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Abstract

Deep learning based architectures have been ap-
plied to semantic segmentation tasks in medical
imaging with great success. However, such mod-
els are heavily reliant on the quality of the ground
truth segmentation mask and hence are suscep-
tible to label noise. To address this issue, this
paper introduces SuperLoss, a loss function that
pushes semantic boundaries towards superpixel
edges. Superpixels are compact, homogeneous re-
gions within an image that group pixels with simi-
lar characteristics, such as pixel intensity. Our loss
can be combined with other loss functions for dif-
ferent segmentation architectures. We demonstrate
our framework on a combination of two large pub-
lic datasets of hip joint X-Ray images. We com-
pare a U-Net model with and without our loss,
when trained with different fractions of noise in the
training dataset. Our approach achieves a 1 — 2%
improvement in Intersection-over-Union and Haus-
dorff distance for some cases, yet yields worse in
some other cases. We also perform hypothesis test-
ing and show that our results are statistically signif-
icant with low to medium effect size.

Keywords: Semantic Segmentation, Loss Func-
tion, Superpixels, Noisy Labels, Medical Imaging

1 Introduction

Medical image segmentation is vital for various clinical tasks,
including medical image recognition and registration. For ex-
ample, in the context of hip joint X-rays, segmentation is use-
ful for extracting critical anatomical structures like the femur,
ischium, and foramen. This extraction can enable better anal-
ysis and assessment of hip joint health.

However, strongly supervised deep learning models in
medical imaging depend on large datasets, which often suffer
from label noise (Ching et al., 2018). Major sources of this
noise include inter-observer variability, human annotator er-
rors, and inaccuracies in computer-generated labels (Karimi
et al., 2020). This can have significant consequences, lead-
ing to misclassifications and incorrect measurements that ul-
timately affect the reliability of diagnostic tools. For in-
stance, erroneous segmentation of medical images can re-
sult in misdiagnosed conditions, leading to inappropriate or
delayed treatments. Moreover, these inaccuracies can waste
valuable time for medical professionals, who may need to re-
evaluate and correct misclassified cases manually.

Datasets with noisy labels are, and will remain, a common
occurrence in training deep learning models for medical im-
age analysis. Therefore, developing algorithmic approaches
that can effectively manage label noise is highly desirable.
For the context of this paper, we should define what type of
noise we are considering. Let a dataset D = {(z;,v:)}Y,
where NV is the total number of image samples, z; denotes
the original medical image, and y; is a pixel-wise semantic
segmentation mask. We are only interested in noise in label
y;. That is, we consider misclassified pixel class indices in

the label, despite the fact that x; could include measurement
noise.

Numerous efforts have been made to address the issue of
training segmentation networks with such noisy labels, which
can be broadly classified into three categories. The first cat-
egory of methods is data re-weighting, which assigns differ-
ent weights to training samples based on their likelihood of
being correctly labeled to mitigate the impact of noisy la-
bels on the training process. For example, Zhu et al. (2019)
have proposed a method that involves training a label eval-
uation network alongside the segmentation network, effec-
tively reweighting image losses by assigning weights to each
training sample to down-weight those with incorrect labels.
However, these image-level weighting strategies are less ef-
fective under conditions of severe noise because they fail to
fully leverage the pixels with correct annotations within each
image.

The second category includes refining a coarse prediction.
For example, Shu et al. (2019) have proposed extracting lo-
cal visual saliency regions from low level feature channels
which they then utilize in a refinement module. In our case,
these were difficult to approximate, as their methodology re-
lies on Sobel filter, which under performs on our dataset.
Prabakaran et al. (2023) use superpixels and post processing
techniques to refine Class Activation Maps. However, they
rely on image-level labels and pose their problem as a Weakly
Supervised Semantic Segmentation task. Li et al. (2021) pro-
pose a learning strategy for semantic image segmentation that
leverages superpixel representation and an iterative learning
scheme. Their approach integrates noise-aware training with
noisy label refinement, guided by superpixels, to utilize struc-
tural constraints and improve model performance despite la-
bel noise. This method extends the Co-teaching paradigm
(Han et al., 2018) by jointly training two instances of the
segmentation network, which is more expensive and might
struggle to be integrated with other backbone segmentation
networks. A general observation for these training methods
is that incorporating prior image information, either in the
form of edges or intensity/spatial similarities in the case of
superpixels, leads to robustness against label noise.

