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Smabac, Teiumabac, Tesin Nuclei segmentation is a challenging task in histopathology images. It is challenging due

c 4 to the small size of objects, low contrast, touching boundaries, and complex structure of
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nuclei. Their segmentation and counting play an important role in cancer identification
and its grading. In this study, WaveSeg-UNet, a lightweight model, is introduced to

segment cancerous nuclei having touching boundaries. Residual blocks are used for

Muhammad Faheem, Department of Computing
Science, School of Technology and Innovations,
University of Vaasa, Vaasa 65200, Finland.

Email: muhammad faheem@uwasa f . . .
mail: muhammad faheem@uwasa feature extraction. Only one feature extractor block is used in each level of the encoder

and decoder. Normally, images degrade quality and lose important information during
down-sampling, To overcome this loss, discrete wavelet transform (DWT) alongside max-
pooling is used in the down-sampling process. Inverse DWT is used to regenerate original
images during up-sampling. In the bottleneck of the proposed model, atrous spatial
channel pyramid pooling (ASCPP) is used to extract effective high-level features. The
ASCPP is the modified pyramid pooling having atrous layers to increase the area of the
receptive field. Spatial and channel-based attention are used to focus on the location and
class of the identified objects. Finally, watershed transform is used as a post processing
technique to identify and refine touching boundaries of nuclei. Nuclei are identified and
counted to facilitate pathologists. The same domain of transfer learning is used to retrain
the model for domain adaptability. Results of the proposed model are compared with
state-of-the-art models, and it outperformed the existing studies.
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1 | INTRODUCTION

Histopathology has evolved as one of the important fields in
the diagnosis of almost all kinds of diseases. Every year, mil-
lions of histopathology images are taken for treatment and
these images provide vital information to histopathologists.
Microscopic images are often stained with haematoxylin and
eosin (H&E) [1]. Traditionally, pathologists manually segment
nuclei of histopathology images. Manually counting of nuclei is
tedious and a time-consuming task. Automated nuclei seg-
mentation in histopathology images is an important element of

computer-aided design systems (CADs). Optimised nuclei
segmentation helps in accurate nuclei counting, which in-
creases the performance of models [2].

Nuclei segmentation is a challenging task due to interclass
homogeneity and intraclass heterogeneity [3]. One nucleus
divides itself into two nuclei during the mitosis process. During
this division, it changes its shape which increases their
Additionally, the
touching/ovetlapping nuclei is also a challenging task. Low-

misclassification rate. segmentation of

intensity differences between the foreground and background
and vanishing boundaries are the misleading factors. CADs [4,
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5] are thought to be a more effective solution to handle these
challenges.

Accurate nuclei segmentation is an important and chal-
lenging task for CADs in histopathology images [6]. The un-
availability of large datasets makes it further challenging. Deep
learning techniques [7, 8] are considered comparatively better
approaches than conventional machine learning models [9-13].
These techniques have focused on deep features extraction to
get accurate segmented nuclei. Various computer-aided tech-
niques are used for segmentation and nuclei counting of
microscopic images, and novel approaches are still being
examined. Several techniques are used to segment overlapped
[14, 15] and clustered nuclei [4, 16]. Some recent techniques
[17-19] have provided a framework for microscopic object
segmentation. However, small, cluster-based complex hetero-
geneous nuclei segmentation remained an issue for various
techniques.

In the proposed model, we are addressing the challenges
associated with nuclei segmentation in histopathology images.
Accurate identification and counting of nuclei are the funda-
mental requirements for cancer grading. Existing studies face
difficulties identifying nuclei due to the small size of nuclei, low
foreground and background contrast, and touching boundaries
of nuclei. To overcome these challenges, the WaveSeg-UNet, a
lightweight model, is introduced specifically to segment nuclei
with touching boundaries. In the proposed model, residual
blocks are used for featute extraction and discrete wavelet
transform (DWT) is utilised to mitigate information loss dut-
ing down-sampling. The atrous spatial channel pyramid pool-
ing (ASCPP) having spatial and channel-based attention
mechanisms is employed for high-level feature extraction.
Additionally, the same domain of transfer learning is utilised to
enhance model adaptability. By improving segmentation ac-
curacy and efficiency, the proposed model aims to facilitate
pathologists in cancer segmentation and grading. The ultimate
contribution of more accurate segmentation is to increase the
survival chances of cancer-affected individuals. This study has
the following contributions.

® WaveSeg-UNet, a lightweight model, is proposed to identify
and refine touching boundaries of small nuclei and segment
them for accurate counting of nuclei in histopathology
images. The same domain of transfer learning is used to
evaluate the proposed model.

® DWT and inverse discrete wavelet transform (IDWT) are
used in hybrid down-sampling and hybrid up-sampling,
respectively, to preserve the spatial localisation of features in
an image.

® The proposed WaveSeg-UNet model employs a combination
of atrous spatial and channel attention-based pyramid pooling
(ASCPP) to detect small objects. The atrous layers enlarge
small objects, while spatial attention helps to locate the object
and channel attention helps to identify the object class.

® To accurately count the segmented nuclei, watershed
transformation is applied as a post-processing technique to
identify and refine the boundaties of touching/ovetlapped
nuclei.

