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Abstract

This research investigates the feasibility of classifying impurity levels in sugarcane leaf pellets. Samples were prepared by mixing
sugarcane leaves with varying proportions of sand. NIR spectroscopy combined with linear discriminant analysis (LDA) was employed
to categorize samples across discrete contamination tiers (5% to 25% sand content). Because an absolute 0% clean baseline was not
evaluated, the framework is interpreted strictly as a system for grading impurity severity levels. Experimental results revealed that
centering and 1% derivative preprocessing yielded the highest accuracy. These techniques effectively mitigated interference from light
scattering and baseline shifts, while enhancing specific spectral features related to biomass chemical constituents, such as cellulose,
lignin, and hemicellulose. The LDA model, optimized with preprocessing, achieved classification accuracy exceeding 97%, with
minimal errors observed in samples containing low to moderate sand content. However, accuracy slightly declined when sand content
exceeded 20% due to reflective interference from silica (SiO2). The findings confirm that selecting appropriate preprocessing methods
is a critical factor for model performance. These laboratory-scale results demonstrate the strong potential of the method, serving as a
foundational step toward developing future on-line monitoring pipelines for real-time soil contamination tracking.
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1. Introduction

Due to the upward trend in national energy consumption, Thailand has set a target to increase the proportion of renewable and
alternative energy to 30% of total energy consumption by 2037 [1]. Post-harvest sugarcane leaf residue has the potential to serve as
biomass fuel, capable of generating over 400 MW of electricity. Currently, sugarcane leaves are traded as fuel for biomass power
plants in the form of leaf rolls or bales, priced between 500 and 1,000 baht/T [2]. When considering the total value, this could generate
up to 23 billion baht in income for sugarcane farmers and the sugar industry from over 10 million tons of leaf residue [3]. However,
the sale of baled sugarcane leaves is currently limited to large-scale farmers, accounting for only 40% of the total area where sugarcane
burning is avoided. In contrast, 60% of small-scale farmers still engage in sugarcane burning. If this portion of leaf residue could be
utilized, it would significantly increase value-added opportunities and expand the production capacity of biomass fuel from agricultural
waste.

Collecting sugarcane leaves in the form of rolls or large bales poses significant logistical and management challenges. A 10-wheel
truck can carry only 10 tons, accommodating merely 15-20 bales depending on their size. Furthermore, transporting sugarcane leaves
beyond a 3 0-km radius from the purchasing plant is not cost-effective for farmers. Increasing the density of sugarcane leaves by
processing them into pellets can optimize storage space. Additionally, the purchase price for sugarcane leaf pellets at power plants can
rise to 3,000-3,500 baht/T [4], while also reducing the risk of spontaneous combustion.

However, the production of pellets faces challenges regarding impurities, particularly the contamination of soil and sand within the
sugarcane leaf compacts. The presence of such contaminants in pellets adversely affects the combustion system and the thermal energy
output. Currently, near infrared (NIR) spectroscopy technology is employed for the precise, real-time inspection and quality assessment
of biomass pellets in agricultural production. This method can be performed using both contact and non-contact techniques, such as
predicting moisture content and temperature of biomass pellets [5], evaluating the pyrolysis degradation characteristics of ground and
pelletized bamboo [6], and assessing proximate data including moisture, ash, volatile matter, fixed carbon, and lignocellulose content
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(cellulose, hemicellulose, and lignin) of corn cobs [7]. Moreover, NIR has been used to predict moisture, heating value, ash content,
and carbon in energy crops like Miscanthus and Short Rotational Coppice Willow (SRCW) [8], as well as determining the moisture,
carbon, ash content, and gross calorific value (GCV) of biomass pellets [9]. This technology has been proven to be a rapid and accurate
predictive method, enabling effective product quality control and improvement [10].

Therefore, this research aims to evaluate the amount of sand contamination in sugarcane leaf pellets using NIR data combined with
machine learning algorithms.

2. Materials and methods
2.1 Sample Preparation

The sugarcane leaves were shredded into small pieces with a maximum length of 5 cm. These shredded leaves were then used to
produce pellets, categorized into 16 sample groups. The sand used as an impurity agent was standard river sand that was thoroughly
washed, oven-dried at 105°C for 24 h to eliminate moisture variables and sieved to isolate a controlled particle size range of 0.25-0.50
mm. Maintaining a consistent sand grade and particle size is critical, as grain morphology directly influences diffuse reflectance
boundaries and silica-induced light-scattering behavior under NIR inspection. The percentage of impurities (sand) was varied among
the groups as detailed in Table 1, specifically at levels of 5%, 10%, 15%, 20%, and 25% by weight. The sand and shredded leaves were
thoroughly mixed before being compressed into cylindrical pellets, each with a diameter of 5 cm and a height of 5 cm. A total of 16
samples were produced, representing different impurity levels, as illustrated in Figure 1.

