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Abstract 20 

The levels of capsaicin (CAP) and hydroxy-α-sanshool (α-SOH) are crucial for 21 

evaluating the spiciness and numbing sensation in spicy hotpot seasoning. Although liquid 22 

chromatography can accurately measure these compounds, the method is invasive. This study 23 

aimed to utilize hyperspectral imaging (HSI) combined with machine learning for the 24 

nondestructive detection of CAP and α-SOH in hotpot seasoning. Spectral reflectance within 25 

the range of 370-1030 nm was used to develop regression models to predict CAP and α-SOH 26 

content. The results indicated that the PSO-BPNN model was optimal for predicting CAP (R2 27 

= 0.9942) and α-SOH (R2 = 0.9939). Feature selection algorithms and tallow model 28 

experiments identified characteristic wavelengths for CAP (740-800 nm and 850-940 nm) 29 

and α-SOH (450-550 nm, 650-700 nm, 740-800 nm, and 850-940 nm). These findings 30 

demonstrated the potential of HSI for rapid, precise, and nondestructive assessment of CAP 31 

and α-SOH levels in hotpot seasoning. 32 

Keywords: HSI; CAP; α-SOH; machine learning; hotpot seasoning; nondestructive detection   33 



 
 

1 Introduction 34 

In western China, particularly in regions like Sichuan and Chongqing, diverse spicy 35 

cuisines are renowned, especially hotpot, a traditional dish with a long history and famous for 36 

its distinctive numbing and pungent flavors (Zheng et al., 2020). Hotpot seasoning typically 37 

includes beef tallow, fermented broad bean paste, and a higher concentration of chilies and 38 

Szechuan pepper, creating a thicker, oilier, and more aromatic seasoning compared to other 39 

variations (Yu et al., 2023). The numbing and pungent flavors are primarily derived from  40 

chili peppers and Szechuan pepper (Zanthoxylum bungeanum), with capsaicin (CAP) from 41 

chili peppers responsible for the pungency and hydroxy-α-sanshool (α-SOH) from Szechuan 42 

pepper responsible for the numbing effect (Wang et al., 2023). 43 

 The levels of CAP and α-SOH vary across different origins and varieties of chili 44 

peppers and Szechuan pepper (Jiang et al., 2018; Wang et al., 2023), leading to varying 45 

degrees of pungency and numbness in hotpot seasoning products produced using the same 46 

process. Therefore, measuring CAP and α-SOH content in hotpot seasonings is essential to 47 

control these pungent and numbing flavors. Traditional methods for evaluating these two 48 

compounds are often invasive, time-consuming, and costly. Typically, CAP and α-SOH 49 

concentrations are measured using high-performance liquid chromatography (HPLC) 50 

(Duelund et al., 2017; Zhang et al., 2019). Alternatively, the total CAP and α-SOH content 51 

can be quantified using a spectrophotometric method based on the ultraviolet absorption of 52 

sample solutions at different wavelengths (González-Zamora et al., 2015; Zhang et al., 2021), 53 



 
 

or α-SOH content alone can be screened using differential pulse voltammetry in Szechuan 54 

pepper extract (Zhang et al., 2024). Although liquid chromatography offers greater accuracy, 55 

the process is complex, impractical for field testing, and requires skilled laboratory personnel 56 

(Jing et al., 2023). Moreover, spectrophotometry and differential pulse voltammetry may be 57 

affected by other compounds, resulting in inaccurate measurements for target compounds. 58 

Consequently, there is an urgent need for a rapid, nondestructive, and precise method to 59 

quantitatively determine CAP and α-SOH that can be practically applied to the standardized 60 

assessment of hotpot seasoning regarding their pungent and numbing flavors. 61 

Hyperspectral imaging (HSI) is a modern method for assessing food quality (Aheto et al., 62 

2019). By combining conventional imaging with spectroscopy, HSI provides insights into the 63 

chemical component levels and their spatial distribution within food products (Shi et al., 64 

2018). Unlike point-based fiber optic spectrometers, HSI technology captures spectral data 65 

over a significantly larger sample area (Min et al., 2023). enabling the simultaneous analysis 66 

of multiple samples. Previous research has demonstrated the effectiveness of HSI techniques 67 

in assessing internal compound levels in chili and Szechuan peppers, including CAP and 68 

water content in chili peppers (Jiang et al., 2018), as well as total alkylamides and volatile oil 69 

content in Szechuan pepper (Tian et al., 2021). However, further research is needed to 70 

explore HSI's potential for detecting CAP and α-SOH levels in the complex hotpot seasoning 71 

system.  72 

This study aims to assess the potential of HSI in conjunction with machine learning for 73 



 
 

nondestructive detection of pungent and numbing flavor compounds in hotpot seasoning. The 74 

primary research contents were as follows: (1) to develop regression prediction models for 75 

CAP and α-SOH content based on the full wavelength bands (370-1030 nm); (2) to compare 76 

the effectiveness of different feature selection algorithms in processing spectral data for 77 

machine learning models; and (3) to obtain distribution maps of CAP and α-SOH within 78 

hotpot seasoning. 79 

2 Materials and methods 80 

2.1 Materials and chemicals 81 

Hotpot seasoning was prepared using beef tallow, garlic, ginger, dried chili peppers, 82 

Szechuan pepper, grass fruits, cinnamon, star anise, cumin, corn oil, and broad bean paste. All 83 

ingredients were purchased from the local market in Zhenjiang, Jiangsu Province. The 84 

chemicals used in this study, including purified α-SOH (≥98 %) and CAP (≥98 %) were 85 

purchased from Desite Biotech Co., Ltd. (Chengdu, China). Analytical grade methanol and 86 

ethanol were supplied by Sinopharm Chemical Reagent Co., Ltd (China). Capsicum oleoresin 87 

(CO), Szechuan pepper oleoresin (SPO) and Capsanthin (CS) were purchased from Chen 88 

Guang Glory Biologicals Co., Ltd (Hebei, China), while an alkylamide-rich extract (ALE) 89 

was supplied by Xiya Reagent Co., Ltd. (Shandong, China). 90 

2.2 Sample preparation 91 

2.2.1 Hotpot seasoning preparation 92 

Spicy hotpot seasoning samples were collected at various processing stages throughout 93 



 
 

production to analyze changes in CAP and α-SOH levels over time, aiding in the prediction 94 

of the product’s pungent and numbing flavors.  95 

The preparation and conditions for making Szechuan-style spicy hotpot seasoning were 96 

as follows: first, 5 kg of dried chili peppers were sliced into 5 cm sections, then boiled in 97 

water at a 1:3 ratio for 5 minutes with continuous stirring. After boiling, the peppers were 98 

drained to remove surface moisture. Next, 20 kg of beef tallow was added to a cooking pot 99 

and heated to 150 ± 5 ℃ over 15 minutes. Then, 5 kg of corn oil was added, and stirred for 5 100 

minutes, and 5 kg of broad bean paste was incorporated. The drained chili peppers were then 101 

added to the preheated beef tallow and fried at 150 ℃ for 15 minutes, with continuous 102 

stirring. Mixed spices were added and heated in the pot for another 10 minutes. To obtain the 103 

hotpot seasoning samples with varying spiciness, samples were collected from the pot every 104 

10 minutes, three times in total. Following this, 1 kg of Szechuan pepper was added, and 105 

additional samples were taken every 10 minutes to analyze numbing levels, again 3 times in 106 

total. This sampling process is shown in Fig. 1a. Ultimately, 360 hotpot seasoning samples 107 

were collected during 6 processing stages, with all samples stored at 0 ℃ to preserve their 108 

original characteristics for further analysis.  109 

2.2.2 Tallow model 110 

The numbing and pungent extracts (e.g., CO, SPO, and CS) were individually dissolved 111 

into melted tallow with various concentrations of 20 g/kg, 60 g/kg, and 100 g/kg. The 112 

changes in peak intensity from the hyperspectral curves of tallow with these pungent extracts 113 



