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Abstract
Traditional mining methods damage the cultivated land and produce gangue waste that often contaminates the environment. 
Yet, these problems can be mitigated by transforming the waste into gangue-based cemented backfill material (GCBM), 
whose mechanical properties are crucial for surface protection. Therefore, in this study, an intelligent model based on 
laboratory tests was developed to evaluate the GCBM’s mechanical properties. The strength tests and polynomial response 
surface model (PRSM) were used to analyze the non-linear correlation between the influencing factors and the uniaxial 
compressive strength (UCS). Meanwhile, the importance of multidimensional factors was analyzed by the mean impact 
value, revealing that concentration and gangue proportion are the most sensitive factors. In addition, an intelligent response 
surface model (IRSM) based on support vector regression model was constructed by enhancing an optimization algorithm 
with chaotic mapping and adaptive methods. The performance of the traditional PRSM and the novel IRSM was compared, 
and the IRSM was validated. The IRSM can predict UCS more efficiently and effectively than the traditional PRSM under 
high-dimensional factors, with R2 of 0.96 and MBE of 0.05. This indicated that the IRSM has the potential to promote coal 
mine waste reduction and environmental protection.

Keywords Mine waste disposal · Gangue-based cemented backfill material · Green mining · Backfill mining · Intelligent 
optimization algorithm · Support vector regression

Introduction

Underground coal mining leads to three significant envi-
ronmental issues: surface subsidence, cultivated land occu-
pation, and waste discharge (Gao et al. 2021). As shown 
in Fig. 1a and b, after sorting the raw coal, the remaining 
gangue is usually stacked on the surface. This leads to arable 
land occupation and environmental pollution (Czech et al. 
2020). Moreover, when the coal is extracted, the rock above 

will sink, resulting in surface cracks and subsidence (Huang 
et al. 2022; Zhang et al. 2023), as shown in Fig. 1c. These 
issues pose a severe threat to the environment. In contrast, 
cemented paste backfill (CPB) can consume waste (Tariq 
and Yanful 2013) and avoid the overlying rock movement 
by backfilling the waste into the mined-out areas (Yilmaz 
et al. 2014). This technology has been used in China (Yang 
et al. 2021), Germany (Ermolovich et al. 2022), Canada 
(Jafari et al. 2021; Correia et al. 2021), Australia (Doherty 
et al. 2015), India (Behera et al. 2020), Russia (Khayrutdi-
nov et al. 2020), and Turkey (Cavusoglu et al. 2021). Coal 
mines in China have adopted a gangue-based cemented paste 
backfill (GCPB) technology, whose principle Fig. 1 illus-
trates. After the raw coal is transported from the short wall 
working face, the fine coal and gangue are separated through 
underground beneficiation system. The fine coal is trans-
ported to the surface through the shaft, while the gangue 
is crushed and returned to the short wall working face (red 
line in Fig. 1). Meanwhile, the slurry is mixed with fly ash, 
cement, and additives on the surface and transported under-
ground through the pipeline (blue line in Fig. 1), then mixed 
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with gangue and filled into the short wall working face. 
Therefore, there is no need to lift the gangue to the surface 
and it can be reused in situ. This technology can decrease 
coal mine waste emissions, reduce the power consumption 
required for gangue lifting, and limit surface subsidence to 
safeguard the mine environment.

