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Highlights

e  Carbon dots were synthesized as a high-sensitivity fluorescence probe, demonstrating
excellent water solubility and a specific response to copper ions.

e A feature-level fusion strategy was developed to integrate the complementary infor-
mation from UV-Vis absorption and PL emission spectra.

e  Combined CARS and SPA methods were used for characteristic wavelength extraction
to construct a robust prediction model.

e  The proposed optimized XGBoost model based on ultraviolet-fluorescence feature-
level fusion achieved outstanding detection performance.

Abstract

In response to the increasingly severe issue of heavy metal pollution in water, this paper
proposes a method for the robust quantitative analysis of copper ions in purified water
and real water samples based on the feature-level fusion of ultraviolet-visible absorption
(UV-Vis) spectra and fluorescence spectra, combined with the Extreme Gradient Boosting
(XGBoost) algorithm. Specifically, this study introduces a feature-level fusion strategy
to overcome the limitations of single-spectrum detection, while the optimized XGBoost
algorithm is employed to model the complex non-linear relationships that are difficult
to capture using traditional linear regression methods. An optimization algorithm is
introduced to fine-tune the model’s hyperparameters, thereby enhancing its predictive
performance. Using the coefficient of determination (R?) and root mean square error
(RMSE) as evaluation metrics, rapid and accurate detection of copper ions in water is
achieved. Experimental results show that, for standard solutions, the optimized XGBoost
model achieves a coefficient of determination of 0.9915 and a root mean square error of
2.6663 mg/L; for actual water samples, the optimized XGBoost model achieved a coefficient
of determination of 0.9892 and RMSE of 1.2738 mg/L. This demonstrates the model’s strong
generalization ability in overcoming the physical limitations of optical probes. This method
effectively identifies and quantifies copper ions in water samples, demonstrating good
accuracy and stability.

Coatings 2026, 16, 531

https://doi.org/10.3390/ coatings16050531


https://crossmark.crossref.org/dialog?doi=10.3390/coatings16050531&domain=pdf&date_stamp=2026-04-29
https://creativecommons.org/licenses/by/4.0/
https://creativecommons.org/licenses/by/4.0/
https://www.mdpi.com/journal/coatings
https://www.mdpi.com
https://orcid.org/0000-0002-1027-4051
https://orcid.org/0000-0002-5622-5458
https://orcid.org/0000-0003-4218-105X
https://doi.org/10.3390/coatings16050531

Coatings 2026, 16, 531

20f19

Keywords: spectral fusion technology; copper ion detection; water quality monitoring;
optimization algorithm; XGBoost

1. Introduction

Water serves as a vital resource for sustaining life and is essential for the sustainable
development of human societies. Nevertheless, numerous regions both domestically and
internationally are confronting significant pollution challenges to their water resources,
primarily as a result of industrial wastewater discharges [1], agricultural runoff [2], and
domestic sewage [3]. Notably, contamination by heavy metals has become one of the
most pressing threats to ecological integrity and human health [4], attributable to their
non-degradable nature, high toxicity, and tendency to bioaccumulate within the food
chain [5]. Currently, the most commonly used methods for detecting heavy metals in
water samples include atomic absorption spectrometry (AAS) [6], atomic fluorescence
spectrometry (AFS) [7], and inductively coupled plasma mass spectrometry (ICP-MS) [8].
Although these methods exhibit high detection accuracy, they generally suffer from issues
such as complex operational procedures, time-consuming processes, and potential for
secondary pollution, making them difficult to meet the demands of rapid detection and
large-scale water quality monitoring. Therefore, exploring an efficient and low-cost method
for detecting heavy metal ions in water is of great significance.

In recent years, advancements in optical sensing technology [9] and artificial intelli-
gence [10] have led to a growing interest in methods that combine multispectral data with
machine learning. Multispectral imaging technology offers advantages such as non-contact,
non-destructive analysis, and rapid response times, demonstrating promising applica-
tions in the field of water quality detection [11]. Commonly used spectroscopic detection
techniques include UV absorption spectroscopy [12] and fluorescence spectroscopy [13].
These methods offer the advantages of real-time detection and minimal contamination
from chemical reagents. However, due to the limitations of individual UV absorption and
fluorescence emission spectra, these techniques are susceptible to external environmental
factors and other influences. Consequently, they do not fully meet the growing demands
for accuracy in water samples measurement. To further enhance the measurement accuracy
of water spectral analysis, multispectral information fusion technology can provide more
comprehensive and accurate information by integrating the advantages of different spectral
data sources.

It is noteworthy that in the field of sensing technology, many luminescent materials are
utilized as sensing probes for highly sensitive fluorescent responses to target substances. A
typical example is carbon dots (CDs), which are emerging in the category of carbon-based
nanomaterials. CDs are zero-dimensional carbon-based nanomaterials with diameters
generally below 20 nm, composed of disordered carbon-based structures [14]. They exhibit
remarkable optical properties, particularly fluorescence characteristics, capable of emitting
visible light under ultraviolet excitation. Due to the functionalization modification of the
surface of carbon dots, they can form specific coordination interactions or electron transfer
reactions with metal ions, leading to changes in their fluorescence intensity or shifts in
emission wavelength [15]. This variation can be utilized to detect trace amounts of metal
ions in the environment, offering high sensitivity and selectivity compared to traditional
metal ion detection techniques such as atomic absorption spectrometry and inductively
coupled plasma mass spectrometry. The novel sensing platform constructed based on CDs
demonstrates significant technical advantages [16]. Its nanoscale structural characteristics
not only simplify the detection process and reduce equipment costs but also highlight its
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unique value in complex application scenarios due to its excellent structural stability and
anti-interference capability, combined with green chemistry characteristics such as low
cytotoxicity and environmental friendliness.

