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Abstract—While medical image segmentation is an important
task for computer aided diagnosis, the high expertise requirement
for pixelwise manual annotations makes it a challenging and time
consuming task. Since conventional data augmentations do not
fully represent the underlying distribution of the training set,
the trained models have varying performance when tested on
images captured from different sources. Most prior work on
image synthesis for data augmentation ignore the interleaved
geometric relationship between different anatomical labels. We
propose improvements over previous GAN-based medical image
synthesis methods by learning the relationship between different
anatomical labels. We use a weakly supervised segmentation
method to obtain pixel level semantic label map of images which
is used learn the intrinsic relationship of geometry and shape
across semantic labels. Latent space variable sampling results
in diverse generated images from a base image and improves
robustness. We use the synthetic images from our method to
train networks for segmenting COVID-19 infected areas from
lung CT images. The proposed method outperforms state-of-the-
art segmentation methods on a public dataset. Ablation studies
also demonstrate benefits of integrating geometry and diversity.

I. INTRODUCTION

The novel Coronavirus Disease (COVID-19) pandemic has
had a significant adverse impact on the global stage since
the first reported cases in December 2019 [156], [27]. It has
infected more than 4.5 million people resulting in more than
315,000 deaths across 210 countries. The gold standard for
COVID-19 screening is the reverse-transcription polymerase
chain reaction (RT-PCR) test. Equipment shortage and strict
testing requirements limit rapid and accurate screening of the
general populace, in addition to reports of RT-PCR testing
exhibiting high false negative rates [28], [14], [93], [21], [&l,
[10], [68], [41], [102], [34]. Radiological imaging such as
Xrays and computed tomography (CT) have emerged as a
useful tool in early COVID-19 screening by achieving high
sensitivity (with RT-PCR results as reference) [28], [60],
[172], [128], [82], [58], [46] and demonstrating robustness
in diagnosis, follow-up assessment, and evaluation of disease
evolution [137], [57], [96], [77], 78], [97], [100].

Although X-rays can be quickly acquired, CT screening pro-
vides a richer 3D view of the lung better suited for diagnosis.
Recent studies of [28], [L63], [54]], 53], [56], [52], [122],
[120], [L18] provide evidence that CT scans (Figure|l) can be
used to identify COVID-19 biomarkers such as ground-glass

opacity (GGO) in the early stage, and pulmonary consolidation
in the late stage. Thus qualitative evaluation of infection and
longitudinal changes in CT scans can provide useful and
important information for detecting COVID-19.

Recent methods such as [148]], [132], [[70], [40], [15],
(1601, [92], 1751, 1950, [142], [154], [72], [9] have proposed
deep learning (DL) systems to detect COVID-19 patients
from CT/Xray. Wang et al. proposed COVID-Net to identify
COVID-19 cases from chest xrays [157]], [143], [65]], [144],
(74, 1360, [134], [153], [146]. [165], [105], [145], [104],
[L710, (810, 80N, [79], [101] proposed an anomaly detection
model to assist radiologists in analyzing a large databse of
chest X-ray images. [162]], [127], [43], [991, [141], [98], [109],
[140], [55] developed a location-attention oriented model to
calculate the infection probability of COVID-19 from CT
images while a weakly-supervised DL method was developed
in [169], [76], [126], [124], [125], [123[, [49], [51], [155] for
3D CT volumes.

In comparison to classification (or diagnosis) related works,
segmentation of pathological regions (e.g., infection areas) has
received less attention [[16], [147], [50], [47], [121], [L15],
[L16), [117], [119], [L12]]. Segmentation of infected regions
from CT is challenging due to: 1) high variation in texture,
size and position of infections in CT scans. For example,
consolidations are small leading to many false-negatives. 2)
Low inter-class variance. GGO boundaries often have low
contrast and blurred appearances making their identification
a challenge for algorithms. 3) Difficulties in collecting a large
labeled database within a a short time frame for DL systems.

Furthermore, acquiring high quality pixel-level annotation
of lung infections in CT scans is expensive and time-
consuming. Manual delineation of lung infections is tedious
and time-consuming, and infection annotations is a highly sub-
jective task. Large scale dataset annotations for segmentation
require pixel labels, which is time consuming and involves
high degree of clinical expertise. The problem is particularly
acute for pathological images (as in the case of COVID
infections) since it is difficult to obtain diverse images for less
prevalent disease conditions, necessitating data augmentation.
We propose a generative adversarial network (GAN) based
approach for pathological image augmentation and demon-
strate its efficacy in COVID pathological region segmentation.
Figure [2] shows example cases of synthetic images generated



by our method and other competing techniques.

