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Abstract

We present Connected-Component (CC)-Metrics, a novel se-
mantic segmentation evaluation protocol, targeted to align ex-
isting semantic segmentation metrics to a multi-instance de-
tection scenario in which each connected component mat-
ters. We motivate this setup in the common medical scenario
of semantic metastases segmentation in a full-body PET/CT.
We show how existing semantic segmentation metrics suf-
fer from a bias towards larger connected components contra-
dicting the clinical assessment of scans in which tumor size
and clinical relevance are uncorrelated. To rebalance exist-
ing segmentation metrics, we propose to evaluate them on a
per-component basis thus giving each tumor the same weight
irrespective of its size. To match predictions to ground-truth
segments, we employ a proximity-based matching criterion,
evaluating common metrics locally at the component of inter-
est. Using this approach, we break free of biases introduced
by large metastasis for overlap-based metrics such as Dice
or Surface Dice. CC-Metrics also improves distance-based
metrics such as Hausdorff Distances which are uninformative
for small changes that do not influence the maximum or 95th

percentile, and avoids pitfalls introduced by directly combin-
ing counting-based metrics with overlap-based metrics as it
is done in Panoptic Quality.

Code — https://github.com/alexanderjaus/CC-Metrics
Extended version — https://arxiv.org/pdf/2410.18684

Introduction
Semantic segmentation (Long, Shelhamer, and Darrell
2015) is a cornerstone of medical image analysis as the
automatic identification of critical areas such as organs-
at-risk (Lambert et al. 2020) or metastases (Gatidis et al.
2023) might save valuable time in clinical care. With
the ever-increasing performance of recent methods from
the 3D-UNet (Çiçek et al. 2016), transformer-based mod-
els (Hatamizadeh et al. 2022, 2021) to the nnUNet (Isensee
et al. 2021), segmentation seems to be on the cusp of clinical
use. When trying to translate these algorithms to actual clin-
ical use, however, these models with high dice scores tend
to produce irresponsible errors such as the missing of novel
smaller lesions which can significantly alter the treatment
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Dice: 98%
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Figure 1: Reporting a Dice of 98% in the shown example,
highly overestimates the capability of the trained semantic
segmentation model. This might leave radiologists with a
false impression of how reliably the model can be used to
predict tumors in body scans. With CC-Metrics, we partition
an image into distinct regions and evaluate standard seman-
tic segmentation metrics on a per-component basis which
gives each tumor the same importance.

plan (Haque et al. 2024; de Bourbon et al. 2024). The ques-
tion thus becomes, how could such issues be identified in the
development process before stress testing on patients?

In a typical cancer patient setup, we aim to identify mod-
els that can predict both large and small structures while also
maximizing the overlap between the predicted tumor regions
and the actual tumors. This is non-trivial, as the selection of
appropriate metrics for medical tasks depends on the spe-
cific scenario, the data at hand, the structure of outputs of the
models and the type of questions the researcher tries to an-
swer. Recent publications highlight the pitfalls of using sub-
optimal metrics (Reinke et al. 2024) and developed extensive
recommendation frameworks (Maier-Hein et al. 2024).

Despite the potential advantages of instance segmentation
in distinguishing between overlapping objects, there seems
to be less emphasis within the medical community on ex-
ploring and developing instance segmentation models for
the purpose of volumetric multi-instance segmentation sce-
narios such as metastasis segmentation (Gatidis et al. 2023;
Oreiller et al. 2022).

We believe the main reason for this is: Semantic Seg-
mentation is sufficiently general. Assume you have a per-
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spective image of a street scene. Multiple objects and in-
stances may overlap as the image is a projection of our
three-dimensional world onto a two-dimensional plane. For
instance, identifying individual people in a crowd does pro-
vide real value for downstream applications over a semantic-
segmentation approach where a crowd would only be repre-
sented as a blob. This scenario, by definition, is not possi-
ble in volumetric images, each connected component is per-
fectly separated and there is no perspective overlap. A con-
sequence of this observation is that standard semantic seg-
mentation is sufficiently general to solve detection as well
as instance segmentation, by computing connected compo-
nents in a post-processing step. We will refer to this setup as
“detection via segmentation”.

