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Abstract

The log-to-board cutting process within sawmills represents a significant op-
portunity for optimization, especially with the advent of advanced measure-
ment technologies such as computed tomography (CT). Despite the avail-
ability of these cutting-edge technologies, their full potential remains under-
utilized within flexible cutting lines. In fact, a very accurate model of the
log and its internal defects can be derived from the tomographic data. This
model can be used to obtain an estimate of the value of each possible board
that can be cut from the log. An accurate estimate can be beneficial to the
solution of the problem of defining an optimal cutting pattern. However, the
evaluation process is too computationally intensive to be directly applied in
optimization procedures for sawmills with flexible saw lines, where we have
several degrees of freedom in determining feasible cutting patterns, and a
huge number of estimations are required. This study proposes a realistic and
innovative solution to fasten the board valorization process, using value maps
generated by convolutional neural networks to dramatically reduce the time
required to valorize a board. Furthermore, the study introduces a compre-
hensive methodology for addressing the flexible log optimization problem,
leveraging a dynamic programming algorithm integrated with black-box op-
timization techniques for effective exploration of the cutting pattern solution

space.
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Chapter 1
Introduction

The cutting of logs in sawmills is a key process in the wood processing chain,
originating from forest trees and culminating in a diverse range of finished
products, tailored to various destinations and applications, each requiring
specific qualities and characteristics. It is within the phase of selecting and
cutting logs into boards that irreversible decisions are made, limiting the
potential final destinations of these boards. This process has evolved over
time, driven by advancements not only in control and cutting technology but
also in the precision and potential of measurement systems.

In particular, in recent years, the integration of tomographic scanners into
production lines has made it possible to accurately measuring the internal
quality of logs. These scanners provide a precise spatial model of the internal
log features in an automated manner. The model offers valuable insights for
log cut optimization by accurately predicting the characteristics of individual
boards that can be derived from the log, based on their positioning.

The log-cutting optimization problem belongs to a special class of three-
dimensional bin-packing problems (3DBP). Given a set of parallelepipeds,
the problem, in its basic version, asks to find an optimal arrangement of
them within one or more bins that are also characterized by a shape defined
by a parallelepiped. In the problem of cutting a log, the boards that can

be obtained are assimilated to parallelepipeds. However, compared to the



characteristics usually found in 3DBP problems, the problem addressed in
this thesis has many peculiarities. For example, the shape of the bin is not
a parallelepiped; it may be assimilable to a cylinder at first analysis, but
in practice it is an irregular shape resulting from a measurement. Another
fundamental peculiarity is the value of the objects, which is strongly affected
by their placement inside the bin. In fact, this is the key contribution to
optimization due to the inclusion of the tomographic model of the log and
the calculation of the value of the boards in each position. Moreover, the
positioning of boards is strongly constrained by the characteristics of the
cutting line. Besides being limited to guillotine cuts (a case considered in
the literature in the context of cutting problems), the cutting machines add
other specific constraints depending on the cut breakdown sequence.

There are many specific studies in the literature on the optimization of
sawmill log cutting, presenting solutions with different approaches, among
which those based on dynamic programming are prominent. However, to
the best of our knowledge, these studies do not take into account all the
peculiarities of the problem. In particular, in relation to the positional value
of boards, there is a lack of fast algorithmic solutions that are suitable for
inline integration in production lines.

In this thesis, the problem of sawmill log cutting is first addressed by
proposing a formal definition of the problem that integrates the constraints
of more flexible cutting lines and takes into account the boards valorization
according to their position. The problem thus formulated is called Flexible
Log Optimization (FLO). This problem definition allows taking into account
the contribution of the obtained log model from the tomographic scanner,

which is a key element of this thesis.

1.1 Context and objectives

This thesis comes at the conclusion of an industrial PhD supported by the
company Microtec Srl Gmbh. The company, founded in 1980 in Italy, is



today a leading provider of measurement and optimization solutions in the
woodworking industry with offices in Europe, Canada and the US. In 2011,
it installed its first CT Log scanner, an industrial tomographic scanner able
to work 24/7 on log production lines with speeds up to 180 m/min.

Before the beginning of this PhD, I already collaborated, as an employee
of the company, in research and development to achieve the implementation
of this technological advancement for sawmills. In parallel with the develop-
ment of the tomographic scanner, I contributed to the creation of the algo-
rithms and technological solutions necessary for its use in the optimization
process. Specifically, this previous work involves the development of algo-
rithms, even based on machine learning, that extract relevant features from
tomographic data and generate a three-dimensional model of the log, describ-
ing the external shape, pith, knots, heartwood, internal splits etc.

In parallel, I also followed the development of the optimization soft-
ware Maxicut Pro. The software makes use of the information from the
tomographic log model and provides solutions to the log cutting problem
with speeds compatible with the production line. In fact, from the three-
dimensional model of the log, it is possible to obtain a theoretical evaluation
of any board that may be cut. This is done by creating a virtual board model
obtained from the 3D intersection with the various features within the log.

Maxicut Pro software is installed to date in many sawmills in which the
tomographic scanner is present. This optimization software, although capable
of providing an improved solution compared to an optimization that neglects
tomographic data, fails to exploit the full potential of the tomographic log
model, in particular when more flexible cutting lines are considered. As we
will detail later in the thesis, the approach adopted by Maxicut Pro is based
on testing a set of predefined cutting patterns. These cutting patterns are
manually determined, according to operator experience, and define the main
boards that will be cut from the log. The optimization software selects the
best cutting pattern from those available and its best alignment and rota-

tion, in a discretized set, with respect to the log. Due to the computational
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resources required by the evaluation process, the number of pre-set cutting
patterns has to be taken limited, as to preserve running times suitable for
inline use of the overall optimization procedure.

The fundamental objective of this thesis is to propose a valid solution
approach to the FLO problem. The approach should make the best use of the
information provided by the log model obtained from tomographic scanning,
while preserving to the best extent all the degrees of freedom allowed by
flexible cutting lines. It must also be compatible, in terms of computation

time and required hardware, with an inline installation.

1.2 Content and contributions of the thesis

The remaining chapters of this thesis are organized as follows.

Chapter 2 provides all relevant basic notions of the industrial log cutting
process. It describes the different ways in which the cutting process takes
place in an industrial sawmill and the most commonly used measurement
techniques, with a specific focus in X-ray tomography. The concept of board
valorization through rule checking is introduced and how it translates into
the valorization of a virtual board obtained on the basis of tomographic data.
Based on these notions, a general specification of the log cutting optimiza-
tion problem, object of this research, is given. The chapter also discusses how
this problem has been addressed so far by Microtec’s Maxicut Pro software,
currently installed in mills where the tomography system has been imple-
mented, and the limitations of this solution. A review of relevant literature
on the subject is presented at the end of the chapter.

Chapter 3 formally defines the optimization problem object of the the-
sis, namely, the Flexible Log Optimization (FLO). In particular, we define
what we mean by a flexible cutting pattern and which degrees of freedom
are considered. In the definitions, we include the concept of positional board
valorization, which characterizes the FLO problem and makes the optimiza-

tion problem more challenging than what is generally found in the literature
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and for which, to our knowledge, there are no effective approaches yet. The
contribution is the formalization of the FLO problem, according to a gen-
eral enough definition to include the cutting pattern constraints of most of
the case studies in literature. The chapter then introduces and sketches our
proposed approach to FLO, a search procedure based on three interacting
phases, which are then described in detail in subsequent chapters.

Chapter 4 describes the first of these phases, dealing with the board
valorization. This is one of the most important contributions of the thesis.
In fact, one of the main challenges that makes the FLO problem difficult
to handle is related to the computational time required for the valorization
of a virtual board. This is the main ingredient of search-based optimization
algorithms, and a very large number of individual board valorizations are
needed, in particular in flexible cutting contexts, as for FLO. Two approaches
are proposed for a dramatic reduction of the time needed to valorize the
boards. The first approach defines a set of Rule Maps (maps that model
the log defects in 2D), and methods are presented to include them in the
optimization procedure to speed up the evaluation of rules for virtual boards.
However, board valorization using Rules Maps has significant limitations that
are highlighted in the chapter. The second approach is the most effective in
accuracy and reducing the time to calculate the board value. It is based on
the creation of Value Maps (2D maps that allow to directly obtain the value
of the boards in the cutting pattern), which can be computed in optimization-
compliant times using convolutional neural networks. In particular, for this
second approach, its integration into the optimization process is described,
taking into account the need for an offline training phase. A verification of
the performance of these two approaches, both in terms of computation time
and accuracy in estimating the value of the solution, is given at the end of
the chapter. For the approach based on Value Maps and CNN, a patent has
been filed, considering its industrial potential and innovation [42].

Chapter 5 presents the second phase of the proposed optimization ap-

proach, dealing with the optimal completion of a partial solution to FLO. In
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fact, the solution approach is based on the decomposition of the decision vari-
ables into two sets: a driving set, called seed, that defines a partial solution,
and the set of remaining variables, that are determined after a seed is fixed.
The seed includes, e.g., decisions on the number and type of cuts that define a
pattern, or its rotation. The remaining variables determine, e.g., the sequence
of boards to include in the pattern. The seed-constrained optimization of the
remaining decision variables is a combination of two nested algorithms. The
innermost one is based on one-dimensional dynamic programming and it is
able to find optimal sequences of stacked boards constrained by a starting po-
sitioning. The outermost algorithm is a step search that make use of the first
algorithm to test different combinations of positions of stacked boards to find
the best solution. For the inner algorithm, inspired to dynamic programming
procedures from literature, we propose a new implementation based on wide
interval partitioning, preserving position accuracy, and allowing for speedup
at the expense of optimality. A trade-off choice for this partitioning step of
the algorithm is then experimentally set and analyzed at the end of the chap-
ter. In addition to wide interval partitioning, we also extend the innermost
algorithm to consider sequences of boards with fixed position. The extensions
to this algorithm, together with the verification of the tradeoff between com-
putational speed and optimality, is a significant contribution of the thesis
and could also find application in other contexts.

Chapter 6 presents the highest-level phase of the proposed optimization
methodology, concerning the selection of the seed that lead to the best over-
all FLO solution after the seed-constrained optimization. Seed selection is
based on a search procedure through the seed space. Different approaches
are considered for both defining and exploring the domain of the variables
included in the seed. A first approach is an heuristic developed as a base-
line for the comparison, based on experience in manually defining cutting
patterns, that creates an ordered list of cutting patterns and explores them
sequentially in a limited set of positions and rotations. However, the most

interesting approach we propose for this phase of the optimization is based
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on black-box optimization and direct search algorithms. In fact, the objec-
tive function of the problem, corresponding to the complete optimization
of the seed, is computationally expensive and strongly discontinuous with
respect to the variables. These are typical conditions for the application of
such algorithms. In particular, the performance of the Mesh Adaptive Direct
Search (MADS) algorithm and the Non-Monotone Black-Box Optimization
for Constrained Problems (NM-BBOA CP) algorithm are compared. All
approaches are tested within time limits considered compatible with their
actual inline application (less than one minute), considering a dataset of 50
logs, and the comparative results of the experiments are presented. The per-
formance of these derivative-free algorithms, especially when combined with
an initial starting point selection step consisting of a preliminary random
exploration of the solution space, proved to be significantly superior to the
heuristic in our experiments. The development of the black-box optimization
procedures as well as the demonstration of the effectiveness of the overall
approach as a viable method for FLO are among the most important contri-
butions of the thesis, and represent an accomplishment of the main objective
of this research.

Chapter 7 is devoted to the Ideal Cutting Pattern Problem (ICPP), deal-
ing with a specific problem of determining ideal cutting patterns in a circle.
This problem, differently from FLO, does not aim to effectively optimize an
individual log, but to provide the basis for building a library of standard
cutting patterns, given a diameter and a product list; this library is intended
for a higher level of production optimization (see, for example, [15], 34], who
propose integer programming models for this task). This type of approach
is therefore best suited for fast cutting lines, where the cutting pattern does
not change from one log to the other. A heuristic for this problem has al-
ready been developed by Microtec. In this chapter, we show how the ICPP
problem can be approached with a mixed integer linear programming model.
The model was implemented and solved using the Gurobi [22] solver, and

tested on scenarios with different diameters and quantities of products used.
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As the number of products increases, the MILP approach proves to be less
effective than heuristics in obtaining a good solution in a time compatible
for use in the application context. Nevertheless, the MILP approach proves
useful for providing upper bounds, useful for verification purposes. A paper
is under preparation for submission to an international journal, concerning
the study presented in this chapter.

The last Chapter 8 provides some concluding remarks and suggests pos-

sible lines for future research.
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Chapter 2

Introduction to industrial log

cutting

Sawmill Log Cutting is a process that can be performed with different cutting
technologies and different levels of automation. This process is divided in two
main sawing stages, the first and second breakdown. The first breakdown
is the cutting of logs into intermediate pieces, called flitches or cants, that
requires an additional step, the second breakdown, in order to obtain the final
boards. These tasks are accomplished through the use of milling machines and
circular or band saws, which may incorporate measurement systems based on
laser triangulation or other technologies to detect log size, position, and other
characteristics. The selection of the appropriate cutting technology depends
on the production requirements and desired quality standards of the wood
being processed.

The choice of log cutting positions at various stages of the sawmill pro-
cess, once reliant on the operators’ experience to align the saw blades or the
log based on visual inspection, is increasingly being delegated to automated
systems. These systems enable optimal choices to be made quickly, in line
with the speed of automated production lines. Consequently, the decision-
making process for cutting at sawmills is strongly supported by optimization

software. In these environments, the operator has to properly configure the
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optimization software itself by defining the constraints that cutting patterns
must satisfy as well as the characteristics and value of the boards to be ob-
tained from the logs. In more automated lines, which are of greater interest
in this thesis, the operators’ interaction typically reduces to mere supervision
and maintenance tasks, with limited decision-making in the cutting process
driven by unforeseen issues in the normal workflow.

Simpler cutting lines prefer cutting speed over flexibility. In these cases,
logs are typically pre-graded into homogeneous groups by diameter, and the
cutting pattern for each group is fixed and remains the same for the entire
production run. In other lines, the main part of the cutting pattern remains
fixed, but there are degrees of freedom that can be optimized, such as the ro-
tation and orientation of the log, or the orientation and size of the outermost
boards.

More flexible cutting lines, which are certainly more interesting from an
optimization point of view, allow for choosing size and the position of each
individual cut made on each log. The greater the flexibility of the line and
the degrees of freedom available, the more an accurate measurement sys-
tem, coupled with a proper optimization, will allow the line to reach its full
potential.

In this chapter, we will overview the main technologies for log cutting
and measurement that are of interest for the optimization problem studied
in this thesis. The problem will be throughly described in Section [2.3] then,

we will provide the relevant literature to our study.

2.1 Technologies related to log cutting

Although there is a wide variety of possible layouts for a sawmill, three
main types of log cutting lines can be distinguished, with different typical
processing speeds and varying degrees of flexibility in the choice of cut.

All the layouts considered here have in common a guillotine cutting pro-

cedure, i.e., all the boards obtained from the log are produced by a sequence
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of full cuts starting from one side of the log or residual block to the other
side.

Figure shows three examples of log-to-board breakdown. The first
sequence is a typical fast cut sequence, where the log is cut entirely by passing
through two consecutive saw blocks, with a 90° rotation in between. The
second is a sequence that requires a saw carriage and many cutting steps.

The last one requires many cuts and rotations, and is often associated with

these configurations in more detail.

a cutting line with a merry-go-round system. The next sections will explain
@ gl an )
— :

I
a=hl () (=)
=

O v g

Figure 2.1: Examples of log breakdown: a typical two-pass fast cut sequence

A[ELA

(on top), a sequence for saw carriage (in the middle) and a sequence with

multiple passages in the saw block (on bottom)

2.1.1 Lines with saw carriage

A saw carriage is a machine that supports and guides the log through a cut-
ting blade along its entire length (Figure . Each complete pass through
the cutting zone produces a board, after which guides on the carriage ad-

vance the log transversely, by a controlled amount, to make the next cut.
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The handling can be fully automated, controlled by an operator, or in a
mixed mode, where the operator only controls the advancement of the log,
while the transverse positioning, which determines the thickness of each cut,
is handled automatically by a control software. The speed of this line is lim-
ited by the fact that each log requires several passes to complete the cut,
interrupted by 90° or 180° rotations of the log on the carriage. In addition,
the phase of loading and measuring the log on the carriage can cause ad-
ditional slowdowns. These solutions often include equipment to improve the
performance of the line. In some configurations, the saw blades are doubled
or cut is performed even during the return movement, so that multiple cuts
can be made during a single forward and backward pass. In other line con-
figurations, only a few main cuts are made on the carriage, while splitting
into thinner cuts is delegated to later machines.

Ideally, the sawmill carriage enables maximum flexibility in the choice of
cut and the orientation and alignment of the log. It also allows the possibility
of making some decisions about the cuts during the execution of the cut itself,
depending on the internal quality that gradually becomes apparent during

the cutting.

Figure 2.2: A log loaded in a saw carriage
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2.1.2 Fast cutting lines

Fast cutting lines, usually designed for logs with diameters that are not too
large, typically aim to maximize cutting speed (even over 120 m/min) at
the expense of flexibility (see Figure . Typically, cutting is done with
circular saws that do not change position between logs, so the line is fed
with pre-selected logs that are all within the same very narrow diameter
range. The distance between one log and the next can also be minimized to
maximize efficiency, since the saw-block does not require significant changes
between logs. It is usually possible to automatically control the centering and
rotation of each log before it enters the cutting machine, and in some cases
it is possible to vary the width or slope of only the outermost boards in the

cutting pattern.

Figure 2.3: A typical high speed log cutting line

2.1.3 Lines with merry-go-round

Cutting lines with merry-go-round trade off the speed and the flexibility of
the two previous solutions. The line is structured in such a way that the
block of wood obtained from a first pass of the log through the saw-block
can circulate again in the same saw-block, turned 90° or not, to complete
the cutting pattern. The block of wood can, in principle, undergo several

iterations in the same saw-block. There can be many different configurations
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for this type of line, with more or fewer stages to complete the cut after the
first saw-block. Multiple passages of log parts inevitably results in a reduction
in line efficiency, as the log infeed line must be stopped from time to time to
process the returning parts. The merry-go-round line could in principle be
replaced by additional stages all in line, but, typically, logs passing through
these lines have different diameters and different cutting patterns, which
may or may not require multiple passages. As a consequence, a long line
with multiple stages would be underutilized, and this makes the merry-go-
round concept a more convenient choice. This type of solution enables more

elaborate cutting patterns, which is especially useful for larger logs.

2.1.4 Precision of the cut

Over time, technological evolution has led to greater precision in the execu-
tion of the log cut. Accuracy in the order of tenths of a millimeter is now
usual in the positioning of the saw blades at this stage of the wood produc-
tion chain. However, the most critical phase is the first cut made on the log
(and possibly the first after a rotation of 90°). The reason for this is that
subsequent cuts will refer to the already cut surface, thanks to well defined
support points. In turn, the first cut is subject to an alignment of the log
that depends on the accuracy of the measurement of the irregular external
surface, and therefore on the calibration and resolution of the measuring sys-
tem, but also and above all on the mechanics that must be able to quickly
rotate and align the (heavy and irregular) log as it moves towards the cutting
blade.

2.2 Technologies related to log measurement

The accuracy and type of measurement system play a key role in the process
of automated log optimization and cutting. Here we describe three main types

of measurement that can offer different optimization opportunities:
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Figure 2.4: Log measurements: external shape (left), X-ray projections (cen-
ter), slices from CT (right)

1. external log shape. This is undoubtedly the most common type of
measurement in industrial sawmills. The simplest and most widely used
technology is laser triangulation, which uses lasers and calibrated cam-
eras to obtain a complete measurement of the external shape as the log

moves forward, slice by slice (in the left in Figure ;

2. X-ray projections. One or more X-ray projections are taken along
the entire length of the log as it advances (in the center in Figure .
The system consists of one or more fixed X-ray sources at different
angles, each coupled to a linear sensor. A scanner for external shape
measurement is usually associated with the X-ray system to complete
the measure. This type of measurement provides important information
about the internal quality of the log, such as the size of the heartwood
and the distance of knots whorls. This additional information is very
useful to select a cutting pattern for optimization that is best suited to

the quality of the specific log.

3. computed tomography (CT). This type of measurement (see Figure
provides very accurate information about the log, similarly to CT
scanning in the medical field. The system consists of a rotating X-ray
source combined with a wide sensor (cone beam configuration) that
acquires a tomographic projection with a helical trajectory as the log
moves forward. A tomographic inversion algorithm provides an accurate

density measurement at each point within the log volume (in the right
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in Figure[2.4). By processing this three-dimensional image, it is possible
to identify defects within the log and create an accurate model of the
log that can be used for log quality selection, as well as for very accurate

cutting optimization.

Figure 2.5: A CT scanner installed in a sawmill

2.3 Sawmill cutting optimization

The main objective of log cutting optimization is to maximize the value of the
produced boards, trying to make the best use of all the available information
provided by the measuring system and satisfying the constraints imposed by
the specific cutting line. The value of a board depends on various aspects
that are taken into account by applying complex rules, as explained in the

following.

2.3.1 Valorization of a board

The grading of a board is usually done by testing rules based on the mea-
surement of visible defects on its surface. Grading can be done according
to standards that define norms and may vary from country to country (e.g.
the DIN 4074-1:2012-06 standard popular in Europe, considered in [36], or
the National Grading Rules for Dimension Lumber in the United States of
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America [45]) or other more sawmill-specific production requirements. The

grading of the board characterizes its quality and therefore its value.

