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Based on partial least squares (PLS) analysis, the effects of different smoothing points and different
preprocessing methods on the accuracy and precision of the PLS model were compared and analyzed. The
results show that the PLS quantitative model has the best effect when using 11-point smoothing combined
with standard normal variables (SNVs) as the preprocessing method. The coefficients of determination
(RZ, R,) of the model training set and prediction set are 0.9900 and 0.9996, respectively. The root means
square errors (RMSECV, RMSEP) are 11.7 and 5.23, respectively, and the average relative error of predic-
tion is only 2.96%, which indicates a high prediction accuracy rate and accuracy. This work demonstrates
that LIBS technology has broad application prospects for the quantitative detection of specific ingredients
in flour products and provides a basis for the real-time monitoring and evaluation of food safety.
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C ucnonvzoganuem memooa HaumeHvwux keaopamos (PLS) nposedenvi cpasnenue u ananus erusanus
PA3TUYHBIX MOYEK C2AANCUBAHUSL U PAZTUYHBIX MEMO008 NPed8apumenbHol 06pabomKu Ha MOYHOCHb MO-
Odenu PLS. Ilokasano, umo xoauvecmeennas modenv PLS daem naunyuwuii 3¢pghexm npu ucnonvzosanuu
11-moyeynozo cenaxicusanus 6 co4emanuu co CmMaHOapmMHuIMU HOpMATbHbiMU nepemeruvimu (SNVs) 6 ka-
uecmee memoda npedsapumensvioti obpabomku. Kosgppuyuenmvr demepmunayuu R u R, obyuaiowezo
Habopa moodenu u Habopa npozrozuposanusi cocmasasiom 0.9900 u 0.9996. Cpedunexsadpamuunvie ouuUOKU
RMSECV = 11.7 u RMSEP = 5.23, cpednsas omnocumenvHas omubka npoeHosuposanus 2.96% yrkazvieaem
Ha 6bICOKULl YPOBEeHb MOYHOCMU U MOYHOCMU HpocHO3uposanus. [Ipodemoncmpuposanvl nepcnexmugol
NpUMeHeHUS TA3ePHOl AMOMHO-DMUCCUOHHOU CHEKMPOCKONUU O KOAUYECHBEHHO20 ONpeoelenus KOH-
KPEmHbIX UHZPEOUEHMO8 8 MYUHBIX U30eNUAX 8 Kauecmee OCHOBbL Olisl MOHUMOPUHead U OYeHKU 6e30nacHo-
cmu nuwuesvlx NPOOYKMOo8 8 pedicume peanbHo20 6pemMeHuU.

Knrwoueswle cnoga: nazepnas amomHo-dIMUCCUOHHAS CHEKMPOCKONUS, MYUHble U30eNUs, KOIUYEeCHGeH-
HbLU AHATU3, AIOMUHUEBbIT dTeMeHM, Memoo HAUMEHLUUX K8AOPAMOs.

Introduction. Flour products are one of the most common and popular ready-to-eat foods in China
[1-3]. Owing to the influence of traditional eating habits, flour products occupy an important position in the
diet of Chinese residents and are an important carrier for the human body to take in trace elements such as



QUANTITATIVE ANALYSIS OF AL INFLOUR PRODUCTS BY LASER-INDUCED SPECTROSCOPY 549

iron, calcium, zinc, folic acid, vitamin A, and vitamin B1 [4, 5]. Alum, namely aluminum sulfate or alumi-
num potassium sulfate, is commonly used as a raising agent for flour products [6, 7]. In the production pro-
cess of flour products, some unscrupulous vendors add a relatively large amount of alum, which causes seri-
ous harm to human health in the daily diet, to give the food made with flour a crisp and porous texture.

