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Abstract

To eliminate the complex nonlinear mixing relationships among spectral features in near-
infrared (NIR) quantitative analysis, and to overcome the limitations of principal compo-
nent analysis (PCA), which relies solely on covariance structure and linear assumptions
and is therefore incapable of effectively handling nonlinear signals, this study employs
kernel-independent component analysis (KICA), for nonlinear feature extraction from NIR
spectra, combined with a regression model to achieve rapid detection of tannin content in
sorghum grains. KICA effectively separates nonlinearly mixed source signals by mapping
spectral data into a high-dimensional feature space via the kernel trick. The prediction
model built on KICA-extracted features and support vector regression (SVR) consistently
delivered the highest test-set prediction accuracy and exhibited the smallest training-to-test
R2 gap among all evaluated models across repeated random splits, confirming its superior-
ity over PCA-based feature extraction methods and standalone SVR, and its competitive
performance relative to ICA-based methods, in both predictive accuracy and generalization
capability. Additionally, KICA yielded a lower reconstruction error for the original spectra,
indicating its ability to more completely retain the nonlinear informative content of the
spectral data. By calculating the mean absolute coefficient of each independent component,
it was found that the component with the highest contribution was strongly correlated
with the wavelength range near the characteristic absorption peaks of tannin, thereby
enhancing the chemical interpretability of the features. On a publicly available corn NIR
dataset, the proposed method also achieved superior prediction results compared with
benchmark methods, validating its generalization capability across different sample types
and quality attributes. This study confirms the feasibility of introducing nonlinear blind
source separation via KICA into NIR quantitative analysis, offering a promising approach
for spectral feature extraction in the rapid quality assessment of agricultural products with
complex matrices.

Keywords: nonlinear feature extraction; kernel-independent component analysis; tannin
content; near-infrared spectroscopy

1. Introduction
Sorghum is one of the world’s important cereal crops, widely cultivated in China,

primarily for brewing, animal feed, and food processing [1]. Tannin is a characteristic
phenolic compound found in sorghum grains, mainly located in the seed coat. Its content
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varies significantly due to differences in variety, origin, and cultivation conditions. Tannin
has a dual impact on sorghum quality: during brewing, it can be converted into flavor
compounds such as syringic acid and syringaldehyde, which impart a unique aroma to
spirits, inhibit the growth of spoilage bacteria, and increase alcohol yield [2]; however, when
used as animal feed, it acts as an antinutritional factor, forming indigestible complexes
with proteins and starches, thereby reducing the absorption and utilization of nutrients by
animals, and even affecting palatability [3]. Therefore, accurately measuring tannin content
in sorghum is crucial for variety breeding, processing utilization, and quality control.
Currently, the determination of tannin content primarily relies on traditional chemical
methods, such as the vanillin method, ferric ammonium citrate method, and Prussian
blue method These methods are time-consuming, labor-intensive, sample-destructive, and
reliant on chemical reagents, making them unsuitable for large-scale rapid screening [4].
There is an urgent need for a fast, non-destructive detection technique.

Near-infrared spectroscopy (NIRS) is based on the vibration absorption characteristics
of hydrogen-containing groups (such as C-H, O-H, N-H) in molecules [5]. By measuring
the absorption or reflection spectra of samples in the near-infrared region, it is possible to
obtain information about the chemical composition of the sample. This technique is widely
used in the agricultural and food industries, enabling rapid quantitative or qualitative
analysis of sample quality by revealing spectral features of the molecular structures of
major components such as moisture and proteins [6]. However, NIRS data itself has high
dimensionality, with individual samples typically containing hundreds to thousands of
wavelength variables, and severe multicollinearity between these variables, leading to
potential overfitting when directly used for modeling [7]. Measurement interferences, such
as light scattering, particle size differences, and temperature fluctuations, can also introduce
significant nonlinear distortions in the spectra, making the relationship between the spectral
signals and tannin content far from simple linear correspondence. Furthermore, the mea-
sured spectra are often contaminated by overlapping information from other components
such as moisture and proteins [8]. Effectively extracting feature information that is truly
related to the target content from this high-dimensional, nonlinear, and interference-prone
spectral data is a significant challenge in using near-infrared spectroscopy for the analysis
of agricultural products and food quality.

In recent years, researchers have proposed various dimensionality reduction strate-
gies to address the high-dimensional collinearity problem in NIR spectroscopy, primarily
including feature selection and feature extraction methods. Feature selection methods
involve selecting a subset of the original wavelengths based on specific criteria, offering
advantages such as simplicity and strong interpretability [9]. However, these methods carry
the risk of losing collaborative information across the entire spectral range and may not
achieve optimal prediction performance. Therefore, this study adopts a feature extraction
strategy, aiming to retain more complete effective information from the spectra. Principal
component analysis (PCA) is one of the most widely used feature extraction methods [10].
It extracts linearly independent principal components through orthogonal transformation,
retaining the primary information in the order of variance contribution, with simple calcu-
lation and intuitive results. PCA has been extensively applied in various qualitative and
quantitative analysis tasks [11]. However, PCA relies solely on the covariance structure
of the data, which cannot effectively distinguish between signal and noise, and its linear
assumptions are limited when dealing with the nonlinear relationships commonly present
in NIR spectra. When effects caused by factors such as light scattering and particle size
differences are pronounced, the principal components extracted by PCA have difficulty
accurately characterizing the true association between the target analyte and the spectra,
thereby compromising the accuracy of subsequent quantitative analysis. Independent
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component analysis (ICA), based on the assumptions of non-Gaussianity and statistical in-
dependence, is a linear blind source separation technique [12]. Unlike PCA, which pursues
orthogonal components, ICA seeks statistically independent components, which is more
aligned with the actual process of NIR spectra, where multiple chemical components (such
as water, proteins, and tannins) are mixed. Theoretically, ICA is better suited for separating
target signals from background interferences. Moreover, ICA is more sensitive to effective
signals that deviate from Gaussian distribution, helping to enhance the signal-to-noise
ratio. ICA has demonstrated reliable signal separation capabilities in fields such as speech,
EEG, and image separation [13,14], but its applicability and effectiveness in qualitative
and quantitative analysis of NIR spectra have not been fully validated. Furthermore, as
a linear method, ICA is based on the fundamental assumption that the source signals are
mixed linearly during the observation process [15]. When the aforementioned distortions
are present in real spectra, this method has difficulty correctly separating the source signals.
Since such effects are prevalent in real NIR spectra, it is necessary to introduce methods
capable of handling nonlinear mixing. To address this, this study further introduces kernel-
independent component analysis (KICA) to explore the feasibility of nonlinear feature
extraction methods in NIR quantitative analysis.