Figure 2.6: A board in the entrance of a board scanner.

Figure [2.6] shows a board on a belt at the entrance of a scanner. Some
of the typical defects are highlighted, such as knots and wane. Another type
of geometric defect, bowing, is also highlighted. Some types of defects, such
as bowing, although important in the classification of the board, if due to
errors in the cutting stages, drying stages, or handling of the boards, do not
directly affect the log optimization process, so that they are not of particular
interest in this discussion.

Some of the identifiable features on the board that can be checked for

rules are listed below:

e wane. This defect is a consequence of the cutting position of the board
in relation to the external shape of the log, and is therefore only present
on boards that are cut closer to the log surface. Rules for this defect
typically refer to its width, depth, and length. The rules may have
different thresholds of validity, referring to the single out-of-threshold
wane section or to a maximum total length allowed; sometimes a greater

amount of wane is allowed at the head or tail of the board; sometimes
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the wane rules are evaluated individually for each side, other times the

combination of both sides is considered;

e knots. Knots are the result of the intersection of the board with the
part of the tree branches inside the log. They appear with a rounded or
elongated shape, depending on how the surface of the board intersects
the knot itself. It is often important to distinguish between a healthy
knot and a dead knot. The knot on the board surface is healthy if it
is well integrated with the surrounding wood and corresponds to the
intersection of the board with a part of the branch that is still alive.
On the other hand, a knot is dead if its contour is well separated from
the board and tends to become detached. This means that the inter-
section with the board occurred at a point on the branch where it was
already dead and the tree was growing around it. The rules expressed
about knots mainly concern their dimensions, usually referring to their
diameter, and their classification as healthy or dead. Often the rules
refer to their position on the board, whether they are in the center or

on the sides, their absolute number on the board, or their distribution;

e pith. The pith is the center of the annual rings of the log. Its presence
on the surface of the board, and therefore only on boards that have
been cut in the center of the log, is usually an aesthetic defect. Rules

can be applied to its presence in terms of length on the surface;

e heartwood. Heartwood is the dense, inner part of a tree trunk, formed
as the tree ages. It is characterized by its durability, resistance to de-
cay, and often a distinct color. Depending on the species, the board

produced inside the heartwood can have an higher value.

The grading of the board can be done by considering the board along
the whole length of the log, or by considering the possibility of reducing its
length. In the latter case, we may remove defects that would have caused the

entire board to be downgraded, resulting in a shorter board with a higher
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market value. In the following discussion, the value associated to a board will
be the value of the product (full-length or not) that can be obtained from
the board itself, following the product-specific rules.

2.3.2 CT based log model

The tomographic reconstruction, which can be acquired for each individual
log in a line where a CT scanner is installed, provides an accurate three-
dimensional map of the internal density of the log. This map typically has
a longitudinal (along the log length) resolution of 10 mm (one log slice per
centimeter), and a transverse resolution of 1 mm. Figure shows 4 slices

taken from a log where some typical features such as the external shape of

the log, knots, heartwood and pith can be easily identified.

Figure 2.7: Example of different slices of the tomographic data of one log

The extraction of all of these and other features is done inline by an
automated software that is able to provide the precise model of the log, i.e. a
higher-level version of these features placed in a single reference system. The
standard tomographic data acquired by the tomographic scanner corresponds
to a sequence of images of log slices. The reference system for the three-
dimensional model of the log is centered on the first of these images, as
shown in Figure [2.8|

For each slice, the outer shape is given, defined by 360 points on the slice,
and the same for the heartwood /sapwood boundary. The pith is given by its
position on each slice. Splits, i.e. internal wood cracks usually starting from

the pith, when detected, are given by a list of segments for each slice. Figure
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Figure 2.8: Reference for the log model, centered in the first slice image (left)

and extracted defects superimposed on a slice (right)

2.8] shows some automatically extracted defects overlapped with one slice
image. Some defects, however, are not defined based on slices, but a three-
dimensional model is needed. To this end, tomographic data are processed to
obtain a full tree-dimensional log model. For example, the knots are modeled
by a set of parameters that characterize their position and the evolution
of their diameter growth, starting from the pith [32]. This knot model also
includes an estimate of the point at which the knot goes from healthy to
dead (see, for example, the division of knots in Figure [2.9|into yellow healthy
knots and red dead knots).

Figure 2.9: 3D volume from CT data (left) and extracted log model (right)
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2.3.3 Virtual board

The three-dimensional log model makes it easy to obtain an evaluation of the
overall quality of the log, which can be made by associating a measure to the
identified characteristics and considering their average or other aggregated
values. For example, it is possible to consider the average size of the knots,
the number of knots with a dead part, the presence or not of internal splits
in the log, the average size of the heartwood, the regularity of the pith,
etc. These evaluations are undoubtedly useful for a quality-based selection of
the log, and consequently also for an evaluation of a cutting pattern that is
good, on average, for logs with certain features. However, the most important
opportunity that this log model offers from an optimization point of view is
to estimate (e.g., by simulating the cutting on the log model) the actual value
that can be obtained from a board cut in that log at any desired position.
This allows a software that performs cutting simulation and optimization to
predict the value of each board obtained for the different cutting patterns it
can construct. Once the positioning of a board is determined in the reference
of the log model, a virtual board can be obtained, i.e. a representation of the
defects on the four surfaces of the board resulting from the intersection of

these surfaces with the model of the log (see Figure [2.10)).

Figure 2.10: Virtual board on CT log model

The same rules mentioned in Section can be applied to the virtual
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board (rather than the actual board), allowing its valorization. In principle,
the configuration required by a board scanner to automatically assess the
quality of a board can be integrated into the cutting optimization software
before the board is physically produced, enabling advanced optimization be-
forehand. Figure [2.11] illustrates a comparison between the defects identified
in a virtual board and the corresponding board actually obtained by the cut-
ting process: the lower image is acquired from a board scanner, exhibiting
perfect alignment with the upper image generated prior to cutting, where
defects extracted from the intersection with the virtual log model are high-
lighted. It is on these defects that quality assessment rules for the virtual

board will be applied.

Shakes Sound knots Dead knots Pith

Figure 2.11: Comparison of the surface of the virtual board (top) with the
color image of the real board surface, acquired after the cut (bottom). The
defects of the virtual board are highlighted over the grayscale image corre-

sponding to the density from the tomographic data

2.3.4 Flexible Log Optimization

In this section, we introduce the sawmill cutting optimization problem that
will be considered in this thesis, which consists of creating an optimal cut-
ting pattern for selecting the cut of a given log. Here we will identify the
main elements of the problem, a more formal definition for the Flexible Log

Optimization problem is given in Section As introduced in Section [2.1
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the variety of cutting patterns that can be used is very large, especially when
slower and more flexible cutting lines are considered. In this research, we
will focus on a particular type of cutting pattern that still provides a high
degree of flexibility and usually requires a line with a merry-go-round system
to complete the cut. Figure [2.12] shows some examples of cutting patterns
that fall into this type. The cutting pattern always includes a block of main
boards, shown in green in the figure. These are the main boards, cut full
length in the log. The cuts related to main boards are called main cuts. The
boards can be stacked in a single cut (patterns a, b, and ¢ in the figure),
or they can be arranged in several main cuts next to each other (patterns d
and e). To the left and right of this block, there may be additional cuts with
orthogonal boards (shown in blue in the figure). Above and below the block
of main boards there may be additional cuts with boards placed side by side
(in orange in the figure). The last two types of cut consist of boards called
side boards, and related cuts are called side cuts. Side boards are defined as
those boards that are usually less thick and may be shorter than the length
of the log due to its irregular or cone-like shape, and they allow better filling

of the log volume.

=

(@) (b) (©) O)] (e)

Figure 2.12: Examples of feasible flexible cutting patterns

The cutting pattern is constrained by a guillotine cutting sequence. A
single cut separates the different blocks of boards, and a single cut separates
two boards within each block. In addition to constructing the cutting pattern
as a combination of cuts and boards, the log optimization problem must
determine their position, rotation, and skew with respect to the log. In fact,
we remark that, as we have seen in Section the value of each board
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depends on its 3D position in the log. The objective is to maximize the total

value of the resulting boards.

2.3.5 Fixed cutting pattern optimization approach

In this section, we describe the fixed cutting pattern approach to the log
optimization problem sketched in Section [2.3.4] as currently implemented by
the Maxicut Pro software. The Maxicut Pro software developed by Microtec
is a log optimization software that is now installed in many cutting lines
in Europe and United States in combination with the tomographic scanner.
The software makes the choice of a cutting pattern for each log based on
an accurate estimation of the value of each board produced. The estimation
is obtained by creating virtual boards, as described in Section [2.3.3] and
by intersecting them with the log model received from the log scanner. The
software requires the setup of all possible products to be considered by the
optimization, defined by a rectangular cross section and a set of possible
lengths. Each product is associated with rules that define its quality and
must be verified to assign its predetermined value. If a product does not
satisfy the rules in a given placement in the log, it will not be considered
valid by the optimizer. The optimization approach adopted by Maxicut Pro
is based on a library of possible fixed cutting patterns, which must be pre-
constructed by the user from the list of board sections, depending on the
possible products, using a graphical interface (see Figure .

The cutting pattern is constructed by inserting one or more main cuts
side by side with a width equal to the width of the main boards to be inserted
in the cut. The cutting pattern construction process then involves filling the
main cuts with boards that are compatible in width, but whose thickness
may vary from board to board. The construction of the cutting pattern then
continues with the insertion of additional side cuts, to the left and right of
the main block, whose width corresponds to the thickness of the side boards
that are then inserted. Additional side cuts may also be inserted above and

below each of the main blocks. Alternatively, the side cuts can be undefined
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Figure 2.13: Examples of cutting pattern in Maxicut Pro: with a single main
cut (left), with a double main cut (center), with a double main cut and free
side cuts (right)

(we refer to them as free side cuts) or partially defined (i.e., only the width
and number). In this case, the optimizer will take care of adding them during
optimization, taking longer to calculate. The number of cuts and products
used in the construction of the cutting pattern is free, but must clearly satisty
the constraints of the machine that will perform the cutting. The construc-
tion of the cutting pattern leads the software to determine a diameter range
for which this cutting pattern can be valid (alternatively, the range can be
assigned manually). This diameter will be important in the Maxicut Pro
optimization procedure to select the cutting patterns (a limited number to
maintain an acceptable computation time) that are most compatible with
the log for which the placement attempt will actually be made. The place-
ment attempt is defined in terms of z — y position (or centering), rotation
and skew of the whole pattern.

The fixed cutting pattern optimization procedure, executed by the Maxi-
cut Pro optimization software, is shown in Figure 2.16] Upon receiving a
new log to be optimized, the optimizer decides on a limited set of rotation
angles. Based on the diameter of the log, a subset of cutting patterns is se-
lected from the available patterns that are compatible with that diameter.
For each rotation angle, the log pattern is rotated and centered; then each

cutting pattern from the set of selected patterns is evaluated independently:
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Figure 2.14: Fixed and flexible optimization approaches

the boards of each cut are tried considering a limited number of shifts and
inclinations within the cut, compatible with the degrees of freedom of the
line. For each pattern placement, the value of the boards is determined using
the virtual board approach. Moreover, for each pattern placement, if neces-
sary, a heuristic algorithm completes the cut by adding one or more side cuts
and adds the value of the corresponding boards to the solution.

The approach presented here (fixed cutting pattern) remains a viable
solution for fast cutting lines such as those in Section [2.1.2] Under these con-
ditions, with few cutting patterns to test and a limited number of rotations
and shifts, the total number of virtual boards to be computed during opti-
mization is limited to a few thousand or tens of thousands. This has made
the system suitable for inline use, simply by parallelizing the computations
on multiple computers and reasonably limiting the steps of this exhaustive
heuristic.

The aim of this research is to find a solution to extend optimization based
on internal quality to cases of flexible cutting lines, for which the fixed cutting

pattern approach is possible, but is a very limited solution compared to the
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potential of the line. In fact, flexible optimization starts from the products list
to freely construct cutting patterns according to log characteristics, instead
of just considering a limited number of predefined cutting patterns. This

allows a better use of the degrees of freedom offered by the cutting line (see

Figure [2.14]).

2.4 Literature review

The optimization of the first and second breakdown in the sawmill, i.e. the
two successive steps of cutting a log, first into cants and flitches, and then
into boards, has been a problem addressed for a long time because of its high
value-added margin. The research on this subject is still very important,
because it is necessary to follow the evolution of the cutting processes, and
the new opportunities offered by the measurement technologies.

At first glance, the log-cutting optimization problem belongs to the fam-
ily of 3D packing problems, a widely studied optimization problem for its
implications, e.g., in logistics. This problem, in its basic version, requires to
place parallelepipeds of different sizes within a domain also defined as a par-
allelepiped. Several solution approaches have been proposed in the literature,
relying on both exact and heuristic approaches and considering application-
related variants of the basic problem (see |1, 11, 13, 9], among others). How-
ever, even if the boards inside a log can be assimilated to parallelepipeds,
their arrangement in a cutting pattern is more related to a two-dimensional
packing problem, as we have seen in Section [2.3.4] In fact, the cutting pat-
tern is defined along the log section, and the impact of the third longitudinal
direction, following the board valorization as defined in Section [2.3.1] is sum-
marized in the board skew, since no further packing is required along the log
length. It is thus interesting to explore literature related to the 2D packing
problem. In the classical two-dimensional bin packing problem (2BP), a set
of rectangular items is given. The problem is to allocate all the items, without

overlapping, in a minimal number of rectangular bins of the same size. Even
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in this case, several variants are considered, including the ones related to
cutting optimization: here, the allocated items define a cutting pattern to be
executed in order to obtain the items themselves. In the seminal work [17], a
first model to face this type of problem is given, denoting that in most of the
common practical applications in industry, due to their specific constraints,
the problem can be approached by mathematical programming. A survey on
more recent advances for this type of problem can be found in [2§8], where
several exact and heuristic approaches are reviewed.

It easy to see that the approaches proposed in literature for the basic
versions of 2D or 3D packing problems can be hardly adapted to the log op-
timization problem we deal with. The same applies to the studied variants of
these problems, most suited for application arising in logistics. Moreover, log
cutting optimization presents specific constraints and features with respect
to problems arising in other cutting contexts. In particular, the problem must
consider not only a guillotine cutting mode, but also other constraints be-
tween cuts that depend on mechanical aspects that are specific to sawmills.
Many studies have been done over the years regarding log cutting optimiza-
tion in its several variants, and a very extensive survey on the topic has been
recently presented in [24]. As early as the 1980s, solutions are being proposed
to deal with this stage of the log processing at the sawmill. In [16], for ex-
ample, a method based on two levels of dynamic programming is proposed
for cutting patterns consisting of first-level side-by-side vertical cuts (divided
by vertical lines in Figure , each one split into further second-level side-
by-side cuts. In [4], in addition to the case of vertical side-by-side cuts (live
sawing), the case of cutting patterns with a central block (cant sawing) and
optimization with successive rotations (grade sawing) is analyzed, applying
algorithms based on dynamic programming in all cases. In [12] a nested dy-
namic programming approach is extended to consider the log bucking, the
preliminary stage of sawmilling where long logs are cut to standard sizes,
together with the first breakdown optimization. In [23], the problem of filling

a circumference with rectangles is addressed by setting up a Mixed Integer
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Nonlinear Programming (MINLP) model, suitable for small logs, and specific
heuristics for large ones. The proposed approach untangles the problem from
the cutting patterns flexibility that can be actually achieved by automated
cutting lines. As a consequence, some relevant constraints are neglected and
the obtained solutions may require a degree of flexibility that is not com-
pliant with real automated cutting lines. In [7], a heuristic to fill a circle
with rectangles is proposed, using variable neighbourhood search and simu-
lated annealing, but without considering typical cutting pattern constraints.
Reference [10] deals with the optimization of the cutting pattern for Pinus
Radiata, with the objective of improving the work time and the volumetric
use of the log. It proposes a procedure based on dynamic programming, and
considers a model of the internal defective core, estimated by the log external

surface.

Figure 2.15: Example of two-levels pattern

The advent of in-line tomographic measurement of logs [19, 41| has in-
creased the focus on how to integrate this measurement into the cutting
optimization. Before in-line scanning, literature in this domain was based
on log information from off-line tomographic scanners, usually collected in
repositories of tomographic data, e.g., the database of Swedish logs presented

in [2]. In general, the analysis of an optimization approach able to exploit the
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information available from tomographic acquisition requires the preliminary
extraction of internal features that influence the value of logs and boards.
Many studies have been done on modeling [32] and detecting [40], B3] knots,
one of the most important internal log features from an optimization point of
view. An approach to knots detection based on deep learning is described in
[18], which also provides an execution speed compatible with the production
line scanner. Other studies deal with automatic detection, based on tomo-
graphic reconstruction, of other internal log features, such as pith position
[29] or internal splits [43].

Tomography-based cutting optimization enables a significant increase in
value recovery, and this is the focus of many studies. For example, reference
[5] shows a potential increment in boards value for Scandinavian sawmill
processing of pine and spruce by applying an optimized rotation for each
log instead of using the standard horns down angle. In the same contest,
reference [14] presents an investigation that shows increments in value up
to 21%, obtained by adjusting rotation, horizontal displacement and skew
of the cutting pattern. Further researches that confirm the added value of
an optimization based on tomographic data are for example [30, 31 38]. A
more recent work [36] presents a sawing simulation that takes into account
rotation handling and knot detection accuracy, and shows an average value
increase of 20% in an cutting optimization for strength-graded Douglas-fir
timber. The importance of considering measurement and handling errors is
also emphasized in [8], where a detailed analysis of the impact on the esti-
mated board value due to errors in the measurement of the knots parameters
is made. In [4], mathematical models and problem formulations related to the
optimization of the sawing process of hardwood logs are presented. In this
work, a dynamic programming approach is considered for the optimization,
and an internal log defects model, based on tomographic data, is used for
estimating the added value.

The Flexible Log Optimization problem defined in this thesis includes in

its formulation most of the attributes of the sawmill cutting optimization
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problems analyzed by previous literature. From an optimization perspective,
the main peculiarity of the problem relies in the combination of both the re-
quirement to define an optimal cutting pattern following technology-specific
constraints and the valorization of each board based on a complex procedure
that depends not only on the item itself, but also on its position, hence on
the cutting pattern itself. These features represent an optimization challenge
that, to the best of our knowledge, has not been considered before. Some
preliminary work, mostly related to the validation of the machine-learning
based approach to board valorization presented in this thesis, has been the
object of an internship at Microtec [6]. The development of the solution ap-
proach to flexible log optimization problem proposed in this thesis relies on
state-of-the-art black-box optimization algorithms, namely, the Mesh Adap-
tive Direct Search (MADS) [2], B] and the NM-BBOA CP algorithm from
the Derivative Free Library [26].
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Chapter 3

Specification of the flexible log

optimization problem

In this chapter, we define the rules that, starting from a given list of possi-
ble boards, allow specifying feasible cutting patterns in the flexible cutting
environment of reference for this thesis. The flexibility should not be inter-
preted as the possibility to place any board anywhere in the log, but the
cutting pattern construction must comply with the restrictions imposed by
the cutting line. A flexible cutting line (as described in Section is used
as a reference for defining cutting patterns for flexible optimization, which
involves performing the log-to-board breakdown in a few sequential steps.
Some examples of cutting patterns, from the simplest to the most complex,
that fall under this definition, are shown in Figure [2.12] and a related cutting
sequence is shown in Figure (excluding the saw carriage breakdown). This
chapter provides the basic definitions of product, board, and board valoriza-
tion. They are necessary to define the different types of cuts, composed by
stacked or side by side boards, and the cutting pattern, as a composition of
these cuts. This will lead to the formal definition of the Flexible Log Opti-
mization (FLO) problem, the subject of this thesis. The last section of this
chapter presents the proposed solution approach, based on the decomposi-

tion of the problem into three interacting phases, namely board valorization,
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seed-constrained optimization and seed selection. We remark that not all cut-
ting modes described in Section are included in the definition of FLO,
for example, saw-carriage cutting may allow a greater flexibility than FLO.
However, the ideas behind the presented approach, e.g. the distinction into
three phases, remain valid and can be adapted to specific applications with

few adjustments of the last two phases.

3.1 Flexible Log Optimization problem

We consider a three-dimensional Euclidean space and assume that the log
for which we want to construct a cutting pattern is placed in this space with
one face in the xz plane and the other face in another parallel plane with
y = [, where [ is the length of the log. The y coordinate then represents the
direction of the log length, as in Figure [3.1]

Figure 3.1: 3D Euclidean space with the log placed, where y axis corresponds

to the length direction

The definition of the cutting pattern given in this section is intended to
allow the cutting pattern to be constructed in 2 dimensions, on the zz plane,
considering the boards as simple rectangles with sides parallel to the axes

and spaced by a constant saw blade thickness.
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3.1.1 Basic definitions

Definition 3.1.1 (section). Let a section S be defined by the pair (w, ),

where w is the width and ¢ is the thickness of a rectangle.

f(xllllzl)

T (%0,0,20)

X

Figure 3.2: Graphical representation of section parameters (w, t) and position

(%0, 20, ha, bz, ) defining a board in space

Definition 3.1.2 (board). Given a section S = (w, t) and xg, 29, 21, 21 € R,
let

Ry = [z, xo +w] X [0] X [20, 20 + 1], Ry = [z1,21 +w] X [I] X [21,21 +1] (3.1)

be two rectangles, Ry in the plane y = 0, R; in the plane y = [. A board B
with section S and length [, generated by Ry and R; and rotated by an angle
«, is identified by the set:

B =R, (Ry+v), (3.2)

where 0 < v < [, v is the vector ((z1 — z0)/l,1, (21 — 20)/l) and R, is the

rotation matrix of angle o around the y axis, i.e.:

cos(a) 0 —sin(a)
R,=| 0o 1 0 (3.3)

sin(a) 0  cos(a)
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Notice that, according to this definition, rectangles R, - Ry e R, - It
correspond to the opposite top and end faces of the board B.

