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Abstract
A computer vision-based lumber production planning system (CVLPPS) is described. Computer axial tomography (CT or CAT) images of
hardwood logs are analyzed for identi®cation and classi®cation of internal log defects. Individual CT image slices are analyzed for detection
of 2D defects which are correlated across CT image slices in order to establish 3D support and identify true 3D defects. CVLPPS is capable of
3D reconstruction and rendering of the log and its internal defects from the individual CT image slices. It is also capable of simulation and
rendering of key machining operations such as sawing and veneering on the 3D reconstructions of the logs. From the 3D reconstruction of the
log and knowledge of its internal defects, CVLPPS can formulate sawing strategies to optimize the yield and grade of the resulting lumber. A
prototype CVLPPS was developed and tested on CT images of hardwood logs from White Ash, Hard Maple, Red Oak and Black Walnut.
Experimental results showed that CVLPPS could identify and localize a large majority of the internal log defects and thereby result in a 23±
63% gain in value yield recovery when compared to a lumber processing strategy that did not use internal log structure information. Issues
pertaining to the deployment of CVLPPS in a real-time lumber production environment are discussed. It is shown that the various
components of CVLPPS are amenable to parallel and distributed computing, thus making a real-time implementation of CVLPPS practically
feasible. CVLPPS could also be used as a decision aid for lumber production planning and an interactive training tool for novice sawyers and
machinists. q 2002 Elsevier Science B.V. All rights reserved.
Keywords: Lumber production planning; Automated log inspection; Non-destructive evaluation; Non-destructive quality assessment; Automated lumber
grading; Computer tomography

1. Introduction
Internal features of hardwood logs such as knots, cracks,
decay and other anomalies of tree growth determine their
ultimate value. If these defects were known prior to the
sawing of the log, optimized sawing plans could be devised
to achieve greater value from the log. Production of lumber
is essentially a destructive process. With each cut into the
log, new information is divulged on the quality of the wood
inside which often suggests a different and better sawing
pattern. However, since each step in the sawing process is
irreversible, the loss in the value yield has already happened
and cannot be subsequently recti®ed. Hardwood lumber
production has traditionally had a low conversion ef®ciency
of about 35% [31]. Improving the lumber value yield from
hardwood logs has become important to many sawmill
managers as the cost of logs has risen to 80% of total
* Corresponding author. Tel.: 11-706-542-1082; fax: 11-706-542-2966.
E-mail address: suchi@cs.uga.edu (S.M. Bhandarker).

production costs [32]. Existing technologies to increase
lumber volume by external log inspection have reached
the point where little further progress is expected. Even
today's most experienced sawyers cannot glean from an
external inspection of the log, knowledge of its internal
features and their location to any degree of accuracy. It
seems reasonable to assume that future gains in lumber
value yield will be possible only by internal log scanning.
A detailed knowledge of the presence, location, and size
of internal defects prior to the ®rst cut into the log is estimated to lead to potential gains of about 15±18% in lumber
value [47,65]. On a national basis this represents a savings
of $2 billion for the US hardwood lumber industry. Hardwood resources continue to be underutilized in many
regions of the US [64]. Environmental concerns and the
ecological need for maintaining biodiversity in forest
ecosystems underscore the need to utilize as many hardwood species for wood products as possible, thereby reducing the harvesting pressures on a few select species. Forest
products-based economies are also dependent on getting the
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highest-value wood products from a declining forest
resource base. Improving the ef®ciency in converting low
grade logs into high value products would reduce harvesting
pressure on select hardwood species. High-value hardwoods
such as Hard Maple, Black Walnut, White Ash and Red Oak
have the greatest differences in value between the highest
and lowest lumber grades. Improving yields of higher grade
lumber via identi®cation and localization of internal defects
and using this information to determine optimal lumber
processing strategies will signi®cantly increase the value
of these scarce hardwood resources. In summary, optimized
production of lumber from hardwood logs would maximize
the resulting value of hardwood lumber, allow better utilization of hardwood logs, reduce unnecessary wastage and
thus play a signi®cant role in the conservation of valuable
hardwood forest resources in the US and all over the world.
Studies of computer axial tomography (CAT or CT) and
magnetic resonance imaging (MRI) (also known as nuclear
magnetic resonance (NMR) imaging) for internal log
defects [9,14,24,32,48,65] have demonstrated that the CT
and MRI technologies available today can be used successfully to image the internal features of logs. CT scanners
which are essentially solid state (i.e. with a minimum of
moving parts) can scan at rates exceeding 30 slices per
second. Thus, the technical feasibility of scanning logs in
real time is fast approaching reality. However, the computational methods for analyzing the CT images for internal
defects reliably and in real time, and exploiting the knowledge of the internal defects to determine optimal lumber
processing strategies remain a challenging and open
research topic.
In this paper we describe the design and implementation
of a computer vision-based lumber production planning
system (CVLPPS). CVLPPS is based on an earlier system
computer axial tomography-based system (CATALOG) for
the detection and 3D rendering of internal defects in hardwood logs [2±4,18,19]. The capabilities of CATALOG
included:
1. detection, classi®cation and localization of important
internal defects in hardwood logs such as knots, holes,
cracks and moisture pockets,
2. 3D reconstruction and visualization of the hardwood logs
and their internal defects from the cross-sectional CT
image slices.
CVLPPS enhances and extends CATALOG by incorporating algorithms that exploit the knowledge of the 3D structure and locations of the internal defects and the 3D
structure of the hardwood log to determine a set of lumber
processing strategies that would optimize the grade and
yield of the resulting lumber. CVLPPS is also capable of
interactive graphical simulation of typical machining operations such as sawing and veneering on the 3D reconstructed
log model. CVLPPS could be used as a decision support
system for lumber production planning as well as an inter-

