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Application of machine learning in near-infrared
spectra for moisture prediction in ground cumin

Segundo Villalta'” and Javier Linkolk Lopez-Gonzales':”

'Escuela de Posgrado, Universidad Peruana Unién, Lima, Peru

ABSTRACT

Cumin (Cuminum cyminum L.) is one of the most valued spices worldwide, and moisture content is a critical parameter for
assessing its quality and safety. This study aimed to evaluate the performance of machine learning algorithms in the analysis
of near-infrared (NIR) spectra for moisture prediction in ground cumin. Six cumin samples were collected and NIR spectra
were obtained in the range of 1100-2100 nm. The spectra, expressed as absorbance, were pretreated using Savitzky-Golay
(SG) and normalization independently, followed by optimization using principal component analysis (PCA). The complete and
optimized data were modeled using multiple linear regression (MLR) and quadratic support vector machines (QSVM). The
models were trained using 5-way cross-validation with 30 replicates, evaluating their performance using the coefficient of
determination (R?) and root mean square error (RMSE). On the full dataset, QSVM with SG pretreatment performed best (R? =
0.99; RMSE = 0.0582). For the optimized data, QSVM combined with normalization performed outstandingly (R? = 0.97; RMSE
= 0.0919). These findings highlight that QSVM, thanks to its ability to capture nonlinear relationships, offers more accurate
and robust predictions compared to MLR. This study suggests exploring advanced techniques based on deep learning and/or
complementary algorithms that can improve the performance of predictive models.

1 Introduction

Cumin (Cuminum cyminum L.) is one of the most widely used spices in gastronomy due to its distinctive spicy, strong and
warm aroma and flavour (Chaudhry et al., 2020). Cumin has also been reported to contain a wide variety of phytochemicals that
provide it with various biological activities, such as antimicrobial, antioxidant, anti-inflammatory, anticancer, antiproliferative,
hepatoprotective and immunomodulatory properties (Mohammed et al., 2024). For this reason, cumin is used in various
industrial sectors, including food and beverages, cosmetics and medicines (Chaudhry et al., 2020).

Cumin is usually marketed in powder form and one of the characteristics of this type of product is its low humidity, < 10%
according to the Food and Agriculture Organization of the United Nations (FAO), 2022). This limits microbial development
and guarantees a long shelf life. However, this condition is not always met due to inadequate processing techniques. In
addition to cumin’s susceptibility, it can be easily contaminated by pathogenic bacteria such as Bacillus cereus, Escherichia
coli, Clostridium perfringens and Salmonella (Tannir et al., 2024).

To address this problem, continuous moisture analysis must be performed, where the standard technique is by heating
and calculating weight loss; however, it is laborious, slow, consumes a lot of energy and destroys the samples (Tugnolo et al.,
2021). In this context, near-infrared (NIR) spectroscopy emerges as a promising alternative as it is fast, simple, non-destructive,
accurate, does not require reagents or prior sample preparation (Dias et al., 2021). NIR spectroscopy is based on the absorption
of waves within the range 780 to 2500 nm concerning hydrogen-containing functional groups such as C-H, O-H, N-H and
C-0, linked to the chemical composition and structure of the products (Ozturk et al., 2023; Zhang et al., 2022a).

A disadvantage of NIR spectroscopy is the large number of variables it yields, its multicollinearity, and its nonlinear
relationship with the complex chemical composition of foods (Ozturk et al., 2023). Therefore, robust multivariate methods such
as machine learning are required for spectral analysis, whose algorithms have been successfully combined with NIRS in food
product evaluations (Zhang et al., 2022b). Despite the power of machine learning techniques, their capacity is subject to the
type and amount of input data; therefore, other algorithms must be integrated for: a) preprocessing, to remove instrumental
noise and outliers; and b) feature selection, to identify and extract a small subset of relevant variables (Zhang et al., 2022b).

There is no single approach for the treatment and analysis of spectral information (Fatemi et al., 2022); therefore, at
least two algorithms should be tested and compared for each task. In this context, the aim of this work was to evaluate the
performance of machine learning algorithms in the analysis of NIR spectra for the prediction of moisture in ground cumin.
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2 Materials and methods

2.1 Raw material

Cumin powder (Cuminum cyminum) was purchased from six (6) different points of sale at the Bellavista market in Sullana,
Piura, Peru in November 2023. It was visually ensured that the powder was free of other agents and/or external substances. The
samples were stored in high-density polyethylene bags, under shade and in low humidity conditions.