After solidification, GCBM provides support for the 
rock, and its mechanical properties determine the support 
effectiveness. Therefore, optimizing the mechanical proper-
ties of GCBM is necessary (Li et al. 2022). In engineering 
applications, the load-bearing capacity of GCBM on rock 
is typically represented by uniaxial compressive strength 
(UCS) (Chen et al. 2022b; Jagadesh et al. 2023). However, 
determining the UCS of a large number of specimens is both 
time consuming and costly (Qi et al. 2020). Therefore, some 
scholars have proposed predicting the mechanical proper-
ties of backfilling material at different ratios using available 

experimental data. For example, Xiu et al. (2021) and Jiang 
et al. (2022) investigated the effect of time on the strength 
of cemented paste backfill material using linear regression. 
Sun et al. (2022) analyzed the strength of the paste using a 
PRSM. Zhu et al. (2021) constructed the quadratic polyno-
mial regression models to study yield stress and plastic vis-
cosity. Dong et al. (2023) used an improved response surface 
methodology (RSM) to prepare waste gangue-based geo-
polymer. Sadrossadat et al. (2022) predicted the cost, yield 
stress, and strength of CPB by metaheuristics. Miao et al. 
(2022) and Shaswat (2022) used neural networks and deep 
learning to predict tailings-based materials, respectively. 
In summary, there are two main methods for predicting 
the strength of backfilling material: mathematical models 
and machine learning. The former mainly includes PRSM 
(or polynomial regression models), and the latter mainly 
involves neural networks. However, both methods have 

Fig. 1  (a) Basic principle of GCPB applied in coal mines. (b) Waste accumulation. (c) Surface cracks and subsidence
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their own limitations: (1) PRSM have to be modified every 
time there is a change in the input variables, which creates 
uncertainty in practical applications (Hu et al. 2022). (2) 
PRSM has weak generalization ability and cannot fit com-
plex structures. Moreover, PRSM is also not suitable for 
handling high-dimensional data. (3) Neural networks require 
large amounts of data, which is a challenge in the case of 
GCPB due to the complex nature of UCS influence factors 
and limited experimental data. Therefore, it is a challenging 
issue to evaluate the mechanical properties of GCBM by 
dealing with the complex connections between high-dimen-
sional variables.

In order to remedy the above deficiencies, this paper pro-
posed an IRSM based on laboratory tests. The model inte-
grated an improved intelligent optimization algorithm with 
SVR. It is used to deal with the effects of high-dimensional 
factors on UCS. The study also evaluated the importance 
of each factor, the model’s convergence and prediction per-
formance, and compared the performances of PRSM and 
IRSM.

Materials and mechanical tests

Materials

In this study, the materials include fly ash, gangue, and 
binder. Gangue is a waste product generated after sorting 
raw coal into fine coal. The gangue is from the Nantun coal 
mine and is crushed to less than 10 mm. The percentage of 
gangue less than or equal to 5 mm in the whole is the fine 
gangue rate. Fly ash is a waste collected from flue gas. Sec-
ondary fly ash was used in the test. It has a sieve residue of 
less than 20% (0.045 mm square hole sieve) and a burnt vec-
tor of less than 8%. Adding fly ash to the backfilling material 
can reduce the binder requirement, enhance the compatibil-
ity of the backfilling material, and effectively reduce the cost 
of GCBM. The binder used in this study is ordinary Portland 
cement (Type PO 42.5R, based on Chinese Standard GB175-
2007 Common Portland Cement).

Mechanical tests

Referring to the Box–Behnken design method in PRSM, 
we designed a test with three factors: mass concentration 
(X1), gangue proportion (X2), and fly ash proportion (X3). 
Based on the experience of Nantun coal mine, the engineer-
ing requirements for the strength and fluidity of GCBM can 
be met when the concentration is 81–84%, the gangue pro-
portion is 30–50%, and the fly ash proportion is 35–50%. 
Table 1 shows the experimental scheme. We tested the UCS 
after 28 days of curing, as it best reflects the bearing effect 

of GCBM (Yang et al. 2022; Chen et al. 2022a), and took it 
as the response value (Y).

The test procedure is presented in Fig. 2. Initially, the 
materials were mixed with water and stirred for 5 min with 
a mixer. Then, the resulting slurry was poured into a mold 
measuring 70.7 × 70.7 × 70.7 mm and adequately vibrated 
to enhance its compactness. The samples were then allowed 
to cure for 28 days at 20 °C and 98% humidity in an oven. 
Following the curing period, the UCS test was conducted 
using a servo press (WAW-2000D) with a loading rate of 
0.5 mm/min.

