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Abstract 

In response to Chinese liquor brewing industry's need for precise control of sorghum tannin content 
and the issues of low efficiency and high cost associated with traditional detection methods, this 
study proposes a non-destructive detection method for sorghum tannin content based on the fusion 
of dual hyperspectral sensor features. Based on 240 representative sorghum samples covering 
different varieties and production regions, visible and near-infrared (VNIR) and short-wave infrared 
(SWIR) hyperspectral data were sequentially collected, and the tannin content was determined using 
standard chemical methods as reference values. Using the competitive adaptive reweighted sampling 
(CARS) method, characteristic wavelength bands were extracted and fused feature subsets were 
constructed. Combined with partial least squares (PLS), support vector machine (SVM), and 
convolutional neural network (CNN) algorithms, the performance of models built from both full-
data concatenation and feature fusion of VNIR and SWIR data was systematically compared. The 
results demonstrated that the feature-based models exhibited superior performance to the full-
spectrum models, while the model incorporating dual-sensor feature fusion achieved the best overall 
results. And the Fused-Feature-CNN model achieved the optimal prediction performance, with 
values of 0.8298 for RP2, 0.2894 for RMSEP, and 2.4239 for RPDP. This study confirms that the 
integration of multi-sensor feature fusion with deep learning strategies can provide an effective 
technical pathway for the rapid, non-destructive detection of sorghum tannin content and the 
development of online sorting equipment. 

Keywords: sorghum; tannin content; hyperspectral; feature extraction; prediction model 
 

1. Introduction 

Chinese liquor, as one of the world's six major distilled spirits, leads globally in production and 
sales. It boasts a vast market scale and profound cultural heritage, being recognized as a national 
intangible cultural heritage, highlighting unique Eastern brewing wisdom and significant economic 
value [1]. Almost all Chinese famous brand liquors, such as Moutai (Sauce-aroma), Wuliangye 
(strong-aroma), and Fenjiu (light-aroma) are distilled spirits, and take sorghum grains as the main 
raw material, and its quality directly determines the yield rate and flavor profile of the base liquor. 

At present, more than 80% of sorghum grains are used for liquor-brewing [2]. Biochemical and 
physical characteristics of sorghum grains significantly impact the flavor and taste profile of liquor. 
Among which, tannin (proanthocyanidins, PAs) plays a signifcant role, because tannin can produce 
syringic acid and syringaldehyde, both of which are necessary in the brewing process [3]. And an 
appropriate tannin content can inhibit the growth of harmful microorganisms and increase the yield 
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of liquor, nevertheless, if the tannin content surpasses this optimal threshold, it can impart a bitter 
taste to the liquor, detracting from its overall quality. Therefore, rapid and accurate prediction of 
sorghum tannin content are of crucial significance for raw material selection, process adaptation, 
quality control, and product standardization in the liquor industry. 

In order to accurately determine the tannin content in sorghum grains, researchers have 
employed various chemical analytical methods, such as Folin-Ciocalteu Method, Phenol-Amino Acid 
Method, Acid Hydrolysis Method, Colorimetric Method, and spectrophotometry [4–8], all these 
methods can provide accurate data of tannin content. However, these methods also come with some 
notable limitations. Firstly, the preprocessing before determination is complex, involving the drying, 
fine grinding, and rigorous sieving of samples. These steps are time-consuming, labor-intensive, 
cause irreversible damage to the natural physical structure of the sorghum grains. Furthermore, the 
determination process involves multiple cumbersome steps, such as extraction, filtration, 
concentration, dissolution, precise calibration, and potential dilution, which are not only labor-
intensive but also time-consuming [9]. These traditional chemical prediction methods fail to meet the 
demands for online, accurate, and rapid prediction in an industrial setting. 

