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Accurate quality detection of hardwood logs can realize efficient utilization of wood and provide significant
benefits to wood enterprises. However, due to the differences in the extraction principle of acoustic parameters
and the interaction mechanism between the parameters and wood properties, the quality assessment results of
hardwood logs are different to some extent. For this, a method for feature extraction of the acoustic signal and
defect detection was proposed based on the improved particle swarm optimization-variational modal decom-
position (IPSO-VMD). By analyzing the sparse features of defect signals, the minimum mean envelope entropy
was set as the fitness function of IPSO optimized VMD to search for the optimal number pair (L, @). And the
search for IPSO was accelerated to acquire the global optimal solution by improving the inertia weight and
learning factor of PSO. Then, the effective sub-modes decomposed from the IPSO-VMD were selected based on
Hilbert marginal spectrum and energy ratio of sub-band components, and the frequency sub-band distribution
and energy rates of the effective modes sifted were used as the characteristic parameters characterized the defect
signal to realize the accurate quality detection of hardwood logs. The sawing results of the sample logs showed
that the major defect types and priorities in logs were detected with an accuracy of 88.4% and 74.4% respectively
based on the IPSO-VMD method, even for which not identifiable by global parameters could be also examined
effectively. The effectiveness of the new feature parameters can provide a reliable basis for the accurate quality
detection of hardwood logs through fusing the multi-parameter features and constructing the artificial intelli-
gence recognition system in the future.

utilization rate of wood to ultimately realize the optimal utilization of
wood and maximize profits [1,2].

Acoustic technology has been one of the most popular and useful
means in wood detection due to its advantages of low cost, quick and

1. Introduction

Hardwood log is an ideal raw material for producing high value-
added wood products because of its rich texture, high aesthetic value,

and regenerative nature. In addition, with the rise of large-scale wooden
buildings in the world, hardwood logs with high mechanical strength,
green and low-carbon and prefabricated forming have also become a
potential high-quality material of building structure. Hardwood log
usually contains some typical defects of rot, voids, and cracks, and the
number and severity of defects vary significantly with origin, species,
and even with different parts of the same tree. Early inspection of major
internal defects of log can not only save processing costs and improve
production efficiency for wood enterprises but also increase the
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convenient operation, and ease of work on site. Some research has
shown that physical or structural damage could have a great influence
on the characteristics of acoustic wave propagating in hardwood log, but
the correlation between the known acoustic parameters and the hard-
wood log properties is not significant, and the accuracy in log quality
evaluation is far from expectation [3,4]. Using the time-frequency
analysis technology, Xu et al. [5,6] extracted some acoustic evaluation
parameters such as time centroid, damping ratio and kurtosis, and they
reported that the acoustic parameters were better indicators in log
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quality prediction in terms of accuracy in quality grading or internal
defects prediction comparing with the acoustic velocity, and which is
insusceptible to wood species. Later on this basis, Xu et al. [7] further
proposed an approach to assessing internal quality of hardwood log
integrated signal separation technology and wavelet based spectral
kurtosis. The research indicated that the parameters of kurtosis and
spectral kurtosis acquired from defect signals separated could more
accurately assess the internal condition of hardwood logs. Even so,
owing to the differences in the extraction principle of acoustic param-
eters and the interaction mechanism between the parameters and wood
properties, the evaluation results in hardwood quality were different to
some extent. Therefore, it is expected to seek novel acoustic parameters
as effective features of the subsequent multi-parameter fusion for con-
structing the artificial intelligence recognition system to accurately
evaluate internal quality in hardwood logs.

The log detection signal is a nonlinear, multi-feature overlapping
signal, which causes great difficulty to extract characteristic parameters
reflecting wood properties. Trnka et al. [8] studied the propagation
characteristics of shock stress waves in wood bars of five tree species,
and indicated that the dispersion and attenuation of waves in wood bars
could be analyzed in more detail in frequency domain compared with
the propagation behavior of waves described in time domain. Lawday
and Hodges [9] evaluated the internal condition of ash standing wood
combined stress wave technology with a short-time Fourier transform,
and they implied the time-frequency spectrum of the acoustic signal was
a better assessment index of the decay detection of standing wood. In
addition, some studies also pointed out that time-frequency character-
istics of acoustic signals seeking from the perspective of signal adaptive
decomposition should be a feasible method for defect identification of
structure [5,7,10-13].

Variational mode decomposition (VMD) is a new signal processing
means with variable scale put forward by Dragomiretskiy and Zosso in
2014 [14], which can decompose a complex signal into a preset scale of
amplitude-modulated-frequency- modulated components, effectively
suppress mode aliasing, and be appropriate for the feature extraction of
non-linear, non-stationary signals. VMD has been gradually applied to
pipeline leak detection [15,16], EEG signal classification [17], structure
and health monitoring [18], and fault diagnosis [19].