Definition 3.1.3 (board slopes). Let h, and h, be, respectively, the first and
third component of the vector v in (3.2), i.e., h, = (x1—x0)/l, h, = (21—20)/I.

Definition 3.1.4 (board position). Let a board position L be a tuple
(%0, 20, ha, Bz, @), With @, 29 position on the xz plane of the reference rect-
angle Ry in (3.1), h, and h, respectively the slopes on the xy and zy plane

as defined in (3.1.3)), « the rotation angle around the y axis.

The above definition allow us to identify a board by a pair (S, L), indi-
cating the region of space defined by a section S and its positioning L.

Considering a board as a parallelepiped in the xyz space, it can be seen
that its width and thickness do not coincide with w and ¢ defined by section
S, if hy # 0 or h, # 0. In fact, the sizes w and ¢ correspond to the width
and height of the rectangle given by the intersection of the parallelepiped
with the zz plane, whereas the width (resp. the height) of the board is larger
than w (resp. t) if h, (resp. hy) is not zero: in presence of a slope, the board
axis does not coincide with the log axis y, hence the section orthogonal to
the board axis is not parallel to the xz plane. The choice to refer to the
xz plane is dictated by implementation practices and measurement systems,
which typically consider objects as logs and boards divided into slices along
the y-direction. However, we assume that slopes are enough small that ap-
proximating the board section with its intersection with the zz plane does

not have a significant impact on the optimization result. We thus assume
|hx’ S hmam ) ‘hz| S hmaaz (34>

where h,,., > 0 and is sufficiently small.

3.1.2 Board values

We remark that the definition of a board refers to a portion of the log volume,
independently from the actual product (with related commercial value) that

will be obtained from it. We thus formalize the following definitions.
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Definition 3.1.5 (product). An industrial board product p is defined by the
tuple (SP,vP, RP), where SP is a section, v? > 0 is a number that indicates

the value of the product and RP is a set of product rules that must be verified
to validate the product, as defined in Section [2.3.1]

Definition 3.1.6 (product validation function). Given an industrial board
product p = (SP,vP, RP), a product validation function is defined as the
binary function f7(p, L) that returns 1 if all related product validation rules
are satisfied, i.e. the product p can be obtained from the board B defined by
(SP, L).

Definition 3.1.7 (set of section products). Given a section S, let Ps be the
set of all industrial product p = (SP,v?, RP) with S? = S.

Definition 3.1.8 (board value function). We define a board value function
as a function V(S,L) > 0 that gives the value of the board defined by the

section S and the position L.

Definition 3.1.9 (standard board value function). A standard board value
function V** is defined as a function that assigns the value to a board based
on checking the validity of products compatible with its section, and maxi-
mizing the value itself, more formally:

V(S L) = max fF(p, L)v, (3.5)

pEPs

Function represents the standard way of evaluating a board: among
all defined products that can be obtained from this board (and which can be
even shorter than the board itself), one searches for the highest value product

and assigns this value to the entire board.

3.1.3 Type of cuts in the cutting pattern

We now define how boards can be stacked or placed side by side to create
some basic cuts that will later be combined to build a complete cutting

pattern. In the following definition, we denote by s the saw blade thickness.
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Definition 3.1.10 (main cut). A main cut C* (shown in Figure is

defined by a width w, a position 2™, slopes h} and h¥, vertical limits

z

MM a value VM and a set of NTOT boards B; = (S;, L;), with sections

S; = (wy, t;) and board positions L; = (xg4, 20, heiy hag, i), i = 1... NTOT,
Boards are divided in three groups: N® bottom boards, N central boards,

NT top boards, where NZ 4+ NM + NT = NTOT,

Z'I~|{I B N\
B4
21B,
5 ‘
X 1
B>
zN B,
XM |

Figure 3.3: Main cut structure

The main cut must satisfy the following constraints:
e Consistency with respect to cut width:
w; <wM, i=1.NPori= (N84 N 1) NTOT (3.6)
w; =wM, i = (NP +1)..(NP+ NM) (3.7)
e Boards inside the cut z-axis (also in [-position on the y-axis):
M < 2, < aM 4+ wM —w,;, i=1..NTOT (3.8)
e 4R < w1 < 2™ M+ wM —wy, i = 1..NT9T (3.9)
e Slope h, compatible for all boards:
h.ip =hM i=1.NTOT (3.10)
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e Boards stacked on top of each other:

204 = 2041+t +8, i =2..NTOT (3.11)

e Cut vertical limits:
201 =2y, zontor = 23 (3.12)
e Boards validity check based on the value:
V(S;, L) >0, i =1..NTOT (3.13)
where V is the board value function in Definition 3.1.8

The value of the cut is defined as:
NM
V(eM) =Y V(S L) (3.14)
i=1

The pattern can also contain side cuts, where the board widths are “or-
thogonal” to the board widths of the main cut. We define these cuts as

follows.

B, Z|—

Figure 3.4: Vertical cut structure
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Definition 3.1.11 (vertical cut). A vertical cut CV (shown in Figure is
defined by a width w"", a position 2", slopes hY and hY, a value V'V, a set of
NV boards B; = (S;, L;), with sections S; = (w, t;) and board positions L; =

(Zo.i, 20,45 Pais hoiy i), i = 1... NTOT that satisfy the following constraints:
1. Consistency with respect to cut width:

ti=w", i=1.NV (3.15)

2. Boards inside the cut with respect to x-axis:

—(t;+ 204) =2", i=1..NV (3.16)

3. Slope h, and h, compatible for all boards:

hos=hY, i=1.N" (3.17)

z

h,;=—hY, i=1.N" (3.18)

x )

4. Boards are positioned side by side:

To; = Toi—1 + Wiy + 8, i = 2..N" (3.19)

5. Boards validity check based on the value:

V(S;, L) >0, i=1.N" (3.20)

In this cut we assume that boards are vertical, i.e., rotated by 90°, according
to (3.3]). The value of the cut is defined as:

V(CcY) = NZV(Si,Li) (3.21)

The pattern may also contain additional cuts at the top and bottom of

the main cuts. We define these cuts as follows:
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H o CH
XE Xg

Figure 3.5: Horizontal cut structure

Definition 3.1.12 (horizontal cut). An horizontal cut C# (shown in Figure
[B.5)is defined by a thickness 7, a position 2, slopes h and h, limits
o 2GH a value V| a set of N¥ boards B; = (S;, L;), with sections S; =
(w;, t;) and board positions L; = (20, 20,4, heis Pais i), i = 1... NTOT that

satisfy the following constraints:
1. Consistency with respect to cut thickness:

ti=t" i=1.N" (3.22)

2. Boards inside the cut with respect to z-axis:

20, =2 i=1.N" (3.23)

3. Boards inside the cut with respect to x-axis:

o1 > ﬂnga To NH < a:%f (3~24)
Zo,1 + hm,ll 2 ZL‘gH + Sfl (325)
To NH + wye + hx,NHl < $gf + Sfl (326)

4. Slope h, and h, compatible for all boards:

Poi = hgi1, i =2..N" (3.27)

)

h.; =h i=1.N" (3.28)

z )
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5. Boards side by side:

Zo,i = T0,i—1 + w;—1 + S, 1= 2NH (329)

6. Boards validity check based on the value:

V (S, Li) >0, i =1..N" (3.30)
The value of the cut is defined as:

V(e =>"V(S;, L) (3.31)

3.1.4 Flexible cutting pattern

A cutting pattern is given by the combination of several cuts of the types
defined in Section [3.1.3] taking into account the constraints of a cutting sys-
tem. The cutting pattern template defined here covers many possible cutting
configurations. It consists of left and right vertical cuts and central main cuts

with a limited number of horizontal cuts above and below. An example is
shown in Figure [3.6

Definition 3.1.13 (cutting pattern). A cutting pattern is defined as a set
of left vertical cuts CY'* for i = 1... NV% main cuts C for i = 1..N™ right
vertical cuts CVF for i = 1...NVE top horizontal cuts CHT for i = 1..NHT,

bottom horizontal cuts CH? for i = 1... NP with
NYE>0, NVB>0, NM >1 NHT >0, NHB > (3.32)
and slopes hSF e hP.

In order for the cutting pattern to be consistent with the cutting machine
technology, the cuts that create the pattern must be subject to the specific
constraints described in the following.

We extend the notation to include the features of the different type of
cuts. For example, the position 2" of the left vertical cut C}'~ is denoted by

z/t.

1

A cutting pattern must satisfy the following constraints:
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Figure 3.6: Example of cutting pattern with different cuts highlighted

1. Sequencing of vertical and main cuts:

oVt =aVE rwVt s i =2 .NYE if NVE>2

i
o =¥t w4+ s, if NVE>1
oM =M +wM + s, i =2..NM
oY B =aN +wy +s, if NVE>1

oV =a/ B w/ B +s, i=2. .NE if NV >2

(2

2. Consistency of horizontal slope of main and vertical cuts:

x )

hh=nM = pf = hSP i=1.N"E j=1.N" k=1.N"R

Zz,

50
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3. Consistency of vertical slope of main and horizontal cuts:

WP = nM =l = hSP i =1.N"P j=1.N" k=1.N""

(3.39)

4. Sequencing of horizontal and main cuts:
B =0 8 s i =2 NP if NHB > 2 (3.40)
11;11]\1]%[ ay =aNT HtRT 4 s, if NP> 1 (3.41)
M=+t +s, i =2..NY (3.42)
A7 = max 28, +s, if NIT > 1 (3.43)

i<NM
T =0T 4 M s =2 NPT if NPT > 2 (3.44)
5. Limits of horizontal cuts:

gGH = oM (3.45)
eGH = oM 4+ wi (3.46)

It is also assumed, in each of the previous constraints, that the rotation
a of each board considered in the various cuts and in the cutting pattern is

always the same, with an offset of 90° for the boards in the vertical cuts.

Definition 3.1.14 (cutting pattern value). The value VCF of a cutting pat-
tern is defined as the value given by the sum of the value of all the boards

contained in it, that is:

NVL NHB N}\l NHT NVR
VP ="V VG Ve + Y VeI S vierT)
i=1 =1 =1 =1 =1

(3.47)

The board value function, which must be defined for each possible board
used in the optimization, implicitly defines the validity range of the cutting

pattern (the value is strictly positive).
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The goal of flexible optimization is to find the cutting pattern that gives
the maximum value among all the cutting patterns that can be created ac-
cording to the previous definitions and constraints, given a certain number
of possible sections.

Some additional constraints can be taken into account, however, they are
out of the scope of this thesis. For example, additional constraints may be

related to:

1. Symmetry. A certain symmetry is required between the side cuts for
the stability of the cut;

2. Cutters. Vertical and horizontal cuts, when milled directly in-line to
obtain the final boards in a single pass, are constrained by the mechan-
ics of the cutters. For example, it may be necessary, for the outermost
board, to be completely contained within the profile of the innermost
board;

3. Core boards. It is required that some boards, defined by a specific

products set, are positioned in the center of the log;

4. Necessity of a centrally positioned cut. A cut is required in the center

of the log between two boards.

3.1.5 Flexible Log Optimization problem definition

In the following, we define the Flexible Log Optimization problem:

Definition 3.1.15 (Flexible Log Optimization - FLO). Let P be a set of
industrial products. Let V' be a board value function, defined for each section
SP such that p = (SP,vP, RP) € P, and for each possible board position L.
We want to determine the cutting pattern C'P, as from Definition (3.1.13)),

with the maximum value V¢F.

Depending on the cutting line, additional constraints can be imposed on

the construction of the pattern, for example, more restrictive limits on the
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number of cuts allowed for each type of cut that constitutes the cutting

pattern, like

Nn‘;n S NVL g Nn‘gaw Nn‘;n S NVR S Nn‘i(m (348)
NM < NM. (3.49)
N < NI, N"B<NE. (3.50)

or other restrictions that affect the positional degrees of freedom (e.g., re-
strictions on the allowed values of slopes h{T or h¢P, or on the rotation of
the entire cutting pattern). Another type of restriction, strictly related to
the saw line technology, involves the maximum number of boards that can
be included in each cut. For example, in some lines, the maximum number
of boards for each vertical or horizontal cut is set to 1.

Note that this problem definition does not make any specific reference to
the log to be optimized. Information about the log, its length, its internal

properties and its placement are all summarized in the valorization function

V' (see Definition |3.1.8)).

3.2 A three-phases optimization approach to
Flexible Log Optimization

The approach we propose to address this problem is based on its decomposi-
tion into two distinct decision levels. At the outermost level, some elements
of the pattern are selected, such as the widths of the vertical and main cuts,
and their global positioning and rotation variables. This first decision, which
actually sets some initial constraints on the pattern, is what we will call seed.
The second level is the completion of the optimization after fixing the seed’s
variables, which requires to insert and valorize the individual boards in the
cutting pattern. The decomposition leads to the proposed approach to FLO,
which is structured as a composition of the following three interacting phases,

as schematized in Figure
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1. Board valorization. The first, most basic phase is the evaluation of a
board. Whenever the optimizer decides to check the position of a board
in the log, it needs the most accurate estimate of its value (ideally its

actual value);

2. Seed-constrained optimization. The second phase corresponds to the
optimization of all the second level’s decision variables, assuming that
the seed is fixed. In our implementation, as we will detail in Chapter
the second level’s variables describe the vertical sections of the log,
whereas the seed describes the horizontal position of the vertical and
main cuts of a pattern. This phase can be seen as the evaluation of a
given seed, in particular of the main cuts that define it, and represents

the most computationally intensive task, as explained in Chapter [3]

3. Seed selection. The third phase corresponds to an exploration of the
seeds’ space. Each of the explored seeds is the starting point of the
second phase. In particular, a seed includes the variables that define the
subdivision of the pattern into vertical and main cuts and the remaining
variables related to the positioning of the pattern, such as the rotation

« around the y-axis and the slope h, common to all cuts in the log.

L g Board valorization

Seed-constrained ] EE Board valorization

optimization L —= R R RS EEEEE LR L EEEEEEEEEE

\/ 7 Board valorization

™ P ! Board valorization

W""g’eféa’""" N Seed-constrained Board valorization
selection ! optimization i

Board valorization

Board valorization
Board valorization

Seed-constrained
optimization

Figure 3.7: Diagram of the three-phases FLO approach
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The three phases optimisation approach is schematically represented in
Figure[3.7 In principle, the approach pre-selects a list of seeds or search them
throughout the optimization process (seed selection phase). Fach of these
seeds is passed to a procedure that searches for the highest value solution
obtainable from that seed (seed-constrained optimization phase) until some
termination conditions are satisfied (e.g., maximum running time). During
the second phase, we expect a large number of requests to the first phase, to
obtain the value of the boards at the required positions.

The following chapters will explore and evaluate different approaches to

each phase.
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Chapter 4
Board valorization

As introduced in Section [2.3.3] the valorization of a board from tomographic
data can be performed by creating a virtual board and validating the indi-
vidual products that can be derived from the board by multiple simple rule
checking.

We are not concerned in this discussion with the details of the implemen-

tation of the valorization functions (see Definitions [3.1.6] and [3.1.8) based

on the creation of a virtual board and by 3D intersection of defects, but we
assume that these are available functions that we will use as a reference in
the performance evaluation.

However, as we can easily guess and as we will see in the comparative
analysis, the evaluation based on virtual boards is computationally very ex-
pensive and its intensive use within an optimization algorithm severely limits
its exploration capabilities. Therefore, two different approaches have been de-
veloped to trade off evaluation accuracy and speed, which are presented and

experimentally compared in the following sections.

4.1 Rules Map (R-Map) approach

This approach aims to speed up the evaluation of individual rules defined for

board products. A Rules Map is associated with a matrix whose values are
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computed to allow quantitative evaluations of defects in the log. The maps
compress the defect-related information along the longitudinal dimension of
the log, providing, for positions in the xz space, aggregated values such as
the number of intersected knots or the maximum length available inside the
log for each cross-section position. An important feature of these maps is
that they are computed independently of the product section S, in the sense
that the same maps are potentially valid for every section, but they depend
in part on the positioning L (and more precisely on the slopes and angle of
rotation) for which an evaluation is required from time to time.

In the following definitions, we assume that the two-dimensional maps are
computed with a fixed discretization step with respect to the z, z axes, using
the same reference system as the one used for the cutting pattern definition
given in Section [3.1.4] (roughly speaking, the origin correspond to the center
of the first log slice). Let d,, € R,d,, > 0 be a discretization step (valid for
both axes), N > 1 an integer value denoting the number of sampled positions
in each direction, i.e., each map will include a N x N matrix. In other words,
each element (¢, j) of the matrix is related to a point (x,0, z) in the zz plane
with coordinates:

x=(i—N/2)d., (4.1)

To retrieve values related to any point in the xz plane, we make use of

interpolating functions, that can be defined as follows.

Definition 4.1.1 (interpolating function). An interpolating function f!(M, z, z),
given a point (x,0, z) in the 2z plane, returns an interpolated value over mul-
tiple elements of a matrix M € RV*¥ the ones corresponding to the sampled

points that are close to the required point (z,0, z).

Definition 4.1.2 (R-Map). Let a R-Map be a tuple (M, 0., «, hy, h,), where
M € RV*N is a matrix reporting the discretized information on aggregated
value of a given defect, ., a discretization step and «, h,, h, the rotation
and slope variables related to a board positioning L as in Definition [3.1.4]
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The meaning of the values of the matrix M depends on the defect the
map wants to model and the mode of modeling. In general, given a board
B = (S, L), with L = (zo, 20, hs, h,, ), the element (i, 7) of a map computed
for angle o and slopes h,, h,, corresponds to the modeled value of the defect
aggregated along the longitudinal direction of the board at the position ((i —
N/2)0y, — o, (j — N/2)d,, — 20), relative to a reference system aligned to the
board.

Assuming that one has implemented a suitable set of R-Maps, one can
obtain an alternative product validation function ff;(p, L) that is directly
based on these maps. Consequently, one can define an alternative board value
function that assign a value to a board based on checking the validity of
products compatible with its section, as in Definition ([3.1.9), using R-Maps:

Vi (S, L) = max fi,(p, L)v, (4.3)

pEPs

where, we recall, Pg is the set of products compatible with the section S, and
v, the value of the product p.

We notice that the use of the R-Maps approach during optimization,
requires the pre-computation of maps for all possible « rotations and h,, h,
slopes of the cutting patterns that can be constructed during optimization
(a choice that, as we will detail in Chapters [5[ and @, depends on the seed
selection phase of the optimization approach defined in Section .

The following subsections describe two examples of R-Maps implemented
for fast estimation of rules related to the presence of wane on board edges

and to the number of knots on surfaces.

4.1.1 Wane rule’s evaluation with R-Map

The choice of implementation for this type of map is related to the verifi-
cation of product rules related to the presence of wane. The value of each
map element corresponds to the total log length crossed by the line passing
through the point related to the map position, and can be calculated as a

function of the considered angle o and the slope h;, h.. Note that the length
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shown by the map depends on the shape of the log, indicating, as a first
approximation, for a board edge in that position, the distance of the point
where the wane would begin on that edge with respect to one end of the

board. The line where this length is calculated is obtained directly from the
Equation [3.2}

x ((i — N/2)0,. h,
y | =R, 0 +kR, | 1 (4.4)
z (j — N/2)0. h.

where R, is the rotation matrix along the y axis:

cos(a) 0 —sin(a)
R,=| 0 1 0 (4.5)

sin(a) 0 cos(a)

It is clear from the definition of this type of map that the values of the matrix
M,,, the one included in the definition of the wane R-Map, will be between 0
and [. See for example Figure[4.1I] The central part of the map has a constant
value of [, corresponding to the presence of the log along the corresponding
lines between y = 0 and y = [. The outermost region of the map is constant
at 0, meaning that there is no intersection with the log for the lines associated
with those points in the map. On the other hand, the values in the transition
zone, highlighted in the right image, depends on the intersection of the lines
with the outer shape of the log.

Let us now consider a product of length [ that must satisfy the following

two wane-related rules:
e no wane larger than d,, is allowed in the top or bottom of the product;

e the maximum total length of the wane on the top or bottom of the

product is equal to [,,.

Given a board B = (S, L), with S = (w,t) and L = (x, 2, h, h,, @), the va-
lidity check for that product will be based on the wane map (M, 6., «, hy, h.),
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Figure 4.1: R-Map for wane. Representation of the 2D projection of the log
shape (left), full length wane map (center), map value in the highlighted
region (right)

after verifying the following conditions:

fHUMy, 2+ dy,2) =1 (4.6)
fIM!E x+w—dy, 2) =1 (4.7)
ML x4+ dy,z+1) =1 (4.8)

fIML 24w —dy,z+1t) =1 (4.9)

FHM, @, 2) > 1 =1, (4.10)
UM, +w,2) > 1 =1, (4.11)
FIME 2 2+ 1) > 1=, (4.12)

UM,z +w, 2+ 1) > 1 =1, (4.13)

where the function f/(M,z,z) is a suitable interpolating function as from

Definition [4.1.1l

4.1.2 Knots rule’s evaluation with R-Map

We present here a type of map designed to check some specific product rules

related to possible knots on the surface of the board. The value of each
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element M; ; of the matrix corresponds to the number of knots with a width
in the x-direction greater than a given threshold d;, at their intersection with
the plane of the equation z = zy and with the z-coordinate of the knot
intersection center x < xg, where xy = (i — N/2)d,. and 2o = (j — N/2)0,.,
rotated and tilted according to the usual variables a,h,,h, for which the
map is computed, according to Equation [3.2]

Figure shows an example of knot R-Maps. The image in the middle
reports, in gray scale, the number of knots with a width greater than 10 mm,
calculated for a = 0, h, = 0,h, = 0. The image on the right shows the map
for knots larger than 20 mm. Note that the values are lower (darker colors)

because the first map also counts all knots in the second map.