Against the aforementioned research background, the primary motivation of this
paper is to explore a quantitative detection technology for metal copper ions in purified
water and real water samples, utilizing feature-level information fusion modeling based on
UV-Vis and fluorescence spectra. Specifically, a feature-level fusion strategy is introduced
to overcome the inherent limitations of single-spectrum detection, such as the Inner Filter
Effects and scattering interference, which often compromise the accuracy of traditional
methods. Furthermore, to accurately model the complex non-linear relationships between
spectral features and copper ions, this study employs the Extreme Gradient Boosting (XG-
Boost) algorithm. An optimization algorithm is also incorporated to fine-tune the model’s
hyperparameters, thereby enhancing its predictive performance and generalization ability.
By combining two types of spectral data, feature extraction is performed using the Compet-
itive Adaptive Reweighted Sampling (CARS) [17] method and the Successive Projections
Algorithm (SPA) [18]. Finally, a fusion model is constructed using Bayesian optimization
random forest (RF) [19] and the optimization algorithm XGBoost [20] to improve general-
ization ability and prediction accuracy. Experimental results demonstrate that this study
provides an efficient and reliable technical approach for water quality monitoring, which is
of great significance for environmental protection and water resource management.

2. Materials and Methods
2.1. Preparation of CDs

Accurately weigh 0.39 g of sodium citrate and 0.20 g of cysteine solids using an elec-
tronic balance(Shanghai Tianmei Scientific Instruments Co., Ltd., Minyi Road, Songjiang
District, Shanghai, China), and dissolve them in 20 mL of purified water. Transfer the
prepared solution to a high-pressure autoclave (generally, the filling degree should not
exceed 80% of the autoclave’s volume to prevent the solution from overflowing due to
volume expansion during the reaction process), and seal the autoclave. Place the auto-
clave in an oven (Shanghai Shu Li Instrument Co., Ltd., Hu-Yi Highway, Jiading District,
Shanghai, China), heat it up to 180 °C, and maintain this temperature for 8 h. Under the
high-temperature and high-pressure hydrothermal environment, the precursor undergoes
hydrolysis, polycondensation, carbonization, and other processes, gradually forming car-
bon dots. After the reaction is complete, turn off the oven power and allow the autoclave to
cool naturally to room temperature in the oven (the autoclave was allowed to cool naturally
to room temperature to preserve the structural integrity of the CDs). Remove the cooled
autoclave, open it, and transfer the reaction solution to a centrifuge tube. Use a centrifuge
to centrifuge(Changzhou Jintan Dadi Automation Instrument Factory, Xicheng Subdistrict,
Jintan District, Changzhou, China) at 12,000 r/min for 15 min to precipitate unreacted
impurities and larger particles, obtaining a solution containing carbon dots. Finally, transfer
the resulting solution into sample bottles to obtain quantum dots suspension.

2.2. Preparation of Cu?* Standard Solutions

Using a standard solution of Cu?* as the experimental sample, 2.115 g of copper chlo-
ride was accurately weighed and dissolved in purified water to prepare a 1000 mg/L Cu®*
standard solution. Subsequently, the solution was gradually diluted at a certain ratio to
prepare 25 sets of Cu®* standard solutions with concentrations ranging from 4 mg/L to
100 mg/L. This range was selected to cover the linear response region of the CDs probe
and to evaluate the robustness of the spectral fusion algorithm under varying degrees of
fluorescence quenching. Each sample was added with the same volume of 0.5 mL carbon
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dots solution. The TU-1901 dual-beam UV-visible spectrophotometer(Beijing Puxi General
Instrument Co., Ltd., Pingsan Road, Pinggu District, Beijing, China) and F98 fluorescence
spectrophotometer(Shanghai Lenguang Technology Co., Ltd., Jiuting Central Road, Jiuting
Town, Songjiang District, Shanghai, China) were used to measure the UV and fluorescence
spectral data of the 25 samples, respectively. Each sample was measured 50 times to reduce
accidental errors during the measurement process and ensure the accuracy of the data.
To account for the repeated measurements and avoid pseudo-replication bias, a Group
5-Fold Cross-Validation strategy was employed. The 50 spectral replicates for each of the
25 concentration levels were grouped together. The validation was performed in a Leave-
One-Concentration-Out manner, where all replicates of one concentration level served as
the independent test set, ensuring strict separation between training and testing data.

2.3. Spectral Data Acquisition

The 25 sets of standard solutions prepared were collected for UV-Vis absorption
spectra and fluorescence emission spectra, with the blank solution serving as the reference
for UV spectra collection. The parameters for UV-Vis spectra were set as follows: the
spectral scanning range was between 200 and 900 nm, with an integration time of 2 ms.
Based on the measured UV spectral data, significant absorption peaks were observed in
the standard solution within the wavelength range of 260 to 300 nm. This indicates a
good correlation between solution concentration and UV absorbance. When recording
fluorescence emission spectra, the spectra were recorded at an excitation wavelength of
355 nm, with the excitation slit width set to 5 nm and the emission slit width set to 1 nm.
Raman scattering and Rayleigh scattering signals may be present during fluorescence data
measurement [21]. To ensure the validity and reliability of the spectra, scattering peaks
should be removed from the fluorescence emission spectra.

