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Abstract

Rhizoma Atractylodis macrocephalae (RAM) is a renowned food–medicine homologous herb
in China, the quality and efficacy of which are inherently linked to its geographical origin.
However, traditional origin identification methods for RAM are time-consuming, laborious,
and destructive. This study introduces an innovative framework integrating hyperspectral
imaging (HSI), broad learning system (BLS), and SHapley Additive exPlanations (SHAP)
for RAM origin identification. RAM samples were collected from three origins, 100 samples
from per origin, and imaged using a visible and short-wave near-infrared HSI system. BLS
was used to build identification models with full and important wavelengths, and com-
pared against seven traditional algorithms, including K-nearest neighbors (KNN), random
forest (RF), support vector machine (SVM), back propagation neural network (BPNN),
gradient boosting decision tree, (GBDT), extreme gradient boosting (XGBoost), and adap-
tive boosting (AdaBoost). Additionally, SHAP was used to enhance interpretability and
identify important wavelengths highly correlated with RAM origin. Results showed that
the full-wavelength BLS model achieved a test accuracy of 95.56%, which outperformed
other models including KNN (77.78%), RF (85.56%), GBDT (88.89%), AdaBoost (90.00%),
BPNN (91.11%), XGBoost (92.22%), and SVM (94.44%). SHAP identified important wave-
lengths similar to traditional methods (competitive adaptive reweighted sampling and
successive projections algorithm), and the BLS model using SHAP-selected top 25 wave-
lengths achieved 94.44% accuracy with minimal performance loss. This study not only
provides a rapid and accurate approach for RAM origin identification but also establishes a
promising data-driven paradigm for non-destructive geographical origin traceability of
other traditional Chinese medicines.

Keywords: hyperspectral imaging; traditional Chinese medicine; spectroscopy

1. Introduction
Rhizoma Atractylodis macrocephalae (RAM), known as “Baizhu” in Chinese, is the dried

rhizome of Atractylodes macrocephala Koidz., a plant belonging to the Asteraceae family [1].
RAM is one of famous traditional Chinese medicines (TCMs) and is often used as a food-
medicine homologous product in China. As a kind of medicine and food homology
material, RAM is highly prized for its diverse medicinal properties, like strengthening the
spleen, benefiting vital energy, and eliminating dampness [2]. Moreover, studies show
RAM also has other pharmacological activities such as anti-tumor, neuroprotection, and
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immunomodulation [3]. Currently, RAM is extensively cultivated in regions like Zhejiang,
Anhui, and Sichuan in China [4,5]. It is widely acknowledged that the geographical origin
affects the quality and efficacy of RAM [1,2]. However, due to the lack of corresponding
industry standards for RAM, consumers cannot intuitively judge the geographical origin
of RAM. Some illegal vendors sell low-quality RAM produced in some provinces as high-
quality RAM herbs from Zhejiang to obtain high profits [2]. Therefore, it is urgent to
develop a rapid and accurate method to identify the geographical origin of RAM.

Traditional methods for identifying the origin of TCMs mainly involve observing their
physical characteristics, such as shape, color, and texture [6]. However, this method is
highly susceptible to the interference of subjective factors of the identifiers. In addition,
due to RAM from different origins are highly similar in appearance, it is often impossible
to accurately identify them only by visual observation. At present, some physicochem-
ical analysis methods have been reported for the origin identification of RAM, such as
high-performance liquid chromatography (HPLC) [3], stable isotope [4], and plasma mass
spectrometry [7]. For example, the mass spectrometry relative intensities of 46 mineral
elements in combination with partial least squares discriminant analysis (PLS-DA), were
used for the origin traceability of RAM [7]. Although these methods are accurate, they
usually require complex experimental operation procedures, involving sample pretreat-
ment, the use of various chemical reagents, and the assistance of large-scale instrument
equipment [2,6]. Moreover, the operations are cumbersome and time-consuming, and the
analysis costs are high, failing to meet the demands for rapid and efficient identification.

