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Obtaining expert labels in clinical imaging is difficult since exhaustive annotation is time-consuming. Fur-
thermore, not all possibly relevant markers may be known and sufficiently well described a priori to even
guide annotation. While supervised learning yields good results if expert labeled training data is available,
the visual variability, and thus the vocabulary of findings, we can detect and exploit, is limited to the an-
notated lesions. Here, we present fast AnoGAN (f-AnoGAN), a generative adversarial network (GAN) based
unsupervised learning approach capable of identifying anomalous images and image segments, that can
serve as imaging biomarker candidates. We build a generative model of healthy training data, and pro-
pose and evaluate a fast mapping technique of new data to the GAN’s latent space. The mapping is based
on a trained encoder, and anomalies are detected via a combined anomaly score based on the building
blocks of the trained model - comprising a discriminator feature residual error and an image reconstruc-
tion error. In the experiments on optical coherence tomography data, we compare the proposed method
with alternative approaches, and provide comprehensive empirical evidence that f~AnoGAN outperforms
alternative approaches and yields high anomaly detection accuracy. In addition, a visual Turing test with
two retina experts showed that the generated images are indistinguishable from real normal retinal OCT

images. The f-AnoGAN code is available at https://github.com/tSchlegl/f-AnoGAN.

© 2019 Published by Elsevier B.V.

1. Introduction

The detection and localization of imaging biomarkers correlat-
ing with disease status is important for initial diagnosis, assess-
ment of treatment response and follow-up examinations. Spicula-
tion patterns of lung nodules in lung CT scans (Zwirewich et al.,
1991), microcalcification in X-ray mammography images for breast
screening (Wang et al., 2014), or macular fluid in OCT scans of
the retina (Schmidt-Erfurth et al., 2018) are examples of imag-
ing biomarkers used in clinical routine. Training of highly accurate
deep learning methods for the identification of imaging biomarkers
has shown promising results reaching clinical expert level accura-
cies, but requires expert annotated data (Kooi et al., 2017; Esteva
et al.,, 2017; Rajpurkar et al., 2017; Grewal et al., 2017). In practice,
expert annotations suffer from two limitations. First, their num-
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ber is typically limited due to the time costly acquisition, specif-
ically for difficult to identify findings for which machine learning
approaches would be particularly desirable. Second, even if anno-
tated training corpora are available, supervised learning is limited
to already known markers. In some contexts, they exhibit high in-
ter rater variability and correspondingly limited prediction power
(Walsh et al., 2015), and we suspect that relevant markers exist
beyond those already described. Here, we propose a fast anomaly
detection technique trained on large-scale imaging data only com-
prising normal images without the need of annotations as learn-
ing targets during training. Only for data selection prior to training,
volume-level information is needed, namely to select imaging data
for training that show solely normal appearance. We perform un-
supervised learning on these data to train a generative model that
captures a high amount of natural (normal) variability inherent in
the data used during training. Subsequently, we train an encoder
to enable fast mapping of images to latent space! and thus facil-

! In the context of generative adversarial networks, the latent space is also termed
z-space. We use both terms interchangeably.
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Fig. 1. Anomaly detection framework. Both steps of model training, generative adversarial training (yields a trained generator and discriminator) and encoder training (yields
a trained encoder), are performed on normal ("healthy") data and anomaly detection is performed on both, unseen healthy cases and anomalous data. (For interpretation of
the references to color in this figure legend, the reader is referred to the web version of this article.)

itate a fast evaluation of whether or not novel images and image
segments fit the manifold of normal data (Fig. 1).

Capability and limitations of supervised learning. Automated clas-
sification and segmentation of anatomical structures, lesions and
imaging patterns has been heavily studied for the last decades in
medical image analysis (Esteva et al., 2017; Schlegl et al., 2017b;
Ramteke and Monali, 2012; Weisenfeld et al., 2006; Anbeek et al.,
2004; Kaus et al., 2001; Van Leemput et al., 1999; Reddick et al.,
1997; Stansfield, 1986). Deep learning provides powerful methods
for automated analysis of large clinical data sets including elec-
tronic health records (Miotto et al., 2016) or radiology reports
(Chen et al., 2017; Schlegl et al.,, 2015). It has been applied to
medical images, such as for example X-ray (Rajpurkar et al., 2017;
Kooi et al., 2017), computed tomography (CT) (Grewal et al., 2017),
magnetic resonance imaging (MRI)(Kamnitsas et al., 2017), optical
coherence tomography (OCT) (Schlegl et al., 2017b), or histology
data (Ciresan et al., 2013)), or high-throughput sequencing data
(Alipanahi et al., 2015), enabling reproducible and higher quality
accurate decisions. Learning a discriminative model requires su-
pervision in the form of annotations (e.g. positive (anomalous)
vs. negative (normal) class) during model training. This comes
with two drawbacks. First, annotations are time-consuming and re-
quire thorough domain knowledge. Secondly, the vocabulary of de-
tectable anomalies by a trained model is restricted to those types
already known and defined as targets for training. In contrast, un-
supervised learning can model the distribution of normal obser-
vations, and enables the identification of observations - anomalies
- that do not fit this model well. Anomaly detection is useful in
clinical routine, to screen large amounts of data for potentially rel-
evant findings, that should be further assessed by experts. Further-
more, anomaly detection enables the expansion of the vocabulary
of markers used for quantitative disease and treatment assessment.
In both cases, the identification of anomalous images, and the lo-
calization of anomalies on the pixel level are relevant. f~AnoGAN
allows for anomaly detection on the image level and localization
of anomalies on the pixel level.

Anomaly detection. Anomaly detection is the identification of data
that does not fit to the distribution of normal data, i.e. does
not conform to normal appearance, semantic content, quality, or
expected behavior. Anomaly detection techniques are employed
in various domains, ranging from lesion detection in medical
imaging (Schlegl et al., 2017a), to credit-card fraud detection
in finance (Awoyemi et al, 2017), to radio frequency anomaly
detection in wireless networks (Tandiya et al, 2018). Novelty
detection (Sabokrou et al., 2018; Pimentel et al., 2014) is the
identification of new, yet unobserved patterns in test data not

included in training data. Since anomaly detection and novelty de-
tection share the same methodological foundation, the proposed
anomaly detection framework can also be applied for novelty de-
tection. The main focus of this paper is to propose methodology
and to evaluate its capability to detect (known) anomalies not
present in the training data. We leave the distinction and the eval-
uation of the capacity of detected anomalies as (potentially novel)
biomarkers to future studies. Anomaly detection techniques com-
prise statistical approaches (Nguyen and Goulet, 2017), density-
based anomaly detection (Zhang et al., 2018), clustering-based
anomaly detection (Alguliyev et al., 2017), graph-based anomaly
detection (Akoglu et al., 2015), or support vector machine (SVM)-
based anomaly detection (Erfani et al., 2016; Seebdck et al., 2018),
to name but a few examples.

