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Histological Image Analysis

1 In histology, microscopic images of tissue sections are examined to
study the manifestation of diseases under consideration.
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Histological Image Analysis - Importance =

1 In histology, microscopic images of tissue sections are examined to
study the manifestation of diseases under consideration.
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(1 Important properties of histological
images, as compared to radiological,
cytological and  other  imaging
modalities, are

(] enormous density of data,
1 more cellular details.
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Histological Image Analysis - Importance =

1 In histology, microscopic images of tissue sections are examined to
study the manifestation of diseases under consideration.
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(1 Important properties of histological
images, as compared to radiological,
cytological and  other  imaging
modalities, are

(] enormous density of data,
1 more cellular details.

] It makes computer-aided diagnosis more accurate than other
imaging modalities.
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Histological Image Analysis - Staining

(1 To facilitate pathologists’ examination, tissue samples are stained
with multiple contrasting histochemical reagents, which in turn
highlight different tissue structures and cellular features.
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Tissure Fixation  Tissure Processing Tissue Embbeding

Staining Images Slide Staining  Tissue Sectioning
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Histological Image Analysis - Staining e

(1 To facilitate pathologists’ examination, tissue samples are stained
with multiple contrasting histochemical reagents, which in turn
highlight different tissue structures and cellular features.
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Tissure Fixation  Tissure Processing Tissue Embbeding

Staining Images Slide Staining  Tissue Sectioning

1 Hence, color in pathology plays a pivotal role as a good indicator
of histological components.

Machine Intelligence Unit, Indian Statistical Institute, Kolkata, India



STATISTICAL

&

W

Z>»—-0Z—
Moy CAmm 0 Z =

Histological Image Analysis- ROI Segmentation

1 Region-of-interests (ROI) segmentation is one of most important
and significant tasks in medical image analysis.
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Histological Image Analysis- Nuclei Segmentation

(1 The shape and distribution of cell nuclei in histological images are used to
determine tissue and cancer types.

1 Nuclei segmentation is very critical in cancer identification, grading and
prognosis.

Tissue image wp

Ground-truth
map

abnormalities and to aid in subsequent image analysis tasks.
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Histological Image Analysis- Nuclei Segmentation

(1 The shape and distribution of cell nuclei in histological images are used to
determine tissue and cancer types.

1 Nuclei segmentation is very critical in cancer identification, grading and
prognosis.

Tissue image wmmp |

Ground-truth
map

abnormalities and to aid in subsequent image analysis tasks.
(1 A number of challenges are associated with nuclei segmentation:
(a) variation in stain color appearance,
(b) differences in nuclear morphology,
(c) nuclear overlapp and occlusion.
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Variation in Stain Color Appearance

1 One of the most common and primary problems of histological
tissue analysis is the inadmissible inter and intra-specimen
variation in the appearance of stained tissue color.
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Variation in Stain Color Appearance

1 One of the most common and primary problems of histological
tissue analysis is the inadmissible inter and intra-specimen
variation in the appearance of stained tissue color.

Biopsy 1

UCSB (University of California, Santa Barbara) Breast Cancer Cell Data: Total number
of samples/images is 58; Hematoxylin and eosin (H&E) stained 10 biopsy sets.

E. D. Gelasca et al., “Evaluation and benchmark for biological image segmentation”, IEEE International Conference
on Image Processing, 2008.
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Variation in Stain Color Appearance

1 One of the most common and primary problems of histological
tissue analysis is the inadmissible inter and intra-specimen
variation in the appearance of stained tissue color.

Biopsy 1
UCSB (University of California, Santa Barbara) Breast Cancer Cell Data: Total number
of samples/images is 58; Hematoxylin and eosin (H&E) stained 10 biopsy sets.

E. D. Gelasca et al., “Evaluation and benchmark for biological image segmentation”, IEEE International Conference
on Image Processing, 2008.
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1 One of the most common and primary problems of histological
tissue analysis is the inadmissible inter and intra-specimen
variation in the appearance of stained tissue color.

Biopsy 1

UCSB (University of California, Santa Barbara) Breast Cancer Cell Data: Total number
of samples/images is 58; Hematoxylin and eosin (H&E) stained 10 biopsy sets.

E. D. Gelasca et al., “Evaluation and benchmark for biological image segmentation”, IEEE International Conference
on Image Processing, 2008.
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Factors Responsible for Color Inconsistency

1 Manual sectioning of the tissue samples during specimen
preparation

] Orientation of the lens aperture

1 Inconsistency in staining procedure

(] Variation in quality of stains obtained from different manufacturers
] Storage condition

] Inter-patient and inter-biopsy staining variations and so on.
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Why Color Normalization?

1 Color inconsistency present among histological images, collected
from different sources, may significantly affect the performance of
computer-aided diagnosis.
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Hamamatsu Nanozoomer Aperio Scanscope

Image courtesy: http:/Icamper.in.tum.de/Students/MaBaDaHistologyProcess
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Why Color Normalization?

1 Color inconsistency present among histological images, collected
from different sources, may significantly affect the performance of

computer-aided diagnosis.
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Hamamatsu Nanozoomer Aperio Scanscope

Challenge: How to reduce color variation among the
images within particular biopsy set.

Image courtesy: http:/Icamper.in.tum.de/Students/MaBaDaHistologyProcess
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Why Color Normalization?

1 Histological information consists of morphological information
and details of in-situ molecular and cellular structures, which is
very important in therapeutic diagnosis.
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Hamamatsu Nanozoomer Aperio Scanscope

Image courtesy: http:/Icamper.in.tum.de/Students/MaBaDaHistologyProcess
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Why Color Normalization?

1 Histological information consists of morphological information
and details of in-situ molecular and cellular structures, which is

very important in therapeutic diagnosis.
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Hamamatsu Nanozoomer Aperio Scanscope

Challenge: Reduce color disagreement without
hampering histological information in the images.

Image courtesy: http:/Icamper.in.tum.de/Students/MaBaDaHistologyProcess
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Chapter 3 ]

Rough-Fuzzy Circular Clustering for Color Normalization
of Histological Images

P. Maji and S. Mahapatra, “Rough-Fuzzy Circular Clustering for Color Normalization
of Histological Images’, Fundamenta Informaticae, vol. 164, no. 1, pp. 103-117, 2019.
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Rough-Fuzzy Circular Clustering

1 HSI color space is taken into consideration.
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1 HSI color space is taken into consideration.
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Rough-Fuzzy Circular Clustering

1 HSI color space is taken into consideration.
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Rough-Fuzzy Circular Clustering

1 Analysis is performed on saturation-weighted hue histogram.
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Rough-Fuzzy Circular Clustering

1 Analysis is performed on saturation-weighted hue histogram.

hy not
x 1072 N

4 standard hue histogram?

Frequency
(NN)
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Hue
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Rough-Fuzzy Circular Clustering

1 Analysis is performed on saturation-weighted hue histogram.

5 why not
x 10 .
4 standard hue histogram?
) % \
=2 a number of sharp ridges attributed by
=2 L achromatic pixels )
3 k
EE ( )
) ill-defined: small or insignificant
Auais ]
0 0 90 240 360 © saturation values )

Hue
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Rough-Fuzzy Circular Clustering

1 Analysis is performed on saturation-weighted hue histogram.
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Frequency
N

0 120 240 360
SW Hue

A. Hanbury, “Circular statistics applied to colour images”, Computer Vision Winter Workshop, 91(1-2), pp. 53-71,
2003.
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Rough-Fuzzy Circular Clustering Lo

1 Analysis is performed on saturation-weighted hue histogram.

act (O HTO =Ys60.h)
4 kel
if 0 =h
Ef where, 0(0,h,) = I .k
= 9 \_ otherwise
5
5
%0710 240 300
SW Hue [ reduces effects of achromatic pixels ]

A. Hanbury, “Circular statistics applied to colour images”, Computer Vision Winter Workshop, 91(1-2), pp. 53-71,
2003.
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Rough-Fuzzy Circular Clustering

1 A fuzzy clustering in circular domain
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Rough-Fuzzy Circular Clustering

1 A fuzzy clustering in circular domain

X102

Frequency
(N)

0 120 240 360
SW Hue

E-stain: representative hue value 320
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Rough-Fuzzy Circular Clustering

1 A fuzzy clustering in circular domain

[ Why ]
<102 fuzzy clustering?

Frequency
DO

Fuzzy set: to deal with
overlapping nature of stains

0 120 240 360
SW Hue

L. A. Zadeh, “Fuzzy Sets: Information and Control”, vol. 24, no. 3, pp. 338-353, 1965.
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Rough-Fuzzy Circular Clustering

1 Arough-fuzzy clustering in circular domain

[ Why ]
«10~2 fuzzy clustering?

Due to staining routine and
storage condition,

. stains become overlapped |

p

Frequency
DO

Fuzzy set: to deal with
overlapping nature of stains

L. A. Zadeh, “Fuzzy Sets: Information and Control”, vol. 24, no. 3, pp. 338-353, 1965.

0 120 240 360
SW Hue
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Rough-TFuzzy Circular Clustering

1 Arough-fuzzy clustering in circular domain

[ Why ]
fuzzy clustering?

Due to staining routine and
- et storage condition,
| stains become overlapped )
5 Crnisp Lower N
! Approxination. Fuzzy set: to deal with
S iR overlapping nature of stains
Boundary .
[ Why rough ]
set?
[ Rough set: to deal with uncertainty and incompleteness ]
in class definition

L. A. Zadeh, “Fuzzy Sets: Information and Control”, vol. 24, no. 3, pp. 338-353, 1965.
Z. Pawlak, “Rough Sets: Theoretical Aspects of Reasoning About Data”, Dordrecht, The Netherlands: Kluwer, 1991.
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Minimization of objective function with respect to parameter set y:

C

J(p) = Y Jw x JE@) + (1 —w) x JE ()]

=1
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Minimization of objective function with respect to parameter set y:
Tw) = Y [wx JE@) + (1 —w) x )] | (= {o )
i=1

corresponding to lower approximation region for i-th stain class:

corresponding to boundary region for i-th stain class:

JE@W) = > p[l — cos(x; — vi)|[H™ (x;)
z;€B(5;)
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Minimization of following Lagrangian based on Z pij = 1,5

i=1
N
VAl Z D, w1 —cos(xj —vi) | H*(z)) + A ) ll - m;.r'] H*" ()
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dij = |1 —cos(x; —v;)] Cosine distance
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Py = Z sin(a;)H*" (x;), Py = Z pi7 sin(z ;) H* (x)

z;€A(B;) r;€B(Bi)

Q, = Z cos(zj)H*" (x;),and Qg = Z Ji; COS

() H* (x)

depends on the choice of relative importance parameter
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Description of Data Sets

1 UCSB (University of California, Santa Barbara) Breast Cancer Cell
Data : Total number of images = 58

LJ

Data specifications: hematoxylin and eosin (H&E) stained biopsy
images (10 biopsy sets: 9 sets x 6 + 1 set x 4).

Each image has a resolution of 896 x 768.
Associated ground-truth annotation with nuclei considered as ROI.

Images are stored in 24-bit nonlinear RGB format.

U O 0O O

Number of classes : Non-cancerous benign cell (32 images) and
Cancerous malignant cell (26 images).

E. D. Gelasca et al., “Evaluation and benchmark for biological image segmentation”, IEEE International Conference
on Image Processing, 2008.
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Performance on UCSB Data: Histogram

Different Different | Standard Histogram SW Histogram
Biopsy Sets Channels OH OE o OE
Red 6.31 2.68 2.39 3.65
ytmalO 010704 Green 3.80 1.08 1.39 1.03
Blue 2.22 2.20 1.59 2.55
Red 3.99 5.26 1.89 5.73
ytmal2 010804 Green 3.16 1.63 1.17 2.03
Blue 1.25 1.46 0.94 1.19
Red 1.61 5.12 1.67 5.31
ytma23 022103 Green 1.33 1.53 1.24 1.80
Blue 0.69 1.49 0.64 1.38
Red 3.98 3.07 3.28 2.36
ytmad9 042003 Green 241 0.45 1.99 0.54
Blue 1.02 1.51 0.69 0.94
Red 7.53 5.77 2.24 3.07
ytma49 042203 Green 4.09 5.90 1.49 0.87
Blue 1.65 12.86 0.64 1.89

Note: ox represents the standard deviation of the estimated stain vectors
of X-stain, corresponding to all images of the same biopsy set; X € {H, E}

Machine Intelligence Unit, Indian Statistical Institute, Kolkata, India
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Performance on UCSB Data: Histogram e
Different Different | Standard Histogram SW Histogram
Biopsy Sets Channels OH OE o OE
Red 6.31 2.68 2.39 3.65
ytmalO 010704 Green 3.80 1.08 1.39 1.03
Blue 2.22 2.20 1.59 2.55
Red 3.99 5.26 1.89 2.73
ytmal2 010804 Green 3.16 1.63 1.17 2.03
Blue 1.25 1.46 0.94 1.19
Red 1.61 5.12 1.67 2.31
ytma23 022103 Green 1.33 1.53 1.24 1.80
Blue 0.69 1.49 0.64 1.38
Red 3.98 3.07 3.28 2.36
ytmad9 042003 Green 241 0.45 1.99 0.54
Blue 1.02 1.51 0.69 0.94
Red 7.53 5.77 2.24 3.07
ytma49 042203 Green 4.09 5.90 1.49 0.87
Blue 1.65 12.86 0.64 1.89
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Performance on UCSB Data: Histogram
Different Different | Standard Histogram SW Histogram
Biopsy Sets Channels OH OE o OE
Red 2.28 3.29 1.72 3.80
ytma49 042403 Green 1.38 0.91 0.94 1.10
Blue 0.71 1.28 0.76 0.72
Red 1.45 4.24 1.41 2.86
ytmad9 072303 Green 1.14 1.19 1.14 1.09
Blue 0.29 1.08 0.30 0.67
Red 1.89 3.24 2.79 0.34
ytma49 111003 Green 1.51 1.31 2.39 2.69
Blue 1.01 1.44 1.08 1.93
Red 1.70 6.29 2.29 6.09
ytmad9 111303 Green 1.43 2.44 2.06 2.54
Blue 0.79 1.82 0.80 1.80
Red 4.18 6.46 1.91 3.84
ytmad5 030603 Green 3.21 3.57 1.52 1.62
Blue 0.80 10.41 0.77 1.67

Machine Intelligence Unit, Indian Statistical Institute, Kolkata, India



% ria;
[ Faam efan.

