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Abstract

Due to increasing global trade of timber commodities and illegal logging activities,
wood species listed in the Convention on International Trade in Endangered Spe-
cies of Wild Fauna and Flora (CITES) appendices are facing extinction, and their
international trade has been banned or is under supervision. Reliable and applica-
ble species-level discrimination methods have become urgent to protect global forest
resources and promote the legal trade of timbers. This study aims to discriminate
CITES-listed species from their look-alikes in international trade using quantitative
wood anatomy (QWA) data coupled with machine learning (ML) analysis. Herein,
the QWA data of 14 CITES-listed species and 15 of their look-alike species were
collected from microscope slide collection, and four ML classifiers, J48, Multino-
mial Naive Bayes, Random Forest, and SMO, were used to analyze the QWA data.
The results indicated that ML classifiers exhibited better performance than tradi-
tional wood identification methods. Specifically, Multinomial Naive Bayes outper-
formed other classifiers, and successfully discriminated CITES-listed Pterocarpus
species from their look-alike species with an accuracy of 95.83%. Furthermore, the
discrimination accuracy was affected by the combinations of wood anatomical fea-
tures, and combinations with fewer features included could result in higher accuracy
at the species level. In conclusion, the QWA data coupled with ML analysis could
unlock the potential of wood anatomy to discriminate CITES species from their
look-alikes for forensic applications.
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Introduction

In the last decades, illegal logging and associated trade have become a primary con-
cern globally, as they are a major cause of deforestation, biodiversity loss, and eco-
system imbalance (Brancalion et al. 2018; Richardson and Peres 2016; Young et al.
1996). Globally, it is estimated that 15%-30% of the timbers in the international
trade are illegally harvested, accounting for $51 to $152 billion annually INTER-
POL 2021). The international community has adopted law enforcement measures to
combeat the illegal trade of timbers (Gulbrandsen and Humphreys 2006), emphasiz-
ing the Convention on International Trade in Endangered Species of Wild Fauna
and Flora (CITES), which came into effect on July 1, 1975, to guarantee that wild
animal and plant survival is not threatened by international trade (Goldsmith 1978).
CITES lists species in one of three appendices (I, II, III) based on the degree of
protection needed to regulate their trade. As of the close of the latest Conference
of the Parties (CoP) of CITES, the 18th, held in August 2019, more than 520 tree
species have been listed in CITES appendices, including a number of commercially
important timbers (CITES 2019), for example, Dalbergia, Pterocarpus, Cedrela,
and Swietenia.

Dalbergia is endemic to tropical and subtropical regions of Asia, Africa, and the
Americas, and is commonly used for furniture, musical instruments, handicrafts, and
medicine (Ruffinatto and Crivellaro 2019; Wick 2019). All Dalbergia species were
listed in CITES Appendix II at CoP 17 in 2016, except Dalbergia nigra, which was
previously listed in CITES Appendix 1. Pterocarpus is also distributed in tropical
areas and P. santalinus, P. erinaceus, and P. tinctorius are listed in CITES Appendix
II due to their over-exploitation for furniture, musical instruments, and high-grade
decorative materials (Da Silva et al. 2019; Dumenu 2019). Cedrela has 17 recog-
nized species distributed from Mexico through Central America and into northern
South America (Pennington et al. 2010) and Cedrela spp. growing in the neotrop-
ics were uplisted to CITES Appendix II at CoP18 due to the over-exploitation of
their timbers (CITES 2019). Similarly, three Swietenia species, i.e., S. mahagoni,
S. macrophylla, and S. humilis have been commercially dominant in the neotropical
wood trade for centuries. S. mahagoni is one of the most valuable and traded timber
species globally, though it is largely replaced in the market by S. macrophylla in
modern times as S. mahagoni was largely commercially extirpated (Corneliusa et al.
2004; Rodan et al. 1992). This pattern of shifting from historically valuable to pro-
gressively lesser-known timbers as the abundance of historical timber dwindles is a
driver of the changing needs for wood identification tools to promote the legal and
sustainable trade of timbers and improve compliance with regulations.

