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Summary — In an age of increasing surveillance and control of markets and trade flows, new methods for species identification
of commercial timbers and other woody plant products are needed. Traditional plant anatomy has generated a vast body of
knowledge on taxonomical identification. In highly processed and mixed materials such as charcoal, fibreboard board and paper,
where DNA and chemotaxonomic composition is regularly destroyed or altered, the anatomical structure is often still intact.
Comprehensive studies in the field of state-of-the-art uCT analysis have shown that the use of sub-micrometre CT scanning
technology can be very suitable for wood identification and other structural investigations. The current state of CT technology
(resolution, working speed, feasibility) opens up various options for use in combination with other relevant key technologies,
in particular machine learning and other forms of digitisation in the context of wood research. Thus, the primary objective of
this methodologically oriented study is to design and implement, for the first time, an automated and modular classification
pipeline that integrates machine learning with volumetric high-resolution sub-uCT imaging for wood identification. To evaluate
this approach, we conducted initial experiments using a simplified basal case, applying the method to sub-uCT scans of softwood
(Pinus sylvestris) and hardwood (Acer pseudoplatanus).

Keywords — CT wood imaging, EUDR, machine learning, neural network, timber trade, wood classification, wood anatomy.

Introduction

The latest developments and research in the field of digital image processing and analysis, and machine learning
in the form of deep learning, open up new research opportunities and applications for wood identification based
on structural wood anatomy. Traditional wood anatomy, against other methods like genetic testing, isotope analysis
or mass spectroscopy, has retained a major position in the field of wood identification (Beeckman et al. 2020). It is
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a rapid, cost-effective and widely applied method and will continue to be used alongside other wood identification
methods. Wood anatomy is highly significant for the strict implementation of the laws governing the timber trade in
the context of CITES, EUDR and FLEGT (Koch & Haag 2015; Helmling et al. 2016, 2018; Haag et al. 2018, 2020; Zahnen et
al. 2020; Lewandrowski et al. 2022), the enforcement of which is impeded by insufficient capacities for forensic timber
identification (Dormontt et al. 2015). In some cases, it is the only viable option when other methods are not applicable
due to process-related changes in the wood (chemical modification, destruction of DNA). Various teams worldwide
are currently engaged in transferring traditional wood anatomy into the digital age in new fields of application. The
main focus here is currently the automation of wood identification by interpreting it as a computer vision problem
and solving it algorithmically. Mostly, the algorithm class of deep neural networks is considered to solve the problem
due to their recent breakthrough performance (Krizhevsky et al. 2012; He et al. 2015; Bello et al. 2021; Dosovitskiy et al.
2021; Sarker 2021) on many tasks, including wood science (Lens et al. 2020; Hwang & Sugiyama 2021; Silva et al. 2022).
Rapid and cost-efficient automated systems are expected to complement traditional means of wood identification
methods. The first machine vision-based wood identification systems were concerned primarily with the analysis of
macroscopic transverse sections of commercial timbers. Subsequent development of these techniques also enables
the usage of micrograph data from well-established microscopy. This allows a more detailed differentiation of cellular
features, although thus far limited to those found in the cross-sections (Hermanson & Wiedenhoeft, 2011; Ravindran
etal.,2018; He et al., 2020; Hwang & Sugiyama, 2021; Koch et al,, 2021). In general, the advances in computing hardware
make the inclusion of data in computer vision problems with increasing resolution and dimensionality feasible.

Parallel to the development in digitisation and the use of artificial intelligence in the field of wood research, there
has also been substantial technical progress in computed tomography (CT). This technique, as a nondestructive
imaging methodology (Withers et al. 2021), is well-suited to generate data for subsequent computer vision-based
processing with the aim of automated wood identification. For over a decade, CT has been successfully used both
macroscopically and microscopically in the field of wood identification and dendrochronology (Bird et al. 2008;
Grabner et al. 2009; Van Den Bulcke et al. 2009; Haneca et al. 2012; Hubau et al. 2013; Haag et al. 2018). Recent
studies in the micro- (uCT) and nano-resolution range on the sub-cellular level are also increasingly being reported
(Hwang et al. 2020; Koddenberg et al. 2021; Patera et al. 2021; Duncan et al. 2022). The investigations show that uCT-
based analyses have long since attained the status of an established state-of-the-art technology in the field of wood
identification and are regularly applied (Haag et al. 2022). Although there are ample reports about ongoing wood
scientific research with either CT or computer vision in the literature, the combination of volumetric state-of-the-art
KCT with computer vision in the form of deep neural networks is not widely reported. Current approaches use either
the CT data acquisition method in isolation (Kobayashi et al. 2019; Gejdos et al. 2023; Stelzner et al. 2023; Dierickx
et al. 2024) for wood scientific purposes, focus on macroscopic planar slices (Vacek et al. 2024) or use deep learning
methods on macroscopic or microscopic planar light images of wood samples (He et al. 2020; Fabijaniska et al. 2021;
Kirbas & Cifci 2022; Silva et al. 2022; Bello 2023) without the usage of volumetric CT.

Thus, volumetric sub-pCT in conjunction with automated computer vision-based wood identification using deep
neural networks remains an underreported combination approach with considerable benefits for wood science and
downstream timber industrial applications. Thus, the present study aims to methodologically describe a modular
end-to-end pipeline encompassing machine learning in the form of deep neural networks (DNN) and volumetric
high-resolution sub-uCT technology for the field of wood identification, and to carry out preliminary evaluations
with specifically recorded softwood and hardwood data. Based on the technical developments in the CT space and
the machine learning space, we expect large benefits via precise and rapid wood identification by combining said
technologies. Distinct softwood (Pinus sylvestris) and hardwood (Acer pseudoplatanus) species were selected as the
basis for the proof-of-concept study. Thus, the following three points can be highlighted as the key contributions of
this study.

First, we described and evaluated a technical framework encompassing an automated pipeline for processing and
classifying volumetric, high-resolution uCT scans of wood samples. The deep learning core model was based on a
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modular residual network. Further, we compared derived dimensionality-wise formulations of said pipeline that
match traditional planar 2D (micrograph-like) and pseudo-volumetric triaxial 2.5D (multi-cross-section-like) to the
full volumetric 3D formulation.

We further tested the pipeline’s robustness end-to-end with six informative data transformation protocols. Each
protocol entailed the computation of in-silico image corruptions with increasing magnitude to gain insights about
a possible failure mode regime with respect to input data alterations. Knowledge about the breakdown of the deep
learning classifier due to noise and imaging defects is paramount for possible downstream real-world applications.

