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a b s t r a c t

Nuclei segmentation and classification of hematoxylin and eosin-stained histology images is a chal-
lenging task due to a variety of issues, such as color inconsistency that results from the non-uniform
manual staining operations, clustering of nuclei, and blurry and overlapping nuclei boundaries. Existing
approaches involve segmenting nuclei by drawing their polygon representations or by measuring
the distances between nuclei centroids. In contrast, we leverage the fact that morphological features
(appearance, shape, and texture) of nuclei in a tissue vary greatly depending upon the tissue type. We
exploit this information by extracting tissue specific (TS) features from raw histopathology images
using the proposed tissue specific feature distillation (TSFD) backbone. The bi-directional feature
pyramid network (BiFPN) within TSFD-Net generates a robust hierarchical feature pyramid utilizing
TS features where the interlinked decoders jointly optimize and fuse these features to generate
final predictions. We also propose a novel combinational loss function for joint optimization and
faster convergence of our proposed network. Extensive ablation studies are performed to validate
the effectiveness of each component of TSFD-Net. The proposed network outperforms state-of-the-art
networks such as StarDist, Micro-Net, Mask-RCNN, Hover-Net, and CPP-Net on the PanNuke dataset,
which contains 19 different tissue types and 5 clinically important tumor classes, achieving 50.4% and
63.77% mean and binary panoptic quality, respectively. The code is available at: https://github.com/Mr-
TalhaIlyas/TSFD.

© 2022 The Authors. Published by Elsevier Ltd. This is an open access article under the CC BY license
(http://creativecommons.org/licenses/by/4.0/).
1. Introduction

Cancer, a group of diseases that being involved in abnormal
ell growth, is a serious public health threat in the modern
ra. Over four decades, cancer screening has been investigated
sing imaging techniques. However, a biopsy is still regarded
s the most reliable method to diagnose the presence of can-
er (Stenkvist et al., 1978). Biopsies involve collecting samples
f cells or tissues that are fixated across a glass microscope
lide for subsequent staining and microscopic examination. Thus,
iagnosis based on a histopathology image (including grading
nd staging), where pathologists mark the cancerous regions
hrough visual inspection of histological samples under a mi-
roscope, is considered the gold standard in all types of cancer
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diagnostics. However, the time-consuming manual assessment
of stained histopathology slides is prone to intra- and inter-
observer variability and suffers from low throughput (Elmore
et al., 2015; Spanhol et al., 2015). Therefore, a growing interest is
emerging for digital pathology (DP) where the computer-assisted
diagnosis (CAD) relieves the workload of pathologists and swiftly
performs a digital assessment (Gurcan et al., 2009). DP images
are obtained from tissue slicing, staining, image-capturing, and
digitization, where images are often multi-gigapixel in resolution.
Typically, tens of thousands of nuclei are contained in a single
tissue slide where the appearance, shape, texture, and morpho-
logical features of nuclei depend upon the tissue types (Hou et al.,
2020). For automated microscopic image analysis, segmentation,
detection, and classification of nuclei (in key structures such as
tumors, glands, and cells) are the core analyzing steps (Gur-
can, Tomaszewski, & Madabhushi, 2017; Xie et al., 2015; Zhang
et al., 2017). The interpretable features of diagnostic and prog-
nostic cancer indicators can be extracted from nuclei segmenta-
tion (Aerts et al., 2014; Cooper et al., 2010). This is a crucial step

for précising the treatment (Collins & Varmus, 2015).
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In the nuclei segmentation process, nuclei of microscopy im-
ages are detected and delineated separately which provides rich
spatial and morphological information. Therefore, plays an im-
portant role in cell analysis, i.e. cell-counting, tracking, and phe-
notype classification (Caicedo et al., 2019). Instead of manual
nuclei segmentation, automated nuclei segmenting methods are
gaining popularity. Despite its advantages, the automatic process
remains a challenging task in terms of robustness because of the
crowded and overlapping distribution of nuclei that have blurry
boundaries.

For a crowded nuclei distribution, the instances occlude oc-
cluded with each other. Moreover, the blurry boundary between
touching (i.e., overlapping) nuclei increases the difficulty of infer-
ring their boundaries. This results in an undesirable influence on
the robustness of the traditional bounding box-based detection
methods. To overcome such problems, a large number of state-of-
the-art methods were proposed in Chen et al. (2016) and Hwang
et al. (2018). These models are discussed in the related work
section.

Networks that can perform simultaneous segmentation and
classification of instances are scarce. Moreover, due to the nature
of nuclei instance segmentation and classification, such networks
usually have a large computational and memory footprint. In
addition, these networks face difficulties in training and opti-
mization which usually arise from expensive tuning costs and
large design spaces for hyperparameter selection (Tan & Le, 2019).
Addressing the above shortcomings, in this paper, we focused on
developing an easily scalable network and also introduced faster
training strategies (transfer learning, loss functions) that assist
the network to reach the optimal minima quickly. We propose
a Tissue Specific Feature Distillation Network (TSFD-Net) to solve
the technical difficulties of simultaneous segmentation and clas-
sification of instances, and to achieve better performance than ex-
isting models. TSFD-Net is applied on the Hematoxylin and Eosin
(H&E) stained-based cancer dataset, namely PanNuke (Gamper
et al., 2019, 2020). We choose this challenging dataset to per-
form the semantic and instance segmentation tasks (shown in
Fig. 1(a) and (b)) as it contains ∼200,000 nuclei of 19 tissue types
where the nuclei are categorized into five clinically important
classes. The nuclei are highly imbalanced between classes and
tissue types (shown in Fig. 1) and contain a significant amount
of fuzzy and overlapping boundaries (shown in Fig. 2). The pro-
posed TSFD-Net takes all the above mentioned complications
into account. The contributions of the proposed TSFD-Net are as
follows:

First, we initially developed a lightweight robust and effective
backbone to extract information enriched features from H&E-
stained images. We built the backbone using an optimized com-
bination of Mobile-Net-v2 (Sandler et al., 2018) and squeeze-
excitation sub-network (Hu, Shen, & Sun, 2018) that can extract
strong cross-scale features pertaining to specific tissue types. We
take into account the fact that morphological characteristics of
nuclei change substantially depending upon the tissue type (Skin-
ner & Johnson, 2017). Fig. 2 shows a few instances of the same
nuclei having various textures, appearances, and shapes in dif-
ferent tissue types of the PanNuke dataset. This also indicates
that the variation in textural and contextual features increases
the inter and intra-class variability of the dataset and makes the
dataset even more challenging. Utilizing our feature distillation
backbone (FDB), we harness this information by extracting tissue
specific (TS) features from raw histopathology images. Extraction
of the nuclei characteristics relevant to their respective tissue
type, these TS features lower the overall complexity of the task.

Secondly, a cross-scale weighted feature fusion (CWFF) stage
is developed which consists of multiple top-down and bottom-

up paths. It adaptively combines the features of different scales

2

Fig. 1. Data distribution of the nuclei categories of nineteen tissue types of the
PanNuke dataset.

and resolutions, depending upon their importance. In contrast,
prior works (Ghiasi, Lin, & Le, 2019; Kong et al., 2018; Lin et al.,
2017a; Liu et al., 2018) simply sum up the features of different
resolutions without distinction which is inaccurate in our opinion
as features of different spatial resolutions contribute unequally to
the output feature map (Lin et al., 2017b; Peng et al., 2017; Woo
et al., 2018). The weighted feature fusion of cross-scale features
enhances the entire feature hierarchy by retaining precise local-
ization and spatial information throughout the feature pyramid.
Therefore, plays an important role in limiting the computational
complexity and memory footprint of the network.

Thirdly, we designed an interlinked decoder (ID) that consists
of two intertwined decoders: one for semantic segmentation
and one for boundary detection. It progressively aggregates the
features of different domains and resolutions to generate the
final prediction masks. These prediction masks are then passed
through a post-processing stage to get the final results.

Finally, we included the details on selecting the optimal hy-
perparameters for combining a series of novel loss functions for
faster training and better convergence of TSFD-Net. To validate
the efficacy of each component of TSFD-Net we also conducted
detailed ablation experiments.

