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Abstract

The present study is aimed to develop a chemometrics assisted method for predicting simple sugars (glucose, fructose 
and sucrose) in mango juice by using the best calibration technique among Artificial Neural Network (ANN), Principal 
Component Regression (PCR) and Partial Least Squares Regression (PLSR) in de-noised data from Fourier Transformed 
Infrared (FTIR) spectrophotometer. Sixty four mixture solutions of  eight different concentrations of  sugars and fifteen 
commercial mango juices have been run in FTIR, and spectral data are used for development, validation and test of  mod-
els. Standard Normal Variate (SNV), Savitzky-Golay (S-G) filtering and Multiplicative Scatter Correction (MSC) have been 
used for de-noising spectral data before calibration. Among the alternatives, the best prediction performance is noticed by 
ANN in spectral range 1500-952 cm-1 and S-G filtering (R2≈0.99). Prediction of  simple sugars concentration by ANN with 
FTIR spectroscopic data after de-noised with S-G filtering is a cost-effective and easy method for quantification of  sugars 
in commercial mango juice.
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Introduction

Bangladesh is one of  the top ten mango growing countries in the 
world [1]. Mango juices are getting popularity among people of  
all ages. So, a number of  mango juice manufacturing industries 
have been established. Some of  the industries are exporting their 
product abroad. Now the quality of  mango juices is a great con-
cern both for producers and consumers. Over use of  artificial 
sugars is one of  the depressing factors and causes serious threat 
to public health [2]. Therefore, simple, easy and cost effective test-
ing methods are necessary to ensure quality of  mango juice for 
manufactures, consumers and food quality regulating authorities. 
Different chromatographic methods like High Performance 
Liquid Chromatography (HPLC), Gas Chromatography (GC), 
etc are used to determine concentration of  sugars in foods es-
pecially fruit juice [3, 4] and honey [5]. All these methods need 

tiresome and complex pretreatment of  samples. Moreover, stand-
ard chemicals are used in these methods, and they require high 
cost for storage and disposal. On the contrary, in chemometric 
techniques, mathematical models are used with spectral data from 
instruments against known concentration of  analyte where no 
standard chemicals are used. So, multivariate calibration methods 
are cheaper, faster and do not generate chemical waste [6]. 

Multivariate analysis techniques in Fourier Transformed Infrared 
(FTIR) spectroscopic data were applied to develop chemometric 
method for quantification of  sugars in mango juice [7]. Here glu-
cose, fructose and sucrose were estimated as a function of  ripen-
ing from the model. In another study, authentication of  sweeten-
ers of  mango juice using FTIR was studied by estimating Added 
Sugar Content (ASC), Total Sugar Solution (TSS) and Real Juice 
Content (RJC) [8]. 

http://dx.doi.org/10.19070/2326-3350-1700060
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Spectral data contain instrumental noises which to be reduced 
before modeling. Several de-noising techniques are used by sci-
entists. Standard Normal Variate (SNV), Savitzky-Golay (S-G) fil-
tering and Multiplicative Scatter Correction (MSC) are popularly 
used in this purpose. But their performance varies greatly accord-
ing to the nature of  the data. Similarly, Artificial Neural Network 
(ANN), Principal Component Regression (PCR) and Partial Least 
Squares Regression (PLSR) are most frequent chemometric tech-
niques for calibration, and their prediction efficiencies are to be 
assessed to peek the best one for the spectral data used to choose 
the best one among the alternatives for quantification of  glucose, 
fructose and sucrose in mango juice.

Objective of  the study is to develop a rapid and inexpensive meth-
od for quantification of  glucose, fructose and sucrose in commer-
cial mango juice by using FTIR spectroscopy and comparatively 
better performing de-noising and calibration techniques.

Materials and Methods

Collection of  Commercial Mango Juice

Fifteen commercially available mango juices of  different locally 
manufacturing companies were collected from different outlets. 
At first, concentration of  glucose, fructose and sucrose in com-
mercial juices were measured at laboratory by standard AOAC 
method [9].

