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Introduction

Wood identification has a very important place in fields such as plant taxonomy, wood 
material trade, illegal logging, archeology, conservation and restoration, art history, and 
even criminology (Ross, 2010). In order to rationally utilized the wood raw material, 
which is considered a scarce resource, and to choose the right place of use, it is neces-
sary to correctly identify the tree species (Dogu, 2013; Wheeler & Baas, 1998). Classi-
cal wood identification methods based on examining the macroscopic and microscopic 
structure of wood material are accepted as the most reliable methods today (Ross, 2010). 
However, as these methods are labor-intensive, require relatively long preparation and 
examination times, and need wood anatomy specialists. So, this situation has led to 
a need for different diagnostic methods in recent years (Dormontt et al., 2015). The 
development of new technologies in the world and our expectation for rapid access to 
information are seen as a need for industries working with wood materials. In order to 
meet these needs, studies are emerging for rapid and effective species identification, 
which will provide a base for industrial applications.  In general, while it is sufficient to 
determine the genus of trees in industrial fields, it is seen that species identification was 
required in many cases (Dormontt et al., 2015). Although some species which belong 
to the same genus are endangered and their trade is restricted, there is no commercial 
restriction for some species with similar appearance (Gasson, 2011; Shou et al., 2014; 
Snel et al., 2018). At the same time, it is stated that species identification is vital in many 
situations where information about cultural and historical structures is needed (Hwang et 
al., 2016). Some wood species are difficult to distinguish from each other microscopical-
ly (Tuncer, 2020). Today, image processing techniques have achieved great momentum 
with cutting-edge technology.

Wood anatomy

There are two groups of wood: softwoods and hardwoods. The respective characteristics 
for each of these species are significantly different (Figure 1). Softwoods have simpler 
anatomy than hardwoods, with much more related features and greater variety within 
each trait (Martins, 2018).
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Figure 1. Types of cells are present in hardwood and softwood (Tsoumis, 2022).

Softwood consists mainly of tracheids and parenchyma, while hardwood consists of 
parenchyma, vessel members, fibers, and sometimes tracheids (Tsoumis, 2022). Some 
of these properties can be detected in different sections, so their analysis is needed (Mar-
tins, 2018). Softwood is also called conifers. Tracheids, resin canals, passage types, and 
rays play a key role in the diagnosis of coniferous trees. On the other hand, hardwood 
has complex cellular structures and clearly distinguishable cellular differences between 
species. Trachea, fibers, parenchyma, perforation plates, and rays are considered in the 
identification of leafy tree species (Hermanson & Wiedenhoeft, 2011). 

Image types

The types of images are utilized as X-ray computed tomographic (CT) images, mac-
roscopic images, stereograms, and micrographs (Figure 2) for wood identification. 
Macroscopic images are shooted by a standard digital camera without magnification. 
Stereograms are taken at 10× magnification, larger magnifications can also be used. 
Micrographs which are optical microscopic images are widely used in traditional wood 
identification. X-ray images are a slice of the images created by X-ray CT scans (Hwang 
& Sugiyama, 2021). 

Figure 2. Preferred properties by image type a) types of images available from wood, b) corresponding 
extractable image properties. (Scale bars = 1 mm). (Hwang & Sugiyama, 2021).
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Identification of Wood Species

Wood species identification for computer vision typically focuses on microscopic or 
macroscopic images of wood samples. Wood surface images photographed at 10-15× 
magnification are used in the macroscopic situation (Fabijańska et al., 2021). Microscop-
ic techniques make use of images of samples obtained by microscopy at magnifications 
ranging from 25 to 100× (Yadav et al., 2015; Silva et al., 2017). The main limitation of 
method is that they require special equipment to acquire images (Filho et al., 2014).

The microscopic description of wood is based on three different cuts that form three 
distinct sections in the wood sample: the cross section (horizontal cut), the radial section 
(the vertical cut through the wood core), and the tangential section (tangential vertical 
cut of the bark). For identification, images of three different sections are analyzed. This 
is so complex that a list of anatomical features has been developed by the International 
Association of Wood Anatomists (IAWA) (Wheeler, 1989).

