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CHARACTERIZING PATHOLOGY IMAGES WITH STATISTICAL ANALYSIS OF
LOCAL NEURAL NETWORK RESPONSES

CROSS-REFERENCE TO RELATED APPLICATION

This application claims the benefit of U.S. Provisional Patent Application Ser. No.
61/794,238, filed on March 15, 2013, and titled “CHARACTERIZING PATHOLOGY
IMAGES WITH STATISTICAL ANALYSIS OF LOCAL NEURAL NETWORK
RESPONSES” which is hereby incorporated by reference in its entirety for all purposes.

FIELD OF THE INVENTION
The present invention relates to the field of digital pathology imaging. More
specifically, the present invention relates to extracting features for quantitatively

characterizing digital pathology images.

BACKGROUND OF THE INVENTION

Digital Pathology is an image-based information environment enabled by computer
technology that allows for the management of information generated from a digital slide.
Digital pathology is enabled in part by virtual microscopy, which is the practice of converting

glass slides into digital slides that can be viewed, managed and analyzed.

SUMMARY OF THE INVENTION

For digital pathology imaging, intelligent processing, such as automatic recognition or
content-based retrieval, is one significant benefit that drives the wide application of this
technology. Before any intelligent processing on pathology images, every image is converted
into a feature vector which quantitatively capture its visual characteristics. An algorithm
characterizing pathology images with statistical analysis of local responses of neural networks
is described herein. The algorithm framework enables extracting sophisticated textural
features that are well adapted to the image data of interest.

In one aspect, a method of converting a pathology image into a feature vector
programmed in a memory of a device comprises generating a neural network, teaching the
neural network using a database of training patches cropped from a collection of pathology
images, mapping training patches of the training data to response vectors, learning a mixture
model from the response vectors and applying the learned model to a pathology image to

convert the pathology image into a feature vector. An input to the neural network comprises
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a patch of the image. A plurality of local patches of the image are input to the neural
network. The neural network is used to extract a low dimensional representation of a set of
data. The neural network comprises a symmetric architecture, wherein input and output have
a same number of dimensions. The teaching is unsupervised. The unsupervised teaching
comprises using image samples that do not have manual labels assigned by a human. Image
patches with a matching size to input of the neural network are cropped from training images.
Teaching the neural network utilizes a back-propagation algorithm or a proper learning
algorithm for the specific type of network. The neural network comprises a two-layer
network with linear or non-linear activation functions. Learning the mixture model
comprises K-means or EM algorithm. The method further comprises applying the learned
model to a pathology image. Applying the learned model to the pathology image includes:
computing pathology image response vectors at every pixel location of the pathology image
by densely scanning the pathology image and applying the trained neural network to the local
image patch at each pixel location. Quantizing comprises: mapping the pathology image to a
quantization map array where every element stores a cluster index assigned to each pixel
location; from the quantization map, computing feature vectors through statistical analysis;
and concatenating the feature vectors to constitute a final quantitative description of the
pathology image.

In another aspect, a method of analyzing an image programmed in a memory of a
device comprises generating a neural network, teaching the neural network using unlabeled
samples in a database of training patches cropped from a collection of pathology images,
mapping training patches of the training data to response vectors, learning a mixture model
from the response vectors and applying the learned model to a pathology image to convert the
pathology image into a feature vector. An input to the neural network comprises a patch of
the image. A plurality of local patches of the image are input to the neural network. The
neural network is used to extract a low dimensional representation of a set of data. The
neural network comprises a symmetric architecture, wherein input and output have a same
number of dimensions. Image patches with a matching size to input of the neural network are
cropped from the training images. Teaching the neural network utilizes a back-propagation
algorithm or a proper learning algorithm for the specific type of network. The neural network
comprises a two-layer network with linear or non-linear activation functions. Learning the
mixture model comprises K-means or EM algorithm. Applying the learned model to the
pathology image includes: computing pathology image response vectors at every pixel

location of the pathology image by densely scanning the pathology image and applying the
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trained neural network to the local image patch at each pixel location. Quantizing comprises:
mapping the pathology image to a quantization map array where every element stores a
cluster index assigned to each pixel location; from the quantization map, computing feature
vectors through statistical analysis; and concatenating the feature vectors to constitute a final
quantitative description of the pathology image.

