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hardwood logs. This article (Part 1) focused on exploring the potential of an acoustic impact testing method
coupled with advanced waveform analysis to detect internal decay of hardwood logs and classify logs in terms
of log quality and potential board grade yields. Twenty-one yellow-poplar (Liriodendron tulipifera) logs
obtained from the Central Appalachian region were evaluated for internal soundness using an acoustic impact
testing technique. These logs were then sawn into boards, and the boards were visually graded based on
National Hardwood Lumber Association grading rules. The response signals of the logs from acoustic impact
tests were analyzed through moment analysis and continuous wavelet transform to extract time-domain and
frequency-domain parameters. The results indicated that the acoustic impact test coupled with wavelet analysis
is a viable method to evaluate the internal soundness of hardwood logs. Log acoustic velocity alone was able to
identify the very low-end logs that have the most severe internal rot or other unsound defects but failed to
identify the logs with poor geometry that resulted in very low recovery. Time centroid, damping ratio, and
combined time- and frequency-domain parameters were found effective in predicting log quality in terms of
board grade yields. Log segregation based on time-domain (time centroid and p/T,?) and frequency-domain

(damping ratio and E4/¢%) parameters showed a positive correlation with the board grade yields.

Keywords:
centroid, yellow-poplar.

INTRODUCTION

Internal defects in standing timbers and felled
logs cause the U.S. wood industry millions of
dollars in processing and reprocessing wood to
keep defective portions from being included in
end products. The economic loss caused by
heartwood decay and other internal defects is
most significant for hardwood trees and logs used
to produce high-value appearance-grade prod-
ucts. For example, veneer logs typically cost 1.5-
6 times that of Forest Service factory grade 1
sawlogs (Wiedenbeck et al 2003). Because of the
exceptionally high prices paid for high-quality
logs, undetected defects in hardwood logs can
cause a substantial monetary loss to timber buyers
and wood manufacturers. Early detection of in-
ternal defects in hardwood logs could provide
a significant benefit to the industry by allowing
accurate quality assessment and volume esti-
mates, which would lead to optimal use of the
hardwood resource.

Another important reason for early defect de-
tection in hardwood logs is to remove logs from
the processing stream that have little or no
profitability. This concept is commonly known as
the “break-even log” because processing a log
with quality lower than the break-even log results
in a loss for the company. Ideally, to realize target
profit maximization, logs that give no real fi-
nancial return from processing should be sold to
other processors that can economically process

Acoustic velocity, board grade, damping ratio, impact test, log defects, dynamic MOE, time

these logs into products such as railroad ties,
pallet lumber, pulp, or fuel.

Research in the field of nondestructive testing and
evaluation of wood has resulted in an array of
tools for detecting internal wood defects. Tech-
nologies such as X ray, computed tomography,
and nuclear magnetic resonance offer cross-
sectional images with sufficient detail, but they
are not cost-effective for hardwood mills and are
too slow to be considered suitable for on-line
implementation (Wagner et al 1989; Chang 1992;
Li et al 1996; Guddanti and Chang 1998;
Bhandarkar et al 1999). As an alternative method,
laser scanning has been investigated for detecting
surface defects regarded as degrade defects by
the visual grading rules. In addition, models were
developed to predict internal defects based on
external features (Thomas et al 2006, 2008).
However, a system based entirely on log surface
inspection may incorrectly predict internal qual-
ity. Some defects give the appearance of being
solid or sound and effectively hide an unsound or
rotten area, thereby reducing the accuracy of
predicted internal product quality and value.

Acoustic wave methods use a mechanical impact
to generate low-frequency stress waves that
propagate longitudinally through a log and re-
cord the reverberation of the waves within the
log. At the microstructure level, energy storage
and dissipation properties of a log are con-
trolled by orientation of wood cells and structural
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composition, factors that contribute to stiffness
and strength of wood. Such properties are ob-
servable as frequency of the wave reverberation
and rate of wave attenuation. Research has shown
that log acoustic measures can be used to predict
the stiffness and strength of structural lumber that
would be produced from the log (Aratake et al
1992; Aratake and Arima 1994; Ross et al 1997,
Wang 2013). This research has opened the way
for acoustic technology to be applied in mills for
sorting and grading softwood logs for structural
quality. Commercial acoustic tools are now ac-
cepted in the forest products industry for on-line
quality control (structural lumber and veneer) and
field or in-plant segregation of incoming soft-
wood logs (Harris et al 2002; Carter et al 2005;
Wang et al 2007, 2013; Gaunt 2012; Wang 2013;
Murphy and Cown 2015). However, research on
the use of the acoustic wave method for detecting
internal defects in hardwood logs has been found
to be very limited. In a mill study of assessing the
stress level and potential wood quality of logs
affected by oak decline, Wang et al (2009)
acoustically tested 400 black and scarlet oak
logs using an acoustic resonance tool. Principal
component and canonical correlation analyses
revealed that relationships do exist between log
acoustic measurement and board grade yield, and
between a linear combination of log acoustic
velocity and diameter at breast height and a linear
combination of board defect measurements. But,
no effort has been made to explore new acoustic
features beyond acoustic velocity to assess
hardwood logs in terms of internal defects and
board visual criteria.

Acoustic waves and laser scanning methods
operate under different principles. Each addresses
the weaknesses or inabilities of the other. The
objective of this pilot study was to determine the
technical feasibility of combining acoustic wave
data with high-resolution laser scanning data to
improve the accuracy of defect detection and
quality evaluation in hardwood logs. The results
of this research are reported in two parts. Part 1
(this report) explores the capabilities and limi-
tations of an acoustic impact testing method
coupled with advanced waveform analysis to

293

detect internal defects of hardwood logs and
classify logs in terms of potential board quality
and grade yields. Part 2 will evaluate the effec-
tiveness of using a combined acoustic and laser
scanning system to rank hardwood logs and
further improve the log segregation process.