It is necessary to preset the penalty factor @ and the number of modes
L before a signal is decomposed by VMD. From the VMD theory, the
penalty factor @ mainly influences the bandwidth of the mode function,
while the improper preset number of subcomponents L results in modal
aliasing or over-decomposition, which will affect the characteristic
representation of the signal. Therefore, the appropriate number pair (L,
a) is the key to accurately extracting defect information. At present,
some optimization algorithms [20-24] have been used in the optimal
mode selection of VMD. The improved particle swarm optimization
(IPSO) will be applied to optimize the number pair (L, @) of VMD in the
present study given the characteristics of IPSO such as fast convergence,
less parameter setting, and easy implementation [25,26].

Based on defect signal separation in the literature [7], a method of
feature parameter extraction and defect identification was proposed
based on the IPSO-VMD in this study. By analyzing the sparse charac-
teristics of defect signals, the minimum mean envelope entropy (MMEE)
was set as the fitness function of IPSO optimized the VMD to realize the
search of the optimal number pair (L, a). For accelerating the search for
the PSO algorithm to reach the global optimal solution, the inertia
weight and learning factor of PSO were improved. Then, the effective
modes of representing the original signal were selected based on Hilbert
marginal spectrum and frequency band (FB) energy ratio (ER). Finally,
the FB distribution and ER of each effective sub-mode were determined
as the characterization parameters of type and primary-secondary of the
main defects in hardwood logs to achieve a relatively accurate evalua-
tion in the internal quality of hardwood logs.

NDT and E International 139 (2023) 102942
2. Variational modal decomposition algorithm

Variational mode decomposition (VMD) decomposes an input signal
into a series of modal components with sparsity properties through
iteratively searching for the optimal solutions of the variational model
[14]. Each sub-component is called band-limited intrinsic mode func-
tion (BIMF), which is a limited bandwidth signal centered on frequency
o, i.e.

u (1) = Ac(t)cos|g (1)] m

where u (t) is the k-th mode, Ak (t) is the instantaneous amplitude, ¢ (t)
is a non-decreasing phase function, i.e. ¢;<(t) > 0, and the change of Ax(t)
and instantaneous angular frequency wy(t) = (ka (t) is much less than that
of gy (t).

To solve each BIMF and estimate its bandwidth, VMD introduces a
constrained variational model as shown in Eq. (2):

{umi{gk){zwx[(ﬁ(t) +i/a) s w(olexp <—jwkr>|§}
s.t. Zuk = x(1)

where wy is the center frequency of uy, L is the number of the BIMFs, 0, is
the partial derivative with respect to time, § is the Dirac function, the
symbols |[e|| and * represent the norm and convolution operation
respectively, and x is the original signal.

For solving the variational problem, the quadratic penalty factor «
and the Lagrange multiplier A are introduced to transform Eq. (2) into
the augmented Lagrange equation shown in Eq. (3),

(2
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where, the symbol <e> represents inner product. The parameter a can
reduce the effect of Gaussian noise to ensure the fidelity of signal
reconstruction, and A can enforce strict constraints of the model [14].
The minimization of the L?>-norm of the gradient of Eq. (2) can be
transformed into seeking the saddle point of Eq. (3) using the alternating
direction method of multipliers (ADMM). The problem can be solved in
the frequency domain by using the Plancherel Fourier isometry of the
norm and Hermitian symmetry, i.e. the preset number of BIMF can be
obtained by inputting the currently optimized solution into the ADMM

. . ~ ~n+1 .
algorithm and updating uzﬂ, wfl, and T alternately according to

Egs. (4)-(6) until the termination condition of Eq. (7) is satisfied.
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where ﬁ;ﬂ (w) is the output from Wiener filtering of residual X(w) —
Zle’i#kﬁ?(w), y is the noise tolerance, and e is the convergence termi-
nation condition.
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Fig. 1. Flow chart of quality evaluation of hardwood logs based on IPSO-VMD.

3. Defect recognition based on the IPSO-VMD algorithm
3.1. IPSO-optimized VMD method

Particle swarm optimization (PSO) is a population-intelligent sto-
chastic algorithm proposed by Kennedy and Eberhart inspired by the
foraging behavior of birds [25,26]. Each particle in PSO searches for the
optimal solution to the optimization problem in the search space by
constantly updating the spatial posture (migration speed and position).
PSO algorithm has been widely applied in solving nonlinear problems in
recent years because of its fast and accurate convergence and high ef-
ficiency in solving global optimal solutions.

