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Abstract: Tailings ponds can recycle water resources through the water recirculation system
by clarifying and purifying the wastewater discharged from the mining production process.
Due to factors such as flooding and heavy rainfall, once a tailings dams burst, the spread of
heavy metals in the tailings causes underground and surface water pollution, endangering
the lives and properties of people downstream. To effectively assess the potential impact of
tailings dams bursting, many problems such as the difficulty of taking values in predicting
the volume of silt penetration through empirical formulae, model testing, and numerical
simulation need to be solved. In this study, 65 engineering cases were collected to develop
a sample dataset containing dam height and storage capacity. The Support Vector Machine
(SVM) algorithm was used to develop a nonlinear regression model for tailings discharge
volume after tailings dam failure. In addition, the model penalty parameter C and kernel
function g were optimized using the powerful global search capability of the Slime Mold
Algorithm (SMA) to develop an SMA-SVM prediction model for tailings discharge volume.
The results indicate that the volume of tailings discharged increases nonlinearly with
increasing dam height and tailings storage capacity. The SMA-SVM model showed higher
prediction accuracy compared to the predictions made by the Random Forest (RF), Radial
Basis Function (RBF), and Least Squares SVM (LS-SVM) algorithms. The average absolute
error in tailings discharge volume compared to actual values was 30,000 m3, with an average
relative error of less than 25%. This is very close to practical engineering scenarios. The
ability of the SMA-SVM optimization algorithm to produce predictions with minimal error
relative to actual values was further confirmed by the combination of numerical simulations.
In addition, the numerical simulations revealed the flow characteristics and inundation
area of the discharged sediment during tailings dam failure, and the research results can
provide reference for water resource protection and downstream safety prevention and
control of tailings ponds.

Keywords: support vector machine; slime mold algorithm; numerical simulation; flow
characteristics

1. Introduction

By 2023, there were more than 6000 existing tailings dams in China, the largest number
in the world. These tailings dams serve as critical infrastructure for mining operations and
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are subject to flooding, rainfall, and tailing. They also pose a significant safety threat to
downstream residents. The impact on downstream water resources and human life and
property can be devastating if a tailings dam fails [1]. In recent years, tailings dam failures
have become increasingly common. For example, in 2008, the Kingston Fossil Plant tailings
dam in the United States failed, affecting an area of 1.6 km? and releasing 5.4 million m3
of tailings [2]. In 2010, excessive saturation and inadequate flood storage capacity led to
the failure of a tailings dam in Kolontar, Hungary. This incident affected an area 8 km
downstream and resulted in 10 deaths and 120 injuries [3]. In 2019, a tailings dam failure at
the Cérrego do Feijao iron mine in Brumadinho, Brazil, caused nearly 300 deaths [4]. In 2020,
a tailings dam leak at Yichun Luming Mining Co., Ltd. in Yichun, Heilongjiang Province,
released more than 2 million m? of tailings. This resulted in excessive concentrations of
molybdenum along a stretch of about 340 km of the river that runs from the Yijimi River to
the Hulan River [5]. Many researchers have studied the effects of tailings dam failures in
order to develop appropriate preventive measures to reduce the loss of life and property,
given the immense destructive potential of tailings dam failures.

