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(54) PROVIDING TRAINING DATA FOR MACHINE LEARNING FOR 3D TOMOGRAPHIC 
INSPECTION OF OBJECTS IN A PROCESSING PLANT

(57) Computer implemented method for training a
software infrastructure based on machine learning tech-
niques and intended for analysis of data obtained from
a three-dimensional tomographic inspection of objects
of a predetermined type, such as logs, with the aim of
determining information about internal characteristics of
interest of the self-same objects, wherein, once a training
set comprising a plurality of objects of the same prede-
termined type has been selected, for each object the soft-
ware infrastructure is supplied with training input data
and corresponding training output data, which are proc-
essed by the software infrastructure for setting internal

processing parameters of the software infrastructure
which correlate the training input data with the training
output data; where the training input data comprise data
obtained from a three-dimensional tomographic inspec-
tion of the object, and the training output data comprise
information about internal characteristics of interest as-
sessed at internal points of the object, and where the
information about the internal characteristics of interest
is at least partly assessed at real internal points of the
object, previously made accessible by cutting or breaking
the object.



EP 3 767 583 A1

2

5

10

15

20

25

30

35

40

45

50

55

Description

[0001] This invention relates both to a computer imple-
mented method for detecting internal characteristics of
interest of an object of a predetermined type, which uses
a software infrastructure based on machine learning
techniques, and which uses, as input data, data obtained
from a three-dimensional tomographic inspection of the
object of interest, and to the method used for training the
software infrastructure.
[0002] The invention in question was initially devel-
oped with reference to the sector of wood processing,
with the aim of making increasingly efficient the informa-
tion technology tools usable for examining the results of
a tomographic inspection so as to allow increasingly im-
proved optimisation of the cutting of logs or boards into
smaller pieces of wood.
[0003] Despite that this invention is applicable in any
other sector in which similar requirements exist. In par-
ticular this invention may be used relative to any sector
in which a product must be divided into smaller parts
which are then subjected to quality checks. It may be
used relative to processing of the following products:

- animal meat parts: to assess them with a view to
using them for making foods such as sausages and
salami and cold cooked meats;

- salami and cold cooked meats and sausages: to
identify fat, gristle, air bubbles, presence of moulds
before or after slicing;

- sliced bread and cheeses: to identify any air bubbles
and/or pollutants; and

- stone materials (e.g.: marble): to check for the pres-
ence of inclusions and/or internal gaps.

[0004] As already indicated, this invention aims to use,
as the starting data, exclusively the information which
can be obtained from a tomographic inspection of an ob-
ject.
[0005] As is known, tomography is a technology which
allows analysis of the internal structure of an object by
processing X-ray images acquired from different angles.
[0006] Today the main applications of tomography are
in the medical sector, for inspecting luggage at airports,
for scientific tests and for sample assessments of the
quality of industrial production.
[0007] One application that has started to spread in
recent years is that of nondestructive inspection of the
entire production in a predetermined production chain
and in particular the possibility of using that inspection
to optimise the subsequent processing steps. As indicat-
ed at the start of this description, this sector includes
applications in the context of wood processing plants
(sawmills), and in particular the use of tomography for
optimising the cutting of logs for the production of boards.
[0008] The development of automatic systems for in-
specting and calculating an optimised cutting pattern, re-
quires the availability of software capable of analysing

the tomographic images produced, in a precise, fast and
fully automated way, and capable of correctly predicting
the quality and the characteristics of the by-products
(boards) which it will be possible to obtain once the start-
ing material (log) has been processed. The quality of the
by-products will depend for example on their internal
structure (e.g.: presence or absence of defects such as
knots for structural applications of the wood), or on their
surface appearance (in the case of "aesthetic" applica-
tions of the wood).
[0009] It should be noticed that in the context of this
invention the terms "tomographic images" and "data ob-
tained from a tomographic inspection" shall be under-
stood to be synonyms and interchangeable, since the
tomographic images are the simple graphical reproduc-
tion of the data.
[0010] Computed tomography for optimising produc-
tion in sawmills has been in use for several years. The
CT Log scanner is a tomographic scanner produced and
marketed by the company Microtec S.r.l. with registered
office in Bressanone (Italy), which is capable of perform-
ing a tomographic scan of logs with speeds of up to 180
m/min, calculating a model of the internal characteristics
of each log and optimising the entire subsequent cutting
process, based on the characteristics of the raw material
and the production requirements of the sawmill (Giudice-
andrea, F., Ursella, E., & Vicario, E. - 2011, September
-. A high speed CT scanner for the sawmill industry. In
Proceedings of the 17th international non destructive
testing and evaluation of wood symposium - pages
14-16. Sopron, Hungary: University of West Hungary).
[0011] Many publications have demonstrated the eco-
nomic advantage of optimising the cutting process with
the use of tomographic images (Rais, A., Ursella, E., Vi-
cario, E., & Giudiceandrea, F. (2017). The use of the first
industrial X-ray CT scanner increases the lumber recov-
ery value: case study on visually strength-graded Doug-
las-fir timber. Annals of forest science, 74(2), 28; Ber-
glund, A., Broman, O., Gronlund, A., & Fredriksson, M.
(2013). Improved log rotation using information from a
computed tomography scanner. Computers and elec-
tronics in agriculture, 90, 152-158; Stangle, S. M.,
Brüchert, F., Heikkila, A., Usenius, T., Usenius, A., & Sau-
ter, U. H. (2015). Potentially increased sawmill yield from
hardwoods using X-ray computed tomography for knot
detection. Annals of forest science, 72(1), 57-65).
[0012] The problem of automatic detection of the inter-
nal characteristics of a log from tomographic images has
been covered by many works, particularly for detecting
knots (Andreu, Jean-Philippe, and Alfred Rinnhofer.
"Modeling of internal defects in logs for value optimization
based on industrial CT scanning." Fifth International Con-
ference on Image Processing and Scanning of Wood.
Bad Waltersdorf Austria, 2003; Breinig, L., Bruchert, F.,
Baumgartner, R., & Sauter, U. H. (2012). Measurement
of knot width in CT images of Norway spruce (Picea abies
[L.] Karst.)-evaluating the accuracy of an image analysis
method. Computers and electronics in agriculture, 85,
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149-156; Fredriksson, M., Cool, J., Duchesne, I., & Bel-
ley, D. (2017). Knot detection in computed tomography
images of partially dried jack pine (Pinus banksiana) and
white spruce (Picea glauca) logs from a Nelder type plan-
tation. Canadian Journal of Forest Research, 47(7),
910-915; Cool, J., Fredriksson, M., & Avramidis, S.
(2017). Knot detection in coarse resolution CT images
of logs. In 23rd International Wood Machining Seminar,
Warsaw, Poland, 28-31 May 2017; Longuetaud, F.,
Mothe, F., Kerautret, B., Krähenbühl, A., Hory, L., Leban,
J. M., & Debled-Rennesson, I. (2012). Automatic knot
detection and measurements from X-ray CT images of
wood: a review and validation of an improved algorithm
on softwood samples. Computers and Electronics in Ag-
riculture, 85, 77-89.).
[0013] All of these works, although presenting interest-
ing results, highlighted how developing a software capa-
ble of correctly interpreting tomographic images is a great
challenge which would require the ability to programme
a computer in such a way as to be able to differentiate
between all possible real cases which may occur.
[0014] In an effort to overcome this difficulty the appli-
cation of machine learning techniques to the study of
data obtainable from a tomographic inspection has even
been proposed (Pei Li, Jing He, A. Lynn Abbott, & Daniel
L. Schmoldt; (1996); Labeling Defects in CT Images of
Hardwood Logs With Species-Dependent and Species-
Independent Classifiers; Proceedings of the IAPR TC-8
Workshop on Machine Perception Applications Techni-
cal University Graz, Austria 2-3 September, 1996;
113-126; Daniel L. Schmoldt, Pei Li, A. Lynn Abbott;
(1995), Log Defect Recognition Using CT Images and
Neural Net Classifiers 2nd International Workshop/Sem-
inar on Scanning Technology and Image Processing on
Wood Skelleftea Sweden, Aug 14-16, 1995, 77-87). The
term machine learning (given its universal use in this in-
vention the English definition is used, corresponding to
the Italian term "apprendimento automatico") refers to a
set of techniques used to train a computer to autono-
mously determine information starting from a starting set
of data.
[0015] As is known, one of the current main applica-
tions of machine learning is image recognition. In that
context the aim is to autonomously recognise the content
of an image. The training is usually based on a mathe-
matical algorithm implemented on a suitable software in-
frastructure, to which many examples of images labelled
based on the criteria of interest are supplied. Part of the
examples (known as the training set) is assessed by the
algorithm to autonomously calculate a set of internal pa-
rameters of the algorithm also using algorithms for opti-
misation of the result obtained (in this case understood
as minimisation of the error).
[0016] Once the system has found an optimisation of
its own parameters, it is assessed on another group of
known examples (called the test set), to check the ca-
pacity of the system to operate even in new situations; if
the response is favourable, that is to say, if the results

