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Abstract
Evolutionary biologists commonly use landmark-based geometric morphometrics to characterize and compare biological 
shapes. Advances in three-dimensional imaging hold potential to catapult morphometric studies, but quantifying shape 
from 3D surfaces efficiently remains challenging. Several surface-only morphometric procedures have been proposed, 
which align surfaces to one another and use their differences as the basis of shape quantification and analysis. Compari-
sons of landmark-based and surface-only methods for specific datasets have revealed mixed results, but these studies 
utilized empirical datasets where the true patterns of shape differences are unknown. In this study we performed a simu-
lation experiment where the true shape differences between objects were known, and evaluated the performance of two 
landmark-based and four surface-only methodologies under these conditions. Several procedures, including landmarks 
plus semilandmarks, as well as the surface-only method DAA (and to a lesser extent auto3d), most consistently recovered 
the known patterns of shape variation. Results from other surface-only procedures (GPSA and pseudoLM) were more 
variable. Notably, patterns in more complex shapes were better characterized than patterns in simpler shapes, implying 
that automated surface-only methods were challenged when presented with shapes whose principal axes were similar, or 
where structures contained few localized shape differences for these methods to properly orient the surfaces. Overall, our 
findings highlight that while biologically informed landmarking remains imperative as a foundation for morphometric 
analyses, some surface-only procedures do offer a powerful and efficient means of characterizing shape, and hold promise 
for morphometric studies.
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semilandmarks on curves and surfaces (Bookstein, 1997; 
Gunz et al., 2005; Gunz & Mitteroecker, 2013) may also be 
included to describe variation of those anatomical regions, 
which are frequently used in conjunction with homologous 
landmark points in shape analysis. In most GM applica-
tions, researchers manually place landmarks at equivalent 
locations across specimens, thereby generating their topo-
logical correspondence. Because placing landmarks in the 
correct location requires expert anatomical knowledge, 
landmark-based GM approaches are often considered the 
‘gold standard’ of shape analysis (sensu Mulqueeney et al. 
2025; Rolfe et al. 2021a), as such knowledge provides the 
link between quantifiable data and our biological notions of 
matched homology (see Oxnard & O’Higgins, 2009; Shui 
et al., 2023).

Over the past decade, increased availability of 3D imag-
ing tools such as computed tomography (CT), X-rays, 

Introduction

The quantitative analysis of biological structures is com-
monly accomplished using landmark-based geometric mor-
phometric (GM) methods (Adams et al., 2013; Mitteroecker 
and Schaefer 2022). These approaches leverage the loca-
tions of corresponding (homologous) landmark points as a 
means to characterize shape, after the effects of non-shape 
information due to position, orientation, and scaling differ-
ences have been mathematically held constant. In regions 
where fewer homologous landmarks can be identified, 
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photogrammetry, and surface scanners, have enabled 
researchers to generate large databases of surface scans 
representing tens of thousands of specimens (Boyer et al., 
2015; Goswami, 2015). This has spawned interest in ‘high 
density morphometrics’ (sensu Goswami et al., 2019) where 
variation in organismal form is described by hundreds to 
thousands of landmarks and semilandmarks obtained from 
hundreds of surface scans (for an early example see Polly, 
2008), which may then be subjected to statistical evalua-
tion. However, while technological advances have greatly 
facilitated our ability to obtain large amounts of primary 
phenotypic information in the form of surface scans, quan-
tifying landmark data from those scans has become a sig-
nificant bottleneck. To this end, numerous semiautomated 
landmarking tools have been developed that take a template 
of landmarks and semilandmarks obtained from a reference 
specimen and transfer them to another (target) specimen to 
identify the corresponding locations of those points (Bar-
dua et al. 2019; Boyer et al. 2015; Gunz et al. 2005; Porto 
et al. 2021; Rolfe et al. 2021a; Schlager 2017; for earlier 
approaches using landmarks from photographs see: Rohlf, 
2006). These semiautomatic approaches reduce digitizing 
errors and increase the efficiency of landmark data acquisi-
tion, making it possible to obtain GM data on large numbers 
of specimens.

One potential challenge with landmark-based GM is the 
fact that some structures have few landmarks that can be 
reliably identified (Polly, 2008; Shui et al., 2023). Addition-
ally, because shape is described solely from the landmark 
locations, variation in other anatomical regions remain 
uncharacterized (Pomidor et al., 2016; Toussaint et al., 
2021). For this reason, researchers have devised procedures 
that utilize the entire 3D surface scan as the basis of shape 
quantification (Boyer et al. 2015; Polly 2008; Pomidor et 
al. 2016; Rolfe et al. 2021b; Toussaint et al. 2021). These 
approaches (hereafter termed ‘surface-only’ methods) first 
align the surface scans to one another in some way (dis-
cussed below) and then compare a reference (template) scan 
to all remaining (target) scans to describe the differences 
between them. For instance, some surface-only procedures 
define a set of pseudolandmarks on the template surface 
and find their corresponding locations on the target surfaces 
(Polly 2008; Boyer et al. 2015; Rolfe et al. 2021b). These 
pseudolandmarks are then used in GM-based shape analyses 
using standard analytics. Other approaches use the entire set 
of vertices describing each surface scan and compare these 
across surfaces to quantify an overall measure of shape dif-
ference (Pomidor et al., 2016) or to obtain a set of variables 
that describe the deformation of the template surface to each 
target surface (Toussaint et al., 2021).

