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Abstract
In the solid wood panel industry, combining lamella pieces of consistent quality is crit-
ical for final product performance. However, most manufacturers still rely on manual
classification by quality control teams, a process that is labor-intensive, error-prone,
and inefficient. This reliance often results in production delays, inconsistent quality,
and even financial losses due to panels being sold below cost, ultimately eroding cus-
tomer trust. To address these challenges, this study proposes an expert decision support
system based on deep learning to automate lamella quality classification. A Mask R-
CNN model with a ResNet-101 backbone was trained on 2972 beech wood images
to detect key defects knots, ray cells, and cracks that determine lamella grading. The
system then classifies lamellas into AA, BB, CC, and Crack categories, achieving an
overall classification accuracy of 90.90%. This work introduces a novel approach, val-
idated on a custom dataset, that reduces dependency on manual labor and significantly
enhances efficiency and reliability in solid panel production.
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1 Introduction

Solid wood panels are small pieces of wood obtained from lamellas formed by adding
small pieces of lamellas of the same quality, end to end or in solid form. At the
beginning of the production, it is necessary to decide what kind of wood it will be
made of [1]. It is selected as first class or second class from domestic or foreign
country sources. The formation of the solid panel begins when the selected trees enter
the drying kiln [2]. It goes through a long phase during the production and is presented
to the customer at the end of the production process.

Wood is used in many areas such as kitchen, bathroom counter, furniture, play-
grounds, wall, column and ceiling covering, office furniture, school furniture, and
wooden beams [1]. Due to the advantages they have compared to other wood prod-
ucts, they have more application areas in the market. Some of these advantages are
that it has a long service life and is easy to process in machines [2]. One of the most
important factors is the mechanical properties of the wood material and its resistance
to force in terms of use [3]. For all these reasons, solid panels have become increas-
ingly important in the forest products industry. Although the demands on the products
in the plants producing solid wood panels are high, there is still no system that can
automate the production chain and completely eliminate the need for manpower.

In the production of solid wood panels, the wood material is divided into lamellas.
Panels of the same quality are obtained by combining lamellas of the same quality.
The process of segregating lamellas according to quality is carried out by the quality
control team in many mills. This process is entirely manual. It is critical that no errors
occur during the quality separation of the lamellas. The fact that this process relies
on manpower has a negative impact on production productivity. In addition, human
error reduces the selling price of the solid wood panel. There is a high demand for
solid wood panels, and this negative impact on the production process needs to be
eliminated. Therefore, it is necessary to develop an expert decision support system
that can support or replace the quality control team.

Solid wood panels are made frommany different types of wood. In the quality clas-
sification stage, the structures handled by the quality control team change according
to the species of wood. In the literature, the classification of tree species in forests
has been effectively performed using deep learning algorithms [4, 5]. Tree species
have been estimated, and both time and cost savings have been achieved compared
to other estimation methods by using Naive Bayes classification techniques [6]. A
success rate of 93% was achieved in the tree species estimation study using 14 differ-
ent European tree species [7]. In addition, the classification of trees in terms of their
physico-mechanical properties is used to show the level of strength of trees against
force [8]. Fos et al. conducted studies to improve wood quality for solid wood products
with 14 different samples taken from Valencia (Spain) [9].

Solid wood panels are made from many different types of wood. In the quality
classification stage, the structures handled by the quality control team change accord-
ing to the species of wood. Wang et al. were performed color classification on the
panel piece using K-means, which is an unsupervised learning method. The dataset
that contains 200 images is the panels of the European beech. A color histogram was
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obtained while classifying the color tones on the solid beech panels. In addition, the
unsupervised learning method was used because of the high cost of labeling. The
contour coefficient method was preferred to determine the k-value. The classification
process was performed by considering various k-values (k=7, k=8, k=9), and a high
success rate was achieved [20]. Zhuang et al. achieved a success rate of 97.22% by
using the XGBoost method on 108 images [21]. In the study, color classification was
performed on solid wood panel surfaces. The model training time was 5.27, and the
average testing time for each image was 51 milliseconds. Zhuang et al. classified the
solid wood panel as light, medium, and dark. These two studies achieved high success
in classifying the colors of solid wood panels [21].

In the field of image processing, Yang et al. [22] conducted a study on the automatic
detection and identification ofwood surface knots. Their algorithm accurately detected
and positioned knots in digital wood images, achieving an identification rate of 88.97%
to improve wood utilization efficiency. However, the current algorithm has limitations,
as the software is designed only for circular knots, and the obtained results are not
sufficient. In another study, machine learning is used to detect and classify knots in
timber boards by pre-processing images usingHilbert transform andGabor filters, then
classifying the extracted features using data mining techniques and comparing them
with the bagging method [23]. However, the results obtained are very low, indicating
that the machine learning methods used are not sufficient to solve the problem.Within
the scope of studies carried out in recent years, Gao et al. proposed the TL-ResNet34
method, which combines ResNet34 with transfer learning to detect wood knot defects
on a dataset containing 448 images of spruce knots [24]. Gao et al. identified decayed,
dry, edge, encased, horn, leaf, sound as knot subclasses with the success rate of 98%.
Non-destructive testing ofwoodknot defects has a high success rate, but it is considered
a relatively straightforward problem with a small amount of data. Although non-
destructive testing of wood knot defects is highly successful, the complexity of the
dataset cannot be measured because it has not been tested with other datasets. Yang
et al. [25] presented a model in which the deep residual network (ResNet) as the
core network part of the improved SSD model replaces the VGG network part of the
original SSD network for surface detection of solid wood defects. With a dataset of
over 5000 samples, the model detected defects including live knots, dead knots, decay,
mildew, cracks, and pinholes with an average accuracy of 89.7%. The study is limited
to single-sided defect detection, and bounding box deviations remain despite SSD
optimization, requiring further improvements (Table 1).

