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Abstract. All medical image segmentation algorithms need to be validated and compared, yet no evaluation
framework is widely accepted within the imaging community. None of the evaluation metrics that are popular in
the literature are consistent in the way they rank segmentation results: they tend to be sensitive to one or another
type of segmentation error (size, location, and shape) but no single metric covers all error types. We introduce a
family of metrics, with hybrid characteristics. These metrics quantify the similarity or difference of segmented
regions by considering their average overlap in fixed-size neighborhoods of points on the boundaries of those
regions. Our metrics are more sensitive to combinations of segmentation error types than other metrics in the
existing literature. We compare the metric performance on collections of segmentation results sourced from
carefully compiled two-dimensional synthetic data and three-dimensional medical images. We show that our
metrics: (1) penalize errors successfully, especially those around region boundaries; (2) give a low similarity
score when existing metrics disagree, thus avoiding overly inflated scores; and (3) score segmentation results
over a wider range of values. We analyze a representative metric from this family and the effect of its free param-
eter on error sensitivity and running time. © 2018 Society of Photo-Optical Instrumentation Engineers (SPIE) [DOI: 10.1117/1.JMI.5.1

.015006]
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1 Introduction
It is often necessary to evaluate the results of image segmenta-
tion (and, indeed, compare contours in general) in an established
systematic way. Despite attempts by several authors to classify
and analyze methods for evaluating medical image segmen-
tation, this field still lacks a widely accepted evaluation
framework.

We propose a new family of boundary overlap metrics which
detect and measure a wider range of segmentation errors than are
detected by most existing metrics. Throughout this paper we use
the term “metric” to refer to an evaluation measure of a segmen-
tation result. Strictly speaking, a metric should be symmetric
with respect to its operands, whereas some of the discussed
similarity or difference criteria listed below are asymmetric.
Existing literature uses both “measure” and “metric” inter-
changeably,1–3 but metric is intuitive to a wider audience.
Our proposed metrics combine features of both overlap-based
metrics and boundary-distance-based metrics in order to assess
the similarity or difference of two regions: they do this by ana-
lyzing the overlap in boundary neighborhoods. The metrics,
therefore, assess the percentage of boundary match between
the expected correct shape and the segmentation result.

Empirical discrepancy methods (as per Zhang’s classifica-
tion4) compare segmented images to ground truth by exploring
the similarity or difference of the labeled regions. The term
“ground truth” describes the reference regions against which
segmentations are compared. These reference regions are either
generated synthetically or are produced manually by trained
human operators. For our synthetic data, the ground truth

consists of two-dimensional (2-D) black and white images.
For medical data, it is a mask that has been hand-drawn onto
2-D or three-dimensional (3-D) medical scan images. Each met-
ric outputs a score that measures the similarity or difference
between the given ground truth and a segmented region. The
term “machine segmentation” refers to results obtained auto-
matically, semiautomatically, or even manually.

We consider three common classes of such metrics: overlap-,
size-, and boundary-distance-based, and examine the most fre-
quently used members of these classes. These metrics are only
sensitive to limited, mostly separate, ranges of segmentation
errors; they produce contradictory scores and rankings.
Heimann et al.5 proposed a framework for combining results
from several metrics to produce a single score. Nevertheless,
this remains an open question. More recent reports comparing
segmentation algorithms avoid this by using one metric as the
main indicator of segmentation quality6 or by averaging rank-
ings of algorithms obtained with different metrics.7

An ideal metric should

a. be able to flag even minute differences between
any machine segmentation and its corresponding
ground truth,

b. be able to flag different types of segmentation errors
(size, location, and shape),

c. spread its scores over much of its domain (say
between 0% and 100%),

d. be usable as a ranking tool for different segmentation
algorithms.
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We first construct a dataset of 52 synthetic images to sim-
ulate segmentation results with varying deviations from a
chosen ground truth. We measure these images with a
range of evaluation metrics (including our own) and reveal

how well these correlate with specific segmentation errors.
We subsequently compare the performance of the same met-
rics on real 3-D scan images, using automatically segmented
medical images8 and hand-drawn ground truth masks. These

Fig. 1 (1) Overlap-based: DSC and SVD; JSC and VOE; TPVF, TNVF, FPVF, and FNVF; precision and
recall. (2) Size-based: RVD. (3) Boundary-distance-based: HD and ASSD. (4) Our new metric: SBD; its
directional variants: DBDG and DBDM .
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experimental results show that our metrics fulfill the above
goals.

Based on the results illustrated, we propose a new metric
from the boundary overlap family which can be used systemati-
cally in assessing the results of segmentation, alongside existing
metrics. In the future, our metric family can substitute effec-
tively a number of existing metrics or can be adopted as a single
general way of evaluation.

2 Existing Evaluation Methods
Because there is no agreed upon framework for evaluating the
results of segmentation, authors choose their own metrics. In
many cases, a metric is chosen because it was used in a prior
reference paper with which a newly designed method is
being compared. While this enables direct comparison, it also
generates a vicious circle which perpetuates the use of less
than ideal metrics. Based on our own literature survey,9 although
new evaluation methods have been proposed,10 the most popular
methods in use in the segmentation literature are still metrics
with simple definitions and/or simple descriptions. Their defi-
nitions are presented in Fig. 1.

2.1 Overlap-Based Methods

2.1.1 Dice similarity coefficient and symmetric volume
difference

Originally introduced by Dice11 for ecological studies, the Dice
similarity coefficient (DSC) (also known as F1 score) is one of
the evaluation metrics most frequently used in medical image
segmentation.12–14 Symmetric volume difference (SVD) is a
Dice-based error metric which gives the symmetric difference
of the segmentation result and the reference shape.15,16 The
term symmetric volume overlap is introduced by Campadelli
et al.17 for SVO ¼ 1 − SVD, and is essentially the same as
Dice, and used as their main metric.

2.1.2 Jaccard similarity coefficient and volumetric overlap
error

The Jaccard similarity coefficient (JSC), used by Liu et al.18

(presented as similarity ratio), is defined as the intersection
between the machine segmentation and the ground truth regions
over their union. It is related to DSC, as shown in Fig. 1.
Volumetric overlap error (VOE) is the corresponding error
metric.19,20

2.1.3 Volume fractions

Four metrics—true positive (TPVF), true negative (TNVF),
false positive (FPVF), and false negative (FNVF) volume frac-
tions—are borrowed from statistical decision theory metrics
(sensitivity and specificity).2 Only two of the proposed metrics
should be used together (e.g., TPVF and FPVF, but not TPVF
and FNVF) because of the dependence relationships. Some
authors18,19 give an alternative definition for FPVF by normal-
izing the number of false-positive voxels over the ground truth
rather than the rest of the image. The TPVF–TNVF pair is used
by some authors,21–23 while others20,24,25 compute the TPVF–
FPVF pair.

