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Abstract: With the rapid development of industrialization, the problem of concentration determi-
nation based on the copper production process has been widely concerned, and the accurate deter-
mination of high-concentration copper ions (Cu2+) is of great significance for enterprise production,
resource utilization, and pollution prevention. The characteristics of different spectrophotometric
methods for the determination of Cu2+ are discussed, and it is found that these methods are suitable
for the determination of trace or low concentration of Cu2+ (0.5 µg/L–5 mg/L), whereas for the
determination of high Cu2+ concentration pre-treatments such as dilution, complexation, and coloring
are required. In this study, a method based on ultraviolet-visible spectroscopy (UV-Vis) combined
with partial least squares regression analysis (PLS) was proposed for the determination of high copper
ions (>100 mg/L), which performs rapid and accurate determination of high Cu2+ concentration
by preprocessing and feature extraction of UV-Vis spectral data, followed by model construction
with PLS analysis, which is easy to operate and applicable to a wide range of concentrations. The
correlation coefficient (R2), mean relative error (MRE), and root mean square error (RMSECV) of
the model prediction of Cu2+ concentrations were 0.99946, 0.006343, and 11.237 mg/L, respectively,
indicating that the accuracy of the model prediction is very high. This study not only provides
an efficient method for the precise determination of high Cu2+ concentration but also enables the
simultaneous determination of Cu2+, Co2+, and Ni2+ ions, which provides a new technical means for
environmental monitoring and pollution prevention.

Keywords: ultraviolet-visible spectroscopy; partial least squares regression analysis; high concentra-
tion of copper ions; determination

1. Introduction

Copper is an essential material in the national economy and national defense construc-
tion. In the past decades, with the sharp increase in global copper demand, copper smelting
technology has been constantly developing and progressing [1–3], and production capacity
and output are expanding rapidly. China is the largest country in the production and
consumption of refined copper, and the production of refined copper shows a rising trend
from 2016 to 2022, and the production even exceeds 10 million tones after 2020 (Figure 1b).
China leads the global refined copper industry in both production and consumption. In
2022, China′s refined copper production surpasses that of the second-largest producer,
Chile, by over fivefold, while its consumption exceeds that of the second-largest consumer,
the U.S., by more than eightfold (Figure 1a). Therefore, copper smelting is widespread
throughout the world and the monitoring of copper ions is crucial.
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copy (AFS) [12], inductively coupled plasma optical emission spectroscopy (ICP-OES) 
[13], inductively coupled plasma mass spectrometry (ICP-MS) [14], high-performance liq-
uid chromatography (HPLC) [15], as well as some electrochemical methods such as volt-
ammetry [16], ion-selective electrode method [17–19], and polarographic analysis [20,21]. 
Among them, AAS, FAAS, AFS, ICP-OES, ICP-MS, and HPLC techniques have good sen-
sitivity for the determination of trace copper, but there is a complicated pre-treatment 
process that introduces a major human error for the determination of high concentration 
samples [22]. Spectrophotometry, on the other hand, is a method that involves determin-
ing the absorbance of a substance at specific wavelengths or within a certain wavelength 
range to analyze the substance qualitatively and quantitatively. It has the advantages of 
high sensitivity, easy operation, and rapidity and is the most commonly used experi-
mental method in biochemistry experiments [23,24]. 