Investigative analyses show that factors such as the storage capacity and the height of
the dam of the tailings reservoir are critical factors responsible for the tailings discharge
volume and the impact distance [6,7]. Xu et al. summarized empirical formulae for dam
breach flow rate and impact distance, on the basis of which Chen et al. [8,9] optimized
these empirical formulae by considering the properties of tailings and their deformation
during flow using the MAC staggered grid. However, the theoretical calculations are
generally based on the worst-case scenario and do not take into account the influence of
the topography of the downstream area. In order to accurately reflect the actual conditions
of tailings dam failures and predict their effects, Yin [10] conducted large-scale model
tests to investigate the flow characteristics of tailings dam failures for the first time. Du
et al. [11-16] conducted dam-failure experiments to obtain information on peak flow rates
and impact areas. They also proposed prediction methods and preventive measures for
dam-failure effects. Zhang et al. [17] set up a 42-meter-long large water tank to conduct
physical model tests with different particle sizes and dam-failure shapes. The results show
that any dam material could experience instability and failure, with finer debris travelling
further during the dam-failure process. Zhao et al. [18] derived a flow regime equation to
support the prediction of dam-failure impact ranges by investigating the impact velocity
and flow characteristics of water—sand mixtures under seismic conditions. However, due to
site and technical constraints, similar dam-failure model tests can be affected by issues such
as mechanical and material similarity, which can bias the results [19-21]. Therefore, in order
to address engineering issues, numerical simulations have become essential to create virtual
topographic conditions. The results indicate that any dam material could experience insta-
bility and failure, with finer tailings traveling farther during the dam breach process. Zhao
et al. [18] investigated the impact velocity and flow characteristics of water-sand mixtures
under seismic conditions and derived a flow regime equation that supports predictions of
dam breach impact ranges. However, due to site and technical constraints, similar model
tests on dam failures may be affected by issues such as mechanical and material similarity,
which can distort results [19-21]. Consequently, numerical simulations to construct virtual
topographical conditions have become essential for addressing engineering issues. For
instance, the Volume of Fluid method is employed to establish mechanical models that
capture fluid surfaces during dam failure [22,23]. This method simplifies the post-failure
sediment flow into cubic particles through grid division. Moreover, particle flow discrete
element—finite difference simulations have emerged as a primary method for tailings dam
modeling [24-26]. Nevertheless, the selection of constitutive relations and parameters dur-
ing numerical simulations can lead to significant deviations between simulated and actual
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results for some projects [27,28], All of the above studies provide reference and basis for
tailings pond failure prediction; however, understanding of how to realize rapid prediction
of sand breakage volume based on a large number of data statistics is still lacking.

With the advancement of artificial intelligence, algorithms such as Random Forest,
Neural Networks, and SVM are increasingly applied in engineering fields [29-31]. To
address the issue of low predictive accuracy caused by parameter selection in theoretical
calculations, model tests, and numerical simulations, a sample dataset of tailings dam-
failure cases was developed based on the principles of machine learning. By training these
samples, a nonlinear mapping relationship was established to predict tailings discharge
volume. Based on this, this paper selects the mucilage optimization support vector machine
algorithm based on the comparison of various optimization algorithms, constructs the mu-
cilage optimization support vector machine model (SMA-SVM), and predicts the amount
of sand breakage after the tailing pond breaks with the tailing pond capacity and the
dam height as the characteristic factors. The predictions were compared with results from
Random Forest, Radial Basis Function Neural Networks, Least Squares SVM, large-scale
physical model tests, and numerical simulations, which validated the predictive accuracy
of the SMA optimization algorithm. The flow characteristics of tailings after dam failure
were analyzed. The findings provide valuable references for dam-failure prevention of
tailings reservoirs.

2. Impact Assessment Model for Tailings Dam Failure
2.1. SVM Algorithm for Assessing the Impact of Tailings Dam Failure

SVM is a classical classification method in machine learning and has been extensively
employed for both linear and nonlinear regression. The assessment of the impact of tailings
dam failure can be viewed as a complex nonlinear regression problem [32]. Considering
the primary factors influencing dam failure, the input variables are the dam height of the
tailings reservoir (x1) and its storage capacity (x;), while the output is the tailings discharge
volume (f1). According to the principle of the SVM, input samples x; were mapped into a
high-dimensional feature space, where the fitting relationship between inputs and outputs
is expressed as Equation (1).

flx) = wp(xi) +b 1

where x; represents the features of the input samples (dam height and storage capacity);
w denotes the weights of each feature; ¢(x;) is the nonlinear mapping function; and b is
the threshold.

Following the principle of structural risk minimization, slack variables ¢ and ¢* were
introduced to obtain the optimal coefficients w and b. Consequently, the nonlinear regres-
sion was transformed into a solvable optimization problem, as presented in Equation (2).
The corresponding constraints are represented in Equation (3).

|1 ! “

min | -~ [|w|® +CY" (& + &) 2)

,Gib 2 i=1
wp(x;)) +b—y; < e+
yi—wd(x;) —b < e+t
¢ >02">0
i=1,2,--n

where C is the penalty parameter, and ¢;, {' represents the training error.



Water 2025, 17, 604

4 0f 20

To transform the samples into completely separable samples in the feature space,
a Lagrangian function was introduced to convert the original problem into a new dual
problem for solving, and the predictive model was obtained, as shown in Equation (4).

£(x) = 3 aaK(xpx) + b @
i=1

where 7 is the number of samples; a1 the Lagrange multiplier; and K(x;,x) is the kernel
function, whose choice determines the structure and complexity of the high-dimensional
feature space. Given the complexity of predicting the impacts of tailings dam failures [33],
this study selected the Gaussian kernel function to map input tailings dam features into
high-dimensional space, as shown in Equation (5).

e 112
K(x;,x) = exp{”legzxn} ®)

where g represents the bandwidth of the Gaussian kernel.