 
 

indicated specific wavelengths associated with the numbing and pungent substances. 114 

2.3 Hyperspectral imaging system and image acquisition 115 

2.3.1 Hyperspectral Imaging System 116 

In this study, an HSI system was used to acquire hyperspectral images of the samples. 117 

The system consisted of a halogen light source (150 W), a hyperspectral imager, and a carrier 118 

platform, as shown in Fig. S1a. This line-scanning instrument allowed for dynamic scanning 119 

of samples while in motion beneath a stationary camera. Hyperspectral images were captured 120 

using the camera (IOC V10E-sCMOS, Isuzu Optics, Taiwan, China). Each pixel contained a 121 

complete spectrum within the range of 370–1030 nm with a spectral resolution of 2.8 nm, 122 

recording 616 spectral bands with a sampling interval of 1.83 nm. To minimize the influence 123 

of natural light, the experiment was conducted in a dark room, using only the HSI system’s 124 

halogen bulbs.  125 

2.3.2 Hyperspectral Image Acquisition 126 

The petri dish containing the hotpot seasoning was placed on the platform for data 127 

collection after setting the relevant parameters, with the platform moving at a speed of 2.58 128 

cm/s. The HSI system was calibrated before data collection to minimize image noise caused 129 

by dark current effects on the camera and other environmental factors (ElMasry et al., 2016). 130 

To obtain a black calibration image (0% reflectance), the camera lens was covered with a 131 

black lid, while a white Teflon board was used to obtain a white calibration image (99% 132 

reflectance) (Shi et al., 2022). The hyperspectral images were then calibrated using the 133 



 
 

following equation (1): 134 

𝐼𝐼𝑐𝑐 = 𝐼𝐼𝑟𝑟−𝐼𝐼𝑏𝑏
𝐼𝐼𝑤𝑤−𝐼𝐼𝑏𝑏

                                                                                                                                 (1) 135 

where 𝐼𝐼𝑐𝑐 represents the calibrated hyperspectral image, 𝐼𝐼𝑟𝑟 is the raw hyperspectral image, 𝐼𝐼𝑏𝑏 136 

is the black reference hyperspectral image, and 𝐼𝐼𝑤𝑤 is the white reference hyperspectral image 137 

(Feng et al., 2018; He et al., 2022). 138 

2.4 Determination of CAP and α-SOH using HPLC  139 

Standard solutions of CAP and α-SOH were prepared in ethanol with concentrations of 140 

0.1 mg/L, 1 mg/L, 10 mg/L, 20 mg/L, 40 mg/L, 80 mg/L, and 100 mg/L, based on the purity 141 

of CAP and α-SOH standards to plot standard curves. 142 

Ultrasonic extraction of hotpot seasoning with ethanol was used to effectively capture 143 

most of the active flavor components, including pungent and numbing substances (Zhang et 144 

al., 2023). Following hyperspectral imaging, the entire 20 g of hotpot seasoning from each 145 

petri dish was transferred to a 100 mL centrifuge tube. Subsequently, 30 mL of ethanol was 146 

added to the tube, and the mixture was sonicated for 30 minutes before, then centrifuged at 147 

8000 rpm/min for 15 min to collect the supernatant. The remaining residue was re-sonicated 148 

in 20 mL of ethanol for 15 minutes, after which the supernatant was collected again. The 149 

collected supernatant was transferred to a round-bottomed flask and concentrated in a water 150 

bath at 45°C for 1 hour, after which ethanol was added to adjust the final volume to 4 mL, 151 

completing the extraction process of hotpot seasoning.  152 

Concentrations of CAP and α-SOH were determined using HPLC (LC-20AT, 153 



 
 

SHIMADZU, JP) equipped with an autosampler and UV-vis detector. Both standard solutions 154 

and hotpot seasoning extracts were filtered through a 0.22 μm organic filter membrane. The 155 

chromatographic separation was achieved using a Sepax HP-C18 (250 × 4.6 mm, 5 μm) with 156 

an isocratic mobile phase of deionized water and methanol (35:65, v/v) at a flow rate of 1 157 

mL/min for isocratic elution. The sample auto-injection volume was 20 μL, and 158 

chromatographic separation was conducted at a column temperature maintained at 30 ℃. 159 

2.5 Spectral extraction and pre-processing  160 

2.5.1 Spectral data extraction 161 

The HSI system captured data from both the sample and the background, making it 162 

necessary to limit the region of interest (ROI) to the entire area of the hotpot seasoning area. 163 

Spectral reflectance data of the hotpot seasoning and background were extracted from the 164 

calibrated hyperspectral image using ENVI 5.1 software. To eliminate background influence, 165 

image segmentation was applied to isolate the ROI from the background. A grayscale image 166 

was used to generate a mask image, which was subsequently applied to the hyperspectral 167 

image to separate the hotpot seasoning without spices. The final average spectrum for each 168 

sample was derived by averaging all pixels within the ROI. Fig. S1b presents a schematic 169 

diagram of the workflow. This procedure was applied to all hyperspectral images of the 170 

hotpot seasoning, resulting in a spectral matrix with dimensions of 360×616 (360 samples, 171 

each containing 616 spectral bands). 172 

2.5.2 Spectral data preprocessing and division 173 



 
 

During hyperspectral image acquisition with the HSI system, factors such as spectral 174 

response, instrument noise, uneven light source intensity, baseline drift, and grating scattering 175 

were unavoidable and could impact modeling accuracy (Zhang et al., 2022). Therefore, 176 

preprocessing the spectral data was necessary to enhance relevant spectral information and 177 

improve model performance. The Savitzky-Golay (SG) smoothing method was applied to 178 

reduce high-frequency noise by averaging several data points (Cheng et al., 2023). 179 

Subsequently, multiplicative scatter correction (MSC) and standard normal variate (SNV) 180 

were applied to correct spectral scattering (Jia et al., 2017). Additional preprocessing 181 

techniques, including min-max scaler (MMS), mean centering (MC), detrending (DT), 182 

wavelet transform (WAVE), as well as 1st and 2nd derivative methods, were applied to the 183 

spectral data. 184 

After preprocessing, the corresponding concentrations of CAP and α-SOH for each 185 

sample were appended to the latter columns of the spectral matrix. The resulting dataset was 186 

divided into variables (X) and labels (y), where X included columns 1 to 616 (spectral data) 187 

and y included columns 617 and 618 (concentrations). The dataset was randomly shuffled 188 

using a uniform distribution before splitting into a calibration set and a prediction set in a 4:1 189 

ratio, resulting in 228 samples for calibration and 74 for prediction. This data processing 190 

procedure was conducted using Python 3.10. 191 

2.6 Feature wavelength selection 192 

Although hyperspectral data contains extensive information, much of it is redundant and 193 



 
 

exhibits multicollinearity, complicating analysis (Qiao et al., 2022). To address these 194 

problems, feature selection algorithms were employed to identify the characteristic 195 

wavelengths associated with target chemical compounds. To compare the performance of 196 

different feature selection algorithms, the successive projection algorithm (SPA), competitive 197 

adaptive reweighted sampling algorithm (CARS), and random frog algorithm (RF) were 198 

utilized to select optimal wavelengths.  199 

The SPA method, a feed-forward feature selection algorithm, uses a stepwise iterative 200 

process to select the most correlated wavelength in each round, ultimately determining  201 

optimal wavelengths with minimal redundancy and collinearity (Xiong et al., 2024). The 202 

