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Lignin is one of the most abundant biopolymers in lignocellulosic biomass, 
yet its efficient quantification remains a significant challenge for 
biorefineries due to the time-consuming nature and limitations of traditional 
wet-chemical analysis methods. This study aimed to develop a rapid and 
accurate approach for quantifying lignin concentration in alkali extracts of 
steam-exploded woody biomass by integrating UV-visible spectroscopy 
with machine learning algorithms as a practical complement to the 
conventional Klason lignin assay (modified ASTM D1106-56). UV-visible 
spectral data were collected and subjected to outlier removal using the 
Isolation Forest algorithm, followed by various preprocessing techniques 
and feature selection via the SelectKBest algorithm to optimize inputs for 
four regression models: Extra Trees, Random Forest, XGBoost, and 
Support Vector Regression. The combination of Baseline Correction and 
Standard Normal Variate (SNV) was the optimal preprocessing method, 
while the selection of the top 150 characteristic wavelengths effectively 
maximized information retention. Among the models evaluated, the Extra 
Trees (ET) regressor exhibited superior generalization capability and 
stability, achieving a test coefficient of determination (R2) of 0.803 and a 
Mean Absolute Percentage Error (MAPE) of 4.0%, significantly 
outperforming SVR and XGBoost, which suffered from overfitting and 
underfitting, respectively.  
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INTRODUCTION 
 

The increasing demand for fossil fuel resources and growing environmental 

concerns have driven significant interest in utilizing lignocellulosic biomass as a 

renewable source for value-added chemicals, fuels, and materials (Isikgor and Becer 

2015). Lignin, a natural phenolic polymer that constitutes 15 to 25% of the dry weight 

of lignocellulosic biomass, represents one of the most abundant biopolymers in the 

biosphere (Watkins et al. 2014). Despite being the most abundant aromatic compound 

in nature, lignin remains underutilized from a chemical perspective (Bourbiaux et al. 

2021; Weiland et al. 2021).  The accurate quantification of such biopolymers is 

therefore a critical prerequisite for their effective valorization, as demonstrated by 

recent advances in the characterization and functional application of other biomass-

derived biopolymers, including agarose-based antibacterial films developed from algal 

sources (Ahmad et al. 2025) 

Currently, substantial quantities of lignin are generated as byproducts in 
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various industries. The pulp and paper industry processes lignocellulosic biomass 

containing approximately 30% to 45% lignin, while the sugar industry handles biomass 

with 27 to 30% lignin content (Asim et al. 2020; Mateo et al. 2025). Similarly, 

biorefineries produce lignin as residual waste during the manufacture of value-added 

products, including furfural and ethanol (Qiao et al. 2022; Madadi et al. 2023). The 

pulp and paper industry alone generates 50 to 70 million tons of lignin annually, and 

the expansion of the biofuels industry is projected to contribute an additional 62 million 

tons per year (Tribot et al. 2019). Researchers estimate that global lignin production 

could reach 250 million tons by 2030, highlighting the critical need for effective lignin 

valorization strategies (Xu et al. 2019). 

Lignin is a complex three-dimensional biopolymer composed primarily of 

phenylpropane derivatives. Based on methoxy group substitution patterns, lignin can 

be categorized into three primary structural units: syringyl (S) units, guaiacyl (G) units, 

and p-hydroxyphenyl (H) units (Creteanu et al. 2024). The depolymerization of lignin 

through hydrodeoxygenation yields various monomeric compounds with significant 

economic value. These lignin-derived monomers include methoxylated phenols (such 

as guaiacol and syringol), phenolic aldehydes and acids (including vanillin and vanillic 

acid), and hydroxycinnamic acid derivatives (such as p-coumaric acid) (Martínková et 

al. 2023; Kumari and Vinu 2025).  

Lignin quantification methods can be broadly classified into direct and indirect 

approaches. Direct quantification methods, such as the Klason lignin method and the 

acid lithium bromide trihydrate (ALBTH) method, isolate and quantify lignin 

gravimetrically (Li et al. 2016; Lu et al. 2021). However, measuring the content of 

Klason lignin requires the use of highly concentrated acids (such as 72% sulfuric acid) 

and other chemical reagents, along with a lengthy process that typically requires 48 to 

72 hours to complete. Experimental data may also be subject to error, depending on the 

skill of the experimenter. 

To address these constraints, recent studies have actively applied machine 

learning (ML) to predict biomass composition, predominantly utilizing Near-Infrared 

or Fourier Transform Infrared spectroscopy on solid samples. While these solid-state 

methods are non-destructive, they often suffer from surface heterogeneity and light 

scattering, necessitating complex physical preprocessing. In contrast, indirect 

approaches using UV-visible spectroscopy on alkali extracts offer superior 

homogeneity and practicality. Although Lee et al. (2013) demonstrated the feasibility 

of using UV-visible spectroscopy for quantifying solubilized lignin, significant 

challenges exist due to spectral interference; for instance, lignin absorption bands 

overlap substantially with those of furfural, a degradation product of hemicellulose 

(Kline et al. 2010). Furthermore, hardwood biomass exhibits significant compositional 

variability depending on species and processing conditions, which directly affects the 

spectroscopic and chemical properties of the derived lignin fractions (Wijitkosum and 

