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ABSTRACT: Kelp exhibits significant bioaccumulation for cesium (Cs) in seawater, making accurate Cs determination 

critical for marine monitoring and seafood safety. To overcome the inability of individual LIBS or XRF techniques to simultaneously 

ensure high accuracy and stability across the ultra-wide range of 500–50,000 ppm, this study proposes a concentration-sensitive dual-

modal adaptive weighted feature fusion (WFF) strategy. The method employs interval-independent cross-validation to estimate the 

true generalization error of each modality within distinct concentration intervals, and introduces an auxiliary discriminator to 

guarantee accurate interval assignment for unknown samples under blind testing. The error-driven Softmax weighting module 

adaptively allocates feature weights, achieving optimal synergy by leveraging LIBS at low concentrations and XRF at medium-to-

high levels. Validation on five independent test samples yields an RMSEP of 803 ppm, an ARE of 4.98%, and an average RSD of 

6.78%, all of which significantly surpass the results from single-modality models, data-level fusion (DF), and fixed-weight feature 

fusion (FF). Comparative feature selection analysis 

reveals that the joint screening in DF suffers from 

statistical partiality, allocating excessive variables to 

XRF background spectra and systematically omitting 

the target Cs line and coexisting elemental lines in 

LIBS. In contrast, independent selection precisely 

preserves critical physical features from both sources. 

By implementing interval-independent validation-

driven weight allocation, this work achieves 

synergistic enhancement of accuracy and stability over 

an ultra-wide concentration range, providing a robust 

and effective pathway for multimodal spectral fusion 

analysis of complex matrix samples.  

INTRODUCTION  

Marine heavy metal pollution is not only disrupting the ecological 

balance of coastal ecosystems but also leading to the excessive 

accumulation of toxic elements in seafood, thereby posing 

potential risks to human health.1 While extensive studies have 

investigated the contamination levels of conventional heavy 

metals such as Cu, Cr, Pb, and Zn in marine environments and 

aquatic organisms,2-4 cesium (Cs) has become a particular concern 

in the wake of the Fukushima nuclear accident, owing to its high 

solubility in seawater, long radiological half-life, and propensity 

for trophic transfer along marine food chains.5,6 As one of the 

brown algal species with the largest biomass in coastal waters, kelp 

is known for its high capacity to adsorb heavy metals from 

seawater, making it a relevant species for seafood safety 

monitoring.7 Consequently, the accurate determination of Cs 

content in kelp is of significant practical importance for marine 

pollution early warning systems and seafood quality control. 
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Traditional laboratory-based analytical techniques, such as 

inductively coupled plasma mass spectrometry (ICP-MS) and 

atomic absorption spectrometry (AAS), offer high precision and 

low detection limits;8,9 however, they suffer from inherent 

limitations, including cumbersome sample pretreatment, time-

consuming procedures, and heavy reagent consumption, thereby 

failing to meet the demands for high-throughput sample screening 

and rapid on-site analysis. In recent years, driven by the rapid 

advancements in spectroscopy and chemometrics, laser-induced 

breakdown spectroscopy (LIBS) and X-ray fluorescence (XRF) 

spectrometry have progressively become research hotspots in 

elemental analysis for environmental and biological samples, 

owing to their distinct advantages of rapid response, micro-

destructive or non-destructive detection, and simultaneous multi-

element analysis capabilities.10-12 

Governed by inner-shell electronic transitions, XRF exhibits 

exceptional quantitative repeatability and signal-to-noise ratios 

(SNR) for elements with atomic numbers greater than 11, 

rendering it particularly adept at the quantitative characterization 

of medium-to-high- Z  elements.13,14 Conversely, its sensitivity 

toward light elements is highly constrained, and the signal 

becomes increasingly susceptible to saturation in elevated 

concentration regimes due to matrix-induced absorption 

enhancement effects.15,16 LIBS, on the other hand, utilizes laser 

ablation to generate a transient plasma; it is virtually unconstrained 

by atomic number thresholds, demonstrating a unique efficacy in 

capturing light and halogen elements via a high density of atomic 

emission lines.17 However, the emission intensity of LIBS is 

coupled tightly with intrinsic plasma parameters, such as 

temperature and electron density, and is highly susceptible to 

perturbations from self-absorption and severe matrix effects. As a 

result, its long-term reproducibility in quantitative analysis 

typically falls short of that exhibited by XRF.18 These distinct 

attributes underscore an intrinsic physical complementarity 

between the two modalities. While XRF excels in the stable and 

deterministic representation of medium-to-high Z  constituents, 

LIBS provides unparalleled advantages in pan-elemental coverage 

and spectral information density.19 Consequently, the strategic 

amalgamation of XRF and LIBS holds immense potential to 

harness cross-modal information synergies and deliver tangible 

performance increments in complex quantitative scenarios.20 

Many studies have shown that multimodal data fusion can 

effectively combine the complementary information from 

different sensors, showing clear advantages in improving 

prediction accuracy and model stability.21 Depending on the fusion 

level, existing methods can be divided into three categories: Data-

level fusion directly connects raw spectra, which keeps the most 

complete information but easily introduces redundant noise and 

causes large data dimensionality; feature-level fusion extracts key 

variables from each modality before combining them, which 

provides both noise reduction and physical interpretability, 

making it the most advantageous strategy in current spectral fusion; 

and decision-level fusion takes a weighted average of the 

independent outputs from each modality, which is highly modular 

but easily loses the interactive information between modalities.22,23 

However, in XRF-LIBS fusion, these three strategies all face 

different difficulties. In data-level fusion, when two types of 

signals are directly connected, the modality with higher absolute 

counts and larger variance will dominate the model training, which 

suppresses the key information in the small-variance modality.24 

Especially when the number of variables and the signal-to-noise 

ratio (SNR) are severely imbalanced, the variable selection in the 

joint space will easily bias toward the modality with a high SNR 

or a large sample size, causing important features with physical 

relevance in the lower-SNR modality to be systematically 

discarded.25,26 Although feature-level fusion can reduce these 

problems to some extent, current methods mostly use fixed 

weights for combination.27 This fixed approach fails to consider 

that the relative advantages of the two different signals can reverse 

because of their different physical excitation mechanisms. Due to 

the interactive effects of matrix effects, instrument response, and 

sample variation, the information capacity of LIBS and XRF can 

change non-linearly in different concentration intervals, and their 

relative advantages can flip as concentration changes. Therefore, 

using a constant weight cannot achieve the optimal feature 

complementarity and non-linear cooperation across the whole 

concentration range. Similarly, although decision-level fusion 

avoids direct interference between cross-modal features through 

independent modeling, its weight allocation still relies on a 

globally fixed error rule, lacking the ability to sense the dynamic 

shift of modal advantages driven by sample characteristics.28 

Furthermore, machine learning models in spectral quantitative 

analysis generally face a common issue because their decision-

making process is difficult to trace back to specific physical 

spectral mechanisms. This limitation is widely known as the 

black-box nature of these models. In multimodal fusion scenarios, 

this problem becomes even more severe. The complex interactions 

among multiple different data sources make it much harder to find 

the physical reasons behind the model decisions, which seriously 

hinders the deep connection between spectral features and 

machine learning models.24 Therefore, designing a fusion 

framework that can adaptively respond to the dynamic changes in 

modal advantages while providing physical traceability at the 

decision level has become a core problem in current multimodal 

spectral quantitative analysis. 

