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Abstract: Innovative wood inspection technology is crucial in various industries, especially for
determining wood quality by counting rings in each stave, a key factor in wine barrel production.
(1) Background: Traditionally, human inspectors visually evaluate staves, compensating for natural
variations and characteristics like dirt and saw-induced aberrations. These variations pose significant
challenges for automatic inspection systems. Several techniques using classical image processing
and deep learning have been developed to detect tree-ring boundaries, but they often struggle with
woods exhibiting heterogeneity and texture irregularities. (2) Methods: This study proposes a hybrid
approach combining classical computer vision techniques for preprocessing with deep learning
algorithms for classification, designed for continuous automated processing. To enhance performance
and accuracy, we employ a data augmentation strategy using cropping techniques to address intra-
class variability in individual staves. (3) Results: Our approach significantly improves accuracy and
reliability in classifying wood with irregular textures and heterogeneity. The use of explainable AI and
model calibration offers a deeper understanding of the model’s decision-making process, ensuring
robustness and transparency, and setting confidence thresholds for outputs. (4) Conclusions: The
proposed system enhances the performance of automatic wood inspection technologies, providing
a robust solution for industries requiring precise wood quality assessment, particularly in wine
barrel production.

Keywords: wood classification; machine vision; deep learning; intelligent manufacturing

1. Introduction

The visual grading of wood surfaces is a challenging task due to the combination
of strict grading rules, significant natural variations in the material, and the subjectivity
of appearance criteria, making it difficult to accurately assess each defect type, size, and
location. The oak used to make barrels for the aging of wines and spirits is classified
according to its origin and grain type [1]. Visual grading is the primary method used to
assess the tightness of wood grain, which is determined by the average distance between
annual growth rings. A growth ring represents the yearly increase in a tree’s circumference
or width from early spring to winter. Older trees exhibit slower growth rates than younger
trees, and trees grown in cooler climates tend to have tighter grains than those grown
in warmer climates. The tightness of the grain in an oak barrel significantly impacts the
aroma and tannin levels of wine. Finer grain releases more aromatic compounds, while
coarser grain contributes to higher tannin levels [2]. The classification criteria for staves
can differ from one manufacturer to another, as they may use various types of wood and
have distinct standards. Nevertheless, as per the information provided by our client for
this particular project, the staves were categorized into the following three distinct groups
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based on the number of growth rings per inch: extra-fine grain, fine grain, and coarse grain.
It is important to note that the specific range for each classification is determined by the
individual manufacturer and the type of wood they are working with, reflecting a tailored
approach to barrel making.

The classification of wood is frequently performed by trained human experts. This
procedure is time-consuming, expensive, and laborious [3]. Manual inspection depends
on field circumstances, labor perception, and performance, which are connected to factors
like weariness, tension, and motivation [4]. As a result of these issues, it is imperative to
develop an automated method for assessing the quality of products; computer vision offers
the best solution to this problem.

A variety of computer vision techniques can be used for classification. Because
different species of wood have such a wide range of features, more sophisticated systems
can completely replace the human factor, greatly increasing company profits. However, the
error rate and reliability of different methods also tend to vary [5].

In the wood processing industry, most visual quality inspections are still performed
by knowledgeable human operators. Visual inspection is a difficult, monotonous activity
with a significant chance of human error. Automatic systems for wood imaging processing
have been developed, mainly focusing on species classification, defect and knot detection,
and ring identification.

Kwon et al. [6] proposed a convolutional neural network with a LeNet-modified archi-
tecture to classify Korean wood species using cropped images, achieving 99.3% accuracy
among five categories. Using microscopic images, Zhu et al. [7] trained an improved Faster
RCNN model to classify 10 types of wood and to locate the main characteristics of each
type of wood, achieving 83.8% accuracy. An exhaustive comparison was carried out by de
Geus et al. [8] between a pre-designed classical feature method and deep learning models,
obtaining much better results with the latter approach in classifying 11 different wood
species, with a final accuracy of 98.13%.

Regarding the detection and classification of defects, Niskanen et al. [9] implemented
an unsupervised self-organized map to detect knots and anomalies for wood inspection,
achieving a detection accuracy of 96%. Urbonas et al. [10] used data augmentation and a
Faster RCNN to identify defects in wood veneer surfaces, achieving 96.1% accuracy. He
et al. [11] developed an original DCNN architecture to locate and classify defects; they
used dropout, L2 regularization, and data augmentation to avoid the overfitting problem,
obtaining an accuracy of 99.13%.

