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<Summuary> In Hematoxylin and Eosin (H&E) stained images, it is difficult to distinguish collagen and elastic fibers because

these are similar in color and texture. This study tries to segment the appearance of elastic and collagen fibers based on U-net
deep learning using spatial and spectral information of H&E stained hyperspectral images. Groundtruth of the segmentation is

obtained using Verhoeff"s Van Gieson (EVG) stained images, which are commonly used for recognizing elastic and collagen
fiber regions. Our model is evaluated by three cross-validations. The segmentation results show that the combination of spatial
and spectral features in H&E stained hyperspectral images performed better segmentation than H&E stained in conventional

RGB images compare to the

ntation of EVG stained images as ground truth by visually and quantitatively.

Keywords: pathology image, Hematoxylin Eosin (H&E), Verhoeff’s Van Gieson (EVG). U-net, hyperspectral, segmentation

1. Introduction

Specimen important
pathology diagnosis. The color information produced from

staining is one process in
tissue structure can show the tissue condition, which is
useful for further emalnis. Standard staining methods in
pathology diagnosis is Hematoxylin and Eosin (H&E) stain,
it is used to show the morphological structure of tissue'.
This staining method is always done in histology
processing.

An obvious correlation between the abnormality of
elastic fibers and diseases was reported in medical
papers”™ . Specifically, it is important for the diagnosis of
pancreatic mell carcinoma to the quantified measurement
of specific density and distribution of elastic fibers in the
walls of vessels and ducts associated with the tumor
phenomenon®. Commonly, Verhoeff's Van Gieson (EVG)
stained image is being used to recognize elastic fiber from
collagen fiber for
MICroscopic

pathological
EVG
discriminate elastic and collagen fibers easily with not
only human eyes but also computer analysis, because

diagnosis
stained

using

observation. images can

EVG stained images have significant color differences
between elastic and collagen fibers. It has been reported
that the usage of Linear Discriminant Analysis (LDA) on
EVG stained image based on three color features can

produce good classification results between elastic and
collagen fibers”. However, in pathology diagnosis, the
EVG stain is an additional staining method, and it is
produced while the H&E stain has been done. It means that
to produce the EVG stain needs an extra additional effort
than the H&E stain both in the staining process and in cost”,
Therefore, we approach the possibility to distinguish elastic
fibers from collagen ones using H&E stained images to
improve the efficiency in pathology diagnosis.

However, the appearance of elastic fibers is not easy to
be recognized from conventional H&E stained RGB image
with three color bands due to the similar color and pattern
with collagen fibers. Hence we use hyperspectral imaging
systems that can analyze tissue samples in more narrow and
various wavelength bands than using general RGB cameras.
The hyperspectral image provides valuable and
comprehensive information about the object characteristic
on bi()medicelqssues?]"h ,and it can be potentially used to
recognize the elastic and collagen fibers from H&E stained
images, which might include a small color difference
between elastic and collagen regions. Therefore, we
investigate the possibility of distinguishing elastic and
collagen fibers without EVG stained specimens but with
H&E stained ones by applying hyperspectral image
analysis.
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Fig.  Block diagram of proposed method

In our previous study, we did the pixel-wise tic
gassiﬁcation of elastic and collagen fibers from H&E
stained hyperspectral images of pancreatic tissues using
spectral information, we showed that spectral data was
more effective in classifying those elastic and collagen
fibers regions by applying Linear Discriminant Analysis
(LDA) compare to RGB images.

2 that
commonly elastic fibers exist in specific eu‘eelsm, ie., in

blood vessel wall regions. Different from elastic fibers,
13)

Continuing our study we consider the fact

collagen fibers may exist in almost all connective tissue
Hence the spatial feature provides meaningful information
to distinguish elastic and collagen fibers. Beside of that, the
previous rtescarch by Ushiki'  had the
micro-level texture with the high magnification about
differences between elastic and collagen fibers. It found
significant  differences and
arrangement between elastic and collagen fibers based on a

observed

some in basic structure
morphological viewpoint in high-resolution images. It
means that the effective differences of textures for elastic
and collagen fiber might be shown in normal pathological
magnification images (20x)'"'%. Besides that, the
absorbance intensities of images have different values in
every different the
differences of elastic and collagen fibers can be more

wavelength, therefore texture

asized in hyperspectral image'®'™ . For those reasons,
in this study, we propose a pixel-wise clggification method
using not only spectral features but ellsoge combination of
spectral and spatial features of H&E stained hyperspectral
images. This method can provide more comprehensive
information to increase classification accuracy.