In the rest of the paper, related work is discussed in Sec-
tion 2. In this section, we provided a detailed review of the
existing literature and highlighted the gaps that our study aims
to fill. Section 3 describes the method used in our research,
including datasets and the proposed model. We presented our
results and discussions in Section 4. Finally, in Section 5, we
provided the conclusion of our study, as well as recommen-
dations for the future research work.

2 | RELATED WORK

Conventional segmentation models primarily depend on
traditional methods, such as active contour variants, morpho-
logical operations, and colout-based thresholding [20, 21].
These techniques, however,
morphology [4]. Furthermore, the segmentation of touching

cannot generalise nuclei

and overlapped nuclei remained an issue for these techniques
[7, 22]. Conventional machine learning techniques such as
SVM and random forest use hand-crafted features for nuclei
segmentation [23-27]. The performance of the traditional
machine learning techniques suffers due to low domain
knowledge during feature extraction [28-31].

The study [32] treated nuclei identification as a segmenta-
tion task, while another study [33] treated it as a regression task
by applying a nuclei distance map. Another study [34] found
that nuclei segmentation through multi-model fusion is better
than multi-task learning and stand-alone models. Several stra-
tegies [28] and [35] used CNN-based models to predict objects
and their contours, while another study [36] introduced U-
Net++ as a multiple U-Net-based model with redefined skip
connections. These models ate not capable enough to handle
small nuclei, touching boundaries, inter-class homogeneity, and
intra-class heterogeneity.

A two-step nuclei segmentation method is introduced by
Yi et al. [37] where the SSD model is utilised to obtain and
crop the bounding box patches, and in the second step,
instance segmentation is performed. The region-based con-
volutional network [38] is introduced to detect and segment
nuclei. An encoder—decoder network [39] with the integration
of residual block, attention block, and bottleneck layer is
introduced to minimise the information loss during the pool-
ing layer. The encoder—decoder approach [40] with atrous
spatial pyramid pooling model, dilated residual network [41],
and small mitotic detector [42] is proposed to increase the
results of nuclei identification. The multi-scale fully convolu-
tional residual network with dilated layers [43] is introduced for
the segmentation of histological images. These techniques ate
helpful in overcoming challenges such as the disappearance of
small objects, the correct localisation of small objects, and
segmentation of complex nuclei.

Several deep learning approaches [15, 40, 44| are used to
specifically segment out ovetlapped/touching nuclei. In research
[15], DenseRes-Unet is proposed where dense blocks are inte-
grated in the final layer of the encoder for diverse information.
Semantic gap is one of the major issues between the encoder and
decoder path, so atrous blocks in skip connections are used to
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reduce this gap. Distance map is applied for centre point
detection to identify overlapped nuclei accurately. On the other
hand, modified atrous spatial pyramid pooling in U-Net
(ASPPU-Net) [40] is used to handle the heterogeneity of
nuclei for better feature extraction without affecting spatial
resolution in histopathology images. This model utilised a
concave point detection technique after atrous convolution
bottleneck to refine and split touching boundaries of nuclei. The
synchronous segmentation method [45] is introduced to identify
the overlapped nuclei, where identified nuclei are refined using
vertical and hotizontal centre-point separation methods. Finally,
contour-seed learning [14] is utilised for the segmentation of
refined touching nuclei.

A model is introduced in the study [46] which can segment,
detect, and classify the objects at the same time. The detection
and classification of models are performed based on centre key-
points of objects. The joint pyramid fusion module is also
introduced to enhance local features to help classification and
detection. Model is evaluated on four datasets including the
PanNuke, MonuSeg, TNBS, and BBBC039V1 dataset. It is a
diverse model which outperformed the existing studies. Another
study [47] is also evaluated on the same dataset. Itis a multi-stage
model which introduces instance nuclei segmentation and clas-
sification, simultaneously. It is the less complex model as
compared to the previous study. These models can face gener-
alisation problems as these are trained on a single dataset. To
overcome these issues, the authors in Ref. [48] introduced the
multi-task learning model. The generalisation of the model is
ensured by evaluating over 600 thousand segmentation and 440
thousand classification samples. It is evaluated on various organs
having millions of nuclei. Triple U-net [49] is a model which has
three branches. The RGB branch, segmentation branch, and
haematoxylin branch are used to extract rich features. To
generalise the model, it is validated on three datasets. Due to
three feature extraction branches, it is a complex model.

3 | METHODOLOGY

Cancer identification through histopathology images is a gold
standard. However, it has some challenges due to the
complexity of histopathology images. Histopathology images
have the challenges of low contrast, inter-class homogeneity,
intra-class heterogeneity, unavailability of large datasets,
disappearance of small nuclei, and identification of touching
boundaries in clustered nuclei. State-of-the-art CADs with
some limitations are used for eatly and accurate cancer iden-
tification. In this study, we introduced the WaveSeg-UNet
model for the accurate segmentation of clustered nuclei hav-
ing ovetlapped/touching boundaties.

3.1 | Datasets

We evaluated the proposed model on three publicly available
datasets. These datasets are Triple negative breast cancer
(TNBC), BBBC039V1, and PanNuke.

3.1.1 | Triple negative breast cancer

It is a breast cancer dataset which is collected from seven
patients. It has 50 images of size 512 X 512 pixels. These
images are taken at a 40X magnification level. It has 4022
annotated nuclei. On average, each image has 80 nuclei, and
the minimum number of nuclei in an image is 5.

