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Abstract

Uncertainty quantification is a vital component of the de-
velopment of models for medical semantic segmentation, as
we are increasingly faced with the question “when is ‘good’
good enough?”. A necessary part of the answer to this
will always involve understanding the variability of accept-
able segmentation results, which in turn requires the inter-
operator variability to be disclosed. This is a stumbling
block for many, as quantifying inter-operator variability is
expensive and time consuming - especially within medical
imaging. In this work we not only highlight how critical
understanding this variability is, but also provide a novel
framework to better understand and predict regions of vari-
ability by considering the texture of the scan. The source
code will be released upon publication.

1. Introduction

1.1. Semantic Segmentation

In computer vision, semantic segmentation is the task of
determining which pixels in a given image belong to a tar-
get class. Within medical imaging the output of semantic
segmentation can be used to take measurements [12], de-
tect abnormalities [16], and construct virtual copies of an
object [11]. However, ground truth segmentations are of-
ten time consuming (and therefore expensive) for a clini-
cian to produce manually [13]. This has necessitated the
development of segmentation models to reduce the amount
of clinician input needed to generate segmentations [2]. A
key difference between how a clinician produces a segmen-
tation versus a standard segmentation model is the use of
the object boundary. A clinician will define the object by its
boundary; for them it is clear which spaces are in the object
and which are not. In contrast, most models will define the
object as a collection of pixels, with no regard for which
ones form the boundary [17].

Inter-operator variability is an accepted issue across se-
mantic segmentation, whilst also providing a helpful mar-

Figure 1. Left: An example segmentation (yellow) within the area
of other clinician segmentations (purple). Top Right: A magnified
region with high variability. Bottom Right: A magnified region
with low variability.

gin of acceptable error for models. Despite the importance
of annotator variability, relatively few publicly available
datasets include variability statistics in their documentation.
When available, variability is often stated as a single mea-
surement (e.g. 0.05 DSC), with no further information on
how certain parts of a segmentation may be prone to higher
variability than others.

This paper has three aims:

1. To highlight how prevalent inter-operator variability is
within semantic segmentation data.

2. To demonstrate how the distribution of this variability is
often uneven.

3. To provide a framework for quantifying both the vari-
ability and its causes within a single image.

Predicting variability via models is a well-explored area;
however, these methods often struggle when trying to val-
idate their results against actual recorded uncertainty. The
ideal method to validate such a model would be to compare
it against the variability between a group of annotators; un-
fortunately, this is frequently unrealistic due to the cost of
annotation. Instead, if we could understand the causes of
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inter-operator variability then we may be able to assess the
performance of these models without the need for data fully
annotated by multiple clinicians.

1.2. Inter-Operator Variability

Inter-operator variability refers to the variability between
different annotators; in contrast to intra-operator variabil-
ity, which refers to the variability within the segmentations
done by the same annotator. Reporting inter-operator vari-
ability is particularly important if the dataset contains seg-
mentations drawn by multiple distinct annotators, as ’er-
rors‘ by the model may actually just be differences in an-
notator style.

As a basis for this work we considered the 18 seman-
tic segmentation challenges run in the MICCAI 2023 con-
ference, focusing on the number of annotators providing
the segmentations and the reported inter-operator variabil-
ity. This conference was chosen not only because it had a
large number of semantic segmentation challenges for med-
ical imaging, but the high-profile nature of the conference
meant that the datasets used received a lot of publicity, with
the prize money totaling in excess of $40K.

All of the challenges had a single annotation per image,
but many had split these between multiple annotators. Of
the 18 challenges, only 2 had a single clinician providing
all annotations and more than half of the challenges had 5
or more clinicians providing annotations [3]. In the chal-
lenges where the exact number of annotators was not given,
it was made clear that there were still multiple annotators.
This means that we can expect inter-operator variability to
be present in at least 16 of the challenges.

Despite this, only 6 of these 16 challenges quantified
the annotator uncertainty in some way, and of those the
uncertainty was often described in a vague or unhelpful
manner. For example, the autoPET 2023 challenge only
describes the uncertainty in defining lesion boundaries by
saying “The difference in segmentation volumes can range
Sfrom 5-30%" [7].

