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Abstract. Hardness is an important index for wheat quality, which determines its
usage, price and wheat-processing techniques. Therefore accurate measurements of
the hardness of kernels is a key problem for assessing wheat quality. In this work we
develop a new method for testing the hardness basing on a laser-induced ultrasonic
signal. We describe the measurement principles, as well as sampling and pre-
processing of ultrasonic signals. The acoustic signal is analyzed both in the time and
frequency domains, using fast Fourier, discrete cosine (DCT) and wavelet (WT)
transforms. The main eight parameters whose correlation indices surpass the
threshold of 0.8 are selected as feature characteristic parameters of the hardness.
They include a waveform index T6, a pulse factor T7, sub-band energy ratios SER—
SER;, a sum of the DCT magnitudes, and two wavelet parameters, WTF1 and
WTF2. A testing model of the hardness is built basing on a standard extreme
learning machine (ELM) algorithm and using all of these feature parameters as an
input. A number of experiments have been performed on twenty wheat varieties
with different hardness indices. The results show that the maximal relative measure-
ment error and the mean relative error are approximately equal to —3% and 1%, res-
pectively. As a result, our method of measuring the wheat hardness, which is based
on combination of laser ultrasonic waves and ELM, is feasible and accurate enough.
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1. Introduction

Wheat is one of the most important cereals in the world, of which total planning areas, production
amounts and trade volumes are the largest among the grains. To estimate the quality of wheat, its
hardness is used as an important index determining flour extraction rate, flour and milling qualities,
processing energy consuming and ultimate usage [1]. A number of methods have been used to
measure the wheat hardness. These are a press method [2], grinding and anti-crashing index
methods [3], an imaging processing method [4, 5] and some others. Although their principles are
mostly simple, there are many limitations. For instance, the appropriate experimental procedures
are often complex, the testing time is long and kernels are often damaged. This does not meet the
requirements of real-time and non-destructive measurements.

To solve the problem, a near-infrared spectroscopy and artificial neural networks have been
used to predict the hardness and the other quality parameters of wheat [6-8], although the
corresponding measurement accuracy is easily affected by the moisture of kernels. In the recent
years, acoustic methods have been put forward. So, D. Massie et al. have used an improved
constant-speed millstone to get acoustic signal when the kernels are grinded [9], along with a
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hardness model of wheat. However, kernels are damaged in this process. In 2005, H. W. Yang has
designed an acoustic-emitting device to measure the wheat hardness, where the kernels fell down
freely and affected a steel plan [10]. Then a highly sensitive microphone is used to detect a sound
signal. After some feature parameters are extracted, one can develop a testing model based on a
back-propagation neural network, to forecast the hardness. Later, A. Marzec et al. have obtained
the acoustic signals by crushing kernels [11]. According to experimental results, one observes
significant correlation between the signal and the wheat hardness.

Although the methods mentioned above can efficiently test the wheat hardness, the
measurement accuracy is greatly affected by a background noise. To improve the signal-to-noise
ratio (SNR), some extra processing should be adopted, which usually limits a real-time feature of
the methods. Hence, finding a quick, accurate, non-destructive and cheap method for testing the
hardness is still an urgent need. In the present work we put forward a new method for testing the
kernel hardness, which is based on the erosion effect of laser ultrasonic signal. First, the ultrasonic
signal from the wheat is obtained using laser erosion. Then the characteristic parameters of
longitudinal ultrasonic waves are extracted both in the time and frequency domains. Finally, to
measure the wheat hardness, we introduce these parameters into a testing model based on an
extreme learning machine (ELM).

