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ABSTRACT

Histopathology image like Immunohistochemistry (IHC) stains helps diagnose aberrant cells in malignant
tumours by identifying the antigens (proteins) present in a tissue cell. Manually inspecting the area of interest
takes much time, and pathologists make subjective decisions based on their experience. Thus, this research
proposes a model named Attention-Enhanced and Residual U-Net (AR-UNet) for cell prognosis to segment the
protein-expressed nucleus in an aberrant cell. The suggested approach segments the nucleus semantically using
deep learning techniques, which improves feature representation and localization ability by adding additional
attention and residual blocks at the appropriate levels of U-Net architecture. These advantages include
identifying spatial dependencies, emphasizing the nucleus region, and locating the details of the nucleus. The
suggested AR-UNet outperformed other U-net versions, achieving an accuracy of 92% and a loss of 0.25 as
compared to visual segmentation outcomes and performance metrics. Additionally, it expedited the laborious and
prone-to-mistake process. The results show that the AR U-Net can help pathologists and researchers recognize
and segment the nucleus in IHC for histopathological study and cancer diagnosis more precisely.

Keywords: Histopathology images, Immunohistochemistry (IHC), nucleus segmentation, attention, residual
blocks, UNet

1. INTRODUCTION

Histopathology involves the analysis and examination of tissues at a microscopic level. Hematoxylin and Eosin
(H&E) staining and Immunohistochemistry (IHC) are histopathological images that help classify and diagnose
tumours H&E depicts tissue morphology, and IHC identifies specific protein markers. H&E stains act as
fundamental stains to visualize cells, offering an overview of tissue structure, and IHC stains specifically target
certain protein markers, providing a more focused examination of the presence of proteins in the tissue.
Combining the two stains improves the overall understanding of cellular composition and protein location by
researchers.

Histopathological images play a significant role in understanding the effects of diseases at the tissue level.
Various histological subtypes of cancer can be identified through microscopic examination. Detection of tissue
specimens and subsequent treatment can be facilitated through analysis of these microscopic images. Analysis of
histological tissue is considered the gold standard method. In this process, a pathologist takes tissue samples from
tumour regions, usually focusing on areas where malignancies are suspected. After that, these samples undergo
processes such as cutting, staining, and fixing.

IHC stains are frequently used to improve visibility and analysis [1]. The immunohistochemistry (IHC) technique
is used to detect and localize particular proteins in cells and tissues. A cell consists of a nucleus, membrane, and
cytoplasm. Here in this paper, we try to segment the nucleus that expresses the protein.
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Figure 1: Representative images of IHC staining of a) negative staining, b) positive staining, ¢) positive staining,

Figure 1 illustrates three images obtained from different tissue samples where the presence of the relative marker
is indicated by brown and blue stained regions. The brown stain shows a positive nucleus and the blue stain shows
a negative nucleus. The positive and negative nuclei are distinguished by colour; segmenting the nucleus in an
IHC stain is quite a challenging task. Many researchers have proposed algorithms for nucleus segmentation in
histopathology images, but very little work is done on segmenting nuclei in IHC images due to the challenging
nature of separating positive and negative nuclei based on colour.

With this motivation, Attention-Enhanced and Residual U-Net was proposed for nucleus segmentation in the IHC
image to segment the brown stains. This extension of the UNet architecture incorporates both a residual unit and
an attention mechanism, drawing inspiration from these techniques to improve segmentation accuracy. The
architecture of the U-Net model has been modified to create the segmentation model. Instead of using the typical
convolutional layers in each stage of the U-Net encoder-decoder network, a dual residual block is employed
incorporating an attention block. This specialized segmentation model was applied for precise segmentation of
cell nuclei. Attention blocks are added to the encoder and decoder pathways to focus on relevant regions by
assigning higher weights to informative features, resulting in improved boundary, localization accuracy, and
overall segmentation performance. Double residual blocks are integrated into the U-Net architecture to capture
residual information for improved feature extraction, and residual shortcut networks help extract features and
reduce image errors. A single channel mask is applied to the IHC image for multiclass segmentation. The
multiclass segmentation applied for nucleus segmentation in the IHC image also contributed to the research.
Nucleus segmentation in IHC images has contributed to research because of the challenging nature of separating
the positive and negative nuclei based on colour.

