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ABSTRACT Mine tailings disposal has been a serious environmental issue for decades. The wide application
of cemented tailings backfill (CTB) technology could indirectly abate tailings pollution by recycling the
tailings for backfilling. CTB constitutive modeling helps with design by improving the understanding of its
compressive behavior. This study focused on CTB intelligent constitutive modeling considering the coupled
effects of the cement content and saturation state. An artificial intelligencemodel was established and utilized
based on particle swarm optimization (PSO) and the support vector machine (SVM). CTB samples with
different cement contents and water saturation states were prepared, and unconfined compression tests were
conducted to obtain the dataset. We verified the feasibility of using integrated PSO and SVM (P-S) in the
CTB constitutive model using experimental data. We analyzed model errors. The results showed that the
CTB stress strain curve was complex and nonlinear and could be significantly affected by the saturation
states. PSO was feasible and efficient for tuning the SVM hyperparameters. The lowest minimum MSE
value of 0.0108 was achieved in the eighth iteration. The PSO and SVM modeling was indicated to be
accurate in the CTB constitutive model (a high R-square value of 0.9935 and a low mean squared error value
of 0.001664 were achieved on the testing set). This model may accelerate the CTB structure design process.

INDEX TERMS Machine learning, materials testing, mechanical variables measurement.

I. INTRODUCTION
Mineral resource extraction and processing creates great
quantities of mine tailings worldwide. Improper tailings dis-
posal may cause serious accidents and environmental prob-
lems. In recent years, cemented tailings backfill (CTB) has
become a reliable and environmentally responsible method
of recycling mine tailings [1]–[3]. Typical CTB material is
the mixture of mine tailings, cement, and water [4]. After
being mixed in the backfill station, fresh CTB mixtures are
delivered to mine stopes by means of reticulated pipelines.
Hardened CTB can be used in structures for preventing cav-
ing, roof falls, and enhancing pillars recovery [5]. Compared
with hydraulic fill or cemented rock-fill, CTB has lower
binder cost, higher tailings consumption, and higher produc-
tivity [6], [7]. These advantages have resulted in wide CTB
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technology use in operating mines around the world [8], [9],
which could indirectly abate tailings pollution.

Mining work requires safe and stable underground voids,
and CTBmechanical properties must be seriously considered
during its design and application. Thus, many scientificworks
have studied CTB mechanical properties [5], [10]–[13]. The
uniaxial compressive strength is one of the most widely
used CTB mechanical property parameters as uniaxial com-
pressive strength tests are relatively accessible and cost-
effective [14]. For instance, Fall et al. [14] investigated the
relationship between the mix proportions (cement content,
water-to-cement ratio, etc.) and the CTB mechanical and
flow properties. Cao et al. [7] investigated the compressive
strength and toughness of the fiber-reinforced CTB through
a series of compressive strength tests, and reported that
compressive strength and ductility were improved after the
introduction of the fiber into CTB.

