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Abstract

Automated detection of lathe checks in wood veneers presents significant challenges due to their variability and the natural
properties of wood. This study explores the use of two convolutional neural networks (U-Net architecture) to enhance the
precision and efficiency of lathe checks detection in poplar veneers. The approach involves sequential application of two
U-Nets: the first for detecting lathe checks through semantic segmentation, and the second for refining these predictions
by connecting fragmented lathe checks. Post-processing techniques are applied to denoise the mappings and extract pre-
cise lathe check characteristics. The first U-Net demonstrated strong performance in predicting lathe check presence, with
precision and recall scores of 0.822 and 0.835, respectively. The second U-Net refined predictions by linking disjointed
segments, improving the overall lathe checks mapping process. Comparative analysis with manual methods revealed
comparable or superior performance of the automated approach, especially for shallow lathe checks. The results highlight

the potential of the proposed method for efficient and reliable lathe check detection in wood veneers.

1 Introduction

During the peeling process for veneer production, cracking
occurs at the cutting zone due to a combination of various
mechanical stresses and especially a traction stress field in
front of the knife (Thibaut and Beauchéne 2004). For so-
called homogeneous species, this phenomenon tends to be
periodic (Denaud et al. 2007; Leney 1959; Thibaut 1988).
The depth and frequency of these lathe checks depend on
numerous factors, including veneer thickness, wood spe-
cies, and production parameters (Rohumaa et al. 2018).
Lathe checks significantly affect the mechanical properties
and gluing capabilities of veneers (DeVallance et al. 2007;
Pot et al. 2015; Rahayu et al. 2013; Rohumaa et al. 2013,
2016). Therefore, measuring them is crucial to improve both
the veneer grading or gluing into wood engineering prod-
ucts processes.

Historically, lathe checks were measured by impregnat-
ing veneers with dye and observing them under a microscope
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(Lutz 1960; Movassaghi 1985). Due to the cumbersome and
time-consuming nature of these measurements, new meth-
ods have been developed, particularly acoustic measure-
ments (Tomppo et al. 2009; Wang et al. 2001). Denaud et
al. (2007) employed this approach by recording the sound
emitted near the knife during the peeling process and the
cutting forces, which allowed for the prediction of lathe
checks occurrence frequencies. These measurements were
then compared with the surface profiles of the veneers,
which were obtained by bending them to open the lathe
checks and using a distance sensor. Although these mea-
surements provided accurate estimates of lathe checks posi-
tions, they did not offer quantitative data on their depth or
other geometrical characteristics. Antikainen et al. (2015)
developed a method to simultaneously measure wood fiber
orientation and lathe checks depths through transillumina-
tion imaging of the veneer. The coefficient of determination
R? of 0.86 with reference values confirms the consistency of
this method for measuring depths.

The SMOF (“Syst¢me de Mesure d’Ouverture des Fis-
sures”, i.e. lathe checks opening measurement system),
developed at LaBoMaP (Palubicki et al. 2010), allows for
extensive observation and complete mapping of lathe checks
geometry in the radial-tangential (RT) plane of the wood.
As shown in Fig. 1, imaging is performed on the edge of
veneer strips passing over a suitably sized pulley to open the
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Fig. 1 Lathe checks opening mea-
surement system (SMOF) (Rohu-
maa et al. 2018) (LVDT =linear

variable differential transformer) LVDT

LIGHT
SOURCE

CAMERA

WHEEL
(180 mm)

Fig. 2 (a) Lathe checks in a poplar veneer arising from the SMOF
imaging system, and (b) its corresponding lathe checks mask. The
white arrow indicates a lathe check that is difficult to discern, and the
blue arrow indicates a lathe check that appears discontinuous

lathe checks and make them more visible. The SMOF easily
provides images of lathe checks along the entire edge of a
veneer, but the automated lathe checks detection via image
processing described by Palubicki et al. (2010) does not
work well with all types of wood and various lathe checks
sizes. Therefore, a manual detection is usually performed,;
however, Antikainen et al. (2015) demonstrate a significant
operator effect on the measurement of lathe checks depth in
this kind of images.

