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Abstract - To help guide the development of multi-sensor machine vision systems for defect detection in lumber, a
fundamental understanding of wood defects is needed. The purpose of this research was to advance the basic

understanding of defects in lumber by describing them in terms of parameters that can be derived from color and
x-ray scanning technologies and to demonstrate how these parameters can be used to differentiate defects in
lumber. Color and x-ray images of intergrown knots, bark pockets, stain/ mineral streak, and clearwood were
collected for red oak (Quercus rubra), Eastern white pine, (Pinus strobus), and sugar maple, (Acer saccharum)

Parameters were measured for each defect class from the images and class differences were tested using analysis
of variance techniques (ANOVA) and Tukey’s pair-wise comparisons with = 0.05. Discriminant classifiers were
then developed to demonstrate that an in-depth knowledge of how defect parameters relate between defect types
could be used to develop the best possible classification methods. Classifiers developed using the knowledge of

defect parameter relationships were found to provide higher classification accuracies for all defects and species
than those which used all parameters and where variable selection procedures had been used.
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1. Introduction

Facing price increases, reduced quality,
and shortages in raw material, the wood products
industry must aggressively explore innovative
processing technologies if they are to survive in an
increasingly complex and competitive
environment. A critical need for improved
processing in the wood products manufacturing
industry is the development of a system that can
efficiently and cost-effectively convert existing
wood raw materials into high-quality products.
The development of new processing technologies
will require a sensing system that can
automatically inspect wood and accurately
pinpoint defects. Such a scanning system would
provide accurate and consistent identification of
the type and location of defects for either removal
or grading purposes. Such a system could also
reduce labor costs, improve yield, and allow for
more intelligent utilization of solid wood
resources.

An automatic defect detection system
would require some type of scanning technology.

Many different sensing methods have been
applied to inspection of wood including optical,
ultrasonic, microwave, nuclear magnetic
resonance, and x-ray sensing [1,2]. While research
on each of these sensing methods has produced
marked results in recent years, commercial
applications based on these methods have not
been able to meet the industry’s expectations.
Accurate and reliable defect detection has been a
challenge mainly due to the lack of knowledge
about the enormous variability in the nature and
condition of the wood materials processed by the
industry, and by limitations of the individual
sensing technologies.

While different types of sensors for
automatic defect detection in wood have been
studied, little work has been done to investigate
the combination of different sensors in one system
[3,4,5]. It has been proposed that a multi-sensor
scanning system will be required to drive new
automation technologies [6]. With the integration
of multiple sensor information, the accuracy of an
automatic defect inspection system can be
substantially improved.
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To help guide the development of multi-
sensory machine vision systems for detecting
defects in lumber a fundamental understanding of
the nature of defects is needed. By understanding
how defects are represented by various sensors,
better detection algorithms can be generated. The
purpose of this research was to advance the basic
understanding of defects in lumber by describing
them in terms of parameters that can be derived
from color and x-ray scanning technologies and to
demonstrate how these parameters can be used to
differentiate defect classes.

2.  Experimental Methods

Color and x-ray images of intergrown
knots, bark pockets, stain and mineral streak, and
clearwood were collected for red oak, (Quercus
rubra), Eastern white pine, (Pinus strobus), and
sugar maple, (Acer saccharum) using equipment
designed at Virginia Tech for multi-sensor
scanning of lumber [7]. The system employs a
color line scan camera and a linear array x-ray
detector. A description of the scanning setup is
presented in Bond [8]. The resolution of color and
x-ray images was 30 pixels per inch across the
width of the board and 16 pixels per inch along
the length of the board. Fifteen to twenty samples
of each defect type were selected and scanned. The
defects scanned were identified in lumber that was
obtained from several furniture manufactures in
the state. Specimens were scanned at an 8%
moisture content. The defects studied were
manually segmented from clearwood regions using
image analysis software. The measures and
notations listed in Table 1 were then quantitatively
measured for each defect type.