Traditional wood identification is a laborious process performed by experi-
enced wood anatomists observing and interpreting macroscopic and microscopic
characters of wood (Wheeler and Baas 1998; Yin et al. 2016), which is time-
consuming and prone to human subjectivity (Wiedenhoeft et al. 2019). Interna-
tional conservation mechanisms like CITES require field-level identification of
potentially illegal shipments, but in many jurisdictions, subsequent enforcement
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decisions depend upon forensic determinations, thus quantitative and conclusive
data are critically needed.

Quantitative wood anatomy (QWA) quantifies wood anatomical features to
address research questions related to plant function, growth, and response to the
environment (Beeckman 2016; He et al. 2021; von Arx et al. 2016). In addition to
these ecophysiological uses, QWA can be used to study subtle anatomical variations
of key characters and by using multivariate statistical analysis to eliminate human
bias in the field of wood identification. Gasson et al. (2010) distinguished Dalbergia
nigra from congeners using QWA, principal components analysis, and Naive Bayes
classification, demonstrating that Naive Bayes combined with specific wood ana-
tomical characters correctly classified all eight D. nigra specimens. He et al. (2020b)
used QWA data and machine learning (ML) models to discriminate between three
Swietenia species, where the overall accuracy of support vector machine (SVM)
reached 91.4%, and in contrast to new wood identification methods such as com-
puter vision and DNA barcoding, QWA can be performed on a traditional laboratory
basis and does not require the investment of new and expensive instruments (Hwang
and Sugiyama 2021; Jiao et al. 2020; Lowe et al. 2016). Although these prior suc-
cesses are encouraging, the effects of QWA features on discrimination accuracy of
CITES-listed species from their look-alikes and the resulting discrimination capac-
ity especially at a relatively larger scale have not been further investigated for foren-
sic application.

In this study, a wider range of CITES-listed commercially important timber spe-
cies and their look-alike species not listed in CITES were targeted and their QWA
data were collected for statistical analysis. The specific aims were as follows: (1) to
determine the feasibility of ML analysis for discriminating CITES species from their
look-alikes at the species level; (2) to explore the effects of wood anatomical fea-
tures on the identification accuracy of four ML classifiers for optimizing anatomi-
cal features selection used for species discrimination; (3) to propose a conclusive
and applicable method for wood identification that requires less expertise in forensic
wood identification.

Materials and methods
Specimens preparation and image collection

Fourteen commercially important CITES-listed species, including six Dalbergia,
three Pterocarpus, three Swietenia, two Cedrela, and fifteen look-alike species
which were often mixed with CITES-listed species in trade, were selected for this
study. A total of 141 specimens representing these 29 species from 13 genera were
collected from the USDA Forest Products Laboratory Wood Collection of Madison
(MADw), the Samuel J. Record Collection (SJRw), and the Wood Collection of the
Chinese Academy of Forestry (CAFw) (Table S1). Transmitted light micrographs
of 4096 pixelsx2160 pixels of two planes of section (transverse and tangential)
of prepared slides were collected with a digital camera mounted on a Leica DFC-
425C microscope. For each specimen, five non-overlapping images were randomly
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captured with a 2.5 X objective for transverse sections and a 5 Xobjective for tan-
gential sections, with a total of ten images collected from each specimen. Consid-
ering that CITES-listed species are often disguised as their look-alikes in the real
world due to similar wood anatomical features (Richter et al. 2014), we divided the
CITES-listed species and their look-alikes into six groups based on the similarity of
wood anatomical features and the possibility of mislabeling in the documents sub-
mitted to the customs departments (Table 1).

Measurement of wood anatomical features

Five quantitative wood anatomical features of vessels and rays were measured, as
described in Table 2. The wood anatomical features were measured using Image J
2.0 (Schindelin et al. 2015). Ten measurements were obtained randomly for each
specimen, and the average value of vessel diameter (VD), ray height (RH), and ray
width (RW) was calculated.