To address these challenges, a concentration-sensitive, adaptive 

weighted fusion strategy is proposed for the high-precision 

quantitative analysis of Cs concentration in kelp across an ultra-

wide range. The proposed strategy first introduces a three-channel 

parallel competitive adaptive reweighted sampling (CARS) 

strategy to perform specific feature selection in the independent 

LIBS space, independent XRF space, and LIBS+XRF dual-modal 

joint space, respectively. This approach ensures that the key 
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physical information from each spectral channel is well preserved 

during the dimension reduction process. On this basis, interval-

independent cross-validation is used to obtain the true prediction 

error of each modality within different concentration intervals. 

These errors then drive an Error-driven Softmax weighting 

mechanism to adaptively allocate feature weights, achieving a 

dynamic synergy between the advantages of the two modalities. 

Finally, a systematic comparison is conducted among four 

different strategies, including single modality (SM), data-level 

direct fusion (DF), fixed-weight feature fusion (FF), and the 

proposed adaptive weighted feature fusion (WFF). By combining 

this with an analysis of the spectral assignment of the selected 

features and their contribution to the final decision, the 

effectiveness of the framework is thoroughly validated from three 

dimensions, which are quantitative accuracy, prediction stability, 

and physical interpretability. 

MATERIALS AND METHODS 

Sample preparation. The kelp powder used in this study was 

purchased from a commercial source as a ready-to-use product. 

The initial Cs concentration in the kelp powder was determined to 

be approximately 50 ppm using ICP-MS. A series of kelp samples 

with different Cs concentrations were prepared using the standard 

addition method. A calculated amount of cesium chloride (CsCl) 

standard solution was added step-by-step into the kelp powder. 

The mixture was mixed thoroughly using a vortex mixer, and then 

dried to a constant weight in an electric thermostatic drying oven 

at 80°C. After drying, the mixture was ground into a uniform 

powder using an agate mortar. To improve the pelletizing 

performance, approximately 0.6 g of microcrystalline cellulose 

was added to each powder portion as a binder and mixed 

thoroughly, keeping the total mass of each sample at 1.5 g. The 

mixed powder was pressed under a pressure of 15 MPa for 3 min 

to form uniform pellets with a diameter of 20 mm and a thickness 

of approximately 2 mm. All preparation steps were carried out 

under clean conditions to avoid cross-contamination.  

To evaluate the prediction performance of the built models over 

a wide concentration range, a total of 20 samples were prepared. 

These samples were divided from low to high Cs concentration 

into five concentration intervals, which were Interval I-1 to I-5, 

and each interval contained four samples. Within each interval, 

one sample was selected, making a total of five samples, to serve 

as an independent testing set. This testing set covered key 

concentration points from 600 to 30,000 ppm and was completely 

isolated during the entire process of model development, being 

used only for the final performance evaluation. The remaining 15 

samples formed the training set for model training and cross- 

validation. The specific sample IDs and Cs concentrations are 

listed in Table 1. After preparation, the samples were stored in a 

desiccator for future use. 

Table 1. Kelp sample identification numbers and their corresponding Cs 

concentrations, where samples marked with an asterisk are independent 

testing set samples and the remaining are training set samples 

Interval Sample No. & Cs concentration (ppm) 

I-1 S1: 500 *S2: 600 S3: 800 S4: 1000 

I-2 S5: 1250 S6: 1500 *S7: 2000 S8: 3000 

I-3 S9: 4000 S10: 6000 *S11: 7000 S12: 8000 

I-4 S13: 10000 S14: 15000 *S15: 17500 S16: 20000 

I-5 S17: 25000 *S18: 30000 S19: 40000 S20: 50000 

 

LIBS and XRF Experiment. The LIBS experimental system 

used a solid-state Q-switched nanosecond pulsed Nd:YAG laser 

(TINY-D100L, GRACE LASER) as the plasma excitation light 

source. This laser operated at an output wavelength of 1064 nm 

with a pulse width of 6 ns. Under ambient air conditions, based on 

the optimization from earlier preliminary experiments,29 the single 

pulse laser energy was set to 82.8 mJ and the repetition rate was 

set to 10 Hz. The laser beam was focused by a plano-convex quartz 

lens with a focal length of 250 mm and then perpendicularly 

incident on the sample surface. This setup formed ablation craters 

with a diameter of approximately 150 μm , and the distance 

between adjacent craters was set to 250 μm to avoid any physical 

overlap interference. The radiation signals emitted from the 

plasma were collected and collimated in the reverse direction 

through the same lens. Then, the signals were coupled into an 

optical fiber with a core diameter of 50 μm using a quartz lens 

with a focal length of 10 cm, and transferred to an echelle 

spectrometer (Aryelle Butterfly, LTB, Germany). The 

spectrometer was equipped with an intensified charge-coupled 

device (ICCD) detector, providing a spectral coverage of 190–430 

nm and a resolving power (λ/Δλ) of 50,000. Based on preliminary 

optimizations, the delay time of the ICCD detector was set to 2.0 

μ s and the exposure gate width was set to 10 μ s. The timing 

between the laser and the spectrometer was controlled by the 

internal trigger signal of the laser to ensure the synchronization and 

repeatability of data collection. The sample stage was placed in a 

closed chamber equipped with a gas cleaning system. This system 

ran for 30 s after finishing the ablation of each sample to clear dust, 

which prevented cross-contamination and pollution to the optical 

system. For each sample surface, 30 spectra were collected, and 

each spectrum accumulated 10 laser pulses. This procedure 

provided a total of 600 groups of raw LIBS spectra (20 samples × 

30 repetitions), and the dimension of a single spectrum was 49,242 

(p
1
=49242).  

The XRF detection unit utilized an energy-dispersive X-ray 

fluorescence analyzer (CIT-3000SME). This unit mainly consisted 

of a high-voltage DC power supply, an X-ray tube with a Rh target, 

a thermoelectrically cooled silicon drift detector (FAST-SDD, with 

an energy resolution of approximately 125 eV), and a multi-

channel analyzer (MCA). To prevent the absorption of low-energy 

characteristic X-rays by air, the spectral collection was conducted  
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Fig. 1 Flowchart of dual-modal quantitation via Out-of-Fold error-driven adaptive weighting mechanism. 

under vacuum conditions throughout the whole process with a 

vacuum degree of approximately 100 Pa, and the temperature was 

maintained at around 20°C. The excitation voltage of the X-ray 

tube was 49 kV, the tube current was 196.1 μA, and the geometric 

distance from the X-ray tube and the detector to the sample surface 

was fixed at 4.0 ± 0.2 cm. Each pellet sample was measured 30 

times, and the live time for a single measurement was 120 s. A 

2,048-channel raw XRF count spectrum with a dimension of 

p
2
=2048  was obtained through the multi-channel analyzer. All 

spectra were energy-calibrated using the software provided with 

the instrument and then exported into text format for subsequent 

data processing. 

