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Abstract

Reliable segmentation of live and dead knots in X-ray computed tomography
images is crucial for automated wood grading and sawing yield optimisation
in the timber industry. Segmentation in wet-state X-ray computed tomography
images remains challenging due to low contrast, noise, and the small, frag-
mented nature of dead-knot volumes. Under a controlled setting with a knot
prior derived from the ground-truth whole-knot mask, which can be assumed
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to be available in industrial evaluations, we benchmark representative mod-
ern semantic segmentation networks using a unified preprocessing, training,
and evaluation protocol. We compare both region-overlap performance and
boundary-localisation behaviour. To ensure consistent geometric assessment, we
applied a lightweight, anatomy-informed post-processing to all predictions to sta-
bilise the dead-knot boundary, and we complement region-overlap metrics with
pith-referenced boundary-localisation metrics that quantify dead-knot boundary
error. SegResNet achieves the strongest overall performance, including a live-
knot Dice of 0.89 and a dead-knot Dice of 0.66, and also yields the most stable
dead-knot boundary localisation. Overall, under the idealised setting where the
knot area is constrained by ground truth, the residual encoder–decoder network
(SegResNet) is particularly effective for dead-knot delineation on wet-state X-ray
computed tomography slices.

Keywords: Computer vision, Deep learning, Knot morphology, Non-destructive
evaluation, Norway spruce

1 Introduction

1.1 Knot Detection2

Knots strongly affect the structural performance and value of sawn timber. They

interrupt fibre continuity, alter local density and stiffness, and may introduce cracks4

and voids, especially in their dead portions (Koman et al. 2013). In this context, a

dead knot denotes knot tissue originating from a branch that has died; the knot is6

no longer physiologically integrated with the surrounding stem, and the interface to

adjacent wood is often weak or partially detached, which increases the likelihood of8

voids and cracks and reduces load transfer. Reliable, high-resolution mapping of knot

geometry and, crucially, separation of live and dead regions can therefore improve10

grading decisions, optimise sawing strategies, and reduce waste across the wood value

chain.12

X-ray computed tomography (CT) is deployed in industrial sawmills to non-

destructively reconstruct internal features before cutting and to support automated14

sawing optimisation at scale (Kobayashi et al. 2019; Ursella 2021). However, the
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accuracy of current systems in locating the live–dead knot boundary is still limited,16

particularly under industrial constraints.

From a geometric standpoint, full 3D reconstruction with volumetric segmen-18

tation offers the most complete representation of knot continuity and morphology

within the log. The operational burden of such fully volumetric pipelines is sub-20

stantial: production-line throughput amplifies memory, computation, and integration

costs, and these costs also slow large-scale experimental iteration. This motivates22

slice-oriented designs that retain use of 3D structure while avoiding full volumet-

ric inference. Longuetaud et al. (2012) proposed a slice-wise connected-components24

approach for automatic knot detection and measurement to reduce memory usage,

and Krähenbühl et al. (2016) tracked the knot pith and segmented knots on CT slices26

tangential to growth rings by extracting tangential images from the 3D volume rather

than performing full volumetric segmentation. Similar accuracy–efficiency trade-offs28

between 3D and 2D segmentation networks have been reported in other imaging

domains (Avesta et al. 2023).30

In industrial green-state (including water) CT, live–dead knot segmentation is fur-

ther complicated by imaging physics and anatomy. High moisture content in sapwood32

can shift grey levels toward those of knot tissue, reducing contrast between knots

and surrounding wood. The class distribution is highly imbalanced: most pixels rep-34

resent clear wood, while the regions that govern grading decisions are often dead knot

portions and are small and fragmented. Finally, knots follow an anatomically con-36

tinuous trajectory within the stem; local misclassifications therefore accumulate into

systematic geometric errors along the live–dead boundary.38

1.2 Automated Dead Knot Detection

Live and dead knot analysis for wood non-destructive testing has developed along two40

principal technical lines: (i) visual inspection based on high-resolution RGB imagery,
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and (ii) volumetric analysis using CT. RGB-based methods are mature for post-sawing42

surface inspection of boards and panels, where the goal is to detect defects and often

to distinguish live and dead knots after sawing. Classical pipelines include rule-based44

colour vision with thresholding, morphology, and geometric rules (Hu et al. 2004), and

neurofuzzy segmentation with hand-crafted texture features (Ruz et al. 2005). More46

recent deep-learning systems treat live knot and dead knot as explicit categories in end-

to-end detection and segmentation frameworks, for example using fully convolutional48

neural networks (CNNs) (He et al. 2019) or YOLO-type detectors and segmenters on

industrial surface datasets (Wang et al. 2024). Because surface imaging cannot access50

internal 3D knot structure in logs, these approaches complement rather than replace

