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Abstract

The way to improve the accuracy and reliability of automatic unscrambling and identification technology on X-ray fluorescence
spectrometer spectrum is studied in this essay. Accordingly, two different automatic identification methods based on Fast Fourier
Transform and Wavelet Transform are presented. By the tool LabVIEW, such two methods are applied to the qualitative analysis on
X-ray fluorescence spectrums, and the features of such two methods are compared. Based on the experiments and analysis on amount
of samples, it can be concluded that the automatic identification method based on the Wavelet transform theory is better than the other
method for the former has a better local resolution. Therefore, the characteristic values of the singular points are more clearly recognized
by the method based on the Wavelet transform. Through the study in this essay, theories on automatic identification are enriched, which

set a foundation for further studied in future.
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1 Introduction

X-ray fluorescence spectroscopy technology as a widely
used ray-detection technology, began in the early 1950s.
Since the spectrum is less interfered, accurate, precise, fast,
can detect multiple elements, has a wide range of measu-
rement, and performs non-destructive testing, it is applied to
various fields, which becomes an indispensable and means
in the laboratory and no alternatives. And now it becomes
an indispensable method for analysis of substance compo-
sition. X-ray fluorescence spectroscopy detection technolo-
gy has overwhelming advantages such as fast analysis speed,
wide range of elements, which can be tested, simple pre-
treatment, free of pollution, low cost and non-destructive
testing, etc. Nowadays, there are more and more types of X
fluorescence spectrometers. Those X fluorescence spectro-
meters can be divided into two types according to the me-
thod of acquiring and distinguishing the characteristics of
the X-ray fluorescence spectroscopy: wavelength dispersive
X-ray fluorescence spectrometers (WDXRF) and energy
dispersive X-ray fluorescence spectrometers (EDXRF) [1].
An X-ray fluorescence spectrometer is generally made
up of three parts in structure: a light source for exciting the
sample (X-ray tube), a detection system (for dispersion,
detection, and controlling the spectrometer), and a data pro-
cessing system [2]. Incident X-rays are generated from the
X-ray tube for exciting the sample. Accordingly, secondary
X-rays can be emitted from the to-be-tested elements of the
sample by the excitation, in which different secondary X-
rays emitted from excitation of different elements each owns
specific energy characteristics and wavelength characteris-
tics. The energy of such secondary X-rays are collected and
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measured by the detection system, and through a data pro-
cessing software in the detection system, the collected fluo-
rescence information of such secondary X-rays are calcu-
lated into types and contents information of the to-be-tested
elements of the sample. Spectrum characteristics of a certain
element is not only related to the energy and intensity of the
excitation source, but also related to the level of such ele-
ment in the sample. According to the spectrum characterris-
tics of such element, the content information thereof can be
obtained by converting.

There are mainly three types of analysing methods of the
X-ray fluorescence spectroscopy detection technology: qua-
litative analysing method, semi-quantitative analysing me-
thod and quantitative analysing method [3]. The qualitative
analysing method is discussed in this essay, which indicates
the aforementioned solution and identification methods on the
spectrum. The Moseley's law tells that the wavelength of the
secondary X-ray emitted from the to-be-tested element is one
to one related to the atomic number. In qualitative analysis,
characteristic peaks and common interference lines of the
scanned spectrum figure should be identified, thereby to de-
termine the types of elements contained in the sample, and
thus to determine the types of materials of the sample.

Currently, the automatic recognition algorithm of the X-
ray fluorescence spectrometer is being studied by various
spectrometer manufacturers. According to the algorithm, by
determining the peak of the scanned spectrum, calculating
the net intensity of the background and peak, as well as
pairing with the characteristic spectrum line database, the
types of the to-be-tested elements and the types of the spec-
trum lines are determined. However, the actual working si-
tuation is complex and changing. For example, when the
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content of an element is too little or there exists interference
between of spectral lines of different elements, the artificial
identification by experiences of the operator is essential.
First, the characteristic X-ray lines of the target X-ray tube
and the associated lines of the peak are identified. After-
wards, the remaining spectrum lines are marked according
to energy. When unknown spectrum lines are analysed,
other factors such as the origin and nature of the sample
should also be taken into consideration, so as to get compre-
hensive judgments.

In order to improve the accuracy and reliability of the
automatic recognition and reconciliation of spectrums, this
essay presents a method for feature extraction and recogni-
tion based on fast Fourier transform, and a method for spect-
rum solution based on wavelet. And such two methods are
proved and compared by specific experiments with
LabVIEW.

