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Abstract

This paper deals with automated detection and identification of interna defects in hardwood logs
using computed tomography (CT) images. We have developed a system that employs artificial neural
networks to perform tentative classification of logs on a pixel-by-pixel basis. This approach achieves a
high level of classification accuracy for several hardwood species (northern red oak, Quercusrubra, L.,
water oak, Q. nigra, L., yellow poplar, Liriodendron tulipifera, L., and black cherry, Prunus serotina,
Ehrh.), and three common defect types (knots, splits, and decay). Although the results are very
satisfactory statistically, a subjective examination reveals situations that could be refined in a subsequent
post-processing step. We are currently developing a rule-based approach to region refinement to augment
theinitial emphasis on local information. The resulting rules are domain dependent, utilizing information
that depends on region shape and type of defect. For example, splits tend to be long and narrow, and this
knowledge can be used to merge smaller, digoint regions that have tentatively been labeled as splits.
Similarly, image regions that represent knots, decay, and clear wood can be refined by removing small,
spurious points and by smoothing the boundaries of these regions. Mathematical morphology operators
can be used for most of these tasks. This paper provides details concerning the domain-dependent rules
by which morphology operators are chosen, and for merging results from different operations.
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Introduction

The commercia value of hardwood lumber isinversely related to the quantity and sizes of defects
that are present. For this reason, each log should be sawn so that defects are reduced in the resulting
boards. Traditionally, however, saw operators convert logs to boards using only visible cues from log
surfaces. Without complete knowledge of interna defect types and locations, it is not possible to improve
log breakdown significantly.

Computed tomography (CT) scanning has been studied as a means of providing internal defect
information (e.g., Benson-Coopers et al. 1982, Hopkins et al. 1982, Cown and Clement 1983, Taylor et
al. 1984, Burgess 1985, Birkeland and Holoyen 1987, Chang et al. 1989, Wagner et al. 1989, Hodges et
al. 1990, Harless et al. 1991, Occefia 1991, Davis and Wells 1992, Gronlund 1992, Grundberg and
Grénlund 1992, Zhu 1993, Schmoldt 1996). Researchers have employed a variety of methods to detect
and identify defectsin CT images. For example, several studies have shown good results using artificial
neural network (ANN) classifiers (Li et al. 1996, Schmoldt et al. 1997, Schmoldt et al. 2000). However,
the problem is difficult because of the inherently variability of wood, and complete success has not yet
been achieved.

This paper reports work that isin progress to improve the results that are produced by an existing
defect-detection system. Initia classification is performed using local neighborhoods of CT density
values. These serve asinput valuesto an ANN, which assigns alabel (“knot,” “decay,” “split”, “bark,” or
“clear wood") to each pixel in the image. The post-processing module that is described here uses higher-
level, domain-dependent knowledge to refineinitial classification results. There are several motivations
for such an approach. First, theinitial ANN-based classifier depends primarily on information from very
small image neighborhoods, and identifies defects on a pixel-by-pixel basis. It therefore ignores such
information such as defect shape, size, and position within the log. Second, the rule-based post-
processing approach that we describe here can employ fundamentally different types of rules for different
defects, whereas the ANN approach that we useis restricted to asingle topology for all classesthat it can
identify. Finally, in some casesthe ANN classifier yields results that are very good in a statistical sense,
but a subjective evaluation reveals a need for additiona refinement. For example, small spurious defect
regions may have only a small effect on pixel-wise statistical classification accuracy, but are
objectionable to the human observer. In many cases, such regions can be identified and eiminated easily.

The refined system depends heavily on the tools of mathematical morphology for post-processing.
The basics of this are briefly presented in the next section of this paper. Asshown in Figure 1, which
illustrates the overall post-processing approach, different operations are applied to the different defect
types that are detected by the ANN. The next 3 sections of this paper illustrate the application of
morphology operators to the refinement of bark, knot, and split regions, respectively. The last sections
briefly describe the refinement of other region types, and the integration of all post-processing results.

Overview of mathematical mor phology

Mathematical morphology, aso known as image algebra, is the study of shape or form using the
concepts of set theory (Matheron 1975, Serra 1982, Haralick 1987). Mathematical morphology
operations can be used to modify image shapes, reduce noise, and detect features of interest.

In this paper, we consider only binary images and binary morphology. In this case, only two different
pixel values are possible, often called “foreground” and “background” levels. It is possible to represent a
binary image as a set of (row, column) coordinate locations for al of the foreground points. Most
morphology operations involve a structuring element, which is another set of (row, column) pairs. The
structuring element is typically quite small, and its shape has a direct impact on the results.
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Figure 1. Overview of rule-based post-processing approach. An artificial neural network assigns
tentative labels to all wood pixelsin a CT image. Each set of labels can be treated as a separate binary
image, to be processed independently using morphological transformations. The individual results are
merged to produce the final result.