For both LIBS and XRF modalities, all the subsequent 

modeling and cross-validation procedures were performed at the 

individual spectrum level, with the 30 replicates from each sample 

treated as independent spectral instances, rather than averaged into 

a single sample-level representation. 

Methods of analysis. To fully exploit the physical 

complementarity and synergistic advantages between the high-

density emission lines of LIBS and the high signal-to-noise ratio 

(SNR) fluorescence lines of XRF, while overcoming the scale 

imbalance and complex matrix effects caused by heterogeneous 

signal sources, a multi-stage and multi-branch quantitative 

analysis architecture was designed in this study. The overall 

flowchart of this architecture is shown in Fig. 1. The framework 

covers four core stages, which are the independent preprocessing 

and scale correction of multiple modalities (STAGE 1), three-

channel adaptive feature selection (STAGE 2), multi-strategy 

fusion comparative evaluation (STAGE 3), and ensemble 

regression quantitative prediction (STAGE 4). Throughout the 

entire process of model development, all feature selection, 

parameter optimization, and adaptive weight calculations were 

strictly limited within the training set. The independent testing set 

was completely isolated before the final performance evaluation 

to ensure the objectivity and generalization capability of the results. 

STAGE 1: Scale correction and independent preprocessing of 

heterogeneous signals 

There is an essential difference in the physical excitation 

mechanisms between LIBS and XRF. The LIBS signal is a plasma 

emission spectrum characterized by high absolute counts, high 

line density, and strong collinearity. In contrast, the XRF signal 

consists of characteristic fluorescence counts featuring clear 

energy levels, sparse channels, and relatively low absolute counts. 

The raw spectra of these two categories show a significant 

imbalance in both magnitude and distribution. If they are directly 

fused, the modality with larger variance will dominate the model 

optimization, suppressing the key information embedded within 

the small-variance modality. To eliminate this scale dominance 

effect while ensuring that the physical shapes of the characteristic 

spectral lines for each element are not distorted; independent 

preprocessing is performed on the two types of spectra separately. 

First, standard normal variate (SNV) transformation is applied 

to correct the scattering effects and optical path variations of the 

spectra.30 Subsequently, Savitzky-Golay (SG) smoothing filtering 

is used to remove ambient background,31 baseline drift, and 

random noise using a second-order polynomial with a window 

width of 11. After that, a global min-max normalization operator 

is constructed for each modality individually to map the 

preprocessed spectral features proportionally into a dimensionless 

domain of [0,1]: 

Xnorm =
X−Xmin

Xmax−Xmin
     (1) 

where X  represents the independent variable matrix of a single 

modality after preprocessing. Xmin  and Xmax  denote the 
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minimum and maximum values of all training set samples under 

this specific modality, respectively. After this treatment, the 

features of both modalities become comparable on a numerical 

scale, establishing a consistent dimensional foundation for 

subsequent feature selection and fusion.  

STAGE 2: Three-channel parallel CARS feature selection 

To avoid the dimensionality disaster and redundant noise 

interference brought by full-spectrum inputs, the CARS 

algorithm32 is used to perform variable selection for the three types 

of feature spaces separately. By combining Monte Carlo sampling 

with an exponential decay function (EDF) and an adaptive 

reweighted strategy, CARS iteratively eliminates variables with 

smaller absolute values of regression coefficients until the root 

mean square error of cross-validation (RMSECV) reaches its 

minimum. According to the different physical characteristics of 

the three feature spaces, three sets of different CARS engines are 

set up to perform parallel feature selection. 

⚫ CARS Engine 1 (LIBS+XRF joint feature set): The 

preprocessed full LIBS spectrum (49,242 dimensions) and 

the full XRF spectrum (2,048 dimensions) are directly 

connected into a 51,290-dimensional joint feature vector as 

the input. The number of sampling iterations (Cars_num) is 

set to 80 and integrated into a joint partial least squares (PLS) 

model to initially capture the potential interactive 

information across modalities, which outputs the feature 

subset P1_train.  

⚫ CARS Engine 2 (LIBS independent feature set): To address 

the LIBS emission spectra with dense lines and significant 

self-absorption effects, a slower iteration number 

(Cars_num = 100 ) is set and coupled with a PLS local 

projection space of 12 latent variables (LVs). This setup 

carefully removes the continuous background and preserves 

the core atomic and ionic emission lines, outputting the 

feature subset P2_train.  

⚫ CARS Engine 3 (XRF independent feature set): For the 

XRF fluorescence energy spectra with clear peak shapes but 

easily affected by absorption-enhancement effects, a faster 

elimination iteration number (Cars_num = 50) and a low-

dimensional latent variable space (6 LVs) are set to precisely 

lock the characteristic peaks of major elements, outputting 

the feature subset P3_train. 

⚫ All three engines utilized the EDF to perform variable 

selection, using the global minimum value of the internal 5-

fold cross-validation root mean square error (RMSE) as the 

termination criterion, and finally outputting three feature 

subsets, which were P1_train , P2_train , and P3_train . The 

number of iterations and latent variables for the three 

engines were determined based on preliminary experiments. 

Engine 1 (joint space) adopted a medium number of 

iterations ( Cars_num = 80 ) and 8 latent variables to 

balance computational efficiency and feature mining depth. 

Engine 2 (LIBS independent space) required more sufficient 

iterations (100 times) and a higher number of latent 

variables (12) to carefully extract features, because its 

emission lines were dense and effective information was 

scattered. Engine 3 (XRF independent space) used a faster 

elimination strategy (50 times) and a lower number of latent 

variables (6) to lock the key information, owing to its fewer 

energy spectrum channels and clear characteristic peaks. 

The detailed optimization process of the parameters for each 

engine and the evolution curves of RMSECV with the 

number of iterations are provided in the Supplementary 

Material (Fig. S1–S6).  

STAGE 3: Multi-branch fusion evaluation and OOF error-driven 

adaptive weighting strategy 

In STAGE 3, the system constructed three parallel fusion 

branches for comparative demonstration. While retaining 

traditional static concatenation methods as references, a 

concentration-sensitive adaptive weighted feature fusion (WFF) 

strategy was introduced. The derivation of all adaptive weights 

was strictly based on the 3-fold out-of-fold (OOF) blind validation 

results within the training set. This approach ensured that the 

weight allocation did not rely on any information from the testing 

set, thereby preventing data snooping. The specific design of the 

three competing branches is described below:  

⚫ Branch A (DF): The joint feature subset P1_train  output 

from CARS Engine 1 was adopted as the control group for 

data-level fusion. The dimension of this feature subset was 

1,452, which included 568 LIBS features and 884 XRF 

features.  