Performance on UCSB Data: Clustering

Different Different Hard Fuzzy RFCCosine
Biopsy Sets Channels OH OE OH OE oH OE
Red 2.37 | 3.69 | 2.51 3.79 | 2.39 | 3.65
ytmalO 010704 Green 1.25 | 1.04 | 1.35 | 1.09 | 1.39 | 1.03
Blue 1.26 | 252 | 1.21 | 2.49 | 1.59 | 2.55
Red 200 | 5.78 | 1.89 | 5.85 | 1.89 | 5.73
ytmal2 010804 Green 1.24 | 206 | 1.18 | 2.08 | 1.17 | 2.03
Blue 0.95 1.20 | 0.91 | 1.21 094 | 1.19
Red 1.70 | 5.30 | 1.67 | 5.42 | 1.67 | 5.31
ytma23 022103 Green 1.26 | 1.81 | 1.27 | 1.83 | 1.24 | 1.80
Blue 0.63 | 1.36 | 0.66 1.39 | 0.64 | 1.38
Red 3.29 | 2.36 | 3.45 | 237 | 3.28 | 2.36
ytma49 042003 Green 1.99 | 0.55 | 2.11 | 0.54 | 1.99 | 0.54
Blue 0.66 | 0.94 | 094 | 095 | 0.69 | 0.94
Red 225 | 3.09 | 239 | 3.07 | 2.24 | 3.07
ytmad9 042203 Green 1.44 | 090 | 1.65 | 0.87 | 1.49 | 0.87
Blue 0.72 | 1.80 | 0.64 | 1.90 | 0.64 | 1.89

£ ™
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Performance on UCSB Data: Clustering
Different Different Hard Fuzzy RFCCosine
Biopsy Sets Channels OH OE OH OE oH OE

Red 1.73 | 393 | 1L.73 | 4.08 | 1.72 | 3.80
ytmad9 042403 Green 096 | 1.13 | 0.94 | 1.17 | 0.94 | 1.10
Blue 076 | 0.77 | 0.70 | 0.87 | 0.76 | 0.72
Red 1.41 | 2.83 | 1.41 | 2.89 | 1.41 | 2.86
ytma49 072303 Green 1.13 | 1.08 | 1.15 1.11 1.14 | 1.09
Blue 0.31 | 0.69 | 0.32 | 0.73 | 0.30 | 0.67
Red 2.81 | 5.26 | 2.67 | 5.53 | 2.79 | 5.34
ytma49 111003 Green 237 | 2.64 | 2.32 | 2.82 | 2.39 | 2.69
Blue 1.13 | 1.92 | 1.10 1.97 | 1.08 | 1.93
Red 228 | 5.96 | 2.25 | 6.17 | 2.29 | 6.09
ytma49 111303 Green 2.04 | 2.50 | 2.05 | 2.59 | 2.06 | 2.54
Blue 0.78 | 1.79 | 0.84 | 1.82 | 0.80 1.80
Red 1.94 | 3.86 | 1.85 | 4.08 | 1.91 | 3.84
ytmab5 030603 Green 1.54 | 1.62 | 1.51 | 1.72 | 1.52 | 1.62
Blue 078 | 1.71 | 0.78 | 1.73 | 0.77 | 1.67

Machine Intelligence Unit, Indian Statistical Institute, Kolkata, India
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Performance on UCSB Data: ‘Existing i)

Different Different PF HTN SPCN EM RFCC cosine
Biopsy Sets |Channels oqy OE oH OR OH OE OH OR oH OE
Red 3.04 | 2.72 | 2.67 3.25 242 | 393 | 245 | 410 | 2.39 | 3.65
vtmalQ0 010704 Green | 2.23 | 2.01 | 1.68 | 097 | 1.66 | 0.73 | 1.61 | 0.69 | 1.39 | 1.03
Blue 2.67 | 5.79 1.14 | 2.43 | 1.01 255 | 0.92 | 251 1.59 | 2.55
Red 1.99 | 3.79 | 1.37 | 5.79 220 | 6.26 | 2.08 | 7.73 1.89 | 5.73
ytmal2 010804 Green | 2.16 282 | 1.07 | 1.82 | 1.80 | 2.14 | 1.66 | 254 | 1.17 | 2.03
Blue 1.72 6.81 | 0.55 | 1.30 0.79 1.36 | 0.83 | 1.56 | 094 | 1.19
Red 1.77 | 3.43 | 2.39 536 | 1.07 | 5.75 | 1.18 | 7.27 | 1.67 | 5.31
ytma23 022103 Green | 1.95 | 0.46 | 2.25 1.59 | 1.10 | 1.81 1.16 | 2.21 1.24 | 1.80
Blue 1.31 3.34 0.70 1.57 0.86 1.71 0.89 | 1.86 | 0.64 | 1.38
Red 3.11 | 2.11 3.17 | 1.86 | 3.14 | 298 | 4.56 | 4.53 | 3.28 | 2.36
ytmad9 042003| Green | 2.98 2.02 235 | 0.45 | 244 | 0.74 | 3.40 | 096 | 1.99 | 0.54
Blue 1.09 3.67 | 0.55 | 0.98 0.79 1.18 | 1.21 1.42 | 0.69 | 0.94
Red 2.29 | 2.18 | 4.04 3.13 1.99 | 3.36 | 1.93 | 3.88 | 2.24 | 3.07
ytmad9 042203| Green | 2.95 1.40 3.81 0.92 202 | 0.84 | 2.06 | 1.18 | 1.49 | 0.87
Blue 1.88 3.72 1.15 212 | 0.60 | 2.03 | 0.69 | 202 | 0.64 | 1.89

Machine Intelligence Unit, Indian Statistical Institute, Kolkata, India
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Performance on UCSB Data: ‘Existing i)

Different Different PF HTN SPCN EM RFCCosine

Biopsy Sets |Channels oqy OE oH OR OH OE OH OR OH ORE

Red | 3.08 | 3.13 | 3.42 | 3.67 | 299 | 489 | 3.39 | 6.66 | 1.72 | 3.80
ytmad9 042403 Green | 3.16 | 3.18 | 2.55 | 0.96 | 238 | 1.38 | 2.72 | 1.67 | 0.94 | 1.10
Blue | 1.04 | 538 | 0.63 | 0.47 | 093 | 064 | 092 | 0.80 | 0.76 | 0.72
Red 209 | 263 | 249 | 2.82 199 | 1.67 | 252 | 1.99 | 1.41 | 2.86
ytmad9 072303 Green | 2.48 1.22 ] 255 | 095 | 215 | 0.66 | 2.67 | 095 | 1.14 | 1.09
Blue | 0.57 | 1.43 | 0.38 | 0.80 | 0.46 | 0.79 | 0.36 | 0.98 | 0.30 | 0.67
Red 1.90 | 13.17 | 1.64 | 6.94 | 4.00 | 9.65 | 1.62 | 812 | 2.79 | 5.34
ytma49 111003 Green | 2.60 | 11.29 | 1.61 | 349 | 1.69 | 579 | 1.45 | 4.63 | 2.39 | 2.69
Blue 3.62 | 10.73 | 1.23 | 2.79 | 9.7 | 417 | 1.29 | 2.62 | 1.08 | 1.93
Red 215 | 6.12 | 1.20 | 6.71 144 | 6.85 | 1.63 | 8.87 | 2.29 | 6.09
ytmad9 111303 Green | 2.52 | 1.75 | 1.30 | 2.46 1.56 | 2.85 | L75 | 3.27 | 2.06 | 2.54
Blue | 1.50 | 430 | 0.24 | 234 | 0.34 | 231 | 0.55 | 270 | 0.80 | 1.80
Red | 218 | 7.85 | 1.88 | 16.56 | 1.35 | 5.22 | 1.25 | 7.60 | 1.91 | 3.84
ytma55 030603 Green | 3.39 | 3.90 | 1.81 | 2.09 | 148 | 2.36 | 1.37 | 3.19 | 1.52 | 1.62
Blue | 2.73 | 820 | 0.67 | 832 | 0.70 | 1.62 | 0.67 | 2.28 | 0.77 | 1.67

Machine Intelligence Unit, Indian Statistical Institute, Kolkata, India
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Performance on UCSB Data:

Normalized median intensity

(

N
med W (i

NMI(7) = =22 ){ (Z)} It evaluates color consistency of

max {W(i )} a specific ROI within an image

ieROI(])

. J

L. G. Nyuel et al., “New variants of a method of MRI scale standardization”, IEEE Transactions on Medical Imaging,
19(2), pp. 143-150, 2000.

Machine Intelligence Unit, Indian Statistical Institute, Kolkata, India



STATISTICAL

&

W

Z>»—-0Z—
Moy CAmm 0 Z =

Performance on UCSB Data:

Normalized median intensity

4 3 )
med {W (i)} : k
NMI(7) = RD It evaluates color consistency of
max {W(i )} a specific ROI within an image
ieROI(1) <
. J
Different Histograms Normalized Median Intensity (NMI)
/Clustering Methods Mean Median Wilcoxon Test | Paired-{ Test
Standard Histogram | 0.700852 0.697148 9.29E-09 2.42E-06
Hard Clustering 0.701822 0.696991 3.49E-09 1.22E-07
Fuzzy Clustering 0.702271 0.696991 9.48E-09 2.18E-07
RFCCeosine 0.710847 | 0.707624

L. G. Nyuel et al., “New variants of a method of MRI scale standardization”, IEEE Transactions on Medical Imaging,
19(2), pp. 143-150, 2000.

Machine Intelligence Unit, Indian Statistical Institute, Kolkata, India
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Performance on UCSB Data: e

Normalized median intensity

4 3 )
med {W (i)} : k
NMI(7) = RD It evaluates color consistency of
max {W(i )} a specific ROI within an image
ieROI(1) <
. J
Different Histograms Normalized Median Intensity (NMI)
/Clustering Methods Mean Median Wilcoxon Test | Paired-{ Test
Standard Histogram | 0.700852 0.697148 9.29E-09 2.42E-06
Hard Clustering 0.701822 0.696991 3.49E-09 1.22E-07
Fuzzy Clustering 0.702271 0.696991 9.48E-09 2.18E-07
RFCCeosine 0.710847 | 0.707624
sufficient??

L. G. Nyuel et al., “New variants of a method of MRI scale standardization”, IEEE Transactions on Medical Imaging,
19(2), pp. 143-150, 2000.

Machine Intelligence Unit, Indian Statistical Institute, Kolkata, India
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Performance on UCSB Data: e

Normalized median intensity

4 3 )
med {W (i)} : k
NMI(7) = RD It evaluates color consistency of
max {W(i )} a specific ROI within an image
ieROI(1) <
. J
Different Histograms Normalized Median Intensity (NMI)
/Clustering Methods Mean Median Wilcoxon Test | Paired-{ Test
Standard Histogram | 0.700852 0.697148 9.29E-09 2.42E-06
Hard Clustering 0.701822 0.696991 3.49E-09 1.22E-07
Fuzzy Clustering 0.702271 0.696991 9.48E-09 2.18E-07
RFCCeosine 0.710847 | 0.707624
sufficient??

NMI fails to capture within-biopsy color constancy information

L. G. Nyuel et al., “New variants of a method of MRI scale standardization”, IEEE Transactions on Medical Imaging,
19(2), pp. 143-150, 2000.

Machine Intelligence Unit, Indian Statistical Institute, Kolkata, India
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Proposed Quantitative Indices

-
Ly med W (i)j+ med P7())}
Between-Image Color| BiCC(/) = ————x = — .
Constancy Index 2 (‘S ‘ —1) J= max {ig(%é){W(l)}a ].SQ&?J){W(J )}}
\§ J

It evaluates color consistency of ROl among
images within a particular biopsy set

Within-Set Color : ] .
WsCC(S) = — NMI(/ B1CC([1);
Constancy Index SCC(5) S % (I) x BICC(J);
=

Overall representation of
within-image and within-biopsy color consistency

Machine Intelligence Unit, Indian Statistical Institute, Kolkata, India



£ ™
Moy CAmm 0 Z =

Ll
[t g
Performance on UCSB Data: e
Between-image Color Constancy (BiCC) Index
Different Histograms Between-image Color Constancy (BiCC) index
/Clustering Methods Mean Median Wilcoxon Test | Paired-{ Test
Standard Histogram 0.670558 0.657639 1.75E-11 2.19E-17
Hard Clustering 0.670490 0.658078 1.75E-11 2.28E-19
Fuzzy Clustering 0.671444 0.658307 1.75E-11 2.13E-18
RFCCecosine 0.692504 | 0.681332

Within-set Color Constancy (WsCC) Index

Different Histograms Within-set Color Constancy (WsCC) index
/Clustering Methods Mean Median Wilcoxon Test | Paired-{ Test
Standard Histogram 0.474186 0.465024 1.75E-11 2.40E-16
Hard Clustering 0.473908 0.464562 1.75E-11 3.54E-18
Fuzzy Clustering 0.475167 0.465122 1.75E-11 3.44E-17
RFCCosine 0.494584 | 0.475552

Machine Intelligence Unit, Indian Statistical Institute, Kolkata, India
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Te1formance on UCSB Data: Qualitative R

@? k?@' A ﬁ‘h .;i 7‘3
: :_ o '_"._.',h' wm K M‘; |

fr

Original and color normalized images of UCSB data
set obtained using different methods : (a) Original,
(b) ColTrans, (c) PF, (d) SCD.

(a) (b) {2) ()

Machine Intelligence Unit, Indian Statistical Institute, Kolkata, India
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Te1formance on UCSB Data: Qualitative

S BeE %Wg,,, PO
mﬁ ﬂfi‘!\:&' ,.h I_

Original and color normalized images of UCSB data
set obtained using different methods : (a) Original,
(b) HTN, (c) SPCN and (d) RFCC

cosine .

(2) (b) (€) (d)

Machine Intelligence Unit, Indian Statistical Institute, Kolkata, India
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Performance on UCSB Data: vs Existing

Normalized Median Intensity (NMI)

Different Normalized Median Intensity (NMI)
Methods Mean Median Wilcoxon Test | Paired-t Test
CcT 0.661974 0.680989 4.83E-06 3.40E-06
PF 0.689482 0.689037 8.24E-04 2.05E-04
SCD 0.602906 0.586130 2.47E-10 3.81E-14
HTN 0.706873 0.701627 2.58E-04 1.65E-03
SPCN 0.680182 0.679416 4.49E-06 5.92E-07
RFCCeosine | 0.710847 | 0.707624

L. G. Nyuel et al., “New variants of a method of MRI scale standardization”, IEEE Transactions on Medical Imaging,

19(2), pp. 143-150, 2000.

Machine Intelligence Unit, Indian Statistical Institute, Kolkata, India
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UNITY IN DIVERSITY

Between-image Color Constancy (BiCC) Index

Different Between-image Color Constanc (BiCC) Index
Methods Mean Median Wilcoxon Test | Paired-t Test
CT 0.613403 0.625624 4.94E-11 1.09E-13
PF 0.657836 0.660921 8.73E-07 3.49E-08
SCD 0.566423 0.563674 1.75E-11 3.22E-22
HTN 0.674506 0.661148 2.16E-11 2.24E-14
SPCN 0.647584 0.646141 1.81E-08 1.76E-10
RFCCeosine | 0.692504 | 0.681332

Within-set Color Constancy (WsCC) Index

Different Within-set Color Constanc (WsCC) Index
Methods Mean Median Wilcoxon Test | Paired-t Test
CT 0.409771 0.424711 5.91E-09 3.18E-10
PF 0.455051 0.455632 2.29E-05 2.50E-06
SCD 0.350092 0.329816 1.85E-11 6.50E-20
HTN 0.479276 0.470083 1.36E-10 4.90E-12
SPCN 0.441564 0.439264 1.52E-07 9.00E-09
RFCCecosine | 0.494584 | 0.475552

Machine Intelligence Unit, Indian Statistical Institute, Kolkata, India
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Key Takeaways - RFCCosine

@® Unsupervised method: a rough-fuzzy clustering is performed on SW hue
histogram.

@ Quantitative indices are proposed to assess inter-biopsy color consistency.

@® Cosine distance is utilized to deal with the circular nature of hue values.

Machine Intelligence Unit, Indian Statistical Institute, Kolkata, India
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Key Takeaways - RFCCosine

@® Unsupervised method: a rough-fuzzy clustering is performed on SW hue
histogram.

@ Quantitative indices are proposed to assess inter-biopsy color consistency.
@® Cosine distance is utilized to deal with the circular nature of hue values.

@ Cosine distance is not flexible: cannot capture concentration of hue values
around the mean of each stain class.

Machine Intelligence Unit, Indian Statistical Institute, Kolkata, India
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Key Takeaways - RFCCosine

@® Unsupervised method: a rough-fuzzy clustering is performed on SW hue
histogram.

@ Quantitative indices are proposed to assess inter-biopsy color consistency.
@® Cosine distance is utilized to deal with the circular nature of hue values.

@ Cosine distance is not flexible: cannot capture concentration of hue values
around the mean of each stain class.

@ Next chapter tries to utilize cosine distance in a more flexible way to
capture underlying data distribution.

Machine Intelligence Unit, Indian Statistical Institute, Kolkata, India
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Chapter 4

A New Dissimilarity Measure for Circular Clustering in
Fuzzy Approximation Spaces

(T. Maji and S. Mahapatra, ‘Circular Clustering in Fuzzy Approximation Spaces for\
Color Normalization of Histological Images”, IEEE Transactions on Medical Imaging,

vol. 39, no. 5, pp. 1735-1745, 2020.
\_ J

Machine Intelligence Unit, Indian Statistical Institute, Kolkata, India
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Rough-Fuzzy Circular Clustering Co

1 Clustering is performed on weighted hue histogram.

<10

Frequency
N

0 120 240 360
SW Hue

A. Hanbury, “Circular statistics applied to colour images”, Computer Vision Winter Workshop, 91(1-2), pp. 53-71,

20U chine Intelligence Unit, Indian Statistical Institute, Kolkata, India
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Rough-Fuzzy Circular Clustering

1 Clustering is performed on weighted hue histogram.

X0 (=Y O) =Y 580.h)
kel
1f0=h
Eﬁ where, 6(0,h,) = D it .k
52 \_ otherwise )
o
= [why not SW hue histogram? ]
O L

0 120 240 360
SW Hue

A. Hanbury, “Circular statistics applied to colour images”, Computer Vision Winter Workshop, 91(1-2), pp. 53-71,

20U chine Intelligence Unit, Indian Statistical Institute, Kolkata, India
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Rough-Fuzzy Circular Clustering

1 Clustering is performed on weighted hue histogram.

X0 C HT©O) =Y s80.h)
kel
1 if0=h
Eﬁ where, 5(9,hk):{0 : ! .k
52 \_ otherwise )
-
= [why not SW hue histogram? ]
O L

0 120 240 360
SW Hue

— [ no local neighborhood information ]

A. Hanbury, “Circular statistics applied to colour images”, Computer Vision Winter Workshop, 91(1-2), pp. 53-71,

20U chine Intelligence Unit, Indian Statistical Institute, Kolkata, India
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Rough-Fuzzy Circular Clustering

1 Clustering is performed on weighted hue histogram.

X0 (=Y O) =Y 580.h)
kel
1 if0=h
& where, 5(9,1@:{0 " *
52 \_ otherwise )
-
= [why not SW hue histogram? ]
O L

0 120 240 360
SW Hue

A. Hanbury, “Circular statistics applied to colour images”, Computer Vision Winter Workshop, 91(1-2), pp. 53-71,

20U chine Intelligence Unit, Indian Statistical Institute, Kolkata, India
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Rough-Fuzzy Circular Clustering Lo

1 Clustering is performed on weighted hue histogram.

w102 like linear space, local neighborhood
4 information is computed as follows:
5 1 a
=
= E,=——Ih +— > h,
%2 “ ltal f N, hj;%]
&3

OH,M

0 120 240 360
a-controlled Hue

[ a-controlled ]
hue histogram

S. Szilagyi et al. , “MR Brain Image Segmentation Using An Enhanced Fuzzy C-Means Algorithm”, Proceedings of 25"
Annual International Conference of IEEE Engineering in Medicine and Biology Society, pp. 724-726, 2003.

