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ABSTRACT. Trace element detection of rock minerals is of great importance in the fields
of geology, mineral exploration and environmental science. In this paper, to address the
problem that the relationship between rock minerals and trace elements in existing meth-
ods is nonlinear, which reduces the accuracy of detection, firstly, the microwave digestion
method is used to convert the rock samples into solutions, and then the trace elements in
rock minerals are directly determined by Inductively Coupled Plasma-Mass Spectrometry
(ICP-MS). A correction equation is established to eliminate the polyatomic ionic inter-
ference produced by oxide ions on trace elements, thus obtaining the electrical signals of
trace elements. Secondly, the electrical signal is denoised using improved wavelet trans-
form and the decomposed signal is reconstructed in terms of energy distribution. Then
the principal component analysis algorithm is used to eliminate the irrelevant signal vari-
ables, and on this basis, CNN is used to extract and fuse the important signal feature
information, and then the Harris Hawk optimization algorithm is used to find the optimal
SVM hyper-parameters to fit the relationship between the trace element content and the
signal features, so as to complete the detection of trace elements in the rock minerals.
The experimental outcome implies that the Relative Standard Deviation (RSD) of the of-
fered approach was less than 9.6%, and the detection accuracy was improved by 5-12.5%,
which indicated that the offered approach could improve the accuracy of modeling and
effectively identify different types of trace elements.

Keywords: Trace element detection; ICP-MS; Wavelet transform; Principal component
analysis; Support vector machine.

1. Introduction. Geological rock minerals are polymers formed by a variety of elements,
gradually formed during the internal movement of the earth’s crust, it can be seen that the
key to the production of geological rock minerals is geological action. There are different
types of geological activities in different parts of China, and the geological application
level is also very different, in order to ensure that mining is carried out smoothly and
efficiently, it is necessary to pay attention to the detection and analysis of trace elements
of geological rock minerals, and accurately grasp the form of mineral combinations of
geological rocks and the types of chemical elements, etc. [1, 2]. By a large number of

investigations and analysis, it can be seen that the distribution and content of mineral
47
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resources is not regular, and the variety of minerals is extremely large, commonly used
in human life, including hydrochloric acid, oxygenated minerals, and the development of
various fields of society on the demand for mineral resources is also great [3]. All these
highlight the importance of geological rock mineral detection and analysis, which is related
to the scientific and reasonable development and utilization of valuable mineral resources.
However, how to improve the efficiency and utilization of mineral resources extraction is
a problem that needs to be deeply explored at present [4, 5]. Therefore, in the process of
research and use of rock mineral resources, it is especially critical to do a good job in the
detection of trace elements of rock minerals.

1.1. Related work. Traditional methods for the determination of trace elements in rock
minerals include spectrophotometry [6], atomic absorption spectrometry [7], and mass
spectrometry [8]. Ajtony et al. [9] used graphite furnace atomic absorption for the deter-
mination of trace elements in rock minerals, which required drying and ashing procedures,
and it took at least 1.5 min to analyze a sample. Rhodes et al. [10] used the reaction
of metal element ions with specific complexes, but its practical application is less due to
the difficulty of matching the relevant enzymes and complexes. Gouda et al. [11] used
atomic absorption spectrometry (AAS) to detect trace elements in rock minerals, but
chemical pre-treatment is required, which may cause secondary pollution. Inductively
coupled plasma mass spectrometry (ICP-MS) technology has been widely used due to
its high throughput, wide detection range and good precision. Mclnnes et al. [12] used
ICP-MS to detect trace elements in rock minerals, and it took only 30 s to analyze one
sample with a measurement range of 0.13 ~ 500 ng/mL. Song et al. [13] conducted a
study for the determination of nickel in rock minerals and separated different kinds of
rock mineral components by ICP-MS standard mode with a Relative Standard Deviation
(RSD) of 13.9%.