Figure 4.2: R-Map. Log model with knots (left), knot map for knot width >
10 mm (middle), knot map for knot width > 20 mm (right)

Let us now consider a product of length [ that must satisfy the following

two rules regarding knots:

e no knots with width greater than dj, are allowed in the top or bottom

side of the product;

e at most 3 knots with width greater than di, are allowed in the upper

or lower face of the product.

Given a board B = (S, L), with S = (w,t) e L = (z,z, hy, h.,a), the
validity check for that product will be based on knot maps (M1, 0., &, by, h)

61



and (Mya, 0,2, v, hy, b, ), including the following conditions:

fI(Mkl,:r +w,z) — fI(Mkl,[L',Z) =0 (4.14)
A My, v +w,z4+1t) — f{(Mp,2,2+t) =0 (4.15)
A (Mg, +w, 2) — f1 (Mg, z,2) <3 (4.16)
fI(Myg,x +w, 2 +t) — fH{ (Mg, 2,2 +1) <3 (4.17)

where the function f7(M, z, z) is an interpolating function as from Definition
ZNnI!

In order to evaluate the presence of knots in the sides of the board, in a
similar way, it is necessary to calculate other R-Maps related to the intersec-
tion of the knots with the plane of equation x = z(y to evaluate their width

with respect to the direction z.

4.1.3 Other R-Maps examples

Other R-Maps have been developed as well. We describe them more synthet-

ically and show them as examples in Figure [4.3}

e R-Maps for dead knots. In this case, the maps are computed in the same
way as the knot maps seen in Section [£.1.2] but, for the calculation of
the maps, only the intersection of the dead part at the end of the knots,

if present, is considered.

e R-Maps for heartwood. Since the boundary between the heartwood
and sapwood inside the log is modeled as the outer shape, the maps
are calculated in the same way as the wane (see Section {4.1.1);

e R-Maps for pith. The pith in the log model is defined by a single co-
ordinate (x, z) for each longitudinal position. The total length of the
pith in the y-direction, corresponding to the length of the log, is dis-
tributed among the different elements of the map matrix based on the

discretization performed by the ¢, step.
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Figure 4.3: Example of R-Maps for other defects. From the left: pith length,

heartwood length, dead knots count

4.1.4 Weaknesses of the R-Maps approach

There are two major limitations associated with this R-Map-based approach:
e the approximation of rules by maps;
e the lack of suitable maps for some rules.

The first point concerns the fact that the estimation with the map is an
approximation. For example, if the rule about knots has a threshold of a
certain width (e.g., no knots wider than 25 mm are allowed on the surface),
in order to validate it, we have to look for the precomputed map with the
closest knot size. If the rule is specific to the diameter of the knot, and the
map is only able to estimate its width, as in the example presented in Section
[4.1.2] the evaluation computed using the map may be inaccurate.

Another level of inaccuracy of the map concerns the longitudinal position
of the defects. For example, a product to be evaluated could be shorter than
the length of the board and could be obtained by trimming the board. In this
case, defects should only be evaluated on the useful portion of the board. This
effect can be partially mitigated by computing multiple maps for different
longitudinal portions of the log, but it cannot be eliminated unless maps are
computed for every possible longitudinal location of every possible product

length.
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The second point concerns the fact that new or specific rules or defects to
be taken into account during optimization may require additional maps that
are not yet implemented. Adding rules or defects requires specific analysis
and implementation, and we cannot exclude cases in which the nature of the
rule or of the defect prevents the application of the R-Maps approach. In this
case, rules are ignored in the initial phase of the optimization, where a large
number of solutions are analyzed, and are considered only in the final phase,
where the best solutions are verified by the slower method based on virtual
board construction.

These two critical issues together lead the optimizer to make board eval-
uations that may even differ significantly from the actual value. Even if the
evaluation using these maps is actually used to select a limited subset of
cutting solutions that will later be re-evaluated more precisely, these errors
can often prevent the exploration of potentially better cutting solutions than
those that are finally selected.

From the computational perspective, by using R-Maps, the evaluation of
a board takes much less time than the more accurate evaluation by virtual
board creation, but still requires multiple memory reads in the execution of
the procedures that verify all the rules of the possible products, as needed to

give a final value to each board.

4.2 Value Map (V-Map) approach

An ideal solution to speed up the board valorization phase would directly
provide the value of a board given its location within the log, without the
need for further processing, by simply reading its value from a special map
associated with the position and orientation of the board. This is the idea
behind the Value Map (V-Map).
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4.2.1 V-Map definition

The formal definition of V-Maps is similar to R-Maps, with the important
difference that for V-Maps the value of each matrix element does not corre-
spond to some approximation of a log defect, but directly to the value of a
board positioned with its center in the point associated to the map element.
It follows that the V-Map also depends on a specific section S of a board.
Figure [4.4] illustrates this concept.

Definition 4.2.1 (V-Map). Let a V-Map be a tuple (M, S, .., a, hy, h.),
where M € RV*N | S is a section (w,t), d,, a discretization step and M; ; =
V(S L) (see Definition[3.1.9)), with L = ((i—N/2)8,. +w/2, (j — N/2)0.. +
t/2,a, hy, hy).

3420 %

5.80 %

4.30 $

Figure 4.4: Example of a V-Map. On the left, a tomographic section of the
measured log with defects highlighted and three possible placements of a
board. In the middle, the surface of the board obtained from each of these
three placements, where the corresponding value is shown. On the right, the
value map related to this board, where the value of the three points shown
corresponds to the value of the boards (black points identify value 0, white

points the maximum value).

We notice that a V-Map refers to a specific cross section S and to specific
slopes h,, h. and rotation «. As a consequence, to perform an optimization
based on these maps, it will be necessary to precompute all the necessary
V-Maps with respect to the discretization steps chosen for these variables.

Therefore, the procedure for calculating value maps is as follows:
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Std dev. of knot diameter measure error 2 mm

Std dev. of knot dead knot border measure error | 10 mm

Std dev. of knot length measure error 5 mm
Knot measure detection rate 98%
Std dev. of rotation error 3°

Std dev. of alignment error 4 mm

Table 4.1: Errors considered in knot measure and log handling

e For each section S, slopes h,, h., and rotation « considered by the op-

timization:

— For each element M}; related to the map (M?, S, d,., @, by, hz)

* Create the virtual board B = (.S, L) where
L=((i—N/2)bp, +w/2,(j — N/2)0y, + /2,0, hy, h).

+ Assign to M; the value V*'*(S, L), by verifying the validity
of all products with section S and by selecting the validated

one with higher value.

We remark that the V-Map directly provides the value of a board, which
corresponds to the value of the best product that can be obtained from it,

without the need for further verification of individual products.

4.2.2 Stochastic V-Map

The previously defined value maps do not take into account the unavoidable
inaccuracy of the log measurement process and the handling error during the
cutting phase. To account for these errors, a Monte Carlo approach based
on repeated evaluations of each virtual board is proposed, taking into ac-
count experimentally verified measurement and handling errors, modeled as
Gaussian-type, zero mean and variance errors, as shown, e.g., in Table [4.1]
As an illustrative example, we consider V-Maps influenced by knots. For

each evaluation of a virtual board, the parameters of each knot in the log
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model (see Section[2.3.2)) are randomly perturbed, in such a way that the knot
diameter, dead knot border and length are changed according to a normal
distribution of mean 0 and standard deviation as in Table[4.Il The dead knot
border is defined in the knot model as the position of the point, relative to
the knot origin point, at which the knot changes from being sound to dead.
The given knot detection rate is used by eliminating from the log model each
knot with a probability of 2%. The rotation and alignment error impact the
entire log model by rotating it and applying shifts in the z-direction and
z-direction according to the parameters in Table [4.1]

At the moment, the stochastic model only accounts for errors associated
with knot measurement and log handling. The parameters of the stochastic
model were based on assumptions and field experience, and their refinement
will be part of future work.

Figure shows an example of an ideal V-Map and a corresponding
stochastic V-Map, obtained with 25 Monte Carlo evaluations changing the
log model according to the error values reported in Table [4.1]

Figure 4.5: Example of ideal value map (left), and stochastic value map with
25 launches (right)

4.3 Value Maps through Convolutional Neural
Networks

Evaluating the value maps for each optimization requires a very large amount

of computational resources. In fact, a single map relative to a single section
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requires the evaluation of N x N virtual boards on which to evaluate all the
product rules associated with that section. Using the stochastic approach,
this number is multiplied by a further factor. Assuming an angle step of
do = 5°, it will be necessary to evaluate Ng = 180°/d, = 36 rotations; a
reasonable number of slope steps is given by Ny, = 5, Ny, = 5; a sufficient
number of sections involved in the optimization is Ny = 14; the chosen
number of repetitions for the stochastic approach is Ngroc = 25; considering
an average time Ty g = 1ms for the evaluation of a virtual board, it is easy to
estimate that the creation of these maps for each log may require a computing

time of the order of
Trvap = Ty N*NpNr N, Ny, Nsroc ~ 1300 hours. (4.18)

Therefore, the possibility of obtaining an approximation of the value maps in
a faster way is proposed, using an approach based on Convolutional Neural
Networks (CNN) [25].

CNNs are machine learning tools suitable for image processing [25]. The
basis for obtaining good results from this type of approach usually requires
having a significant amount of data available for training and validation. In
our case, we have a set of images processed from the tomographic scan of the
log (as we will detail in Section as input of the CNN, and the value
maps as reference output (ground truth). At present, we have a large number
of tomographic scans of logs available, with different characteristics in terms
of size, quality and species, since tomographic scanners have been installed
in many sawmills for years. In addition, once the optimization specifications
are defined in terms of products and rules, value maps and network inputs
can be automatically calculated, without the need for supervision or manual

marking. This is an ideal situation for a deep learning approach.

4.3.1 CNN definition

CNNs are a deep learning model primarily designed for working with images.

In fact, CNNs are very effective in tasks such as classification, segmentation
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or object detection [39, B7]. Their structure is designed to emulate the bio-
logical processes involved in the processing of the visual field by the visual
cortex, by means of a layered structure based on small convolutional filters.
Each of these filters specializes during the learning process to identify specific

patterns. The classical structure of a CNN network consists of these elements:

e Convolutional layers: these layers consist of sets of convolutional

filters that slide across the entire image;

e Pooling layers: these layers reduce the spatial dimension of the output
after the convolutional layers. They do this by applying maximum or

average functions to reduced windows;

e Activation functions: non-linear activation function (as the classical

ReLU) are applied after convolutional and pooling layers;

e Fully connected layers: layers typically at the end of the CNN that
connect all the neurons of the previous layer with all the neurons of a

new layer;

e Output layer: it depends on the task of the network; for example, in
the case of classification, the output layer returns the probability values

for each class considered.

For our purposes, the CNN network architecture must be able to produce as
output a value map, which is an image related to the xz section of the log. To
this end, it is necessary to determine how to encode the log model informa-
tion in order to provide it as input to the network. The entire tomographic
reconstruction of the log, typically a volume of 700x700x400 voxels, is likely
to be unmanageable in data size and more difficult for the network to in-
terpret defects. Therefore, we start from the log model, described in Section
2.3.2] in particular by creating several two-dimensional maps containing the
information of individual features and defects. We call these maps D-Maps,

and their definition is similar to the R-Maps described in Section Since
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we need to determine a correspondence between input images and output
images, the type of task required from the CNN is a pixel-level regression

[46], which leans the choice for the CNN towards a U-net architecture [35],

as schematized in Figure [4.6

1 64 64

iz;l”a%“t | output
il il segmentation
tile map

388 x 388 '

572 x 572

2

284
282

= conv 3x3, ReLU
copy and crop
§ max pool 2x2
4 up-conv 2x2
= CONV 1x1

Figure 4.6: U-net architecture (example from [35])

We here provide an overall description of the implementation of the pro-
posed CNN; details can be found in [6].

For each section S = (w,t) needed for the optimization, it will be neces-
sary to train a specific network, whose output will be the value map for the
S section and whose input will be a set of D-Maps. The D-Maps we used
for the validation of the approach are calculated for sections at 200 mm step
along the length of the log, leading to, e.g., a total of 21 elements per type of

D-Map, to cover a standard log length of 4 meters. We consider the following
D-Map types:

e D-Maps for shape: same as R-Map for wane in Section [£.1.1], but cal-
culated in portion of 200 mm length (see left image in Figure ;
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Figure 4.7: Examples of D-Maps: Shape (left), Heartwood (center) and Pith
(right)

e D-Maps for knots: an overlapped mask of knot presence. Multiple knot
maps are generated for different sizes of knots, e.g., diameter greater
than 10, 20, 30, 40 and 50 mm (see left image in Figure [4.8);

e D-Maps for dead knots: same as previous, but considering only the
dead portion of each knot (see right image in Figure [4.8));

e D-Maps for heartwood: same as shape D-Maps, but considering the

shape of the heartwood region instead of external shape (see center
image in Figure |4.7));

e D-Maps for pith: projection of the pith position on the 200 mm length
(see right image in Figure [4.7).

Figure 4.8: Examples of D-Maps: knots (left) and dead knots (right)

Each CNN has been trained with different inputs, depending on the type

of rules it has to check (e.g. if there are no pith or heartwood rules for
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a specific section, these D-Maps are not added to the network input). In
general, the input of each network is an image with many channels (even
more than 100), 21 for each type of D-Map considered useful.

We remark that it is not necessary to perform specific training on the
rotation angle o and possible slopes h,, h, of the pattern. In fact, in the
inference phase, it will be sufficient to rotate or skew the log model to generate
the rotated or skewed D-Maps as input to the CNN. For example, Figure
shows the output of the inference of the same CNN network applied to the
log model, rotated at different angles, to obtain the V-Maps corresponding
to these rotations. This assumption makes it more likely that this approach
can be used in practice, as it reduces the time to compute the single value
map required to train each section to about 5 minutes per log, according to
Equation [£.18] These operations can be further accelerated and parallelized
to obtain the V-maps of all the logs needed for proper training (about 3000

in our experiments) in a reasonable time.

¢ 0006

Figure 4.9: Example of V-Map inference results using a 45° rotation step, for

the same log and same section

4.3.2 Integration of the CNN-based V-Maps into the

optimization process
Figure [4.10]summarizes the log optimization process where CNNs are used to
compute V-Maps. The process is divided into two stages, an offline prepro-

cessing step, and an inline stage where the optimization procedure is executed

after a new log is measured. More in details, we have:

e Offline preprocessing

Depending on the set of instances that the optimizer has to be able to
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Figure 4.10: Optimization process integrating V-Maps training

face, and thus on the list of all possible products and their rules, all
CNN networks needed for inline inference have to be trained. Changes
to the rules or products require new training to update the correspond-
ing networks. Training requires computing the ground truth and input
of the networks based on a standard log dataset. The input corresponds
to D-Maps, which can be computed once and for all, since they do not
depend on the optimization settings. The ground truth corresponds to
stochastic value maps (see Section, which can be computed point
by point using the virtual board approach. The time required can be
remarkable, but the system can be designed appropriately considering
that this preparation can be done offline. For example, one can think
of a centralized server that provides these specific evaluation networks
to the various online optimization instances, while maintaining an up-

to-date library of these networks over time;

e Inline optimization
In the production line, upon arrival of each log that is required to be
optimized, it will first be necessary to calculate the D-Maps for that
log. Depending on the procedure of the optimization and the sections
needed, the inference of the CNN networks is made to obtain the ap-

proximate V-Maps. Based on these maps, the optimization can then
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proceed with the most appropriate algorithm (in particular, the three-
phases approach described in Section . The computation times for
the creation of the D-Maps and the inference of the networks, as veri-
fied in the experimental evaluation, are already of an acceptable order

of magnitude to be used inline.

4.4 Numerical results

The methods presented in this chapter provide an implementation of the first
phase (board valorization) of the overall three-phase approach presented in
Section The goal of this first phase is to provide a fast and reliable board
evaluation. In this section, we first report on a computational analysis of the
effectiveness of the different valorization approaches. To this end, in Section
[4.4.1] we compare the results of a same optimization procedure for FLO that
embeds the different board evaluation approaches proposed in this chapter.
In Section [4.4.2] we provide an empirical analysis of the timing associated to
CNN-based V-maps, towards their embedding in optimization procedures in

real cutting environments.

4.4.1 Results of log optimization with different valoriza-
tion approaches
A test has been performed using a data set of 122 logs measured with the

tomographic scanner, from which the log model has been derived. In Figures
.11} 4.12| and [4.13] a characterization of this dataset is shown based on the

diameter, length and species distributions.

In terms of products and rules, the optimization setup is similar to that
described in [6], specifically 4 sections are defined for main products and 2
sections for side products with multiple lengths. The inserted rules cover only
the 4 defects for which both V-Maps and R-Maps approaches are currently

developed, and these are wane rules, rules on maximum size and number of
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Figure 4.11: Dataset logs diameter distribution. Small end refers to the di-

ameter of the smallest end of the log, large end to the largest
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Figure 4.12: Dataset logs length distribution [mm|

healthy and dead knots, percentage of heartwood, and presence of surface
pith.

Compared to the model defined in Section the optimization proce-
dure used for the test reported in this section considers fewer degrees of
freedom, because a large number of value maps must be precomputed as a
reference for the optimization. In particular, all boards in the cutting pat-
tern have the same slopes h, and h, and rotation acp = 0. Optimization
based on stochastic V-maps, computed exhaustively for each log and section,
is considered as the reference solution against which to compare the other
two approaches to board valorization defined in this chapter, namely R-Maps
and CNN V-Maps.
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Figure 4.13: Dataset logs species distribution

Test mode Value | Value % | Avg time (s)
Stoc. V-Map (reference) | 2135.46 | 100.0% 74
R-Maps 1976.11 |  92.5% 14.5
CNN V-Maps 2112.15 |  98.9% 8.5

Table 4.2: Optimization results with different approaches for board valoriza-

tion

Table [4.2] summarizes the results of our experiments. Column Value re-
ports the total value of the boards obtained by the optimization of all logs in
the test set. Column Value % reports the percentage of value obtained with
respect to the baseline, that is given by the Stochastic V-Maps approach.
This approach, as shown by the calculation in Equation [£.18] is not suitable
for inline use, due to the long generation times needed by related V-Maps.
The last column shows the average computation time for one log. Note that
no rotations or slopes of the cutting pattern are taken into account, meaning
that, while this time is significant for comparison, it is smaller than the time
required for a full optimization. The CNN approach achieves 98.9% of the
baseline value with almost the same computation time (which excludes the
time for network inference, which is not counted here but evaluated in Section
. The R-Maps approach achieves only 92.5% of the baseline value, with

an even longer time despite a reduced number of shifts (the value related
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to the pattern centering shifts tried during the optimization, as explained in

Section [5.2.4)).

4.4.2 Timing verification

Table reports on the inference times of CNN networks. The first column
contains the sections considered; the second column contains the number of
channels of the input image for the CNN; the third column reports the type of
D-Maps used as input; in case of knot D-Maps, the diameter of the knots used
in calculation is added to the name. D-Knot refers to the dead knot D-Map,
HW to the heartwood D-Map, as specified in Section [4.3.1] The last column
reports the inference time, estimated using an Nvidia RTX-A5000 GPU card.
Reported times refer to the average for a single inference in condition where
multiple instances are launched in parallel to take full advantage of the GPU
computing power. For sections where the number of channel in input is the
same (e.g. 256x95 and 25x180), the inference time is the same as long as the

structure and dimension of the trained CNN network is exactly the same.

Section N. of Type of input Inference
t x w (mm) | channel D-Maps time(ms)
45 x 100 63 Shape, Knot-10, D-Knot-10 6
25 x 95-180 84 Shape, Knot-30-50, D-Knot-30 7
37 x 100 84 Shape, Knot-50, D-Knot-30, HW 7
40 x 100-200 105 Shape, Knot-30-50, D-Knot-30, Pith 9

Table 4.3: Inference time for the different CNNs trained for different sections

We remark that the computation time does not depend on the type of
input, but only on the number of D-Maps considered (number of channels).
In our experiments, we have sections that need from 3 to 5 types of D-Maps,
each type of D-Map is used 21 times in the input to cover the length of the
log (4 meters by 200 mm steps). Therefore, considering the requirements of

a typical optimization setting, similarly to Equation [4.1§] setting Nr = 14
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sections, Nrp = 36 rotations, Ny, = 5 and N,, = 5 slopes, and considering
an average inference time Tryp = 7ms, we obtain an estimate of the total

inference time needed for optimization equal to:

TTOT = TINFNTNRNs:pst ~ 90 seconds (419>

The estimated time, while significant, is in the same order of magnitude
as the reasonable time for log optimization, considering that we can easily
parallelize inference computations on multiple GPUs and different log opti-
mizations on multiple computers.