The remainder of this paper is organized as follows: related
work is included in Section 2, followed by network architecture
and methods in Section 3. Experimental setup and results and
discussion (ablation studies) are included in Sections 4 and 5,
respectively, followed by concluding remarks in Section 6.

2. Related work

Numerous effective nuclei segmentation approaches have been
proposed during the last two decades. Existing literature on
nuclei segmentation can be classified into two main categories:
handcrafted feature based approaches and deep learning
methods.

Handcrafted feature based nuclei segmentation approaches
are employed with a combination of region accumulation (Song
et al., 2016), filtering (Vuola, Akram, & Kannala, 2019), thresh-
olding (Chen, Ding, & Tao, 2020), marker controlled watershed
(Koohbanani et al., 2019), morphological operations (Kong et al.,
2020), feature classification (Ronneberger, Fischer, & Brox, 2015),
deformable model fitting (Raza et al., 2019), and graph cut
(Koohbanani et al., 2019). The common downside of these meth-
ods is the typical requirement of hand-crafted features that
depend on human expertise, therefore, are limited in their use-
fulness. On contrary, deep learning automatically extracts a rep-

resentative set of features that have a strong correlation with the
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Fig. 2. Some tissue samples from the PanNuke dataset showing the varying texture, appearance and shape of the same nuclei in different tissue types. Neoplastic,
connective, inflammatory, epithelial, and dead cell nuclei exhibit different morphological characteristics depending upon the tissue type.
hand tasks, thus, they are preferable to hand-crafted approaches
that rely on a selection of pre-defined features.

Recently, deep-learning based approaches have been employed
n nuclei segmentation tasks and have achieved notable suc-
ess (Chen et al., 2016; Hwang et al., 2018). Convolutional neu-
al network (CNN) based deep learning approaches have re-
eived much attention, due to their performance in computer
ision tasks, including segmentation (Chen et al., 2016; Song
t al., 2016). Deep CNN based methods can be categorized into
wo-stage and one-stage methods.

Two-stage methods contain a detection stage that locates nu-
leus instances and a segmentation stage that predicts a fore-
round mask for each instance. Mask RCNN (Vuola et al., 2019) is
n example of a two-stage method where the nucleus instances
re detected using bounding boxes. One of the major drawbacks
f Mask-RCNN is that severe occlusion, arising due to the elliptical
hape of nuclei, typically exists between instances. Moreover,
s nuclei overlap with each other, the bounding box of one
ucleus also covers a part of other nuclei (Chen et al., 2020).
uch shortcomings can be handled in SPA-Net (Koohbanani et al.,
019) as it is capable to detect instance centroids and perform
emantic segmentation in its first stage whereas it predicts the
ounding box of the associated instance according to the feature
f each foreground pixel in the second stage. Thus, using the
entroids as clustering centers, separates the overlapping nu-
lei by clustering the pixel-wise predictions. Another two-stage
ethod, similar to Mask-RCNN, is BRP-Net (Song et al., 2016),
hich generates region proposals based on instance boundaries
f the detection stage and rectifies each instance foreground
rea in the refinement stage. However, the system complexity
f SPA-Net or BRP-Net is significant as they are not designed for
nd-to-end training. In contrast, SUNets (Stacked U-Nets) (Kong
t al., 2020) predict pixel-wise segmentation of nuclei in the first
tage. The output binary map of the first stage was combined
ith RGB values of the original images and concatenated as the
econd stage input of SUNets to predict the nuclei instances. Post-
rocessing was performed with a Roerdink watershed algorithm
o achieve instance-level segmentation. However, the watershed
lgorithm in this approach may be sensitive to the noise in the
istance maps.
One-stage methods utilize post-processing operations to ob-
ain nuclei instances based on a single network prediction. They

3

can be characterized into classification-based models and
regression-based models, depending upon the network prediction
properties. Classification-based models produce the output based
on classification probability maps. U-Net (Ronneberger et al.,
2015) is an example of the classification-based one-stage model
where the skip connected encoder–decoder design incorporates
the low-level information and uses a weighted loss function for
separating the instances. However, a downside of this model is
that it becomes highly sensitive to pre-defined parameters in the
weighted loss function and often struggles to split neighboring
instances. A more advanced extension of U-Net is Micro-Net (Raza
et al., 2019). It utilizes an enhanced network architecture with the
weighted loss which processes the input at multiple resolutions
and gains robustness against nuclei of varying size. DCAN (Chen
et al., 2016) adopted a dual architecture of U-Net that outputs
the nuclear cluster and the nuclear contour as two separate
prediction maps where no interactions take place between these
two decoders. In contrast, BES-Net (Oda et al., 2018) and CIA-
Net (Zhou et al., 2019) consist of unidirectional and bidirectional
information transmission (i.e. correlation), respectively, which
means one decoder obtains additional features from the other
one. There are two key disadvantages of the above approach: first,
the shared encoder design for both tasks underestimates the es-
sential differences between semantic and instance segmentation
tasks in feature learning as the boundaries of two overlapping
instances cannot be directly inferred from the semantic segmen-
tation. Second, these approaches adopt complex post-processing
rules, thus, their performances are sensitive to the variation of
post-processing hyper-parameters.

In contrast, regression maps, i.e. distances or coordinate offsets
for each pixel of the input image, are the output of regression-
based models. DIST (Naylor et al., 2018), StarDIST (Schmidt et al.,
2018), Hover-Net (Graham et al., 2019), and CPP-Net (Chen et al.,
2021) are examples of regression-based one-stage models. Hover-
Net (Graham et al., 2019) predicts horizontal and vertical dis-
tances between a nucleus centroid to its corresponding fore-
ground pixels and employs marker-controlled watershed as the
post-processing technique to obtain nucleus instances. The per-
formance of Hover-Net is affected by the empirical design of
post-processing strategies and can be sensitive to the noise in the
distance maps due to marker-controlled watershed. In contrast,

DIST (Naylor et al., 2018) uses a deep learning approach to detect
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uperior watershed markers by regressing the nuclear distance
ap instead of the contour. The downside of DIST is that it
voids predicting areas with indistinct contours. However, for
set of pre-defined directions, StarDIST (Schmidt et al., 2018)
redicts both centroid probability maps and distances from each
oreground pixel to its associated instance boundary. It gener-
tes polygon (1 polygon = 1 nuclei instance) proposals in the
ost-processing step, based on the set of predicted distances for
ach centroid pixel. In StarDIST, polygons are predicted using
nly the features of the centroid pixel, which results in a lack
f contextual information for large-sized nucleus instances and
ffects the prediction accuracy. CPP-Net (Chen et al., 2021), an
xtension of StarDIST, integrates the rich contextual information
rom a sampled point set for each centroid pixel and adopts a
ovel shape-aware perceptual loss that constrains the predictions
n accordance to the prior shape of nuclei.

Recently, Feature Pyramid Networks (FPN) (Lin et al., 2017a)
ave been widely used for instance segmentation (including
uclei segmentation) to utilize multiple scales of features. SH-
PN (Hwang et al., 2018) consists of a residual connection stage
nd aggregation between reference and predicted feature maps
bove the FPN to improve the imperfectness of the original FPNs
or the nuclei instance segmentation. SH-FPN integrated with
ask RCNN (denoted as M-RCNN in this paper) constructs a

lexible information flow within the structure and allows deeper
emantic information to be conveyed to the shallow stage, which
ontains strong spatial information. All the above mentioned
ethods are inherently limited by unidirectional information

low, which is addressed by the Path Aggregation Network (PA-
et) (Liu et al., 2018). PA-Net is developed for instance seg-
entation tasks and boosts the information flow in the feature
xtraction stage. It adds a single bottom-up pathway in parallel
o the existing top-down pathway of FPN to improve feature
ggregation at different resolutions. Specifically, through bottom-
p path augmentation, it enhances the entire feature hierarchy by
etaining precise localization information throughout the feature
yramid. Due to these better cross-scale connections, PA-Net
chieves a better performance than FPN and NAS-FPN (Ghiasi
t al., 2019). We also consider this feature for building our
etwork and the fact that the neurons in the higher-level layers
end to be more responsive to the whole object, as deeper layers
ave larger theoretical receptive fields (TRF) (Zhou et al., 2014).
n contrast, neurons in shallow layers (having small TRF) are
ore responsive to the local contrast and textural changes of

he objects. Consequently, aggregated multi-scale information
nhances the network’s localization capability by propagating
ich feature responses throughout the feature pyramid hierarchy.