Although the trace elements determined in the above study are relatively compre-
hensive, they need to be determined and analyzed manually, and machine learning can
automatically discover the patterns and laws in the data set and realize the automatic
determination of mineral trace element species. Ramil et al. [14] detected and classified
five kinds of mineral trace elements under polarized light microscope based on Artificial
Neural Network (ANN) and proved that the best color space for mineral identification is
RGB color space. Zhang et al. [15] based on multilayer perceptron to extract the char-
acteristics of different kinds of rocks and convert them into numerical parameters as the
input of the model to realize the category detection of rock minerals, but the detection
efficiency is not high. Liu et al. [16] used the K-means clustering algorithm in machine
learning to characterize the minerals analyzed by atomic absorption spectrometry based
on the color characteristics of the minerals, and detected and assessed the trace elements
of the rock minerals, but the detection was time-consuming. Bédard et al. [17] combined
decision tree and Gene Expression Programming (GEP) methods to establish a trace ele-
ment detection method for rock minerals, but the detection error is large. Ma and Huang
[18] based on Convolutional Neural Network (CNN) to extract the features of minerals and
the Mohs hardness of minerals to detect rock minerals, but the computational complexity
is high.

Since neural network models are very easy to fall into local minima and slow to converge,
Support Vector Machines (SVMs) are good at nonlinear regression estimation, and some
scholars have adopted them for rock mineral detection. Zhang et al. [19] combined
SVM with wavelet analysis and genetic algorithm to establish a more reliable detection
model, with a detection accuracy of 87.5%. Sun et al. [20] combined atomic absorption
spectroscopy and SVM to detect trace elements in minerals, and achieved good results.
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Wang et al. [21] introduced LSTM to extract features of rocks and minerals, and realized
the classification of trace elements by SVM, which improved the prediction accuracy of
the model.

1.2. Contribution. Through the analysis of existing studies, it is known that the current
rock mineral trace element detection method has redundant variables, which leads to poor
detection effect. To address this problem, this paper proposes a trace element detection
method for rock minerals based on ICP-MS and support vector machine, and the main
work of this method is summarized as follows.

(1) The microwave digestion method was used to convert the rock samples into solution,
and ICP-MS was used to directly determine the trace elements in the rock minerals,
with scandium as the internal standard element to eliminate the matrix effect, and
the correction equation was established to eliminate the polyatomic ionic interference
produced by the oxide ions on the trace elements, so as to obtain the electrical signals
of the trace elements.

(2) Denoising of electrical signals using the improved wavelet transform (WT), the im-
proved wavelet packet denoising method corrects the misalignment of the signal
frequency bands, and reconstructs the decomposed signals from the perspective of
energy distribution, which is capable of not losing signal information in the high
frequency bands, but also makes the signals free from noise interference in the low
frequency bands.

(3) The Principal Component Analysis (PCA) algorithm is used to eliminate irrelevant
signal variables and reduce the redundancy of the model. On this basis, the impor-
tant signal features are extracted by using the multi-layer convolution of CNN, and
the output features of each layer of CNN are fused and input into the SVM classifier
improved by Harris Hawk Optimization (HHO) for detection.

(4) The experimental outcome implies that the detection accuracy of the proposed
method is 95%, and the average absolute error is 0.1268, which not only improves
the detection accuracy of trace elements, but also reduces the detection error, and
provides a new way of thinking for the detection and analysis of trace elements in
rock minerals.

2. Theoretical analysis.

2.1. Principle of the ICP-MS method. Mass spectrometry includes GC-MS, 1CP-
AES, ICP-MS and other methods, among which ICP-MS is widely used in the field of
geological rocks and minerals analysis due to its multiple advantages such as high sensi-
tivity, high precision and reproducibility, fast scanning and analyzing speed, and isotope
analyzing ability. ICP-MS is an analytical instrument that combines ICP technology with
mass spectrometry, where the ICP acts as an ion source and the mass spectrometer is a
mass screening and analyzing instrument. The ICP-MS instrument consists of seven main
components, including the injection system, the ICP ion source, the interface and ion op-
tics, the mass analyzer, the multistage vacuum system, the detection and data processing
system, and the computer system [22]. Of these, the injection system, ICP ion source,
interface and lens, and mass analyzer are the core components, as shown in Figure 1.
The sample is ionized from the inlet system through the ion source ICP, forming an ion
stream that enters the vacuum system through the interface. In the ion mirror, positive
ions pass through normally and are focused, while negative ions, neutral particles and
photons are intercepted. In the analyzer, the instrument changes the analyzer parameters
to allow only the elemental ions with the required mass/charge ratio to pass through and