Although analysis of microscopic wood anatomy is currently the most reliable method 
to provide initial identification, only specialists can perform this task with accuracy. The 
training required to train an experienced wood anatomist can take decades and there are 
very few wood anatomists available in the world (Dormontt et al, 2015), so automation 
of this process is important. There are also studies that use microscopic images and de-
fine them by measuring various anatomical features (Ergun, 2021a; Jiang et al., 2013; 
Turhan & Serdar, 2013; Boztoprak & Ergun, 2017; Ergun, 2021b).

Image-Based Traditional Methods 

Traditional identification is slow and costly, experts must determine the wood type by 
examining the cross-sectional features of the wood (Ibrahim et al., 2018). The distin-
guishing features of the wood such as vessel arrangement, pore orientation, ray, paren-
chyma, fiber and other information presented on the surface should be determined. Next, 
their species are identified according to the tree type identification standard defined by 
the IAWA list (Ruffinatto et al., 2015). 

In image-based classification, images must be converted to numerical data for analysis 
by classification algorithms. A widely used technique in the wood species recognition 
problem is the use of recognition models based on texture features. In this context, Gray 
Level Co-Occurrence Matrices (GLCM) are generally used. By comparing the gray lev-
el differences between the pixels on the image with GLCM, various features including 
the image texture characteristic are found. The resulting properties form the inputs for 
wood classification applications. (Piuri & Scotti, 2010; Tou et al., 2009; Sun et al., 2011; 
Mallik et al., 2011; Martins et al., 2013; Hasan et al., 2013; Yadav et al., 2013; Khalid 
et al., 2008).

A typical wood type identification method includes two important steps feature ex-
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traction and classification. Feature extraction methods; boundary detection algorithm, 
Gray Level Co-occurrence Matrix (GLCM) (Manik et al., 2020), color test statistical 
method (Zhao, 2013), etc. includes. 

The final step in defining a typical tree type is to train tree samples to create a statisti-
cal model and then use a classifier to classify new samples by wood species. The most 
popular classification methods are support vector machine (Martins et al., 2013; Turhan 
& Serdar, 2013; Filho et al., 2014; Barmpoutis et al., 2018; Souzas et al., 2020), KNN 
(Kobayashi et al., 2015), neural network (Ibrahim et al., 2018; Filho et al., 2010; Yusof 
& Rosli, 2013; Zhao et al., 2014; Huang et al., 2020), etc. But other classifiers are also 
applied (Kobayashi et al., 2017; Khairuddin et al., 2011).

Microstructures of wood samples are analyzed via a microscope in different sections. 
Microscopic identification of wood is based on three different cuts that form three dis-
tinct segments in the wood sample: cross-section, radial, and tangential. Several im-
age processing techniques are utilized to analyze images of different sections to aid the 
identification process. Methods for different types of images, such as macroscopic and 
stereograms, are usually cross-sectional. Important information from other sections such 
as radial and tangential is ignored (Martins, 2018).

Wood species classification mainly depends on the identification of morphological dif-
ferences in cell structures such as canals, axial parenchyma, and rays (Castellani & Row-
lands 2008; Wiedenhoeft 2005). These morphological differences were determined in all 
three parts of the wood. For experts, wood recognition involves recognizing structural 
features on the wood surface. Some experienced wood-recognition professionals can 
determine the wood type by observing the wood cross-section. These features are evi-
dent throughout the wood since trees grow vertically (Huang et al., 2021). Barmpoutis 
et al. (2018) experiment showed that the recognition accuracy of a wood section image 
is relatively high.

Using CNN in Wood Identification

The difficulty of classifying species with similar morphological and anatomical features 
has required the development of techniques to detect the main features that help to ob-
tain a reliable classifier (Murat, 2018). Conventional classification and recognition of 
wood species is time-consuming and requires detailed knowledge and experience of 
wood anatomy. Therefore, convolutional neural networks (CNN), a deep learning tool, 
have replaced traditional methods. In the following, studies with CNN in the literature 
for wood recognition are given. Some methods are applicable only to hardwood, while 
others are more general and can be applied to both hardwood and softwood. Recently, 
studies with micro and macro images have been elaborated on.