Kernel-independent component analysis (KICA) is a nonlinear blind source separation
method developed on the basis of ICA [16]. It first implicitly maps the original data into a
high-dimensional feature space via a kernel function, transforming the nonlinear mixing
problem into a linear one in that space, and then performs independent component analysis
therein to separate the nonlinearly mixed source signals. KICA has been widely applied in
fields involving nonlinear mixing, such as image processing, biomedical signal analysis,
and fault diagnosis, demonstrating superior processing capabilities compared with tradi-
tional ICA [17]. When introduced into NIR spectroscopic analysis, KICA theoretically offers
better handling of nonlinear effects caused by factors such as light scattering and particle
size differences, thereby overcoming the limitations of linear methods in complex spectral
interpretation. In the field of chemometrics and spectral analysis, several studies have
explored the use of kernel-based methods for nonlinear calibration [18], yet the specific ap-
plication of KICA to NIR quantitative analysis—particularly for cereal grains—has received
limited attention compared with linear methods such as PCA and PLS. This gap motivates
the present investigation into the potential of KICA for feature extraction from sorghum
NIR spectra. The independent components extracted by KICA can be further analyzed
for their correlations with the original spectral wavelengths, allowing the contribution of
different wavelengths to each independent component to be evaluated. This approach
can, to a certain extent, alleviate the issue of poor interpretability in the dimensionality
reduction of NIR spectra, providing a chemical basis for the prediction results.

Therefore, to address the issues of high dimensionality, nonlinearity, and mixed
interference in NIR quantitative analysis, this study takes different varieties of sorghum
grains as the research object and proposes a quantitative analysis framework that integrates
wavelet transform denoising and kernel-independent component analysis (KICA) for
nonlinear feature extraction. Specifically, wavelet transform is employed to filter out high-
frequency noise from the spectra and achieve data dimensionality reduction. Owing to its
excellent time–frequency localization characteristics, wavelet transform can preserve the
main spectral profile while suppressing noise, making it well suited for processing non-
stationary NIR signals [19]. KICA is used to separate nonlinearly mixed source signals and
obtain independent component features. The two methods are functionally complementary:
wavelet transform serves as a preprocessing step, providing denoised low-dimensional
input for KICA, and KICA further separates the nonlinearly mixed source signals on this
basis [20]. To evaluate the quality of the KICA-extracted features, a regression model is
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built on the extracted independent components, and the model performance is compared
with that of two linear feature extraction methods, principal component analysis (PCA) and
independent component analysis (ICA), to assess the advantages of the KICA-based model
in terms of predictive performance and feature representation. In addition, correlation
analysis between the independent components and the original spectral wavelengths is
conducted to preliminarily explore their relationship with spectral features, aiming to
alleviate, to a certain extent, the common “black-box” problem in NIR modeling.

This study aims to verify the feasibility and effectiveness of KICA in NIR quantitative
analysis so as to provide a new methodological reference for the quality assessment of
samples with complex matrices. The specific objectives are as follows: (1) to verify the fea-
sibility of KICA for nonlinear feature extraction from sorghum NIR spectra; (2) to compare
the differences in feature extraction quality among KICA, PCA, and ICA and to evaluate
their impact on prediction accuracy through quantitative modeling; (3) to investigate the
chemical interpretability of the independent components through wavelength correlation
analysis; and (4) to validate the generalization capability of the proposed feature extraction
method on a publicly available corn dataset.

2. Materials and Methods
2.1. Sample Selection and Preparation

This study used sorghum samples harvested in 2022 from Heilongjiang Bayi Agri-
cultural University as the sample source. The samples encompassed 65 varieties, with
1–7 samples selected per variety, resulting in a total of 305 samples. Near-infrared spec-
tra were obtained using a TANGO FT-NIR spectrometer(Bruker Optik GmbH, Ettlingen,
Germany) with a spectral resolution of 8 cm−1 and a spectral range of 11,542–3940 cm−1.
Each sorghum sample was scanned 32 times to obtain an average spectrum. After scan-
ning the complete grain spectra of each sorghum sample, the grains were ground and
sieved through a 40-mesh sieve. The tannin content was then determined using the ferric
ammonium citrate method.

2.2. Determination of Tannin Content

The tannin content was determined according to the national standard (GB/T 15686-
2008). Before the determination, the moisture content of the samples was measured using
the direct drying method, with moisture content calculated as follows [17]:

H =
M1 −M2

M1
× 100

where H is the moisture content of the sample (%); M1 and M2 are the mass of the sample
before and after drying (g), respectively.

The procedure for tannin determination was as follows: A 1.0 g portion of the ground
sorghum sample (40-mesh) was weighed, 20 mL of dimethylformamide solution was added,
and the mixture was magnetically stirred for 60 min [21]. The extract was then centrifuged
at 3000× g for 10 min. Two 1 mL aliquots of the supernatant were taken: one aliquot was
mixed with ferric ammonium citrate solution and ammonia solution for color development,
while the other was mixed with water and ammonia solution, with water replacing the
ferric ammonium citrate solution as the sample blank. The absorbance was measured at
525 nm against a water blank. A standard curve was constructed using tannic acid as the
standard, with a correlation coefficient R2 ≥ 0.995. Tannin content was expressed on a dry
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matter basis. All samples were determined in triplicate, and the results were averaged. The
tannin content was calculated as follows:

X =
2C
M
× 100

100− H

where C is the tannic acid concentration (g/L) obtained from the standard curve for the
sample extract, and M is the mass of the sample (g).