Lastly, we provide the purpose-built Python and PyTorch-based implementation of the model, pipeline and
evaluation tooling as a documented open-source package. This enables the reproduction and verification of the
experiments detailed in this work. The software package may expedite the realisation of subsequent machine
intelligence-based wood classification projects. Main merits of the code infrastructure are an adaptable structure
with built-in facilities for 2D, 2.5D and 3D data, as well as the human-readable text-file and command-line interface-
based configuration of all training, inference, and robustness experiments. This may help non-deep learning
experts in performing machine vision experiments using local in-house data with hyperparameter exploration and
comprehensive robustness testing, since machine learning and deep learning pipelines are powerful tools that can
be difficult to set up and configure (Talaei Khoei et al. 2023).

In summary, this study was conducted with the specific objective of enhancing the potential of uCT technology
and deep neural network programming in the field of (forensic) wood identification.

Materials and methods

MATERIAL, SAMPLE AND [J.CT DATASET DESCRIPTION

For the present study, sycamore maple (Acer pseudoplatanus) and Scots pine (Pinus sylvestris) were selected. The
criteria for selecting these timbers were to have timbers with a homogeneous, yet diverse cellular structure while
possessing characteristic features for reliable identification at the generic level. The distinct structure of the wood
species was deliberately chosen to describe and implement a clear baseline for this conceptual proof-of-principle
investigation. The samples of Pinus sylvestris and Acer pseudoplatanus were collected from vouchered reference
material from a single tree instance of the respective species of the scientific wood collection (RBHw) of the Thiinen
Institute of Wood Research in Hamburg. The X-ray images in this study were taken with the Click-CT (Zabler et al.
2020), a sub-micrometre CT scanner developed at the Fraunhofer Development Center for X-ray Technology. The
Click-CT delivers high image quality and resolution, particularly for organic structures, as it operates at low X-ray
energies and is “detector-based’, meaning it achieves a very high resolution due to small detector pixels. The detector
consists of an optical microscope that photographs a scintillator plate, which converts the X-ray photons into visible
light. The photons are generated by a micro-focal X-ray source. The sample is positioned close to the detector screen
and far away from the focal spot to minimize blur, as the effect of the focal spot on resolution is determined by its
projected size along the ray path through the sample. The samples were manually cut and split into rectangular bars
with a width of approximately 3 mm and a length of 1 cm. The bars were attached upright to a small sample holder
with hot glue. Similar to light microscopy, the possible image resolution is determined by the choice of the objective
lens. Click-CT offers the possibility to choose between three resolution levels (4x, 10x, 20x), which lead to different
pixel sizes on the detector.

The measurements in this study were performed at 10x magnification with a detector pixel size of 650 nm and,
due to the geometric magnification, a resulting raw voxel size of 482 nm. Two different settings were used for the scan
duration. The exposure time for two of the data sets used (one Acer pseudoplatanus, one Pinus sylvestris) was 10 hours
and comprised 1800 double-averaged projections, each with an exposure time of 10 seconds. For the remaining data
sets, the exposure time was reduced to 2 hours. Here, 1500 projections were recorded with an exposure time of 5's.
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The X-ray anode voltage was 40 kV, and the emission current was 200 pA for all scans. The scans were performed as
region-of-interest (ROI) scans covering a raw volume of 2300 x 2300 x 1900 volume picture elements (voxels) with a
physical size of 1.1 mm x 1.1 mm x 0.9 mm inside the bars.

The balanced data set consisted of 20 separate samples with 10 instances belonging to the Pinus sylvestris class and
10 instances belonging to the Acer pseudoplatanus class. The sample mounting inside the scanner device resulted in
differing intra-class orientations. For the Pinus sylvestris class, six instances belonged to the transversal orientation
group and four instances belonged to the axial-like orientation group. For the Acer pseudoplatanus class, six instances
appertained to the transversal orientation group and four instances appertained to the axial-transversal group. We
explicitly recorded the volumetric datasets with the specified orientations to obtain raw data with canonical cross-
section orientations, in turn enabling us to conduct group-wise skill transfer experiments. For this, we refer to the
section on dataset splitting in the context of cross-validation and the results concerning the model skill transfer. In
Figure 1, representative image slices of both classes from the recorded Click-CT image data are displayed. The colour-
coding in the figure is based on the basal CT image contrast. This method involves irradiating the sample with X-rays,
which pass through it and are captured by a planar detector on the other side. Using a rotating mechanism, multiple
X-ray irradiation measurements are taken. With the help of a tomographic reconstruction algorithm (Willemink &
Noél 2019), cross-sectional slice images can be computed from the raw data. Inside the object, the X-rays pass through
structures, tissues or materials with different characteristics. These characteristics influence the X-ray attenuation
coefficient pmaterial. In the samples utilised in this study, structures may correspond to typical wood microstructure
elements like cell walls, resin canals and vessels. Using the computed tomography technique, the scanner-adjacent
computer reconstructs a volumetric spatial map of voxel intensities I (x, ¥, z) that in turn are a function £ of the
attenuation coefficient y: / (x, ¥, z) = h(u(x,y,2)). In planar or volumetric visualisations of the CT image data,
it is this mapping of attenuation coefficient data that is encoded in the pixel- or voxel-wise image intensity values
(Withers et al. 2021). In typical visualisation schemes, low attenuation values like air appear darker, while high
attenuation values from dense regions or materials appear brighter. However, many mappings of intensity values to
colour and brightness are possible. In Figure 1, lighter yellow pixels encode a higher attenuation while darker violet
pixels encode a lower attenuation. The visual appearance, i.e. the relative contrast of a slice image or volumetric
rendering can be adjusted by a process called windowing. Here, the range of values displayed is adjusted to improve
the visibility of desired structures. The window width sets the range of attenuation values that are displayed between
the extreme edge values. The window level setting centres the colour-scale mapping around the indicated value. The
joint tuning of these parameters enables the highlighting of specific structures or materials. Interactively modifiable
examples thereof can be retrieved in the supplementary showcase repository. Visualisations of the voxel intensity
value distributions of the recorded datasets can be inspected in Figure 1 in the supplementary material. Another
visualisation of a line profile of (x, y=y,2= 2) for a sample dataset region-of-interest is provided in supplementary
Figure 2. Moreover, the CT image data can be compared to stained sections of the two wood species in Figure 2. From
the comparison of Figure 1 and Figure 2 it is evident that substantial wood species anatomy (rays, vessels and further
cell structures) is well-represented in the CT image data. The main differences between the selected timbers are that
sycamore maple is a hardwood with a more complex structure due to the larger number of different cell types (vessels
and different axial parenchyma types), while Scots pine is a softwood consisting of up to 95 % tracheids. Sycamore
maple (Figure 2A,B) is diffuse-porous with some vessel multiples, commonly in short (2—3 vessels) radial rows. The
vessels are fairly small (diameter 44—-65-80 um; Richter & Dallwitz 2015) and relatively evenly distributed within a
growth ring. In addition to the presence (sycamore maple) vs. absence (Scots pine) of vessels, the two timbers can
be reliably differentiated based on the nature of the rays alone. Contrary to the low and mostly uniseriate rays of
pine, most rays of maple are multiseriate, and the large rays are usually over 500 pm (up to 1000 um) high. As a
special characteristic of maple, the vessels feature helical thickenings throughout the body of both narrow and wide
elements (Fig. 2B).
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Fig. 1. Region-of-interest sub-p-CT based illustration of the basal wood species Acer pseudoplatanus (left) and Pinus sylvestris
(right) used for the experiments. Scale bars = 100 pm. Inset axes show magnified subregions for better detail assessment.