Sriburi 2023). Consequently, univariate analyses used in previous studies were 

susceptible to these interferences. To mitigate such spectral interferences and physical 

variations, mathematical preprocessing techniques are indispensable. Methods such as 

baseline correction and Standard Normal Variate (SNV), are widely employed to 

effectively remove non-chemical signal variations caused by light scattering and 

instrumental drift (Yan 2025). Through enhancing spectral clarity and minimizing noise, 

these preprocessing steps play a crucial role in enabling advanced ML algorithms to 

robustly deconvolute interferences, thereby improving robustness and predictive 

accuracy (Bilak et al. 2025; Cui et al. 2025). Therefore, this study integrates UV-visible 

spectroscopy with advanced ML algorithms to achieve precise quantification. 

Machine learning (ML) approaches have recently emerged as powerful tools 
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for the quantitative analysis of complex materials (Chan et al. 2022). Unlike traditional 

chemometric methods, ML algorithms can effectively model non-linear relationships 

between spectral data and chemical properties (Ouyang et al. 2019). The versatility of 

these data-driven approaches has been demonstrated across diverse biomass analytical 

platforms; for instance, ML models integrating remote sensing data have been 

successfully applied to estimate aboveground biomass and carbon stocks in forest 

ecosystems (Pungpa et al. 2025). Among various algorithms, ensemble learning 

methods, such as Random Forest and Extra Trees, and gradient boosting techniques 

have demonstrated exceptional capability in handling high-dimensional spectroscopic 

data (Jafarzadeh et al. 2021). These models are particularly robust against noise and 

collinearity, which are common challenges in UV-visible spectral analysis of complex 

biomass hydrolysates (Yue et al. 2018). 

In this study, a rapid and accurate approach for quantifying lignin concentration 

in alkali extracts of steam-exploded woody biomass was developed by combining 

UV/visible spectroscopic analysis with spectral preprocessing and machine learning 

algorithms. UV/vis spectral data was collected to predict alkali-soluble lignin content. 

To enhance prediction accuracy while minimizing noise interference, spectral noise was 

reduced using preprocessing techniques (such as baseline correction and SNV), and 

characteristic wavelengths were identified using the SelectKBest algorithm. Finally, 

four regression models—Extra Trees (ET), Random Forest (RF), XGBoost, and 

Support Vector Regression (SVR)—were evaluated to determine the optimal method 

for predicting alkali-soluble lignin content. 

 
 
EXPERIMENTAL 
 

Materials 
For steam explosion, the oak and pine mixed samples were dried and stored at 

a particle size of approximately 2.5 cm (W) × 2.5 cm (L) × 0.5 cm (H). Then, 10 kg of 

biomass was placed in a 100-L batch reactor (Yulim Hightech, Daegu, Korea) and steam 

exploded at 225 °C for 1, 3, and 5 min. The steam exploded samples (SES) were 

refrigerated at 4 ℃ in zip-lock bags until analysis. 

 

Extraction Using an Alkaline Solution 
Lignin extraction was performed using 1% to 2% alkaline (NaOH, KOH) 

solutions, where 5 g of the steam explosion sample was placed in a conical flask with 

extraction solution (100 mL). The flasks were placed at room temperature, capped with 

aluminum and extracted for 12 h to 24 h. The extracted solution was filtered using grade 

2 Whatman filter paper. The filtration was used for UV-visible analysis, and the residual 

solids were used to determine the residual lignin content after alkaline extraction. 

 

Analysis of Alkali-soluble Lignin 
The quantitative analysis of alkali-extracted lignin was performed using a 

modified version of the ASTM D1106-56 (1979) standard method. Specifically, the 300 

mg sample used for hydrolysis refers to dried alkali-extracted solids or raw biomass. 

The amount of lignin solubilized during the alkali treatment was calculated by 

measuring the lignin content of both the raw biomass and the post-extraction residues. 

In this two-step method, 300 mg of lignin extracted in step 1 was reacted with 3 mL of 

72% H2SO4 solution at 30 °C for 1 h. In step 2, the H2SO4 solution was diluted to 12% 

using distilled water and autoclaved at 121 °C for 1 h. The hydrolyzed sample was 

cooled and filtered through Whatman filter paper (No. 1573). The samples were 
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thoroughly washed with hot distilled water until a neutral pH was reached and then 

dried at 105 °C to a constant weight. The total amount of lignin was calculated as acid-

insoluble lignin (Klason lignin). Ash correction was not included.  

The concentration of alkali-soluble lignin was determined based on the mass 

balance of acid-insoluble lignin before and after extraction. Specifically, the mass of 

lignin solubilized into the liquid phase was calculated by subtracting the mass of 

residual lignin in the solid residue from the total initial lignin mass in the raw biomass. 

