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Abstract

Distance-based metrics, such as the Hausdorfl distance (HD), are widely used to validate segmentation per-
formance in (bio)medical imaging. However, their implementation is complex, and critical differences across
open-source tools remain largely unrecognized by the community. These discrepancies undermine benchmarking
efforts, introduce bias in biomarker calculations, and potentially distort medical device development and clini-
cal commissioning. In this study, we systematically dissect 11 open-source tools that implement distance-based
metric computation by performing both a conceptual analysis of their computational steps and an empirical
analysis on representative two- and three-dimensional image datasets. Alarmingly, we observed deviations in
HD exceeding 100 mm and identified multiple statistically significant differences between tools — demonstrating
that statistically significant improvements on the same set of segmentations can be achieved simply by selecting
a particular implementation. These findings cast doubts on the validity of prior comparisons of results across
studies without accounting for the differences in metric implementations. To address this, we provide practical
recommendations for tool selection; additionally, our conceptual analysis informs about the future evolution of
implementing open-source tools.
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Introduction

Method validation is the process of assessing how well a method performs in achieving its intended objectives through
the analysis of its accuracy, efficiency and reliability under specific conditions. In the field of image analysis spanning
applications in (bio)medical imaging, performance evaluation constitutes a cornerstone of every study [1-3]. Metrics
serve as proxies for evaluating task performance, and are broadly categorized into qualitative and quantitative.
Qualitative metrics, commonly based on visual inspection, offer focused and direct evaluations, however, they often
rely on subjective expert judgments, rendering them costly and occasionally impractical or even unfeasible. In
contrast, quantitative metrics are swiftly computed, theoretically well-defined, and thus notably objective. While
a single metric! may not always provide a holistic performance measure, a combination of multiple metrics can
provide a solid foundation for facilitating decision-making processes, rapid method prototyping, ablation studies,
benchmarking and, generally, the development of novel methodologies.

Image segmentation is a fundamental task in (bio)medical image analysis [4, 5] for which a plethora of valida-
tion metrics have been proposed. These include the well-established ones, such as the intersection over union (IoU),
Dice similarity coefficient (DSC), Hausdorff distance (HD) with its p-th percentile variants (HD,), mean average
surface distance (MASD) and average symmetric surface distance (ASSD), as well as the more recently proposed
ones, such as the normalized surface distance (NSD) [6] and boundary intersection over union (BloU) [7]. Given
the multitude of the proposed metrics, careful metric selection is essential to ensure that the reported segmenta-
tion performance aligns with clinical objectives. The importance of this step is illustrated by several guidelines for
metric selection proposed in the literature [1, 8, 9]. Once selected, metrics must be also correctly implemented, i.e.
their mathematical definitions must be faithfully translated into computational code. Incorrect implementations
can have significant ramifications, including flawed benchmarking, biased validation, distorted method development,
and compromised medical device commissioning [10, 11]. This concern is amplified in the modern landscape of rapid
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research dissemination, where results are often compared against previously reported studies rather than reimple-
mented baselines, under the implicit assumption that metric implementations are consistent and equivalent across
the community. Currently, there is no single standardized open-source library that encompasses all segmentation
metrics. Instead, countless in-house and several open-source tools are adopted in specific domains of (bio)medical
image analysis [1, 6, 8, 9, 12-18]. To date, the validity and consistency of these tools have not been systemat-
ically scrutinized. Our preliminary study revealed substantial discrepancies in HD implementations, resulting in
large deviations in metric values [19]. These findings underscore an acute problem that has yet to be adequately
addressed, and motivate a comprehensive analysis of implementation pitfalls and a forward-looking discussion of
potential solutions.

Related works

The closest relevant works to the topic of metric implementation pitfalls are metric selection guidelines [1, 8, 9, 20].
One of such early endeavors is the correlation analysis between different metrics by Taha and Hanbury [8] that
highlighted the importance of distance-based metrics, particularly HD, and proposed an efficient implementation of
HD [21]. A related investigation by Miiller et al. [9] identified several common pitfalls in the research community,
including incorrect metric implementation, although this pitfall was not systematically analyzed. They proposed
several guidelines, notably advocating for open access to evaluation scripts via open-source platforms?. The most
comprehensive effort to date on metric selection guidelines for various medical imaging tasks — including classifica-
tion, detection, and semantic/instance segmentation — was published by Maier-Hein et al. [1, 10]. This collaborative
consortium of medical imaging researchers identified key pitfalls in problem categorization, metric selection and
application [10], culminating in the release of the Metrics Reloaded guidelines [1]. Among the pitfalls, inadequate
metric implementation was noted, particularly inconsistencies in how segmentation boundaries are extracted, which
is a crucial computation step for all distance-based metrics. These variations across tools can affect metric values,
yet no specific guidance was provided for resolving such discrepancies.

Purpose and contributions

Given the central role of validation metrics in (bio)medical image analysis, the variability in distance-based metric
implementations represents a critical yet underexplored issue. To systematically assess how such inconsistencies affect
the validation process, we undertake a twofold analysis (Fig. 1). First, a conceptual analysis compares boundary
extraction methods, mathematical definitions and edge case handling to pinpoint the sources of variability. Second,
an empirical analysis evaluates differences in metric values and computational efficiency across tools on real clinical
datasets, quantifying the impact of implementation pitfalls. Our study focuses on distance-based metrics — including
HD, HD,, MASD, ASSD, NSD and BloU — which are widely used and share common computational principles.
This subset aligns with the one in the Metrics Reloaded guidelines [1], and provides a coherent framework for a
comprehensive assessment.

Methods

Open-source tools

We conducted a web search for open-source tools that provide distance-based metric computation with the following
inclusion criteria: (1) the tool implements at least one of the distance-based metrics (i.e. HD, HD,, MASD, ASSD,
NSD or BloU), (2) the tool supports two-dimensional (2D) as well as three-dimensional (3D) computations, and
(3) the tool has a command-line or Python interface.

Conceptual analysis

To contextualize the conceptual analysis, we first provide a brief overview of the distance-based metric computation
workflow, also illustrated in Fig. 1. Starting from a pair of segmentations, e.g. a reference and a prediction, the
process begins with extracting their respective boundaries. These boundaries are then used to compute two sets
of directed distances: from the reference to the prediction, and vice versa. Finally, a metric-specific aggregation
function (based on a mathematical definition) transforms these distance sets into a single scalar, i.e. the metric value.
According to our preliminary investigation [19], we identified three primary sources of variability in this workflow,
which represent the focus of this conceptual analysis: (1) boundary extraction algorithms, (2) variations in the
underlying mathematical definitions, and (3) edge case handling (i.e. metric value when one or both segmentations
are empty).

Empirical analysis

Building on the findings from the conceptual analysis, the empirical analysis seeks to quantify the impact of imple-
mentation pitfalls on both metric values and the computational efficiency of open-source tools. To account for both
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Fig. 1. A schematic depiction of the study design and the distance-based metric calculation workflow.

2D and 3D segmentation use cases, we conduct a comprehensive assessment using one publicly available dataset of
each type. For the 2D analysis, we selected the INbreast dataset [22], which includes high-resolution mammograms
from 115 cases with corresponding manual tumor segmentations. An additional set of segmentations was generated
using an in-house method, resulting in 80 pairs of 2D segmentation masks. For the 3D analysis, we used a subset of
the HaN-Seg dataset [23], comprising 30 computed tomography and magnetic resonance image pairs from the radio-
therapy planning workflow. Each image was paired with 3D segmentations of up to 30 organs-at-risk, independently
delineated by two clinical experts, yielding 1,559 pairs of 3D segmentation masks.