Special cellular features of Scots pine are the presence of intercellular (resin) canals in radial (Fig. 2D) and axial
directions (Fig. 2E), and the characteristic window-like cross-field pitting between ray cells and tracheids (Fig. 2C).
The latter are typical for the genus Pinus (subsection Pinus) and are useful to distinguish species of this subsection
from those of other subsections and also from other genera within the family Pinaceae.

SOFTWARE FOR DEEP LEARNING MODEL AND DATA PIPELINE

For the classification of the wood samples, we implemented a purpose-built data processing pipeline and deep
learning package as open-source software with Python, using PyTorch (Paszke et al. 2019) with other libraries of the
scientific Python ecosystem (Pedregosa et al. 2011; Harris et al. 2020; Cardoso et al. 2022). At its core, the package
provides functionality for automated loading and processing of volumetric 3D and planar scan data as well as
infrastructure code for the training and extensive test-time evaluation of wood species classification models. For
reproducibility and as an added benefit for the community to use and extend, we release the code as an installable,
documented Python package in the openly accessible online repository woodnet as part of the study. We intend
to support the project concerning possible feature requests from the community. The adaptable structure of the
code allows potential users to load local in-house data and perform experiments using the tiling processing module
with full FOV or smaller tiles. The package architecture is not restricted to the processing of volumetric CT scans —
data originating from macroscopic images, micrographs, multiple cross-sections and other single-or multi-channel
sources can be handled in principle. The package may be used as a library with the publicly hosted application
programming interface (API) documentation or as a stand-alone application. Training, inference, and robustness
experiments can be configured deeply via human-readable text-based configuration files and conducted with a
command-line interface. Also, the built-in tooling for cross-validation, model ensemble recording during training
experiments and robustness evaluation with subsequent aggregation of sizable result data is a potential use of the
package. Especially, model ensembles and robustness testing in the context of uncertainty quantification in machine
learning (Hiillermeier & Waegeman 2021) are further applications supported by the package. With the triad of open-
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Fig. 2. Acer pseudoplatanus: A. Transverse section with rays (R) and Vessels (V) stained with toluidine blue; B. Tangential section
with rays (R), Vessels (V) and vessel with helical thickenings (arrow in blow up) stained with safranin; Pinus sylvestris: C. Radial
section with rays (R) and pinoid window-like cross-field pitting (cfp) in box stained with safranin and astra blue; D. Tangential
section with uniseriate rays (R) and ray with radial intercellular (resin) canal (ric) stained with safranin and astra blue; E.
Transverse section with phloem (Ph), cambium (C), tracheid ground tissue (Tr) and axial intercellular canal (aic) stained with
safranin and astra blue. Scale bars =100 um for A, C, D and 200 um for B and E.

source package, documentation and conceptual showcase applications demonstrated in the repository woodnet-
showcase with its supplemental data (Stebani et al. 2024), we hope to achieve two outcomes. Firstly, the establishment
of advanced sub-u-CT imaging as a method in machine learning-supported wood forensics and wood anatomical
studies. And secondly, to encourage more research groups to experiment with machine vision and thus embark on
the mission to generate a large-scale consensus data corpus.
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DEEP NEURAL NETWORK DESCRIPTION

The primary aim of this proof-of-concept study with methodological emphasis was the implementation of
a purpose-built deep learning classification pipeline and corresponding evaluation with a conceptual binary
classification problem consisting of sub-uCT scans of hardwood and softwood samples. For this, we implemented the
modular ResNet architecture (RESidual NETwork) (He et al. 2016) as the deep learning backbone. ResNets belong to
the larger class of convolutional neural networks (CNN) that were specifically designed for computer vision problems,
such as image or CT scan classification. CNN are particularly effective for vision-based classification due to their
ability to leverage spatial hierarchies through the convolution operation. The convolution operation, as the core
building block of a CNN, applies a set of learnable filters (kernels) to the input data. The filters slide (convolve)
across the input data and compute feature maps consisting of salient patterns like edges, textures, other geometry
in earlier layers, and higher-level concepts in later layers. The feature maps result from the structured multiplication
and summation of the learnable filter weights and the local regions of the input. The CNN itself can be written as a
function composition, mapping from input images or volumes to class labels. Their strength in vision-related tasks
lies in the ability to adaptively learn salient patterns from input data, making them a hierarchical feature detector and
classifier. As demonstrated by equation (1), a generic /-layer neural network can be described as a composite function
consisting of convolutional or fully connected blocks with learnable weight parameters (functions a‘) and activation
functions o operating on the input pattern x.

NN (x) =clodl od0a™ o0 00 0a® o 0d'(x) (1)