To overcome the limitation of the current approaches, we
ropose TSFD-Net which consists of three parts: (a) a feature
istillation backbone (FDB) to extract the distilled nuclei features
ertaining to specific tissue types, (b) an efficient cross-scale
eighted feature fusion (CWFF) via bidirectional FPN to generate
semantically strong feature pyramid by fusing the multi-scale

eatures of backbone, and (c) the interlinked decoders (ID) that
onstruct the semantic segmentation and boundary detection
asks.

. Architecture and methods

The complete architecture of the TSFD-Net, shown in Fig. 3,
onsists of three parts: (a) a feature distillation backbone (FDB),
b) an efficient cross-scale weighted feature fusion (CWFF), and
c) interlinked decoders (ID): one for semantic segmentation and
he other for boundary detection. FDB extracts the refined nuclei
haracteristics that are particular to specific tissue types to reduce
he inter and intra-class variations. These distilled features then
4

act as a guide for the CWFF module to generate robust and accu-
rate feature representations which assist the IDs (segmentation
and boundary) to generate reliable and precise activations for
each nuclei instance.

3.1. Feature Distillation Backbone (FDB)

Extracting multi-scale and information enriched features has
great importance in all computer vision tasks for which a strong
backbone network is required (Gao et al., 2019; Tan, Pang, & Le,
2020). Multi-scale features are important for pixel level preci-
sion tasks such as nuclei instance segmentation. For extracting
and learning information enriched features, we employ a modi-
fied Efficient-Net B4 (Tan et al., 2020), henceforth referred to as
Efficient-Net-B4M in this paper. The depth (number of layers),
width (number of channels) and resolution (size of the input im-
age) are computed by the compound scaling method introduced
in Tan et al. (2020). Efficient-Net B4M contains several Mobile-
Net-v2 blocks where each of these blocks consists of inverted
residual blocks (Sandler et al., 2018). Each Mobile-Net-v2 block
is further optimized by a squeeze-excitation algorithm (Hu et al.,
2018). The complete architectural model of the Efficient-Net-B4M
is listed in Table 1. Each row in Table 1 represents the pyramid
level l and has the feature resolution Hl x W l x Chl where the
type of respective convolution block is used Bl times at each stage.
Each convolutional layer is followed by batch normalization (Ioffe
& Szegedy, 2015) and swish activation (Ramachandran, Zoph, &
Le, 2017). Efficient-Net-B4M outputs seven feature maps at a
different resolution, namely {Pbb

1 , Pbb
2 , . . . , Pbb

7 } where bb in the
superscript represents the features that are coming from the
backbone and the digit in subscript indicates the pyramid level.

The spatial and textural features of the same type of nuclei
have various appearances in different tissue types (Skinner &
Johnson, 2017) (shown in Fig. 2), thus hindering the network
from learning robust features for accurate classification and de-
tection of nuclei instances. To overcome such problem, we further
modify this conventional backbone (CBB) to better suit our need
of tissue specific feature distillation by adding a tissue classifier
(TC) module at the final level (l = 7) of Efficient-Net-B4M, as
shown in Table 1 and Fig. 3. The TC module served as a guide
for the CBB by creating tissue-specific feature embeddings, which
aided in the extraction of distilled nuclei features pertinent to
certain tissue types. We refer to this modified backbone as feature
distillation backbone (FDB) which assists in minimizing the inter
and intra-class variabilities of the PanNuke dataset.

We perform detailed ablation experiments to verify the effi-
cacy of both CBB and FDB backbones. The variant of our model
that utilizes CBB as its base feature extractor is referred to as CBB-
Net, while the one that uses FDB as its base feature extractor is
referred to as TSFD-Net throughout this paper.

3.2. Cross-scale Weighted Feature Fusion (CWFF)

The incoming backbone features are first passed through a
Gating Block (shown in the lower left corner of Fig. 3) which lim-
its the number of channels of all incoming features to a constant
value of CGB. The Gating Block plays a vital role in controlling the
computational complexity and memory footprint of the network.
After passing through the Gating Block the pyramidal features
are processed via cross-scale weighted feature fusion blocks. In
contrast to prior works (Ghiasi et al., 2019; Liu et al., 2018)
that simply sum up features of different resolutions without
distinction, we argue that the features of different spatial reso-
lutions contribute unequally to the output feature map (Lin et al.,
2017b; Ronneberger et al., 2015; Woo et al., 2018). Therefore, to
overcome this issue, we process the features {Pbb, Pbb, . . . , Pbb

}
1 2 7
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Table 1
Efficient-Net B4M backbone architecture. Here, GAP represents the global average pooling layer; FC: fully
connected layer; CBB: conventional backbone; and FDB: feature distillation backbone.
Fig. 3. Network architecture of TSFD-Net. The same color boxes have the same spatial resolutions.. (For interpretation of the references to color in this figure legend,
the reader is referred to the web version of this article.)
P
through a cross-scale weighted feature fusion block which con-
sists of multiple top-down paths (green arrows) and a bottom-up
paths (orange arrows). These paths are built upon the insights
from Kong et al. (2018), Lin et al. (2017a), Liu et al. (2018) and Tan
et al. (2020) and are hereafter referred to as bidirectional feature
pyramid network (BiFPN), as shown in Fig. 3. The BiFPN block
further consists of two sub-blocks: (a) the Feature Reweighing
(FR) block and (b) the Feature Fusion (FF) block.

A feature reweighing block adds an additional weighting vec-
or Ṽ1×1×Cl (per-channel) for each input feature RWl×Hl×Cl and
llows the network to adaptively recalibrate the importance of
ach channel of the input features. A feature fusion block takes
he output of the FR block and simply sums up the recalibrated
eatures of different input resolutions. However, before adding
t each pyramid level (l), the feature maps are first resized via
ilinear interpolation (Ḃ) to the appropriate size. The feature
aps at the 5th level (l = 5) of the first BiFPN (I = 1) can be
omputed as

td
= Conv

[
Ṽ1×1×C5

∗P in
+ Ṽ1×1×C6 Ḃ

(
P td)] , (1)
5 in 5 td 6

5

bif 1
5 = Conv

[
Ṽ1×1×C5
in ∗P in

5 + Ṽ1×1×C5
td ∗P td

5 + Ṽ1×1×C4
bif 1

Ḃ
(
Pbif 1
4

)]
,

(2)

where, P in
5 , P td

5 , and Pbif 1
5 represent the feature maps after the

gating block (i.e., input to CWFF), top-down pathways, and the
output of the first BiFPN, respectively. Ṽ1×1×Cl

j represents the
reweighting vector of feature map j at level l = 5, here j ∈ {in, td}
and Ṽ1×1×C4

bif 1
represents the reweighting vector of the feature map

at pyramid level 4 (l = 4). In the proposed architecture i = 3,
which means three BiFPNs are connected in series.

3.3. Interlinked Decoders (IDs)

The output of ith BiFPN is fed into the interlinked decoders.
The decoder branches jointly fuse multi-scale features coming
from the ith BiFPN and produce accurate segmentation and
boundary detection masks. Each output feature map of ith BiFPN
goes through a series of FF blocks after being appropriately
resized via bilinear interpolation. This is an iterative process that
is repeated until the final prediction maps at pyramid level (l— 1)
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re obtained. For example, the segmentation and boundary maps
t pyramid level 3 (l = 3) are obtained as follows

P seg
3 = Conv

[
Ṽ1×1×C3
bif 3 ∗Pbif 3

3 + Ṽ1×1×C4
seg Ḃ

(
P seg
4

)
+ Ṽ1×1×C4

bif 3 Ḃ
(
Pbif 3
4

)]
,

(3)
bdr
3 = Conv

[
Ṽ1×1×C3
seg ∗P seg

3 + Ṽ1×1×C4
bdr Ḃ

(
Pbdr
4

)
+ Ṽ1×1×C4

bif 3 Ḃ
(
Pbif 3
4

)]
,

(4)

here, P seg
3 , Pbdr

3 are the feature maps at level 3 of the segmen-
ation and boundary detection branch, respectively. The feature
aps at pyramid level 2 (l = 2) are passed through the final

efinement block (RB), shown in Fig. 2, where a 3x3 convolution
ollowed by a 1x1 convolution provides the final predictions.