There are fewer solutions concerning ring detection, and those that have been devel-
oped use homogeneous images without large variations or noise. DeepDendro is the first
approach using convolutional neural networks to perform automatic ring segmentation; it
was presented by Fabijanska and Danek [12] and uses a U-Net-based architecture to extract
rings from clean and homogeneous images of wood surfaces with 97% precision. As can be
seen in Figure 1, the images used in this research are of staves without imperfections, in
which grains (rings) can be clearly observed.

Figure 1. Staves used in DeepDendro research [12].
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MtreeRing is an R package for the automatic measurement of tree-ring widths that uses
classical processing techniques like morphological filters, the Canny edge detector, and linear
algorithms on homogeneous images with well-defined and straight rings; it was developed
by Shi et al. [13], achieving a correct detection average of 92.45%. Similar to DeepDendro,
in the images used in this research, the rings are easily distinguishable, as shown Figure 2
(green dots).

Figure 2. Staves used in MteeeRing research [13].

In summary, there are already several works on direct wood classification and/or ring
segmentation, but all of them use clean samples where the rings or defects are clearly visible.
Our work proposes an approach applied after sawing that deals with very heterogeneous,
irregular, and dirty samples, which often contain texture defects that could confuse the
algorithm, as shown in Figure 3.

Figure 3. Different examples of staves after sawing, showing the heterogeneity.

Our solution is designed to be implemented on a machine that processes staves during
the production of wine barrels, ensuring accurate classification despite these difficult
conditions. The main contributions of this work are outlined as follows:

1. We create an image database of staves for wine barrel production. The database
contains 1805 images of complete staves and 4238 manually labeled cropped images
(1.3 cm2) of the staves. The database is available upon reasonable request.

2. We develop a preprocessing pipeline using classical techniques to remove background
noise and enhance the most important features, followed by classification with a deep
learning model cropped images of wine barrel staves with noticeable heterogeneity,
achieving high precision and low execution time.
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3. We design a system that can be implemented in an automated machine that processes
staves continuously. The entire process, from image acquisition to stave grading, takes
fewer than 2 s.

2. Data Acquisition and Preprocessing
2.1. Optical Setup and Development Environment

The camera used in this study was an IDS U3-3800CP-C-HQ with a 1′′ sensor size,
20 Mpx resolution (5536 × 3692), and a 25 mm focal-length lens. The staves were illumi-
nated laterally with diffuse light from an Effilux EFF-SMART-06-000. This directional light
highlights perpendicular defects, such as vertically oriented rings. The use of diffuse light
reduces shadows and reflections, providing more uniform illumination and enhancing the
visibility of surface details [14].

The preprocessing algorithms were developed in house in C# programming language
using Visual Studio 2019, incorporating the Halcon 22 integration libraries is a robust
software solution for machine vision that offers a complete set of features and functionalities,
along with an integrated development environment. C# was used to develop the user
interface for a better touch and feel, as this software was integrated in the machine in charge
of positioning the staves and launching the trigger for image acquisition.

Python is a powerful language for developing and training deep learning models,
but it is relatively slow and has high energy consumption [15,16]. For these reasons,
Python was used for training the deep learning algorithms, and the final model was
converted to ONNX format [17] for use in the C# application to achieve better execution time
and efficiency.

2.2. Image Filtering with Classic Techniques

Images of wood staves after sawing show noticeable heterogeneity in their characteris-
tics; for that reason, it is necessary to preprocess the images to enhance the most important
features and eliminate the background and shapes that do not provide information about
grain density. Image processing starts with the camera acquiring the image, and several
algorithmic steps are used for filtering, thresholding, segmentation, and detection. Figure 4
shows a block diagram of the algorithms used in this study.

Figure 4. Algorithm for preprocessing.
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Knowing the maximum and minimum stav dimensions, a region of interest (ROI) of
the image can be selected with sufficient confidence, as shown in Figure 5.

(a) (b)

Figure 5. Input image (a) and region of interest (b).