Studies in recent years have shown that aluminum is not an essential element for the human body but
a low-toxic element. The nervous system is one of the main target organs of aluminum. Excess aluminum
can interfere with the consciousness and memory function of the human brain. This will cause the human
body to have visual movement coordination failure and long-term memory loss. In severe cases, patients will
suffer from diseases such as Alzheimer's and Parkinson's [8, 9]. The Food and Agriculture Organiza-
tion/World Health Organization (FAO/WHO) recommends a provisional tolerable weekly intake (PTWI)
of 2 mg/kg (bodyweight; 2011), and the National Standard of China (GB2760-2014) clearly states that the
Al remaining in flour products should be less than 100 mg/kg (per dry mass of food) [6, 10, 11]. Therefore,
high concentrations of aluminum in flour products are associated with adverse health effects, and the fast
and accurate detection of aluminum pollution in flour products is urgently needed to ensure food safety, im-
prove the food production environment, and reduce the risk of Al poisoning [12].

At present, the methods for determining aluminum content in food mainly include spectrophotometry,
atomic absorption spectrometry (AAS) [13], inductively coupled plasma emission spectrometry (ICP-OES) [14],
and inductively coupled plasma—mass spectrometry (ICP-MS) [15]. However, the current food analysis
technology has disadvantages such as long detection time, high cost, and difficulty in setting up systems for
on-site detection. For example, the use of spectrophotometry to detect aluminum content requires the prepa-
ration of multiple chemical reagents, has a cumbersome detection process, and a large workload. The ICP-
OES and AAS methods are prone to generate a large amount of toxic waste and require expensive reagents,
fume hoods, and sample dissolution; thus, sample preparation is very laborious. The ICP-MS method is ex-
pensive and cannot be widely used. Therefore, the traditional detection technology of aluminum-containing
additives has obvious limitations. These shortcomings make it difficult to achieve the rapid detection
of heavy metals and create systems for real-time monitoring, and may not satisfy the demand for rapid
screening analysis at the production site [12, 16].

Laser-induced breakdown spectroscopy (LIBS) has a number of advantages, such as allowing fast or
online analysis, allowing the simultaneous measurement of multiple elements, and requiring little to no sam-
ple preparation [17]. Currently, LIBS technology has been widely used in an increasing number of scientific
studies. Its application fields have also been continuously expanded, such as use in nuclear power plant safe-
ty monitoring [18], biomedicine [19], environmental monitoring [20], soil composition monitoring [21],
space exploration [22], hazardous explosive monitoring [23], and food safety composition detection [24].
Currently, publications employing the technique for both qualitative and quantitative analysis of elements in
various solid food samples can be found throughout the literature [25]. Tian et al. [26] used LIBS combined
with the support vector machines (SVMs) method to quickly detect the phosphorus content of three kinds of
seafood, cod, scallops, and shrimp, which proved the ability of LIBS combined with machine learning in the
determination of phosphorus in seafood products. Therefore, this combination of methods can be used for
on-site phosphate detection in the food supply chain. Pervin et al. [27] combined LIBS technology with par-
tial least squares discriminant analysis (PLS-DA) to classify flour samples based on the type of flour and the
LIBS spectrum of the mixture and used PLS to determine the ratio of sorghum in the sorghum/maize flour
mixture based on the elemental composition. Cama-Moncunill et al. [25] used LIBS combined with multi-
variate analysis to quantitatively analyze the calcium content of liquid food product samples. This proved the
feasibility of the LIBS method to detect calcium in infant formula milk powder, and the detection limit
reached 3.69 mg/g. Costa et al. [28] used LIBS to directly determine the content of calcium, potassium, and
magnesium in cassava flour samples. Velioglu et al. [29] used LIBS combined with the PCA method to suc-
cessfully classify the types of internal organs, namely, the beef kidney, liver, heart, lung, and spleen.

A large amount of research data shows that LIBS technology can analyze the content of heavy metals
and other elements in food samples in real time, quickly, qualitatively, and quantitatively. The new method
is expected to provide both the food industry and governmental agencies with a rapid and simple technique
for aluminum quantification in aluminum-containing flour products [30].