Based on the principles of the SVM outlined above, the nonlinear training process for
predicting tailings discharge volume and influence distance after tailings dam failure is
illustrated in Figure 1.
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‘ Parameter setting o "
Sample 1 | tailings discharge
v v volume
3 Lc ]l & | v
. .
¥ I Storage capacity l
Gaussian kernel | Dam height |
i K(xi, x) L — T |
I ¢ l Prediction of tailings
Feature B F discharge volume
S iterations v
on

' |

‘ Sample training ‘ Output ‘

Sample

Data' partitionin $
analysis g * Tailings disch
Model set ailings discharge
volume
Data COHCCt.iOH and Establishment of training| Prediction of tailings
processing model discharge volume

Figure 1. Principle of the SVM Algorithm.

2.2. Principle of the SMA Optimization Algorithm

Inspired by the foraging behavior of slime molds, the Slime Mold Algorithm (SMA) is
a heuristic optimization algorithm. Shimin et al. [34] summarized this behavior into three
stages: food seeking, food approach, and food capture. Slime molds develop a gradually
expanding fan shape and extend tentacle-like structures during the foraging process. After
several rounds of development, an interconnected vein-like structure is finally formed,
which allows for a comprehensive search for food.

Slime molds update their paths based on optimal theory during the foraging process.
When potential food sources vary in quality, they select sources of high concentration
and choose the optimal paths to connect these food sources, thereby constructing robust
pathways. Research suggests that the food source along the foraging path is inversely
proportional to the speed of decision making, with faster decision making reducing the
likelihood of finding food [35]. This foraging process enables molds to weigh optimal
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weighting against potential risk, ultimately determining the best weighting for each feature
of the sample.

When slime molds encounter high-concentration food sources during their division
process, they do not gather in that region for a long time; instead, they continue to divide
and search for other food sources. If a new food source has a lower concentration than
others, the slime molds quickly move away [36,37]. Therefore, during the process of sur-
rounding food, slime molds form connection channels of varying sizes. The mathematical
model for the SMA is established as follows.

(1) Approaching food: Slime molds move closer to food based on airborne scents; the
higher the food concentration, the larger the mass of the slime molds. When the
concentration is too low, they search in other directions, as expressed in Equation (6).

Xp(t) + Vp(W-Xa(t) — Xp(t), r<p

Ve X(t),r>p ©)

X(t+1) = {
where £ is the current iteration count; X, is the optimal individual position for fitness;
Vy, and V. are control parameters within [—a, a] and [—1, 1], respectively; W is the
fitness; X4(t) and Xp(t) are two random individual positions; and r is a random
number within [0, 1].

(2) Surrounding food: After surrounding high-concentration food, slime molds continue
to separate and search for even higher concentrations. The position iteration at this
stage is represented in Equation (7).

T‘(Bu — Bl) + B, v € [0,1]
X(t+1)= ¢ Xp(t) + Vu(W-Xa(t) — Xp(t), r<p )
Ve X(t),r>p

where B, and B are the upper and lower limits of the search range.

(8) Capturing food: During the processes of approaching and surrounding food, the
control parameters V;, and V. oscillate between [—a, a] and [—1, 1] during iterations.
When these parameters approach 0, food is captured. The data search process of the
SMA is illustrated in Figure 2.

2.3. Construction of the SMA-SVM Algorithm

The selection of parameters in machine learning models directly affects learning
effectiveness and efficiency, which makes it a crucial process for enhancing model perfor-
mance [38,39]. The essence of SVM parameter optimization lies in global searching during
the sample learning process. To achieve the optimal performance of the learning model,
efficient search strategies must be employed in the parameter space to identify a set of
approximately globally optimal parameter combinations during the searching process [40].
According to the basic principles of the SVM learning algorithm, the penalty parameter C
and the Gaussian kernel bandwidth g are crucial parameters that need optimization during
model training. The penalty parameter C indicates the degree of tolerance of the machine
to the interference samples when constructing the optimal hyperplane, while the Gaussian
kernel bandwidth g directly determines the structure of the kernel function mapping and
affects the radius of samples selected as support vectors by the model. Therefore, both
C and g directly impact predictive accuracy. The algorithm is prone to fall into the local
optimum when the mapping relationship is complex.
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Figure 2. SMA optimization process.

In SVM training, C and g tend to be selected from a relatively wide range, typically

[0.001, 1000]. Research has shown that overfitting or difficulty in capturing the sample data

can occur when empirical methods are used to determine the values of C and g [41,42].