In comparison to compressive strength values obtained
from physical experiments, constitutive modeling is more
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important for predicting and assessing CTB mechanical
properties. Researchers have widely used conventional mod-
els with specific mathematical expressions to approxi-
mate experimentally observed behavior [8], [15], [16]. For
instance, Tu et al. [8] proposed a CTB constitutivemodel with
two functions according to three physical theories. Cui and
Fall [17] developed an evolving elastic-plastic model consid-
ering the cement hydration level. In addition, CTB structures
in the stopes may face a complex environment with multiple
physical processes [18]. Thus a thermal, hydraulic, mechani-
cal, and chemical (THMC) coupling model was developed by
Wu et al. [16]. However, a more effective modeling approach
to represent the complex and nonlinear constitutive relations
of CTB is using artificial intelligence technology. In recent
years, intelligent algorithms have been used to modeling the
constitutive relations of multifarious materials. For exam-
ple, Wu et al [19] conducted a comparative study on the
performance of constitutive models for alloyed steel using
genetic algorithm (GA) and artificial neural network (ANN).
They reported that the model modified by ANN obtained the
highest accuracy. However, the model based on ANN had
a few defects such as poor generalization performance and
overfitting. It also had practical limitations where there is a
small amount of data [20]. Support vector machine (SVM)
may be an effective solution for circumventing these limi-
tations [21]. Therefore, there has been an increasing inter-
est in using SVM to modeling the constitutive relations of
geotechnical materials recently [21], [22]. Hyperparameters
can determine the accuracy of the model based on SVM, and
it can be very hard to find the optimal hyperparameters based
on intuition or by trying all combinations. Particle swarm
optimization (PSO) can be a powerful tool for searching the
optimal hyperparameters for SVM. Several researchers have
managed to integrate PSO and SVM to successfully solve
engineering problems such as detecting the leak location of
pipelines and forecasting remaining engine life [20], [23].
However, there has been only one published study on the
constitutive modeling of CTB using machine learning algo-
rithm [24]. It is evident that far too little attention has been
paid to the intelligent constitutive modeling of CTB. Due to
the fine particles and low cement content of CTB, the consti-
tutive relation of CTB can be very complex and nonlinear,
and it can be difficult to obtain a satisfactory formulation
to describe its constitutive relation concisely. Besides, CTB
may have different water saturation states due to the effect
of groundwater [25]–[27]. The saturation states may signif-
icantly affect the compressive behavior of CTB. However,
there have been few studies on the feasibility of modeling
the CTB constitutive relation considering water saturation
states using artificial intelligence technology. It is not known
whether machine learning algorithms can work well on the
constitutive modeling of CTB with different saturation states.

In this paper, an artificial intelligence modeling method
based on machine learning algorithms was used to learn the
constitutive relations of CTB with different cement contents
and water saturation states. Specifically, the support vector

FIGURE 1. XRD pattern of the tailings.

FIGURE 2. Particle size distribution of the tailings and cement.

machine (SVM)was utilized to learn the stress strain relations
and particle swarm optimization (PSO) was utilized for the
hyperparameters tuning of the SVM to optimize its capabil-
ity. Compared with the mathematical expressions, the pro-
posed integrated PSO and SVM (P-S)modeling approachwas
expected to have much higher efficiency in the constitutive
modeling of CTB.

II. MATERIALS AND METHODS
A. MATERIALS
The tailings used were sourced from an iron mine located
in the southern part of Shandong, China. The mineralogi-
cal composition of the tailings identified by X-ray diffrac-
tion (XRD) is shown in Figure 1. A laser particle size
analyzer (Mastersizer 3000, Malvern) was used to observe
the particle size distribution. Ordinary Portland cement P.O.
42.5 provided by the Yangchun Cement Co. LTD in the
Shandong Province, China was utilized as the binder. The
particle size distribution curves of the cement and the tailings
are presented in Figure 2. The most commonly employed
cement contents in CTB are between 3% and 10%, according
to the published literature [10], [11], [28], [29]. Therefore,
cement contents utilized in this study were 5%, 7%, and
10% by dry weight of the tailings. The main chemical and
physical properties of the tailings and cement are shown
in Table 1. The mixing water employed to mix the cement
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TABLE 1. Main chemical and physical properties of the tailings and cement.

TABLE 2. Details of the samples.

and tailings was tap water that met the Chinese National
Standards GB5749 [30].

B. PREPARATION OF CTB SAMPLES
All materials used for the preparation of CTB samples were
weighed on an electric scale with an accuracy of 0.01g. The
solid content of the CTB mixtures was determined to be 75%
constantly based on the practice experience of the source
mine site. Dry tailings and cement were initially mixed in
a laboratory mixer while the preweighed amount of water
was slowly added to achieve the solid content of 75%. After
seven minutes of mixing, the slurry was cast into a plastic
cylindrical mold and cured for 12 hours at room temperature
with a cap on it. After 12 hours, the 50 x 100 mm (diameter
and height) sample was demolded and- placed in the curing
chamber to be cured for 28 days. The curing relative humidity
and temperature were kept at 95% and 20◦, respectively.
The CTB slurry slump range was measured to be 200 mm
to 210 mm, which indicated a high workability for backfill
operations.

