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Abstract
As the core component of the copper top-blown
smelting, the service life of the injection lance
critically affects production stability. To monitor
the operating condition of the injection lance,
a data-driven model is proposed to predict the
Remaining Useful Life (RUL) or service life,
namely, the DKT-LSSVM model. Firstly, to reduce
noise interference, the Daubechies wavelet with
four vanishing moments (DB4) denoising is used
to process the raw data. Then, the Kernel Principal
Component Analysis (KPCA) method is utilized to
extract the principal components from the denoised
data, which retains at least 90% information content
(18 principal components are obtained). These
principal components are used as inputs to a Least
Square Support VectorMachine (LSSVM)model to
predict the RUL of the injection lance, and a Tuna
Swarm Optimization (TSO) algorithm is proposed
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to optimize the hyperparameters of the LSSVM.The
results show that the proposed algorithm performs
well in RUL prediction of the injection lance,
with RMSE=1.2274 (day), MAE=0.6623 (day) and
R2=0.9308. Therefore, the proposed algorithm can
provide effective RUL prediction for the injection
lance, reduce its operational risks, and improve the
stability and reliability of the copper top-blown
smelting system.

Keywords: injection lance, least square support vector
machine (LSSVM), tuna swarm optimization (TSO)
algorithm, remaining useful life (RUL).

1 Introduction
Conventional copper concentrate smelting techniques
are being replaced by new copper smelting processes,
due to the high energy consumption and serious
environmental pollution [1]. In many advanced
copper pyrometallurgy processes, the Isa smelting
process is widely used, because of its low required
investment, rapid smelting, wide raw material
adaptability, high productivity, and low energy
consumption [2]. In the Isa smelting process,
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oxygen-enriched air is vertically injected into the
high-temperature molten bath by the injection lance
and then forms bubbles to stir the latter [3]. The
injection lance is thus regarded as a key component of
the Isa smelting system. Therefore, the injection lance
is of importance for enhancing the momentum and
heat transfer inside the molten phase.
However, the service life of the injection lance is
severely affected by the work process (high stirring
intensity). Typically, the injection lance fails owing
to bending, tip burning, body wear, plugging, tip
bogging, or accretion, among which bending and tip
burning are considered to be the main reasons for
lance damage [4]. Once the injection lance fails, it
will significantly reduce the operating efficiency of
the smelting process. Thus, accurately predicting the
Remaining Useful Life (RUL) of the injection lance is
crucial for its health management, such as scheduling
maintenance activities, optimizing resources, and
minimizing unplanned failures.
It is well known that datasets are very important for
modeling. Due to constraints, the collected operational
data of the injection lance are very limited. Therefore,
data processing and model selection are particularly
important. The dataset used in this paper has three
main characteristics: 1) Noise interference; 2) Feature
redundancy; 3) Few-shot data. These characteristics
further increase the difficulty of modeling.
In view of the above considerations, a DKT-LSSVM
algorithm is developed in this paper to predict the RUL
of the injection lance. In this algorithm, theDaubechies
waveletwith four vanishingmoments (DB4) denoising
is utilized to reduce noise in the raw data. Then,
the Kernel Principal Component Analysis (KPCA) is
introduced to eliminate the correlation between the
features and to realize the dimensionality reduction
process. In light of the superiority of the Least
Square Support Vector Machine (LSSVM) model, it is
used to model the relationship between the principal
components and the RUL of the injection lance.
In addition, the Tuna Swarm Optimization (TSO)
algorithm is used to optimize the hyperparameters
of the LSSVM model. Finally, the proposed method is
validated using actual operation data on the injection
lance from a copper smelter. The results show that the
proposed algorithm has the best evaluation metrics:
RMSE=1.2274, MAE=0.6623, R2=0.9308. The main
contributions of this paper are summarized as follows:
1. We constructed a DKT-LSSVM model, which

combines the LSSVM model, DB4 denoising

technology, KPCA method and TSO algorithm.
TheDB4 denoising andKPCA are used to enhance
and extract features from raw data as modeling
input. Meanwhile, the TSO is introduced to
optimize the hyperparameters of the LSSVM
model.