CARS method,  based on the Darwinian concept of “survival of the fittest”, is a variable 203 

selection algorithm that combines Monte Carlo sampling with regression coefficients from 204 

partial least squares regression (PLSR) (Li et al., 2009). Lastly, the RF algorithm iteratively 205 

calculates the spectral variable matrix X and target variable matrix y to obtain the average 206 

probability value for each variable, which serves as an evaluation index for variable 207 

importance (Li et al., 2012). 208 

2.7 Model construction and evaluation 209 

2.7.1 Partial least squares regression 210 

Partial least squares regression (PLSR), a commonly used method in chemometrics 211 

analysis, combines principal component analysis to facilitate data analysis (Zhang et al., 212 

2023). Following principal component analysis on the raw spectral data, PLSR constructs a 213 



 
 

prediction model using the dimensionality-reduced data as variables and the concentrations as 214 

response values. To determine the optimal number of principal components, cross-validation 215 

was performed on the calibration set. The number of potential factors that yielded the 216 

minimum root mean square error of cross-validation was selected as the optimal number of 217 

principal components. 218 

2.7.2 Support vector regression 219 

Support vector regression (SVR), a branch of support vector machine (SVM), is widely 220 

used for quantitative concentration prediction (Leng et al., 2021). Selecting an appropriate 221 

kernel function is crucial for SVR, with common options including the linear kernel, 222 

polynomial kernel, and radial basis function. The model’s optimization objective is to 223 

minimize total loss while maximizing the margin for optimal performance. Given that the 224 

spectral reflectance of hotpot seasoning is not linearly related to the concentrations of CAP 225 

and α-SOH, a nonlinear analytical method is more suitable for this study. Therefore, a 226 

polynomial kernel was selected as the kernel function. Additionally, setting the optimal 227 

penalty factor C and kernel function parameter γ is necessary for effective SVR. To achieve 228 

this, grid search combined with cross-validation was used 229 

2.7.3 Back propagation neural network 230 

Back propagation neural network (BPNN) is a highly effective feed-forward network 231 

based on error backpropagation. During BPNN training, the first layer of neurons serves as 232 

the input layer to receive spectral data, and each layer’s output is used as input for the next 233 



 
 

layer. The final layer, or output layer, provides the network’s predictions. In this study, the 234 

input layer contained the same number of neurons as the spectral feature dimensions, the 235 

hidden layer included 10 neurons, and the output layer contained 2 neurons. 236 

Although BPNN has proven to be a valuable deep-learning algorithm in chemometrics, 237 

it requires further optimization. Random initialization of connection weights can lead to 238 

variability in BPNN predictions, and gradient descent training may converge slowly or get 239 

trapped in local minima with multidimensional spectral data. Particle swarm optimization 240 

(PSO) addresses these issues by simulating individual particles within a “swarm” (analogous 241 

to a flock of birds) with attributes of velocity and position (Jin et al., 2012). In this study, 242 

PSO was used to optimize the initial algorithm for BPNN, producing the optimal PSO-BPNN 243 

model. 244 

2.7.4 Evaluation of model performance 245 

To evaluate the performance of the regression models, various evaluation indexes were 246 

employed to assess the three models (PLSR, SVM, PSO-BPNN). A well-performing 247 

regression model is indicated by a lower root mean square error (RMSE), ideally approaching 248 

0, and a higher coefficient of determination (R2) close to 1  (Sun et al., 2024). Moreover, the 249 

relative percent deviation (RPD) served as an indicator of predictive performance. An RPD 250 

below 1.5 signifies an unreliable model, while an RPD between 1.5 and 2.0 indicates 251 

moderate reliability, and an RPD above 2.0 denotes high reliability (Bai et al., 2024). The 252 

prediction model with the highest stability and accuracy was selected based on these 253 



 
 

evaluation indexes. In addition, the above indicators were calculated using equations (2), (3), 254 

and (4) respectively. 255 

𝑅𝑅𝑅𝑅𝑅𝑅𝑅𝑅 = �1
𝑛𝑛
𝛴𝛴𝑖𝑖=1𝑛𝑛 (𝑦𝑦𝑖𝑖 − 𝑦𝑦�𝑖𝑖)2                                                                                                     (2) 256 

𝑅𝑅2 = 1 − 𝛴𝛴𝑖𝑖=1
𝑛𝑛 (𝑦𝑦𝑖𝑖−𝑦𝑦�𝑖𝑖)2

𝛴𝛴𝑖𝑖=1
𝑛𝑛 (𝑦𝑦𝑖𝑖−𝑦𝑦�)2                                                                                                                 (3) 257 

  𝑅𝑅𝑅𝑅𝑅𝑅 =
� 1
𝑛𝑛−1𝛴𝛴𝑖𝑖=1

𝑛𝑛 (𝑦𝑦𝑖𝑖−𝑦𝑦�)2

𝑅𝑅𝑅𝑅𝑅𝑅𝑅𝑅
                                                                                                            (4) 258 

Where n is the total number of samples, 𝑦𝑦𝑖𝑖 represents the measured value of sample i, and 𝑦𝑦�𝑖𝑖 259 

is the predicted target value, 𝑦𝑦� is the mean value of all samples. 260 

2.8 Chemical information visualization 261 

Each pixel in the hyperspectral image contains spectral information that can be used to 262 

predict the target compounds through the established regression model. With the focus on the 263 

target areas, the hyperspectral image of hotpot seasoning was masked to isolate the ROI. The 264 

spectral data of all pixels were preprocessed, and effective wavelengths were used to predict 265 

CAP and α-SOH concentrations. Grayscale images were then generated to represent the 266 

distribution of these compounds based on the predicted values. Finally, pseudo-color images 267 

were synthesized to visualize the spatial distributions of CAP and α-SOH within hotpot 268 

seasoning.  269 

2.9 Software 270 

Data analysis and model construction were conducted using four software tools: ENVI 271 

5.6, Origin 2018, Visual Studio Code 2022, and Python 3.10. ENVI 5.6 was used to extract 272 

spectral data from regions of interest within the hotpot seasoning. Origin 2018 was utilized 273 



 
 

for processing HPLC data and plotting chromatograms. Visual Studio Code 2022 facilitated 274 

data preprocessing, feature wavelength selection, regression model construction, and 275 

visualization of chemical information. All programming tasks were conducted using Python 276 

3.10. 277 

3 Results and discussion 278 

3.1 Reference concentrations of CAP and α-SOH 279 

This study collected a total of 360 hotpot seasoning samples at intervals of 10, 20, 30, 40, 280 

50, and 60 min. during processing. Fig. 1b and Fig. 1c demonstrate the HPLC graphs and 281 

average concentrations of CAP and α-SOH in samples from each time point. Based on the 282 

HPLC profiles of purified CAP and α-SOH the retention times were 25.7 minutes for CAP 283 

and 28.0 minutes FOR α-SOH. As the simmering time increased, CAP was continuously 284 

released from the chili peppers, leading to a gradual increase in CAP concentration. Samples 285 

collected at 10, 20, 30, 40, 50, and 60 minutes were labeled as S10, S20, S30, S40, S50, and 286 

S60, respectively, as presented in Fig. 1c. The CAP concentrations ranked as follows: S60 287 

(0.62 ± 0.00 mg/g) > S50 (0.37 ± 0.01 mg/g) > S40 (0.33 ± 0.00 mg/g) > S30 (0.28 ± 0.01 288 

mg/g) > S20 (0.26 ± 0.00 mg/g) > S10 (0.23 ± 0.00 mg/g). When evaluating the numbness of 289 

the hotpot seasoning samples, they were ranked as follows: S60 (0.25 ± 0.00 mg/g) > S50 290 