The difficulty of applying gcombination of spectral
and spatial information to the classification of elastic and
collagen fibers is that both features have different scales
and units. The use of conventional machine learning
method such as Linear Discriminant Analysis (LDA)
needs lots of calculations for getting many spatial features
in  images corresponding to each wavelength to map and
to fuse both features. It means hyperspectral images needs
much significant processing times compared to RGB
images in conventional machine leeu‘lag method'” 2.

Refer to the previous study®”, U-net is a powerful
segmentation technique for medical images based on
spatial and channel features. The network works by
processing spatial and spectral information in contracting
and expansive path. U-net enables to train spatial and
spectral features automatically without any redundancy
from many happened
conventional machine learning. U-net also works well

calculations process as in
using only a few number image samples, with small and
thin image boundaries. For these reasons, we employ
U-net based architecture to investiggte the combination of
spectral and spatial features for gissiﬂcation of elastic
and collagen fibers using H&E hyperspectral images.

For quantitative evaluation, the segmentation accuracy
is confirmed visually and quantitatively by comparing
ground truth based on EVG stained images with Abe’s

method™, which have been C()rrwd by the pathologist.

2. Proposed Method

Figure 1 shows the pipeline of our proposed method for
elastic and collagen segmentation in the H&E stained
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image. Procedures in this study consist of several steps, i.e.,
image acquisition processing, training, segmentation,
and verification. Details of the above procedures are
described in the following sections.

2.1 Image acquisition

Human pancreas tissues of H&E sgfined specimen and
its EVG images were provided by BioMax Inc. These
tissues were collected under the highest ethical standards,
with the donor being informed completely with their
consent and collected under HIPPA approved protocols.
Two types of stained images have almost the same
biological structures because the EVG stained specimens
were obtained by dying unstained specimens that were
obtained by bleaching &E stained specimens.

H&E hyperspectral images were captured by an optical
microscope (Olympus BX-53) with a halogen lamp as the
light source and a 61 band hyperspectral camera from EBA
Japan NH-3, with 20x magnification, one pixel has
dimensions 0.25x0.2758 pmz, image size is 120x207 4 lm‘l2
or 480 x 752 pixels, wavelength range is 420nm to 720nm
with 5Snm wavelength interval. We did intensity calibration
to take into account the difference in the spectrum of light
sources and generated a high dvnamic range image by
replacing the overexposure part of the image with the lower
one. EVG stained tissues were captured by using
Hamamatsu Whole Slide Image (WSI) scanner as RGB
image.

To make the object recognition on H&E stained
specimen easier to be analyzed, we used absorbance
spectral images, which were converted from a captured
transmittance hyperspectral images, based on Beer-Lamber

law equation as follows'®'®,
— 1o Ig(k)
I, (W)= -log {_na,m]‘ (n

where Ia!()t) is absorbance spectra, [;(X) is a captured
transmittance spectra, and Iol(k) incident spectral of it
pixel.

Figure 2 shows the intensity of absorbance spectra
from some random pixel points in H&E hyperspectral
image, blue and red lines denote elastic and collagen fibers,
spectral  information show
comprehensive information with small color differences
than the RGB images which has only three channel bands.

We also generated H&E stained RGB images from the
hyperspectral image by employing Wiener estimation™",
to compare the performance of classification using
hyperspectral images to RGB images.

As a pre-process to classify elastic and collagen fiber

respectively. Those more

using H&E stained image, we employ image registration
method based on Speed up robust features (SURF)™ to
trace the fiber region of the EVG image to corresponding

Intensity of Absorbance Image[A.u.]
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¥ jength (nm)
Fig.2 Absorbance spectrum o
obtained from H&E stained hyperspectral images

elastic and collagen samples

25 ground
one of an H&E stained image. To obtain the grouhd truth
images, we make segmentation of EVC images using
Abe’s method” and identified elastic and collagen fiber
regions. Two of our author members who are pathologists
from Saitama Medical University verified these results, and
the appropriateness of Abe’s method was confirmed. Thus,
we use it to get labels of elastic and collagen fiber.

In this study, we focus on the classification of elastic
and collagen fibers only, because it is most difficult for
pathologists to distinguish these two components in H&E
stained image, which have a very similar color and pattern.
The other components, i.e. cytoplasm and nucleus can be
recognized easily by pathologists as these have different
patterns or colors. For this reason, we ggtract the region of
interests (ROIs), which contain both gastic: and collagen
fiber areas in H&E stained images by applying Abe’s
method on EVG stained image which used as a label. After
extracting the fiber regions, we classify the elastic and
collagen fibers from the ROIs.