2. The effectiveness and superiority of the proposed
DKT-LSSVMRUL assessmentmodel are validated
by a case study. The research results offer a novel
and effective methodology in the field of the RUL
assessment of injection lance, which is expected to
provide research idea for the health management
of the injection lance.

The remainder of this paper is organized as follows:
Related work is introduced in Section 2. Section 3
describes the data preprocessing, which includes the
DB4 denoising and the data normalization. In Section
4, the methodology is presented, including the KPCA,
LSSVMmodel and TSO algorithm. Section 5 is a case
study. Finally, conclusions are presented in Section 6.

2 Related Work
With the development of artificial intelligence [5],
the development of machine learning [6] and other
technologies have brought new opportunities for
research on the RUL prediction for the injection
lance. The data-driven RUL prediction methods have
garnered significant attention [7], primarily because
they are independent of detailed physical modeling
and extensive prior domain knowledge [8]. The
data-driven methods directly learn the mapping from
monitoring data to RUL, enabling end-to-end RUL
prediction. Especially, Deep Learning (DL) models
have gained prominence in the field of RUL prediction,
which enhances prediction performance through their
powerful learning and representation of degraded
information [9, 10]. Song et al. [11] presented a
deep learning-based RUL prediction method, which
uses an attention mechanism to weight sequence
data representations. Zhang et al. [12] combined
Convolutional Neural Network (CNN)with Recurrent
Neural Network (RNN) to estimate RUL. The Long
Short-Term Memory (LSTM) was also used by Zheng
et al. [13] and Zhang et al. [14] to predict RUL. Tomake
full use of the sensor data sequence bidirectionally,
Wang et al. [15] proposed a new data-driven approach
with Bidirectional Long Short-TermMemory (BiLSTM)
network for RUL estimation.
Unfortunately, DL models typically require a large
amount of training data to ensure their performance.
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Moreover, data collection proves both costly and
time-consuming in many industrial scenarios [16].
Therefore, developing effective RUL prediction
methods using Few-Shot Learning (FSL) has become
a new research focus. The LSSVM is one of the most
commonly used FSL models owing to its outstanding
performance in multidimensional nonlinear mapping,
small sample processing and model generalization
[17]. In order to define the time-to-start point of
RUL prediction, Islam et al. [18] applied the LSSVM
for anomaly detection. Zhang et al. [19] used the
LSSVM model to extract the degraded nonlinear
features of power electronic devices. Huang et al. [20]
used the LSSVM model optimized by Particle Swarm
Optimization (PSO) to predict the life of fuel cells.
Thus, the LSSVMmodel is chosen in this paper.

3 Data preprocessing
In this part, we introduce the data preprocessing
methods used in this study, including the
data denoising, data normalization and feature
engineering.

3.1 DB4 denoising
Actual data are prone to various types of noise
contamination, which is detrimental to modeling.
Thus, the Daubechies wavelet with four vanishing
moments (DB4) denoising is introduced for data
filtering due to its advantages, such as multiple
vanishing moments, good regularity and approximate
symmetry. The wavelet analysis theory indicates that
any signal Z(t) can be approximated using a series of
orthogonal basis functions [21], that is

Z(t) =

∞∑
j=−∞

αIjfI,j(t) +

I∑
i=1

∞∑
k=−∞

βijgi,j(t), (1)

where i denotes the ith decomposition level, and j
is the location of a basis function, fI,j(t) and gi,j(t)
are the DB4 scaling functions at level I and the DB4
wavelet function at level i with respect to location
j, respectively. αIj and βij are the corresponding
coefficients, i = 1, 2, ..., I .
In DB4 denoising, the components with small wavelet
coefficients are discarded, while the components with
large wavelet coefficients are retained. Finally, the
denoised signal Ẑ(t) is acquired by applying the
inverse wavelet transform. We obtain the denoised
dataset by applying DB4 denoising for every signal
(i.e., feature).