The introduction of the SMA algorithm uses the characteristics of the approaching and

surrounding food to perform a global search on the samples, which allows it to escape local

optima to determine the values of C and g. Algorithm 1 presents the main code for the SMA

optimization process, while the principle of SMA optimization is illustrated in Figure 3.

Figure 3. Flowchart of the SMA-optimized SVM algorithm.
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Algorithm 1 Slime Mold Optimization Algorithm

1. For each amoeba

2. Begin amoeba at a uniformly distributed random location
within the search space.

3. Evaluate the objective function at the current location.

4. Store the objective function value and location as the
amoeba’s current location, current objective function

value, personal best objective function value, and

personal best location.

5. Set the amoeba’s state to VEGETATIVE.

6. End for

7. Archive the best objective function value from the amoebae.
8. Output optimum

3. Analysis of Predictive Results for Tailings-Dam-Failure Impact Using
SMA-SVM

3.1. Prediction Using the SMA-SVM Model

The dam height and tailings storage capacity were used as sample inputs x;, while the
predicted target tailings discharge volume was used as model outputs f,;), based on the
principles of the SVM algorithm and the key factors influencing dam failure. As detailed
in Table 1, relevant information from 65 dam-failure cases summarized by Rico et al. was
collected to construct a sample dataset [43—45], including 56 training samples and 9 testing
samples. During the optimization process of the SMA-SVM algorithm, the sma SVMcg
ForRegress program was first used to train the samples and identify the optimal SVM
parameters. After SMA optimization, the best penalty parameter C and the best width of
the kernel function g were determined and then entered into the test set for the prediction.

Table 1. Collection of tailings dam-failure case samples.

Impoundment Dam Released
No Name of the Dam Volume Height Volume
/10% m3 /m /10% m3

1 Brumadinho, Mina Corrego’do Feijao, Minas Gerais, Brazil (Vale) 1200 87 957

2 Louyang Xiangjiang Wanji Aluminum, China 200 45 200

3 Fundao-Santarem (Germano), Minas Gerais, Brazil (Samarco = Vale 5640 110 4370

&BHP)

4 Imperial Metals, Mt. Polley, British Columbia, Canada 7400 40 2360

5 Ajka Alumina Plant, Kolontar, Hungary (MAL Magyar) 3000 22 100

6 AguaTranque No. 5Nogales, V Region, Valparaiso, Chile 8 16 3

- Mineracao RioPomba Cataguases, Mirai, MinasGerais, Brazil, 380 35 200

Mineragao (IndustriasQuimicas Cataguases)

8 Tailings Dam, USA 50 43 17

9 Baia Mare, Romania 80 7 10
10 Los Frailes, nearSeville, Spain (Boliden Ltd.) 1500 27 680
11 Omai Mine, Tailings dam No 1, 2, Guyana (Cambior) 525 44 420
12 Middle Arm, Launceston, Tasmania 2.5 4 0.5
13 Merriespruit, nearVirginia, SouthAfrica (Harmony) No 4A Tailings 704 31 60