Properly evaluating these semantic segmentation models
in the context of a multi-instance scenario is challenging as
semantic segmentation metrics are inherently not designed
to care about instances and compute the agreement of pre-
dictions and ground truth globally.

Within this work, we propose an embarrassingly simple,
yet intuitive strategy for evaluating the performance of se-
mantic segmentation models in the “detection via segmenta-
tion” setup by computing already established semantic seg-
mentation metrics on a per-instance basis. By doing so, we
give equal weight to each component reflecting their equal
importance irrespective of their size. This approach aligns
with the clinically motivated intent to treat all metastasis the
same.

To match predictions to ground truth values, we estab-
lish generalized Voronoi diagrams to partition each image
into distinct regions, allowing predictions to be matched to
the nearest ground truth connected component. By evaluat-
ing predictions locally, we eliminate the need for thresholds
like those in Lesion Dice, allowing researchers to use exist-
ing, well-known metrics and avoiding the pitfalls of overlap-
based matching or multiple true positives

Our contributions are as follows: 1) We formally derive
CC-Metrics as a local, instance-aware metric evaluation pro-
tocol. 2) We analyze the shortcomings of using standard
metrics in the “detection via segmentation” scenario and
show how CC-Metrics deliver more informative insights.
3) We perform extensive simulations on PET/CT datasets
showcasing the differences in evaluation styles under multi-
ple scenarios. 4) We benchmark multiple segmentation mod-
els and compare their performance using standard and CC-
Metrics.

Related Work and Preliminaries
Within this section, we briefly revisit common metrics used
to evaluate semantic segmentation models and point out re-
lated work that has raised criticism regarding the presented
metrics within the medical field.

Overlap-based Semantic Segmentation Measures
Overlap-based segmentation quality measures are one of
the most frequently leveraged approaches to quantify the
quality of segmentation masks. Typically the predictions P
are compared to the desired predictions S by their area of
overlap. Two of the most common metrics used to quantify

this overlap are the Jaccard Index (Jaccard 1912), also
called Intersection Over Union (IoU),

IoU =
|P ∩ S|
|P ∪ S| (1)

and the Dice coefficient (Dice 1945), which is defined in
terms of set cardinalities as

Dice =
2× |P ∩ S|
|P |+ |S| . (2)

A well-known limitation of these overlap-based metrics
is their bias towards large objects and their inability to dis-
tinguish between different instances (Reinke et al. 2024).
The latest research thus recommends reporting counting-
based metrics (e.g., Precision) alongside overlap-based met-
rics (Maier-Hein et al. 2024). To better counter size biases,
a range of improvements, such as False Positive (FP) and
False Negative (FN) penalties for the Dice score have been
proposed (Carass et al. 2020).

Unified Measures for Segmentation and Recognition
Quality The Panoptic Quality (PQ) (Kirillov et al. 2019)
metric, that was designed to unify detection and segmen-
tation. PQ assigns predicted segments to ground truth seg-
ments by defining a match only if the predicted segment and
ground truth segment overlap by at least IoU > 0.5 rendering
a guaranteed unique matching. As outlined in Eq. 3, the met-
ric is calculated by computing the average IoU of all True-
Positives (TP) and multiplying it by the F1-score (Van Rijs-
bergen 1979).

PQ =

∑
(p,g)∈TP IoU(p, g)

|TP| × |TP|
|TP|+ 1

2
|FP|+ 1

2
|FN|

(3)

The fixed-threshold-based matching approaches and di-
rect metric combinations, like using the F1 score for count-
ing and IoU for overlap, have limitations discussed in the
Analysis of Segmentation Metrics chapter. Other works have
also criticized the usage of the PQ metric in cell nuclei seg-
mentation (Foucart, Debeir, and Decaestecker 2023).

