.33 0.00 0.63 0.66 1.00 0.00 0.63 −0.36
0.33 0.00 1.00 0.66 1.00 0.00 1.00 −0.36

A total of 70 data sets from the overall dataset were used for network weight training,
while the remaining 10 data sets were reserved to validate the engineering applicability of
the model. The number of hidden layer nodes was calculated using Equation (2), yielding a
range of 3 to 12. The learning rate was set to 0.01, and the target minimum error for training
was set to 10−6. The mean squared error (MSE) on the training set was computed for each
candidate number of hidden layer nodes using MATLAB. A comparison of the MSE values
is presented in Figure 12. The optimal number of hidden layer nodes was 6, at which the
training set MSE reached its minimum value of 2.8742 × 10−6.

Figure 12. Mean Squared Error Comparative Plot.

The prediction performance of both the BP neural network-based and the CPO-BP
neural network-based shrinkage rate prediction models was evaluated using three metrics:
mean squared error (MSE), mean absolute error (MAE), and coefficient of determination
(R2). A comparison of the performance of the two models on the test set is presented in
Table 8. The MSE and MAE reported in Table 8 were calculated based on the normalized
output data, and thus are dimensionless. RMSE values have also been added to Table 8
for reference. And the predicted versus actual values are shown in Figure 13. As shown in
Figure 13, the MSE on the training set decreases with increasing hidden layer nodes up to
6, reaching its minimum at 6 nodes, and then exhibits a peak at 11 nodes. This trend can be
explained as follows: when the number of hidden layer nodes is insufficient, the network
lacks the capacity to capture the complex nonlinear relationships in the data. Increasing
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the number of nodes up to 6 enhances the network’s representational ability, leading to
lower prediction errors. Beyond the optimal number of nodes (6), the network becomes
increasingly overparameterized, and the increased model complexity leads to a rise in pre-
diction error, as observed at 11 nodes. Based on the above analysis, it can also be concluded
that six nodes represent the optimal number of hidden layer nodes for the CPO-BP model,
which is consistent with the result shown in Figure 12. As can be observed from Table 8 and
Figure 13, the BP neural network model exhibited significant deviations from the actual
values for samples 8, 9, and 10 in the test set, indicating relatively low prediction accuracy.
In contrast, the CPO-BP neural network model demonstrated a significant performance
advantage over the BP model: the MSE decreased from 9.0044 × 10−6 to 3.0767 × 10−6, the
MAE decreased from 2.2779 × 10−3 to 1.4528 × 10−3, and the R2 increased from 0.85208 to
0.94946. These results indicate that the CPO-BP neural network model possesses satisfac-
tory accuracy and generalization capability, and can effectively predict the shrinkage rate
of backfill slurry in mine stopes.

Table 8. Model Performance Comparison Table.

Model MSE RMS MAE R2

BP 9.0044 × 10−6 3.001 × 10−3 2.2779 × 10−3 0.85208
CPO-BP 3.0767 × 10−6 1.754 × 10−3 1.4528 × 10−3 0.94946

Figure 13. Test Set Predictive Results Comparative Plot.

It should be noted that the proposed CPO-BP model was developed using a limited
dataset of 80 samples from a single mine site, with only three input variables (slurry
concentration, cement-to-tailings ratio, and curing time) considered. This may restrict
the generalizability of the model to other tailing types or field conditions. A more com-
prehensive evaluation of the model’s robustness and generalization capability, including
cross-validation and comparison with other machine learning methods, is presented in
Section 4.3.

4.3. Cross-Validation and Comparison with Other Prediction Models

Considering that the prediction model was developed from a limited dataset
of 80 experimental samples, the robustness and generalization capability of the proposed
CPO-BP model were further examined by repeated k-fold cross-validation, and its perfor-
mance was benchmarked against several widely used prediction models, namely the GA-BP
and PSO-BP neural networks, random forest (RF) [36], support vector regression (SVR) [37],
and extreme gradient boosting (XGBoost) [38]. A repeated five-fold cross-validation scheme
(five random repetitions, 25 training–validation folds in total) was adopted, so that ev-
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ery sample was used for validation five times and each fold contained about 64 training
samples and 16 validation samples. The GA-BP, PSO-BP, and CPO-BP models shared the
same network architecture, normalization method, and training settings as described in
Section 4.2, with a population size of 30 and 60 iterations for the meta-heuristic optimizers;
the hyperparameters of the SVR model (penalty coefficient, kernel width, and insensitive-
loss margin) were tuned by grid search with an inner three-fold cross-validation, and the
RF and XGBoost models each used 300 trees. The evaluation metrics (MSE, MAE, and R2)
were computed on the validation fold of each split, and the mean ± standard deviation
over the 25 folds are reported in Table 9.