are as expected, the system can at last be used at in-
dustrial level.
[0017] Until a few years ago, machine learning tech-
niques applied to image recognition were only based on
a preliminary processing of the images, during which cal-
culation took place of predetermined characteristics on
each part of the image (for example gradients, statistical
distribution of groups of pixels, SIFT, etc.); the results of
the preliminary processing were then passed to a clas-
sifier (e.g.: Bayesian, SVN, random forest) previously
trained by means of examples (each consisting of input
data and corresponding desired output data) to calculate
parameters capable of correctly classifying entire images
or portions of them.
[0018] In contrast, recent years have also seen the
spread of so-called deep learning techniques, which use
deep neural networks (that is to say, with a number of
layers greater than the 2 or 3 present in the past) and in
particular convolutional neural networks, which have
proved particularly suitable for image analysis. Convolu-
tional Neural Networks - CNN are mathematical algo-
rithms which use as input one or more digital images,
and are typically capable of supplying as output a clas-
sification of the entire image (e.g.: image of a car, image
of a cat, image of the face of a person, etc.), a classifi-
cation of the single pixels of the image (pixels belonging
to the main object of the image - person, car, animal,
pixels belonging to the background, to the sky, to the
floor, etc.), or a classification of areas of the image which
have shared characteristics (e.g.: image division into an
area which corresponds to a building, into an area which
corresponds to the sky, into an area which corresponds
to the floor, etc. - this division of an image into areas
which contain pixels that are consistent with each other
is defined as semantic segmentation).
[0019] Both in literature, and at software level, there
are many types of CNN. In many applications CNN are
constituted of many successive layers (or levels) of
processing. Within each layer it is possible to apply to
the input data convolutions with one or more kernels
(whose values are learned - decided by the CNN during
training), linear or non-linear functions (for example
max(x,0) min(x,0), etc. where x is the value being exam-
ined) or sub-sampling functions. In all of the machine
learning applications of interest for this invention, each
processing operation involves multiple levels activated
one after another, where each level after the first uses
as input the output data of the preceding level. Within
each level the data are then processed according to var-
ious mathematical functions combined according to the
choices of the programmer; they may be linear functions,
non-linear functions, or combinations of them.
[0020] In general, the production of a specialised neu-
ral network for a predetermined functionality involves a
programmer defining only the so-called "hyperparame-
ters", such as the number of layers, the number of con-
volutions for each layer, the dimensions and the step of
the convolution kernels, and so on. It is also necessary
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to supply the CNN with a sufficient number of examples
in which both the input and desired output are known.
[0021] Today many software infrastructures are avail-
able which are capable of managing a CNN as well as
optimising, during the training step, calculation of the net-
work internal parameters (those used by each function)
so that it can perform its task in the best possible way.
[0022] In recent years, both the scientific community
and many private investors have made enormous invest-
ments in this sector, so that today there are various tools
which allow both structuring of the software infrastructure
of a network, and for its training to be carried out (to make
it "learn" the optimum parameters of the network), and
perform the so-called inference (use the network to an-
alyse unknown data after the network has been trained).
For example TensorFlow, Caffe.
[0023] The main difficulty which arises in the effective
use of machine learning systems in general, and of deep
neural networks (such as CNN) in particular, is the need
to have available an extremely high number of precisely
processed examples so that a system is able to correctly
learn its own parameters. The number of examples nec-
essary also increases with the complexity of the problem
faced.
[0024] Whilst to apply classic algorithms to simple
enough problems a few hundred examples may be suf-
ficient, the latest generation CNN have demonstrated an
ability to solve even very difficult problems, provided that
they have available thousands, tens of thousands and
sometimes millions of examples to use during the training
step.
[0025] Until now, to allow the development of networks
capable of performing precise image analyses, the main
solution adopted has been that involving large numbers
of people looking at images and classifying them; in this
way in a certain sense it has been possible to teach com-
puters the ability of the human brain in analysing images.
[0026] However, in the application of machine learning
techniques to interpreting results of a tomographic in-
spection, although the result of a tomographic inspection
may be represented in the form of images (typically im-
ages in greyscale representative of the density of the
object at each point), it was necessary to face the fact
that the images which can be obtained are of a type com-
pletely different from those for which the human brain is
generally trained. Indeed, the interpretation of a tomo-
graphic image is completely different from that of a nor-
mal everyday image, both in terms of its appearance,
and the specific fact that it is a three-dimensional image.
[0027] In the medical diagnostic sector, a radiologist
needs a lengthy learning period before he or she is able
to correctly interpret the representation of a tomographic
image and typically must pause to look at only a prede-
termined set of two-dimensional images extracted from
the three-dimensional scans (using a computer to pro-
duce virtual sections of the tomographic image). The cre-
ation of a database containing a large enough number
of tomographic images correctly labelled by human be-

ings therefore proved very complex and time-consuming.
[0028] The innovative insight which forms the basis of
this invention was to provide both an innovative method
for training a software infrastructure based on machine
learning techniques, which allowed the training of soft-
ware infrastructures for the analysis of data obtained from
tomographic inspections, and a corresponding method
for creating a large database of examples to be used for
the training.
[0029] Therefore, in the context described above, the
technical purpose of this invention was to provide a com-
puter implemented method for training a software infra-
structure, based on machine learning techniques, to an-
alyse data obtained from a three-dimensional tomo-
graphic inspection of objects of a predetermined type,
with the aim of determining information about internal
characteristics of interest of the self-same objects.
[0030] The technical purpose of this invention was also
to provide a method which would allow the creation of a
large database of known examples (for each of which
both the result of the tomographic inspection, and the
information about the characteristics of interest were
known) to be used for training a software infrastructure
based on machine learning techniques for analysing to-
mographic data.
[0031] At least some of the technical purposes indicat-
ed are achieved by what is described in the appended
claims, but the Applicant as of now reserves the possi-
bility of also independently protecting other innovative
aspects described in this description, if necessary by fil-
ing subsequent divisional applications. Further features
and the advantages of this invention are more apparent
in the detailed description with reference to several pre-
ferred, non-limiting embodiments of this invention.
[0032] As already indicated, this invention was devel-
oped in the context of a computer implemented method
which allows detection, preferably in a fully automated
way, of internal characteristics of interest of an object of
a predetermined type. The preferred but non-limiting ap-
plication of this invention relates to the case in which the
objects are logs or boards to be cut into multiple pieces.
However, this invention may similarly be implemented
for any other type of object which must be cut into multiple
pieces in an industrial plant, where the pieces will be
subjected to a subsequent automatic quality inspection.
For example, they may be food products to be sliced or
blocks of stone material to be cut into slabs.
[0033] The computer implemented method involves
the use of a software infrastructure based on machine
learning techniques, preferably a software infrastructure
which comprises a neural network, a deep neural net-
work, a convolutional neural network, or a combination
of two or more of these.
[0034] The software infrastructure is programmed to
use, as input data, data obtained from a three-dimen-
sional tomographic inspection of the object. In the known
way, the tomographic inspection is performed by virtually
dividing, in a computer, the object inspected into a plu-
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rality of voxels, that is to say, into a plurality of basic
elements of volume, each of which is assumed to have
a constant (absolute or relative) density. In a currently
preferred application concerning tomographic inspection
of logs (the CT Log scanner produced and marketed by
the company Microtec S.r.l. with registered office in Bres-
sanone (Italy)), each voxel has a size equal to 1 mm x 1
mm transversally to the main axis of extension of the log,
and 10 mm parallel to the axis.
[0035] The data obtained from the three-dimensional
tomographic inspection correspond to a value for each
voxel; that value is representative of the average (abso-
lute or relative) density of the object in that voxel, even
if it cannot be understood as a precise measurement of
the density (it should be remembered that it is obtained
by calculating the attenuation of the X-rays attributable
to that voxel of material which constitutes the object).
Depending on the embodiments, the software infrastruc-
ture may be programmed to supply different types of re-
sults.
[0036] In a first application, it is programmed to supply
as output data, a classification of each voxel (or of at
least one set of the voxels into which the object was di-
vided by the tomographic inspection), in a class belonged
to. The class belonged to will preferably be selected with-
in a group of preset possible classes belonged to. For
example, if the object is a log, for each voxel the data
item could correspond to a characteristic of the wood or
other material of which it is constituted. The group of pos-
sible classes belonged to could therefore include: heart-
wood, sapwood, sound knot, dead knot, resin sack, crev-
ice/gap, etc. Therefore, in the case of this application,
the internal characteristics of interest may be constituted
of the nature of what constitutes each voxel. According
to a second application, the software infrastructure may
supply, as output data, a segmentation of at least part of
the voxels into which the object was divided by the tom-
ographic inspection, into a plurality of volumes each of
which is constituted of voxels all classified in the same
class belonged to, within a group of preset possible class-
es belonged to. Using the same example as the preced-
ing case, the output data could be zones/surfaces which
delimit the heartwood, the sapwood, the living part of
each knot, the dead part of each knot, any resin sacks,
any crevices/gaps, etc. Therefore, in the case of this ap-
plication, the internal characteristics of interest may be
constituted of the zones/surfaces of separation between
parts of the object which are of a common type.
[0037] In contrast, according to a further application,
the software infrastructure may be programmed to sup-
ply, as output data, one or more three-dimensional
groups of spatially adjacent voxels, for each of which the
same class belonged to was determined within a group
of preset possible classes belonged to. Again with refer-
ence to a log, in this case the output data could be con-
stituted of all of the internal volumes of the log which
correspond to one defect in particular, or to any type of
defect. In contrast, the voxels which correspond to wood

