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Summary

Tree-ring analysis is a cornerstone of dendrometry, providing essential information for
dendrochronology, forest dynamics, and growth studies. Traditionally, ring marking is
performed manually, a process that is time-consuming, subjective, and difficult to scale
to large image datasets. Moreover, annual growth measurements are often taken in a one-
dimensional manner, which complicates comparisons among samples.

This thesis proposes the use of ring area as an alternative to ring width, since the latter
is a one-dimensional measure that is difficult to standardize. Image-processing algorithms
were developed to accurately delineate annual growth curves and calculate growth area
in both trees and shrubs. A graphical interface was implemented to combine automatic
detection with manual correction tools when needed. Annotated image databases for sev-
eral species were also created, enabling systematic evaluation of the algorithms. Finally,
a case study in ecology—climatology is presented, comparing ring width and ring area as
climate indicators.
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Preface

This work focuses on the delineation of growth rings in images of tree cross-sections
(discs). While the literature includes various studies on ring delineation in cores, this
approach, commonly used in dendrochronology due to its non-destructive nature, is not
feasible for all species. In particular, in shrubs, it is not possible to extract cores, and the
only viable way to analyze growth rings is through full cross-sections.

Furthermore, in forestry research, where the primary goal is to evaluate different sil-
vicultural techniques to increase timber production, the analysis of ring area can provide
more informative insights than just ring width. This is particularly true in cases where the
pith is highly eccentric (i.e., the geometric center of the disc does not coincide with the
pith). At the time this project began, growth studies in the Forest engineering degree, of
the Northeast Regional University Centre, were carried out manually by measuring ring
widths along four to eight radial directions on physical discs. This motivated the need for
a tool capable of extracting such measurements automatically.

In February 2021, when this project started, there were no available automatic meth-
ods for delineating rings in full cross-section images. The only public dataset available
at that time consisted of 7 annotated images of Abies alba released by Kennel et al. [26],
similar in nature to a small dataset of 64 Pinus taeda L. images we had access to.

Thus, the first two main tasks of this thesis were to support the creation of a new
annotated image dataset and, in parallel, to develop an automatic ring delineation algo-
rithm. These tasks, including the initial documentation, were completed by May 2023.
The method was named CS-TRD, and the dataset was named UruDendro (UruDendrol
hereon).

One month later, in June 2023, Gillert et al. [[17] introduced the INBD method, based
on convolutional neural networks, which performs automatic delineation of rings in cross-
sections of shrubs, rings that visually resemble those found in conifers such as Pinus taeda
and Abies alba. We therefore studied and trained this method on the UruDendro dataset to
compare it against CS-TRD. INBD achieved excellent results, with an F-score of 94.5%
when the pith location (associated with the innermost ring) was manually provided. In
comparison, CS-TRD, based on classical image processing techniques, obtained an F-
score of 93.1% under the same conditions.

The fourth task involved evaluating existing automatic pith detection methods and de-
veloping a new one. Among open-source implementations, we tested the method by De-
celle et al. [6], designed for field or sawmill settings. We also implemented the algorithm
by Schraml and Uhl [54] and developed a new method named APD [41]. Additionally,
we trained a YOLOvV8 model inspired by Decelle’s approach for pith detection.

As the fifth task, we implemented a graphical interface tool that, given an image of



a cross-section, computes forestry-relevant indicators based on ring delineation, such as
area, perimeter, and width. The tool also includes an interface for manually correcting or
adding rings that were inaccurately detected by the automatic methods.

We also extended the CS-TRD method by replacing its edge segmentation step with
one based on the U-Net convolutional neural network architecture [53]]. This new variant,
named DeepCS-TRD, achieved an F-score of 96.1% on the UruDendrol dataset.

Finally, we contributed to the creation of annotated image datasets for three species:
Gleditsia triacanthos L., Salix glauca L., and an extended set of Pinus taeda images.
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Chapter 1

Introduction

1.1 Terminology

This work focuses on developing tools for dendrometry, specifically the analysis of growth
rings in trees and shrubs, using images of cross-sections (discs). In this section, we define
the terminology used throughout the manuscript. Figure[I.1|shows a cross-section image
of a Pinus taeda L. species. A rectangular region outlined in red highlights what is com-
monly referred to as a core sample. In the literature, tree growth is often analyzed using
core samples because this method is non-destructive, meaning it does not require felling
the tree.

A variety of structures can be observed in a disc. One is the pith, shown in Figure[I.2p
highlighted in red. This structure corresponds to the first year of the tree’s growth. Ad-
ditionally, the disc contains annual growth rings, also known as growth rings, which are
marked in black in Figure [I.2b. In some species, such as P. taeda, annual growth is
composed of two distinct zones, depending on the time of year when growth occurred:
earlywood, formed during spring and summer and characterized by a lighter color; and
latewood, formed during autumn and winter, characterized by a darker color (see Fig-
ure [T.2t and Figure [1.3] for more details). Another structure visualized in RGB images
is reaction wood, which exhibits distinct physical, chemical, and mechanical properties
compared to the rest of the wood. It is highlighted in green in Figure[I.3c.

Other features may be present in a disc, such as knots (Figure Ef}a), cracks (Fig-
ure [T.4b), or fungal stains (Figure [[.4¢). While each species has specific characteristics,
these are among the most common terms in this field. All the above definitions can be

found in the glossary (B.2.5).

1.2 Objective

To develop an open-source tool capable of performing automatic or semi-automatic mea-
surements on growth rings in cross-section images, including area, perimeter, and ring
width.
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AL B

Figure 1.1: Image of a tree disc or cross-section. The red box highlights a portion known as a
core sample.

Figure 1.2: (a) Original disc image. (b) Annual growth rings in black, with the pith outlined
in red. (c) The annual ring comprises two regions: earlywood (green) and latewood ( blue).
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(b)

Figure 1.3: Image cross-section annotations. (a) Annual rings are highlighted in red, and the
Earlywood-Latewood boundary is highlighted in blue. (b) Zoom In. (c) Reaction wood is
highlighted in green.

(b)

Figure 1.4: (a) Disc sample with a knot and fungus presence. (b) Disc sample with a crack.
(c) Disc sample with fungus presence

1.3 Approach

Figure [T.5] presents a general overview of the tasks addressed in this work. At the begin-
ning of this project, no public implementation was available for detecting growth rings
in cross-sectional images. Furthermore, the only available image dataset consisted of just
seven cross-section images without annotated annual rings [lZ]ﬂ Access to annotated
datasets is essential for training and evaluation in the development of automatic methods.
Therefore, one of the main tasks of this project was the creation of image datasets with
their corresponding annotations (see Figure [[.5p), which is detailed in Chapter 2] The
second task involved the development of algorithms for detecting growth rings, including
the pith detection as a subtask (see Figure [I.5p and c). Automatic pith detection is ad-
dressed in Chapter [3| while ring detection methods are described in Chapter {i] Finally,
this work aimed to develop a graphical user interface (GUI) enabling non-programmers
to interactively load a cross-section image, execute automatic ring detection algorithms,
edit/remove/add ring boundaries, and compute relevant metrics such as area, perimeter, or
ring width. The GUI is detailed in Chapter 3]

! Annotated ring curves were available, but could not be successfully loaded.
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(c) (d)

Figure 1.5: (a) Generation of image datasets with annotations. (b) and (c) Development of
algorithms for growth ring (blue curves) and pith (red dot) detection. (d) Development of
a GUI integrating automatic detection and interactive corrections, along with measurement
computation.

Each chapter mentioned above is self-contained and includes a contextual introduc-
tion, the methodology employed, the results obtained, and corresponding conclusions.

1.4 Contributions

This section summarizes the main contributions of each task described above. For more
detailed information, refer to the corresponding chapter.

Regarding image dataset generation and annotation (see Chapter 2), the contributions
are:

* 117 annotated images of P. taeda including annual rings, earlywood-latewood bound-
ary and reaction wood.

* 102 annotated images of P. faeda with annual ring boundaries.

* 17 annotated images of Gleditsia triacanthos L., with over 70 additional images
acquired but pending annotation.

* 50 annotated images of Salix glauca L..

The author contributed to the annotation process by participating in the whole process of
building the datasets. Assisting in selecting and adapting annotation tools and verifying
the annotations in collaboration with species experts. Finally, in organizing the collections
as accessible datasets, available for image processing and machine learning.

Regarding automatic pith detection (see Chapter [3), the contributions are:

* Implementation of the method proposed in [54]].

* Design and implementation of a novel pith detection algorithm.
* Training of a YOLOV8 deep learning model for pith detection.
* Evaluation and comparison of the methods mentioned above.

Regarding automatic ring detection (see Chapter [d)), the contributions are:
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* Design and implementation of a classical image processing algorithm named CS-
TRD.

* Modification of the above method to use a U-Net architecture, resulting in DeepCS-
TRD.

* Training of the INBD deep learning model [17]], originally developed for micro-
scopic shrub images.

* Evaluation and comparison of all proposed methods.
Regarding the user-oriented tool (see Chapter [5)), the contribution is:

* Implement a graphical user interface with high precision to compute ring metrics
such as area, perimeter, and width.

1.5 Publications

This section lists peer-reviewed publications related to this work, including those pub-
lished, accepted, under review, or submitted.

Published

* Henry Marichal, Diego Passarella, Gregory Randall. Automatic Wood Pith De-
tector: Local Orientation Estimation and Robust Accumulation. International Con-
ference on Pattern Recognition (ICPR), 2024. GitHub.

Accepted

* Henry Marichal, Verénica Casaravilla, Candice Power, Karolain Mello, Ludmila
Profumo, Joaquin Mazarino, Christine Lucas, Ludmila Profumo, Diego Passarella,
Gregory Randall. DeepCS-TRD, a Deep Learning-based Cross-Section Tree Ring
Detector. International Conference on Image Analysis and Processing (ICIAP),
2025. |GitHub.

* Henry Marichal, Diego Passarella, Christine Lucas, Ludmila Profumo, Verénica
Casaravilla, Marfa Noel Rocha Galli, Serrana Ambite, Gregory Randall. UruDen-
dro, a public dataset of 64 cross-section images and manual annual ring delin-
eations of Pinus taeda L.. Annals of Forest Science Journal, 2025. GitHub.

* Henry Marichal, Diego Passarella, Gregory Randall. CS-TRD: a Cross-Sections
Tree Ring Detection Method. Image Processing On Line Journal, 2025. GitHub.

Submitted

* Henry Marichal, Diego Passarella, Gregory Randall. Implementation and dis-
cussion of the “Pith Estimation on Rough Log End Images using Local Fourier
Spectrum Analysis” method. Image Processing On Line Journal, 2024. GitHub.


https://github.com/hmarichal93/apd
https://hmarichal93.github.io/deepcstrd/
https://github.com/hmarichal93/uruDendro
https://github.com/hmarichal93/cstrd
https://github.com/hmarichal93/pith_detector_shraml_uhl_2013
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e Henry Marichal, Candice Power, Urs A. Treier, Giulia Resente, Signe Normand
and Gregory Randall. Assessing automatic ring detection on microscopy images
of Salix glauca. Dendrochronologia Journal, 2025.

* Henry Marichal, Diego Passarella, Gregory Randall. TRAS: An Interactive Soft-
ware for Tracing Tree Ring Cross Sections. Dendrochronologia Journal, 2025.
GitHub.

1.6 Organization

This thesis is structured as follows: Chapter [2] presents the image datasets and annota-
tions generated during this study, Chapter [3] discusses the evaluation of automatic pith
detection algorithms, and Chapter 4] details the development of automatic ring delineation
methods, including CS-TRD, DeepCS-TRD, and INBD. Chapter [5]introduces the tool for
computing forestry industry-relevant indicators. Finally, Chapter [6] presents the conclu-
sions of this work. Additional details on pith and ring detection methods are included in
Appendices [A]and [B]


https://github.com/hmarichal93/tras

Chapter 2

Dataset

This chapter is partially based on the work submitted to the Dendrochronology Journal
special issue Trace 2024 entitled “Assessing automatic ring detection on microscopy im-
ages of Salix glauca” and on the accepted work in Annals of Forest Science Journal “Uru-
Dendro, a public dataset of 64 cross-section images and manual annual ring delineations
of Pinus taeda L.”.

2.1 Introduction

Annotated datasets are mandatory for building tree-ring detection algorithms, are crucial
for training and evaluating their performance, and are essential for obtaining accurate
results. The datasets are specific for each species under consideration.

All the datasets developed during this thesis were a collective product of the project
"FMV_1_2023_1_176061, UruDendro 2.0: Aplicacién de técnicas de procesamiento de
imagenes e inteligencia artificial para la dendrometria automadtica de especies de madera
nativas y comerciales", funded by the National Agency of Research and Innovation of
Uruguay (ANII in Spanish acronym). Besides the author of this Thesis and Prof. Gregory
Randall, who are engineers, the other members of the team are forestry and dendrometry
specialists.

The construction of an annotated dataset is a complex process that includes:

1. Define the desirable characteristics of the dataset: collect sites, define the number
of samples and their characteristics, select and train annotators, define protocols
for the annotations, etc.

2. Collect the samples. This step implies field work.

3. Process the samples: cleaning, polishing, and sanding, eventually chemical treat-
ment.

4. Image acquisition. This step means the definition of a procedure involving how to
acquire (for example defining an illumination system), select a digital camera or a
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scanner, the acquisition process itself, and the implementation of protocols to guar-
antee that the names of the images, the metadata, and all the sample information
are coherently registered.

5. Annotate the acquired images. Sometimes, it also implies the physical annotation
of the samples. Eventually, the annotations will be revised by a second expert.

6. Organize the images and annotations so that it is accessible by the users, e.g., in a
database.

7. Build a website to publish the dataset so it can be accessed by other researchers.

The first step was discussed collectively within the project team. The author of this
thesis led the general process and played a crucial role in steps 6 and 7. He was also
responsible for building the tools to facilitate the annotation step and advised the rest of
the team for the fourth step. The (very time-consuming) steps 2, 3, and 4 were carried out
by the team members with specific knowledge to do so. The whole process took several
months for each collection.

This chapter describes the image datasets developed during the course of this the-
sis. When we began this work in February 2021, we observed a significant scarcity of
annotated images for tree cross-sections and cores. As this thesis focuses on developing
algorithms for complete cross-sections, we need annotated datasets of this type of sample.

At the start of this work, the only available dataset was the one proposed by Kennel
et al. [26], which includes seven images of the species Abies alba, its annual ring annota-
tions, and a delineation method. However, the code was unavailable. We were unable to
process the authors’ annotations, so we generated our own (see the last row in Table [2.1)).

In June 2023, Gillert et al, [17] released a dataset of 213 high-resolution annual ring
annotated images of cross-sections from three shrub species (Dryas octopetala, Empetrum
hermaphroditum, and Vaccinium myrtillus) along with an algorithm for delineating tree
rings in this dataset.

Longuetaud et al. [35]] released the TreeT race_Douglas database in November 2022,
including several wood cross-section image datasets. This dataset includes images and
measurements, such as growth ring width and pith pixel location, along with other wood
properties, which were acquired at various stages of Douglas-fir log processing in a
sawmill. However, it does not provide delineations of tree rings in the images. A few
months later, in February 2023, Longuetaud et al. [36] introduced the TreeT race_S pruce
database, which contains images and measurements of 100 Norway spruce samples. While
both databases are valuable contributions to the forestry community, they lack digital tree-
ring annotations for each image, which is needed to assess computer vision algorithms.

The software tool used to generate the annotations was Labelme [59], which produces
closed polygons defined by a set of vertices. We worked with two types of annotations:
those corresponding to annual ring boundaries or earlywood-latewood boundaries, and
those corresponding to reaction wood.

In the case of ring boundary annotations (annual rings and/or earlywood-latewood
boundaries), the user placed vertices along the ring borders, following the entire con-
tour. For reaction wood annotations, the user outlined the corresponding region (see Fig-
ure[I.3). The tool allows assigning a specific label to each annotated polygon.
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Table 2.1: Cross-Section datasets annotations summary. Number of samples (Nb), annual
rings (AR) annotations, earlywood-latewood ring boundary (EW-LW), reaction wood (RW),
tree or shrub species (Species), and image acquisition method (Acquisition).

Collection Nb | AR | EW-LW | RW Species Acquisition
UruDendrol 64 | Yes Yes Yes P, taeda Smartphone
UruDendro2 53 | Yes Yes Yes P. taeda Smartphone
UruDendro3 17 | Yes No No | G. triacanthos | Professional Camera
UruDendro4 102 | Yes No No P. taeda Smartphone
Diskolsland 50 | Yes No No S. glauca Scanner
Kenneletal. [26] | 7 | Yes No No Abies alba Scanner

Figure 2.1: Labelme application for annotating tree rings. Rings are represented as polylines
in the image.

Vertices can be freely placed anywhere on the image. The graphical user interface
(GUI) supports zooming in and out, facilitating the capture of fine image details (see
Figure [2.1). Additionally, annotations (each polygon) can be exported in JSON format
and later modified by editing the file as needed.

As mentioned earlier, at the beginning of this project, no automatic algorithms for ring
delineation were available; therefore, all annotations were performed manually by our
team members in the UruDendrol dataset. The datasets UruDendro3, Diskolsland, and
those of Kennel et al. [26] were also entirely annotated by our team of experts without any
automated assistance. Once the CS-TRD method (see Chapter ) was implemented and
functional, it was incorporated into the annotation process. Experts generated the initial
ring annotations using this method and subsequently edited them through the GUI as
needed. This semi-automatic procedure was applied to the UruDendro2 and UruDendro4
datasets. All annotations are easily visualized over the image sample using the software
tool developed during this work (see Chapter [3).
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2.2 File structure

In general, the file structure for each collection goes as follows
* images/ - Folder with the image samples

* images_no_background/ - Folder with the images after the background has been
removed

¢ annotations/

— annual_rings/ - Annual ring annotations
— earlywood_latewood/ - Earlywood-Latewood boundary annotations

— reaction_wood/ - Reaction wood annotations
* pith_location.txt - file with the pith pixel location for each image

Where each sample has a unique code. For example, sample FO2c, which belongs to
the UruDendrol collection, has five different files:

* images/F02c.jpg

* images_no_background/F02c.jpg

* annotations/annual_rings/F02c.json

* annotations/earlywood-latewood/F02c.json

* annotations/reaction_wood/F02c.json

2.3  Pinus taeda L.

Three collections formed by samples of P. faeda species were created. Images from differ-
ent harvests were acquired and annotated for UruDendrol, UruDendro2, and UruDendro4
collections.

UruDendrol
Harvest Site

Fourteen trees were collected in February 2020 from two tree plantations located in
Buena Unién, Rivera, in northeastern Uruguay (Plywood company stands: 31°17°45"S
55°41°42"W; Lumber company stands: 31°10°4"S 55°39°42"W). This region has a hu-
mid subtropical climate (Cfa, Koppen Climate Classification) with a mean annual rainfall
of 1472 + 373 mm/y (mean * standard deviation), ranging from 830 to 2797 mm annually
and a mean annual temperature of 17.2 £ 0.4 degrees Celsius according to publicly avail-
able climate data from the National Institute of Agricultural Research (INIA) Tacuarembo
meteorological station concerning the years 1978 to 2022 [24]. Soils in both stands are

10
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(b) (c)

Figure 2.2: Example images from the UruDendrol dataset. a) Sample FO3d. b) Sample F02c.
c) Sample L04e.

comprised of sandstone (areniscas in Spanish) and pertain to the national soil classes 7.2
and 7.31 according to the National Commission of Agronomic Study of SoilsEl system.
Soil type 7.2 is considered a Tacuarembo sandstone with a slope of 10-15 degrees and
deep soils with very good drainage. Soil type 7.31 is also a Tacuarembo sandstone with a
6-10 degree slope and good drainage. Prevailing winds are, in order of importance, from
the southwest, east, south, and southeast, with an average intensity of 15 to 20 km/h.

Seven trees were harvested from tree plantations managed by a lumber company (de-
noted with the letter F) and seven by a plywood company (denoted by the letter L). Each
company applied different silvicultural practices. Cross-sections between 5 and 20 cm
thick were cut from logs at 10, 165, 200, 400, and 435 cm above ground, totaling 64
cross-sections (1 to 5 cross-sections per tree). The image of each cross-section was as-
signed an identification code comprising the letter of the company (F or L), a two-digit
number corresponding to the individual tree, and a lowercase letter corresponding to the
height at which each cross-section was cut. Height codes were as follows: a = 10 cm,
b =165 cm, ¢ = 200 cm, d = 400 cm, and e = 435 cm above ground.

Image Acquisition

The cross-sections were dried at room temperature without further preparation. Due to the
drying process, radial cracks and blue fungus stains appeared in many samples. Surfaces
were polished using a handheld planer and a rotary sander, progressing from 60- to 1000-
grit sandpaper. Photographs were taken under different lighting conditions; cross-sections
a, b, and e were photographed indoors using an iPhone 6S cell phone (RGB sensor, 12
Mpx), with the surface moistened to maximize the contrast between early and late wood.
In contrast, photographs of dry cross-sections ¢ and d were taken outdoors using a Huawei
P20 Pro cell phone (RGB sensor, Leica Vario-Summilux, 40 Mpx). For each image,
the north side of the tree was manually marked. Figure [2.2] shows some images of the
Urudendrol collection. Minimum image width size is 897 pixels, while maximum image
width size is 2736 pixels.

'In Spanish Comision Nacional de Estudio Agronémico de la Tierra (CO.N.E.A.T.)
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Chapter 2. Dataset

Sample codes follow the structure:
XYyYz

Where X indicates the collection source (F or L), YY refers to the tree identifier (e.g., 02,
07, 11), and Z to the disc height (a, b, c, d, or e).

Annotation Details

Table [2.1] summarizes the annotation details (see the UruDendrol row). Annotators la-
beled annual rings, earlywood-latewood boundary, and reaction wood (see Figure [I.3).
All image annotations were revised by more than one expert.

2.3.1 UruDendro2

Harvest Site

The samples were collected in Curticeiras, Department of Rivera, Uruguay, during 2022
(18 samples) and 2023 (35 samples) as part of a harvesting operation managed by a lo-
cal lumber company. The sampling locations correspond to the following coordinates:
31°17°45" S, 55°41°42" W; 31°10°4" S, 55°39°42" W (18 samples); and 31°01°11.37" S,
55°31°55.81" W (35 samples). In total, 53 cross-section samples were obtained.

The site is classified under the CONEAT 7.31 group and is characterized by being
located on the Tacuarembd Sandstone geological formation. It presents slopes ranging
from 6% to 10%, very good drainage, and deep soils reaching up to 180-200 cm in the B
horizon.

Image Acquisition

The UruDendrol collection was expanded with 53 new images captured under laboratory
conditions using an iPhone 6S (12 MP RGB sensor) positioned at a distance of 43 to 51
cm from the wood cross-section, and illuminated with a 35 W LED ring light. The surface
preparation of the samples varied: some were cut using a chainsaw, others were smoothed
with a handheld planer, and several were further polished with a rotary sander. All images
were acquired indoors. The image widths range from a minimum of 2267 pixels to a
maximum of 3024 pixels. Figure [2.3]illustrates representative samples from the dataset.
Sample codes follow the structure:

XY

Where X denotes the diameter class to which the disc belongs (A, B, or C; see Ta-
ble[2.2)), and Y corresponds to the sample identifier.

Table 2.2: Cross-Section diameter classes for sample categorization.

ClassA | ClassB | ClassC
35-40 cm | 40.1-45 cm | 45.1-50 cm

12



2.3. Pinus taeda L.

(b)

Figure 2.3: Example images from the UruDendro2 dataset. a) Sample C11C. b) Sample C13C.
c) Sample C14C.

Table 2.3: Harvest dates for each treatment and block.

Treatment | Harvest Date
TO B1, B2 and B3 second week of July
T2 Last week of April
T4 B1 and B2 last week of April; B3 first week of June
T6 B1 and B3 first week of June; B2 second week of May

Annotation Details

Table[2.1|summarizes the annotation details (see the UruDendro2 row). In P. faeda, human
annotators labeled annual rings, earlywood-latewood boundary, and reaction wood (see
Figure[I.3). All image annotations were revised by more than one expert.

