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Abstract. This paper considers the wood species identification from im-
ages of boards. The identification using only visual features of the surface
is a challenging task even for an expert. The task becomes especially dif-
ficult when the wood species are from the same family. We propose a
CNN based framework for the fine-grained classification of wood species.
The framework includes a patch extraction procedure where board im-
ages are divided into image patches. Each patch is separately classified
using the CNN resulting in multiple classification results per board. Fi-
nally, the patch classification results for a single board are combined. We
evaluate various CNN architectures using the challenging data, consist-
ing of species from the Pinaceae family. In addition, we propose three
alternative decision rules for combining the patch classification results.
By selecting a suitable amount of image patches, the proposed frame-
work was able to achieve over 99% identification accuracy and real-time
performance.

Keywords: wood species identification · convolutional neural networks ·
fine-grained classification · visual inspection · machine vision application.

1 Introduction

In a sawmill, it is important to be able to control that tree species do not
get mixed in the sawing and quality grading process. This is due to the fact
that proper and accurate wood processing, for example, drying or storage, often
directly depends on the wood species. More importantly, supplying boards of
incorrect wood species to customers results in reclamations and financial loss
for the sawmill. In the modern highly automated sawmills with large produc-
tion capacities, manual verification of every board is impossible. This calls for
automated solutions for the tree species identification of wooden boards.
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A typical sawmill specializes in a certain type of timber, for example, conifers.
Because of this, the sawmill typically processes only species from the same wood
family with very similar appearance and the identification method should be
able to perform the fine-grained classification between them. Fig. 1 shows ex-
ample board images of three species from the Pinaceae family: Pine (Pinus),
Spruce (Picea), and Fir (Albies). It can be seen that the intra-species variation,
for example, in color is larger than between the species, and designing image
features that distinguish the species from each other is very challenging. Convo-
lutional neural networks (CNNs), however, are able to learn the features from
data making them an attractive approach for the task.

Fig. 1. Example images of the board surface images from the species considered in this
study. Each row contains four image patches from one species.

In this paper, a framework for fine-grained classification between wood species
is proposed. The framework starts with a patch extraction step where a high res-
olution image of a wooden board is divided into multiple image patches. Each
image patch is fed into CNN which classifies the patch resulting in multiple
classification results for each board. Finally, the classification results are com-
bined using a selected decision rule to obtain the final identification result for the
whole board. Extensive experiments are performed to select the suitable CNN
architecture and the decision rule for the board identification.
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2 Related work

With the development of visual inspection systems in the sawmill industry, auto-
mated systems have been actively used to identify species and defects in wooden
material. For example, Tou et al. [12, 10] proposed a recognition and classifica-
tion method for microscopic images. Gray-level co-occurrence matrix (GLCM)
based features were used to train a multi-layer perceptron (MLP). As a result,
the obtained accuracy for the classification of five wood species ranged from 60
to 72%. In [11], multiple features extraction methods were compared for the task
and the best results were obtained using Gabor filter-based covariance matrix
features. For the classification, k-NN was used. Khalid et al. [5] presented a clas-
sification system capable for recognizing 20 different species of wood. The system
uses images of wood samples that were prepared by boiling and cutting them
into thin sections using a microtome. For the feature extraction, GLCM was
used and the classification was performed using MLP. The obtained recognition
accuracy was 95%. Hafemann et al. [2] utilized a shallow CNN to solve wood
species identification task. Using the database from [7], the recognition accuracy
was 95% with a dataset consisting of macroscopic images of 41 wood species.
Slightly higher accuracy was obtained for microscopic images.

The existing methods contain various drawbacks. The methods proposed
in [12, 10, 11] do not provide accuracy high enough for the industrial environ-
ment. Also, the approach is based on microscopic images, so the image acquisition
step may need sample preparation and calibration actions. The main drawback
of the approach in [5] is the complexity and high cost of preparing the wood sam-
ples which makes this work inapplicable for practical applications. The method
proposed in [2] obtained rather high accuracy on both macroscopic and micro-
scopic images of the wood. However, it should be noted that the databases used
for the experiment contained species that are clearly visually different from each
other and the variance inside individual species was low.