In this work, 14 kinds of doughs with different aluminum concentrations were prepared as standard
samples. Laser-induced breakdown spectroscopy technology combined with PLS was used to predict the
aluminum content in the flour products. Under the same test conditions, spectral data were preprocessed by
different preprocessing methods, PLS modeling was performed separately, and the influence of different
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preprocessing methods on the quality of the model was analyzed. The results show that the PLS quantitative
model has the best effect when using 11-point smoothing combined with SNV as the preprocessing method.

Materials and methods. L/BS System. A schematic diagram of the LIBS system used in the research is
shown in Fig. 1. A Q-switched Nd:YAG pulsed laser (Beamtech, Vlite-200, China) was used as the ablation
source with a laser pulse frequency of 1-10 Hz, a pulse wavelength of 1064 nm, and a laser energy of 0—-300 mJ.
The laser beam was focused on the surface of the sample through a mirror and a quartz lens with a focal
length of 100 mm. The sample was placed on a two-dimensional rotating translation stage (Zolix, SC300-
1A, China) to change the analysis position of the sample. The optical fiber probe was used to collect and
transmit the plasma emission spectrum to a high-resolution spectrometer (Avantes, AvaSpec-2048FT-8R,
Netherlands). The wavelength of the spectrometer was 200—1100 nm. In the experiment, a digital pulse delay
generator was used to synchronously control the laser and spectrometer.
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Fig. 1. Schematic diagram of the LIBS system.

Sample preparation. Taking homemade dough as the research object, wet dough was prepared for the
experiment containing different concentrations of aluminum potassium sulfate dodecahydrate. The formula
for flour food contained 100 g of flour, 1.7 g of salt, varying amounts of aluminum potassium sulfate, and 54 g
of deionized water. The amount of aluminum potassium sulfate was determined according to the traditional
formula of flour products (data not shown). Food-grade medium-gluten wheat flour was purchased
from Jinshahe Flour Group (Hebei, China). Alum (KAI(SO4)2-12H,O, AR, >99.5%) was purchased
from Macleans Biochemical Technology (Shanghai, China). In the experiment, the doped samples were vor-
texed and stirred by a fully automatic kneading machine (HMJ-D4; Liven, Beijing, China) for 20 min. The 14
dough samples with different concentration series were prepared with concentrations of 5, 20, 40, 60, 80,
100, 120, 150, 180, 200, 220, 250, 275, and 300 mg/kg.

The dough sample was processed into a tablet to reduce the interference of the physical form of the sample
on the measurement result. The sample was made into a sheet with a diameter of 30 mm at a pressure of
15 MPa using a PP-20S fully automatic powder tablet press (Jingtuo Instrument Technology, Tianjin, China).

Measurements. In this study, LIBS experimental equipment built by the laboratory was used to collect
the spectral data of the samples. To prevent the laser beam from repeatedly hitting the same point on the
dough surface, the samples were placed on a two-dimensional rotating translation table. The plasma collec-
tion delay time was 1.28 ps, the laser energy was 171.5 mJ, and the integration time of the spectrometer was
set to 2 ms. Each spectrum accumulated 10 pulses, and 10 spectra were collected for each tablet.

Results and discussion. With reference to the standard spectral lines of the US NIST database, the
main characteristic spectral lines of Al in flour products are Al I 394.400 nm and Al I 396.152 nm. In this
study, the 390~398 nm band containing two main characteristic spectral lines was selected for PLS modeling
analysis, which slightly improved the results of the coefficient of determination (R?) and root mean square
error (RMSE), especially in cross-validation. Figure 2 shows the typical LIBS spectral data information col-
lected within the wavelength range 394-396.5 nm for six dough samples with Al concentrations.

