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Abstract:

Wood identification plays a significant role in forestry and cultural heritage. Its impact and application
are more pronounced in the guide against illegal logging and ecological issues. Moreover, it is extremely
difficult to identify individual wood species using the existing wood identification methods. Due to the above-
mentioned reasons, there is a need to develop an accurate wood identification method that is based on
computer vision. Computers react to what they see, just as human eyes react, the insights gained from
computer vision as a field of artificial intelligence (Al) enable computers to extract meaningful data from
visual inputs such as images and videos, and to take automated actions. Just like Al allows computers to
possess thinking ability, computer vision gives them the ability to see. Computer vision, through the region-
based convolutional neural network has been able to solve various visual issues that are related to videos
and images accurately. However, its application to wood technology and wood related fields still remains
uninvestigated. Therefore, in this study, a computer vision based mask region-based convolutional neural
network (Mask R-CNN) associated with a modified residual network (ResNet) was employed as a hybrid
method (Mask RCNN-ResNet) for a robust and accurate wood identification at species level. The technique
of Mask R-CNN involves detecting, extracting the relevant features of visual data from a processed image,
then, segmenting the target object using region of interest alignment, and mask generation to make a
decision. A modified ResNet network (modified model of residual network) reduced the number of training
parameters, thereby leading to an increased efficiency during computation. Mask RCNN-ResNet method is
able to identify individual wood at species level with 92% identification accuracy higher than the results
obtained in the existing work that used other computer-based wood identification methods on the same wood
species datasets.
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INTRODUCTION

In most tropical countries, forest is a good source of income. One of the fundamental factors causing
environmental challenges and destruction in tropical countries that deal in forest is the illegal deforestation or
logging, which as a result causes global ecological impact (Bésch 2021). Moreover, this illegal logging has
been a rewarding ecological criminal offense amounting to almost 30% of the timber trade globally with over
100 billion dollars estimate within a year (Nellemann 2012, May 2017). Among the regions of the world

* Corresponding Author
41


mailto:sirbrw@yahoo.com
mailto:chineduoluigbo@gmail.com
mailto:tiebiric@gmail.com
mailto:ebipadoubenedocta@gmail.com
mailto:tokenny2003@yahoo.com

ONLINE ISSN 2069-7430 PRO LIGNO Vol. 19 N°1 2023

[SEIL ety www.proligno.ro pp. 41-51

where this type of crime is predominantly high are Africa (central), Asia (southeast) and Europe (Russia)
(May 2017, EU and EC 2022, European Union et al. 2022). Although measures to stop illegal deforestation
have been put in place (Dormontt et al. 2015, United Nations and International Consortium on Combating
Wildlife 2016, Schmitz et al. 2019, EU 2022, UN 2022), there is a need for stronger measures (FAOUN et al.
2022, Interpol 2022, ITTO 2022, Schmitz et al. 2022, UNDER et al. 2022).

Wood identification is of greatest importance in wood related work such as building construction,
manufacturing, furniture work, carpentry, housing, etc, and several factors are still limiting the real-life
applications of the wood identification methods. Different traditional techniques (macroscopic and
microscopy) and multiple techniques (near-infrared spectroscopy (Abe et al. 2016, Snel et al. 2018, Pace et
al. 2019), DNA barcoding (Jiao et al. 2015, Wagner et al. 2018, Akhmetzyanov et al. 2020), mass
spectrometry (Espinoza et al. 2015, Zhang et al. 2019, Carmona et al. 2020), and X-ray tomography (Ge et
al. 2018, Kobayashi et al. 2019, Tazuru and Sugiyama 2019) have been proposed and developed for wood
identification. Macroscopic technique of identifying wood involves employing the physical features of the
wood that are macroscopic and, microscopic technique of identifying wood involves employing the non-
physical features of the wood (microscopic features) using the microscopes. Moreover several computer-
based technologies for wood identification have been developed such as GUESS (LaPasha 1986, Wheeler
and LaPasha 1987), CSIROID (llic 1993) and the DELTA system (Dallwitz 1980) with high identification
accuracy compared to earlier wood identification methods. Due to advancement in wood identification
research for timber industry, all the aforementioned computer-based technologies except the DELTA-Intkey
are out-of-date (Silva et al. 2022).