Machine Intelligence Unit, Indian Statistical Institute, Kolkata, India
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Rough-Fuzzy Circular Clustering

1 Clustering is performed on weighted hue histogram.

A x 1072 Combing both, Weighted Hue
histogram H is defined as:
9 1
=P [H<9> =—|E" ©0)+ H* 0)] ]
= 2
3
ol |

0 120 240 360
Weighted Hue

[ Weighted Hue ]
histogram

Machine Intelligence Unit, Indian Statistical Institute, Kolkata, India
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Rough-Fuzzy Circular Clustering

1 Clustering is performed on weighted hue histogram.

A x1072 Combing both, Weighted Hue
histogram H is defined as:
s
= 1 "
P H(6) =E[HSW(9)+H ©)]
&
oLl |
! V\}gighted%%e 500 incorporates both saturation
- weighted hue information and
[ Weighted Hue ] local neighbourhood information
histogram

Machine Intelligence Unit, Indian Statistical Institute, Kolkata, India
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New Dissimilarity Measure

(1 Clustering is performed based on a new dissimilarity measure.

why not
cosine distance?

Il L L L
-150 -100 100 150

-50 0 50
Anale Value (0)

¢

Cosine distance

Machine Intelligence Unit, Indian Statistical Institute, Kolkata, India
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New Dissimilarity Measure

(] Clustering is performed based on a new dissimilarity measure.

why not
cosine distance?

{ fails to model concentration of }
hue values near its peak

Ta— distribution

{ cannot capture inherent data }

-50 0 50
Anale Value (0)

¢

Cosine distance

Machine Intelligence Unit, Indian Statistical Institute, Kolkata, India
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New Dissimilarity Measure

(] Clustering is performed based on a new dissimilarity measure.

why not
cosine distance?

[ fails to model concentration of }
hue values near its peak

[ cannot capture inherent data }
distribution

L L
100 150

Il L
-150 -100

-50 0 50
Anale Value (0)

¢ [ somirr ]

Cosine distance

Machine Intelligence Unit, Indian Statistical Institute, Kolkata, India
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New Dissimilarity Measure

(1 Clustering is performed based on a new dissimilarity measure.

New dissimilarity measure:

{d(@iﬁj) = log(ZnIO(K))—Kcos(Qi —Oj) ]

[10 (k)= i 2fexp(x cos6)do ]

I,(.) is the modified Bessel function of first kind =
and order zero. W aw % 0w w

Aﬁqular Deviation (6)
1)d(©,.6,)=d(©,.6,)
2)d(6,.6,)<d(6,.0,)Vj #i
3)d(0,.0,)< d(0,,0,)+d(,.0,)¥0,.0,.0, €[0.2)

Machine Intelligence Unit, Indian Statistical Institute, Kolkata, India
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New Dissimilarity Measure

(1 Clustering is performed based on a new dissimilarity measure.

New dissimilarity measure:

{d(@iﬁj) = IOg(ZEIO(K))—KCOS(Qi —Hj) ]

k=25 —o—

area under the curve is varied
using k without affecting
periodicity

-150 -100 -50 0 Lo 50 100 150
Anaular Deviation ()

Machine Intelligence Unit, Indian Statistical Institute, Kolkata, India
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(] Clustering is performed on based on a new dissimilarity measure.

New dissimilarity measure:

[d(@i,Qj) = lOg(ZTCIO(K))—KCOS(Qi —Hj) ]

area under the curve is varied
using k without affecting
periodicity

k=25 —o—

! ! ! ! ! ! !
-150 -100 50 0 50 100 150

Aﬁqular Deviation (0)

( can capture intrinsic

data distribution

|

Machine Intelligence Unit, Indian Statistical Institute, Kolkata, India
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New Dissimilarity Measure
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UNITY IN DIVERSITY

= =
. :
8 8
-IIQ:I -iaa E-i) a 5I|:I i 1] -IIB:I Bli] Bl a 1] II;IIII I;l] -i50 -illid &I] a 5 1] IIEII
Angle Value (8] Angle Value (0) Angle Value (g)
Tma T T T T T T 140 T T T T
'r Ewdf ——
a000 | I-"
! Al /
s0ld ||'II
1 — 50
s 4010 | ..E.
W = £
3 % g
{ﬁ ano {% A |
200 .-/ ﬂ
/ an
10La
,_,_.——"‘ﬂﬂ-ﬂjf a0 .--"'//
a0 Beg— | 2
a II 2 i :1 I5 é T II 2 a Id I5 é T -150 -ifg -&I] a 9‘] IIEI:I IIBJ
Parameter Paramelar Angular Deviation {8
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Objective Function

Minimization of objective function with respect to parameter set y:

T @)=Y [ox I )+ (1-0)x J2 ()

i=l1

Machine Intelligence Unit, Indian Statistical Institute, Kolkata, India
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Objective Function

Minimization of objective function with respect to parameter set y:

)= Slost)t-0ps0] | (vbnn]

corresponding to lower approximation region for i-th class:

[ JHw)= Y llog(2at, (i)~ coslo, - )16, J

Qj‘eé(ﬂi)

corresponding to boundary region for i-th class:

(J2)= vy lloend, (i, )~k coslo, (o, J+

6jeB(ﬁi)

> vy toglvy )-vyr o)

\_ 0,eB(B,) )

Machine Intelligence Unit, Indian Statistical Institute, Kolkata, India



Estimation of Membership Function
4 : )
O (V) ~0 Lo exp{rcl. cos(Qj — I, )} m
avij T 27l (Ki)
\ J

[ Fuzzy membership function follows von Mises distribution ]

N. I. Fisher, “Statistical Analysis of Circular Data”, Cambridge University Press, Cambridge, U.K., 1995.

Machine Intelligence Unit, Indian Statistical Institute, Kolkata, India



Estimation of Membership Function b
4 : )
O (V) ~0 Lo exp{rcl. cos(Qj — I, )} m
5\/,.]. T 27l (K i )
\ J

[ Fuzzy membership function follows von Mises distribution ]

Von Mises probability distribution:

1

m expii cos(d — )}

vM(,u,K):

L L L L
0 50 100 150

[ ,ue[O,27r)] [ k>0 ]
Zonqular Value (6)

N. I. Fisher, “Statistical Analysis of Circular Data”, Cambridge University Press, Cambridge, U.K., 1995.

L L
-150 -100

Machine Intelligence Unit, Indian Statistical Institute, Kolkata, India
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Estimation of Cluster Prototype

[a]RF (l//) _ O]
Ol

g @ X sm(HJ)H(H])Jr(l—a))x Zv sm(HJ)H(H]) A
[, = arctan 0,e4(6) 0,<B(5:)
: W X COS(QJ.)H(QJ)-I—(I—O))X dv; cos(HJ)H(HJ)
\ | 0,e4(B) 6,<B(B;) Iy
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Estimation of Cluster Prototype
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[a]RF(l//)

Ol

D

\ -

g o X sin(Hj)H(Hj)Jr(l—a))x Zv;’.’sin(Hj)H(Hj) \
i, =arctan 6,cA(B;) 6,<B(B;)
’ W ¥ COS(QJ)H(QJ)-I—(I—O))X dv; cos(HJ)H(HJ)
6;<A(B;) 6,B(B;)

-/

depends on the choice of relative importance parameter

Machine Intelligence Unit, Indian Statistical Institute, Kolkata, India



TTTTTTTTTTT

Estimation of Concentration Parameter

[a]RF (l//) _ O]
oK,

g o x Z cos(@ ul) (9].)+ (1— Zvl] cos(@ H,) (9 )_\
o =T 6,c4(p,) 6,eB(B,)

ox Y HE,)+(1-0)x Zvy Hg,)
\ i 0 .cA(B,) 0,eB(pB 1)
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| Exadiintal] [
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Estimation of Concentration Parameter

[a]RF (l//) _ O]
oK,

4 o x > COS(Oj _Hi)H(Qj)JF (1-a)x vy COS(@J _H")H(Qj)_\
L o 55 6,<B(B,)

3 O, T
- - - - ~

[ T(K‘i ) =7 (K) J T-(.) is approximated using numerical methods ]
0\"™i

N. I. Fisher, “Statistical Analysis of Circular Data”, Cambridge University Press, Cambridge, U.K., 1995.
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Color Normalization Method - R FCCon
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Color Normalization Method - R FCCon

Template

LW L et

(0 120 240 36(
Weighted Hue

1074

)

N

Frequency

RV

0 L ]' [ m

0 120 240 36(
Weighted Hue
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W

Color Normalization Method - R FCCoa
x 10 / Weighted Histogranﬁ

4 (Mt*’ Dt*)

Template '

'1‘.”'7 7 A

i

Rough-Fuzzy
Circular Clustering

(0 120 240 36(
Weighted Hue

6, <107 ( RGB stain Density
- | matrix M matrix D
2
L e Non-negative matrix M, D))
0 120 240 300 factorization

Weighted Hue \ /
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Description of Data Sets

(1] CMU Data (published by the bimagicLab in Carnegie Mellon
University)

Total number of images = 3
Data specifications: H & E stained biopsy images.

Each image has a resolution of 1280 x 1024.

I I A I

Associated stain decomposition ground-truth, separate H-stained
and E-stained images.

1 Images are stored in 48-bit linear RGB format.

M. T. McCann et al., “Algorithm and benchmark dataset for stain separation in histology images”, IEEE International
Conference on Image Processing, 2014.
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Performance on UCSB Data: Histogram [oe el

Different  [Different| Standard SW a-controlled RFCCyy
Biopsy Sets [Channels oy OE oH OR OH ‘ 125 oH \ OE
Red 1041 | 2.86 | 3.54 | 410 | 955 | 1.91 | 2.84 | 2.35
ytmalO 010704 Green | 6.71 | 1.02 | 2.02 | 1.08 | 7.47 | 0.99 | 1.27 | 0.89
Blue 6.71 249 | 1.25 | 2.71 | 1.50 2.56 1.64 | 1.86
Red 7.36 | 5.54 | 2.08 | 6.00 | 19.53 | 8.63 | 3.59 | 4.14
ytmal2 010804 Green | 5.97 | 1.71 | 1.36 | 2.10 | 6.16 | 11.68 | 2.67 | 1.60
Blue 2.96 1.43 | 0.93 | 1.19 | 22.98 | 18.45 | 0.96 | 1.06
Red 2.80 | 5.44 | 1.73 | 5.35 | 12.69 | 4.95 | 1.37 | 4.00
yvtma23 022103 Green | 2.16 1.52 1.34 | 1.80 | 5.42 | 12.44 | 1.07 | 1.51
Blue | 0.67 | 1.76 | 0.73 | 1.38 | 21.09 | 18.08 | 0.58 | 0.77
Red 3.20 3.19 | 3.34 | 294 | 1885 | 4.46 | 2.66 | 2.94
ytmad9 042003 Green | 1.81 | 0.49 | 2.17 | 0.57 | 5.65 | 11.14 | 1.72 | 0.61
Blue 0.91 1.50 | 0.60 | 1.26 | 23.14 | 18.93 | 0.55 | 0.83
Red 9.36 416 | 2.38 | 3.20 | 7.32 7.01 | 2.80 | 2.77
vtmad9 042203 Green | 4.98 | 9.62 | 1.85 | 0.79 | 481 | 3.14 | 2.24 | 0.58
Blue | 16.37 | 13.66 | 0.47 | 207 | 0.99 | 9.39 | 0.54 | 2.06

Machine Intelligence Unit, Indian Statistical Institute, Kolkata, India
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Performance on UCSB Data: Histogram e
Different  [Different| Standard SW a-controlled RFCCyy
Biopsy Sets |Channels oy OE oH OR OH 125 oH OE

Red 348 | 353 | 1.23 | 3.74 | 17.89 | 491 | 2.22 | 2.30
ytmad9 042403 Green | 2.37 | 0.92 | 0.72 | 1.06 | 5.92 | 11.39 | 1.16 | 0.93
Blue | 0.76 | 1.53 | 0.62 | 0.94 | 22.68 | 19.31 | 0.49 | 0.87
Red 2.11 | 5.00 | 1.15 | 3.71 | 1.04 | 1.90 | 1.04 | 1.73
vtmad9 072303 Green | 1.66 | 1.39 | 0.95 | 1.38 | 0.84 | 0.68 | 0.73 | 0.76
Blue 0.34 | 1.55 | 0.31 | 1.04 | 0.27 | 0.63 | 0.20 | 0.40
Red 1.99 | 3.53 | 2.68 | 5.62 | 19.34 | 6.61 | 2.74 | 3.60
ytmad9 111003 Green | 1.56 | 1.36 | 2.44 | 291 | 224 | 9.68 | 2.61 | 1.58
Blue 1.07 | 1.82 | 0.83 | 2.00 | 23.70 | 18.82 | 0.77 | 1.20
Red 222 | 496 | 201 | 6551998 | 691 | 1.38 | 3.35
ytmad9 111303 Green | 2.15 1.95 | 1.91 | 264 | 496 | 12.02 | 1.31 | 1.69
Blue | 0.65 | 1.53 | 0.79 | 2.02 | 25.99 | 19.91 | 0.59 | 1.17
Red 7.08 | 6.75 | 2.08 | 458 | 2.36 | 833 | 2.99 | 3.60
ytmabd 030603 Green | 6.01 | 3.19 | 1.75 | 1.78 | 2.04 | 1.62 | 2.78 | 1.46
Blue | 1.15 | 9.99 | 1.01 | 2.06 | 0.86 | 4.09 | 0.85 | 1.63

Machine Intelligence Unit, Indian Statistical Institute, Kolkata, India
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Performance on UCSB Data: Dissimilarity
Different Different | Cosine Distance | Proposed Dissimilarity
Biopsy Sets Channels | og %45 OH OR
Red 3.19 3.03 2.84 2.35
ytmalO_ 010704 | Green 1.69 1.07 1.27 0.89
Blue 1.35 2.30 1.64 1.86
Red 3.38 5.69 3.59 4.14
ytmal2 010804 | Green 2.71 2.06 2.67 1.60
Blue 0.96 1.10 0.96 1.06
Red 1.57 0.36 1.37 4.00
ytma23 022103 | Green 1.30 1.79 1.07 1.51
Blue 0.67 1.36 0.58 0.77
Red 3.31 2.53 2.66 2.94
ytmad49 042003 | Green 2.05 0.55 1.72 0.61
Blue 0.98 1.07 0.55 0.83
Red 2.64 3.28 2.80 2.77
vtmad9 042203 | Green | 2.07 0.91 2.24 0.58
Blue 0.31 1.95 0.54 2.06

Machine Intelligence Unit, Indian Statistical Institute, Kolkata, India
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Performance on UCSB Data: Dissimilarity

Different Different | Cosine Distance | Proposed Dissimilarity
Biopsy Sets Channels | oy %45 OH OR
Red 1.78 3.79 2.22 2.30
ytmad9 042403 | Green 1.07 1.07 1.16 0.93
Blue 0.66 0.88 0.49 0.87
Red 1.86 3.40 1.04 1.73
ytmad49 072303 | Green 1.53 1.20 0.73 0.76
Blue 0.30 0.83 0.20 0.40
Red 2.34 4.65 2.74 3.60
ytmad9 111003 | Green 2.07 2.19 2.61 1.58
Blue 0.99 1.85 0.77 1.20
Red 1.83 5.85 1.38 3.35
ytmad9 111303 | Green 1.66 2.47 1.31 1.69
Blue 0.92 1.72 0.59 1.17
Red 2.65 4.03 2.99 3.60
ytmab5 030603 | Green 2.29 1.65 2.78 1.46
Blue 1.16 1.76 0.85 1.63

Machine Intelligence Unit, Indian Statistical Institute, Kolkata, India



Performance on UCSB Data: Clustering

STATISTICAL
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UNITY IN DIVERSITY