Hyperspectral imaging (HSI) is widely used in the field of agricultural products and
food analysis, thanks to its unique strengths of non-destructiveness, high throughput, and
high efficiency [8]. Unlike traditional single-point spectrometers that process samples
one by one, HSI enables batch acquisition of optical information from samples. It also
allows spectral extraction of target regions by selecting regions of interest (ROIs), which
makes it suitable for the identification of RAM origins in this study. Generally, the analysis
and processing of HSI data rely on machine learning algorithms. This is because these
algorithms possess powerful capabilities in handling complex data patterns, extracting
hidden features, and making accurate classifications [9]. In recent years, HSI combined
with machine learning models such as the K-nearest neighbor (KNN), random forest
(RF), and backpropagation neural network (BPNN) has been used for the geographical
origin identification of various TCMs, such as ginseng [10], Pseudostellaria heterophylla [11],
saffron [12], and wolfberry [13]. Although traditional machine learning models have
achieved good results, there is still a need to explore new spectral identification model.

Broad Learning System (BLS) model is an emerging artificial intelligence algorithm
proposed by Chen et al. [14]. It has attracted much attention due to its unique structural
advantages and high-efficiency learning capabilities. By constructing feature nodes and
enhancement nodes, it can rapidly process high-dimensional data and effectively avoid
over-fitting, showing promising application prospects in many fields [15–17]. For example,
BLS was integrated with near infrared spectroscopy for the identification of tobacco ori-
gin [18]. In another study, BLS was used for the classification of unsound wheat grains in
terahertz images [19]. However, the application of BLS in identifying the origin of RAM
and even in the entire field of TCMs is still relatively limited.

In addition, due to the complexity and high dimensionality of hyperspectral data,
extracting important wavelengths to build simplified models is also a crucial step in
spectral analysis. Traditional methods involve the use of variable selection techniques
such as successive projections algorithm (SPA) [20], competitive adaptive reweighted sam-
pling (CARS) [21], and VCPA-based hybrid strategy [22], to extract important feature
wavelengths. For instance, CARS and SPA algorithms were applied to extract important
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wavelengths that are highly correlated with the origins of Radix pseudostellariae (a type
of traditional Chinese medicinal herb) [11]. However, these methods prioritize predic-
tive accuracy and generally lack the ability to explain the decision-making process of
the model [23].

Currently, the model explainability has become one of the most studied topics in
machine-learning-based applications, and explainable artificial intelligence (XAI) has be-
come increasingly well-known [24]. SHapley Additive exPlanation (SHAP), which has
received considerable attention, is a viable means to enhance model explainability because
this explainable AI tool can quantify the relative importance of feature variables in the
model [25]. As a model-agnostic approach based on game theory, SHAP has the capacity to
generate feature attributions for every instance [26]. Such an ability is extremely valuable
for achieving a more in-depth and thorough understanding of the model decision-making
mechanism. Currently, several studies have used SHAP to explain their machine-learning
models for spectroscopic data analysis. For example, the feasibility of SHAP in explaining
the quality assessment model for sweet potato [24] as well as the classification model for
wood species [27] has been proven. In this study, SHAP method was adopted to explain
the RAM identification model and screen out the characteristic wavelengths that play an
important role in the origin identification of RAM.

In summary, this study innovatively integrates the HSI, BLS, and SHAP techniques,
and applies them to the geographical origin identification of RAM, aiming to develop a
more accurate, efficient, and reliable identification method.

2. Materials and Methods
2.1. Sample Preparation

RAM samples collected from three geographical origins in China: Anhui province
(AH), Zhejiang province (ZJ), and Sichuan province (SC). The 100 RAM samples per origin
were purchased from local medicinal material markets of each origin. All were three-year-
old specimens consistent with mainstream commercial specifications in the Chinese market,
and had been processed into slices for commercial sale. Figure 1 presents the images of
RAM from the three geographical origins. It is extremely difficult to distinguish RAM from
different origins based on their appearance characteristics.

Figure 1. RAM samples from different geographical origins.

2.2. Hyperspectral Imaging System

A hyperspectral imaging system was employed to collected hyperspectral images
of RAM in reflection mode. As shown in Figure 2, the system works in the visible and
short-wave near infrared range (397–1003 nm) and consists of an imaging module (Specim
FX107, Specime imaging Ltd., Oulu, Finland), a set of 280 W halogen lamps (DECOSTAR
51S, Osram Corp., Munich, Germany), a mobile platform (HXY-OFX01, Red Star Yang
Technology Corp., Wuhan, China), and a computer equipped with image acquisition
software (Lumo Scanner, Specim, Spectral Imaging Ltd., Oulu, Finland). Before acquiring
all sample images, the hyperspectral system was first preheated for 30 min. After the system
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stabilized, black-white board reference images were acquired once prior to measuring all
samples, and these reference images were used to correct all subsequent sample images.