2.1.4 Precision and recall

Precision normalizes the volume of the correctly segmented
region over the volume of the result of the segmentation.
Recall (same as TPVF) normalizes the size of the correctly seg-
mented region over the ground truth. Precision does not account
for undersegmentation errors, while oversegmentation is not
reflected in recall. This pair is used in Refs. 13 and 26. It is
also used extensively in computer vision.

2.2 Size-Based Methods

2.2.1 Relative volume difference

Relative volume difference (RVD) measures the absolute size
difference of the regions, as a fraction of the size of the refer-
ence. The metric is sometimes also called relative absolute
volume difference. It is used commonly alongside other
metrics.5,12,19,20,27,28

2.3 Boundary-Distance-Based Methods

A distance metric for a voxel x from a set of voxels A is defined
as: dðx; AÞ ¼ miny∈A dðx; yÞ, where dðx; yÞ is the Euclidean dis-
tance between individual voxels incorporating the real spatial
resolution of the image. A number of metrics are based on
this definition of distance and quantify the dissimilarity (mea-
sured in absolute length, such as millimeters) of the machine
segmentation from the ground truth.

2.3.1 Hausdorff distance

Let the directed distance between two sets of points be defined
as the maximum distance from a point in the first set to a nearest
point in the other one.29 The symmetric Hausdorff metric for the
boundaries of the segmented regions, also referred to as maxi-
mum symmetric surface distance,5 is the maximum of the two
directed distances between the boundaries of the segmented
regions. For each voxel on the boundary of machine segmenta-
tion, there is guaranteed to be a voxel of the ground truth boun-
dary in a distance of at most Hausdorff distance (HD), and vice
versa.18–20,30

2.3.2 Average symmetric surface distance

The average symmetric surface distance (ASSD) is the average
of all the distances from points on the boundary of machine seg-
mented region to the boundary of the ground truth, and vice
versa. See Refs. 5, 16, 19, 20, 30, and 31 for numeric results
with this metric.

2.4 Advantages and Disadvantages of Existing
Metrics

Individual similarity or difference metrics fail to capture all the
aspects of the segmented regions. Size-based metrics rely only
on the difference in size between the segmentation and the
ground truth. The best attainable score can be achieved even
when the segmentation and the ground truth are disjoint.
Overlap-based methods account only for the number of cor-
rectly classified or misclassified voxels without taking into
account their spatial distribution. A segmentation that has
“leaked” [i.e., it features false positives adjacent to the area
of true positives, Fig. 2(a)] is scored the same as a leak-free
one with a separate disconnected region of false positives,
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the same size as the leakage area [Fig. 2(c)]. Similarly, the con-
ventional distance-based methods take into account only the dis-
tance from each point on one boundary to the other boundary.
These metrics are oblivious to the absolute size of the regions
involved.

Figure 2 shows different types of segmentation errors which
nevertheless receive equal similarity or difference scores from
size-based methods, overlap-based methods, or boundary-dis-
tance-based methods. In Figs. 2(a) and 2(b), the ground truth
and machine segmentation are of equal size (in the number
of pixels), hence their size-based scores will be the same
(best attainable difference score of 0). In Figs. 2(a) and 2(c),
we can see that the two images have the same pixel counts
in the true positive, true negative, false positive, and false neg-
ative classes. Hence, the overlap-based scores for these images
are the same. This is despite the obvious differences in the spa-
tial distributions of the regions.

Figures 2(d) and 2(e) show discs representing machine seg-
mentations having radii of 0.5 and 1.5 times the radius of the
ground truth. In each of (d) and (e), the distance between the
two boundaries is the same and equal to a half of the radius
of the ground truth disc. Therefore, boundary-distance-based
metrics fail to differentiate between case (d) and case (e).
These examples are revisited in Sec. 4.1.2.

3 Methods Based on Boundary Overlap

3.1 Definitions

We introduce a family of metrics with hybrid features, based on
the concept of boundary overlap defined below. For this, we

borrow features from both overlap-based metrics and boun-
dary-distance-based metrics.

The boundary ∂A of region A is defined as the set of the
pixels of A that have at least one neighboring pixel outside
A. A chosen fixed-size neighborhood of a boundary pixel
can be regarded as a smaller image. In such a neighborhood,
subsets SA and SB (potentially empty) of two separate regions
A and B can be scored using any of the definitions in Sec. 2.1. In
order to compare regions A and B overall, we consider each of
the points on the boundaries ∂A and ∂B. We look at local neigh-
borhoods of those boundary pixels [see Fig. 3(a)], scoring the
overlap of SA and SB in each of those neighborhoods, and taking
an average of this overlap over all the boundary pixels. That
overall average constitutes the boundary overlap metric.
Since Sec. 2.1 offers a choice of several overlap metrics, we for-
mally define a whole family of boundary overlap metrics in
this way.

Figure 3(b) shows a more realistic situation, where the two
boundaries are closer to each other. In some of the neighbor-
hoods the match is near-perfect, in some others high overlap
scores indicate large intersections of the subregions, i.e., a
good match between the boundaries being compared.

The boundary overlap can be either directed or symmetric.
Directed boundary overlap considers the neighborhoods of all
the points on either the boundary of the machine segmentation
or the boundary of the ground truth segmentation. Symmetric
boundary overlap considers all the points on each boundary.
A 100% symmetric boundary overlap score can be interpreted
as absolute match between ∂A and ∂B and, hence, between A
and B. At the other end of the spectrum, a 0% score means

(a) (b) (c) (d) (e)

Fig. 2 (a) and (b) get the same size-based score; (a) and (c) get the same overlap-based score; (d) and
(e) get the same boundary-distance-based score.

(a) (b)

Fig. 3 (a) Some of the fixed-size neighborhoods of the points on the boundaries of the segmented
regions. (b) A more realistic situation, where the two boundaries are closer to each other. Directed boun-
dary overlap considers only red (or only blue) neighborhoods. Symmetric boundary overlap considers
both red and blue neighborhoods.
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no overlap of ∂A and ∂B and indicates a failed segmentation
result.

It is important that any new evaluation metric allow for a
succinct explanation in lay terms. Although not a precise
description, it would be appropriate to say informally that boun-
dary overlap metrics quantify the overlap percentage along the
boundaries of the two regions.

3.1.1 Symmetric boundary Dice

Let Nx be the local neighborhood of some radius r of a point x:
Nx ¼ fy; dðx; yÞ ≤ rg, where dðx; yÞ is the distance between
points x and y. Let AðNxÞ and BðNxÞ be the portions of regions
A and B in that neighborhood Nx.

