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Using the terahertz time-domain spectroscopy system (THz-TDS), the potassium sorbate content in milk
powder has been investigated. Firstly, the THz time-domain spectra of the samples were transformed into
frequency spectra by Fourier transform, and then, through a set of simplified formulas of the optical param-
eters, the THz absorption spectra and refractive index spectra were obtained. Based on the characteristic
absorption peak of potassium sorbate, a quantitative analysis model of potassium sorbate in milk powder
was constructed using Ordinary Least Squares (OLS) linear regression. In the case of low content (<1%)
of potassium sorbate, a special THz absorption band (0.887—1.000 THz) was selected to construct a Partial
Least Squares (PLS) model that is called Sub-PLS. In addition, for qualitative analysis, we used partial least
squares discrimination analysis (PLS-DA). Experimental results show that the proposed Sub-PLS model is
superior to the PLS mode based on full spectrum in accuracy, and the proposed PLS-DA is superior to other
nonlinear regression methods such as support vector machine and neural network.

Keywords: THz time-domain spectroscopy, potassium sorbate, ordinary least squares, partial least
squares, partial least squares discrimination analysis.
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Cooepoicanue copbama Kanus 8 CyXxom MONIOKe UCCIe008AHO ¢ nomowvio mepazepyosoti (11y) cnex-
mpockonuu 60 @pemennol obnacmu. TI'y cnexmpuvl 06pazyoe npeobpa306aHvl 8 YACMOMHbBIE CHEKMpPbL
¢ nomouvio npeobpazoganus Pypve. C npumenenuem Habopa ynpoujenHvix Gopmyn, onucvlearouwux onmu-
yeckue napamempsl, noayuenvl 11y cnexmpvi noenoujeHuss U CHEKmMpanbHvle 3a8UCUMOCU NOKA3AMENs
npenomaenus. Ha ocnose Oanmvix no uHmeHCUS8HOCU XAPAKMEPHO20 MAKCUMYMA NO2AOWjeHUs: copbama
Kanusi NOCMpoena Mooeib KOAUYeCHE8eHHO20 aHAnu3a copbama Kaus 6 cyxom monoxe. Memoo nunetinvix
HAUMEHbUIUX KBAOPAMO8 UCTIONb306AH 01 OYEeHKU HeU3BeCIHbLIX NApaAMempo8 8 MoOenu JUHeliHol pespec-
cuu. B ycnosusx nuskoeo (<1%) codepoicanusi copbama kanus 8blbOpana cneyuanbids noaoca no2ioujeHus
(0.887—1.000 Tl'y) ons nocmpoenuss Mooenu YacCmuyHOU pespeccuul HauMeHbux Keaopamos. s Kaue-
CMBEHHO020 AHANU3A UCNONL30BAH OUCKPUMUHAHMHBIL AHANU3 HA OCHOB8E YACMUYHBIX HAUMEHbUIUX K8aopa-
mos. Ilpednosicennas Mooensb 4acmuyHol pecpeccuu HaUMeHbWUX K8a0pamos npegocxooum no mo4Hocmu

** Full text is published in JAS V. 87, No. 4 (http://springer.com/journal/10812) and in electronic version of ZhPS
V. 87, No. 4 (http://www.elibrary.ru/title_about.asp?id=7318; sales@elibrary.ru).
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MOO0eb TUHEUHbIX HAUMEHBUUX K8AOPAMO8, OCHOBAHMYIO HA NOTHOM CheKmpe, d OUCKPUMUHAHMMHBIY AHATU3
HA 0CHOBE YACMUYHBIX HAUMEHLUIUX K8AOPAMO8 NPegoCcxo0um opyaue mMemoobvl JUHeUHol pespeccuu, maxue
KaK MemooO ONOPHbIX 6EKMOPOG U HEUPOHHAS CeMmb.

Knrwouesvle cnosa: mepazepyogas chekmpockonus 60 8PeMeHHOU obracmu, copbam Kanus, mMemoo
HAUMEHbUUX K8AOPAmos, YacmuyHble HauMeHblue K8aopamol, OUCKDUMUHAHMHbIL AHATU3 HA OCHO8E Yda-
CIMUYHBIX HAUMEHBUUUX K8AOPAMO8.

