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Abstract 1 

Ultraviolet-visible diffuse reflectance spectroscopy (UV-Vis DRS) was combined 2 

with chemometrics to differentiate between Angelicae Sinensis Radix (ASR) and four 3 

similar herbs (either from the same genus or of similar appearance). A total of 191 4 

samples, including 40 ASR, 39 Angelicae Pubescentis Radix (APR), 38 Chuanxiong 5 

Rhizoma (CR), 35 Atractylodis Macrocephalae Rhizoma (AMR) and 39 Angelicae 6 

Dahuricae Radix (ADR) were collected and divided into the training and prediction sets. 7 

Principal component analysis (PCA) was used for observing the sample cluster 8 

tendency of the training set. Different preprocessing methods were investigated and the 9 

optimal preprocessing combination was selected according to spectral signal 10 

characteristics and PCA clustering results. The final discriminant model was built by 11 

extreme learning machine (ELM). The exploratory studies on the raw spectra and their 12 

3D PCA scores indicate that the classification of the five kinds of TCMs cannot be 13 

achieved by PCA on the raw spectra. Autoscaling, continuous wavelet transform (CWT) 14 

and Savitzky-Golay (SG) smoothing can improve the clustering results in different 15 

degrees. Furthermore, their combination in the order of CWT + autoscaling + SG 16 

smoothing can enhance the spectral resolution and obtain the best clustering result. 17 

These results also validate by ELM models on raw and different preprocessing methods. 18 

By using CWT + autoscaling + SG smoothing + ELM, 100% classification accuracy 19 

can be achieved on both the training set and the prediction set. Therefore, the developed 20 

method could be used as a rapid, economic and effective method for discriminating the 21 

five herbs used in this study. 22 
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1. Introduction 1 

Angelicae Sinensis Radix (ASR, Danggui in Chinese), which is derived from the 2 

root of Angelica sinensis (Oliv.) Diels, is a widely used herb in Traditional Chinese 3 

Medicine[1-4]. Due to its high demand, the price of ASR keeps relatively high, resulting 4 

in substitutes and adulteration being common [4]. Most often, other Angelicae species 5 

like Angelicae Pubescentis Radix (APR, Duhuo in Chinese), Angelicae Dahuricae 6 

Radix (ADR, Daizhi in Chinese), or herbs with similar morphological appearance such 7 

as Chuanxiong Rhizoma (CR, Chuanxiong in Chinese), Atractylodis Macrocephalae 8 

Rhizoma (AMR, Baizhu in Chinese) are used. The taxonomic identification based on 9 

morphology is challenging, especially if herbs are ground into ultrafine powders [4,5]. 10 

Thus, precise identification of the authenticity of raw material is crucial for quality 11 

control in TCM [5-7]. 12 

Many analytical approaches have been developed for authentication of similar 13 

herbs, including gas chromatography-mass spectrometry (GC-MS) [8,9], ultra / high 14 

performance liquid chromatography (U/HPLC) [9-11], nuclear magnetic resonance 15 

(NMR) [1], laser-induced breakdown spectroscopy (LIBS) [12], Raman [13], infrared (IR) 16 

[14] and near infrared (NIR) [2, 5-7, 15] spectroscopy, DNA barcoding [4], and more. Among 17 

these approaches, DNA barcoding method is accurate but requires very strong 18 

professional skills. Chromatography-based methods are time- and solvent-consuming 19 

because hundreds of components in the raw material need to be separated during the 20 

analyzing process. As compared to chromatographic ones, the use of spectroscopic 21 

methods provides a rapid analysis since they scan the samples directly, non-invasively 22 

and without a prior separation step [16-18]. However, the spectral-based approaches may 23 
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not always be successful due to severely overlapping spectral signals, noise and 1 

baseline variation [19-21]. As a result, chemometric methods, such as signal 2 

preprocessing [22,23] and chemical pattern recognition [24-26] methods are often required 3 

for spectral qualitative analysis purpose. The increasing body of research [2,3,5,12-4 

15,17,24,26] demonstrates that spectroscopy combined with state-of-the-art chemometrics 5 

methods is a potential tool for rapid and nondestructive discrimination of herbs. 6 