To overcome the limitations of traditional methods, hyperspectral imaging technology has been 
widely used as a rapid and non-destructive prediction tool in the quality analysis of agricultural 
products [10]. It is an analytical technique that is based on the principle of the interaction between 
matter and electromagnetic radiation. By analyzing the absorption, emission, scattering, or 
transmission characteristics of matter towards electromagnetic radiation of different wavelengths, 
information about its composition, structure, and concentration can be obtained. This technique 
boasts advantages such as high sensitivity, strong selectivity, and non-destructiveness. Zhang et al. 
(2023) researched on tannin content prediction of grains, pointed out that prediction of tannin content 
by chemical methods is both time and manpower consuming, however, by utilizing hyperspectral 
imaging (HSI) technology in combination with an optimized algorithm, tannin content of grains can 
be detected rapidly, accurately and non-destructively [11]. Baek et al. (2023) predicted the tannin 
content and quality parameters in astringent persimmons, showed the possibility of using visible and 
near-infrared (VNIR) hyperspectral for the prediction of postharvest quality and tannin contents 
from intact persimmon fruit with quick, chemical-free, and low-cost assessment methods [12]. These 
studies all utilized data from a single hyperspectral sensor. However, a single hyperspectral sensor 
has limited prediction ranges. For instance, the Visible region is sensitive to color variations, while 
the visible and near-infrared (VNIR) and short-wave infrared (SWIR) region responds to functional 
groups such as C-H and O-H bonds [13]. 

According to a variety of studies, tannin is mainly concentrated in pericarp of sorghum grains, 
and there is a significant correlation between the color intensity and tannin content. Different 
sorghum grains exhibit variations in color and shape, usually can be effectively characterized through 
their distinct responses in the visible spectral regions [14,15]. Meanwhile, due to the structural 
complexity of tannins, their complete optical information may be distributed across a broader 
spectral range, including both VNIR and SWIR regions. Therefore, this study innovatively proposes 
a strategy based on data fusion from VINR and SWIR hyperspectral sensors. The dual sensors can 
cover a broader spectral range and capture more abundant and complementary information. By 
integrating data from both regions, the spectral features related to tannin content can be characterized 
more comprehensively, holding promise for achieving higher accuracy and more robust non-
destructive prediction of sorghum tannin content.  

The specific procedures employed in this research were as follows: 
Firstly, original VNIS and SWIR hyperspectral images of sorghum samples were collected 

separately. Then, the tannin content was determined using chemical methods. Subsequently, two 
parallel processing routes were adopted: the first was an early data-layer fusion strategy, where the 
VNIS and SWIR spectra were directly concatenated to form a continuous spectral matrix, and then 
features were uniformly extracted from this concatenated data and an early fusion prediction model 
was established; the second was a mid-feature-layer fusion strategy, where independent feature 
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extraction was performed on the VNIS and SWIR spectra, obtaining feature subsets representing 
color properties and organic molecular structure information, and then fusion was carried out 
through feature concatenation, and input into the final prediction model. Ultimately, this study will 
systematically compare the performance of the two fusion strategies and determine the optimal 
model for predicting sorghum tannin content, meeting the requirements of model robustness and 
interpretability in the brewing industry. 

Through the above research, it is expected to provide an effective technical means for the rapid 
classification of raw materials used in liquor production, the adaptation of the process, and the 
quality control of the final product. 

2. Materials and Methods 

2.1. Experimental Materials of Sorghum Grains 

The experimental materials for this study were sorghum cultivar samples collected from six 
different cultivation regions in Shanxi Province, namely Yanbei, Xinzhou, Lüliang, Jinzhong, 
Changzhi, and Yuncheng. The growing areas are located between 34°N and 40°N latitude, with 
elevations ranging from 300 to 1,600 meters. Each sample was collected with a weight of 1000 grams, 
and stored in sealed container at room temperature.  

During the experiment, we captured hyperspectral images of each sample firstly, and then used 
the same sample for chemical analysis to determine the tannin content. Ultimately, we hope to 
establish a relationship between spectral data and the tannin content in sorghum.  

2.2. Hyperspectral Image Acquisition and Chemical Determination of Tannin Content 

2.2.1. Hyperspectral Image Acquisition  

The instrument used to collect hyperspectral images is a visible-near infrared hyperspectral 
scanning platform (Starter Kit, Headwall Photonics, USA). The instrument has two lenses. Lens 1 has 
a wavelength range of 380-1000nm, a spectral resolution of 0.727nm, a total of 856 bands; and lens 2 
has a wavelength ranges of 900-1700nm, a spectral resolution of 4.715nm, a total of 172 bands. Due 
to potential errors caused by spectral reflectance fluctuations of the lens in extreme wavelength 
ranges, wavelengths at the edge portions of the lens were removed. For modeling purposes, the first 
lens was selected to cover a wavelength range of 430 to 900nm, a total of 646 bands. The wavelength 
range of 430-780 nm falls within the VIS spectrum, while 780-900 nm belongs to the NIR spectrum. 
Lens 2 was chosen to cover a wavelength range of 950 to 1650nm, a total of 148 bands, all bands 
belong to the SWIR spectrum.  