Recently, the Brats2023 challenge (Moawad et al. 2023)
started evaluating models based on a concept similar to
Panoptic Quality by combining the overlap-based Dice score
for all ground truth lesions, normalized by the number of all
ground truth lesions and the number of FPs. They call this
metric Lesion Dice (LD) and it is defined as follows:

LD =

∑
i∈(TP∪FN) Dice(i)

|TP|+ |FP|+ |FN| (4)

The assessment of TP, FP, and FN is, as in PQ, based on
an overlap-based criterion. However, LD does not demand
the strict IoU > 0.5 threshold which, as a consequence
no longer guarantees a unique matching of prediction and
ground truth.

Boundary-based Semantic Segmentation Measures
Boundary-based measures evaluate the quality of seg-
mentations by focusing on the accuracy of the predicted
boundaries relative to the ground truth. Two common met-
rics are Boundary IoU (Cheng et al. 2021) and (Normalized)
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Surface Dice (NSD) (Nikolov et al. 2021; Seidlitz et al.
2022). These metrics modify the traditional overlap-based
metrics by considering only pixels within a specified
distance from the boundary, emphasizing edge alignment.
They are particularly useful in applications where boundary
accuracy is crucial, such as pathology delimitation. The
NSD is defined as follows:

NSD =
|Sτ |+ |Pτ |
|S|+ |P | (5)

where Sτ = {s ∈ S | ∃p ∈ P, d(s, p) ≤ τ} is the set of
surface pixels of the ground truth S that are closer than a
threshold τ to any of the surface pixels p of the predicted sur-
face P . Pτ and P are defined similarly. For improved read-
ability, we will use the term Surface Dice interchangeably
with normalized Surface Dice, with both terms consistently
referring to the normalized metric throughout this work.

Distance-based Semantic Segmentation Measures
Distance-based measures quantify segmentation quality by
evaluating the spatial distance between predicted and ground
truth boundaries. The Hausdorff Distance (HD) (Hausdorff
1914) measures the maximum distance from a point on the
boundary of one set to the closest point on the boundary of
another set, highlighting worst-case boundary errors.

HD = max

(
sup
p∈P

inf
s∈S

d(p, s), sup
s∈S

inf
p∈P

d(s, p)

)
(6)

As this measure is susceptible to outliers, researchers have
started to report the 95th percentile, instead of the maximum
distance which is known as the HD95 score. This worst-case
behavior makes the metric less sensitive to small changes,
especially for a large number of points (Taha and Hanbury
2015).

Another popular metric is the Average Surface Dis-
tance (Heimann et al. 2009) which computes the mean dis-
tance between corresponding points on the surfaces, provid-
ing an overall assessment of boundary alignment.

CC-Metrics
In this section, we introduce our proposed CC-Metrics eval-
uation protocol, focusing on the specific case of three di-
mensions (d = 3) due to its relevance in medical volumetric
multi-instance semantic segmentation.

Consider an image I ∈ R3 and a binary target segmen-
tation mask S ∈ {0, 1}h×w×d, where h,w, d denote height,
width and depth respectively. Further, consider a neural net-
work f computing binary predictions P ∈ {0, 1}h×w×d
given the image f(I) = P . To evaluate the quality Q of
the prediction P , given the target segmentation mask S, the
standard approach is, to use a metric m, taking both P and
S and computing Q = m(P, S). Typically, metric m gener-
ates a single quality measure, which globally measures some
form of agreement between P and S. In the default setup, all
predictions p ∈ P and target segmentations s ∈ S will be
passed to the metric which results in the default global qual-
ity measure Qmdef . In the following, we derive CC-Metrics
by first introducing a generalized Voronoi diagram, which

partitions the image space according to connected compo-
nents of the ground truth S.

