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Fourier transform infrared (FT-IR) and horizontal attenuated total reflectance (HATR) technique are used to obtain the FT-IR
spectra of the seed of green bristle grass (the seed from Setaria viridis (L.) Beauv), yellow foxtail seed (the seed from Setaria glauca
(L.) Beauv), and the Chinese pennisetum seed (the seed from Setaria faberii Herrum). In order to extrude the difference among
them, cluster analysis is considered to identify the three kinds of plant seeds. Because they belong to the sibling plant seeds, and
have similar chemical components and close FT-IR spectra. The result of Cluster analysis is not satisfactory. The discrete wavelet
transformation (DWT) and a support vector machine (SVM) were used for further study. The compression detail 3 and 4 in DWT
are used to extract the feature vectors, which are used to train SVM. The trained SVM is used to classify seed of green bristle
grass, yellow foxtail seed and Chinese pennisetum seed. The seed samples are collected from different places around the country.
With 40 testing samples we could effectively identify the sibling plants, seed of green bristle grass, yellow foxtail seed and Chinese

pennisetum seed by FT-IR with discrete wavelet feature extraction and SVM classification.

1. Introduction

Green bristle grass (Setaria viridis (L.) Beauv) is a kind
of gramineous annual weed which could be easily found
anywhere. It is more abundant in the south of the country,
occurring less often northward of forest-steppe zone, reach-
ing northern border of agriculture lands. It has erect stem 30
to 80 cm high. It has leaf blade lanceolate strip, smooth on
the back, slightly rough in the front, leaf sheath is smooth and
has hairs; ligule has 1-2 mm cilia. Panicles presents cylindrical
shape with close, usually has a little bend down; spikelet is
elliptic, blunt on the top, 2-2.5 mm long, 3-6 clusters and
has 1-6 green or variable purple bristles down underneath.
It grows on sandy and pebbling shores of reservoirs, on
fallow lands and fields, along roads, in trash dump places at
settlements. It is drought-resistant and abundant in rich soils.
Though it is just a kind of weed, it has medicinal value in
traditional Chinese medicine. It has the ability to cure car-
buncle, swelling, tinea, and the red eye sores [1]. Yellow foxtail
is a clumping annual grass. Young plants can be difficult to
distinguish from other grasses like crabgrass. Yellow foxtail

produces a characteristic “foxtail”-like seedhead [2]. Chinese
pennisetum is erect tufted perennial grass <1m high. It
forms large tussocks, with long hairless wiry leaves. Attractive
purplish flower heads bristly, cylindrical spikes, like small
bottlebrushes. Yellow foxtail and Chinese pennisetum are
the same genus with the green bristle grass [3]. Though the
three samples have similar appearance, they have different
medicinal value to be used. It is to be distinguished form them
by the traditional identification methods.

Phytotaxonomy is the oldest and the most synthetic
branch of plant science. The classical plant classification is
based on the feature of the plant’s exterior looks and the
interior dissection and is quite limited and artificial. But as
the modern science development and many new interdis-
ciplinary fields are formed, the chemistry and botany are
intersected with each other. Utilizing the Fourier transform
infrared spectroscopy (FT-IR) combined with the methods
of chemometrics, phytotaxonomy finds a new path of devel-
opment. With this technique, not only classical plant classifi-
cation becomes much more accurate and more scientific but
also the analysis results are enumerated [4-8].



Fourjer transform infrared spectroscopy (FI-IR) is a
technique used to obtain an infrared spectrum of absorption,
emission, photoconductivity, or Raman scattering of a solid,
liquid or gas. For an FT-IR spectrometer simultaneously
collects spectral data in a wide spectral range, this confers a
significant advantage over a dispersive spectrometer which
measures intensity over a narrow range of wavelengths at
a time. The Fourier transform infrared spectroscopy can
provide all the information of compositional system mate-
rials. Different monoid of samples have different chemical
composition and FT-IR. So FT-IR spectra gradually become
a common method to classify different plants [9-11]. But the
technique of FT-IR has some insufficient, the hot research
object in the instrument analysis is how to use the chemomet-
rics to achieve a fast and accurate complex systems analysis
and classification [12-15].