2.3. Kernel-Independent Component Analysis

Independent component analysis (ICA) is a blind source separation technique based
on higher-order statistics, aiming to recover statistically independent source signals from
observed mixed signals. Unlike principal component analysis (PCA), which uses second-
order statistics to remove correlations between variables, ICA maximizes non-Gaussianity
measures to extract independent components that carry more intrinsic meaning. The linear
ICA model can be expressed as:

X = AS

where X ∈ Rm×n is the observed data matrix, A is the mixing matrix, and S is the unknown
independent source signal matrix. The goal of ICA is to find the separation matrix W
such that:

Ŝ = WX

The output components Ŝ are as statistically independent as possible. Common
solution methods include the FastICA algorithm, based on maximizing negative entropy,
with the iterative update formula:

w← E{xg(wTx)} − E{g′(wTx)}w

where g(·) is a nonlinear function, and in this study, the commonly used function
g(u) = tanh(u) is selected.

Traditional ICA methods assume that the observed data follows a linear mixing model.
However, in near-infrared spectroscopy (NIRS) data, nonlinear relationships are commonly
present, such as spectral responses influenced by factors like light scattering effects and
molecular interactions. These nonlinearities make it difficult for linear ICA to effectively
extract intrinsic features. To overcome this limitation, kernel-independent component
analysis (KICA) introduces kernels into the ICA framework. By using nonlinear mapping,
KICA implicitly projects the original data into a high-dimensional feature space, where
linear ICA is performed, thus enabling the separation of nonlinear mixed signals.

Let the original input space sample set be X = {x1, x2, . . ., xm} ⊂ Rn, and the samples
are projected into the feature space F: Rn→F through a nonlinear mapping ϕ. In this space,
the kernel function is defined as the inner product between samples:

k(xi, xj) =< ϕ(xi), ϕ(xj) > F

Common kernel functions include Gaussian radial basis function (RBF), polynomial
kernels, etc., and the choice of kernel directly influences the geometric structure of the
feature space. In this study, the Gaussian radial basis function (RBF) kernel is used for
kernel-independent component analysis (KICA), and the kernel width parameter σ is
determined through cross-validation. The Gaussian RBF kernel is expressed as:

k(xi, xj) = exp(−
∥ xi − xj ∥2

2σ2 )
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where σ is the kernel width parameter, controlling the local range of the function’s influence.
Let the kernel matrix K ∈ Rm×m have elements Kij = k(xi,xj). To eliminate the shift

effect in the feature space, the kernel matrix is centered:

K = K− 1
m

1m1m
TK− 1

m
K1m1m

T +
1

m2 (1m
TK1m)1m1m

T

where 1m is an m-dimensional column vector with all elements equal to 1.
The core of the KICA algorithm is performing ICA in the feature space F, typically

involving two stages: whitening and independent component extraction. First, perform

eigen-decomposition on the centered kernel matrix
∼
K:

∼
K= VΛVT

where Λ = diag(λ1, λ2, . . ., λm) is the diagonal matrix of eigenvalues, and V is the matrix
of corresponding eigenvectors. The top d eigenvalues and eigenvectors are selected to
construct the whitening transformation matrix:

Wpca = VdΛ−1/2
d

The whitened data in the feature space is then represented as:

Z =
∼
KWpca

The whitening operation ensures that the components in the feature space have unit
variance and are uncorrelated, laying the foundation for subsequent independent compo-
nent extraction. Then, the FastICA algorithm, based on negative entropy maximization, is
used to extract independent components from the whitened data. Let the separating matrix
be Wica, and the optimization objective is to maximize the non-Gaussianity measure. The
iterative update rule is:

Wica ← E{zg(Wica
Tz)} − E{g′(Wica

Tz)}Wica

where g(·) is a nonlinear function. After iterative convergence, the independent component
matrix is:

S = ZWica
T

Through the above steps, KICA maps the original nonlinear data into a low-dimensional
independent component space, implicitly performing nonlinear transformations using the
kernel function, and simultaneously extracting statistically independent features through ICA,
providing a more robust feature representation for subsequent analysis.

2.4. Modeling and Evaluation

This study aims to predict tannin content in sorghum grains using near-infrared
(NIR) spectroscopy. First, the raw NIR spectra were preprocessed, and the dataset was
randomly split into a training set and a test set at a ratio of 4:1. The modeling process
included the following steps: (1) wavelet transform was applied to denoise the prepro-
cessed spectra, while the approximation coefficients were extracted for dimensionality
reduction; (2) the prediction performance of different regression models was compared on
the wavelet-transformed spectra, and the optimal regression model was selected; (3) three
feature extraction methods—PCA, ICA, and KICA—were separately applied to extract
features from the compressed spectra; (4) the extracted features were input into the optimal
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regression model to construct a predictive model for sorghum tannin content, and the test
set samples were predicted and evaluated.

The performance of the modeling strategy was comprehensively evaluated on the test
set in terms of prediction accuracy, robustness, and feature extraction quality. The specific
evaluation metrics were as follows: (1) The coefficient of determination (R2) evaluated the
degree of fit between predicted and reference values, with a value closer to 1 indicating a
better fit. (2) Root mean squared error (RMSE) and ratio of performance to deviation (RPD)
assessed prediction accuracy and model robustness, respectively: a lower RMSE indicated
higher prediction accuracy, and an RPD greater than 2.5 suggested that the model possessed
good quantitative predictive capability [22]. (3) Reconstruction error was measured as the
root mean squared error between the original spectra and the spectra reconstructed from
the extracted features; a lower value indicated that the feature extraction process more
completely preserved the original spectral information.