Definition of the Generalized Voronoi Diagram
Consider the standard definition of a Voronoi diagram in
a discrete three-dimensional metric space T with distance
function d, where T is a set of discrete points such as the
indices of a tensor, or the integer lattice points in R3. Let
K ⊂ T be a set of indices (3-tuples) which in our case can
be thought of as a set of discrete locations in T. To define the
Voronoi diagram, a nonempty set of points {Jk}k∈K serves
to define the sites of the diagram. Based on these definitions,
a Voronoi Region Rk is the set of all points in T that are
closer to {Jk}k∈K , measured by distance function d than to
any other site {Jl}l∈K with k 6= l. We define the distance
function d : T × K 7→ R : d(t, k) = ‖t − k‖2 as a map-
ping from any location t in T and the location of any point
{Jk}k∈K to their Euclidean distance. The standard Voronoi
region Rk is thus defined as
Definition 1. Voronoi Region

Rk = {t ∈ T |d(t, Jk) < d(t, Jl) ∀k, l ∈ K, k 6= l}

This is the core concept according to which we plan to
partition a given image tensor into regions. In our setup, the
connected components of S will serve as the sites accord-
ing to which the Voronoi regions are defined. As these com-
ponents in most cases contain more than one single n-tuple
(location) per Vornoi site, we expand the previous Def. 1
by allowing connected components to form the sites. We
expand the definition of K by introducing K which bun-
dles all points {Jk}k∈K into subsets based on their con-
nectivity. Regarding the definition of connectivity, we rely
on the concept of 26-connectivity. We define a function
conn26 : K ×K 7→ {True, False}, which takes the locations
of two points Jk1 and Jk2 as inputs and determines whether
they are 26 connected. The points Jk1 and Jk2 are connected
if k1 = (a, b, c) and k2 = (d, e, f) meet the following con-
dition:
Definition 2. 26-connectivity

|a− d| ≤ 1 ∧ |b− e| ≤ 1 ∧ |c− f | ≤ 1,

with (a, b, c) 6= (d, e, f)

Leveraging the established Def. 2, we can derive K which
contains all sets of connected components according to the
26-connectivity criteria.
Definition 3. Connected Component Sites

K ={C ⊆ K | ∀kx, ky ∈ C, ∃sequence(k1, k2, . . . , kl),
with kx = k1, ky = kl and conn26(ki, ki+1) ∀i < l}

This updated definition of Voronoi sites which we now
call C reflects the generalized notion from single points to
sets of connected points. We also modify the distance func-
tion to properly work on these sets of points, rather than two
individual points. The updated function d′ should map a lo-
cation t ∈ T and a set of points {JC}C∈K to a distance.
The intuition is, that each location should still be matched
to its closest site. We thus define d′ : T × K 7→ R as

3906



d′(t, C) = min
k∈C
‖t−k‖2 as the minimal distance to any loca-

tion k within the connecected component C ∈ K. With the
updated, distance function, the generalized Voronoi region
R′ can be easily defined as
Definition 4. Generalized Voronoi Region

R′
C =

{
t ∈ T | d′(t, JCk ) < d′(t, JCl)

∀Ck, Cl ∈ K, Ck 6= Cl}

Calculating CC-Metrics
After establishing the definition of the Generalized Voronoi
regions, the calculations of CC-Metrics is straight forward.

Let the current image I be defined over a metric space T
with indices (a, b, c) for the 3D volume and f(I) = P be
the predictions of a neural network. The target segmentation
mask S ∈ {0, 1}h×w×d can now be used to define the set of
indices K as

K = {(a, b, c) ∈ T | S(i, j, k) = 1}
In this definition, K includes all the indices where the target
segmentation mask has the value 1. GivenK, K can be com-
puted using the conn26 function and R′C can be computed
using Euclidean distance transforms. We show an algorithm
for the computation of R′C in the appendix.