In addition to these studies, some studies using optimization algorithms or real-time
system studies have been presented. A deep extreme learning machine model, which
combines deep learning feature extraction and extreme learningmachine classification,
is proposed for wood defect detection. To improve the accuracy, a genetic algorithm
optimizes the algorithm parameters and achieves a detection accuracy of 96.72% [22].
The model does not consider other potential wood defects beyond dead knots, live
knots, and decay, which may limit its applicability. In another study, the detection of
wood surface defects in the undamaged surface wormhole, knot, and crack classes was
performed using the improved YOLOv3 algorithm, and the mean average precision
(mAP) value of 88.5% was achieved [26]. The tree species used in the dataset of 1800
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images were oak, pine, and birch, each containing 450 images of defects, wormholes,
knots, and cracks. Although this is an application that can work quickly in real time, it
has relatively low performance. Ge et al. [18] proposed a new defect detection pipeline
using an image acquisition device and a mixed data augmentation method to acquire
over 16,380 defect images, including live knots, dead knots, and wormholes, with
detection based on the DETR model. While MPEND is more than twice as fast as
the best model, it has 6% lower accuracy in some cases, but improves accuracy by
1.4% in others at a similar detection speed. Although the proposed method achieves
reasonable detection results compared to SOTA, its slow detection speed remains a
significant limitation for real-time applications.

Considering the studies in the literature, the Mask R-CNN method has not been
applied to beech images on the lamella dataset before. Previous studies often refer to
the knot object [22, 24, 27]. The ray cell object segmented in this study is new. Since
the lamella images are images of parts formed during mass production in enterprises,
the data collection is very difficult. Despite this difficulty, the raw material supply of
beech wood was obtained from the regions around Kastamonu (Turkey). The images
were obtained from Kastamonu Commodity Exchange Wood and Forestry Product
Industry Corporation Joint Stock Company and used with their special permission.
TheMask R-CNNmethod, which has not been applied in the literature, was applied to
the lamella images collected from beech trees around Kastamonu (Turkey). The main
contribution of our study can be listed as follows:

• The aim is to inform researchers of the success of the method on this dataset and
to fill this gap in the literature.

• The ray cell object has not been detected in previous studies. This object, whose
samples were collected and segmented on the coverslip images, is another novelty
that this study brings to the literature.

• The classification algorithm developed after model training is another novelty of
this study. Thanks to this algorithm, an expert decision support system is proposed
that can be used in the industrial sector. As a result of the development of this
system, there is no need for a quality control team in companies.

2 Methodology

2.1 Background

One of themost preferred deep learningmodel on image specific tasks such as segmen-
tation, classification, and object detection is convolutional neural networks (CNN) and
its variants. The basic working principle of a CNN architecture trained on supervised
learning approach relies on meaningful inference from an image given as input [28].
This inference is generally as known as an output, and outputs may vary in different
types of formats such as integers, arrays, images, and others, depending on the task.

CNNmodels share a similar mathematical background with fully connected neural
networks (FCNs). The key difference between CNN and FCN architectures lies in the
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application of kernel filters during feature extraction. It is known that the input dimen-
sions of CNN models are higher than those of FCN-based models when compared.
Guided by these kernel filters, CNN models extract features by processing inputs as
numerical vectors in spatial dimensions. As represented in Eq.1, the mathematical
background of a CNN layer relies on the application of a filter matrix (K ) on input
image (I ) [29]. A single layer is known as the core of a CNN-based deep learning
architecture. An architecture is generally consist of multiple layers following with
activation and normalization layers.

(I ∗ K )(x, y) =
a∑

i=−a

b∑

j=−b

I (x + i, y + j) · K (i, j) (1)

As explained in the introduction, R-CNN and its varieties are able to reach high
accuracy rate of object detection when compared to other architectures. Although the
R-CNN family has a significant successive rate when compared to CNN architectures,
Faster R-CNNoutperforms othermodels in the family in aspect ofmAP (mean average
precision) [30].

To achieve the goal for this study, segmentation task has a crucial role beside
performing detection. Additionally, the model is needed to be able to segment knot,
ray cell, and crack objects located on the input image. The recent studies show that
the modifications made on R-CNN architecture are able to contribute segmentation
process within a high successive rate without experiencing loss of performance. The
modified version of Faster R-CNN, known as Mask R-CNN, is a model evolved from
the Faster R-CNN architecture. It is enhanced by the addition of an extra branch
designed for predicting an object mask (region of interest) in parallel with the existing
branch that focuses on bounding box recognition [31].