Introduction. Nowadays potassium sorbate is commonly added to food as a preservative. However, ac-
cording to China’s national standards [1], potassium sorbate is banned in milk powder; therefore, a batch of
milk powder will be declared illegal once potassium sorbate is detected. Nowadays, many methods have
been used to detect banned additives in food. These methods mainly include gas chromatography [2], high
performance liquid chromatography [3], chromatography-mass spectrometry [4], thin-layer chromatography,
ion chromatography [5], and so on. These methods are divided into two categories: bioassay technique and
physicochemical analysis. The bioassay technique mainly is used to analyze material composition using bio-
logical immunity or biosensor, while physicochemical analysis is mainly used to make qualitative and quan-
titative analysis using various analytical instruments. Each of these methods has its own characteristics and
scope of application but, in reality, also has its disadvantages and limitations. Take the bioassay technique,
for example: sample preparation and detection process are complicated and time-consuming. Physical detec-
tion methods can shorten test time and simplify detection procedure but cannot meet requirements because
of poor accuracy; so, a detection method with speed, convenience, and high precision will be required for
wide-scale milk-quality screening.

Terahertz spectra detection is a new technique in the field of spectral detection [6, 7]. Qin et al. reported
the use of terahertz time-domain spectroscopy (THz-TDS) to detect tetracycline hydrochloride (TCsH) in
infant milk powder for the first time [8]. A four kinds of TCsH exhibit unique spectral features in the region
of 0.3—1.8 THz. The main spectral features of these TCsH were still detectable when mixed with infant milk
powder with concentrations of 1-50%, even in ternary mixtures. Cui et al. studied the measurement of mix-
tures of melamine and milk powder using a THz ray [9] and found that there were two absorption peaks at
1.99 and 2.29 THz in all the spectra, which provided a method of detecting melamine in milk powder. Naito
et al. inspected milk components by terahertz attenuated total reflectance (THz-ATR) spectrometer equipped
with a temperature controller [10] and confirmed that THz spectroscopy has potential for quantitative analy-
sis of milk fat, total solid, lactose, milk protein, casein, and somatic cells. Compared to traditional detection
methods, THz detection has higher speed and can even be finished within minutes at room temperature. In
particular, since it is a nondestructive detection method, samples do not have to be destroyed and consumed
in THz detection process. Moreover, THz waves can easily penetrate common packing materials, but be-
cause of lower energy, it cannot harm the human body and is proven to be very safe [11]. These advantages
of THz spectral detection provide a new quick and effective method for detecting potassium sorbate or sodi-
um benzoate in milk when needed to check milk quality widely. We applied the THZ spectroscopy to the
analysis of additives in milk powder, not only to provide a new rapid physical examination method but also,
by using the chemometrics method, to give a better quantitative detection method. Literature research shows
that there are few studies on checking milk powder using terahertz detection.

Experiment platform and data acquisition. Experiment platform. THz-TDS, named Z3, made by the
Zomega Corp., USA, was used as experiment platform and is shown in Fig. 1. The mode-locked femtosec-
ond laser beam is split into a pump and a probe beam by a polarizing beam splitter. A half-wave plate is used
to change the intensity ratio between the pump and probe beam. The probe beam interacts with a linear slow-
scan time delay stage to set the relative timing between the pump and probe impulses prior to activating the
THz emitter. The THz emitter consists of a photoconductive dipole antenna fabricated on a LT-GaAs wafer.
A high-voltage AC bias is applied across the electrodes of the antenna to accelerate photocarriers generated
by the pump beam, creating a transient photocurrent that generates a free-space THz impulse in the forward
direction. In the far-field, the radiated electric field is proportional to the first time, derivative of the current.
A 25 mm FL TPX lens (both transparent to THz and visible light) is used to collimate the THz beam out of
the Z3 THz emitter module. This system is a kind of time-domain spectrograph that produces and detects
wide-band THz impulse and can do a spectral measurement on samples in the two modes of transmission
and reflection. Its main optical parameters and components are as follows: frequency range 0.1-3.5 THz,
spectral resolution >5 GHz (after fast Fourier transform), and dynamic range 85 dB. This device is not mo-
bile and needs to be used in an ultraclean environment.
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Fig. 1. Overhead view of the internal optics of the Z3-XL THz spectrometer.