The final concentration in mg/mL was obtained by dividing this solubilized mass by 

the volume of the extraction solvent, using Eq. 1, 

𝐴𝑙𝑘𝑎𝑙𝑖 − 𝑠𝑜𝑙𝑢𝑏𝑙𝑒𝑙𝑖𝑔𝑛𝑖𝑛(𝑚𝑔/𝑚𝐿) =
[(𝑊𝑟𝑎𝑤 × 𝐿𝑟𝑎𝑤) − (𝑊𝑟𝑒𝑠 × 𝐿𝑟𝑒𝑠)] × 10

𝑉
   (1) 

where 𝑊𝑟𝑎𝑤  and 𝑊𝑟𝑒𝑠  are the dry weights (g) of the raw biomass and the alkali-

extracted residue, respectively. 𝐿𝑟𝑎𝑤  and 𝐿𝑟𝑒𝑠  denote the acid-insoluble lignin 

content (%) of the raw biomass and the residue, determined by the Klason method. 𝑉 

is the volume of the alkaline solution used for extraction (mL). The factor 10 is used to 

convert the mass unit from grams to milligrams while accounting for the percentage. 

 

UV-Visible Analysis of Alkaline Extracts 

UV-visible absorbance spectra of the alkali lignin extracts were acquired using 

a microplate reader (SpectraMax 190, Molecular Devices, USA). Spectroscopic 

measurements were conducted in 96-well microplates with a sample volume of 200 μL 

per well. Spectra were recorded in the wavelength range of 200 to 800 nm with a 1 nm 

scanning interval. To correct for solvent absorption, fresh alkaline solutions 

corresponding to the extraction solvent (e.g., 1% or 2% NaOH) were used as blanks for 

baseline correction. This ensured that the obtained spectra represented only the 

solubilized lignin. Each of the 72 extract samples was scanned six times, resulting in a 

comprehensive dataset of 432 UV-visible spectra. Each replicate measurement involved 

an independent sample injection into the microplate well, which introduced minor but 

measurable variation in absorbance arising from pipetting differences, subtle 

concentration gradients, and instrumental baseline fluctuations between scans (Johnson 

et al. 2023; Udo et al. 2024). Therefore, the six replicate spectra obtained from the same 

extract were not strictly identical, reflecting realistic measurement variability inherent 

to the analytical procedure. 

 

Preprocessing of UV-Visible Spectra 

Prior to mathematical preprocessing, the Isolation Forest algorithm was 

employed to identify and remove spectral outliers from the training spectral matrix 

(Song et al. 2021). By setting the contamination parameter to 0.05, approximately 5% 

of the training spectra exhibiting anomalous profiles were identified and excluded. It 

should be noted that outlier detection was performed based solely on the multivariate 

spectral feature space, not on the reference lignin concentration values. Visual 

inspection of the removed spectrum revealed abnormal baseline fluctuations and 

sudden intensity spikes that did not match the overall spectral pattern (Fig. A1). The 

reference lignin concentrations of the removed samples were subsequently verified and 

confirmed to fall within the normal range of the dataset, indicating that the detected 

anomalies originated from spectroscopic measurement errors rather than meaningful 

chemical or process variability. Therefore, the removal of these outliers was necessary 

to improve model training accuracy and ensure data integrity. 

Following outlier removal, various preprocessing techniques were evaluated to 

enhance spectral features and minimize noise. These included derivatives, Standard 
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Normal Variate (SNV), and baseline correction (Grisanti et al. 2018; Li et al. 2020). 

The first and second derivatives were calculated using the Savitzky-Golay algorithm to 

resolve overlapping peaks and remove baseline offsets (Zimmermann and Kohler 2013). 

The SNV was applied to correct for light scattering effects by normalizing each 

spectrum to zero mean and unit variance. Baseline correction was performed using 

asymmetric least squares smoothing (parameter lambda = 105) to remove baseline drift 

while preserving chemical features.  

 

Spectral Feature Selection using SelectKBest 
Following spectral preprocessing, feature selection was performed using the 

SelectKBest algorithm from the scikit-learn package (Abraham et al. 2014) to identify 

the most informative wavelengths for predicting lignin content. SelectKBest ranks 

features (wavelengths) based on their correlation with the target variable (lignin content) 

using univariate statistical tests and retains only the top k features with the highest 

scores. The SelectKBest algorithm was selected for its distinct advantages in 

spectroscopic data analysis. It offers computational efficiency by evaluating each 

feature independently, making it particularly suitable for high-dimensional spectral 

datasets containing hundreds of wavelength variables. Second, it enhances robustness 

against overfitting by reducing model complexity through the elimination of redundant 

and irrelevant wavelengths. Third, SelectKBest facilitates model interpretability by 

identifying specific absorption bands that are most strongly associated with lignin 

content, thereby providing chemical insights into the chromophore structures 

responsible for UV-visible absorption. Feature selection was performed exclusively on 

the training set prior to the cross-validation process, ensuring that the test set data had 

no influence on the feature selection procedure. The selected feature subset was 

subsequently applied to the test set without refitting, thereby preventing any form of 

data leakage from the test set into the model development pipeline. 

Following Eq. 2, the F-regression score was employed as the scoring function, 

which measures the linear dependency between each wavelength variable and the lignin 

content via analysis of variance (Ayikpa et al. 2025),  

𝐹 =
𝑆𝑆𝑟𝑒𝑔𝑟𝑒𝑠𝑠𝑖𝑜𝑛/𝑑𝑓𝑟𝑒𝑔𝑟𝑒𝑠𝑠𝑖𝑜𝑛

𝑆𝑆𝑟𝑒𝑠𝑖𝑑𝑢𝑎𝑙/𝑑𝑓𝑟𝑒𝑠𝑖𝑑𝑢𝑎𝑙
      (2) 

where SS represents the sum of squares and df denotes the degrees of freedom. 