active training tool for novice sawyers and machinists
enabling them to practice various lumber production strategies on the computer using virtual logs before working on
real logs.
2. Review of related work
CT and MRI represent potentially viable technologies for
acquiring cross-sectional images of logs. Although MRI is a
more recent innovation, CT technology is rapidly approaching the speed necessary for production use [32]. CT
scanners typically measure X-ray absorption which is then
correlated with material density [40,48]. CT technology,
though traditionally used in biomedical imaging, is
currently also available for industrial uses such as testing
poles and concrete and holds the most promise for adaptation to sawmills.
MRI (or NMR) has been traditionally used to study the
molecular structures of solid-state materials and chemical
compounds. Since MRI is sensitive to moisture content, it is
particularly well suited for detecting internal features of
logs that are characterized by varying moisture content in
the underlying wood [8,9,14]. Chang et al. [8] have shown
that MRI can identify internal log features such as knots,
reaction wood, wetwood, and gum spots. Information about
uneven moisture content distribution was shown to be useful
in identifying potential drying problems. Coates et al. [14]
have shown that the cross-sectional MR images of logs can
give useful information on the moisture content of various
internal wood features. Using a combination of median
®ltering, moment-preserving thresholding and region growing with the conditional dilation method, they were able to
identify major defects such as knots, scar tissue, cracks and
holes and separate them effectively from clearwood. Chang
[9] also evaluated the economic feasibility of fast MRI
systems in hardwood sawmills. It was shown that once
MRI systems could be purchased for less than $1 million,
their use in sawmills would become economically feasible
[9].
Hodges et al. [32] evaluated the economic potential of CT
in hardwood sawmills. For large mills (60 £ 10 3 m 3/yr),
investments in CT scanning systems could be pro®table
even with only moderate increases in lumber value yield
(5±10%), whereas for smaller mills (12 £ 10 3 m 3/yr), such
investments would become pro®table only as increases in
lumber value yield approached 30%. Hailey and Swanson
[30] evaluated CT and MRI techniques and estimated that
the value of solid wood products could increase by up to
15% from the use of imaging techniques to identify internal
defects in logs. Funt and Bryant [24] evaluated a computer
system that automatically interprets CT images to identify
knots, rot, and cracks occurring in logs. It was shown that
although CT technology could greatly improve lumber
grade and quality, it was critical to reduce algorithm execution times, design larger diameter industrial scanners
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capable of withstanding typical sawmill conditions, and
develop software capable of constructing 3D models from
2D scans.
Taylor et al. [61] conducted a feasibility study for locating knots by using industrial photon emission tomography
(PET) (which is a variation of MRI) where the reconstructed
PET images were used to identify internal knots and locate
the log perimeter. Funck [23] developed a detailed machine
vision database for numerous natural and process-induced
surface features of wood relevant to grading and inspection
tasks and also algorithms to detect, locate, and classify these
features. Wagner et al. [65] used ultrafast CT technology to
scan logs at speeds approaching those required in commercial sawmills and veneer plants and demonstrated that internal defects can be identi®ed in images taken in ultrafast
mode. Their computer simulations to evaluate the impact
of internal log defects on the resulting lumber value indicated that the use of CT log scanning should result in higher
lumber value [65].
Conners [12] designed a computer vision system to automatically grade hardwood lumber of locating defects within
precut boards. The board is automatically graded by using
color information to separate clearwood from defects.
Conners [13] also discussed a multisensor machine vision
system that uses a combination of color imaging, X-ray
scanning and laser-based ranging. The X-ray scanner
detected knots and defects such decay and honeycomb
whereas laser-based ranging cameras were used to identify
wanes, splits, checks, and holes. In their automatic lumber
processing system (ALPS), McMillin et al. [41] demonstrated that CT images of southern pine logs could clearly
distinguish between earlywood and latewood zones, pith,
juvenile wood, pitch streaks and knots.
Forrer et al. [21] have designed preprocessing algorithms
termed as sweep-and-mark algorithms to identify defects in
Douglas Fir veneer. The algorithms are based on either
statistical features, morphological (shape) features, or spectral features in the form of color clusters. In an evaluation
study, Forrer et al. [22] compared the performance of three
sweep-and-mark algorithms to identify defects in Douglas
Fir veneer. The study demonstrated that the algorithm that
used statistical features provided the best results for identifying log defects such as loose and tight knots, open holes,
pitch pockets and streaks. In a similar study, Butler et al.
[5,6] investigated a method for detecting veneer defects
based on a dual-threshold algorithm. The use of the secondary threshold improved the overall performance of the algorithm, especially on images containing bark pockets and
streaks and reduced the overall error rate in identifying
both clearwood and defects.
Davis et al. [16], Som et al. [55] and Svalbe et al. [60]
describe their efforts in developing a portable X-ray CT
scanner capable of scanning telephone and utility poles
on-site for internal decay. Grundberg and GroÈnlund [28]
describe their efforts in building a database of log images
and internal defects for Scotch Pine and Norway Spruce.
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Samson [49] developed a geometrical model to describe
knots within logs and on the surface of lumber beams
sawn from those logs. The logs were modeled as perfect
cylinders. The knots were modeled as right elliptical
cones with apices at the pith and axes at arbitrary angles
to the log axis. Samson [50] further developed a mathematical algorithm to describe the effect of knots in the conversion of logs into structural lumber.
More recently, Li et al. [39] and Schmoldt et al. [52,53]
have investigated the use of arti®cial neural networks for
identi®cation and classi®cation of internal defects from CT
images of logs. The pixel gray level value and the gray level
values of its neighboring pixels are fed as inputs to the
neural network. The output of the neural network is the
classi®cation of the pixel as either a defect or a non-defect
pixel. In the former case, the defect pixel is further classi®ed
as belonging to a speci®c defect type such as knot, void, rot,
etc. Both, local 2D and 3D pixel neighborhoods were
considered as inputs to the neural network. The neural
network was shown to have high rate of correct classi®cation with low miss and false alarms rates in both cases with
3D neighborhoods resulting in better performance.
However, since only gray level values are used as inputs,
the neural network is reported to have problems distinguishing between knots and moisture pockets, both of which are
characterized by high gray level values in the CT images.
Occena and Schmoldt [44] describe an interactive
graphics sawing program, GRASP, for modeling various
hardwood processes such as sawing, veneering and edging.
The logs and their internal defects are modeled as closed
polyhedral solids, i.e. a set of concatenated polygonal
surface patches. Schmoldt et al. [51] describe a veneering
simulator for generating and rendering veneer images that
results from performing various types of veneer slicing
operations on the log CT images. Owing to the limited
resolution of the CT images used, the veneer images are
fairly coarse. Moreover, no algorithmic details or run-time
performance ®gures are provided.
Zhu et al. [66] describe a prototype computer vision
system for identi®cation and localization of defects in hardwood logs using CT images. The system identi®es defectlike regions in individual CT images using a multi-threshold
algorithm and connects corresponding regions in adjacent
CT image slices using a generalization of the 8-neighbor
connected component-labeling algorithm. Basic 3D
geometric features of the defects are used in conjunction
with the Dempster±Schafer theory of evidential reasoning
to classify defects. However, statistics on the accuracy and
reliability of defect identi®cation and localization are not
provided in their paper.
Guddanti and Chang [29] describe a software program
topsaw for replicating sawmill sawing using CT images
of full-length hardwood logs. A log was cut into boards at
a local sawmill by letting a sawyer make the sawing decisions. The positions and orientations of the log and the
sawblade during the entire sawing process were recorded
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and then replicated in the topsaw program to produce the same
boards in the computer. The total value of the boards as estimated by the software matched to within 97% of the value
produced at the sawmill. In a related study, Chang et al. [10]
show the maximum lumber value obtained by using the topsaw
program to be about 40% higher than that obtained without any
knowledge of the internal log defects. It should be noted that the
current version of topsaw [29] requires that the sawing decisions be taken by the user (or sawyer) and hence does not automate the sawing decision process. Along similar lines,
Chiorescu and GroÈnlund [11] describe a CT-based simulator
for softwood log sawing. The lumber yield predicted by the
simulator was validated against the actual lumber yield realized
by physical sawing of the softwood logs in a sawmill [11].
The above review covers the most relevant developments
in the use of CT and MRI technologies for internal defect
detection and identi®cation in hardwood logs. The review
paper by Pham and Alcock [46] covers the wider area of
automated visual inspection of logs and lumber and includes
both external scanning using optical sensors and internal
scanning using CT and MRI technologies.
3. Overview of CVLPPS
Fig. 1. Overview of CVLPPS.

The current version CVLPPS has ®ve subsystems distinguished by function as depicted in Fig. 1:
1. preprocessing and segmentation of individual 2D CT
images slices,

Fig. 2. Sample cross-sectional CT images of: (a) White Ash, (b) Red Oak, (c) Black Walnut, and (d) Hard Maple.
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2. detection and classi®cation of internal defects in the individual 2D CT image slices,
3. 3D reconstruction of the internal defects and the internal
structure of the log,
4. simulation of machining operations on the 3D reconstruction of the log,
5. determination of a sawing strategy to optimize lumber
value and yield from the 3D reconstruction of the log.
Subsystems 1±3 are a part of CATALOG and have been
described in reasonable detail in Refs. [2,4]. For the sake of
completeness we present, in this paper, only a brief synopsis
of the design and functionality of subsystems 1±3. Subsystems 4 and 5, on the other hand, are described in greater
detail.
3.1. Preprocessing and segmentation of 2D CT image slices
The CT images of the logs are captured using a Toshiba
TCT 20AX CT scanner with a pixel resolution of 0.75 mm
by 0.75 mm, an intensity resolution of 8 bits per pixel (i.e.
256 gray levels) and an image size of 320 £ 320 pixels.
Thus, a log segment of length 1 m produces 200 images
resulting in a total of 320 £ 320 £ 320 < 19.5 MB of raw
image data. The current version of CVLPPS focuses on four
representative hardwood speciesÐWhite Ash, Red Oak,
Black Walnut and Hard Maple. These species account for
over 80% of the hardwood lumber production in the USA.
Fig. 2 shows sample cross-sectional CT images of logs from
the aforementioned four hardwood species.
The pixel gray level in a CT image represents the X-ray
attenuation coef®cient (which is proportional to the amount
of X-ray energy absorbed) and consequently the average
density (or speci®c gravity) of the material within the 3D
volume representing that pixel. Lower (higher) material
density results in lower (higher) pixel gray level values in
the CT image. The density of the wood within a crosssection of a log of a given species exhibits signi®cant variation depending on the growth ring structure and the presence
of certain characteristic defects within the log. In the
absence of internal defects, the corresponding CT image
slice exhibits gray level variations resulting from the ring
structure, which can be modeled as a series of concentric
ellipses. In the presence of defects, the gray level variations
depend on the defect type(s). The term defect in the lumber
industry refers to any irregularity, imperfection or deviation
from normal wood quality that make the wood unsuitable or
undesirable for a speci®c use. Common defects include
knots, bark pockets and moisture pockets which arise due
irregularities of tree growth, and cracks and decay pockets
which arise due to cutting of the wood or invasion by
foreign organisms. A knot is the portion of a branch that
is embedded in the wood of a tree trunk, and on account of
its high material density is characterized by high gray-level
values and an elliptical cross-section in the CT image. Bark
pockets are a result of small amounts of bark tissue
embedded in the wood of the tree trunk whereas moisture
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pockets are a result of high concentration of water in certain
regions of the tree trunk. Both, bark and moisture pockets
are characterized by high material density and therefore
exhibit high gray-level values in the CT image. Cracks,
holes and decay pockets are characterized by low material
density and hence by gray-level values close to zero in the
CT image.
The gray-level distributions of various log features tend
to be very similar across logs drawn from the same species
[4]. The pixels in a typical CT image of a log cross-section
can be classi®ed into four classes based on gray-level value.
From the lowest to the highest gray-level value they correspond to pixels from: (1) cracks, large voids (holes) and
decay pockets with advanced decay, (2) decay pockets
with early stages of decay and earlywood, (3) latewood,
and (4) knots, bark pockets and moisture pockets. Since
the gray levels of one class could overlap with those of
adjacent classes, the CT image slices are subject to selective
non-linear anisotropic smoothing [45,58] and the resulting
gray-level histogram is subject to multiple thresholding [38]
to enable classi®cation of the pixels into one of the four
aforementioned classes [2,4]. The pixels from the ®rst
class in the smoothed image are intended to correspond to
cracks and holes, and those from the fourth class to knots
and bark/moisture pockets. The pith of a tree is its biological
center although it rarely coincides with the geometric center
of the log cross-sections. The growth rings of the log crosssection are identi®ed and localized using the Canny edge
operator [7]. The Hough transform for circle detection [1] is
used to localize the pith under the assumption that growth
rings form a series of concentric circles with the pith at the
center.
Using a region growing process, 8-connected pixels in the
image belonging to the ®rst class and the fourth class are
grouped into homogeneous and spatially connected regions.
For each region R that satis®es a minimum area criterion,
the following features are computed:
² Region perimeter PR, region area AR and the region
centroid (xR, yR).
² Region slenderness SR which is computed as:
S