A feed forward multilayer perceptron (MLP) network was employed by Esteban et al. (2009) to
differentiate Juniperus cedrus species from J.phoenicea var. canariensis species. Likewise, in Esteban et al.
(2017), a multilayer perceptron (MP) was employed for identifying the difference between Pinus sylvestris L.
and P. nigra Arn subsp. salzmannii (Dunal) Franco. In Mallik et al. (2011), a species-level identification of
hardwoods, softwoods and other seven wood species was conducted by applying SEM to process cross
sections of wood using image segmentation, object recognition and statistical methods. Martins et al. (2013)
in an effort to identify between Brazilian hardwoods and softwoods species, conducted experiment on 112
wood species, 85 genera and 30 families by applying microscopic features analysis using local phase
guantization (LPQ), local binary patterns (LBP) and grey-level co-occurrence matrix (GLOM). Salix alba, S.
caprea and S. eleagnos were differentiated in Turhan and Serdar (2013) using the Support Vector Machine
(SVM). The work of Martins et al. (2013) was similar to the work of Filho et al. (2014), in which 41 species of
Brazilian flora were differentiated using 2-level divide-and-conquer classification method. A surface texture
analysis of cross sections of 77 commercial wood species was conducted in da Silva et al. (2017) using their
microscopic images.

A hybrid of SVM, Naive Bayes (NB), Decision Tree and ANN was used by He et al. (2019) to
differentiate between Swietenia macrophylla King, S. mahagoni (L.) Jacq and S. humilis Zucc. Deklerck et al.
(2019) studied the heartwood of 175 samples of 10 species of the Meliaceae family using machine learning-
based method for metabolome profile got via direct analysis in real-time ionization in combination with time-
of-flight mass spectrometry. A smartphone and manually refined samples of field-like conditions were used
by De Andrade et al. (2020) to generate 2000 macroscopic images of 21 species, which were classified
using a SVM based classifiers. A multi-view random forest (MVRF) model was used by Da Silva et al. (2022)
for species-level identification of 77 Congolese wood species. This was similar to the work of De Geus et al.
(2020) in which the DenseNet CNN was applied for the recognition of 281 species using microscopic
transverse, radial and tangential image datasets. Also, deep convolutional neural networks were applied in
Wu et al. (2021) to identify 11 hardwoods of North American species from tangential plane images only. The
CNN model 3-ConvNeta was used by Hafemann et al. (2014) for the identification of macro and micro
images of 41 species and 112 species respectively.

Six LeNet and Mini VGGNet CNN models were applied by Kwon et al. (2017) for the identification of
five Korean softwood species using the camera of a smartphone to acquire macroscopic images from cross
sections. This was similar to their other effort where they combined LeNet2, LeNet3 and MiniVGGNet4
models to identify macroscopic images of wood captured by using mobile cameras (Kwon et al. 2019). Deep
convolutional networks were applied by Figueroa-Mata et al. (2018) for species identification of 41 Brazilian
forest species from xylotheque samples. CNNs were used by Ravindran et al. (2018) for the identification of
10 Neotropical species in the Meliaceae family using only the transverse surface. CNNs were applied in
creating the three models used in Oliveira et al. (2018) in addition to the databases developed by Filho et al.
(2014) and Martins et al. (2013) to identify cross sections of 2942 wood macroscopic images of 41 species
and 2240 microscopic images of 112 species. A deep CNN approach was applied in Kanayama et al. (2019)
to near-infrared hyperspectral imaging using a principal component algorithm for the identification of 120
samples of 38 hardwood species. The macroscopic field identification programme XyloTron was compared
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by CNN in Ravindran and Wiedenhoeft (2020) using an ImageNet pre-trained ResNet34 CNN to identify 10
Meliaceae species.

By using a smartphone, 1869 macroscopic images of the end-grain of 10 xylarium hardwood species
of North American were acquired and analyzed in Lopes et al. (2020) using the InceptionV4-ResNetV2 CNN.
Lopes et al. (2021) also applied generative adversarial network (GAN) to 119 hardwood species of Xylarium
Digital Database (Kobayashi et al. 2019), generating meaningful hardwood species microscopic cross-
sectional images. Recognition experiment was conducted on Cedrella odorata, a CITES-protected wood
species and compared with 13 other tropical tree species in Olschofsky and Kéhl (2020) by applying a CNN-
based Inception-v3, pre-trained with 1.2 million images for the recognition and classification of features. Lens
et al. (2020), in order to identify tree species, applied the ResNet101 CNN and SVM for microscopic analysis
of 112 mainly Neotropical species using only transverse sections. A hybrid of X-ray fluorescence
spectrometry and a CNN was applied in Shugar et al. (2021) for the identification of 48 hardwoods and
softwoods specimens from 66 datasets using either radial or tangential sections. Classification experiment
on wood patch and 312 wood core scanned images of 14 European softwood and hardwood tree species
was conducted by Fabijanska et al. (2021) using a residual based CNN. However, these aforementioned
techniques are not accurate enough to identify individual wood species.