Related work. The proposed algorithm 1is based on gen-
erative  adversarial  networks  (GANs), introduced by
Goodfellow et al. (2014) and capable of generating realis-
tic images (Radford et al, 2015). A GAN consists of two
adversarial networks, a generator G and a discriminator D.
In the first formulation of GAN training (Goodfellow et al,,
2014), the loss function quantified the Jensen-Shannon (JS) di-
vergence between the training data distribution P, and the
generator sample distribution Pg defined by X=G(z), with
z~p(z). This formulation suffers from training instability and
is prone to mode collapse, and thus GANs were hard to train.
Arjovsky et al. (2017) proposed to replace ]S divergence by the
Wasserstein distance since the smoother value space stabilizes
the training procedure. In the Wasserstein GAN (WGAN) formu-
lation, the discriminator does not directly discriminate between
real and generated samples but estimates the Wasserstein dis-
tance between the generator and the real data distribution. For
enforcing a Lipschitz constraint, after every gradient update,
the discriminator weights are clipped to a small range [—c,c]|
bounded by constant hyperparameter c. Since this is a “terrible
way to enforce a Lipschitz constraint” (Arjovsky et al., 2017),
Gulrajani et al. (2017) proposed an improved WGAN training
procedure replacing weight clipping by gradient penalty, where the
gradient norm of the discriminator’s output is directly constrained
with respect to the discriminator’s input.

The presented work is most closely related to our conference
paper proposing AnoGAN (Schlegl et al., 2017a), a GAN based
anomaly detection technique. We utilized a deep convolutional
generative adversarial network (DCGAN) (Radford et al., 2015) to
train a generator and discriminator on normal data via unsu-
pervised learning. During detection, the latent space location for
a given query image was determined performing iterative back-
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propagation leading to an anomaly score under utilization of the
trained generator and discriminator. Both approaches, AnoGAN as
well as the presented f-AnoGAN, require the mapping from im-
age to latent space. The recently proposed inversion method of
Creswell and Bharath (2018) is similar in spirit to the iterative
mapping approach from images to latent vectors. Lipton and Tri-
pathi (2017) proposed stochastic clipping for an improved latent
vector recovery using an iterative mapping scheme as well. Al-
though AnoGAN showed good anomaly detection performance, it-
erative approaches share the drawback on real world applications
of computational inefficiency during detection time. The f~AnoGAN
technique replaces this iterative procedure by a learned mapping
from image to latent space, dramatically improving speed.

In the ALI (Adversarially Learned Inference) (Dumoulin et al.,
2016) and BiGAN (Bidirectional Generative Adversarial Network)
(Donahue et al., 2016) models, the mapping between image space
and latent space is jointly learned in both directions during GAN
training. Donahue et al. (2016) trained a “latent regressor” to
map images to latent space and used it as baseline for the Bi-
GAN model. Although architecturally similar to the ziz architecture
(Section 2.2.1), one of the examined encoder training approaches,
they didn’t study the performance of latent regressor encoder train-
ing in an anomaly detection setting. An adversarial convolutional
autoencoder (AdvAET) also jointly trains an encoder and a decoder
based on a loss function that combines an image residual term and
an adversarial term. In literature, we find utilization of AdvAEs for
example for image inpainting (Pathak et al., 2016).

Since the publication of the AnoGAN technique, fur-
ther applications of GAN-based anomaly detection followed.
Zheng et al. (2018) proposed a GAN-based telecom fraud detection
approach, where a deep denoising autoencoder (AE) learns the
relationship among the inputs and adversarial training is employed
to discriminate between positive and negative samples in the data
distribution. Ravanbakhsh et al. (2017) employed two conditional
generators, generating an optical flow image conditioned by a
video frame and vice versa. The discriminator takes as input two
images and decides whether both images are real data samples.
The training procedure followed our proposed idea to the effect
that only normal data was used for training. Their approach does
not include a separate encoder training procedure as it is used in
the present work. Following AnoGAN, Zenati et al. (2018) trained a
GAN-based architecture on normal samples only and utilized the
AnoGAN anomaly scoring function. To speed up anomaly scoring
during test time, they simultaneously trained the encoder during
GAN training by employing the BiGAN model, which is method-
ically equivalent to the ALI model that is utilized as baseline
approach in our experiments.

Anomaly detection on OCT images was also studied by
(Seebock et al.,, 2018) employing a convolutional AE and a one-
class SVM. A drawback of this approach is the need for choosing a
prior on the healthy amount of the volume. Sidibe et al. (2017) per-
formed anomaly detection on OCT scans and modeled normal ap-
pearance of OCT images with a Gaussian Mixture Model (GMM)
trained on a PCA embedding of OCT images. Thus this approach
enables the detection of anomalous images but the localization
of anomalous regions within an image is not possible. Besides
those unsupervised learning approaches, we find classifier training
approaches on OCT data, namely supervised learning (Venhuizen
et al, 2015; Schlegl et al, 2017b), semi-supervised learning
(Farsiu et al., 2008), or weakly supervised learning (Schlegl et al.,
2015), that all require some form of supervision signal (i.e. anno-
tations as target labels) and thus are restricted to a predefined set
of lesions defined by the class labels.

Contribution. We propose fast anomaly detection based on GAN
training on normal image appearance (see black block in

Fig. 2) capturing normal variability of training data, described in
Section 2.1, and a subsequent encoder training approach (see red
blocks in Fig. 2), enabling fast mapping from images to correspond-
ing locations of the learned latent representation (Section 2.2) in a
single step during inference. This makes the proposed technique
suitable for real-time anomaly detection applications. We present
an in-depth study of different encoder training approaches, the
“latent regressor” architecture, a z-to-z mapping (ziz) procedure
known from literature (Donahue et al., 2016), and beyond that
two new image-to-image (izi) mapping approaches. Encoder train-
ing for mapping images to latent vectors needs a pre-trained GAN.
We use a WGAN, a state-of-the-art GAN, architecture. However, our
proposed approach is not limited to WGAN training but can be ap-
plied to any pre-trained GAN. To the best of our knowledge, in this
work, a discriminator guided image-to-image mapping approach
(izif) is utilized for the first time for learning the mapping from im-
ages to latent encodings in a subsequent training step. In compari-
son to the investigated alternative approaches, this novel approach
yields the best anomaly detection as well as the best anomaly lo-
calization (i.e. segmentation) performance. The f~AnoGAN technique
is motivated by our initial work on anomaly detection, where a
similar approach is used in an iterative manner. Both, the applica-
tion of WGAN training to learn a representation of normal image
variability and the application of the examined encoder training
approaches to anomaly detection is new in general.

The present work differs in several aspects from the AnoGAN
paper (Schlegl et al., 2017a): 1) it uses the state-of-the-art im-
proved WGAN architecture instead of the DCGAN architecture, 2) it
introduces an approach to substantially speed up the mapping of
input images to the latent space during the detection by moving
from an iterative gradient descent approach to a learned mapping.
Finally, it expands the experimental evaluation of the algorithm to
a wide range of alternatives.

2. Fast GAN based anomaly detection

The proposed anomaly detection framework consists of two
training steps on normal images: (1) GAN training, and (2) encoder
training based on the trained GAN model. After training, inference
yields an anomaly score for a new image utilizing these trained
components. Similar to Schlegl et al. (2017a), we train a genera-
tive adversarial network on images from normal scans, yielding a
generator and discriminator, and a latent representation of normal
anatomical variability. Using this model, we train an encoder that
maps images to the latent space (Fig. 2). After encoder training, the
encoder maps images to locations in the latent space that map to
the normal version of the input image, when fed as input to the
trained generator. In the case of a normal input image (and un-
der the assumption of a perfect generator and a perfect encoder),
mapping from image space to the latent space via the encoder and
subsequent mapping from latent space back to image space via the
generator should closely resemble the identity transform. The de-
gree of deviation is used for anomaly scoring. Both components of
the anomaly detection framework training are illustrated in Fig. 2.