 

Development and Comparative Analysis of Machine Learning Models 
To predict the alkali-extracted lignin content from the preprocessed UV-visible 

spectra, four machine learning regression algorithms were evaluated: Extra Trees (ET), 

Random Forest (RF), Extreme Gradient Boosting (XGBoost), and Support Vector 

Regression (SVR). These algorithms represent diverse approaches for capturing the 

non-linear relationships between spectral features and lignin content. The Extra Trees 

algorithm is an ensemble learning method that constructs multiple decision trees using 

random node splitting criteria (Galelli and Castelletti 2013). Unlike Random Forest, it 

introduces additional randomness by selecting split thresholds randomly rather than 

optimizing them. This approach reduces variance and computational costs, with the 

final prediction obtained by averaging the predictions of all trees. Random Forest 

utilizes bootstrap aggregation (bagging) of decision trees trained on random subsets of 

samples and features (Lee et al. 2019)). This dual randomization strategy effectively 

mitigates overfitting while maintaining high predictive accuracy for the complex non-

linear relationships typical in spectroscopic data. XGBoost is an optimized gradient 

boosting framework that sequentially builds decision trees to correct the residual errors 
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of previous iterations (Bentéjac et al. 2019). It minimizes a regularized objective 

function that simultaneously considers a loss function and a regularization term to 

control model complexity. Support Vector Regression establishes a linear regression in 

a transformed space by mapping input features into a high-dimensional space using a 

kernel function (Xie et al. 2018). In this study, the Radial Basis Function (RBF) kernel 

was employed, as it is effective in capturing non-linear patterns in spectroscopic data 

by calculating the similarity between samples using kernel coefficients and Euclidean 

distance. 

 
Model Training and Evaluation 

The total dataset of 432 spectra was randomly partitioned into a training set 

(80%) and a test set (20%) using stratified sampling to ensure a representative 

distribution of the lignin content range in both subsets. Hyperparameter optimization 

for all models was performed via 5-fold cross-validation on the training set using 

RandomizedSearchCV, evaluating 100 random parameter combinations for each 

algorithm. Model performance was assessed using statistical metrics calculated for both 

the cross-validation and independent test sets. The coefficient of determination (R2) 

quantifies the proportion of variance in lignin content explained by the model, where a 

value closer to 1 indicates superior explanatory power, following Eq. 3, 

𝑅2 = 1 −
∑ (𝑦𝑖−𝑦̂𝑖)2𝑛

𝑖=1

∑ 𝑖=1𝑛(𝑦𝑖−𝑦̅)2        (3) 

The Mean Absolute Percentage Error (MAPE) evaluates relative prediction 

accuracy by expressing prediction errors as a percentage of the observed values, making 

it useful for assessing consistent model performance regardless of the absolute lignin 

content (Eq. 4), 

𝑀𝐴𝑃𝐸 =
1

𝑛
∑ |

𝑦𝑖−𝑦𝑖̂

𝑦𝑖
|𝑛

𝑖=1 × 100      (4) 

The Root Mean Square Error (RMSE) is the square root of the sum of the 

squares of the errors between the predicted and actual values. It can be used to assess 

the accuracy of a model by comparing the difference between the model’s predicted 

lignin content and the actual measured value (Eq. 5), 

𝑅𝑀𝑆𝐸 = √
1

𝑛
∑ (𝑦𝑖 − 𝑦̂𝑖)2𝑛

𝑖=1       (5) 

where 𝑦𝑖 and 𝑦̂𝑖 represent the observed and predicted lignin contents, respectively, 

𝑦̂𝑖 is the mean of the observed values, and n is the number of samples. The optimal 

model was selected based on the combination of the highest R2 and the lowest RMSE, 

MAE, and MAPE on the independent test set. All machine learning analyses were 

implemented in Python 3.8 using the scikit-learn (v1.0.2), XGBoost (v1.5.0), and 

NumPy (v1.21.2) libraries. 

 

 

RESULTS AND DISCUSSION 
 
Sample Partitioning Results and Descriptive Statistics 

A total of 432 spectral data samples were randomly partitioned into a training 

set (n = 345, 80%) and a test set (n = 87, 20%) using stratified sampling to ensure equal 

representation of lignin content distributions. Ash correction was not applied in this 

study. Previous studies have reported that the ash content of steam-exploded oak–pine 

mixed biomass is generally low (<2%) (Chandrasekaran et al. 2012; Wang et al. 2011). 
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Nevertheless, the absence of ash correction represents a minor limitation that may 

slightly overestimate Klason lignin values. 

As summarized in Table 1, the average lignin content was found to be 

approximately 0.33 mg/mL for both the training and test sets, with similar standard 

deviations of 0.054 and 0.048, respectively. Because the range of lignin content in the 

training set fully encompasses that of the test set, it confirms that the data splitting 

strategy was appropriate. This statistical similarity ensures that the training set serves 

as a reliable and representative basis for model development, minimizing potential bias 

during the learning process. 