2 RELATED WORK AND BACKGROUND

Spectrum recognition models either domestic or international
are essentially divided into two types: a spectrum matching
method based on spectrum reconstruction and standard spect-
rum similarity measurement, and an intelligent recognition
method based on sample knowledge. The spectrum matching
method is to compare the reconstructed spectrum with the re-
ference spectrum, and to measure the similarity or correlation
between them by a certain measurement function, so as to
identify the sample. The similarity measurement function can
be a distance function (Euclidean distance, Mahalanobis dis-
tance), similarity coefficient, correlation coefficient, spectral
information divergence or spectrum vector angle, etc.; and the
reference spectrum can generally be a standard spectrum in
the spectrum database.

According to the data used during the matching process,

the spectrum matching method can be divided into two types:

direct matching and indirect matching. The direct matching
method uses the reconstructed spectrum to match the refe-
rence spectrum data directly; whereas the indirect matching
method encodes or transforms the spectrum data first, and
uses the encoded and transformed data to match, such as
encoded spectrum matching, amplitude and phase of the
Fourier frequency of the spectrum, wavelet or fractal dimen-
sion matching, other than using the raw spectrum data to
match directly.

When the X-ray fluorescence spectrum analysis method
is carried out, due to the interaction of X-rays substances, such
as coherent scattering, incoherent scattering, Compton scat-
tering and other reasons, the Almighty certain peaks of the
characteristic X-ray may superimpose on the background. In
the qualitative and quantitative analysis, it is very necessary
to subtract the background accurately in order to obtain the
peaks of the spectrum and the net intensity of peak areas. It is
a very critical and difficult technology to subtract the back-
ground effectively and accurately. Therefore, various digital
filtering and deconvolution algorithms are powerful tools for
the spectrum solution.
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In recent years, more and more advanced intelligent me-
thods have been used in such field. The intelligent identifica-
tion method is on the basis of physical spectrum knowledge.
According to this method, appropriate diagnostic spectrum
features or spectrum parameters with identification ability are
selected first, then identification rules are established, and
samples are identified accordingly. Characteristics or parame-
ters of the spectrum can be the similarity measure for the
whole spectrum, such as the matching degree or matching rate
compared to the standard spectrum, or the parameters of spe-
cific bands, or both. The identification rules can be generally
expressed in 3 ways: uniqueness identification (existence
identification), i.e., when some certain conditions are met, it
can be considered that some certain element exists; negative
identification, i.e., when one or more features occur, it can be
considered that some element must not exists; likelyhood
identification, i.e., the likelihood whether the material to be
identified is determined according to the conditions.

The intelligent identification method combines the full
spectrum matching method and the feature spectrum band
identification method, which takes the advantages of the two
methods, and establishes an identification rule referring to
the expert system. As such, the reliability and automation of
the identification are greatly improved. For example, some-
one introduces the genetic algorithm to the solution of X-ray
fluorescence spectrum and achieves good results. The ge-
netic algorithm is a kind of probabilistic algorithm based on
simulation on the laws of life, which searches for a solution
suitable for the environment. Some studies present a method
that takes the fractal dimension as the spectrum identifica-
tion feature. In this method, the fractal dimension of the
spectrum signals is obtained by phase-space reconstruction.
Different spectrums can be identified through comparing the
fractal dimension of the spectrum signals. Someone also
proposes another spectrum identification scheme based on
multi-spectral features and integrated neural network, and
implements system design. However, most of the aforemen-
tioned methods and corresponding implementation software
are on the basis of human involvement or assistance. This
paper attempts to present an automatic spectrum identifica-
tion method based on traditional signal processing methods
and advanced algorithms. Under the current condition, over-
ly complex algorithms do not required for the automatically
recognizes by machines, while characteristic values are
needed used for the machine’s independent judgment.

The basic ideas of both the Fourier transform automatic
identification method and the wavelet transform automatic
identification method require a standard library, which is
used to compare the calculated characteristic values of the
samples with the characteristic values in the library obtained
by the same method. Therefore, it is very significant to crea-
te such a feature library. The general spectrums of an alloy,
which includes Stainless steel, cobalt alloy, nickel base alloy,
Titanium alloy and middle-low alloy steel are chosen as the
spectrum library, wherein each library contains multiple
spectrums. The spectrum library is characterized by a pro-
cessing method based on the fast Fourier transform and cha-
racterized by a processing method based on wavelet trans-
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form respectively, which will be mentioned below. The fea-
ture libraries corresponding to the two methods thus obtain-
ned. The alloy of Stainless steel, cobalt alloy, nickel base
alloy, Titanium alloy and middle-low alloy steel are selected
as the testing samples. The spectrums of the samples are ge-
neral random spectrums completely different from the fea-
ture libraries.