After being cured for 28 days, CTB samples were divided
into four groups (namedA, B, C, and D). These groups under-
went different treatments based on trial test results andASTM
C642 guidelines [31] to obtain the samples with different
saturation states. The water content described in (1) was used
to describe the saturation states [32]–[34].

ωc =
mc − md
md

× 100% (1)

where ωc is the sample current water content (%); mc is
the sample current weight (g); md is the sample dry weight
(g). The calculations were accurate to 1%. For group A,
the samples were dried at 105◦ in a programmable temper-
ature and humidity test chamber (Reale, RPH-80) for more
than 24 hours until the sample weight remained constant.

Then the weight of the dried sample was determined as the
dry weight of the sample, and the water content of the sample
was determined to be 0%. The samples in group B were
dried at 105◦ in the temperature and humidity test chamber
for more than 6 hours. Then the sample was weighed at
set intervals, and the current water content was calculated
immediately. Once the current water content reached the
target value, the drying process was terminated. For group C,
the CTB samples were weighed and ready for testing without
treatment as the ideal cured CTB. The samples in group D
were soaked in boiling water for more than 6 hours until the
sample weight remained constant to represent fully saturated
CTB. Table 2 lists the sample details including group name,
sample designation, saturation states, target water contents,
and cement contents.

C. UNCONFINED COMPRESSION TEST
A series of unconfined compression tests were operated to
obtain the stress strain relations of CTB samples under differ-
ent conditions. The unconfined compression test methods for
CTBwas determined based on previous studies [10], [35] and
ASTM C39 [36] guidelines. A computer-controlled mechan-
ical press system was used in carrying out the tests. Test
samples were placed axially between the two bearing plates
and loaded at a constant displacement rate of 0.2 mm/min.

III. ALGORITHMS AND MODELING METHODS
A. SUPPORT VECTOR MACHINE
SVM is a well-established supervised learning method first
developed firstly by Vapnik [37], Cortes and Vapnik [38].
In recent years, SVM has been utilized in various scientific
fields for prediction, classification, and regression analy-
sis [22], [39]–[42]. SVM was selected for the constitutive
modeling in this study owing to its advantages such
as effectiveness in high dimensional spaces, no required
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assumption about the data distribution, and efficient
principles that avoid overfitting [22], [43].

SVM maps data to the high dimensional space
characteristic and establishes the following regression
functions:

f (x) = w · φ(x)+ b (2)

RSVMs(C) =
1
2
||w||2 + C

1
n

n∑
i=1

L (xi, di) (3)

where the unknown parameters w and b are the weight vector
and the hyperplane bias term, respectively; φ(x) is the nonlin-
ear mapping that mapped the vector x from low-dimensional
space to high-dimensional space; C indicates the penalty
coefficient, and L (xi, di) stands for the Lagrange multiplier.
The optimum parameters w and b can be determined by
minimizing the objective function as presented in (4), with
the constraints shown in (5):

RSVMs
(
w, ξ (∗)

)
=

1
2
||w||2 + C

n∑
i=1

(
ξi + ξ

∗
i
)

(4)

s.t


di − w · φ(xi)+ b ≤ ε + ξi, i = 1, . . . , n
w · φ(xi)+ b− di + ξ∗i , i = 1, . . . , n
ξi, ξ

∗
i ≥ 0, i = 1, . . . , n

(5)

where ξi and ξ∗i indicate the positive slack variables; ε is
the (in)sensitivity (i.e. the maximum misclassification error
allowed). A generic function as represented in (6) is proposed
to solve the optimal regression function:

y =
n∑
i=1

(
ai − a∗i

)
K (x, xi)+ b (6)

where ai and a∗i are the Lagrange multipliers;K (x, xi) is the
kernel function. And the radial basis kernel function (RBF)
was chosen in this study owing to its transparency, high-
efficiency, and adaptability [44]. The nonlinear RBF kernel
is described as (7):

K (x, xi) = e
(
−γ ‖x−xi‖2

)
(7)

where x and xi are input space vectors; γ is defined as γ =
1

2σ 2
; and σ 2 is the squared variance of the Gaussian function.