For the ResNet, further elements like pooling, residual connections and normalisation layers enter the architecture.
Using the ResNet-CNN backbone, we compared the implementations of the dimension-differing 2D planar, 2.5D
triaxial and 3D volumetric approaches with respect to the classification performance and robustness against input
data corruption. For the 2D formulation, a basic single-channel variant operating on an image slice was used. For
the 2.5D triaxial formulation, a 2D-analogous variant with three input channels was used. Orthogonal planes were
concatenated along the third channel-wise dimension for this variant. A fully volumetric variant with 3D convolutions
was employed for the 3D task. A sketch of a single residual block module of the network (left) and a full network
overview (right) is provided in Fig. 3. The first convolution operation utilised a larger (7 x 7(x 7)) convolution kernel
with an isotropic stride of 2. The stride denoted the step size with which the convolution kernel traverses the input
data. The feature map output of this first layer was fixed to 64. A dimensionality-reducing maximum pooling layer
was placed between the first convolutional layer and the other model blocks. The pooling operation reduced the
computational load and the number of parameters and makes the model invariant to small translations of the
input. Further model blocks consisted of the twice-repeated application of the convolution operation, normalisation
operation and nonlinear activation. This twice-repeated CONV -~ NORM - NONLIN section was accompanied by the
ResNet-typical bypassing skip connection (Fig. 3, left). The kernel size of the intra-block convolutions was fixed to
(3 x 3) for the 2D and 2.5D formulation and (3 x 3 x 3) for the 3D case. The convolutional section of the models
operated with a fixed cascade of increasing feature map counts defined by the sequence (64, 128, 256, 512). The
normalisation operation was performed by batch normalisation layers (Ioffe & Szegedy 2015). The rectified linear
unit (ReLU) (Fukushima 1969) was chosen as the nonlinear activation function inside the network (symbolized by
¢ in equation (1)). The convolutional part of the network was followed by a fully connected (FC) classification layer
of the dimensionality (512, N.). Here, N, denotes the number of output classes. For the binary classification of the
wood species Pinus and Acer, N, = 1 was used. Compatibility between the final convolutional layer and the FC layer
irrespective of the input data spatial size was ensured by an adaptive average pooling layer. The raw outputs of the
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Fig. 3. Sketch of the deep neural network architecture with the principal component (residual network block) on the left side and
full classifier network with the convolutional encode cascade and the fully connected classification head (FC) on the right. For the
planar and triaxial experiments, convolution operations with dimensionality D = 2 were used, while the volumetric experiments
used D =3.

FC layer were processed with the final nonlinear function. For the binary Acer-Pinus classification task, the logistic
function described in equation (2) was used.

1

f(2) = (2)

All the architectural choices, functions and parameters listed above can be extracted and possibly adapted using
the model definition files in the open-source Python package released as part of this work.

1+e2

DATA PREPROCESSING

The basal raw data was down-sampled to double the voxel edge length along all axes, effectively yielding datasets of
dimensionality (1150 x 1150 x 9oo) voxels with voxel edge lengths of 964 nm. This approach is equivalent to software
binning (Friedrichsdorf et al. 2019) and was primarily implemented to alleviate the computational and memory
demands associated with large volumetric data inputs. We observed that the software-binned data retained sufficient
microstructure details with increased global contextual details related to wood anatomical structures. Additionally,
the down-sampling process mitigates the intrinsic noise present in uCT images and improves the signal-to-noise ratio
(Irie et al. 2022). The experiments were conducted using patches or chunks extracted from the dataset instances. The
deep learning model operated on square planar image patches (2D case, size s x s), three square orthogonal patches
concatenated along the channel dimension (2.5D case, size 3 xs x s) from a chunk or directly on cuboid subvolume
chunks (3D case, size s x s x s) for training and prediction purposes. Every formulation was also trained and evaluated
with varying edge length of the cuboid patches/chunks. We experimented with the sizes s € {64, 128, 256} voxels.
An illustrative rendering of the patches or sub-volume chunk faces in relation to the full scan volume is given in Fig.
4A. For the 2D case, data elements (image patches) were sampled from equidistant z planes separated by the user-
set Zgpacing parameter along the symmetry axis. In plane, the patches were generated according to a pre-computed
pattern that maximized the patch count yield per z plane (Fig.4B). Subvolume chunks were created from the in-
plane patch patterns by extension along the z axis. For the 2.5D case, data elements (three orthogonal planes) were
sampled from subvolume chunks. The sampling density inside a chunk was adjusted via a plane stride parameter
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Fig. 4. lllustration of the patch or subvolume extraction scheme. A. Rendering of 64 (red), 128 (green) and 256 (blue) voxel patch
faces in relation to the full cylindrical CT scan volume. B. Display of the in-plane patch sampling and equidistant planes for the
2D approach. C. Display of the orthogonal planes sampling from a subvolume chunk for the triaxial 2.5D approach. Multiple
combinations of orthogonal planes separated by the plane stride parameter were extracted and concatenated along the new
channel dimension prior to insertion into the model.

(Fig. 4C). Concatenation of the three patches along the channel dimension then produced a single 2.5D input data
element. For the 3D case, simply full subvolume chunks were extracted according to the pattern. Depending on actual
values for zspacingand plane stride parameters, this extraction pattern yielded total dataset element counts of 720
(3D formulation with largest s) to over 3 x 105 (2D formulation with minimal s). We adopted global voxel intensity
normalization as the primary static data preprocessing scheme. For this, the voxel-wise radiodensity measurements
were rescaled according to equation (3) to achieve an approximate Gaussian distribution with zero mean and unit
standard deviation.

- V=)
Vi =
g ()
In the above equation, the voxel value v; is rescaled by subtraction of the mean voxel value (v) and division by the

overall voxel value standard deviation o(v). The values for (v) and o(v) were computed from the respective training
dataset.

(3)

Dataset splitting for cross-validation

Dataset splitting into training and validation data is a necessary preliminary step in a deep learning experiment.
As detailed in the following paragraph about the training procedure, training data is utilised to fit the deep learning
model, while the validation data is used to evaluate the model. The cross-validation (CV) technique was employed
to obtain a robust estimate of the automated pipeline and model classification capabilities (Hastie et al. 2001). In
the basal setting, stratified k-fold cross validation was utilized such that approximately the same percentage of both
target classes (i.e., Pinus and Acer) were present in both the training and validation sets. Here, a fold within the k-fold
cross-validation procedure is understood as the technical term for a partitioning of the dataset into complementary
subsets (Wong, 2015). Each complementary partitioning (fold) was generated by random sampling of the sample
scan data. Data elements (e.g. image patches, concatenated orthogonal patches or subvolume chunks) of a single
scan sample were always kept in the same fold, i.e. our partitioning and fold-generating algorithm operated on the
scan-level. This was done to avoid data leakage. Another safety measure against data leakage was an automated
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check of unique dataset identifiers in the configuration of the training experiment to avoid accidental overlaps of
training and validation sets. In the basic setup, Nolq = 3 cross-validation for binary classification of Pinus sylvestris
and Acer pseudoplatanus was used. Using the CV strategy, we report the model performance as the average of the
three folds together with the standard deviation as a measure of variation. To estimate optimistic bias effects due
to the implicit model selection effect in our CV strategy, we additionally performed training experiments for all
pipeline formulations in a single-fold setting with two scan dataset instances as fully independent test set. In addition
to the standard stratified k-folds strategy, experiments with Nglg = 2 cross-validation with stratification across
the orientation groups (axial-like and transversal, due to the sample mounting) were conducted. Experiments with
these splits were performed to assess the transfer of model skill across the two orientation groups. In this setting,
the training was only conducted with all axial-like oriented datasets in fold 1 (yielding a training set size of eight
instances), while the validation set was comprised of all datasets of the transversal orientation group (validation set
size of 12). For fold 2, the training and validation data corpus were switched entirely to assess the inverse transfer
capabilities.