which is free of defects could not be taken into consid-
eration in the output data. For example, the output data
could therefore be constituted of all of the internal vol-
umes of the object which are occupied by a knot, or, in
other words, of a three-dimensional model of all of the
knots of the log. Therefore, in the case of this application,
the internal characteristics of interest may be constituted
of the internal volumes of the object which share a par-
ticular characteristic.
[0038] It should also be noticed that depending on how
the classes were defined, a specific voxel may even be
classified in two or more classes (for example it may be
classified both as sapwood and as a knot). In the context
of this invention there are also multiple classifications of
each knot.
[0039] In an evolution of the method being described
herein, there may also be, after generation of the output
data, a step of processing the output data during which
there is determination of the internal characteristics of
interest of the object which, in this case, may not directly
correspond to the output data. For example, if the output
data are constituted of all of the internal volumes of the
object which are occupied by a knot, the internal charac-
teristics of interest could be information describing each
knot, such as the position along the axis of the log, the
volume, the radial extent, the inclination relative to the
axis, the taper angle, etc. According to this embodiment
of the method, this information may be deduced from the
output data by means of successive processing opera-
tions on the output data. However, in other embodiments
the same information could be obtained directly as output
data.
[0040] Like all software infrastructures based on ma-
chine learning techniques, the one disclosed by this in-
vention also requires, not just preparation of the infra-
structure itself according to the common methods of de-
velopment of this type of software, but also preliminary
training of the infrastructure during which the infrastruc-
ture gradually optimises its own internal calculation pa-
rameters, by analysing, one after another, a large number
of examples for which training input data are available,
which are qualitatively similar to those which the infra-
structure is intended to use once it is fully operational,
and training output data, which correspond to the output
data which the network should supply once it is fully op-
erational with respect to the training input data supplied
to it. It is for this reason that the first innovative aspect of
this invention was prepared, which relates to a computer
implemented method, for training a software infrastruc-
ture based on machine learning techniques, and intend-
ed to analyse data obtained from a three-dimensional
tomographic inspection of objects of a predetermined
type, with the aim of determining information about inter-
nal characteristics of interest of the self-same objects.
[0041] According to a first embodiment of this method,
once a training set comprising a plurality of objects of the
same predetermined type (for example logs of the same
species) has been selected, for each object the software

7 8 



EP 3 767 583 A1

6

5

10

15

20

25

30

35

40

45

50

55

infrastructure is supplied with training input data and cor-
responding training output data. The training input data
comprise, for each object, the data obtained from a three-
dimensional tomographic inspection of the object.
[0042] In contrast, for each object, the training output
data comprise information about the internal character-
istics of interest assessed at internal points of the object.
In connection with the above examples, the following cas-
es are for example possible:

- the internal characteristics of interest are supplied
for a plurality of internal points, indicating a class
belonged to for each one of them;

- the internal characteristics of interest are supplied
only for the internal points which correspond to a
specific zone/surface of separation between two
zones belonging to different classes;

- the internal characteristics of interest are supplied
only for points which belong to a specific class.

[0043] Subsequently, processing the training input da-
ta and the training output data relative to each object of
the training set, the software infrastructure, by means of
its own suitably programmed training unit, sets its own
internal processing parameters in such a way that there
is a correlation between the training input data and the
training output data (obviously the correlation will always
be there except for a predetermined error considered or
defined as acceptable). Although many training output
data (that is to say, information about internal character-
istics of interest of the object) may be determined on the
basis of a direct examination of the training input data
(that is to say, on the basis of an examination of the data
obtained from the tomographic inspection of the object),
according to this invention, a preferred method was de-
vised for the acquisition of training output data which is
not affected by the limits which exist in the interpretation
of the tomographic images, described above.
[0044] According to this preferred method, the infor-
mation about the internal characteristics of interest is at
least partly assessed at real internal points of the object,
after those points have been made accessible by cutting
or breaking the object. It should be noticed that in the
context of this description the indication that the real in-
ternal points are made accessible means that they must
be either visibly observable or directly analysable with
other inspection techniques (applicable thanks to the fact
that the cut or break was made in the object).
[0045] Although it is possible to make the internal
points accessible even by only making holes in the object,
the preferred embodiment of this invention advanta-
geously comprises the cutting or breaking of the object
dividing it into two or more pieces.
[0046] In the preferred embodiment, after division of
the object into two or more parts the real internal points
of the object are each positioned on an external surface
of one of the pieces of the object which are obtained.
[0047] In contrast, in another embodiment, after divi-