B. PARTICLE SWARM OPTIMIZATION
PSO was first built up by Kennedy and Eberhart [45]. It was
a nature inspired optimization algorithm which has been
used for optimizing various engineering problems [46]–[50].
In this study, the parameters of SVM were tuned using PSO.

PSO process starts with a randomly generated swarm
of particles with each particle representing a dot in the
n-dimensional space. Each particle has its own velocity and
location which are continuously affected by the latest infor-
mation of personal best (pbest) and global best (gbest) in the
particle swarm based on the following functions:

vk+1i = wivki +c1r1
(
pkbest,i − x

k
i

)
+c2r2

(
gkbest,i−x

k
i

)
(8)

xk+1i = xki + v
k+1
i (9)

TABLE 3. SVM hypeparameters and their tuning ranges.

where k determines the iteration number; i is the particle
sequence number; w, c1, and c2 are global parameters named
inertia weight; r1 and r2 are random values dotted between
the range of [0, 1].

C. ESTABLISHMENT AND VERIFICATION OF THE P-S
MODEL
The SVM and PSO algorithms were integrated as the P-S
model for the constitutive modeling of CTB. The P-S model
used PSO to tune hyperparameters and optimize the SVM
model, since parameters C , ε and γ had significant influence
on the performance of the SVM model. The experimental
data obtained from the unconfined compression tests were
utilized to build the dataset. This dataset will serve as a
data source for the establishment and verification of the P-S
model. The hyperparameters of SVM were tuned by PSO
on the training set. The k-fold cross-validation (CV) was
carried out to find the optimal hyperparameters for the SVM
model. According to the trial tests and recommendations
in the literature [23], [40], [50], k was determined to be
5; the PSO parameters w, c1, and c2 were set to be 1

2 ln 2 ,
0.5 + ln 2, and 0.5 + ln2, respectively; the swarm size and
the maximum iteration were determined to be 20 and 50,
respectively; the tuned hyper-parameters of SVM and their
corresponding ranges are shown in Table 3. After the optimal
hyperparameters were obtained, the P-S model was estab-
lished using these parameters. The whole training set was
used to train the optimal P-Smodel, and the trained P-Smodel
was verified on the testing set with R-square (R2) and mean
squared error (MSE) values. Figure 3 is the flowchart of the
P-S model.

IV. RESULTS AND DISCUSSION
A. STRESS STRAIN RELATIONS
The stress strain diagrams (Figure 4) were produced accord-
ing to the loading data of the CTB samples in the unconfined
compression tests. It can be seen from Figure 4 that most
CTB stress strain curves shared many common features. For
example, the stress strain curves of CTB samples generally
included several stages and nonlinear curves. At the very
beginning of the stress strain curves, the stress increased
slowly with increasing strain. In this stage, the bearing plate
was adjusting to the surface of the sample, and the pores of the
sample were closing. After that, the stress increased sharply
and the course of the stress strain curve was almost linear.
At that stage, there was elastic deformation. When the plastic
deformation started, the increase of the stress slowed down
and the course of the stress strain curve was nonlinear. During
this stage, the sample was undergoing plastic deformation and
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FIGURE 3. Flowchart of the establishment of P-S model.

FIGURE 4. CTB samples stress strain diagrams: (a) group A, water content
= 0%; (b) group B, water content = 13%, (c) group C, water content =

25%; and (d) group D, water content = 30%.

began to destruct until the sample reached its peak strength
(i.e. the unconfined compressive strength). After attaining
the peak strength, the stress was decreased gradually with
increasing strain, which was named the postpeak fracture
stage.