To address these limitations, a computer vision based mask region-based convolutional neural
network (Mask R-CNN) (He et al. 2020) associated with a modified residual network (ResNet) is proposed in
this study as a hybrid method (Mask RCNN-ResNet) for a robust and accurate wood identification at species
level. The technique of Mask R-CNN involves detecting, extracting the relevant features of visual data from a
processed image, then, segmenting the target object using region of interest alignment, and mask
generation to make a decision (Bello et al. 2021a). A modified ResNet network (modified model of residual
network) reduced the number of training parameters, thereby leading to an increased efficiency during
computation. Mask RCNN-ResNet method is able to identify individual wood at species level with 92%
identification accuracy higher than the results obtained in Barmpoutis (2017) and Barmpoutis et al. (2018)
that used other computer-based wood identification methods on the same wood species datasets.

MATERIALS AND METHODS
This section presents the materials and methods employed in achieving the objectives of this study.

Data acquisition and description

Most images used for wood identification have their individual characteristics. Macroscopic images
for example, are most often used because, they need no magnification, as they are obtained using a digital
camera) (Filho et al. 2014, Barmpoutis et al. 2018, Olschofsky and Koéhl 2020, Fabijanska et al. 2021).
Stereoscopic images (Stereograms) need to be magnified because they are obtained with hand lens (Tou et
al. 2007, Khalid et al. 2008, Wang et al. 2013, De Andrade et al. 2020, Ravindran et al. 2020). Optical
microscopic images (Micrographs) (Martins et al. 2013, Da Silva et al. 2017, Lens et al. 2020), SEM images
(Mallik et al. 2011), and X-ray computed tomography images (Kobayashi et al. 2019, Wiedenhoeft 2020) are
other images that serve the wood identification experimental purposes. The experiment conducted in this
study employed WOOD-AUTH (dataset) (Barmpoutis 2022).

WOOD-AUTH dataset comprises macroscopic wood species of Greece, macro by image type, 12 in
number of species (3 softwood species and 9 hardwood species), 4272 in number of images, and cross,
radial and tangential in wood sections. They are all 400x400 pixels in size. The 12 species (3 softwood
species and 9 hardwood species) on which the model were trained and tested in ratio 70:30 are 1) Fagus
sylvatica (European beech or common beech), 2) Juglans regia (Persian walnut, English walnut, Carpathian
walnut, Madeira walnut, or common walnut), 3) Castanea sativa (Sweet chestnut, Spanish chestnut), 4)
Quercus cerris (Turkish oak or Austrian oak), 5) Alnus glutinosa (European alder or black alder), 6) Fraxinus
ornus (Manna ash or South European flowering ash), 7) Picea abies (Norway spruce or European spruce),
8) Pinus sylvestris (Scots pine (UK), Scotch pine (US) or Baltic pine), 9) Ailanthus altissima (Tree of heaven),
10) Robinia pseudoacacia (Black locust), 11) Cupressus sempervirens (Mediterranean cypress or Italian
cypress), and 12) Platanus orientalis (Oriental plane tree or oriental sycamore). Fig. 1 shows 6 labeled
samples of the wood species in a row.
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Fig. 1.

Six different samples of wood species from WOOD-AUTH database: (a) Picea abies (Norway spruce or
European spruce), (b) Pinus sylvestris (Scots pine (UK), Scotch pine (US) or Baltic pine), (c) Ailanthus
altissima (Tree of heaven), (d) Robinia pseudoacacia (Black locust), (e) Cupressus sempervirens
(Mediterranean cypress or Italian cypress), (f) Platanus orientalis (Oriental plane tree or oriental
sycamore).

Model development and requirements for the image segmentation

The proposed model, Mask RCNN-ResNet is a hybrid model with the following characteristics: 1)
Smaller optimal filter size for the extraction of smaller and complex features, 2) Region proposal for the
utilization of multi-scale semantic features, and 3) Mask generation for the classification of individual wood at
species level. The residual model was modified to solve some notable issues during back-propagation
process. Fig. 2 shows the framework of the Mask RCNN-ResNet for wood species identification.
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Fig. 2.
Framework of the Mask RCNN-ResNet for wood species identification: (a) Wood species input, (b)
Wood species output.

For the implementation of the proposed image segmentation model, the following applications are
installed 1) Graphic processing unit (GPU), 2) Keras, 3) Tensorflow (Abadi 2016) and 4) Opencv-python. The
hyper-parameters used in training the network model are as follows: 1) Learning rate is 0.001, 2) Weight
decay is 0.0001, 3) Momentum of learning is 0.9, 4) Dimension of the image (minimum) is 512, 5) Dimension
of the image (maximum) is 512, 6) Detection confidence (minimum) is 0.5, 7) Number of batches is 5, 8) Size
of batch is 200, 9) Epochs are 5. 10) Iterations per epoch are 5, 11) Steps per epoch are 1000, 12)
Validation steps are 5, and 13) Mask shape is 28x28. As shown in Fig. 2, Fig. 3 and Fig. 4, the process of
the proposed model development involves associating Mask R-CNN with a modified residual network
(ResNet).