Traditional augmentations such as image rotations or defor-
mations have limited benefit as they do not fully represent the
underlying data distribution of the training set and are sensitive
to parameter choices. Recent data augmentation methods of
(250, (1310, (L1, (1131, [108], [106], [114], [129], [103], [69l,
(1391, 1391, 1320, 1330, [13], [73], 162], [63] use generative
adversarial network (GAN), [[23]]], and show moderate success
for medical image classification. However, they have limited
relevance for segmentation since they do not model geomet-
ric relation between different organs and most augmentation
approaches do not differentiate between normal and diseased
samples. Hence there is a need for augmentation methods that
consider the geometric relation between different anatomical
regions and generate distinct images for diseased and normal
cases.

II. RELATED WORK
A. Chest CT Segmentation

Segmentation of lungs from chest CT scans is a widely
explored topic [150], [12], [61], [91], [67], [42], [22] since
it facilitates diagnosis and quantification of lung diseases
[24]. [36], [110], [66], [59], [64], [S1, [83], [84], [48] use
support vector machines (SVM) to detect lung nodules from
CT scans.Nodule extraction is challenging due to similar ap-
pearance with the background. Deep learning algorithms have
been able to overcome this challenge by learning powerful
discriminative features. [159]], [88]], [4], [87Z]], [3]], [89]], [90] use
CNN s to segment lung nodules from heterogeneous CT scans.
(3111, 1861, [85], (1071, 1941, [201], (2], [L11], [26], [135] make
use of GAN-synthesized data to improve the performance of
a discriminative model for pathological lung segmentation.
[30] employ two deep networks to segment lung tumors from
CT scans by adding multiple residual streams of varying
resolutions.

B. Deep Learning For Imaging Based COVID-19 Analysis

[[158]] use a modified inception network of [[152] for clas-
sifying COVID-19 patients and normal controls. Instead of
directly training on complete CT images, they trained the
network on the regions of interest, which are identified by
two radiologists based on the features of pneumonia. [[17]] use
CT images to train a U-Net++ [170] for identifying COVID-
19 patients that performs comparably with expert radiologists.
DL approaches have also been used for segmenting infection
regions in lung CT [19] and for lung infection quantification
(132], [16], [147] of COVID-19.

C. Data Augmentation (DA)

While conventional augmentation approaches (such as rota-
tion, scaling, etc) can generate a large database, they do not
add much data diversity. They are also sensitive to parameter
values [18]], variation in image resolution, appearance and
quality [45]]. Recent DL based methods trained with synthetic
images outperform those trained with standard DA over clas-
sification and segmentation tasks. [1] proposed DAGAN for

image generation in few shot learning systems. [166] proposed
a learning-based registration method to register images to
an atlas, use corresponding deformation field to deform a
segmentation mask and obtain new data. [[71] used conditional
GAN (cGAN) for generating informative synthetic chest Xray
images conditioned on a perturbed input mask.

GANSs have also been used for generating synthetic retinal
images in [167] and brain magnetic resonance images (MRI)
in [25], [149], image registration [93] and generating higher
strength MRI from their low strength acquisition counterparts
[164]. Generated images have implicit variations in intensity
distribution but there is no explicit attempt to model attributes
such as shape variations that are important to capture different
conditions across a population. [130] augmented medical
images with simulated anatomical variations but demonstrate
inconsistent performance based on transformation functions
and parameter settings.

D. Image Generation Using Uncertainty

[35] used approximate Bayesian inference for parameter un-
certainty estimation in scene understanding, but did not capture
complex correlations between different labels. [44] proposed
a method to generate different samples using an ensemble of
M networks while [138] present a single network with M
heads for image generation. [151]] proposed a method based on
conditional variational autoencoders (cVAE) to model segmen-
tation masks, which improves the quality of generated images.
In probabilistic UNet [38], cVAE is combined with UNet
[133] to generate multiple segmentation masks, although with
limited diversity since randomness is introduced at highest
resolution only. 6] introduced a framework to generate images
with a greater diversity by injecting randomness at multiple
levels.

E. Our Contribution

Since annotating medical images is a time consuming task,
it is challenging to obtain manually annotated segmentation
masks to model the geometrical relation between different
labels in the image. To overcome this challenge we propose
to use a weakly supervised segmentation approach to generate
labeled segmentation maps. The generated segmentation maps
are then used to model the geometric relationship between the
different pathological regions.