Imax 2 Imin
Imax 1 Imin

where Imax and Imin are, respectively, the maximum and
minimum moments of inertia.
² Region orientation u min which is the direction of axis of
least moment of inertia Imin with respect to the x axis. The
value of u max which is the direction of axis of greatest
moment of inertia Imax is given by umax  umin 1 p=2:
The slenderness of the region is used to further classify
the defect-like regions from the ®rst class into crack-like
regions or hole-like regions. The contour of the region is
then simply represented by the convex hull (for knots, holes
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Fig. 5. Branch angle of a knot.

Fig. 3. The ®nally retained detect-like regions with holes and gaps ®lled:
cracks and knots.

and bark/moisture pockets) or a polygon (for a crack). Fig. 3
shows the ®nally retained defect-like regions with holes and
gaps ®lled.
3.2. 3D analysis of defect-like regions
3D defects are reconstructed from the 2D defect-like
regions for the purpose of resolving ambiguities in the
segmentation of 2D CT images. 2D defect-like regions are
discarded if (a) they lack adequate 3D support from neighboring CT image slices, or (b) if the 2D defect-like regions
from successive CT image slices collectively do not satisfy
the 3D parameters of a valid defect. 2D regions from the
defect-like region list are grouped using an iterative clustering procedure with the geometric parameters u min, r and a
(Fig. 4) as features. Each group represents a series of defectlike regions with identical class labels that are spatially

connected across CT image slices. A group that satis®es a
minimum size criterion may be classi®ed as a valid defect if
it satis®es a series of 3D tests.
The branch angle, measured between the log pith axis and
the line passing through the centers of the 2D knot-like
regions in successive CT image slices (Fig. 5), is used to
distinguish a knot from other defects belonging to the fourth
class, such as bark/moisture pockets (Fig. 6(a) and (b)). For
knots, the branch angle was experimentally determined to
be in the range [308, 608], and for bark/moisture pockets, in
the range [08, 158], for all the four hardwood species considered in this paper. For defect groups from the ®rst class, a
3D orientation measurement and the measurement of the
angle between the log pith axis and the line passing through
the region centers in successive CT image slices are used to
determine the validity of the group. The 3D orientation test
for a typical crack shows that the plane containing the major
axes of the crack-like regions in successive CT slices intersects the log pith axis. The line passing through the centers
of crack-like regions in successive CT image slices, on the
other hand, is roughly parallel to the log pith axis making an
angle in the range [08, 108] with the log pith axis (Fig. 6(c))
and with the region shape having a slenderness factor in the
range [0.73, 0.98]. Holes, typically, were found to have a
region slenderness factor in the range [0.00, 0.40]. Thus,
region slenderness is the primary distinguishing feature
between cracks and holes.
The CVLPPS subsystems involved in CT image preprocessing, CT image segmentation, 2D defect identi®cation
and localization and 3D defect reconstruction are summarized in the ¯owchart shown in Fig. 7.
3.3. Experimental validation of internal defect recognition
and localization procedures

Fig. 4. The geometric parameters used to group the defect-like regions.

The aforementioned procedures for defect identi®cation
and localization were subject to comprehensive and rigorous experimental validation [4]. Two log samples each of
White Ash and Black Walnut and three log samples each of
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Fig. 6. (a) A portion of Red Oak shows a knot detected. The branch angle is about 468. (b) A portion of Hard Maple shows a water pocket. The angle between
pith line and region centre line is about 38. (c) A portion of Red Oak shows a crack detected.

Hard Maple and Red Oak were used in the validation process.
The scanned logs were physically cut at cross-sectional locations where the corresponding CT images showed a high incidence of internal defects. The cross-sections of the cut logs
were imaged with an optical scanner with 24-bit color resolu-

tion and spatial resolution of 100 pixels per linear inch. The
defects in the color image were manually identi®ed and delineated and treated as ground truth purpose of validation. The
CT images and the color images were placed in registration for
the purpose of validation.

Fig. 7. Flowchart of the defect detection and classi®cation procedure in CATALOG.
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Fig. 8. 3D rendering of the detected internal defects in a log: (a) without 3D analysis, and (b) with 3D analysis.

The detection rate and false alarm rate were computed
with 2D analysis only and with 2D analysis followed by 3D
analysis for knots, cracks, holes, decay pockets and bark/
moisture pockets. The detection rate is de®ned as the ratio of
the number of true defects detected to the total number of
true defects in the log sample. The false alarm rate is de®ned
as the ratio of the number of false defects detected to the
total number of defects detected (true defects and false
defects) in the log sample. The detection rate and false
alarm rate for knots without 3D analysis averaged 85 and
20%, respectively, over logs of all the four species. With 3D
analysis the detection rate and false alarm rate for knots
averaged 83 and 7%, respectively, over the same logs. For
cracks without 3D analysis the detection rate and false alarm
rate averaged 80 and 23%, respectively, whereas with 3D
analysis the detection rate and false alarm rate averaged 77
and 11%, respectively, over the same set of logs. Thus, the
incorporation of 3D analysis resulted in a drastic reduction
in the false alarm rate at the cost of a very nominal decrease
in the detection rate. The localization accuracy was quanti®ed in terms of the average centroid displacement, average
region orientation difference and average overlap factor for
each defect type. The localization results showed that holes
and cracks are localized with greater accuracy, followed by
knots, decay pockets and moisture/bark pockets [4]. These
results have been extensively tabulated and analyzed in Ref.
[4].
4. 3D visualization and simulation of machining
operations
CVLPPS is capable of 3D reconstruction and visualization
of the scanned logs and simulation and visualization of key
machining operations on logs such as sawing and veneering.
In contrast to other lumber processing simulation systems
[29,44,51] which use approximate log models (such as wireframe models), CVLPPS uses a 3D volumetric log model
generated by the stacking of the data and results derived

from successive CT images. Consequently, the results of
the simulation and visualization algorithms are more realistic.
In spite of the large volume of data that needs to be handled,
the simulation and rendering algorithms are ef®cient enough
that the run times would be considered acceptable in a realtime lumber production environment.
In the current version of CVLPPS, the 3D reconstruction
can be viewed in two modes:
(i) The natural mode where the log is viewed as a solid
entity. This mode allows one to examine the external
features of the log.
(ii) The defect mode where the defects within the log are
viewed as solid entities and the rest of log (including the
growth ring structure) is viewed as a semi-transparent
entity. This viewing mode is used to highlight the internal
3D defects in the log and also view the relative 3D positions of these defects within the log (Fig. 8(a) and (b)).
In both modes, the user can manipulate the log via translation and rotation in a world coordinate reference frame,
via rotation about the log axis and by changing the viewpoint of observation in a world coordinate reference frame
or in the log coordinate reference frame. All the above
operations are modeled as 3D homogeneous coordinate
transforms commonly employed in 3D graphics algorithms
[20].
4.1. Simulation of the sawing operation
A sawn product from a log is modeled as the intersection
volume of the log and all the half-spaces de®ned by the
speci®ed sawing planes. In the interest of run-time ef®ciency, the intersection operation is not performed in 3D
space. Instead the intersection area in each image plane
(xy plane with a constant z value) is computed and the
results are stacked along the z axis to generate the intersection volume (Fig. 9). Since the resolution along the z axis is
much coarser than that along the x and y axes, linear
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Fig. 9. Cutting planes constraining the sawn product.