Data acquisition. The optical parameters that describe the optical properties of macroscopic matter
mainly include refractive index, extinction coefficient, absorption coefficient, dielectric constant, and so on.
Various optical parameters can all be summarized as the complex refractive index 7(®), which can be ex-
pressed as follow:

n(w) =n(o) - jk(w), )
where n(w) and k(w) are real refractive index and extinction coefficient, which describe the dispersion and
absorption characteristics respectively, and are represented by the following formulas:

n(co):MCnLl, (2)
od
B 4n(w) c
k@)= ln|:p(co)(n(m) +1) } od’ ®)

where c is the speed of light, d is the thickness of the sample, ® is the signal frequency, ¢(®) is the phase
difference of the THz electric field between reference signal and sample signal, and p(w) is their amplitude
ratio, which can be expressed as follows:

p(w)= 4n(@)e e [(1 4+ n(w))? 4)
o(0)=(n(w)-aod/c. (5)

The absorption coefficient @ (@) and the extinction coefficient k() are related as follows:
a(0) =20k(w)/c, (6)

where the extinction coefficient can be calculated as follows:

() = 2k(®)o :gln{ 4n(o) 2 }

d | p(o)(n(w)+1)
Sample preparation. The raw materials used in the experiment are potassium sorbate and pure milk
powder. Pure milk, of the Mengniu brand and produced by the Mengniu Dairy Group Co. Ltd, China, was
purchased from the supermarket. Its food production license number is QS150105010003 and product stan-
dard code is Q/NOMRO0006S. According to the market inspection report of the State Food and Drug Admini-

()
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stration, the milk powder should not contain potassium sorbate. When preparing samples, potassium sorbate
was added to the milk powder deliberately and mixed evenly according to the proportion of 0% (pure milk
powder), 1, 4, 7, 9, 10, 15, 20, 30, 40, 50, and 100% (pure potassium sorbate). We weighed 160 mg from
each proportional mixture to make slices. When making slices, 6 MPa pressure was maintained for 3 min on
the tablet machine to make each slice’s thickness around 1.1 mm. Finally, we used an electric vernier caliper
to measure the thickness of each slice, recorded the data, and put the slices into sealing bag.

Experimental results and analysis. The THz spectra of the samples. We put the prepared samples into
the THz time-domain spectroscopy system to acquire data under the conditions of 22°C and 4% RH. When
testing, the time window was set at the point when the first echo wave was received, and each sample was
scanned three times. Note that the reference signal should be acquired first before beginning a new scan. The
system can calculate an average value of three times the THz spectra.
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Fig. 2. The THz spectra of the mixture of milk powder and potassium sorbate: a) time-domain spectra;
b) frequency spectra; ¢) absorption spectra; d) refractive index spectra.

The typical THz spectra of the samples are shown in Fig. 2a. It can be seen from Fig. 2a that, compared
to the reference signal, all signals of the samples have a certain time delay, an apparent attenuation of ampli-
tude, and a change in optical distance due to the absorption of samples to THz wave in their time-domain
spectra. Figure 2 also shows that the time delay of pure potassium sorbate is longer, and its amplitude attenu-
ation is smaller than that of other samples, which might be because the slice of pure potassium sorbate is
thicker than other samples of the same quality and under the same pressure. The waveforms of 13 signals,
including the reference signal, are very similar in shape and only show some changes in amplitude or phase,
which demonstrated the stability of the system used. The stability of the system can reduce the error caused
by the system itself and improve the testing precision.