Wavelet transform is a more effective signal process-
ing method than the old Fourier transform and plays an
important role in signal analysis and feature extractions. The
wavelet transform can provide the information in local time
and frequency scales together. It decomposes a signal into
localized contributions labeled by a scale and a position
parameter; each of the contributions represent the informa-
tion of different frequency. The main effect of the applications
of Wavelet transform of MIR analysis is denoising, data
compression, model transfer, and background deduction.
Because of its properties including orthogonality, orienta-
tion, and flexible time-frequency windows, as an important
and effective method of chemometrics, wavelet transform has
been widely used in identifying traditional Chinese medicine
and plant taxonomy [4, 7-9].

A support vector machine (SVM) is a concept in com-
puter science for a set of related supervised learning methods
that analyze data and recognize patterns, used for classifica-
tion and regression analysis. The standard SVM takes a set
of input data and predicts, for each given input, which of
two possible classes comprise the input, making the SVM
a nonprobabilistic binary linear classifier. Given a set of
training examples, each marked as belonging to one of two
categories, an SVM training algorithm builds a model that
assigns new examples into one category or the other. An
SVM model is a representation of the examples as points in
space, mapped so that the examples of the separate categories
are divided by a clear gap that is as wide as possible. New
examples are then mapped into that same space and predicted
to belong to a category based on which side of the gap they
fall on. With the remarkable excellence of SVM, it is coming
into more and more application fields [16, 17].

As the seed of the reproductive organ contains more
stable characters than the vegetative organ, in this paper, so
sample’s seed taken for analysis purposes. This paper focuses
on the classification of three sibling plants, the green bristle
grass, yellow foxtail, and Chinese pennisetum. The three
kinds of sibling plants, their seeds especially, are difficult to be
distinguished by the traditional phytotaxonomy. The FT-IR
spectra are obtained by FT-IR and horizontal attenuated total
reflectance (HATR) technique. The feature vectors which
represent spectral characteristics of the FI-IR are extracted
using discrete wavelet multiresolution analysis methods.
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SVM is used to classify the three kinds of sibling plants, the
green bristle grass, yellow foxtail, and Chinese pennisetum.

2. Experimental Section

2.1. Materials and Preparation. The seed of green bristle
grass is the mature, dry seed of Setaria viridis (L.) Beauv
(gramineae). The yellow foxtail seed is the mature, dry seed of
Setaria glauca (L.) Beauv (gramineae). The Chinese pennise-
tum seed is the mature, dry seed of Setaria faberii Herrum
(gramineae). The samples were collected from Beishan in Jin-
hua, Zhejiang Province, China (29°13'N, 119°35'E), Lushan
in Jiujiang, Jiangxi Province, China (29°30'N, 115°58'E),
and Jinyunshan in Beibei, Chongqing Municipality, China
(29°50'N, 106°30"E) in October 2006, and dried in sunlight,
respectively. Twenty seed samples are selected randomly for
one time per sample. The samples have been grounded to fine
powder in agate mortars to about 100 meshes (the particle
size is 150 ym), respectively.

2.2. Spectral Measurements. The HATR-FT-IR spectra were
collected at a resolution of 2cm™" scans using a Thermo
Electron (Medison, WI, USA) Nexus 670 FT-IR spectrom-
eter with a room temperature deuterated triglycine sulfate
(DTGS) detector, and with a single-bounce HATR (Ge)
accessory. The spectral range is 4000-650cm™' and the
cumulative number is scan of 128 times. 8.0 mg of pre-
disposed samples were respectively placed directly about
3.14mm” on the center of the Ge crystal of the HATR
accessory for measurement. To ensure good contact with the
Ge crystal surface, all powder samples were pressed using a
pressure tower to provide the same mechanical pressure on all
samples. All obtained spectra were auto-baseline corrected.
No other sample preparation was required. Each species of
all samples were measured three times and the averaged
spectrum was used for further analysis.

