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ABSTRACT

For medical image segmentation, deep learning approaches using convolutional neural networks (CNNs) are
currently superseding classical methods. For good accuracy, large annotated training data sets are required.
As expert annotations are costly to acquire, crowdsourcing–obtaining several annotations from a large group
of non-experts–has been proposed. Medical applications, however, require a high accuracy of the segmented
regions. It is agreed that a larger training set yields increased CNN performance. However, it is unclear, to
which quality standards the annotations need to comply to for sufficient accuracy. In case of crowdsourcing, this
translates to the question on how many annotations per image need to be obtained.
In this work, we investigate the effect of the annotation quality used for model training on the predicted
results of a CNN. Several annotation sets with different quality levels were generated using the Simultaneous
Truth and Performance Level Estimation (STAPLE) algorithm on crowdsourced segmentations. CNN models
were trained using these annotations and the results were compared to a ground-truth. It was found that
increasing annotation quality results in a better performance of the CNN in a logarithmic way.
Furthermore, we evaluated whether a higher number of annotations can compensate lower annotation quality
by comparing CNN predictions from models trained on differently sized training data sets. We found that when
a minimum quality of at least 3 annotations per image can be acquired, it is more efficient to then distribute
crowdsourced annotations over as many images as possible.
The results can serve as a guideline for the image assignment mechanism of future crowdsourcing applications.
The usage of gamification, i.e., getting users to segment as many images of a data set as possible for fun, is
motivated.
Keywords: Crowdsourcing, STAPLE, Ground-truth, Silver-standards, CNN

1. INTRODUCTION
Image segmentation is the task of extracting one or multiple coherent regions from an image. Segmentation is
relevant for several current challenges in signal and image processing. Typical examples are scene understanding
and relationship modeling for autonomous driving or handwriting recognition for advanced user interaction.1
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1.1 Background
In medicine, image segmentation is a crucial part of magnetic resonance imaging (MRI) and computed tomography (CT) image analysis. While in other domains, localization of a squared region of interest (ROI) is sufficient,
medical imaging usually requires the precise delineation of boundaries. Common use cases include the determination of size and shape of cancer tissue or the distinction between healthy and pathological tissue areas, e.g.,
to determine where a tumor resection or ray treatment should be applied. In other cases, segmentation is a
preprocessing step for subsequent analysis, e.g., color analysis within a spatial area. For example, in the use
case of automatic grading of hyperemia, a precise segmentation is necessary to reduce the noise for the following
stage of redness calculation.2
To obtain a reliable segmentation, highly skilled experts are needed who manually annotate images using
specialized software tools. However, this approach suffers from two drawbacks: First, a subjective bias might be
introduced depending on the education and interpretation of the particular expert. To reduce this bias, more
experts could be hired to obtain multiple annotations per image which then can be averaged. But, evidently
increasing the number of experts increases the costs. Second, many scientific studies require the evaluation of
very large data sets, which increases the annotation cost again. To reduce manual annotation effort, automation
approaches have been investigated. Most successfully, deep learning methods have been applied. However, these
methods rely on annotated reference data sets as well. It is agreed that the best results can be obtained when
the reference data set is large. Unfortunately, in the context of medical use cases, large-scale human-annotated
data sets are rarely publicly available and often costly.3–6
To overcome the mentioned problems, the method of crowdsourcing was proposed. Crowdsourcing describes
the idea of using the “wisdom of the crowds”, namely using a larger group of non-expert raters, to substitute
for costly expert annotations.7–9 The quality of these crowdsourced annotations is necessarily dependent on the
difficulty of the performed task and the skill of the human raters forming the crowd.10 Therefore, when these
annotations are used for the training of neural networks (NN), other authors recommend applying some form
of quality control.6, 11 The general idea is to let multiple raters annotate the same image and then calculate a
consensus of all available annotations. Using this approach, a less biased set of annotations with nearly expert-like
quality is expected.12–14

1.2 Problem
To sum up, it is consensus that the segmentation performance of a neural network depends on the size of the
training data set.3, 15, 16 To get a sufficient amount of training data, crowdsourcing can be used.11, 17, 18
In a setting with limited resources however, only a limited number of annotations can be obtained (regardless
of using expert or crowdsourced annotations). Little to no evidence however is available on guidelines how
to distribute crowdsourced annotations over a data set, when the segmentation using deep neural networks is
desired. The parameter of interest in comparative overviews is prominently the amount of training data.16 A
quantitative analysis on the impact of annotation quality on training performance in the context of crowdsourcing
is not known to the authors.