Sun et al. (2021), a transfer learning method based on a small dataset was proposed to 
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recognize tree species. This method used ResNet50 feature extraction, LDA key feature 
optimization, and KNN classifier. A total of 25 tree species were selected for training and 
testing. The samples were obtained from wood factories in China’s Yunnan Province, 
Wood Herbarium of Southwest Forestry University (SWFU). 120 images were selected 
for each species and 3000 images were obtained for 25 species.

Fabijańska et al. (2021) used a network of convolutional encoders in a sliding window 
arrangement for tree species identification. The study was limited to a macroscopic data-
set of 14 hardwood and softwood species commonly found in Europe. They further 
extended the divide-and-conquer classification strategy proposed by Hafemann et al. 
(2014). A model with ResNet-inspired jump connections (He et al., 2016) was proposed 
and a patch-based, floating window strategy was applied regardless of image spatial 
resolution. Especially, the use of a sliding window setup also increased the number of 
training examples, as many train patches can be extracted from a single input image. The 
source code of the proposed method was published with the dataset to facilitate duplica-
tion of results and a direct comparison with future competitors.

Ravindran et al. (2018) implement the VGG16 model to 10 neotropical species macro-
scopic images. Lens et al. (2020) compared the performance of CNN models on a micro-
scopic dataset of 112 neotropical wood species. The results showed that the CNN models 
significantly outperformed the classical classifiers. ResNet gave the best results with 
classification rates of 98%. The ResNet model (Hu et al., 2019) was used to describe 
nine timber types. The above-mentioned studies deal with high-quality images. There-
fore, Lopes et al. (2020) tested the performance of the ResNet v2 model by applying it to 
images taken from a commercial mobile phone with a macro lens. The model identified 
10 hardwood species with an accuracy of 92%, significantly lower than images carefully 
acquired with specialized equipment. Also, cutting-edge CNN models require fixed-size 
inputs that are not always available (Fabijańska et al., 2021).

In a similar study (Huang et al., 2021), a new approach for tree species recognition was 
proposed for 12 wood species using the same database (Barmpoutis 2019). Transfer 
learning technology was used to extract wood textural features. Global average pooling 
(GAP) was introduced to reduce the number of features and improve the generalization 
ability of the model (Lin et al. 2013). An extreme learning machine (ELM) algorithm 
was used for wood species recognition. Based on the ResNet50 model, the number of ex-
tracted features is even greater than the original input. Therefore, the GAP layer has been 
added to the model. Experimental results showed that this process can greatly reduce 
the number of features, reduce the overfitting of the model, and improve the recognition 
accuracy of the model. The combination of deep learning and machine learning can 
take advantage of both technologies. While deep learning has a strong ability to extract 
abstract features of wood image texture, machine learning has an advantage in small 
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sample classification (Huang et al., 2021).

In another study (Kirbas & Cifci, 2022), transfer learning was used to classify tree spe-
cies in the Wood-Auth dataset. The current study is based on the dataset obtained at 
the Wood Technology Laboratory of the Aristotle University of Thessaloniki, School 
of Forestry and Natural Environment (Barmpoutis et al., 2018). The data set consists of 
macroscopic images of 12 tree species belonging to three different tree section types, 
cross-section, radial, and tangential. Transfer learning adapts it to the relevant problem 
using pre-trained models rather than developing a deep learning model from scratch. The 
classification performances of ResNet-50, Inception V3, Xception, and VGG19 deep 
learning architectures with transfer learning were evaluated. ResNet (Residual Network) 
(He et al., 2016) was developed to avoid the problem of vanishing gradients in multilay-
er deep networks. It has 50 layers of which there are 48 convolutional layers. Inception 
network is based on the simultaneous application of filtering and pooling in convolution-
al layers. It works with modules. Inception V3 the number of parameters can be reduced 
without reducing network efficiency (Szegedy et al., 2015). Xception network offers two 
different approaches in addition to the improvements in Inception V3. These are deep 
convolution and point convolution (Chollet, 2017). VGGNet has two structures, VGG19 
and VGG16. The VGG16 network has 41 layers. It consists of 13 convolutional lay-
ers, three fully connected layers, pooling, activation function, dropout, and classification 
layers. The VGG19 network has 47 layers. It has more convolution layers than VGG16 
(Simonyan & Zisserman, 2014).