3. Results and Discussion
3.1. Statistics of Tannin Content

The tannin content of the 305 sorghum samples was determined, and the results are
shown in Figure 1. The tannin content ranged from 0.46% to 3.27%, with a mean value of
1.75% and a standard deviation of 0.41%, covering a wide range from low to high levels,
thereby providing a sound sample basis for subsequent quantitative modeling.

Figure 1. Distribution of tannin content in 305 sorghum samples.

3.2. Sorghum Near-Infrared Spectroscopy

The raw near-infrared (NIR) spectra of sorghum grains are presented in Figure 2.
The main absorption peaks are located at approximately 10,070, 8293, 6797, 5770, 5177,
4715, 4315, and 4245 cm−1. Among these, the peak at 10,070 cm−1 is attributed to the
second overtone of phenolic O–H stretching vibration; the peak at 8293 cm−1 is associated
with the second overtones of methyl and methylene C–H stretching vibrations; the peak
at 6797 cm−1 corresponds to the first overtone of hydrogen-bonded O–H stretching in
alcohols or phenols; the peak at 5770 cm−1 is related to the first overtones of antisymmetric
and symmetric C–H stretching of methyl groups attached to aromatic rings; and the peaks
at 5177, 4715, 4315, and 4245 cm−1 are all combination bands involving aromatic structures,
corresponding respectively to C–H stretching combination, cooperative C–C and C–H
combination, and alkyl–aromatic C–H coupling combination [23].
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https://doi.org/10.3390/agriculture16131447


Agriculture 2026, 16, 1447 8 of 20

Figure 2. Raw NIR spectra of sorghum grains.

Due to variations in sample particle size and packing, the raw spectra exhibited
marked baseline drift and tilt. To correct these physical interferences, which are unrelated
to chemical composition, Savitzky–Golay (SG) smoothing combined with a first-order
derivative was applied for spectral preprocessing. The first-order derivative eliminated
constant baseline offsets and partially corrected linear tilts, while also resolving adjacent
shoulders near 5408 and 5177 cm−1. SG smoothing was employed to suppress the amplifi-
cation of high-frequency noise inherent in the derivative operation [24].

To evaluate the effect of the SG smoothing window size on spectral fidelity, the peak
attenuation of two characteristic peaks at 5408 and 6797 cm−1 was monitored across
different window sizes for optimal window selection. The peak at 5408 cm−1 corresponds
to the methyl C–H stretching vibration of the aromatic ring, exhibiting a narrow shape that
represents fine spectral features. The peak at 6797 cm−1, assigned to the first overtone of
O–H stretching, displays a broader profile that captures the dominant spectral intensity. As
shown in Table 1, increasing the window size from 3 to 7 resulted in a 25.6% attenuation
rate for the 5408 cm−1 peak, compared to only 4.2% for the 6797 cm−1 peak, indicating that
narrow spectral peaks (0.34) are considerably more sensitive to smoothing than broader
peaks, and that excessively large window sizes (0.55) can obscure fine spectral features
and lead to the loss of critical structural information [25]. The attenuation rate reflects the
degree of peak intensity reduction with increasing smoothing, and a smaller value indicates
more complete signal retention. To prioritize the preservation of narrow peak information,
an SG smoothing window size of 3 was selected. The preprocessed spectrum (Figure 3)
demonstrates significant baseline correction; however, due to the high-pass characteristics
of the derivative operation, high-frequency noise remains visible in certain local regions.
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Table 1. Attenuation of first-derivative peak intensity of characteristic peaks with different smoothing
window sizes.

Absorption Peaks (cm−1) Peak Height (×10−3)
Window Size 3

Attenuation Rate (%)
Window Size 7

Attenuation Rate (%)
Window Size 11

5408 0.34 25.6 31.2
6797 0.55 4.2 8.4

Figure 3. Preprocessed near-infrared spectra of sorghum grains.

3.3. Spectral Data Compression Based on Wavelet Transform

After preprocessing, high-frequency noise remains in the spectra (Figure 3), and direct
modeling with the 1845-dimensional data leads to feature redundancy. To suppress such
noise and reduce the data dimensionality, discrete wavelet transform (DWT) is used for
denoising and dimensionality reduction. Due to its excellent time–frequency localization
characteristics, wavelet transform has been widely used in NIR spectroscopy for denoising
and data compression [26]. In this study, the db3 wavelet basis was employed for a four-
level decomposition, which separates the signal into high-frequency and low-frequency
components. The high-frequency components, mainly noise, were discarded, while the low-
frequency components, which carry the main spectral profile, were retained for subsequent
processing. The reconstructed spectrum using the low-frequency components (Figure 4a)
shows a high degree of similarity with the preprocessed spectrum (Figure 3), with a
reconstruction error of only 3.52% of the dynamic range. After wavelet transformation,
the noise was effectively suppressed, the spectral curve became smoother, and the main
spectral profile was preserved, indicating that the effective information in the spectrum
was more prominent [27]. Meanwhile, the data dimensionality was reduced from 1845 to
120 (Figure 4b), providing a low-noise and low-dimensional input for subsequent analysis.
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(a) (b) 

Figure 4. Results of wavelet transform denoising and dimensionality reduction: (a) spectra of all
training samples reconstructed after wavelet denoising; (b) 120 approximation coefficients for a single
sample, reduced from 1845 to 120 dimensions.

3.4. Model Development
3.4.1. Feature Extraction Using KICA

In this study, KICA was used to extract features from the preprocessed and wavelet-
compressed spectra. By mapping the data into a high-dimensional space via the kernel trick
and subsequently performing ICA, 11 independent components (ICs) were obtained from
the training set, whereby the feature dimensionality was reduced from 120 to 11. The ICA
in this study was based on a single random split to obtain clearly interpretable independent
components for spectral interpretation.