interpolation along the z axis is performed to improve the
visual quality of the rendered result.
For the sawing operation, the user can specify the positions
and orientations of the sawing planes, the position and orientation of the log and the viewpoint of observation, each either in
a world coordinate reference frame or in the log coordinate
reference frame. Once the log is sawed, the user can view the
cross-section from any viewpoint. The cross-section contains
both, the markings from the growth ring structure as well as the
log defects. Simulation of the sawing operation enables the
user to view the 2D boards that would possibly result from
subjecting the log to a certain sawing scheme. Fig. 10 depicts
the result of a simulated sawing operation on a 3D log reconstruction. Details of the algorithm for simulation of the sawing
operation can be found in Ref. [4].
4.2. Simulation of the veneering operation
CVLPPS is capable of simulating the veneering operation
on the 3D log reconstruction as well as on the 2D boards that
result from the sawing operation. In the former case, the
rotary-peeled veneering technique is used where the wood
is shaved off the cylindrical surface of the log using a rotary
lathe machine. In the latter case, the wood is shaved off the
board surface using a slicing machine. Fig. 11 depicts both
these veneering operations. From a mathematical modeling

standpoint, the sliced veneering technique is very similar to
the sawing technique discussed previously. Hence, we
discuss the rotary-peeled veneering technique in greater
detail.
The input parameters for the stimulated rotary-peeled
veneering operation are: the number of consecutive CT
images n, the z coordinates of the ®rst and last CT image
slice denoted by z1 and z2, respectively, the rotation axis
speci®ed by two points P1  x1 ; y1 ; z1  and P2 
x2 ; y2 ; z2 ; the veneer thickness t, and the diameter of the
inner core Dmin (Fig. 12(a) and (b)). From the log crosssectional boundary computed for each CT image slice and
the speci®ed rotation axis, the maximum diameter Dmax of
the veneering cylinder can be computed (Fig. 12(b)).
Given the CT image coordinate system (x, y, z), a veneer
coordinate system denoted by (xv, yv, zv) is created with its
origin at P1  x1 ; y1 ; z1  and zv axis in the direction P1P2.
The transformation between the CT image coordinate
system and the veneer coordinate system is given by
xv ; yv ; zv ; 1T  Ry aRx uTv x; y; z; 1T
where
2 x2 2 x1 
a  arctan p
z2 2 z1 2 1 y2 2 y1 2


y2 2 y1
z2 2 z1

u  arctan
2

cos a
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6
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2

Fig. 10. Result of a simulated sawing operation.
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where ds  R da  r 2 a=2ptda is the incremental arc
length (Fig. 13(b)).
Let m  Dmax 2 Dmin =2t be the total number of rotations that the log can have with veneer thickness t. Let Si 
2p Dmax =2 2 i 2 1t 2 t=2 be the length of the veneer
generated by the ith rotation. The total veneer length L is
given by:


m
m 
X
X
D
t
L
Si 
2p max 2 i 2 1t 2
2
2
i1
i1
 pm Dmax 2 tm 

p Dmax 2 Dmin  Dmax 1 Dmin 
4t

The simulation of the rotary-peeled veneering operation
maps the intersection of a rotary cylinder of radius r and a
CT image onto a trace line in the veneer image. The algorithm for the simulation of the rotary-peeled veneering
operation is given below.
Algorithm for simulation of rotary-peeled veneering
operation
Fig. 11. Veneering operations using rotary-peeling and slicing.
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Fig. 13(a) shows a trace line for one complete rotation of
the rotary-peeled veneer with initial radius r and an ending
radius of (r 2 t). The length S of the resulting veneer is
given by:
S

I

ds 

Z2p 
0




a
t
t da  2p r 2
r2
2
2p

(1) For 0 , zv # zc (where zc is the width of the veneer
cut) in steps of 1 do
(a) For (Dmax/2) $ r $ (Dmin/2) in steps of t do
(i) For 0 , a # 2p in steps of 1/r do
(A) Compute xv  r 2 a=2ptcos a
(B) Compute yv  r 2 a=2ptsin a
21
21
(C) Compute x; y; z; 1T  T21
v Rx uRy axv ; yv ;
T
zv ; 1
(D) Determine the gray level g from the CT image
(x, y, z). Use linear interpolation from neighboring
pixels in the CT image and from pixels in successive
CT slices if necessary.
(E) Iv szv   g where Iv is the veneer image and s
is the arc length given by s  r a 2 a2 =4pt
(2) Display the veneer image Iv[s][zv]. To improve visual
quality of the veneer image, supersample it using linear
interpolation.
Fig. 14 depicts a veneer image generated from a simulated rotary-peeled veneering operation on a 3D log reconstruction.

Fig. 12. Parameters for simulation of the rotary-peeled veneering operation: (a) veneer coordinate system, and (b) rotary peeling parameters.
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Fig. 13. Computation of the length of a veneer trace: (a) change of radius during one rotation, and (b) Computation of the arc length.

5. Optimal sawing strategy determination
Once the 3D log information (i.e. the 3D geometry of the
log and its internal defects) is obtained via image analysis,
the next problem that needs to be tackled is that of optimal
sawing strategy selection. Fig. 15 depicts our vision of a
futuristic sawmill where a log is scanned for identi®cation
and localization of internal defects using CT or MRI. The
resulting images are analyzed for identi®cation and localization of internal defects as previously discussed. The 3D
log reconstruction, the knowledge of the internal defects and
other relevant constraints are input to a lumber production
strategy selection system that determines the lumber processing strategy that would optimize the grade and yield of the
resulting lumber given certain lumber size constraints. The
lumber processing strategy is input to the appropriate
machine(s) that would produce the actual lumber. As is
evident, such a system would involve:
1. Development of fast and reliable CT or MR scanners
capable of withstanding typical sawmill conditions
while producing images of the desired resolution,
2. Development of robust algorithms for image analysis, 3D
reconstruction and simulation of lumber processing
operations in real time,
3. Development of algorithms for optimal lumber production strategy determination in real time,
4. Development of machines capable of implementing the
optimal lumber production strategies determined in (3).
In the design of CVLPPS we have concerned ourselves with

Fig. 14. Veneer image generated from a simulated rotary-peeled veneering
operation.

items (2) and (3) above; items (1) and (4) though very
important in their own right, are beyond the current scope
this paper. Since item (2) has been discussed in previous
sections of this paper and also in Ref. [4], the following
subsections are devoted to the discussion of item (3).
5.1. System overview
The overall architecture of the system for optimal lumber
processing strategy determination is shown in Fig. 16. The
Sawing Decision Maker (SDM) is the key module which
interacts with all the other modules in the system. The roles
of the various components are described below:
Log Generator. The input to the Log Generator is the
stack of CT image slices from the scanner and the output
is a 3D log model which characterizes the external 3D shape
parameters such as the cross-sectional circularity, taper,
sweep and size of the hardwood log.
Defect Generator. The input to the Defect Generator is
the stack of CT image slices from the scanner and the output
is a set of 3D geometric models that capture the size and 3D
shape of various defect types.
The Log Generator and the Defect Generator for important defect types such as holes, cracks, knots and bark/
moisture pockets, were developed as part of the CATALOG
system [4] and have been discussed in Section 3.
Sawing Method Selector. The role of the Sawing Method
Selector is to select a sawing or veneer generation strategy
from various possibilities depending on the machines
involved in the lumber production process. Sawing methods
are classi®ed based on the relationships of the sawing planes
with respect to each other and the permitted sequence of
angular values for rotation of the log during the sawing
operation. For example, in the case of the live sawing
method (Fig. 17(a)), all the sawing planes are parallel to
each other and the permitted sequence of angular values
for rotation of the log are {08, 1808}. In the case of the
cant sawing method (Fig. 17(b)), the sawing planes are
parallel to each other and the permitted sequence of angular
values for rotation of the log are {08, 1808, 908}. In the case
of the grading sawing method (Fig. 17(c)), the sawing
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Fig. 15. Future lumber manufacturing process.