In the third category of methods, many studies retain the
model architecture, training data, and training procedures
mostly unchanged, while only modifying the loss function.
A notable example of this is T-loss, proposed by Gonzalez-
Jimenez et al. (2023), which is based on the negative log-
likelihood of the Student-t distribution, allowing for control-
ling sensitivity to outliers in data, based on a single parameter.
This parameter is changed during backpropagation. However,
they make the assumption that error terms follow a Student’s
t-distribution, and they do not utilize any information from
the images themselves.

In this paper we propose SuperLoss, a loss function for
semantic segmentation tasks, which forces coarse prediction
boundaries along superpixel edges. Superpixels are percep-
tually meaningful and compact image regions obtained by
grouping pixels with similar characteristics such as color, tex-
ture, or brightness. Our approach can be applied to any seg-
mentation model and can be combined with other loss func-
tions. Specifically, we examine the performance of a U-Net
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Figure 1: (A) Process of our proposed loss, and (B) a segmentation architecture

architecture (Ronneberger et al., 2015) with our additional
loss function compared to one without, for femur, ischium,
and foramen segmentation. We inject two distinct levels of
noise into various portions of the training data. The first
noise level aims to simulate typical human annotation errors
whereas the second is coarser (see Section 3.1). The hypoth-
esis is that by incorporating prior image information in the
form of superpixels, our model will excel in generalizing out-
lier pixel misclassifications, resulting in better segmentation
outcomes.

We evaluate our method on a combination of two public
datasets, CHECK and OAI. Empirical results show that our
loss can perform better in some cases, yet in other cases it can
perform worse. We also perform hypothesis testing between
the results of our baseline and our proposal and show that we
achieve statistically significant differences.

The organization of this paper is as follows. In Section
2 we discuss how we generate the superpixels and how we
compute our loss. In Section 3 our results will be presented,
and hypothesis testing on these results is done in Section 4. In
Section 5 we reflect on ethical aspects of our research. Dis-
cussion and Conclusions are presented in Sections 6 and 7
respectively.

2 Methodology

A shown in Fig. 1 our framework consists of two parts: a
segmentation model and our superpixel-guided loss. For our
experiments we consider a classic U-Net as our segmentation
architecture due to its simple yet effective structure. Note

that this basic model can also be substituted with more recent
variants (Siddique et al., 2021). For instance, the attention
U-Net variant (Oktay et al., 2018) integrates attention gates
(Schlemper et al., 2019) into its architecture, enhancing its
ability to focus on relevant features while discarding irrele-
vant ones.

2.1 Superpixel Generation

Superpixels are perceptually homogeneous regions within an
image that approximate the underlying image structure, serv-
ing as a useful representation for segmenting and simplifying
image data while preserving important boundaries and fea-
tures.

Superpixel generation algorithms can generally be classi-
fied into two main types: graph-based methods and gradient
ascent approaches (Ibrahim and El-kenawy, 2020). Graph-
based superpixel generation methods consider each pixel as
a node within a graph. The edge weights between nodes re-
flect the similarity between neighboring pixels. Superpixels
are then formed by minimizing a cost function defined on this
graph. In contrast, gradient ascent methods iteratively refine
clusters until they meet a convergence criterion. We note that
this is not an exhaustive list of superpixel generation algo-
rithms, and more taxonomies have been proposed (Barcelos
etal., 2024).