(0.11 ± 0.01 mg/g) > S40 (0.07 ± 0.01 mg/g) > S30 (0.00 ± 0.00 mg/g) = S20 (0.00 ± 0.00 291 

mg/g) = S10 (0.00 ± 0.00 mg/g). The hotpot seasoning samples S10, S20, and S30 did not 292 

contain α-SOH because Szechuan pepper was not yet added. According to the average 293 



 
 

concentrations of hotpot seasoning samples S40, S50, and S60, α-SOH was gradually 294 

released from the Szechuan pepper as heating time increased. 295 

3.2 Dataset construction and description 296 

The dataset was randomly selected based on a uniform distribution and divided into 288 297 

calibration samples and 72 prediction samples at a 4:1 radio. Table S1 presents the ranges, 298 

means, and standard deviation of CAP and α-SOH in both the calibration and prediction sets. 299 

According to Table S1, the hotpot seasoning samples exhibited considerable variability in 300 

CAP content, with a difference of 0.4125 mg/g between the maximum and minimum values. 301 

The mean CAP values for the calibration and prediction sets were 0.3501 mg/g and 0.3359 302 

mg/g, respectively, showing no significant difference. The standard deviation was 0.1319 303 

mg/g in the calibration set and 0.1163 mg/g in the prediction set. The α-SOH was not 304 

detected in the hotpot seasoning samples collected at 10, 20, and 30 min as shown in Fig. 1b 305 

and Fig. 1c resulting in a minimum α-SOH content of 0 mg/g in the total set, with a 306 

maximum difference of 0.2501 mg/g. The average α-SOH value in the calibration set was 307 

0.7320 mg/g, slightly higher than the prediction set at 0.6310 mg/g. The standard deviations 308 

for α-SOH were 0.9050 mg/g in the calibration set and 0.8270 mg/g in the prediction set. 309 

Both CAP and α-SOH exhibited wider data distributions of data in the calibration set 310 

compared to the prediction set, ensuring a reasonable data distribution for modeling after 311 

random shuffling and uniform sample division. 312 

3.3 Regression models based on the overall spectral for CAP and α-SOH  313 



 
 

The raw spectral curves extracted from hyperspectral images of hotpot seasoning 314 

samples, shown in Fig. 1d, displayed a consistent trend within the effective range of 370-315 

1030 nm. Three distinct absorption peaks were observed at 665 nm, 757 nm, and 927 nm, 316 

with an additional relatively flat peak at 839 nm. The wavelengths around 665 nm fall within 317 

the red range of the visible spectrum, where certain pigment molecules absorb light energy 318 

(Li et al., 2023). 319 

Preprocessing the original spectral data was essential to eliminate interference from 320 

factors such as background noise and light scattering. In this study, the methods described in 321 

Section 2.4.1 were applied to optimize original data. PLSR, SVR, and PSO-BPNN models 322 

were then constructed to predict CAP and α-SOH, each showing varying performance when 323 

combined with different pretreatment methods. Model performance was evaluated using R2, 324 

RMSE, and RPD. The spectral curves following various pretreatments are shown in Fig. S2, 325 

while the average raw spectral curves of hotpot seasoning sampled at 6 different times are 326 

shown in Fig. S2a. Notably, most pretreatments preserved the differences in the original 327 

spectral curves of different samples at the absorption peaks, except for the SG+2nd derivative 328 

method.  329 

3.3.1 Prediction based on PLSR 330 

The original spectral data were used to construct the PLSR model, and its performance 331 

was compared with datasets preprocessed using 9 different methods. In all datasets, the 616 332 

columns of spectral data were assigned to matrix X, while matrices comprising CAP and α-333 



 
 

SOH concentrations were assigned to variable y. The PLSR model was employed to capture 334 

the intricate relationship between spectral data X and concentration data y for quantitative 335 

prediction. 336 

Table 1 demonstrates the prediction results using different preprocessed spectral datasets, 337 

showing that different pretreatment methods impacted PLSR prediction results. As smoothing 338 

the raw spectral curves using the SG method improved the PLSR predictions for CAP and α-339 

SOH, further preprocessing was based on SG-smoothed spectral data. All preprocessing 340 

methods yielded satisfactory predictions, except for the 2nd derivative method.  341 

For CAP predicting, the DT, WAVE, SNV, MMS, and MC methods improved the model 342 

performance. However, for α-SOH concentration prediction, the SNV method did not yield 343 

enhancements compared to the raw spectral data. The DT, WAVE, MMS, and MC methods 344 

improved the R² of PLSR on both the validation and prediction sets. Considering the overall 345 

prediction performance, DT was ultimately selected as the most suitable data preprocessing 346 

method for PLSR, achieving R² values above 0.98 for both CAP and α-SOH. 347 

3.3.2 Prediction based on SVR 348 

The SVR model was constructed to assess its performance across various preprocessing 349 

methods. To determine the most suitable kernel function, different functions were tested on 350 

the original spectral data, with the polynomial kernel ultimately selected for SVR. Cross-351 

validation and grid search were employed to identify optimal values for C and γ, enhancing 352 

model performance. 353 



 
 

According to Table 1, data processing with the 2nd derivative yielded the poorest 354 

prediction in the SVR model, likely due to reduced variation across samples, as shown in Fig. 355 

S2c. The WAVE and MC methods enhanced the predictive capability of the SVR model, as 356 

reflected by higher RPD values for CAP and α-SOH compared to the original spectral data. In 357 

contrast, the 1st derivative reduced the SVR predictive capability in both CAP and α-SOH, 358 

while the MSC and SNV methods did not contribute to the optimization. The DT method 359 

enhanced the prediction only for α-SOH, while MMS exclusively improved CAP predictions. 360 

Although the SVR model with the WAVE method predicted CAP slightly less effectively than 361 

MC, it performed better for α-SOH prediction. Considering overall results for both CAP and 362 

α-SOH, the WAVE method was identified as the most suitable preprocessing approach for 363 

SVR. 364 

3.3.3 Prediction based on PSO-BPNN 365 

The PSO-BPNN model consists of one or more hidden layers, enabling it to effectively 366 

model complex data and efficiently search for optimal solutions (Lei et al., 2022). In this 367 

study, a BPNN with ten hidden-layer networks was established to analyze the relationship 368 

between spectral data and the measured values of CAP and α-SOH, with the initial weights 369 

and thresholds optimized using the PSO algorithm. 370 

Table 2 shows the PSO-BPNN prediction results for CAP and α-SOH using various 371 

spectral preprocessing methods. Due to its superior modeling capabilities, PSO-BPNN 372 

outperformed both PLSR and SVR overall. The PSO-BPNN constructed in this study 373 



 
 

achieved its best performance in predicting CAP when combined with the SNV method, 374 

yielding an R² value of 0.9953, an RMSE value of 0.0080, and the highest RPD of 10.3345 375 

on the prediction set. However, for α-SOH, the best preprocessing method was MSC, 376 

resulting in an R² value of 0.9944, an RMSE value of 0.0065, and an RPD of 9.4933 on the 377 

prediction set. Thus, while SNV was ideal for predicting CAP, MSC was more suitable for 378 

predicting α-SOH. To select a method for simultaneous prediction of CAP and α-SOH, both 379 

sets of model results were considered, with MMS emerging as the most suitable method, as it 380 

achieved RPD values above nine for both CAP and α-SOH. 381 

Fig. S3 presents scatter plots for the MMS-PSO-BPNN model, comparing the true CAP 382 

and α-SOH content measured by HPLC with the predicted values for the calibration and 383 

prediction sets. In Fig. S3a, the scatter plot of CAP shows blue dots for the calibration and 384 

prediction results, with points evenly distributed around the y=x line, indicating minimal 385 

deviation in the prediction results. Meanwhile, the points in the plot were divided into six 386 

regions corresponding to CAP levels in the hotpot seasoning samples collected at six separate 387 

times. The scatter plot of α-SOH in Fig. S3b indicates a strong correlation between predicted 388 

and measured values. The 180 samples from the first three collection times lack α-SOH, 389 

resulting in true values of 0. The model accuracy predicted samples from the first three time 390 

points with very low values below 0.02 mg/g, clearly distinguishing them from samples 391 

containing α-SOH.  392 

3.4 Feature wavelengths screened by selection algorithms 393 



 
 

