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S1. Detection of active ingredient content in raw materials
S1.1. Equipment information
The hyperspectral imaging system consists of a SPECIM FX17 line-scan hyperspectral camera (SPECIM, Finland), covering a spectral range of 900–1700 nm. The camera is equipped with an Indium Gallium Arsenide (InGaAs) detector, providing an average spectral resolution of 8 nm. Illumination is provided by halogen tungsten lamps positioned at a 45° incident angle. A motorized stage is used for controlled sample placement and movement during scanning.
S1.2. Data acquisition
Hyperspectral data were acquired using the Lumo Scanner software. A total of 143 hyperspectral images of raw materials were collected. The active ingredient content of each batch was determined using high-performance liquid chromatography (HPLC) as a reference measurement.
S1.3. Spectral data extraction
Regions of interest (ROI) were identified within the hyperspectral images to target specific sample areas. To reduce the effects of lighting non-uniformity and camera dark current on the reflectance data. The mean spectral reflectance across all pixels in the ROI was calculated for each wavelength band, yielding 224-band spectral profiles for each batch of raw materials.
S1.4. Dataset partitioning
The dataset was randomly divided into a training set and a prediction set in a ratio of 8:2.
S1.5. Data preprocessing
Due to the variations in shape and size of the Chuanxiong samples, multiplicative scatter correction (MSC) was applied to minimize spectral variability caused by scattering effects. MSC effectively corrects for baseline shifts and enhances the correlation between spectral features and reference data. This preprocessing step helps reduce redundant information and improves model robustness.
S1.6. Feature selection
To enhance model performance, successive projections algorithm (SPA) was employed for feature selection. SPA is a forward selection method that identifies wavelengths with minimal redundancy and multicollinearity by projecting candidate wavelengths onto the space of previously selected variables. The wavelengths with the highest projection values are retained as the final feature set.
S1.7. Model development
A random forest (RF) regression model was developed to predict the active ingredient content of Chuanxiong. RF, an ensemble learning method, constructs multiple decision trees and aggregates their outputs to improve prediction accuracy and robustness while mitigating overfitting. Model performance was evaluated using the root mean square error (RMSE) and the coefficient of determination (R2) between the predicted and reference values.
S2. Detection of active ingredient content in products
S2.1. Data acquisition
Near-infrared (NIR) spectral data were acquired using an Ocean Optics NIR spectrometer (Ocean Optics, USA). A total of 180 NIR spectral data of samples were collected. The active ingredient content of each batch of samples was determined using HPLC as a reference measurement.
S2.2. Dataset division
The dataset was randomly divided into training set and prediction set in the ratio of 7:3. And five-fold cross-validation was performed in the training set.
S2.3. Data pre-processing
Standard normal variable transformation (SNV) and MSC were used for spectral pre-processing and comparison of prediction accuracy before and after pre-processing, respectively. SNV and MSC are important means of spectral pre-processing, and SNV is a standardized method that eliminates baseline drift and signal fluctuation due to light scattering, enhances spectral features and highlights the real chemical information; MSC is based on linear regression, and corrects the optical and chemical characteristics of the samples caused by the heterogeneity of the particle size and shape. MSC, based on linear regression, corrects the differences in light scattering caused by uneven particle sizes and shapes, and reduces the differences between samples, both of which can improve the accuracy, stability and versatility of the spectral analysis model.
S2.4. Feature selection
In order to improve the model performance, genetic algorithm (GA) and competitive adaptive reweighted sampling (CARS) were used for feature selection. The feature selection algorithms are designed to improve the model performance by removing irrelevant and redundant features to reduce the noise interference, improve the accuracy and generalization power; reduce the model complexity to avoid overfitting; enhance the model interpretability; and save the cost of data collection to achieve efficient and accurate modeling. 
S2.5. Model development
A partial least squares (PLSR) regression model was employed to predict the content of active ingredients. The RMSE and R2 between the predicted and reference values were used to evaluate the model performance. The accuracy of the predictions of different model combinations was also compared.
S3. Prediction of temperature field during the heating process
S3.1. Experimental materials 
The experimental platform mainly consists of a distributed optical fiber temperature sensor (OTS3-20-50-2CH), temperature sensing optical fibers, a custom metal frame designed for industrial experiments, and an industrial camera.
S3.2. Experimental steps 
S3.2.1. Customization of metal stands 
A set of metal stands with a total height of 3 m, a total of six layers, each with a height of 0.5 m and a diameter of 1.4 m were customized according to the dimensions of the extraction tank.
S3.2.2. Arrangement of fiber optics 
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S3.2.3. Spatial positioning 
In this step, A heater is employed to heat and fix the arranged optical fiber at the four corners of each layer. This step ensures that the subsequent data accurately correspond to the spatial position. Through this method, the four key positions of each layer can be effectively marked to ensure that the arrangement of the optical fiber matches the spatial coordinates.
S3.2.4. Fiber optic fusion splicing 
Take out a fiber optic pigtail and connect it with the tail of the fiber optic that has been arranged, and use a fiber optic fusion splicer to complete the fusion splicing operation. Subsequently, connect the spliced pigtail with the distributed fiber optic pyrometer and start the data acquisition system to collect the room temperature data in advance to verify the smoothness of the data transmission and to ensure the stability and accuracy of the data collection in the experimental process.
S3.2.5. Infrared temperature measurement 
Place the industrial infrared camera on the opposite side of the extraction tank, and use a meterstick to measure the distance between the camera lens and the bottom and wall of the tank. According to the measurement results, set the infrared temperature measurement points on the bottom and wall of the extraction tank, and set the corresponding distance, coordinate points and other parameters.
S3.2.6. Experiment initiation and data acquisition 
In this experiment, the interval of data acquisition is one surface every 90°, and a total of four surfaces are acquired. In vertical height, one point is taken every 0.5 meters; in axial height, one point is taken every 0.15 meters. 
During the experiment, the volume of water added in the tank was set to 4500 L, and the steam valve openings were adjusted according to the experimental settings. This experiment collects data on the warming process in the tank affected by different room temperatures and different valve openings, so as to comprehensively assess the influence of ambient temperature on the heating efficiency and temperature distribution.
S4. Energy consumption state description 
In the extraction process, energy consumption comes from the heating process of the extracted liquid warming, the tank to the outside of the heat dissipation, as well as the energy consumption of the insulation process after the tank boiling, extraction heating process for about 20 minutes, the insulation process for the 3 hours after the boiling, and in the insulation process, each hour divided into two states, half an hour to play the cycle and half an hour to not play the cycle, and the two state The insulation valve opening degree is different.