Preparation of  Standard Mixture Solutions

Standard mixture solutions of  three sugars available in mango 
juice, i.e., glucose, fructose and sucrose, were prepared. Eight 
different concentrations of  glucose (0.5, 1.0, 1.5, 2.0, 2.5, 3, 5, 
10 percent), fructose (0.5, 1.0, 1.5, 2.0, 2.5, 3, 5, 10 percent) and 
sucrose (7.0, 7.5, 8.0, 8.5, 9.0, 9.5, 10.0, 15.0 percent) were used 
to prepare artificial mixture solutions. These concentrations were 
considered here because the concentration of  sugars in commer-
cial juices varies among these ranges. Here “Orthogonal Experi-
mental Design” was used to statistically maximize the information 
in the outputs. Thus, in total 64 mixtures were prepared with dif-
ferent concentrations of  glucose, fructose and sucrose. According 
to the combination of  concentrations from experimental design, 
the sugars were dissolved into de-ionized water to make solutions. 
Both mixture solutions and commercial juices were used in FTIR 
to get spectral data.

FTIR Measurements

Fourier Transformed Infrared (FTIR) spectrometer (Shimadzu, 
Model: IRAffinity1) connected to software of  IR Solution Oper-
ating system (Version 1.40) was used to obtain FTIR spectra of  
samples. The samples were placed in contact with Attenuated To-
tal Reflectance (ATR) element at controlled ambient temperature. 
FTIR spectra were collected in frequency 4000-650 cm-1 by co-
adding 30 scans and at resolution of  4 cm-1. Before every scan, a 
new reference air background spectrum was taken. There spectra 
were recorded as absorbance values at each data point in triplicate. 
The ATR plate was carefully cleaned in situ by wiping it with ac-
etone, and dried with soft tissue before filling in with next sample.

Preprocessing of  Spectral Data

The spectral data acquired from instrument contain spectra 
background information and noises which are interfered desired 
relevant quality attributes information. Interfering spectral pa-
rameters, such as light scattering, path length variations and ran-
dom noise resulted from variable physical sample properties or 
instrumental effects need to be eliminated or reduced in order to 
obtain reliable, accurate and stable calibration models. Thus, it is 
very necessary to pre-process spectral data prior to modeling. Pre-
processing methods can include averaging over spectra, which 
is used to reduce the number of  wavelengths or to smooth the 
spectrum [9]. FTIR spectral data were preprocessed by de-noising 
them, and their efficiencies were assessed and compared here. 
For this three de-noising techniques, (1) Standard Normal Variate 
(SNV), (2) Multiplicative Scatter Correction (MSC) [10], and (3) 
Savitzky–Golay (S-G) filtering were used. Two de-noise efficiency 
measures, such as, Signal to Noise Ratio (SNR) and Root Mean 
Squared Error (RMSE) were used here. 

All parts of  a spectrum are not equally important to predict the 
considered variable. So it is necessary to find out which portion 
of  the spectrum is contributing more to predict efficiently. Four 
different spectral range and full range were considered for analysis 
as spectral peaks and variation of  absorbance could be observed 
in these regions of  the spectra. The selected ranges are 3700-648 
(full range), 3700-2880, 1800-1500 and 1500-952 wave number 
(cm-1), where variations are noticed after plotting the spectral data 
against wave numbers.

Calibration Methods

Artificial Neural Network (ANN): An ANN is a data process-
ing system based on the structure of  the biological neural simula-
tion by learning from the data generated experimentally or using 
validated models [11]. Application of  ANN is a technique for 
data and knowledge processing, characterized by its analogy with 
a biological neuron [12], and can deal with nonlinear relationships 
between variables [13] and [14]. Use of  ANN in food authentica-
tion studies has been gaining popularity among food scientists, 
food processing industries and food quality regulating authorities 
[15, 16]. 

A network consists of  a sequence of  layers with connections be-
tween successive layers. Data to the network is presented at input 
layer and the response of  the network to the given data is pro-
duced in the output layer. There may be several layers between 
these two principal layers, which are called hidden layers. Finally, 
the use of  a neural network approach to build a predictive model 
for a complex system does not require a statistician and domain 
expert to screen through every possible combination of  variables. 
Thus, the neural network approach can dramatically reduce the 
time required to build a model.

In practical, Levenberg-Marquardt back-propagation neural net-
work was used in the study. Number of  hidden layers was 10 and 
the sigmoid activation function was used in each training. Train-
ing automatically stopped when generalization stops improving, 
as indicated by an increase in the root mean square error (RMSE) 
of  the validation samples.
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Principal Component Regression (PCR) and Partial Least 
Square Regression (PLSR): Absorbance of  light by certain 
component against wave number is the main consideration for 
FTIR spectral data. In each spectrum there are huge number of  
absorbance values for each wave point. Each wave number or 
data point is considered as spectroscopic variable. These variables 
are huge in number and are mutually correlated. In this situation 
we cannot use Ordinary Least Square (OLS) regression to sin-
gularity problem. So, PCR and PLSR are playing a key role in 
spectroscopic data analysis. These two techniques extract a set 
of  orthogonal factors called 'latent variables' from the predictors 
which have best predictive power. Here first 10 and 20 principal 
components were used respectively for prediction.