.4. Loss functions

The total objective function (Ltotal) of the proposed TSFD-Net
s the weighted summation of three sets of loss functions from
hree branches (i.e., backbone, BiFPN and decoders) and is defined
y the following equation:

total = λtcLtc + λsegLseg + λbdrLbdr , (5)

here, λtc , λseg , and λbdr are the hyperparameters of the corre-
ponding losses. Ltc , Lseg , and Lbdr represent the loss function
f the tissue classifier, semantic segmentation and boundary de-
ection branches, respectively. A brief discussion of each loss
unction employed in TSFD-Net is given below.

.4.1. Tissue classifier branch
The PanNuke dataset consists of about 7,904 histology and

osin (H&E) stained images that belong to 19 different classes.
mong these images, some classes (e.g., breast and colon) have
ore than 1000 sample images whereas other classes (e.g., kid-
ey and ovarian) only have about 130 images each (Fig. 1).
herefore, the dataset contains a huge data imbalance between
lasses which results in unstable network training failure of the
etwork to capture the semantically rich features. To overcome
his problem, we use focal loss (Lin et al., 2017c) which reduces
he loss assigned to well-classified examples and assists the net-
ork to focus on hard examples. The focal local loss can be
efined as

tc = −αt (1 − pt)γ log (pt) , (6)

where, pt is the probability of the predicted class and α and γ are
the hypermeters that control the loss contribution coming from
well classified examples.

3.4.2. Semantic segmentation branch
For faster training and better convergence of the network, we

employ a weighted combination of three loss functions at the
output of the semantic segmentation branch. The total loss for
the semantic segmentation branch is computed as

Lseg = LFT + wseg (LBCE + LDice) , (7)

where, LFT , LBCE and LDice represent the focalverskyy (Abraham
& Khan, 2019), binary cross entropy (BCE) and dice losses, re-
spectively. The hyperparameter wseg controls the contribution of
eighted BCE and dice losses. We use the focalverskyy loss to
vercome the problem of imbalanced data in semantic masks
.g., dead cells only have 2,908 instances whereas neoplastic
ells have about 77,403 nuclei instances. Moreover, BCE and
ice losses help the network to converge faster by focusing on
he informative samples. Focalverskyy, BCE, and dice losses are
6

defined as:

LFT =

∑
c

(
1 −

∑N
i=1 picgic + ε∑N

i=1 picgic + α
∑N

i=1 piĉgic + β
∑N

i=1 picgiĉ

) 1
γ

,

(8)

LBCE = −
1
n

N∑
i=1

K∑
c=1

pic log(gic), (9)

LDice = 1 −
2 ×

∑N
i=1 picgic + ε∑N

i=1 pic +
∑N

i=1 gic + ε
, (10)

where, pic and gic represent the probability of ith pixel of class
c and the ground truth label of ith pixel. N represents the total
number of pixels whereas K is the total number of classes. ε is the
smoothness constant, and α, β , and γ are the hyperparameters of
focalverskyy loss.

3.4.3. Boundary detection branch
For boundary masks the foreground and background data im-

balance are greater than for any other branches, hence, we deploy
a combination of focal loss LFT (same as Eq. (7)) and combo
loss (Wu et al., 2005) which is defined as

Lbdr = LFT + wbdr (LCombo) . (11)

Specifically, the combo loss (Wu et al., 2005) is used to avoid
getting trapped at a suboptimal local minimum and to learn rich
features by appropriately penalizing the false positives and false
negatives. LCombo is defined as

LCombo = α

(
−

1
N

N∑
i=1

β (gic − ln (pic))

+ (1 − β) [(1 − gic) ln (1 − pic)]

)
− (1 − α)(LDice),

(12)

where, α, β are the hyperparameters of combo loss.

4. Experimental setup

4.1. Dataset

PanNuke (Gamper et al., 2019) is a Hematoxylin and Eosin
(H&E) stained-based pan-cancer image set. It is the largest and
most diversified nuclei segmentation and classification dataset
up to date (Gamper et al., 2020). Unlike Data Science Bowl 2018
(DSB 2018), Multi-organ Nucleus Segmentation (MoNuSeg) (Ku-
mar et al., 2019), and Colorectal Nuclear Segmentation and Phe-
notypes (CoNSeP) (Graham et al., 2019), the PanNuke dataset
contains 7,904 images with 256 × 256 patches from a total of 19
different tissue types as shown in Table 2. PanNuke has ∼200,000
labeled nuclei which are categorized into five clinically important
classes namely: neoplastic, non-neoplastic epithelial (we denoted
these as epithelial throughout the paper), inflammatory, connec-
tive, and dead cells. A few sample images are shown in Figs. 2
and 8.

Most nuclei types are presented in almost all the tissues, how-
ever, the distribution of nuclei count per class differs from each
tissue type. Breast tissue has the highest nuclei count (51,077)
followed by Colon (35,711) whereas the lowest number of nuclei
count is presented in the Bladder (2,839). Combining all the
tissue types, Neoplastic (77,403) has the highest nuclei count
compared to Connective (50,585), Inflammatory (32,276), and
Epithelial (26,572) whereas the Dead Cell (2,908) has the lowest
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Table 2
Comparison of PanNuke dataset with DSB2018, MoNuSeg, and CoNSep datasets
Dataset Images Tissue types Number of Nuclei

DSB 2018 670 (microscopic) 22 <37,333
MoNuSeg 32 (H&E) 9 21,623
CoNSeP 41 (H&E) 1 24,319
PanNuke 7,904 (H&E) 19 ∼200,000

number of nuclei (Gamper et al., 2020). The nuclei counts for each
tissue and the collective counts of each nuclei type show that
the PanNuke dataset is highly imbalanced and a good choice for
implementing and testing the computer vision aided histopatho-
logical WSI analytical models. Moreover, the fuzzy (at edges of
WSI patches) and the overlapping boundaries of the nuclei raise
the complexity of the dataset and make it difficult to detect and
separate nuclei instances. Therefore, PanNuke is regarded as one
of the most challenging datasets to perform the simultaneous
nuclei classification and segmentation task.

4.2. Preprocessing

We preprocessed the histopathological images through color
econvolution, boundary enclosing, and data augmentation to
chieve better performance.
Color deconvolution (CD): For cancer diagnosis, hematoxylin

and eosin staining have been used over a century to differen-
tiate the cytoplasmic, nuclei, and extracellular matrix features.
Hematoxylin stains cell nuclei in blue and eosin stains the extra-
cellular matrix and cytoplasm in pink. The color deconvolution
technique (Bilaloglu et al., 2019) is employed in this paper to
separate hematoxylin (H-Component) and eosin (E-Component)
stains from the original RGB image. These extracted compo-
nents are used to guide the network for semantic and instance
segmentation tasks.

The color deconvolution (CD) (Bilaloglu et al., 2019) approach
states that if xi∈ R3×1 denotes the ith pixel value of a WSI in RGB
color space, then the optical density of RGB channels (ODi ∈ R3×1)
and the output staining intensities (Si∈ R3×1) can be calculated as

Di = −log10

(
xi
Imax

)
(13)

Si = D ∗ ODi (14)

where, D ∈ R3×3 represents the color deconvolution matrix, Imax
defines the background intensity (i.e., pixel intensity of a non-
stained tissue). Si = [hi, ei, r i]T represents the separated in-
tensities of stains, where hi and ei represent the intensities of
hematoxylin and eosin stains, respectively, and ri denotes the
residual of stain separation. The deconvolution matrix (D) is
determined from a stain color appearance matrix called M as,
D = M−1. Every row of M−1 represents a distinct stain, and each
column represents the OD as detected by each RGB channel. M
can be calculated by measuring the relative absorption of R, G,
and B channels on slides stained with a single stain. An example
of such matrix M is shown in Eq. (15).