sion of the object into two or more parts, the real internal
points of the object may also be positioned inside the
respective part of the object, provided that their charac-
teristics of interest can be determined with good precision
by an inspection of the respective part of the object.
[0048] Advantageously, once the internal points have
been made accessible, according to this innovative as-
pect of this invention, the information about the internal
characteristics of interest is obtained by means of an in-
spection of the piece on which each point is positioned,
and in particular of its external surface if the real internal
points of interest of the object are positioned on that ex-
ternal surface.
[0049] Depending on requirements, the inspection of
each real point may be performed in many different ways,
but preferably always automatically.
[0050] In the case of real internal points which are po-
sitioned on the external surface of the relative piece of
the object, in one embodiment the inspection may be
carried out by observing the surface on which the point
is located, in the visible light band, preferably with an
RGB camera, in greyscale or with a different number of
channels. However, in other embodiments, other inspec-
tion techniques may also be used, such as a device which
uses the tracheid effect to determine the trend of wood
fibres, laser scanners, spectrographic analyses in vari-
ous visible, infra-red or ultraviolet bands, etc.
[0051] In contrast, if the real internal points are posi-
tioned inside the piece of the object, the preferred inspec-
tion technique is radiographic inspection; this technique
proves useful above all in the case of pieces obtained
from division of the object, which have a relatively small
thickness.
[0052] More details about the method for preparation
of the training output data, particularly with reference to
acquisition of the information about the internal charac-
teristics of interest of real internal points previously made
accessible, will be supplied below with reference to a
further innovative aspect of this invention.
[0053] As already indicated, according to this inven-
tion, at least part of the information about the internal
characteristics of interest is assessed at real internal
points of the object after the latter have been made ac-
cessible. Although it is possible to base the training output
data exclusively on information about the internal char-
acteristics of interest assessed at real internal points of
the object previously made accessible, in the preferred
embodiment of this invention, in order to increase the
data usable for training, information about the internal
characteristics of interest assessed at internal points of
the object which can be deduced in the known way di-
rectly from the results of the tomographic inspection is
also used.
[0054] Once the information about the internal charac-
teristics of interest has been acquired, according to a first
embodiment of the training method disclosed by this in-
vention, the information about the internal characteristics
of interest is saved in an electronic memory (in particular
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during the labelling step described below). In particular,
for each internal point at which it was assessed, the in-
formation about the internal characteristics of interest is
saved in combination with information about the corre-
spondence of the internal point to one or more of the
voxels into which the object was divided by the tomo-
graphic inspection.
[0055] Alternatively, in a different embodiment, at least
for the characteristics assessed for real internal points
previously made accessible, first a spatial correspond-
ence is established between each real internal point of
the object considered and one of the voxels into which
the object was divided by the tomographic inspection,
and the information about the internal characteristics of
interest is saved in the electronic memory directly in com-
bination with the corresponding voxel (that is to say, the
voxel with which the spatial correspondence was deter-
mined). In this case, at the end of preparation of the train-
ing output data, the training output data are constituted
of a set of labelled tomographic data.
[0056] In a different embodiment, the internal charac-
teristics of interest (assessed at each internal point) are
saved in the electronic memory in combination with one
or more pixels of a digital training image which shows
the external surface of the piece of the object. In this
case, the output data will have to be furnished with infor-
mation about the correspondence of each internal point
inspected, to one or more of the voxels. That information
will also be saved in the electronic memory. In some em-
bodiments, the training image may be constituted of a
simple graphical representation (typically in greyscale)
of the data obtained with the tomographic inspection at
a specific surface which intersects with the object.
[0057] Advantageously, in one embodiment, that is ob-
tained by considering the relative positioning of the ex-
ternal surface visible in the training image (or, rather, of
each of its pixels), in the tomographic representation of
the object constituted of the three-dimensional set of vox-
els into which the object was divided by the tomographic
inspection.
[0058] For example, if the objects are logs, and the
cutting step resulted in them being divided into boards,
each surface of the boards may be represented as a
plane which very precisely intersects with the tomograph-
ic representation of the starting log. Knowing the position
of that plane relative to the log makes it easy to identify
the voxels through which the plane passes and to thereby
determine which voxel each pixel of the image of the
surface of the board belongs to. In the case of wood
processing there are already prior art techniques for es-
tablishing the position of a board relative to a log from
which the board was obtained. That may be done either
using markers or other references applied to the log and
which can be found in the board, or by directly inspecting
the surface appearance of the board or the internal char-
acteristics of the board as described for example in Eu-
ropean patent application No. 19161248.0 in the name
of the company Microtec S.r.l. with registered office in

Bressanone (Italy). EP 2410328 A1 also describes a
method for identifying a piece of wood amongst a plurality
of starting pieces of wood.
[0059] It should also be remembered that there are al-
so various prior art techniques for establishing a poste-
riori the correspondence between a board and the log
from which it has been obtained. In fact, in many wood
processing plants tracking of the boards is common in
order to be able to follow them from the moment of cutting
onwards. Depending on the plants, the tracking may be
of the physical type (the system always knows where
each board is) or of the virtual type (the system recog-
nises the board for example using the methods indicated
above). Whilst tracking of the boards may be relatively
complex because in processing plants it is common for
the boards, before the final quality control, to be able to
change their feed order multiple times (for example, be-
cause they are stored for drying or other purposes), in
other sectors, such as industrial slicing of food products,
tracking is much simpler because the slices, once they
have been created, proceed in an orderly manner and
are immediately packaged.
[0060] However, as described in more detail below, in
order to be able to determine spatial correspondence be-
tween each real internal point of the object considered,
and one of the voxels into which the object was divided
by the tomographic inspection, it is necessary to know
both from which starting object each piece was obtained,
and to know what was the position of the piece (and of
its external surface) inside the starting object.
[0061] Concerning the relative positioning of the exter-
nal surface visible in the training image, in the tomograph-
ic representation of the object constituted of the three-
dimensional set of voxels into which the object was di-
vided by the tomographic inspection, it should also be
noticed that, in some cases, the real cutting plane may
not perfectly correspond to the virtual cutting plane esti-
mated when determining the cutting pattern; that occurs
for example in the case of logs for which it is difficult to
guarantee a precise positioning at the saws, whilst it is
more difficult for it to be able to occur for objects with
more regular supporting surfaces, such as cants, or food
products. In any case there are various prior art (auto-
matic) systems which, starting from the theoretical posi-
tioning of the cutting plane, allow a check of the position
of the real cutting plane. For example, in addition to the
above-mentioned techniques (for example the technique
described in European patent application No.
19161248.0, having established the correspondence al-
so allows assessment of any offsets between the real
board and the virtual board), it is possible to have a check
of rotation of the log at the moment of cutting relative to
the theoretical angular orientation, or it is possible to have
a check on the cant even in this case so as to understand
its real orientation relative to the theoretical one.
[0062] Now returning to preliminary preparation of the
training output data starting from real internal points of
the object previously made accessible by cutting or
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breaking the object, a further innovative aspect of this
invention relates to the relative procedure for preparing
these training output data to be used in the computer
implemented training method described above, some of
whose characteristics have already been covered in the
preceding paragraphs.
[0063] In its most general definition, the procedure for
preparing the training output data involves first, after the
training input data of an object have been obtained, a
dividing step in which the object is divided into a plurality
of pieces. The dividing step is carried out in such a way
that each piece obtained has an external surface at least
partly constituted of portions of material which before the
division were inside the object. Advantageously, if pos-
sible, the dividing step is carried out in such a way as to
maximise the extent of the surfaces which correspond to
internal parts of the starting object. In the case of logs
this result is obtained by cutting the log with cutting planes
substantially parallel to the main line of extension of the
log, or with cutting planes perpendicular to the axis of the
log. The closer the cutting planes are, the better.
[0064] The procedure for preparing the training output
data then involves a labelling step during which informa-
tion about the internal characteristics of interest of the
object at voxels which correspond to portions of the object
which lie on the external surface is saved in an electronic
memory.
[0065] As already described above, during the label-
ling step it is necessary to establish a correspondence
between the points of each piece inspected and the vox-
els of the tomographic scan of the object from which the
piece was obtained.
[0066] Therefore, for that purpose, it is essential to
know from which object each piece was obtained, and
what was the position of the piece inside the object.
Therefore, if that information is not already available, for
each piece the labelling step preferably comprises first
a step of identifying the object from which the piece was
obtained and a step of identifying the position of the piece
inside the object from which it was obtained.
[0067] In order to identify the object from which each
piece was obtained, in general there may be either a
recognition of the piece (for example according to the
methods indicated above) or a continuous tracking of the
piece inside the plant in which it is processed (for example
from the cutting station to the check station in the case
of the plant described below).
[0068] In contrast, in order to identify the position of
the piece inside the object it is possible to virtually com-
pare the piece and the starting object to find the position
in which the piece matches a part of the starting object
(or, rather, of its tomographic mode), or to virtually com-
pare the piece with a corresponding known virtual piece.
The latter alternative refers, for example, to the case in
which the starting object has been cut according to a
known theoretical cutting pattern, which comprises a plu-
rality of theoretical virtual pieces, and the theoretical vir-
tual piece with which the real piece corresponds is known.