2. Measurement principles of wheat hardness basing on laser-induced

ultrasonic signal

When a surface of kernel is exposed to pulsed-laser light, mutational temperature and stress fields
are formed in a rim surface zone of a grain as a result of energy absorption. This excites ultrasonic
waves, as illustrated schematically in Fig. 1. A pulsed-laser beam (the wavelength 4 = 1024 nm,
the power 2 W, the repetition frequency 10-50 Hz and the duration time 10 ns) is divided into two
beams by a splitting mirror. A reflected beam is used as a synchronous-detection signal of an
oscilloscope, and a transmitted light is converged on a wheat surface after weakening by an
attenuator. The transmitted-light intensity is adjusted so that to surpass the erosion threshold of
wheat. Therefore the grain surface is expanded and evaporated, thus exciting a strong ultrasonic
signal. This signal is received near the grain surface by a detector (a capacitive ultrasonic detector
with the sensitivity 2.0 mV/Pa, the SNR 90 dB, the dynamic range 40-170 dB and the response
frequency 50-200 kHz). Then it is amplified and displayed on an oscilloscope [12, 13].

Photodiode

Laser Oscilloscope

Splitter
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Attenuator Amplifier
Ultrasonic
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Fig. 1. Schematic diagram of our hardness-testing method.
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There are many hypotheses about the force induced by a pulsed laser during interaction of the
laser beam with the material [14]. To find the acting force in analytical form, we proceed from
assumption of a Gaussian-like beam of a single-pulse laser. In addition, during energy exchange
between the laser wave and the kernel, the heat-exchange effect is primary, while the effects of
radiation and convection can be ignored [15]. Since the light absorption occurs only inside a
superficial kernel layer, the light energy can be absorbed quickly within a very thin surface of the
kernel, whenever the laser axis is arranged vertically. Then we suppose that the light energy
absorbed by wheat is totally transformed into thermal energy.

According to the law of energy conservation, the entropy of wheat increases quickly on the
surface, which gives rise to local temperature increment and volume expansion. We use the
column coordinates, considering the Gauss characteristics of the pulsed laser and the kernel shape.
The equation of heat conduction can be expressed as follow:

pe oT(r,z,t) +l£(rk oT(r, z,t)j_’_i[k oT(r,z,t)
ot ror or oz

where (7, z, f) represents the temperature distribution at a time ¢, I(r, z, ) denotes the power-

jzl(r,z,t), (N

0z

density distribution of the incident pulsed-laser light, and p, ¢ and & are respectively the parameters
of hardness, heat capacity and thermal diffusivity of wheat. With increasing temperature, the local
region on the surface expands and a transient displacement is excited. The corresponding
displacement U(7, z, f) can be written based on the equation of thermoelastic effect:
o’U
(/1+2,u)V(V-U)—,uA><V><U—a(3/1+2,u)VT(r,z,t) = p?, (2)

where A and u represent the Lame constants, and p and a are respectively the hardness and the
thermal expansion coefficient of wheat.

According to Egs. (1) and (2), the ultrasonic displacement U(r, z, t) excited by the pulsed-
laser erosion is linked with the hardness p. Then the hardness parameter of the kernel can be
derived after the changes in the ultrasonic displacement have been measured.

3. Feature extraction for the acoustic signal

3.1. Signal acquisition and pre-processing

Considering a great diversity of wheat and a random position of radiation point on the kernel, one
can predict a large difference in the ultrasonic intensities. Fig. 2a shows the signals taken from two
wheat varieties with different hardnesses. Here we deal with the factor that affects the
measurement accuracy seriously. To improve the sampled signal, two microphones with different
preamplifiers are used in our experiments. Their amplifications are equal to 1 and 10 V/Pa, and
their frequency response ranges are the same, 100 kHz. The two microphones are mounted parallel
along the reflecting direction of laser light, and the distance from the kernel surface to the
microphones is about 20-25 mm. When the kernel is irradiated by the pulsed laser, the excited
signal could be sampled by these two microphones at the same time. After the sampled signals are
filtered and amplified, the noise whose frequency is lower than 60 Hz is eliminated and the signal
power is increased. After that, the improved sound signal is converted by a 16-bit A/D card.
According to the Shannon’s law, the sampled frequency then amounts to 200 kHz.