A suitable experimental environment and proper tools are
in need on the basis of aforementioned works, We had chosen
the NI LabVIEW environment. LabVIEW (Laboratory Vir-
tual Instrument Engineering Workbench) is a kind of graphi-
cal programming language, which uses icons to create appli-
cations instead of text lines. In traditional text-based program-
mming languages, programs are executed in sequences of sta-
tements and directives. Whereas, in LabVIEW a dataflow
programming mode is used, that VI (abbreviation of virtual
instrument, refers to program modules in LabVIEW) and exe-
cution sequences of functions are determined by the data flow
between nodes of block diagrams. With the LabVIEW prog-
ramming language, flow charts or diagrams are used instead
of program codes. LabVIEW is an end-user oriented tool,
which adapts terms, icons and concepts familiar with tech-
nical staffs, scientists, and engineers as much as possible.
LabVIEW can enhance the ability of building your own
science and engineering systems, and can provide a conve-
nient way to implement instrumental programming and data
acquisition systems. The working efficiency of the instrument
system can be greatly improved with LabVIEW in its prin-
ciple researching, designing, testing and implementation.

3 The spectrum unscrambling and identification
method based on fast Fourier transform

The Fourier transform would be firstly taken into consi-
deration if Mentions signal analysis in transform domain.
Through the discrete Fourier transform (DFT), a finite-len-
gth sequence x(n) can be transformed into a discrete finite-
length sequence x(k) in its frequency domain [4].

N-1
(k)= x(mMWy, k=0,1,2,..., N-1. (1)

n=0

Whose inverse discrete Fourier transform (IDFT) is

N

i N
N k=0

1

x(n) = x(K)WS, n=0,1,2,...N -1, 2

wherein W, =e %' and x(n) and x(k) may be a real num-

ber or a complex number. It can be concluded that to calculate
a sample sequence, N times of multiplication operation and
N-1 times of addition operation of complex numbers should
be done. Therefore, it is difficult to perform real-time process-
sing with DFT because of its huge amount of computations.
Since it is very important to do discrete Fourier trans-
form in signal analysis, it is very necessary to find fast algo-
rithms for discrete Fourier transform and corresponding in-
verse transform. Fast Fourier Transform (FFT), namely fast
discrete Fourier transform (FFT) is a kind of fast DFT algo-
rithm that invented by J.W.Cooley and J.W.Tukey in 1965,
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wherein the periodicity and symmetry of the factor of the
W, is utilized. The Discrete Fourier Transform is equiva-

lent to multiplying a sequence x (as a column vector of n
elements) by a nxn matrix Fn, which needs n? multipli-
cations. Whereas the fast Fourier transform is to change the
matrix Fn into a special form, which can reduce the times of
multiplications into approximate 5nlogzn times. If n=1000,
then by the fast Fourier Transform, the times of multiplica-
tions can be reduced from millions to about 50, 000.

In the later decades, it is further developed with the FFT
algorithm, wherein the most commonly used FFT algorithms
now are radix-2 algorithm and split-radix algorithm. It is
known that the FFT algorithm has been introduced in detail
in many other documents, so this essay will not describe it in
detail.

Input waveform Time domain energy 3.61843E+9

25000

Records

0

0 2100
Number of channels

FIGURE 1 A spectrum captured by X-ray fluorescence spectrometer

Referring to Figure 1, a spectrum is shown. In physical,
itis the channel value that corresponds to the horizontal axis,
rather than a time-sequence. However, in a broad view, it
can still be taken as a complete process. The aforementioned
fast Fourier transform can be performed using the signal
analysis tool in LABVIEW, as shown in Figure 2.

Fast Fourier transform waveform
500000~

Frequency domain energy 3.61843E+9

es

FFT Valu

0-

0 Scale corresponds to frequency 100

FIGURE 2 The result of fast Fourier transform

It is shown in the Figure 1 and Figure 2 that the energy
in time domain calculated from the original pattern before
the transformation must be equal to the energy in frequency
domain calculated after the transformation, which is in line
with Parseval’s Theorem. It should be noted that the points
in the abscissa only needs half of the original after the
Fourier transform, even a quarter or less effective portion
thereof with experiences. Accordingly, the amount of com-
putation can be greatly reduced. Unfortunately, it is clear
that the characteristic frequencies of almost all the general
spectrum samples after the FFT in different spectrum pat-
terns cannot be clearly distinguished by the Fourier trans-
form. In order to make the FFT method continue, a method
which combines the energy values and the boundary detec-
tion is used, considering the Parseval's Theorem. In this es-
say, the energy value is selected as the characteristic value,
and then transformed by FFT transform, and last detected by
its boundary for spectrum pattern recognition.