In contrast to counting-based metrics, distance-based metrics rely on spatial computations of distances, and
therefore require image elements to be defined in physical units, i.e. with a specified pixel size (d,, d,) in 2D or voxel
size (dg,d,,d,) in 3D. Proper handling of image element sizes is essential for correct metric implementations. To
assess this, we evaluate three 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 considered: (1) (1.0,1.0) mm, (2) (0.07,0.07) mm,
representing a common isotropic pixel size in mammography, and (3) (0.07,1.0) mm. For the 3D analysis, we used:
(1) (1.0,1.0,1.0) mm, (2) (2.0,2.0,2.0) mm, and (3) (0.5,0.5,2.0) mm — all of which represent voxel sizes typical of
radiotherapy workflows and thus reflect the evaluation settings commonly encountered in practice.

The empirical analysis involves loading the original segmentations at their native resolution, resampling them to
each of the three pixel/voxel sizes, and computing the distance-based metrics using all identified open-source tools.
For metrics requiring user-defined parameters, i.e. the percentile p for HD, and the boundary margin of error 7 for
NSD and BloU, we performed experiments with HD, — g5, NSD; — 9 mm and BloU = 2 ;mm, which are commonly used
parameter values [1].

Results

Open-source tools
The search resulted in the following 11 open-source tools (listed in alphabetical order):

e Anima — Initially proposed for the evaluation of multiple sclerosis lesion segmentation method [12].

e EvaluateSegmentation — Released by Taha and Hanbury concurrently with their metric selection guidelines [8].
e Google DeepMind — Introduced alongside the study that proposed NSD [6].

e MedPy — A general-purpose toolbox for medical image processing [13].

e Metrics Reloaded — Includes implementations of all metrics analyzed within Metrics Reloaded [1].

e MISeval — Released by Miiller et al. concurrently with their metric selection guidelines [9].

e MONAI — Widely recognized by the (bio)medical image analysis community and supported by NVIDIA [14].

e Plastimatch — Established for biomedical image registration and segmentation [15], utilized within SlicerRT, a
radiotherapy extension of the open-source software 3D Slicer [24].

e pymia — Developed for data handling and evaluation in (bio)medical image analysis [16].

e seg-metrics — Recently released for segmentation metric calculation [17].

o SimpleITK — Multi-dimensional image analysis based on Insight Toolkit (ITK) [18].

Table 1 presents detailed information about all open-source tools, including the programming language they are

implemented in and the set of distance-based metrics they support. Additionally, we provide information on the
versions and exact commit hashes of the repositories used for our experiments so as to ensure their reproducibility,



Table 1. Overview of 11 open-source tools analyzed in this study, indicating the supported distance-based metrics (names
are hyperlinked to corresponding publications, commit hashes are hyperlinked to publicly available code repositories). For
HD,, the checkmark (v') denotes the support of any percentile, whereas a specific number indicates the implementation of a
predefined percentile (e.g. 95-th).

Details Distance-based metrics
Open-source tool Commit hash Version Language HD HD, MASD ASSD NSD BloU
Anima [12] 1df7e44 4.2 C++ v vE vE
EvaluateSegmentation [§] 4cff08d N/A  C++ v 95 vP
Google DeepMind [6] 1£805ce 0.1 Python v v Ve Ve v
MedPy [13] d6abf41 0.5.2  Python v 95 v
Metrics Reloaded [1] cb38dfc 0.1.0 Python v v v v v v
MISeval [9] 22a659f 1.3.0  Python v
MONAT [14] d388dic 1.5.0 Python v v Ve v
Plastimatch [15] 785864a7  1.10.0 C++ e 95 e
pymia [16] 9afc15f 0.3.4  Python v v Ve v
seg-metrics [17] 9513586 1.2.8  Python v 95 Ve
SimpleITK [18] 2018b6b 2.5.2  Python v Ve

@ Anima: Metric name is ContourMeanDistance for MASD, and SurfaceDistance for ASSD. P EvaluateSegmentation: Metric name is ASD for
MASD. € GoogleDeepMind: Function compute_average surface.distance returns the two directed average distances and we take their mean
to obtain MASD, while function compute_surface_distances returns vectors of distances and corresponding boundary element sizes that
we use to calculate ASSD. 9MISeval: Function calc_SimpleHausdorffDistance only works for 2D, therefore we use the more general
calc_AverageHausdorffDistance to calculate HD both in 2D and 3D, which is the implementation of HD1go despite its name. © MONAI: We
use compute_average_surface._distance with argument symmetric set to True to calculate ASSD. fplastimatch: Metric name is Hausdorff
distance (boundary) for HD, Percent (0.95) Hausdorff distance (boundary) for HDgs, and Avg average Hausdorff distance (boundary) for
MASD. ®pymia: Metric name is AverageDistance for MASD. h seg-metrics: Metric name is msd for ASSD. 'SimpleITK: We use method
GetAverageHausdorffDistance of the HausdorffDistanceImageFilter class to calculate MASD.

which correspond to the latest updates for each tool available as of July 2025. The tools differ in various aspects, such
as their popularity within the community, inception date, maintenance level, programming language, customization
options, as well as naming conventions. Moreover, it has to be noted that their development trajectories are not
isolated but rather interconnected, with older tools influencing the design of newer ones. For more details, please
refer to Notes Al and A2 in Appendix.

Conceptual analysis

Boundary extraction A lack of standardization of the boundary extraction is one of the main pitfalls of distance-
based metric implementation [1, 10]. Fig. 2 shows these differences among the tools when probed with two example
segmentation masks. The most notable outliers are presented in Fig. 2e and 2f, which reveal the foreground- vs.
boundary-based calculation dilemma. Among the 11 open-source tools, EvaluateSegmentation and SimpleITK
are the only two that omit the boundary extraction step and calculate distances between all foreground elements
instead, using the pixel/voxel centers as query points. The authors of EvaluateSegmentation even proposed several
optimization strategies to improve the computational efficiency, such as excluding intersecting elements because their
distances are always zero® [21]. Plastimatch is the only tool that returns both foreground- and boundary-based
calculations, while other tools support boundary-based calculations only. Among these, the most frequently employed
boundary extraction method is utilized by Anima, MedPy, Metrics Reloaded, MISeval, MONAI and Plastimatch,
and involves morphological erosion using a square-connectivity structural element, while seg-metrics uses a full-
connectivity structural element. Conversely, Google DeepMind and pymia employ a strategy where the image grid is
shifted by half a pixel/voxel size. These two implementations are the only two that also calculate boundary element
sizes® and use them in metric calculation as noted in the analysis of the mathematical definitions.

Mathematical definitions In their straightforward application, all distance-based metrics compare two seg-
mentations A and B. All 11 open-source tools support solely calculation on segmentation masks Anq and By,
i.e. a grid-based calculation. For simplicity, we treat the segmentations as binary, however, all findings can be
generalized to multi-label segmentations. All distance-based metric implementations are based on two finite sets
Ap ={a1,a2,...,an} and Bp = {b1,ba,...,by}, with cardinalities N and M, respectively, which represent point
clouds derived from segmentation masks Axq and By (cf. Fig. 3, General definitions), and are used to compute
distances between these two segmentations. We give a brief historical account, describe the mathematical definition,
and present our findings on practical implementation separately for each metric (Fig. 3):

3EvaluateSeg111en‘r,ation computes distances solely for non-overlapping elements [21], while SimpleITK computes them for all foreground elements.
4The lengths of line segments in 2D and areas of surface elements in 3D.
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(a) Example segmentation masks Axq and Bag. (b) Anima, MetricsReloaded, MONAI, Plastimatch, MedPy, MISeval: The
boundary mask is generated by subtracting the eroded binary mask
(using a 3 X 3 square-connectivity structuring element) from the origi-
nal binary mask.
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(c) seg-metrics: The boundary mask is generated by subtracting the (d) GoogleDeepMind, pymia: Correlation between the segmentation mask

eroded binary mask (using a 3 x 3 full-connectivity structuring ele- and a 2 X 2 non-zero kernel is computed and thresholded to retain pos-

ment) from the original binary mask. itive elements smaller than the kernel sum, which shifts the image grid
by half a pixel size. Note that pymia uses this algorithm for HD, HD,
and NSD.