The datasets used in these challenges will likely go on to
be used in many further studies, yet most provide no warn-
ing that multiple annotators were used or state the likely
variability in the ground truths. As it would be unrealistic
to expect each image to be annotated by multiple clinicians,
we will instead provide a method to allow single annota-
tions to reflect the uncertainty in the boundary.

2. Existing Work
2.1. Predicting Uncertainty

Previous work in predicting which areas of a ground truth
are likely to be the most uncertain often involves methods
such as training a model multiple times with different pa-
rameters, such as MC Dropout which uses different dropout

conditions [5]. The variance in the results on the same im-
age can then be used as a prediction for the uncertainty of
that model. Another example is CoraNet [15], in which the
model is trained with a conservative setting and a radical
setting to determine which regions are the most likely to be
uncertain.

Other methods consider that different annotators will
have different styles and that some annotators may be more
senior and therefore should be considered ‘more correct’.
An example of this can be seen in the work by Ji et al. [9],
which looked to calibrate multiple annotations with exper-
tise levels in order to produce a model that could emulate
an expert annotator.

2.2. Annotation Reliability

The standard way to increase the reliability of an annota-
tion is to have the annotation repeated, either by the same
clinician (to increase intra-operator reliability) or by mul-
tiple clinicians (to increase inter-operator reliability). The
annotations are then often combined into a single annota-
tion, by methods such as majority voting [6] or the STA-
PLE algorithm, which forms a probabilistic estimate of the
‘true’ ground truth and weights the annotator segmentations
accordingly [18].

3. Method
3.1. Data

In order to properly assess the relationship between vari-
ability, noise, and segmentation regions, we searched for
publicly available semantic segmentation data with at least
three annotations per image. The resulting datasets were
then reduced to those of universal physiological features
(i.e. not lesions, tumors, or other features that have no set
location). The reason for this was that we wanted to focus
on tasks where the target segmentation had a fixed known
location, and therefore have neighboring structures in the
same place in each image.

This search resulted in just three datasets: the QUBIQ
Prostate dataset, the RIGA fundus dataset, and the Grey
Matter (GM) Spinal dataset. Each of these datasets has two
tasks per image, resulting in six unique tasks overall. Ex-
amples from each dataset can be seen in Figure 2.

3.1.1. QUBIQ Prostate

The QUBIQ Prostate data is a dataset of prostate MRI im-
ages, made available for the QUBIQ challenge [10]. It con-
tains 48 2D MRI slices, where each slice has been annotated
for two tasks by an expert clinician. The challenge does not
describe what the two tasks are segmenting, but it appears
that Task 1 is the total prostate volume and Task 2 is the
transitional zone volume [19].
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Figure 2. Example segmentations for both tasks for each of: QUBIQ Prostate (Left), GM Spinal (Centre), RIGA (Right)

Figure 3. Far Left: A scan from the second QUBIQ Prostate task with multiple annotati@ester Left: The area disputed between
annotatorsCenter Right:The disputed area split into 36 boundary regiddsnter Right:The corresponding graph showing the change in
disputed area width, as described in Section 3.4.1.

3.1.2. RIGA 3.2. Disputed and Agreed Areas

The RIGA dataset contains 750 fundus images from three|n order to assess how annotator variability changes across
different sources [1]. Each fundus image has the optic disca segmentation, we rst need to establish which parts of the
(Task 1) and optic cup (Task 2) annotated by six experi- segmentation are contributing towards the variability.

enced ophthalmologists. Of the three sources (MESSIDOR,  For a set of annotations we consider theagreed seg-