We now define the local predictions PC for the region
R′C as PC = P ∩ R′C , where PC represents the set of
predicted points in the Voronoi region R′C . Similarly, we
only consider the target segmentation within the same re-
gion SC = S ∩R′C . We now compute the metric of interest
locally and separately for all regions

QmC = m(PC , SC) ∀C ∈ K
ensuring that the evaluation is constrained to the specific

region of interest.
We aggregate the different local quality measures using a

standard average

Qmglob =
1

|K|
∑
C∈K

QmC

Analysis of Segmentation Metrics
Within the following section, we analyze failure cases of
common semantic segmentation metrics used in a “detec-
tion via segmentation” scenario, based on a toy example. For
all of the following analyses, we start, unless noted other-
wise, with a ground truth consisting of three different sphere
components. A visualization of this ground truth is given in
Fig. 1. Initially, we assume a perfect prediction which we
then degrade step by step as described in the following sec-
tions.

Overlap Metrics: Dice vs. CC-Dice
First, we compare the Dice metric as an example of an
overlap-based metric. As an operation to degrade predic-
tions, we continuously apply binary erosion to the predic-
tion masks. We show the results of two experiments in

Fig. 2 in the top and middle plots. In the upper plot, we
uniformly apply erosion to all components. It’s important
to note that binary erosion removes a larger percentage of
volume from smaller spheres than from larger ones. As a
result, we observe that the individual Dice scores of three
components (three black dashed lines) decrease with differ-
ent speeds due to their different sizes. The global standard
Dice coefficient (blue line) decreases more slowly and al-
most follows the Dice of the largest connected component.
CC-Dice (orange line) decreases faster as it reflects the av-
erage per component Dice. In the second example (middle
plot), we only apply erosion to the smallest component. The
standard Dice is barely affected while CC-Dice quickly con-
verges to 66% reflecting perfect coverage for 2 components
and 0% Dice for the smallest component.

Unified Metrics: Panoptic Quality vs. CC-Dice
Panoptic Quality (PQ) (Kirillov et al. 2019) is a metric that
measures both recognition and segmentation quality, making
it suitable for comparison with CC-Dice.

We compare CC-Dice and PQ in Fig. 2 (top and middle
plot) under the previously described scenarios. We observe
two characteristic weaknesses of PQ. The first weakness is
evident at erosion steps 3, 7, and 14 in the upper plot, where
PQ drops rapidly. At other steps, the decline is smoother.
This occurs because, at these erosion steps, the three dif-
ferent segmentation components fall below the IoU > 0.5
thresholds relative to their ground truth, abruptly changing
each component from TP to FP and causing sharp drops
in the metric. In contrast, CC-Dice, which does not rely on
fixed thresholds, behaves much more smoothly.

Another consequence of fixed thresholds is best observed
in the middle plot of Fig. 2. Since PQ only measures seg-
mentation quality for TPs, the score remains flat once the
smallest component is no longer accepted as a TP. PQ does
not reflect changes in segmentation quality after falling be-
low this threshold. On the other hand, CC-Dice remains in-
formative even for low overlaps.

A second major negative property of PQ is the direct com-
bination of counting-based and overlap-based scores. As
mentioned earlier, once the IoU of a component drops below
0.5, it is no longer considered a TP but becomes an FP, which
negatively impacts the metric. However, after the component
is completely eroded, the PQ score increases again because
the presumed FP component is no longer present. This be-
havior is observed at erosion step 12 in the upper plot and
erosion step 20 in the middle plot. We find this behavior sub-
optimal, as it introduces inconsistencies and irregularities in
the evaluation of segmentation quality. The abrupt changes
in PQ due to the fixed IoU threshold can complicate network
evaluation, as minor variations in detected components may
drastically alter the score. Additionally, the increase in PQ
after a component is fully eroded is suboptimal, as it rewards
the absence of predictions rather than partially correct ones.
This is problematic in cases where missed components are
more harmful than False Positives. While not designed to
compete with PQ, CC-Dice provides a more consistent and
representative assessment of segmentation quality by avoid-
ing these issues.
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Lesion Dice vs. CC-Dice Besides PQ we compare Lesion
Dice (LD) as a second unified metric against CC-Dice.