Calibration and Validation Datasets

Known concentrations of  simple sugars and spectral data of  52 
artificial mixture solutions were used to develop or train the mod-
els, 12 solutions for validate them. Finally, those of  15 commercial 
mango juices were used to test the efficiencies of  developed mod-
els for predicting concentrations of  glucose, fructose and sucrose 
in real samples of  mango juice. 

All the computer programs used to generate the results were writ-
ten in MATLAB (version 8.1.0.604, The Math Works Inc., Natick, 
USA). 

Results and Discussion

Spectral plot of  mixture solutions of  sugars and real mango juic-
es are presented in Figure 1. Each spectra contains instrumental 
noise which have been removed first from the spectral data.

De-Noising of  Spectral Data

De-noising performance of  SNV, MSC and S-G filtering were 
assessed in different wave ranges, in different sets of  data and 
in different calibration models, and the results are presented in 
Tables 1 to 6.

Prediction of  Sugars Percentage by ANN with Raw and De-
Noised Data

Prediction of  glucose percentage by ANN with de-noised 
data: Prediction of  glucose by Artificial Neural Network was 

used with raw data and de-noised data with three methods, SNV, 
S-G filtering and MSC. It is evident that SNV treatment can not 
improve the perdition performance noticeably. Moreover, in 
some cases it is worse than that of  raw data. Prediction is better 
with S-G filtering and MSC than that of  raw data. Among these 
three de-noising techniques and raw data, S-G filtering shows the 
best results in terms of  both RMSEP and R2 in all spectral ranges 
and with all sets of  data (training, validation and test) (Table 1). 

Full spectral data and three different ranges of  spectra have sepa-
rately been calibrated with ANN for prediction of  glucose. Cal-
culated RMSEP and R2 values show that prediction is best in the 
spectral range 1500-952 cm-1 among the selected ranges, and it is 
followed by full range, 3700-628 cm-1. Spectral range 3700-2880 
cm-1 shows the next informative range and least one is 1800-1500 
cm-1. That means, FTIR range 1500-952 cm-1 is the most informa-
tive region for prediction of  glucose in mango juice by ANN. It is 
also noticed that among the de-noising techniques S-G filtering is 
the best in training, validation and test data sets (Table 1).

Prediction of  fructose percentage by ANN with de-noised 
data: Prediction performance of  fructose by ANN with raw and 
de-noised data in selected spectral ranges are presented in Table 2. 
It is clear from the table that prediction is better with S-G filtering 
and MSC techniques of  spectral data de-noising than raw data, 
but with SNV treatment, the performance is worse. S-G filtering 
shows the best results in terms of  both RMSEP and R2. In case 
of  fructose prediction, FTIR range 1500-950 cm-1 shows consist-
ently maximum R2 values for training, validation and test data.

Prediction of  Sucrose Percentage by ANN with De-Noised 
data: It is evident from Table 3 that prediction performance of  
sucrose by ANN is better after de-noised spectral data by S-G 
filtering and MSC than that of  raw data, but with SNV treatment, 
the performance becomes worse. Among these three de-noised 
data and raw data S-G filtering shows the best results. Hence, in 
order to predict sucrose concentration in mango juice, ANN is an 
appropriate method but to get better result spectral data should 
be de-noised with S-G filtering.

Like glucose and fructose, 1500-952 cm-1 is the most informa-
tive among all selected spectral ranges for prediction of  sucrose 
(Table 3).

To sum up, for prediction of  glucose, fructose and sucrose by 

Figure 1. FTIR Spectra of  Mixture Solutions and Real Mango Juices.
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Table 1. Prediction of  Glucose in Sugar Solutions and Real Mango Juice by ANN.