Faster R-CNN surpasses within the CNN family for its low computation time and
high accuracy. Mask R-CNN builds upon these features by adding a masking mecha-
nism. Although the studies employed YOLO, architecture perform a distinguishable
results among the other types of CNN architectures, could not meet the expectations
for practical scenarios [32]. The main reason for this is that the YOLO architecture is
not sensitive for small objects such as knot, cracks, and ray cells as they are introduced
[33]. Therefore, Mask R-CNN was the preferred choice for this study.

2.2 Proposed Architecture

The proposed architecture consists of twomajor steps including feature-based segmen-
tation and quality classification, as shown in Fig. 1. Quality classification algorithm
takes the segmentation results of three different models, which is trained upon feature
specific tasks. These features represent knot, ray cell, and cracks, as it is explained in
previous sections. Themodels trained on feature-based segmentation generate an input
for the algorithm of quality classification, which puts forward a novel approach and
distinguishes this study from other relevant studies that do not include the evaluation
of lamella’s quality.
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Fig. 1 General architecture of the proposed model

2.2.1 Object Segmentation

The knot object segmented in Fig. 5 is a defect for the lamella. In real-life classification,
it is unacceptable to include large size knots in high-quality classes. There are many
related studies in the literature. The study by Kilic et al. contains 100 pieces of data
[27]. These images were made publicly available. Oak lamellas were used. They used
image smoothing, grayscale, image erosion, and histogram thresholding to identify
node fault candidates, node fault classification, and finally node labeling. As a result
of the study, Kilic et al. achieved 81% success.

Figure6 shows the ray cell object, one of the structures affecting the classification.
It is undesirable for customers and manufacturers to have a ray cell object in the best
quality class on the panel to be formed. Generally, the ray cell object is always detected
in multiple structures on a lamella. For this reason, when this object is detected, it is
not correct to put it in the top quality class.

The object in Fig. 7 is a crack object. In the drying and steaming step of the first
stage of solid panel production, it is stated that there is a different moisture content for
each type of wood. When the moisture content of the wood is not adjusted correctly
at this stage or after incorrect applications in the following stages, cracks appear on
the lamella, as shown in Fig. 7. A structure containing cracks is expected to be in the
worst quality class.

2.2.2 Quality Classification

The segmentation results obtained from feature-based pre-trained models are used for
the purpose of quality assessment with the final quality evaluation algorithm, which
is placed at the end of the architecture. The algorithm used for the evaluation of the
quality of the input images conducts simple and efficient architecture for classifying
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the inputs, as represented in Fig. 8. The classification algorithm is a task-specified
designed algorithm and that plays a crucial role for quality classification of lamellas.

2.3 Components of Proposed Architecture

2.3.1 Mask R-CNN Architecture

Mask R-CNN is a model built on top of Faster R-CNN architecture, and it extends
the capabilities of Faster R-CNN with instance segmentation process addition to the
object detection property of Faster R-CNN. Unlike basic object detection architecture,
which identifies and locates objects within images, instance segmentation provides a
deeper level of understanding by precisely outlining each object at the pixel level.
This dual capacity of detection and segmentation makes Mask R-CNN a versatile and
powerful tool in the field [30].

Mask R-CNN architecture operates in two key steps. The first step is the generation
of regional proposals where objects might be represented. The next step is the predic-
tion of the class for each object concurrently including bounding boxes. In this step,
Mask R-CNN creates a high-resolution mask for each individual instance. These mask
features are generated by the backbone of the architecture, ResNet-101, considering
the masks utilized during the training process.

Innovative part of Mask R-CNN architecture is the parallel branch for mask predic-
tion alongside the existing branch for bounding box detection, as represented in Fig. 2.
This design ensures accurate segmentation without cross-class competition [30].

The regional proposals generated by ResNet-101 model are utilized as features for
predicting classes, bounding boxes, and high-resolution masks. The region of interest
align (RoI align) process further refines the image through the backbone network into
a feature map, which subsequently becomes the input for subsequent operations. The
losses inMaskR-CNNencompass classification losses (Lcls),masking losses (Lmask),
and bounding box losses (Lbox ), as outlined in Eq.1 [34].

L = Lcls + Lbox + Lmask (2)

The region proposal network (RPN) plays a crucial role inMask R-CNN by proposing
potential object regions. For each sliding window position, it generates k simultaneous
region proposals. The regression layer outputs 4k coordinate points for k anchor boxes,

Fig. 2 Mask R-CNN
architecture
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Fig. 3 Region proposal network
architecture

while the classifier layer predictswhether these proposed regions contain objects or not.
These proposals are analyzed in relation to k reference boxes, also known as anchors,
with different width, length, and scale information. A positive label is assigned to
regions with high intersection over union (IoU) values, indicating the presence of
objects, while a negative label is assigned to regions with low IoU values, indicating
no objects (Fig. 3).

The Feature PyramidNetwork (FPN) leverages object detection inMaskR-CNNby
creating a pyramid of features by utilizing both lower-level and higher-level features.
The primary function of FPN is processing variable-scale images effectively. The FPN
transforms the image into layers with decreasing resolutions, providing that features
at each level can capture objects of various sizes [35].