420 M. Meng, Z.-G. Lu, H.-L. Song, and H.-P. Pan

enter the detector, where the number of ions entering is counted and the final elemental
content is obtained from the intensity of the count.
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Figure 1. ICP-MS main component modules

2.2. Support vector machine. SVM is a widely used machine learning algorithm for
classification and regression problems [23]. The advantage of SVM algorithm is that it
has good generalization ability and performs well in the case of many features, while
the disadvantage is that it is sensitive to noise. Compared with KNN, CNN and other
algorithms, SVM can increase the computation speed while maintaining the accuracy
rate. SVM constructs decision boundaries by searching for the support vectors closest to
the samples of different categories, and then classifies the data in the test set to get the
final result.
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Figure 2. Schematic diagram of the SVM delineation plane

Let the dataset X contain N sample points z; € R¥ i = 1,2, ..., N in a K-dimensional
space, and the corresponding class labels are denoted as y; € {—1,1}, with -1 and 1
denoting the two classes. That is, X = {(x1,11),..., (zn,yn)}. There exists a hyperplane
wlx +b = 0 separating the two types of data, where w is a K-dimensional vector and b is
a scalar. The SVM trains a hyperplane w2z +b = 0 from X that can correctly classify the
two types of data on each side of the hyperplane; this hyperplane is then used to classify
the new data x,.,, as shown in Figure 2, with the following decision function:

Ynew = sign(wa +b) (1)

where sign is a sign function; b is a constant.

The aim of SVM is to seek an optimal separating hyperplane to minimize the classi-
fication error [24], defining the functional and geometric intervals as shown in Equation
(2) and Equation (3), respectively.

1 T
[[wl]
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where y; is the decision function, w’z + b is the hyperplane, and ||w|| is the number of
paradigms of w.

After defining the two intervals, the SVM binary classification task is transformed into
an optimization problem: the parameters w and b are computed such that the geometric
interval from the dataset to the hyperplane is maximized as shown in Equation (4), where
r is either the functional interval or the geometric interval.

maxr s.t.Lyi(me +b)>r (4)

wb [[0]]
3. Trace element acquisition of geological rock minerals based on ICP-MS. In
view of the complex and time-consuming pre-treatment process of rock samples by ICP-
MS, microwave digestion method [25] was adopted to efficiently transform rock samples
into solution by using microwave energy, and trace elements in rock minerals were directly
determined by ICP-MS, scandium was used as the internal standard element to eliminate
matrix effects, and correction equations were established to eliminate the interference of
oxide ions. Thus, electrical signals of trace elements can be obtained, and the specific
process is shown in Figure 3.
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Figure 3. Specific flow of microwave digestion-ICP-MS

First, the microwave energy is used to convert the rock into a solution, the core equation
of which is as follows. Where E is the energy of microwave, h is Planck’s constant, and
v is the frequency of microwave.

E=hv (5)

The rock is placed in a high-pressure, airtight microwave vessel with an appropriate
amount of acid, and the microwave radiation rapidly heats the acid and the sample,
resulting in a complete and rapid decomposition of the sample. Next, the resulting sample
solution was introduced into the ICP-MS for analysis. The principle of ICP-MS is based
on the ionization of ions in the sample solution by inductively coupled plasma (ICP),
which generates cations and the concentration of each element by mass spectrometry
(MS). The basic formula is as follows, where I is the intensity of the detected signal, C
is the concentration of the rock sample, S is the sensitivity of the system, and £ is the
ionization efficiency of the element.

[=CSE (6)

In this paper, scandium was chosen as the internal standard element, which has a
moderate mass number and stable chemical properties, and is not easy to be chemically
reacted or lost during sample handling and analysis. Since most of the trace elements
in rocks are metallic elements with extremely complex compositions, in the process of
ICP-MS, these interfering elements combine with O and Ar to produce interfering ions
with the same isotopic masses as those of the trace elements, which seriously affects the
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accuracy of the measurement. Therefore, the deduction of the mass spectral interference
is very important. By adding different amounts of the interfering elements Sr and Cu to
the standard solutions of different concentrations of scandium, the final trace elements
were measured, and the mass spectral interference correction formula was obtained as
follows.

