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Abstract9

An understanding of spike shape will be of great benefit for improving wheat yields. Tra-10

ditional manual measurements of spike traits are slow and prone to human error, preventing11

large-scale phenotyping. Employing imaging techniques will allow researchers to measure mul-12

tiple morphometric parameters simultaneously. While 2D imaging provides a rapid screening13

method, 3D imaging offer a more comprehensive understanding of spike shape, revealing com-14

plex external structures. This study addresses the challenge of developing a high-resolution 3D15

surface-scanning pipeline to accurately quantify wheat spike morphology across diverse geno-16

types. Using a 3D surface-scanner, sharp point clouds of individual spikes were reconstructed17

and automatically aligned and analysed to extract key morphological features including spike18

length, volume, and thickness profile. New shape descriptors based on thickness profiles, local19

extremes, statistical curve fitting, segmentation of spikes into zones of aborted spikelets, base20

and apical segments as well as the extraction of spike/spikelets branching and endpoints of21

components were introduced to capture detailed structural variation between genotypes. Cor-22

relations between the 3D-derived traits and traditional metrics such as spike weight, spikelet23

number and seed weight confirmed the biological relevance of the extracted parameters. The24

method distinguished morphological differences among twelve wheat genotypes, revealing dis-25

tinct shape types such as long, short, compact, and awned spikes. By combining precise 3D26

imaging with computational analysis, this approach provides a non-destructive framework for27

spike phenotyping. These findings demonstrate that 3D surface-scanning can deliver accurate28

and reproducible measurements of wheat spike architecture, offering new opportunities for link-29

ing morphology with genetics and yield potential in modern breeding programs.30

Keywords:31

Wheat, Spike shape, Surface scanning, Yield prediction, Mesh reconstruction, Trait extraction32
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1 Introduction33

Wheat is a globally important cereal crop that plays a key role in food security. Enhancing crop34

productivity remains a central challenge in agricultural science. Among the various key traits influ-35

encing yield, spike morphology has emerged as a focal point for both researchers and breeders due36

to its direct link with important yield components such as grain number and grain weight. Morpho-37

logical traits including spikelet number per spike (SNS), spike length (SL), spike density (SD), spike38

compactness (SCN), and awn presence [1] are tightly associated with yield potential, making them39

strategic targets in modern wheat breeding programs.40

Numerous studies have explored the genetic basis of spike morphological traits across diverse41

wheat populations and environments. Through quantitative trait loci (QTL) mapping and genome-42

wide association studies (GWAS), researchers have identified multiple loci that control traits such43

as SL, SCN, and SNS, guiding breeding strategies that focus on enhancing grain yield through44

spike architecture optimization [2]. Traditional methods for quantifying spike morphology rely on45

manual measurement of spike length, width, and spikelet and kernel counts. While effective, these46

approaches are labour-intensive, time-consuming, and unsuitable for large-scale phenotyping. The47

increasing need for high-throughput analysis has driven the development of image-based phenotyping48

techniques that automate trait extraction.49

Recent advances in computer vision using RGB imaging have enabled the automated assessment50

of traits such as spikelet number per spike through both in-field imaging systems [3–5] and controlled-51

environment setups [6, 7]. Additional efforts have focused on estimating traits such as grain number52

[8], grain size [9], and glume-based spike classification [10]. Using both side and front images of spikes53

[7] further enables the estimation of spike volume by partitioning the images into small cross-sections54

and computing the product of width, thickness, and length within each section. The Quadrangle55

model [11] exemplifies tools developed to extract a set of two-dimensional (2D) morphological traits56

from RGB images, including spike area, length, width, perimeter, roundness, circularity, and awn57

presence, while also classifying spikes into different shape types such as spelt, normal, and compact.58

This model has been applied to large genetic panels [12], contributing to the identification of genomic59

regions associated with both morphological and colorimetric spike traits.60

However, 2D imaging lacks the capacity to fully capture the complex 3D structure of wheat61

spikes. Features such as 3D curvature, surface variation, and spatial thickness along the rachis are62

either underrepresented or completely missed. As a result, 3D imaging is increasingly recognized as63

a necessary evolution in spike phenotyping. Techniques such as X-ray computed tomography (CT)64

offer detailed internal and external views [13, 14], but suffer from high data volumes, low throughput,65

and intensive computational demands. A more scalable solution lies in 3D point cloud generation,66

typically via laser scanning or photogrammetry, which captures the external spike structure efficiently67

and yet with manageable data loads.68

Recent research has leveraged 3D imaging for tasks such as spike segmentation [15, 16], spike69

counting [17], and morphological analysis [18–20]. Spike volume has been estimated using two main70

strategies: fitting multiple cuboids to the spike point cloud via the RANSAC algorithm and summing71

their volumes [18], or constructing a convex hull from triangulated surface points to approximate72
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the volume [20]. More recently, spike volume has also been estimated using a hybrid deep learning73

approach [21] that combines DINOv2 [22] and Long Short-Term Memory (LSTM) networks [23].74

This model was trained with multi-view RGB images of spikes paired with their corresponding75

3D structured-light scans (surface point clouds), enabling accurate volume estimation. For spike76

length, Principal Component Analysis (PCA) is often applied to determine the spike’s primary77

axis, with length defined as the Euclidean distance between the base and tip along that axis [24].78

When spikes are curved, a two-dimensional spline is fitted on the first and second PCA planes79

to estimate curved length [20]; however, this method ignores curvature in the third dimension,80

potentially underestimating true length. Width is typically extracted as the maximum distance81

across projections on the secondary or tertiary PCA components, but this approach fails to capture82

how width varies along the spike.83

Most existing 3D phenotyping systems rely on static sets of 3D sensors [20, 25], which struggle to84

capture fine details of glumes, branching on the rachis, and awns from different views in dense plots.85

This is further complicated by occlusion and incomplete scanning of spikes in shorter tillers, as only86

spiles of taller tillers are fully exposed and able to be captured. Such limitations bias the phenotypic87

data, as longer tillers are known to support larger spikes with more spikelets [26, 27], likely due to88

superior light exposure and resource allocation. As the crop matures, spike curvature becomes more89

pronounced which complicate the morphology analysis [20]. To overcome these challenges, this study90

introduces a high-resolution 3D phenotyping pipeline designed for individual spike analysis across91

diverse genotypes. We focus on capturing complete and sharp detailed spike surfaces, overcoming92

occlusion and high plant density limitations, and enabling precise trait extraction. Specifically, we93

aim to:94

• Utilize high-resolution 3D surface scanners (with resolutions up to 0.05 mm) to generate de-95

tailed point clouds of wheat spikes.96

• Study a diverse wheat germplasm panel, including 11 Watkins landraces and the cultivar,97

Paragon, which together represent a broad spectrum of spike architectures such as short,98

awned, long, normal, and compact forms.99

• Extract a comprehensive set of morphological traits, including spike volume, length, and thick-100

ness profile along the rachis.101

• Statistically model thickness variation to derive new, informative morphometric descriptors.102

• Perform trait correlation analysis to identify potential relationships between shape descriptors103

and yield-related metrics.104

Integrating high-resolution scanning with detailed mesh-based morphometry, provides a robust105

framework for accurate spike analysis, contributing to improved phenotyping pipelines and enhanced106

genetic understanding of wheat spike architecture.107
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2 Materials and Methods108

2.1 Materials109

The field trials were conducted at Rothamsted Research, UK (51°48′34.56′′N, 0°21′22.68′′W), using110

the wheat cultivar Paragon and eleven genotypes selected from the Watkins landrace collection111

(Table 1; Figure S1). The genotypes were sown in October 2021 and chosen to represent a wide112

range of spike morphologies. At physiological maturity, spikes were harvested from plots measuring113

60 cm × 60 cm. For each genotype, approximately seven spikes were randomly sampled within the114

same plot to ensure representative data. The scanning process captured high-resolution 3D meshes115

for each spike, forming a robust dataset for subsequent analyses. The trial was conducted under116

rainfed conditions, and plants received standard agronomic management, including applications117

of sulphur (27 kg ha−1), nitrogen (50 kg ha−1), and appropriate autumn and spring herbicides,118

fungicides, and insecticides. Further information about the Watkins genotypes, including germplasm119

resources unit (GRU) store codes listed in Table 1, can be found in the SeedStor database [28].

