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Abstract

The surge of research in image segmentation has yielded remarkable performance gains but also exposed a repro-
ducibility crisis. A major contributor is performance evaluation, where both selection and implementation of
metrics play critical roles. While recent efforts have improved the former, the reliability of metric implementation
has received far less attention. Pitfalls in distance-based metric implementation can lead to considerable discrep-
ancies between common open-source tools, for instance, exceeding 100mm for the Hausdorff distance and 30%pt
for the normalized surface distance for the same pair of segmentations. To address these pitfalls, we introduce
MeshMetrics, a mesh-based framework that provides a more precise computation of distance-based metrics than
conventional grid-based approaches. Through theoretical analysis and empirical validation, we demonstrate that
MeshMetrics achieves higher accuracy and precision than established tools, and is substantially less affected by
discretization artifacts, such as distance quantization. We release MeshMetrics as an open-source Python package,
available at https://github.com/gasperpodobnik/MeshMetrics.

Keywords: Image segmentation, Validation metrics, MeshMetrics, Hausdorff distance, Percentile of Hausdorff distance,
Mean average surface distance, Average symmetric surface distance, Normalized surface distance, Boundary intersection
over union

Introduction
Image segmentation is a fundamental task in computer vision that aims to partition an image into pixels or voxels
corresponding to structural regions of interest. Advances in computational resources and algorithmic design have
fueled the development of highly accurate automatic segmentation methods [1–3]. Their performance is typically
assessed using geometric metrics, which provide fast and objective quantitative evaluations of segmentation quality.
The most widely used metrics include overlap-based, such as the Dice similarity coefficient (DSC) [4] and intersection
over union (IoU) [5], and distance-based (Fig. 1), such as the Hausdorff distance (HD) [6] with its p-th percentile
variants (HDp) [7], mean average surface distance (MASD) [8] and average symmetric surface distance (ASSD) [9],
as well as the recently proposed normalized surface distance (NSD) [10] and boundary intersection over union
(BIoU) [11].

The increasing variety of segmentation metrics has improved validation of automatic segmentation but also
introduced several challenges: selecting representative metrics, enabling fair benchmarking, addressing correlations,
ensuring consistent nomenclature, and, critically, providing correct implementations. While issues related to metric
selection have been widely acknowledged and addressed through community-driven guidelines [12–15], the cor-
rectness and consistency of implementations have received considerably less attention. Not all metrics are equally
affected: while overlap-based metrics can be robustly implemented in the grid domain (i.e. on segmentation masks),
distance-based metrics are more nuanced, since translating mathematical definitions into discretized calculations
requires multiple non-trivial computational steps [16, 17].

Related work

Issues of incorrect metric implementation have been noted in studies primarily concerned with metric selection [13,
16], but they have never been systematically scrutinized in terms of their practical implementation. Moreover, the
lack of awareness of these issues is evident from the frequent omission of the implementation source (i.e. open-
or closed-source tools) in publications, as well as the inconsistent reporting of software versions, thus implicitly
assuming that all implementations are equivalent. We began our investigation after obtaining considerably different
HD95 values using two open-source tools applied to the same pair of segmentations, which prompted a systematic
study of HD and HDp across five open-source tools [17] that resulted in HD95 discrepancies exceeding 100mm. In a
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Fig. 1. A schematic illustration of distance computation between two segmentations using a mesh-based representation of
the heart.

subsequent extended study [18], we broadened our analysis to 11 open-source tools and five distance-based metrics
(HDp, MASD, ASSD, NSD, BIoU)1, which resulted in a comprehensive overview of implementation pitfalls. We
found that the open-source tools differ in the (i) boundary extraction algorithm (five distinct algorithms are used),
(ii) mathematical definitions (multiple and non-equivalent definitions were identified), and (iii) edge-case handling
(inconsistent results when one or both input segmentations are empty). These pitfalls manifested differently in two
and three dimensions (2D and 3D), and also varied with pixel/voxel size, with the largest absolute discrepancies
exceeding 100mm, 40mm, 20mm, 30%pt, and 30%pt for HDp, MASD, ASSD, NSD, and BIoU, respectively. While
some discrepancies stemmed from ambiguous mathematical definitions that can be straightforwardly resolved by
fixing the code, other reflected fundamentally different boundary extraction strategies and computational paradigms.
Notably, all evaluated open-source tools computed distance-based metrics exclusively in the grid domain, making
them inherently susceptible to discretization artifacts.

Motivation

In this study, we address these pitfalls by unifying mathematical definitions and by translating metric computa-
tion from the grid to the mesh domain. The mesh-based paradigm enables a more accurate boundary extraction, a
more precise distance computation (i.e. point-to-surface rather than point-to-point, cf. Fig. 1), and explicit weight-
ing by boundary element sizes that exactly approximates surface integrals, which cannot be achieved in the grid
domain. We release the resulting implementation as MeshMetrics, an open-source Python package available at
https://github.com/gasperpodobnik/MeshMetrics.

Methods
We first present the paradigms for calculating distance-based metrics and provide conceptual arguments for the
calculation in the mesh domain. We then describe the experimental setup used to empirically evaluate MeshMetrics

against two established open-source tools.