C= CSc — chO — KQAT (7)
where C' is the corrected elemental concentration, Cs. is the apparent concentration of
the measured Sc, K; and Ky are the interference correction factors for the interfering
elements.

The obtained trace element ion signals were converted into analyzable electrical signals
using the calculation method proposed by Nishiguchi et al. [26] to obtain the final ICP-MS
analyzed trace elements of the rock minerals as shown in Equation (8).

[ =1Iy—(Ig x R) (8)

where [ is the corrected trace element determination, I, is the sample containing the
interfering element, Ig is the measured value of the interfering element, and R is the
signal intensity ratio of the interfering element.

4. Trace element detection of rock minerals based on improved support vector
machine.

4.1. Denoising of trace element electrical signals based on improved wavelet
transforms. After obtaining the electrical signals of rock and mineral trace elements
through ICP-MS, the improved wavelet transform (WT) is used to denoise the electrical
signals, the redundant electrical signal variables are screened by PCA, and the main elec-
trical signal features are extracted by the multi-layer convolution of CNN. HHO algorithm
was used to find the optimal SVM hyperparameters to fit the relationship between trace
element content and signal characteristics, and at the same time to complete the detec-
tion of trace elements in rocks and minerals, so as to solve the problem of low detection
efficiency. The designed process of mineral trace element detection is shown in Figure 4.
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Figure 4. The designed process of mineral trace element detection

SVM classifiers are extremely sensitive to noise, and the commonly used denoising
methods are Savitzky-Golay filter denoising and WT denoising [27], WT adopts a multi-
resolution approach, which is able to portray the non-smooth features of the signal very
well, so in this paper, we utilize WT for denoising of electrical signals of trace elements.
Since the traditional WT for denoising is prone to frequency aliasing, in this paper, the
signal to be analyzed is first convolved with the wavelet decomposition of the high-pass
filter H and the low-pass filter G to obtain the convolved components. Then the C' and
D operations are performed to eliminate the excess frequency, and then the signal after
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zeroing is fast Fourier inverted and sampled at intervals, and the result of the sampling
process is replaced by the result of the convolution. Finally the nodes are corrected to
get the correct frequency band and eliminate the misalignment. Let z(n) be the wavelet
packet coefficients of the low-frequency subbands on the 2/ scale, then the formulas for C
and D are shown below.

X(k) = Y02s w0 < k< B2 or 3 <k < N

C =< X (k) =0, other 9)
- Nj— —kn
i(n) = 3 02y (k)W

X(k) =30 a(mWh, 5 <k < 7
D = ¢ X(k) =0, other (10)
- N;j—1 —kn
B(n) = £+ Y00 e (k)W
where C' and D are the operators that eliminate the excess band components after convo-
lution with H and G in conventional WT, respectively, W = e=72™/Ni N; are the lengths

of the data on the 27 scale, D is the output of the operator, and n = 0,1,...,N;_1,
k:n:O,l,...,Nj_l.

4.2. Variable screening based on principal component analysis. After WT de-
noising, a large number of variables in the trace element electrical signals were obtained,
which also contained useless variables, so it was necessary to screen the feature data to
eliminate irrelevant variables and reduce the redundancy of the model before subsequent
analysis. Through PCA, the most important variables in the data are filtered out; the
features that have the greatest impact on the data are prioritized for retention. This
approach ensures that the main information in the data is maximized while removing
redundant information. Assuming that there are m rock mineral trace elements and n
signaling variables, which constitute the matrix Xmxn = (X1, X2,---,Xn)", where x; =
[T1js Tajs -+ s Tijs - - » Tmj]* consists of the original variables, let the new component after
dimensionality reduction by PCA be F, Fs, ..., F,, i.e., Fi, = prix1+DPraX2+ -+ PrnXn-
The specific calculation steps are as follows.

L : o, : ,
The standardized initial evaluation matrix x7,,, = (7{;)mxn is first created, where 7/; is

shown in Equation (11), and where 7; = 1/m>_7" | 7y, 85 = /Doy (15 — 73)%/(m — 1).