Table 1: GRU store codes of the wheat cultivar Paragon and selected Watkins genotypes used for
spike shape analysis.

WATDE0323 WATDE0930 WATDE0296 WATDE0228 WATDE0227 Paragon WATDE0347 WATDE0748 WATDE0253 WATDE0045 WATDE0020 WATDE0354

Samples 8 7 8 9 9 8 9 5 7 8 7 7
Short x x
Awned x x

120

2.2 Spike 3D surface data acquisition and reconstruction121

The experimental data was collected using a 3D surface scanner (Artec Space Spider, Artec 3D,122

Luxembourg), designed to capture high-resolution 3D scans, up to 0.1mm resolution, for small123

objects with complex fine details. The scanner consists of three depth cameras, an RGB camera124

(24 bpp with a resolution up to 1.3 MP), 6 LEDs and a blue light projector. During the surface125

scanning, one harvested spike is fixed in the centre of a turntable via a metal support. The turntable126

rotates with a constant speed and completes a full rotation after 60 seconds. While the spike is127

rotating around its central axis on the turntable, all the sensors in the scanner capture information128

simultaneously, and data is transferred as a single frame (Figure 1 (a)) to a computer linked to the129

handheld scanner via USB 3.0. Real time recorded frames are displayed (Artec Studio software,130

Artec 3D, Luxemburg) on the PC screen to enable the user to monitor the spike parts that have131

been scanned sucessfully.132

At each frame, the scanner projects a grid pattern (reference pattern) of blue light. The benefit133

of the blue light is the shorter wavelength. Therefore, when the scanner projects light onto the spike,134

the shorter wavelength (of the blue light) allows it to diffract more sharply around small details.135

This finer diffraction enables the scanner to detect and record small variations in the spike surface136

geometry, capturing complex features with higher precision. Simultaneously, the three depth cameras137

observe the spike from three different angles and capture the reflected distorted light patterns. By138

measuring the time-of-flight of the reflected blue light as well as comparing the reference pattern139
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Figure 1: Overview of the preprocessing pipeline. (a) one-frame surface recording. (b) Raw data
after the completion the 3D surface scanning (c) A very dense 3D point cloud representation of the
wheat spike after global registration and eliminating 3D noises. (d) Spike mesh after sharp fusion
process for surface reconstruction. (e) Texture mapping to generate the mesh colour of the mature
spike.
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with the distorted grid using triangulation, the 3D position of points on the spike surface and the140

distance of each point with the scanner are calculated. Depending upon the size of the spike (long,

Table 2: Average number of frames and points in spike for each variety.

GRU code AVG frame AVG points (vertices) Faces Edges

WATDE0323 727.6 467346.8 934689.6 1402034.4
WATDE0930 553.1 96840.6 193677.2 290515.8
WATDE0296 649.3 117262.8 234521.6 351782.4
WATDE0228 657.3 98877.8 197751.6 296627.4
WATDE0227 696.7 143431.0 286858.0 430287.0
Paragon 396.8 118220.0 236436.0 354654.0
WATDE0347 671.4 199807.3 399610.6 599415.9
WATDE0748 732.4 169838.8 339673.6 509509.4
WATDE0253 732.0 120604.9 241205.8 361808.7
WATDE0045 864.4 178835.4 357666.8 536500.2
WATDE0020 598.0 104612.1 209220.2 313830.3
WATDE0354 436.4 42240.3 84476.6 126714.9

141

short, with/no awns or bent), the 3D scanner may capture several hundreds of frames (see Table142

2) in three complete rotations of the turntable. For instance, for straight spikes without awns, the143

scanning can be stopped after 1 minutes, which is the time for the scanner to complete a full rotation144

while moving it up and down to enable recording all the spike details. However, the scanning of long,145

bent and awned spikes may take longer (2 to 5 minutes) to move the scanner into more view angles146

to scan the parts that are hidden by the awns and spike curvature. The Artec studio software stores147

the captured frames after calculating the 3D points coordinate at each frame. Using the software,148

users can then manually save the scanned raw data (Figure 1(a)) in various file formats, such as149

“.obj”, “. ply”, “. stl”, so on. The software requires a laptop with high specification: processor of150

12th Generation Intel® Core™ i9-12900HK (24MB Cache, up to 5.0 GHz, 14 cores); memory of 64151

GB, 2 x 32 GB, DDR5, 4800 MHz, dual-channel; GPU of NVIDIA® GeForce RTX™ 3050 Ti, 4152

GB GDDR6, 45 W. Once the scanning is finished, several data preprocessing steps are required to153

reconstruct the 3D shape. These are: a global registration of the frames, outlier removal, surface154

reconstruction and texture mapping. These steps require manual parameter testing and setting155

(see details in the following sections) and are achieved using the Artec studio software. Figure 1156

illustrates the 3D spike representation after each preprocessing step.157

2.2.1 Global registration158

This step integrates all the raw data (Figure 1(b)) into a unified coordinate system (Figure 1(c)).159

This process relies on using information about the relative positions of each surface pair. The160

algorithm initiates this transformation by strategically selecting a set of particular geometry points161

within each frame. Subsequently, it applies a detailed search in an area of 1mm (parameter chosen162

by the user) for matching pairs of points across two consecutive frames. This is because when the163

spike is rotating and the scanner captures multiple frames, each two consecutive frames will have164

common geometry points. Therefore, through the exact coordination of geometry points and the165
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identification of mutual matches, the global-registration algorithm achieves a holistic fusion of the166

spike frames.167

2.2.2 Spike denoising168

During the scanning procedure, it is usual to encounter noisy data points within the captured169

scene, manifesting as small, unconnected surfaces from the main surface structure. The presence170

of such outliers can impact the accuracy of the reconstruction and subsequently affect the efficacy171

of phenotype extraction process. To address this issue, an outlier removal technique is employed,172

utilizing an algorithm measuring for each surface point the mean distances between that point and173

certain number of neighbouring points, as well as the standard deviation of these distances. Points174

exhibiting mean distances exceeding a certain threshold, defined by the global mean of standard175

deviation of distances, are classified as outliers, and subsequently eliminated from the scene.176

2.2.3 Mesh reconstruction: sharp fusion177

After acquiring the complete 3D point cloud of the spike and removing outliers, a surface reconstruc-178

tion algorithm in the Artec software is used to reconstruct the underlying geometry of the spike.179

This is achieved by connecting the points with each other, forming triangular facets (Figure 1(d))180

using a ball pivoting technique. In this technique, an initial seed point is chosen from the input point181

cloud of the spike, serving as the starting point for mesh construction. A ball with a user-defined182

radius is then centred at this seed point, representing the region where potential pivot points can be183

found. The ball is rotated in 3D space to identify neighbouring points within its radius (1 mm set184

manually in Artec Studio software), and a pivot point is selected based on specific criteria, including185

forming a valid triangle with the seed point and another point in the mesh. This process iterates,186

with each new pivot point becoming the seed for the next iteration, gradually expanding the mesh187

by forming triangular facets between connected points. As the algorithm progresses, it constructs a188

mesh representation of the spike surface.189

2.2.4 Texture mapping190

The last pre-processing step is applied to recover the spike colour. The RGB camera of the scanner191

with the help of the 6 LEDs that guaranty good illumination, capture the colour of the spikes.192

Initially, during the 3D scanning process, RGB colour information is captured simultaneously with193

the depth data, producing a point cloud where each point has associated colour values. These194

values are then stored as RGB pixels in a 2D image called texture image with UV coordinates, see195