During the acquisition process, the first step is to calibrate the instrument, followed by placing 
the sorghum grain samples into the experimental dish with a diameter of 60 mm and a depth of 20 
mm, ensuring that the sample surface is smooth and compact, and subsequently collect the spectral 
data using lens 1 and lens 2, respectively. After three times of collection, repeat the instrument 
calibration to ensure the accuracy of the data. 

2.2.2. Chemical Determination of Tannin Content 

The chemical determination method for tannin content in sorghum grains employs 
spectrophotometry [16,17]. By extracting the tannin components from sorghum grains and 
comparing them with a standard curve, the tannin content can be calculated. The operational steps 
are as follows:  

(1) Grind each sample and sieve it through a 50-mesh screen.  
(2) Accurately measure out a sample weighing 1.0 g with a precision of 1 mg and transfer it into 

the centrifuge tube.  
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(3) Transfer 20 mL of dimethylformamide solution into a hermetically sealed centrifuge tube 
containing the sample using a pipette, and agitate for 60 min. Subsequently, subject the mixture to 
centrifugation at a speed of 3000 g for 10 min.  

(4) Add 6 mL of distilled water and 1 mL of ammonia solution, respectively. Vigorously agitate 
the mixture using a oscillator for a duration of 30 s.  

(5) Add 5 mL of distilled water and 1 mL of ferric ammonium citrate solution, respectively. 
Vigorously agitate the mixture using a oscillator for a duration of 30 s.  

(6) After 10 minutes, pour the solution into a cuvette and measure the absorbance at 525 nm 
using a spectrophotometer, with water as the blank control.  

(7) Using a tannic acid solution to construct a standard curve enables the determination of tannin 
content. The calculation formula is:  

2 100
100 -

cT
m H

= ×  (1) 

Where, T represents the tannin content (%), c represents the tannic acid content obtained from 
the calculation of the standard curve (mg/mL); m represents the sample mass (mg); H represents the 
moisture content of the sample (%).  

In this experiment, repeated the process for each sample three times and take the average value 
as the final result. 

2.3. Data Fusion Strategy for Dual Hyperspectral Sensors 

2.3.1. Data Layer Fusion 

The spectral data collected by Lens 1 (430–900 nm, VNIR) and Lens 2 (950–1650 nm, SWIR) are 
directly spliced along the wavelength dimension through concatenation, constructing a continuous 
spectral matrix covering the range from VNIR to SWIR. Based on this integrated dataset, unified 
model development was performed. 

2.3.2. Feature Layer Fusion 

First, the spectral data collected by Lens 1 and Lens 2 are independently preprocessed to extract 
feature subsets representing color appearance characteristics and internal composition information, 
respectively. Subsequently, the two feature subsets are fused using the Feature Concatenation 
method and jointly input into the tannin content prediction model for analysis and modeling.  

2.4. Hyperspectral Data Extraction and Dataset Partitioning 

2.4.1. Spectral Data Extraction  

Hyperspectral images encapsulate both spectral and image information derived from sorghum 
samples [18,19]. In this work, Visual Basic 6.0 was firstly adopted to develop a procedure for creating 
sampling point file, then loaded the generated sampling point files into Spectral View software. By 
above processes, the region of interest (ROI) of each image was selected. The ROI region contains 
over 16,000 pixels for each hyperspectral image, the reflectance of sorghum grains was obtained by 
calculation the average reflectance for all pixels, the calculation formula is as follows:                                 

1

1 n

i
i

R R
n =

= ∑  (2) 

Where, R represents the average reflectance, Ri represents the reflectance of the i-th pixel point, 
and n denotes the number of pixels. The calculated average reflectance will serve as the foundational 
dataset for subsequent data processing. 

2.4.2. Dataset Partitioning  
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In this work, the Hold-Out Validation algorithm was adopted for data set partitioning [20,21]. 
The spectral dataset was divided into two parts, the calibration set and the prediction set data account 
for 75% and 25% of the total data, respectively.  

2.5. Feature Variable Extraction 

Competitive Adaptive Reweighted Sampling (CARS) algorithm was used to feature variable 
extraction in our work, this method simulates the principle of "survival of the fittest" by sequentially 
employing adaptive reweighting, cross-validation screening, and Monte Carlo iterations to optimally 
select feature wavelengths [22,23]. To enhance the stability of the predictive model, the Monte Carlo 
sampling was repeated 100 times to retain spectral bands with higher selection frequencies. 