2.3. Data Analysis. The FT-IR of all the samples were
obtained by measuring. According to the absorbance value
characteristic of absorption peak, we can make the cluster
analysis to the data, which are carried out the Ward clustering
algorithm. NEXUS E. S. P. 5.2 software was used for Fourier
self-deconvolution (FSD) analysis. The absorption values
from different wave bands based on the characters of the
absorption value was obtained by copying data method
(export the FT-IR data as coordinate value, then copy the
data). MatLab 7.0 software was used for discrete wavelet
transformation analysis.

The DWT is used to detect the singularity of the curvature
curve, so we should choose proper wavelet, which has similar
shape to the signal to the analyzed, short compact branch
set, and big vanishing moment, as wavelet basis function.
Some representative wavelet basis functions include: Mex-
ihat, Meyer, Morlet, Daubechies, Coiflet, and Symlets [14].
Figures 1(a)-1(f) show their function curves in time domain.
Compared to other five wavelets, Daubechies wavelet has
the shortest compact branch set (Figure 1(d)), so we choose
Daubechies wavelet as analyzing wavelet.
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FIGURE 1: Wavelet basis function curves in time domain.

Daubechies wavelet which possesses better exploration
ability for signal singularity acted as analysis wavelet and
some scale one-dimension discrete wavelets from different
samples were transformed. 5 layers of the samples character
variable were picked up by selecting a decomposition scale
whose difference degree was the most obvious. Through a
comparative analysis, two layers (3 and 4) were selected to
extract eigenvector. The number of training samples and
testing samples is both 40 each habitat, respectively. The
selected character variables were used for SVM training and
verification.

3. Results and Discussion

3.1. FT-IR Analysis. Figure 2 shows the typical FT-IR spectra
of the seed of green bristle grass, yellow foxtail seed, and
Chinese pennisetum seed.

As the seed of green bristle grass, yellow foxtail seed,
and Chinese pennisetum seed are similar of absorption peaks
in the FT-IR spectra because they belong to the sibling
plant seeds. In order to further identify them, Fourier self-
deconvolution is used to deal with the FT-IR spectra of the
seed of green bristle grass, yellow foxtail seed, and Chinese
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FIGURE 2: FT-IR spectra of the seed of green bristle grass (a), yellow foxtail seed (b), and Chinese pennisetum seed (c). Characteristic group

frequencies are indicated at the top.

pennisetum seed. Their FT-IR-FSD spectra are shown in
Figure 3.

From Figures 2 and 3, we notice that the seed of green
bristle grass, yellow foxtail seed, and Chinese pennisetum
seed generated large numbers of sharp peaks in the FT-IR
spectra region (4,000-650 cm '), which indicates the seeds
have a rich chemical composition. Several absorption regions
were identified, and the band assignments are labeled in
Figure 2. Absorption bands located around 3340 cm™" cor-
respond to O-H and N-H stretching vibrations that mainly
occur from carbohydrates and protein mainly. The bands
around 3010cm™" represent unsaturated C-H stretching
vibrations that are mainly caused by unsaturated compounds
and unsaturated fatty acid ester. The bands around 2924
and 2854 cm ™' represent saturated C-H stretching vibrations
that are mainly caused by lipid, carbohydrates, and saturated
C-H in other compounds. Absorption raised from C-H

bending modes was located around 1,200 cm ™" to 1,500 cm ™,
but overlap with other absorption bands within this region.
Three absorption bands located around 1645cm™" (mainly
C=0 strt.), 1550 cm™! (N-H bend), and 1,243 cm™! (C-N
stret.) were largely due to amide I, II, and III modes of the
proteins and lipids, respectively. Absorption bands around
1740 cm ™" correspond to isolated carbonyl group (COOR),
indicating ester-containing compounds commonly found in
membrane lipid and cell wall pectin. Bands around 1030 cm ™"
and 1151 cm™ in the “fingerprint” region indicate several
modes such as C-H bending vibration or C-O or C-C or P-O
stretching vibration [18].