 
Table 1. Basic Statistics of Lignin Content in the Training and Test Datasets 

 Lignin Content 

Basic statistics Train data Test data 

No. of samples 345 87 

Content range (mg/mL) 0.235 to 0.537 0.241 to 0.537 

Average (mg/mL) 0.3305 0.3328 

Standard deviation (mg/mL) 0.054 0.048 

 
Evaluation of Preprocessing Methods 

Prior to applying any mathematical preprocessing, the integrity of the raw 

spectral dataset was first ensured using the Isolation Forest algorithm. Through 

applying this unsupervised learning method with a contamination parameter of 0.05, 18 

data exhibiting anomalous spectral profiles were identified as outliers within the 

training set and were subsequently excluded. The refined dataset was then utilized for 

model training. Removing these outliers at the initial raw data stage is critical because 

extreme values caused by instrumental errors or sample heterogeneity can distort the 

global statistical parameters (such as mean and variance) used in subsequent 

normalization steps such as SNV. 

The visual impact of the preprocessing techniques on the spectral features is 

illustrated in Fig. 1. The raw spectra (Fig. 1A) exhibited significant baseline variations 

and scattering effects, which obscured the chemical information. However, the 

application of Baseline Correction followed by Standard Normal Variate (SNV) (Fig. 

1D) effectively aligned the spectra by correcting the baseline drift and normalizing the 

intensity variations. This transformation revealed distinct absorption features that were 

previously hidden by physical noise. 

To quantitatively validate these visual improvements, four different 

preprocessing methods were evaluated using the Extra Trees (ET) regressor (Table 2). 

The Baseline + SNV combination achieved the highest predictive accuracy with a test 

R2 of 0.74, outperforming the raw spectra (R2 = 0.73). More importantly, the stability 

of the model was confirmed by analyzing the performance gap between cross-validation 

(CV) and the independent test set. While the raw data model showed a notable 

discrepancy between CV and test scores, the Baseline + SNV method demonstrated a 

significantly narrower gap. This minimized difference indicates enhanced model 

generalization and robustness, ensuring that the model is not biased towards specific 

data subsets. Based on its superior accuracy and stability, the Baseline + SNV method 

was selected as the optimal preprocessing step for the subsequent feature selection. 
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Table 2. Comparison of Prediction Performance (R2 and MAPE) for Lignin 
Quantification Using the ET Model with Various Spectral Preprocessing 
Methods 

Pretreatment 
Methods 

Arity 
(K) 

Train 
Data 

Cross 
Validation 

Test 
Data 

MAPE R2 MAPE R2 MAPE R2 

RAW 601 0.77 0.98 6.15 0.54 4.75 0.73 

Bas* 601 0.71 0.98 6.48 0.48 6.89 0.55 

Bas+ 1st* 601 0.69 0.99 6.48 0.50 5.78 0.58 

Bas + 2nd* 601 0.59 0.99 7.08 0.55 6.59 0.60 

Bas + SNV* 601 0.68 0.99 6.01 0.66 5.60 0.74 

*Bas: baseline pretreatment 
*Bas + 1st: baseline + first derivative 
*Bas + 2st: baseline + second derivative 
*Bas + SNV: baseline + standard normal variate 
 

Previous studies have consistently demonstrated that mathematical 

preprocessing is essential for spectroscopic analysis of heterogeneous solid samples, 

such as lignocellulosic biomass, to mitigate physical interferences including light 

scattering and path length variations. Rinnan et al. (2009) highlighted in their 

comprehensive review that preprocessing techniques like SNV and baseline correction 

are critical for improving the predictive performance of multivariate calibration models. 

Specifically, Barnes et al. (1989), who introduced the SNV transformation, established 

that this method effectively removes the multiplicative interferences caused by particle 

size differences and scattering, thereby isolating the chemical absorption features. 

 

  
 
 

(B) (A) 
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Fig. 1. UV-visible absorption spectra of alkali-extracted lignin: (A) raw spectra, (B) baseline-
corrected spectra, (C) first derivative spectra, and (D) spectra with baseline correction and 
SNV 

 
Feature Selection using SelectKBest 

Following the optimization of the preprocessing method, feature selection was 

performed using the SelectKBest algorithm to identify the most informative 

wavelengths for lignin quantification. This step is crucial for reducing model 

complexity and eliminating redundant spectral variables that do not contribute to 

predictive accuracy. To determine the optimal feature subset, the ET model was trained 

with varying numbers of selected features (K), ranging from 50 to 300. Table 3 

summarizes the variations in model performance metrics (R2 and MAPE) 

corresponding to the number of features. 