Statistical analysis

Four supervised ML algorithms, i.e., J48, Multinomial Naive Bayes, Random For-
est, and SMO, were deployed in the Waikato Environment for Knowledge Analy-
sis (WEKA) (Hornik et al. 2009). J48 is based on a top-down strategy to classify
the instances sequentially, and it stops computing when all instances have the same
classification criteria (Frank et al. 2009; Smith and Frank 2016). Multinomial Naive
Bayes assumes independence between features among the groups and selects the
optimal category marker based on prior probability and misjudgment loss (Jiang
et al. 2013). Random Forest is a collection of unpruned classification or regres-
sion trees extracted from bootstrap training data specimens, using random character
selection in the tree induction process (Liaw and Wiener 2002). SMO is based on
statistical learning theory to improve the generalization ability of the model by seek-
ing the minimum structured risk so that the model can obtain better statistical laws
with fewer statistical specimens (Keerthi and Gilbert 2002; Shevade et al. 2000). To
ensure that the errors are representative of the entire data set, specimen-level three-
fold cross-validation for each model was used and accuracy is reported as the aver-
age over the three folds (Refaeilzadeh et al. 2009).

The QWA data of all species was input to WEKA, and the accuracy of correct
identification was calculated (Smith and Frank 2016). Additionally, the QWA data
of different combinations of wood anatomical features from six groups were used as
inputs, respectively, and the accuracy of successfully predicted species was output.
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Table 1 CITES-list species and their look-alikes with category used in this study

Cat-  CITES-listed species Look-alike species
egory
Group Pterocarpus erinaceus Pterocarpus  Pterocarpus  Pterocarpus Ptero-
1 dalber- indicus angolensis  carpus
gioides macro-
carpus
Group Pterocarpus santalinus Pterocarpus  Pterocarpus — Ormosia Baikiaea
2 tinctorius soyauxii microphylla  plurijuga
Group Dalbergia cochinchinensis Dalbergia ~Bobgunnia  Platymiscium  Burkea
3 tucurensis Dalbergia sissoo Dal- madagas- pinnatum africana
bergia stevensonii Dalbergia retusa cariensis
Dalbergia latifolia
Group Cedrela odorata Guarea Entandro- Khaya
4 cedrata phragma anthotheca
cylindricum
Group Cedrela fissilis Carapa Carapa pro-
5 guianensis cera
Group Swietenia mahagoni Swietenia macro- Guarea Carapa guia-
6 phylla Swietenia humilis cedrata nensis

Results and discussion

Wood anatomical features and QWA data of CITES-listed species and their
look-alikes

Figure 1 presents the micrographs of three planes of section of CITES-listed species
Pterocarpus erinaceus and its look-alikes, as an example showing the similarity of
these species concerning wood anatomical features. Micrographs of other CITES-
listed species and their look-alikes are presented in Fig. S1-S5 in Supplementary
Information, which illustrates the difficulty in separating these species correctly by
examining the qualitative wood anatomical features.

Table 3 lists the QWA data of selected anatomical features for 29 species. Regard-
ing the Group 1, P. erinaceus had a smaller VD value than the other species and
equivalent VF, RF and RW values with P. macrocarpus. Specifically, in Group 4,
C. odorata showed much lower RF than Guarea cedrata, and lower RH values in
comparison with Entandrophragma cylindricum and Khaya anthotheca. Similarly,
in Group 5, C. fissilis showed much lower VF and RH values than Carapa guian-
ensis and C. procera. In Group 6, three Swietenia species showed much lower RH
values than C. guianensis, and a much higher RW value than G. cedrata. Although
the QWA data of the species from different group exhibited a degree of divergence,
it remains challenging to discriminate CITES-listed species from their look-alikes
without further statistical analysis, especially for those species within one group.
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Table 2 Descriptions of measured and calculated features