2.3.2 UruDendro4

Harvest Site

A total of 102 cross-sections of the species P. taeda were collected from the site known
as "La Altura", located approximately 4 km from the city of Tranqueras (31°13°30.2” S,
55°46°’53.6” W), Department of Rivera, Uruguay. Trees were felled using a chainsaw, and
four discs per stem were extracted at heights of Om, 3m, 6m, and 9m. An additional disc
was collected at 1.3m for the TO treatment. The samples were harvested in 2024, and the
specific harvest months are detailed in Table[2.3] Silvicultural treatments are described in

Table 2.4

The soils in the area are very deep, with limited drainage, loamy-sandy in texture, and
extremely low fertility, having a productivity index of 53. The dominant soils are Umbric
Albic Luvisols. These are classified as priority forestry soils and belong to the CONEAT
group 7.42. The terrain consists of gently rolling hills with slopes of up to 3%.

13
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Table 2.4: Description of silvicultural treatments: thinning schedule, tree densities before and
after thinning, pruning height, and current stand density.

Treatment Thinning timing | Pre-thinning density | Post-thinning density | Pruning height | Current density

[years] [trees.ha™'] [trees.ha™'] [m] [trees.ha™']
TO — Commercial management 11 600 350 5.5-8.0 350
T2 — Heavy thinning / High pruning 8 600 250 8.0 250
T4 — Current thinning / High pruning 8 600 350 8.0 350
- . . Ist: 8 Ist: 400
T6 — Two thinnings / High pruning ond: 18 600 2nd: 200 8.0 200

Figure 2.4: Example images from the UruDendro3 dataset. a) Sample TO_B1_N27_C. b)
Sample T2_B3_N9_C. c¢) Sample T4_B3_N1_C.

Image Acquisition

The discs were polished using an electric planer. In addition, TO samples were also sanded
using an electric belt sander. At the time of image capture, the discs were moistened.
Photographs were taken under varying lighting conditions: samples from T2 and T4 (B1
and B2) were photographed indoors under artificial white light; T6 (B2) samples were
photographed outdoors; T4 (B3), T6 (B1 and B3), and TO samples were photographed
outdoors in shaded conditions. All photographs were taken using an iPhone 15 Pro. The
minimum image width is 1317 pixels, and the maximum width is 4695 pixels. Figure 2.4]
illustrates some examples from the dataset.
Sample codes follow the structure:

TX BY NZ_W

Where T X indicates the treatment applied to the tree (0, 2, 4, or 6); BY refers to the block
(1, 2, or 3); NZ refers to the tree identifier (e.g., 3, 12, 23, etc.); and W refers to the sample
height (A = between 10 ~30 cm, B = 3m, C = 6m, D = 9m, and ADAP = 1.3m).

Annotation Details

Table 2.1] summarizes the annotation details (see the UruDendro4 row). In the case of P.
taeda, human annotators labeled annual ring boundaries (see Figure[T.3)). Initial ring pre-
dictions were generated using the CS-TRD method (Section [4.2)) and were subsequently
corrected by an expert.

14



2.4. Gleditsia triacanthos L.

2.4 Gleditsia triacanthos L.

Harvest Site

UruDendro3 is a dataset of seventeen RGB images of G. triacanthos, an angiosperm
species. Discs were harvested from the different campaigns. UruDendro3a is composed
of nine disc samples. In comparison, UruDendro3b is composed of eight disc samples,
which were collected from the site known as ’Campo La Nueva Zelanda’ (31°48°22.2"S,
56°04°19.2"W), Department of Tacuarembd, Uruguay in 2024. Trees were felled using a
chainsaw in both situations.

The soils at the UruDendro3b site belong to the CONEAT group G03.11. These
are low plains adjacent to drainage pathways, with virtually flat topography (0% slope),
although slight mesorelief may occur. The dominant soils are Melanic Luvic Gleysols
(humic gley soils), typically of fine texture and very deep, and Melanic Heterotextural
Fluvisols (alluvial soils), which also present variable textures and are very deep.

Flooding can occur for variable periods. The native vegetation typically consists of
riparian forest and parkland near watercourses, as well as hydrophilic grassland in more
distant areas. In areas with poorer drainage, tall grass wetlands may develop. Land use in
this group is mainly limited to summer grazing due to the flood risk.

The subzone GO3 corresponds to the Rio Tacuarembd unit in the 1:1,000,000 soil
map (D.S.F.) and includes the entire plains of the Tacuarembd and Negro rivers and their
tributaries. The productivity index of this soil group is 70.

Image Acquisition

UruDendro3a photographs were acquired in a laboratory under uncontrolled illumination
conditions, while UruDendro3b photographs were acquired in a laboratory under con-
trolled illumination provided by a 55 W LED lamp. The wood discs were sanded using an
electric sander in both cases. However, UruDendro3b samples were photographed while
moistened to enhance contrast. Images were captured with a Nikon D3100 camera posi-
tioned approximately 50cm from the wood surface. The minimum and maximum image
width is 4608 pixels. Sample images are shown in Figure [2.5] Figure [2.6]illustrate sam-
ple gttbo2 from the UruDendro3b dataset. The annual ring patterns are more difficult to
distinguish compared to those in the P. taeda dataset.

Sample code from the UruDendro3a dataset follows the structure gzX while sample
code from UruDendro3b follows the structure gftboX. In both cases, X is an integer
identifying the order in which the disc samples were photographed.

Annotation Details

Table[2.T|summarizes the annotation details (see the UruDendro3 row). Human annotators
labeled annual ring boundaries. Another expert in the field revised all annotations.
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Figure 2.5: Example images from the UruDendro3a dataset. a) Sample gtll. b) Sample gt6.
c) Sample gt8.

(a) (b) (c)

Figure 2.6: Image sample gttbo2 from the UruDendro3b dataset. a) Sample. b) Zoom In. ¢)
Zoom In with annual ring annotation overlapped in green.

2.5 Salix glauca L.

During this thesis, we also collaborated on the tree ring annotation for 50 samples of shrub
microscopy images of the S. glauca species. This constitutes a new collection, which we
have called Diskolsland.

Harvest Site

Shrubs were sampled in 2019 and 2020 in the Blasedalen valley on Disko Island (Qe-
gertarsuaq) ( 69°16’N, 53°27” W), in Western Greenland (Kalaallit Nunaat). The study
area is in the transition zone between continuous and discontinuous permafrost. The 2020
samples were collected from a snow-fence manipulation experiment conducted on a cut
stem (see [49] for more details on the site and sampling process). The 2019 samples
were collected using a systematic approach as part of a community-based dendroecolog-
ical (CBDE) sampling approach (see for more details). The shrubs were sampled
between 0- 160 m a.s.l. (i.e., the lowest elevation band in the landscape stratification out-
lined in [58]]). Each systematically selected shrub was excavated for these samples, and
the root collar was collected. The samples were cut into 12—15 pm thick microsections
with a rotary microtome (RM2245, Leica, Heidelberg, Germany).

Image Acquisition

Shrubs sections were stained with 1 % safranin and 0.5 % astrablue and permanently
fixed with Eukitt (BiOptica, Milan). Digital images of each section were captured at
100x magnification (Axio Scan Z1, Zeiss, Germany), resulting in a resolution of 2.26
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2.6. Kennel et al. Abies alba

(a) (c)

Figure 2.7: Example images from the Diskolsland dataset. a) Sample W_F09_T_S2. b)
Sample W_F10_C_S3. ¢) Sample W_F11_C_S1.

(b)

Figure 2.8: Example images from the Kennel dataset. a) Sample 1. b) Sample 4. c) Sample
7.

pixel/um. The minimum image width is 4472 pixels, and the maximum width is 21692
pixels. Figure 2.7]illustrates some images from the dataset.

Annotation Details

Table 2.T]summarizes the annotation details (see the DiskolIsland row). Human annotators
labeled annual ring boundaries. Another expert in the field revised all annotations. In total,
50 image samples were annotated.

2.6  Kennel et al. Abies alba

As the introduction mentions, Kennel et al. [26] published a dataset of seven images of
Abies alba. Most of these samples are older than the P. taeda, having more than 45 tree
rings. The minimum image width is 1024 pixels, and the maximum width is 1280 pixels.
Figure [2.8]illustrates some image samples from the dataset.

We were unable to process the annual ring annotations correctly. Therefore, tree rings
were annotated following the same procedure as the UruDendrol dataset. Only annual
ring boundaries are annotated on this dataset.
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2.7 Conclusions

Manual measurement of ring characteristics on wood discs, such as ring width, is costly,
as it requires the operator to be physically present with the sample and is time-consuming.
According to operator estimates based on manual measurements performed on samples
from the UruDendro2 dataset, measuring earlywood and latewood widths in four radial
directions took approximately 3 hours per disc. A similar amount of time was reported
by annotators for manually delineating annual rings in the images of the P. taeda species.
For G. triacanthos, annotators estimated that it would take up to 5 hours per image to
complete the annual ring annotations. In the case of S. glauca, the annotation process was
estimated to take approximately 1 hour per sample.

Digitizing the discs into images and applying automatic ring delineation techniques
can significantly accelerate this process. Once the images are properly acquired, measure-
ments can be carried out from any location, without requiring access to the physical disc.
Furthermore, once rings are digitally delineated, additional properties such as growth area
and perimeter can be computed automatically.

Creating image datasets with annotated rings is a crucial step in developing automatic
detection algorithms. Although time-consuming, these annotations must be produced with
high precision and are essential for the training and evaluation of such methods. In species
like G. triacanthos and S. glauca, ring annotation also demands a substantial degree of
expertise due to the difficulty in identifying ring boundaries.

All datasets will be publicly available and accessed at: |https://iie.fing.
edu.uy/proyectos/maderal
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Chapter 3

Pith detection

This chapter is largely based on the material published in [41] and on the work submitted
to the IPOL Journal entitled Implementation and Discussion of the “Pith Estimation on
Rough Log End Images using Local Fourier Spectrum Analysis”.

3.1 Introduction

Locating the pith of tree cross-sections is essential to identify (in basal discs) the first year
of growth and, therefore, the tree’s age. The pith has a different type of tissue than the
rest of the tree, with distinct physical-mechanical properties. Locating the pith is useful,
among other reasons, to detect growing eccentricity because in the natural process of
senescence of standing trees, the fungi that degrade the wood enter through the pith or
because the industry discards that part as it has different uses than the rest of the wood.
Moreover, some tree ring delineation algorithms are sensitive to a precise pith location
[4,117, 39, 44], mainly when those algorithms are based on the ring structure, a concentric
pattern similar to a spider-web as illustrated in Figure 3.1d. That figure shows some
examples of the diversity of images of tree slices. Ideally, the intersection point between
the perpendicular lines through the tree rings should be the pith. The spider web model
is only a general approximation. Real slices include ring asymmetries, cracks, knots,
fungus, etc., as seen in Figures [3.1p and [3.1k. Different species produce diverse patterns.
Moreover, gymnosperm species, as the ones illustrated in Figure and angiosperm
ones produce a different wood structure, as seen in Figure[3.9¢. Automatic pith detection
must be robust to such variations and perturbations.

As other authors (see [4} 39, 44]]), we employ the pixel pith model, which is essential
for the tree ring delineation method presented in Section However, for some species,
e.g. young shrubs (under 15 years old), the pith region constitutes a substantial proportion
of the cross-section, making it more suitable to model the pith as a region rather than a
single point.

This chapter presents several methods to locate the pith on cross sections automati-
cally. In the following sections we present the implementation of the method proposed
by Schraml and Uhl et al. [54]], the development of two real-time automatic detection
methods (APD and APD-PCL), the training of a YoloVS8 for this purpose (APD-DL), and
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(a) (b) (c) (d)

Figure 3.1: Some examples from UruDendrol dataset [40] (a to c). (d) The whole structure,
called spider web, is formed by a center (the slice pith), rays, and the rings (concentric curves).
In the scheme, the rings are circles, but in practice, they can be (strongly) deformed as long
as they don’t intersect another ring.

a rigorous comparison of these methods with public implementations of state-of-the-art
methods on various datasets. These contributions enhance the field of wood pith detection,
offering practical solutions and insights for real-time applications.

3.2 Previous work

Classical algorithms for pith detection follow a three-step approach based on the spider
web structure defined in Figure [3.1d. First, the normal directions of the ring structures
are estimated locally. Second, the intersection point of the lines defined by these normal
directions is computed, sometimes using an accumulator space in a Hough Transform-like
manner. Finally, a robust estimation of the pith location is extracted from the intersections
obtained in the previous step. On this line, Schraml and Uhl et al. [54]] proposed a method
that splits the wood cross-section into patches, estimating the patch’s orientation by 2D
Fourier Transform. They accumulate the patch’s orientation using a Hough Transform
approach and calculate the pith position as the maximum in the accumulation space.
Other Hough-based methods have appeared since Schraml et al. [54] contribution.
Kurdthongmee et al. [33] proposed the Histogram Orientation Gradient (HOG) to esti-
mate the tree ring local orientations in image patches and then compute their perpendicular
orientation as the normal local ring estimation. Local ring orientation is determined by the
value of the highest bin of the HOG; where i indexes the image patch. Intersection points
of all the local orientation lines are accumulated, and the point of maximum accumulation
is taken as the pith estimation. In the same line, Norell et al. [45] proposed two ways for
estimating the local orientations: quadrature filters and a Laplacian pyramids approach.
The pith position is estimated by accumulating the local orientations. The accumulation
image is smoothed with a Gaussian filter. Then a region-growing approach around the
global maxima is used to extract the pith position. Decelle et al. [6] proposed a method
based on an ant colony optimization algorithm for the line accumulation step. Firstly,
the method runs over the entire image, giving a peak candidate. Then, the procedure is
repeated in a square region centered around the first peak candidate. Local orientations
are computed using a smooth gradient-based method. Gazo et al. [15] proposed using a
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weighted line accumulation step, where the weight increments linearly according to the
distance from the outer edge so that the external growth rings have less influence than
the internal ones in the final result. They tested their method over computed tomography
images.

Deep Neural Network (DNN) methods have also been applied to solve the pith detec-
tion problem. Kurdhongmeed et al. [31], compared the effectiveness of two DNN object
detector models (YoloV3 and SSD MobileNet) to locate the pith. They trained the models
via transfer learning over 345 wood slice RGB images captured within a sawmill environ-
ment and used data augmentation techniques. The obtained models were evaluated over
a separate dataset of 215 images. Those images present several difficulty levels, from
clearly observable annual tree rings to images with annual ring features (highly) degraded
by the sawing process. The two DNN models were compared with the Kurdhongmeed et
al. [33] pith detection method. The authors claim that a pre-trained SSD MobileNet got
the minimum average distance error between all the evaluated methods, performing six
times better than a non-DNN method. Additionally, they reported that the pith detection
execution time in DNN methods is forty times lower than in non-DNN methods. Further-
more, Gillert et al. [17] proposed using a U-Net architecture trained to segment the pith
in microscopy images of shrubs, where the pith is modeled as a region in their work.

3.3 Implementation of the LFSA method

In this section, we analyze the method "Pith Estimation on Rough Log End images using
Local Fourier Spectrum Analysis" (here called LESA) [54], proposed by Rudolf Schraml
and Andreas Uhl in 2013, and propose a CPU Python implementation of it.

They proposed two algorithms for pith detection: the first is for RGB images, and the
second for tomographic images. Here, we implement the first one, depicted in Algorithm
Figure[3.2]illustrates the whole pipeline. The method requires an RGB image of a wood
slice and a background mask as input. Figure [3.2a] shows the masked slice, i.e., without
background. First, in the local_orientation_estimation function, the image is divided into
blocks, and for each one, a local estimation of the directions of the rings is made. The
method also produces a certainty score that measures the confidence in estimating those
local dominant orientations. Figure[3.2b|illustrates the normals to the local orientation es-
timation output. Only lines with certainty score higher than a parameter lo_certainty_th
are kept, i.e., the lines estimated with greater confidence. The closer lo_certainty_th is
to 1, the better. Then, in the m_accumulation_space function, the normals to the domi-
nant direction in each block are traced, and an accumulator space is defined to count the
intersections of the normals. Figure shows the accumulator space. Finally, in the
find_peak function, the position of the principal peak in the accumulation space is found,
which is the pith position. Figure [3.2d)illustrates the predicted peak in blue. The global
maximums of the accumulator space are colored in red.

Local Orientation Estimation The principal hypothesis for locating the pith is that
the normals to the local orientation of each ring cross the pith. The image is divided
into patches to estimate the local orientation of the tree rings. Inside each patch, the
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Algorithm 1: Pith Detection
Input: /m;,, // RGB wood cross-section image
mask, // Background mask
Parameters:
block_overlap, I/ Percentage of overlapping between patches. Patch
Stage parameter
block_width_size, // Defines the patch width. Patch Stage parameter
block_height_size, // Defines the patch height. Patch Stage parameter
fft_peak_th, I/ Frequency filter threshold (1). Local orientation
parameter
lo_method, /] Local orientation method. Local orientation parameter
lo_certainty_th, // Linear Symmetry threshold. Local orientation
parameter
acc_type, I/ Lines accumulation method. Accumulator Space parameter
peak_blur_sigma, // Gaussian blurring (o). Peak parameter
Output: Pixel pith location

1 I_lo < local_orientation_estimation(Im;,, mask, block_overlap,
block_width_size, block_height_size, f ft_peak_th, lo_method,
lo_certainty_th)

2 m_accumulation_space «— accumulation_space(l_lo, acc_type)

3 peak « find_peak(m_accumulation_space, peak_blur_sigma)

4 return peak

(d)

Figure 3.2: Pith detector pipeline. (a) Masked input image. The background is colored in
white. (b) Local Orientation output. The normals to the local patch orientation with good
certainty score are drawn. (c) Accumulator Space. (d) Pith's prediction is colored in blue.
Accumulator space maximums are colored in red.

22



3.3. Implementation of the LFSA method

rings appear as roughly parallel curves, as shown in figure To estimate their local
orientation, the authors use the fact that these patches can be approximated to simple
neighborhoods, as defined in [[19]: a 2D region in which the gray level changes along one
direction and is roughly constant along the other. The Fourier transform of a perfect simple
neighborhood is a line with a similar orientation as the direction of maximal variation of
the simple neighborhood. As the image departs from a pure 2D sinusoid, this line spreads.
The idea is to estimate the orientation of the line, which concentrates the energy in the
Fourier transform of the patch. Figure shows the spectrum of the patch illustrated
in[3.3a Note how the energy in the Fourier domain is concentrated around a line formed
by the two maximums and has the same orientation as the normals to the tree rings. The
real image is not exactly a simple neighborhood, as the rings are curves instead of lines,
and produces a noisy structure in the Fourier transform space that is not exactly a line.
However, the principal direction can still be estimated. To facilitate the detection of this
direction, the Fourier transform is filtered, as shown in Figure Further details can be
read in the reference paper.

Algorithm [2] describes the local orientation detection method. In line 1, the image is
split into patches. Three parameters are used:

* block_overlap, define the overlapping between patches/blocks. It takes values be-
tween 0 and 1. Figure [3.4a| and Figure 3.4b|illustrate patches with overlap = 0%
and overlap = 20% respectively,

* block_width_size, define the block width size in pixels,

* block_height_size, define the block height size in pixels.

The Fourier transform of each patch is computed in line 2, and the Fourier spectrum
of the patch is preprocessed in line 3. This stage includes two steps:

1. A band-pass filter is applied with the low frequency defined as w, and

the high frequency defined as w. These filter parameters are fixed once

and for all. Here block_height_size is the vertical dimension of the patch.

2. The frequencies lower than f ft_peak_th*M, where M is the maximum magnitude
of the patch Fourier Spectrum, are filtered out.

Figure illustrates the preprocessed Fourier Spectrum of a patch. In line 4, the
local orientation is computed for each patch. Four methods are proposed for the line
estimation, each one with a different way to estimate the certainty of the estimation:

» peak: The line is defined as the one that connects the frequency with the highest
magnitude in the Fourier space with the center. The certainty value is set to 1.

* [sr: local orientation is estimated by fitting a line, using a least squares method, for
the values of the preprocessed patch Fourier Spectrum (Figure [3.3c). The certainty
value is the absolute value of the coefficient of determination |R?|.

* wisr: local orientation is estimated fitting a line by a weighted least squares method
for the values of the preprocessed patch Fourier Spectrum (Figure [3.3c). The
weights are the square root of the Fourier magnitude. The certainty value is the
absolute value of the coefficient of determination |R?|.
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Algorithm 2: local_orientation_estimation
Input: /m;,, // RGB wood cross-section image
mask, // Background mask
Parameters:
block_overlap, //Percentage of overlapping between patches.
block_width_size, // Defines the patch width.
block_height_size, // Defines the patch height.
fft_peak_th, I/ Frequency filter threshold.
lo_method, /] Local orientation method.
lo_certainty_th, // Linear symmetry threshold. Formulation depends on
lo_method.
Output: list of lines

1 [_blocks, I_coordinates < split_image_in_blocks(Im;,, mask,
block_overlap, block_width_size, block_height_size)

2 I_fs_blocks < compute_fourier_spectrum(l_blocks)

3 |_pre_fs_blocks <« preprocess_fourier_spectrum(l_fs_blocks,
fft_peak_th)

4 [_lo « lo_linear_symmetry( l_pre_fs_blocks, lo_method)

5 [_lo_filtered « filter_lo_by_certainty( I_lo, lo_certainty_th)

6 return [_lo_filtered

(a) (b) ()

Figure 3.3: (a) RGB image patch. (b) The Fourier Spectrum of the image patch shown in (a).
(c) Preprocessed Fourier Spectrum of the same patch.
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* pca: Local orientation is estimated by extracting the orientation of the main direc-
tion using Principal Components Analysis. The certainty value is the ratio between
the first and second eigenvalues.

Finally, in line 5, the local orientations with a certainty value greater than a lo_certainty_th
threshold are kept. Figure [3.4]illustrates the local orientation estimation steps.

Accumulator Space The Accumulator Space (AS) is a matrix of the same dimensions
as the wood cross-section image. Two types of line accumulations are implemented:

1. Every pixel location where lines are intersected is incremented by one. Lines are
represented in the plane by the equation a*x + b¥*y + ¢ = 0.

2. Every pixel location where a line passes through is incremented by one. We used
the function ‘line‘ from the OpenCV Python package to represent a line over an im-
age. This function receives as parameter two pixel locations used as line extremes.
In our case, we pass the intersection between the image axis and the line.

Algorithm (3| implements the accumulation space logic. As inputs, it gets the list of
lines, [_lo. It receives the parameter type to indicate which type of line accumulator must
be used.

Algorithm 3: accumulation_space
Input: [_lo, // list of lines
Parameter:
type, I/ type of line accumulation.
Output: m_accumulation_space, // accumulator space matrix, same
dimensions as the image

1 if type > 0 then
/* Increment by one every pixel location where
two lines are intersected */
2 m_accumulation_space < lines_intersection_accumulation(l_lo)
3 end
4 else
/+* Increment by one every pixel location where
a line passes through x/
5 m_accumulation_space < lines_pass_through_accumulation(l_lo)
6 end
7 return m_accumulation_space

Peak estimation A Gaussian filter of kernel size o, is applied to the accumulator space
before predicting the pith location. The predicted pith location corresponds to the global
maximum. Their average location is returned if more than one global maximum is found.
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Chapter 3. Pith detection

Figure 3.4: Local orientation estimations steps. (a) The wood slice is split into non-overlapping
patches. (b) Example of splitting wood cross-section image with 20% overlapping patches.
(c) Local estimation of the line. The left image shows the preprocessed 2D Fourier Transform
of the patch. The center image shows the line, estimated by the PCA method, over the 2D
Fourier Spectrum. The right image shows the estimated line superposed to the patch. (d) A
line estimated within a given patch is traced over the whole slice. (e) The output of the local
orientation estimation. Only the lines estimated with a certainty score higher than a threshold
are traced. Blue dots indicate the patch centers. In this case, the pith location was estimated
using non-overlapping patches.

26



3.4. APD: Automatic Wood Pith Detection

Implementation We implemented the algorithm using Python 3.11. The README.md
file on the code repository contains all the information needed to run the code. The demo
requires, as input, an image of a tree slice.

The program is executed using the following command. As output, the method returns
the pixel position of the pith estimation.

python main.py —--filename IMAGE_PATH --output_dir OUTPUT_DIR

IMAGE_PATH refers to the directory where to search for the wood cross-section
RGB image file, and OUT PUT _DIR to the path where the output file will be written.
It has the following parameters, which can be set in the command line if needed

1. —new_shape One-sided image length after resizing, in pixels. The resizing is al-
ways in a square format. The default value is 1000, meaning the resized image is
1000 x 1000 pixels.