Among the spectroscopic methods, ultraviolet-visible (UV-Vis) spectroscopy 7 

would represent one of the simplest and cheapest alternative. Traditional UV-Vis 8 

spectroscopy equipped with a quartz cell has been widely used for western 9 

pharmaceutical analysis [27-29], which usually dissolves tablets into solutions before 10 

analysis. However, in order to analyze natural herbs, the techniques proposed in the 11 

literature seldom use UV-Vis spectroscopy. This is because the ingredients in TCM are 12 

often complex organic mixtures. It is often time-consuming to analyze solid herbal 13 

samples using solvent extraction steps before scanning the spectra. Even if time is spent, 14 

it is difficult to find a suitable solvent to extract all the various organic components. 15 

With the appearance of the integrating sphere attachment, UV-Vis diffuse reflectance 16 

spectroscopy (UV-Vis DRS) [30] provides the possibility to analyze solid samples 17 

directly. UV-Vis DRS has been increasingly used for characterization nanostructures 18 

[31], determination of trace mercury enriched on membrane [32], and more. Thus, it would 19 

be a promising tool for rapid and nondestructive discrimination of similar herbs while 20 

retaining a low-cost analysis. However, to our knowledge, only very few studies have 21 

used UV-Vis DRS to discriminate different herbs. 22 
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Preprocessing is a critical step [5,15,17,22,23] before building a discrimination model. 1 

Many preprocessing methods have been used for spectral preprocessing. Proper 2 

preprocessing strategies have to be selected for each specific application, which are 3 

usually chosen based on the prediction performance of the models built on the 4 

pretreated spectra. Often, trial-and-error strategies are used [22,23] or researchers use 5 

standard methods. Gerretzen et al. [22] have shown that preprocessing spectra does not 6 

always improve classification power, but that preprocessing can actually lead to worse 7 

results. Additionally, choosing the preprocessing methods based on performance value 8 

alone, may make it difficult to explain why that chosen strategy performs best. 9 

Another strategy is visual inspection [22,23] of the raw spectra to and choosing the 10 

preprocessing method based on experience. Bro and Smilde [33] pointed out that 11 

inspecting the raw data is the first and important step in data analysis, but at the same 12 

time, looking at the preprocessed data is also an important but frequently forgotten step. 13 

For spectral data with many variables, principal component analysis (PCA) [4,17,24,33] is 14 

a popular technique for visualizing such high-dimensional data. If the preprocessing 15 

can make the result better, there should be some difference either in the high-16 

dimensional spectra or in the dimensionality-reduced PCA plots. 17 

In this study, the potency of UV-Vis DRS in combination with chemometrics was 18 

evaluated to discriminate ASR from its four similarities. The spectra and their three-19 

dimensional PCA (3D-PCA) plots were adopted to visualize the clustering trend of the 20 

five herbs and select the optimal preprocessing method. Autoscaling [33,34], continuous 21 

wavelet transform (CWT) [28,35-37], Savitzky-Golay (SG) smoothing[39] and their 22 
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combinations were used for enhancing resolution, correcting background and reducing 1 

noise. To validate the performance of different preprocessing methods, extreme 2 

learning machine (ELM) [40-43] was employed for modeling and prediction. Importantly, 3 

the chosen optimal model is not only selected based on performance but also gave 4 

reasonable explanations and could be well verified in light of the studied herbs  5 

2. Experimental 6 

2.1 Sample preparation 7 

A total of 191 raw samples including 40 ASR, 39 APR, 38 CR, 35 AMR, 39 ADR 8 

were purchased from 40 authentic pharmacies in Tianjin. For convenience, the samples 9 

are labeled in No. 1-191 as follows: No. 1-40 for ASR, No. 41-79 for APR, No. 80-117 10 

for CR, No. 118-152 for AMR and No. 153-191 for ADR. To remove moisture from 11 

them, all the TCM samples were dried to constant weight in a forced draught oven at 12 

60 °C. Then the sample was pulverized by a Dade portable grinder (DFT 50 g, Wenling 13 