The decomposition results of VMD highly depend on the preset
number pair (L, @). Improper number pair setting will seriously affect the
accuracy of feature extraction of defect signals and lead to the
misjudgment of hardwood log quality. Therefore, it is particularly
important to introduce a two-dimensional particle swarm to optimize
simultaneously the number pair of VMD. The combination parameter (L,
a) is regarded as a two-dimensional swarm particle, and its initial and
updating velocity and position satisfy the iterative relation of Egs. (8)
and (9) for searching for a better posture, until the optimal solution is

reached.
Dn+l v pn -xnb gn xn
Yl =w NE TS W S I R I IR O el I (8
o v P, X, 84 Xa,
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where w is inertia weight balancing local and global search ability; [; and
Iy are learning factors, which represent a particle self-cognition and
swarm learning ability respectively; r; and r, are random numbers be-
tween 0 and 1. v};, x7; and pJ; is the current velocity, position, local
optimal value of the i-th particle in the n-th iteration respectively; g7; is
the global extreme value of swarm particles in the n-th iteration.

According to Eq. (8), the performance of PSO mainly relies on the
control parameters w, [, and ly. Thus, appropriate number pair config-
uration can accelerate the convergence of the algorithm to achieve the
global optimal value. In the study, an improved PSO (IPSO) algorithm
was proposed to realize a fast optimization process of number pair (L, @)
for VMD by adjusting w as nonlinear decreasing inertia weight as shown
in Eq. (10), I and I, as synchronous learning weights as shown in Eq.
1n.

10

W=Wnax — (Wmax - Wmin)(Z/Tmax)n

ll = 12 = lmax - (lmax - lmin) X t/ Tmax (11)
where Wmax, Wmin, lmax and Lnin are the maximum and minimum inertia
weight and learning factor respectively; t and Tpax are the current and
maximum iteration number respectively; n is the nonlinear adjustment
factor, which ensures the higher accuracy by iterative fine-tuning in the
later period of the search process.

In the procedure of IPSO optimizing the number pair (L, a) of VMD,
selecting the fitness function is critical for the final optimization result.
When the cross-section of a hardwood log is subjected to unit longitu-
dinal impact, the excited vibration signal presents the internal condition

of the log. If a log is in soundness, the response signal is the
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Table 1
Species, physical parameters and defect types of the hardwood logs.

NDT and E International 139 (2023) 102942

Log No. Species Length/(m) Diameter (D)/(cm) MC (%) Defects observed
D} D Average
Dy Ds
1 Black cherry 2.44 45.4 39.1 38.0 38.1 42.2 38.1 48.4 Solid, end crack
2 Red oak 2.54 54.0 53.3 40.6 38.7 53.7 39.7 39.7 Rot, void, crack, hole
3 White oak 2.62 38.6 38.1 38.4 28.6 38.3 33.5 80.8 Void, crack, decay, ring shake (broken into pieces), hole.
4 Red oak 2.49 34.1 25.6 23.2 20.6 29.9 21.9 61.6 Void, decay, crack (broken into pieces)
5 Black cherry 2.62 48.6 43.2 44.3 38.6 45.9 41.4 58.3 Crack, void, decay
6 White oak 2.48 38.1 35.9 33.0 33.0 37.0 33.0 31.3 Void, decay, knots
7 Red oak 2.67 61.9 59.2 51.8 51.4 60.6 51.6 75.9 Void, decay, ring shake
8 Cottonwood 2.60 36.2 35.6 35.7 35.6 35.9 35.6 95.6 Ring shake, decay
9 Red oak 2.53 51.4 45.7 43.5 41.0 48.6 42.2 86.0 Void, decay, hole
10 White oak 2.46 31.0 30.6 26.0 23.8 30.8 24.9 52.5 Void, decay, split,
11 White oak 2.55 55.7 50.8 38.1 37.8 53.3 37.9 77.4 Void, crack
12 White oak 2.34 38.9 35.6 31.1 30.5 37.2 30.8 46.6 Extensive check, rot, decay, end crack
13 Cottonwood 2.44 33.0 31.4 31.4 28.1 32.2 29.8 76.8 Split, surfaces decay, heartwood decay, bow
14 Red oak 2.59 38.4 38.1 35.9 35.6 38.3 35.7 68.8 Void, decay, ring shake, radial crack, knots
15 Red oak 2.64 44.0 39.2 45.5 43.5 41.6 44.5 70.3 Split, internal crack (broken pieces), end crack, void, decay
%Y P and Dg are for the diameters of large end and small end, respectively.
0.6 [ e . SONE] . . . .
superposition of infinite many principal modes with different natural
frequencies according to the vibration theory, and which is non-sparse
041 in the time domain. However, if there exist internal defects in a log,
the response signal will inevitably show strong sparsity properties due to
02F mutation, distortion, or attenuation components induced by the defects.
Some research shows that the signal envelope entropy can correctly
z 0 reveal the sparse characteristics of the signal, that is, the stronger
- sparsity of the signal, the smaller envelope entropy value, and vice versa
'T;:. [7,19]. As a result, the envelope entropy Ej of each BIMF u; decom-
£-02r posed from VMD can be used as the fitness function of IPSO optimizing
VMD, and its definition is shown in Eq. (12)
-04r
N
Eyo =~ piilog(pu)
L0.6F i=1
N 12)
Pri = Qi Z Aii
20.8 L I L L L | ! L L ) i=1
0 0.01 0.02 003 004 005 0.06 0.07 0.08 0.09 0.1
Time /s where py; is the probability density function of u, and N is the length of
@ the signal. ay; is the envelope amplitude of uy processed by Hilbert
transform.
95 The optimal number pair (L, @) of VMD can be acquired by searching
for the minimum mean envelope entropy (MMEE) as shown in Eq. (13).
_ L
20k (Lya)= a.rg(gl}il) E,= 2 Eyx /| L (13)
where E, is the mean envelope entropy (MEE).
151
o
o
E;
g 3.2. Identification of internal defects in hardwood log
10F
The defect identification flowchart based on IPSO-VMD is shown in
Fig. 1. The general steps are as follows.
5 . ..
(1) Set a range of number pair (L, @) of VMD to be optimized and the
initial values of IPSO.
WM (2) Apply VMD to decompose the input defect signal filtered by AR-
0 ‘ . A . _ . .
0 1000 2000 3000 4000 5000 6000 7000 8000 9000 10000 MED. Then E, of all modes is calculated_accordmg to Egs. (12)
Frequency / Hz and (13) and saved as the initial value (" Ep)mi,. Meanwhile the