(e) EvaluateSegmentation: Distances are calculated solely for non- (f) SimpleITK, pymia: Distances are calculated for all foreground pixels
overlapping pixels without extracting the boundary. This tool is based without extracting the boundary. Note that pymia uses this algorithm
on a foreground-based calculation, but utilizes several optimization only for MASD.

tricks [21].

Fig. 2. Overview of the boundary extraction methods used by the 11 open-source tools. All methods are demonstrated using
2D examples, but can be seamlessly extended to 3D.

e HD=HD;g9 — Initially introduced by Felix Hausdorff in 1914 [25] and popularized by Huttenlocher et al. in
1993 [26], HD represents one of the earliest metrics for evaluating the spatial distance between objects and
quantifying the underlying dissimilarities. It is the only one that is mathematically well-defined even in the
discretized space because it reports the maximal distance of the maximum of each directed distance, i.e. from A
to B (Dap) and from B to A (Dpa). The implementation is consistent across all open-source tools, except for
MISeval, which does not account for the pixel/voxel size when computing the Euclidean distance transform but
assumes an isotropic grid of unit size.

e HD, — This metric was first defined by Huttenlocher et al. [26] as the maximum of both directed percentile
distances. Metrics Reloaded and MONAT calculate it by sorting a set of distances D p of cardinality N in ascending
order and selecting the value at position (p/100)-N (rounded to the nearest integer), yielding [Dag],, and vice
versa [Dpalp. On the other hand, Google DeepMind and pymia adopt a more general approach that accounts
for the size of boundary elements (i.e. do not assume that the query points are uniformly distributed across the
boundary). Other variations include the calculation of percentiles on the union of both directed sets of distances,
which is implemented by seg-metrics, MedPy and EvaluateSegmentation. All these tools calculate the maximal
value between the two directed percentile distances, while Plastimatch reports the average of the two instead.
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Fig. 3. Mathematical definitions of distance-based metrics as adopted by different open-source tools.

While EvaluateSegmentation incorporates optimization strategies for distance-based metrics [21], these can only
be applied to HD = HD; ¢ and do not generalize to HD,, therefore producing skewed, biased and non-deterministic
results due to distorted distance distributions.

MASD — Although the origin of this metric traces back to Sluimer et al. [27], its mathematical definition
varies across implementations. Most tools — EvaluateSegmentation, Metrics Reloaded, Plastimatch, pymia
and SimpleITK — compute the mean by summing the distances in each directed set, then dividing by the number
of query points in that set, and finally averaging the two directed results. In contrast, Anima reports the maxi-
mum of the two directed averages, while Google DeepMind employs a more sophisticated strategy by computing
a weighted average based on the boundary element size.

ASSD — Two primary approaches exist to compute this metric that was originally defined by Lamecker et al. [28].
Anima, MedPy, Metrics Reloaded, MONAI and seg-metrics calculate the mean by summing both sets of directed




distances and then dividing by the total number of distances across both sets. In contrast, Google DeepMind
employs a weighted averaging strategy by assigning weights based on the boundary element size across both
directed distance sets.

e NSD — Recently introduced by Nikolov et al. [6], this metric differs from the four established metrics discussed
above in that it is relative rather than absolute. NSD, also referred to as the surface Dice, measures the proportion
of overlap between the two segmentation boundaries, A and Bpg, within a user-defined margin of error 7. A
region A(BiT) is first defined both inward (—7) and outward (47) of boundary Ag, and NSD is then computed

as the ratio of Bg within AS[T), and vice versa, against the total size of both boundaries, represented by the
contour circumference in 2D and surface area in 3D. Although the authors of NSD explicitly highlighted the
importance of accounting for the boundary element size in accurate NSD computation [6], implementations vary
across tools. Metrics Reloaded and MONAI compute NSD by counting the number of distances below 7 and then
dividing this count by the total number of distances. In contrast, Google DeepMind and pymia perform weighting
of the computation by the boundary element size, then summing the sizes of elements with distances below 7,
and finally dividing by the total size of all boundary elements (i.e. circumference in 2D and surface area in 3D).

e BIoU — This relative metric was recently introduced by Cheng et al. [7], and is currently supported only by
Metrics Reloaded. Its main feature is that it increases the sensitivity to boundary segmentation errors compared
to conventional counting-based metrics such as IoU or DSC, which often saturate when large segmentations
exhibit substantial bulk overlap. A region AE,;T) is first defined only inward (—7) of Ap, and similarly a region

B;S_T) is defined for Bg. Then, BloU is computed by measuring the intersection of AE;T) and BZ(S_T) over their
union. It can be therefore viewed as a hybrid between counting- and distance-based metrics, concentrating on the
overlap of boundary regions rather than the whole segmentation mask. While the mathematical definitions remain
consistent, Metrics Reloaded performs calculations on a discretized grid, but with a flaw in its programming
code: the pixel/voxel size is not properly accounted for.

Edge case handling The results of probing the open-source tools with empty segmentations and the symmetry
checks are summarized in Table 2. Our analysis revealed that most tools return not a number (NalN), infinite values,
large integers or error messages under these edge cases. However, we observed inconsistencies in edge case handling
for Anima (all metrics), Google DeepMind (MASD), MISeval (HD), Plastimatch (DSC, HD and MASD), pymia
(NSD), and seg-metrics (HD and ASSD). Particularly misleading is the behaviour of MISeval, which returns
random positive decimal values (Rso) when exactly one segmentation is empty and zero when both are empty.
Additionally, all distance-based metrics analyzed in this study are symmetric, meaning the same value should be
obtained when the input segmentations are swapped. We found that this is violated solely in EvaluateSegmentation
for HDgs; and MASD due to non-deterministic calculations (Note A4 in Appendix).

Table 2. Edge case handling considering the input to open-source tools are two segmentations A and B. O1-O3 denote the
output of each tool when A is an empty mask (O1), B is empty mask (O2) or both A and B are empty masks (0O3), while
S denotes whether the resulting metric value remains unchanged when the inputs are swapped. Besides all distance-based
metrics, DSC is also included to provide a more comprehensive overview. fNote that although Google DeepMind provides all
necessary functions for its computation, it does not originally support ASSD, and we therefore omit the analysis of ASSD
edge case handling for this tool.

DSC HD MASD ASSD NSD BloU
Open-source tool 01 02 03 S 01 02 03 S O1 02 03 S O1 02 03 S O1 02 03 S O1 02 03 S
Anima [12] E* 0 E « E NaN E° v E NaN E* v/ E* NaN E /
EvaluateSegmentation[8] E E E v E E E X E E E
Google DeepMind [6] 0 0 NaN v o0 oo oo ¢ NaN NaN NaN v i 0 0 nNaWv
MedPy [13] 0 0 1 v E E E V E E E
Metrics Reloaded [1] o o 1" v wayar 0 v NaW'Na’ 0" v NaNa" O v 0 0 1" v 0 o0 1" v/
MISeval [9)] 0 0 1 v RyogRsg 0 v
MONAT [14] 0 0 1 v NeNNaN'NaW¥ v oo oo Na" v 0" 0" NaN' v
Plastimatch [15] 0 0 0 v oo 0" E v oo 0" E V
pymia [16] 0 0 1 v oo o o' v oo o ¥ v 0 0 -ootv
seg-metrics [17] oo 1" v 0 0 0 Vv 0 0 0 v
SimpleITK [18§] 0 0 o v/ E E E v E E E V

NaN: not a number, E: error message, E': empty string, no actual error message, W: additional warning message, co*: a very large integer, R~ :
a positive decimal number, v: yes, X: no
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Table 3. The differences (A) in the distance-based metrics for the 2D dataset, as obtained by each open-source tool against
the reference Google DeepMind implementation on 80 pairs of 2D segmentation masks, reported for two isotropic and one

anisotropic pixel size as the range min | max and mean + standard deviation (SD).