Linda machinery Co. Ltd., Zhejiang, China) and filtered with a 120-mesh sieve one by 14 

one. All the powdered samples were saved in 60 mm    100 mm sealed plastic bags 15 

before spectral measurements. To develop discrimination models, the samples of each 16 

TCM were divided into two subsets in a ratio of 3:1 by Kennard and Stone (KS) [44] 17 

algorithm. This resulted in a training set with 142 samples and a prediction set with 49 18 

samples. The details of the samples are shown in Table 1. 19 

2.2 Spectral acquisition 20 

The UV-Vis spectra were measured with a resolution of 1 nm from 200 to 800 nm 21 

in diffuse reflection mode. A UV-2700 UV-Vis Spectrophotometer (Shimadzu 22 
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Corporation, Japan) with an integrating sphere diffuse reflection accessory was used 1 

for the measurements. Before the measurement, the spectrometer was balanced at room 2 

temperature for 0.5 h. UV-probe 2.34 software was used for scanning the spectra and 3 

the selected parameters comprised a spectral bandwidth of 5 nm, an integration time of 4 

0.5s, a scan speed of high, and a light source conversion wavelength of 323 nm. The 5 

TCM powders were filled in the sample cell, and the surface was smoothed. The 6 

average spectrum of three replicate scans was used, where the sample was rotated 90 7 

degrees between measurements. 8 

3. Methods 9 

3.1 Principal component analysis 10 

Principal component analysis is one of the most important and powerful methods 11 

in chemometrics [33]. It provides an overview of complex multivariate data by 12 

visualization the scores, retaining as much as possible the information present in the 13 

original data by the reduction of the data dimensionality [2].Without prior knowledge of 14 

class structure, PCA transforms the original variables into a smaller number of 15 

uncorrelated principal components (PCs). Each PC is a linear combination of all the 16 

original variables [2]. PC scores have been used for visualization high-dimensional data 17 

with great success [24]. The clustering based on PCs can qualitatively reveal the 18 

similarities and differences among samples of different classes or groups. Thus, in this 19 

work, the PCA was carried out on raw and preprocessed spectra to explore the 20 

separability of the five herbs. The three-dimensional score plots including the first three 21 

PCs were used for visualization clustering analysis of the samples. 22 
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3.2 Spectral preprocessing 1 

The aim of spectral preprocessing is to remove irrelevant information and improve 2 

the spectra quality before analysis and modeling. Applying preprocessing can increase 3 

model accuracy and repeatability, although there are no guarantees this will actually 4 

work. Thus, according to the spectral characteristics in this study, mean centering, 5 

autoscaling, CWT, SG smoothing, and their combinations were investigated. Mean-6 

centering and autoscaling are two frequently used operations in first consideration for 7 

preprocessing [34]. Mean centering is simply performed by subtracting the average of a 8 

variable from the observed values of the variable, which removes any offset in the raw 9 

spectra. Autoscaling is mean-centering followed by a scaling procedure to set the 10 

variance of the variables to unit, which homogenizes the importance of all the variables. 11 

Wavelet transform (WT) including discrete WT (DWT) [38] and CWT [28, 35-37] transfers 12 

a signal into wavelets with different frequencies. CWT has been proven to be a high 13 

performance multiresolution technique for resolution enhancement, which transforms 14 

the original signal into various CWT coefficients by convolution the given signal with 15 

a wavelet function [35]. After CWT, the information contained in the original signal can 16 

be represented by the corresponding wavelet coefficients. The SG smoothing [39] has 17 

been established as the common smoothing technique which can effectively smooth 18 

noise and improve signal to noise ratio.  19 

3.3 Extreme learning machine 20 

A discrimination model was developed using extreme learning machine (ELM), 21 

which not only avoids the disadvantages of the traditional non-linear methods but also 22 
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has a simple structure and needs a few parameters to obtain a linear model [42]. ELM is 1 

a unifying learning algorithm proposed by Huang et al. [40] for the single hidden layer 2 

feed-forward neural networks (SLFNs). The ELM has one input layer, one output layer 3 

and a single hidden layer. These three layers form a SLFN where linear algebra is 4 

employed to solve the equations for obtaining optimal weights in the output layer. In 5 