planes are parallel to each other and the permitted
sequence of angular values for rotation of the log are
{08, 908, 908, 908}. In all of these sawing methods, the
®rst cut into the log results in a slab (Fig. 18(a). Each
of the subsequent cuts result in a ¯itch (Fig. 18(a)). The
¯itch is edged by an edger saw to produce a board (Fig.
18(b)). The saw kerf refers to the width of the cut made
by the saw teeth and also accounts for the precession of
the saw blade about the axis of rotation which is
perpendicular to the sawing plane (Fig. 18(a)).
Product Editor. The role of the Product Editor is to determine the product mix needed by a manufacturer. The
product mix includes the species, sizes, grades and volume
of the desired lumber. The SDM uses the speci®ed product
mix along with other information to determine the best

combination of lumber products to be derived from a
given log.
Lumber Price Editor. The Lumber Price Editor is essentially a look-up table containing prices for various lumber
products with provisions for user updates.
Some of the capabilities of the Product Editor and
Lumber Price Editor exist within automated visual inspection systems such as ALPS developed at West Virginia
University [35] and the one developed at Virginia Tech
[37]. However, these systems focus on the cutting of boards
from sawn lumber using optical sensing. Since we are
concerned with the generation of lumber from logs, these
pre-existing capabilities had to be suitably modi®ed for
CVLPPS.
Grader. The role of the Grader module is to automatically

Fig. 16. Components of a system for optimal lumber production strategy determination.
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Fig. 17. Sawing patterns for: (a) live sawing, (b) cant sawing, and (c)
grading sawing.

grade the lumber product using pre-speci®ed grading rules.
The grade of the lumber product is used to determine its
price or value in conformity with the National Hardwood
Lumber Association (NHLA) guidelines [43]. There exist
automated grading systems such as UGRS developed at
West Virginia University [42] and its predecessors HaLT
[33], HaLT2 [34], ReGS [26], TRSys [36] and HaRem [54].
UGRS and its predecessors are primarily concerned with the
automatic grading of sawn boards, taking into account their
surface defects, in conformity with the NHLA guidelines
[43]. The surface defects are encoded by their bounding
rectangles or bounding polygons which are input either
manually or via computer analysis of the board surface
image acquired by an optical sensor. The Grader module
in CVLPPS is modeled along the UGRS system with appropriate modi®cations to the UGRS rulebase to account for the
discrepancies between the defects as they appear on the
surface of the actually sawn lumber and the virtually sawn
lumber from the 3D log reconstruction generated from the
CT image slices.
Other Variables Editor. The Other Variables Editor
allows inclusion of other factors such as kerf, sawing variation and other relevant physical conditions of the log.
Graphics Simulator. The goal of the Graphics Simulator
is to enable the visualization of the results of a lumber
processing strategy on the virtual 3D logs. The Graphics
Simulator allows the user to interact with the SDM in
order to steer it towards a desirable solution and also permits
the proposed system to be used as an interactive training
tool for novice sawyers. The visualization algorithms under-

lying the Graphics Simulator have been discussed in
Section 4.
Machine Controller. The goal of the Machine Controller
is to convert the lumber production strategy determined by
the SDM into control signals for the sawing machines in the
sawmill. This module has not been developed as a part of
CVLPPS but is included for future integration with a
machine control unit in a typical sawmill.
Reporter. The goal of the Reporter is to produce a text
report describing the result of the chosen lumber processing
strategy. The report includes information on the logs used
(size, species, volume, grade, etc.) and the lumber output
(size, grade, value, etc.).
Sawing Decision Marker. The SDM is the most important
module within CVLPPS. The primary role of the SDM is to
determine and present to the user a sawing strategy (or a set
of sawing strategies) capable of producing lumber with the
optimal or near-optimal value, given the 3D log data (from
the Log Generator), 3D internal defect data (from the Defect
Generator), lumber mix (from the Product Editor), lumber
pricing data (from the Lumber Price Editor), sawing method
(from the Sawing Method Selector), grading rules (from the
Grader) and other relevant variables (from the Other Variables Editor). The SDM entails algorithms for constrained
optimization and 3D computational geometry. In this paper,
we present a solution for optimal sawing strategy selection
under the assumption that the live sawing method is used to
cut the log. As already mentioned, in live sawing the sawing
planes are parallel to each other and angular rotations of the
log are restricted to 08 (no rotation) or 1808 (complete ¯ip).
Live sawing is one of the sawing methods used in hardwood
sawmilling. Fig. 19 depicts the convention for the numbering of the sawing planes with and without rotation of the log.
5.2. Lumber value determination
In practice, the value of a piece of lumber is determined
by its species group, its grade, its size (width, thickness and
length) and by market demand. Hardwood lumber grades
are a function of the number, type and size of defects
appearing on the lumber surfaces and are determined
according to the NHLA rules [43]. Thus, the value v of a
piece of lumber, is obtained using the following formula:
v  VPs Pg Pw Pt Pl

Fig. 18. Log breakdown.
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where V is the lumber volume, Ps is the base price for unit
volume of a certain species group lumber, Pg is the price
factor related to a certain lumber grade, and Pw, Pt, and Pl
are price factors related to lumber width, lumber thickness
and lumber length, respectively. The market demand for a
particular hardwood species is encapsulated in the factor Ps.
If the market demand for a particular species is high then its
Ps factor is assigned a high value to re¯ect this fact. Similarly, if a particular lumber size is in great demand, its Pw,
Pt, and Pl price factors are assigned high values. Also, if one
has to produce lumber in response to a special order with a
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Fig. 19. (a) Live sawing with parallel planes. Sawing without log rotation is indicated by numbers at the bottom and sawing with log rotated by 1808 after cut
#4 is indicated by sawing plane numbers at the top, (b) Cutting range determination.

speci®ed lumber size, then one could assign higher values to
the corresponding Pw, Pt and Pl factors so that the optimization
process is steered towards production of the ordered lumber. In
practice, proper assignment of numerical values to the various
price factors may not be easy. In some cases, a more complex
model for lumber value determination may be necessary. Our
basic assumption is that it is possible to determine the monetary value of a given piece of lumber given its species, size and
grade. The optimization process is independent of the model
used for lumber value determination. Of the above pricing
factors, Pg is the one that is truly data dependent, i.e. dependent
on the internal and external characteristics of the log. The other
pricing factors are determined by external conditions and need
to be speci®ed by the user.
5.3. Formulation of the problem
In this paper, the optimal sawing strategy selection
problem is formulated in the context of the live sawing
method (Fig. 19). For simpli®cation, the log is modeled as
a truncated right cone or a frustum of a right cone. Lumber
derived from the larger cross-section, which is shorter than
the total log length, is not considered in the optimization
process. Some variables used in the section are de®ned
below:
² T  {T1 ; T2 ; ¼; Tt } is a ®nite set of lumber thickness
values in mm,
² tmin is the minimum of the elements in T,
² W  {W1 ; W2 ; ¼; Ww } is a ®nite set of lumber width
values in mm,
² wmin is the minimum of the elements in W,
² c is the sawing plane step size or resolution in mm,
² K is a constant which denotes the kerf of the sawing
planes in mm,
² CR is the cutting range in mm,
² N  bCR=cc is the total number of cutting planes within
the cutting range.

We assume that the lumber thickness values T1 ; T2 ; ¼; Tt
(in mm) and c (in mm) are integers. In most practical cases
uTu # 10.
5.3.1. Cutting range determination
Each log has a cutting range in which a cut generates a
valid piece of lumber with the same length as the log and
width $wmin. Since the boundary of the small end of the log
is known, it is trivial to obtain the cutting range CR for a
®xed saw orientation using a simple scanning operation.
Any two sawing planes within this range will produce a
valid piece of lumber with a speci®ed thickness. To simplify
the computation, it is assumed that the possible sawing
plane locations are discretized in steps of c mm (Fig.
19(b)). The value of c is an integer and a realistic value
for c is 1 mm. Then N  bCR=cc represents the number of
possible cutting planes within the cutting range CR. The
possible cutting planes are enumerated as 1; 2; ¼; N:
From Fig. 19(b) it is obvious that the ®rst cutting plane
must be one of cutting planes between 1 and dtmin =ce; because
the ®rst cutting plane on the left side of cutting plane 1,
would produce an invalid piece of lumber (thus wasting
wood) and one on the right side of cutting plane dtmin =ce;
would cause a lumber piece with thickness of at least tmin
to be missed. Using the same argument, the last cutting
plane must lie between N 2 btmin =cc and N.
5.3.2. Mathematical model for optimization
Inputs to the optimization problem include T, W, various
lumber price factors, and the log data (which includes the
reconstructed 3D log model). The required output is a
cutting pattern (i.e. set of sawing plane locations) which
maximizes the yield and value of the resulting lumber. Let
C  {1; 2; ¼; N} be a ®nite set representing the possible
cutting planes for the log. Let S  {s0 ; s1 ; ¼; sn } be a subset
of C satisfying the following constraints: 1 # s0 # dtmin =ce;
N 2 btmin =cc # sn # N; and si 2 si21 2 dK=cec [ T where
1 # i # n. Thus, S is a feasible cutting pattern for the log
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Fig. 20. (a) A feasible sawing pattern S, (b) Heuristic selection of the initial saw orientation.