2.2 NIR spectra acquisition

For spectra acquisition, a NIR spectrometer (Polytec PSS-A-T01, Polytec GmbH, Germany) equipped with a tungsten halogen
lamp as light source and an Indium-Gallium-Arsenic detector was used. The equipment operated in the spectral range of
1100-2100 nm with a resolution of 2 nm. Prior to measurements, the device was turned on for a few minutes to stabilize the
illumination and perform an internal calibration. Each cumin powder sample was placed on a continuously rotating platform,
allowing the capture of 50 spectral profiles per sample. The fundamental principle of NIR spectroscopy is to irradiate the
sample with light in the NIR range and record the reflected, absorbed or transmitted radiation (Li et al., 2020). Although the
equipment generates spectra in terms of reflectance, the results are usually reported in absorbance in the literature. For this
reason, absorbance spectra were obtained by transforming the inverse of the reflectance values into a logarithm.

2.3 Spectrum processing
An inherent disadvantage of NIR spectra is the presence of background interferences, including noise and overlapping bands,
which can lead to redundancy, collinearity, and complex spectral structure unsuitable for direct analysis (Li et al., 2020).
Therefore, preprocessing is critical to improve data quality.

The most commonly used methods in infrared spectroscopy include exclusion, filtering, derivatization, smoothing, baseline
correction, and normalization (Mokari et al., 2023). Since selecting the most suitable pretreatment is challenging, two
approaches were implemented in this study:

2.3.1 Savitzky-Golay (SG) smoothing
This method improves the spectrum quality by removing noise using numerical differentiation and a smoothing step based on a
moving window. Key parameters include the window size (number of points) and the degree of the polynomial used for the fit
(Mokari et al., 2023).

In this study, a second-order SG smoothing with a 21-point window was used.

2.3.2 Normalization
Spectral intensity can vary due to differences in measurement conditions, such as equipment alignment or light source power,
even for the same material (Mokari et al., 2023). Normalization adjusts for these differences, ensuring comparability of spectra
obtained under slightly different conditions. Furthermore, this method is useful for reducing fluctuations arising from physical
characteristics of the sample, such as particle size or texture (Nagy et al., 2022).

In this study, scaling normalization was applied, in which each point of the centered spectrum was divided by its standard
deviation, homogenizing the intensities and improving comparability.

2.4 Data development

Regression is one of the most popular, intuitive and simple forecasting methods, widely used in various applications (Etemadi
& Khashei, 2021). The relationship between NIR spectra and response variables, such as moisture content, can be linear or
non-linear. Therefore, the effectiveness of two different approaches addressing both possibilities was evaluated:

2.4.1 Regresion lineal multiple

MLR is a supervised method frequently used to identify linear relationships between a dependent (predicted) variable and
multiple independent variables (predictors). This approach allows predictions to be made based on new values of the independent
variables by fitting a linear equation (Etemadi & Khashei, 2021).

2.4.2 Quadratic support vector machine

Originally designed for classification problems, the SVM model has also been adapted for regression applications (Zeng
et al., 2021). SVM uses the structural risk minimization principle and Vapnik-Chervonenkis dimension theory to handle
high-dimensional data with remarkable generalization and accuracy (Zeng et al., 2021). For nonlinear problems, a kernel
function is used to project the data into a higher-dimensional space, allowing to find and construct an optimal hyperplane that
fits the data. In this study, a variant of SVM adapted for regression, known as QSVM, was used.
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2.5 Model optimization

In multivariate analysis, datasets may contain variables with high collinearity, which makes interpretation and processing
difficult. Reducing dimensionality by selecting the most relevant spectral features not only improves computational efficiency
but also facilitates model training and validation (Mokari et al., 2023).

To address this issue, principal component analysis (PCA), an unsupervised method widely used in chemometrics, was
implemented. PCA allows compressing spectral information by identifying underlying correlation patterns and projecting the
data into a lower-dimensional space. This process generates new orthogonal axes called principal components (PC), ordered by
the amount of variance explained. The first principal component (PC1) captures the largest variance in the dataset, followed by
the second (PC2), and so on (Mokari et al., 2023).

Although PCA is not a modeling method by itself, principal components that explained 95% of the total variance were
selected as inputs to build optimized models based on MLR or QSVM.

2.6 Calculating model performance

A 5-step cross-validation strategy (cv) with 30 repetitions will be followed for training and validation of the full and optimized
models. The prediction ability of the models was evaluated using the coefficient of determination (R*) and the root mean square
error (RMSE) defined by Equations 1 and 2, respectively,

— 2
R — Z?ﬂ()’i‘%’) )
cv
T Gi-n)
1 & 2
RMSEcy = [+ o1 =) (2)

i=1
where ¥; and y; are the response variables of the i-th (i) sample for prediction and reference and 7 is the number of samples.
Moisture content was determined by oven drying following the indications of the official methods of the Association of
Official Analytical Chemists (AOAC International, 2016). The analyses were performed in triplicate and expressed in %.

