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We combine CE with the progressive framework to encode 
high resolution images from digital pathology and bias this 
learning toward encoding only non-diseased skin tissue so 
that the model will not correctly encode abnormal tissue -
forcing high reconstruction error that can be exploited for 

anomaly detection. We are able to show that our 
Progressive Context Encoders for Anomaly Detection (P-
CEAD) model can segment tumor regions with high 
accuracy without the need for manual segmentation by a 
pathologist - representing a major step forward for more 
complex digital pathology workflows. 

Whole slide imaging (WSI) is transforming the practice of 
pathology, converting a qualitative discipline into a 
quantitative one. However, one must exercise caution in 
interpreting algorithm assertions, particularly in pathology 
where an incorrect classification could have profound 
impacts on a patient, and rare classes exist that may not 
have been seen by the algorithm during training. A more 
robust approach would be to identify areas of an image for 
which the pathologist should concentrate their effort to 
make a final diagnosis. This anomaly detection strategy 
would be ideal for WSI, but given the extremely high 
resolution and large file sizes, such an approach is 
difficult. Here, we combine progressive generative 
adversarial networks with a flexible adversarial 
autoencoder architecture capable of learning the “normal 
distribution” of WSIs of normal skin tissue at extremely 
high resolution and demonstrate its anomaly detection 
performance. Our approach yielded pixel-level accuracy of 
89% for identifying melanoma, suggesting that our label-
free anomaly detection pipeline is a viable strategy for 
generating high quality annotations - without tedious 
manual segmentation by pathologists. The code is publicly 
available at https://github.com/Steven-N-Hart/P-CEAD.

However, these methods generally do not work well for 
extremely high-resolution images. Instead, we need to 
train the networks in a progressive fashion following the 
method of Progressive-GAN (Karras et al., 2018). Briefly, 
images are downsized to a 4x4x3 matrix and gradually 
increased t0 1024x1024x3 matrix, then assessed as to if 
they are “real” or “fake”. In this instance, “real” refers to the 
original image, whereas “fake” is from a Generator, given a 
random z-vector.
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CLINICAL PROBLEM
Skin cancer is the most common of all human cancers, with 
1 million people in the United States diagnosed each year 
with some type of the disease. Most skin cancers are basal 
and squamous cell carcinomas. While malignant, these types 
are relatively easily cured with minimal surgical intervention. 
Malignant melanomas, however, account for about 1% of all 
skin cancers in the United States, but cause the majority of 
skin cancer deaths. The number of people diagnosed with 
melanoma has risen sharply over the past 3 decades. In men 
and women ages 50 and older, the number of people 
diagnosed with melanoma increased 3% per year from 2006 
to 2015. Identification and validation of melanomas are of 
critical importance, as patients with dermatologist-detected 
melanomas have better survival, lower overall mortality, and 
lower cancer-related mortality.

The most important recent advances in microscopy for 
surgical pathology were the invention of the digital 
microscope and whole slide imaging (WSI). The current 
generation of high-speed, high-capacity whole slide scanners 
can process between 1 and 1,000 slides at multiple 
resolutions and different image planes (i.e., z-stacks). The 
quality of the images has been steadily increasing over time. 
Several recent comparisons have been made between 
rendering a diagnosis on a glass slide and a digital 
assessment, with concordances reported between 75-100%.

A more practical approach would be to convert the 
“classification” problem into an “anomaly detection” problem. 
The major difference is that during training, the anomaly 
detection approach only sees one class (e.g., normal) 
whereas the classification approach needs examples from 
each possible class. In digital pathology, the former is ideal 
since examples with negative findings are easily acquired. 
Rather than learning how to differentiate between all possible 
classes, the model instead learns to weigh each pixel as to 
how likely it belongs to the normal class, and if that score lies 
outside some expected distribution, then it gets flagged as an 
anomaly - without the need to say what class that anomaly 
belongs to. The advantage for digital pathology is that the 
areas of interest can quickly be identified and carefully 
scrutinized by the pathologist - who can more carefully 
consider the question of “what” the anomaly actually is.

To identify anomalies in image data, we propose to use 
Generative Adversarial Networks (GANs) and Adversarial 
Autoencoders (AAEs). Below, we show three examples 
reviewed in De Mattia et al., 2019:

AnoGAN (Schlegl 
et al., 2017)

EGBAD (Zenati et 
al., 2018)

GANomaly (Akcay 
et al., 2018)
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