CT-based pre-sawing log assessment.52

Early CT studies relied on parametrised models with virtual sawing (Oja 2000),

evaluating live/dead-related statistics by comparing reconstructed boards against real54

boards. Subsequent efforts targeted high-speed industrial CT, and the dead knot

boundary was instead estimated directly in the volume while tracking knot axes across56

slices (Johansson et al. 2013). This remains a strong baseline that learning-based meth-

ods should ultimately surpass. At the same time, industrial CT imposes constraints58

such as coarse axial sampling and intensity variability, which motivates benchmarking

modern networks under more controlled, higher-resolution conditions before con-60

fronting full industrial variability. Recent work has therefore shifted toward CT-based

deep learning that learns texture–density–morphology features end-to-end (Giovannini62

et al. 2019), with the aim of improving robustness and enabling live–dead segmentation

and boundary localisation.64

In CT-based deep learning for live/dead knot analysis, Giovannini et al. (2019)

proposed a two-stage CNN system: a whole-log semantic segmentation produces a66

knot probability volume and, using a pith prior combined with a Hough-based search,

tracks individual knot axes; along each axis, a 3D region of interest (ROI) is resampled68
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into an oriented r–t–z (radial–tangential–longitudinal) volume on which live–dead dis-

crimination (dead-knot border localisation) and diameter estimation are performed.70

The system was deployed on an industrial CT scanner at realistic anisotropic resolu-

tion and virtual sawing capability. Training targets for border and diameter estimation72

are obtained by sawing logs into boards, measuring knot attributes on board sur-

faces, and mapping these measurements back into the CT volume, aligning log-level74

predictions with physically relevant board measurements. However, such pipelines are

usually evaluated as integrated systems. End-to-end performance conflates the intrin-76

sic capacity of the segmentation model to separate live from dead tissue with upstream

errors from knot detection, axis tracking, and knot contour extraction. A controlled78

benchmark that isolates pixel-level live–dead separation is therefore still missing.

1.3 Objective80

Deep learning offers a direct route to optimise live–dead delineation from CT intensi-

ties by capturing local texture and context across multiple scales, which can mitigate82

intensity overlap and small object imbalance (Alzubaidi et al. 2021). However, the

literature is dominated by defect vs. non defect (Gao et al. 2021) or whole-knot seg-84

mentation (Nordmark 2002; Krähenbühl et al. 2014). Pixel-level live/dead separation

and measurement-oriented evaluation of boundary accuracy remain limited, and pub-86

licly available CT datasets with pixel-level annotations that distinguish live from dead

knots are lacking. Existing CT-based wood imaging work tends to focus on species88

identification (Kobayashi et al. 2019), density estimation (Mahatara et al. 2024), or

coarse defect labels, while differences in resolution, reconstruction pipelines, and anno-90

tation protocols hinder comparable baselines. We found no openly documented CT

studies reporting pixel-level live/dead separation under wet-state conditions.92

In this study we quantify how well modern semantic segmentation networks can

separate live from dead knot tissue on 2D wet-state X-ray CT slices when knot94
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location is known. We therefore evaluate representative state-of-the-art networks in

a ground-truth anatomy-guided setting where the model is only asked to classify96

pixels within given knot masks (priors), derived from the ground-truth whole-knot

mask. This constrains the task to the live–dead interface itself and yields a repro-98

ducible best-case benchmark for boundary delineation. Using a unified preprocessing,

training, and evaluation protocol, we compare both region-overlap accuracy and100

boundary-localisation behaviour, applying the same lightweight anatomy-informed

post-processing to every prediction to stabilise the dead-knot boundary and reporting102

pith-referenced boundary-localisation errors alongside standard overlap metrics.

2 Materials and methods104

2.1 Pipeline Overview

This work benchmarks live–dead knot segmentation on wet-state CT slices under a106

controlled setting in which knot localisation is treated as known. Figure 1 summarises

the workflow. Given a wet-state slice and its ground-truth whole-knot mask KGT,108

a knot prior K+
GT is constructed by dilating KGT so that it includes the knot itself

and a surrounding neighbourhood. The CT slice and this prior are stacked as a two-110

channel input to a 2D semantic segmentation network that predicts three classes

(non-knot, live knot, dead knot). All models were trained and evaluated with the same112

preprocessing, augmentation, loss, and split strategy.

To stabilise geometric assessment of the live–dead interface, a non-learned114

anatomy-informed post-processing is applied on every predicted mask, enforcing a sin-

gle coherent live-to-dead transition along the knot axis (pith-to-knot direction), and116

suppressing spurious live–dead–live alternations. Performance is reported based on

per-class overlap metrics and on a pith-referenced dead-knot boundary error.118
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(slice into 2D)
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Fig. 1: Overview of the anatomy-guided benchmarking workflow for live/dead knot
segmentation with post-processing: from wet-state 3D CT volumes, axial 2D slices
were extracted. A knot prior was derived from the ground-truth whole-knot mask and
stacked with the CT slice as a two-channel input for three-class (non-knot/live/dead)
segmentation. The box with a thick border represents the learned segmentation mod-
els. Post-processing refined the live–dead boundary, and evaluation considered overlap
metrics and dead-knot boundary error.