Based on the premise that improved data augmentation
yields better segmentation performance in a DL system, we
hypothesize that improved generation of synthetic images is
possible by considering the intrinsic relationships between
shape and geometry of anatomical structures [7]. In this paper
we present a Geometry-Aware Shape Generative Adversarial
Network (GeoGANﬂ that learns to generate plausible images
of the desired anatomy (e.g.,COVID infected areas in the lung)

YA preprint of a preliminary version of our method applied
to fluid segmentation from retinal OCT scans can be found at
https://arxiv.org/pdf/2003.14119.pdf. We introduce an additional weakly su-
pervised segmentation step. Since the current submission is for a COVID
special issue the results from the pre-print are not included.



Fig. 2. (a) Base image with lung and infection regions highlighted; Example of generated images using: (b) Our proposed GeoG AN method; (c) [166]; (d)
DAGAN method by []; (e) cGAN method by [71]]. Artifact regions are indicated by yellow arrows.

while preserving learned relationships between geometry and
shape. We make the following contributions:

1) Incorporating geometry information contributes to gen-
eration of realistic and qualitatively different medical im-
ages and shapes compared to standard DA. Other works
such as [71]], [167] do not incorporate this geometric
relationship between anatomical parts.

2) Use of uncertainty sampling and conditional shape gen-
eration on class labels to introduce diversity in the mask
generation process. Compared to previous methods we
introduce diversity at different stages (different from
[71, [167], [38]) and introduce an auxiliary classifier
(different from [6], ) for improving the quality
and accuracy of generated images.

III. METHOD

Our augmentation method: 1) models geometric relationship
between multiple segmentation labels; 2) preserves disease
class label of original image to learn disease specific appear-
ance and shape characteristics; and 3) introduces diversity in
the image generation process through uncertainty sampling.
We demonstrate our method’s capability by training it on
a dataset of CT lung images having annotations of COVID
infected areas. However, in real world scenarios it is difficult
to find datasets with such detailed annotations, especially
in the case of COVID-19. Hence we introduce a weakly
supervised segmentation (WSS) step that segments a CT image
into different labeled regions using only the image labels
of prevalent pathologies. The resulting label map enables us
to learn the geometric relationship between different labels,
which is essential to synthesize realistic images for data
augmentation.

Figure[3]|shows the training workflow using a modified UNet
based generator network. The set of images and their WSS-
obtained segmentation masks are used to train the generator

while the discriminator provides feedback to improve the
generator output. Figure [] depicts generation of synthetic
images after training is complete and their subsequent use in
training a UNet for image segmentation at test time.

A. Weakly Supervised Segmentation

In order to obtain pixel labels from the image labels in a
weakly supervised setting we solve a instance-level classifica-
tion problem where pixels are instances. Subsequently, existing
well-developed fully supervised segmentation methods can
be applied. We use a combined Multiple Instance Learning
(cMIL) for instance classification [161]]. The image is split into
N x N grids (instances) of equal size where instances from the
same image are in the same bag. In cMIL, two MIL-based clas-
sifiers with different instance selection criteria (Max — Max
and Max — Min) are used to select instances to construct the
instance-level dataset for subsequent classification.

The selected instance can be considered as the representa-
tive of its corresponding image, which determines the image
class.If the image is labeled ‘infected’ (/) we reason that at
least one instance is infected. On the other hand, if the label of
the image is ‘not infected” (/NV1), all the instances in it are N 1.
For both I and NI images, Max — Max selects the instance
with maximum I response. As shown in Figures E] (a) and (b),
during the training stage the Max — Max criterion will select
the instance with maximum [ response as the NI example
from the NI samples. Therefore, the model trained with these
data would give a decision boundary biased towards I leading
to misclassification of I instances with lower responses (as
shown by light red circles). For example, I instances with
similar appearances to NI may get misclassified.

Mazxz — Min acts as a countermeasure that selects the
instances with the highest I response for I images and the
instances with the lowest response for NI images. As shown
in Figure [5(c), Max — Min tends to have an opposite effect
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Fig. 3. Overview of the steps in the training stage of our method. The images (X) and corresponding segmentation masks (Sx ) are input to a STN whose
output is fed to the generatorlnetwork‘ Generator network is based on UNet architecture, and diversity through uncertainty sampling is injected at different
levels. The generated mask Sy is fed to the discriminator which evaluates its accuracy based on Le¢jgss, Lshape and Lady. The provided feedback is used

for weight updates to obtain the final model.
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Fig. 4. Depiction of mask generation. The trained generator network is used
on validation set base images and masks to generate new images that are
used to train a segmentation network (UNet or Dense UNet). The model then
segments infected regions from test images.

compared to Max — Max. Therefore, in cMIL we combine
these two criteria to obtain a balanced instance-level dataset
to be used in fully supervised learning (see Figurd?| (d)). It
is worth noting that, for NI images, although each instance
is NI, we only use the selected instances to avoid data
imbalance.