Pixel size

Open-source tool (1.0, 1.0) mm (0.07, 0.07) mm (0.07, 1.0) mm

A HD (mm) Min | Max Mean + SD Min | Max Mean + SD Min | Max Mean =+ SD
Anima -1.29]0.00 -0.02+£0.14 0.00|0.00 0.00£0.00 0.00|0.00 0.00£0.00
EvaluateSegmentation -1.29]0.00 -0.02£0.14 0.00/0.00 0.00£0.00 0.00|0.00 0.00£0.00
MedPy 0.00/0.00 0.00+0.00 0.00/0.00 0.00£0.00 0.00|0.00 0.00£0.00
Metrics Reloaded 0.00/0.00 0.00+0.00 0.00/0.00 0.00£0.00 0.00|0.00 0.00+0.00
MISeval -1.29]0.00 -0.02£0.14 44.6 2436 1138 £524 0.99] 1429 439 £ 333
MONAI 0.00/0.00 0.00£0.00 0.00/0.00 0.00£0.00 0.00|0.00 0.00£0.00
Plastimatch 0.00/0.00 0.00£0.00 0.00/0.00 0.00£0.00 0.00|0.00 0.00£0.00
pymia -1.29]0.00 -0.02+0.14 0.00/0.00 0.00£0.00 0.00|0.00 0.00£0.00
seg-metrics -0.52]0.00 -0.01 +£0.06 0.00/0.00 0.00£0.00 0.00|0.00 0.00 £0.00
SimpleITK -1.29]0.00 -0.02+0.14 0.00/0.00 0.00 £0.00 0.00|0.00 0.00 £0.00
A HDg5 (mm) Min | Max Mean + SD Min | Max Mean + SD Min | Max Mean + SD
EvaluateSegmentation -73.4]271 -1.45+14.4 -66.928.2 -0.37+£12.5 -67.3|34.0 -0.09+13.0
MedPy -116|0.55 -8.59£19.5 -38.6|-0.06 -3.09£6.99 -1170.85 -8.74+20.4
Metrics Reloaded -84.81.50 -2.83£12.0 -1.59|0.58 0.01 £0.22 -75.7]1.14 -3.34+11.8
MONAI -84.81.50 -2.83£12.0 -1.59|0.58 0.01 £0.22 -75.7]1.14 -3.34+11.8
Plastimatch -106 |0.00 -36.7£22.8 -90.7]-0.13 -36.0 £20.6 -100.0|/0.00 -37.44+224
pymia -118-0.33 -14.44+23.3 -117-0.21 -13.1£21.7 -117]-0.30 -13.0£21.5
seg-metrics -117]0.30 -10.4 +£20.7 -75.4]-0.02 -4.81+11.9 -1170.80 -8.77+20.4
A MASD (mm) Min | Max Mean + SD Min | Max Mean + SD Min | Max Mean + SD
Anima 0.01|64.8 12.14+12.0 0.03]60.2 14.94+12.7 -2.27|48.6 12.0+11.2
EvaluateSegmentation -18.4]13.7 -5.194+4.85 -54.2|11.9 -8.25+10.6 -20.2|7.65 -5.48 £5.73
Metrics Reloaded -7.63]3.78 -0.77+1.36 -0.43]1.88 0.06 £0.35 -8.09/4.84 -1.13+2.05
Plastimatch -7.63]3.78 -0.77+1.36 -0.43]1.88 0.06 £0.35 -8.09/4.84 -1.13+2.05
pymia -18.4|13.7 -5.19£4.85 -35.5]14.2 -6.48 £6.50 -20.0]16.4 -5.76 £5.35
SimpleITK -18.4|13.7 -5.19£4.85 -35.5]14.2 -6.48 £6.50 -20.0]16.4 -5.76 £5.35
A ASSD (mm) Min |Max  Mean=+ SD Min|Max  Mean=+ SD Min|Max  Mean+ SD
Anima -51.46.09 -11.4+14.4 -52.8]2.38 -11.24+15.2 -52.117.22 -12.24+15.2
MedPy -12.5|7.63 -1.34+2.21 -0.88|4.26 0.09+0.71 -15.2]10.4 -2.09+3.75
Metrics Reloaded -12.5|7.63 -1.34+2.21 -0.88|4.26 0.09+0.71 -15.2]10.4 -2.09+3.75
MONAI -12.5|7.63 -1.34+2.21 -0.88|4.26 0.09+0.71 -15.2]10.4 -2.09+3.75
seg-metrics -17.1]1.89 -2.57£3.00 -9.04]0.62 -0.46 £1.27 -14.2|8.53 -2.17£3.50
ANSD ;-2 mm (%pt) Min |[Max  Mean=+ SD Min |Max  Mean=+ SD Min |Max  Mean+ SD
Metrics Reloaded -8.36|11.1 1.10£2.88 -2.13|1.35 -0.06+0.57 -4.58|15.4 2.82+3.89
MONAI -8.36|11.1 1.10 £ 2.88 -2.13|/1.35 -0.06 £0.57 -4.58|15.4 2.82+3.89
pymia -10.2|45.9 18.44+11.4 -8.1451.6 19.24+11.8 -10.949.2 18.94+11.7
ABIoU r—2 mm (%pt) Min |Max  Mean 4+ SD Min|Max  Mean+ SD Min|Max  Mean+ SD
Metrics Reloaded -5.786.09 1.91+2.27 -64.7/0.00 -29.0+16.1 -18.7|8.31 -7.41+5.16

Empirical analysis

Metric value variability Directly comparing the raw metric values across implementations for each segmentation
pair is impractical due to substantial disparities in the results. Instead, we analyzed the deviations of open-source
tools by taking Google DeepMind as the reference implementation: A;; = m;; — mgpwm,:, where m;; is the metric
value of j-th open-source tool and mapw,; is the reference value of Google DeepMind when comparing values for i-th
pair of segmentations. We selected Google DeepMind as the reference because it exhibited no major mathematical



Table 4. The differences (A) in the distance-based metrics for the 3D dataset, as obtained by each open-source tool against
the reference Google DeepMind implementation on 1,559 pairs of 3D segmentation masks, reported for two isotropic and one

anisotropic voxel size as the range min | max and mean + standard deviation (SD).