Calculation paradigms

Segmentations2 can be defined as continuous regions with clearly-defined boundaries (Fig. 2, top left), represented
as explicit surfaces (meshes), implicit surfaces (level sets or radial basis functions) [19], volumes (binary masks),
parametric surfaces (splines, NURBS) [20], or point clouds3. Among these representations, the volumetric segmen-
tation mask (Fig. 2, top right) is most commonly used in computer vision, particularly in medical image analysis,
as images are typically defined on regular grids. However, grid-based representations introduce discretization arti-
facts because they are inherently limited by the image element size (i.e. pixel/voxel size in 2D/3D). These artifacts
can be mitigated by increasing the grid density, but this leads to a quadratic/cubic increase in the number of pix-
els/voxels, which is computationally inefficient. Furthermore, the segmentation boundary is not explicitly encoded
in the grid domain, making distance-based metric calculation less convenient, as it requires a preprocessing step
to extract the boundary from the segmentation mask [17]. By contrast, mesh representations offer a more flexible
description of segmentations, as they explicitly encode and can, in principle, approximate the segmentation bound-
ary to an arbitrary degree of detail, achieving in practice a reasonable accuracy without dramatically increasing
the number of boundary elements (Fig. 1 and Fig. 2, top center). Crucially, the choice of representation has direct
implications for metric calculation. As Fig. 2 illustrates, analytical calculations in the continuous domain can be
naturally approximated with a mesh representation, but not with a grid representation, as explained below.

1This set corresponds to the distance-based metrics included in the widely adopted Metrics Reloaded guidelines for metric selection [14].
2Without loss of generality, we assume binary segmentations, however, the same conclusions can be applied to multilabel segmentations.
3However, point clouds are inherently a lossy representation of segmentations, as there is no unique mapping to the corresponding boundary.
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Let A and B denote two segmentations, and ∂A and ∂B their respective boundaries.
• In the continuous domain, the boundary is smooth, and distances are integrated over infinitesimal
boundary elements, denoted as da, along ∂A (or db along ∂B).

• In the discrete mesh-based domain, the boundary consist of line segments/surface triangles in 2D/3D,
denoted as δa (or δb), and distances are approximated by a weighted sum over these boundary elements.

• In the discrete grid-based domain, the boundary is represented by a finite set of boundary points A
(or B), and distances are computed as an average over these points.

Notations: da,∂B = infb∈ ∂B ∥a−b∥2 – the Euclidean distance from a point on ∂A to ∂B (and vice-versa for db,∂A);

I[·] = 1 if true, 0 otherwise – an indicator function; ϕM∂A
(x) – a signed distance function to the mesh boundary,

negative inside A and positive outside; G(n)
h =

{
(i1h1, . . . , inhn)

∣∣ ik ∈ Z, 1 ≤ k ≤ n
}
– a set of all regularly spaced

points (grid) in n-dimensional space (n ∈ {2, 3}), where hk is the pixel/voxel size along k-th coordinate direction.

(e) Definitions of distance-based metrics
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Fig. 2. Differences among continuous, discrete mesh-based, and discrete grid-based computational paradigms of distance-
based metrics.
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Fig. 3. A schematic illustration of distance quantization in 2D (left) and an empirical example of the relationship between
the distance tolerance τ and NSD (with quantized distances annotated in gray) for a 3D case with unit voxel size (right).

Implications for MASD, ASSD, and HDp. Let A and B denote two segmentations, and ∂A and ∂B their

respective boundaries. The accumulated directed distance d̂AB (Fig. 2a), which represents an intermediate step in
MASD and ASSD calculation, is analytically defined as the closed integral of the distances over boundary ∂A to
the opposing boundary ∂B. In the mesh-based formulation, boundaries are approximated by line segments/surface
elements in 2D/3D, enabling a direct discretization of the integral as a summation. Conversely, the grid domain
does not provide a clear concept of the boundary, as all boundary extraction algorithms essentially return a point
cloud without the notion of boundary elements (cf. continuous boundary in Fig. 2, top center, vs. non-connected
dots in Fig. 2, top right)4. In the grid domain, accumulated directed distances are often computed by summing
the distances to the opposing point cloud (i.e. point-to-point distances vs. point-to-surface distance in the mesh
domain). This implicitly assumes that points are uniformly distributed along the boundary, which is generally false,
as points on flatter regions cover a smaller effective boundary than points on the corners. While these inaccuracies
may seem minor, they can substantially impact metric values when aggregated, as evidenced by the large resulting
deviations [18]. The same pitfall arises for percentile-based metrics such as HDp, formally defined as the minimal
distance t so that at least p percent of ∂A lies within distance t of ∂B. Importantly, this definition is based on
the boundary length/area lying within t, whereas grid-based implementations typically oversimplify it to the p-th
percentile of the set of distances5, implicitly assuming a uniform sampling of boundary points.

Implications for NSD. While the aforementioned pitfalls also affect the calculation of NSD, this metric is addi-
tionally affected by distance quantization. The boundary within tolerance ∂A(±τ) (Fig. 2c) represents the proportion
of the boundary lying within a predefined distance tolerance τ , making the choice of τ critical [10]. In medical
imaging, τ is typically set between 1–3mm, therefore often comparable to the pixel/voxel size of computed tomog-
raphy (CT) and magnetic resonance (MR) images. In the grid domain, however, only a limited set of distances can
be computed due to the discrete arrangement of points according to pixel/voxel size (Fig. 3, left), causing NSD to
jump in discrete steps rather than increase smoothly with τ (Fig. 3, right). By contrast, in the mesh domain, dis-
tances are computed in a point-to-surface manner rather than point-to-point, which improves precision and better
mitigates the effect of quantized distances.