TRAINING PROCEDURE

The internal weight parameters of the model were learned by iterative minimisation of the loss function with an
optimisation algorithm. We used mini-batched stochastic gradient descent (Nesterov 1983; Robbins & Monro 1951)
and regularised AdamW (Loshchilov & Hutter 2019) for this purpose. The methods rely on the iterative updating of
the internal weight parameters in the direction of the negative gradient of the loss function. The iterative step size
was controlled via the user set learning rate . The loss function was categorical cross-entropy, used in the special
binary variant for the corresponding classification task. The class-wise scores produced by the model through the
final nonlinearity specified in equation (2) were used to compute the cross-entropy loss value. The cross-entropy loss
is given by equation (3).

C
CE(z ) =- Y t;-log([f (2], (4)

(=1

Here, z denotes the score vector output by the final classification FC layer (Fig. 3 right), f the logistic function
from equation (2) and ¢ the target ground-truth vector in binary encoding for the positive and negative class. The
qualifier “mini-batched” denotes the method of approximating the loss gradient using a randomly sampled subset
(i.e. a mini-batch) of the dataset. The batch size b5 was variably adjusted to computer hardware memory constraints
for the 2D, 2.5D and 3D experiments. Specifically for the volumetric 3D approach, small batch sizes close to fully
stochastic gradient descent b; < 2 were observed to lead to less stable training with intermittent oscillations in
validation set performance measures. This undesirable behaviour could be mitigated partly by gradient clipping
during training and learning rate scheduling. Scheduling was applied by warming up the numerical value for the
learning rate v to the global plateau value of ymax = 1 x 1078 and annealing it again for the final part of the training
iterations. However, larger batch sizes b > 8 were observed to be effective as well. We did not conduct systematic
hyperparameter optimisation with Bayesian optimisation or (grid) search methods. To generally reduce the memory
footprint of both data and model weights and to expedite the training experiment process, an optimised mixed-
precision implementation (Micikevicius et al. 2018) of the training and inference code was employed. The model was
trained on a workstation with an AMD Epyc 7452 32-core CPU and an nVidia Ampere A100 40 GB GPU. Evaluations
were done partly on a second workstation with an AMD Ryzen 7 3700X CPU and an nVidia RTX 2080Ti 1 GB GPU.
The software stack was run on the Debian 10 “buster” distribution for the first workstation and Windows 10 for the
second workstation. We used Python version 3.1 and PyTorch version 2.0.1.

To reduce overfitting and improve model performance on possibly distorted data samples, we synthetically
increased the amount of training data via a data augmentation scheme. The protocol incorporated rotations, artificial
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Gaussian and Poisson noise corruption and Gaussian blurring. The augmentations were performed on the data
element level, e.g. individually for each 2D patch, 2.5D triaxial concatenation and 3D subvolume chunk. Each model
training run was allocated a fixed budget of parameter update iterations Njter, max and epochs Nepoch, max- An epoch
denotes the full pass-through of all distinct data elements in the training dataset. The training procedure was stopped
whenever the first of the two constraints was reached. Every 500-th parameter update iteration was deemed a log
iteration where the diagnostic information values loss function, training performance metrics and model weights
and gradients were recorded. A validation phase run was performed every 1000 parameter update iterations. The
validation run comprised the prediction of all hold-out data items of the respective cross validation set. Loss function
value and performance metrics were logged. Over the course of the full training run, a dynamic registry retained
the model parameters of the top-5 performing models in the validation run context. The performance criterion was
accuracy (ACC), or alternatively, correct classification rate (CCR). The top-5 dynamic registry approach means that for
every training experiment, we obtained five model parameter samples along the trajectory through weight parameter
space. This classifier ensemble collection method is approximately comparable to snapshot ensembling (Huang et al.
2017). Thus, for every training experiment with a CV fold count of Ngy 4, a model ensemble of the size Ninstance = 5-Nold
was saved. Performance metrics are thusly reported aggregated both fold-wise and instance-wise with their respective
variation measure. Generally, an ensemble of models can be used to obtain and combine the predictions of multiple
models, improving overall performance and robustness (Opitz & Maclin 1999).

ROBUSTNESS EVALUATION

In addition to the basic experiments about the ability of the deep learning-based model to classify volumetric
KCT scans of Pinus sylvestris and Acer pseudoplatanus wood species in the clean-data regime, we investigated the
trained model’s robustness against various input data transformations and corruptions during the inference phase.
For this, six different synthetic parametrised data transformations were applied with increasing strength to the
input data patches or chunks. For every transform and effect strength, a full validation prediction and classification
performance computation was conducted. As noise-like corruptions, Gaussian noise, Poisson noise and Gibbs
noise were selected. The second class of corruptions broadly affected image resolution. For this class, Gaussian
smoothing, simulated low resolution and a zoom transform were chosen. The Gaussian noise was sampled from
the corresponding distribution with zero-mean and variable standard deviation ¢ € {o.5, 1.25, 2.5, 3.0, 3.5, 4.0}
and applied additively to the data. Similarly, the Poisson noise was sampled from the corresponding distribution
with the variable rate parameter A € {0.025, 0.05, 0.1, 0.2, 1.3, 2.0} and applied additively to the data. The Gibbs
noise (Morelli et al. 2011) or ringing artifacts were applied with increasing strength steered through the parameter
a € {o.7, 0.8, 0.85, 0.875, 0.9, 0.95}. For the image-resolution corrupting transformations, the Gaussian smoothing
was applied with increasing kernel size ¢ € {1.0, 1.5, 2.0, 2.5, 3.0, 4.0}. The synthetic low-resolution corruption uses
down-sampling to a lower resolution with subsequent up-sampling to the original resolution, resulting in image
quality loss and aliasing artifacts. This transform was parametrised by the scale factor or residual voxel budget
factor sequence f € {0.8, 0.7, 0.5, 0.3, 0.15, 0.10}. The last transform uses a zoom-out approach that shrinks the
salient information-bearing data region into the centre of the patch or chunk, effectively presenting the network
the original data in a mismatched voxel or pixel size. The shrunk salient region is furthermore embedded in an
uninformative, artefactual region generated by padding with the edge voxel or pixel values. The utilised zoom factors
were z € {0.90, 0.85, 0.80, 0.75, 0.70, 0.65}. An overview of the effect of the transforms on a representative image
patch is displayed in Fig. 5. Each row corresponds to one of the chosen image transforms. The first row-element is the
clean data element, whereas subsequent row elements show the transformed data element with the corresponding
parameter values. In addition, we provide a plot of the effect-size of the noise-like and resolution-like transformations
in terms of two quantitative, abstract distance measures between the uncorrupted original data and the transformed
data in Figure 6. This is intended to support some intuition about the relative mutation magnitude of every transform
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Fig. 5. Display of the effects of the six different transforms on a representative CT image slice. The first element of each row
corresponds to the pristine CT data. Subsequent row elements show the slice mutated by the respective transform with the
corresponding parameter value. The transform effect strength increases from left to right.

at every stage compared to the pristine data. First, the cumulative absolute difference A between the original CT
patch and the transformed patch, and second the structural similarity index measure (SSIM; Wang et al. 2004) are
regarded.
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Fig. 6. Quantification of the effect size of the various parametrized transforms on a representative image patch. On the left, the
structural similarity index measure (SSIM), computed between the original and variably transformed image, is shown. On the
right, the cumulative absolute difference A of the original and variably transformed image is displayed.