2.3.2 ResNet-101

ResNet-101 is a deep architecture that consists of 347 layers, making it one of the
deepest models proposed for ImageNet [36]. It employs residual blocks to efficiently
transfer information from one layer to another, reducing the risk of information loss.
ResBlock, as shown in Fig. 4, feeds information from the previous layer to the new
layer, helping maintain the flow of information throughout the network.

The output of a residual network layer can be expressed using Eq.3:

y = F(x,Wi ) + x (3)

Fig. 4 Residual block in ResNet
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Table 2 Quality assessment rule Quality classes Structures in classrooms

AA There should not be any structure

BB Knot should be involved

CC Ray cell mandatory, knot optional

Crack Crack mandatory, knot, and ray cell optional

2.3.3 Classification Algorithm for Quality Assessment

Classification algorithm is implemented regarding the presence or absence of knots,
ray cell, and cracks in the image, and successmetricsweremeasured. The segmentation
results are obtained from feature-based trained models (knot, cell, and crack) used for
quality classification. The quantity of detected objects in the images is not critical to
the classification process. For example, in the case of existing cracks, the occupation
of multiple cracks on a lamella is not as important as the model’s ability to detect
at least one crack. This principle follows similar path to the detection of knots; the
identification of a single knot is enough for the classification task. However, for ray
cell objects, a specific rule is implemented to improve the success rate in the final
classification. This rule, which is distinct from the approach for cracks and knots, is
outlined in Table 2.

Table 2 lists the structures expected to be included in the quality classes.When knot,
ray cell, and crack objects are detected, quality classification is performed according
to Table 2.

3 Experiments

3.1 Dataset

The objects that affect the quality vary according to the type of wood. In this study,
beech, which is one of the leafy tree species, is used. It is very difficult to detect
objects on this wood type, which is one of the hardwood species, due to its shape.
The structures that affect the final classification on beech wood are knots, ray cell,
greening, fungus, and cracks. The structures are detected knots, ray cell, and cracks.

Special lamella images taken from the solid panel production line of Kastamonu
Commodity Exchange Wood and Forest Products Industry Corporation were stud-
ied. FujiFilm X-S1 12MP camera was used to collect the images. The pixel density
of the camera is 326 dpi, and the screen resolution is 783 x 587. The interpreta-
tion of the images was performed with the help of an expert and the tree type used
(Figs. 5, 6 and 7).

The total number of images used in the study is 2972. Three different object detec-
tion processes were performed. For each model, the split ratio between the training
and test dataset is 80–20%. The total number of images belonging to the knot class is
656. The number of images allocated for training is 584, and the number of images
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Fig. 5 Images with knot label
taken randomly from the lamella
dataset

Fig. 6 Images with ray cell
labels randomly taken from the
lamella dataset

Fig. 7 Images with crack label
taken randomly from the lamella
dataset
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allocated for testing is 72. The total number of images belonging to the ray cell class is
237.While the number of images allocated for training was 211, the number of images
allocated for testing was 26. The number of images belonging to the crack class is
1587. Out of 1587 images, 1411 images are reserved for training, and 176 images
are reserved for testing. For three objects, convolutional neural networks (CNN) were
trained, and three different models were created. The total number of images used was
2480, while the total number of labels accessed was 12,044.

After the training process, the model’s results were obtained to classification as
present/absent in order to obtain success metric values. At this stage, a total of 360
images were created, 120 each for the crack, ray cell, and knot models in the test
dataset. Models were tested on this dataset, and success metrics results were obtained.
The total number of images and labels used in all classes are given in Table 3.

The total number of images in the test dataset used in the final classification in
the next stage is 132. Using these images, the success of the models in the final
classification was measured. Three different models were trained in the mask region-
based convolutional neural network (MaskR-CNN). In the following sections, detailed
descriptions of the images used in training and testing are given. Since acceptable
accuracy values were reached in the success rate of the models, data augmentation
was not performed. The dataset used in the project can be shared, if desired, for
academic partnerships.

3.2 Working Environment

TensorFlow and Keras libraries are used. GPU is preferred in this project in order to
use time efficiently [37]. For GPU utilization, Compute Unified Device Architecture
(CUDA) installation is required. CUDA is a parallel programming platform created by
NVIDIA that increases the computing performance of the computer [38]. It allows the
use of kernels in the computational operations that take place on the GPU. It uses the C
language and can process code in random access memory with simple plugins that can
be installed. cuDNN (CUDA Deep Neural Network library) is an optimized library
developed by NVIDIA that enables deep learning models to run more efficiently on
the GPU.

Table 3 Total number of images
and labels used in the project

Total number Total number
of images of label

Knot 656 1006

Crack 1587 7935

Ray cell 237 3103

Present/absent 360 −
Classification

Final classification 132 −
Total 2972 12,044
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The computer used in the project has Windows 10 Pro operating system with
NVIDIA Quadro RTX 5000 video card. CUDA 11.0 version was preferred in the
project. The cuDNN version compatible with CUDA was determined as 8.5, and the
installations were performed after the necessary downloads. After CUDA and cuDNN
installations, TensorFlow and Keras packages were installed using the Anaconda ter-
minal screen [39].