Figure 1(e). The UV coordinates are pairs of numbers (u,v) representing positions on a 2D texture196

image that corresponds to specific 3D vertices on the spike surface. Immediately after spike mesh197

reconstruction, a texture mapping is performed by projecting the RGB colour values onto the mesh198

facets. This is by using a UV mapping technique, where UV coordinates are assigned to each vertex199

of the mesh based on its position relative to the point cloud. These UV coordinates are used to200

sample the RGB colour values and apply them to the corresponding mesh facets, enabling generation201

of the spike colour.202
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2.3 Pipeline for extracting spike 3D morphometric traits203

Figure 2 represents the main processing steps of the pipeline developed for extracting spike 3D204

morphometric traits from reconstructed wheat spikes. The process begins with defining the main axis205

of the spike allowing consistent orientation of all samples. Spikes are then aligned within a common206

coordinate system to ensure comparability across wheat genotypes. Following alignment, spike length207

is quantified using two methods (z-axis extent and the skeletonized structure) which are analysed208

and compared. Cross-sectioning is performed along the main axis (z-axis) to measure the area and209

thickness of individual slices, providing a detailed thickness profile along the spike. This profile210

is subsequently used to extract the spike volume and derive thickness distribution characteristics.211

Multiple statistical models (skew-normal, lognormal, gamma, and chi-squared) are fitted to the212

thickness distribution of each spike to extract optimal parameters that capture tapering, shape213

and scale variability. Local extremes within the thickness profile are identified giving insights on214

spikelet density, and subsequently spikes were segmentated into three zones: zone of aborted spikelets215

(ZAS), base, and apex. Finally, connected skeleton branches and endpoint features corresponding216

to spike/spikelet components (rachis, glumes, lemmas, paleas, and awns) are extracted. Runing217

the pipline does not require a high specification computer. The pipeline was tested on a computer218

without GPUs with a processor of Intel® Core™ i7-7700 CPU @ 3.60 GHz (4 cores, 8 threads) and219

16 GB of RAM.220

2.3.1 3D spike alignment221

After completing the scanning, the orientation of the spikes is random in the 3D space. Aligning222

the wheat spikes according to a single reference orientation (x, y, z) helps normalization, as well as223

quantifying and comparing phenotypes. The alignment process begins by inferring the spike’s main224

axis of highest variance, then applying geometric rotations.225

The principal component analysis (PCA) considers the spike as point cloud P = {(xi, yi, zi) |226

i ∈ n}, where (xi, yi, zi) are point coordinates and n the number of points in the spike. Each227

point represents a data sample which helps finding the principal spike orientations sequentially one228

after another. The PCA looks at the point cloud from all possible angles to evaluate which of the229

infinite number of projections best seperates the data. This is done by resolving the generalised230

eigenvectors of the spike covariance matrix cov(P ) in cov(P )V⃗ = λV⃗ and selecting the eigenvectors,231

V⃗ , that have the maximal eigenvalues, λ. The first three maximal eigenvalues λ1, λ2, λ3 calculated232

represent the variance along each principal component axis v⃗1, v⃗2, and v⃗3 respectively, as shown233

in image bellow. A larger eigenvalue corresponds to a higher variance which indicate the spike’s234

elongation over the new axis v⃗1 (rachis axis, see Figure 2(a)). By assuming the orthogonality of235

the three principal components v⃗1, v⃗2, and v⃗3, this ensures that they are uncorrelated and each236

new axis (principal component) captures a different aspect of variation in the point cloud of the237

spike. To align v⃗1 with the Z-axis, two angles α and β are calculated as follow:α = tan−1
(

v1y

v1x

)

and238

β = tan−1

(√
v2
1x+v2

1y

v1z

)

.Where α is the angle between the projection of v⃗1 on the XY-plane and β239

is the X-axis and the inclination of v⃗1 with respect to the Z-axis. The two angles are then employed240
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Figure 2: Pipeline overview for individual spike morphometric trait extraction. (a) Determination
of the spike’s main axis. (b) Alignment of wheat spikes in the new coordinate system. (c) Length
estimation using z-length and skeleton length. (d) Cross-sectioning of a short spike and measurement
of slice areas (slice thickness). (e) Extraction of spike thickness distribution along a short spike and
computation of volume. (f) Fitting of statistical models to spike thickness profiles and extracting
statistical descriptors. (g) Detection of local extremes and segmentation of a lomg spikes into the
zone of aborted spikelets, base, and apex. (h) Extraction of connected branches and endpoint
features of spike components (e.g. short dense and longawned spikes).
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to build a 3D rotation about the Y-axis (equation 4) and another 3D rotation about the Z-Axis241

(equation 5).242

Ry(π − β) =







cos(π − β) 0 sin(π − β)

0 1 0

− sin(π − β) 0 cos(π − β)






(1)

Rz(−α) =







cos(α) − sin(α) 0

sin(α) cos(α) 0

0 0 1






(2)

Then, a composite rotation of the spike is applied to align v⃗1 with Z-axis by multiplying the243

transposed spike by the two calculated rotation matrices Ry and Rz, P
′ = Ry ×Rz × P t

244

After aligning the rachis axis (v⃗1) with Z-axis, there still be a roll about the Z-axis (which245

has become the rachis axis) to orient the secondary axis and align v⃗2, and v⃗3 with Y and X axis,246

respectively. Therefore, a second PCA has been applied on the rotated spike cloud P ′ to obtain the247

new second eigenvector v⃗2, compute the angleα′ = tan−1
(

v2y

v2x

)

and apply a final roll rotation on248

the rachis axis by multiplying the rotation matrix Rz(−α′) by the spike cloud P ′. This sequence249

of PCA-guided rotations ensures that all spikes are aligned in a consistent 3D pose. Finally, each250

spike is translated so that its centroid lies at the origin, establishing a shared spatial reference for251

the entire dataset as shown in Figure 2(b).252

2.3.2 Spike length measurement253

The length is relatively easy to measure if the spike is straight by projecting the spike elongation on254

the z-axis after the alignment process, see Figure 2(c). However, when the spike is curved, extracting255

the skeleton is required to achieve length measurement. Therefore, after slicing the spike mesh with256

50 equally spaced planes parallel to xy-plan, the algorithm provides a set of points that intersect with257

the parallel plans, bringing the issue into a 2D space. Using the perimeter points of the sliced area258

as shown in figure 2(c), the centroid point can be calculated by averaging the x and y coordinates of259

all the points to get the x and y position of the centroid. The spike skeleton length is then obtained260

by linking the centroid of the slices along z-axis and summing up the Euclidean distance between261

the adjacent centroids in 3D space.262

2.3.3 Spike thickness profiling263

Spike thickness extraction requires applying a 3D cross-sectioning along the spike elongation axis (z-264

axis), in which the aligned spikes will be sliced into one hundred adjacent sections with planes parallel265

to xy-plane, see 2(d). The spike thickness is then calculated by measuring the area of the 2D slices as266

follow: for a slice S(zi) at a given position zi, 1 ≤ i ≤ 100, the area is measured by splitting the slice267

surface into tiny triangles then summing up the area of all the triangle. S(zi) =
∑

all triangles
bj,i·hj,i

2268

Where b and h are the triangle base and height, respectively. As each of the 2D slices can be269

represented by an area value, it is possible to extract and visualize the slice area over the hundred270
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slices (Figure 2(e)) to show the thickness distribution y(z) measured along the spike’s longitudinal271

axis z (base to apex).272

Thickness descriptors273

Further analysis is caried out on the thickness distribution. For each spike, thickness profile was274

processed without smoothing or denoising. This is to keep the small curve fluctuation (as represented275

in Figure 2(f)) that relates particularly to spikelet’s upper edges and the space between them, which276

is a good indicator of spikelet density in the spike. The identification of the curve fluctuations is277

done by the extraction of local extremes (minima and maxima), using a three-point rule: index i is278

a local maximum if yi > yi−1 and yi > yi+1, and a local minimum if yi < yi−1 and yi < yi+1. Then279

counting the number of local extremes (NLE) which is the total of the number of the local minima280

and local maxima.281

Using thickness profiles it was possible to split the spike into zone of abortive spikelets (ZAS),282

base, and apex see Figure 2(f). This was done by locating and extracting the global thickness283

peak ypeak = maxz y(z) and defining the ZAS–Apex boundary on projected z-axis of the spike284

as z∗ = min{ z : y(z) > y0 + 0.10 (ypeak − y0) }, where y0 is the initial thickness value where285

z=0. The borders of the segments are defined as follow: ZAS = [z1, z
∗], Base = [z∗, zpeak], and286

Apex = [zpeak, zn]. By using this borders, the extraction of segment descriptors was carried out.287

To automatically capture the variation in those segents, a set of morphological descriptors were288

extracted and summarised in Table 3.289

Table 3: Segment-level features extracted from thickness profiles y(z) on ZAS, base, and apex.