The paper continues its structure as described below. In Related Works section, we provide a literature survey of
U-Net, variants of U-Net, and nucleus segmentation in histopathology image. Section Methodology, we introduce
a modified deep learning architecture called Attention-Enhanced and Residual U-Net for Nucleus Segmentation in
IHC Image. In the Experimental Setup, the dataset, implementation details, experimental results and analyses, and
contribution are presented. In the Conclusions section, we conclude by summarizing the findings and their
implications and future research directions in this sector.

2. RELATED WORKS

Over the past few years, there has been a notable surge in research dedicated to the segmentation of nuclei in
histopathology images. Researchers have dedicated efforts to creating diverse systems and technologies designed
for segmenting nuclei in Hematoxylin and Eosin (H&E) staining as well as Immunohistochemistry (IHC) images.
These research endeavors span a broad spectrum of deep learning architectures dedicated to nucleus
segmentation. The use of deep learning is more widespread in biomedical images because of its superior
performance, automated feature learning, robustness, variability, transfer learning, scalability, and
generalization[2][3]. The organized presentation provides a structured overview that visually captures the wide
range of research contributions. Each of these investigations presents distinctive perspectives and methodologies
related to nucleus segmentation within the realm of deep learning. By categorizing these studies systematically,
our objective is not only to offer a comprehensive perspective on the diverse strategies in use but also to create a

Copyrights @ Roman Science Publications Ins. Vol. 5 No.4, December, 2023
International Journal of Applied Engineering & Technology

1267



ISSN: 2633-4828 Vol. 5 No.4, December, 2023

International Journal of Applied Engineering & Technology

valuable reference for researchers and pathologists collaborating to improve the precision of histopathological
studies and cancer diagnoses.

2.1 UNET

There are many articles related to segmentation in biomedical images[4]. The most popular deep learning
architecture in U-NET[5]. The U-Net architecture is a fully convolutional encoder-decoder design that
incorporates skip connections, which is an advancement of the Fully Convolutional Network (FCN). The
architecture includes a contracting path (for downsampling) and an expanding path (for upsampling). In the
expanding phase, the upsampled feature maps undergo concatenation with their corresponding feature maps from
the contracting phase. This concatenation process enables U-Net to retain spatial information and as the
architecture goes deeper, it captures progressively more intricate features [6]. However, this also results in
numerous redundant low-level feature extractions, given the inadequate representation of the feature in the initial
layers.

To improve performance, variants of U-Net architecture were developed [5] like UNet++ [7] for the examination
and integration of multimodal learning in supporting clinical decision-making, U2Net [8] for detecting salient
objects, attention U-Net [9] for segmenting pancreas, ResNet-a [10] used for remote sensing data, R2UNet [11],
Nested U-Net [12], UNet3+ [13], MD-UNet [14], Multi-level dilated residual [15], ATTransUNet [16] for
medical image segmentation. Several architectures have been proposed for histopathology images by customizing
the UNET framework, as observed in the MobileNetV2 based U-net Model [17], ADS_UNet [18] for segmenting
histopathology images, DenseRes-Unet [19] for segmenting overlapped or clustered nuclei from multi organ
histopathology images, Hybrid-attention nested UNet [20] , ASPPU-Net [21] , RGSB-UNet [22], MIU-Net[23],
efficientunet++[24], RIC-Unet[22] for nucleus segmentation, PPC-UNet[25] for whole slide image segmentation
of colorectal histopathology, Alter-AttUNet model[26] for colon cancer histopathological image segmentation, ,
Attention-Guided deep atrous-residual U-Net [27] for automated gland segmentation in colon histopathology
images, Su-net and du-net [28] for tumour segmentation in histopathology images, MultiResUNet [29] for
multimodal biomedical image segmentation and DETisSeg: [30] , HookNet [31], MDA-unet [14], GA-UNet
[32], YAMU [33] for semantic segmentation of histopathology image.