R G B

D = M−1
=

⎡⎢⎣0.65 0.70 0.29

0.07 0.99 0.11

0.27 0.57 0.78

⎤⎥⎦
−1

=

⎡⎢⎣ 1.88 −0.07 −0.60

−1.02 1.13 −0.48

⎤⎥⎦ Hematoxylin

Eosin (15)
−0.55 −0.13 1.57 Residual
7

Table 3
Loss functions hyperparameters and values that are used in the
train of PanNuke image set.
Loss function Hyperparameters Value

Ltotal {λtc , λseg , λbdr } {1, 1, 1}
LTC {α, γ } {0.3, 5}
Lseg wseg {0.4}
Lbdr wbdr {0.4}
LFT (Segmentation) {α, β , γ } {0.3, 0.7, 3}
LFT (Boundary) {α, β , γ } {0.3, 0.7, 5}
Lcombo {α, γ } {0.7, 0.4}
– ε 1e−7

Eqs. (14) and (15) implies that OD values of each separated
stain are generated by subtracting the oDs of the other two
channels of RGB image from the third one. For example, the OD
of hematoxylin is obtained by subtracting the oDs of green and
blue channel from the OD of the red channel.

H&E-stained slides have only two types of stains, therefore,
in an ideal arrangement, the third channel (ri) of the separated
stain should be zero. This illustrates that if we assume optimal
settings and discard the residual stain component (ri) in the case
of H&E-stained images then all the information from the blue
channel’s OD is omitted. Such phenomenon is evident in our
experiments in Section 5.1.3 which affirms that the discarding of
such a considerable amount of information without any regard
has a detrimental effect on the network’s performance.

Hematoxylin, eosin, and residual stain components for a sam-
ple WSI are shown in Fig. 4(a). For better illustration, we repre-
sent hi, ei and ri, as h, e and r in this paper.

Boundary Enclosing: It is the second step of data preprocess-
ng where we enclosed the boundaries (highlighted in red) of all
he nuclei at the edges of WSI frames, as shown in Fig. 4(b). We
nclosed it because the nuclei at the frame borders of WSI patches
re clipped off and the boundaries are not fully enclosed. The
nenclosed boundaries bring inconsistency into network training
ince we force the network to enclose the borders of some in-
tances (i.e., non-frame-touching nuclei) while not pushing it to
nclose the boundaries of others (i.e., frame-touching nuclei). This
nconsistency is further increased with data augmentation. When
he geometrical transformations (translation, rotation, scale, and
rop) are applied to the boundary masks, the non-frame-touching
uclei also end up with unenclosed boundaries. So, this technique
orces the network to learn to encapsulate all nuclei’s boundaries,
ncluding those with fuzzy or nonexistent boundaries near the
orders of WSI patches.
Data Augmentation: To reduce CNN generalization errors and

ncrease the network’s robustness towards unseen data, we per-
orm data augmentation to generate new sample points in the
ataset. Data augmentation works as a regulator in training deep
eural networks for longer period (more iterations) by avoiding
verfitting (Fadaee, Bisazza, & Monz, 2017; Krizhevsky, Sutskever,
Hinton, 2012; Luo et al., 2017). Several data augmentation tech-
iques are available to increase the dataset size. For the PanNuke
ataset, we adopted two major data augmentation pipelines, (1)
eometrical transformations (applied on WSI patches, semantic
nd boundary masks) and (2) noise and intensity transforma-
ions (applied only on WSI patches), as shown in Fig. 4(d). The
eometrical transformation pipeline consists of random image
esizing and rescaling, elastic transformations, image translation,
nd rotation, and random horizontal and vertical flipping (Bi-
aloglu et al., 2019; Tellez et al., 2019). We randomly apply two of
he above-mentioned geometrical augmentations to the training
atches in each iteration. The noise and intensity transforma-
ion pipeline first apply either one of the two different types of
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Fig. 4. Pre-image and boundary processing blocks. (a) Color deconvolution block, (b) boundary enclosing block, (c) training batch of input data with output labels
for classification and semantic and instance segmentations. (d). Geometrical transformations and noise and intensity transformations techniques are used for data
augmentation.. (For interpretation of the references to color in this figure legend, the reader is referred to the web version of this article.)
Fig. 5. Post processing of the predicted semantic and boundary masks of the TSFD-Net. Noise removing, majority assignment, and boundary thinning techniques are
mployed to get the final instance predictions.. (For interpretation of the references to color in this figure legend, the reader is referred to the web version of this
rticle.)
Table 4
Effects of the building blocks of TSFD-Net on PQ performance. Here the abbreviations represent CBB: conventional backbone, FDB:
feature distillation backbone, CFF: cross-scale feature fusion, CWFF: cross-scale weighted feature fusion, ID: integrated decoder and
DA: data augmentation.
Exp # TSFD-Net mPQ bPQ PQNeo PQInf PQCon PQDed PQEpit

1 CBB+ID 0.4721 0.6031 0.5309 0.4332 0.4007 0.0882 0.5293
2 FDB+ID 0.490 0.630 0.567 0.445 0.4141 0.1237 0.5575
3 FDB+CWFF+ID (TSFD-Net) 0.504 0.6377 0.5724 0.4532 0.4228 0.2135 0.5663
4 FDB+CFF+ID 0.4845 0.6299 0.5683 0.4321 0.4167 0.0 0.5629
5 CBB+CWFF+ID (CBB-Net) 0.494 0.623 0.5603 0.4705 0.4176 0.1357 0.5359
6 FDB+CWFF+ID-DA 0.4636 0.6112 0.542 0.3825 0.4033 0.1639 0.532
8
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Fig. 6. Confusion Matrices for TSFD-Net for all five nuclei classes of PanNuke dataset, (a) TSFD-Net (b) CBB-Net.
Fig. 7. Precision and recall curves for all five nuclei classes of PanNuke dataset. (a) TSFD-Net and (b) CBB-Net.
Table 5
Effect of WSI staining components on the PQ performance of TSFD-Net.
Input components mPQ bPQ PQNeo PQInf PQCon PQDed PQEpit

RGB 0.4406 0.6015 0.5488 0.4203 0.3988 0.1263 0.5143
RGB+h+e 0.4916 0.6216 0.5641 0.4617 0.4021 0.865 0.550
RGB+h+e+r 0.504 0.6377 0.5724 0.4532 0.4228 0.2135 0.5663
RGB+h+e+r† 0.4661 0.6197 0.5372 0.4425 0.3697 0.1502 0.5244

r† component used during training but removed during inference.

blurring techniques (i.e., median blur and Gaussian blur or the ad-
itive Gaussian noise) to the WSI patches followed by subsequent
andom hue, saturation, brightness, and contrast adjustments.
9

4.3. Postprocessing

After training the TSFD-Net on the PanNuke training set, we
apply multiple morphological steps over the predicted semantic
masks and boundary masks to improve the segmentation and
instance results of the nuclei. First, we remove the noise (i.e., un-
intended nuclei chunks in the background or background chunks
in the nuclei) from the predicted semantic masks as shown in the
upper part of Fig. 5. In nuclei segmentation, overlapping of two
or more nuclei classes for a specific predicted semantic nucleus
is quite common. This problem arises due to staining differences
and their reactivity which results in different WSI staining and
eventually results in non-uniform texture distribution.