S | (11)

Next, the matrix of correlation coefficients between the standardized variables, R =
(Tjk )nxn, is calculated as follows, where 74 is the correlation coefficient between the j-th
variable and the k-th variable.

rik = mzizl(Tij . Zj)(zk — Tk) _ (1)
Vi (i = 73) 22 (T — )
After that, the eigenvalue Ai, Ao, ..., A\, and its corresponding eigenvector [y, s, ...,1,

of R were calculated, the principal component contribution ratio vy and cumulative con-
tribution ratio v; were calculated, and the top f principal components with eigenvalue
greater than 1 and cumulative contribution ratio more than 85% were selected as the final
variables.

A

V= =
ZZ:1 Ak

Zl‘::l Ai
= == 14
ZZ:1 Ak ( )

(13)

U
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where vy is the contribution of the f-th principal component; v; is the cumulative contri-
bution of the first ¢ principal components.

4.3. Variable feature extraction based on convolutional neural network. After
removing the redundant variables, CNN is introduced for feature extraction of trace el-
ement signal variables, which has more powerful feature extraction capability compared
to methods such as RNN and LSTM. CNN consists of input level, convolutional level,
activation level, pooling level and fully connected level. In this paper, the sizes of CNN
convolutional kernels are all set to 1 x 3 with a step size of 1. The numbers of convo-
lutional kernels are 32, 64 and 128, respectively, and the sizes of maximal pooling layers
are all set to 4 x 1 with a step size of 1, and a Relu activation function is set in each
convolutional level.

The convolution level can automatically extract the local features of the spectral sample
data, and the nonlinear activation function is introduced after the convolution to obtain
the feature extraction results, as shown below:

I = F((T* X V)imn) + b, (15)

where V' is the input matrix into the convolutional layer, gfnm is the output vector of
the convolutional level in the m-th row and n-th column, J* is the weight of the i-th
convolutional kernel; b; is the bias vector, and f() is the activation function.

4.4. Trace element detection of rock minerals based on Harris Hawk optimized
SVM. In SVM, the larger the penalty parameter C' and the kernel function parameter
g are, the higher the dimensionality of the mapping is, the better the training results
are, but the possibility of overfitting is also greater. Therefore, it is necessary to choose
the most suitable parameters to construct the SVM classifier. In this paper, HHO [28§]
is used to search for the optimal hyperparameters of SVM for optimal detection. HHO
achieves population evolution by mathematically modeling different feeding strategies of
Harris’s hawk. The whole optimization process includes three stages: exploration, conver-
sion between exploration and development, and development. Compared with heuristic
algorithms such as PSO and GA, this algorithm has the advantages of simple principle,
no cumbersome parameter tuning, and excellent global search capability, etc. The specific
steps are as follows.

(1) Initialize the parameters of the HHO algorithm, including the population size of
Harris’s hawk and the maximum number of iterations. Then a set of initial positions
of Harris’s Hawk (HH) is randomly generated, and in the exploration phase, a random
number ¢ is generated for each position based on the value of q. ¢ < 0.5 is the distance
between the positions of Harris’s hawk close to the prey, and ¢ > 0.5 is the random
position between the HHs.

chmd<t) — T1|Xrand(t) — 27”2X(t)| q Z 0.5

(Xrapbit(t) — Xon(t)) = rs(LB +ry(UB — LB)) ¢ <0.5 (16)

X(t+1):{

where t is the current iteration; X (¢ + 1) is the position vector of the next iteration;
Xyana(t) is the position of a random individual in the flock; X,.mi(t) is the position
vector of the rabbit to be hunted; UB and LB are the upper and lower bounds of the
search space, respectively; ry, 7o, r3, and r4 are random numbers; and X (¢) is the current
position vector.

(2) The Root Mean Square Error (RMSE) of the SVM is used as the fitness function,
and then the fitness value of each HH is calculated. The location of the HH with the best
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fitness value is taken as the global optimal solution as follows.

1
Rrarse = | - e
RMSE . Z(yp y) (17)
p=1
Gvest = Xrapvit(t) — Rrarse|J Xrawwit(t) — X (1) (18)

where y, is the predicted value, y is the actual value, and J is the strength of the rabbit’s
random jumps.