(Fig. 20(a)). Suppose the lumber piece cut by cutting planes
si21 and si has value vi. Let v  v1 ; v2 ; ¼; vn  be an n-dimensional vector of lumber values corresponding to the feasible
cutting P
pattern S  {s0 ; s1 ; ¼; sn }: For S , C, we de®ne
V S  j[S vj to be the total value yield of cutting pattern
S. If F  {S i } is the collection of subsets of C that constitute feasible cutting patterns then the problem is one of
constrained combinatorial optimization where we are interested in determining a cutting pattern S p such that
Sp  arg max V S
S[F

2

We show that the optimization problem expressed in Eq. (2)
can be modeled as the single-source shortest paths problem
in a directed acyclic graph [17]. Let each possible cutting
plane i be a node i in a directed graph (digraph) G. There
exists a directed edge eij from node i to node j in G (where
j . i) if cutting the log along planes i and j produces a valid
piece of lumber. Note that the lumber piece between cutting
planes i and j includes the kerf adjoining the cutting plane j.
The value vij of the resulting piece of lumber is computed
based on the quality of the visible lumber surfaces resulting
from the cutting planes i and j 2 dK=ce: We select w ij 
2vij to be the weight of the edge eij in digraph G. The
problem, therefore, is to ®nd a shortest directed path from
a node k [ {1; ¼; dtmin =ce} to a node l [ { N 2
dtmin =ce; ¼; N} (Fig. 21). We could add a dummy source
node Nsource to digraph G with a zero-weight directed edge
from Nsource to each node k [ {1; ¼; dtmin =ce}: Similarly, we
could add a dummy sink node Nsink to digraph G with a zeroweight directed edge from each node l [ { N 2
btmin =cc; ¼; N} to Nsink. It can be easily shown that the short-

est path from Nsource to Nsink in the augmented digraph G 0 will
contain the shortest path in the original digraph G. Since the
augmented edges are of zero weight, the length of the shortest path in G 0 will be the same as that of the shortest path in
G. Thus, by determining the shortest path between Nsource
and Nsink in the augmented digraph G 0 and omitting the
®rst and last directed edge (which are of zero weight) in
this shortest path, we obtain the required shortest path in
the original digraph G. We are aware of alternative formulations of the optimal live sawing problem in terms of
dynamic programming [62,63]. However, our formulation
in terms of the single-source shortest paths problem is particularly amenable to parallelism as is explained in Section
5.10.
5.4. Algorithm for optimal sawing strategy determination
The following algorithm is used for the single-source
shortest paths problem in order to arrive at an optimal
sawing strategy. The goals of this algorithm are to place
the log defects in as few boards as possible while leaving
as much of the lumber as defect-free as possible, to distribute the defects among the boards so that the average grade
(and monetary value) of the boards is the highest and to
con®ne the defects to the interior of the lumber or the
edges of ¯itches for easy removal during the edging operation [56].
1. Selection of the initial saw orientation. If the defect
con®guration has a major orientation axis in the crosssectional plane then select the saw orientation parallel
to the major orientation axis (Fig. 20(b)) [57]. Else

Fig. 21. A digraph representation for the problem of optimal live sawing strategy determination.

182

S.M. Bhandarkar et al. / Image and Vision Computing 20 (2002) 167±189

Fig. 22. Computing the cutting range for short lumber: (a) longitudinal view, and (b) cross-sectional view.

2.
3.
4.

5.

6.
7.
8.

9.

determine the saw orientation by an exhaustive search.
The total number of possible saw orientations may
range from 45 to 180 (corresponding to orientation resolutions from 48 to 18 in the range [08, 1808]). Perform
steps 2±9 for each saw orientation.
Determine the cutting range CR given the boundary of
the smaller log cross-section, wmin and the selected saw
orientation from Step 1.
Determine N  bCR=cc; the total number of possible
cutting planes within the cutting range.
Construct the digraph G. For each cutting plane i where
1 # i # N create a node i [ G. For each node i [
{1; ¼; dtmin =ce} do the follwing:
(a) For each t [ T let j  i 1 d t 1 K=ce
(b) If j # N and directed edge eij Ó G then add eij
with weight wij  2vij to G.
(c) Recursively generate all possible directed edges
starting from node j in the same way as for node i.
Augment the digraph G with a dummy source node
Nsource, a dummy sink node Nsink and zero-weight
edges to generate the augmented digraph G 0 as
discussed earlier.
Topologically sort the nodes in G 0 .
Find the shortest paths from Nsource to all nodes in G 0 using
edge relaxation. The single-source shortest paths algorithm for directed acyclic graphs [15] can be used here.
Select the path from Nsource to Nsink. The single-source
shortest paths algorithm for directed acyclic graphs
guarantees that this would be the shortest path from
Nsource to Nsink.
Determine the shortest path between node k [
{1; ¼; dtmin =ce} to a node l [ { N 2 btmin =cc; ¼; N}

from the path determined in Step 8 above by eliminating
the ®rst and last (zero-weight) directed edges.
10. Output the shortest path over all initial log orientations.
5.5. Relaxing the restriction for short lumber
Since most logs are tapered, the cross-sections at the two
ends may differ signi®cantly in diameter. Lumber that is
shorter than the length of the log is the one cut from the
larger end of the log (Fig. 22(a) and (b)). In Section 5.4,
we assumed that lumber with length shorter than the log
length was not valid and hence not considered in the optimization process. This restriction could be relaxed. Let lmin
be the minimum length of lumber required. As depicted in
Fig. 22(a) and (b), this results in a cutting range CRshort
which is greater than the cutting range CR computed
earlier. The optimization procedure is unchanged,
however, extra computation is entailed since the number
of nodes in the graph are increased and the lumber from
the log portion that is outside CR but within CRshort needs
to be cross-cut and edged to have the required length and
width (Fig. 23). The cross-cutting and edging of this
lumber raises another optimization problem illustrated in
Fig. 23; how does one cut lumber by selecting a length
from a given set of length values and a width from a given
set of width values such that the resulting lumber value is
maximized? However, since the lumber volume from this
portion of the log is relatively small, we may simply
choose to cross-cut the lumber (based on some length
criterion such as choose the greatest length l $ lmin) and
then edge it or vice versa.
5.6. Effect of taper settings

Fig. 23. Cross-cutting and edging of short lumber: an optimization problem.

The taper setting of the saw refers to the angle of inclination of the sawing plane with respect to the log axis. Recall
that the log is modeled as a frustum of a right cone. The
taper setting determines the direction of the wood ®ber in
the sawn lumber which in turn affects its structural quality,
volume and grade. A straightforward solution is to try
various possible taper settings by choosing an offset
between the cutting plane at one end of the log and the
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the solution to the single-source shortest paths problem in
an acyclic digraph. There exists an O(V 1 E) algorithm
[15] for the single-source shortest paths problem where V
is the number of nodes (vertices) and E is the number of
directed edges in the digraph. In our case V  N and E 
O NuTu: This means that the single source shortest paths
algorithm takes O N 1 NuTu  O NuTu time to determine
the optimal live sawing pattern for a given initial log orientation.

Fig. 24. Generating a cutting surface from a series of cross-sections.

cutting plane at the other end of the log. For example, given
N cutting planes in the cutting range CR, one could choose
an offset d [ {1; 2; ¼; N 2 1} so that cutting plane i at one
end corresponds to the cutting plane i ^ d at the other end.
This is tantamount to an angle of inclination of arcsin dc=L
(in radians) where L is the length of the log. One could
perform the optimization process for various values of d .
In reality, the range of d is constrained by the sawing
machinery used.
5.7. Algorithm complexity
The run time of the algorithm to determine the optimal
live sawing strategy is comprised of:
² Time tcr taken to compute the cutting range CR.
² Time tcs taken to construct a cutting surface. This includes
the time taken to compute the surface and surface contours
of intersection of the sawing planes and the log, and the
surfaces and surface contours of intersection of the sawing
plane and the internal defects. The time taken to construct a
cutting surface depends on the shape of the log, the orientation of the sawing plane with respect to the log axis (the
intersection surface can be computed more ef®ciently if the
sawing plane is parallel to the log axis), the number of
defects intersecting the sawing plane and the orientation
of the defects with respect to the sawing plane. There are
N cutting surfaces that need to be constructed.
² Time tg taken to construct the acyclic (and augmented)
digraph G 0 without edge weights. Since there are N nodes
and E  O NuTu edges in G 0 , tg  O N 1 E 
O N 1 NuTu  O NuTu:
² Time tw taken to determine an edge weight. This includes
the time taken to edge the ¯itch, grade the board and
compute its monetary value. Note that there are O(NuTu)
edges (boards) in G 0 .
² Time tsp taken to compute the shortest path from Nsource to
Nsink in G 0 . As already mentioned, this entails determining