⚫ Branch B (FF): The feature subsets P2_train (KLIBS = 871 

dimensions) and P3_train  ( KXRF = 221  dimensions), 

independently selected by CARS Engine 2 and Engine 3, 

were simply stacked horizontally to serve as the control 

group for feature-level fixed-weight fusion.  

⚫ Branch C (WFF): As the core innovative module of this 

study, a concentration-sensitive adaptive weighting strategy 

strictly driven by the errors of 3-fold OOF blind validation 

was introduced to dynamically allocate the fusion weights 

of LIBS and XRF features within different concentration 

intervals. 

To obtain the true generalization capability of each modality 

within different concentration intervals, the training samples were 

first divided into five intervals based on their concentrations, which 
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Fig. 2 Distribution of the OOF-RMSE for the LIBS and XRF single-

modality models across five concentration intervals (a), and the 

corresponding error-driven adaptive weight allocation (b). 

were Interval 1 to 5. On this basis, a 3-fold cross-validation was 

executed independently for each concentration interval. For a 

specific interval, only the training samples belonging to that 

interval were used to divide the training set and validation set into 

3 folds. Using random forest as the baseline regressor,33 models 

were built separately for the single-source feature subsets of LIBS 

and XRF using the training set samples, and blind testing was 

performed on the validation set samples. After cycling through all 

folds, the OOF prediction results under a completely blind testing 

state were collected for all samples within that interval. The above 

process was conducted completely independently within each 

interval. This approach ensured that the OOF error of each interval 

strictly reflected the generalization capability of the model within 

that specific concentration range, without receiving any “statistical 

subsidy” or interference from samples in other concentration 

intervals. 

Based on these interval-independent OOF prediction results, 

RMSE for LIBS and XRF within each interval was calculated 

separately (RMSEOOF1,k and RMSEOOF2,k, where k = 1,… ,5) 

to serve as the metric for the generalization capability of each 

modality within that concentration range. Subsequently, an error- 

driven Softmax weighting function was introduced to dynamically 

derive the adaptive fusion weights for LIBS and XRF within each 

interval:  

𝑤1 =
𝑒−𝑅𝑀𝑆𝐸𝑂𝑂𝐹1/𝜏

𝑒−𝑅𝑀𝑆𝐸𝑂𝑂𝐹1,𝑘/𝜏+𝑒−𝑅𝑀𝑆𝐸𝑂𝑂𝐹2,𝑘/𝜏
    (2) 

𝑤2 = 1 − 𝑤1        (3) 

𝜏𝑘 =
max⁡(𝑅𝑀𝑆𝐸𝑂𝑂𝐹1,𝑘,𝑅𝑀𝑆𝐸𝑂𝑂𝐹1,𝑘)

2
      (4) 

where τ  represents the temperature smoothing coefficient 

controlling the weight allocation softness. The exact τ  values 

derived from Eq. (4) across all intervals are listed in Table S1. To 

prevent a dominant modality from completely suppressing a 

weaker modality, a lower weight limit of max(w, 0.1) was set. 

Finally, the two sets of feature matrices were scaled by weights 

and concatenated to form the weighted fusion feature matrix: 

𝑋𝑤𝑒𝑖𝑔ℎ𝑡𝑒𝑑_𝑡𝑟𝑎𝑖𝑛 = [𝑃2_𝑡𝑟𝑎𝑖𝑛 × 𝑤1, 𝑃3_𝑡𝑟𝑎𝑖𝑛 × 𝑤2]    (5) 

Figure 2(a) displays the distribution of the OOF-RMSE of the 

single-source models for LIBS and XRF, obtained based on the 

interval-independent cross-validation across five concentration 

intervals. As seen from the figure, the OOF-RMSE values of the 

two modalities show significant differences as the concentration 

intervals change. In the low concentration intervals of I-1 (500–

1,000 ppm) and I-2 (1,250–3,000 ppm), the RMSE values of LIBS 

(75.6 ppm and 105.2 ppm) are clearly lower than those of XRF 

(131.5 ppm and 146.8 ppm). In the I-3 interval (4,000–8,000 ppm), 

the values of the two modalities become close to each other (317.7 

ppm vs. 219.0 ppm). However, in the medium-to-high 

concentration intervals of I-4 (10,000–20,000 ppm) and I-5 

(25,000–50,000 ppm), the RMSE values of XRF (285.4 ppm and 

706.1 ppm) are both significantly lower than those of LIBS 

(1,284.3 ppm and 1,961.9 ppm), which are only 22.2% and 36.0% 

of the LIBS values, respectively. 

Based on these interval-independent OOF-RMSE values, the 

adaptive weight allocation calculated by the Softmax weighting 

function is illustrated in Fig. 2(b). The overall trend of the weight 

allocation closely matches the error distribution. In the low 

concentration intervals of I-1 and I-2, LIBS receives the dominant 

weights of 70% and 64% because its errors are lower than those of 

XRF. After entering the I-3 interval, the weight of LIBS further 

decreases to 35% while the weight of XRF increases to 65%. The 

gap between the weights of the two modalities is reduced to 30 

percentage points at this stage, marking a narrowing of the 

advantage range for LIBS. In the medium-to-high concentration 

intervals of I-4 and I-5, XRF obtains overwhelming weights of 83% 

and 78% since its errors are much lower than those of LIBS. 

Looking at the evolution trend, the weight of LIBS shows a 

monotonic decrease from the I-1 to I-4 intervals 

(70%→64%→35%→17%) and slightly rebounds to 22% in the I-

5 interval. Conversely, the weight of XRF exhibits a reverse  
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Fig. 3 Grid search hyperparameter optimization heatmap under the DF 

modality. 

Table 2. Summary of the optimal hyperparameters and their corresponding 

RMSECV values for each modality 

Model Tree Num Leaf size RMSECV 

LIBS 50 3 0.01952 

XRF 300 3 0.00689 

DF 250 3 0.00536 

FF 150 7 0.00676 

WFF 200 9 0.00892 

monotonic increasing trend (30%→ 36%→ 65%→ 83%→ 78%), 

and the two modalities complete the handover of their dominant 

advantages near the I-3 interval. 

In order to strictly test the interval locating capability of this 

weighting strategy under practical deployment conditions, an 

auxiliary interval discriminator was used to verify the blind testing 

assignment of the testing samples without relying on their 

concentration labels. This discriminator utilized a random forest 

algorithm with fixed hyperparameters of 100 trees and a minimum 

leaf size of 5. As shown in Fig. S7 and Fig. S8 of the 

Supplementary Material, this discriminator achieved a 100% 

interval classification accuracy for all samples, and the five key 

blind samples (600, 2,000, 7,000, 17,500, and 30,000 ppm) were 

precisely locked into their corresponding intervals from I-1 to I-5. 