1.3 Research questions
In our setting, we assume that an extensive image data set is at hand which is too large to spend time and money
for a manual segmentation of all data by experts. The problem shall be solved using a neural network trained
on crowdsourced annotations from non-experts. We need to decide, how to distribute the available resources
(workforce/money). It is the question of how much of the data set has to be segmented, how often, and by
whom.11 Therefore, we pose two research questions for the following work:
 RQ-A: How does the quality of the annotations influence the segmentation results of the NN?
 RQ-B: Can we compensate the lack of high-quality annotations for few images with low-quality annotations
on more images?

To tackle these questions, we first summarize existing automatic segmentation methods in the following,
before later on setting up our experiment and analyze the results.
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2. STATE OF THE ART
Formally, segmentation reflects a classification at pixel level: Each pixel needs to be classified as belonging to
a certain class. However, as an isolated pixel does not contain enough information, surrounding pixels must be
considered as well. The most simple form of image segmentation is binary classification into foreground (or ROI)
and background. Multi-class segmentation detects several classes of regions in an image, e.g., A, B, C and D.

2.1 Classical segmentation techniques
Depending on the layer of abstraction, classical segmentation techniques can be divided into pixel-, edge-, textureor region-based methods.19 Each class of methods has their own advantages and drawbacks. Pixel-based algorithms only use information from one pixel and thresholds to determine the class that this pixel belongs to.
Algorithms operating on a higher abstraction level are more widely used. For example, a popular region-based
algorithm is “region growing”, where adjacent pixels are assigned to the same class if their pixel values are
close according to some predefined closeness criterion.20 Furthermore, edge-based algorithms like the “watershed algorithm” apply operators to the image for detecting edges. By doing so, they detect separate classes of
pixels. These gradient operators depend on a well-defined step edge to reduce false positive and false negative
classifications. In many cases, a combination of multiple of these heuristic techniques are necessary to achieve
the segmentation goal.20
In summary, a wide variety of classical segmentation methods is available. However, selecting the “right”
technology and the best parameters for a particular application is difficult as they often lack generalizability,
e.g., over different data sets and use cases.20

2.2 Machine learning techniques
To overcome manually tuned parameters, machine learning is applied. These methods “learn” the best parameters for a use case by applying optimization techniques to a given set of training images. Either the pixel classes
are known (ground truth) for the training data or a reward function is used. However, this requires the image
features (e.g., certain pixel values, detected edges) on which the method operates, to be defined a priori.
An example for a machine learning-based segmentation method is the trainable Weka segmentation.21 It uses
machine learning algorithms on selected image features to create a texture-based segmentation. Fig. 1 shows two
Weka segmentations. In this case, the classifier was trained on two different image data sets, with the first being
images from Sirazitdinova et al.22 and the second being a non-public data set which contains similar images. In
the image from the first data set, the classifier segments the majority of the sclera correctly. In contrast, the
image from the second data set contains heterogeneous lighting conditions and is not segmented with a satisfying
accuracy. Large artifacts can be seen in the brighter areas.

Figure 1. Machine learning results from trainable Weka segmentation

As demonstrated by this example, the results of segmentation largely depends on the selection of training
images, features and their similarity to the images which are segmented. If available, using more images that
are similar to the desired use case can improve the accuracy of segmentation. However, this quickly leads to the
risk of “overfitting”, i.e., specializing the classifier too much to a given data set that it performs poorly when
applied to a slightly different case.