Let the signal sampled by the microphone with the amplification of 1 V/Pa be denoted as
fi(x), and the signal sampled by the other detector as f5(x), with x representing a sampled point.
First one has to calculate the number of saturation points for these two signals. If this number is
not larger than ten for the function f;(x), we adopt it as a final ultrasonic signal. Otherwise, the
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(a) acoustic signals detected for the wheat with (b) pre-processed ultrasonic signal
different hardnesses
Fig. 2. Acoustic signals detected in case of wheat with different hardness parameters (a) and pre-processed
ultrasonic signal (b).

signal fi(x) is used. After the sound signal is pre-processed and selected by the above procedures,
the signal excited by the pulsed laser is obtained (see Fig. 2b).

3.2. Feature extraction

The laser-induced ultrasonic signal carries a lot of information about the hardness of wheat.
Analyzing it and extracting properly characteristic parameters of the signal is a key for any
hardness testing. The features of the signal can be divided into two groups, time- and frequency-
domain ones.

3.2.1. Feature extraction in the time domain

In the time domain, the character of signal is described mainly by the amplitude, the wavelength
and the period. Then one can calculate the feature parameters in the time domain, which include
the absolute amplitude average T1, the energy T2, the power T3, the mean square root of the
amplitude T4, the zero-passage ratio TS5, the waveform index T6, and the pulse factor T7.
Definitions of these parameters are readily available in the literature [13]. The correlation between
each of the parameters and the wheat hardness can also be calculated. Then the factors with the
coefficients surpassing a threshold of, say, 0.8 can be selected as the main characteristics of the
wheat hardness. They have turned out to be the waveform index T6 and the pulse factor T7. The
relationships of these feature parameters and the hardness of wheat are illustrated in Fig. 3.
Although the slope changes for T6 and T7 are different, the both parameters are correlated
positively to the hardness, whereas the tendencies of variations are similar.
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Fig. 3. Relationships of T6 and T7 parameters with the wheat hardness (see the text).
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3.2.2. Feature extraction in the frequency domain
The spectrum and the power distribution of any signal can be described in the frequency domain.

Some of the corresponding parameters can have a close link with the hardness and, therefore, can
be selected as the main feature parameters. In our experiments, we have used the fast Fourier
transform (FFT), the discrete cosine transform (DCT) and the wavelet transform (WT) to extract
the characteristics of signal.

(1) Feature extraction based on the FFT

FFT of a signal is defined as follows:
2mxk

X(k):Ngolf(x)e_ N 3)

where N is the length of signal. In our experiments, the response frequency of the microphone
ranges from 0 to 100 kHz. Then the frequency spectrum is divided into sub-bands of the length

1000 Hz: f1, f>, ..., fi, ---» fi00- Then one can calculate the energy of the sub-band f},:
Mx1000

E(fy)= > [X(ky )‘2 )

Jj=(M~1)x1000

The sum of the spectral energies S(X;) can be computed as

100
S(X;)=2E (i) ()
i=1
Denoting the ratio of E(f},) and S(X;) as a sub-band energy ratio (SER), we obtain
SER =E(fy)/S(X;). (6)

Twenty different wheat varieties have been used in our experiments and 1000 kernels have
been selected as testing samples for each of the variety. Application of the FFT to the signals and
calculation of the SER parameters have revealed that the SERs corresponding to three different
sub-bands are fairly correlated with the hardness. These are the sub-bands 8-9, 9-10 and
14-15 kHz, of which SERs are denoted as SER;, SER, and SER;. Dependences of the wheat
hardness on the those parameters are depicted in Fig. 4.

