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ABSTRACT

This study demonstrated that near-infrared chemical imaging (NIR-CI) was a promising technology for
visualizing the spatial distribution and homogeneity of Compound Liquorice Tablets. The starch distri-
bution (indirectly, plant extraction) could be spatially determined using basic analysis of correlation
between analytes (BACRA) method. The correlation coefficients between starch spectrum and spectrum
of each sample were greater than 0.95. Depending on the accurate determination of starch distribution,
a method to determine homogeneous distribution was proposed by histogram graph. The result demon-
strated that starch distribution in sample 3 was relatively heterogeneous according to four statistical
parameters. Furthermore, the agglomerates domain in each tablet was detected using score image layers
of principal component analysis (PCA) method. Finally, a novel method named Standard Deviation of
Macropixel Texture (SDMT) was introduced to detect agglomerates and heterogeneity based on binary
image. Every binary image was divided into different sizes length of macropixel and the number of zero
values in each macropixel was counted to calculate standard deviation. Additionally, a curve fitting graph
was plotted on the relationship between standard deviation and the size length of macropixel. The result
demonstrated the inter-tablet heterogeneity of both starch and total compounds distribution, simultane-
ously, the similarity of starch distribution and the inconsistency of total compounds distribution among

intra-tablet were signified according to the value of slope and intercept parameters in the curve.

© 2011 Elsevier B.V. All rights reserved.

1. Introduction

Since 2002, the Food and Drug Administration’s Process Ana-
lytical Technology (PAT) initiative has encouraged pharmaceutical
manufacturers to adopt new technologies for timely measurement
of critical product and process attributes in the manufacturing envi-
ronment [1]. Near-infrared chemical imaging (NIR-CI) is a novel
technique for acquisition of qualitative and quantitative informa-
tion about both spatial and chemical characteristics of individual
components at the micro scale [2-10]. It is well known that a formu-
lation with identical ingredients can produce varying therapeutic
performance depending upon how the ingredients are spatially dis-
tributed in the final matrix. Although conventional methods such
as high performance liquid chromatography (HPLC) can provide
accurate content on active pharmaceutical ingredients (API), they
cannot provide information about the spatial distribution of indi-
vidual components, making it difficult or impossible to trace the
source of failures or anomalies.
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Chinese Medicine Tablet (CMT) has its own characteristic com-
pared with synthetic drug tablets. One of the most important
differences is the distribution homogeneity of CMT including com-
plex plant extraction (e.g. fluid extraction and plant powder) and
excipient. More attention should be paid to the component dis-
tribution because complex compounds distribution will seriously
affect the dissolution rate and therapeutic performance of CMT.
However, no paper has reported on NIR-CI to understand and char-
acterize the compound distribution of CMT. Compound Liquorice
Tablets (CLT) is a antitussive expectorant in Chinese Pharma-
copoeia, which can cover in a mucosal inflammation of the throat to
play antitussive effect [11,12]. The formulation of CLT is composed
of Radix glycyrrhizae, Papaver somniferum L., sodium benzoate, anise
oil, camphor and starch. In this paper, CLT was taken as an exam-
ple, and NIR-CI served as an ideal tool to visualize the excipient
distribution and homogeneity.

Data cube analysis about NIR-CI can be accomplished at several
different levels to produce the contrast of heterogeneous samples.
Many excellent reviews covered general aspects of chemometrics
tools about NIR-CI (e.g., principal component analysis (PCA), basic
analysis of correlation between analytes (BACRA), multivariate
curve resolution-alternating least squares (MCR-ALS)) [2,13-16].
Besides, some authors reported image-processing tools to analyze
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data cube (e.g., histogram graph, macropixel, fractals) [17]. The
objective of this paper was to demonstrate a novel application
about NIR-CI, the suitability of chemometrics tools (e.g. BACRA,
PCA) and a new algorithm about an image-processing tool named
Standard Deviation of Macropixel Texture (SDMT).

2. Standard Deviation of Macropixel Texture method

Standard Deviation of Macropixel Texture was introduced as a
measurement of texture information based on binary image. Firstly,
an important procedure was binary-coding process. NIR image was
composed of different gray level values, which in fact were not of
uniform size. Therefore, net unit was adopted to divide the whole
image, and a gray level threshold value k was fixed before net unit
was divided. Generally, the gray level was formed of 0-255 colors.
The set of image f gray level was defined to be Z where,

Z=1(2,Z]. (1)

when the f gray level of the image was greater than the threshold
value k, the pixel was defined as 1; when the f was less than k, the
pixel was defined as 0. Namely, the mathematical expression was:

1 f(x,y)=k,
fk(x7 y) = {0 f(X,y) < k. (2)

Thus, the binary image was created. Threshold value k was
determined according to many methods. In this paper, a pro-
cedure was introduced to calculate threshold value k by global
optimization method [18]. Secondly, every interception binary
image of 600 x 600 pixels was divided into different sizes length
of macropixel and the size length ¢ (¢=2, 3, 4, 5, 6, ..., 200,
300, 600) was the 600 divisor except 1. Thus, the number of zero
values in each macropixel was counted to calculate standard devi-
ation. Finally, a curve fitting graph was plotted on the relationship
between standard deviation and the size length of macropixel.
Slope and intercept parameters were important indicators about
the heterogeneity of compounds distribution.