Let us denote the DSC between region portions in neighbor-

hood Nx by DSCðNxÞ ¼ 2jAðNxÞ∩BðNxÞj
jAðNxÞjþjBðNxÞj. Now we can define

directed boundary Dice (DBD) as the average of these overlap
scores over all points on the first boundary

EQ-TARGET;temp:intralink-;sec3.1.1;63;552DBDðA; BÞ ¼
P

x∈∂A
2jAðNxÞ∩BðNxÞj
jAðNxÞjþjBðNxÞj
j∂Aj :

The symmetric variant of this metric can be defined—sym-
metric boundary Dice (SBD)

EQ-TARGET;temp:intralink-;sec3.1.1;63;481SBDðA; BÞ ¼

P
x∈∂ADSCðNxÞ þ

P

y∈∂B
DSCðNyÞ

j∂Aj þ j∂Bj :

According to these definitions, both our metrics have a fixed
range of values between 0 and 1, where a higher value indicates
a better match between the regions. We can change the separate
components in the above definitions, thus getting other metrics
in the same family. New metrics can be defined, for instance, by
replacing the boundary averaging by another boundary distance
feature, such as taking the maximum. Similarly, the overlap
metric in the neighborhood can be replaced by any other metric.
Corresponding difference metrics can also be introduced, such
as 1 − SBD.

3.1.2 Other boundary overlap metrics

We introduce a number of boundary overlap metrics based on
the conventional overlap metrics discussed in Sec. 2.1.

Directed boundary Jaccard (DBJ) is defined as the average of
JSC results in the neighborhoods of all points on the first boun-
dary

EQ-TARGET;temp:intralink-;sec3.1.2;63;233DBJðA; BÞ ¼
P

x∈∂AJSCðNxÞ
j∂Aj ¼

P
x∈∂A

jAðNxÞ∩BðNxÞj
jAðNxÞ∪BðNxÞj
j∂Aj :

And the symmetric boundary Jaccard (SBJ) metric is defined
as

EQ-TARGET;temp:intralink-;sec3.1.2;63;162SBJðA; BÞ ¼

P
x∈∂AJSCðNxÞ þ

P

y∈∂B
JSCðNyÞ

j∂Aj þ j∂Bj :

Unlike DSC and JSC, the other overlap-based metrics con-
sidered are not inherently symmetric: they differentiate between
the ground truth and machine segmented regions (see TPVF,
TNVF, Prec definitions in Fig. 1). Thus, we define directed

boundary metrics for TPVF, TNVF, and Prec separately on
the ground truth boundary (subscript G) and the machine seg-
mentation boundary (subscriptM). Technically, these are evalu-
ation measures rather than metrics.

Considering the ground truth boundary, we get directed
boundary true positive fraction (DBTPG), directed boundary
true negative fraction (DBTNG), and directed boundary preci-
sion (DBPG) defined, respectively, as
EQ-TARGET;temp:intralink-;sec3.1.2;326;664

DBTPG ¼
P

x∈∂GTPVFðNxÞ
j∂Gj ¼

P
x∈∂G

jMðNxÞ∩GðNxÞj
jGðNxÞj

j∂Gj ;

DBTNG ¼
P

x∈∂GTNVFðNxÞ
j∂Gj ¼

P
x∈∂G

jNxj−jMðNxÞ∪GðNxÞj
jNxj−jGðNxÞj
j∂Gj ;

DBPG ¼
P

x∈∂GPrecðNxÞ
j∂Gj ¼

P
x∈∂G

jMðNxÞ∩GðNxÞj
jMðNxÞj

j∂Gj :

The corresponding directed boundary metrics on the boun-
dary of the region obtained by machine segmentation are
EQ-TARGET;temp:intralink-;sec3.1.2;326;526

DBTPM ¼
P

y∈∂MTPVFðNyÞ
j∂Mj ¼

P
y∈∂M

jMðNyÞ∩GðNyÞj
jGðNyÞj

j∂Mj ;

DBTNM ¼
P

y∈∂MTNVFðNyÞ
j∂Mj ¼

P
y∈∂M

jNyj−jMðNyÞ∪GðNyÞj
jNyj−jGðNyÞj

j∂Mj ;

DBPM ¼
P

y∈∂MPrecðNyÞ
j∂Mj ¼

P
y∈∂M

jMðNyÞ∩GðNyÞj
jMðNyÞj

j∂Mj :

Finally, the corresponding symmetric boundary metrics—
symmetric boundary true positive fraction (SBTP), symmetric
boundary true negative fraction (SBTN), and symmetric boun-
dary precision (SBP)—relying both on ground truth and
machine segmentation boundaries are defined as
EQ-TARGET;temp:intralink-;sec3.1.2;326;351

SBTP ¼

P
x∈∂GTPVFðNxÞ þ

P

y∈∂M
TPVFðNyÞ

j∂Gj þ j∂Mj ;

SBTN ¼

P
x∈∂GTNVFðNxÞ þ

P

y∈∂M
TNVFðNyÞ

j∂Gj þ j∂Mj ;

SBP ¼

P
x∈∂GPrecðNxÞ þ

P

y∈∂M
PrecðNyÞ

j∂Gj þ j∂Mj :

Note that the local overlap-based metrics may not be comput-
able in some of the boundary neighborhoods. For instance, if we
consider x on ∂G and jMðNxÞj ¼ 0, then PrecðNxÞ is unknown
(zero divided by zero). Because such cases indicate a mismatch
of the boundaries, we want to decrease their score and, hence,
we replace such unknowns with zeroes in the above definitions.
A simplified example is presented in Fig. 4. In this example, the
ground truth consists of four pixels (I to IV) and the machine
segmentation consists of single pixel V, which overlaps with
pixel IV of the ground truth. The precision metric is undefined
in the local Moore neighborhoods of pixels I and II. In the neigh-
borhoods of pixels III and IV, the precision score is 1 [both the
local intersection GðNIVÞ ∩ MðNIVÞ and the local machine seg-
mentation MðNIVÞ count exactly one pixel, IV]. The neighbor-
hood of pixel V is the same as the neighborhood of pixel IV,
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hence that neighborhood has a precision score of 1. If we were
to exclude the neighborhoods with undefined precision from
the SBP definition, this machine segmentation would get a
best attainable SBP score of 3×1

3
¼ 1. When we replace the

unknowns with zeroes, the SBP score of this example becomes
2×0þ3×1

5
¼ 0.6, a more realistic figure.

Table 1 lists the newly defined metrics in the family; an
experimental comparison of these new metrics is given in Sec. 5.

3.2 Parameterization

Each boundary overlap metric can be parameterized by the
neighborhood radius; and thereby, increase or decrease the vis-
ibility of local overlap. In our current experiments, we consider

cube-shaped Moore neighborhoods of radius 1 (i.e., 9- and
27-neighborhoods in 2-D and 3-D, respectively), all the way
up to radius 5, and we compare experimentally the performance
of SBD for each radius. This systematic study follows in
Sec. 4.3.2.