Table 9. Repeated five-fold cross-validation performance of different prediction models (mean ±
standard deviation over 25 folds).

Model MSE MAE R2

BP 5.10 × 10−6 ± 2.65 × 10−6 1.737 × 10−3 ± 0.382 × 10−3 0.9790 ± 0.0122
GA-BP 6.13 × 10−6 ± 4.70 × 10−6 1.793 × 10−3 ± 0.638 × 10−3 0.9716 ± 0.0338
PSO-BP 6.13 × 10−6 ± 3.83 × 10−6 1.858 × 10−3 ± 0.516 × 10−3 0.9742 ± 0.0188
CPO-BP 5.13 × 10−6 ± 3.11 × 10−6 1.740 × 10−3 ± 0.464 × 10−3 0.9789 ± 0.0142

RF 6.55 × 10−6 ± 4.27 × 10−6 1.763 × 10−3 ± 0.570 × 10−3 0.9740 ± 0.0158
SVR 24.55 × 10−6 ± 25.32 × 10−6 3.645 × 10−3 ± 1.652 × 10−3 0.9091 ± 0.0734

XGBoost 2.61 × 10−6 ± 2.34 × 10−6 1.014 × 10−3 ± 0.355 × 10−3 0.9885 ± 0.0130

As shown in Table 9, all of the investigated models achieve satisfactory average
accuracy on this dataset (mean R2 > 0.90), indicating that the experimental dataset, although
limited in size, exhibits a consistent and learnable mapping between the mix parameters
and the shrinkage rate. Among the neural-network-based models, the CPO-BP model
attains a mean R2 of 0.9789 ± 0.0142, outperforming the GA-BP and PSO-BP models in
both average accuracy and fold-to-fold stability and performing on par with the fully
trained BP baseline; this indicates that the benefit of the CPO initialization lies mainly in
reducing the sensitivity of the network to its initial weights, thereby avoiding the occasional
convergence to poor local optima that was observed for the conventional BP model in the
fixed-split evaluation of Table 8. The RF and SVR models yield lower average accuracy
than the CPO-BP model, whereas the XGBoost model achieves the lowest average errors
(MSE of 2.61 × 10−6 and R2 of 0.9885) on this regularly gridded dataset, reflecting the
well-known strength of gradient-boosted trees on small tabular datasets. Nevertheless,
tree-based models produce piecewise-constant response surfaces, which restricts their
ability to represent the smooth and monotonic dependence of the shrinkage rate on slurry
concentration and cement-to-tailings ratio when interpolating at untested factor levels—an
ability that is essential for the continuous process optimization in Section 5. Taking the
prediction accuracy, cross-validation stability, and smoothness of the fitted response surface
into account, the CPO-BP model was retained for the optimization of the roof-contact
backfilling scheme.

5. Optimization of the Roof-Contact Backfilling Scheme
The mining method adopted at the Daye Iron Mine is the sublevel open stopping with

subsequent backfill method, with the extraction sequence following an alternating pattern
of mining one stope while leaving the adjacent one unmined. Currently, the orebody at
the −270 m to −360 m level is being extracted, while the −180 m to −270 m level has been
fully mined out. In the −180 m to −270 m level, the stopes are divided from west to east
into 10 ore blocks, each consisting of ore rooms and pillars. The sublevel height is 90 m, the
ore block length ranges from 30 m to 45 m, and both the ore rooms and pillars are 15 m in
width. Due to the increase in sublevel height (from 60 m to 90 m) and the greater mining
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depth, the backfill body in the ore rooms has failed to make full contact with the roof, as
illustrated in Figure 14.

 

Figure 14. Schematic Diagram of Backfill Failure to Reach the Stope Roof in Daye Iron Mine.