Results

BASE TASK PERFORMANCE

In the basal setting of stratified three-fold cross-validation, all pipeline-model formulations could be trained
to near-perfect accuracy or perfect accuracy. The values for the mean accuracy (ACC) and for the corresponding
standard deviation StDev(ACC) provided in Table 1 resulted from the aggregation over the Nipstances = 15 model
instances, consisting of the three cross-validation folds and the Ny = 5 sized snapshot ensembles from every
fold. All models were trained with the AdamW optimiser and the specified default training procedure. The lowest
classification accuracy of ACC = (0.988 + 0.010) was obtained in the 2D planar formulation with s = 64. All
other formulations exceeded the accuracy threshold of 0.99. The pseudo-volumetric, triaxial and fully volumetric
formulations commonly performed the binary classification task above the 0.9999 accuracy threshold. Perfect
differentiation between Acer and Pinus was accomplished by the 3D formulation with chunks sizes s € {128, 256}.
For the experiments using two instances as test set, similarly high classification accuracy values between [0.98, 1.0]
were observed (Supplementary Section 2).

ROBUSTNESS EXPERIMENTS

The experiments to assess the resilience of the automated classifier to input corruptions were conducted using
all dimensional formulations. Using the same model ensembles from the basal accuracy evaluation, we transformed
the input data iteratively with increasing strength. In the following, the relative strength of the transformation is
generically described by the stage index. Stage index o corresponded to no transformation, i.e., the basal result
stated in the first section of the results. The following, strictly positive, stages 1 to 6 denote evaluations with
actually transformed inputs. The transformation parameter value for the corresponding stage index can be read from
the transformation parameter specifications in the methods section. Starting with one, the i-th parameter value
corresponds to the stage number i. The resulting accuracy values were jointly aggregated over the folds and the
instances of the snapshot ensemble. We report the devolution of the CNN classifier accuracy as line plots in Fig. 7. The
standard deviation of the aggregation over instances and folds is displayed as the lightly shaded region around the
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Table 1. Automated model performance measure as classification accuracy for the differing 2D, 2.5D and 3D dimensional
approaches.

Dimensionality Patch/chunk size s ACC SD (ACC)
2D planar 64 0.988 0.010

2D planar 128 0.99939 0.00057
2D planar 256 0.994 0.011
2.5D triaxial 64 0.99942 0.00027
2.5D triaxial 128 0.999992 0.000015
2.5D triaxial 256 0.999983 0.000048
3D volumetric 64 0.99996 0.00012
3D volumetric 128 1.0 0.0

3D volumetric 256 1.0 0.0

The chunk size s is given in pixel or voxel units. The mean accuracy is denoted as ACC, and SD denotes the standard deviation.

mean accuracy values. Shaded regions above the theoretical maximum accuracy value of 1.0 are caused by symmetric
plotting of the standard deviation interval around the mean value.

Via the robustness evaluation experiments, the accuracy performance devolution to the point of usability
breakdown or failure mode could be determined for every pipeline-model formulation. Generally, the volumetric
formulations displayed in Fig. 7 exhibited the highest overall robustness against input data corruption. Both retained
accuracy values above o.9 for stages 1 through 3 for both transformation categories. Only Poisson noise posed a
challenge that decreased classification accuracy below the o.g threshold value. Interestingly, Poisson noise proved
to be the least challenging corrupting factor for the other pipeline formulations shown in the devolution plots for
the planar and the triaxial formulation. All non-volumetric formulations however, presented a mean accuracy value
below the 0.9 threshold for at least one corrupting transform as early as stage 2.

MODEL SKILL TRANSFER ACROSS ORIENTATION GROUPS

For the model skill transfer experiments across the two orientation groups of the dataset, we compared the 2D
planar formulation with the 3D volumetric formulation on the patch/chunk size with edge length s = 256. This
choice patch and chunk size provided the model with the greatest amount of information and context per sample to
generalise across orientation groups. The results were generated with the default training procedure. The optimiser
was AdamW with a weight decay value of o.01. For this sub-experiment, we did not accumulate the performance
over the two folds to better exhibit the directional aspect of the generalization performance of the formulations.
For fold 1, the planar 2D approach yielded a validation set accuracy of ACC,p = (0.608 + 0.067). The volumetric
formulation achieved an increased accuracy of ACCyp = (0.774 + 0.032). For fold 2, the classification accuracy
advantage of the 3D approach with ACC;p = (0.921 + 0.034) was even higher than the 2D approach accuracy
of ACC,p = (0.4995 = 0.0033). Overall, a strictly higher orientation-wise generalisation skill was evident for the
volumetric 3D approach in comparison to the planar 2D approach.

Discussion

In this study, we described and implemented an automated pipeline for wood species classification with volumetric
KCT data and deep neural networks and evaluated it in a conceptual hardwood-softwood classification context. The
aim of the proof-of-concept study was to provide a first step in the development of a fully automated system for
the benefit of wood scientists, timber trade entities and other stakeholders in need of automated wood species
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Fig. 7. Robustness evaluation of the classifier accuracy performance against variable intensity input data corruptions for
volumetric, planar and triaxial formulations. For every formulation, results for larger FOV with s = 256 and smaller FOV with
s =128 are shown.
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classification. We compared three different dimensional offspring approaches based on the ResNet-based deep
learning model and pipeline: a planar 2D; a pseudo-volumetric, triaxial 2.5D; and a volumetric 3D formulation.