In the following, we give a description of generator and dis-
criminator training (Section 2.1), followed by a detailed description
of encoder training (Section 2.2), and anomaly scoring used for the
identification of anomalous appearance (Section 2.3).

2.1. Unsupervised learning of normal anatomical variability

For the training of the GAN and the encoder, we use unlabeled
training data X =X, , € X sampled from the manifold X of im-
ages showing normal anatomy, where X;, are image patches of
size s x s extracted at K randomly sampled positions from image
In, with k=1,2,...,K. We use a set of N medical images I, that
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show normal anatomy only, with n=1,2,..., N, where I, ¢ R¥?
is an intensity image of size u x v, with u>»>s and v>»s. For evalua-
tion, we use image data y;; of size s x s extracted from testing data
J unseen during training and corresponding pixel-level binary an-
notations am € {0, 1} *5 of the same size, with m =1, 2, ..., M. This
test set (ym, am) comprises tuples of both, normal and anomalous
images, and corresponding labels, and is only used for the pur-
pose of pixel-level anomaly localization evaluation. For quantitative
anomaly detection performance evaluation, we use image-level la-
bels dp, € {0, 1}. During training, only unlabeled normal images are
used.

Learning normal anatomical variability with a generative adversarial
network. We train a WGAN to learn a non-linear mapping function
from latent space Z to the manifold X in the image space that rep-
resents the variability of (normal) training images only based on
the set of unlabeled images (I,). During GAN training, the genera-
tor G and the discriminator D are simultaneously optimized. Given
input noise sampled from latent space Z € RY of dimension d, the
generator is trained to output samples that follow the distribution
PPg over data X' as close as possible to the distribution of real data
P;, and thus to fool the discriminator. Here, the generator learns to
generate images of the training distribution capturing normal vari-
ability. The discriminator can estimate the fit of generated images
to the distribution of training images. The trained generator and
discriminator are utilized with fixed weights for subsequent en-
coder training (Section 2.2) and for anomaly scoring (Section 2.3).

2.2. Learning a fast mapping from images to encodings in the latent
space

GAN training yields a generator G(z) =z — x that maps from
Z to X, but not the inverse mapping from X to Z that is needed
in our anomaly detection technique. We learn the mapping E(Xx) =
X — z by training a deep encoder network E. The encoder can be
trained with either of two basic architectures: (1) z-image-z (in the
following abbreviated as ziz) encoder training, or (2) image-z-image
(in the following abbreviated as izi) encoder training. In both cases
we use a convolutional autoencoder (AE) architecture, comprising
a trainable encoder E that maps from image to z-space and the
generator that acts as decoder by mapping from z to image space
with fixed weights resulting from WGAN training. Both differ in
the order of utilization of the encoder and the decoder (i.e. trained

generator). During encoder training, only the encoder parameters
are optimized, whereas the generator parameters are kept fixed.
The investigated encoder training architectures are illustrated in
Fig. 2 (red blocks).

2.2.1. Training the encoder with generated images: ziz architecture

Reversing the order regarding encoder and decoder (i.e. the pre-
trained generator in our specific case) utilization in a standard AE
leads to the ziz architecture. During training, a random sample
drawn from z-space is mapped to the image space through the
fixed generator G, and the encoder E is trained to map it back to
the z-space. Therefore, for ziz encoder training, no imaging data
is needed. The ziz architecture resembles a z-to-z AE, where the
z-to-image mapping G is fixed. During training, we minimize the
mean squared error (MSE) of input z-samples z and reconstructed
z-samples E(G(z)):

La(@) = Zllz—E(C@) I, (1)

where d is the dimensionality of the z-space.

This approach is similar to the “latent regressor” that was used
as baseline model in a DCGAN architecture for the BiGAN model
in the “Adversarial feature learning” work of Donahue et al. (2016).
In contrast to the izi architecture, here we know the true target z
location. The drawback of this approach is that, in contrast to the
izi architecture, the encoder only “sees” generated images but never
receives real input images (Donahue et al., 2016).

2.2.2. Training the encoder with real images: izi architecture

The izi architecture follows a standard AE configuration, where
an encoder is followed by a decoder (generator). During training,
the mapping from real images to latent encodings z is performed
by the trainable encoder, while the mapping of z back to image
space is performed with the fixed generator G. This architecture
resembles an image-to-image AE. We minimize the MSE residual
loss of input images x and reconstructed images G(E(X)):

L) = X~ G(EG) I )

where | - ||2 is the sum of squared pixel-wise residuals of gray val-
ues and n is the number of pixels in an image. The izi encoder is
trained with the same data used for WGAN training, i.e. only nor-
mal images. This approach has an important drawback. Since the
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true target location in the z-space of a given query image is un-
known, we can only indirectly measure the accuracy of the image
to z mapping through mapping back to the image space and com-
puting the image-to-image residual.

2.2.3. Discriminator guided izi encoder training: izi; architecture

The izi training objective enforces similarity in the image space.
The mapping of new images can result in positions in regions of
the latent space only sparsely sampled during training that would
not convince the discriminator, when mapped back to image space.
As a consequence, only minimizing pixel-wise differences will oc-
casionally yield images that are not realistic examples of normal
images, but still have a small residual even for anomalous images.
This makes the residual in the image space not a reliable solitary
marker of anomaly.

We found that the residual in the feature space populated by
the discriminator, which is a reliable basis for identifying anoma-
lous images, is an essential term in the encoder training objective.
Therefore, we additionally calculate image statistics of the real im-
age and the reconstructed image resulting in the izi; architecture.
The loss function for discriminator guided izi encoder training (in
the following abbreviated as iziy) is:

1
Li (00 = - %= GE) I + 1= - 700 — F(G(E@)) 2. 3)

where discriminator features f{ - ) of an intermediate layer are used
as statistics of a given input, ny is the dimensionality of the in-
termediate feature representation, and x is a weighting factor. Us-
ing discriminator features is inspired by the feature matching tech-
nique proposed in Salimans et al. (2016), and is also related to the
loss used for iterative z-mapping in our initial anomaly detection
work (Schlegl et al., 2017a). The parameters of the discriminator
are those learned during WGAN training and are kept fixed during
encoder training. Since the izi; architecture simultaneously guides
encoder training in the image space and in the latent space, we
choose izi; as the proposed encoder training architecture in the f-
AnoGAN framework.

2.3. Detection of anomalies

During image-level anomaly detection, we quantify the devi-
ation of query images and corresponding “reconstructions”. All
the components, needed for generating the image reconstructions
and performing the anomaly quantification are trained in the
WGAN training step (Section 2.1) and in the encoder training step
(Section 2.2).