The Daye Iron Mine employs a cemented backfilling process for backfilling the goaves,
in which cementitious materials are mixed with aggregates to form a high-strength backfill
body after curing, effectively supporting the surrounding rock structure and controlling
ground pressure. The typical goaves currently being mined are Stope #3 and Stope #4,
and their cross-sections are shown in Figure 15. Stope #3 is approximately 40 m in length,
15 m in width, and 75 m in height, with an orebody dip angle of about 60◦. Stope #4 is
approximately 90 m in length, 15 m in width, and 75 m in height, with an orebody dip
angle of about 70◦.

(a) (b) 

Figure 15. Cross-section of the goaf. (a) Stope #3, western district; (b) Stope #4, western district.

In the current backfilling scheme at the Daye Iron Mine, the cement-to-tailings ratio is
1:4 for backfilling the ore rooms and 1:20 for backfilling the pillars, with a slurry concentra-
tion of approximately 65%. Previous studies have shown that the 65% concentration slurry
exhibits excellent fluidity but suffers from a relatively high shrinkage rate [39,40]. Field
investigations indicate that the average roof-contact rate in the ore rooms of the eastern
district is only 63.33%, while that in the western district is even lower, at less than 60%.
Therefore, reducing the shrinkage rate of the backfill slurry is of critical importance.

The sedimentation–shrinkage test results indicate that the final shrinkage rate of the
65% concentration slurry after 36 h ranges from 6.75% to 8.75% (for cement-to-tailings ratios
of 1:4 to 1:20), which is one of the primary reasons for the low roof-contact rate in the stopes.
To reduce the shrinkage rate of the backfill slurry, it is necessary to increase the slurry
concentration. The sedimentation–shrinkage test results, combined with the spreadability
test data, show that increasing the concentration to 71% reduces the final shrinkage rate to
3.875–4.375%. When the concentration exceeds 71%, the shrinkage rate varies only slightly;
however, the fluidity deteriorates significantly, rendering gravity-flow transport infeasible.
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When the concentration is below 69%, the fluidity is relatively good, but the shrinkage rate
remains high. Considering both the sedimentation–shrinkage characteristics and transport
requirements, the optimal slurry concentration for the Daye Iron Mine is recommended to
be in the range of 69–71%.

Using the optimized concentration range of 69–71% for backfilling, the shrinkage rate
was predicted using the CPO-BP neural network model. A comparison of the backfill
performance before and after optimization for cement-to-tailings ratios of 1:4 and 1:20 is
presented in Table 10. It can be observed that after optimization, with a slurry concentration
of 69–71%, the shrinkage rate was reduced by 2.375% to 3.875%, the shrinkage height
was reduced by 1.78 to 2.91 m, and the roof-contact rate exceeded 90%. Therefore, it is
recommended that the slurry concentration at the Daye Iron Mine be controlled within
the range of 69–71%. The standard deviation of the CPO-BP-predicted shrinkage rates
over ten independently trained models was within 0.07 percentage points (see Section 4.3),
indicating that the optimization results in Table 10 are insensitive to the randomness of
model training.

Table 10. Comparison table of optimization effects.

Cement-to-
Tailings Ratio

Shrinkage Rate (%) Shrinkage Height (m) Roof-Contact
Rate (%)Before Optimization After Optimization Before Optimization After Optimization

1:4 6.75 3.875~4.375 5.06 2.91~3.28 95.63~96.13
1:20 8.75 4.875~5.25 6.56 3.656~3.938 94.75~95.13

It should be noted that, due to the current mining schedule at the Daye Iron Mine,
no stopes were available for immediate field backfilling trials during the course of this
study. Therefore, full-scale industrial validation of the proposed concentration increase and
pipeline spacing optimization could not be conducted. Nevertheless, the laboratory experi-
ments and numerical simulations provide strong evidence for the expected improvement.
Field verification of the optimized scheme is currently being planned and will be carried
out in the upcoming mining phase.

6. Conclusions
Based on the sedimentation–shrinkage test results of the unsorted tailings backfill

slurry, this study analyzed the sedimentation–shrinkage characteristics and influencing
factors, developed a CPO-BP neural network-based prediction model, and performed opti-
mization simulations on the pipeline spacing at the Daye Iron Mine. The main conclusions
are as follows:

1. The sedimentation–shrinkage tests of the unsorted tailings backfill slurry revealed
that the shrinkage rate increased rapidly within the first 8 h of curing time, and then
decreased significantly between 8 and 12 h. After 12 h, the shrinkage rates of the
slurries with concentrations of 69% and 71% tended to stabilize, while those of the
slurries with concentrations of 65% and 67% continued to increase slowly. No further
changes were observed after 24 h.