Comparisons were made for each
measured parameter between defect types using
analysis of variance techniques (ANOVA) and
Tukey’s pairwise comparisons with α = 0.05. The
purpose of these comparisons was to determine if
the measured parameters had significant
differences between defects. The relationships of
parameters to defect classes were used to select
variables for defect classification. Discriminant
classifiers were then developed and compared to
demonstrate that an in-depth knowledge of how
parameters relate between defect classes could be
used to develop the best possible classification

method. An outline of the methods is presented in
Figure 1.

Table 1. Measurements collected for each defect
and their notation.

Figure 1. Outline of experimental methods.
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3.

3.1

Statistical Comparison of Defect Classes

Single Species

The number of significant differences between
defect classes for each parameter and species are
listed in Table 2. The results of statistical analysis
indicate that red oak will require more
classification variables due to the small number of
significant differences between defect classes for
most of the parameters as shown in Table 2.
Further analysis indicates that the magnitude of
mean differences between defect classes was
smallest for red oak, suggesting that red oak
defect types will be more difficult to classify.
It was predicted that for all species the Rm, Gm,
and Bm parameters would provide good
differentiation between all defect types. Based on
the number of significant differences between
defect classes the Hm and Im parameters should be
included in the classification model for hard maple
and the Sm and Im parameters should be used for
white pine. All species should include the Im as a
classification variable. The color standard
deviation parameters were found to be species
dependent.

Table 2. Number of significant differences between
defect type for each parameter and species.

The Xm and Xs parameters should benefit
all species defect classification methods, but will
provide more benefit in the white pine and hard
maple classifiers. The density difference between
knots and clearwood was found to be greater in
pine than in hardwoods, indicating that density
will provide a better separation variable for pine
than hardwoods.

Shape measures should be included in
defect classifiers. However, both shape measures
provide similar information between defect
classes; therefore, only one will be required.

Based on the number of significant
differences between defects it is suggested that for
all species both color mean and standard deviation
parameters will provide good differentiation
between defect classes. The parameters suggested
for classification are listed in Table 3.

Table 3. Suggested parameters for defect
differentation.

3.2 Multi-Species

Differences between parameters were
shown to exist between species for all defects
except bark pockets. Bark pockets were the only
defect with equal color parameters for all species.

While many defect types had significantly
different parameters between species, hard maple
and white pine were shown to have several similar
color parameters, indicating that species with
greater Im parameter values were more closely
related. Color parameters of defect classes were
normalized based on clearwood parameter values
and compared using ANOVA It was discovered
that the Im parameter of a defect for a particular
species was found to related to the clearwood Im

parameter. This relationship could be used to
develop a multi-species classifier where defect
values are normalized based on the clearwood Im

parameter for each species.
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3.3 Resolution

To determine the affect of resolution on
the relationships of the parameters, two different
spatial resolutions were compared for each defect
class and for all measured parameters. The two
resolutions compared were 30 x 16 pixels per inch
resolution and a 15 x 8 pixels per inch. The
regional parameters of each defect class were then
measured and compared using analysis of variance
techniques. No significant differences (α = 0.05)
were found between the resolutions of regional
parameters in any of the defects or species;
therefore, it is concluded that halving the
resolution for these defects in lumber will not
affect the parameter relationships. It must be
noted that the defect regions measured were
segmented manually to ensure that all measures
were related to the actual defect. This
measurement technique is a limitation for
comparison of resolution. If other segmentation
methods were used, then the boarders of regions
would possibly include non-defect material and
thus change the results. Because resolution was
not found to affect parameter relationships, this
variable will not be discussed in the modeling of
defect parameters.

Once the statistical differences between
defect classes had been determined for all the
measured parameters, this information was used
to develop classification functions. The
classification functions were used to demonstrate
that the parameters chosen were indeed the best
for classification, to determine the contribution of
each parameter in differentiating defect classes, to
model the defects using parameters, and compare
color spaces.