Open-source tool

Voxel size

(1.0, 1.0, 1.0) mm

(2.0, 2.0, 2.0) mm

(0.5, 0.5, 2.0) mm

AHD (mm) Min |Max  Mean=+ SD Min|Max  Mean=+ SD Min|Max  Mean+ SD
Anima -6.16 | 0.65 -0.01£0.24 -5.62]1.73 0.01£0.27 -6.35]1.85 -0.01£0.27
EvaluateSegmentation -6.16 1 0.65 -0.01+0.24 -5.621.73 0.01 +£0.27 -6.35|1.85 -0.01+£0.27
MedPy -0.520.65 0.01£0.06 -0.72]1.73 0.03£0.15 -0.39]1.85 0.024+0.09
Metrics Reloaded -0.520.65 0.01£0.06 -0.72]1.73 0.03£0.15 -0.391.85 0.0240.09
MISeval -6.16|0.65 -0.01£0.24 -124-0.59 -5.09 £6.63 -12343.0 2.87+£7.06
MONAI -0.520.65 0.01£0.06 -0.72]1.73 0.03£0.15 -0.39]1.85 0.0240.09
Plastimatch -0.520.65 0.01£0.06 -0.72]1.73 0.03£0.16 -0.36]1.85 0.0240.09
pymia 0.00/0.00 0.00+0.00 0.00/0.00 0.00£0.00 0.00|0.00 0.00£0.00
seg-metrics -0.7319.57 0.04£0.35 -0.76]3.53 0.03+0.18 -0.60]2.24 0.02+0.11
SimpleITK -6.16|0.65 -0.01+0.24 -5.62]1.73 0.01+0.27 -6.35]1.85 -0.01+0.27
A HDgs5 (mm) Min |Max  Mean=+ SD Min|Max  Mean=+ SD Min|Max  Mean =+ SD
EvaluateSegmentation -0.13|17.1 2.96 £2.75 -0.25]16.5 2.86+2.84 0.00|16.4 2.97+2.74
MedPy -17.3|1.00 -0.67£1.61 -17.0]2.00 -0.50 £1.66 -16.2]2.00 -0.43£1.30
Metrics Reloaded -4.421.88 0.22+£0.28 -6.48]2.52 0.35£0.52 -4.5218.00 0.42£0.84
MONAI -4.421.88 0.22+£0.28 -6.48]2.52 0.35£0.52 -4.528.00 0.42£0.84
Plastimatch -115|1.00 -1.80£5.74 -1142.00 -1.65£5.71 -1112.20 -1.67£5.55
pymia 0.00/0.00 0.00+0.00 0.00/0.00 0.00£0.00 0.00|0.00 0.00 £0.00
seg-metrics -19.20.79 -1.06 +1.86 -17.0]2.00 -0.78 £1.82 -16.9]1.20 -0.73£1.54
A MASD (mm) Min|Max  Mean+ SD Min|Max  Mean+£ SD Min|Max  Mean £ SD
Anima -0.36 | 38.0 0.74£1.70 0.08]40.8 1.00+1.77 -0.08|32.6 0.86 £1.75
EvaluateSegmentation -2.6812.58 -0.42£0.43 -2.15|2.60 -0.11+0.49 -2.7414.37 -0.37£0.47
Metrics Reloaded -0.24|0.96 0.22+0.09 -0.98|1.81 0.41+£0.19 -2.23|1.89 0.24+0.27
Plastimatch -0.24|0.96 0.22+0.09 -0.981.81 0.41+£0.19 -2.23|1.89 0.24+0.27
pymia -2.682.58 -0.42+£0.43 -2.15]2.60 -0.11+0.49 -2.7413.01 -0.40£0.44
SimpleITK -2.682.58 -0.42+£0.43 -2.15]2.60 -0.11+0.49 -2.7413.01 -0.40£0.44
A ASSD (mm) Min |Max  Mean=+ SD Min|Max  Mean=+ SD Min|Max  Mean+ SD
Anima -22.8]0.65 -1.17£1.27 -22.6]2.16 -0.98 £1.22 -22.711.74 -1.07+1.26
MedPy -0.49|1.72 0.23+£0.10 -1.61|3.09 0.43£0.22 -4.4312.97 0.25£0.33
Metrics Reloaded -0.49|1.72 0.23£0.10 -1.613.09 0.43+0.22 -4.4312.97 0.25+0.33
MONAI -0.49|1.72 0.23+£0.10 -1.61|3.09 0.43£0.22 -4.4312.97 0.25£0.33
seg-metrics -1.800.86 0.01+0.16 -2.93|1.61 0.17+0.29 -3.97|1.95 0.08 £0.25
ANSD ;-2 mm (%pt) Min |[Max  Mean=+ SD Min |Max  Mean=+ SD Min |Max  Mean+ SD
Metrics Reloaded -16.6 | 2.56 -2.71£2.12 -37.513.77 -4.62+4.38 -19.2]7.00 -3.524+3.59
MONAI -16.6 | 2.56 -2.71£2.12 -37.5|3.77 -4.62+4.38 -19.2|7.00 -3.52£+3.59
pymia 0.00|0.00 0.00+0.00 0.00|0.00 0.00 £0.00 0.00|0.00 0.00£0.00
ABIoU r—2 mm (%pt) Min |Max  Mean 4+ SD Min|Max  Mean+ SD Min|Max  Mean+ SD
Metrics Reloaded -4.49|8.24 1.12+1.42 -8.32|38.5 15.3+9.60 -15.9|22.2 -0.56+5.15

or boundary extraction pitfalls in our conceptual analysis, and provides implementations for nearly all metrics.
Although ASSD and BIoU are originally not included, we implemented them using the functions available within
the Google DeepMind package.

The distance-based metrics can be divided into (1) absolute metrics (HD, HD,, MASD, ASSD), measured in
metric units (i.e. in our case in millimeters, mm), without an upper bound, with a lower value reflecting a greater
similarity between two segmentations, and (2) relative metrics (NSD, BIoU), bounded between 0 and 1, unitless,



with a higher value reflecting a greater similarity between two segmentations. In the context of this analysis, positive
A; ; values indicate an overestimation of the metric value (i.e. over-pessimistic for absolute and over-optimistic for
relative metrics), while negative A;; values indicate an underestimation of the metric value (i.e. over-optimistic
for absolute and over-pessimistic for relative metrics). Although both are undesirable, over-optimistic estimates
are particularly concerning, as they may lead to incorrect conclusions, especially when compared to metric values
reported in existing studies.

The quantitative results for the 2D and 3D datasets, stratified by the pixel/voxel size, are summarized in Tables 3
and 4. We report the minimum, maximum, mean and standard deviation of metric value deviations to estimate their
aggregated impact on realistic clinical segmentations. The analysis revealed notable differences across all metrics
and both datasets, except for HD, where deviations are relatively small for most tools. For non-unit pixel/voxel sizes,
MISeval exhibits the largest deviations due to ignoring the image element size. For the remaining tools, deviations
generally increase with non-unit image element sizes.

A more detailed analysis of the results is provided in Appendix. Respectively for the 2D and 3D dataset, Fig. Al
and A2 graphically illustrate the results from Tables 3 and 4, while Fig. A3 and Fig. A4 show statistical comparisons
of deviation distributions using a two-sided paired Wilcoxon signed-rank test with the Bonferroni correction. They
revealed significant differences between most tool pairs, except for HD, which exhibits a lower variability due to
its consistent mathematical definition and reduced sensitivity to boundary extraction, as it relies on a maximum-
value statistics. Additionally, Fig. A5 and Table A1 present the results for the 3D dataset, stratified by four organ
categories: small, midsize, large and tubular.

Computational efficiency While accuracy is the primary focus of metric evaluation, computational efficiency is
also critical, as it enables rapid prototyping, real-time feedback, and reduced computational costs. For its assessment,
we focused on HD as it is the only metric consistently supported across all open-source tools, and measured
execution times for HD computation on the 2D and 3D datasets using unit pixel/voxel sizes. As shown in Fig. 4,
the results revealed a substantial variability in median execution times, spanning two orders of magnitude. Overall,
Google DeepMind followed by MONAI emerged as the most, whereas MISeval as the least computationally efficient

implementation.
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Fig. 4. Comparison of the HD computational efficiency across all 11 open-source tools on 2D and 3D datasets, reported for
the pixel/voxel size of (1.0,1.0) mm and (1.0, 1.0,1.0) mm. The results on the 3D dataset are stratified by organ categories:
small, midsize, large and tubular (Fig. A5 in Appendix).
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Discussion

Boundary extraction

Our conceptual analysis revealed two main paradigms in the boundary extraction step: one that considers all fore-
ground elements as query points for distance computation, and another that uses only the boundary elements. A
simple thought experiment including two segmentations with substantial overlap neatly illustrates a key difference:
foreground-based calculations tend to yield lower HD,, MASD and ASSD values because overlapping regions pro-
duce zero distances, skewing the distribution toward smaller values and reducing sensitivity to boundary errors,
whereas boundary-based calculations do not suffer from the same effect. It is therefore not surprising that distance-
based metrics are often referred to as boundary-based, as nine of the 11 open-source tools adopt boundary-based
calculations.

Nevertheless, among those nine tools, three different boundary extraction methods are used (Fig. 2). This
variability most likely stems from the historical evolution of HD, originally defined for point clouds. Unlike point
clouds, segmentation masks are represented on fixed 2D /3D grids, raising the fundamental question: what precisely
defines the boundary of a segmentation mask? The most intuitive answer — the interface between foreground and
background elements — is challenging to be answered for the discretized grids. Most tools define the boundary as the
outer “peel” of foreground elements (Fig. 2b and 2¢). In contrast, Google DeepMind and pymia adopt an alternative
approach: they shift the grid by half a pixel/voxel size to position the boundary directly at the interface between
foreground and background elements (Fig. 2d). This seems to be the closest approximation of the interface between
the foreground and background that is achievable on the same-sized image grid.