2.2 Specimens and CT Acquisition

The dataset comprised Norway spruce (Picea abies (L.) Karst.) from ten trees sam-120

pled across eight forest stands spanning northern to southern Sweden. Each tree was

bucked into approximately 4m logs and scanned in green state at Luleå University of122

Technology using a Microtec Mito industrial sawmill CT system (Figure 2) adapted

for research. From each stem, whorl discs were sawn at fixed relative heights: 5% inter-124

vals from the butt up to 20% stem height and 10% intervals thereafter, with additional

discs around 30% and 50% stem height to capture successive whorls. Each disc was126

CT-scanned in green state, then dried under controlled conditions to fibre saturation

point to avoid cracking, and CT-scanned again in the dry state.128

A helical cone-beam acquisition at 180 kV tube voltage and 5.55mA current were

used and tomographic reconstructions were isotropic with voxel size 0.5mm, imple-130

menting the algorithm by (Katsevich 2004). The resulting 3D images with 16-bit
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unsigned integers were computed using a machine-specific calibration to density in132

kg/m3.

(a) (b)

Fig. 2: Microtec Mito CT system: (a) Front view showing CT scanner with specimen
holder and linear feed rails; (b) whorl-disc scanning setup with indicated feed direction,
log discs, spacers and log support beam.

2.3 Annotation and Label Transfer134

Ground truth was derived from physical measurements on each knot. In the wet state,

knots on each disc were documented by azimuth (relative to a north reference), knot136

status at the mantle surface, and diameter. After drying, each knot was split radially

through its pith to identify the dead-knot border and to measure the knot diameter at138

that border (Figure 3). These measurements defined five reference points per dry knot:

the knot start at the pith, two points on the dead-knot border, and two points at the140

knot end at the cambium. The points were used in a custom annotation application to

guide expert semi-automatic voxel labelling on dry-state CT images into three classes:142

non-knot, live knot, and dead knot.
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To apply these labels to the wet state, dry volumes were rigidly aligned to their144

corresponding wet-state volumes using custom image registration software. The rigid

registration estimated a rotation R ∈ SO(3) and translation t ∈ R
3,146

T (x) = Rx+ t, (2.1)

mapping wet-grid coordinates x ∈ Ωwet into dry-space. The registered dry image on

the wet grid was148

Iregdry(x) = Idry
(

T (x)
)

. x ∈ Ωwet, (2.2)

Annotation volumes created on Iregdry were stored on Ωwet yielding co-registered 3D

voxel-wise labels for all wet-state scans as150

L : Ωwet → {0, 1, 2}, (2.3)

where 0 = non-knot, 1 = live knot, 2 = dead knot.

We trained, validated, and tested only on wet-state scans because this matches152

the intended deployment setting and because wet-state images exhibited lower knot–

sapwood contrast and stronger artefacts than dry-state images. The class distribution154

was strongly skewed: across trees, the no-knot class dominated with 98.4–99.2% of

pixels, whereas live-knot and dead-knot pixels comprised only 0.73–1.39% and 0.09–156

0.48%, respectively.

2.4 Data Split and Slice Extraction158

To prevent leakage, we split data 60/20/20 (train/validation/test) at the tree level.

Each tree contributed 16 green (wet) 3D volumes, yielding 96 training volumes from160

six trees, 32 validation volumes from two trees, and 32 test volumes from two trees.
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Fig. 3: Example of a disc radially cut through the knot pith. The five labelled points
indicate the physical measurements used for annotation: the knot start at the pith,
two dead-knot border points, and two knot-end points at the bark (upper and lower).
At the far left, the pith of the log splitting into the pith of the knot is visible as a
black line. Small inaccuracies during cutting could usually be corrected by inspecting
the opposing piece. In the centre, the live knot is visible, with fibres (annual rings)
clearly continuing into the knot. On the right, the dead knot is visible, with fibres
terminating at the knot border and deviating to grow around the knot (out of the
image plane). The dead-knot border was defined as the location where the first fibres
began to grow around the knot. For difficult cases, this step was performed using
a scalpel and a loupe (10× magnification), yielding an estimated dead-knot border
accuracy of ±1 year. Because the border often differed above and below the knot,
both positions were marked to provide a 3D description of the dead-knot border.

From each wet scan and its 3D label volume (Iwet, L) we extracted evenly spaced162

axial slices (2D image–label pairs) spanning the knot whorl region, discarding disc-

end slices that contained no labelled knots. All CT volumes were reconstructed with164

an isotropic voxel size of 0.5mm, so the pixel spacing was identical across scans.

