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ARTICLE INFO ABSTRACT

Deep convolutional neural networks have been highly effective in segmentation tasks.
However, segmentation becomes more difficult when training images include many
complex instances to segment, such as the task of nuclei segmentation in histopathol-
ogy images. Weakly supervised learning can reduce the need for large-scale, high-
quality ground truth annotations by involving non-expert annotators or algorithms to
generate supervision information for segmentation. However, there is still a significant
performance gap between weakly supervised learning and fully supervised learning ap-
proaches. In this work, we propose a weakly-supervised nuclei segmentation method
in a two-stage training manner that only requires annotation of the nuclear centroids.
First, we generate boundary and superpixel-based masks as pseudo ground truth la-
bels to train our SAC-Net, which is a segmentation network enhanced by a constraint
network and an attention network to effectively address the problems caused by noisy
labels. Then, we refine the pseudo labels at the pixel level based on Confident Learning
to train the network again. Our method shows highly competitive performance of cell
nuclei segmentation in histopathology images on three public datasets. Code will be
available at: https://github.com/RuoyuGuo/MaskGA_Net
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2019b; (Vu et al.| 2019). Besides, cells often touch each other
and have different appearances even from the same organ.

1. Introduction

Automated nuclei segmentation in microscopy images is crit- With the recent success in deep learning, many complicated

ical in biomedical research and clinical practice, including nu-
clear morphology analysis, cancer diagnosis and grading (Liang
et al.| 2022)). The morphological features of nuclei, such as the
number, shape and size of cells, can be extracted after segmen-
tation for quantitative analysis of diseases. Nuclei segmentation
in histopathology images is however a challenging task due to
the complex cellular structure. As shown in Figure [I] there
are typically hundreds or thousands of cells in one image, and
the separation between foreground and background can be quite
obscure (Kumar et al., 2017; Naylor et al.,|2019; Graham et al.,
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computer vision tasks have achieved significant breakthroughs.
Similarly, some studies have shown that deep learning-based
methods can effectively improve the performance of nuclei seg-
mentation in histopathology images. In particular, fully su-
pervised histopathology image segmentation algorithms have
achieved excellent performance (Chen et al.l [2017; |Graham
et al.,[2019a). Some methods have incorporated boundary de-
tection (Kumar et al., |2017; Zhou et al., 2019) and recurrent
feature extraction (Xiang et al., 2020) to further improve the
performance of nuclei segmentation. However, these studies are
based on fully-supervised learning that requires a large amount
of high-quality annotations to achieve high performance. Due
to the prior knowledge required for annotating such images ac-
curately, it is very challenging to acquire large-scale datasets to
train fully-supervised nuclei segmentation models.
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Fig. 1. Samples of histopathology images from the MoNuSeg and TNBC
datasets.

In recent years, weakly-supervised learning methods have
received increasing attention. For segmentation problems,
weakly-supervised learning only needs a small number of
coarse annotations, such as point (Laradji et al., 2018} |Selvaraju
et al., [2017), scribble (Zhang et al 2020), bounding box (Oh
et al., 2021) or image labels (L1 et al., 2018) in comparison to
fully-supervised learning that requires pixel-wise annotations.
While these approaches can significantly reduce the annotation
burden when collecting datasets, it is not easy to apply these
methods to nuclei segmentation since nuclei segmentation tasks
require dense annotation (Koohbanani et al., [2020).

There have been limited studies on weakly-supervised cell or
nuclei segmentation (Yoo et al., [2019; |Qu et al., [2019a; [Tian
et al., 2020; [Dong et al., 2020; (Chamanzar and Nie| [2020;
Nishimura et al., [2019; Lee and Jeong) 2020). Most of these
approaches directly train the segmentation network with few
annotations (e.g., point annotations) and apply some techniques
such as conditional random fields (CRF) to refine the network,
or generate pseudo contour labels to train the network. How-
ever, without precise pixel-wise ground truth annotations, it is
difficult to train the deep learning models to achieve accurate
segmentation. Furthermore, the pseudo labels around the con-
tours of the nuclei are often highly noisy and hence introduce
mislabelling during model training. In our research, we adopt
point annotations to develop a weakly supervised method for
nuclei segmentation in histopathology images. We choose to
work with point annotations because they are easier to obtain
and most existing weakly-supervised nuclei segmentation ap-
proaches (Yoo et al., 2019; |Qu et al., |2019a; [Tian et al., [2020;
Qu et al., 2020alb) have been developed using point annota-
tions.

In this paper, we present a triple network, namely SAC-Net,
with a two-stage label refinement framework to train a weakly-
supervised nuclei segmentation model on histopathology im-
ages. SAC-Net aims to reduce the impact of the noisy label in
weakly supervised learning for cell segmentation. We first gen-
erate pseudo labels comprising centroids and Voronoi bound-
aries, and superpixel labels to provide supervision information
for training the networks. The proposed SAC-Net comprises
a feature aggregation segmentation network, an attention net-
work and a constraint network with a pseudo label refinement
method. More specifically, the segmentation network consists

of an encoder-decoder with multi-view aggregation. Two fea-
ture maps are generated by the constraint and attention network
to assist the segmentation network to extract the correct label in-
formation from pseudo labels for improving the final segmenta-
tion results. The shallow constraint network extracts low-level
feature maps and combines the high-level features from the seg-
mentation network. This extracted information can be empha-
sised during the inference process in the segmentation network
to reduce the impact of false positive labels from superpixels.
This combined representation can keep more details of the im-
age information. On the other hand, the attention network re-
stricts the segmentation network from learning the wrong infor-
mation from the superpixel labels. The integration of attention
network and constraint network helps alleviate false and missed
detections through two-level attention maps.