Deciding on an algorithm is crucial to the outcome of our
approach as generating too few superpixels can result in small
predictions to merge with others, and generating too many
might not improve the noise enough. For the scope of this pa-



per, we considered Felzenszwalb’s (Felzenszwalb and Hut-
tenlocher, 2004) algorithm from the graph-based category,
and Quickshift (Vedaldi and Soatto, 2008), SLIC (Achanta
et al., 2010), and Compact Watershed (Neubert and Protzel,
2014) from the gradient-ascent category. An example of how
each algorithm performs on our dataset is given in Fig. 2.

We considered superpixels generated from a subset of im-
ages of size 5 from both OAI and CHECK, for the various hy-
perpameters each algorithm has. Generally, we noticed that
superpixels generated with the Quickshift algorithm had the
most overlap with our ground truth masks, which is what we
decided to run our experiments with. SLIC outputs superpix-
els that are too rectangular and struggle to approximate the
femur head, which is also the case with Felzenszwalb’s al-
gorithm and Compact Watershed. The hyperpameters for the
Quickshift algorithm are mentioned in Section 3.1. In order
to avoid a large overhead during training, we computed these
superpixels beforehand.

SLIC

Felzenszwalb's method

Figure 2: Comparison of different superpixel algorithms that were
considered, superimposed with our ground truth mask

2.2 Refinement

A superpixel representation of a single image sample,
generated from our previous step, is denoted by s =
{si}M,, where M is the number of image pixels and s; €
{1,2,---, K}, where K is the number of unique superpixel
labels. For each k € {1,2,---, K} we denote P, = {i |
s; = k} as the set of pixel indices that belong to superpixel
k. The output of the segmentation model is § = {g;}M,
and y; € {0,1,---,C}, where C represents the labels for the
semantic classes. Our refinement is then defined as:

Jiep, = argmax Y I(§i=c), Vke{l,2,-- K}
c€{0,1,--<,C}i€P)C
e))

where () is the indicator function that equals 1 if the con-
dition inside is true, and O otherwise. Essentially, for every
unique superpixel label we assign the most occurring seman-
tic class from the segmentation model’s output.

As applying this operation on the entire image would make
our training to be much slower, we consider this refinement
only around a region-of-interest (ROI). This ROI is deter-
mined per batch by identifying the first and last nonzero pix-
els in the mask’s rows and columns, and applying an offset
padding of 5 pixels to each side.

2.3 Loss function

For the baseline U-Net model, a combination of Weighted
Cross Entropy and Dice Loss were used. Weighted Cross En-
tropy is defined as:
c
»CWCE = - Z We Ye IOg(QC) (2)
c=0

where C is the number of classes, . is the true label for the
class ¢, 9. is the probability that the sample belongs to class
¢, and w, is the weight vector. For our case we calculate w,
as the ratio of class pixels to the total image pixels. Dice Loss
is defined as:

M N
2% i1 Yili

3
M M
Zi:l Yi + Zi=1 Yi

Our proposed loss is a Cross Entropy Loss between the
refined mask ¢ and the segmentation model’s output §:

ACDice =1-

c
ACSuperLoss = - Z gc IOg(yc) (4)
c=0
The final hybrid loss function is:

L= cWCE + L:Dice +A- ESuperLoss (5)

Where A denotes the weight coefficient of the superpixel

loss. The impact of this hyperparameter is further elaborated
in Section 3.4.