In another aspect, an apparatus comprises a non-transitory memory for storing an
application, the application for: generating a neural network comprising a symmetric
architecture, wherein input and output of the neural network have a same number of
dimensions, teaching the neural network using image samples that do not have any manual
labels assigned by a human in a database of training patches cropped from a collection of
pathology images, mapping training patches of the training data to response vectors, learning
a mixture model from the response vectors and applying the learned model to a pathology
image to convert the pathology image into a feature vector and a processing component
coupled to the memory, the processing component configured for processing the application.
The neural network is used to extract a low dimensional representation of a set of data.
Image patches with a matching size to input of the neural network are cropped from the
training images. Teaching the neural network utilizes a back-propagation algorithm or a
proper learning algorithm for the specific type of network. The neural network comprises a
two-layer network with linear or non-linear activation functions. Learning the mixture model
comprises K-means or EM algorithm. Applying the learned model to the pathology image
includes: computing pathology image response vectors at every pixel location of the
pathology image by densely scanning the pathology image and applying the trained neural
network to the local image patch at each pixel location. Quantizing comprises: mapping the
pathology image to a quantization map array where every element stores a cluster index
assigned to each pixel location; from the quantization map, computing feature vectors
through statistical analysis; and concatenating the feature vectors to constitute a final

quantitative description of the pathology image.

BRIEF DESCRIPTION OF THE DRAWINGS
FIG. 1 illustrates a flowchart of a method of characterizing pathology images with
statistical analysis of local neural network responses according to some embodiments.
FIG. 2 illustrates a block diagram of an exemplary computing device configured to

implement the pathology image characterization method according to some embodiments.
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DETAILED DESCRIPTION OF THE PREFERRED EMBODIMENT

For digital pathology imaging, intelligent processing, such as automatic recognition or
content-based retrieval, is one significant benefit that drives the wide application of this
technology. Before any intelligent processing on pathology images, every image is converted
into a feature vector which quantitatively capture its visual characteristics. An algorithm
characterizing pathology images with statistical analysis of local responses of neural networks
is described herein. The algorithm framework enables extracting sophisticated textural
features that are well adapted to the image data of interest.

Pathology images contain repetitively appearing, but spatially variant, textural
patterns. Textural information is important for describing visual contents in pathology
images. In the algorithm framework described herein, textural information in pathology
images is extracted via statistical analysis of local responses of neural networks. This
framework enables extracting sophisticated textural features that are well adapted to the

image data of interest.

Image analysis with neural networks
Neural network for images

To analyze pathology images, a neural network is constructed whose input is a patch
in the image being analyzed. The neural network is able to be an auto-coder or any other
alternative network such as Principal Component Analysis (PCA) or Independent Component
Analysis (ICA). By scanning through the whole image, the same network is fed with local
patches in the image and produces dense local response vectors. The procedure is able to be
considered as generalized filtering. In contrast to a conventional linear filter, the neural
network acts as a group of highly non-linear filters that transforms every local image region

into a response vector.

Auto-encoder and its training

An auto-encoder is a specific neural network used to learn a low dimensional
representation of a set of data. It has a symmetric architecture such that the input and output
have the same number of dimensions. The parameters of the auto-encoder are learned from a
set of training data so that its output is able to approximate (e.g. reconstruct) the input as
accurately as possible. The learning is unsupervised as no manual labels for the samples are

required.
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To train the auto-encoder for analyzing pathology images, image patches that have a
matching size to the network’s input are cropped from training images. The auto-encoder
network is then learned via a back-propagation algorithm or another algorithm.
After the auto-encoder is learned, its second half (the reconstructive part) is dropped,

and the first half (the analytic part) is used for image analysis.

Alternative choices of networks

The framework described herein is flexible such that different networks besides the
auto-encoder are able to be chosen. For example, by employing a two layer network with
linear activation functions, Principal Component Analysis (PCA) or Independent Component

Analysis (ICA) is able to be used as specific cases under this framework.

