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Determining the homogeneity of material mixing in real time during product processing is critical for quality control. According
to the Kubelka–Munk (K-M) function of di�use re�ectance absorption spectrum, absorbance (A) is approximately linear with the
content of the components when the sample scattering coe�cient (S) is in a certain range. �e S is determined by the particle size
of powder samples. �erefore, this study determined particle size ranges that satisfy linear additivity in near-infrared di�use
re�ectance spectroscopy (NIRDRS).�us, the proposed NIRDRS analysis technique can be used to determine the homogeneity of
material mixes or analyze the percentages of the components in the mixture. In this study, vitamin B3 and vitamin C were used for
preparing mixed samples with varying percentages. �e experimental results revealed that linear additivity is satis�ed when the
powder particle size is in the range of less than 280, 280–450, and 450–900 μm.When the con�dence level is 0.01, the actual mixed
spectra are not signi�cantly di�erent from the “simulated mixed spectra” constructed by linear addition, with their relative
deviations less than 1.08%.�e absolute errors of the actual and analytic percentages were within 2.98% for each component in the
mixtures. �e above conclusions also hold for sorghum, which has a complex material composition. Statistical models cannot
analyze the percentages of components in the mixture. In contrast, linear addition and direct calibration approach avoids the use
of a large number of samples for statistical modeling and analyze the percentages of mixed samples. Meanwhile, it can be used to
discriminate and analyze the material mixing uniformity by building a mechanistic model.

1. Introduction

Near-infrared (NIR) di�use re�ectance spectroscopy can
provide rapid analysis and the simultaneous determination
of multiple components, and it does not require chemical
reagents. Considerable progress has been made in using this
technique in the quality and safety evaluation of medicine, as
well as food and feed [1–5]. Medicine and agricultural
products are high-value commodities that considerably af-
fect people’s lives. �e formulation design and mixing
uniformity of the products are critical indicators for eval-
uating their quality. If the mixture is not uniform, the
percentage and e�ectiveness of the product is severely af-
fected. Vitamin B3 and vitamin C are the essential nutrients
for maintaining the normal functions and metabolic

activities of the body [6–9]. �e homogeneity of the drug
powder mixture considerably in�uences the consistency and
stability of medicine quality. Testing is required to determine
whether the actual content is consistent with the labeled
content. Sorghum is used in brewing, food processing, and
breeding [10–12]. However, japonica and glutinous sorghum
are used for di�erent purposes. Raw material proportioning
and mixing uniformity in processing and production con-
siderably a�ect product utilization and nutritional value.

Image analysis [13–15], UV-visible absorption spectro-
photometry [16–21], and high-performance liquid chro-
matography (HPLC) [22–26] are typically used for
determining mixing uniformity. �e image analysis method
requires particles of various colors and distinguishing be-
tween components of similar colors. UV andHPLCmethods
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require a laboratory environment, which increases the dif-
ficulty and cost of detection. Determining the mixing uni-
formity method requires the establishment of predictive
models in conventional quantitative NIR spectroscopy
techniques. )e accuracy of the technique depends on the
established quantitative model. Furthermore, model main-
tenance and update become complex at a subsequent stage
[27–29]. )erefore, the development of a rapid and accurate
quality monitoring and detecting method is critical for
ensuring the uniform mixing of agricultural products and
medicine.

Yan et al. [30] verified the additivity of NIR diffuse
reflectance spectra and stated that for transmission spec-
troscopy, the absorbance (A) and the component content are
proportionally linear according to Beer’s law. )erefore,
transmission spectrum exhibits the additivity of spectral
absorbance because diffuse reflectance spectroscopy can be
converted based on the K-M function. A and K/S can be
approximated by a straight line with intercept not equal to
zero when the sample concentration range is small and S is
within a certain range. )us, K is proportional to the
component content, such that A is approximately linear with
the component content. )erefore, the diffuse reflectance
spectrum of the solid exhibits a linear additive property.

)is study combined the linear additivity of NIR diffuse
reflectance with the formulation regression algorithm. )e
particle size range satisfying the linear additivity was verified
experimentally. Furthermore, a method to determine the
homogeneity of a mixture was proposed. Comparing the
absolute error between the analytic and actual percentages or
the difference between the simulated mixture homogeneity
spectrum and the actual mixture spectrum can reveal the
homogeneity status of the mixture. )is technique is a low-
cost determination method that does not require statistical
modeling of multiple samples.