Wood Acronym n Description

Anatomical

Feature

Vessel VD 50 Mean tangential diameter of vessels; measured at the widest point of
Diameter the vessel and including the vessel wall over five transverse fields of
(pm) view per specimen

Vessel VF 5 Mean number of vessels per mm?, count the number of vessels in
Frequency 11.27 mm? on five fields of view per transverse section per speci-
(/mm?) men

Ray Width RW 50 Mean width of rays on five tangential fields of view per specimen
(pm)

Ray Height RH 50 Mean height of rays (tails included) on five tangential fields of view
() per specimen

Ray Fre- RF 5 The number of rays crossing a 1 mm straight line on five tangential
quency (/ fields of view per specimen
mm)

The performance of different classifiers based on combinations
of wood anatomical features

Two challenges faced by traditional wood identification methods are that species-
level resolution is rarely achieved, and it takes much time to train an experienced
wood identification expert. The QWA method is more suitable than traditional iden-
tification methods for inexperienced people, who only need to collect quantitative
anatomical data referring to established guidelines using commonly available meas-
urement tools and feed those data into developed models.

Wood is a complex biological structure of many cell types, the structure of a typi-
cal hardwood is composed of fibers, vessels, parenchyma and rays (Wiedenhoeft and
Miller 2005). In this study, we selected five important features in relation to vessels
and rays, which are more easily quantifed than other features like axial parenchyma
patterns. The overall success rate of discrimination of 29 species using four clas-
sifiers is shown in Fig. 2. The highest accuracy is reported by Multinomial Naive
Bayes, though it is relatively dissatisfactory. The four classifiers were used to dis-
criminate the species of each group with 30 combinations of wood anatomical fea-
tures, and the results are presented in Fig. 3. The Multinomial Naive Bayes classi-
fier performed better than the other three classifiers in Groups 1-5. Specifically, in
Group 2, the discrimination accuracy of Multinomial Naive Bayes reached an accu-
racy over 94% in a four-class model. Gasson et al. (2010) also reported that Naive
Bayes classifier could discriminate D. nigra from other Dalbergia species with
QWA data. Random Forest performed the best in Group 6, which is a collection of
different decision trees that are generated based on the initial data randomly selected
from the training set (Chen et al. 2018). The identification accuracy of SMO pre-
sented here is somewhat inferior to the previously reported species-level wood iden-
tification using quantitative anatomical (He et al. 2020b) and genetic data for a range
of organisms including tropical trees (Hartvig et al. 2015; He et al. 2019). Herein,
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we demonstrated that Naive Bayes classifier showed the best performance when dis-
criminating CITES-listed species from their look-alikes using QWA data.

Effects of wood anatomical features on species identification

Gasson et al. (2010) showed that more anatomical features led to better classifica-
tion results in traditional wood identification for Dalbergia nigra. In the context of
QWA, the combination of three or more wood anatomical features generally resulted
in higher accuracy than two or one features, however, the combination with the most
features did not always perform the best. In Group 1, a four-feature combination
(VD, VF, RH, and RW) performed the best (81.82%) when discriminating P. eri-
naceus from its look-alikes, and the highest identification rate was achieved by the
other combination of four features without RF included, as RF of all taxa were simi-
lar, perhaps as a result of the uniform presence of storied rays, which is consistent

Fig. 1 Light micrographs of the woods included in Group 1. X-transverse, T-tangential, and R-radial sec-
tions of Pterocarpus erinaceus (A), Pterocarpus dalbergioides (B), Pterocarpus indicus (C), Pterocar-
pus angolensis (D) and Pterocarpus macrocarpus (E) showing the similarity of the five species concern-
ing wood anatomical features
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with the t-test results in Table 3. In Group 2, three-feature (VD, RH, and RP) and
five-feature combinations achieved the highest identification accuracy (95.83%). The
results of Group 4 indicated that two or more features with VD, RH, or RW included
showed higher accuracy (87.50%) than the others. Interestingly, two- to five-feature
combinations showed equivalent accuracy (94.12%) when classifying the species in
Group 5.