2.4. Feature Extraction
2.4.1. Successive Projections Algorithm

The SPA is a forward feature variable selection method. SPA employs projection
analysis of vectors [22] by projecting wavelengths onto other wavelengths, comparing
the magnitudes of the projection vectors, and selecting the wavelength with the largest
projection vector as the candidate for selection. The final feature wavelength is determined
based on the correction model, which aims to identify a combination of variables that
contains minimal redundant information and covariance. The brief steps of the algorithm
are as follows:

Choose any one column (the j column) of the spectral matrix and assign it to the first
column of the modeling set to x;, denoted as xi (0).

Denote the set of unchecked column vector positions as s.

s={j1=<j<]j&{k0), -~ k(n—-1)}} ©)
Compute the projection of x; onto the remaining column vectors, respectively.

-1 .
Py = xj = (%] Xx(n—1))X(n—1) (1) ¥k(n=1)) 1 € 5 )

Extract the spectral wavelength of the maximum projection vector.

k(n) = arg(max(||P(x;)

)j €5) (3)

Order x; = py,j € s
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n =n + 1, if n < N, the calculation is repeated in accordance with Equation (1).
The final extracted variable is {xk(n) =0,---,N— 1}. Corresponding to k (0) and N in
each loop, a multiple linear regression (MLR) model [23] is constructed to obtain the
modeling set interaction validation root mean square error (RMSECV) for the various
candidate subsets [24]. The optimal values are identified as the smallest RMSECV values
corresponding to k (0) and N.

2.4.2. Competitive Adaptive Reweighting Sampling

CARS is a feature variable selection method that integrates Monte Carlo techniques
with Partial Least Squares (PLS) regression coefficients to emulate the principle of “survival
of the fittest” from Darwin’s theory. CARS is designed to select the most representative
bands [25] in hyperspectral data by simulating biological evolution, adaptively reweight-
ing and selecting spectral bands, and gradually eliminating redundant and unimportant
bands. The method employs the absolute values of regression coefficients as weights and
continuously adjusts and optimizes band selection through an iterative process, thereby
retaining the bands that contribute most significantly to model predictions. The algorithm
demonstrates strong stability and robustness, which can substantially enhance the model’s
predictive performance while reducing data dimensionality and computational complexity.

2.4.3. XGBoost Algorithm

XGBoost is a gradient boosting algorithm that serves as an efficient implementation of
Gradient Boosting Decision Trees (GBDT) [26]. It enhances the traditional gradient boost-
ing algorithm by utilizing Newton’s method to approximate the loss function’s extremes
through a second-order Taylor expansion. Additionally, a regularization term is incorpo-
rated into the objective function. During training, the objective function comprises two
components: the first component represents the loss from the gradient boosting algorithm,
while the second component accounts for the regularization term. The loss function is

defined as follows: .

L(g) =Y Iy yi) + Y_Ofr) (4)
i=1 k

where 7 represents the number of samples in the training dataset, / denotes the loss for

a single sample, 1//; is the predicted value of the model for the training sample, and y; is

the true label value for that sample. The regularization term quantifies the complexity of

the model:

Q(f) = 1T+ Aol ©)

where T represents the number of leaf nodes, w represents the weight of the leaf, y controls
the number of leaf nodes, and A controls the magnitude of the leaf weights (L2 regulariza-
tion). The fundamental concept is to tackle the target incrementally using an additive model
and a forward distribution algorithm. This approach generates multiple weak learners,
whose predictions are then aggregated to form the final prediction.

2.5. Modeling

The experimental data were divided into a training set and a test set in an 8:2 ratio.
During the data preprocessing stage, the Savitzky-Golay filtering method was employed
to reduce noise and normalize the spectral data. For feature selection, SPA and CARS were
utilized to extract spectral features. This study constructed four prediction models: one
based on UV absorption spectra, one based on fluorescence emission spectra, one based on
UV-fluorescence data-level fusion, and one based on UV-fluorescence feature-level fusion.
All models employed the Bayesian-optimized random forest algorithm and the optimized
XGBoost algorithm. By comparing and analyzing the prediction performance of each
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model, the optimal prediction model was ultimately identified, and its workflow is detailed

in Figure 1.

Ultraviolet Absorption
Spectroscopy Collection

ples to
be tested

Data
Preprocessing

Fluorescence Emissi
Spectroscopy Collection

Feature
Extraction
Comparison of
model predictors
Model
v ti
Evaluation Ultraviolet
Spectroscopy

Prediction Ricdciny
results output
Figure 1. Flowchart of model establishment.

3. Results and Discussion
3.1. Structural Characteristics of CDs

UV/Fluorescence
Fusion Modeling

Data level
fusion

Fluorescence

Spectroscopy

Modeling

Feature level
fusion

The morphological (Japan Electronics Co., Ltd., Fuwai Street, Xicheng District, Beijing,
China) characteristics of CDs were characterized using transmission electron microscopy.
As can be seen from Figure 2a, these CDs are well distributed. As shown in Figure 2c,
the particle size of CDs follows a quasi-normal distribution, with an average diameter of
2.31 nm, which was obtained through statistical analysis of more than 200 particles using
the Image] (version 1.53). Figure 2b,d show clear lattice fringes of CDs, with a lattice
spacing of approximately 0.2091 nm, similar to the (111) lattice plane of graphite carbon,

indicating good crystallinity of CDs [27].