To assess the importance of each independent component, the mean absolute coef-
ficient of each component across all training samples was calculated (Figure 5a). This
coefficient reflects the overall activity level, or contribution, of the component among the
samples [28]. Of the 11 components, IC9 and IC6 showed the two highest contributions,
with mean absolute coefficients of 0.847 and 0.815, respectively, markedly surpassing those
of the remaining components. These two components were therefore selected as axes, and
the projection score of each sample onto them was computed. The scores for the training
and test sets were then plotted in a two-dimensional scatter plot (Figure 5b). From the plot,
it is evident that the sample points from the two sets substantially overlap and exhibit a
consistent distribution pattern. The Mann–Whitney U test was further applied to compare
the score distributions, yielding p-values of 0.840 and 0.563 for IC9 and IC6, respectively.
Both are well above 0.05, indicating no significant difference. These results demonstrate
that the features extracted by KICA maintain a consistent distribution pattern across the
training and test sets with good generalization capability, suggesting that the method can
effectively isolate the nonlinearly mixed redundant information in the spectral data and
that the reduced-dimension features remain stable and reliable, thereby offering practical
value for subsequent modeling.

To further elucidate the physicochemical significance of the extracted independent
components, an analysis was performed on the two components with the highest contribu-
tion, IC9 and IC6. The correlation between each independent component and wavenumber
was plotted (Figure 6a). As shown in Figure 6a, the two curves exhibit markedly different
characteristics: IC9 displays multiple sharp, high-intensity absorption peaks in the NIR
spectral region of 4000–7000 cm−1, and its overall profile closely resembles that of the
preprocessed sorghum NIR spectra. In contrast, IC6 presents a substantially smoother
profile, characterized by weak baseline fluctuations across the entire spectral range without
any prominent sharp peaks.
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(a) (b) 

Figure 5. Results of KICA independent component analysis: (a) mean contribution of 11 independent
components; (b) 2D score plot based on KICA for training and test sets.

(a)  (b) 

Figure 6. Spectral interpretation of the independent components: (a) correlation of IC9 and IC6 with
wavenumber; (b) circular correlation heatmap of IC9.

Based on the peak assignments of the raw NIR spectra of sorghum grains, the
4000–7000 cm−1 region represents the core characteristic response range of tannin-related
substances. This region encompasses key absorption features, including phenolic O–H
stretching vibrations, aromatic C–H stretching vibrations, aromatic C–C skeletal vibrations,
and various combination and overtone bands, and serves as a crucial spectral interval for
characterizing the structure and content of major chemical constituents in sorghum. To
further investigate the intrinsic relationship between the independent components and
spectral features, and to pinpoint the specific distribution of tannin-sensitive wavelength
bands, IC9, which exhibited the highest contribution, was selected for in-depth analysis.
Based on the distribution of the correlation coefficients between each spectral variable and
the IC9 score, a circular correlation heatmap of IC9 was generated (Figure 6b). The heatmap
clearly shows that key wavelength bands around 4000, 4500, 5000, 5200, and 7000 cm−1

exhibit strong positive correlations, with colors that are highly saturated red. This indi-
cates that the prominent characteristic peaks of IC9 are concentrated precisely within the
common spectral regions of tannins, aligning closely with the distribution of tannin char-
acteristic absorption peaks in the raw NIR spectra of sorghum grains [29]. This suggests
that IC9 is closely linked to the structural information of target substances in sorghum and
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can effectively capture the spectral signals of core functional groups potentially related to
tannins, such as aromatic rings and phenolic hydroxyl groups. Consequently, IC9 can be
regarded as a characteristic source signal highly correlated with variations in tannin content.
Additionally, minor shifts are observed between the characteristic peak positions of IC9 and
the measured peaks in the raw spectra. This phenomenon is not an anomaly but rather a
result of KICA, which, through blind source separation, effectively removes the redundant
overlapping interference between different spectral components and noise. This process
purifies and reconstructs the mixed spectra, bringing the reconstructed characteristic peaks
closer to the true absorption structures likely associated with tannin-related substances [30].

In contrast, as shown in Figure 6a, IC6 does not exhibit any pronounced characteris-
tic response within the tannin-specific spectral region; its smooth profile mainly reflects
background information or nonspecific spectral variations. The marked difference be-
tween IC9 and IC6 in this characteristic region provides direct evidence that KICA has
successfully separated statistically independent source signals from the mixed spectra. As
the independent component with the higher contribution, IC9 is closely associated with
tannin-related substances in terms of characteristic peak positions and functional group
responses, thereby carrying key chemical information strongly linked to tannins. IC6, on
the other hand, carries background interferences or other non-target information. The
two components are mutually non-redundant and informationally complementary, which
directly echoes the core principle of blind source separation underlying KICA.

In this study, KICA extracted a total of 11 independent components, each with a
contribution exceeding 0.5 (Figure 5a), indicating that all components carry meaningful
spectral information without significant redundancy. The number of retained independent
components was determined using the threshold of a mean absolute coefficient greater
than 0.5, and all components meeting this threshold were retained for subsequent model-
ing. Because these components are statistically independent and correspond to different
functional groups or compositional characteristics, selecting only those with the highest
contributions could risk losing valuable information and thereby compromise model ac-
curacy. Therefore, all 11 independent components were used as input variables for the
subsequent quantitative prediction modeling of sorghum tannin content.