Different Different Hard Fuzzy Rough-Fuzzy
Biopsy Sets Channels | og OR oH oR ol oR
Red 13.44 | 468 | 4.05 | 2.72 | 2.84 | 2.35
ytmalO 010704 | Green 5.54 | 8.69 | 2.00 | 1.03 | 1.27 | 0.89
Blue 17.29 | 15.85 | 1.47 | 1.87 | 1.64 | 1.86
Red 13.24 | 593 | 3.45 | 4.26 | 3.59 | 4.14
ytmal2 010804 | Green 5.67 | 10.92 | 2.75 | 1.90 | 2.67 | 1.60
Blue 21.17 | 18.49 | 0.87 | 0.97 | 0.96 1.06
Red 1.89 | 521 | 1.54 | 4.38 | 1.37 | 4.00
ytma23 022103 | Green 1.39 | 1.86 | 1.09 | 1.76 | 1.07 | 1.51
Blue 0.65 | 1.23 | 0.65 | 0.86 | 0.58 | 0.77
Red 15.30 | 5.79 | 3.13 | 2.58 | 2.66 | 2.94
ytmad9 042003 | Green 5.02 | 847 | 1.93 | 0.59 | 1.72 | 0.61
Blue 18.37 | 15.92 | 0.70 | 0.96 | 0.55 | 0.83
Red 2.68 | 3.24 | 2.78 | 3.17 | 2.80 | 2.77
ytmad9 042203 | Green 1.85 | 0.77 | 2.08 | 0.73 | 2.24 | 0.58
Blue 063 | 1.99 | 0.43 | 1.84 | 0.54 | 2.06

E-stain: minimum value in 11/15 cases

Machine Intelligence Unit, Indian Statistical Institute, Kolkata, India
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Performance on UCSB Data: Clustering

Different Different Hard Fuzzy Rough-Fuzzy
Biopsy Sets Channels | og OR oH oR ol oR
Red 2.89 3.38 | 2.02 | 2.67 | 222 | 2.30
ytmad9 042403 | Green 1.72 | 1.07 | 1.14 | 0.96 | 1.16 | 0.93
Blue 0.77 | 1.00 | 0.70 | 0.83 | 0.49 | 0.87
Red 1.70 319 | 1.09 | 1.97 | 1.04 | 1.73
ytmad9 072303 | Green 1.29 | 1.18 | 0.85 | 0.84 | 0.73 | 0.76
Blue 036 | 0.72 | 0.28 | 0.63 | 0.20 | 0.40
Red 3.06 | 3.87 | 297 | 458 | 2.74 | 3.60
ytmad9 111003 | Green 261 | 1.85 | 2.60 | 2.23 | 2.61 | 1.58
Blue 1.16 1.59 | 1.09 | 1.70 | 0.77 | 1.20
Red 1.73 544 | 143 | 3.71 | 1.38 | 3.35
ytma49 111303 | Green 1.55 | 241 | 1.30 | 203 | 1.31 | 1.69
Blue 0.84 | 1.68 | 0.88 | 1.17 | 0.59 | 1.17
Red 269 | 432 | 2.66 | 4.61 | 2.99 | 3.60
ytmabs 030603 | Green 2.26 | 1.89 | 2.31 | 1.86 | 2.78 | 1.46
Blue 1.04 | 206 | 0.77 | 1.96 | 0.85 | 1.63

£ ™
Moy CAmm 0 Z =
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Performance on UCSB Data: Existing

ne A
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UNITY IN DIVERSITY

Biopsy
Sets

PF

HTN

EPF

SPCN

EM

RFCC,

RFCCym

Jou| o

on | og

OH | OFE

OH | OE

OH | OE

OH | OE

OH OE

ytmalO 010704

3.04
2.23
2.67

2.72
2.01
5.79

2.673.25
1.68]0.97
1.14/2.43

2.49|2.10
2.17[1.03
0.78 2.90

2.42|3.93
1.66/0.73
1.01]2.55

2.45|4.10
1.61/0.69
0.92|2.51

2.393.65
1.39/1.03
1.59(2.55

2.84| 2.35
1.27 0.89
1.64| 1.86

ytmal2 010804

3.79
2.82
6.81

1.99
2.16
1.72

1.37/5.79
1.07)1.82
0.55]1.30

2.02|8.31
2.20{1.13
0.72/1.58

2.20(6.26
1.80]2.14
0.79(1.36

2.08|7.73
1.66|2.54
0.83|1.56

1.89(5.73
1.17/2.03
0.94]1.19

3.59| 4.14
2.67| 1.60
0.96| 1.06

ytma23 022103

1.77
1.95
1.31

3.43
0.46
3.34

2.39/5.36
2.25/1.59
0.70{1.57

2.33/6.73
2.62]0.64
0.92|1.50

1.07/5.75
1.10[1.81
0.86(1.71

1.18|7.27
1.16|2.21
0.89|1.86

1.67|5.31
1.24/1.80
0.64]1.38

1.37] 4.00
1.07 1.51
0.58 0.77

ytmad9 042003

3.11
2.98
1.09

2.11
2.02
3.67

3.17/1.86
2.35/0.45
0.55]0.98

3.67/0.55
3.50/0.45
1.4211.39

3.14]2.98
2.44(0.74
0.79(1.18

4.56|4.53
3.40(0.96
1.21]1.42

3.282.36
1.99/0.54
0.69/0.94

2.66| 2.94
1.72 0.61
0.55| 0.83

ytmad9 042203

TQREQIEQREE QI QI

2.29
2.95
1.88

2.18
1.40
3.72

4.0413.13
3.8110.92
1.15]2.12

2.13(5.97
243(1.21
0.9712.99

1.99]3.36
2.02(0.84
0.60(2.03

1.93(3.88
2.06|1.18
0.69(2.02

2.24(3.07
1.49/0.87
0.64(1.89

2.80] 2.77
2.24]| 0.58
0.54 2.06

E-stain: minimum value in 5/15 cases
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Performance on UCSB Data: Existing

Biopsy PF HTN EPF SPCN EM RFCC. | RFCCym
Sets Chloy| og |ou| o |ou | ok |ou | oE |ou | o |ou | oE | on | ORE
3.08 3.13|3.42|3.67|3.03(0.49|2.99(4.89|3.39|6.661.72| 3.80 |2.22| 2.30
3.16/3.18(2.55[0.96 |3.09({0.35|2.38(1.38|2.72(1.67/0.94{1.10 {1.16| 0.93
1.04{5.380.63]0.47(0.79]1.09 |0.93|0.64|0.92/0.80(0.76|0.72|0.49 0.87
2.09 2.63(2.49(2.82(2.73(2.60|1.99(1.57|2.52(1.99/1.41{2.861.04] 1.73
2.48 1.2212.55[0.95(3.39(0.14|2.15(0.66|2.67(0.95/1.14|1.090.73 0.76
0.571.43]0.38/0.80(0.64{0.79(0.46(0.79/0.36/0.98/0.30|0.6710.20 0.40
1.9013.17/1.64/6.94 [5.6614.97/4.00|9.65[1.628.12|2.79|5.34|2.74| 3.60
2.6011.291.61|3.49 |7.44(14.24/1.69(5.79(1.45/4.63|2.39|2.69 [2.61| 1.58
3.6210.73/1.232.79 |4.3712.09(9.77(4.17(1.29|2.62|1.08]1.9310.77 1.20
2.156.12(1.20/6.71 [3.3910.671.44(6.85[1.63|8.87(2.29|6.09 |1.38| 3.35
2.52/1.751.30|2.46 |4.45[1.78 |1.56(2.85(1.75|3.27|2.06|2.54 [1.31| 1.69
1.504.3010.24]2.341.37]2.49(0.34|2.31{0.55(2.70{0.80|1.80 |0.59| 1.17
2.18 7.85|1.88(16.56/2.41(5.76 |1.35(5.22/1.25(7.60(1.91|3.842.99| 3.6
3.39 3.90(1.81{2.09(3.34({1.34|1.48(2.36/1.37|3.19/1.52{1.62(2.78| 1.46
2.738.2010.67|8.3210.53({1.57|0.70(1.62|0.67|2.28|0.77|1.67 |0.85] 1.63

=

ytma49 042403

ytmad9 072303

ytma49 111003

ytma49 111303

ytmabd 030603

WOQOITQITOQAIWQIEWA A
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Qualitative performance
analysis of different color
normalization methods: (a)
original, (b) ColTrans, (c) PF,
(d) EPF, (e) SCD
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Qualitative performance
analysis of different color
normalization methods: (a)
original, (b) HTN, (c) SPCN, (d)
SN-GAN, (e) StainGAN
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Qualitative performance
analysis of different color
normalization methods: (a)
original, (b) AST, (c) RFCC
(d) RFCC,,,

cosine,

(a) (b) (c) (d)
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an[ttatwe ﬂlna[ysw on UCSB Data
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Qualitative performance
analysis of different color
normalization methods: (a)
original, (b) AST, (c) RFCC
(d) RFCC,,,

cosine,

-

The RFCC_,, method A

outperforms other existing
color normalization methods
as per color consistency after
\normalization is concerned. Y,

(a) (b) (c) (d)
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Performance on UCSB Data: vs Existing
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L. G. Nyuel et al., “New variants of a method of MRI scale standardization”, IEEE Transactions on Medical Imaging,

19(2), pp. 143-150, 2000.
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Performance on UCSB Data: vs Existing e

BiCC Index WsCC Index
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(c) PF (d)A];?PF (e) HTN () SPCN

(h) Proposed

Qualitative comparison of stain separation by different methods w.r.t. H-stain and E-stain
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Performance on CMU Data
e ati
{ o { =5 ] n o {
“ < . “ - a\ « iq
S b = WS% b 3 m% > ' m% = m@k
N o N
\“'_A-f’»;,'. N \“ S P
(a) CMU image (b) GT (c) PF (d) EPF (e) HTN (f) SPCN (g) EM (h) Proposed

Qualitative comparison of stain separation by different methods w.r.t. H-stain and E-stain

Only RFCC ,, (proposed) method and EPF can extract intrinsic structures of biological
components, highlighted by H-stain and E-stain
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Performance on CMU Data [l
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0.0 10 —
H-Stain E-Stain H-Stain E-Stain
Cosine @ Hard Fuzzy m PF =™ EPF = HTN = SPCN = EM RFCCyy ™

Quantitative comparison of stain separation by different methods w.r.t. H-stain and E-stain
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Performance on CMU Data
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H-Stain E-Stain H-Stain E-Stain
Cosine = Hard Fuzzy = PF = EPF = HTN =  SPCN = EM RFCC,yy ™

Quantitative comparison of stain separation by different methods w.r.t. H-stain and E-stain

But, unlike EPF, the RFCC ,, method is EPF applies deconvolution: non-
applicable to cases with more than 2 stains invertible stain matrix problem
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Key Takeaways - R FCCon

@® Unsupervised method: a rough-fuzzy clustering is performed on weighted
hue histogram. Both RFCCessine and RFCCyy are unsupervised methods.

@ A circular dissimilarity measure is proposed to deal with the circular nature
of hue values.
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Key Takeaways - R FCCon

@® Unsupervised method: a rough-fuzzy clustering is performed on weighted
hue histogram. Both RFCCessine and RFCCyy are unsupervised methods.

@ A circular dissimilarity measure is proposed to deal with the circular nature
of hue values.

@ Correlation between color appearance information and stain density
information is not explored.
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Key Takeaways - R FCCon

@® Unsupervised method: a rough-fuzzy clustering is performed on weighted
hue histogram. Both RFCCessine and RFCCyy are unsupervised methods.

c

@ A circular dissimilarity measure is proposed to deal with the circular nature
of hue values.

@ Correlation between color appearance information and stain density
information is not explored.

@ Next chapter tries to utilize supervised deep generative model to increase
the accuracy of stain estimation as well as color normalization.

@ Tries to disentangle color appearance and stain density information so that
loss or modification in one information does not affect other.

Machine Intelligence Unit, Indian Statistical Institute, Kolkata, India
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Chapter 5

Truncated Normal Mixture Prior Based Deep Latent
Model for Color Normalization of Histological Images

4 )
S. Mahapatra and P. Maji, “Truncated Normal Mixture Prior Based Deep Latent
Model for Color Normalization of Histological Images’, IEEE ‘Transactions on

\Med'ica[ Imaging, vol. 42, no. 6, pp. 1746-1757, 2023. y
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TredMiL: Truncated Normal Mixture Prior Based ““'
Deep Latent Model =

] It consists of four deep networks:
(1 a color appearance encoder E_, which extracts the color

appearance information,
(] a stain density encoder E_, which captures the information

regarding amount of stains bound to biological components,
] adecoder/generator G, and
(] adiscriminator D.

(1 The networks (E_, E,, G, D) should be any differentiable functions.

(1 The networks E_, E, G, and D are chosen to be convolutional

neural networks considering their tremendous success in different
image analysis tasks.
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TredMiL: Truncated Normal Mixture Prior Based
Deep Latent Model

TTTTTTTTTTT

1 The model assumes that the latent color appearance code (z,) and

stain density code (z,) are independent of each other.

1 A generative module and a reconstructive module are designed to
capture disentangled color appearance and stain density information.

1 The disentangled representation enhances the generalizability and

adaptability of the model.
(] Latent color appearance code is o

assumed to be sampled from a mixture

of probability distributions. n
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TredMiL: Truncated Normal Mixture Prior Based
Deep Latent Model

1 The model assumes that the latent color appearance code (z,) and
stain density code (z,) are independent of each other.

1 A generative module and a reconstructive module are designed to
capture disentangled color appearance and stain density information.

1 The disentangled representation enhances the generalizability and
adaptability of the model.

(] Latent color appearance code is
assumed to be sampled from a mixture
of probability distributions.

Machine Intelligence Unit, Indian Statistical Institute, Kolkata, India



TTTTTTTTTTT

TredMiL: Truncated Normal Mixture Prior Based
Deep Latent Model

1 The model assumes that the latent color appearance code (z,) and
stain density code (z,) are independent of each other.

1 A generative module and a reconstructive module are designed to
capture disentangled color appearance and stain density information.

1 The disentangled representation enhances the generalizability and
adaptability of the model.

(1 Outer tails of mixture model are prone

e
to outliers and do not contribute ‘ ’
adequately in handling overlapping q" ‘ “
o
iomain (.
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TredMiL: Truncated Normal Mixture Prior Based |[is
Deep Latent Model

1 The model assumes that the latent color appearance code (z,) and
stain density code (z,) are independent of each other.

1 A generative module and a reconstructive module are designed to
capture disentangled color appearance and stain density information.

1 The disentangled representation enhances the generalizability and
adaptability of the model.

(1 TredMiL assumes that the latent color
appearance code, extracted through the
color appearance encoder, is sampled from
a mixture of truncated normal distributions.

z. ~ Color Appearance Prior

Machine Intelligence Unit, Indian Statistical Institute, Kolkata, India
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Block Diagram: TredMiL

= = = = Generative Module

(1] e ———

-
1
I
§ = = = = Reconstructive Module
1
1
1
1
e 1

Color Appearance Encoder

Reconstructed
Decoder/Generator
- Conv + RelLU

Original
- - - :-
LI | .
1 D B N N O Y | c- -~ === - -t | Average Pooling
L |
(| 1
| I o iyl Mot a (% 2¢ 26)

Stain Density Encoder " conv

Conv + InNorm + ReLU

X, 2, Zs)
0 22 2a) Fake (B) (@ conv + InNorm + Identity

. Latent Code
- Conv + LeakyRelLU

@ Fully Connected

z. ~ Color Appearance Prior zg ~ Stain Density Prior - BTy s

‘Conv’ means convolutional layer, ‘ReLU’ denotes rectified linear unit, ‘InNorm’ represents instance
normalization, ‘Identity’ means identity function, i.e., f(x) = x, ‘LeakyReL. U’ denotes leaky rectified linear unit.
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TredMiL: Truncated Normal Mixture Prior Based
Deep Latent Model

1 Each training set image x is fed simultaneously into both the color
appearance encoder E (x; 0.) and the stain density encoder E (x;

& e

.4

Z» =0 F~

M=) CAmm D Z =

o efan

0..), which eventually output the latent color appearance code z,
and latent stain density representation z_, respectively.

1 Both the latent representations z_. and z, are fed into the decoder
/generator G as inputs, which generates the reconstructed image.

1 The discriminator D takes inputs in the form of triplets (x, z_, z,)
and discriminates real encoding from the generated/fake encoding.
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TredMiL: Training Scheme

Reconstruction loss

; Fine tune training ¥

e el e R TR R R N ] N

- 3
[ D
-
e .
‘
T; 8

~

Source/ Stain
Template “»| pensity —_—
Enco_t_l_g_a_l_'_______. 7

Real (A) \
Fake (B)/

borny b
I(x, z,z2) T

TLLALELAERLAAY TS SSsssssssses
lo o e e e m e m =

-

Fine tune training

e
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TredMiL: Mapping Scheme

Color
Appearance
Encoder

Template . Dﬁ:‘as'::y }——’D

Encoder )

Decoder/

(ZcT‘ Zss)
| ~ Generator

ﬂﬁ‘ﬂhﬁ“ﬂhﬁ“‘&““hum

Color Normalized
—»| Appearance ]
Encoder Z S
Stam
—»|  Density }——>\:'—
Encoder :

Machine Intelligence Unit, Indian Statistical Institute, Kolkata, India



STATISTICAL

&

!