2.2 Nucleus Segmentation Using Modified UNET

Ahmed et al.[34] proposed a new U-net architecture that combines spatial channels and attention while
incorporating ResNet blocks in the encoder layers. This U-net baseline was created to preserve both coarse and
fine features while effectively addressing tissue variability issues. It has provided segmentation performance after
rigorous testing on three benchmark datasets. However, it is significant to recognize that the model's exceptional
performance on benchmark datasets may have limitations when dealing with previously unseen data or datasets
from various domains.

In a similar vein, Iqra et al. [19] proposed the DenseRes-U-net model, which uses dense blocks in the final layers
of the U-net encoder to highlight relevant features from previous stages. Their nucleus segmentation model was
thoroughly validated on four publicly available datasets, yielding promising results. The DenseRes-U-net model
may improve segmentation performance by focusing on relevant features from previous layers. Nevertheless, the
researchers emphasized the importance of taking into account the increased complexity, which comes with
potential trade-offs in terms of computational cost and memory requirements.

He and colleagues [20] proposed a hybrid-attention nested U-net (Han-Net), which is made up of two modules: a
hybrid attention-nested U-shaped network and an attention block. It effectively segments the boundaries of nuclei
that are both complex and diverse, as well as small and dense. The limitation about light weight is stated in the
conclusion, which says that unimportant weights or filters in the network need to be taken out or set to zero in
order to reduce the number of parameters, and, by extension, the size of the model and the amount of processing it
needs.
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Lal et al. [35] proposed a three-block architecture that includes a robust residual block, a bottleneck block, and an
attention decoder block. Finding the best hyper parameter settings can be time-consuming and requires a lot of
trial and error.

The SU-nets proposed by Kong et al. [36] are made up of four parallel backbone nets linked together by an
attention generation model. The use of different loss functions for different networks may introduce
inconsistencies or challenges in balancing the contributions of each network during training.

Zeng et al. [22] propose a U-net-based neural network, RIC-U-net (Residual Inception-Channel Attention-U-net),
for nuclei segmentation. Although the RIC-U-net is claimed to be cost-effective enough to assist doctors in more
accurately diagnosing histology images, the model's generalisation to previously unseen data or datasets from
different domains is not addressed. Table 1 shows a detailed study of nucleus segmentation in H&E image.

Table 1: Nucleus segmentation using U-Net

Literature Architecture Description and Observations
Zeng et al., 2019 RIC-U-Net [22] e Residual inception-channel attention-U-Net
for nuclei segmentation
Kong et al., 2020 SU-Nets [36] e Parallel backbone nets with attention
generation model
He et al., 2021 Hybrid-Attention =~ Nested U- | oIt consists of modules for segmenting
Net[20] complex and diverse nuclei boundaries
Lal et al., 2021 NucleiSegNet [35] e Incorporates robust, bottleneck, and attention
decoder blocks
Kiran et al., 2022 DenseRes-U-Net [19] e Utilizes dense blocks to highlight relevant
features
Lietal., 2022 Residual-Attention UNet++ [37] | e Residual blocks with attention mechanism and
nested U-Net
Le Dinh et al., | Nested Unet with EfficientNet | ¢ Nested UNet with efficient net encoder
2022 Encoder [38]
Ahmad er al., 2023 | ResNet-based U-Net [34] e Combines spatial channels, attention, and
ResNet blocks for preserving features
Chowdary et al., | Residual SE-UNet [39] e Residual blocks with squeeze and excitation
2023 blocks