As the optical setup is designed to focus on the staves, the background of the image
is out of focus. To select only the stave, a pixel-on-focus algorithm was developed. The
criteria for quantifying the focus of an image are usually based on the evaluation of the
image’s sharpness by looking at the gradient function [18]. To perform the operation, the
image is converted to grayscale because the colors are not particularly important to this
application and it is less computationally intensive to process a grayscale image than an
RGB image. The analysis is performed according to Equation (1). Additionally, a threshold
operator is used to select the pixels whose gray values (g) fulfill the condition shown in
Equation (2). The result of the process is shown in Figure 6.

||∇ f || =
√
(

∂ f
∂x

)2 + (
∂ f
∂y

)2 (1)

MinGray ≤ g ≤ MaxGray (2)

(a) (b)

Figure 6. Image after application of the pixel-on-focus algorithm (a) and after the threshold (b).

To eliminate internal holes and noisy edges, morphological dilation and erosion filters
are applied to the resulting image. Morphological dilation makes objects more visible
and fills in small holes in objects. On the other hand, morphological erosion removes
floating pixels, and shapes appear smaller [19]. Applying erosion after dilation keeps
the original region shape dimensions while closing internal holes and removing external
noise. The operator that joins the two filters is called the closing operator. It is described in
Equation (3), and the result is shown in Figure 7.

H · F = (F ⊕ H)⊖ H

{
H ⊕ F = {z|[(Ĥ)z ∩ F] ⊆ F}
H ⊖ F = {z|(H)z ⊆ F}

(3)

(a) (b)

Figure 7. Morphological filters: (a) dilation; (b) closing = dilation + erosion.

The result of the morphological filters is the exact region in which the stave is located.
In the last step, to highlight the pixels where high-intensity changes occur (rings), a Sobel
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filter is applied. This filter is a convolution with the derivative of the Gaussian (on the x
axis to highlight vertical lines), as expressed in Equation (4). The derivative works very
well to highlight edges, and a Gaussian is applied in order to smooth the result and remove
noise [20]. The result of this high-pass filter is shown in Figure 8.

f ′(u, v) = f (u, v)⊗ ∂g(u, v)
∂x

(4)

(a) (b)

Figure 8. Input image (a) and result of the Sobel filter (b).

Finally, Figure 9 shows a comparison of an original image captured by the camera
with the final image after all preprocessing. The background is removed, and the grains
(rings) of the stave are highlighted.

(a) (b)

Figure 9. Input image (a) and final result (b).

3. Crop Classification Using Deep Learning
3.1. First Classification Approach

The first approach involves the use of MVTec’s Deep Learning tool from Halcon [21].
Using the “Enhanced” model of the library, a good accuracy value of 95.77% was obtained
on the test data; however, the model performed poorly when tested on new data. In
response to this problem, the heat maps provided by the program itself were analyzed,
revealing that the model was not being activated in the pixels where the rings were located;
instead, it exhibited almost random activation, as can be seen in Figure 10.

Figure 10. Heat maps of the first approach.

The model performed well with the initial type of wood, but its effectiveness decreased
when wood from different forests became available. Analyzing the images, in addition to
the natural variations in the staves, intra-class problems were frequently observed. Some
areas had many rings, while others had few, as shown in Figure 11. Therefore, we decided
to implement a custom deep learning model to process an image as a collection of crops, as
training an algorithm with complete stave images would be inaccurate.
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Figure 11. Intra-class problem: red box on the left contains 8 rings, red box on the right contains 3.

3.2. Crops/Data Augmentation and Labeling

To solve the intra-class problem, a cropping approach was developed. From the initial
set of 180 received images of staves, 1.3-square-centimeter crops were randomly selected.
Later, additional images of staves arrived; however, no crops were extracted from these. As
a result, only 10% of the total images were used for crop creation. The number of visually
distinguishable rings was counted to classify each crop according to this number (labeling
step). The crop set for each class was created using the customer’s proposed grading range
of extra fine to fine and coarse, as described in Table 1 and shown in Figure 12.

Table 1. Range of stave classification.

Class Rings/Crop (1.3 cm2) Created

Coarse x ≤ 5 1605
Fine 6 ≤ x ≤ 9 1636
Extra fine x ≥ 10 997

It is important to mention that only crops with distinguishable and well-defined rings
were included in the image database. As can be seen in the table above, there is a significant
imbalance in the extra-fine class due to the limited number of images available of this
type of stave. For this reason, data augmentation techniques needed to be implemented to
ensure balanced datasets.

(a) (b) (c)

Figure 12. Created crops: (a) extra fine; (b) fine; (c) coarse.