Proc. of SPIE Vol. 11601 116010C-3
Downloaded From: https://www.spiedigitallibrary.org/conference-proceedings-of-spie on 15 Feb 2021
Terms of Use: https://www.spiedigitallibrary.org/terms-of-use

2.3 Deep learning approaches
To overcome the need for manual feature selection and tuning, the concept of deep neural networks has emerged
from the family of machine learning algorithms. In contrast to the hand-crafted features from classical image
processing techniques, the features are learned by the network during training. In this way, the network learns
to recognize edges and corners, then outlines and shapes, if this suits the desired output. Typical use cases are
classification of image content, for example, people, cars, or street signs.
2.3.1 General concept
The key concept of neural networks is the usage of artificial neurons that store information about their state
of activation. These neurons are usually organized in layers (groups of neurons) connected to some or all other
neurons of adjacent layers using a set of weights. If several layers are used, the methods are referred to as “deep
learning” (DL) methods.
A lot of DL networks have been proposed. They differ in architecture, data basis, training strategy and
implementation, and achieve different performance in solving a specific problem.15 Successful approaches exist,
among others, in handwriting recognition and object classification.1 There is also an active interest in directly
adopting DL architectures for pixel-wise labeling.23–25
2.3.2 Commonly used architectures for image segmentation
For image segmentation, convolutional neural networks (CNNs) are used frequently. Their strength relies on
the inclusion of locality, i.e., the relationship between neighboring pixel. This is done by recurring and shared
parameters to mimic convolution operators. In popular segmentation architectures such as U-Net or SegNet,1, 26
the information represented in the annotation is simplified in the encoder (downsampling) to learn the features.
The decoder then attempts to reconstruct the original information (upsampling). This is done by means of
learned features or architectural techniques that make previously lost information available again for later layers.
CNNs are known to perform more efficiently on grid-like data (like images) than other networks15 with
supervised CNNs currently known as the most successful method for segmentation.3 Furthermore, the feasibility
of using crowdsourced annotations for training CNNs has been demonstrated by related works.6, 11

3. MATERIALS AND METHODS
We first define the variables under considerations, namely what we mean by data sets, ground truth (GT), quality
of annotations, and segmentation performance. Subsequently, define testing scenarios on the available data sets
to compute the variables of interest.

3.1 Definitions
3.1.1 Data sets
An image can be seen as a matrix of pixels M . Let’s define a set I consisting of n images as:
I = { Mi | i ∈ [1 . . . n]}

(1)

and a set of annotations to these images as A with m available annotations per image as:
A = { Ai,j | i ∈ [1 . . . n], j ∈ [1 . . . m] }

(2)

where the annotation Ai,j is the j-th annotation to image i. The annotations take again the form of a matrix
of pixels with the same dimensions as the image. For the binary segmentation, pixel values of 1 indicate that a
pixel belongs to the ROI; a value 0 indicates the classification as background.
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3.1.2 Ground truth
The term “ground truth” (GT) usually refers to the correct (true) segmentation, where all pixels are assigned
to the semantically correct class. An automatic segmentation algorithm can then be compared to the GT, to
evaluate its performance.
Especially in medical image segmentation, it is often hard to determine a clear GT. Even when the reference
is obtained from domain experts, considered the “gold standard”,27 results will vary depending on the particular
rater.
A consensus algorithm can be used to estimate the best guess for the truth using multiple expert ratings.
These results are called the best “gold standard” available. Recently, it was also investigated how a higher
number of less experienced raters can compensate for lacking gold standards.6, 7, 13, 28 Most authors agree that
this “silver standard” can yield satisfying results if enough user ratings are taken into account so that the
consensus algorithm converges.
Due to lack of gold standard GT for the data sets considered in this work, we follow this approach. The
consensus algorithm used is the Simultaneous Truth and Performance Level Estimation (STAPLE) algorithm.
3.1.3 STAPLE
The STAPLE algorithm is used among others for segmentation involving multiple inputs and generation of GT
data.29 The algorithm was originally presented by Warfield et al.30 Using an expectation-maximization method,
the STAPLE algorithm yields a consensus segmentation as well as performance measures of each rater. This
allows an a posteriori assessment of all user ratings with respect to the estimated GT. It was found that the
training of CNNs on STAPLE masks results in a better generalization.6, 31, 32
Let Si,k (A) be the result of the STAPLE algorithm running on image i with the annotations Ai,1 . . . Ai,k .
Then, we define the set of STAPLE results obtained on the given image data set I, using k annotations per
image as
Sk (A) = { S1,k (A), S2,k (A), . . . , Sn,k (A) } | k ≤ m