Starting from the comparison between the theoretical vir-
tual piece and the real piece, the software tool may be
autonomously capable of calculating how much the real
piece deviates from the virtual piece (in rigid motion
terms) and, by combining the deviation and the known
cutting pattern, can establish the position of the piece
inside the starting object. In a further variant, the position
of the real piece may be calculated if the cutting pattern
and any offsets of the real cutting pattern calculated by
inspecting the intermediate cant are known.
[0069] In one embodiment, before the labelling step,
the method involves a photographic step during which,
by means of an electronic device, a digital image is gen-
erated of at least one part of the external surface of at
least one of the pieces into which the object was divided.
Advantageously, a digital image generated in this way,
relates to an external surface constituted of portions of
material which before the division were inside the object.
That does not alter the fact that, in order to have more
information to include in the training output data, it is also
possible to refer to a digital image of surfaces which cor-
respond to external surfaces of the starting object. In the
known way, each digital image is constituted of a plurality
of pixels.
[0070] In a preferred embodiment, the digital image
corresponds to a graphical representation of the surface
of interest obtained from the tomographic data. In this
case, advantageously, each pixel of the digital image cor-
responds to a voxel of the tomographic inspection.
[0071] In this case, during the labelling step, informa-
tion about the internal characteristics of interest of the
object at each pixel of interest of the digital image is saved
in the electronic memory. Depending on the applications,
the pixels of interest may be all of those which constitute
the digital image, or only a group of them.
[0072] In general, the labelling step is advantageously
carried out by means of a software tool which, depending
on the applications, may adopt various forms. In a first
case provided for, the software tool supplies a graphical
interface through which an operator can assign prede-
termined information about the internal characteristics of
interest (for example directly to each voxel or to one or
more pixels of the digital image if this is used).
[0073] In contrast, in another preferred case, the soft-
ware is autonomously capable of assigning the informa-
tion about the internal characteristics of interest to one
or more voxels. This case includes the use, in the wood
processing sector, of apparatuses already present in
many plants, for automatic classification of wooden
boards.
[0074] In the case of use of a digital image for labelling
the internal characteristics, once the information about
the internal characteristics of interest has been associ-
ated with one or more pixels of the digital image, if a
correspondence between each pixel and a voxel is not
already preset, the procedure for preparing the training
output data may also involve a correlating step, carried
out by a computer, during which a spatial correspond-
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ence is determined between each pixel with which the
information was associated, and one of the of the voxels
into which the object was divided by the tomographic
inspection. In other words, the computer determines into
which voxel each real point inspected falls. Once the spa-
tial correspondence has been established, the method
involves an associating step during which the information
about the internal characteristics of interest of the object,
saved in association with each pixel, is associated in the
electronic memory also (or only) with the corresponding
voxel for which the spatial correspondence with the pixel
was determined.
[0075] Finally, in the definition of the training output
data, further data may also be deduced from the real data
detected on the real object or on parts of it, for example
based on biological type assessments.
[0076] A preferred application of this invention is in the
context of processing objects of a predetermined type,
where the software infrastructure is used to determine
the best methods for cutting or for use of each object,
starting from the tomographic inspection data of the lat-
ter. An example of this type of application is the cutting
of logs for the production of boards.
[0077] In these cases, the procedure for preparing the
training output data may advantageously be carried out,
wholly or partly, by one or more management and check
computers of a plant for processing the objects of a pre-
determined type, provided that the plant comprises at
least:

a cutting station in which each object is divided into
a plurality of pieces in such a way as to make its
internal points accessible; and
a check station which carries out, advantageously
fully autonomously, one or more checks on the piec-
es obtained by dividing the starting object, for de-
tecting real characteristics of those pieces and their
position in each piece. An example of a check station
of this type, in the sector for the production of wooden
boards, may be constituted of the apparatus called
Goldeneye produced and marketed by the company
Microtec S.r.l. with registered office in Bressanone
(Italy). The data determined by the check station are
made available to the one or more check computers.

[0078] In this situation, the real characteristics as-
sessed by the check station are considered to be the
internal characteristics of interest according to this inven-
tion (meaning, in accordance with this invention, those
assessed at real internal points of the object previously
made accessible by cutting or breaking the object).
[0079] The one or more management and check com-
puters of the plant will then be programmed to combine
the information about the characteristics of interest with
the tomographic voxels of the starting object; indeed the
cutting of the object will be carried out based on a cutting
pattern determined starting from the data of a tomograph-
ic inspection, where that tomographic inspection may

have been carried out in the plant or remotely.
[0080] However, advantageously, the plant comprises
a tomographic station in which the tomographic scan of
each object is carried out; in this way, even the training
input data of the object can be obtained by means of the
tomographic station.
[0081] In an alternative embodiment, which the Appli-
cant reserves the right to protect even independently by
filing divisional patent applications, the procedure for pre-
paring training output data is carried out, wholly or partly,
by one or more management and check computers of a
plant for processing the objects of a predetermined type,
where the plant does not comprise the cutting station,
but only at least one check station. In this case, it will be
possible to divide the objects into pieces in a place dif-
ferent from that in which the quality check takes place
(moreover, the cutting place may or may not be the same
as the place where the tomographic inspection is per-
formed). In the case of wood, this may occur when, after
the boards have been cut in a sawmill, the boards them-
selves are transferred to a different plant for drying or for
special processing operations.
[0082] The definition "processing plant" used in the
context of this invention therefore advantageously in-
cludes both processing plants in which all of the various
parts are located in the same place and are physically
connected, and processing plants in which the various
parts are not physically connected or are even in different
places.
[0083] According to a further innovative aspect of this
invention, the training method may involve an initial train-
ing of the software infrastructure at the end of which the
software infrastructure may be used with good results in
an industrial context, and a subsequent improvement/re-
finement training, intended to further improve the per-
formance of the software infrastructure. According to the
preferred embodiment, the improvement/refinement
training is advantageously carried out during the normal
use of the software infrastructure and the results of the
improvement/refinement training, as soon as they are
available, are directly used in the subsequent use.
[0084] In particular, the improvement/refinement train-
ing may be carried out in a very advantageous way in
the context of plants for processing objects of a prede-
termined type, in which the objects are divided into mul-
tiple pieces and in which the quality of the individual piec-
es is checked (such as those described above). In fact,
for each object processed in such plants, the plant sup-
plies both data usable as training input data (the results
of the tomographic inspection), and data usable as train-
ing output data (the results of the check station).
[0085] Therefore, advantageously, the training output
data are generated for each object, by the one or more
management and check computers of the plant for
processing the objects, without interrupting operation of
the processing plant, and are then used by the training
unit, together with the training input data generated for
the same object, for carrying out a further setting of the
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internal processing parameters of the software infra-
structure which correlate the training input data with the
training output data; all during normal use of the plant.
As already indicated, it is possible that the training output
data is generated in a place (production works) different
from that in which the objects are cut.
[0086] What was just described is an example of ap-
plication of a more general embodiment of the computer
implemented training method according to this invention,
which involves an initialising step in which a training set
is created which comprises a plurality of objects of a pre-
determined type, and a plurality of expansion steps dur-
ing each of which one or more objects of the predeter-
mined type are added to the training set, and in which
the training unit processes the training input data and the
training output data relative to each object of the training
set, for setting internal processing parameters of the soft-
ware infrastructure which correlate the training input data
with the training output data, both after execution of the
initialising step, and after execution of each expansion
step. In other words, the training of the software infra-
structure is repeated after each expansion of the training
set, each time taking as the starting parameters those
previously determined and executing the new setting only
based on the objects added.
[0087] As in the example described above, advanta-
geously, the objects added to the training set at each
expansion step are objects to which the software infra-
structure previously applied the machine learning tech-
niques for analysis of the data obtained from a three-
dimensional tomographic inspection of the self-same ob-
jects, in order to determine information about the internal
characteristics of interest of the self-same objects. This
applies for example in the case of boards obtained by
cutting logs based on cutting patterns determined starting
from processing of the results of the tomographic inspec-
tion by the software infrastructure.
[0088] Finally, this invention also relates to a plant for
processing objects of a predetermined type, and in par-
ticular for processing logs, which comprises at least:

one or more management and check computers
(connected to all of the parts of the plant);
a cutting station in which each object is divided into
a plurality of pieces; and
a check station in which one or more checks are
carried out on the pieces obtained by dividing the
starting object, to detect real characteristics of those
pieces and their position in each piece.