Modified model of residual network (ResNet)

Most of the issues in networks are due to the activation layers of the ResNet that are skipped during
the process of back-propagation. Moreover, the lack of descriptive equation for the unstable ResNet
parameters is the reason for inaccuracy of the gradient equation. Furthermore, there is no clarification by the
training process of the layer that has more training advantage over another. To solve the abovementioned
issues, and, to achieve the objectives of the study, residual network was modified and proposed using the
back-propagation algorithm. In addition to this solution, the use of new gradient equation also allowed new
rules made of different parameters for ResNet to be obtained whereby optimal filter size that is smaller than
ResNet was provided for the extraction of smaller and complex features. This approach reduced the number
of training parameters, thereby leading to an increased efficiency during computation. By making use of a
deep network that comprises a set of blocks fit enough for solving the issues of gradient vanishing, the
performance of ResNet was greatly improved. Fig. 3 shows the residual network’s block, and Fig. 4 shows
the architecture of (a) residual network and (b) enhanced residual network.
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Fig. 3.
Block architecture of aresidual network (He et al. 2016).

The two-layer block of the residual network was built using the formula presented in Equation (1).
H(x) = F(x, {W}) + x 1)

where: x is the input of building block, H(x) is the output vectors of building block and in the training process,
F(x, {W}}) is the learned residual mapping.
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Architecture of (a) residual network and (b) enhanced residual network (Bello et al. 2021b).
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Based on Fig. 4(b), which is the enhanced residual network, training of the convolutional layers that
have the best block was conducted as follows: 1) Repeating 1% convolution block one time, 2) Repeating 2™
convolution block four times, 3) Repeating 3™ convolution block four times, 4) Repeating 4™ convolution
block fourteen times. To obtain satisfactory results from the proposed framework in this study, loss functions
in their combination were applied in bounding box regression training, predicting object class, and generating
mask branch. In accomplishing the task, the loss function was used as presented in Equation (2).

L =Lee + Lpe + Line 2

where: L is the loss function, L is the classification error, Ly is the bounding box error, L. is the mask
error. The segmentation accuracy was measured by using the formula presented in Equation (3).
Ang

o === ©)

Aug

where: IOU is the intersection over union that determines the magnitude of overlap between the predicted
bounding box, which is represented by A and the ground-truth bounding box, which is represented by B. The
values of IOU considered in conducting this work are from 0.50 to 0.95 with mAP@X notation, where X
represents the threshold value used in computing the metric. The precision-recall is computed only after
establishing matches for all the images. While precision is the total number of correct instances produce by
the model, recall is the total number of correct instances that the model can produce. They are conducted as
shown in Equation (4) and Equation (5).

True positive

Trug positive +Falze positive ( )
_ True positive (5)
True pesitive +False Negative

where: P and R are the precision and the recall respectively. The outcome of a model is true positive when
positive instance is correctly predicted. The outcome of a model is false positive when positive instance is
incorrectly predicted. The outcome of a model is false negative when negative instance is incorrectly
predicted. To calculate average precision, the area under precision-recall curve is taken and the recalls are
segmented evenly to different parts. Equation (6) and (7) are used for calculating AP and mean of AP (mAP)
as follows.

AP =EY_, [Rn) - R(n — 1)]. maxP(n) (6)

where: N represents the number of precision-recall points produced, P(n) and R(n) represent the precision
and recall with the lowest nth recall respectively.

mAP =T, AP, 7)
where: AP; = the AP of class i, and N = the number of classes.

RESULTS AND DISCUSSIONS

As presented in Fig. 2, the proposed framework of the Mask RCNN-ResNet for wood species
identification is a hybrid model of Mask R-CNN and a modified ResNet network (modified model of residual
network). The main metrics employed for the evaluation of the experiment results are precision, recall,
average precision (AP), loU, and mean average precision (mAP). The segmentation experiment on the
WOOD-AUTH for wood identification at species level using the proposed method and Mask R-CNN
produced the results presented in Table 1. Mask RCNN-ResNet method achieved a 0.92 mAP, which is
higher than the 0.90 mAP achieved by the Mask R-CNN method. Based on all the results obtained, Mask
RCNN-ResNet shows high performance and segmentation accuracy. Fig. 5 and Fig. 6 show the identification
at species level of the six different samples of the wood species from WOOD-AUTH database as shown
earlier in Fig. 1 using the proposed Mask RCNN-ResNet approach and Mask R-CNN respectively.