An important question when utilizing surface-only pro-
cedures is how well they characterize patterns of shape 

variation as compared with landmark-based methods. Some 
empirical comparisons between the two have found a high 
correspondence in the patterns of shape variation captured 
by both quantification schemes (e.g., Boyer et al., 2015), 
implying that some surface-only procedures may serve as 
a reasonable, and more time-efficient, means of character-
izing shape. By contrast, other empirical comparisons found 
weaker associations between patterns from surface-only 
and landmark-based data (e.g., Pomidor et al., 2016; Tous-
saint et al., 2021; Mulqueeney et al., 2025) suggesting that 
some aspects of shape variation captured by one quantifi-
cation scheme were not represented in the shape variation 
captured by the other procedure. One possible explana-
tion for this discrepancy is that surface-only methods can 
be more sensitive to anomalies and surface noise (Boyer et 
al., 2015; Pomidor et al., 2016), which would be captured 
in the surface-only data but would have a lesser impact on 
the landmark dataset. Alternatively, it has also been posited 
that surface-only procedures can capture patterns of shape 
variation more completely than do landmarks and semiland-
marks, as landmark datasets often have many fewer points 
of correspondence between objects (Toussaint et al., 2021). 
Unfortunately, because prior comparisons of landmark-
based and surface-only procedures utilized empirical data-
sets, verifying the extent to which surface-only approaches 
capture greater – or different – aspects of shape variation 
as compared with landmarks was not possible, because the 
actual patterns of shape differences were unknown. Thus, 
distinguishing between these alternatives based on analyses 
of empirical data is compromised. By contrast, when using 
simulations, the degree of shape differences between 3D 
surface scans is known, and one can therefore effectively 
compare patterns of shape variation obtained from alter-
native procedures to determine the extent to which each 
method captures the known patterns of variation in the data.

In this study we performed a simulation experiment in 
which we deformed several original reference surfaces by 
known amounts to obtain samples of surface scans from 
each; thereby generating samples of surfaces where the 
true shape differences among objects were known. For 
each sample of surfaces, we then obtained estimates of 
shape variation using both landmark-based and surface-
only GM procedures. We quantified the shape differences 
among objects estimated from each approach and compared 
these to the known input patterns of shape differences gen-
erated through simulation. Using this experimental design, 
we could thus determine the extent to which each digitiza-
tion procedure characterized the actual (known) differences 
among objects, and how and why they differed.
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Materials and Methods

Simulation Protocol

Initial Objects

We used five initial objects (templates) for our simulations, 
which were selected to display a range of structural com-
plexity, spanning from geometric forms to anatomically 
detailed structures with multiple distinct regions (Fig.  1). 
Our initial objects were a cube, a human patella, a human 
humerus (right), a human scapula (left), and a mouse skull. 
Surface scans of skeletal elements were obtained from pub-
lic repositories (for details see Supplemental Material). 

Holes in the initial scans were filled using the mesh repair 
tools in MeshInspector 2.5.2.208 (AMV Consulting LLC, 
2026) and the watertight meshes were then down sampled 
in MeshLab 2023.12 (Cignoni et al., 2008) using quadratic 
edge collapse decimation to reduce the number of vertices 
and bring meshes to a comparable resolution, thereby facili-
tating the subsequent analyses. The surface scan of the cube 
was generated in R 4.5.1 (R Core Team, 2025) and subdi-
vided in MeshLab, resulting in a scan containing ~ 12,000 
faces.

Fig. 1  Initial surface scans of 
five objects used in this study, 
represented in order of increasing 
shape complexity, spanning from 
geometric forms (a cube) to ana-
tomically detailed structures with 
multiple distinct regions (a skull). 
The initial objects are as follows: 
A cube, B human patella, C 
human humerus (right), D human 
scapula (left), and E mouse skull. 
The set of landmarks (orange), 
semilandmarks on curves (blue), 
and semilandmarks on surfaces 
(green) used in landmark-based 
GM shape quantification are 
shown
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Surface Deformation and Sample Generation

For each of our initial reference objects we generated a sam-
ple of surface scans with known differences by deforming 
the reference scan by known amounts along its x, y, and z 
axes, as well as combinations of those axes. This generated 
samples of surfaces that differed from the reference by affine 
transformations of varying degrees. Because affine transfor-
mations represent relatively simple shape transformations, 
the simulations here correspond to a ‘best case’ scenario for 
evaluating the ability of each shape quantification procedure 
for characterizing known patterns of shape variation. Addi-
tionally, by transforming the reference object systematically 
in the different ordinal directions, our simulations enabled 
us to sample shapes across a broad range shape space using 
an objective criterion, which is more challenging to accom-
plish when using non-affine shape transformations.

To simulate surfaces that differed by known amounts 
we first generated a transformation matrix, T, whose rows 
contained the input parameters describing the degree of 
affine transformation to be applied to each reference scan. 
Each row of T contained three values, representing the 
degree of transformation in x, y, and z axes respectively. 

Parameter values varied systematically between 1.0 and 
0.5 (in 0.1 increments) for each axis, as well as for pairs 
of axes, resulting in a matrix containing 31 rows (Fig. 2A). 
Next, the coordinates of the vertices of a reference scan 
(X) were assembled into a p x 3 matrix, where the p rows 
represented the coordinates for each vertex. Then, X was 
transformed by the input parameters in the ith row of T 
via elementwise multiplication (i.e., a Hadamard product) 
found as Xtr = 1pTi ⊙ X, which generated a modified 
scan transformed by the desired amount (Fig. 2B). This pro-
cedure was repeated for each of the i rows in T, resulting in 
a sample of 31 objects for each initial scan (the original plus 
30 transformed objects). Additionally, because transforma-
tion by T altered both the size and the shape of the surface 
mesh, we re-scaled each Xtr to its original size by multi-
plying Xtr by the ratio of the original centroid size relative 
to the centroid size (CS) of the transformed surface mesh: 
Xnew = Xtr* (CSorig/CStr). The deformed and rescaled 
surface meshes were then centered using the internal geo-
morph function geomorph:::center, resulting in a sample of 
surface meshes that were centered, scaled, and positioned 
similarly (the initial orientation was not altered during the 
transformation procedure, meaning they were oriented 