2.3 Nucleus Segmentation in IHC Images

IHC-Net, a fully convolutional neural network proposed by Mahanta et al. [40], was created for automated
nuclear segmentation in breast pathology. To precisely segment nuclei in medical images, the architecture uses a
stack of six encoders and five decoder blocks with skip connections. For feature extraction and downsampling,
encoder blocks use convolution, batch normalization, ReLU activation, and max-pooling layers. Concatenation,
convolution, batch normalization, unpooling layers for upsampling, and reconstruction are all techniques used in
decoder blocks. This method offers a comprehensive solution to evaluate breast pathology while addressing the
problems of nuclear segmentation with an accuracy of 94.82%. A modified U-Net architecture designed
specifically for segmenting IHC images was introduced [41] by adding a convolutional layer with a 32x32 pixel
receptive field. With this change, the segmentation accuracy is improved, especially for IHC. Even if the
architecture is tailored for IHC image processing, the fundamental U-Net structure is still there. This method
demonstrates how deep learning architectures can be tailored to meet domain-specific needs. Her2Net [1] is a
sophisticated framework for the semantic segmentation and classification of cell membranes and nuclei in the
evaluation of breast cancer. By maintaining the cellular and textural characteristics, this architecture introduces a
revolutionary trapezoidal LSTM connection topology (TLSTM) structure, improving performance. Multiple
layers, including convolution, max-pooling, spatial pyramid pooling, upsampling, and TLSTM layers, are used in
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the convolution and deconvolution processes of Her2Net. This innovative layout ensures effective training while
optimizing accuracy. The architecture's use of TLSTMs is notable as a cutting-edge strategy for preserving
structural integrity during image processing, achieving 98.33% accuracy.

The ColorAE: U-Net methodology [42] is a prime example of group methods in medical image analysis. This
approach combines the benefits of U-Net, a cell-type identification architecture, and ColorAE, a color
deconvolution methodology to predict pixel-level colour composition. The ensemble method accomplishes
thorough cell-type identification without explicit colour deconvolution by utilizing both ColorAE's color
composition prediction and U-Net's ability to identify cell types. This method demonstrates how combining
several architectural characteristics can lead to increased accuracy in challenging medical image processing jobs.
Inspired by SegNet and U-Net, this architecture employs an encoder-decoder structure along with a scoring layer.
By capturing essential patterns and reconstructing segmented images, HscoreNet automates scoring, reducing the
manual burden and potentially improving diagnostic accuracy with 95.87% precision [43]. Table 2 shows a
detailed study of nucleus segmentation in IHC image.

Table 2: Nucleus Segmentation In IHC Image

Literature Architecture Purpose Key Features
Saha and Her2Net [1] Semantic e Trapezoidal LSTM connection topology
Chakraborty, Segmentation and (TLSTM) structure Convolution, max-
2018) Classification pooling, spatial pyramid pooling, and

TLSTM layers in the convolution and
deconvolution process

e Preserves cellular and textural
characteristics
Fassler et al., ColorAE: U- | Ensemble Method | ¢ Combines U-Net for cell type identification
2020 Net [42] for Cell Type and ColorAE for prediction of pixel-level
Identification color composition prediction

e Thorough cell type identification without
explicit color deconvolution
e [everages benefits of both architectures

Saha et al., 2020 | HscoreNet Estrogen and e Encoder-decoder structure with a scoring
[43] Progesterone layer
Scoring in Breast | e Captures essential patterns and reconstructs
IHC Images segmented images

e Automates scoring, reduces the manual
burden and enhances diagnostic accuracy

Berezsky et al., | Modified U- | Immunohistoche | e U-Net with additional convolutional layer
2021 Net [41] mistry Image (32x32 receptive field
Segmentation e Improved segmentation accuracy for
immunohistochemistry images
Mahanta et al., | IHC-Net [40] Automated e Stack of encoder and decoder blocks with
2021 Nuclear skip connections
Segmentation in | e Utilizes convolution, batch normalization,
Breast Pathology ReLU activation, and max-pooling for
feature extraction
o Concatenation, convolution, batch

normalization, unpooling for upsampling
and reconstruction.
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In the context of nucleus segmentation in immunohistochemistry (IHC) images, using U-Net variants
demonstrates advantages in segmentation, yet researchers must consider trade-offs like increased complexity,
memory usage, and model interpretability when selecting the most suitable approach for specific tasks and
resources available. Numerous research gaps have been identified, each offering different challenges and
opportunities for improvement.