Based on Fig. 1, the proposed model was able to classify individual wood at species level in terms of
scores more accurate than Mask R-CNN as follows: (a) Picea abies (Norway spruce or European spruce),
(b) Pinus sylvestris (Scots pine (UK), Scotch pine (US) or Baltic pine), (c) Ailanthus altissima (Tree of
heaven), (d) Robinia pseudoacacia (Black locust), (e) Cupressus sempervirens (Mediterranean cypress or
Italian cypress), (f) Platanus orientalis (Oriental plane tree or oriental sycamore). Moreover, the proposed
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method in this study performs better than what is obtained in Barmpoutis (2017) and Barmpoutis et al. (2018)
on the same wood species from WOOD-AUTH database. Fig. 7 shows the comparison of Mask RCNN-
ResNet method and Mask RCNN method on the same wood species from WOOD-AUTH database.

Table 1
Mean average precision (mAP) results for wood identification
Method mAP
Mask R-CNN 0.90
Mask RCNN-ResNet 0.92
Ailanthus Cupressus
Picea abies.94 ' altissima.89 sempervirens.92
) / ; :: .. ..
Pinus sylvestris 91 Robinia Platanus
pseudoacacia.94 onentalis. 93

Fig. 5.
Identification of the six different samples of wood species from WOOD-AUTH database as shown in
Fig. 1 using Mask RCNN-ResNet approach.

Ailanthus Cupressus
altissima .87 sempervirens.91
Pinus sylvestris.91 Robinia Platanus
pseudoacacia.90 orientalis.92
Fig. 6.

Identification of the six different samples of wood species from WOOD-AUTH database as shown in
Fig. 1 using Mask R-CNN approach.

0.24
0.2
0o
Wood species identification by Mask
] RCNN-Reshet Method
AP 08B £ et
B \Wood species identification by Mask
0.86 RCMNN Method
0.84
0.82

Fig. 7.
Comparison of Mask RCNN-ResNet method and Mask RCNN method on the same wood species.
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CONCLUSIONS

Identification of wood at species level using Mask RCNN-ResNet method was proposed in this study
that could give assistance to forestry and cultural heritage. The framework of the proposed Mask RCNN-
ResNet for wood species identification is a hybrid model of Mask R-CNN and a modified ResNet network
(modified model of residual network). This approach reduced the number of training parameters, thereby
leading to an increased efficiency during computation. By making use of a deep network that comprises a set
of blocks fit enough for solving the issues of gradient vanishing, the performance of ResNet was greatly
improved for the overall performance of the proposed method. Six different samples of wood species from
WOOD-AUTH database comprising 4272 images were used to evaluate the proposed method efficiency.
The proposed Mask RCNN-ResNet method achieved a 0.92 mAP, which is little higher than the 0.90 mAP
achieved by the Mask R-CNN method. In the future, further experiments could be conducted on identical
wood species of the same taxonomic group for identification at species level.

REFERENCES

Abadi M, Barham P, Chen J, Chen Z, Davis A, Dean J, Kudlur M (2016) Tensorflow: A system for large-scale
machine learning. In 12th {USENIX} Symposium on Operating Systems Design and Implementation ({OSDI}
16), pp. 265-283.

Abe H, Watanabe K, Ishikawa A, Noshiro S, Fujii T, Iwasa M, Kaneko H, Wada H (2016) Simple separation
of torreya nucifera and chamaecyparis obtusa wood using portable visible and near-infrared
spectrophotometry: Differences in light-conducting properties. J. Wood Sci. 62: 210-212.

Akhmetzyanov L, Copini P, Sass-Klaassen U, Schroeder H, de Groot GA, Laros I, Daly A (2020) DNA of
centuries-old timber can reveal its origin. Sci. Rep. 10:1-10.

Barmpoutis P (2017) Contribution and combination of different wood sections in species recognition using
image texture analysis methods. Pro Ligno, 13(4):557-564.

Barmpoutis P (2022) WOOD-AUTH Dataset A (Version 0.1). Available online:
https://doi.org/10.2018/wood.auth (accessed on 21 April 2022).

Barmpoutis P, Dimitropoulos K, Barboutis I, Grammalidis N, Lefakis P (2018) Wood species recognition
through multidimensional texture analysis. Comput. Electron. Agric. 144:241-248.

Bello RW, Mohamed ASA, Talib AZ, Olubummo DA, Enuma OC (2021a) Enhanced deep learning framework
for cow image segmentation. IAENG International Journal of Computer Science, 48(4):1-10.

Bello RW, Mohamed ASA, Talib AZ (2021b) Enhanced Mask R-CNN for herd segmentation. International
Journal of Agricultural and Biological Engineering, 14(4):238-244.

Bosch M (2021) Institutional quality, economic development and illegal logging: A quantitative cross-national
analysis. Eur. J. For. Res. 140:1049-1064.