Fig. 2  Visual depiction of the 
simulation protocol. A The set of 
initial transformation parameters 
shown along the x, y, z axes, and 
combinations of those axes. B 
An example of deforming the 
mouse skull template along the 
x-axis. C Representation of the 
input shape differences for the 
simulated objects, once size-
standardized, as found along the 
first two principal components 
of the deformation matrix, Xtr. D 
The same input shape differences 
represented along the first three 
PC axes. In panels A, C, and D, 
colors designate increasing defor-
mations along the same input axis 
as follows: red (x-axis), green 
(y-axis), purple (z-axis), yellow 
(x- and y-axes), blue (x- and 
z-axes), and magenta (y- and 
z-axes)
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similarly). Finally, known input differences in shape due to 
the affine transformations were represented by a matrix of 
Euclidean distances between the rows of T, scaled by the 
size ratio so that only shape was represented (Fig. 2C). The 
above process was then repeated for each of the five initial 
reference objects, resulting in 5 datasets, each containing 
31 surface scans that differed in shape by known amounts. 
All computations were performed in R 4.5.1 (R Core Team, 
2025) and geomorph version 4.0.10 (Adams et al., 2025; 
Baken et al., 2021).

Shape Quantification

For each sample of surface scans, we quantified shape using 
six procedures: two landmark-based and four surface-only 
procedures. Acronyms designating each of the procedures 
are as follows: fixed landmarks (LM); landmarks and semi-
landmarks (LM+Semi); surface-only pseudolandmarks via 
auto3dgm (auto3d); surface-only deformation-based analy-
sis (DAA); surface-only generalized Procrustes surface 
analysis (GPSA); surface-only pseudolandmarks via pseu-
dolandmark generator (pseudoLM).

Landmark-Based: Fixed Landmarks (LM)  Our first data 
type represented the shape of each surface scan using a set 
of homologous landmark points. Landmarking schemes 
largely followed previous studies, and the number of land-
marks differed between objects (see Fig. 1). The following 
number of landmarks were used: cube, p = 8; patella, p = 4 
(simplified from Peeters et al. 2020); humerus, p = 16 (sensu 
Conaway et al., 2018); scapula, p = 15 (sensu Green, 2013), 
and skull, p = 51 (sensu Rolfe et al. 2021a). Landmarks were 
manually placed on the reference surface scan for each of 
the five datasets using the markups module in 3D Slicer 5.81 
(Fedorov et al., 2012). Next, landmarks were transferred to 
the remaining surface scans in each sample using ALPACA 
(Porto et al., 2021) in SlicerMorph (Rolfe et al. 2021b). The 
initial landmark placements made by ALPACA were then 
manually adjusted to ensure topological and biological cor-
respondence. Finally, all non-shape variation was removed 
via a Generalized Procrustes Analysis (GPA: Rohlf and 
Slice 1990), and the aligned configurations were projected 
orthogonally to tangent space to generate a set of tangent 
space coordinates (see Rohlf, 1999; Adams et al., 2013), 
which were treated as a set of shape variables for down-
stream analyses. These computations were accomplished 
using the gpagen function in geomorph (Adams et al., 2025).

Landmark-Based: Landmarks and Semilandmarks 
(LM+Semi)  Our second data type represented the shape of 
each surface scan using both landmarks and semilandmarks. 

The number of curves and surface patches differed between 
objects (see Table S2), resulting in the following number 
of landmarks and semilandmarks for each dataset: cube, 8 
landmarks and 144 semilandmarks; patella, 4 landmarks and 
183 semilandmarks; humerus, 16 landmarks and 100 semi-
landmarks; scapula, 15 landmarks and 97 semilandmarks; 
and skull, 51 landmarks and 130 semilandmarks. Landmark 
and semilandmark schemes are shown in Fig. 1. For each 
object, the landmarks from dataset #1 (LM) were uploaded 
into Checkpoint 2025.07.09.09:08 (Stratovan Corporation, 
2025) and matched to the reference surfaced scan. Next, a 
series of semilandmarks on curves and semilandmarks on 
surface patches were placed on the reference scan using 
the curve and patch functions respectively. The full set of 
landmarks and semilandmarks was then transferred to the 
remaining surface scans in each sample using the template 
function, and landmark and semilandmark placement was 
manually adjusted as needed. To remove non-shape varia-
tion a Generalized Procrustes Analysis (GPA: Rohlf and 
Slice, 1990) was performed using gpagen in geomorph, 
using the minimal Procrustes distance criterion for sliding 
semilandmarks, and the aligned configurations were pro-
jected orthogonally into tangent space. The resulting set of 
tangent space coordinates were then treated as a set of shape 
variables for downstream analyses.

Surface-Only: auto3dgm (auto3d)  Our third data type rep-
resented the shape of each surface scan using pseudoland-
marks obtained automatically using auto3dgm (Boyer et al., 
2015). This automated approach first aligns the reference 
(template) surface scan to a target scan using their principal 
axes and an iterative closest point (ICP) algorithm (sensu 
Besl & McKay, 1992). ICP algorithms iteratively perform 
rigid transformations of two objects to identify the set of 
transformations that minimize the sum of squared distances 
between them. With auto3d, the template and target scans 
are first down-sampled to a smaller number of vertices, and 
their principal axes are identified. Next, the principal axes 
are aligned and ICP is performed (to minimize Procrustes 
distance). This is repeated for all eight combinations of 
principal axes until a global minimal Procrustes distance 
(and thus overall alignment) is obtained. Next, a sample of 
evenly distributed pseudolandmarks is identified on the tem-
plate scan, and these points are then transferred to the target 
scan based on topological correspondence across aligned 
surfaces. This process is then repeated for all surface scans, 
resulting in a set of digitized specimens.