As shown in Figure 3, the energy value of the to-be-
identified spectrum pattern is compared with that of the
sample spectrum pattern in Library. The situation should be
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very clear if the two energy values are not in the same mag-
nitude. Otherwise, a threshold of range should be defined if
the two energy values are close to each other. Additionally,
comparison between the boundary values can be performed
under the premise that the energy values are as the charac-
teristic values. The pink line and blue line in the Figure 3
represent the top boundary value and bottom boundary
value respectively. The identified spectrum pattern is trans-
formed by FFT transform and compared with the boundary
values. Points out of the boundaries are marked in red. In
this figure, points that do not match occupy 0 percent of the
total number of points, in some instances, this value may
become large. Therefore, such percentage can also be taken
as the threshold value of range for automatic identification.

Fast Fourier Transform boundary detection and compare the energy value

10E+6-
Percentages of mismatch  Energy of sample in library - Signal
] 270303E+9

Boundary redundant parameters _ Local energy

Unqualified
Upper

112 3.61843E+9 lower A
K

DDN_\;lZ”=— —_

-2.0E+5.
0 1023

FIGURE 3 The spectrum unscrambling based on Fast Fourier transform

As can be concluded from the identification result, the
material as shown in the Figure 3 is probably stainless steel.

4 The spectrum unscrambling and identification
method based on wavelet transform

The basic principal of wavelet transformation is: after being
dilated and translated, the original signal is decomposed into
a series of sub-band signals with good local features in time
domain and frequency domain, thus achieving local time
and frequency analysis [5]. Wavelet transform is strongly
correlated to the data, which make the energy of the signal
exist only in some large wavelet coefficients in the wavelet
domain, whereas the energy of the noise distributes through-
hout the whole wavelet domain. Thus, through the wavelet
decomposition, the amplitude of the wavelet coefficients of
the signal should be greater than that of the noise. It is con-
sidered that whose amplitude of the wavelet coefficients is
relatively larger should be generally the signal, while whose
amplitude of the wavelet coefficients is relatively smaller
should probably be the noise. Therefore, wavelet transform
shows better performance of detection in non-stationary sig-
nals with low SNR. When the scale of a signal to be detected
changes, there will be a wavelet with an appropriate scale to
match it. On the contrary, by the short time Fourier trans-
form, the profiles of the signal can only be detected when
the basic function matches the signal scaling function, while
it is difficult to get a satisfactory result in other cases.

The purpose of Wavelet transform and the purpose of
Fourier transform are the same: the signal is expressed as a
linear combination of basic functions. The difference bet-
ween the two transformations is: the basic function of the
Fourier transform is the harmonic function e 1"’  whereas
the basic function of the wavelet transform is the Mother
Wavelet Function W(t) with compact support generation.
In the wavelet transform, a wavelet sequence is obtained
through dilating and translating to the mother function W¥(t):
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1 x—b
Wap(X) = ﬁW(T) , 3)

a,beR;a=0

where a is the dilating factor, b is the translating factor.
As to a given function f(t) e L?(R), its continuous
wavelet transform is:

W, (a,b) =< 7, () >= [ T (), ()
1 (= Xx—b : Q)
=l T

The selection of the basic wavelet function is very im-
portant, which often depends on the application [6]. The wa-
velet function generally has two basic characteristics
geometrically: it must be an oscillating function and it must
be a function with rapid convergence. The above two crite-
ria should be followed When selecting a wavelet function or
constructing a wavelet function. Different dilating factors
and translating factors will bring about great changes in geo-
metrical shapes of the wavelet function.

Since the translating factor corresponds to the time t, and
the dilating factor corresponds to the frequency f, the time-
frequency plane (t, f) becomes a time-scale plane (b, a). The
principal of weak signal detection based on Wavelet
transform is to put the signal with the noise on a time-scale
two-dimensional plane, and then process the signal in time-
division and frequency-division modes based on distinct
characteristics of the signal and the noise. When the scale
parameter a increases, the basic function w,, (x) turnsto a

broadening wavelet, which corresponds to a low frequency
function, whose frequency resolution is improved, but time
resolution is reduced. Otherwise, when the scale parameter
a decreases, the basic function y, ,(x) turns to a compres-

sed wavelet, whose time resolution is improved, but fre-
quency resolution is reduced. When the signal to be analy-
sed has a sudden change, it is better to choose a smaller “a”
to improve the resolution in the time domain. Therefore, the
wavelet transform is more suitable for studying signals
which are non-stationary and contains short-term transient
components [7]. There is a special signal processing packa-
ge for wavelet calculation in LabVIEW. It is very conve-
nient to do experimental verifications on the idea of wave-
let-based identification.