Data augmentation (DA) is a method that generates additional training examples by
manipulating existing samples. It is a cost-effective and efficient technique for enhancing
the performance and accuracy of machine learning models, particularly in scenarios where
data availability is limited [22]. Existing training samples can be reused as fresh data
by incorporating noise, altering color settings, and adding other effects like blur and
sharpening filters. In our work, to achieve class balance, vertical/horizontal flips and
brightness adjustments were applied to crops of the extra-fine class. The final number of
crops is shown in Table 2, and Figure 13 describes the augmentation process.
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(a) (b) (c)

Figure 13. Input image (a) and results using transformations of horizontal flip (b) and vertical flip (c).

Table 2. Total crops after augmentation.

Class Created Crops Augmented Crops Total

Coarse 1605 0 1605
Fine 1636 0 1636
Extra fine 997 582 1579

The crops were divided into training, validation, and test sets, using those generated
with data augmentation only for training. The number of images was distributed as shown
in Table 3.

Table 3. Set distribution.

Class Train Validation Test Total Crops

Coarse 1077 87 441 1605
Fine 1059 87 490 1636
Extra fine 1051 87 441 1579

3.3. Used Architectures

There is no script or pattern for selecting a convolutional neural network architecture,
and there is always the possibility that the same or better results can be obtained by using
another one. In our case, first tests were performed with several known architectures, and
the best results in terms of accuracy were obtained with neural network models based on
ResNet and the EfficientNet family. It is important to note that the final model must not
only be accurate but also fast, since it will be implemented in a machine that processes
staves continuously. In this regard, members of the EfficientNet family are among the
fastest known methods to date [23].

ResNet is a deep neural network architecture that was first introduced in 2015 by
researchers from Microsoft [24]. It is known for its ability to train very deep neural networks
with as many as hundreds of layers while avoiding the problem of vanishing gradients.
The vanishing gradient problem occurs when the gradients in the early layers of a deep
neural network become very small during training, making it difficult to update the
weights and improve the network’s performance. ResNet has been used with great success
in a variety of applications, including image recognition, object detection, and natural
language processing.

EfficientNet is a family of neural network architectures introduced in 2019 by re-
searchers from Google [23]. These architectures are designed to be highly efficient in terms
of computational resources while achieving state-of-the-art performance on image classifi-
cation tasks. The main idea behind EfficientNet is to use a compound scaling method that
uniformly scales the depth, width, and resolution of the network.

Apart from the backbone architecture (ResNet or EfficientNet), we added three dense
layers in order to improve the training, which we classified into three categories, as well as
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dropout units, to avoid possible overfitting. The proposed architecture can be observed in
Figure 14.

Figure 14. The proposed architecture.

3.4. Training Strategies and Results

Training was performed with different configurations, each of which (starting from
the second one) responded to results obtained in previous studies. The functions and
hyperparameters of all stages are detailed in Table 4. It is important to note that the
“class weights” parameter was used to force the network to give more importance to the
classification of the fine class, which was the worst performer in the first stage. To increase
the accuracy of the models, parts of their convolutional layers were also declared trainable.
Data augmentation was implemented at run time to address the persistent challenge of
overfitting, a problem that remained unresolved in the initial four stages of the model
training process. This led to a model that performed exceptionally on the training set but
poorly on the validation and test sets. To mitigate this issue, data augmentation plays a
crucial role by artificially increasing the diversity of the training dataset.

Table 4. Training stages.

Parameter Stage 1 Stage 2 Stage 3 Stage 4

Epochs 50 100

Loss function Categorical crossentropy

Metric Categorical accuracy

Optimizer Adam (LR = 10−3) Adam (LR = 10−4)

Class weights {0:1, 1:1, 2:1} {0:1, 1:2, 2:1}

Base model Not trainable
ResNet 152V2: 350 last layers
EfficientNet: 150 last layers

D. Aug Rescale: 1/255
Rotation: 10◦

Rescale: 1/255
Rotation: 15◦

W/H shift: 0.2
Zoom range: 0.2

Channel shift: 0.2
Shear range: 0.1

Vertical flip
Horizontal flip

The best results after training were obtained with the ResNet152V2-based model and
the EfficientNet B1-based model, as can be see in Table 5. Considering the requirement of
speed in inference, it was decided to go for the second one and continue with it for other
training stages in search of better results.
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Table 5. Crop accuracy by stage.