Table 1 Percentage of impurities in sugarcane leaf pellet samples

Sample  Sand weight (g) Sugarcane leaf weight (g) Total weight (g) Contaminate (%0)
1 25 50 52.5 5
2 25 50 52.5 5
3 2.5 50 52.5 5
4 25 50 52.5 5
5 5.0 50 55 10
6 5.0 50 55 10
7 5.0 50 55 10
8 7.5 50 57.5 15
9 7.5 50 57.5 15
10 7.5 50 57.5 15
11 10.0 50 60 20
12 10.0 50 60 20
13 10.0 50 60 20
14 125 50 62.5 25
15 12.5 50 62.5 25
16 125 50 62.5 25

Figure 1 Sugarcane leaf pellet samples with varying levels of impurities (sand)
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2.2 Spectral Acquisition

The samples were scanned using a NIR spectrometer across the wavelength range of 860-1760 nm (AvaSpec-NIR256/512-1.7-
EVO, Avantes BV, Apeldoorn, Netherlands). Spectral data were collected using a fiber optic probe and an integrating sphere. To
account for surface variations and non-homogeneous sand distribution within the matrix, multiple optical measurements were taken
per sample. Specifically, for each individual physical pellet, 30 separate NIR spectral scans were acquired. Between each sequential
scan, the fiber-optic probe was lifted, the sample was rotated, and the probe was repositioned at a different point on the sample surface,
producing a total of 480 raw spectra for the entire dataset. Between each sequential scan, the fiber-optic probe was lifted, the sample
was rotated, and the probe was repositioned at a different point on the surface. This scanning procedure, illustrated in Figure 2. This
was implemented to capture localized sample heterogeneity and provide a robust, averaged spectral profile for each physical sample.
Crucially, these repeated scans were treated as correlated measurements rather than independent observations during model training
and validation; grouping the spectral data by physical sample ID ensured that no individual sample scans spanned both the calibration
and prediction sets simultaneously, thereby preventing optimistic model bias.

Figure 2 Spectral measurement setup using a fiber optic probe coupled with an integrating sphere
2.3 Classification Model Development

The classification models were developed using the LDA algorithm. LDA is a supervised machine learning and statistical technique

designed to find a linear combination of independent variables that best separates two or more classes of objects.
The dataset was partitioned into a training set and a test set using a 70:30 ratio. To optimize model performance, various spectral pre-
processing techniques were evaluated as experimental factors including Raw spectra, mean centering, Min-Max normalization,
multiplicative scatter correction (MSC), 1%t derivative (Savitzky-Golay), 2" derivative (Savitzky-Golay), standard normal variate
(SNV), Scaling (Auto-scaling) and baseline offset correction, respectively.

Then, each pre-processing technique was applied to the spectral data before training the LDA models. For the first and second
derivative transformations were executed using the Savitzky—Golay algorithm. To optimize the signal-to-noise ratio and prevent the
inflation of high-frequency noise, the derivative parameters were strictly controlled with a moving window size of 15 points and a
polynomial order of 2. The performance of each model was then compared based on classification accuracy to identify the most
effective pre-treatment for detecting impurities in sugarcane leaf pellets.

2.4 Model Performance Evaluation

Note that the 5% sand contamination class contains 40 spectra while the other classes contain 30 spectra each. While this introduces
a minor class imbalance, its mathematical weight on the macro-averaged performance metrics was found to be negligible; nonetheless,
it is considered during per-class metric interpretation.

The dataset was partitioned using a strict sample-level split, assigning 11 physical pellets to the calibration set and 5 physical pellets

to the independent test set. While 5 test pellets originally generated 150 spectral (5 x 30 scans), 4 spectral scans were identified as
outliers during preprocessing and were removed, resulting in a final verified test set of 146 spectra, respectively.
A confusion matrix was employed as a tool to evaluate the accuracy of the classification models. It displays the number of correctly
and incorrectly classified samples for each category, providing a detailed overview of the model's overall performance, as presented in
Table 2. To evaluate model performance for the multi-class classification problem, classification performance metrics including true
positive (TP), false positive (FP), false negative (FN), and true negative (TN) were calculated using a one-vs-rest macro-averaging
approach. For any specific target class I, TP represents the number of spectra correctly classified into class I; FP represents the number
of out-of-class spectra incorrectly assigned to class I; FN denotes the number of class | spectra incorrectly assigned to other categories;
and TN represents the correct rejection of all non-class-1 spectra, respectively. Once the TP, FP, FN, and TN values were obtained
from each model, they are utilized to derive performance indicators shown in Table 3.
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Table 2 Confusion matrix of the classification model