Ultraviolet-visible spectrophotometry is a typical method within spectrophotometry 
that is based on the mechanism of the varying absorption of light by a substance at differ-
ent wavelengths [25–27]. The sodium diethydlthiocabamate spectrophotometric method 
and the 2,9-Dimethy-1,10-phenanthroline spectrophotometric method are the two Envi-
ronmental Protection Standards of the People’s Republic of China for the determination 
of copper in water [28,29]. Wen et al. [4] determined copper in water and food samples by 
dispersive liquid-liquid microextraction coupled with UV-visible spectrophotometry, 
with a detection limit of 0.5 µg/L. Pourbasheer et al. [5] designed a novel optical sensor 
for the determination of trace copper in real samples by UV/Vis spectrophotometry, with 
a detection range of 0.0448–6.4 mg/L for Cu(II) and a detection limit of 0.016 mg/L. 
Shpigun et al. [23] used a flow-injection spectrophotometric method for the simultaneous 
determination of Cu(II) and Zn(II). The linear range of Cu(II) detection was in the range 
of 0.2–3.5 mg/L. Garcia Rodriguez et al. [30] achieved the simultaneous determination of 
Fe(II), Co(II), Ni(II), Cu(II) by UV/Vis spectrophotometry and the linear range of Cu(II) 
detection was in the range of 0.2–1.5 mg/L. Zhou et al. [31] proposed a spectrophotometric 
method combining Kalman filtering and the derivative method, which can achieve the 
simultaneous determination of Co, Ni, and Cu in zinc sulphate solution, and the detection 
range of Cu was 0.5–5 mg/L. Zhou et al. [32] also proposed a spectrophotometric method 
combining continuous wavelet transform and over-zero technique, which can achieve the 
simultaneous detection of Co and Cu, and the detection range of Cu is also 0.5–5 mg/L. 
Although the above copper determination based on UV-visible spectrophotometry is 
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Copper is a typical heavy metal, and there are various methods available for its deter-
mination, including spectrophotometry [4–6], atomic absorption spectroscopy (AAS) [7],
flame atomic absorption spectroscopy (FAAS) [8–11], atomic fluorescence spectroscopy
(AFS) [12], inductively coupled plasma optical emission spectroscopy (ICP-OES) [13],
inductively coupled plasma mass spectrometry (ICP-MS) [14], high-performance liquid
chromatography (HPLC) [15], as well as some electrochemical methods such as voltamme-
try [16], ion-selective electrode method [17–19], and polarographic analysis [20,21]. Among
them, AAS, FAAS, AFS, ICP-OES, ICP-MS, and HPLC techniques have good sensitivity
for the determination of trace copper, but there is a complicated pre-treatment process
that introduces a major human error for the determination of high concentration sam-
ples [22]. Spectrophotometry, on the other hand, is a method that involves determining the
absorbance of a substance at specific wavelengths or within a certain wavelength range
to analyze the substance qualitatively and quantitatively. It has the advantages of high
sensitivity, easy operation, and rapidity and is the most commonly used experimental
method in biochemistry experiments [23,24].

Ultraviolet-visible spectrophotometry is a typical method within spectrophotometry
that is based on the mechanism of the varying absorption of light by a substance at different
wavelengths [25–27]. The sodium diethydlthiocabamate spectrophotometric method and
the 2,9-Dimethy-1,10-phenanthroline spectrophotometric method are the two Environmen-
tal Protection Standards of the People’s Republic of China for the determination of copper
in water [28,29]. Wen et al. [4] determined copper in water and food samples by dispersive
liquid-liquid microextraction coupled with UV-visible spectrophotometry, with a detection
limit of 0.5 µg/L. Pourbasheer et al. [5] designed a novel optical sensor for the determina-
tion of trace copper in real samples by UV/Vis spectrophotometry, with a detection range
of 0.0448–6.4 mg/L for Cu(II) and a detection limit of 0.016 mg/L. Shpigun et al. [23] used
a flow-injection spectrophotometric method for the simultaneous determination of Cu(II)
and Zn(II). The linear range of Cu(II) detection was in the range of 0.2–3.5 mg/L. Garcia
Rodriguez et al. [30] achieved the simultaneous determination of Fe(II), Co(II), Ni(II), Cu(II)
by UV/Vis spectrophotometry and the linear range of Cu(II) detection was in the range of
0.2–1.5 mg/L. Zhou et al. [31] proposed a spectrophotometric method combining Kalman
filtering and the derivative method, which can achieve the simultaneous determination of
Co, Ni, and Cu in zinc sulphate solution, and the detection range of Cu was 0.5–5 mg/L.
Zhou et al. [32] also proposed a spectrophotometric method combining continuous wavelet
transform and over-zero technique, which can achieve the simultaneous detection of Co
and Cu, and the detection range of Cu is also 0.5–5 mg/L. Although the above copper
determination based on UV-visible spectrophotometry is feasible, it is only applicable to
the determination of low-concentration copper ions (range 0.5 µg/L–5 mg/L), and the
monitoring of high-concentration copper ions still requires pre-treatment such as dilution,
complexation, and coloring, so the application in the actual industry is still restricted. In
view of this problem, this study investigates the theoretical method for monitoring high
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concentrations of copper ions (>100 mg/L) and establishes a monitoring method applicable
to high concentrations of copper ions in industry.