2.6. Prediction Models and Evaluation Indexes 

2.6.1. Prediction Models  

The method used in this study to establish the prediction models were the Partial Least Squares 
(PLS), Support Vector Machine (SVM) and Convolutional Neural Network (CNN), respectively.  

PLS processes high-dimensional linear data by extracting latent variables, offering advantages 
such as robust prediction performance and strong model interpretability. SVM is designed to identify 
the optimal decision boundary that maximizes the margin between different classes. It is well-suited 
for handling high-dimensional data, offering high efficiency and strong generalization capabilities, 
while flexibly addressing both linear and nonlinear problems. CNN framework employs a 
hierarchical structure through stacked convolutional, activation, and pooling operations. High-
dimensional features are flattened into a 1D vector for processing through fully connected layers, 
with softmax generating probability outputs. Key advantages comprise parameter sharing, sparse 
interactions, and automated feature extraction capabilities [24–27].  

We constructed individual prediction models based on VNIR, SWIR, VNIR features, and SWIR 
features, as well as VNIR-SWIR concatenation and feature fusion, respectively. Through systematic 
comparison of the performance of each model, we identified the optimal modeling strategy for 
sorghum tannin prediction.  

2.6.2. Evaluation Indexes 

The evaluation indicators for model performance are assessed using the coefficient of 
determination (R2), Root Mean Squared Error (RMSE) and Residual Predictive Deviation (RPD). The 
calculation formula is as formula 3-5. 

( )

( )

2
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(4) 

2

1
1

RPD
R

=
−  

(5) 

Generally, the predictive capability of a model can be evaluated according to the following 
criteria: an R² below 0.6 suggests poor reliability; an R² between 0.6 and 0.8 indicates good predictive 
capability; and an R² above 0.8 signifies excellent performance. The lower RMSE value, the higher the 
predictive accuracy of the model. For RPD, a value less than 1.5 implies insufficient predictive ability; 
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a value between 1.5 and 2.0 suggests preliminary competence for quantitative analysis; and a value 
greater than 2.0 represents outstanding predictive performance and practical utility [28–30]. 

3. Results 

3.1. Analysis of Chemical Measurements 

3.1.1. Analysis of Chemical Measurement Results of Tannin Content 

Among all the 240 sorghum samples, the minimum tannin content of was 0.05%, the maximum 
tannin content was 2.56%, the mean tannin content was 1.18%, the standard deviation was 0.7320%, 
and the coefficient variation was 62.4%, respectively. This indicates that certain variations exist in the 
tannin content of the sorghum samples in this experiment, which can be attributed to differences in 
cultivars, growing regions, and growth conditions. Figure 1 displays a combined scatter plot and 
frequency histogram representing the distribution of tannin content across 240 sorghum samples.  

 

Figure 1. Scatter plot and frequency distribution histogram of tannin content in 240 sorghum samples. 

From a modeling perspective, the 2.51% difference between the maximum and minimum values 
in the sample indicates broad coverage of the data range. The standard deviation accounts for 61.9% 
of the mean, and the coefficient of variation is 62.4%, suggesting significant data dispersion with 
relatively uniform distribution across the entire gradient [31,32]. Such data characteristics help ensure 
that the model training process covers various scenarios, effectively avoiding overfitting or 
underfitting caused by excessive concentration of data. This lays a solid foundation for building a 
high-accuracy, highly robust predictive model. 

3.1.2. Analysis of Dataset Partitioning Results 

In this work, the hold-out validation method was employed to partition the dataset, with a split 
ratio of 75% for calibration set and 25% for prediction set, among the all 240 samples. Figure 2 
illustrates the sample distribution of calibration set and prediction set. The figure demonstrates that 
the samples in both the calibration and prediction sets are appropriately and balancedly distributed. 
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Figure 2. Histogram of sample distribution for the calibration set and prediction set. 

Table results of dataset partitioning are shown in Table 1. The mean values of the calibration set 
and the prediction set are similarity, the distribution is uniform, and the potential data distribution 
bias is avoided, which indicates that the division of the data set is reasonable.  

Table 1. The results of tannin content (%) dataset partitioning. 