LD requires the careful selection of many domain-specific
hyperparameters, such as dilating the ground truth n-times
to merge adjacent ground truth instances or ignoring pre-
dictions with components smaller than k milliliters. Many
of these parameters have to be chosen by experts (Moawad
et al. 2023). While this adds flexibility, it places the bur-
den of threshold selection on researchers and compli-
cates cross-domain comparisons. In contrast, CC-Dice is a
hyperparameter-free evaluation protocol.

Similar to PQ, LD directly incorporates the number of
false positives into the score if they form components larger
than k milliliters. This creates a challenge in selecting an ap-
propriate k value. If k is set high, the metric may ignore nu-
merous false positives below k without affecting the score.
Conversely, if k is low, even a few false positive pixels can
significantly lower the score, in this setting, we penalize the
model for uncertain predictions in a setting where the cost of
a false positive is much lower than that of a false negative.

Unlike PQ, Lesion-Dice does not demand an IoU > 0.5;
even a single overlapping pixel can determine a match be-
tween prediction and ground truth. This no longer guaran-
tees a unique matching, hence multiple masks with minimal
overlap can be counted as TPs.

The lower plot of Fig. 2 illustrates two pitfalls of LD. In
the left graph, we start with three spheres of equal size and
dilate the predicted masks. The Dice score (blue line) due
to each component being of equal size behaves in line with
CC-Dice (orange line). LD (green line) initially follows this
pattern, however, once two previously not connected masks
intersect, LS assigns the now connected mask as a TP to
both lesions thereby decreasing the scores massively as seen
at dilation steps 3 and 7.

The double assignment in LD also leads to unexpected
results, as demonstrated in the pitfall example on the right
side of the lower plot. LD assigns the mask as a TP to both
components individually. This leads to the scenario that two
separate masks of the same size are not preferred over a sin-
gle mask covering both components, despite the two masks
covering many more false-positive locations.

Distance Metrics: Hausdorff Distance vs.
CC-Hausdorff Distance
Distance-based metrics measure how far the boundaries of
two masks are from each other. While this approach can be
executed globally, large components, which naturally con-
tain the vast majority of surface points, limit the importance
of smaller components, either because their distances are
treated as outliers and ignored as in Hausdorff95 or count
little towards the average in Normalized Surface Distance.
We explore this behavior in Fig. 2. Again we start with the
spheres displayed in Fig. 1 and assume a perfect prediction.
We then gauge how the HD95 metric changes during the ero-
sion of the smallest segmentation mask versus the erosion
of the largest segmentation mask. It can be seen that using
the standard evaluation protocol, the small component is ig-
nored as its boundary distances are above the 95th percentile,
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Figure 2: Comparison of Dice, CC-Dice and Panoptic Qual-
ity: In the upper plot we start from a perfect prediction and
degrade prediction quality by applying erosion to all com-
ponents uniformly. In the middle plot we only degrade the
prediction of the smallest mask. In the lower plot, we com-
pare CC-Dice with Lesion Dice (LD) by using dilation to
simulate oversegmentation (left) and highlight a pitfall of
LD (right).
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Figure 3: Comparison of the standard Hausdorff95 metric
with the CC-Hausdorff95 metric (upper plot), as well as
standard Surface Dice with CC-Surface Dice (lower plot).
In both scenarios, we start from a perfect prediction and as-
sess the metric scores while degrading the prediction quality
of a large versus a small component.
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whereas eroding the largest component leads to a large in-
crease in the metric. Evaluating the HD95 distance on a per-
component basis normalizes the different number of bound-
ary pixels and only compares one ground truth mask to its
respective prediction. As desired, the CC-HD95 distances
behave almost identically whether we erode the largest seg-
mentation mask or the smallest segmentation mask.

Boundary-based Metric: Surface Dice vs
CC-Surface Dice
Boundary-based metrics suffer from the same problem as
overlap-based metrics when being evaluated globally. Large
components having long boundaries limit the influence of
smaller components. This behavior can be observed in the
bottom plot of Fig. 3. In this example, we use a shift opera-
tion to degrade prediction quality, as erosion would leave the
metric unchanged until the threshold τ in Eq. 5 is reached,
at which point it would drop to zero. When degrading the
largest component (blue line), the Surface Dice score de-
creases significantly, while degrading the smallest compo-
nent (orange line) barely affects the overall score. Evaluat-
ing on a per-component basis results in consistent scores for
the same operations, regardless of component size.