One commonly utilized modeling approach is linear modeling, with multiple linear
regression being frequently employed to investigate the relationships between variables.
This regression analysis method requires a relatively high sample capacity and is unable to
eliminate multicollinearity among variables, thus leading to potential issues of parameter
distortion in the model [33–35]. Principal Component Analysis (PCA) is a statistical method
that involves the orthogonal transformation of a set of potentially correlated variables into a
set of linearly uncorrelated variables [36]. These transformed variables, known as principal
components, represent a dimensionality reduction technique [37,38]. Canonical correlation
analysis is a statistical method used to study the relationship between two sets of vari-
ables. The fundamental principle of this analysis is to extract two representative composite
variables, U1 and V1, from each set of variables, and then utilize the correlation between
these two composite variables to reflect the overall correlation between the two sets of
indicators [39,40]. The Partial Least Squares (PLS) regression analysis method is a typical
full-spectrum, multivariate calibration method that combines multiple linear regression,
principal component analysis, and canonical correlation analysis [41,42]. This method first
extracts the principal components of the spectrum and establishes a multivariate statistical
regression model between the principal components and sample concentrations [43,44].
PLS simultaneously decomposes the independent variable concentration matrix C and
the dependent variable spectrum matrix A into principal components, extracting com-
posite variables that have the strongest explanatory power for the dependent variable.
This approach maximizes the correlation between the spectral principal components and
concentrations, thereby overcoming the negative effects of multicollinearity and further
enhancing the reliability of the model.

2. Materials and Methods
2.1. Materials and Sample Preparation

To understand the characteristics of copper smelting wastewater, copper smelting
wastewater from a copper smelting plant in Guangxi, China, was selected to determine the
main components and content, and the results are shown in Table 1 below. As can be seen
from the table, copper smelting wastewater mainly contains H2SO4, As, Ni, Cu, Fe, Co, Bi,
and the concentration of each substance fluctuates within a certain range. Particularly, the
content of H2SO4 in the wastewater is up to 35–240 g/L. Therefore, sulfate was used as the
raw material for sample preparation in this study. Ultrapure water (18.2 MΩ) from the Milli-
Q water purification unit was used for dissolving and diluting in the sample preparation
process. Ni2+ and Co2+ solutions of different concentrations were prepared with analytically
pure grades of NiSO4·6H2O (98.5%) and CoSO4·7H2O (99.5%), respectively. Analytically
pure CuSO4·5H2O (99%) was applied as the raw material, and various concentrations of
Cu2+ solutions were prepared with a gradient increase starting from 100 mg/L, resulting in
solutions within the concentration range of 100 to 7700 mg/L.

Table 1. Species and concentration ranges in typical copper smelting wastewater.

Component Content Units

Cu 200–3500 mg/L
Ni 1000–8000 mg/L
Co 50–200 mg/L
Fe 500–2000 mg/L
Bi 0–200 mg/L
As 500–20,000 mg/L

H2SO4 35–240 g/L
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2.2. The Collection of UV-Visible Spectra

Since there is background absorption interference during the spectral measurement,
the background interference was deducted by using ultrapure water as a blank. Then, the
UV-visible spectra of the Cu2+ solutions were measured with the reference of ultrapure
water in four different thicknesses of cuvettes, namely, 20 mm, 30 mm, 50 mm, and 100 mm,
respectively. The UV-visible spectra of Ni2+ and Co2+ solutions were determined in a 50 mm
cuvette with ultrapure water as a reference. Featuring a hybrid C-T double monobloc
optical system with specially coated high-reflective optics (grating) and a high-performance
deuterium lamp as the UV source, the T10 CS UV-visible spectrophotometer from Beijing
PuXi General Instrument Co., Ltd., Beijing, China, is equipped with the UV-Win computer
software for controlling the spectrometer and for data collection.