Complex

14 Maritsa Istok 1, Bulgaria 5200 15 50
15 Ajka Alumina Plant, Kolontar, Hungary 450 25 4.3
16 Unidentified, Hernando, County, Florida, USA #2 330 12 0.5
17 Story’s Creek, Tasmania 3 17 0.01
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Table 1. Cont.
Impoundment Dam Released
No Name of the Dam Volume Height Volume
/10* m3 /m /10* m3
18 Niujiaolong tailings pond, China 110 40 73
19 Bonsal, North Carolina, USA 3.8 6 1.1
20 Cerro Negro No. (4 of 5) 200 40 50
21 Niujiaolong, Hunan (Shizhuyuan Non ferrous Metals Co.) 110 40 73.1
22 Olinghouse, Nevada, USA 12 5 25
23 Sipalay, Phillippines, No. 3 Tailings Pond (Maricalum Mining Corp) 2200 25 1500
24 Balka Chuficheva, Russia 2700 25 350
25 Tyrone, New Mexico (Phelps Dodge) 250 66 200
26 Churchrock, New Mexico, United Nuclear 37 11 37
27 Arcturus, Zimbabwe 68 25 3.9
28 Mochikoshi No. 2, Japan (2 of 2) 48 19 0.9
29 Mochikoshi No. 1, Japan (1 of 2) 48 28 8
30 Zlevoto No. 4, Yugoslavia 100 25 30
31 Bafokeng, South Africa 1300 20 300
32 Silver King, Idaho, USA 3.7 9 14
33 (unidentified), Southwestern USA 50 43 17
34 Buffalo Creek, West Virginia, USA (Pittson Coal Co.) 50 16 50
35 Cities Service, Fort Meade, Florida, phosphate 1234 15 900
36 Mufulira, Zambia (Roan Consolidated Mines) 100 50 6.8
37 Mir mine, Sgurigrad, Bulgaria 152 45 45
38 El Cobre Old Dam 425 35 190
39 Los Maquis No. 3 43 15 2.1
40 Castano Viejo Mine, San Juan, Argentina 2.7 9 1.7
41 Louisville, USA 91 31 66.7
42 Huogudu, Yunnan Tin Group Co.,Yunnan 542 19 330
43 Jupille, Belgium 55 46 13.6
44 Los Cedros, Tlalpujahua, Michoac’an, M’exico 1148 35 250
45 Barahona, Chile 2000 61 280
46 Aitik mine, near Gallivare, Sweden (Boliden Ltd.) 1500 15 180
47 Sgurigrad, Bulgaria 152 45 22
48 Las PalmasPencahue, VIRegion, Maule, Chile (COMINOR) 22 15 17
49 Brunita Mine, Caragena, Spain (SMM Penaroya) 108 25 7
50 Stancil, Maryland, USA 7.4 9 3.8
51 Deneen Mica Yancey County, North Carolina, USA 30 18 3.8
52 Veta de Agua No. 1, Chile 70 24 28
53 Madjarevo, Bulgaria 300 40 25
54 El Cobre New Dam 35 19 35
55 Taoshi, Linfen City, Xiangfen county, Shanxi province, China 29 50.7 19
(TahsanMining Co.)
56 Dan River Steam Station, North Carolina (Duke Energy) 155 12 334
57 Sotkamo, Kainuu Province, Finland (Talvivaara) 540 25 24
58 Gypsum Tailings Dam (Texas, USA) 636 16 13
59 Prestavel Mine-S.taV.a, Nor.th Italy, 2,3 40 295 18
(Prealpi Mineraria)
60 La Luciana, Reocin (Santander), Cantabria, Spain 125 24 10
61 Hokkaido, Japan 30 12 9
62 Hector Mine Pit Pond, MN, USA 18.5 17 12.3
63 Cerro Negro No. (3 of 5) 50 20 8.5
64 Mike Horse, Montana, USA (Asarco) 75 18 15
65 Bellavista, Chile 45 20 7

Tailings discharge volume generally increased nonlinearly with increasing dam height

and storage capacity, and the degree of linear fit of a single variable to tailings discharge

volume was relatively low, as shown in the tailings dam-failure cases in Table 1. Within

the sample dataset, some dam-failure samples had a tailings discharge volume/storage
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capacity ratio significantly higher than the remaining samples (e.g., samples 2 and 34),
which could affect SVM classification performance and lead to larger prediction errors.
When constructing the sample dataset based on Table 1, the value range of the storage
capacity in the sample dataset is [2.7, 7400], which differs significantly from those of other
parameters. Therefore, normalization was applied to the storage capacity and tailings
discharge volume to ensure prediction accuracy. A total of 85% of the samples were used as
training samples, while the remaining samples were used as testing samples for prediction.
The predictions for the test samples were performed using Random Forest (RF), Radial
Basis Function (RBF), Least Squares Support Vector Machine (LS-SVM), and SMA-SVM
algorithms. The optimized values of C and g from the SMA-SVM algorithm are listed
in Table 2, the fitness curve during the optimization of the SMA algorithm is shown in
Figure 4, and the comparison of calculated results with actual values is presented in Table 3.

Table 2. Output results for optimized values of C and g.

Optimization Details Empirical Values [7] Optimized Values
Kernel function width g [0, 5.6] 1.066

Penalty parameter C [0, 200] 12.991

2550

[N N
N o
[V (=
(=] (=]

Degree of adaptation/107°
R
=

2350

2300 1 1 1 1 ]
0 20 40 60 80 100

Number of iterations

Figure 4. Adaptation curve.

Table 3. Prediction results from different algorithms (10* md).