Mechanical test results

The relationship between the factors and UCS obtained 
through the PRSM is shown in Eq. 1. This is a ternary quad-
ratic regression equation, where the primary and secondary 
terms of factors, as well as the interaction between them, all 
exert varying degrees of influence on the UCS. The primary 
term of each factor exerts the strongest influence, while the 
concentration of the secondary term has the greatest degree 
of influence. In contrast, gangue (X2) and fly ash (X3) have 
the least degree of influence in the interaction. The relation-
ship between multiple factors affecting the UCS is complex 
and non-linear. While this complexity may be presented 
through an explicit function such as a polynomial, the poly-
nomial will become excessively lengthy as the number of 
factors increases.

The p-value of PRSM is 0.0032 with an R2 of 0.9269, 
indicating a very significant fit. Figure 3 shows the relation-
ship between the residuals and the predicted values from the 
model, which can be used to detect outliers (Kermani et al. 
2023). As shown in the figure, none of the internally studen-
tized residual exceed ± 3, and the data points are scattered 
irregularly, suggesting that the residuals are acceptable and 
there are no outliers.

The response surface in Fig. 4 illustrates how the fac-
tors are coupled and influence the dependent variable. The 
slope of each factor on the response surface reflects the 
significance of the results, and the top view indicates the 

(1)
Y = 378.7945 − 60.2136 × X1 + 33.3992 × X2 + 59.7865 × X3

−0.4145 × X1 × X2 − 0.7521 × X1 × X3 + 0.0191 × X2 × X3

+0.6818 × X12 + 0.0035 × X22 + 0.0227 × X32

Table 1  Experimental factors 
and levels

Factors Levels

Low Mean High

X1 81 82.5 84
X2 30 50 70
X3 35 42.5 50
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significance of the coupling effect between factors. By 
examining the coupling relationship between mass con-
centration and gangue proportion, it is observed that as 
gangue proportion increases and concentration decreases, 
UCS initially decreases and then increases. With every 
1% change in concentration and 4% change in gangue pro-
portion, the average change in UCS is 2 MPa, indicating 
that the slopes of the two factors are not the same. The 
coupling relationship between concentration and fly ash 
proportion exhibits an inconsistent trend in their influence 
on UCS. As fly ash proportion increases and concentration 
decreases, UCS initially decreases and then increases. The 
slope of concentration in the response surface is larger 
than that of fly ash proportion. Regarding the coupling 
relationship between gangue proportion and fly ash pro-
portion, the two have the same trend of influence on UCS. 
With every 5.5% change in gangue proportion and 5% 
change in fly ash proportion, the average change of UCS 

is 1.2 MPa. With the increase of fly ash proportion and 
gangue proportion, UCS increases exponentially. In sum-
mary, the factors exhibit different degrees of interaction 
and have a strong non-linear influence on UCS.

The analysis above indicates a complex non-linear rela-
tionship between the influencing factors and UCS. In the 
PRSM, incorporating more factors leads to a more com-
plex relationship between them and UCS. As the number 
of factors increases, the workload grows exponentially, and 
the number of tests and the terms of equations increase 
(Ottoni et al. 2018; Bhattacharya 2021). In addition, when 
independent variable data changes, equations must also 
change, leading to uncertainties in engineering applica-
tions. It can be seen that PRSM has limitations when 
dealing with complex relationships between high-dimen-
sional variables. Therefore, in the next section, an intel-
ligent response surface model is proposed to deal with 
this challenge.