2.3. Data Processing

UV-vis spectra data plotting and processing by first and second order derivatives was
conducted by origin 2024; and PLS fitting and validation were run by SPSS 26.

3. Results and Discussion
3.1. Determination of Optical Parameters

The determination of copper in the national environmental protection standards of
the People′s Republic of China is carried out using the sodium diethyldithiocarbamate
and the 2,9-dimethyl-1,10-phenanthroline spectrophotometric method. Both methods re-
quire the sample to undergo dilution, acidification, complexation, and color development.
The detection ranges of these two methods are 0.04–6 mg/L and 0.08–3.2 mg/L, respec-
tively. However, these methods are associated with issues such as lengthy pretreatment
times, complexity of operation, potential for secondary pollution, and a limited detection
range [45]. And for high-concentration samples, multiple dilutions are necessary for analy-
sis, introducing uncertainty errors due to manual handling. To address these challenges,
this study adopts a fundamental approach known as the UV-visible spectrophotometric
direct measurement method. This method involves directly measuring the UV-visible spec-
trum of high-concentration copper samples without the need for complex pretreatments
such as dilution, acidification, complexation, and color development. Samples of varying
concentration gradients are scanned using a T10 CS UV-visible spectrophotometer to obtain
a series of spectral curves. By analyzing these spectral curves, the optimal optical param-
eters for monitoring are determined. The fundamental principle followed by UV-visible
spectrophotometry is the Lambert-Beer Law [46,47], expressed as Equation (9).

A = lg(1/T) = −lg(I0/I) = ε(λ)bc (1)

Here, A represents absorbance; T is the transmittance ratio; I0 is the incident intensity;
I is the transmitted intensity; ε is the molar absorbance coefficient, which is dependent on
the properties of the substance and the incident light wavelength λ; b is the thickness of the
absorbing layer; and c is the concentration of the substance (mol/L).

The UV-visible spectra of the solutions were measured in four different thicknesses
of cuvettes, namely 20 mm, 30 mm, 50 mm, and 100 mm, as depicted in Figure 2a–d.
It is evident from the figures that the maximum absorption peak of Cu2+ is located at
810 nm, and the maximum absorbance significantly increases with the rise in Cu2+ solution
concentration. When the Cu2+ solution concentration is fixed, the UV-visible spectra are
illustrated in Figure 2e,f. It is observed from the figures that as the thickness of the cuvette
(i.e., the absorption layer thickness) increases, the maximum absorbance of Cu2+ gradually
rises. Upon reaching a Cu2+ solution concentration of 5000 mg/L, a path length of 50 mm
exceeds the measurement range of the UV-visible spectrophotometer. However, a path
length less than 50 mm may result in low sensitivity for the concentration determination of
Cu2+ at the hundred mg/L level.
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The C-A curves of Cu2+ solution at different optical path lengths are shown in Figure 3,
and it can be seen that the R2 of the C-A fitted curves under four different optical paths
are all greater than 0.99, which indicates that the fitted curves can well respond to the
relationship of absorbance with Cu2+ concentration. ∆A/∆C can be used to express the
sensitivity of concentration detection [48], which can be approximated by the slope k on the
C-A curve, and it can be seen from Figure 3 that the sensitivity is k100 > k50 > k30 > k20. The
upper limits of concentration reached by the fitted curves at path lengths of 20 mm, 30 mm,
50 mm, and 100 mm are 7700 mg/L, 5400 mg/L, 3200 mg/L, 1500 mg/L, 1500 mg/L,
and 3200 mg/L, respectively. Meanwhile, considering the actual concentrations of Cu2+
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in acidic wastewater from the copper smelting industry, which can reach levels above a
thousand mg/L but generally not exceeding 5000 mg/L (Table 1), an excessively large path
length could lead to concentrations of Cu2+ in the solution surpassing the detection limit of
the spectrophotometer. So combining the concentration range of Cu2+ in copper smelting
wastewater and the scale of sensitivity, the optimal absorption wavelength is determined
to be 810 nm, with a maximum path length of 50 mm.
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3.2. Influence of Interfering Factors