e The first among these is the constrained generalization observed in current U-Net variants, necessitating a
thorough investigation into the factors limiting their adaptability across varied datasets and image
characteristics.

e Additionally, concerns related to the computational cost and memory requirements of these models require
exploration to enhance efficiency while preserving segmentation accuracy. Addressing the challenge of
optimizing U-Net variants through weight-pruning techniques is another significant gap, aiming to simplify
model complexity. The imperative need for automating hyper-parameter tuning processes arises due to the
time-consuming nature of the current manual trial-and-error approach. Moreover, the incorporation of different
loss functions across networks within U-Net variants introduces potential inconsistencies and challenges,
warranting research to maintain a cohesive approach.

Research initiatives targeting these gaps hold the promise of advancing the field, resulting in U-Net variants that
are more resilient, efficient, and adaptable for nucleus segmentation in IHC images. Given an image stained with
IHC, our objective is to segment the nucleus to determine whether it expresses protein or not (brown colour
present or not). More precisely, when presented with an image denoted I(x, y), the objective of a semantic
segmentation model is to assign a specific semantic label to each pixel within the image, along with an associated
labelled mask. Thus we focus on developing an architecture for nucleus segmentation that combines the U-net
framework[44] with attention [9] and residual blocks[45] which excels in performance, successfully
outperforming other methods.

3. METHODOLOGY

3.1 Proposed Architecture

A novel segmentation architecture utilizing U-Net was introduced for the precise segmentation of nuclei in IHC
images. The structure of the network, as depicted in Figure 2 incorporates a distinctive approach in which a
double residual block replaces the conventional convolutional layers at every stage of the U-Net encoder-decoder
network, and attention blocks are added in the encoder and decoder pathways to focus on relevant regions by
assigning higher weights to informative features, resulting in improved boundary, localization accuracy, and
overall segmentation performance.
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Figure 2: Architecture of the proposed AR-UNet framework with attention and residual blocks for improved
nuclei segmentation.

The proposed work in this study comprises ten levels of architecture and follows an encoder-decoder structure
with skip connections, facilitating effective image segmentation. The encoder pathway is responsible for reducing
the input image resolution to capture high-level features, while the decoder pathway increases the resolution to
generate a segmentation mask. The encoding block incorporates six double residual modules, with five
downsampling operations applied after each double residual block to extract high-level semantic information.
Notably, a stride of 2 is applied to the first convolutional layer in each double residual encoding module,
downsampling the feature map by half to preserve positional information. Similarly, the decoder path consists of
five double residual modules, where the feature map from the corresponding encoding path is concatenated with
the upsampled feature map from the previous module. Throughout the encoder-decoder pathway, attention blocks
are strategically inserted at various levels to emphasize relevant regions by assigning higher weights to
informative features. Following the last encoding module, a 1x1 convolutional layer and a softmax activation
layer are used to project the desired segmented image.

3.2 Double Residual Blocks

Double residual blocks are integrated into the U-Net architecture to capture residual information for improved
feature extraction. Residual blocks use skip connections to preserve low-level features across the network,
allowing the model to capture fine-grained nuclei details. The concept conveyed by the double residual block
involves fusing the input features with the features acquired through two or three convolution operations,
addressing the issue of model degradation by determining the output mode of fusion.
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Figure 3: Double Residual Blocks :- Convolutional 2D, Batch Normalization, Activation-ReLU -> Convolutional
2D, Batch Normalization, Activation-ReLU -> Add :Convolutional 2D, Batch Normalization

Figure 3 shows the block diagram of double residual blocks, representing the input (X) to the blocks and the
output (Y) following a two-layer convolution operation. This relationship can be formulated as follows:

Y = F(X,W, W, +W,X (1)

W, and W, serve as the weight parameters for the convolution layer, while W, functions as the weight parameter
governing the transformation from input X to output.