The anomaly quantification formulation follows directly
the specific definition of the loss used for encoder training
(Egs. (1)-(3)). For the proposed f-AnoGAN model, which imple-
ments the discriminator guided izi; encoder training (Eq. (3)), the
final anomaly score A(x) for a new image X is defined by

AX) = Ar(X) + k- Ap(X), (4)

where Ar(X) = 1 X = G(E™)) |2, Ap(X) = - 1 f(x) =
f(G(E()))II? and « again is a weighting factor (Fig. 3a). The
definition of the anomaly score for both encoder training ar-
chitectures that do not include a discriminator based term, izi
architecture (Eq. (2)) and ziz architecture (Eq. (1)), reduces to
AX) = Ar(¥) =} - [x = G(E®) |12 (Fig. 3b).

In general, both formulations yield high anomaly scores on
anomalous images and small anomaly scores on normal input im-
ages. Since the model is only trained on normal images, it only “re-
constructs” an image visually similar to the input image and lying
on the manifold of normal images . The ability of reconstructing
visually similar images is inversely proportional to the degree or

distinction of anomaly. Normal query images result in small devia-
tions whereas anomalous images are mapped to “reconstructions”
yielding large deviations. The absolute value of pixel-wise residuals
Ar(x), defined by:

Ar(%) = [x = G(E())], (5)

is used for pixel-level anomaly localization.

3. Experiments

We evaluate the proposed anomaly detection technique on
optical coherence tomography imaging data of the retina. We
examine if the model can generate realistic images, if it can
identify images containing anomalies, and localize the anomalous
regions. We compare anomaly scoring accuracy of our proposed
approach with the following alternative approaches: convolutional
autoencoder (AE), adversarial convolutional autoencoder (AdvAE),
ALl model. Furthermore, we compare f-AnoGAN with an iterative
backpropagation based approach on a trained WGAN following
Schlegl et al. (2017a). Additionally, we evaluate the performance
of an alternative anomaly scoring approach, Ap, that only utilizes
the discriminator output D(x) of the trained WGAN. In contrast
to DCGAN training, where the discriminator outputs a measure
of “realness” of a given input image, in the WGAN formulation
the discriminator estimates the Wasserstein distance between the
generator and the real data distribution. Hence the discriminator’s
output can not be directly used for anomaly scoring. To obtain the
anomaly score for an unseen testing image x,, based on the WGAN
value function, we compute the distance:

Ap = i, — D(Xy) (6)

between the discriminator output D(X;) on the given query image
X, and the average discriminator output

iy, = E (D(X)) (7)
X ~Pr
over 32.000 randomly chosen training images X;.

Data, data selection and preprocessing. We used the same clinical
high resolution retinal spectral-domain optical coherence tomog-
raphy (SD-OCT) volumes (acquired with a Heidelberg Spectralis
device) as described in Schlegl et al. (2017a) to facilitate com-
parability. Each SD-OCT volume comprises 49 cross-sectional im-
ages (acquired in zx-direction). The total volume resolutions in z-,
x-, and y direction are 496 x 512 x 49 voxels, respectively. The fol-
lowing preprocessing steps were applied to every SD-OCT volume.
The voxel gray values were normalized per volume to range from
—1 to 1. The number of columns was reduced from 512 to 256,
resulting in a pixel size (in x-direction) of 22 pm. To counterbal-
ance variations in shape, thickness and spatial orientation of the
retina among individual OCT images and patients, we extracted
and flattened the retinal area in the following way. The area of the
retina was localized via an automatic layer segmentation algorithm
(Garvin et al., 2009), yielding for every column the locations of the
top and bottom retinal layer. We used the bottom layer as fixed
boundary, and only if the retinal thickness (defined as the number
of pixels between top and bottom layer) exceeded the extracted
area height, we normalized thickness, if it was less we did not al-
ter it.

WGAN and subsequent encoder training was performed on ap-
proximately 850,000 2D image patches with 64 x 64 pixels ex-
tracted at randomly sampled positions from 270 SD-OCT volumes
of healthy subjects for whom the absence of retinal fluid was con-
firmed. Quantitative and qualitative evaluation was performed on
a separate test set — comprising 10 SD-OCT volumes of healthy
subjects and 10 diseased cases containing retinal fluid - not used
during WGAN and encoder training. For these volumes we also had
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Fig. 3. Inference on new images for anomaly scoring. Anomaly scoring uses exactly the same architecture and dataflow used for encoder training. (a) Proposed f-AnoGAN
model that uses discriminator guided encoder training (izif architecture). (b) Anomaly quantification for both underlying encoder training architectures that do not include a
discriminator based term (izi architecture and ziz architecture). (For interpretation of the references to color in this figure legend, the reader is referred to the web version

of this article.)
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Fig. 4. Data preprocessing. 1) Volume-wise intensity normalization, 2) extraction and flattening of the retinal area, 3) 2D patch extraction. (For interpretation of the refer-
ences to color in this figure legend, the reader is referred to the web version of this article.)

pixel-level binary annotations (fluid vs. non-fluid) provided by clin-
ical retinal experts. These annotations were only used for evalua-
tion of the anomaly localization performance but were not used
during training. Quantitative image-level anomaly detection accu-
racy was evaluated based on the occurrence of at least a single
pixel annotated as retinal fluid in the image patch. The test set
was composed of normal and pathological samples and in total
consisted of 70,000 2D image patches. The amount of normal and
anomalous (i.e. showing retinal fluid) image patches in the test set
was 70% and 30% respectively. Fig. 4 shows an overview of the data
preprocessing steps from OCT scans to 2D image patches.

3.1. Evaluation

For evaluation of the WGAN training, encoder training, anomaly
detection and anomaly localization performance we performed the
following experiments.

(1) Does the model capture normal variability? The quan-
tification of the quality of generative models is an open ques-
tion. Salimans et al. (2016) proposed the Inception Score, the
most widely used metric for evaluating image-generating mod-
els. Barratt and Sharma (2018) discovered several shortcomings
within the underlying premise of the score and its application,
as for instance both slight changes in network weights and the
specific Inception network implementation result in different In-
ception Scores for the same set of generated images. Moreover,
the original Inception Score is applicable only for ImageNet gen-
erators, and application of the Inception Score on other datasets
requires training of an Inception network on the specific dataset
in question (cf. Barratt and Sharma, 2018), which limits the com-
parability of the Inception Score across medical imaging datasets.
Therefore, we presented a visual Turing test in the spirit of
Chuquicusma et al. (2018) to two clinical retina experts in order to
quantify the quality of the generated normal images. For the evalu-
ation of the expert’s perception of both real and generated images,
we used a set of 100 images with 64 x 64 pixels that comprised

50 real normal retinal OCT images and 50 generated images, which
were generated using only the trained generator from WGAN train-
ing conditioned by randomly sampled locations in the latent space.
Both clinical retina experts independently rated the realness of the
images and were blinded of each other’s scoring.

Furthermore, we explored qualitatively whether the model is
able to capture the visible variability of real normal images. Fur-
thermore, we analyzed whether the learned latent representation
is smooth. Unstable GAN training can lead to mode collapse, man-
ifesting in a state of only few locations in z-space (latent space),
which allow the generator to generate realistic images. We tested
for smooth coverage of the latent space, by choosing random z po-
sitions, and generating image series from sampling points along
the connecting line. Smooth transitions in image series indicate the
absence of mode collapse. In an additional experiment, we condi-
tioned the start and end points of the sampling in z-space with
real normal images, which were randomly selected from the train-
ing set.