(2) Feature extraction based on the DCT
DCT is similar to discrete Fourier transform, although its energy is more concentrated, which can

make the energy focus in a few sub-bands. Thus, the transform error is less if one processes signals
with poor initial data and strong correlations. The 1D DCT may be written as

2x+l)k7r

X(k):\/%C(k)gf(x)cos{(T}, k=01, ,N-1, €

where
C(k):{ N2, k=0 ®
1, k=1---,N-1
The DCT processing of the signals includes the follows stages:
(1) calculating 8192 DCT points for every ultrasonic signal and obtaining a serial
00 5
(i1) computing the square of 4 and obtaining a new sequence B, o, ;
(iii) calculating the sum of all the B elements, which is denoted as P, and then dividing

the sequence B by P, with the result given by a serial C,_,, ;
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(iv) calculating the average of the C for each point and for all of these kernels (it is
supposed that there are L kernels in every sample); the latter parameter is used as the
DCT magnitude for this point; then a series D, ,,, is obtained, which is regarded as

the DCT for a given sample.

704 . m Hardness
R — Fitted curve
3 oo - Adj. R-Square 0.78881
2 604
(2
(2]
[0
=
B
s 50
I
40
0.021 0.024 0.027 0.030
SER1
n
704 m Hardness
— Fitted curve
é Adj. R-Square 0.77097
2 60-
(2
[%2]
[
=
B2
o 50
T
40
0.012 0.015 0.018 0.021
SER2
n
704 . m Hardness
—— Fitted curve
é X u Adj. R-Square 0.79115
2 60
(723
1223
(0]
=
2
o 50
T
401
0.021 0.028 0.035
SER3

Fig. 4. Relationships of SER{, SER, and SER; parameters with the wheat hardness (see the text).

We have found experimentally that different DCT spectra can be observed for different
hardnesses at the points ranging from 2386 to 2995. As an example, Fig. 5 shows the DCT spectra
for the two wheat samples with the hardnesses equal to 47.0 and 65.7. One can use the sum of the
DCT magnitudes corresponding to the above range as a characteristic parameter in the frequency
domain. It is denoted as DT. The relationship between DT and the hardness is illustrated in Fig. 6.
As seen from Fig. 6, the DT value increases with increasing hardness.
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Fig. 5. Probability distributions of serials D, q,,, referred to samples 1 and 2. The hardnesses of samples 1
and 2 are equal to 47.0 and 65.7, respectively.
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Fig. 6. Relationship between DT parameter and the wheat hardness.

(3) Feature extraction based on the WT

WT, which is derived from a short-time Fourier transform, supplies an observation window that
can be adjusted automatically with changing frequency. The observation window with high time
resolution and low frequency is more adopted for the high-frequency part of signal, which makes
the WT promising for analyzing local signals both in the time and frequency domains. A sampled
ultrasonic signal is decomposed into three layers with the WT, basing on a standard wavelet
function dys. Then four coefficient serials dy, d», d; and a; are obtained (see Fig. 7).

Fig. 7. Diagram that explains WT-decomposition of a signal.

The ultrasonic signal has been sampled and four wavelet serials have been obtained for each
kernel. Then the averages of each of the serials have been calculated for all of the kernels
contained in every sample. As a result, four new sequences have been obtained, which are denoted
as Dy, D,, D; and A;. These four serials have been compared for the two wheat varieties with
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different hardnesses. As seen form Fig. 8, the sub-bands from 16 to 20 for D; and 4; are evidently
different. This can be used to distinguish the hardness of wheat. We have calculated the quadratic
sums of these two parts and denoted them as WTF; and WTF,. Our experimental results indicate
that the latter parameters correlate strongly with the wheat hardness (see Fig. 9). Hence, they are
also taken as the feature characteristics of the laser-induced ultrasonic signal in the frequency
domain.
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Fig. 8. Comparison of WT coefficients for samples 1 and 2. The hardnesses of samples 1 and 2 are equal to
47.0 and 65.7, respectively.

208 Ukr. J. Phys. Opt. 2017, Volume 18, Issue 4



Detection of wheat

According to the analysis performed above, one can extract a number of feature parameters
in both the time and frequency domains to measure the hardness of the wheat accurately. This is
based on the sampled ultrasonic signals, which are described by the two time-domain parameters
(the waveform index T6 and the pulse factor T7) and the six frequency-domain parameters (SER;,
SER,, SER;, DT, WTF; and WTF,). Issuing from these points, a hardness-measurement model has
been built that involves all of the above parameters.