2. At a given concentration, the shrinkage rate increased with decreasing cement-to-
tailings ratio, and this trend was more pronounced in low-concentration slurries. At
a given cement-to-tailings ratio, the shrinkage rate decreased with increasing slurry
concentration. Binary linear regression analysis revealed that the slurry concentration
exerted a significantly greater influence on the shrinkage rate than the cement-to-
tailings ratio, with a coefficient of determination (R2) of 0.800.

3. The CPO-BP neural network-based shrinkage rate prediction model exhibited ex-
cellent performance, achieving an MSE of 3.0767 × 10−6, an MAE of 1.4528 × 10−3,
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and an R2 of 0.94946 on the test set, significantly outperforming the conventional
BP neural network. Repeated five-fold cross-validation and comparisons with the
GA-BP, PSO-BP, random forest, SVR, and XGBoost models further confirmed the
robustness of the proposed model, which achieved a mean R2 of 0.9789 ± 0.0142
over 25 validation folds, outperforming the GA-BP, PSO-BP, RF, and SVR models and
performing comparably to the gradient-boosting model while providing a smooth
response surface suitable for backfilling process optimization. This demonstrates that
the proposed model can effectively predict the shrinkage rate of unsorted tailings
backfill slurry.

4. Based on the sedimentation–shrinkage test results and the predictions of the CPO-
BP neural network model, increasing the slurry concentration from 65% to 69–71%
resulted in a reduction of the shrinkage rate by 2.375% to 3.875%, a decrease in the
shrinkage height by 1.78 to 2.91 m, and an improvement of the roof-contact rate to
over 90%.

5. Several limitations of this study should be acknowledged. The proposed CPO-BP
model was developed using a limited dataset of 80 samples from a single mine site,
with only three input variables considered. This may restrict the model’s generaliz-
ability to other tailings types or field conditions. Additionally, independent replicate
experiments were not performed for each mix proportion, although measurement
reliability was enhanced through standardized procedures and four-orientation aver-
aging. Future work will focus on expanding the experimental database with a wider
range of tailings sources and conditions, incorporating additional influencing factors
such as particle size distribution and binder type, and conducting field validation of
the optimized backfilling scheme.

Author Contributions: Conceptualization, H.H.; methodology, Y.T. and X.H.; validation, H.H., J.C.
and Y.D.; formal analysis, H.L., X.H., J.C. and Y.D.; investigation, Y.T.; data curation, H.L., X.H.,
J.C. and Y.D.; writing—original draft preparation, X.H., J.C. and Y.D.; writing—review and editing,
H.L. and Y.T.; visualization, H.L. and Y.T.; supervision, H.H.; project administration, H.H. and Y.T.;
funding acquisition, Y.T. All authors have read and agreed to the published version of the manuscript.

Funding: This research was funded by the General Program of the National Natural Science Founda-
tion of China, “Blastability and Blasting Damage Mechanism of Freeze-Thaw Rock Mass in Open-Pit
Mines in Cold Regions” (Grant No. 52374081).

Institutional Review Board Statement: Not applicable.

Informed Consent Statement: Not applicable.

Data Availability Statement: The original contributions presented in the study are included in the
article, further inquiries can be directed to the corresponding author.

Conflicts of Interest: Author Xu Huang was employed by the company Nanchang Branch, Beijing
Sloco Resource Technology Co., Ltd. The remaining authors declare that the research was conducted
in the absence of any commercial or financial relationships that could be construed as a potential
conflict of interest.

References
1. Cao, S.; Yilmaz, E.; Song, W. Evaluation of Viscosity, Strength and Microstructural Properties of Cemented Tailings Backfill.