MATERIALS AND METHODS

A random sample of 15 yellow-poplar (Lir-
iodendron tulipifera) trees were harvested from
a MeadWestVaco (Richmond, VA) leased and
managed forest near Rupert, WV, in the Central
Appalachian region in late January of 2015. Each
tree was bucked to commercial lengths with three
to five logs being cut from each tree, resulting in
a total of 52 logs. Each log was tagged with a tree
number and a log section code (A—butt log;
B—2nd log; C—3rd log; D—4th log; and E—5th
log). All logs were transported to the United States
Department of Agriculture (USDA) Forest Service,
Forestry Sciences Laboratory located in Princeton,
WV. Visual observation showed that these logs
ranged in quality level. Some logs had very ob-
vious rot after bucking, some had deeply grown
wounds with significant encapsulated decay
pockets, and some were very high quality. The logs
were stored outside and exposed to winter weather
for about 1 mo before the acoustic testing.

Acoustic Impact Test

One week before the acoustic impact test, the logs
were moved into the heated laboratory building to
allow the wood to thaw and reach room temper-
ature. Each log was first put on a rack for physical
diagramming of surface defect indicators and high-
resolution laser scanning (detailed procedures are
outlined in Part 2 of this series). Each log was also
weighed using a crane scale (LHS4000a, ADAM
Equipment, Inc., Oxford, CT) by lifting the log up
through a log loader. The crane scale has a capacity
of 2000 kg and is accurate to the nearest 0.5 kg.
Log density was determined based on the gross
weight and the exact volume derived from the 3D
laser scanning data.

Logs were then acoustically tested on the ground
to obtain acoustic parameters for potential
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detection of internal defects. Acoustic impact
tests were conducted in two different ways:
1) using a resonance-based acoustic tool to di-
rectly measure the acoustic velocity of each log
and 2) using a laboratory impact testing system to
obtain and record the response signals from each
log following a mechanical impact. All acoustic
tests were conducted under conditions of 21°C
and 50% relative humidity (RH).

A hand-held resonance acoustic tool (Hitman
HM200, Fiber-gen, Inc., Auckland, New Zealand)
was used to directly measure the acoustic velocity
of each log. Following a hammer impact, the
HM200 tool immediately processes the received
acoustic signals through the Fast Fourier Trans-
form program built into the tool and calculates
log acoustic velocity (V) based on the resonant
frequency and log length:

vV =2f,L/n, )]

where f,, is the nth harmonic frequency (Hz) of the
response signal, L is the full length of a log (m),
and n is the order of harmonic frequency.

To ensure the accuracy of log velocity mea-
surement, three high-confidence (indication of
good signals) velocity values were obtained from
each log. The average velocity value was cal-
culated for each log and used in data analysis.

To collect the response signals from each log, a
sensor probe (Fakopp spike sensor, Fakopp En-
terprise Bt., Agfalva, Hungary) was inserted into
the end grain at the log end (close to the center). The
impact acoustic waves were generated through
a 5.44-kg sledge hammer blow on the opposing
end, and the response signals were recorded through
the data acquisition card (NI 5132) connected to the
laptop, with a sampling frequency of 20 kHz and
a sampling length of 1000 points. Three replicate
signals were obtained from each log.

Sawing and Visual Grading

After acoustic testing, 21 logs were selected and
sawn into 29-mm-thick boards using a portable
sawmill. The reason of not sawing all 52 logs was
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because we only had limited budget at the time of
this study and the time window available for the
sawing process was also limited. This subsample
of logs was systematically selected based on
visual assessment and resonant acoustic testing
results such that they represent the quality range
of the 52 logs. The sawing was performed by an
experienced sawyer who worked to maximize
the yield and value of the lumber with respect
to the National Hardwood Lumber Association
(NHLA) rules (NHLA 2015). The general sawing
strategy was to open the log on the best face and
rotate the log when the face grade of the cant
dropped. Some wood moisture samples were
cut during the sawing process for determining
moisture contents of the logs using the oven-dry
method.

The resulting boards were visually graded
according to NHLA rules (NHLA 2015). The
NHLA rules are based on the size and number of
cuttings (pieces) that can be obtained from
a board when it is cut up and used in the man-
ufacture of a hardwood product. Therefore, each
grade provides a measurable percentage of clear,
defect-free wood. The board grades determined
based on NHLA rules include high grades
(FAS—First and Second, FIF—FAS One Face,
and Select), common grades (No. 1 Common,
No. 2 Common, and No. 3 Common), and below
grade (BG).

Extraction of Acoustic Parameters

In addition to the acoustic velocity directly
measured on each log, physical and acoustic
parameters of the subsample of logs were ob-
tained and evaluated for their potential to predict
the soundness of the logs and grade yields of the
resulting boards. The predicting parameters we
examined included acoustic velocity (V), dynamic
MOE (Ey), time centroid (7,.), and damping ratio
(©), as well as two combined parameters of the
response signals.

The acoustic parameters were extracted based on
the following procedures: 1) compute dynamic
MOE of the logs based on log density and
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measured log velocity; 2) determine time centroid
(T,) of the response signals through first moment
analysis; 3) perform continuous wavelet trans-
form (CWT) of the response signals and compute
the wavelet ridge by maximizing the modulus of
wavelet skeleton at each time instant; 4) compute
instantaneous natural frequency (f;) and damping
ratio ({;) according to the wavelet ridge and
skeleton.