Spectral 
Range (cm-1)

Data sets
(Sample number)

Raw data SNV S-G filtering MSC
RMSEP R2 RMSEP R2 RMSEP R2 RMSEP R2

3700-628

Training
(52)

Validation
(12)
Test
(15)

1.3353

0.9341

2.3400

0.8152

0.7619

0.5458

3.88e-10

0.8153

0.4208

1.0000

0.6003

0.8881

2.246e-5

0.0387

0.0509

0.9995

0.9982

0.9958

0.1755

0.5171

0.4564

0.9962

0.9084

0.9440

3700-2880

Training
(52)

Validation
(12)
Test
(15)

0.7151

1.4038

1.2056

0.9388

0.8517

0.4808

0.1072

0.6133

0.8809

0.9892

0.6198

0.6159

1.311e-6

0.0404

0.0762

0.9982

0.9986

0.9872

9.561e-6

1.1368

1.7011

0.9998

0.7898

0.6149

1800-1500

Training
(52)

Validation
(12)
Test
(15)

1.0547

2.7169

0.2688

0.8473

0.2260

0.2496

0.6301

1.0061

1.0331

0.7298

0.3546

0.4796

0.0100

0.0519

0.0566

0.9898

0.9776

0.9518

7.759e-4

8.412e-4

9.799e-4

0.9665

0.9657

0.9454

1500-952

Training
(52)

Validation
(12)
Test
(15)

0.4079

1.0776

1.1528

0.9799

0.8199

0.9392

0.1273

0.3389

0.5447

0.9864

0.8921

0.7029

4.842e-6

0.0016

0.0031

0.9998

0.9996

0.9996

0.1682

0.6249

0.5941

0.9964

0.9324

0.9475

Table 2. Prediction of  Fructose in Mixture Solutions and Real Mango Juice by ANN.

Spectral Range
(cm-1)

Data sets
(Sample number)

Raw data SNV S-G filtering MSC
RMSEP R2 RMSEP R2 RMSEP R2 RMSEP R2

3700-648 Training
(52)

Validation
(12)
Test
(15)

1.6653

1.2626

1.4906

0.6438

0.7894

0.8272

0.2276

0.5493

0.8072

0.9580

0.4186

0.7066

6.008e-5

0.1183

0.0510

0.9918

0.9978

0.9868

0.2175

0.5029

0.4830

0.9936

0.9817

0.8312
3700-2880 Training

(52)
Validation

(12)
Test
(15)

0.3226

1.4259

1.9061

0.9843

0.7032

0.6206

0.5420

0.7666

1.4727

0.8425

0.1569

0.7677

0.0029

0.0721

0.0548

0.9990

0.9874

0.9889

0.2814

1.0895

1.3363

0.8849

0.9004

0.5028
1800-1500 Training

(52)
Validation

(12)
Test
(15)

0.4281

2.3646

2.4287

0.9763

0.1696

0.0778

0.5417

0.7665

0.4655

0.8425

0.1569

0.7677

1.015e-7

0.0616

0.0819

0.9928

0.9810

0.9898

0.8318

1.0520

3.0095

0.8481

0.8255

0.0897
1500-952 Training

(52)
Validation

(12)
Test
(15)

0.3176

0.8508

2.9489

0.9837

0.9158

0.3874

0.7422

0.7790

1.4301

0.9399

0.2760

0.0967

1.243e-4

0.0027

0.0027

0.9998

0.9978

0.9952

0.1942

0.7371

0.6383

0.9966

0.8290

0.9537



342

 OPEN ACCESS                                                                                                                                                                                  http://scidoc.org/IJFS.php

Uddin MN, Majumder AK, Ahamed S, Saha BK, Motalab M (2017) Development of  Method for Rapid Quantification of  Glucose, Fructose and Sucrose in Mango Juice by Chemo-
metric Techniques in De-noised FTIR Spectroscopic Data. Int J Food Sci Nutr Diet. 6(1), 338-344.

ANN, FTIR wave number range 1500-952 cm-1 shows constantly 
maximum R2 values and minimum RMSEP values. Further, S-G 
filtering shows the best de-noising performance in all spectral 
ranges and with all sets of  data (R2≈0.99).

Prediction of  Sugars by PCR and PLSR with De-Noised 
Data

Principal Component Regression (PCR) and Partial Least Squares 
Regression (PLSR) are calibrated for quantification of  glucose, 
fructose and sucrose with spectral values of  artificial mixture so-
lutions, and are validated with those of  real mango juices in the 
study. Here calibrations are done with 10 and 20 latent variables, 
Principal Components (PCs). A comparative picture of  predictive 
performance of  these two statistical methods i.e., PCR and PLSR 
in terms of  R2 and RMSEP are shown in the Tables 4-6.