Descriptor Mathematical formula Description

Length (L) ∆z = zend − zstart Segment length along the spike z-axis.
Start thickness
(ST)

ystart Thickness at segment start.

End thickness
(ET)

yend Thickness at segment end.

Mean thickness
(MT)

ȳ = 1
∆z

∫ zend

zstart
y(z) dz Average thickness over the segment.

Slope (S) ∆y
∆z = yend−ystart

∆z , S < 0 in
Apex

Mean rate of thickening (base) or thinning
(apex).

Area under the
curve (AUC)

∫ zend

zstart
y(z) dz Integrated thickness over the segment.

Amplitude (A) yend − ystart, A < 0 in Apex Net change in thickness.
Relative change
(RC)

yend−ystart

ystart
, RC < 0 in Apex Change relative to start thickness.

AUC-to-
trapezoid ratio
(AUCR)

ρ = AUC
0.5 (ystart+yend)∆z Shape index: ρ ≈ 1 linear, ρ > 1 convex, ρ < 1

concave.

Variability (SD) σ(y) =
√

1
n

∑n
i=1(yi − ȳ)2 Absolute within-segment variability.

Variability (CV) CV = σ(y)
ȳ Relative variability (normalized by mean

thickness).
Tapering index
(TI, Apex only)

τ = ystart−yend

ystart
Relative narrowing during the thinning in
Apex
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Statistical descriptors290

When examining the thickness profiles along the spike axis, a consistent spatial patterns that appear291

to reflect systematic variation in spikelet size and arrangement is observed. However, the raw292

thickness profile often exhibited local fluctuations due to numerous small-scale extremes (see Figure293

2(f)), resulting in a noisy distribution. To better capture the underlying biological main shape and294

minimize the influence of local irregularities, the thickness profiles are modelled using continuous295

standard probability distributions. Specifically, we applied four statistical fitting functions: skewed296

Gaussian (SG), log-normal (logN), gamma, and chi-square (chi2) distributions, (see Table 4). This297

is to approximate the overall shape of each spike’s thickness curve along the spike.298

Table 4: Representation of the statistical distributions used to model spike thickness profiles and
the parameters estimated for each fit.

Fitting

model

Equation Parameters to adjust ac-

cording to spike shape

skewed
Gaus-
sian

y(z) = A 2ϕ
(

z−loc
σ

)

Φ
(

α z−loc
σ

)

A (Amplitude), α (skew), µ
(loc), σ (scale)

logN y(z) = A 1
(z−loc) s

√
2π

exp
(

− (ln(z−loc))2

2s2

)

, z > loc A, s (shape), loc, scale=eµ

gamma y(z) = A (z−loc)k−1e−(z−loc)/θ

Γ(k) θk , z > loc A, k (shape), loc, scale=θ

chi2 y(z) = A (z−loc)ν/2−1e−(z−loc)/2

2ν/2Γ(ν/2)
, z > loc A, ν (degree of freedom), loc

The fit curves will help smoothing (see Figure 2(f)) the thickness profile and ignoring the local299

extremes variations that comes from spikelets edges (respresented in Figure 2(g)). This process300

requires adjusting the models’ parameters iteratively to minimize the difference between the original301

thickness profile and the predicted values through Mean Squared Error (MSE) method. Once the302

distribution is fitted, its precision is evaluated by the coefficient of determination (R2). Then the303

optimal parameters indicating different levels of skewness, peaks shift, mode, mean, scale and shapes304

in the thickness profile are used as statistical descriptors to reveal more morphology insights and305

quantifying the spike shape, see Table 5.306

2.3.4 Spike volume measurement307

This metric involves, first, fitting the thickness scatter of the spike with a cubic spline function308

to generate a continuous curve as illustrated in figure 2(e). Then, measuring the area under the309

thickness curve using the z-coordinates 0 and spike length value as parts of the interval for integrating310

the cubic spline (vspike =
∫ zspike length

0
spline(S(z)) dz). Another technique tested in python was the311

voxelization-based volume estimation. This technique consists of dividing the cubic bounding box of312

the spike into a grid of small alike voxels of a size equal to 0.5mm3. The voxels that include vertices313

(see figure 1(d)) along with the empty voxels inside the enclosed surfaces of the mesh receive a binary314

value of 1,while the remaining voxels inside the bonding box receive a binary value of 0. Volume315

is obtained by summing up the total number of voxels with positive value and multiplying it with316

voxel unit (0.5mm3). This provides a volume estimate based on the discrete spatial occupancy of317
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Table 5: Biological interpretation of the optimal fit parameters.

ParameterMathematical role Biological interpretation

A Vertical scaling factor of
the fitted distribution

Relates to the overall maximum cross-sectional thickness of
the spike: Generally, larger A indicates thicker spikes.

loc Horizontal shift of the
curve along z

indicates the position of the peak of thickening along spike
length, reflecting how early or late maximum occurs.

Scale controls the spread of the
distribution

Reflects the effective length of the spike segment over which
thickness is spread: Large scale means gradual thicken-
ing/tapering; small scale means sharp transitions.

Shape Determines steepness and
tail slope

controls the distribution of thickening vs tapering: high
value means sharp peak; low value means flatter profile
with longer tail.

Skewness
(α)

controls asymmetry of the
distribution

Reflects spike asymmetry, whether the base-to-peak thick-
ening is more gradual than the peak-to-apex tapering (pos-
itive α right-skewed profile and the tail is longer in the
Apex, vice versa; α converging to 0 refers normal gaussian
distribution which means symmetrical thickness profile ).

degree of
freedom
(df)

Shape parameter in Chi2
distribution

Another indicator of both peak sharpness and tail be-
haviour, comparable to the Gamma shape parameter.

the spike within the 3D voxel grid. This is a straightforward method, but accuracy depends on the318

voxel size; smaller voxels increase accuracy but also computational cost. The choice of 0.5 mm3
319

voxel size is a balance between accuracy and computational load. The volume of all wheat spikes320

was measured using three methods: Thickness AUC, voxelization, and Artec studio software. In321

addition to enabling the 3D scanning, Artec studio software can measure the volume of the spikes,322

but with no indication about which method is implemented in the software. Therefore, comparing323

the pair combination of the three ways of extracting the volume will help selection of a suitable324

method among the AUC-volume and the voxelization techniques.325

2.3.5 Extracting branches and endpoints of the 3D spike components326

As the visible spikelet components are the glumes, the lemmas, the paleas, and the awns, an algo-327

rithm has been developed to locate the tip of those components (called also endpoints). In addition328

to this, a more complex set of features were extracted that quantify the branching within the rachis,329

spikelets and awns. This process was realised by extracting a 3D centerline skeleton from rachis,330

spikelet components (the glumes, the lemmas, the paleas and the awns) mesh by using a topology-331

preserving thinning approach on a voxelized spike. First, the 3D point cloud of the spike is converted332

into a uniform voxel grid. Second, a standard 3D thinning algorithm is applied to peel off outer voxels333

layer by layer iteratively but keeps any voxel whose removal would change the spike’s topology (for334

example, it would break a branch or merge two parts). Thinning stops when only a one-voxel-thick335

feature remains that follows the center of the rachis and the branching with the spikelet components336

and awns when they are present. To make the process more stable on very thin areas, a light 3D337

closing beforehand to seal tiny pinholes is performed. Finally, the skeleton voxels are mapped back338
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to real-world coordinates using the voxel grid’s transform and a simple graph with nodes is built.339