3.2 Data normalization
To eliminate the influence of the index scale on
modeling, the uniform extreme deviation processing
method is utilized to standardize the dataset. Its
calculation formula is

Z̃i(t) =
Ẑi(t)− Ẑmini

Ẑmaxi − Ẑmini

, (2)

where Z̃i(t) is the normalized data of feature i, Ẑi(t)
represents the denoised data of the i-th feature Zi(t),
Ẑmini and Ẑmaxi represent themaximum andminimum
values of Ẑi(t), respectively. Obviously, Z̃i(t) ∈
[0, 1], which helps to eliminate the influence of scale
differences among features on modeling.

4 Research methodology
4.1 KPCA
As is well known, the quality and number of features
directly determine the performance and complexity of
the model. Therefore, feature engineering is highly
necessary before modeling. KPCA is a nonlinear
extension form of PCA [22] and is one of the most
commonly used methods to accomplish nonlinear
dimensionality reduction in feature engineering. In
this paper, KPCA is used owing to its ability to capture
nonlinear features. The main principle of KPCA is as
follows [23].
Let {Xtr

k , Y
tr
k }

Ktr
k=1 denote the training dataset including

Ktr samples, whereXtr
k ∈ R1×n is the k-th samplewith

n features, and Y tr
k is the corresponding scalar output.

According to the KPCA theory, the kernel matrix Ψtr

can be calculated as:

Ψtr[i, j] = Φ(Xtr
i , X

tr
j ), i, j = 1, 2, ...,Ktr, (3)

where Ψtr[i, j] is the element in i-th row and j-th
column of Ψtr, Φ(·) is kernel function. Typically, Φ(·)
is chosen as the Gaussian kernel function [17], that is

Φ(x1, x2) = e−
||x1−x2||

2

2σ2 , (4)

where || · || represents the Euclidean norm, and σ > 0
is the kernel bandwidth. The kernel matrix must be
centralized. Thus, Ψtr is centralized as:

Ψ̃tr =

(
IKtr −

1Ktr
Ktr

)
Ψtr

(
IKtr −

1Ktr
Ktr

)T
, (5)

where IKtr is aKtr-dimensional identity matrix, and
1Ktr is a Ktr-dimensional matrix with all elements
equal to 1.
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Then, the i-th eigenvalue λi and eigenvector αi of Ψ̃tr

are obtained by solving the following equation.

Ψ̃trαi = λiΨ̃tr, (6)

Next, let the eigenvalues satisfy λ1 ≥ λ2 ≥ ... ≥ λKtr ,
with the corresponding eigenvectors being α1, α2, ...,
αKtr . The cumulative contribution rate τk is then
defined as:

τk =
k∑
i=1

λi/

Ktr∑
i=1

λi, k = 1, 2, ...,Ktr. (7)

Let τ0 represent the threshold value of cumulative
contribution rate. Assuming τK−1 < τ0 and τK ≥
τ0 (2 < K ≤ Ktr), we obtain the feature matrix
A = [α1, α2, ..., αK ]. Finally, the new dataset can be
represented as:

Xtr
new = Ψ̃trA, (8)

In addition, considering a new dataset {Xte
k }

Kte
k=1, the

joint kernel matrix Ψu can be computed as:

Ψu[i, j] = Φ(Xte
i , X

tr
j ), (9)

where Ψu[i, j] is the element in the i-th row and j-th
column ofΨu, with i = 1, 2, ...,Kte and j = 1, 2, ...,Ktr.
The new kernel matrix Ψte can be computed as:

Ψte =

(
Ψu −

1KteKtrΨtr

Ktr

)(
IKtr −

1Ktr
Ktr

)
, (10)

where 1KteKtr denotes the dimensional matrix with the
dimensionsKte ×Ktr and all elements equal to 1. For
the new dataset, its projection into theK-dimensional
subspace is formulated as:

Xte
new = ΨteA, (11)

Remark 1 : It is well-known that selecting an appropriate
kernel function is crucial for KPCA. Since the Gaussian
kernel function is widely used, we adopt it in this paper.