Implications for BIoU. BIoU is a hybrid between overlap and distance-based metrics, as it redefines IoU by
removing the inner bulk of the segmentation (i.e. hollowing), making it more sensitive to boundary variations [11].
Computing the hollowed segmentation requires to accurately determine the interior neighborhood of the boundary

N (−τ)
∂A (Fig. 2d), making precise boundary extraction and distance computation crucial. Similarly to NSD, BIoU

is also influenced by distance quantization, since the choice of τ directly determines the thickness of the boundary
region.

Calculation of distances in MeshMetrics

The comparison of computational paradigms in Fig. 2 highlights that mesh-based metric calculation provides a math-
ematically consistent discretization of the continuous formulation: as boundary elements become smaller, the discrete
result converges to the continuous solution. In contrast, grid-based approaches generally lack such convergence, since
they represent the boundary by non-uniformly distributed points (e.g. near corners), which introduces discretiza-
tion artifacts. This theoretical consistency, combined with improved numerical precision, motivates distance-based

4This issue is further affected by the large variability of boundary extraction algorithms across open-source tools [18].
5Here, the p-th percentile is computed by sorting all values in the set and selecting the element at the corresponding p-th rank determined by

the cardinality of that set.
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Algorithm 1 Calculation of distances in MeshMetrics.

Input: Segmentations A and B (2D or 3D, masks or meshes).
Output: Sets of distances DAB and DBA, and sets of corresponding boundary element sizes ∆A and ∆B .

1: Step 1: Boundary extraction:
2: if A and B are provided as masks then
3: Using the surface nets algorithm, convert A and B to
4: if 2D then
5: line polygons.
6: else if 3D then
7: triangle meshes.
8: end if
9: end if

10: Step 2: Calculate distances and boundary element sizes:
11: Initialize empty sets DAB and ∆A.
12: for each boundary element δai ∈ ∂A do
13: Define query point qi as
14: if 2D then
15: the midpoint of line segment δai.
16: else if 3D then
17: the centroid of mesh triangle δai.
18: end if
19: Compute distance di from qi to ∂B and append to DAB .
20: Compute boundary element size of δai and append to ∆A.
21: end for
22: Repeat Step 2 for each δbi ∈ ∂B to obtain DBA and ∆B .

23: Step 3: Sort {DAB ,∆A}:
24: Sort the distances in DAB in ascending order.
25: Apply the same order to boundary element sizes in ∆A.
26: Repeat Step 3 to sort {DBA,∆B}.

Return: {DAB ,∆A} and {DBA,∆B} for metrics computation.

metric calculations in the mesh domain, as detailed in the remainder of this section. The core process of distance
calculation employed in MeshMetrics is outlined in Algorithm 1. Given a segmentation in the mask format, the first
step applies the surface nets isosurfacing algorithm (i.e. meshing) [21] to obtain a mesh representation. For each
mesh, we traverse its boundary elements (line segments/surface triangles in 2D/3D), compute the centroid of each
element serving as the query point, and then determine the distance da,∂B from the query point to the opposing
mesh. Additionally, we compute the corresponding boundary element size δa (line segment length/surface triangle
area in 2D/3D). The procedure is repeated for all boundary elements in both meshes, yielding two sets of distances
DAB and DBA, containing directed distances da,∂B and db,∂A, respectively, and corresponding two sets ∆A and ∆B ,
containing boundary element sizes δa and δb, respectively. Each set of distances is sorted in ascending order, with
the same ordering applied to the set of corresponding boundary element sizes. Together, these four sets form the
basis for calculating the distance-based metrics (Fig. 2e)6.

Experimental design

To quantify the impact of different computational paradigms, we conducted an empirical analysis on 2D and 3D
segmentation use cases using publicly available datasets. For the 2D analysis, we selected the INbreast dataset7 [22],
which includes 115 high-resolution mammograms with corresponding manual tumor segmentations. An additional
set of segmentations was generated using an in-house method, resulting in 80 pairs of non-empty segmentation
masks [18]. For the 3D analysis, we used a subset of the HaN-Seg dataset8 [23], comprising 30 CT and MR image
pairs from the radiotherapy planning workflow. Each image was paired with segmentations of up to 30 organs-at-risk,
independently delineated by two clinical experts, yielding 1,559 pairs of non-empty segmentation masks [18].

We considered three sets of different element sizes for each dataset: two isotropic (a vanilla scenario with unit size
and a non-unit size) and one anisotropic. For the 2D analysis, we used (1.0, 1.0)mm, (0.07, 0.07)mm, representing a
common isotropic pixel size in mammography, and (0.07, 1.0)mm. For the 3D analysis, we used (1.0, 1.0, 1.0)mm,
(2.0, 2.0, 2.0)mm, and (0.5, 0.5, 2.0)mm, representing voxel sizes typical of radiotherapy workflows and reflecting
evaluation settings commonly encountered in practice. The empirical analysis involved loading the original binary
segmentation masks at their native resolution, resampling them to each of the three pixel/voxel sizes, and computing
distance-based metrics (HD, HDp, MASD, ASSD, NSD, BIoU).

6For the full implementation details of all metrics, please refer to our GitHub repository, script MeshMetrics/metrics.py.
7https://www.kaggle.com/datasets/tommyngx/inbreast2012
8https://doi.org/10.5281/zenodo.7442914
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Table 1
The deviations in the distance-based metrics for the 2D and 3D datasets, comparing Google DeepMind and Metrics Reloaded

against the proposed MeshMetrics implementation, reported for two isotropic and one anisotropic voxel size as the range
min |max and mean ± standard deviation (SD). Deviations for HD, HD95, MASD, and ASSD are reported in millimeters
(mm), while deviations for NSD and BIoU are expressed in percentage points (%pt).