70 - s Hardness 70 : = Hardness
D — Fitted curve — Fitted curve
Adj. R-Square 0.81485 . Adi. R-Square 079489
oy 3
2 604 2 60
1] 0
@ K
| | =
2 2 50
g o g
40+ L] 40 [ ]
0.0000 0.0008 0.0016 0.0024 0.000 0.001 0.002 0.003
WTF1 WTF2

Fig. 9. Relationships of WTF1 and WTF2 parameters with the wheat hardness.

4. Determining the hardness from ELM-based testing model

There are many methods for building a testing model, e.g. polynomial fitting, a back-propagation
neural network and a support vector machine. Although the polynomial-fitting method is easy, its
error remains large for a single-order polynomial. To increase the fitting accuracy, higher-order
polynomials should be used, which in fact violates a real-time feasibility of the method. In case of
the back-propagation neural network, many parameters of a net should be set initially. Moreover,
the problems of low efficiency and local optimum are often faced. In order to overcome this
drawback, one can use the support vector-machine method. However, the parameters of support
vector machine should be adjusted well to get the optimum model, which often costs a lot of time.
In recent years, the ELM has been put forward to solve the problem. Within this approach, only
node numbers of a hidden layer should be set initially. At the same time, the input nodes’ weights
and the nodes’ thresholds for the hidden layer need not be adjusted at the stage when the model is
being developed. As a consequence, a single-optimum model can finally be obtained, thus
implying fast learning speed and good generalization ability of the ELM.

The ELM is a kind of novel single-hidden layer feed-forward neural network, of which
structural diagram is shown in Fig. 10. Here x; ... xy represent the input nodes, #4; is the weight
relating the input node and the i-th node of the hidden layer, f; the weight relating the i-thnode of
the hidden layer and the output node, b; the bias of the i-th node of the hidden layer, and ¢ the
output for the hardness that corresponds to the sample j. In our experiments, the extracted feature
parameters for each kernel in the training sample have been used as the inputs and the
corresponding hardness index has been taken as the output for the ELM. Thus, the input order of
the data has no influence on the precision of the model. In other words, it does not matter which of
the kernels is studied first. Therefore, exchanging the orders of the elements has also no influence
on the solution of our model.

To establish the testing model of the wheat hardness, twenty wheat varieties have been used
and 100 kernels have been selected from each variety, to form a training sample. Hence, there are
2000 kernels in total in the training sample. The ultrasonic signals have been obtained for each of
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Fig. 10. Structural diagram of the ELM. of the wheat hardness, twenty wheat

varieties have been used and 100

kernels have been selected from each variety, to form a training sample. Hence, there are 2000

kernels in total in the training sample. The ultrasonic signals have been obtained for each of the

kernels and the corresponding feature parameters have been extracted. Then the feature parameters

and the hardness index can be used respectively as the input and the output of the model. In other

terms, there are eight nodes in the input layer and one node in the output layer. The node number
of the implicit layer can vary from 13 to 20.

The experimental results have testified that, when the node number of the hidden layer is
equal to 17, the performance of hardness testing becomes the best. Therefore the optimal structure
of our ELM model is 8—17-1. Then 20 kernels are randomly selected from each wheat variety to
construct the testing sample. After extracting the characteristics for each kernel, the feature
parameters are introduced into the model and the hardness index is calculated automatically. For
each wheat variety, the hardness indices for all of the 20 kernels predicted by the testing model are
averaged and these averages are used as final experimental results for this variety. The hardness
indices for all of the 20 wheat varieties have been forecasted in this manner, as illustrated in
Fig. 11. Our results demonstrate that the maximal relative error is as small as —3%, whereas the
average measurement error is still less, being close to 1%. This implies that our method for
measuring the wheat hardness based on the laser ultrasonic signal is feasible. Moreover, the testing
accuracy appears to be better, if compared with the other hardness-measurement methods known.