20 nm

Fraction(%)

Diameter(nm)

Figure 2. TEM image of CDs (a); particle size distribution diagram (c); (b,d) are HRTEM images of CDs.

3.2. Optical Property Characterization of CDs

The Raman spectrum of CDs (Figure 3a) exhibits a broad diffraction peak at 29.40°
and 40.28°, corresponding to the (002) and (100) crystal faces of sp? hybridized graphitic
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carbon, respectively. This result indicates that the synthesized CDs possess a graphitic
structure [28,29]. X-ray photoelectron spectroscopy was utilized to investigate and analyze
the chemical composition, surface state, and bonding conditions of CDs. As shown in
Figure 3b, CDs primarily consist of five elements, C, N, O, S, and Na, with atomic per-
centages of Cls, Ols, N1s, S2p, and Nals being 61.34%, 25.70%, 1.84%, 4.78%, and 6.34%,
respectively. Figure 3c,d depict the high-resolution energy spectra of Cls and N1s of CDs,
respectively. The high-resolution energy spectrum of Cls displays three characteristic
peaks at 284.60 eV, 285.4 eV, and 288.1 eV, corresponding to C-C/C=C, C-O, and C=0
groups [29,30], respectively. The high-resolution energy spectrum of N1s exhibits two
characteristic peaks at 399.4 eV and 401.4 eV, corresponding to graphitic nitrogen (N-C-N)
and amine groups (C-NHy) [31], respectively. In the high-resolution energy spectrum of
S2p shown in Figure 3e, a characteristic peak at 163.50 eV is associated with the C-S-C
group, while the peak at 268.1 eV is related to the -C-SOx group. From the above analy-
sis, it can be inferred that amine, hydroxyl, and carbonyl groups exist on the surface of
CDs. This indicates that N and S elements have been successfully doped into CDs, and
due to the presence of numerous hydrophilic groups, CDs exhibit good water solubility.
Figure 3f presents the FT-IR spectrum of CDs, revealing a prominent broad peak near
3500 cm ™!, indicating the presence of O-H/N-H functional groups. There is a weaker
absorption at approximately 2000 cm~!, indicating the presence of C-H bonds; a strong
absorption peak appears at approximately 1700 cm ™!, which is due to the stretching and
bending vibrations of C-O. Absorption related to the skeleton (C=C/C-C) appears in the
region around 1387 cm ™!, reflecting the conjugation/skeleton vibrations of the carbon
core. Meanwhile, there is an N-H-related absorption peak near 1500 cm~!. Characteristic
absorptions of C-N and C-S appear at 1976 cm~! and 1153 cm ™!, respectively [29-32].
These experimental results collectively demonstrate that nitrogen and sulfur elements have
been successfully introduced into the carbon dots, which may contain amino, carboxyl,
hydroxyl, sulfur-containing functional groups, etc. They also indicate that the CDs exhibit
good water solubility [33]. The analysis results of FT-IR spectroscopy correspond to the
aforementioned XPS results.

29.40° b —— CDs
¢ c-cic=C -
(a) ( ) Atomic content% ( ) 2 Cls
. Cls61.34 ¥
40.28 o
- = Ots 01525.70 % a
= 3 Nis 1.84 3 oy
= < S2p4.78  Nals < P
Z = Nals 6.34 = =
5} 5 £ 9
< ] ]
= = -} 9 o
- = a >
9 sc.0 _C=0
a
S
1020 e e a0l s i 200 400 600 800 1000 1200 280 282 284 286 288 290 292 294
2-theta(degree) Binding Energy(eV) Binding energy(eV)
. -C-S CDs
(d) NIs s2p
Graphitic N (e) ?; (f)
& . Z
- a? oy o kg
2 2 @ g
S % S * £
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= ° z 9 = N
g as® g -4 . g “cs
2 3 ¥ 2 2 % -C-SOx £
= :.. &>, Amine N - %) o ; c=c/e-C
20l o b o8 . > % X
[50%0, 7.0 89200 90% 9) > W CyH  N-H
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B v v T ST ryE—rra—— e e e e e T e 400 3500 3000 2500 2000 15:)0 1000 500
Binding energy(eV) Binding energy(eV) Wavenumbers(em™)

Figure 3. Raman spectrum (a), full-scan XPS photoelectron spectrum (b), Cls high-resolution
spectrum (c), N1s high-resolution spectrum (d), S2p high-resolution spectrum (e), and FI-IR spectrum
(f) of CDs.

In addition, the effects of pH values ranging from 2 to 10 on the fluorescence intensity
of CDs and their response to Cu?* were investigated at room temperature. As shown in
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Figure 4, the fluorescence intensity (Fy) of CDs remained relatively stable within the pH
range of 6-8, indicating good pH stability. However, the fluorescence quenching efficiency
(Fo/F) varied significantly with changes in PH. The maximum quenching efficiency was
observed at pH 6. At strongly acidic conditions, the fluorescence intensity decreased,
possibly due to the protonation of surface groups. At pH > 8, the sensitivity towards Cu?*
decreased, which might be attributed to the hydrolysis of Cu?* ions or the deprotonation
of surface functional groups affecting the coordination with Cu?*. Therefore, a pH of 6 was
selected as the optimal condition for the subsequent detection of Cu?*.