In addition, to further tackle the noise in pseudo labels,
we adopt the Confident Learning (CL) (Northcutt et al.,
2019) algorithm in our weakly-supervised segmentation model,
which can further refine the boundary of the segmented nu-
clei. Our method achieves competitive results with a rela-
tively lightweight segmentation model when compared to re-
cently proposed weakly-supervised or fully-supervised nuclei
segmentation methods on three public datasets. Our contribu-
tions can be summarised as follows:

e We propose a weakly-supervised learning framework,
which can further refine cell boundaries for nuclei seg-
mentation based on point annotations. The CL-based la-
bel correction process dramatically improves the segmen-
tation result, which, for the first time, has been utilised for
weakly-supervised nuclei segmentation.

e We introduce a SAC-Net, which includes a novel triple
network for nuclei segmentation, consisting of a segmen-
tation network, an attention network and a constraint net-
work. We improve our backbone such that it can handle
the complex shapes of nuclei by adding deformable con-
volutional layers and incorporating spatial attentions. The
constraint network is introduced to better preserve the low-
level texture features in order to tackle the over-fitting is-
sue of deep network architectures on small datasets as well
as the problem caused by imprecise labels by superpixels.
It can significantly reduce the impact of noisy labels with-
out introducing extra computational cost at test time.

e We incorporate the attention network and constraint net-
work to further address the difficulty of training due to
noisy pseudo labels. The attention network aims to solve
the problem of data-dependent denoising. The constraint
network tackles the over-fitting issue of deep network ar-
chitectures on small datasets as well as the problem caused
by imprecise labels.

e We also conducted experimental evaluations in a highly
noisy setup different from previous work, as a way to better
simulate clinical practice.

To this end, this paper is an extended version of our recent
paper published in MICCAI 2021 (Guo et al., 2021). In this
study, besides adding the constraint network, we also improve
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the backbone of the segmentation and attention networks by
integrating deformable operations and attention modules. We
have also conducted more comprehensive experimental evalua-
tions using three public datasets MoNuSeg (Kumar et al.,2017)),
TNBC (Naylor et al.||2019) and CPM-17 (Vu et al., 2019).

2. Related Work

2.1. Cell and Nuclei Segmentation

There are many studies on network architecture design to im-
prove segmentation results. CNN3 (Kumar et al.; 2017) extends
the binary classification problem of nuclei segmentation to clas-
sification of three classes by adding the nucleus boundary class.
CIA-Net (Zhou et al) 2019) achieves excellent performance
by leveraging a bi-decoder architecture with additional super-
vision of contours. Similarly, a two-stage learning method is
proposed in (Kang et al., 2019) to improve the accuracy by in-
cluding another network to learn a third boundary class from
segmentation outputs. Hover-Net (Graham et al.,2019c¢]) is pro-
posed to address the intra-class variability problem for different
kinds of cells and crowded cells to enhance the boundary de-
lineation as well. Rather than using the boundary information,
BiO-Net (Xiang et al.l |2020) applies skip connections in both
the forward and backward directions to enhance semantic fea-
ture learning. To avoid the loss of local details after the down-
sampling operation, FullNet (Qu et al.| 2019b) employs dilated
convolution layers in each convolutional layer.

Furthermore, a two-stage fully convolutional neural network
is designed by |[Kablan et al.| (2020) for cell segmentation. A
CU-Net is proposed by |Akbas and Kozubek! (2020), which is a
condensed network based on U-Net (Ronneberger et al., 2015).
Alternatively, a U-Net and Mask R-CNN (He et al., 2017) en-
sembled method (Vuola et al.,[2019) with colour transfer (Rein-
hard et al., [2001) as preprocessing is proposed. To solve the
problem of inconsistent colours in the dataset, a triple U-Net
structure is designed (Zhao et al., 2020), which does not re-
quire colour normalisation. The network gradually merges and
learns features from different fields or tasks through a feature
aggregation module. In addition, due to the small datasets, an
image synthesis network is introduced (Mahmood et al., |2020),
which utilises CycleGAN (Zhu et al.,[2017) to learn a mapping
from masks to pathology images. However, these methods are
designed for fully-supervised learning which cannot be directly
applied to point annotations. Also, high-quality supervision that
can highlight boundary information often increases the network
complexity.

2.2. Weakly Supervised Cell and Nuclei Segmentation

For weakly-supervised cell segmentation, the Voronoi
boundary (Aurenhammer, [1991) plays a crucial role in this
area since it can generate negative labels with only point an-
notations. Segmentation methods often train segmentation net-
works with the Voronoi boundary and richer annotations gen-
erated from points, then apply methods for refinement. For ex-
ample, the method of (Qu et al., [2019a) produces pseudo la-
bels for nuclei segmentation from clustering and Voronoi di-
agrams by using an improved U-Net. With only sparse point

annotations for weakly supervised learning, |Chen et al.| (2020)
obtained good segmentation results with better generalisabil-
ity by using a novel end-to-end weakly supervised learning
framework named WESUP. PseudoEdgeNet (Yoo et al., 2019)
equips another shallow CNN network to recognise the con-
tour of nuclei with the Sobel filtered segmentation output as
supervision. In addition, an instance loss is designed to help
the neural network learn a continuous peak-shaped map from
point annotations (Dong et al. [2020). A multi-task learning
method (Chamanzar and Niel [2020) that combines three differ-
ent losses and learns from one of them at each iteration also
shows performance gains.

Moreover, a self-supervised iterative refinement framework
is proposed for weakly supervised nuclei segmentation (Tian
et al., 2020). Besides point annotations, other methods have
been developed based on scribble labels with an iterative learn-
ing method (Lee and Jeongl 2020), and such labels provide
more supervision information than point annotations. Another
method involves annotations of mixed labels combining point
and full annotations (Qu et al., 2020a). In addition, in an-
other method (Qu et al., 2020b)), uncertainty maps generated
from Bayesian deep learning tools are utilised to select the
representative nuclei for mask annotations automatically. Al-
though these methods achieve relatively good segmentation per-
formance with weak labels, the iterative training processes in-
crease the method complexity and there is often still a high level
of noise in pseudo labels which affects the model training.

2.3. Weakly Supervised Segmentation for General Objects

For weakly supervised learning, point annotations are also
widely used in general object segmentation, such as (Maninis
et al., |2018). Weakly-supervised segmentation with bounding
box labels has also been designed (Zhao et al.,|2018)). Another
weakly-supervised nuclei segmentation method (Hsu et al.,
2019) adopts a multi-instance learning technique for training
with tight bounding box annotations.

Furthermore, some studies propose new losses to improve
performance. Constrained-CNN losses (CCL) (Kervadec et al.,
2019) is a general loss for weakly-supervised segmentation.
This loss limits the object within a range based on prior knowl-
edge, like the size of an object or the presence of a particu-
lar disease. A localisation-based counting loss (LC) with four
terms is proposed to encourage the network to learn from dif-
ferent levels (Laradji et al.| 2018). In addition, to help the net-
work find discriminative regions, a consistency-based (CB) loss
(Laradji et al., 2021} Jeong et al., 2019) is introduced that en-
courages output predictions to be consistent with spatial trans-
formations of the input images. However, CCL requires addi-
tional annotations, whereas LC and CB cannot constrain precise
object shapes since they only learn the approximate locations of
objects.