Model Stage 1 Stage 2 Stage 3 Stage 4

ResNet 152V2 0.78 0.86 0.87 0.87
EfficientNet B2 0.75 0.82 0.84 0.84
EfficientNet B1 0.77 0.84 0.85 0.87
EfficientNet B0 0.77 0.80 0.78 0.80

Overfitting was the main problem encountered in the previous stages of training, even
with increases in the number of training images and large variations that were applied to
the images with increasing runtime data augmentation. This represents a fundamental
problem in supervised machine learning that prevents the generalization of models to fit
both the data observed in the training set and the unobserved data in the test set. To mitigate
its impact, in addition to the existing measures that were implemented, it is suggested in
the literature to incorporate weight regularization in the network. This approach aims to
ensure that models perform well in addressing real-world challenges by selecting relevant
features and distinguishing between more and less useful ones [25].

L2 regularization is one of the most used techniques in this regard. Its application
consists of adding a regularizing term determined by a regularization factor (λ) to the cost
function and multiplying by the square of the weights, as shown in Equation (5) for the
case of the categorical cross-entropy used in our project [26].

LCE = − 1
m

·
m

∑
i=1

k

∑
k=1

yi,k · log(ŷi,k) + λ · ||w⃗||2 (5)

In optimizers with adaptive gradient algorithms, such as the Adam optimizer used
in this project, L2 regularization does not bring the expected improvement. Therefore, we
implemented the strategy known as weight decay, which has been proven to substantially
improve the generalization of models by extracting the regularization factor from the cost
function and applying a similar one in the optimizer, as shown in Equation (6) [26].

w⃗t+1 = w⃗t − η · f̂t√
ŝt + ϵ

− η · λ · ||w⃗|| (6)

where w represents weights, η is LR, f̂t is the first term (momentum), ŝt is the second term,
ϵ is the coefficient, and λ represents regularization.

Applying weight decay to the optimizer, increasing the number of trainable layers of the
model, and adjusting the parameters for runtime data augmentation as shown in Table 6, two
other training stages were implemented, obtaining better results, as shown in Table 7.

Table 6. EfficientNet B1 tuning.

Parameter Stage 5 Stage 6

Epochs 100 30

Optimizer Adam (LR = 10−4) AdamW (LR = 10−4, WD = 5·10−4)

Base model 300 last layers Whole model

D. Aug

Rotation: 25◦

W/H shift: 0.3
Channel shift: 0.4
Shear range: 0.3

Vertical and horizontal flip

Rotation: 15◦

W/H shift: 0.2
Channel shift: 0.2
Shear range: 0.3

Vertical and horizontal flip
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Table 7. Crop accuracy.

Model Acc. 5 Acc. 6

EfficientNet B1 0.88 0.92

3.5. Saliency Maps and Grad-CAM Analysis

In recent years, Explainable AI (XAI) techniques have gained popularity as a research
focus in the field. This is due to the difficulty in comprehending and trusting the outcomes
of many AI models, which are often considered black boxes. XAI methods aim to enhance
trust in the decision making of these models [27]. To evaluate our model results, saliency
maps and Grad-CAM algorithms were implemented. The analysis was motivated by the
results obtained using the first approach, as shown in Figure 10.

Saliency maps represent a visualization technique used to help understand which
parts of an input image are most important for the output produced by a neural network.
The output of a linear model is computable as proposed in Equation (7), where I is the input
image, Sc(I) is the class score, and wc and bc are the weight vector and bias of the model,
respectively. Mathematically, the magnitude of the elements in wc defines the importance
of each pixel in I to the class score (Sc) [28].

Sc(I) = wT
c I + bc (7)

Although CNNs are complex nonlinear models, they can be approximated with a
linear function in the neighborhood of the input image using a first-order Taylor expansion,
where wT corresponds to the first derivative gradient of the network output with respect to
the input image. Therefore, as shown in Equation (8), the values of the gradients define the
importance of the pixels of I in the output of the network [28].

Sc(I) ≈ wT I + b; w =
∂Sc

∂I

∣∣∣∣
I0

(8)

The Gradient-weighted Class Activation Maps (Grad-CAMs) generate a visual expla-
nation from CNNs without requiring architectural changes. In this technique, the gradient
of an output (yc) is computed with respect to the feature maps of a convolutional layer
(A). These gradients are global average-pooled (Equation (9)). The result is used to weigh
the feature maps, which, after a ReLU activation (Equation (10)), produce a heat map that
shows which regions of the image were most important for the model’s decision [29].