4.2 LSSVMmodel
The LSSVM, proposed by Suykens et al. [24], is an
improved version of the SVM. It replaces the inequality
constraints of the SVM with equality constraints and
can be solved as a system of linear equations. Due
to its improved computational speed and reduced
computational complexity [25], it is widely used in

small-sample regression tasks. The description of the
LSSVMmodel is as follows [26].

f(x) = wTϕ(x),+b (12)

where w is the optimizable weight vector, b is the
adjustable bias, and ϕ(·) is a nonlinear mapping
function.
Then, based on the structural risk minimization
criterion, its model parameters are obtained by
optimizing the following objective function.

min
w,b,ξi

J(w, ξi) = 1
2

(
‖w‖2 + γ

∑Ktr
i=1 ξ

2
i

)
s.t.Y tr

i = w · ϕ(Xtr
i ) + b+ ξi,

(13)

where γ is the penalty factor (or regularization
parameter), ξi is the relaxation (error) factor for ith
sample.
For the optimization problemwith equality constraints,
the Lagrange equation V can be built

V (w, b, ξ, η) = J(w, ξi)−
Ktr∑
i=1

ηi

[
Y tr
i − Ỹ tr

i − ξi
]
(14)

where Ỹ tr
i = w · ϕ(Xtr

i ) + b, ξ = [ξ1, ξ2, ..., ξKtr ]
T ,

and η = [η1, η2, ..., ηKtr ]
T is the Lagrange multiplier.

According to the Karush-Kuhn-Tucker (KKT)
conditions, calculate the partial derivatives of w, b, ξ,
η in equation (14) respectively and set them to zero,
that is

∂V

∂w
= 0,

∂V

∂b
= 0,

∂V

∂ξ
= 0,

∂V

∂η
= 0, (15)

Next, after eliminating the parameters w and ξ, we
have[

0
Y tr

]
=

[
0 11×Ktr

1TKtr K + γ−1IKtr

] [
b
η

]
, (16)

where 11×Ktr is a Ktr-dimensional row vector with
all elements equal to 1, K is the kernel matrix
of the LSSVM model with elements K[i, j] =
ϕ(Xtr

i , X
tr
j ), i, j = 1, 2, ...,Ktr. Since the radial basis

function (RBF) is the most commonly used nonlinear
kernel function, it is chosen in our study. The RBF is
given by

ϕ(Xtr
i , X

tr
j ) = e−

‖Xtri −X
tr
j ‖

2

κ2 (17)
where κ is the kernel function parameter.
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Finally, the LSSVM output is obtained as follows:

f(x) =

Ktr∑
i=1

ηiϕ(x,Xtr
i ), (18)

As there are two hyperparameters in LSSVM (γ and
κ) to be optimized, the TSO algorithm is employed for
this purpose.

4.3 TSO algorithm
TSO is a swarm-based metaheuristic algorithm
inspired by the cooperative foraging behavior of tuna
swarm, i.e., spiral foraging and parabolic foraging [27].
It has been widely employed in many fields, such
as power grid optimization operation [28] and risk
assessment optimization for hydrogen energy storage
[29]. The mathematical model of TSO is as follows.
• Initialization: TSO generates initial populations

uniformly at random in the search space, that is

x0i = r0(xub − xlb) + xlb, i = 1, 2, 3, ..., Np, (19)

where x0i is the i-th initial individual, r0 is a
random number uniformly distributed between
0 and 1, xub and xlb are the upper and lower
bounds of the search space, and Np is the number
of individuals in the tuna group.

• Spiral foraging: The tuna group chases their
prey by forming a tight spiral formation around
each other. This spiral foraging strategy can be
mathematically described as

xk+1
i = c1(x

k
best + β|xkbest − xki |) + c2x

k
i−m, (20)

where xk+1
i is the i-th individual at k+ 1 iteration,

xkbest is the current best individual, c1 and c2 are
weight coefficients, β is the distance scaling factor
between a general individual and the optimal
individual, k denotes the number of current
iteration, and m is a binary variable such that
m = 0 if i = 1 or m = 1 otherwise. c1, c2 and
β are defined as follows.

c1 = c+ (1− c) k

kmax
, (21)

c2 = (1− c)(1− k

kmax
), (22)