(3)

where m was defined above as number of annotations per image.
3.1.4 Annotation quality levels
To investigate research question RQ-A, the term of “annotation quality” needs to be defined. We use this term
to describe how well a particular annotation complies to the GT. The highest annotation quality would therefore
be reached, if the annotation is equivalent to the GT. As describe above, we use the STAPLE algorithm to
generate the GT from all available annotations per image. To evaluate how a CNN would perform when trained
with annotations of lower quality, we need to develop a way of generating annotations of different quality levels.
In previous work,13 we investigated how the relative error with respect to the GT is reduced when taking
different subsets of annotations image. After running STAPLE for all available annotations, we also obtain an
a posteriori estimate for each rater’s performance. When performing STAPLE on subsets of annotations, and
including always the worst raters in these subsets, we can see a steep decrease in relative error when increasing
the number of annotations per image. In our case, a subset of the worst 5 annotations per image resulted in a
relative error of around 10%. For comparison, a subset of the 22 worst annotations yielded relative error of 2%,
when the GT was generated using 30 annotations per image.13
In this work, we re-use this knowledge to generate artificial annotations with different levels of quality using
the definition of STAPLE results above. In this sense, e.g., S5 (A) (taking the worst 5 annotations per image)
would be a set of low-quality annotations while S15 (A) (15 worst annotations per image) would be a set of higher
quality. In the same way, the GT is defined using all available annotations per image as Sm (A).
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3.1.5 Segmentation performance
In contrast to our previous work, the aim is not to compare different STAPLE results with each other, but
instead training a CNN with annotations of different quality levels. Afterwards, the CNN is used to predict
segmentations, which are compared to the GT to analyze the effect of different annotation quality levels. This
analysis is performed by using the F-score (also F1-score, F-measure). The F-score is based on precision p and
recall r and combines both measures into one metric:
F (Ain , Aref ) = 2 ·

p(Ain , Aref ) · r(Ain , Aref )
p(Ain , Aref ) + r(Ain , Aref )

(4)

3.2 Available data sets
Two data sets with images of human eyes and their corresponding annotations of the sclera are used. Both data
sets were collected within the evaluation study of the online segmentation tool WeLineation.13 All photos are
24-bit RGB images in the JPEG format and were originally taken in the resolution of 2992 x 2000 pixels. In
both studies, amateurs without medical background and expertise were asked to segment the sclera manually
using a point-based annotation tool.
The first data record contains 75 images with at least 24 user annotations per image. Due to the high
number of user annotations compared to the number of images, the data set is suitable for investigating how the
annotation quality affects the segmentation performance (RQ-A). For simplicity, we call the set of annotations
for this data set A in the following:
A = { Ai,j | i ∈ [1 . . . 75], j ∈ [1 . . . 24] }

(5)

The second available data set has a size of 936 images. A minimum of three annotations are available for
each image. Let B be the set of annotations to these images. Due to the high number of images compared to
number of annotations, the data set is suitable for investing the effect of high number of annotated images with
lower annotation quality level. We denote the second data set as:
B = { Bi,j | i ∈ [1 . . . 936], j ∈ [1 . . . 3]}

(6)

3.3 Experimental setup
We used the U-Net as network architecture,26 which is specially designed for segmentation tasks of medical
images with small training data sets.4 Specifically, we use the implementation of Yakubovskiy,33 which provides
a VGG-16 pre-trained model for the pyTorch framework (Table 1). We use an initial learning rate of 10−4 for the
decoder and 10−6 for the encoder. Both learning rates are adapted during training using the Adam optimizer.34
As preprocessing, input images and annotations are scaled to a uniform resolution of 640 x 427 pixels. To be
suitable for the CNN, we applied random padding such that the image dimensions are divisible by 64. Data
augmentations is applied using the albumentations framework.35 We use dynamic learning rate reduction and
early stopping as follows: if within three consecutive epochs, there is no improvement of the validation error by
at least 0.0008, the LR of the decoder is set to 10−5 . If this happens again within the next three iterations, we
expect no further improvements, the training of the current model is stopped.
The following data is collected during the training of the networks:
 number of last evaluated epoch
 F-score for training and validation set
 time stamp
 current learning rates and result of the early stopping mechanism
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Table 1. Hard- and software configuration for network training and testing.