@ Springer

VENEER

The aim of this study is to automate the detection pro-
cess of lathe checks from images of veneers captured by the
SMOF, aiming to save time and enhance the measurement
accuracy.

Figure 2 presents an example of a cracked poplar veneer
image obtained with the SMOF, along with the correspond-
ing lathe checks mask. While most lathe checks are easily
visible to the naked eye, the gray levels of the pixels belong-
ing to lathe checks are similar to those of certain wood
details, such as vessels. Furthermore, some lathe checks
appear discontinuous (blue arrows) even though they are
not, and others are very difficult to discern (white arrows),
primarily due to the challenge of obtaining an optimally
clean surface for imaging.

There are studies in the literature addressing the detec-
tion of lathe checks on the main surface (tangential plane) of
veneers (Antikainen et al. 2015) and veneered panels (Bur-
nard et al. 2018). As for studies focusing on cross-sectional
images of veneers (transverse plane), these include the work
of Palubicki et al. (2010) cited above, and that of Grubii and
Johansson (2021), who detect slicing checks on flat-sliced
veneers by image processing of the cross-section after
firstly highlighting them with surface staining. Addition-
ally, studies exist on other types of cracks in wood and vari-
ous materials, which, like wood with its porous structure,
have features that complicate image analysis. Crack detec-
tion methods can generally be categorized into two groups
(Munawar et al. 2021): those based on image processing,
and those based on machine learning. In most cases, both
categories employ a common approach: cracks detection,
for example by semantic segmentation of images, meaning
assigning a class to each pixel (1 for a pixel belonging to a
crack, 0 for everything else), followed by the extraction of
crack parameters.
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The basic method for image processing segmentation is
grayscale histogram-based thresholding, as demonstrated by
Bhandarkar et al. (2002, 1999) for detecting cracks in cross-
sectional computed tomography images of logs. However,
cracks exhibit geometries and gray levels similar to those
of growth rings. Bhandarkar et al. (2005) have used the ori-
entation of the rings to detect cracks, given that cracks are
typically perpendicular to the wood rings in cross-sections.
They employ Sobel-like operators (Jihne 2005) to detect
the rings, followed by fork detection and clustering meth-
ods to locate the cracks, achieving better performance than
the previous method. Wang and Huang (2010) compare four
detection methods in their study: an integrated algorithm
(pre-processing before threshold-based segmentation), a
morphological approach (mathematical morphology and
curvature evaluation), a percolation-based method (model
based on the natural phenomenon of liquid permeation),
also used in Yamaguchi and Hashimoto (2009), and a prac-
tical technique (semi-manual, requiring operator interven-
tion). Their study indicates that the latter method yields the
best results, despite requiring human intervention, whereas
the effectiveness of the other methods depends heavily on
processing parameters and image characteristics.

Machine learning techniques have revolutionized seman-
tic segmentation, thereby enhancing crack detection by
providing powerful tools for analyzing complex and varied
images. Unlike traditional image processing methods that
rely on predefined rules, machine learning approaches learn
from annotated data and can adapt to a wide array of sce-
narios. In supervised learning, algorithms for semantic seg-
mentation are trained on datasets where each pixel is labeled
as either a crack or non-crack. Once trained, the model can
predict crack presence in new images. Convolutional neural
networks (CNNs) (LeCun et al. 2015) are especially effec-
tive for such applications (Dogan and Ergen 2022; Ehtisham
et al. 2024; He et al. 2020; Lin et al. 2023; Zhang et al.
2016).

In summary, these approaches capitalize on the ability
of algorithms to learn complex features and adapt to vari-
ous detection environments, which is essential for heteroge-
neous materials like wood. In this study, segmentation will
be carried out using a combination of convolutional neural
networks, specifically those following the U-Net architec-
ture, which will be described in detail later. This type of
network, initially developed for medical imaging (Ron-
neberger et al. 2015), was selected for its effectiveness in
semantic segmentation tasks. The study will then describe
the creation of the dataset from images of poplar veneers,
a wood considered relatively homogeneous, outline the
different stages of the crack detection process, and finally,
present the detection performance.