2. —block_width_size width block size in pixels (default 100 pixels)

3. —block_height_size height block size in pixels (default 100 pixels)

4. —block_overlap block overlapping (default 0.2, meaning 20%)

5. —lo_method Linear Orientation method (default PCA)

6. —lo_certainty_th Threshold to filter out less precise linear orientation (default 0.9)

7. —f ft_peak_th Threshold (1) to filter lower frequencies at the Fourier Spectrum
stage (default 0.8)

8. —peak_blur_sigma Kernel blurring size (o) applied over the accumulator space

9. —acc_type accumulator line logic. If it is set to 1, line intersection logic is applied.
If it is O, every pixel where the line passes through is incremented by 1.

3.4 APD: Automatic Wood Pith Detection

Here we propose an automatic pith detection method based on a model of the wood slice.
In a gymnosperm tree cross-section, as the ones shown in Figure [3.1] two types of struc-
tures are present: the rings formed by (roughly) concentric curves and, in some cases, the
presence of radial structures such as cracks and fungi. Both are fundamentally related to
the pith. The former is due to the growing process of the tree, which forms the rings, and
the latter is because the tree’s anatomy leads naturally to the radial characteristic of cracks
and fungus growing. The principal idea of the proposed method derives from this obser-
vation: we can locate the pith at the intersection of the lines supported by radial structures
and the perpendiculars to the rings.

The angiosperm tree cross-section structure is slightly different, as seen in Figure[3.9.
Still, it is also formed of radially organized cells, with texture patterns appearing at dif-
ferent pith radii. This produces visual macro structures that allow a similar approach to
determine the pith position as depicted in the previous paragraph.

27



Chapter 3. Pith detection

Not always do those hypotheses stand out completely. Sometimes, the ring structure

can be highly (locally) deformed, as in the presence of a knot. Sometimes, there are no
cracks or fungi present. However, in general, enough information is produced by the ring
structure and, eventually, by the presence of cracks and fungi to estimate the pith location
correctly.

Given an image of the tree cross-section, and using the spider web model illustrated

in Figure 3.1, the APD approach pseudo-code is described at Algorithm ] The main
steps are the following (see Figure|3.6|for more details):

Algorithm 4: APD

EEE7 I S T SR

3

10

11

12

Input: /m;,, // RGB slice image;

Output: Pith location

STo, STc < local_orientation(/m;,, st,, st,)
LO; < lo_sampling( STy, S T¢, lo,,, percent;o)
LOr — LO]

for iin 1 to max_iter do

if i > I then
| LO, « filter_lo_around_c,(LOy, ry, ;). // See Figure[3.6p

ciy1 < optimization(LO,) // Equation |i
if ||c;r1 — cill> < € then

Ci < Ciyl
break

Ci < Ciyl

return c;
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1. Local orientation detection (line 1 of Algorithm[d). To estimate the local orienta-

tion (LO), we compute the 2D-Structure Tensor [2] S T[p] at each pixel p using a
window of size st,, X st,,. Pixels in the window are weighted by a Gaussian kernel w
of parameter st-. The structure tensor is calculated as ST[p] = 2., wlr|S Ty [p —r]
where ST, p] is defined as

2
STolp] = [ (LpD) Ix[p]Iy[p]]

LIplLIpl  (Llp])?

where I,[p] and I,[p] are the first derivatives of image [ in point p along x and y,
respectively. We can re-write the 2 X 2 structure tensor matrix at pixel p as:

Ju Jiz

STlpl =

] [le 122]
The local orientation at pixel p is:

2J12

STolp] = %arctan( (3.1

Jo = Ju
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The coherence of the LO estimation in p is given by the relative value of ST[p]
eigenvalues A; and A; (where A is the largest and A5 is the smallest one):

(3.2)

-\
A1+ A

STclpl = (

The outputs of this step are two matrices: one of local orientations (S 7T¢) and one
of coherence (S T¢).

2. Local orientation sampling (line 2 of Algorithm{)). The LO estimations are sam-
pled in the following way: 1) § Tp and S T¢ are divided in non-overlapping patches
of size lo,, X lo,,. 2) We find the pixel p/ with the highest coherence (c{ligh) within

patch parch;. A minimum patch coherence st;, is defined. We assign S Tolp'] to
patch; in position pj ,if c;”.gh > sty,. To fix sty,, we calculate the value of S T¢ such
that a given percentage (parameter percentyp) of the LO in the slice has S T¢ > sty,.
Each LO is a segment lo; = p) p}, defined by the limits p} and p}. p}, is the mid-
dle pqint between them ( pf ). Giyen the local orientation @; = S To[pj ], points p}
and p}, are computed as p| 2= Do £ (cos(a)), sin(a;)).

Suppose N patches have coherently enough LO; the output of the step is a matrix,
LOy of size N x 4. In this way, lines are supported by the LO of all meaningful
structures in the cross-section, such as the rings. The pseudocode of the step is
described in the Appendix [A.T]

3. Find the center (line 7 of Algorithmd). Given the filtered local orientation matrix,
LO,, we define the following optimization problem: find c,,, the geometrical po-
sition that maximizes the collinearity between the lo; and a line passing by ¢, and

piLO. To this aim, we define the following cost function:
| &
hx.y) = 5 ) cos (0:(x.) (3.3)

i=1

Figure [3.5]illustrates the vectors involved in computing Equation (3.3). The angle
between pj pé and cpiLO is ;. The pith position ¢ of coordinates (x,y) is the origin

of a segment cpi. As cos(6i(x,y)) = —olilo”

, the optimization problem to be

lep’, 1P’ P
solved becomes:

1 [
Copr = Max —
‘ i=1 \ lepyollpipsl

s.t. ¢ € Slice Region

- _ 2
< CPro P\Psy >
(3.4)

4. To find the global maximum (c,),) of the former optimization problem, we use the
SLSQPE] algorithm [30]]. Problem has a global maximum and is unique if it is

!'Using the python implementation in scipy.optimize.minimize method.
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Chapter 3. Pith detection

restricted to the region of the wood cross-section. To initialize the SLSQP method,
we use the least squares solution of finding the point c;,;, which minimizes the
distance to all the lines in LO, within the slice.

5. Refinement (lines 4 to 11 of Algorithmd)). Once a candidate for the pith location
Copt 1 obtained, the optimization procedure (3.4)) is repeated using only the local
orientations within a squared region of size Sizejuqge /7y centered in c,p; (see Fig-
ure [3.6le). This step is repeated until the pith location doesn’t move more than a
given tolerance (¢ = 1073) or the iteration counter reaches max_iter = 5. This
approach avoids distortions introduced by an asymmetric tree ring growth pattern.

Figure 3.5: Cost function definitions

3.5 APD-PCL: PClines based Automatic Wood Pith De-
tection

The APD method described in Section[3.4]works fine when the ring structure gives enough
information. In some (rare) cases, the ring structure is not visible due to fungi or other
perturbations. In those cases, it is possible to solve the same problem using the lines
supported by the radial structure of those perturbations and the lines produced by the ring
structure. Hence, the APD-PCL version of the method is more robust and allows for the
successful treatment of cross-sections with highly degraded ring patterns. The price to
pay is a slower algorithm, as it includes a RANSAC-based clustering step.

The APD-PCL method selects which local orientations to consider in the optimization
problem of Equation (3.4). In general, the estimation made by the structure tensor calcu-
lation step is determined by the rings. Different perturbations also produce some LO, but
its number is minimal, and the lines they support don’t converge to the pith. In some (rare)
cases, the perturbations are so important that they overshadow the ring structure. In those
cases, the number of LO produced by the perturbations is more significant than those pro-
duced by the ring structure. The set of perturbations-related LO can be of diverse origin:
knots, fungi, cracks, and noise. Some of them (as fungi and cracks) have a typical radial
orientation, so the perpendicular lines to its LO converge to the pith. Considering this, we
modify Algorithm E], by including a post-processing step over matrix LOy, between lines
2 and 3. The rest of the algorithm is the same:
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(d) (e) ()

Figure 3.6: Principal steps of APD method (L04d image from UruDendro2 collection). (a)
Resized slice image, without background; (b) Sampled LO produced by the Structure Tensor
estimation; (c) Accumulation space defined by the LO supported lines; (d) Plot of the cost
function (Equation (3.3])), highest values in yellow; (e) Sub image built around the solution
¢y obtained after the first iteration; (f) Evolution of ¢;. The final solution is in blue; previous
iterations’ solutions are in red.

1. Use the PClines transform [8]] to convert each line into a point.

2. The PClines space is formed by two sub-spaces defined by a parameter d: the
straight space includes lines with orientations a; € [0, %] and the twisted space
lines with orientations «; € [Z,7]. As seen in Figure convergent lines in the
Euclidean space correspond to aligned points in the PClines spaces. This allows
the following steps:

(a)

(b)

Lines supported by LO produced by the ring structure converge somewhere
around the pith. They produce a line-shaped cluster in the PClines spaces
(Figure [3.7b] and Figure [3.7c). Working only in the [-d, 0] and [0, d] ranges
for the twisted and straight sub-spaces, we select the aligned points using a
RANSAC [12] approach. This avoids the use of points near the infinity. We
select the converging lines in each sub-spaces, excluding those simultane-
ously selected in both.

The previous step clusters all convergent LO  in the image producing the set
LO,ing. We rotate by 90 degrees all the orientations in LO; and repeat the
previous procedure to detect the converging ones. These rotated converging
lines cluster, LO,q4iq1, are produced by cracks, fungi, or similar structures.
Adding both gives the set:
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Chapter 3. Pith detection

LO})C””” = LOying + LOradial

(c) To make the line segment selection method more robust, we add a third
PClines transform using the lines supported by LOJ}ZC”"”. Most ring-related
LO and rotated LO generated by radial structures are expected to converge
(hence, to form a line cluster in the PCline space). Therefore, most of the
outliers should be removed at this step.

(a) (b) (c) (d)

Figure 3.7: Use of PClines to cluster converging local orientations for slice FO7e. (a) Local
orientations; (b) Selection of the converging segments in the twisted space using RANSAC
to fit a line (in red). Inliers are colored in green; (c) The same procedure is applied in the
straight space; (d) In blue, the converging LO (inliers from both sub-spaces) and the LO to
be removed in red.

Figure[3.8]illustrates the considered lines and the accumulation space of Equation (3.3)
without and with the PClines step. Note how the method filters out many non-convergent
lines and regularizes the cost function.

The APD-PCL method is similar to the APD one, but the PClines-based filtering step
diminishes the number of considered lines, filtering out many non-convergent ones.

(a) (b) (c) (d)

Figure 3.8: LO Accumulation space and cost function for slice FO7e with and without applying
the PClines filtering method. (a) LO Accumulation space without filtering; (b) cost function
without filtering; (c) LO Accumulation Space with PClines filtering; (d) cost function with
PClines filtering.
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3.6. APD-DL: Deep Learning based Automatic Wood Pith Detection

3.6 APD-DL: Deep Learning based Automatic Wood Pith

Detection

In Sections[3.4]and [3.5] we tackle the pith detection problem using a spider web model, as
in the classic image processing approach. Now, we present a Deep-learning approach that
learns the model from the data. Inspired by Kurdthongmee et al. [32], who used a YoloV3
model, we train a YoloV8 [25]] network using the datasets described in Section This
is an architecture tailored for object detection and segmentation. To train the model, we
need to supply a dataset of wood cross-section images, each labeled with the ground truth
pith location indicated by a bounding box, where the bounding box size is one-tenth of
the image dimensions.

We divide the data into five sets and use five-fold cross-validation. In each fold i,
we use one set (test;) for testing and the other four for training. The training process
in each fold is done as usual, and we use the produced model to label the data in fest;.
The process is repeated for all the folds. In the end, we have predictions for all the data,
and in each case, the used model was generated without the influence of the rest; data.
With the predictions for all images produced in this manner, we can deliver the metrics to
determine the method’s performance.

Table 3.1: Prediction results of 5-fold cross-validation for the APD-DL. The second to fourth
columns show the Mean (and standard deviation in parenthesis), Median, and Maximum nor-
malized error (defined in Section values. The last column shows the false negatives.
We use all the datasets together to train the model and calculate the performance within each
dataset.

Collection | Mean (Std) | Median | Maximum | FN
Urul+Uru2 | 0.55 (1.45) 0.18 11.32 2
Uru3a 0.13 (0.06) 0.13 0.27 0
Kennel 0.14 (0.07) 0.13 0.24 0
Forest 0.45 (1.85) 0.12 13.91 0
Logyard 0.52 (1.29) 0.27 7.51 0
Logs 0.22 (0.46) 0.13 4.42 1
Discs 0.23 (0.54) 0.14 5.67 0
All 0.33 (1.01) 0.14 13.91 3

Table[3.1] shows the results using normalized errors (see Section[3.8.2). Training with
such a high diversity of data produces state-of-the-art results. Results over each row (col-
lection) are calculated using the predictions and the bounding box center, produced during
the five-fold cross-validation with all the images in the seven datasets. In some rare cases,
this approach doesn’t give a prediction (hence a false negative). In those situations, the
method provides the center of the image as the pith position. This explains the relatively
large value of the Maximum error and the differences between the Mean and Median er-
rors. Besides the rare false negatives, the results are excellent. The last row depicts the
results for all the collections.
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Hyperparameters The algorithm was trained with 640 pixels width images (keeping
the aspect ratio), using a batch size of 16, for 100 epochs, with the optimizer AdamW
[38] (Ir = 0.002, momentum = 0.9) and yolov8n as pre-trained weights. All the network
was re-trained.

3.7 Datasets description

Figure 3.9: Examples of the used datasets. Species are (a-d) Douglas fir, (e) Gleditsia tria-
canthos, (f) Abies alba. Acquisition conditions: (a-c) in the field, with a smartphone camera;
(d-e) in the laboratory, with controlled illumination. The samples (d-e) were previously sanded
and polished. Images (a-c) didn't have any special treatment. a) Forest collection. b) Log-
yard collection. c) Logs collection. d) Disc collection. e) UruDendro3a collection. f) Kennel
collection.

The following datasets are used for evaluation of the pith detection methods:

* UruDendro dataset composed by two collections: 117 RGB images of Pinus taeda
and 9 RGB images of Gleditsia triacanthos. Both of them were acquired with a
smartphone under laboratory conditions. Pinus taeda dataset is composed of the
images of UruDendrol and UruDendro2 in Chapter[2] Gleditsia triacanthos dataset
is composed of the images of UruDendro3a in Chapter 2}

* Kennel [26]. A public dataset with 7 RGB images of Abies alba, polished and
acquired in controlled illumination laboratory conditions.

* TreeTrace [33]. It is a public dataset, with samples of Douglas fir taken at different
stages of the wood process chain. This dataset includes the following collections:

— Forest, 57 RGB images taken from the freshly cut logs with a digital camera.
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— Logyard, 32 RGB images of the same log ends, acquired with a smartphone
in the sawmill courtyard several days after the cutting.

— Logs, 150 RGB images acquired in the sawmill with a smartphone.

— Discs, 208 RGB images acquired with a 400 dpi scanner from sanded and
polished slices after several weeks of air-drying.

Table 3.2: Datasets description.

Collection Number of images Specie
UruDendrol + UruDendro2 117 Pinus taeda
UruDendro3a 9 Gleditsia triacanthos
Kennel 7 Abies alba
Forest 57 Douglas fir
Logyard 32 Douglas fir
Logs 150 Douglas fir
Discs 208 Douglas fir

Table summarize the used datasets. Figure [3.1| show images from the UruDen-
dro2 dataset, and Figure [3.9] show examples from the other collections. These datasets
convey a high degree of variability. It includes examples of gymnosperm (Pinus taeda,
Abies alba and Douglas fir) as well as angiosperm (Gleditsia triacanthos). Acquisition
conditions are also diverse, including images obtained with a smartphone in the forest
and the sawmill. Samples were acquired in the field with dirt, sap, or saw marks, and
others were obtained in controlled illumination conditions in the laboratory from polished
samples. The samples include perturbations as fungi, cracks, and knots, as can be seen
in Figure [3.1] and sap and saw marks (Figure [3.9b and Figure 3.9d). All have the ground
truth position of the pith. Considering all datasets, we work with 580 images.

3.8 Results and discussion

3.8.1 Preprocessing

Sometimes, the images are acquired in the field with a smartphone camera, and one image
can contain more than one cross-section. Regardless of the method used, all images are
preprocessed in such a way as to standardize the image input:

1. Background substraction. Produce a new image limited to one slice. To this aim,
when possible, we filter out the background using the mask provided in the datasets.
If the mask is not provided, we use a deep learning-based method [50], which uses
an U?Net to segment salient objects.

2. Resize the image. This step, which is not strictly necessary, allows us to fix the
algorithm’s parameters once and for all. All images are resized to 640 pixels width,
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Table 3.3: Results on all the datasets. Normalized errors. We show the mean error and the
standard deviation between parenthesis. Uru 142 stands for the union of UruDendrol and
UruDendro?2 collections.

| Urul+2 | Uru3a | Kemnel | Forest | Logyard | Logs | Discs
LFSA [54] 1.03 (0.85) 1.46 (0.97) 0.42 (0.18) | 0.80(0.36) 1.02 (0.62) | 0.80(0.46) | 0.72(0.43)
ACO [6] 2.23(6.64) | 4.52 (11.96) 0.2 (0.06) 0.24 (0.24) | 0.60 (1.11) | 0.46 (0.45) | 0.24 (0.35)
APD-PCL 0.42 (0.34) 0.74 (0.54) 0.19 (0.10) | 0.81(0.98) | 0.82(0.84) | 0.52(0.47) | 0.46 (0.57)
APD 1.02 (2.45) 0.55 (0.30) 0.14 (0.06) | 0.22 (0.18) | 0.35(0.17) | 0.29(0.33) | 0.26 (0.42)
APD-DL 0.55 (1.45) 0.13 (0.06) 0.14 (0.07) | 0.45(1.85) | 0.52(1.29) | 0.22 (0.46) | 0.23 (0.54)

respecting the original image’s aspect ratio using Lanczos interpolationE]

3.8.2 Normalized errors

Given the cross-sections’ diverse dimensions, presenting the errors in pixels is not in-
formative. Additionally, not all datasets provide millimeter pixel relations. We use the
percentage of the equivalent slice radius. Given a prediction P; and a Ground Truth GT3,
this error is calculated as follows:

100 x Dist(P;, GT;)
Equivalent_radii(image;)

Err; =

Where Dist(P;, GT;) is the Euclidean distance between the prediction and the Ground
Truth, in pixels. Remember that the pith is modeled as a point in the image within this
work. Therefore, Dist(P;, GT;) is the distance between points. Equivalent_radii(image;)
(in pixels) is half the biggest side of the rectangle that circumscribes the slice.

3.8.3 Experiments

The method to fine-tune the APD-DL method is explained in Section[3.6 To determine the
best parameters’ values for ACO, LFSA, APD, and APD-PCL, we minimize the average
of Euclidean distances between the ground truth and the predictions for all used datasets.

For the APD and APD-PCL methods, the parameters ransac_outlier_th (0.03), st,(1.2)
and r¢(7) were set after experiments over a few images. The fixed values are shown in
parentheses. The rest of the parameters, percentro, st, and lo,, were set searching the
minimum over the following grid: percent;p in [0.3,0.5,0.7,0.9], st,, in [3,7,9, 11] and
lo,, in [3,7,9, 11]. More details about the parameters are in Appendix[A.2]

Inferences were made using an Intel Core i5 10300H workstation with 16GB and a
GPU GTX1650 (when needed).

3.8.4 Results

In this section, a performance comparison is made between the mentioned methods. Ta-
ble [3.3] shows the performance of the proposed methods and two state-of-the-art ones

2We impose this restriction due to the GPU memory limitations encountered during the training
of the APD-DL method.
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[6,154], over the datasets presented in Section To compare different-size wood cross-
sections, we use the mean error and standard deviation using normalized errors. The per-
formance of the methods differs for each collection due to its specific characteristics re-
garding species, acquisition conditions, etc. Note that ACO was developed (and tailored)
for the TraceTree collections. Its performance degrades when tried on other species (such
as UruDendro collections). LFSA performance is more regular across collections. The
three methods proposed in this paper outperform ACO and LFSA on all collections. APD
and APD-DL perform better for almost all collections. APD outperforms APD-PCL for
all collections except UruDendro2, which has some images with fungi and cracks over-
shadowing the ring structure. Note that in all the cases, the precision of the pith detection
is very high.

Table 3.4: Results of all the methods over the whole set of images, i.e., merging all collections.
Normalized errors, number of false negatives, and execution time in milliseconds.

Method Mean | Median | Max | FN | Time (ms)
LFSA [54] | 0.83 0.72 5.03 0 627
ACO [6]] 0.79 0.21 36.39 | 2 918
APD-PCL | 0.52 0.34 4.33 0 2339
APD 0.42 0.19 1544 | 0 784
APD-DL 0.33 0.14 1391 | 3 209

Table compares the performance of all tested methods using the 582 images of
all collections. All methods presented in this paper outperform LSFA and ACO methods.
The APD performance is surpassed only by the APD-DL method but at the cost of some
false negatives: images in which APD-DL didn’t find a solution. We can see that APD
slightly outperforms the APD-PCL method. This is due to the RANSAC algorithm used to
cluster points in the PClines space. When there is no apparent clustering of points around
a line, RANSAC tries to fit a line anyway, selecting a wrong set of LO and producing
a wrong pith localization. This situation sometimes appears in the TreeTrace dataset.
Considering each method’s mean processing time per image, we must stress that APD-DL
and ACO methods run on GPU, while APD, APD-PCL, and LFSA run on a CPU machine.
Note that APD is roughly three times faster than APD-PCL. All in all, it is remarkable
that the "classic style" model-based proposed methods (APD and APD-PCL) and a Deep
Learning one (APD-DL) have similar performance and execution times, allowing real-
time applications with a CPU in the APD and APD-PCL cases. In Appendix we add
showcases illustrating how the different methods work under extreme conditions.

3.9 Conclusions and future work

This chapter addresses the problem of wood pith detection on tree slices using classic im-
age processing and machine learning-based approaches. Both approaches are determined
by the characteristics of the data used to tune the algorithm. In search of a more general
solution, we use a set of diverse datasets, which spans different species, acquisition condi-
tions, and perturbations (from cracks and knots to saw marks and dirt for images acquired
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on the field).

We proposed two real-time methods for tackling the pith detection problem based on
a spider web model. They have excellent performance and run in real-time on a CPU-
based machine, and the model allows a clear comprehension of the approach. The limited
number of parameters is understandable and can be fixed once and for all. Additionally,
we trained a Yolo V8 architecture for pith detection. It has better (although similar) per-
formance but has some false negatives and is more opaque concerning the meaning of its
millions of parameters.
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Chapter 4

Tree Ring Detection

This chapter is largely based on the material accepted at ICIAP 2025 “DeepCS-TRD, a
Deep Learning-based Cross-Section Tree Ring Detector” and on the work submitted to
the IPOL Journal entitled “CS-TRD: a Cross-Sections Tree Ring Detection Method”.

4.1 Introduction

Most of the available methods for dendrometry (measurement of tree growth rings) use
images taken from cores (small cylinders crossing all the tree growth rings) instead of
complete transverse cross sections. Figure 4.1]illustrates some core images. Using cores
for the analysis presents some advantages. The rings are measured on a small portion of
the trunk, which can be assumed as a sequence of bands with repetitive contrast, simplify-
ing the image analysis. However, this method provides limited information on annual tree
growth because it results in a circular approximation based on a rectangular section. In
many cases, ring growth is not uniform along different orientations, leading to significant
errors. An application that needs the study of the whole cross-section is when studying
the angular homogeneity of the ring-tree pattern trying to detect the so-called compression
wood [9]] for which the lack of homogeneity in the growing pattern produces differential
mechanical properties. On the downside, cross-section analysis implies the felling of the
tree and includes the challenge of generating a pattern of (almost) concentric closed curves
representing the tree rings. As Figure shows, several factors increase the difficulty of
the task: wood knots, fungi appearing as black spots with shapes following radial direc-
tions, and cracks that can be very wide. Moreover, ring boundaries are a small portion of
the disc as seen in Figure [4.3]

This chapter presents a founded method for automatically delineating tree rings on
cross-section RGB images. The approach takes advantage of the tree cross-section’s gen-
eral structure and redundant information on a radial profile for different angles around the
tree’s pith.