3 Experiment

3.1 Dataset

The dataset used for training and evaluation is a combina-
tion of both the Cohort Hip and Cohort Knee (CHECK)
study (Wesseling et al., 2014), and the Osteoarthritis Initia-
tive (OAI) study (Eckstein et al., 2014). Both of these cohorts
have been under study for more than a decade, gathering lon-
gitudinal data that is typically updated annually. Although
they include other clinical data, we only consider the hip-joint
X-Rays from both of these studies. The datasets include mul-
tiple visits of the same participants, although the number of
visits is variable, as some of the participants drop out. In to-
tal, our dataset amounts to 14858 images, where a 75-15-15
train-test-validation split was used, after shuffling all of our
images.
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Figure 3: Cropped sections of the original mask, noisy mask, and
mask differences (left to right) for noise Level 1 and Level 2 (top to
bottom)

Noise Level 1

Noise Level 2

Superpixels

Our superpixels are generated with Scikit’s Quickshift
method with the following parameters: kernel size = 1, max
distance = 2.6, and ratio = 0.7 (Pedregosa et al., 2011).

Mask Generation

For the ground truth mask without noise we connect the land-
mark points generated by the software BoneFinder (Lindner
et al., 2013). BoneFinder is an automated software tool de-
signed to delineate and separate skeletal structures from 2D
radiographs. Although the software outputs landmark points
for a variety of bone contours, we chose to focus only on fe-
mur, ischium, and foramen, as the points for these were fully
connected. We connect the landmark points to form a poly-
gon using OpenCV’s fillPoly function (Itseez, 2015).

Noise Generation

For Level 1 noise, the goal was to approximate a realistic type
of noise, that resembles the mistakes made by the software.
A segment of % the total size of each class’ points was moved
in a random direction by a random amount within the range
[O, 4% * image width].

For Level 2 noise, we use half the original points by in-
terleaving every other point, to get a coarse prediction. This
noise type is to test how our implementation performs in more
difficult cases. Albeit not as realistic, good performance on
this type of noise could potentially mean spending less time
annotating, as only half the points could be used in segmenta-
tion problems. An example of both these noise types is shown
in Fig. 3.

3.2 Data Preprocessing

All X-Ray image intensities were first normalized between
5th and 95th percentiles, followed by scaling the range be-
tween 0 and 1. This was to take into account the differences
in intensities between the datasets. The images also differ in
aspect ratio, so to preserve it we padded them with constant
padding to an aspect ratio of 1:1 and then downsampled to a
size of 256x256. During training we apply a random horizon-
tal flip to the images with a probability of 0.5.

3.3 Evaluation

All our experiments were trained for 30 epochs on the Delft-
Blue Supercomputer’s GPU nodes using a single Nvidia
V100S GPU with 2 CPU cores (Delft High Performance
Computing Centre , DHPC). We use Stochastic Gradient De-
scent with learning rate 5 x 10~2 and momentum 9 x 1071
We executed our code using CUDA 12, Pytorch 2.3.0, and
torchvision 0.18.0. For metrics, we consider Intersection-
over-Union (IoU), and Hausdorff Distance (HD), both per
class and averaged. Since HD is susceptible to outlier points,
we consider the 95th percentile of distances. We consider
a combination of both overlap and distance metrics as they
provide complementary insights into the segmentation perfor-
mance. Overlap metrics like IoU give a measure of the com-
mon area between predicted and ground truth masks, indi-
cating the overall segmentation accuracy. On the other hand,
distance metrics like HD assess the spatial accuracy of bound-
aries, capturing how close the predicted contours are to the
actual ones. Our quantitative results are summarized in Ta-
ble 1 and Table 2 for Noise Level 1 and 2 respectively, for
A = 1 x 1073, Qualitative results are shown in Fig. 4 and
Fig. 6.

3.4 Hyperparameter Tuning

We evaluate the effect of hyperparameter A from Eq. 5 by
training the same model for different weight coefficients A of
our loss function. All evaluations were run with a noise frac-
tion ¢ = 1.0 for Noise Level 2, for 30 epochs. We use the
same metrics as those in Section 3.3. The results are summa-
rized in Table 3. Qualitatively, we plot our models prediction
boundaries for these values of lambda, along with baseline
and ground truth boundaries, which are shown in Fig. 5.