Input waveform
22500~

Records

0

Number of channels
Wavelet transform waveform

18E+6+

N
|
Il

Values

Transform interval 2100

FIGURE 4 The waveform of wavelet transform

1300

NATURE PHENOMENA AND INNOVATIVE ENGINEERING



COMPUTER MODELLING & NEW TECHNOLOGIES 2014 18(11) 1297-1305

As shown in Figure 4, in the upper part, the input signal
is a spectrum recorded by the X-ray fluorescence spectro-
meter. The abscissa of the spectrum physically represents
the channel number of the spectrometer, while the ordinate
of the spectrum represents values recorded by the instrument
in every channel. In the lower part of the figure, there shows
a waveform transformed from the input signal by broadly
wavelet transform.

Matching type
stainless steel

Three-dimensional wavelet diagram

64-

Scale

0-! d
0 Transform interval 2048

FIGURE 5 Singular points detection in a three dimensinal wavelet
digram

As can be seen in Figure 5, it should be noted that the
parameter SCALS here controls the scaling ratio of Wavelet
transform. And the peaks with different amplitudes of the spe-
ctrum in the figure can be considered as singular points of the
signal, which can be used as characteristic values of the spe-
ctrum. Thus, it can be taken as a detection process of singular
points that the solution and identification s process of the
spectrum [8]. For a long time, the Fourier transform is a main
tool for study the singularity of functions. In detail, by stu-
dying the attenuation in the Fourier transform domain of the
function of to infer whether there is singularity on the function
and how serious the singularity is. However, referring to
Fourier transform, its ability to distinguish details is often un-
satisfactory. In contrast, wavelet transform is more spatially
localized. Accordingly, it is more effective to use wavelet
transform to analyse the location of singularity and the sin-
gular degree.

A multi-scale peak detection can be carried out toward
the data that processed through continuous wavelet trans-
form from the original spectrum, and the detected peaks as
shown in Figure 5. Positions of singularity can be conside-
red as characteristic values for identifying the spectrum. The
magnitude of the ordinate and the resolution of the abscissa
of the wavelet transform data can be used as scaling parame-
ters of the multi-scale peak detection. Peaks less affected
can be excluded by adjusting the amplitude threshold, and a
proper characteristic value can be accurately found from the
overlapped peaks by adjusting the resolution parameter. The
characteristic value is corresponding to the position of trans-
form interval, and it can also be corresponding to the chan-
nel number of the original input spectrum. Accurate spect-
rum identification can be performed by comparing that cha-
racteristic value with the characteristic library of different
materials recorded in the sample library.

Figure 5 gives the automatic identification result, the
material shown in the in figure is probably stainless steel.
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5 Experiments and results

Two automatic recognition algorithms were designed for tes-
ting sample data in LABVIEW environment, which were ba-
sed on fast Fourier transform and wavelet transform. Sample
data contain general spectroscopy spectrum of Stainless steel,
cobaltalloy, nickel base alloy, Titanium alloy and middle-low
alloy steel five alloys. Before the experiment, we were pre-
pared alloy feature library for each algorithm.

5.1 TESTING FOR THE AUTOMATIC
IDENTIFICATION METHOD BASED ON FAST
FOURIER TRANSFORM

The FFT method similar to a spectrum matching filtering
method (Matched Filtering) is a kind of method to identify
a specified target from a background whose spectral infor-
mation is unknown. The basic idea thereof is to take the ma-
terial spectrum in a standard spectrum database as a vector
in the Q mean space, and to build a filtering vector detector
according to the matching degree between the spectrum of
the image and the reference spectrum vector, then to filter
the input image, so that the spectral response of the target is
maximized while the spectral response of other end of the
element is suppressed. As such, the contrast between the tar-
get and the background is maximized and an optimal mat-
ching is achieved, and then an appropriate threshold should
be selected, and the target information can be extracted.