The analysis revealed a distinct optimal point at K = 150, where the model 

achieved its highest predictive accuracy with a test R2 of 0.80 and the lowest MAPE of 

4.01%. As illustrated in Fig. 2(A), these selected wavelengths were primarily 

concentrated in specific regions of the UV-visible spectrum, likely corresponding to the 

characteristic absorption bands of lignin-derived compounds. The lignin component of 

wood is generally known to absorb UV light at short wavelengths in the range of 295 

to 400 nm. The selected wavelengths were confirmed to include the standard 

quantification wavelength range for alkali lignin (256 to 281 nm, centered at 280 nm), 

which has been reported to exhibit strong absorbance for alkali-solubilized lignin (Lee 

et al. 2013). The 200 to 230 nm wavelength region is presumed to be attributable to the 

n→π* transitions of phenolic groups, as the aromatic rings, methoxy groups, and 

conjugated double bonds characteristic of lignin structure have been reported to 

contribute to ultraviolet absorption in this region. Furthermore, the 320 to 400 nm 

wavelength region is suggested to be influenced by the abundant phenolic hydroxyl 

groups (-OH), methoxy groups, carbonyl groups, and other functional groups present 

in lignin (Duy et al. 2024). Wavelengths above 400 nm fall within the visible light 

region, where the dark brown coloration of lignin extracts is a characteristic feature. 

This coloration is primarily governed by selective absorption in the violet range (407 

to 423 nm) and the orange-to-red range (630 to 705 nm), which are considered to be 

among the key determinants of lignin color and are therefore presumed to contribute to 

the selected wavelength features (Cheng et al. 2013). As lignin is a complex molecular 

assembly possessing diverse functional groups and chromophores that exist in varying 

proportions depending on the extraction method and raw material, the precise 

(C) 

 

(D) 
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mechanisms governing its chromogenic properties have not yet been fully elucidated 

(Ajao et al. 2018). 

When fewer features (K = 50) were retained, the model performance dropped 

significantly (R2 = 0.76), indicating that essential spectral information required for 

accurate quantification was lost (underfitting). 

Conversely, increasing the number of features beyond 150 (e.g., K = 200, 250, 

or 300) resulted in a gradual decline in performance, with test R2 values decreasing to 

the 0.77 to 0.78 range and MAPE increasing to over 5%. This degradation suggests that 

including excessive wavelengths introduced irrelevant noise or collinear variables, 

which hindered the model’s generalization capability. Therefore, the top 150 

wavelengths were identified as the optimal feature set, effectively balancing 

information retention and noise reduction. This optimized subset was subsequently 

used for the final comparative analysis of machine learning models. 

These findings are consistent with previous studies on spectroscopic analysis 

of lignocellulosic biomass, which emphasize the importance of wavelength selection. 

For instance, Li et al. (2022) demonstrated that identifying and utilizing specific 

absorption bands related to lignin chromophores, rather than the entire spectral range, 

significantly enhances model interpretability and predictive accuracy. Through 

eliminating redundant variables that contribute to multicollinearity, feature selection 

mitigates the ‘curse of dimensionality’ and prevents the model from fitting to noise 

(Rajendran et al. 2022). Consequently, the observation that the K = 150 subset 

outperformed the full spectrum supports the conclusion that optimal feature selection 

is a critical step for developing robust machine learning models with high 

generalization capability (Fig. 2(B)).  

However, the prediction scatter observed in the test data plot of Fig. 2(B) may 

be partially attributable to the presence of pseudo-lignin generated during steam 

explosion pretreatment at 225°C for treatment durations of 1, 3, and 5 minutes, with 

pseudo-lignin formation expected to intensify with increasing treatment duration. As 

reported by Aarum et al. (2019), under the high temperature and pressure conditions of 

steam explosion, hemicellulose and cellulose undergo degradation, generating 

byproducts such as hydroxy-methyl-furfural (HMF) and furfural (FF). These species 

can subsequently undergo condensation reactions to form pseudo-lignin. As pseudo-

lignin is acid-insoluble, it co-precipitates with native lignin during Klason analysis, 

potentially leading to overestimation of the reference lignin values. Furthermore, the 

UV-vis absorbing chromophores of pseudo lignin overlap with those of native alkali-

soluble lignin, potentially introducing systematic spectral interference into the 

absorbance profiles of the alkali-extracted fractions (Bikova and Treimanis 2004). 

These characteristics are a contributing factor to the prediction variability observed in 

the current dataset, and represent an important limitation to be addressed in future 

studies. 
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Table 3. Variation in Predictive Performance (RMSE, MAPE and R2) of the ET 
Model According to the Number of Selected Spectral Features (K) 

Pretreatment 
Methods 

Arity 
(K) 

Train 
Data 

Cross 
Validation 

Test 
Data 

RMSE MAPE R2 RMSE MAPE R2 RMSE MAPE R2 

Bas + SNV 

50 0.006 1.121 0.981 0.026 5.47 0.684 0.024 5.14 0.761 

100 0.006 0.932 0.983 0.028 5.42 0.713 0.021 4.98 0.802 

150 0.005 0.803 0.991 0.026 5.31 0.758 0.021 5.03 0.803 

200 0.005 0.762 0.992 0.027 5.34 0.740 0.022 5.18 0.782 

250 0.005 0.735 0.991 0.028 5.63 0.702 0.023 5.38 0.771 

300 0.005 0.721 0.991 0.028 5.66 0.702 0.023 5.36 0.771 

 

  
 

Fig. 2. Visualization of (A) characteristic spectral features identified for lignin quantification 
using the F-regression score (K = 150) and (B) the corresponding prediction accuracy of the 
ET regressor for training, cross-validation, and test datasets 