αc
k =

1
Z
· ∑

i
∑

j

∂yc

∂Ak
ij

(9)

Lc
Grad−CAM = ReLU

(
∑
k

αc
k · Ak

)
(10)

Figure 15 shows the results of the application of these methods to crops of each of the
classes. For the case of saliency maps, it can be observed that activation increases with an
increase in the number of rings in the images, indicating that the model output correlates
with the number of rings. The Grad-CAMs also show that the most important feature maps
for the classification of the model are those where the rings are found, as these areas are
particularly activated. Despite not explicitly instructing the network on what to focus on,
the results of XAI techniques show that the model is, indeed, paying attention to what is
considered important, i.e., the number of rings.
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Figure 15. Inputs (left), saliency maps (center), and Grad-CAMs (right).

3.6. Model Calibration Analysis

Once the obtained model classified crops with a 0.92 accuracy, it was decided to
analyze whether the model was calibrated. A model is defined as calibrated when the
confidence of occurrence of a class corresponds to the accuracy for that confidence [30].
Perfect calibration is described in Equation (11), where the probability that a prediction (ŷ)
belongs to class Ŷ given the confidence of the prediction p is p. In this sense, a perfectly
calibrated model should have a mean confidence equal to the accuracy of the model. With
a miscalibrated model, high confidences could have lower accuracies, which is critical in a
variety of applications [30].

P(Ŷ = ŷ | P̂ = p) = p ∀p ∈ [0, 1] (11)

Reliability diagrams are a visual representation of model calibration. The diagrams
plot accuracy as a function of the confidence of the prediction. If the model is perfectly
calibrated, the plot should correspond to the identity function [31]. As can be seen in
the top of Figure 16, the confidences that occur the most are between 0.9 and 1.0, and
with an accuracy of 0.92, the model is not perfectly calibrated but is very close to being
so. The bottom of the figure shows, for example, that the model has an accuracy of 0.91
for predictions with confidences between 0.8 and 0.9 and over 0.97 for predictions with
confidences grater than 0.9. For this reason, the model is very reliable for predictions with
confidences higher than 0.8.
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Figure 16. Model calibration histograms.

4. Stave Classification Based on Crops
4.1. Strategies for Crop Selection

Once a deep learning model has been obtained, it is necessary to develop strategies for
the selection of crops to be classified in the staves. The customer indicates, as a reference,
that the classification should consider, above all, the central part of the stave, since the
edges are processed in later stages of the operation. Based on this guideline, the crops
selection strategies shown in Figure 17 were implemented. The number of staves used to
test the model is shown in Table 8.

Table 8. Total staves.

Class Staves

Coarse 852
Fine 432
Extra fine 550
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(a) (b)

(c)

Figure 17. Crop selection strategies: (a) 3 central crops; (b) 4 central crops; (c) 6 central crops.

4.2. Voting System Design and Results

Based on the three cropping strategies described above, a first processing of the
complete staves was performed, determining the stave class with the greatest presence
among the crops. The disadvantage of this solution is that no processing is performed in
cases of ties, where the output is prioritized from extra fine to coarse. In this analysis, the
classification threshold of the model was varied from 0.5 to 0.8, as shown Table 9. As seen
in Section 3.6, the model achieved an accuracy of greater than 0.91 for thresholds higher
than 0.8.

Table 9. Sum of crop classification.

Crop\Threshold 0.5 0.6 0.7 0.8

3 central crops 0.899 0.911 0.915 0.912
4 central crops 0.899 0.905 0.902 0.905
6 central crops 0.927 0.930 0.936 0.956

A second solution was developed to overcome the drawback of the first voting system.
In this case, the class of the stave is determined as the class that has the highest cumulative
probability from the sum of the probabilities of each crop. The results are shown in Table 10.

Table 10. Sum of probability classification.

Crop Function Acc.

3 central crops 0.912
4 central crops 0.910
6 central crops 0.935

Considering only the accuracy, the first solution (6 crops), with a threshold of 0.8, is
that which offers the best results. To perform the analysis of the errors made by the model,
a confusion matrix was obtained, as shown in Figure 18. It can be seen that there are errors
that are considered serious, as two coarse staves are classified as extra fine. This error is
considered to be related to staves with few or no classified crops due to the threshold value
of 0.8, since in the case of a tie between extra fine and coarse, the output is extra fine.
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Figure 18. Sum of the crop confusion matrix.