ELM, weights and biases of the input layer are randomly assigned. The output weights 6 

are calculated analytically using by Moore–Penrose generalized inverse. These two 7 

characteristics make ELM involves a few parameters, runs fast and has high 8 

generalization capacity. More detailed descriptions of ELM are provided in Refs. [40-9 

43]. In ELM, two parameters, i.e., activation function and the number of hidden nodes 10 

need to be optimized. Considering its instability [41,43], 50 runs of ELM were performed, 11 

and the average prediction accuracy was used for selection the optimal parameters. 12 

According to the variation of average predictive accuracy on training set with sigmoid 13 

(sig), sine (sin), hard limit (hardlim), triangular basis (tribas), radial basis (radbas) 14 

functions and the number of hidden nodes from 1 to 500, hardlim function and 100 15 

hidden layer nodes were selected for ELM model. 16 

4. Results and discussions 17 

4.1 Raw spectra and corresponding PCA analysis 18 

The UV-Vis diffuse reflectance spectra of all the samples in the training set were 19 

recorded in the range of 200-800 nm and display in Fig.1 (a). The spectra of ASR, APR, 20 

CR, AMR and ADR samples are marked with red, blue, black, green and magenta 21 

colors, respectively. Due to the strong overlap in spectra of different herbs plotted in 22 
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Fig. 1(a), it is difficult to distinguish the herbs. However, when evaluating the mean 1 

spectra of the five herbs plotted in Fig.1 (b), it becomes apparent that there is a structural 2 

difference between the herbs. As can be seen in Fig.1 (a), AMR have two small peaks 3 

in 310 and 335nm, ADR have two slow peaks in 235 and 280 nm, ASR, APR and DR 4 

do not have obvious peaks from the raw UV-Vis spectra. Because there are thousands 5 

of compounds in each herb, it is difficult to correspond the peak to a specific compound. 6 

Overall, AMR and ADR were more different from ASR, APR and DR while the latter 7 

three are more similar to each other. The spectra can exhibit minor differences in the 8 

five studied herbs and may be discriminated using chemometric methods. 9 

In order to observe the possible clustering of the samples, PCA was done on the 10 

original spectra in the training set. Fig. 2 show the three-dimensional score scatter plot 11 

of the samples in the training set. For better distinction, the scatter of different kinds of 12 

TCMs are marked with the same color as their spectra. Five confidence ellipsoid with 13 

different colors (p = 0.05) were also plotted according to F distributions of 14 

corresponding herbs. Clearly, almost all the samples are located in the corresponding 15 

ellipsoid. It can be noted that there exist a serious overlap among the five ellipsoid. The 16 

ellipsoids of ASR, AMR and ADR are much bigger than those of APR and CR, which 17 

means the points of the former three herbs are more dispersed that the latter two. Further 18 

observation the spectra in the Fig. 1 (a) again, significant baseline drift and a certain 19 

degree of noise can be found. Thus, different preprocessing was tried to improve the 20 

clustering of PCA. 21 

4.2 Spectral preprocessing and corresponding PCA analysis 22 
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To get better clustering, mean centering and autoscaling were tried firstly. Fig. 3 1 

(a-d) displays the mean centered, autoscaled spectra in the training set and their PCA 2 

scores of first three PCs. For the mean centered spectra, all the variables change around 3 

X-axis. Some peak can be seen in the wavelength range 200-400 nm. However, the 4 

radius of the curve in 400-800 nm are much bigger than the former peaks. Compared 5 

with PCA scores on raw spectra, the clustering of PCA scores on mean centered spectra 6 

and the size of confidence ellipsoids have no obvious improving. From Fig. 3 (c), 7 

obvious and different peaks can be seen for AMR and ADR. Even though there are 8 

many overlaps for AS, APR and CR, the three herbs also have some difference from the 9 

autoscaled spectra. From Fig. 3 (d), the confidence ellipsoids of AMR and ADR and 10 

the overlap between them become smaller. Although the five herbs cannot be 11 

differentiated, the PCA clustering result on autoscaled spectra is better than that on 12 

centered spectra. Thereby autoscaling will be used henceforth for normalization. 13 