Sample ID Real RF RBF LS-SVM  SMA-SVM
Values

Test sample 1 24 342.0 225.3 109.4 21.8
Test sample 2 13 277.5 267.4 104.1 11.0
Test sample 3 18 29.4 17.5 32.2 16.5
Test sample 4 10 29.0 61.2 30.3 11.8
Test sample 5 9 18.1 14.3 13.3 5.0
Test sample 6 12.3 6.0 14.4 5.5 6.2
Test sample 7 8.5 30.1 30.0 11.1 7.8
Test sample 8 15 19.3 41.6 14.5 7.0

Test sample 9 7 24.2 27.6 10.3 7.7
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3.2. Analysis and Discussion

As depicted in Table 3, the RF, RBF, LS-SVM, and SMA-SVM algorithms could all
predict the impact of dam failures. However, the predictions from the other algorithms
exhibited greater variability compared to the SMA-SVM algorithm, while Test1 and Test2
yielded results significantly higher than the actual values. To facilitate analysis and statis-
tics, their impacts were not considered. This study employed the Relative Error (RE)
(Equation (8)) and Mean Absolute Error (MAE) (Equation (9)) to analyze the prediction
results [46,47] to verify the applicability of the SMA-SVM model in predicting tailings-dam-
failure impacts. The absolute errors between the predicted and actual values are presented
in Figure 5.

RE = |yi — fxi) (8
1 n
MAE = EZ Vi — fixi) €

i=1
where RE represents the relative error; MAE denotes the mean absolute error that reflects
the absolute deviation between multiple predicted results and actual values; p is the
correlation coefficient, where values closer to 1 indicate predictions closer to actual values;
n is the number of test samples (1 to 9); y; is the actual value of the i-th test sample; ¥/ is the
average value of the test samples; f(,;) is the predicted value of the i-th test sample; and fis
the average value of the predicted values.

60 -
I [_IRF
ol . [ rer
[ JLs-svm

[ IsMA-svM

| {h]wHL

Testl Test2 Test3 Test4 TestS Test6 Test7 Test8 Test9

Relative error/10*m’
w B
o (=)
1 1

o3
(=}
L]

Sample number

Figure 5. Absolute error of prediction results for tailings discharge volume.

As illustrated in Figure 4, the discrepancies between the predicted results from the
SMA-SVM model and the actual values were generally within 60,000 m3, and predicted
values were significantly lower than the storage capacity of the tailings reservoir (3 to
15,500 m?). Except for Testl and Test2, the errors of other algorithms were all within
600,000 m3. This indicates that machine learning can be used to predict the tailings dis-
charge volume after tailings dam failure, but the SMA-SVM model exhibited higher predic-
tion accuracy. The predicted results and mean absolute errors for each sample are plotted in
Figure 6, while the relative errors from the SMA-SVM algorithm predictions are illustrated
in Figure 7.
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Figure 7. Error analysis of prediction results from SMA-SVM algorithm.

The above analyses confirmed that, with an average absolute error of 30,000 m® and an
average relative error of less than 25% for tailings discharge volume predictions, the SMA-
SVM algorithm provides higher prediction accuracy than other algorithms. Compared
to the other algorithms, the maximum improvement in the mean absolute error for the
prediction of the tailings discharge volume was 97,000 m®. This was attributed to the
high sensitivity of the RF algorithm to the decision tree parameters. This resulted in poor
handling of small sample data due to the randomness in the computational process. The
objective of training RBF neural networks is to derive the minimum error function, but the
use of the gradient descent strategy often results in local optima. As a result, the RF and
RBF algorithms produced relatively high prediction deviations from actual values. SVM
is suitable for nonlinear predictive regression. The SMA optimization algorithm provides
optimal values of C and g through global search to ensure high prediction accuracy for the
model, making it more applicable than the LS-SVM algorithm. However, in addition to
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the effects of storage capacity and dam height on the tailings flow rate, the method of dam
construction also affects the tailings flow rate, leading to certain differences between the
prediction results and the actual results.

In summary, the prediction accuracy of the SMA-SVM algorithm is higher than other
algorithms, such as the RF algorithm and RBF neural network, in predicting the amount
of sand breakage in tailing ponds, so the method can be used for predicting the impact
of dam breakage in tailing ponds, such as quickly estimating the impact range of dam
breakage according to the amount of sand breakage and the flow characteristics of the
discharged tailing slurry during the breakage, which can be used to provide a reference
for the preparation of emergency response plans for this kind of accident, and for the
implementation of protection design and other projects. However, the accuracy of machine
learning is greatly affected by the number of samples, in order to avoid overfitting and
underfitting phenomenon, in future research, we can continue to collect similar engineering
cases, increase the number of samples and characteristic factors, so as to realize more
accurate prediction.