3. Methods

As shown in Fig. 2] at Stage I, SAC-Net is trained using the
pseudo ground truth labels that are generated based on super-
pixel and Voronoi boundary information. At Stage II, the CL
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Fig. 2. Overview of our proposed weakly-supervised nuclei segmentation method, where Stage I contains the designed SAC-Net and Stage II applies CL
for label refinement and retraining. + and X represent for element-wise addition and multiplication operations.
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Fig. 3. Feature aggregation network architecture. + represents for element-
wise addition operation.

algorithm is adopted to refine labels, and we replace the su-
perpixel labels with the revised labels and conduct the same
training process again as Stage I. SAC-Net contains three sub-
networks and, at test time, only the segmentation network (Seg-
Net) is used.

3.1. Pseudo Labels

While the datasets contain full pixel-wise annotations, to
simulate a weakly-supervised learning scenario, we generate
point annotations by calculating the centroid of each nucleus.
This supervision is a binary mask that for each nucleus, only the
centroid pixel of it is marked as 1 and other pixels are marked
as 0. Subsequently, since training a network with few annota-
tions is incapable of producing good results, we need to pro-
vide pixel-wise annotations based on point annotations. To do
this, two types of pseudo ground truth labels, y, and y;, are

generated, which are Points+Voronoi Labels and Superpixel
Labels, as shown in Fig. 2]

We first generate the pseudo labels y, to provide location
and boundary information. Specifically, the Euclidean distance
transform is applied based on the centroid points to produce
the Voronoi boundaries. The Voronoi boundary partitions the
image into Voronoi cells and the pixels within each Voronoi
cell are closer to the point annotation in that cell than any other
point annotations. Similar to previous approaches (Yoo et al.|
2019; Qu et al., 2019a; |Tian et al.l |2020; Dong et al., 2020;
Chamanzar and Niel 2020; Qu et al.l 2020a), we assume that
nuclei only appear within each Voronoi cell. On the other hand,
existing methods typically use Voronoi boundaries as negative
labels and point annotations as positive labels to train the seg-
mentation network with partial binary cross-entropy loss, ig-
noring the pixels without pseudo labels. In our method, the
Voronoi boundaries and points are considered true labels of nu-
clei and background in superpixels, whereas the remaining pix-
els that are neither the Voronoi boundaries nor points might be
mislabeled in superpixels. We made this assumption because
points are always accurate nuclei pixels (annotated by human)
and most of the Voronoi boundaries lie reliably within back-
ground pixels. With these annotations, we can train the atten-
tion network with our attention loss (Section [3.2.2).

In practice, points and Voronoi labels are incapable of pro-
viding enough pixel-level information for training an accurate
segmentation network, which may lead to poor convergence of
networks. In addition, we find the segmentation performance
does not improve much with the CL component alone. The CL
component demonstrates an effect in denoising the probability
output of the segmentation but shows little improvement in the
actual segmentation results. To achieve more accurate segmen-
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tation results, our first technique is to generate a second type
of pseudo labels y, based on superpixels. The SLIC (Achanta
et al.,|2012) algorithm is utilised to divide the images into super-
pixels. We argue that superpixels with points inside them have
a high probability of overlapping with true nuclei labels. There-
fore, such superpixels are considered true nuclei locations and
assigned positive labels. The other superpixels are considered
background and given negative labels. In this way, all pixels are
annotated with positive or negative pseudo labels.

3.2. SAC-Net

As shown in Fig. 2, the whole SAC-Net framework contains
three networks: the segmentation network (SegNet), attention
network (AttNet) and constraint network (ConsNet). ConsNet
and SegNet both take the original image as input, while AttNet
feeds the concatenation of original images and corresponding
superpixel labels. To highlight the nuclear areas, we extract
the intermediate feature maps f.,,; from ConsNet and merge
them into SegNet. AttNet generates the attention maps f,,, and
corrects the nuclei segmentation from SegNet. At test time,
only SegNet is used for inference.

3.2.1. Segmentation Network

To better learn the complex features of nuclei, we design a
feature aggregation segmentation network, SegNet, containing
an encoder-decoder architecture with an additional feature ag-
gregation module, as shown in Fig.[3] The original images are
used as the inputs and the superpixel labels y, are used as the
supervision for training the segmentation network. The seg-
mentation network aims to adapt to the complexity of nuclei
and obtain the initial segmentation results.

-Network structure. ResNet-50 (He et al.| [2016)) is used in
the encoder, while the last four blocks are connected to the de-
coder to reduce the computation caused by the spatial dimen-
sion. Besides, the feature map f,,s; from ConsNet (Section
is merged with the feature maps generated by encoderl.
We use element-wise addition to aggregate them and pass the
results into the following layers. We also utilise deformable
convolution (Dai et al.|[2017) in each encoder layer, to compen-
sate for the limitations of fixed geometry transformation in the
convolutional building module. In deformable convolution, an
offset is added to each sampling point in the convolution oper-
ation and the offsets are learned through an additional convolu-
tion layer, so that the network can better exploit spatial informa-
tion for feature representation. Furthermore, a dilation strategy
(Yu and Koltun, 2015) is used in the last encoder block and the
dilation rates are 2 with an output stride of 1/16. This method
can preserve image resolution and increase the receptive-field
size at the same time.

Traditional decoder layers concatenate feature maps from
two levels followed by deconvolutional layers to recover the
feature resolution. However, it might preserve redundant fea-
tures from previous layers and increase the computational com-
plexity. Thus, we design a more effective decoder block, as
shown in Fig.[d] We first apply a 1x 1 convolutional layer to the
output of the previous layer as a transformation. After upsam-
pling to the same shape of feature maps from lower encoders,

X x/2 x/2 x/4
convl x 1 convl x 1 conv3d X 3 convl x 1

Fig. 4. Decoder block structure. The pink arrow denotes previous layers,
the purple arrow is a skip connection, and the orange arrow represents the
output of the decoder block. U represents for upsample. + represents for
adding the features.

an element-wise addition is utilised to merge them. This is fol-
lowed by 1 x 1,3 x 3, and 1 x 1 convolutional layers to learn a
weighted sum of feature maps and downsample them.

o, & ¢
convl x 1
¢ convl x 1 64N [

conv3 x 3 0 e P
convd X 3 conv3 x 3

Fig. 5. Feature aggregation module. U represents for upsample. + repre-
sents for adding the features.