Predicted Positive Predicted Negative
Actual Positive True Positive (TP) False Negative (FN)
Actual Negative False Positive (FP) True Negative (TN)

Table 3 Performance metrics of the classification models

Metric Formula Description
Accuracy (TP +TN) /(TP + TN + FP + FN) The percentage of total samples correctly classified
by the model.
Precision TP /(TP +FP) The proportion of samples predicted as a specific
class that were actually correct.
Recall/ TP /(TP +FN) The proportion of actual positive samples that the
Sensitivity model correctly identified.
Specificity TN/ (TN + FP) The model's ability to correctly identify and exclude

samples from other classes.
Fl-score 2 x (Precision x Recall) / (Precision + Recall) The harmonic mean of Precision and Recall,
providing a balanced measure of performance.

3. Results and discussion
3.1 Spectra of sugarcane leaf pellets

Figure 3 illustrates the raw spectra of sugarcane leaf pellets with varying sand content ratios. It was observed that the spectra exhibit
high variability across the wavelength range. A prominent absorption peak is evident at 1450 nm, which corresponds to the H.0
molecular vibrations. Figure 4 displays the spectra processed using different pre-treatment methods including (a) raw spectra, (b) mean
centering, (c) min-max normalization, (d) MSC, (e) 1% derivative, (f) SNV, (g) scaling, and (h) baseline offset, respectively. Each
spectral pre-processing technique aims to reduce the physical effects caused by variations in particle size. The results of these
transformations, as shown in Figure 4, indicate that the pre-treatments significantly influence the spectral baseline and peak resolution.
Notably, the derivative method effectively enhances hidden absorption peaks and mitigates the light-scattering interference.
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Figure 3 Raw spectra and standard deviation (SD) across the wavelength range of sugarcane leaf pellets.
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Figure 4 Spectral data of sugarcane leaf pellets processed with various pre-treatment methods including (a) raw spectra, (b) mean
centering, (c) min-max normalization, (d) MSC, (e) 1% derivative, (f) SNV), (g) scaling, and (h) baseline offset

3.2 Modeling Results

The classification performance of the linear discriminant analysis (LDA) models varied depending on the pre-processing methods
employed. Table 4 displayed the mean centering and scaling treatments that gave the best results, achieving a maximum Accuracy of
0.99 and an average F1-score exceeding 0.96 across various sand-mixture ratios.

The first and second derivatives provided the next best performance, with accuracy ranging from 0.95 t0 0.97 and average F1-
scores between 0.91 and 0.95. Meanwhile, MSC and SNV successfully mitigated light-scattering effects, their overall efficiency was
slightly lower, with average Accuracies between 0.90 and 0.96. Meanwhile, Min-Max normalization and baseline offset showed
moderate classification performance, with accuracy approximately between 0.89 and 0.94.



Agricultural and Biological Engineering 2026;3(3) 67

Table 4 Classification results of trash content percentages using the LDA algorithm

Pretreatment Groups N TP FN FP TN Recall Precision  Accuracy Fl-score

5 146 39 2 1 104 0.95 0.98 0.98 0.96

10 146 21 1 2 122 0.95 0.91 0.98 0.93

Raw spectra 15 146 21 3 5 117 0.88 0.81 0.95 0.84

20 146 23 6 6 111 0.79 0.79 0.92 0.79

25 146 27 3 1 115 0.90 0.96 0.97 0.93

5 146 39 2 0 105 0.95 1.00 0.99 0.98

10 146 22 0 2 122 1.00 0.92 0.99 0.96

Centering 15 146 21 3 5 117 0.88 0.81 0.95 0.84

20 146 23 6 6 111 0.79 0.79 0.92 0.79

25 146 27 3 1 115 0.90 0.96 0.97 0.93

5 146 37 4 2 103 0.90 0.95 0.96 0.93

. 10 146 20 2 4 120 0.91 0.83 0.96 0.87

Min_max 15 146 20 4 7 115 0.83 0.74 0.92 0.78
normalization . . . .