2. Materials and Methods

2.1. Material
(i) Starch-containing vitamin (vitamin B3 and vitamin

C) tablets were procured from Tianjin Lisheng
Pharmaceutical Co., Ltd. In this experiment, five
particle size ranges of >900 μm, 450–900 μm,
280–450 μm, 180–280 μm, and <180 μm were ob-
tained by grinding and sieving. All the mixed
samples were prepared according to the mass per-
centage of 50%–50%. )e particle sizes of the
samples in the mixture are presented in Table 1:

(ii) In this experiment, glutinous sorghum obtained
from Shandong, China, Yungu sorghum and ja-
ponica sorghum obtained from Liaoning, China, and
Farmer sorghum were used as raw materials. Raw
powder material was obtained by grinding and
sieving from 280 to 450 μm. Five groups of mixture
test samples were prepared as presented in Table 2.

2.2. Instruments and Measurement Methods. )e prepara-
tion process of themixed samples is as follows: the two single

samples were laid flat and then stirred for 2mins to ensure a
uniform mixture. )e sample is placed in the experimental
sample cup and naturally compacted with weight. An S450
grating-type NIR spectrometer (Shanghai Lengguang
Technology Ltd., China) was used to obtain the spectra of all
samples.)e spectra were collected between the wavelengths
of 1000–2500 nm, with a resolution of 8 nm at the diffuse
reflection mode. Data collected were in absorbance and were
obtained by scanning for 90 s. )e single and mixed samples
were resampled three times each, three NIR spectral data
were measured, and the average spectrum was considered to
be the final spectrum.

TMS is calculated by the linear addition of single sample
spectra according to the mixing percentage. In the legend,
the simulated mixture spectra are suffixed with the suffix
“simulated spectrum” after the name of the sample group.
)e actual mixture spectrum is added with the suffix “actual
spectrum” after the name of the sample group.

2.3. Experimental Method

2.3.1. Simulated Mixture Spectrum. In this study, the sim-
ulated mixture spectrum, is obtained by the linear addition
of the spectra of each single sample in the mixture according
to their respective percentages. )e formula is as follows:

simulatedmixture spectrum � x1 × n1% + x2 × n2% + · · ·

+ xi × ni%.

(1)

where i denotes the ith single material, x1, x2, . . . , xidenote
the spectral data measured corresponding to the ith single
material, n1%, n2%, · · · , ni% is the mass percentage corre-
sponding to the ith single material in the mixture. For ex-
ample, VB+VC(1)−simulated spectrum=VB spectral
data×50%+VC spectral data× 50%.

2.3.2. Class of Constrained Regression (Formulation
Regression). In this study, the formulation regression al-
gorithm is used to analyze the percentages of the compo-
nents of a mixture. )is algorithm, which was proposed by
the famous Chinese mathematician Kai-Tai Fang, is a re-
gression algorithm with non-negative regression coefficients
of sum (1). )is method has been applied in the tobacco
industry [31, 32], and its algorithmic model is described as
follows [33, 34]:

PR:

Y � Xβ + ε(4a),

Ip
′β � 1,

β≥ 0.

⎧⎪⎪⎨

⎪⎪⎩
(2)

In the aforementioned PR model, Y is a n× 1 matrix, X is
a n×p (n≥p) matrix, β is a p× 1 matrix, ε is a n× 1 matrix,
and Ip is a matrix with all 1 s in the data. Under the con-
straints of (1b) (1c), the least squares can be used to estimate
β as follows:

Q � (Y − Xβ)
T
(Y − Xβ)⟶ min . (3)
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If β∗ ≥ 0 is obtained, the solution with the smallest β∗
matrix is the unique solution of the PR model. Otherwise,
the elimination change method is used to ensure the
components of β∗ remain non-negative.

In this study, independent variable Y constitutes the
mixed sample spectral data vector, and the dependent
variable X constitutes a single samples spectral data matrix.
)e percent vector β∗, which is solved according to the non-
negative linear regression algorithm, is composed of the
percentage coefficients, which can be used for quantitative
analysis. For the binary quantitative analysis, two percentage
coefficients exist.)e sum of the two coefficients is 1, and the
actual percentage coefficient is set as the criterion for
accuracy.

2.3.3. Relative Deviation of the Spectrum. In this study, the
difference between the actual mixed spectra and the simu-
lated mixed spectra is detailed by comparing the relative
deviation between the two spectra and whether the F and T
tests pass. Here, the relative deviation is defined as follows:

RD (%) �


n
i�1 yi − yi





n
i�1 yi




× 100. (4)

where n is the number of spectral wavelength points,
y1, y2, . . . , yi are the actual spectral data, and y1, y2, . . . , yi

are the simulated spectral data.)ese data were measured by
NIR diffuse reflectance.)e basic assumption of this method
is that the relative deviation is small when the actual mixed
spectra coincide with the simulated mixed spectra. )us, the
particle size range of this sample group satisfies linear
additivity.