The resulting datasets contained 15 920 training images, 5982 validation images,166

and 5760 test images.
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2.5 Augmentation and Sampling168

To mitigate low signal-to-noise ratio and contrast drift in wet-state CT, to improve

the invariance to in-plane positioning of knots, we applied label-safe augmentations170

during training: geometric transforms were applied jointly to image and mask (nearest-

neighbour resampling for masks), and intensity perturbations were applied to images172

only. Geometric augmentations were limited to flips, 90◦ rotations, and mild zoom

with a scaling factor in [0.9, 1.1] to avoid unrealistic distortion of growth-ring geome-174

try. Intensity jitter (brightness/contrast) was used to emulate acquisition variability.

Random augmentations were applied during training; validation used deterministic176

preprocessing only.

To mitigate class imbalance, foreground-aware loss weighting was used:178

background-only slices were still sampled and forwarded to preserve stochasticity,

but were assigned zero weight in the batch loss (i.e., only slices containing knot pix-180

els contributed to the averaged loss) and therefore produced no gradients during

backpropagation.182

2.6 Segmentation Models

We benchmarked five 2D segmentation networks under the same training protocol. U-184

Net served as the reference encoder–decoder baseline (Figure 4) (Ronneberger et al.

2015). We then selected networks that probe distinct mechanisms relevant to wet-186

state live/dead separation: nested skip fusion (U-Net++, Zhou et al. (2018)), residual

encoder–decoder optimisation (SegResNet, Myronenko (2018), MONAI implemen-188

tation, Cardoso et al. (2022)), attention gating (Attention U-Net, Oktay et al.

(2018)), and a CNN–Transformer hybrid with windowed self-attention (SwinUNet,190

Hatamizadeh et al. (2022)). Table 1 summarises the targeted challenges and expected

trade-offs.192
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Fig. 4: U-Net architecture (adapted from Ronneberger et al. (2015)) used for the
dead-knot segmentation task.

2.7 Knot Prior

A mask detecting the outline of the whole knot can be assumed to be available, even194

in industrial settings. We used a prior extending outwards from KGT as an a priori

localisation cue because the most discriminative evidence for live/dead status lies near196

the interface: in live knots, fibres and growth rings continue into the knot, whereas

in dead knots fibres terminate at the dead-knot border and adjacent fibres deviate to198

grow around the knot (Figure 3). The prior K+
GT was constructed by dilating KGT by

1mm, which was based on validation experiments as a compromise between providing200

sufficient clearwood context at the boundary and avoiding reintroduction of large

background regions and extreme class imbalance. Figure 5 illustrates the construction.202

2.8 Segmentation Formulation

Given a preprocessed slice I ∈ R
H×W extracted from Iwet (after export to H =204

W = 256), and binary prior K+
GT, we form a two-channel input u =

[

Inorm, K+
GT

]

∈
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Table 1: Representative networks and the architectural hypotheses probed.

Model Core inductive
bias

Targeted
challenge

Main trade-off

U-Net Ronneberger et al. (2015) Skip-connected
encoder–decoder

Reference
behaviour

Vulnerable to
rare or
fragmented
dead-knot regions

SegResNet Myronenko (2018) Residual blocks Stable
optimisation
under low
contrast

Risk of
smoothing small
fragments

SwinUNet Hatamizadeh et al. (2022) Windowed
self-attention

Context for
oblique/discon-
tinuous
boundaries

Higher compute
and tuning
sensitivity

Attention U-Net Oktay et al. (2018) Decoder
attention gates

Foreground
selectivity under
sparsity

Marginal gain
may be limited
by strong prior

U-Net++ Zhou et al. (2018) Nested skip
fusion

Retention of
thin/elongated
structures

Higher
architectural
complexity

(a) (b) (c)

Fig. 5: Example of prior construction on a single slice: (a) input wet-state CT slice;
(b) ground-truth whole-knot mask KGT; (c) prior mask K+

GT, visualised by its contour
overlaid on the input slice.

R
2×H×W , where Inorm denotes the intensity-normalised image. The network predicts206

per-pixel class probabilities

fθ : R
2×H×W → R

3×H×W , p = softmax
(

fθ(u)
)

∈ [0, 1]3×H×W , (2.4)
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where fθ yields per-pixel class logits for mutually exclusive classes C = {0, 1, 2}208

(non-knot, live knot, dead knot), and softmax is applied across classes such that
∑

c∈C
pc(x) = 1 for every pixel x. Predictions are210

ŷ(x) = argmax
c∈C

pc(x). (2.5)

The prior is provided as an input channel rather than a hard mask so the net-

work can still use surrounding context while being steered toward the boundary212

neighbourhood. The predicted map ŷ was produced on the full field-of-view.