Mathematical definitions

Two types of differences in mathematical definitions were observed: inconsistencies and adaptations to discretized
calculation. Inconsistencies were identified for HD, and MASD. For HD,, the “Hausdorflian” approach — adopted
by Metrics Reloaded, MONAI, Google DeepMind and pymia — computes the percentiles for each set of directed
distances and then takes their maximum. In contrast, seg-metrics, MedPy and EvaluateSegmentation aggre-
gate over all distances directly, which can introduce bias when the cardinality of one distance set greatly exceeds
the other. Furthermore, Plastimatch violates the fundamental property that HD equals HD, at the 100th per-
centile (HD =HD;¢p). For MASD, Anima deviates from other implementations by taking the maximum of the two
directed average distances instead of their mean. This divergence most likely stems from the absence of standardized
definitions and naming conventions (cf. note under Table 1).

The second type of differences arises from how analytical mathematical definitions are adapted to discretized
calculations on image grids. This particularly impacts the aggregation of directed distances, such as percentile or
average distance computations. Most implementations adopt a straightforward approach: they compute the p-th
percentile directly from the sorted set of distances or average by dividing the sum of distances by the cardinality
of the set, therefore implicitly assuming a uniform distribution of query points along the segmentation boundary.
In contrast, the authors of Google DeepMind [6] (and pymia, which inherits its code for HD, and NSD, but only for
3D) introduced a more sophisticated method. By recognizing that query points are in general unevenly distributed
across boundaries (Fig.2), they argue that naive aggregation can produce biased estimates. To address this, they
assign each query point a corresponding boundary element size (i.e. a segment length in 2D or a surface area in
3D), and perform a weighted aggregation of percentiles and averages (Fig. 3). This weighting is computed using an
approximation of the marching cubes algorithm on discretized grids — while not exact, it provides a substantially
improved estimate of boundary contributions. Empirically, this effect is most pronounced on anisotropic grids (cf.
HDygs for (0.5,0.5,2.0) mm in Table4).

Edge case handling

Scenarios where one or both segmentations are empty can, in principle, be handled outside the metric implemen-
tation; however, open-source tools should ensure consistent and predictable outputs. The most mathematically
consistent convention is to return comm for absolute metrics and 0% for relative metrics when only one segmenta-
tion is empty, and respectively 0 mm and 100% when both segmentations are empty [1]. Providing clear warnings
or informative messages can further aid in preventing misinterpretations in downstream analyses. Our analysis
(Table 2) revealed widespread ambiguities in handling such edge cases, along with notable inconsistencies across the
open-source tools. This is a critical issue that developers must address and end-users need to understand, as they
ultimately bear responsibility for ensuring the validity of the reported results. For instance, when absolute metrics
are undefined (i.e. one segmentation is empty), a common workaround involves replacing co with either the maxi-
mum distance observed in the segmentation masks or a predefined penalizing factor to allow numerical analysis to
proceed (Note A3 in Appendix). For an in-depth discussion of this issue, we refer readers to the Metrics Reloaded
guidelines [1].
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Metric value variability

The mean deviations for HD are near zero across most tools® (Tables 3 and 4), reflecting a broad agreement on its
mathematical definition and its insensitivity to boundary extraction due to maximum-value aggregation. In contrast,
other metrics exhibit considerable minimum and maximum deviations, and non-negligible mean differences (cf. the
large spread of deviations in Figs. A1l and A2 in Appendix). This is further substantiated by the statistical analysis
(Figs. A3 and A4 in Appendix), which reveals a concerning observation: for the exactly same set of segmentations,
users may achieve statistically significant improvements in reported metric values simply by choosing a particular
open-source tool. For large and tubular segmentations (Table Al in Appendix), Plastimatch produced extreme
outliers of up to —115mm due to averaging the two directed percentiles instead of taking their maximum, leading
to overly optimistic results. Similarly, MedPy and seg-metrics showed over-optimistic performance by computing
percentiles on the union of distance sets (Fig. 3), which generally lowers metric values when combined with their
boundary extraction methods. Conversely, EvaluateSegmentation, despite using the same aggregation approach,
applies a boundary extraction method that biases the distribution toward larger distances, yielding overly pessimistic
results. While MONAI and Metrics Reloaded appear highly accurate for isotropic grids, they exhibit outliers and
reduced performance for anisotropic grids, attributable to the mathematical differences discussed earlier. This is
perhaps best illustrated by the substantial deviations observed for NSD, ranging from —10.9 to 51.6%pt and —37.5
to 7.0%pt for 2D and 3D datasets, respectively. Interestingly, MASD and ASSD exhibit lower mean deviations across
tools, as averaging over large distance sets dampens implementation variability. However, even modest average
improvements of 0.3 mm in MASD or ASSD are often regarded as meaningful in segmentation studies. Moreover,
the observed deviation ranges (Min | Max) remain substantial, underscoring that virtually all distance-based metrics
are vulnerable to implementation pitfalls. Notably, as BloU is a recently proposed metric, it is currently supported
only by Metrics Reloaded, which produces valid results solely for isotropic grids of unit size due to a flaw in its
code (Note A4 in Appendix). This also underscores how critical it is for users to correctly specify the pixel/voxel
size in metric computation pipelines, as neglecting this step can lead to errors of considerable magnitude.

Computational efficiency

Although accurate measurement should remain the top priority, computational efficiency is a practical consideration
when selecting an open-source tool. We observed considerable differences in median execution times across all open-
source tools (Fig. 4), with Google DeepMind and MONAI being the most, and MISeval, MedPy and Metrics Reloaded
the least computationally efficient tools. For the details on optimization strategies, please refer to Note A5 in
Appendix.

Limitations and future work

This study focuses exclusively on distance-based metrics for evaluating image segmentation. While other metric
categories exist, such as counting-based metrics (e.g. DSC), their implementation on image grids is considerably
less challenging. Indeed, although not reported, we also compared DSC values across all 11 open-source tools and
observed no discrepancies apart from negligible numerical differences at low decimal places. Several additional
distance-based metrics exist, but we deliberately focused on the subset included in the Metrics Reloaded guide-
lines [1], and adopted their naming conventions to promote consistency and support unification efforts in the field
of validation metrics. Although a systematic investigation of other metric groups — including those beyond the seg-
mentation domain — would undoubtedly benefit the community, we leave this to future work, prioritizing here a
concise yet representative analysis of distance-based metrics.

The scope of this study is further limited to identifying and characterizing implementation pitfalls in existing
open-source tools, which inherently confines our analysis to grid-based implementations. However, as suggested in
our preliminary work [19], grid-based computations may not be ideal due to inherent discretization effects, such as
the quantized distance effect: a finite set of possible distance values exists and is determined by the pixel/voxel size
and the arrangement of query points on the grid [6]. This effect is particularly pronounced when the pixel/voxel
size and the NSD/BloU margin parameter 7 are of similar magnitude. Computing metrics in the mesh domain may
alleviate such limitations and improve accuracy, however, to maintain a focused scope, the development of such
tools is left for future work.

Conclusions

We would like to first acknowledge the authors of the 11 open-source tools [1, 6, 8, 9, 12-18] for their valuable
contributions. Despite the identified implementation pitfalls, open-source tools are the backbone of modern research
and development, as they provide a more transparent and reproducible approach to method validation compared to
closed-source, in-house solutions — which may suffer from even more severe pitfalls, but remain out of reach of the
community. Accordingly, the outcomes of this study should not be seen as a criticism but rather as a constructive
step towards improving the implementation and use of validation metrics. Building on our conceptual and empirical
analyses, we propose the following recommendations for distance-based metric computation:

5Except for MISeval, which does not account for pixel/voxel size (Fig. 3).
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e Consult metric selection guidelines, such as Metrics Reloaded [1], to identify representative metrics for the specific
application.

e Use an open-source tool for metric calculation, and explicitly report its name and version to ensure reproducibility.

e Be mindful of edge cases — do not rely solely on tool outputs. Use external checks to assign appropriate values
when segmentations are empty.

e Pay attention to the correct usage of units of measurement and pixel/voxel sizes.

e For calculation on image grids, use Google DeepMind for HD, HD,, MASD and ASSD due to its superior perfor-
mance on both isotropic and anisotropic grids in comparison to other open-source tools, and exercise caution for
NSD and BlIoU due to implementation discrepancies. For applications requiring highly accurate distance-based
metrics, particularly in the presence of discretization effects, consider mesh-based calculations.