Dynamic MOE (Eg). Modulus of elasticity of
a log is a global property that can be readily
estimated based on the one-dimensional wave
equation:

Eq=pV?, )
where p is gross density of a log (green, at the
time of acoustic testing) and V is the measured log
velocity.

Time centroid (T.). Time centroid, sometimes
referred to as “mean time,” represents the time
when the bulk of the signal is received. Mathe-
matically, 7, is obtained by dividing the first
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moment of the signal by the zeroth moment of the

signal:
N
Zi =1 |Ai | li

Zj'v: 1Al |

where N is the number of time samples, A; is the
amplitude of the ith time step, and ¢; is the time at
the ith time step.

T.= 3)

In general, when a signal is excited and trans-
mitted in a flawless medium, most of its energy is
typically located in the beginning of the signal
waveform. Reflection and mode changes of the
signal often come from the boundaries and ma-
terial flaws, causing skewing of the signal in the
time domain. As a form of the first moment
analysis, time centroid has been widely used to
characterize the damage or deterioration of ma-
terials (Tiitta et al 1998; Bayissa et al 2008).

Damping identification using a wavelet
transform. Damping, often expressed by the
damping ratio, is the dissipation of vibration

Table 1. Dimensional and physical measures of the yellow-poplar logs.
Diameter (cm)

Log no. Length (m) Large end Small end Avg. Weight (kg) Density (kg/m?) Sweep (cm) Debarked volume (m?)
1C 3.47 46.7 43.1 47.3 419.0 685.4 4.1 0.519
2A 3.99 51.2 51.2 49.5 537.1 672.5 3.5 0.682
3A 3.99 59.2 52.0 53.9 827.6 885.7 2.7 0.801
3B 4.63 50.9 50.9 52.8 821.7 783.5 22 0.897
3D 5.00 38.1 35.1 36.4 388.2 729.5 54 0.441
4B 4.48 48.4 47.1 47.6 498.0 610.9 24 0.692
4C 5.12 42.7 39.1 40.7 420.4 614.5 2.1 0.574
4E 4.27 324 324 32.6 167.1 497.1 1.3 0.273
S5A 4.11 48.4 43.1 45.2 548.9 828.8 2.0 0.559
5B 3.38 42.6 41.1 41.7 363.7 767.6 4.3 0.399
5D 3.38 37.9 37.9 37.9 291.0 760.1 53 0.319
SE 4.08 35.8 35.8 35.8 3114 759.8 4.3 0.339
8A 3.81 36.2 345 35.7 286.9 735.4 4.2 0.324

11A 3.60 53.4 51.6 54.0 675.1 785.9 39 0.737
11B 2.90 52.9 529 52.1 643.8 810.1 3.1 0.550
11C 3.47 51.1 46.1 48.2 522.6 800.3 6.3 0.556
12D 5.03 43.4 38.4 40.5 548.4 827.0 4.6 0.556
14B 5.18 59.9 58.5 57.9 1202.6 831.0 2.3 1.246
14C 3.47 46.4 42.7 44.8 459.4 827.4 3.7 0.469
15A 491 44.1 37.5 39.2 474.9 780.3 4.0 0.509
15B 4.42 37.1 37.1 36.8 360.0 740.5 32 0.405
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Table 2. Summary of the acoustic measures of the yellow-poplar logs.*

Log no. V (km/s) Eq4 (GPa) f (Hz) T, (x107%s) L (x107?) pIT? (x10° kg/m® s72) EJ/¢ (x10° GPa)
1C 3.34 7.65 521.7 1.74 3.59 2.26 5.93
2A 3.37 7.65 413.8 1.64 343 2.51 6.52
3A 3.04 8.18 382.2 1.47 3.61 4.10 6.27
3B 3.05 7.29 344.8 1.93 4.25 2.10 4.04
3D 3.27 7.81 331.5 2.08 4.26 1.68 431
4B 3.83 8.98 425.5 1.90 4.12 1.70 5.29
4C 3.78 8.79 372.7 1.88 4.41 1.73 4.51
4E 3.59 6.42 425.5 1.98 3.73 1.26 4.61
5A 3.65 11.05 447.8 1.41 3.16 4.14 11.04
5B 3.88 11.57 576.9 1.44 3.02 3.71 12.71
5D 3.76 10.72 560.8 1.75 3.16 2.50 10.76
S5E 3.67 10.21 458.0 1.57 3.83 3.07 6.95
8A 2.91 6.22 389.6 1.80 3.88 2.27 4.14

11A 3.38 8.98 480.0 1.48 4.17 3.60 5.17
11B 2.93 6.95 560.8 1.21 3.75 5.50 6.08
11C 3.32 8.85 476.2 1.51 4.53 3.49 4.30
12D 3.23 8.64 319.2 2.04 4.27 1.98 4.75
14B 3.30 9.06 317.5 1.69 4.06 291 5.50
14C 2.98 7.35 428.6 1.88 4.14 2.34 4.29
15A 3.63 10.28 387.1 1.53 3.16 3.31 10.27
15B 3.73 10.31 419.6 1.70 4.13 2.54 6.06

2V, acoustic velocity; E4, dynamic modulus of elasticity; f, fundamental frequency; 7, time centroid; {, damping ratio; p, log density.

energy in a material. Damping is an important
factor in characterizing material properties. How-
ever, the determination of damping is complex,
depending on test procedures and data analysis.
In this report, the damping ratio of the response
signal was estimated through CWT. The theo-
retical background of CWT and the procedures
to determine the instantaneous frequency and
damping ratio of the logs through wavelet anal-
ysis are presented in the Appendix. Based on the
wavelet ridge and skeleton computed for each
time instant, instantaneous frequency f; and damp-
ing ratio {; of each log can be derived by solving
the following equation:

dinBi(r) 1 dBi(r) | .
a B@ a )
do(1) |

=2nfy=2mfi/1-§

dr

Flowing signal processing, an average value for
each individual acoustic parameter (dynamic
MOE, time centroid, and damping ratio) was
obtained for each log and used in subsequent data
analysis.