 
Comparison of Machine Learning Models 

To identify the optimal regression strategy for lignin quantification, four 

distinct machine learning algorithms—Extra Trees (ET), Random Forest (RF), 

XGBoost (XGB), and Support Vector Regression (SVR)—were rigorously evaluated 

using the preprocessed spectral dataset (K=150, Baseline + SNV). To further 

investigate model-dependent preprocessing effects, the performance of all four models 

was compared between the Raw and Baseline + SNV preprocessed datasets (Table 4, 

Fig. 4). The results demonstrated that Baseline + SNV preprocessing consistently 

improved predictive performance across all models compared to Raw data, confirming 

that the selected spectral preprocessing approach is not specific to a single algorithm 

but provides universal performance enhancement regardless of the machine learning 

method employed. Among the models evaluated, the ET regressor exhibited the highest 

generalization capability under the Baseline + SNV condition, achieving a test R² of 

0.803, RMSE of 0.021 mg/mL, and MAPE of 5.01%. The performance improvement 

from Raw to Baseline + SNV was most pronounced for the ET model, where test R² 

increased from 0.754 to 0.803, indicating that the ET algorithm benefited most from 

the enhanced spectral quality provided by the combined preprocessing approach. 

Notably, the ET model also demonstrated strong consistency between cross-validation 

and test set performance under Baseline + SNV (CV R² = 0.757 vs. test R² = 0.803, CV 

(A) 

 

(B) 
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RMSE = 0.020 vs. test RMSE = 0.021 mg/mL), suggesting reliable generalization 

without significant overfitting. 

While the ET model demonstrated superior performance, it should be noted 

that the performance differences between models may partly reflect the hyperparameter 

search space rather than inherent algorithmic limitations alone. As detailed in Table A1 

(Appendix), hyperparameter optimization was conducted via RandomizedSearchCV 

across predefined search ranges for all four models. The optimal hyperparameters 

revealed distinct characteristics for each model: the ET model achieved the best 

generalization with max_depth of 12 and max_features of ‘sqrt’, while the RF model 

showed a relatively low optimal n_estimators of 67, suggesting that further ensemble 

diversity may not have been fully explored. The relatively shallow optimal max_depth 

of XGBoost (3) suggests that the model struggled to capture the complexity of the 

spectral data within the given search space, while the SVR's optimal C value (16.05) 

indicates moderate regularization strength.  

This finding corroborates previous chemometric studies reported by Geurts et 

al. (2006) and recent applications in biomass analysis, which suggest that extremely 

randomized trees offer superior resistance to noise and multicollinearity compared to 

standard bagging or boosting methods (Zhang et al. 2020; Wang et al. 2023). Notably, 

the predictive reliability achieved in this study outperformed many conventional solid-

state spectroscopic approaches. While previous studies utilizing FTIR or NIR 

spectroscopy often struggle with surface heterogeneity and light scattering (Zhang et al. 

2020), recent reviews emphasize that liquid-state analysis, when combined with 

appropriate baseline correction, offers superior homogeneity, thereby enhancing the 

robustness of machine learning predictions (Yan 2025). 

Furthermore, this study distinguishes itself by specifically targeting the alkali-

soluble lignin fraction derived from steam-exploded biomass. This fraction represents 

the high-value “technical lignin” directly available for downstream valorization (Mateo 

et al. 2025). Unlike prior UV-vis applications that relied on simple univariate regression 

and were susceptible to interference from degradation byproducts such as furfural 

(Kline et al. 2010), the current ML-integrated approach successfully deconvolved these 

spectral overlaps. The Random Forest (RF) model also displayed satisfactory predictive 

potential, ranking second with a test R² of 0.724 and MAPE of 6.023% under the 

Baseline + SNV condition. Conversely, the boosting and kernel-based algorithms failed 

to provide reliable predictions for this specific dataset. The XGBoost model exhibited 

signs of underfitting, characterized by a low training R² of 0.565 and poor test 

performance (R² = 0.417; MAPE = 8.874%), indicating an inability to adequately 

capture the complex non-linear dependencies present in the spectral data. Furthermore, 

the SVR model suffered from severe overfitting despite a respectable training accuracy 

(R² = 0.794), as its predictive power collapsed on the test set (R² = 0.437; MAPE = 

8.833%). This substantial gap between training and test performance implies that the 

SVR model likely memorized noise within the training data rather than learning the 

underlying chemical features. Consequently, the Extra Trees algorithm was established 

as the most robust and accurate tool for the rapid quantification of alkali-soluble lignin 

in this study. 

However, limitations exist in generalizing the model. The present model was 

developed exclusively on steam-exploded oak–pine mixed biomass, which restricts 

direct generalization to other feedstock types. Agricultural residues and pure hardwood 

or softwood species differ in lignin monomer composition and spectral characteristics 

and would therefore require dedicated training datasets. Future studies should explore 

transfer learning or domain adaptation strategies to extend the applicability of this 

framework to a broader range of biomass feedstocks. 
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Fig. 3. Performance comparison of four machine learning models (ET, RF, XGB, and SVR) 
trained with the top 150 spectral features. The metrics shown are R2 (A) and MAPE (B) for 
training, cross-validation, and testing datasets. 
 