Dark box
Imaging 

spectrograph

Computer

Lamps

Sample

Lens

Figure 2. Schematic diagram of hyperspectral imaging system for sample detection.

2.3. Spectral Data Extraction

All samples were imaged by the visible near-infrared hyperspectral imaging system.
After RAM images were corrected, the entire surface of each RAM sample was identified as
a region of interest (ROI); subsequently, the spectra of all pixels in the ROI were averaged
to obtain a reference spectrum for the current sample. This approach was adopted with
reference to the methods reported in References [6,11]. Therefore, a total of 300 spectra were
obtained from RAM samples from three origins, and the spectral dataset was randomly
divided into training set (210 samples) and test set (90 samples) in a 7:3 ratio. The 7:3 ratio
was chosen because it balances sufficient sample size for the training set (to support feature
learning) and the test set (to enable objective generalization evaluation). This is a widely
used ratio in similar spectral classification studies [11].

2.4. Spectral Preprocessing Method

The collected spectral data is often affected by factors such as noise, scattered light,
and baseline drift, which may affect the modeling effect [28]. An appropriate preprocessing
selection can improve modeling accuracy, while an inappropriate selection can lead to
a decrease in model prediction performance. However, the selection of an appropriate
preprocessing method poses a challenge because the dimensionality and noise conditions
are likely to fluctuate as the spectral data sets change [24]. In this study, six spectral pre-
processing methods were used for the raw spectra, including Savitzky–Golay smoothing
(SG), standard normal variation (SNV), multiple scatter correction (MSC), Savitzky–Golay
first derivative (SG-D1), baseline correction (BS), and detrend (DT). SG smooths spectra via
polynomial fitting, reducing noise while preserving features; SNV and MSC eliminate scat-
tering interference from the sample surface [12]; SG-D1 combines SG smoothing and first
derivative to reduce noise, eliminate baseline drift, and enhance component-related spectral
peaks; BS eliminates background-induced baseline shifts to stabilize spectra baselines; and
DT eliminates linear or slow nonlinear trends from instrument drift or sample placement.
The optimal preprocessing method for raw spectra was determined by evaluating the
classification accuracy of the built models.

2.5. Classification Model
2.5.1. Broad Learning System (BLS)

The BLS model [14] is a novel and efficient learning system, whose network structure
consists of feature nodes and enhancement nodes, as shown in Figure 3. BLS model can
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quickly process large-scale high-dimensional spectral data, while effectively avoiding
overfitting and improving generalization ability and stability by setting reasonable node
parameters and connection methods within the model.

1F 2F nF 1E mE

Y

W

( ),  1... .i fi fiXW b i nφ + = 1 2([ ... ] ),  1... .j n ej ejF F F W j mξ β+ =

X
Figure 3. Structure of BLS model.

To be more specific about Figure 3, the input X was spectral data, and then the X was
mapped into n groups of feature nodes (Fi, i = 1, 2, . . . , n), which were integrated to obtain
the feature node set Fn. Mathematically, it can be described as follows:{

Fi = ϕi

(
XW f i + b f i

)
i = 1, 2, . . . , n

Fn = [F1, F2, . . . , Fn]
, (1)

where ϕi represents mapping function, W f i represents weight matrix, and b f i represents
bias matrix.

Fn is further transformed in the enhancement layer to generate enhancement nodes
(Ej, j = 1, 2, . . . , m), which were integrated to obtain the enhancement node set Em. Mathe-
matically, it can be described as follows:{

Ej = ξ j
(

FnWej + bej
)

j = 1, 2, . . . , m
Em = [E1, E2, . . . , Em]

, (2)

where ξ j is a nonlinear activation function, Wej represents weight matrix, and bej represents
bias matrix.

Finally, the feature node Fn and the enhancement node Em were connected together
with the output Y, thus the output of BLS model can be described as follows:

Y = [Fn, Em]W, (3)

where W is the connection weight of the network.
Assuming A = [Fn, Em], since Y (three geographical origin labels) was known, W can

be represented as follows:
W = A−1Y, (4)

where A−1 is the inverse matrix of the input for the entire network, and please refer to the
literature [14] for the specific calculation process of W.
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2.5.2. Traditional Machine Learning Methods

In this study, the superiority of the BLS model was validated by comparing it with
seven traditional machine learning models, including K-nearest neighbor (KNN), random
forest (RF), support vector machine (SVM), backpropagation neural network (BPNN),
gradient boosting decision tree (GBDT), extreme gradient boosting (XGBoost), and adaptive
boosting (AdaBoost). Among them, RF, GBDT, AdaBoost, and XGBoost are classic tree-
based ensemble learning algorithms, where RF employs a bagging strategy (combining
multiple decision trees via random sampling) [29], while GBDT, XGBoost, and AdaBoost
adopt boosting strategies (iteratively enhancing weak learners by focusing on misclassified
samples). All integrate multiple weak learners to form a strong predictor [30]. Other
models like KNN, SVM, and BPNN are standalone algorithms. KNN classifies via majority
voting of nearest neighbors [31], SVM seeks optimal hyperplanes for classification, and
BPNN updates weights through backpropagation in multi-layer architectures [32].