3.3 Implementation and Complexity

Algorithm 1 presents how SBD can be implemented for 2-D
images. The NEIGHB procedure returns the set of positions in
the Moore neighborhood of point p with radius. The
BOUNDARY procedure constructs and returns the set of points
on the boundary of mask, a binary representation of a region.
The SUBARRAY procedure constructs a submask with radius of
the given mask at position pos. DSC and SBD are the procedures
that calculate the corresponding metrics.

In terms of complexity, boundary overlap metrics allow for
straightforward implementation which is linear in region size.
From this perspective, they are more similar to overlap metrics
and outperform boundary distance metrics, which have to con-
sider all the pairs of points from the two boundaries (although
nearly linear implementations exist for these32).

4 Experimental Results
The existing metrics disagree greatly: some metrics are sensitive
to specific types of errors while other metrics are not, and vice
versa for other images. Depending on the clinical application,
different aspects of the evaluation can take priority: sometimes

(a) (b)

Fig. 4 A simplified segmentation case with undefined local precision
in some of the boundary neighborhoods. (a) Ground truth pixels I to IV;
(b) machine segmentation pixel V. The highlighted Moore neighbor-
hood of pixel I contains no machine segmentation pixels, hence the
precision metric is undefined there.

Table 1 Proposed boundary-overlap-based similarity metrics: directional and symmetric variants.

Boundary Dice metrics Boundary Jaccard metrics

DBDG ¼
P

x∈∂GDSCðNx Þ
j∂Gj DBJG ¼

P
x∈∂GJSCðNx Þ

j∂Gj

DBDM ¼
P

y∈∂MDSCðNy Þ
j∂M j DBJM ¼

P
y∈∂M JSCðNy Þ

j∂M j

SBD ¼
P

x∈∂GDSCðNx Þþ
P

y∈∂MDSCðNy Þ
j∂Gjþj∂M j SBJ ¼

P
x∈∂GJSCðNx Þþ

P
y∈∂M JSCðNy Þ

j∂Gjþj∂M j

Boundary TPVF metrics Boundary TNVF metrics

DBTPG ¼
P

x∈∂G
TPVFðNx Þ
j∂Gj DBTNG ¼

P
x∈∂G

TNVFðNx Þ
j∂Gj

DBTPM ¼
P

y∈∂MTPVFðNy Þ
j∂M j DBTNM ¼

P
y∈∂MTNVFðNy Þ

j∂M j

SBTP ¼
P

x∈∂GTPVFðNx Þþ
P

y∈∂MTPVFðNy Þ
j∂Gjþj∂M j SBTN ¼

P
x∈∂GTNVFðNx Þþ

P
y∈∂MTNVFðNy Þ

j∂Gjþj∂M j

Boundary Prec metrics

DBPG ¼
P

x∈∂G
PrecðNx Þ

j∂Gj

DBPM ¼
P

y∈∂M
PrecðNy Þ

j∂M j

SBP ¼
P

x∈∂GPrecðNx Þþ
P

y∈∂MPrecðNy Þ
j∂Gjþj∂M j
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errors in the shape are more important (e.g., cancerous tissue),
sometimes the precise location is crucial (e.g., in radiotherapy),
other times it is the overall volume that matters more (e.g., in
volume evaluation of lung cancer). In an ideal world, the evalu-
ation of any segmentation procedures would be carried out with
feature-specific metrics. In practice, existing metrics have often
been “inherited” from past research and are being used without
particular attention to the type of error that they reveal. For
example, the DSC has become a “classic,” even if good perfor-
mance measured the Dice way is not necessarily relevant to the
application.33

4.1 Synthetic Data

Before we look at medical scan data (in Sec. 4.2), we first inves-
tigate SBD using a set of 2-D synthetic images carefully con-
structed so as to demonstrate instances where the existing
metrics fail. The collection in Figs. 5 and 6 contains simple geo-
metric shapes (rectangle, disc, ellipse, and star) and fractals, in
order to enable us to reason about and visualize the behavior of
both old and new comparison metrics. For each shape, there are
images (left column) to serve as ground truth and a sequence of
synthetic images (right columns) to simulate segmentation
results. These shapes are constructed to simulate departure

from the ground truth in size, location, orientation, or combina-
tions thereof. Another potential departure from the ground truth
can be in voxel or group-of-voxels errors; these are simulated by
“salt-and-pepper” pixels in the synthetic segmentations. The
salt-and-pepper pixels are obtained by flipping pixels in the syn-
thetic ground truth image with some probability. Disc, ellipse,
and star images 9 and 10 are constructed by flipping pixels
inside the white region with 20% and 5% probabilities, respec-
tively. Corresponding images 11 and 12 are achieved by flipping
all image pixels with 5% and 0.1% probabilities.

We proceed to compare the white or near-white regions in the
right-hand columns (representing potential segmentation
results) against the white region in the left-hand column (repre-
senting ground truth).

4.1.1 Simple geometric shapes

Our experiments in Figs. 7 and 8 compare the segmented images
against the ground truth using the existing metrics and some of
our boundary overlap metrics. While most conventional metrics
are unable to differentiate clearly between images in a given
sequence, SBD assigns them each a different score. Note that
some of the difference metrics have been scaled in the graphs
to be brought into similar value ranges. Such differences are the
result of varying metric units.

Our results show that SBD generally penalizes segmentation
errors more than the other metrics, resulting in a wider (and
hence easier to use) range of scores. The score assigned to
the synthetic images designed with segmentation errors by
most existing metrics is frequently the best attainable one. A
few examples of such unfair scoring in Fig. 8 include Prec
and TNVF scores for images e8 to e10, RVD scores for images
s5 to s7, TPVF scores for d2 and e2, etc. By contrast, SBD never
assigns the best attainable score to an image with an obvious
segmentation fault. For images with simulated salt-and-pepper
errors in the segmentation (disc, ellipse, and star images 9 to 12),
where other metrics mostly disagree, SBD averages the overop-
timistic scores of overlap-based metrics and the overpessimistic
scores of boundary-distance-based metrics. In other words, SBD
penalizes the random false negatives inside and false positives
outside of the expected shapes more than the overlap metrics
and less than the boundary distance metrics do.

SBD also assigns a low score to all images featuring some
mismatch against the ground truth, thus showing better sensitiv-
ity to a larger span of error types. The directional variants of
boundary Dice (DBDG and DBDM) show interestingly contra-
dictory results for images where other metrics evidently dis-
agree; these contradictions are neutralized in the symmetric
variant (SBD).

4.1.2 Examples for discussion

We revisit the examples from Sec. 2.4 in order to analyze the
performance of existing metrics and SBD. Note that the syn-
thetic images for rectangle shape (r0 as ground truth, r1 to r3
as segmented, see Fig. 5) correspond to the discussed cases
in Figs. 2(a)–2(c); and Figs. 2(d) and 2(e) match disc images
d1 and d2 (d0 is the ground truth). Evidently, such extreme seg-
mentation faults are rare in real world situations. We chose to
use these so as to simplify the demonstration: we care less about
the quality of the segmentation and are only interested in how
the metrics react to such segmentation faults.