For our datasets we used the auto3dgm module in Slic-
erMorph (Rolfe et al. 2021b) to characterize shape with 
this approach. Initially we used 1000 pseudolandmarks to 
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quantify the surfaces. Shape variables were then obtained 
from these following a Procrustes superimposition and 
orthogonal projection to tangent space using gpagen in geo-
morph (see Boyer et al., 2015). Additionally, to determine 
the sensitivity of our findings based on the density of points, 
we repeated this procedure using both 100 and 300 pseudol-
andmarks for comparison.

Surface-Only: Deterministic Atlas Analysis (DAA)  Our next 
data type represented the shape of each surface scan using 
deformations obtained from Deterministic Atlas Analy-
sis (DAA: Toussaint et al., 2021). This semi-automatic 
approach uses large deformation diffeomorphic metric map-
ping (LDDMM: Durrleman et al., 2014) to describe the 
shape differences between a reference (template) scan and a 
target scan. Similar to thin-plate spline deformations, LDD-
MMs deform a reference object to match a target object, and 
the parameter values required to accomplish this transfor-
mation serve as a set of shape variables for further analysis.

With DAA the surface meshes are first aligned to one 
another; typically by utilizing a set of landmark points 
which are aligned via GPA (see Toussaint et al., 2021). Next, 
a mean (template) surface mesh is calculated, and from it an 
atlas is constructed, which describes the ways in which the 
template may be deformed into other surfaces. The preci-
sion at which the shape deformations will be described is 
defined by a kernel parameter (kernel width), where smaller 
values can be used to describe more fine-scale shape defor-
mations, while larger values are used to describe broader-
scale shape differences. Based on the kernel width, a set of 
reference points called ‘control points’ are placed on the 
template surface, with more points being distributed across 
the surface with smaller kernel widths. The control points 
serve as the locations for subsequent shape comparison, and 
are automatically placed on the template surface in such a 
manner that they are more concentrated in regions of higher 
variability (see Toussaint et al., 2021; Mulqueeney et al., 
2025). Then, for each specimen, shape differences between 
the template surface and the target surface are encoded as 
directional deformation vectors at the control points (called 
momenta vectors), which represent the parameter values 
required to deform the template surface to match that of 
the target surface. These parameters are then treated as the 
basis of shape description, much like partial warp scores can 
be used as a set of shape variables based on the thin-plate 
spline: (Bookstein, 1991). Finally, because the momenta 
vectors describe deformations in a nonlinear space, they are 
subjected to a kernel PCA to obtain a set of shape variables 
in a linear tangent space for downstream analysis (for fur-
ther details and a more technical description of DAA see: 

Durrleman et al., 2014; Toussaint et al., 2021; Mulqueeney 
et al., 2025).

For our datasets, surface scans were manually scaled and 
centered during the initial simulation procedure. Addition-
ally, because their orientation was unchanged during trans-
formation no further alignment was required (see above). 
Next, we obtained a set of control points for the reference 
scan of each dataset and deformed these onto each target 
surface using Deformetrica (Bône et al., 2018) to obtain 
the shape variables (momenta vectors). For each reference 
object, the kernel width was first determined to optimize 
the deformation for that particular structure (see Supple-
mental Material). Because the momenta vectors represented 
the shape of each object in a nonlinear space (Toussaint et 
al., 2021; Mulqueeney et al., 2025), kernel PCA (kPCA: 
Schölkopf et al., 1998; Schölkopf & Smola, 2001) was used 
to represent the relationships among observations in a linear 
approximation to this space. We used a Gaussian kPCA with 
a radius basis function, whose kernel width (σ) was found 
using an unsupervised spectrum-based approach. Specifi-
cally, we computed the eigenvalues of the centered kernel 
matrix across a range input values for σ, and selected the σ 
that maximized the ratio:

SR =
∑5

i=1
λ_i∑n

i=1
λ_i

SR describes the proportion of variance described by the 
first k PC components relative to the total variance (5 in 
our case), and provides a heuristic describing how well the 
selected value of σ concentrates the signal in the kPCA. In 
essence, this approach identified the value of σ that maxi-
mized variation in the first k PCs (for discussion of similar 
criteria in related fields see: Ng et al., 2002; von Luxburg, 
2007). This approach was implemented in R, using the kpca 
function in kernlab (Karatzoglou et al., 2004) and routines 
written by one of the authors (DCA).

Surface-Only: Generalized Procrustes Surface Analysis 
(GPSA)  Our fifth data type quantified differences in the 
shape of surface scans using Generalized Procrustes Sur-
face Analysis (GPSA: Pomidor et al., 2016). This automated 
approach first aligns the reference (template) scan to each 
target scan using an iterative closest point (ICP) algorithm. 
Specifically, vertices on the template scan are associated 
with their nearest neighbor on the target scan, and a set of 
rigid transformations are performed iteratively until the sum 
of squared distance between them is minimized. Impor-
tantly, because the two surfaces can have different numbers 
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of vertices, a modified Procrustes distance (the Procrustes 
Surface Metric) is used during the ICP procedure:

DP SM =
√

1
2ma

∑ma

i=1
(pA,i − qB,i)2 + 1

2mb

∑mb

j=1
(pA,j − qB,j)2,

where ma and mb are the number of vertices in scan A and 
B respectively, and p and q represent the pair of closest ver-
tices from each. DPSM describes the distance between the 
vertices in the template scan (A) to the closest points in the 
target scan (B), and vice versa, weighted by the number 
of vertices in each (the two surfaces are not constrained to 
have the same number of vertices, see Pomidor et al., 2016). 
DPSM is analogous to Procrustes distance, and thus repre-
sents the degree of shape difference between two surface 
scans.