El Background signal(F )
:l Response signal(F)

Intensity(F/F,)
|
|

PH=2 PH=4 PH=6 PH=8 PH=10
Figure 4. Effect of pH on the fluorescence intensity of the sensor.

Furthermore, to evaluate the sensitivity of the proposed method, the Limit of Detection
(LOD) and Limit of Quantification (LOQ) were calculated based on the standard analytical
chemistry definitions. The formulas used were

3.30

10Q= 1% %

where ¢ is the standard deviation of the response (The standard deviation of 11 consecutive
measurements of a blank sample is 10.07 mg/L) and S is the slope of the calibration
curve (0.91489).

The analytical performance of the CDs probe was evaluated. The Limit of Detec-
tion and Limit of Quantification were calculated to be 36.32 mg/L and 110.01 mg/L,
respectively. Although the detection limit of the probe itself exceeds the World Health
Organization’s guideline value for drinking water (2 mg/L), the primary advantage of the
UV-Vis-fluorescence feature-level fusion model proposed in this paper lies not in ultra-
trace detection, but in improving predictive accuracy (R?> = 0.9915) and robustness in
complex matrices.

3.3. Quenching Mechanism Discussion

To elucidate the quenching mechanism, we investigated the optical band gap of the
CDs and the CDs-Cu?* system using TAUC plots (Figure 5). The calculated band gap
of the pure CDs was approximately 3.03 eV. Upon the addition of Cu?", the absorption
edge shifted, indicating an interaction between the CDs and metal ions. The fluorescence
quenching is primarily attributed to the Photo-induced Electron Transfer mechanism.
The standard redox potential of Cu?*/Cu is +0.153 V. Based on the band gap of 3.03 eV
and the valence band position (determined by XPS/UPS or literature estimation), the
conduction band potential of the CDs is estimated to be more negative than the redox
potential of Cu?*/Cu. Therefore, under excitation, the electrons in the conduction band of
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the excited CDs can transfer to the half-filled 3d orbitals of Cu?* ions. This non-radiative
electron transfer process competes with the fluorescence emission, resulting in the observed
quenching. Additionally, the paramagnetic nature of Cu?>* may also facilitate non-radiative
recombination through the heavy atom effect.

Raw data
11.5} Copper ion standard solution data
-~ 9.2 i
= /
3 /
< 6.9}
a
~
> 4.61
=
S
2.3t
3.03 eV
0.0

2.25 2.70 3.15 3.60 4.05 4.50
Eg (eV)

Figure 5. CDs and their systems with Cu?* using TAUC spectra.

3.4. Selectivity Studies

To evaluate the selectivity of the fluorescent probe for Cu®* detection, the fluorescence
response towards three common interfering metal ions, specifically Cd*, Hg2+, and Fe3*,
was investigated under identical experimental conditions. As illustrated in Figure 6, the
probe exhibits distinct responses to different metal ions. Upon the addition of Cu?*,
the fluorescence intensity was significantly quenched, yielding the lowest F/Fj ratio of
approximately 0.28. In contrast, the presence of other metal ions resulted in notably weaker
quenching effects. For instance, Cd** and Hg?* reduced the fluorescence intensity to F/F
ratios of roughly 0.41 and 0.48, respectively, while Fe3+ showed the least interference with
an F/F ratio of about 0.60. The significant difference in the F/Fy values between Cu?* and
the other competing ions demonstrates the high selectivity of the probe for Cu?*. Although
heavy metal ions like Hg?* and Cd?* may cause partial quenching due to paramagnetic
properties or the heavy atom effect, the response to Cu?* is clearly distinguishable. This
high selectivity ensures that the probe can accurately identify Cu?* even in the presence
of potential interfering ions, making it a promising candidate for practical water quality
monitoring applications.

0.6

0.5

0.4

F/F,

0.3

0.2

0.1

0.0

Cu20 Cd20 Hg2+ Fe:ﬂ

Figure 6. Selectivity of the probe towards various metal ions (Cu?*, Cd%*, Hg?*, Fe3*). The fluores-
cence intensity ratio (F/Fy) was recorded under optimized conditions.
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3.5. Characterization and Pretreatment of UV-Vis and Fluorescence Spectra

Due to the influence of the experimental environment, the collected UV-Vis absorption
spectra and fluorescence emission spectra often contain both target information and random
noise. To improve the signal-to-noise ratio of the spectral data and effectively suppress
random noise and high-frequency interference, this paper employs the Savitzky-Golay
(SG) filtering [34] method for spectral data preprocessing. This method involves selecting
a sliding window of a fixed size on the signal and fitting the data within each window
using a polynomial. The value of the fitted polynomial at the center point of the window
is calculated [35] and serves as the filtering result for that point. By moving the window
and repeating the above process, smoothing of the entire signal can be achieved. In
this paper, SG filtering parameters with a window size of 11 and a polynomial order
of 3 are selected for data processing. This weighted average method can significantly
enhance the signal-to-noise ratio of the spectral signal while maintaining the original
shape of the spectrum. The UV-Vis and fluorescence spectra after SG smoothing are
shown in Figure 7c,d. Due to significant differences in intensity range between ultraviolet
absorption spectra and fluorescence emission spectra, to avoid losing effective information
contained in low-intensity signals during the spectral data fusion process due to magnitude
differences [36], it is necessary to perform standardized preprocessing on the original
spectral data (Figure 7a,b) The main purpose of this processing is to eliminate the magnitude
differences between different spectral techniques, thereby enabling effective integration
and analysis of various spectral data on the same scale. The fluorescence quantum yield of
these CDs relative to quinine sulfate is 19.7%.