(3) Calculate the fitness value and use the optimized SVM for rock mineral trace element
detection. If the fitness value of the updated HH is better than the current gpest, Gpest
will be replaced by that fitness value, and when the maximum number of iterations is
exceeded, the optimal parameters C' and g of the search SVM are outputted, thus mapping
the unsolvable nonlinear problem in the low-dimensional space to the high-dimensional
space through the kernel function, thus simplifying the optimal separating hyperplane
solution as follows.

f(g:) = w-d(g:) +b (19)
where w, b are the weight vector and threshold, respectively; ¢ is the extracted trace
element feature.

For a given training dataset {(g¢;,4:),7 = 1,2,...,n}, the constrained optimization
problem is expressed as follows by using the insensitive loss function € to process the
weights w and thresholds b to be sought in the detection model through the principle of
structural risk minimization.

1 n Yyi—w-p(x) —b<e+§;
min§HwH2+CZ(€i+ff) st.Qw-d(x) +b—y < e+ & (20)
=1 57,75: Z O

where C' is the penalty parameter after HHO optimization, which determines how well the
function fits, and as C' becomes larger, it is necessary to make the model less tolerant to
detection errors, and thus C'is related to the generalization ability of SVM. &; and £ are
non-relaxation variables, and € is used to measure the deviation of the training samples
outside the insensitive region.

In addition, the optimization problem is transformed into a dyadic problem by intro-
ducing the Lagrangian function, and finally the decision function of SVM is obtained by
introducing the optimal kernel function as follows.

Nsv
Fla) = (ai — a) K (21, 2) + b (21)
i=1

where ng, is the number of support vectors.

5. Performance testing and analysis.

5.1. Analysis of precision experimental results of the ICP-MS method. In this
paper, the data of 105 geological rock mineral trace elements from the literature [29] are
utilized as a dataset, which contains the concentration data of iron, manganese, copper,
zinc, lead, nickel and other trace elements as well as the electrical signal data, which are
classified in this paper as pro-ferrous, pro-copper, pro-gas, and pro-manganese, and are
labeled as 1, 2, 3, and 4, respectively. The dataset is divided into training and test sets in
the ratio of 8 : 2, and 10% of the samples from the training set are used as the validation
set. The experimental platform is Ubuntu 18.04.5 operating system, the graphics card
is NVIDIA RTX 1650Ti, and the software environment is Python 3.6.0 and Tensorflow
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2.0. All models were cross-validated using 10-fold cross validation, setting the epoch to
5000 rounds and the batch size to 32, and the network was updated by using the Adam
optimization method.

By analyzing the trace element contents in the dataset, a box-and-line diagram of
the major trace element contents in geological rock minerals can be obtained as shown
in Figure 5. The Mn content ranged from 9.94% to 42.4% with an intermediate value
of 21%, and the Fe content ranged from 23.4% to 63.2% with an intermediate value of
47.4%. The Cu content ranges from 9.94% to 45.6%. The Pb content is relatively small,
ranging from 3.5% to 9.79%, with an intermediate value of 6.1%, so that the main trace
elements in geological rock minerals are Fe, Mn, Cu, Zn and Pb.
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Figure 5. The major trace element contents in geological rock minerals

After analyzing the major trace elements, the proposed microwave ICP-MS (MCICP-
MS) was compared with spectrophotometry (SPM) and atomic absorption spectrometry
(AAS) for comparison experiments. Comparison of the results of the precision experiments
of the different methods for the major trace elements are shown in Table 1. where RE
stands for relative error and RSD stands for relative standard deviation. Overall, the RE
of ICP-ESVM results to the determined values was -7.8% ~ 9.8%, and the RSD was not
more than 9.6%, which was higher compared to both SPM and AAS, and fully verified
the high efficiency of the introduction of MCICP-MS.