3.3 Data Processing

Data labeling is one of the most critical steps in projects using supervised machine
learning methods or deep learning methods. Such studies start with the correct inter-
pretation of the data, and in the training phase, the model learns according to the
meaningful data. In this study, Make Sense web-based free labeling tool was used
[40]. The labeling operations were performed separately on the knot, crack, and ray
cell structures. Since these objects do not have features separated by clear lines, polyg-
onal labeling was used. Polygonal labeling is a suitable labeling type for structures
with many folds. Networks such as You Only Look Once (YOLO) do not support
polygonal labeling. Rectangular labeling method is used in these networks [41]. The
networks used in this labeling do not create a mesh mask and perform detection based
on the coordinates of the object. Using this tool, labeling operations for ray cell, crack,
and knot objects were performed.

3.4 Evaluation

3.4.1 Confusion Matrix

The values used in the calculation of the success metrics are true negative (TN), true
positive (TP), false negative (FN), and false positive (FP). These values are based on
the class of data labeled by the user before the test and whether the prediction process
performed by the model results in a match or not. The cells labeled as present and
absent in Table 4 are shaped according to whether the object to be detected is present
in the image or not.

Supposewe treat the cells inTable 4 as either having or not having knots. In this case,
a true positive is when an image that is classified as a knot in reality is also classified
as a knot by the model. A false negative is when the model classifies an image as not
a knot when it is actually classified as a knot. False positive is the classification of an
image as a knot by the model when it is actually classified as not a knot. True negative
is an image that is classified as not a knot by the model that is classified as not a knot
in reality.

Table 4 Confusion matrix Present Absent

Real Present True positive False negative

Absent False positive True negative
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The terms discussed in Table 4 will be used in the precision, recall, f1-score, and
accuracy computation. Equations4, 5, 6, and 7 contain the precision, recall, f1-score,
and accuracy equations, respectively.

Precision = T P

T P + FP
(4)

Recall = T P

T P + FN
(5)

F1 − Score = 2 ∗ Precision ∗ Recall

Precision + Recall
(6)

Accuracy = T P + T N

T P + FP + FN + T N
(7)

mAP = 1

N

N∑

i=1

APi (8)

The mAP value is a parameter designed to evaluate precision, recall, and f1-score
in a single formula. It includes the balance between precision and recall and takes into
account both FP and FN. The mAP value changes depending on the IoU threshold.
Since the accuracy of the model may vary at different thresholds, the correct threshold
value differs for each model. The mAP value is formulated in Eq.8.

3.5 Setting Hyperparameters

ForMaskR-CNNmodel training, there are default parameter values to be used initially.
Hyperparameters are tuned through experiments. The backbone network required for
the model can be chosen as ResNet-50 or ResNet-101 [42], which extracts image
features. The backbone network ResNet-101 is chosen. Unlike YOLO, Mask R-CNN
requires an increase in the number of classes to be trained for the background [43].
For this reason, the number of classes parameter is set to two.

The three models created are knot, ray cell, and crack. Experiments were conducted
to determine the detection of minimum confidence, steps per epoch, minimum dimen-
sion of image, maximum dimension of image, and IoU threshold parameters for the
models. Different values were given during each experiment to ensure that the correct
configuration settings were made. For example, steps per epoch were set to 500 since
the mAP value obtained when the model was trained by assigning 100 to the steps
per epoch parameter was lower than the mAP value obtained when the model was
trained by assigning 500 to the steps per epoch parameter. The detection of minimum
confidence was set at 0.7. Theminimum dimension of image andmaximum dimension
of image was set at 1024. Hyperparameters are detailed in Table 5.

Table 5 presents the hyperparameters used during the training of three distinct mod-
els: the knotmodel, ray cellmodel, and crackmodel. The hyperparameters are identical
for all three models. In this context, the global threshold is set to 0.3, which determines
the minimum threshold above which detections are considered valid. Similarly, the
IoU threshold is set to 0.3. The IoU measures the overlap between the detected object
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region and the actual object region, serving as a key for assessing object detection
accuracy. The detection of minimum confidence parameter is assigned a value of 0.7,
indicating the minimum confidence level required for an object to be considered as
detected.

Table 5 also includes parameters related to input image dimensions. Both the image
minimum dimension and image maximum dimension are set to 1024, defining the
minimum and maximum resolutions used for image processing. All three models are
designed for a binary classification problem; hence, the number of classes is set to
2. Finally, the steps per epoch parameter are defined as 500, specifying the number
of updates performed in each training epoch, thereby influencing the dynamics of the
learning process. These hyperparameters have been carefully selected to be consistent
across all three models, ensuring optimal detection of objects with different structural
characteristics. The selection aims to enhance model performance while minimizing
the overall error rate.

3.6 Implementation of Mask R-CNN Architecture on Lamella Dataset

The Mask R-CNN network uses MS COCO weights for object detection. If a training
is started and there is a model resulting from any training, a code block is generated
to load the weights of the last model. A logs directory is created in the Mask R-CNN
folder, and all weights of the saved models are added here. Since mrcnn_class_logits,
mrcnn_bbox_fc, mrcnn_box values should also be included in the weight parameters
to be loaded into the model during the training process.