[0089] Advantageously the plant also comprises a to-
mographic station in which the three-dimensional tomo-
graphic inspection of each object is carried out, even if
it is alternatively possible to use the results of a three-
dimensional tomographic inspection previously carried
out.
[0090] The one or more check computers implement
a method for detecting the internal characteristics of in-

terest of each object, which involves the use of a software
infrastructure based on machine learning techniques
which uses as input data the data obtained from a three-
dimensional tomographic inspection of said object. The
software infrastructure is also trained with a training
method, implemented by means of computer, as de-
scribed above, and supplies as output data the internal
characteristics of interest of the object. Those internal
characteristics of interest of each object supplied by the
software infrastructure are then used by the one or more
management and check computers to determine a meth-
od for cutting each object into the plurality of pieces.
[0091] Finally, advantageously, the input data and the
data generated by the check station relative to at least
some of the objects processed in the plant, are used by
the one or more management and check computers to
carry out, by means of the training unit, continuous train-
ing of the software infrastructure during normal use of
the plant (for example according to the methods indicated
above).
[0092] Finally, it should be noticed that even where the
cutting station and the analysis station are located in the
same place (works), implementation of this invention
does not require the analysis to be performed immedi-
ately after the cutting. In fact, in the wood processing
sector, it is common for the boards, once cut, to be left
to dry for a predetermined time, before undergoing quality
checks

EXAMPLE OF APPLICATION

[0093] Below is a description of an example of appli-
cation which simulates the subject matter of this inven-
tion, although it is implemented by manually performing
what could be done in a processing line using equipment
such as the above-mentioned Goldeneye.

1. Introduction

[0094] As indicated in the initial part of this description,
automatic detection of the knots of a log from the data of
a tomographic inspection has been covered in many
works. However, few of these have dealt with the problem
of detecting the dead knot surface. The dead knot surface
is the surface which divides the part of the knot corre-
sponding to a sound knot from that in which it is a dead
knot.
[0095] In fact, at the dead part of a knot, a thin layer of
bark divides the knot from the rest of the wood; the me-
chanical resistance of this part is lower, sometimes caus-
ing the knot to come out. Therefore, it would be very
important to be capable of having a precise estimate of
the zone in which there is a border between sound knot
and dead knot, to allow optimisation of the cutting model
so as to produce higher quality boards. In Oja, J. (2000),
Evaluation of knot parameters measured automatically
in CT-images of Norway spruce (Picea abies (L.) Karst.),
European Journal of Wood and Wood Products, 58(5),
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375-379, the correlation between the estimated percent-
age and the measured percentage of sound knots on
each board was measured as R2 = 0.72. In Johansson,
E., Johansson, D., Skog, J., & Fredriksson, M. (2013),
Automated knot detection for high speed computed to-
mography on Pinus sylvestris L. and Picea abies (L.)
Karst. using ellipse fitting in concentric surfaces, Com-
puters and electronics in agriculture, 96, 238-245, the
border zone was detected by measuring the point where
the diameter of the knots stopped increasing. The RMSE
value of the estimate of the dead knot surface on pine
logs was 12 mm. On the basis of these conditions, two
methods according to this invention were applied one
after another in an attempt to improve detection of the
knots from the tomographic data.
[0096] In both cases, a software infrastructure based
on convolutional neural networks was used.
[0097] In particular, the problem was dealt with by di-
viding detection of the knots into two steps.
[0098] During the first step, the method according to
this invention was implemented to carry out a semantic
segmentation along the entire axis of the log so as to
define the position of each knot.
[0099] In the second step, exclusively a zone around
each knot was analysed to calculate in general the prop-
erties of the knot and, in particular, to identify the dead
knot surface.
[0100] Therefore, in the first step, the information about
the internal characteristics of interest was constituted of
the position of the knots along the axis, and more pre-
cisely the position and orientation of the axis of the knot.
[0101] In contrast, in the second step, the information
about the internal characteristics of interest related to the
diameter of the knot and the position of the dead knot
delimiting surface.
[0102] The neural network oriented for semantic seg-
mentation used in the first step is a completely convolu-
tional network which carries out 2D convolutions on con-
secutive axial section volumes of the log, to produce
probability maps which express the probability that each
voxel is part of a knot.
[0103] In contrast, the network used in the second step
aims to classify the volumes of the knots as sound or
dead and to identify the correct position of the dead knot
surface.
[0104] As already indicated, one of the basic require-
ments for training each software infrastructure based on
machine learning techniques is that a large number of
input - output examples is supplied to the system.
[0105] Labelling of the training output data supplied to
the network for the first step was carried out by means
of the visual inspection of the tomographic images using
a specific interface software.
[0106] In contrast, definition of the dead knot surface
from the tomographic images was not possible. There-
fore, to generate the training output data it was decided
that use would be made of measurements taken directly
on the surface of boards after they had been obtained

by cutting logs.

2 Material and methods

2.1 First Step: identification of each knot

[0107] The tomographic data were generated using a
CT Log scanner produced by the company Microtec S.r.l.
with registered office in Bressanone (Italy), a scanner
which is capable of producing data relative to three-di-
mensional images in which each voxel has the size 1x1
mm in the transversal direction, and 10 mm along the
axis of the log.
[0108] Hereinafter in the description x and y will be the
two co-ordinates of the tomographic images transversal
to a longitudinal axis of the log, and z the third co-ordinate
along the axis.
[0109] To display and label in 3D each knot directly
with reference to the tomographic images, a suitable in-
terface software was developed, in which different views
of the same cross-section of the log were presented in
the same screen page, to allow labelling of the starting
point, the end point, the dead knot surface and the profile
of the diameter of the knots. On those images the oper-
ator could also define any number of intermediate points
along the trajectory of the axis of the knot.
[0110] The tomographic images of 75 logs of Scots
pine (Pinus sylvestris), previously obtained in various
sawmills in Europe, were collected in order to create a
database. The knots of that log were manually marked
with the software previously described, totalling 10,118
knots.
[0111] The parametric labelling in each cross-section
was converted to produce a volume of voxels corre-
sponding to each log in which each voxel was assigned
the value 1 if the voxel belonged to a knot, and the value
0 if not.
[0112] Each portion of both of the images was resized
to have sections with a size of 128 x 128 pixels for all of
the logs, then groups of images were created composed
of 5 adjacent sections.
[0113] Trained with these data, the neural network was
capable of producing, starting from generic input data, a
3D image in which each voxel was substituted by the
probability of being part of a knot.
[0114] To identify the position and the bounding box
of each knot, a special version of the Hough transform
was applied (see Ballard, D. H. (1981); Generalizing the
Hough transform to detect arbitrary shake; Pattern rec-
ognition, 13(2), 111 - 122).
[0115] In the development of the transform a consid-
erable simplification of the model was applied, consider-
ing that all of the knots in a log start from the central pith
(in fact, epicormic knots are very rare in forests).
[0116] The position of the pith along the log can easily
be calculated, for example using the algorithm proposed
in Boukadida, H., Longuetaud, F., Colin, F., Freyburger,
C., Constant, T., Leban, J. M., & Mothe, F. (2012); PithEx-
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tract: A robust algorithm for pith detection in computer
tomography images of wood-Application to 125 logs from
17 tree species; Computers and electronics in agricul-
ture, 85, 90-98.
[0117] In this way it was possible to create a list of xPith
(z) and yPith (z) values. Therefore, the axis of a knot was
parametrised with 3 parameters:

• z-Start, the z co-ordinate of the position where the
knot starts;

• Orientation, the angle of the direction of the knot in
the x, y plane;

• Gradient, the inclination of the direction of the knot
in the z direction relative to the x y plane.

[0118] The algorithm created a 3D Hough map based
on the 3 parameters executing the loop on a range of
possible Gradient values of between -30% and 30% with
a 2% step.
[0119] For a given Gradient, for each voxel it is possible
to calculate the only position possible in the pith from
which an axis of the knot could start so as to pass from
the voxel, in such a way that it was possible to create a
zStart (x, y, z, Gradient) function, where x, y, z are the
position of a generic voxel. Therefore, it was possible to
calculate the orientation of the knot as Orientation (x, y,
z) = atan2 (yPith (zStart), xPith (zStart)). With these two
functions it was possible to calculate for each Gradient
and each voxel (identified by the relative x, y, z co-ordi-
nates), the corresponding z-Start and Orientation co-or-
dinates in the Hough map. Adding the probability value
calculated with the convolutional neural network it was
possible to calculate the probability of having a knot with
the given parameters. Selecting the best local maxima
of the map it was possible to define the list of axes of the
knots.