Data Analysis

The research approach we adopted in this study
was a practical one, that is to saw the logs into
boards following acoustic impact test and laser
scanning and use the board grade data as the log
quality indication, which is the case in mill
production. One of the limitations of this ap-
proach is that we were not able to obtain quan-
titative data of actual internal defects on the
boards and logs, thus a linear analysis was not
possible. To evaluate the effectiveness of the
acoustic parameters as quality predictors, we
analyzed the characteristics of each possible
predicting parameter and determined the re-
lationships between the acoustic parameters
(individual and combinations) of the logs and the
grade yield of the boards sawn from the logs. For
this purpose, the 21 yellow-poplar logs were
ranked and segregated into three acoustic classes
(high, medium, and low quality sort) based on the
following sorting parameters: 1) acoustic velocity
(V), 2) time centroid (7;), 3) damping ratio (), 4)
combination of density (p) and time centroid
(T,), and 5) combination of dynamic MOE (Ey)
and damping ratio ({). In general, the class
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thresholds were evenly set across the determined
range of each parameter. However, minor ad-
justments were made when the observed data
showed distinct uneven distribution and also for
rounding the values to even numbers when
necessary. The resulting sample size of each log
class ranged from 5 to 9 logs. It should be
pointed out that the sample size of this study was
considered small, thus the ranges of the acoustic
parameters observed on the sample logs were
limited, and the parameter thresholds presented
in this article for segregating logs are indicative
and preliminary.

RESULTS AND DISCUSSION

Table 1 shows the dimensional and physical
measures of 21 selected yellow-poplar logs. The
logs measured 2.9-5.18 m in length with an av-
erage diameter ranging from 35.7 to 57.9 cm. It is
noted that on some logs, the small end is larger
than the average diameter. In most cases, this is
because of a large knot being present at the end of
the log. In other cases, abnormalities such as

Table 3. Sawing results of the yellow-poplar logs.
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gouges or multiple knots in the center of the log
skew the average diameter.

Table 2 summarizes the acoustic measures of
21 selected yellow-poplar logs. Acoustic impact
testing of the logs took place in early March, 1 mo
after harvesting. The moisture contents of these
wood samples were found to be 45-60%, which
confirmed that the logs were in green condition
(well above the FSP of 30% MC) at the time of
acoustic testing. Therefore, all acoustic parame-
ters discussed in this report are considered green
log parameters.

Table 3 shows the sawing results (board volume,
cant volume, board grade yield, and recovery
rate) of 21 selected logs. A total of 294 boards
were sawn from the sample logs, with the width
ranging from 12 to 41 cm and length ranging from
2.74 to 4.88 m. The board recovery rate ranged
from 26.5% for log SE to 64.6% for log 3A. The
high-grade boards are a combination of FAS,
F1F, and Select grades. The below-grade boards
were also included in the table for the purpose of
log quality analysis.

Volume (m® )

Grade yield (m3) Recovery (%)

Log no. Debarked Board Cant High" 1C 2C 3C BG Total® Board
1C 0.519 0.250 0.081 0.040 0.068 0.099 0.042 0 63.9 48.2
2A 0.682 0.373 0.076 0.326 0.019 0.017 0 0.012 65.8 54.7
3A 0.801 0.517 0.070 0.441 0.045 0 0.012 0.019 73.3 64.6
3B 0.897 0.467 0.083 0.139 0.286 0.014 0.014 0.014 61.3 52.1
3D 0.441 0.156 0.080 0.071 0.038 0.047 0 0 535 353
4B 0.692 0.371 0.090 0.076 0.132 0.097 0.066 0 66.6 53.5
4C 0.574 0.274 0.104 0.054 0.165 0.054 0 0 65.8 47.7
4E 0.273 0.085 0.066 0 0.017 0.028 0.040 0 55.5 31.1
SA 0.559 0.323 0.050 0.304 0.019 0 0 0 66.8 57.8
5B 0.399 0.205 0.059 0.144 0.061 0 0 0 66.4 51.5
5D 0.319 0.085 0.079 0 0.028 0.028 0.028 0 51.4 26.6
SE 0.339 0.090 0.097 0 0.024 0.066 0 0 55.2 26.5
8A 0.324 0.142 0.074 0.090 0.014 0.009 0 0.028 66.5 43.8

11A 0.737 0.378 0.080 0.208 0.135 0.012 0.024 0 62.1 51.3
11B 0.550 0.297 0.073 0.179 0.076 0.042 0 0 67.3 54.0
11C 0.556 0.264 0.140 0.054 0.085 0.109 0.017 0 72.7 47.6
12D 0.556 0.234 0.111 0.012 0.111 0.111 0 0 61.9 42.0
14B 1.246 0.684 0.074 0.453 0.137 0.094 0 0 60.8 54.9
14C 0.469 0.236 0.071 0.045 0.047 0.076 0.068 0 65.5 50.3
15A 0.509 0.231 0.102 0.127 0.035 0.068 0 0 65.5 45.5
15B 0.405 0.201 0.063 0.076 0.092 0.021 0 0.012 65.2 49.5