2.7 Data analysis
Moisture analyses were presented as mean + standard deviation using box-and-whisker plots. One-way analysis of variance
(ANOVA) was used for hypothesis testing at a significance level of 5%, and Tukey’s post hoc test at 5% was used to determine
significant differences between samples. Tests were run in Minitab 18.0 (Minitab Inc., USA). Spectra preprocessing and
feature selection will be performed in Unscrambler X 10.4 (CAMO Software, Norway) and Weka (University of Waikato, New
Zealand), respectively. Development, training, and validation of regression models were conducted in Matlab R2023a (The
MathWorks, Inc., USA).

Spectra preprocessing and feature selection were performed in Unscrambler X 10.4 (CAMO Software, Norway) and Weka
(University of Waikato, New Zealand), respectively. Model development, training and validation were conducted in Matlab
R2023a (The MathWorks, Inc., USA).

3 Results and discussion

3.1 Moisture content.

The moisture content of the samples showed a slight variation (Figure 1), with values ranging between 9.11 + 0.00% and 10.55
+ 0.01%. Significant differences (p < 0.05) were found between the samples, except between those with means of 10.55% and
10.51%. According to the Peruvian Table of Food Composition, the average moisture content in cumin is 8.1% (Reyes Garcia
et al., 2017), which shows some proximity to the results obtained in this study.

On the other hand, FAO (2022) indicates that cumin powder must contain less than 10% moisture. In this work, four
samples exceeded this limit, reaching up to 10.03%, which could be attributed to an inefficient drying process. Although the
difference is minimal, a higher moisture content can favor the proliferation of microorganisms, compromising the quality of
the product. In general, spices are susceptible to mold attack, which, under high humidity conditions, can produce dangerous
compounds such as mycotoxins, with serious implications for human health (Cicero et al., 2020).
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Figure 1. Moisture content of cumin samples.

3.2 Original and pre-treated NIR spectra

Figure 2 presents the NIR spectra of the cumin samples in different formats: in reflectance (Figura 2(a)) and in absorbance
(Figura 2(b)). The behavior observed in these spectra is consistent with previous studies (de Lima et al., 2020; Florian-Huaman
et al., 2022). The differences in intensities are due to the superposition of overtone bands related to molecular rotational and
vibrational transitions, characteristic of each cumin sample (Li et al., 2020).

z"j turnltln Pagina 12 of 19 - Integrity Submission Identificador de la entrega trn:oid:::295éb/44b186458



z"-.l turnitin Pagina 13 of 19 - Integrity Submission Identificador de la entrega trn:oid:::29566:440186458

055 1
05 0.9
. 045 = [,
ps T 0.8
c =]
2 04 @
2 g 07
g E
E 035+ =
g =] ) =
8 Z.086
1]
2 03 T
c (=
g 205
@ 025 §
% L0
v < 04
02+
0151 0.3}
0.1 . 0.2 i
1000 1200 1400 1600 1800 2000 2200 1000 1200 1400 1600 1800 2000 2200
Longitudes de onda (nm) Longitudes de onda (nm)
(a) (b)
T 25
09r 2
= T
< 08 515
2 B
5 5 il
Eo07 E
© @
£ Z 05¢
Q08 g
E 5 0
© 05 @
c [
g £ 05
2 04 =
2 g -
=y
0.3 -15
0.2 3 : 7 2 5 : -2
1000 1200 1400 1600 1800 2000 2200 1000 1200 1400 1600 1800 2000 2200
Longitudes de onda (nm) Longitudes de onda (nm)
(c) (d)

Figure 2. NIR spectra of cumin samples in (a) reflectance, (b) absorbance, (c) SG-pretreated absorbance, and (d) normalized
absorbance mode.

Figura 2(c) shows the absorbance spectrum smoothed with the Savitzky-Golay (SG) algorithm, evidencing a notable
decrease in noise, especially in the 1700 to 2100 nm region. In contrast, the normalized spectrum is presented in Figura 2(d).
Although the normalization process corrects certain discrepancies, it can also result in a loss of spectral information. The
effectiveness of each pretreatment will be evaluated in the metrics of the predictive models, since their impact varies depending
on the dataset (Nagy et al., 2022). In some cases, pretreatments can even worsen the modeling performance.