(2) Does the model detect anomalous images accurately?
Quantitative evaluation of the anomaly detection accuracy was per-
formed on the annotated test data comprising normal and anoma-
lous images. We compared the accuracy of f~AnoGAN with AE, Ad-
vAE, and ALI model (Dumoulin et al., 2016), which is methodically
equivalent to the BiGAN model (Donahue et al., 2016). AE, AdvAE,
and ALI are valid alternatives to learn a mapping from images to
latent encodings and back to image space. They jointly learn both
mappings in one training phase. An AE is a basic model for joint
encoder-decoder training, while AdvAE and ALI additionally incor-
porate adversarial training. But among the investigated alterna-
tive approaches, only a BiGAN based model was hitherto used for
anomaly detection (Zenati et al., 2018). To maximize comparabil-
ity, we trained the AE based models with the same network archi-
tectures as used in the WGAN generator and discriminator. More
specifically, we implemented a ResNet (He et al., 2016) based ar-
chitecture used in f~AnoGAN and Gulrajani et al. (2017) also in AE
and AdvAE. The ALI model was trained in the originally proposed
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style. These approaches replaced both f-AnoGAN training proce-
dures, WGAN and subsequent encoder training, while leaving as
far as applicable the computation of the final anomaly score un-
changed. Since a standard AE architecture does not comprise a
discriminator, anomaly scoring was based on the image residual
only; for AdvAE and ALI we added the discriminator feature resid-
ual analogously to f~AnoGAN. We emphasize that these approaches
are valid alternatives implemented with the aim of being as com-
petitive and as comparable as possible to f~AnoGAN.

Furthermore, we compared f-AnoGAN with two WGAN based al-
ternative approaches that do not train a separate encoder: 1) us-
ing only the WGAN discriminator in a single feed-forward step
(Ap; Eq. (6)), and 2) using the trained WGAN generator and
discriminator via iterative z-mapping during detection following
Schlegl et al. (2017a) (iterative).> We show receiver operating char-
acteristic (ROC) curves, and report corresponding area under the
ROC curve (AUC) values, as well as precision, sensitivity, specificity,
and f-score at the Youden index of the ROC curves on image-level
anomaly detection performance for the proposed f-AnoGAN and all
alternative approaches.

(3) Can the model localize anomalies in images? To assess
the ability of anomaly detection to localize anomalies on pixel
level, we show qualitative results comparing the residual differ-
ence between reconstructed images and real input images with
ground-truth annotations of retinal fluid. In addition, quantita-
tive evaluation of the pixel-level anomaly localization accuracy
was performed on the annotated test data. We compared the
localization accuracy of f~AnoGAN with AE, AdvAE, and ALI model.

(4) How does accuracy achieved with different encoder train-
ing architectures compare? We compared the final image-level
anomaly detection accuracy of three different encoder training ap-
proaches (Fig. 2): (1) ziz encoder training, (2) izi encoder training,
or izi; encoder training (i.e. the f-AnoGAN model). During inference
on new images for anomaly scoring, all approaches use the same
generator trained during WGAN training (Fig. 3); only the izi; ad-
ditionally utilizes the trained discriminator (again obtained during
WGAN training). Additionally, we performed qualitative evaluation
of the ability to reconstruct query images and to localize anoma-
lies.

Implementation details. We used the improved WGAN training pro-
cedure (Gulrajani et al.,, 2017) for stable GAN training. Following
Gulrajani et al. (2017), we used a normally distributed z-space with
128 dimensions. We trained a ResNet based WGAN with gradi-
ent penalty (WGAN-GP) proposed by Gulrajani et al. (2017), where
the generator and the discriminator were implemented as sim-
ple convolutional decoder and encoder respectively, each compris-
ing four residual blocks.> From the first to the last residual block,
the generator utilized 512 — 256 — 128 — 64 and the discrimina-
tor utilized 128 — 256 — 512 — 512 filter kernels. Throughout, fil-
ters of size 3 x 3 were used. Following Gulrajani et al. (2017), in
the discriminator any batch normalization was replaced with layer
normalization. We additionally implemented an encoder with an
architecture similar to the generator’s architecture (Section 2.2).
WGAN training was performed as much as 100,000 iterations with
batch size 64 that are 7 full utilizations of all training images, fol-
lowed by 50,000 encoder training iterations with learned genera-
tor and discriminator parameters kept fixed. For WGAN training we
used Adam (Kingma and Ba, 2014), a stochastic optimizer, whereas
for subsequent encoder training RMSprop (Hinton et al.,, 2013), a

2 During iterative z-mapping, we performed stochastic clipping in the range
[—1, 1] for an improved latent vector recovery as recently proposed by Lipton and
Tripathi (2017).

3 For generator- and discriminator training we adapted the Tensorflow-based im-
plementation: https://github.com/igul222/improved_wgan_training.

Table 1

Clinical performance statistics calculated at the Youden index of the receiver
operating characteristic (ROC) curve, the corresponding area under the ROC
curve (AUC) and f-score measuring the image-level anomaly detection per-
formance of a convolutional autoencoder (AE), adversarial convolutional au-
toencoder (AdvAE), ALl model, based on the output of the WGAN discrimi-
nator (Ap), iterative z-mapping utilizing the trained WGAN model (iterative)
following Schlegl et al. (2017a), and our proposed fast AnoGAN (f-AnoGAN).

Precision  Sensitivity ~ Specificity =~ f-score  AUC
AE 0.6824 0.7195 0.8550 0.7005  0.8688
AdVAE 0.6405 0.7856 0.8092 0.7057  0.8649
ALI 0.5063 0.7434 0.6863 0.6023  0.7897
Ap 0.4909 0.6831 0.6931 0.5713 0.7504
iterative 0.7202 0.8049 0.8645 0.7602 09114
f-AnoGAN  0.7863 0.8091 0.9049 0.7975  0.9301

widely used adaptive learning rate method, was utilized. As sug-
gested by Gulrajani et al. (2017), we trained the discriminator more
often than the generator. More specifically, after every generator
update we ran 5 discriminator updates. For simplicity, we used
k =1.0 in Eqgs. (3) and (4), i.e. we weighted equally the image
residual and discriminator feature residual terms in both, the en-
coder training loss function and the anomaly scoring function.

Sampling from a normal distribution during WGAN training
provides the possibility to restrict the mapping to the part of
the latent space that describes the main components of nor-
mal variability of training data whereas areas of the latent space
are blocked out that were only sparsely sampled during training.
Therefore, during encoder training, we restricted the encoder map-
ping to the range (—10, +10) of the standard normal distribution
by applying a tanh activation function on the encoder outputs. A
more detailed motivation on constraining the encoder outputs can
be found in Appendix A.2.

All experiments were performed on a Titan X graphics pro-
cessing unit based on a system running Python 2.7, TensorFlow
(Abadi et al., 2015) library (version 1.2) and CUDA 8.0. We provide
code for training and inference of the full model.*

3.2. Results

The model captures normal variability in a smooth repre-
sentation. In order to quantitatively evaluate the quality of gen-
erated images, we independently presented a visual Turing test to
two retina experts. The accuracy of both raters for telling gener-
ated from real normal images apart was below random guessing
(mean accuracy was 0.44), and the consensus between both raters
was 0.58. These results clearly show that the model covers normal
variability and images generated by our model are indistinguish-
able from real normal retinal OCT images even for clinical retina
experts.