This perfect classification result confirms from a spectroscopic 

perspective that the physical features of LIBS and XRF preserved 

by CARS screening exhibit significant between-class variance and 

excellent within-class cohesion across different concentration 

intervals, making the interval decision boundaries extremely clear 

in the feature space. Therefore, this weighting strategy not only 

adaptively allocates the dominant modalities based on the OOF 

errors of the training set, but also validates the training-to-

deployment consistency of the weight allocation strategy during 

the prediction phase for unknown samples, ultimately ensuring its 

full-chain reliability from training to deployment. 

STAGE 4: Hyperparameter space grid search and ensemble 

regression prediction TreeBagger, which is an efficient 

implementation of random forest in MATLAB R2021b, was 

adopted as the regressor. First, a two-dimensional grid search 

optimization combined with 5-fold cross-validation was used to 

optimize the hyperparameters of the model. The search range was 

set as follows: the number of decision trees (Ntree) ranged from 50 

to 300 with a step of 50, and the minimum leaf size (Minleaf ) 

ranged from 3 to 9 with a step of 2. The global optimal parameter 

combination was determined based on the criterion of minimizing 

the RMSECV. Taking the DF modality as an example, its 

parameter optimization process is illustrated in Fig. 3. When the 

number of decision trees was 100 and the minimum leaf size was 

3, the model achieved the lowest RMSECV value of 0.00568. The 

grid search heatmaps for the remaining modalities are provided in 

the Supplementary Material (Figs. S9–S12), and the optimal 

hyperparameter combinations along with their corresponding 

RMSECV values for each modality are summarized in Table 2. 

Based on the optimized hyperparameters mentioned above, the 

final regression models were established separately for the three 

fusion branches, which were DF, FF, and WFF, as well as the two 

single-modality baselines, which were LIBS and XRF. The 

predicted values from the models were restored to the original 

concentration scale (ppm) through inverse min-max normalization. 

Subsequently, the root-mean-square error of prediction (RMSEP), 

relative error (RE), and relative standard deviation (RSD) of the 

testing set were calculated to evaluate the prediction accuracy and 

stability of each model. 

RESULTS AND DISCUSSION 

Univariate calibration models for LIBS and XRF. To evaluate 

the quantitative analysis capability of the two techniques for Cs 

concentration in kelp using univariate models, the emission lines 

of Cs in LIBS and the characteristic fluorescence peaks of Cs in 

XRF were extracted based on the NIST Atomic Spectra Database. 

Their intensity evolution regularities with Cs concentration were 

investigated, and univariate calibration curves were established 

based on the training set samples to predict the five completely 

isolated testing set samples. 

Figure 4(a) illustrates the variation trend of the Cs II 423.44 nm 

emission intensity in the LIBS spectra as a function of the Cs 

concentration in kelp, where each data point represents the average 

of 30 replicate measurements. It can be seen that as the Cs 

concentration increases from 500 to 50,000 ppm, the spectral line 

intensity generally shows an upward trend. However, the intensity 

growth slows down significantly after the concentration exceeds 

30,000 ppm, reaching a plateau region. This phenomenon 

indicates that the self-absorption effect and plasma shielding effect 

are significantly enhanced at high concentrations, leading to the  
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Fig. 4 Evolution of the Cs II 423.44 nm emission line intensity as a function of Cs concentration (a), the univariate calibration curve and prediction results 

based on the Cs II 423.44 nm emission line (b), the evolution of the Cs Lα1 spectral line intensity as a function of Cs concentration (c), and the univariate 

calibration curve and prediction results based on the Cs Lα1 spectral line(d). 

 

saturation of the emission intensity response. Therefore, it is 

difficult to accurately describe this nonlinear response relationship 

using a simple linear model.  

Based on the training set samples, a LIBS univariate 

exponential calibration curve was established, as shown in Fig. 

4(b). This exponential model, expressed as y = 0.20088 −

0.20202 × e−(x/17475.74335) , can well capture the physical 

behavior of rapid signal growth in the low-concentration range and 

gradual saturation in the high-concentration range. The coefficient 

of determination for this curve is R2 = 0.9327 , indicating an 

acceptable goodness of fit. However, the predictions for the Cs 

concentrations of the five independent testing samples are not 

satisfactory. The predicted values are 988, 1,665, 8,682, 22,840, 

and 30,045 ppm, with corresponding RE values of 66.33%, 

16.75%, 24.02%, 30.51%, and 0.06%, respectively. Although the 

exponential model aligns with physical expectations in terms of 

trend, the prediction errors still fluctuate significantly with 

concentration. Except for the extreme high-concentration point 

(S18), the errors of the remaining samples range between 16% and 

67%. The exceptionally accurate prediction for S18 (RE = 0.06%) 

stems from the fact that this concentration point happens to fall 

near the equilibrium point of the saturation region of the 

calibration curve, which is an accidental phenomenon rather than 

an inherent advantage of the model. Overall, the ARE of the LIBS 

univariate model on the testing set is 27.55%. Its quantitative 

reliability is insufficient, making it difficult to meet the 

requirements for the accurate determination of Cs concentration in 

kelp across a wide concentration range. 

Figure 4(c) illustrates the evolution relationship of the Cs Lα1 

characteristic peak intensity in the XRF spectra as a function of the 

Cs concentration. In the low concentration range (< 2,000 ppm), 

even though the presence of the Cs Lα1  (4.286 keV) 

characteristic peak can be identified from the raw spectra, the 

intensity of this peak does not show a corresponding gradient-

based enhancement within the range of 500–1,000 ppm despite the 

doubling of the concentration. Conversely, within the range of 

1,250–20,000 ppm, the intensity increases approximately linearly 

with the concentration. When the concentration exceeds 20,000 

ppm, the intensity growth slows down again and exhibits strong 

fluctuations, which is attributed to the aggravation of the 

absorption-enhancement effect at high concentrations. A XRF 

univariate linear calibration curve was established using the 

training set samples, as illustrated in Fig. 4(d). The coefficient of 

determination is R2 = 0.9856, indicating that the intensities in 

the training set has a generally good linear relationship with the 

concentrations. However, the prediction capability of this model 

for the testing set samples exhibits completely different 

characteristics. The RE values for S7, S11, S15, and S18 are 

15.90%, 11.75%, 10.23%, and 9.57%, respectively, showing a 

trend where the RE decreases as the concentration increases. 

Conversely, for the prediction of S2 (600 ppm), the predicted value 

is as high as 1,682 ppm with an RE of up to 180.33%, indicating 
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Fig. 5 Predicted values and their corresponding REs for the five 

independent testing samples under different modalities. 

an almost complete failure. This failure further leads to a very high 

ARE of 45.55% for the XRF univariate model across the entire 

testing set. This result indicates that under the current experimental 

conditions and analytical methods, the quantitative reliability of 

XRF at the trace end is severely insufficient. The effective 

prediction range of its linear model is limited to the medium-to-

high concentration (approximately above 2,000 ppm), which is far 

from covering the ultra-wide concentration range of 500–50,000 

ppm involved in this study. 