Evaluation
To evaluate the proposed CC-Metrics protocol on PET/CT
datasets, we conduct experiments on two publicly available
datasets: AutoPET (Gatidis et al. 2023) and HECKTOR (Or-
eiller et al. 2022), ensuring a comprehensive analysis across
different cancer types. These datasets were selected as Au-
toPET involves patients with an average of 10 metastases,
allowing us to assess performance in complex scenarios,
while HECKTOR includes patients with an average of only
2 metastases per image, providing a setting where we expect
standard metrics and CC-Metrics to be aligned.

We first simulate a range of different model failures using
synthetic predictions. Given that HECKTOR includes only a
few metastases per patient, AutoPET, with its higher average
number of metastases, provides a more suitable dataset for
our simulation. This choice allows us to effectively gauge
how CC-Metrics behave in comparison to the standard eval-
uation protocol on a dataset level. Next, we train segmenta-
tion models on both the AutoPET and HECKTOR datasets
and evaluate them using both approaches, ensuring that CC-
Metrics and standard metrics are assessed across scenarios
with varying metastasis counts.

Evaluation on Synthetic Prediction
We initially assume a perfect prediction for each image and
then apply a degrading function to progressively worsen and
edit this prediction over n steps. At each degrading step, we
aggregate predictions, considering patients with at least n
metastases when altering n components.

The simulation results for the AutoPET dataset are shown
in Fig. 4. The first row of each scenario simulates decreas-
ing prediction quality for the n smallest components, and
the second row for the n largest. We report the median along

with the 25th and 75th percentiles of standard metrics in or-
ange and CC-Metrics in blue.

False Negatives: We simulate the occurrence of false neg-
atives by dropping components. We observe that both stan-
dard Dice and Surface Dice are heavily skewed towards
large metastases. Even in the scenario where the 10 small-
est metastases are not captured, the standard metrics are
barely affected. In contrast, CC-Dice and CC-Surface Dice
more accurately represent the expected degradation of pre-
diction quality and behave similarly regardless of whether
False Negatives are larger or smaller components.

Oversegmentation: We observe that overlap-based met-
rics as well as boundary-based metrics are dominated by
large components. The Distance-based metrics HD95 and
CC-HD95 have the capability to capture deviations of small
and large components. A major downside of the standard
Hausdorff metrics is, however, that they stay constant, re-
porting the global maximum distance for the standard HD
and the global 95th percentile for the HD95 metric. Due to
this worst-case behavior of the metrics, a single component
dominates the score, rendering how well other components
are segmented whose scores fall below the global worst-case
irrelevant. CC-HD95 on the other hand reports the average
per-component worst case and provides a more nuanced sig-
nal, allowing each component to influence the score.

Undersegmentation: In this scenario, we simulate under-
segmentation where the model misses parts of the tumor or
metastasis. We again observe CC-Metrics offering more nu-
anced insights into the prediction quality. Note that the stan-
dard HD95 metric first ignores errors when degrading the
smallest errors as they fall below the 95th percentile due
to the large number of global boundary pixels. Again CC-
HD95 is more informative.

False Positives: In this scenario, we add one component to
each of the n selected regions. For each tumor volume, we
randomly sample a location within the region defined by the
n largest or smallest components and insert a tumor there.
The inserted tumors have a volume representing the 25th
percentile of all metastasis volumes in the patient. We ob-
serve that CC-Dice and CC-Surface Dice are generally more
sensitive to false positive predictions than standard Dice and
Surface Dice under this simulation scenario.