Frequency spectra can be obtained via FFT of the time-domain signals of the samples, as shown in
Fig. 2b. Compared to the reference signal, the amplitudes of the sample signals attenuate apparently due to
the hard absorption of the THz wave. In the range of 0.2—1.6 THz, the amplitudes first increase and then
shrink with frequency, and after 1.4 THz, the amplitudes shrink to zero gradually. At 0.972 THz, there are
troughs for all samples except pure milk powder, and the troughs become smaller and smaller with rise in the
content of potassium sorbate in the samples due to the absorption of potassium sorbate to THz wave.
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Figure 2c shows the absorption coefficient spectra of the mixture of milk powder and potassium sorb-
ate. It can be seen from the figure that, with increase in frequency, the absorption coefficients of the samples
increase gradually. At 0.972 THz, some wave crests emerge in the spectra. These wave crests are the charac-
teristic absorption peaks of potassium sorbate. It can also be seen clearly that, with increase in the concentra-
tion of potassium sorbate, the values of characteristic absorption peaks also increase gradually. Consequent-
ly, we regarded the characteristic absorption peak values at 0.972THz as a reference for quantitative analysis
of potassium sorbate concentration in the mixture, but it is still necessary to do a further analysis of the linear
relationship between the characteristic absorption peaks and the concentration of potassium sorbate. What
needs to be pointed out is that the characteristic absorption peaks are not obvious and cannot predict the con-
centration of potassium sorbate when its concentration is under 1%. Therefore, chemometric methods will be
necessary.

Figure 2d shows the refractive index spectra of the samples. It can be seen from Fig. 3 that, with in-
crease in frequency in the effective THz wave band, the refractive indexes of the samples decline slowly, and
at the characteristic absorption peaks, some broken lines emerge because of the absorption of the samples to
THz wave, which are in accordance with the above analysis.

Quantitative analysis. Least squares analysis. Ordinary Least Squares (OLS) is a common method in
linear regression analysis and can reveal the relationship between two variables through several groups of
numerical value. OLS is often used in curve fitting [12], which was also adopted in this paper for predicting
the concentration of potassium sorbate in milk powder.

To evaluate the performance of the model, some parameters should be introduced. In this paper, we
adopted three parameters: R, which is called correlation coefficient; RMSE, which is the root-mean-square
error; and MRE, which is the maximal relation error, to evaluate the performance of the model. The defini-
tions of the three parameters are as follows [13]:

Z?:l (yiref _ ;)(ylpre _ ylpre)

— —, ®)
SO S (P - Py
1 n re Te 2
RMSE = \/;Z,»_l(ylp -y, ©)
pre Fef
MRE = max |22 100%|, (10)
Yi

where y™'is the reference value of the ith sample, yP™

1

is the predicted value of the ith sample, ; is the

reference value of all the samples, and P is the predicted value of all the samples. The R values and the

RMSE values of the calibration set (RMSEC) are calculated using the reference values and the prediction
values, and the RMSE values of the calibration set that were obtained through cross-validation methodology
(called RMSECYV) are calculated using cross-validation methodology based on the reference values and the
predicted values [14].

Generally speaking, the larger the model’s R value, the closer the real value to the predicted value. The
performance of the model may be evaluated using three parameters: correlation coefficient (R), mean square
error (MSE), and maximum relative error (MRE). The larger the correlation coefficient, the smaller the MSE
and MRE, and the better the performance of the established model. Similarly, the calibration precision of the
calibration set is also evaluated using these three values. The larger the R value, the smaller the RMSEC val-
ue, which means a higher calibration precision for the established model. The real prediction accuracy of the
model may be evaluated using the parameter MSE, and a smaller MSE value means a higher prediction ac-
curacy [15].

Quantitative analysis using Least Squares. We tested 10 groups of milk powder samples with various
concentrations of potassium sorbate. For each concentration of potassium sorbate, we prepared three sam-
ples, and each sample was tested three times, so we obtained a total of 30 sets of data. To perform the quanti-
tative analysis for the 30 sets of data, we selected 10 sets of data as the prediction set according to the ratios
that were mentioned above and selected other data sets as the calibration set.