2.9 Training Protocol214

All networks were trained with the same optimisation setup. Hyperparameters were

selected via a sensitivity study on SegResNet and then fixed across networks to keep216

the benchmark reproducible. SegResNet was chosen because it exhibited instabilities

that were representative of the overall training challenges in this task, making it a218

sensitive probe for identifying a conservative and robust operating regime. Hyperpa-

rameters identified in this way were then kept fixed across architectures; therefore,220

the comparison should be interpreted as performance under a unified conservative

configuration rather than per-model best-case performance. The final configuration222

used learning rate 1×10−4, weight decay 1×10−5, no dropout, and an initial channel

width of 32 feature channels.224

We minimised a multi-class soft Dice loss computed on softmax probabilities, fol-

lowing Dice-based objectives for imbalanced segmentation introduced by Milletari226

et al. (2016).

LDice = 1−
1

3

2
∑

c=0

2
∑

i pc,i yc,i
∑

i pc,i +
∑

i yc,i + ϵ
, (2.6)
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Here, p ∈ [0, 1]3×H×W denotes the per-slice network softmax output, and y ∈228

{0, 1, 2}H×W is the corresponding 2D ground-truth label map extracted from the 3D

label volume L. yc,i ∈ {0, 1} is one-hot encoding for each class c and pixel index i,230

and ϵ is added for numerical stability to avoid zero division when a class is absent

or when pc is nearly zero. This loss mitigated class imbalances. Optimisation used232

AdamW without learning-rate scheduling (Loshchilov and Hutter 2017). We trained

with a batch size of 32 for both training and validation for 120 epochs, and report234

results using the checkpoint with the lowest validation loss. Training was performed on

a workstation with an NVIDIA RTX A6000 GPU (48 GB), running Ubuntu 22.04.5.236

We used PyTorch 2.7.0 (CUDA 12.6) and MONAI 1.4.0 with 4 data-loader workers

and a fixed random seed (0) for reproducibility.238

2.10 Anatomy-informed Post-processing

Predictions before post-processing exhibited local label jitter, including repeated240

live–dead–live alternations within a single knot component. We therefore applied a

network-agnostic geometric routine that calculated the dead-knot border with refer-242

ence to the pith and enforced a single live-to-dead transition along the pith-to-knot

direction.244

Inputs were the predicted label map ŷ, the pith location m (manually annotated

for each disc and reused for its slices), and connected components K̂j of the predicted246

knot mask K̂ = ŷ > 0. For each K̂j , if the minority knot class (dead/live) accounted for

less than 10% of K̂j and had fewer than 120 pixels, we relabelled K̂j as the majority248

class. Otherwise K̂j was treated as mixed.

For a mixed K̂j , we used the corresponding ground-truth component Kj,GT for250

establishing a common ground for geometric evaluations. We calculated its centroid

g and defined the unit axis252

d =
g −m

∥g −m∥
. (2.7)
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We estimated the dead-knot boundary position ŝ0 by evaluating a set of candidate

axial locations along the pith-to-knot axis. Specifically, we sampled equally spaced254

points x(t) = m + td along the portion of the axis that intersects the predicted

component K̂j . At each candidate point, we extracted a short line segment through256

x(t) that is orthogonal to d and considered only the pixels of this segment that lie

inside K̂j . The predicted live/dead labels along this segment form a 1D profile; the258

dead-knot boundary corresponds to the location where this 1D label sequence changes

from live to dead. To reduce one-pixel label flicker and tiny spurious islands, we260

smoothed this 1D label profile with a short 1D Gaussian filter (kernel size 3) and then

computed its discrete gradient (finite differences) along the segment. We defined the262

transition sharpness at candidate t as the maximum absolute gradient magnitude of

the smoothed profile and set ŝ0 to the candidate axial location that maximised this264

sharpness.

If mixed knots contained live–dead–live alternations within a single knot compo-266

nent, all pixels in K̂j further away from ŝ0, or from the perpendicular line through

it, were relabelled to knot class dead, and all remaining pixels to class live, enforcing268

exactly one transition per mixed component (Figure 6).

2.11 Evaluation Metrics270

We calculated per-class Dice and Intersection-over-Union (IoU) for live-knot and dead-

knot pixels (Taha and Hanbury 2015; Everingham et al. 2010). Overall accuracy is272

omitted because background dominates the pixel count and would not reflect bound-

ary quality. Dice and IoU take values in [0, 1], where 1 indicates perfect agreement274

between prediction and ground truth.