3.2. Results of Raw Spectral Data 

Figure 3 displays the raw average spectral curves of 240 sorghum samples. Among them, subplot 
(a) shows the spectrum captured by VNIR sensor within the wavelength range of 430–900 nm, while 
subplot (b) presents the spectrum obtained from SWIR sensor over the wavelength range of 950–1650 
nm. As observed in the figure, the overall shapes of VNIR and SWIR spectral curves are generally 
consistent, both exhibiting typical spectral characteristics of sorghum grains. However, there are 
differences in reflectance characteristics of the single spectral curves. In the visible spectral range, 
these variations primarily stem from differences in seed color. For instance, the reflectance trough 
observed around 670 nm is likely attributable to enhanced light absorption by dark chromophores 
within the grains. In the near-infrared and short-wave infrared regions, however, changes in spectral 
features are more closely associated with variations in nutrient content. For example, the reflection 
peak near 1130 nm may be related to overtone vibrations of C-H bonds, while the absorption valley 
around 1480 nm is likely due to combination bands involving O-H bonds [33,34]. These differences 
provide an important foundation for analyzing and detecting sorghum components, offering strong 
support and guidance for further exploration of its chemical composition and potential applications.  

Tannin content 
Calibration set Prediction set 

Mean Max Min SD CV Mean Max Min SD CV 

VINR 1.1632 2.56 0.05 0.7437 0.6394 1.2120 20.9 0.05 0.7073 0.5836 
SWIR 1.1482 2.56 0.05 0.7297 0.6356 1.2570 2.56 0.05 0.7453 0.5929 

VINR+SWIR 1.1849 2.56 0.05 0.7384 0.6332 1.1468 2.07 0.05 0.7243 0.6315 
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Figure 3. The average curve of raw spectra of 240 sorghum samples. (a) VNIR; (b) SWIR.. 

3.3. Feature Variables Analysis 

For spectral data collected from VNIR and SWIR lenses, the CARS algorithm was applied in an 
iterative process to select the most discriminative wavelengths, constitute the feature variable subset, 
respectively. Figure 4 depicts the aforementioned process. 

 

Figure 4. (a) shows the change in the number of feature variables. As the number of Monte Carlo sampling runs 
increases, the number of extracted variables first decreases exponentially and then gradually stabilizes. Figure 4 
(b) displays the variation of the RMSECV values. The RMSECV value first decreases to a minimum and then 
gradually increases. Its initial decrease indicates that irrelevant variables interfering with the target variable are 
effectively eliminated; whereas the subsequent increase suggests that extraneous variables are being introduced 
into the model, resulting in a deterioration of predictive performance. Therefore, the variable subset 
corresponding to the minimum RMSECV represents the optimal feature combination. Figure 4 (c) illustrates the 
trajectory of variable regression coefficients. The asterisk marks the point where the RMSECV reaches its 
minimum value and indicates the corresponding number of variables, representing the optimal variable subset. 
In the VNIR spectral range, the number of feature variables decreased from 646 to 33, and in the SWIR spectral 
range, they were reduced from 148 to 19, respectively. It effectively reduced the number of feature variables 
while retaining valuable information. The corresponding wavelength data are provided in Table 2. 

Table 2. Wavelength of feature variables proposed by CARS algorithm. 
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The wavelengths of the feature variables selected in this study are consistent with those reported 
in references [35] and [36]. In VIS region, the feature wavelengths are primarily concentrated within 
the ranges of 520-540 nm, 560-600 nm, and 630-700 nm. These spectral bands reflect both the intrinsic 
chromophores of tannin molecules and the color effects resulting from their interactions with metal 
ions, which lead to visible differences in sorghum grain coloration. In NIR region, the feature 
wavelengths are mainly concentrated near 830-860 nm and 885-900 nm, likely associated with the 
stretching vibrations of C-H and C-O bonds within the grains. In SWIR region, wavelengths such as 
1048, 1129, 1133, 1289, 1327, 1350, 1383, 1572, 1595, and 1633 nm may be associated with C-H bond 
vibrations; bands at 1180, 1402, 1416, and 1520 nm are likely related to O-H bonds. These indicators 
characterize the overall biochemical environment of tannin and are indirectly correlated with tannin 
content. The wavelengths such as 1430, 1473, 1482, 1553, and 1558nm, may correspond to N-H bond 
vibrations, are a direct indicator of tannin-protein complexes and strongly associated with tannin 
content. These feature variables effectively capture biochemical signals that co-vary with tannin 
content, demonstrating the advantage of hyperspectral technology in revealing core compositional 
indicators through the correlation of spectral features.  