These results indicated that the rule of “the more features, the higher the accu-
racy” in traditional wood identification is not always applicable to wood identifica-
tion using QWA data, but of course this depends on the type of QWA features for
measurement and analysis. We assume that the QWA data of some wood anatomi-
cal features are frequently correlated (Piermattei et al. 2020), and the correlations
between wood anatomical data call for future analysis, especially given that some
of the methods employed in this study (e.g., Multinomial Naive Bayes classifier)
explicitly assume independence between characters. It is noteworthy that the data
of only five wood anatomical features were collected in this study. When the QWA
data of more features from a large number of microscope slides are collected and
the QWA dataset is scaled up, it is possible that combining fewer features yields
equal or higher accuracy with significant time- and labor-saving for wood identifica-
tion using QWA data, although those combinations of the most effective features are
likely to differ as the class composition for the models changes.

1.00

0.75 q

0.66 0.65
0.48
0.50 A
0.32
0.00

J48 Multinomial Naive Bayes Random Forest SMO

Discrimination Accuracy

Classifers

Fig.2 Discrimination accuracy of four classifiers when seperating 29 species based on five features
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Discrimination of CITES-listed species from their look-alikes

Figure 4 shows the confusion matrices reporting the highest performing supervised
classifiers for the six groups. The predicted species are in the columns, the true spe-
cies are on the left, and the correct predictions are on the diagonal. All specimens of
P. tinctorius, D. stevensonii, D. retusa, C. odorata, and C. fissilis are discriminated
from their look-alikes by Multinomial Naive Bayes, and all S. mahagoni specimens
could be successfully classified using Random Forest. In Group 1, 33% (n=3) of
the specimens from P. erinaceus were misidentified as P. macrocarpus. In Group
2, although 25% of the specimens (n=4) of P. santalinus were misidentified as P.
soyauxii, the other species were correctly predicted. In Group 3-5, all CITES-listed
species were successfully identified from similar species that were non-CITES.
Moreover, in Group 4, C. odorata and G. cedrata are all correctly classified, how-
ever, Khaya anthotheca and Entandrophragma cylindricum were mispredicted as
each other. In Group 6, S. mahagoni could be discriminated from their look-alikes.
He et al. (2020b) used QWA data coupled with ML analysis to discriminate three
Swietenia species, specifically, between S. mahagoni and S. macrophylla. How-
ever, these three species are all CITES-listed species, and discrimination between
them using QWA data did not provide a relevant evidence for combating illegal
trade of CITES-listed species, but for cultural, commercial, and scientific interests.
As within-genus intra-specific variation is typically as large as inter-specific varia-
tion, species-level resolution is usually impossible in traditional wood identification.
Generally speaking, genus-level identification is achieved by experienced anatomists
(Gasson et al. 2011), but this can be affected by subjective factors. If QWA data
could be collected accurately and efficiently and fed into ML models for species

100f Group 1 Group 4

B

Discrimination Accuracy

10f Group 3 Group 6

‘‘‘‘‘ | Rasdomiorest - SHO © 48 A NaveBayestiutnomial 8 Randomlorsst - SO

oy < FITSEISISE SSSSES, e RS

SESESESSSESS 0 SIS @§4«$&*@§@ 'i* ssa
FEELTES S éé“é°€ﬁ°‘4 4«3@‘5** &
LT & 3&’@,3_@:&4«'

Combinations of wood anatomical features

Fig.3 Accuracy of the best-performing classifiers to discriminate CITES-listed species from their look-
alikes using different combinations of wood anatomical features for Group 1-6. VD:Vessel Diameter;
VF: Vessel Frequency; RW: Ray Width; RH:Ray Height; RF: Ray Frequency
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identification, it has the potential to reduce human subjectivity in the species deci-
sion-making stage of wood identification.