4 Hypothesis Testing

Comparing mean and standard deviation values from Table
1 and Table 2 alone might provide ambiguous insights, es-
pecially if the data does not follow a normal distribution. In
this section, we perform pairwise statistical significance tests
between the baseline’s and our model’s mloU and mHD95 re-
sults, given a fixed Noise Level and fraction of noise (¢). Sta-
tistical significance indicates the likelihood that the observed
differences between our model and the baseline are not due to
chance. We report both p-values and effect sizes, as p-values
show the probability of obtaining the observed results if there
were no real difference, while effect sizes quantify the mag-
nitude of the difference, providing a clearer understanding of
the practical importance of our findings, which is our main
research objective.

4.1 Normality Test

In order to decide whether to use a parametric or non-
parametric statistical significance test, we must first check
if our data follows a normal distribution. For this step we
use both a statistical normality test, and a visual normality
check. We chose the normality test proposed by D’ Agostino
and Pearson (1973), which combines skewness and kurtosis
to create an omnibus test for normality.



Noise Level 1

¢ Model Ut mloU?t HD95{ mHD95] Train
Fem. Isc. For Fem. Isc. For.
0.0 U-Net 0.946 0.899 0.897 0.915 £0.037 2.301 1.630 1.484 1.805 +£1.795 4h47m

0.0 Ours

0.946 0.905 0.898 0.917+0.037

2.347 1.587 1.431 1.789 £1.764 18h30m

0.5 U-Net 0.939 0.878 0.878 0.898 +0.035
0.928 0.878 0.885 0.896 +0.040

0.5 Ours

2.667 1.994 1.602 2.087 £1.811 4h53m
2.855 2.043 1.717 2.205 £2.509 18h59m

1.0 U-Net 0.920 0.845 0.854 0.872 £0.039
0.913 0.858 0.865 0.878 +0.036

1.0 Ours

3.252 2.957 1917 2.708 £2.766 4h57m
3.431 2.315 1.737 2.494 £1.809 18h51m

Table 1: Quantitative evaluation of our method compared to our baseline for noise Level 1 at three fractions of noise (¢)

Noise Level 2

ToU 1

Fem. Isc. For

¢ Model mloU?t

HD95,

mHD95] Train

Fem. Isc. For.

0.5 U-Net 0.928 0.869 0.852 0.883 £0.044 3.576 2.346 2.042 2.655 £2.487 4h39m

0.5 Ours

0.926 0.856 0.840 0.874 +£0.043 4.002 2.663 2.126 2.930 +£2.547 17h52m

1.0 U-Net 0.872 0.768 0.759 0.800 £0.029 6.932 4.700 2.698 4.777 £1.779 4h58m

1.0 Ours

0.873 0.770 0.762 0.802 +0.032 6.842 4.703 2.771 4.772 £2.428 17h30m

Table 2: Quantitative evaluation of our method compared to our baseline for noise Level 2 at two fractions of noise (¢)

The null hypothesis for this test is Hyo: A sample comes
from a normal distribution. Our alternative hypothesis is de-
fined as Hy,: A sample does not come from a normal distri-
bution. We chose a threshold of a = 0.05 before running our
evaluations. Our results are summarized in Table 5, where
the statistic is the squared sum of z-scores from skewness
and kurtosis tests. A larger absolute value of the test statistic
usually indicates a more significant deviation from the null
hypothesis. Based on the fact that p-value < a for all the
models, we reject H o and conclude that our metrics do not
follow a normal distribution.

For our visual normality checks, we make Quantile-
Quantile (QQ) plots, shown in Fig. 7 and Fig. 8. A QQ plot
is a graphical tool used to assess if a dataset follows a spec-
ified theoretical distribution, which in our case is the normal
distribution. It plots the quantiles of the dataset against the
theoretical ones; if the points (shown in blue) fall approxi-
mately along a straight line (shown in red), the data likely
conforms to the specified distribution. From our results, there
are significant deviations from the line, which we interpret as
departures from the theoretical distribution. Thus, our con-
clusion that the metrics do not follow a normal distribution
remain consistent with our previous statistical test.