Bin Rushed, and Magrabi), the MESSIDOR subset has 460mentation AS(A) and thedisputed segmentatiddSA).
images, the Bin Rushed set has 195, and the Magrabi set The agreed area is the intersection of all annotations:
has 95. The Bin Rushed images are dif cult to use due to \

the ground truths being compressed on top of the fundus AS(A) = a

images as single JPEG images, so we removed this subset ai2A

from the analysis. The disputed area is the area that is included by at least

3.1.3. GM Spinal one annotator, but not all annotators:

The GM Spinal Cord _S_egmentation Challenge dgta was re- DS= [ a ASA)
leased in 2017, containing 3D MRI data for 80 patients from
4 sites, resulting in a total of 407 2D slices [14]. Each ) ) .
slice was annotated by four expert raters, who manually seg-  Finally, we will also refer to thetotal segmentation
mented the white matter (Task 1) and gray matter (Task 2). TS(A), which is the union of the disputed and agreed ar-
The software used to assist the annotations varied betwee&as-

annotators, and is described in the GM Spinal publication. ~ An example of the disputed area can be seen in Figure 3.

ai2A

3.1.4. Pre Processing

Each image was converted to 256 levels, with values nor-
malized within this range. No other pre-processing was ap-In order to compare variability between the same areas, we
plied. split the disputed area into non-overlapping regions. The

3.3. Boundary Regions



of the boundary of the agreed area (each of these pixels has
width 0).

Using these regions, we can investigate whether particuz
lar regions of a segmentation have consistently higher interz
operator variability or changes in texture.

3.4. Inter-Operator Variability

3.4.1. Disputed Area Width

To measure the average width of the disputed area for a rex
gion we consider the width for each pom2 RM, where
Figure 4. Left: An example of 8 regions for the GM Spinal Task RM is the intersection of regioR and the medial axis. The
1. Right: An example of 8 regions for the GM Spinal Task 2, with \yidth atp is the shortest distance to the boundary of the
centroid aligned to the left to allow more meaningful separation. disputed area.
Rather than the absolute width, we instead measure the
percentage change between the widthat pointp and the

exact value of is determined using the minimum boundary mean widthw. The mean change in widthW for region

length across the entire dataset, with the constraint that eac

: : . : is then:
region must always contain at least one pixel.

The region each pixgd belongs to is determined by the WR = 100 X
angle betweemp and the centroiat of the agreed area for R = i RM j Wp

all tasks except Task 2 of the GM Spinal data. In this task, PZRM

the concave shape of the gray matter meant that more mean- A region with a high change in width will have a higher
ingful regions were created by instead using a left aligned inter-operator variability than a region in the same image

centroid, as seen in Figure 4. with a lower change in width.
nel;o;gwenn andc the regions oflisp (A) are then de- 3.4.2. Dice Similarity Coef cient
' The second method we will use to measure the inter:
Ro icn = f p2disp (A) j operator variability between regions is the change in the
1 Dice Similarity Coef cient (DSC) [4]. DSC is commonly
i o tan 125’73 <i+lg used in medical imaging semantic segmentation as a way ta
X

measure the similarity of two segmentations, and as such is
An example of this for 36 regions can be seen in Figure also often used to record mter-gperator variability. .
3 The value ofDSC for a regionR measures the sim-

This method has some weaknesses; regions with a Ionge'rIarlty between the total segmentatidis and the agreed

medial axis (i.e. higher irregularity) are greater representedsegmematlom\s'

then those with a shorter medial axis, and if the medial axis

is not convex then multiple disconnected segments of the TSk, = R\ TS )
axis could potentially be included in the same region. A '

more nuanced method would be an improvement for future AS, = R\ AS . @
work. - _ DSC(R)= — AR @3)
For an object with genus 0 the disputed area almost al- JASR, j+ TSR, |

ways appears as a band around the boundary of the object, )
as the topology of the object is generally not disputed. An ~ We then evaluate DSC as the percentage difference
exception to this is seen in the GM Spinal data, where the 292inst the value dSC for all regions DSC([ R):
segmentations are so small that the disputed area is often 100DSC(R)
only 1 pixel wide, and interrupted by sections with no dis- DSC(R)= —/—————
puted area. DSC( R