Metric Open-source tool Min |Max Mean±SD Min |Max Mean±SD Min |Max Mean±SD

2D dataset: INbreast, pixel size: (1.0, 1.0) mm (0.07, 0.07) mm (0.07, 1.0) mm

HD
Google DeepMind 0.00 |0.36 0.16±0.10 0.00 |0.02 0.01±0.01 0.00 |0.03 0.01±0.01

Metrics Reloaded 0.00 |0.36 0.16±0.10 0.00 |0.02 0.01±0.01 0.00 |0.03 0.01±0.01

HD95
Google DeepMind −6.73 |0.65 −0.08±0.84 −0.24 |0.56 0.03±0.13 −0.49 |0.48 0.02±0.21

Metrics Reloaded −84.8 | 2.15 −2.92± 12.0 −1.68 | 1.13 0.04± 0.32 −75.6 | 1.60 −3.32± 11.8

MASD
Google DeepMind −0.90 |1.83 −0.03±0.41 −0.41 |2.47 0.14±0.47 −0.17 |0.25 −0.03±0.06

Metrics Reloaded −6.89 | 5.61 −0.80± 1.53 −0.83 | 3.83 0.20± 0.80 −8.09 | 5.09 −1.15± 2.08

ASSD
Google DeepMind −1.74 |4.40 −0.03±0.85 −0.81 |5.77 0.24±0.98 −0.31 |0.57 −0.03±0.12

Metrics Reloaded −11.1 | 12.0 −1.37± 2.63 −1.69 | 8.70 0.34± 1.66 −15.0 | 11.0 −2.12± 3.80

NSD2
Google DeepMind −4.01 |2.46 0.42±1.05 −3.30 |1.06 −0.21±0.70 −1.45 |0.72 −0.14±0.38

Metrics Reloaded −8.82 | 9.97 1.52± 3.11 −5.43 | 2.28 −0.26± 1.24 −4.72 | 15.6 2.68± 4.02

BIoU2
Google DeepMind −6.09 | 5.78 −1.91± 2.27 −0.25 | 0.39 −0.06±0.11 −4.06 |2.19 −1.19± 1.37

Metrics Reloaded 0.00 |0.00 0.00±0.00 −0.01 |0.23 0.09± 0.05 0.00 | 2.28 0.93±0.50

3D dataset: HaN-Seg, voxel size: (1.0, 1.0, 1.0) mm (2.0, 2.0, 2.0) mm (0.5, 0.5, 2.0) mm

HD
Google DeepMind −0.17 |0.46 0.19±0.12 −0.61 |0.94 0.35±0.24 −0.61 |0.36 0.12±0.09

Metrics Reloaded −0.45 | 0.54 0.20± 0.12 −0.82 | 1.45 0.38± 0.25 −0.39 | 1.23 0.14± 0.10

HD95
Google DeepMind −0.67 |0.70 0.02±0.18 −2.88 |1.33 −0.02±0.41 −0.79 |1.33 0.08±0.24

Metrics Reloaded −4.83 | 2.58 0.23± 0.31 −7.68 | 2.84 0.34± 0.57 −5.31 | 8.63 0.49± 0.88

MASD
Google DeepMind −0.27 |0.59 −0.02±0.04 −0.65 |0.94 −0.12±0.08 −0.22 |0.29 −0.07±0.04

Metrics Reloaded −0.35 | 1.55 0.19± 0.12 −1.62 | 2.75 0.29± 0.23 −2.12 | 1.92 0.17± 0.30

ASSD
Google DeepMind −0.35 |1.18 −0.02±0.06 −0.84 |1.77 −0.12±0.09 −0.36 |0.60 −0.07±0.05

Metrics Reloaded −0.63 | 2.84 0.20± 0.15 −2.45 | 4.86 0.31± 0.28 −4.07 | 3.02 0.19± 0.36

NSD2
Google DeepMind −2.31 | 8.98 0.72±1.00 −0.43 | 18.6 3.58± 2.79 −6.69 |8.23 0.46±1.08

Metrics Reloaded −14.4 |6.07 −1.99± 2.01 −24.4 |8.19 −1.04±2.93 −19.1 | 9.51 −3.06± 3.90

BIoU2
Google DeepMind −8.24 | 4.49 −1.12± 1.42 −24.8 | 12.1 −9.21±5.88 −10.1 | 7.04 −1.29± 2.11

Metrics Reloaded 0.00 |0.00 0.00±0.00 −23.0 |2.44 −9.91± 5.80 0.00 |0.00 0.00±0.00

For metrics requiring user-defined parameters, i.e. the percentile p for HDp, and the distance tolerance τ for NSD
and BIoU, we performed experiments with commonly used values of HDp=95, NSDτ =2mm, and BIoUτ =2mm [14]. To
validate MeshMetrics, we compared it with two open-source implementations, Google DeepMind and Metrics Reloaded,
which were selected according to our implementation pitfall study [18]. Google DeepMind was identified as the most
sophisticated grid-based implementation due to its hybrid grid/mesh calculation principle. It uses the grid as the
main representation but approximates boundary element sizes using the marching cubes algorithm, enabling a
form of pseudo-boundary weighting9 [10]. On the other hand, Metrics Reloaded provides the most complete set of
metrics and serves as the official implementation of the established Metrics Reloaded consortium [14]. To enable a
consistent comparison, we implemented ASSD and BIoU that are not originally included in Google DeepMind using
its available Python functions. Moreover, we fixed the bug in Metrics Reloaded that ignored the pixel/voxel size for
BIoU calculation [18] to focus on the conceptual differences in implementations rather than their coding errors. For
all three implementations, we used their latest versions available as of September 202510.