T. Ilyas, Z.I. Mannan, A. Khan et al. Neural Networks 151 (2022) 1–15

t
s
n

N

w

Table 6
Performance of TSFD-Net for various combinations of loss functions.
Exp. # Classifier loss Segmentation loss Boundary loss mPQ bPQ PQNeo PQInf PQCon PQDed PQEpit

1 Focal Focal Focal 0.231 0.212 0.309 0.171 0.145 0.781 0.269
2 Focal Focal Tversky (FT) Focal Tversky (FT) 0.332 0.585 0.525 0.0 0.313 0.0 0.397
3 Focal BCE + Dice BCE + Dice 0.498 0.629 0.567 0.436 0.432 0.214 0.563
4 Focal BCE + Dice Combo 0.497 0.627 0.564 0.419 0.432 0.208 0.553
5 Focal FT+wseg (BCE+Dice) w wseg=0.9 FT+wbdr Combo w wbdr=0.9 0.488 0.623 0.565 0.410 0.423 0.135 0.532
6 Focal FT+wseg (BCE+Dice) w wseg=0.4 FT+wbdr Combo w wbdr=0.4 0.504 0.638 0.572 0.453 0.42 0.213 0.566
Table 7
Effect of WSI patches resolution on final results.
WSI patch resolution mPQ bPQ PQNeo PQInf PQCon PQDed PQEpit Training time FLOPs

Sec. per epoch G

256 × 256 0.4912 0.6285 0.5691 0.4438 0.4221 0.0 0.5623 255 185
512 × 512 0.504 0.6377 0.5724 0.4532 0.4228 0.2135 0.5663 556 739
768 × 768 0.4386 0.5585 0.472 0.396 0.3722 0.1635 0.4799 1085 1664
Table 8
Average mPQ and bPQ across the 19 tissues of the PanNuke dataset.
Tissue DIST Mask-RCNN Micro-Net Hover-Net StarDIST CPP-Net CBB-Net TSFD-Net

mPQ bPQ mPQ bPQ mPQ bPQ mPQ bPQ mPQ bPQ mPQ bPQ mPQ bPQ mPQ bPQ

Adrenal 0.3442 0.5603 0.3470 0.5546 0.4153 0.6440 0.4812 0.6962 0.4868 0.6972 0.4922 0.7031 0.5287 0.6580 0.5223 0.69
Bile Duct 0.3614 0.5384 0.3536 0.5567 0.4124 0.6232 0.4714 0.6696 0.4651 0.6690 0.4650 0.6739 0.4917 0.6201 0.5000 0.6284
Bladder 0.4463 0.5625 0.5065 0.6049 0.5357 0.6488 0.5792 0.7031 0.5793 0.6986 0.5932 0.7057 0.5705 0.6672 0.5738 0.6773
Breast 0.3790 0.5466 0.3882 0.5574 0.4407 0.6029 0.4902 0.6470 0.5064 0.6666 0.5066 0.6718 0.5101 0.6143 0.5106 0.6245
Cervix 0.3371 0.5309 0.3402 0.5483 0.3795 0.6101 0.4438 0.6652 0.4628 0.6690 0.4779 0.6880 0.5314 0.6362 0.5204 0.6561
Colon 0.2989 0.4508 0.3122 0.4603 0.3414 0.4972 0.4095 0.5575 0.4205 0.5779 0.4269 0.5888 0.4363 0.5265 0.4382 0.5370
Esophagus 0.3942 0.5295 0.4311 0.5691 0.4668 0.6011 0.5085 0.6427 0.5331 0.6655 0.5410 0.6755 0.5242 0.6145 0.5438 0.6306
H&Na 0.3177 0.4764 0.3946 0.5457 0.3668 0.5242 0.4530 0.6331 0.4768 0.6433 0.4667 0.6468 0.4832 0.6153 0.4937 0.6277
Kidney 0.3339 0.5727 0.3553 0.5092 0.4165 0.6321 0.4424 0.6836 0.4880 0.6998 0.5092 0.7001 0.5288 0.6784 0.5517 0.6824
Liver 0.3441 0.5818 0.4103 0.6085 0.4365 0.6666 0.4974 0.7248 0.5145 0.7231 0.5099 0.7271 0.5006 0.6653 0.5079 0.6675
Lung 0.2809 0.4978 0.3182 0.5134 0.3370 0.5588 0.4004 0.6302 0.4128 0.6362 0.4234 0.6364 0.4161 0.5716 0.4274 0.5941
Ovarian 0.3789 0.5289 0.4337 0.5784 0.4387 0.6013 0.4863 0.6309 0.5205 0.6668 0.5276 0.6792 0.5237 0.6384 0.5253 0.6431
Pancreatic 0.3395 0.5343 0.3624 0.5460 0.4041 0.6074 0.4600 0.6491 0.4585 0.6601 0.4680 0.6742 0.4829 0.6172 0.4893 0.6241
Prostate 0.3810 0.5442 0.3959 0.5789 0.4341 0.6049 0.5101 0.6615 0.5067 0.6748 0.5261 0.6903 0.5179 0.6268 0.5431 0.6406
Skin 0.2627 0.5080 0.2665 0.5021 0.3223 0.5817 0.3429 0.6234 0.3610 0.6289 0.3547 0.6192 0.4424 0.5852 0.4354 0.6074
Stomach 0.3369 0.5553 0.3684 0.5976 0.3872 0.6293 0.4726 0.6886 0.4477 0.6944 0.4553 0.7043 0.4515 0.6276 0.4871 0.6529
Testis 0.3278 0.5548 0.3512 0.5420 0.4088 0.6300 0.4754 0.6890 0.4942 0.6869 0.4917 0.7006 0.4896 0.6072 0.4843 0.6435
Thyroid 0.2574 0.5596 0.3037 0.5712 0.3712 0.6555 0.4315 0.6983 0.4300 0.6962 0.4344 0.7094 0.5035 0.6653 0.5154 0.6692
Uterus 0.3487 0.5246 0.3683 0.5589 0.3965 0.5821 0.4393 0.6393 0.4480 0.6599 0.4790 0.6622 0.4992 0.6173 0.5068 0.6204
Average 0.3406 0.5346 0.3688 0.5528 0.4059 0.6053 0.4629 0.6596 0.4744 0.6692 0.4817 0.6767 0.4964 0.6238 0.5040 0.6377

aH&N means the Head and Neck tissue type.
Table 9
Average PQ of each nucleus category on the PanNuke dataset.

Neoplastic Inflammatory Connective Dead cell Epithelial

DIST 0.439 0.343 0.275 0.000 0.290
Mask-RCNN 0.472 0.290 0.300 0.069 0.403
Micro-Net 0.504 0.333 0.334 0.051 0.442
Hover-Net 0.551 0.417 0.388 0.139 0.491
CBB-Net 0.5603 0.4705 0.4176 0.1357 0.5359
TSFD-Net 0.5724 0.4532 0.4228 0.2135 0.5663

Then we remove the overlapped regions (that happens be-
ween two or more nuclei types) from semantic nuclei by as-
igning them to the specific nuclei type which has the majority
umber of pixels, defined as:

T = max

(
k∑

i=1

NT1,
m∑
i=1

NT2,
n∑

i=1

NT3

)
, (16)

here k ̸= m ̸= n and NT represent the resultant semantic nuclei
type whereas NT1, NT2, and NT3 define the pixels covered by each
specific nucleus type in the corresponding detected nuclei. The
zoomed-in regions in Fig. 5 show the specific semantic nuclei
which have been covered with two different nuclei classes and
are assigned to a specific nuclei class (green one) via majority
10
assessment, as the number of green nuclei pixels in both cases
is higher than that of blue and brown nuclei.

The boundary mask is also used to separate the nuclei instance
from the semantic mask. The instance boundaries in the boundary
mask should need to be thin (thickness = 1 pixel), else it will
reduce the panoptic quality of the instance segmentation. To
prevent such a problem, we also employ a boundary thinning
algorithm on the boundary mask prediction of TSFD-Net and re-
duce the thickness to 1 pixel. After applying these postprocessing
steps, we aggregate the resultant outputs of both branches and
construct the final instance segmentation output by performing
the dilatation operation using a 3 × 3 kernel.

4.4. Implementation details

Following standard evaluation protocols (Bilaloglu et al., 2019;
Hwang et al., 2018; Khan, Kim, & Chua, 2021), we split the Pan-
Nuke dataset into 80% training and validation, and 20% testing.
For our experiments, we set the value of CGB to 160 and we
use three series connected BiFPNs. We train our model using a
Stochastic Gradient Descent (SGD) optimizer with a momentum
value of 0.9 and a weight decay of 5e−4. Synchronous Batch
Normalization (BN) is applied with a batch-norm decay of 0.99
and ε = 1e−3, after every convolution layer unless otherwise
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Table 10
Precision (P), Recall (R) and F1-score (F1) for detection and classification of nuclei types in PanNuke dataset.