A hybrid voting system is then proposed, combining the number of crops in each
class and the cumulative probability. In cases of ties in terms of the highest number of
crops or in cases in which no crop exceeds the threshold, the output is the class that has the
highest cumulative probability in the sum of all crops. A formal explanation is shown in
Equation (12). As can be seen in Table 11, the accuracy of this voting system is not better
than that the first proposed system; however, we proceed to analyze the errors made with
the confusion matrix shown in Figure 19.

H(ŷ) =



Crop_probs

{
ŷ1 = ŷ2 = ŷ3;

max(ŷ) = ŷi = ŷj, i ̸= j;

Num_crops

{
ŷi ̸= ŷj, ∀i, j, i ̸= j;

max(ŷ) > sum(ŷ)− max(ŷ);

i, j ∈ {1, 2, 3}

(12)

Table 11. Hybrid classification.

Crop\Threshold 0.5 0.6 0.7 0.8

3 central crops 0.900 0.910 0.912 0.915
4 central crops 0.909 0.909 0.908 0.909
6 central crops 0.932 0.930 0.932 0.941

With the hybrid voting method, no serious errors are made, since no cross-classifications
between the extra-fine and coarse classes are seen in the confusion matrix. For this reason,
despite achieving slightly lower accuracy than the first method, we decided to use this
method for the final output of the stave classification system. A summary of the crop
classification strategies and their results is shown in Table 12.
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Figure 19. Confusion matrix of the hybrid system.

Table 12. Summary of strategies.

Strategy Best accuracy Cross-Classification Errors

Sum of crops 0.956 (6 crops/0.8 threshold) 2 (coarse classified as extra fine)
Sum of probs 0.935 (6 crops) 0
Hybrid [selected] 0.941 (6 crops/0.8 threshold) 0

The execution time recorded during the tests, with the machine in operation–from
image capture through to the classical preprocessing stage, the classification of the six
central crops, and the final decision by the voting system–, was approximately 1.9 ± 0.1 s
per stave.

Once the final model for stave classification was obtained, we decided to compare its
results with those obtained with MtreeRing to verify if MtreeRing is capable of detecting
the grains (rings). As can be observed in Figure 20, in both cases, there are several rings—
and even sections of rings—that are not detected. This is to be expected because, as
mentioned above, the package was designed to work with homogeneous images with
clearly distinguishable rings. In contrast, the obtained model correctly classifies the selected
images, as shown in Figure 21.

Figure 20. Results of the MtreeRing package on selected images.
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Figure 21. Results using the obtained model on selected images.

5. Conclusions

This paper addresses the challenge of wood quality classification in staves, which
exhibit significant heterogeneity and irregularity due to natural conditions and sawing
effects. To the best of our knowledge, this work represents the first intelligent system for
grain classification in the production of wine barrels. Our approach integrates classical
computer vision techniques with deep convolutional neural networks to preprocess images,
highlighting ring boundaries and subsequently classifying staves based on the number
of rings.

A significant contribution of this study is the creation of an extensive image database
specifically for wine barrel staves, comprising 1805 images of complete staves and 4238
manually labeled crops (1.3 cm²). This database, which available upon reasonable re-
quest, serves as a foundational resource for further research and development in this field.
Moreover, the system was designed for future implementation in automated machinery
capable of processing staves continuously. The entire process, from image acquisition to
stave grading, is completed in less than 2 s, demonstrating the system’s suitability for
industrial applications.

Additionally, to demonstrate the robustness, transparency, and confidentiality of the
model, we applied explainable AI (XAI) techniques and analyzed model calibration to
ensure that the model’s confidence in predictions was consistent with its accuracy. The
final solution is a fast and accurate system for classifying staves after the sawing process.

In future work, the implementation of an artificial intelligence algorithm to replace the
current voting system represents a promising avenue for further research. This approach
has the potential to enhance classification results by identifying patterns in the arrangement
of crops within the stave. To optimize the performance of this algorithm, it will be necessary
to gather a larger dataset than is presently available. This dataset should be constructed
such that the independent variables are the probabilities assigned by the model to each
crop within the stave, while the dependent variable corresponds to the class of the stave.
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