In addition, since the feature maps from each decoder block
have different scales and not all levels of features contribute
equally to the final output, we attach an aggregation module to
the decoder blocks to produce the segmentation output. The ag-
gregation module has a combined channel and spatial attention
layer. The inspiration comes from the convolution block atten-
tion module (CBAM of (Woo et al., [2018)), which can high-
light important information from the output of each decoder
block for better aggregation. As illustrated in Fig.[5] the feature
maps from three decoder blocks are passed through three corre-
sponding CBAM blocks. The outputs from CBAM are merged
by element-wise addition and fed through an upsampling opera-
tion to obtain the final predicted probability maps. CBAM helps
refine the intermediate features by sequencing channel and spa-
tial attention of each convolution block with 1D channel atten-
tion map and a 2D spatial attention map multiplication (Woo
et al.l [2018)). In detail, the channel sub-module utilises both
max-pooling and average-pooling outputs, which are then for-
warded to a shared network to produce the channel attention
map. The shared network is composed of a multi-layer percep-
tron (MLP) with one hidden layer. The output features from
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MLP are merged by using element-wise addition. The spatial
sub-module utilises similar outputs pooled along the channel
axis and forwards them to a convolution layer to produce a spa-
tial attention map. CBAM sequentially applies channel and spa-
tial attention sub-modules and efficiently helps the information
flow within the network by learning which information to em-
phasise or suppress.

Loss function. To train the SegNet, we choose binary cross-
entropy loss as L, to optimise it:

-Eseg = Lbce(f(l) o fam ys) (D

where f, I and © represent the SegNet, input image and
element-wise multiplication, respectively. Here, each vector of
the SegNet prediction is element-wise multiplied by the corre-
sponding vector f,;, from the output of the attention network
(Section [3.2.2). The attention network aims to guide the seg-
mentation of SegNet during the training process to achieve
more precise segmentation result. More details of the attention
network are described in the next section.

3.2.2. Attention Network

Our superpixel labels can capture rich contour information in
the image; however, there is a high degree of label noise in such
labels. When there is noise in ground truth labels due to im-
precise manual annotations, existing approaches have utilised
data re-weighting to improve the network training (Zhu et al.|
2019; Xue et al.| 2019} [Wang et al., [2020; Mirikharaji et al.
2019). Though such methods have solved the noisy label issue
to a certain extent, they require a fair amount of clean labels for
supervision and have not been adapted into weakly-supervised
segmentation problems, which exhibit a much higher degree of
noise in pseudo labels.

In our approach, instead of explicitly exploiting clean labels
from pseudo labels, we design an attention network (AttNet),
which can be considered a data-dependent denoising method to
address noisy labels. The attention feature map generated by the
attention network can help identify the true labels in y, and fur-
ther guide the segmentation network to focus on these regions.
More specifically, AttNet produces a binary mask, which sep-
arates the central nuclei areas and background from the noisy
label regions around the nuclei boundaries. This binary mask is
then element-wise multiplied with the segmentation output of
SegNet to focus the training of SegNet on the more confident
regions.

Network structure. As illustrated in Fig. [2 we first concate-
nate the input image and its corresponding superpixel labels to
form a 4-channel input to AttNet. The superpixel channel pro-
vides additional structural information in the image, particu-
larly highlighting the contours. Training of AttNet is supervised
by the points and Voronoi labels, which indicate the true nuclei
and background areas. The output of AttNet thus identifies the
regions that are more confidently classified as nuclei or back-
ground, masking the areas around nuclei boundaries as noisy
regions. In other words, AttNet effectively assigns pixel-wise
weights to the output of SegNet for refining the segmentation
learning.

The attention network employs the same architecture as the
segmentation network but with a smaller ResNet-18 as the en-
coder. ResNet-18 is used here only to extract features that aim
to simplify the aggregation module. We observed that using a
deeper ResNet, such as ResNet-50 or ResNet-101, would not
improve the segmentation performance but require more com-
putational time during training.

Loss function. To train AttNet, we compute partial pixel-
wise £ loss between the AttNet output f,, and the Voronoi
ground truth y,:

Jan = 8 (c (L, yy)) @)

DL N e 5

YEW YEV
Lot (fares ) = = +a-—

byl vl

where g, y¥, vy, |y}, and |y;| denote attention network outputs,
positive labels, negative labels, and the total numbers of positive
labels and negative labels of I in y,. c(1, y,) is the concatenation
operation. « is a constant to balance the positive and negative
labels. Note this loss ignores all pixels that are not annotated in
¥y. A more intuitive view can be seen in Fig. 2} The attention
feature map f, is a binary mask where the white regions denote
the background and a small central part of nuclei. The black
regions surrounding the nuclei indicate the noise in y;. When
training SegNet, the loss in these black regions will be ignored,
as defined in Eq. (I). In this way, the training of SegNet can
focus on the regions with superpixel labels that are more likely
to be accurate.

3.2.3. Constraint Network

While the attention network helps address the label noise in
superpixels, the supervision is still not as accurate as full pixel-
wise annotations. Therefore, to further enhance segmentation
performance, we design a shallow constraint network, ConsNet,
which can run in parallel with SegNet. ConsNet is a shallow
CNN which can extract low-level information such as edges at
a low level. These edges may be inaccurate but can provide
structural constraints to train SegNet in addition to the super-
pixel labels. The feature map from ConsNet is also combined
into SegNet effectively as an attention map to highlight the fore-
ground areas.

ConsNet helps learn lower-level features, which are useful to
correct the noise introduced by superpixel labels and further en-
hance the segmentation performance. Specifically, ConsNet ex-
tracts the features using a shallow network with three convolu-
tion layers which can capture the low-level image features such
as edges. These low-level features are incorporated to constrain
SegNet by element-wise addition, which can help maintain the
edge information and then correct the segmentation problems
around cell boundaries caused by SegNet. This operation can
be regarded as a weighted summation and is useful for noise
removal and feature enhancement.

Network structure. As illustrated in Fig. [6] in our design,
inputs to ConsNet are the original images. To emphasise de-
tails of the input images, we first utilise two convolutional lay-
ers (convl and conv2) to learn local details. Then, in the main
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mazpool
convl conv2 conv4 convs

Fig. 6. Constraint network architecture. U represents for upsample. +
represents for adding the features.

branch, we obtain the feature maps through an upsampling op-
eration and another two convolutional layers (conv4 and conv5)
to get the final output result of ConsNet. In addition, another
branch utilises the max-pooling layer (maxpool) to produce the
feature maps with another convolutional layer (conv3) to gen-
erate f.,,s. This intermediate feature map f,,s is merged into
SegNet by an element-wise addition operation. To guarantee
that ConsNet can generate feature maps at a different level from
the other two networks, we use the output of SegNet f(I) as
supervision. Moreover, to avoid generating redundant feature
maps, convl-4 in ConsNet are formed with a 3 X 3 kernel with
only 32 channels followed by the BatchNorm layer and ReL.U
activation, while conv5 has only a 3 x 3 kernel with N chan-
nels. Consequently, these shallow network layers can keep the
low-level features of the original images to integrate with the
high-level feature for predicting the segmentation results.