# High includes grade First and Seconds, FIF, and Select.
b Total, includes boards and cant.
BG, below grade.
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Acoustic Velocity

Acoustic velocity of the 21 selected yellow-
poplar logs ranged from 2.91 to 3.88 km/s,
which matches the velocity range of the 52
logs bucked from the 15 randomly selected trees.
We ranked the 21 selected logs by acoustic ve-
locity in descending order and segregated them
into three groups based on the following velocity
ranges:

Group 1 (G1): 3.60 < V < 3.90 km/s (high-
quality class)

Group 2 (G2): 3.30 < V < 3.60 km/s (medium-
quality class)

Group 3 (G3): 2.90 < V < 3.30 km/s (low-quality
class)

The acoustic velocity class of the logs was then
associated with the board grades determined
based on the NHLA grading rules. Figure 1
shows the distributions of board grade yield in
relation to log acoustic velocity classes. Three log
groups had almost the same volume recovery,

60
50 1

4

o

3

o

[~
o

Board grade yield (%)

-y
o

0

61 :
G2

Og ECOU .

~Velogiq® Class

G3

1 Common 3
n Common 2
1 Common 1
| High grade
| . High grade
| |/"// ’ Common 1
r"// Common2 @
| - 5 &
7 - “ Common 3 o2

WOOD AND FIBER SCIENCE, JULY 2018, V. 50(3)

63.9% for G1, 63.6% for G2, and 64.6% for G3.
Among the boards recovered, three log groups
showed similar grade distribution, highest yield
for the high-grade boards and decreasing yields
for 1 Common, 2 Common, 3 Common, and BG
boards. The log acoustic class did not show
a direct correlation with the board grade yield. In
fact, the medium-velocity logs (G2) yielded the
most high-grade boards (53.1%), and the low-
velocity logs yielded 47.7% high-grade boards,
even higher than the high-velocity logs (43.9%).
In the BG level only, the log acoustic class
showed a positive trend; that is, BG boards in-
creased as log velocity decreased. But, the BG
boards only counted for 0.6-3% among all the
boards. Therefore, acoustic velocity does not
appear to be a meaningful predictor in log group
rating.

In physics, the velocity of stress waves propa-
gating through a log depends on both stiffness and
mass density of the log. The existence of small
defects inside a log may not affect the global
stiffness of the log but could have a significant

= Below grade

y &
o
”~ Below grade A4

G1:360=V<3.90km/s (n=7)
G2: 3.30 £ V< 3.60 kmv/s (n = 6)
G3:290=Vv<330km/s (n=8)

Figure 1.
velocity.

Distribution of yellow-poplar board grade yields in relation to log acoustic classes segregated based on acoustic
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impact on the board grades according to the
hardwood visual grading rules. In addition, it is
understood that longitudinal waves traveling along
the length of a material are not sensitive to the
presence of small sound defects because the waves
can bypass small defects without causing signif-
icant changes in overall propagation path. This
could be a major contributor to the poor correlation
between log velocity class and board grade yield.

Conversely, the presence of significant internal
decay or major structural defects inside a log
could effectively decrease wood density, signifi-
cantly impact wave propagation behavior, and
thus result in abnormally low acoustic velocity
(Wang et al 2009). Based on analysis of log
velocity distribution, five logs (8A, 11B, 14C,
3A, and 3B) were identified as having unusually
low velocities (2.91-3.05 km/s). The sawing re-
sults confirmed that these logs either had internal
rot, incipient decay, or missing wood (logs 3A,
3B, 11B, and 14C) or had other structural defects
that caused a significant downgrade in the sawn
boards (log 8A). Therefore, acoustic velocity was
still effective in identifying logs with severe in-
ternal rot or other unsound defects.

Another important observation was that acoustic
velocity failed to identify two small diameter logs
(5D and 5E) that had a significant amount of
sweep (up to 5.3 cm) and resulted in the lowest
board recovery (26.5%) among the sample logs. It
appeared that wave propagation was not very
sensitive to the longitudinal distortion, at least to
the extent of the sweep or crook observed in the
yellow-poplar sample logs.

Time Centroid

Figure 2 shows the time signals (absolute am-
plitude) and time centroid curves of the response
signals from two yellow-poplar logs, one from
log 5B (considered sound and good quality) and
one from log 12D (considered a low-quality log).
As we examined the time centroid curves (dot
lines) of these two different logs, we found that
the T, of the good quality log (Fig 2a) exhibited
a steep slope in the beginning of the signal,
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Figure 2. Typical time signals and time centroid curves of
response signals received from yellow-poplar logs (a) Log
5B; (b) Log 12D.

indicating a fast energy transmission. Then, the 7
curve became flat at the end of the signal, in-
dicating that the energy gradually dissipated.
However, the low-quality log (Fig 2b) showed
different characteristics in the 7, curve. The slope
of the curve remained almost constant, indicating
that the signal energy was dissipated more
quickly than that of the high-quality log.

The time centroids of the response signals ob-
tained from the 21 selected logs are listed in
Table 2. We ranked the logs by 7. in ascending
order and segregated them into three groups
based on the following evenly divided T, ranges:

Gl: 120 < T, < 1.50 x 1072 s (high-quality
class)

G2:1.50 < T, < 1.80 x 1072 s (medium-quality
class)
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G3: 1.80 < T, < 2.10 x 107* s (low-quality
class)

The lower the T, value is, the greater the energy at
the beginning of the response signal, which then
correlates to better quality with higher grade
yield.