In fact, the reasonable average time for the optimization of a standard 4
meter log in the sawmill, considering a line with a feed rate of 100 m/min
and a distance between logs of about 1 meter, is about 3 seconds, a factor of
30 over the estimated time for inference. It is reasonable to think that a rack
of 15 industrial PCs (a configuration already installed by Microtec in several
plants just for optimization with tomographic scanners), equipped with 2
GPUs equivalent to the A5000 tested, can perform flexible optimization with
the approach based on V-Maps and CNN networks. The GPU is dedicated
to the inference of the CNN networks only, since the rest of the optimization
algorithm is currently planned to run in the CPU. In this calculation, each
PC has an average of 45 seconds of CPU time available for each log to run
the optimization algorithms based on the computed V-Maps, with the op-

portunity to parallelize on internal CPU cores.
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Chapter 5
Seed-constrained optimization

The solution of the FLO problem, defined in Section [3.1] consists in the con-
struction of the maximum value cutting pattern based on the valorization
of the contained boards, as defined in Chapter 4l The proposed approach
involves the decomposition of the problem into two decision levels, which
corresponds to a division of the cutting pattern’s variables into two parts.
This chapter identifies the first-level cutting pattern variables that lead to the
definition of the seed, and describes a procedure to optimally complete the
cutting pattern from the seed, i.e., the procedure that, having fixed the first-
level variables (the seed), defines the second-level variables that provide the
highest overall cutting pattern value. The proposed procedure corresponds
to the second phase of the solution approach sketched in Section for FLO
(seed-constrained optimization). It is based on dynamic programming algo-
rithms and is inspired by similar optimization procedures in the literature. In
particular, we will see how this approach can be adapted for filling the main
cuts defined by seed with stacked boards, taking into account the specific
features of the FLO problem and the integration with the procedures that
optimize the remaining second-level decision variables. An experimental ver-
ification of the performance of the proposed algorithm for seed-constrained
optimization is presented, with the aim of calibrating its parameters towards

the best trade-off between computational load and performance. The tuning
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of this algorithm is indeed crucial, since it is called several times in different

positions by a second, higher-level algorithm.

5.1 Seed definition

The choice of what to include in the seed is the basis of the proposed approach
to the FLO problem. The goal is to divide the optimization into two levels.
At the innermost level, we want to keep the possibility of using very efficient
algorithms for filling cuts with boards, as we will see in this chapter, and
leave the other decision variables related to the cutting pattern to a higher
level of optimization. The choice of the first-level variables stems from the
availability of dynamic-programming procedures that deals with the filling of
a single cut with boards [16], assuming a fixed position for the cut itself. The
variables that we consider at the outermost decision level refer to a global

positioning of the cutting pattern, in particular, they are:

e the horizontal shift, calculated with respect to reference centering of
the cutting pattern. We assume that, for a null horizontal shift, the
cutting pattern is horizontally centered with respect to the total width

of the vertical and main cuts;
e the rotation, which is common to all cuts and all boards;

e the horizontal slope, common to all vertical and main cuts, possibly
different only for the horizontal cuts (in this case, it will be optimized

during the seed-constrained optimization);

e the vertical slope, common to all main and horizontal cuts, possibly
different only for the vertical cuts (in this case, it will be optimized

during the seed-constrained optimization).

From an optimization perspective, the choice of the first-level variables
aims at defining a suitable optimization domain, where the search methods

used to explore the seed space (as we will detail in Chapter @ are able to
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identify promising search directions after perturbation of the seed variables.
Notice that any change in the above listed variables changes the position of
the cuts in the log and requires, in principle, a complete reoptimization. In
fact, the values of the contained boards depend on their position and they

are all potentially affected.

Definition 5.1.1 (seed). We define a seed as the tuple
(NVE,NMONVE i wkvr, wh . owl, ol whvg, coy by hey ) (5.1)

where NVE, NM_ NVE are the number of vertical and main cuts of the

pattern, wF, wM, wk are the widths of each cut 7 in the related sets, ¢, is a
shift, in z direction, of the whole pattern with respect to a common centering
of the cuts, h, is the common slope, in the x direction, of the vertical and
main cuts, h, the slope, in the z direction, of the main cuts, « the rotation

of the whole pattern.

Let 2 be the position of the first cut of the pattern. It corresponds to 7,
position of the first vertical cut (see Definition [3.1.11]) if NV¥ > 0, otherwise
to 2 position of the first main cut (see Definition [3.1.10)), always present
in the pattern. The position x; is then determined by:

NVL N]\J NVR
vo=—_wi+> wM+ > wis(NEFLNVELNYE 1)) /24, (5.2)
=1 =1 =1

In other words, it is assumed that, if ¢, = 0, the start of the first cut and the
end of the last cut are symmetrical with respect to the center of the reference
system, which is also assumed to be a central position with respect to the log
to be optimized. Although not required by the cutting pattern definitions, it
is assumed that the log model is properly centered before optimization and
that the log axis is aligned with respect to the y axis of the reference system.
Under this assumption, we minimize the size of all maps defined in Chapter
[], since the maps are centered in the origin by construction, according to
Definitions [4.1.2| and 4.2.1} The term s(NVEZ + NV + NVE — 1) takes into

account the saw blades between all the cuts.
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5.1.1 Empirical seed symmetry

All the proposed optimization procedures benefit from the following obser-
vation. As a general heuristic, and following current practice, we restrict the
rotation to angles between 0° and 180° for the definition of the seed. The seed
defined by Equation for the rotation « is similar to the following seed
defined for the rotation o + 180°:

(NVE NM NVE Wl nwlt wkh o) whvr . wl —coy —hg, —he, adm)

(5.3)
where the order of the cuts is reversed, and slopes and centering have opposite
sign. The restriction comes from the fact that current practice in cutting
pattern construction often considers these two seeds as “equivalent”, although
their valorization may be different. However, the empirical assumption is
justified by pattern construction procedures, that tend to guarantee a certain
degree of symmetry of the pattern with respect to the y axis. As we will
see in the following sections, the procedures we devise for seed-constrained
optimization and for seed selection also stick to this practice, and provide
almost symmetric patterns in the y direction. As a consequence, it is not
worth to evaluate two seeds obtained with a rotation of 180° from each other,
since they are (almost) symmetric and, hence, provide (almost) the same
value. This will enable exploring seeds in other degrees of freedom.

We remark that, once the seed is fixed, the problem of optimizing the
remaining decision variables of the cutting pattern, i.e., the seed-constrained
optimization problem, can be decomposed into two independent subprob-
lems, each dealing with, respectively, the main and the vertical cuts, as de-
fined in Section [3.1.4 The proposed algorithms are explained in detail in the

following sections.

5.2 Main cuts optimization

The optimization of the main cuts defines the main boards obtained from

that main log block. It includes the definition of the main horizontal cuts
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and, usually, it require the most relevant computational effort. The problem
has, at first sight, strong affinity with the one presented in [I6], where the
choice of the best sequence of the main cuts is made in two steps, each based
on dynamic programming, with a two-levels logic. The external level works
in the horizontal direction, the inner one deals with the identification of the
optimal solution of each cut in the vertical direction. However, the main cuts
optimization problem we have to solve has some peculiarities that prevent
the application of such a nested method. The main reason is the presence of
multiple parallel main cuts enclosed between two sets of horizontal cuts. We
thus propose a different approach, where a single-level dynamic programming
algorithm (inspired by [20]) is executed multiple times to solve a selection
of optimization subproblems. In particular, a higher-level heuristic samples,
for each of the main cuts, multiple starting positions, and then extracts the
best overall combination of these starting positions based on the evaluations
made in the suboptimizations.

The details of the approach will be explained in the following subsections.
In general, the main cuts optimization procedure we propose combines some
of the components presented in [16] for simplest problem versions, which can
still find application in some simpler instances and, more in general, defines
the building blocks of our overall procedure. In the following subsections, we

analyze such blocks, gradually introducing the required levels of complexity.

5.2.1 Knapsack-like formulation for single cut board stack
optimization

Let T be the total thickness of the vertical cut we want to fill, t; and v;,

respectively, the thickness and the value of each board i = 1...n, in a given

set of n boards, s the thickness of the saw blade.

The problem can be formalized as the following integer linear program-

ming model:

83



f(T+s)= maxi VT4 (5.4)
i=1

subject to
n

> (tits)z <T+s, (5.5)

=1

v, €ZTi=1...n (5.6)

The variable x; defines how many units of each board are included in the
total thickness.

This problem is a classic knapsack problem and, as it is well known, it
can be solved by dynamic programming, i.e., by recursively computing the
function f with a discretization step dr < T, where dp is a divisor of T', s

and t;, for every ¢ = 1...n. In particular:

f(0) =0 (5.7)
f(k) =max{f(k—1),v; + f(k—t;/dr)}, i=1...n (5.8)
where k =1...(T + s)/dr

However, this approach is not directly applicable to our problem for two

main reasons:

e we need to know the position of the inserted boards, not just their
number; in fact, the value of the boards is not a given constant (as for

v; in Equation , since it depends on the board position in the log;

e we cannot guarantee that there is a common divisor for all boards and
saw blade thicknesses. Consequently, unless we introduce approxima-
tions whose impact on the objective function could be significant, the
step we should use would be equal to the basic resolution of the cutting
system (under typical conditions for systems of interest in our study
equal to 0.1 mm, see Section , which may lead to an impractical

computational load.
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5.2.2 Stack boards optimization with positional value

The solution approach presented in Section can be extended to consider
the positional value of the boards, leading to Algorithm [I] In the algorithm,
NP is the number of boards, t[i] the thickness of board 7, V[i][x] the value
of board ¢ at position x, F|x] the value of function f(z). Since we cannot
rely on a common divisor in our problem, we introduce an approximation
by ignoring the step dr, and we check the function f for all arguments x
between 0 and 7" by a uniform discretization step nominally equal to 1.
In other words, we compute the function f by steps of 1 unit of length, =
being expressed in the same unit. Notice that no further approximation is
introduced if the unit used to express sizes corresponds to the precision of
the cutting machinery, normally 0.1 mm. In fact, in this case, all parameters
related to size can be assumed to be integer valued, and variables x restricted
to the integer domain. Because of the positional value of the boards, we
will have to construct “continuous” sequences of boards, where boards are

adjacent and separated by the saw blade thickness s.

Algorithm 1 Stack boards with positional value

for x =0,...,T+sdo > check all position with step 1
Flz] <0
fori=1,...,N® do > check all possible boards

20—z —t[i] —s
if 20>0 and V[i|[z0] >0 and V|[i|][z0] + F[20] > F[z] then
Flx] < V[i][z0] + F[z0]

At the end of the algorithm, the vector F' contains the value of the op-
timal sequence of boards starting at each discretized position x. Notice that
Algorithm [l may determine different sequences of boards starting at different
positions. Moreover, not necessarily a sequence of boards related to a larger
position z leads to a larger total value than a solution relative to a smaller
position z. As an illustrative example, Figure shows a possible outcome

of the algorithm. Let us assume s = 1 and that the only validated boards
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during the algorithm execution are the ones in the figure, with the shown
positions and values. There may be values of x for which the function F'is
0, since there is no sequence starting at that position, e.g., for x = 10. More-
over, the sequence starting at x = 15 has a higher value than the sequence
starting at x = 18.

For the sake of simplicity, the algorithm as written does not keep track
of the position = of the best solution, nor of the positions and thicknesses of
the placed boards, but with minor modifications it can be adapted for this

purpose.

F[0j=0 F[5]=50 F[10]=0 F[15]=300 F[18j=155

Figure 5.1: Examples of boards sequences for Algorithm , and corresponding

values of F

Algorithm [I] can be effectively used for solving the main cuts optimization
problem when we have single main cuts, i.e., according to the notation of the
cutting pattern Definition [3.1.13] main cuts where N#7 = 0 and N*5 = 0,
which denotes the absence of horizontal cuts. In this case, the optimization

of each main cut can be performed independently.

5.2.3 Stack boards optimization with positional value

and fixed start

In the condition where N7 > 1 and N#Z > 1, Algorithm [1| is not directly
applicable, since the optimization of each main cut is not independent. As
a naive approach, one could check in parallel the partial solutions generated
in all main cuts as the position x in the algorithm progresses, but these
partial sequences should all somehow be aligned or compatible with the same

horizontal cut.
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We will then introduce a variant of Algorithm [I] that is able to address
a slightly different problem: this new algorithm is general enough and will
later be used within the overall algorithm we will propose in Section [5.2.4]

The problem we want to solve is to find the optimal sequence of a maxi-
mum number N¥ of stacked boards, covering a total thickness of dimension
T, whose value is determined as in the problem in Section [5.2.2] but with
the constraint that the first board in the sequence is at position 0. The for-
mulation of the problem is as follows.

Again, let T be the total thickness of the vertical cut we want to fill, ¢; and
v;, respectively, the thickness and the value of each board i = 1...NZ in a
given set of N¥ elements, s the thickness of the saw blade. We assume that,
for the used unit of measure, t; € Z*. Let f(i, ) be the function that returns
the value of the board 7 at position z, assuming that a board of thickness ¢
positioned in z covers the interval [z, z + t[. Let T be the total thickness of
a vertical cut we want to fill, N° the maximum number of stacked boards.
We want to find: the length of the sequence of stacked boards n < N¥; the
position z; of the jth board in the sequence; the board i; that appears in
position j of the sequence, with j = 1...n, maximizing the total value of the

stacked boards. For explanatory purposes only, the problem can be specified

as follows: .
V(T) = flij,zy) (5.9)
j=1
subject to:
T :Ij_l—f—tij_l + s, ]:272, (51].)

The first constraint fixes the positioning of the first board at position 0, the
second constraint imposes the continuous sequence of the boards with spacing
equal to the saw blade thickness s, and the third constraint guarantees that
the whole sequence is completely contained within the total thickness T'. We

remark that the above formulation is not a mathematical program, because
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the indexes n, i, and ¢;_; are related to decision variables. The formulation
can be easily linearized using, for each board and position, a binary variable
taking value 1 if the board is in that position, 0 otherwise, and modifying the
constraints to take a linear form (which is out of the scope of this thesis).

The problem can be solved trivially by exhaustively exploring all arrange-
ments of NP boards for N° cuts. The complexity of such an algorithm is
O(Ng™s). Of course, as the number of available cuts increases, this exhaus-
tive algorithm immediately becomes impractical.

We thus propose a solution approach inspired by Algorithm [T} The algo-
rithm constructs various board sequences and searches for the highest valued
solution from a thickness ¢, but now all sequences are constrained to start
exactly at position 0. The algorithm divides the thickness interval [0, T, over
which the board sequences are searched, into intervals based on a step 9, with

these specifications:

0, >0 (5.13)
d; < min ¢ (5.14)
1<i<NB

Condition [5.14] requires that ¢, is less than the smallest board thickness,
to ensure that a board cannot be completely contained in the same interval,
otherwise it would not even be possible to fit it into a sequence.

Assuming the all parameters related to size are integer-valued (as ob-
served in Section [5.2.2), the algorithm is exact for d, = 1, while for values
of §, > 1 the algorithm loses the guarantee of optimality with a gain in ex-
ecution speed. It will therefore be necessary to evaluate a trade-off between
execution time and loss of value, as we will see in Section [5.6] devoted to
computational experiments.

The idea behind the algorithm is to compute only one value of the function
V' (see Equation for each of the intervals generated by the step d,.. In fact,
the algorithm computes multiple versions of this function, each referring to a
specific number of boards contained in the sequence for which each function

is computed.
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Figure 5.2: Exact position z of the board in the sequence with respect to the

interval division

In addition to the value of the function, each time the algorithm inserts
a board into a sequence, it also updates the exact position the board reaches
in that interval, meaning that the position of the board is not subject to the
same discretization of the function V.

To clarify this concept, consider Figure [5.2] The variable Xy 3 refers to
the exact position of the best sequence of exactly two boards, ending in the
interval with k£ = 3. The value of X3 3 will therefore be within this interval,
i.e. greater than or equal to 36, and strictly less than 46,. We notice that,
while the exact position can be any value in the interval, the gain in speed
comes from the fact that proposed algorithm deals with a finite (and fixed)
number of function values, one per discretization interval, which speeds up
the computation.

We are now ready to describe Algorithm [2] that we propose for the main
cuts optimization. In the algorithm, Vzi refers to the value of the board
i = 1..N® in position x. V., X1 L., are, respectively, the value, the end
position and the last board index of a sequence of ¢ boards that ends in the
interval k = [kd,, (k + 1)d,[.

The outermost loop of Algorithm 2| defines the number of boards involved
in the sequence. In the first iteration, the values of the function Vi, are
assigned, corresponding to the values of a sequence consisting of a single
board positioned exactly at 0. The position of the end of the board must be
in the interval k, namely in [k, (k + 1)d,[. The exact value of the position at
which the board ends, and from which a second board can be added at the
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Algorithm 2 Stack boards with positional value and fixed start

forc=1,...,N° do
fork=1,...,N" do
Ver <0
Xep <0
I.p,<+0

fori=1,...,N” do

if c =1 then
if ko, <t; < (k+ 1)), and V;f) > V.1 then
Ver < Vif)
Xep <t
Ioj <1
else

for kapp € {0,1} do
ko < | (k0y —t; — ) /0] + kapp
2o < X1k + 5
if (ké, <zo+t; <(k+1)),)and V._y4, >0
and Vifco + Ve > Ve then

B
Ver V;m + Vo1 ke

Xc,k — To + ti

Ic,k — 1
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next iteration of ¢, is stored in X.j. If the value V; is zero, it means that
there is no board that starts at 0 and ends in interval k.

For example, suppose we are in the innermost loop at iteration ¢, k, 1,
with ¢ > 1. The algorithm needs to update the value V_ ;. It then evaluates
whether the board of size t; can join a sequence of ¢ — 1 boards (evaluated at
the previous iteration of ¢) and ends up in the interval k obtaining a larger
value than previously found. To do this, it must determine the only two
possible intervals kg and k; in which to search for the end of the sequence
to which it should append the board of size t; so that it ends in the interval
[k, (k + 1)0;[. These two intervals are given by ky = |(kd, — t; — s)/0,] and
ki1 = ko + 1, the next interval. For each of the two intervals, the algorithm
determines if there is a sequence of boards that falls in that interval, and
stores in x( the position X. jx, (or X._1x,, depending on the interval). If,
adding the thickness t; of the current board to the sequence, the position
ro + s + t; is in the interval relative to k, then it is checked whether the

new value obtained from V2 + V. ;. (or VB + V. ;) is higher than the

1,20 1,0
current one, and, in this case, all variables V_ x, X, I, are updated.

The complexity of this algorithm is determined by the three nested cycles,
related to the number of boards NZ, the maximum length of the sequence
of boards N®, and the number NT = T/dr of intervals into which the total
thickness T' to be optimized was divided. We then obtain O(NZ N5 NT),
which is much more convenient than the exhaustive algorithm as the length

of the sequence increases.

5.2.4 Overall algorithm for main cuts optimization

The algorithm we propose for the overall optimization of the main cut se-
quence, in the presence of horizontal cuts, is illustrated in Figure [5.3] and
more formally reported in Algorithm

In the first step, the algorithm selects, for each main cut, several possible
center split positions based on a predetermined step. For each of these split

positions, on each main cut, the Algorithm [2] is applied in the two opposite
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Figure 5.3: Overall approach to main cuts optimization

directions. In this way, Algorithm (3| provides, for each main cut, an indication
of the possible sequences that, starting from the outside of the log, join
exactly at the split position under consideration.

In the second step, Algorithm [3| exhaustively explores the split combina-
tions of the main cuts. For each of these combinations of split positions, it
checks the starting position of the horizontal cuts that leads to a larger total
value. The search for this starting position is done from the feasible positions
of the board sequences found by Algorithm [2, within a heuristically deter-
mined range based on the log size. The optimization of horizontal cuts will
be described in Section [5.4]

The complexity of Step 1 of Algorithm [3] depends on the number H of
split positions to be evaluated for each main cut. The complexity will then
simply the one of Algorithm [2| multiplied by this factor.

The complexity of Step 2 is related to the number of split combinations,
denoted by HM, where M is the number of main cuts, and the number
of horizontal cut optimizations (as we will detail in Section performed
for each of them. The number of starting positions for the horizontal cut
optimizations depends on the range considered and is reduced by the choice
of step ¢, of Algorithm [2], since there will be at most one starting position

to consider for each step interval §, (for each main cut and for each length
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Algorithm 3 Main cuts optimization

Step 1: main blocks optimization
for each main cut C' do
for each split position S do
Using Algorithm [2}
calculate VST XOST from top to the split position

calculate V&5B X598 from bottom to the split position

Step 2: extract best solution
for each split combination do
for each main cut C do
store valid top start positions for hor. cuts, based on V&5T X ST
store valid bottom start pos. for hor. cuts, based on V@58 X958
for each potential top start position for horizontal cuts do
optimize top horizontal cuts from top start position
for each main cut C' do
get best value below the top start position from V@57 X&ST
update the best solution over the splits
for each potential bottom start position for horizontal cuts do
optimize bottom horizontal cuts from bottom start position

for each main cut C' do
get best value over the bottom start position from V&8 X 5B
update the best solution under the splits

update the best solution for the main cuts

recover the global best solution for the main cuts
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of board sequence).

This second step of the algorithm becomes computationally dominant as
the number of evaluated split positions increases, especially for seeds where
there are many main cuts to consider.