These blocks alleviate the problem of vanishing gradients and improve gradient flow during training, resulting in
better segmentation results.

3.3 Attention Blocks

An attention mechanism is built into the U-Net to improve feature representation. At various levels of the
encoder-decoder pathway, attention blocks are inserted to focus on relevant regions by assigning higher weights
to informative features. This attention mechanism improves nuclei boundary, localization accuracy, and overall
segmentation performance. The additive attention gate (AG), is a critical component of the model's attention
mechanism. By selectively highlighting informative spatial regions while suppressing less relevant ones, the AG
plays a critical role in improving segmentation accuracy.

Attention mechanisms can be used in either hard or soft attention mode. In this work, soft attention assigns
weights to pixels based on relevance, actively suppressing activations in irrelevant regions during training. Given

feature map Flat layer 1 (1=1, ..., L), compute the attention weights w! using a convolutional operation:
w! = Conv2D(F") 2)
Apply the softmax function to normalize the attention weights:

[Al) = Scrftmax[wl) 3)

Multiply the feature map by the attention weights to obtain the attended feature map Fém:
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The additive attention gate (AG) combines activations and contextual information from different scales to
compute attention coefficients that highlight relevant spatial regions in the input features. Using these attention
coefficients, the AG then scales the features, allowing the model to selectively emphasize significant regions
while suppressing less important ones. The proposed model can better focus on informative regions and improve
the localization accuracy of nuclei boundaries during the segmentation process by incorporating the AG into the
attention mechanism. As a result, the segmentation of the histopathological image becomes more precise and
accurate.

Furthermore, at appropriate levels, the attention and residual blocks are integrated into the U-Net. Attention
blocks detect spatial dependencies and highlight relevant regions, whereas residual blocks detect fine nuclei
details. The proposed AR-UNet aims to achieve superior segmentation accuracy compared to traditional U-Net
models by combining the strengths of attention and residual blocks with the U-Net framework. This integration
improves the model's ability to focus on important features and capture residual information, resulting in more
precise and accurate histopathological image segmentation results.

4. EXPERIMENTAL SETUP

4.1 Dataset

DeepLIIF [41], a public dataset consists of 598 Ki67 IHC images with a resolution of 512 x 512 and a
magnification of 40x. These images were obtained from slides of bladder carcinoma. Ki67 expression is a critical
marker related to tumour cell proliferation and growth that is widely used in routine pathological investigations.

4.2 Implementation Details

The training data set consists of the IHC input and the respective mask image from the DeepLIIF dataset. Various
transformations were used to improve the data set and increase image diversity, resulting in 3000 augmented
images. The augmentation pipeline seeks to simulate variation in tissue morphology and staining, thereby
improving generalizability by capturing diverse image variations[46]. The protein-expressed nucleus(positive) is
represented in red in the segmentation mask, while the nucleus that does not express protein is represented in blue
(negative), as shown in Figure 4.

Apply Single
Channel hash

Figure 4: Single-channel mask applied to IHC masked image for multiclass nucleus segmentation

The model is trained with IHC images as input (Figure 5a) and the corresponding single-channel images as
ground truth labels (Figure 5b). The model learns to map the input IHC images to the corresponding segmentation
masks during the training process, effectively segmenting different classes or regions in the image.
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(a) (b)
Figure 5: The proposed AR-UNet is trained by (a) original image and (b) ground truth image.
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Figure 6: Implementation Steps for Proposed AR-UNet: Integrated double residual blocks and attention blocks in
U-Net for nucleus segmentation of IHC image

Implementation Steps for training the model are described in Figure 6. The data set is used for tasks that require
multiclass segmentation. The data set begins with IHC (immunohistochemistry) images as input. The ground truth
of the IHC images is then processed to generate single-channel masks, each pixel in the mask representing a
different class or category in the image. Figure 4 shows the single-channel mask. Pixel-wise mapping is
performed to convert the original multiclass segmentation problem into a single mask, assigning a unique value to
each class or category. The single-channel mask is the result that condenses multiclass information into a single
channel, making it suitable for training the segmentation model.
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4.3 Experimental Results and Analyses

The proposed Attention-Enhanced and Residual U-Net (AR-UNet) was evaluated and compared to other variants
of U-Net, including basic U-Net, U-Net with ResNet backbone, and Attention U-Net in IHC-stained tissues from
the test data set. Semantic segmentation models were efficiently evaluated with the help of precision, accuracy,
precision, recall, F1 score, IoU, and loss[47].