The peaks at around 1200 nm, 1460 nm, 1720 nm and 1760 nm are associated with C —H bonds of methylene and essential
oils, first O —H overtone associated with water or cellulosic compounds, C — H2 bands, N — H bonds of polyamides and flavone,
as well as bands linked to the content of lipids, fatty acids, amino acids, lignin, aliphatic hydrocarbon and polyphenols (de
Lima et al., 2020; Florian-Huaman et al., 2022; Yang et al., 2021).

3.3 Full MLR and QSVM models
Figure 3 presents the response graphs of the MLR and QSVM models for the prediction of moisture content in the cumin
samples.

In Figure 3, corresponding to the MLR model, a notable dispersion around the predicted moisture values is observed. This
suggests that the MLR model does not adequately capture the variations in the data, probably due to its linear nature. This
limits its ability to fit possible non-linear relationships between NIR spectra and moisture content, which significantly affects its
predictive accuracy.
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Figure 3. Response graph of (a) MLR and (b) QSVM.

On the other hand, Figura 3(b) showing the results of the QSVM model shows a lower dispersion at each moisture level.
This indicates a superior ability of the QSVM to capture the non-linear features present in the data. The quadratic structure
of the QSVM model, combined with the use of kernel functions, allows for a better adaptation to the inherent complexities
in the spectral relationship between NIR and moisture content. This finding is in agreement with previous studies, such as
that of Goyal et al. (2024), who pointed out that NIR spectra are highly non-linear due to the combined bands, reinforcing the
advantage of non-linear models in this context.

Comparative studies also support these observations. For example, Sanaiefar et al. (2018) evaluated different models (MLR,
SVM with kernel, artificial neural networks, and Bayesian networks) in predicting olive oil quality from dielectric spectra,
finding that SVM consistently outperformed the other approaches. Likewise, Zhang et al. (2016) highlighted the superiority of
the LS-SVM model in predicting aspartic acid in rapeseed leaves using NIR spectra, compared to MLR and PLSR.

3.4 PCA

Figure 4 presents the PCA applied to the NIR spectra under different pretreatment conditions: raw, SG-smoothed and
normalized. In Figure 4(a) the PCA applied to the raw spectra shows that the first two principal components (PC1 and PC2)
explain 97.99% of the total variance. However, a significant overlap is observed between samples with different moisture levels.
This suggests that the original data contain noise, scattering or other effects that may make it difficult to identify clear patterns
related to moisture content.
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Figure 4. PCA plot of (a) raw, (b) SG pretreated and (c) Normalized spectra.

Figure 4(b) corresponding to the PCA applied to the SG-smoothed data shows similar results, explaining 98.17% of the
total variance. Despite the noise reduction in the spectra due to the SG pretreatment, no significant improvement is achieved in
the separation between humidity groups, indicating that this pretreatment did not introduce significant changes in the structure

of the data.

On the other hand, Figure 4 (c) based on normalized data shows that the two principal components explain a smaller
percentage of the total variance (83.24%). However, normalization allowed for a better separation between cumin samples
with different moisture levels. This can be attributed to the fact that normalization removed some of the redundant variability
in the spectra, allowing the PCA to focus on more relevant features to distinguish the groups. Despite this, this process also
reduced the variance captured by PC1 and PC2, evidencing the trade-off between noise removal and preservation of total

spectral variability.

These findings highlight the utility of PCA as a tool to assess patterns and the influence of pretreatments. According to
Goyal et al. (2024), PCA is effective in identifying general patterns in naturally structured data, although these can be affected
by specific pretreatments. Gomes et al. (2023) also highlighted that exploratory analysis using PCA can provide valuable
preliminary information to define the relevance of data in subsequent modeling. Thus, combining PCA with pretreatment
assessments allows for quick decisions on preparing data for more accurate predictive models.
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3.5 Optimized MLR and QSVM models
Table 1 shows the summary of the results of the MLR and QSVM models for the prediction of the moisture content of the
cumin samples.

Dataset MLR QSYM

R> | RMSE | R | RMSE
Completo Crudo | 0.41 | 0.397 | 0.98 | 0.0678
SG 0.46 | 0.3674 | 0.99 | 0.0582
Norm | 0.24 | 0.4482 | 0.98 | 0.0649
Optimizado | Crudo | 0.77 | 0.2457 | 0.79 | 0.2365
SG 0.77 | 0.2452 | 0.79 | 0.2354
Norm | 0.95 | 0.1144 | 0.97 | 0.0919

Table 1. Metrics of the developed models.