Component

Version/model

Operating system

Ubuntu 18.04. LTS

Interpreter

Python 3.6

Processor

Intel i7 7700K

Graphics unit

NVIDIA GTX1070

CUDA runtime

10.1

pyTorch

torch 1.4
torchvision 0.5
segmentation-models-pytorch 0.1
albumentations 0.4.5

3.4 Testing scenarios
For the comparison of the CNNs performance, several models need to be trained. First, the splitting of data sets
into training, validation and test set is described. Then, the different subsets used for generating the models are
explained.
3.4.1 Data splits
The available data sets need to be partitioned into training, validation and test set. An existing data set I with
known annotation set A can therefore be dived in these three disjoint sets.
I = I train ∪ I valid ∪ I test

(7)

A = Atrain ∪ Avalid ∪ Atest

(8)

Despite the widely used training to test data ratio of 75:2536 and training to validation set ratio of 80:20,15
we use a ratio of 80:20 in each case because of the small data set A.
3.4.2 RQ-A: investigating annotation quality
To answer RQ-A, annotations of different quality levels are simulated with the STAPLE algorithm. Thereby,
different subsets of A are used. The corresponding image set I consists of n = 75 images.
In our specific scenario, we evaluated the subsets of the worst 1, 2, 3, 5, 10, 15, 20, and all existing annotations
per image to obtain the STAPLE results sets:
Sk (Atrain ) | k ∈ { 1, 2, 3, 5, 10, 15, 20, m }

(9)

For each of these sets, two models are trained using the U-Net architecture. Thereby for RQ-A the training
(I train ), validation (I valid ) and test sets (I test ) consist of 48, 12 and 15 images with corresponding annotation.
As the set of annotations A has a comparably high number of annotations per image (j ≥ 24), we use
the STAPLE results generated from all annotations per image respectively as a high-quality and reliable GT.
Therefore, the test set Sm (Atest ) is used in both testing scenarios for the comparison with the neural network’s
predictions.
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3.4.3 RQ-B: investigating annotation quantity
For the second research question, we investigate different sizes of training data sets. Therefore, we generated
several models using subsets of the available training data and compare the network’s predictions using the test
set defined for RQ-A.
In this case, we define subsets of the image set J and annotation set B. The total number of images contained
in J is 936 with at least 3 annotations per image available. Therefore, we perform the investigation on two quality
levels: using either one or three annotations per image. This allows a comparison between quality levels also for
this experiment.
Let Jl be a subset of images of data set J with a size of l images. Let Bl be the set of annotations for
these images. Necessarily, we have to divide the data sets again into a training and validation set for the model
generation: Bl = Bltrain ∪ Blvalid . The splitting is again done using an 80 : 20 ratio. As explained in the previous
section, we do not need a test split in this case as we re-use Atest for comparability. Therefore, the ratio of the
splits is not constant for these testing scenarios, as the number of test images is fixed at 15 while number of
training images is changed (Fig. 2).

Figure 2. Distribution of the training, validation and test splits for exemplary scenarios

As a result, we consider the following sets of STAPLE results for each of these subsets to train the neural
network models:
Sk (Bltrain ) | k ∈ { 1, 3 } , l ∈ { 60, 120, 180, 300, 450, 600, 900 }

(10)

These chosen subset quantities are chosen to obtain several directly comparable results. With the exception
of 450, each size is a multiple of 60, the number of images in I train . Furthermore, some models can be compared
with respect to quality or quantity, as they share the same amount of annotations necessary but used in different
ways: e.g., S3 (B60 ) and S1 (B180 ) are using 180 user annotations, but with different number of annotations per
image. The same holds for S3 (B300 ) and S1 (B900 ). In this way, these models can be compared to evaluate to
what extent higher numbers of training images compensates for the lower accuracy of the training annotations.
3.4.4 Model overview and comparison
Several models are generated using the different sets of STAPLE results. For easier distinction, we define
the following abbreviations. Let Nk (A) be the model generated by the training process of the U-Net on the
training data set Atrain . For RQ-A, this results in models N1 (A), N2 (A), . . . Nm (A). For RQ-B, we get models
N1 (B60 ), N1 (B120 ), . . . N1 (B900 ), N3 (B60 ), N3 (B120 ), . . . , N3 (B900 ) (Table 2).
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Table 2. Overview of all trained models for RQ-A and RQ-B.