Precision ( Pr) measures the accuracy of the positive predictions made by the model
TP

Pr(%) = —+55 X 100 5)

Recall (Re ) quantifies the model's ability to identify all positive instances among the actual positives correctly
_ TP

Re(%) = —+ay <100 (6)

Where,
TP (True Positives): The number of pixels that are correctly predicted as positive.

FP (False Positives): The number of pixels that are predicted as positive but are actually negative in the ground
truth.

FN (False Negatives): The number of pixels that are actually positive in the ground truth but are predicted as
negative.

F1 score is a balanced metric, considering both false positives and false negatives.

Pr = Rs

F1 score(%) = 2 X (Pr+ e

) % 100 (7
Accuracy is defined as the ratio of correctly predicted instances to the total number of instances.

®)

TE+TN

Accuracy = ——————
4 TE+TN+FP+FN

Where,
TN (True Negative): The number of pixels that are correctly predicted as negative.

Intersection over Union (loU) is a common metric used for evaluating the performance of segmentation models.
IoU measures the overlap between the predicted segmentation and the ground truth segmentation.
TP

lol = ——— 9)
T+ FN+FP

Loss functions quantify the error between predicted and true values during model training. The chosen loss
function, such as the combination of Dice Loss and Categorical Focal Loss guides the model towards optimal
parameter values. Minimizing the loss function is the primary objective during training.

Let dice_lo5S(¥,pye Yprea) be the Dice Loss, and focal 1oss( ¥,z Voreg)  be the Categorical Focal Loss.

Also, let class_weights = [w1,w2,w3,w4] represent the class weights for the Dice Loss. These weights are
associated with the weight for the first, second, third, and fourth class in our segmentation problem.

total_loss = dice_lo5s(¥V,pye Vprear class_weights) + focal loss(y,,p0 Vprea)  (10)
Where
Y¥erue typically refers to the actual values

Vprea refers to the predicted values

-
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In Figure 7, the outcomes of our proposed model, the Attention-Enhanced and Residual U-Net (AR-UNet), are
presented and compared with other models. The attention mechanism is used to highlight important regions, and
residual blocks are used to capture fine nuclei details, resulting in improved feature representation and
localization. AR-UNet can accurately highlight nucleus boundaries and distinguish between positive and negative
regions by leveraging the attention mechanism. Furthermore, because of the integration of residual blocks, the
model captures fine-grained details of the nuclei, further improving the segmentation accuracy.

e & 8

pidei®
(R ;
R:P - oy

P

Auc: 86% Auc: 86% Auc: 94% Au(‘:: 86%
TIoU: 67% TIoU: 67% ToU: 77% IoU: 68%
@ r 5 o - ~

e : e’ o ® .
Auc: 80% Auc: 82% Auc: 91% Auc: 85%

TIoU: 60% TIoU: 61% ToU: 70% _ IoU: 63%

U o L)
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o, L

Auc: 86% Auc: 84% Auc: 93% Auc: 87%
IoU: 69% IoU: 68% IoU: 79% IoU: 71% TIoU: 70%
Figure 7: Results on several samples. Each row presents: (a) input image, (b) ground truth- white: positive
nucleus, grey: negative nucleus, border of nucleus, background (c) U-Net [6] (d) ResNet U-Net [48] (e) Attention
U-Net [9], (f) Proposed AR-UNet

Table 3 presents a comparative analysis of the proposed AR-UNet with other variants based on evaluation
metrics. The AR U-Net is the one to win.