3. Results and Discussion

3.1. Analysis of Small Differences in the Particle Size Range.
Two starch-containing vitamin samples of the same particle
size were prepared according to the procedure presented in
Table 1.

)e single sample spectra, the actual mixed spectra, and
the corresponding simulated mixed spectra of samples
VB+VC (1)−VB+VC (4) are displayed in Figure 1.

)e “VB+VC (1)-simulated spectrum” and “VB+VC
(1)-actual spectrum” of 1750–1850 nm in Figure 1(a) are
enlarged in Figure 2.

)e F-value, the T-value, and relative deviation between
the actual mixed spectra and the simulated mixed spectra of
the vitamin samples VB+VC (1)−VB+VC (4) are presented
in Table 3.

)e actual percentages, the analytic percentages, and
the error between them of the vitamin samples VB + VC
(1) −VB +VC (4) are presented in Table 4.

Figures 1(a)–1(b) and Figure 2 reveal that when the
wavelength is in the range 1750–1850 nm, it belongs to the
scattering region. No absorption of chemical groups is
observed, which is defined as the chemically invalid ab-
sorption band. Analyzing the full spectrum affects the cal-
culation accuracy. )erefore, the wavelengths in
1000–1749 nm and 1851–2500 nm were considered to be the
characteristic bands. )e scattering area becomes smaller as
the particle size of the mixed sample expands, which ef-
fectively reduces the effect of scattering, as displayed in
figures 1(c)–1(d).

In Figure 1 and Table 3, the actual mixed spectra and
the corresponding simulated mixed spectra are highly
consistent. No significant difference was observed be-
tween them at α� 0.01, and the relative deviations are
small, all within 1.03%. Table 4 reveals that the per-
centage of each component in the mixture analyzed by
formula regression is close to the actual mixing mass
ratio. )e absolute error between the analytic percentage
and the actual percentage is within 2.98%. )us, the
simulated mixed spectra obtained according to the linear
addition principle in the range of less than 180, 180–280,
280–450, and 450–900 μm are consistent with the actual
situation. )e additivity of the diffuse reflectance spectra
is feasible in the aforementioned range.

3.2. Analysis of the Expanded Particle Size Range. To deter-
mine the NIR diffuse reflectance linear additivity and
gradually expand the range of mixed sample particle sizes,
the sample sets of vitamin mixtures with various particle
sizes are prepared according to Table 1.

Table 1: Particle size range of each component in the vitamin mixture.

Sample Vitamin B3 particle size (μm) Vitamin C particle size (μm)
VB+VC (1) <180 <180
VB+VC (2) 180–280 180–280
VB+VC (3) 280–450 280–450
VB+VC (4) 450–900 450–900
VB+VC (5) <180 180–280
VB+VC (6) <180 280–450
VB+VC (7) 280–450 450–900
VB+VC (8) 450–900 >900

Table 2: Mass percentages of japonica sorghum and glutinous sorghum in mixture samples.

Sample Sorghum1 Sorghum2 Sorghum3 Sorghum4 Sorghum5
Mass percentage (%) 10–90 90–10 30–70 70–30 50–50
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�e single sample spectra, the actual mixed spectra, and
its corresponding simulated mixed spectra of the vitamin
samples VB+VC (5)−VB+VC (8) are displayed in Figure 3.

�e F-value, T values, and the relative deviation between
the actual mixed spectra and the simulated mixed spectra of
the vitamin samples VB+VC (5)−VB+VC (8) are presented
in Table 5.

�e actual percentages, the analytic percentages, and
error between them of the vitamin samples VB+VC (5)−
VB+VC (8) are presented in Table 6.

Figure 3, Table 5, and Table 6 reveal that as the particle
size range of the sample group is expanded, the spec-
trograms and the corresponding data analysis of the
sample group VB +VC (5) are in accordance with the
di�use re�ection linear additivity. However, the actual
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Figure 1: Single sample spectra, the actual mixed spectra, and the corresponding simulated mixed spectra of (a) samples VB+VC
(1)−(<180 μm+<180 μm). (b) Samples VB+VC (2)−(180–280 μm+180–280 μm). (c) Samples VB+VC (3)−(280–450 μm+280–450 μm).
(d) Samples VB+VC (4)−(450–900 μm+450–900 μm).
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Figure 2: �e “VB+VC (1)−simulated spectrum” and “VB+VC
(1)−actual spectrum” of 1750–1850 nm.