Evaluation of Real Predictions
We train 4 segmentation models, namly nnUNet (Isensee
et al. 2021), DynUNet (Isensee et al. 2019),
UNETR (Hatamizadeh et al. 2022), and Swin-
UNETR (Hatamizadeh et al. 2021). Except for nnUNet, we
use a consistent training process outlined in the appendix
across all models with varying capabilities to assess how
standard metrics and the novel CC-Metrics evaluate them,
focusing on metric comparison rather than optimizing
model performance. We report the evaluation of the model
predictions in Tab. 1.

On the AutoPET dataset with its high number of aver-
age metastases per patient, we find significant differences
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Figure 4: Comparison of standard and CC semantic segmentation metrics on the AutoPET dataset across multiple scenarios. In
each graph, the orange line represents the standard metric (e.g., Dice), and the blue line its CC-counterpart (e.g., CC-Dice).

AutoPET: High Metastases Count Dataset
Models Dice CC-Dice SD CC-SD HD CC-HD
nnUNet 67.5 47.4 66.3 52.5 71.1 46.4
DynUnet 33.5 30.5 28.5 32.8 190 114
UNETR 41.6 28.0 33.9 29.3 211 157
SUNETR 54.8 38.4 49.0 40.2 174 130

HECKTOR: Low Metastases Count Dataset
Models Dice CC-Dice SD CC-SD HD CC-HD
DynUnet 78.7 78.7 80.3 80.3 37.7 37.6
UNETR 60.8 60.7 56.8 56.8 151 151
SUNETR 72.3 72.3 71.2 71.3 113 113

Table 1: Comparing standard and CC Segmentation Metrics

between standard and CC-Metrics. The CC-Dice scores are
significantly lower for all models than the traditional Dice
scores. This disparity is most notable in models like nnUNet,
where the Dice score is 67.5, but the CC-Dice score drops
to 47.4, indicating that while traditional metrics might sug-
gest a model performs well, the large difference between
Dice and CC-Dice highlights the model is struggling with
smaller metastases. We also find that ranking models by
Dice and CC-Dice yields different results, with DynUNet
outperforming UNETR in CC-Dice despite its significantly
worse performance measured in standard Dice. Regarding
the Surface Dice (SD) score, we observe a similar picture as
for the Dice. The Hausdorff95 distance, abbreviated as HD

in the table, and its CC variant (CC-HD) show marked dif-
ferences, with CC-HD scores being generally lower, indicat-
ing better performance than the standard HD95. This result
is to be expected as the standard metric focuses on global
worst-case scenarios. The difference can be interpreted as
the difference between the global worst-case and the aver-
age per-component worst-case scenario for the dataset. This
effect is best shown in the simulation results in Fig. 4.

On the HECKTOR dataset, we find CC-Metrics to be very
well aligned with standard metrics for all models due to the
low average number of ground truth components, highlight-
ing that CC-Metrics do not bias results in unexpected ways.

Discussion and Conclusion
Within this work, we introduce CC-Metrics, an evaluation
protocol that assesses standard semantic segmentation met-
rics on a per-connected component basis. CC-Metrics pro-
vides complementary information to standard global met-
rics, making it a valuable tool for evaluating model perfor-
mances in the identified “detection via segmentation” sce-
nario. Our proximity-based segmentation to ground-truth
matching focuses on domains where the real-world distance
between neighboring pixels is constant, such as in MRI or
CT scans. While ideal for these cases, CC-Metrics can also
be applied to any domain with constant pixel distance such
as satellite imagery or microscopy images.
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Württemberg and by the Federal Ministry of Education and
Research.

References
Carass, A.; Roy, S.; Gherman, A.; Reinhold, J. C.; Jesson,
A.; Arbel, T.; Maier, O.; Handels, H.; Ghafoorian, M.; Pla-
tel, B.; et al. 2020. Evaluating white matter lesion segmenta-
tions with refined Sørensen-Dice analysis. Scientific reports,
10(1): 8242.
Cheng, B.; Girshick, R.; Dollár, P.; Berg, A. C.; and Kirillov,
A. 2021. Boundary IoU: Improving object-centric image
segmentation evaluation. In Proceedings of the IEEE/CVF
conference on computer vision and pattern recognition,
15334–15342.
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