4.2 Statistical Significance

Our data does not follow a normal distribution and our re-
search design is within-subject (train and test sets remain
the same between models). Rainio et al. (2024) propose
the Wilcoxon signed-rank test (Wilcoxon, 1945) for compar-
ing two segmentation model’s metrics for such experimen-
tal setups, when the data does not follow a normal distribu-

tion. This test is used to compare two related samples, or
repeated measurements on a single sample, to assess whether
their population mean ranks differ. The test statistic for the
Wilcoxon signed-rank test is calculated by ranking the abso-
lute differences between paired observations, assigning signs
based on the direction of the difference, and then summing
the signed ranks. The effect size is calculated as:

z
r== (©)

where z is the normalized z-statistic and n is the total num-
ber of observations (total number of samples in both groups).
Effect size is a measure that quantifies the strength of the re-
lationship between variables. Absolute values of 7 closer to
1 indicate strong effect compared to random noise, whereas
values closer to 0 indicate little to no effect.

We define our Null Hypothesis as Hyyo: There is no sig-
nificant difference in the mloU and mHD95 values between
the baseline and our proposal. The alternative hypothesis
Hyy, is that there is a significant difference in both mloU and
mHDO5 values between the models. We chose a threshold
value a = 0.05 to reject Hyy¢. Our results are summarized in
Table 4. Since p-value < a for all pairwise comparisons be-
tween our model’s metrics and the baseline’s, we reject Hyyq
that there is no difference between the samples, suggesting
that the observed differences are unlikely to have occurred by
random chance.



IoU 1

Fem. Isc.

A mloU?

For.

HDO95]

Fem. Isc.

mHD95]

For.

0.001 0.873 0.771 0.762 0.802 £0.029 6.814 4.671 2.732 4.739 £1.855
0.005 0.871 0.767 0.755 0.798 £0.031 7.001 4.758 2.827 4.862 £2.469

0.01

0.874 0.772 0.757 0.801 £0.032 6.752 4.695 2.746 4.731 +£2.331

Table 3: Quantitative evaluation of our method for different weight coefficients A of our loss function for noise Level 2 (¢ = 1.0)

mloU mHD95

Noise ¢

Level Statistic p-value |r|  Statistic

p-value |r|

0.0 902363
0.5 1130308
1.0 785833
0.5 845926
1.0 844551

<0.001 0.167
<0.001 0.055
<0.001 0.224
<0.001 0.196
<0.001 0.196

672163
979370
1015804
806295
994596

<0.001
<0.001
<0.001
<0.001
<0.001

DO DN = = =

Table 4: Wilcoxon-signed rank test statistic, p-value, and effect size
(r) for pairwise comparisons between the baseline’s and our model’s
mloU and mHDO9S5 results

5 Responsible Research

5.1 Data

Since our research involves medical data, we adhere strictly
to the guidelines outlined in the Netherlands Code of Conduct
for Research Integrity (KNAW; NFU; NWO; TO2-federatie;
Vereniging Hogescholen; VSNU, 2018). All data is han-
dled with utmost security, ensuring compliance with ethical
standards and patient confidentiality. Experiments are con-
ducted on the Delft High Performance Computing Center
(DHPC), instead of locally, and unnecessary sensitive infor-
mation about patients is neither stored nor retained beyond
what is essential for the research objectives.

We did not collect the patient’s data ourselves, and adhere
to the protocols of use outlined in both the OAI and CHECK
datasets. We disclose that there might be sampling biases in
these datasets as they include men and women of ages 45 —
79, so it is not representative of the entire population. More
specifically, the focus of the studies are people at risk for
symptomatic femoral-tibial knee osteoarthritis, and includes
all ethnic minorities, with a focus on African-Americans.