In the following discussion, it will be convenient to use subscript notation to represent the trandlation
of aset:

(A, ={a+x|al A} . €

Two fundamental operations of mathematical morphology are dilation and erosion. Intuitively, these
operations tend to enlarge and reduce (respectively) the sizes of foreground regionsin images. Let set A
represent a binary image, and let B represent a structuring element. A definition of dilation is

AA B={a+b| al Aandbi B} )
and a definition of erosion is
AQB:{xl(B)X i A} . A3)

The successive application of these two operationsis common. The morphologica opening of A by Bis
defined as

A-B=(AQB)A B (4)
and closing is given by

A-B=(AAB)QB. (5)
A few other terms will also be needed later in the paper. The complement of a set can be written as

A ={x| xi A} . (6)

The reflection of B, denoted B, is defined as
éz{x|x=-b,bi B} . )
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The Minkowski difference of two sets A and B is defined as
A\B={x|x1 Aandxi B}=AGBC. 8)

Post-processing bark regions

In order to show how domain-dependent rules can be devel oped and applied, we begin with an
example concerning bark. It iseasy for the ANN to incorrectly label pixels as bark, asits density isvery
similar to that of clear wood. Because bark typically lies on the outside of alog (we ignore the case of
included bark for the present), it is possible to state this smple rule: Retain only those bark regionsin the
image that lie at the outer boundary of thelog. The high-level processing strategy isfirst to determine
which points lie on the outside edge of the log, and then to retain only those bark regions that overlap one
or more boundary points.

Let usfirst consider morphological post-processing operations that can be used to obtain the
boundary. Thisisillustrated in Figure 2. Figure 2a shows an image of ared oak log that has lost most of
its bark, except for the upper right and lower left portions of theimage. A binary log image, in which
(black) foreground points represent the log, is obtained as the union of all labeled images produced by the
ANN (Figure 2b). Thishinary imageisdilated using a3 3 structuring element, and points associated
with Figure 2b are removed from the dilated version. The result is a representation of the log’s boundary,
as shown in Figure 2c, and will be used in subsequent processing. Algebraically, the procedure can be
written as

C=(AAB)\A=(AAB)CA° (9)

where A isthe binary log image, B is the structuring element, and C is the result. Notice that the
structuring element can be expressed formaly asB = {(-1, -1), (-1, 0), (-1, 1), (0, -1), (O, 0), (0, 1),(1, -1),
(1, 0), (1, 1)}. Dilation by this structuring element causes A to be enlarged by one pixel in every
direction.

(@ (b) (©)
Figure 2. Post-processing example for bark. (a) CT image slice of red oak log. (b) Foreground points
associated with thelog. (c) The detected outside boundary of the log.

The next step is to eliminate regions detected by the ANN that do not touch the boundary. Initial bark
regions for thisimage, as labeled by the ANN, are shown in Figure 3a. In this example, several small
regions have been incorrectly labeled as bark, and afairly large region near the top has also been
incorrectly labeled. We first apply morphological opening to theinitial bark region, using the same
structuring element that is used in the extraction of the log's boundary. This removes small “necks’ that
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connect larger regions, smoothes region boundaries, and additionally removes some of the smaller
spurious regions from further consideration. The result is shown in Figure 3b.

To thisimage we apply conditional dilation. Thisis an iterative procedure that retains only those
regions that are designated initially using “marker” points. In our case al foreground pointsin the
boundary image C (Figure 2c) serve as marker points. C is repeatedly dilated using the 3 x 3 structuring
element B that was described earlier, but at every iteration the intermediate result is intersected with the
bark image given in Figure 3b. We designate thisinput bark image as |, , and it serves formally asa

“mask” image for the conditiona dilation. The conditiona dilation can be expressed as
Ibark_ne/v = (C A B)(i) (s: Ibark (10)

where the superscript (i) represents the repetition index. The dilations and intersections continue until no
change occurs; i.e., (CA B)” C lpaik =(CA B)"™ C Ipay. Theresult of thisis shown in Figure 3c.

@ (b) (©)

Figure 3. Continued processing for bark. (a) Bark image. The dark points represent bark, as tentatively
identified by the ANN. (b) The result of morphological opening. (c) The result after removing regions
not on the boundary of the log.

The post-processing steps for bark are summarized in the diagram of Figure 4.