Loss function. We train ConsNet with our £, loss and use
the output f(/) from SegNet as ground truth:

Yoy () = h(Daly

Leons = ~ @)
where h(I), is the nth channel of the ConsNet output and |...|; is
the common £; loss. Unlike SegNet, which uses binary cross-
entropy as the loss function, we utilise £; as the loss function
in ConsNet. This is because £ loss is less sensitive to outliers,
while the penalty of cross-entropy loss is higher than £,. Here,
the outliers are hard samples, which correspond to noisy labels
in our study. Thus, L, can help reduce the effects of noisy
labels.

3.2.4. Total Loss Function
To train SegNet, AttNet and ConsNet simultaneously, we de-
fine the total loss Lo as a linear combination of Ly, Lay and

‘ECUnS:
Liotal = B —Eseg +7v- Lot + 0 - Leons (5

where B, v and ¢ are the hyper-parameters to indicate the
weights of Leg, Loy and Leops.

3.3. Pseudo Ground Truth Revision

After segmentation through SAC-Net, the segmentation re-
sults are still imprecise due to the supervision by pseudo labels.

Thus, we further apply the CL (Northcutt et al., [2019) method
to refine the superpixel labels y;. Then the refined superpixel
labels y,, are used to train the overall SAC-Net again. This pro-
cess is defined in our model as Stage II. Specifically, assume
that image data X = {(xg,¥0), --., (Xu, Vsn)} are labelled as class
a. However, if the data is predicted to belong to another class
b and its predicted probability is higher than a threshold, we
consider that the label contains noise.

To identify the label error, CL first estimates the joint distri-
bution Q, ;- between the superpixel labels y, and true labels y*.
Specifically, we first build C,_;-, which is an |m| X |m| matrix
and m is the set of unique classes ({negative, positive} in our
method and |m| = 2). Each entry C, _;--;[i][j] represents the
total number of pixels with y; = i and having p(y~ j; x) > t;.
Here, p(y™j; x) is the predicted probability of a pixel x belong-
ing to class j, y is the network output and ¢; is a threshold.
Formally, the definition of C,_,- is:

C)’s=i,)'*=j =|Z x=i,y*=j|’ where,
Zyv:i,y*:j ={zeX: Ysz = i ﬁ(y = j;z) > 1,
Jj = argmax p(y = k; z)}
k

The choice of jin Z, _;,-;[i][j] is the class that has the high-
est predicted probability among all classes of that pixel, and
threshold #; is the averaged predicted probability of all pixels
belonging to class j and having y, = j. Given C, -, we esti-
mate Q,, ,- as a normalised version of C, ,.:

Cyi=iyr=j . |X |
Zjem Cy;:r,v*:j Ys=t
R - 6
QM»} Z ‘ [ ] |X | ( )
iem,jem Zjem Cy.;:i»,\'*:/ =1

The mislabelled pixels in y; are selected from each off-diagonal
entry in Qy_ ,~. Rather than selecting all pixels, we only consider
those with a large margin. Specifically, we first compute the
margin p(y = j; x)— p(y = i; x) of each pixel in Qy, —; -~ j i, and
the top 7+ Qy,=;,=; (n s the total number of pixels in an image)
pixels of this difference between p(y = j; x) and p(y = i; x) are
selected as mislabelled pixels in each entry. The revised ground
truth y,. is then generated by flipping these mislabelled pixels
in yy, as our segmentation problem targets binary labels.

4. Experiments

This section presents the description of datasets and our ex-
perimental results and discussion.

4.1. Datasets and Evaluation Metrics

Our proposed method is evaluated on three public datasets of
histopathology images for cell nuclei segmentation, including
MoNuSeg (Kumar et al.l 2017), TNBC (Naylor et al., 2019),
and CPM-17 (Vu et al.,|2019). These datasets all provide pixel-
wise ground truth annotations, and hence the point annotations
can be generated automatically and evaluation of segmentation
performance on full masks is possible. MoNuSeg contains 30
images with a total of 21,623 nuclei from 7 different organs,
and each image is of 1,000 x 1, 000 pixels. TNBC contains 50
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Datasets | Number of image tiles | Number of nuclei | Number of organs Size
MoNuSeg 30 21623 7 1000*1000
TNBC 50 4022 1 512*%512
CPM-17 32 7570 4 500*500 to 600*600
Table 1. Summary of datasets.
Supervision Method ToU MoNuSeg Dice o0 TNBC Dice
Scribble (Lee and Jeong| [2020) 0.6408 0.5811 - -
annotations
(Kumar et al[[2017) | 0.5710(0.02) - 0.5504(x0.04) -
(Qu et al.} 2019a) 0.5789(x0.06) | 0.7320(x0.05) | 0.5420(x£0.04) | 0.7008(x0.04)
Point (Yoo et al.,[2019) 0.6136(x0.04) - 0.6038(+0.03) -
annotations (Tian et al., [2020) 0.6239(+0.03) | 0.7638(x0.02) | 0.6393(+0.03) | 0.7510(x0.04)
(Guo et al., [2021)) 0.6401(£0.03) | 0.7662(+0.04) | 0.6234(x£0.02) | 0.7582(%0.03)
Ours 0.6515(x0.04) | 0.7942(+0.04) | 0.6367(+0.03) | 0.7764(x0.03)
(Yoo et al.;[2019) 0.6522(+0.03) - 0.6619(+0.04) -
(Tian et al., [2020) 0.6494(£0.04) | 0.7859(+0.02) | 0.6950(+0.03) | 0.8022 + (0.03)
Pixel-wise (Lee and Jeong, [2020) 0.7014 0.6677 - -
annotations (Xiang et al., |2020) 0.704 0.825 0.651 0.780
(Guo et al.,[2021) 0.6723(x0.05) | 0.7775(x0.04) | 0.6537(x0.03) | 0.7718(x0.04)
Ours 0.6833(x0.03) | 0.8096(+0.02) | 0.6642(£0.04) | 0.7957(x0.03)
Table 2. Segmentation results compared with other state-of-the-art approaches.
images with a total of 4,022 nuclei from 11 different patients
with an image resolution of 512 x 512 pixels. CPM-17 contains TP
32 images with 7,570 nuclei and each image has 500 x 500 Dice = ——M—— (8)
FP + 2TP + FN

pixels.