2.6. Shapley Additive Explanations (SHAP)

In explainable AI, SHAP is a tool used to explain the prediction results of machine
learning models [24]. It is based on the Shapley value in game theory, which decomposes
the model prediction results into various feature contribution values, namely SHAP values.
Based on SHAP values, the positive and negative effects and degree of each feature on the
prediction results can be clearly displayed, which helps to understand the decision-making
mechanism of the model and improve its interpretability [26,27]. A detailed explanation of
the calculation process for SHAP values can be found in the reference [26].

In this study, SHAP was used to explain the decision-making of KNN, RF, SVM,
BPNN, GBDT, XGBoost, AdaBoost, and BLS models based on full-wavelength data. The
mean absolute SHAP values were calculated to determine the significance of each spectral
wavelength in the model outcome. The larger the SHAP value, the greater the impact
of feature wavelength on the model classification results. Additionally, given that the
number of full wavelengths was too large (224 features), only the top 30 important features
were visualized. After that, secondary modeling was performed based on these important
features to build the simplified models.

2.7. Traditional Wavelength Selection Methods

The competitive adaptive reweighted sampling (CARS) and successive projection
algorithm (SPA) are two classic wavelength selection methods that effectively address the
high-dimensionality of hyperspectral data by eliminating irrelevant, noisy, or collinear
variables [33,34]. CARS is a variable selection method integrating Monte Carlo sampling
with partial least squares regression model regression coefficients, which iteratively screens
high-weight wavelengths and eliminates redundant variables [21]. SPA is a forward
wavelength selection method dedicated to selecting wavelength combinations with minimal
information redundancy to address collinearity issues [35].

2.8. Software

The extraction of RAM spectra was carried out using ENVI 5.2 software. The prepro-
cessing, modeling and visualization of spectra were all carried out using the Anaconda 3
(Python 3.12) software.

3. Results
3.1. Raw Spectral Analysis

Figure 4 presents the raw spectra and average spectra of RAM from three origins. The
comparison results showed that the variation trends of the spectral curves for the three
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origins were extremely similar. This similarity indicated that the material compositions
of their main chemical components were alike [6]. Figure 4b depicts that the spectral
reflectance slightly decreases within the 397–430 nm and then begins to rise from 430 nm.
Notably, a distinct reflectance peak appears between 920 nm and 950 nm. This peak was
probably caused by the second overtone of O-H stretching of water [36,37]. Furthermore,
no significant peaks were identified in this study. This makes it challenging to identify
RAM origin merely by visually examining the spectral characteristics. Therefore, it is
imperative to conduct more in-depth analysis and processing of the spectra to explore the
latent features concealed within the sample spectra.

Figure 4. Visualization of raw spectra for RAM samples of different origins: (a) Raw spectra;
(b) Average spectra.

3.2. Principal Component Analysis for Raw Spectra

Principal component analysis (PCA), an unsupervised method commonly used in
the exploratory analysis of spectra, was first applied to identify the raw spectra of RAM.
Figure 5 shows the distribution of RAM samples from three different regions (AH, ZJ,
SC) on principal component 1 (PC-1) and principal component 2 (PC-2). In Figure 5,
the variance explained rates of PC-1 and PC-2 are 87% and 8%, respectively. The
two components together reflect the main characteristic differences of the samples. The
samples from different regions are represented by three types of markers with different
shapes and colors. Although there is some overlap among them, they also show a certain
degree of separation, indicating that the samples from each region have both similarities
and differences in the feature space. Overall, PCA fails to accurately identify the RAM
origin, since samples from different regions overlapping substantially. Therefore, the subse-
quent steps involve preprocessing the raw spectra and establishing a more accurate RAM
origin spectral identification model.