Binay Log Bark Imege
Image
v

Morphologicd
opening to renove
Dil aewith 3 by 3 necks bewen
structuring dement regiors

Maker Image Conditiond dilation
+ toremovebark

\ - — P regionsnot at log

border

Filtered Bark
Imege

Figure 4. Post-processing of bark regions. Relatively simple morphological processing leads to
improved results.
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Post-processing knot regions

Knots are perhaps the most common type of defect in wood. Knots typicaly have a higher density
than surrounding clear wood, and tend to have an rounded shape in images. (Thisisunlike splits,
discussed in the next section, which tend to be long and narrow.) A problem with knots, and more
generaly with all defect detection in hardwoods, is that annual rings often cause misclassifications partly
because of their wide variations in density. In addition, the ANN often classifiesisolated high-density
points as knaots, and these need to be removed. Thisis shown in the example knot image of Figure 5.

¢

@ (b) (©)

Figure 5. The result of morphological post-processing for knots. (a) Tentative knot image, as produced
by the ANN classifier. The misclassifications shown here are perhaps worse than our typical
classification cases, but serve to illustrate the efficacy of the post-processing approach. (b) Removal of
isolated knot pixels. (c) Output produced by majority filtering.

One method of removing isolated pixelsisto use a morphological template-matching process known
asthe hit-or-miss transform. This operation requires specifying 2 different nonoverlapping structuring
elements. One of them, B,, specifies relative positions of foreground points to be matched, and the other,
B,, specifies relative positions of background points to be matched. The two structuring elements must
satisfy B, C B, =/, and the hit-or-miss transform is defined as

AA{B,B,} = (AQB,) G (A°QB,). (11)

Example structuring elements are shown in Figure 6, and the result of applying this transform to the
image of Figure 5ais shown in Figure 5b.

B, B,

Figure 6. Structuring elements for isolated pixel removal. B; is just a single point, and is the “ hit”
structuring element. B, consists of 8 points surrounding the center pixel, and is the “ miss” structuring
element.

The hit-or-miss transform finds isolated points, and we wish to remove them from the image. This
can be done by applying the following morphological operation,

I knot _new =1 knot \ (I knot A {Bl1 BZ}) ’ (12)
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where lnot_new ISthefiltered image, 1, isthe unfiltered image, and B, B, are structuring elements
described above.

The majority algorithm is now used to connect isolated regions in aknot. The majority algorithm
considersthe 9 pixelswithin a3~ 3 neighborhood. Because pixels can have only foreground or
background values, more than half of the 9 pixels must have one of these two values. That value replaces
the value at the center pixel. Thiswas applied to the image in Figure 5b, resulting in Figure 5c¢.

Post-processing split regions

A split isalongitudinal and radial separation of the wood, due to the tearing apart of wood cells.
Wood is distinctly anisotropic, meaning that its principal characteristics are different depending on
direction. Post-processing operations can be selected to take advantage of the narrow, elongated shapes
that are expected of split regions.

The flowchart procedure for thisis given in Figure 7. First, amajority filter is applied (as described
in the previous section) to partially eliminate problems due to annual rings. Next, morphology operations
are employed to extract a skeleton of each region. A skeleton is athinned representation of aregion that
retains information associated with its origina size, orientation, and connectivity. Lantugoul (1980)
showed that the skeleton of a binary image A could be expressed in terms of morphological erosions and
openings. With S(A) denoting the skeleton of A, it can be shown that

K
s(A=Us® (13)
k=0
with
K
A)=| J{(AQke)\[(AQkB)- B} (14)
k=0
where B is a structuring element, (AQKB) indicates k successive erosions of A, i.e.,
(AQKB) =((--(AQB)QB)Q--)QB , (15
and K is the number of steps before A erodesto an empty set:
K = max {k| (AQKB)* A} . (16)

The skeletonization procedure will typicaly produce a thinned image in which some small, spurious
regions remain. We now remove these, eliminating all regions having an area that is smaler than an
empirically chosen threshold.

Because splits are very narrow, they are often difficult to detect in CT images. Because of this, splits
are often detected by the ANN as separate regions that need to be linked. For the case that 2 or more split
regions are present, we now apply alinking step that searches for skeleton endpointsthat liein close
proximity. If the distance is sufficiently small between any two endpoints from different skeletons, then
these two endpoints are joined by a straight line.

It isrelatively smple to find the endpoints of skeletons, using morphological hit-or-miss operations
with the different templates depicted in Figure 8. Each template represents a particular type of endpoint
configuration using different sets, B; and B,, as introduced in equation (11).
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Figure 7. Post-processing procedure for split regions. Because splits are often very narrow, they can be
difficult to detect in CT images.

After linking nearby skeletons, we refine the resulting regions by applying a morphologica pruning
algorithm to remove small, spurious branches. Conceptually, this is accomplished by repeatedly detecting
skeleton endpoints and removing those endpoints. However, if this is performed directly, the main
branches of the skeletons will be shortened as the small spurs are removed. To avoid this problem, we
have adopted a skeleton filtering procedure introduced by Soille (1998). With this technique, spurious
branches are removed without shortening the main branches that represent splits.
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Figure 8. Structuring elements for endpoint detection. Each grid of 9 points represents a pair of
structuring elements. In each case, the dark cells represent the set of foreground pixels (B, in equation
(11)), and the white cells represent the set of background pixels (B,).