3.4.2. Model Comparison

Before applying feature extraction methods, this study first compared the performance
of three regression models—principal component regression (PCR), partial least squares re-
gression (PLSR), and support vector regression (SVR)—using the wavelet-compressed spec-
tra without further feature extraction. The modeling in this section was based on the same
single random split described in the preceding section. As shown in Table 2, the regression
performance of the three methods ranked from best to worst as SVR > PLSR > PCR: PCR
constructs its model solely from the directions of maximal spectral variance, resulting in
weak predictive performance [31]; PLSR substantially improves prediction by maximizing
the covariance between the spectra and the target analyte; and SVR further enhances model
performance by leveraging its kernel function to capture the inherent nonlinear relation-
ships within the spectral data. The scatter plots of predicted versus reference values for
the training and test sets (Figure 7a–c) provide an intuitive visual comparison: the PCR
model exhibits a high degree of dispersion with poor overall fit, the PLSR model noticeably
reduces prediction error and improves data clustering, and the SVR model yields the most
tightly clustered predictions with the smallest overall deviation. This superiority can be
attributed to SVR’s strong nonlinear modeling capacity, which enables it to better capture
the complex nonlinear information latent in NIR spectral data [28]. Accordingly, SVR
was selected as the baseline regression model for the subsequent comparison of different

https://doi.org/10.3390/agriculture16131447

https://doi.org/10.3390/agriculture16131447


Agriculture 2026, 16, 1447 13 of 20

feature extraction methods, consistent with the overarching aim of this study to analyze
the nonlinear structure of spectral data.

Table 2. Comparison of modeling strategies for sorghum tannin content prediction.

Model Number of
Features

Training Set Test Set

R2 RMSE R2 RMSE RPD

None–PCR 120 0.5867 0.2471 0.4875 0.3502 1.41
None–PLSR 120 0.8690 0.1382 0.8159 0.2132 2.35
None–SVR 120 0.9796 0.0549 0.8726 0.1746 2.83
PCA-SVR 14 0.9190 0.1094 0.8731 0.1743 2.83
ICA-SVR 10 0.9641 0.0728 0.9138 0.1436 3.43

KICA-SVR 11 0.9614 0.0755 0.9248 0.1341 3.68
(Note: Hyperparameters of all models were optimized on the training set via five-fold cross-validation. PCA–SVR:
kernel scale = 12.191 (searched [8, 15]), box constraint = 2.568 (searched [1, 5]), ε = 0.0278 (searched [0.01, 0.1]);
ICA–SVR: kernel scale = 3.72 (searched [1, 6]), box constraint = 5.51 (searched [1, 10]), ε = 0.035 (searched [0.01, 0.1]);
KICA–SVR: kernel scale = 5.0 (searched among {0.5, 1, 2, 3, 4, 5}), box constraint = 10.0 (searched among {0.1, 1, 10,
100, 500}), ε = 0.05 (searched among {0.01, 0.05, 0.1, 0.2, 0.5}), kernel width σ = 0.75 (searched 0.10–2.00, step 0.05);
SVR (without feature extraction): C = 0.8 (searched [0.3, 2.0]), γ = 0.007 (searched [0.003, 0.01]), ε = 0.05 (searched
[0.03, 0.1]). The search ranges were determined independently for each method based on the dimensionality of
their input features and their respective parameter sensitivity.)

(a) (b) (c) 

(d) (e) (f) 

Figure 7. Scatter plots of predicted versus reference values for different modeling strategies: (a) PCR
model without feature extraction; (b) PLSR model without feature extraction; (c) SVR model without
feature extraction; (d) PCA–SVR model; (e) ICA–SVR model; (f) KICA–SVR model.

(1) Model Performance Comparison
To investigate the effect of different feature extraction methods on the performance

of the SVR model, this study established SVR models based on three feature extraction
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methods—PCA, ICA, and KICA—with the SVR model without feature extraction serving as
the baseline for comparison. The key performance indicators of all models are summarized
in Table 2.

As shown in Table 2, when modeling used only the 120 wavelet-compressed features,
the SVR model achieved high fitting accuracy on the training set (R2 = 0.9796) but an R2

of 0.8726 on the test set, revealing a noticeable generalization gap. NIR spectral variables
are inherently multicollinear, and high-dimensional redundant features tend to introduce
noise into the model. The scatter plot in Figure 7c further illustrates this limitation: the
predicted values still deviate noticeably from the reference values, with the sample points
being relatively dispersed. Moreover, the error range remains fairly wide, indicating that
the consistency between predicted and reference values could still be improved. These
observations suggest that relying solely on wavelet-compressed features for modeling has
inherent limitations, underscoring the necessity of incorporating feature extraction to refine
the model input.

PCA is a commonly used linear dimensionality reduction method in spectral analy-
sis, which extracts orthogonal principal components based on the principle of maximizing
variance. After comparing different cumulative contribution rate thresholds, 14 principal
components were retained for modeling, corresponding to a cumulative contribution rate of
90%. Following PCA transformation, the test set R2 reached 0.8731 with an RMSE of 0.1743,
indicating improved model stability. As shown in Figure 7d, the predicted values exhibit
tighter clustering around the reference values, and the overall prediction error becomes more
stabilized, suggesting that PCA reduces the multicollinearity of the spectral data to a certain
degree. However, because the principal components extracted by PCA are linear combina-
tions of the original variables, the method has inherent difficulty in effectively separating
informative signals from interfering components. Consequently, some redundant information
remains in the model, limiting further improvement in prediction accuracy.

To further separate informative signals from interfering components, ICA was em-
ployed for feature extraction. Unlike PCA, the components extracted by ICA are statistically
independent from one another. In this study, 10 independent components were extracted
for modeling, raising the test set R2 to 0.9138, reducing the RMSE to 0.1436, and yielding an
RPD of 3.43. At this stage, the model outperformed all preceding methods on the test set.
As shown in Figure 7e, the predicted values align more closely with the reference values
and the data points are more tightly clustered, indicating that the correspondence between
predicted and reference values has become more consistent and that the prediction error
has stabilized. These improvements suggest that ICA enhances the extraction of effective
spectral information to a certain degree while attenuating noise interference. Notably,
compared with the PLS-based sorghum NIR model reported by Yu et al. [29] (R2 = 0.8841),
the proposed KICA–SVR framework achieved a higher prediction accuracy of R2 = 0.9248,
suggesting that nonlinear feature extraction via KICA offers a modest improvement over
conventional linear modeling for tannin quantification in sorghum.