Section [4.2] briefly reviews previous work in the field. Section {4.3] describes the
proposed automatic cross-section tree-ring detection algorithm (CS-TRD). Section [4.4]
presents in more detail the algorithms. Section .5] presents a modification of the edge
detection step in the CS-TRD method, replacing it with a U-Net model trained to seg-
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Figure 4.1: Examples of core tree-ring images taken from a dataset with 239 images [1I].

ment annual tree rings. Next, section [4.6] describes the INBD algorithm, a deep learning
method originally developed for delineating annual rings in microscopy images of shrubs,
which is evaluated in our datasets. Section [4.7] presents the datasets for developing and
testing the proposed approach, and section[4.8]discusses experimental results. Section[4.9]
concludes and propose future work. Appendix [B]describes secondary experiments.

4.2 Previous work

Tree ring detection is an old and essential problem in forestry. It has multiple uses in
dendrometrology, dendrochronology, ecology, forest management, and other applications.
Due to species idiosyncrasies, many practitioners still use a manual approach, using a ruler
or other (manual) tree-ring measuring system. This is a tedious and time-consuming task
that requires an expert operator.

Among the strategies proposed in recent years for the automation of tree ring de-
lineation over wood cross-section images, we can mention the classic image-processing
approaches that try to detect borders and then reconstruct the ring pattern [4} 22} 26, 39,
46, 161]] and the algorithms based on deep learning methods which try to learn the solution
from the data [17]. The core approaches are more extended, resulting in a significantly
greater number of data sets. Hence, the deep learning methods are generally designed for
core dendrometry [10} 47].

Cerda et al. [4] proposed a classic image processing approach for detecting entire
growth rings based on the Generalized Hough Transform. This work already suggests
using the general geometrical structure of the tree rings, which we use in our approach, as
illustrated in Figure [#.4] Norell et al. [46] use the Grey Weighted Polar Distance Trans-
form to process end faces acquired in sawmill environments. Still, the method implies
using rectangular sections, including the pith, and avoiding knots or other disturbances,
diminishing the generality of the approach. Zhou et al. propose a much simpler method
[61], which resembles the traditional manual procedure in which two perpendicular lines
across the slice are traced. The watershed method is applied to the profiles to obtain the
peaks corresponding to each ring. Henkel et al. use an active contours approach [22]
alone or coupled with a Dual-Tree Complex Wavelet Transform [26] based on the evo-
lution of a partial differential equation that includes terms related to the image content
and to the curve itself. Many PDE-based algorithms are time-consuming, making them
difficult to use in real-time applications. Makela et al. [39] proposed a method based on
Jacobi Sets to detect the ring pattern and pith location. All these methods rely on detecting
the edges corresponding to the tree rings and different strategies to reconstruct the pattern.
In all cases, the pith is the center of a general structure. Most of these works were tested
against a few images (ranging from 2 to 20). Unfortunately, the code and used images are
unavailable in these cases for testing and comparing the results with other methodologies.
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(a) F02a (b) FO2b (c) FO2c

(d) Fo2d (e) F0O2e

(g) FO7b (h) LO2b (i) LO3c

Figure 4.2: Some examples of images from the UruDendro dataset. Note the variability of
the images and the presence of fungus (L02b), knots ( FO7b and L03c), and cracks (F02a,
FO02e, and L0O2b). The first five images are from the same tree at different heights, as the text

explains in Section
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Figure 4.3: Accurate detection of tree ring boundaries in images is critical. (a) Wood cross-

section image. (b) Zoomed-in view of the red patch in (a). (c) The same view with ring
boundaries in blue. The ring thickness is set to 1 pixel.

(b) (c)

Deep learning approaches have become more prevalent in recent years and have nat-
urally been applied to this problem, tangling the ring detection tasks as a segmentation
problem. Two architectures are frequent: U-Net and Mask R-CNN [52]]. Gillert et al.,
[[L7] proposed a method for cross-section tree-ring detection named Iterative Next Bound-
ary Detection Network (INBD) based on the U-NET architecture and applied it to high-
resolution microscopic images of shrub cross-sections. The method infers the annual ring
at each iteration step, detecting ring by ring from the pith to the tree’s bark. INBD was
trained and tested on shrub microscopic images. It uses the standard cross-entropy as the
main loss for the ring detection network.

Besides the INBD method, most deep-learning-based approaches are applied to core
images. Polek et al.[47] used a Mask R-CNN deep learning architecture to detect the
rings on cores of coniferous species. During network training, they use the mean average
precision (mAP) as a loss function. Fabijariska et al. proposed a classic image-processing
approach [11] (based on the linking of maximum image gradient pixels) and a convolu-
tional neural network based on a U-Net architecture [[10] for detecting tree rings over core
images. Comparing both methods, they reported a significant improvement in precision
and recall for the deep learning approach compared to a classic one. The U-Net network
was trained to minimize the categorical cross-entropy loss function.

Still, the scarcity of annotated tree ring image datasets is a significant problem in
the area, as the methods must be tailored to the particularities of each species. Gillert
et al., [17] made available a dataset of 213 high-resolution shrub cross-section annotated
images, roughly similar to the Salix glauca species (see Figure[d.18d). Kennel et al. [26]
made available a dataset of 7 cross-section images of Abies alba species, but the ring
annotations are not fully accessible. Regarding cores, Polek et al. [47] made available a
dataset of 2601 image patches (similar to the red rectangle in Figure [4.3p) with their ring
annotations for Picea abies, a coniferous.

The INBD method is the only one adapted to treating full cross-section images for
which we can access the code, allowing us to compare it with the proposed approach.

In short, existing deep learning-based methods are almost all for cores, and the ab-
sence of labeled databases makes it difficult to use them on complete slices. Classical
methods are generally based on edge detection and build rings out of them. Most reported
methods lack the code or the data to verify their claims. Still, their analysis leads to the
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assumption that the presence of perturbations such as fungus, cracks, and knots strongly
affects the performance because the construction of each ring depends on the previous
ones. Therefore, an error in the pith or center closest rings propagates to the rest of the
structure.

4.3 Proposed Approach

In this section, we present the main ideas of the method for tree-ring delineation over
RGB cross-section images, called CS-TRD for Cross-Section Tree-Ring Detector.

4.3.1 Assumptions

Our tree-ring detection algorithm is heavily based on the structural characteristics of the
problem:

e The use of the whole horizontal cross-section of a tree (slice) instead of a wood
dowel (or core), as most dendrometry approaches do.

* The following properties generally define the rings on a slice:

1. The rings are roughly concentric, even if their shape is irregular. This means
that two rings can’t cross.

2. Several rays can be traced outwards from the slice pith. Those rays will cross
each ring only once.

3. We are interested only in the rings corresponding to the latewood (darker
wood) to earlywood (lighter wood) transitions, namely the annual rings.

The principal idea of the method proposed in this work is the definition and use of a
general structure formed by the rings, as explained in Section |4.3.2

4.3.2 Definitions

To explain the approach, we need some naming definitions; see Figure[d.4] We call spider
web the global structure of the tree-rings we are searching for, depicted in Figure d.4p. It
comprises a center, associated with the slice’s pith, the origin of several rays. The rings
are concentric and closed curves that do not cross each other. Each ring is formed by a
curve of connected points. Each ray crosses a curve only once. The rings can be viewed as
a curve of points with nodes in the intersection with the rays. A chain is a set of connected
nodes. As shown in Figure d.4p, a curve is a set of chained nodes (small green dots in the
figure, noted p,). Depending on the position of the curve concerning the center, some of
those points are nodes (larger black dots in the figure, denoted N; hereafter). The larger
the number Nr of rays, the better the precision of the reconstruction of the rings. We fix
Nr =360. Note that this is the ideal setting. In actual images, rings can disappear without
forming a closed curve, the rings can be strongly deformed, etc. Figure f.4]c illustrates
the nomenclature used in this paper: Chains Chy and Chy., intersect the rays r;_, r; and
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Figure 4.4: (a) The whole structure, called spider web, is formed by a center (which corresponds
to the slice pith), N, rays (in the drawing N, = 18) and the rings (concentric curves). In the
scheme, the rings are circles, but in practice, they can be (strongly) deformed as long as they
don't intersect another ring. Each ray intersects a ring only once in a point called node. (b) A
curve is a set of connected points (small green dots). Some of those points are the intersection
with rays, named nodes (black dots). A chain is a set of connected nodes. In this case, the
node N; is the point p,. (c) Each Chain Chy and Chy,,, intersects the rays r;_y, r; and ri4p in
nodes N;_1, N; and N;,;.

ri+1 in nodes N;—_1, N; and N;;1. The rays determine a sampling of the curves, producing
chains, which merge to form a ring.

4.4  Algorithm

In this section, the method’s main algorithms are described. . Algorithm [5] depicts the
CS-TRD method and Figure [4.5|illustrates its intermediate results. The input is an image
of a tree disc. First, we subtract the background, applying a deep learning-based approach
[50] using a two-level nested U-structure (U ZNet).

Given the image without a background (shown in Figure.5p), we must find the set of
pixel chains representing the annual rings (dark to clear transitions). We need the spider
web center ¢ = (cy, cx), the disc’s pith, as input. This fundamental point can be manually
marked or automatically detected (see Chapter[3)). Here, we consider this point given.

4.4.1 Preprocessing

The first step in Algorithm[5]is to preprocess the input image to increase the method’s per-
formance. We resize the image to a fixed 1500 1500 pixels size via Lanczos interpolation
[16], then convert it to grayscale, and a histogram equalization is applied (Figure {.5).
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(e) (h) 0]

Figure 4.5: Principal steps of the CS-TRD algorithm: (a) Original image, (b) Background
subtraction, (c) Pre-processed image (resized, equalized, grayscale conversion), (d) Canny
Devernay edge detector, (e) Edges filtered by the direction of the gradient, (f) Detected
chains, (g) Connected chains, (h) Post-processed chains and (i) Detected tree-rings.
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Algorithm 5: Tree-ring detection algorithm
Input: /m;,, // input image
pith_location // pith’s coordinates, in pixels (cy, cx)
Output: tree-rings

1 image « preprocessing(Im;,) // resizing, grayscale conversion and image
equalization

2 edges « canny_devernay_edge_detector(image) // use Canny-Devernay
detector [21]]

3 edges « filter_edges(edges, pith_location) // preserve edges orthogonal
to rays emerging from the pith

4 chains <« sampling_edges(edges, pith_location) // re-sample edges along
the rays directions. See Algorithm [0]

5 chains < merge_chains(chains) // merge neighboring chains and
complete them if possible. See Algorithm 7]

6 rings <« postprocessing(chains) // see Algorithm

7 return rings

4.4.2 Canny-Devernay edge detector

Line 2 of Algorithm [5] corresponds to the edge detection stage. We apply the sub-pixel
precision Canny Devernay edge detector [7, [21]]. The output of this step is a list of pixel
chains corresponding to the image edges. Besides some noise-derived ones, we can group
those edges into three classes:

e Edgesy: produced by the tree growing process. It includes the edges that form
the rings. Considering a pith outward direction, they can be of two types: those
produced by early wood to late wood transitions (clear to dark) and latewood to
early wood transitions (dark to clear). We are interested in detecting the later ones,
hereon called annual rings.

» Edgesg: radial edges produced by cracks, fungi, or other phenomena.

* Other edges produced by wood knots and noise.

The Canny Devernay edge detector has three parameters: The standard deviation of
the Gaussian kernel o, and the gradient modulus thresholds t;,,, and thy;g,, for the hys-
teresis filtering of the edge points. We only adjust the parameter o-; the other two are fixed.
Figure[d.5d shows the output of this stage. We slightly modified the Canny-Devernay filter
implementation [21]] to obtain the matrices G, and G,, which contain the gradient com-
ponents in the x and y directions, respectively. These matrices are used in the filter_edges
step.
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4.4.3 Filtering the edge chains

Line 3 of Algorithm[5|corresponds to the edge filtering stage. Given the center ¢ = (cy, cx)
and a point p; of an edge curve, the angle 6(cf)i,G_;,i) between vector c¢p; and gradient

g .
vector G, at p; is:

> G_).
u) 4.1

S
leBilllGp,l

We filter out all points p; for which §(cp;, G?,i) > a. We fix @ = 30 degrees.

Two edge groups are filtered out: earlywood transitions of the Edgesr set gradients
(pointing inward), and Edgesg set gradients, roughly normal to the rays. The algorithm
produces a list of edges, primarily the ring’s edges, and the disc perimeter is placed in the
last position. Figure 4.5 shows the output of this stage.

) (cf)i, G;l.) = arccos(

4.4.4 Sampling edges

Line 4 of Algorithm [5] is the edge sampling stage which produces the nodes depicted in
Figure 4.4p. We sample each curve of the edges list, computing the intersection with the
rays defined in Figure .4p. Algorithm [6] shows the method’s pseudo-code. It has two
parameters: N, (360 by default) and m,, the minimum number of nodes in a chain. As
every chain has two endpoints, we fix m, = 2. The algorithm produces a list chains (of
Chain objects). List include two artificial chains, one of type center with N, nodes and
the exact pith coordinates but different angular orientations, and one corresponding to
the border (disc’s perimeter). These artificial chains are advantageous for the connecting
chains stage, discussed in the next section, as they impose an inward and outward bound-
ary structure (see the Appendix [B|for more details). The attribute rype of the Chain object
indicates whether it is an artificial or standard chain.

The rays defined in Figure [d.4p (I_rays) are computed in line 1 of Algorithm|[6] Edge
curves edges are sampled in function intersections_between_rays_and_devernay_curves
(line 2). To do so, we calculate the intersection between each curve and each ray in /_rays
using the intersection method of the shapely library [18]]. Finally, in line 4, artificial chains
are added to the chain list.

Figure [4.5f shows the output of this step. Standard chains are in red, and center
and border chains are in black. Due to the sampling, there are fewer chains than edges.
Figure 4.5k has more (noisy) curves around the pith than Figure d.5f. Some small curves
with sampled lengths shorter than m, are discarded. In that sense, this parameter filters
out "short" chains.

Every chain has two endpoint nodes. Endpoint A is always the furthest node clock-
wise, while endpoint B is the most distant node counterclockwise. Given an endpoint, a
chain has two attributes: outward and inward chains. Given the corresponding ray of a
chain endpoint, we find the first chain that intersects it going from the chain to the cen-
ter along the ray (named inward) and the first chain that intersects that ray moving away
from the center (named outward). In Figure.6] chains are superposed over the gray-level
image. The ray at endpoint A is blue, and the nodes are red. The visible chains for the
black chain at endpoint A are in orange (outward) and yellow (inward).
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Algorithm 6: Sampling Edges
Input: edges, // list of curves
pith_location, // pith coordinates in pixels: center of the spider web
Parameters:
m, // minimum length of a chain
Nr [/ number of total rays
Output: A list chains where each element is a chain

1 [_rays < build_rays(Nr, pith_location)

2 chains «
intersections_between_rays_and_devernay_curves(pith_location,
[_rays , edges, m., Nr)

3 pith_chain, border_chain < generate_virtual_chains(pith_location, Nr,

chains)

chains < chains U pith_chain U border_chain

return chains

(7 B N

Given EndPoint; for the current chain Chj, and EndPoint; for chain Chy, we can
define:

¢ Euclidean distance

2 2
d, = \/(xj —x) + (v - %) 4.2)
Where (x;,y;) and (xx, yi) are the cartesian coordinates of EndPoint; and EndPoint.

¢ Radial Difference distance
drg = |Irj — rell 4.3)

r; is the Euclidean distance between EndPoint; and the pith center, and ry is the
Euclidean distance between EndPoint; and the pith center.

* Angular distance
da = (0; - 0 + 360) mod 360 (4.4)

Where 6; and 6 are the ray’s direction supporting EndPoint; and EndPoint; (both
in degrees), respectively, mod refers to the modulus operation.

4.45 Merge chains

We must now group the chains to form rings (Line 5 of Algorithm [5). As this section is
a key part of the algorithm, we will divide it into two subsections: one that explains the
general idea of merging chains and another that details the algorithms themselves.
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Figure 4.6: A given chain (in black) with two endpoints A and B. Its nodes (in red) appear
at the intersection between the Canny Devernay curve and the rays. The ray at endpoint A
is in blue. Other chains detected by Canny Devernay are in white. Endpoint A's inward and
outward chains are in yellow and orange, respectively.

Figure 4.7: An illustration of the connectivity issue. (a) The question is if endpoint A of
Ch; must be connected to endpoint B of Ch, (red dashed line) or to endpoint B of Ch
(blue dashed line). In figure (b), the same question can be posed for the connection between
endpoint B of Ch; and endpoint A of Ch,. This connection is forbidden because Ch; and Ch;,
intersect (the endpoints are on the same ray). Note that we represent the connections by line
segments for clarity, but these are curves in the image space, as we interpolate between chain
endpoints in polar geometry. Each node is defined by an angle and radial distance from the
pith (see Equation ([4.3)). Given the endpoints of the chains to be connected, we perform a
linear interpolation in polar space to link the chains. This approach ensures that the newly
formed chains intersect with a radial line, allowing each connection to have a node at the radial
intersection.

General Logic of Chain Merging

The input of the algorithm is a set of chains. Some of these chains are spurious, produced
by noise, small cracks, knots, etc., but most are part of the desired rings, as seen in Figure
H.5F.

In general, a ring is composed of multiple chains. To merge them, we must determine
whether the endpoints of two given chains can be connected, as illustrated in Figure 4. 7h.
A support chain (denoted as Chy in the figure) is used to decide whether the chains should
be merged. In this context, we use the terms "connect chains" and "merge chains” inter-
changeably.

To group chains that belong to the same ring, we proceed as follows:

1. We order the chains by length and begin by processing the longest, called Chain
support, Ch;. Once we finish merging all the possible candidate chains related to
that one, we do the same with the next longest chain, and so on. The reason for
processing the longest chains first is that longer chains contain more information

49



Chapter 4. Tree Ring Detection

Figure 4.8: Connectivity nomenclature. (a) For the chain support Chy, the set of chain
candidates is formed by Chy, Chy, Chy, Chs and Chg. Chain Chs is shadowed by Ch; but Chs
is not shadowed by Chg because at least one endpoint of Chs is visible from Chy. Note that a
chain becomes part of the candidate chains set if at least one of its endpoints is visible from
the chain support. (b) Quantities used to measure the connectivity between chains. 6R; is the
radial difference between two successive chains along a ray r; and 6N; is the radial difference
between two successive nodes N; and N;;;. Note that these nodes can be part of the same
chain or be part of two different chains that may be merged. Ch; is the support chain. Ch;
visible chains are Chj, Ch; and Chy. Chains Ch; and Chy satisfy similarity conditions. (c)
Chains Chj and Chy are candidates to be connected, and Ch; is the support chain. N;? (N))
are the nodes of Ch; (Chy), with n = 0 for the endpoint to be connected, and r, represents the
radial distance to the pith. In red are the nodes created by an interpolation process between
both endpoints.

about the tree ring structure, giving more robust results. Longer chains are more
likely to be an edge belonging to an annual tree ring. Since consecutive rings have
similar shapes, this iteration method propagates the shape of the longer chains.

2. We find the chains that are visible from the Chain support inwards (i.e., in the
direction from Chain support to the center). Here, visible means that a ray that goes
through one candidate chain endpoint crosses the chain support without crossing
any other chains in between. The set of candidate chains of the Chain support Ch;
is named candidatescy,.

In Figure this set is candidatescp, = {Ch1,Cha, Cha, Chs, Chg}. Chain Chs
is shadowed by Ch; and Chs is not shadowed by Chg because at least one of its
endpoints are visible from Chg. The same process is made for the chains visible
from the Chain support outwards.

3. We explore the set candidatescy, searching for connections between them. By
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construction, the chain support is not a candidate to be merged in this step. From
the endpoint of a chain, we move clockwise or counterclockwise depending on
whether the endpoint is A or B. The next endpoint of a nonintersecting chain in
candidatescy, is a candidate to be connected to the first one. We say that two chains
intersect if there exists at least one ray that crosses both chains. For example, in
Figure , Chg intersects with Chs but not with Chy.

. To decide if both chains must be connected, we must measure the connectivity
goodness between them, combining four criteria:

(a)

(b)

(©)

Radial tolerance for connecting chains. The radial difference between the
distance from each chain to be merged (measured at the endpoint to be con-
nected) and the support chain must be small. For example, in Figure @.8p, if
we want to connect node N; of Ch; and node N;, of Chy, we must verify that

6Ri * (1 - ThRadialJ()lerance) < 5Ri+1 < 6Ri * (1 + ThRudialJolemnce)

Where Thrudial_tolerance 18 @ parameter of the algorithm. We call this condition
RadialTol.

Similar radial distances of nodes in both chains. For each chain, we define
a set of nodes. For the chain Ch;, this setis N; = {N?,le., - N;.”“"’“} where
Nnodes 18 the number of nodes to be considered, fixed to n,,4.s = 20. See
Figure 4.8c. We use the whole chain if it is shorter than n,,4.;. We mea-
sure OR;, the radial distance between each node in the given chain and the
corresponding node (same ray) in the support chain, as illustrated in Fig-
ure(@}). This defines a set for each considered chain j and k: Set; =
{0R’, ..,6R';"”"”} and Set;, = {5R2, ., OR"**}. We calculate their mean and
standard deviation Set;(u;, 0 ;) and S et (ux, oi). This defines a range of ra-
dial distances associated with each chain: Range; = (u;j — T hpisribution_size *
Oj,Mj+ T hpistribution_size * O'j) and Rangey = (ux — T hpistribution_size * Tks Mk +
ThDistribution_size * 0, k)’ where ThDistribulion_size is a parameter. There must
be a non-null intersection between both distributions to connect both chains:

Range; N Rangey # 0. We call this condition SimilarRadialDist.

Regularity of the derivative. Given two chains Ch; and Ch; which can be
connected, let’s call Chj; the set of interpolated nodes between them (Fig-
ure ). The new virtual chain created by the connection between Ch; and
Chy. will encompass the nodes of those two chains and Ch ;. The parameter
derivFromCenter controls how are estimated the interpolated nodes between
two chains, as the ones in red in Figure d.8c. If derivFromCenter = 1, ray
angle and radial distance from the center are used to estimate the position
of the interpolated nodes. If its value is O, the estimation is made by mea-
suring the radial distance to the support chain. To test the regularity of the
derivative, we define a set of nodes for each concerned chain. For the chain
Chj, this set is {N?, N ]1., N;"”d"‘r} where 1,,,4.s = 20 is the number of nodes
to be considered. If the chain is shorter, we use all nodes. We compute the
centered derivative in each node for all chains, SN® = M where rg
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Table 4.1: Connectivity Parameters. Each column is the parameter set used on that iteration.

1 2 3 4 5 6 7 8 9

T hRadial_tolerance 01(02101/02(01]02(01/02]0.2
ThDi stribution_size 2 2 3 3 3 3 2 3 3

T hgeguiar_derivative 1.5/15(15 (15115152 2 2
NeighbourhoodSize | 10 | 10 | 22 [ 22 |45 |45 |22 |45 | 45
derivFromCenter 0 0 0 0 0 0 1 1 1

is the radial distance of the node N° to the center (i.e., the Euclidean dis-
tance between the node and the center). The set of the existing chains nodes
is Der(Chj, Chy) = {6N7, ..., 6N, 6N}, ..., 6N;"***}. The condition Regu-
larDeriv is asserted if the greatest derivative in the interpolated chain is less
or equal to the greater derivative in the neighboring chains, with tolerance

ThRegular_derivative :

max(Der(Chjk)) < max(Der(Chj, Chk)) X ThRegular_derivative

(d) Non-Overlapping Chain. Finally, no other chain must exist between the
chains to be connected. If another chain exists in between, it must be con-
nected to the closer one. For example, in Figure {.8p, it is impossible to
connect chains Chz and Chs because between them appear Chy. We call this
condition ExistChainOverlapping.

Summarizing, in order to connect chains Ch; and Chy, the following condition
must be met:

notExistChainOverlapping N RegularDeriv A (SimilarRadialDist V RadialTol)
4.5)

where V and A stands for the logical or and and symbols, respectively, and the
symbol not stands for the not operator.

The method iterates, searching for connectivity between chains over different neigh-
borhood sizes. The parameter NeighbourhoodSize defines the maximum allowed
distance, measured in degrees, for connecting two chains. We iterate this process
for the whole image nine times. In the first iteration, there are a lot of small chains,
but as the iterations advance, the concerned chains are already more extended and
less noisy. As the merging process advances, we relax the parameters to connect
more robust chains. Table .1 summarizes the parameters used in each iteration.