Using a ResNet-50 architecture we train the two MIL-based
classifiers separately under the same configuration: in the
forward pass, we use the M ax— Maz (or Mazx— Min for the
other classifier) criterion to select one instance from each bag
based on their predictions, and the prediction of the selected
instance is regarded as the prediction of the image. In the
backpropagation step, we use the cross entropy loss between
the image-level label and the prediction of the selected instance
to update the classifier’s parameters. The loss function for each
classifier is defined as follows:

Loss = =Y (y;logp; + (1 —y;)log(1 = p;)), (D)

J
where p; = Scriterion({f(bi)}), b; are the instances in image
j, [ is the classifier, Seriterion € {Max—Max, Max—Min}.

Scriterion Selects the target instance using the defined criterion,
y; is the image-level label.
For Max-Max criterion:

SMaszax({f(bi)}) = m?'Xf(bz) (2)
For Max-Min criterion:
i f(b;) ify=1
Smaz—min(f(bi)) = 21}1{ ff((b)) :f z; =0 @)

After training, we feed the same training data into the
two trained classifiers and select the instances under the
corresponding criterion, then the predictions are considered
as their labels. We combine the instances selected by the
two trained classifiers to construct the final fully supervised
instance-level dataset. Note that we discard those potentially
confusing samples whose predicted labels are different from
their corresponding image-level labels.

a) Retrain and Relabel: Once the instance-level dataset
is selected, we train an instance classifier in a fully supervised
manner. Similar to cMIL we use a ResNet-50 and name this
step as retrain. Then, we split the original image into latticed
instances and relabel them using the trained instance-level
classification model. For each image, we obtain N? high-
quality instance labels from a single image-level label.

1) Segmentation: With enriched supervision information,
the instance level labels are directly assigned to the cor-
responding pixels, producing approximate pixel-level labels.
Therefore, we can train segmentation models in a fully super-
vised way using well-developed architectures such as UNet++
[170].

a) Training with Image-Level Constraints: In order to
maximize the utility of the original image-level supervision



information, in the retrain step, we can add the original image-
level data as one additional input source going through the
classifier. The image-level constraint is imposed under Max-
Max and Max-Min criteria to the instance level, the total loss
is defined as the sum of the retrain loss and the constraint loss:

Loss = wy X L0SSconstrain + W2 X L0SSretrain “4)

where w; and ws are the weights of the two losses. We set
wj = wy in our experiments.

> (ylogp+(1—y)log(1—p)), (5)

Scriter’ion

Lossconstrain = -

where p = Seriterion(f(bi)), b; represents the selected in-
stance, f is the image-level constrain route, Scriterion €
{Max — Max, Max — Min}, and y is the image-level label.

Lossretrain = - Z(y] log gj + (1 - y])lOg(]. - :I;j)) (6)
J
where §; = g(n;), n; represents the input instance, g is the
retrain route, and y; is the instance-level label.
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Fig. 5. Intuition behind two instance selection criteria named Maxz — Max
and Max — Min. Red and green circles represent the / and NI instances,
respectively. We use triangles to represent the selected instances, and circles
with light colors to represent the instances that are not selected. Each dotted
line represents the decision boundary of the classifier, which is trained with
the selected instances. Each ellipse represents an image (or a bag in MIL).
cMIL, which combines Max — Max and Max — Min, achieves a better
decision boundary.

B. Geometry Aware Shape Generation

Let us denote an input image as z, the corresponding
segmentation masks as s, and the disease class label of x as [,.
Our method learns to generate a new image and segmentation
label map from a base image and its corresponding mask.
The first stage is a spatial transformer network (STN) [29]]
that transforms the base mask to a new shape with different
attributes of location, scale and orientation. The transforma-
tions used to obtain new segmentation mask s; are applied
to x to get corresponding transformed image 2. Since the
primary aim of our approach is to learn contours and other
shape specific information of anatomical regions, a modified
UNet architecture as the generator network effectively captures

hierarchical information of shapes. It also makes it easier to
introduce diversity at different levels of image abstraction.