For each of our datasets, we obtained DPSM for each pair 
of objects using the software GPSA (Pomidor et al., 2016) 
and assembled a matrix of shape differences for all pairs 
of specimens. A principal coordinates analysis of DPSM 
resulted in a set of shape variables for all downstream anal-
yses. Finally, to evaluate the effect of differing numbers of 
vertices between surface scans, we randomly down sampled 
each scan by drawing a uniform random number between 
0.5 and 0.95 and decimating the scans by that amount. All 
procedures above were then repeated on these datasets for 
comparison.

Surface-Only: Pseudlandmarks (pseudoLM)  Our final data 
type quantified the shape of each surface scan using pseu-
dolandmarks obtained in SlicerMorph (Rolfe et al. 2021b). 
With this automated approach, the reference (template) scan 
is aligned to each of the target scans; first using a global 
registration consensus algorithm, followed by a local align-
ment plane-to-point iterative closest point (ICP) algorithm 
(sensu Rusinkiewicz & Levoy, 2001). Specifically, the 
surfaces are first down-sampled, and an initial alignment 
is performed (see Porto et al., 2021). Next, ICP is used to 
identify the rigid transformations that minimize the sum of 
squares between surfaces and result in the alignment. Then, 
a series of pseudolandmarks regularly distributed across the 
mesh (but outside a user-specified threshold: see Rolfe et al. 
2021b) are identified on the template scan, which are sub-
sequently transferred to the target scan based on topological 
correspondence across aligned surfaces, and used to repre-
sent the shape of each object.

For our datasets, we used the PseudoLM module in Slic-
erMorph (Rolfe et al. 2021b) to identify pseudolandmarks 
on the reference scan. Next, the ALPACA procedure in Slic-
erMorph (Porto et al., 2021) was used to align all scans and 

to transfer the pseudolandmarks from the template scan to 
each target scan. Initially, we adjusted the spatial tolerance 
of the algorithm to use approximately 1000 pseudoland-
marks to quantify the surfaces. Shape variables were then 
obtained from these following a Procrustes superimposition 
and orthogonal projection to tangent space using gpagen in 
geomorph. Additionally, to determine the sensitivity of our 
findings based on the density of points, we repeated this pro-
cedure using approximately 100 and 300 pseudolandmarks 
for comparison.

Statistical Analysis

For each of our five datasets, we estimated the shape of 
all surface scans using each of the six shape quantification 
procedures described above (two landmark-based and four 
surface-only methods). Then, patterns of shape variation 
obtained from each procedure were subjected to principal 
components analysis, and the patterns were visually com-
pared relative to the true patterns of shape differences based 
on the matrix of input parameters. Additionally, because 
all shape quantification procedures generated shape vari-
ables represented in linear tangent spaces, we calculated the 
Euclidean distance matrices for the shape data from each 
procedure (for procedures whose data were represented as 
landmarks, semilandmarks, or pseudolandmarks subjected 
to GPA and orthogonal projection, this was mathematically 
equivalent to partial Procrustes distance: see Rohlf, 1999). 
We then performed a matrix correlation between the shape 
distance matrices and the Euclidean distance matrix of the 
input parameters. For each shape quantification procedure, 
the mean and standard deviation of the correlations across 
datasets was calculated. All statistical analyses were per-
formed in R 4.5.1 (R Core Team, 2025).

Results

The true patterns of input shape differences are shown in 
Figs. 3, 4, 5, 6 and 7. For each of the true input patterns, 
the first two PC dimensions described shape differences 
that radiated outward in a starburst pattern from the initial 
surface scan along six main axes. Each of these axes cor-
responded with the known input deformations generated 
along a particular direction (e.g., increasing deformations 
along the x- direction, along the y- direction, etc.). When 
viewed in three dimensions, these deformation axes formed 
an umbrella pattern (Figs. S1 – S5), where the primary axes 
(PC1 and PC2) described shape differences between trans-
formation directions (e.g., deformations in the x- direction 
versus the y- direction, etc.). Secondarily, PC3 described 
shape differences within transformation directions (e.g., 
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differences between deforming the reference by 0.8 and 0.6 
in the x- direction).

Next, we compared the true patterns of shape differences 
to those estimated by each of the six shape quantification pro-
cedures: (1) fixed landmarks (LM); (2) landmarks and semi-
landmarks (LM+Semi); (3) surface-only pseudolandmarks 
via auto3dgm (auto3d); (4) surface-only deformation-based 
analysis (DAA); (5) surface-only generalized Procrustes 
surface analysis (GPSA); and (6) surface-only pseudol-
andmarks via pseudolandmark generator (pseudoLM). 

Correlations between the true shape differences and those 
estimated by each of the shape quantification procedures 
are found in Table  1. Based on these patterns, the most 
consistent methods in estimating the known patterns of 
shape variation across datasets were LM+Semi and DAA, 
followed by auto3d. These procedures displayed high cor-
relations between estimated and known shape differences 
for all of the shapes examined. The remaining approaches 
(LM, PseudoLM, and GPSA) were more variable and gen-
erally displayed lower correlations with the known patterns. 