2 Materials and methods
2.1 Data collection

The images studied will be, as previously mentioned, images
of poplar veneers (Populus x canadensis, clone 1-214). This
species was selected because it is considered homogeneous
(at least at a mesoscopic scale relevant to the dimensions
of lathe checks and the observation scale), which simpli-
fies automated lathe check detection for these initial tests.
Additionally, a large amount of data was already available
for this species, including SMOF images produced for pre-
vious studies.

To obtain these images, 3 mm thick veneers were peeled
from several poplar logs. Various cracking rates were
achieved by adjusting the pressure rate of the pressure bar.
This bar exerts a compression stress field upstream of the
tool in opposition to the traction stress field inherent to the
cutting geometry. Therefore, the higher the pressure rate,
the more it limits lathe check extension but increases their
frequency, before almost eliminating them (Rohumaa et
al. 2018). The studied pressure bar rates (PR) range from
5% (deeper, less frequent lathe checks) to 15% (closer,
shallower, or even nonexistent lathe checks). This percent-
age corresponds to the relative distance from the nominal
thickness (3 mm) (Lutz 1974), for instance, a 5% rate cor-
responds to a relative distance of 5% % 3 mm=0.15 mm
below the nominal thickness between the cutting face and
the pressure bar nose. Using images with different cracking
rates for network training makes them more versatile and
efficient.

The SMOF allows imaging of the edge of veneer strips
15 to 40 mm long (longitudinal direction of the wood). For
scanning, the veneers were laser-cut into strips to ensure a
satisfactory surface condition. The resulting images are 12
bits grayscale images, and their resolution is 112 px.mm™ !
in the radial direction of the wood (R) and 69 px.mm ™! in
the tangential direction of the wood (T), which is the strip’s
direction of movement.

2.2 Detection steps

Figure 3 illustrates the various steps in the proposed lathe
check detection method. The input image first passes
through two consecutive convolutional neural networks
(CNNs), followed by a post-processing stage. The first
CNN (U-Net 1) generates a probability map that indicates
whether each pixel belongs to a lathe check or not. In some
cases, as shown in Fig. 3, the lathe checks appear segmented
and thus show up as several groups of non-zero pixels in the
U-Net 1 prediction. The next stage, U-Net 2, aims to con-
nect the groups of pixels belonging to the same lathe check.

@ Springer
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Fig.4 Example of a U-net architecture, each blue box corresponds to a multi-channel feature card, each white box to a copied card, and the arrows

indicate the various operations (Ronneberger et al. 2015)

The final stage, which will be detailed later, produces the
final lathe check map and extracts all the characteristics in
a tabular form.

2.3 U-Net architecture
The two CNNs utilized in our method are U-Nets, spe-

cifically designed for semantic segmentation tasks (Ron-
neberger et al. 2015). These networks deliver precise and
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robust results, even with a limited amount of training data.
As shown in Fig. 4, a U-Net consists of an encoder part
(left side), which reduces the spatial resolution of the image
by extracting features, and a decoder part (right side) that
restores the resolution while producing a segmentation map.
The encoder’s features are fused with the decoder’s activa-
tions to preserve spatial details at different scales, giving the
network its characteristic U-shape. The network architec-
ture and its various operations are described in more detail
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by Ronneberger et al. (2015). For this study, the network
handles input grayscale images of size 256 x 256 pixels (12
bit depth), includes 5 resolution reduction steps followed
by 5 resolution enlargement steps, and produces an output
image with the same dimensions as the input image.

2.4 Datasets creation
2.4.1 U-Net 1 dataset

Before being able to use a supervised CNN, it is necessary
to train it on a dataset composed of grayscale edge images
of veneers obtained with the SMOF (input images) and
the corresponding binary masks (ground truth), with only
black pixels (0) except for those located at a lathe check
(white pixels=1). Five veneer strips were selected for this
study: two strips were peeled at a pressure rate of 15% and
three at a pressure rate of 10%, allowing the network to be
trained to recognize lathe check of different sizes. Each strip
is 650 mm wide (tangential direction of the wood). Pixels
belonging to a lathe check were manually labeled to create
the ground truth masks. A total of 1,135 lathe checks were
identified in all these data, with an average area of 497 px*
per lathe check, details per strip are given in Table 1.