An example of split post-processing isillustrated in Figures 9 and 10. The CT image shown in Figure
9 contains arelatively long split. AsFigure 10aillustrates, annual rings can confuse the ANN classifier in
some cases. The mgority-filtering algorithm eliminates most annual rings (Figure 10b), and
skeletonization thins all of the resulting regionsto 1-pixel widths (Figure 10c). Small regions are then
removed (Figure 10d), and the remaining connected components are linked (Figure 10e). Finally, most
spurious branches are removed from the resulting split region, while keeping the main branch unchanged.
In this case, the result is not perfect; aconnected side split (barely visible at the 2 0’ clock position in
Figure 9 and Figure 10a) is eventually eliminated by these post-processing steps. It is a sub-pixel
resolution split that is difficult even for the human eye to detect.
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Figure9. Anoriginal CT image of red oak that contains a prominent split.
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Figure 10. Post-processing of split regions. (a) Split pixels, as tentatively assigned by the ANN. (b) The
result of majority filtering algorithm. (c) Result of skeletonization. (d) Result of spurious object removal.
(e) Result of branch linking. (f) Result of final skeleton filtering.

Post-processing other region types

Clear wood and decay have similar geometric features, but they have very different density and
texture characteristics, which the ANN can accurately distinguish in most cases. However, after
removing spurious pixels and regions from each defect layer, the clear wood layer needs to be expanded
to fill those vacated pixels. We use a hole-filling algorithm implemented using morphological operators.
This algorithm inserts new foreground pixels into the clear wood layer, at points corresponding to the
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surroundings of foreground regions in each defect layer. Because decay defects are so similar to clear
wood, we apply a similar hole-filling algorithm to the decay defect layer.

Merging theresults

After post-processing the individual layers separately (knots, splits, bark, and decay, and clear wood),
we need to combine all separated layersinto afinal image. However, some defect regions will have
grown, causing some regions from different layersto overlap. To resolve those overlaps, we have
developed precedence rules (Table 1) to determine which defect label is retained when a pixd is assigned
different labels by separate post-processing steps. For example, the region-filling algorithm applied to
clear wood will create overlaps with knot regions. Because it isimportant to distinguish knots, we give
those regions preference over clear wood regions. Whenever clear wood overlaps with any defect type,
clear wood surrendersiits pixel label at that specific point. Because splits and decay can appear inside of
knot, they are given precedence over knots whenever an overlap occurs. Included bark has not been
addressed by the current system, so bark assumes the highest precedence.

Table 1. Precedence rulesto resolve pairs of overlapping labels. The unshaded labelsin the table
represent the “ winners’ for cases that two labels (one shaded label from the left, and one shaded 1abel
from the bottom) have been assigned to a single pixel.

Knot Knot

Split Split Split

Decay Decay Knot Split

Bark Bark Bark Bark Bark
Clear Wood | Knot Split Decay

An example of merging the result is shown in Figure 11. Using the origina image given in Figure 2a,
the background is detected and an ANN assigns tentative labels, as shown in Figure 11b. Morphological
post-processing is conducted separately for each labd type. The individual results are combined in Figure
11c. Subjectively, post-processing resultsin a considerable improvement for this example.

@ (b) (©)

Figure 11. Example to illustrate the improvements that can result from post-processing. (a) Original CT
image, repeated from Figure 2a. (b) Initial labels assigned by ANN. (c) Combined result of post-
processing. The split near the center has been enlarged slightly (by morphological dilation) to make it
easier to see.
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Conclusions

Despite our success with ANNSs for defect classification, spurious pixel misclassifications often
remain from initia labeling. A wealth of powerful and effective morphological operators exist that can
be used in combination based on domain-specific rules. These rules aretied to intuitive knowledge
regarding defect manifestations within hardwood logs. Our current results with knots, bark, and split
regions demongtrate impressive visua successes. However, we do not yet have quantitative estimates of
misclassification improvements from post-processing.

The work reported here is one aspect of classification post-processing. We expect that there will be
instances where small regions will remain following morphological post-processing. Other rule bases
will need to be developed to handle those cases. Furthermore, the precedence rulesin Table 1 can be
extended to infer new defect types based on regional features. For example, if aknot pixel overlaps with
adecay pixel, then the region containing those pixels could reasonably be labeled as an unsound knot.
Otherwise, this defect type is not explicitly considered by either the ANN or the current binary
morphology scheme. However, our approach separates post-processing into manageable and less-
complex images that can be extensively manipulated and then combined into a composite representation
of alog'sinternal features. This appears to be an effective and powerful approach to post-processing for
defect detection.
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