Fig. 2  GCBM’s mechanical testing process
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Intelligent response surface model

Support vector regression model

Support vector machine (SVM) can be used to construct 
response surface models (Shin and Cho 2006; Gao and Bai 

2015), which can be used to explore the relationship between 
multiple explanatory variables and one or more response 
variables. The advantage of SVM is that it can deal with 
non-linear and high-dimensional data and has good gener-
alization ability. As a variant of SVM, support vector regres-
sion model (SVR) also can be used as a response surface 

Fig. 4  The coupling effect of influencing factors to UCS. (a) Mass concentration and gangue proportion. (b) Mass concentration and fly ash pro-
portion. (c) Gangue proportion and fly ash proportion
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model to predict the effects of multidimensional variables 
on the mechanical properties of cemented backfill materials 
(Shin and Cho 2008).

SVR is based on VC theory and is effective at construct-
ing relationships between high-dimensional variables 
through implicit functions (Moges et al. 2023). Unlike the 
traditional PRSM, it uses kernel functions instead of only 
a polynomial function to fit the response surface, which 
improves the fitting accuracy and flexibility (Bouchehed 
et al. 2023). SVR only uses the support vectors to deter-
mine the classifier, and the number of support vectors is 
usually much smaller than the total number of samples, 
which reduces the computational complexity and data size 
requirements. Moreover, the optimization goal of SVR is to 
minimize structural risk rather than empirical risk, and thus 
is able to eliminate the need for data volumes of millions or 
more, as is required for neural networks. Therefore, when the 
number of samples is limited, SVR demonstrates good small 
sample learning and generalization abilities in comparison 
to neural networks (El Bilali et al. 2023).

The principle of SVR is to construct an interval zone 
between different data points and achieve prediction by nar-
rowing the interval zone. This paper uses the Gaussian radial 
basis kernel function to construct the response surface, and 
the width parameter and loss parameter of this kernel func-
tion affect the performance of SVR (Liu et al. 2021), which 
require optimization.

Improved intelligent optimization algorithm

White Shark Algorithm

The White Shark Algorithm (WSO) proposed in 2022 is a 
bio-inspired optimization method that mimics the hunting 
and tracking behavior of white sharks (Braik et al. 2022). 
Each population consists of several white sharks, and the 
position of each white shark represents a potential solution. 
White sharks can use their sense of sight and smell to find 
prey and track individuals with high-foraging ability. By 

simulating the hunting and tracking process, the positions 
are continuously updated and compared with the previous 
positions to select the optimal solution. The core of the 
white shark population speed and position update is shown 
in Eqs. (2) and (3).

where k = 1, 2, …, n represents every white shark in popula-
tion, vk

i+1
 and vk

i
 denote the velocity of the current population 

movement and the velocity after the next iteration, respec-
tively, xt is the current position, xt−best is the optimal position, 
xt−gbest is the current global optimal position, p stands for the 
individuals drawing on their own experiences, and g repre-
sents individuals drawing on group experiences. μ defines the 
contraction factor used to analyze the convergence behavior 
in WSO, and it indicates how much the next iteration depends 
on the previous one; τ denotes the acceleration coefficient.

Chaos mapping initialization

The quality of the initial population diversity affects the subse-
quent optimization process (Arora and Anand 2019). The initial-
ized population of the WSO is generated randomly, as depicted in 
Fig. 5a. This method may produce null values in some domains 
and cause uneven and discontinuous population, which may 
impair the later iterations. However, chaotic mapping offers ran-
domness, ergodicity, and regularity (Pan et al. 2022; Yıldız et al. 
2022), which can enhance the population initialization. Some 
common chaotic mapping methods are logistic mapping, tent 
mapping, and circle mapping (Rezaee Jordehi 2015). Among 
them, circle mapping is more stable and has a higher coverage, as 
Eq. (4) and Fig. 5b demonstrate. Therefore, circle mapping was 
used to improve the population initialization quality in this paper.
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Fig. 5  (a) Randomly generated 
population distribution. (b) 
The distribution using circle 
mapping
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Adaptive convergence