9Because the boundary element sizes do not exactly match but only approximate the corresponding boundary size [18].
10Google DeepMind (GitHub: https://github.com/google-deepmind/surface-distance, v0.1, commit hash: 1f805ce); Metrics

Reloaded (GitHub: https://github.com/Project-MONAI/MetricsReloaded, v0.1.0, commit hash: cb38dfc); MeshMetrics (GitHub:
https://github.com/gasperpodobnik/MeshMetrics, v0.2.0, commit hash: f530042).
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Results

Metric value variability

As a direct comparison of raw metric values across each dataset would not be meaningful, we report instead the
deviations of Google DeepMind and Metrics Reloaded against MeshMetrics serving as a reference: mj,i−mMM,i, where
mj,i is the metric value from the j-th open-source tool (Google DeepMind or Metrics Reloaded), and mMM,i is the
reference value from MeshMetrics for the i-th pair of segmentations. For absolute metrics measured in metric units
(HD, HDp, MASD, ASSD), deviations are reported in millimeters (mm), while relative metrics (NSD, BIoU) are
reported in percentage points (%pt). When observed against MeshMetrics, positive deviations indicate an overesti-
mation of the metric (i.e. over-pessimistic for absolute and over-optimistic for relative metrics), whereas negative
deviations indicate an underestimation (i.e. over-optimistic for absolute and over-pessimistic for relative metrics).
Although both types are undesirable, over-optimistic estimates are particularly concerning, as they can lead to mis-
leading conclusions, for example, when compared to values reported in the literature. The quantitative results for
the 2D and 3D analysis, stratified by pixel/voxel size, are summarized in Table 1 and Fig. 4, and revealed notable
differences across all metrics, except for HD (i.e. HD100), where all deviations are relatively small.

Edge case handling

An important but often overlooked aspect of metric calculation is the consistent handling of edge cases, i.e. situations
where one or both input segmentations are empty. We observed discrepancies not only between Google DeepMind and
Metrics Reloaded, but also among different metrics within the same tool. These findings, together with the proposed
behavior of our implementation, are summarized in Table 2. Specifically, when exactly one segmentation is empty,
MeshMetrics returns the worst possible value for the given metric (i.e. ∞ for absolute and 0% for relative metrics),
whereas when both segmentations are empty, it returns the best possible value (i.e. 0mm for absolute and 100%
for relative metrics). To further support robust result aggregation, MeshMetrics raises warnings to inform the user
about the edge case scenario and additionally provides flags that indicate which segmentation is empty, thereby
enabling downstream performance analyses (i.e. false positives, false negatives, and true negatives).

100

10

1

0

1

10

100

De
vi

at
io

n 
fro

m
 M
es

hM
et

ri
cs

 (m
m

)

Google DeepMind Metrics Reloaded

10

1

0

1

10

De
vi

at
io

n 
fro

m
 M
es

hM
et

ri
cs

 (m
m

)

(1.0, 1.0)
100

10

1

0

1

10

100

De
vi

at
io

n 
fro

m
 M
es

hM
et

ri
cs

 (%
pt

)

(0.07, 0.07) (0.07, 1.0) (1.0, 1.0, 1.0)(2.0, 2.0, 2.0)(0.5, 0.5, 2.0) (1.0, 1.0) (0.07, 0.07) (0.07, 1.0) (1.0, 1.0, 1.0)(2.0, 2.0, 2.0)(0.5, 0.5, 2.0)

HD100 HD95

MASD ASSD

NSD2 BIoU2

SIZE (mm):

Fig. 4. The deviations in the distance-based metrics on the 2D and 3D datasets, as obtained by Google DeepMind and
Metrics Reloaded against the reference MeshMetrics reported for two isotropic and one anisotropic pixel/voxel size in the
form of box-plots. Note that a linear scale is applied to values within the interval [−1, 1], and a symmetric logarithmic scale
is used for values outside this interval to better visualize both smaller and larger differences.
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Table 2
Edge case handling analysis: XOR denotes the case where exactly one of the two segmentations is empty, while AND denotes
the case where both are empty. In addition to the distance-based metrics, DSC is included to provide a more comprehensive
overview.

DSC (%) HDp (mm) MASD (mm) ASSD (mm) NSD (%) BIoU (%)

Open-source tool XOR AND XOR AND XOR AND XOR AND XOR AND XOR AND

Google DeepMind 0 NaN ∞ ∞ NaN NaN ‡ ‡ 0 NaNW ‡ ‡

Metrics Reloaded 0 100W NaNW 0W NaNW 0W NaNW 0W 0 100W 0 100W

MeshMetrics 0W 100W ∞W 0W ∞W 0W ∞W 0W 0W 100W 0W 100W

NaN: not a number; W: additional warning message; ‡: Google DeepMind does not natively support ASSD and BIoU; therefore, their analysis is
omitted.