Six dough samples with different concentrations were randomly selected for the pre-experiment. Under
the same test parameters, the LIBS spectra of samples with Al concentrations of 20, 40, 80, 120, 200, and
250 ppm were collected. Figure 2 shows that the two spectral lines of Al I 394.400 nm and Al 1396.152 nm
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are smooth and clear, with high sensitivity and high emission intensity. Therefore, the Al I 394.400 nm and
Al 1396.152 nm spectral lines were selected as the analysis characteristic spectrum in this study. The spec-
tral intensity of the two spectral lines increases with increasing Al concentration. The experimental results
accurately reflect the presence of Al and the gradient law of spectral line intensity changing with concentra-
tion, indicating that it is feasible to perform quantitative analysis of Al in flour products by LIBS.
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Fig. 2. Typical LIBS spectra of six dough samples with Al concentrations within the 394-396.5 nm range.

Data preprocessing. The LIBS spectrum signal is directly affected mainly by various objective factors,
such as the fluctuation of laser particle energy of the laser, the difference in the resolution of the spectrome-
ter, the heterogeneity of the test sample, and the interference of the external environment [31]. To effectively
eliminate or attenuate this interference information, the LIBS spectrum data were spectrally preprocessed.
With the goal of improving the fit and accuracy of the regression, multivariate analysis with PLS and spec-
tral preprocessing was explored.

First, the LIBS data were preprocessed by spectral smoothing. The smoothing of different points has
different effects on the analysis effect of the PLS model. In this paper, the prediction set correlation coeffi-
cient (R,) of the model and the root mean square error of prediction (RMSEP) are used to measure the pre-
diction of the PLS model. R, is an important indicator to measure the linear correlation between the true
concentration of the sample and the predicted concentration. RMSEP was used to measure the prediction ac-
curacy of the model. The value of RMSEP [32] can be calculated using the following equation:

RMSEP =[S, (3,, ~ )’ /m,
Among them, 7, is the number of samples in the prediction set. y,; and y,; are the reference concentration
value and the predicted concentration value of the i-th sample respectively. When the R, value is larger, the
RMSEP value is smaller, which means that the prediction accuracy of the model is higher. Table 1 shows the
effect of the smoothing of different points on the quality of model prediction. From the table, when the num-
ber of smoothing points is 11, the correlation coefficient R, value reaches 0.9998, and the minimum RMSEP
value is 5.23. At this time, the model has the best effect.

TABLE 1. Comparison of Different Point Smoothing Effects on the Quality of the PLS Model

Smoothing points R, RMSEP
0 0.9941 24.6
1 0.9941 24.6
3 0.9435 38.2
5 0.9650 31.1
7 0.9965 10.6
9 0.9983 9.43
11 0.9998 5.23
13 0.9988 5.33
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To further eliminate the instability of the quantitative analysis caused by the spectral baseline drift, after
the LIBS data were subjected to 11-point smoothing preprocessing, they were sequentially subjected to
standard normal variable transformation (SNV), mean centering (MC), first derivative (FD), and second de-
rivative (SD). SNV is a standardized processing method for each spectrum that can eliminate dimensional ef-
fects and surface scattering. MC removes the average energy of the data matrix acquired by each instrument.
It not only eliminates the influence of index dimension and quantity but also fully reflects the information of
the degree of variation and mutual influence of each index in the original data. FD and SD have commonly
used baseline correction and spectral resolution preprocessing methods in spectral analysis. Derivation of
spectral data can effectively reduce the influence of noise signals. The results of the effects of different spec-
tral preprocessing methods on the quality of the PLS model are shown in Table 2. It can be seen from
Table 2 that the four data preprocessing methods can significantly improve the prediction accuracy of the
PLS model. After comparative analysis, the R value of the SNV preprocessing method is the largest, and the
RMSEP value of the prediction group is the smallest. Compared with the other four preprocessing methods,
SNV pretreatment can further improve the accuracy of the PLS model in the quantitative analysis of heavy
metal Al content in flour products.