Figure 3 shows the distributions of board grade
yield in relation to log time-centroid classes. A
direct correlation was found between board grade
yield and log time-centroid among the three log
classes. As the log time-centroid increased, the
yield of high-grade boards decreased signifi-
cantly, with a change from 74.2% for G1 to
50.3% for G2 (o« = 0.05) and 21.8% for G3 (ax =
0.01). Meanwhile, the yields of the following
three lower grades (1, 2, and 3 common) in-
creased significantly (o = 0.05). These two op-
posite time-centroid trends reflected distinct
differences between high-quality boards with no
or few defects and common-grade boards with
some defects such as sound knots, unsound knots,
or knot clusters and incipient decay.

80 -
70 +
60

50 |
4

o

3

Board grade yield (%)
o

20
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Damping Ratio

To estimate damping ratio () of the response
signals, a CWT was performed to the time signals
using the Morlet wavelet function. As examples,
Fig 4 shows the response signal of a good quality
log (log 5B) and the corresponding CWT anal-
ysis, and Fig 5 shows the response signal of
a low-quality log (log 12D) and the corre-
sponding CWT analysis. The wavelet modulus
obtained is shown in Figs 4b and 5b (two-
dimensional contour map) and Figs 4c and 5c
(three-dimensional image). The wavelet ridge and
skeleton were subsequently calculated from the
wavelet modulus and are shown in Figs 4b and 5b
as ared line and in Figs 4c and 5c as a black line,
respectively. Figures 4d and 5d show the instan-
taneous frequency, damping ratio, and damping
ratio fitting curve (high-order polynomial fitting).

The instantaneous frequency we obtained was the
instantaneous natural frequency; therefore, the
corresponding damping ratio was the first-order
damping ratio. For log 5B, a high-quality log
proved by sawing results, the intrinsic frequency

= Below grade
inCommon 3
m Common 2
1 Common 1

High grade

|‘ I High grade

Common 1
Common 2 2@
Common 3 ‘bq

-~ Below grade A4

G1:1.20=Te<1.50x 10?% s (n = 5)
G2: 150 Tc<1.80x10%s (n=9)
G3:1.80<Te<2.10x102s(n=7)

Figure 3.
centroid (7).

Distributions of yellow-poplar board grade yield in relation to log acoustic classes segregated based on time
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302

did not show much change within a finite du-
ration of the analyzed signal (sampling points:
300-900), indicating that the reflection and re-
fraction of the acoustic signal that are typically
associated with internal defects in a material did
not occur. Consequently, a frequency conver-
sion phenomenon was not observed. As a result,
the damping ratio estimated from the instanta-
neous frequency did not have much variation. In
the case of log 12D, a low-quality log indicated
by sawing results, variation of the damping ratio
was found prominent as a result of existing in-
ternal defects (decay, sound and unsound knots,
and heavy distortion) revealed by the sawing
results.

Damping ratio increased with the existence of
internal damage because the additional surfaces
created in damage areas increased the dissipation
of the acoustic energy. This increase in damping
ratio can be used as a measure of the extent of
internal defects in a log. Therefore, we classified
the logs into three classes based on the following
damping ratio ranges, which were approximately
evenly divided across the range:

G1:3.00 < ¢ < 3.50 x 10~ (high-quality class)

G2: 3.50 < { < 4.10 x 10~? (medium-quality
class)

G3:4.10 < { < 4.60 x 10~2 (low-quality class)

Figure 6 shows the distribution of board grade
yield in relation to log damping ratio classes. For
the logs in the low damping ratio class G1 (high-
quality sort), the high-grade boards accounted for
about 74.1% and low-grade boards (including 2
common, 3 common, and BG) were only 12.6%.
By contrast, for the logs in the high damping ratio
class G3 (low-quality sort), the high-grade boards
only accounted for 28.5%, a significant decrease
compared with the G1 class; whereas the low-
grade boards increased to 29.3%, a significant
increase compared with the G1 class. Similarly to
time centroid, two opposite trends of board grade
yield in damping ratio classes reflect distinct
differences in the quality of the resulting boards.
As for medium-quality logs, all of their lumber
grade yields were located between that of high-
quality and low-quality logs.

WOOD AND FIBER SCIENCE, JULY 2018, V. 50(3)

Combined Parameter p/T>

Wood density (p) is usually not considered a
factor in hardwood visual grading, but it is rel-
evant in assessing the soundness of hardwood
logs. The existence of any significant internal rot
in a log may effectively decrease the gross density
of the log because of the loss of wood fibers.
Wood density is also interrelated to acoustic wave
propagation based on the one-dimensional wave
theory, in which acoustic velocity is dependent on
MOE and density. In this study, wood density
data of the logs were combined with acoustic
measures for multiparameter analysis.

After examining various possible combinations,
a new parameter, p/Tcz, derived from gross den-
sity of a log and the time centroid of the response
signal, was found to be an effective predictor of
log quality. Figure 7 shows the distribution of
board grade yield in relation to log classes seg-
regated based on the combined parameter p/Tf.
Similarly to time centroid log classification, the
yellow-poplar logs were divided into three classes
according to the following p/T.> ranges:

G1:3.70 < p/T? < 5.50 x 10° kg/m® s~ (high-
quality class)

G2: 240 < p/T? < 3.70 x 10° kg/m® s72
(medium-quality class)

G3: 1.25 < p/T? < 2.40 x 10° kg/m® s~ (low-
quality class)

There was a clear trend of increasing yield of
high-quality boards as log class changed from
low to high values of p/T.%. For the high-quality
log class G1 with p/T2 in the range of 3.70-
5.50 x 10° the amount of high-grade boards
reached almost 80%; whereas 1 Common and 2
Common had about 14.9% and 3.2%, respec-
tively, 3 Common and BG accounted for only
2.3% combined. For the low-quality log class
G3 with p/T? in the range of 1.25-2.40 x 10°,
high-grade boards only accounted for 23.8%,
a significant decrease compared with that of
class G1 (ax = 0.01); 1 Common accounted for
39.7% and the lower grade boards (2 common,
3 common, and BG combined) accounted for
36.5%, a significant increase compared with the
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Figure 6. Distributions of yellow-poplar board grade yield in relation to log acoustic classes segregated based on damping

ratio ().