For mixed knots, we calculated a pith-referenced dead-knot boundary error es0 in276

mm:

es0 = ŝ0 − s0,GT, (2.8)
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3. Scan the mixed knot along a line

perpendicular to the pith axis

4. Select the strongest transition 

line as the boundary line

Dead boundary line
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5. The far side of boundary line is 

classified as dead knot

1. Analyse knot data type

Mixed knot Pure live knotPure dead knot

2. Annotated pith and calculate 

centroid of mixed knot

Fig. 6: Overview of post-processing. The example shows a knot whose prediction
before post-processing exhibits a live–dead–live pattern along the primary axis (top
row), which is converted by the post-processing into a geometrically consistent live–
dead boundary (bottom row).

where s0,GT is the true dead-knot boundary position, equivalently computed as ŝ0 in278

each slice. Negative values indicate a shift towards the pith. We summarised es0 by its

mean, standard deviation (SD), and root mean square error (RMSE) and calculated280

R2 between ŝ0 and s0,GT.

Each ground-truth connected knot component was categorised as pure-live, pure-282

dead, or mixed using the same criteria as in the post-processing step. Knot-type

classification accuracy was then computed on these ground-truth components as the284

fraction whose predicted knot type matches the ground truth, reported separately for

pure-live, pure-dead, and mixed. For knot-type classification, we report a confusion286

matrix with rows denoting the ground-truth knot type and columns denoting the
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predicted knot type. For boundary localisation on mixed knots, we use an observed–288

predicted plot of the predicted axial boundary position ŝ0 (y-axis) against the ground-

truth position s0,GT (x-axis). We also report histograms of the boundary error es0 to290

visualise its distribution beyond summary statistics.

3 Results and Discussion292

3.1 Segmentation

Using the segmentation networks introduced in Section 2.6 and a fixed training proto-294

col, we examined the predictions before post-processing to characterise differences in

live/dead discrimination under wet-state CT. Table 2 summarises overlap metrics for296

the predictions before post-processing, and Figure 7 provides representative examples.

Across all networks, live-knot overlap was higher than dead-knot overlap. Among the298

stronger networks, live-knot performance was comparable, whereas dead-knot segmen-

tation remained more challenging. SegResNet achieved the highest Dice/IoU for both300

classes among the evaluated networks. This may reflect the improved optimisation

stability of residual encoder–decoder designs under wet-state noise and low contrast.302

In contrast, SwinUNet and Attention U-Net achieved comparable live Dice but lower

dead Dice than SegResNet. U-Net++ improved dead-knot overlap compared with U-304

Net while using fewer parameters. Its dead-knot Dice was nevertheless lower than

SegResNet, which suggests that nested skip fusion alone may be insufficient to match306

the improvement obtained with the residual encoder–decoder under wet-state noise

and low contrast. The qualitative examples in Figure 7 aligned with the quantitative308

trends: dead-knot regions were often under-segmented and appeared fragmented into

isolated “islands”, and in some cases small local label alternations were visible within310

slender components (see Figure 7, Ex. 5, U-Net++ and Ex. 4, SwinUNet ). These

artefacts motivated the anatomy-informed post-processing analysed next.312
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Table 2: Live/dead knot segmentation on wet-state slices from the test set (predictions before post-
processing)

Model Live Knot Dice Live Knot IoU Dead Knot Dice Dead Knot IoU Parameters (×10
6)

U-Net 0.5320 0.4143 0.3528 0.2602 6.4952
SegResNet 0.8442 0.7659 0.5945 0.5172 6.2994
SwinUNet 0.8302 0.7593 0.4497 0.3727 25.1570
Attention U-Net 0.8335 0.7563 0.4548 0.3757 7.9460
U-Net++ 0.7424 0.6505 0.4833 0.3882 2.4102

Ex.1

Ex.2

Ex.3

Ex.4

Ex.5

Input GT U-net SegResnet SwinUNet AttU U-net++

Fig. 7: Qualitative comparison of live/dead predictions before post-processing. Colour
code: green = live knot; red = dead knot. Abbreviations: GT = ground truth; AttU
= Attention U-Net.

3.2 Post-processing

Table 3 and Figure 8 show the updated overlap metrics and representative examples,314

respectively, after post-processing was applied. Post-processing reduces local live–dead

label alternations and enforces a single live-to-dead transition per mixed component316
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by construction. Compared with the predictions before post-processing (Table 2),

post-processing improved overlap metrics when averaged across the five networks,318

with a larger relative increase for dead knots (mean dead-knot Dice +31%) (Table 3).

U-Net exhibits the largest improvement from predictions before post-processing to320

predictions after post-processing, which is consistent with its predictions before post-

processing being more fragmented and showing local live–dead label alternations that322

are explicitly corrected by the proposed post-processing (see Figure 8, Ex. 1, U-Net).