Three different feature selection algorithms (CARS, RF, and SPA) were used for spectral 394 

data of hotpot seasoning.  395 

3.4.1 CARS 396 

In the CARS method for selecting feature wavelengths, Monte Carlo sampling was set to 397 

100 iterations and 10-fold cross-validation was employed to determine the minimum number 398 

of latent variables based on the root mean square error of cross-validation (RMSECV). Fig. 399 

S4a(1) illustrates the number of sampled variables in each sampling. Fig. S4a(2) depicts the 400 

trend in RMSECV values across iterations, and Fig. S4a(3) shows the regression coefficients 401 

of each variable. The blue vertical dashed line in Fig. S4a(3) indicates the sampling iteration 402 

with the minimum RMSECV.  403 

The final set of 48 selected feature wavelengths is shown in Fig. 2a and detailed in Table 404 

S2. The characteristic wavelengths screened by CARS were distributed in the ranges of 450-405 

550 nm, 650-700 nm, 740-800 nm, and 850-940 nm.  406 

3.4.2 RF 407 

The RF algorithm was used to extract feature wavelengths, calculating the average 408 

selection probability for each wavelength, as displayed in Fig. S4b. Based on the RF results, 409 

the top 30 wavelengths with the highest average selection probabilities were chosen as 410 

feature wavelengths, marked by red dots in Fig. S4b. Unlike the CARS and RF algorithms, 411 

the SPA algorithm did not rely on the measured values of CAP and α-SOH for feature 412 

selection. Its primary objective is to identify wavelength combinations containing minimal 413 



 
 

redundancy and reduced covariance, based solely on raw spectral data (Wang et al., 2022).  414 

As shown in Fig. 2b and detailed in Table S2, the distribution of the 30 feature 415 

wavelengths selected by the RF algorithm were mainly distributed in the ranges of 450-560 416 

nm, 650-695 nm, 740-800 nm, and 850-930 nm, which closely align with the feature 417 

wavelengths revealed by the CARS method. 418 

3.4.3 SPA 419 

The feature variables selected by SPA showed a more concentrated distribution overall, 420 

identifying variables near the prominent absorption peaks at 665 nm and 927 nm. However, 421 

no feature variables were selected in the range of 700-850 nm, despite the presence of two 422 

inconspicuous absorption peaks within this range. Moreover, a significant number of feature 423 

variables were concentrated in the visible range of 550-600 nm, whereas the CARS and RF 424 

methods exhibited few variables in this range. 425 

The feature wavelengths selected by SPA were distributed around absorption peaks in 426 

the ranges of 570-600 nm, 660-670 nm, 920-930 nm, and 1020-1030 nm, as shown in Fig. 2c 427 

and detailed in Table S2. This differs from the characteristic wavelengths selected by CARS 428 

and RF, possibly SPA is an unsupervised variable selection method, resulting in more 429 

clustered feature wavelengths.  430 

3.5 Feature wavelengths validation through tallow model experiments  431 

A tallow model simulating hotpot seasoning was constructed by dissolving the numbing 432 

and pungent substances in the tallow. By measuring the characteristic absorption peaks of 433 



 
 

these substances in the model, it was verified whether the characteristic wavelengths selected 434 

by the algorithms corresponded to the numbing and pungent substance. Fig. 2d depicts the 435 

reflectance curves of tallow before and after adding different CO concentrations. Notable 436 

increases in absorption peak intensity were observed at 400–550 nm, 635–700 nm and 850–437 

950 nm as CO concentration increased, with a moderate increase seen at 735–800 nm. The 438 

spectral curve of pure CAP, shown in the inset, displays prominent absorption peaks at 735-439 

800 nm, 850-950 nm, and 970-1000 nm. Accordingly, the variation in absorption peak 440 

intensity in the tallow model at 735–800 nm and 850–950 nm can be attributed to the 441 

presence of CAP, suggesting that CAP’s characteristic absorption peaks in hotpot seasoning 442 

are within these ranges of 735–800 nm and 850–950 nm, which is consistent with feature 443 

wavelength selected by the CARS and RF algorithms.  444 

The differences in the absorption peak intensity within the visible range of 400–550 nm 445 

and 635–700 nm may be attributed to capsanthin in CO. Previous studies reported that 446 

capsanthin, a type of carotenoid, exhibits strong light absorption range in the 400-500 nm 447 

range, and the visible range near 680 nm is useful for the quantification of total carotenoids 448 

(Ignat et al., 2013; J. Li et al., 2024). The spectra of tallow with different concentration 449 

gradients of capsanthin (CS) are shown in Fig. 2e, demonstrating increased peak intensity at 450 

400-550 nm and 635-700 nm as CS concentration in the tallow increased. Therefore, the 451 

variability in peak intensity within ranges at 400-550 nm and 635-700 nm is primarily due to 452 

the CS. During hotpot seasoning processing, CS content may increase as CAP was 453 



 
 

continuously released from chili peppers, making CS-related wavelengths beneficial for 454 

machine learning models in predicting CAP content. 455 

On the other hand, Fig. 2f demonstrated the average spectrum of tallow with added SPO, 456 

revealing that tallow with increasing SPO concentrations exhibits higher peak intensities at 457 

380–470 nm, 520–555 nm, 590–625 nm, and 630–690 nm. The inset shows the spectrum of 458 

ALE, with strong absorption peaks at 410 nm and 670 nm, and moderate absorption peaks at 459 

530nm, 605nm, and 955nm. This increase in absorption peak intensification in the tallow 460 

spectrum with added SPO is attributed to the presence of alkylamides, indicating that α-SOH 461 

characteristic peak in hotpot seasoning falls within the four feature wavelength segments 462 

identified by the CARS and RF algorithms. 463 

3.6 Regression model performance 464 

Table 3 presents the modeling results of the three different feature wavelength selection 465 

methods. Although SPA’s prediction performance for CAP and α-SOH was inferior to CARS 466 

and RF in both PLSR and SVR models, it showed improved prediction accuracy compared to 467 

the PLSR model built with all wavelengths. In the PLSR model, CARS provided superior 468 

results for CAP prediction, while RF was more effective for α-SOH prediction. Nonetheless, 469 

prediction accuracy slightly decreased after screening feature wavelengths using these three 470 

feature selection methods compared to the SVR model built with a full wavelength set. 471 

Scatter plots of the CAP and α-SOH predictions in the PLSR model are depicted in Fig. 3, 472 

demonstrating a high linear correlation in predicting CAP and α-SOH content. 473 



 
 

Selecting an optimal model to predict CAP and α-SOH content is essential after 474 

comparing the performance of different feature selection algorithms for regression analysis. 475 

Therefore, the effectiveness of PLSR, SVR, and PSO-BPNN in analyzing spectral data of 476 

hotpot seasoning was evaluated. Unlike traditional models, the deep learning model PSO-477 