Ni2+ and Co2+ ions are coexisting metal ions in copper smelting wastewater. Nickel
sulfate (NiSO4) and cobalt sulfate (CoSO4) dissolve in aqueous solution to exhibit green
and red colors, respectively, while copper sulfate (CuSO4) dissolution results in a blue color.
Therefore, the mixed color changes in the presence of Ni2+ and Co2+ ions in the solution
can interfere with the detection of Cu2+ ion concentration using UV-visible spectropho-
tometry [49]. To assess the extent of interference of Ni2+ and Co2+ ions on the detection of
Cu2+ ions, individual UV-visible spectroscopic analyses were conducted for Ni2+ and Co2+

ions. Additionally, different concentrations of Ni2+ and Co2+ ions were separately added to
solutions with Cu2+ ions for UV-visible spectroscopic analysis. The results are depicted
in Figure 4. The UV-visible spectra revealed that Ni2+ ions exhibit two distinct maximum
absorption peaks at 394 nm and 720 nm (Figure 4a), with the maximum absorbance values
showing systematic changes with concentration. The maximum absorption wavelength
for Co2+ ions is 510 nm, and its maximum absorbance values increase systematically with
concentration (Figure 4b). When Cu2+ ions are mixed with Ni2+ ions, significant changes in
the absorption peak of Cu2+ ions at 810 nm are observed. The maximum absorption peak
position of Cu2+ ions in the mixed solution undergoes noticeable changes (Figure 4c), and
the mixed solution also affects the absorption peak of Ni2+ ions at 720 nm. When Cu2+ ions
are mixed with Co2+ ions, it is observed from Figure 4d that the maximum absorption peak
positions of Cu2+ ions and Co2+ ions do not change due to their mixture. However, the
maximum absorption intensity values of Cu2+ ions at the same concentration will irregu-
larly vary with changes in the concentration of Co2+ ions. Since the maximum absorption
peak position of Cu2+ ions is located at 810 nm, which is close to the maximum absorption
peak position of Ni2+ ions at 720 nm, the overlapping effect of their absorption wavelengths
in the range of 720 to 810 nm will impact the absorption peaks of both ions. Figure 4e
presents the absorption spectra of mixed solutions of Cu2+, Co2+, and Ni2+ with different
concentration combinations, and the positions of the maximum absorption peaks at 394 nm
for Ni2+ and 510 nm for Co2+ do not vary, whereas the positions of the maximum absorption
peaks at 720 nm for Ni2+ and 810 nm for Cu2+ near the NIR region are significantly shifted
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with the mixing of the three and the change in their concentrations. Thus, the interfering
ions affect the absorption spectrum of Cu2+. In Figure 4f, the UV-visible absorption spectral
curves of Co2+, Ni2+, and Cu2+ are cyan, green, and violet, respectively, and the spectral
curve of the mixed solution of the three is red, and the mixed solution obviously affects the
maximal absorption wavelength of Cu2+ at 810 nm, which is consistent with the results
in Figure 4e.
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The original spectrum of the mixed solution in UV-visible spectroscopy may be influ-
enced by factors such as background noise and baseline drift [50]. To eliminate irrelevant
interference from the surrounding environment during the experimental process, mixed
solution original spectra with maximum absorbance values below 3.0 were selected for
first-order and second-order derivative processing [51,52]. The original spectra, as well as
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the spectra after first-order and second-order derivative processing, are shown in Figure 5.
A comparison reveals that at the maximum absorption wavelength positions of Ni2+ and
Co2+ at 394 nm and 510 nm, background noise from the environment and instrumentation
does not have a significant impact. However, at the wavelength corresponding to the
maximum absorption peak of Cu2+, the spectrum is irregularly affected by background
noise and the Ni2+ absorption peak.
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3.3. Establishment of Monitoring Model

Assuming there are n standard mixed concentrations composed of m components, if
the absorbance of the solution is measured at l wavelength points, the absorbance matrix
A(n,l) and concentration matrix C(n,m) can be obtained. The specific steps of partial least
squares regression are as follows:
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i. Extract the first components u1 and v1 from the absorbance matrix and concentration
matrix.

The variable u1 is a linear combination of the independent variable set A = [a1, . . .,al]T,
expressed as u1 = α11a1 +. . .+ α1lal = ρ(1)TA.