20 146 20 9 7 110 0.69 0.74 0.89 0.71

25 146 27 3 2 114 0.90 0.93 0.97 0.92

5 146 37 4 1 104 0.90 0.97 0.97 0.94

10 146 21 1 4 120 0.95 0.84 0.97 0.89

MSC 15 146 20 4 7 115 0.83 0.74 0.92 0.78

20 146 22 7 8 109 0.76 0.73 0.90 0.75

25 146 25 5 1 115 0.83 0.96 0.96 0.89

5 146 38 3 1 104 0.93 0.97 0.97 0.95

10 146 21 1 3 121 0.95 0.88 0.97 0.91

1st derivative 15 146 20 4 3 119 0.83 0.87 0.95 0.85

20 146 25 4 7 110 0.86 0.78 0.92 0.82

25 146 27 3 1 115 0.90 0.96 0.97 0.93

5 146 39 2 2 103 0.95 0.95 0.97 0.95

10 146 20 2 2 122 0.91 0.91 0.97 0.91

2nd derivative 15 146 20 4 5 117 0.83 0.80 0.94 0.82

20 146 24 5 8 109 0.83 0.75 0.91 0.79

25 146 26 4 0 116 0.87 1.00 0.97 0.93

5 146 35 6 1 104 0.85 0.97 0.95 0.91

10 146 21 1 6 118 0.95 0.78 0.95 0.86

SNV 15 146 21 3 7 115 0.88 0.75 0.93 0.81

20 146 23 6 7 110 0.79 0.77 0.91 0.78

25 146 25 5 0 116 0.83 1.00 0.97 0.91

5 146 39 2 0 105 0.95 1.00 0.99 0.98

10 146 22 0 2 122 1.00 0.92 0.99 0.96

Scaling 15 146 21 3 5 117 0.88 0.81 0.95 0.84

20 146 23 6 6 111 0.79 0.79 0.92 0.79

25 146 27 3 1 115 0.90 0.96 0.97 0.93

Based on the confusion matrices as shown in Figure 5, the models utilizing mean centering and 1st derivative pre-treatments
exhibited the lowest classification errors, characterized by minimal FP and FN values. This demonstrates the models' robust ability to
clearly distinguish between sugarcane leaf groups with different sand-mixture ratios. In contrast, models using raw spectra or min-max
normalization showed higher rates of misclassification.

Figure 6 displayes LDA scatter plots of components 1 and 2 further support these findings. A distinct separation between data
clusters was observed in the cases of mean centering, scaling, and 1st derivative pre-treatments. Conversely, the raw spectra plot reveals
significant overlapping among some sample groups. The distribution of classification scores illustrated in Figure 6 highlights a distinct
structural clustering split between the lower contamination levels (5% and 10%) and the higher contamination levels (15%, 20%, and
25%) along the first linear discriminant axis (LD1). Additionally, the secondary axis (LD2) exhibits a non-monotonic progression
relative to the nominal sand content increments. Because environmental variables, sample drying, and compaction pressure were kept
uniform across all groups during preparation, this phenomenon is not indicative of random batch anomalies, moisture gradients, or
repeated-scan artifacts.

Furthermore, because the sugarcane leaf biomass is inherently hygroscopic and was not oven-dried like the sand, minor variations
in moisture content—indicated by the dominant O-H absorption band around 1450 nm—cannot be entirely ruled out as a contributing
factor to the separation shown in Figure 6. Therefore, the observed transition is best framed as a proposed mechanism driven by both
physical structure and potential moisture gradients.

This behavior reveals a distinct shift in the optical and structural matrix properties within the leaf pellets. At lower contamination
levels (<10%), the incident NIR light penetrates a matrix primarily composed of organic sugarcane fibers, allowing the functional
chemical overtones of cellulose, hemicellulose, and lignin to dictate the spectral profile. However, once the sand content matches or
exceeds 15%, the concentration of inorganic silica (SiO2) particles reaches a prominent loading on the pellet's outer surface.

The transition observed at approximately 15% sand contamination is interpreted as a shift in the optical properties of the pellet
matrix. At higher contamination levels, the presence of inorganic silica increasingly alters the NIR response, shifting it from
predominantly organic chemical absorption toward enhanced light scattering and specular reflection [11-12]. Rather than a strict
physical threshold, this 15% boundary serves as an interpretation of the matrix behavior under high inorganic loading.
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Figure 5 Confusion matrices of the LDA models developed using different spectral pre-treatments: (a) raw spectra, (b) mean centering,
(c) min-max normalization, (d) MSC, (e) 1st derivative, (f) SNV, (g) scaling, and (h) baseline offset

This physical shift transitions the interaction from diffuse organic absorption to dominant scattering and specular surface reflection.
LD1 successfully maps this fundamental change in optical behavior, separating the organic-dominant and inorganic-dominant regimes,
while the non-monotonic path of LD2 captures the irregular, transitional surface textures and micro-density variations that occur when
high ratios of sand grains compress alongside raw biomass fibers.