3.1.2 | BBBC039V1

BBBCO039 (Broad Bioimage Benchmatrk Collection 039) is a
publicly available microscopic dataset of breast cancer. It is a
segmentation and classification dataset. This dataset has 200
TIFF files of size 520 X 696 each. This dataset has a total of
23,000 nuclei.

3.1.3 | MoNuSeg

MoNuSeg is the multi organ histopathology dataset for image
segmentation. These images are taken under a 40X magnifi-
cation level. Images of this dataset have size of 1000 x 1000. It
is a diverse dataset of seven organs including Bladder, Breast,
Colon, Kidney, Liver, Prostate, and Stomach. Images of this
dataset are collected from 30 patients.

3.1.4 | PanNuke

PanNuke is a pan-cancer segmentation dataset of 19 organs
[50, 51]. Whole-slide images of this dataset are divided into
256 x 256 X 3 sized patches. This dataset has around 200 k
nuclei having five categories, excluding the background. This
dataset is the advancement of the MoNuSeg [22] dataset. In the
PanNuke dataset, samples are labelled for both semantic and
instance segmentation. Five categories of the dataset with their
number of nuclei are Inflammatory (32,276), Connective
(50,585), Neoplastic (77,403), Non-neoplastic Epithelial
(26,572), and Dead (2908). Nineteen organs with the number
of nuclei are Breast (51,077), Colon (35,711), Bile-duct (9048),
Oesophagus (9292), Uterus (8791), Lung (7071), Cervix (7288),
Head-Neck (7789), Skin (7081), Adrenal gland (6948), Kidney
(4426), Stomach (5408), Prostate (4175), Testis (4723), Liver
(4890), Thyroid (4896), Pancreatic (4434), Ovarian (3857), and
Bladder (2839).

3.2 | Proposed model

One of the major causes of misclassification and miscounting
of objects in histopathology is ovetlapping/touching bound-
aries of nuclei. To address this problem, the WaveSeg-UNet, a
segmentation model, is introduced. Accurate boundaties
identification and refinement lead to better performance of

models. The 256 x 256 sized images are used as input of the
proposed domain adaptive WaveSeg-UNet model. The
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FIGURE 1 The proposed WaveSeg-UNet model.

proposed model employs residual blocks as a feature extractor,
as demonstrated in Figure 1. The hybrid pooling layer is used
during the down-sampling process of the model. The ASCPP
bottleneck block is used as a bridging block between the down-
sampling and the up-sampling of the model. A hybrid up-
sampling technique is integrated into the model to achieve a
better segmentation of small objects. In the proposed model,
the watershed technique is applied as a post processing tech-
nique where the distance map is applied. It assists the proposed
segmentation model to identify touching boundaries of nuclei
in histopathology images.

3.2.1 | Pre-processing

In histopathology images, complexity, variation in the staining
process, and noise are the reasons for the low performance
of models. Contrast limited adaptive histogram equalisation is
used as a pre-processing technique to enhance the contrast of
the foreground and background. It is a small window-based
contrast enhancement technique, whereas others are image-
based enhancement techniques. This window-based tech-
nique is useful for blurry and occluded small objects. A
window of size (8, 8) is applied on the images of small
nuclei.

Histopathology images from the PanNuke dataset have a
size of 256 X 256 x 3 pixels. Other datasets have large scale
images. The proposed model accepts images of 256 X 256 X 3
as input. Since both the PanNuke samples and the model input
are of the same size, cropping or resizing has not been per-
formed for it. We cropped the images of other datasets
accordingly. For model evaluation, the datasets are divided into

,,
=

256 x 256, 32

256 x 256, 32

Watershed

Nuclei count

Boundaries identification and refinement

‘ Hybrid pooling
I Hybrid up-sampling Residual block

P Bottlencck (bridging)

train, validation, and test sets, comprising 70%, 20%, and 10%
of the data samples, respectively.

3.22 | Domain adaptation

Deep learning models require large datasets for their evalua-
tion. Lack of large datasets is one of the main issues of medical
imaging, particularly in histopathology. Transfer learning is one
of the techniques used to overcome this issue. However,
microscopic images have different structures and shape of
objects as compared to natural images, so transferring of
weights from natural to microscopic images leads towards
domain adaptation issues. This transferring technique does not
provide the required impact on the performance of the model.
To gain the better impact of transfer learning, the same domain
of transfer learning is adapted in the proposed model. Initially,
the model is trained on a microscopic dataset BBBC0O39V1 to
obtain pre-trained weights of the same domain. Subsequently,
the weights of the same domain are transferred for retraining
the model. Comparatively, the same domain of transfer
learning provided better results than different domains of
transfer learning with a smaller number of epochs.

3.23 | Feature extraction

Deep neural networks are useful models to extract local as well
as global features. In this study, residual blocks are used to
extract features as shown in Figure 2. Identity connections of
residual networks make them superior over other feature ex-
tractors to overcome the vanishing gradient issue. Various
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FIGURE 2 Residual block: The feature extraction block based on two
layers with identity connection.

convolutional layers in a residual block are used in different
studies; however, in the proposed model, residual blocks
having two convolutional layers are used for feature extraction.
In both the encoder and decoder of U-net, one residual block
is used on each level of the proposed model. Relu activation
function, same padding, filter size of 3 X 3, stride of 1 and HE
normal are used in the proposed feature extractor. Equation (1)
shows the additive method (+) of skip connection and con-
volutional layers of a residual block.