Prediction of  simple sugars- glucose, fructose and sucrose is done 
after de-noising spectral data with SNV, S-G filtering and MSC. 
The PCR and PLSR models have been calibrated with full spectra 
and selected segments of  spectra to select the best one among the 
alternatives. 

It is noticed that, PLSR shows better results than PCR in all de-
noising techniques and in all spectral range (Table 4). Best predic-
tion performance is noticed in PLSR with 20 latent variables. S-G 
filtering performs better than other two de-noising techniques 
(SNV and MSC) and raw data. Full spectra (3700-648 cm-1) and 
partial range 1500-952 cm-1 show better prediction performance 
(R2≈0.99) than other spectral ranges. Due to management and 

calculation simplicity, we are preferring shorter range, that is 
1500-952 cm-1 as better performing region. 

For prediction of  fructose concentration in mango juices, PLSR 
performs better than PCR, and the best results are obtained with 
20 latent variables (Table 5). Among de-noising techniques, S-G 
filtering is the best on the basis of  R2 and RMSEP. All spectral 
ranges show very good prediction except 1800-1500 cm-1 (R2 
≈0.98). 

Prediction results of  sucrose concentration show similar results 
as those of  glucose and fructose by PCR and PLSR (Table 6). 
Here, de-noising technique, S-G shows the best performance, and 
spectral range 1500-952 cm-1 is the most information region of  
the spectra (R2≈0.98). 

To recapitulate, for prediction of  glucose, fructose and sucrose, 
PLSR is better than PCR, and ANN performs better than PLSR. 
Savitzky-Golay (S-G) filtering shows the best performance to de-
noise FTIR spectral data for preprocess than before calibration. 
Lastly, spectral range 1500-952 cm-1 is the most informative part 
of  the whole spectra for prediction of  simple sugars in mango 
juice. 

It is to be mentioned here that some amount of  glucose, fructose 
and sucrose exists in ripe mango naturally. There is a base amount 
of  these simple sugars in ripe mango of  different varieties [1]. So 
amount of  added sugars can easily be estimated by subtracting the 
base amount from the amount found in the proposed method. 

Table 3. Prediction of  Sucrose in Mixture Solutions and Real Mango Juice by ANN.

Spectral Range
(cm-1)

Data sets
(Sample number)

Raw data SNV S-G filtering MSC
RMSEP R2 RMSEP R2 RMSEP R2 RMSEP R2

3700-648

Training
(52)

Validation
(12)
Test
(15)

0.0539

1.5695

2.1108

0.9994

0.6477

0.5006

0.2114

0.7355

0.4469

0.9759

0.3639

0.8547

2.063e-4

0.0592

0.0548

0.9925

0.9874

0.9910

9.47e-11

0.0933

0.1145

0.9998

0.9930

0.9823

3700-2880

Training
(52)

Validation
(12)
Test
(15)

0.3555

2.2688

2.7843

0.9712

0.2945

3.61e-6

0.0592

0.3629

0.3362

0.9970

0.1564

0.4559

4.782e-5

0.0583

0.0361

0.9910

0.9835

0.9930

0.0374

0.2672

0.3859

0.9988

0.8719

0.8332

1800-1500

Training
(52)

Validation
(12)
Test
(15)

8.469e-6

3.3737

1.5588

0.9998

0.2705

0.2943

0.2828

0.8757

0.8958

0.9485

0.5857

0.1628

3.637e-7

0.0445

0.0938

0.9828

0.9392

0.9686

8.29e-6

0.4529

0.4024

0.9998

0.8001

0.7928

1500-952

Training
(52)

Validation
(12)
Test
(15)

0.8506

0.4664

0.8035

0.8815

0.9616

0.8925

0.2609

0.2848

0.5152

0.9708

0.4773

0.9247

1.876e-4

0.0479

0.0332

0.9998

0.9958

0.9966

0.1153

0.2429

0.2373

0.9930

0.9085

0.9065
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Conclusion

It is evident from the results that FTIR spectral range 1500-
982cm-1 is the most informative region. Savitzky-Golay (S-G) 
filtering shows the best de-noising performance among the de-
noising techniques considered in the study. Among the calibration 
models, Artificial Neural Network (ANN) demonstrates the high-
est prediction efficiency for glucose, fructose and sucrose.

Therefore, a novel analytical method is being proposed for quan-

tification of  glucose, fructose and sucrose in commercial mango 
juice with the best alternatives of  spectral data acquisition, pre-
processing and calibration.