Table 3: Comparison of Proposed RA U-Net and U-Net based on performance metrics

Method Metrics
Precision (%) | Recall (%) | Fl-score (%) | 10U (%) | Accuracy (%) | Loss
U-Net 85 85 80 68 85% 0.47
UNet- ResNet 87 87 83 71 87 0.34
Attention U-Net 91 91 89 80 91 0.26
Proposed AR-UNet 92 92 89 81 92 0.25

The AR-UNet correctly identified the nuclei and relevant structures in the histopathological image with an
accuracy of 92% with a low loss value of 0.25. The F1 score of 89% demonstrated balanced performance, striking
a strong balance between precision and recall with 92%, which measures the model's ability to capture the
majority of true positive instances. The loU of 81% indicated a close alignment between the AR-UNet's predicted
segmentation mask and the ground truth, accurately capturing the boundaries of nuclei. AR U-Net receives an F1
score of 89%.

The outstanding performance of the AR-UNet highlights its potential as a powerful tool in histopathological
image analysis. Its accurate segmentation of the nuclei and relevant structures can greatly aid pathologists and
researchers in diagnosing and analyzing tissue morphology tumour cell characteristics and proliferation markers
in histopathological images. The promising results of AR-UNet offer enormous opportunities to advance medical
research and improve clinical practices in the field of digital pathology.

Multi Class Segmentation

85% 86% 2% a1 2%
' 69% 74975281% 76%732,80%

589.50% 6156000 °

UNET UMET (Backbone: Attention UNET Proposed AR-UNet
Reznet)
Class 1-Backrmonnd Class2-Positive Class3- Border of mclens Classd- Megative

Figure 8: Comparison of the graphical plot of AR-UNet with other U-Net variants in terms of labels of multitask
segmentations (classes)
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In Figure 8 & 9, gives a comprehensive comparative evaluation is performed to compare the proposed Attention-
Enhanced and Residual U-Net (AR U-Net) with other U-Net variants in terms of multitask segmentations or class
labels. The evaluation involves four classes: Class 1 (Background), Class 2 (Positive), Class 3 (Border of
Nucleus), and Class 4 (Negative). The comprehensive comparative evaluation highlights the strengths of the AR
U-Net proposed in multitask segmentation or class-wise precision for histopathological image segmentation. The
model demonstrates superior accuracy performance. Our research identifies current trends and innovations within
the realm of segmentation. This encompasses the incorporation of deep learning U-Net architecture, attention, and
residual blocks for nucleus segmentation in IHC images.

ol e

Figure 9: Results on five samples with positive, negative nucleus ,border of nucleus and background class. In each
row we present: (a) ground truth and (b) predicted images of U-Net (c) UNet- ResNet (d) Attention U-Net (e)
Proposed AR-UNet. Red circle shows pixels misclassified while yellow circle shows correctly classified label

5.CONCLUSION

This paper presents AR U-Net, which was designed and developed for nucleus segmentation in IHC images. The
proposed architecture incorporates attention mechanisms and residual blocks into the U-Net architecture.
Attention mechanisms dynamically highlight important features and suppress irrelevant ones while using residual
blocks, helping to learn more features that often contain critical information for segmentation, resulting in
improved feature representation and localization. Extensive tests on the DeepLIIF testing dataset revealed that AR
U-Net performed admirably, with an F1 score of 89%, IOU of 81%, an accuracy of 92%, and a negligible loss of
0.25. Visual segmentation results and performance metrics were compared with other U-Net variants, such as U-
Net, U-NET with a ResNet backbone, and Attention U-Net, validating the proposed AR U-Net's superiority in
accurately identifying and segmenting nuclei in histopathological images.
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There are several possibilities for the future scope of this work. After segmentation, we intend to measure protein
content within the nucleus by employing an optimal method. The proposed AR U-Net expands the field of
histopathological image analysis and has the potential to significantly contribute to the accurate identification and
segmentation of nuclei in histopathological images to help pathologists and researchers in cancer diagnosis and
analysis.
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