Experimental findings indicated that Xception outperformed the other models in the 
study and the Wood-Auth dataset, providing a classification accuracy of 95% (Kırbaş & 
Farmer, 2022).

In general, studies have used a regional database and focused on a certain number of 
species. We are aware that the datasets used in the studies are not the same and that the 
comparisons of different methods should be made on the same database. Many studies 
have been published together with the dataset to ease replication of results and a direct 
comparison with future competitors. 

References

Barmpoutis, P. (2019). Wood species dataset. Zenodo. https://doi.org/10.5281/zenodo. 2545611.

Barmpoutis, P., Dimitropoulos, K., Barboutis, I., Grammalidis, N., & Lefakis, P. (2018). Wood 
species recognition through multidimensional texture analysis. Computers and Electronics 
in Agriculture, 144, 241-248.

Boztoprak, H., & Ergun, M. E. (2017). Determination of vessel and fibers in hardwoods, Gazios-
manpasa Journal of Scientific Research, 6(2), 87-96.

Castellani, M., & Rowlands, H. (2008). Evolutionary feature selection applied to artificial 
neural networks for wood-veneer classification. International Journal of Production Re-
search, 46(11), 3085-3105.



142Current Studies in Artificial Intelligence, Virtual Reality and Augmented Reality

Artificial Intelligence Methods Applied In Wood Species Identification

Chollet, F. (2017). Xception: Deep learning with depth wise separable convolutions. In Proceed-
ings of the IEEE conference on computer vision and pattern recognition, 1251-1258.

Doğu, A. D. (2013). Wood identification, Restorasyon ve Konservasyon Çalışmaları Dergisi, 
16, 59–71.

Dormontt, E. E., Boner, M., Braun, B., Breulmann, G., Degen, B., Espinoza, E., Gardner, S., 
Guillery, P., Hermanson, J. C., Koch, G., Lee, S. L., Kanashiro, M., Rimbawanto, A., Thom-
as, D., Wiedenhoeft, A. C., Yin, Y., Zahnen, J. & Lowe, A. J. (2015). Forensic timber iden-
tification: It’s time to integrate disciplines to combat illegal logging, Biological Conserva-
tion, 191, 790–798. https://doi.org/10.1016/j.biocon.2015.06.038

Ergun, H. (2021a). Segmentation of wood cell in cross-section using deep convolutional neural 
networks. Journal of Intelligent & Fuzzy Systems, 41(6), 7447-7456.https://doi.org/10.3233/
JIFS-211386

Ergun, H. (2021b). Segmentation of rays in wood microscopy images using the U-net model. 
BioResources, 16(1), 721.https://doi.org/10.15376/biores.16.1.721-728

Fabijańska, A., Danek, M., & Barniak, J. (2021). Wood species automatic identification from 
wood core images with a residual convolutional neural network. Computers and Electron-
ics in Agriculture, 181, 105941. https://doi.org/10.1016/j.compag.2020.105941

Filho, P.P. L., Oliveira, L. S., Britto, A. D. S., & Sabourin, R. (2010, August). Forest species rec-
ognition using color-based features. 20th International Conference on Pattern Recognition, 
4178-4181. IEEE.

Filho, P.L.P., Oliveira, L.S., Nisgoski, S. et al. (2014). Forest species recognition using macroscopic 
images. Machine Vision and Applications 25, 1019–1031. https://doi.org/10.1007/s00138-
014-0592-7

Gasson, P., (2011). How precise can wood identification be? wood anatomy’s role in support 
of the legal timber trade, especially cites. IAWA Journal, 32(2), 137–154. https://doi.
org/10.1163/22941932-90000049

Hafemann, L. G., Oliveira, L. S., & Cavalin, P. (2014). Forest species recognition using deep 
convolutional neural networks. In 2014 22Nd International Conference on Pattern Recog-
nition, 1103-1107, 2014, August, IEEE.

Hasan, A.F., Ahmad, M.F., Ayob, M.N., Rais, S.A.A., Saad, N.H., Faiz, A., Abidin, Z., vd., 
(2013). Application of Binary Particle Swarm Optimization in Automatic Classification of 
Wood Species Using Gray Level Co-Occurence Matrix and K-Nearest Neighbor, Int. J. Sci. 
Eng. Res, 4, 50-55.