Although ICA outperforms PCA in terms of predictive performance, it remains funda-
mentally a linear method. In NIR spectroscopy, the relationship between the spectra and
the target analyte content often exhibits a degree of nonlinearity, which may arise from
factors such as light scattering effects, matrix differences, or molecular interactions—factors
that are inherently insufficiently fully captured by linear methods. To address this, KICA
was further employed for feature extraction. By expanding the data space via the kernel
trick, KICA extracted 11 nonlinear independent components for modeling. Under this
approach, the model performance was further enhanced, achieving a test set R2 of 0.9248,
an RMSE of 0.1341, and an RPD of 3.68. As shown in Figure 7f, the predicted values
align even more closely with the reference values and the sample points are more tightly
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clustered. Moreover, the deviations between predicted and reference values are smaller and
the error range is markedly narrowed. These results indicate that KICA can, to a certain
extent, capture the nonlinear information embedded in the spectra, thereby enhancing
the model’s predictive capability. This also confirms that KICA represents the optimal
feature extraction strategy in this study for adapting to spectral data and improving the
quantitative prediction of target components.

(2) Comparison of Feature Extraction Quality
In evaluating feature extraction quality, reconstruction error serves as an intuitive and

effective comparative metric [32]. After the original high-dimensional data are transformed
into low-dimensional features, a reconstruction model is employed to map these features
back to the original data space, and the discrepancy between the reconstructed and original
data is then calculated. If the dimensionality reduction process preserves the essential
information of the data, the reconstruction error should be small; conversely, if substantial
information is lost, the reconstruction error will be large. By comparing the reconstruction
errors of different dimensionality reduction methods, their respective capacities to retain
the original spectral information can be objectively assessed, thereby providing a basis for
comparing feature extraction quality.

The reconstruction strategy varies with the dimensionality reduction algorithm. For
PCA, the dimensionality reduction is a linear projection, and reconstruction is directly
accomplished via the inverse transform of the loading matrix. For ICA, which is also linear,
the original features can likewise be reconstructed from the independent components
through a pseudo-inverse operation. For KICA, however, the dimensionality reduction
process is nonlinear, making direct inversion difficult; therefore, a linear regression model
was adopted as a bridge for reconstruction. It should be noted that PCA and ICA pos-
sess exact linear inverse transforms, whereas KICA, owing to the nonlinear nature of its
dimensionality reduction, requires a linear regression model for reconstruction, and its
reconstruction error therefore includes an additional approximation error. Consequently,
the reconstruction advantage of KICA may be underestimated, and its true information
retention capability may be better than the reported values. This linear reconstruction
approach places all three methods under a common benchmark for comparison, while also
avoiding the overfitting risk associated with nonlinear reconstruction. The reconstruction
error was uniformly quantified using the root mean squared error (RMSE):

RMSE =

√√√√ 1
N × D

N

∑
i=1

D

∑
j=1

(xij − x̂ij)2

where xij and xij represent the j-th original and reconstructed compressed feature value of
the i-th sample, respectively; N is the number of samples; and D is the dimensionality of
the compressed features.

All three methods performed dimensionality reduction on the same set of wavelet-
compressed features. Based on the model performance optimization described earlier,
PCA retained 14 principal components, ICA extracted 10 independent components, and
KICA extracted 11 independent components; their reduced dimensionalities were therefore
comparable (10–14 dimensions). The reconstruction errors shown in Table 3 indicate
that PCA produced the largest reconstruction error, followed by ICA, whereas KICA
yielded the smallest. The fundamental reason for this discrepancy lies in the distinct
statistical information exploited by each method. PCA relies exclusively on second-order
statistics (the covariance matrix) and is unable to capture the nonlinear structures inherent
in the spectral data; consequently, its reconstruction accuracy remains limited even with a
relatively large number of principal components. ICA, in contrast, exploits higher-order
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statistical information by maximizing non-Gaussianity, and its independent components
can represent the original signals more intrinsically, resulting in better reconstruction than
PCA at a comparable dimensionality. KICA further incorporates the kernel trick, extracting
independent components in an implicit high-dimensional feature space and thereby more
fully leveraging the nonlinear information embedded in the spectra. This conclusion
aligns with the regression modeling results presented earlier: among the three approaches,
the KICA-based SVR model achieved the highest predictive accuracy, followed by the
ICA-based model, with the PCA-based model being the lowest, further validating the
advantages of higher-order statistics and kernel methods in spectral feature extraction.

Table 3. Reconstruction error comparison of different feature extraction methods.

Feature Extraction
Method

Number of
Features

Training Set Test Set

Reconstruction
RMSE

Reconstruction
RMSE

PCA 14 0.000094 0.000101
ICA 10 0.000066 0.000074

KICA 11 0.000062 0.000069

(3) Model Stability Analysis
To avoid the contingency introduced by a single data split, 20 repeated experiments

were conducted based on the original data partition, each with an independently executed
complete modeling pipeline. Figure 8 presents the distributions of R2 and RMSE on the
training and test sets for each model across the 20 replicates.

Figure 8. Comparison of R2 and RMSE on the training and test sets for each model over 20 re-
peated experiments.

On the test set, KICA–SVR achieved a mean R2 of 0.9057, higher than those of ICA–
SVR (0.9017), PCA–SVR (0.8581), and SVR (0.8374), indicating that KICA attained the best
average prediction accuracy. In terms of variability, the standard deviation of R2 for KICA
was 0.0222, lower than that of ICA (0.0307) but slightly higher than that of PCA (0.0191),
suggesting that KICA not only delivered the best average performance across repeated
runs but also exhibited relatively small fluctuations, reflecting favorable consistency in
predictive performance. A similar trend was observed for RMSE: the mean test-set RMSE
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of KICA was 0.1469, lower than those of ICA (0.1498), PCA (0.1810), and SVR (0.1935).
Paired t-test results showed that KICA–SVR significantly outperformed PCA–SVR and
SVR (p < 0.001), whereas no significant difference was found between KICA–SVR and
ICA–SVR (p = 0.6571). In certain splits, ICA even slightly surpassed KICA, which may
be related to the preprocessing pipeline—after first-order derivative preprocessing and
wavelet transform, some nonlinear effects in the original spectra were attenuated, enabling
linear ICA to achieve performance comparable to that of KICA in those splits.