In the simple case where the disputed area is an uninter-
rupted band, we can measure the width by iterating across3 5. Texture
the medial axis of the disputed area: the width is calculated ™"~
as the shorted distance to the boundary of the disputed arealhe aim for this paper is to compare inter-operator vari-
In cases where the medial axis is a set of disconnect segability to a textures measures that could be obtained from
ments, we instead join them with the corresponding sectionsa dataset with just one annotation per image. We therefore



each other, whereas one with low energy will have pixels of
different intensities "mixed' with each other. For a pgint
with GLCM matrix P, the energy is then:

levils 1
e(p) = Pij ( log(Pi; )

i;j =0
Figurg 5.Left: A GM Spinal image with patch inrecCenter: The For a segmentation boundary regin the mean change
magni ed patch.Right: The corresponding patch GLCM. in energy is calculated against the mean segmentation ens

ergye:
_ 100 X o
TR P

P2ZR

Examples of patches with low versus high energy can be
seen in the rows of Figure 6.

3.5.2. Dissimilarity

Dissimilarity is a measure of contrast within the patch [8].
A GLCM with high dissimilarity will have low contrast, re-
gardless of the order of the pixels or the absolute values
compared to the rest of the image. For a ppinith GLCM
matrix P, the dissimilarity is calculated as:

K 1
d(p) = Pij ji 0]
i;j =0
Figure 6. Example patches showing combinations of high and low
energy and dissimilarity, for a GLCM with comparison distance of Similarly, for a segmentation boundary regiBnthe mean
1 pixel and horizontal direction. Within each patch the difference change in dissimilarity is calculated against the mean segz
in intensity between each pixel and its horizontal neighbour is the mentation dissimilarityl:
same.

X
measure the texture for each pomnélong the boundary of P2R
each individual segmentation for the six tasks. Examples of patches with low versus high dissimilarity can

For each poinp on the segmentation boundaries we as- be seen in the columns of Figure 6. In these examples we
sess the texture using a Gray Level Co-occurrence Matrixcan also see how the combination of energy and dissimilars
(GLCM) for a patchP of sizem centered aroung [8]. ity affects how easily a boundary can be identi ed. Patches
The value ofm is dependent on the smallest segmentation with a continuous edge that runs perpendicular till
area in the dataset for that task. The GLCM identi es the have a higher energy, and this edge will be easier to detect
frequency that each intensity level occurs within the patch if the dissimilarity is higher. In areas with low dissimilarity
with a distance ofl and along an axis of degrees. This  any boundaries will be much harder to make out — an indi-
matrix is then used to compute the energy and dissimilarity cator that the patch is monotone, with no clear boundaries;
values. is high energy with low dissimilarity.

The value of for a pointp is decided using the angle
of p from the centroict, as described in Section 3.3. This 4. Results
approximately gives a value ofthat is perpendicular to the L
boundary, in order to identify any clear boundaries in the 4.1. Overall Variability
original scan. An example patch and corresponding GLCM The mean size and standard deviation for the total segmens

matrix can be seen in Figure 5. tation area can be seen in Table 1, which shows the sul
stantial difference in size between the QUBIQ and RIGA
3.5.1. Energy tasks versus the GM Spinal tasks. The RIGA tasks also

The energy of the GLCM measures how orderly the pixel have a much larger standard deviation of the total segmers:
value differences are within the patch [8]. A GLCM with tation area, corroborating the need for variation measures
high energy will have pixels of similar intensities close to that do not use absolute pixel values.



QUBIQ Prostate RIGA GM Spinal

Task 1 Task 2 Task 1 Task2 Task1l Task?2
Mean 44075.4 28901.3 52452.7 18523.8 9905 527.2
S.D. 14339.8 14185.5 66009.5 25454.6 194.7 93.5

Table 1. Total segmentation area in pixels (mean and standard deviation) for all tasks.

QUBIQ Prostate RIGA GM Spinal

Task1l Task2 Task1l Task2 Taskl Task2
Mean 20.0% 39.0% 17.3% 53.6% 13.8% 45.7%
S.D. 44% 13.8% 55% 155% 3.7% 6.6%

Table 2. Proportion of disputed area (mean and standard deviation) for all tasks.