In practical applications, WSO suffers from slow con-
vergence and the tendency to fall into local solutions 
(Lakshmanan et al. 2023). To improve its iterative per-
formance, this paper adopted an adaptive approach. The 
original WSO employed a constant τ, implying that each 
iteration drew from the preceding generation in a uni-
form manner. However, in reality, the population’s itera-
tive process is non-linear and dynamic (Iiduka 2022). 
The population initially explores randomly in a broad 
range; once the optimal individual emerges, others learn 
from its experience. Consequently, assigning different 
inertia weights, denoted by μ, based on the exploration’s 
progress is crucial. Currently, main adjustment meth-
ods include random, linear, and non-linear adjustments. 
This study employed the non-linear method, considering 
the iterative experience (Yan et al. 2022). The specific 
principle is shown in Eq. (5). This adaptive adjustment 
guarantees global exploration and smooth non-linear 

(4)xt+1 = mod

(
xt + b −

(
a

2�
sin

(
2� ⋅ xt

)
, 1
) convergence in the early stage, followed by faster non-

linear convergence after the population reaches a better 
fitness value.

Intelligent response surface modeling

Figure 6 illustrates the basic principle of enhancing WSO 
with circle chaotic mapping and adaptive adjustment (CA-
WSO). First, circle mapping is used to enhance the initial-
ized population, after which the initialized fitness value 
is calculated and ranked. Then, based on the behavior 
of white sharks, the algorithm updates the positions of 
individuals adaptively and non-linearly, and adjusts the 
learning factor dynamically to increase the convergence 
rate. Subsequently, the algorithm calculates and compares 
the fitness value of each generation with the best value of 
the previous generation, and selects the best value so far. 
This process repeats until the algorithm obtains the global 
optimum.
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The intelligent response surface model (IRSM) comprises 
CA-WSO and SVR, denoted as CA-WSO-SVR. The process 
of IRSM is segregated into two parts, as depicted in Fig. 6. 
The first part’s core is the WSO algorithm, which iteratively 
determines the optimal hyperparameters with SVR as the 
objective function. This part is based on the training dataset 
and uses cross-validation to find the optimal parameters. On 
the other hand, the second part’s core is SVR. Based on the 
model and test set trained in first part, it uses the trained 
model for establishing the non-linear correlation between 
the high-dimensional factors and UCS. Finally, the model’s 
performance was assessed via evaluation metrics and itera-
tion curves.

Dataset and evaluation indicators

In total, 373 datasets were utilized to train the SVR. Out of 
these, 44 data were obtained through laboratory tests and 
329 data were sourced from literature (Jiang et al. 2019; Shi 
et al. 2021; Sun et al. 2022, 2019; Wang et al. 2018; Zhang 
et al. 2021, 2017; Yin 2018; Yu 2017; Yang 2011; Ouyang 
2019; Niu 2014; Zhao 2018, 2014; Deng 2017; Guo 2013; 
Chen 2017; Gao 2021). The cited and experimental data 
constitute a diverse dataset that includes different fly ash 
types, fine gangue rates, and concentrations under different 
working conditions, for a total of nine variables.

Since SVR is based on statistical theory and does not 
rely on extensive experience (Rahmati et al. 2019), these 
amounts of data are feasible. The data were split into a train-
ing part and a test part in an 8:2 ratio, with 298 data used for 
training and 75 data for testing. In addition, 30 individuals 
were chosen from the WSO population, and the model was 
iterated 100 times.

To evaluate the reliability of IRSM, four indicators 
are used in this paper: the squared correlation coefficient 
(R2) (Van den Hove et al. 2020), the mean absolute error 
(MAE), the mean bias error (MBE), and the root-mean-
square error (RMSE). R2 indicates the correlation between 
measured and predicted values, determining whether they 
are consistent. MBE and RMSE reflect the direction of 

deviation and dispersion between the predicted and meas-
ured values, respectively. MAE has better robustness to 
anomalous data, so it is used as an aid in measuring residu-
als between data. The formulas for these metrics are shown 
in Eqs. (6) to (9).

where n is the number of data, and yi and ŷi denote the meas-
ured and predicted, respectively. y and ŷi refer to the average 
of the measured and predicted values, respectively.