Minerals 2018, 8, 352. [CrossRef]
2. Qi, C.; Fourie, A. Cemented paste backfill for mineral tailings management: Review and future perspectives. Miner. Eng. 2019,

144, 106025. [CrossRef]
3. Yan, Z. Mechanical Behavior and Roof-Contact Control Mechanism of Prestressed Filling in the Deep Mine; University of Science and

Technology Beijing: Beijing, China, 2025. [CrossRef]

https://doi.org/10.3390/app16157562

https://doi.org/10.3390/min8080352
https://doi.org/10.1016/j.mineng.2019.106025
https://doi.org/10.26945/d.cnki.gbjku.2025.000220
https://doi.org/10.3390/app16157562


Appl. Sci. 2026, 16, 7562 20 of 21

4. Guo, L.; Liu, G.; Ma, Q.; Chen, X. Research progress on mining with backfill technology of underground metalliferous mine. J.
China Coal Soc. 2022, 47, 4182–4200. [CrossRef]

5. Liu, W.; Lai, W.; Wang, X.; Jiang, S. Research on roof-contact backfilling technology in underground mines. Min. Technol. 2017, 17,
14–16. [CrossRef]

6. Xu, B.; Lu, B.; Wang, Y.; Wang, Z. Analysis of deformation characteristics of immediate roof based on filling rate and time effect.
Arab. J. Geosci. 2022, 15, 303. [CrossRef]

7. Lu, Y.; Chen, J.; Jiang, Q.; Chen, Q. Research on the Rate of Roof-contacted Filling and the Load-bearing Properties of Filling Body.
Min. Res. Dev. 2011, 31, 18–21. [CrossRef]

8. Chen, F.; Liu, J.; Zhang, X.; Wang, J.; Jiao, H.; Yu, J. Review on the Art of Roof Contacting in Cemented Waste Backfill Technology
in a Metal Mine. Minerals 2022, 12, 721. [CrossRef]

9. Cao, Z.; Liu, B.; Li, X.; Li, D.; Dong, L. Experimental Study on Backfilling Mine Goafs with Chemical Waste Phosphogypsum.
Geofluids 2019, 2019, 9218916. [CrossRef]

10. Liu, Q.; Ou, R.; Lin, W.; Zheng, H. Effect of Roof-Contact Rate on Stability of Backfill. Min. Metall. Eng. 2020, 40, 22–26. [CrossRef]
11. Yan, B.; Ren, F.; Cai, M.; Qiao, C. Influence of new hydrophobic agent on the mechanical properties of modified cemented paste

backfill. J. Mater. Res. Technol. 2019, 8, 5716–5727. [CrossRef]
12. Ba, L.; Wei, H.; Wen, Z.; Gao, Q.; Wang, Y. Optimization Proportioning Test on Mixed Aggregate of Waste Rock and Copper Slag

Tailings. Min. Res. Dev. 2020, 40, 31–37. [CrossRef]
13. Fang, Z. Investigation on the Flow and Settlement Law of Ice-Containing Cemented Paste Backfill Slurry in High Temperature and Deep

Well; Xi’an University of Science and Technology: Xi’an, China, 2020. [CrossRef]
14. He, T.; Cai, M.; Shi, C.; Zhang, Z.; He, Q. Effect of Naphthalene-based Superplasticizer on the Performances of Different Types of

Tailings Backfill Materials. Bull. Chin. Ceram. Soc. 2015, 34, 280–285. [CrossRef]
15. Xu, Y.; Deng, B. Bleeding Characteristics of Coarse Aggregate Filling Slurry and Its Influence on the Performance of Backfill. Met.

Mine 2022, 11, 271–276. [CrossRef]
16. Wang, Y.; Wu, A.; Zhang, L.; Wang, H.; Jin, F. Investigation of the Sedimentation Property of Backfill Material on the Basis of

Rheological Test: A Case Study of Iron Tailings. J. Chem. 2018, 2018, 9530767. [CrossRef]
17. Deng, D.; Han, H.; Wang, L.; Yang, Y.; He, Y. Analysis on Bleeding and Setting Performance of Filling Slurry. Min. Res. Dev. 2012,

32, 15–17. [CrossRef]
18. Sun, C.; Yu, Y.; Wei, X. Experimental study on the shrinkage performance of backfill slurry. Min. Metall. 2021, 30, 16–19. [CrossRef]
19. Yang, L.; Zhou, X. Analysis of Shrinkage and Bleeding Characteristics of Backfill Slurry. Min. Technol. 2013, 13, 32–33. [CrossRef]
20. Wu, Q.; Qiao, D.; Zhang, X. Research on the shrinkage of tailings and its influence factors. Gold 2015, 36, 37–40. [CrossRef]
21. Shao, X.; Tian, C.; Liu, L.; Tang, R.; Li, L.; Duan, M.; Wang, L. Flow settlement law of gangue paste-like filling slurry in

roomand-pillar goaf. Coal Sci. Technol. 2025, 5, 202−219. [CrossRef]
22. Hou, Y.; Peng, B.; Wang, B.; Liu, H.; Wang, Y.; Shi, S. Study on settling performance of total tailings slurry mixed with cement in