UV Original Spectra Fluorescence Original Spectra

Intensity

4000

3000

Z 2000

1000

260

270 280 290 300 400 450 500 550 600
Wavelength (nm) Wavelength (nm)

UV Smooth Spectra

Fluorescence Smoothed Spectra

4000
4.5
4.0 3000
235 >
Z £
g £ 2000
= 3.0 2
L L]
%3 1000
2.0
N 0
15 260 270 230 200 300 400 450 500 550 600
Wavelength (nm) Wavelength (nm)

Figure 7. (a,b) UV-vis spectra and PL spectra of standard solutions at different Cu?* ion concentra-
tions; (c,d) UV-vis spectra and PL spectra of standard solutions after SG smoothing at different Cu®*
ion concentrations.
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3.6. Selection of Characteristic Wavelengths

The CARS method was employed to conduct 50 rounds of variable selection optimiza-
tion for both UV absorption spectra and fluorescence emission spectra. As the number of
Monte Carlo iterations increased, the number of selected wavelengths gradually decreased,
and the downward trend gradually slowed down. By comparing the RMSECV values at
each iteration until finding the optimal variable subset that contains the minimum RMSECYV,
the wavelengths of the optimal variable subset were determined.

As can be seen from Figures 8a and 9a, the number of selected wavelengths gradually
decreases as the algorithm iterates, and the RMSECYV value exhibits a fluctuating trend of
first decreasing and then increasing. This variation pattern reflects the dynamic process of
wavelength selection: the elimination of irrelevant variables in the initial stage effectively
reduces the RMSECYV value, but as key wavelength information is lost, the RMSECV value
increases instead. This phenomenon reveals the balance between information retention
and error control in the variable selection process. As shown in Figure 8b, the RMSECV
of the CARS algorithm for UV absorption spectra reaches its minimum value at iteration
18. Similarly, as shown in Figure 9b, the RMSECV of the CARS algorithm for fluorescence
emission spectra reaches its minimum value at iteration 28.
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Figure 8. (a,b) shows the CARS variable selection results for UV absorption spectra; (c) shows the
XGBoost prediction results for unoptimized UV absorption spectra data; (d) shows the optimized
XGBoost prediction results; (e) and (f) show the optimized XGBoost modeling prediction results after
feature extraction using SPA and CARS, respectively.

3.7. Model Prediction Results and Analysis

This study employed four methods, UV absorption spectroscopy, fluorescence emis-
sion spectroscopy, UV-fluorescence data-level fusion, and UV-fluorescence feature-level
fusion, to conduct Bayesian-optimized random forest and optimized XGBoost modeling
for prediction. Based on the prediction results of R? and RMSE in the test set, the XGBoost
modeling based on UV-fluorescence feature-level fusion proposed in this paper demon-
strated the best performance. The modeling results are shown in the following figures.
Specifically, Figures 8c and 9c represent the XGBoost prediction results for the original
UV and fluorescence data respectively, while (d) in Figures 8 and 9 shows the optimized
XGBoost prediction results after optimization. (e) and (f) in Figures 8 and 9 represent the
optimized XGBoost modeling prediction results after feature extraction using SPA and
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CARS for UV and fluorescence spectra, respectively. Figure 10a shows the XGBoost model-
ing prediction results for UV-fluorescence data-level fusion, while Figure 10b shows the
optimized XGBoost modeling prediction results after UV-fluorescence data-level fusion op-
timization. Figure 10c shows the XGBoost modeling prediction results for UV-fluorescence
feature-level fusion, and Figure 10d shows the optimized XGBoost modeling prediction
results after UV-fluorescence feature-level fusion optimization.
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Figure 9. (a,b) presents the CARS variable selection results for the fluorescence spectra; (c) shows the
XGBoost prediction results for the unoptimized fluorescence spectra data; (d) displays the optimized
XGBoost prediction results; (e) and (f) respectively show the optimized XGBoost modeling and
prediction results after feature extraction via SPA and CARS.
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Figure 10. (a,b) presents the modeling results of UV-fluorescence data-level fusion; (c,d) demonstrates
the modeling results of UV-fluorescence feature-level fusion.

To clearly compare the prediction results of the aforementioned models, Table 1
presents the performance of four different methods in both the Bayesian-optimized RF
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model and the optimized XGBoost model. The data in Table 1 reveals that the XGBoost
method optimized based on UV-fluorescence feature-level fusion achieves the best results
on both the training set and the test set. Specifically, the R? value on the training set
is 0.9999 with an RMSE of 0.0120 mg/L, while on the test set, the R? value is 0.9915
with an RMSE of 2.6663 mg/L. These experimental data fully demonstrate that using
UV-fluorescence feature-level fusion combined with the optimization algorithm XGBoost
model can improve the stability and robustness of the model, exhibiting excellent predictive
generalization performance.

Table 1. Comparison of model prediction results for Cu?* concentration in pure water.