3. Results and discussion

3.1. Determination of starch and plant extraction distribution
domain by BACRA method

Different pretreatment methods were investigated to obtain
high quality of spectra. Fig. 1 showed NIR spectra extracted
from imaging graph of starch tablet. The correlation coefficients
between starch spectrum and each absorbance spectrum of four
samples were calculated. The result was listed in Table 1. Then,
taking the highest correlation coefficient parameter as criteria,
the combination of smoothing average with a window size of
9 points and normalize provided the best pretreatment results.
Based on the preprocessed spectra, the correlation-coefficient
images showed in Fig. 2. The correlation-coefficient maps of starch
distinguished the zones from the highest to lowest correlation
coefficient according to the spatial distribution of analytes in the
sample. The red domain indicated the existence of starch material
because the correlation coefficients were above 0.95. Simultane-
ously, the situation of low correlation coefficients suggested the
distribution of plant extraction. Therefore, the spatial distribu-
tion of starch and plant extraction could be elucidated by BACRA
method.
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Fig. 1. Starch spectra extracted from imaging graph of starch tablet. (a) Spec-
trum of normalize + smooth +1st, (b) spectrum of smooth+2nd, (c) spectrum of
smooth + normalize, and (d) raw spectrum.

3.2. Homogeneity analysis of compound distribution by
histogram graph

Fig. 2 showed the agglomerates such as blue domains. How-
ever, “human eyes” discrimination is fuzzy. For a technique to be
useful in quality control, the results should be objective, repro-
ducible, and quantitative. An approach for deriving numerical
information was to represent image data as histograms, enabling
statistical and objective analysis. Fig. 3 showed the histograms of
correlation-coefficient maps. Histograms were bar graphs of cor-
relation coefficient value at each pixel. When more pixels had the
same correlation coefficient, the bar for that x-value was higher.
From the histograms, the graph fitted a Gaussian distribution, offer-
ing a reliable qualitative parameter for the compound distribution.

Furthermore, each histogram showed a different peak shape.
Table 2 depicted statistical analysis and provided a quantitative
representation. The parameters described were mean, standard
deviation, skewness and kurtosis. The mean was a measure about
the center of the distribution. In this case, mean was relatively sta-
ble in all pixels. For standard deviation, the value of sample 3 was
large, but it did not fully demonstrate the prevalence of high or low
abundance domains because skewness and kurtosis parameters
characterized the abundance domains. The skewness was a mea-
surement of asymmetry. The larger the skewness was, the longer
the tail on the right side was. A negative skewness indicated that
the tail was on the left side. The skewness of sample 3 was —2.17.
It illuminated that the heterogeneity of plant extraction distribu-
tion in sample 3 was worse than other samples. Simultaneously, the
kurtosis was a measure of the flatness or “peakedness”. High kurto-
sis was the result of infrequent extreme deviations. The kurtosis of
sample 3 was 17.85. Obviously, the result elucidated that the com-
ponent distribution of sample 3 was relatively heterogeneous. The
above four parameters provided a quantitative presentation, and
made it possible to create reliable, reproducible results.

3.3. Homogeneity analysis of the compound distribution using
PCA scores layers

In chemical imaging, spectral components were used only for
identification purpose, and the interesting information was spa-
tial component. For this reason, PCA was used to describe the



TEYI.0

Fooon

Micrometers

05930

Micrometers

6000 |

000 |

22000

Z. Wu et al. / Spectrochimica Acta Part A 86 (2012) 631-636

24000 249930

Micrometers

20946.0 22000
Micrometers

1200
1000
800
600

400}
200}

1500

1000

500

()

5

24000

5146.0

Corr
9e45

9419
9193
8976
G740
8313
8287
8071
7834
TB03
7382

Carr
9669

8357
9108
8524
8955
G261
7980
B899
47
7145
B354

10414.0

Micrometers

Micrometers

10000

19862.0

19387.0

22000
Micrometers

22000
Micrometers

Fig. 2. BACRA analysis of CLT image. (a) Sample 1, (b) sample 2, (c) sample 3, and (d) sample 4.
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Fig. 3. Histograms of correlation-coefficient maps for starch. X-axis represents correlation coefficient value and y-axis represents the number of pixels. (a) Sample 1, (b)
sample 2, (c) sample 3, and (d) sample 4.
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Table 1