The seed of green bristle grass, yellow foxtail seed, and
Chinese pennisetum seed contain similar chemical compo-
sition like hydroxy of cellulose (seed coat), carbohydrates,
protein, phytosterol, flavonoids, alkaloids, and so forth, and
their FT-IR absorption are quite similar. The FT-IR spectra
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FiGure 3: Fourier self-deconvolution FT-IR spectra in the
2000-650 cm ™" region in the seed of green bristle grass (a), yellow
foxtail seed (b), and Chinese pennisetum seed (c). Characteristic
group frequencies are indicated at the top.

and FT-IR-FSD spectra of the three kinds of sibling plant seed
from the different plant seeds have very closed absorbance
and they are difficult to distinguish by experience. So other
methods were used for further classification.

3.2. Chemotaxonomic Distinction with Cluster Analysis.
In this paper, 10 samples of each species are randomly
selected to make cluster analysis [19, 20]. We have selected
the 19 strongest absorption peaks in the range of the
4000 ~ 650 cm ™", then the data of absorption peaks were
input to the MatLab 7.0 software for cluster analysis. The
dendrogram is shown in Figure 4.

From Figure 4, 30 samples are divided into two families by
the dendrogram: cluster 1 (C1) contain two subclusters hav-
ing twenty samples; cluster 2 (C2) comprises seven samples
in the seed of green bristle grass, one sample in yellow foxtail
seed and two samples in Chinese pennisetum seed. C1 can
be seen to contain two subcluster la (SCla) comprises the
six samples in Chinese pennisetum seed, three samples in
yellow foxtail seed and one sample in the seed of green bristle
grass, and 1b (SC1b) comprises the seven samples in the seed
of green bristle grass, two samples in Chinese pennisetum
seed and one sample in yellow foxtail. The seed of green
bristle grass, yellow foxtail seed, and Chinese pennisetum
seed contain similar chemical composition which mainly
are lipids, amino, nucleic acid, and carbohydrate, because
they belong to the sibling plant seeds. The clustering result
does not reflect clearly the real relationship of the thirty

samples of the seed of green bristle grass, yellow foxtail
seed, and Chinese pennisetum seed in the relatives, and it
is not agreement with our expectations, thus, this method
is not satisfactory. In order to achieve our desired results,
the application of discrete wavelet analysis and SVM are
introduced into the study.

3.3. Discrete Wavelet Transformation Analysis. In numerical
analysis and functional analysis, DWT is a wavelet transform
that the wavelets are discretely sampled. As with other wavelet
transforms, a key advantage has over Fourier transforms is
temporal resolution: it captures both frequency and location
information. Based on this advantage, DWT has a huge
number of applications in science, engineering, mathematics,
and computer science. Most notably, it is used for signal
coding to represent a discrete signal in a more redundant
form, often as a preconditioning for data compression. DWT
is originated from the discretization of continuous wavelet
transform (CWT) and the common discretization is dyadic.

We define a square integral function w(t) (namely,
1//(15)P2 € L(t)) as a family of functions, which satisfies the
following equation:

JOO de < 0. (1)
oo |l
Assuming:
‘/’ab(t)z_l 1//<—t_b>, a,beR, a+0 (2)
’ Vial " \ a

¥, (t) is defined as a continuous wavelet, which is derived
from a family function y(t), a and b are the dilation and
translation parameters, respectively. a, b represent the family
of wavelets obtained from the single function by dilations
and translations. The change of parameter would not only
influence the frequency spectrum structure of the continuous
wavelet but also the window size and the form. Define a
continuous wavelet transform as follows:

1 o t-b
wy(@b) = (f1¥ap) = \/ﬁj f(f)‘//<7>dt- 3)

—00

Define discrete wavelet transform as follows:

Cik = J_ f Oy ®dt,  jkeZ, (4)
where
1 t -2k
V/j,k(t)=\/§1//( Y ) (5)

The wavelet coefficient ¢ ;. is taken as the time-frequency map
of the original signal f(¢).