Moy CAmm 0 Z =

Z» =0 F~

o e

TredMiL: Objective Function et

(1 The adversarial objective term, attributed by the generative
module, is framed as follows:

Jadv = JG(E}) + JG((;)

[l The objective functions, corresponding to the generative module,
are given as follows:

Ja(D) = min J1(Ee, Ess G, D),

g a -~ . / 52 = = 2
Jl(‘}_f? ‘LS'-' 9" Q)) = Ei""“’f%t(-r}E:c”“‘I%En(:c.=|1'_:'Ezs"“"P£.q [23|1')(A - j)[i'?éc’ ’;5})

L "

Y

R
& Ezc""‘P:-o{—te)Ezs""P:-.q {SS)ET""Pu'(The‘S&}(B o r‘l)[ij'-' Zey ’23])2

-

Y

G
(1 A and B denote the labels, assigned by discriminator D, to
designate real and generated/fake encoding, respectively.
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TredMiL: Objective Function

(1 The adversarial objective term, attributed by the generative
module, is framed as follows:

Jadv = JG(Q}) + JG(G)

[l The objective functions, corresponding to the generative module,
are given as follows:

R - ) - vy )

Jl('}—:c.w Esy G, Q-)) = E;I‘NR-‘;(;I‘}EECWHEG(ZC|:I'}E35-wp.£3 [:53|-.1')(""“1 IT)[«l s ey ~Q})2

"

Y

R
_}_E:ENPSG{,:C)E;&-«.»P s)E-I"“-’ (Z|ze,20 }( o l)[”I ""— "S])z

-

Y

G
(1] A and B denote the labels, assigned by discriminator D, to
designate real and generated/fake encoding, respectively.
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TredMiL: Objective Function

(1 The adversarial objective term, attributed by the generative
module, is framed as follows:

Jadv = JG(E}) + JG((;)

[l The objective functions, corresponding to the generative module,

are given as follows:
Ja(D) = m?_i)n J1(Ee, Es, G, D), -

Jl('l:C? Esy G, iD) == E.—er_t(r}EzcwREﬁ(ze|T}EzE.wPER [23|-_1')(A - Q)["rf Zey 33})2
R

_i_ Ezempin{zc)Ezs“"P:-.q (SS)EI""’PL;(THcJ&}(B o .I)[I'-' zf‘-“ zs])z
Pl

(1 A and B denote the labels, assigned by discriminator D, to
designate real and generated/fake encoding, respectively.

Machine Intelligence Unit, Indian Statistical Institute, Kolkata, India



TredMiL: Objective Function

(1 The adversarial objective term, attributed by the generative
module, is framed as follows:

Jadv = JG(E}) + JG((;)

[l The objective functions, corresponding to the generative module,
are given as follows:

Ja(D) = min Jil B B G, D),

Jl('l:C? Esy G, iD) == E.—er_t(r}EzcwREﬁ(ze|T}EzE.wPER [23|-_1')(A - Q)["rf Zey 33})2

| Fakeencoding | b
(B — D|2, 20,2, )2

+ Ezi-‘mpio{zc)Ezs“"P:-_q (:S)ETNPL;(T|$C\::3

Y

-

G
(1] A and B denote the labels, assigned by discriminator D, to
designate real and generated/fake encoding, respectively.
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TredMiL: Objective Function

O Similarly, Jo(G) = min Jy(£,, ., G, D), _
G

'}2(1:(?- Esy G, ‘l)) — E$C“UIJ;_<}($C]EZ_;“UP;H{zg)ETNP,:‘-(.T|$C.$3}(C - '1)[3?- Zey~s )2

] C represents the label, assigned by discriminator D to designate
generated/fake encoding, as desired by generator G.

1 The reconstruction objective to be minimized is as follows:

Jrec = _EQ(zt,.:,g)[log pg('i' | ZC?ZS)] _EQ(z,:,,zEJ[lOg Q(zmzs)] +p1\'L[Q(30) H P:-Q(zc)l"'\DKL[Q(zs) H P:-_; (33 )l«
Ln R; Ry

] where L, is reconstruction loss, R, and R, denote the regularization
terms corresponding to color appearance code z_ and stain density
code z, respectively, and D,, is the KL divergence.
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Correlation Between Color Appearance Encoder

and Stain Density Encoder e

Al

Mo CA=—Z—

Hematoxylin Eosin

yamald 010704 A
Fmald 010704 G
yarma 0 010704 B
ymal 27010804 A
pamai2 010804 G
yarma i 010804 &
ymadd 123103 R

phfghiiohioh Iof It Il Def DIn D

2, &z, oormalated TradiliL 2, &z, ooralaed TradiliL

Stain Estimation
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Correlation Between Color Appearance Encoder
and Stain Density Encoder

W

Z>=—0 2=
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0.85

NMI { 0.50 | BICC
0.80 [
075 | _ 0.75 | [

0.70 | ‘ | 0.70 | ‘
0.65 | | 0.65 | [

0.60 |
- 0.60 :
z. & z_ correlated TredMiL z_ & z_ comelated TredMiL

0.65 | WsCC
0.60 w

Color Normalization . [
0.50 | J
0.45 | l

z. & z_ correlated TredMiL
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Mixture Models and GAN Formulations
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Stain Estimation
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TredMiL in Presence of Dust
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TredMiL in Presence of Dust
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TredMiL: Effect of Fading

Opacity=10 Opacity=25 Opacity=50 Opacity=75
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UNITY IN DIVERSITY

Ground-truth Before normalization

ek ?

N. Kumar et al.,, “A Dataset and a Technique for Generalized Nuclear Segmentation for Computational
Pathology”, IEEE Transactions on Medical Imaging, 36(7), pp. 1550-1560, 2017.
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UNITY IN DIVERSITY

Color Normalization on Nuclei Segmentation

Original Ground-truth Before normalization After normalization

N. Kumar et al.,, “A Dataset and a Technique for Generalized Nuclear Segmentation for Computational
Pathology”, IEEE Transactions on Medical Imaging, 36(7), pp. 1550-1560, 2017.
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Performance Analysis: Stain separation e

Hematoxylin

16

14

12

10

4

g

B
DOIHOHIEH0HDoh D6 Do hD o Dm0 D 6 Do

FF HTH EPF SPCH EM  AFCC Tredidl FF HTM EPF SPCW EM  AFCC Tredidl

Quantitative Comparison of Stain Separation vs existing methods: PF, HTN,
EPF, SPCN, EM and RFCC ,,
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Qualitative comparison
of stain separation by
" different methods w.r.t.
" H-stain and E-stain

(a )CMU image () SPCN (g) EM (h) RFCC (1) TredMiL
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Performance in Stain Separation e
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PF m EPF =  HTN =  SPCN m EM RFCC m TredMiL =

Quantitative comparison of stain separation by different methods w.r.t. H-stain and E-stain
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Qualitative Analysis: Color Normalization it
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Qualitative performance
analysis of different color
normalization methods: (a)
original, (b) ColTrans, (c) PF,
(d) EPF, (e) SCD

(al (b) (c) (d] (e)
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Qualitative Analysis: Color Normalization st
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Qualitative performance
analysis of different color
normalization methods: (a)
original, (b) HTN, (c) SPCN, (d)
SN-GAN, (e) StainGAN

(a)
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Qualitative Analysis: Color Normalization st
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B2, TR

Qualitative performance
analysis of different color
normalization methods: (a)
original, (b) AST, (c) RFCC ,,
(d) TredMiL
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Qualitative Analysis: Color Normalization et

Qualitative performance
analysis of different color
normalization methods: (a)
original, (b) AST, (c) RFCC ,,
(d) TredMiL

a The TredMiL method A
outperforms other existing
color normalization methods
as per color consistency after
\normalization is concerned. )
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Performance Analysis: Color Normalization e
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Structural Similarity w.r.t. SSIM Index
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Z. Wang et al., “Image Quality Assessment: From Error Visibility to Structural Similarity”, IEEE Transactions
on Image Processing, 13(4), pp. 600-612, 2004.
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Application to Other Staining (HerDAB Stain) ==

Model trained on H&E stained samples:

Source TredMiL

M. Kuse et al., “Local Isotropic Phase Symmetry Measure for Detection of Beta Cells and Lymphocytes”,
Journal of Pathology Informatics, 2(2), pp. 2, 2012.
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Application to Other Staining (HerDAB Stain)

Model trained on H&DAB stained samples:

a) patch 1 b) patch 2 c) patch 3 (d) patch 4

M. Kuse et al., “Local Isotropic Phase Symmetry Measure for Detection of Beta Cells and Lymphocytes”,
Journal of Pathology Informatics, 2(2), pp. 2, 2012.
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Application to Other Staining (HerDAB Stain)

Model trained on H&DAB stained samples:

a) patch 1 b) patch 2 c) patch 3 (d) patch 4

M. Kuse et al., “Local Isotropic Phase Symmetry Measure for Detection of Beta Cells and Lymphocytes”,
Journal of Pathology Informatics, 2(2), pp. 2, 2012.
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Application to Other Staining (HerDAB)

Model trained on H&DAB stained samples:

a) patch 1 b) patch 2 c) patch 3 (d) patch 4

M. Kuse et al., “Local Isotropic Phase Symmetry Measure for Detection of Beta Cells and Lymphocytes”,
Journal of Pathology Informatics, 2(2), pp. 2, 2012.
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Key Takeaways - TredMiL

@® Truncated normal mixture prior based latent color appearance code to
design a deep generative model to solve color deviation problem.

@® This chapter demonstrates that color normalization has huge impact on
subsequent nuclei segmentation task.

@ Mitigating disagreement in stained tissue color appearance improves
guality of ROl segmentation.
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Key Takeaways - TredMiL

@® Truncated normal mixture prior based latent color appearance code to
design a deep generative model to solve color deviation problem.

@® This chapter demonstrates that color normalization has huge impact on
subsequent nuclei segmentation task.

@ Mitigating disagreement in stained tissue color appearance improves
guality of ROl segmentation.

@ Next chapter tries to devise a nuclei segmentation algorithm, generalizable
to segmentation problems with different types of target domain image
representations.
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Chapter 6

Optimal Transport Driven Asymmetric Image-to-Inage
Translation for Nuclei Segmentation

S. Mahapatra and P. Maji, ‘Optimal Transport Driven Asymmetric Image-to-Image
Translation for Nuclei Segmentation of Histological Images’, IEEE Transactions on
Artificial Intelligence (under review), pp. 1-12, Manuscript ID: TAI-2024-Nov-A-
\01 785. Y,
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Motivation [irimn gul |

»  Image-to-image (I2I) translation network aims to transfer images from a source
domain to a target domain while preserving the content representations.

Z>»=0Z=—
——rrr

» 121 networks have been applied in computer vision and image processing problems,
viz., image synthesis, segmentation, style transfer, object transfiguration etc.

. .kl:- Llh ;
LYY CRALITIYY

" Collection Style transfer

» 121 networks can be broadly categorized into two groups: paired networks, such as
Pix2Pix and unpaired networks, such as, CycleGAN.
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Motivation: Information-disparity

information-rich histological image space ] X

[information-poor segmentation map domain ] Y

Machine Intelligence Unit, Indian Statistical Institute, Kolkata, India



STATISTICAL

Moy CAmm 0 Z =

c Z>»—0Z—
z R

Motivation: Information-disparity

[information-poor segmentation map domain ] Y
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Model architecture: F:X=Y

Adversarial loss Adversarial loss Adversarial loss
(YZ-to-X) (X—to-Z) (X—to-Y)
Z ﬂ
Cycle-consistency .Cycle-
loss consistency loss

G:(Y,Z) > X
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Motivation [iremm gl

Model architecture: F:X=Y

Adversarial loss Adversarial loss

(YZ-to-X) (X-to-Y)
- N

Cycle-consistency .Cycle-
loss consistency loss

G:(Y,Z) > X

Inefficient architecture
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Motivation [iremm gl

Model architecture: F:X=Y

Adversarial loss Adversarial loss Adversarial loss
(YZ-to-X) (X-to-Z) (X-to-Y)
ﬂ
Cycle-consistency .Cycle-
loss consistency loss
G:(Y,2) =X
Inefficient architecture Large number of parameters
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Motivation [iremm gl

Model architecture: F:X=Y

Adversarial loss Adversarial loss Adversarial loss
(YZ-to-X) (X-to-Z) (X-to-Y)
ﬂ

Cycle-consistency .Cycle-
loss consistency loss
G:(Y,Z) =X
Inefficient architecture Large number of parameters Huge training complexity
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Model architecture: F:X=Y

Adversarial loss Adversarial loss Adversarial loss
(YZ-to-X) (X-to-Z) (X-to-Y)
ﬂ

Cycle-consistency .Cycle-
loss consistency loss
G:(Y,2) > X -
Inefficient architecture Large number of parameters Huge training complexity
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Optimal Transport

remblais

déblais

{déblai - amount of material extracted from earth or mine ]

[remblai : material input into a new construction ]

[moving one distribution of mass to another as efficiently as possible

C. Villani, “Optimal Transport: Old and New”, Springer Berlin Heidelberg, 2008.

Machine Intelligence Unit, Indian Statistical Institute, Kolkata, India
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Ostrich: Optimal ‘Transport Driven Asymmetric
Image-to-Image Translation Approach

[ Total cost ]

K(Gy, Fy, E) = J {llz = Go(y, 2)[| + | Fg(x) = yll + | Ew(@) — 2| }dn(z, y, 2)

X xYxZ
= %{mgb{[f@(m)d#(m) + J infl|[z — Go(y, 2)|| + [[Fs(z) = yll + [ Eu(z) = 2] = p(2)]
X YVxZ
d(v x n)(y, z)]

+ mgSX[ ) + fmf |z — Goly, 2)|| + [ Fy(z) — yllll Eo(x) — 2| — ¥ (y)]dp()]

j{: X
+ mgX[J ) + fmf |z — Go(y, 2)|| + 1 Fy(z) — yll + [ Bw(z) — 2l — &(2)]dp(z)]}-

Z X

[ Primal form

Machine Intelligence Unit, Indian Statistical Institute, Kolkata, India



Ostrich: Optimal ‘Transport Driven Asymmetric
Image-to-Image Translation Approach

TTTTTTTTTTT

[ Total cost ]

J(GQ, Fq'b: Ew; ¥, wa f) =[£GAN (Gﬂa Fq'ba Ew; ¥, w: f) + )\Qlcycle(Gﬁ'a Ff,'t"."a Ew)]+ Allssim (Fqb)

Machine Intelligence Unit, Indian Statistical Institute, Kolkata, India



Ostrich: Optimal ‘Transport Driven Asymmetric
Image-to-Image Translation Approach

[ Total cost ]

J(Gg, Fo, By p,1, f) =[£GAN (Gﬁ': Fo, Ey; 0,1, f) + AQlcyclE(Gﬂa Fy, Ew)]+ Allssim(Fé)

1

Machine Intelligence Unit, Indian Statistical Institute, Kolkata, India



Ostrich: Optimal ‘Transport Driven Asymmetric
Image-to-Image Translation Approach

[ Total cost ]

J(GQ, Fq'b: Ew; ¥, wa f) =[£GAN (Gﬂa Fq'ba EE..-.J'; ¥, w: f) + )\Qlcycle(Gﬂa Ff,'t"."a Ew)]+ Allssim (Fqb)

1

[ Dual form ]

Machine Intelligence Unit, Indian Statistical Institute, Kolkata, India



Ostrich: Optimal ‘Transport Driven Asymmetric
Image-to-Image Translation Approach

TTTTTTTTTTT

[ Total cost ]

J(GQ, Fq'b: Ew; ¥, wa f) - "IGAN (Gﬂa Fq'ba EE..-.J'; ¥, w: f) + )\Qlcycle(Gﬁ'a Ft;ba Ew) + Allssim (Fqb)

[ GAN loss ]

[ Dual form

Machine Intelligence Unit, Indian Statistical Institute, Kolkata, India
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Ostrich: Optimal ‘Transport Driven Asymmetric
Image-to-Image Translation Approach

[ Total cost ]

J(GQ, Fq'b: Ew; ¥, wa f) - "IGAN (Gﬂa Fq'ba Ew; ¥, w: f) + )\Qlcycle(Gﬁ'a Ff,'t"."a Ew) + Allssim (Fqb)

[ GAN loss
lcaN(Go, Fy, By, 4,€) = max U@(m)dﬁ(m) — | ¢(Ga(y, 2))d(v x n)(y,Z)]
weLip1(X) pe yiz

max Uw(mdu(m lw(mmndn(m)] v max ug(z)dn(z) lg(ﬂw(m))dm)]

[ Dual form

Machine Intelligence Unit, Indian Statistical Institute, Kolkata, India
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Ostrich: Optimal ‘Transport Driven Asymmetric
Image-to-Image Translation Approach

[ Total cost ]