These results demonstrate that the univariate models of both 

techniques cannot provide reliable quantitative results across the 

entire concentration range. Therefore, it is highly necessary to 

introduce a multimodal fusion strategy to exploit their respective 

advantages and compensate for each other's shortcomings. 

Multivariate models for single- and dual-modal. Fig. 5(a)–(e) 

display the distribution of the predicted values for the five 

independent testing set samples by the five models, which are 

LIBS single-modality, XRF single-modality, DF, FF, and WFF. 

Fig. 5(f) summarizes the REs of the five models on these five 

testing samples. From the prediction performance of the single-

modality models, LIBS shows a clear advantage in low-to-

medium concentration samples. Its predicted values for S2 (600 

ppm), S7 (2,000 ppm), and S15 (17,500 ppm) are closer to the true 

values than those of XRF, with corresponding RE values of 

10.00%, 9.90%, and 0.50%, respectively. Notably, the error for 

S15 is controlled within 1%, though this appears to be an 

incidental high-precision prediction rather than a systematic 

advantage of the LIBS model. For S11 (7,000 ppm), both LIBS 

and XRF provide relatively accurate predictions, yielding RE 

values of 3.16% and 2.24%, respectively. However, when the 

concentration rises to 30,000 ppm (S18), the RE of LIBS climbs 

sharply to 19.71%, with a high predicted value of 35,914 ppm and 

an absolute error of 5,914 ppm. This indicates that the spectral 

saturation effect at high concentrations severely degrades the 

quantitative accuracy of LIBS. 

In contrast, the XRF single-modality model exhibits the 

opposite performance characteristics. The RE values on the low-

to-medium concentration samples S2 and S7 are as high as 23.50% 

and 22.05%, respectively, making the model almost unusable. 

However, as the concentration increases, the prediction accuracy 

improves progressively. The RE values for S11, S15, and S18 are 

2.24%, 6.46%, and 9.92%, respectively, showing error controls 

that are better than or close to the corresponding levels of LIBS. 

These results clearly reveal the respective “performance blind 

zones” of the two techniques, where LIBS is more reliable in the 

low-to-medium concentration range but faces a higher risk of 

failure at extreme high concentrations, while XRF is stable in the 

medium-to-high concentration range but nearly unusable at the 

low-concentration range. Additionally, it is worth noting that 

compared to the AREs of 27.55% for LIBS and 45.55% for XRF 

obtained from the univariate models in Section 3.1, the AREs of 

the two single-modality multivariate models decreased to 8.65% 

and 12.84% after CARS selection and multivariate modeling. This 

improvement demonstrates that feature selection and multivariate 

calibration themselves can significantly improve the quantitative 

performance of a single technique. Nevertheless, both techniques 

still have their own performance shortcomings across the entire 

concentration range, requiring further synergistic optimization 

through multimodal fusion.  

Among the three dual-modal fusion strategies, DF yields RE 

values of 13.50%, 12.45%, 3.01%, 3.66%, and 7.30% on each 

sample, respectively. Its errors on the low-concentration samples 

S2 and S7 fall between those of the two single-modality models, 

which is an improvement over XRF but inferior to LIBS. On the 

medium-to-high concentration samples S11, S15, and S18, its 

performance is better than or close to that of the single-modality 

models. This outcome indicates that simple data-level 

concatenation can neutralize the information of the two modalities 

to some extent but fails to fully exploit the synergistic gains.  

In comparison, FF demonstrates more balanced prediction 

performance across all samples, with RE values for the five 

samples at 12.33%, 1.10%, 3.44%, 5.47%, and 7.91%, 

respectively. Except for S2, all errors are controlled within 8%, and 

no extreme errors occur in any concentration interval. This result 

indicates that the feature-level equal-weight concatenation after 

CARS selection can effectively integrate the complementary 

information of the two modalities, suppressing accidental large 

deviations of the single-modality models. 

WFF achieves the optimal and most stable prediction results 

across all five samples, with RE values of 10.17%, 4.95%, 2.30%, 

4.39%, and 3.07%, respectively. Specifically, on the trace sample 

S2, WFF shows significant improvements compared to DF 
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(13.50%) and XRF (23.50%). On the high-concentration sample 

S18, the improvement over the LIBS single-modality model is 

particularly prominent, achieving a reduction of 84.4%. This 

outcome fully validates the effectiveness of the error-driven 

adaptive weighting fusion strategy at extreme concentration ports. 

It is worth noting that although the RE of WFF on S2 (10.17%) is 

slightly higher than that of the LIBS single-modality model 

(10.00%), it is substantially improved compared to XRF (23.50%) 

and DF (13.50%). This confirms that the adaptive weighting 

strategy effectively avoids the large deviations introduced by XRF 

at the low-concentration range due to insufficient detection limits 

by suppressing the weight allocation of XRF in the trace interval. 

Furthermore, S7 is the only test sample for which WFF yields a 

slightly higher RE than FF (4.95% vs. 1.10%). This can be 

attributed to the fact that interval I-2 represents a transitional zone 

where the dominant modality shifts from LIBS to XRF (see Fig. 

2). Within this transition region, the OOF-RMSE-based weights 

assigned to LIBS and XRF would be expected to be relatively 

close; however, the limited number of independent samples may 

cause the LIBS error to be slightly overestimated and the XRF 

error slightly underestimated, ultimately resulting in a weight 

allocation of only 36% for XRF in interval I-2. No similar 

phenomenon is observed in the other concentration intervals, 

further confirming the robustness of the weighting strategy; the 

local discrepancy at S7 should be regarded as a normal fluctuation 

arising from the limited sample size at the boundary of the 

transition zone. 

In terms of the ARE, the performance of the five strategies is 

8.65% for LIBS, 12.84% for XRF, 7.98% for DF, 6.05% for FF, 

and 4.98% for WFF, respectively. WFF achieves the optimal 

global balance across the entire concentration range, followed by 

FF and then DF, while the two single-modality models perform 

the worst. These results clearly show that combining both 

modalities enhances the predictive performance compared to 

using either single-modality model alone. However, the extent of 

this improvement highly depends on the fusion level and the 

method of weight allocation. Specifically, by utilizing the interval-

independent OOF error-driven weighting strategy, WFF achieves 

the optimal dynamic allocation of modal advantages within each 

concentration interval, thereby yielding the best comprehensive 

quantitative performance. 

Figure 6 compares the RSD values across the five multivariate 

models, based on 30 replicate predictions for the five testing set 

samples. From the RSD distribution of the single-modality models, 

LIBS yields RSD values of 11.35% and 16.42% on the low 

concentration samples S2 (600 ppm) and S7 (2,000 ppm), 

respectively. Meanwhile, XRF shows RSD values of 12.25% and 

19.20% on the corresponding samples. Both models exhibit 

relatively high RSD values in this range, reflecting the joint impact 

of weak signals and severe noise interference on repeatability at 

the low-concentration range. As the concentration increases, the RSD 

 

 

 

 

Fig. 6 RSD values for the five independent testing samples under different 

modalities. 

values of the two single-modality models exhibit a downward 

trend. The RSD values of LIBS for S11, S15, and S18 are 6.43%, 

6.06%, and 10.51%, respectively. In comparison, the 

corresponding values for XRF are 3.93%, 3.63%, and 3.41%. 