Statistical analysis of local neural networks responses
Computing and quantizing local responses
After learning the network, e.g. auto-encoder or any other network mentioned above,
all training patches are able to be mapped to response vectors. From these vectors, a mixture
model is able to be learned via the K-means or Expectation Maximization (EM) algorithm.
As described herein, the learned network is able to be applied to new pathology
images to be analyzed. The response vectors are computed at every pixel location by densely

scanning the input image, then quantized against the learned model.

Image feature from statistics of local responses

Through the quantization procedure, the pathology image is mapped to a quantization
map array where every element stores the cluster index assigned to each pixel location. From
this map, feature vectors are able to be computed through statistical analysis - the simplest is
histogram, or more sophisticated ones such as a co-occurrence matrix from which feature
vectors such as Markov Stationary Feature are able to be derived. These feature vectors are
concatenated to constitute the final quantitative description of the image to be analyzed.

Figure 1 illustrates a flowchart of a method of characterizing images according to
some embodiments. In the step 100, a neural network is generated. The neural network is
able to be an auto-encoder or any other network mentioned above. The neural network
comprises a symmetric architecture such that the input and output have a same number of
dimensions. In the step 101, training image patches are collected by cropping pathology

images into a certain size (e.g., 64-by-64) at random locations. In the step 102, the neural
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network is learned using a training data set. The neural network is used to extract a low
dimensional representation of a set of data. The learning is unsupervised (e.g., requiring no
labels). An auto-encoder is able to be learned through a back-propagation algorithm, while a
PCA or ICA network is able to be learned by their classic learning algorithm, respectively.
After learning, the reconstructive part of the network is dropped, and the analysis part will be
used as the feature extractor that maps an image patch to a response vector. In the step 104,
training patches of the training data are mapped to response vectors. In the step 106, a
mixture model is learned from the response vectors to generate a learned neural network.
Learning the mixture model is able to be implemented in any manner such as K-means or EM
algorithm. In the step 108, the learned model is applied to a pathology image. Applying the
learned model to the pathology image includes: computing pathology image response vectors
at every pixel location of the pathology image by densely scanning the pathology image and
quantizing the pathology image response vectors against the learned model. Quantizing
includes mapping the pathology image to a quantization map array where every element
stores a cluster index assigned to each pixel location, from the quantization map, computing
feature vectors through statistical analysis and concatenating the feature vectors to constitute
a final quantitative description of the pathology image. In some embodiments, fewer or
additional steps are implemented. In some embodiments, the order of the steps is modified.
For example, in some embodiments, the neural network is already generated and trained, and
the mixture model is already learned, and the process begins at the step 108. In another
example, the process only includes generating and training, and the process ends at the step
108.

Figure 2 illustrates a block diagram of an exemplary computing device configured to
implement the pathology image characterization method according to some embodiments.
The computing device 200 is able to be used to acquire, store, compute, process,
communicate and/or display information such as text, images and videos. In general, a
hardware structure suitable for implementing the computing device 200 includes a network
interface 202, a memory 204, a processor 206, I/O device(s) 208, a bus 210 and a storage
device 212. The choice of processor is not critical as long as a suitable processor with
sufficient speed is chosen. The memory 204 is able to be any conventional computer memory
known in the art. The storage device 212 is able to include a hard drive, CDROM, CDRW,
DVD, DVDRW, Blu-ray®, flash memory card or any other storage device. The computing
device 200 is able to include one or more network interfaces 202. An example of a network

interface includes a network card connected to an Ethernet or other type of LAN. The I/O
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device(s) 208 are able to include one or more of the following: keyboard, mouse, monitor,
screen, printer, modem, touchscreen, button interface and other devices. Pathology image
characterization application(s) 230 used to perform the pathology image characterization
method are likely to be stored in the storage device 212 and memory 204 and processed as
applications are typically processed. More or less components shown in Figure 2 are able to
be included in the computing device 200. In some embodiments, pathology image
characterization hardware 220 is included. Although the computing device 200 in Figure 2
includes applications 230 and hardware 220 for the pathology image characterization method,
the pathology image characterization method is able to be implemented on a computing
device in hardware, firmware, software or any combination thereof. For example, in some
embodiments, the pathology image characterization applications 230 are programmed in a
memory and executed using a processor. In another example, in some embodiments, the
pathology image characterization hardware 220 is programmed hardware logic including
gates specifically designed to implement the pathology image characterization method.