4.  Defect Classification Using Color, Shape,
and Density Parameters

4.1 Single Species

Discriminant classifiers were developed
using forward, backward variable selection
methods, randomly selected variables, and all
possible variable combinations. Discriminant
classifiers were developed and compared for each
color space and species separately. The

discriminant functions developed using
parameters selected using knowledge of the defect
relationships determined using ANOVA
outperformed those developed using randomly
selected parameters, forward and backward
selected parameters, and those which included all
parameters, as shown in Table 4. The increase in
classification accuracy due to the selection of
proper classification variables demonstrates that
having an in-depth knowledge of how parameters
relate between defects allows the best possible
classification functions to be developed.

The knowledge gained about defect
parameter relationships can also be used to
explain classification errors. Stain and mineral
streak proved to be the cause of the majority of
classification errors. The large number of
parameters, which are not significantly different
for stain and other defect classes, explain this
error. Classification results indicate that for
hardwoods, regardless of the colorspace, two color
mean parameters were required for classification.
Shape and density parameters were found to be
poor classification variables when used alone, but
increased the classification accuracy of a multi-
parameter classifier by 5-15% indicating that
multi-sensor information provides the best
classification results.

4.2 Multi-Species

Next, a multi-species classifier was
developed and compared using the same methods
described above. The classifier developed
provided better classification accuracy than
classifiers with all or randomly selected
parameters. The parameters selected for the multi
species classifier were selected based on
significant differences between defect classes. A
multi-species classifier provides the greatest
accuracy when two color mean parameters, one
color standard variation parameter, a shape, and
density parameter are used. When statistically
comparing classification accuracies, single species
classifiers were equal to, or out performed the
multi-species classifier for each species.

4.3 Color Space Comparisons

Discriminant classifiers for each color
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Table 4. RGB and HSI color based classification accuracies where F is the forward method, B is the
backward method, A is all parameters, and S for parameters selected from parameter relationships.

space, developed in the previous section, were classification functions were developed and
compared to determine if the RGB and HSI color compared for each color space using color
spaces provided significantly different parameters only. It was again determined that
classification results. Classification results were there is not significant differences in the
statistically compared and it was found that the classification accuracy of the two color spaces
two color spaces do not provide significantly shown in Table 5.
different classification results. Next, two

Table 5. Classification results between color spaces using color parameters only.

as
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3. Conclusions

The relationships of parameters between
lumber defects were analyzed using statistical
analysis. By characterizing significant differences
between defects, those parameters that could be
used to differentiate defects were selected. Both
standard deviation and mean parameters should be
used in defect differentiation. The parameters
selected for each species were presented in Table
3. No significant differences were found between
the resolutions of regional parameters in any of
the defects; therefore, halving the resolution for
the defects compared does not affect their
parameter variability or relationships.

For different species, the Im of defects
was shown to relate to the Im of clearwood. The
ability to explain classification errors using the
knowledge gained about defect parameters was
demonstrated.

Classifiers developed using the
knowledge of defect parameter relationships were
found to provide higher feature classification
accuracies for all features and species than those
which used all parameters and where variable
selection procedures has been used. This result
suggests that by understanding how defects in
lumber are represented by color, shape, and
density parameters, the best possible classification
can be achieved. For best results classification
methods should include two color mean
parameters, one color standard deviation
parameter, a density parameter, and a shape
parameter. Classification results indicate that for
differentiating between difficult to classify defects
and species color parameters provide improved
classification. As suggested by Conners et al [9],
Maristany et al.[10], two color parameters are
required for the optimal classification accuracy of
defects.

The authors found that combining
parameters collected using multiple sensors
increased the classification accuracy of wood
defects in lumber. While density and shape
parameters proved to be poor classifiers when
used alone, combined with other parameters they
both increase the performance of classifiers
regardless of the species or colorspace. Although
the conclusions are based on manually selected
regions from homogeneous defect classes, the

methods used to develop parameter relationships
in this research can be used to increase the
performance of classification methods for other
defect types, species, and parameters.
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