The generator G, takes input s, and a desired label vector
of output mask ¢, to output an affine transformation matrix A
via a STN, i.e., G4(s,, cg) = A. A is used to generate s/z and
2 . The discriminator D55 determines whether output image
preserves the desired label ¢, or not. The discriminator D,
is tasked with ensuring that the generated masks and images
are realistic. Let the minimax criteria between G, and D,
be ming, maxp, Ly(Gy,Dy). The loss function L has three
components

Lg = Ladv + )\1Lclass + )\2Lshape (7)

where 1) Lgg, is an adversarial loss to ensure G, outputs
realistic deformations; 2) L j,ss ensures generated image has
characteristics of the target output class label (disease or
normal); and 3) Lgjqpe ensures new masks have realistic
shapes. A1, Ao balance each term’s contribution.

_a) Adversarial loss: - Ladv(Gg,Dgy): The STN outputs
A, a prediction for A conditioned on s, and a new semantic
map s, ® A(s,) is generated. L4, is defined as:

Laaw(Gy, D) = E, {log Dy(se @ /T(sx))}

- ®)
+E, [lo(1 — Dy(s, ® A(s.)))]

b) Classification Loss: - L¢ass: The affine transforma-
tion A is applied to the base image x to obtain the generated
image X . We add an auxiliary classifier when optimizing both
G, and Dy and define the classification loss as,

Lclass = Ex’ ,Cg [_ log Dclass (Cg |Z‘/)], (9)

where the term D qs(cq|2") represents a probability distri-
bution over classification labels computed by D.

¢) Shape Loss: -Lgspape: We intend to preserve the rela-
tive geometric arrangement between the different labels. The
generated mask has regions with different assigned segmen-
tation labels because the base mask (from which the image
was generated) already has labeled layers. Let us denote by s;
the image region (or pixels) in s, assigned label i. Consider
another set of pixels, s;, assigned label j. We calculate
Pihape(li|s;, :), which is, given regions s;, s;, the pairwise
probability of s; being label :. If n denotes the total number of
labels, for every label ¢ we calculate the n— 1 such probability
values and repeat it for all n labels. Thus

1 i#£]
) > Ponapes (1,4) € {1,---,n} (10)
i

Lishape = nx(n—1

The probability value is determined from a pre-trained modi-
fied VGG16 architecture to compute Lgpqpe Where the input
has two separate maps corresponding to the label pair. Each
map’s foreground has only the region of the corresponding
label and other labels considered background. The conditional
probability between the pair of label maps enables the classi-
fier to implicitly capture geometrical relationships and volume
information between the label pair without the need to define
explicit features. The geometric relation between different
labels will vary for infected and non-infected cases, which



is effectively captured by our approach. To get the pre-trained
VGG16 network we used a separate dataset of 24 images with
its WSS generated segmentation maps.

C. Sample Diversity From Uncertainty Sampling

The generated mask s/, is obtained by fusing L levels of the
generator G, (as shown in Figure , each of which is associ-
ated with a latent variable z;. We use probabilistic uncertainty
sampling to model conditional distribution of segmentation
masks and use separate latent variables at multi-resolutions
to factor inherent uncertainties. The hierarchical approach
introduces diversity at different stages and influences different
features (e.g., low level features at the early layers and abstract
features in the later layers). Denoting the generated mask as
s for simplicity, we obtain conditional distribution p(s|x) for
L latent levels as:

p(sl) = / p(sl, sz )p(aalen, ) -

p(zr—1|zn, x)p(zL|z)dz1 - - - dzy,.

1)

Latent variable z; models diversity at resolution 271 of
the original image (e.g. z; and z3 denote the original and
1/4 image resolution). A variational approximation ¢(z|s, )
approximates the posterior distribution p(z|s,z) where z =
{#z1, ..., zL}. logp(s|z) = L(s|z) + KL(q(z|s, z)||p(z|s, x)),
where L is the evidence lower bound, and KL(.,.) is the
Kullback-Leibler divergence. The prior and posterior distribu-
tions are parameterized as normal distributions N (z|u, o).

Figure [3| shows example implementation for L = 3. We
use 6 resolution levels and L = 4 latent levels. Figure
shows the latent variables z; forming skip connections in a
UNet architecture such that information between the image
and segmentation output goes through a sampling step. The
latent variables are not mapped to a 1-D vector to preserve
the structural relationship between them, and this substan-
tially improves segmentation accuracy. z;’s dimensionality is
7271 x 2711 where 1, , r, are image dimensions.