RQ-A
RQ-B

N1 (A)

N2 (A)

N3 (A)

N5 (A)

N10 (A)

N15 (A)

N20 (A)

N1 (B60 )

N1 (B120 )

N1 (B180 )

N1 (B300 )

N1 (B450 )

N1 (B600 )

N1 (B900 )

N3 (B60 )

N3 (B120 )

N3 (B180 )

N3 (B300 )

N3 (B450 )

N3 (B600 )

N3 (B900 )

Nm (A)

Due to the network’s implementation to semi-randomly find weights and then determine the performance
of these, the training is not deterministic. This causes a deviation of the model parameters despite the same
settings for each trained model. This means that the result between neural networks varies even with the same
configuration. Due to this fact, two networks are trained per configuration and the better result will be evaluated
owing to the very limited optimization. On averaged results the finding are still accurate.
The predicted result of the neural network P (N, Mi ) is defined using weights from the model N , evaluating
the given input image Mi . For each test scenario, we calculate the F-score between the GT Sm and the predictions
of the neural network with model N evaluating the test set. This yields our average performance measure F̄ for
the segmentation results:
F̄ (N, Sm ) =



1 X
F
P
(N,
M
)),
S
(A)
i
i,m
Mi ∈I test
60

(11)

4. RESULTS
4.1 Results regarding the research questions
For RQ-A, 16 models have been trained. An increasing F-score can be observed with increasing annotation
quality level. Depending on the k annotations taken per image–fused to a single STAPLE result–the increase in
F-score takes a logarithmic form (Fig. 3).

Figure 3. Comparison of segmentation performance using different annotation quality levels. The evaluation on the test
set shows a minimum F-score of 0.89 with one annotation per image and a maximum of 0.946 using 27 annotations per
image.

In the second setting, we used varying sizes of the training data set. Increasing the size of the training
data set also logarithmically increases the F-score, as expected (Fig. 4, left). Using three annotations per image
further improves the results. The progression again takes a logarithmic form (Fig. 4, right). Also in this setting,
the usage of a higher quality GT leads to an increased F-score, with the highest value of 0.974 for the training
scenario with 900 images and three annotations per image.
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Figure 4. Comparison of segmentation performance using different numbers of training annotations. Left: one segmentation per image (lowest annotation quality) is used for training. Right: using three annotations per image.

As shown so far, the pure number of different images in DL segmentations using STAPLE masks does
not reflect a clear measure of the success of the DL segmentation. To investigate the relationship between
the associated number of annotations and the resulting F-score, we compared all trained models (Fig. 5). In
principle, the more segmentations are divided among different images, the better the segmentation result of the
neural network becomes.

Figure 5. Overall comparison of segmentation performance of all trained models with respect to F-score (blue curve, left
y-axis) and number of annotations needed for the models (orange curve, right y-axis). The colored horizontal lines serve
as a reference to the values of the best STAPLE trained model of RQ-A. Nns (A) is another model trained without the
use of STAPLE we will discuss.

4.2 Side results regarding STAPLE
Besides the models for RQ-A we trained another two on the same data set without using the STAPLE algorithm.
We used all annotations and therefore the images of set I multiple times. The training, validation and test set
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were divided accordingly to the other trained networks and guaranteeing that the same images were used in the
same sets. As a promising result of similar performance compared to the best STAPLE training based network
(Fig. 5, STAPLE based Nm (A) versus no STAPLE network Nns (A)) we conducted another experiment. We
slightly improved training and optimization, used the data data set B for training and validation of networks
and tested the networks performance on our defined ground truth level data from whole data set A including all
75 images. We trained six models with and without using STAPLE. We perceive similar performances resulting
in just small differences in the averaged F-score (Table. 3).
Table 3. Comparison between STAPLE and purely annotation based network performances

Method

F-score

STAPLE based network training

0,9652

Annotation based network training

0,9642

5. DISCUSSION
Regarding the poor performance of N5 (A) (Fig. 3, 5) we trained more models on the same configuration. While
gaining performance only when modifying training parameters we concluded that training of some models seem
to be overly influenced by the used implementation. Additionally the variance of model results is much higher for
RQ-A models when k ≤ 3. While averaging results of models based on the same data set would be beneficial for
the interpretation of results, we saw that averaging the results of only two models seems insufficient to reliably
identify outliers. Considering these points a thoroughly optimized training process is recommended for future
work.