Originally, the matching filtering is developed for calcu-
lating the relative abundance of the material content of less.
Therefore, when the content of the target substance is not few,
it should be careful and cautious to apply the method and to
interpret the results of the method. The Mixture Tuned Mat-
ched Filtering (MTMF) [9] is a composite method, which
combines the linear mixed decomposition method and the
matched filtering method. It combines the advantages of mat-
ched filtering method that do not need other background end
elements and the constraint condition that the content of each
end element of the image element in the linear mixed decom-
position method should be positive and the sum of the content
should be 1, thereby the detection limit of the elements is re-
duced, and the trace elements in the samples that other me-
thods could not detect would be detected.

In Table 1, results by artificial matching identification of
51 samples are excerpted, which are compared with the re-
sults by FFT automatic identification algorithm. As can be
seen, most of the results are consistent, except that the re-
sults in No. 24 and No. 25 by automatic identification iden-
tified the stainless steel as the nickel base alloy. After careful
analysis, it can be known that by the automatic identification
algorithm based on FFT, for both the No. 24 and No. 25
samples, it is difficult to clearly distinguish whether they be-
long to stainless steel or nickel base alloy, either by energy
identification condition or by boundary matching condition.
As to the energy identification condition and the boundary
matching condition, the libraries of the stainless steel and
the nickel base alloy themselves are also very similar. This
kind of situation is improved in the automatic identification
algorithm based on wavelet.
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TABLE 1 FFT Automatic identification test results

TABLE 2 Single sample FFT automatic recognition and matching rsults

Xia Jiening, Chen Zhigao

Sample Manual matching Automatic matching . If energy No matching
number results results Library types comparison passed? percentage
1 cobalt alloy cobalt alloy cobalt alloyl T 425
2 cobalt alloy cobalt alloy cobalt alloy2 T 42,5
3 cobalt alloy cobalt alloy cobalt alloy3 T 42,5
4 cobalt alloy cobalt alloy cobalt alloy4 T 4
5 cobalt alloy cobalt alloy gggz:: Z::gig $ 6;5
6 cobalt alloy cobalt alloy cobalt alloy7 T 165
7 cobalt alloy cobalt alloy
. . cobalt alloy8 T 65
8 m!ddle-low alloy steel m!ddle-low alloy steel cobalt alloyd T 505
9 m!ddle-low alloy steel m!ddle-low alloy steel cobalt alloy10 T 56.5
10 m!ddle-low alloy steel m!ddle-low alloy steel cobalt alloy11 T 69
11 middle-low alloy steel middle-low alloy steel middle-low alloy steell E 100
12 middle-low alloy steel middle-low alloy steel middle-low alloy steel2 E 98.5
13 nickel base alloy nickel base alloy middle-low alloy steel3 F 100
14 nickel base alloy nickel base alloy middle-low alloy steel4 F 100
15 nickel base alloy nickel base alloy middle-low alloy steel5 F 100
16 nickel base alloy nickel base alloy middle-low alloy steel6 F 100
17 nickel base alloy nickel base alloy middle-low alloy steel7 F 100
18 nickel base alloy nickel base alloy middle-low alloy steel8 F 98.5
19 nickel base alloy nickel base alloy n!ckel base alloyl T 60
20 nickel base alloy nickel base alloy n!ckel base alloy2 F 575
. . nickel base alloy3 F 46
21 nickel base alloy nickel base alloy nickel base alloy4 T 44
22 nickel base alloy nickel base alloy nickel base alloy5 T 455
23 nickel base alloy nickel base alloy nickel base alloy6 T 44
24 stainless steel nickel base alloy nickel base alloy7 E 51
25 stainless steel nickel base alloy nickel base alloy8 E 72
26 stainless steel stainless steel nickel base alloy9 F 62.5
27 stainless steel stainless steel nickel base alloy10 T 44
28 stainless steel stainless steel nickel base alloy11l T 51
29 stainless steel stainless steel nickel base alloy12 T 425
30 stainless steel stainless steel nickel base alloy13 T 405
31 stainless steel stainless steel nickel base alloy14 T 435
32 stainless steel stainless steel sta!nless steell F 69.5
33 stainless steel stainless steel sta!nless steel2 T 675
34 stainless steel stainless steel Sta!nless steel3 T 705
- . stainless steel4 T 68.5
35 sta!nless steel sta!nless steel stainless steel5 T 735
36 stainless steel stainless steel stainless steel6 T 72
37 stainless steel stainless steel stainless steel7 T 64
38 stainless steel stainless steel stainless steel8 T 715
39 stainless steel stainless steel stainless steel9 T 70.5
40 stainless steel stainless steel stainless steel10 T 715
41 Titanium alloy stainless steel stainless steel11 T 65.5
42 Titanium alloy Titanium alloy stainless steel12 T 69
43 Titanium alloy Titanium alloy stainless steel13 T 72.5
44 Titanium alloy Titanium alloy stainless steel14 T 715
45 Titanium alloy Titanium alloy sta!nless steel15 T 69
46 Titanium alloy Titanium alloy sta!nless steel16 T 3
47 Titanium alloy Titanium alloy st_alnlgss steel17 T 68
- - Titanium alloyl T 67.5
48 T!tan!um alloy T!tan!um alloy Titanium alloy? T 66.5
49 Titanium alloy Titanium alloy Titanium alloy3 T 39
50 Titanium alloy Titanium alloy Titanium alloy4 T 745
51 Titanium alloy Titanium alloy Titanium alloy5 T 73
Titanium alloy6 T 775
In Table 2, results that comparing and matching a Egz:ﬂm 2::83’; 1 7725
sample with the samples in the library database of FFT Titanium a||0§9 T 77
algorithm are excerpted, in which the calculation process of Titanium alloy10 T 725
such automatic identification algorithm can be reflected. Titanium alloy11 T 775
First, it can be seen that for the energy identification con- I:E:E:Em :::gﬁg $ 7%5
dition, the sample is relatively easier to pass cobalt alloy, Titanium alloy14 T 75