β = ebe
3 cos((kmax+1/k)π)

cos(2πb), (23)

where kmax is the maximum number of iterations,
b is a uniformly distributed random number

between 0and 1. c is a constant with a default
value of 0.7.
To avoid over-reliance on the optimal individual
and improve the global exploration ability of TSO,
a random reference point is introduced for spiral
search within the search space. The mechanism
is described as follows.

xk+1
i = c1(x

k
round+β|xkround−xki |)+c2x

k
i−m, (24)

where xkround is a randomly generated coordinate
in the search space. In TSO, individuals randomly
choose either equation (20) or equation (24) to
update its position. Thus, we have

xk+1
i = c1(x

k
T + β|xkT − xki |) + c2x

k
i−m, (25)

where xkT = xkbest if ζ1 ≤ k/kmax or xkT =
xkround otherwise (where ζ1 is a random number
uniformly distributed between 0 and 1).

• Parabolic foraging: In addition to the spiral
foraging, tuna swarms also engage in parabolic
foraging. This process is described as follows.

xk+1
i =

{
xkbest + r1e

k
i + r2p

2eki , ζ2 < 0.5,

r2p
2xki , otherwise.

,

(26)
where p = (1 − k/kmax)k/kmax , r1 is a uniformly
distributed random number between 0 and 1, and
r2 is a random variable that takes the value of
either 1 or -1.

In the TSO, each individual randomly chooses among
initialization (19), spiral foraging (25) or parabolic
foraging (26) in each iteration. Overall, the complete
mathematical model of the TSO is as follows.

xk+1
i =


r0(xub − xlb) + xlb, st1,

xkbest + r1e
k
i + r2p

2eki , st2,

r2p
2xki , st3,

c1(x
k
T + β|xkT − xki |) + c2x

k
i−m, st4.

, (27)

where st1 represents ζ3 < ζ, st2 represents ζ2 <
0.5 & ζ3 ≥ ζ & ζ4 < 0.5, st3 represents ζ2 ≥ 0.5 & ζ3 ≥
ζ & ζ4 < 0.5 and st4 represents ζ3 ≥ ζ & ζ4 ≥ 0.5. Here,
ζ3 and ζ4 are random numbers uniformly distributed
on the interval [0, 1], while ζ is the probability for
selecting an initialization, with a default values as 0.05.
In the paper, TSO is employed to optimize
hyperparameters γ and κ in the LSSVM model.
The mean squared error (MSE) is selected as the
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Figure 1. Flowchart of TSO.

objective function for the optimization problem, that is
min
γ,κ

J(γ, κ) = 1
Ktr

∑Ktr
i=1 (Y tr

i − Ŷ tr
i )2+

ε2(γ2 + κ2),

s.t.γ ∈ (0, γub], κ ∈ (0, κub],

(28)

where Ŷ tr
i is the i-th sample output of the LSSVM,

which can be calculated by equation (18). ε =
1/max(γub, κub) is the regularization coefficient.
All individuals of TSO are iteratively updated by
equation (27). The optimal individual (γ∗, κ∗) and
the corresponding fitness value are returned when
k > kmax. The detailed process of TSO is shown in
Figure 1.

4.4 RUL prediction based on DKT-LSSVM
Firstly, we use the DB4 denoising method to eliminate
noise in the original data. Then, KPCA is utilized to
extract the principal components of the denoised data.
Finally, these principal components are used as input
features for the LSSVM model. Moreover, the TSO
algorithm is used to optimize the hyperparameters
of the LSSVM model owing to its strong global
search capability. The process of RUL prediction
based on DKT-LSSVM is illustrated in Figure 2. The

implementation steps of the proposed algorithm are
summarized in Algorithm 1.

In Figure 2, Dtr = [Xtr, Ytr], Dte = [Xte, Yte], Xtr =
{Xtr

k }
Ktr
k=1, Ytr = {Y tr

k }
Ktr
k=1, Xte = {Xte

k }
Kte
k=1, Yte =

{Y te
k }

Kte
k=1, and Ŷ is the predicted service life.

5 Case
5.1 Data sources and preprocessing
The study focuses on the injection lance used in
copper top-blown smelting. We collected some actual
production data from a certain smelter, including
Actual production data, comprising 1613 samples and
33 features, were collected from a smelter. Part of the
dataset is presented in Table 1.