5. We proceed in the same manner in the outward direction.

Algorithms description

Algorithm [/| describes the pseudo-code for the merge_chains method (line 5 in Algo-
rithm [5)). As previously described, the method iterates over nine parameter combinations
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(see Table [A.1)), which is reflected in the for-loop from lines 1 to 16. For each param-
eter combination (represented by the variable iferation), the algorithm iterates over all
chains in the list chains, using each one as a support chain to attempt merging with
other chains, as described earlier. Once a full iteration is completed, the process contin-
ues with the next parameter set. This procedure is shown between lines 2 and 12, where
Ch; denotes the support chain in the current iteration.

Given a support chain, the first step is to identify the visible chains (line 4). These are
determined in both outward and inward directions and stored in the lists 1 s _outward
and 1_s_inward, respectively. The merging process iterates over both sets (line 5).
The exploration of candidate chains, as detailed in Item E} is performed within the for-
loop from lines 6 to 11. For a given candidate chain Ch; from the set candidatescy,, the
algorithm seeks a chain Chy, to merge with. The first step (line 7) involves selecting the
subset of non-intersecting chains concerning Ch; from candidatescy,; these are grouped
inthe list valid_chains. Among these, the algorithm selects the one with the smallest
angular difference relative to Ch;, within an angular neighborhood defined by the param-
eter NeighbourhoodSize (see Table[d.T)), which corresponds to the current iteration.
This selected chain is referred to as Chy. The endpoint of Ch; to be connected is denoted
as E;.

If both chains satisfy the conditions specified in Equation (.5) (line 9), they are
merged (line 10). After the merge, Chy is removed from the chains list, and the up-
dated version of Ch; replaces the original in the list (line 11).

Once a complete iteration over chains for a given parameter set (iteration) has been
performed, the algorithm exits the main while-loop (lines 3 to 12). As a final step in the
iteration, the algorithm reviews all chains and completes those that contain more than
0.9 X Nr nodes, a fixed threshold. To complete a chain, the algorithm finds the closest
radial chain common to both of its endpoints (Ch;) and calls the close_chain method
(see Algorithm[9). Completing a chain involves adding new nodes via linear interpolation
(see Line [)) until the chain reaches Nr nodes.

Algorithm @ describes the logic for connecting chains Ch; and Chy, given a support
chain Ch;. Optionally, chains can also be connected using two support chains, as discussed
in the following section (see Section {.4.6)).

First, given the endpoint E; of chain Ch;, the corresponding endpoint E; of chain
Chy is identified (line 1). Lines 2 to 6 describe the logic for generating new nodes based
on one or two support chains. This procedure is detailed in Line ] Finally, in line 8, a
new chain is created by concatenating the nodes from Ch;, the interpolated nodes, and the
nodes from Chy.

Algorithm [9] describes the logic for completing the nodes of a chain using either one
support chain (Ch;) or two (Ch; and support2). First, the endpoints of the target chain (Ey4
and Ep) are obtained. Then, new nodes are generated via linear interpolation, following
the same procedure used in Algorithm [§] Finally, if no overlapping chain exists (see
Algorithm[I0)), the chain is completed.

Algorithm [I0]describes another key method, corresponding to the term
ExistChainOverlappingE] in Equation . This method checks whether any chains
overlap with a given band (see Figure[d.9). An overlapping chain is defined as any chain

I'The remaining terms in the equation involve straightforward calculations.
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Algorithm 7: Merge Chains
Input: chains
Output: chains

1 for iterationin 1 to 9 do

2 Ch; < find_support_chain(chains)
3 while Ch; do
4 I_s_outward, |_s_inward < find_visible_chains(chains, Ch;)
5 for candidatescy, in [I_s_outward, |_s_inward] do
6 for Ch; in candidatesc, do
7 valid_chains < find_non_intersection(candidatescy,,
Ch;)
8 Chy, E; < find_closest(valid_chains, Ch;, iteration)
9 if connectivity_goodness_condition( Chj, Chy, iteration)
then
/* Equation () is satisfied */
10 Chj < merge_two_chains(Ch;, Chy, E;, Ch;) I/ see
Algorithm §]
11 chains < update_chains_list( chains, Ch;, Chy)
12 Ch; « find_support_chain(chains)
13 for chain in chains do
14 if chain_nodes(chain) > 0.9 X Nr then
15 Ch; « get_common_chain_to_both_borders(chain)
16 L close_chain(chain, Ch;) // see Algorithm@

17 return chains

that has at least one node within the band that does not belong to either Ch; or Chy.

The band itself is defined by a node list, nodes, which includes the (interpolated) red
nodes as well as the endpoints of chains Ch; and Chy (Figure . This band is con-
structed using the InfoVirtualBand class. The width of the band, denoted as band_width,
is defined as a percentage of the radial distance to the support chain Ch;. If Ch; is of type
center, then band_width = 5%; otherwise, it is set to 10%. These values are fixed.

The algorithm iterates over nodes, and for each node it generates two new nodes lo-
cated on the same ray but at different radial distances from the pith, as shown in Figure[4.9]
For a given node N; € I_nodes, the radial distances of the corresponding band nodes are
computed as R (Nfree"/ red) — OR; (1 + band_width) + R(N;) where R(-) denotes the radial
distance to the pith, as defined in Equation . The nodes N;, N;.gm", and N}’ “d lie along
the same ray. The green and blue nodes are stored in the info_band object.

The function exist_chain_in_band_logic (line 2) returns the list of chains
that intersect the band defined by info_lband. This is done by iterating over each chain
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Algorithm 8: Merge Two Chains

LA - B Y I T

Input: Chj, // current chain to be connected
Chy, 1/ closest chain to be connected with Ch;
E;, //Chj endpoint to be connected

Chy, //support chain Ch;

support2 // Optional. Second support chain.
Output: merged chain

E; « get_opposite_endpoint(Ch;,E;, Chy)
if support2 then
\ interpolated < interpolate_nodes(E}, Ey, Ch;. support2)
end
else
‘ interpolated « interpolate_nodes(E;, Ey, Ch;)
end
merged < Ch; U interpolated U Chy,
return merged

Algorithm 9: Close Chain

N & AW

10
11
12
13
14

Input: chain, // Current chain to be connected
Ch;, /] Support chain Ch;

support2, // Optional. Second support chain
Output: closed chain

E,, Ep < get_chain_endpoints(chain) //locate nodes belonging to
non-angularly-consecutive rays
if support2 then
‘ interpolated « interpolate_nodes(E,, Eg, Ch;. support2)
end
else
| interpolated « interpolate_nodes(E4, Ep, Ch;)
end
/* See Algorithm */
if not exit_chain_overlapping(E4 U interpolated U Ep, chain, chain, Ch;)
then
| closed_chain « chain U interpolated
end
else
‘ closed_chain « chain
end
return closed_chain
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g

Figure 4.9: Red nodes are the interpolated ones between Ch; and Chy chains. Blue nodes
define the outer band (outward), while green nodes define the inward band. Ch; is the support
chain.

and checking if any of its nodes fall between the corresponding blue and green band
nodes. Chains that intersect the band are added to the list 1_chains_in_band. If the
length of this list is greater than zero, it indicates that at least one overlapping chain exists
within the specified band.

Algorithm 10: Exist Chain Overlapping
Input: nodes, // list of interpolated nodes plus the endpoints
Chj, I/ source chain. Check Figure 4.9
Chy, I/ destination chain. Check Figure
Ch;, // support chain
Output: Boolean. True if exists a chain belonging to chains in the band

info_band « InfoVirtualBand(nodes, Ch;, Chy, Ch;)
[_chains_in_band < exist_chain_in_band_logic( info_band)
exist_chain « len(l_chains_in_band) > 0

return exist_chain

AW N -

Generating new nodes

New nodes must be generated because the final chains cannot have holes. There are two
situations where new nodes are generated. One case is when two chains are connected
(Algorithm[8). In general, chains to be connected have an angular distance larger than two
rays between the endpoints. A ray defines a node, which gives the direction and distance
to the pith. We know the rays that lie between the endpoints that will be connected.
Therefore, we linearly interpolate the position of the new nodes between the endpoints
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Figure 4.10: Nodes interpolation between chain endpoints a) One support chain b) Two support
chains.

(for each ray direction, 6;, the radial distance for the new nodes is generated). When a
chain is completed, another similar situation is given (see Algorithm [9). In this case,
node interpolation is made between chain endpoints. Figure .10 illustrates the situation
described above. The angle of node N' k is known, Ql The radial distance to node N; i rl

We must compute the radial distance r . As known variables we have: 5R0 which is the
euclidean distances between nodes N? and Nl.j , and 6R2 , which is the dlstance between
nodes N,? and Nf . Additionally, the chain endpoint angles are also known 6? and 02, and
the radii. Therefore ri.k is computed as

sSR! B y SRS 0-5R? 9,
I a (4.6)
! _ spl
Tk = 5Rjk + rl.

Where sign indicates if nodes are generated inward (-) or outward (+) from the support
chain, and d, is the angular distance defined in Equation ({.4).

The other case occurs when node interpolation is performed between two support
chains, as in the Postprocessing step (see Section . In this case 7., is computed as

J
(see Figure[d.10p)

S0 _ ORY
J_ratio romward_or inward
0 = —t—
6Rk ratio rf]g‘[/e‘b‘”d_r{;g[%rd (47)
5R3'k = (%ﬁrmmgl + 6R2 ratw) x (r(];ﬁtward - ir];ward)
l”i.k = 6Rl + rzjrlzcward

Finally, once the euclidean distance to the pith (ri.k) is determined for direction 95,
node cardinal coordinates must be computed : x; < X, + réksin(ef) and y; < ypim +
! /
rjkcos(Hl.).
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4.4.6 Postprocessing

This final stage aims to complete the remaining chains, further relaxing the conditions.
Many chains are completed at this stage (size = Nr). We call them rings. We still have
some non-closed chains that can be noisy or be part of a ring but have not been com-
pleted for some reason. We use neighborhood chains to close or discard these remaining
chains. Figure illustrates a typical situation, with the closed chains in blue and
the non-closed ones in red. The method iterates from the innermost to the outermost
region. In this example, regions 0, 1, and 2 do not contain any candidate chains for con-
nection. However, in region 3, intersecting chains, Chgy, Ch;, and Chy, are present. As
shown in Figure [4.11b] chains are adjusted to eliminate intersections. Chy’s endpoint
intersects Ch along ray r,,, leading to split Ch; into two subchains, with endpoints at
rays rp—1 and r,+1. A similar adjustment is applied to Chj, split along ray ;. The next
step consists of reconnecting chains if the connectivity goodness conditions are satisfied
(Equation (#.5) with Table [d.1]'s last column parameters). Figure illustrates the re-
connection of chains.

Finally, in the last step of postprocessing, if the angular length of the chains within
the region exceeds 180 degreesﬂ as illustrated in Figure we consider that these
incomplete chains contain sufficient information about the ring. The chains are completed
in such cases, as shown in Figure by interpolating between the region’s boundary
rings in the positions of the existing chains (see Line [4)).

Algorithm [T describes the logic of the postprocessing stage (line 6 in Algorithm [5).
In line 1, the regions are constructed. A region is defined by two complete chains (i.e.,
chains with a total number of nodes equal to Nr) and the set of incomplete chains between
them. In line 2, the first region is extracted (the innermost one) to initiate the loop. The
main loop, which iterates over the regions, spans lines 3 to 22.

In line 4, the inner ring (ring1), the outer ring (ring2), and the chains within the region
(chains_in_region) are extracted. From lines 5 to 16, the algorithm iterates over the inter-
nal chains in chains_in_region, attempting to connect them as described at the beginning
of the section. In line 7, all candidate chains (candidates) that intersect chain at its end-
points are identified. In line 8, these intersecting chains are split. Then, in line 9, the
subset of non-intersecting chains within chains_in_region is selected. In line 10, the
closest chain is chosen from both sets: candidates and non_intersecting_chains.

If the candidate pair satisfies the connectivity conditions, the chains are merged (line
12). Unlike in Algorithm[7] in this postprocessing stage, the non-overlapping-chain con-
dition is not required (i.e., the term not ExistChainOverlapping in Equation #.5) is not
enforced). In line 13, the list chains_in_region is updated. In line 14, if chain has more
than 0.9 X Nr nodes (a fixed threshold), it is completed.

Once all internal chains in the current region have been processed, the loop terminates.
Finally, any chain with an angular span exceeding 180 degrees is considered complete.
For this purpose, chains are first sorted in descending order (line 17). Then, the longest
chain with more than 0.5 X Nr nodes is completed (see Algorithm [9). When a chain is
completed, the for-loop between lines 18 and 21 is exited, and the region is split into two
subregions (line 22). The inner subregion will be processed in the next iteration. If no

2This parameter is estimated based on the biological structure of the disc.
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Figure 4.11: Postprocessing general logic. a) The input is a list of chains, with completed
chains in blue and incomplete chains in red. Regions are labeled from 0 to 6. b) Chain Splitting.
Chains Chy and Chj, are split at the endpoints in rays r,, and r; to avoid intersections. ¢) Chain
Connection. Chains that satisfy the connectivity goodness condition are connected. d) Chain
Completion and Region Addition. Chain Chy is completed, adding a new region.

chain is completed, the algorithm proceeds to the next outer region relative to the current
one.

4.4.7 Implementation details

The implementation was made in Python 3.11. The README.md file on the code reposi-
tory contains all the information needed to run the code. The program requires, as input,
an image of a tree slice and the pith position. Table [4.2] summarizes the method parame-
ters, which the user can modify if needed. As output, the method returns a JSON file with
the tree-ring positions in Labelme format [59]. Note that the values of parameters a, N,
and m,. are fixed once and for all.
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Algorithm 11: PostProcessing

Input: chains
Output: A list of post-processed chains

1 regions < get_regions(chains)
2 current < get_next_region()
3 while current do

4

10

11
12

13

14
15

16

17
18
19
20
21

22

23

ringl, chains_in_region, ring2 < get_region_elements(current)
/* Merge chains in region */
chain « get_next_chain(chains_in_region)
while chain do
candidates « find_candidates_intersecting_chains(chain,
chains_in_region)
candidates « split_chains(chain, candidates)
non_intersecting_chains «
find_non_intersection(chains_in_region, chain)
Chy, E; « find_closest(non_intersecting_chains + candidates,
chain)
if connectivity_goodness_condition( chain, Chy) then
chain < merge_two_chains(chain, Chy, E;, ringl, ring2) //
see Algorithm §]
chains_in_region «
update_chains_list(chains_in_region,chain,Chy,)
if chain_nodes(chain) > 0.9 X Nr then
L close_chain(chain, ringl, ring2) // see Algorithm@

chain « get_next_chain(chains_in_region)

/* Close chains with an angle domain higher
than 180 degrees */
chains_in_region < sort_chains(chains_in_region)
for chain in chains_in_region do
if chain_nodes(chain) > 0.5 X Nr then
close_chain(chain, ringl, ring2) // see Algorithm@
L break

current < get_next_region(current)

return chains
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4.5. DeepCS-TRD, a Deep Learning-based Cross-Section Tree Ring Detector

Table 4.2: CS-TRD method parameters.

stage Parameter Description Default
Basic Edges detector —sigma Gaussian filtering o 3
Preprocessing —height Rezised image height None
—width Rezised image width None
Filtering, sampling Pith Position Required
connect
Advanced Edges detector —th_low Gradient threshold low 5
—th_high Gradient threshold high 15
Edges filtering —alpha Collinearity threshold () 30°
Sampling —nr Number of rays (N,) 360
—min_chain_lenght | Minimum chain length (m.) 2

4.5 DeepCS-TRD, a Deep Learning-based Cross-Section
Tree Ring Detector

In this section, the edge detection module from the CS-TRD method is replaced with a
U-Net [53]] model, a deep learning architecture designed explicitly for semantic segmen-
tation. U-Net architecture has demonstrated remarkable results in tree ring delineation of
cores [10]] and in microscopy images of shrubs [17].

By replacing the edge detection module in the CS-TRD method with this deep learning-
based model, we successfully extended its application to a diverse range of species and
growth forms. Notably, this enhanced approach works with angiosperm trees (i.e. Gled-
itsia triacanthos) and shrubs prepared using microscopy (i.e. Salix glauca). We refer to
this new method as DeepCS-TRD.

4.5.1 Algorithm

The DeepCS-TRD method maintains the principal steps of the CS-TRD but with a sub-
stantial modification: replacing the Canny-based edge detection step with a module based
on the U-Net architecture [53]] trained to segment ring boundaries. Algorithm [T2] shows
the pseudo-code of this step, which substitutes lines 2 to 4 in Algorithm 5] The method’s
inputs are an RGB image of a cross-section (/m;,,) and a parameter to indicate the image
is split into tiles of (tile_size) size, following the overlap-tile strategy described in [53]].
Additionally, the method allows to apply a Test-Time Augmentations (TTA) [28]] strategy,
which consists of fotal_rotation rotations around the pith location (cy, c¢,). The method
produces a list of continuous ring edge curves (I_ch;) and a list of pixels nodes (I_nodes;)
which are the input to the spider web model. In lines 1 and 2, the method initializes the
TTA rotation domain angles € and the probability map P. Then, between lines 3 and 7,
the inference loop iterates between the elements 6 € Q. In line 4, Im;), is rotated an angle
0 and stored in I,4474. In line 5, the ring boundaries are generated with the ring segmen-
tation model as illustrated in Figure 4.12] First, if needed, the image is split into tiles
with an overlapping of 10% (to avoid the tile border effects). The tiles are zero-padded
when necessary to ensure compatibility with the stride size (tile_size). Then, a probability
map is computed for each tile with a U-Net network. Finally, the probability map for the
whole disc (P;ozareq) 1s built (with the original image size). The average between the tile’s
probability map is assigned to the overlapping area.
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Algorithm 12: Deep Contour Detector

Input: Im;,: RGB slice image;

tile_size: Tile size (0 if no patching is applied);

total_rotations: Number of rotations applied to the image;

¢y, cx: X and y coordinates of the pith position;

Output: [_chy: list of continuous curve edges;

I_nodes;: list of nodes of the curves;

Q « arange(0, 360, 360/total_rotations); // Define rotation angles

2 P « Zero matrix of the same size as Im;,; / Initialize the probability map
// Process each rotation angle

for 6 € Q do

4 L orarea < rotatelmage(Im;,, cy, cx, 0); // Rotate the image around the
pith position

5 P,orarea < ringSegmentationModel(/, e, tile_size); I/ Apply the
segmentation model. See Figure {.12]

6 P < rotateImage(P,ysarea, €y> €X, —6); // Undo the rotation of the
probability map

7 P < P + P,,,; // Accumulate the rotated probability map

—

w

8 P « P/total_rotations; /| Average the probability map

9 M « P > 0.2;// Threshold the accumulated probability map

10 S « skeletonize(M); // Skeletonize the binary mask

11 m_ch, < findContoursCurves(S ); // Extract ring curves from the skeleton

12 Nx, Ny < getNormalComponent(m_ch,); // Compute normal directions
for each edge

13 m_ch; « filterEdges(m_ch,., Nx, Ny); // Filter edge curves. See
Equation (4.8)

14 [_chy,l_nodes; < samplingCurves(m_chy); // Convert curves to the
Spider-Web format

15 return [_ch,,l_nodes,; // Return the results

Once the probability map of the whole image (P;oqreq) has been obtained, the rotation
of angle 8 needs to be inverted (line 6, angle -6). Then, in line 7, the current probability
map (P,,,) is accumulated into P. In line 8, the average probability map is obtained.
In line 9, the probability map P is binarized with a 0.2 threshold to generate the mask
M. This low threshold is deliberately chosen, considering an additional filtering step in
line 13 that further refines the results. In line 10, this mask is skeletonized to improve
the tree-ring curve precision. Finally, curves are extracted from the skeleton S using the
Suzuki method [57] implemented in the function findCountour of the OpenCV library
[3]]. Figure d.13]illustrates the lines 8 to 11 steps. Figure d.13p shows the probability map
P for a disc region. Brighter pixels indicate a higher probability of belonging to a ring.
Figure 4.13c shows the skeleton S overlaid on the mask M, with colors representing curve
labels. The skeleton corresponds to the center of the mask. Finally, Figure d.13[ presents
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(c)

Figure 4.12: Ring Segmentation Model Inference. The input to the model is a complete cross-
section disc (a). (b) the disc is divided into square tiles. (c) and (d) Each tile is processed
individually using the U-NET network to generate its corresponding probability map. Finally,
the tile predictions are combined to reconstruct the probability map for the entire sample (e).
This procedure corresponds to line 5 of Algorithm

the extracted curves overlaid on the original image.

The normal component of each pixel belonging to a curve in m_ch, is computed using
a straightforward procedure (line 12). The pixels of each curve are ordered sequentially
from one end to the other. The tangent direction of pixel pg is T, = p1 — p—1, Where
p-1 and p; are the preceding and succeeding pixels along the curve, respectively. The
normal direction N, is then computed as a vector perpendicular to 7, given by N, =
(—T,,O,y, Tpo,x), where T;O = (Tpy,x> Tpy,y)- This ensures that N;O is orthogonal to the curve

at po. The point c is the pith location (cy, ¢y). In line 13, the angle ¢ between cpy and N_;,O
cﬁ(yN;O
||cﬁo||||N;0||)
We filter out all pixels po with normals not collinear and outbound oriented concerning
the ray’s direction at that point:

is computed as (cﬁo, N;O) = arccos (

@ < 8(cPo, Np,) < 180 — (4.8)

We set @ = 45 degrees. When a pixel pg is removed, the curve to which pg belongs is
split at that position. This step is straightforward because m_ch, is a matrix of dimensions
N x 2. Each curve is separated from the others by a row with values (-1, —1). Therefore,
if a pixel does not satisfy the condition in Equation (4.8), we insert the vector (-1, —1) at
its position.

Finally, in line 14, the curves in m_chy are converted into the format required by the
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Figure 4.13: Stages for extracting the ring edge curves. (a) Zoomed-in view of the RGB image.
(b) The probability map of the image section is shown in (a). (c) Probability map with overlaid
edge curves. (d) Extracted edge curves overlaid on the image.

spider web model, structured around a central pith, the origin of the rays. Each curve is
represented as a set of points, with nodes in the intersections of the curve with the rays.
The resulting sampled curve is called a chain. These chains have the notable property of
being non-intersecting, inspired by the biological characteristics of tree rings observed in
conifer species. More details can be found in Section [d.4]

Preprocessing The background was removed from all images using the U?-Net net-
work [50]] and manually corrected when necessary. Furthermore, portions of the image
background were cropped to focus on the cross-section so that the minimum distance be-
tween the disc and the image edges is 50 pixels. Images from all datasets were resized
to 1504x1504 pixels using Lanczos interpolation [16]. To complete the image size, if the
smallest dimension of the resized image does not reach the new dimension, a 255-value
padding was applied, maintaining the aspect ratio.

4.5.2 Network Training

Non-overlapping square tiles were used for training the U-Net network. Only the patches
with ring presence of each image sample were used. The tile size is a hyperparameter of
the training step (see Appendix [B.2) where 60% of the samples were used for training,
20% for validation and 20% for assessing the full tree-ring detection pipeline. Training
and validation subsets were split into patches to train and select the network’s hyperpa-
rameters. We also trained the network to predict the ring boundaries on the complete disc
sample.

The network was trained over 100 epochs where the Adam optimizer [29] was used
with an initial learning rate of le-3, while a cosine annealing schedule [37]] was applied

64



4.6. Iterative Next Boundary Detection for Instance Segmentation of Tree
Rings

%

(. :

Figure 4.14: Samples from the INBD EH train set. In the first row are the original samples,
and in the second row are the inference results of the corresponding samples.

to adjust the learning rate dynamically during training. The Dice Loss function was em-
ployed to optimize the model’s performance. The Resnet18 backbone, pre-trained on
ImageNet, was also used to enhance feature extraction. The network’s weights that result
in the lowest validation loss during training are selected as the optimal model.

Regarding data augmentation, in 50% of the dataset images, randomly selected, we
generate three augmented images: one with a random rotation around the pith, another
with occlusions simulating cracks or fungi, and a third with elastic deformations.