Figure 5. PCA scores of RAM spectra from different origins.
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3.3. Modeling Using Full Wavelengths
3.3.1. Spectral Preprocessing Analysis

The raw spectra and preprocessed spectra (SG, SNV, MSC, SG-D1, BS, and DT) were,
respectively, imported into eight classifiers, including KNN, RF, SVM, BPNN, GBDT,
XGBoost, AdaBoost, and BLS. A systematic comparison was conducted on the classification
accuracy of different classifiers under various preprocessing methods. As shown in Table 1,
the results indicated that spectral preprocessing methods (SG, SNV, MSC, SG-D1, BS, and
DT) influence the performance of classifiers to varying degrees. This discrepancy arises
because different preprocessing techniques target distinct spectral interference factors,
leading to divergent action mechanisms that affect classifier performance [36]. Overall,
SG-D1 outperformed other spectral preprocessing methods. This result is consistent with
findings from similar study on the geographical origin identification of TCMs [11], primarily
because SG-D1 integrates the advantages of Savitzky–Golay smoothing and first-order
derivative, which suppresses spectral noise, eliminates baseline drift, enhances origin-
related characteristic peaks, and thus improves subsequent models’ discriminative ability.

Table 1. Classification accuracy of different models under various spectral preprocessing methods.

Model Dataset
Classification Accuracy (%)

Raw SG SNV MSC SG-D1 BS DT

KNN
Training set 74.29 73.81 68.10 68.10 80.95 76.67 75.24

Test set 67.78 68.89 63.33 63.33 77.78 56.67 73.33

RF
Training set 100 100 100 100 100 100 100

Test set 77.78 75.56 72.22 46.67 85.56 65.56 76.67

SVM
Training set 86.19 84.29 89.52 90.00 100 90.95 91.90

Test set 74.44 74.44 78.89 60.00 94.44 70.00 83.33

BPNN
Training set 89.52 89.05 98.10 98.57 100 93.33 100

Test set 81.11 78.89 86.67 62.22 91.11 81.11 85.56

GBDT
Training set 100 96.67 100 96.67 100 96.19 98.10

Test set 72.22 72.22 76.67 55.56 88.89 67.78 81.11

XGBoost
Training set 100 100 100 100 100 100 100

Test set 73.33 71.11 75.56 51.11 92.22 76.67 80.00

AdaBoost
Training set 100 100 100 100 100 100 100

Test set 76.67 75.56 81.11 55.56 90.00 76.67 85.56

BLS
Training set 99.05 100 99.52 100 100 98.57 100

Test set 93.33 92.22 88.89 68.89 95.56 90.00 91.11

When SG-D1-preprocessed spectra were used as model inputs, the KNN, RF, SVM,
BPNN, GBDT, XGBoost, AdaBoost, and BLS models achieved the highest accuracies of
77.78%, 85.56%, 94.44%, 91.11%, 88.89%, 92.22%, 90.00%, and 95.56%, respectively. Notably,
BLS significantly outperformed traditional machine learning models, demonstrating the
best classification performance across all preprocessing methods. Specifically, spectral
data preprocessed by SG-D1, when fed into the BLS model, achieved 100% accuracy in the
training set and 95.56% accuracy in the test set.

Figure 6 presents the RAM spectral reflectance map after SG-D1 processing. Compared
with the gentle trend of the raw spectra (Figure 4), the SG-D1 processed spectra significantly
highlighted the peak-valley features and local variations within the bands. This spectral
feature enhancement enables the model to accurately capture key information in the data,
thereby facilitating high-precision prediction. Consequently, SG-D1 preprocessed spectra
were adopted for subsequent analysis.
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Figure 6. Visualization of pre-processed spectra for RAM samples: (a) SG-D1 pre-processed spectra;
(b) Average spectra.

3.3.2. Model Comparison Analysis

As shown in Table 1, the BLS model achieves significantly higher accuracy than
KNN, RF, SVM, BPNN, GBDT, XGBoost, and AdaBoost models, regardless of using raw
or preprocessed spectra as inputs. This superiority originates from its unique network
architecture, where feature nodes and enhancement nodes work synergistically, enabling
efficient spectral feature extraction and reducing over-fitting risks in high-dimensional
datasets [14]. By contrast, the KNN model shows lower test accuracy, likely because the
algorithm exhibits high sensitivity to data distribution and vulnerability to noise and
outliers [38]. Ensemble models (RF, GBDT, XGBoost, and AdaBoost) show robust training
performance but unstable test accuracy, mainly caused by suboptimal parameter tuning
(e.g., tree number/depth), leading to poor generalization [39]. While BPNN and SVM
achieved over 90% accuracy in RAM origin identification and can model complex nonlinear
relationships, both suffer from insufficient big-data fitting capabilities [40]. In summary,
leveraging its architectural advantages in feature extraction and generalization, the BLS
model offers a more robust solution for RAM origin identification.