We hope that this breakdown of implementation pitfalls will raise community awareness and deepen the under-
standing of the computational principles underlying distance-based metrics. Our findings underscore the need for
a more careful interpretation of segmentation results in both existing and future studies. Given the observed dis-
crepancies, studies that relied on the 11 open-source tools, particularly the ones with major inconsistencies, may
warrant re-evaluation for implementation errors. Looking ahead, we are optimistic that the identified pitfalls can be
addressed in future updates and that novel tools for distance-based metric calculation can provide a robust solution
to many of these challenges.

Research data

The existing open-source tools for distance-based metric computation are publicly available through their corre-
sponding repositories provided in Table 1. The datasets used in this study are publicly available under Creative
Commons licenses as part of the INbreast dataset (https://www.kaggle.com/datasets/tommyngx/inbreast2012;
CC BY-NC 4.0) [22] and HaN-Seg dataset (https://doi.org/10.5281/zenodo.7442914) [23]; CC-NC-ND 4.0).
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Appendix
Note Al. Metric nomenclature

As observed from the remarks in Table 1, there is a considerable ambiguity surrounding the MASD and ASSD
nomenclature. While we adopt the nomenclature from the Metrics Reloaded guidelines [1], it is important to acknowl-
edge that various names are used for the same or similar metrics throughout the literature. To accommodate this,
we took an inclusive approach, incorporating metrics from open-source tools with different naming conventions,
as long as there was a strong resemblance in their mathematical definitions or a possibility that a less experi-
enced user may confuse them with MASD or ASSD. For example, MASD is often referred to simply as ASD by
EvaluateSegmentation or average HD by Plastimatch and SimpleITK. It is worth noting that average HD is
inconsistently defined in the literature — definitions using both the maximum [8, 9] and mean [29] of the directed
average distances exist, sometimes even from the same authors. Some tools adopt a less common nomenclature, such
as ContourMeanDistance and SurfaceDistance used by Anima that we compare to MASD and ASSD, respectively.
Additionally, MONAT provides a function to compute ASSD with argument symmetric, which, when set to False by
default, returns the average directed distance that should not be confused with MASD. The remaining user options
that some tools provide, such as the boundary extraction method in MONAI, were left at their default settings, with
the exception of the pixel/voxel size, which was explicitly specified.

Note A2. Similarities among open-source tools

There are notable similarities between two pairs of open-source tools: Metrics Reloaded and MONAI, as well as
Google DeepMind and pymia. While Metrics Reloaded and MONAI share the underlying calculation principles,
Metrics Reloaded offers a more comprehensive set of metrics. Although Metrics Reloaded is hosted within the
Project MONAI GitHub repository [14], both were developed independently without shared high-level code, and
are therefore treated as distinct tools. On the other hand, pymia directly adapts, with appropriate attribution, the
implementations of HD, HD, and NSD from Google DeepMind. For MASD, however, it uses the average HD imple-
mentation from SimpleITK. Notably, pymia includes copied code snippets from Google DeepMind rather than using
it as a dependency, meaning that updates to Google DeepMind are not reflected in pymia. Additionally, their 2D
implementations of HD, HD, and NSD differ in boundary extraction methods, further justifying their treatment as
distinct tools.

Note A3. Edge case handling

Special attention must be given to aggregating results (i.e. in the form of tables or graphical presentations) in
the presence of edge cases occupying NaN and infinite values. Simply plotting these values using tools like Seaborn
bozplot (Seaborn is a Python data visualization library) can lead to incorrect visualizations, as these values are
ignored by default. Furthermore, if such edge cases exist, this suggests that the investigation may benefit from
splitting the evaluation into the detection and segmentation part, ensuring objectivity and facilitating comparison
to other studies. In some cases, the missing values still need to be replaced — in line with the Metrics Reloaded
guidelines [1], we suggest replacing infinite values with the largest distance in the image (e.g. the diagonal) or the
maximum distance computed across all evaluations, and documenting this decision.

Note A4. Implementation flaws

Our analysis revealed several implementation flaws in the code of some open-source tools. EvaluateSegmentation
employs optimization strategies [21] for HD that are incorrectly applied to HD, and MASD, leading to skewed
distance distributions that produce non-deterministic results. MISeval ignores the pixel/voxel size when calculating
distances between query points, therefore performing relatively accurately only for the isotropic grid of unit size,
and Metrics Reloaded exhibits a similar issue for BloU.

Note A5. Computational efficiency

When observing the computational efficiency across different pixel/voxel sizes, the median execution time per case
is the lowest for the small and midsize segmentations, which is expected because of the lower number of query
points needed for distance calculation. Across different open-source tools, Google DeepMind was identified as the
most computationally efficient, followed by MONAI and pymia. In comparison, solid median execution times can
be observed for Plastimatch and SimpleITK, while Anima, EvaluateSegmentation, MedPy, Metrics Reloaded,
MISeval and seg-metrics are the least computationally efficient. The substantial accelerated computation times
of Google DeepMind, MONAI, Plastimatch and pymia can be mostly attributed to the fact that they apply cropping
to the bounding box before proceeding with boundary extraction and distance calculation. Given the fact that
HD, HD,, MASD, ASSD and NSD all rely on the same two sets of directed distances, substantial optimization
can be achieved by a simultaneous computation of multiple metrics. Indeed, Google DeepMind, Metrics Reloaded,
Plastimatch, pymia, seg-metrics and SimpleITK calculate the required distances only once and reuse them for
computation of multiple metrics, while Anima, EvaluateSegmentation, MedPy, MISeval and MONAI recalculate the
same distances for each individual metric.
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Fig. Al. The differences (A) in the distance-based metrics on the 2D dataset, as obtained by each open-source tool against
the reference Google DeepMind implementation on 80 pairs of 2D segmentation masks, reported for two isotropic and one
anisotropic pixel size in the form of box-plots. Note that a linear scale is applied for values within the interval [—1,1] and a
symmetric logarithmic scale for values outside this interval to better visualize both smaller and larger differences.
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OAR labels — A_Carotid_L: left carotid artery, A_Carotid R: right carotid artery, Arytenoid: arytenoids, Bone Mandible: mandible, Brainstem: brain-
stem, BuccalMucosa: buccal mucosa, Cavity_Oral: oral cavity, Cochlea_L: left cochlea, Cochlea R: right cochlea, Cricopharyngeus: cricopharyngeal
inlet, Esophagus_S: cervical esophagus, Eye_AL: anterior segment of the left eyeball, Eye_AR: anterior segment of the right eyeball, Eye_PL: posterior
segment of the left eyeball, Eye_PR: posterior segment of the right eyeball, Glnd_Lacrimal_L: left lacrimal gland, Glnd_Lacrimal_R: right lacrimal
gland, G1lnd_Submand_L: left submandibular gland, G1nd-Submand-R: right submandibular gland, Glnd_-Thyroid: thyroid gland, Glottis: glottic larynx,
Larynx_SG: supraglottic larynx, Lips: lips, Musc_Constrict: pharyngeal constrictor muscles, OpticChiasm: optic chiasm, OpticNrv_L: left optic nerve,
OpticNrv_R: right optic nerve, Parotid.L: left parotid gland, Parotid R: right parotid gland, Pituitary: pituitary gland, SpinalCord: spinal cord.