) . Training Set Test Set
Spectroscopic Methods Model Feature Extraction

R? RMSE R? RMSE
Unfeatured 0.9918 2.6196 0.9450 6.5815
bayesian SPA 09928 24678 09179  8.0430

Optimization of RF
. CARS 0.9924 2.5210 0.9406 6.8414

Ultraviolet Spectroscopy

Unfeatured 09985 11139 09485  6.3685
Optimized XGBoost SPA 0.9979 1.3192 0.9485 6.3684
CARS 0.9982 1.2457 0.9548 5.9655
Unfeatured 09946 21239 09611  5.5369
bayesian SPA 09942 22160 09588  5.6978

Optimization of RF
CARS 0.9947 2.1115 0.9607 5.5660

Fluorescence Spectroscopy
Unfeatured 0.9857 3.4682 0.9602 5.5992
Optimized XGBoost SPA 0.9965 1.7270 0.9606 5.5738
CARS 0.9999 0.0627 0.9590 5.6833
Onti B.aye:’la“ cgp Nonme (Rawdata) 09981 12591 09785  4.2333
Data Level Fusion ptumization o
Optimized XGBoost None (Raw data) 0.9999 0.0440 0.9814 3.9453
Bayesian No feature extraction

Optimization of RF after fusion 0.9988 0.9979 09914 2.6621

Feature level fusion

Optimized XGBoost V0 feature extraction 4 o599 9150 09915  2.6663
after fusion

To ensure the robustness of the model evaluation and avoid bias from a single random
split, we employed 5-fold cross-validation. The dataset was randomly partitioned into five
equal-sized subsamples. A single subsample was retained as the validation data for testing
the model, and the remaining four subsamples were used as training data. This process
was repeated five times, with each subsample used exactly once as the validation data. The
results indicate a mean R? of 0.9908=+ 0.0014 and a mean RMSE of 2.7604 + 0.2995 mg/L
across the five folds. The low standard deviation suggests that the XGBoost model is
stable and generalizes well across different data subsets, validating the reliability of the
reported performance.

It is important to note that the experiments were conducted in purified water to estab-
lish a baseline performance without matrix interference. The observed discrepancy between
the training and test RMSE is therefore not due to the model failing to generalize against
complex environmental noise, but rather reflects the intrinsic limitations of the optical
probe in the high-concentration regime. In purified water, the primary source of error is
the signal saturation and quenching of the CDs at concentrations approaching 100 mg/L.
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The XGBoost model achieved a high R?, indicating it has effectively modeled the probe’s
behavior up to its physical limits. The residual RMSE of 2.67 mg/L represents the boundary
of quantification accuracy for this specific probe-sensor system in an ideal environment.

As shown in Table 2, although ICP-MS and AAS offer higher sensitivity, they are
not suitable for rapid, high-throughput screening due to their high operational costs and
time-consuming sample preparation. In contrast, while CDs fluorescence sensors are
low-cost and fast, their accuracy is often compromised in complex environments due to
spectral interference or signal saturation at high concentrations. The method proposed
in this paper strikes a balance between these two approaches: it retains the low-cost and
rapid advantages of optical sensing while significantly improving accuracy and robustness
through the XGBoost fusion algorithm.

Table 2. Comparison of the proposed method with existing analytical techniques.

. Sampling Accuracy/
Method Analyte LOD Linear Range Cost Time Robustness
AAS Cu?* <0.5 ug/L Wide Very high Slow High, but sensitive
(ppb) to matrix
ICP-MS Cu?* 10-50 ug/L Moderate Moderate Moderate . High, but
(ppb) single-element only
CDs-FL Cu?* 18.4 nM Low . Low Fast Low in c.omplex
concentration matrices
36.32 me /L Low Very fast High, Robust against
This Work Cu?* ' ( mg) 4-100 mg/L  (Spectrometer (Real-time spectral interference
PP & Software) potential) via algorithm

3.8. Real Sample Analysis

To evaluate the effectiveness of the method in practical applications, a total of 30 water
samples were collected from different areas at the Yuhua Lake sampling site at Yunnan
Minzu University. After collection, the samples were allowed to stand for one day. Subse-
quently, UV and fluorescence spectra were recorded for each sample using a spectropho-
tometer, with 50 measurements taken for each sample. The acquisition parameters for the
UV spectra were consistent with those for the standard solutions. The fluorescence spectra
were acquired with excitation at 350 nm, an excitation slit width of 5 nm, and an emission
slit width of 1 nm. Figure 11 shows the UV absorption spectra and fluorescence emission
spectra of the actual water samples, respectively.

UV Original Spectra Fluorescence Original Spectra
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Figure 11. (a) UV spectrum of the actual water sample; (b) fluorescence spectrum of the actual
water sample.
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Since the optimal model for the standard solutions is the optimized XGBoost model,
the actual water samples will be analyzed using the optimized XGBoost model. After
pretreating and analyzing the actual water samples, SPA and CARS feature extraction
were performed separately. Subsequently, XGBoost modeling was optimized based on UV
absorption spectra, fluorescence emission spectra, data-level fusion of UV and fluorescence
data, and feature-level fusion of UV and fluorescence data. The modeling results are shown
in Figures 12 and 13.
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Figure 12. (a,b) UV spectra of actual water samples following SPA and CARS modeling; (c,d) fluores-
cence spectra of actual water samples following SPA and CARS modeling.
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Figure 13. (a) Data-level fusion modeling results for actual water samples; (b) feature-level fusion
modeling results for actual water samples.