3.3.3. Confusion Matrix Analysis

To intuitively and comprehensively analyze the classification performance of all mod-
els, confusion matrices for various models were plotted, as shown in Figure 7. A compar-
ative analysis revealed that the numbers of misclassifications in the origin identification
of RAM by the KNN, RF, SVM, BPNN, GBDT, XGBoost, AdaBoost, and BLS models were
20, 13, 5, 8, 10, 7, 9, and 4, respectively. Further observation of the confusion matrices of
all models showed that RAM originating from ZJ was most prone to misidentification.
Notably, compared with other algorithms, the BLS model performed exceptionally well
in mitigating this issue, significantly reducing the misclassification rate of ZJ-origin RAM,
which further highlighted its remarkable advantages in RAM origin identification tasks.

3.4. Model Explanation and Important Wavelengths Selection via SHAP

In this section, the SHAP method was applied to fulfill two critical objectives: inter-
preting model decisions and identifying important wavelengths associated with origins.
Due to space limitations, Figure 8 only displays the SHAP values of the top 30 important
wavelengths with significant impacts on model outcomes. Concurrently, Figure 9 illustrates
the distribution of the top 30 important wavelengths identified by each model across the full
wavelength spectrum. In Figure 8, comparative analysis revealed that the distributions of
important wavelengths prioritized by different models varied substantially, thereby reflect-
ing their distinct focuses in identifying RAM origins. In Figure 9, the KNN model tended
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to prioritize local spectral features, while other models (RF, BPNN, BLS, etc.) exhibited
stronger capabilities in capturing broader-ranging feature information.

Figure 7. Confusion matrices of multiple models for RAM origin identification based on the
full wavelengths.

Notably, despite the divergent working principles of the eight models, the analysis
of important wavelength distributions (Figure 9) reveals that certain spectral bands are
consistently identified as critical features across multiple models. This convergence sug-
gests that these common bands play a fundamental role in RAM origin identification. In
particular, the common bands are centered at approximately 413–513 nm, 639–811 nm, and
822–980 nm. It is well established that these bands correspond to overtone and combi-
nation vibrations of X–H groups (X=C, N, O) [41]. Previous studies have indicated that
the pharmacologically active components associated with RAM predominantly include
polysaccharides, atractylenolide I (A-I), atractylenolide II (A-II), atractylenolide III (A-III),
and atractylone [1,6]. Importantly, polysaccharides and the atractylenolides (A-I, A-II,
A-III) contain C–H and O–H functional groups [41], which likely contribute to the observed
spectral features.
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Figure 8. Top 30 important wavelengths independently screened by each model (KNN, RF, SVM,
BPNN, GBDT, XGBoost, AdaBoost, and BLS) based on SHAP explanation.
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Figure 9. Distribution of the top 30 important wavelengths identified via SHAP analysis for various
models. In subplots (a–h), the blue line represents the average sample spectrum, while red dots denote
wavelengths strongly affecting model output, reflecting their critical role in RAM origin identification.

3.5. Important Wavelengths Selection Using CARS and SPA

After completing model interpretation and wavelength selection using SHAP, which
clarified the contribution of each wavelength to model output, this research further em-
ployed CARS and SPA for wavelength selection. The subsequent sections conducted a
comparative analysis of the wavelength ranges selected by these methods, with a pri-
mary focus on their consistency, dimensionality reduction efficiency, and classification
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accuracy. This analysis aimed to provide a multi-dimensional theoretical foundation for
subsequent modeling.

As shown in Figure 10a, the minimum root mean square error of cross-validation
(RMSECV) was achieved at the 20th Monte Carlo sampling iteration (represented in red)
in the CARS process. This demonstrated that the 36-variable subset selected at this stage
effectively captured the spectral features critical for identifying RAM origins. In Figure 10b,
the RMSE decreased with more variables added and then stabilized. The minimum RMSE
(0.34631) occurred when 28 wavelengths were selected, meaning SPA identified these
28 wavelengths as the critical spectral information for RAM origin tracing. The specific
distributions of important wavelengths extracted by the CARS and SPA algorithms across
the full spectral range are described in Figure 11. By comparing Figures 9 and 11, it is
observed that the important wavelengths identified by the SHAP method show similarity
to those extracted by CARS and SPA in distribution patterns.