Nodes with three or more neighbours were labelled as branch points, and nodes with exactly one340

neighbour were labelled as endpoints as shown in Figure 2(h). The extraction of the connected341

skeleton of the rachis, the spikelet components and the awns with defined branches and tips, allowed342

calculation of the total number of branches (refered as Num-branch feature) and end points (refered343

as Num-endpoints feature) for each spike.344

3 Results345

3.1 Diversity using the extracted traits346

The scatter diagrams in Figure 3 demonstrate the diversity captured by all the extracted traits (see347

Table S6 in supplementary material) when projected into lower dimensions using linear unsuper-348

vised (PCA) and supervised (LDA) methods, as well an unsupervised non-linear (UMAP) method.349

The spread of points in PCA (Figures 3a and 3d) shows that there is variation among genotypes350

(specifically, WATDE0323 and WATDE0347), but the overlap in most genotypes reflect the inability351

to discriminate these genotypes.In contrast, the LDA (Figures 3b and 3e) projections highlight that352

the dataset contains distinct sources of variation, with genotypes occupying more separated clusters353

particularly in the 3D LDA scatter. The spread in UMAP (Figures 3c and 3f) provides an additional354

perspective by emphasizing local structures: some genotypes form compact clusters with internal355

homogeneity such as WATDE0323, WATDE0347, WATDE0748, and WATDE0930, others are more356

scattered, meaning there is higher within-variety variability.357

3.2 Comparing spike length methods358

Figure 4 provides a comparison between two methods for measuring spike length: the traditional359

projected Z-length (vertical height of the spike) and the skeleton length, which is extracted from the360

internal structure of the spike.Both methods gave similar length measurements as demonstrated by361

the regression equation (y = 1.03x+1.24) and the strong correlation R²=0.98. The length is slightly362

higher when using the skeleton approach which can better correct for curvature. A few outliers can363

be observed and correspond to spikes that are curved more than the others.364

When the length is analysed for the individual genotypes (Figure 5), the correlations remained365

high (R² > 0.7 for all cases), although slopes and intercepts varied slightly among the genotypes,366

suggesting small genotype-specific differences in how spike curvature contributes to skeleton and367

projected length measurements. The genotypes show slopes varying from 0.68 to 1.17. Except for368

Paragon and WATDE0748, all the other genotypes show R²≥0.92, reflecting consistency in spike369

length measurement. Genotypes, such as WATDE0228 (R² = 0.99 and a = 1.01), exhibit an almost370

perfect 1:1 correlation, indicating that the spikes in this variety are straight. Paragon (R²=0.775 and371

slope a=0.68) shows an average correlation, indicating that some spikes in this variety are curved372

or twisted, making projected length a less reliable measurement. In this case, the skeleton length373

captures the true spike length more precisely by accounting for the structure and curvature.374
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(a) PCA (2D) (b) LDA (2D) (c) UMAP (2D)

(d) PCA (3D) (e) LDA (3D) (f) UMAP (3D)

Figure 3: Embedding of all the extracted traits. Each plot displays the multidimensional relation-
ships among spike morphological traits, reduced into two or three dimensions using: (a) 2D-PCA,
(b) 2D-LDA, (c) 2D-UMAP, (d) 3D-PCA, (e) 3D-LDA, (f) 3D-UMAP. Points (spike samples) are
coloured by genotype, demonstrating separability among varieties. .

Figure 4: Correlation between skeleton length and the z-length of all the spikes.
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Figure 5: Relationship between the skeleton length and the projected length within genotypes.

3.3 Analysis of thickness descriptors375

The average thickness profiles in genotypes, in Figure 6, revealed distinct morphology and shape376

differences, see Figure S3 for individual spike thickness. In all cases, thickness increased from the base377

toward the midsection and decreased toward the apex, though the shape of the distribution varied.378

Some genotypes like WATDE0020, WATDE0354, WATDE0045, WATDE0930, and WATDE0748379

have slightly longer lengths in the zone of aborted spikelets. The length profile of WATDE0323 and380

WATDE0347 have the appearance of a bell, with the highest peaks and shortest lengths, while the381

other genotypes have longer tails indicating thickening of the spikes between midsection and the top382

of the spike.383

3.3.1 Local extremes in thickness and segment related traits384

Figure 2(g) illustrates the segmentation of a spike into three structural regions: the ZAS, the base,385

and the apex, derived from thickness profiles. The ZAS is characterized by very low and stable386

thickness values, however the base and the apex have a more variable profile with multiple small387

fluctuations that are detected by the local extremes method. In Figure 7 and Table S17, correlations388

within and across segments demonstrated that base mean thickness (Base-MT) and base variability389

(Base-SD) are highly and positively correlated with apex counterparts (R2 > 0.87). Base-MT was390

also moderately associated with spike weight (R2 = 0.79), spike skeleton length (R2 = 0.65), and391

the ratio of weight to skeleton length (W/SL, R2 = 0.74).392

Apex mean thickness (Apex-MT) was strongly correlated with weight (R2 = 0.78) and W/SL393

(R2 = 0.71). Apex slope (rate of tapering) correlated positively with NLE (R2 = 0.62) and negatively394

with NSPS/SL (R2 = 0.79), indicating that steep apical tapering is associated with lower spikelet395
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Figure 6: Each plot represents the mean thickness distribution along the average spike length for
individual genotypes, including Paragon and Watkins lines. The shaded areas indicate the variability
(± standard deviation) observed among the measured spikes of each genotype. Differences in curve
shapes and peak heights reflect variations in spike morphology across genotypes shown by an example
of 3D spike surface scan. Thickness profile of individual spikes are in Figure S3

density. The length of the zone of aborted spikelets (ZAS-L) correlated positively with the number396

of manually counted aborted spikelets in the base (NBAS, R2 = 0.54), validating thickness-derived397

segmentation as a reliable predictor of spikelet abortion. ZAS-related ratios also showed moderate398

correlations with NSPS/SL and W/NSPS. NLE correlated positively with spike length (SL, R2 =399

0.63) and Apex-Slope (R2 = 0.62), but negatively with spikelet density (NSPS/SL, R2 = 0.55).400

These results suggest that spikes with more undulations in their thickness profile tend to be longer,401

with steeper apical tapering, but lower spikelet density. Thus, NLE (Extracted in Table S9) may402

serve as an indirect proxy for spikelet density. When analysing genotype-specific spread in the scatter403

plots of figure 7, most of the genotype spread evenly along the regression trendline. However, in404

some cases short dense genotype (WATDE0323 and WATDE0347) consistently clustered at the high405

values of NSPS/SL end of these correlations. This indicates a distinct pattern that can be useful for406

classification according to spike shape.407

3.3.2 Fit-thickness traits408

To extract features using statistical distributions and quantitatively characterize the thickness pro-409

file of the spikes, each was fitted with the following statistical distributions: skewed Gaussian,410

log-normal, gamma, and chi2 models. For visualisation, Figure 8 illustrate only the fits of the av-411

eraged thickness of each variety. Detailed information on the fits of individual spikes is provided412

in the supplementary materials for readers who are interested in the full data (see Table S10 and413
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Figure 7: Pair scatter of segment-related traits, spike weight (W), number of spikelet per spike
(NSPS), number of basal aborted spikelets (NBAS), and the number of local thickness extremes
(NLE). Each subplot represents the correlation between two traits, with fitted regression blue line
and corresponding coefficients R2 measured for all genotypes together. Different markers and colours
correspond to individual genotypes, allowing visualisation and comparison of inter-genotypic varia-
tion.
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S15). For all genotypes, the fitted curves (Figure 8 and Figure S3) closely overlapped the average414

thickness profiles, with R2 values above 0.8 (Tables S1–S4 for averaged spike thickness and S10 for415

individual spike thickness) for most genotypes, indicating strong model performance. The genotype416