Algorithm 1 The calculation of SBD in 2-D.

1: procedure SBD (gt, ms, radius) ▹ The SBD of the gt and ms
binary masks

2: sum←0

3: number←0

4: for all pos ∈ BOUNDARY (gt, radius) þ BOUNDARY (ms, radius)
do ▹ position may be considered twice

5: gtsub ← SUBARRAY (gt, pos, radius)

6: mssub ← SUBARRAY (ms, pos, radius)

7: sum ← sum + DSC (gtsub, mssub)

8: number←number þ 1

9: end for

10: return sum ÷ number

11: end procedure

12: procedure BOUNDARY (mask, radius) ▹ The BOUNDARY of the mask
with given radius

13: for all p ∈ posit ions do ▹ positions is the set of positions
in mask

14: if mask ½p� and ∃ q ∈ NEIGHB (p; radius), ¬mask ½q� then

15: yield p ▹ include p in the BOUNDARY set

16: end if

17: end for

18: end procedure
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As expected, the RVD score is zero throughout the rectangle
examples (see Fig. 7) since the sizes of the ground truth and the
segmented regions are the same. The overlap-based metrics—
DSC, JSC, TPVF, TNVF, Prec—give equal scores to the r1

and r3 images ignoring the different location errors in these
images. HD fails to differentiate between images r2 and r3.
The only two metrics that assign different scores to all four
images are ASSD and SBD, although they disagree on the

Img No 0 1 2 3 4 5 6

Rect.

Disc

Ellipse

Star

Img No 7 8 9 10 11 12

Fig. 5 Synthetic dataset: ground truth images (left column) along with images for segmented regions
incorporating size, location, shape, simulated salt-and-pepper errors in the segmentation, or combina-
tions. The text refers to these images with a combination of one of the letters “r,” “d,” “e,” or “s,” and a
number: r0 corresponds to the first—and ground truth—rectangle image; d12 is the last disc image, etc.

Img No 0 1 2 3 4 5

Fractal

Img No 9 10 11 12

Fig. 6 Sequence of synthetic fractal images with new isosceles triangles added at each recursive step (0
to 12). The three images at steps 3, 6, and 9—used as ground truth—are also presented in the left col-
umn. The text refers to these images with a combination of the letter “f” and a number: f6 is the image at
recursive step 6; f12 is the image at recursive step 12, i.e., the last image.
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ranking of the r1 and r3 images: while ASSD claims r1 to be
better, SBD prefers r3 since there is an absolute match of a seg-
ment of the boundary in this image with the ground truth.

Let us imagine that we want to rank the three rectangle seg-
mentations (r1 to r3) with respect to the ground truth r0. DSC
ranks r1 and r3 as a shared first with a score of 80%; r2 is third
with 0% (see Fig. 7 left). HD ranks r1 first with a distance score
of 28 units; r2 and r3 are second with an extremely high distance
score of 292 units (see Fig. 7 right) and can be considered as
failed segmentation results. Should r3 be considered a relatively
good segmentation or should it be considered as a total failure?
Evidently, r2, also Fig. 2(b), is a worse result than r3, also Fig. 2
(c), and this should be reflected in the evaluation scores and the
segmentation ranking. It can be argued that for specific tasks,
where correct location of boundaries is a priority, r3 can be con-
sidered a better segmentation than r1. This is because most false
positives in r3 can be removed automatically by an algorithm
which deletes the disconnected rectangle at the top of Fig. 2(c).
However, we acknowledge that the expected ranking of the
images can be arguable and task-dependent; hence, the choice
of evaluation metric should also be task-dependent.

As discussed in Sec. 2.4 and illustrated in Figs. 2(d) and 2(e),
the boundary-distance-based metrics (HD, ASSD) score images
d1 and d2 identically. Some of the overlap-based metrics assign
the best attainable scores to these images: TNVF, Prec to image
d1; TPVF to d2. Image d1 is preferred to image d2 by TNVF,
Prec, and RVD; while d2 is considered better by DSC, JSC,
TPVF, and SBD. It is worth noting that the directional variants
of boundary Dice (DBDG andDBDM) successfully highlight the
total mismatch of the ground truth and segmented boundaries
with DBDG ¼ 0 for d1 and DBDM ¼ 0 for d2. SBD gives
the two images scores of 0.278 and 0.335, which are sufficiently
low to indicate segmentation errors in both cases, and are non-
equal to point out that the errors are different.

Images d9–d12, e9–e12, and s9–s12 with simulated salt-and-
pepper errors have been constructed to analyze the sensitivity of
the considered metrics to random segmentation errors. The over-
lap-based metrics class d12, e12, and s12 as near-perfect seg-
mentation results and rank them higher than d1 to d4 and d9
to d11, e1 to e11, s1 to s11, respectively. However, boun-
dary-distance-based metrics such as HD rank images d12,

e12, and s12 as second worst in their corresponding image
sequences. The high but not the best attainable similarity scores
that SBD assigns to these images indicate three properties: first,
the random errors are reflected in the scores; second, the errors
in these images affect the segmentation quality less than the
errors in images such as e1 to e8, s1 to s8; third, such random
errors are easier to eliminate in segmentation postprocessing.

4.1.3 Fractals

Additional to the simple shapes, the synthetic data contain a
sequence of fractals (Fig. 6). These help reveal how the metrics
react to boundary errors, where the boundary consists of increas-
ingly intricate detail. The initial region is an isosceles triangle
(image f0). At each step of the recursion, new triangles with the
same ratio of side lengths ð4∶7Þ are added on the equal sides of
each triangle. The images from steps 3, 6, and 9 of the recursion
are assigned as ground truth in turn, producing the results
reported in Fig. 9.

The graphs illustrate interesting patterns. Images f0 to f2 (f0
to f5, f0 to f8) are undersegmented, and images f4 to f12 (f7 to
f12, f10 to f12) are oversegmented. Note, on the one hand, that
the conventional metrics DSC (and JSC), TPVF, HD, and ASSD
show more variability for the undersegmented images—they fail
to differentiate properly the oversegmented images. On the other
hand, TNVF and Prec are insensitive to undersegmentation
errors. The directional variants of the new metric show similar
behavior to the first and the second group of metrics, respec-
tively. RVD performs relatively better but still fails to capture
differences at the level of local neighborhoods on the region
boundary.