SG pretreatment showed minimal improvement in the MLR model performance, probably due to its ability to increase the
signal-to-noise ratio without removing relevant information from the spectra (Goyal et al., 2024). Similar results were observed
in the modelling of fresh fruits (Mishra et al., 2021). On the other hand, normalization deteriorated the model performance,
possibly because by removing intensity variations between spectra (Goyal et al., 2024), crucial information for prediction was
lost, as evidenced in the authentication of paprika varieties (Kolasinac et al., 2022). In the case of QSVM models, normalization
did not significantly affect the accuracy when using complete data, while SG pretreatment slightly increased the accuracy.

With PCA-optimized data, MLR models showed substantial improvement, suggesting that dimensionality reduction enabled
capturing clearer patterns in the data. PCA likely removed uninformative variables and reduced noise, facilitating a better
fit of the MLR model (Mokari et al., 2023). In contrast, the QSVM model showed a reduction in accuracy when using raw
or SG-pretreated data, indicating a possible omission of relevant variables. However, the performance of the QSVM with
optimized and normalized data was comparable to that obtained with full data, suggesting that this model can handle the high
dimensionality of the spectra. From a practical perspective, the use of PCA-optimized data represents a viable solution without
compromising model performance.

Overall, QSVM models significantly outperformed MLR models, with R? values ranging from 0.98 to 0.99 and RMSEs
ranging from 0.0678 to 0.0582 when using full data. With PCA-optimized data, R%s ranged from 0.79 to 0.97 and RMSEs
ranged from 0.2365 to 0.0919. These differences underscore the superior ability of QSVM to model nonlinear relationships in
the data.

Regarding the comparison between linear and non-linear models, a common limitation in the literature is the use of less
robust calibration and validation methods, such as the division of small data sets assuming independence (Rocha et al., 2020).
Therefore, the implementation of more rigorous approaches, such as cross-validation, applied in this study, is recommended.

The superiority of the QSVM model is due not only to its ability to handle non-linear data, but also to the intrinsic properties
of the SVM. This approach optimizes generalization and minimizes errors arising from unanticipated data during training, in
addition to mitigating overfitting (Siripatrawan & Makino, 2024). For example, Yang et al. (2022) showed that, depending on
preprocessing, linear SVM models outperformed KNN models in identifying illegal drugs in food, and that quadratic SVMs
were superior to their linear versions.

Although QSVM showed promising results, other approaches could also be explored. Abdel-Sattar et al. (2021) reported
that quadratic SVM outperformed MLR in predicting ber fruit mass, but ANNs performed even better. Deep learning has also
been shown to be superior in many cases (Zhou et al., 2019). For example, Bai et al. (2024) employed NIR spectra to estimate
the quality of Chinese medicinal herbs, where a Bayesian optimized long-term memory model outperformed other approaches,
including ANNS.

It should be noted that not in all cases the non-linear model is superior. For example, Jin et al. (2023) found that PLSR
was more effective than SVM in detecting lamb freshness. Furthermore, linear models such as MLR can be improved by
modifications in hyperparameters or by incorporating additional algorithms, such as LASSO or ridge regression, which also
address overfitting issues (Goyal et al., 2024).

In the present study, the QSVM with SG pretreatment provided the best fit to the full data (R* = 0.99 and RMSE = 0.0582),
as shown in Figure 5(a).
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Figure 5. Improved QSVM models of (a) SG-pretreated full spectra and (b) normalized and optimized spectra.

Figure 5(b) reveals the best fit for the PCA-optimized dataset, using QSVM and a prior normalization (R*> = 0.97 and
RMSE = 0.0919). Mokari et al. (2023) reported that, PCA is sensitive to the scale of the data; thus, data normalization is
crucial, particularly if spectroscopic data are explored.

Since the QSVM model using all wavelengths had similar performance to the optimized QSVM model, the latter can
be integrated into low-cost portable devices for real-time analysis (Nagy et al., 2022), contributing to the development of
innovative and accessible tools to address food insecurity.

4 Conclusions

The moisture prediction performance of ground cumin was evaluated using preprocessing such as SG and normalization,
combined with MLR and QSVM models applied on NIR spectra. The analyzed samples showed moisture levels between 9.11%
and 10.55%, some above the maximum recommended limit (10%), which could compromise product quality and consumer
safety. SG pretreatment improved the performance of both models by increasing the signal-to-noise ratio, while normalization
negatively affected the performance of MLR and did not impact QSVM. On the other hand, PCA significantly improved the
results by removing non-informative variables.

Overall, for the full data, QSVM with SG presented the best performance (R> = 0.99 and RMSE = 0.0582). For the
optimized data, QSVM with prenormalization was the most accurate (R> = 0.97 and RMSE = 0.0919). These results highlight
QSVM as a robust and accurate tool for moisture prediction in ground cumin, with potential applications in portable devices
and real-time routine analysis.
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