He, K., Zhang, X., Ren, S., & Sun, J. (2016). Deep residual learning for image recognition. 
In Proceedings of the IEEE Conference on Computer Vision and Pattern Recognition, 770-
778.

Hermanson, J. & Wiedenhoeft, A. (2011). A brief review of machine vision in the context 
of automated wood identification systems, IAWA Journal, 32(2), 233-250. https://doi.
org/10.1163/22941932-90000054

Hu, J., Song, W., Zhang, W., Zhao, Y., & Yilmaz, A. (2019). Deep learning for use in lumber 
classification tasks. Wood Science and Technology, 53(2), 505-517.

Huang, P., Zhao, F., Zhu, Z., Zhang, Y., Li, X., & Wu, Z. (2021). Application of variant transfer 
learning in wood recognition. BioResources, 16(2), 2557–2569. https://doi.org/10.15376/
biores.16.2.2557-2569

Huang, Y., Meng, S., Hwang, S. W., Kobayashi, K., & Sugiyama, J. (2020). Neural network 
for classification of Chinese zither panel wood via near-infrared spectroscopy. BioResourc-
es, 15(1), 130-141.



143 Current Studies in Artificial Intelligence, Virtual Reality and Augmented Reality

H. Ergun, Y. Uzun 

Hwang, S. W., Horikawa, Y., Lee, W. H. & Sugiyama, J. (2016). Identification of Pinus species 
related to historic architecture in Korea using NIR chemometric approaches, Journal of 
Wood Science, 62(2), 156–167. https://doi.org/10.1007/s10086-016-1540-0

Hwang, S.-W., & Sugiyama, J. (2021). Computer vision-based wood identification and its ex-
pansion and contribution potentials in wood science: A review. Plant Methods, 17(1), 47. 
https://doi.org/10.1186/s13007-021-00746-1

Ibrahim, I., Khairuddin, A. S. M., Arof, H., Yusof, R., & Hanafi, E. (2018). Statistical feature 
extraction method for wood species recognition system. European Journal of Wood and 
Wood Products, 76(1), 345-356.

Jiang, W.,Ozaktas, B.B., Mantri, N., Tao, Z. & Lu, H. (2013). Classification of camellia species 
from 3 sections using leaf anatomical data with back-propagation neural networks and sup-
port vector machines, Turk. J. Bot., 37( 6), 1093-1103.

Khairuddin, A. S. M., Khalid, M., & Yusof, R. (2011). Using two stage classification for im-
proved tropical wood species recognition system. In Intelligent Interactive Multimedia Sys-
tems and Services, 305-314, Springer, Berlin, Heidelberg.

Khalid, M., Lee, E.L.Y., Yusof, R. & Nadaraj, M. (2008). Design of an intelligent wood species 
recognition system, International Journal of Simulation System, Science and Technology, 
9(3), 9-19.

Kirbas, İ., & Çifci, A. (2022). An effective and fast solution for classification of wood species: A 
deep transfer learning approach. Ecological Informatics, 69, 101633.

Kobayashi, K., Akada, M., Torigoe, T., Imazu, S., & Sugiyama, J. (2015). Automated recogni-
tion of wood used in traditional Japanese sculptures by texture analysis of their low-reso-
lution computed tomography data. Journal of Wood Science, 61(6), 630-640. https://doi.
org/10.1007/s10086-015-1507-6

Kobayashi, K., Hwang, S. W., Lee, W. H., & Sugiyama, J. (2017). Texture analysis of stereo-
grams of diffuse-porous hardwood: identification of wood species used in Tripitaka Korea-
na. Journal of Wood Science, 63(4), 322-330.

Lens, F., Liang, C., Guo, Y., Tang, X., Jahanbanifard, M., da Silva, F. S. C., ... & Verbeek, F. J. 
(2020). Computer-assisted timber identification based on features extracted from micro-
scopic wood sections. IAWA Journal, 41(4), 660-680.

Lin, M., Chen, Q., & Yan, S. (2013). Network in network, arXiv Preprint, https://arxiv.org/
abs/1312.4400.