In terms of the relationship between the wavelet function
c(t) and the scaling function f(¢), namely:

[ = 3 72w ©)
j=—00
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Discrete scaling function with corresponds to the discrete
wavelet function is as follows:

1 t -2k
b (t) = @ﬁb(T) (7)

It is used to discrete the signal, the sampled values are called
scaling coefficients d j;:

dyy = Jm (0 B, ®)

When j > 1, the scaling coefficients and the wavelet
coeflicients are written as follows:

djpip =) h(i—2k)d,
. )
Cisrk = Z g(i-2k)d;p

where the terms g and h are high-pass and low-pass filters
derived from the y(t) and ¢(t), the coeflicients d;,, ; and
Cjp1x represent a decomposition of the (j — 1)st scaling
coefficient into high and low frequency terms [21-23].

The proper wavelet base and detail were decided by
analyzing the signal spectra property and the comparison
of decomposition results with different wavelet bases and
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details. Daubechies wavelet was selected as the analysis
wavelet. The wavelet decomposition scale was set as 5.

Figure 5 are shown preprocessed FI-IR spectra of the
seed of green bristle grass, yellow foxtail seed and Chinese
pennisetum seed and their DWT coeflicients, where, d1-d5
indicates detail information after compression data.

From Figure 5, we can see that the detailed signal d1 and
d2 are a high frequency signal while d3, d4, and d5 are more
sensitive to the changes of the spectra. When the DWT was
used to decompose the wavelet, the data were compressed. So
the d5 is less data volume to identification. The d3 and d4 had
been used as feature vector spaces. Figure 6 shows a diagram
of a divided feature space. Six feature bands were selected
from d3 and d4 details. The criteria for choosing features are
the stronger the better. The feature vectors were defined as the
energy (the sum of wavelet coefficient square) at each feature
band. Thus, six feature variances were generated from two
detailed signals.

3.4. SVM. This classification procedure is based on the statis-
tical learning theory proposed by Leopold and Kindermann
[24]. The SVM uses structural risk minimization, rather than
a nonconvex, unconstrained minimization problem, as in
standard neural network training technique using empirical
risk minimization. Assume that the training data with k
number of samples is represented by {x;, y,},i = 1,2,...,k,
where x € R" is an n dimensional vector and y € {-1,+1} is
the class label. These training patterns are said to be linearly
separable if a vector w and a scalar 8 can be defined so that
inequalities (10) are satisfied as follows:

w-x;+p=+1, Vy=+1,
(10)

w-x;+f=-1, Vy=-1

The aim is to find a hyperplane that divides the data so
that all the points with the same label are on the same side of
the hyperplane. These amounts to finding w and f such that:

yi(@-x;+ B) > 0. (11)

If a hyperplane exists that satisfies (11), the two classes are
said to be linearly separable. In this case, it is always possible
to rescale w and f so that min,_;; yi(w - xi + ) > 1. That is,
the distance from the closest point to the hyperplane is 1/||w].
Then (11) can be written as

yi(w-xi+f)>1. (12)

The hyperplane for which the distance to the closest
point is maximal is called the optimal separating hyperplane
(OSH). As the distance to the closest point is 1/[w|, the
OSH can be found by minimizing lw|* under constraint
(12). The minimization procedure uses Lagrange multipliers
and quadratic programming (QP) optimization methods.
If o, > 0,i = 1,...,k are the non-negative Lagrange
multipliers associated with constraint (6), the optimization
problem becomes one of maximizing:

L@=Ya-5 Yawyy,(xx). 3
1 L]

Under constrains: o; > 0, i = 1,....k If " =
(«f',...,a) is an optimal solution of the maximization
problem (13) then the optimal separating hyperplane can be
expressed as

Wy = Zyi“:ﬂxi' (14)
1

If the data are not linearly separable then a slack variable &,
i =1,...,k can be introduced with §; = 0 such that (18) can
be written as (15),

yi(w-x;+B)—1+& >0, (15)

and the solution to find a generalized OSH, also called a soft
margin hyperplane, can be obtained using the conditions:
(16)-(18):

k
. 1o
min | —wl|"+C ) & |, (16)
L nin [zu || Zlf ]
yi(w-xi+p)-1+& >0, (17)
£>0, i=1,..,k (18)

The first term in (16) is the same as in the linearly
separable case, and controls the learning capacity, while the
second term controls the number of misclassified points. The
parameter C is chosen by the user. larger values of C imply
the assignment of a higher penalty to errors.