H(x) = F(ws +b) + x (1)

‘w’ represents the weight vector, %’ is used for the number of
inputs, and ‘b’ represents bias which is a small value associated
with every input. In Equation (1), additional ‘x’ shows the
additive property of skip connection. This property makes the
model capable of extracting rich features by adding feature
maps of previous layers.

3.24 | Hybrid pooling

Pooling layers help to reduce dimensions of the image to
extract global features of succeeding convolutional layers. In
the proposed model, a hybrid of max-pooling and DWT is
introduced. Hybrid pooling is useful for the succeeding layers
to extract diverse features that leads towards better perfor-
mance of the model. The max-pooling layer generates infor-
mation based on neighbourhood as shown in Equation (2). In
max-pooling, the maximum value is taken from the specific
region.

_—— ZLi 2
Zkpq (i%ﬁéq( ku) (2)

qu is the region, whereas zp; is the input at (i, j). Zgpq is the
output of zg;; activation at the ‘k’ feature map.

Discrete wavelet transform is used to minimise the impact
of neighbourhood reduction [52]. It is a data compression-
based image reduction technique. Images compressed/

reduced through this technique can be reconstructed using
IDWT without losing information. This technique also lowers
the chance of rough edge detection which leads towards a high
accuracy of small object segmentation. The last channel of the
second level DWT is used in the proposed model. Invertible
matrices /77, /11, a1, and [z of dimensions 4 X 4 are used as
shown in Equation (3). The DWT has four operations over
these invertible matrices. Those operations are z;7, Zr g, Zpr,

11 -1 -1
fiL= [ Jim = [ 1,
1

and zgy.

-1 1]
afHH:

fHL:[

-1 1

The down-sampling and output of DWT are calculated by
the convolution operation of invertible matrices. In this study,
the down-sampling factor * |’ of 2 is used. DWT matrices
210=frr®2 12, z1n=(ftu®2) 1 2,2zt = (frr ® 2) 1 2,
and zpp = (fag ® 2) | 2 are further explained in Equa-
tions (4-7). @ is the convolution operator.

z11(p,q) =2z(2p — 1,29 —1) + z(2p — 1,29) )
+Z(2P72‘]_1> +Z(2Pa2‘])

zir(p,q) = —2(2p — 1,29 — 1) — z(2p — 1,29)
+Z(2pa2q_l) +Z(2P72‘])

zr(p,q) = —z(2p — 1,29 — 1) + z(2p — 1, 2¢g)
_Z(2P7 2‘]— l) +Z(2P7 24])

zin(p,q) = 2(2p — 1,29 — 1) — z(2p — 1,29) )
—z(2p,29 - 1) + z(2p, 2q)

Four channels are used in DWT, whereas one channel is
used in the max-pooling layer. All four channels of DWT are
concatenated using Equation (8). After DWT, a convolutional
layer having a filter size of 1 X 1 is applied to reduce channels
of images generated through DWT. Furthermore, the output
of both layers with equal channels is concatenated, and final
output is provided to the successor block as shown in Figure 3.

DW Tpus = concatenate(zrr, ZLH, ZHL , ZHH ) (8)

3.2.,5 | ASCPP bottleneck block

The ASCPP is used as the bottleneck of the proposed model.
Three convolutional block attention modules (CBAM) [53]
alongside four atrous convolution modules (ACM) are used in
this model to increase the field of view to extract better fea-
tures of small objects as shown in Figure 4. ACM is the
combination of an atrous convolutional layer, a ReLU
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FIGURE 3 Combination of wavelet and max-pooling is introduced in

v

the encoding block of the proposed model as Hybrid Pooling.

Down-
sampling

Up-
sampling

Concatenation

FIGURE 4 ASCPP bottleneck block is used as the combination of
CBAM and ACM to focus on the location and class of the objects.

activation function, and a batch normalisation layer. Atrous
modules are used to overcome the impact of max-pooling and
convolutional layers on the size of objects and their spatial
information. Kernel sizes of (3, 3) are used in all modules
excluding the last ACM.

In CBAM, the sequences of the channel attention module
and the spatial attention module are used. Channel attention
utilised both max-pooling and average pooling followed by
shared multi-layer perceptron. After the addition of both
pooling layers, the sigmoid activation function is applied, and
the channel attention map Mc is obtained by applying Equa-
tion (10). The concatenation of the channel attention map
(M¢) and the input feature map (F) is provided to the spatial
attention module as shown in Figure 5. Max-pooling and
average pooling filters of size (7, 7) are applied in the spatial
attention module using Equation (11). Channel-refined fea-
tures are concatenated with the spatial attention map Ms to
obtain refined features F ' using Equation (9). The focus of
channel attention is on ‘what’ meaningful information is given
in the input image whereas spatial attention is applied to get

Input fFeature Channel Attention

N 1T Map (M)
[ MaxPool | .Y e? —

Add  Sigmoid

AvgPool Shared MLP  AvgPool

B csav
Concatenate

Sigmoid
[MaxPool, Cony layer Spatial Attention
AvgPool] Map (M,)

Refined
feature F'

Channel refined
feature

FIGURE 5 Convolutional block attention module (CBAM).

the location of meaningful information inside the input image,
so it tries to give the information about ‘where’.