5.2 Data Trimming

During training we left out two images that belonged to our
original train set. The reason was that these X-Rays did
not include the PixelSpacing attribute, and we considered the
case of resampling resolutions. We include a segment of the
code used for this in Fig. 9.

5.3 Use of LLMs

We disclose the use of Large Language Models (LLMs),
specifically ChatGPT, during the development of our exper-
iment as well as for writing this paper. In general, our use
cases for ChatGPT can be classified in two categories: assis-
tance with LaTeX code formatting, and brainstorming main

concepts or keywords to search for. For the first category, we
used it to change the formatting of our Tables. An example
prompt is given in Fig. 11, and the corresponding response

0.068 is given in Fig. 10. Note that we still enter our evaluation
0.127 results manually. For the second category, we used it to gen-
0.109 erate keywords when conducting our literature review. An ex-
0.199 ample prompt and answer is shown in Fig. 12. This approach
0.118 was employed in the initial stages of the literature review, and

from the identified papers, we found additional references.

6 Discussion

The main research goal of this study is evaluating the perfor-
mance of a U-Net model with our loss function compared to
one without, on hip joint X-Rays, when trained under various
levels of label noise. Our hypothesis was that since our loss
pushes boundaries towards superpixel edges, which are inde-
pendent to label annotations, it should perform better than our
baseline.

Quantitative findings indicate that both models performed
well, with our proposal showing ~ 1% increase in IoU for
certain classes when trained under greater noise fractions at
both noise levels. Our proposal also demonstrated a lower
HD95 for certain classes in the presence of larger noise Level
1. Specifically, it achieves an HD95 of ~ 0.6 units lower than
baseline for ischium segmentation and ~ 0.2 units for fora-
men segmentation, when all training data comes from Level
1 noisy annotations. However, it is contradictory with our
findings for noise Level 2, where the baseline performs better
for most HD95 metrics. This variability in metrics could be
explained by the fact that the introduced noise may not have
enough overlap with the superpixels to improve the segmen-
tation.

Interestingly, even when increasing the value of the weight
coefficient A of our function, the IoU and HD95 metrics do
not appear to change drastically. Once again, this could be
due to bad initialization of superpixels as they might not over-
lap well with our simulated noise. It could also be that we did
not consider high enough weight coefficients. Moreover, the
results do not change in a consistent manner. When compar-
ing results from A = 0.001 to A = 0.005 the metrics become
worse, yet from A = 0.005 to A = 0.01 there appears to be
an improvement. This goes against our assumption that we
would observe a steady increase/decrease.

We also report that a classic U-Net model appears to gener-
alize well for most cases under different fractions and inten-
sities of noise. For example there is only a 0.026 decrease in
IoU for the femur class when all data is from Level 1 noise. It
is also interesting that for ¢ = 0.5 U-Net generally seems to
perform better. These observations align with past research,
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Figure 4: Qualitative results of our baseline (left) compared to our method (center), and absolute differences between them (right). Both
models trained for noise Level 1 with ¢ = 1.0. Green boundaries indicate ground truth mask, and blue indicates prediction boundaries of

either model.

reinforcing the robustness and reliability of deep learning
models, especially given enough training data (Zhang et al.,
2016). The ability of U-Net to not show drastic decrease
in performance despite varying noise levels underscores its
effectiveness as a segmentation model, particularly in real-
world scenarios where data quality can be unpredictable.

Based on our hypothesis testing, we achieve very small
p-values when making pairwise statistical significance tests
between our model’s and the baseline’s mloU and mHD95
scores. Therefore, we conclude that our model has statis-
tically significant results. The fact that our p-values are so
small is expected, because when sample sizes becomes large
enough, smaller differences start appearing statistically sig-
nificant. From statistical significance alone, we can only in-
fer that our proposed loss does indeed impact the outcome of
both mIoU and mHD95 metrics, but nothing about the prac-
tical significance of our proposal. Effect size (r) is more rele-
vant to our research question as it can help us quantify the de-
gree to which our loss changes these metrics. Although to our
knowledge there are no fixed cutoff values for the Wilcoxon-
signed rank test’s effect size, we interpret || ~ 0.1 to be a
small effect and |r| ~ 0.3 to be a medium effect. Most of

our results seem to have a small effect, which we interpret as
little practical significance, especially when paired with our
quantitative analysis. For certain cases however, there is an
higher effect, such as for Level 1 noise at ¢ = 1.0.