Figure 7. Inter-operator variability and texture measures by region for the QUBIQ Prostate Tasks

Table 2 then shows the overall size of the disputed areatasks having notably lower DSC scores.
as a proportion of the total segmentation for all six tasks. o )
Although this measurement does not show how variability 4-2. Variability and Texture by Region

changes across regions of a segmentation, we can see thadyr each of the three datasets, we report the disputed area

across all six tasks the disputed area was a signi cant pro-yidth, DSC, energy, and dissimilarity as a mean value for

portion of the total segmentation. each region. These results can be seen in Figures 7, 8, and
An interesting observation is that the second task for 9 as polar graphs, with the angular coordinate representing

each of the three datasets had a notable increase in the prahe angle of each region from the centroid and the radiat
portion of the disputed area. The second feature for thesecoordinate representing the measured value.

datasets was always entirely contained within the rst task

(and therefore smaller). The cause for this increase in vari-4-2.1. QUBIQ Prostate Data

ability could theoretically be because annotators made seg-The results for the QUBIQ Prostate data can be seen in Figs

mentations for both tasks at the same time, and did not zoomure 7. For both tasks there is a clear increase in variability:

in on the second smaller task. in the center left regions, with an average increase in width
Finally, Table 3 shows the DSC values between the of up to 80% in Task 1 and 50% in Task 2. This corresponds

agreed and total segmentation areas for all tasks. The obto a decrease in region DSC of up to -10% in both cases (as

servations here are similar to that of table 2, with the secondTask 1 is of a larger volume).



QUBIQ Prostate RIGA GM Spinal

Task1l Task2 Taskl Task2 Taskl Task2
Mean 0.882 0.792 0.899 0.608 0.925 0.705
S.D. 0.029 0.136 0.036 0.154 0.021 0.055

Table 3. DSC between agreed area and total segmentation area (mean and standard deviation) for all tasks.

Figure 8. Inter-operator variability and texture measures by region for the RIGA Fundus Tasks

For both tasks, the increase in width in the center right blood vessels present will take up a larger proportion of:
regions corresponds to a similar increase in energy for thethe volume than with the optic disc. Despite the symmetry:
same regions, as well as a decrease in dissimilarity. As men-of the texture measurements the variability is much more
tioned in Section 3.5.2 the combination of high energy with asymmetric, with a notable decrease in variability in the top
low dissimilarity indicates a monotone region, which ap- center segment.

h here. :
pears to be the case here 4.2.3. GM Spinal Data

4.2.2. RIGA Fundus Data The results for the GM Spinal data can be seen in Figure
The results for the RIGA fundus data can be seen in Figure9.This data was the most dif cult to analyze due to the rel-
8. As with the QUBIQ data a similar magnitude of differ- ative size of the segmentations and the complex “butter y'
ence in width (+15% for Task 1 and -18% in Task 2) results shape of the second task. The width of the disputed area
in a much greater effect in region DSC for the task with a was rarely greater than one pixel for both tasks, causing any
smaller overall volume. slight variations to have a disproportionate affect on the re«
A contributing factor to variability that is not considered sults.
here is blood vessels obscuring the segmentation bound- Task 1 The rst task had relatively low variance per
aries. Though the blood vessels often run perpendicularregion in both width and DSC, with a slight increase in
to the boundary, they may still affect the texture measure-width for the right hand side and spikes of around +10%
ments. at the very top and bottom. The energy of the boundary:
Task 1 The optic disc task has a region of high energy was consistent for all annotators; however there were nos
and low dissimilarity at the center bottom region, corre- table changes in dissimilarity in the top and bottom quad-
sponding to a higher disputed area width. Though this arearants. These changes (ranging from -20% to +10%) oc
is less monotone than in the QUBIQ data, it once again cor-curred where the boundary becomes the most convex, which
relates to an increase in variability. may have caused a lack in visible features for annotators to
Task 2 Due to the smaller volume of the optic cup, any follow.
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