F'=M(M:(F)®F) @ Mc(F)®F)  (9)

Mc(F) = 6(MLP(AvgPool(F)) + MLP(MaxPool(F)))
(10)

My(F) = a(f(7X7) ([Angool(F);MaxPool(F)])) (11)

3.2.6 | Hybrid up-sampling

The proposed model utilises a hybrid approach of 2D up-
sampling and IDWT to reconstruct images without losing in-
formation. 2D Up-sampling is the inverse of the pooling layer
and increases the dimensionality by copying the previous level's
values, but it does not restore the original features. On the
other hand, IDWT is the reverse of DWT and can reconstruct
images without the information loss. In the proposed method,
images are reconstructed from the second level to the first level
decomposition and then from the first level to the original
image using all four channels. Equations (12-15) show the
process of image reconstruction.

)= zepra) _z(p.q)

20—1,2g—1
z(2p - 1,29 4 4

_zuL(p,q) | zun(p.q)
4 4

z1L(p,q) _ z1H(pq)
Z(Zp—l,Zq)z LL4 _ LH4

(13)
zrL(p,q) _ zrH (D, q)

R 4

22p,2g—1) = ZLL(f, q) L ZLHiPa q)
_zur(pq) _zun(p:9)
4 4
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Where z is the image and (p, g) is the (p, g)th pixel value of
z. The output of each location for all channels is concatenated
using Equation (16). The output of both 2D up-sampling and
IDWT is concatenated to produce a joint output of the hybrid
up-sampling process. Images obtained through the hybrid up-
sampling module are further concatenated with a copy of the
encoder block of the upper level as shown in Figure 6.

IDW Toypus = concatenate(z(2p —1,2q — 1)

2(0p—1,29), 220,29~ 1),2(2p,29)) 1%

3.2.7 | Watershed for boundaries identification
and refinement

The watershed technique is a machine learning approach used
to segment images by dividing them into different regions
based on the intensity values of the pixels. In this model, it is
used to separate different nuclei from each other by post-
processing the predicted images. Initially, erosion and dilation
are applied to determine the sure foreground and sure back-
ground of the image. The algorithm applies watersheds to the
unknown area between the sure foreground and sure back-
ground, starting from the lowest intensity values and gradually
filling in the surrounding pixels until it encounters a pixel with
a higher intensity value. This process continues until the
background in the image reaches the boundary of the fore-
ground, resulting in a set of distinct regions corresponding to
the nuclei. The technique is useful in the accurate counting of
nuclei in histopathology images by identifying and refining
touching boundaries of clustered nuclei.

4 | RESULTS AND DISCUSSIONS

The WaveSeg-UNet is a lightweight model proposed for
identifying nuclei in histopathology data. It has fewer than one
million parameters. The Adam optimiser with a learning rate of

0.0001 and a threshold of 0.5 is applied. The binary cross-
entropy loss function and sigmoid activation function are
used in the proposed model. The proposed model is trained up
to 100 epochs on four datasets.

41 | Evaluation metrics

The IF1 score and the Jaccard index are two evaluation metrics
used for model evaluation. The F1 score is particulatly useful
for models that segment small or complex objects, as it is
sensitive to boundary alignment. The F1 score is calculated
using Equation (17). The Jaccard index measures the overlap
between the prediction and the ground truth and ranges from
0 to 1, with higher values indicating better overlap. The Jaccard
index is calculated using Equation (18).

2% Tp

Fl—score=—————""— (17)
2 % Tp + TN + Fp

Predicted, . N Actual .
Predicted.,,, U Actual,,,,

JaccardIndex = (18)

4.2 | Ablation study
We investigated the proposed model through seven various
combinations. In the initial investigation, we tested the stan-
dard U-Net model on all four datasets to get baseline results.
This baseline model has 1.9 million parameters. Two other
variations are performed by keeping the model's parameters
constant. In the first variation, hybrid pooling and hybrid up-
sampling are introduced. It is used to achieve true features of
the image by preserving its definitions during vatious opera-
tions at different levels of the model. In another variation, the
ASCPP bottleneck block is introduced to focus on the location
and class of objects. We observed that the U-Net model having
ASCPP and wavelet transform has better performance as
compared to other variations with the same number of pa-
rameters. We named this vatriation as WaveSet-UNet+. In the
next experiment, instead of keeping the parameters constant,
we kept the components like hybrid pooling and ASCPP
constant with various parameters and levels of encoder and
decoder blocks. We changed the number of parameters of the
model from 0.5 million to 35 million parameters. WaveSeg-
UNet— has 0.5 million parameters, and WaveSet-UNet++ has
35 million parameters. The WaveSet-UNet— has three levels
with 16 input parameters. The WaveSet-UNet++ has five
levels with an input layer having 32 parameters. From all these
variations, it is observed that the WaveSet-UNet model, having
1 million parameters, outperformed the other variations. We
adopted the WaveSeg-UNet model as the proposed model with
the same domain of transfer learning,

The standard U-Net has achieved an F1 score of 0.83, 0.81,
0.80, and 0.78 and Jaccard index odf 0.69, 0.67, 0.66, and 0.65
on Triple-Negative Breast Cancer (ITNBC), BBBC039V1,
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TABLE 1 Ablation study.