(b)

Fig. 2. Acoustic response signal of log no.5. (a) Time history of the response
signal filtered by AR-MED method. (b) Frequency spectrum of the
response signal.

number pair (L, ) corresponding to (" Ep)min is also saved as the
initial optimal position of the particle swarm.

Update speeds and positions of the current population particles
according to Egs. (8) and (9), and perform VMD on the signal
again and calculate the Ej,.

@3

—
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Table 2
The initial parameters of IPSO and the ranges of parameter pair (L, a) of VMD.

NDT and E International 139 (2023) 102942

Category Scale of swarm Iteration number Inertia weight/w Learning factors/l Migration velocity/v The ranges of (L, a)
Scal Tinax Wimax Wmin lmax lmin Vimax Vimin Vamax Vamix Linax Limin (max min
Value 100 30 0.9 0.4 21 0.8 50 -50 2 -2 11 2 3000 500

(4) After each iteration, the current_Ep and (_Ep)min are compared.
If E, < (Ep)min, ( Ep)min and number pair (L, o) corresponding to
the (_Ep)min are updated; otherwise, original values remain
unchanged.

(5) Repeat steps (3) to (4) until the end of the iteration, and acquire
the (" Ep)min Of the particle swarm and the optimal number pair (L,
).

(6) Perform VMD with optimal number pair (L, @) on the input signal
to obtain the BIMF containing the local characteristics of the
signal in time-field and frequency-field.

(7) Perform Hilbert transform on each BIMF to obtain its marginal
spectrum. And the effective BIMF was selected by eliminating
BIMF with smaller spectral amplitude to reduce the dimension of
feature parameters for simplifying the difficulty of analysis.
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Fig. 3. The IPSO optimization process for VMD parameters. (a) The distribu-
tion of MEE with different number pair (L, a). (b) Evolution curve of fitness
function MEE during the iteration process.

(8) Calculate the ER of effective BIMF respectively according to Eq.
(14), and establish the acoustic feature parameters of log based
on ER and FB distribution of the modes for identification of in-
ternal defect types and damage degrees of hardwood logs.