Carmona RJ, Wiemann MC, Baas P, Barros C, Chavarria GD, McClure PJ, Espinoza EO (2020) Forensic
identification of CITES appendix | cupressaceae using anatomy and mass spectrometry. IAWA J. 41:720-
739.

Da Silva NR, De Ridder M, Baetens JM, Van den Bulcke J, Rousseau M, Bruno OM, Beeckman H, Van
Acker J, DeBaets B (2017) Automated classification of wood transverse cross-section micro-imagery from 77
commercial central-African timber species. Ann. For. Sci. 74:1-14.

Dallwitz MJ (1980) A general system for coding taxonomic descriptions. Taxon, 29:41-46.

Da Silva NR, Deklerck V, Baetens J, Van den Bulcke J, De Ridder M, Rousseau M, Bruno OM, Beeckman
H, Van den Acker J, De Baets B, et al (2022) Improved wood species identification based on multi-view
imagery of the three anatomical planes. Plant Methods, 18(1):1-17.

De Andrade BG, Basso VM, de Figueiredo Latorraca JV (2020) Machine vision for field-level wood
identification. IAWA J. 41:681-698.

De Geus AR, da Silva SF, Gontijo AB, Silva FO, Batista MA, Souza JR (2020) An analysis of timber sections
and deep learning for wood species classification. Multimed. Tools Appl. 79:34513-34529.

De Oliveira W, Filho PLP, Martins JG (2018) Software for forest species recognition based on digital images
of wood. FLORESTA, 49:543-552.

48



ONLINE ISSN 2069-7430 PRO LIGNO Vol. 19 N°1 2023

[SEIL ety www.proligno.ro pp. 41-51

Deklerck V, Mortier T, Goeders N, Cody RB, Waegeman W, Espinoza E, Van Acker J, Van den Bulcke J,
Beeckman H (2019) A protocol for automated timber species identification using metabolome profiling.
WoodSci. Technol. 53:953-965.

Dormontt EE, Boner M, Braun B, Breulmann G, Degen B, Espinoza E, Gardner S, Guillery P, Hermanson
JC, Koch G, et al (2015) Forensic timber identification: It's time to integrate disciplines to combat illegal
logging. Biol. Conserv. 191:790-798.

Espinoza EO, Wiemann MC, Barajas-Morales J, Chavarria GD, McClure PJ (2015) Forensic analysis of
cites-protected dalbergia timber from the americas. IAWA J. 36:311-325.

Esteban LG, de Palacios P, Conde M, Fernandez FG, Garcia-lruela A, Gonzalez-Alonso M (2017)
Application of artificial neural networks as a predictive method to differentiate the wood of Pinus sylvestris, L.
and pinus nigra arn subsp. Salzmannii (dunal) franco. Wood Sci. Technol. 51:1249-1258.

Esteban LG, Fernandez FG, de Palacios P, Romero RM, Cano NN (2009) Artificial neural networks in wood
identification: The case of two juniperus species from the canary islands. IAWA J. 30:87-94.

European Union, Austrian Development Cooperation, The World Bank, IUCN, WWF ENPI EAST FLEG-
European Neighborhood and Partnership Instrument East Countries Forest Law Enforcement and
Governance Il Program (2022) Available online: https://www.enpi-fleg.org/ (accessed on 6 June 2022).

EU, European Union Timber Regulation (2022) Available online: https://eur-lex.europa.eu/legal-
content/EN/TXT/?uri=CELEX% 3A32010R0995 (accessed on 27 April 2022).

EU; EC. Forests. Available online: https://ec.europa.eu/environment/forests/illegal_logging.htm (accessed on
27 April 2022).

Fabijanska A, Danek M, Barniak, J (2021) Wood species automatic identification from wood core images
with a residual convolutional neural network. Comput. Electron. Agric.181:105941.

FAOUN, UNDP, UNEP UN-REDD Programme (2022) Available online: https://www.un-redd.org/ (accessed
on 27 April 2022).

Figueroa-Mata G, Mata-Montero E, Valverde-Otarola JC, Arias-Aguilar D (2018) Using deep convolutional
networks for species identification of xylotheque samples. In Proceedings of the 2018 IEEE International
Work Conference on Bioinspired Intelligence (IWOBI), San Carlos (Costa Rica), pp. 1-9.

Filho PLP, Oliveira LS, Nisgoski S, Britto AS (2014) Forest species recognition using macroscopic images.
Mach. Vis. Appl. 25:1019-1031.

Ge Z, Chen L, Luo R, Wang Y, Zhou Y (2018) The detection of structure in wood by X-ray CT imaging
technique. BioResources, 13:3674-3685.