Each iteration consists of 500 batch processes. The approximate duration of one
iteration is 221s. In addition, an interpretation can be made by considering parameters

Table 5 Hyperparameters used
when creating the models

Knot Ray Cell Crack
model model model

Global 0.3 0.3 0.3

Threshold

Iou 0.3 0.3 0.3

Threshold

Detection of 0.7 0.7 0.7

minimum confidence

Image minimum 1024 1024 1024

dimension

Image maximum 1024 1024 1024

dimension

Number of 2 2 2

classes

Steps per epoch 500 500 500
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such as the overall loss value, mask loss value, and class loss value. The process of
plotting the loss graph can be visually supported by TensorBoard [44]. TensorBoard
allows for the visualization of many parameters on the neural networks we model with
the help of graphs. TensorFlow installation is sufficient to use TensorBoard [44].

After setting the necessary configuration parameters for themodel, giving themodel
paths, and assigning the initial weights, the training process was triggered. The learn-
ing_rate parameter, which is the learning rate, was assigned a default value of 0.001,
and as a result of the tests performed, no change was needed in this parameter value.
Three different models were created. The best accuracy value for the models was
achieved after different iteration numbers.

3.7 Utilization of Pre-trainedModels for Quality Classification

It was mentioned that even if there were more than one of the same object on the
lamella, it would be sufficient if the model detected only one. This is a generally
valid rule. However, in order to improve the classification performance, a different
method was followed for the ray cell class. Ray cell objects are usually numerous on
a coverslip. Ray cell objects are formed by the unwanted intersection of the wood
fibers with the log cut direction, so they are not expected to be few. It does occur in
some cases, but these are rare. Therefore, if ray cell objects are detected on six or
more objects, the algorithm classifies the image as CC. This condition resulted in an
overall decrease in success in the CC class but an increase in accuracy in the other
classes. These details will be discussed in the results section. The flowchart of the final
classification process and the predictions of the models are given in Fig. 8.

Fig. 8 Algorithm flowchart diagram for final classification
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Fig. 9 Prediction and masking of the knot model after 250 iterations

4 Experimental Results

4.1 Segmentation Results

In this section, we aim to obtain the model with the best accuracy for the knot object.
In addition to accuracy, recall, precision, and f1-score metrics were also considered.
Considering all these values, it was decided that the best number of iterations generated
for the knot model should be 250. The time taken to build the model was 15h and
58min. The loss started with 0.3 and was reduced to 0.1 after 50 iterations; the trained
model detected a small piece falling on the tree as a knot. In other words, after 50
iterations, sufficient learning has not yet been achieved. The confidence score of the
correct knot object detected in Fig. 9 left part is 0.95 out of 1, and the IoU score is
calculated as 0.88. The closer the IoU score is to 1, the more reliable the area of the
detected object is. After 250 iterations, the model learned, and the targeted accuracy
value was achieved. It is seen in Fig. 9 left part that the incorrectly detected object
is not included in Fig. 9 right part. This supports that learning is better in this model
than the other model. In addition, the confidence score of 0.95 in Fig. 9 left part was
increased to 0.99 in Fig. 9 right part. The best model was reached after 250 iterations.
The model stopped at 250 iterations, and overfitting is prevented.

The training time of the model detecting ray cell objects was 21h and 6min. The
number of iterations with the best precision, recall, f1-score, and accuracy values was
determined as 200. The overall loss value was reduced from 0.62 to 0.29. After 200
iterations, the model was overfitting. The best model was reached after 200 iterations.
Figure10 shows the predictions and IoU scores of the model after 200 iterations. It
can be seen that the model efficiently detects ray cell objects on the image.

The time required to complete the training for the crackmodel wasmeasured as 11h
and 15min. The number of iterations started with 50 and increased by 50 increments

Fig. 10 Prediction and masking of the ray cell model after 200 iterations
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Fig. 11 Prediction and masking of the crack model after 150 iterations

up to 250. The best model was reached after 150 iterations. The overall loss value was
reduced from 1.4 to 0.59. Figure11 shows the confidence and IoU score values after
150 iterations. In 150 iterations, the model completed its learning, and overfitting was
prevented.

Within the scope of this study, it will be sufficient for the ray cell and crack and knot
models to perform object detection regardless of their number in images containing
knots, ray cells, and cracks. It is seen that the trained models meet this requirement.

4.2 Quality Classification Results

Three different models were trained using the Mask R-CNN deep learning network,
and the test set was subjected to a classification process after training. Considering
the best precision, recall, accuracy, and f1-score values achieved by the models, it was
decided which of the models formed as a result of 50, 100, 150, 200, 250 iterations
would be used for the project. Although the mAP parameter obtained by the model as
a result of iterations was taken into consideration, it was evaluated that it would not
be sufficient alone. The mAP value calculated by the model after the training is not
important because the location of the structure to be detected on the image and how
manyof themare not important.mAP is a value that calculates over real reference labels
and reaches high percentiles when it finds all labeled objects one-to-one. However, it
is not necessary to detect all labels with true reference values. Although there may be
more than one crack on the object with a crack, it is sufficient if the model finds even
one of the cracks when asked. Detection of one crack object or one ray cell object is
sufficient to determine the class of the lamella part. For this reason, the model was
classified outside of the mAP values generated by the model after training, and the
recall, accuracy, precision, and f1-score parameters were recalculated over the test
data, and the most accurate values were obtained. The final classification process was
then performed.