From the raw spectra, there are obvious baseline or background, thus CWT was 14 

used to eliminate baseline. Symlet with six vanishing moments (sym6) and six was used 15 

as the wavelet function and decomposition scale for CWT. The CWT transformed 16 

spectra of the training set and corresponding scores of first three PCs were plotted in 17 

Fig. 4 (a) and (b), respectively. In Fig. 4 (a), it is clear that background interference and 18 

baseline drift are effectively deducted, which indicates that CWT is a good tool for 19 

eliminating background interference and baseline drift. CWT operation makes the 20 

peaks obvious in the wavelength range 200-600 nm, but at the same time amplify the 21 

noise. From Fig. 4 (b), although the scores of AS, APR and ADR are mixture together, 22 
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CR and AMR can be completely separated from the five herbs. Since AS, APR and 1 

ADR origin from the same Angelica genus, the difference among them is smaller than 2 

that of different genus. In addition, because the noise is relative big in the CWT 3 

transformed spectra, the clustering results may become better after the noise 4 

suppression. 5 

For further reducing the noise level, SG smoothing with 19 window size was 6 

combined with CWT. Different combination orders may have different results, thus the 7 

two combinations SG smoothing + CWT and CWT + SG smoothing were both 8 

investigated. The preprocessing spectra and their corresponding PCA scores of first 9 

three PCs were shown in Fig. 4 (c-f), respectively. Compared with CWT transformed 10 

spectra in Fig. 4 (a), the introducing of SG smoothing suppresses the noise and improve 11 

the peak resolution. Furthermore, the spectra pretreated by SG smoothing + CWT make 12 

the signals sharply large around the beginning 220 nm while those of CWT + SG 13 

smoothing do not have this problem. In addition, the peaks of the CWT + SG smoothing 14 

spectra are much bigger than those of SG smoothing + CWT spectra.  From Fig. 4 (d) 15 

and (f), the difference in PCA scores between the two combinations are more notable 16 

than that in spectra. The SG smoothing + CWT preprocessing makes the cluster of 17 

samples even worse than that of CWT preprocessing while CWT + SG smoothing make 18 

the five clusters more separated. Both the pretreated spectra and their 3D PCA scores 19 

indicate the combination order of CWT + SG smoothing much better than SG 20 

smoothing + CWT. But there still some overlapping samples among ASR, APR and CR 21 

after CWT + SG smoothing preprocessing. 22 



 14

Since autoscaling can also distinguish the five kinds of TCMs in some degree, 1 

CWT + SG smoothing further combines with autoscaling. Considering different order 2 

of autoscaling, three combinations, i.e., CWT + SG smoothing + autoscaling, CWT + 3 

autoscaling + SG smoothing and autoscaling + CWT + SG smoothing can be obtained. 4 

The corresponding preprocessing spectra and their 3D PCA scores are shown in Fig. 5. 5 

Compared with the pretreated spectra and clustering results of PCA, the position of 6 

autoscaling have big effects on the result. Compared the PCA scores in Fig. 5 (b), (d) 7 

and (f), when the spectra pretreated by autoscaling first and then CWT + SG smoothing, 8 

it makes the five kinds of TCMs more overlap, while the other two ternary combinations 9 

almost fully separate the five herbs. The points in each confidence ellipsoids are more 10 

clustered and the ellipsoids become smaller for CWT + SG smoothing + autoscaling 11 

and CWT + autoscaling + SG smoothing than autoscaling + CWT + SG smoothing. 12 

Further comparison Fig. 5 (b) and (d), two points outside the confidence ellipsoid for 13 

CWT + SG smoothing + autoscaling and one point outside for CWT + autoscaling + 14 

SG smoothing. In addition, from Fig. 5 (a) and (c), the spectra preprocessed by CWT + 15 

SG smoothing + autoscaling have more noise than those by CWT + autoscaling + SG 16 

smoothing. Overall, the pretreated spectra and their 3D PCA scores all demonstrate 17 