The mapping from real images to the latent space and back
demonstrates that the model (1) learns a latent representation of
normal anatomical variability, and the generator generates realistic
looking images, (2) the proposed encoder training procedure en-
ables to find the corresponding latent encoding for a given query
image (see last three rows in Fig. 5). The model is able to find a
visually “close” normal image for a given input image not part of
the training data (Fig. 6). This is a prerequisite for anomaly detec-
tion. Both, sampling along lines between random positions in the
z-space (see first three rows in Fig. 5), or between positions re-
sulting from encoding real images (see last three rows in Fig. 5),
show smooth transitions in z-space and the ability of our model to
find very close “reconstructions” of real images. This suggests that

4 Code is provided at https://github.com/tSchlegl/f-AnoGAN, and together with
detailed information at http://www.cirmeduniwien.ac.at/research/anomalies.
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Fig. 5. Interpolations in the z-space of the trained WGAN. First three rows: Linear interpolation in z-space between randomly sampled endpoints. Last three rows: Linear
interpolation in z-space between two z locations conditioned by real images (images with red edgings) taken from the training set. (A more detailed visualization can be
found in B.1.) (For interpretation of the references to color in this figure legend, the reader is referred to the web version of this article.)

Fig. 6. Model comparison on pixel-level localization of anomalous image regions. The first row shows real input images. Second row: Pixel-level anomaly (retinal fluid)
annotations (only used for evaluation). First block: Images taken from the training set (normal images). Second block: Normal images extracted from healthy cases in the
test set. Third block: Images extracted from diseased cases in the test set showing normal and anomalous patches. Starting with the third row, we show in one row the
generated images and in subjacent rows the real query images with overlayed residual: Proposed f-AnoGAN (row 3 and 4), AE (row 5 and 6), AdvAE (row 7 and 8), and ALI

(row 9 and 10). (For interpretation of the references to color in this figure legend, the reader is referred to the web version of this article.)

WGAN training was successful, and that the WGAN captures the
full range (visual variability) of normal images, presented during
training.

The model accurately detects anomalous images.
Table 1 presents an in-depth comparison on image-level anomaly
detection accuracy of f-AnoGAN, joint encoder-decoder learn-
ing approaches (AE, AdvAE, and ALI), a direct utilization of the
WGAN discriminator trained on normal images (Ap), and iterative
z-mapping on a trained WGAN (iterative). Fig. 8a shows corre-
sponding ROC curves and AUC values. During inference, f~AnoGAN
is as fast as the joint encoder-decoder learning approaches, and
thus is much faster than the iterative approach (which most
closely corresponds to AnoGAN). Most importantly, f~AnoGAN has
higher accuracy than all other approaches. A direct utilization of
the trained WGAN discriminator, Ap, achieves poor accuracy. Note

that iterative results could be possibly improved towards reaching
f-AnoGAN accuracy through more iterations during inference, but
on a Titan-X GPU the current 300 updates for each of the 70,000
test images took in total 2 days to compute while f~AnoGAN took
20 seconds. Thus, the accuracy advantage of f~AnoGAN is also valid
in practical terms.

In Fig. B1, the distributions of anomaly scores A(x) (according
to Eq. (4)) are independently plotted for normal and anomalous
images of the test set. It underlines the discriminative ability of
f-AnoGAN to differentiate between normal and anomalous images
and supports the quantitative evaluation results of the f-AnoGAN
model presented in Table 1.

The model localizes anomalies in images. We qualitatively
compared the pixel-level anomaly localization performance of f-
AnoGAN to AE, AdvAE, and ALI. The results are depicted in Fig. 6.
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Fig. 7. Encoder training comparison on pixel-level localization of anomalous image regions. Starting with the third row, we show in one row the generated images and
in subjacent rows the real query images with overlayed residual: Proposed f-AnoGAN izi; (row 3 and 4), izi (row 5 and 6), and ziz (row 7 and 8) encoder training. (For
interpretation of the references to color in this figure legend, the reader is referred to the web version of this article.)
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Fig. 8. Image-level anomaly detection accuracy evaluation. Comparison of different approaches for image-level anomaly detection accuracy based on receiver operating
characteristic (ROC) curves and corresponding area under the ROC curve (AUC) values (specified in parentheses). (a) Comparison of the proposed f~AnoGAN and alternative
approaches: AE (red), AdvAE (yellow), ALI (green), directly utilizing the discriminator’s output of the trained WGAN (Ap, blue dotted), iterative z-mapping based on a trained
WGAN (following AnoGAN (Schlegl et al., 2017a), gray dashed), and the proposed f~AnoGAN model (gray). (b) Comparison of different encoder training approaches based on
the same pre-trained WGAN: ziz encoder training (blue), izi encoder training (cyan), and izi; encoder training (gray), which is implemented by the proposed f~AnoGAN model.
(Please find more details on the different approaches in the main text.) (For interpretation of the references to color in this figure legend, the reader is referred to the web

version of this article.)

The first four columns show results on images used for WGAN
training, the following four columns show results on normal im-
ages extracted from healthy cases of the test set, and the remain-
der columns show results on normal and anomalous images ex-
tracted from diseased cases of the test set.

f-AnoGAN generates plausible normal versions of anomalous im-
age regions, and correspondingly the residual is a good guide for
segmentation. It is apparent when comparing with ground-truth
annotations of known lesions (fluid-filled regions). Furthermore, f-
AnoGAN does not show distinct false positive segmentation results
on normal cases such as those occurring at the boundary between
retina and vitreous with the ALl model or with the ziz encoder
training approach (see third column of last row in Figs. 6 and 7).
The AE model also does not show distinct false positive segmen-
tations of normal cases, but is not able to segment anomalous
image regions well. Both observations are explained by the fact

that an AE of a comparable model architecture tends to overfit on
local image content. Despite the fact that AE yields good
image-level anomaly detection accuracy, this approach shows
worst anomaly localization performance among all alternative ap-
proaches. In general, an AE generates over-smooth images for both
inputs, normal and anomalous query images. In contrast, models
implementing adversarial training generate more realistic images
rich in detail. In comparison to remainder alternative approaches,
the AdvAE shows good anomaly localization. However, in direct
comparison to the f~AnoGAN model, the AdvAE shows slightly more
false positives on normal images (most apparent in images of the
training set), fails to localize relevant anomalies on the pixel level,
and is more prone to oversegmenting regions. Despite the fact that
the ALl model generates compelling realistic images, which have
visual similarities to normal query images, these generated im-
ages and “reconstructions” for anomalous images show differences
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Table 2
Comparison of investigated encoder training architectures: ziz, izi and
izi¢ (f-AnoGAN) based on the same WGAN training.

Precision  Sensitivity ~ Specificity =~ f-score ~ AUC
ziz  0.7047 0.8146 0.8522 0.7557  0.9066
izi 0.7018 0.7497 0.8621 0.7250  0.8874
izii  0.7863 0.8091 0.9049 0.7975  0.9301

in the overall image content and thus in general yield to over-
segmentations. We conclude, that the f~AnoGAN model not only
yields best anomaly detection on image level but also qualitatively
outperforms all investigated alternative approaches on pixel-level
anomaly localization.