As shown in Fig. 2, there is an obvious absorption peak in 0.972 THz in the absorption spectrum of po-
tassium sorbate, and the amplitude of the absorption peak changes with the concentration of potassium sorb-
ate. In this paper, we selected the value of the absorption coefficient in 0.972 THz as the input of the estab-
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lished model. We tested each sample three times and obtained the three values of the absorption peak of each
sample and calculated the average value for each concentration. Lastly, we established a relationship model
between the concentrations of potassium sorbate and their absorption peaks at 0.972 THz using the least
squares method.

We used the LS tool package of MATLAB to execute an OLS algorithm, which enabled us to analyze
the average absorption coefficient and refractive index for the 10 groups of samples. The relationships be-
tween the concentration of potassium sorbate and the two optical parameters are shown in Fig. 3.
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Fig. 3. The relationship between the concentration of potassium sorbate and the two optical parameters:
(a) absorption coefficient, (b) refractive index of the samples (in 0.972 THz).

After matching, the linear regression function for the absorption coefficient is y = 0.07219x + 4.02809,
and the linear regression function for the refraction index is y =—0.00322x + 1.86707, where the x coordinate
represents the concentration values of potassium sorbate, and the y ordinate represents the average absorp-
tion coefficients and the refraction indexes of the samples in 0.972 THz.

As Fig. 3 shows, there is a linear relationship between the concentration values of potassium sorbate
and the average absorption coefficients of the samples.

Based on the above discussion, we put the average absorption coefficients of the samples in the calibra-
tion set into the model to obtain the prediction values of concentration. Then, using the cross validation,
method based on reserved concentration values in the calibration set, we obtained the cross-prediction con-
centration values and reference concentration values in the calibration set. Using Egs. (8) and (9), we ob-
tained the R values and RMSEC values of the calibration set, as well as those using the cross validations
method. The results are shown in Table 1.

TABLE 1. Evaluation Parameters for the Two Regression Model

Parameter Calibration set Cross validation
R RMSEC R RMSECV
Absorption coefficient 0.9904 0.1235 0.9803 0.5611
Refraction index 0.9623 0.40204 0.9547 0.55217

To evaluate the two proposed models further, we input the average absorption coefficients and the re-
fraction indexes of the samples into the prediction set to obtain the prediction concentration values, and cal-
culated the prediction error using Eq. (9). The prediction error values of the two models are about 5.7 and
7.1% respectively, which indicate that the models are effective for predicting concentrations using the least
square method, and the regression model using absorption coefficients is more effective than that using re-
fraction indexes. However, for the case where the concentration of potassium sorbate is under 1%, which is
a very common situation, the characteristic absorption peak in 0.972 THz is not very obvious and even uni-
dentifiable; thus, using the above models to predict concentration will produce relatively large errors. In or-
der to solve this problem, it is necessary to use the chemometrics method to improve prediction perfor-
mance; so, we propose the following model, called subinterval Partial Least Squares (PLS) based on the op-
timal THz wave band.
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Subinterval PLS analysis. To improve the prediction accuracy under the condition of low content of po-
tassium sorbate in milk powder, we divided the effective THz absorption spectrum (0.2 T-1.6 THz) into 16
equal subintervals. In each subinterval, an PLS algorithm was developed. The selected PLS model based on
optimal subinterval was called Sub-PLS. The partition map of the full spectrum is shown in Fig. 5, where
each histogram means the RMSECV value of each PLS model based on each subinterval, and the red line
means the average absorption coefficient in the full spectrum.

In Fig. 4, the widths of all bar graphs are the same, and the height of each bar graph expresses the
RMSECYV value calculated using the Sub-PLS model. The eighth bar graph with the frequency range of
0.887—-1.000 THz, which has the smallest RMSECYV value, is selected as the optimal area for developing the
Sub-PLS model. Experiments show that for predicting the concentration of potassium sorbate in milk pow-
der, the prediction accuracy of the Sub-PLS is superior to the preceding OLS model.