Table 3: RD, F-value, and T-value between the actual mixed spectra
and simulated mixed spectra of the vitamin samples VB+VC (1)−
VB+VC (4).

F-value T-value RD of spectrum (%)
VB+VC (1) 1.0117 0.1871 0.82
VB+VC (2) 0.9690 0.2634 0.88
VB+VC (3) 0.6949 0.5490 0.81
VB+VC (4) 0.9569 0.6857 1.03
�reshold value 1.1277 2.3276
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mixed spectra of VB +VC (6), VB +VC (7), and VB +VC
(8) the sample groups di�ered signi�cantly from the
constructed simulated mixed spectra with large relative
deviations, and the T-test failed. �us, the scattering

coe�cients varied considerably in this particle size range,
and the di�use re�ectance spectra were not additive.
Combining the sample groups under the same particle
size, we have the following: the linear additivity can be
satis�ed when the particle size is in the range of <280 μm,
280–450 μm, and 450–900 μm.

3.3. Di use Reectance Additivity of Sorghum Samples. To
verify the aforementioned �ndings, �ve samples of japonica
sorghum and glutinous sorghum with various gradient mass
ratios were prepared according to Table 2.

�e single sample spectra, actual mixed spectra, and
corresponding simulated mixed spectra of sorghum samples
are displayed in Figure 4.

Table 4: Analytic percentage, actual percentage, and the error between them of the vitamin samples VB+VC (1)−VB+VC (4).

Actual percentage (/%) Analytic percentage (/%) Absolute error (/%)
VB+VC (1) 50–50 51–49 1.04
VB+VC (2) 50–50 50–50 0.19
VB+VC (3) 50–50 49–51 −0.52
VB+VC (4) 50–50 53–47 2.98
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Figure 3: Single sample spectra, the actual mixed spectra, and the corresponding simulated mixed spectra of (a) sample VB+VC
(5)−(<180 μm+180–280 μm) (b) sample VB+VC (6)−(<180 μm+280–450 μm) (c) sample VB+VC (7)−(280–450 μm+450–900 μm) (d)
sample VB+VC (8)−(450–900 μm+>900 μm).

Table 5: RD, F-value, and T-value of actual mixed spectra and
simulated mixed spectra of the vitamin samples VB+VC (5)−
VB+VC (8).

F-value T-value RD of spectrum (/%)
VB+VC (5) 1.0244 0.3863 1.08
VB+VC (6) 1.0429 8.1721 11.14
VB+VC (7) 0.9322 3.1236 4.44
VB+VC (8) 0.9462 3.8294 5.41
�reshold value 1.1277 2.3276
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Table 6: Analytic percentage, actual percentage, and absolute error between them of the vitamin samples VB+VC (5)−VB+VC (8).

Actual percentage (%) Analytic percentage (%) Absolute error (/%)
VB+VC (5) 50–50 52–48 2.28
VB+VC (6) 50–50 64–36 14.39
VB+VC (7) 50–50 30–70 -20.13
VB+VC (8) 50–50 84–16 34.08
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Figure 4: Single sample spectra, actual mixed spectra, and the corresponding simulated mixed spectra of (a)sample group Sorghum1 (10%–
90%), (b) sample group Sorghum2 (90%–10%), (c) sample group Sorghum3 (30%–70%), (d) sample group Sorghum4 (70%–30%), and (e)
sample group Sorghum5 (50%–50%).

6 Journal of Spectroscopy



)e F-value, T-values, and relative deviation between the
actual mixed spectra and the simulated mixed spectra of
sorghum samples are presented in Table 7.

)e actual percentages, the analytic percentages, and the
error between them of sorghum samples are presented in
Table 8.

As displayed in Figure 4, Table 7, and Table 8, the actual
mixed spectra and the simulated mixed spectra overlap
considerably with insignificant differences and relative de-
viations less than 0.84%. )us, they passed the F-test and T-
test. )e absolute error between actual and analytic per-
centage were within 4.16%when the powder particle size was
in the range 280–450 μm. )us, the linear additivity of NIR
diffuse reflectance is feasible at various mass gradients.

3.4. Application of the Determination of Mixing Uniformity.
In case the percentage of each component in the mixture is
known, the homogeneity of a material mixture can be de-
tected when the material particle size range satisfies the NIR
diffuse reflectance linear addition conditions. Two dis-
crimination methods are listed as follows:

(i) )e percentage of each component in the sample can
be analyzed using the known complex material
system spectra combined with the formulation re-
gression algorithm. )e error in the homogeneity of
the material mixture was determined from the an-
alytic percentage and the actual percentage. In
medical research, researchers determine the ho-
mogeneity of a mixture by measuring the amount of
a component in the mixture (comparing the per-
centages in the formulations) [35]. )e principle of
this method is similar to the determination method
proposed in this study.