2.2 Second step: knot zone analysis

[0120] Identification of the axis of each knot was fol-
lowed by extraction of a voxel 3D volume which contained
the axis.
[0121] For each volume extracted the following three
reference directions were defined:

• radial direction (r): along the orientation of the knot
in the x-y plane;

• tangential direction (t) orthogonal to directions r and
z;

• direction z.

[0122] The extracted voxel 3D volume was always set
to a size of 160 x 80 x 80 respectively in directions r, t,
z. A different scale factor was applied to the three direc-
tions to adapt the knot in space with the maximum res-
olution allowed. The scale in direction r was determined
by the radius of the log at the given point, the scale in
direction t by the estimated maximum diameter, the scale

in direction z by the Gradient and by the estimated max-
imum diameter.
[0123] In a first solution tested, the same data used in
the first step were used to train a second convolutional
neural network which segmented the extracted voxel 3D
volumes.
[0124] Analysis of the size and of the centre of the vox-
els segmented along direction r allowed calculation of
the direction, the size and the length. The dead knot sur-
face was calculated as the point where the size of the
knot stopped increasing along direction r.
[0125] However, the results obtained in this way were
not satisfactory.
[0126] Therefore, it was ascertained that in order to
create a neural network with improved performance it
was necessary to have available training examples that
were more reliable; it was necessary to use as a basis
the appearance of the knots on a visible surface, rather
than only on tomographic images. Consequently, thir-
teen Scots pine logs were first scanned with a CT Log
scanner, and then sawed into thin panels with 15 mm
thickness.
[0127] The knots were manually measured on the sur-
face of the boards. A reference to allow precise determi-
nation of the positions of the boards in the starting logs
was generated by making several reference holes in the
logs, in such a way as to make it possible to calculate
the position of a knot in the tomographic image, if the
position measured on the board is known and vice versa.
Using the thirteen logs, 2412 knots were measured on
the surface of the boards.
[0128] In particular, for each knot, as information about
the internal characteristics of interest, a record was made
of the minimum diameter, the maximum diameter, the
position and the sound/dead state. The information about
each knot was transferred into the reference system of
the specific voxel extracted 3D volume for training the
neural network.
[0129] One problem encountered is that the informa-
tion required (dead knot surface and diameter profile)
needed a higher resolution of verified information (ground
truth) along the radial direction, whilst only a few spaced
measurements were available due to the thickness of the
boards and their angle relative to the axis of the knot.
[0130] Therefore, in an attempt to improve the training
of the network the decision was made to extract sub-
blocks of eleven slices along direction r, around the po-
sitions where real information was available.
[0131] Then two different networks were prepared: one
for calculating the dead/sound state, the other for calcu-
lating the knot diameter.
[0132] During training of the network for calculating the
sound/dead state it was possible to also extend the in-
formation measured to other points of the knot. In fact, if
a knot was detected as sound at a predetermined radial
co-ordinate r_alive, for obvious biological reasons the
knot was also necessarily sound for all of the other radial
co-ordinates less than r_alive. For the same reason, if a
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knot was detected as dead at a predetermined radial
point, all of the subsequent radial sections could be
marked as dead.
[0133] This allowed the creation of a set of training out-
put data with a large number of samples.
[0134] At this point the network was capable of classi-
fying the individual slice of a knot but during the optimi-
sation step it was important to know the dead knot sur-
face, in such a way that it was possible to use a single
number to represent the knot state in all of the positions.
Therefore, an algorithm was implemented which calcu-
lated the inference of the neural network in steps with six
sections, defined the point where the state changed from
sound to dead and therefore refined the result with
stepped inference of a slice around the first hypothesis.
Following calculation of the dead knot surface, system
performance was verified by comparing the estimated
state with the state of the knots in the sawn boards.
[0135] The decision was made to use only the slices
of knot where a manual measurement was available as
training output data for calculating the diameter. Although
interpolation of the diameters measured in two adjacent
sections was possible, it was decided that this could have
reduced system precision.
[0136] As long as it was possible to consider that the
branches were not elliptical, the minimum diameter
measured on the board was used as the diameter of the
knot in the 3D image.

3. Results

3.1 Segmentation of knots

[0137] In order to design and train the networks, a Win-
dows 10 Pro computer was used, and as regards the
software infrastructure Keras 2.2.4 with Tensorflow
1.13.1 as the backend.
[0138] The first network, intended for semantic seg-
mentation, had a total of 1,962,913 parameters. It fol-
lowed the U-Net architecture (see Ronneberger, O.,
Fischer, P., & Brox, T. (2015, October); U-net: Convolu-
tional networks for biomedical image segmentation; In
International Conference on Medical image computing
and computer-assisted intervention (pp. 234-241).
Springer, Cham) with skip connections and convolutional
blocks composed of two consecutive convolutional lay-
ers.
[0139] The first layer interpreted the axis of the channel
as a depth axis. Starting from an image size of 128x128
with 5 channels, it compressed the image to size 8x8 with
256 channels at the centre, only to then resize it to
128x128 with a single output class (the probability of part
of the pixels of the central section being part of a knot).
Each convolutional layer applied 3x3 kernels, and for op-
timisation the Adam optimiser was used with a learning
speed of 0.0002 with binary cross-entropy as a function
of predefined loss. Early interruption and reduction of the
learning rate on plateau were used during the training

process. The inference time for calculation of a 4.2 m
long log was 650 ms. All of the calculation times were
measured using a computer which uses a RTX 2080 GPU
on an Intel Core i7-4770 3.4 GHz processor.

3.2 Dead knot border

[0140] In total the thirteen logs had 634 knots. Each
knot intersected with one or more boards, and the manual
measurements were taken at those intersections.
[0141] The 634 knots intersected with the boards at
2412 points measured. 1835 knot intersections were ran-
domly selected for training and for the validation set. They
generated 34917 knot slices with known dead/sound
state and were used for training and validation of the
neural network. 577 knot intersections, belonging to 158
knots, were used for the test of the final algorithm in de-
tecting the dead knot surface.
[0142] The performance test was carried out by com-
paring the state of the knots manually measured on the
boards with the estimated state based on the estimated
dead knot surface. The results are presented in table 1
which shows the sound / dead knot classification confu-
sion matrix.

[0143] The inference of a single portion of the network
used for the sound / dead classification required 0.42 ms.
Each knot required the inference of a total of 23 knot
slices, therefore the total calculation time for the dead
knot surface of a knot was 10 ms.

3.3 Knot diameter

[0144] For training and validation of the network, 1776
knot intersections with boards were used (3/4 for training
and 1/4 for validation) whilst 564 were used for the test.
[0145] The standard deviation of the difference be-
tween the manual measurement and the estimated di-
ameter value was 3.2 mm, the average 0.1 mm.
[0146] The inference of a single section of the network
for the diameter estimate required 0.58 ms. In total,
twelve inferences were used for calculating the diameter
along each knot, requiring 6.7 ms per knot.
[0147] The total calculation time for a 4.2 m long log
with 50 knots was 1450 ms.
[0148] The invention described above may be modified
and adapted in several ways without thereby departing
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from the scope of the inventive concept.
[0149] All details may be substituted with other tech-
nically equivalent elements and the materials used, as
well as the shapes and dimensions of the various com-
ponents, may vary according to requirements.