4.6 Iterative Next Boundary Detection for Instance Seg-
mentation of Tree Rings

In this section, we describe the Iterative Next Boundary Detection for Instance Segmen-
tation (INBD), a deep neural network-based approach originally presented in [17] and
developed for automatically delineating annual rings in microscope images of shrubs.
Figure [4.14] illustrates some examples of those images, part of the EH dataset [17]. We
train the network to automatically delineate tree rings in cross-section images of Pinus
taeda, Gleditsia triacanthos, and Salix glauca. As seen in Figure . T8] these images have
varying resolutions, and their textures differ significantly due to the species’ characteris-
tics.

65



Chapter 4. Tree Ring Detection
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Figure 4.15: Overview of the INBD pipeline. An input image is first passed through a U-Net
network that detects three classes: background (red), ring boundaries (white), and the pith
region (blue). A polar grid is sampled starting from the border of the detected pith region (the
first ring) and passed to the main INBD network that detects the next ring. This process is
repeated until the background is encountered. Image taken from [17].

4.6.1 Algorithm

Figure d.T3]illustrates the INBD pipeline. The input of the pipeline is a cross-section of a
tree image. The input image is first segmented into the background, ring boundaries, and
pith region. The cross-section image is then transformed into polar coordinates, with the
pith’s center as the origin. Rectangular image patches are extracted iteratively, allowing
individual ring segmentation from the inner one (closer to the pith) to the outer rings
(closer to the bark). In the second step of the INBD method, the segmented regions
obtained in the first step are used as follows: the pith’s center is used as the origin of
the polar coordinates transformation, the ring boundaries are used to determine the width
of the rectangular image patches and the background is used as a stop criterion in the
iterative process. The second step can be interpreted as a refinement of the pixels assigned
to the ring boundary category in the first step, followed by a transformation of these pixels
into the mathematical object curve. Both stages utilize a U-Net network. The following
paragraph provides a detailed description of each step.

Segmentation Network f This is a semantic segmentation network trained to detect
three classes: background, ring boundaries, and the center ring (pith). The network and

. . b . .
its output is denoted as f(I;) = (ypé;e 40 yi”‘rie 40 y;’r «q ) When applied on image I; where
bg

Y pred i yZ‘je ' y;’r «q i 4re the output of the classification layer of the same height and width
than I; of the classes background (bd), ring boundary (bg) and center (ct) respectivelyﬂ
Concerning the network architecture, a U-Net network is used with mobilenet31 backbone
pretrained on ImageNet, trained to optimize a combination of Dice and Binary Cross
Entropy losses:

3Note that the network outputs are not probabilities. To convert them into probabilities, the
sigmoid function is applied, as seen in loss functions like Binary Cross-Entropy or Dice Loss.
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(a) (b) (c)

Figure 4.16: INBD training data (a) FO2c Pinus taeda image sample (b) Labels for the tree
classes: background in green, rings boundary in black, and center pith in red (c) Zoom-In of
(b). Ring boundary thickness is set to 3 pixels. Additionally, ring regions are colored in blue,
though they are not segmented.

1 g BCE(ypred l’yt 1)
Li=— > (

N & 100

BCE (ypred 1’ytg l))

10

+ che(ypred l,ytg D)+

Where yt i ytg o yt ; are binary masks of the same height and width than I; of the
classes background (bg) ring boundary (bd) and center (ct) respectively and N is the size
of the training set. The different weights assigned to each loss component (1(1)0, , 110)
seek to compensate the class imbalances. Figure [4.16]illustrates a sample image of Pinus
taeda along with its three-class annotations. In Figure - the background class (ytg )
is represented in green, the boundary class (y 4y is shown in black, and the center class
(yt’ ), the pith, is highlighted in red. The ring regions are colored in blue, though they are
not segmented.

During inference, to identify the pixels belonging to each class, each matrix (ypre &
bd

Y preds? ypre d) is thresholde(ﬂ Values greater than O are set to 1, and the remaining values
are set to 0.

Polar Grid Starting from the boundary center of the pith which is the contour of the
region masked by y;’r .- iteratively a polar grid (hereon P') is generated which is the input

to the INBD Network g. The black dots in Figure illustrate the grid P' generated
at iteration i over the image sample. The polar grid Origin, illustrated in the figure, is
computed as the average of the pith boundary points. Polar grid dimensions are P’ €
RV*M ith N=256 a fixed resolution in the radial axis and M an adaptive resolution in the
angular axis.

Sampling points (black dots in Figure {4 are expressed in polar coordinates as
(pxy, (,ny), with x € [0, N] and y € [0, M] indices within the grid. Therefore, the boundary
point radii for the starting boundary (the pith contour) are pg’y. The length of the grid in
the radial dimension in pixels (i.e. pyy) is computed as the distance to the closest positive
value (1) in y* for each angle ¢. The length is set to 1.5 x 95%-th percentile of these

“Note that the network classification output can takes values below 0.
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/" Angular ¥
A

(pﬂ,ﬂr QN,O) seaas ‘(PO,D-.@D,OJ -..__ origin. : tpﬂ.M&ﬂ@O;”{Q} P AR AL,

Figure 4.17: Polar grid sampling. The predicted boundary by network f is Boundary;.,.
Boundary;'s elements determine the grid starting points. Image taken from [17].

distances (a fixed value), to make sure that most points are included and, at the same time,
filter out the outliers. The remaining radial values p are uniformly distributed along the
range: pxy = % (PNy — Poy)X + Poy-

The angular resolution M is variable between grids, in such a way that the angles ¢
have an approximately uniform Euclidean distance to each other across rings: since the
outer rings have a larger circumference than the inner ones, they should be sampled at a
higher angular resolution M. The value M’ for P’ is computed from the previous starting
boundary average radii:

with @ = 27, a hyperparameter that controls the general density of M’. The angles ¢ are
spaced uniformly along the full circle: ¢,, = %271’)7.

INBD Network g The main network, denoted as g, is another 2D convolutional seg-
mentation network that classifies each pixel as belonging to the next ring or not. This
second network has a similar architecture as the first one, except that it replaces standard
2D convolutions with circular convolutions to account for the whole circular structure.
Unlike network f, which classifies three classes, this network classifies only one. The in-
put is the tensor I' € REN*M wwhere the channel dimension C=6 is composed by the RGB
channels of the input image, the detected *background’ and the *boundaries’ outputs y¢
and y*? from network f, and the normalized radii p concatenated together. The pipeline
allows adding an extra channel related to the output of the wedging ring detection mod-
ule (WRD block in Figure @.15). However, this feature is not used in this thesis, as the

68



4.7. Datasets

species analyzed do not present wedging rings. The INBD code includes a flag to enable
or disable the WRD block accordingly.
The main loss L‘leE for the network g is the standard cross-entropy to classify each
pixel in the polar grid as belonging to the next ring or not, according to the annotation A’,
sampled on the polar grid.

To perform inference of the next ring’s boundary points pf)fyl, they select the last pos-

itive point in the output g(I’) column-wise, where it is unambiguous:

Xy = {x | gIyy =1}

l' . _ . 53 _
i1 _ ) Praxx,y if max X, = minX, -1
Poy =

undefined, otherwise

Ambiguous values are linearly interpolated in polar coordinates. This detection pro-
cess is repeated iteratively with the new predicted ring boundary points i+1 as the starting
point to detect the ring i+2 until the background y”¢ that was detected by the segmentation
network f is reached.

4.6.2 Network Training

Both networks (f and g) must be trained. Since boundary predictions are generated it-
eratively, errors caused by the earlier rings propagate onto the later rings. The authors
proposed an iterative training procedure for INBD network g to mitigate the ring propa-
gation errors. The Listing[4.T|shows the pseudo-code for one training epoch, incorporating
previous (possibly faulty) predictions as the starting point for the polar grid. The number
of iterations per epoch (n = 3) is a hyperparameter of the training procedure.

Listing 4.1: Pseudo-code for one training epoch

for (image I, annotation A, ring i) in dataset:
L,=0
pf)’y = boundary_from_annotation(A,i)
loop i=i.+n:
ﬁf),y = augment(pgyy) o
I' = sample_polar_grid(, (@', @"))
¥y =g -
Lg+ = compute_loss(y',A") '
pg;} = compute_boundary(y')
backpropagate(L,/n)

Besides data augmentation techniques such as pixel-wise color jitter operations, the
authors employ specific polar grid augmentations, such as varying the boundary points.
Both networks are trained sequentially with the Adam optimizer [29]] for 100 epochs, an
initial learning rate of le-3, and a cosine annealing learning rate schedule [37]].
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(a) UruDendrol (b) UruDendro2 (c¢) UruDendro3a (d) Diskolsland

Figure 4.18: Examples of the used datasets. Species are (a-b) Pinus taeda, (c) Gleditsia tri-
acanthos, (d) Salix glauca. Acquisition conditions: (a-c) in a laboratory with a smartphone
camera, sanded and polished. (d) stained with 1 % safranin and 0.5 % astrablue and perma-
nently fixed with Eukitt (BiOptica, Milan)

Table 4.3: Dataset description.

Collection | Samples | Tree-rings | Specie \ Acquisition
UruDendrol 64 1221 Pinus taeda Smartphone
UruDendro2 53 1151 Pinus taeda Smartphone
UruDendro3a 9 216 Gleditsia triacanthos | Professional Camera
Diskolsland 50 654 Salix glauca Scanner

4.7 Datasets

The datasets used in this study encompass various species as shown in Figure [d.18] Some
with clear ring contrasts, such as the conifer Pinus taeda, and more challenging ones like
Gleditsia triacanthos and Salix glauca. The acquisition methods vary: some images were
captured using smartphone cameras, and others were obtained via a scanner.

Ring boundaries were annotated using the Labelme Tool [59] as described in Chap-
ter 2] Additionally, a binary image mask was generated from the ring boundary annota-
tions, with a thickness of 3 pixels.

Table [4.3]illustrates the datasets, including the number of samples and rings in each,
the species, and the acquisition method.

4.8 Results and discussion

4.8.1 Metrics

We adopt the same evaluation metrics used by the authors of the INBD method: the
mean Average Recall (mAR) as defined in [23], and the Adapted Rand error (ARAND)
as defined in [1].
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Mean Average Recall: Average Recall (AR) is computed for different Intersection-
over-Union (IoU) thresholds between the ground truth ring and the detected ring E} The
mean Average Recall (mAR) is then defined as:
1 . TP(1)
AR = — » AR(?), th AR() = —————— 4.9
m 7] 2 AR®, v D= 750 + FNG) 4.9)

teT

where T P(¢) and FN(¢) refer to the number of true positives and false negatives at loU
threshold ¢, respectively. The set of thresholds 7 ranges from 0.5 to 1.0 with a step size of
0.05,i.e., T ={0.50,0.55,...,1.0}.

False positives are preferred to false negatives because while we can delete an incor-
rect ring with a click, tracing a new one is more time-consuming. In this sense, the mAR
metric is particularly suitable for this application.

Adapted Rand Error: Let p;; denote the probability that a randomly chosen pixel be-
long to a j-th ground truth ring and the i-th predicted ring. Define:

Si = Zpij’ tj= Zpij
j i

Where s; represents the probability that a randomly chosen pixel belongs to the i-th
predicted ring. On the other hand, ¢; represents the probability that a randomly chosen
pixel belong to the j-th ground truth ring.

sum,, = Z pl.zj, sum; = Z sl.z, sum; = Z t?
i.j i j
sum,, represent the probability that two randomly chosen pixels belong to the same
i-th predicted ring and j-th ground truth ring.
Then, precision and recall are computed as:
sum sum,,

.. p
Precision = ,  Recall =
sumy sum;

The F-score and ARAND are defined as:

2 - Precision - Recall
F-score = r?C,l sion - vecd ,  ARAND =1 — F-score
Precision + Recall

The implementation provided by scikit — image is used
skimage.metrics.adapted_rand_error.

4.8.2 Experiments

The CS-TRD method heavily relies on the edge detector stage. We tested different o val-
ues for the Canny Devernay edge detector to get the one that maximizes the performance.
After experiments, the o~ value was fixed at 3 (see Appendix [B.2.3).

3In this metric, a ring in the region delimited between two consecutive and concentric ring
boundaries
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Figure 4.19: Training parameters. (a) Tile sizes: 64, 128, 256, and 512 pixels. (b) Annual
ring thickness of 1 pixel and (c) Annual ring thickness of 3 pixels.

Table 4.4: Results on the test set for the four used datasets and the available SOTA methods:
INBD [17] and CS-TRD as well as the proposed DeepCS-TRD. The best performance is in
boldface. Urul stands for UruDendrol, and the same applies to UruDendro2 and UruDendro3
datasets. Disko stands for Disklsland dataset.

mAR 7 ARAND |
Method Urul Uru2 Uru3a Disko | Urul Uru2 Uru3a Disko
CS-TRD 787 710 .007 026 | .093 .144 466 .634
INBD 846 742 .200 J35 | 081 132 494 099

DeepCS-TRD | .906 .832 .640 .616 | 051 .089 .116 116

The DeepCS-TRD method involved two key parameters: tile_size and total_rotations
(see Algorithm @ We tested tile sizes of 64, 128, 256, 512, and 1504 (full resolu-
tion, no tiles) pixels for all the datasets. Figure .10 illustrates the tile sizes. For the
total_rotations parameter, combinations of 0, 3, and 5 rotations were evaluated. The
selection of this parameter was made by optimizing the validation subset. After the ex-
periments, the parameter values were fixed at tile_size = 256 and total_rotations = 5 for
the four datasets.

We noted that the thickness of the annotated ring boundary masks during training
impacts the method’s performance. The best value was 3-pixel in all datasets (see Fig-
ure 4.19b and Figure 4.19c). In consequence, DeepCS-TRD and INBD methods are
trained using ring boundary thicknesses of three pixels. The two networks in the INBD
method were trained following the author’s procedure for 100 epochs, with the downsam-
pling parameter set to 1, which yielded the best results.

For training the DeepCS-TRD and INBD method, clusterUy [43]]’s infrastructure was
used, which in our experiments consisted of an NVIDIA P100 GPU with 12 GB of VRAM
and 40 GB of system RAM. Inference was performed on an Intel Core i5-10300H work-
station with 16 GB of RAM and an NVIDIA GeForce GTX 1650 with 4 GB of VRAM.
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(a) DeepCS-TRD (b) CS-TRD (c) INBD

Figure 4.20: Tree-Ring Delineation Results. Each column displays the ring boundaries produced
by each method, shown in blue. Each row corresponds to a different disc sample. Column (a)
DeepCS-TRD; Column (b) CS-TRD; Column (c) INBD. Note the presence of knots, cracks,
fungus, and the differences between species. Note that the darker region in the third row does
not correspond to the tree rings of that species.
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Figure 4.21: Pith samples from the UruDendrol dataset. In the Pinus taeda, the characteristics
of the pith present differences within the species.

4.8.3 Results

This section evaluates the performance of INBD, CS-TRD, and DeepCS-TRD on the test
set across all datasets. The INBD method was modified to accept the pith boundary ground
truth as input to ensure a fair comparison, as both DeepCS-TRD and CS-TRD take the
pith locations as input but model them as a pixel [41]. Furthermore, in the Pinus taeda
and Gleditsia triacanthos species, the pith detector network in the INBD method yielded
unsatisfactory results. As shown in Figure .21] the pith characteristics vary significantly
within the species. Additionally, the pith size, relative to the sample size, is much smaller
in Pinus taeda than in Shrub introduced by the INBD authors (EH dataset specifically).
As seen in Figure [d.14] the pith size for this species is much bigger than for the samples
in the UruDendro dataset.

Table #.4] presents the mAR and ARAND values for each method across all datasets.
The proposed DeepCS-TRD method has the best results on all the UruDendro datasets.
It achieves remarkable results with near-perfect ring detection from the pith to the bark
in UruDendrol and UruDendro2, as illustrated in Figure .20 Despite the INBD method
yielding very good performance in most samples, in some situations, it generates notable
propagation errors in the presence of significant fungal growth, cracks, or knots, due to
the method’s inherent limitations. When an error occurs, it propagates outward (see rows
1 and 2). In the sample of row 1, DeepCS-TRD detects some false rings near the center,
but its remaining detections are highly accurate. In contrast, CS-TRD yields good results,
but the rings are inaccurate due to the strong presence of fungus. In the sample in row 2,
both DeepCS-TRD and CS-TRD performed well.

In the UruDendro3a dataset, DeepCS-TRD performs correctly; in the sample shown
in Figure row 3, it correctly delineates 15 out of 19 rings. In contrast, the INBD
method detects only six rings. CS-TRD detects five rings but, interestingly, identifies the
three innermost rings missed by the other methods (see the region around the pith in row
3 for all methods).
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Table 4.5: Training time (in seconds) for the INBD and DeepCS-TRD methods on each dataset.
The training time for each INBD network is reported separately.

INBD
Dataset Segmentation Network f INBD Network g  Total DeepCS-TRD
Urul 4492 84120 88612 13624
Uru2 12778 70203 82981 11504
Uru3a 5019 12715 17734 2377
Disko 2764 34101 36865 9839

Table 4.6: Average inference time (in seconds) for the INBD, CS-TRD, and DeepCS-TRD
methods on each dataset. Datasets where a method does not produce accurate results are
excluded (denoted by '-').

Dataset | INBD | DeepCS-TRD | CS-TRD
Urul 18.6 22.5 25.6
Uru2 21.9 29.5 36.3
Uru3a - 62.6 -
Disko 12.6 21.2 -

In the Diskolsland dataset, DeepCS-TRD performs worse than the INBD method on
average. In the sample in row 4, the INBD method correctly detects all the rings, while
DeepCS-TRD misses the second ring. CS-TRD performs poorly in this dataset.

There are notable differences in training time between the DeepCS-TRD and INBD
methods. The maximum training time for both methods was observed on the UruDen-
drol dataset, requiring 25 hours for INBD and 4 hours for DeepCS-TRD, using the same
hardware (see Table[d.3).

On the other hand, Table 6] presents the average inference time (in seconds) for each
dataset and method. In the UruDendrol and UruDendro2 datasets, INBD achieves the
lowest inference time, at 18.6 and 21.9 seconds, respectively, followed by DeepCS-TRD,
which takes 22.5 and 29.5 seconds. The CS-TRD method has the highest execution time,
at 25.6 and 36.3 seconds for each dataset.

In the UruDendro3a dataset, the only method that produces reasonably accurate re-
sults is DeepCS-TRD, with an inference time of 62.6 seconds. Finally, in the Diskolsland
dataset, the INBD method has an inference time of 12.6 seconds, while DeepCS-TRD re-
quires 21.2 seconds. Additionally, Appendix presents the performance of DeepCS-
TRD without using tiles during training and inference for all the datasets.

4.9 Conclusions and future work

A new method for automatically delineating tree rings in conifer wood cross-section im-
ages, referred to as CS-TRD, is proposed. It is based on a classical Canny-Devarnay
edge-detection algorithm to extract ring edge information. After edge detection, a post-
processing logic inspired by the biological properties of tree rings is applied to transform
them into curves, allowing the computation of ring properties such as area and perimeter.
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We employ a model we refer to as the spider web model for this approach.

This algorithm achieves a performance of 0.787 in mAR and 0.093 in ARAND met-
rics on the UruDendrol dataset. On the other hand, the UruDendro2 dataset achieves
0.710 and 0.144 in mAR and ARAND metrics, respectively. These results demonstrate
accurate ring delineation, accelerating the precise computation of tree-ring properties.

An adaptation of the CS-TRD method is proposed, where the edge detection step is
replaced with a U-Net deep convolutional network. We named this adaptation DeepCS-
TRD. This modification allows us to apply the spider web model to another species, such
as Gleditsia triachantos or Salix glauca, with different annual ring patterns than for the
coniferous species. Additionally, the proposed method increases the performance of CS-
TRD also for Pinus taeda as can be seen in Table[d.4} in this case, the accuracy (mAR) has
improved from 0.787 to 0.906 in UruDendrol and from 0.710 to 0.832 in UruDendro2.
The downside is that this adaptation requires annotated images to train the network.

Additionally, the INBD method for tree-ring delineation in microscopy cross-section
images of shrubs was assessed to delineate tree rings in conifer images taken with a smart-
phone, a different application domain. This method is based on the U-Net deep learning
architecture and, like DeepCS-TRD, requires annotated data for training. It outperforms
the CS-TRD method in all the datasets, particularly in UruDendrol and UruDendro2,
achieving an accuracy (mAR) of 0.846 and 0.742, respectively. In the UruDendro datasets,
the INBD pith detector did not achieve satisfactory results.

The DeepCS-TRD method got a reasonable accuracy in the UruDendro3a dataset,
scoring 0.640 in the mAR metric. Additionally, it has produced satisfactory results on the
Salix glauca dataset, with an mAR of 0.616. The INBD method scored 0.735 (mAR).

Regarding the training step required by the DeepCS-TRD and INBD methods, DeepCS-
TRD needed 4 hours, while INBD required 25 hours in the UruDendro 1 dataset. During
inference, INBD required 18.6 seconds and DeepCS-TRD 22.5 seconds in the UruDen-
drol dataset, while CS-TRD took 25.6 seconds. Execution time performance is similar in
the UruDendro2 dataset; however, in the Diskolsland dataset, DeepCS-TRD takes twice
as long, requiring 21.2 seconds compared to the 12.6 seconds that INBD needed.

Further work can be done by acquiring and annotating more Gleditsia triacanthos
image samples, which is essential to improve machine learning based automatic ring de-
lineation methods.
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Chapter 5

TRAS, an Interactive Software for
Tracing Tree Ring Cross Sections

This chapter is based mainly on the work submitted to the Dendrochronology Journal
special issue Trace 2024 entitled “TRAS, an Interactive Software for Tracing Tree Ring
Cross Sections”.

5.1 Introduction

In dendrometry studies, ring width is one of the primary parameters of interest, and it is
common practice to take measurements from core samples. However, in tree trunks with
high pith eccentricity, ring area often correlates better with climate conditions such as
precipitation or temperature [34].

Storing samples in digital format (as images) facilitates sharing them with the com-
munity and validating results. The methods for digitizing tree-ring measurements are still
predominantly manual. One significant challenge is the difficulty of digitizing disc or
cores. High-resolution scanners (with a resolution of up to 3.9 microns per pixel) are
available; however, they require samples to be completely flat, a condition that is difficult
to achieve with cores or disc. Digital photography has emerged as a viable alternative for
tree ring studies [[13]]. For example, [27] compares measurements taken from scanned and
smartphone images, obtaining comparable results. However, proper camera calibration is
essential when using images acquired with a camera.

Ring curves can be manually delineated from images using tools with graphical user
interfaces, such as ImageJ or Adobe Illustrator [S]], which allow users to measure areas
defined by their input. Moreover, in [31], a system called Wood Image Analysis and
Dataset (WIAD) is presented. It is an R package with a graphical user interface that
enables manual ring-width measurement along a linear path and archival functionalities
to store the image, the ring-width series, and metadata. However, manually delineating
the complete rings in the stem is a time-consuming process.

Constantz et al. [5S] proposed a Python package for studying growth ring patterns
using 2D information in species with asymmetric growth characteristics, such as Hawaiian
Sandalwood (Santalum paniculatum). They developed a free Python package that, based
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on manual tree-ring annotations in an image, automatically computes multiple transects.
However, a limitation of their approach is the lack of an automatic or semi-automatic
method for ring delineation, making it more time-consuming than measuring ring width
on core samples.

Some graphical software tools implement automatic ring detection based on edge
information in cores rather than cross-section images [27, 42} 55]. These tools allow
users to correct detection errors and perform different measurements.

Recent developments in core sample image analysis include the application of deep
learning techniques, where semantic segmentation networks aim to mark the pixels that
belong to the tree rings. In [[10], a recall of 96% and a precision of 97% on scanned im-
ages of ring-porous wood core samples using a U-Net architecture [53]] is reported, but
the code is not made available. The authors of [47] trained a Mask R-CNN network over
microscopy images of Norway Spruce (Picea abies L.), reporting a recall of 98% and a
precision of 96% over the test set (composed of 1909 ring boundaries). The code is avail-
able, and detections can be exported in the pos format for editing with the CooRecorder
tool [42]. Wu et a. [60] applied a Feature Pyramid Network (FPN) with the encoder of
ResNet-18 for tree ring segmentation in hardwood species, reporting an F-Score of 73%.
Garcia-Hidalgo et al. [[14] applied a UNETR network to segment tree rings in microscopy
images, reporting that their model performed equal or better than manual tree ring bound-
ary delineation on stained wood microsections in 92% of the cases.