Computational efficiency

For the computational efficiency assessment, we focused on HD, since it contains most computational steps shared
by all distance-based metrics, with the main cost coming from distance calculation. Additionally, in the case of
MeshMetrics, meshing was performed internally, and its computational cost was therefore included in the efficiency
analysis. In 2D, we used the original high-resolution mammograms with pixel size of (0.07, 0.07)mm (segmentation
masks exceeding 2000× 3000 pixels), while in 3D, images were resampled to (1.0, 1.0, 1.0)mm. Execution times are
reported relative to MeshMetrics (Fig. 5), with positive values indicating slower and negative values faster execution.
In 2D, all implementations showed comparable runtimes: Google DeepMind was marginally faster (median 0.09 s),
while Metrics Reloaded was slightly slower (median 0.24 s) than MeshMetrics. In 3D, Google DeepMind remained the
most efficient, running 0.7 s faster, whereas Metrics Reloaded was substantially slower, with a median runtime of
26.4 s above that of MeshMetrics.
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Fig. 5. Comparison of the HD computational efficiency on 2D and 3D datasets, reported as runtime deviations from
MeshMetrics for the pixel/voxel size of (0.07, 0.07)mm and (1.0, 1.0, 1.0)mm. Note that a linear scale is applied to values
within the interval [−1, 1], and a symmetric logarithmic scale is used for values outside this interval to better visualize both
smaller and larger differences.

Discussion

Metric value variability

HD HD is the only metric with a consistent mathematical definition across all open-source tools [18], as its
aggregation is based on the maximum of the two directed distances, which avoids the need to account for boundary
element sizes. This consistency is reflected in the low deviations observed in the empirical results, especially for the
2D dataset. For the 3D dataset, the deviations are relatively small but more pronounced than in 2D, as calculations
in 3D are more sensitive to boundary extraction differences.
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HD95 In contrast to HD, its percentile definition requires careful computation that incorporates boundary element
sizes (Sec. 1). Among several mathematical definitions [18], we adopted the version that takes the maximum of both
directed percentiles, and argue that this is most consistent with the original HD definition11. Since Google DeepMind

approximates boundary element sizes for percentile calculation and Metrics Reloaded estimates the percentile based
only on the set cardinality, it is not surprising that Google DeepMind performed most similarly to MeshMetrics.
However, its small errors in boundary size approximation [18] still lead to occasional outliers. By contrast, the
severe underestimation observed for Metrics Reloaded, in one case exceeding 80mm, is alarming and underscores
the importance of correct percentile computation12.

MASD and ASSD These two metrics share the same aggregation principle, which explains their similar behav-
ior. Although they are less sensitive than HDp to precise weighting by boundary element sizes, we still observed
substantial deviations, particularly for the anisotropic 2D case, where Metrics Reloaded underestimated ASSD by
an average of 2.12mm. Such systematic deviations are concerning, as improvements of even a single millimeter are
often considered significant when evaluating automatic segmentation methods.

NSD Besides the effects of boundary extraction methods and different mathematical definitions, NSD is also
influenced by distance quantization. This issue arises from its definition, with tolerance τ specifying the maximum
allowable deviation between the two boundaries. In the grid domain, quantization effects are particularly pronounced,
as evidenced by the jagged curves of Google DeepMind and Metrics Reloaded in Fig. 3. By contrast, mesh-based
calculation yields a smoother curve due to a more precise distance computation. Empirically, these differences led to
substantial deviations (Fig. 4), amounting to nearly 10%pt in 2D and more than 24%pt in 3D, with mean deviations
of up to 3.58%pt for Google DeepMind. Interestingly, the largest deviations were observed for Google DeepMind, despite
being the official NSD implementation [10], highlighting the impact of quantized distances in the grid domain.
Moreover, our results shed light on the often-overlooked issue of selecting parameter τ . Since we computed NSD
with τ =2mm, the effect is most evident for voxel size (2.0, 2.0, 2.0)mm, where 2mm corresponds to the minimal
possible non-zero distance. As shown in Fig. 3, large jagged jumps in NSD appear when τ is close to the voxel
dimension, stabilizing only when τ exceeds the minimal voxel dimension by several multiples.

BIoU Unlike other distance-based metrics, BIoU is a hybrid between overlap- and distance-based metrics, as it
computes IoU on hollowed segmentations to increase the sensitivity to boundary deviations. While distance com-
putation is therefore less critical, consistent implementation remains important. Since the intersection and union
operations are fastest in the grid domain, MeshMetrics adopts a hybrid grid/mesh approach: the grid serves as the
foundation, but distances are computed from the mesh boundary, thereby ensuring a consistent boundary repre-
sentation across all metrics. The deviations against Google DeepMind and Metrics Reloaded arose primarily from the
differences in boundary extraction algorithms, and diminished with an increasing τ , with all three implementations
converging towards IoU when τ was sufficiently large (i.e. equal to or greater than the largest interior distance
within the segmentation).

Edge case handling

When exactly one input segmentation is empty (cf. XOR in Table 2), the metrics should assume their worst values:
infinity (∞) for absolute and zero (0%) for relative metrics. When both segmentations are empty (cf. AND in
Table 2), the two segmentations perfectly align, and the metrics should assume their best values: zero (0mm) for
absolute and one (100%) for relative metrics. However, these cases require careful interpretation, as a high number
of empty inputs can saturate the aggregated metrics. To provide transparency and consistency, MeshMetrics outputs
a warning and sets corresponding flags, allowing the user to handle edge cases explicitly during post-analysis, for
instance, reporting performance separately when either segmentation is empty (false positives and false negatives),
or when both are empty (true negatives). Such handling is particularly important in pathology segmentation, where
structures may be absent in a large proportion of images, and a careful, disentangled evaluation of detection and
segmentation performance is crucial [14, 16].