J(GQ, Fq'b: Ew; ¥, wa f) - "IGAN (Gﬂa Fq'ba EE..-.J'; ¥, w: f) + )\Qlcycle(Gﬁ'a Ft;ba Ew) + Allssim (Fqb)

Cycle-consistency loss

[ Dual form

Machine Intelligence Unit, Indian Statistical Institute, Kolkata, India
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Ostrich: Optimal ‘Transport Driven Asymmetric
Image-to-Image Translation Approach

] RN J E
R daaw 2938

[ Total cost ]

J(GQ, Fq'b: Ew; ¥, wa f) - "IGAN (Gﬂa Fq'ba Ew; ¥, w: f) + )\Qlcycle(Gﬁ'a Ff,'t"."a Ew) + Allssim (Fqb)

Cycle-consistency loss

leyete(Go, Fy. E., LHT—GHU% ) llda(a Lﬁm—Ge (2))lldu(z)

-+ﬁw—ﬁmeg(nwv LMZ—E(G@&DMM)
Yy

[ Dual form

Machine Intelligence Unit, Indian Statistical Institute, Kolkata, India
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Ostrich: Optimal ‘Transport Driven Asymmetric
Image-to-Image Translation Approach

[ Total cost ]

J(GQ, Fq'b: Ew; ¥, wa f) - "IGAN (Gﬂa Fq'ba EE..-.J'; ¥, w: f) + )\Qlcycle(Gﬂa Ft;ba Ew) + Allssim (Fqb)

[ SSIM loss /

[ Dual form

Machine Intelligence Unit, Indian Statistical Institute, Kolkata, India



Ostrich: Optima[ ‘Imnsport Driven 4 )
Image-to-Image Translation Approach

-0 Z -

eRaSae [
R daaw 2938

[ Total cost ]

J(GQ, Fq'b: Ew; ¥, wa f) - "IGAN (Gﬂa Fq'ba EE..-.J'; ¥, w: f) + )\Qlcycle(Gﬂa Ft;ba Ew) + Allssim (Fqb)

[ SSIM loss /

Lssim (Fg) = |1 — SSIM (Fy(), VO(frg (2)[:, 2, 0]) |

rgb

[ Dual form

Machine Intelligence Unit, Indian Statistical Institute, Kolkata, India
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Ostrich: Optimal Transport Driven Asymmetric
Image-to-Image Translation Approach

Z>=-0Z—
Moy CAmm 0 Z =

W

Theorem 6.1. If the sections of generator Gy, that is, Gg,, and Gg*, are considered to be
the inverse operators of forward operators E, and Iy, respectively, that is, Gg, = E,~
and Gg* = Fd,_l and Gg¢* 1s a p-Lipschitz functions in domain ), then the problem

with p = 1, can be represented by the following equivalent problem:

min maxI(Fy, F;
i (Fo ¥, &)

where Z(F(,f)a Ew-} ?pa g) = QZGAN(Fqb'} Qrb) =& ZGAN (Ew§ f) 6 )\llssim(Fq"))
and

lgunl i) = mex, | Glyjdiiy) = J%b(Fé(m))d#(m),
X

&eLlip1(2)

loan(Eui€) = max fﬁ n(z) — [ €(Bu(a))dn(a).
X

Machine Intelligence Unit, Indian Statistical Institute, Kolkata, India
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hed“ i Y- vO(.) ‘[

Vo nted
forward operator F SRR

(¥1. 21)

go
(v 22) '

discriminator iz

concatenated

[ squeeze operation S(.) Unsqueeze operation U(.) 1x1 Conv 9 Additive coupling (9 Conv + LeakyRelLU
@ cConv + InNorm + LeakyReLU 7 conv ) sigmoid @ Binary Output ) RGB to HED: figy"*d()

@ voronoi Otsu labelling: VO(.) - = = = forward operator F - = = - forward operator E - - - - invertible generator G* = F1
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Ostrich: Optimal ‘Transport Driven Asymmetric $ ,

Image-to-Image Translation Approach

Spatially constrained squeeze operation

m

I AR
Moy CAmm 0 Z =

(il

3

X[z 5, 2] X[ 2, 2]4:4 = [X21, X22, X23, Xa4]
x[:, : 2]
X[, ¢, 1] . S(x[:, :, 0:2]) > . Ulx[:, :, 0:2]4.4) >
x[: 1]
x[:, : 0] -
X[z, o, 114:4 = [X14, X12, X43, X14] x[:, ;, 0]

x:[HXWx3] ﬁ x:[HxWx3]

X[z, 1, 0]4:4 = [X01. Xo2, X03. X04]

Machine Intelligence Unit, Indian Statistical Institute, Kolkata, India



Ostrich: Optima[ ‘Imnsport Driven 4 )
Image-to-Image Translation Approach
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Spatially constrained squeeze operation

X[z 5, 2] X[ 2, 2]4:4 = [X21, X22, X23, Xa4]

l[:, ™ '1] . S[I[:! = 'n:z]] 5 . UI‘.I[:, o 0:2]1:41 N

x[: 1]
x[z, 5, 0] -
E- X[z, o, 114:4 = [X14, X12, X43, X14] E; x[:, ;, 0]
x:[HXWx3] ﬂ - x:[HxWx3]

X[z, 1, 0]4:4 = [X01. Xo2, X03. X04]

Squeeze operation ] (2[5, 0]y 20, g 2[5 2] 4] = S(2]:, 02 2]) = S(z)

Unsqueeze operation v =U([z]::0:2],4]).

Machine Intelligence Unit, Indian Statistical Institute, Kolkata, India
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Description of Data Sets

[l TCGA (The Cancer Genome Atlas) - cropped from nuclei-dense
regions of WSIs : Total number of images = 30

1 Data specifications: hematoxylin and eosin (H&E) stained images.

LJ

Each image has a resolution of 1000 x 1000.

(1 Associated nuclei instance segmentation and binary semantic
segmentation maps.

] Multi-organ data : images correspond to different organs, such as,
kidney, lung, liver, prostate etc.

N. Kumar et al., “A dataset and a technique for generalized nuclear segmentation for computational pathology”, IEEE
Transactions on Medical Imaging, 36(7), pp. 1550-1560, 2017.

Machine Intelligence Unit, Indian Statistical Institute, Kolkata, India
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Description of Data Sets

[l CoNIC (Colon Nuclei Identification and Counting Challenge,
2022) — published as a challenge data set : Total number of image
patch samples = 4981

Data specifications: hematoxylin and eosin (H&E) stained images.
Each image has a resolution of 256 x 256.

Associated nuclei instance segmentation maps in grayscale.

O O 0O O

Colon cancer data : images correspond to colon.

S. Graham et al., “Conic: colon nuclei identification and counting challenge, 2022”, arXiv preprint arXiv: 2111.14485,
2021.

Machine Intelligence Unit, Indian Statistical Institute, Kolkata, India
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Performance on ICGA Data

Ablation study

Qualitative performance analysis in nuclei instance segmentation : (a) Original image, (b) Ground-truth;
Segmentation performance of (c) “Ostrich \ R” and (d) Ostrich

R = l.&-‘sim (Fqb)

Machine Intelligence Unit, Indian Statistical Institute, Kolkata, India
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Performance on ‘ICGA Data

Ablation study

Qualitative performance analysis in nuclei instance segmentation : (a) Original image, (b) Ground-truth;
Segmentation performance of (c) “Ostrich \ R” and (d) Ostrich

R = l.&-‘sim (Fqb)

(d)
Quantitative performance analysis of “Ostrich \ R” and Ostrich in nuclei instance segmentation
Methods Dice Jaccard Precision Recall
Ostrich \R | 0.761814 | 0.606573 | 0.791683 | 0.734116
Ostrich 0.788035 | 0.641520 | 0.813523 | 0.764096

Machine Intelligence Unit, Indian Statistical Institute, Kolkata, India
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Performance on ICGA Data

Comparison with Baseline Methods

Qualitative performance analysis in nuclei instance segmentation : (a) Original image, (b) Ground-truth;

Machine Intelligence Unit, Indian Statistical Institute, Kolkata, India
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Comparison with Baseline Methods

Qualitative performance analysis in nuclei instance segmentation : (a) Original image, (b) Ground-truth;
performance of (c) CycleGAN, (d) OT-CycleGAN, (e) Asym-CycleGAN and (f) Ostrich
R ) 5 I S . > :

7 . - @

(a) (b) (c) (d) () (f)
Quantitative performance analysis of CycleGAN, OT-CycleGAN, Asym-CycleGAN and Ostrich in
nuclei instance segmentation

Methods No. of params (M) Dice Jaccard Precision Recall
CycleGAN 18.035 0.754221 | 0.598782 | 0.764761 | 0.743967
OT-CycleGAN 4.353 0.766668 | 0.614903 | 0.804106 | 0.732561
Asym-CycleGAN 27.053 0.783812 | 0.638815 | 0.806971 | 0.761945
Ostrich 7.271 0.788035 | 0.641520 | 0.813523 | 0.764096

Machine Intelligence Unit, Indian Statistical Institute, Kolkata, India
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Performance on ICGA Data

Importance of Spatially-Constrained Squeeze Operation

Qualitative performance analysis in nuclei instance segmentation : (a) Original image, (b) Ground-truth;
Segmentation performance of (c) Checkerboard masking and (d) Ostrich

g’_ ‘

(b) (c) (d)

Machine Intelligence Unit, Indian Statistical Institute, Kolkata, India
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Performance on ‘ICGA Data

Importance of Spatially-Constrained Squeeze Operation

Qualitative performance analysis in nuclei instance segmentation : (a) Original image, (b) Ground-truth;
Segmentation performance of (c) Checkerboard masking and (d) Ostrich

— k4 ]

(b) (c) (d)

Quantitative performance analysis of checkerboard masking and Ostrich in nuclei instance segmentation

Method Dice Jaccard Precision Recall
Checkerboard | 0.772020 | 0.629522 | 0.785028 | 0.759437
Ostrich 0.788035 | 0.641520 | 0.813523 | 0.764096

Machine Intelligence Unit, Indian Statistical Institute, Kolkata, India
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Performance on ICGA Data

Comparison with Existing Methods

Qualitative performance
analysis in nuclei instance
segmentation : (a) Original
image, (b) Ground-truth;
Segmentation performance
of (c) U-Net, (d) Mask-R-
CNN, (e) U-Net++

(b)

Machine Intelligence Unit, Indian Statistical Institute, Kolkata, India
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Performance on ICGA Data

Comparison with Existing Methods

Qualitative performance
analysis in nuclei instance
segmentation : (@) Original
image, (b) Ground-truth;
Segmentation performance
of (c) HoVer-Net, (d) MoNS,
(e) Stardist

Machine Intelligence Unit, Indian Statistical Institute, Kolkata, India
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Performance on ICGA Data

Comparison with Existing Methods

Qualitative performance
analysis in nuclei instance
segmentation : (a) Original

image, (b) Ground-truth;
Segmentation performance

of (¢) Swin-MIL, (d)
BoNusS, (e) Ostrich

(a) (b) (c) (d)

Machine Intelligence Unit, Indian Statistical Institute, Kolkata, India



Performance on ‘ICGA Data

Z» =0 F~

STATISTICAL

&

!

Moy CAmm 0 Z =

o e

Comparison with Existing Methods

Quantitative performance analysis of different formulations, U-Net, Mask-R-CNN, U-Net++, HoVer-Net,

MoNS, Stardist, Swin-MIL, BoNuS and Ostrich in nuclei instance segmentation

Methods Dice Jaccard Precision Recall
Ostrich 0.788035 | 0.641520 | 0.813523 | 0.764096

| Ostrich \R | 0.761814 | 0.606573 | 0.791683 | 0.734116
CycleGAN 0.754221 | 0.598782 | 0.764761 | 0.743967
OT-CycleGAN | 0.766668 | 0.614903 | 0.804106 | 0.732561
Asym-CycleGAN | 0.783812 [ 0.638815 | 0.806971 | 0.761945
| Checkerboard | 0.772020 | 0.629522 | 0.785028 | 0.759437
U-Net 0.645650 | 0.446128 | 0.624558 | 0.668216
Mask-R-CNN 0.747086 | 0.585659 | 0.799975 | 0.700757
U-Net + 0.773155 | 0.620294 | 0.796708 | 0.750955
HoVer-Net 0.744516 | 0.586780 | 0.811804 | 0.687529
MoNS 0.755509 | 0.614706 | 0.748012 | 0.763157
Stardist 0.743228 | 0.585713 | 0.811579 | 0.685495
Swin-MIL 0.749044 | 0.593266 | 0.801989 | 0.702656
BoNuS 0.784740 | 0.639496 [ 0.806351 | 0.764257

[ BoNusS performs slightly better than Ostrich with respect to recall

UNITY IN DIVERSITY

Machine Intelligence Unit, Indian Statistical Institute, Kolkata, India




Performance on ‘ICGA Data

Z» =0 F~

STATISTICAL

&

!

Moy CAmm 0 Z =

o e

Comparison with Existing Methods

Quantitative performance analysis of different formulations, U-Net, Mask-R-CNN, U-Net++, HoVer-Net,

MoNS, Stardist, Swin-MIL, BoNuS and Ostrich in nuclei instance segmentation

Methods Dice Jaccard Precision Recall
Ostrich 0.788035 | 0.641520 | 0.813523 | 0.764096

| Ostrich \R | 0.761814 | 0.606573 | 0.791683 | 0.734116
CycleGAN 0.754221 | 0.598782 | 0.764761 | 0.743967
OT-CycleGAN | 0.766668 | 0.614903 | 0.804106 | 0.732561
Asym-CycleGAN | 0.783812 [ 0.638815 | 0.806971 | 0.761945
| Checkerboard | 0.772020 | 0.629522 | 0.785028 | 0.759437
U-Net 0.645650 | 0.446128 | 0.624558 | 0.668216
Mask-R-CNN 0.747086 | 0.585659 | 0.799975 | 0.700757
U-Net + 0.773155 | 0.620294 | 0.796708 | 0.750955
HoVer-Net 0.744516 | 0.586780 | 0.811804 | 0.687529
MoNS 0.755509 | 0.614706 | 0.748012 | 0.763157
Stardist 0.743228 | 0.585713 | 0.811579 | 0.685495
Swin-MIL 0.749044 | 0.593266 | 0.801989 | 0.702656
BoNuS 0.784740 | 0.639496 [ 0.806351 | 0.764257

Ostrich outperforms state-of-the-art methods w.r.t. Dice, Jaccard and Precision

UNITY IN DIVERSITY

Machine Intelligence Unit, Indian Statistical Institute, Kolkata, India
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Performance on ICGA Data
Statistical Significance test: paired-t ]

Methods Dice Jaccard Precision Recall
Ostrich \R 9.88E-30 | 3.41E-30 1.44E-09 | 1.30E-10
CycleGAN 4. 88E-32 | 3.39E-34 | 3.69E-32 | 8.40E-10
OT-CycleGAN 2.90E-33 | 2.26E-33 1.04E-05 | 6.73E-21
Asym-CycleGAN | 6.49E-02 | 5.42E-02 | 543E-05 | 8.31E-02
Checkerboard 466E-13 | 5.70E-14 | 1.83E-61 1.10E-02
U-Net 6.67TE-30 | 4.18E-36 1.25E-76 | 6.68E-06
Mask-R-CNN 1.17TE-37 | 4.55E-39 | 3.77TE-05 | 1.28E-25
U-Net 1.08E-17 | 3.86E-18 | 5.03E-09 | 7.46E-03
HoVer-Net 1.77E-41 T41E-45 | 2.37E-01 7.65E-54
MoNS 1.10E-14 1.84F-15 3.34E-48 1.21FE-01
Stardist 1.46E-24 | 8.26E-26 | 3.09E-01 9.93E-27
Swin-MIL 1.95E-37 | 1.64E-41 1.74E-03 | 3.25E-49
BoNuS 1.42E-01 | 1.05E-01 9.20E-07 | 9.43E-01

Out of 52 cases, performs significantly better in 42 cases, better but not significantly in 9 cases

Machine Intelligence Unit, Indian Statistical Institute, Kolkata, India
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UNITY IN DIVERSITY

Performance on ICGA Data
Statistical Significance test: Wilcoxon ]

Methods Dice Jaccard Precision Recall
Ostrich \R 2.37TE-23 2.34E-23 | 5.57TE-07 | 2.01E-09
CycleGAN 9.05E-27 | 6.08E-27 | 1.66E-30 | 7.70E-10
OT-CycleGAN 8.58E-25 6.83E-25 | 7.49E-04 | 6.37TE-18
Asym-CycleGAN | 8.56E-02 | 7.80E-02 | 1.13E-03 | 7.67E-02
Checkerboard 7.74F-13 2.49E-13 | 8.57E-33 1.21E-02
U-Net 8.61E-32 7.06E-32 1.89E-33 | 4.45E-02
Mask-R-CNN 2.7T4E-28 3.20E-28 1.55E-03 1.41E-20
U-Net 4 9.70E-17 | 6.71E-17 | 2.86E-07 | 1.88E-03
HoVer-Net 1.63E-30 1.23E-30 6.85E-02 4.13E-32
MoNS 1.46E-13 3.60E-14 | 2.11E-33 | 1.10E-01
Stardist 7.73E-22 6.91E-22 | 3.40FE-01 3.03E-23
Swin-MIL 9.15E-32 RA48E-32 | 3.83E-02 1.47E-32
BoNuS 8.18E-02 | 5.86E-02 | 7.36E-06 | 9.00E-01