RMSECV
S5r

N W
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Fig. 4. RMSECYV value of each PLS model and average absorption coefficient in the full spectrum.

We used the most effective part of the full spectrum (0.2—1.6 THz) to construct the Sub-PLS model to
filter out noise or disturbance, which improved the prediction accuracy of the model. In the experiments we
assigned a different number to each subinterval of the full spectrum to find the optimal subinterval. For ex-
ample, we divided the full spectrum into 32, 16, and 8 intervals, and the optimal frequency bands of all divi-
sions are shown in Table 2 by comparing RMSEC values and RMSECV values. As shown in Table 2, the
optimal Sub-PLS model has the best RMSECYV value (0.967) and RMSEC value (0.573).

TABLE 2. The Prediction Accuracy of the Optimal Sub-PLS Model

Interval number | Optimal frequency band, THz | RMSEC | RMSECV
32 0.731-0.956 0.768 1.260
16 0.887-1.000 0.573 0.967
8 0.675-1 0.837 1.237

Comparison with other algorithms. To verify the prediction performance of the proposed Sub-PLS
model, we compared the Sub-PLS model to other common models that are widely applied in spectrum anal-
ysis. The comparative results are shown in Table 3. The Sub-PLS model has better performance in predicting
low concentrations of potassium sorbate, and its accuracy reaches 92.8% due to maximum avoidance of
noise or disturbance in constructing the model. The prediction results of other methods in Table 3 are all
poor and below 82%. For different Sub-PLS models, using different frequency band, the prediction results
are also very different. For example, in our experiments, the frequency band with the best prediction perfor-
mance is in the range of 0.887—1.000 THz. In other words, comparison of the results, show that the predic-
tion function of Sub-PLS model is superior to other models.

Incidentally, the Sub-PLS model proposed in this paper can also be applied to predict the presence of
other food additives, such as sodium benzoate, sodium nitrite, and so on. In addition, for the application of
other THz spectrum data, such as FIR spectrum [16—-18], BWO spectrum [19, 20], spectrum based on CW
parameters [21], and spectrum based on photomixing, the method used in this paper has also great potential
and referential significance.
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TABLE 3. Prediction Accuracy of Various Models

Model Total prediction Positive predic- Negative prediction
accuracy (%) tion accuracy (%) accuracy (%)
PCR 75.00 73.33 76.67
PLS 78.33 80.00 76.67
BP 81.67 76.67 86.67
Sub-PLS 92.08 91.67 93.33

Qualitative analysis. In most of cases, people care more about whether the milk powder contains po-
tassium sorbate than the quantity of potassium sorbate in it. For this reason, we define samples with potassi-
um sorbate content exceeding 1% as strong positive, samples with potassium sorbate content under 1% as
weak positive, and samples with no potassium sorbate as negative, and identified these three classifications
using partial least squares discrimination analysis (PLS-DA). PLS-DA is a multivariable statistical analysis
method for discriminant analysis, the principle of which is forming a discrimination model by training dif-
ferent samples [22].

The judging steps using PLS-DA are as follows: construct the category variables using the calibration
set; express category variables using the coding method; construct the model between the coding sequences
and the spectral data; calculate the predicted value Y, and the bias value D. The judgment standard is as fol-
low: if ¥,>>0.5 and D<<0.5, then the sample belongs to this category; if ¥,<<0.5 and D<<0.5, then the sample
does not belong to this category; if D>0.5, then the model is unstable. Before constructing the PLS-DA mod-
el, we first coded the three categories (strong positive, weak positive, negative) as [100], [010], [001] respec-
tively, and then constructed the PLS-DA model between the spectra and the category variables using the
PLS regression method.

Table 4 shows that the model constructed using PLS regression has good correlation between the spec-
tra and the category variables. All the correlation coefficients for the predicted category variables Y (Y;) and
reference category variables Y (Y;) are above 0.94, which indicate that the model has a good degree of fitting.