THE TESTING RESULT OF THE HARDNESS INDEX
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Fig. 11. Measurement results obtained for the wheat hardness.
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5. Conclusion

To measure the hardness of wheat, we have developed a new testing method, which is based on the
erosion effect of laser light and the corresponding laser-induced ultrasonic signal. The feature
parameters of the ultrasonic signal are extracted in both the time and frequency domains, and eight
parameters are obtained that correlate the most strongly with the hardness index. Using these
characteristics, along with the ELM algorithm and the results for the hardness obtained with the
test samples, we have built the appropriate testing model. As a result, we have reduced the
maximal relative measurement error to about —3%, while the mean relative error is close to 1%.
This meets the main accuracy requirements for testing the wheat hardness in a practical situation.
As a result, our approach yields a new kind of accurate, rapid, non-contact and micro-destructive
techniques for testing the wheat hardness.
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Anomayin. Teepdicmv ¢ 6adCIUBUM NOKASHUKOM AKOCMI NWleHUuyl, wo 6U3HAYAe U020
BUKOPUCMAHHS, YIHY ma Memoou obpobku nuwenuyi. Tomy mouni eumiproganis meepoocmi 10pa €
KAH0406010 NpoOiemMoro 018 OYiHKU AKocmi nuwenuyi. Y yiti podomi mu 3anpononyeany HOGuu
MemoO  nepesipku  meepoocmi  NuieHuUyi HA  OCHO8I  AHANI3Y  JA3EPHO-IHOYKOBAHOZ0
VIbmpaseykoeoco cueHany. Onucani npunyunu GuMIplosanis, eubipka ma nonepeows obpobka
VIbMPA36yKOGUX CUSHANIB. AKYCMUYNULL CUSHAN AHANI3YEMBCA, AK 8 4YACO80MY mMaK i 6
YACMOMHOMY GUMIPAX 3 GUKOPUCMAHHAM WEUOK020 Ouckpemnozo Dyp’e ma eeligrem
nepemeopentsi. OCHOBHI 8iCiM napamempie, Koe@iyicHmu Koperayii IKUX nepesuiyyions nopo206i
suauenns 0,8, subupanuce ax xapaxmepucmuuni napamempu meepoocmi. Bonu exmouanu 6 cede
nokazuux cuenany T6, koegiyicum imnyavcy T7, cniggionowennss enepeii niodianasony
SERI-SER3, cymy eeauuun ouckpemnozo ®@yp’e nepemeopenus ma 06d 6etigiem-napamempu -
WTF1 ma WTF2. Mooenv mecmysanns meepoocmi 0yna nobyoosana Ha 0asi aiecopummy
CMAHOAPMHO20 eKCMPEMANIbHO20 HABUANHHA 3 BUKOPUCHAHHAM 6CIX YUX NApamempie K 6XiOHUX
oanux. Excnepumenmu 6ukonano 3 06aoysmoma pisHOSUOAMU NULEHUYT 3 PIZHUMU NOKASHUKAMU
meepoocmi. Pesynomamu cgiouamv, w0 MAKCUMANbHA GIOHOCHA NOXUOKA BUMIpIOGAHb MA
cepeoHs 8iOHOCHA noxubka € npubauzno pignumu 3% i 1%, 8ionosiono. Ak Hacriook, Haw Memoo
BUMIDIOBANH MEepooCmi nuwieHuyi, sAKuil 0a3yemvcs Ha KOMOIHAYIl 1a3epHO-iHOYKOBAHUX
VILMPA36YKOBUX X6UTb MA CMAHOAPMHO20 eKCMPeMANbHO20 HAGYAHHA, € 30iliCHeHHUM ma
00CmMamHb0 MOYHUM.
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