CWT + autoscaling + SG smoothing ternary combinations gives the best clustering of 18 

the five kinds of TCMs.  19 

4.3 The explained variances of the first three PCs in PCA analysis 20 

In exploratory studies, it is quite often to look at the explained percentage of total 21 

variance for each PC [33], the used components usually can explain most of the variance. 22 
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Table 2 display the explained variances of PC1, PC2, PC3 and their cumulative variance 1 

for PCA on raw and different preprocessing spectra. Components are looked at from 2 

the first component and downwards, the variation explained is smaller and smaller, 3 

which indicates each extra component contains less and less information. This 4 

corresponds exactly to the basic principles of PCA.  5 

However, if the cumulative variance of the first three PCs is analyzed, it is 6 

apparently different for different preprocessing method. For the raw spectra, the first 7 

three PCs explained 96.79% of total variance. Even if the explained variance is higher 8 

than 90%, most of the information in the first three PCs is no use because the five herbs 9 

cannot be classified. For autoscaled spectra, the three PCs extract less variance 10 

compared with the raw spectra, but the peaks are more obvious but while the cluster 11 

became better. Surprisingly, For CWT spectra and all the combined processing methods 12 

with CWT, the first three PCs only explained approximately 20% of total variance. 13 

However, most of the CWT based processing methods increase the signal resolution 14 

and improve the cluster of different herbs. Therefore, the value of explained variance is 15 

not always proportional to the extracted useful information. Even though 96.79% of the 16 

total variance has been extracted, maybe most of the information is useless for the 17 

separation, thus the PCA clusters overlap for the raw spectra. For CWT + autoscaling 18 

+ SG smoothing, only 21.53% of the total variance was extracted for the first three PCs. 19 

However, this was enough to get a good cluster, indicating that the extracted 20 

information is more relate to the separation. 21 

4.4 Prediction results based on ELM models 22 
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By inspecting the spectra and PCA visualization, CWT + autoscaling + SG 1 

smoothing was selected as the best preprocessing. However, this exploratory analysis 2 

may be less convincing than the prediction results of the discrimination model. To 3 

further discriminate different herbs and validate the effects of different preprocessing 4 

methods, ELM model was employed. Table 3 lists the prediction accuracy of ELM on 5 

raw and preprocessing spectra for both training set and prediction set. 6 

For the training set, ELM model on the raw spectra only gives 57.34% accuracy 7 

while all the used preprocessing methods can improve the result apparently. 8 

Autoscaling + ELM gave better prediction than that of mean centering + ELM, which 9 

is the same conclusion as the preprocessing spectra and PCA visualizing gave. Different 10 

from CWT + PCA, which cannot fully separate the five kinds of TCMs, CWT + ELM 11 

gave 100% calibration accuracy. This is also reasonable because ELM is supervised 12 

model while PCA is unsupervised model. CWT + ELM, CWT + SG smoothing + 13 

autoscaling + ELM and CWT + autoscaling + SG smoothing + ELM all show 100% 14 

calibration accuracy. Only from this accuracy value, it is difficult to select the optimal 15 

method and give reasonable explanation. However, the preprocessing spectra plots and 16 

their PCA scores have explained well and show CWT + autoscaling + SG smoothing + 17 

ELM is the best model. For the prediction set, CWT + SG smoothing + autoscaling + 18 

ELM gave best result among the three methods. Comprehensive consideration of the 19 

training set and prediction set, CWT + SG smoothing + autoscaling + ELM can divide 20 

the five herbs with 100% accuracy. These results are consistent with the results of the 21 

spectra inspected by PCA analysis. Thus, CWT + autoscaling + SG smoothing 22 
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pretreated UV-Vis spectra combined with ELM modeling can discriminate AS from its 1 

four similarities quickly and accurately. 2 

5. Conclusions 3 

The purpose of this study was to develop a quick, economic and nondestructive 4 

identification method of ASR from similar herbs. Because of their complexity, UV-Vis 5 