As the sand content ratio in the samples increased from 5% to 25%, a downward trend in the model's accuracy was observed.
Specifically, in samples with a sand ratio exceeding 20%, the accuracy decreased to approximately 0.90-0.92. This decline may be
attributed to the spectral interference from the sand, which potentially masked the key spectral features of the biomass.

Therefore, spectral pre-processing significantly impacts the performance of LDA models in classifying sugarcane leaf pellets with
varying sand contents. The mean centering and 1t derivative methods provided the highest accuracy and the clearest separation between
sample groups. These results demonstrate the high potential of NIR spectroscopy combined with LDA as a rapid, non-destructive tool
for biomass fuel quality analysis.

The experimental results demonstrate that spectral pre-processing techniques significantly influence the classification performance
of LDA for sugarcane leaf pellets with varying sand-mixture ratios. This was consistent with the fundamental principles of NIR
spectroscopy, where analytical accuracy heavily depends on the mitigation of interference, such as light scattering and baseline shifts
caused by variations in sample surface texture or density. In this study, mean centering and 1% derivative pre-treatments provided
superior results by effectively eliminating noise and highlighting spectral features correlated with the chemical composition of the
leaves. Specifically, the signal around 1450 nm, associated with the O—H bonds of water, played a crucial role in distinguishing between
groups. The application of derivatives enhanced the resolution of peaks related to cellulose, lignin, and hemicellulose, which were the
primary structural components of biomass. The LDA classification achieved accuracy exceeding 97%, indicating that appropriate pre-
processing significantly improves the model's ability to differentiate samples, particularly at low-to-moderate sand ratios where
biomass signals remain dominant. However, when the sand content exceeded 2 0%, a slight decrease in accuracy was observed. This
decline is likely due to the high scattering interference from silica (SiO2) particles, which partially masked the spectral characteristics
of the sugarcane leaves.
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Figure 6 Scatter plot between LDA component 1 and 2 for a) Raw spectra, b) centering spectra, ¢) min_max normalization, d) MSC
spectra, €) 1%t derivative, f) SNV spectra, g) Scaling spectra and h) baseline offset
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The high classification accuracy (97%) achieved by the LDA model combined with Mean Centering and first derivative
preprocessing underscores the capability of NIR spectroscopy to discern complex, heterogenous agricultural matrices. Rather than
merely isolating absolute intensity variations, the combination of Centering and the First Derivative effectively removes physical light-
scattering baselines caused by differences in pellet surface textures and density irregularities. This alignment allows the model to
capture subtle shifts in the absorption bands associated with primary biomass constituents. As established by Feng et al. [5] in their
work on two-dimensional near-infrared spectroscopic imaging for biofuel pellets, baseline scattering shifts often obscure critical
chemical data. By mitigating these interferences, our model successfully amplified the sharp vibrational overtones of functional groups
in sugarcane fibers, such as the C-H overtones of cellulose and lignin and the O-H bands at 1450 nm, which are highly sensitive to
matrix changes. This aligns with the findings of Xue et al. [7], who noted that precise mathematical preprocessing is mandatory when
isolating organic proximates in corn stover due to high overlapping signals. Furthermore, the drop in model precision observed when
sand levels exceeded 20% can be interpreted through physical and optical scattering phenomena rather than simple experimental error.
Sand, primarily consisting of silica (SiOz2), lacks defined, sharp absorption bands in the 860-1760 nm region but introduces heavy
specular reflection and diffuse scattering. When the sand content surpasses a 20% threshold, the high concentration of inorganic
particles physically dominates the sample surface. This presence shortens or severely alters the optical path length of the incident NIR
light hitting the actual organic sugarcane fibers. Consequently, the signal-to-noise ratio of the essential organic overtones deteriorates,
leading to the observed misclassifications in high-impurity boundaries. This threshold effect expands upon the characterization models
proposed by Posom et al. [6], demonstrating that while NIR spectroscopy is exceptionally robust for predicting native organic properties
and pyrolysis characteristics, an overwhelming inorganic phase introduces mechanical path-length limitations that must be accounted
for in industrial, online monitoring pipelines.