Regarding cross-sectional images, Gillert et al. [[17] addressed the challenge of de-
tecting tree rings in microscopy images of shrub cross sections by introducing the Itera-
tive Next Boundary Detection (INBD) method, which employs a U-Net-based architec-
ture. The INBD method is assessed in the species Dryas octopetala L., Empetrum nigrum
subsp. hermaphroditum (Hagerup) Bocher, and Vaccinium myrtillus L.. While the source
code is publicly available, the method lacks a graphical user interface for editing or cor-
recting ring detections.

In this chapter, we introduce the Tree Ring Analyzer Suite (TRAS), a tool that fea-
tures a graphical interface and is relatively easy to install. It is designed for the semi-
automatic detection of growth rings in cross-sectional images, with an option for manual
correction. It incorporates the INBD [17], CS-TRD (Section @, and DeepCS-TRD
(Section [4.5)) automatic tree ring detection methods, which have been applied to various
species, including the trees P. glauca, P. taeda, and G. triacanthos, as well as the shrubs
Salix glauca L., Dryas octopetala, Empetrum hermaphroditum, and Vaccinium myrtillus.
The tool provides detailed two-dimensional measurements, facilitating an understanding
of growth dynamics in tree species over time, and allows manual corrections of the auto-
matically produced results. The semi-automatic character of TRAS significantly acceler-
ates the measurement process of biological growth characteristics on a per-sample basis
(see Section [5.5). Moreover, ring measurements made by TRAS are validated with the
CooRecorder tool [42]].

5.2 Tree Ring Analyzer Suite

The Tree Ring Analyzer Suite (TRAS) is an interactive software for tracing and edit-
ing tree rings in cross-sectional disc images. It is fully developed in Python and utilizes
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Image
TRAS: An Interactive Software for tracing Tree Ring Cross Sections
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Figure 5.1: TRAS Image menu which allows preprocessing the image, adding relevant meta-
data, and setting the pixel-to-millimeter ratio

the Streamlit web framework as its frontend. It provides a user-friendly graphical inter-
face that allows general users to automatically obtain area-based measurements or semi-
automatically extract them from cross-sectional images. Python was chosen as the base
language, allowing developers to easily add improvements to the graphical interface or de-
tection algorithms as needed. TRAS currently incorporates all state-of-the-art automatic
algorithms for ring detection in RGB images of tree and shrub cross-sections that we are
aware of. The tool is open source under the MIT license, and the code is available at this
link.

Image menu TRAS comprises four key steps. The first involves uploading the image,
preprocessing it, and adding relevant metadata. Once the acquired image is uploaded
to the TRAS system, it undergoes several preprocessing steps to optimize the tree ring
detection. Users can remove the background manually or automatically using a U?Net
network [50], which might improve the accuracy of the automated ring detection methods.

Additionally, high-resolution images (with a width greater than 10,000 pixels) can be
resized to ensure smooth tool performance. To minimize interpolation artifacts during
this process, Lanczos resampling is applied [[16]. A scale has to be set to establish the
pixel-to-millimeter ratio required for accurate metric computations. Figure [5.1]illustrates
the menus for preprocessing the image, adding metadata, and setting the scale.

Ring Detection menu The second step is the automatic detection of the rings (see
Figure[5.2). TRAS incorporates three algorithms for automatic ring detection: CS-TRD,
DeepCS-TRD, and INBD (Chapter ). These automatic methods for ring detection need
the location of the pith, and the first growth year. TRAS includes three automatic pith
detector methods [41]: automatic wood pith detection (APD), PClines-based automatic
wood pith detection (APD-PCL), and deep learning based automatic wood pith detection
(APD-DL) (see Chapter 3)). Pith location can be marked manually if required as well. Ad-
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Ring Detection

Three methods are available for the automatic detection of rings: CS-TRD, DeepCS-TRD and INBD. Pith

annotations is required.

Select Shape

Latewood v
Method
O cs-TRD Deep CS-TRD INBD
Parameters
Sigma ®
1.00 10.00

Advanced parameters

Number of boundary points ®
360 =
Resize Factor ®
[ ]
1 10

Run

Figure 5.2: Menu for automatic tree ring detection (Ring Detection). First, the object to
be detected is chosen from the Select Shape dropdown menu, with three options available:
pith, annual ring boundary, and earlywood-latewood ring boundary. Second, the automatic
detection method is selected. For annual ring boundaries, CS-TRD, DeepCS-TRD, and INBD
are available. Both deep learning-based methods allow users to upload a custom model or select
from predefined models. Finally, two generic options are provided: the number of points, which
specifies the number of points used to define each ring boundary, and the resize factor, which
determines the resolution of the input image for processing. While the algorithms operate
on the resized image, the resulting ring boundaries are mapped back to the original image
resolution.

ditionally, the CS-TRD method can automatically detect the earlywood-latewood bound-
ary if required.

Ring Editing menu The third step is the interactive tree ring adjustment. A Python-
based graphical user interface, built with the Streamlit web framework, enables user inter-
action. Predictions generated by the automated method can be refined using the LabelMe
tool [S9]], which is integrated directly within Streamlit. This setup enables users to re-
move false ring detections, correct existing ones, and add any rings that were not initially
detected. The same interface will enable users to manually delineate the tree rings with-
out using automatic tools or delineate the earlywood-latewood boundaries. Other shapes,
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xxxxxxxx

Figure 5.3: Menu for automatic tree ring postprocessing (Ring Editing). Rings are represented
as polylines with a fixed number of points, which can be moved, deleted, or added as needed.
Each polyline is automatically labeled with the corresponding growth year, based on metadata
provided (e.g., harvest year). Additionally, other shapes can be annotated; for example, a crack
is outlined in blue in the image.

such as cracks or knots, can be manually delineated. Figure [5.3] illustrates the edition
panel.

Metrics menu Finally, the user can compute various metrics (such as area and perime-
ter) related to the annual rings or to the earlywood—latewood boundaries. The option
to delineate the earlywood—latewood boundary is included because several studies have
shown that latewood ring width is a better proxy for climate variability than the total ring
width [20, 56]. The Shapely library [18]] is used to compute the ring properties, such as
area or perimeter, from the ring boundary points, Figure [5.4] displays the Metrics menu,
where the data can be presented in tabular or graphical format for a more straightforward
analysis.

Several indicators can be computed, which include area-based metrics such as early-
wood (EW) area, latewood (LW) area, cumulative EW area, and cumulative ring area. Fig-
ure [5.5]illustrates the concept of cumulative areas. If additional shapes such as cracks,
knots, or fungus are delineated, the tool provides an option to compute the ring area while
excluding the area occupied by these shapes. For instance, the area of the crack high-
lighted in Figure[5.3](blue region) can be subtracted from the ring-growth area as needed.

In addition, the perimeters of EW and LW (annual ring) can be computed. The equiv-
alent ring width is defined as

Arfq = \/Areai/n - \/Areai_l/n
where Area; is the area of ring i and Ar{? is the equivalent ring width of ring i. We use a

hypothetical circle with the same area as the ring .
A Ring’s Circle Similarity Factor (SF) is also added. This indicator measures how far
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TRAS: An Interactive Sofi
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Figure 5.4: Menu for ring metrics visualization. Metrics can be presented in a plot or a table
format.

the ring is from a perfect circle (takes values between 0 and 1). It is computed as

Perimeter; — 2 \wArea;

SF=1- -
Perimeter;

where Perimeter; and Area; are the perimeter and area of ring i.

The Ring Eccentricity is measured by the difference between the centroid of the cu-
mulative area of the annual ring and the pith. It is a vector; therefore, the module and
phase of the eccentricity are reported.

Additionally, a graphical user interface is provided to measure the ring width along
a specified path, similar to the one described in [42]]. TRAS exports the results in pos
format, allowing for straightforward comparison with the results of other algorithms or
manual measurements.

5.2.1 Installation and usage

To install the tool, Python 3.12 must be available on your system. Execute the following
commands, replacing PYTHON_PATH with the path to your Python interpreter:

$git clone https://github.com/hmarichal93/tras.git
$cd tras
$./install.sh PYTHON_PATH

To run the application, execute the command
Sstreamlit run app.py

The application was developed and tested on Ubuntu LTS 24.04. Instructions for
installing the application on other operating systems, such as Windows (using a hypervisor
like VirtualBox), are provided in the README file of the repository.
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(c)

Figure 5.5: Ring structures. The cumulative EarlyWood (EW) area is equal to Area(Ring) +
Area(EW). The cumulative ring area is equal to Area(Ring) + Area(EW) + Area(LW). (a)
Cross-section image (b). Cross-section image where Area(EW) is highlighted in green while
Area(LW) is highlighted in blue. Ring boundaries are highlighted in black. (c) Zoomed-in
image.

Figure 5.6: Pinus taeda discs images from the UruDendro2 dataset. (a) C11C. (b) C13C. (c)
C14C. (d) C17C.

5.3 Datasets

A collection of P. taeda annotated cross sections

The dataset used to assess the accuracy and measurements of automatic tree-ring detection
consists of 18 RGB images of P. taeda cross-sections (see Figure [5.6]for examples) which
is a subset of the UruDendro2 dataset presented at Chapter 2]

Manual measurements of annual ring widths were taken along the north, south, east,
and west directions for the disc samples in Figure [5.6] These measurements serve as a
reference for validating our tool’s performance, using the outputs from CooRecorder [42]
as a benchmark.

Other datasets

Additionally, we applied TRAS to images from other datasets that presented additional
challenges, such as cracks, fungal damage, or atypical ring patterns, to further validate
the tool. In all cases, ring boundary curves were generated using TRAS:

83



Chapter 5.  TRAS, an Interactive Software for Tracing Tree Ring Cross Sections

* UruDendrol: Samples FO3d and L0O2c from the species P. taeda (see Figures [5.10]
and[5.11).

* UruDendro3a: Sample gt6 from the species G. triacanthos (see Figure[5.12).
* Diskolsland: Sample 1W23S20 from the species S. glauca (see Figure [5.13).

* TreeTrace_Douglas [35]: Sample CO7c from the species Douglas fir (see Fig-

ure [5.14).

5.4 Validation and accuracy assessment

Automatic tree ring detection

To quantify the manual effort required to obtain complete and accurate ring delineations
(i.e., adding, editing, or deleting rings), we compared the detections produced by the
methods integrated in TRAS against expert annotations, as described in Section[5.3] For
the neural network—based methods INBD and DeepCS-TRD, we used models trained on
the UruDendrol dataset P. taeda image dataset introduced in Chapter 2] The CS-TRD
method is used with the default parameters.

We assessed the performance of the automatic ring detection methods by evaluating
the number of annual rings correctly identified in the P. taeda dataset. All detections were
performed through the TRAS web interface. A resize factor of 2 was applied to each
image to enhance performance, and the background was automatically removed. The pith
location was provided by the APD automatic detection method [41].

As evaluation metrics for the automatic detections, we use Precision, Recall, and
the F-Score. A threshold of 90% (denoted as th_pre) is used to determine the required
overlap between the predicted and ground truth rings for a detection to be considered
correct. Further details on the evaluation procedure are provided in Appendix

Measurements

The main contribution of TRAS is its ability to measure ring areas. However, to our
knowledge, no existing tool offers comparable ring area measurements for direct vali-
dation against TRAS. To compare, we use CooRecorder [42], a widely recognized tool
for generating tree ring width measurements along a segment, a feature also included in
TRAS. All measurements were performed on post-processed ring delineations in both
cases. The outputs from both tools were compared for cross-validation purposes, and
linear correlation was assessed using the Pearson correlation coefficient.

Ring width measurements were taken along four directional paths using TRAS and
CooRecorder for four disc samples, C17C, C13C, C11C, and C14C, from UruDendro2.
In each path, 21 ring widths were measured, resulting in a dataset of 336 pairs of ring
width measurements.
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Table 5.1: Automatic tree ring detection in samples of the UruDendro2 dataset with the INBD,
CS-TRD, and DeepCS-TRD methods. Each row presents the fully automatic ring prediction
for each sample. Precision (P), Recall (R), and F-Score (F) are presented in the columns P,
R, and F, respectively. The last row represents the average value for each column.

INBD CS-TRD DeepCS-TRD

Sample P R F P R F P R F

B3C 76.2 69.6 727 | 762 69.6 72.7|90.0 78.3 8&3.7
B19C 81.8 783 80.0 | 947 783 85.7|90.0 783 83.7
B2C 66.7 609 63.6 | 722 565 634|737 609 66.7
A29C 13.0 13.0 13.0 | 90.0 783 83.7]90.0 783 8&3.7
C10C 7277 69.6 T1.1 | 66.7 522 585|842 69.6 76.2
A10C 95.5 913 933 | 80.0 69.6 744|950 826 884
Cl1C 85.7 783 81.8| 842 69.6 762 |70.0 609 65.1
C13C 952 87.0 909 | 864 826 844|950 82.6 884
B24C 909 87.0 88.9 | 944 739 829 |90.0 783 8&3.7
A4C 773 944 850 | 81.8 100.0 90.0 | 81.0 944 872
A30C 95.5 913 933 | 909 87.0 889|905 826 864
C14C 773 739 75.6| 8.0 739 79.1|81.0 739 773
A7C 90.5 82.6 864 | 944 739 829|750 652 6938
B25C 913 913 913 | 8.4 826 844|905 826 864
B12C 90.5 82.6 86.4 | 1000 783 8&7.8|89.5 739 810
A9C 76.2 69.6 727 | 75.0 783 76.6 | 85.0 739 79.1
C16C 95.5 913 933 | 8.0 739 79.1|90.5 826 864
C17C 90.5 82.6 864 | 90.0 783 83.7 (947 783 85.7
Average | 81.2 77.5 79.2 | 8.2 754 79.7|86.4 76.5 81.0

55 Results

5.5.1 Automatic tree ring detection

Table[5.1] presents the average performance of automatic ring detection across 18 P. taeda
samples (comprising 414 tree rings), using the TRAS web interface. All detections were
performed via the Ring Detection menu (see Figure[5.2)), without any user postprocessing.
On average, the three methods showed comparable performance. DeepCS-TRD achieved
the highest precision at 86.4%, while INBD recorded the lowest at 81.2%. Regarding
recall, INBD outperformed the others with 77.5%, whereas CS-TRD obtained the lowest
value at 75.4%. Regarding the F-Score, DeepCS-TRD again achieved the best result with
81.0%, while INBD reached 79.2%.

Execution times for automatic detection varied across methods. CS-TRD completed
processing in an average of 21.0 seconds per sample, INBD required 45.7 seconds, and
DeepCS-TRD 66.6 seconds. These measurements were obtained on a workstation with
an Intel Core 15-10300H processor and 16 GB of RAM (CPU only). When using a GPU
(NVIDIA GTX 1650), INBD achieved a significantly faster runtime of 6.7 seconds per
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© (d)

Figure 5.7: Sample B3C from UruDendro2 dataset. The automatic ring detection is depicted
in red, and the expert corrected results are shown in green. Some typical errors: a) The wrong
ring jump is propagated outwards. b) Knot ring-induced errors. c) and d) lack of precision in
the detection.

image, while DeepCS-TRD required 29.5 seconds.

5.5.2 Postprocessing Examples

Figure [5.7) illustrates some cases that required manual postprocessing. The initial auto-
matic ring detection is shown in red, while the corrected detection by an expert is shown
in green. A typical error in the INBD method is the propagation of detection errors.
Since this method detects rings sequentially from the pith to the bark, a detection error
can propagate iteratively to outer rings, as shown in Figure [5.7h. Knots may sometimes
interfere with the automatic method, leading to false ring detections (for example, in Fig-
ure [5.7p). In some cases, the automatic detections lack precision, as seen in Figure[5.7c

and Figure[5.7d.

5.5.3 Measurements

Figure [5.8]illustrates the linear correlation between the measurements made with TRAS
and with Coorecorder detailed in Section [5.4] (Pearson’s r > 0.99, p < 0.001, n = 336).
The linear regression slope is close to 1 (0.9927), and the intercept is nearly 0 (0.0354),
indicating strong agreement between the two tools. The root mean square error between
both sets of measurements is 0.1478 mm. This experiment indicates that the measure-
ments obtained with TRAS are very similar to those made with Coorecorder, a commonly
used tool.

5.6 Discussion

Two-dimensional tree-ring area measurements may exhibit stronger correlations with cli-
matic variables, such as temperature and precipitation, than traditional one-dimensional
metrics like ring width [34]. In species such as Santalum paniculatum, which exhibit
asymmetric growth patterns, two-dimensional ring boundaries have enabled the quantifi-
cation of growth characteristics that are difficult to capture using conventional ring-width
analysis [5]. Computing such two-dimensional metrics from curves that delineate the
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Figure 5.8: Comparison between tree ring width measurements with CooRecorder and TRAS
over the test dataset. The linear correlation is apparent between the two measurement meth-
ods.

boundaries between growth rings, as proposed by [S]], appears to be the most appropri-
ate approach. However, manually generating these curves remains a labor-intensive and
time-consuming task.

Automatic ring detection

A graphical interface that integrates automatic ring delineation methods can significantly
reduce the manual effort required for ring marking, allowing researchers to focus on ana-
lyzing biologically relevant measurements, such as ring area. To our knowledge, there are
two open-source approaches for the automatic detection of tree rings. The first is based on
a model of the stem, known as the spider-web structure, which is proposed in Section 4.2
and initially applied to conifers. It was later extended in DeepCS-TRD (Section 4.5) to
other species, such as G. triacanthos. The second is the INBD method introduced by [17]],
designed for microscopy images of shrubs, which sequentially segments rings from the
pith to the bark. Both families of methods rely on post-processing to enforce the con-
centric structure of growth rings. These approaches have been applied to various species,
including the trees P. glauca, P. taeda, and G. triacanthos, as well as the shrubs S. glauca,
D. octopetala, E. hermaphroditum, and V. myrtillus.

When applied to species with high contrast at ring boundaries, these methods yield
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(a) (b) (© (d)

Figure 5.9: P. taeda sample C14C from UruDendro2 dataset. (a) Sample after background
removal. (b) Expert-delineated rings are shown in green, and automatically detected rings are
shown in red. Correct detections overlap with the expert annotations. (c, d) Zoomed-in views
highlighting a disc’s region.
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Figure 5.10: P. taeda sample F03d from UruDendrol. (a) Sample after background removal.
(b) Expert-delineated rings are shown in green, and automatically detected rings are shown
in red. Correct detections overlap with the expert annotations. (c, d) Zoomed-in views
highlighting a disc’s region.

excellent results, even in the presence of cracks or fungal infections. Figure[5.9]illustrates
the performance of automatic ring detection on a P. taeda sample (C14C from the Uru-
Dendro2 collection). The red curves represent the automatic detection, while the expert-
corrected annotations are shown in green. Most rings are correctly identified, but user
interaction is still required to complete the delineation. Specifically, the pith and outer-
most rings are not detected and must be manually marked. As shown in Figure[5.9d, minor
adjustments are necessary for a few rings. Additionally, the automatic method generates
four false detections that must be removed.

Automatic ring delineation also performs reliably in the presence of knots, as shown in
sample FO3d from UruDendrol dataset (Figure[5.10). The only missing ring corresponds
to the pith; all others are correctly detected with minor errors visible in Figure [5.10pb
and d. Furthermore, most rings are still successfully detected in samples affected by
fungal staining, such as L02d in Figure[5.11} Cracks do not significantly impact detection
performance either.

Deep learning methods, such as DeepCS-TRD and INBD, are also effective for species
with internal color variation, as seen in the angiosperm G. triacanthos (see Figure[5.12h),
which exhibits darker hardwood regions near the center of the stem. In this case, annual
ring boundaries are less distinct than in species like P. faeda. Figure[5.12b shows the rings
automatically detected by DeepCS-TRD in red, overlapping the ground truth delineations
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(a) (b) (©

Figure 5.11: P. taeda sample L02b from UruDendrol. (a) Sample after background removal.
(b) Expert-delineated rings are shown in green, and automatically detected rings are shown
in red. Correct detections overlap with the expert annotations. (c, d) Zoomed-in views
highlighting a disc’s region.

Figure 5.12: G. triachantos image sample gt6 from UruDendro3a. (a) Sample after background
removal. (b) Expert-delineated rings are shown in green, and automatically detected rings are
shown in red. Correct detections overlap with the expert annotations. (c, d) Zoomed-in views
highlighting a disc’s region.

in green. While innermost rings are often missed, as evidenced by a concentration of
green curves near the pith. In this case, most rings are correctly detected. With minor
corrections, a complete delineation of the disc can be obtained.

U-Net-based approaches have also shown promising results in species where ring
boundaries follow distinct anatomical patterns, such as ring-porous structures, [10]. Fig-
ure [5.13] presents the results of applying DeepCS-TRD, which internally uses a U-Net
model, to microscopy images of S. glauca. The method works fine and fails to detect
only two rings: the pith and the bark (highlighted in green in Figure[5.13p). According to
Chapter 4] INBD yields the best average performance on shrub images among the three
evaluated methods (CS-TRD, DeepCS-TRD, and INBD). This is congruent with the fact
that this method was specifically developed for that type of image (microscopic images of
shrubs).

Although the above examples are based on images of prepared discs, the methods
are also effective on unprocessed discs, provided the ring contrast is sufficiently clear.
Figure [5.14] shows the application of DeepCS-TRD to a sample where the image domain
differs significantly from the training data. Notably, we can see the strong oblique lines
in the image, taken in the field, which are the marks of the saw. Despite this, most rings
were correctly detected (highlighted in red), demonstrating the model’s robustness to other
image domains with clear ring patterns.

89



Chapter 5.  TRAS, an Interactive Software for Tracing Tree Ring Cross Sections

(a) (b) (© (d)

Figure 5.13: S. glauca image sample 1W23S20 from Diskolsland. (a) Sample after background
removal. (b) Expert-delineated rings are shown in green, and automatically detected rings are
shown in red. Correct detections overlap with the expert annotations. (c, d) Zoomed-in views
highlighting a disc’s region.

Figure 5.14: Douglas fir image sample C07c from TreeTrace_Douglas [35]. (a) Image sample.
(b) Expert-delineated rings are shown in green, and automatically detected rings are shown
in red. Correct detections overlap with the expert annotations. (c, d) Zoomed-in views
highlighting a disc’s region.

Finally, TRAS allows users to upload custom models for both DeepCS-TRD and
INBD. These models can be trained using ring annotations corrected during post-processing,
enabling users to fine-tune detection performance for their specific image datasets and re-
duce the manual correction required. Details on the training process for adapting the
INBD or DeepCS-TRD methods to detect annual rings annotations generated by the
TRAS tool can be found in the TRAS GitHub repository.

Postprocessing

Although automatic methods perform well for species with strong ring-boundary con-
trast (see Figures [5.9)to[5.13), manual postprocessing is often required to obtain accurate
measurements. These operations (such as editing, deleting, and adding rings) can be ef-
ficiently carried out using the Ring Editing panel, as automatically generated rings are
represented as editable polylines within TRAS.

Table [5.1] shows that, in 23-year-old samples of the P. taeda species, at best 77.5%
rings were correctly delineated on average (INBD recall) with a precision of 86.4% at
best (DeepCS-TRD), which means there were 22.5% missing rings on average. This
highlights the need for tools like TRAS, which integrate both automatic detection meth-
ods and postprocessing functionalities to reduce the total time required for ring delineation
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while allowing manual correction of misdetections. Moreover, TRAS allows uploading
fine-tuned INBD or DeepCS-TRD models to further enhance automatic ring detection.
Chapter 4] showed that a training dataset size of only nine samples already gives satisfac-
tory results for the G. triachantos species.

Furthermore, TRAS allows for the manual delineation of other structures, such as
cracks or knots, to exclude their area from the total ring growth area. An example of this
functionality is shown in blue in Figure[5.3]

Limitations

The tool’s main limitation is that it is implemented for Linux-based operating systems,
whereas most non-developer users typically work in Windows environments. Addition-
ally, the installation process requires the use of the command line and a basic level of
technical proficiency, which may pose a barrier for some users.

5.7 Conclusion

We presented TRAS, an open-source graphical user interface tool for automatic tree-ring
delineation. It enables users to correct automatic detections and manually compute accu-
rate ring-based measurements. The tool integrates three state-of-the-art automatic detec-
tion algorithms (CS-TRD, DeepCS-TRD, and INBD) implemented in Python.

TRAS facilitates the analysis of ring growth in samples where eccentricity limits the
applicability of core-based measurements, providing a more comprehensive and efficient
alternative. To our knowledge, it is the first graphical tool to combine two-dimensional
automatic tree-ring detection with manual correction capabilities on cross-sectional im-
ages.