In some embodiments, the pathology image characterization application(s) 230
include several applications and/or modules. In some embodiments, modules include one or
more sub-modules as well. In some embodiments, fewer or additional modules are able to be
included.

Examples of suitable computing devices include a personal computer, a laptop
computer, a computer workstation, a server, a mainframe computer, a handheld computer, a
personal digital assistant, a cellular/mobile telephone, a smart appliance, a gaming console, a
digital camera, a digital camcorder, a camera phone, a smart phone, a portable music player, a
tablet computer, a mobile device, a video player, a video disc writer/player (e.g., DVD
writer/player, Blu-ray® writer/player), a television, a home entertainment system or any other
suitable computing device.

To utilize the pathology image characterization method, a device or several devices
are used to generate a neural network, train the neural network and then use the neural
network to characterize images. Each step is able to be performed automatically, manually or
a combination thereof. Using the results of the pathology image characterization method,
items are able to be identified such as items for diagnosis. For example, identifying a tumor.

In operation, the highly non-linear transform replaces simple linear filters to obtain
more sophisticated features, and the transform learned from the training data replaces

pre-defined filters to better adapt to the specific task in interest.
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SOME EMBODIMENTS OF CHARACTERIZING PATHOLOGY IMAGES WITH
STATISTICAL ANALYSIS OF LOCAL NEURAL NETWORK RESPONSES

1.

A method of converting a pathology image into a feature vector programmed in a
memory of a device comprising:

a. generating a neural network;

b. teaching the neural network using a database of training patches cropped from

a collection of pathology images;

c. mapping training patches of the training data to response vectors;
d. learning a mixture model from the response vectors; and
e. applying the learned model to a pathology image to convert the pathology

image into a feature vector.

The method of clause 1 wherein an input to the neural network comprises a patch of

the image.

The method of clause 1 wherein a plurality of local patches of the image are input to

the neural network.

The method of clause 1 wherein the neural network is used to extract a low

dimensional representation of a set of data.

The method of clause 1 wherein the neural network comprises a symmetric

architecture, wherein input and output have a same number of dimensions.

The method of clause 1 wherein the teaching is unsupervised.

The method of clause 6 wherein the unsupervised teaching comprises using image

samples that do not have manual labels assigned by a human.

The method of clause 1 wherein image patches with a matching size to input of the

neural network are cropped from training images.

The method of clause 1 wherein teaching the neural network utilizes a back-

propagation algorithm or a proper learning algorithm for the specific type of network.

-8-
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The method of clause 1 wherein the neural network comprises a two-layer network

with linear or non-linear activation functions.

The method of clause 1 wherein learning the mixture model comprises K-means or

EM algorithm.

The method of clause 1 further comprising applying the learned model to a pathology

image.

The method of clause 12 wherein applying the learned model to the pathology image
includes: computing pathology image response vectors at every pixel location of the
pathology image by densely scanning the pathology image and applying the trained

neural network to the local image patch at each pixel location.

The method of clause 13 wherein quantizing comprises: mapping the pathology image
to a quantization map array where every element stores a cluster index assigned to
each pixel location; from the quantization map, computing feature vectors through
statistical analysis; and concatenating the feature vectors to constitute a final

quantitative description of the pathology image.

A method of analyzing an image programmed in a memory of a device comprising:
a. generating a neural network;
b. teaching the neural network using unlabeled samples in a database of training

patches cropped from a collection of pathology images;

c. mapping training patches of the training data to response vectors;
d. learning a mixture model from the response vectors; and
e. applying the learned model to a pathology image to convert the pathology

image into a feature vector.

The method of clause 15 wherein an input to the neural network comprises a patch of

the image.



10

15

20

25

30

17.

18.

19.

20.

21.

22.

23.

24.

25.

26.

WO 2014/144103 PCT/US2014/028375

The method of clause 15 wherein a plurality of local patches of the image are input to

the neural network.

The method of clause 15 wherein the neural network is used to extract a low

dimensional representation of a set of data.

The method of clause 15 wherein the neural network comprises a symmetric

architecture, wherein input and output have a same number of dimensions.