By contrast, SBD easily identifies the under- and overseg-
mentation errors, and reflects those in its scoring. It shows
high sensitivity to even small differences between the bounda-
ries of the ground truth and segmented images, and uses a wide
scoring range to illustrate those differences. For DSC, HD, or
ASSD, the differences in score for images f0 to f2 (f0 to f5,
f0 to f8) are significantly higher than for images f4 to f12
(f7 to f12, f10 to f12). Unlike the existing metrics, SBD uses
a similar range of values on both sides of the ground truth.
These examples showcase how well SBD outperforms all the
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Fig. 7 Results for synthetic rectangle images, comparing the segmented images against the ground
truth, with all the considered metrics. Note that DSC, TPVF, and Prec scores are identical for all four
images and their plots are not easily traced (similarity graph on the left). Likewise, DBDG and DBDM
plots are almost identical with SBD.
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other metrics, especially for segmentation errors near the boun-
dary of the intended region.

4.2 Real Scan Data

We ran a segmentation algorithm8 on nine different CT scan 3-D
images, between 1 and 38 slices each. We automatically labeled
13 kidneys (left or right), for which we also manually produced
ground truth masks. The results of validating the segmented 3-D
images against the ground truths are presented in Fig. 10.

Since the machine segmentation results are produced by a
single automated algorithm, errors of a similar nature are
expected in all cases. The small ranges of score values produced
by the various metrics illustrate this. TNVF values are all above
99%, due to the kidney occupying only a small portion of the 3-

D image voxels. TPVF and Prec scores are complementary on
most images: one of these metrics is only sensitive to underseg-
mentation and the other one—to oversegmentation. As was the
case with 2-D synthetic images, SBD tends to penalize errors
more harshly, producing smaller similarity scores (and hence,
higher difference scores) than most existing metrics. In this
experiment, its value range agrees better with DSC, JSC,
and HD.

When there is great disagreement between classes of metrics
or between metrics inside a class, such as in k10 and k11, SBD
acknowledges the errors without being overly sensitive to the
error. These two kidney segmentations are ranked higher than
k1 to k9 by Prec, HD, and ASSD. At the same time, DSC,
JSC, TPVF, and RVD penalize these segmentations ranking
them lowest. SBD is the only metric that does not yield extreme
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Fig. 8 Results for synthetic disc, ellipse, and star images, comparing the segmented images against the
ground truths, with all the considered metrics. Note that some overlap-based (boundary-distance-based)
scores are equal in the left graphs (right graphs) for a few images and their plots are not easily traced.
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scores for these two cases; its directional variants (DBDG and
DBDM) do, as do the two groups of conventional metrics.

The great disagreement of the existing metrics for these two
particular kidneys is explained by the variation in the number of
slices in the images considered. Images k10 and k11 consist of
only a single CT slice. The number of CT slices for k1 to k9 is at
least 5, where k1 is the biggest image with 38 slices. We present
the ground truth and the automated segmentation of k10 and k11
in Fig. 11. For comparison, we report a few slices from k1 in
Fig. 12. This is a typical example where, although DSC is high
(93%), at the same time the images show a poor segmentation
around the boundary: 9(b) leaks and 9(c) presents salt-and-pep-
per errors (of the sort we simulated in the synthetic data). A fur-
ther study of the effect of image size on the metric scores is
presented in Sec. 4.3.3.

In order to preserve the level of detail in the graphs, Fig. 10
does not include data points for two kidney scans with

pathological cases where the ground truth disagreed strongly
with the machine segmentation. For these images, the machine
segmented 3-D region was more than 3.5 times larger than the
ground truth (because the human operator decided not to include
any necrotic tissue in the ground truth). SBD scored these kid-
ney segmentations around 0.33 and 0.38, sharing the sensitivity
of other metrics: DSC of 0.28 and 0.34, and HD of 97 and
85 mm. RVD flags this stark difference and should always
be applied first, as a sanity check.

4.3 Further Tests

4.3.1 Ranking tests

We set up a small experiment in order to understand the corre-
lation between segmentation rankings produced with evaluation
metrics and end user expectations. For that, we asked four
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Fig. 9 Results for synthetic fractals. Fractals at steps 3, 6, and 9 of the recursion considered as ground
truth, respectively.
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researchers in image segmentation to rate the synthetic fractal
images (Fig. 6) against the ground truth image f6. They were
offered a discrete scoring range of 0 to 10, where 0 indicates
segmentation failure and 10 indicates that the segmented region
matches the ground truth perfectly. There was a mutual agree-
ment that this scoring range was adequate to rank the images (f0
to f12) unambiguously.

The comparison of the averaged human ranking (mapped
from 0 to 10 onto [0,1]) of the fractal images and the considered
metrics, including SBD, is reported in Fig. 13. We exclude those
metrics that produce the best attainable scores on one or the
other side of the ground truth—TPVF, TNVF, and Prec (see
Fig. 9). Difference metrics have been scaled and converted
into corresponding similarity metrics to fit the scoring range

between 0 and 1. As the graphs show, the human ranking cor-
relates best with SBD with a single ranking disagreement at f4.
In addition, their maximum absolute difference in score per
image stands at less than 9.3%. For comparison, corresponding
differences between the human ranking and DSC or 1 − RVD
stand at more than 44.6% or 29.5%. These are encouraging ini-
tial results for possible future study of ranking properties of
evaluation metrics versus human perception of segmentation
results.

4.3.2 Parameterization tests

In addition to comparing SBD to existing and commonly used
metrics, we analyzed how the SBD performance changes based
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Fig. 10 Results for medical kidney scans, i.e., 3-D regions in 3-D images. Results for 11 kidneys (left or
right) from nine 3-D medical CT scans, between 1 and 38 slices each. Note that some overlap-based
scores are identical in the left graph for a few images and their plots are not easily traced.

(a)

(b)

Fig. 11 The labeled regions are: blue ground truth GT (first column), red machine segmentation8 MS
(second), GT\MS (third), and MS\GT (last). These are shown for (a) k10 and (b) k11. In each case,
the automated segmentation contains slightly fewer pixels than the ground truth (i.e., is slightly
undersegmented).
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on its parameterization. Consistently changing the Moore neigh-
borhood radius from 1 to 5 for the synthetic data, we reveal that
SBD similarity scores gradually increase for larger radii (for
most images). The growth is around 9% to 10% between radius
1 and 5 in average, although for specific segmentation results it

reaches 46% to 47%. Our overall conclusion here is that the sim-
ple neighborhood with radius 1 should be generally preferred (in
the case of fixed resolution experiments). Increasing the size of
neighborhood has only a minor effect on similarity score values
and ranges but extends execution times.
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Fig. 13 The ranking of the fractal images with different metrics with the ground truth set at f6. The images
are sorted in the order of human ranking in the first graph; the second graph preserves the order of fractal
recursion.