The PLS prediction models using whole variables and CARS variables were established, as 
shown in Table 3. Based on various evaluation metrics, the performance of the CARS-PLS model 
surpassed that of the whole-PLS model. The RC² values of CARS model for VNIR, SWIR and VNIR-
SWIR increased by 0.0311, 0.0465 and 0.0422, the RMSEC decreased by 0.0312, 0.0249 and 0.0339, the 
RPDC increased by 0.1762, 0.0845 and 0.1994, respectively. These results indicate that the CARS 
algorithm effective dimensionality reduction with preserved signal integrity [37,38]. This process not 
only reduces model complexity but also enhances prediction accuracy. 

Table 3. Prediction results of PLS model based on whole spectrum and feature variables. 

3.4. Comparison of Prediction Models and Optimal Prediction Model 

3.4.1. Comparison of Prediction Models 

In this study, PLS, SVM, and CNN prediction models were first established using raw spectral 
data subset from VNIR-Raw, SWIR-Raw, and directly concatenated of VNIR and SWIR(Whole-Raw), 
respectively. Subsequently, three predictive models were established using the VNIR-Feature, SWIR-

Sensor Wavelength of feature variable/nm 

VNIR 

522.115 533.744 534.471 536.651 538.831 564.269 565.723 567.903 570.811 571.537 

573.718 594.795 595.522 596.249 597.702 599.156 602.063 629.681 630.408 632.589 

633.315 634.769 648.578 650.032 652.212 681.284 703.088 828.824 843.36 854.989 

858.623 885.515 893.509        

SWIR 
1048.94 1129.09 1133.8 1180.95 1289.39 1327.11 1350.68 1383.68 1402.54 1416.69 

1430.83 1473.26 1482.69 1520.41 1553.41 1558.13 1572.27 1595.84 1633.56  

Sensor Method 
Number of 

variables  

Calibration set 

RC2 RMSEC RPDC RCV2 RMSECV RPDCV 

VINR whole-PLS 646 0.7401 0.3781 1.9616 0.6802 0.4194 1.7683 

 CARS-PLS 33 0.7812 0.3469 2.1378 0.7384 0.3793 1.9552 

SWIR whole-PLS 148 0.5532 0.4864 1.4961 0.4796 0.5295 1.3862 

 CARS-PLS 19 0.5997 0.4615 1.5806 0.5388 0.4942 1.4725 

VNIR-SWIR Whole-PLS 794 0.7462 0.3710 1.9849 0.6935 0.4077 1.8063 

 CARS-PLS 52 0.7904 0.3371 2.1843 0.7609 0.3600 2.0450 
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Feature, and Fused-Feature subsets, respectively. The prediction results of all models are presented 
in Figure 5-7.  

 

Figure 5. Radar chart for the R² of the models. (a) RC2; (b) RP2. 

 

Figure 6. Radar chart for the RMSE of the models. (a) RMSEC; (b) RMSEP. 
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Figure 7. Radar chart for the RPD of the models. (a) RPDC; (b) RPDP. 

The model prediction results demonstrate that the raw spectrum model constructed by directly 
concatenating data from VNIR and SWIR achieved higher predictive accuracy compared to models 
based on either sensor alone. Taking the SVM prediction model as an example, the RP2 of the 
concatenated Whole-Raw model reached 0.7997, representing an improvement of 7.20% and 48.75% 
over the VNIR and SWIR models, respectively. The RMSEP was 0.3318, which decreased by 6.14% 
and 33.92% compared to the VNIR and SWIR models, respectively. Additionally, the RPDP reached 
2.2369, showing an increase of 12.75% and 52.08% over the VNIR and SWIR models, respectively. 
Consistent trends were also observed in the PLS and CNN models, confirming that the data 
concatenation strategy using dual hyperspectral sensors enhances model prediction performance.  