TABLE 2. The Influence of Different Spectral Preprocessing Methods
on the Quality of the PLS Model

Pretreatment method R, RMSEP
SNV 0.9998 5.23
Center 0.9991 18.6
FD 0.9986 10.4
SD 0.9988 10.1

PLS model description. The experiment divided 14 samples with concentration gradients into two parts:
a training set and a prediction set for modeling. According to the concentration gradient, 1, 4, 7, 10, and 13
were selected as the prediction set samples, and the remaining nine samples were used as the training set
samples. According to the spectral information of the Al element in the dough recorded in the experiment,
based on the above optimized model parameters, a quantitative correction model for determining the Al con-
tent in flour products was established through the PLS chemometric method. The root means square error of
cross-validation (RMSECV) and the RMSEP were used to measure the performance of the above quantita-
tive model for Al content detection. R.> and R, are the determination coefficients of the training set and the
prediction set respectively, indicating the accuracy of the calibration model and the prediction model. The
experiment used ten principal components (PCs) for modeling. The RMSECYV value of the 10 PCs is shown
in Fig. 3. When the RMSECYV value is the smallest, the corresponding principal component number is 4.
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Fig. 3. RMSECYV values of PLS models.
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Fig. 4. Quantitative analysis results of the PLS model.

Figure 4 shows the fitting curve of the measured and predicted values of the Al element in the dough
samples in the training set and prediction set of the PLS model. It can be seen from the figure that the train-
ing set model determination coefficient R of the Al element content reaches 0.9900, and RMSECV is 11.7,
indicating that the measured value of the Al element in the dough sample of the training set has a good fit-
ting relationship with the predicted value. However, to judge its reliability, the model needs to be verified.
The R,* value and RMSEP value of the prediction set result are 0.9996 and 5.23, respectively.

For further analysis of the Al concentration and relative error in the dough samples in the prediction set,
see Table 3. It can be clearly seen that the predicted value of the sample is very close to the measured value,
and the relative error remains below 6%. Among them, the relative error of two samples is less than 3%, and
the average relative error of prediction is 2.96%. The results show that the predicted value of the model and
the true value have a good mutual fit. The combination of 11-point smoothing and SNV preprocessing com-
bined with the PLS model has a higher prediction accuracy.

TABLE 3. The Concentration of Al in the Samples of the Prediction Set
and the Results of Relative Error Analysis

Sample No. | Reference concen- | Predicted concen- | Absolute error, Relative error,
tration, mg/kg tration, mg/kg mg/kg %
1 5 5.1863 0.1863 3.7260
4 60 59.7864 0.2136 0.3560
7 120 126.7614 6.7614 5.6345
10 200 203.4618 3.4618 1.7309
13 275 284.1595 9.1595 3.3072

Conclusions. The experiment prepared 14 dough samples with a concentration gradient of AL element
concentrations ranging from 5 to 300 mg/kg. After pressing the dough into a tablet, the spectral information
of the 390-398 nm band, including the target Al characteristic spectral lines Al I 394.400 nm and Al I
396.152 nm, was collected and selected. The effects of different smoothing points and different prepro-
cessing methods on the accuracy and precision of PLS modeling were compared and analyzed. Finally,
it was concluded that the method of 11-point smoothing combined with SNV preprocessing can effectively
reduce the background noise, improve the coefficient of determination (R, R,) of the calibration model es-
tablished by PLS and the verification model, and reduce the root mean square error (RMSECYV, RMSEP).
The R? and RMSE of the calibration model and the validation model are 0.9900 and 11.7 and 0.9996 and
5.23, respectively. The average relative error of prediction is only 2.96%. The lowest concentration in the
sample group was 5 mg/kg, which was close to the predicted concentration of 5.1863 mg/kg. Therefore,
it was preliminarily estimated that the detection limit of quantitative analysis was approximately 5 mg/kg.
It can be seen that the quantitative model has good prediction accuracy and sensitivity. The results show that
LIBS combined with spectral data processing methods and appropriate stoichiometry methods can reduce
the interference of background and noise signals and improve the detection sensitivity and stability of the
target heavy metal elements. This technology can be developed into a means and method of quickly super-
vising food safety and strengthening people's identification and selection of safe food.
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