Claims

1. A computer implemented method for training a soft-
ware infrastructure, wherein:

the software infrastructure is based on machine
learning techniques, and is intended to analyse
data obtained from a three-dimensional tomo-
graphic inspection of objects of a predetermined
type, with the aim of determining information
about internal characteristics of interest of the
self-same objects,
the data obtained from the three-dimensional to-
mographic inspection are constituted of a value
at each of a plurality of voxels, into which the
object was divided by the tomographic inspec-
tion;
once a training set comprising a plurality of ob-
jects of the same predetermined type has been
selected, for each object the software infrastruc-
ture is supplied with training input data and cor-
responding training output data;
relative to each object, the training input data
comprise the data obtained from a three-dimen-
sional tomographic inspection of the object; and
relative to each object, the training output data
comprise information about the internal charac-
teristics of interest assessed at internal points
of the object;
the information about the internal characteristics
of interest is at least partly assessed at real in-
ternal points of the object, previously made ac-
cessible by cutting or breaking the object;
the software infrastructure, by means of its own
training unit, processes the training input data
and the training output data relative to each ob-
ject of the training set, for setting internal
processing parameters of the software infra-
structure which correlate the training input data
with the training output data;
the real internal points of the object where the
internal characteristics of interest are assessed,
are each part of a piece of the object, obtained
by cutting or breaking the object into two or more
separate pieces;

wherein also provided is a procedure for preparing
training output data which comprises the following
operating steps:

a dividing step in which the object is divided into

a plurality of separate pieces, each piece having
an external surface at least partly constituted of
portions which before the division were inside
the object, the dividing step being carried out on
objects for which the training input data are avail-
able; and
a labelling step during which, a software tool au-
tonomously assigns information about the inter-
nal characteristics of interest, at each internal
point, to one or more voxels which correspond
to portions of the object which lie on said external
surface and saves in an electronic memory that
information about the internal characteristics of
interest of the object at the voxels into which the
object was divided by the tomographic inspec-
tion;
and wherein, moreover, the procedure for pre-
paring training output data is carried out by one
or more management and check computers of
a plant for processing objects of a predeter-
mined type during operation of the processing
plant and using data about the objects proc-
essed by the processing plant, wherein the plant
comprises:

a cutting station in which each object is di-
vided into a plurality of pieces; and
a check station in which the plant carries
out one or more checks on the pieces ob-
tained by dividing the starting object, to de-
tect real characteristics of those pieces and
their position in each piece;
and wherein those real characteristics are
considered to be the internal characteristics
of interest assessed at real internal points
of the object previously made accessible by
cutting or breaking the object.

2. The computer implemented method according to
claim 1, wherein, for each piece of the object, the
labelling step comprises first a step of identifying the
object from which the piece was obtained.

3. The computer implemented method according to
claim 2, wherein the step of identifying the object
from which the piece was obtained comprises either
a recognition of the piece or a tracking of the objects
and of the pieces inside the processing plant.

4. The computer implemented method according to
claim 2 or 3, wherein, for each piece of the object,
the labelling step also comprises a step of identifying
the position of the piece inside the object from which
it was obtained.

5. The computer implemented method according to
claim 4, wherein the step of identifying the position
of the piece inside the object is carried out by virtually
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comparing the piece and the starting object, or by
virtually comparing the piece with a corresponding
known virtual piece.

6. The computer implemented method according to
any one of the preceding claims, wherein the real
internal points of the object are each positioned on
an external surface of a piece of the object obtained
by cutting or breaking the object, and wherein the
information about the internal characteristics of in-
terest is obtained by means of an inspection of that
external surface.

7. The computer implemented method according to
any one of the preceding claims, wherein the infor-
mation about the internal characteristics of interest,
at each internal point, is saved in the electronic mem-
ory in combination with information about the corre-
spondence of the internal point to one or more of the
voxels into which the object was divided by the tom-
ographic inspection, or in combination with a training
image which represents the external surface to
which the internal point belongs.

8. The computer implemented method according to
claims 6 and 7, wherein information about the cor-
respondence of the internal point to one or more of
the voxels, saved in the electronic memory, compris-
es information about the relative positioning of the
external surface visible in the training image, in the
tomographic representation of the object constituted
of the three-dimensional set of voxels into which the
object was divided by the tomographic inspection.

9. The computer implemented method according to
any one of the preceding claims, wherein a spatial
correspondence is established between each real
internal point of the object considered and one of the
voxels into which the object was divided by the tom-
ographic inspection, and wherein the information
about the internal characteristics of interest deter-
mined at each internal point considered, is saved in
the electronic memory in combination with the voxel
with which the spatial correspondence was deter-
mined, for creating a set of labelled tomographic data
which constitute the training output data.

10. The computer implemented method according to
any one of the preceding claims, wherein the proce-
dure for preparing output data also involves, after
the dividing step, a photographic step during which,
by means of an electronic device, a digital image is
generated of at least one part of the external surface
of at least one of the pieces into which the object
was divided, the digital image being constituted of a
plurality of pixels, and wherein during the labelling
step, in combination with each of at least one group
of the pixels which constitute the digital image, the

software tool saves in the electronic memory infor-
mation about the internal characteristics of interest
of the object at that pixel.

11. The computer implemented method according to
claim 10, wherein the procedure for preparing output
data also involves a correlating step carried out by
a computer, during which a spatial correspondence
is determined between each pixel of said at least one
group of pixels of the digital image, and one of the
voxels into which the object was divided by the tom-
ographic inspection, and an associating step during
which the information about the internal character-
istics of interest of the object saved in association
with each pixel of said at least one group of pixels,
is associated in the electronic memory with the cor-
responding voxel for which the spatial correspond-
ence with the pixel was determined.

12. The computer implemented method according to
any one of the preceding claims, wherein the entire
computer implemented method for training a soft-
ware infrastructure, is carried out by the one or more
management and check computers of the plant for
processing objects of a predetermined type.

13. The computer implemented method according to
any one of the preceding claims, wherein the plant
also comprises a tomographic station in which it car-
ries out a tomographic scan of each object, and
wherein the training input data are obtained by
means of the tomographic station.

14. The computer implemented method according to
claim 13, wherein the training output data generated
for each object by the one or more management and
check computers of the processing plant, without in-
terrupting operation of the processing plant, are used
by the training unit together with the training input
data generated for the same object, also for carrying
out a further setting of the internal processing pa-
rameters of the software infrastructure which corre-
late the training input data with the training output
data, during normal use of the plant.

15. The computer implemented method according to
any one of the preceding claims wherein:

it involves an initialising step in which a training
set is created which comprises a plurality of ob-
jects of a predetermined type, and a plurality of
expansion steps during each of which one or
more objects of the predetermined type are add-
ed to the training set;
wherein the training unit, processes the training
input data and the training output data relative
to each object of the training set, for setting in-
ternal processing parameters of the software in-

27 28 



EP 3 767 583 A1

16

5

10

15

20

25

30

35

40

45

50

55

frastructure which correlate the training input da-
ta with the training output data, both after exe-
cution of the initialising step, and after execution
of each expansion step.

16. The computer implemented method according to
claim 15 wherein the objects added to the training
set in each expansion step are objects to which the
software infrastructure previously applied the ma-
chine learning techniques for analysis of data ob-
tained from a three-dimensional tomographic in-
spection of the self-same objects, in order to deter-
mine information about internal characteristics of in-
terest of the self-same objects.

17. The computer implemented method according to
any one of the preceding claims wherein the software
infrastructure comprises a neural network, a deep
neural network, a convolutional neural network, or a
combination of two or more of these.

18. A computer implemented method for detecting inter-
nal characteristics of interest of an object of a pre-
determined type, wherein the computer implement-
ed method involves the use of a software infrastruc-
ture based on machine learning techniques, wherein
the software infrastructure uses as input data the
data obtained from a three-dimensional tomographic
inspection of said object, wherein the data obtained
from the three-dimensional tomographic inspection
correspond to a value at each of a plurality of voxels
into which the object was divided by the tomographic
inspection, wherein the software infrastructure used
is trained with a computer implemented method ac-
cording to any one of claims 1 to 17, and wherein
the software infrastructure supplies as output data
the internal characteristics of interest of the object.

19. A plant for processing objects of a predetermined
type, wherein the plant comprises:

one or more management and check comput-
ers;
a cutting station in which each object is divided
into a plurality of pieces; and
a check station in which the plant carries out one
or more checks on the pieces obtained by divid-
ing the starting object, to detect real character-
istics of those pieces and their position in each
piece;
and wherein the one or more check computers
implement a method according to claim 18,
wherein the internal characteristics of interest of
each object which are supplied by the software
infrastructure based on the tomographic data of
the self-same object, are used by the one or
more management and check computers to de-
termine a method for cutting each object into the

plurality of pieces.

20. The plant according to claim 19, wherein the plant
also comprises a tomographic station in which the
three-dimensional tomographic inspection of each
object is carried out.

21. The plant according to claim 19 or 20 wherein the
input data and the data generated by the check sta-
tion for at least some of the objects processed are
used by the one or more management and check
computers to carry out continuous training of the soft-
ware infrastructure during normal use of the plant.

22. The plant according to any one of claims 19 to 21
wherein the one or more check computers also im-
plement a method according to any one of claims 1
to 17.
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