The variables are defined as follows: x1 is the O2

consumption (Nm3), x2 is the air consumption of
the lance (Nm3), and x3 is the average temperature.
Additionally, x33 is the air consumption of the burner,
and y is the service life.
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Figure 2. Flowchart of the proposed prediction model.
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Figure 3. Fitness curve of the iterative process for
optimizing σ. NPC is the number of principal components.

For each feature, the DB4 denoising is applied to

remove noise from the original data. Each feature
is then normalized using the max-min normalization
method (2). In the experiment, we used Python 3.11.7
for modeling on a computer equipped with an Intel(R)
Core(TM) i9-14900K 3.20 GHz processor and 128 GB
of RAM.

5.2 Model building
In the KPCA, we set the threshold of the cumulative
contribution rate τ0 = 0.90 [30]. The kernel parameter
of KPCA σ is optimized by the grid search in the range
of [10, 100]. The training process is shown in Figure 3.
Therefore, we set σ∗ = 53.00. Then, the contribution
rates and cumulative contribution rates of the principal
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Algorithm 1: RUL prediction algorithm based on
KPCA-TSO-LSSVM.
Collect the operational data of the injection lance.
Then, the key steps are as follows.
• Train model

1. DB4 denoising
Remove noise from the original data using the

DB4 denoising principle.
2. Normalization
Normalize each feature via equation (2).

3. Divide dataset
Normalized dataset is randomly divided into a

training dataset {Xtr
k , Y

tr
k }

Ktr
k=1 (80% of the

dataset) and a test dataset {Xte
k , Y

te
k }

Kte
k=1 (20% of

the dataset).
4. KPCA

Calculate the centralized kernel matrix Ψ̃tr, the
feature matrix A and Ψte using equation (5),
equations (6 - 7) and equation (10), respectively.
Then, obtain the new datasets Xtr

new using
equation (8) and Xte

new using equation (11).
5. TSO optimizes LSSVM

Set the population size Np and the maximum
number of iterations kmax. Then, update each
TSO individual using equation (27) and evaluate
its fitness using equation (28). When k > kmax,
return the optimal individual (γ∗, κ∗).

• Test model The test dataset {Xte
k , Y

te
k }

Kte
k=1 is

input into the LSSVMmodel to obtain the RUL
prediction of the injection lance. Then, the model
performance is further evaluated by some
metrics.

components are shown in Figure 4.
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As shown in Figure 4, the cumulative contribution
of the first 18 principal components (P1 to P18) is
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Figure 5. Fitness curve of the training process.

greater than 90%. Thus, these principal components
are selected to as the model input.

In addition, the parameters of the TSO algorithm are
listed in Table 2.

Table 2. Parameters of the TSO algorithm.
Parameter Symbol Value

Initial population Np 20
Maximum iteration kmax 40
Upper boundary [γub, κub] [500, 500]

Constant c 0.7
Tuna mutation probability ζ 0.05
Kernel function of LSSVM ϕ(·) RBF

Based on the parameter configuration in Table 2, we
used the TSO to train the proposed Algorithm 1. The
final results were γ∗ = 65.9355 and κ∗ = 45.1149.
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L
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Figure 6. True and predicted life curves of the injection
lance in the test dataset.

5.3 Evaluation metrics
To objectively evaluate the predictive performance of
the model, the Root Mean Square Error (RMSE), Mean
Absolute Error (MAE) and coefficient of determination
(R2) are adopted as evaluation metrics, with their
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Table 1. Part of the dataset information.
ID x1 x2 x3 ... x33 y

1 110296 217680 1146.25 ... 33526 12.5
2 96586 205167 1140.25 ... 20082 20.5
3 110926 213310 1155.00 ... 23584 20.5
4 113175 217757 1173.00 ... 25516 20.5
... ... ... ... ... ... ...

1613 119720 77753 1146.75 ... 17147 6.0
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Figure 7. Histograms of the data distribution in the test
dataset.

definitions as follows respectively.