WATDE0045 showed lower fitting performance (moderate R2 values in Table S10) probably due to417

the high fluctuations observed in its thinckness profile (see Figure S3) rather than the limitation of418

the fitting-models in accurately capturing the spike’s thickness pattern within this genotype.419

Although the fitted curves appeared visually similar across models, the optimal parameters ex-420

tracted from the fits (Tables S1–S4 and Table S10) could provide additional description of the spike421

morphology. For instance, the skewness parameter (α) derived from the skewed-norm fit (Table S10)422

quantifies the degree of asymmetry in the profiles. Higher skewness values were observed in spikes423

from certain genotypes such as WATDE0045 (spike 5, α = 71.44 and R2 = 0.63), WATDE0296424

(spike 6, α = 37.41 and R2 = 0.86), Paragon (spike 5, α = 32.20 and R2 = 0.87), and WATDE0930425

(spike 1, α = 28.95 and R2 = 0.91). These high skewness values indicate more asymmetric thickness426

distributions, charaterized by higher thickness at the spike base compared to the apex, as shown in427

Figure S3. Conversely, spikes within WATDE0323 genotyshow lower values of skewness (α convergo-428

ing to zero; see Table S10), and its corresponding skewed-normal with the Gaussian fits overlapped429

closely (Figure S3), suggesting a symmetrical thickness profile from base to apex in this genotype.430

An exception was observed for WATDE0323 spike 2, which exhibited a negative skewness value,431

indicating greater thickness near the apex (Figure S3). Similarly, the scale parameters from all the

Figure 8: The plots illustrate the average spike thickness (red points) along the average spike length
for each genotype, overlaid with the following statistical distribution models: skew-Gaussian, lognor-
mal, gamma, and chi-square distribution. The fitted curves demonstrate how different probability
distributions capture the asymmetry and variability of spike thickness along the spike long axis.
These fits were used to evaluate model suitability for characterizing genotype-specific morphological
patterns (see Figure S3 of individual spikes).

432

four fits in Tables S1–S4 and Table S10 reflected differences in spike relative length where spikelets433
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are well developed. Genotypes with larger scale values (WATDE0045, WATDE0228, WATDE0227434

and Paragon) shows broader central regions in Figure 8. The amplitude is a scaling parameter of the435

thickness distribution where it increases relatively with volume and weight (see, Figure S5). In the436

chi2 fits (Tables S4 and S10), the degrees of freedom (df) varied between genotypes. A higher value437

in this parameter (WATDE0323, WATDE0347,and WATDE0020) indicates a symmetrical profile438

with sharp thickness peak and short length. while a smaller value reflects an asymmetrical profile439

with tapering in the apex of the spike.440

Importantly, these parameter sets provide quantitative trait values that extend beyond sim-441

ple curve visualization. For instance, in Table S10, most of genotypes displayed relatively higher442

skewness and scale values, reflecting elongated but asymmetric spikes, whereas WATDE0323 and443

WATDE0347 exhibited lower skewness and scale values, consistent with their more symmetrical444

compact and peaked profiles. Across all models, the relatively low mean square error (MSE) values445

confirmed that the fitting adequately captured variation in the observed thickness curves.446

3.4 Comparing spike volume estimates447

Spike volume was measured using three different methods: AUC integration, voxelization, and448

Artec-based measurement. All three approaches showed a near-perfect correlations (R² ≥ 0.99) and449

regression slopes close to 1 (Figure S2). This confirms the robustness of the volumetric estimates450

and supports the comparability of different measurement techniques for capturing spike volume.451

When analysed individually per variety (Figure 9), the correlation between weight and AUC-derived452

volume varied among genotypes. In general, high coefficients of determination were observed (R2 =

Figure 9: Scatter plots illustrating the relationship between spike weight and AUC-volume within
each genotype.
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0.69 − 0.98) with the lowest for Paragon and WATDE0930 (0.75 and 0.69, respectively) and the453

highest for WATDE0347,176 and 202(R2 = 0.98, 0.92 and 0.92, respectively). The relationship454

shows that both weight and volume are increasing in parallel. The analysis of individual weight-455

to-volume relationships highlights key differences between the commercial variety Paragon and the456

Watkins landraces. Paragon shows a high range of spike weights varying from 1.88mg to 3.29mg (see457

Table S13) and moderate efficiency in weight increase (slope = 0.41). in addition, the short variety458

WATDE0323 has heavier spikes with a weight range varying from 2.3mg to 3.63mg and achieves the459

highest slope a = 0.7 which indicates a potential for grain production as this variety increases weight460

rapidly with a minor increase in volume. WATDE0296 and WATDE0347 also exhibit a moderate461

efficiency in weight increase (a = 0.481 and a = 0.50 respectively), and a spike weight variation that462

is much closer to Paragon’s spike weight variation. For the remaining Watkins genotype, the spikes463

are generally lighter compared to Paragon. This suggests lower overall yield potential despite its464

consistency, as indicated by a R2 value higher than 0.8 for most of this genotype. In terms of within-465

variety variation, Paragon shows more scatter, indicating that spike weights are less predictable.466

Conversely, WATDE0323 and WATDE0347 display much higher consistency (R2 = 0.96).467

3.5 Analysis with spike branches and spikelet end points468

The features Num-branch and Num-endpoints (see Table S14) were correlated with all the previously469

extracted traits as well as the manually recorded traits (W and NSPS in Table S13). Figure 10 shows470

only the top correlations with an R2 >= 0.30 between these two features and the rest of all the471

extracted traits. These two features highly correlated with each other (R2 = 0.96). Additionally they472

showed good correlations with the following features: Base-traits (0.68 ≤ R2 ≤ 0.77), Apex-traits473

(0.73 ≤ R2 ≤ 0.88), local extremes traits (0.53 ≤ R2 ≤ 0.57), the spike skeleton-length and its ratio474

with AUC-volume, W and NSPS (0.63 ≤ R2 ≤ 0.85), and statistical descriptors (0.76 ≤ R2 ≤ 0.78).475

Moderate correlations of the Num-branch and the Num-endpoints (R2 = 0.52–0.60) were ob-476

served with the ZAS-Slope, suggesting that branching complexity also scales with the degree of477

spike elongation and the longitudinal gradient of thickness along the spike. In contrast, the number478

of local extremes (NLE) showed a negative correlation with both branch number and endpoints479

(R2 = 0.54–0.55), implying that spikes with smoother thickness profiles (i.e., fewer Local-Maxima)480

tend to have more organized branching and a higher number of end points.481

4 Discussion482

4.1 Morphological diversity of wheat spikes revealed by 3D traits and483

statistical models484

Understanding the genetic impact on wheat spike shape requires analysis of the morphology of mul-485

tiple genotypes. This process is best approached using 3D surface analysis. This study demonstrates486

the potential of high-resolution 3D scanning to extract a wide range of morphological traits from487

wheat spikes with high precision. By reconstructing 3D shape of wheat spikes and developing the488
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Figure 10: Correlation plots of spike branches and endpoint features (plots x-axis) with the previously
extracted features (plots y-axis).