Similarly, the variable v1 is a linear combination of the dependent variable set C = [c1, . . .,cm]T

given by v1 = β11c1 +. . .+β1mcm = γ(1)TC.
The objectives for u1 and v1 are twofold: (1) to extract as much variability from their

respective variable sets as possible, and (2) to maximize the correlation between u1 and v1.
By utilizing the standardized observed data matrices T and U of the two variable

sets, the score vectors for the first pair of components can be computed and denoted as û1
and v̂1.

û1 = Tρ(1) =

t11 · · · t1l
...

...
tn1 · · · tnl


α11

...
α1l

 (2)

v̂1 = Uγ(1) =

u11 · · · u1m
...

...
un1 · · · unm


β11

...
β1p

 (3)

The covariance Cov(u1, v1) between the first pair of components u1 and v1 can be
calculated using the inner product of the score vectors û1 and v̂1 of the first pair of compo-
nents. Therefore, the aforementioned requirements can be transformed into a mathematical
problem of optimizing conditions.max <û1 · v̂1 >=< Aρ(1) · Bγ(1) >= ρ(1)TTTUγ(1).

s.t.


ρ(1)Tρ(1) =

∥∥∥ρ(1)
∥∥∥2

= 1,

γ(1)Tγ(1) =
∥∥∥γ(1)

∥∥∥2
= 1.

(4)

utilizing the Lagrange multiplier method, the problem is transformed into finding the unit
vectors ρ(1) and γ(1) that maximize θ1 = ρ(1)TTTUγ(1). The solution to the problem only
requires computing the eigenvalues and eigenvectors of the m × m matrix M = TTUUTT,
where the largest eigenvalue of M is θ2

1 . The corresponding unit eigenvector is the desired
solution ρ(1), while γ(1) can be calculated from ρ(1), as follows:

γ(1) =
1
θ1

UTTρ(1) (5)

ii. Establish regressions of c1, · · · , cm on u1 and a1, · · · , al on u1. Assume the regression
model is as follows:

{
T = û1σ(1)T + T1,

U = û1τ(1)T + U1,
(6)

where σ(1) =
[
σ11, · · · , σ1l ]

T and τ(1) =
[
τ11, · · · , τ1m]

T are parameter vectors in the one-
to-many regression model, T1 and U1 are residual matrices.

The least squares estimate of the regression coefficient vectors σ(1) and τ(1) are as follows:
σ(1) = AT û1

∥û1∥2,

τ(1) = BT û1
∥û1∥2,

(7)

These vectors σ(1) and τ(1) are referred to as the model effect loadings.
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iii. Substitute the residual matrices T1 and U1 for T and U, and repeat the aforementioned
steps.

Let T̂ = û1σ(1)T and Û = û1τ(1)T , then the residual matrices T1 = T − T̂ and
U1 = U − Û. If the absolute value of the elements in the residual matrix U1 is ap-
proximately 0, the accuracy of the regression equation built with the first component
considered to be sufficient and the extraction of components can be discontinued. Other-
wise, repeat the above steps with residual matrix T1 and U1 instead of T and U, i.e., to get
ρ(2) =

[
α21, · · · , α2l ]

T and γ(2) =
[
β21, · · · , β2m]

T . Whereas û2 = T1ρ(2) and v̂2 = U1γ(2)

are the score vectors for the second pair of components, the σ(2) =
AT

1 û2

∥û2∥2 and τ(2) =
BT

1 û2

∥û2∥2

are the loadings of the second pair of components of A, C, respectively. At this point
there are: {

T = û1σ(1)T + û2σ(2)T + T2,

U = û1τ(1)T + û2τ(2)T + U2.
(8)

iv. Given the rank of the n × l data matrix T is r ≤ min(n − 1, l), there exist r components
u1, u2, · · · , ur that make

{
T = û1σ(1)T + · · ·+ ûrσ(r)T + Tr,

U = û1τ(1)T + · · ·+ ûrτ(r)T + Ur.
(9)

Substitution ui = αi1a1 + · · · + αilal(i = 1, 2, · · · , l) into C = u1τ(1) + · · · + urτ(r),
the partial least squares regression equation for the m dependent variables is obtained
as follows:

cj = k j1a1 + · · ·+ k jlal , j = 1, 2, · · · , m. (10)

v. Cross validation test.