The result of the highest correlation coefficient between starch spectrum and the spectrum of each pixel developed with different pretreated methods.
Pretreated methods Sample 1 Sample 2 Sample 3 Sample 4
Raw spectra 0.9622 0.9638 0.9630 0.9683
Smooth +normalize 0.9645 0.9664 0.9669 0.9706
Smooth+2nd 0.8619 0.8700 0.8690 0.8598
Normalize + smooth + 1st 0.9475 0.9476 0.9489 0.9469

Table 2

Statistical analysis of the image data shown in Fig. 3(a-d).
Statistical parameters Sample 1 Sample 2 Sample 3 Sample 4
Standard deviation 0.0225 0.0211 0.0243 0.0224
Mean 0.900 0.901 0.900 0.901
Kurtosis 8.618 4.878 17.854 4.496
Skewness -1.320 —0.855 —2.166 —0.796

important spectral variations with a reduced number of compo-
nents to improve the image contrast. Factors were removed based
on spatial but not spectral information. From Fig. 4, three score
image layers were extracted, and the comparison of each sample
could be easily seen. The green pixels presented large agglom-
erates, showing in sample 1, sample 3 and sample 4. The same
phenomenon existed in blue domains. Fig. 2 also illuminated the
same interesting domains as Fig. 4. This method demonstrated the
feasibility of rapid detection of interesting domains (or agglomer-
ates) in complicated CLT. Simultaneously, it should be noted that
score image layer did not refer to separate the ingredients. Score
image layer was used to rapidly discover which layer was chemi-
cally distinct entities and then extracted them.
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3.4. Homogeneity analysis by Standard Deviation of Macropixel
Texture

The result was further depicted by binary image, showed in
Fig. 5. The aggregation of starch distribution in each sample existed
in binary image. Fig. 6 showed the result by SDMT method. For
starch distribution, the slopes of each fitted line were 2.283, 2.261,
2.268 and 2.228, respectively. For total compounds distribution,
it was 0.661, 0.628, 0.800 and 1.225, respectively. The result illu-
minated the inter-tablet heterogeneity of both starch and total
compounds distribution since the slope closing to 0 confirmed
the homogeneity of compound distribution. Furthermore, the rel-
ative stable slope and intercept parameters in Fig. 6(a) signified
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Fig. 4. RGB image of three score image layers by PCA method. (a) Sample 1, (b) sample 2, (c) sample 3, and (d) sample 4.
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Fig. 5. Binary image of CLT. White region represents the cluster of starch, and black region represents the cluster of plant extraction. (a) Sample 1, (b) sample 2, (c) sample

3, and (d) sample 4.
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Fig. 6. The result of the SDMT method applied to each CLT image. S represents the standard deviation; ¢ represents the size length of macropixel. (a) For the starch
distribution, the regression equations were expressed by S=2.283¢+5.808 (sample 1), S=2.261¢+5.689 (sample 2), S=2.268¢+5.966 (sample 3) and S=2.228¢+5.933
(sample 4), respectively. (b) For the total compound distribution, the regression equations were expressed by S=0.661¢+4.960 (sample 1), S=0.628¢ +8.484 (sample 2),

S$=0.800¢ +4.968 (sample 3) and S=1.225¢ +5.331 (sample 4), respectively.

the intra-tablet similarity of starch distribution. However, four
lines were significantly separated in Fig. 6(b), suggesting the intra-
tablet inconsistency of total compounds distribution. Finally, the
larger the slope was, the more heterogeneous the distribution.
Compared with starch distribution in each sample, total com-
pounds distribution presented smaller agglomerate domain (data
cannot be shown). This observation elucidated why the slope of
total compounds distribution was smaller than starch’s. These
results explained the potential content uniformity of CLT by SDMT
method.

4. Conclusion

NIR-Cl is a newly emerging PAT tool. The spatial starch distribu-
tion (indirectly, plant extraction)in CLT was visualized using BACRA
method. Furthermore, histogram analysis method was applied to
assess the homogeneity of the tablets. The result demonstrated
that spatial starch distribution was relatively heterogeneous in
sample 3 according to four statistical parameters. Additionally,
the large agglomerates (heterogeneity) were also detected in each
tablet by PCA score image layers. Finally, SDMT method was intro-
duced to characteristic the compound distribution of CLT based
on binary image. In conclusion, NIR-CI has a potential of being
adopted for spatial distribution and homogeneity of CLT. In addi-
tion, chemometrics tools (e.g. BACRA, PCA) and image-processing
method (histogram graph, binary image, SDMT) were putted

forward for Chinese herbal medicine in the field of quality control
by NIR-CL
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