On the training set, SVR and ICA yielded the highest mean R2 values (0.9620 and
0.9646, respectively), while KICA (0.9514) was slightly lower, although the difference was
marginal. Examining the gap between training-set and test-set R2, SVR showed the largest
discrepancy (0.1246), indicating a pronounced overfitting problem, which can be attributed
to SVR modeling directly on high-dimensional raw features without effective dimensional-
ity reduction. The R2 gaps for PCA and ICA were 0.0610 and 0.0629, respectively, whereas
KICA exhibited the smallest gap among the four models (0.0457), suggesting the strongest
generalization capability. With regard to error variability, the standard deviation of the
training-set RMSE for KICA (0.0170) was markedly larger than those of PCA (0.0022) and
ICA (0.0010), indicating that KICA was more sensitive to the composition of the training
set—variations in individual training samples may propagate through the kernel matrix
and affect the structure of the entire high-dimensional feature space, thereby amplifying the
fluctuation of training error. On the test set, however, the standard deviation of RMSE for
KICA (0.0155) was actually lower than that of ICA (0.0204), demonstrating that while KICA
was sensitive to sample variation on the training set, its generalization stability on unseen
samples was not compromised. These results further validate the combined advantages of
KICA–SVR in terms of prediction accuracy and generalization stability.

(4) Validation of KICA Applicability
To validate the applicability of the proposed method, a generalization experiment was

conducted on the publicly available corn NIR dataset from Eigenvector (https://eigenvector.
com/resources/data-sets/, accessed on 25 March 2026). Specifically, spectra acquired with the
M5 instrument were used, covering the wavelength range of 1100–2498 nm with 700 wave-
length points, and fat and protein contents were set as the prediction targets. The identical
analytical pipeline as that applied to the sorghum data was adopted, namely wavelet com-
pression, feature extraction, and SVR modeling. The predictive performance of three feature
extraction methods—PCA, ICA, and KICA—was compared, and the results are presented in
Table 4. As shown in the table, for both constituents, the KICA-based model outperformed
the PCA- and ICA-based models on the test set. These results are consistent with the findings
obtained for the sorghum tannin data in this study.

Table 4. Comparison of prediction performance of different feature extraction methods on the
corn dataset.

Target Model
Training Set Test Set

R2 RMSE R2 RMSE RPD

Protein
PCA-SVR 0.9658 0.0874 0.9030 0.1684 3.32
ICA-SVR 0.9382 0.1234 0.9223 0.1355 3.71

KICA-SVR 0.9873 0.0546 0.9311 0.1193 3.94

Fat
PCA-SVR 0.9043 0.0511 0.8571 0.0788 2.73
ICA-SVR 0.9032 0.0560 0.8715 0.0569 2.88

KICA-SVR 0.9247 0.0488 0.9525 0.0361 4.74

For sorghum tannin, corn protein, and corn fat, KICA consistently achieved the best
quantitative prediction performance on two independent datasets, fully demonstrating
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its effectiveness and generalization capability in NIR quantitative analysis. These results
further indicate that KICA holds considerable potential for application in agricultural NIR
testing, particularly for quality assessment of samples with complex matrices. By adopting
a blind source separation framework and leveraging the kernel trick to handle nonlinear
mixing effects, KICA can more fully exploit the latent features embedded in the spectra and
effectively separate informative signals from interferences, thereby substantially improving
both the accuracy and robustness of the prediction model.

These results indicate that KICA achieved superior prediction performance across
two independent datasets and three different constituents, which can be closely attributed
to its feature extraction mechanism. The improvement in KICA over linear methods in
both prediction accuracy and reconstruction quality stems from its combined use of the
kernel trick and blind source separation. Unlike PCA, which relies solely on second-order
statistics, KICA maximizes non-Gaussianity in an implicit high-dimensional feature space
and is capable of separating nonlinearly mixed source signals, thereby more fully extracting
effective information related to the target constituents from the spectra. Compared with
ICA, which can only handle linear mixtures, KICA maps the original data into a high-
dimensional space via a kernel function and performs linear ICA in that space, which is
equivalent to constructing a feature representation that adapts to the nonlinear structure
of the data. Consequently, when confronting nonlinear spectral distortions caused by
factors such as light scattering and particle size differences, KICA can more effectively
capture the underlying nonlinear information, reducing the information loss induced by
linear assumptions.

4. Conclusions
This study introduced kernel-independent component analysis (KICA) into NIR spec-

tral modeling and combined it with support vector regression (SVR) to achieve accurate
prediction of tannin content in sorghum grains. The results demonstrated that KICA–SVR
outperformed PCA and ICA in terms of prediction accuracy, and its stability was validated
through 20 repeated experiments (R2 = 0.906 ± 0.022). Reconstruction error analysis indi-
cated that KICA can more completely preserve the nonlinear informative content of the
original spectra, while wavelength correlation analysis enhanced the interpretability of the
model. Generalization experiments on a corn dataset further validated the applicability of
the proposed method.

The application of KICA in NIR quantitative analysis of cereal grains remains rela-
tively underexplored compared with linear methods, and this study provides a systematic
evaluation of its potential in this context. The main limitations of KICA are its sensitivity
of kernel parameters to the composition of the training set and its relatively high compu-
tational cost, both of which can be effectively managed through cross-validation. Future
work may incorporate prior physicochemical information on the samples, leverage the
inherent advantages of KICA as a blind source separation technique to further investigate
the correspondence between independent components and specific chemical constituents,
and validate the method in more complex real-world detection scenarios. Overall, KICA
can serve as a promising approach for rapid NIR-based quality assessment of agricultural
products with complex matrices.
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