TABLE 4. Calibration and Validation Results of PLS-DA Judgment Model

Sample set | Model parameters | Strong positive | Weak positive | Negative
Calibra- R? ' 0.963 0914 0.967
tion set Corre.latlon 0.976 0.943 0.981

Bias 2.73x10°° —1.88x10°° 2.11x10°°

Validation R? . 0.957 0.908 0.959

st Correlation 0.967 0.925 0.960
Bias 3.28x10°¢ 4.33x10°° -2.79x10°°

To verify the identification precision of the sample types, 100 samples in our test set were used to com-
pare the performance of four algorithms titled BP, SVM, RBF, and PLS-DA, respectively. Out of 100 sam-
ples, there were 70 negative samples and 30 positive samples, including 10 strong positive samples. Four
parameters, named true positive (TP), false positive (FP), true negative (TN), and false negative (FN), which
were widely applied in the binary classification situation, were used in the experiments to evaluate the per-
formance of the model. For the sake of simplicity, we divided all classifications into two kinds of binary
classifications: positive and negative, and strong positive and weak positive. The four values of each classi-
fication algorithm for the two kinds of binary classifications are shown in Tables 5 and 6.

Three indicators were used to evaluate the classification performance of the four methods. They are sen-
sitivity, specificity, and accuracy. Sensitivity represents the identification ability of the classifier to positive
samples and can be calculated using the formula TP/P, where P is the total number of positive samples and is
equal to the indicator recall, which is another common index. Specificity represents the identification ability
of the classifier to negative samples and can be calculated using the formula TN/N, where N is the total
number of negative samples. Accuracy is the most important evaluation indicator, which represents the per-
formance of the classifier, and can be calculated using the formula (TP+TN)/(P+N). The values of the three
indexes of each method for the two binary classifications are shown in Table 6.
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TABLE 5. The values of TP, FP, TN, and FN of Each Classification Algorithm
for Classification of Positive and Negative (100 samples, N = 70, P = 30)

. . True value
Predicted value | Algorithm Positive Negative

BP 23 8

Positive RBF 26 6
SVM 25 4

PLS-DA 28 1
BP 6 62

. RBF 3 65
Negative SVM 3 66
PLS-DA 1 68

TABLE 6. The Values of Sensitivity, Specificity, and Accuracy for Each Classification Algorithm

Algorithm | Sensitivity (TP/P) | Specificity (TN/N) | Accuracy (TP+TN)/(P+N)
BP 0.77 0.87 0.85
RBF 0.87 0.93 0.91
SVM 0.83 0.94 0.91
PLS-DA 0.93 0.97 0.96

Table 6 shows that the PLS-DA method has the best classification accuracy. The SVM and RBF meth-
ods are also good, but the BP method is the worst. The over-fit phenomena of BP neural network limit its
generalization ability. The reason that the classification accuracy of PLS-DA is better than SVM or RBF is
that this method removes some redundant information or disturbance using PCA optimizing to make the data
used in the classification to reflect the characteristic of the samples more effective. In particular, the experi-
mental results show that when the potassium sorbate content in samples is lower than 0.05%, the probability
of generating incorrect results is greatly increased, so we defined the detection limit as 0.05% in this re-
search work.

Conclusions. Based on the THz absorption spectrum, we constructed the OLS regression model and the
Sub-PLS model for the qualitative and quantitative analysis of potassium sorbate concentration in milk pow-
der. It can be seen from the above discussion that the performance of the Sub-PLS model mainly is deter-
mined by the selected frequency band, and the appropriate THz band will help to improve the prediction ac-
curacy. If the width of the selected band is too wide, the noise or irrelevant information will increase, which
inevitably reduces the prediction accuracy. However, if the width of the selected band is too narrow, some
characteristic features will be lost, which reduces the prediction accuracy as well. The prediction accuracy of
the established models probably is affected by THz absorption spectrum itself. The retrieved THz spectrum
may be affected by the experimental environment, experimental procedure, background noise, and other fac-
tors. Similarly, the samples themselves have also an impact on their THz spectra, such as the manufacturing
conditions of the samples or the components of the samples. To construct better regression models, it is nec-
essary to consider these factors.
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