We implemented the models using Pytorch, and the training
was conducted on NVIDIA Tesla P100 GPUs. We used the
Adam optimiser with a learning rate of 0.001 and a weight de-
cay of 0.0005. The learning rate is halved when £, on the
validation set does not decrease for 4 epochs. The input im-
ages are cropped to patches of 512 x 512 pixels for MoNoSeg
and input images of CPM-17 are resized to 512 x 512 pixels.
The training process includes 60 epochs and each epoch trains
a batch set of 2. Data augmentations include Gaussian blur,
adjustment of hue and saturation, affine transformation, hori-
zontal and vertical flips. Bilinear upsampling is utilised for the
upsampling operation. The hyperparameters «, 3,y and ¢ are
set to 0.4, 0.8, 1 and 0.4 respectively.

Overall, the confident leaning implements only one round to
fix pseudo-labels and we only retrain Stagel once. Specifically,
the network is trained in an end-to-end segmentation process
in the first stage. Then, we use confident learning to refine the
superpixels. In the second stage, we used the same network to
train the network with the refined superpixels and produce the
segmentation results.

We use two common evaluation metrics in all experiments:
Intersection over Union (IoU) and pixel-level Dice coefficient
(Yoo et al., |2019; Tian et al., [2020)). The metrics are defined as
follows:

TP

JIoU=s——
°U= B+ TP+ EN

)

where TP, FP and FN represent the amount of true positive
predictions (true nuclear pixels), false positive predictions and
false negative predictions. Note that similarly to existing stud-
ies (Woo et al., 2018} Yoo et al., 2019; [Natarajan et al., [2020;
Liang et al.l 2022), our method is designed for semantic seg-
mentation, and hence we use IoU and Dice for evaluation. We
follow (Yoo et al.l 2019) to conduct 10-fold cross-validation.
Specifically, each dataset is divided into 10 equal folds, which
are split into training, validation and test sets with an 8:1:1 ratio.
The splitting is repeated 10 times and we report the mean scores
on the test set. The validation and test sets have no intersection
across iterations.

4.2. Comparison with Existing Methods

Comparison with state-of-the-art approaches is conducted on
the MoNuSeg and TNBC datasets because existing weakly-
supervised nuclei segmentation studies have commonly used
these datasets. As shown in Table [2] we compared with five
methods that conducted weakly-supervised nuclei segmentation
based on point annotations, one based on scribble annotations
and another five fully-supervised methods to evaluate the quan-
titative results.

The settings of different approaches are similar. In (Lee and
Jeong, [2020), (Kumar et al.l 2017), (Qu et al.| 2019a)), (Yoo
et al., [2019), (Tian et al.,[2020) and (Guo et al.| [2021)), ten-fold
cross validation has been employed. However, the training, val-
idation and testing split ratios in (Lee and Jeong, 2020), (Tian
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Point Method MoNuSeg(r=0) TNBC(r=0) CPM-17(r=0)
location IoU Dice IoU Dice IoU Dice
Seg 0.5580(x0.07) | 0.6921(x0.04) | 0.5329(x0.05) | 0.65782(x0.03) | 0.4636(+0.07) | 0.6143(x0.07)
Seg+CL 0.5919(+0.06) | 0.7507(x0.05) | 0.5585(x0.04) | 0.6986(+0.04) | 0.5663(+0.04) | 0.7141(x0.04)
Centroid Seg+Att 0.6222(+0.05) | 0.7515(x0.02) | 0.5788(x0.04) | 0.7208(+0.03) 0.626(£0.05) | 0.7657(x0.04)
(r=0) Seg+Att+CL 0.6401(x0.03) | 0.7662(x0.04) | 0.6234(+0.02) | 0.7582(+0.03) | 0.6761(x0.04) | 0.7929(+0.03)
SAC-Net w/o DConv and SA | 0.6388(+0.03) | 0.7846(%0.02) | 0.6039(+£0.04) | 0.7475(x£0.04) | 0.6748(+0.05) | 0.8008(+0.04)
SAC-Net 0.6515(+0.04) | 0.7942(+0.04) | 0.6367(+0.03) | 0.7764(+0.03) | 0.6910(+0.02) | 0.8150(+0.01)
(Yoo et al.l 2019) 0.6173(x0.06) | 0.7586(x0.05) | 0.5907(x0.08) | 0.7454(+0.05) | 0.6511(x0.06) | 0.7813(x0.05)
Point Method MoNuSeg(r=5) TNBC(r=3) CPM-17(r=3)
location IoU Dice IoU Dice IoU Dice
Seg 0.5437(x£0.09) | 0.6920(x0.03) | 0.5196(+0.08) | 0.6563(+0.05) | 0.4459(+0.04) | 0.6061(x0.04)
Shift Seg+CL 0.5897(x0.08) | 0.7359(x0.03) | 0.5531(x0.03) | 0.7096(+0.05) | 0.5462(+0.06) | 0.6948(+0.05)
(r=3/5) Seg+Att 0.6296(x0.07) | 0.7486(x0.01) | 0.5776(x0.04) | 0.7130(x0.05) | 0.6194(x0.04) | 0.7603(x0.03)
Seg+Att+CL 0.6324(+0.04) | 0.7551(x0.02) | 0.6153(x0.04) | 0.7338(+0.05) | 0.6621(+0.03) | 0.7935(x0.02)
SAC-Net w/o DConv and SA | 0.6237(+0.03) | 0.7543(x0.02) | 0.6008(x0.03) | 0.7444(+0.03) | 0.6501(x0.05) | 0.7838(x0.03)
SAC-Net 0.6369(+0.06) | 0.7673(x0.02) | 0.6197(x0.03) | 0.7639(+0.02) | 0.6653(=0.05) | 0.7945(+0.04)
(Yoo et al., 2019) 0.6011(x0.08) | 0.7607(x£0.03) | 0.5912(x0.05) | 0.7236(+0.04) | 0.6110(x0.06) | 0.7478(+0.05)

Table 3. Ablation study of our framework components and comparison of different models. Here » = 0 means point annotations based on centroids and
r = 3/5 indicates noisy point annotations with random shift.