E =3 () / Z(Z <uk<i>>2> x 100%

14

4. Materials and methods

Fifteen log samples of four hardwood species were provided by a
local wood-working enterprise in Madison, Wisconsin, USA for this
study. These samples consisted of both sound and unsound logs. The
flawed logs had a wide variety of internal defects deteriorated in
different levels. Upon delivery to the USDA Forest Service, Forest
Products Laboratory, the logs were placed on the ground inside a
building and each log was assigned a log number before testing. Acoustic
impact tests were performed on these samples on the ground in longi-
tudinal and radial directions respectively. The purpose of the longitu-
dinal test was to obtain an acoustic vibration signal collected by a data
acquisition card linked to a laptop for quality detection of logs (sampling
frequency of 20 kHz and sampling length of 2000 points). The stress
wave transmission time measured in the radial direction was applied to
evaluate the physical conditions of each log at various test locations to
select the dissecting locations for further determining the internal de-
fects and distribution in the logs. The measurement started from the
large end 30 cm from the cross-section of each log and stepped in every
30 cm until the whole log was tested. The selection principle of log
samples, measurement of log dimension and moisture content, testing
environment and processes are detailed in Xu et al. [6]. For the conve-
nience of analysis, the log species, physical parameters, and internal
conditions of the logs are listed in Table 1.

5. Results and discussion

The acoustic response signal acquired from a log can be described as
the convolution between the combined signal of harmonic resonance,
defect components, and background noise and the response function of
the transmission path. To accurately extract the characteristics of defect
signals, this study applied the AR-MED method proposed in the litera-
ture [7] to obtain the defect components separated from the acoustic
signal (which is not the focus of this paper and will not repeat here). And
then defect signals were decomposed using the IPSO-VMD for extracting
the feature vectors of effective sub-modes to achieve an accurate
assessment of the internal condition of logs.

5.1. Effective modal selection based on IPSO-VMD and marginal
spectrum

To illustrate the selection process of effective sub-modes, this paper
took the response signal of log no.5 as an example. The time domain
signal and its spectrum of log no.5 are shown in Fig. 2. Although the
global feature parameters of the acoustic signal can reflect the internal
damage conditions of a log to some extent, it is difficult to obtain the
features of log quality distribution through single time- or frequency-
domain analysis. As a result, it is impossible to assess the types and
priorities of internal defects of a log [6,7]. As can be seen from the
spectrum distribution shown in Fig. 2 (b), the signal components are



F. Xu et al.

8r .
7L \ X:2750
Y:7.736
6 -
X:1370
5k Y:3.483
3 X240
ERRRCEE
El
& ]
5L X:4330
Y:1.464 X:5210
Y:1.468

0
0 1000

2000 3000 4000 5000 6000 7000
Frequency / Hz

8000 9000 10000

Fig. 4. Marginal spectrum of all modes from log no.5 signal decomposed by
IPSO-VMD, which was applied for selection of the effect modes preliminarily.

abundant from low to high frequencies, especially the amplitude of the
FB below 3 kHz is significantly higher than those of the other FBs. The
IPSO-VMD method was used to decompose the signal, and the initiali-
zation parameters of the algorithm were listed in Table 2. The initial
values of the number pair (L, a) and the particle migration velocity v are
randomly distributed but need to meet the constraint of extreme values
respectively in Table 2. Fig. 3 (a) is the 2-D mesh of the MMEE search
process for different number pairs (L, a). As shown in the red box in the
figure, the MMEE and the optimal number pair corresponding to MMEE
are (" Ep)min = 4.390 and (L, a)=(6, 2906) respectively, which indicates
the signal can be decomposed into 6 sub-modes and the corresponding
MEE is the smallest. It can be seen from the optimization process in Fig. 3
(a) that the updating speeds of @ and L in the IPSO algorithm are vari-
ational, thus the particle swarm moves toward the direction of MMEE
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with different step sizes of v, and v;. This property highly reduces the
times of repeated cross-iterations and significantly improves the speed
of optimization. In addition, the evolution curve of MME shown in Fig. 3
(b) indicates search process of the optimal value is accelerated obviously
for the introduction of the nonlinear decreasing inertia weight and
synchronous learning factor, and the optimal solution is achieved by
only four iterations.

It is important to select the effective sub-modes from all modes
decomposed by IPSO-VMD for simplifying the analysis. From the signal
analysis theory, it is known the frequency amplitude of a certain point in
the Fourier spectrum only represents the trigonometric component with
this frequency existing in a signal, while the actual components of the
non-stationary signal cannot be accurately expressed. However, Hilbert
marginal spectrum characterizes the cumulative amplitude distribution
of each frequency point in the statistical sense, namely if there exists the
energy of a certain frequency in a signal, it implies the vibration signal
with this frequency must appear. Therefore, the marginal spectrum can
be regarded as a kind of weighted joint distribution of amplitude-
frequency- time, that is, the amplitude of the marginal spectrum can
be used to select the effective modes of a decomposed signal.