Fig. 3  PC plots of true (input) and 
estimated shape differences for 
shape data generated from the cube 
dataset. Each data type is labelled 
as per their landmark-based or 
surface-only procedure
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For instance, when using fixed landmarks only (LM), high 
correlations similar to those found using LM+Semi were 
exhibited for all datasets except the patella, which had a 
low correlation with known patterns, resulting in a reduced 
average correlation and higher variance across datasets. It 
should be noted however that the patella contained only 4 
landmarks, which limited shape representation via LM for 
this dataset. Similarly, both GPSA and pseudoLM had dif-
ficulty representing shape variation from simple structures 

(cube and patella), but performed better on more complex 
skeletal elements, although their results remained less faith-
ful than those of other procedures.

 Examining patterns across datasets (Table 1), all shape 
quantification procedures performed well in capturing 
shape variation in more complex structures (e.g., mouse 
skulls), where correlations of estimated shape differences 
with the true patterns were quite high. By contrast, the 
fully automated surface-only procedures (auto3d, GPSA, 

Fig. 4  PC plots of true (input) 
and estimated shape differences 
for shape data generated from 
the human patella dataset. Each 
data type is labelled as per their 
landmark-based or surface-only 
procedure
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and pseudoLM) performed the most poorly on the simplest 
structures (e.g., cubes and patella), suggesting that these 
procedures may be challenged with shapes whose primary 
axes are harder to distinguish from one another. Predictably, 
when using auto3d, increasing the number of pseudoland-
marks also increased the correlation between the estimated 
and true patterns of shape variation (Table S3). The one 
exception to this trend was with the scapula dataset, where 
the correlation remained relatively stable across all pseudol-
andmark levels. By contrast, pseudoLM did not display an 

appreciable increase in performance with increasing num-
bers of pseudolandmarks (Table S3). Finally, for GPSA, 
evaluating surfaces containing differing numbers of verti-
ces did not substantially affect the ability of the procedure 
to capture trends of shape differences, implying that the 
weighted Procrustes metric was robust to differences in sur-
face mesh vertex number (Table S4).

When estimated patterns of shape variation were viewed 
along the first two principal components (Figs.  3, 4, 5, 6 
and 7), they corresponded well with the trends described 

Fig. 5  PC plots of true (input) 
and estimated shape differences 
for shape data generated from the 
human humerus dataset. Each 
data type is labelled as per their 
landmark-based or surface-only 
procedure
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via matrix correlation. Specifically, shape quantification 
procedures exhibiting high correlations with the true pat-
terns tended to display starburst patterns that radiated out-
ward from the initial surface scan, thereby most faithfully 
representing the true input patterns of shape difference. 
This was particularly the case for LM+Semi, DAA, and 
auto3d (Figs. 3, 4, 5, 6 and 7). Likewise, with the exception 
of the patella dataset, shape patterns obtained using fixed 

landmarks only (LM) also closely mirrored the starburst 
pattern in morphospace. For more complex structures (e.g. 
the scapula, the skull, and to a lesser extent the humerus), 
pseudoLM displayed starburst patterns in morphospace 
that generally mirrored the true patterns, indicating that 
this procedure captured trends of shape variation in these 
datasets. However, for simple shapes (e.g. the cube, patella), 
the true patterns were not well represented. Shape variation 

Fig. 6  PC plots of true (input) 
and estimated shape differences 
for shape data generated from 
the human scapula dataset. Each 
data type is labelled as per their 
landmark-based or surface-only 
procedure
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in the cube dataset was particularly poorly characterized 
with pseudoLM, with the different transformation axes 
overlapping widely (Fig. 3). This implied that input shape 
differences generated along differing transformation axes 
could not be distinguished from one another. Thus, with 
pseudoLM, deforming a cube to a rectangular prism in the 
x–direction or in the y–direction were considered to be the 
same shape.

Finally, using GPSA, patterns in PC1 and PC2 were nota-
bly curved for all datasets (Figs. 3, 4, 5, 6 and 7). Thus, the 
primary trends characterized by this procedure more closely 
aligned with differences within transformation directions, 
rather than the differences between them, in contrast with 
the input data. This implied that the estimated shape differ-
ences between deforming the reference scan by 0.8 and 0.6 
units in the x-direction displayed greater perceived levels of 

Fig. 7  PC plots of true (input) 
and estimated shape differences 
for shape data generated from 
the mouse skull dataset. Each 
data type is labelled as per their 
landmark-based or surface-only 
procedure
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shape difference than did deforming the reference by 0.6 in 
the x- versus 0.6 in the y-direction. Thus, GPSA exhibited a 
distortion of the true input patterns that accentuated smaller 
shape differences relative to larger shape differences. Addi-
tionally, for simpler structures (cube and patella), the dif-
ferent transformation axes overlapped widely. This was 
particularly evident in the cube dataset, where the differ-
ent transformation axes overlapped into two distinct sets 
(Fig. 3; Fig S1): one containing the transformations along 
single axes (x-, y-, and z-), and another containing the trans-
formations along pairs of axes (xy-, xz-, and yz-). Thus, 
GPSA could identify differences in transformations along a 
single axis versus along pairs of axes, but was incapable of 
distinguishing rectangular prisms deformed along different 
axes, and could not distinguish parallelepipeds deformed in 
different planes.