Xishimen iron mine. China Min. Mag. 2013, 22, 84–87. [CrossRef]
23. Lu, Y.; Gan, D.; Xiang, W.; Lian, H.; Liu, Z.; Yang, Z.; Wang, L. Flow Settlement Law and Construction Parameter Optimization of

Filling Slurry in High Stage Stope of Zhongguan Iron Mine. Met. Mine 2024, 12, 173–180. [CrossRef]
24. Lu, H.; Liang, P.; Gan, D.; Zhang, S. Research on flow sedimentation law of filling slurry and mechanical characteristics of backfill

body. Rock Soil Mech. 2017, 38, 263–270. [CrossRef]
25. Wang, Y.; Na, Q.; Zhang, L. Monitoring of in-situ properties for cemented tailings backfill that under drainage condition. Constr.

Build. Mater. 2022, 356, 129254. [CrossRef]
26. Cao, Y.; Wang, Y.; Li, J.; Wang, H.; Jin, F. Effect of curing humidity on the deformation and mechanical properties of cemented

paste backfill. Int. J. Min. Reclam. Environ. 2023, 37, 904–926. [CrossRef]
27. Wang, L.; Cheng, L.; Yin, S.; Chen, J. Flocculation, dewatering and sedimentation behaviour of mine backfill slurry in deep cone

thickener (DCT). J. Environ. Chem. Eng. 2024, 12, 2213–3437. [CrossRef]
28. Rumelhart, D.; Hinton, G.; Williams, R. Learning representations by back-propagating errors. Nature 1986, 323, 533–536.

[CrossRef]
29. Sexton, R.; Gupta, J. Comparative evaluation of genetic algorithm and backpropagation for training neural networks. Inf. Sci.

2000, 129, 45–59. [CrossRef]
30. Abdel-Basset, M.; Mohamed, R.; Abouhawwash, M. Crested Porcupine Optimizer: A new nature-inspired metaheuristic.

Knowl.-Based Syst. 2024, 284, 111257. [CrossRef]
31. Zhang, S.; Yang, C.; Zhao, D. Study on Compressive Strength Prediction of Steel Fiber Recycled Aggregate Concrete Based on

GA–PSO–BP Neural Network. Buildings 2026, 16, 2316. [CrossRef]
32. Xu, Y.; Mao, J.; Zhuge, W.; Yu, X.; Wu, P. Prediction and Evaluation of Hardened Concrete Strength: Based on Machine Learning and

Mixture Composition; Springer: Singapore, 2026; pp. 41–63. [CrossRef]

https://doi.org/10.3390/app16157562

https://doi.org/10.13225/j.cnki.jccs.2022.0720
https://doi.org/10.13828/j.cnki.ckjs.2017.05.006
https://doi.org/10.1007/s12517-022-09465-w
https://doi.org/10.13827/j.cnki.kyyk.2011.05.016
https://doi.org/10.3390/min12060721
https://doi.org/10.1155/2019/9218916
https://doi.org/10.3969/j.issn.0253-6099.2020.01.005
https://doi.org/10.1016/j.jmrt.2019.09.039
https://doi.org/10.13827/j.cnki.kyyk.2020.02.006
https://doi.org/10.27397/d.cnki.gxaku.2020.000373
https://doi.org/10.16552/j.cnki.issn1001-1625.2015.01.030
https://doi.org/10.19614/j.cnki.jsks.202211036
https://doi.org/10.1155/2018/9530767
https://doi.org/10.13827/j.cnki.kyyk.2012.02.015
https://doi.org/10.3969/j.issn.1005-7854.2021.06.003
https://doi.org/10.13828/j.cnki.ckjs.2013.03.019
https://doi.org/10.11792/hj20150909
https://doi.org/10.12438/cst.2023-1969
https://doi.org/10.3969/j.issn.1004-4051.2013.11.020
https://doi.org/10.19614/j.cnki.jsks.202412020
https://doi.org/10.16285/j.rsm.2017.S1.032
https://doi.org/10.1016/j.conbuildmat.2022.129254
https://doi.org/10.1080/17480930.2023.2252272
https://doi.org/10.1016/j.jece.2024.112168
https://doi.org/10.1038/323533a0
https://doi.org/10.1016/S0020-0255(00)00068-2
https://doi.org/10.1016/j.knosys.2023.111257
https://doi.org/10.3390/buildings16122316
https://doi.org/10.1007/978-981-96-8237-9
https://doi.org/10.3390/app16157562