IV. EXPERIMENTAL RESULTS
A. Dataset Description

We use the following three different segmentation datasetsE]:

CT Segmentation Dataset 1 (CTSegl): The dataset con-
sists of 100 axial CT images from different COVID-19
patients. All the CT images were collected by the Italian
Society of Medical and Interventional Radiology. A radiologist
segmented the CT images with 3 labels: ground-glass (mask
value =1), consolidation (=2) and pleural effusion (=3).

CT Segmentation Dataset 2 (CTSeg2): The second dataset
is collected from 9 axial volumetric CT] It includes whole
volumes and both positive and negative slices (373 out of the
total of 829 slices have been evaluated by a radiologist as
positive and segmented).

CT Segmentation Dataset 3 (CTSeg3): This dataset con-
tains 20 labeled COVID-19 CT scang| Left lung, right lung,

Zhttp://medicalsegmentation.com/covid19/
3https://radiopaedia.org/articles/covid-19-3
“https://zenodo.org/record/3757476.XsqZCJ4zadZ

and infections are labeled by two radiologists and verified by
an experienced radiologist.

B. Experimental Setup, Baselines and Metrics

Our method has the following steps: 1) Use the default
training, validation, and test folds of the dataset. 2) Use
training images to train the image generator. 3) Generate
shapes from the training set and train UNet++ segmentation
network [170] on the generated images. 4) Use trained UNet++
to segment test images. 5) Repeat the above steps for different
data augmentation methods. Our model is implemented in
PyTorch, on a NVIDIA TITAN X GPU. We trained all models
using Adam optimiser [37] with a learning rate of 10~ and
batch-size of 16. Batch-normalisation was used. The values
of parameters A\; and A, in Eqn. |[7| were set by a detailed
grid search on a separate dataset of 14 volumes that was not
used for training or testing. They were varied between [0, 1] in
steps of 0.05 by fixing A\; and varying Ao for the whole range.
This was repeated for all values of A\;. The best segmentation
accuracy was obtained for A\; = 0.92 and Ay = 0.9, which
were our final parameter values.

We denote our method as GeoG ANy ss (Geometry Aware
GANSs using the weakly supervised segmentation component),
and compare it’s performance against other methods such as:
1) rotation, translation and scaling (denoted as DA-Data Aug-
mentation); 2) DAGAN - data augmentation GANSs of [1]; 3)
cGAN - the conditional GAN based method of [71]]; 4) Zhao-
the atlas registration method of [166]; 5) GeoGAN yranual -
Geometry Aware GANs using the manual segmentation maps
for image synthesis. Segmentation performance is evaluated
in terms of Dice Metric (DM), Hausdorff Distance (HD)
and Mean Absolute error (MAE). DM of 1 indicates perfect
overlap and 0 indicates no overlap, while lower values of MAE
indicate better segmentation performance.

a) Algorithm Baselines.: The following variants of our
method were used for ablation studies:

1) GeoGAN,,o1, - GeoGANyss without classification

loss (Eqn[9).

2) GeoGANy,L,,,,.- Ge0GANyy 5 without shape rela-

tionship modeling term (Eqn[I0).

3) GeoGANp,samp - GeoGANyygs without uncertainty

sampling for injecting diversity to determine sampling’s
relevance to the final network performance.

class

C. Efficacy of Weakly Supervised Semantic Segmentation

To quantify the accuracy of the weakly supervised seg-
mentation step we compare the segmentation output with
the manual segmentations and obtain DM = 0.926, and
HD = 6.5 mm. These numbers indicate very good agreement
with the expert’s manual annotations. Figure [6] shows two
examples of an image, its ground truth label map, and the label
map obtained from the weakly supervised segmentation step.
We observe that the WSS map closely resembles the manual
map with small regions of oversegmentation. Oversegmented
label maps recover the entire annotated area and hence enable
GeoGAN to learn the full range of geometrical relations
between different labels. On the other hand, oversegmented



maps also let the algorithm learn noisy features due to the
fact that non-diseased regions are included as infections.

(a) (b) (©)

Fig. 6. Results for weakly supervised segmentation compared to ground truth
maps. (a) CT image; (b) manual ground truth segmentation label map; (c)
label map generated by our weakly supervised approach. Light blue is label
1 - ground glass opacity; Green is label 2 - consolidation; Yellow is label 3-
pleural effusion.

D. Segmentation Results And Analysis

We hypothesize that a good image augmentation method
should capture the different complex relationships between
different labels, with the generated images leading to improve-
ment in segmentation accuracy. Table |l| shows the average DM
and MAE for different augmentation methods on the C'T'Seg1
dataset for infection regions. We also report the performance
of the recent approach of [19] on the same dataset.