3 Proposed method

The scheme of the proposed method is illustrated in Fig. 2. The images are
acquired from the both faces of the board. To cover the whole board with rea-
sonable accuracy, multiple slightly overlapping images are captured. Multiple
image patches are extracted from each image. A single image patch represents
a square image extracted from the board excluding the background. The sub-
sequent identification of individual image patches is done using a CNN-based
classifier. Finally, a decision rule is used to combine the image patch classifica-
tion results into the final identification of the wood species of the whole board.

3.1 Image patches extraction

To extract image patches the board should be separated from the background.
To do this, the image is first binarized using thresholding to separate bright
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Fig. 2. Proposed method for wood species identification.

board from the dark background. The largest connected component is assumed to
correspond to the board. The rotation of the board is computed and compensated
by rotating the image, and a bounding box is drawn around the connected
component. Finally, overlapping image patches are extracted from the bounding
box.

3.2 Decision rule

The image patches are classified using CNN producing multiple identification
results for each board. To be more specific, each patch classifier produces a class
probability to each class that need to be combined to obtain the final species
identification. For this purpose we utilize decisions rules. The following decision
rules are considered: 1) Majority vote rule, 2) Mean probability rule, and 3) Max
rule.

Let pij be the class probability for the wood species i obtained from the jth
batch from a board Z. Then Majority vote rule is defined as follow. Assign Z to
class label (species) Ĉ as

Ĉ = arg
K

max
i=1

N∑
j=1

cij , (1)
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where

cij =

{
1 pij = max pij

0 otherwise
, (2)

K is the number of species, and N is the number of image patches. In practice,
each patch has one vote and the final classification is made based on the number
of votes for each species.

Mean probability rule is defined as follows. Assign Z to class label Ĉ as

Ĉ = arg
K

max
i=1

1

N

N∑
j=1

pij . (3)

Finally, Max rule is defined as follows. Assign Z to class label Ĉ as

Ĉ = arg
K

max
i=1

(
N

max
j=1

pij). (4)

4 Experiments and results

4.1 Data

The data consist of board images obtained during the sawmill process. The data
were collected from several sawmills using the existing camera-based board sort-
ing systems. Imaging systems including illumination varied between sawmills
resulting a challenging and realistic dataset. Each board was imaged with multi-
ple cameras from both faces to capture the full surface of the board. Depending
on the length of the board, the data contains 3 to 5 images with resolution
varying from 2480 × 280 to 2480 × 480 per one face of a board. Fig. 3 shows an
example image of a board.

Fig. 3. Example of a board image.

The image patches were extracted from each image. Fig. 4 shows examples
of extracted image patches. It should be noted that due to, for example, defects
in boards and varying types of the background, some patches were not extracted
accurately (see Fig. 5). These patches were included into the dataset to evaluate
the robustness of the proposed method.

Table 1 shows the numbers of boards and extracted image patches for each
wood species. The total number of all extracted image patches from all boards
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Fig. 4. Example of high quality image patches.

Fig. 5. Example of inaccurately extracted image patches.

was 255724 where 242938 patches were extracted accurately. On the average,
approximately 250 image patches were extracted from each board. The boards
were randomly splitted into the training, validation, and testing sets, i.e., all
patches from one board were allocated to one of the three sets. Table 2 shows
the number of boards in each sets.

Table 1. Number of the boards and extracted image patches for each wood species.

Wood species Number of boards Number of image patches

Fir 455 104353

Pine 256 58713

Spruce 404 92656

Total 1115 255724

Table 2. Number of boards for the training, validation, and test sets.

Wood species Training set Validation set Test set

Fir 318 65 72

Pine 178 35 43

Spruce 282 59 62

Total 778 159 177

4.2 Experimental arrangements

The following CNN architectures were selected for the experiments: AlexNet [6],
VGG-16 [8], GoogLeNet [9], and ResNet-50 [3]. Transfer learning with ImageNet
pretrained models were used for the following convolutional neural networks:
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VGG-16, GoogLeNet, and ResNet-50. AlexNet was trained from the scratch.
The dropout rate was 0.5 for the CNN regularization to avoid the overfitting.