Fl-score Jaccard index
Parameters

Ablations (millions) TNBC BBBC039V1 MoNuSeg PanNuke TNBC BBBC039V1 MoNuSeg PanNuke
U-Net 1.9M 0.83 0.81 0.80 0.78 0.69 0.67 0.66 0.65
U-Net with hybrid pooling and hybrid 1.9 M 0.85 0.83 0.82 0.81 0.71 0.69 0.69 0.68
up-sampling

WaveSeg-UNet+ 1.9M 0.89 0.87 0.86 0.85 0.74 0.73 0.71 0.71
WaveSeg-UNet++ 35 M 0.84 0.82 0.82 0.81 0.71 0.69 0.69 0.68
WaveSeg-UNet— 0.5M 0.87 0.85 0.84 0.82 0.72 0.72 0.71 0.70
WaveSeg-UNet with transfer learning 1 M 0.92 0.90 0.88 0.87 0.76 0.76 0.75 0.74
The proposed WaveSeg-UNet 1M 0.94 0.92 0.91 0.90 0.80 0.79 0.77 0.75

MoNuSeg, and PanNuke, respectively. WaveSeg-UNet++ is
another variation of the proposed model. In this variation, we
doubled the number of parameters in each level. Instead of
improvisation, the model got overfit due to its complexity and
high number of parameters. It achieved an F1 score of 0.84,
0.82, 0.82, and 0.81 and a Jaccard index 0.71, 0.69, 0.69, and
0.68 on TNBC, BBBC039V1, MoNuSeg, and PanNuke,
respectively. WaveSeg-UNet— is another variation of a model
which has 0.5 million parameters. It is the smallest version of
the experimental variations. Experimenting this model on four
datasets, we achieved an F1 score of 0.87, 0.85, 0.84, and 0.82
and the Jaccard index of 0.72, 0.72, 0.71, and 0.70, respectively.
Alongside the standard U-Net model, we performed two other
vatiations by keeping the parameters constant to 1.9 million. In
first variation, we placed DWT in the encoding block and
IDWT in the decoding block. Through this variation we ach-
ieved an F1 score of 0.85, 0.83, 0.82, and 0.81 and the Jaccard
index 0.71, 0.69, 0.69, and 0.68, respectively. In the second
variation named as WaveSeg-Unet+, we used ASCPP along-
side DWT in the bottleneck of the model. This variation
provided us with an F1 score of 0.89, 0.87, 0.86, 0.85 and the
Jaccard index of 0.74, 0.73, 0.71, and 0.71, respectively. Finally,
we achieved the best results on the same domain transfer
learning of the proposed model having around 1 million pa-
rameters. The model has achieved an F1 score of 0.92, 0.90,
0.88, and 0.87 and the Jaccard index of 0.76, 0.76, 0.75, and
0.74 by using different domains of transfer learning and F1
score of 0.94, 0.92, 0.91, 0.90 and the Jaccard index of 0.80,
0.79, 0.77, and 0.75 by using pre-trained weights of the same
domain. Results of these vatriations ate shown in Table 1.

4.3 | Experimental results on multiple
datasets

The proposed model is trained on four histopathology datasets
including TNBC, BBBCO039V1, MoNuSeg, and PanNuke.
PanNuke is the most diverse dataset among all these. The
model has achieved the highest F1 score of 0.94 and Jaccard
index of 0.80 on the TNBC dataset. Similarly, it has secured an
F1 score of 0.92, 0.91, and 0.90 on BBBC039V1, MoNuSeg,

TABLE 2 Model generalisation on various datasets.

F1 Jaccard
Datasets score index
TNBC 0.94 0.80
BBBC039V1 0.92 0.79
MoNuSeg 0.91 0.77
PanNuke 0.90 0.75

and PanNuke datasets, respectively. The Jaccard index of the
model on these datasets is 0.79, 0.77, and 0.75, respectively.

Results of the proposed model on these datasets are given in
Table 2.

4.4 | Overall results on PanNuke dataset

Pre-trained weights of the proposed model on the same
domain are used as transfer learning to retrain the model. The
proposed model has achieved 0.91 train and 0.89 validation F1
score and 0.78 train and 0.75 validation Jaccard index. Varia-
tion within the dataset due to multiple organs made the dataset
complex. The proposed model has shown a significant
improvement in performance due to the wavelet transform in
down-sampling and its inverse in up-sampling, atrous layers to
focus on small object, spatial, and channel attentions to keep
focussing on location and class of the identified objects.

4.5 | Otrgan-wise validation on test data

The performance of the proposed model varied depending
on the organ due to the diversity of the data samples. The
model performed well on most organs, except for the head
and neck, which had a complex and diverse sample set with
fewer samples. The model achieved the highest F1 score of
0.97 on the pancreatic organ, which had a high contrast
between the background and foreground. The model ach-
ieved an F1 score of more than 0.90 on 13 organs out of 19
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1 TABLE 3 Performance of the proposed model at variable threshold
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FIGURE 7 (a) F1 Score, (b) Jaccard index of all organs at test data.

and more than 0.80 on five out of the remaining six organs
as shown in Table 5. The head and neck organs had the
lowest F1 score of less than 0.70. The model also achieved
the Jaccard index of more than or equal to 0.70 on 16 organs
out of 19. The breast organ, which had the most frequent
data samples, achieved the F1 score of 0.94 and the Jaccard
index of 0.78. The performance of the model on test samples
of all organs is shown in Figure 7.