The choice of this approach, based on sequences constrained to a central
cutting position, has other significant advantages that are not explicitly de-
rived from the definition of the cutting pattern as from Definition but
are related to operational specifications that sometimes need to be consid-
ered depending on the specific cutting environment. These specifications are
not detailed here, however, the implementation of Algorithms [2] and [3] can

be easily adapted to take them into account. In particular:

e in certain cases, the tool performing the cut is set up with blades of sig-
nificantly different thicknesses. By starting the dynamic programming
algorithm from the center position, the number of the blade that will
perform the cut during the dynamic programming algorithm can be
uniquely determined. It is then sufficient to consider the actual blade
thickness in Algorithm 2

e in some cutting systems, the outermost blades are in a fixed relative
position to the innermost blades. This limits the choice of product
thickness that can be used when cutting with these blades. Similarly
to the previous point, knowing which blade is doing the cutting allows
controlling the selection of valid boards during the iteration of Algo-
rithm [2 by excluding boards in the innermost cycle if not compatible

with the current saw blade index of the outermost cycle.

e for some optimization settings, it may be necessary to always make a
centered cut within the main cuts, or to start from a pre-configured
centered board. These requirements are related to a standard way of
cutting logs, dictated by experience, that must be maintained within
the optimization, and can be obtained by applying, in Step 1 of Algo-

rithm [ if a centered board is required, a different split position for
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top e bottom direction, taking into account the presence of this board.

5.3 Vertical cut optimization

For vertical cuts, the boards are rotated by 90°, i.e. their thickness is equal
to the width of the cut. The optimization of the vertical cut is, in general,
less complex than the optimization of the main cutting block, so its impact
on the overall required optimization computational resources is negligible. In
most real-world applications, there are one or two boards side by side in each
cut. The degrees of freedom for this optimization are therefore reduced to
the selection of these boards and their vertical position in the cut, with the
ability to skew them by an angle independent of the main block. A detailed
discussion of this phase of the optimization is not of particular interest in
this research. For the specific application, we simplify the handling of vertical
cuts by limiting them to one board per cut and keeping the skew the same
as the main block, thus eliminating the need to compute specific V-Maps.
Under these assumptions, a simple heuristic for cut optimization on the basis

of value maps is proposed:

e all board sections with thickness equal to the width of the cut are

selected;

e V-Maps are calculated for these sections, with angle and slope compat-

ible with the current seed;

e for each section, find the point of maximum in the z direction in the

specific interpolated V-Map at the central x position of the cut;

e the maximum value found determines the winning section.

5.4 Horizontal cuts optimization

In the course of optimizing the main cuts, it will also be necessary to repeat-

edly optimize sequences of horizontal cuts, (see Definition [3.1.12)), to com-
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plete the top and bottom parts of the pattern. The innermost cut in each of
these sequences, as expressed by constraints and , will have a 2/
position that depends on the highest and lowest positioned product, relative
to all products in the main cuts. As with vertical cuts, we simplify the treat-
ment of horizontal cuts by limiting them to one board per cut and a slope h,
equal to that of the main cuts. The current heuristic takes a greedy approach
to completing the horizontal cuts. The second cut, if any, is chosen after the
previous cut has been determined. For each cut, every thickness-compatible
section is tried, and several positions are tried with a fixed step approach
with respect to the position centered on the main cut block. More advanced
optimization approaches are certainly possible and will be evaluated in the

future.

5.5 Alternative seed definition

In this section, we present an alternative definition of the seed, compared
to the one provided in Section [5.I} This definition aims to reduce the com-
putational bargain of optimizing a single seed by moving some degrees of
freedom from seed constrained optimization (Phase 2 of the overall opti-
mization approach) to seed selection (Phase 3). Specifically, the alternative
seed definition, referred to as split-seed, is larger than the previous one, and

also includes the positions of the splits for the central cuts.
Definition 5.5.1 (split-seed). We define a split-seed as the tuple

(NVE NM NYE wl wkvr,wl N, wit . wkve, coyhay hay o, Sy .. Syu)
(5.15)
where the first elements are exactly the same as in Definition[5.1, and Sy ... Sym €

R correspond to the split position of each main cut as described in Section

b.2.4

Using this definition, the optimization of the main cuts no longer needs
to be evaluated for all possible combinations of splits, thus potentially reduc-

ing the complexity of the seed-constrained optimization phase. Algorithm
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which replaces Algorithm [3]in the case of this different seed definition, sim-
plifies the optimization of the main cuts, as it is now constrained by a specific
combination of split positions. We remark that, at step 2, it is still necessary
to evaluate the possible starting positions for the horizontal cuts related to
the split positions.

However, as will be seen in Section [6.5.5 we anticipate that using this
new seed definition seems not to yield any significant advantage in terms of
overall optimization performance. Therefore, the recommended approach in
this thesis remains the seed definition provided in Section [5.1]

5.6 Numerical results

An analysis of the impact of the choice of the discretization step 9, of Algo-
rithm [2|is reported in this section. In fact, we want to determine the trade-off
between computational speed and the loss of value caused by the subopti-
mality of Algorithm [2]

The following three different ranges of board thicknesses have been taken

into consideration for our experiments:
e scenario with thin boards: thicknesses between 17.0 mm and 40.0 mm;
e scenario with thick boards: thicknesses between 30.0 mm and 60.0 mm;

e scenario with mixed boards: thicknesses between 17.0 mm and 60.0

min;

These three thickness ranges were used to test whether the d, step is more
critical with thicknesses closer to each other or with smaller average board
thicknesses. Five different values were also evaluated for the number of boards
from which the algorithm could choose, varying from 3 to 7, a reasonable
range in practice. Finally, a total of 7 possible values were considered for
the d, parameter, ranging from 0.1 mm (corresponding to the value §, = 1,

which is the resolution of the system) to 17 mm (corresponding to d, = 170),
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Algorithm 4 Main cuts optimization with split-seed

Step 1: main blocks optimization (single split)
for each main cut C' do

Using Algorithm [2}

calculate VST XOST from top to the split position

calculate V&8 X558  from bottom to the split position

Step 2: extract best solution
for each main cut C' do
store valid top start positions for hor. cuts, based on V&7 X&ST

store valid bottom start pos. for hor. cuts, based on V58 X958

for each potential top start position for horizontal cuts do
optimize top horizontal cuts from top start position
for each main cut C' do

get best value below the top start position from V@57 X&ST
update the best solution over the splits
for each potential bottom start position for horizontal cuts do

optimize bottom horizontal cuts from bottom start position

for each main cut C do

get best value over the bottom start position from V&8 X 5B

update the best solution under the splits
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in order to respect the constraint in Equation [5.14] A total of 105 scenarios
were then considered from the combination of all these parameters. For each
scenario, 1000 simulations were performed, varying the thicknesses involved
and the V-Maps used.

Each simulation consists of an optimization of a single main cut, centered
with respect to z, on a randomly chosen log in the set considered in Section
[4.4} the optimization is based on Algorithm [, randomly choosing an angle
for the cut and the split position within the cut, and running Algorithm [3]

During each simulation run, the number of boards required by the sce-
nario are generated with thicknesses within the required range, but with a
minimum difference between the generated thicknesses of at least 2 mm. Each
generated board is associated with a V-Map by randomly selecting one from
those generated for the experiments reported in Section [£.4], and adjusting it
for thickness so that the values are consistent across all boards.

For each simulation with d, = 1, because of the significant required com-
putational resources, only two evaluations of the algorithm are made from a
central split position. The split position and map rotation are chosen ran-
domly for each run. The returned value is given by the sum of the maximum
values obtained by the algorithm in both directions (see Figure .

For each simulation with 9, > 1, additional evaluations are performed,
each time randomly changing the split position and rotation. The maximum
value obtained is taken from all these evaluations. This simulates the possi-
bility of performing more trials by having more time available (as it happens
during the overall log optimization, thanks to the seed selection phase). The
number of evaluations made for each run is exactly equal to d,, the compu-
tation time of the algorithm being inversely proportional to this parameter.
For this reason, we may expect better results from larger discretization steps,
which may be counterintuitive.

The simulation results are shown in Figures [5.5 and [5.6l The graph in
Figure[5.5|shows the trend of the average value obtained in the three thickness

scenarios as the value of 9, increases. The lower average value of the scenario
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Figure 5.4: Global algorithm for main cuts optimization

with smaller thicknesses can be attributed to a lower possibility of placement
on the value map, especially for scenarios where the number of boards is
smaller. The graph in Figure 5.6 shows the increase in value compared to
the simulation with §, = 1. It is clear that there is an initial significant
increase in mean value of more than 5% by increasing d,. This advantage
then decreases for larger values. The initial increase in value is intuitively
justified by the fact that the impact of discretization intervals is low, as long
as 0, is sufficiently small, especially for short board sequences. For example,
the information of the optimal sequence of length 1 is preserved as long as
0, < d, where d is the maximum difference between the thicknesses of the
boards. As the length of the sequence increases, the probability that two
sequences of the same length will end up on the same intervals, and thus
be lost, increases. In our experiment, the maximum length of the sequence

of boards is limited to 7, a number that is already significant with respect
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to practical uses. The decrease in value for larger values of ¢, is intuitively
due to the fact that it is more and more likely that the sequences of the
same length end up in the same intervals, since the differences in thickness
between the boards are more likely to be smaller than ¢§,. Moreover, the
number of discarded sequences increases, thus vanishing the advantage of a
larger number of sampled evaluations coming from the increasing 9. A good
choice of d,, based on these simulations, would therefore seem to be between
5 and 10 mm (corresponding to a value between 50 and 100 referring to the

resolution used).
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Chapter 6
Seed selection

The seed selection phase of optimization deals with the highest-level decision,
namely the choice of an optimal seed. We recall that a seed includes the
ordered list of the widths for the vertical cuts and the main cuts of the
cutting pattern, an horizontal centering variable, two slope variables, in x and
z directions, and the rotation of the whole pattern, as detailed by Definition
b1l

Following the three-phases approach to FLO defined in Section [3.2] the
seed selection phase focuses on the selection of width combinations for the
primary vertical cuts in the pattern and their positions. The actual board
filling and the addition of horizontal cuts are deferred to the second phase of
optimization, as already detailed in Chapter [5

The number of combinations available for selection can potentially be
extensive, especially with an increase in the number of widths available for
vertical and main cuts. However, in practical scenarios, the number of widths
typically remains manageable, usually not exceeding a dozen, to give an idea
of the problem’s scale. As from the definition of cutting patterns given in
Section [3.1.4] the widths of the side cuts correspond to the possible thick-
nesses of a set of boards known as side boards. These boards usually have
reduced thicknesses and variable lengths, enabling optimization of the vol-

ume yield of the cut, with better adaptation to the irregular external shape of
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the log. Additionally, the same set of boards is used for filling the horizontal
cuts. In contrast, the widths of the main cuts are sourced from a set of main
boards, often representing the most significant products in terms of value.
These boards are typically of full length, the same of the log, emphasizing
their importance in the optimization process.

After an insight into the seed definition variables, the chapter describes
the approaches considered for the seed selection phase of the optimization.
In particular, in addition to a simple random seed sampling, a heuristic al-
gorithm is explained in detail, and an experimental evaluation is reported to
properly tune its parameters. The heuristic has been found inadequate, as
even the simple random seed selection algorithm achieves better performance.
Two other algorithms are thus described, based on searching procedures that
explore the solution space related to the seed variables’ domain. The first
algorithm applies Mesh Adaptive Direct Search (MADS) [2], the second one
applies NM-BBOA _CP from the DFL library [26]. Both approaches, accord-
ing to literature, are suitable for integer-variable problems such as the one
under consideration and belong to the category of derivative-free optimiza-
tion algorithms. In fact, the nature of the FLO problem falls within the class
for which these types of algorithms have been devised, since the problem is
characterized by a highly discontinuous and computationally expensive ob-
jective function. Experiments show that the performance of these algorithms
starting from a single initial solution is not satisfactory. We therefore pro-
pose the combination of these algorithms with a multi-start approach, based
on an initial random selection of promising solutions. Finally, comparative
results of the performance of the different algorithms are presented consid-
ering a fixed time limit: they show the ability of the multi-start derivative
free search to provide good results with computational resources that are

compliant with an inline implementation.
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6.1 The seed’s decision variables

We recall that, by Definition [5.1] a seed is a tuple of decision variables that

we report here for the reader convenience:
VL nfM AfVR L L M M R R
(N"H2 NP N wy . owyve, Wy - Wi, WY . . Wave, oy By, By 1)

We notice that the selection of cut widths constitutes the combinatorial as-
pect of the seed, corresponding to its first variables that define a partial
cutting pattern; we will refer to them as pattern variables. The last four vari-
ables of the seed refer to the degrees of freedom for positioning this partial
cutting pattern within the log; we will denote them as positioning variables.
The positioning variables are defined within a limited discretization range,

in particular:

e ¢, corresponds to a horizontal centering of the entire cutting pattern.
During cutting, the horizontal centering is typically achieved by shifting
the blade block relative to the log alignment. We define the evaluation
range of ¢, using a step d., and a number of symmetric steps N, in

the two opposite directions with respect to the plane x = 0 (see Figure

3.1), leading to

¢y = kdo,, —N., <k < N, , k integer (6.1)

For k = 0 we have ¢, = 0, that is, the cutting pattern is centered with

respect to the original alignment of the log in the reference system (see

Section ;

e h, determines the common horizontal slope across the entire cutting
pattern. It is related to an initial alignment of the reference system with
respect to a predetermined axis of the log, as mentioned in Section |5.1
This initial alignment already serves as a good heuristic for assigning
a value to this variable (corresponding to h, = 0), and the mechanical

centering system typically does not even allow for a different alignment.
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In fact, such alignment would need to be performed with the log still
intact, posing significant mechanical constraints. Nonetheless, we in-
clude this variable in the seed definition as it theoretically provides a
potential optimization margin. Similar to c,, we define the evaluation
range for this variable using a step d;,, and a number of steps V;,_, that
18,

hy = kon,, —Np, <k < Ny, k integer (6.2)

h. determines the vertical slope of the cutting pattern, similarly to h,. It
is also centered with respect to the initial alignment of the log. However,
this slope specifically relates to the main cutting block and consequently
to any horizontal cuts added during the seed-constrained optimization
phase. Vertical cuts, being independent of the main block, may have an
independent z-axis slope, which is optimized directly within the seed-
constrained optimization process. We define the evaluation range for

this variable using a step d,,, and a number of steps Nj_, so that

hz = ]{J(Shz, —th < k < th, k integer (63)

a represents the log rotation and it applies to the entire cutting pattern.
Each individual board inserted into the cutting pattern will adhere to
this rotation, or at most, 90° + « rotation if placed in vertical cuts.
Sometimes, the cutting line imposes constraints on the degrees of free-
dom of rotation, primarily concerning the stability of the log during the
initial cut. Specifically, when the curvature of the log exceeds a certain
threshold, the log typically needs to be rotated for the initial cut so
that the direction of maximum curvature aligns as vertically as possi-
ble. On the basis of the empirical seed symmetry discussed in Section
[b.1.1] the useful evaluation range for the rotation angle is between 0
and 180°. After denoting the angular step with J,, we have:

a = kb, 0 <k <7/dy, k integer. (6.4)
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6.2 Random sampling

The random sampling approach aims to serve as a baseline for other seed
selection approaches. The algorithm involves randomly selecting a seed based
on the feasible ranges for each individual variables. For all of the algorithms
that we will be comparing in this chapter, the same time limit will be taken
into account for each of the logs in the test set. Throughout the available
time, the random sampling algorithm will generate new seeds and request
their evaluation to the seed-constrained optimization phase, storing the best
evaluation obtained. There can be various ways to implement this random
selection, particularly regarding the number and width of cuts. The chosen
method will be detailed in Section [6.4.3] as it will also serve to provide the

initial solutions of the multi-start derivative-free search approaches.

6.3 Heuristic approach

The devising of a heuristic procedure for seed selection is driven by its sim-
plicity and its direct reliance to value maps to evaluate a reference width for
inserting cuts based on available board sections. Additionally, the proposed
heuristic suits the specifications of a realistic flexible cutting line that we will

consider in our analysis. This cutting line is characterized by:

o NVE e {1,2}, NVE € {1,2} (one or two left vertical cuts, and one or

two right vertical cuts)
e NM € {1,2,3} (one to three main cuts);
e one board only on each verticul cut.
The algorithm runs through two steps:

1. sorting all possible seeds, considering solely on the pattern variables,

and based on a priority;
2. selecting a limited range for the positioning variables of the seed.

107



In the selection of both left and right vertical cuts, combinations leading
to wider outer cuts compared to the inner cuts are excluded. Although this
constraint is not enforced by the cutting machine, this choice has long been
implemented in software such as Maxicut Pro for optimizing side cuts. The
purpose is to reduce, at least partially, the potential number of combinations,
aligning with a widely accepted criterion in the practices of cutting patterns

construction.

Figure 6.1: Calculation of the expected positions of the vertical and main
cuts, based on the value map. Sections at the extreme value positions are
highlighted in green, and the expected positions (in purple) are calculated as

a percentage based on their positions

The procedure for assigning priority to a partial pattern is based on the
comparison of four cutting positions related to the two outermost vertical
and main cuts. Position are consider after the assumption that the cutting

pattern is centered with respect to the reference system (and thus to the
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log, as seen in Section . Based on the value maps, “ideal” positions are
obtained considering the actual log. These ideal positions are computed by
evaluating, by means of V-Maps, the most extreme positions, with respect to
the x-axis, of a board inserted in the outermost left and right vertical cuts.
From these extreme positions, the four ideal cutting positions are obtained
according to two multiplicative coefficients, one related to the vertical cuts
(0 < ky < 1), one related to the main cuts (0 < ky < ky), determined by
experimental tests (see Figure . The priority is then determined by the
distance of the first calculated positions with respect to the ideal ones. More

in detail, the procedure is as follows:

1. For each possible side board thickness, among those available, select
the section S with the smallest width and choose its V-Map V =
(M, S, 64, c, hyy hy), with « = 7/2,h, =0, h, = 0;

2. based on this V-Map, determine the positions #,,;, and i,,.,, for each
section in the matrix M". Each position is evaluated in the central row
j = N/2 (corresponding to coordinate z = 0). i,,;, and, respectively,
Imaz correspond to the first and last non-zero values in the row of the

matrix;

3. for each section S, compute T = (fmin — N/2)0, — t/2 and Tpe =
(4maz — N/2)0,+1/2, where t is the thickness of the section S. x,,;, and
Tmaz Tepresent an approximation of the reference positions for vertical

cuts that can generate value for the given section;

4. create an exhaustive list of partial patterns (which can be seen as seeds
constrained to ¢, = 0,h, = 0,h, = 0, = 0). To this end, consider: all
possible combinations of maximum NV¥ widths of vertical cuts, based
on the section thicknesses of the products considered by the optimiza-
tion; all combinations of maximum N widths of main cuts, based on
the section widths of the products; all combinations of maximum NV#

widths of vertical cuts. These three combinations of widths are to be
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further combined with each other to obtain the exhaustive list of partial

patterns;

5. For each of these partial patterns, compute xy, =), x{, =}, repre-

senting respectively the left position of the first vertical cut, the left
position of the first main cut, the right position of the last main cut,
and the right position of the last vertical cut, using the same method
as in Equation . Therefore, we will have z{ < 2! <z} < z{/;

6. based on the thickness of the first and last cut, select the values z,,;, and
Tmaz Calculated in step 3. Given the two coefficients 0 < ky < kpy < 1,

determine the expected positions for the limits of the vertical and main

cuts:
x[‘)/l = kv Zmin (6.5)
l‘évj, = kMxmin (66)
(Ei\J’ = kamax (67)
xY/ = kvTmaz (6.8)

7. determine the priority of the partial pattern as a measure of the distance

between expected and actual positions, in particular:

P = (ay =) + (23" — ") + (21" —al)’ + (a1 —a))? (6.9)

Once the partial patterns are sorted based on the priority value, the
algorithm will evaluate them in ascending order, testing, for each of them,
the predefined reduced positioning range, until the available running time

expires.

6.4 Derivative free approach

The problem of seed selection can be formalized as a black-box optimization

problem, where we lack an explicit mathematical representation of the ob-
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jective function. The problem under consideration falls within the following
general definition:
min f(z), € C CZ" (6.10)

where n is the number of variables included in the seed. We recall that both
pattern and positioning variables of the seed are constrained to integer values:
the former correspond to the choice of a size among the available product
sections; the latter are defined after a discretization step.

The seed selection process is characterized by several aspects that make
it suitable for a solution approach based on derivative-free optimization [27].

In particular:

e the execution of the objective function is computationally intensive. To
obtain the value of a solution, completing the optimization of the con-
strained seed is required, which entails evaluating a significant number

of boards;

e the decision variables are integer, and they cannot be relaxed for the
sake of the objective function evaluation; the integer constraint cannot

be relaxed;

e the pattern variables of the seed have a combinatorial nature, leading to
strong discontinuities in the objective function. For example, modifying
the width of a main cut not only entails optimizing that specific cut
from an entirely different set of main products, but also changes the

horizontal positioning of all other cuts based on the new overall width;

e even the positioning variables of the seed, c,, a, h, and h,, potentially
continuous, are actually discretized with significant steps, because of
the need to precalculate V-Maps in a reasonable time, leading to sub-
stantial variations in the objective function. For example, some cuts

may become invalidated in a single discretization step.