Table[[|shows the p values comparing the results of all meth-
ods with GeoGANy gs (except [19] since we do not have
access to all segmentation masks). Results of GeoG AN yranual
denote the best performance obtained with a given network
since they are trained on clinician provide manual segmenta-
tion maps. GeoG ANy gs’s results show that the WSS compo-
nent is very accurate in obtaining semantic segmentation and
can be used effectively where manual segmentation maps are
unavailable.

Figure [/| shows the segmentation results using a UNet++
trained on images from different methods. Figure [/| (a) shows
the test image and Figure [7] (b) shows the manual mask.
Figures [7] (c)-(f) show, respectively, the segmentation masks
obtained by GeoGANyw g, [166], DAGAN and cGAN.

Subsequently, in Tables [lIlIIII] we show results of
GeoGANw sg (denoted as GeoGAN for brevity) for datasets
CTSeg2 and CTSeg3. Our method outperforms baseline
conventional data augmentation and other competing methods
by a significant margin. GeoGANyss’s DM is higher than the
DM value of the best performing method. We also perform
better than [19] on CT'Segl, which uses semi-supervised
approaches to outperform a UNet++ architecture (using con-
ventional data augmentation). Our results clearly show that
with better augmentation techniques we can do better than
state of the art segmentation network architectures.

GeoGAN’s superior segmentation accuracy is attributed to
it’s capacity to learn geometrical relationship between different

labels (through Lgp,qpe) much better than competing methods.
Thus our attempt to model the intrinsic geometrical relation-
ships between different labels could generate superior quality
masks.

E. Ablation Studies.

Table [IV] shows the segmentation results for different abla-
tion studies. Figure [§] shows the segmentation mask obtained
by different baselines for the same image shown in Figure
(a). The segmentation outputs are quite different from the
ground truth and the one obtained by GeoGAN. In some cases
the normal regions in the layers are included as pathological
area, while parts of the infected region are not segmented with
the pathological region. Either case is undesirable for disease
diagnosis and quantification. Thus, different components of
our cost functions are integral to the method’s performance
and excluding one or more of classification loss, geometric loss
and sampling loss adversely affects segmentation performance.

F. Classification Results

Table |V| summarizes the performance of different methods
on the public challenge dataset of [168E| consisting of 349 CT
images labeled as being COVID-19 positive. These CT images
have different sizes and come from 216 patients. All of them
are resized to 512 x 512. We train GeoGANy s on the train-
ing set, generate more images, train classifiers on the training
images and apply it on the test set. The leaderboard can be
accessed hereﬂ For all test submissions Accuracy (ACC), F1
score (F1) and area under curve (AUC) are calculated, while
the ranking is based on the F1 score. We use a DenseNet-
121 architecture and employed GeoGANy g5 augmentation
for the final results. Using conventional data augmentation we
got the following values: F1=0.931,ACC=0.934,AUC=0.961,
which would have placed us 6" in the current leaderboard.
However, by using GeoGANyy sg our results are ranked third
although we obtain the highest AUC and ACC values, while
being very close to the top ranked method in terms of F1
score. For the completeness of the paper we would have
liked to report the p—values at 95% confidence. However
we are unable to do so since we do not have access to the
results of other methods.

In a second set of classification experiments we used the
CTSegl dataset to generate augmentation images and train
a classifier for detection COVID positive and negative cases.
The classifier was used to classify images from the CT Seg2
and CTSeg3 datasets. Images from the two datasets were
intensity normalized and combined into one dataset. We add
COVID negative images from the challenge dataset to get an
almost equal distribution of positive and negative cases in the
training and test sets. The classification results on the test set
are summarized in Table [VI] for DenseNet-121, and Table
for ResNet-50.

An important component of our method is the WSS step
which generates segmentation maps for a given image. For

Shttps://covid-ct.grand-challenge.org/Data/
Ohttps://covid-ct.grand-challenge.org/Leaderboard/



Comparison approaches Proposed
DA DAGAN | cGAN Zhao | GeoGANwss | GeoGANranual [19]
DM 0.704 0.719 0.738 0.752 0.781 0.789 0.764
(0.17) (0.12) (0.09) (0.08) (0.05) (0.03) -
p 0.006 0.004 0.0005 | 0.0003 - 0.11 -
MAE | 0.097 0.088 0.083 0.071 0.058 0.053 0.064
(0.018) | (0.015) | (0.015) | (.017) (.013) (.012) -
HD 13.9 12.7 10.9 9.1 8.3 8.2 -
4.1) 3.9) (3.8) 3.1 (2.4) (2.3 -
TABLE T

COVID SEGMENTATION RESULTS FOR CT'Segl DATASET. MEAN AND STANDARD DEVIATION (IN BRACKETS) ARE SHOWN. BEST RESULTS PER METRIC
IS SHOWN IN BOLD. p VALUES ARE WITH RESPECT TO GeoGANw sg

Fig. 7. Segmentation results on the CT'Segl dataset: (a) original test images; (b) manual segmentation masks. Masks generated using data generated by: (c)
GeoGAN; (d) Zhao [166]; (¢) DAGAN; (f) cGAN. The two rows correspond to two different images.