In the part of segmenting the knot object, the best iteration number of the model
created inMask R-CNN is 250. During the testing process for the knot model, 120 test
images were collected. In this dataset, there are 61 images belonging to the knot class
and 59 images that do not belong to the knot class. Sixty-one of the 61 images belonged
to the TP and FN groups, while 59 images belonged to the FP and TN groups. The
complexity matrix of the knot model given in Table 6 supports the above information.

Table 7 shows the performance metrics for the knot model. The accuracy metric of
95.83% is considered sufficient for the classification ability of the knot model.
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Table 6 Confusion matrix of the
knot model

Predict
Knot Non-knot Total

Knot 61 (TP) 0 (FN) 61

Non-knot 5 (FP) 54 (TN) 59

Total 66 54 120

The information that the best model trained by the Mask R-CNN network was
formed after 200 iterations is given in Sect. 4.1 under the heading of segmenting
the crack object. At this stage, the crack model was expected to classify the images
belonging to the crack class or not belonging to the crack class in the images belonging
to the test set allocated for the crack model. For the crack model classification stage,
120 images were allocated for the test process. In this dataset, there are 78 images
belonging to the crack class and 42 images belonging to the non-crack class. As a result
of the model classification process, the complexity matrix in Table 8 was obtained.
In this matrix, 78 images are composed of the sum of TP and FN groups. This total
includes all images belonging to the crack class. The group of images that do not
belong to the crack class are FP and TN.

Table 9 shows the performancemetrics of the crackmodel. Here, the accuracy value
of 85% indicates that the model that performs the crack classification process is ready
for the final classification process to be performed in the next stage.

In Sect. 4.1, the best number of iterations for the segmentation process of the ray
cell object was decided to be 150, and detailed information was presented. The model
obtained at this stage was expected to classify the images in the test set. Here, a
classification stage is applied to answer the question of whether it is a ray cell class or
not. After this classification, the data in Table 10 were obtained. For the classification
process to be performed by the ray cell model, 120 images were set. In this dataset,
65 images belonging to the ray cell class and 55 images belonging to the non-ray
cell class were included. The sum of TP and TN is equal to the sum of the images
belonging to the ray cell class, that is, 65. The sum of the FP and TN groups is equal to
the sum of the images belonging to the non-ray cell class, that is, 55. From the values
obtained here, the values of the required performance metrics for the ray cell object
were calculated.

The accuracy of the classification process for the ray cell model was 76.66%. For
the final classification process to be carried out in the next stage, this rate is considered
to be a sufficient result (Table 11). Four final classes named AA, BB, CC, and crack

Table 7 Knot model
performance metrics and values

Metric value Parameter values

Precision 0.92

Recall 1

F1-score 0.96

Accuracy 0.95
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Table 8 Confusion matrix of the
crack model

Predict
Crack Non-crack Total

Crack 64 (TP) 14 (FN) 78

Non-crack 4 (FP) 38 (TN) 42

Total 68 52 120

Table 9 Crack model
performance metrics and values

Metric value Parameter values

Precision 0.94

Recall 0.82

F1-score 0.87

Accuracy 0.5

Table 10 Confusion matrix of
the ry cell model

Prediction
Ray cell Non-ray cell Total

Ray cell 60 TP) 5 FN) 65

Non-ray cell 23 FP) 32 TN) 55

Total 83 37 120

Table 11 Ray cell model
performance metrics and values

Metric value Parameter values

Precision 0.72

Recall 0.92

F1-score 0.81

Accuracy 0.76

123



Operations Research Forum (2025) 6 :160 Page 21 of 26 160

Table 12 Algorithm decision on sample results

Sample_AA Sample_BB Sample_CA

Existing structure No defect No defect Crack

Detected structure 1 ray cell 1 knot 1 crack

25 ray cells

Real class AA BB Crack

Class decided AA BB Crack

By algorithm

were determined. Thirty-three images belonging to each class were used, totaling 132
images in the dataset. Table 12 shows the structures on the individual images, the
structures detected by the model, the class to which the image actually belongs, and
the algorithm’s decision on which class the image should belong. Table 12 shows
random sample results from the dataset for the algorithm’s decision.

Thirty-three images belonging to the AA class were used. There are no structures
on the images in this dataset. Despite this, the model detected ray cell and knots on 11
images in the dataset. If the model detected six ray cell objects, they should be in the
CC class. When a total of six or less ray cell objects are detected on an image, they are
not taken into account in the final classification. This final classification is a rule set to
increase the success of the algorithm. Eight images in the test dataset, six or less ray
cell objects were detected. Thanks to this rule, misclassification was prevented. The
algorithm is run by taking this rule into account in all AA, BB, CC and crack classes.
With 30 correct and 3 incorrect, the success rate for the AA class was 90.90%.

In the test dataset of the BB class, 33 images were used. In this dataset, only the knot
object is present on the images. However, the ray cell model detected ray cell objects
in five images. The flowchart diagram of the final classification process is given under
the experimental studies section in Sect. 3.7. In the classification process of the BB
class, 33 out of 33 images were classified into the correct class by the algorithm. The
success rate obtained for the BB class on the test data was determined as 100%. In the
BB dataset, the algorithm did not misclassify.