Hafemann LG, Oliveira LS, Cavalin P (2014) Forest species recognition using deep convolutional neural
networks. In Proceedings of the 2014 22nd International Conference on Pattern Recognition, Stockholm
(Sweden), pp. 1103-1107.

He K, Gkioxari G, Dollar P, Girshick R (2020) Mask R-CNN. IEEE Transactions on Pattern Analysis and
Machine Intelligence, 42:386-397.

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, pp. 770-778.

He T, Marco J, Soares R, Yin Y, Wiedenhoeft A (2019) Machine learning models with quantitative wood
anatomy data can discriminate between swietenia macrophylla and swietenia mahagoni. Forests, 11(36):1-
13.

llic J (1993) Computer aided wood identification using csiroid. IAWA J. 14:333-340.

Interpol lllegal Logging in Latin America and Caribbean Inflicting Irreversible Damage-INTERPOL (2022)
Available online: https://www.interpol.int/News-and-Events/News/2022/lllegal-logging-in-Latin-America-and-
Caribbean-inflictingirreversible-damage-INTERPOL (accessed on 27 April 2022).

ITTO (2022). Biennial Review and Assessment of the World Timber Situation. Available online:
https://www.itto.int/direct/topics/ topics_pdf _download/topics_id=6783&no=1 (accessed on 27 April 2022).

Jiao L, Liu X, Jiang X, Yin Y (2015) Extraction and amplification of DNA from aged and archaeological
populus euphratica wood for species identification. Holzforschung, 69:925-931.

49



ONLINE ISSN 2069-7430 PRO LIGNO Vol. 19 N°1 2023

[SEIL ety www.proligno.ro pp. 41-51

Kanayama H, Ma T, Tsuchikawa S, Inagaki T (2019) Cognitive spectroscopy for wood species identification:
Near infrared hyperspectral imaging combined with convolutional neural networks. Analyst 2019, 144:6438-
6446.

Khalid M, Lew E, Lee Y, Yusof R, Nadaraj M (2008) Design of an intelligent wood species recognition
system. Int. J. Simul. Syst. Sci. Technol. 9:9-19.

Kobayashi K, Hwang SW, Okochi T, Lee WH, Sugiyama J (2019) Non-destructive method for wood
identification using conventional X-ray computed tomography data. J. Cult. Herit. 38:88-93.

Kobayashi K, Kegasa T, Hwang SSW, Sugiyama J (2019) Anatomical features of fagaceae wood statistically
extracted by computer vision approaches: Some relationships with evolution. PLoS ONE 14:1-13.

Kwon O, Lee HG, Lee MR, Jang S, Yang SY, Park SY, Choi IG, Yeo H (2017) Automatic wood species
identification of korean softwood based on convolutional neural networks. J. Korean Wood Sci. Technol.
45:797-808.

Kwon O, Lee HG, Yang SY, Kim H, Park SY, Choi IG, Yeo H (2019) Performance enhancement of automatic
wood classification of korean softwood by ensembles of convolutional neural networks. J. Korean Wood Sci.
Technol. 47:265-276.

LaPasha CA (1986) General unknown entry and search system. A program package for computer-assisted
identification. Suppl. N. C. Agric. Resour. Serv. 474.

Lens F, Liang C, Guo Y, Tang X, Jahanbanifard M, da Silva FSC, Ceccantini G, Verbeek FJ (2020)
Computer-assisted timber identification based on features extracted from microscopic wood sections. IAWA
J. 41:660-680.

Lopes DJV, Burgreen GW, Entsminger ED (2020) North american hardwoods identification using machine-
learning. Forests, 11(3):1-9.

Lopes DJV, Monti GF, Burgreen GW, Moulin JC, Dos S, Bobadilha G, Entsminger ED, Oliveira RF (2021)
Creating high resolution microscopic cross-section images of hardwood species using generative adversarial
networks. Front. Plant Sci. 12:1-10.

Mallik A, Tarrio-Saavedra J, Francisco-Fernandez M, Naya S (2011) Classification of wood micrographs by
image segmentation. Chemom. Intell. Lab. Syst. 107:351-362.

Martins J, Oliveira LS, Nisgoski S, Sabourin RA (2013) database for automatic classification of forest
species. Mach. Vis. Appl. 24:567-578.

May C (2017) Transnational Crime and the Developing World; Global Financial Integrity: Washington, DC
(USA), pp. 53-59.

Nellemann C (2022) Green Carbon, Black Trade: A Rapid Response Assessment on lllegal Logging, Tax
Fraud and Laundering in the World’'s Tropical Forests. Available online:
https://wedocs.unep.org/20.500.11822/8030 (accessed on 27 April 2022).

Olschofsky K, Kéhl M (2020) Rapid field identification of cites timber species by deep learning. Trees Forests
and People, 2:1-9.