All experiments were performed using the Caffe deep learning framework [4]
which utilizes the CUDA 9.0 deep learning library with CUDNN 7.1 [1]. All
experiments were performed on the computer with the following computational
resources: two NVIDIA GeForce GTX TITAN Black GPU, Intel Xeon CPU
E5-2680, and 128 gygabytes of random access memory.

4.3 Results

The following performance measures were used: the classification accuracy (ACC)
defined as the percentage of the correctly classified samples, and the F-measure
defined as

F =
2PPV · TPR
PPV + TPR

(5)

where PPV is the positive predictive value and TPR is the true positive rate.
Table 3 shows the comparison between the CNN architectures for the task of

the species identification from individual patches. Fig. 6 shows the correspond-
ing confusion matrices. As it can be seen, the identification performance varies
between the architectures. For VGG-16 there is a lot of misclassifications be-
tween pine and spruce when the true label is pine. Also fir and spruce are mixed
when the true label is fir. Within spruce the wood species is predicted more ac-
curately. ResNet-50 shows the opposite. The misclassifications occurred mainly
in the spruce class confusing spruce with pine. AlexNet and GoogleNet show
more accurate predictions without strong confusion in any combination of the
classes. The shallower architectures appear to outperform the very deep ones.
One reason for this could be the fact that high-level knowledge is not needed for
the species identification and the method does not have to be invariant, for ex-
ample, to view-point. Therefore, the task favors the shallower networks with less
down-sampling operations that do not destroy the gradient information essential
for the identification.

Table 3. Performance comparison of the different architectures in case of the wood
species identification based on single patches.

Architecture ACC F-measure

AlexNet 0.915 0.915
VGG-16 0.687 0.681
GoogLeNet 0.947 0.940
ResNet-50 0.715 0.685

Table 4 compares the performance of the wood species identification for the
whole boards using the selected decision rules. Fig. 7 represents the confusion
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Fig. 6. Confusion matrices of the classification models in case of the wood species
identification based on single patches.

matrices for the board identification when the best decision rule is used for each
CNN architecture.

When all the patches (on the average 250) extracted from the board are
used for the identification the computation time is too long for the industrial
environment even with architectures with smaller number of parameters. To
address this issue, an additional experiment was carried out to determine how
the number of patches affects the accuracy of the identification. Fig. 8 shows the
mean accuracy with respect to the number of image patches. For each number of
patches the experiment was repeated 100 times and the means of the obtained
accuracies were computed. As it can be seen, the accuracy close to the maximum
can be obtained with only 25 image patches per board. Table 5 represents the
accuracies and the inference times τB of the board identification when 25 image
patches per board are used.
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Table 4. Identification accuracies for the different architectures and decision rules in
case of board species identification. The rows in bold are the architectures with the
best performance.

Architecture Majority vote Mean probability Max rule

AlexNet 0.989 0.989 0.989
VGG-16 0.721 0.721 0.721
GoogLeNet 0.994 0.994 0.994
ResNet-50 0.783 0.764 0.764

Table 5. The accuracy and the inference time when only 25 image patches are used
per board.

Architecture ACC τB , seconds

AlexNet 0.986 0.26
VGG-16 0.721 0.72
GoogLeNet 0.994 0.47
ResNet-50 0.780 0.95

5 Conclusion

In this paper a novel CNN-based framework to identify wood species from board
images was proposed. The four CNN architectures, namely, AlexNet, VGG-16,
GoogLeNet, and ResNet were compared on the task of classification of board
image patches based on the wood species. The highest accuracy was obtained
with the GoogLeNet architecture that correctly classified 94.7% of the patches.
Furthermore, three decision rules were proposed to be used to make the final
species identification for the board based on multiple patch classification results.
No significant difference on performance were found between the proposed deci-
sion rules. Using any of the rules and GoogLeNet, close to perfect accuracy of
99.4% was obtained. Finally, the effect of the number of image patches used for
the identification was studied and it was shown that over 99% identification ac-
curacy can be achieved by using only 25 patches per board, providing inference
time of 0.47 seconds. These results indicate that it seems to be possible to sort
the boards in real-time in the sawmill environment.
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