These data demonstrate that the stability of XRF is clearly superior 

to that of LIBS in the medium-to-high concentration range. These 

results indicate that the prediction stability of both single-modality 

techniques is significantly affected by the concentration interval. 

Specifically, both techniques are unreliable at the low-

concentration range, whereas XRF shows a clear advantage in the 

medium-to-high concentration range. 

The RSD performance of the DF modality exhibits a clear 

concentration-dependent behavior. On the low concentration 

samples S2 and S7, the RSD values of DF are 9.22% and 32.06%, 

respectively. Notably, the RSD of S7 sharply degrades to the 

highest value among all models. This outcome indicates that 

simple data-level concatenation not only fails to improve the 

stability of single-modality models at the low-concentration end, 

but instead introduces greater uncertainty. However, on the 

medium-to-high concentration samples S11, S15, and S18, the 

RSD values of DF decrease to 3.71%, 3.72%, and 1.89%, 

respectively. These values are better than the corresponding levels 

of both single-modality models, demonstrating a significant 

improvement effect of data-level fusion on repeatability in the 

high-concentration range. In contrast, both the FF modality and 

WFF modality demonstrate prediction stabilities superior to the 

two single-modality models across all samples. FF successfully 

controls the RSD values of the five samples at 10.39%, 17.70%, 

5.43%, 3.33%, and 2.75%, respectively. Although its performance 

on the low concentration samples S2 and S7 is slightly inferior to 

that of LIBS, it is better than or close to the single-modality levels 

on the medium-to-high concentration samples. This result 

indicates that feature-level equal-weight concatenation after 

CARS selection can effectively integrate the complementary 

information of the two modalities.  

WFF further enhances the improvement level of stability, 

especially showing outstanding performance on the low 

concentration samples. The RSD values for S2 and S7 drop to 
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10.21% and 11.74%, respectively. These represent significant 

improvements compared to the LIBS single-modality model 

(11.35% and 16.42%) and XRF (12.25% and 19.20%), with a 

reduction in the RSD of S7 reaching 28.5% to 38.9%. On the 

medium-to-high concentration samples, the RSD of WFF is 

maintained at a low level between 3.35% and 4.77%, which is 

comparable to FF and DF. The average RSD values of the five 

models across all testing sets are 10.15% for LIBS, 8.48% for XRF, 

10.12% for DF, 7.92% for FF, and 6.78% for WFF, respectively. 

WFF achieves the optimal performance, which is significantly lower 

than that of the best single-modality baseline of XRF (8.48%). 

Figure 7 summarizes the RMSEP and R2  indicators of each 

model on the testing set to evaluate the overall prediction accuracy 

and goodness of fit. As shown in the figure, the LIBS single-

modality model yields an RMSEP of 3,170 ppm and an R2  of 

0.9172, which are the worst among all models, reflecting the 

insufficient generalization ability of the LIBS single-modality 

model across the entire concentration range. In comparison, the 

XRF single-modality model significantly reduces the RMSEP to 

1,537 ppm and increases the R2  to 0.9805, indicating that the 

overall stability and prediction accuracy of XRF across the full 

spectrum range are superior to those of LIBS. 

All three multimodal fusion strategies further enhance the 

prediction performance. The RMSEP values for DF, FF, and WFF 

are 1,169 ppm, 1,248 ppm, and 803 ppm, respectively, with 

corresponding R2 values of 0.9887, 0.9872, and 0.9947. Visibly, 

WFF achieves the optimal RMSEP and the highest R2 among all 

models. Its RMSEP is reduced by approximately 47.8% compared 

to the best single-modality baseline of XRF (1,537 ppm) and by 

74.7% compared to the LIBS single-modality model, fully 

validating the significant advantages of the error-driven adaptive 

weighting fusion strategy in improving prediction accuracy and 

generalization ability. 

Feature selection and model interpretability analysis. To 

deeply understand the feature selection behavior of the CARS 

algorithm under different fusion strategies, and to reveal the 

spectroscopic roots of the performance differences among various 

models from a quantitative perspective, this section introduces the 

random forest Out-of-Bag (OOB) importance score mechanism. 

This mechanism is used to perform a visual comparative analysis 

of the selected feature points and their physical weight 

distributions for LIBS and XRF in the heterogeneous space. Fig. 

8(a)–(d) display the distribution of the feature points selected by 

the CARS engine from the joint LIBS+XRF space and the two 

single-modality spaces on the original high-dimensional spectra, 

as well as their OOB importance score responses in the regression 

decisions.  

In the DF modality, CARS selected a total of 1,452 feature 

points from the joint space of 51,290 dimensions, where the number 

 

 

 

 

 

 

 

Fig. 7 RMSEP and R2 values for the five different modalities. 

of LIBS features was only 568, representing a significant 

reduction. From the perspective of the OOB importance scores, 

most of these feature points yield extremely low scores close to 0 

and are largely distributed across the background noise baseline or 

weak signal regions. Only a very small number of feature points 

correspond to the characteristic emission lines of coexisting 

elements in the kelp matrix, such as C, Fe, Mn, Mg, Cu, Cr, Ca, V, 

and S. Among these, only a few spectral lines, such as Mg II 

280.27 nm, Fe II 390.98 nm, Ca II 393.36 & 396.84 nm, and Br I 

399.23 nm, exhibit sporadic and relatively high score responses. 

In contrast, the independent selection within the single-modality 

space retained 871 feature points for LIBS, which is a 53% 

increase (303 points) compared to the DF situation. These 303 

additional feature points not only cover the aforementioned 

spectral lines of coexisting elements, but also introduce new 

characteristic lines such as Fe II 251.44 nm, C I 247.85 nm, Cr II 

285.22 nm, Cu II 317.97 nm, Fe I 390.98 nm, and S II 423.09 nm, 

as well as the crucial target element line of Cs II 423.44 nm. More 

importantly, this feature points achieved comprehensively 

activated OOB importance scores in the random forest decisions, 

demonstrating that independent selection significantly 

outperforms joint selection in both dimensions of feature quantity 

and decision contribution. 