Gl class (o = 0.01). As for the log class G2 with
medium p/TCZ, the grade yields of the resulting
boards fell between the high and low p/T.
classes.

Combined Parameter E4/¢>

Modulus of elasticity or stiffness of wood is an
important property in machine stress grading of
structural timber. It is also a key property for
determining the quality of laminated veneer
lumber and other engineered wood products.
Although it is not usually measured and moni-
tored in hardwood log sawing process, the
stiffness of a log, as a global parameter, can be
affected by the soundness (decay presence) or
internal structural defects (knots, cracks, grain
distortions, etc.) of a log. In this study, dynamic
MOE (E4) of each log was determined using
acoustic velocity and log gross density. The
parameter E4 was then combined with damping
ratio { to form a new parameter Eg/C* as a quality
predictor.

Figure 8 shows the distribution of board grade
yield in relation to log Ed/2;2 class. Similarly, the
yellow-poplar logs were divided into three
classes according to the following E4/¢* ranges:

Gl: 6.50 < Ey¢* < 12.80 x 10° GPa (high-
quality class)

G2: 4.80 < E4/¢* < 6.50 x 10° GPa (medium-
quality class)

G3: 4.00 < E4/C* < 4.80 x 10°> GPa (low-quality
class)

The data show a clear trend of increasing yield of
high-quality boards as log class changed from
low to high values of Ed/Z;Z. For the high-quality
log class Gl1, high-grade boards reached 69.0%,
whereas 1 Common and 2 Common had 14.3%
and 13.7%, respectively. 3 Common and BG
accounted for only 3.1% combined. For the low-
quality log class G3, high-grade boards only
accounted for 25.0%, a significant decrease
compared with the Gl class (x = 0.05); 1
Common accounted for 41.0% and the lower
grade boards (2 Common, 3 Common, and BG
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combined) accounted for 33.9%, both a signifi-
cant increase compared with the G1 log class. As
for the log class G2 with medium Ey/¢*, grade
yields of the resulting boards fell between the
high and low Ed/C2 classes.

CONCLUSIONS

Acoustic impact test coupled with advanced
waveform analysis was investigated as a new
method for segregating hardwood logs in terms of
internal soundness and potential board grade
yields. The acoustic parameters examined in-
cluded log acoustic velocity, time centroid,
damping ratio, and two combined parameters,
p/T, 2 and Ed/Z;Z. Based on the results obtained
from this study, the following conclusions can be
drawn:

1. Log classes based on acoustic velocity did not
show a clear direct correlation with board
grade yields, but acoustic velocity was able to
identify the very low-end logs that had the
most severe internal rot or other unsound
defects.

2. Acoustic velocity was not sensitive to longi-
tudinal distortion of hardwood logs and
therefore failed to identify logs with signifi-
cant sweep or crook that resulted in very low
board recovery.

3. Log classes based on time-domain (time
centroid and p/T.?) and frequency-domain
(damping ratio and E4/¢*) parameters showed
positive correlations with the board grade
yields. The mechanism of each parameter
associated with various unsound defects of
logs are not yet fully understood, but each
parameter has its strengths and weaknesses.
Given the inherent great variability of internal
defects in hardwood logs, all acoustic pa-
rameters resulting from impact testing should
be considered in defect diagnosis to make an
optimal sorting decision.

4. Because of the small sample size of this study,

the distinction of log classes with the group
thresholds presented in this article is indica-
tive and preliminary. A production trial with
a larger sample size is needed to further
validate the effectiveness of the acoustic
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parameters and to determine practical log
sorting criteria that will result in optimal use
of the hardwood resource.
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APPENDIX: DETERMINATION OF INSTANTANEOUS
FREQUENCY AND DAMPING RATIO BASED ON
CONTINUOUS WAVELET TRANSFORM

CONCEPT OF CONTINUOUS WAVELET TRANSFORM

Wavelet transform (WT) is a localized decom-
position in time-scale (frequency) domain, and its
essence is to represent or approximate a signal by
using a family of basic functions, allowing local
features of the signal to be better represented. The
CWT of a finite energy signal x(¢) € L*(R) can be
defined as follows (Mallat 1999):

:% wa(t)@* (?) a, (1)

where ¢*(-) is the complex conjugate of the basic
wavelet function ¢(-), and a and b are the
translation and scale/dilation parameters, re-
spectively (Grossmann and Morlet 1984; Slavi¢
et al 2003). The wavelet coefficients W[x](a,b) are
normalized by the factor 1/y/a. This normali-
zation ensures that the integral energy given by
each wavelet ¢, ,(+) is independent of the di-
lation a.