tools, many sophisticated traits were extracted. These include, mainly, the number of connected489

branches of spikelets components and the rachis, the number of the end points representing the tip of490

glumes, lemmas, pales and awns in the spikelets, and the spike thickness profile. In addition, a set of491

thickness-based traits was derived, including volume (AUC), local extrema, and thickness-segment492

traits such as relative thickness change, mean thickness, slope, tapering index, and within-segment493

variability (SD and CV) across the zone of aborted spikelets, basal, and apical regions. Further494

traits derived from thickness fitting curves were extracted (such as skewness, scale, peak location,495

mode, mean, degree of freedom) capturing information about whether the spikes have parallel-sided,496

pyramidal, long, short or compact shape.497

The diversity analysis (with LDA, PCA and UMAP) shows the pattern and the complexity in498

the data while using all the extracted traits. The PCA scatter showed the maximum variance in499

the data regardless the spike variety. Although clustering for some genotypes was observed, the500

linearity in PCA is a major limitation where it led to miss detecting non-linear pattern in the data501

and overlaps with this technique appear mostly when groups differ in more complex way. The502

LDA model, by contrast, uses genotype labels to maximise the variance between the genotypes and503

minimise the within-variety variance. The resulting scatter plots showed the presence of meaningful504

diversity rather than random noise with the possibility of using the extracted traits for classifying505

(as the boundaries between spikes of each genotype are well defined) spike genotypes according to506

their shape traits. The non-linearity in the UMAP model help capturing more complex patterns in507

the data that PCA cannot. It shows diversity in terms of clusters and relative closeness, such which508
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spikes/genotypes are close in trait space.509

4.2 Length phenotype510

The strong correlations observed between skeleton length and projected length across all genotypes511

confirm that the 3D pipeline provides consistent structural descriptors of spike elongation. They512

reveal a strong positive correlation between these two measurements across all wheat genotypes. The513

skeleton length sometimes is either equal to the projected length or slightly higher and the near-514

perfect correlation does not imply that projected length is always a reliable measure of spike length,515

especially for spikes that are curved or twisted. In such cases, the projected length only captures the516

vertical height, potentially underestimating the true spike length. By contrast, the skeleton length517

accounts for the curvature of the spike, providing a more precise and accurate representation of the518

actual spike length.519

4.3 Thickness phenotypes520

The analysis of thickness distributions and their fitted statistical models revealed variation not cap-521

tured by length alone. Parameters such as skewness, spread, and peak thickness describe differences522

in compactness and asymmetry between genotypes, which may relate to differences in grain arrange-523

ment and density. These findings suggest that thickness-related traits could serve as phenotypic524

markers for spike architecture in breeding programs.525

An interesting observation from Figure S5 and Table S16 is that base length shows no strong526

correlation with any other trait, suggesting that basal segment extension varies independently of527

other architectural or thickness-related characteristics. In contrast, Apex length is strongly positively528

correlated with skeleton length and the scale parameter of the fitting curves and negatively correlated529

with spikelet density (NSPS/SL).530

Both base and apex mean thickness were strongly correlated with some fitting-curves parameters531

(mean, maximum, and amplitude) and ratios of volume and weight per length unit, as well as with532

spikelet density and spike weight, volume, number of endpoints, and number of branches. These533

relationships highlight that thicker spikes tend to be heavier, slightly denser and morphologically534

more complex.535

Similar to base length, the Base-Slope trait showed weak correlations with other parameters,536

indicating that basal thickening dynamics are relatively independent. In contrast, the Apex-Slope537

displayed strong correlations with spikelet density, number of endpoints, number of branches, number538

of local extremes, skeleton length, and fit-curve parameters (mean and maximum). This suggests539

that apical slope is tightly linked to both spike structural complexity and the global shape of the540

thickness profile.541

The association of the number of local extremes with spikelet density per length unit is partic-542

ularly interesting: spikes with higher density exhibited fewer local extremes, suggesting that local543

extremes may be used as an indicator of spikelet density in the spike. The negative relationship544

between NLE and branching traits reveals that spikes exhibiting smoother thickness profiles (very545

smaller local oscillations) develop more structured and complete branching architectures.546
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4.4 Volume547

The volumetric analysis provides an integrative measure of spike size that is relevant, as indicated548

by the positive correlations with spike weight. The AUC-Volume approach has been used because549

it does not require access to the full 3D mesh to estimate spike volume. Unlike voxelization, which550

depends on storing and processing large 3D point clouds, the AUC-Volume method relies only on551

the thickness curve (a vector of 100 values per spike) making it computationally efficient and easy552

to apply across large datasets. Once the thickness profiles are extracted, volume can be computed553

directly from their area under the curve without the need for processing 3D surface scans.554

4.5 Future directions555

The correlations observed between ZAS, base, and apex traits (Figure S5, Table S16) indicate that556

spike thickness is globally coordinated along the spike axis. For example, the mean thickness within557

the ZAS increases proportionally with both base and apex thickness, as indicated by fit-curve and558

segment-derived parameters such as amplitude, mean thickness, and maximum thickness. These559

relationships extend to whole spike features, where higher ZAS mean thickness is associated with560

higher weight and volume per unit length. Spikelet abortion (caused by stress, resource competition,561

or genetic factors) has been widely studied in wheat. The approach proposed here provides a possible562

way to detect and quantify basal spikelet abortion through the ZAS length, which shows a correlation563

with the manually counted number of basal aborted spikelets (NBAS; Table S16). In some genotypes,564

aborted spikelets may also occur in the apex segment, which is an improvement that should be carried565

out in future versions of the proposed method. This would require improving the pipeline by adding566

a 3D spikelet segmentation task and extracting morphometric traits to help observing how those567

metrics change along the spike rachis.568

Overall, the findings in this paper highlight the utility of 3D scanning for wheat spike phenotyp-569

ing and demonstrate how computational tools can extract new morphological traits with potential570

relevance for yield prediction and genetic studies. Future work should focus on linking these traits to571

underlying genetic variation and agronomic performance, thereby integrating high-resolution pheno-572

typing into breeding pipelines. In addition, applying the approach under field conditions or across573

developmental stages could further extend its applicability for capturing dynamic changes in spike574

growth and architecture.575
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1 Annex670

Supplementary Materials671

1.1 Diversity in wheat shape672

Figure S1: Representative 3D surface-scanning examples demonstrating the diversity of bread wheat
shapes.

1.2 Comparaison of volume measurements673

Figure S2: Correlation between the volume of all the spikes using three different methods.
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1.3 Thickness profile of individual wheat spikes674

Figure S3: The subplots show individual spike thickness (orange line) alongs spike length overlaid
with the following statistical distribution models: skew-Gaussian, lognormal, gamma, and chi-square
distribution, see data in Table S15. Each row represent spikes of each genotype, see Tables S10 for
model parameters tuning.
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1.4 Correlation between TGW and the other traits675

The thousand grain weight (TGW) was calculated as the mean of data collected from three plot676

replicates in each growing season (2022 and 2023 ), see Table S17. The different genotypes were677

cultivated in separate fields across the two years. Each plot measured 1 m × 1 m. The trials were678

conducted under rainfed conditions, and plants received standard agronomic management, including679

the application of sulphur (27 kg ha−1) and nitrogen (50 kg ha−1), along with appropriate autumn680

and spring herbicides, fungicides, and insecticides.681

Figure S4: Correlation between thousand grain weight (TGW; x-axis) and spike traits (y-axis).
Colored points represent trait values derived from the averaged thickness profile of each genotype,
with R2 indicating the strength of the relationship.

1.5 Optimal parameters of fitting curves and precision of the fitting682

Tables S1, S2, S3, and S4 summarize the fitting results obtained from the averaged thickness profiles683

of all spikes in each wheat variety. Correspondingly, Table S10 in the Supplementary Materials684

lists the optimal parameters of the fitted curves derived from the individual spike thickness profiles685

within each variety.686
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Table S1: Skewed Gaussian optimal parameters for the mean thickness in each variety.