When discriminating CITES-listed Dalbergia species from their look-alikes, the
best-performing ML classifier exhibited the accuracy of 90.56%, performing much
better than experienced wood anatomists (He et al. 2020a). The six Dalbergia spe-
cies selected are commercially important in international trade and are often misla-
beled as non-CITES species in documents submitted to customs officials (Saunders
and Reeve 2014). The Multinomial Naive Bayes classifier achieved the highest accu-
racy (95.83%) when separating CITES-listed P. santalinus and P. tinctorius from
their look-alikes. These results demonstrate that QWA data can be used to discrimi-
nate CITES-listed species from look-alikes within this group with quantitative evi-
dence at a high certainty, providing a laboratory-based forensically relevant method.

Applicability of QWA for forensic wood identification

Traditional wood identification methods typically only reach genus-level identification
and require wood anatomists with decades of experience, who are nonetheless prone
to inevitable subjectivity. Moreover, the scarcity of these professionals remains a chal-
lenge in large-scale scenarios such as the battle against illegal logging and associated
trade (Johnson and Laestadius 2011; Wiedenhoeft et al. 2019). Compared with tradi-
tional methods, the QWA data in this study is measured from only two sections (trans-
verse and tangential) without the need to make slides from all three sections of wood,
which increases the efficiency and reduces the necessary training for human-mediated
data collection.

The QWA data of commercially important CITES-listed species in this study were
collected from scientific wood collections, which serve as potential repositories of
reference data for forensic wood identification. At present, there are more than 180
scientific xylaria in the world, housing a total of more than 1.5 million wood speci-
mens and a large number of microscope slides (IAWA 2016; ITTO 2016). The use of
QWA data for forensic wood identification helps to showcase the tremendous value
of wood slides “sleeping” in wood collections around the world. The digitization of
microscope slides shows the potential to provide valuable QWA data for statistical
analysis (Wheeler 2011), but only if the spatial scale and specimen metadata regard-
ing vouchers, geographic origin, etc. are available to validate the images. With the
development of artificial intelligence, ML approaches are widely used in classification
tasks (Arganda-Carreras et al. 2017; Frank et al. 2009; Sebastiani 2002), including
wood identification (He et al. 2019, 2020a, 2020b; Ravindran et al. 2018, 2020). Some
field-deployable applications based on macroscopic images have been developed to
discriminate CITES-listed species, such as XyloTron (Ravindran et al. 2018, 2019,
2021). However, microscopic images contain more abundant and detailed structural
features information than macroscopic images, making QWA + ML approaches in the
laboratory more promising for species-level wood identification based on wood ana-
tomical features. QWA data could enhance such efforts by measuring wood cell geo-
metric characters and subjecting them to ML models for species classification. Not
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Fig.4 Confusion matrices generated by the best-performing classification predictions of the best classi-
fiers. A - E: Multinomial Naive Bayes; F : Random Forest. Species in blue text are CITES-listed

surprisingly, compared to becoming an expert in traditional wood identification, it is
easier to measure selected QWA characters following standard wood anatomical pro-
tocols and to input the QWA data to user-friendly software, though learning to prepare
specimens and collect such data is not a trivial matter. The greatest advantage of QWA
approaches for forensic wood identification is that the analysis and classification are
done non-subjectively by the ML algorithm rather than by a human.

Conclusion

Wood identification is usually achieved by traditional methods requiring qualitative
wood anatomy and is prone to subjectivity. This study used QWA data to discriminate
CITES-listed species from their look-alikes through ML analysis. The results demon-
strated that QWA data coupled with ML analysis is superior to traditional wood iden-
tification methods at the species level when discriminating CITES-listed species from
their look-alikes. We also concluded that the types and combinations of wood anatom-
ical features had effects on discrimination accuracy when using QWA data for wood
identification. This study demonstrated the feasibility of QWA data coupled with ML
analysis to discriminate CITES-listed species from their look-alikes for forensic wood
identification, thus providing a practical tool for wood anatomy laboratories world-
wide to assist in efforts to combat illegal logging and associated trade.
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