To further enhance model performance, this study employed the CARS method to extract 
characteristic bands from VNIR and SWIR data, constructing VNIR-Feature and SWIR-Feature 
subsets, and subsequently built a fused-feature subset through feature fusion technology. Predictive 
models were then developed using PLS, SVM, and CNN algorithms. The results demonstrated that 
the models built with each feature subset outperformed the full-spectrum model in predictive 
accuracy. Taking the SVM model as an example, the RP2 for the VNIR-Feature, SWIR-Feature, and 
Fused-Feature models were 0.7763, 0.5805, and 0.8219, respectively, representing improvements of 
4.06%, 7.98%, and 2.78% over the raw spectral models. The RMSEP values were 0.3397, 0.4787, and 
0.296, corresponding to reductions of 3.90%, 4.76%, and 10.79%, respectively. The RPDP values were 
2.1366, 1.546, and 2.3769, showing increases of 7.69%, 5.11%, and 11.25%, respectively. Notably, the 
model built with the Fused-Feature subset comprehensively outperformed those based on single-
sensor feature subsets. Again using the SVM model as an example, Fused-Feature model showed that 
RP2 improvements of 5.87% and 41.58% over the VNIR-Feature and SWIR-Feature models, 
respectively, with RMSEP reductions of 12.86% and 38.17%, and RPDP increases of 11.25% and 
53.75%. The PLS and CNN models exhibited the same trend, indicating that the spectral feature 
fusion strategy further enhances the predictive capability of the models. 

3.4.2. Optimal Prediction Model 

Figure 8 illustrates the fitting performance of the predictive models developed by integrating 
the Fused-Feature subset with the PLS, SVM, and CNN algorithms. As shown, after feature fusion, 
both the SVM and CNN models achieved coefficients of determination exceeding 0.8 in the prediction 
set, while the PLS model fell slightly below this threshold. Furthermore, all models exhibited RPDP 
values greater than 2.0 and maintained low RMSEP levels, indicating robust predictive capability 
across the three modeling approaches. Among them, the CNN model demonstrated the best overall 
performance metrics, with the optimal model achieving a RP2 of 0.8298, a RMSEP of 0.2894, and a 
RPDP of 2.4239. Therefore, the feature fusion-based CNN model developed in this study achieved 
the best performance, demonstrating promising application prospects and generalization potential.  

 

Figure 8. Fitting results of the calibration set and prediction set in the Fused-Feature prediction model. (a) PLS 
model; (b) SVM model; (c) CNN model. 
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4. Discussion 

4.1. Discussion of Sample Representativeness and Dataset Reliability 

This study collected 240 sorghum samples from six regions in Shanxi Province. These samples 
exhibited substantial variation in phenotypic traits including cultivar, grain color, size, and shape, 
thereby ensuring the diversity of the sample set. The detection model developed from this 
representative dataset successfully captured generalizable relationships between tannin content and 
spectral features. This capability enables accurate prediction for unknown sorghum samples from 
different geographical origins or cultivars, demonstrating strong generalization performance [39].  

The tannin content in the samples was determined in strict accordance with the national 
standard using spectrophotometry. This method provided precise and reliable reference values, 
effectively avoiding systematic errors introduced by chemical measurement deviations, thereby 
laying a solid foundation for establishing high-precision hyperspectral quantitative analysis models. 

4.2. Discussion of Dual Hyperspectral Data Sources and Feature Fusion Strategy 

4.2.1. Complementarity of Dual Hyperspectral Data 

Based on the aforementioned sorghum sample set, this study investigated the effectiveness of 
dual hyperspectral data fusion. The results demonstrate that the Whole-Raw data model 
outperformed any single data model. This can be attributed to the informational complementarity 
between different spectral regions. The VNIR region primarily captures information related to 
chromophores and electronic transitions, whereas the SWIR region is more sensitive to combination 
and overtone vibrations of molecular bonds such as O-H, C-H, and N-H. Differences in physical traits 
and tannin content among various sorghum varieties may thus be distinctly captured by different 
sensors. Thus, the fusion of dual hyperspectral data provides a more comprehensive information 
foundation, highlighting the complementary nature of multi-source information.  

4.2.2. The Impact of Feature Extraction and Fusion on Model Performance 

The application of the CARS feature extraction method reduced the dimensionality of the data. 
In the VNIR spectral range, the number of feature variables decreased from 646 to 33, reduced by 
94.89%, and in the SWIR spectral range, they were reduced from 148 to 19, reduced by 87.16%, 
respectively. The performance of the feature models over the raw spectrum models indicates that the 
issues of collinearity and spectral redundancy inherent in hyperspectral data have been effectively 
mitigated. The CARS algorithm employs a competitive adaptive reweighted sampling mechanism to 
select the most relevant and information-rich feature bands associated with tannin content. By 
eliminating redundant information and noise, it simplifies the model structure, thereby enhancing 
both the robustness and generalization capability of the models [40].  