5.1 Evaluation of research questions
To answer RQ-A, we observed increased F-score with higher annotation quality levels, which means increasing
the number of available annotations. However, with more than 10 annotations per image, the F-score increases
only marginally due to the logarithmic nature of the F-score progression. This implies that for the training of a
DL network, a mediocre level annotation quality is sufficient.
Regarding RQ-B, we showed that distributing the segmentation work over more images rather than acquiring
numerous annotations for each image, quickly makes up for the lower quality of the annotations. In our case,
a better F-score is obtained when more than 300 images are segmented compared to the reference model of 60
segmented images with a high annotation quality level.
In this case, a model that was created using 300 low-quality annotations outperformed the high-quality model
based on 1600 annotations. This is a large difference in data efficiency.
However, the results of using three segmentations per image show that a distribution of user segmentations
over as many images as possible is not the one-and-only way. Comparing the models N3 (B300 ) and N1 (B900 )–
both using 900 user annotations–we can observe that the former performs better (F (N3 (B300 )) = 0.964 vs.
F (N1 (B900 ) = 0.958). The same phenomenon can be observed when comparing the 180 annotations model
N3 (B60 ) with the N1 (B180 ) model (F (N3 (B60 )) = 0, 945 > F (N1 (B180 )) = 0, 932).
Although the distribution of annotations over many images is desired, best results are achieved when the
annotation quality level does not fall under a certain minimum. We observe a steep increase in F-Score between
one and three annotations per image (Fig. 3). As this observation is confirmed by the results of RQ-B, three
annotations per image can be seen as a recommended lower bound to reduce ambiguities and reach sufficient
annotation quality. This is especially interesting when gathering data using crowdsourcing.
Naturally, the estimation of an upper bound is difficult as it depends on the accuracy desired in a use case
and on the real expertise of the contributing raters. In our case, we find that around 15 annotations per image
are a reasonable upper bound.
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5.2 Limitations & relation to other’s findings
The result that the best outcome can be reached when taking all available crowdsourced annotations into account
is inline with Albarquoni et al.17 They examined the approach of aggregating user annotations for mitosis
detection in breast cancer histology images and produced the best results when training a CNN on aggregated
training annotations. However, we can not confirm the necessity of a separate aggregation layer (STAPLE in
our case) to improve the training performance significantly.
Albarquoni et al. conclude the concept of gamification is promising to motivate users segment a high number
of images,17 which then in turn leads to more annotations per image when more users are performing the task.
Based on our results, we agree to this proposal, as gamification measures are known to increase rater quality
as well as long-term motivation.37 In this sense, this work lays some of the grounds for future gamification
applications by providing general guidelines on how to distribute the user annotations over the set of images.
However, our evaluation has been done solely for the use case of sclera segmentation. It is unclear, how
the results can be generalized to different applications using different images and segmentation characteristics.
Despite this the comparability of our data sets A and B is limited as well. Both data sets were collected in
separate studies with different users annotating the images and are small due to limited available data, especially
A. Therefore we look forward if the results are validated in applications like histology, with significantly larger
images and multi-class segmentation tasks.

6. CONCLUSION AND OUTLOOK
We conclude that
 training a CNN with higher quality annotations increases the segmentation performance, but
 distributing annotations over as many images as possible is more efficient.
 a minimum of at least three annotations per image is nevertheless advisable.
 additionally, we saw no need for preprocessing the crowdsourced annotations but propose to review this
step and alternatively feed the user masks directly into the CNN.

To achieve the aforementioned points, we recommend future crowdsourcing applications to motivate users to
segment as many different images as possible, e.g., by the long-term motivation effects of gamification approaches.
This will help increasing the number of annotations and segmented images. Second, new users shall at first
segment images that have already an annotation from another user. This way, more annotations per image can
be obtained as recommended. Finally, when multiple annotations for a certain image are already available, new
users could be “rewarded” for good accordance to others increasing the overall rater performance in the long
run.
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