Discussion

Investigations of biological shape fundamentally lie at the 
intersection of geometry and homology, as the geometry of 
anatomical objects must be captured in a way that respects 
biological correspondence. Geometric morphometric (GM) 
methods accomplish this by using sets of landmarks — 
points grounded in topological equivalence and biological 
homology (Shui et al., 2023) — to render shape mathemati-
cally tractable, and to generate multivariate representations 
of shape suitable for hypothesis testing. Recent advances 
in 3D imaging have transformed this research paradigm, 
facilitating the rapid acquisition of high-resolution sur-
face meshes and opening the door to “big data phenomics” 
(Goswami et al., 2019). However, as image acquisition has 
accelerated, the principal challenge has shifted from one 
of imaging to one of quantification (Frank et al., 2021). 
This necessity to characterize shape efficiently across large 
image databases has spurred the development of surface-
only GM approaches, which treat entire surfaces as cor-
responding entities, rather than their particular anatomical 
components (see Boyer et al., 2015). Surface-only GM 

methods hold great potential to better automate the digitiza-
tion process, thereby enabling researchers to obtain ever-
larger samples of morphometric data. However, they also 
shift the gaze of GM studies away from explicitly defined 
homology and towards overall geometric similarity of entire 
surfaces. Thus, an important, but open, question is whether 
a purely geometric correspondence alone can recover bio-
logically structured patterns of shape variation.

Prior empirical comparisons between landmark-based 
and surface-only approaches have yielded mixed results. 
Some studies found high associations of patterns obtained 
from the two (Boyer et al., 2015) while others found more 
disparate patterns (e.g., Pomidor et al., 2016; Toussaint et 
al., 2021; Mulqueeney et al., 2025). However, because the 
true patterns of shape differences are unknowable in empiri-
cal data, evaluating the efficacy of the different procedures, 
and attributing underlying causes to their differences, is 
challenging. To circumvent this, we conducted a simula-
tion experiment in which the true shape differences between 
objects were known, and evaluated the performance of both 
landmark-based and surface-only methodologies under 
these conditions. This framework enabled us to identify not 
only which procedures performed well in capturing known 
patterns of shape variation, but also how and under what 
conditions they preserved — or distorted — the structure 
of those shape differences. Our findings thus clarify the 
strengths and limitations of alternative shape quantification 
approaches, and provide a principled basis to future empiri-
cists for selecting among them.

First, among the procedures examined here, both 
LM+Semi and DAA, and to a lesser extent auto3d (particu-
larly at higher pseudolandmark densities), most consistently 
recovered the known patterns of shape variation across 
datasets. Generally, these approaches exhibited high corre-
lations with the true input shape differences, and produced 
morphospaces whose estimated patterns best matched the 
known input starburst pattern, in which deformation axes 
radiated outward from the reference along distinct direc-
tions (Figs. 3, 4, 5, 6 and 7). In particular, these methods 
capably distinguished shape differences between axes of 

Table 1  Matrix correlations between the matrix of estimated shape differences from each data type versus the distance matrix of known input 
shape differences
DataSet Landmarks Landmarks + Semilandmarks Auto3DGM DAA GPSA PseudoLM
Cube 0.99 0.99 0.92 0.99 0.40 0.68
Patella 0.59 0.92 0.83 0.96 0.62 0.78
Humerus 0.96 0.96 0.96 0.94 0.88 0.89
Scapula 0.80 0.87 0.86 0.92 0.74 0.83
Skull 0.94 0.99 0.97 0.96 0.84 0.93

µ 0.86 0.95 0.91 0.95 0.70 0.82
σ 0.16 0.05 0.06 0.03 0.19 0.10
The mean and standard deviation across datasets is shown
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deformation (i.e., deformations along the x-axis versus 
along the y-axis), as well as shape differences found within 
axes (e.g., differing magnitudes of deformation in the same 
direction). The fact that landmarks plus semilandmarks 
most accurately represented the true patterns of shape dif-
ferences underscores the value of biological homology in 
morphometrics, and the importance of utilizing anatomical 
correspondence guided by biological knowledge to inform 
shape characterization. Additionally, both DAA and auto3d 
displayed near-equivalent performance to LM+Semi for 
most datasets. In particular, DAA’s diffeomorphic frame-
work, with adaptive control points concentrated in regions 
of variability (see Mulqueeney et al., 2025), appears well 
suited to encoding structured shape differences. Likewise, 
the use of higher numbers of pseudolandmarks with auto3d 
appears to achieve a similar result. Taken together, these 
findings suggest that some surface-only GM procedures, 
as well as landmark-based GM methods, can accurately 
recover known patterns of shape variation in morphologi-
cal data.

Second, our simulations revealed that quantifying shape 
with fixed landmarks alone was sufficient in many circum-
stances, with LM exhibiting nearly as high a performance as 
LM+Semi for most datasets. However, there was a notable 
reduction in performance with the patella dataset, where 
only four anatomical landmarks were available. This finding 
underscored that when few landmarks are available, the use 
of sparse landmark configurations can lead to an incomplete 
representation of shape (see discussion in Shui et al., 2023). 
Nonetheless, when landmarks were augmented with semila-
ndmarks placed on anatomical curves and specific surfaces, 
we found that shape patterns were more faithfully repre-
sented; indicating that landmark-based GM approaches 
were capable of capturing known patterns of shape differ-
ences when present.

By contrast, GPSA displayed the poorest performance 
of the methods examined, exhibiting the lowest correla-
tions between estimated and true patterns of shape varia-
tion. Further, the trends in morphospace estimated by GPSA 
were distinct and consistently curved (Figs. 3, 4, 5, 6 and 
7), emphasizing differences within deformation directions 
rather than between them. This resulted in a distortion of the 
true structure of variation, effectively accentuating smaller 
magnitude changes while compressing larger directional 
differences. Additionally, for simple shapes, deformations 
along distinct axes of the original object resulted in patterns 
in morphospace that were completely overlapping, suggest-
ing that GPSA was incapable of distinguishing deforma-
tions along different directions of those objects. This shape 
mis-alignment is likely due to the ICP algorithm employed 
by GPSA, which aligns surfaces by minimizing the summed 
squared distance between the point clouds of vertices, but 

without regard to discrete anatomical components on them. 
As such, GPSA would optimally align a rectangular prism 
distorted in the x-direction and a rectangular prism distorted 
in the y-direction by orienting their primary axes in the 
same direction, even though these are two different defor-
mations of the original cube. We suggest that future ver-
sions of GPSA could be improved by incorporating a set of 
fixed landmarks that can be used in conjunction with ICP 
to provide a mesh alignment that takes landmark position 
into consideration, similar to procedures used in the DAA 
pipeline.