For the base case of softwood-hardwood binary classification without in-silico image corruption, and equal
class-wise and orientation-group-wise dataset fractions in the training and validation set, all dimensional network
formulations and patch/chunks sizes yielded near perfect accuracy, with minimal advantages for the volumetric
3D approach. This can be attributed to the major distinct cellular structures of the two wood species (Fig. 2) in
conjunction with the high resolution and high contrast qualities of the sub-uCT data that accurately images these
differences (Fig. 1). Both factors lead to the presence of highly characteristic and discriminative structures in the
input data, that are learned well by deep neural networks of all formulations, in turn effecting highly accurate
classifications for all formulations. The reduced accuracy of 0.988 of the most downscaled planar formulation with
s = 64 px =~ 617 pum is attributable to some image slices, where discriminative wood species features (detailed in
Fig. 2) are less prominent or missing due to the small field-of-view (FOV). There, the informational substance about
anatomical structures appears to be insufficient for the higher classification observed in the other formulations.
The slight accuracy drop for the planar parsimonious formulation is contrasted by the optimal performance of
the larger volumetric formulations. The larger FOV and spatial context of the volumetric pCT data could be
harnessed particularly effectively by the 3D formulations of the pipeline and model. With subvolume edge sizes
of s € {128, 256}, these formulations achieved overall optimal performance with perfect classification accuracy.
The volumetric model with s = 64 achieved the best accuracy compared to the size-corresponding 2.5D and 2D
formulations, displaying a high volumetric sample efficiency. The other approaches using the 2.5D and 3D formulation
showed very high accuracy values of at least 0.999. Although it is not possible to deduce a general advantage of the
volumetric formulation from these experiments with distinct hardwood and softwood species due to the minuscule
accuracy differences, we surmise that the relative accuracy advantage of the volumetric formulation increases for
more complex wood species datasets. There, distinctive features may only manifest in a three-dimensional and
anisotropic manner.

Compared to existing formulations based on optical macroscopic surface imaging or microscopic cross-section
imaging (Hwang & Sugiyama 2021), further advantages of the described pipeline entail the non-destructive and
objectivized character of the pCT data acquisition process. Of the proposed formulations, the 2D planar approach
closely approximates the methodology employed in optical microscopy imaging. Here, data dimensionality and pos-
sible machine learning pipelines align. Nonetheless, a direct equivalence cannot be asserted, as optical microscopy
data includes spectral colour information, whereas basal CT images provide only absorption values as the singular
per-pixel measurement. Here, phase-contrast CT may be useful to retrieve additional information about the physico-
chemical parameters of the wood sample due to its improved soft-matter and density contrast for materials with low
atomic numbers in comparison to pure absorption-transmission-based imaging (Diemoz et al. 2012). Beyond that,
dual-energy or multispectral CT (Garnett 2020) can be harnessed to extract further information from wood sam-
ples. Generally, uCT data can readily be obtained from highly valued artifacts embedded into shells whose structural
integrity is paramount. The proposed imaging setup utilises region-of-interest scanning for the described volumes,
which does not necessitate physical cutting of the sample to the dimensions of the subvolume dimensionality utilised
in the machine vision experiments. Considering possible damaging sample alterations due to X-rays, we identify radi-
olysis as a potential factor. However, the creation of oxidising or reducing molecule species via X-ray photons (Féron
2012) is not expected to play a role in samples with low residual water content, such as the samples used in our exper-
iments. For waterlogged wood samples, magnetic resonance imaging can be a better fit (Capuani et al. 2020; Longo et
al. 2023) due to reduced CT image contrast and problems induced by radiolysis. Another advantage is that the volu-
metric data in the uCT scanner setup is recorded in a controlled manner, where detector configuration, tube current,
and potential (i.e., wood sample illumination) and reconstruction algorithms are tightly controlled and quantified
parameter settings. This means that subsequent deep-learning-based classification algorithms can be calibrated well
to the data source. Then, in-distribution and out-of-distribution input data to the DNN with respect to the image
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data source are well-defined concepts. For mission-critical applications, this knowledge allows for targeted data aug-
mentation or out-of-distribution detection (Liang et al. 2018) to avert high-confidence, low-correctness predictions
by the classifier (Nguyen et al. 2015). Initial results for this line of work were generated with the performed robustness
experiments. The observed performance degradation for increasingly strong input data transforms varies for the 2D,
2.5D and 3D formulation. In line with the findings concerning the accuracy on pristine data and the generalisation
skill across orientation groups, we discovered an advantage of the 3D approach. However, for specific combinations
of corrupting transforms (i.e., Poisson noise) and patch or chunk size s, non-volumetric formulations may exhibit
better performance retention. Investigating the root cause of these performance differences is another interesting
line of work. In realistic deployments, distorted input data resulting from suboptimal images is to be expected. The
presented results (Fig. 7) provide valuable quantitative insights about the expected accuracy loss.

The volumetric pCT data resulting from the described imaging protocol straddles the traditional resolution
gap between macroscopic images and micrographs. This enables subsequent learning-based algorithms to extract
and combine global texture information, macroscopic fibre and canal structures and microscopic localised cell
information (Hwang & Sugiyama 2021) for task-optimal purposes. Convolutional deep neural networks act as
hierarchical feature detectors and may select task-optimal discriminative features during the training phase (LeCun
et al. 2015). In the context of volumetric input data, this feature construction is not restricted to a single slice with a
predetermined orientation fixed prior to training by the image acquisition setup. Instead, it can occur freely in the 3D
volume during the training phase. This potentially constitutes another advantage for volumetric methods in contexts
where data acquisition and processing is performed without orientation or registration, resulting in oblique fiber
orientation (see Supplementary Figs S5 and S6 for examples). In volumetric imaging, no prior decision about the wood
section aspect (transversal vs. tangential vs. radial) with corresponding domain knowledge of estimated classification
accuracy has to be made manually (Barmpoutis et al. 2018). Imbuing network-level rotation equivariance into the
naturally merely translation equivariant convolution operation (Fukushima 1980; Bronstein et al. 2021), either by data
augmentation or architectural choices (Chidester et al. 2019), would be a very worthwhile extension of the presented
experiments. We expect that the benefits of using the volumetric method in conjunction with rotation equivariance
techniques extend to and become more pronounced when image data is captured from samples positioned with
oblique angles in real-world scenarios. This hypothesis is supported by the advantage of the 3D formulation in the
context of model skill transfer for orientation-group stratified training. The volumetric formulation achieved better
classification accuracy than the planar formulation for the orientation-wise training. As the training procedure and
data basis were fundamentally similar, we deduce that increased information per input data sample and spatial
context allowed the model to learn features that better generalise across orientation groups. The observed gap
towards the non-group-wise trained model may be closed by including the mentioned rotation-equivariance-imbuing
modifications to the network architecture. We conjecture that this advantage of the 3D approach may also generalise
to envisioned, more complex classification settings where differences between closely related wood species may
manifest only in an anisotropic manner in highly localised subvolumes. Generally, it would be interesting in terms
of deep learning to explore architectures or augmentation techniques that directly address the typical orientation
groups of wood science. A balanced and volumetric dataset with all three typical aspects (i.e., transversal, radial,
and tangential and additional oblique orientations) as scan directions in conjunction with an extended orientation
group transfer evaluation could help disentangle aspect-related questions for the anticipated large-scale volumetric
uCT dataset.