Computational efficiency

While computational efficiency is secondary to metric reliability, it remains important in practice for enabling rapid
prototyping and conserving computational resources. In 2D, MeshMetrics performed on par, whereas in 3D it was
slightly slower than Google DeepMind, yet still considerably faster than Metrics Reloaded. Given that Metrics Reloaded
is relatively slow but nevertheless widely used, this indicates that MeshMetrics is sufficiently fast, particularly in
light of its advantages in terms of reliability. MeshMetrics is also lean in terms of dependencies, relying on only
four Python packages (vtk, numpy, SimpleITK, SimpleITKUtilities), and can be easily installed by cloning and pip

installing the repository. Furthermore, the input can be provided either as a segmentation mask (SimpleITK.Image
or numpy.ndarray) or surface mesh (vtk.vtkPolyData), therefore ensuring that the same calculation principles apply
to both grid- and mesh-based inputs.

11A “Hausdorffian” way of aggregating the two directed distances.
12An in-depth analysis of the outlier resulting in an underestimation of −84.4mm is provided in Supplementary Materials (Note A1 and

Fig. A1).
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Limitations

First, while not a limitation of our approach per se, mesh-based calculations (similar to grid-domain calculations)
require the selection of a boundary extraction method (i.e. an isosurfacing or meshing algorithm) [21, 24–26]. Con-
sidering the mathematical consistency with other metrics, mesh quality, and computational efficiency, MeshMetrics
relies on the surface nets algorithm [21]13. Second, among the analyzed metrics, BIoU stands out as a hybrid between
overlap- and distance-based metrics. While it could be, in principle, implemented entirely in the mesh domain,
this would require robust mesh thinning and boolean mesh operations, which are still under development [27].
MeshMetrics circumvents these limitations by adopting a hybrid approach: it uses the mesh for precise boundary
representation while relying on the grid for the calculation of intersection and union, which is naturally and ele-
gantly defined in that domain. While it serves as a robust solution, this approach can be revisited once more robust
algorithms become available. Third, while this study is concise in scope – covering a set of metrics that share a com-
mon underlying calculation principle – we acknowledge that additional metrics could be investigated and integrated
into the repository. One example is the centerline Dice metric [28], which requires a different set of fundamentals
(e.g. a robust skeletonization algorithm that is currently not yet available [29]) and thus warrants separate in-depth
study. By covering all distance-based metrics analyzed in Metrics Reloaded [14], we believe that our selection cap-
tures the most widely used distance-based metrics, and that its underlying computational principles provide a solid
foundation for extending the framework to additional metrics in the future.

Conclusion
We proposed MeshMetrics, a precise open-source implementation of distance-based metrics in the mesh domain.
Through comparison with Google DeepMind and Metrics Reloaded, we validated its correctness and demonstrated
the limitations of grid-based approaches. MeshMetrics is more robust to discretization artifacts, computationally
comparable to Google DeepMind, and substantially faster than Metrics Reloaded in 3D, making it also practical for
segmentation validation. Along with the highlighted implementation pitfalls [18], we shed light on the challenges
of segmentation evaluation, and pave the way towards a more precise and objective method validation, biomarker
computation, and benchmarking.
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Appendix

Note A1. Example of HD95 outlier

The example from our 2D analysis using pixel size (1.0, 1.0)mm that resulted in an HD95 underestimation
of −84.8mm by Metrics Reloaded relative to MeshMetrics, whereas Google DeepMind deviated by only −0.03mm
(Table 1), is illustrated in Fig. A1. Such a large discrepancy arose because Metrics Reloaded does not apply bound-
ary weighting and thus assumes a uniform distribution of extracted points along the boundary. As one segmentation
mask contains multiple connected components, and because Metrics Reloaded ignores line segment lengths when
computing percentiles, the 95th percentile can exhibit large jumps when its calculation is based solely on the car-
dinality of the set of distances. Although HD95 is generally robust to outliers, this example shows that extreme
cases can still significantly impact metric estimation. In contrast, both MeshMetrics and Google DeepMind correctly
captured the segmentation quality in this scenario.

Segmentation A Segmentation B

Fig. A1. The 2D case resulting in a significant HD95 underestimation of −84.8mm by Metrics Reloaded relative to
MeshMetrics.

Note A2. Meshing methods

An overview of common methods for converting binary segmentation masks into meshes, often referred to as
isosurface extraction or simply meshing, is provided in Fig. A2. All methods are demonstrated using 2D binary
masks with an isosurface value of 0.5 where applicable, and their analogous 3D methods are noted. In MeshMetrics,
we use the surface nets algorithm [21] due to its superior speed and ability to generate boundaries that closely

(a) Example segmentation masks A and B. (b) Marching squares in 2D, analogous to marching cubes in 3D.

(c) Discrete flying edges in 2D, analogous to discrete marching cubes
in 3D.

(d) Surface nets in 2D, analogous to surface nets in 3D.

Fig. A2. Comparison of different meshing methods. (??) Example segmentation masks. (??) The marching squares /
marching cubes algorithm is the traditional and widely adopted meshing algorithm that produces smooth results. (??) The
discrete flying edges / discrete marching cubes algorithm [24, 25] builds upon the traditional algorithm but is non-parametric
(i.e. does not require an isosurface value) and handles ambiguous cases more conveniently for most image segmentation
tasks [26], such as in the shown example, where a single instead of two connected components is produced. (??) The surface
nets algorithm [21] closely resembles the boundary extraction method employed by Google DeepMind [18]. This algorithm is
also used by MeshMetrics.
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approximate the true segmentation in both 2D and 3D grids. This ensures a consistent coverage of the input grid,
which is particularly important for the computation of specific metrics, for example, BIoU should match IoU when
τ is set to ∞ or a sufficiently large value. To avoid potential biases and ensure consistent results, the meshing
algorithm in MeshMetrics is hardcoded to surface nets rather than being exposed as a user-specified parameter.
Such a design prevents unintended modifications and maintains objectivity when using the tool.