Comparison approaches Proposed
DA DAGAN | c¢GAN Zhao GeoGAN
DM 0.708 0.727 0.761 0.774 0.809
(0.15) (0.13) (0.10) (0.09) 0.07)
HD 14.2 12.4 11.2 9.4 8.7
(4.4) 3.7 3.2) (3.0 2.7)
MAE | 0.112 0.094 0.088 0.079 0.073
(0.011) | (0.009) | (0.010) | (0.008) (0.006)
p 0.0007 0.005 0.0001 0.01 -
TABLE 1T

COVID SEGMENTATION RESULTS FOR CT'Seg2 DATASET. MEAN AND
STANDARD DEVIATION (IN BRACKETS) ARE SHOWN. BEST RESULTS PER
METRIC IS SHOWN IN BOLD. p—VALUES ARE WITH RESPECT TO GEOGAN.

Comparison approaches Proposed
DA DAGAN | c¢GAN Zhao GeoGAN
DM 0.723 0.762 0.779 0.793 0.815
(0.12) (0.10) (0.13) (0.08) (0.05)
HD 13.7 12.4 11.2 9.0 7.8
(4.2) (3.6) (3.9) (3.3) 3.1
MAE | 0.097 0.089 0.081 0.077 0.069
(0.009) | (0.010) | (0.008) | (0.006) (0.005)
p 0.008 0.003 0.009 0.01 -
TABLE TII

COVID SEGMENTATION RESULTS FOR C'T'Seg3 DATASET. MEAN AND
STANDARD DEVIATION (IN BRACKETS) ARE SHOWN. BEST RESULTS PER
METRIC IS SHOWN IN BOLD.p—VALUES ARE WITH RESPECT TO GEOGAN.

the classification dataset we do not have manual segmentation
labels (from the challenge dataset) to verify the accuracy of our
WSS method. However, the method’s performance is reflected
in the final classification performance which is better than

Fig. 8. Segmentation results for ablation experiments on C7T'Segl: (a)
GeoGANnoLshape; (b) GeoGANpoL,,,; (€) GeoGANpoSamp- The two
rows correspond to the images shown in the two rows of Figure |/] (a).

other augmentation methods.

V. CONCLUSION

We propose a novel approach to generate plausible COVID-
19 CT images by incorporating relationship between segmen-
tation labels to guide the shape generation process. Diversity
is introduced in the image generation process through uncer-
tainty sampling. Comparative results show that the augmented
dataset from GeoGAN outperforms standard data augmen-
tation and other competing methods, when applied to seg-
mentation of COVID-19 affected pathological regions in CT



GeoGAN GeoGAN GeoGAN
noL.;s noLspape noSamp
DM 0.752(0.07) | 0.759(0.09) | 0.758(0.09)
HD 9.5(3.0) 9.2(3.3) 9.0(3.2)
MAE 0.078 0.080 0.079
p 0.001 0.001 0.0009
TABLE IV

MEAN AND STANDARD DEVIATION (IN BRACKETS) OF SEGMENTATION
RESULTS FROM ABLATION STUDIES ON COVID CT IMAGES FROM THE
CT'Segl DATABASE. HD IS IN MM. p—VALUES ARE WITH RESPECT TO

(b) GeoGAN,,1,

GEOGAN.

(b)

Fig. 9. Generated images for ablation study methods: (a) GeoGAN,,1, , ;

cls

shape’ (¢) GeoGAN,o5amp- The corresponding gener-

ated images for other methods are shown in Figure |Z|

images. We show that synergy between shape, classification
and sampling terms lead to improved segmentation and each of
these terms is equally important in generating realistic shapes.

Despite the good performance of our method we observe
failure cases when the base images are noisy due to inher-
ent characteristics of the image acquisition procedure. Our
method is also useful to generate realistic images for educating
clinicians, where targeted synthetic images (e.g. generation of
complex cases, or disease mimickers) can be used to speed-up
training.
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