The proposed method is cost effective, time saving and do not 
generate any chemical waste as no standard chemical is used in 
this method. So, the method could save a huge amount of  qual-
ity testing cost for mango juice producing companies, consumers 
and food quality regulating authorities.

Table 4. Prediction of  Glucose Concentration by PCR and PLSR.

Spectral 
region (cm-1) Pretreatment

PCR10 PLSR10 PCR20 PLSR20

R2 RMSEP R2 RMSEP R2 RMSEP R2 RMSEP

3700-648

Raw data 0.8252 1.1191 0.9304 0.7060 0.8600 1.0014 0.9794 0.0668
SNV 0.8325 0.4066 0.9445 0.2340 0.8763 0.3495 0.9896 0.0205

S-G filtering 0.9904 0.0902 0.9886 0.0345 0.9993 0.0242 0.9998 0.0023
MSC 0.9746 0.3613 0.9729 0.1905 0.9896 0.2310 0.9898 0.0292

3700-2880

Raw data 0.6322 1.6231 0.8819 0.3605 0.7181 1.4210 0.8867 0.6410
SNV 0.6599 0.5795 0.9718 0.1340 0.7287 0.5175 0.9812 0.0232

S-G filtering 0.9922 0.0512 0.9875 0.0293 0.9981 0.0405 0.9921 0.0117
MSC 0.6055 1.4225 0.9676 0.2523 0.7098 1.1299 0.9701 0.0120

1800-1500

Raw data 0.3287 2.1930 0.7271 1.3980 0.4008 2.0718 0.8895 0.8897
SNV 0.3556 0.7976 0.7530 0.4937 0.4458 0.7397 0.8661 0.3636

S-G filtering 0.9879 0.1013 0.9561 0.0573 0.9973 0.0482 0.9828 0.0087
MSC 0.5321 1.5491 0.7904 1.0369 0.5705 1.4841 0.9153 0.659

1500-952

Raw data 0.8476 1.0449 0.9607 0.5308 0.8865 0.9016 0.9797 0.0481
SNV 0.8567 0.3761 0.9613 0.1954 0.3431 0.8807 0.9896 0.0190

S-G filtering 0.9981 0.0396 0.9901 0.0278 0.9998 0.0228 0.9999 0.0022
MSC 0.9253 0.6190 0.9819 0.2784 0.9479 0.5171 0.9837 0.0377

Table 5. PCR and PLSR for Prediction of  Fructose Concentration.

Spectral 
region (cm-1) Pretreatment

PCR10 PLSR10 PCR20 PLSR20

R2 RMSEP R2 RMSEP R2 RMSEP R2 RMSEP

3700-648

Raw data 0.7906 1.2215 0.9043 0.8257 0.8019 1.1879 0.9793 0.0731
SNV 0.7905 0.4548 0.9309 0.2612 0.8362 0.4022 0.9895 0.0228

S-G filtering 0.9860 0.0719 0.9860 0.0386 0.9975 0.0304 0.9922 0.0027
MSC 0.9739 0.3642 0.9729 0.1906 0.9895 0.2316 0.9898 0.0293

3700-2880

Raw data 0.5771 1.7354 0.8783 0.3933 0.7075 1.4432 0.8882 0.7310
SNV 0.6064 0.6234 0.9771 0.1506 0.7378 0.5088 0.9875 0.0218

S-G filtering 0.9803 0.0852 0.9670 0.0331 0.9966 0.0355 0.9813 0.0118
MSC 0.6686 1.2987 0.9508 0.2161 0.7497 1.1286 0.9792 0.0771

1800-1500

Raw data 0.3870 0.7546 0.8946 1.3820 0.4981 1.8906 0.9158 0.7744
SNV 0.3785 0.7833 0.7950 0.4498 0.5466 0.669 0.9501 0.2220

S-G filtering 0.9868 0.0698 0.8957 0.0397 0.9958 0.0394 0.9273 0.0091
MSC 0.4368 1.6930 0.7635 1.0971 0.4921 1.6076 0.8801 0.7811

1500-952

Raw data 0.8029 1.1848 0.9402 0.6529 0.8388 1.0713 0.9795 0.0618
SNV 0.8078 0.4356 0.9399 0.2437 0.8030 0.4030 0.9895 0.0221

S-G filtering 0.9941 0.0467 0.9980 0.0272 0.9977 0.0294 0.9992 0.0025
MSC 0.9348 0.5762 0.9803 0.3164 0.9606 0.4476 0.9896 0.0449
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