As a result, the remaining errors were dominated by global failure modes that the324

geometric routine cannot correct, such as (i) missing dead-knot fragments in the pre-

dictions before post-processing (dead pixels absent altogether), (ii) spurious dead-knot326

predictions, where pixels were incorrectly labelled as dead (false positives for the dead-

knot class), and (iii) incorrect inclusion or exclusion of knot pixels near the boundary328

that can shift the estimated transition location along the axis. Among the evaluated

networks, SegResNet exhibited the highest performance after post-processing, indi-330

cating that it provided the most consistent predictions before post-processing for both

knot completeness and boundary placement under wet-state CT.332

Table 3: Live/dead knot segmentation on wet-state slices from the test set (predictions
after post-processing)

Model Live Knot Dice Live Knot IoU Dead Knot Dice Dead Knot IoU

U-Net 0.8855 0.7945 0.6044 0.4331
SegResNet 0.8928 0.8063 0.6647 0.5278
SwinUNet 0.8845 0.7928 0.5741 0.4027
Attention U-Net 0.8923 0.8055 0.5964 0.4250
U-Net++ 0.8736 0.7756 0.6206 0.4499
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Ex.1

Ex.2

Ex.3

Ex.4

Ex.5

Input GT U-net SegResnet SwinUNet AttU U-net++

Fig. 8: Qualitative comparison of post-processed live/dead predictions. Colour code:
green = live knot; red = dead knot; blue = dead knot relabelled by post-processing
(from live to dead); white line = estimated live–dead boundary; white dot = pith.
Abbreviations: GT = ground truth; AttU = Attention U-Net.

3.3 Boundary Localisation

Table 4 summarises knot-type classification accuracies and dead-knot boundary error334

(es0) on mixed knots. For references, the values are compared to the metrics from

Johansson et al. (2013), where the dead knot border error was reported for Scots pine336

(Pinus sylvestris L.) (n=65) under industrial log CT. For all networks, the mean es0

values were negative, implying an average pith-ward shift of the predicted boundary.338

This signed bias should, however, be interpreted with caution because the feasible

error range is asymmetric and depends on the true boundary position: the dead-knot340

boundary cannot lie beyond the pith on the inner side or beyond the outer stem surface

on the outer side. Consequently, larger s0,GT values allow a wider negative error range342

but a narrower positive error range. The negative mean errors may therefore reflect
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not only model behaviour but also these geometric constraints and the distribution344

of true s0,GT values in the dataset. SegResNet yielded the most consistent boundary

localisation (lowest SD/RMSE), whereas AttentionUNet showed the smallest mean346

bias but the largest dispersion, indicating less stable boundary placement across mixed

cases.348

Table 4: Classification accuracy computed on all pairs and summary statistics on
dead-knot boundary error es0 on mixed knots only (computed from post-processed
predictions on the test set)

Accuracy es0

Model
pure live

(%)
pure dead

(%)
mixed
(%)

Mean
(mm)

SD
(mm)

RMSE
(mm)

R
2

U-Net 90.63 55.92 53.27 −2.97 17.14 17.38 0.02
SegResNet 88.20 76.75 68.80 −5.65 14.38 15.48 0.14
SwinUNet 88.25 55.85 48.12 −4.85 17.69 18.33 0.10
Attention U-Net 92.29 52.91 50.51 -0.97 18.77 18.79 0.17
U-Net++ 93.23 54.47 55.70 −1.53 16.66 16.72 0.02
Johansson et al. (2013) – – – −4.0 12 12 0.19

The knot-type classification results provided complementary context (Table 4).

Knot-type classification accuracy was consistently highest for pure-live cases across350

all networks, whereas accuracy for pure-dead and mixed cases was lower and showed

inter-model gaps. SegResNet achieved the highest accuracy on both pure-dead and352

mixed knots. Figure 9 provides diagnostic plots for SegResNet, including a knot-type

confusion matrix and an observed–predicted plot of the axial boundary position s0354

on mixed knots. The observed–predicted plot in Figure 9 shows vertical banding,

indicating that many samples share identical or near-identical s0,GT values. This is356

expected given the discrete pixel grid of the CT slice and the boundary-localisation

procedure, which searches over a discretely sampled set of candidate axial positions358

when computing both s0,GT and ŝ0. Beyond this discretisation, the plot shows that

errors become increasingly negative for larger s0,GT, i.e., ŝ0 more often falls below the360

identity line when the true boundary lies further outward. This trend is also supported
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Fig. 9: Diagnostic plots for SegResNet, selected as the network with the lowest
SD/RMSE of es0 on mixed knots (Table 4). (a) knot-type confusion matrix on the test
set. (b) observed–predicted plot of the axial live–dead boundary position s0 (mm) on
mixed knots (GT=mixed and Pred=mixed), measured along the pith-to-knot direc-
tion d defined from the ground-truth component (Eq. 2.7) and reused for both ground
truth and prediction; the dashed line indicates perfect agreement (y = x).