The marginal spectrum of the BIMFs u;-ug decomposed by IPSO-VMD
was obtained through the Hilbert transform. As shown in Fig. 4, the
marginal spectrum was closely related to the Fourier spectrum shown in
Fig. 2 (b), but the former eliminated the possible pseudo-harmonic fre-
quency components in the Fourier spectrum. In Fig. 4, the center fre-
quencies of the first five modes were 240 Hz, 1370 Hz, 2750 Hz, 4330
Hz, and 5210 Hz respectively, with corresponding amplitudes of 3.154,
3.483,7.736, 1.464, and 1.468, which were much higher than that of the
sixth mode. The result indicated that the occurrence probability of vi-
bration signals with the above frequencies was much higher than that of
the last one. Therefore, the first five BIMFs could be preliminarily
determined as the effective modes of the signal. The time-domain
waveforms and Fourier spectrums of uj-us were shown in Fig. 5. Obvi-
ously, the signal had been decomposed, and no mode aliasing
phenomenon.

20
10
0
0 5000 10000
20
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0 5000 10000
3 20
=
= 10
L.
< 0 e
0 5000 10000
10
NI
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0 5000 10000
10
: A
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0 5000 10000
Frequency / Hz

Fig. 5. The effective BIMFs sifted by the marginal spectrum and the corresponding frequency spectra.
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Table 3
The corresponding relation between distribution of FBs and type of defects.
Distribution of FBs Type of defects Distribution of FBs Type of defects
(Hz) (Hz)
150-750 Void 1950-2550 Split, crack,
ring shake
750-1350 Rot or severe 2550-2850 End check
decay
1350-1650 Intermediate Above 2850 Solid
decay
1650-1950 Incipient decay

5.2. Extraction of characteristic parameters based on the ER of BIMF

In general, the larger the energy of a sub-mode is, the more signifi-
cant the useful characteristic information it contains. Therefore, the
ratio of the energy of each sub-mode to the total energy of a signal can be
used as a means to further determine the effective mode of the signal.
Considering that the BIMF is a narrowband signal, and referring to the
research results of reference [7], the ER of each sub-mode can be
regarded as the ER of a narrowband signal centered on its marginal

(k) ) (m) (n)
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spectrum and with a bandwidth of 300 Hz. For example, the center
frequency of uz mode is of 2750 Hz, its ER can be considered as that of
the narrowband component with a bandwidth of 2600-2900 Hz to the
total energy of the signal. So, the ERs of u;-us modes of log no.5 could be
acquired according to Eq. (14), which were 34.6%, 24.9%, 32.2%, 3.7%,
and 3.9% respectively. In this paper, 5% of the total energy is taken as
the threshold for selecting the effective modal, that is, if the ER of a
mode is greater than 5%, the mode can be considered as a signal
component caused by material characteristics (such as defects), while if
one less than 5%, the mode be related to noise and ignored. As a result,
for the signal from log no.5, its sub-modes u;-u3 were determined as the
final effective modes, and their ERs were used as the characterization
parameters of type and priority of internal defects in logs.

Xu et al. [7] indicate that the higher the certain sub-band energy is,
the greater the proportion of a material component associating with the
sub-band in a log occupies. Furthermore, some studies show that if the
internal defects of a log are mainly voids or decay, the frequencies of an
acoustic wave propagating in the log are relatively low [27-29], but if
dominant defects in a log are cracks or splits, the acoustic signal contains
much of high-frequency components [30]. Therefore, it is inferred that if
the ER of the low FB of a signal is relatively high, there will be some

Fig. 6. Defects located in the end face and dissected
cross-section of 15 logs. (a) End checks in the log
no.l. (b) Rot, void, crack, etc. in the log no.2. (c)
Void, crack, decay, ring shake, etc. in the log no.3. (d)
Void, decay and crack in the log no.4. (e) Crack, void
and decay in the log no.5. (f) Void and decay in the
log no.6. (g) Void, decay and ring shake in the log
no.7. (h) Ring shake and decay in the log no.8. (i)
Void and decay in the log no.9. (j) Void, decay and
split in the log no.10. (k) Void and crack in the log
no.11. (1) Extensive check, rot, decay and end crack in
the log no.12. (m) Split, surfaces decay and heart-
wood decay in the log no.13. (n) Void, decay, ring
shake and radial crack in the log no.14. (o) Split, in-
ternal crack (broken pieces), end crack, void and
decay in the log no.15.

(0)
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Table 4

Acoustic feature parameters of the response signals and predicted defects of hardwood logs.

Prediction of defect type

Energy ratio in FBs (%)

Log No.