stainless steel and Titanium alloy. Then the boundary mat-

ching condition should be considered, and also the statistical

analysis law, through which it can be determined that the

sample belongs to Titanium alloy.
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To summarize, confirmed by experiments of hundreds
of samples, the accuracy rate of identification can reach 90%
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by the FFT transform automatic spectrum pattern identifi-
cation method based on the energy threshold of range and
boundary threshold of range. However, there are still some
spectrum patterns that could not be clearly distinguished by
their characteristics after FFT transform, even the energy
value of such spectrum patterns can be easily confused with
the sample libraries of different materials. So such spectrum
patterns could not effectively be identified through the
Fourier transform method. In order to solve such problem
and further improve the accuracy of spectrum patterns iden-
tification, a wavelet method is introduced here.

5.2 TESTING FOR THE AUTOMATIC
IDENTIFICATION METHOD BASED ON
WAVELET TRANSFORM

The spectrum is with high spectral resolution, multi-bands,
massive data, strong correlation between the bands, high da-
ta redundancy, so it is necessary to reduce the dimensions of
the data and to weaken the noises before selecting the end
elements and identifying the materials. The functions for the
wavelet transform are:

1) To separate the information from the noise. After the
transformation, the transformation components are arranged
in a descending order according to their corresponding cha-
racteristic value, whose noise components decreases, while
corresponding component information of greater character-
ristic value is more. Corresponding component information
of smaller characteristic value gradually becomes less, while
the noise level increases. Corresponding components whose
characteristic values are very small and tend to be constant are
almost all noises. Therefore, separation the information from
the noise can be achieved, and the noise of each component
image can be removed on target, or components whose noises
are dominant can be abandoned, so as to remove noises.

2) To reduce the dimensions. After the transformation,
the correlation between the original spectral bands can be
eliminated, so that the information can be concentrated in a
small number of components, thus redundancy of data can
be reduced. Through observing the characteristic values and
corresponding images, the intrinsic dimension of the data
can be determined. Selection of end elements and identi-
fication of samples can be carried out in transformed low-
dimensional space, so as to shorten the duration of data pro-
cessing and improve the efficiency of processing.

TABLE 3 Wavelet automatic identification test results

Xia Jiening, Chen Zhigao

3) To separate features. The spectrum information of
samples is isolated in the transformed feature space after
wavelet transformation, wherein the spectrum converges on
the class feature vector set, and some weak information is
enhanced in noise removing transformation. Accordingly,
the separability of the data from the sample is increased, and
the reliability of the identification is improved.

In Table 3, results by artificial matching identification of
51 samples are excerpted too, which are compared with the
results by wavelet automatic identification algorithm. It can
be seen that only one sample No.31 cannot be identified by
the automatic identification algorithm. As a matter of fact, all
the experimental results are not shown in the Table 3 due to
the length limitation of the table. There is only this one, which
could not be identified in all the hundreds of experiments we
have done. Simultaneously, the characteristic values of the
samples that calculated through the automatic identification
algorithm based on wavelet are shown in Table 3. It can be
seen that the numbers of characteristic values that calculated
from different samples are different. Valuel and Value2 of
each sample (if any) are better consistent. In fact, it can be
identified what material the sample belong to basically from
the first and second characteristic value. For some samples
with more characteristic values, it is better to continue to
match with the library database, of course, the premise is that
there is similar characteristic value record in the library data-
base, and to prove that the characteristic value is not illegal.
For the sample No.31, it can be seen that its characteristic va-
lue does not match with stainless steel well. Therefore, it
could not get a result by the automatic identification algorithm.
The reason may be there some errors occur during the data
acquisition process. Interestingly, it can be identified by the
automatic identification algorithm based on FFT, which is
actually worth further studying.