Appl. Sci. 2026, 16, 7562 21 of 21

33. Ji, J.; Xiao, X.; Yang, P.; Liu, Y.; Zhou, Y. Application of a GA-BP Neural Network in Accurately Characterizing the Diffusion
Range of Groundwater Pollutants. Rock Miner. Anal. 2025, 44, 406−419. [CrossRef]

34. He, W.; Wang, J.; Zhan, H.; Wang, H. Experimental investigation and GA-BP prediction of vertical tensile performance of
laminated rubber bearings under shear deformation. J. Vib. Eng. 2026, 39, 1516–1523. [CrossRef]

35. Han, N.; Hao, Y.; Ning, Y.; Zhang, Y.; Bian, X. The Denoising Methodology for In-Situ Infrared Spectroscopy Based on CPO-VMD.
Chin. J. Inorg. Anal. Chem. 2026, 16, 312–324. [CrossRef]

36. Breiman, L. Random Forests. Mach. Learn. 2001, 45, 5–32. [CrossRef]
37. Smola, A.J.; Schölkopf, B. A tutorial on support vector regression. Stat. Comput. 2004, 14, 199–222. [CrossRef]
38. Chen, T.; Guestrin, C. XGBoost: A Scalable Tree Boosting System. In Proceedings of the 22nd ACM SIGKDD International

Conference on Knowledge Discovery and Data Mining, San Francisco, CA, USA, 13–17 August 2016; pp. 785–794. [CrossRef]
39. Qi, W.; Guo, M.; Tan, Y.; Zhang, C. Gravity Transport Parameter Analysis and Pipe Network Wear Law of Filling Pipeline in Daye

Iron Mine. Min. Res. Dev. 2021, 41, 164–169. [CrossRef]
40. Guo, M.; Tan, Y.; Chu, L.; Zhou, J. Analysis of Gravity Flow Pipeline Transportation and Pipeline Wear for an Iron Mine. Min.

Metall. Eng. 2022, 42, 39–43. [CrossRef]

Disclaimer/Publisher’s Note: The statements, opinions and data contained in all publications are solely those of the individual
author(s) and contributor(s) and not of MDPI and/or the editor(s). MDPI and/or the editor(s) disclaim responsibility for any injury to
people or property resulting from any ideas, methods, instructions or products referred to in the content.

https://doi.org/10.3390/app16157562

https://doi.org/10.15898/j.ykcs.202409280204
https://doi.org/10.16385/j.cnki.issn.1004-4523.202404076
https://doi.org/10.20236/j.CJIAC.2026.02.014
https://doi.org/10.1023/A:1010933404324
https://doi.org/10.1023/B:STCO.0000035301.49549.88
https://doi.org/10.1145/2939672.2939785
https://doi.org/10.13827/j.cnki.kyyk.2021.06.028
https://doi.org/10.3969/j.issn.0253-6099.2022.05.009
https://doi.org/10.3390/app16157562

	Introduction 
	Basic Physicochemical Properties of Unsorted Tailings Backfill Slurry 
	Sedimentation–Shrinkage Experiment on Unsorted Tailings Backfill Slurry 
	Experimental Scheme 
	Analysis of the Shrinkage Rate of Unsorted Tailings Backfill Slurry 
	Analysis of Sedimentation–Shrinkage Characteristics and Influencing Factors 
	Binary Linear Regression Analysis of the Shrinkage Rate of Backfill Slurry 

	Shrinkage Rate Prediction Model Based on the CPO-BP Neural Network 
	Principle of the CPO-BP Algorithm 
	Shrinkage Rate Prediction Model 
	Cross-Validation and Comparison with Other Prediction Models 

	Optimization of the Roof-Contact Backfilling Scheme 
	Conclusions 
	References