Out of 52 cases, performs significantly better in 42 cases, better but not significantly in 9 cases

Machine Intelligence Unit, Indian Statistical Institute, Kolkata, India
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[ Performance in Binary Semantic Segmentation ]

Qualitative performance analysis in binary semantic segmentation :

(a) Original image 1, (b) Ground-truth 1, Segmentation performance of (c) Ostrich on image 1;
(d) Orlglnal 1mage 2 (e) Ground-truth 2, Segmentatlon performance of (f) Ostrich on image 2;

(a) (b) ()

(d)

(e)

(f)

Quantitative performance analysis of Ostrich in binary semantic segmentation

Model Dice Jaccard

Precision

Recall

Ostrich | 0.810099 | 0.746830

0.817761

0.802580

Machine Intelligence Unit, Indian Statistical Institute, Kolkata, India
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Performance on CoNJIC Data

Comparison with Existing Methods

Qualitative performance analysis in nuclei instance segmentation : (a) Original image, (b) Ground-truth;
Segmentation performance of (c) U-Net, (d) Mask-R-CNN, (e) U-Net++

(b)

Machine Intelligence Unit, Indian Statistical Institute, Kolkata, India
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Performance on CoNJIC Data

Comparison with Existing Methods

Qualitative performance analysis in nuclei instance segmentation : (a) Original image, (b) Ground-truth;
Segmentation performance of (c) HoVer-Net, (d) MoNS, (e) Stardist

o= W "
"-'-'-_?_’"_.I-_ g, g d JL_:I;
2 Q:'.' ;QE'?;:“!;‘.‘

sy AW Pt Al > Kﬂg}‘&
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(b) Ground-truth

image,

ison with Existing Methods
(a) Original
, (d) BoNusS, (e) Ostrich

Compar
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Segmentation performance of (c) Swin-MIL

Performance on CoNIC Data

Qualitative performance analysis in nuclei instance segmentation

Machine Intelligence Unit, Indian Statistical Institute, Kolkata, India




STATISTICAL

Moy CAmm 0 Z =

c Z>» -0 Z—
z F8

Performance on CoNIC Data

Comparison with Existing Methods

Quantitative performance analysis of U-Net, Mask-R-CNN, U-Net++, HoVer-Net, MoNS, Stardist,
Swin-MIL, BoNuS and Ostrich in nuclei instance segmentation

Methods Dice Jaccard Precision Recall
Ostrich 0.741107 | 0.591310 | 0.769381 | 0.793093
U-Net 0.715636 0.561178 0.704462 0.681140

Mask-R-CNN | 0.717821 0.562671 0.725431 0.706849
U-Net + 0.721316 0.568022 0.721591 0.706789
HoVer-Net 0.740318 0.590560 0.747550 0.698034

MoNS 0.722989 0.568692 0.722632 0.733005

Stardist 0.374534 0.240549 0.716413 0.275528

Swin-MIL 0.715991 0.560825 0.764054 0.682995
BoNuS 0.724678 0.571128 0.753906 0.768233

Ostrich outperforms state-of-the-art methods w.r.t. all evaluation indices

Machine Intelligence Unit, Indian Statistical Institute, Kolkata, India



Performance on CoNIC Data
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[Statistical Significance test: paired-t ]

Methods Dice Jaccard Precision Recall
U-Net 1.21E-85 | 1.27E-86 | 9.99E-99 | 9.99E-99
Mask-R-CNN | 9.99E-99 | 1.11E-99 | 9.99E-99 | 9.99E-99
U-Net+ 1.02E-63 | 2.46E-87 | 9.99E-99 | 9.99E-99
HoVer-Net 8.81E-02 | 1.44FE-01 | 4.57E-98 | 9.99E-99
MoNS 9.99E-99 | 9.99E-99 | 9.99E-99 | 9.99E-99
Stardist 9.99E-99 | 1.11E-99 | 1.24E-82 | 9.99E-99
Swin-MIL 9.99E-99 | 9.99E-99 | 5.75E-20 | 9.99E-99
BoNuS 4.28E-78 | 1.12E-93 | 9.99E-99 | 9.99E-99

[Out of 32 cases, performs significantly better in 30 cases, better but not significantly in 2 cases ]

Machine Intelligence Unit, Indian Statistical Institute, Kolkata, India




Performance on CoNIC Data
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[Statistical Significance test: Wilcoxon ]

Methods Dice Jaccard Precision Recall
U-Net 1.17E-71 2.67E-71 | 9.99E-99 | 9.99E-99
Mask-R-CNN | 9.99E-99 | 9.99E-99 | 9.99E-99 | 9.99E-99
U-Net+ 9.99E-99 | 9.99E-99 | 9.99E-99 | 9.99E-99
HoVer-Net 1.93E-01 | 2.56E-01 | 9.99E-99 | 9.99E-99
MoNS 9.99E-99 | 9.99E-99 | 9.99E-99 | 9.99E-99
Stardist 9.99E-99 1.11E-99 | 1.08E-83 | 9.99E-99
Swin-MIL 9.99E-99 | 9.99E-99 | 2.37E-31 | 9.99E-99
BoNuS 9.99E-99 | 9.99E-99 | 9.99E-99 | 9.99E-99

[Out of 32 cases, performs significantly better in 30 cases, better but not significantly in 2 cases ]

Machine Intelligence Unit, Indian Statistical Institute, Kolkata, India
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Key Takeaways - Ostrich

@® Optimal transport based nuclei segmentation method is proposed, which
uses measure theoretic concept to perform image-to-image translation
between two asymmetric image domains.
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Key Takeaways - Ostrich

@® Optimal transport based nuclei segmentation method is proposed, which
uses measure theoretic concept to perform image-to-image translation
between two asymmetric image domains.

@ Stain color normalization enables better nuclei segmentation from
histological images

@ Accurate nuclei segmentation makes color normalization trivial
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Key Takeaways - Ostrich

@® Optimal transport based nuclei segmentation method is proposed, which
uses measure theoretic concept to perform image-to-image translation
between two asymmetric image domains.

@ Stain color normalization enables better nuclei segmentation from
histological images

@ Accurate nuclei segmentation makes color normalization trivial

@ Next chapter tries to integrate two intertwined procedures so that they take
advantage from each other.

@ May vyield better nuclei segmentation as well as better color normalization
performance.
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Chapter 7

Simultaneous Nuclei Segmentation and Color
Normalization of Histological Images
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SNSCN; Simultaneous Nuclei Segmentation and Color *
Normalization of Histological Images

] It consists of five deep networks:
(1 a color appearance encoder E_, which extracts the color

appearance information,
] asegmentation map generator F, which generates segmentation
map corresponding to each histological image
a embedding map generator E,,

a decoder G
a discriminator D.

Z»=0 Z

o efan

U

The networks should be any differentiable functions.

The networks are chosen to be convolutional neural networks
considering their tremendous success in different image analysis
tasks.

Machine Intelligence Unit, Indian Statistical Institute, Kolkata, India



STATISTICAL

Z>»—-0Z—
Moy CAmm 0 Z =

Fusidmam gdan

Proposed Model: SNSCN

Jadv = Jg(D) + Ja(G).

JG(D) = Hgn Jl (gr:a Fcﬁagwa ga D)a

J1 (gl’_‘a -Fqi-a Eur G, D) - E:cmP;t-(:t:)Ezcmp_gc(zC |x)Eyﬁ.,PJ_—¢ (y|;t:}Ez~Pgw(z|:t:) (A - D[Ta Zcy Y, Z])Q +

“ v
v

R

igzcﬂszc(zc)Ey~Py(y)Ey~Py(y)Ecvﬂ'Pg(:t'lzc;y,Z)(B — D[z, z¢,y,2])?,

-

v

G

(1 A and B denote the labels, assigned by discriminator D, to
designate real and generated/fake encoding, respectively.
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Proposed Model: 59\5(;’9\[ uLf:‘::*',,
— S

mm Fil&e Fa.E, G, D),

z:-cz-

J1(E, Fy,E0,G,D) = EynPr(a) Ezon Pe,(ze|2) By~ Pr, (y]2) Eon P, (210) (A —Dlz, ze,y, 2])* +

L. -

v

R

iEzcﬂszC(zc)Ey~Py(y)Ey~Py(y)Ewﬂ'Pg(:t'lzc;y,Z)(B — D[z, z¢,y,2])?,

-

v

G

(1 A and B denote the labels, assigned by discriminator D, to
designate real and generated/fake encoding, respectively.
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Proposed Model: SNSCN

Jadv = Jg(D) + Ja(G).

Ja(D) = min Ji (&, Fy, €, G, D), _

J1(E, Fy,E0,G,D) = EynPr(a) Ezon Pe,(ze|2) By~ Pr, (y]2) Eon P, (210) (A —Dlz, ze,y, 2])° +

- v
v

R

?zcﬂszc(zc)Ey~Py(y)Ey~Py(y)Ewﬂ'Pg(:vlzc;y,Z)(B — D[z, z¢,y,2])?,

-

v

G

(1 A and B denote the labels, assigned by discriminator D, to
designate real and generated/fake encoding, respectively.
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Proposed Model: SNSCN,

Jadv = Jg(D) + Ja(G).

JG(D) = ngn Jl(gr:a Fd)agwa ga D)a

J1(E, Fy,E0,G,D) = EynPr(a) Ezon Pe,(ze|2) By~ Pr, (y]2) Eon P, (210) (A —Dlz, ze,y, 2])* +

- v
v

R

E:o~ Pz, () By~ Py ) By~ Py () Ban Py o)z, (B — DI, 26,9, 2])°,

-

v

(oot | G
(1 A and B denote the labels, assigned by discriminator D, to
designate real and generated/fake encoding, respectively.
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Proposed Model: SNSCN s
L4

Jadv = Ja(D) + Jg(9).

_\

mm Il E o s €00 G D),

Jrec = _EQ(zc,y,z)[ng P@(m | ey Y, Z)] _EQ(ZC Y,2) [h}g Q(ZC: Y, Z)]
Ln

+ ?KL[Q(ZC) | Pz, (zc)1+ PKL[Q(?J:Z) | Pﬂ’Z(y:Z)lﬂ

"

R Rs

lssiv =1 = SSIM|z,G(E(x), Fo(x), Eul(x))]
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Proposed Model: SNSCN

Jadv = Jg(D) + Ja(G).

JG(Q) = Hbin JQ(gm }—qba gwaga D)a

Jrec = _EQ(zc,y,z)[ng P@(T | ey Y, Z)] _EQ(ZC Y,2) [h}g Q(ZC: Y, Z)]

Lgr

+ ?KL[Q(ZC) | Pz, (zc)1+ PKL[Q(%Z) | Pﬂz(yaz)lﬂ

v "

lssiv =1 = SSIM|z,G(E(x), Fo(x), Eul(x))]
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Block Diagram: SNSCN,

Z>» =0 Z=—
Moy CAmm 0 Z =

= = = - Generative Module

= = = - Reconstructive Module

|

“Color Appearance Encoder

-

Embedding Map Generator e e e e - -

=

1
1
1
Segmentation Map Generator :l’

100 e ¥

‘° (1

Decoder

Conv + ReLU ,‘

Average Pooling i

Conv [ 7'

Original

Conv + InNorm + ReLU L

r

Conv + InNorm + Identity .

Latent Code . >

Conv + LeakyReLU .

Fully Connected .

1
1
1
1
1
1
1
1
(X, 2c, ¥, 2) : Real (A)
1
e J
I
1
1
1

Binary Output .

RGB to HED: f,gp"d(.
o) (%26, %1 2)

]

1

; 1

Residual Attention U-Net I 1 Fake (B)
1
1

a a

z¢ ~ Color Appearance Prior ¥, 2) ~ Pyz(y, 2)
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Ablation Study: Stain estimation

-0 Z -

STATISTICAL

Y.

Mo CA=—Z—

Ry

ﬁﬁﬂwmgyi

UNITY IN DIVERSITY

yima55_030603 B

B+C+D+E

A+C+D+E
A+B+D+E
A+B+C+E

(a) Hematoxylin

A+B+C4D

SNSCN

15

10

yimal0 010704 R
ytmal0 010704 G
ytmald 010704 B
yimal2 010804 R
ytmal2 010804 G
ytmal2_ 010804 B
yima23 022103 R
ytma23 022103 G
ytmaz2d 022103 B
ytmad4d 042003 R

yt

yima49 042403 B
ytmadd 042403 G
ytma4d 042403 B
ytmad97 072303 R
ytmadd 072303 G
ytmadd_ 072303 B
yima49 111003 R
ytmad49 111003 G
ytmadd 111003 B
yimad43 111303 R
ytmadg 111303%

ytmas5_030603 B

B+C+D+E

A+C+D+E

A+B+D+E

(b) Eosin

A+B+C+E

A+B+C4D

SNSCN

-1 15

- 10
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Ablation Study: Color normalization

0.90 0.85 0.70 T
0.85 WM BiCC WsCC
’ 0.80 0.65
0.80
0.60
0.75 0.75
0.70 0.70 0.55
0.65 0.65 0.50
0.60
055 0.60 0.45
0.50 . . : . . 0.55 : . : . 040 : . . .
’ w L w w O ' w L w w O w w w w [m]
+ + + + + + + + + + + + + + +
a [a) fa) O (8] = [a) [a) fa) O (8] = [a) [a) fa) O (8] <
+ + + 3 + Q + + + 3 + Q + + + 3 + Q
(@] O fia) m oM v (&) O fia) m oM v (&) O oM m oM u
3 + + + + prd 3 + + + + prd 3 + + + + z
m < < < < %) m < < < < %) m < < < < 7!
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Ablation Study: Color normalization

0.90 0.85 0.70 T
0.85 WM BiCC WsCC
’ 0.80 0.65
0.80
0.60
0.75 0.75
0.70 0.70 0.55
0.65 0.65 0.50
0.60
055 0.60 0.45
[].5[] . . : . . 0.55 : . : 040 : . . .
’ w L w w O ' w L w w O w w w w [m]
+ + + + + + + + + + + + + + +
a [a) fa) O (8] = [a) [a) fa) O (8] = [a) [a) fa) O (8] <
+ + + 3 + Q + + + 3 + Q + + + 3 + Q
(@] O fia) m oM v (&) O fia) m oM v (&) O oM m oM u
3 + + + + prd 3 + + + + prd 3 + + + + z
m < < < < %) m < < < < %) m < < < < 7!

outperforms all combinations as per color consistency after normalization
IS concerned

Machine Intelligence Unit, Indian Statistical Institute, Kolkata, India



Correlation between color appearance, and

segmentation and embedding map

STATISTICAL

Z>»=—0Z—
B £
Ty

| e dum c_‘ﬁa:(

ytmal0_010704 R
ytma10-010704 G
ytma10 010704 B
yimal2 010804 R
ytmai2 010804 G
ytmal2 010804 B
yima23 022103 R
ytma23 022103 G
yima23 022103 B
yima49 042003 R
ytma49 042003 G
yimadd 042003 B
yimad49 042203 R
ytma49 042203 G
yimadg 042203 B
ytma49 042403 R
ytmad9_042403 G
yimadg 042403 B
yima49 072303 R
yima49 072303 G
ytmadd 072303 B
yima49 111003 R
ytma49 111003 G
yimadg~ 111003 B
yima49 111303 R
ytma49 111303 G
ytmadg 111303 B
yimas5 030603 R
ytma55 030603 G
yima55 030603 B

Carrelated

SMSCN

ytma10_010704 R
ytmai0 010704 G
ytma10_ 010704 B
ytma12 010804 R
ytmai2 010804 G
ytmai2 010804 B
yima23 022103 R
ytma23 022103 G
yima23 022103 B
yima49_ 042003 R
ytma49 042003 G
yimadd_ 042003 B
yimad9 042203 R
ytma49 042203 G
yima4g_ 042203 B
yimad9 042403 R
ytmad9 042403 G
yimadgd 042403 B
yima49 072303 R
ytma49 072303 G
ytmadd_ 072303 B
yima49 111003 R
ytmad49 111003 G
yima4g 111003 B
ytma49 111303 R
ytmad49 111303 G
ytma4d 111303 B
yima55_030603 R
ytma55 030603 G
yimas5_030603 B

Correlated SNSCN
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Correlation between color appearance, and v
segmentation and embedding map
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0.70
0.90 NMI - nest BiCC ] WsCC
0.85 X 0.65 [
0.80 ]
0.80 [ T 0.60
0.7 1 [
0.75
0.55
0.70 0.70
050
0.65 L 0.65
0.60 1 - 045 | J.
: : 0.60 : : : :
Correlated SNSCN Correlated SNSCN Correlated SNSCN
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Correlation between color appearance, and v
segmentation and embedding map