MoNuSeg TNBC CPM-17
Methods TIoU Dice TIoU Dice TIoU Dice
SAC-Net w/o DConv and SA | 0.6388(+0.03) | 0.7846(%0.02) | 0.6039(+0.04) | 0.7475(x£0.04) | 0.6748(x0.05) | 0.8008(+0.04)
SAC-Net w/o DConv 0.6465(+0.03) | 0.7921(x0.03) | 0.6154(x0.05) | 0.7582(x0.04) | 0.6826(x0.06) | 0.8085(%0.05)
SAC-Net w/o SA 0.6476(x0.04) | 0.7920(x0.03) | 0.6242(%0.03) | 0.7643(x0.03) | 0.6860(x0.04) | 0.8101(x0.03)
SAC-Net 0.6515(+0.04) | 0.7942(+0.04) | 0.6367(=0.03) | 0.7764(+0.03) | 0.6910(=0.02) | 0.8150(=0.01)

Table 4. Ablation study of different components (DConv: deformable convolution; SA: spatial attention) in SegNet and AttNet.

et al., 2020) and (Qu et al., 2019a) are slightly different from
ours. It should be noted that results from (Yoo et al.l 2019)
are obtained by running the provided code, while results for
(Kumar et al.| [2017) are obtained from (Yoo et al., 2019) since
(Kumar et al., 2017) was not originally designed for weakly-
supervised segmentation. Results for (Qu et al., [2019a) are ex-
tracted from (Tian et al., 2020) since the latter includes experi-
ments on both MoNuSeg and TNBC.

Table [2] shows the IoU and Dice results of segmentation on
MoNuSeg and TNBC by the various approaches. We first com-
pare our method with weakly-supervised learning methods. |Qu
et al.| (2019a) use the Voronoi diagram and k-means clustering
to generate pseudo labels. However, it adopts the simple U-Net
structure for segmentation, which results in poorer results than
other methods. Yoo et al.|(2019) combines edge information in
their network to enhance the results of nuclei segmentation. The
edge information was obtained by applying the Sobel filtering
on segmentation results, whereas in our model, we introduce
the ConsNet sub-network to incorporate low-level edge infor-
mation into the segmentation network rather than focusing on
boundaries. [Tian et al.| (2020) supervised model training by it-
erative optimisation of the generated distance map. The main
issue with this approach is that it requires more iterative optimi-
sation. When there is significant noise in the data, it is difficult
to converge to better performance. Our model utilises AttNet to
reduce the noisy label influence when training the segmentation
network and the CL refinement module can reduce noisy labels
in Stage II to enhance our performance. Our previous model

(Guo et al.l [2021)) has a similar two-stage design, which how-
ever does not include ConsNet and the network architectures for
SegNet and AttNet were not optimised. In addition, we com-
pare with a scribble annotation-based approach (Lee and Jeong],
2020), which was applied to MoNuSeg. This method achieved
a better IoU evaluation result but a much lower Dice score than
our method and other weakly-supervised approaches. We argue
this is because scribble labels are better suited to circle-shaped
cell segmentation, but the cells have different shapes which is
hard for scribble annotations to achieve better performance on
the pixel-wise Dice score.

We also conducted fully supervised learning using our model
with pixel-wise annotations and compare with other fully-
supervised segmentation models. We train our model by replac-
ing the superpixel labels with original pixel-wise labels for Seg-
Net without Stage II. The highest score on MoNuSeg is more
than 1.5% of IoU and 2% of Dice in |Xiang et al.| (2020) com-
pared to our results. Xiang et al.|(2020) utilises paired forward
and backward skip connections between the encoder and de-
coder to further enhance feature learning, while our network has
not incorporated such optimisations. On MoNuSeg, our IoU re-
sult is lower, but our Dice score is higher than [Lee and Jeong
(2020). They only use the U-Net with the ResNet-34 for the en-
coder, which is suitable for fully supervising the small dataset
MoNuSeg. In contrast, our approach contains a more complex
structure that may cause lower IoU when working on a small
dataset. However, our network is competitive with noisy detec-
tion around the cell boundaries, which increases the Dice re-
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(a) Input images (b) Ground truth

(c) f seg

(e) f cons

Fig. 7. Visualisation of input image, ground truth, f.¢, fu, fcons 0n MoNuSeg, TNBC and CPM-17 datasets.

(a) Input images (b) Ground truth (c) PseudoEdgeNet (d) Our results

(c) PseudoEdgeNet

(a) Input images (b) Ground truth (d) Our results

Fig. 8. Visualisation of input images, ground truth, outputs from PseudoEdgeNet and our final outputs on MoNuSeg. The red circles highlight some regions

where our results are better than PseudoEdgeNet.

sults compared to [Lee and Jeong|(2020). On TNBC, [Tian et al.
(2020) achieves higher performance than our method; how-
ever, our method obtained a very close Dice score on TNBC
and much improved results on MoNuSeg. We argue that the
MoNuSeg dataset contains many overlapping cells, making it
difficult for fully convolutional networks to delineate the con-
tours, whereas our network includes a more complex architec-
ture to better analyse cluttering cells. However, the TNBC con-
tains fewer cells and overlapping regions, and hence it does not
well demonstrate the advantage of our network model.

In summary, nuclei segmentation is complex since the
datasets typically contain highly heterogeneous images ob-
tained from multiple organs and the cells are crowded with un-
clear boundaries from the background. Our method addresses
the problem of pseudo labels around the contours containing a
high degree of noise by SAC-Net. In addition, our approach fur-
ther corrects mislabelling during model training using the CL
module. Consequently, our proposed architecture yielded supe-
rior results compared to most state-of-the-art weakly supervised
learning methods.

4.3. Ablation Studies

To further evaluate our method, we performed the follow-
ing ablation experiments: (i) we evaluate the generalisability
of our method by using one more dataset, CPM-17; (ii) con-
sidering that it might not be easy to annotate the centroids of
nuclei as the ground truth precisely, we simulate noisy point
supervision; and, (iii) we evaluate the effectiveness of differ-
ent components including SegNet, AttNet, ConsNet and the CL
refinement module. In particular, the noisy point annotations
are obtained by randomly shifting the centroid points in a cir-
cle within a radius r = 5 for MoNuSeg and r = 3 for datasets
TNBC and CPM-17, with the radius selected based on the im-
age sizes. A larger radius would sometimes render the centre
point outside of the cell nuclei. This experiment is meant to
demonstrate that, when there is an offset in the centre point, the
effect does not much affect the segmentation results.