 

R
M

SE

Figure 10. Procedure for identifying important wavelengths via CARS and SPA methods: (a) CARS;
(b) SPA.

Figure 11. Distribution of important wavelengths identified by CARS and SPA methods: (a) CARS;
(b) SPA.
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3.6. Modeling Using Important Wavelengths

Modeling with important wavelengths is critical to overcoming the high dimensional-
ity of hyperspectral data. In this study, simplified classification models were developed
using distinct subsets of important wavelengths: SHAP-selected wavelengths prioritized
those deemed critical by the BLS model, while CARS and SPA employed algorithmic opti-
mizations to identify subsets of 36 and 28 wavelengths, respectively. Table 2 presents their
classification accuracy on the test set across eight machine learning algorithms (KNN, RF,
SVM, BPNN, GBDT, XGBoost, AdaBoost, and BLS), highlighting the impact of wavelength
selection methods on model performance.

Table 2. Classification accuracy of different models based on SHAP, CARS, and SPA methods.

Model No. 1
Classification Accuracy (%)

KNN RF SVM BPNN GBDT XGBoost AdaBoost BLS

SHAP
Top 20 68.89 71.11 77.78 87.78 75.56 73.33 77.78 91.11
Top 25 68.89 71.11 84.44 88.89 71.11 74.44 78.89 94.44
Top 30 68.89 77.78 85.56 88.89 72.22 70.00 73.33 93.33

CARS 36 73.33 85.56 93.33 90.00 87.78 90.00 92.22 95.56
SPA 28 73.33 82.22 90.00 93.33 84.44 81.11 84.44 94.44

1 No. means the numbers of important wavelength in models.

As shown in Table 2, the statistical results showed that the BLS model consistently out-
performed traditional machine learning algorithms across all wavelength selection methods.
Specifically, the SHAP-derived subset with 25 wavelengths achieved the highest accuracy
of 94.44% in BLS. The SPA-selected subset with 28 wavelengths achieved 94.44% accuracy
in BLS. Notably, these accuracies were slightly lower than the full-wavelength (224) BLS
model (95.56%). Compared to SHAP and SPA, the CARS-extracted subset increased the
wavelength count to 36; BLS achieved 95.56% accuracy with this subset, matching the
accuracy of the full-wavelength BLS model. On the whole, although CARS demonstrated
superior accuracy (95.56%) with 36 wavelengths, BLS paired with SHAP-selected wave-
lengths (25 wavelengths) offers a compelling trade-off: achieving 94.44% accuracy with
fewer features and mechanistic interpretability. Therefore, by balancing model accuracy,
explainability, and dimensionality reduction, BLS combined with SHAP emerges as the pre-
ferred strategy for RAM origin analysis, prioritizing robust model performance alongside
scientific interpretability.

3.7. Model Deployment

The RAM origin identification system deploys the trained BLS model through serializa-
tion, where the optimized model parameters and label encoder are saved as “bls_model.pkl”
and “label_encoder.pkl” using the joblib library in Python. As shown in Figure 12, the
system visually presents both raw and preprocessed spectra, outputs sample origin results
through the classifier, provides statistical summaries, and enables the export of classifi-
cation outcomes. This deployment approach ensures efficient model reuse, allowing the
system to directly leverage pre-trained knowledge for RAM origin identification with-
out retraining, which enhances the practical applicability and computational efficiency in
real-world scenarios.
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Figure 12. RAM origin identification system.