Pace JHC, Latorraca JVDF, Hein PRG, de Carvalho AM, Castro JP, da Silva CES (2019) Wood species
identification from Atlantic forest by near infrared spectroscopy. For. Syst. 28(3):1-10.

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

Ravindran P, Wiedenhoeft AC (2020) Comparison of two forensic wood identification technologies for ten
meliaceae woods: Computer vision versus mass spectrometry. Wood Sci. Technol. 54:1139-1150.

Schmitz N, Beeckman H, Blanc-Jolivet C, Boeschoten LE, Braga JJWB, Cabezas JA, Chaix G, Crameri S,
Degen B, Deklerck V, et al (2020) Overview of Current Practices in Data Analysis for Wood Identification. A
Guide for the Different Timber Tracking Methods; GTTN-European Forest Institute: Joensuu (Finland). 1-
144,

Schmitz N, Beeckman H, Cabezas JA, Cervera MT, Espinoza E, Fernandez-Golfin J, Gasson P, Hermanson
J, Jaime Arteaga M, Koch G, et al (2019) The Timber Tracking Tool Infogram. Overview of Wood
Identification Methods’ Capacity; Global Timber Tracking Network, GTTN Secretariat, European Forest
Institute and Thinen Institute: Joensuu (Finland).

50



ONLINE ISSN 2069-7430 PRO LIGNO Vol. 19 N°1 2023

[SEIL ety www.proligno.ro pp. 41-51

Shugar AN, Drake BL, Kelley G (2021) Rapid identification of wood species using XRF and neural network
machine learning. Sci. Rep. 11(1):1-10.

Silva JL, Bordalo R, Pissarra J, de Palacios P (2022) Computer Vision-Based Wood Identification: A Review.
Forests, 13(12):1-26.

Snel FA, Braga JWB, da Silva D, Wiedenhoeft AC, Costa A, Soares R, Coradin VTR, Pastore TCM (2018)
Potential field-deployable NIRS identification of seven dalbergia species listed by CITES. WoodSci. Technol.
52:1411-1427.

Tazuru S, Sugiyama J (2019) Wood identification of japanese shinto deity statues in matsunoo-taisha shrine
in kyoto by synchrotron X-ray microtomography and conventional microscopy methods. J. Wood Sci. 65(1):
1-7.

Tou JY, Tou P, Lau PY, Tay YH (2007) Computer vision-based wood recognition system. In Proceedings of
the International Workshop on Advanced Image Technology; 2007. Available online:
https://scholar.google.com/scholar?hl=en&as_sdt=0%
2C5&q=Computer+visionbased+wood+recognition+system.+In+Proceedings+of+International+Workshop+o
n+Advanced+ Image+Technology%2C+2007&btnG= (accessed on 27 April 2022).

Turhan K, Serdar B (2013) Support vector machines in wood identification: The case of three salix species
from Turkey. Turk. J. Agric. For. 37:249-256.

UN (2022) Convention on International Trade in Endangered Species of Wild Fauna and Flora. Available
online: https://cites.org/ sites/default/files/eng/disc/CITES-Convention-EN.pdf (accessed on 27 April 2022).

UNDER, UNEP, FAOUN (2022) Preventing, Halting and Reversing the Degradation of Ecosystems
Worldwide. Available online: https://www.decadeonrestoration.org/ (accessed on 27 April 2022).

United Nations, International Consortium on Combating Wildlife Crime (2016) In Best Practice Guide for
Forensic Timber Identification; United Nations Office on Drugs and Crime: New York, NY (USA).

Wagner S, Lagane F, Seguin-Orlando A, Schubert M, Leroy T, Guichoux E, Chancerel E, Bech-Hebelstrup I,
Bernard V, Billard C, et al (2018) High-throughput DNA sequencing of ancient wood. Mol. Ecol. 27:1138-
1154.

Wang H, Zhang G, Qi H (2013) Wood recognition using image texture features. PLoS ONE, 8(10):1-12.

Wheeler EA, LaPasha CA (1987) A microcomputer based system for computer-aided wood identification.
IAWA Bull. 8:347-354.

Wiedenhoeft AC (2020) The XyloPhone: Toward democratizing access to high-quality macroscopic imaging
for wood and other substrates. IAWA J. 41:699-719.

Wu F, Gazo R, Haviarova E, Benes B (2021) Wood identification based on longitudinal section images by
using deep learning. Wood Sci. Technol. 55:553-563.

Zhang M, Zhao GJ, Liu B, He T, Guo J, Jiang X, Yin Y (2019) Wood discrimination analyses of pterocarpus
tinctorius and endangered pterocarpus santalinus using DART-FTICR-MS coupled with multivariate
statistics. IAWA J. 40:58-74.

51