Variety Amplitude Loc Scale Skewness (α) MSE R2

Paragon 6213.88 15.49 51.58 6.63 31.45 0.95

WATDE0227 3421.94 14.81 51.55 5.53 8.07 0.96

WATDE0228 3334.72 15.29 52.76 4.60 7.34 0.95

WATDE0253 3665.20 11.71 48.98 8.09 8.76 0.97

WATDE0020 4452.62 25.28 34.02 2.90 42.73 0.95

WATDE0296 5308.10 15.06 40.58 4.93 31.69 0.96

WATDE0323 4678.20 13.35 16.36 1.28 136.61 0.93

WATDE0347 5223.66 19.01 24.30 2.32 112.40 0.94

WATDE0354 2353.36 16.49 47.95 5.76 3.13 0.97

WATDE0045 3244.40 15.71 62.14 5.98 7.90 0.93

WATDE0748 3611.00 15.21 45.16 6.86 16.44 0.95

WATDE0930 2557.98 15.01 43.26 8.17 4.34 0.98

Table S2: Log-normal optimal parameters for each variety.

Variety Amplitude Shape Loc Scale MSE R2

Paragon 6673.46 0.59 -6.93 60.34 37.53 0.95

WATDE0227 3650.20 0.55 -11.14 63.74 7.87 0.96

WATDE0228 3499.15 0.49 -18.15 71.57 6.65 0.95

WATDE0253 4136.61 0.71 -2.55 52.50 12.40 0.95

WATDE0020 4476.24 0.29 -26.07 74.63 39.04 0.95

WATDE0296 5536.89 0.48 -11.27 55.30 34.64 0.96

WATDE0323 4682.80 0.14 -69.78 93.17 130.21 0.93

WATDE0347 5249.22 0.24 -32.15 67.64 101.81 0.95

WATDE0354 2503.05 0.55 -7.48 58.89 3.89 0.96

WATDE0045 3509.34 0.58 -12.27 74.27 8.02 0.93

WATDE0748 3972.01 0.63 -1.95 51.37 19.06 0.94

WATDE0930 2861.27 0.71 2.24 46.06 6.75 0.96
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Table S3: Gamma optimal parameters for the mean thickness in each variety.

Variety Amplitude Shape (k) Loc Scale MSE R2

Paragon 6284.44 2.51 3.59 21.84 33.92 0.95

WATDE0227 3444.76 2.74 0.41 20.76 6.86 0.96

WATDE0228 3340.86 3.11 -3.46 19.81 5.75 0.96

WATDE0253 3806.25 1.88 5.77 26.41 10.27 0.96

WATDE0020 4425.83 6.09 -3.99 9.10 37.24 0.96

WATDE0296 5349.32 3.07 0.99 15.40 29.81 0.96

WATDE0323 4683.00 16.95 -28.51 3.13 127.50 0.94

WATDE0347 5236.72 7.10 -7.38 6.34 95.79 0.95

WATDE0354 2366.18 2.73 3.27 19.22 3.85 0.96

WATDE0045 3267.14 2.61 0.03 25.70 7.13 0.93

WATDE0748 3692.10 2.23 6.81 21.13 17.04 0.95

WATDE0930 2627.43 2.03 8.57 21.55 6.43 0.97

Table S4: Chi-square optimal parameters for the mean thickness in each variety.

Variety Amplitude df Loc Scale MSE R2

Paragon 6314.49 4.68 5.04 11.56 34.10 0.95

WATDE0227 3444.77 5.48 0.41 10.38 6.86 0.96

WATDE0228 3340.86 6.23 -3.46 9.91 5.75 0.96

WATDE0253 3806.25 3.76 5.77 13.20 10.27 0.96

WATDE0020 4425.84 12.17 -3.99 4.55 37.24 0.96

WATDE0296 5349.32 6.14 0.99 7.70 29.81 0.96

WATDE0323 4683.00 33.89 -28.51 1.57 127.50 0.94

WATDE0347 5236.70 14.21 -7.39 3.17 95.79 0.95

WATDE0354 2366.18 5.47 3.27 9.61 3.85 0.96

WATDE0045 3267.14 5.21 0.03 12.85 7.13 0.93

WATDE0748 3680.80 4.58 6.36 10.31 17.03 0.95

WATDE0930 2627.43 4.07 8.57 10.77 6.43 0.97
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1.6 Pearson correlation between all traits687

Figure S5: Overview of correlation relationships between traits: pearson’s correlation coefficients
between the 68 traits. lighter blue and red colors indicates less correlation.
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1.7 Abreviation688

Table S5: Alphabetical listing of the analyzed traits along with their abbreviations used throughout
the study.

Abbreviation Trait name / Description

Apex-∆z Apex length

Apex-Amplitude Apex thickness amplitude (mm2)

Apex-AUC Apex volume (mm3)

Apex-CV Apex coefficient of variation (of thickness within segment)

Apex-ET Apex end thickness

Apex-MT Apex mean thickness

Apex-RC Apex relative change by the start in thickness

Apex-SD Apex standard deviation (of thickness within segment)

Apex-Slope Apex slope

Apex-ST Apex start thickness

Apex-TI Apex tapering index

AUC-V Area under thickness curve (volume)

AUC-V/NSPS Ratio of area under curve volume by number of spikelets per spike

AUC-V/SL Ratio of area under curve volume by skeleton length

Artec-V Spike volume measured by Artec software

Base-∆z Base length

Base-Amplitude Base thickness amplitude (mm2)

Base-AUC Base volume (mm3)

Base-CV Base coefficient of variation (of thickness within segment)

Base-ET Base end thickness

Base-MT Base mean thickness

Base-RC Base relative change by the start in thickness

Base-SD Base standard deviation (of thickness within segment)

Base-Slope Base slope

Base-ST Base start thickness

chi2-amplitude Chi-square amplitude parameter

chi2-df Chi-square degree of freedom parameter

chi2-loc Chi-square location parameter (shift of the distribution)

chi2-scale Chi-square scale parameter

G-Amplitude Gaussian amplitude

G-max Gaussian maximum

G-mean Gaussian mean

G-mode Gaussian mode

G-SD Gaussian standard deviation

Gam-max Gamma maximum

Gam-mean Gamma mean

Gam-mode Gamma mode

gamma-amplitude Gamma amplitude parameter

Continued on next page
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Table S5 (continued)

Abbreviation Trait name / Description

gamma-loc Gamma location parameter (shift of the distribution)

gamma-scale Gamma scale parameter

LogN-amplitude Log-normal amplitude parameter

LogN-loc Log-normal location parameter (shift of the distribution)

LogN-max Log-normal maximum

LogN-mean Log-normal mean

LogN-mode Log-normal mode

LogN-scale Log-normal scale parameter

LogN-shape Log-normal shape parameter

NBAS Number of basal aborted spikelets per spike

NCB Number of connected branches

NDSPS Number of developed spikelets per spike

NEP Number of endpoints

NLE Number of local extremes

NLMax Number of local maxima

NLMin Number of local minima

NSPS Number of spikelets per spike

NSPS/SL Ratio of number of spikelets per spike by skeleton length

SG-Amplitude Skewed Gaussian amplitude

SG-loc Skewed Gaussian location

SG-max Skewed Gaussian maximum

SG-mean Skewed Gaussian mean

SG-mode Skewed Gaussian mode

SG-scale Skewed Gaussian scale

SG-Skewness Skewed Gaussian skewness

SL Skeleton length

TGW Thousand grain weight

Voxel-V Spike volume measured by voxelization technique

W Weight

W/AUC-V Ratio of weight by area under curve volume

W/NSPS Ratio of weight by number of spikelets per spike

W/SL Ratio of weight by skeleton length

ZAS-∆z Zone of aborted spikelet length (mm)

ZAS-AUC Zone of aborted spikelet volume (mm3)

ZAS-MT Zone of aborted spikelet Mean Thickness (mm2)

ZAS-Slope Zone of aborted spikelets slope

z-Length Projected spike length on z-axis
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