Let n be the number of initial log orientations that are to be
considered. Then the total run-time complexity of the optimal
live sawing strategy determination algorithm is O n tcr 1
Ntcs 1 tg 1 NuTutw 1 tsp   O nNuTu (under the assumption that tcr, tcs and tw are approximately constant). We
observed that tcs and tw accounted for a substantial portion of
the total run time of the optimal live sawing strategy determination program. In the following subsections, we explain the
procedures for constructing the cutting surface and computing
the edge weight.
5.8. Constructing the cutting surface
The cutting surface is the intersection plane of the speci®ed cutting plane and the log (including its internal defects).
The log is represented as an ordered list of cross-sectional
contours indexed by z where each cross-sectional contour is
represented by a polygon. A similar ordered list of crosssectional contours (indexed by z) is maintained for each
internal defect where the defect cross-sectional contour is
also represented by a polygon. Given a cutting plane Ax 1
By 1 Cz 1 D  0; we compute the intersection points of the
cutting line Ax 1 By 1 Cz 1 D  0 with the log and defect
cross-sections at z  zc : Note that the cutting line is a
projection of the cutting plane on the cross-sectional plane
z  zc : The intersection points computed above for each
cross-sectional plane are then stacked to generate the cutting
surface as depicted in Fig. 24.
5.9. Computing the edge weight
As previously mentioned, the only data-dependent
pricing factor involved in the computation of the edge
weight is the one based on the lumber grade; the other
pricing factors are user-speci®ed. The grade assigned to a
hardwood board depends on the defects present on the board
surface and the usable area of the board. The usable area is
de®ned as the size and number of cuttings (i.e. pieces of
wood) that can be obtained from the board when it is cut up.
When cutting a board only horizontal and vertical cuts are
allowed (i.e. diagonal cuttings are not permitted). To be
considered a valid cutting in a certain grade category, a
cutting must satisfy a size requirement (width and length)
and a defect requirement (should be almost defect-free). The
thickness of the cutting is the same as that of the board. For
each lumber grade there are restrictions on the number of
cuttings allowed and the required usable area. We refer the
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Fig. 25. Stages in computation of the optimal live sawing strategy for a given initial log orientation.

interested reader to the hardwood grading rules documented
by the NHLA [43] for a detailed explanation of the grading
process.
Depending on the type of defects present on the board and
their spatial distribution on the board surface, the process of
grade assignment to a hardwood board could be either very
simple or extremely complicated. If a board has several
defects that are spread uniformly across the board surface,
then there are several ways in which to obtain valid cuttings
and compute the usable area of the board. This makes the
board grading problem one of combinatorial optimization
that is isomorphic to the NP-hard optimal bin-packing
problem [15,25]. The grading program in CVLPPS incorporates the NGLA hardwood grading rules without considering the several exceptions therein. The development of the
grading program entailed the translation of the English
language statements in the NHLA grading rules into precise
mathematical statements and procedures that could be
implemented in the form of a computer algorithm. Since
the board grading problem is, in reality, NP-hard, approximate greedy algorithms were used to compute the board
grade. Although the greedy algorithms do not ensure optimal grade assignment, they were found to give acceptable
results in polynomial run time. Our automated grading
programs are similar to the ones in the UGRS system [42]
except for the modi®cations that we had to make in order to
account for the discrepancies between the defects as they
appear on the surface of the actually sawn lumber and the
virtually sawn lumber from the 3D log reconstruction generated from the CT image slices. Recall that the UGRS system
is designed to grade board surfaces using optical scanners
after the log has been sawn into lumber.
The grading process can be summarized in the following
steps:
1. Determine the species and area of the board.
2. Determine the poorer side of the board based on the
number of surface defects. The grade of the board is
determined based on the poorer side of the board.
3. Assume the highest grade for the board.
4. Determine the optimal number and area of clear-face
(almost defect-free) cuttings needed to ful®ll the grade.
Note that the de®nition of `almost defect-free' is dependent on the assumed grade. This entails computing a

greedy approximation to the NP-hard optimal bin-packing problem.
5. Compute the number and area of clear-face cuttings that
can be derived from the board.
6. If the number and area of clear-face cuttings ful®ll the
requirements of the assumed lumber grade, output the
lumber grade else assume the next lower grade and go
to Step 4.
Note that the above summary of the grading rules does
not describe the various exceptions in each grade category
as well as the fact that different grading parameters have
different values in different grade categories. We refer the
interested reader to the NHLA rules [43] for further details.
5.10. Potential for parallelism
The algorithm for optimal live sawing strategy determination could be potentially parallelized for real-time
implementation in an actual sawmill. Some of the operations in the algorithm exhibit temporal data dependence on
other operations (i.e. need the results of pervious operations to begin execution) whereas others are independent
of each other. The temporal data dependency graph is
depicted in Fig. 25 for a given log orientation. It is obvious
that the various temporal stages t1 ; ¼; t4 could be pipelined, i.e. the cutting range computation (stage t1) for
orientation n could be overlapped with cutting surface
computation (stage t2) for orientation n 2 1, edge weight
computation (stage t3) for orientation n 2 2 and shortest
path determination (stage t4) for orientation n 2 3. Moreover, one could also exploit parallelism within each stage.
For example, in stage t2, multiple cutting planes could be
computed in parallel (Fig. 26) and in stage t3, multiple edge
weights could be computed in parallel (Fig. 27). Also, the
entire computational process depicted in Fig. 25 could be
parallelized by processing multiple log orientations
concurrently (Fig. 28).
6. Experimental results
The algorithms for defect identi®cation, defect
localization, 3D model reconstruction, and simulation and
visualization of machining operations were implemented in
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Fig. 26. Parallel generation of multiple cutting surfaces for a given initial
log orientation.

Visual C11 on a 450 MHz Pentium II workstation with
256 MB of RAM. For the purpose of 3D rendering, a modi®ed version of the z-buffer algorithm was used which
allowed for simultaneous rendering of opaque and semitransparent objects [20]. This was found useful when
displaying the reconstructed log in the defect mode.
The experimental validation of the algorithm for internal
defect identi®cation and localization in terms of detection
rate, false alarm rate and localization accuracy has been
described in Section 3.3. The defect identi®cation and localization process (with 3D analysis) averaged 62 s on a 1 m
length log which resulted in 200 CT image slices, each of
size 320 £ 320 pixels with a gray level resolution of 8 bits
per pixel thus amounting to approximately 19.5 MB of raw
image data. The 3D model reconstruction algorithm averaged 27 s whereas the rendering algorithm for the 3D log
model averaged 23 s. Overall, the entire process of defect
identi®cation, defect localization, 3D model reconstruction
and rendering took between 90 and 120 s for all the log
species that were considered. The graphical simulation of
the sawing operation averaged 15 s for a cut de®ned by two
sawing surfaces. The graphical simulation of the rotarypeeled veneering operation averaged 5 s for a veneer of
length 1.2 m and width of 1 m.
The optimal live sawing strategy determination algorithm was implemented and tested on two log sections
from each of the aforementioned four hardwood species:
White Ash, Red Oak, Black Walnut and Hard Maple. The
diameters of the log sections vary from 18 to 25 cm and
their lengths vary from 1.05 to 1.19 m. These log sections
are smaller in diameter and shorter in length than those
used in real sawmills. The size and length restriction was
imposed by the CT scanner; the CT scanner we used was