Detection Classification

Neoplastic Epithelial Inflammatory Connective Dead

P R F1 P R F1 P R F1 P R F1 P R F1 P R F1

U-Net 0.73 0.59 0.65 0.40 0.47 0.43 0.27 0.31 0.29 0.37 0.45 0.37 0.34 0.38 0.36 0.00 0.00 0.00
DIST 0.74 0.71 0.73 0.49 0.55 0.50 0.38 0.33 0.35 0.42 0.45 0.42 0.42 0.37 0.39 0.00 0.00 0.00
M-RCNN 0.76 0.68 0.72 0.55 0.63 0.59 0.52 0.52 0.52 0.46 0.54 0.50 0.42 0.43 0.42 0.17 0.30 0.22
Micro-Net 0.78 0.82 0.8 0.59 0.66 0.62 0.63 0.54 0.58 0.59 0.46 0.52 0.50 0.45 0.47 0.23 0.17 0.19
Hover-Net 0.82 0.79 0.8 0.58 0.67 0.62 0.54 0.60 0.56 0.56 0.51 0.54 0.52 0.47 0.49 0.28 0.35 0.31
TSFD-Net 0.84 0.87 0.85 0.60 0.71 0.65 0.56 0.58 0.57 0.59 0.58 0.57 0.55 0.49 0.53 0.33 0.40 0.43
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Table 11
Average inference time of TSFD-Net and other
state-of-the-art models on PanNuke.
Models Avg. inference time

(sec. per image)

Hover-Neta 1.5556
StarDISTa 0.2327
CPP-Neta 0.2519
TSFD-Net 0.1130

aThe inference time of Hover-Net, StarDIST, and
CPP-Net are computed for the DSB2018 dataset
in [40]. It can be expected that these networks
will take either the same or more time (specifi-
cally, for pre- and post-processing) on the more
diversified and challenging PanNuke datasets. We
assume that the same inference time will be re-
quired for these networks to process the PanNuke
image set.

specified. Similar to (Tan & Le, 2019), we employ the Swish-
1(SiLU) activation throughout the proposed network except for
the last layers. We use softmax, softmax, and sigmoid activations
at the last layers for the classifier, semantic and boundary mask
prediction branches, respectively. We linearly increase the learn-
ing rate from 0 to 0.16 in the first 748 iterations and then anneal
down using a cosine decay policy. We set the global batch size
to 16. The details of loss functions are included in Table 3. The
network is trained on three NVIDIA RTX-2080 GPUs using the
data-parallelism and distributed training strategy of TensorFlow.2
We train both variants of our proposed network, i.e. CBB-Net and
TSFD-Net, under same hyperparameter settings.

4.5. Evaluation matrices

For a fair comparison of instance segmentation performance,
we adopt the Panoptic quality (PQ) presented in Graham et al.
(2019) and Gamper et al. (2020) as evaluation matrices. For the
panoptic segmentation task, PQ is widely used. It is introduced in
Graham et al. (2019) for nuclei segmentation and defined as

PQ =
|TP|

|TP| +
1
2 |FP| +

1
2 |FN|  

Detection Quality(DQ )

×

∑
(x,y)∈TP IoU(x, y)

|TP|  
Segmentation Quality(SQ )

. (17)

Similar to (Gamper et al., 2020), we also report the multi-class
PQs (mPQs) and binary PQs (bPQs) of all 19 tissues where mPQ
averages the PQ performance on each of the five nucleus cate-
gories, while the bPQ directly computes the overall performance
on images of all five nucleus categories. We also choose the IoU
threshold of 0.5 for determining a true positive during the PQ
calculation.

2 https://github.com/tensorflow/docs/blob/master/site/en/guide/distributed_
raining.ipynb.
 N
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We calculate the precision (which defines the ability of the
model to locate relevant objects only), recall (which evaluates
true positive detections relative to all ground truths), and F1
score (the harmonic-mean between precision and recall) for the
classification tasks of all five nuclei categories with the following
expressions:

Precision, P =
TP

TP + FP
, (18)

Recall, P =
TP

TP + FN
, (19)

1 Score, F1 =
2 × P × R
(P + R)

, (20)

here TP, FP, and FN are the true positive, false positive, and false
egative detections of the model, respectively.

. Results and discussion

The results and discussion section are divided in two parts:
irst part describes the ablation studies and the second one com-
ares the results of the proposed network with other state-of-
he-art networks on PanNuke dataset.

.1. Ablation study

TSFD-Net comprises a combination of various deep learning
nd image processing techniques, therefore, we conducted ex-
ensive ablation studies to understand how each component of
he proposed framework contributes to the improvement of the
etwork performance. All experiments are repeated five times
nder the same training and evaluation conditions, with the
esults provided as the average of all runs.

.1.1. TSFD-Net building blocks
We explore all the conceivable combinations of our proposed

SFD architecture to access the performance contribution of each
omponent of our framework and the results are reported in
able 4. We started with simple encoder–decoder baseline that
onsists of a conventional CNN encoder (CBB) and integrated
ecoders (ID) for each output. This network failed to perform
ell due to severe data imbalance, and large inter- and intra-class
ariability. Particularly, it failed to perform in case of unrepresen-
ative classes, such as dead cells, which had a PQ about 9%. Then
e replaced the CBB with FDB and compelled the network to
xtract distilled nuclei features pertaining to specific tissue types.
his strategy generated TS feature embeddings that allowed the
etwork to deal with inter- and intra-class variabilities. Table 4
hows that simply replacing CBB with FDB in the baseline in-
reased the PQ of dead cells by 4% which made it nearly equal
o the Hover-Net (see Table 8) which generated final predictions
ia horizontal and vertical distance embeddings.
In experiment three, we integrated the cross-scale weighted

eature fusion (CWFF) module with FDB and ID (namely, TSFD-
et) and observed that the performance was improved compared

https://github.com/tensorflow/docs/blob/master/site/en/guide/distributed_training.ipynb
https://github.com/tensorflow/docs/blob/master/site/en/guide/distributed_training.ipynb
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Fig. 8. Tissue-wise and nuclei category-wise ground truth and prediction results of semantic and instance segmentation of TSFD-Net. For each tissue type row 1 and
row 2 show the ground truths and predictions of semantic (column 1) and instance (column 2) segmentation, respectively.
to the current benchmarks as shown in Table 4. We then disabled
the feature reweighing block from the CWFF module (Exp 4 in
Table 4) and observed that the performance reduces significantly
even compared to the previous baselines (CBB+ID) and (FDB+ID).
This result supports our postulation that it is best to sum up
features of different scales according to their feature hierarchy,
to maintain precise spatial and localization information across the
feature pyramid.

We then swapped the FDB of experiment three with CBB and
onducted the 5th experiment (i.e., generating the CBB-Net vari-
nt) to investigate how the removal of the tissue-specific feature
TSF) embeddings affect the PQs. We found that the results of
oth tissue-wise (shown in Table 4) and nuclei category-wise
12
(shown in Table 8) PQs of CBB-Net underperform than the TSFD-
Net on the PanNuke dataset. Specifically, TSFD-Net boosted the
PQ of a dead cell by more than 7%.

In all of the above five ablation experiments, we incorporated
all the data augmentation strategies outlined in Section 4.2. We
conducted the last experiment (6th one in Table 4) to observe
the effect of the data augmentation over the final findings of
PQ. As expected, disabling data augmentation resulted in poor
performance due to overfitting.

5.1.2. FDB vs CBB
To further investigate the role of TSF embeddings and to

observe which classes confuse the network, we plot the confusion
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atrix and precision–recall curves of two key variants of our pro-
osed framework, TSFD-Net, and CBB-Net, as shown in Figs. 6 and
. Both confusion matrices and PR curves help to visually analyze
he network performance and assist in taking the necessary pre-
autionary measures against inter- and intra-class confusions. For
nstance, Fig. 6(a) shows that the TSFD-Net is relatively more con-
used between the Inflammatory and Connective nuclei category
han the CBB-Net (shown in Fig. 6(b)). Overall, there is less inter-
lass confusion in TSFD-Net than in CBB-Net including the dead
ells which have the fewest number of nuclei. However, Fig. 7
hows that the precision and recall performance of the CBB-Net
s almost similar or marginally better than that of the TSFD-Net.
aving almost similar computational complexity as that of CBB-
et, such negligible (∼0.01) deviation in TSFD-Net might have
ccurred due to the addition of an extra classification task in the
verall objective function of the framework. Despite lower preci-
ion and recall values, TSFD-Net provides better panoptic quality
esults than CBB-Net that demonstrates its superior semantic and
oundary mask generation capability.