To provide a sense of the accuracy, for fluid “segmentation”, the
f-AnoGAN approach has a sensitivity of 0.69 and specificity of 0.75
with an AUC of 0.78. These sensitivity and specificity values are
computed at the Youden index of the ROC curve, which is the op-
timal cut-off point that simultaneously maximizes sensitivity and
specificity. A comparison on pixel-level anomaly localization accu-
racy of f~AnoGAN, AE, AdvAE, and ALI model reveals that f~AnoGAN
outperforms the alternative approaches. Quantitative results and
corresponding ROC curves are presented in Appendix A.4. Note
that these numbers are only a coarse indication due to annotations
cover only part of possible anomalies, and the corresponding un-
reliable amount of false positives.

Comparison of different encoder training architectures.

Fig. 8b shows ROC curves of the three investigated encoder
training architectures. Quantitative results on the anomaly detec-
tion accuracy of the three encoder training approaches are summa-
rized in Table 2. ziz encoder training yields slightly better results
than izi encoder training. This can be explained by the fact that
the ziz approach directly formulates the main problem of finding
z locations. Adding a residual loss on the discriminator features of
real and generated images in the izi; encoder training architecture
boosts the performance of the image-to-image mapping approach
(also formulated in the izi training), so that this approach outper-
forms ziz encoder training. One explanation for the fact that the ziz
approach does not yield the best results, lies obviously in the fact
that ziz training does not “see” a single real image during training.
Fig. 7 depicts the ability of the three encoder training approaches
to reconstruct query images and visually evaluates the anomaly lo-
calization ability. In comparison with izif, the izi encoder training
architecture yields smooth “reconstructions”, which has to be at-
tributed to the objective function that solely minimizes mean im-
age residuals but does not enforce realistic appearance of recon-
structions. The izir and ziz encoder training approaches both yield
realistic image reconstructions. Regarding the overall image con-
tent, the results of the ziz approach show a reduced similarity to
query images, and thus are similar to “reconstructions” generated
with the ALI approach. Both approaches are characterized by good
coverage of anomalous regions by resulting segmentations but on
the other hand ziz is more prone to oversegmentations.

So far, we examined the anomaly detection accuracy of the dif-
ferent encoder training approaches, when the same information is
used for both steps encoder training and anomaly scoring. Results
highlight that the utilization of the discriminator’s features im-
proves the final anomaly detection performance. The question re-
mains, whether the utilization of the discriminator during anomaly
scoring suffices or the utilization of the discriminator during en-
coder training helps to train a better encoder and consequently
further improves anomaly detection results. To answer the ques-
tion, we examined the anomaly detection accuracy of the izi and
ziz encoder training approaches when during anomaly scoring the
same — namely the full f~AnoGAN - anomaly score is used. There-
fore, we utilized the discriminator (features) for anomaly scoring

subsequent to izi and ziz encoder training. Results indicate, that the
utilization of the discriminator during anomaly scoring (as used in
the f-AnoGAN anomaly score) improves the anomaly detection ac-
curacy regardless of the utilized preceding encoder training strat-
egy. izi now yields a f-score and AUC of 0.7328 (0.7250) and 0.8976
(0.8874) respectively, and ziz yields a f-score and AUC of 0.7830
(0.7557) and 0.9209 (0.9066) respectively (results without the uti-
lization of the discriminator during anomaly scoring are given in
parenthesis). However, f-AnoGAN, which utilizes the discriminator
already during encoder training, still outperforms the izi and ziz
encoder training strategies.

4. Conclusion

We proposed fast anomaly detection using GANs and a related
encoder training procedure. To create f-AnoGAN, we use healthy
examples to train a WGAN and subsequently an encoder that maps
images to the latent space for fast inference and anomaly detec-
tion. During anomaly detection, input images are reconstructed
using the encoder and the generator, and a combined score of
image reconstruction residual and a residual on discriminator
features yields a reliable marker for anomalies. The resulting
model outperforms alternative models on an anomaly detection
task in retinal imaging data. It offers a significant acceleration
during inference compared to the previously proposed AnoGAN,
which relied on iterative estimation of latent space embeddings.
The WGAN learns a smooth representation of the training data
variability, and the encoder maps input images to positions that
generate realistic (normal) replicas.

We investigated different encoder training approaches. A z-
image-z encoder training architecture yields an encoder that maps
images to latent encodings, which generate realistic reconstructed
images when used in an image-z-image model during anomaly de-
tection. Since the ziz encoder training objective operates in the
latent space only, even normal query images are reconstructed
with limited accuracy during anomaly detection. Consequently, it
is less accurate when used for anomaly detection. An image-z-
image model yields smooth reconstructions. Additionally including
the WGAN discriminator in the encoder training yields the best
anomaly detection and localization results. It creates reconstruc-
tions that are most similar to the query image.

We evaluated f-AnoGAN on OCT images of the retina. Unsuper-
vised training was performed on OCT images of healthy subjects.
In an experiment with two retina experts, we could show that
the images generated by our model are indistinguishable from real
normal retinal OCT images. It should be mentioned that in clin-
ical practice OCT diagnosis is not performed at such small scale
(64 x 64 pixels), but ophthalmologists are rather used to rate full-
width OCT slices. Therefore, this task does not reflect the perfor-
mance of the clinical retina experts on full OCT cross-sectional im-
ages. The automatic generation of full OCT slices is left for future
research work. When applying the trained f-AnoGAN to new data,
empirical results demonstrate good accuracy for detecting anoma-
lous images. A limitation of the evaluation set-up is that only an-
notated lesions are used for the calculation of detection accuracy.
Thus, “false positives” might be true anomalies not part of the an-
notated category.

The proposed methodology is generally applicable to anomaly
detection on a variety of biomedical data such as 1D data (e.g.
flow cytometry), time series, audio data, or 2D and 3D imaging
data. It can be successfully applied whenever large amounts of nor-
mal medical (imaging) data are available for GAN training and the
test distribution equals the training distribution. We find that the
main area of application of f~AnoGAN lies in the distinction of nor-
mal and anomalous images (or volume scans) and providing corre-
sponding hints in the form of coarse anomaly localizations, which
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define areas (“region proposals”) that should be further assessed
by clinical experts as candidates for disease markers or through a
subsequent classification approach.

The speed of f~AnoGAN anomaly detection makes it a feasible
approach for anomaly detection and large-throughput screening in
practice.

When comparing AE and AdvAE, the AE over-adapts to anoma-
lous image regions, which leads to worst anomaly localization per-
formance. This can be attributed to the training objective of the
AE only maximizing mean image similarity of input and recon-
structed image. An AdvAE yields good anomaly localization perfor-
mance but performs equally to the AE on anomaly detection. ALI
shows overall good realistic image “reconstructions” but the query
and “reconstructed” images also deviate in visual appearance, i.e.
although they show similar semantic content deviate in their spe-
cific pixel-level appearance. The joint encoder-decoder learning
approaches yield both, the image to latent space mapping and a
generative model, in a single training step, which makes them -
because of the simple training procedure - interesting approaches
for real world applications. However, the f~AnoGAN model not only
yields better pixel-level anomaly localization performance but also
outperforms the alternative approaches on image-level anomaly
detection.