4. Model Test for Tailings Dam Failure and Validation of the
SMA-SVM Algorithm

To validate the SMA-SVM algorithm, this study selects a case of dam failure from a
valley-type tailings reservoir in Guangdong Province as the background [48]. The initial
elevation of the tailings reservoir’s dam base is 709.5 m, with the final designed elevation
of the stockpile dam top being 830 m. The total dam height is 120.5 m, and the initial dam
height is 40.5 m. The storage capacity below the initial dam top elevation of the tailings
reservoir is 1,028,000 m3, while the total capacity is 1.6 million m3. The tailings reservoir is
classified as a Class Il reservoir. The initial dam is a permeable rockfill dam, built at the
entrance of a narrow and steep valley downstream. The elevation of the dam top is 755 m,
with a dam height of 45.5 m and a dam top width of 7.5 m. The length of the dam top axis
is 110 m. The upstream and downstream slopes of the dam are 1:1.6 and 1:2, respectively.
In 2010, influenced by Typhoon Fanapi, the tailings reservoir experienced an overtopping
dam failure, resulting in a tailings discharge volume of approximately 200,000 m>. Before
the tailings discharge, the dam height of the tailings reservoir was 45.5 m, and the storage
capacity was about 300,000 m3. A series of three-dimensional models were established
based on the above information about the tailings reservoir. Different numerical simulation
scenarios were designed, as shown in Table 4.

Table 4. Numerical simulation scenarios for tailings dam failure.

Simulation Scenario Dam Height Storage Capacity
Scenario 1 45.5 30
Scenario 2 45.5 120.8
Scenario 3 120.5 1561

Based on the dam failure simulation scenarios outlined in Table 4, three-dimensional
simulations are conducted using FLOW-3D v 11.2 numerical simulation software to obtain
the tailings discharge volume after tailings dam failure. During the simulation, five moni-
toring points (M1 to M5) were established along the flow path of the sediment to collect
data on outflow velocity and inundation depth. The three-dimensional numerical model is
presented in Figure 8, while the model parameters are listed in Table 5.
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Figure 8. Numerical simulation model of overtopping dam failure (Dam height: 120.5 m).
Table 5. Parameters for numerical simulation.
Simulation Parameters Value Simulation Parameters Value
Diameter/mm 0.0385 Entrainment Coefficient 0.18
Density /kg-m~3 2020 Bed Load Coefficient 8
Critical Shields Number 0.05 Angle of Repose (Degrees)/° 32

Tailings dam failure is a complex and variable process characterized by severe free
surface deformations due to erosion, embankment collapse, splashing, and coalescence.
The investigation cannot be limited to a single fluid model. FLOW-3D uses the full Navier—
Stokes equations together with the continuity equation as the governing equations for
fluid motion. It uses the Volume of Fluid (VOF) method to calculate free flows on the fluid
surface and combines it with the Fractional Area/Volume Ratios (FAVOR) grid processing
approach to optimize the computational grid. Its uniqueness lies in the separate definition
of controllable fluids, so that the geometry of the computational grid is independent of the
model geometry. Its governing equations are

AuAy) | d(udy)  d(uAz) _
S (10)

u 4 Vip(qug% +0A, +wAzg—’;) =-124G+f

%+ g (A +oA K +uA ) = HE 4G+ an

Wy VLF (qu%—f + vAy%iy" + wAZ%—’;’) = —%%—E +G:+ f»
where p represents the fluid density; P is the pressure acting on the fluid micro-element;
u, v, and w are the corresponding velocity components in the x, y, and z directions; Vr
denotes the flowable volume fraction; Ay, Ay, and A; represent the flowable area fractions
in the x, y, and z directions; fy, fy, and f, represent the viscous force accelerations in the x, y,
and z directions; Gy, Gy, and G; represent the gravitational accelerations of the fluid in the
three directions.

To truly reflect the flow characteristics during dam failure, this study employs a
sediment module to simulate the movement of particles throughout the dam-failure process.
In the calculations, the movement of tailings and their interaction with the water flow are
represented by the suspended sediment equation. The ability of water flow to carry
sediment is highly correlated with flow velocity. As water flow velocity increases, its
capacity to carry sediment also increases. Once the water flow velocity reaches a threshold,
the deposited tailings are entrained by the water flow, which facilitates them to transition
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from bed load to suspended load. These two states change alternately with the variations in
water flow’s entrainment capability. According to the aforementioned theory, the simulation
results for various scenarios are presented in Figure 9.