To finalize the dataset and obtain images with dimensions
suitable for the network, a 256 x 256 px? window scans each
of the 5 veneer images with a step of 64 pixels in both direc-
tions. The 5 veneer images are used with the lathe checks
oriented in the same direction (opening to the right, propa-
gation to the left), to enhance the network’s performance
for a consistent lathe check orientation. This being possible
since all lathe checks in a veneer, regardless of their local
shape, follow the same orientation. To avoid having a data-
set with a too low ratio of white pixels to black pixels (Buda
et al. 2018), only the pairs of sub-images where the ground
truth contains at least 1 white pixel are kept, as well as 1%
of the pairs of sub-images with no lathe checks. A total of
8,040 pairs of sub-images is obtained, with a total ratio of
white pixels to black pixels of 1.2%.

Table 1 Dataset strips information. The values in parentheses repre-
sent the standard deviation of the values

Strip id Pressure  Number of  Average lathe Number
rate lathe checks check area [px?]  of sub-
images
1 15% 166 145 (107) 985
2 15% 159 197 (152) 1,075
3 10% 253 726 (426) 1,990
4 10% 279 720 (484) 2,010
5 10% 278 697 (347) 1,980
Total 1,135 Total 8,040

2.4.2 U-Net 2 dataset

The process of creating the dataset for the second network
mirrors the approach used for the first one. The difference
here is that the input images are the predictions made by
U-Net 1, which are binary lathe checks prediction maps
thresholded at a low value of 0.15 (empirically determined
threshold). Three new veneer strips were used for this data-
set: two were peeled at a pressure rate of 15% and one at
10%. To create the ground truth masks, white pixels were
manually added to connect groups of white pixels belonging
to the same lathe checks, as illustrated in Fig. 3. 2,897 white
pixels were added to connect 173 lathe checks, which cor-
responds to 0.6% of the total number of white pixels. The
sub-image extraction follows the same procedure as for the
first dataset, except that here only the pairs of sub-images
containing at least 1 white pixel are retained, yielding a total
of 5,272 pairs of sub-images.

2.5 Training parameters and metrics for
performance evaluation

For both networks, the dataset images are split into three
distinct sets: training data (64%), validation data (16%), and
test data (20%). The training data is used to fine-tune the
model’s weights, the validation data allows for performance
monitoring and helps to prevent overfitting during training,
and the test data is used to assess the final performance of
the model on previously unseen data. The pixel values of the
images are normalized between 0 and 1 before training, by
dividing them by 256 since the frames have an 8 bit depth.

The training configuration for both U-Nets involves using
the Adam optimizer with a learning rate of 0.001, while
performance is evaluated using accuracy. The binary cross-
entropy loss function is chosen due to its efficacy in binary
classification tasks, particularly in dealing with unbalanced
datasets where positive instances (lathe checks) are rela-
tively sparse (Li et al. 2021). The model is trained with a
batch size of 32 over 20 epochs using TensorFlow, with
each epoch taking about one hour to complete, on a system
with an Intel Xeon Silver 4210R CPU, 128 GB RAM, and
Windows OS Server 2019.

To measure the performance of the segmentation mod-
els, the following metrics are introduced (Dogan and Ergen
2022):

® Precision:

TP
Precision = m (1)
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where TP is the number of true positives and F'P is the
number of false positives. Precision measures the propor-
tion of correct predictions among all the predictions made
by the model.

® Recall:

TP

Recall = m

2

where F'N is the number of false negatives. Recall mea-
sures the model’s ability to identify all relevant elements
(lathe checks pixels).

® [-score:

Precision x Recall
F—score =2 x

A3)

Precision + Recall

The F-score is the harmonic mean of precision and recall,
offering a balance between these two metrics.

e Intersection over Union (loU):

|AN B|

IoU =
Y T lAUB

(4)

Original image

Exclude pixels
outside borders

Morphological
closing

where A is the set of pixels predicted as positive, and B is
the set of actual positive pixels. JoU measures the overlap
between the predictions and the actual lathe checks.

e Root Mean Square Error (RMSE):

N
1 ~ 2
MSE = ,| — — i 5
RMS N;:l (T — vi) ©)

where 7; is the predicted value and y; is the actual value.
RMSE quantifies the average error of the predictions.