.1.3. WSI Stain Components
In this section we study the impact of WSI stain components

i.e. how each stain component impacts the performance of the
roposed TSFD-Net) and summarized the results in Table 5. Uti-
izing only RGB WSIs, our network was able to achieve 44.06%
PQ whereas including h and e stain components along with RGB

mproved the mPQ to 49.1%. Most interestingly addition of h and e
tain decreases the PQ of dead cells by 4%. We also included the r-
stain (residual staining component) with the RGB and h&e stains
nd found that the mPQ performance of the TSFD-Net improved
o 50.4% as shown in Table 5 (3rd row). Moreover, the addition
f r-stain increased the PQ of dead cells from 8.65% (RGB+h+e) to
1.35%.
To ensure the importance of the r-stain component, we con-

ucted another experiment in which we used the r-stain through-
ut the CNN training but discarded it during inference. We con-
ucted this experiment to observe that whether the r-stain
rovides any meaningful information to the network or not. We
ound out that disregarding the r-stain during inference reduced
he performance of TSFD-Net, as shown in Table 5 (4th row). This
ffirms our postulation that the r-stain undoubtedly provides
aluable information to the network and guides it to make better
inal predictions. Therefore, we assert that the r-stain cannot
e simply ignored as it contributes positively to enhancing the
etection performance of the network.

.1.4. Loss combinations
The proposed loss combination helps to optimize the learning

rocess of TSFD-Net while avoiding being stuck at local optima.
uch phenomenon was achieved by penalizing false positives and
egatives, and regulating the loss coming from the well classified
amples. We experimented with all possible loss combinations
stated in Section 3.4) and summarized the results in Table 6.
he optimal performance, shown in Table 6 (row 6), was achieved
hen the proposed combination of losses was employed. We ex-
erimented by setting the weight (wseg and wbdr ) contribution of
ifferent losses of segmentation and boundary detection branches
etween 0 and 1. The best performance is observed by setting the
alue of wseg and wbdr to 0.4, as shown in Table 6.

.1.5. Image resolutions
The original resolution of PanNuke dataset is 256 × 256. Pass-

ng the PanNuke original resolution WSI patches as input to the
roposed TSFD-Net would result in loss of necessary location in-
ormation which is critical for the reconstruction of segmentation
aps at the decoder stage (Wang et al., 2020). We experimented
 e

13
ith the TSFD-Net with several resolutions to find the ideal one
hat preserves the position-sensitive information as well as other
patial and contextual features. Table 7 shows the summarized
esults of the 256×256, 512×512, and 768 × 768 resolutions.
All experiments were carried out under the same conditions,
with the exception that the batch size in the case of 768 × 768
esolution was set to 9 to reduce computational complexity.

For the original resolution of 256 × 256, the computational
omplexity of the network is minimal, but the PQ of dead cells
s zero. The reason behind such performance degradation is that
he dead cells are underrepresented and are also quite tiny in size
ompared to other nuclei. On the other hand, the computational
omplexity of the network exploded for 768 × 768 resolution
hat resulting in performance dropped. Even though our 7-level
see Table 1) pyramid preserved the location-sensitive informa-
ion, the performance degraded as the network failed to extract
ocal spatial and contextual attributes due to high resolution
mages. On contrary, 512 × 512 resolution, the network achieved
ptimal performance with computational complexity, therefore,
e propose to use 512 × 512 resolution WSI patches.

.2. Comparison with state-of-the-art networks

.2.1. Panoptic quality
We compared the performance of the TSFD-Net and CBB-

et with state-of-the-art DIST (Naylor et al., 2018), Mask-RCNN
M-RCNN) (Vuola et al., 2019), Micro-Net (Raza et al., 2019),
over-Net (Graham et al., 2019), StarDIST (Schmidt et al., 2018),
nd CPP-Net (Chen et al., 2021) networks, refer to Table 8. We
omputed both multi-class (mPQ) and binary (bPQ) panoptic
ualities, adopted from Gamper et al. (2020), for each of the 19
issues. The experimental results in Table 8 show that the TSFD-
et consistently outperforms the CBB-Net both in mPQ and bPQ
valuation matrices for each of 19 class tissues. Moreover, the
SFD-Net exhibits better average and tissue-wise performance
han all other state-of-the-art models for the mPQ matrix. In
he bPQ evaluation matrix, it outperforms DIST, Mask RCNN,
nd Micor-Net whereas it performs marginally less than the
over-Net, StarDIST, and CPP-Net. However, TSFD-Net outper-
orms StarDIST, Hover-Net, and CPP-Net by 4.15%, 4.11%, and 3.4%
| mPQ(CPP) – mPQ(TSFD)| *100), respectively, in the mPQ matrix.

The average PQ of each type of nucleus of the PanNuke dataset
s reported in Table 9. Observe that TSFD-Net outperforms all
he state-of-the-art models in neoplastic, connective, dead, and
pithelial nuclei categories whereas the CBB-Net outclasses in the
nflammatory nuclei category. Dead cells obtain the lowest PQ for
ll models. This may be due to the class imbalance in the PanNuke
ataset. Moreover, the number and size of Dead nuclei are quite
mall. Therefore, it is difficult to achieve an IoU > 0.5 for true
ositives in the PQ criterion which leads to poor performance.

.2.2. Precision, recall and F1-score
The precision, recall, and F1-score for the overall detection

nd classification qualities are reported in Table 10 to allow cross
omparison with detection models as opposed to segmentation.
e adopt the same evaluating technique as that of Gamper et al.

2020) (i.e., for segmentation predictions the centroid of each
ucleus is extracted) for computing precision, recall, and F1-score
etrics. Table 8 shows that the TSFD-Net exhibits better results
n detection and classification qualities than that of other models.

.2.3. Inference time
We further report the average inference time of TSFD-Net on

he PanNuke dataset. In comparison with other state-of-the-art
erforming networks, presented in Table 11, TSFD-Net is quite
fficient as it processes an image within 0.113 s. Such efficiency is
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Fig. A.1. Confusion matrix of tissue classifier branch (TC module) of TSFD-Net on PanNuke dataset.
bserved due to its simple pre-processing, lightweight backbone,
nd naive post-processing operations.
For visual comparison and convenience to readers, we also in-

lude the tissue-wise and nuclei category-wise ground truth and
rediction results of the semantic and instance segmentation of
SFD-Net in Fig. 8. From the sample images of cervix, esophagus,
ead & neck, lung, stomach, and uterus tissue types in Fig. 8 it can
e seen that the size of dead cell nuclei is notably smaller than
hat of the other nuclei types.

. Conclusions

Nuclei segmentation using digital histopathology can provide
athologists with a range of spatial and structural characteristics
f nuclei. It plays a vital role in cancer diagnosis and prognosis
nd is regarded as a crucial step for determining its treatment. In
his paper, we proposed a Tissue Specific Feature Distillation Net-
ork (TSFD-Net) that performs simultaneous classification and
egmentation of five clinically important nuclei categories within
9 tissue types of the PanNuke dataset. The lightweight feature
istillation backbone (FDB) extracts distilled, robust and informa-
ion enriched features from specific tissue types while leveraging
he fact that morphological features of nuclei vary greatly de-
ending upon the tissue types. The cross-scale weighted feature
usion (CWFF) module adaptively merges the features of various
cales and spatial resolutions based on their significance and
nhances the entire feature hierarchy by retaining the precise
14
localization and spatial information throughout the feature pyra-
mid. Thus, reduces the computational complexity and memory
footprint of the network. The interlinked decoders (ID) gradu-
ally combine the features of the previous module to produce
final semantic and boundary masks, with the majority assigning
and boundary thinning modules of post-processing improving
the predictions further. The proposed TSFD-Net outperforms (in
terms of mPQ) Mask-RCNN, Micro-Net, StarDIST, Hover-Net, and
CPP-Net models for both tissue wise and nuclei categories wise
segmentation while having the lowest inference time (0.113 s per
image). It also achieves state-of-the-art performance in terms of
precision, recall and F1-scores for detection and classification of
nuclei on the challenging PanNuke datasets.
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