The method of clause 15 wherein image patches with a matching size to input of the

neural network are cropped from the training images.

The method of clause 15 wherein teaching the neural network utilizes a back-

propagation algorithm or a proper learning algorithm for the specific type of network.

The method of clause 15 wherein the neural network comprises a two-layer network

with linear or non-linear activation functions.

The method of clause 15 wherein learning the mixture model comprises K-means or

EM algorithm.

The method of clause 15 wherein applying the learned model to the pathology image
includes: computing pathology image response vectors at every pixel location of the
pathology image by densely scanning the pathology image and applying the trained

neural network to the local image patch at each pixel location.

The method of clause 24 wherein quantizing comprises: mapping the pathology image
to a quantization map array where every element stores a cluster index assigned to
each pixel location; from the quantization map, computing feature vectors through
statistical analysis; and concatenating the feature vectors to constitute a final

quantitative description of the pathology image.

An apparatus comprising:

a. a non-transitory memory for storing an application, the application for:

-10-
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L. generating a neural network comprising a symmetric architecture,
wherein input and output of the neural network have a same number of
dimensions;

il. teaching the neural network using image samples that do not have any
manual labels assigned by a human in a database of training patches

cropped from a collection of pathology images;

1il. mapping training patches of the training data to response vectors;
iv. learning a mixture model from the response vectors; and
v. applying the learned model to a pathology image to convert the

pathology image into a feature vector; and
b. a processing component coupled to the memory, the processing component

configured for processing the application.

The apparatus of clause 26 wherein the neural network is used to extract a low

dimensional representation of a set of data.

The apparatus of clause 26 wherein image patches with a matching size to input of the

neural network are cropped from the training images.

The apparatus of clause 26 wherein teaching the neural network utilizes a back-

propagation algorithm or a proper learning algorithm for the specific type of network.

The apparatus of clause 26 wherein the neural network comprises a two-layer network

with linear or non-linear activation functions.

The apparatus of clause 26 wherein learning the mixture model comprises K-means or

EM algorithm.

The apparatus of clause 31 wherein applying the learned model to the pathology
image includes: computing pathology image response vectors at every pixel location
of the pathology image by densely scanning the pathology image and applying the

trained neural network to the local image patch at each pixel location.
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33. The apparatus of clause 32 wherein quantizing comprises: mapping the pathology
image to a quantization map array where every element stores a cluster index assigned
to each pixel location; from the quantization map, computing feature vectors through
statistical analysis; and concatenating the feature vectors to constitute a final

quantitative description of the pathology image.

The present invention has been described in terms of specific embodiments
incorporating details to facilitate the understanding of principles of construction and
operation of the invention. Such reference herein to specific embodiments and details thereof
is not intended to limit the scope of the claims appended hereto. It will be readily apparent to
one skilled in the art that other various modifications may be made in the embodiment chosen
for illustration without departing from the spirit and scope of the invention as defined by the

claims.

-12-



10

15

20

25

30

WO 2014/144103 PCT/US2014/028375

CLAIMS
What is claimed is:
1. A method of converting a pathology image into a feature vector programmed in a
memory of a device comprising:
a. generating a neural network;
b. teaching the neural network using a database of training patches cropped from

a collection of pathology images;

c. mapping training patches of the training data to response vectors;
d. learning a mixture model from the response vectors; and
e. applying the learned model to a pathology image to convert the pathology

image into a feature vector.

2. The method of claim 1 wherein an input to the neural network comprises a patch of
the image.
3. The method of claim 1 wherein a plurality of local patches of the image are input to

the neural network.

4. The method of claim 1 wherein the neural network is used to extract a low

dimensional representation of a set of data.

5. The method of claim 1 wherein the neural network comprises a symmetric

architecture, wherein input and output have a same number of dimensions.

6. The method of claim 1 wherein the teaching is unsupervised.

7. The method of claim 6 wherein the unsupervised teaching comprises using image

samples that do not have manual labels assigned by a human.

8. The method of claim 1 wherein image patches with a matching size to input of the

neural network are cropped from training images.

13-
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The method of claim 1 wherein teaching the neural network utilizes a back-

propagation algorithm or a proper learning algorithm for the specific type of network.