RMSE =

√√√√ 1

N

N∑
n=1

(yi − ŷi)2, (29)

MAE =
1

N

N∑
n=1

|yi − ŷi|, (30)

R2 = 1−
N∑
n=1

(yi − ŷi)2/
N∑
n=1

(yi − ȳ)2, (31)

where yi is the true value, ŷi is the predicted value,
N is the number of samples, ȳ = 1

N

∑N
n=1 yi is the

mean value. Obviously, the closer RMSE and MAE
are to 0 and the closer R2 is to 1, the better the model
performance.

5.4 Results and analysis
In this part, we demonstrate the performance of
the proposed algorithm and conducted comparative
experiments. The true and predicted life curves of
the injection lance in the test dataset are shown in
Figure 6. Furthermore, the histogram and probability
density function of the prediction errors in test datasets
are shown in Figure 7. The median of the error
distribution curves for the test dataset is very close
to 0. Therefore, as it can be seen from Figures 6 and 7,
the proposed algorithm can successfully capture the
nonlinear relationship between the RUL of injection
lance and the influencing factors.

In addition, during the lifecycle of an injection lance,
the prediction results of its RUL are shown in Figure 8.
The Figure 8 (left) shows that the proposed algorithm
provides relatively reliable RUL prediction for the
injection lance, with the maximum absolute error not
exceeding 0.4 days.

Finally, to verify the superiority of the proposed
algorithm, comparative experimental results are
presented. For these experiments, we selected
the following methods for comparison: Extreme
Learning Machine (ELM), Back Propagation Neural
Network (BPNN), Recurrent Neural Network (RNN),
Random Forest (RF), Least Squares Support Vector
Machine (LSSVM), Support Vector Machine (SVM)
and KSSVM. Note that KSSVM refers to an SVM
optimized by the Sparrow Search Algorithm (SSA)
with KPCA for feature extraction. The evaluation
metrics of different methods are shown in Table 3.

Table 3. The evaluation metrics of different methods.
Methods RMSE(day) MAE(day) R2

Our method 1.2274 0.6623 0.9308
KSSVM 2.32 1.56 0.78
SVM 2.65 1.94 0.68

LSSVM 2.72 1.97 0.68
RF 2.86 2.07 0.66

RNN 3.55 2.73 0.43
BPNN 3.86 2.92 0.42
ELM 4.07 3.19 0.27

The results show that our method outperforms the
other models in terms of the service life prediction of
the injection lance. Analysis of Table 3 shows that:

1. In the task of the service life prediction for
the injection lance, the symbolism-based
models (such as DKT-LSSVM, KSSVM, SVM,
LSSVM and RF) generally perform better than
connectionism-based models (e.g., BPNN, RNN
and ELM). This indicates that symbolism-based
models are more suitable for this task.
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Figure 8. The prediction results of RUL for a injection lance during its lifecycle. True and predicted RUL of a injection
lance (left) and predicted error of its RUL (right). Lt is true RUL and L̂t is predicted RUL.

2. KPCA can effectively extract the key information
from the nonlinear influencing factors and remove
redundant information. Therefore, our method
and KSSVM perform better than the others.

3. Since the LSSVM is an improvement over SVM, it
offers better fitting capability. However, compared
with the KSSVM, our algorithm performs better.

6 Conclusions
This paper focuses on the RUL prediction problem of
the injection lance in the copper top-blown smelting
and proposes a DKT-LSSVM method for the soft
measurement of RUL of the injection lance. The results
demonstrate that the proposed method can reliably
predict the RUL of the injection lance. In comparative
experiments, the proposed method achieves the best
evaluation metrics (RMSE=1.2274 day, MAE=0.6623
day and R2=0.9308), which further verifies the
effectiveness and superiority of the proposed method.
Thus, the proposed method can be applied to the
RUL prediction of the injection lance in the copper
top-blown smelting. It not only provides a reference for
timely replacing the injection lance, but also enhances
the automation level of the copper top-blown smelting.
Additionally, the proposed method can be further
extended to predict the life of other equipment, such
as the P-S converter and reduction furnace in copper
bath smelting.
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