22 U-net based classification
spatial-spectral features

method  for

In this study‘ use a U-net’"* based architecture, as
seen in Fig. blue box represents a multi-channel feature
map, and a number on the top of each box denotes the
number of channels. Another number at the lower-left edge
of the box denotes the image size. A white box denotes the

copied feature map. Thegpyoposed network architecture

using 61 feature channels, consists of a downsampling path

and an upsampling path. The downsampling path employs
3x3 zero-padded convolutions, which treats the edge area of
the input image by zero to keep the patch size as it is. The
3x3 zero-padded convolution is repeated twice for each
jgature map, and then the convolution results are modulated

y a rectified linear unit (ReLU), as shown in the blue arrow

®
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Fig.3 U-net based architecture for elastin and collagen segmention using H&E stained hyperspectral images

feature

In this process, we extend the number of fearure channels

from 61 to 64, because 64 feature channels are standards for

U-net architecture” , which is commonly used. After that, a

2x2 max pooling operation isgamployed shown in the red

arrow. In the second layer, we ﬁblc the number of feature
channels from 64 to 128 at each downsampling step. For the
upsampling path, each step of the feature map is followed by

a 2x2 convolution that divides the feature channels number

into half, a concatenation with the comesponding feature

map from the downsampling path, and two 3x3
convolutions and modulations by a ReLU. At the final layer,

a 1x1 convolution is used, it is not looking at anything

around itself. It is used only to reduce the number of feature

channels.

The details of the U-net based architecture, such as the
selected optimum parameters for the histopathology analysis
are as follows:

- We use hyperspectral images with 61 channels to feed the
U-net architecture. Input images are small patch images,
including elastic and collagen fiber regions, which are
crapped from H&E stained images. Output images are 3
channels, elastic fiber, collagen fiber, and the other
component.

- The filter size for convolution is 3x3. It is the most

suitable size to preserve the small and thin structures in

the image, according to the previous smd}«zf‘],

The patch size is 64 x 64, The smaller size will reduce the
accuracy of the machine learning, while the bigger size will
increase the processing time as the accuracy is keeping the same
level. In this experiment, for each cross-validation, 36 patches
are prepared from 2 images (18 patches per image) samples.
They are trained randomly as many as 100 and 1000 patches
from those 36 patched data, using reflection and 90-degree
rotation augmentation image, it produces 1600, and 16000
augmentation patches respectively from 100 and 1,000 patches
(16 variant patch per image), which effectively increase the

segmentation performance with a small number of training data.

Initial Learning rate 0.001, epoch 5, those for the optimal
learning process with the minimum processing time

- We propose to use U-net pre-trained model which was
trained using remote sensing multispectral dataser™ firstly

before used in this segmematimm.
3. Experiments

3.1 Sample tissue mages

We used three sample tissue images for three-fold
cross-validations, as shown in Fig. 4. In the figure,
group(a) and group(b) show H&E stained images and EVG

4
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Fig.5 064 x 64 patch (a) Hyperspectral image (4 band images are extracted from 61 band ones), (b) corresponding RGB image, (c) Label

[
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Fig.6 Cross-validation | segmentation result (a) RGB image, (b) Hyperspectral image, (¢) Groundtruth image
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Fig. 7 Cross-validation 2 segmentation result: (a) RGB mmage, (b) Hyperspectral image, (¢) Groundtruth image

(a)

) (c)

Fig. 8 Cross-validation 3 segmentation result: (a) RGB image, (b) Hyperspectral image, (¢) Groundtruth image
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Fig.9 Dice coefficients of hyperspectral and RGB images
using spectral-spatial features (U-net)

stained images, respectively. We used three images for
cross-validations as follows,
- Cross-validation 1: we extract the fiber area from samples

2 and 3, then be tested in sample 1.

- Cross-validation 2: we extract the fiber area from samples
1 and 3, then be tested in sample 2.

- Cross-validation 3: we extract the fiber area from samples
1 and 2, then be tested in sample 3.

Training process use parameter mentioned in section 2.2.

Figure 5 (a)-(c) show examples of 64x64 patch of a

hyperspectral image, a corresponding RGB image, and its

label, respectively. The label in (¢) consists of three classes,

Le., elastic, collagen, and other components obtained by

applying Abe’s method to EVG stained imelgesm and

corrected by the pathologist.