by the error histograms in Figure 10, where the distribution of es0 shifts progressively362

toward more negative values for larger s0,GT and appears to become broader. Part

of this pattern may arise from the asymmetric, position-dependent bounds of the364

signed error itself. The slightly positive average error in the small-s0,GT group is

consistent with this interpretation. Additional contributors may include weaker or366

more fragmented dead-knot cues farther from the pith, as well as the tendency of the

slice-wise 2D formulation and the post-processing step to favour an earlier transition368

when the evidence is ambiguous. In practical terms, such bias would shorten the

predicted sound-knot length while enlarging the predicted dead portion.370

3.4 Performance Comparison

A strict numerical comparison of our results with previously published industrial log-372

CT pipelines is not straightforward, mainly because the task setup and the reported

metrics are not fully aligned. In particular, our benchmark isolates pixel-level live/dead374
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Fig. 10: Histograms of dead-knot boundary error es0 = ŝ0 − s0,GT on mixed knots.
(a) All mixed–mixed samples. (b) Small s0,GT (≤ 34mm). (c) Medium s0,GT (34–
46mm). (d) Large s0,GT (> 46mm). Samples in (b)–(d) are grouped by s0,GT terciles
(33%/66% quantiles).

discrimination on 2D slices under a controlled setting with a ground-truth-derived

knot prior, whereas several earlier approaches operate on whole logs and leverage 3D376

context (including axial knot extent and continuity). Moreover, the target quantities

and error measures reported in prior work are not always defined identically to those378

considered here. We therefore use prior work primarily as qualitative reference points.

Johansson et al. (2013) proposed an automatic knot-detection algorithm for high-380

speed industrial log CT. On the Scots pine data (our dataset is Norway spruce),

they reported a dead-knot-border error with a mean bias of about −4mm, a SD and382

RMSE of about 12mm, and R2 ≈ 0.19 (sample size n = 65). Importantly, their dead-

knot border is defined as a pith-referenced distance associated with the sound–dead384

transition and is operationalised via the axial position where the knot size reaches
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its maximum, which is not strictly equivalent to our slice-wise pith-to-knot boundary386

position ŝ0 and the corresponding error es0 = ŝ0 − s0,GT. Nevertheless, their results

provide a useful order-of-magnitude reference. In our wet-state disc benchmark, the388

best-performing network achieved an RMSE of 15.48mm for es0 on mixed knots

(Table 4). The remaining gap is consistent with the intrinsic limitation of our strictly390

slice-wise 2D formulation: without exploiting 3D knot continuity and axial context,

local ambiguities and fragmented dead-knot cues can accumulate into larger deviations392

in boundary placement. This suggests that incorporating 3D information is necessary

to achieve production-grade pipelines. To avoid the computationally demanding task394

of accounting for the full 3D geometry, windowed or other partially 3D approaches

may be appropriate, e.g. 2.5D Bajić et al. (2025).396

Giovannini et al. (2019) proposed a two-stage deep-learning pipeline for indus-

trial log CT, combining knot-axis tracking with an oriented 3D ROI for sound/dead398

discrimination. On Scots pine, they reported sound/dead classification accuracies of

88.5% (sound) and 83.5% (dead). In our controlled wet-state disc benchmark, the400

corresponding knot-type accuracies for SegResNet were 88.20% on pure-live knots,

76.75% on pure-dead knots, and 68.80% on mixed knots (Table 4). These figures402

are not directly comparable due to differences in task definition and evaluation unit

(binary sound/dead status evaluated at board-intersection points versus three-way404

knot-type classification on slice-wise connected components from pixel-level segmen-

tations under wet-state CT). We therefore use the results of Giovannini et al. (2019)406

only as a coarse reference for classification performance.

4 Conclusion408

We present a controlled benchmark for live–dead knot segmentation in wet-state X-ray

CT slices with a ground-truth-derived knot prior provided, enabling fair comparison410

of modern 2D segmentation networks with a unified training and evaluation protocol.
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Using both region-overlap and pith-referenced boundary-localisation metrics, with the412

same anatomy-informed post-processing applied to all networks, SegResNet achieved

the highest overlap scores and the lowest boundary-localisation dispersion on mixed414

knots. Motivated by the practical efficiency of slice-wise 2D processing for long logs,

our benchmark provides a reproducible baseline and a quantitative reference for future416

2D refinements, 3D extensions, and industrial-scale methods.

Future work could explore integrating wood’s biological and physical priors into418

deep learning models to improve the accuracy and robustness of live–dead knot seg-

mentation. For example, prior knowledge such as growth-ring density distributions,420

fibre-orientation patterns, and species-specific characteristics may be incorporated as

additional inputs or as structural constraints. Another natural extension is to move422

beyond the present slice-wise 2D formulation toward 3D volumetric architectures,

either fully or in a windowed manner. A combination of wood-science priors, 3D rea-424

soning, and realistic voxel sampling could potentially reduce the reliance on intensity

and texture cues alone, enabling more accurate boundary identification, more biolog-426

ically plausible segmentations, and closer alignment with industrial-grade automated

wood inspection and grading.428
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