Lopes, V. D. J., Burgreen, G. W., & Entsminger, E. D. (2020). North American hardwoods iden-
tification using machine-learning. Forests, 11(3), 298.

Mallik, A., Tarrío-Saavedra, J., Francisco-Fernández, M. & Naya, S. (2011). Classification of 
wood micrographs by image segmentation, Chemometrics and Intelligent Laboratory Sys-
tems, 107(2), 351-362.

Manik, F. Y., Saputra, S. K., & Ginting, D. S. B. (2020, June). Plant classification based on ex-
traction feature gray level co-occurrence matrix using k-nearest neighbour. In Journal of 
Physics: Conference Series 1566(1), 012107. IOP Publishing.

Martins, A. L. R. (2018). Towards automatic identification of woods from microscopic images 
(Msc). Porto.

Martins, J., Oliveira, L.S., Nisgoski, S. & Sabourin, R., 2013. A database for automatic classifi-
cation of forest species, Machine Vision and Applications, 24, 567-578.

Murat, M. (2018). Gri ilişkisel analiz tabanli yeni bir LVQ yöntemi: Odun Türü Sınıflandırma 
Üzerine Bir Uygulama [Msc]. Karadeniz Technical University.



144Current Studies in Artificial Intelligence, Virtual Reality and Augmented Reality

Artificial Intelligence Methods Applied In Wood Species Identification

Piuri, V. & Scotti, F. (2010). Design of an automatic wood types classification system by using 
fluorescence spectra, IEEE T. Syst. Man. Cy. C., 40, 3, 358-366.

Ravindran, P., Costa, A., Soares, R., & Wiedenhoeft, A. C. (2018). Classification of CITES-listed 
and other neotropical Meliaceae wood images using convolutional neural networks. Plant 
Methods, 14(1), 1-10.

Ross, R. J. (2010). Wood handbook: wood as an engineering material. USDA Forest Service, 
Forest Products Laboratory, General Technical Report FPL-GTR-190, 2010: 509.

Ruffinatto, F., Crivellaro, A., & Wiedenhoeft, A. C. (2015). Review of macroscopic features for 
hardwood and softwood identification and a proposal for a new character list. IAWA Jour-
nal, 36(2), 208-241.

Shou, G., Zhang, W., Gu, Y. & Zhao, D. (2014). Application of near infrared spectroscopy for 
discrimination of similar rare woods in the Chinese market, Journal of Near Infrared Spec-
troscopy, 22(6), 423–432. https://doi.org/10.1255/jnirs.1136

Silva, R.da N., De Ridder, M., Baetens, J. M., Van den Bulcke, J., Rousseau, M., Martinez Bru-
no, O., Beeckman, H., Van Acker, J., & De Baets, B. (2017). Automated classification of 
wood transverse cross-section micro-imagery from 77 commercial Central-African timber 
species. Annals of Forest Science, 74(2), 1-14. https://doi.org/10.1007/s13595-017-0619-0.

Simonyan, K., & Zisserman, A. (2014). Very deep convolutional networks for large-scale image 
recognition. arXiv Preprint, https://arxiv.org/abs/1 409.1 556.

Snel, F. A., Braga, J. W. B., da Silva, D., Wiedenhoeft, A. C., Costa, A., Soares, R., Coradin, V. T. 
R. & Pastore, T. C. M. (2018). Potential field-deployable NIRS identification of seven Dal-
bergia species listed by CITES, Wood Science and Technology, 52(5), 1411–1427. https://
doi.org/10.1007/s00226-018-1027-9

Souza, D. V., Santos, J. X., Vieira, H. C., Naide, T. L., Nisgoski, S., & Oliveira, L. E. S. (2020). 
An automatic recognition system of Brazilian flora species based on textural features of 
macroscopic images of wood. Wood Science and Technology, 54(4), 1065-1090.

Sun, L.J., Ji, Z.W. & Wang, H.J., (2011). A new wood recognition method based on texture anal-
ysis. Applied Mechanics and Materials, 58, 613-617.