Fig. A5. The complete collection of 30 organs-at risk (OARs) in the head and neck region of the HaN-Seg dataset [23, 30] that
were used for distance-based metric computation within our experiment on real-world data, i.e. the 3D dataset, with their
volumes V shown in the form of box-plots. According to their median volume V, OARs with V < 10°> mm? were categorized
as small, OARs with 10° <V < 10* mm?® were categorized as midsize, and OARs with V >10* mm? were categorized as large.
The left and right carotid arteries (A-Carotid L and A_Carotid.R) were further categorized as tubular, as such vessel-like
structures often exhibit anomalies for specific metric values. The results of a detailed quantitative analysis of distance-based
metrics computation are for different OAR categories presented in Table Al.
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Table A1l. The differences (A) in the distance-based metrics on the 3D dataset, as computed by each open-source tool against
the reference Google DeepMind implementation on 1,559 pairs of 3D segmentation masks, aggregated across all voxel sizes
but stratified according to the organ-at-risk (OAR) category into small, midsize, large and tubular (Fig. A5), and reported
as the range min | max and mean =+ standard deviation (SD).

OAR category

Open-source tool Small Midsize Large Tubular

A HD (mm) Min | Max  Mean+SD Min | Max  Mean+SD Min | Max Mean+SD Min | Max  Mean+SD

Anima -0.00|0.85 0.01+0.05 -2.25[1.53 0.01+0.20 -6.35|1.73 -0.0240.40 -0.11]1.85 0.024+0.14

EvaluateSegmentation -0.00|0.85 0.01+0.05 -2.25[1.53  0.01£0.20 -6.35|1.73 -0.0240.40 -0.11]1.85 0.024+0.14

MedPy 0.00|0.85 0.0140.05 -0.54|1.53 0.03+0.13 -0.72|1.73 0.03+0.13 0.00|1.85 0.024+0.14

Metrics Reloaded 0.00/0.85 0.01+£0.05 -0.54|1.53 0.03+0.13 -0.72|1.73 0.03+£0.13 0.00|1.85 0.024+0.14

MISeval -15.8]21.6 0.08 +3.61 -16.7|14.7 -0.78 £ 3.06 -124|43.0 -1.19+9.44 -47.0]15.4 -2.32+7.86
MONAI -0.00|/0.85 0.01+0.05 -0.54]1.53 0.03+0.13 -0.72|1.73 0.03+0.13 -0.00|1.85 0.02+0.14

Plastimatch -0.00|0.85 0.01+0.05 -0.54]1.53 0.03+0.13 -0.72|1.73 0.03+0.13 -0.00|1.85 0.02+0.14

pymia 0.00|0.00 0.00+0.00 0.00]0.00 0.00+0.00 0.00|0.00 0.00+0.00 0.00]0.00 0.00+0.00
seg-metrics -0.00/0.85 0.0140.05 -0.61[2.22 0.03£0.18 -0.76]9.57 0.05+0.36 -0.11]1.85 0.024+0.14

SimpleITK 0.00/0.85 0.01+£0.05 -2.25|1.53 0.01+£0.20 -6.35|1.73 -0.0240.40 -0.11]1.85 0.024+0.14

A HDgs (mm) Min | Max  Mean+SD Min | Max  Mean+SD Min | Max Mean+SD Min | Max  Mean+SD

EvaluateSegmentation -0.00|5.21 1.13+0.87 -0.25[6.44 1.74+1.16 -0.13|17.1  4.814+2.80 0.00|15.2 6.49+3.37

MedPy -7.68]1.85 -0.15+0.65 -3.37/0.83 -0.17+0.50 -16.2]2.00 -0.87+1.90 -17.3]1.71 -1.93+2.98
Metrics Reloaded -2.00[1.94 0.24+£0.36 -0.64|3.74 0.26+0.39 -4.52|8.00 0.42+0.76 -6.484.42 0.504+0.95

MONAI -2.00|1.94 0.24+£0.36 -0.64|3.74 0.26 £0.39 -4.52(8.00 0.42+0.76 -6.484.42 0.504+0.95

Plastimatch -8.37]11.00 -0.94+1.29 -13.7/0.97 -1.09+1.91 -115|2.00 -2.62+8.85 -42.612.20 -3.09+6.71
pymia 0.00|0.00 0.00+0.00 0.00]0.00 0.00+ 0.00 0.00/0.00 0.00+0.00 0.00|0.00 0.00+0.00
seg-metrics -8.66]1.85 -0.28+0.75 -4.0010.83 -0.50+0.75 -14.5]2.00 -1.334+2.08 -19.2]1.16 -2.47+3.37
A MASD (mm) Min | Max Mean+SD Min | Max  Mean+SD Min | Max Mean+SD Min | Max Mean+SD

Anima -0.06|5.28 0.72+0.60 -0.36|5.88 0.70£0.78 -0.05[40.8 1.10+2.67 0.08|17.2 1.01+2.07

EvaluateSegmentation -1.15]4.37  0.0340.40 -1.61]1.22 -0.34+0.28 -2.4413.01 -0.6240.47 -2.74|1.54 -0.16 +0.38
Metrics Reloaded -0.32|1.51 0.274+0.24 -0.23[1.29 0.29+0.18 -2.23/1.89 0.31+0.22 -0.98]1.74 0.284+0.20

Plastimatch -0.32|1.51 0.274+0.24 -0.23|1.30 0.29+0.18 -2.23/1.89 0.31+0.22 -0.98]1.74 0.284+0.20

pymia -1.17|1.51 0.01+£0.37 -1.64|1.22 -0.344+0.28 -2.4413.01 -0.63+£0.48 -2.74|1.54 -0.16 £0.38
SimpleITK -1.17|1.51 0.01+£0.37 -1.64|1.22 -0.34+0.28 -2.4413.01 -0.63+£0.48 -2.74|1.54 -0.16 £0.38
A ASSD (mm) Min | Max  Mean+SD Min | Max  Mean+SD Min | Max  Mean£SD Min | Max  Mean+SD

Anima -7.07/0.49 -0.86+0.85 -5.42]0.10 -0.89+0.75 -13.3]2.16 -1.37+1.21 -22.8(-0.13 -1.314+2.92
MedPy -0.24|1.69 0.30£0.25 -0.22|1.86 0.30+£0.19 -4.4313.09 0.3240.29 -1.61[2.97 0.294+0.30

Metrics Reloaded -0.2411.69 0.30+0.25 -0.22|1.86 0.30+£0.19 -4.4313.09 0.32+0.29 -1.61|2.97 0.29+£0.30

MONAI -0.24(1.69 0.30+0.25 -0.22|1.86 0.30£0.19 -4.43|3.09 0.3240.29 -1.61(2.97 0.29+0.30

seg-metrics -0.35]1.61 0.18+0.28 -0.54]1.51 0.06+0.17 -3.97/1.95 0.02+0.23 -2.93]1.48 0.05+0.29
ANSD ;—2mm (%pt) Min | Max Mean+SD Min|Max Mean+SD Min | Max Mean+SD Min | Max Mean+SD

Metrics Reloaded -37.5|5.41 -4.34+4.67 -20.6|5.50 -3.18 £2.84 -16.5[7.00 -3.60+2.81 -13.713.77 -1.82+1.76
MONAI -37.5]5.41 -4.34+4.67 -20.6|5.50 -3.18 £2.84 -16.5|7.00 -3.60+2.81 -13.713.77 -1.82+1.76
pymia 0.00|0.00 0.00+0.00 0.00/0.00 0.00+ 0.00 0.00/0.00 0.00+0.00 0.00]0.00 0.00+0.00
A BIoU ;—2 mm (%pt) Min|Max Mean+SD Min | Max Mean+SD Min | Max Mean+SD Min | Max Mean+SD

Metrics Reloaded -11.2|31.5 2.96+5.66 -12.1|38.5 7.25+10.7 -15.9(35.1 6.81+11.2 -12.2]20.8 2.47+8.40
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