Asstated, further interesting deep learning related investigations are expected to arise when applying the presented
pipeline and model variations to more complex datasets that incorporate a larger number and more closely related
wood species. For example, it would be interesting to know whether the utilized, lean model class of ResNet can retain
the near-perfect classification accuracy and, if not, which available models and techniques, for example transformers,
further augmentation and hyperparameter tuning and stochastic weight averaging, manifest as valuable to automated
wood classification performance on volumetric uCT data.
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WEAKNESSES

The wood species utilised for the training and evaluation of the automated framework possess a substantially
different cellular structure and are thus readily distinguishable. For a useful demonstration of the framework, wood
identification with closely related timbers possessing similar wood structures would be required. However, the study
does not aim to carry out complex wood species identification. The study is more concerned with presenting the
integrated technological framework of combining deep learning with high-resolution volumetric uCT data and
releasing the corresponding code infrastructure in the form of an open-source Python package.

Apart from the transfer to a more wood species-rich classification context, we identify a second necessity. To
accurately assess the automated system capacity to replace a human expert in wood species identification, it must
undergo evaluation using a variety of field-sampled specimens. Here, temporal variations in the wood microstructure
due to differing age of the timber source or cellular alterations due to dehydration and cessation of accretion and
transport processes may play an important role.

Generally, a larger data set is also required for future work. The smaller 20-scan data set motivated the usage of
cross-validation without a fully independent test set, since it can produce realistic performance estimates in the small-
data regime (Xu & Goodacre 2018). Although the data homogeneity (compare Fig. S1), quality and standard deviation
evaluation of the CV-ensemble evaluation (see Table 1) suggest that the resulting model performance does not contain
a substantive optimistic bias, a fully separate test set for all experiments is warranted for subsequent scenarios
with direct field use. Cross-validation still can subtly lead to over-optimistic performance evaluation without a
test set through implicit model selection effects. Since no explicit hyperparameter search for model selection was
performed and we observed similarly high classification scores for initial single-fold-training experiments with a fully
separate test set (Supplementary Section 2), we estimate that this effect is minimal for the hardwood-softwood binary
classification context. Summarising, many interesting areas of research and validation experiments arise naturally
when applying the presented framework in the context of more complex datasets of wood species.

Considering the near-term practical applicability of the method, we currently identify the high cost of equipment
and longer image acquisition time as hindering factors for potential adoption. These considerations are minor in the
context of envisioned applications such as bespoke forensic investigations, but more important in other applications
such as low-cost and high-throughput environments, including customs and inspections. While the ClickCT system
is currently expensive, it has the potential to be customised, particularly for customs applications. This specialisation
could lead to cost reductions in hardware over time due to economies of scale, making the system more affordable
and feasible for utilisation in customs contexts. With targeted modifications, scaled production, minimised personnel
costs and improved throughput due to tailored machine vision support, the technology could become economically
viable for routine inspections and other customs needs.

PROSPECTS

Due to the demonstrated accuracy and robustness of the deep learning-based pipeline for the pilot hardwood-
softwood uCT dataset, the establishment of a state-of-the-art method for fully automated non-destructive wood
identification is imaginable. Especially in the context of forensic applications, the advantages of the method may
come to fruition. For this, further in-depth validation and testing of the pipeline with a yet to be compiled extensive
wood species dataset from high-resolution volumetric uCT data is worthwhile. Using insights from the pilot dataset
results of this study, the per-sample scan time could potentially be reduced by 87.5 % from 2 hours down to 15 minutes.
With the 20x objective lens of the ClickCT and 4x binning, a measurement region of 0.5 mm? can be recorded
with similar image quality. The relevant chunk sizes with s € {128, 256} shown to allow near-perfect classification
accuracy can still be extracted from these optimised region-of-interest scan volumes. However, for other wood
species with typical anatomical feature sizes, the measurement region may have to be enlarged to capture sufficient
anatomical context. The insights generated by the presented experiments increase the production feasibility of an
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extensive volumetric CT reference database. The joint advantage of objectivized imaging with volumetric data could
mitigate some of the challenges identified in recent literature (He et al. 2024) concerning the automation of wood
identification. Large-scale volumetric CT datasets could improve unsupervised feature extraction while averting
dataset and feature incompatibility often present in macroscopic or microscopic section datasets due to differing
data collection methods or section aspects.

Possible extensions of the presented study are then to further gauge the analytical classification prowess of
the model and to conduct further in-depth robustness testing using the already established computational code
infrastructure. Building a varied, high quality open-source benchmark dataset of volumetric uCT scans of wood
species would be an unprecedented and highly worthwhile goal to enable the establishment of the method, since
current complementing databases are of genuinely planar nature (Hwang & Sugiyama 2021) and consist of either
micrographs (Lens et al. 2020), macroscopic images (Kwon et al. 2017) or stereograms (Ravindran & Wiedenhoeft
2020).

Conclusions

This study shows the potential of a wood species classification pipeline based volumetric sub-uCT as the imaging
technique and deep neuronal networks as the fully automated algorithmic backbone. A dataset of 20 instances of
softwood (Pinus sylvestris) and hardwood (Acer pseudoplatanus) is used as a basis to produce sub-uCT scan instances.
The description and evaluation of the sub-puCT modality and classification model with the purpose-built open-source
pipeline constitute the contribution of the proof-of-concept study, which aimed to link high-resolution volumetric
sub-puCT imaging with machine learning in the context of forensic wood identification. Planar, triaxial and volumetric
approaches to classification were generally similarly successful in classifying the distinct species in the basal case,
whereas volumetric approaches showed improved skill transfer for contexts with variable sample orientation. The
study evaluates opportunities and weaknesses of the technologies involved to illustrate avenues for the further
development of this technology to help meet the existing and future challenges of anatomical wood identification
for both wood science and the wider lumber industry. Finally, we observed excellent accuracy of all automated
classifier formulations for our conceptual hardwood-softwood binary classification task, highlighting the potential
of combining volumetric sub-uCT imaging with machine learning to further develop vision-based automated wood
identification.

Supplementary materials

Data is available on https://doi.org/10.1163/22941932-bja10196 under Supplementary Materials.
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