BPNN model can automatically learn the most useful feature variables without manual 478 

feature extraction, using full-band spectral data as input (Xiong et al., 2024). Therefore, 479 

feature extraction methods were not applied in the PSO-BPNN model. 480 

A comparison of the data in Table 1 and Table 3 reveals that the PLSR model 481 

outperforms in predicting CAP and α-SOH. When combined with DT and CARS, the PLSR 482 

model achieved an optimal R² value of 0.9868, an RMSE value of 0.0338, and an RPD value 483 

of 8.8351 for the CAP prediction set. For α-SOH prediction, the PLSR model attained an 484 

optimal R² value of 0.9856 with the RF feature selection algorithm, corresponding with 485 

RMSE and RPD values of 0.0399 and 8.3275, respectively. In contrast, Table 2 reveals that 486 

PSO-BPNN achieved R² values exceeding 0.99 on the prediction set for CAP when combined 487 

with different preprocessing methods to predict CAP, except the 1st and 2nd derivative 488 

methods. The combination of the MSC method yielded the best results in predicting α-SOH 489 

in the prediction set, with the highest R² value of 0.9944, RMSE value of 0.0065, and RPD 490 

value of 9.400. Overall, PSO-BPNN outperformed traditional machine learning methods for 491 

predicting CAP and α-SOH in hotpot seasoning. Traditional machine learning models often 492 

require extensive manual preprocessing and feature selection steps, which might limit the 493 



 
 

model from achieving optimal predictive results (Singh et al., 2021). In contrast, PSO-BPNN 494 

benefits from powerful nonlinear capabilities, with the PSO algorithm optimizing the initial 495 

weights of the neural network to better analyze the relationship between spectral data and the 496 

measured CAP and α-SOH values.  497 

3.7 Visualization map for CAP and α-SOH 498 

Based on previous analysis, the PSO-BPNN model combined with the MMS method 499 

was identified as the optimal approach for detecting the CAP and α-SOH content in hotpot 500 

seasoning. First, spectral information from all pixel points was extracted from the 501 

hyperspectral image of the hotpot seasoning, generating a grayscale map, as depicted in Fig. 502 

4a. Subsequently, a mask file was then created, as illustrated in Fig. 4b and compared with 503 

the original hyperspectral image to identify the ROI. The raw spectral data within the ROI 504 

was subsequently processed using MMS and fed into the trained model to calculate the CAP 505 

and α-SOH values for each pixel. To visualize the distribution of CAP and α-SOH in the 506 

hotpot seasoning, the model-generated concentrations for CAP and α-SOH were calculated to 507 

create grayscale distribution maps, as shown in Fig. 4c and Fig. 4d. Pseudo-colored images in 508 

Fig. 4e and Fig. 4f further illustrate the spatial distribution of CAP and α-SOH. The overall 509 

distribution of both CAP and α-SOH was uniform, reflecting the homogeneity of the hotpot 510 

seasoning, though α-SOH was more concentrated in the central region and higher near the 511 

Szechuan pepper. In summary, compared to traditional detection methods, HSI technology 512 

provides an intuitive means of detecting CAP and α-SOH distribution in hotpot seasoning, 513 



 
 

offering a new technical reference for quality evaluation and product quality control. 514 

4 Conclusions  515 

This study utilized hyperspectral imaging (HIS) technology to analyze CAP and α-SOH 516 

content in hotpot seasoning, leveraging the abundant spectral information provided. The 517 

predictive performance of two conventional machine learning models (PLSR and SVR), 518 

along with different feature selection algorithms, was assessed for CAP and α-SOH content. 519 

Although both models demonstrated high reliability, PLSR outperformed SVR. Additionally, 520 

the study also investigated the feasibility of applying deep learning to analyze the spectral 521 

data of hotpot seasoning. The results indicated that the PSO-BPNN method was optimal for 522 

predicting CAP and α-SOH. Different preprocessing methods were tested in the PSO-BPNN 523 

model to optimize prediction outcomes, with the MMS method ultimately selected for its 524 

ability to improve regression model performance for both CAP and α-SOH. The model 525 

demonstrated high reliability, achieving an R² value of 0.9942, an RMSE value of 0.0092, 526 

and an RPD value of 9.3741 for CAP, and an R² value of 0.9939, RMSE value of 0.0068, and 527 

RPD value of 9.0678 in the α-SOH prediction set. 528 

Additionally, feature selection algorithms and the tallow model were used to identify the 529 

characteristic wavelengths of CAP and α-SOH. CAP’s feature wavelengths were identified in 530 

the ranges of 740-800 nm and 850-940 nm, while α-SOH feature wavelengths were within 531 

450-550 nm, 650-700 nm, 740-800 nm, and 850-940 nm. The pseudo-color distribution 532 

images of CAP and α-SOH effectively depict the distribution of these two compounds in 533 



 
 

hotpot seasoning. The results of this study provide a theoretical foundation for the online 534 

monitoring of CAP and α-SOH content in hotpot seasoning. 535 

Acknowledgments   536 

Thanks for the financial support provided by the Jiangsu Agriculture Science and 537 

Technology Innovation Fund (CX243046), National Natural Science Foundation of China 538 

(32372465), the key Program Fund for China National Institute of Standardization 539 

(562022Y9417), and Special Fundamental Research Fund for the Central Public Scientific 540 

Research Institutes (562022C-9417).  541 



 
 

References 542 

Aheto, J. H., Huang, X. Y., Tian, X. Y., Ren, Y., Bonah, E., Alenyorege, E. A., et al. (2019). 543 
Combination of spectra and image information of hyperspectral imaging data for fast 544 
prediction of lipid oxidation attributes in pork meat. Journal of Food Process 545 
Engineering, 42(6), e13225. https://doi.org/10.1111/jfpe.13225 546 

Bai, S., Xiao, K., Liu, Q., Mariga, A. M., Yang, W., Fang, Y., et al. (2024). Prediction of 547 
moisture content of Agaricus bisporus slices as affected by vacuum freeze drying 548 
using hyperspectral imaging. Food Control, 159, 110290. 549 
https://doi.org/https://doi.org/10.1016/j.foodcont.2024.110290 550 

Cheng, J. H., Sun, J., Xu, M., & Zhou, X. (2023). Nondestructive detection of lipid oxidation 551 
in frozen pork using hyperspectral imaging technology. Journal of Food Composition 552 
and Analysis, 123, 105497. https://doi.org/10.1016/j.jfca.2023.105497 553 

Duelund, L., & Mouritsen, O. G. (2017). Contents of capsaicinoids in chillies grown in 554 
Denmark. Food Chemistry, 221, 913-918. 555 
https://doi.org/10.1016/j.foodchem.2016.11.074 556 

ElMasry, G. M., & Nakauchi, S. (2016). Image analysis operations applied to hyperspectral 557 
images for non-invasive sensing of food quality - A comprehensive review. 558 
Biosystems Engineering, 142, 53-82. 559 
https://doi.org/10.1016/j.biosystemseng.2015.11.009 560 

Feng, C. H., Makino, Y., Oshita, S., & García-Martín, J. F. (2018). Hyperspectral imaging and 561 
multispectral imaging as the novel techniques for detecting defects in raw and 562 
processed meat products: Current state-of-the-art research advances. Food Control, 84, 563 
165-176. https://doi.org/10.1016/j.foodcont.2017.07.013 564 

González-Zamora, A., Sierra-Campos, E., Pérez-Morales, R., Vazquez-Vázquez, C., 565 
Gallegos-Robles, M. A., López-Martinez, J. D., et al. (2015). Measurement of 566 
Capsaicinoids in Chiltepin Hot Pepper: A Comparison Study between 567 
Spectrophotometric Method and High Performance Liquid Chromatography Analysis. 568 
Journal of Chemistry, 2015, 709150. https://doi.org/10.1155/2015/709150 569 