3.2 Segmentation result

We obtained segmentation results of elastic and collagen
fiber regions using three cross-validations. We compared the
segmentation result of the hyperspectral images to the
conventional RGB images.

Figure 6,7 and 8 show the results of segmentation using
cross-validation 1,2 and 3, respectively. In each figure, (a)
and (b) denote segmentation result images obtained from
hyperspectral and RGB images, respectively, and (c)
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Fig. 10 Dice coefficients of hyperspectral and RGB

images using spectral features (LDA)

denotes a ground truth image obtained from EVG stained
image”. The blue and red color represents elastic and
collagen fiber, respectively. These results show that RGB
results have more misclassification than hyperspectral
images compared to ground truth images.

We also evaluate the segmentation results quantitatively

by calculating the classification accuracy using the
following equation}g],
. . 2TP
Dice Coefficient= ———— 2)
2TP+EP+FN
7

ue Positive (TP) is the number of pixelsgwhere elastic
fibers are decided as elastic fiber comectly, glsc Positive
(FP) is the number of pixels where collagen fibers are
decided as elastic fibers incorrectly, and False Negative (FN)
is the number of pixels where elastic fibers are decided as
collagen fibers incomrectly in the segmented images.

red bars show the dice coefficients of RGB images for 100
patches, yellow bars show the dice coefficients of
hyperspectral images for 1,000 patches, and purple bars
show the dice coeﬁcients of RGB images for 1,000 patches.
From these data, we can see that the proposed U-net using
hyperspectral images performs better than RGB both using
100 and 1,000 patch numbers.

4. Discussion

In section 3, it has been observed that the proposed
method has a significantly better performance than RGB
images . Also, we compared the proposed method based on

spectral-spatial features to the previous sudy based on spectral
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Fig. 11 Dice coefficients of hyperspectral images using
spectral-spatial  features (U-net) and spectral
features (LDA)

Table 1  Average learning time
Number of patch | Average learning
images time
100 200 [sec]
1,000 1.850 [sec]
features '?,

Figure 10 shows the dice coefficients of hyperspectral
and RGB images using spectral features with LDA. Blue
bars show the dice coefficient of the hyperspectral images,
and red bars show the dice coefficient of RGB images.

Figure 11 shows the dice coefficients of hyperspectral
images using spectral-spatial features with U-net and
hyperspectral images using spectral features with LDA.
Blue and red bars show the dice coefficients of U-net using
100 and 1000 patches, respectively, and yellow bars show
the dice coefficients of LDA.

These results indicate that the segmentation of elastic
and collagen fibers using hyperspectral images perform
better results than RGB images in case of both using the
spectral feature only and the combination of spectral-spatial
features. In a comparison of spectral-spatial features with
U-net and spectral features with LDA, the former ones can
classify the elastic and collagen fiber regions with better
accuracy. These results were also subjectively evaluated by
pathologists from Saitama Medical University, and they
gave comments that the segmented images were almost
equivalent to the diagnostic outcome by pathologists, and
the results of spectral-spatial features with U-net were

especially well-classified.




Table 1 shows the average learning time for validations
in this experiment. The software for calculation is Matlab
2019a, and the processor is NVIDIA™ Titan X. This result
shows that 1000 patch images take more than 9 times of 100
patch images, whereas data size of training is 10 times.

This experiment is our first trial for the segmentation of
elastic and collagen fibers. Thus, the developed U-net might
have much room to improve because we have tried only a
few kinds of parameters such as the architecture of U-net,
type of input data, number of training data set, and so on. If
we will repeat more trial-and-emors, it is sure that the

accuracy will increase.
5. Conclusion

In E&E stained images, it is difficult to distinguish
collagen and elastic fibers because these are similar in color
and texture. This stugssnbserved the segmentation of elastic
and collagen fibers from the H&E stained images through
hyperspectral U-net  based

spectral-spatial ;llysis. Groundtruth of the segmentation is

transmittance  using
obtained using EVG stained images, which are commonly
used for recognizing elastic and collagen fiber regions. Our
model is evaluated by The
segmentation results show that the combination of spatial

three cross-validations.

and spectral features in H&E stained hyperspectral images
performed  better than H&E stained

conventional RGB images both in visual appearance and

segmentation

quantitative verification.
This method is not only for visualization but also for
pixel wise classification. We believe that this method may

help the diagnostic accuracy increase.
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