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Introduction

HISTOPATHOLOGY IMAGES ARE IMAGES THE USE OF ARTIFICIAL INTELLIGENCE EARLY DIAGNOSIS AND DETECTION OF
OF HUMAN TISSUE CAPTURED THROUGH (AI) TOEXAMINE THESE IMAGES SAVES DISEASE USING AISAVESPATIENTS FROM

AMICROSCOPE, WHICH CAN BEUSED TO CLINICIANS FROM HAVING TO GO INTENSIVE TREATMENT PROCEDURES
DETECT DISEASES, DAMAGE, OROTHER THROUGH THEM MANUALLY AND LOOK AND GIVES THEM A BETTER PROGNOSIS.

ABNORMALITIES IN THE BODY. FOR ABNORMALITIES.




Alms and Objectives

1) Tounderstand the

different challenges faced

in the application of deep
learning networks on

2)To explore multiple
deep learning methods
used on histopathology

histopathology images images for the diagnosis of
and to discusstheir prevalent diseases
solutions.

)




Challenges and solutions

I Image Normalization

Color Augmentations

Transfer Learning
Challenges
Synthetic Data

Class Weights

Data Augmentations




The color distribution in H&E-stained images varies based on:
 Dyeconcentration

e Thescanningdeviceused

e Stainingtime

« Environmental light

C ha 116 N ge : « Noiseduringimage transmission.

stain
Varilapility

These color variations™ adversely affect the model
performance.

*Source: N. Kumar, R. Verma, S. Sharma, S. Bhargava, A.Vahadane and A. Sethi, ”A Dataset and a Technique for Generalized Nuclear Segmentation for
Computational Pathology,” in IEEE Transactions on Medical Imaging, vol. 36, no. 7, pp. 1550-1560, July 2017




Solution: Color Normalization

PCA togettarget '

Stain vector Image
hue, followed by estimation based decomposedand
linear on color maps combined
transformation with target stain
tomartch it color.

solution: Brightness and Hue Augmentations

Different types of pixel-wise color augmentations were used in [3], like random brightness

and hue variations, which helped train models that generalized well to new data.

Source: Z. Yildirim, E. Hancer, R. Samet, M. T. Mali and N. Nemati, "Effect of Color Normalization on NucleiSegmentation Problem in H&E Stained Histopathology Images,” 2022 30th Signal Processing and Communications
Applications Conference (SIU), Safranbolu, Turkey, 2022, pp. 1-4, doi: 10.1109/SIU55565.202 2.9 864 814.



_Challenge:

Data scarcity

Deep Learning networks require
a large amount of annotated data.

The annotation of histopathology
images is time-taking and
expensive.

Most Datasets have few images




solution: Generation of synthetic Images

Generate
random

Fill Fill nuclei Refineand

background remove
yolygons e rexture P
POLyE texture artifacts

(nuclei)

solution: Transfer Learning

— Small
Modell Training Histopathology Testing

dataset

Large dataset
of many

Model2 Training images and
classes




Biological datasets usually have class imbalance, wherein
some classes have abundant instances while other classes
are scarce.

For example, distribution of nucleiin the Lizard dataset™ of
colon biopsy images:

Challenge:

C ].aS S = Epithelial
3004,1% » Lymphocyte
:[ b 1 Lk Plasma
m a anc e Neutrophil
® Eosinophil

» Connective

*Source: Simon Graham, Mostafa Jahanifar, Ayesha Azam, Mohammed Nimir, Yee-Wah Tsang, Katherine Dodd, Emily Hero, et al., "Lizard: Alarge-
scale dataset for colonic nuclear instance segmentationand classification,” in ICCV Workshops, October 2021.




solution: Adjusting Class Welghts

Adjusting the class weights for the loss, in inverse proportion to the class frequency is

one remedy for class imbalance

solution: Class-based Data Augmentation

Geometric augmentations such as flips, rotations, elastic deformations and simple

resampling of the training data roughly proportional to the inverse of the class
frequency is another remedy for class imbalance



EXperiments
and Results




Experiment [1]

Aim: To study the effect of different image normalization techniques on segmentation
of nucleiusing UNet and ResUNet

: Three color .
Multi- Segmentation

normalization

organ data techni
echniques ResUNet

of nuclei




Experiment 2]

Aim: To analyse how well a UNet model can segment histopathology images when
trained on synthetic data

Renal Generation Segmentation
cancer of synthetic of nucleiusing
data images UNet




Experiment | 3]

Aim: To study nucleiinstance segmentation and classification for colon biopsy images

'Stardist'- Uses

star-convex CNN for Segmented

multiclass and classified
classification nuclei

polygons for
cell
segmentation




Experiment [4]

Aim: To study the benefits of using transfer learning on histopathology data for classification

Transfer Learning
Colon + classification with
cancer MobileNetV2 or
data InceptionResNetV2
Architectures

Classification with
MobileNetV2 or
InceptionResNetV2
Architectures

Binary classification Binary classification




1)A comparative analysis of the accuracy of the Unet and
ResUnet models before and after trying three different image
normalization techniques[1]
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The Macenko technique is observed to be the

best normalization technique
Results

2)A comparative analysis of the accuracy of three types of
segmentation models on synthetic and actual data.[2]
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Results

Input image Ground truth

1)The segmentation and classification of cells by Stardist.[3]

STARDIST prediction

I Neutrophil W Lymphocyte W Eosinophil
Epithelial I Plasma Connective

C ]-aS S ]-f]-C at]-o n The final multi class panorpticlz ciuality was 0.4971.

2) Comparison of the classification results in Expt. 4 with and
without using transfer learning[4]

Metric Without Transfer Learning With Transfer Learning
Accuracy 99.95 09.98
Time (min) 6 5

We can seethatthe accuracy has increased and training
time hasreduced.

Image source:[3] M. Weigert and U. Schmidt, "Nuclei Instanc e Segmentation and Classification in Histopathology Images with Stardist,” 2022
IEEE International Symposium on Biomedical Imaging Challenges (ISBIC), Kolkata, India, 2022, pp. 1-4, doi:
10.1109/1SBIC56247.2022.9854534.




Conclusions

1) Thus we can see that
techniques like image
normalization, transfer
learning and synthetic image

2)We have successfully
explored different deep
learning architectures for the

generationlead to a segmentation and
considerable improvement in classification of
the DL model performance on histopathology images.

histopathology images
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