Results and discussion

Verification and performance analysis of IRSM

Convergence performance analysis of IRSM

Figure 7 shows the iterations of WSO and CA-WSO. The 
optimal value and mean value of the objective function 
fluctuated during the WSO iteration, resulting in a longer 
convergence time of 145 s for 100 iterations. In contrast, 
the CA-WSO converged faster, taking only 84 s, which 
is 42% faster than the WSO. These results demonstrate 
that the improved CA-WSO algorithm completes iterations 
more smoothly and efficiently.
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ŷi − ŷ
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Fig. 7  Convergence of the 
models. (a) The convergence 
diagram of WSO. (b) The con-
vergence of CA-WSO
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Predictive performance analysis of IRSM

This section compares the prediction effect of the unopti-
mized SVR, WSO-SVR, and CA-WSO-SVR, as shown in 
Fig. 8. Figure 8a, c, and e shows the comparison between 
the measured and predicted values, and Fig. 8b, d, and f 
shows a linear fit to the measured and predicted values.

As Fig. 8a, c, and e illustrates, SVR produces the largest 
error, with a maximum residual of 6.5 MPa and an average 
absolute residual of 0.8 MPa. WSO-SVR yields a moderate 
error, with a maximum residual of 3.2 MPa and an average 
absolute residual of 0.6 MPa. CA-WSO-SVR generates the 
smallest error, with a maximum residual of 3 MPa and an 
average absolute residual of 0.4 MPa. This indicates that 

Fig. 8  Comparison of measured and predicted values of SVR (a, b), WSO-SVR (c, d), and CA-WSO-SVR (e, f)
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CA-WSO-SVR has the least prediction deviation and the 
predicted values are most consistent with the measured 
values.

Figure 8b, d, and f indicates that the majority of the pre-
dicted values for the three models are distributed within the 
95% prediction interval. The R2 for the three linear fits are 
0.82, 0.91, and 0.96, respectively. This indicates a strong 
correlation between the measured and predicted values of 
CA-WSO-SVR, while the correlation of SVR is weak. Both 
SVR and WSO-SVR have wide confidence intervals, while 
CA-WSO-SVR has the narrowest confidence interval, sug-
gesting high uncertainty for the former two. Moreover, the 
fitted line of CA-WSO-SVR approximates the ideal fitted 
line more closely, and the data dispersion is minimal. This 
indicates that the improved model has a better prediction.

The comparison of the four evaluation indexes (R2, RMSE, 
MAE, and MBE) is shown in Fig. 9a. The prediction effect 
improves gradually from SVR to WSO-SVR and then to CA-
WSO-SVR, as indicated by the increasing R2 (16% increase). 
The prediction error also decreases, with a 55% reduction of 
RMSE. CA-WSO-SVR has the smallest RMSE (0.66), MAE 
(0.44), MBE (0.05), and the largest R2 (0.9576). Therefore, 
comprehensively, CA-WSO-SVR has the best prediction per-
formance, followed by WSO-SVR and SVR.

Performance comparison of PRSM and IRSM

Based on the study conducted, the comparison between 
PRSM and IRSM is presented in Table 2 and Fig. 9. The 
R2 of the novel IRSM is higher than that of the traditional 

PRSM, and the residuals are smaller. In addition, when 
there is a complex non-linear relationship between the 
influencing factors, PRSM, being an explicit polynomial 
function, can only reflect the coupling effect between the 
factors by continuously adding interaction terms. This 
results in a lengthy polynomial, which is prone to over-
fitting and exhibits weak generalization performance. On 
the contrary, IRSM, using implicit functions to construct 
response surfaces, is not limited by data dimensionality. 
When data quality is ensured and hyperparameters are 
optimized, its generalization performance is significantly 
better than that of PRSM. In summary, IRSM has a better 
prediction effect and a wider application range than PRSM.