Wi (a,b)
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The most common wavelet for analyzing tran-
sient free vibration signals is the Morlet wavelet
(Kronland-Martinet et al 1987; Staszewski 1997).
In this report, the modified Morlet wavelet was
used to estimate the damping ratio of the acoustic
signals. A modified Morlet is defined as

cp(t)Z\/%e

where f;, is the wavelet bandwidth parameter and
f. is wavelet center frequency. The center fre-
quency f. of the Morlet wavelet is approximately
bounded by 2xf. > 5 to fulfill the condition of
admissibility (Kronland-Martinet et al 1987). The
Fourier transform of the Morlet wavelet is

J2mfct e—fz/fb , ()

2 2
¢(af) = e™h 1), 3)

ASYMPTOTIC ANALYSIS

For a certain class of wavelets, referred to as the
analytic wavelets, the analysis procedure can be
much simplified if the signal is the asymptotic
function. The characteristic of an analytic func-
tion f{(¢) is that its Fourier transform values are all
zeros in terms of the negative frequencies, namely

f(®)=0, Yo <0. 4)

A common monochromatic signal can be de-
scribed as a function of an instantaneous am-
plitude A(¢) and a phase ¢(f) as follows (Delprat
et al 1992; Ulker-Kaustell and Karoumi 2011):

x(t) = A(t)cos(d(7))- (5)

The instantaneous angular frequency can be de-
fined as the time derivative of the phase

w(t) =¢(1). (6)

If variation of the amplitude A(#) is much smaller
than that of the phase ¢(?), ie if the following
condition can be met

A(r)

6] > \— ,

(1) )
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then, the signal x(r) is called an asymptotic
signal. In this condition, the associated analytic
signal of x(f) can be approximated by the fol-
lowing form:

Z.(t) =~ A(1)e®. (8)

If the signal is asymptotic and wavelet function is
analytic, the relationship between the CWT of the
real-valued signal x(f) and that of its analytic
signal Z,(f) can be denoted by

Wi(a,b) =3 WZ)@b). O

An approximation of the CWT is proposed
as follows by using Taylor’s formulae around
t = b (Carmona et al 1998; Le and Paultre
2013):

Wita,b) =5 Wiz @ 0)

I PR
2\/aJA(t)J (p(a>dt
z\/TaA(b)ejd’(b)qb* (ap(b)). (10)

WAVELET RIDGE AND SKELETON OF CWT

Assuming that a signal consists of only a fre-
quency component, the maximum modulus of its
CWT is concentrated along a curve in the
time—frequency plane, which is referred to as
wavelet ridge a,.(b). The maximum modulus
corresponding to the points located in the curve is
called wavelet skeleton W[x](a,(b), b). Because
the wavelet used in this study is analytic, a defi-
nition of the wavelet ridge and its skeleton are
given as follows:

"5
Wil (8).b) ~ Y A(B) 3 (o, ()b 1)
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where o, is the angular frequency at which the
modulus of the mother wavelet obtains the local
maximum. Thus, the amplitude of the asymptotic
signal A(b) can be determined by the modulus of
wavelet ridge using the following equation:

(Wh(a () >|

L0 (o (b)(b))|

_ 2AWh(a <>, >\ |
~ Val@ (4, (0)g(b)]

A(b) =

(12)

If a signal x(9) consists of multiple frequency
components, ie x(t Zxk , because of the

linearity property of CWT, its CWT can be pro-
cessed by

Wid(a.6) = W] X0 (@0

k

= ) Wix(a,b).

k

(13)

By appropriately selecting the mother wavelet
parameters, each particular component of x(¢) can
be extracted from the multicomponents and each
modulus of CWT of the point on the ridge is local
maximum in the case.

ESTIMATION OF INSTANTANEOUS FREQUENCY AND
DAMPING RATIO

For a linear n-degree-of-freedom system, when
the kth point of the system is impacted by a unit
impulse force, the response at the ith point can be
represented as

hu (1) z b} e 2militsin(2mfyt),

i=1 Mildi

(14)

where ¢! and &/ are the ith-order modal shape of
the testing point / and k, respectively, m; is the ith-
order modal mass, {; is damping ratio of the ith-
order modal shape, f; is_the ith-order undamped
frequency, and f; =+/1— Cffi is the ith-order
damped frequency.
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To facilitate the expression, the response signal can
be expressed as

)= X, A P disin(2nfyt),

i=1

(15)

didf

is a constant only related to the
m;jqi

testing point and modal order i.

where A; =

When the modified Morlet wavelet transform is
applied to the response function x(f), the fol-
lowing equation can be obtained according to
Eqgs (3), (10), and (15)

b) ~ @ ZA(b)ej‘/’(b){o* (

i=1

ad (b))

n
_ ? N A2 g m et piCtab)
i=1

(16)

where e (@i —£)" is a dilated version of Fourier
transform of the Morlet wavelet. For a fixed
value of the dilatation parameter a = a; = f./f;,
e Th@i—f) wavelet modulus can reach the
maximum (skeleton) on the wavelet ridge. In this
case, the ith-order mode associated with q;
dominates the wavelet transform, whereas all
the other terms contribute nothing to the wavelet
modulus and therefore are negligible. Thus, the
wavelet transform of each separated mode i can
be represented as

Wx|(a;, b) = @Aiefz"ﬁff?bef<2"ﬁf”>. (17)

For an idiomatic expression, we substitute ¢ for
b in Eq (17); thus, the equation can be re-
written as

ai _ g :
Wx](a;, 1) = gAie 2, it oJ(2nfait)

= Bi(1)e/*". (18)
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The instantaneous amplitude B;(¢) and the dInB; (1) 1 dBir)
instantaneous phase ¢, (¢) of the CWT coefficient i B 0 dr = —2nLfi
W(x](a;, ) can be defined as ' . Qo)
_ V4 ot W0il8) o — o [1-C
B,»(t)—TAie . (19) dt fd! fl Cz
(bl(t) = ZTCfd,-l‘

The instantaneous frequency f; and damping ratio
The following equation can be obtained by taking {; of the system can be derived by solving
the derivatives of Eq (19): Eq (20).
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