2.6 Post-processing

Once a complete image of the cracked veneer is predicted
by the two U-Nets, its raw prediction is not yet fully usable,
as the groups of white pixels do not all correspond to lathe
checks. It is necessary to denoise the map and unify the
remaining fragmented lathe checks.

Figure 5 illustrates the different stages of this post-pro-
cessing. Starting from the original image, the borders of the
veneer are determined, and all false-positive pixels located
outside these borders are set to zero. Next, a morphologi-
cal closing operation is performed with a kernel of 20 %20
px? to connect neighboring groups of white pixels. The next
step is to eliminate the remaining false positives. For this,

P

Area
filtering

Upper pixel
position filtering

Depth
filtering

Final image

Fig.5 Post-processing steps: in red the pixels removed by the current process step, and in green the pixels added during the morphological closing

step
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several filters are applied to the image. First, groups of pix-
els whose area is not comparable to that of a lathe check,
i.e. too small to correspond to a lathe check, are removed.
Then, for each remaining group of pixels, the vertical dis-
tance between its highest pixel and the veneer’s upper edge
is measured. Since lathe checks always originate from this
upper edge, any group of pixels located further than 56
pixels (representing 16% of the veneer’s thickness, empiri-
cally determined threshold) from this edge is disregarded.
Finally, in theory, in the case of homogeneous wood and sta-
ble cutting conditions, lathe checks in the same veneer have
relatively similar depths (Rohumaa et al. 2018). Groups of
pixels whose depth significantly deviates from the others
are filtered out, specifically those with a depth less than the
difference between the median depth of the lathe checks in
the veneer and their standard deviation. All these thresholds
were determined empirically.

Once the final map is obtained, each group of white
pixels is considered as a lathe check. Characteristics such
as the coordinates of the lathe check (i.e., the position of
the highest pixel), its depth (i.e., the distance between the
lowest pixel and the upper edge of the veneer), and its area
are extracted for all groups of white pixels and recorded as
tabular in an easily readable text output file (CSV format).

2.7 Reference measurements

To assess the performance of the proposed method at the
veneer level, it is crucial to compare the obtained results with
values measured through alternative methods. Two manual
techniques are employed in this study. Firstly, the software
component of SMOF allows for manual lathe checks detec-
tion. The operator identifies each lath check at three points
(extremities and middle) in a veneer image, generating a file
similar to that of the proposed method, including position
and depth values. The term SMOF will hereafter be used
to indicate manual detection using the SMOF software.
However, the software’s limited zoom capability hinders
the detection of lathe checks, particularly smaller ones. The
second technique, even more tedious, involves examining
the veneer images using an inner developed program with
Python environment, which allows for as much zooming
as necessary and thus providing the most exhaustive list of
lathe checks possible. This method is considered the refer-
ence measurement.

2.8 Evaluation of method performance
To evaluate the performance of the proposed method, two

types of studies were conducted: a repeatability study and a
quantitative comparison study.

2.8.1 Repeatability study

In the repeatability study, four operators (A: trained; B,
C, and D: untrained) independently detected lathe checks
using the SMOF software in three different poplar veneers,
obtained from three different pressure rates (PR=5%, 10%,
or 15%). The results from each operator were compared
with the reference measurements (performed by operator A)
and to the results from our proposed CNNs U-Net method.
This comparison allowed us to assess the consistency and
reliability of manual detection among different operators, as
well as to compare it with the automated method.

To evaluate the different methods statistically, a mode
IT linear regression (Ludbrook 2010) was performed
between these methods and the reference method. Mode
IT linear regression is a statistical approach used to com-
pare two measurement methods, particularly useful when
neither variable can be considered independent. Unlike
traditional linear regression, which minimizes errors only
along the y-axis, mode II regression minimizes errors on
both axes, offering a more balanced estimate of the relation-
ship between the variables. Here, this analysis allows for
the determination of whether there is a constant bias (a fixed
offset) or a proportional bias (a divergence that increases
with the reference value) in the lathe check depths detected
by each method (automatic or human operators) compared
to the reference depths. The mode II linear regression was
performed using the “orthogonal distance regression” algo-
rithm implemented in the SciPy library in Python.