He, W. W., He, H. Y., Wang, F. L., Wang, S. Y., Li, R. K., Chang, J., et al. (2022). Rapid and 570 
Uninvasive Characterization of Bananas by Hyperspectral Imaging with Extreme 571 
Gradient Boosting (XGBoost). Analytical Letters, 55(4), 620-633. 572 
https://doi.org/10.1080/00032719.2021.1952214 573 

Ignat, T., Schmilovitch, Z., Feföldi, J., Bernstein, N., Steiner, B., Egozi, H., et al. (2013). 574 
Nonlinear methods for estimation of maturity stage, total chlorophyll, and carotenoid 575 
content in intact bell peppers. Biosystems Engineering, 114(4), 414-425. 576 
https://doi.org/10.1016/j.biosystemseng.20.12.10.001 577 

Jia, B. B., Yoon, S. C., Zhuang, H., Wang, W., & Li, C. Y. (2017). Prediction of pH of fresh 578 
chicken breast fillets by VNIR hyperspectral imaging. Journal of Food Engineering, 579 
208, 57-65. https://doi.org/10.1016/j.jfoodeng.2017.03.023 580 

https://doi.org/10.1111/jfpe.13225
https://doi.org/https:/doi.org/10.1016/j.foodcont.2024.110290
https://doi.org/10.1016/j.jfca.2023.105497
https://doi.org/10.1016/j.foodchem.2016.11.074
https://doi.org/10.1016/j.biosystemseng.2015.11.009
https://doi.org/10.1016/j.foodcont.2017.07.013
https://doi.org/10.1155/2015/709150
https://doi.org/10.1080/00032719.2021.1952214
https://doi.org/10.1016/j.biosystemseng.20.12.10.001
https://doi.org/10.1016/j.jfoodeng.2017.03.023


 
 

Jiang, J. L., Cen, H. Y., Zhang, C., Lyu, X. H., Weng, H. Y., Xu, H. X., et al. (2018). 581 
Nondestructive quality assessment of chili peppers using near-infrared hyperspectral 582 
imaging combined with multivariate analysis. Postharvest Biology and Technology, 583 
146, 147-154. https://doi.org/10.1016/j.postharvbio.2018.09.003 584 

Jin, C., Jin, S. W., & Qin, L. N. (2012). Attribute selection method based on a hybrid BPNN 585 
and PSO algorithms. Applied Soft Computing, 12(8), 2147-2155. 586 
https://doi.org/10.1016/j.asoc.2012.03.015 587 

Jing, B. W., Song, W. S., Gao, X., He, K., Sun, Q. M., & Tang, X. Y. (2023). A feasibility 588 
quantification study of capsaicin content in chili powder for rapid evaluation using 589 
near-infrared reflectance spectroscopy. Journal of Food Measurement and 590 
Characterization, 17(5), 4405-4414. https://doi.org/10.1007/s11694-023-01965-x 591 

Lei, Y., Hu, X. J., Tian, J. P., Zhang, J. H., Yan, S. C., Xue, Q. Y., et al. (2022). Rapid 592 
resolution of types and proportions of broken grains using hyperspectral imaging and 593 
optimization algorithm. Journal of Cereal Science, 108, 103565. 594 
https://doi.org/10.1016/j.jcs.2022.103565 595 

Leng, T., Li, F., Chen, Y., Tang, L. J., Xie, J. H., & Yu, Q. (2021). Fast quantification of total 596 
volatile basic nitrogen (TVB-N) content in beef and pork by near-infrared 597 
spectroscopy: Comparison of SVR and PLS model. Meat Science, 180, 108559. 598 
https://doi.org/10.1016/j.meatsci.2021.108559 599 

Li, H. D., Liang, Y. Z., Xu, Q. S., & Cao, D. S. (2009). Key wavelengths screening using 600 
competitive adaptive reweighted sampling method for multivariate calibration. 601 
Analytica Chimica Acta, 648(1), 77-84. https://doi.org/10.1016/j.aca.2009.06.046 602 

Li, H. D., Xu, Q. S., & Liang, Y. Z. (2012). Random frog: An efficient reversible jump 603 
Markov Chain Monte Carlo-like approach for variable selection with applications to 604 
gene selection and disease classification. Analytica Chimica Acta, 740, 20-26. 605 
https://doi.org/10.1016/j.aca.2012.06.031 606 

Li, J., Wu, X. Y., Chen, Y., Deng, J. Q., Yuan, H. P., Lian, H. L., et al. (2024). Capsanthin-607 
iodonium salt system for free radical photopolymerization under LED irradiation. 608 
Dyes and Pigments, 230. https://doi.org/10.1016/j.dyepig.2024.112347 609 

Li, S. Y., Song, Q. M., Liu, Y. J., Zeng, T. H., Liu, S. Y., Jie, D. F., et al. (2023). Hyperspectral 610 
imaging-based detection of soluble solids content of loquat from a small sample. 611 
Postharvest Biology and Technology, 204, 112454. 612 
https://doi.org/10.1016/j.postharvbio.2023.112454 613 

Min, D. D., Zhao, J. S., Bodner, G., Ali, M., Li, F. J., Zhang, X. H., et al. (2023). Early decay 614 
detection in fruit by hyperspectral imaging-Principles and application potential. Food 615 
Control, 152. https://doi.org/10.1016/j.foodcont.2023.109830 616 

Qiao, M. M., Xu, Y., Xia, G. Y., Su, Y., Lu, B., Gao, X. J., et al. (2022). Determination of 617 
hardness for maize kernels based on hyperspectral imaging. Food Chemistry, 366, 618 
130559. https://doi.org/10.1016/j.foodchem.2021.130559 619 

Shi, J. Y., Chen, W., Zou, X. B., Xu, Y. W., Huang, X. W., Zhu, Y. D., et al. (2018). Detection 620 

https://doi.org/10.1016/j.postharvbio.2018.09.003
https://doi.org/10.1016/j.asoc.2012.03.015
https://doi.org/10.1007/s11694-023-01965-x
https://doi.org/10.1016/j.jcs.2022.103565
https://doi.org/10.1016/j.meatsci.2021.108559
https://doi.org/10.1016/j.aca.2009.06.046
https://doi.org/10.1016/j.aca.2012.06.031
https://doi.org/10.1016/j.dyepig.2024.112347
https://doi.org/10.1016/j.postharvbio.2023.112454
https://doi.org/10.1016/j.foodcont.2023.109830
https://doi.org/10.1016/j.foodchem.2021.130559


 
 

of triterpene acids distribution in loquat (Eriobotrya japonica) leaf using hyperspectral 621 
imaging. Spectrochimica Acta Part a-Molecular and Biomolecular Spectroscopy, 188, 622 
436-442. https://doi.org/10.1016/j.saa.2017.07.023 623 

Shi, J. Y., Wang, Y. Y., Li, Z. H., Huang, X. W., Shen, T. T., & Zou, X. B. (2022). 624 
Characterization of invisible symptoms caused by early phosphorus deficiency in 625 
cucumber plants using near-infrared hyperspectral imaging technology. 626 
Spectrochimica Acta Part a-Molecular and Biomolecular Spectroscopy, 267, 120540. 627 
https://doi.org/10.1016/j.saa.2021.120540 628 

Singh, T., Garg, N. M., & Iyengar, S. R. S. (2021). Nondestructive identification of barley 629 
seeds variety using near-infrared hyperspectral imaging coupled with convolutional 630 
neural network. Journal of Food Process Engineering, 44(10), e13821. 631 
https://doi.org/10.1111/jfpe.13821 632 