2850-3750 (Hz)

2550- 2850 (Hz)

1950- 2550 (Hz)

750- 1950 (Hz)

150- 750 (Hz)

3450-3750

3150-3450

2850-3150

2250-2550

1950-2250

750-1050  1050-1350  1350-1650  1650-1950

450-750

150-450

Solid but end checks

35.4

38.5

18.6

Incipient decay, rot, void

30.3 18.9

29.1

5.5

14.2

Ring shake, crack, void, rot

35.0

22.2

16.7

21.5
9.9

Rot, incipient decay, crack, void, end checks

Void, end checks, intermediate decay

Void, incipient decay

7.9

185

30.3

32.4

32.2

24.9

34.6

33.1

66.9

Intermediate decay, void, crack

Ring shake, rot

6.6

51.5

40.5

82.2

17.8

Rot, Intermediate decay, void

Rot, void, split
Void, crack
Crack, rot

37.0

43.5

19.4

9.9

45.4

44.8

10

32.0

5.1

6.9

51.0

56.4

43.6

12
13
14
15

Split, intermediate decay
Rot, void, ring shake

87.2
19

12.8

54.9

23.7

Split, crack, void, rot, intermediate decay

42.8

17.8

17.2

20.2
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defects such as voids or decay in a log; On the contrary, if the energy of
the high FB is dominant, cracks, splits or end shakes will appear in the
log. Combined with the analysis of literature [7], the corresponding
relationship between the main defects of a log and FBs of a signal as
shown in Table 3 could be determined.

Given the distribution of FBs and ER of effective modes u;-us, it could
be speculated from Table 3 that there should be some defects such as
void, intermediate decay, and end checks in log no.5, and the void was
the most significant among these defects. Checking the internal condi-
tion of the log (as shown in Fig. 6 (a)), it was found that all three were
the main defects, and the decay was relatively weak among them. The
prediction results were basically consistent with reality. Certainly, other
defects, such as knots, were also found in the log, but they were
significantly smaller and could be ignored compared with the influence
of main defects on log quality. The detection result of log no.5 showed
that the corresponding relationship between the distribution of FBs and
defect types in Table 3 was correct, and ER of each effective mode
basically reflected the damage degree and priority of internal defects.

According to the above method, the distribution of sub-bands and
their ERs of all 15 hardwood logs were extracted and listed in Table 4
along with predicted defects of which the priorities had been sorted
according to the ERs.

5.3. ER-based defect identification of log

The main sub-modes ug-uj; of log no.1 were located in FB of
2550-3450 Hz, with ERs of 18.6%, 38.5%, and 35.4%, respectively.
According to the corresponding relationship in Table 3, there should be
no other defects inside of the log apart from end checks, which was
confirmed by observing the actual sawing condition (Fig. 6 (b)). The sum
of energy of the effective modes of log no.2 accounted for about 98% of
the total signal energy, and energy of 450-750 Hz, 1350-1650 Hz,
1650-1950 Hz, and 1950-2250 Hz accounted for 14.2%, 29.1%, 30.3%,
and 18.9% respectively. In addition, the energy of the mode uy of
750-1050 Hz, although relatively weak compared with other effective
modes, also reached 5.5% of the total energy. It could be deduced from
Table 3 that there existed some defects of decay, crack, and void in the
log and the decay was the most severe one, as evidenced by examining
the sawing results (Fig. 6 (c)). The ERs of effective modes of log no.3
were relatively balanced and ranged from 16.7 to 35.0%, indicating that
there existed multiple defects in the log and which were all significant.
The good consistency between the predicted defects and the actual
dissecting results (Fig. 6 (d)) further proved the validity of the corre-
sponding relationship between FB distribution and defect types in
Table 3. For log no.4, there was a relatively wide FB distribution of
effective modes, ranging from 150 to 2850 Hz, with high ERs. Of which
the mode u; located at 2550-2850 Hz had the lowest ER of 7.9%, and the
highest was us mode situated at 750-1050 Hz, with an ER of 32.4%.The
ER distribution of FBs showed that there would exist a series of obvious
defects, such as void, rot, incipient decay, crack, end check, etc., in the
log. Inspection of the actual cross-sections cut open in the log demon-
strated that these defects were clearly visible (Fig. 6 (e)).