Sun, Y., Lin, Q., He, X., Zhao, Y., Dai, F., Qiu, J., & Cao, Y. (2021). Wood species recognition 
with small data: a deep learning approach. International Journal of Computational Intelli-
gence Systems, 14(1), 1451. https://doi.org/10.2991/ijcis.d.210423.001

Szegedy, C., Liu, W., Jia, Y., Sermanet, P., Reed, S., Anguelov, D., ... & Rabinovich, A. (2015). 
Going deeper with convolutions. IEEE Conference on Computer Vision and Pattern Rec-
ognition, 1-9.

Tou, J. Y., Tay, Y. H. & Lau, P. Y. (2009). A Comparative Study for Texture Classification Tech-
niques on Wood Species Recognition Problem, Fifth International Conference on Natural 
Computation. August, China, 8-12.

Tsoumis, G. T. (2022). Wood. Encyclopedia Britannica. https://www.britannica.com /science/
wood-plant-tissue, Accessed 2022, February 18. 

Tuncer, F. D. (2020). Y. Utilization of near infrared spectroscopy in wood identification. Doctor-
al thesis. Istanbul University Cerrahpasa Graduate Education Institute.

Turhan, K., & Serdar, B. (2013). Support vector machines in wood identification: the case of 
three Salix species from Turkey. Turkish Journal of Agriculture and Forestry, 37(2), 249-
256.

Wheeler, E. A. & Baas, P., (1998) Wood Identification -A Review, IAWA Journal, 19(3), 241– 
264. https://doi.org/10.1163/22941932-90001528.



145

H. Ergun, Y. Uzun 

Wheeler, E. A., Baas, P., & Gasson, P. E. (Eds.). (1989). IAWA list of microscopic features for 
hardwood identification. IAWA Journal, 10(3), 219–332.  

Wiedenhoeft, A. C. (2005). Structure and function of wood. Handbook of Wood Chemistry and 
Wood Composites, US Department of Agriculture, Wisconsin, USA, 9-33.

Yadav, A. R., Anand, R. S., Dewal, M. L., & Gupta, S. (2015). Hardwood species classification 
with DWT based hybrid texture feature extraction techniques. Sadhana, 40(8), 2287-2312.

Yadav, A.R., Dewal, M.L., Anand, R.S. & Gupta, S. (2013). Classification of hardwood species 
using ANN classifier. computer vision, pattern recognition, Fourth National Conference on 
Image Processing and Graphics (NCVPRIPG), December, India, 1 -5.

Yusof, R., & Rosli, N. R. (2013, December). Tropical wood species recognition system based on 
gabor filter as image multiplier. In 2013 International Conference on Signal-Image Tech-
nology & Internet-Based Systems, 737-743. IEEE.

Zhao, P. (2013). Robust wood species recognition using variable color information. Optic-Inter-
national Journal for Light and Electron Optics, 124(17), 2833-2836.

Zhao, P., Dou, G., & Chen, G. S. (2014). Wood species identification using feature-level fusion 
scheme. Optik, 125(3), 1144-1148.

About the Authors

Yusuf UZUN, PhD, is an Assistant Professor of Computer Engineering at Necmettin Erbakan 
University in Konya, Turkey. He holds a PhD in Mechanical Engineering from Necmettin Er-
bakan University. His main areas of interest are artificial intelligence, autonomous systems and 
augmented reality applications. He also works as the Rector’s Advisor at Selcuk University. 

E-mail: yuzun@erbakan.edu.tr, Orcid: 0000-0002-7061-8784.

Halime ERGUN, PhD, is an Assistant Professor of Computer Engineering at Necmettin Er-
bakan University in Konya, Turkey. She holds a PhD in Electrical-Electronics Engineering from 
Selçuk University. Her main areas of interest are artificial intelligence and image processing.

E-mail: hboztoprak@erbakan.edu.tr, Orcid: 0000-0003-1634-9744.

Similarity Index

The similarity index obtained from the plagiarism software for this book chapter is %18.

To Cite This Chapter:

Uzun, Y. & Ergun, H. (2022). Artificial intelligence methods applied in wood species identifica-
tion, Y. Uzun. & R. Butuner (Eds.), Current Studies in Artificial Intelligence, Virtual Reality and 
Augmented Reality (pp. 136–145). ISRES Publishing.

 Copyright © 2022 by ISRES Publishing 