Additionally, during the joint selection, the number of selected 

feature points for XRF reached 884, which is approximately 1.6 

times that of LIBS. This directly confirms the “statistical partiality” 

effect of the CARS algorithm, which tilts toward the high signal-

to-noise ratio modality within the joint space. Although these 

feature points accurately cover the characteristic fluorescence 

peaks of Cs, including Lα1 (4.286 keV), Lβ1 (4.620 keV), and 

Lβ2  (4.944 keV), alongside the energy spectrum regions of 

coexisting trace elements such as Ce, Ni, Cu, Zn, Hg, and Pb, their 

OOB score distribution is highly dispersed. Only a small number 

of Cs spectral lines receive higher scores, while many variables are  
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Fig. 8 Distribution of the feature points selected by the CARS engine in the joint LIBS+XRF space and the two single-modality spaces, along with their 

corresponding OOB importance score maps. 

allocated to the continuous spectrum background and the 

Compton scattering plateau region, with scores generally lower 

than 0.05. This result indicates that the joint selection for XRF 

achieves an increase in variable numbers at the cost of introducing 

a massive amount of low-quality background redundancy. 

In sharp contrast, the independent selection in the single-

modality space retained only 221 XRF feature points, representing 

a sharp decrease of approximately 75%. Nevertheless, these 

feature points successfully lock into the three characteristic peaks 

of Cs as well as the characteristic fluorescence peak regions of 

coexisting elements, including Ce, Ni, Cu, W, Zn, Hg, Pb, Se, Br, 

Sr, and Mo. While retaining most of the key characteristic peaks 

found in DF, this method eliminates many low-quality variables 

derived from the continuous spectrum plateau region. As observed 

from the OOB score distribution in Fig. 8(d), the scores of the 

feature points from independent selection are more concentrated, 

and the variables within the key fluorescence peak regions receive 

higher decision weights. This achieves precise capture and 

quantitative enhancement of the critical physical information of XRF. 
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In summary, the differences in the prediction performance of the 

three multimodal strategies can be traced back to the physical 

evolution and weighting behavior of their underlying feature 

selection spaces. Due to the “statistical partiality” effect of CARS 

in the joint space, the variable selection of the DF modality traded 

quality degradation for quantity expansion. This effect 

systematically eliminated a large number of characteristic points 

of the target and coexisting elements in LIBS, and introduced the 

high-repeatability noise region of XRF at the low-concentration 

end, directly leading to large prediction errors for low 

concentration samples such as S7. 

Conversely, because FF and WFF adopted a parallel strategy of 

independent selection followed by fusion, they relied on the 

subtraction of the independently selected feature numbers to 

exchange for the addition of physical correlation and weight scores. 

This action not only accurately captured and quantitatively 

increased the scores of the stable XRF fluorescence peaks in the 

medium-to-high concentration range, but also quantitatively 

activated the spectral line information and unique criteria that are 

extremely sensitive to the low-concentration end on the LIBS side. 

Among them, by adopting a fixed-weight concatenation, the FF 

modality successfully integrated complementary features and 

effectively improved the prediction performance across the entire 

testing set. Furthermore, as the core module, the WFF strategy 

built upon the high-quality feature maps established by 

independent selection. It utilized the interval-independent OOF 

error-driven weighting strategy to dynamically shift the primary 

weight to the high-score, feature-rich LIBS feature set at the low-

concentration range (I-1 and I-2). At the medium-to-high 

concentration end of I-4 and I-5, it yielded the overwhelming 

weight up to 83% to the high-energy, precisely weighted XRF 

fluorescence features. The two modalities formed an excellent 

cross-scale dynamic complementarity at both levels of physical 

features and data weights. Consequently, within the ultra-wide 

concentration range of 500–50,000 ppm, WFF demonstrated 

global convergence accuracy and all-domain balanced prediction 

performance that were significantly superior to other modalities. 

CONCLUSION 

Aiming at the high-precision quantitative analysis of Cs in kelp 

over a wide concentration range, this study systematically 

compared the prediction performances of univariate, single-

modality, and various multimodal fusion strategies using LIBS 

and XRF spectral data, and proposed a concentration-sensitive 

WFF strategy. Based on the FF framework, this method relied on 

the independent single-modality prediction errors obtained from 

interval-independent 3-fold OOF cross-validation to drive the 

adaptive allocation of feature weights through a Softmax 

weighting function. Concurrently, an auxiliary interval 

discriminator was employed to achieve strict blind testing 

assignment of the testing samples. This empirically verified that 

the weighting mechanism can maintain training-to-deployment 

consistency under practical deployment conditions, thereby 

achieving precise and differentiated allocation of feature weights 

within each concentration interval. 

Independent blind testing set validation demonstrated that the 

univariate models, with an ARE of 27.55% for LIBS and 45.55% 

for XRF, were difficult to meet the quantitative requirements over 

a wide concentration range. After introducing CARS selection and 

random forest, the performances of the single-modality 

multivariate models improved significantly, with there ARE 

values dropping to 8.65% and 12.84%, respectively. However, 

LIBS and XRF still suffered from performance blind zones at the 

high-concentration end and the low-concentration end, 

respectively. Multimodal fusion effectively synergized the 

complementary advantages of both techniques. The RMSEP of 

WFF was 803 ppm (R2 = 0.9947), which was 47.8% lower than 

that of the XRF single-modality model (1,537 ppm), and its ARE 

(4.98%) also outperformed all comparison methods. At the 

extreme concentration ports, the RE of WFF on S2 (600 ppm) was 

10.17%, which was basically equivalent to that of the LIBS single-

modality model (10.00%) but substantially improved compared to 

XRF (23.50%) and DF (13.50%). On S18 (30,000 ppm), the RE 

of WFF was 3.07%, representing an 84.4% reduction compared to 

the LIBS single-modality model (19.71%), which verified the 

effectiveness of adaptive weighting under extreme conditions. 

Regarding stability, the average RSD of WFF was 6.78%, which 

was 20.0% lower than that of the XRF single-modality model 

(8.48%). Particularly for the low concentration sample S7, the 

RSD of WFF (11.74%) was significantly better than those of LIBS 

(16.42%) and XRF (19.20%), indicating that multimodal fusion 

combined with adaptive weighting can effectively suppress the 

random fluctuations of a single modality. 

Feature selection and OOB importance analysis revealed the 

roots of the performance differences among the three multimodal 

strategies from the perspective of physical weights. Independent 

selection retained the key physical features of both LIBS and XRF, 

which achieved comprehensively activated importance scores in 

the random forest decisions, providing a high-quality feature 

foundation for FF and WFF. Based on these features, FF achieved 

balanced prediction performance across the entire concentration 

range. WFF further utilized the OOF error-driven weighting 

mechanism to achieve the dynamic allocation of modal 

advantages, yielding the best performance. Conversely, for DF, 

the statistical partiality effect in the joint space led to a dual lack of 

key physical information and decision weights, resulting in the 

most severe performance degradation at the low-concentration 

end. This further confirmed the superiority of the parallel strategy 

of independent selection followed by fusion. 
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In summary, WFF outperformed the single-modality models as 

well as the commonly used data-level and feature-level fusion 

strategies in terms of overall prediction accuracy and stability, 

validating the effectiveness of the error-driven interval-

independent weighting mechanism in quantitative analysis over an 

ultra-wide concentration range. This study provides a 

methodological reference for the design and optimization of 

multimodal spectral fusion strategies for complex matrix samples. 
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