To facilitate the evaluation of the performance of copper ion detection models in actual
water bodies, a comprehensive comparison was conducted of all quantitative analysis
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models developed in this study. The test set R> and RMSE were uniformly adopted as
evaluation metrics. The closer the Rp? is to 1, the better the model’s fit and predictive capa-
bility; conversely, a smaller RMSE is preferable, as it indicates a smaller prediction error. By
comprehensively comparing these metrics, one can clearly determine the relative strengths
and weaknesses of different modeling methods in predicting copper ion concentrations in
actual water bodies. The comparison results are shown in Table 3.

Table 3. Modeling performance of each optimal model.

Best-of-Class Model Rp? RMSE (mg/L)
Ultraviolet absorption spectrum 0.9615 1.8475
Fluorescence emission spectrum 0.9915 2.5228

UV-Fluorescence Data-Level Fusion 0.9929 2.0247
UV-Fluorescence Feature-Level Fusion 0.9892 1.2738

The comparison results in the table above clearly show that there are significant
differences in the performance of different modeling methods when predicting copper ion
concentrations in actual water samples. Compared to the single-fluorescence spectral model,
the data-level fusion model reduced the RMSE on the test set by approximately 19.8%,
demonstrating the advantages of multispectral information fusion, which can improve the
model’s predictive accuracy through complementary information. As for the feature-level
fusion model, its test set R> was 0.9892; although slightly lower than the 0.9929 of the
data-level fusion model, its test set RMSE was significantly reduced to 1.2738 mg/L—a
decrease of approximately 37.1% compared to the 2.0247 mg/L of the data-level fusion
model, approximately 49.5% compared to the single fluorescence spectroscopy model,
and approximately 31.1% compared to the single UV spectroscopy model. These results
indicate that feature-level fusion, by first performing independent feature extraction on
different spectra, can more effectively screen out the key information that contributes
most to the prediction of target, eliminating redundancy and interference. Consequently,
while maintaining a certain level of training fit, it greatly enhances the model’s predictive
accuracy and generalization ability, enabling it to demonstrate the strongest practicality
and reliability in complex real water samples matrices.

3.9. Limitations

Although the proposed UV-fluorescence feature-level fusion model combined with
XGBoost demonstrated excellent predictive accuracy and robustness in the experimental
setup, it still has some shortcomings:

1. The diversity and representativeness of the samples need to be further improved. The
actual water samples used in this study were primarily collected from different areas
of Yuhua Lake on the campus of Yunnan Minzu University, which limits the range of
substrate compositions and types of contaminants analyzed.

2. Although the model demonstrates high predictive accuracy, the limitations of the
sample size (n = 25) must be acknowledged. The model’s generalizability relies
on the strong physical correlation between spectral features and target attributes
(the Beer-Lambert law), which enables robust learning even with a limited sample
size. However, the model’s application is primarily restricted to samples with matrix
characteristics similar to those in the training data. For water samples derived from
different geological origins or with significantly different physicochemical properties,
domain adaptation or local calibration is required to maintain predictive accuracy.

3. The performance of this model is ultimately limited by the physical constraints of the
optical probe. Within the experimental concentration range, the carbon-dot probe
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exhibits severe fluorescence quenching and internal filtering effects. Although the XG-
Boost algorithm successfully modeled this nonlinear behavior, the RMSE of 2.67 mg/L
reflects the quantitative accuracy limit of this probe—sensor system.

4. Conclusions

This study utilizes nano-fluorescent carbon dots as the sensing medium and employs
ultraviolet and fluorescence spectrophotometers to characterize and collect spectral data
from purified water and real water samples containing varying concentrations of Cu?*.
An optimized XGBoost prediction model based on UV-fluorescence feature-level fusion
was constructed. This study evaluated the performance of four methods in the Bayesian
optimization random forest algorithm and the optimized XGBoost prediction model. Ex-
perimental results indicate that the UV-fluorescence feature-level fusion combined with
the XGBoost prediction model exhibits excellent generalization ability and robustness.
Specifically, for purified water, the R? value for the training set was 0.9999, with a root
mean square error of 0.0120 mg/L; while for the test set, the R? value was 0.9915, with an
RMSE of 2.6663 mg/L. For actual water samples, the R? value for the test set is 0.9892, and
the RMSE is 1.2738 mg/L. The primary methodological contribution of this work lies in
demonstrating that feature-level fusion can effectively integrate complementary spectral
information to mitigate interference, while the optimized XGBoost algorithm successfully
overcomes the non-linear limitations inherent in traditional optical sensing. This validates
a robust “spectral fusion + machine learning” paradigm for accurate quantification in
complex scenarios. Notably, the calculated LOQ is higher than the maximum concentra-
tion (100 mg/L) used in this study. This suggests that within the 4-100 mg/L range, the
fluorescence response of the CDs probe exhibits non-linearity due to the Inner Filter Effect
and dynamic quenching. In traditional spectral fluorimetry, this would render the probe
unsuitable for quantitative analysis in this range. However, this study demonstrates that
the XGBoost algorithm with feature-level fusion can overcome this limitation by capturing
the complex, non-linear relationships between the spectral features and the concentration,
thereby enabling accurate quantification even in the presence of severe signal distortion.
However, due to the precision requirements of experimental data, computational complex-
ity limitations, and data redundancy issues caused by similarity among samples, verifying
the applicability of this model in different actual water environments will be a key focus of
future research.
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