  

(A) 

 

(B) 
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Table 4. Comparison of Prediction Performance (RMSE, MAPE, and R²) for 
Lignin Quantification across Four Machine Learning Models with and without 
Baseline + SNV Preprocessing 

Pretreat-
ment 

Methods 

Model Train 
Data 

Cross 
Validation 

Test 
Data 

RMS
E 

MAP
E 

R2 RMS
E 

MAP
E 

R2 RMS
E 

MAP
E 

R2 

RAW ET 0.002 4.224 0.998 0.031 4.860 0.631 0.024 4.132 0.754 

RF 0.014 5.115 0.926 0.036 5.652 0.505 0.029 5.318 0.646 

XGB 0.007 6.823 0.424 0.036 7.245 0.423 0.033 6.596 0.531 

SVR 0.014 6.148 0.923 0.032 5.456 0.692 0.033 6.753 0.515 

Bas + 
SNV 

ET 0.002 0.430 0.998 0.02 5.259 0.757 0.021 5.010 0.803 

RF 0.004 2.323 0.953 0.025 6.542 0.631 0.026 6.023 0.724 

XGB 0.028 7.832 0.565 0.038 9.323 0.352 0.033 8.874 0.417 

SVR 0.022 6.565 0.794 0.03 8.521 0.519 0.03 8.833 0.437 

 
In addition, it should be noted that the developed framework has been validated 

only at the laboratory scale, which represents an inherent limitation with respect to 

direct industrial deployment. Transitioning to an industrial scale would necessitate 

additional model training using data acquired from UV-vis sensors deployed under 

actual process conditions. Furthermore, various environmental variables encountered 

in industrial settings — including optical surface fouling, temperature fluctuations, and 

entrained particulates — may introduce spectral distortions not represented in the 

current calibration dataset, and therefore further model validation and recalibration 

under industrially relevant conditions will be required in future studies 

 
 
CONCLUSIONS 
 
1. This study successfully demonstrated the potential of combining UV-visible 

spectroscopy with machine learning algorithms to quantify alkali-soluble lignin in 

steam-exploded biomass. The proposed framework offers a rapid, non-destructive, 

and chemical-free alternative to traditional gravimetric analysis, addressing the 

time-consuming nature of wet-chemical methods. 

2. Effective data processing strategies were critical for model accuracy. The 

application of the Isolation Forest algorithm successfully identified and removed 

spectral outliers (approx. 5%) from the raw data. Subsequently, the combination of 

Baseline Correction and Standard Normal Variate (SNV) was identified as the 

optimal preprocessing method, significantly enhancing signal quality by mitigating 

light scattering and instrumental drift. 

3. The Extra Trees (ET) regressor, which was trained using the top 150 spectral 

features selected by the SelectKBest algorithm, demonstrated superior predictive 

performance, remarkable stability, and resistance to overfitting. This performance 

was superior to that of Random Forest, XGBoost, and SVR. Under the optimal 

baseline + SNV preprocessing condition, the ET model achieved a test R² of 0.803, 

an RMSE of 0.021 mg/mL, and a MAPE of 5.01%. There was strong concordance 

between the cross-validation and test set metrics (CV R² = 0.757 and CV RMSE = 

0.020 mg/mL), which confirms its consistent generalization capability. This level 

of precision is sufficient for real-time component monitoring in lab-scale processes. 
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4. However, the current MAPE of ~5% may not meet the more stringent accuracy 

thresholds required for commercial transactions or formal product grading. 

Therefore, independent external validation is recommended prior to such 

applications. To maintain long-term reliability across varying biomass feedstocks 

and processing conditions, periodic recalibration against the Klason lignin wet-

chemical reference method or equivalent ASTM-standardized procedures is also 

advised. 
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APPENDIX 
 

 

 
Fig. A1. Isolation Forest outlier detection results: (A) anomaly score distribution with decision 
boundary and (B) UV-visible spectra of identified outliers (n = 18) compared to the mean inlier 
spectrum 
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Table A1. Detailed Hyperparameter Search Space and Optimized Results for 
Machine Learning Models 

Model Hyperparameter Search Space / Type Optimized Value 

ET (Extra Trees) n_estimators [50, 300] (Integer) 143 

max_depth [5, 20] (Integer) 12 

min_samples_split [2, 10] (Integer) 3 

min_samples_leaf [1, 5] (Integer) 1 

max_features {sqrt, log2, None} sqrt' 

RF (Random 
Forest) 

n_estimators [50, 300] (Integer) 67 

max_depth [5, 20] (Integer) 13 

min_samples_split [2, 10] (Integer) 3 

min_samples_leaf [1, 5] (Integer) 1 

XGB (XGBoost) n_estimators [50, 300] (Integer) 195 

max_depth [3, 10] (Integer) 3 

learning_rate [0.01, 0.3] (Log-float) 0.11436 

subsample [0.5, 1.0] (Float) 0.64996 

colsample_bytree [0.5, 1.0] (Float) 0.68917 

SVR (Support 
Vector) 

C [0.1, 100] (Log-float) 16.05391 

gamma {scale, auto} auto' 

epsilon [0.001, 0.1] (Log-float) 0.00171 

kernel {rbf, linear, poly} rbf' 

 

 