The definition of the set C' in Equation [6.10] pertains to the encoding

of the solution (solution representation), which affects the definition of the
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search space and, hence, potentially, the search behavior. This is in fact a
crucial aspect, as it distinguishes how the seed information is represented and
processed by the search optimization procedure, and the number and the do-
main of variables depends on this choice. Let w}/, with j =1... NWV, denote
the possible widths for vertical cuts and w}’, with j = 1... N"* denote the
possible widths for main cuts. Additionally, let NV be the maximum number
of vertical cuts allowed in the cutting pattern, both left and right, and N™
be the maximum number of main cuts. We consider two alternative ways of
defining the vector = of decision variables, depending on the chosen domain

for the pattern variables of the seed. In particular we have:
1. binary pattern variables (width-presence mode):
= (25 M 2V ey by by, Q) (6.11)
where

VP e {0, 3NN e, 2l F e {0,1},i= 1NV, j = 1.N"Y

(6.12)
M e {0, NN e aM e {0,1),i = 1..NM j = 1. .NWM

(6.13)
2V e {0, VN e 2R e {0,1},i=1..NY,j = 1L.NVY

(6.14)

Variable z}} takes value 1 if the width w}’ is selected for the left vertical
cut 7, 0 otherwise. Remaining variables are defined in a similar way. At
most one binary variable in each cut is allowed to take value 1, meaning
that the following constraints (where we use * as an abuse of notation)

must be satisfied:

NW*
> @iy <1, i=1.N"xe{V,M} (6.15)

Jj=1

If all binary variables in one cut have value 0, the cut is not present.
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2. integer pattern variables (width-list mode): we assume that the
widths w) for j = 1..N"V and w}’, for j = 1..N"™ are in ascending

order. We have:
= (2VF oM 2V e, by by, Q) (6.16)
where
2"F e {0..NYVIN e, 2P e {0.NVV}, i=1.N"  (6.17)

M e {0 NVMINY e M e {0 N"M} i=1.NM  (6.18)

2P e {0 NIV el 2V e {0.NVV}, i=1.NY  (6.19)

The value taken by each variables z}'%, M, x}' % if > 1, directly corre-
sponds to the choice of a width in the ordered set of widths; a value of

0 indicates that the cut is not present.

The set C is defined not only by simple bounds on the variables but, for
both modes, some combinations of input variables will not be feasible and
are not part of the domain C'. For example, a solution where an inner vertical
cut is absent while an outer one is present is not allowed.

The positioning variables, on the other hand, are managed in a similar
way in both modes. The only consideration concerns the handling of rotation,
related to the implementation of specific derivative-free algorithms:: to allow
optimization algorithms to work in the proximity of angles 0 and 7, the

domain will be slightly enlarged.

6.4.1 Mesh Adaptive Direct Search - NOMAD

The Mesh Adaptive Direct Search (MADS) algorithm [2, 3] offers a robust
approach to optimization and is well-suited for addressing problems charac-
terized by nonlinearity, discontinuity, and lack of smoothness in the objective
function. It is part of the family of Direct-search Methods. The basic strategy

of the algorithm is to iteratively refine a mesh of points in the solution space,
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dynamically adapting to the local characteristics of the objective function,
decreasing the mesh size to refine a local minimum, or increasing the mesh
size to explore other regions, based on a variable set of polling directions.
The algorithm is well-documented, implemented, and constantly updated in
the NOMAD library, written in C++-.

6.4.2 Derivative Free Library - DFL

The other algorithm used for the problem is part of the Derivative Free Li-
brary, an open-source library born from a collaboration between CNR and
several Italian universities. The algorithm is the NonMonotone Black-Box
Optimization Algorithm for Constrained Problems (NM-BBOA CP) [26],
specifically designed for black-box integer problems. The algorithm is based
on defining primitive directions on which, at each step, the algorithm at-
tempts to find an improved solution relative to a reference value updated
considering a fixed-size buffer containing the last useful objective function
values, with a non-monotone linear search. The size of this buffer has been
the subject of a preliminary analysis aimed at experimentally evaluating an
appropriate value tailored to the specific type of optimization problem being
analyzed (see Section [6.5.3). After determining a suitable buffer size, this
choice was consistently maintained throughout all subsequent experiments

to ensure comparability and reliability of the obtained results.

6.4.3 Multi-start approach

The proposed derivative-free algorithms are designed to explore the domain
of feasible solutions, starting from a feasible one. To find a feasible solution
for both algorithms, we use the same procedure described in the heuristic
approach (Section , constructing a starting solution using the partial
pattern with the highest priority, and keeping the other position variables
(¢zy hgy hs, «, as defined in Section to 0. However, the experimental

results of these algorithms, simply starting from this first solution, are not
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satisfactory, as both algorithms do not seem to explore the domain efficiently,
in fact they are outperformed by both the heuristic approach and the random
search. Therefore, a multi-start approach is proposed for the MADS and the
DFL algorithms. An initial exploration phase evaluates possible promising
solutions for a short time interval compared to the available time limit. In the
remaining time, the derivative-free algorithm is repeated, using as starting
solutions those identified by the first phase, and subject to a time limit. In
order to provide comparable results to the single start approach, the overall
time limit is allocated part to the first sampling phase, and the remaining
part is equally divided among all the single searches.

In order to improve the sampling ability of the multi-start approach, the
choice of the initial solution is made by a random search. This choice is
justified by the fact that, as we will show in Section [6.5] this very simple
approach outperforms the heuristic approach, even if the latter has been
experimentally tuned (see Section .

The procedure for the multi-start approach is as follows:

1. for a predetermined time interval (in our experiments, 10s), a first phase

of random sampling is performed (see Section ;

2. all solutions evaluated by the first phase are sorted according to the

value obtained;

3. the best solution is selected from this sorted list. This will be the first

starting solution for the derivative-free algorithm;

4. the derivative-free algorithm is executed, from that starting solution,

with a predetermined time limit (in our experiments, 5s);

5. a new starting solution is selected, taking the next element in the or-
dered list identified by step 2; the new solution must be sufficiently
distant from those already used as a starting point. This evaluation is

done by considering a minimum threshold (in our experiments, equal
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to 5) on the distance calculated by:
d=|z" — 2'|] (6.20)

where 2° and ! are vectors containing the seed variables of 2 solutions

(Section [6.1));

6. the procedure is repeated from step 4, until the time limit is reached.

During the random sampling (see Section [6.2)), seeds are generated based
on a uniform random selection, in the admissible range, of each element of

the vector containing the seed variables.

6.5 Numerical results

All the experiments reported in this section are based on a test set of 50 logs,
each 4 meters long, with a variable diameter range as shown in Figure [6.2]
The logs were acquired in a production line during normal processing using
a CT Log scanner at a scanning speed of 130m/min. The log model used to
calculate the value maps was also generated directly inline using Microtec CT
Pro standard software. The value maps from the log model were calculated
using CNN networks specifically trained on the specific products, according
to the methods described in Section 4.3

Dataset log diameter distribution [mm]
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Figure 6.2: Dataset logs diameter distribution. Small end refers to the diam-

eter of the smallest end of the log, large end to the largest
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The products used for the test are listed in Table which shows the

side products, and in Table [6.2] which shows the main products.

Thick | Width | Length | N° of Rules Prices

[mm] | [mml] [mm]| qual. considered
17 95 3000-4000 4 Wane, sound&dead knots | 50,70,100,170
17 180 3000-4000 4 Wane, sound&dead knots | 50,70,100,170
25 95 3000-4000 4 Wane, sound&dead knots | 50,70,100,170
25 180 3000-4000 4 Wane, sound&dead knots | 50,70,100,170
32 95 3000-4000 4 Wane, sound&dead knots | 50,70,100,170
32 180 3000-4000 4 Wane, sound&dead knots | 50,70,100,170

Table 6.1: List of the side products used in the simulation. Each row corre-
sponds to a board section, for which multiple products (with different quali-

ties, lengths and prices) are defined

Each row of the table corresponds to a section, and includes multiple prod-
ucts distinguished by quality, with increasingly restrictive rules and prices
that increase accordingly. In the case of side boards, the products are also
defined with multiple possible lengths, ranging from 3 to 4 meters. The tables
also provide a summary indication of the types of defects considered by the
rules of those products. The choice of these products and defects is similar
to what may be required for optimization in a sawmill setting.

Furthermore, all simulations are based on the approach for valuing boards
using approximate V-Maps generated by convolutional networks (see Section
. The motivation behind this, is the ability to generate all necessary maps
for the simulation within reasonable time frames. We can still reasonably
assume that the overall result obtained deviates from what could be achieved
with original value maps by approximately 1-2%, as empirically verified in
Section 4.4, A more detailed verification may be achieved by using non-
approximated V-Maps (see Section . This would require a significant

computational effort, and would be out of the scope of our tests, focused on
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Thick | Width | Length | N° of Rules Prices
[mm] | [mm] | [mm] | qual. considered
32 95 4000 4 Wane, sound&dead knots | 50,70,100,170
32 180 4000 4 Wane, sound&dead knots | 50,70,100,170
37 60 4000 2 Heartwood, knots 50,170
37 100 4000 2 Heartwood, knots 50,170
40 60 4000 3 Knots, pith 80,120,140
40 100 4000 3 Knots, pith 80,120,140
40 200 4000 3 Knots, pith 80,120,140
45 100 4000 3 Knots 50,85,105

Table 6.2: List of the main products used in the simulation. Each row cor-

responds to a board section, for which multiple products (differentiated by

quality and price) are defined

the effectiveness and efficiency of the proposed optimization methods, and it

is left for future analysis.

The products used in the simulation lead to a total of 14 different sections,

6 for the side boards, and 8 for the mainboards. In the V-Maps approach, all

products with the same section are summarized into a single map.

The rotation step chosen in the simulations, as defined in Equation [6.4] is

do = /36, which is 5°, resulting in a total of 36 possible rotations. Overall,

for these simulations, it was necessary to compute 504 value maps for each

log in the set, by inferring the specific CNN networks and generating the

input D-Maps based on the required rotations.
The horizontal centering step, as defined in Equation [6.1] is set to d., = 3

mm, with the number of symmetric steps set to N., = 3, for a total of 7

different possible horizontal centerings of the cutting pattern.

For this simulation, the degrees of freedom associated with the slopes were

ignored. However, a subsequent study could certainly take this additional

degree of freedom into account.
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The optimization software was written in C+-+. For the MADS algorithm,
the Nomad library version 4.3.1 was integrated. For the NM-BBOA CP
algorithm, its Python version was used, interfaced with the C++ software
through data exchange via shared memory. To make the time comparisons
as consistent as possible, the computation times considered for all algorithms
are only those related to the calls of the black-box function and recorded by

the optimization software in C++.

6.5.1 Estimation of the heuristic search’s parameters

The heuristic approach defined in Section includes parameters that im-

pact its performance:

e ky and kj, used for the determination of the priority of each partial
pattern, as described in Section

e 0/, multiple of the general é,, to reduce the number of computed angles

in order to test more partial patterns in the same time range.

Therefore, configurations were compared using a separate dataset of 20 logs
to select the configuration that will be subsequently used for comparison with
other algorithms. The results of this tuning phase are shown in Figure [6.3
where the tested combinations of parameters’ value are reported. The chosen

combination (H) is highlighted.

6.5.2 Choice of the pattern variables’ domain

A preliminary evaluation was conducted regarding the choice of the seed rep-
resentation, i.e., the mode for defining the domain of the pattern variables,
to be used in the derivative-free approach. We recall that two possible modes
have been proposed, namely the width-presence mode defined by Equation
[6.12] and the width-list mode defined by Equation [6.17 The evaluation was
performed using only the Nomad library, under slightly different conditions
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Figure 6.3: Test of different parameter sets for heuristic algorithm.

compared to subsequent tests. In particular, the number of products consid-
ered in this early stage of the research, which occurred at a preliminary stage
of the research, was a few smaller than the complete configuration consid-
ered in later tests. However, the solution based on the width-presence mode
proved to be less effective from the outset, with losses of up to 10% of the
value. The width-list mode reduces the number of variables and the frequency
of domain invalidations as a result of the black-box function, which leaded us
to focus on this mode for subsequent tests. We remark that, choosing to sort
the list in ascending order of width, is coherent with the physical meaning of

the variables, corresponding to an expansion of the cutting pattern.
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6.5.3 Selection of the buffer size for NM-BBOA CP

algorithm

The NM-BBOA _CP algorithm requires setting the size of the memory buffer
used during the non-monotone line search step. A good choice for the buffer
length is important because it affects the algorithm’s ability to escape from
regions of the solution space that are critical because of the landscape de-
fined by the objective function (such as steep-sided valleys or flat areas). In
a preliminary phase of the research, simulations were conducted to define an
appropriate value for the buffer size. Starting from a minimum value set to 1,
the buffer size was progressively increased by one unit, verifying the perfor-
mance of the algorithm using different time limits. A peak performance value
was determined to be at a buffer size of 8. The test results are shown in Figure
We remark that the benchmark of this preliminary test slightly differs
from the one of the final comparative tests presented in the next Section
[6.5.4] in terms of number and value of boards defined in the configuration of
the optimization. Based on this preliminary test, the buffer size has been set

to 8 for all the following experiments.

6.5.4 Comparative results

Figures [6.5] and show the results of tests using different optimization

procedures obtained by the following settings:

1. RND: it corresponds to the random approach described in Section
The choice of the value of the domain variables is random at each iter-
ation. Each variable of the partial pattern is selected uniformly within
its validity range, determined by a maximum and minimum value, ac-
cording to the width-list mode. The same approach is used for the
positioning variables, according to Section

2. HEU: heuristic search with parameters tuned as in Section [6.5.1}
3. NMD: algorithm MADS implemented in Nomad;
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Figure 6.4: Test of NM-BBOA _CP algorithm with different buffer sizes. Each

line corresponds to a different execution time limit.

4. DFL: algorithm NM-BBOA CP from DFL library;

5. R-NMD: algorithm MADS with multiple starting points chosen with
random approach (see Section [6.4.3));

6. R-DFL: algorithm NM-BBOA CP with multiple starting points cho-
sen with random approach (see Section |6.4.3]).

The analyzed time range is one minute of overall processing time devoted
to the evaluation of the objective function; one minute roughly corresponds to
the time we can allocate to optimizing a log, as estimated in Section [4.4] The
top line of Figure (denoted by MAX-HEU) represents a reference value
obtained by the heuristic search, set with very tight discretization steps and

a time limit of 60 minutes per log.
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In Figure [6.6] the trend relative to this reference solution is reported,
showing only the algorithms able to find, in a limited amount of time, the
closer value to this reference.

Preliminary considerations can be made based on these results:

e the simple NMD and DFL algorithm without multi-start have proven

to be ineffective in exploring the solution space;

e The heuristic search fails to quickly reach a satisfactory result. In fact,
the limits imposed to reduce the search in view of the time limit have
proven to be too restrictive, making random exploration without spe-

cific constraints preferable;

e the R-NMD and R-DFL solutions exhibit similar behaviors and signifi-
cantly outperform the reference procedure based on intensive and long
heuristic search. Both algorithms, after the first 10 seconds devoted
to finding the starting solutions for the multi-start approach, quickly
obtain values close to the reference solution. The MADS algorithm ap-

pears slightly better on the tested instances.

In Figure [6.7, some examples of optimized cutting patterns are shown,

reporting the best solution found for the same log by different approaches.

6.5.5 Comparative results with split-seed

Further tests were conducted to verify if the alternative seed definition (split-
seed) outlined in Section would achieve better performance. Figure
shows the results obtained using this approach with some of the previously

considered algorithms, namely:

e RND-S: random approach with split-seed;

e R-NMD-S: MADS algorithm with multiple random starting points and
split-seed;
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e R-DFL-S: NM-BBOA CP algorithm with multiple random starting

points and split-seed.

It can be observed that the results of each algorithm tested using the split-
seed approach are, after a same running time, approximately 0.5% worse than
the same algorithm applied with the standard seed approach. The result can
be motivated by the fact that the heuristics for optimizing the main cuts used
for standard seed approach (see Section are more efficient, especially
when cutting patterns have multiple main cuts. Indeed, the optimization
of the standard seed requires a systematic exploration of the possible com-
binations of the splits of the main cuts in the application of Algorithm [3]
This exploration requires, in turn, repeated calls to Algorithm [2| (stacking
of boards with fixed start position), for all the split positions considered in
each main cut and in both directions. In contrast, the optimization based
on the split-seed requires an evaluation of a reduced number of split com-
binations (less than 10% compared to the standard seed evaluation in our
experiments), since the exploration of the solution space also includes the
split positions and it’s more specifically guided by the optimization made by
Phase 3 (seed selection phase). However, from a computational perspective,
each call to Algorithm [4| (which replaces Algorithm [3| when the split-seed is
used) requires each time an evaluation from scratch of all the main cuts, i.e.,
Algorithm [ calls Algorithm [2in both directions for all main cuts. In the sys-
tematic exploration implemented by Algorithm [3] a same call to Algorithm
is conveniently exploited by more combinations of split positions. This is-
sue could be further investigated in the future to explore the possibility of
a different implementation of Algorithm [4] as to enable some incremental
evaluation that reduces the number of calls to Algorithm 2] avoiding to call
it for previously evaluated split positions. The main challenge toward this
implementation is the memory required to store the incremental information
resulting from the various calls to Algorithm [2| In summary, although incor-
porating the split positions into the seed provides more focused sequences of

tested combinations of split positions, our experiments show that this is not
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sufficient to compensate for the additional calls to Algorithm [2]

Our tests also show that the performance of the split-seed based optimiza-
tion tends to stabilize at a worse level than the standard seed approach. The
result suggests that it is more advantageous to perform a more comprehensive
exploration of split positions given a standard seed, as done by the standard
seed constrained optimization embedded in Algorithm [3] compared to the
exploration of the split positions performed by a derivative-free algorithm,
although the latter approach allows for the exploration of a larger overall
number of split-seeds and, hence, recalling that a split-seed is an extension

of the standard seed, a larger number standard seeds.
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Value vs time (s)
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Figure 6.5: Test of different algorithms. The graph reports the total value
obtained from each algorithm. The MAX-HEU line is the reference value

obtained by the heuristic after a long execution time
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Relative value vs time (s)
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Figure 6.6: Test of different algorithms. The graph reports the relative value
obtained from each algorithm with respect to the reference value obtained

by the heuristic after a long execution time
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Figure 6.7: Examples of optimization results: from top to bottom, left to right:
DFL (score 30.3, angle:120°), NMD (score 30.2, angle:355°), RND (score 31.1,
angle:250°), HEU (score 30.6, angle:240°), R-NMD/R-DFL (score 31.2, an-
gle:270°), MAX-HEU (score 31.5, angle:250°)
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Relative value vs time (s)
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Figure 6.8: Test of algorithms with split-seed approach. The graph reports
the relative value obtained from each algorithm with respect to the reference

value obtained by the heuristic after a long execution time
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Chapter 7

A Mixed Integer Linear
Programming approach for the

Ideal Cutting Pattern Problem

The log optimization problem considered in this chapter arises from an in-
dustrial application where it is necessary to find out the best cutting pattern
based only on the log diameter and a set of available products.

The log is assumed as a homogeneous cylinder: this assumption reduces
the log optimization problem into a more usual 2D cutting stock problem,
since the rotation or inclination of the cutting pattern as well as different
slopes of the side cuts do not impact the value of a solution. Under these
assumptions, we can model the boards as rectangles and the log shape as a
circle of given diameter. In addition, the value of the boards is not dependent
on their position inside the log and the boards are valid only if fully contained
in the circle, i.e, no wane is allowed.

This problem may seem simpler than the FLO problem discussed in the
previous chapters, however, the challenge comes from the fact that the num-
ber of products that can be used to construct the cutting pattern is very
large. As we will discuss later, the problem considered in this chapter, unlike

FLO, is intended for application in contexts where the flexibility and control

130



over cutting individual logs is minimal.

In this chapter, an initial description of the Ideal Cutting Pattern Prob-
lem (ICPP) is given. Then the ICPP is modeled as a Mixed Integer Linear
Programming (MILP) problem, defining all the constraints and the function
to be maximized. For the definition of the constraints and the objective func-
tion, the cutting pattern is decomposed into two types of cuts, namely side
and main cuts. The individual constraints of the various cuts are then com-
bined for the definition of the full ICPP problem. We will then discuss how
the solution of ICPP can be conveniently integrated as a subproblem of an
overall production planning problem arising in sawmills, in particular when
low degree of flexibility is allowed. Finally, comparative experimental results
are presented, considering multiple scenarios with different amounts of main

and side products available to the optimization.

7.1 The Ideal Cutting Pattern Problem (ICPP)

We are given two sets of products, main and side. Each product is character-
ized by a thickness, a width and a value. The problem consists of constructing
the best cutting pattern in two dimensions, in order to fill the area defined by
a circle, maximizing the overall value of the inserted products. The cutting
pattern consists of several cuts, some related to main products, some related
to side products, and must satisfy some construction constraints, as shown
in Figure [7.1]

A feasible cutting pattern is structured as follows:

1. One or two main product blocks. Each of these blocks consists of a
sequence of products of the same size stacked on top of each other. The
two blocks may consist of products of different sizes and therefore may

have different overall block heights;

2. In the right and left of the two main blocks, there is a sequence of 1
to 3 side product cuts. These cuts can contain one or more products of
the same thickness placed side by side (products 1 to 12 in Figure ;
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Figure 7.1: Cutting pattern for ICPP

3. At the top and bottom of the main blocks, there are two further se-

quences of 1 or 2 cuts of side products (products 13 to 18 in Figure

7).

The various cuts and products are spaced by a fixed thickness (the thick-
ness of the saw blade that will make the cut).

Additional specific limitations due to the mechanics of the line are ig-
nored: any combination of products that meets what is specified in the con-
straints described above is considered valid.