To assess the empirical impact of meshing on the resulting metric values, Table A1 presents a detailed quantitative
comparison of all meshing algorithms. Similarly to Table 1, the results are reported as deviations from MeshMetrics

that uses the surface nets meshing algorithm, and serves as the reference. The differences between the marching
squares and discrete flying edges algorithms in 2D, and the marching cubes and discrete marching cubes algorithms
in 3D are minimal, as these algorithms are essentially equivalent, differing only in how they handle ambiguous
cases (cf. reference segmentations in Fig. A2b). Although systematic differences exist, the magnitude of outliers is
relatively small.

Table A1
The deviations in distance-based metrics obtained using the marching squares|marching cubes, and the discrete flying
edges|discrete marching cubes meshing algorithms (2D|3D, respectively), compared to the reference surface nets meshing
algorithm employed in MeshMetrics (Fig. A2). The results are reported for two isotropic and one anisotropic voxel size as the
range min |max and mean ± standard deviation (SD). Deviations for HD, HD95, MASD, and ASSD are given in millimeters
(mm), while deviations for NSD and BIoU are expressed in percentage points (%pt).

Metric Open-source tool Min |Max Mean±SD Min |Max Mean±SD Min |Max Mean±SD

2D dataset: INbreast, pixel size: (1.0, 1.0) mm (0.07, 0.07) mm (0.07, 1.0) mm

HD
Marching squares −0.25 |0.00 −0.12±0.07 −0.02 |0.00 −0.01±0.00 −0.25 |0.00 −0.03±0.05

Discrete flying edges −0.25 |0.00 −0.12±0.07 −0.02 |0.00 −0.01±0.00 −0.25 |0.00 −0.03±0.05

HD95
Marching squares −6.92 |0.65 −0.12±0.86 −0.23 |0.56 0.03±0.13 −0.25 |0.48 0.01±0.15

Discrete flying edges −6.92 |0.65 −0.12±0.86 −0.23 |0.56 0.03±0.13 −0.25 |0.48 0.01±0.15

MASD
Marching squares −0.89 |1.88 −0.00±0.41 −0.41 |2.47 0.14±0.47 −0.16 |0.27 −0.01±0.06

Discrete flying edges −0.89 |1.88 −0.00±0.41 −0.41 |2.47 0.14±0.47 −0.16 |0.27 −0.01±0.06

ASSD
Marching squares −1.72 |4.43 −0.01±0.86 −0.81 |5.77 0.24±0.98 −0.31 |0.59 −0.02±0.12

Discrete flying edges −1.72 |4.43 −0.01±0.86 −0.81 |5.77 0.24±0.98 −0.31 |0.59 −0.02±0.12

NSD2
Marching squares −4.67 |2.36 0.22± 1.08 −3.30 |1.06 −0.19±0.70 −0.41 |0.61 −0.00±0.19

Discrete flying edges −4.67 |2.36 0.21±1.07 −3.30 |1.06 −0.19±0.70 −0.41 |0.61 −0.00±0.19

BIoU2
Marching squares 0.00 |0.00 0.00±0.00 0.00 |0.00 0.00±0.00 0.00 |0.00 0.00±0.00

Discrete flying edges 0.00 |0.00 0.00±0.00 0.00 |0.00 0.00±0.00 0.00 |0.00 0.00±0.00

3D dataset: HaN-Seg, voxel size: (1.0, 1.0, 1.0) mm (2.0, 2.0, 2.0) mm (0.5, 0.5, 2.0) mm

HD
Marching cubes −0.33 |0.59 0.11±0.13 −0.67 |0.93 0.14±0.29 −0.33 |0.44 0.05±0.08

Discrete marching cubes −0.33 |0.59 0.11±0.13 −0.67 |0.93 0.14±0.29 −0.33 |0.44 0.05±0.08

HD95
Marching cubes −0.45 |0.99 0.17±0.16 −2.85 |1.33 0.17± 0.31 −0.56 |1.02 0.15±0.15

Discrete marching cubes −0.45 |0.99 0.17±0.16 −2.83 |1.33 0.16±0.32 −0.56 |1.02 0.15±0.15

MASD
Marching cubes −0.13 |0.72 0.13±0.06 −0.52 |1.19 0.16±0.10 −0.03 |0.41 0.08±0.04

Discrete marching cubes −0.13 |0.72 0.13±0.06 −0.52 |1.19 0.16±0.10 −0.03 |0.41 0.08±0.04

ASSD
Marching cubes −0.21 |1.31 0.13±0.07 −0.59 |1.97 0.16±0.12 −0.22 |0.72 0.08±0.05

Discrete marching cubes −0.21 |1.31 0.13±0.07 −0.59 |1.97 0.16±0.12 −0.22 |0.72 0.08±0.05

NSD2
Marching cubes −12.4 | 1.40 −2.10±1.61 −15.9 |1.70 −2.68±2.30 −5.79 |1.13 −1.32±1.00

Discrete marching cubes −12.4 |1.30 −2.10±1.61 −15.9 | 1.90 −2.68±2.31 −5.79 |1.13 −1.32±1.01

BIoU2
Marching cubes −3.69 |0.50 −1.25±0.82 −14.7 |2.18 −5.89± 3.85 −2.36 |0.32 −0.87±0.54

Discrete marching cubes −3.69 |0.50 −1.25±0.82 −14.7 |2.18 −5.87±3.84 −2.36 |0.32 −0.87±0.54
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