DSR spectra of natural samples overlap with background and noise, which cannot be 6 

grouped by PCA directly. Thus autoscaling, CWT, SG smoothing and their different 7 

order combinations were used to preprocess the original spectral signals. The explained 8 

variances of the first three PCs are also explored. According to the preprocessing 9 

transformed spectra and their 3D PCA plots, CWT + autoscaling + SG smoothing was 10 

determined as the optimal preprocessing method. The amount of explained variance 11 

had no obvious relation to any extracted useful information.  12 

To validate the selected result, ELM was used on the raw and preprocessed spectra. 13 

The prediction performance for both the training and prediction sets were consistent 14 

with the spectral and PCA analysis. The results suggest that UV-Vis DRS combined 15 

with ELM optimized by CWT + autoscaling + SG smoothing is a promising alternative 16 

for discrimination of ASR from the four similar herbs. By analyzing the spectra and 17 

PCA scores on raw and preprocessing spectra, the optimal preprocessing method could 18 

be well explained. The constructed method is promising for differentiation of other 19 

herbs and may prove to be highly valuable for quality control of raw materials and thus 20 

be beneficial for the large market of TCM. 21 
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Table captions: 1 

Table 1 Sample information of the five herbs 2 

Table 2 The explained variances of the first three PCs in PCA on different 3 

preprocessing spectra 4 

Table 3 Prediction accuracy of ELM models optimized by different spectral 5 

preprocessing methods 6 

7 
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Figure Captions: 1 

Fig. 1 the UV-Vis spectra of five herbs samples in the training set (a) and their mean 2 

spectra for each herb (b) 3 

Fig. 2 Three-dimensional PCA score scatter plot of the raw spectra in the training set 4 

Fig. 3 Mean centered spectra (a) and their PCA score plot of first three PCs (b), 5 

autoscaled spectra (c) and their PCA score plot of first three PCs (d) 6 

Fig. 4 CWT spectra (a) and their PCA score plot of first three PCs (b), SG smoothing + 7 

CWT spectra (c) and their PCA score plot of first three PCs (d), CWT + SG smoothing 8 

spectra (e) and their PCA score plot of first three PCs (f) 9 

Fig. 5 CWT + SG smoothing + autoscaling spectra (a) and their PCA score plot of first 10 

three PCs (b), CWT + autoscaling + SG smoothing spectra (c) and their PCA score plot 11 

of first three PCs (d), autoscaling + CWT + SG smoothing spectra (e) and their PCA 12 

score plot of first three PCs (f) 13 

  14 
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Table 1 1 

Herb Serial No. No. of samples No. of samples 

in training set 

No. of samples in 

prediction set 

ASR 1-40 40 30 10 

APR 41-79 39 29 10 

CR 80-117 38 28 10 

AMR 118-152 35 26 9 

ADR 153-191 39 29 10 

 2 

  3 
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Table 2 1 

Preprocessing method PC1 PC2 PC3 Sum of the first 

three PCs 

None 88.34 6.70 1.75 96.79 

mean centering 72.49 8.96 6.84 88.29 

autoscaling 58.70 13.14 7.00 78.84 

CWT 8.11 7.40 6.60 22.11 

SG smoothing+CWT 10.89 10.22 7.45 28.56 

CWT+SG smoothing 10.88 7.42 6.86 25.17 

CWT+SG smoothing+autoscaling 7.65 5.75 4.75 18.15 

CWT+autoscaling+SG smoothing 11.56 5.55 4.42 21.53 

autoscaling+CWT+SG smoothing 10.79 7.74 5.45 23.98 

 2 

  3 
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Table 3 1 

Modeling Method Training set/% Prediction set/% 

ELM 57.34 53.06 

mean centering+ELM 88.03 89.80 

autoscaling+ELM 97.18 89.80 

CWT+ELM 100 89.80 

SG smoothing+CWT+ELM 97.89 91.84 

CWT+SG smoothing+ELM 99.30 93.88 

CWT+SG smoothing+autoscaling+ELM 100 97.96 

CWT+autoscaling+SG smoothing+ELM 100 100 

autoscaling+CWT+SG smoothing+ELM 71.83 61.22 

 2 
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Fig.2 2 
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