The cutting patterns that can be constructed under this definition can
be seen as a subset of those that can be constructed under the cutting pat-
tern definition for the FLO problem (see Section . In this case, the
constraints can be expressed by limiting the number of allowed cuts and

removing some positional degrees of freedom:
NVE <3 NYE<3 NM<o NUT <9 NHB <2 (7.1)

hSP =0, i =0, a“" =0 (7.2)

In addition to these restrictions, it would also be necessary to impose a limit
on the number of boards in each cut, and to impose boards of the same
size in each of the main cuts. The board valorization function should also

simply evaluate the possibility of inserting a board inside a cylinder. In any
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case, solving ICPP using the approach seen for FLO is not particularly useful,
since a suitable heuristic has already been developed under the very stringent

constraints of the problem.

7.2 MILP modelling

A dedicated heuristic was developed at Microtec to address ICPP, obtaining
at first glance satisfactory results in reasonable time for industrial use. To
validate the results obtained by this heuristic, we propose to formulate the
problem as a Mixed Integer Linear Programming (MILP) model and to use
off-the-shelf solvers. This approach, through constraint relaxation, is able to

provide upper bounds for optimization.

7.2.1 General definitions

Let NM and N® be the sizes of two lists of products (main products and side
products). For each product, a width, a thickness and a value are defined,

and they are denoted by, respectively,

wM MM =1...NY (7.3)

PRI R A
for main products, and, for side products, by

w? 7 v, i =1..N° (7.4)

i Y Yo

Let R¢ be the radius of the circle to be optimized. The circle is assumed
centered in (0,0). Let s be the saw blade thickness assumed for simplicity to
be the same for all cuts.

The cutting pattern can be conveniently modeled by decomposing it into
the 10 single lateral cuts (L, R,T, B) and in the 2 main cuts (C0,C1), as
shown in Figure [7.2]

7.2.2 Model for each side cut

We define, for each side cut (Figure[7.3), the following variables:

133



T1 1‘\ e =
T0 | \
e W ¥
Wy .\".
YPrH |
L2/L1|{LO Co Cil RO|R1R2|
-« | —> |
Wﬂ I,'
.'.II
¥Po — Yo
BO /
v Bl
X "y

Figure 7.2: Cut types and order Figure 7.3: Side cut model

e cut limits
(7.5)

To,T1 € [07 RC]7 Yo, Y1 € [_RC>RC]

e thickness of the cut
t e [0, Rc] (76)

e denoting by N¥ the maximum number of products allowed for the cut,

position and width of products

vl € [~Re, Rol, wl €[0,2Re], i = 1..N” (7.7)
e side product presence:
p €{0,1}, i=1.N", j=1.N° (7.8)

equal to 1 if at position 7 there is the product j, 0 otherwise, and

pi€{0,1}, i=1..N" (7.9)

equal to 1 if at position 7 there is a product, 0 otherwise.

The following constraints must be satisfied:
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thickness of the cut:

presence of the product:
NS
> v =pi, i=1.N" (7.11)
j=1

Since p; is binary, this constraint also implies that at most one product

can be active;

thickness of the cut equal to that of the selected products:

NS
Y vt <t+K(1—p), i=1.N" (7.12)
j=1
NS
D opit] <t+K(1—p), i=1.N" (7.13)
j=1

We consider the possibility that the cut is not present, in which case

the constraint has no effect by choosing a K sufficiently large;

product width (for convenience, we also add a saw blade thickness if

the product is present):

NS
pr;(wf +s)=w, i=1.N" (7.14)

j=1
vertical position of products:
yl =yl +wl,, i=2.N" (7.15)

compulsory presence of the cut (needed for the innermost side cut (L0,

B0, RO, T0) to force the presence of at least one cut:

pr=1 (7.16)
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Figure 7.4: Shape constraints Figure 7.5: Main cut model

e continuous presence with respect to the index order:

pi < pic1, i =2..N" (7.17)
e vertical cut limits:
NP
Yo=Ye, pr=yo— s+ w (7.18)
t=1

e constraints related to the log:

we must ensure that the products are inside the circle. It is sufficient to
verify that the ends (x1, o) and (z1,y;) are inside the circle of radius
R.. Linear constraints involving these variables are then added to ap-
proximate a circle. The chosen approximation is such that it extends the
original domain of the variables, while keeping the maximum distance
from the circle below 0.5 mm; for the variables (x1,%0), we consider

positive slope constraints; for (z1,y;), negative slope constraints.

Let d be the maximum allowed distance between the circumference and
the polygon defined by the linear constraints to be inserted. (see Figure

7.4]). Tt is easy to determine the angular step 6 needed for a succession

136



of these constraints, associated to lines r1, r2 etc., as the ones in Figure

T4

0 =2cos! (RR—iC— d) (7.19)

The two lines, r1 and 72 in Figure [7.4] represent an example of lines
that define the polygon; each line, calculated with step 6 in the range
[0, 7/2[ for the point (z1,y;), and in the range | — 7/2, 0] for the point
(x1,%0), adds an inequality to the set of constraints. For each of the
two points, N constraints will be needed, with N defined by N = [5],

namely:

x1 Re
<- + +M(1—p), kel.N, (7.20
WS T k) T sn(? gy TP (7.20)

> T _ RC
0= tan(¢ — k6)  sin(Z — ko)

Y - M1 —p), kel..N. (7.21)

In the event that the side cut does not appear, a large-enough constant
M is added to make the constraint redundant if no products are selected

in the cut.

Each side cut inserted into the model contributes to the objective function

with the following value:

NP NS

SN i) (7.22)

i=1 j=1

7.2.3 Model for each main cut

Let NM4X be the maximum number of products that can be inserted in the

cut (in standard conditions we can assume it to be 20). We define, for each

of the main cuts, the following variables (see Figure :
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e limits of the main cut:

Tg, 21 € [—Re, Rel, yo, 1 € [—Re, R (7.23)

e selected product:
pi € {0,1}, i = 1.N¥ (7.24)

equal to 1 if the product j is selected, 0 otherwise;

e quantity of products:

nf € [0, NMAX] integer, i = 1..NM (7.25)

1

We have to satisfy the following constraints:

e one and only one selected product:

N]W

Z pi=1 (7.26)

e width and height of the cut:

NM NM
vo+ Y pw) =z, yo—s+ > nl(t) +5) = (7.27)
i—1 i=1

e constraints relative to the log:

they are expressed in an analogous way to the case of the side cut.

Each of the main cuts contributes to the objective function with the

following value:

NM
> nfol (7.28)
=1
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7.2.4 Cuts-binding constraints

Additional constraints are added to create the sequences of cuts and join
main and side cuts. With reference to Figure for the names of the various

cuts, we extend the notation to refer to the variables defined for each cut:

e limits to the number of products in side cuts:

NPRO — 3 NBRL — 9 NPR2Z — (7.29)
NP =3 NPH — 9 NPLZ_ 1 (7.30)
NPT — o NPT — 1 (7.31)
NPPO =2 NBPL =1, (7.32)
e sequences of side cuts:
ot =2+ s, ot =20 4o, (7.33)
it =20+ s, 2t =20 4o, (7.34)
it =21 + s, (7.35)
adt =P + s (7.36)

e joining main and side cuts:
in order to join all the cuts, we have to consider them rotated according
to their "direction" with respect to z-axis (see Figure. In particular,
cut T0 is rotated by 90°, cuts L0 and CO by 180°, cut B0 by 270°.

Related constraints are the following:

—25%+ s = af*, (7.37)

!+ s = 2", (7.38)

—2§Y — s = —xf (7.39)

7o' > —y5 s 1 2yt + s, (7.40)
28 >y 45, 2f0 > S+ s (7.41)
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e top and bottom side cuts internal with respect to main cuts:
—y1 0 > —af’, g <att (7.42)
v’ > =2, —yl <all; (7.43)

The objective function for the MILP problem is given by the sum of all

contributions of the 12 cuts in the cutting pattern.

7.3 Application of ICPP in sawmill production
planning

The objective of the ICPP is limited to maximizing the value of the products
that can ideally be placed within a single log of a specified diameter. By
varying the input data for this sub-problem (both the diameter and the
product list), it is possible to obtain good associations between diameters
and cutting patterns that can be used for an overall production planning
problem.

Assuming a log yard where logs are sorted in piles by diameter, the op-
timization problem arises when there’s a need to fulfill orders for a certain
quantity of products with specific dimensions. The challenge lies in determin-
ing how many logs of each diameter to use from each pile and which cutting
patterns to employ to achieve the desired products with the highest possible
yield. By solving multiple instances of ICPP, we can generate feasible cut-
ting patterns for each log diameter, based on the dimensions of the required
products. This set of candidate cutting patterns can be thus used as part of
the input of the overall production planning problem.

The ideality of the ICPP is motivated by the fact that the required cut-
ting pattern optimization should not be tied to an individual log. Indeed,
the cutting pattern generated through ICPP is taken as a reference for the
evaluation of the products obtainable from a large number of logs of the

same diameter when cut using that cutting pattern. We observe that for this
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type of production, the cutting line will be set up in a non-flexible manner,
prioritizing speed.

Due to the large number of logs that will be cut over time using a given
ideal cutting pattern, as output by ICPP, we can collect a large number of
observations related to the actual value of the same pattern when actually
applied to real logs. This information can be conveniently exploited to deal
with the uncertainties related to the cutting process, due, e.g., to cut or mea-
surement tolerances. The uncertainty in the log cutting process may lead to
a difference between the set of products included in the ideal cutting pattern
and the set of products that have actually been obtained from each log. For
example, because of the real shape or the defects of each individual log, less
products of a given size may be consistently obtained with respect to their
ideal number. The collected observations can be used to infer some correc-
tive factor that aligns the evaluation of the ideal cutting pattern according
to ICPP to a more reliable evaluation to be used as an input to the overall
production planning problem.

We also observe that information required by the approach described
above can be obtained by simulating the application of an ideal cutting pat-
tern to a significant dataset of logs of a given diameter acquired through
tomography. By applying the specific cutting pattern to these datasets and
generating virtual boards, as described in Section [2.3.3] one can assess the
statistical production outcomes and adjust the evaluations before using them
in production planning. However, further insight into the overall optimiza-
tion problem is beyond the scope of this thesis and may be explored in future

research.

7.4 Numerical Results

The model was implemented in C++ using the Gurobi APT (version 9.11) [22]
and ran on a PC with an Intel® Core™) i{7-7820HQ CPU, clock 2.90GHz,
4 cores, 8 logical processors, 32GB RAM.
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Scenario | N. Main | N. Side
S1 96 90
S2 48 90
S3 48 48
S4 48 24

Table 7.1: Scenarios

Four scenarios were considered with a different amount of available main
and side products (see Table[7.1)). The side products had thickness between 12

mm and 40 mm and width between 75 mm and 175 mm. The main products

had thickness between 27 mm and 57 mm and width between 95 mm and

20

0 mm.

Each of the four scenarios has been tested with two different log diameters
(400 mm and 500 mm). Figure shows an example of the optimization

result for scenario S1 and a log diameter of 500 mm.
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Figure 7.6: Solution obtained using MILP solver (left) or heuristic algorithm

(right)
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Limit 10s Limit 30s Limit 60s Best calculated
Diam
Scenario Margin Margin Margin Margin | Upper time
[mm] | Value Value (%] Value 1% Value %] M Is]
S1 500 16.291 4.42% 16.487 3.27% 16.638 2.39% 16.697 2.04% 17.045 28800
$2 500 16.324 3.47% 16.440 2.78% 16.532 2.24% 16.692 1.29% 16.910 28800
$3 500 16.469 1.70% 16.521 1.38% 16.550 1.21% 16.647 0.63% 16.753 28800
sS4 500 16.450 0.72% 16.610 0.00% 16.610 0.00% 16.610 0.00% 16.610 1160
S1 400 10.326 3.57% 10.465 2.27% 10.507 1.88% 10.555 1.43% 10.708 | 100000
S2 400 10.329 3.09% 10.401 2.41% 10.439 2.05% 10.555 0.97% 10.658 28800
S3 400 10.438 0.87% 10.490 0.38% 10.504 0.25% 10.529 0.01% 10.530 9859
sS4 400 10.441 0.13% 10.441 0.13% 10.441 0.13% 10.454 0.01% 10.455 3080
Table 7.2: Results of MILP solver in different scenarios
Best calculated Heuristic
A Diam ) ) Margin | Margin )
Scenario M U t t
[mm] | Value [a;;m b:::; I[:;e Value | tobest | toUB |[r:]e
[%] [%]
S1 500 16.697 2.04% 17.045 28800 16.680 0.10% 2.14% 13
S2 500 16.692 1.25% 16.510 28800 16.640 0.31% 1.60% 11
S3 500 16.647 0.63% 16.753 28800 16.610 0.22% 0.85% 6
S4 500 16.610 0.00% 16.610 1160 16.540 0.42% 0.42% 1
s1 400 10.555 1.43% 10.708 | 100000 | 10.540 0.14% 1.57% 12
S2 400 10.555 0.97% 10.658 28800 10.540 0.14% 1.11% 12
S3 400 10.529 0.01% 10.530 9859 10.500 0.28% 0.28% 4
S4 400 10.454 0.01% 10.455 3080 10.430 0.23% 0.24% 1

Table 7.3: Comparative results, MILP and heuristic
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The computational results obtained by the MILP solver under the dif-
ferent conditions are reported in Table [7.2] The first two columns identify
the scenario in terms of the product set used and the diameter of the circle.
The next columns show the value obtained by the solver after 10, 30 and
60 seconds and an additional value (best) obtained at the end of the total
run time. In addition, each value is also associated with the percentage gap
calculated with respect to the best upper bound, shown in the second-to-last
column of the table. The last column shows the total run time in seconds. A
time limit of 28800 seconds (8 hours) was generally applied for all the test,
but for one configuration (scenario S1, diameter 400) a longer time limit was
considered (100000 seconds, about 28 hours). In the simplest three cases only,
the solver reached an optimum (highlighted in green in the table). In more
complex scenarios, finding the optimal solution can take several days.

The results obtained with the heuristic algorithm are reported in Table
For comparison, the left half of the table contains the best results of
the MILP approach (exactly the same as Table . For the heuristic, the
columns report the value obtained, the gap with respect to the best solution
found by the MILP solver (in the total run time), the gap with respect to the
upper bound calculated by the MILP solver and the time in seconds used by
the heuristic to find its solution. Heuristic approach, in a really short time
(13 seconds at most), always found a solution less than 0.42% far from the
best found by the MILP solver, and less than 2.14% far from to the upper
bound in the worst case.

The MILP approach considered here, although not directly usable in the
specific application, certainly allowed us to verify the quality of the developed
heuristics. A similar approach can be easily extended to other types of opti-
mization based on cutting patterns in which the shape of the log can be still
approximated with linear constraints (a convex shape). The approach finds
its limitations in other applications in which it is necessary to consider the
actual shape of the log and in which the value of the products is dependent

on their position within the log itself.
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Chapter 8
Conclusions and perspectives

The research undertaken in this thesis was motivated by a specific require-
ment: to enhance the utilization of log models acquired from tomographic
scanners in sawmill cutting optimization processes. The existing methods,
which relied solely on virtual board models and rule evaluations, proved in-
adequate to effectively optimizing cutting strategies in flexible production
lines based on tomographic data.

The Flexible Log Optimization problem (FLO), as introduced in this
thesis, formalizes the problem of determining the optimal cutting pattern
while accommodating flexible cutting line conditions and considering the
board’s valorization relative to its position and orientation within the log.

Hence, the primary goal of this research was to devise a solution to ex-
pedite the board evaluation process, a fundamental component of optimiza-
tion algorithms employed in this context. The initial proposed solution, the
R-Maps-based valorization, has already been implemented in a sawmill fa-
cility in France. This approach addresses the needs for flexible optimization,
matching the available degrees of freedom. However, empirical evidence indi-
cates that the R-Maps solution exhibits notably inferior performance, both in
terms of speed and achieved value, when compared to V-Maps, the alterna-
tive valorization approach proposed in this thesis. Despite its shortcomings,

the R-Maps approach has the advantage of being relatively straightforward
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to implement. This allowed for its rapid deployment, given the absence of al-
ternative algorithms tailored for flexible optimization based on tomographic
log models. Nonetheless, it’s worth noting that the R-Maps approach out-
lined in this thesis may benefit from further refinement to address defects and
rules not currently managed. However, the level of rule approximation and
the continuous adaptation required for managing new rules could potentially
prevent further implementations of this approach.

The approach based on V-Maps, devised in this thesis, is certainly more
promising. In particular, the thesis discusses how V-Maps can be computed
using CNN and what performance can be expected in terms of optimization
value improvement compared to the current solution using R-Maps. An esti-
mate of the hardware needed for inline use and integration into an optimiza-
tion procedure for FLO has also been made, showing that it may already be
deployed in many cutting environments. The main stumbling block remains
the design of the infrastructure needed to train and deploy these networks
in general. In fact, the V-Maps approach requires specific training for each
combination of products that one wants to achieve with a cutting section.
In view of this, it is necessary to approach log-cutting optimization with
a more standardized view in terms of product definition, and any changes
in optimization parameters should be planned in advance. An interesting
line of research will certainly be to engineer a solution for providing these
CNN networks, perhaps keeping an up-to-date library not only of the logs
but also of all the virtual boards needed for training, limiting the recalcu-
lation of information as much as possible, and exploiting transfer learning
possibilities to speed up training. A centralized solution for computing and
deploying CNN-based V-Maps, as, e.g., the one schematized in Figure [8.1
can define a more general and shared product standard, and may also be
more sustainable. Once the V-Maps are implemented, their benefits extend
beyond complex optimization scenarios like the one presented in this thesis.
It can also enhance simpler solutions with fixed cutting patterns, allowing a

more thorough exploration of optimal positioning within the pattern, even
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Figure 8.1: Centralized server concept for V-Maps CNN training

if it remains fixed, as in the current practice. This aspect will undoubtedly
be further explored to improve both existing and future applications as this
solution becomes more widespread.

The availability of a fast board evaluation has led to the definition of
a solution approach to FLO based on three interacting phases. The first
phase involves the board valorization, with its best implementation found
in the V-Maps approach. The second phase, seed-constrained optimization,
involves completing the optimization of a partially fixed solution (the seed)
by positioning the boards starting from a seed selected by the third phase of
the approach (seed selection). The seed consists of a partial cutting pattern
where only the widths of the most important cuts are defined, together with
the positioning of the pattern within the log in terms of horizontal alignment,
slope, and rotation.

The thesis proposes an approach for the second phase of the optimization,
the seed-constrained optimization, based on dynamic programming, that has
proven well suited to address the specific problem, characterized by several
technological constraints. It is not ruled out that there may exist an algorith-
mically optimal solution in relation to the problem’s constraints, which could,
for example, eliminate the need to try multiple combinations of center splits
positions within limited ranges. However, this phase needs to be tailored very
specifically to the conditions and constraints of the cutting line for which it
is designed. The proposed algorithm efficiently handles the filling of the cuts

fixed by the seed with a constrained sequence of boards. It may prove to be
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a very versatile tool for use in optimization with further specific constraints
(such as optimization for a log carriage, see Section , thus representing
a contribution not only as an integrated phase for FLO optimization, but
also for other log optimization problems arising in more constrained cutting
environments.

As for the third phase, the seed selection, this thesis has presented an
experimental verification of how an original approach based on derivative-
free algorithm can be used to address the FLO problem within the strict
time limits that allow for an inline implementation, achieving better perfor-
mance than a dedicated heuristic that, although simple, required a phase
of study, implementation, and tuning. In particular, randomized multi-start
proved to be essential in boosting the performance of the derivative-free algo-
rithms. Further research may be devoted to improve the heuristic. However,
the black-box approach proposed in this thesis remains more immediate and
general. Further experiments can be conducted to extend and validate the
approach for other cutting line configurations, e.g., for optimization of the
saw carriage.

A fast evaluation of solutions to the FLO problem also paves the way for
extending more precise optimization to bucking operations [12], which involve
dividing longer logs, even up to 18 meters, into shorter logs. This preliminary
optimization, typically based on external shape only or, when possible, on
an aggregated internal quality measure, is constrained by the computational
complexity of considering a thorough optimization of the short log as well.
Existing solutions typically only sort the short logs into different bins based
on a grade derived from computed tomography scans and virtual boards,
once the bucking process is complete. New solution approaches to bucking
optimization may thus benefit from improved procedures for FLO.

The thesis also addressed ICPP, a problem of potential interest as a tool
for optimizing sawmill production at a higher level. The problem does not
focus on individual log optimization, and is more suitable for fast cutting

lines based on pre-selection of logs by diameter. Solving ICPP provides a
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list of possible standard cutting patterns according to a log diameter. The
thesis contributes with a MILP approach to ICPP that has been useful to
assess the quality of the solution obtained by the current heuristic procedure
developed at Microtec.

The modeling and optimization opportunities enabled by the definition
of V-Maps pave the way for other possible approaches to tackle the FLO.
One particularly interesting research direction, which has already entered
a preliminary study phase through an internship in collaboration with the
University of Padua, seems to be the use of a reinforcement learning-based

approach to address both phases two and three of the optimization.
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Figure 8.2: Basic representation of the Reinforcement Learning process

Reinforcement learning is a highly promising paradigm in machine learn-
ing, with applications ranging from autonomous driving to robotic manip-
ulation, natural language processing, and gaming. In fact, the construction
of the cutting pattern can be interpreted as a sequential decision-making
process where the reinforcement learning algorithm can learn policies for in-

serting new cuts and boards (Figure[8.2)). Certainly, the reward will be linked
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to the value of the inserted board at a certain position, and specific strategies
(not trivial at first glance) should be adopted to consider the constraints of

the cutting pattern construction and the utilization of V-Maps.
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