The confusion matrix analysis confirmed this trend, showing that mean centering and 1 derivative models had the lowest
misclassification rates, whereas raw spectra and Min-Max normalization exhibited higher error rates. Furthermore, the LDA scatter
plots revealed distinct cluster separation under optimal pre-processing, reflecting the model's efficacy in extracting discriminant
features from the spectral data. Technically, LDA was well-suited for datasets with relatively linear distributions, as it effectively
establishes linear decision boundaries between classes. Nevertheless, to enhance accuracy in highly complex scenarios such as extreme
sand concentrations or significant moisture fluctuations advanced machine learning techniques such as support vector machines (SVM),
partial least squares discriminant analysis (PLS-DA), or artificial neural networks (ANN) should be considered for their superior ability
to capture non-linear relationships. In terms of practical application, these findings highlight the potential of NIR spectroscopy
combined with LDA as a rapid and non-destructive tool for monitoring impurities in biomass. This technology could be implemented
in biomass fuel production facilities to screen raw materials for contaminants, such as sand, before the combustion process. Such
screening helps reduce machinery wear and ensures consistent product quality. Additionally, the system could be integrated into
production lines for on-line, real-time quality control, reducing both the time and costs associated with traditional chemical analysis.
Future developments, including expanding the dataset, optimizing wavelength ranges, or employing more flexible machine learning
algorithms, will further enhance precision and broaden the industrial scope of NIR analytical systems for the sustainable biomass
energy sector.

4, Conclusions

This research successfully demonstrates the feasibility of using NIR spectroscopy combined with LDA to classify sand
contamination levels in sugarcane leaf pellets. The study concludes that the performance of the classification model is highly dependent
on the choice of spectral pre-processing. Specifically, Mean Centering and 1st Derivative techniques proved to be the most effective,
as they significantly reduced light-scattering interference and baseline shifts while enhancing the spectral signatures of biomass
constituents such as cellulose, lignin, and hemicellulose. The optimized LDA model achieved a remarkable classification accuracy of
over 97%. Although the model performed exceptionally well across most levels, a slight decline in accuracy was noted when sand
content exceeded 20%, primarily due to the reflective interference of silica (SiO2). Despite this limitation at high contamination levels,
the overall results confirm that NIR spectroscopy is a robust, rapid, and non-destructive method for impurity screening. In a practical
context, this technology offers a high viability for on-line monitoring systems within the biomass energy industry. By implementing
this approach, processing plants can effectively screen raw materials for sand and other contaminants before combustion, thereby
preventing machinery wear, reducing maintenance costs, and ensuring consistent fuel quality. This study demonstrates the feasibility
of utilizing NIR spectroscopy combined with LDA to classify discrete sand contamination levels in sugarcane leaf pellets at a laboratory
scale. This non-destructive framework provides a vital benchmark for developing future automated industrial quality control systems.

5. Limitations

Although the combination of Mean Centering, First Derivative preprocessing, and LDA demonstrated high classification
performance, several limitations of this study must be addressed. First, while a high volume of NIR spectra was captured, the model
relied on a relatively small number of distinct physical pellets, which increases the risk of overfitting to the specific material profiles
processed. Second, because the samples were prepared and evaluated under strictly controlled laboratory conditions, they do not
account for external variables typical of raw industrial processing, such as ambient humidity fluctuations, variable moisture absorption,
and inconsistencies in physical pellet density. Third, sand was utilized as the exclusive model impurity agent; real-world agricultural
biomass often carries a heterogeneous mix of fine clay, loam, organic soil matter, and metal debris, which exhibit different light-
scattering properties. Finally, model validation was restricted to an internal sample-level split. Developing a fully independent external
validation protocol using separate batches sourced across different harvest seasons will be crucial to definitively confirming the
robustness of the system before deploying it in commercial biomass quality monitoring.

6. Future directions

While the developed LDA model exhibits high classification accuracy under controlled conditions, it is important to note that this
study was conducted on a laboratory scale utilizing prepared, homogeneous sand-and-biomass mixtures. In real-world industrial
environments, factors such as fluctuating material moisture, varying particle size distribution, matrix density changes, and conveyor
belt vibrations introduce significant dynamic noise. Therefore, the practical implementation of this method for automated, factory-level
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online screening should be viewed as a vital direction for future research. Subsequent work will focus on validating these calibration
frameworks using raw, heterogeneous industrial factory samples under dynamic sorting environments.
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