2.8.2 Quantitative comparison study

In the quantitative comparison study, lathe checks detected
by an operator (A) using the SMOF and the proposed
method in 48 veneers were compared. The 48 veneers were
divided into three categories of 16 veneers each, according
to the pressure rate used during peeling (PR=5%, 10%, or
15%). This study involved a significantly larger dataset than
the previous study, aiming to provide a more representa-
tive assessment of the method’s reliability across varying
peeling pressure rates. The large number of veneers made
it impractical to manually map the lathe checks using the
reference method. Instead, the maps produced by the pro-
posed method were analyzed, and the detected lathe checks
corresponding to actual lathe checks were counted by the
operator A, to study the reliability of this method.

@ Springer
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3 Results and discussions
3.1 U-Net 1 performance evaluation

The first U-Net model (U-Net 1) was evaluated using sev-
eral performance metrics to measure its effectiveness in
detecting lathe checks in veneers. The results obtained are
summarized in Table 2. The Precision of 0.822 indicates
that U-Net 1 correctly detects more than 82% of the positive
pixels among those it predicted. The Recall of 0.835 shows
that it manages to identify about 83% of the actual lathe
check pixels. The F-score, the harmonic mean of Precision
and Recall, is 0.828, indicating a good balance between
these two metrics. The loU of 0.707 means that the inter-
section between the predictions and the actual lathe checks
represents about 71% of their total union. Finally, an RMSE
of 0.055 indicates almost no discrepancy between the pre-
dictions and the actual values, which is satisfactory for this
task. Overall, these results show that U-Net 1 provides solid
performance for predicting pixels belonging to lathe checks.

Figure 6 visually illustrates the performance of U-Net 1
in lathe checks detection. For the three images presented
from the test set, the ground truth mask is very similar to
the network’s prediction, indicating that the lathe checks are
accurately detected, even for small and difficult to discern
lathe checks, as in the third line.

3.2 U-Net 2 performance evaluation

The metrics for the quantitative evaluation of U-Net 2 are
summarized in Table 2. The obtained values show excellent
results, significantly better than those for U-Net 1. This can
be attributed to the fact that there is a very small difference
between the input image and the ground truth, with only
0.6% of positive pixels added to unify certain lathe checks.
Therefore, these metrics may not be the most appropriate for
quantifying the performance of this model, and the results
from the two U-Nets are not directly comparable given their
distinct roles in the detection process.

From a qualitative perspective, the network seems to
perform well in detecting groups of white pixels belonging
to the same lathe check, even when they are relatively far
apart, as illustrated in Fig. 7.

Table 2 Performance metrics of the two U-Net models

Metric U-Net 1 U-Net 2
Precision 0.822 0.989
Recall 0.835 0.979
F-score 0.828 0.984
loU 0.707 0.968
RMSE 0.055 0.016

@ Springer

3.3 Repeatability study

Figures 8 and 9 present the results of the repeatability study.
Figure 8 illustrates the number of detected lathe checks and
their depth distributions, categorized by method and opera-
tor, and pressure rate. The depth is expressed as a percent-
age of the lathe check depth relative to the veneer thickness.

A key observation is the disparity in the number of lathe
checks detected by operators using SMOF and their depths,
corroborating the findings of Antikainen et al. (2015) that
the operator significantly influences lathe check detection.
Some operators even detect non-existent lathe checks,
represented by the non-hatched grey areas, which is also
observed in detections using U-Nets, particularly at 15%
and 5% pressure rates.

Regarding the number of detected lathe checks, the pro-
posed method identifies an equivalent number to the SMOF
operators, except for the smallest lathe checks (PR=15%),
where it significantly outperforms. However, for the deepest
lathe checks, our method performs less effectively, likely
due to the networks not being trained with veneers obtained
at 5% pressure rates.

Regarding the mean depths of the detected lathe checks,
as illustrated in Figs. 8 and 9, they fall within similar ranges
across the three pressure rate categories. In Fig. 9, each point
represents a lathe check, and only those lathe checks com-
mon with the reference are represented. As a reminder, the
measurements labeled ‘Ref” and ‘A’ are performed by the
same operator but with two different methods, which is why
the points for operator A are aligned along the x=y line in
this figure. The automatically detected lathe checks tend to
appear deeper than they are in reality, except for the veneer
at PR=5%, where they are slightly less deep than the ref-
erence. In contrast, the other operators tend to consistently
detect the lathe checks as less deep than they actually are.