However, it can also be seen from Figure 4 that the
detailed characteristic of the stress strain relation varied
greatly with the coupled influence of cement and water
contents. The unconfined compressive strength of the CTB
sample increased with the increase of cement content. This
may have been due to increased cement content giving rise

FIGURE 5. Fitness curves of hyperparameters tuning using PSO.

to an increasing amount of hydration products and therefore
strengthening the hardened CTB [51]. It can also be seen
that the unconfined compressive strength decreased with the
increase of the water content, and the stress strain curve
dropped suddenly after failure when the water content was
low. These results indicated that the cement content and water
content can significantly affected the stress strain relations of
CTB. There are two reasons for this result: (i) more hydration
products produced by cement have led to significant increase
in the stiffness and brittleness of CTB [52]–[54]; and (ii)
water could have reduced the friction between the particles
in CTB and accelerated the propagation of micro-cracks, thus
reducing compressive strength [33], [55].

For the constitutive modeling of CTB, the data set was built
based on the experimental stress strain values. According
to the experience of the intelligent constitutive modeling of
CTB [24], experimental data with a strain interval of 0.10%
were selected. The input variables for the P-Swere the cement
content, the water content, and the strain. The output variable
was the stress. The dataset contained 380 samples with three
features. The dataset was split into two subsets, the training
set and the test set, with a size ratio of 7:3. In order to accel-
erate the computational efficiency and improve the accuracy,
the input data were scaled to the [−1, 1] range.

B. RESULTS OF HYPERPARAMETERS TUNING
During the hyperparameters tuning process using PSO,
the fitness values were being recorded to draw the fitness
curves. The average fitness (i.e., the average MSE) and the
best fitness (i.e., the minimum MSE) curves are shown in
Figure 5. It can be seen that the average fitness values ranged
from 0.1127 to 0.1575 in the first 50 iterations. The minimum
MSE value decreased from 0.01981 to 0.1514 in the sec-
ond iteration. After that, the minimum MSE decreased from
0.1575 to 0.0108at the eighth iteration and then kept constant.
The lowest minimum MSE of 0.0108 was achieved only
after eight iterations. These results indicated that the PSO
was efficient and feasible in tuning the hyperparameters for
SVM. The detailed information about the obtained optimal
hyperparameters is listed in Table 4. The P-S model was
built based on the obtained optimal hyperparameters for the
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FIGURE 6. Capability of the P-S model on (a) the training set and (b) the testing set.

TABLE 4. Optimal SVM hyperparameters.

constitutive modeling of CPB samples at different saturation
states.

C. CAPABILITY OF THE P-S MODEL
The capability of the established P-S model on the train-
ing set and testing set is presented in Figure 6. It can be
observed that the established model exhibited a high capabil-
ity for modeling of constitutive relations of CTB. According
to the verification results, high R2 values of 0.9969 and
0.9935 were achieved on the training set and testing set,
respectively. Furthermore, lowMSE values of 0.0006860 and
0.001664 were achieved, which demonstrated the established
model’s high accuracy. The R2 values of 0.9935 on the testing
set was very close to the R2 values of 0.9969 on the training
set, which indicated that the P-S model was well trained.

The stress values predicted by the trained P-S model along
with the experimental stress strain diagrams obtained from
the unconfined compression tests are presented in Figure 7 for
comparison. It can be observed that the stress values predicted
by the P-S model were generally consistent with the exper-
imental stress values, which indicated that the optimal P-S
model was successful in modeling the constitutive relation
of CTB with different cement contents and saturation states
(represented by different water contents). Compared to the
previous study on the constitutive modeling of cemented
paste backfill based on the random forest (RF) and firefly
algorithm (FA), which also had a well performance (R value
= 0.989 on the testing set) [24]. The P-S model in this
study seems to have been more suitable for smaller data
amounts, which was determined by the nature of the algo-
rithms. RF cannot extrapolate when the predicted values are
outside the training set values. This may have been responsi-
ble for the abnormal outliers in the previous study [24]. In this
study, the SVM successfully avoided the defects of RF and