A similar analysis could be made for the remaining logs in Table 4
(defects distribution of the logs were shown in Fig. 6 accordingly), no
more tautology here due to limited space. By comparing Table 4 with
Tables 1 and it could be found that the main defects predicted in most of
the logs were consistent with the actual observation, except for some
minor defects without prediction and a minor difference in the priority
of partial defects. That is, there are 49 defects of all types (including
minor defects) in the 15 logs, 43 of which are major defects. 38 major
defects were successfully identified, with an accuracy of 88.4%. Even for
all of the defects, the prediction accuracy was also about 77.6%. In
addition, the prediction accuracy of the primary and secondary main
defects reached 74.4%. The analysis results further verified the effec-
tiveness of the proposed method in the quality evaluation of hardwood
logs.
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The previous study results on log no.8 should be noted. In previous
research, Xu et al. [6,7] indicated that the log no.8 should be a
high-quality sound wood without defects inferred from the global pa-
rameters of the acoustic signal, but obvious ring shakes and some
moderate or incipient decay were found to exist in the log during the
actual sawing process (Fig. 6 (h)). Examined the distribution of effective
modes of log no.8 listed in Tables 4 and it was evidenced that the FBs of
750-1050 Hz and 2250-2550 Hz and the corresponding ER of 17.8%
and 82.2% accurately predicted the existence of these two defects in the
log, and the primary and secondary of defects was consistent with the
actual detection results. The research results showed that the IPSO-VMD
based method could effectively ascertain internal defects that could not
be detected even by global parameters.

To compare the running speed of the IPSO-VMD method with the
spectral kurtosis method proposed in Ref. [7], both were executed in
MATLAB installed on the same laptop. The computer had an Intel Core
i5-4210u 2.4 G CPU and 4.0 G RAM. It could be observed that the time
consumption of the IPSO-VMD is between 10 and 20 min, with an
average of 16 min. The time consumption mainly depends on the level of
signal decomposition (complexity of signal) and the population size.
Wavelet-based spectral kurtosis method takes much less time, with a
mean time of about 5 min. However, human intervention in the early
stage of the method is neglected, such as the selection of the optimal
wavelet base, which requires rich working experience and consumes a
lot of time. So, the IPSO-VMD is simpler to implement though it is not
dominant in terms of computational speed than the latter.

In short, compared with the spectral kurtosis method, although the
representation of the characteristic components (FBs) of the signal
caused by defects was not as sensitive as the latter, the energies of the
effective sub-modes were more concentrated in certain sub-bands and
easier to identify the types and priorities of major defects. In addition,
compared with the literature [7], expect for the different feature
sub-bands corresponding to voids, the characteristic intervals corre-
sponding to other main defects basically overlapped but were slightly
lower in frequencies, which could be caused by the different interaction
mechanisms between signal characteristic parameters and wood prop-
erties. Taking void as an example, due to a longer path propagating in a
log, the energy attenuation of the acoustic wave was larger, which
resulted in the FBs represented by ERs being lower; while the spectral
kurtosis as the fourth-order statistics reflecting the mutation of signal,
whose values increased inevitably in the high FBs caused by void. As a
result, there must be certain differences in the analysis results when the
two characteristic parameters were used to assess the internal quality of
logs. But if the common features of the two could be integrated, the
prediction accuracy in log quality should be improvable.

6. Conclusions

Due to the variable natural properties and various defect types of
hardwood logs, the acoustic detection signals caused are complicated
and overlapped with the characteristic spectrum, which increases the
difficulty of internal quality assessment of logs. In this study, a signal
feature extraction method based on IPSO-VMD was proposed and a se-
lection means of effective sub-modes was determined. The distribution
of FBs and ERs of modes were extracted as characteristic parameters of
the main defects to realize the evaluation of the internal quality of
hardwood logs.

The research results showed that the VMD could decompose the log
defect signal into a series of sub-modes with sparse properties, and the
effective sub-modes contained the transient characteristics caused by
the main defects. The MMEE related to the sparse features of the sub-
modes as the fitness function of IPSO could realize the fast and effec-
tive search for the optimal number pair (L, @) of VMD, and improve the
adaptation of VMD for the decomposition of non-stationary acoustic
vibration signals.

Hilbert marginal spectrum combined with ER of modes could
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achieve the selection of effective sub-modes decomposed by VMD. And
taking the FBs and ERs of the effective sub-modes as the feature pa-
rameters, the types and the priorities of major defects of logs could be
relatively accurately identified with the accuracy of 88.4% and 77.4%
respectively. The IPSO-VMD based method could effectively identify
internal defects of logs that could not be detected by global parameters
of the acoustic signal.

Although the research results indicated an effective and relatively
accurate means of combining the impact testing technology with the
advanced IPSO-VMD method to predict types and priorities of internal
main defects in the hardwood logs, a production trial with a larger
sample size is need to further validate the effectiveness of the acoustic
parameters. And so, the internal conditions of hardwood logs could be
detected accurately by fusing the multi-parameter features and con-
structing the artificial intelligence recognition system in the future.
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