Table 3 provides a detailed summary of the linear regres-
sion results from the mode II analysis for lathe check depths
detected by each operator and by the U-Net method, relative
to the reference depth, across three different pressure rates
(5%, 10%, and 15%). These results allow for assessing the
existence of fixed bias (as indicated by the intercept) and
proportional bias (as indicated by the slope) in the detection
methods, along with their level of significance. The slope
indicates proportional bias: if the slope deviates from 1, it
suggests that the method tends to under- or overestimate
the depth depending on the reference value. The intercept
reveals fixed bias, where non-zero values indicate a consis-
tent under- or overestimation regardless of depth.

The findings suggest that for the U-Nets model, the slope
values at 10% and 5% pressure rates are statistically sig-
nificant (p-value<0.05). This indicates a proportional bias
where the detection depth progressively diverges from the
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reference, particularly for the 10% pressure rate with a slope
of 1.25, suggesting that as lathe check depth increases, the
U-Nets model tends to detect lathe checks deeper than the
reference. The slope at the 15% pressure rate is not statisti-
cally significant (p-value>0.05), indicating no proportional
bias at this pressure rate. The intercept values across all
pressure rates (15%, 10%, and 5%) are not statistically sig-
nificant (p-value>0.05), indicating the absence of a fixed
bias, as the U-Nets model does not consistently detect lathe
checks deeper or shallower than the reference.

250 0 50 100 lbU 200 250 0 50 lbO 200 250

For operators, the slope values are generally close to 1,
especially at the lower pressure rates (10% and 5%), indi-
cating limited proportional bias for most operators under
these conditions. However, operators B and D show devia-
tions from this trend, with slopes differing significantly
from 1 in certain cases, pointing to proportional bias in their
detections. Fixed bias is indicated by the intercepts, with
significant values for several operators at different pressure
rates. Operators B and C, in particular, tend to consistently
under-detect lathe checks across depths.
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Fig.7 U-Net 2 predictions of test
batch image
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3.4 Quantitative comparison study

In this study, only two methods are compared, but for a num-
ber of lathe checks at least 10 times higher than in the previ-
ous study to ensure more representative results. Figures 10
and 11 illustrate the findings from this comparative study.
As observed in the literature (Denaud et al. 2007; Leney
1959; Thibaut 1988), the average depth and the number of
checks per given length are inversely proportional. At 5%
PR, the number of lathe checks detected automatically is
slightly lower than manual detection. However, for the other
two PRs, it is significantly higher, exceeding manual detec-
tion by more than three times at 15% PR. Additionally, upon
verifying the lathe checks maps generated by the proposed

@ Springer
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method, it was confirmed that the automatically detected
lathe checks correspond to actual lathe checks. This is rep-
resented by the grey hatching in the figure and accounts for
nearly all the lathe checks, with at least 95% being correctly
identified. The significantly poorer performance of manual
detection with the SMOF for the 15% and 10% PR can be
explained by the difficulty of discerning certain lathe checks
(see Fig. 2), particularly the smaller ones.

Concerning the depth of the detected lathe checks, it is
evident once again that the developed model tends to detect
lathe checks as being deeper than those identified manually.
For the three pressure rates considered, the average depth
discrepancy for the common lathe checks is approximately
10%.
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Fig. 8 Comparison of the number of lathe checks detected (top row)
and the distribution of lathe check depths (bottom row) across differ-
ent pressure rates (15%, 10%, and 5%), for lathe checks detected with
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Fig. 9 Scatter plot of lathe checks depths detected by each operator and by the proposed method as a function of the reference depth, for lathe
checks in common

4 Discussions with high precision and recall. U-Net 2, on the other hand,
achieves excellent performance, which can be attributed to
the low variability of pixels between the input image and
the ground truth.