Sun, J., Yang, F. Y., Cheng, J. H., Wang, S. M., & Fu, L. H. (2024). Nondestructive 633 
identification of soybean protein in minced chicken meat based on hyperspectral 634 
imaging and VGG16-SVM. Journal of Food Composition and Analysis, 125, 105713. 635 
https://doi.org/10.1016/j.jfca.2023.105713 636 

Tian, X. Y., Aheto, J. H., Bai, J. W., Dai, C. X., Ren, Y., & Chang, X. H. (2021). Quantitative 637 
analysis and visualization of moisture and anthocyanins content in purple sweet 638 
potato by Vis-NIR hyperspectral imaging. Journal of Food Processing and 639 
Preservation, 45(2), e15128. https://doi.org/10.1111/jfpp.15128 640 

Wang, B., Wu, W., Liu, J., Soladoye, O. P., Ho, C.-T., Zhang, Y., et al. (2023). Flavor mystery 641 
of spicy hot pot base: Chemical understanding of pungent, numbing, umami and 642 
fragrant characteristics. Trends in Food Science & Technology, 139, 104137. 643 
https://doi.org/https://doi.org/10.1016/j.tifs.2023.104137 644 

Wang, H. P., Chen, P., Dai, J. W., Liu, D., Li, J. Y., Xu, Y. P., et al. (2022). Recent advances of 645 
chemometric calibration methods in modern spectroscopy: Algorithms, strategy, and 646 
related issues. Trac-Trends in Analytical Chemistry, 153, 116648. 647 
https://doi.org/10.1016/j.trac.2022.116648 648 

Xiong, C. H., She, Y. X., Jiao, X., Zhang, T. W., Wang, M., Wang, M. Q., et al. (2024). Rapid 649 
nondestructive hardness detection of black highland Barley Kernels via hyperspectral 650 
imaging. Journal of Food Composition and Analysis, 127, 105966. 651 
https://doi.org/10.1016/j.jfca.2023.105966 652 

Yu, M. G., Li, T., Wan, S. Y., Song, H. L., Zhang, Y., Raza, A., et al. (2023). Sensory-directed 653 
establishment of sensory wheel and characterization of key aroma-active compounds 654 
for spicy tallow hot pot seasoning. Food Chemistry, 405. 655 
https://doi.org/10.1016/j.foodchem.2022.134904 656 

Zhang, D., Fan, Y. S., Sun, X. X., Wei, X. O., Lin, Z. T., Zhang, X. N., et al. (2023). SERS 657 
determination of hydroxy-α-sanshool in spicy hotpot seasoning: The strategy to 658 
restrain the interference of capsaicin and its mechanism. Food Chemistry, 413, 659 
135644. https://doi.org/10.1016/j.foodchem.2023.135644 660 

https://doi.org/10.1016/j.saa.2017.07.023
https://doi.org/10.1016/j.saa.2021.120540
https://doi.org/10.1111/jfpe.13821
https://doi.org/10.1016/j.jfca.2023.105713
https://doi.org/10.1111/jfpp.15128
https://doi.org/https:/doi.org/10.1016/j.tifs.2023.104137
https://doi.org/10.1016/j.trac.2022.116648
https://doi.org/10.1016/j.jfca.2023.105966
https://doi.org/10.1016/j.foodchem.2022.134904
https://doi.org/10.1016/j.foodchem.2023.135644


 
 

Zhang, D., Lin, Z. T., Xuan, L. L., Lu, M. M., Shi, B. L., Shi, J. Y., et al. (2024). Rapid 661 
determination of geographical authenticity and pungency intensity of the red Sichuan 662 
pepper (Zanthoxylum bungeanum) using differential pulse voltammetry and machine 663 
learning algorithms. Food Chemistry, 439, 137978. 664 
https://doi.org/10.1016/j.foodchem.2023.137978 665 

Zhang, D., Liu, X. H., Yang, Z. K., Shi, J. Y., Zhao, L., Battino, M., et al. (2021). Interactions 666 
between Phenols and Alkylamides of Sichuan Pepper (Zanthoxylum Genus) in α-667 
Glucosidase Inhibition: A Structural Mechanism Analysis. Journal of Agricultural and 668 
Food Chemistry, 69(20), 5583-5598. https://doi.org/10.1021/acs.jafc.1c00741 669 

Zhang, J. H., Lei, Y., He, L., Hu, X. J., Tian, J. P., Chen, M. J., et al. (2023). The rapid 670 
detection of the tannin content of grains based on hyperspectral imaging technology 671 
and chemometrics. Journal of Food Composition and Analysis, 123, 105604. 672 
https://doi.org/10.1016/j.jfca.2023.105604 673 

Zhang, L., An, D., Wei, Y. G., Liu, J. C., & Wu, J. W. (2022). Prediction of oil content in 674 
single maize kernel based on hyperspectral imaging and attention convolution neural 675 
network. Food Chemistry, 395, 133563. 676 
https://doi.org/10.1016/j.foodchem.2022.133563 677 

Zhang, L. L., Zhao, L., Wang, H. Y., Shi, B. L., Liu, L. Y., & Chen, Z. X. (2019). The 678 
relationship between alkylamide compound content and pungency intensity of 679 
Zanthoxylum bungeanum based on sensory evaluation and ultra-performance liquid 680 
chromatography-mass spectrometry/mass spectrometry (UPLC-MS/MS) analysis. 681 
Journal of the Science of Food and Agriculture, 99(4), 1475-1483. 682 
https://doi.org/10.1002/jsfa.9319 683 

Zheng, L. J., Zhang, Q., Li, Z., & Zhong, G. (2020). Measurement of hazardous compounds 684 
for Chongqing hotpot seasoning. International Journal of Food Properties, 23(1), 685 
639-650. https://doi.org/10.1080/10942912.2020.1751653 686 

https://doi.org/10.1016/j.foodchem.2023.137978
https://doi.org/10.1021/acs.jafc.1c00741
https://doi.org/10.1016/j.jfca.2023.105604
https://doi.org/10.1016/j.foodchem.2022.133563
https://doi.org/10.1002/jsfa.9319
https://doi.org/10.1080/10942912.2020.1751653

	Abstract
	1 Introduction
	2 Materials and methods
	2.1 Materials and chemicals
	2.2 Sample preparation
	2.2.1 Hotpot seasoning preparation
	2.2.2 Tallow model

	2.3 Hyperspectral imaging system and image acquisition
	2.3.1 Hyperspectral Imaging System
	2.3.2 Hyperspectral Image Acquisition

	2.4 Determination of CAP and α-SOH using HPLC
	2.5 Spectral extraction and pre-processing
	2.5.1 Spectral data extraction
	2.5.2 Spectral data preprocessing and division

	2.6 Feature wavelength selection
	2.7 Model construction and evaluation
	2.7.1 Partial least squares regression
	2.7.2 Support vector regression
	2.7.3 Back propagation neural network
	2.7.4 Evaluation of model performance

	2.8 Chemical information visualization
	2.9 Software

	3 Results and discussion
	3.1 Reference concentrations of CAP and α-SOH
	3.2 Dataset construction and description
	3.3 Regression models based on the overall spectral for CAP and α-SOH
	3.3.1 Prediction based on PLSR
	3.3.2 Prediction based on SVR
	3.3.3 Prediction based on PSO-BPNN

	3.4 Feature wavelengths screened by selection algorithms
	3.4.1 CARS
	3.4.2 RF
	3.4.3 SPA

	3.5 Feature wavelengths validation through tallow model experiments
	3.6 Regression model performance
	3.7 Visualization map for CAP and α-SOH

	4 Conclusions
	Acknowledgments
	References