4. Discussion
This study systematically demonstrated the feasibility of integrating HSI with the BLS

model and SHAP technology for accurate origin identification of RAM origins, yielding
highly satisfactory classification results. The full-wavelength BLS model achieved an
accuracy of 95.56%, while the SHAP-selected top 25 important wavelengths enabled the
BLS model to reach 94.44% accuracy. Although the accuracy achieved by modeling with
selected important wavelengths was marginally lower than that of the full-wavelength
model, the dimensionality reduction offered by wavelength screening remained crucial for
enhancing model interpretability, computational efficiency, and providing a theoretical basis
for the development of low-cost spectral systems for RAM origin identification [11,42,43].
More importantly, the identification of critical wavelengths facilitated a deeper mechanistic
understanding of the intrinsic correlations between spectral signatures and RAM origins. It
is worth noting that the important wavelength ranges selected by SHAP showed similarity
to those selected by traditional wavelength selection methods (CARS and SPA), indicating
that SHAP is capable of identifying wavelengths related to RAM origin while explaining
model decisions. In general, SHAP is an “interpretation tool” that operates at the model
level, with a core focus on “why a model makes such a prediction”; in contrast, CARS
and SPA are “data dimensionality reduction tools” that are independent of the model
itself, and their core concern is “which variables to select for modeling to achieve better
results”. Currently, a growing number of studies tend to focus on how machine learning
models make decisions, and SHAP has thus emerged as a favorable choice. For instance,
SHAP has been used to explore wavelength relationships with rice milling quality [44]
and identify important wavelengths linked to sweet potato quality [24]. However, this
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study applies SHAP to identify important wavelengths associated with the geographical
origin identification of Chinese medicinal materials, which represents a meaningful and
innovative exploration in this specific field.

As indicated in Tables 1 and 2, the BLS model outperformed seven commonly used
machine learning models, including KNN, RF, SVM, BPNN, GBDT, XGBoost, and Ad-
aBoost. This finding aligns with previous research outcomes. For instance, studies on
coal and tobacco origin identification using near-infrared spectroscopy both reported that
the BLS model outperformed KNN, RF, SVM, and BPNN models in classification per-
formance [18,45]. This might be attributed to its unique network structure and efficient
feature-processing ability, which enabled the BLS model to quickly learn important features
and conduct origin identification [14,17].

The current study highlights the potential of the BLS model in TCM origin identifi-
cation. The preference for machine learning (ML) over deep learning (DL) is rooted in
three practical constraints: limited dataset size (300 samples, insufficient for DL even with
transfer learning due to the scarcity of large-scale TCM hyperspectral datasets), the low
computational cost of ML, and the BLS model’s proven high accuracy. Although DL might
marginally improve accuracy, this comes at the cost of substantially higher computational
resources and model size. In future research, DL is considered as a justifiable alterna-
tive when faced with significantly expanded sample sizes or the need for multimodal
information fusion (such as integrating spectral and image data) [46].

This study has limitations in the geographical coverage of RAM samples. In practical
applications, when encountering samples from new origins, the model may face challenges
of decreased accuracy in origin identification due to the lack of sufficient learning of
comprehensive and regional representative features within a broader geographical scope.
Therefore, expanding the geographical diversity of training samples to enhance the model’s
generalization ability remains an important direction for future optimization. Moreover,
it should be noted that the application of HSI in this study focuses on acquiring spectral
information of target regions: spectral averaging is performed on each sample’s ROI pixels.
In essence, this study does not fully utilize HSI’s ability to analyze spatial heterogeneity;
instead, HSI is used as an “array spectrometer”. The core goal is to leverage its key spectral
advantages, such as rapid batch acquisition and non-destructiveness, to meet the sample
origin differentiation needs of this study. Future research can further explore the value
of HSI’s spatial information, such as through pixel-level modeling and spatial feature
extraction, to analyze how samples’ internal spatial heterogeneity affects detection results
and more comprehensively exert HSI’s technical potential. Meanwhile, this study’s focus
on RAM does not intend to suggest it is more difficult to identify by origin than all other
medicinal plants. Instead, RAM was selected because it embodies the shared challenges of
subtle morphological differences across origins and overlapping active component signals,
challenges that are widespread in herbal medicine (e.g., in many widely used materials
like Angelicae Sinensis Radix and Glycyrrhizae Radix et Rhizoma) and allow our findings to
provide generalizable insights for origin identification beyond just RAM.

5. Conclusions
This study successfully demonstrated the feasibility of integrating HSI with the BLS

and SHAP for rapid and accurate geographic origin identification of RAM. After systematic
spectral pre-processing, full-wavelength modeling using multiple classification algorithms
revealed that the BLS model achieved the highest classification accuracy of 95.56%, out-
performing traditional machine learning methods such as KNN, RF, SVM, BPNN, GBDT,
XGBoost, and AdaBoost. Leveraging SHAP for feature interpretation and selection, the
top 25 important wavelengths were identified, with the BLS model achieving 94.44% accu-
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racy using this subset. Notably, when compared with the CARS method, which achieved
95.56% accuracy using its selected wavelength set, SHAP demonstrated comparable ef-
fectiveness in dimensionality reduction while offering transparent insights into model
decision-making. Overall, the HSI-BLS-SHAP framework presents a rapid, accurate, and
interpretable solution for TCMs origin identification.
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