Qualitatively, we observed that even for higher weight co-
efficients (\), our model did not push the boundaries as much
as we had expected. In fact, it appears that our model’s
boundaries have quite a large overlap with the baseline’s
boundaries. This overlap indicates that while our proposed
method has a statistically significant impact on the metrics,
the practical improvement in segmentation boundaries is lim-
ited. This finding suggests that while our loss function can al-
ter the quantitative metrics, it does not significantly enhance
the qualitative aspects of boundary delineation compared to
the baseline, for noise Level 2. For noise Level 1, there seems
to be a bigger difference qualitatively.

Overall, while one model may not universally outperform
the other, our results indicate that incorporating our loss func-
tion can lead to statistically significant improvements with
small to medium effect sizes. The benefit of our loss func-
tion may not be immediately evident in all scenarios but can
offer tangible improvements in specific contexts, especially



Figure 5: Qualitative results on two images of the test set, overlayed with ground truth boundaries (shown in green), baseline model’s
prediction boundaries (shown in red), and our model’s prediction (shown in blue) across various weight coefficients A, trained with Level 2

noise for ¢ = 1.0.

with proper superpixel initialization.

7 Conclusions and Future Work

This paper introduces SuperLoss, a loss function for train-
ing segmentation models when a fraction of the data includes
noisy labels. It can easily be used in conjunction with other
segmentation losses. We exploit pixel-level information from
a superpixel representation of an image, and push model’s
predictions towards the edges of those superpixels.

Our research question was to evaluate the performance of
SuperLoss on a classic U-Net model, compared to one with-
out. For our experiments, we first train both these models
under different noise intensities and fractions of noise in the
training data, then evaluate on clean annotations. We consid-
ered mean Intersection-over-Union (IoU) and Hausdorff Dis-
tance at 95th percentile (HD95) as our metrics, and perform
statistical significance tests on each pair of models.

Our results show a 1 — 2% improvement in IoU and HD95
of some classes for certain cases. However, in some other

cases our approach can be worse than the baseline. These
differences are statistically significant, yet the effect size is
relatively small. Qualitatively, our loss does not seem to push
boundaries as much as we had expected.

Our work leaves many openings for further research.
The current implementation relies on sequentially looping
through unique superpixel labels to find the most occurring
semantic class, which adds a large overhead to training times,
as we do not take advantage of vectorization. Furthermore,
our loss is calculated in a naive manner. It would be worth
investigating whether weighting the loss of each superpixel
separately, depending on how much the majority class over-
lapped compared to other classes, improves our approach.
The outcome of our loss is also quite dependent on the ini-
tialization of superpixels, which involves tuning many hyper-
parameters.



Appendices

A Qualitative results

Absolute Differences

Figure 6: Qualitative results of our baseline (left) compared to our method (center), and absolute differences between them (right). Both
models trained for noise Level 1 with ¢ = 1.0. Green boundaries indicate ground truth mask, and blue indicates prediction boundaries of
either model.
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Figure 8: Quantile-Quantile plots for mloU and mHd95 scores of
all models trained under Noise Level 2. Blue line indicates our sam-
ples’ quantiles, and red line indicates the theoretical quantiles that a
normal distribution would follow.

Figure 7: Quantile-Quantile plots for mIloU and mHd95 scores of
all models trained under Noise Level 1. Blue line indicates our sam-
ples’ quantiles, and red line indicates the theoretical quantiles that a
normal distribution would follow.
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