Furthermore, the superior performance of the CARS-Fused-Feature model over both the CARS-
VNIR and CARS-SWIR models indicates that the feature fusion strategy successfully extracts key 
information from the two sensor datasets and integrates them organically [41]. This strategy 
significantly enhances the density of effective information, enabling the modeling algorithm to focus 
more on decisive features, thereby achieving optimal predictive performance. 

In summary, feature extraction and feature fusion approach constitutes a more efficient and 
superior data processing workflow, which enhances prediction performance while simultaneously 
streamlining the model.  

4.3. Discussion on Predictive Model Performance 

4.3.1. Comparative Analysis of Linear versus Nonlinear Models 
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Among the predictive models developed, the linear PLS model demonstrated inferior overall 
performance compared to the nonlinear SVM and CNN models. This discrepancy primarily stems 
from the models' differing capabilities in adapting to data characteristics and structure [42,43]. In this 
study, directly employed raw spectral data without preprocessing steps such as smoothing or scatter 
correction, aiming to preserve the complete information in the original spectra. However, the 
relationship between sorghum tannin content and spectral features is likely influenced by multiple 
factors including scattering effects and inter-component interactions, thereby exhibiting pronounced 
nonlinear characteristics that exceed the capacity of linear models. As a linear model, PLS struggles 
to capture the complex nonlinear characteristics present in raw spectral data. In contrast, SVM 
handles nonlinear problems by employing kernel functions to map the original data into a higher-
dimensional space where the relationship becomes linear, whereas CNN leverages its architecture of 
multiple nonlinear activation layers and local receptive fields to automatically learn deep-level 
features within spectral data [44,45]. Thus, both SVM and CNN demonstrate superior adaptability 
when modeling such complex, unprocessed spectral data, enabling them to more accurately fit the 
true mapping relationship between tannin content and spectral response. 

4.3.2. Comparative Analysis of SVM versus CNN 

Among the nonlinear models, the CNN model achieved superior performance, while the SVM 
model performed slightly less effectively. This difference arises because SVM, as a shallow 
architecture, is critically dependent on the selection of kernel functions and parameters. In contrast, 
CNN possesses the capability for automated deep feature learning, enabling it to progressively 
extract deeper correlations through successive convolution and pooling operations applied to the 
selected features, thereby uncovering subtle patterns that are challenging for SVM to detect [46–48]. 

In summary, based on a high-quality sorghum sample set encompassing diverse genetic and 
environmental backgrounds, this study systematically demonstrated the significant advantages of 
multi-sensor feature fusion strategy and nonlinear deep learning models in hyperspectral 
quantitative inversion of tannin content. The proposed method provides a reliable and practical 
technical solution for rapid, non-destructive quality assessment of tannin content of sorghum. 

5. Conclusions 

This study systematically investigated a nondestructive detection method for tannin content in 
sorghum using dual hyperspectral sensor data fusion, and yielded the following main conclusions: 

(1) The whole spectral model constructed by concatenating data from both VNIR and SWIR 
sensors demonstrated significantly superior predictive performance compared to models using 
individual sensor data.  

(2) The variable subset models established based on CARS feature selection outperformed the 
whole spectrum models, while the model incorporating feature-level fusion of both sensors further 
enhanced the prediction performance.  

(3) The nonlinear SVM and CNN models demonstrated superior adaptability compared to the 
linear PLS model. Among them, the Fused-Feature-CNN model achieved the optimal prediction 
performance, with values of 0.8298 for RP2, 0.2894 for RMSEP, and 2.4239 for RPDP.  

The results of this study demonstrate that the feature fusion strategy effectively overcomes the 
limitations of single-sensor information dimensions. By integrating the complementary spectral 
characteristics of VNIR and SWIR, the model's information capture capability is significantly 
enhanced. Coupled with the powerful nonlinear modeling and deep feature learning capacity of the 
CNN algorithm, the accuracy and robustness of tannin content prediction are further improved. This 
research provides an effective technical pathway for achieving rapid, non-destructive, and high-
precision detection of sorghum tannin content, while establishing a theoretical foundation for 
developing online detection equipment aimed at quality control of raw materials for Chinese liquor 
brewing. 
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