4.6 | Results on various threshold values
Results of the proposed model are obtained at various
threshold values as shown in Table 3. It is observed that at a
low threshold value, the model has higher evaluation values.
The performance of the model degrades as the threshold value
increases. Comparison of all metrics at various threshold values
is shown in Figure 8.

4.7 | Overlapped nuclei identification

In this study, initially, the WaveSeg-UNet predicts based on the
input image. Error of the model is calculated by comparing
predictions of the model with ground truths. In a post-
processing stage, erosion and dilation of 2 and 5 iterations
are used, respectively. An erosion operation is performed to
confirm that the highlighted part of the predicted image is the
sure foreground. Dilation is used to confirm the background
of the predicted image. Similarly, in the next process, an un-
known area that could be the area of possible touching

S Jaccard index

Evaluation

0.2 0.3 0.4 0.5 0.6 0.7
Threshold

FIGURE 8 Performance of the proposed model at various threshold

values.

boundaries is achieved by comparing sure foreground. The
area of possible touching boundaries lies in between the nuclei
and background. To make this unknown area known, a
watershed technique is applied. The watershed identifies and
refines boundaries. A special intensity value is given to identify
boundary areas to draw nuclei boundaries and separate them
from other nuclei as well as from the background. Results of
identified touching boundaries are grey markers which are
further converted to instances of segmented images using a
conventional technique. Overlay of the identified objects is
applied on the original images. Test results of the proposed
model on all 19 organs of the PanNuke dataset are shown in
Figures 9—12.

4.8 | Post-processing effects on nuclei
counting

The watershed is a technique that divides an image into seg-
ments based on morphological information. It is used for
boundary identification and refinement. In this study, the
purpose of using this technique is to increase the mitotic count
accuracy. Five images of the TNBC dataset having 371 actual
nuclei are used for the evaluation of the model before and after
boundary refinement. Similarly, 10 images from BBBC039V1
are used. The MoNuSeg dataset has seven organs. One image
from each organ of this dataset is used for the evaluation of the
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Ground Truth Prediction

Sure Background  Sure Foreground Boundarics Watershed Nuclei Count Overlay

FIGURE 9 Predictions of the model on the test dataset of Adrenal Gland, Bile Duct, Bladder, Breast, and Cervix organs, respectively from top to bottom.
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FIGURE 10 Predictions of the model on the test dataset of Colon, Oesophagus, Head—Neck, Kidney, and Liver organs, respectively from top to bottom.
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FIGURE 11 Predictions of the model on the test dataset of Lung, Ovarian, Pancreatic, Prostate, and Skin organs, respectively, from top to bottom.

Tmage Ground Truth Prediction Error Sure Background  Sure Foreground Boundaries Watershed Nuclei Count Overlay

FIGURE 12 Predictions of the model on the test dataset of Stomach, Testis, Thyroid, and Uterus organs, respectively, from top to bottom.

model. On the other hand, five images from each organ of the
PanNuke dataset are used. Results on all datasets and all organs
are observed given in Table 4. A significant improvement is
observed in the model after applying watershed boundaries
identification and refinement technique.

4.9 | Comparison of organ-wise results with
existing studies

The proposed model is compared with existing studies on 19
organs of the PanNuke dataset. It has comparatively low
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TABLE 4 Results before and after post-processing,

Before post-processing After post-processing

Test Actual Predicted Misclassified Predicted Misclassified
Datasets Organs samples nuclei nuclei nuclei nuclei nuclei
TNBC Breast 5 371 346 26 349 23
BBBC039V1 Breast 10 836 761 78 779 60
MoNuSeg Bladder 1 52 49 5 51 3
Breast 1 43 40 3 41 2
Colon 1 31 31 2 33 1
Kidney 1 31 29 2 30 1
Liver 1 51 50 2 51 1
Prostate 1 36 37 2 37 3
Stomach 1 79 74 6 76 3
PanNuke Adrenal 5 131 118 14 121 10
gland
Bile-duct 5 133 121 12 122 11
Bladder 5 47 43 4 43 4
Breast 5 133 128 6 131 3
Cervix 5 75 77 3 76 1
Colon 5 53 47 6 47 6
Oesophagus 5 104 86 19 89 15
Head-Neck 5 49 36 13 36 13
Kidney 5 84 77 7 79 5
Liver 5 307 292 16 193 15
Lung 5 341 313 30 312 31
Ovarian 5 220 211 11 213 8
Pancreatic 5 89 87 2 87 2
Prostate 5 76 71 5 70 6
Skin 5 480 437 47 446 38
Stomach 5 76 76 4 78 3
Testis 5 23 23 0 23 0
Thyroid 5 139 125 16 129 11
Uterus 5 895 818 81 820 77

petformance on the PanNuke dataset, so it is used as a base
dataset to compare results with other studies. The proposed
model is compared with three other state-of-the-art models:
NucleiSegNet [39], DAN-NucNet [18], and DenseRes-Unet
[15]. The proposed model outperforms the other models in
terms of the F1 score on 17 organs, including adrenal gland, bile-
duct, bladder, breast, cervix, colon, kidney, liver, lung, ovarian,
pancreatic, prostate, skin, stomach, testis, thyroid, and uterus.
However, on two organs, oesophagus and head—neck, DAN-
NucNet has a higher F1 score as shown in Table 5. The Jac-
card index of the proposed model is higher than the other
models on 13 organs out of nineteen. DAN-NucNet has per-
formed better on five organs including adrenal gland, bladder,
cervix, oesophagus, and head—neck while DenseRes-Unet is

found to be efficient on skin samples. The proposed model has
the highest F1-score of 0.97 and the Jaccard index of 0.83 on the
pancreatic organ. On average, the proposed model has an F1
score of 0.90 and a Jaccard index of 0.75, while NucleiSegNet
has an F1 score of 0.83 and a Jaccard index of 0.72. Similarly,
DAN-NucNet and DenseRes-Unet have F1 scores of 0.84 and
0.82 and Jaccard indices of 0.74 and 0.71, respectively.