In general, partial least squares does not require the selection of r components u1, u2, · · · , ur
to build the regression equation, but rather, like principal component analysis, only the first
s components (s ≤ r) are selected to obtain a regression model with better predictive ability.
For the number of components l to be extracted for modeling, this can be determined by a
cross validity test.

The t-th observed data (t = 1, 2, · · · , n) are rounded off each time, and the remaining
n− 1 observed data are modeled by partial least squares regression with the fitted regression
equation considering the extraction of h(h ≤ r ) components, and then the t-th observed
data of the set of rounded off independent variables is substituted into the fitted regression
equation to obtain the predicted value of cj(j = 1, 2, · · · , m) at the t-th observed data b̂(t)j(h).
Repeating the above validation for t = 1, 2, · · · , n, the sum of squared prediction errors
for the j-th dependent variable cj(j = 1, 2, · · · , m) at the time of extraction of h components
is derived:

PRESSj(h) = ∑n
t=1 (btj − b̂(t)j(h))

2, j = 1, 2, · · · , m, (11)

The sum of squared prediction errors for C =
[
c1, · · · , cm]T is:

PRESS(h) = ∑m
t=1 PRESSj(h) (12)

In addition, the regression equation with h components is again fitted using all sample
points. At this point, remembering that the predicted value of the t-th sample point is
b̂tj(h), then the sum of squares of errors of cj can be defined as:

SSj(h) = ∑n
t=1 [btj − b̂tj(h)]2 (13)
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Define the sum of squares of errors of C as:

SS(h) = ∑m
j=1 SSj(h) (14)

When PRESS(h) reaches the minimum value, the corresponding h is the desired number
of components s. Normally, there is always PRESS(h) > SS(h) and SS(h) < SS(h − 1). There-
fore, when extracting the composition, it is always desirable the PRESS(h)

SS(h−1) ratio as small as possi-

ble. Generally, a limiting value of 0.05 can be set, i.e., when PRESS(h)
SS(h−1) ≤ (1 − 0.05)2 = 0.952,

increasing the component uh is favorable to the model accuracy. Or, conversely, when
PRESS(h)
SS(h−1) > 0.952, it is assumed that the addition of the new component uh has no significant

improvement in reducing the prediction error of the equation. For this reason, cross validity
is defined as:

Q2
h = 1 − PRESS(h)

SS(h − 1)
(15)

In this way, the cross-validity test is performed at the end of each computational step
of the modeling, if there is Q2

h < 1 − 0.952 = 0.0975 at step h, the model meets the accuracy
requirement and the extraction of the components can be stopped. If Q2

h ≥ 0.0975, it means
that the marginal contribution of the uh component extracted in step h is significant, and
the computation should be continued at step h + 1.

R2, mean relative error (MRE), and root mean square error (RMSECV) are usually
used in cross-finite validation to evaluate the prediction effect of the model [53,54]:

R2 = 1 − ∑n
i=1(ci − ĉi)

2

n
∑

i=1
(c − ci)

2
(16)

MRE =
1
n∑n

i=1

∣∣∣∣ ci − ĉi
ci

∣∣∣∣ (17)

RMSECV =

√
∑n

i=1(ci − ĉi)
2

n
(18)

where n is the number of samples, ci and ĉi are the measured and predicted values of the
i-th sample, respectively, and ci is the average of the true values of all the samples in the
training or prediction set. R2 is the ratio of the regression sum of squares to the total sum of
squares, and the closer the value is to 1, the better the regression model works. The root
mean square error RMSECV is a measure of the deviation of the predicted value from the
true value, and the smaller its value, the better the model prediction and the higher the
model accuracy.