5.2. Performance analysis of trace element assay for rock minerals. To verify the
detection effect of the proposed detection method MCICP-MS, MCICP-MS was compared
with RM-MLP [15], WT-SVM [19], and LSTM-SVM [21] in the comparison experiments,
and the results of the different methods for the detection of trace elements in rock min-
erals are shown in Figure 6. In Figure 6 (d), the detection accuracy of MCICP-MS was
95%, which was improved by 5%, 7.5%, and 12.5% compared with RM-MLP in Figure 6
(a), WT-SVM in Figure 6 (b), and LSTM-SVM in Figure 6 (c), respectively. MCICP-MS
not only efficiently analyzes trace element signal variables using ICP, but also reduces
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Table 1. Analysis of precision experimental results of different methods

SPM AAS MCICP-MS
Trace element
RE/% | RSD/% | RE/% | RSD/% | RE/% | RSD/%

Fe 3.4 7.3 1.8 5.2 1.3 3.9
Mn 5.1 8.9 3.9 7.1 3.0 6.4
Cu 8.2 6.4 6.5 5.7 5.3 4.6
7n 7.1 5.6 5.1 4.8 3.9 4.3
Pb 13.8 8.7 11.2 7.5 9.8 6.8

the complexity of input variables by screening redundant variables using PCA. Further-
more, MCICP-MS utilizes HHO to search for the optimal hyperparameters of SVM, which
improves the effectiveness of detection.
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Figure 6. The results of the different methods for the detection of trace elements

In addition to analyzing the accuracy of detection, this paper also utilizes the detection
performance metrics RMSE, MAE, and R? which also need to be further analyzed for
detection accuracy as shown in Table 2. The closer the R? is to 1, the higher the correlation
between the independent variable and the dependent variable. It is usually considered
that the model with R? > 0.5 has good detection effect, and the R? of all four models is
greater than 0.5, so all four models are valid, and the R? of MCICP-MS is 0.9863, which
shows the best detection effect. Furthermore, the RMSE and MAE of MCICP-MS were
reduced by at least 17.45% compared with RM-MLP, WT-SVM, and LSTM-SVM, and
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RM-MLP detected trace elements by MLP, but redundant variables were not eliminated,
so the detection efficiency was not high. WT-SVM did not extract the features of trace
elements and only used the unoptimized SVM for trace element classification, so the
detection efficiency is not as good as LSTM-SVM and MCICP-MS. The LSTM-SVM did
not consider the screening of non-critical variables and did not sufficiently extract the
main features of trace elements, so that the best detection performance of MCICP-MS
using ICP-MS and improved SVM was obtained.

Table 2. Comparison of detection accuracy of different detection methods

Model RMSE | MAE R?
RM-MLP | 0.1459 | 0.2154 | 0.8819
WT-SVM | 0.1184 | 0.1971 | 0.9056

LSTM-SVM | 0.0940 | 0.1586 | 0.9364
MCICP-MS | 0.0776 | 0.1268 | 0.9863

6. Conclusion. As the basic elements of the earth system, rock minerals play an im-
portant role in geoscience and mineral resources exploration. This paper addresses the
problem that the existing trace element detection methods for rock minerals ignore im-
portant variables, resulting in unsatisfactory detection results. Firstly, the rock samples
were converted into solution by microwave digestion, and the trace elements in the rock
minerals were directly determined by ICP-MS, and the corrective equations were estab-
lished to eliminate the polyatomic ion interference produced by the oxide ions on the trace
elements, and to obtain the electrical signals of the trace elements. Then the improved
WT is used to denoise the electrical signals, the PCA algorithm is introduced to eliminate
the irrelevant variables in the denoised electrical signals, and the important signal features
are extracted by using the multi-layer convolution of CNN, and the output features of
each layer in the middle of CNN are fused and inputted into the improved SVM classifier
of HHO for detection. The experimental outcome indicates that the detection accuracy of
the offered approach has been improved by at least 5%, and the detection error has been
reduced by at least 17.45%, which has higher detection accuracy and precision, and can
better realize the detection of trace elements in rock minerals. There are many kinds of
minerals in rocks, this paper only for the main trace elements for experimental analysis,
for the content of lesser mineral elements due to the lack of samples in the dataset, data
labeling difficulties, etc., in the subsequent research needs more comprehensive mineral
library and more accurate mineral detection algorithms to make the model more versatile.
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