In situations in which it is not possible to have a
hyperplane defined by linear equations on the training data,
the techniques discussed for linearly separable data can
be extended to allow for nonlinear decision surfaces. A
technique introduced by Vapnik maps input data into a high
dimensional feature space through some nonlinear mapping.
The transformation to a higher dimensional space spreads
the data out in a way that facilitates the finding of linear
hyperplane. After replacing x by its mapping in the feature
space @(x), (13) can be written as

1
L(a) = Z“f -3 Z‘xi“jyiyj (\{’ (xi)\y(xj))' (19)
i 1,]

It is convenient to introduce the concept of the kernel
function K in order to make the computation easier in feature
space, such as (12):

K(xi,xj) = \I’(x,-)\l’(xj). (20)

It is the kernel function that performs the nonlinear map-
ping. Thus, to solve (13), only the kernel function is computed
rather than ®(x), which could be computationally expensive.
Equation (21) can be used to classification function:

Y =sign Z(xiocjyiyjK(xi,xj)+[5 . (21)
ij
In brief, SVM first maps the data which are not linearly

separable into a high dimensional feature space. It then
classifies the data by the maximal margin hyper-planes [15].
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TaBLE 1: The identification results of SVMs using polynomial kernel function/%.
Sample Beishan Lushan Jinyunshan
Seed of green bristle grass 100.0 100.0 100.0
Train Yellow foxtail seed 100.0 97.5 100.0
Chinese pennisetum seed 97.5 100.0 97.5
Seed of green bristle grass 100.0 100.0 100.0
Test Yellow foxtail seed 100.0 100.0 95.0
Chinese pennisetum seed 100.0 100.0 97.5

—4

A’ x 10

[-;dg

A% 1073

The number of data

FIGURE 6: Division of three feature regions of detail signal in the
DWT domain.

3.5. Application of the Results. SVM transforms the nonlin-
ear classification problem to a linear problem in a high-
dimension feature space by applying a kernel function. Some
common kernel functions include polynomial function,
radial basis function, and sigmoid function. Comparing with
the three common kernel functions, polynomial function
was used as kernel function of SVM [17] in this paper. The
identification results are shown in Table 1.

The result declared that the method using wavelet feature
extraction and SVM classification of sample’s FT-IR spectra
is an efficient and accurate method for identifying the seed
of green bristle grass, yellow foxtail seed, and Chinese
pennisetum seed.

4. Conclusion

(1) As the seed of the reproductive organ contains more
stable characters than the vegetative organ, using the
seed as material to obtain FT-IR spectra as the analysis
basis is an effective way in the plant classification.

(2) FT-IR spectra could provide information about
molecular structure of main constituents which con-
tained in the seed, which makes it possible to distin-
guish similar plants samples. Other than pressed disc

method and liquid membrane method, HATR-FT-IR
method can directly measure the seed of green bristle
grass, yellow foxtail seed, and Chinese pennisetum
seed of the sibling plants to obtain the spectra and
make the proceeding of FT-IR better comparability.

(3) Discrete wavelet transform is used to extract the fea-
tures of the sibling plants whose infrared absorption
is similar in FT-IR spectra. The selected eigenvectors
in the detail 3 and 4 resolution have successfully clas-
sified the sibling plant seeds. By applying the discrete
wavelet feature extraction of the FT-IR data and SVM
classification, better results can be achieved usually.
It provides more scientific basis for further study in
plant taxonomy of the integration of spectroscopy and
computer science technologies.
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