Limitations. The quantitative evaluation of segmentation accuracy
of anomaly detection only serves as a coarse indication to show
that it can localize anomalies. Annotations cover only part of pos-
sible anomalies, and thus result in unreliable estimates of false
positives and corresponding quality measures, in particular when
viewed in the light of biomarker discovery. Furthermore, the pur-
pose of the method is primarily to detect anomalous images,
and highlighted pixels should be viewed as coarse localizations of
anomalies that could facilitate the identification of region propos-
als.
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Appendix A. Additional experiments
Al. Denoising encoder training

The encoder training approaches (Section 2.2) share architec-
tural similarities with autoencoder (AE) training and the encoder
training network has more model parameters than inputs. Hence,
the network is prone to learn the “identity function” instead of
learning to differentiate samples drawn from the training distribu-
tion and any other input configuration. Therefore, we additionally
examined whether applying input noise, following the denoising AE
approach as suggested by Vincent et al. (2008), beneficially influ-
ences learning the mapping from images to latent vector encod-
ings.

Vincent et al. (2008) suggested the following input corruption
process: a fixed amount of pixel values at randomly chosen posi-
tions are set to 0. Vincent et al. (2008) experimented with different
percentages of input pixels up to 50%. We set 20% of input pixels at
randomly chosen positions to 0, but found already at this amount
that applying noise on the inputs during encoder training tends to
yield smooth reconstructions, which would especially be disadvan-
tageous on normal imaging data comprising high textural diversity
as for instance on chest computed tomography (CT) data. Smooth
reconstructions lead in further consequence to erroneous anomaly
detection in normal images (i.e. false positives).

Fig. A1 shows exemplarily pixel-based anomaly localization re-
sults on normal images of the test set. We suspect that a denois-
ing approach does not work that well for the encoder training ap-
proach, since - unlike in the standard AE training - we only learn
the encoder but keep the decoder fixed. Therefore we did not ap-
ply input noise in the presented encoder training approaches and
leave the assessment of the general influence of input noise on
various imaging data with various corruption procedures to future
studies.

A2. Constraining encoder outputs

During WGAN training z locations are sampled from a nor-
mal distribution, and thus a large proportion of latent encodings
of normal images is placed in its central part. The generator has
more opportunity to improve on generating images from those lo-
cations able to fool the discriminator. Hence these are images, for
which the generator receives most indirect feedback from the dis-
criminator, namely images that share main components of visual

izi; with input noise

Fig. Al. Qualitative encoder training comparison on normal test images not used during training. In general, the (izif) encoder trained without applying noise on the inputs
reconstructs query images more accurately. Whereas denoising encoder training (i.e. applying noise on the inputs during training) tends to generate smooth reconstructions
of the query images that also show more marked deviations regarding global appearance and thus yield to higher false positive rates. (For interpretation of the references to

color in this figure legend, the reader is referred to the web version of this article.)
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jue e}

f-AnoGAN (linear)

Fig. A2. Qualitative anomaly localization performance comparison. Pixel-level anomaly detection resulting from encoder training using a tanh activation function on the
encoder output versus an unconstrained encoder implementing a linear output layer. (For interpretation of the references to color in this figure legend, the reader is referred

to the web version of this article.)

Table A1

Comparison of studied encoder training approaches: ziz, izi and izi; implementing an unconstrained en-
coder through a linear output layer based on the same WGAN training. Performance outcomes for the

tanh-version are given in parenthesis.

Precision Sensitivity

Specificity

f-score AUC

ziz  0.6412 (0.7047)
izi 06955 (0.7018)
izif  0.7692 (0.7863)

0.8018 (0.8146)
0.7265 (0.7497)
0.8110 (0.8091)

0.8058 (0.8522)
0.8623 (0.8621)
0.8947 (0.9049)

0.7126 (0.7557)
0.7107 (0.7250)
0.7896 (0.7975)

0.8848 (0.9066)
0.8752 (0.8874)
0.9269 (0.9301)

variability. During encoder training, we restrict the encoder to map
normal images into the range (—1o0,+10) of the standard nor-
mal distribution by implementing a tanh activation function on
the output layer of the encoder. This form of constraining the en-
coder is only possible when using a normal distribution (as op-
posed to a uniform distribution) for sampling z locations during
WGAN training. Applying tanh activation function on the outputs
of the last encoder layer, which represent the latent vectors, con-
sistently yields a gain in accuracy for all of the examined encoder
architectures in direct comparison to an utilization of a linear out-
put layer. Qualitative results are depicted in Fig. A2 and quan-
titative results for the ziz, izi, and izi; encoder architectures are

presented in Table Al. The ziz architecture benefits most, whereas
in the izif encoder architecture, which is utilized in our proposed f-
AnoGAN model, we observe only a small gain in accuracy. Since the
unconstrained izi; encoder training approach already outperforms
the constrained ziz and izi encoder training approaches, this result
substantiates the superiority of the izi; encoder training approach.
Since even for the best performing izi; encoder architecture, the
utilization of a tanh activation function improves the performance
to some extent, we suggest to use this constraint on encoder out-
puts. Note that these are preliminary empirical results without the-
oretical proof.
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B1. Interpolations in the z-space
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Fig. B1. Interpolations in the z-space of the trained WGAN. First six rows: Linear interpolation in z-space between randomly sampled endpoints. Last six rows: Linear
interpolation in z-space between two z locations conditioned by real images (images with red edgings) taken from the training set. (For interpretation of the references to
color in this figure legend, the reader is referred to the web version of this article.)

B2. Pixel-level anomaly localization

1.0 Table B1
Clinical performance statistics calculated at the
Youden index of the receiver operating characteristic
(ROC) curve, and the corresponding area under the
0.8 1 ROC curve (AUC) measuring the pixel-level anomaly
o localization performance of a convolutional autoen-
B coder (AE), adversarial convolutional autoencoder (Ad-
C:) 0.6 VAE), ALI model, and our proposed fast AnoGAN (f-
> AnoGAN).
=
§ Sensitivity  Specificity ~ AUC
g 0.4 AE 0.6960 0.5428 0.6459
= AE (AUC = 0.6459) AdVAE 0.6284 0.7157 0.7195
0.2 Aguiss GG =07 105) FAoGAN 06507 0754 078
-2 ~Ano . A A
[ ALl (AUC = 0.6610) !
—— f—AnoGAN (AUC = 0.7831)
0-0 T T T T

0.0 0.2 0.4 0.6 0.8 1.0
False Positive Rate

Fig. B2. Pixel-level anomaly localization accuracy evaluation. Comparison of differ-
ent approaches based on receiver operating characteristic (ROC) curves and cor-
responding area under the ROC curve (AUC) values (specified in parentheses): AE
(red), AdvAE (yellow), ALI (green), and the proposed f-AnoGAN model (gray). (For
interpretation of the references to color in this figure legend, the reader is referred
to the web version of this article.)
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B3. Distribution of anomaly scores

0.003
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Fig. B3. Discrete distributions of f~AnoGAN anomaly scores computed for the full
test set that comprises 70,000 images. Relative frequency histograms of anomaly
scores are independently plotted for images that contain retinal fluid (“anomalous”)
and for images that do not contain retinal fluid (“non-fluid”). The images showing
retinal fluid are obviously expected to be scored as anomalous images. Since for
training only non-fluid images were used, the non-fluid images of the test set most
likely have to be rated as normal images. However, these images may also contain
anomalies, which were not present in the training set. (For interpretation of the
references to color in this figure legend, the reader is referred to the web version
of this article.)
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