The method of claim 1 wherein the neural network comprises a two-layer network

with linear or non-linear activation functions.

The method of claim 1 wherein learning the mixture model comprises K-means or

EM algorithm.

The method of claim 1 further comprising applying the learned model to a pathology

image.

The method of claim 12 wherein applying the learned model to the pathology image
includes: computing pathology image response vectors at every pixel location of the
pathology image by densely scanning the pathology image and applying the trained

neural network to the local image patch at each pixel location.

The method of claim 13 wherein quantizing comprises: mapping the pathology image
to a quantization map array where every element stores a cluster index assigned to
each pixel location; from the quantization map, computing feature vectors through
statistical analysis; and concatenating the feature vectors to constitute a final

quantitative description of the pathology image.

A method of analyzing an image programmed in a memory of a device comprising:
a. generating a neural network;
b. teaching the neural network using unlabeled samples in a database of training

patches cropped from a collection of pathology images;

c. mapping training patches of the training data to response vectors;
d. learning a mixture model from the response vectors; and
e. applying the learned model to a pathology image to convert the pathology

image into a feature vector.

The method of claim 15 wherein an input to the neural network comprises a patch of

the image.

-14-



10

15

20

25

30

17.

18.

19.

20.

21.

22.

23.

24.

25.

WO 2014/144103 PCT/US2014/028375

The method of claim 15 wherein a plurality of local patches of the image are input to

the neural network.

The method of claim 15 wherein the neural network is used to extract a low

dimensional representation of a set of data.

The method of claim 15 wherein the neural network comprises a symmetric

architecture, wherein input and output have a same number of dimensions.

The method of claim 15 wherein image patches with a matching size to input of the

neural network are cropped from the training images.

The method of claim 15 wherein teaching the neural network utilizes a back-

propagation algorithm or a proper learning algorithm for the specific type of network.

The method of claim 15 wherein the neural network comprises a two-layer network

with linear or non-linear activation functions.

The method of claim 15 wherein learning the mixture model comprises K-means or

EM algorithm.

The method of claim 15 wherein applying the learned model to the pathology image
includes: computing pathology image response vectors at every pixel location of the
pathology image by densely scanning the pathology image and applying the trained

neural network to the local image patch at each pixel location.

The method of claim 24 wherein quantizing comprises: mapping the pathology image
to a quantization map array where every element stores a cluster index assigned to
each pixel location; from the quantization map, computing feature vectors through
statistical analysis; and concatenating the feature vectors to constitute a final

quantitative description of the pathology image.
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An apparatus comprising:
a. a non-transitory memory for storing an application, the application for:

L. generating a neural network comprising a symmetric architecture,
wherein input and output of the neural network have a same number of
dimensions;

il. teaching the neural network using image samples that do not have any
manual labels assigned by a human in a database of training patches

cropped from a collection of pathology images;

1il. mapping training patches of the training data to response vectors;
iv. learning a mixture model from the response vectors; and
v. applying the learned model to a pathology image to convert the

pathology image into a feature vector; and
b. a processing component coupled to the memory, the processing component

configured for processing the application.

The apparatus of claim 26 wherein the neural network is used to extract a low

dimensional representation of a set of data.

The apparatus of claim 26 wherein image patches with a matching size to input of the

neural network are cropped from the training images.

The apparatus of claim 26 wherein teaching the neural network utilizes a back-

propagation algorithm or a proper learning algorithm for the specific type of network.

The apparatus of claim 26 wherein the neural network comprises a two-layer network

with linear or non-linear activation functions.

The apparatus of claim 26 wherein learning the mixture model comprises K-means or

EM algorithm.

The apparatus of claim 31 wherein applying the learned model to the pathology image
includes: computing pathology image response vectors at every pixel location of the
pathology image by densely scanning the pathology image and applying the trained

neural network to the local image patch at each pixel location.
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The apparatus of claim 32 wherein quantizing comprises: mapping the pathology
image to a quantization map array where every element stores a cluster index assigned
to each pixel location; from the quantization map, computing feature vectors through
statistical analysis; and concatenating the feature vectors to constitute a final

quantitative description of the pathology image.
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