There are 33 images in the test dataset of the CC class. In this dataset, only the
ray cell object was included. Knots, cracks, and ray cell were detected by the models
on the images. The image is classified as BB due to the knot object. With 27 correct
and 6 incorrect classifications out of 33 images, the success rate of the CC class was
81.81%.

There are 33 images in the crack class test set of the 33 images, 30 were correctly
classified and 3 were incorrectly classified. The success rate of the crack class was 90.
90%.

The success rate for the crack class is 90.90%. Table 13 shows the success values
of the classes.

123



160 Page 22 of 26 Operations Research Forum (2025) 6 :160

Table 13 Percentiles for all
classes and general achievement

Final classes Success rates

AA 90.90%

BB 100%

CC 81.81%

Crack 90.90%

General success 90.90%

5 Discussion and Conclusion

When the studies in the literature are examined, many object detection processes have
been successfully performed with deep learning networks. However, there is no expert
decision support system to perform the classification of lamella parts in solid panel
production. Inmost companies, this stage relies onmanpower. The fact that this process
is based on manpower brings many problems such as differences in production quality
and human errors. This is a problem that needs to be overcome in factories.

Within the scope of the study, the aim is to eliminate the problems that arise due
to the fact that the quality separation process is based on manpower during solid
panel production. Experiments were carried out on images of beech belonging to
Kastamonu Commodity Exchange Wood and Forestry Products Industry Corporation
in Kastamonu province in Turkey.

The Mask R-CNN model was chosen for this study because it can perform not
only object detection but also pixel-level segmentation. Unlike other popular models
(e.g., YOLO or Faster R-CNN), Mask R-CNN is able to capture fine structures and
boundaries more accurately by generating boundary masks for each object.

While the U-Net model is a common choice for pure segmentation tasks, it is not
suitable for the holistic approach of this study as it cannot handle object detection
and segmentation together. Similarly, models such as YOLO are optimized for fast
object detection rather than segmentation and thus fall short of the required pixel-level
accuracy.

For these reasons, theMaskR-CNNmodel was considered themost suitable option,
considering the objectives of the study and the data structure, due to its superior
segmentation capability, which is frequently emphasized in the literature.

Mask R-CNN network was preferred in the segmentation phase. ResNet-101 was
used as the backbone network in Mask R-CNN. In addition to the process performed
by other deep learning networks, the object to be detected with the masking process
is segmented from the background image.

Model training was performed for crack, knot, and ray cell objects. The position,
size, or number of these objects on the image is not important. Even if it detects 1
out of 3 cracks on the lamella, the final classification is correct. For this reason, the
performance metrics of the models were determined as precision, sensitivity, f1-score,
and accuracy. At this stage, a classification was made for the evaluation of the metrics
as “cracks present/absent,” “knots present/absent,” and “ray cell present/absent.” As
a result of this classification, the accuracy of the best knot model trained on the Mask
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R-CNN network was 95.83%, the accuracy of the crack model was 85%, and the
accuracy of the ray cell model was 76.66%.

After this stage, the final classification was made according to the detected objects.
In these classification groups, AA class is expected to have no object on the lamella,
and BB class is expected to have only the knot object. In the CC class, the ray cell
object should definitely be present, and the knot object may also be present. In the
crack class, the crack object should definitely be included, but the knot and ray cell
may also be included. To increase the success rate in the final classification, if the
number of ray cell objects detected is less than or equal to 6, they will be ignored in
the classification. The ray cell object normally appears multiple times on the lamella
fragment. This rule is a process to improve the classification performance generated
from this information. Taking all this information into account, the final classification
performance was 90.90% for the AA class, 100% for the BB class, 81.81% for the
CC class, and 90.90% for the crack class. The success rate obtained in the general
classification is 90.90

As a result of the final classification, the accuracy of the knot model was increased
from 95.83 to 100%. The accuracy of the crack model was increased from 85 to
90.90%. The accuracy of the ray cell model was improved from 76.66 to 81.81%.

The 90.90% success rate obtained in the overall classification shows the success
of the decision support system in the final classification. This is an acceptable and
successful result when considered as a real-life application.

The places where the knot structure is formed on the lamella images are generally
darker than the color of the tree. Some darkness occurs in certain parts of the lamella
even though there are no knots. The knot model identified these dark circles as knots.
The knot model achieved a high rate of success. This is because the structures marked
as knots, although they are not knots, are extremely similar to real knots. During
production, transverse saw tooth marks appear on some lamella. The ray cell model
marked these marks as ray cell.

The crack model recognizes longitudinal dark lines as cracks. Since there is usually
a crack label in the longitudinal dark lines, the model marks them as cracks even if
there is no crack in the longitudinal dark line. The model also detects cracks in dark
lines in the shape of a tree pattern.

In future studies, it is aimed to further increase the accuracy by improving the
defective structures of the crack, ray cell, and knotmodel. In addition,wewill alsowork
on the detection of other structures considered in the real-life lamella classification
problem to deep learning networks. Within the scope of this study, beech wood, one of
the leafy tree species, was used. Apart from this, it is planned to detect and classify the
structures on leafy, coniferous, and tropical tree species used in solid panel production
with the help of deep learning networks.
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