Table 3] shows the results of the ablation studies. We also in-
clude comparison with PseudoEdgeNet (Yoo et al.,2019)), since
we could use the provided code to run the experiments. It can be
seen that by introducing the various components (AttNet, Con-
sNet and CL), various performance improvements have been
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(a) Inputimages  (b) Ground truth  (c) PseudoEdgeNet  (d) Our results

(a) Input images ~ (b) Ground truth ~ (c) PseudoEdgeNet  (d) Our results

Fig. 9. Visualisation of input images, ground truth, outputs from PseudoEdgeNet and our final outputs on TNBC. The red circles highlight some regions

where our results are better than PseudoEdgeNet.

(a) Input images  (b) Ground truth  (c) PseudoEdgeNet  (d) Our results

(a) Input images

(b) Ground truth  (c) PseudoEdgeNet  (d) Our results

Fig. 10. Visualisation of input images, ground truth, outputs from PseudoEdgeNet and our final outputs on CPM-17. The red circles highlight some regions

where our results are better than PseudoEdgeNet.

achieved and the results are consistent on all three datasets.
Our method also shows good robustness with a small perfor-
mance drop when noisy point annotations are used. In addi-
tion, both our SAC-Net model and the model without Con-
sNet (Seg+Att+CL) outperforms PseudoEdgeNet, indicating
the advantage of incorporating label refinement via the atten-
tion mechanism and CL. The performance of SAC-Net without
deformable convolution (DConv) and spatial attention (SA) is
higher than Seg+Att in our experiments. The network structure
difference between Seg+Att and SAC-Net w/o DConv and SA
is only a ConsNet. This demonstrates that even without DConv
and SA, the additional ConsNet can introduce additional im-
provement over Seg+Att, while SegNet gained improvement
on nuclei detection after fusing with the intermediate feature
maps. On the other hand, during our experiments, we find that
the results before and after applying CL on SAC-Net without
DConv and SA do not change a lot and the refined superpixels
do not truly reflect the ground truth of nuclei. The performance
after applying CL is improved after we incorporate DConv and
SA into the network structure. We suggest this is because the
DConv and SA highly enrich the meaningful spatial features
in the output probability maps that are used as input of CL to
refine superpixel labels.

In addition, the SAC-Net without Deformable convolution
and special attention is compared with SegNet, SegNet with
CL, SegNet with AttNet and SegNet, and AttNet with CL. Also,

Total loss

— Train
Val
Test

Total loss

— Train
Val
Test

Total loss
Total loss

Epoch
(a) MoNuSeg

Epoch
(b) CPM-17

Fig. 11. Loss converge curves in MoNuSeg and CPM-17.

it compared with the SAC-Net. We can see from Table 3 that the
SAC-Net without Dconv and SP are competitive with SegNet,
SegNet + CL or SegNet + AttNet. Since the CL function can re-
fine superpixel, the performance is slightly lower than SegNet,
AttNet and CL but very close.

Our experimental results can demonstrate that the retraining
process can converge since the additional of CL brings addi-
tional performance improvement. Fig. [T1] shows that the loss
during training becomes stable after 30 epochs. We can see that
the total loss is higher and uncertain before the 20 epochs. Be-
tween 20 and 30 epochs, it still fluctuates a little while tending



12 Ruoyu Guo et al. / Medical Image Analysis (2022)

to stabilise. Thus, we suggest that our two stages training pro-
cedure is able to converge.

We also compare the results of the different blocks in SAC-
Net, including the deformable convolution layers and spatial
attention blocks. As mentioned in Section 3.2.1] the network
structure contains deformable convolution layers in each en-
coder layer and spatial attention blocks in decoder blocks. Table
shows that SAC-Net with both deformable convolution layer
and spatial attention blocks outperforms other configurations
with single components in SAC-Net. It proves that adopting
deformable convolution layers and spatial attention blocks can
improve our framework to some extent.

For qualitative comparison, Fig. [/| shows the segmentation
results on example images from the three datasets using SAC-
Net. It shows the original images, ground truth, the f,, the fu
and feons in order. fsg is the final segmentation output. f,; con-
tains the noisy pixels of the black regions, whereas the white
regions denote the background and a small central part of nu-
clei. fons is the low-level feature of input images, visualising
the edge information extraction, which is more accurate when
using the shallow convolution layers. In Figs. [8] 0] and [I0] we
compare our results of final outputs with outputs from Pseu-
doEdgeNet (Yoo et al., [2019) using its provided code. It can
be seen that PseudoEdgeNet has more issues when the cells are
overlapping and crowded. Our SAC-Net can better handle such
cases by extracting the low-level features to delineate the actual
cell shapes but also keep the edge information of nuclei during
the network training.

5. Conclusions

In this paper, we present a weakly supervised method, SAC-
Net, to segment cell nuclei in histopathology images using
point annotations. The designed network adopts two stages:
first, segmentation networks combined with an attention mech-
anism and low-level feature constraints are trained based on
point/Voronoi and superpixel labels; and, the second stage ap-
plies the confident learning algorithm to refine the segmentation
outputs. In our design, we consider the pseudo point/Voronoi
and superpixel labels as noisy labels and incorporate various
ways to address this issue: an attention network in the first stage
to focus the training on more confident regions, a constraint net-
work for highlighting the low-level structural information and
confident learning in the second stage to explicitly revise the
labels. Our experimental results on three histopathology image
datasets demonstrate that our method achieved the best results
compared to other weakly supervised methods. In further work,
we will implement a better way to generate the centroid of the
points from the nucleus, making it not rely on the traditional
mathematics method. Moreover, the findings from the shifted
centroids still existed the deviation of the results. Thus, itis sug-
gested that existing weakly supervised segmentation methods
in histopathology images need further improvement in order to
work with non-centroid points. Therefore, the researchers do
not need the labelled images to obtain the centroid points to
predict the segmentation results. The acquisitive points from
cells are still a difficult challenge for further work, and we will
work on this in the following studies.

We will investigate how to improve the segmentation per-
formance when the annotated points are not precisely at the
nuclear centroids. Based on this, we will further investigate
a solution to generate the point annotations from unlabelled im-
ages, making the method unsupervised without relying on sim-
ulation of weakly-supervised learning from pixel-wise ground
truth annotations. The structure of our model might change to
unsupervised learning or semi-supervised learning for detecting
the centroid points automatically. In addition, we may use some
popular structure like Transformers to improve our network.
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