Simulation plan 1

flow depth Restar(m)

Scenario 2
flow depth Restar(m)

6.009
4.507
3.004
1.502
0.000

Scenario 3

flow depth Restar(m)

Figure 9. Influence range of tailings dam failure for different scenarios.

As illustrated in Figure 9, numerical simulations revealed that the tailings flow gen-
erated by the dam failure of the tailings reservoir is the process in which floodwaters
overtopped and scoured the dam surface. During this process, the tailings moved down-
stream in a slurry state with the water flow and spread to both sides at the valley exit. The
dam-failure process ceased when the shear stress increment of the outflow substrate was
less than the critical shear stress required to mobilize the tailings. Analyses of the fluid
surface area and Facked sediment mass data from the simulation results demonstrate that
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as the storage capacity and dam height of the tailings reservoir increased, the tailings dis-
charge volume and inundation range after overtopping dam failure exhibited a nonlinear
increase. The dam height and storage capacity data from simulation scenarios 1 to 3 were
put into the SMA-SVM algorithm to predict the tailings discharge volume. The comparison
between the predicted and simulated results is presented in Table 6. To capture the flow
characteristics of the discharged tailings, simulation results were collected every 10 s during
the simulation process. The flow velocity variation curves for monitoring points M1 to M6
at different times are plotted in Figures 10-15.
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Table 6. Ratio of numerical simulation results to SMA-SVM prediction results.

Simulation Simulated Tailings Predicted Tailings Discharge
Scenari Discharge Vi lumellg4 m3 Volume by SMA-SVM
cenario scharge Vo Algorithm/10* m?
Scenario 1 20.0 15.2
Scenario 2 36.7 18.1
Scenario 3 487.6 427.5
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ure 14. Flow velocity at monitoring point M5 for different dam-failure scenarios.
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Figure 15. Flow velocity at monitoring point M6 for different dam-failure scenarios.

Analyses of the flow characteristics at different monitoring points over time revealed
that the flow velocity at different monitoring points decreases with the increase in the flow
path at the same moment. After the tailings dam failed, the discharged slurry reaches a
peak velocity as it flowed through the monitoring point, and the time to reach this peak
shortened as the tailings discharge volume and dam height increased. Throughout the
dam-failure process, the influence range of the discharged slurry continuously expanded.
The flow must overcome surface resistance contributing to a gradual decrease in velocity,

and the velocity curve can be approximated as triangular. Once the kinetic energy carried
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References

by the slurry was exhausted, the flow ceased, and the influence range of the dam failure
tended to stabilize.

5. Conclusions

(1) Combined with the collected engineering cases, it can be seen that by the joint in-
fluence of reservoir capacity, dam height, and other aspects, the amount of sand
breakage of tailings pond dam failure increases with the increase in dam height and
reservoir capacity, and the correlation between a single variable and the amount of
sand breakage is relatively low, and through a large number of cases of dam failure to
construct the training samples, the use of machine learning can solve the problem of
the impact of dam-failure prediction of the small number of parameters and the long
computation time.

(2) There is a nonlinear relationship between the impact of tailing pond dam breach
and the existing conditions of tailing pond. The SVM algorithm cannot fully reflect
the correlation of global samples when performing nonlinear regression due to its
weak search ability, and the SMA algorithm gives the optimal penalty parameter C
and the kernel function parameter g through global search, which can improve the
algorithm accuracy.

(3) The SMA-SVM optimization algorithm is established to predict the tailing sand
discharge volume after dam failure, and the results show that, compared with the RF
algorithm, RBF algorithm, and LSSVM algorithm, the prediction results of the SMA-
SVM optimization algorithm are closer to the real value, and the average absolute
relative error of the sand discharge volume is about 30,000 m? The prediction results
have a high degree of agreement with the actual value, and the errors with the results
of numerical simulation are 48,000 m3, 186,000 m>, and 186,000 m?, and 601,000 m3,
respectively, and the research results can be used as an effective analysis tool for the
study of tailings pond dam failure.

(4) There are still deficiencies in the model, in addition to the main impact of the tailings
pond dam failure by the reservoir capacity, dam height, rainfall, and dam construction
method, as well as other factors. These deficiencies represent one of the influencing
factors on the amount of sand breakage; however, this paper does not consider the im-
pact of other factors, so the SMA-SVM optimization algorithm proposed in the paper
does not have universality, and in future research, it is necessary to carry out a more
comprehensive analysis and assessment of these factors in order to analyze the sand
breakage of the tailings released after the tailings pond dam failure more accurately.
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