Scrutinizing the surface-only methods that utilize pseu-
dolandmarks (auto3d and pseudoLM), there were some dif-
ferences worth noting. With auto3d, increasing the number 
of pseudolandmarks improved the correlation between the 
estimated and true patterns of shape variation. This was in 
accord with expectation, as more pseudolandmarks have the 
potential to more comprehensively characterize the shape 
of the surface mesh (Boyer et al., 2015). However, a simi-
lar pattern was not observed with pseudoLM, as increasing 
the number of pseudolandmarks did not result in improved 
performance. An obvious question is, why might this be 
the case? Algorithmically, there are two major differences 
between the procedures: the mode of surface alignment 
and the way in which pseudolandmarks are obtained. With 
respect to alignment, auto3d uses both the principal axes 
of the surface scans and an ICP algorithm to find the com-
bination of PC directions that maximizes correspondence 
between scans (Boyer et al., 2015). Contrastingly, pseu-
doLM utilizes a global registration algorithm followed by a 
local alignment via plane-to-point ICP (Rolfe et al. 2021b). 
With respect to pseudolandmarks, auto3d transfers a set of 
evenly distributed points from the reference to the template, 
while pseudoLM transfers a set of points that are more 
randomly distributed, but that are defined to fall beyond 
a minimum threshold distance to one another. We suggest 
that one or both of these algorithmic differences results in 
the performance discrepancies seen between the two proce-
dures. Future research should investigate this possibility to 
identify potential algorithmic enhancements of pseudoLM.

One goal with surface-only GM procedures is to enhance 
efficiency of data acquisition, so that shape data may be 
obtained from large numbers of specimens. To that end, 
most surface-only GM procedures require little user-input. 
For instance, auto3d and pseudoLM require the user to spec-
ify the number of desired pseudolandmarks or the minimum 
threshold distance between points, while current implemen-
tations of GPSA are fully automated. By contrast, DAA 
requires many user-defined optimization parameters, per-
haps the most important being the kernel width for optimiz-
ing the deformation of the reference shape (see Methods). 
However, finding the appropriate kernel width for a specific 
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dataset requires numerous rounds of trial and error, as each 
reference shape requires tuning the kernel width appropri-
ately. Further, DAA has several other independent steps 
(including the pre-data preparation), making it a lengthy and 
challenging pipeline for inexperienced researchers or first-
time users. In our work we used unsupervised learning to 
improve one step of the pipeline (kPCA: see Methods). We 
recommend that similar forms of automation for the selec-
tion of the kernel width parameter for a given reference scan 
would streamline analytics and make a more user-friendly 
pipeline.

Our study also revealed that the performance of the dif-
ferent approaches varied substantially as a function of struc-
tural complexity. Here, all methods performed reasonably 
well on anatomically complex objects, including the mouse 
skull, humerus, and scapula. By contrast, several surface-
only methods (particularly GPSA and pseudoLM) struggled 
with simple geometries such as the cube and patella. One 
explanation for this result is that the more automated meth-
ods may fail to distinguish deformations occurring along 
distinct axes, as no landmarks are used to anchor the defor-
mation relative to the overall shape. This would then result 
in substantial overlap of patterns in morphospace, as found 
here. By contrast, such conflation of pattern would not be 
expected with more complex anatomical structures, as the 
distinct features exhibited in different regions of the struc-
ture would effectively act as homologous points that stabi-
lize surface alignments during registration, thereby enabling 
deformations in distinct directions to be identified. As a 
simple example, shape changes in the zygomatic arches of a 
mouse skull could easily be distinguished from expansions 
in the brain case or the rostrum. This finding also reveals that 
the relative performance of surface-only GM approaches – 
and their performance relative to landmark-based methods 
– may be context dependent and influenced by the complex-
ity of the geometric structure of the objects under scrutiny.

The quantitative analysis of anatomical shapes lies at the 
heart of much of biological research. Landmark-based GM 
approaches have proven especially powerful in this regard, 
as they maintain the geometry of shape throughout the anal-
ysis via the use of anatomical points grounded in biologi-
cally-informed landmarking (Bookstein, 1991). Our results 
reaffirm the strength of this framework, demonstrating that 
methods incorporating explicit anatomical guidance – spe-
cifically using landmarks combined with semilandmarks 
–most consistently recovered known patterns of shape 
variation. Additionally, we found that some procedures 
that utilize entire surfaces as the basis of shape comparison 
(particularly DAA, and to a lesser extent auto3d) attained 
similar levels of performance. As such, these procedures 
complement and extend the standard GM toolkit for captur-
ing patterns of high-dimensional shape variation. As these 

techniques continue to mature, we believe that they hold 
considerable promise for accelerating morphometric work-
flows while preserving the biological rigor that has defined 
the field. Thus, the results of our study suggest that surface-
only GM methods, when carefully implemented, hold sub-
stantial promise, and offer a powerful and efficient means of 
characterizing shape, particularly for large datasets, and for 
structures where few homologous landmarks can be reliably 
identified.
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