3.4. Validation of the Model

In this study, the UV-visible spectra of mixed solutions of Cu2+, Co2+, and Ni2+ were
modeled using partial least squares regression analysis. The 18 sets of mixture spectral
data with maximum absorbance values below 3.0 were selected as the base data, and PLS
fitting was carried out according to the steps in Section 3.3, and the results are shown in
Table 2. When the number of extracted principal components was 4, the sum of squared
prediction errors PRESS(h) reached a minimum of 0.02855 [55], and subsequently, with
the increase in the number of extracted principal components, the PRESS also gradually
enlarged. Therefore, the optimal number of principal components is determined to be
4 from the training samples, at which time the cumulative Y-squared R2 reaches 99.96%,
indicating that the extraction of four principal components is sufficient to explain all the
sample data.
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Table 2. Summary of cross validation.

Principal Components PRESS(h) Cumulative Y-Squared R2 (%)

0 1.05882 /
1 0.94094 33.18
2 0.75196 66.44
3 0.06412 99.76
4 0.02855 99.96
5 0.03386
6 0.03742
7 0.04131
8 0.04311
9 0.04355
10 0.04299
11 0.04337
12 0.04574
13 0.0473
14 0.04766
15 0.04773

Figure 6 shows the fitting results of Cu2+, Co2+ and Ni2+, respectively, from which it
can be observed that the predicted and actual values of Cu2+, Co2+ and Ni2+ ion concentra-
tions are uniformly distributed on the straight-line y = x. The correlation coefficients R2

were 0.99946, 0.99967, and 0.99958 (Figure 6a,e,i), which were all above 0.999, indicating
that the predicted values of the model were in good agreement with the actual values [56],
which verified that the model could be employed to predict the concentration of Cu2+,
Co2+, and Ni2+ ions well. The means of residuals in the model are 0 (shown by the straight
lines in Figure 6b,c,f,g,j,k), indicating that the model lacks bias. The RMSECV of Cu2+,
Co2+, and Ni2+ predicted by the model were 11.237, 14.360, and 16.154 mg/L (Figure 6a,e,i),
respectively, which demonstrated that the errors between the predicted values and the
actual values were in the range of 11.2–16.2 mg/L, and that for the samples with actual
concentrations of more than 1000 mg/L, the errors of 11.2–16.2 mg/L were in a quite accept-
able range. The mean relative errors MRE of the model predictions of Cu2+, Co2+, and Ni2+

concentrations were 0.006343, 0.004798, and 0.008374 (Figure 6a,e,i), respectively, which
were very close to 0, indicating that the model predictions were with high precision [57]. In
addition, there is no obvious linear relationship between the residuals of the model and
the predicted and observed values, and the residual diagram is normally distributed and
unpredictable (Figure 6d,h,l), which suggests that the experimental errors mainly originate
from the systematic errors, and the experimental results are credible, which once again
verifies that the model can be well used for predicting the concentrations of Cu2+, Co2+,
and Ni2+ ions in the mixtures.

To verify the applicability of the model, six actual samples were tested. The results
are shown in Figure 7 below, from which the mean relative errors MRE of the model for
the prediction of the Cu2+ concentration in the actual samples were 1.43%, 2.19%, 1.48%,
1.25%, 0.75%, and 0.37%, respectively, which indicates that the model can be better applied
for the prediction. Especially, the model predictions have smaller MRE values when the
concentration of Cu2+ in the real wastewater sample is greater than 1000 mg/L. Therefore,
this model has good performance for high concentrations of Cu2+.
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4. Conclusions

In this study, a method based on UV-Vis combined with PLS regression analysis was
developed for the determination of copper ions with high concentrations. The prediction
results revealed that the model was not only immune to the influence of the interfering ions
Co2+ and Ni2+ but also could enable the simultaneous determination of Cu2+, Co2+, and
Ni2+ ions with high concentration. The mean relative errors MRE between the predicted
and actual values of the model were only 0.006343, 0.004798, and 0.008374, respectively,
and the residuals were normally distributed and unpredictable, which verified that the
model possessed high precision and could be well applied for predicting the concentrations
of Cu2+, Co2+, and Ni2+ ions in mixtures. The model, combined with UV-Vis spectral data,
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does not require complicated pre-treatment processes such as dilution, complexation, and
coloring, which not only presents a new method for the accurate determination of Cu2+

with high concentrations but also provides a new technical means for the monitoring of
multi-component coexisting samples in complex samples.
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