Relative importance analysis of the factors

As discussed earlier, the mechanical properties of GCBM 
depend on various factors. However, the importance of each 
factor is unclear and requires further study. To measure the 
relative importance of the factors, this paper employs the 
mean impact value (MIV) based on the SVR (Yan et al. 
2020). The principle of MIV is as follows: First, the control 
variables method is used to increase and decrease each vari-
able of the training set by 10%, resulting in two new training 
parts. Next, the CA-WSO-SVR predicts the two parts and 
calculate the difference. Finally, the MIV of each sample is 
calculated, as shown in Eq. (9), and the importance of each 
factor is obtained by the MIV in order.

Fig. 9  The comparison of the 
evaluation indexes

Table 2  Comparison of PRSM and IRSM

Methods Functions Average 
residuals

R2 Number of current 
variables

Number of accept-
able variables

Adaptation to 
nonlinearity

Generaliza-
tion perfor-
mance

PRSM Explicit 0.76 0.9269 3 2–7 Weak Weak
IRSM
(CA-WSO-SVR)

Implicit 0.44 0.9576 9 ∞ Strong Strong
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Figure 10 presents the importance analysis of each fac-
tor. The results indicate that concentration is the most critical 
factor with an importance fraction of 0.0461. This is due to 
the fact that concentration represents a comprehensive com-
bination of various materials in GCBM. Gangue proportion 
is also a highly significant factor, with an importance score 
of 0.0341, mainly because gangue is the most vital compo-
nent in GCBM. Notably, concentration and gangue propor-
tion contribute to over 50% of the importance, indicating 
their dominant role in GCBM. In addition, cemented mate-
rial proportion, fly ash proportion, fine gangue rate, and fly 
ash type are also essential factors that require attention. In 
addition, the importance fractions of water-reducing agents 
and early-strength agents are relatively small, at 0.0031 and 
0.0016, respectively. Although these materials are important 
for early solidification and flow performance during transport, 
they have minimal impact on the later strength.

Conclusions

In this paper, we address the demand for reducing mine 
waste by developing GCBM. We first analyze the relation-
ship between the three primary factors and UCS by labora-
tory strength tests and PRSM. In addition, we employ MIV 
to analyze the relative importance of factors. To predict the 
mechanical properties of GCBM under high-dimensional fac-
tors, we improve an intelligent optimization algorithm and 
establish an IRSM, which is then validated. The main findings 
are as follows:

1. The effects of various factors on UCS exhibit com-
plex non-linear characteristics. For instance, the UCS 

(10)MIVi =

|
|
|
|||

1

n

k=1∑

n

(
Yi1 − Yi2

)
|
|
|
|||

increases exponentially with the increase of fly ash pro-
portion and gangue proportion. In addition, the MIV 
was used to study the relative importance of multidi-
mensional factors, suggesting that concentration and 
gangue proportion are the most sensitive factors, with 
importance fraction of 0.0461 and 0.0341, respectively.

2. The initialization and iterative processes of the WSO 
algorithm was improved by circle chaotic mapping and 
adaptive methods, respectively. The improved algo-
rithm was then combined with SVR to form an intelli-
gent response surface model. Empirically, the improved 
algorithm enhanced initialization quality and increased 
convergence speed by 42%. Consequently, it can opti-
mize SVR more efficiently and effectively.

3. By comparing the traditional PRSM and the improved 
IRSM, the prediction accuracy, in decreasing order, is 
CA-WSO-SVR, PRSM, WSO-SVR, and SVR, with R2 of 
0.9576, 0.9269, 0.9094, and 0.8247, respectively. Thus, 
the improved IRSM exhibits better prediction perfor-
mance, facilitating the reuse and reduction of mine waste.
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