Although TRAS already incorporates all of the functionalities mentioned above, it
remains under active development. The long-term goal is to develop a fully cross-platform
desktop application that eliminates the need for end-users to interact via the command
line.
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Chapter 6

Conclusions

A new method for automatically delineating tree rings in cross-section images of con-
trasting tree ring species (Pinus taeda) is proposed, referred to as CS-TRD. It is based
on a classical Canny-Devarnay edge-detection algorithm to extract ring edge information.
After extracting the edges, a postprocessing logic inspired by the biological properties
of tree rings is applied to transform them into curves, allowing the computation of ring
properties such as area and perimeter. We refer to this postprocessing logic as Spider Web.

This algorithm achieves a performance of 0.787 in mAR and 0.093 in ARAND met-
rics on the UruDendrol dataset. On the other hand, the UruDendro2 dataset achieves
0.710 and 0.144 in mAR and ARAND metrics, respectively. These results demonstrate
accurate ring delineation, accelerating the precise computation of tree-ring properties.

An adaptation of the CS-TRD method is proposed, where the edge detection step is
replaced with a U-Net deep convolutional network. We named this adaptation DeepCS-
TRD. This modification allows us to apply the spider web model to another species, such
as Gleditsia triachantos or Salix glauca, with different annual ring patterns than for the
coniferous species. Additionally, the proposed method increases the performance of CS-
TRD also for Pinus taeda as can be seen in Table[d.4} in this case, the accuracy (mAR) has
improved from 0.787 to 0.906 in UruDendrol and from 0.710 to 0.832 in UruDendro?2.
The downside is that this adaptation requires annotated images to train the network.

Additionally, the INBD method for tree-ring delineation in microscopy cross-section
images of shrubs was evaluated to identify tree rings in conifer images captured with
a smartphone, a distinct application domain. This method is based on the U-Net deep
learning architecture and, like DeepCS-TRD, requires annotated data for training. It out-
performs the CS-TRD method in all the datasets, particularly in UruDendrol and UruDen-
dro2, achieving an accuracy (mAR) of 0.846 and 0.742, respectively. In the UruDendro
datasets, the INBD pith detector did not achieve satisfactory results.

We proposed two real-time methods for tackling the pith detection problem based on a
spider web model. They have excellent performance and run in real-time on a CPU-based
machine, allowing for a clear comprehension of the approach. The limited number of
parameters is understandable and can be fixed once and for all. Additionally, we trained a
Yolo V8 architecture for pith detection. It has better (although similar) performance, but
has some false negatives and is more opaque concerning the meaning of its millions of
parameters.



Chapter 6. Conclusions

These automatic methods have been integrated into a graphical user interface, which
enables the computation of accurate tree-ring measurements, including area, perimeter,
and width. Additionally, it integrates the LabelMe tool to correct the automatic ring de-
tection.

Finally, during this work, we helped to generate and publish tree-ring-annotated datasets
for the species Pinus taeda, Gleditsia triacantos, and Salix glauca, which are fundamental
to improving automatic tree-ring detection algorithms.

6.1 Future work

During this thesis, a functional prototype of a graphical user interface was implemented,
which provides acceptable assistance in computing relevant indicators over tree growth
rings. However, it still requires further development to become a fully usable tool in
both academic and professional settings. For instance, it cannot yet replace tools such as
CooRecorder, which is widely used in dendrochronology and constitutes a highly func-
tional product, despite lacking automated ring detection capabilities.

For commercially important species such as P. faeda, one could envision a fully au-
tomatic implementation for ring delineation that can be executed in real time on a smart-
phone in the field. The implementations evaluated in this work have an execution time of
approximately 20 seconds on a low-end laptop and already show promising results for au-
tomatic ring delineation in cross-sections with clearly visible annual rings. For example,
Figure and Figure illustrate the results obtained with the CS-TRD, deepCS-TRD,
and INBD methods on two images of Douglas fir acquired in the forest using a smart-
phone [35]. The deepCS-TRD and INBD models were trained on the UruDendrol and
UruDendro2 datasets. No parameter fine-tuning was performed for the CS-TRD method.

Regarding the species Gleditsia triacanthos, further work is needed to expand the
dataset to at least 50 images to enable the training of deep learning-based methods.
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(b) CS-TRD (c) DeepCS-TRD / UruDendrol

(d) DeepCS-TRD / UruDendro2 (e) INBD / UruDendro2 (f) INBD / UruDendrol

Figure 6.1: C07d sample from Douglas fir dataset [35]. Results of different methods, if a
dataset appears, it corresponds to the training set.

(d) DeepCS-TRD / UruDendro2 (e) INBD / UruDendro2 (f) INBD / UruDendrol

Figure 6.2: C08d sample from Douglas fir dataset [35]. Results of different methods, if a
dataset appears, it corresponds to the training set.
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Appendix A

Pith Detection

A.1 Algoritms

lo_sampling Algorithm (13| describe the pseudocode of the local orientation sampling
step in the APD Algorithm. The LO estimations are sampled in the following way: 1)
STc is divided in non-overlapping patches of size lo,, X lo,, (loops in lines 5 and 6). 2)
We find the pixel p/ with the highest coherence (ci”.g ,) Within patch patch; (lines 7, 8 and

9). A minimum patch coherence sty, is defined. We assign S To [p’] to patch; in position
pj , if C;ligh > sty (from line 10 to 12) . To fix sty,, we calculate the value of S 7T¢ such
that a given percentage (parameter percentrp) of the LO in the slice has S T¢ > st;,. Each
LO is a segment lo; = p}ph, defined by the limits p} and pj. pj,, is the middle point
between them (pf): Giver_l the local orientation a; = S To[pj ;] (line 14), points p| and p;
are computed as p| 2= Plo £ (cos(a;), sin(a;)).

Suppose N patches have coherently enough LO; the output of the step is a matrix,
LOy of size N x 4. In this way, lines are supported by the LO of all meaningful structures
in the cross-section, such as the rings.

A.2 APD Parameters

The number of parameters in the machine learning approaches is huge, and they don’t
have a clear physical meaning. In the classic approaches, such as APD and APD-PCL
methods, a limited number of parameters are included, and they have a physical or algo-
rithmic meaning. The APD method has the following parameters, fixed once and for all
after a grid search with all the datasets. The default values are in parentheses:

* st,: Structure tensor Gaussian o (1.2).
e st,: Structure tensor Gaussian kernel size (3 for APD and 7 for APD-PCL).
* percentrp: to fix sty,, the minimum coherence value to consider valid an LO (0.7).

* lo,: LO sampling window size (3 for APD and 7 for APD-PCL).
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Algorithm 13: lo_sampling
Input: STy, //local orientations matrix
S Tc,/l coherence matrix
lo,,, Ilpatch size
percentyo // local orientation threshold
Output: A matrix LO, with the local orientations with higher coherence

1 st < Calculate the value of S T¢ such that a given percentage (parameter
percentyp) of the LO in the slice has S T¢ > st

2 Ipar < S To.heigth // lo,,

3 Jmax < S To.width // lo,,

4 LOy <[]

s fori=0¢oi,,, do

6 for j =0to j,.. do

7 patch; < ST¢[i.lo,:(i+1).lo,,j.lo,:(j+1).lo,]
8 p’ < argmax(patch;)

9 Chion < STelp’]

10 if c{; ioh < St then

1 ‘ continue

12 end

13 piLO —p/

14 a; — STolp,]

15 Py < Py + (cos(ay), sen(a;))
16 Py < Pip - (cos(a), sen(a;))
17 LOy < LOy + (p}, pb)

18 end
19 end

20 return LO;

* ry: afactor used to estimate the side size of the search region for the iteration (7).
The APD-PCL method adds the following:

* ransac_outlier_th: RANSAC residual threshold defining the width of the line clus-
ter (0.03).

A.3  Methods comparison: difficult cases
Figure[A.T|illustrates how all the presented methods perform over the difficult cases in the
UruDendro2 collection. Figure[A.Th to[A.Tk illustrates cases where the ACO method (red

marker) performs poorly. In one case, the method even predicts outside the disc region
(Figure [A.Th). In this cases, the APD, APD-PCL and APD-DL (blue, yellow, and green
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A.3. Methods comparison: difficult cases

(a) B12-2 (c) C10-2

(d) FO7e (e) LO2a (f) LO2b

Figure A.1: Results over difficult cases, e.g cracks, fungus presence in Uru2 collection. Purple,
LFSA; Red, ACO; Blue, APD; Yellow, APD-PCL and Green, APD-DL

markers, respectively) perform similarly, all of them close enough to the ground truth pith
(the prediction is within the first tree ring region). On the other hand, the LFSA method
(purple marker) performs slightly worse.

Figure[A.T(d to[A.Tf show discs with a strong fungus presence around the pith position.
In this case, the APD-PCL (yellow marker) performs considerably better than the other
methods (in all cases, the prediction is within the first tree ring region). When there is no
tree ring information, the tree ring-based methods (LFSA, ACO and APD) fail and do not
converge near the pith position as illustrated in Figure [A.Te and [A.If. This is the critical
scenario for the ACO and APD methods. In the last stages, they search for the local
minimum in a region centered around the previous pith prediction. The ring information
will be very limited if the region is too small, which produces a method divergence. In
the other hand, the APD-PCL method integrates radial structural insights derived from
cracks and fungus in addition to the ring structure. Thereby enhancing its performance
significantly in this particular scenario. Finally, the APD-DL method (green marker) also
performs poorly in this scenario.

Figure[AD]illustrates cases of off-center pith in Forest, Logyard and Disc collections
and the presence of (strong) saw marks. As seen in Figure [A.2h to [A.2k, the APD-DL
method performs considerably worse than the other methods. These disks belong to the
Forest and Logyard collections. Both collections have 89 images, a small data size for
training a deep learning method. As shown in the Results section, both APD and ACO
outperform the APD-DL method on this dataset.

Figure [A.2d to [A7Zf, show images from the Discs collection in which the pith is
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(a) D02-L1-9 (b) DO1-L4-BBF-2 (c) D03-5-4

(g) Zoom In D13a (h) Zoom In CO5a (i) Zoom In BO7a

Figure A.2: Results over difficult cases, e.g fungus presence, no pith eccentricity (uncentred
pith position) in Forest, Logyard and Disc collections. Purple, LFSA; Red, ACO; Blue, APD;
Yellow, APD-PCL and Green, APD-DL

strongly off-centered. A zoom-in is shown for each disc in Figure [A.2)g to[A2}. On this
scenario, the LFSA method (purple marker) is less precise (in all the cases, it is further
from the ground truth pith), whereas APD and APD-DL perform similarly.
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Appendix B

Tree Ring Detection

B.1 Metric

To assess the automatic tree-ring delineation methods, we developed a metric based on
the one proposed by Kennel et al. [26]. To determine if a ring is detected, we define a
ring influence area as the set of pixels closer to that ring. For each ray, the frontier is the
midpoint between the nodes of consecutive ground truth (GT) rings. Figure [B.Ip shows
the influence area for rings in disc FO3d from Urudendrol collection. Figure [B.Th shows
the detections (in red) and GT marks (in green) for the same image.

The influence region associates a detected curve with a GT ring. In both cases, nodes
are associated with the N, rays. Given a GT ring, we assign it to the nearest detection
using:

N,—1

1 r
Dist = 4| — dt; — ot;)? B.1
is JNZO( gt) (B.1)

Where i represents the ray direction, d¢; is the radial distance of detected node i, and
gt; is the radial distance of the corresponding GT node i. As a reminder, the radial distance

(a) (b) ()

Figure B.1: Measuring the error of automatic detections for Urudendrol image F03d: (a) In
green, the GT; in red, the detections produced by the method. (b) Areas of influence of the
GT rings. (c) Absolute error, in pixels, between the detections and the GT.



Appendix B. Tree Ring Detection

of node; is defined as the Euclidean distance between node; and the pith (Equation (@.2))).

The closest detection may be far from the corresponding GT ring. To match a detected
curve with a GT ring, it is essential to ensure that the identified chain is the closest one
to the ring and that it is sufficiently close. We utilize the influence area of each GT ring
(Figure [B.TIb). Upon detecting a curve, if the proportion of nodes within that chain that
falls within the influence area of the nearest ring exceeds a specified threshold parameter
(th_pre = 60%, see Appendix [B.2.2)), we assign the detected curve to the corresponding
GT ring. If it falls below the threshold, the detection is not associated with any GT ring.
In other words, for a detected curve to be assigned to a GT ring and considered a true
positive, at least 60% of its nodes must be within the influence area of that GT ring.

We define the absolute error Ae; (in pixels) for the node i as the absolute difference in
pixels between the GT ring and the detected ring associated with it:

A€ = |rl¢ - riGTl

Where rl‘.l is the radial distance from the center to node i of the detected ring, and rl.GT
is the same for the GT ring. Figure shows the absolute error between the GT and
the detected rings assigned to them. Red represents a low error, while yellow, green, and
blue represent a higher error. As can be seen, the error is concentrated around the knot,
affecting the precise detection of some rings.

Once all the detected chains are matched with the GT rings, we calculate the following
values:

1. True Positive (TP): when the identified closed chain and the GT ring match.
2. False Positive (FP): when the identified closed chain doesn’t match any GT ring.
3. False Negative (FN): when a GT ring doesn’t match any detected closed chain.

Precision is given by P = 7L, Recall by R = 7L~ and the F-Score by F =

%. Table shows the assessment of each tree ring detection method using the metric

presented in this section.

B.2 Experiments

This section presents some experiments to help us better understand the methods and their
limitations.

B.2.1 Pith position sensibility

In this section, we assess the CS-TRD’s sensitivity to errors in the pith estimation. Fig-
ure [B.2p shows 48 different pith positions used in this experiment (eight different pith
positions across six rays). These radially displaced pith positions are selected as follows:

* We define an error step along a ray as 25% of the first ring equivalent diameter.

* Three positions are marked inside ring 1, with errors 25%, 50%, and 75% off the
GT center in the ray direction.
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Table B.1: Tree ring methods assessment with the UruDendro metric. All dataset images were
resized to 1504x1504 pixels. The highest result per dataset is in bold.

Dataset | P(1) | R(1) | F1(1) | RMSE (J)| Method
Ural | 0963 | 0910 | 0.931 | 2717

Uri2 | 0.908 | 0.880 | 0.892 |  3.005

Urw3a | 0714 | 0.500 | 0.588 | 10.694 CS-TRD
Disko | 0.384 | 0.180 | 0227 | 27.934

Ural | 0.986 | 0.938 | 0.961 | 1.209

Ure2 | 0939 | 0.895 | 0916 | 1.734

Uru3a | 0.652 | 0750 | 0.698 | 3.006 | PSePCS-TRD
Disko | 0.854 | 0.815 | 0.830 | 7251

Urul | 0.064 | 0920 | 0.945 | 2.353

Uri2 | 0.866 | 0.893 | 0.879 |  3.300 INBD

Uri3a | 0.609 | 0700 | 0.651 | 14.925

Disko | 0.904 | 0.906 | 0.905 | 6.727

* One position is marked on ring 1.

» Three positions are marked between the first and second rings, with the same in-
creasing errors in the ray direction.

* Finally, another position is marked on ring 2.

We executed the algorithm for each disc and pith position of the UruDendrol dataset
( o = 3.0), resulting in 48 outcomes. We calculated the average RMSE and F-Score
(see Appendix measurements for the six-ray directions for each radially displaced
pith position. This produced two eight-coordinate vectors, one for RMSE and one for the
F-Score. Figures and illustrate the average F-Score and RMSE for each error
position across the dataset, respectively. The F-Score decreases as the error in the pith
estimation increases, while the RMSE is less sensitive to pith errors.

B.2.2 Detection-to-ground-truth assignation threshold

In this experiment, we examine how performance changes with different values of the
th_pre parameter, which determines the number of ring nodes within the influence area to
be considered in the detection-to-ground-truth assignation step. Figure displays the
results for the UruDendrol and Kennel datasets. As anticipated, higher precision leads to
lower RMSE but lower F-Score. Based on these findings, we fixed th_pre = 60% as the
default value, which appears to be a good compromise.

B.2.3 (CS-TRD, edge detector optimization stage

The algorithm heavily relies on the edge detector stage. In this experiment, we test dif-
ferent o values for the Canny Devernay edge detector to get the one that maximizes the
F-Score for the UruDendrol dataset. This dataset shows significant variations in image
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(b) Average F-Score over the (c) Average RMSE over the Uru-
(a) Pith position grid UruDendrol dataset. Dendrol dataset.

Figure B.2: Pith position experiment. (a) Eight different pith positions are marked on six ray
directions. We executed CS-TRD for each pith position. GT rings are in green. (b and c) For
each disc of the UruDendrol dataset, we run the method using the 48 different pith positions.
Results are averaged over the six rays’ directions per error position. The black curve represents
the mean, while the blue curve represents the standard deviation.
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Figure B.3: Performance metrics were computed for different values of the th_pre parameter.
The first row shows the results for the Urudendrol dataset, and the second row for the Kennel
dataset. The left column shows the average F-Score, and the right column shows the average
RMSE.

resolution, allowing us to study the overall performance with different input image di-
mensions. Results are presented in Figures [B.4h and [B.4p. We compute the average
F-Score for the original image sizes and then scale all images in the dataset to 640 x 640,
1000 x 1000, and 1500 x 1500 pixels. The best result was achieved for size 1500 x 1500
with o = 3.0. Execution time varies with image size. The average execution time for
this size is 17 seconds. The execution time decreases as o increases because fewer edge
chains are detected. Results for the same experiment on the Kennel et al. [26] dataset are
shown in Figures and [B.4d. The best F-Score is achieved for 1500 x 1500 size with
o = 2.5. The lower optimal o value can be attributed to the Kennel dataset having images
with more rings, averaging 30 rings per disc, while the UruDendro 1 dataset has 19 rings
per disc on average.
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(c) (d)

Figure B.4: Influence of the image size and edge detector o~ parameter experiment. Each curve
represents a different image resolution: 640 x 640, 1000 x 1000, 1500 x 1500, and the original
resolution (in blue). (a) Average F1 vs. o for different image sizes of the UruDendro dataset.
(b) Average execution time (in seconds) vs o for different image sizes over the UruDendrol
dataset. (c) Average F1 vs. o for different image sizes of the Kennel dataset. (d) Average
execution time (in seconds) vs o for different image sizes over the Kennel dataset.

B.2.4 DeepCS-TRD, additional experiments

Section [4.8] presents the automatic tree detection results on each dataset for the assessed
method using a fixed set of parameters. Not using tile (tile_size = 0) improves the perfor-
mance in the UruDendro1 dataset from 0.906 to 0.923 in mAR and from 0.051 to 0.045 in
ARAND as it is illustrated in Table[B.2] Moreover, execution time improved as well from
22.5to 12.4 seconds. A similar improvement is obtained in the UruDendro2 dataset from
0.832 to 0.846 in mAR and from 0.89 to 0.080 in ARAND. Execution time decreased as
well from 29.5 to 16.7 seconds.

On the other hand, the performance of DeepCS-TRD on the UruDendro3a and Diskols-
landa datasets decreased when tiles were not used, as shown in Table @} Using an
overlapping-tile strategy allows us to increase the training dataset size, which could ex-
plain the higher performance when it is used.

B.2.5 Spider Web additional experiments
In this section, additional experiments are conducted to justify the decisions made during

the spider web design. CS-TRD method is used to compute the automatic tree ring detec-
tion, and the metric presented at Appendix [B.1]is used to compare the different methods.
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Table B.2: DeepCS-TRD results with tile_size 0 and 256. The value 0 means that the U-Net
network was trained with the whole sample image. Additionally, a 0 value means that during
inference, the image sample is not divided into patches. Execution time is presented in seconds.
T(l) means higher (lower) is better.

Dataset mAR (T) ARAND (]) exectime (|)
Urul (0) 923 045 124
Urul (256) .906 .051 22.5
Uru2 (0) 846 .080 16.7
Uru2 (256) .832 .089 29.5
Uru3a (0) 467 250 62.8
Uru3a (256) 640 116 62.6
Disko (0) 498 202 16.8
Disko (256) 616 116 21.2

Table B.3: Method performance (average) including the artificial chains with the optimal o
and image resolution over the full UruDendrol dataset (64 images).

Dataset | Image Size (pixels) |c [P |R |F | RMSE
No Artificial Chains 1500x1500 3.0 827|667 |72.1 2.85
Artificial Chains 1500x1500 3.0]92.6 | 86.3 | 89.1 3.81

Artificial chains

One experiment concerns artificial chains (disc border and pith chain). Table shows
the method performance without including the Artificial Chains and using them. The av-
erage metric for the 64 images is presented for both experiments. Adding them improves
the results: the F-Score increases from 72.1% to 89.1%.

This difference is because chain connections depend on having support in the vicin-
ity. This condition is not met in discs with a strong presence of cracks and/or fungi. In
Figure cases are shown where chains are only completed after adding the artificial
chains. Without them, no rings are completed.

Connectivity Goodness Condition

The Connectivity Goodness condition was defined as

notExistChainOverlapping A RegularDeriv A (SimilarRadialDist V RadialTol)

In this section, we explain why the condition SimilarRadialDist vV RadialTol was cho-
sen over SimilarRadialDist ARadialTol. Table[B.4|compares the method’s performance on
the full dataset under both conditions. The equation presented in the main article achieves
the best performance, as measured by the F-Score metric.
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(a) FO4b (b) Fo4d (c) FO7b

(d) LO8b

Figure B.5: Samples where closed ring chains are generated after adding the artificial chains.

Table B.4: Method performance (average) comparing the A and V conditions in Appendix
at the optimal o~ and image resolution over the full UruDendrol dataset (64 images).

Dataset | Image Size (pixels) | o | P | R | F | RMSE
SimilarRadialDist V' RadialTol 1500x1500 30 [ 944 | 840 [ 882 [ 340
SimilarRadialDist A RadialTol 1500x 1500 30 | 926 | 863 | 89.1 | 3.8l

Connectivity Parameters

As the main text explains, the connect stage iterates its parameters over nine configura-
tions (Table 1 in the main text). Table [B.5] shows the results if the Algorithm [7] exits at
iterations 1, 2, 7, or 9. In all the cases, artificial chains are included in the last itera-
tion. With nine iterations, we achieve the best performance, characterized by the highest
Precision, Recall, and F-Score.

Table B.5: Method overall performance over the full UruDendrol dataset

iteration() | P | R | F1 | RMSE | TP | FP | FN

1 092 | 0.86 | 0.88 422 16.42 | 1.41 | 2.66
3 093 | 0.86 | 0.89 3.89 16.56 | 1.16 | 2.52
7 092 | 0.86 | 0.89 3.45 1639 | 1.19 | 2.69
9 093 | 0.86 | 0.89 3.81 16.68 | 0.84 | 2.39
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Glossary

Annual growth ring: A visible ring representing one year of growth, typically
consisting of two zones: earlywood and latewood.

Area: The two-dimensional surface enclosed by a ring boundary, usually measured
in square millimeters (mm?). It is known as well as Basal Area Increment (BAI).

Core sample: A rectangular portion extracted from the disc, often used in den-
drochronology because it allows growth analysis without felling the tree.

Crack: A fracture or split in the disc, often caused by drying processes or mechan-
ical stress.

Disc: A cross-sectional image of a tree or shrub obtained by cutting perpendicular
to the longitudinal axis of the stem or trunk.

Earlywood: The lighter-colored portion of an annual ring, formed during spring
and summer when growth is faster and cells are larger and thinner-walled.

Fungal stain: Discoloration in the wood caused by fungal infection, which can
affect the visibility of ring boundaries.

High pith eccentricity: A structural characteristic in which the pith is located far
from the geometric center of the stem or disc.

Knot: A circular or irregular feature in the wood caused by the base of a branch
embedded in the trunk.

Latewood: The darker-colored portion of an annual ring, formed during autumn
and winter when growth is slower and cells are smaller and thicker-walled.

Perimeter: The total length of a ring boundary, used to quantify the shape and
extent of a growth ring.

Pith: The central part of the disc, corresponding to the first year of growth. Typi-
cally located near the geometric center. It is also known as the medulla.

Reaction wood: A type of wood formed in response to mechanical stress (e.g.,
gravity or wind), typically seen as asymmetric growth. In conifers, it is called
compression wood and forms on the lower side of leaning stems; in hardwoods, it
is called tension wood and forms on the upper side.

Ring width: The radial distance between two consecutive annual rings, often used
as an indicator of yearly growth conditions.
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