To summarize, verified by experiments on amount of
samples, the identification accuracy of the automatic spect-
rum identification method based on Wavelet transform can
reach 99%. Quite differences were found between the iden-
tified spectrum and its corresponding material in the sample
library for the unique error, there possibly was something
wrong during the data collection process using the spectro-
meter. It can be concluded that the automatic spectrum iden-
tification method based on wavelet transform owns some
advantages, but there is still space for further improvement
with such method.

r?smgé?, Manual matching results ValuﬂChara\t/c:IeJ;sztlc valti;aashr;gtchmgvalue v Automatic matching results
1 cobalt alloy 253 329 cobalt alloy
2 cobalt alloy 253 329 cobalt alloy
3 cobalt alloy 253 329 cobalt alloy
4 cobalt alloy 254 331 376 860 cobalt alloy
5 cobalt alloy 253 329 cobalt alloy
6 cobalt alloy 253 330 860 cobalt alloy
7 cobalt alloy 253 330 cobalt alloy
8 middle-low alloy steel 302 middle-low alloy steel
9 middle-low alloy steel 302 middle-low alloy steel
10 middle-low alloy steel 302 middle-low alloy steel
11 middle-low alloy steel 302 middle-low alloy steel
12 middle-low alloy steel 302 middle-low alloy steel
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13 nickel base alloy 357 374 nickel base alloy
14 nickel base alloy 358 375 nickel base alloy
15 nickel base alloy 358 375 860 880 nickel base alloy
16 nickel base alloy 357 374 nickel base alloy
17 nickel base alloy 357 374 nickel base alloy
18 nickel base alloy 357 374 nickel base alloy
19 nickel base alloy 358 374 860 880 nickel base alloy
20 nickel base alloy 357 374 nickel base alloy
21 nickel base alloy 357 374 nickel base alloy
22 nickel base alloy 357 374 nickel base alloy
23 nickel base alloy 357 374 nickel base alloy
24 stainless steel 302 stainless steel
25 stainless steel 302 stainless steel
26 stainless steel 302 stainless steel
27 stainless steel 302 stainless steel
28 stainless steel 252 302 stainless steel
29 stainless steel 302 stainless steel
30 stainless steel 302 stainless steel
31 stainless steel 253 319 No matching type
32 stainless steel 302 stainless steel
33 stainless steel 303 859 stainless steel
34 stainless steel 302 stainless steel
35 stainless steel 303 stainless steel
36 stainless steel 253 303 stainless steel
37 stainless steel 303 stainless steel
38 stainless steel 303 stainless steel
39 stainless steel 303 stainless steel
40 stainless steel 303 stainless steel
41 Titanium alloy 208 Titanium alloy
42 Titanium alloy 208 Titanium alloy
43 Titanium alloy 208 861 Titanium alloy
44 Titanium alloy 209 861 Titanium alloy
45 Titanium alloy 208 817 Titanium alloy
46 Titanium alloy 209 776 861 Titanium alloy
47 Titanium alloy 208 Titanium alloy
48 Titanium alloy 209 818 Titanium alloy
49 Titanium alloy 208 Titanium alloy
50 Titanium alloy 208 Titanium alloy
51 Titanium alloy 209 861 Titanium alloy

6 Conclusions

Methods of automatic unscrambling and identification on
spectrums captured by X-ray fluorescence spectrometers are
discussed in this essay. It is difficult to accurately distinguish
the peaks in the spectrum in the time domain only with
experiences, because the peaks in the spectrum are always
overlapped and are easily confused. It should be noted that
such time domain is a broad concept which is corresponding
to the channel number of the abscissa of the spectrum. There-
fore, in order to achieve fast and accurate automatic spectrum
identification, a method for unscrambling and identifying
characteristics based on fast Fourier Transform and a method
based on wavelet transform are proposed herein.

It can be concluded from the results of experiments by
the aforementioned two methods that: by the method based
on fast Fourier transform, the spectrum is transformed from
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