(a)

(b)

(c)

Fig. 12 The labeled regions are: blue ground truth GT (first column), red machine segmentation8 MS
(second), GT\MS (third), and MS\GT (last). These are shown for three different slices (a)–(c) of k1.
On close inspection, these slices present examples of undersegmentation, oversegmentation, and
also random errors, each of the order of a few pixels. The random errors are similar to our simulated
salt-and-pepper and are visible in the second and third columns in (c).
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The sample graphs in Fig. 14 depict how the SBD values
vary with the change in Moore neighborhood radius from 1
to 5. The growth of the neighborhood size causes only a tiny
rise in the similarity score for most images. For a few images
this is slightly more noticeable, e.g., ellipse images e6 and e11
feature a score increase of 30% to 32%.

When the neighborhood size increases, more internal points
of the segmented regions end up labeled as boundary points.
Those, in turn, introduce higher local similarity Dice scores;
thus, for the new extended set of local scores, the average
increases. Table 2 presents additional data for star images illus-
trating this trend. The lower bounds of value ranges and average
scores (over 13 star images) form increasing sequences, from
lower neighborhood sizes to larger ones. It is important to
note that the average score rise is only from 0.509 to 0.552.
This growth in scores for larger neighborhoods means (only

slightly) decreased sensitivity to segmentation errors; therefore,
we propose generally using simple neighborhoods of radius 1.

Finally, we considered how the execution time increases for
larger neighborhood radii. We implemented a Python SBD scor-
ing script for a sequence of synthetic images against a single
ground truth for a user-set neighborhood radius. The real exe-
cution time of the program ranged between 10.8 s and 3 min
7.4 s (12 s and 3 min 22.3 s) for the 13 fractal images,
where image f3 (f6) was taken as ground truth. The lowest
and highest running times in these ranges correspond to radii
1 and 10. In both cases, the execution times show monotonic
growth with the increase of the radius between 1 and 10.
This fact supports our preference for smaller neighborhoods.

4.3.3 Size and resolution tests

A further aspect of interest is the response of the metrics to var-
iations in the size of segmented regions and in image resolution.
Figure 15 lists the contents of a small synthetic dataset that was
constructed to analyze the impact of region size and image res-
olution variations on metric scores. The corresponding evalu-
ation results for region size variation are reported in Table 3.
Most existing metrics for the five ellipse image pairs behave
very differently from the same metrics for the four rectangle
image pairs. An exception to this pattern is seen for TNVF
and Prec. For the five ellipse image pairs, TNVF is absolutely
insensitive to the errors in the image pairs with smaller regions
(ellipse image pairs 1–2) and slightly more sensitive for the
larger regions (ellipse image pairs 4–5). Prec is stably high

Table 2 Value ranges and average values of SBD results over 13
star images using Moore neighborhoods of radii 1 to 5.

Moore
radius 1 2 3 4 5

Value
range

0.246 to 1 0.258 to 1 0.265 to 1 0.272 to 1 0.276 to 1

Average 0.509 0.534 0.543 0.548 0.552
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Fig. 14 Comparison of SBD results for rectangle, ellipse, and fractal (ground truth at step 6) images and
medical kidney 3-D images using Moore neighborhoods of radius 1 to 5. Note that some SBD scores with
different neighborhood radii are equal or have very close values for a few images, and their plots are not
easily traced.
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for the five ellipse image pairs. The best attainable TNVF and
Prec scores for the four rectangle image pairs are explained by
their total insensitivity to undersegmentation.

The other overlap-based metrics (DSC, JSC, and TPVF) and
the size-based RVD metric maintain approximately the same
value for all five ellipse image pairs. The boundary-distance-
based metrics (HD, ASSD), on the other hand, gradually
increase for these examples indicating higher dissimilarity for
the image pairs with larger region sizes. SBD is in agreement
with the boundary-distance-based metrics for these examples,
considering the match of the smaller regions in ellipse image
pairs 1–2 to be better than the match of the larger regions in
ellipse image pairs 4–5.

DSC, JSC, TPVF, and RVD show significant variation for the
four rectangle examples: image pairs 1–2 get significantly lower
similarity (higher difference) scores than image pairs 3–4. On
the other hand, HD and ASSD values are relatively stable for
the rectangle image pairs. SBD agrees with the former metrics,

considering rectangle image pair 1 to be the worst, and rectangle
image pair 4 the best out of the four cases.

The slow decrease in SBD scores for ellipse image pairs is
explained by the local overlaps in the neighborhoods of boun-
dary points shrinking as the regions get bigger and their boun-
daries diverge. In the case of the rectangles, the distance
between the boundaries stays the same; hence, the local overlap
scores do not change. It is the ratio of the boundary lengths that
affects the weights of the local overlaps and leads to the small
increase in SBD values for the rectangle image pairs. The mon-
otonic change of the SBD scores in accordance with region size
is inherent to its definition and reflects its hybrid nature between
overlap metrics and boundary distance metrics.

In Table 4, we report how image resolution affects the scores
of the metrics. DSC, JSC, TPVF, TNVF, Prec, and RVD main-
tain their values for all resolutions. In the case of HD and ASSD,
the scores increase by a factor of 2 in parallel with image res-
olution because our calculation does not take into account physi-
cal dimensions of pixels. In a clinical setting, those dimensions
would decrease by a factor of 2 when the resolution increases,
thus keeping the metric scores to the original values.

SBD scores go down slightly as image resolution increases,
as reported in Table 4. Increasing image resolution is equivalent
to decreasing neighborhood size for SBD, since it makes the
region boundary thinner. Selecting larger SBD neighborhood
radii for higher resolution images would keep SBD scores at
the same level.

For general use, when experimental results for images of
varying pixel resolution need to be compared, the neighborhood
radius for SBD can be chosen based on the physical dimensions
of pixels. For instance, the neighborhood radius can be set to 1
for 4 mm pixel images, set to 2 for 2 mm pixel images, and set to
4 for 1 mm pixel images. This will keep the SBD value range
consistent for images of different resolutions.

5 Comparison of Boundary Overlap Methods
In Sec. 3.1, we defined a number of new boundary-overlap-
based metrics. So far, in our experiments for comparison against

Table 3 The impact of region size variation on metric scores using simulated segmentation images with ellipse and rectangle shapes.