there were no abnormal outliers in the predicted results. There
were only several large errors near the peak, the end, and
the strain-softening stages of the stress strain curve. Fortu-
nately, these large errors were explicable and acceptable in the
constitutive modeling of CTB according to the experimental
analysis and the published literature [8], [15]. As discussed
above, the sudden failure of the dried samplemay have caused
a rapid drop in the stress. On the other hand, the peak of
the stress strain curves was the demarcation point of two
completely different stages of the stress strain curve namely
the pre-peak elastoplastic stage and the post-peak fracture
stage. Therefore, the stress strain curve showed a sharp turn
near its peak where the stress changed dramatically with the
strain. This may have been responsible for the large errors
in the stress strain curves of dried samples. In addition, large
errors near the stress strain curve ends as shown in Figure 7(b)
may have been due to the lack of training data at the end of the
stress strain curves [24]. During the unconfined compression
test, it was observed that there were usually clear cracks in
the sample and even collapsed with falling blocks, especially
for the dried sample. A digital camera was used to record
images of the sample during the unconfined compression
test. Pictures of a typical dried sample at the prepeak and
postpeak stage are shown in Figure 8. It can be seen from
Figure 8(a) that there was no crack visible to the naked eye
at the prepeak stage. However, a major crack could be clearly
distinguished at the postpeak stage, and there was a deletion
on the top section of the sample as shown in Figure 8(b).
The rapid development of major cracks and unexpected fall
of blocks may have caused the sudden fluctuation at the
strain-softening stage of the stress strain curves, which may
be have been responsible for the large errors observed at the
strain-softening stage of the stress strain curves as shown
in Figures 7(a) and (c).

Besides, the proposed modeling method based on SVM
and PSO has high computational efficiency. The average
computational time is 20 seconds, using MATLAB 2017a
on a personal computer with Intel Core i5-6300u 2.5 GHz
processor and 8 GB RAM.

As a result, the P-S model established in this study was
feasible and efficient for the constitutive modeling of CTB
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FIGURE 7. Comparison of the predicted and experimental stress strain
diagrams: (a) cement content = 5%; (b) cement content = 7%; (c) cement
content = 10%.

FIGURE 8. Pictorial view of the dried sample at the (a) pre-peak
elastoplastic stage and (b) post-peak fracture stage.

with different saturation states. This modeling approach
extends the recent efforts for intelligent constitutive modeling
of CTB. This approach is expected to provide an efficient way

to obtain an accurate constitutive model to help to understand
the compressive behavior of CTB, and to accelerate the CTB
structure design process.

V. CONCLUSION
In this study, CTB samples with different cement contents
and saturation states were prepared. Unconfined compression
tests were carried out for these samples. The P-S model
was established for the constitutive modeling of CTB. The
capability of the optimal model was verified by R2 and
MSE. Furthermore, large errors were analyzed and dis-
cussed. On the basis of the achieved findings, the following
conclusions could be drawn:
•The stress strain curve of CTBwas generally composed of

several different stages, which was complex and non-linear.
The cement content and saturation state had significant
effects on the constitutive relation of CTB.
•PSO was efficient and feasible for tuning SVM hyperpa-

rameters. The minimum MSE value decreased significantly
in the second iteration, and the optimal hyperparameters were
achieved with the lowest minimum MSE value of 0.0108 in
the eighth iteration.
•The optimal hyperparameters of SVM model utilized

in this study were C = 4.6533, ε = 0.0968 and γ =
8.7061. A high R2 value of 0.9935 and a low MSE value
of 0.001664 were achieved on the testing set, indicating that
the P-S model was feasible in the constitutive modeling of
CTB with different saturation states. On the whole, the P-S
model had decent accuracy. The errors mainly came from the
results in group A, which have been explained well.
•The P-S model successfully avoided defects from the RF

model in the previous study. No abnormal outliers were found
in the predicted results. There were only several large errors
concentrated near the peak, the end, and the strain-softening
stage of the stress strain curve. The sudden failure of the CTB
sample and the lack of training data at the end of the stress
strain curves may have been responsible for the appearance
of these errors.

These findings indicated that the approach based on the
P-S model was efficient and accurate for the constitutive
modeling of CTB. It is expected to help in understanding
the compressive behavior of CTB and accelerate the CTB
structure design process.
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