410 | Comparison of overall results with
existing studies

The proposed WaveSeg-UNet model has a significantly smaller
number of parameters in comparison to other existing studies.
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TABLE 5 Organ-wise comparison of results with existing studies.

NucleiSegNet DAN-NucNet DenseRes-Unet The proposed model
Organs F1 n F1 n F1 n F1 n
Adrenal gland 0.82 0.72 0.84 0.74 0.79 0.68 0.86 0.72
Bile-duct 0.83 0.72 0.84 0.73 0.80 0.69 0.90 0.76
Bladder 0.84 0.74 0.87 0.77 0.80 0.70 0.90 0.76
Breast 0.83 0.72 0.83 0.72 0.82 0.71 0.94 0.78
Cervix 0.85 0.76 0.85 0.76 0.83 0.73 0.89 0.74
Colon 0.78 0.66 0.80 0.68 0.81 0.68 0.87 0.72
Kidney 0.83 0.73 0.84 0.75 0.78 0.67 0.93 0.79
Liver 0.85 0.74 0.86 0.77 0.86 0.73 0.95 0.81
Lung 0.78 0.65 0.82 0.69 0.79 0.67 0.92 0.77
Ovarian 0.85 0.74 0.85 0.75 0.84 0.72 0.96 0.82
Pancreatic 0.83 0.72 0.85 0.75 0.83 0.71 0.97 0.83
Prostate 0.83 0.72 0.84 0.74 0.84 0.73 0.92 0.79
Stomach 0.87 0.77 0.87 0.78 0.88 0.77 0.93 0.79
Testis 0.84 0.73 0.86 0.77 0.86 0.75 0.95 0.81
Thyroid 0.84 0.74 0.86 0.76 0.87 0.77 0.91 0.77
Uterus 0.84 0.73 0.84 0.73 0.81 0.72 0.90 0.76
Average 0.83 0.72 0.84 0.74 0.82 0.71 0.90 0.75

TABLE 6 Comparison of results with existing studies.

Existing studies F1 score Jaccard index
U-Net [54] 0.78 0.65
UNet++ [55] 0.78 0.66
DIST [33] 0.72 0.55
MicroNet [56] 0.81 0.70
ASPP UNet [40] 0.76 0.63
SCPP-Net [57] 0.77 0.65
NucleiSegNet [39] 0.83 0.72
DenseRes-Unet [15] 0.82 0.71
DAN-NucNet [18] 0.84 0.74
The proposed model 0.90 0.75

With only 0.9 million parameters, it has less than 50% of the
parameters of the closest model, which is DenseRes-Unet with
2.2 million parameters. It outperformed state-of-the-art exist-
ing studies as shown in Table 6. Jaccard index and F1 score of
the model are compared with U-Net [54], UNet++ [55], DIST
[33], MicroNet [56], ASPP Unet [40], SCPP-Net [57], Nuclei-
SegNet [39], DenseRes-Unet [15], and DAN-NucNet [18]. The
DAN-NucNet [18] is the second high performing model
which has 0.84 F1 score and 0.74 Jaccard index. The DIST [33]
has the lowest performance on the multi-organ PanNuke
dataset. It has 0.72 F1 score and 0.55 Jaccard index. From the

rest of the studies, the U-Net [54], UNet+4 [55], MicroNet
[56], ASPP UNet [40], SCPP-Net [57], NucleiSegNet [39], and
DenseRes-Unet [15] have F1 scores of 0.78, 0.78, 0.81, 0.76,
0.77, 0.83, and 0.82 and the Jaccard indices of 0.65, 0.66, 0.70,
0.63, 0.65, 0.72, and 0.71, respectively.

5 | CONCLUSION AND FUTURE WORK

In this study, the WaveSeg-UNet is proposed for overlapped
nuclei segmentation of 19 organs. The model is designed to
overcome the limitations of small datasets using the same
domain transfer learning, which has advantages over different
domains of transfer learning. The WaveSeg-UNet is a light-
weight model with 0.9 million parameters, which uses three
encoder and three decoder levels with a residual block in
each level to extract features. The hybrid pooling is used in
down-sampling to preserve the shapes of objects, and the
ASCPP block is used in bottleneck to increase the receptive
field for better feature extraction. In the proposed model,
spatial and channel attention are applied to focus on the
location and class of the object. The model achieved a 0.90
F1 score and a 0.75 Jaccard index, which outperformed state-
of-the-art models. Finally, watershed is used as a post-
processing technique to identify and modify touching
boundaries of nuclei. In the future, deep learning techniques
need to be introduced for ovetlapped multi-class nuclei
segmentation.
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