Fig. 27. Parallel computation of multiple edge weights for a given initial log
orientation.
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not capable of scanning larger logs or log sections. This
restriction necessitated that the grading rules be modi®ed
to ®t smaller and shorter logs.
The lumber size parameters used in the testing of the
optimal live sawing strategy determination algorithm are
listed in Table 1. The pricing factor Ps and Pg were different
for each species and lumber grade, respectively, but the
pricing factors Pl, Pw and Pt were chosen to be the same
for lumber from different species within the same price
range. The range of initial log orientations was [08, 1808]
in step sizes of Dv  28 or 48 with different taper settings as
described in Section 5.6. The cutting plane step size c was
chosen to be 2 mm and the kerf K to be 3 mm in all cases.
Table 2 shows the value yield recovery as a result of using
the optimal live sawing strategy. The value yield recovery is
computed by expressing the maximum lumber value recovered from the log as a percent increase over the average
value (denoted as VYR1 in Table 2) and as a percent
increase over the minimum value recovered from the log
(denoted as VYR2 in Table 2). The variance in value in
value yield recovery shows that the initial log orientation
and the ®rst cut into the log have a signi®cant effect on the
resulting lumber value. Table 2 shows that using the optimal
live sawing strategy results in an 23±63% gain in value
yield recovery when computed as a percent increase over
the average value and an 36±289% gain in value yield
recovery when computed as a percent increase over the
minimum value. The gain in value yield recovery would
be expected to vary with each log since it is very much
dependent on the nature, number and distribution of the
internal defects within the log. In the absence of internal
log scanning, one could assume that a lumber processing
strategy would yield the average lumber value over the long
term implying thereby that VYR1 is a more realistic evaluation metric.
The work reported here used 1 m log sections instead of
2.5±4 m logs which are typically used in most sawmills.
This entailed modi®cation of the NHLA grading rules to
accommodate shorter log segments. Also, the pricing
model used (Eq. (1)) is not particularly sophisticated.
Nevertheless, the results in Table 2 provide compelling
evidence for the advantages of internal log scanning for
identi®cation and localization of internal defects and
exploiting this information in formulating a lumber
processing strategy that would optimize the value
yield recovery.
As shown in Table 3, the average run time (in seconds)
of the optimal live sawing strategy determination algorithm for a single orientation of the log is in the range
[2.90, 5.60] whereas for an entire log (including taper
settings) the average run time (in minutes) is in the range
[3.04, 37.73]. Clearly, the run times fall short of those
needed for real-time lumber processing in a sawmill by
an order of magnitude or so. We expect that the use of
parallel processing techniques in conjunction with faster
processors (note that the 450 MHz Pentium II processor

186

S.M. Bhandarkar et al. / Image and Vision Computing 20 (2002) 167±189

Fig. 28. Parallel computation of the optimal live sawing strategy by concurrent processing of multiple initial log orientations.

would be considered outdated by today's standards) can
address this shortcoming.
Normally, it takes about 1 min to physically saw a 4 m
log (which is the typical log length) in a sawmill using the
live sawing technique. If the processes of internal scanning,
identi®cation and localization of internal defects and optimal live sawing strategy determination could be accomplished in less than 1 min each, then it could be
incorporated in a real-time lumber production environment
without slowing down the speed of production. Note that the
processes of internal scanning, identi®cation and localization of internal defects, optimal live sawing strategy determination and physical sawing of the log could be pipelined
in a real-time lumber production environment as depicted in
Fig. 29. In other words, as log Li is being sawed, log Li11 is
subject to the optimal live sawing strategy determination
process, log Li12 is analyzed for identi®cation and localization of internal defects and Li12 the scanned by the CT
scanner.
We have seen that the processes of defect identi®cation,
defect localization and 3D reconstruction can be performed
in about 3±5 min on a 1 m length log. For logs that are
approximately 4 m in length (the typical log length in
sawmills), one could resort to a data-parallel scheme
where smaller-length sections of the log are analyzed in
parallel by multiple processors. The scanning of a 1 m
length log on the Toshiba TCT 20AX CT scanner was
observed to take about 5 min. Here too, one could devise
a data-parallel scanning scheme where smaller-length
sections of a 4 m-length log could be scanned concurrently
by multiple CT scanners. Also note that the CT scanner used
in the present version of CVLPPS is a previous-generation
Table 1
Parameters for the optimal live sawing strategy determination algorithm
Parameter

Value(s)

T (mm)
Wmin (mm)
Length
K (mm)
c (mm)
Dv (8)

{10, 15, 20, 25, 30, 35, 40}
50
Log length
3
2
{2, 4}

scanner; current-generation CT scanners are capable of
scanning speeds that are 4±5 times higher. Determination
of the optimal sawing strategy, clearly, is computationally
the most expensive aspect of CVLPPS. Fortunately, as
outlined in Section 5.10, the optimal sawing strategy determination algorithm is amenable to parallelism in several
ways. A cluster of high-performance workstations interconnected by a high-speed network would be an ideal platform
for parallelization of CVLPPS [27,59]. Making CVLPPS
capable of real-time performance by the use of parallel
and distributed computing techniques is an area of future
research and development.
7. Conclusions and future directions
In this paper, we described the design and implementation of a prototype CVLPPS. CT or CAT images of hardwood logs were analyzed for identi®cation and
classi®cation of internal detects. Individual CT image slices
were analyzed for detection of 2D defects which are
corrected across CT image slices in order to establish 3D
support and identify true 3D defects. CVLPPS was shown to
be capable of identi®cation and localization of most signi®cant internal log defects such as cracks, holes, knots, bark
pockets, decay pockets and moisture pockets. It is also
capable of 3D reconstruction and rendering of the log and
its internal defects from the individual CT image slices.
CVLPPS was shown to be capable of simulation and rendering of key machining operations such as sawing and veneering on the 3D reconstructions of the logs. From the 3D
reconstruction of the log and knowledge of its internal
defects, CVLPPS could formulate sawing strategies to optimize the yield and grade of the resulting lumber.
A prototype CVLPPS was developed and tested on CT
images of hardwood logs from White Ash, Hard Maple, Red
Oak and Black Walnut. The choice of the aforementioned
hardwood species was determined by the fact that they
collectively account for over 80% of the hardwood lumber
production in the US. Experimental results indicated that
CVLPPS could provide a 23±63% gain in value yield recovery when compared to a lumber processing strategy that did
not use internal log structure information. Issues pertaining
to the deployment of CVLPPS in a real-time lumber production environment were discussed. It was shown that the
various components of CVLPPS are amenable to parallel
and distributed computing, thus making a real-time implementation of CVLPPS practically feasible. CVLPPS could
also be used as a decision aid for lumber production planning and an interactive training tool for novice sawyers and
machinists.
In future versions of CVLPPS, the lumber grading
process would be enhanced to account for more hardwood
species and lumber defects in conjunction with aesthetic
(subjective) aspects based on wood grain texture. The CT
scanning and the lumber grading process would be
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Table 2
Value yield recovery resulting from the optimal live sawing strategy (Vmax: maximum value yield; Vavg: average value yield; Vmin: minimum value yield; s v2:
variance in value yield; Dv : step size (8) for angular rotation of the log; VYR1: value yield recovery computed as V max 2 Vavg =Vavg £ 100;; VYR2: value yield
recovery computed as Vmax 2 Vmin =Vmin £ 100)
Log species

Log number

Vmax

Vavg

Vmin

s v2

Dv (8)

VYR1 (%)

VYR2 (%)

White Ash

1
2
1
2
1
2
1
2

13.57
17.39
23.00
28.81
18.89
14.93
30.77
50.13

9.07
12.59
16.49
19.64
15.25
9.15
23.42
40.06

7.57
8.32
5.91
13.18
13.84
5.76
17.98
29.07

1.09
5.09
8.11
10.99
0.91
1.82
11.61
22.40

4
4
4
4
4
4
4
4

49.61
38.13
39.48
46.69
23.87
63.17
31.38
25.14

79.26
109.01
289.17
118.59
36.49
159.20
71.13
72.45

Hard Maple
Red Oak
Black Walnut

Fig. 29. Pipeline for the lumber production process.

enhanced to accommodate 4 m logs instead of 1 m log
segments as is currently the case. The employment of
parallel and distributed computing in the various stages of
CVLPPS will be undertaken in order to make CVLPPS
suitable for deployment in a real-time lumber production
environment. A cluster of high-performance workstations
interconnected by a high-speed network would be an ideal
platform for parallelization of CVLPPS. The current version
of CVLPPS is limited to the live sawing method of lumber
production. In future versions of CVLPPS, more lumber
production strategies such as cant sawing, grading sawing
and veneering will be incorporated. The current version of
CVLPPS, though not a deployable or ®eld-testable prototype, serves as a useful and valuable proof-of-concept prototype to underscore the advantages of internal log scanning
for identi®cation and localization of internal defects and
exploiting this information is automatically formulating
(by computer) a lumber processing strategy that would optimize the value yield recovery.
Table 3
Run time results for the optimal live sawing strategy determination algorithm (N: total number of log orientations including taper settings; T: average run time in seconds for each log orientation; Dv : step size (8) for
angular rotation of the log)
Log species

Log number

Dv (8)

N

T (s)

NT (min)

White Ash

1
2
1
2
1
2
1
2

4
4
4
4
4
4
4
4

346
174
46
591
264
453
49
51

4.25
2.90
3.97
3.83
2.99
3.47
4.32
5.60

24.51
8.41
3.04
37.73
13.16
26.20
3.53
4.76

Hard Maple
Red Oak
Black Walnut
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