The repeatability study revealed significant disparities in

lathe checks detection among different operators using the

The results obtained with the two U-Net networks demon-
strate notable efficiency in detecting lathe checks in wood
veneers. U-Net 1, while showing slightly lower metrics
compared to U-Net 2, exhibits good detection capability
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Table 3 Mode II linear regression results of lathe checks depths
detected by each operator and by the proposed method as a function
of the reference depth at various pressure rates (5%, 10%, and 15%):
the slope and intercept values, along with their significance levels
(p-values). Statistical significance is indicated by asterisks: *** for
p-value<0.001, ** for p-value<0.01, and * for p-value<0.05

Pressure rate = 10%

SMOF software, confirming the operator’s impact on detec-
tion results. Operators also tend to detect false positives,
i.e., non-existent lathe checks, a phenomenon also observed
with the proposed method, especially for the pressure rates
of 15% and 5%.

Quantitative analysis comparing the results of the pro-
posed method with those obtained manually shows that the
U-Nets detect a higher number of true positive lathe checks,
particularly for veneers with small-sized lathe checks.
However, the automatically detected lathe checks tend to be
slightly deeper than those detected manually.

These observations suggest that the convolutional neural
network-based approach, while highly effective, could ben-
efit from future adjustments to better align the detected lathe
check depths with reality. An interesting perspective would
be to train the models with additional and varied data to
improve their robustness and reduce false positives. Explor-
ing other CNN architectures, such as R-CNN (Bharati and
Pramanik 2020) or ResNet (He et al. 2016), could address
some of these limitations and further enhance the model’s
performance. It may also be advantageous to improve the
post-processing part of the method, based on empirically

Pressure rate = 5%

Pres- Detection Slope  Sig- Intercept Sig-
sure  method nificance nificance
rate (Slope) (Intercept)
15%  U-Nets 5.60 -85.28
Operator A 0.95 oAk 1.22
Operator B 0.65 wHE 0.61
Operator C ~ 0.82 woHE -4.27
Operator D 0.75 ok -0.25
10%  U-Nets 125 k** -0.79
Operator A 1.00  *** 0.00 ok
Operator B 1.09 ok -11.64 HAK
Operator C  0.96 wHE -7.56 *
Operator D 0.95 ok -2.25
5% U-Nets 096  *** -6.17
Operator A 1.00  *** 0.00 ok
Operator B 0.97 oAk -12.66 *
Operator C 091 ok -13.62 HAk
Operator D 0.76 woHk 0.00
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Fig. 10 Comparison of the number of lathe checks detected (top row)
and the distribution of lathe check depths (bottom row) across differ-
ent pressure rates (PR=15%, 10%, and 5%), for lathe checks detected
with the proposed method (U-Nets) and the SMOF. The grey hatching
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and the blue hatching represents the number of lathe checks in com-
mon with the SMOF measurement
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Fig. 11 Scatter plot of lathe checks depths detected by the proposed method as a function of lathe checks depths detected by operator A using the
SMOF software, for lathe checks in common

determined parameters (kernel size for the morphological  not require active manual work) and improves measure-
closing and different filter thresholds). ment accuracy, but also reduces variability due to human

intervention. Future improvements could include training

the networks with images of veneers exhibiting even more
5 Conclusion varied lathe check rates to further increase their robustness

and adaptability. It will also be necessary to test this method
Automated detection of lathe checks in wood veneers is  on other wood species, particularly those less homogeneous
a major challenge due to the variability of lathe checks  than poplar, to increase the method’s versatility and expand
features and the unique visual-pattern characteristics of its potential applications. It will also allow an assessment of
the wood (presence of fibers, vessels, growth rings...) in ~ whether it is better to use a model trained on several species,
comparison to visual homogeneous materials. This study  or one specialized by species. Very promising preliminary

demonstrated the effectiveness of using U-Net based con-  tests, not presented in this study, were conducted on Doug-
volutional neural networks to improve the accuracy and las fir veneers, a species much less homogeneous in struc-
efficiency of this task on poplar veneers. The results indi-  ture at this mesoscopic scale.

cate that the two U-Nets, used sequentially and combined
with post-processing, enable robust and precise lathe check ~ Acknowledgements This study is funded by the ANR-

detection. surpassine traditional manual methods. especiall 21-CE43-0008-02 BOOST project. The authors thank the technical
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