DSC JSC TPVF TNVF Prec RVD HD ASSD SBD

Ellipse pair

1 0.921 0.854 0.922 0.999 0.921 0.000 5.000 2.606 0.502

2 0.923 0.857 0.923 0.995 0.922 0.001 8.944 5.307 0.460

3 0.922 0.855 0.922 0.987 0.922 0.000 13.454 8.150 0.441

4 0.922 0.855 0.922 0.974 0.922 0.000 17.692 10.974 0.434

5 0.922 0.855 0.922 0.950 0.921 0.000 21.932 13.816 0.428

Rectangle pair

1 0.397 0.248 0.248 1.000 1.000 0.752 52.202 36.748 0.264

2 0.614 0.443 0.443 1.000 1.000 0.557 53.600 36.225 0.319

3 0.720 0.562 0.562 1.000 1.000 0.438 51.865 35.720 0.342

4 0.780 0.639 0.639 1.000 1.000 0.361 52.431 35.717 0.355

Img Pair No

Ellipse GT

Ellipse MS

Img Pair No

1 2 3 4 5

1 2 3 4

Rectangle GT

Rectangle MS

Fig. 15 A small collection of simulated machine segmentation (MS)
and ground truth (GT) image pairs with monotonically increasing
region size based on ellipse and rectangle shapes. The image reso-
lution is set at 512 × 512.
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Fig. 16 Different boundary overlap metrics (their directional and symmetric variants) compared on
the synthetic fractal images with ground truth f6. The first five graphs correspond to boundary Dice,
Jaccard, TPVF, TNVF, and precision metrics. The sixth graph combines the symmetric variants of all
five metrics.

Table 4 The impact of image resolution variation on metric scores using simulated segmentation images with ellipse shape. A single pair of ellipse
GT and MS images is considered at resolutions from 128 × 128 to 2048 × 2048.

Resolution DSC JSC TPVF TNVF Prec RVD HD ASSD SBD

128 × 128 0.923 0.857 0.924 0.987 0.921 0.003 3.606 1.898 0.535

256 × 256 0.923 0.857 0.923 0.987 0.923 0.000 6.708 3.932 0.476

512 × 512 0.922 0.855 0.922 0.987 0.922 0.000 13.454 8.150 0.441

1024 × 1024 0.922 0.855 0.922 0.987 0.922 0.000 26.401 16.645 0.424

2048 × 2048 0.922 0.855 0.922 0.987 0.922 0.000 52.802 33.475 0.419
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conventional metrics we used only one of them—SBD. This was
done in order to prove the concept without overburdening the
discussion and the performance graphs. We now turn to analyze
the performance of all the boundary overlap metrics in the
family.

In Fig. 16, we report the comparison of all the new metrics on
the fractal synthetic data with ground truth f6. Figure 17 shows
the corresponding results for the real kidney data. From the
results in the first set of graphs, the behavior of all the metrics
is very similar except the boundary true negative fraction (both
directional and symmetric). SBTN is insensitive to the underseg-
mented fractal steps f0 to f5, but on images f7 to f12 it performs
relatively similar to the other metrics. The insensitivity is a con-
sequence of the peculiar definition of this metric. Around
ground truth boundary points, it gives the best attainable
local neighborhood score if the machine segmentation is absent

from that neighborhood: TNVFðNxÞ ¼ jNxj−jMðNxÞ∪GðNxÞj
jNxj−jGðNxÞj ¼ 1

if jMðNxÞj ¼ 0.
Once again, in Fig. 17, the SBTN scores disagree with the

rest, this time assigning much lower scores in each case. In cases
where the machine segmentation boundary includes the ground
truth (oversegmentation), this leads to the overall SBTN score

being lower, thus penalizing such segmentations. TNVFðNyÞ ¼
jNyj−jMðNyÞ∪GðNyÞj

jNyj−jGðNyÞj ¼ 1 − jMðNyÞj
jNyj if jGðNyÞj ¼ 0 where y ∈ ∂M.

When the machine segmentation boundary is included inside
the ground truth (undersegmentation), the SBTN score is higher,
due to an increase in the local TNVF. However, when the under-
segmentation is substantial, i.e., a considered neighborhood is
fully inside the ground truth, the local TNVF value is not
defined. The latter is the case with our particular kidney segmen-
tations; hence, the overall SBTN score is lower.
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Fig. 17 Different boundary overlap metrics (their directional and symmetric variants) compared on the
real kidney 3-D images. The first five graphs correspond to boundary Dice, Jaccard, TPVF, TNVF, and
precision metrics. The sixth graph combines the symmetric variants of all five metrics.
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We explain the occasional disagreement of the SBD, SBJ
results with SBTP and SBP (and between SBTP and SBP)
by the directional complementary nature of the overlap-
based TPVF and Prec metrics used in the local neighborhoods.
Hence, on some of the examples, the insensitivity to the local
errors causes higher scores with these metrics. For instance,
kidney images k1, k2, k4, and k6 get high SBTP scores,
while high SBP scores are recorded for images k5, k10,
and k11.

Unsurprisingly, the metrics introduced in this paper inherit
features from the corresponding overlap-based metrics. For in-
stance, the value range of the new metrics is between 0 and 1
(similar to the overlap-based metrics), where 1 indicates a per-
fect match and 0 indicates a total mismatch. Or, SBD and SBJ
are linked, with SBJ values always being slightly smaller than
SBD. However, they do not always produce the same ranking
patterns. In the case of SBTN, when a local neighborhood size is
fixed, an important feature is that it be independent of the size of
the whole image (unlike the original TNVF metric). This fact is
reflected in the huge difference of the value ranges of TNVF (see
Fig. 10, ≥0.997) and SBTN (Fig. 17, 0.066 to 0.56).

To summarize, Fig. 18 shows the comparison between the
boundary overlap family and the existing metrics in a final
set of graphs, using the synthetic fractal images with ground
truth at f6 as well as the kidney 3-D scans. In order to preserve
clarity, only symmetric variants of the new metrics are included
in these graphs.

6 Conclusions and Future Work
Our results demonstrate how, in contrast to existing metrics,
SBD reacts to a wider range of error types. It penalizes errors
more, producing a wider spread of similarity scores (lower for
more errors). SBD does not incur score inflation, especially in
cases where existing metrics disagree (one metric gives a high
score and another gives a low one to the same segmentation
result). The fractal experiments demonstrate that SBD is fit
to evaluate segmentation results which are prone to error in
the neighborhood of the region boundaries. Other members
of the boundary overlap family have similar properties to SBD.

In the future, we will consider more segmentation rankings
produced with other evaluation metrics; we will check whether
SBD rankings correlate better than other metrics with human-
produced rankings. An additional aspect of interest is to estimate
how accurate a boundary overlap metric can be if not every point
on the region boundaries is taken into account. For certain boun-
dary shapes, this may be an option in order to improve execution
time. Initial results for other metrics from our family suggest that
these can also be used in segmentation evaluation. A caveat is
that they inherit some of the limitations of the corresponding
overlap-based metrics applied in the small neighborhoods.
More experiments will follow with wider ranges of segmenta-
tion results, as well as further analysis of the strengths and weak-
nesses of this new family of metrics in comparison to metrics
recently proposed in the literature.
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In order for our family of metrics to be adopted into general
use, it will be necessary to prove its effectiveness by conducting
systematic studies of large publicly available medical datasets.
Meanwhile, we propose SBD as the best and easiest to use out of
the 15 metrics in the family because it is easy to implement,
quick to run, and fulfills all the listed criteria for a good metric.
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