(ii) )e NIR diffuse reflectance spectra of complex
material systems are in accordance with the additive
property of the spectral absorption values in that
premise.)e spectra of each component are added in
corresponding percentages to produce a simulated

mixed homogeneous spectrum. )is spectrum is
calculated as shown in equation (4). )is spectrum
represents the state in which the blend is uniformly
mixed. F-test and T-test were applied to determine
whether there is a significant difference between this
spectrum and the actual mixture spectrum to eval-
uate the homogeneity of the mixture.

)e flowchart for determining the mixing uniformity is
displayed in Figure 5.

3.5. Application of PercentageAnalysis. When the mixture is
known to be homogeneous, a formulation regression al-
gorithm is used to analyze the percentages of the com-
ponents. In textiles, the content of cotton, polyester,
polyamide fibers, and other fabrics is required to be esti-
mated in blended fabrics. In petrochemicals, the compo-
sition of gasoline blending components, such as olefins and
octane values, vary considerably. )erefore, the percent-
ages of various gasoline blending components can be
analyzed.

)e flowchart of the percent analysis is displayed in
Figure 6.

3.6. Standard Normal Variate Spectrum. )e data for the
vitamin and sorghum samples pretreated after standard
normal variate (SNV) are presented in Tables 9 and 10,
respectively. )e table includes the analytic percentage, the
actual percentage, the absolute error of both, the relative
deviation between the actual mixed homogeneous spectrum,
and the simulated mixed spectrum.

To eliminate the effect of uneven particle size and particle
distribution on the measured spectrum, in this study, an
SNV transformation preprocessing method was applied to
verify whether the linear addition range can be extended.
However, Table 9 reveals that the SNV pretreatment in-
creases the relative deviation between the simulated mixed
spectra and the actual mixed homogeneous spectra. )e
absolute error between the analytic and actual ratios also

Table 7: RD of spectrum, F-value, and T-value of the actual mixed spectra and simulated mixed spectra of sorghum samples.

F-value T-value RD of spectrum (/%)
Sorghum1 1.0298 0.4793 0.52
Sorghum2 0.9916 0.6309 0.35
Sorghum3 1.0220 0.2076 0.84
Sorghum4 1.0354 0.3116 0.51
Sorghum5 1.0226 0.2250 0.78
)reshold value 1.1277 2.3276

Table 8: Analytic percentage, actual percentage, and the absolute error between them of sorghum samples.

Actual percentage (%) Analytic percentage (%) Absolute error (/%)
Sorghum1 10–90 8–92 −1.92
Sorghum2 90–10 92–8 2.28
Sorghum3 30–70 3–70 0.62
Sorghum4 70–30 70–30 −0.30
Sorghum5 50–50 54–46 4.16
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increases considerably. Even in the homogeneous state of the
mixture, these di�erences were aggravated by the pre-
treatment for the SNV-processed sample groups. �erefore,
the range of near-infrared di�use re�ectance linear addition
and use was still within the range of <280 μm, 280–450 μm,
and 450–900 μm.

However, Table 10 reveals that for the sorghum samples,
SNV pretreatment reduced the absolute error in the actual and
analytic percentages. �e relative deviation between the sim-
ulated mixed spectra and the actual mixed homogeneous
spectra also reduced. SNV can e�ectively eliminate the e�ect of
scattering on the spectra in sorghum sample measurements.
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Figure 5: Mixing uniformity determination �owchart.
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Figure 6: Flow chart for analyzing the percentage of each component in the mixture.
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4. Conclusion

)is study revealed that the particle size range of <280 μm,
280–450 μm, and 450–900 μm satisfies the condition of
linear addition. On this basis, we propose the use of NIR
analysis technique to determine the homogeneity of material
mixing. By building a mechanical model, a discriminative
analysis of the material mixing situation can be achieved. As
a simple and fast method to identify medicine and design
agricultural product formulations, the method has a broad
application prospect. )e linear addition based on spectra
and direct calibration approach and the percentages of the
components in amixture can be analyzed. It does not need to
use a large amount of data to build statistical models. )is
method only requires the use of a single spectrum of each
component of the mixture and a mixture spectrum.

However, the SNV pretreatment method was not ef-
fective. )erefore, further research on spectral pretreatment
method is critical for reducing the scattering effect. )e
range of particle sizes that satisfy the linear addition property
should be expanded. )e materials used in this study exhibit
similar density. )erefore, the mass percentage is used in the
experiments. For samples with large density differences,
further verification is still required.
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