&

!
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0.70

0.90 NMI - nest BiCC ] WsCC
0.85 X 0.65 [
0.80 ]
0.80 [ T 0.60
0.75 1 [
0.75
0.55
0.70 0.70
050
0.65 L 0.65
0.60 1 - 045 | J.
: : 0.60 : : : :
Correlated SNSCN Correlated SNSCN Correlated SNSCN

outperforms correlated counterpart as per color consistency after
normalization is concerned
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Stain Estimation: vs Existing Methods

ytma10_010704 R

ytmal0_ 010704 G ytma10_010704 R

ytma10 010704 G

mal0 010704 B 9 mall 010704 B | |
i'r?mmjomam R ]!,ﬂma12:010804 R
yimai2 010804 G ytmai2 010804 G
ytma12 010804 B 8 ytmal12_010804 B
Hmazs-022103 G Vimaza-022103 G
yima23 022103 B L 7 yima23 022103 B -1 12
ytmad9 042003 R yima49 042003 R
yima497042003 G yimad9 042003 G
ytmadd_ 042003 B e ytmadd_ 042003 B L1
ytmad9 042203 R yima49 042203 R
yima497042203 G ytmadg 042203 G
yimadd_ 042203 B s yimadd_ 042203 B
yimad4d 042403 R yimad49 042403 R -- 8
yimad9 042403 G ytmad9 042403 G
yimadd 042403 B 1y, yima49 042403 B
ytmad9 072303 R yima4g 072303 R 6
yimad9 072303 G ytmad9 072303 G -
yimadd 072303 B L, yima49 072303 B
it i s
ytma4g 111 ytmadg 111 L
\imadg 111003 B \imadd 111003 B 4
e e ° jmsinee

ma ma
ytmad49 111303 B ytma4d 111303 B 2
ytmas5_030603 R 1 yimah5 030603 R
yima55 030603 G ytma55 030603 G
ytmabs_ 030603 B ytmas5 030603 B

PF HTN  EPF SPCN EM  TredMiL SNSCN PF HTN  EPF  SPCN  EM  TredMiL SNSCN
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Stain Estimation: vs Existing Methods

ytma10_010704 R

ytmal0_ 010704 G ytma10_010704 R

ytma10 010704 G

mal0 010704 B 9 mai0 010704 B [ |

Jima12-010804 A Jimai2 010804 R

yima12 010804 G Jmai2 010804 G

ytma12 010804 B ytma12_ 010804 B

Yimazy 025109 G fimao 05210 @

\ima23 022103 B \ima23 022103 B 12
yimad9 042003 R yima4d 042003 R

yima4g 042003 G Jimadg 042003 G

\madd_ 042003 B \ima49 042003 B |
yima49 042203 R Jimad9 042203 R

{ma49~042203 G 1madg 042203 G

\tmadd 042203 B \ima4d 042203 B

yimad9 042403 R Jima49 042403 R L1 s
yma49 042403 G 1madg 042403 G

\tmadg 042403 B Vma4d_ 042403 B

yimad9 072303 R yima49 072303 R P
Jima49 072303 G Jmadg 072303 G

\tmadg 072303 B \ima4d 072303 B

S e

\imadg 111003 B \imadd 111003 B 4
Simada111303 & ada1 1303 6

ytmad49 111303 B ytma4d 111303 B 2
Jimas5 030603 R Jimas5 030603 R

yima55 030603 G Jima5 030603 G

yima55_030603 B

PF

HTN

EPF

SPCN

EM  TredMiL SNSCN

yimas5 030603B[ |

EM  TredMiL SNSCN

outperforms state-of-the-art methods in stain vector estimation
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Color Normalization: vs Existing Methods

0.90
0.90 M iy BiCC | o070} WsCC
0.80 | .ol {7 , . , 0.60 ' ]
0.70 % % I% é 0101 %I % % : | os0ls ol
' 0.60 | é% | $é é &
0.60 | - %I H 040 | 3 E' -
050 | | ]
0.50 | | - 0.30 | -
. 040 | | .
0.40 | - 020 |
| 030 | |
0.30 | 1 on 040 |
z ’ zZ z
o Z < 4 L Z < 4 @ Z < 4
S LEO0EQLz Bl 02 3 LEOFLZzZB8 @ 02 S LOOFGLZzS8@¢ 0 7
O o wwmw I v ngBE-= 0 O o W o I oo ongBE- 0 O o wwmw I o nJgp 0
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Color Normalization: vs Existing Methods
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0.90
NMI 1 BIiCC 0.70 | WsCC
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% é% ol é ;} % | osof é -
] ' 0.50 | * ]
0.60 | %% % é% ] $é é %
%% % I% 1 %I H 0.40 t @ ﬁ
0.50 | 1 | om0
X 040 | 0'20
0.30 | 0.10
- — — 020 = s ' L — -
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outperforms state-of-the-art methods as per color consistency after
normalization is concerned
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Color Normalization: Statistical significance
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Different NMI BiCC WsCC
Methods Wilcoxon | Paired-t | Wilcoxon | Paired-t | Wilcoxon | Paired-t
B+C+D+E | 2.57E-11 4 98E-17 1.58E-07 4.44E-09 4.67E-03 9.19E-04
A4+C+D+E 1.75E-11 2.40E-14 4.24E-11 7.55E-16 2.53E-03 4.34E-07
A+B+D+E 1.20E-09 5.63E-11 1.85E-11 3.52E-19 2.53E-03 7.52E-06
A+B+C+E | 3.77E-11 2.28E-10 1.85E-11 2.31E-20 2.53E-03 5.85E-06
A+B+C+D | 2.63E-08 2.91E-10 2.40E-11 6.78E-19 2.53E-03 1.01E-07
| Correlated | 4.02E-11 | 4.07E-12 | L.75E-11 | 9.88E-19 | 2.53E-03 | 1.47E-05
ColTrans 1.75E-11 9.23E-23 1.75E-11 8.62E-30 2.53E-03 9.81E-10
PF 2.53E-11 3.07TE-21 1.75E-11 1.50E-24 2.53E-03 4.87TE-08
EPF 1.85E-11 7.7T3E-23 1.75E-11 8.49E-25 2.53E-03 1.92E-08
SCD 7.43E-11 2.34E-16 1.95E-11 2.32E-23 2.53E-03 4.39E-05
HTN 7.76E-09 2.81E-11 1.17E-10 1.23E-15 3.46E-03 2.38E-04
SPCN 1.75E-11 1.80E-23 1.75E-11 1.45E-26 2.53E-03 9.45E-08
SN-GAN 5.67E-10 7.60E-15 1.85E-11 7.89E-23 2.53E-03 2.03E-06
StainGAN 1.75E-11 5.60E-25 1.75E-11 1.98E-30 2.53E-03 6.90E-09
AST 1.85E-11 2.36E-19 1.75E-11 3.51E-25 2.53E-03 7.96E-07
TredMiL 2.69E-07 3.16E-06 4.30E-09 4.26E-11 2.53E-03 1.71E-04
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Color Normalization: Statistical significance
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Different NMI BiCC WsCC
Methods Wilcoxon | Paired-t | Wilcoxon | Paired-t | Wilcoxon | Paired-t
B+C+D+E | 2.57E-11 4 98E-17 1.58E-07 4.44E-09 4.67E-03 9.19E-04
A4+C+D+E 1.75E-11 2.40E-14 4.24E-11 7.55E-16 2.53E-03 4.34E-07
A+B+D+E 1.20E-09 5.63E-11 1.85E-11 3.52E-19 2.53E-03 7.52E-06
A+B+C+E | 3.77E-11 2.28E-10 1.85E-11 2.31E-20 2.53E-03 5.85E-06
A+B+C+D | 2.63E-08 2.91E-10 2.40E-11 6.78E-19 2.53E-03 1.01E-07
| Correlated | 4.02E-11 | 4.07E-12 | L.75E-11 | 9.88E-19 | 2.53E-03 | 1.47E-05
ColTrans 1.75E-11 9.23E-23 1.75E-11 8.62E-30 2.53E-03 9.81E-10
PF 2.53E-11 3.07TE-21 1.75E-11 1.50E-24 2.53E-03 4.87TE-08
EPF 1.85E-11 7.7T3E-23 1.75E-11 8.49E-25 2.53E-03 1.92E-08
SCD 7.43E-11 2.34E-16 1.95E-11 2.32E-23 2.53E-03 4.39E-05
HTN 7.76E-09 2.81E-11 1.17E-10 1.23E-15 3.46E-03 2.38E-04
SPCN 1.75E-11 1.80E-23 1.75E-11 1.45E-26 2.53E-03 9.45E-08
SN-GAN 5.67E-10 7.60E-15 1.85E-11 7.89E-23 2.53E-03 2.03E-06
StainGAN 1.75E-11 5.60E-25 1.75E-11 1.98E-30 2.53E-03 6.90E-09
AST 1.85E-11 2.36E-19 1.75E-11 3.51E-25 2.53E-03 7.96E-07
TredMiL 2.69E-07 3.16E-06 4.30E-09 4.26E-11 2.53E-03 1.71E-04

[ Performs significantly better in all 96 cases

Machine Intelligence Unit, Indian Statistical Institute, Kolkata, India



Normalizati sting M,

Lot s NG

¢ ¢
tattve
e gl & " N p— (.:,. = > . - - . ‘ : . ey > "

Qualitative performance analysis
of different color normalization
methods: (a) original, (b)
ColTrans, (c) PF, (d) EPF, (e)
SCD, (f) HTN, (g) SPCN, (h) SN-
GAN, (i) StainGAN, (j) AST, (k)
TredMiL and (I) SNSCN
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Performance in Nuclei Segmentation: ITCGA Data

ZT=0 T =

STATISTICAL

Moy CAmm 0 Z =

Methods Dice Jaccard Precision Recall
SNSCN 0.788345 | 0.653957 | 0.826117 | 0.786249
U-Net 0.645650 0.446128 0.624558 0.668216
Mask-R-CNN | 0.747086 0.585659 0.799975 0.700757
U-Net - 0.773155 0.620294 0.796708 0.750955
HoVer-Net 0.744516 0.586780 0.811804 0.687529
MoNS 0.755509 0.614706 0.748012 0.763157
Stardist 0.743228 0.585713 0.811579 0.685495
WNSeg 0.773406 0.625322 0.813470 0.737104
Swin-MIL 0.749044 0.593266 0.801989 0.702656
BoNuS 0.784740 0.639496 0.806351 0.764257
Ostrich 0.788035 0.641520 0.813523 0.764096

Machine Intelligence Unit, Indian Statistical Institute, Kolkata, India




Performance in Nuclei Segmentation: ITCGA Data

Z» =0 F~

STATISTICAL

Moy CAmm 0 Z =

o e

Methods Dice Jaccard Precision Recall
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HoVer-Net 0.744516 0.586780 0.811804 0.687529
MoNS 0.755509 0.614706 0.748012 0.763157
Stardist 0.743228 0.585713 0.811579 0.685495
WNSeg 0.773406 0.625322 0.813470 0.737104
Swin-MIL 0.749044 0.593266 0.801989 0.702656
BoNuS 0.784740 0.639496 0.806351 0.764257
Ostrich 0.788035 0.641520 0.813523 0.764096

[

outperforms state-of-the-art methods in nuclei segmentation
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Performance in Nuclei Segmentation: ITCGA Data
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paired-t test ]

Methods Dice Jaccard | Precision Recall
U-Net 3.89E-47 | 4.37TE-49 | 1.14E-15 | 3.77E-51
Mask-R-CNN | 3.44E-31 | 1.01E-37 | 8.13E-81 | 1.83E-08
U-Net + R.7T9E-40 | 7.05E-41 | 4.70E-25 | 4.24E-26
HoVer-Net 2.41E-52 | 5.58E-57 | 2.52E-12 | 3.10E-67
MoNS 8.16E-28 | 2.12E-29 | 1.26E-60 | 1.93E-01
Stardist 5.45E-34 | 1.63E-36 | 1.15E-04 | 7.20E-42
WNSeg 1.16E-48 | 1.17E-49 | 4.20E-16 | 4.21E-63
Swin-MIL 4.42E-51 | 2.95E-57 | 1.29E-16 | 5.34E-67
BoNuS 3.84E-17 | 4.03E-18 | 9.68E-28 | 7.56E-26
Ostrich 7.54E-20 | 1.46E-19 | 1.95E-24 | 4.12E-28
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{

performs significantly better than state-of-the-art methods in

nuclei segmentation
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Performance in Nuclei Segmentation: ITCGA Data
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Wilcoxon signed-rank test ]

Methods Dice Jaccard | Precision Recall
U-Net 7.85E-32 | 8.61E-32 | 2.3R8E-14 | 6.25E-32
Mask-R-CNN | 1.30E-32 | 1.19E-32 | 1.86E-33 | 1.71E-02
U-Net+ 2.70E-29 | 2.44E-29 | 1.68E-25 | 1.42E-21
HoVer-Net 3.22E-33 | 3.22E-33 | 5.00E-11 | 1.49E-33
MoNS 7.62E-24 | 3.46E-24 | 1.47E-33 | 1.36E-01
Stardist 7.12E-28 | 6.64E-28 | 1.14E-05 | 4.17E-30
WNSeg 6.44E-32 | 6.34E-32 | 7.51E-15 | 1.62E-33
Swin-MIL 1.92E-33 | 1.89E-33 | 1.84E-18 | 1.47E-33
BoNuS 4.16E-16 | 1.98E-16 | 4.03E-24 | 7.74E-23
Ostrich 3.07E-21 | 3.07TE-21 | 1.48E-22 | 3.36E-24
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Qualitative performance analysis in
nuclei instance segmentation : (a)
Original image, (b) Ground-truth;

Segmentation performance of (c) U-

Net, (d) Mask-R-CNN, (e) U-Net++,

(f) HoVer-Net, (g) MoNS,
(h) Stardist, (i) WNSeg, (j) Swin-MIL,

(k) BoNuS, (1) Ostrich, (m) SNSCN
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Conclusion - Major Contributions

Work 1: Development of Rough-Fuzzy Circular clustering.
deals with the incompleteness and vagueness in class definition,
overlapping nature of histochemical stains.
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Conclusion - Major Contributions
( Work 1: Development of Rough-Fuzzy Circular clustering. b
deals with the incompleteness and vagueness in class definition,
9 overlapping nature of histochemical stains. y

( N

Work 2: A new dissimilarity measure is introduced.
_ captures intrinsic data distribution and concentration of hue around mean. |
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Conclusion - Major Contributions

( Work 1: Development of Rough-Fuzzy Circular clustering. b
deals with the incompleteness and vagueness in class definition,

9 overlapping nature of histochemical stains. y

( Work 2: A new dissimilarity measure is introduced. )

_ captures intrinsic data distribution and concentration of hue around mean. |

Work 3: Truncated normal mixture prior based deep latent model is introduced.
captures disentangled color appearance and stain bound information
enhances generalizability and adaptability of the model.
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Conclusion - Major Contributions
( Work 1: Development of Rough-Fuzzy Circular clustering. b

deals with the incompleteness and vagueness in class definition,
9 overlapping nature of histochemical stains. y

( )

Work 2: A new dissimilarity measure is introduced.
_ captures intrinsic data distribution and concentration of hue around mean. |

Work 3: Truncated normal mixture prior based deep latent model is introduced. R
captures disentangled color appearance and stain bound information
enhances generalizability and adaptability of the model.

J
4 Work 4: Optimal transport based I21 translation network is introduced. B
reduces information-disparity between information-rich histological image space
and information-poor segmentation map domain applicable to segmentation
\_ tasks with different target domain image representations. Y,
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Conclusion - Major Contributions
( Work 1: Development of Rough-Fuzzy Circular clustering. b

deals with the incompleteness and vagueness in class definition,
9 overlapping nature of histochemical stains. y

( )

Work 2: A new dissimilarity measure is introduced.
_ captures intrinsic data distribution and concentration of hue around mean. |

Work 3: Truncated normal mixture prior based deep latent model is introduced. R
captures disentangled color appearance and stain bound information
enhances generalizability and adaptability of the model.

J
4 Work 4: Optimal transport based I21 translation network is introduced. B
reduces information-disparity between information-rich histological image space
and information-poor segmentation map domain applicable to segmentation
\_ tasks with different target domain image representations. Y,

Work 5: Simultaneous Nuclei Segmentation and color normalization
model is introduced to perform intertwined tasks.
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Future Directions

@® Device generalized algorithms for all types of staining including
iImmunohistochemical stains : PAS, Trichrome etc.

@® Understanding the utilization of deep generative models in other medical
imaging modalities.

@® Exploration of geometric deep learning in biomedical image analysis.

@ Integration of imaging and non-imaging modalities for accurately predicting
and diagnosing underlying diseases.
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2024-Npw-A-01785. y
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